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Motion-induced uncertainties fundamentally limit the perfor-
mance of asynchronous two-way ranging (TWR) localization systems,
yet existing literature lacks a unified definition and characterization
of these uncertainties for TWR methods. This work introduces a
comprehensive characterization of motion-induced errors in TWR,
establishing explicit analytical relationships between target velocity,
message timing asymmetries, and the resulting ranging error. Using
this formulation, four widely adopted TWR methods, single-sided
TWR (SS-TWR) and symmetric double-sided TWR (SDS-TWR), each
evaluated under sequential and parallel reply schemes, are assessed
and compared within an optimized deployment framework derived
from the spatial Cramér–Rao bound. The analysis reveals that sequen-
tial methods, commonly implemented in commercial ultra-wideband
devices, offer the best performance under static conditions but de-
grade rapidly with motion due to accumulated timing asymmetries.
In contrast, parallel configurations remain largely unaffected by ve-
locity but are constrained by longer cumulative reply times in larger
networks. Furthermore, SDS-TWR is found to be consistently more
sensitive to motion than SS-TWR despite its superior correction of

Received 2 February 2026; revised 16 June 2026; accepted 12 July 2026.
Date of publication 17 July 2026; date of current version 6 August 2026.

DOI. No. 10.1109/TAES.2026.3714806

Refereeing of this contribution was handled by G. Wang.

This work was supported in part by the project of the Spanish Ministry of
Science and Innovation under Grant PID2023-153047OB100 and in part
by the Department of Education of the Regional Government of Castile
and León.

Authors’ addresses: Rubén Ferrero-Guillén, Javier Díez-González, and
Alberto Martínez-Gutiérrez are with the Department of Mechanical,
Computer and Aerospace Engineering, Universidad de León, 24007
León, Spain, E-mail: (ruben.ferrero@unileon.es; javier.diez@unileon.es;
alberto.martinez@unileon.es); Adriano Moreira is with Centro ALGO-
RITMI, Universidade do Minho, 4800-058 Guimarães, Portugal, E-mail:
(adriano.moreira@dsi.uminho.pt). (Corresponding author: Javier Díez-
González.)

© 2026 The Authors. This work is licensed under a Cre-
ative Commons Attribution 4.0 License. For more information, see
https://creativecommons.org/licenses/by/4.0/

clock drift. The proposed framework provides the first systematic
basis for quantifying motion effects in asynchronous TWR and offers
practical guidelines for selecting and deploying ranging strategies in
dynamic environments.

I. INTRODUCTION

Ultra-wideband (UWB) technology has become a key
enabler for high-accuracy indoor localization, offering
strong robustness against multipath and non-line-of-sight
(NLOS) propagation and enabling reliable ranging in com-
plex environments [1], [2], [3]. Modern commercial UWB
chipsets typically implement asynchronous two-way rang-
ing (TWR) protocols, most commonly single-sided (SS-
TWR) and symmetric double-sided (SDS-TWR), as defined
in the IEEE 802.15.4z standard [4]. These methods mitigate
synchronization requirements by relying on timestamping
and round-trip delay measurements, and consequently dom-
inate practical deployments in industrial mobile robots,
autonomous platforms, and other dynamic agents requiring
self-positioning capabilities [5], [6], [7], forming a funda-
mental pillar of the hyperconnected industrial ecosystem
where reliable, low-latency localization is essential for co-
ordinated and autonomous operation [8], [9].

Despite their widespread adoption, the accuracy of asyn-
chronous TWR systems is fundamentally constrained by
timing inconsistencies, such as clock drift, timestamping
noise, and reply-time asymmetries [10], [11], [12]. These
error sources have been extensively characterized under
static conditions in recent literature, including complete for-
mulations for line-of-sight (LOS)/NLOS noise, multipath,
and clock-induced uncertainties [13], [14], [15], [16].

However, the influence of target motion on asyn-
chronous TWR ranging has not yet been formally defined,
analyzed, or quantified, even though commercial systems
routinely operate in scenarios where the target moves during
the ranging sequence. Existing studies involving mobile
targets either evaluate movement qualitatively or under con-
strained speed ranges [17], [18], [19], or propose alternative
protocols under idealized timing conditions without clock
drift or timestamp noise [20], [21]. Importantly, no prior
formulation describes how motion interacts with reply-
time asymmetries, sequential measurement acquisition, or
protocol-dependent timing structures in conventional SS-
TWR and SDS-TWR [22].

Target motion introduces two distinct effects. The first
is the geometric displacement during the measurement
interval, which can often be compensated by filtering or
kinematic estimation [23], [24]. The second, critical for
asynchronous TWR, is the temporal incoherence between
transmission and reception timestamps, as the true target
position varies during the inevitable reply delays. This
effect becomes tightly coupled with the ranging strategy: se-
quential implementations accumulate timing offsets across
sensors, whereas parallel implementations require increas-
ing reply times to avoid collisions [25], [26]. As a result,
velocity-induced uncertainties cannot be properly charac-
terized without jointly modeling the TWR protocol and its
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implementation strategy, yet this interaction has remained
unaddressed in all prior work.

To fill this gap, this work presents a unified analytical
characterization, which to the best of our knowledge has not
been addressed in prior UWB literature, of motion-induced
ranging errors in conventional SS-TWR and SDS-TWR,
explicitly modeling how velocity interacts with reply-time
asymmetries, clock drift, and measurement noise. Build-
ing upon established Cramér–Rao bound (CRB)-based un-
certainty formulations and node-distribution optimization
frameworks [13], [14], [16], [26], we derive new expres-
sions that quantify the dynamic error contributions for
both sequential and parallel ranging strategies. Using these
models, we evaluate each method within an optimized
sensor-deployment framework [26], [27] ensuring a fair
comparison across implementations, sensor densities, and
target velocities.

Building on our previously devised CRB-based uncer-
tainty framework [13], [14], [22], the black widow opti-
mization (BWO)-based deployment optimiser [26], [28],
and the 3-D ray-traced indoor scenario model [15], the
specific contributions of this work are as follows.

1) A complete analytical formulation of motion-
induced uncertainties in SS-TWR and SDS-TWR,
capturing the interaction between velocity, reply-
time structures, and clock drift.

2) A comparative evaluation of sequential and parallel
TWR implementations, including their scalability
and sensitivity to velocity-dependent degradation.

3) A performance analysis under realistic 3-D deploy-
ment scenarios, revealing conditions where tradi-
tional sequential TWR approaches suffer severe loss
of accuracy in dynamic environments.

The rest of this article is organized as follows. Section II
reviews prior work on motion in UWB ranging and contex-
tualizes the contribution against dynamic-ranging studies
in adjacent domains. Section III formalizes the motion-
induced error in asynchronous TWR and distinguishes it
from the trivial geometric displacement during the local-
ization window. Section IV derives the motion-aware CRB
characterizations for SS-TWR, SDS-TWR (both in sequen-
tial and parallel implementations), and time difference of ar-
rival (TDoA). Section V introduces the evaluation scenario,
the BWO-based deployment optimization framework, and
the network parameters used in the comparison. Section VI
reports the comparative performance across velocities and
sensor counts, together with a spatial analysis of the motion-
induced uncertainties. Finally, Section VII concludes this
article.

II. RELATED WORKS

Target movement is a well-known source of localization
inaccuracy across most positioning systems. Variations in
the actual target position during the localization process
inherently increase positioning error. In certain protocols,
however, this effect is further amplified besides the trivial

position displacement. Changes in the actual target location
during specific stages of the protocol, such as response
delays, introduce additional errors due to the lack of con-
sistency among gathered measurements referenced to a
wrongly presumed true static location.

While velocity compensation algorithms can be em-
ployed to reduce the discrepancy between the initial location
and the actual location [18], the collection of temporally
misaligned measurements caused by the variation of the
true location during the protocol remains a critical source
of error [29].

Multiple studies have highlighted increase position-
ing errors in UWB localization methods when tracking
moving targets [11], [17]. However, most of these works
do not specify the actual target speed profile used dur-
ing the experiments, which limits the ability to quantita-
tively assess the influence of movement on localization
accuracy.

Among those works that do report target velocity, the
evaluated speeds are typically equivalent to or lower than
human walking pace [18], or limited to low-dynamic motion
where the target moves only mildly during the measure-
ment sequence [19]. As a result, the findings have limited
relevance to applications involving faster-moving targets,
such as industrial ground vehicles [8], autonomous aerial
vehicles (AAV) [28], or other dynamic agents in both indoor
and outdoor environments [25].

Some theoretical studies have acknowledged the in-
fluence of target motion in the characterization of posi-
tioning errors. For instance, Ayman Shalaby et al. [20]
analyzed this error source in the context of an alterna-
tive protocol to the DS-TWR method defined in the IEEE
802.15.4z standard [4]. Their findings suggest that, under
constant-speed motion, target movement does not introduce
additional positioning errors in their proposed protocol.
However, this conclusion is only valid in the absence
of clock offsets, clock skews, timestamping noises, and
other common sources of errors, such as multipath and
NLOS interference, thus limiting this conclusion to ideal
conditions.

Dynamic ranging has also been extensively studied in
interaircraft, vehicle-to-vehicle, and intersatellite links. In
those domains, however, motion enters the measurement
primarily through carrier Doppler and range-rate, and the
system architectures address it accordingly—through syn-
chronized or simultaneous ranging schemes and motion-
aware waveform design—so that the bias accrued during a
reply interval is either structurally eliminated or negligible
relative to the system accuracy class. In IEEE 802.15.4z
asynchronous TWR [4], by contrast, clocks are free-
running, reply times are set by hardware turnaround con-
straints, and carrier-frequency-offset correction compen-
sates clock drift but not target displacement, so the timing
bias induced by motion during the reply intervals—the
effect characterized in this work—becomes the dominant
motion-related error source.

To the best of the authors’ knowledge, no prior
studies have comprehensively analyzed or characterized
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the influence of target movement on conventional UWB
ranging protocols (e.g., SS-TWR, SDS-TWR, and TDoA).
Previous works have primarily focused on static scenarios
or limited speed ranges, which limits their applicability in
dynamic environments.

In response to this gap, this article introduces a for-
mulation and characterization, novel in the asynchronous-
TWR context, of the positioning error induced by target
motion, specifically for asynchronous TWR positioning
systems. Unlike prior analyses that often rely on idealized
assumptions, the proposed framework explicitly considers
a realistic, nonideal environment where target movement
coexists with multiple additional sources of error, including
clock skew, signal propagation noise, multipath effects, and
NLOS conditions.

By employing the proposed characterization models,
comprehensive performance evaluations have been carried
out under a wide range of operational scenarios. This sys-
tematic approach enables a detailed analysis of the effects
of target movement on the scalability of sensor networks,
taking into account critical parameters, such as the number
of deployed sensors, system response times, and target
velocities. The achieved results provide a more in-depth
analysis of the relative performance between the compared
asynchronous TWR methods and the synchronous TDoA
system. This analysis highlights the key factors that must
be considered when selecting the most suitable localization
technique according to the specific requirements of each
application.

III. IMPACT OF TARGET MOTION IN LOCALIZATION
ACCURACY

Targets moving at a relative velocity with respect to
a stationary localization system experience a reduction in
localization accuracy due to this motion. Velocity induces
a position displacement during the localization procedure,
leading to a discrepancy between the estimated position,
based on the initial location at the start of the process, and the
actual position at the time the estimated location is received.

This effect causes an average increase in localization
error, which becomes more pronounced as the target’s
speed increases. Nevertheless, this source of error is only
caused by the net change of position due to the target
movement, and thus can be predicted and compensated
through additional information regarding the target velocity
and trajectory [23].

However, velocity can also introduce additional errors in
localization systems where the target sensor (TS) is actively
involved in the measurement process. In such cases, varia-
tions in the target’s position during the emission or reception
of signals may lead to temporally inconsistent or spatially
incoherent measurement. This inconsistency increases the
overall positioning uncertainty, as the collected data no
longer corresponds to a single, well-defined location. Unlike
the direct displacement error induced solely by motion, this
additional source of error depends not only on the target
velocity but also on the specifics of the localization protocol,
the network and hardware capabilities, and how timing
information is computed and processed within the system.

Fig. 1. Influence of TS velocity on ToF measurement in the parallel
TWR implementation. Although all initial ToF references are associated
with the same TS location, the TS displacement during the WS predefined

reply times causes the final ToF associated with each WS to differ.

In consequence, this second error source depends on
multiple variables and cannot be as easily predicted or
compensated as the direct displacement error caused
by target motion. Despite its relevance, a compre-
hensive analysis of its impact in real-world localiza-
tion scenarios remains largely unaddressed in current
literature.

Consequently, the subsequent analysis of target motion-
induced errors focuses exclusively on the influence of mo-
tion on the coherence of the acquired measurements, and
does not account for the positioning inaccuracy caused by
the position displacement of the target during the local-
ization sequence, as this latter effect can be compensated
through external means [18]. Therefore, in the subsequent
analysis, the ground truth is defined as the target position
at the start of the localization exchange, which provides
a consistent reference for evaluating the impact of motion
during the ranging process.

The TWR protocol estimates the time-of-flight (ToF)
between a tag or TS and a receiver or worker sensor (WS).
This estimation is based on timestamps recorded at the
reception of a signal in a sensor.

In the SS-TWR method, a single round time, tround,
is measured at the TS, whereas the SDS-TWR method
includes an additional tround measurement at the WS. Each
tround includes the ToF for both sending and receiving sig-
nals, as well as a reply time that accounts for the reception,
processing, and transmission of the message by the oppos-
ing sensor [12].

These processes refer to the interaction between a spe-
cific pair of sensors. However, scaling the TWR protocol to
actual networks of deployed sensors typically involves one
of two approaches: 1) a parallel implementation, in which
the TS initiates the localization by broadcasting to all WSs
simultaneously or 2) a sequential implementation, where the
localization process is carried out as a series of individual
TS–WS pairwise localization sequences for each WS.

The impact of velocity-induced errors is highly depen-
dent on the chosen TWR implementation. In parallel im-
plementations, as illustrated in Fig. 1, the TS motion during
the varying reply times of each WS leads to inconsistencies
between the measured ToF in the first exchange of sensor
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Fig. 2. Influence of TS velocity on ToF measurements in a sequential
TWR implementation. Each WS transmits its reply at the same

predefined reply time, but the ToF is computed from different TS
locations due to motion.

i (ToFI
i ) and the second exchange (ToFII

i ). This occurs be-
cause, in parallel implementations, each WS employs an in-
cremented reply time to prevent collisions between response
signals (i.e., treply2

= treply1
+ �treply). Consequently, sen-

sors with longer reply times experience a greater influence
from target motion, resulting in increased ToF measurement
errors [21]. Note that the measured ToF from a given WS
could theoretically increase or decrease depending on the
target trajectory.

This leads to a discrepancy between the averaged ToF
and the initial ToF for each sensor, which is proportional to
the target speed and the sensor reply time. Consequently,
as the number of deployed sensors increases, the reply time
for the later sensors becomes longer, leading to larger errors
caused by the target’s movement.

In contrast, in sequential implementation schemes, as
depicted in Fig. 2, the TS interacts individually with each
WS at different time intervals, effectively dividing the pro-
cess into multiple pairwise range measurement sequences.
In this approach, the discrepancy between the initial ToFI

i
and the subsequent ToFII

i for each sensor tends to be lower
than in the parallel model as all WS share the same reply
time estimate, being signal collision not a concern in this
approach, thus allowing an overall lower reply time than in
parallel approaches.

On the other hand, the division of the localization pro-
cess into sequences requires the specification of an elapsed
�tsequence between each pairwise range measurement. The
aggravation of all �tsequence over all sequences extends the
overall localization process duration, which may cause the
last WS in the queue to measure an initial ToF that differs
from the equivalent ToF at the start of the localization
process (ToF0

i ) (i.e., ToFI
i �= ToF0

i ), which was not an issue
in the parallel approach. This temporal shift leads to an in-
crease in position variance when aggregating measurements
from all sensors to estimate the target location.

As shown, these two implementation schemes differ
significantly in how the signals are collected, leading to
variations in localization accuracy when tracking moving
targets. Each approach is influenced by different variables
(e.g., �treply for the parallel approach and �tsequence for the

sequential implementation), while both methods are also
affected differently by shared factors, such as target speed,
number of deployed nodes, and base treply. This motivates
a comprehensive comparative analysis to evaluate the indi-
vidual and combined effects of these variables, ultimately
providing practical insights for the optimal deployment of
TWR-based localization systems in dynamic scenarios.

Such comparison requires the development of dedicated
performance assessment models for each implementation
scheme. These evaluation models are derived from the
TWR characterizations proposed in the following section,
which account for the main error sources (e.g., clock skews,
NLOS, multipath) in addition to the influence of target
motion discussed in the current section. In this sense, due to
the inherently different behavior of parallel and sequential
strategies with respect to target movement, two distinct
characterization models for each TWR method must be
developed to accurately capture their respective dynamics.

IV. CHARACTERIZATION OF THE ASYNCHRONOUS
SYSTEMS POSITIONING UNCERTAINTIES

The characterization of the target location error in
systems with heteroscedastic noises is usually addressed
through the CRB [16], [20]. The CRB provides the mini-
mum achievable error of a system given a set of captured
measurements [30].

For the definition of the positioning calculation uncer-
tainties of each time measurement of the base methods
analyzed in this article (i.e., synchronous TDoA and asyn-
chronous SS-TWR and SDS-TWR), we employ the char-
acterizations of our past papers [14], [22], [27]. These error
models characterize the principal error sources of UWB
methods in indoor environments: noise under LOS/NLOS
conditions, synchronization, drift and truncation errors, and
multipath interference. These models have proven superior
performance to other literature approaches in real-world
experimentation [24].

In this article, we propose a novel error characterization
that accounts for the influence of target motion throughout
the entire measurement acquisition process. This effect is
particularly relevant in asynchronous methods due to the
retransmission requirements of the positioning signal. In
addition, the influence of employing either sequential or
parallel measurement collection strategies is also addressed
in this study.

Therefore, in the subsequent subsections, we define
the time-based uncertainties of the asynchronous SS-TWR,
SDS-TWR, and synchronous TDoA positioning methods,
considering clock, noise, and multipath variances.

A. SS-TWR

The pairwise SS-TWR procedure involves the exchange
of a localization signal between the TS, which emits first,
and a deployed sensor WSi, regardless of the implementa-
tion strategy considered. Upon the reception of the message,
the WS replies after a predefined reply time has been count
by the WS. The reception of the response message by the
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Fig. 3. Message exchange diagrams for the SS-TWR and SDS-TWR
protocols under TS movement. The illustrations show the ToF

components (ToFI
i , ToFII

i , and ToFIII
i ), the reply times at the sensor and

the transmitter (treplyi
, treplyTS ), and the measured RTTs (troundTS,i ,

troundi,TS ). The SDS-TWR protocol includes an additional message
exchange, enabling a more refined ToF estimation at the cost of increased

sequence duration and sensitivity to motion.

TS ends the localization sequence, and a signal round-time
is measured within the TS as the difference between the
timestamps of signal transmission and reception. The ToF of
the signal is then computed following the TWR protocol [4]:

ˆToFi = t̂roundTS,i − t̂replyi

2
(1)

where ˆToFi represents the measured ToF for sensor i, t̂roundTS,i

is the round-trip time (RTT) measured at the TS for the
exchange with the WS i, and t̂replyi

represents the reply time
measured at WS i.

The message exchange sequences and timing relation-
ships for both the SS-TWR and SDS-TWR protocols are
illustrated in Fig. 3. This figure highlights the respective ToF
components, reply times, and measured round-trip intervals
in each approach.

Equation (1) provides an average of the perceived ToF
of both transmission and reception phases from the TS.
While this procedure is appropriate for static applications
where the TS remains stationary, the introduction of target
motion, as shown in Figs. 1 and 2, leads to variations in
the physically measurable ToF between the emission and
reception instants, thereby introducing inconsistencies in
the final estimation.

The influence of this issue can be assessed and charac-
terized by considering two different physical ToF (i.e., ToFI

i
and ToFII

i ) that correspond to the first and second phase of
the pairwise SS-TWR sequence between the TS and a given
sensor i. The first-second-phase relationship is

ToFII
i = ToFI

i + δv (ToFI
i + treplyi

) ≈ ToFI
i + δvtreplyi

(2)

where δv equals v/c, with v and c denoting the TS velocity
and the propagation speed of the localization signal, respec-
tively. The term δv ToFI

i is neglected because its magnitude
is bounded by v · ToFI/

i c. For the most demanding scenario
considered in this work (v = 16 m/s) and a representative
indoor ToF of ∼ 100 ns, this contribution is on the order of
5 × 10−15 s, which is several orders of magnitude below the
dominant δv treplyi

term, and is therefore negligible.

Note that in (2), as well as in the following characteri-
zations, the contribution of target motion to the signal ToF
is modeled under a worst-case scenario, in which the TS
moves directly away from sensor i, increasing the distance
and the ToF between nodes.

The contribution of target motion to the signal ToF
is modeled under a worst-case scenario in which the TS
recedes radially from sensor i, maximizing the velocity-
induced ToF increase. This radial formulation yields a
per-sensor bound that holds for any motion direction: for
an arbitrary 3-D velocity, the radial component at sen-
sor i is v cos θi, so the effective motion coefficient δv,i =
(v/c) cos θi satisfies |δv,i| ≤ v/c, with equality only under
exact radial alignment. Since δv enters the clock variance of
(7), (9), (17), and (18) additively within the squared timing
error, each per-sensor variance is nondecreasing in |δv,i|, and
setting cos θi = 1 for all sensors bounds every σ 2

clockii
simul-

taneously. The aggregate positioning CRB obtained from
the Fisher information matrix (FIM) consequently provides
an upper bound of the achievable variance under any 3-D
motion, a guarantee that no direction-specific model can
provide. Notably, this uniform-radial condition is not real-
izable by a single trajectory, as one velocity vector cannot
align radially with all sensors at once; the resulting metric
therefore characterizes the system limit independently of
the target trajectory, in keeping with the trajectory-agnostic
nature of the CRB framework adopted throughout this work.

Considering the clock drift in both the TS and the WS
clocks, the RTT and the reply time as measured by the TS
and WS, respectively, based on (1), can be expressed as

t̂roundTS,i = (ToFI
i + ToFII

i + treplyi
)(1 + eTS) (3)

t̂replyi
= treplyi

(1 + ei ) (4)

where eTS and ei refers to the clock drift of the TS and WS
clock, respectively.

Integrating (3) and (4) into the ToF measurement of
(1), and considering the multiple ToF measurements from
(2), the fundamental ToF measurement equation for the SS-
TWR method is obtained as

ˆToFi =
[
2 ToFI

i +treplyi
(1 + δv )

]
(1 + eTS)−treplyi

(1 + ei )

2
.

(5)

This equation yields the ToF measurement resulting from
a single localization exchange between the TS and a single
WS. The consideration of additional sensors through a par-
allel or a sequential implementation introduce modifications
to the base equation, affecting the overall accuracy of the
system.

In the parallel implementation approach, the TS broad-
casts the localization message to all WS simultaneously,
resulting in the initial ToF for each sensor being equivalent
to the first ToF of the localization sequence (i.e., ToF0

i ≡
ToFI

i ). However, in order to avoid message collisions, each
WS is assigned a distinct reply time. A common strategy to
achieve this is to introduce a fixed reply time increment for
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TABLE I
Scenario Parameters for Performing the Comparison

each deployed sensor

treplyi
= treply0

+ �treply (i − 1); i ∈ [1, ns] (6)

where treply0
is a base reply time, typically the minimum

achievable by the sensor hardware, ns is the number of
deployed sensors, and �treply represents the incremental
reply time assigned per sensor.

Incorporating these two modifications into (5) provides
the measured ToF for a given sensor i, which is subsequently
used to derive the clock-related uncertainties within the
CRB model employed in our previous works [14], [22],
[27]

σ 2
SS-P (clock)ii

= 1

nM

nM∑
k=1

{∣∣ToF0
i − floorTR

[
ToF0

i

(
1 + ek

TS

) + 1
2 treplyi

[
ek

TS − ek
i + δv

(
1 + ek

TS

)]]∣∣ c
}2

(7)

where σ 2
SS-TWR-P (clock)ii

represents the error variance as-
sociated with a single time measurement in the parallel
SS-TWR method, and nM denotes the number of Monte
Carlo simulations performed to estimate the expected value
of this variance [13].

In contrast, a sequential implementation introduces dif-
ferent modifications into the base equation. In this approach,
a series of pairwise localization exchanges between the
TS and each WS is performed sequentially. Unlike the
parallel case, this method does not require the use of distinct
reply times, allowing the reply time of each sensor to be
considered equal to the base reply time defined previously
(i.e., treplyi

≡ treply0
). However, each localization exchange

occurs at a different moment relative to the initial message
transmitted by the TS. Consequently, if the TS is in motion,
the ToF at the start of the localization sequence for a
given sensor i may differ from the ToF at the beginning
of the overall localization process. This deviation can be
characterized as

ToFI
i = ToF0

i + (i − 1)(tseq + twait )δv (8)

where tseq denotes the duration of a single localization
exchange, and twait represents the elapsed time between
consecutive localization sequences. The sum of both times
provides a sequence spacing time value.

Equation (8) models a linear accumulation of motion-
induced ToF drift across sequential exchanges, valid under
two practical conditions. First, the intersequence spacing

TABLE II
Network Parameters Employed for the Localization methods [36], [37]

(tseq + twait ) is assumed uniform; practical jitter from MAC-
layer scheduling is submicrosecond, and thus negligible
against the accumulated drift term. Second, the target ve-
locity vector is assumed approximately constant over the
localization window ns(tseq + twait ), which spans only a
few milliseconds for the parameter set used in this study
(Table II). Over such brief intervals, even aggressive plat-
form maneuvers—such as a AAV undergoing accelera-
tions up to 20 m/s2—produce velocity and heading vari-
ations below 1% relative to the worst-case speed of 16 m/s.
Consequently, these dynamic deviations remain negligible
compared to the dominant error contributions quantified in
Section VI.

Taking these two modifications into account, the clock-
related uncertainty for the sequential SS-TWR method can
be derived as

σ 2
SS-S (clock)ii

= 1

nM

nM∑
k=1

{∣∣ToF0
i − floorTR

[
2
[
ToF0

i

+ δv (tseq + twait )(i − 1)
] (

1 + ek
TS

)
+ 1

2 treply0

[
ek

TS − ek
i + δv (1 + ek

TS)
]]∣∣ c

}2
.

(9)

Both (7) and (9) exhibit novel terms scaled by the δv

coefficient. These terms represent velocity-induced errors
resulting from the movement of the TS in both implemen-
tations of the SS-TWR method.

In both approaches, the inclusion of additional sensors
leads to increased clock-related uncertainty. In the parallel
implementation, the velocity-induced error arises primarily
from the growing reply times, which scale with the number
of sensors. In contrast, the sequential approach exhibits a
δv-dependent error influenced by both the reply time and
ToF incoherence. Although the same base reply time is used
for all sensors in this case, ToF incoherence increases with
the number of sensors due to the cumulative effect of twait

and tseq.
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However, based on both equations, the resulting error
for each method depends on the specific network param-
eters and hardware characteristics used in the localization
process, with neither approach being clearly superior to the
other. In the results section, a comprehensive comparison
will be conducted using representative parameter values for
each implementation, in order to evaluate and quantify the
mobility-induced error associated with each system.

This comparison also incorporates noise and multipath-
related uncertainties, as derived in our previous work [22].
These uncertainty models are applicable to both the paral-
lel and sequential approaches, since both share the same
underlying SS-TWR localization exchange mechanism

σ 2
SS (noise)ii
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B2( PT
PN

)
PL(d0)

[(
2 diLOS

d0

)
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(10b)

γ = nNLOS

nLOS
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σ 2
SS (multipath)ii

= Ḡilog(1 + 2 di ) (11a)
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G(d0) =
(

GT GRλ2
0

16π2d2
0
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where B denotes the signal bandwidth, PT is the transmis-
sion power, PN represents the average noise power as defined
by the Johnson–Nyquist equation, PL(d0) is the reference
path loss at distance d0 [31], dLOS and dNLOS are the LOS
and NLOS distances traversed by the localization signal
to/from the WS, respectively, nLOS and nNLOS are the path
loss exponents for LOS and NLOS conditions, respectively,
based on the log-normal propagation model, GT and GR are
the transmitter and receiver antenna gains, respectively, λ0

is the wavelength of the UWB localization signal, and γ

denotes the ratio between the NLOS and LOS path loss
exponents.

B. SDS-TWR

The SDS-TWR method extends the baseline SS-TWR
by incorporating an additional RTT measurement to cal-
culate the ToF between the TS and WS. Specifically, after
receiving the WS reply, the TS waits for a defined reply
time before transmitting a second response message. This
initiates a second RTT interval, which is measured at the
WS. The measured time corresponds to the interval between
the emission of the WS reply, as in the SS-TWR baseline,
and the reception of the TS second response. The resulting
ToF is computed as half of the average RTT interval, after
subtracting both reply times

ˆToFi = t̂roundTS,i − t̂replyi
+ t̂roundi,TS − t̂replyTS

4
(12)

where t̂roundi,TS is the RTT interval measured at the WS i
between sensor i and the TS.

As with the SS-TWR method, ToF estimation using
(12) may integrate measurements that are not temporally
coherent in dynamic scenarios, particularly when the TS
is in motion. In the SDS-TWR scheme, three distinct ToF
values are implicitly involved due to the separation between
signal exchanges, as illustrated in Fig. 3.

The first RTT measurement t̂roundTS,i is measured be-
tween the TS’s transmission and reception events. It in-
volves two ToF components: 1) ToFI

i (corresponding to the
TS’s initial transmission to WS) and 2) ToFII

i (from the
WS’s reply to the TS). This component is identical to the
SS-TWR RTT defined in (3).

As for the second RTT measurement, t̂roundi,TS , it is
measured at the WS side and spans from the emission of
the WS reply to the reception of the second TS response.
This interval also involves two ToF components, the first
being the same WS to the TS component as in the prior
case, ToFII

i , and a final ToFIII
i that corresponds to the last

signal transmission from the TS to the WS

ToFIII
i = ToFII

i + δvtreplyTS
= ToFI

i + δv (treplyi
+ treplyTS

).
(13)

In this characterization, the first RTT measurement and
the associated reply time can be computed using the same
equations as in the SS-TWR method, specifically (3) and
(4). In contrast, the second RTT measurement and the reply
time elapsed at the TS can be obtained from the following
expressions:

t̂roundi,TS = [2ToFI
i + treplyTS

(1 + δv ) + 2δvtreplyi
](1 + ei )

(14)

t̂replyTS
= treplyTS

(1 + eTS). (15)

By integrating these expressions into the ToF formula-
tion given in (12), we obtain the fundamental expression for
the ToF estimation in the SDS-TWR method

ˆToFi = 1

2
ToFI

i (2+eTS+ei ) + 1

4
(treplyi

− treplyTS
)(eTS−ei )

+ 1

4
δv[(1 + eTS)treplyi

+ (1 + ei )(treplyTS
+ 2treplyi

)].

(16)

Similarly to the SS-TWR characterization, (16) yields an
individual ToF estimate from a single localization exchange
between the TS and a given WS. Additional sensors em-
ployed in the localization through a parallel or sequential
approach require further adaptations from this equation.

In the parallel SDS-TWR approach, the behavior re-
mains analogous to the SS-TWR case. Thus, the starting ToF
of each localization exchange can be set to the initial value
(i.e., ToF0

i ≡ ToFI
i ). As before, the reply time of each sensor

must be adjusted to avoid signal collisions. However, due
to the additional RTT interval introduced in the SDS-TWR
protocol, the time offset between successive reply slots,
�treply , should be prolonged compared to the SS-TWR
method to ensure proper scheduling and avoid overlap.
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Incorporating these two adaptations into the fundamen-
tal ToF equation yields the final ToF expression for a given
WS i, which serves as the basis for deriving the clock-related
uncertainty in the parallel SDS-TWR approach
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(17)

On the other hand, the sequential implementation of
the SDS-TWR method entails a different set of adapta-
tions. As in the SS-TWR approach, the sequential scheme
does not require distinct reply times for each sensor (i.e.,
treplyi

≡ treply0
). However, the delay between consecutive

localization exchanges introduces a deviation between the
first ToF of each sequence, ToFI

i , and the original reference
ToF, ToF0

i . This motion-induced deviation follows a similar
process to the one described for the SS-TWR variant in (9).
Consequently, the comprehensive sequential SDS-TWR
formulation in (18) is derived by directly substituting the
ToFI

i expression within (16) in terms of the ground truth
ToF0

i from (8). It is worth noting that (17) corresponds to
the particular case where ToF0

i ≡ ToFI
i , which eliminates

the sequential timing offset. In addition, the total sequence
time parameter tseq is inherently longer in the SDS-TWR
configuration due to the integration of the additional RTT
measurement exchange.

Taking these two factors into account, we derive the
following model for the clock-induced uncertainty in the
sequential SDS-TWR method
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(18)

As in the SS-TWR characterization, both the paral-
lel and sequential models for SDS-TWR include addi-
tional terms involving the coefficient δv , which account
for velocity-induced errors. These terms increase with the
number of sensors and with longer reply times, following a
similar trend to that observed in the SS-TWR method.

However, as a consequence of the additional total se-
quence time of the SDS-TWR method due to the measure-
ment of an additional RTT interval, the velocity-induced
errors may yield larger error values than for SS-TWR sys-
tems under similar conditions and hardware. This effect may
become significant for dynamic localization applications,
where the potential advantages of superior performance

under similar or symmetric reply times are offset by the
amplification of velocity-induced errors.

To assess the impact of these factors, we conduct a
comparative analysis in the results section, evaluating the
performance of each system under various application sce-
narios and motion profiles. These analyses also consider
the noise and multipath-induced uncertainties previously
derived in our earlier work [22]. As in the SS-TWR case,
the derived equations are valid for both the sequential and
parallel implementations of the SDS-TWR protocol
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(20b)

C. TDoA

The TDoA method is a synchronous localization system
that estimates the target position based on the differences in
reception times of the same localization signal across multi-
ple WS. Unlike TWR-based approaches, TDoA requires the
WS nodes to be synchronized to a common time reference
in order to compute the time differences.

This synchronization requirement introduces potential
vulnerabilities to clock-related errors, particularly due to
drift in local oscillators. In contrast, the TDoA protocol
does not require any reply or retransmission from either the
WSs or the TS, which makes it inherently more robust in
challenging environments with high NLOS density as well
as under dynamic operating conditions.

Moreover, since the TS does not transmit any response
signal in TDoA, this approach is not affected by velocity-
induced ToF distortions. Although the target displacement
during the localization process may still impact the ge-
ometric accuracy of the estimated position, it does not
compromise the internal consistency of the timing mea-
surements, thereby preserving the overall accuracy of the
position estimation.

This robustness is structural. The motion-induced bias
in TWR arises from averaging two propagation phases sep-
arated by the reply time, between which the target displaces
by δvtreply in (1) and (12). TDoA has no second phase:
a single signal is broadcast by the TS and time-stamped
by the synchronized sensors; therefore, velocity has no
quantity to act upon and a motion-aware derivation re-
produces (21) unchanged. The only kinematic coupling
is the displacement during one-way propagation v · ToFi

which shifts the reference instant of the estimate rather than
corrupting the timing; it is not treated as a system error
here, being recoverable through inertial aiding and likewise
uncompensated for TWR.
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Fig. 4. TDoA protocol diagram. A single localization signal is
broadcasted by the TS and received by multiple synchronized sensors
(WS j , WSi, and WSk). The differences in reception times are used to

estimate the relative distances to the target.

The message exchange structure of the TDoA protocol
is illustrated in Fig. 4, where the differences in arrival times
are depicted between three receiving sensors (WS j , WSi,
and WSk) for a single transmission emitted by the TS.

Being unaffected by the consideration of target motion,
the TDoA method is characterized in this comparison using
the uncertainty model previously derived in our previous
work [32], which accounts for clock drift, measurement
noise, and multipath propagation effects. In (21), Ti and Tj

denote the signal-flight times measured at the synchronized
sensors i and j, respectively. T0 is the reference emission
instant at the TS. Ui and Uj are the per-sensor initial-time
offsets relative to the common time base (with range speci-
fied in Table II).U0 is the time elapsed since the last network
synchronization. nMC and ns are the Monte Carlo sample
count and the number of synchronized sensors involved in
the position estimation. The clock-drift variables ek

i , ek
j , and

ek
TS retain the same meaning introduced for SS-TWR in (3)

and (4)
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Fig. 5. Scenario employed for the comparison. The blue dots represent
all possible sensor locations (i.e., NLE), the white dots represent all

possible target locations (i.e., TLE) and the gray shapes represent walls
and obstacles that may produce NLOS.

With the analytical expressions obtained for SS-TWR,
SDS-TWR, and TDoA, which include the effects of clock
drift, measurement noise, as well as multipath and velocity-
induced errors, a unified framework is established for the
comparison of localization performance. These models al-
low quantifying the expected accuracy under different op-
erational conditions.

The next section presents the methodology used in this
study, based on a realistic deployment scenario. It includes
the use of optimization algorithms to allocate the sensors
optimally, enabling a fair and practical comparison of the
three methods or five strategies (considering parallel and
sequential approaches) under representative sensor distri-
butions.

V. EVALUATION SETUP AND METHODOLOGY

This section outlines the methodology used to conduct
the experiments and model evaluations presented in this
article. To this end, the section is organized into three
subsections: 1) the development and characteristics of the
application scenario chosen for the experiments; 2) the sen-
sor distribution optimization framework employed to ensure
a fair comparison across all tests; and 3) the selection and
adjustment of network parameters according to the actual
scenario.

A. Application Scenario

The use of simulation environments is appropriate for
this evaluation, as the dynamic nature of the problem re-
quires evaluating localization accuracy over a large set of
target positions, velocities, and motion directions under
strictly controlled conditions. Such exhaustive and repeat-
able testing is not feasible in physical setups, whereas
simulation enables a fair and consistent assessment of all
methods across the full scenario.

In consequence, we propose a synthetic industrial layout
for conducting all the simulations, as shown in Fig. 5.
This scenario includes different obstacles, walls and also
navigable regions where the localization accuracy is to
be evaluated. These regions are discretized into clouds of
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possible location points, shown as white dots within Fig. 5,
which we define as the target location environment (TLE).

The scenario also includes a region where the sensors
can be deployed for the experiment, which in this appli-
cation is constrained by the scenario walls. This region,
referred to as the node location environment (NLE), is also
discretized by a cloud of points, shown as blue dots in Fig. 5,
where each point represents a potential sensor location.
Table I details the key characteristics that define the scenario
and its discretization for the proposed simulations.

The definition of these regions serves as a preamble
to a fundamental issue that must be addressed before con-
ducting the experiments. The actual localization uncertainty
achieved by any given sensor deployment depends not only
on target speed and other network parameters but also on
the number of deployed WSs and their spatial arrangement.

In this context, optimizing the WS distribution for this
scenario can substantially influence the reliability and va-
lidity of the results obtained in the evaluation. Based on
these considerations, the following subsection presents the
optimization framework used to determine the most suitable
WS distribution for each case study.

B. Sensor Distribution Optimization Framework

To ensure a fair comparison among all localization
methods and test configurations, we perform a sensor-
distribution optimization for each case study. This requires
addressing the node location problem (NLP) [13], which
aims to achieve the spatial disposition of sensors that mini-
mizes the error distribution across the application scenario,
where the error distribution is derived from the CRB error
characterization models discussed before.

The NLP is an NP-hard combinatorial problem whose
complexity scales not only with the number of nodes to
be deployed but also with the scenario characteristics [33]
(e.g., obstacles, dimensions, discretization). Consequently,
recent works rely on metaheuristic algorithms to obtain
compromise solutions within an acceptable computational
cost [6], [34]. In this context, in our previous works we
devised and evaluated the BWO algorithm for the NLP,
which demonstrated superior performance compared to
other metaheuristic approaches due to its intensification and
exploration capabilities [26].

For this reason, in this article, we adopt the BWO algo-
rithm proposed in our previous work [26] for the analysis
and comparison of the different case studies involving the
localization method, network parameters, and target speeds,
ensuring that all sensor distributions are obtained in a con-
sistent and robust manner.

It is worth noting that, although the target velocity v

reshapes the cost values through the motion-aware variance
terms of (7)–(18), it enters the NLP as a fixed parameter
of each case study rather than as a time-varying state. The
optimization landscape addressed by the BWO therefore
remains static, preserving the dimensionality, continuity,
and constraint structure under which the algorithm was
validated in [26].

Algorithm 1: RMSE evaluation based on the CRB.

Fig. 6 depicts the proposed methodology, covering the
definition of each case study and the optimization process
that provides the final sensor distribution. The optimization
is performed based on the evaluation of the root-mean-
squared-error (RMSE) distribution across the TLE, where
the RMSE at each point is obtained from the characterized
CRB models of each localization method. As depicted
in Algorithm 1, this computation involves identifying the
WSs satisfying the signal-to-noise-ratio (SNR) threshold,
evaluating all valid WS combinations, and deriving the cor-
responding noise, multipath, and static and motion-induced
clock variances used to assemble the FIM [35]. The RMSE
for each target position is then obtained as the minimum
CRB across all combinations.

Regarding the employed BWO algorithm, the specific
adaptation to the NLP and the hyperparameters used in this
article coincide with those reported in [28].

With the optimized sensor distributions established for
each case study, the following subsection defines the net-
work parameters employed and adjusted for the compari-
son, ensuring that the resulting performance remains con-
sistent and generalizable to other scenarios.

C. Network Parameters

The analyses presented in the results section are based
on the network parameters summarized in Table II. While
some parameters serve as a common baseline across all
localization methods, others are specific to particular im-
plementations or techniques.

While most values in Table II correspond to technology-
based parameters, others depend on scenario-specific char-
acteristics, such as the incremental WS reply time (�treply ).
Selecting an excessively large �treply increases the overall
treplyWS

, ultimately degrading the localization system per-
formance. On the contrary, an overly small value may lead
to signal collisions and, consequently, anomalous behavior
that renders parallel operation unfeasible.
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Fig. 6. Overview of the methodology employed for optimizing the sensor distribution and for evaluating each case study analyzed in the results
section.

TABLE III
RMSE Metrics in Cm for the Optimized Sensor Distributions of Each Compared Method At Different Target Speeds (v)

For the comparison conducted in this work, the �treply

value was set following the experimental procedure de-
scribed in [32]. That study introduced a ray-tracing-based
methodology that estimates all possible equivalent signal
flight times within a given scenario by accounting for obsta-
cles and the relative positions of nodes and targets. Based on
the resulting distribution of equivalent ToF values, �treply is
selected using a high-percentile threshold (Q95), corrected
for LOS/NLOS conditions and scaled by a safety factor, en-
suring collision-free operation under realistic propagation
variability.

Beyond these considerations, parameters, such as the
number of deployed sensors and the target speed are also
varied throughout the conducted analysis and comparisons
in the results section, presented hereafter.

VI. RESULTS

This section presents the evaluation results of the models
introduced in Section IV on the proposed scenario, consid-
ering variations in key network parameters. All results were
derived from the optimization framework described in the
previous section. The section is organized into two sub-
sections. The first one provides a comparative performance
analysis across different numbers of deployed sensors and

target speeds, together with insights into the selection of
the most suitable localization architecture depending on the
scenario of application considered and network configura-
tion.

The second subsection examines the spatial distribution
of motion-induced errors within the realistic 3-D scenario,
highlighting that the influence of target movement is not
uniform across the environment.

A. Comparative Performance and Localization Method
Selection

Table III provides a comparative overview of the per-
formance achieved by each localization method across dif-
ferent numbers of deployed sensors and target speeds. The
results are directly comparable, as all methods have been
optimally deployed according to their respective require-
ments derived from the characterization models.

As shown in Table III, the sequential implementation
of the TWR localization methods (i.e., S-SS-TWR and
S-SDS-TWR) achieve notably superior performance in the
static case study. The relative performance between each
method depends on the number of deployed sensors: with
eight sensors, S-SS-TWR provides the lowest error, whereas
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for 10 and 12 sensors, S-SDS-TWR becomes the most
accurate option. In contrast, the parallel implementation of
these systems (i.e., P-SS-TWR and P-SDS-TWR) exhibit
higher localization errors due to the incremental reply time
�treply which amplifies clock-related inaccuracies, particu-
larly when a large number of sensors is employed. These
results indicate that, under static conditions, traditional
sequential TWR methods outperform both their parallel
counterparts and the TDoA system, which is consistent
with their widespread adoption in commercial hardware.
However, the introduction of target motion substantially
alters these findings.

Two additional dynamic case studies are also included in
the comparison of Table III, corresponding to target speeds
of 8 and 16 m/s. Under these conditions, the influence
of target motion significantly affects the sequential TWR
methods, whereas the parallel approaches undergo little to
no significant degradation. This behavior is caused by the
computation of temporally incoherent ToF measurements
in sequential deployments, where the initial ToF of each
localization exchange varies throughout the sequence. In
contrast, parallel implementations share a common initial
ToF, which mitigates the impact of target motion on the
resulting accuracy.

The consideration of target motion substantially re-
shapes the comparative performance among the evalu-
ated methods. As expected, the TDoA system remains
unaffected, and the P-SS-TWR configuration experiences
only negligible variations under μm accuracy, unnoticeable
within the 0.1-mm precision of Table III, confirming its low
sensitivity to motion-induced inconsistencies. The P-SDS-
TWR approach does exhibit some degradation, although
its impact is considerably smaller than that observed in
both sequential implementations. In fact, sequential systems
experience the most pronounced deterioration, with the
12-sensor S-SDS-TWR configuration showing an increase
in localization error of up to 217%.

This behavior reflects the accumulation of motion-
induced clock uncertainties, which scale not only with the
target speed but also with the number of deployed sensors
involved in the sequential exchange. Among the sequential
variants, S-SDS-TWR is the most affected, as its additional
ToF measurements extend the overall sequence duration and
amplify the temporal incoherence introduced by motion. It
is also noteworthy that the degradation is not proportional to
the target speed, which suggests that motion-related effects
may become particularly critical in high-speed applications.

This behavior is further illustrated in Fig. 7, which
provides additional insight into the RMSE contribution of
each TWR method at 16 m/s for different numbers of de-
ployed sensors. The figure distinguishes between the static
clock-related error, corresponding to a target velocity of
0 m/s, and the dynamic clock contribution, computed as the
difference between the total error at 16 m/s and the static
case. As observed, increasing the number of sensors gen-
erally reduces the path-propagation component, since the
optimized deployments can more effectively avoid NLOS
conditions. However, in sequential approaches, particularly

Fig. 7. RMSE contribution of each error source for the SS-TWR and
SDS-TWR methods under sequential and parallel schemes, for different

numbers of sensors. The total RMSE is decomposed into
path-propagation errors, static clock-related errors, and the additional

clock-dynamic component from target motion at v = 16 m/s.

the S-SDS-TWR method, exhibit a substantial growth in the
motion-dependent clock contribution, which may even be-
come the dominant source of error. This behavior highlights
an important tradeoff: in high-speed applications, adding
more sensors does not necessarily improve performance
and may, in fact, significantly degrade the final accuracy
due to the accumulation of dynamic clock uncertainties
inherent to sequential TWR exchanges. These results also
suggest that sensor selection strategies should account for
the expected target speed [38], as removing sensors with
detrimental timing impact may yield more accurate esti-
mates than relying on larger, but dynamically inconsistent,
sequential exchanges.

Although the numerical results discussed above are
directly transferable only to scenarios with comparable net-
work parameters and propagation conditions, Fig. 8 offers a
generalizable perspective on the selection of the most appro-
priate localization architecture under varying operational
regimes. The figure presents contour plots that depict the
RMSE difference obtained from pairwise comparisons of
the TWR methods while varying both the target speed and
the incremental reply time �treply , whose feasible values
depend on the characteristics of the application scenario.
These maps reveal the sensitivity of each method to these
parameters and expose the decision boundaries that deter-
mine which configuration performs best in each case.

As shown, the relative superiority of the methods is
strongly conditioned by these variables, which suggests that
a prior analysis of the operating conditions is advisable to
support informed method selection in real-world deploy-
ments. It is worth noting that in high velocity conditions,
more traditional approaches, such as TDoA may remain
competitive, as they are inherently unaffected by reply time
related motion effects, despite receiving comparatively less
attention in recent literature.

B. Spatial Decomposition of the Motion-Induced Uncer-
tainties

While the prior subsection provided a comparative anal-
ysis based on the achieved mean RMSE between methods,
this subsection provides additional insight on the spatial
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Fig. 8. Contour plots of the mean RMSE difference across target velocities and �treply values for four method pairs. (a) P-SDS-TWR versus
P-SS-TWR (parallel methods). (b) S-SDS-TWR versus P-SDS-TWR (SDS-TWR implementations). (c) S-SDS-TWR versus S-SS-TWR (sequential

methods). (d) S-SS-TWR versus P-SS-TWR (SS-TWR implementations). The white dotted line marks the selection boundary (zero-difference
contour) separating the regions where each method performs best; the dominant method in each region is also indicated.

Fig. 9. Optimized spatial distribution of 12 sensors operating within the S-SDS-TWR method and the resulting RMSE distribution along the
experimental scenario for target speeds of (a) 0 m/s and (b) 16 m/s. (c) RMSE difference between both cases highlights the error increment caused

exclusively by the target motion. (a) RMSE distribution at v = 0 m/s. (b) RMSE distribution at v = 16 m/s. (c) RMSE difference: RMSE16

RMSE0

decomposition of the achieved RMSE distribution for the
scenario of application.

Fig. 9 displays the achieved RMSE distribution for three
case studies for the same S-SDS-TWR deployment of 12
sensors. Fig. 9(a) and (b) show the error distribution for
target speeds of 0 and 16 m/s, respectively. The results
show an uneven distribution of the error, where corners
in between large obstacles may exhibit larger localization
errors. This behavior is further influenced by the fact that
the sensor deployment is optimized globally rather than
symmetrically, meaning that some areas benefit from more

favorable geometric conditioning while others depend on
weaker sensor configurations. Fig. 9(c) shows the RMSE
difference between cases (a) and (b), thus representing
the error increment caused exclusively by the motion-
dependent component of the clock uncertainties. It is worth
noting that, even though the target speed remains constant
at 16 m/s, the resulting dynamic error distribution is not
constant throughout the scenario.

Similarly to static clock-related uncertainties, target mo-
tion also affects the computed ToF. However, this impact
varies across the scenario due to the local target–sensor
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geometry, as larger propagation distances amplify the tem-
poral disparity between the emission and reception instants
of each ranging message. Moreover, the presence of obsta-
cles modifies the LOS/NLOS conditions at each location,
causing the motion-dependent clock contribution to interact
with different noise and multipath levels throughout the
environment.

As a result of these combined factors, certain regions
become particularly sensitive to target motion and exhibit
noticeably larger dynamic errors. This observation is espe-
cially relevant in scenarios where high-speed motion is con-
fined to specific corridors or transit regions. In such cases,
explicitly identifying these areas allows the deployment
to be optimized accordingly, ensuring that the localization
infrastructure is optimized where motion-induced errors are
expected to be most critical.

The scope of the present study is analytical: it builds
on a static CRB core whose measurement-noise character-
ization was contrasted against experimental indoor UWB
ranging data in [24], extended here with a deterministic
kinematic term δv · t that follows algebraically from the pro-
tocol timing equations and introduces no empirical param-
eters requiring calibration. The comparative conclusions
across protocols therefore stem from the structure of the
bias terms and hold for any estimator operating on the
protocol timestamps. Quantifying how closely commercial
transceivers approach these bounds under motion requires
a geometry-controlled setup with hardware-synchronized,
submillimetre ground truth and configurable reply times;
a dedicated campaign based on a rotary test rig meeting
these requirements is being pursued as the experimental
continuation of this work.

VII. CONCLUSION

This work presents a formal definition and characteri-
zation of the motion-induced uncertainties in asynchronous
TWR localization systems, together with a systematic com-
parison under an optimized deployment framework across
methods, implementation strategies, and target velocities.

The results indicate that sequential TWR methods
achieve superior accuracy in static conditions but degrade
rapidly as motion increases, whereas parallel approaches
remain largely unaffected by movement yet constrained by
the incremental reply time. In addition, under symmetric or
near symmetric reply time conditions, SDS-based schemes
consistently outperform their SS counterparts, leading to
improved localization accuracy in these scenarios. SDS-
TWR tends to be more sensitive to motion than SS-TWR
due to its longer timing sequence, while TDoA, although it
may exhibit lower accuracy in low speed scenarios, remains
unaffected by target velocity, which may make it a relevant
alternative in high-speed applications.

These findings highlight that method selection can-
not rely on static performance alone. Instead, deploy-
ment decisions must consider expected target velocities,
feasible reply-time configurations, and scenario geome-
try. Notably, the observed sensitivity of sequential TWR
approaches raises concerns regarding the robustness of

commercial UWB systems that rely exclusively on sequen-
tial exchanges, as their accuracy may degrade substantially
in dynamic or high-speed environments if deployment con-
ditions are not carefully controlled. This reinforces the need
for careful selection of hardware and configuration pa-
rameters in dynamic scenarios, particularly in applications,
such as mobile robotics, AAVs, and high-speed autonomous
moblile robots (AMRs) where motion-induced effects be-
come increasingly relevant.

To summarize the main conclusions and practical im-
plications of this work:

1) sequential methods excel in static scenarios but ex-
hibit strong vulnerability to motion, limiting their
applicability in dynamic environments;

2) parallel implementations offer higher robustness to
movement but require carefully selected reply-time
increments to avoid collision-induced degradation;

3) SS-TWR consistently outperforms SDS-TWR under
motion due to its shorter and less sensitive ranging
sequence;

4) in sequential TWR systems, adding more sensors
may worsen accuracy at high speeds because of accu-
mulated motion-induced inconsistencies; selecting
only the sensors that remain coherent at the expected
velocity can mitigate this issue.
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Perez, J. Torres-Sospedra, and A. Moreira, “Comparing syn-
chronous and asynchronous UWB time-based localization systems
for autonomous mobile robots,” Neurocomputing, vol. 629, 2025,
Art. no. 129622.

[33] Y. Yoon and Y.-H. Kim, “An efficient genetic algorithm
for maximum coverage deployment in wireless sensor net-
works,” IEEE Trans. Cybern., vol. 43, no. 5, pp. 1473–1483,
Oct. 2013.

[34] J. Dıéz-González, P. Verde, R. Ferrero-Guillén, R. Álvarez, and
H. Pérez, “Hybrid memetic algorithm for the node location prob-
lem in local positioning systems,” Sensors, vol. 20, no. 19, 2020,
Art. no. 5475.

[35] J. Dıéz-González, R. Álvarez, L. Sánchez-González, L. Fernández-
Robles, H. Pérez, and M. Castejón-Limas, “3D TDOA problem
solution with four receiving nodes,” Sensors, vol. 19, no. 13, 2019,
Art. no. 2892.

[36] F. Geyer and D. Schupke, “Precise onboard aircraft cabin localization
using UWB and ML,” in Proc. IEEE Glob. Commun. Conf., 2022,
pp. 2032–2037.

[37] J. Zhou, L.J. Shen, and Z. Sun, “A new method of D-TDOA time
measurement based on RTT,” in Proc. MATEC Web Conferences,
2018, Art. no. 03018.

[38] R. Álvarez, J. Dıéz-González, P. Verde, R. Ferrero-Guillén, and H.
Perez, “Combined sensor selection and node location optimization
for reducing the localization uncertainties in wireless sensor net-
works,” Ad Hoc Netw., vol. 139, 2023, Art. no. 103036.

Rubén Ferrero-Guillén was born in Valencia,
Spain, in 1998. He received the B.S. degree in
aerospace engineering, the M.S. in aeronautical
engineering, and the Ph.D. degree in production
and computational engineering from the Univer-
sity of León, León, Spain, in 2020, 2022, and
2024, respectively .

Since 2018, he has been involved in research
projects as a Researcher within the SINFAB re-
search group, University of León. He is currently
a Lecturer in Mechanical Engineering with the

Department of Mechanical, Computer, and Aerospace Engineering, Uni-
versity of León. His research interests include localization and navigation
systems, applied artificial intelligence, Industry 5.0, and smart manufac-
turing.

14258 IEEE TRANSACTIONS ON AEROSPACE AND ELECTRONIC SYSTEMS VOL. 62 2026



Javier Díez-González was born in León, Spain,
in 1994. He received the B.S. degree in aerospace
engineering, the M.S. degree in aeronautical en-
gineering, and the Ph.D. degree in production
and computational engineering from the Uni-
versity of León, León, Spain, in 2016, 2018,
and 2020, respectively, and the M.S. degree in
artificial intelligence from the International Uni-
versity of Valencia, Valencia, Spain, in 2021.

He completed a leadership program with the
Francisco de Vitoria University, Madrid, Spain,

in 2017. He is currently a Researcher with the Department of Mechanical,
Computer, and Aerospace Engineering, University of León, León, Spain,
where he also serves as a Senior Lecturer in Mechanics. His research inter-
ests include high-performance localization, artificial intelligence, Industry
4.0 technologies, and the transition toward the human-centered Industry
5.0 paradigm.

Alberto Martínez-Gutiérrez was born in León,
Spain, in 1997. He received the bachelor’s de-
gree in automation and electronics, the mas-
ter’s degree in industrial engineering, and the
Ph.D. degree in production and computational
engineering from the University of León, León,
Spain, in 2019, 2021, and 2024, respectively.

Since 2018, he has been involved in several re-
search projects related to Industry 4.0, for which
he has received multiple awards. In 2020, he
joined the Department of Mechanical, Computer

and Aerospace Engineering, University of León, as a Researcher, and
in 2025, he was appointed Lecturer in Mechanical Engineering. He is
currently working on the development of a new type of robot for industrial
applications. His research interests include human–industry interaction
and the application of artificial intelligence in manufacturing.

Adriano Moreira (Senior Member, IEEE) re-
ceived the Licenciatura degree in electronics and
telecommunications engineering and the Ph.D.
degree in electrical engineering from the Uni-
versity of Aveiro - Portugal, Aveiro, Portugal, in
1989 and 1997, respectively.

He is currently an Associate Professor, with
Habilitation, with the School of Engineering,
University of Minho, Braga, Portugal, where he
is also a Researcher with the Algoritmi Research
Centre, and the Director of the MAP-tele doc-

toral program in Telecommunications. In the past few years he participated
in many research projects funded by national and European programs. He
has authored of more than 100 scientific publications in conferences and
journals, and authored one patent in the area of computational geometry.
His research interests include urban computing, human mobility analysis,
indoor positioning and simulation of wireless and mobile networks in
urban contexts. His research activities have been focused on the creation
of technologies for smart places.

Dr. Moreira, with his colleagues, was the recipient of the 1st prize on
the off-site track of the EvAAL-ETRI Indoor Localization Competition in
2015 and 2017. He is chairing the Steering Committee of the International
Conference on Indoor Positioning and Indoor Navigation, and is a member
of the International Conference on Localization and GNSS conference
Steering Committee.

FERRERO-GUILLÉN ET AL.: MOTION-INDUCED BIAS IN UWB ASYNCHRONOUS TWR 14259



<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Gray Gamma 2.2)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.4
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /sRGB
  /DoThumbnails true
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams true
  /MaxSubsetPct 100
  /Optimize true
  /OPM 0
  /ParseDSCComments false
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo false
  /PreserveFlatness true
  /PreserveHalftoneInfo true
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Remove
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
    /Algerian
    /Arial-Black
    /Arial-BlackItalic
    /Arial-BoldItalicMT
    /Arial-BoldMT
    /Arial-ItalicMT
    /ArialMT
    /ArialNarrow
    /ArialNarrow-Bold
    /ArialNarrow-BoldItalic
    /ArialNarrow-Italic
    /ArialUnicodeMS
    /BaskOldFace
    /Batang
    /Bauhaus93
    /BellMT
    /BellMTBold
    /BellMTItalic
    /BerlinSansFB-Bold
    /BerlinSansFBDemi-Bold
    /BerlinSansFB-Reg
    /BernardMT-Condensed
    /BodoniMTPosterCompressed
    /BookAntiqua
    /BookAntiqua-Bold
    /BookAntiqua-BoldItalic
    /BookAntiqua-Italic
    /BookmanOldStyle
    /BookmanOldStyle-Bold
    /BookmanOldStyle-BoldItalic
    /BookmanOldStyle-Italic
    /BookshelfSymbolSeven
    /BritannicBold
    /Broadway
    /BrushScriptMT
    /CalifornianFB-Bold
    /CalifornianFB-Italic
    /CalifornianFB-Reg
    /Centaur
    /Century
    /CenturyGothic
    /CenturyGothic-Bold
    /CenturyGothic-BoldItalic
    /CenturyGothic-Italic
    /CenturySchoolbook
    /CenturySchoolbook-Bold
    /CenturySchoolbook-BoldItalic
    /CenturySchoolbook-Italic
    /Chiller-Regular
    /ColonnaMT
    /ComicSansMS
    /ComicSansMS-Bold
    /CooperBlack
    /CourierNewPS-BoldItalicMT
    /CourierNewPS-BoldMT
    /CourierNewPS-ItalicMT
    /CourierNewPSMT
    /EstrangeloEdessa
    /FootlightMTLight
    /FreestyleScript-Regular
    /Garamond
    /Garamond-Bold
    /Garamond-Italic
    /Georgia
    /Georgia-Bold
    /Georgia-BoldItalic
    /Georgia-Italic
    /Haettenschweiler
    /HarlowSolid
    /Harrington
    /HighTowerText-Italic
    /HighTowerText-Reg
    /Impact
    /InformalRoman-Regular
    /Jokerman-Regular
    /JuiceITC-Regular
    /KristenITC-Regular
    /KuenstlerScript-Black
    /KuenstlerScript-Medium
    /KuenstlerScript-TwoBold
    /KunstlerScript
    /LatinWide
    /LetterGothicMT
    /LetterGothicMT-Bold
    /LetterGothicMT-BoldOblique
    /LetterGothicMT-Oblique
    /LucidaBright
    /LucidaBright-Demi
    /LucidaBright-DemiItalic
    /LucidaBright-Italic
    /LucidaCalligraphy-Italic
    /LucidaConsole
    /LucidaFax
    /LucidaFax-Demi
    /LucidaFax-DemiItalic
    /LucidaFax-Italic
    /LucidaHandwriting-Italic
    /LucidaSansUnicode
    /Magneto-Bold
    /MaturaMTScriptCapitals
    /MediciScriptLTStd
    /MicrosoftSansSerif
    /Mistral
    /Modern-Regular
    /MonotypeCorsiva
    /MS-Mincho
    /MSReferenceSansSerif
    /MSReferenceSpecialty
    /NiagaraEngraved-Reg
    /NiagaraSolid-Reg
    /NuptialScript
    /OldEnglishTextMT
    /Onyx
    /PalatinoLinotype-Bold
    /PalatinoLinotype-BoldItalic
    /PalatinoLinotype-Italic
    /PalatinoLinotype-Roman
    /Parchment-Regular
    /Playbill
    /PMingLiU
    /PoorRichard-Regular
    /Ravie
    /ShowcardGothic-Reg
    /SimSun
    /SnapITC-Regular
    /Stencil
    /SymbolMT
    /Tahoma
    /Tahoma-Bold
    /TempusSansITC
    /TimesNewRomanMT-ExtraBold
    /TimesNewRomanMTStd
    /TimesNewRomanMTStd-Bold
    /TimesNewRomanMTStd-BoldCond
    /TimesNewRomanMTStd-BoldIt
    /TimesNewRomanMTStd-Cond
    /TimesNewRomanMTStd-CondIt
    /TimesNewRomanMTStd-Italic
    /TimesNewRomanPS-BoldItalicMT
    /TimesNewRomanPS-BoldMT
    /TimesNewRomanPS-ItalicMT
    /TimesNewRomanPSMT
    /Times-Roman
    /Trebuchet-BoldItalic
    /TrebuchetMS
    /TrebuchetMS-Bold
    /TrebuchetMS-Italic
    /Verdana
    /Verdana-Bold
    /Verdana-BoldItalic
    /Verdana-Italic
    /VinerHandITC
    /Vivaldii
    /VladimirScript
    /Webdings
    /Wingdings2
    /Wingdings3
    /Wingdings-Regular
    /ZapfChanceryStd-Demi
    /ZWAdobeF
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 150
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages false
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 900
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.00111
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages true
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /ColorImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 150
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages false
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 1200
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.00083
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages true
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /GrayImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages false
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 1600
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.00063
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e55464e1a65876863768467e5770b548c62535370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc666e901a554652d965874ef6768467e5770b548c52175370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /DAN <>
    /DEU <>
    /ESP <>
    /FRA <>
    /ITA (Utilizzare queste impostazioni per creare documenti Adobe PDF adatti per visualizzare e stampare documenti aziendali in modo affidabile. I documenti PDF creati possono essere aperti con Acrobat e Adobe Reader 5.0 e versioni successive.)
    /JPN <>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020be44c988b2c8c2a40020bb38c11cb97c0020c548c815c801c73cb85c0020bcf4ace00020c778c1c4d558b2940020b3700020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken waarmee zakelijke documenten betrouwbaar kunnen worden weergegeven en afgedrukt. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /PTB <>
    /SUO <>
    /SVE <>
    /ENU (Use these settings to create PDFs that match the "Suggested"  settings for PDF Specification 4.0)
  >>
>> setdistillerparams
<<
  /HWResolution [600 600]
  /PageSize [612.000 792.000]
>> setpagedevice


