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,,Reality is frequently inaccurate.”
– Douglas Adams, The Restaurant at the End of the Universe



Abstract

Time synchronization holds an essential role in computer science, particularly in meth-
ods that offer precise time alignment down to nanosecond levels across packet-switched
networks. Fields such as robotics, advanced communication networks like 5G/6G, and
high-fidelity localization systems heavily rely on precise time synchronization. Among
the technologies facilitating accurate timestamping, this research primarily focuses on
the widely utilized Precision Time Protocol and ultra-wideband technology, both en-
countering similar challenges regarding synchronization and synthonization. Addressing
clock state estimation within packet-switched networks, optimal estimation deals with
the inherently stochastic nature of packet delay variation, typically requiring a priori
specification.

This study introduces two methods for achieving adaptive estimation by online esti-
mation of the packet delay variation: employing an expectation-maximization approach
for ultra-wideband frequency synchronization, ensuring convergence to an optimal solu-
tion, and utilizing the Adaptive Kalman filter in IEEE 1588 systems, offering a compu-
tationally efficient approximation to the optimal solution. While optimizing estimation
yields superior results, utilizing enhanced measurement models can further boost perfor-
mance. This work shows that leveraging a higher effective data rate in ultra-wideband
communication can increase the number of measurements available to the estimator.
Lastly, ultra-wideband technology is brought together with the Precision Time Protocol
through specific use cases, necessitating an implementation method to achieve synchro-
nization of standard PTP clocks via ultra-wideband communication, including resolving
the issue of chip-level clock domain alteration. All proposed solutions in this study
underwent evaluation and validation using real and simulated measurements.
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1
Introduction

The need for synchronizing clocks within computer networks has a lengthy history, but
contemporary time synchronous networks present novel challenges to expected accuracy.
Accurate timekeeping is gaining increased attention in practical Industrial Internet of
Things (IIoT) applications and various use-cases, such as real-time scenarios like nuclear
fusion control, mobile communication (5G/6G), substation automation, and modern
manufacturing plants [1, 2]. The well-established Network Time Protocol (NTP) was
originally designed for time transfer in information technology services, with accuracy
in the millisecond range. However, the emergence of Time-Sensitive Networking (TSN)
demands higher synchronization accuracy, reaching into the order of microseconds or,
as nowadays, nanoseconds [2, 3]. Time-sensitive networking finds application in various
areas, including Industrial Internet-of-Things [4–6], automotive embedded systems [7],
and mobile networking [8–10]. Additionally, the recent IEEE 1588-2019 standard [11],
commonly known as the Precision Time Protocol (PTP), addresses the challenge of
sub-microsecond accurate clock synchronization over communication networks.

Furthermore, high-accuracy time synchronization is essential in indoor and outdoor
localization systems, where clocks in base stations (referred to as anchors) need syn-
chronization with each other or a global logical clock. For instance, techniques like time
difference of arrival in 5G networks [12, 13] or Ultra-Wideband (UWB) systems [14–17]
require synchronization of frequency drifts at the nanosecond level. Localization is a crit-
ical mechanism for determining the locations of data sources in Wireless Sensor Networks
(WSN), autonomous robots, or the Industrial Internet of Things [18]. A prime exam-
ple of localization-focused technologies, the UWB technology offers robustness against
narrowband interference, small-scale fading, multi-path immunity, and strong obstacle
penetration during communication and distance measurements. To achieve centimeter-
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level positioning, UWB utilizes impulse radio signals with pulse durations in the order
of fractions of nanoseconds [19–21].

In the realm of accurate and precise time synchronization, three prominent tech-
nologies come to mind: the Global Navigation Satellite System (GNSS) (e.g. Global
Positioning System (GPS) [22]), Precision Time Protocol, and Ultra-Wideband technol-
ogy. The interconnection of time synchronization and localization is undeniable, as most
positioning methods favor time-of-flight or time-difference-of-arrival techniques, requir-
ing accurate time measurements in transceivers. This dissertation focuses on the precise
time synchronization in packet-switched networks – precise in aiming for high precision
(low variance) beyond accuracy and packet-switched because the findings can gener-
ally be applied to time synchronization of digital clocks through any packet-switched
communication systems.

1.1 Time synchronization and requirements

In computer science, time synchronization in packet-switched networks began with the
Network Time Protocol (NTP), introduced in 1985 by David L. Mills [23]. NTP was de-
signed to synchronize clocks of computer systems over variable-latency networks, achiev-
ing millisecond-level accuracy. It operates on a hierarchical system of time sources,
known as strata, to disseminate time information from primary reference clocks to clients
across the network. As the demand for higher precision grew, especially in industrial
and scientific applications, the Precision Time Protocol (PTP) was standardized as IEEE
1588 in 2002 [24]. PTP offers sub-microsecond accuracy by minimizing the variability in
message delivery times, making it suitable for local area networks where such precision is
essential. Building upon PTP, the White Rabbit project was initiated in 2009 at CERN.
This project aimed to achieve sub-nanosecond synchronization over Ethernet networks.
White Rabbit [3] combines PTP with Synchronous Ethernet (SyncE) and incorporates
precise calibration techniques to account for link asymmetries and environmental varia-
tions, resulting in unprecedented synchronization accuracy.

Different industries and applications have specific timing accuracy requirements to
ensure optimal performance. Table 1.1 summarizes the timing accuracy requirements of
different standards over different application areas. The currently used protocols with
their timing accuracies can be seen in Table 1.2. The strictest requirements are found
in 5G systems [25], where synchronization must be maintained even within 900 nanosec-
onds. Other high-precision applications, such as industrial automation, audio/video
broadcasting (AES67 [26]), and the IEEE 802.1AS (gPTP) [27] standard for time-
sensitive networking, demand sub-microsecond accuracy. Similarly, the IEEE C37.238
standard [28] for smart grids requires synchronization within 1 microseconds to ensure
precise control and monitoring of power systems. The IEEE 1588 power profile for
electrical grid applications holds accuracy within 4 microseconds. Financial trading
regulations (MiFID II) allow for a slightly more relaxed limit of 100 microseconds to
ensure fair and reliable market transactions. These requirements highlight the critical
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Table 1.1: Timing accuracy requirements in different standards and application areas

Standard Required Accuracy

Financial Trading (MiFID II) [29] ≤ 100 µs
Electrical Grid (Smart Grid) [30] 4 µs
IEEE 802.1AS (gPTP) [27] ≤ 1 µs
Industrial Automation [31] ≤ 1 µs
Audio/Video Broadcasting (AES67) [26] ≤ 1 µs
Smart Grid (IEEE C37.238) [28] ≤ 1 µs
3GPP TS 22.104 (5G Systems) [25] ≤ 900 ns

Table 1.2: Timing accuracy of existing time synchronization protocols

Protocol Accuracy Description

Network Time Protocol
(RFC 5905) [23]

1–10 ms General-purpose time syn-
chronization for internet-
based systems

Precision Time Protocol
(IEEE 1588) [11]

100 ns–1 µs Industrial automation,
telecommunications, and
power grids

Synchronous Ethernet
(SyncE) [32]

Only frequency
synchronization

Frequency synchronization
through Ethernet physical
layer

White Rabbit [3] < 1 ns High-energy physics and sci-
entific research

role of precise time synchronization in modern packet-switched networks, where even
microsecond-level deviations can impact performance and reliability.

However, it is important to distinguish between time synchronization and the actual
use of synchronized time. Even if a clock meets the required accuracy, it does not
necessarily guarantee that actions taken based on that clock will comply with strict
timing requirements. This work focuses only on synchronizing two digital clocks, but
it is crucial to remember that executing actions based on synchronized time requires
careful system design.

1.2 Overview of the dissertation

The dissertation discusses three different topics separated into four thesis groups, all
topics concentrating on clock synchronization issues. Chapter 3 presents a state-of-the-
art time division method for increasing the number of time measurements in ultra wide
band networks, resulting in more information about the clock state of the nodes in the
UWB network, facilitating more accurate ranging and time synchronization compared
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to existing solutions. The chapter also presents that the framing structure performs
similar ranging metrics as the method of the IEEE 802.15.4 [14] standard.

The connection between the high accuracy requirements of the time measurement
in wireless localization (e.g. ranging) and the time synchronization solutions raises the
question: is UWB applicable to synchronize controllable PTP clocks? Chapter 4 dis-
cusses the topic by proposing a specific implementation based on the well-known DW1000
chipset, pointing out the problem of chip-level clock domain change.

Chapter 5 handles the topical problem of unknown propagation delay variations over
wireless channels, which decline the performance of clock synthonization (frequency syn-
chronization) algorithms. While a couple of methods are proposed for the problem, the
linearity of the dynamic and measurement models makes it possible to apply Kalman-
filtering, resulting in superior performance – however, Kalman-filtering requires the esti-
mate of the propagation delay variance to be the optimal estimator. The chapter lends
a method from machine learning to estimate parameters in latent space problems, which
results in the optimal estimate of both the states and the measurement variance.

Measurement noise variance, which is mostly referred to as packet delay variation
(PDV) in wired networks, is also a problem in the Precision Time Protocol. While
numerous technical solutions have been proposed and implemented – like transparent
clocks or the White Rabbit Project [3] – to overcome the unknown delays of the synchro-
nizing packets over the network, statistical methods can always help to make optimal
estimation of the clock state by inferring the measurement noise on-the-fly. Chapter 6
proposes the Adaptive Kalman Filter (AKF) to adaptively estimate the measurement
noise, by applying a measurement model with time-invariant measurement noise covari-
ance matrix. The method is shown to supersede existing state-of-the-art solutions for
estimating the clock state.

To establish the basis for the discussion of the algorithms proposed in the dissertation,
Chapter 2 presents the most important methods and methodologies appearing in this
work.
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2
Methods and related works

2.1 Bayesian estimation

Bayesian estimation is used in a variety of applications, e.g. in tracking applications [33],
image processing [34], signal processing [35], telecommunications [36], and also, Bayesian
estimation is the backbone of machine learning and artificial intelligence [37]. Bayesian
estimation plays a crucial role in this work; therefore, its main aspects are discussed. For
a more in-depth understanding of Bayesian methods, particularly for filtering purposes,
see [38].

2.1.1 General method

A commonly recurrent issue in engineering is the so-called parameter estimation prob-
lem. Suppose, we have a θ = {θ1, θ2, . . . , θD}T vector with D dimensions, called the
parameters or parameter vector. Suppose also, we know the conditional distribution of
p(y1:T |θ), where y1:T = {y1,y2, . . . ,yT } are the measurements as a time series from
timestep 1 to T . The probability density function or the probability mass function (in
the case of discrete variables) are both denoted by p(·). The Bayesian estimation handles
θ as a multivariate random variable and finds the distribution for the parameters using
the Bayes rule, assuming a prior distribution p(θ) for the parameters:

p(θ|y1:T ) =
p(y1:T |θ)p(θ)

p(y1:T )
=

p(y1:T |θ)p(θ)∫
p(y1:T |θ)p(θ)dθ

Please note that the integral without limits means here that the expression shall be
integrated with respect to the multidimensional θ by each axis and for each possible
interval – practically for the whole sample space, i.e. from −∞ to ∞ by each axis.

10



Using the Bayes rule, the result is a probability distribution for the unknown param-
eters, however, if a point estimate is required, the maximum value of the density (the
mode) can be considered, which results in a maximum a posteriori estimation (MAP):

θ̂MAP = arg max
θ

p(θ|y1:T ) = arg max
θ

p(y1:T |θ)p(θ)

p(y1:T )

Given certain measurements y1:T , p(y1:T ) can be considered as a constant, so

p(θ|y1:T ) ∝ p(y1:T |θ)p(θ)

resulting in the estimation of

θ̂MAP = arg max
θ

p(θ|y1:T ) = arg max
θ

p(y1:T |θ)p(θ)

Using a uninformative, or uniform prior (i.e. p(θ) ∝ 1), the method falls back to the
classical maximum likelihood estimation (ML):

θ̂ML = arg max
θ

p(y1:T |θ)

In typical practical applications, instead of maximizing the likelihood itself, the natu-
ral logarithm of the likelihood (called the log-likelihood) is applied. Beyond the numerical
and the information theory related reasons (i.e. the evaluation of the Kullback-Leibler
divergence (KL)), this makes it possible to decouple the observations, provided the ob-
servations are conditionally independent:

p(y1:T |θ) =
T∏
i=1

p(yi|θ)

in which case the log-likelihood is the sum of the likelihoods of the observations:

ln p(y1:T |θ) =
T∑
i=1

ln p(yi|θ)

Using the log-likelihood in the optimization, the maximum likelihood estimation is the
θ̂ML, which satisfies the equation

T∑
i=1

1

p(yi|θ̂ML)

∂p(yi|θ)

∂θ

∣∣∣∣
θ=θ̂ML

= 0

Please note that throughout the dissertation, optimal” always refers to, optimal in a
maximum likelihood sense” unless otherwise noted.
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xk−1 xk xk+1

yk−1 yk yk+1

Figure 2.1: First order Markov process

2.1.2 Bayesian estimation in Markov processes

Numerous engineering problems can be modeled as latent state problems, where
the x1:T latent states can be observed only through the y1:T measurements
depending on the latent states. Specifying a latent state process requires
the p(xk|x0, . . . ,xk−1,xk+1, . . . ,xT ,y1:T ) latent space conditional distributions, the
p(yk|x0:T ,y0, . . . ,yk−1,yk+1, . . . ,yT ) measurement conditional distributions and the
p(x0) prior distribution to be defined for all k = 1, . . . , T . The k is typically called
time step.

Special cases of the latent space problems are the first-order Markov processes, as
depicted by the acyclic directed probability graph in Figure 2.1. In a first order Markov
process, the xk latent state depends only on the previous latent space, called the dynamic
model, i.e.

p(xk|x1:T ,y1:T ) = p(xk|xk−1) (2.1)

and the measurements depend only on the latent space at that time step, called the
measurement model, i.e.

p(yk|x1:T ,y1:T ) = p(yk|xk) (2.2)

The constraints on the dynamic and measurement model make the factorization of the
joint distribution possible, i.e.

p(x0:T ) = p(x0)

T−1∏
k=0

p(xk+1|xk) (2.3a)

p(y1:T |x0:T ) =
T∏

k=1

p(yk|xk) (2.3b)

Bayesian filtering

Typically, one can be interested in estimating the actual state, knowing the previous
state(s) and the actual measurement, to estimate the p(xk|x0:k−1,y1:k). The method is
called Bayesian filtering, and has three basic steps, as

Initialization The recursive filtering starts from p(x0)
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State prediction Knowing p(xk−1|y1:k−1), p(xk|y1:k−1) can be calculated with the
well-know Chapman-Kolmogorov equation:

p(xk|y1:k−1) =

∫
p(xk|xk−1)p(xk−1|y1:k−1) dxk−1

State update Given a new measurement yk, update the state estimation, which yields

p(xk|y1:k) =
p(yk|xk)p(xk|y1:k−1)∫
p(yk|xk)p(xk|y1:k−1) dxk

A special case of Bayesian filtering is the linear Gaussian problem, commonly called
Kalman-filter [39]. In Kalman filtering, both the dynamic and the measurement models
are linear and have Gaussian noises. Let

p(xk|xk−1) = N (xk|Akxk−1,Σk)

p(yk|xk) = N (yk|Hk,Ω)
(2.4)

where Ak is the state-transition matrix, Hk is the observation matrix, Σk is the process
noise covariance and Ω is the observation noise covariance. Also, let N (·|m,Σ) denote
the probability density function of a multivariate Gaussian distribution with expected
value m and covariance Σ, i.e.

N (x|m,Σ) =
1√

(2π)D|Σ|
e−

1
2
(x−m)TΣ−1(x−m)

where D is the dimension of the multivariate distribution, and |·|means the determinant.
It can be proven, that p(xk|y1:k) is also Gaussian, i.e. p(xk|y1:k) = N (xk|mk, Pk), where
mk and Pk can be calculated with the Kalman-filtering equations

m−
k = Ak−1mk−1

P−
k = Ak−1Pk−1A

T
k−1 + Σk−1

(2.5)

Kk = P−
k H

T
k (HkP

−
k H

T
k + Ω)

mk = m−
k +Kk(yk −Hkx

−
k )

Pk = (I −KkHk)P−
k

(2.6)

The matrix I denotes the appropriate sized identity matrix.

Bayesian smoothing

Based on the results of a Bayesian filtering, Bayesian smoothing calculates the distribu-
tion of a state xk conditioned on the measurements y1:T , where T > k, i.e.

p(xk|y1:T )
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The basic equations for Bayesian smoothing use the dynamic model presented in (2.1),
and also the p(xk|y1:k) distributions resulted from the filtering process. The basic equa-
tion for smoothing is

p(xk|y1:T ) = p(xk|y1:k)

∫
p(xk+1|xk)p(xk+1|y1:T )

p(xk+1|y1:k)
dxk+1 (2.7)

Please note that the distribution p(xk+1|y1:k) in the denominator can be calculated using
the Chapman-Kolmogorov equation. The smoothing shall be done backward, starting
from p(xT |y1:T ). Thus, the smoother is sometimes called as backward filter.

A special case of Bayesian smoothing is the linear Gaussian problem, commonly
called Rauch-Tung-Striebel smoother [40]. For the linear model presented in (2.4), the
backward filter results in p(xk|y1:T ) = N (xk|ms

k, P
s
k ), with

m−
k+1 = Akmk

P−
k+1 = AkPkA

T
k + Σk

Gk = PkA
T
k (P−

k+1)
−1

ms
k = mk +Gk(ms

k+1 −m−
k+1)

P s
k = Pk +Gk(P s

k+1 − P−
k+1)G

T
k

(2.8)

2.2 Digital clocks and models

Wide variety of applications use digital clocks to represent the wall-clock time in digital
systems. For defining the concept of clock in computer science, here is a quote from the
IEEE 1588-2019 standard [11]:

[A clock in computer science is] ,,a device that can provide a measurement of
the passage of time since a defined epoch. A clock provides time at desired
moments of the timescale it maintains. Time is obtained either:

Physically in this type of clock, the time is modeled using a clock signal
and a time counter that is driven by the clock signal;

Mathematically in this type of clock, the time is generated by a model that
describes the relation of this clock to another clock (e.g., to a physical
clock in a different timescale). The model enables the calculation of the
time of the clock from the time of the other clock.”

While time is a complex concept in physics, and generally, even time synchroniza-
tion is rather ambigous (what does it mean to be time synchronized in different reference
systems?), for some constrained engineering problems in everyday use, we assume New-
tonian time perception – time passes by in the same pace in every reference systems
and we would like to measure it with different devices. However, even within Newtonian
physics, time measurement presents inherent challenges. The recorded time value be-
comes outdated as soon as it is read or processed since any use of a measured time value
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involves processing or computation, which itself takes time. While such issues are beyond
the scope of this work, it is important to acknowledge that as accuracy requirements
increase, the impact of overlooking these challenges becomes more significant.

Please note that the digital clock in this text does not refer to digital clock signals,
which are periodic signals toggled between 0 and 1. Digital clocks are concepts closer
to clocks used in everyday life – they measure the elapsed time. It is worth mentioning
that clock signals can drive clocks; however, they are not the same concept.

To define digital clocks more formally, let us denote time difference from a defined
epoch as t, which we will call simply time, but it is important to notice, that this concept
is not strictly the same as time in physics. While the epoch can be selected arbitrarily,
however, practical applications usually use the so-called UNIX epoch, which is January
1, 1970. A digital clock (or simply clock) is a device, which measures some quantity
C(t) depending on time. It is important to emphasize, that from our perspective, clock
is a device with dynamics changing with time. C is preferably but not necessarily
invertible. Obviously, ideally we would like to have C(t) = t. While in history, a couple
of dynamic systems were applied to measure time (or more precisely, time difference),
e.g. pendulums, water clocks, etc., in practical digital applications nowdays, typically
oscillator-based models are applied.

Generally, the oscillator has the output signal as

v(t) = V0 cosϕ(t) (2.9)

where V0 is the amplitude of the signal, and ϕ(t) is the instantaneous phase depending
on time t. The function ϕ(t) is preferably (and typically) invertible, e.g. it is strictly
monotonically increasing. Based on the phase, the instantaneous frequency is defined as

f(t) =
1

2π

∂ϕ(t)

∂t

Digital clocks count some defined events of the oscillator at dicrete time instants tk, with
k = 0, 1, 2, . . . , when the phase holds some specified value, e.g.

ϕ(tk) = 2πk + c+ Φk k is integer, and k ≥ 0

where c is some constant, and Φk is some small phase noise (as a random variable)
standing for the fact that phase triggers might not be precisely detected. By definition,
k is actually the value of the counter and it keeps its value between tk and tk+1. The
actual implementation of this process is out of our interest, e.g. it might be some null
crossing detector (i.e. a rising edge of the output of a Schmidt-trigger resulting in the
trigger condition cosϕ(t) = 0 and derivative sinϕ(t) < 0). In the next, the c constant
will be considered as zero (i.e. c = 0), and Φk will be ignored, since the synchronization
accuracy is couple of orders higher than the noise introduced by mistriggering.

From this, real time tk can be calculated using the – possibly existing – inverse of
ϕ(t):

tk = ϕ−1(2πk) k is integer and k ≥ 0
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However, ϕ(t) generally is unknown, and we model it as a ϕ̂(t;θ) parametric model with
parameters θ. We use this parametric model to estimate the time t̂ from the k counter
as

t̂k = ϕ̂−1(2πk; θ) k is integer and k ≥ 0

Based on the estimation of the real-time, we can compute the time error of the clock in
theory as

ϵ(tk) = t̂k − tk
Please note that the notation above highlights the fact that we consider different

errors while estimating time:

Quantization error Thanks to the quantized nature of digital systems, we have no
time information between tk and tk+1 for any k.

Triggering error The triggering error represented by Φk introduces some unaccounted
errors to our time perception, since when we expect the phase to be 2πk it is
actually 2πk + Φk, resulting in estimation errors.

Invertion error The invertion error is actually a modeling error, since we model the
unknown clock phase function with a different, parametric function.

In practical applications, the clock frequency and, hence, the clock resolution is a
couple of orders higher than the synchronization accuracy (i.e. tk+1 − tk is very small
compared to synchronization accuracy), so in this work we neglect the effect of quan-
tization and handle the counter k and the phase as continuous. Also note that the
underlying process of digital clocks (i.e., the sinusoidal oscillator) is inherently continu-
ous, supporting the method of handling clocks as continuous processes. Thus, without
integer constraint on k, the counter value will be considered as

k =
ϕ(t)

2π
=

∫ t

0
f(τ) dτ (2.10)

2.2.1 Ideal oscillator

Ideal oscillator models suppose periodic signal with a known f0 nominal frequency, i.e.

ϕ̂(t) = 2πf0t

It is easy to see, that f(t) = f0, k = f0t and t̂ = k/f0. However, real oscillators cannot
be implemented to run with exactly f0 frequency, so ideal oscillator models are rarely
applied in the literature.

2.2.2 Simple skew model

Simple Skew Model (SKM) first appeared in [41] to model imprecise clocks in syn-
chronization applications. The model assumes that the oscillator runs on an unknown

16



frequency f close to the f0 nominal frequency, but generally f ̸= f0. Also, the model
contains an unknown ϕ0 initial phase component, which is the phase of the oscillator at
t = 0:

ϕ̂(t; f, ϕ0) = 2πft+ ϕ0 (2.11)

From this, f(t) = f and k = ft+ ϕ0

2π . To estimate time based on this model we can use
the inverse function, i.e.

t̂ =
k

f
− ϕ0

2πf
(2.12)

which of course requires the knowledge of unknown parameters f and ϕ0. Sometimes,
the error oriented format of this model is used. This uses the difference of the estimated
time based on (2.12) and the estimated time using the SKM model, but with nominal
frequency f = f0 and ϕ0 = 0, which yields

t̂f0 − t̂ =
k

f0
− k

f
+

ϕ0
2πf

=
f − f0
f0

t+
ϕ0

2πf0
= γt+ ω0 (2.13)

where γ = f−f0
f0

is the skew, the relative offset of the frequency from the nominal fre-

quency. For the second step in (2.13) we used the fact, that k = ft + ϕ0

2π . Please note,
that this error model is valid only under the assumption of the SKM model (2.11). Sim-
ple Skew Model is widely used because of its simplicity and the fact that the dominant
error beyond the clock offset in clock models is the frequency skew.

2.2.3 State space probabilistic models

Using probabilistic methods requires digital clocks to be modeled as state space prob-
abilistic models. Since oscillators are inherently continuous processes, modeling can be
accomplished using continuous state space models. Since the SKM model fails to grab
the effect of intense changing of thermal conditions in the case of typical crystal oscilla-
tors, third-order models are commonly applied in the literature, taking clock acceleration
into consideration [42,43].

Denote the clock value at time t as x(t). The state of the clock consists of the clock
value and the first two derivatives of the clock value, i.e. x(t) = [x(t), ẋ(t), ẍ(t)]T , where
the dot above denotes the time derivative. The general continuous clock model can be
represented as a triple integrator of a noise process as

ẋ(t) = Acx(t) +Bcw(t) (2.14)

where

Ac =

0 1 0
0 0 1
0 0 0

 Bc =

σ1 0 0
0 σ2 0
0 0 σ3

 w(t) =

w1(t)
w2(t)
w3(t)


and w1(t), w2(t), w3(t) are independent, time-invariant standard Gaussian distributed
processes, i.e. for i = 1, 2, 3, wi(t) ∼ N (0, 1) with E[wi(t)w

∗
i (t+τ)] = δ(τ) (i.e. the delta
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function), and E[wi(t1)w
∗
j (t2)] = 0 for all i ̸= j. In the state vector, x(t) is the clock

value (i.e. the phase divided by 2π), the ẋ(t) is widely known as the clock instantaneous
frequency, while ẍ(t) is the frequency drift over time. Sometimes, the offset, frequency,
and drift errors are modeled, and the states are called offset error, skew, and drift error,
respectively.

However, for packet switching protocols, clock synchronization is performed at dis-
crete time points, not continuously. Let’s denote the synchronization slot index as k. If
the stochastic differential equation in (2.14) is solved starting from some time point tk−1

with state xk−1, then at the time point tk > tk−1, the result is a probability distribution

p(xk|xk−1) = N (Akxk; Σk) (2.15)

To get the Ak and Σk matrices, suppose the continuous-time dynamic model as
in (2.14). Since the model noise is stationary, we can solve the stochastic differential
equation from t = 0 to t = T and shift the equations to an arbitrary starting time. Using
Laplace transform, and expressing X(s), we get

X(s) = (sI −Ac)−1x(0) + (sI −Ac)−1BcW (s)

where I is the identity matrix, X(s) and W (s) are the Laplace transform of x(t) and
w(t), respectively. The first member of the sum gives the Ak matrix since it depends on
the initial (previous) state, while the second part gives the variance of the noise at time
T . Given

(sI −Ac)−1 =


1
s

1
s2

1
s3

0 1
s

1
s2

0 0 1
s


and noticing that 1

s , 1
s2

, 1
s3

are the integrals of the unit impulse, and also carrying out
the time shift we get the Ak matrix as

Ak =

1 ∆k
1
2∆2

k

0 1 ∆k

0 0 1

 (2.16)

where ∆k = tk − tk−1.
For the noise covariance matrix Σk, notice that the multiplication of (sI −Ac)−1Bc

and W (s) is a convolution in the time domain, which can be solved readily. Let Ks(s) =
(sI −Ac)−1Bc and L −1{Ks(s)} = K(t), where

Ks(s) =


σ1
s

σ2
s2

σ3
s3

0 σ2
s

σ3
s2

0 0 σ3
s

 K(t) =

σ1 σ2t
1
2σ3t

2

0 σ2 σ3t

0 0 σ3


To express the noise covariance matrix, we can express the noise vector as a convolution
resulting from Ks(s)W (s):

w̃(t) = L −1{Ks(s)W (s)} =

∫ T

0
K(T − τ)w(τ) dτ
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The covariance matrix of w̃ is the expression

E [w̃(t)w̃∗(t)] = E
[∫ T

0
K(T − τ1)w(τ1) dτ1

∫ T

0
w∗(τ2)K

∗(T − τ2) dτ2
]

=

=

∫ T

0

∫ T

0
K(T − τ1)E [w(τ1)w

∗(τ2)]K
∗(T − τ2) dτ1dτ2 =

=

∫ T

0
K(T − τ2)K∗(T − τ2) dτ2

because E{w(τ1)w
∗(τ2)} = Iδ(τ2 − τ1). Performing the integration yields

Σk = E[w̃(t)w̃∗(t)] =


σ21∆k + σ22

∆3
k

3
+ σ23

∆5
k

20
σ22

∆2
k

2
+ σ23

∆4
k

8
σ23

∆3
k

6

σ22
∆2

k

2
+ σ23

∆4
k

8
σ22∆k + σ23

∆3
k

3
σ23

∆2
k

2

σ23
∆3

k

6
σ23

∆2
k

2
σ23∆k

 (2.17)

From the covariance matrix, it is readily visible that the uncertainty of the clock
value is increasing monotonically with time. The previously presented Simple Skew
Model can also be represented as a state space probabilistic model using the very same
steps for a second-order linear differential equation.

2.2.4 Measuring frequency stability

The most important clock deviation factor is the instantaneous frequency difference
between two physical clocks. While the frequency of real oscillators can be tuned, it
is never possible to reach identical frequencies for two clocks without some feedback-
controlled mechanism since the frequency of the oscillator starts wandering.

To measure the frequency stability of different oscillators, typically ϕ(t) phase and

f(t) = f(t)−f0
f0

fractional frequency measurements are used [44]. In real life, it is common

to sample these quantities with τ0 period, resulting in measurements ϕi and f i, where i
refers to the data point at time i · τ0., i.e. ϕi = ϕ(iτ0) and f i = f(iτ0).

Most of the time, the simplest maximum allowable frequency deviation from the
nominal frequency is enough to describe the oscillator stability. The tolerance is specified
for a given temperature (usually 25 ℃), and defined as

max |f(t)|

Tolerance is commonly measured in ppm (parts per million). For typical values of fre-
quency tolerance of practical oscillators, see Figure 2.2. Commercial products rarely con-
tain more stable oscillators than Temperature-compensated crystal oscillator (TCXO),
however, some higher line products may contain Oven-controlled crystal oscillator
(OCXO), but atomic solutions are rather expensive. Thus, only very specific devices
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Figure 2.2: Relative frequency tolerance of common oscillator types. Tolerance reaches
from hundreds of ppm to several ppb in case of crystal oscillators, while atomic oscillators
are in the order of ppt [45]. (Cs – Cesium, Rb – Rubidium, OC – Oven Controlled, TC
– Temperature Compensated, XO – Crystal Oscillator)

contain – possibly chip-scale – atomic clocks. Also note that lower tolerance typically
comes with higher energy consumption, e.g. OCXOs need high current to reach the
controlled temperature inside the packaging.

One of the detailed descriptions of frequency stability is the variance, namely

s2 =
1

M − 1

M∑
i=1

(f i −
1

M

M∑
i=1

f i)
2

where the summation is done for M data points measured at i discrete time points
and f i is the fractional frequency at the i time point. Standard variance, however, is
not convergent for different types of errors (e.g. FM noise), so more commonly, the
Allan variance (or its square root, the Allan deviation) is used for measuring frequency
stability, i.e.

σ2yo(τ0) =
1

2(M − 1)

M−1∑
i=1

(f i+1 − f i)2 =
1

2(M − 2)τ20

M−2∑
n=1

(ϕn+2 − 2ϕn+1 + ϕn)2

In practice, Overlapping or Overlapped Allan variance is more widely used, which fits
better for sampled measurements with fixed time intervals and has better confidence.
The Overlapped Allan variance is defined as

σ2y(mτ0) =
1

2(mτ0)2(M − 2m)

M−2m∑
n=1

(ϕn+2m − 2ϕn+m + ϕn)2

which is defined at multiples of τ0., i.e. at mτ0.
Figure 2.3 shows an Allan variance plot at different values of τ0. It is clearly visible

that the Allan deviation has a minimum, before which the instantaneous frequency noise
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Figure 2.3: Allan variance of a typical crystal oscillator (σ1 = 10−6, σ2 = 10−8).

dominates, but at high values of τ0, the aging or wandering of the frequency takes over
the dominance.

Allan-variance can be strongly related to probabilistic state space models, as pre-
sented in (2.14), for which the Allan-variance equals (see [42])

σ2y(tk, τ) =

(
σ21
τ

+
σ22τ

3
+
σ23τ

3

20

)
+ σ23

(
τ3

3
+
τ2tk

2

)
(2.18)

assuming that ẍ(0) = 0. Please note that the Allan-variance in (2.18) is not time-
invariant, however, if σ3 = 0, i.e. we ignore the acceleration of the oscillator, resulting
in the well-known expression for the time-invariant Allan-variance

σ2y(τ) =
σ21
τ

+
σ22τ

3
(2.19)

In the literature, a couple of other measures for frequency stability can be found, e.g.
the Modified Allan deviation, the Hadamard Variance, Thêo1 variance, and so on. To
get more insight in the frequency stability measures, the reader is referred to [44].

2.3 Clock synchronization

Clock synchronization has a few definitions, providing the description of the more-or-less
same process. The IEEE 1588-2019 standard [11] describes two clock to be synchronized
as this:

,,Absent relativistic effects, two clocks are synchronized to a specified uncer-
tainty if they have the same epoch and their measurements of the time of the
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Figure 2.4: The feedback process of synchronization in general (source: [46]).

same single event occurring at an arbitrary instant differ by no more than
that uncertainty.”

In fact, we say that two digital clocks are synchronized if, in the case of a real event, the
two clocks show the very same value. However, the definition has two more constraints:
relativistic effects shall be neglected, and synchronization shall not be completely perfect
– in the case of predefined limits, two clocks can be synchronized to a given uncertainty.

Sometimes, only the speed (i.e. frequency) of the clocks shall be synchronized, liter-
ally relieving the constraint of the ,,same epoch”. We call frequency synchronization as
synthonization, defined in the IEEE 1588-2019 standard:

,,Absent relativistic effects, two clocks are synthonized to a specified uncer-
tainty if the duration of the second is the same on both, which means the
time as measured by each advance at the same rate within the specified
uncertainty. The two clocks might or might not share the same epoch.”

Once again, it is useful to refer to Section 2.2, where certain thoughts on time mea-
surement were discussed. This work focuses on the constrained engineering problem of
clock synchronization within the framework of Newtonian time perception. In this con-
text, time progresses uniformly across all reference frames, and the goal is for all clocks
to display the same value at a given moment. Put simply, from a physical perspec-
tive, clock synchronization is simply the process of aligning the dynamics of two remote
devices using digital communication. The concept of a clock itself only emerges when
considering dynamics in time, which is assumed to be partially known but well-defined.

Clock synchronization typically assumes that there is a reference clock to which
the clock at hand shall be synchronized by various means. The reference clock can be
considered to follow time with a small uncertainty. However, it can eventually be ignored
in the clock synchronization algorithm, the only thing we are interested in for the two
devices have the same dynamics. The synchronization process is inherently a feedback
process, as seen in Figure 2.4. The local clock – which is to be synchronized with the
remote clock – measures the discrepation of the local clock to the remote clock and takes
some action to decrease the discrepation. However, changing any parameters of the local
clock results in changes in the discrepancy, which should be periodically managed.
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Time synchronization over packet-switching networks has some specialties. First, the
synchronization happens in discrete time intervals or at discrete events – compared to,
e.g., a Phased-locked loop (PLL) based continuous circuit. Second, a clear distinction
shall be made between the algorithm providing the clock synchronization and the com-
munication infrastructure supporting the utility tasks of the clock synchronization. For
example, while the IEEE 1588-2019 standard provides all the standard tools to identify
clocks and communicate parameters of the clocks and the standard provides even vari-
ous message exchanges to enable the measurement of the propagation delay, it does not
define the compulsory method of tuning the clock to be synchronized.

This work concentrates mainly on the algorithmic part, however, no synchroniza-
tion algorithm can skip the ins and outs of the medium providing the measurements for
clock synchronization. For this purpose, the next subsection provides an overview of the
well-known IEEE 1588-2019 protocol, which serves as a baseline for accurate clock syn-
chronization and integrates prior knowledge from various time synchronization platforms
and solutions.

2.3.1 IEEE 1588 standard

The IEEE Standard for a Precision Clock Synchronization Protocol for Networked Mea-
surement and Control Systems (IEEE 1588), sometimes called Precision Time Protocol,
is a protocol that provides precise synchronization of clocks in packet-based networked
systems. The synchronization of clocks can be achieved in heterogeneous systems that
include clocks with different inherent precision, resolution, and stability. The standard
had a couple of versions, as

IEEE 1588-2002 The first version of the standard, known as PTP version 1. [24]

IEEE 1588-2008 The new standard, known as PTP version 2 introduced a couple of
new concepts, like transparent nodes in the network. Not backward compatible
with PTP version 1. [47]

IEEE 1588-2019 The latest standard, also known as PTP version 2.1 is backward
compatible with PTP version 2, and introduces isolated profiles, multiple masters
and security methods. [11]

The standard contains the description of the data types, the transport, the protocol
for different clocks, the definition of the PTP entities, and the required data sets for
various clocks. The PTP protocol can use various transport protocols to pass PTP
messages between PTP entities; the standard defines, e.g., the PTP over UDP and the
PTP over IEEE 802.3 (Ethernet) methods.

The standard defines different types of clocks, which build an acyclic hierarchy in a
so-called PTP domain. The different clock types can be:

Ordinary clock Ordinary clocks have a single PTP port in a domain and maintains
the timescale used in the domain. It may serve as a source of time (i.e. master
clock), or may synchronize to another clock (being a slave clock).
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Figure 2.5: Simple master-slave PTP Instance hierarchy (source: [11]).

Boundary clock Boundary clocks have multiple PTP ports in a domain and maintain
the timescale used in the domain. One of the ports of the boundary clock can act
as a slave, and the other ports act as masters synchronized to the only slave port.

Transparent clock Transparent clocks can measure the time residence, e.g. the dif-
ference of the egress and ingress time.

In fact, transparent clocks can be End-to-end or Peer-to-peer, where the latter can
measure not only the residence of the message in the device, but using a peer-to-peer
mechanism, it can also provide corrections to the propagation delay of the link connected
to the PTP ports.

A typical PTP hierarchy can be seen in Figure 2.5, which shows the relation of
ordinary and boundary clocks. In every PTP domain, the root of the synchronization
hierarchy, a grand master clock, can be found. The organization of the master-slave
hierarchy is dynamic, and the selection of the master clock for each port is done by
the Best Master Clock selection algorithm, using special Announce messages to transfer
information about the datasets of the clocks.

The actual measurements for the synchronization consist of inferring information
from the actual clock value at the master and the calculation of the path delay between
the master and the slave. From that, the actual time at the slave can be acquired.
Figure 2.6 shows the end-to-end measurement message exchange defined in the PTPv2
standard. The standard uses two essential messages to achieve end-to-end synchroniza-
tion, a Sync message and a Delay Req message. The Sync message is sent by the master,
and the master notes the transmission (TX) timestamp (t(1)) of the message. The slave
device receives the message and saves the receive (RX) timestamp (t(2)) of the message.
In the case of one-step implementation, the TX timestamp is embedded in the Sync
message, while for two-step implementation, an auxiliary message (Follow Up) is used
to send the TX timestamp to the slave. While the clock drift (the frequency difference)
can be derived from the Sync message, an additional Delay Req message is required to
estimate the clock offset. The Delay Req is sent by the slave at t(3) and received by the
master at t(4), which is sent back to the slave in an auxiliary message Delay Resp. From
the recorded timestamps, the clock offset and clock drift can be calculated. To calculate
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Figure 2.6: End-to-end PTP path delay measurement message exchange (source: [11]).

the offset value from the PTP master, the master-to-slave and the slave-to-master offset
need to be defined:

dm2s = t(2) − t(1)

ds2m = t(4) − t(3)

From this, the offset from the master can be calculated:

∆toffset = dm2s − dprop = dm2s −
dm2s + ds2m

2
(2.20)

where dprop is the propagation delay.
Achieving nano- or even microsecond accuracy is beyond the capability of software-

only solutions. Therefore, hardware-assisted methods are preferred, leveraging the inher-
ent precision of modern CPU architectures. Hardware-aided methods make it possible to
precisely record the TX and RX timestamps for packets transmitted to or received from
the network; however, the synchronization algorithm can be implemented in software.
Moreover, there is the White Rabbit project – included in IEEE 1588-2019 – where sub-
nanosecond accuracy can also be achieved on a specialized network [11]. White Rabbit
is a project aimed at creating an Ethernet-based network that provides low-latency, de-
terministic packet delivery, and transparent, high-accuracy timing distribution across
the entire network. The White Rabbit Network is based on Ethernet (IEEE 802.3),
Synchronous Ethernet (SyncE), and PTP standards. The measured PTP performance
demonstrates sub-nanosecond accuracy over a 5km fiber optic link with a precision below
10 ps [3].

Accurate clock synchronization and PTP’s main application area is in the industrial
domain, especially in Time-Sensitive Networking (TSN). TSN is a set of standards under
development by the Time-Sensitive Networking task group of the IEEE 802.1 working
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group [48]. Time-Sensitive Networking Task Group specifies TSN functionalities as a set
of standards that provide deterministic services through IEEE 802 networks to enable
bounded low packet loss, guaranteed packet delivery, bounded low latency, and low
packet delay variation. TSN targets a variety of particular aspects, including timing and
synchronization aspects. Synchronization is an essential building block to meet these
requirements, and IEEE 802.1AS-2020 standard [27] defines a PTP profile to use in
TSN networks.

For more information about the protocol, e.g. peer-to-peer measurements, profile
management, the exact message formats, and transparent clock correction mechanism,
please see the IEEE 1588-2019 standard [11].

2.3.2 Controllable and virtual clocks

Clock synchronization is typically performed by adjusting the frequency of a physical
clock to skew it to the reference time. This results in a smooth transition that is required
in most use cases. However, there are systems where a physically adjustable clock is not
present, e.g., in some embedded systems or even in personal computers without PTP
clocks. In this case, a so-called virtual clock can be employed, which transforms the
local, non-adjustable clock to a reference clock.

Virtual clock

In the case when no physically adjustable clock is present, based on the local clock, the
clock models presented in Section 2.2 can be employed. The estimation of the parameters
can be done using various methods, like Kalman filtering, regression, etc. Every time
the system wants to know the exact time, the clock models can be used by reading the
local clock value, and the elapsed local time can be substituted into the model to get the
value or the probability distribution of the actual time inferred from the measurements
from the reference clock.

Clock control

If a system has a physically adjustable clock (e.g. frequency-adjustable clock), it is
required that the clock synchronization algorithm adjust the clock so that it would
reflect the time measured by the reference clock. These algorithms are commonly called
clock servos.

Typical clock servo solutions widely use Proportional Integral (PI) controllers as
shown in Figure 2.7a. The clock is modeled as an ideal integrator, and the reference
signal for the controller is the packet delay corrected time of the reference clock. Notice
that the synchronization is automatically performed by the control loop itself. However,
there are two main pitfalls of a bare PI controller:

1. In classic control loops, the reference signal is deterministic; however, in the case
of clock synchronization, the reference signal is a stochastic process.
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Figure 2.7: Different clock servo architectures to control slave clock with adjustable
frequency. Statistical estimators provide approximate estimation to the remote time
based on the local clock.

2. The reference signal is dependent on the control signal since the packet delay
estimation contains measurements from the clock itself.

To solve these issues, the reference signal shall be estimated by a statistical estimator,
e.g., Kalman filtering. In dynamic systems, the estimator dynamic model needs to be
modified to take the control signal into account, modifying the dynamic model (see
(2.15)) as

p(xk+1|xk) = N (Akxk +Bkuk; Σk) (2.21)

with the Ak matrix as in (2.16), uk =
[
θk γk αk

]T
being the control signal, and

Bk =

−1 −∆k −1
2∆2

k

0 −1 −∆k

0 0 −1

 (2.22)

The θk is the phase control, γk is the skew control, αk is the skew drift control signal.
In real implementations, typically αk = θk = 0, and γk controls the frequency of the
clock. The architecture utilizing dynamic estimators to provide the reference signal can
be seen in Figure 2.7b. The method of creating the reference signal is sometimes called
trajectory generation in control theory.

Optimal control can be provided in a least-square sense by using Linear Quadratic
Regulators (LQR). LQR requires a state space model with linear state feedback, which
can be found by solving the discrete time algebraic Riccati equation. The optimal control
loop assumes the modeling of the clock as a state-space model. The special architecture
of the control loop can be found in Figure 2.7c and is described in detail in [49]. For
more information regarding the method of designing an optimal clock controller, please
see [50,51].
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2.3.3 Clock state estimation algorithms

Clock synchronization encounters two primary sources of uncertainty: the clock phase
itself has a random behavior [42], and the computed offset based on PTP measurements is
strongly dependent on the packet delay variation. While propagation delay arises in any
systems where signals propagate, in packet-switched systems, we distinguish the so-called
packet delay variation (PDV) from propagation delay. The packet delay variation is
inherently random and caused by several factors: e.g., queuing delays, processing delays,
software processing delays (i.e., scheduling, interrupt latency, etc.), or, as in wireless
systems, multipath propagation, resulting in a diverse measurement noise [52, 53]. In
many applications, such as wireless localization, the analysis of propagation delay is
crucial, however, in wired systems, like PTP, the focus is on the packet delay variation
(since propagation delay is typically constant). To overcome the issue of packet delay
variation, several offset estimation algorithms have been previously proposed, assuming
various clock and measurement models. An exhaustive summary of proposed offset
estimators can be found in [54] and [55].

Besides the proposed default estimator in the IEEE 1588-2019 standard, more sophis-
ticated methods include window-based processing techniques, which select the best pos-
sible measurements to infer the actual time. These methods are commonly called ,,packet
selection” methods, and they use different statistics to sample a window for potential
measurements. One of its prominent examples is the Minimax Optimum Estimator [56],
which applies various statistics (e.g., minimum, maximum, median) to the master-to-
slave and the slave-to-master delays. However, the performance of window-based meth-
ods strongly relies on the window length. Assuming linear clock models, linear least-
squares solutions propose to estimate the model parameters minimizing the least-square
error using closed-form solution or linear programming [57]. PTP-LP method also pro-
vides a heuristic way of estimating clock parameters using linear regression instead of
solving the linear program itself [58]. However, linear least square solutions tend to fail
in situations when the measurement error is not Gaussian or the clock behaves non-
linear. Anantha et al. [59] showed that the random queuing delay in the packet delay
variation can be approximated by a mixture of Gaussian distributions. However, the
method requires running a generalized expectation-maximization algorithm on a decent
state space, and the method is evaluated only by simulations. Exel et al. [60] handles the
problem of unknown clock parameters using an optimized servo parametrization, but it
still requires the exact estimation of the packet delay variation.

To deal with random noise, Kalman filtering was soon applied to clock synchroniza-
tion, proven to be more robust than the classical IEEE 1588 standard-based methods [61].
The basic work for Kalman-filtering in clock synchronization is based on a second-order
Kalman-filter and the original IEEE 1588 measurement model [62, 63]. Kalman filters
require the exact estimate of the measurement noise variance to be optimal in the least-
square sense and to overcome this issue, adaptive and robust methods were proposed.
Adaptivity and robustness have different meanings in the literature: adaptive filtering
estimates the process and measurement noise covariance, while robust filtering handles
outlier measurements. Robust filtering is widely applied in Kalman filters for PTP
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time synchronization using innovation-based outlier detection [61, 64] or timestamp se-
lection [65]; however, robust methods work well only if the measurement noise covariance
is still known a priori.

2.3.4 Precision and accuracy

Accuracy and precision occupy an important place in the literature of clock synchroniza-
tion, so it is worth taking some notes about these concepts. While the IEEE 1588-2008
standard defines accuracy as ,,The mean of the time or frequency error between the
clock under test and a perfect reference clock, over an ensemble of measurements”, and
precision is ,,a measure of the deviation of the error from the mean”, there are a couple
of misconceptions about these notions [66], and to circumvent this, also trueness is in-
troduced. It is interesting to emphasize that the IEEE 1588 protocol called the Precision
Time Protocol bears the name precision, while the protocol’s main goal is to provide
means to enable accurate (and not precise on the first hand) time synchronization. How-
ever, the reader shall have a clear distinction between the two concepts throughout this
text.

To ease the burden of these concepts, this work uses bias and variance, which have
clear definitions in statistics. Let θ̂(X) be an estimator of the unknown value θ based
on the random variable X. The bias of the estimator is defined as E[θ̂(X)]−θ, while the
variance of the estimator is defined as E[(θ̂(X)−E[θ̂(X)])2], where E[·] is the expectation
operator. For clarity, if we want to emphasize the difference between the mean error and
the error deviation, the concepts of bias and variance (or its square root, the deviation)
are used instead of accuracy and precision.

2.4 Ultra wide band communication

Ultra-Wideband (UWB) communication is a short-range communication form using very
low energy level but very high bandwidth, typically greater than 500 MHz [67]. The
emission limit for UWB transmitters is −41.3 dBm/MHz, which makes it possible to
be under the noise floor defined by the Federal Communications Commission (FCC),
thus not interfering with other transmitters around (e.g. WiFi, cell phones, GPS) as
Figure 2.8 shows.

With a huge bandwidth of 500 MHz (or 0.2 fractional bandwidth) or greater, the
UWB technology obviously promises robustness against narrowband interference, small-
scale fading, multi-path immunity, and strong obstacle penetration during communica-
tion and distance measurements. Although UWB suffers some applicability constraints,
such as high hardware cost, short-range communication, and relatively high energy con-
sumption [68], its advantages in industrial and consumer systems for localization are
undeniable. UWB is a potential candidate for implementing asset management, assem-
bly control, or smart manufacturing for a variety of different industries [69–71], consumer
products [72], as well as short and medium-range communication [73,74].
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Figure 2.8: The ultra wide band communication makes transmission possible under the
noise floor (green area), thus not interfering with other technologies. Note: magnitudes
are for illustrational purposes.

The UWB bands can be found in the sub-gigahertz band (249.6 - 749.6 MHz), the
low band (3.1-4.8 GHz), and the high band (6.0-10.6 GHz). Bandwidth varies from 499.2
MHz to 1354.97 MHz. The UWB is a physical layer, which is standardized as a physical
layer for the IEEE 802.15.4 standard, which defines the high-rate pulse repetition fre-
quency UWB (HRP UWB) and the low-rate pulse UWB (LRP UWB) PHY layers [14].
The bit rate per second can vary from hundreds of kbps to several Mbps. Higher layer
functions (e.g. medium access layer) are defined by the standard.

The most interesting function of the UWB physical layer is the capability of very
precise timestamping of UWB messages, providing accuracy in the order of 100 picosec-
onds. This function is enabled by the very short pulses that the UWB applies to transfer
information through the radio channel. The standard discusses the ranging capability as
the main use case for accurate timestamping, which is implemented by a high-resolution
counter with the least significant bit (LSB) as long as 1/(128 · 499.2 · 106Hz) ≈ 15 ps
(see [14]). However, the clock drifts in the devices pose a great challenge against the
ranging accuracy despite the fine resolution of the clock counters.

Figure 2.9a shows the default two-way ranging method for estimating the range
between two devices. The measured time-of-flight can be expressed as

Tf =
1

2
(T

(1)
R − T (2)

D ) (2.23)

where T
(1)
R denotes the round trip time at device 1 and T

(2)
D denotes the delay time

at device 2, Tf is the time-of-flight (ToF). From Tf , the range s can be computed by
multiplying with the speed of light, i.e. s = c · Tf . While the measurement accuracy of
the timestamping is also a fascinating topic (see Chapter 5), the frequency drift can also
result in a huge-ranging error, as shown below.
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Figure 2.9: Message exchange of different ranging techniques in UWB systems.

Modeling clock drift as a simple relative error (SKM model), the round-trip time and
the delay can be modeled as

T̂
(1)
R = (1 + e1)T

(1)
R = k1T

(1)
R (2.24)

T̂
(2)
D = (1 + e2)T

(2)
D = k2T

(2)
D (2.25)

which yields

T̂f =
1

2
(T̂

(1)
R − T̂ (2)

D ) (2.26)

from which we can calculate the time-of-flight error as

T̂f − Tf = e1Tf +
T
(2)
D

2
(e1 − e2) (2.27)

Supposing T
(2)
D = 1 ms, and typical ±20 ppm oscillators, the worst case error for e1− e2

is ±40 ppm, which results in a time-of-flight error |T̂f −Tf | > 20 ns, or almost 7 meters.
However, using double-sided two-way ranging (see Figure 2.9b), and an alternative cal-
culation of the time-of-flight, the frequency drift error can be compensated [75]:

Tf =
T
(1)
R T

(2)
R − T (1)

D T
(2)
D

2(T
(1)
R + T

(1)
D )

(2.28)

where T
(1)
R and T

(2)
R are the round-trip times, and T

(1)
D and T

(2)
D are the delay times at

devices 1 and 2, respectively. Here, the time-of-flight estimation error is

T̂f − Tf = e1Tf (2.29)

which means that the ranging error is proportional to the frequency drift error.
However, it is important to note that this method works only in the case of direct

ranging. More energy-conservative localization solutions are also applicable in UWB sys-
tems (i.e., time difference of arrival techniques), which require estimating the frequency
drift in order to achieve centimeter-accurate locations.
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3
Efficient ultra wide band measurement system

design

Typical ranging-based UWB localization architecture consists of anchors that are fixed
and tags that have unknown locations. Anchors and tags communicate with each other
using short UWB pulses. UWB supports any localization method that is based on
the accurate detection of signal arrival time, such as time of arrival (ToA) and time
difference of arrival (TDoA). While implementation of TDoA is more efficient regarding
radio resources, ToA based implementations outperform TDoA in terms of accuracy
and robustness, thus are used as an industrial standard for localization [76]. The most
robust and accurate implementation of ToA is the classical double sided two-way ranging
(DS-TWR) method [14] - called TWR in the followings -, which can determine distance
between anchor-tag pairs [77].

However, any localization system over the UWB technology requires some time syn-
chronization solution, explicitly (like ToA systems) or implicitly (e.g. ranging). The
synchronization and ranging capabilities of the system strongly depend on the frequency
of the clock state measurements, namely the amount of message exchanges between the
devices involved in the localization. The classical application of TWR wastes radio re-
sources since localization requires measuring at least three distances for two-dimensional
positioning, and measuring one distance requires at least three signals between each tag-
anchor pair. The disadvantage of this approach is the time separation of tag ranging,
which limits the number of tracked tags or, by increasing the number of tags, significantly
decreases the ranging frequency.

In the last decade, researchers made great efforts to increase the accuracy and robust-
ness of UWB systems. Recent surveys and reviews on UWB technology focus on ranging
accuracy [21], especially in non-line of sight (NLOS) environments [19], robust localiza-
tion mechanisms introducing filters [78] or deep-learning concepts [79]. In the literature,
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efficient utilization of radio resources mainly focuses on minimizing the ranging time
by reducing the size of messages sent by participating tags [80], but resource-efficient
system design and scalability issues were not in the research focus.

This chapter introduces a messaging framework that optimizes the usage of resources.
The advantage is outstanding when it is compared to a classical TWR-ranging protocol
efficiency. However, this messaging design introduces additional ranging delay while in-
creasing the scalability of ToA systems. To justify the virtue of the proposed framework,
ranging results are compared with classical distance measurements. The related experi-
mental performance evaluation proves that the introduction of higher ranging time does
not affect the ranging accuracy; however, it drastically increases scalability.

3.1 Increasing the effective data rate for enhancing mea-
surement frequency

To introduce the proposed solution for incrementing the effective data rate, we shall
shortly discuss the anatomy of a UWB packet [14]. Typical UWB packet consists of a
Synchronization header (SHR), PHY header (PHR), and the remaining user data (PHY
Service Data Unit (PSDU)). The SHR part is always transmitted with a common rate
independent of the data rate (Table 3.1). In robust systems, using 1024 symbols long
preamble with a typical 20 bytes of data, the preamble is (1024 · 993.59 ns) 1017 µs
long while data is transmitted in (20 · 8 · 1025.64 ns) 164 µs, given the use of 850 kbps
data rate. The example shows that the preamble occupies the channel most of the time,
which even happens to be true when shorter preambles are used. The degradation of
the effective data rate is worse in the case of higher data rates.

The exact rates can be inferred from the DW1000 datasheet [81]. For a 850 kbps
and 16 MHz pulse repetition frequency (PRF) the transmission time can be calculated
approximately as

nreed = 48 ∗ (8l + 329)/330

τ(l) = 993.59(npr + 8) + 1025.64 · 21 + 1025.64(8l + nreed) =

= αl + γnpr + const.

(3.1)

where npr is the preamble length in bits and l is the length of the payload in bytes, α
and γ are constants. The main thing to note here is that the time required to transmit
a message depends linearly on the l length and it also requires some additional constant
time.

A typical ranging-based localization system is composed of tags and anchors. Anchors
are fixed installed devices with known locations, while tags are moving devices to be
localized by the localization system. Generally, a ranging-based localization system uses
four ranging measurements per tag to provide robust localization. To save some air time,
a common practice is to transmit a grouped poll message and a grouped final message
(e.g. method used by Decawave [82]). Figure 3.4 shows an example of this message
order in a localization architecture with four anchors while two tags are localized. It is
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Table 3.1: The symbol duration in the IEEE 802.15.4-2011 standard for the UWB PHY
at PRF 16 MHz

Data rate (Mbps) SHR (ns) PHR (ns) Data (ns)

0.11 993.59 8205.13 8205.13

0.85 993.59 1025.64 1025.64

6.81 993.59 1025.64 128.21

0 1 2 8 9 10 19

A0 A1 A2 · · · T0 T1 T2 · · ·

︸︷︷︸
5ms

︸︷︷︸
5ms︸ ︷︷ ︸

100 ms

Figure 3.1: The proposed superframe structure. The superframe can be partitioned
into an anchor part and a tag part. In the superframe, anchors send their messages in
sequential order, and then the tags send their messages in sequential order. In the figure,
’A’ stands for anchor, and ’T’ stands for tag. The example shows 8 anchors and 12 tags,
resulting in a 100 ms long superframe with 5 ms timeslots.

worth noticing that this method requires three dedicated messages for each and every
tag to implement robust localization, which is the main reason why this method is rather
wasteful.

To overcome this waste, the main idea is to send more data in one UWB packet
PSDU; thus, the effective data rate can be increased. To achieve this a framing technique
is constructed which is capable of sending more data per packet while maintaining the
ability to perform TWR, as well.

3.1.1 Proposed solution

To analyze a robust implementation, the calculations assume an 850 kbps data rate
and 1024 symbol-long preamble, but the results are applicable to other configurations
as well. The proposed superframe structure can be seen in Figure 3.1. The structure
of the superframe consists of an anchor part and a tag part. During the anchor part,
the anchors send their messages, while in the tag phase, tags send their messages. The
transmissions happen in sequential order, which, of course, assumes that the devices own
some preconfigured identifiers. The messages contain a frame control part (for identifing
the message type), the sender identifier and a monotonically increasing transaction id.

The slots in the superframe are 5 ms wide, which provides a decent guard time
between slots. For example, for 8 anchors and 12 tags, the whole superframe is 100 ms
long, so in one second, 10 of this superframe can be transmitted. The format of the
anchor and tag packets can be found in Figure 3.2. In the proposed system, there are
only broadcast messages identified by a transaction identifier that includes the sequence
number of the actual superframe. Each message contains the transmission timestamp
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Figure 3.2: The message format of the anchor and tag messages. (top: anchor message,
bottom: tag message). FCTRL: Frame control, LSRC: Sender ID, TRID: Message
transaction ID.

of the actual message and also a couple of signal receive timestamps. Anchors transmit
the received timestamps of the last messages from anchors and tags, while tags transmit
only the timestamps of the last received anchor messages.

An example of transmitted messages among four anchors and two tags is plotted in
Figure 3.3. In the system, transmission is called a TX event (plotted by black dots), and
reception is called an RX event (shown at the end of the arrows). An effective ranging
happens between superframes plotted with solid and dotted gray backgrounds since all
the timestamps are readily available at the end of each superframe. It can be seen in
the figure that every device transmits exactly one message in a superframe.

Comparing the proposed messaging framework against the TWR with grouped mes-
sages over the same architecture (see Figure 3.4) shows that localization of two tags
requires 12 message slots, while the proposed solution (see Figure 3.3) achieves the
same result with 6 slots. Although the lengths of messages are considerably bigger in
the framework, the necessary number of message slots is proportional to the number
of anchors and tags, while in classical TWR systems, the required number of slots is
proportional to the (much higher) number of ranging relations.
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Figure 3.3: TWR over messaging framework. Example of messages among four anchors
and two tags. Each black dot represents a message transmission, while the end of the
arrows shows the message reception. One TWR ranging transactions of Tag 1 and 0 are
plotted with solid and dotted gray backgrounds. Dark dashed lines show the bounds of
superframes.
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Figure 3.4: TWR with grouped Poll and Final messages. Localization of two tags
over the four-anchor architecture requires twelve messages, which number significantly
increases with the size of the localization architecture.
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3.1.2 Analysis of ranging and localization rate

The main advantage of the proposed solution is that the proposed system provides
increased capacity for ranging and localization over the same radio resources. Two
measures are computed for both the classical and the novel methods: the ranging rate
shows the maximum number of ranges (i.e. distance between two devices) that can be
measured by the system in a time unit (typically one second), while localization rate
stands for the same in terms of the maximum number of locations.

Define τ(l) as the air time of an l bytes length UWB packet (see (3.1)). The TWR slot
consists of a group poll (13 bytes), four responses (15 bytes each), and a final message (65
bytes), and one slot makes four ranging (length are estimations and are typical values).
The β ranging rate (for four tags, hence the 4 in the numerator) is

βrangingclassic =
4

τ(13) + 4 · τ(15) + τ(65)
(3.2)

The novel method is based on a superframe, which consists of the tag part and the
anchor part. The message format is defined in Figure 3.2. So, the superframe rate in
one second is

βsuperframe =
1

caτ(10 + 5ca + 5ct) + ctτ(10 + 5ca)
(3.3)

where ct and ca are the counts of tags and anchors, respectively. From this, the ranging
count with anchors and without anchors are:

βranging,anchorsnovel =

[
cact +

(
ca
2

)]
βsuperframe (3.4a)

βrangingnovel = cactβsuperframe (3.4b)

From this, the localization speed can be calculated. For the classic method, supposing
four ranging for one location:

βlocclassic =
1

τ(13) + 4 · τ(15) + τ(65)
(3.5)

The novel method locates all the tags in one superframe, potentially using all the
ranging measurements per anchor and tag pairs. The result is

βlocnovel = ctβsuperframe (3.6)

To present the results, the calculations were done for 850 kbps data rate, 1024 sym-
bols long preamble, 64 MHz PRF frequency, and – in the novel method – for eight
anchors. This setting is robust enough for a wide variety of use cases. Also, no guard
times and no auxiliary frames are involved. For the classic method, both the ranging
rate and the localization rate are constant since there are a fixed number of slots in a
time unit. Here, while calculating the localization rate, ranging to exactly four anchors
were involved. The results for the novel method are slightly more complicated. In one
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Figure 3.5: Theoretical ranging and localization system capacity against the count of
tag slots using 8 installed anchors (higher is better). For details, see text.

superframe, theoretically, all the ranging among the anchors and all the ranging between
the anchors and the tags can be performed. Figure 3.5 shows the cases for all the ranges
and only the tag ranges. It is important to emphasize that, in the case of localization
rate, all the ranges between the anchors and the tags were accounted for, providing more
robust localization.

With the same assumption, the – theoretic – limit can be calculated based on (3.5),
(3.6) and (3.1) as

lim
ct→∞

βlocnovel

βlocclassic

=
5961.54npr + 1768405.272

993.59npr + 924439.876

∣∣∣∣
npr=1024

= 4.054 (3.7)

At the limit, using 1024 long preamble, more than 300% increase can be reached in
localization rate using the novel method. However, using ct = 20 tags, the increment is
reduced to 206%, which is also an impressive result.

The results show a big improvement in localization capacity regarding the novel
method. While the ranging rate and localization rate are constant in the case of the clas-
sical method, the novel method provides increasing rates (with decreasing increments)
while including more tag slots. In almost all situations, the novel method surpasses the
ranging and localization rates of the classical method, in some cases providing three
times faster localization capacity than the classic solution.
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3.1.3 Analysis of ranging error

The novel method shows a big improvement in the speed of localization. However, the
method introduces new kinds of errors. Along with the well-known errors presented in
TWR (timestamping error, nominal frequency error), two other sources of error arise that
require some analysis. One reason behind the classical quick-ranging message exchange
is that this way, a roughly static state of the world can be captured, i.e., there is little
movement between epochs of message transmissions, and the observed frequency change
is negligible. However, in the proposed solution, there can be tens of milliseconds between
transmissions. The two most important sources of errors are analyzed in this section: the
error resulting from the frequency drift of the oscillators over the superframe duration
and the result of movement between transmissions.

Frequency drift error

First, we consider the error caused by the frequency drift between the oscillators of
the anchor and the tag. Since the frequency change is relative, we model the situation
with two devices, the first with an SKM clock model (see 2.2.2), and the second one
with a fixed frequency oscillator running on its nominal frequency. Suppose an f(t) =
f1 + ∆ ·f1 · t linear frequency function of the oscillator of the first device, where f1 is the
nominal frequency of the first device, and ∆ is the relative frequency drift to the nominal
frequency. The frequency drift during the time-of-flight is ignored, and the transmission

of the response message is supposed to be t = 0. In this case, the C
(1)
R round-trip and

C
(1)
D delay clock counter values are

C
(1)
R =

∫ 0

−T
(1)
R

f(t) dt = f1T
(1)
R − f1∆

(T
(1)
R )2

2
(3.8a)

C
(1)
D =

∫ T
(1)
D

0
f(t) dt = f1T

(1)
D + f1∆

(T
(1)
D )2

2
(3.8b)

Also, suppose some fix f2 frequency at the second device, the C
(2)
R round-trip and

C
(2)
D delay counter values are

C
(2)
R = f2(2T + T

(1)
D ) C

(2)
D = f2T

(2)
D (3.9)

The estimate of time-of-flight (assuming f nominal frequency) using the asymmetric
two-way ranging formula (see (2.28)):

T̂ =
1

f

C
(1)
R C
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R − C

(1)
D C
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D

2(C
(2)
D + C

(2)
R )
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(f1T − f1ϵdriftTOF ) (3.10)
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Figure 3.6: The ranging error versus the delay duration at different frequency drift values
as a log-log plot. The error is quadratic in the time delay. However, it is in the order of
couples of millimeters if the delay is smaller than 100 ms.
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which yields

T̂ =
1

f
(f1T − f1ϵdriftTOF ) (3.12)

with
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(3.13)

where T
(1)
D and T

(2)
D are the delay durations at the anchor and the tag, T is the nominal

time-of-flight duration, and ∆ is the frequency drift. Figure 3.6. shows the error in

ranging at different drift values in function of a common delay duration (i.e. T
(1)
D =

T
(2)
D = TD). While the error is quadratic in the time delay however, it is in the order of

a couple of millimeters if the delay is smaller than 100 ms, like in our system.
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Movement error

Consider the error caused by physical movement between message transmissions. Sup-
pose some linear movement d(t) = d0 + v · t, where d0 is the distance at the response
message (and also the moment of t = 0) and v is the speed of the movement. Then the
time-of-flight values are:

Tp = T −
vT

(2)
D

c
Tf = T +

vT
(2)
R

c
(3.14)

where Tp, T and Tf are the time-of-flight of the poll, response and the final message,
respectively. Assuming f1 and f2 frequencies at the devices, the clock counter values are

C
(1)
R = f1(Tp + T

(2)
D + T ) (3.15a)

C
(2)
R = f2(T + T

(1)
D + Tf ) (3.15b)

Similarly
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This yields
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where T
(1)
D and T

(2)
D are the delay durations at the anchor and the tag, T is the nominal

time-of-flight duration and c is the speed of the electromagnetic wave. It is also worth
noticing that the error is only dependent on the distance at the moment of transmission,
not the actual d(t) function. Figure 3.7. shows the error at different delay durations in
the function of the speed of the movement.

The error seems unintuitively small. However, one can observe that the TWR consists
of two one-way ranging parts, so the result tends to the time-of-flight of the middle
message. To avoid a symmetric situation (i.e., the average of the time-of-flight of the

poll and final message is exactly the response time-of-flight), the T
(1)
D and T

(2)
D values

are not always equal in Figure 3.7. Note that movement error also arises in classical
ranging methods among the ranging measurements to different anchors.

3.2 Evaluation

The evaluation of the proposed solution is based on the well-known Decawave DWM1001
module [83], installed in a room of an office building. The distances of the anchors were
measured by a laser distance measurement tool, which can be seen in Table 3.2. The
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Figure 3.7: The ranging error versus the movement speed at different T
(2)
D delay duration

as a log-log plot. The delay of T
(1)
D is fixed at 10 ms. The error is close to linear in terms

of the speed and is negligible.

heights of the anchors and the tag are 1.5 meters. The coordinates of the devices are
restored by multidimensional scaling, which results in the arrangement seen in Figure 3.8.
The reconstruction error proved to be as low as 5.4 mm. The 6 different anchors provide
6 ranging constellations.

Table 3.2: The distances of anchors in the arrangement used for evaluation (in meters)

A0 A1 A2 A3 A4 A5

A1 2.50
A2 4.29 1.79
A3 7.01 5.80 5.52
A4 5.82 5.58 6.07 2.50
A5 5.53 6.07 7.01 4.31 1.82
T 4.55 4.72 5.58 3.52 1.35 1.38

Both the classical method and the novel method were implemented. The classical
method uses 4 anchors in one ranging group, while the novel method uses the superframe
shown above with 8 anchor slots and 12 tag slots resulting in a superframe length of
100 ms. For ranging calculations, the asymmetric TWR formula was applied.

Previously, it was shown that the main additional source of error is the frequency
drift of the crystal oscillators, so it is essential to prove that there are drifts present while
evaluating the proposed solution. While this is hard to measure, one approximation is
to infer the relative frequency values from the measured timestamps using the clock of
a tag as a reference. This way, the frequencies of the anchors’ clocks can be calculated
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Figure 3.8: The arrangement of the devices during evaluation. There are 6 anchors
installed and 1 tag placed around the room. The coordinates are in meters.

relative to the frequency of the tag’s clock (see Figure 3.9). Fortunately, as we saw,
the error depends only on the relative frequency drift (ignoring the error between the
nominal and actual frequency).

The ranging results can be seen in Figure 3.10, where the distributions of the ranging
values are plotted as violin plots of classic and novel methods pairwise. Table 3.3. shows
the summary statistics of the distributions, the median and the standard deviation.
Median was selected as it is less sensitive to outliers compared to the mean. Both the
figure and the table show that the distributions are very similar, the median error is in
the order of centimeters. However, between different measurements, it is hard to provide
the exact same environment, so changes in channel propagation might slightly affect the
result. Also, the standard deviations from the ground truth values are systematic errors
arising from the lack of precise ground truth values.

In conclusion, both the classic and novel methods offer nearly identical localization
capabilities, but the novel method is significantly faster, especially when there are many
tags. Additionally, the novel method provides more measurements, potentially leading
to more accurate localization. However, there are a few drawbacks to the method. Its
scalability is limited by the maximum length of UWB messages, although the standard
includes extensions to increase packet length, which is sufficient for typical use cases.
Additionally, using longer packets increases power consumption, but this can be miti-
gated by the TDMA scheme inherent in the novel method, which allows receivers to be
disabled during irrelevant time slots.
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Figure 3.9: The frequency error in the novel measurement relative to the tag’s clock. It
is easy to see that the relative frequencies of the anchors are different, and there is a
(modest) drift in each relative frequency. While these are moving together, it might be
caused by the frequency drift of the tag itself.

Table 3.3: Results of ranging evaluation (in meters)

Classic Novel

Median Std. Dev. Median Std. Dev. Abs. Error

A0 -0.0088 0.0348 -0.0157 0.0248 0.0069
A1 0.0308 0.0115 0.0661 0.0169 0.0353
A2 0.1165 0.0235 0.1176 0.0202 0.0011
A3 0.0929 0.0314 0.1005 0.0305 0.0076
A4 0.0114 0.0198 0.0356 0.0178 0.0242
A5 0.0240 0.0185 -0.0223 0.0218 0.0464

Figure 3.10: Results of ranging evaluation. The distribution of the ranging results is
plotted for each anchor, where the N postfix indicates the novel method (and also filled
with gray). The ground truth distances are calculated from the arrangement and are
subtracted.
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3.3 Thesis summary

Thesis Group 1 – I have shown that increasing the effective data rate in Ultra Wide
Band systems by using a special messaging scheme with larger messages results in a
higher ranging rate and more frequently received RX timestamps. I have designed a
novel, scalable time-division messaging scheme that provides higher synchronization,
ranging and localization rate in ultra wide band systems. I have shown, that the incre-
ment in the ranging rate is accompanied by a tiny increment in the ranging error. [C1]

Thesis 1.1 – I have shown that the increment in effective data rate can be exploited to
raise the localization rate (i.e. computed locations per second) using a specific framing
structure. The localization rate can increase up to 3 times compared to the classical
ranging methods. [C1]

Thesis 1.2 – I have shown that the ranging error in a system presented above slightly
increases the ranging error through the frequency drift between the transceivers and the
movement of the transceivers. I have derived analytical approximations for the ranging
error given a simple skew clock model and linear movements. I have shown that the
ranging error can be neglected in typical applications. [C1]
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4
Synchronizing PTP clocks using UWB

The IEEE 1588-2019 standard [11] addresses the topic of sub-microsecond accurate clock
synchronization over a communication network; however, in most cases, the accurate
clock synchronization solutions are implemented on a wired network with PTP. There
are many wireless implementations based on Global Positioning System (GPS) synchro-
nization, which are also capable of sub-microsecond clock synchronization, but they
have significant limitations for indoor applications. Therefore, wired PTP solutions are
favored for indoor clock synchronization applications. Still, there are advantages of cer-
tain wireless clock synchronization solutions in an indoor environment for validation and
wireless master clock purposes.

This chapter proposes a method to synchronize local PTP clocks by means of wireless
UWB communication. While synchronizing UWB clocks is a widely studied topic, using
UWB communication for synchronization of PTP-enabled clocks of Ethernet devices is
a rarely researched area, without few to no actual results published to the authors’s best
knowledge. The main advantage of the presented method is that the PTP clocks (as
defined in IEEE 1588 standards) can then readily be used as master clocks in a PTP
network.

Even though wired solutions are the main direction of PTP implementations, there
are existing solutions and research in the wireless PTP domain. Óscar et al. [1] proposes
a timestamping method for time synchronization over Wireless Local Area Network
(WLAN) standard conditions. Their paper presents several simulations using the IEEE
802.11n physical layer and four wireless time-dispersive and time-variant channel models.
They have also performed validation experiments using an 802.11g modem implemented
over a high-performance Software Defined Radio hardware platform. Inaki et al. [84]
present an IEEE 802.1AS clock synchronization performance evaluation of an integrated
wired-wireless TSN architecture. Wireless TSN is expected to be integrated with Eth-
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ernet TSN to create large-scale wired–wireless TSN networks. Their paper presents two
hardware architectures to enable clock synchronization distribution among the network
domains. Another Wireless PTP implementation is presented in [85]. This paper eval-
uates the performance of the over-the-air time synchronization mechanism, which has
been proposed in 3GPP Release 16 [86]. The paper analyses the accuracy of time syn-
chronization through the boundary clock approach in the presence of clock drift and
different air-interface timing errors related to reference time indication. The paper also
investigates the frequency and scalability aspects of over-the-air time synchronization.
The performance evaluation reveals the conditions required for accuracy of 1µs or below
in TSN time synchronization.

In the case of IEEE 802.11 (commonly known as WiFi), the software-based PTP so-
lutions are capable of reaching time synchronization error in the order of 10 microseconds
using wireless links [87,88]. However, more precise synchronization can be achieved using
the WiFi receiver information. Since the IEEE 802.11-2006 standard, the protocol sup-
ports the fine timing measurement (FTM) for ranging purposes, which can be used for
precise time-of-flight measurement [89]. The IEEE 802.1AS standard [27] also mentions
the WiFi as the possibly media-dependent layer; however, available implementations are
lagging behind.

There are a couple of explicit hardware solutions or circuits to help the implementa-
tion of the PTP protocol for Ethernet-based (IEEE 802.3) networks. However, wireless
products do not provide timestamping features or hide the information that is needed
to calculate accurate RX and TX timestamps. Furthermore, the propagation charac-
teristics of the radio channel – especially in non-line-of-sight situations – generate jitter
in receive timestamps. Fortunately, UWB is perfectly suitable for timestamp reception
and transmission of packets since indoor localization requires sub-nanosecond accuracy
to provide location in centimeter precision. UWB is applied in various use cases [90–92],
but its main application area is indoor, centimeter-based localization using ranging tech-
niques. UWB technology is also applied in time synchronization and synthonization
use-cases [93–95], mainly for localization purposes (e.g. in time-difference-of-arrival sys-
tems). Marcelo et al. [96] achieves 5-ns RMS results in a UWB network, while the
Wicsync solution reports errors below 3 nanoseconds [97]. However, all the solutions
synchronize the clocks in the UWB clock domain, which avoids the need for the clock
domain change. UWB applies very short pulses, which help to estimate the channel
impulse response (CIR) to extract the first component arrived, hence providing precise
timestamps for the first (and hopefully the line-of-sight) component. The IEEE 802.14.5
standard [14] specifies the ranging counter as the clock for timestamping events, which
has a resolution of around 15 picoseconds; however, the timestamping accuracy is in the
order of nanoseconds. Naturally, the proposed solution uses the high-precision times-
tamping feature of the UWB device to accurately timestamp the PTP messages on the
UWB radio link.
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4.1 Use cases

There are various use cases for wireless PTP synchronization. However, there are two
target use-cases presented in this subsection, as shown in Figure 4.1:

• wireless synchronization between master and slave PTP devices and

• wireless PPS signal transmitter.

The first one aims to provide means to synchronize a local PTP master clock to a
remote grand master clock using UWB communication, which can be applied in situa-
tions, e.g., where wiring would be hard and expensive between two subnetworks or there
are no transparent clocks between the subnetworks.

The other use case is related to the industrial standard to validate clock synchro-
nization accuracy in PTP networks, which is based on pulse per second (PPS) signals.
During the validation, the PPS signal of the clock of the synchronized device can be
compared to the PPS signal of a reference clock, from which the synchronization accu-
racy can be measured. For a grand master reference, GPS is widely applied; however,
it is prevalent that GPS cannot be an option in an indoor environment, while the wired
network’s PPS signal transmission requires additional cabling and network configura-
tion. Such challenges open the path for wireless PTP validation where there is no need
for additional cabling and offer a flexible solution. Besides validation, wireless PTP can
be utilized as a master clock to eliminate non-transparent PTP devices from the PTP
network. Also, there is no need for cabling; existing network devices do not have to be
replaced, and it can be significantly cheaper than wired PTP system implementations.

In the proposed solution, the focus is on the second use-case where the aim is to
transmit a PPS signal from the master to the slave device, e.g., for diagnostic purposes
to check the synchronization between remote devices without transmitting the PPS
signal through the wire.

4.2 Synchronizing local clock domains

The main issue regarding the synchronization of PTP clocks using UWB communication
is the different clock domains of the UWB transmitter and the PTP clock. While this
could be overcome in actual hardware, there are two reasons why this cannot be done.
On the one hand, it is really hard to fit the clock frequency of the Ethernet-based
PTP standard (IEEE 1588) and the clock frequency of the UWB physical layer (IEEE
802.15.4) using different frequencies without common divisors. On the other hand, actual
implementations are separate PTP devices (mainly system on a chip (SoC) solutions)
and UWB transceivers. Note that the clock domain in this section means the different
local clock speeds of the SoC and the UWB transmitter and not the clock domain concept
of PTP! Figure 4.2 shows a typical UWB transmitter solution with its clock domains,
where the UWB transmitter is controlled by a general SoC. While UWB communication
typically requires a quality clock signal (i.e. UWB is very sensitive to the phase noise),
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(a) Use-case for a wireless boundary clock, where the Slave device
synchronizes to a Master device through UWB, and acts as a master
device to other slaves.

Master Slave
PPS PPS

UWB

transmission

(b) Wireless PPS signal transmitter.

Figure 4.1: The target use-cases for the UWB-based PTP synchronization.

SoC microcontrollers are satisfied with cheap oscillators. To synchronize the PTP clock,
the timestamp of RX and TX events needs to be timestamped in the PTP clock domain.
The question is, if the exact timestamp of some event is known in the clock domain of
the UWB transmitter, how can the timestamp of the same event be calculated in the
clock domain of the PTP clock?

SoC UWB
transmitter

Local
osc.

Local
osc.

Communication

interfacePTP clock

Figure 4.2: Typical ultra wide-band hardware solution using different clock domains on
the UWB transmitter and the SoC

Having two ideal clocks in different clock domains, the general clock model can be
written for both clocks:

CSoC(t) =

∫ t

0
fSoC(τ) dτ + oSoC (4.1a)

CUWB(t) =

∫ t

0
fUWB(τ) dτ + oUWB (4.1b)

Here, C is the actual clock counter value, f(t) is the actual frequency, o is the offset of
the clock, and t is the wall-clock time. Using crystal oscillators or even TCXOs, it is
straightforward that the frequency drift between fSoC and fUWB accumulates very fast.
One solution is to use expensive OCXO oscillators with low-frequency error (i.e., 1 ppb).
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However, it is easier to use the same clock for the SoC and the UWB transmitter, i.e.,
fSoC(t) = fUWB(t). In this case, subtracting (4.1b) from (4.1a):

CSoC(t) = CUWB(t) + (oSoC − oUWB) = CUWB(t) + ∆o (4.2)

, where ∆o is the offset between the SoC and the UWB chip clocks.
However, even with a common clock source, the offsets in each clock domain cannot

be controlled since the PLLs and other circuits make the clock initialization somewhat
stochastic, so ∆o can change at each reset. Consider that we would like to synchronize
the clock through UWB communication using the classic PTP message exchange (see
Figure 2.6). Denote ∆om the offset at the master and ∆os the offset at the slave. Define

t1 = CUWB
1 (t) + ∆om

t2 = CUWB
2 (t) + ∆os

t3 = CUWB
3 (t) + ∆os

t4 = CUWB
4 (t) + ∆om

(4.3)

Combine (4.3) and (2.20), which yields

∆t = CUWB
2 (t)−CUWB

1 (t) + ∆os −∆om −
CUWB
2 (t)− CUWB

1 (t) + CUWB
4 (t)− CUWB

3 (t)

2

Unfortunately, the difference ∆os − ∆om is unknown and dependent on the initial
offset of the clock, which is mainly random. Ideally, ∆om should equal ∆os, and there
shall be some process providing constant ∆o offsets. To achieve this, some kind of
synchronization facility needs to be provided by the UWB transmitter, e.g., the DW1000
chip is able to reset the internal timebase triggered by an external pulse. A concrete
example is presented in the later sections; however, the exact method of synchronization
depends on the actual hardware capabilities used in the implementation.

4.3 Synchronizing local PTP clock using ultra wide band
radio

The implementation is based on a STM32F407 SoC, which is a powerful, widely used
ARM Cortex M4-based device used in embedded systems [98]. The chip has an Ethernet
MAC with a built-in frequency tunable PTP clock, which is able to timestamp RX and
TX events on the MAC layer. The UWB communication is provided by the widely used
Qorvo DW1000 chip, which has advanced timestamping and external synchronization
capabilities. The evaluation devices are designed by the author and can be seen in
Figure 4.3.

Figure 4.4 shows the connections between the components. The clock is generated
by a 38.4 MHz temperature-controlled oscillator (TCXO) with a very low phase noise
(-132 dBc/Hz at 1 kHz). The clock is distributed between the components by a PL133
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Figure 4.3: The evaluation device is based on the STM32F407 evaluation board and
extended by a user-made board containing the DWM1000 module and the clock circuits
with an optional SMA connector for the external clock signal.

STM32F407

PLL

Core

PTP clock

DW1000

PLL
Ranging
counter

TCXO
38.4 MHz

buffer

SPI

SYNC124.8 MHz 124.8 MHz

Figure 4.4: The synchronization circuit for evaluating the clock synchronization algo-
rithm. The SoC (STM32F407) and DW1000 UWB transmitter communicate through an
SPI interface, and clock synchronization is performed by the Sync signal. The ranging
counter and the SoC system clock (and also the PTP clock) are running at 124.8 MHz.
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clock distributor IC, which also provides low additive phase noise (in the order of fem-
toseconds). The DW1000 chip uses a PLL to generate the 124.8 MHz signal to drive
the ranging counter. The ranging counter is 40 bits wide, providing a resolution of
15 picoseconds. However, the actual timestamping happens on the 124.8 MHz system
clock (i.e. the last 9 bits are zeros), and the chip uses a special algorithm based on the
channel impulse response to fine-tune the timestamp [81]. While the STM32F407 SoC
can operate up to 168 MHz, to simplify implementation, the STM32F407 SoC is also
programmed to generate a fSYS = 124.8 MHz signal, and the PTP clock and also the
Cortex core are driven by this clock.

4.3.1 The hardware PTP clock

The hardware PTP clock (PTP hardware clock (PHC)) consists of a 32-bit wide second
register and a 31-bit wide subsecond register, allowing a resolution of 0.46 nanosec-
onds [99]. While the PTP clock is driven by the 124.8 MHz clock, the counter is virtu-
ally running somewhat slower. The frequency of the counter can be tuned by a so-called
addend register (CADDEND) shown in Figure 4.5, which is added to the accumulator
register at each clock cycle, effectively changing the clock frequency as

fPTP = ξ · fSYS · τ ξ =
CADDEND

232
τ =

CSS

231
(4.4)

, where CSS is the value of the 31-bits subsecond register, τ is the resolution of the PTP
clock, fSYS is the SoC frequency and ξ is the frequency tune coefficient.

Changing the addend register, the clock frequency changes. To select the correct
values for the addend and the subsecond register, one should compromise the resolution
of the PTP clock and the limits of the clock frequency tuning. While the former provides
better accuracy, the latter limits the control signal from the clock controller (e.g. PI
controller).

4.3.2 Synchronization with the DW1000 chip

The main issue in synchronization is that the packet receive and transmit time instants
shall be known by the PTP clock. Typically, the PTP clock is integrated into the
hardware that receives and transmits the packets. Also, the DW1000 UWB chip provides
timestamps using its own counter (with its own offset ∆o). However, the clock of the
DW1000 chip cannot be tuned, so it is not suitable for use as a PTP clock. External
synchronization facilities shall be used to synchronize a PTP clock outside of the DW1000
clock domain. External synchronization is implemented by a special SYNC signal in
the DW1000 chip. There are two modes used: one-shot transmit sychronization mode
(OSTS) and the one-shot timebase reset (OSTR).

One-shot timebase reset mode allows a reset to be applied to the timebase counter
used for timestamping in DW1000 at a deterministic and predictable time relative to a
synchronization event (i.e., the SYNC pin). The DW1000 chip will reset the counter at
a repeatable time to typically less than 100ps variation. Besides OSTR mode, one-shot
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Figure 4.5: The operation of the PTP clock. The PTP clock consists of a second and a
subsecond register. The subsecond is incremented by a constant when the accumulator
register is overflown. [99]
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IRQ
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Figure 4.6: The method of TX synchronization. The transmission starts after the SYNC
pulse with a constant delay.

transmit synchronization mode provides for the transmission of a frame at a well-defined
time (typically 12 ps) relative to the assertion of the SYNC pin of the DW1000 chip. To
learn more of the mechanism of OSTS and OSTR mode, the DW1000 user manual has
a detailed description [81].

Transmission synchronization

For scheduled transmission, OSTS mode is used. For transmitting a packet at a specified
moment in the future, the PTP clock target is set to give an interrupt (see Figure 4.6).
However, interrupts on Cortex M4 are not ensured to be real-time, so it introduces a
jitter of a couple of clock cycles. To avoid the jitter, the PTP interrupt triggers a timer,
which constructs a fixed-sized SYNC pulse in constant time. At the rising edge of the
SYNC pulse, the DW1000 is guaranteed to start transmission in a fixed time delay.
Notice that the transmission timestamp can be included in the message, so a one-step
method can be used, which does not need to send a Follow Up message.

Receive synchronization

Receive synchronization has to provide a constant ∆o offset. The DW1000 chip is
able to reset its timebase against a rising edge of the SYNC signal using the external
synchronization mode OSTR. When setting the SYNC signal, the PTP clock shall be
read and stored as tSYNC (see Figure 4.7). In a Cortex M4 processor, the two 32-bit
registers of the PTP clock and the GPIO change cannot be performed simultaneously;
however, it can be done with a constant delay with disabled interrupts.

Later on, at reception, the DW1000 timestamp can be read out, and the PTP times-
tamp for the received event can be calculated as

tPTP = tSYNC +
CDW

29
· ξ · fSYS · τ (4.5)
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Figure 4.7: The method of RX synchronization. The transmission starts after the SYNC
pulse with a constant delay.

, where CDW is the 40 bit DW1000 timestamp. The division with 29 is performed to
get the timestamp by the 124.8 MHz frequency because the resolution of the DW1000
timestamp is 1/(499.2 ∗ 128 MHz).

4.3.3 Timestamping errors

In the implementation, there are a couple of potential errors or jitter sources.

PTP clock resolution

One of the most basic jitter sources is the resolution and frequency of the PTP clock.
The limited resolution (see (4.4)) of the PTP clock results in a classical sampling noise;
however, the situation is worse as the frequency tuning by the addend register deviates
from the sampling points. Increasing the effective frequency of the PTP clock results in
a decrement in the sampling noise.

Wireless propagation

The stochastic behavior of wireless propagation results in timestamping errors, i.e. the
first component that arrived is wrongly detected and timestamped. To avoid this issue,
UWB devices observe the channel impulse response to refine the timestamp, acquiring
subnanosecond accuracy of timestamping. However, pure NLOS propagation can add a
higher timestamp offset, which is hard to detect.
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SYS CLK

DW CLK

SYNC

Figure 4.8: Jitter resulting from clock domain change. The SYNC signal is sampled at
the rising edge of the DW clock but driven by the SYS clock. (Note: the SYS CLK can
be at any phase.)

Clock domain synchronization error

The main source of error is the clock domain switch between the SoC and the UWB
transmitter. The SYNC signal of the DW1000 chip is sampled at the rising edge of
the 38.4 MHz clock; however, SoC runs on a faster clock, 124.8 MHz. The SoC toggles
the SYNC signal on its own clock, which can result in some jitter since SYNC signals
at different rising edges of the SoC clock are sampled at the same rising edge of the
DW CLK (see Figure 4.8). This error can introduce around 26 nanoseconds of jitter or
uncertainty in timestamping due to the 38.4 MHz sampling clock.

4.3.4 Results

The evaluation is based on the implemented synchronization method presented in Sub-
section 4.3.2. For evaluation, two devices were used: one is a free-running master device,
and the other one is the slave device synchronizing with the master device. The control of
the clock is implemented in the same way as the PTPd project, with Finite Impulse Re-
sponse (FIR) filters on the offset from the master path but without the Infinite Impulse
Response (IIR) filter on the time of flight (see [100]). The setting of the arrangement is
summarized in Table 4.1. Please note that the parameters of the PI controller (Ki, Kp)
are not optimal in any sense; it is selected to be stable and conservative since, for our
experiment, the actual PI parameters can be neglected.

After a cold start, the PI controller starts to converge to the synchronous state, as
shown in Figure 4.9. The figure shows that the error signal’s steady state converges to
zero in the order of nanoseconds, and the control signal for the PTP clock converges to a
steady state. The control signal has a small overshoot, and the convergence happens in
70-80 sync cycles corresponding to 35-40 seconds. The parameters of the PI controller
were selected so that the system would be stable with a high integrator coefficient. The
high integrator coefficient helps to reach a stable state relatively fast and removes static
error. However, this work does not target the design method of the optimal controller
for transient behavior; only concentrates on the steady state.

After reaching the steady state, 1000 measurements were made by a DSO-X 3054A
oscilloscope, using the Pulse Delay Measurement function to analyze and record the

56



Table 4.1: The settings used for evaluation to reproduce the results. (For reference, see
DW1000 manual [81] and STM32F manual [101].)

Subsecond update 0x14
Addend 0xDC41363A
Sync period 500 ms
SYSCLK 124.8 MHz
Ki (PI) 15
Kp (PI) 1
FIR [0.5,0.5]
UWB channel 5
UWB bitrate 850 kbps
UWB PRF 64 MHz
UWB preamble syms 1024
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Figure 4.9: The error signal and the output of the PI controller of the clock servo. The
time axis shows the synchronization cycles, where one cycle is 500 ms. It can be clearly
seen that the error signal is in the order of nanoseconds.

delay between the PPS signals of the master and slave PTP clock (see Figure 4.10).
The result can be seen in Figure 4.11 as a histogram. It can be noticed that the error
between the two PPS signals does not exceed 30 nanoseconds in absolute value; however,
the distribution is skewed, and there are fewer negative errors than positive errors. 90
percent of the absolute errors are below 20 nanoseconds, while 70 percent of the absolute
errors are below 10 nanoseconds.

The skewness of the distribution assumes that the timestamping error is asymmetric,
i.e. it is not exactly the same in the case of master-to-slave and slave-to-master. The
errors are likely to originate from a couple of sources presented before:

1. The error resulting from clock domain change.

2. The PTP clock resolution.
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Figure 4.10: The measurement setup of the clock synchronization error between the
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Figure 4.11: Distribution of the error measured between the two PPS signals. The
histogram is based on 1000 sync cycle after the controller has locked.

3. Multipath propagation.

It is worth noticing that the magnitude of the error can be explained by the clock
domain change error in itself and is even well below the very strict requirements of 5G
System synchronicity budget (i.e. 700 ns) [102].
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4.4 Thesis summary

Thesis Group 2 – I proposed, designed, and implemented an ultra wide band-based
method to synchronize hardware PTP clocks with high precision. I have shown that
the main challenge is the chip-level clock domain change between the PTP clock and
the UWB transmitter. To verify the proposed solution for the clock domain change,
I designed and implemented a DW1000 chip-based hardware with a PI controller to
follow the remote clock. An experiment in an indoor environment shows that the accu-
racy of the synchronization is in the order of 10 nanoseconds, which is well below the
requirements of the strictest synchronicity budget of the 5G system.

Thesis 2.1 – I have shown that the synchronization of an Ethernet PTP clock to a
UWB timestamping clock requires local clock offset synchronization in order to end-to-
end synchronize PTP master and slave clocks. I proposed a method to implement clock
domain change between a DW1000 chip and an STM PTP configurable clock. [J1]

Thesis 2.2 – I evaluated the proposed method of clock domain change between an
STM PTP clock and a DW1000 chip using end-to-end PPS clock offset measurement
with a PI controller-based clock servo in an indoor environment. I presented that the
synchronization accuracy is in the order of 10 nanoseconds. [J1]
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5
Measurement distribution adaptive synthonization

in UWB communication systems

Section 2.4 has shown that acquired receive timestamp in ultra wide band systems itself
is insufficient for localization, e.g. two-way ranging makes use of a couple of transmit
and receive timestamps [75]. For estimating position, robust solutions nowadays apply
complex probabilistic methods to implement ranging or localization, providing means
not only to determine the position of the asset but also to estimate the uncertainty
of it [103–107]. Also, probabilistic solutions are applied for estimating anchor clock
parameters for time difference of arrival (TDoA) techniques, e.g., using Kalman filters
like in [108]. Specifically, a couple of papers aim the problem of estimation of receive
timestamps in NLOS conditions [109, 110]. Note that all presented solutions use some
explicit (i.e., Bayesian inference, Kalman filters) or implicit (e.g., averaging over mea-
surements) probabilistic inference for estimating the requested quantity from the receive
timestamps.

Interestingly enough, inference is always carried out assuming Gaussian distribution
on the receive timestamps, e.g. using Kalman filters or extended Kalman filters to es-
timate range or clock drift implicitly presume Gaussian distribution on the measured
values. In ranging and localization techniques, averaging or regression is also carried
out implicitly or explicitly, assuming Gaussian distribution. However, no trace of other
claims on the distribution can be found in the literature. For instance, it is straightfor-
ward, intuitively, that the receive timestamps have some distribution on positive numbers
because – except for some outlier timestamping errors – the multipath components are
received after the ground-truth timestamp. Since multipath must be accounted for, it is
tempting to model the arrival of the components alone – without any assumption on the
radio channel model – as a Poisson process, resulting in exponential delays. However, it
does not mean directly that the distribution of received timestamps has an exponential

60



distribution. On the other hand, the timestamping process can be examined – combined
with a widely known radio channel model – which provides a clear answer about the
distribution shape of the receive timestamps.

Furthermore, the radio channel is generally not time-invariant – the channel im-
pulse response can change rapidly, resulting in rapid variations in the quality of receive
time estimation. This implicitly means that the distribution of the received timestamps
changes with time, leading to varying variances. While continuously estimating the mea-
surement noise is computationally infeasible, some probabilistic methods, like Kalman
filtering, do not require the exact description of the measurement noise. Rather, it is
a good compromise to adaptively estimate the variance of the measurement noise to
provide optimal clock state estimation.

The first part of the chapter investigates the distribution of the UWB receive times-
tamps in office indoor environments using simulations of the standard propagation model.
First, the propagation model of the IEEE 802.15.4 standard is presented using a typical
timestamping procedure. The results show some simulation results among the proposed
closed-form distributions for describing the receive timestamp probability density func-
tion.

After establishing the measurement noise distribution through simulation, Section 5.2
presents the methods used to measure the real measurement noise using ultra wide
band communication in three different scenarios. Based on the various noise profiles,
Section 5.3 introduces the probability clock model used in filtering-based estimation
and proposes an expectation maximization-based estimation of the measurement noise
variance.

5.1 Modeling the distribution of receive timestamps

Theoretically, to model the distribution of the receive timestamps in UWB systems, the
channel model of the ultra wide band propagation and the timestamping process shall
be combined to derive the exact distribution of the receive timestamps. However, while
it is preferred to find a closed-form distribution of the receive timestamps, the channel
model is complicated enough to perform simulation instead to get some insight into
the distribution. In the simulations, samples need to be drawn from the radio channel
impulse response, on which the timestamping procedure can be applied.

5.1.1 Channel model

The standard propagation model used in UWB systems is the model proposed in the final
report of the IEEE 802.15.4a channel mode [111]. The model is based on the original
Saleh-Valenzuela model (SV) [112], although there are some fundamental modifications.

The SV channel model uses a classic ray-tracing model; however, it assumes that the
rays arrive in clusters, so the impulse response is a double sum, i.e.

h(t) =

L∑
l=0

Kl∑
k=0

ak,le
jϕk,lδ(t− Tl − τk,l) (5.1)
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where L is the number of clusters, Kl is the number of components in the cluster, which
is dependent on the actual cluster. The ak,l and ϕk,l are the attenuation and the phase of
a component. The Tl is the delay of the l-th cluster, and τk,l is the delay of a component.
By definition, τ0,l = 0. Basically, the ϕk,l phases are uniformly distributed on the range
[0, 2π), as e.g. in the Rayleigh-model [113].

While the cluster arrival times make up a Poisson process, for simulating the arrival
times, only the first cluster needs to be accounted – the effects of late components can
be neglected since cluster arrival rate is much lower than the component arrival rate –,
so in the following, only one cluster is assumed (i.e. L = 1). The original SV model also
modeled the component arrival times as a Poisson process, but the IEEE model uses a
mixture of two Poisson processes, i.e.

p(τk,l|τk−1,l) = βλ1e
−λ1(τk,l−τk−1,l) + (1− β)λ2e

−λ2(τk,l−τk−1,l) (5.2)

Here, β is the mixture probability, λ1 and λ2 are the ray arrival rates. The mixture
distribution is especially useful for modeling the diversity of ray arrival times in indoor
environments.

The power delay profile (PDP) is an important part of the model as it determines
the main statistical parameters for the small-scale fading process. The model specifies
two PDPs, one for the original model and one for some NLOS cases in indoor situations
(especially in office spaces). The original PDP is exponential:

E
[
|ak,l|2

]
= Ωl

1

γl((1− β)λ1 + βλ2 + 1)
e−τk,l/γl (5.3)

, where Ωl is the energy of the PDP of the lth cluster, and γl is the decay of the PDP.
For indoor NLOS cases, it is observed that the power of the first cluster is increasing
first, reaches a maxima, then decreases again. For such cases, the proposed PDP is [114]:

E
[
|ak,0|2

]
= (1− χe−τk,0/γrise) · eτk,0/γ γ + γrise

γ

Ω0

γ + γrise(1− χ)
(5.4)

Here, χ is the attenuation of the first component, γrise describes the increased speed of
the PDP, while γ describes the decay. Figure 5.1 shows the typical form of the PDPs
shown in (5.3) and (5.4).

The decay of the clusters, i.e., γl, depends on the cluster index linearly. However,
the first cluster decay equals γ0, which is specified a priori. Also, the model states that
Ωl varies in cluster index, but Ω0 is log normally distributed [111], i.e.

10 log Ω0 = Mcl (5.5)

where Mcl is normally distributed, Mcl ∼ N (0, σ2cl). Finally, small-scale fading is con-
trolled by a Nakagami distribution [115]:

p(|ak,l|; mk,l,Ωk,l) =
2m

mk,l

k,l

Γ(mk,l)Ω
mk,l

k,l

|ak,l|2mk,l−1 exp

(
−
mk,l

Ωk,l
|ak,l|2

)
(5.6)

where Γ(·) is the Gamma-function. The Ωk,l parameter corresponds to the mean power
of the component, so it can be computed from the PDP. The mk,l parameter is modeled
as a log-normal random variable, with µm and σ2m specified a priori.
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Figure 5.1: Typical normalized power density profiles used in the simulations. The
original PDP is basically exponential, while the alternative PDP for NLOS cases has an
increment before the decay.

5.1.2 Pulse shaping

Based on the channel impulse response, the received signal can be simulated by convolv-
ing the channel impulse response with the impulse response of the pulse shaping filter,
i.e.

hr(t) = h(t) ∗ g(t) (5.7)

In the IEEE 802.15.4a standard, there are a couple of restrictions and requirements
regarding the pulse used by the transmitter. However, the reference pulse is the impulse
response of a root-raised cosine filter. For example, the pulse duration for channel 5 is
Tp = 2.0 ns, and the roll-off factor is β = 0.6. In real systems, the non-causality of the
raised cosine pulse and the complex implementation of the filter give way to other pulse
shapes, as well. The standard recommends the impulse response of an 8 degree Butter-
worth filter, which is a causal pulse with a short pulse duration. Investigating the actual
pulse shape of e.g. the Qorvo DW1000 chip, it is also proved to be some asymmetric
pulse [67]. Figure 5.2 shows the plots of the typical reference and Butterworth pulses
for channel 5 in UWB systems.

5.1.3 Noise

For simulating the noise at the receiver, a band-limited Gaussian noise can be added to
the generated signal with N0 power spectral density. Note that very high noise power
(i.e., low signal-noise ratio) may affect the distribution of the receive timestamps because
the Gaussian distribution may dominate the timestamping process. Different values of
noise power shall be investigated in the simulation to examine this situation.
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(a) Impulse response of an eight order low-
pass Butterworth filter, with a bandwidth of
500 MHz

(b) The reference root raised cosine pulse for
channel five (Tp = 2 ns, β = 0.6)

Figure 5.2: Typical pulse shapes in UWB systems. The pulses are normalized to unit
energy.

5.1.4 Timestamping

While the actual timestamping process can be done by a variety of methods, the most
basic one defines a threshold and searches for the first pulse in the received signal crossing
this threshold. However, the exact methods of determining the threshold value are often
confidential, but mostly, they are based on the estimated noise level. Also, interpolation
between the samples of the impulse response is typically done to get a more precise
estimation of the time-of-arrival of the signal rather than the time resolution of the
digital system. For example, the Quorvo DW1000 chip applies a Leading Edge Detector
(LED) module, which uses the same method for extracting the RX timestamp [116].

Figure 5.3 shows a sample from the channel response presenting the receiver threshold
and also the instant of the estimated reception.

5.1.5 Results

The simulations are based on the final report of the IEEE 802.15.4a channel model [111],
where a reference implementation of the channel model can be found using MATLAB
scripts. However, in this work, the simulations were performed using custom-developed
scripts written in the R language by the author. In each simulation 2000 received samples
were generated with at most 200 ray components. Both the original PDP (see (5.3))
and the alternative PDP (see (5.4)) were evaluated.

The parameters of the model used in the process can be found in Table 5.1., which are
the recommended values in dense indoor office environments [111]. The timestamping
was performed at the level of 0.1 amplitude, which is somehow arbitrary; however,
changing the level gives essentially identical results. The pulse shapes were normalized
to unit energy. The noise level in the simulation is assumed to be N0 = −137 dBm/Hz.
The simulation was performed with a resolution of 1/Fs = 10 ps, where Fs is the sampling
frequency. For each scenario, 2000 channel impulse response samples were drawn from
the model. A couple of random samples are plotted in Figure 5.4, where the alternative
PDP was simulated with Butterworth filtering.
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Figure 5.3: A sample of the channel response showing the receiver threshold and the
instant of the timestamping (black dot).

Table 5.1: The channel model parameters used for simulation.

Parameter Value

λ1,λ2,β 0.11 1
ns , 2.09 1

ns , 0.0096

γ0 6.4 ns

σcl 3 dB

γ 11.84

γrise 11.21

χ 0.7

µm 0.5 dB

σm 0.25 dB
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Figure 5.4: Random samples from the simulated received signals. The samples are taken
from the distribution of the alternative PDP using a Butterworth filter. The samples
contain no noise.

Figure 5.5 shows the result of the simulations. Three scenarios were investigated: the
alternative PDP (see (5.4)) with root raised cosine (RRC) pulse and with Butterworth
pulse, and the original PDP (see (5.3)) with Butterworth pulse. For the RRC pulse, some
delay compensation was required because of the filter’s non-causality. As can be seen,
the distributions are asymmetric and skewed, not like the Gaussian distribution. For
each scenario, the distributions seem similar, but the parameters are somewhat different.

Figure 5.7 shows the noise power dependency of the distribution of the receive times-
tamp. In the figure, different levels of noise were applied to the received signal to observe
the perturbation of the distribution. However, the shape and the quality of the distri-
bution seem to be – except for some extreme values – invariant to the noise power.

For the skewed distribution, three well-known candidate distributions were fit to the
empirical data using maximum likelihood techniques. These distributions were selected
because they can be described in closed form, they are skewed distributions, and it is easy
to find conjugate priors for them. Figure 5.6. shows the inverse gamma, the gamma,
and the log-normal distribution fit to the samples along with the reference Gaussian
distribution. It is readily seen that the Gaussian distribution is just too general a model
for the distribution of the timestamps. The other three – especially the log-normal
distribution – fit well to the distribution.

Table 5.2 shows the log-likelihood values for each model in each scenario. The log-
likelihood can be seen as the evidence function for the probability densities, helping
us to select the proper distribution describing the samples. In all three scenarios, the
log-normal distribution shows the best fit for the data. Thus, it can be recommended to
use it as the distribution of the receive timestamp instead of the Gaussian distribution.
Using the proper distribution for any specific inference problem based on the received
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Table 5.2: The log-likelihood (evidence) of the selected distributions in the simulated
scenarios (higher is better). In the bold typeset, the maximum value is represented for
the scenarios. In each scenario, the log-normal distribution has the biggest likelihood
value.

Normal
Log

normal

Inverse
gamma

Gamma

RRC alternative PDP -11,291.14 -10,468.01 -10,652.64 -10,565.19

Butter alt. PDP -10,721.37 -9,658.15 -9,708.85 -9,858.44

Butter orig. PDP -9,344.64 -8,658.89 -8,763.65 -8,751.14

timestamp, e.g., for synchronization or localization problems, results in more accurate
time or location estimation.

5.2 Measuring the distribution of receive timestamps in
UWB systems

To measure the real distribution of the receive timestamps in UWB systems, we have
to synchronize the devices involved in the measurement. However, while measuring the
frequency drift between devices is viable, it is hard to synchronize the measurement with
the message transmission procedure. Suppose we have two devices, the first one running
on wall-clock time and sending its first message at t1. The second one measures the
time from some offset o, but with the same frequency. Thus, the measurements can be
expressed in the second device as

yk = (tk − t1) + τToF + o+ ωk (5.8)

where o is a constant offset, ωk is the phase noise at step k, τToF is the propagation
delay, and yk is the measurement at step k. The quantity

yk − tk = ωk + (−t1 + τToF + o) = ωk + const. (5.9)

consists of the random variable ωk and a constant if τToF is held constant, e.g., placing the
devices to fix locations or keeping their distance constant. This way, the measurement
noise can be measured up to a constant, considering that the frequency of the oscillators
on the devices is synchronized (i.e. synthonized).

Figure 5.8 shows the layout of the measurement. The synchronization is implemented
between two Decawave DWM1001 modules, which are capable of sending and receiving
ultra wide band signals, and precisely timestamping the transmission and reception of
messages on a clock running at cca. 64GHz. To ensure f(t) = 1, the two modules are
driven from a common TCXO oscillator. Since the clock signal is transmitted through a
long coaxial cable (typically a couple of meters), a clock buffer shall be used. However,
as the DW1000 chip on the DWM1001 module requires a clock signal with a very small
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(a) Root raised cosine filter, alternative PDP

(b) Butterworth filter, alternative PDP

(c) Butterworth filter, original PDP

Figure 5.5: Distribution of the receive timestamps based on the simulation of 2000
samples in each scenario.
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Figure 5.6: Maximum likelihood estimates of different asymmetric probability distribu-
tions versus the empirical probability density in the case of the Butterworth pulse for the
alternative PDP. It is readily visible that the distribution is far away from a Gaussian
distribution.

Figure 5.7: Noise dependency of the distribution of receiving timestamps. The noise
values range from the thermal noise to as extreme as −110 dBm/Hz. The shape and the
quality of the distribution do not change radically when noise power is increased.
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PL133

DWM1001 DWM1001

Figure 5.8: The measurement layout for the synchronized measurements. The reference
clock of the thermal controlled oscillator is distributed by an extremely low additive
phase noise PL133 clock distributor IC.

phase noise (e.g. -132 dBc/Hz@1 kHz), an appropriate PL133 clock distributor IC is in
operation between the devices.

Note that while driving the clocks from the same TCXO oscillator, most of the bias
is ceased; however, phase jitter at the transmitters can be different, resulting from the
propagation characteristics on the wire. In the installation, the two clock wires have the
same length to ensure that phase variations at the oscillator propagate to the transmitter
at the same time. The only clock discrepancy left between the transmitters is caused
by small wire capacity deviations and the analog circuits of the DW1000 chip (e.g., the
PLL filter, etc.), which can be neglected compared to the precision of the algorithm.

To validate the presented method, ultra wide band measurements were made in three
different scenarios. Two devices were located at a distance of 4.5 meters, and one of the
devices periodically sent a message to the other device, recording its transmit timestamp.
The message transmission period was approximately 50 milliseconds.

1. Calm environment : in the evening, when little or no movement can be experienced

2. Normal environment : a normal workday, medium activity in the building

3. Harsh environment : lots of movements, high activity

The distribution of the ωk receive timestamp errors (up to a constant) can be seen in
Figure 5.9 for all three scenarios. Note that all the distributions are somewhat multi-
modal. However, the distribution in the harsh indoor environment has two very distinct
modes. It can be readily seen in the figures that the deviation of the measurement noise
increases with the activity in the building.

To get some insight into the timestamping process, Figure 5.10 shows real mea-
surements of UWB channel impulse responses, 50 samples each. The CIRs are plotted
relative to each other by the timing of the radio receiver synchronization circuit, not
to some absolute time frame. The figures also present the detected first path samples
by red lines at each CIR sample. Figure 5.10a shows the situation of the multimodal
timestamp distribution, where it can be clearly seen that the first component is so weak
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Figure 5.9: Distribution of the ωk measurement noise in three different measurement
scenarios. The timestamping error is specified up to a constant, as in (5.9). Note that
the distribution in a harsh environment is strongly multimodal.

that it sometimes hits the threshold of the LED circuit sometimes it hides into the
noise. Figure 5.10b presents a calm situation where the UWB devices are close to each
other (32 cm). Note that this case shows a narrow timestamping distribution. Also,
the receiver sometimes synchronizes to a different part of the radio signal, resulting in
a slip in the CIR plot. Figure 5.10c shows a common situation when the receiver is
moving randomly. Please note that the CIRs are very different in each moment, and the
timestamping algorithm (i.e., LED) has a hard time estimating the first path, resulting
in uncertain first-path estimations.

The primary conclusion from the measurements is that the distributions of the re-
ceived timestamps across all scenarios are skewed, exhibit a wide range of error variances,
and are sometimes multimodal. Multimodality presents a new challenge for inference
algorithms: when dealing with multimodal distributions, the estimated quantities can
exhibit more modes than the original measurements, especially as inference is conducted
over longer periods. However, this work focuses on addressing the wide range of vari-
ances—specifically, how to estimate the variance of the received timestamps during infer-
ence. By doing so, the multiplicative effect of multimodality can be mitigated. Note that
this requires modeling the measurement noise as a Gaussian random variable – resulting
in a suboptimal estimation since we are using a rather general distribution. However,
estimating the measurement noise variance can substantially improve inference accuracy,
which will be presented in the next.
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(a) Multimodal detection
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(b) Calm and near communication
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Figure 5.10: Ultra wide band channel impulse response plots recorded by real measure-
ments to percieve the real behavior of the wide-band wireless channel. The plots show
the magnitude (i.e., absolute value) of the channel impulse response (without units only
for illustrative purposes). The X-axis shows the time measured by the sample accumula-
tor, while the Y-axis shows the sample amplitude. 50 signals are presented as ridge lines
in each scenario. The red lines show the first path arrival recognized by the DW1000
leading edge detector. The samples are fitted to each other by the radio synchronization
circuit, so limits of the X axis are selected to show relevant parts.
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5.3 Estimating measurement noise of the distribution of
the received timestamps

As demonstrated in the preceding sections, the wide-ranging distribution of receive times-
tamps (especially the wide range of variances) poses a challenge to achieving low bias
and variance in the time estimation process. At the core of every time synchronization
system lie clock synchronization algorithms, tasked with offering offset and frequency
drift estimations derived from time measurements affected by noise. A couple of effi-
cient algorithms are developed over time, e.g., window-based solutions [55], probability
filtering solutions, like Kalman-filters [62, 117] or nonlinear, variational Bayes adaptive
filtering [118]. Seijo et al. [1] shows a method for IEEE 802.11 systems to provide pre-
cise timestamping in the nanosecond range. However, it requires the channel impulse
response samples to be available. While Kalman-filter-based solutions give decent re-
sults, the algorithms are sensitive to the estimated measurement noise variance [62],
which is typically unknown and estimated or measured a priori. For a couple of appli-
cation areas, the measurement noise is shown to be not even Gaussian, e.g. in dense
indoor UWB communication, the distribution of receive timestamps can be log-normal
(see Section 5.1).

The estimation of measurement noise can substantially improve the accuracy of the
state estimation. In the following, a fully Bayesian method of frequency drift estimation
will be introduced, which can be applied to estimate not only the frequency drift itself
but also the optimal variance of the measurement noise. It is shown that using the
optimal measurement noise variance, the frequency drift estimation gives better results,
especially in the case of highly uncertain measurements. Subsection 5.3.4. evaluates the
algorithm by estimating the frequency drift of two ultra wide band devices, where the
measurement noise is mainly caused by multipath propagation.

5.3.1 Measurement method

For estimating the frequency drift between two devices, the basic, implementation ag-
nostic measurement scheme is depicted in Figure 5.11. Sometimes, real implementations
have additive messages transmitted since transmission timestamps cannot be included in
the message (e.g., in the case of IEEE 1588 systems, SYNC and FOLLOW-UP messages,
see Figure 2.6), but in theory, the transmission and reception timestamps are recorded
and used for synchronization. It is worth mentioning that PTP uses the SYNC messages
for synthonization in transparent clocks. However, for the moment, it is sufficient to use
the model in Figure 5.11, which is a general form for stating the mathematical model.
Since the real frequency of either clock cannot be estimated without proper reference
(e.g., atomic clock), the master clock is supposed to be the reference clock to which
the slave clock wants to synchronize its frequency drift. Please note that the master
clock in this context is not a grandmaster clock, but the clock to which the slave clock
synchronizes in a master-slave situation.
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Figure 5.11: Synchronization messages from the master clock to the slave clock. The
reference clock is the master clock, for which the time instants are denoted as tk, while
slave clock measurements are denoted as yk. Time-of-flight is supposed to be constant.

Let ψ(t) = f s(t)/fm(t) denote the time-dependent relative frequency of the slave
clock (where fm(t) and fs(t) are the time-dependent frequency of the master and slave
clock respectively); the measurements can be written as

yk = l(tk) + ωk

l(tk) ≡ lk =

∫ tk

0
ψ(t) dt+ τToF + o

(5.10)

, where yk is the value of the slave clock at the reception of the synchronization message
for the message transmitted at tk with k = 1, 2, 3, . . . , τToF is the time-of-flight, o is
a constant, time-independent offset, and ωk is the measurement noise with probability
density p(ωk). Note that the measurement noise represents the uncertainty of the times-
tamping process, not the propagation noise on the wireless channel. The resolution of
the digital clocks are neglected as they are supposed to be high enough (e.g. the DW1000
chip has 15ps resolution). l(tk) or simply lk is the noise-free measurement of the clock
value at time instant tk.

The main task is now to estimate the values of ψ(t) at time instants tk denoted by
ψk ≡ ψ(tk) from the measurements yk. Here, some simplifications are carried out. The
time-of-flight is assumed to be constant, i.e., the distance of the devices is constant and
time-independent. It is assumed also that ψ(tk) ≈ ψ(tk + τToF), i.e., the change of the
frequency drift can be neglected under the time-of-flight. Also, o is assumed to be zero
(i.e. o = 0).

From a Bayesian point of view, we want to estimate the joint probability density
of ψ1:k = {ψ1, ψ2, . . . , ψk} conditioned on the measurements y1:k = {y1,y2, . . . ,yk}, i.e.
the probability

p(ψ1:k|y1:k) (5.11)

However, estimating the joint probability is hard and generally intractable. It is
also expected that the algorithm estimating the frequency drift could be calculated
online, receiving measurement yk one-by-one. The solution for such problems is the
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well-known linear dynamic system, providing efficient tools for estimating latent states
to measurements.

5.3.2 Linear filter model

The linear dynamic system used in frequency drift estimation can be described by a
first-order Markov process, expressing the p(xk+1|xk) state transition and p(yk|xk) mea-
surement probabilities, where xk is the state of the linear filter at time instant tk.

Dynamic model

For the dynamic model, the method uses the state space model presented in Section 2.2.3,
with Ak state transition matrix and Σk state transition covariance matrix (i.e. process
dynamic noise covariance).

Measurement model

The latent states, i.e., the clock dynamics, result in measurements controlled by the
measurement model. The measurement model is a simple linear model, in which the
clock value is measured directly accompanied by a specific measurement noise:

p(yk|xk) = N (yk|Hxk, ξ) (5.12)

where
H =

[
1 0 0

]
(5.13)

Here, the measurements are directly the clock readings since time-of-flight is neglected
(see 5.3.1).

Estimating the states

Assuming a known ξ measurement noise variance, the estimation of the xk states at time
instant tk in a first-order Markov process can be done by using the well-known recursive
Kalman-filter equations (see (2.5) and (2.6)). Kalman-filter equations estimates the

p(xk|y1:k, ξ) (5.14)

filter density recursively, starting from a prior distribution

p(xk−1|y1:k−1, ξ) (5.15)

Note that the dependence on the – presumably – unknown and unobserved ξ mea-
surement variance is made explicit. The Bayesian estimation of the filter density is
p(xk|y1:k, ξ) = N (mk, Pk), where mk and Pk can be calculated using the Kalman-
filtering equations in (2.5) and (2.6). The Kalman-filtering equations are optimal in the
sense of maximum likelihood estimation, given the known ξ variance. The Kk Kalman-
gain is the optimal interpolator only if the variances agree with the variances of the true
distributions, which are – as in most cases – unknown and shall be estimated.
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5.3.3 Estimating the measurement noise

For a first-order Markov chain, the assumption of Gaussian dynamic and measurement
noise makes it possible to easily derive the posterior (or the filter) distribution of the
latent states. However, measurement noise is not strictly normal; moreover, in harsh
indoor environments, the distribution of the measurement noise can even be multimodal.
Multimodal noise is hard to handle: e.g., the Bayesian filter for the first-order Markov
chain can result in multimodal marginal state distribution, which recursively adds more
and more mode to the state distribution.

To keep the complexity low, the Gaussian distribution assumption is kept; however,
to head toward the optimum estimation, the ξ measurement noise estimation is necessary.
Suppose K measurements, and k = 1, 2, . . . ,K. From a Bayesian perspective, estimat-
ing the ξ covariance equals the evaluation of the probability density p(ξ|y1:K). Using
maximum a posteriori (MAP) estimation, the optimal estimation of the ξ covariance is

ξMAP = arg max
ξ

p(ξ|y1:K) (5.16)

The direct maximization of the (5.16) results in the maximization of the integral

p(ξ|y1:K) =

∫
p(x0:K , ξ|y1:K)dx0:K (5.17)

for the whole state space, which is computationally hard to evaluate, and it grows
exponentially with increasingK. (Note that in discrete state spaces, the integral becomes
summation.)

However, for these kinds of latent space problems, Expectation-Maximization (EM)
method can help to estimate the distribution of the parameter by estimating the distri-
bution of the parameter and the latent space separately [119]. Expectation maximization
in the context of parameter estimation in latent spaces results in computing the expec-
tation

Q(ξ, ξ(n)) = Ex0:K |y1:K ,ξ(n) [log p(x0:K ,y1:K |ξ)] (5.18)

where Q(ξ, ξ(n)) is a function depending on ξ. In the next step, we need to maximize it
for the next iteration:

ξ(n+1) = arg max
ξ

Q(ξ, ξ(n)) (5.19)

Note that the calculation of the expectation is much easier since it requires estimating
the joint distribution of the latent states given a measurement noise and then maximizing
the log-likelihood knowing the latent states. The maximization in (5.19) has proven to
increase the likelihood value and has proven to converge at least to a local maxima [119].

The maximization can be achieved by various methods, e.g., gradient-based method,
like Stochastic Gradient Descent (SGD) or the Broyden–Fletcher–Goldfarb–Shanno al-
gorithm (BFGS) [120]. However, for this convex quadratic problem, the maxima can
be calculated in a closed form. Using (5.12), the log-likelihood of the measurement
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factorization (2.3b) – assuming an irregular, noninformative prior – yields

lnL(ξ;x0:K ,y1:K) = −K
2

ln |ξ| − 1

2

K∑
k=1

(yk −Hxk)T ξ−1(yk −Hxk) + const. (5.20)

where all terms independent of ξ are collected into a single constant. Now, the maxima
of the likelihood can be acquired by setting the derivative to zero, which turns out to be
the maximum likelihood estimate of the covariance of a Gaussian random variable:

ξML =
1

K

K∑
k=1

(yk −Hxk)(yk −Hxk)T (5.21)

Note, that the estimate of the measurement variance ξ can intuitively be interpreted as
the variance of the error between the real measurements and the predicted measurements
based on the estimated latent states.

For calculating (5.18), p(xk|y1:K) needs to be expressed, however, Kalman-filter pro-
vides only p(xk|y1:k), i.e. the optimal estimation of the latent states shall be carried out,
and the future observations need to be accounted, as well. For a first-order Markov pro-
cess, the factorization (2.3a) and (2.3b) makes it possible to use the Rauch-Tung-Striebel
smoother (RTS) in (2.8).

The summary of the algorithm can be found in Algorithm 1 for a W wide window
of measurements. The algorithm estimates the measurement noise variance and the
clock state at timestep k based on the last W measurements. The algorithm basically
tries to enhance the estimation made by a standard Kalman filter (using the estimated
measurement covariance), as presented in the first step. After having the estimated state
(i.e. frequency), NEM iteration of covariance estimate refinement is done. First, an RTS
smoother is applied to the last W measurement, from which the measurement noise is
estimated by using (5.21). Using the refined value of ξk, the W wide window of states
is reestimated by applying Kalman-filtering.

5.3.4 Results

For the evaluation, measurements presented in Section 5.2 are applied. However, us-
ing measurements with ψ(t) = 1 solely (remember, ψ(t) is the time-dependent relative
frequency of the slave clock), the bias following the capability of the algorithms cannot
be observed since the optimal solution in estimating the frequency drift process shall
satisfy the bias-variance compromise. E.g., using a low-pass filter where the fc cut-off
frequency tends to fc → 0, the variance will tend to zero. However, this low-pass filter
will be unable to follow the bias. To evaluate the algorithms with biased measurements,
artificial bias is added to the frequency drift while processing based on the model in
(2.15).

The estimation was performed using the equations presented in Algorithm 1. For
the dynamic noise and the measurement noise, the values in [121] are used, where√
ξ = 0.13ns and σ3 = 51 · 10−9, while σ1 = σ2 = 0 and the same value is used for
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Algorithm 1 Step for the joint estimation of the clock state xk and the measurement
noise variance ξk at timestep k. KF(·) represents Kalman-filtering, while RTS(·) repre-
sents Rauch-Tung-Striebel smoothing.

Input:
k: Actual timestep index
NEM : Expectation-Maximization iteration count
W : Window size
A(k−W ):k: Last W dynamic matrices
H(k−W ):k: Last W measurement matrices
x(k−W ):(k−1): Last W − 1 state means
P(k−W ):(k−1): Last W − 1 covariance matrices
σ21, σ

2
2, σ

2
3, ξk: Actual dynamic and measurement noise variances

y(k−W ):k: Last W measurements
Output:
xk, Pk: Actual state
ξk: Estimated measurement noise variance

Procedure

1: xk, Pk ← KF(xk−1, Pk−1, Ak, Hk, σ
2
1, σ

2
2, σ

2
3, ξk)

2: for i← 1 to NEM do
3: xRTS

(k−W ):k ← RTS(W,x(k−W ):k, P(k−W ):k)

4: ξk ← 1
W

∑k
i=k−W (yi −Hix

RTS
i )2

5: x(k−W ):k, P(k−W ):k ← KF(xk−W , Pk−W , A(k−W ):k, H(k−W ):k, σ
2
1, σ

2
2, σ

2
3, ξk)

6: end for
7: return xk, Pk, ξk
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the expectation-maximization algorithm as the initial value for ξ. Three results are
presented:

1. The original Kalman filter-based solution, as in [121]. The values for the dynamic
and the measurement noises are the same as above. (KF)

2. The Kalman filter, with the estimated measurement noise. The dynamic noise is
the same as above. (KF-NE, NE stands for ,,Noise Estimation”)

3. The Rauch–Tung–Striebel (RTS) smoother, with the estimated measurement noise.
The dynamic noise is the same as above. (RTS-NE)

Note that the RTS smoother is unable to work as a filter, even in the case of the
assumption that the measurement noise is stationary, since the RTS smoother needs
the measurement samples from the future, as well. So, comparing RTS smoother to
Kalman-filtering is unfair; however, the results are presented to represent the optimal
joint solution.

For the harsh scenario, the measurement noise standard deviation resulted in the
iterations of the expectation-maximization method, which is presented in Figure 5.12.
Starting from the initial value in step 0, the convergence is really fast, and the final value
is reached in one or two iterations.

Figure 5.13 shows an example of the estimated frequency drifts by the three algo-
rithms along with the ground-truth frequency drift. Note the bias of the frequency drift
in time: the bias is introduced artificially using the dynamic model (2.15) to evaluate
the bias following the capability of the algorithms.

The main metric for comparing the solutions is the standard deviation of the fre-
quency drift error. Frequency drift error is defined as ϵ = l̇(tk)−(1+ l̇bias(tk)), where l̇(t)
is the time derivative of l(t). Since the devices in the synchronization process have the
same frequency, i.e., fs(t) = fm(t), 1 stands for the identical frequency. Also, l̇bias(tk)
stands for the artificially introduced bias, which is known ahead as a ground-truth bias.
The standard deviation of the drift error can be seen, as the root mean squared error.

Figure 5.14 shows the error of the estimated frequency drift error in time for the three
scenarios. Note that in harsh indoor environments, the original Kalman filter solution
acts much worse than the optimal Kalman filter solution or the RTS smoother. In all
scenarios, the RTS smoother gives the best results; however, the smoother cannot act
as a filter, so it is unable to act as a real-time solution. Note also, that no visible bias
can be recognized in the error plots.

Figure 5.15 shows the absolute frequency drift errors as empirical cumulative dis-
tribution functions. The same conclusion can be drawn that the Kalman filter with
the estimated measurement noise acts better than the original Kalman filter solution
in all scenarios. Note that in the case of the calm and normal scenario, the difference
between the optimal Kalman filter and the original one is very small; however, using the
optimal measurement noise estimate results in fewer overshoots (i.e., smaller standard
deviation).
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Figure 5.12: Measurement noise estimation against expectation-maximization iteration.
The convergence to the optimal measurement noise estimate is achieved in as few as one
or two iterations. Note that step 0 is the original value of the standard deviation before
refinement.
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Figure 5.13: Example of the estimation results in a harsh indoor environment. The
figure shows the estimated relative frequency minus one (in order to offset the result to
zero for better presentation). The red curve shows the ground-truth frequency, while
KF Optimized is the Kalman filter with the ground-truth noise estimate. Note that the
Kalman filter with the optimized noise estimation provides a smaller standard deviation.
The figure also shows that each algorithm is able to follow the bias of the frequency in
time.
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Figure 5.14: The error between the estimated relative frequency and the ground truth
relative frequency of the slave device against time. The Kalman filter with noise esti-
mation results in a smaller standard deviation.
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Figure 5.15: The empirical cumulative distribution of the absolute error between the
estimated relative frequency and the ground truth relative frequency of the slave device in
different measurement scenarios. In all scenarios, the green curve of the noise-optimized
Kalman filter gives better results, especially in the case of strong multipath propagation.
For reference, the optimal Bayes estimation, the result of the RTS smoother is presented
in blue.
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Figure 5.16: The standard deviation and mean bias of the error between the estimated
relative frequency and the ground truth relative frequency of the slave device in different
measurement scenarios. The colors show different algorithms. Note that in all scenarios,
the Kalman filter with the optimized noise outperforms the fixed noise Kalman filter.
(NE stands for ,,Noise Estimation”).

The aggregated results can be seen in Figure 5.16. Here, the standard deviation and
mean bias of the frequency drift error are presented for each scenario and method. Note
that in each scenario, the improvement in the standard deviation is significant, especially
in the case of harsh indoor environments, where it is around half of the original Kalman
filter. The bias has a negligible increase in the case of normal and harsh environments.
However, the bias is typically three orders smaller than the standard deviation, and the
bias following capability is proven for all the algorithms.

5.3.5 Conclusion

The chapter proposed a Bayesian method to estimate the measurement noise variance in
a linear dynamic model of clock frequency drift estimation between devices. While the
method is evaluated on ultra wide band communication, the results are more general and
can be applied in other clock synchronization applications. It has been shown that the
the proposed algorithm provides better frequency drift estimations using the optimal
noise covariance inferred from input data. In all investigated scenarios, the proposed
method resulted in smaller state variance, especially in the case of strong multipath
propagation. While the algorithm has a couple of advantages, e.g. the estimation does
not require the channel impulse sample from the receiver, the main drawback of the
proposed algorithm is the batch nature of the estimation: for inferring the optimal mea-
surement noise, all the measurement needs to be accounted to accomplish the smoothing
process. However, the the chain-based architecture of the probability space envisions the
possibility to implement the estimation as a filter, estimating the noise variance of the
last N measurements, i.e. implementing the method efficiently for a moving window.
These methods are closely related to the so-called moving horizon estimator, which pro-
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poses a course for further development. Investigating the proposed method in various
propagation scenarios (e.g., wired environments or WiFi) is an interesting topic in its
own right.
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5.4 Thesis summary

Thesis Group 3 – By modeling, simulating, and analyzing real measurements of the
distribution of receive timestamps in Ultra Wide Band systems, I have shown, that
the distributions are diverse and potentially multimodal. I have proposed an adaptive
filter to establish the frequency synchronization between the communicating parties by
simultaneously estimating the frequency drift and the measurement noise.

Thesis 3.1 – Using the recommended wide-band channel model of IEEE 802.15.4a
standard based on the wide-band Saleh-Valenzuela model, I have shown that the dis-
tribution of the error of receive timestamps does not follow a normal distribution by
presenting asymmetric parametric distributions with higher likelihood values. [C2]

Thesis 3.2 – I have proposed a method to measure the distribution of the error of
receive timestamps up to a constant in real ultra wide band systems, eliminating the
effect of frequency drift between transceivers. I have shown that the distributions of
the received timestamps are diverse and in some cases, they are not only skewed but
multimodal. [C3]

Thesis 3.3 – I proposed a batch method to estimate the variance of the received
timestamp error noise from real-life measurements to infer the frequency drift be-
tween transceivers. The method applies a third-order state model Kalman-filter along
with a Bayesian smoother to estimate the optimal states, from which an Expectation-
Maximalization technique estimates the measurement noise. The method increases both
the accuracy and the precision of the frequency estimation compared to the classical
Kalman filter-based solutions in different measurement scenarios. [C3]
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6
Precise time synchronization in IEEE 802.1AS

systems

While the IEEE 1588 standard that describes Precision Time Protocol precisely out-
lines the procedure for calculating the actual clock offset from measurements, it does
not specify how implementations actually determine the exact clock parameters. Be-
yond various protocols and technologies, the core of each implementation lies in the
clock synchronization algorithm, which estimates the actual frequency and offset values
based on noisy measurements. Although many promising methods employ probabilistic
approaches – such as Kalman filters – to estimate the clock offset and frequency, they
are suboptimal in that the precise measurement noise or packet delay variation must be
known in advance. Insufficiently known a priori filter statistics will, on the one hand,
reduce the precision of the estimated filter states, introduce biases to their estimates, or
even state divergence [122].

The application of adaptive stochastic filtering, specifically adaptive Kalman filter-
ing, lags behind within the scope of IEEE 1588 despite its demonstrated superior perfor-
mance in comparison to alternative estimators. The time synchronization issue presents
certain advantages over general state estimation problems. For instance, although accu-
rately estimating the Packet Delay Variation (PDV) is crucial, it is possible to precisely
determine the process noise in advance. Furthermore, the measurement model with
time-invariant noise in time synchronization opens up opportunities for employing di-
verse adaptive estimation algorithms.

Adaptive filtering – i.e., estimating the measurement noise – is a rarely studied topic
regarding the IEEE 1588 protocol. To our knowledge, few works exist on estimating the
theoretically optimal measurement noise in the context of clock synchronization using
probability filtering. The [123] follows the approach of approximate Bayesian filtering,
calculating the posterior state density numerically, resulting in optimal state and noise
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estimation, although the method is computationally too intensive to be applied in real-
time systems.

One approach to adaptive estimation involves Bayesian model averaging, in which
parallel models with different noise estimations are employed, and an adaptive averaging
method is utilized to deduce the estimated value [124]. Variational Bayes method and
Interacting Multiple Models (IMM) can be used to implement adaptive noise estimation,
even for non-Gaussian noise [125]. However, there are drawbacks to the use of multiple
models. One issue is the suggestion that one of the models should be near the optimal
model. Moreover, it has been demonstrated that employing excessively large model
banks can diminish performance, as the true model faces too much competition from
false models [126].

Another approach involves finding the maximum likelihood solution for the opti-
mal measurement noise covariance. For instance, the Field Kalman Filter (FKF) [127]
employs a computationally intensive BFGS optimization. Alternatively, in [128], an
M-robust estimate is used in an iterative non-linear optimization, applying the Huber-
loss to address outlier depression and estimate the measurement noise. The Adaptive
Kalman Filter (AKF) [129] operates based on the whiteness of the innovation sequence,
adjusting the measurement noise covariance matrix to achieve white noise characteristics
in the innovation sequence. An iterative method with moderate computational complex-
ity for optimal Bayes estimation can be found in [130], relying on Bayesian learning of
parameters in linear dynamic systems through expectation-maximization, which method
guarantees the convergence to the optimal estimation.

It is important to note that in real systems, the forward and backward delay also
can mismatch, and to handle the so-called packet delay asymmetry, a couple of meth-
ods were proposed in the literature (e.g., [131]), and the IEEE 1588 standard provides
means to communicate asymmetries to estimation algorithms. Freire et al. [55] gives a
comprehensive overview of the methods for estimating the packet delay asymmetry.

The primary contribution of this chapter is the introduction of a measurement model
featuring time-invariant noise covariance. Building upon this model, the chapter pro-
poses a computationally feasible Adaptive Kalman Filtering algorithm grounded in op-
timal Bayesian estimation. This algorithm aims at the online prediction of packet delay
variation in the IEEE 1588 protocol. The adaptive approach leads to both enhanced
precision, thereby reducing estimation variance, and improved accuracy by mitigating
bias. To evaluate the proposed solution, simulations are conducted in a controlled envi-
ronment using clocks with known Allan variance. Additionally, real-world assessments
are performed in a PTP-unaware environment with diverse background traffic scenarios.

6.1 Adaptive estimation of clock state in PTP clock servo

This section introduces the Adaptive Kalman Filter for real-time estimation of measure-
ment noise in PTP time synchronization applications. Subsequently, the clock dynamic
model and the proposed measurement model are outlined, both designed to be compat-
ible with the AKF.
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While the clock state estimation along with the PDV noise variance estimation can
be handled by the method presented in Chapter 5 based on latent state space models
parameter estimation using expectation-maximization, it is computationally intensive
thanks to the smoothing process required for optimal estimation. This section proposes
an alternative, the Adaptive Kalman filter-based method, which, in fact, has performance
very close to optimal solutions, as it will be presented in later sections.

6.1.1 Adaptive Kalman filter

Adaptive Kalman filter is an innovation-based adaptive method that has a long history,
and it was successfully applied in various applications [129]. While Kalman-filtering
was introduced in Section 2.1, for better understanding, the Kalman-filter equations
are presented here from a statistical viewpoint (i.e., concentrating on expectation and
variance) rather than using the Bayesian viewpoint. Kalman-filter models a dynamic
problem as

xk = Akxk−1 + qk

yk = Hkxk + rk
(6.1)

where Ak is the state-transition matrix, Hk is the observation matrix, xk is the state
at step k, yk is the measurement vector, qk and rk are uncorrelated, white Gaussian
noises, i.e.

E [qk] = 0 E [rk] = 0

E
[
qiq

T
j

]
= Qiδij E

[
rir

T
j

]
= Riδij

with Ri the measurement noise covariance matrix and Qi the process or dynamic model
noise covariance matrix, which can depend on the actual time step, and δij is the
Kronecker-delta function.

Having known Ak, Hk, Ri, Qi matrices, Kalman filter estimates the mean x̂k = E [xk]
and the covariance Pk = Cov [xk] of the state variable xk in the kth time step (the hat
symbol denotes the mean estimate). Having an a priori known x̂0, P0, the optimal state
estimations in least squares sense for k > 0 are the Kalman filtering equations:

x̂−
k = Ak−1x̂k−1

P−
k = Ak−1Pk−1Ak−1 +Qk

(6.2)

and the measurement step

vk = yk −Hkx̂
−
k

Sk = HkP
−
k H

T
k +Rk

Kk = P−
k H

T
k S

−1
k

x̂k = x̂−
k +Kkvk

Pk = (I −KkHk)P−
k

(6.3)
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Note, that the matrix Sk is the estimate of the covariance of the innovations vk, which
have a central role in the AKF. Also, Kalman filtering assumes that E [vk] = 0.

Suppose now, that Rk does not depend on the timestep, i.e. Rk ≡ R. In the steady
state of the filter, Sk → S, the probability density of the measurements can be described
as a multivariate normal distribution

p(yk|α) =
1√

(2π)m|S|
e−

1
2
vT
k S−1vk

where m is the dimension of the measurement vector, and α is the set of any parameter
in the estimation problem, e.g., the R covariance matrix. For a window of i = 1, . . . ,W
consecutive measurements, this results in the maximum likelihood problem

α̂ = arg min
α

W∑
i=1

ln |S|+
W∑
i=1

vT
i S

−1vi (6.4)

Using matrix calculus, the derivative of (6.4) is (see [129])

W∑
i=1

tr

{
(S−1 − S−1viv

T
i S

−1)
∂R(α)

∂α

}
= 0 (6.5)

where we marked the dependence of R on the α parameters. Assuming, that R is
diagonal, and αi = Rii (e.g. the diagonal entries), yields

W∑
i=1

tr
{
S−1(S − viv

T
i )S−1

}
= 0 (6.6)

which implies that the S innovation covariance matrix can be estimated as

Ŝ =
1

W

W∑
i=1

viv
T
i (6.7)

Please note that the Kalman filter also has an estimate on S, namely Sk = HkP
−
k H

T
k +

Rk. Combining the expression of Sk in (6.3) and (6.7), the estimated R̂ measurement
covariance matrix is

R̂ = Ŝ −HkP
−
k H

T
k (6.8)

since the two expression shall be equivalent. Note that this method estimates the mea-
surement covariance matrix by covariance matching, i.e. the measurement covariance
is corrected by the difference of the Kalman filter estimate of the innovation covariance
and the covariance calculated from the innovations.

Please note that the computational complexity of the algorithm is really low – it only
requires estimating the covariance of the innovations in a W wide window, which can
be implemented easily in real-time environments. However, two notes shall be made on
the applicability of the method:
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1. The method does not enforce any positive definite constraint on the estimated
covariance matrix, sometimes resulting in a matrix that is itself not a covariance
matrix. In this case, the estimate can be ignored.

2. The AKF is strongly dependent on the initial estimate of the R matrix. Multiple
order differences in the initial covariance estimate and the real measurement noise
covariance result in stability issues, which requires the implementation to provide
at least a coarse estimate of the initial noise covariance.

6.1.2 Time synchronization model

This subsection presents the main aspect of the time synchronization model applied and
also covers the time-invariant measurement noise model. Basically, for the timestamp
exchange procedure, the standard PTP protocol is assumed (see (2.20)) and the clock is
modeled as (2.14), with only two states (i.e. x(t) and ẋ(t)) and with σ3 = 0.

The measurement models in [62,132] assume that both the clock offset and the clock
skew can be observed, resulting in a time-variant measurement noise with a covariance
matrix not being diagonal. The fact that the AKF requires the measurement covariance
matrix to be diagonal and time-invariant, a new measurement model is proposed. As
previously stated, the clock model here models the clock phase directly, so the mea-
surement model proposed uses only the clock phase observation, which also results in
observable instantaneous frequency.

In theory, the measurement model is simple (see Figure 2.6), since the actual time
in the kth synchronization period at the slave when the Sync message arrives is

xk = t
(1)
k + tPD

k (6.9)

However, the calculation of the packet delay, i.e., tPD
k , is not straightforward. The first

issue is that the packet delay is a random variable, i.e. it can differ from period to
period. The reason behind the random behavior of packet delay is that the receive
timestamps (specifically t(2) and t(4)) have delay uncertainty, e.g. from queuing delays.
To consider this uncertainty, receive timestamps are modeled as the sum of a ground-
truth value and noise. Let the ground-truth value of t(2) be t(2), and the measurement

is t(2) = t(2) + ξ
(2)
PDV . Also, t(4) = t(4) + ξ

(4)
PDV , where ξ

(2)
PDV , ξ

(4)
PDV are random variables.

From Figure 2.6, the packet delay can be written as

tPD
k =

(t(4) − t(1))− (t(3) − t(2))
2

=
(t(4) − t(1))− (t(3) − t(2))

2
−
ξ
(4)
PDV + ξ

(2)
PDV

2

(6.10)

Notice that the uncertainties in the receive timestamps do not cancel each other, so it
can lead to systematic bias in the estimation of the packet delay. This phenomenon is
referred to as delay asymmetry between the master-to-slave and slave-to-master delay
in the literature.
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The second issue is that the (t(3) − t(2)) expression is also a random variable in the
estimation of the packet delay. Neither t(2) nor t(3) can be measured; instead, τ (2), τ (3) are
recorded by the local clock. Using the same method, as in Section 2.2.3 (i.e. integrating

from τ
(2)
k to τ

(3)
k ), the distribution of (t

(3)
k − t

(2)
k ) can be written as

(t
(3)
k − t

(2)
k ) ∼ N

(
ẋk(τ

(3)
k − τ (2)k ); σ21(τ

(3)
k − τ (2)k ) + σ22

(τ
(3)
k − τ (2)k )3

3

)
(6.11)

Combining (6.9), (6.10) and (6.11), measurement model can be written as

t
(1)
k + t

(4)
k

2
= Hkxk + rk (6.12)

with

Hk =
[
1 1

2(τ
(3)
k − τ (2)k )

]
rk =

ε

2
+
ξ
(4)
PDV + ξ

(2)
PDV

2

and ε ∼ N (0;σ2ε) with σ2ε = σ21(τ
(3)
k − τ (2)k ) + σ22

(τ
(3)
k −τ

(2)
k )3

3 . The ε noise is the effect of
the uncertainty of the drift of the local clock while estimating the real delay between

t(2) and t(3), while noises ξ
(4)
PDV , ξ

(2)
PDV are the result of the packet delay variation. Note

that the measurement noise depends on the time step only through the response time,
and the three noise sources are considered to be independent, so the variance can be
calculated as

R = Var
[
r2k
]

= Var
[ε

2

]
+ Var

[
ξ
(4)
PDV + ξ

(2)
PDV

2

]
=

= σ2θ
τ
(3)
k − τ (2)k

4
+ σ2γ

(τ
(3)
k − τ (2)k )3

12
+
σ2ξ
2
≈
σ2ξ
2

(6.13)

Since the response time in real systems is in the order of milliseconds, the contribution
of the clock noise ε can be ignored, resulting in a measurement noise effectively being

time-invariant. For the approximation, we assume that Var[ξ
(4)
PDV ] = Var[ξ

(2)
PDV ] = σ2ξ ,

and the noises are independent.
While classic Kalman filter-based solutions (e.g. [62,132]) use both the offset and the

estimated skew as measurements, however, the proposed model utilizes only the received
timestamp. To present, that both states are observable in (6.12), we need to show, that
the observability matrix

O =

 Hk

AkHk

 =

1 1
2∆k

1 3
2∆k


has full-rank, which is readily visible for every ∆k ̸= 0. Note, that as earlier in the
dynamic model (2.15), ∆k = tk − tk−1.
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6.2 Evaluation of proposed method

The performance of the the algorithm was proven both by simulation and real-world
measurements. For comparison, different algorithms were also evaluated on the very
same dataset. For a baseline method, the offset calculation of the IEEE 1588-2019 [11]
standard was applied. For comparison, different state-of-the-art methods were evaluated,
as follows:

TH The theoretically optimal Kalman filter, using the models in (2.15),(6.12) and the
theoretical measurement noise variance in (6.13)

KF The Kalman-filter defined in [62] with measurement noise, σθM = 10−7 s (where
σθM is the measurement noise), using the original process and measurement model

KF-HN Also [62] with a much higher σθM = 10−4 s noise standard deviation

M-robust Robust and adaptive Kalman filter defined in [128], using the models in
(2.15),(6.12)

KF-EM Expectation-maximization based optimal Kalman filter defined in Chapter 5,
using the models in (2.15),(6.12)

MMax Minimax technique [56] with median statistics

PTP-LP PTP-LP linear programming based method using the PTP-H heuristics [58]

Please note that the measurement noise standard deviations were selected arbitrarily in
the case of the classical Kalman filtering methods (i.e., KF and KF-HN). For evaluation,
a high measurement noise standard deviation (0.1 ms) and a low measurement noise
standard deviation (100ns) were selected, resulting in a high and a low noise suppression
behavior, respectively.

The simulations were implemented in R language, using the dynamic clock model
defined by (2.15), with typical values of σ1 = 10−6s and σ2 = 10−8. In the simulation, the

measurement noises ξ
(2)
PDV and ξ

(4)
PDV were independent with identical standard deviation

ranging from σξ = 10−2s to σξ = 10−9s, where σξ is the standard deviation of the
noise process. Since arrival processes can be modeled with exponential distribution, the
algorithms were evaluated using both Gaussian and exponential distributions1 (resulting
in a measurement noise with gamma distribution) using the dynamic clock model. In
the simulation, the response delay (i.e. τ3 − τ2) mean was 10ms. The simulation time
step was ∆ = 1s, and was running to tend = 10000s.

In the evaluation of the adaptive algorithms (AKF, KF-EM, M-robust), a W = 20
wide window was applied. The initial measurement noise variance was R0 = 9 · 10−14s2.
To stabilize the AKF algorithm, the initial measurement noise estimate was estimated

1In the case of the exponential distribution, variance is considered to be σ2 = λ−2.
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by the variance of the IEEE 1588-2019 offset measurement variance, namely

R̂0 =
1

W

W∑
i=1

∆t2i

where ∆t is the time offset in (2.20).
To validate the algorithm on real measurements, the IEEE 1588 protocol was cho-

sen to provide measurements for the clock synchronization. To provide a variety of
measurement noises (both in distribution and variance), we tested the solution over a
PTP-unaware network, using different measurement scenarios and measurement setups.
The measurements were done end-to-end (E2E) using a PTP grand master and a PTP
slave device. Since the relative running of the clocks of two or more devices is unknown,
it is hard to acquire the ground-truth values for the results to be comparable. To over-
come this issue, we used two ports of an ESPRESSObin v7 device to be the PTP master
and the PTP slave since ESPRESSObin has one and the same clock for all PTP ports.
The only problem was to trick the Linux operating system into sending the packets
onto the wire instead of a local shortcut, for which simple firewall and ARP rules were
applied (see Listing 6.1). This way, the ground-truth time at the reception of a Sync
message is the same as the RX timestamp, providing ground-truth values for the clock
estimation. The hardware clock of the ESPRESSObin runs on 125MHz providing 8ns
clock resolution. The measurement setup provides no bias between the devices since
they use the very same clock. This way, even a low-pass filter with cut-off frequency
fc → 0 would provide excellent results. To present the bias following capability of the
solutions, artificial bias was added using the dynamic model (2.15), selecting σ1 = 10−6s
and σ2 = 10−8.

i f c o n f i g eth0 10 . 5 0 . 0 . 1 /24
i f c o n f i g eth1 10 . 5 0 . 1 . 1 /24

i p t a b l e s −t nat −A POSTROUTING −s 1 0 . 5 0 . 0 . 1 −d 1 0 . 6 0 . 1 . 1 −j SNAT
−−to−source 1 0 . 6 0 . 0 . 1

i p t a b l e s −t nat −A PREROUTING −d 1 0 . 6 0 . 0 . 1 −j DNAT −−to−de s t i n a t i on 1 0 . 5 0 . 0 . 1
i p t a b l e s −t nat −A POSTROUTING −s 1 0 . 5 0 . 1 . 1 −d 1 0 . 6 0 . 0 . 1 −j SNAT

−−to−source 1 0 . 6 0 . 1 . 1
i p t a b l e s −t nat −A PREROUTING −d 1 0 . 6 0 . 1 . 1 −j DNAT −−to−de s t i n a t i on 1 0 . 5 0 . 1 . 1

ip route add 1 0 . 6 0 . 1 . 1 dev eth0
arp − i eth0 −s 1 0 . 6 0 . 1 . 1 $IFACE2 MAC

ip route add 1 0 . 6 0 . 0 . 1 dev eth1
arp − i eth1 −s 1 0 . 6 0 . 0 . 1 $IFACE1 MAC

Listing 6.1: Configuration of ESPRESSObin v7 board to enforce packets to be forwarded
to the wire and skipping local loopback.

The validation was carried out in 6 different scenarios. Two switches were applied,
namely a Cisco SF100D-16P and a Netgear GS108T. There were scenarios utilizing one
switch and scenarios using both switches. In scenarios with two switches, the master is
connected to the Cisco device while the slave is connected to the Netgear switch, and
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the background traffic is enforced between the switches. The 6 scenarios differ in the
network setup and in the amount of background traffic. The scenarios are as follows:

1. Using the Cisco switch to connect the master and the slave, no background traffic.

2. Using the Cisco switch to connect the master and the slave with 100 Mbps inde-
pendent bidirectional background traffic.

3. Using two switches with independent 100 Mbps bidirectional background traffic.

4. Using two switches with independent 50 Mbps bidirectional background traffic.

5. Using two switches without background traffic.

6. Using the department LAN network between ESPRESSObin’s ports on a typical
workday.

Figure 6.1 shows the distributions of the packet delays separately for the Sync and the
Delay response messages. It is clearly visible that the scenarios provide rather different
packet delay distributions, both in variance and shape. E.g., Scenario 4 shows a strong
asymmetric distribution, as can be seen on its boxplot, while in Scenarios 1 and 2, Sync
messages have nearly uniform delay distributions with different variances. Also, it is
clear that the packet delays are strongly asymmetric in the sense of the IEEE 1588, i.e.,
Sync and Delay response messages have different expected delays. However, the focus
is on the variance mainly, so to handle the issue of asymmetry, the numerous methods
proposed in the literature can be applied.

Using Gaussian packet delay variation in simulation, the variance and the bias of the
time offset estimation can be seen in Figure 6.2. The KF-EM provides a variance close
to the theoretical one. However, the AKF solution provides similar results except for a
very small noise variance (σ1 < 10−6s). In the evaluation, at very small PDV noises, the
AKF tends to estimate negative variance, which is ignored, and the previous value has
been applied. Also, the time invariance of the approximation in (6.13) becomes invalid
when σξ is in the order of tens of nanoseconds. It is worth noting that small variances
can be compared to the variance of the clock noise itself since the Allan deviation of the
clock is σy(τ = 1s) ≈ 10−6s. Also, the AKF provides very good results in estimating the
bias, providing close to the theoretical value, and at high noises, it proves more precise
than the theoretically optimal KF-EM. Non-adaptive Kalman filters provide sufficient
performance only at the measurement noise fitted to the noise parameter, especially
the KF-HN, which fails to follow the change in bias at low noise values. All other
solutions are behind in performance compared to the AKF and KF-EM. However, KF-
EM has higher computational complexity compared to the AKF since it requires multiple
forward-backward filtering at each time step. The simulation results for exponentially
distributed measurement noise can be seen in Figure 6.3, showing similar results as in
the case of normally distributed noise.

The Allan-variance plots for σξ = 1 × 10−3 s and σξ = 1 × 10−7 s can be found
in Figure 6.4 and 6.5, respectively. In both situations, the AKF provides performance
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Figure 6.1: Packet delay distributions (PDV) in different scenarios as box plots (note
the logarithmic axis). In most cases, the forward-backward distributions are strongly
asymmetric with extensive differences in noise variance.
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Figure 6.2: The standard deviation (left) and bias (right) of the master-slave offset
(both in seconds) estimation at different measurement noise standard deviations using
a normal distribution (σ1 = 10−6, σ2 = 10−8).
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Figure 6.3: The standard deviation (left) and bias (right) of the master-slave offset
(both in seconds) estimation at different measurement noise standard deviations using
exponential distribution (σ1 = 10−6, σ2 = 10−8).

close to the theoretical value; however, for high measurement noises, the KF-EM, M-
Robust, and KF-HN also provide good performance. For small averaging time spans,
KF-HN provides excellent performance (since the Allan variance is close to or better
than the theoretical one), but this results in high bias, as has been previously shown.
Also, KF-HN provides very poor performance when the measurement noise is small –
in these situations, AKF provides good performance, and the KF-EM provides close to
theoretical performance but with much higher computational complexity.

The noise estimation accuracy of the adaptive methods can be found in Figure 6.6.
At small measurement noises, the AKF overestimates the theoretically optimal measure-
ment noise, mainly because of the assumption of the time invariance of the measurement
covariance invalidates in (6.13). The M-robust method systematically underestimates
the measurement noise. Also, it is worth noting that the KF-EM overestimates the
measurement noise at very high PDV noises and underestimates with multiple orders
at low PDV noises. This difference between KF-EM and AKF results from the fact
that the KF-EM provides the theoretically optimal estimation, and at low PDV noises,
the dominance of clock process noise drives the KF-EM to place complete trust in the
measurements.

For real measurements, the Allan variance plots for Scenario 1 and 3 are plotted in
Figure 6.7. For Scenario 3, the M-Robust method has some stability issues, resulting in
high Allan variance at long averaging time spans. For Scenario 3 (which contains high
PDV noise), the KF-HN provides close to theoretical performance; however, it fails to
provide it at low PDV noises. The AKF and the KF-EM provide similar performance
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Figure 6.4: The overlapped Allan variance (in s2) plots of the estimators in simulation for
normally (left) and exponential (right) distributed measurement noise with σξ = 10−3s.
For reference, the plots depict the theoretical Allan deviation of the free-running clock.
(σ1 = 10−6, σ2 = 10−8)
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Figure 6.5: The overlapped Allan variance (in s2) plots of the estimators in simulation for
normally (left) and exponential (right) distributed measurement noise with σξ = 10−7s.
For reference, the plots depict the theoretical Allan deviation of the free-running clock.
(σ1 = 10−6, σ2 = 10−8)
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√
R̂/R, see (6.13)) for the adaptive methods at

different ground-truth PDV noises.

in both scenarios. Spider charts in Figure 6.8 and 6.9 also show the superiority of the
AKF and KF-EM algorithms, mostly in scenarios with high PDV noise, like Scenario 3
and 4.

6.2.1 Remarks on computational complexity

Classical Kalman filters do a couple of matrix multiplications per measurement. How-
ever, the computational complexity can depend on the state and measurement dimension.
Let the state x ∈ Rn and the measurement y ∈ Rm, then the computational complexity
is O(n2.4 + m2) [133]. The dimensions can be considered fixed (i.e., 2D) for all the
algorithms presented. So, the running time can be considered constant in case a new
measurement arrives for a specified dynamic and measurement model.

For the Adaptive Kalman Filter, an additional measurement covariance estimation
calculation is performed (see (6.8)), which depends on the W window size. There, only
the covariance calculation contains the W window size (see (6.7)), yielding a compu-
tational complexity for W to O(W ), which simply means a linear dependence on the
window size.

Theoretically supporting the computational complexity of the algorithms is challeng-
ing since each method involves different steps to compute results. The comparison is
especially hard since their dependence on different parameters can mislead the compar-
ison. For most algorithms, the complexity can be regarded as constant time since they
perform a fixed number of calculations per measurement. However, an exception arises
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Figure 6.9: Standard deviation of the master-slave offset estimates of different estimators
at different measurement scenarios.

when an algorithm uses a window-based approach to adaptively estimate a hyperpa-
rameter; in such cases, the complexity depends on the window size W . In this case,
the algorithm depends on the W window size. However, while precise analysis of the
time complexity is ignored, it is valuable to explore the factors influencing their run-
ning times to better understand their complexity. The standard IEEE 1588 algorithm
performs only basic operations (e.g., subtraction, division) to estimate the clock state,
enabling high-speed computation. Similarly, the Minimax technique involves calculating
simple statistics over the last W measurements, making it computationally efficient. In
contrast, Kalman filter-based methods (TH, KF, KF-HN) involve a single step of Kalman
filtering to compute the current state, with computational complexity depending on the
fixed state dimension for each method. However, the M-robust algorithm requires iden-
tifying outliers over a window of size W using a minimization process with a nonlinear,
robust score function, significantly increasing its computational demand. The high com-
plexity of the KF-EM algorithm comes from the estimation of the noise profile through
repeated applications of a smoother and Kalman filter across a W -wide window, making
it computationally intensive. On the other hand, the Adaptive Kalman Filter (AKF) in-
troduces only a few additional matrix multiplications, resulting in a computation speed
comparable to standard Kalman filtering methods. The PTP-LP algorithm, another
window-based approach, performs two linear regressions per measurement to estimate
the clock state. Linear regression involves matrix multiplication and inversion, which
ensures a relatively high computational speed for PTP-LP.

Please note that implementation details also influence performance. For example,
the M-robust algorithm uses the Python-based Robust Kalman Filter library2, which is

2https://github.com/milsto/robust-kalman
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Figure 6.10: Average runtime per estimation step (in milliseconds) for the algorithms,
based on a long-run evaluation of 10,000 measurements. Note that the R implementation
is not performance-optimized but allows for a relative comparison of running times.

generally faster than R-based implementations. Meanwhile, the PTP-LP algorithm em-
ploys the built-in lm function in R, which provides efficient linear regression calculations,
further contributing to its computational efficiency.

Figure 6.10 presents the runtime performance of the algorithms, measured as the time
required to execute a single estimation step (per measurement). It is important to note
that the algorithms were implemented in R, a language not optimized for performance,
so the reported running times are intended only for rough comparison. Additionally, the
algorithms themselves could be further optimized for improved efficiency. The fastest
algorithm is the basic offset calculation proposed by the IEEE 1588 standard, with
the MMax method offering comparable performance. However, while MMax achieves
moderate accuracy relative to other methods, it is almost as fast as the basic IEEE 1588
offset estimation. The KF-EM method, though computationally intensive and slow,
delivers near-optimal accuracy. Notably, the AKF method does not demand significantly
more runtime compared to standard Kalman filter-based methods (e.g., KF) but provides
much better accuracy.
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6.3 Thesis summary

Thesis Group 4 – I have derived the time-invariant measurement model of Preci-
sion Time Protocol in order to apply adaptive Kalman filtering for synchronizing re-
mote clocks. I have shown, that adaptive Kalman filtering outperforms existing Kalman
filtering-based algorithms for Precision Time Protocol both in accuracy and precision.

Thesis 4.1 – I have proposed a method to measure the distribution of the error
of received timestamps using the Precision Time Protocol (PTP). My analysis shows
that the range of these distributions depends on both the network configuration and
its operation. The analysis reveals that even under typical operating scenarios, the
variance of the distributions can vary significantly in magnitude, making accurate a
priori estimation particularly challenging. [J2]

Thesis 4.2 – I have proposed a probabilistic measurement model for Precision Time
Protocol with time-invariant measurement noise variance to provide compatibility with
the Adaptive Kalman Filter (AKF). I have shown, that in the proposed model both
state variables are observable. [J2]

Thesis 4.3 – I have proposed an online time synchronization algorithm based on
Adaptive Kalman Filtering using the measurement model of Thesis 4.2. I have compared
the Adaptive Kalman Filtering-based algorithm with different state-of-the-art clock state
estimation algorithms, and I have shown that the AKF has a performance close to the
optimal filtering with a computational complexity close to classic Kalman filtering. [J2]
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7
Applicability of the results and future outlook

Since most of the outcomes from the research efforts are mainly applied research, which
emphasizes practical applications by serving specific needs in both industry and tech-
nology development. For instance, the findings from Thesis groups 1 and 3 were directly
applied to a project titled ,,Development of mass sport supporting sensor device and
analytical service” (2018-1.1.1-MKI-2018-00075). The aim of this project was to en-
hance the performance of tracking systems by improving measurement frequency and
optimizing the overall tracking capabilities. These innovations play a significant role in
advancing technologies that support large-scale sports activities, ultimately providing
more precise data collection and analysis. Namely, the TDoA (time difference of arrival)
localization algorithm implemented requires precise frequency synthonization between
anchor tags to accurately estimate locations of the client tags (Thesis group 3). Also,
the results of Thesis group 1 help the implemented system to gather more measurements
with improved frequency, resulting in more seamless and accurate positioning.

On the other hand, the results from Thesis groups 2 and 4 hold wider implications,
particularly in the domain of clock state estimation, which is crucial in clock servo imple-
mentations. The importance of accurate clock synchronization cannot be overstated in
fields such as telecommunications, networked control systems, and various time-sensitive
applications where performance depends on reliable timekeeping. The findings have the
potential to significantly contribute to projects such as the PTPd project [134] and The
Linux PTP Project [135], both of which are fundamental in the precise synchronization
of clocks in distributed systems. However, the primary challenge lies in the architecture
of the Linux PTP Project’s ptp4l software. Although it offers interfaces for various clock
servos, it preprocesses timestamps by calculating offset and skew values. However, the
solution proposed in Thesis group 4 relies on raw timestamps. This leaves two options:
either adapt the algorithm to work with an alternative, though potentially non-time-
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invariant, measurement model or modify the clock servo interface of the ptp4l software.
In the future, both approaches might be feasible and successful approaches.

From an implementation perspective, the findings of Thesis groups 1 and 3 have al-
ready been realized using cost-effective hardware based on the Qorvo DWM1000 module,
offering outstanding localization capabilities. While Thesis group 2 explores an inter-
esting but less application-focused topic, it also utilizes affordable hardware and readily
available technologies. Furthermore, the work from Thesis group 4 stands out due to
its low computational complexity, which is particularly advantageous when considering
resource-constrained environments. This characteristic makes it feasible to implement
their discoveries in embedded systems that have limited processing power and mem-
ory. As a result, these solutions can be deployed in a variety of small, portable devices
without compromising on efficiency or performance, expanding their applicability to nu-
merous embedded systems across various industries, including automotive, industrial
automation, and consumer electronics.

Future research offers numerous opportunities in the field of robust and optimal clock
state estimation. Promising advancements in adaptive filtering, such as the Optimized
Kalman Filter [136], provide new ways for further exploration. Beyond measurement
noise, investigating the joint estimation of state noise (e.g., clock parameters) presents a
valuable research direction. While noise estimation effectively minimizes state variance
and enhances accuracy, the presence of outliers poses a significant challenge, steering
interest to robust estimation methods [137,138]. Additionally, asymmetric delay estima-
tion remains a persistent issue in packet-switched networks [139]. From an application
standpoint, there is potential to replace UWB technology with the similarly performing
5G Frequency Range 3 radio, which could offer comparable propagation and timestamp-
ing capabilities for the use cases discussed in this dissertation.
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8
Summary

In computer science, time synchronization possesses a rich history, featuring various
techniques and protocols designed to achieve precision down to the nanosecond range.
This dissertation has aimed to address specific gaps within the expansive domain of time
synchronization.

The prominent protocol for time synchronization in computer networks is the Pre-
cision Time Protocol, facilitating the exchange of synchronization information among
disparate entities to ensure temporal alignment. While communication networks inher-
ently introduce random delays, such as packet delay variation, the protocol does not dive
deeply into the details of time estimation based on these measurements. Existing liter-
ature offers numerous methods to contend with uncertainty in measurements for clock
state estimation, with those employing Kalman filtering exhibiting superior performance
and moderate computational complexity. This dissertation makes a distinctive contri-
bution by proposing adaptive algorithms for the filtering process to manage unknown
packet delay variation.

Chapter 3 proposes a framing technique to enhance the effective data rate of UWB
communication, leading to shorter measurement intervals and more accurate estimation.
However, this comes at the cost of increased UWB packet size, resulting in higher ranging
error. Nevertheless, the dissertation concludes that this increment is negligible compared
to errors arising from propagation delay variation. In contrast, Chapter 4 explores the
feasibility of synchronizing two adjustable PTP clocks via UWB communication. The
chapter presents an implementation and evaluation of the problem, highlighting the
challenge posed by the local clock domain change.

Chapter 5 presents theoretically optimal frequency drift estimation (in a maximum
likelihood sense) in UWB networks, employing parameter estimation in processes with
latent states through an Expectation-Maximization technique. While this method is
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optimal in a maximum-likelihood sense, it comes with significant computational com-
plexity. Chapter 6 shifts the focus to the PTP domain, introducing an adaptive method
based on the residual covariance fitting technique to address variable measurement noise.
This method offers near-optimal estimation of both clock state and measurement noise,
with a modest computational complexity. To tailor the Adaptive Kalman Filter to the
problem, a new measurement model is introduced with a time-invariant measurement
noise covariance matrix.
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[C8] D. Ficzere, G. Hollósi, A. Frankó, and A. Gulyás. Random Walk for Generalization
in Goal-Directed Human Navigation on Wikipedia. In H. Cherifi, R. N. Mantegna,
L. M. Rocha, C. Cherifi, and S. Miccichè, editors, Complex Networks and Their
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[C9] D. Ficzere, G. Hollósi, and P. Varga. Live traffic analysis on S1-MME interface
using LSTM autoencoder. In 2023 IEEE International Mediterranean Conference
on Communications and Networking (MeditCom), pages 68–73, 2023.
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