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Abstract— Cooperation among entities within networks for
information exchange and measurement is a promising paradigm
for high-accuracy positioning in automated vehicles. However,
due to imperfect clocks and inefficient wireless protocols, current
cooperative positioning techniques have inadequate accuracy and
timeliness. This paper presents a novel localization framework
for connected automated vehicles (CAVs) capable of achiev-
ing high-accuracy relative positioning with high update rates.
We design a signal-multiplexing network measuring (SNM) pro-
tocol to optimize the measurement update rates and propose new
range estimations to achieve high-accuracy ranging against clock
errors and mobility. Using range estimations, we develop a rel-
ative localization algorithm that leverages intra- and inter-node
cooperation with coordinate reference alignment to reconstruct
the geometric relationships among the nodes. Performance
analyses and simulation results demonstrate that our method
achieves high-accuracy positioning with timely updates, ensuring
reliability and robustness in asynchronous vehicle localization.

Index Terms— Mobile systems, cooperative localization, rela-
tive localization, network ranging and clock synchronization.

I. INTRODUCTION

HIGH-PRECISION localization are critical to intelligent
transportation systems, which influence driving safety,

traffic congestion, and the functioning of many innovative
applications such as autonomous driving [1], [2], [3]. The
global positioning system (GPS) is the most popular posi-
tioning, navigation, and timing service provider. However,
in GPS-challenged scenarios, including tunnels, undercover
areas, and urban canyons, and in safety-critical situations such
as collision avoidance and lane-level positioning [2], there is a
lacking of positioning and timing service with centimeter-level
localization accuracy, nanosecond-level synchronization preci-
sion, and millisecond-level response latency.
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Cooperation between vehicles and roadside infrastruc-
tures in information exchange and internal measuring is a
promising solution to high-accuracy positioning in intelligent
transportation systems. In cooperative intelligent transporta-
tion systems (C-ITSs), vehicles and other devices inside
the networks measure relative distances and directions and
exchange information with others, facilitated by the emergence
of vehicle-to-vehicle (V2V) and vehicle-to-everything (V2X)
technologies [2]. For C-ITSs to work, plenty of standards,
projects, and platforms are developed to specify the ideal,
and detailed discussions on the wireless technologies are
presented in [3], [4], [5], [6], and [7]. Despite their potential,
the accuracy and timeliness of current cooperative localization
methods remain challenging; most methods are augmentations
to GPS [8], [9], [10], [11], [12], and may not be applicable in
GPS-challenged scenarios. Various attempts have been made
to ameliorate performance from the perspective of cooperation
mechanisms and information fusion [13], [14], [15], [16].
However, the fundamental shortcoming of wireless positioning
and timing arises from the hardware of devices [2]. Affected
by voltage changes, ambient temperatures, hardware aging,
and other external factors, the clocks of different devices
are asynchronous even with careful initial calibration. Two
key factors must be taken into account: frequency deviations
(drifts) and offsets [17], [18], [19], [20], [21]. Fixed time
offsets associated with the clock boot time can be coordi-
nated through round-trip time (RTT), while the clock drift
issue is more complicated and rarely considered. For com-
mercial crystal-quartz clock oscillators, the clock frequency
deviation is typically tens of parts per million (ppm), which
will trigger meter-level ranging errors in milliseconds. Thus,
simple, efficient ways to achieve clock synchronization that
coordinates clock frequency for centimeter-level localization
and nanosecond-level timing are necessary.

A. Joint Clock Synchronization and Localization

Previous research has demonstrated various attempts at
joint clock synchronization and localization [22], [23], [24],
[25], [26], [27], [28], [29], [30], [31], [32], which can
be categorized into measuring ToFs and measuring TDoFs.
ToFs characterize the time taken by wireless signals from
transmitters to receivers and commonly require double-sided

1558-0016 © 2024 IEEE. Personal use is permitted, but republication/redistribution requires IEEE permission.
See https://www.ieee.org/publications/rights/index.html for more information.

Authorized licensed use limited to: Tsinghua University. Downloaded on October 06,2024 at 02:24:46 UTC from IEEE Xplore.  Restrictions apply. 

https://orcid.org/0000-0002-0513-7335
https://orcid.org/0000-0002-1634-9077
https://orcid.org/0000-0003-4925-7117
https://orcid.org/0000-0001-6108-5157
https://orcid.org/0000-0002-9396-1964


13730 IEEE TRANSACTIONS ON INTELLIGENT TRANSPORTATION SYSTEMS, VOL. 25, NO. 10, OCTOBER 2024

TABLE I
COMPARISON BETWEEN OUR WORK AND EXISTING WORKS

transmission. By contrast, TDoF measures the difference
between ToFs from multiple transmitters, where receivers
do not need to transmit measuring signals. For ToF esti-
mation, two-way ranging (TWR) methods that measure the
RTT between transmitters and receivers are popular, including
SDS-TWR [25], ADS-TWR [26], and alternative double-sided
TWR (AltDS-TWR) [27]. Ranging error analyses and field
tests have shown that AltDS-TWR in [27] is the most robust
one for pairwise ToF estimation [28]. For TDoF estimation,
there are S-TDOA [29], PER [30], and alternative passive
extended ranging (Alt-PER) method in [31], among which the
most popular one is PER [30].

The above methods focus on static scenarios; however,
mobility in transportation systems poses severe challenges for
clock synchronization and ranging. On one hand, mobility,
coupled with clock errors, renders the classic TWR for-
mulations ineffective. On the other hand, the mobility of
vehicles makes accuracy sensitive to measurement update
rates, especially in fast-moving scenarios [33], [34]. Two
potential solutions have been proposed in the literature. The
first one is the mobile pairwise least squares (MPLS) [32],
which is the first work accounting for the nodes’ mobility in
clock modeling without a priori of mobility. Using timestamps
generated by at least four signals and performing a least-square
estimation, MPLS can estimate pairwise ToFs in dynamic
scenarios. However, MPLS measures ToFs one-to-one, causing
the signal overhead to scale quadratically with the number
of nodes. In large-scale networks with multiple nodes, MPLS
will either incur long latency or occupy a large amount of
spectrum resources, which is unsatisfactory in congested and
safety-critical transportation scenarios. The second solution
is the signal-multiplexing network ranging (SM-NR) [35].
By replacing the conventional one-to-one mode with the one-
to-many, SM-NR can update measurements at the cost of
a linear signal overhead with the network scale. However,
SM-NR does not consider the users’ mobility. As a result,
although SM-NR can ensure high measurement update rates,
the accuracy of ToF/TDoF estimations suffers from a severe
loss. Up to now, a joint clock synchronization and network
ranging method, which has a high update rate and is robust
to the influence of users’ mobility, is still blank. Table I
summarizes the major features of these existing works.

B. Main Contributions
In this paper, we propose a high-efficiency cooperative

localization framework for asynchronous vehicles, as shown
in Fig. 1, which achieves precise relative positioning and
accurate clock synchronization with high measurement update
rates, ensuring reliable and robust performance in dynamic
scenarios. Our contributions are summarized as follows.

Fig. 1. Illustration of the proposed cooperative localization framework for
positioning on connected automated vehicles.

• We establish a cooperative localization framework for
CAVs, which ensures the timeliness and accuracy nec-
essary for accommodating larger swarm sizes and
fast-moving scenarios.

• We propose a SNM approach for vehicle positioning and
clock synchronization, which reduces the measurement
signal overhead from O(N 2) to O(N ) in N -node net-
works. ToF and TDoF estimations are derived to achieve
high-accuracy ranging with robustness to clock errors and
vehicle mobility.

• We develop a relative localization algorithm that lever-
ages both the intra-node and inter-node cooperation.
Through the data fusion of network measuring and inertial
measurement unit (IMU) sensing which incorporates
coordinate reference alignment for robustness enhance-
ment, the proposed algorithm can realize dynamic relative
localization with high accuracy.

The rest of the paper is organized as follows. In Section II,
we formulate the asynchronous vehicle localization problem.
In Section III and Section IV, we present the designed network
measuring protocol and the proposed ranging method. The
timeliness and accuracy are then analyzed in Section V.
In Section VI, we develop a cooperative relative localiza-
tion algorithm by leveraging spatial-temporal cooperation.
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Numerical simulation results are provided in Section VII, and
conclusions are drawn in Section VIII.

Notation: Variables, vectors, and matrices are written as
italic letters x , bold italic letters x, and bold capital italic
letters X , respectively. Random variables, random vectors,
and random matrices are denoted by sans serif letter x, bold
letters x, and bold capital letters X, respectively. Letters with
hats ˆ(·) denote estimations; ∥ · ∥ denotes the Euclidean norm
of its argument; [·]

T represents the transpose of the argument.

II. PROBLEM FORMULATION

A. Active-Silent Cooperative Localization Scheme
Consider an N -node transportation network, where a node

can be a vehicle or any device that may affect or may
be affected by, the vehicles. We propose a cooperative
localization scheme designed to enhance the timeliness of
asynchronous vehicle localization. This method optimizes the
wireless measurement protocol, combines wireless measure-
ments with IMU sensing, and can operate without relying on
anchors.

Our method assigns Na nodes working in active mode and
Ns nodes working in silent mode, with Na + Ns = N . Let
Na ≜ {1, 2, . . . , Na} and Ns ≜ {Na + 1, . . . , Na + Ns} denote
the index sets of active and silent nodes, respectively, andN ≜
Na ∪Ns. Active nodes will broadcast measuring signals, while
silent nodes will only receive signals from the active ones.
By designating a number of nodes to work in silent mode,
we can reduce the signal overhead of wireless measurements
and increase network capacity. Moreover, we will design meth-
ods that enable silent nodes to achieve ranging/localization
accuracy comparable to that of active nodes, without the need
for signal transmission.

1) Wireless Measurements: Wireless signals are transmit-
ted, received, and processed to measure relative distances
and directions between nodes. We define z(n)

k to characterize
the wireless measurements made by node n for the signal
transmitted at discrete time instant k as1

z(n)
k =

{
[t(n)

k φ
(n)
k ]

T, with arrays
t(n)
k , without arrays

(1)

where t(n)
k represents the time of arrival (ToA) or time of

departure (ToD) timestamp, and φ(n)
k denotes the angle of

arrival (AoA). Here, time instant k refers to the period in
which the k-th signal is emitted. Extensive research has been
conducted on how to extract ToAs and AoAs from waveforms,
such as [37], [38], and [39]. Since this topic is not the main
focus of this paper, we do not discuss it in the following.

Time-based ranging metrics are adopted for ranging bec-
ause they can provide high-resolution distance measurements.
However, achieving this level of accuracy necessitates precise
clock synchronization across different nodes, given that differ-
ent clocks inevitably count time at different rates. According

1The ranging principles we propose are also applicable in non-line-
of-sight (NLOS) and multipath environments. The methods of extending
these principles to such environments are demonstrated in our previous
work [35], [36].

to [18], [19], [20], [21], [40], [41], and [42] and the IEEE
802.15.4a standard, the clock time of node n at time instant k
can be modelled as:

t(n)
k = (1 + e(n)

k )t (n)
k + θ (n), k = 1, 2, . . . (2)

where t(n)
k and t (n)

k denote the observed timestamp and actural
time, respectveily, and θ (n) and e(n)

k denote the time offset
associated with the clock boot time and the clock frequency
deviation, respectively. Follow the IEEE 802.15.4a standard,
the clock frequency deviations e(n)

k is modeled as indepen-
dent normalized random variables bounded by [−emax, +emax]

[43], [44], [45]. Without careful calibration, these clock errors
can lead to ranging errors of tens of meters. The goal of joint
clock synchronization and ranging is to coordinate node clocks
and extract high-accuracy ranging results from timestamp
measurements.

2) IMU: In addition to wireless measurements, vehicles
are also equipped with IMUs to acquire time-series velocity
and acceleration information for positioning. Let v(n)

k and
a(n)

k denote the velocity and the acceleration measurements
obtained from the IMU of node n at discrete time instant k.

3) Spatial-Temporal Cooperation: Our localization scheme
exploits inter-node cooperation by exchanging measurements
via data communications. Specifically, node n1 ∈ N can
acquire the following elements from node n2 ∈ N \{n1} for
the purpose of information fusion in localization:

C(n2 7→)
k =

{
z(n2)

k , v(n2)
k , a(n2)

k

}
.

B. Relative Position Transformation

In transportation systems, to avoid collisions and manage
traffic, we want to determine the relative geometric relation-
ships among vehicles, other vehicles, and road infrastructures.
To achieve this, we perform relative localization, in which
the effects of translation, rotation, and reflection shall be
eliminated and the relative relationships between nodes are
recovered [15], [46], [47]. The detailed definitions of relative
localization are as follows:

Given a position estimation p̂ of the network, the equivalent
geometry of p̂ through transformation 9 = {0, ν} is defined
as

S9(p̂) = (I N ⊗ 0) p̂ + 1N ⊗ ν (3)

where 0 ∈ O(2) is the orthogonal rotation (including reflec-
tion) matrix and ν ∈ R2 is the translation vector. In terms
of relative localization, S9(p̂) is considered to be geometri-
cally equivalent to p̂. Then the relative position estimation
corresponding to p is p̂r = S9∗(p̂) where the optimal
transformation parameter is

9∗
= arg min

9

∥ p − S9(p̂)∥
2 (4)

which has a closed-form solution [15]. Therefore, the perfor-
mance of relative localization of a network with N nodes can
be evaluated by the normalized relative position error

εr =

√
1
N

∥∥p̂r − p
∥∥2

. (5)
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Fig. 2. Illustration of the protocol of SNM: active nodes recurrently broadcast
signals for internal measuring, whereas silent nodes only receive.

III. SIGNAL-MULTIPLEXING NETWORK MEASURING

The mobility of vehicles imposes strict timeliness require-
ments on the measurement updates, especially in fast-moving
scenarios. In this section, we optimize the network measuring
protocol to provide the freshest information for ranging and
positioning. We employ a broadcasting transmission mode for
wireless measurements, in contrast to the unicasting mode
commonly used in related works [25], [26], [27], [28], [29],
[30], [31], [32]. With this transformation, we present a network
measuring protocol via signal-multiplexing, where multiple
TWR operations are conducted simultaneously. As analyzed in
Section V, this protocol will significantly expedite the overall
measuring process and enhance efficiency.

A. SNM Protocol
An illustration of the proposed SNM protocol is shown in

Fig. 2. The order of measuring signal transmissions is preset.
Without loss of generality, assume the signal transmission
order follows the index number.

Recurrent Measuring: Active node 1 launches the network
measuring process by transmitting the first measuring signal.
Upon receiving this signal, active node 2 waits for a preset
delay I (2) before transmitting the second signal. By analogy,
each active node progressively emits measuring signals after
its respective preset delays. Once active node Na transmits
its signal, we say one run of the network measuring process
completes. A new run begins with active node 1 transmitting
again after a delay of I (1). The initialization of SNM requires
two rounds of signal transmission, with each active node
transmitting twice in a sequential order.

In the r -th run when active node n (n ∈ Na) is broadcasting,
the index of time instant is k = (r − 1)Na + n. SNM sets
constant sending delays in different runs, i.e.,

tk − tk−1 = · · · = tk−(r−1)Na − tk−(r−1)Na−1 = I (n). (6)

The purpose of this design is to achieve clock synchronization,
and a detailed explanation will be provided in Section IV-A.

B. Range Parameters

Let p(n)
k denote the position of node n at time instant k. With

timestamp measurements, one can determine absolute ranges
and differential ranges for active and silent nodes, respectively,
which are defined as follows:

• Absolute ranges are the ranges between two nodes. Let

d(i, j)
k and T (i, j)

oFk
respectively denote the absolute range

and the ToF between nodes i and j at time instant k,
which satisfies d = cToF where c is the signal transmis-
sion speed. The ToF is defined as

T (i, j)
oFk

:=
1
c
∥ p(i)

k − p( j)
k ∥ (7)

• Differential ranges are range differences between node
pairs. Consider silent-active node pairs (i, s) and ( j, s),
where node s is a silent node and nodes i and j are two
active nodes. The differential range between them at time
instant k is defined as

R(s;i, j)
k = d(i,s)

k − d( j,s)
k

and satisfies R(s;i, j)
:= cT (s;i, j)

R with TDoF being defined
as

T (s;i, j)
Rk

:=
1
c

[
∥ p(i)

k − p(s)
k ∥ − ∥ p( j)

k − p(s)
k ∥

]
(8)

and obeying T (s;i, j)
R = T (i,s)

oF − T ( j,s)
oF .

Within an asynchronous network with Na active nodes and
Ns silent nodes,

(Na
2

)
absolute ranges among active nodes and

Ns
(Na

2

)
differential ranges can be determined:

D = {d(i, j)
|{i, j} ⊂ Na, and i ̸= j}

R = {R(s;i, j)
|s ∈ Ns, {i, j} ⊂ Na, and i ̸= j}. (9)

Here, we investigate fully-connected networks, where all nodes
can receive every measuring signal. Our approach is also
valid for partially connected networks, with the expansion
process following the same principles presented in our earlier
work [35], which is omitted due to space constraints.

The dynamic nature of vehicle networks necessitates the
continual updating of the sets D and R in (9), with the
update frequency being a critical factor. In SNM, during one
transmission cycle, every range parameter in (9) will undergo
two updates. Each measuring signal will do an update on
Na−1 absolute ranges and Ns(Na−1) differential ranges asso-
ciated with the transmitter. Specifically, when active node i
broadcasts, the range parameters below will update,

Dk = {d(i, j)
k | j ∈ Na\{i}}

Rk = {R(s;i, j)
k |s ∈ Ns, j ∈ Na\{i}}. (10)

In Section V, we will show that SNM owns the highest
measurement update rates in the state-of-the-art methods, thus
providing the freshest information for ranging and positioning.

IV. CLOCK SYNCHRONIZATION AND NETWORK
RANGING IN MOBILE SYSTEMS

To achieve robust range estimation, we propose a joint
clock synchronization and network ranging strategy designed
to solve the following ML problem:

D⋆
k,R

⋆
k, e

⋆, v⋆
k := argmax

Dk ,Rk ,e,vk

ℓe(Ok ;Dk,Rk, e, vk) (11)

where ℓe(· ; ·) denotes the likelihood function with respect
to frequency deviations e = [e(1) e(2)

· · · e(N )
]
T, Ok =

{t(n)
m |1 ≤ m ≤ k, n ∈ N } are timestamp observations, and

vk = [(v
(1)
k )T (v

(2)
k )T

· · · (v
(N )
k )T

]
T denotes velocity.
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Fig. 3. Illustration of the timestamps captured by SNM, where the curved
lines depict that the timestamps are influenced by both time-varying distances
and clock drifts.

Solving (11) directly is difficult owing to its non-convex
nature. To solve (11), our method first decouples mobility and
clock errors, then achieves clock synchronization, and finally
determines the time-varying ranges. For ease of illustration,
we demonstrate the ranging method using 3-node cases in
Section IV-A and extend it to network settings in Section IV-B.

A. ToF and TDoF Estimations

Taking active nodes 1 and 2 and silent node s as an illus-
tration. We estimate d(1,2)

k and R(s;1,2)
k by calculating T (1,2)

oFk

and T (s;1,2)
Rk

, defined in (7) and (8), respectively. Considering

k = 4 where each active node has transmitted twice and
the timestamp measurements are O4 = {t(n)

k |1 ≤ k ≤ 4,

n = 1, 2, s}.
1) Mobility: As shown in Fig. 3, the TWR formulation for

dynamic systems without clock errors can be described as

t (1)
4 − t (1)

1 − (t (2)
4 − t (2)

1 ) = T (1,2)
oF1

+ T (1,2)
oF4

t (2)
3 − t (2)

2 − (t (1)
3 − t (1)

2 ) = T (1,2)
oF2

+ T (1,2)
oF3

(12)

where the RTTs on the left-hand side (LHS) and the ToFs on
the right-hand side (RHS) are, respectively, what we measure
and what we want. When nodes are mobile, the ToF at
time instant 4 may differ from that at times 1 to 3, and
then the unknown variables in (12) outnumber the equations,
resulting in the failure of classical TWR methods. Although
commercial IMUs on vehicles provide velocity information,
their precision limitations can result in synchronization errors
exceeding tens of nanoseconds and ranging errors exceeding
tens of centimeters.

To enable ranging and clock synchronization in dynamic
scenarios, we introduce an additional assumption to address
the issue of having more unknowns than equations in (12).
Allowed by the relationship between acceleration, measuring
period, and ToF, we assume uniform motion between pairs
within one ranging period. In this case, the relative velocity
between nodes 1 and 2 is considered constant during the time
interval (t1, t4). This assumption is reasonable because the
average accelerations of commercial vehicles are typically less
than five meters per second squared (depending on vehicle
types), and the duration of one ranging period is around tens
of milliseconds. The distance errors introduced by this uniform
motion approximation are on the millimeter scale. Given that
the accuracy of the best ToA techniques is at the centimeter
level [48], [49], we believe such an approximation is close in
practice.

Denoting the LHS of (12) as

β1 = t (1)
4 − t (1)

1 − (t (2)
4 − t (2)

1 )

β2 = t (2)
3 − t (2)

2 − (t (1)
3 − t (1)

2 )

Applying the first-order Taylor expansion to (12), we obtain2

β1 ≈ 2T (1,2)
oF4

−
( p(1)

4 − p(2)
4 )T

∥ p(1)
4 − p(2)

4 ∥

(t (1)
4 − t (1)

1 )
v

(1,2)
1:4
c

β2 ≈ 2T (1,2)
oF4

−
( p(1)

4 − p(2)
4 )T

∥ p(1)
4 − p(2)

4 ∥

(t (1)
4 − t (1)

3 + t (1)
4 − t (1)

2 )
v

(1,2)
1:4
c

(13)

where v
(1,2)
1:4 := v

(1)
1:4 − v

(2)
1:4 denote the relative velocity

between nodes 1 and 2 during the time interval t ∈ (t1, t4).
From (13), we can derive a ToF estimation that does not
require knowledge of velocity, given by

T (1,2)
oF4

=
β1(2t (1)

4 − t (1)
3 − t (1)

2 ) − β2(t
(1)
4 − t (1)

1 )

2(t (1)
4 − t (1)

2 + t (1)
1 − t (1)

3 )
. (14)

This ToF expression eliminates the necessity of knowing
velocities, enabling us to extract ToFs directly from timestamp
measurements. Next, we will elucidate the principle behind our
ranging method for addressing clock errors.

2) Clock Synchronization: Due to the absence of a time
server in the system, the vehicle system cannot ascertain
the actual time for synchronization. Thus, we establish a
synchronization time, which maintains a global average time
as global time. Then, all node clocks stay synchronized with
the synchronization time.

Definition 1: Synchronization time is defined as a function
of timestamps, T (n)

= f ({t (n)
k }), such that T (1)

= T (2).
Remark 1: When active nodes schedule signals to send

by a fixed delay, t (n)
4 − t (n)

2 + t (n)
3 − t (n)

1 can serve as a
synchronization time for nodes 1 and 2. See Appendix A for
a discussion of why such an expression T (n) can be used as
a synchronization time.

Using synchronization time, we eliminate clock errors as
follows. Recall the timestamp model in (2). The true values
of timestamps are {t (n)

k } and we have {t(n)
k } within clock errors

in practice. We can eliminate both clock drifts and time offsets
in t(n)

k − t(n)

k′ using the LHS operation described below:

T
T(n)

(t(n)
k − t(n)

k′ ) = t (n)
k − t (n)

k′

where T = T (1)
= T (2), T(n)

= f ({t(n)
k }) represents the

synchronization time measurement at node n. Given that the
actual synchronization time T is unknown, we derive an
estimation, defined by

T̂⋆
= argmax

T
ℓe

(
{t(1)

k }
4
k=1, {t

(2)
k }

4
k=1 ; T

)
(15)

where e = [e(1) e(2)
]
T. Then, we mitigate clock errors in

t(n)
k − t(n)

k′ through the operation below

T̂⋆

T(n)
(t(n)

k − t(n)

k′ ) (16)

2Given the nanosecond-level signal propagation time, we assume that node
movements during signal transmission can be neglected, similar as MPLS in
[32].
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aligning node n with the synchronization time.
Remark 2: The exact expression of synchronization time

estimation in (15) depends on the distribution of clock
drift parameters, which highly depends on the physical
characteristics of clocks. To explain (15), we take the uni-
form distribution as an example. When the clock frequency
deviation is uniformly distributed in [−emax, + emax], the
estimation of T takes the form of T̂⋆

= max
{
T(1), T(2)

}
/

(1 + emax).
3) ToF Estimation: We now have all the ingredients

required to derive a ToF estimation that is robust to clock
errors and node mobility. Using (14) along with (16) yields
the proposition below.

Proposition 1: For the clock deviation parameter e(n) with
the probability density function (PDF) he(n)(·), an estimation
of the ToF between nodes 1 and 2 at time instant 4 can be
expressed as

T̂(1,2)⋆

oF4
=
β1(2t(1)

4 − t(1)
3 − t(1)

2 ) − β2(t
(1)
4 − t(1)

1 )

2(t(1)
4 − t(1)

2 + t(1)
1 − t(1)

3 )
(17)

where β1 and β2 are given by

β1 =
T̂⋆

T(1)
(t(1)

4 − t(1)
1 ) −

T̂⋆

T(2)
(t(2)

4 − t(2)
1 )

β2 =
T̂⋆

T(2)
(t(2)

3 − t(2)
2 ) −

T̂⋆

T(1)
(t(1)

3 − t(1)
2 )

in which T̂⋆ is given in (15).
4) TDoF Estimation: Consider the TDoF estimation for

silent node s. Using the same derivation method as in ToF
estimation, we obtain the estimation of the TDoF.

Proposition 2: An estimation of the TDoF between
active-silent pairs (1, s) and (2, s) at time instant 4 can be
described as

T̂(s;1,2)⋆

R4
=

T̂⋆

T(2)
(t(2)

4 − t(2)
3 ) −

t(s)4 − t(s)3

t(s)3 − t(s)1

·
T̂⋆

T(1)
(t(1)

3 − t(1)
1 )

+ T̂(1,2)⋆

oF3
(18)

where T̂⋆ is given in (15) and T̂(1,2)⋆

oF3
is the ToF estimation at

time instant 3.
Proof: See Appendix B. □

B. Network Ranging and Clock Synchronization

We generalize the above ToF/TDoF estimations from 2-node
cases to a network version.

As shown in Fig. 2, during the r -th run, when active node i
broadcasts, we utilize the timestamps from the following time
instants to estimate the ToF between active nodes i and j and
the TDoF between the active-silent pairs (i, s) and ( j, s):

k1 =

{
k − (i − j) − Na, for j < i
k + ( j − i) − 2Na, for j > i

(19)

k3 =

{
k − (i − j), for j < i
k + ( j − i) − Na, for j > i

(20)

k2 = k − Na, and k4 = k. The expressions for the ToF and the
TDoF estimations are given below.

Proposition 3: A ToF estimation between nodes i and j
at time instant k (k4) when active node i broadcasts is given
by

T̂
(i, j)⋆
oFk

=
β1(2t

( j)
k4

− t
( j)
k3

− t
( j)
k2

) − β2(t
( j)
k4

− t
( j)
k1

)

2(t
( j)
k4

− t
( j)
k2

+ t
( j)
k1

− t
( j)
k3

)
(21)

where

β1 =
T̂⋆

T( j) (t
( j)
k4

− t
( j)
k1

) −
T̂⋆

T(i) (t
(i)
k4

− t(i)k1
)

β2 =
T̂⋆

T(i) (t
(i)
k3

− t(i)k2
) −

T̂⋆

T( j) (t
( j)
k3

− t
( j)
k2

)

in which the synchronization time is fabricated as

T(x) ≜ t(x)
k4

− t(x)
k2

+ t(x)
k3

− t(x)
k1

, for x = i, j (22)

with estimation T̂⋆
= argmax

T
ℓe(i),e( j)

(
T(i), T( j)

; T
)
. For

silent node s, an estimation of the TDoF between active-silent
pairs (i, s) and ( j, s) obeys

T̂
(s;i, j)⋆
Rk

=
T̂⋆

T( j) (t
( j)
k4

− t
( j)
k3

) −
t(s)k4

− t(s)k3

t(s)k3
− t(s)k1

T̂⋆

T(i) (t
(i)
k3

− t(i)k1
)

+ T̂
(i, j)⋆
oFk3

, when j transmits. (23)

Proof: See Appendix-C. □
Remark 3: We present a synchronization time that can

coordinate the clocks of all nodes within the network for
static scenarios in [35]. However, in dynamic scenarios, the
mobility of nodes prevents the establishment of a global
synchronization time. Thus, we are limited to coordinating the
clocks of only two nodes.

According to (21) and (23), computing a ToF estimator
requires six multiplication and three division operations, and
computing a TDoF estimator requires nine multiplication and
six division operations. Thus, in our distributed localiza-
tion scheme, to acquire all

(Na
2

)
ToFs and Ns

(Na
2

)
TDoFs,

each node incurs a computational load of 4.5Na (Na − 1) +

7.5Ns Na (Na − 1) FLOPS.3 The computational complexity of
other popular ranging methods can be found in [35, Table IV].
The computational complexity of the proposed method is low.

V. PERFORMANCE ANALYSIS

The performance of the proposed SNM method for joint
clock synchronization and ranging in dynamic scenarios are
analyzed with three benchmarks:

• Benchmark 1 (AltDS-TWR [27]): The best-performed
ToF estimation method in static scenarios [28], which
measures one range using three measuring signals.

• Benchmark 2 (MPLS [32]): A ToF estimation method
for mobile scenarios, which measures one absolute range
using M wireless measuring signals (M ≥ 4).

• Benchmark 3 (PER [30]): A popular TDoF esti-
mation method. Note that PER needs to work with
ToF estimation methods such as AltDS-TWR [27] and
MPLS [32]. Here, we consider the combination of PER
and AltDS-TWR.

3In a centralized localization manner, the center unit performs
4.5Na (Na − 1)+7.5Ns Na (Na − 1) FLOPS, without distributing them across
individual nodes.
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TABLE II
COMPARISON OF DIFFERENT NETWORK MEASURING SCHEMES FOR JOINT RANGING AND CLOCK SYNCHRONIZATION

A. Efficiency

The measurement updates are desired to be as high as
possible to provide the freshest information for ranging and
positioning. We propose the following metrics to evaluate the
timeliness of measuring methods.

Definition 2: Define the measurement update rate as the
number of ToF and TDoF parameters that can be updated per
measuring signal.

Definition 3: Define the peak age of information (PAoI) of
the ToF/TDoF estimation as maxk,k′(tk − tk′), where k and k′

are the current time instant and the time instant of the last
update, respectively. The notion of PAoI gauges the update
interval and implicitly captures the freshness of measurements.

For ease of expression, we introduce the following nota-
tions. The maximal sending delay between two measuring
signals is denoted as Imax, which is typical at a ten-millisecond
level. In one signal run, notation δ

(n)
i, j = t (n)

j − t (n)
i denotes the

time interval made by node n between the measuring signals
from active nodes i and j . Let vmax represent the maximum
relative velocity value between two nodes.

Table II shows the update rates and peak age of information
for different ranging schemes in a network with Na active
and Ns silent nodes. The proposed SNM achieves the highest
update rate among state-of-the-art methods and delivers the
freshest range information as it has the minimum peak age of
ToF estimation. In dynamic environments, frequent updates of
measurements ensure access to the freshest data, thus dimin-
ishing the ranging/localization errors incurred by outdated
measurements. This efficiency enhancement originates from
the optimized protocol that maximizes signal utilization. Such
results indicate the usability and effectiveness of our ranging
method for vehicular systems requiring low latency.

B. Effectiveness

Next, we analyze the range estimation error in dynamic
systems. The ranging error between nodes i and j at the

k-th time instant is defined as ω(i, j)
k = d̂

(i, j)
k − d(i, j)

k . Due
to the combined impact of clock errors and vehicle mobility,
ranging errors consist of two components: those arising from
inaccuracies in ToF estimations and those from measurements
that have become outdated. The proposition below character-
izes the worst-case scenario for ToF estimation accuracy in
the proposed SNM method. The accuracy of the TDoF within

SNM is in the same order as ToF. Its analysis is omitted due
to space constraints.

Proposition 4: The worst-case performance for the range
estimation d̂

(i, j)
k of the SNM method can be described by

max
e

{∣∣∣ω(i, j)
k

∣∣∣} =
2emax

1 + emax
d(i, j)

k−Na+2 + (Na − 2)Imaxvmax.

(24)

Proof: For the error induced by clock drifts, the
worst-case performance can be characterized by the bound
below

|ω
(i, j)
k |

(a)
=

∣∣∣argmax
T

2∏
n=1

he(n)

(
T(n)

; T
)

T
− 1

∣∣∣d(i, j)
k

(b)
≤

2emax

1 + emax
d(i, j)

k (25)

where (a) elicits the range estimation error from clock drifts
and inequality (b) is based on the clock frequency deviation
parameter e(n) which uniformly falls in the bounded interval
[−emax, +emax]. For the error induced by outdated measure-
ments, we can derive it from the peak age of information,
which gives the second term on the RHS of (24). □

The last column in Table II demonstrates the accuracy of
different measuring schemes.4 Compared with existing ranging
methods, the SNM method provides the high-accuracy range
results with the highest update rates. In networks with large
Na, it can be verified that the aging of information will become
the dominant factor in range errors, which demonstrates the
necessity of our effort to optimize the protocol to acquire
the freshest information for ranging. In summary, our scheme
eliminates the undesired effect of vehicle mobility, mitigates
clock drifts, and boosts measuring update rates to decrease
the ToF estimation error. To further verify the conclusion,
numerical comparisons are shown in Section VII.

VI. COOPERATIVE LOCALIZATION
IN DYNAMIC SCENARIOS

This section shows how to realize high-accuracy relative
positioning on CAVs in a distributed way, which exploits

4The ToF of the MPLS is calculated through optimization without expres-
sions. Numerical results in [32] show that the range error incurred by clock
drifts grows linearly with emax.
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intra- and inter-node cooperation with coordinate reference
alignment to recover the geometric relationships.

A. Joint Network Localization Algorithm

The network relative position estimation can be initialized
by the static relative localization algorithm in our previ-
ous work, where the multidimensional scaling (MDS)-based
method and the Newton’s method are adopted to minimize
the least square cost function [35]. The main focus in this
subsection is to realize distributed relative localization for
dynamic scenes, in which we propose a scheme that combines
particle filtering (PF) and dead reckoning (DR) to fuse the
wireless signals and the IMU measurements for intra- and
inter-node cooperation.5

Consider the general case where the network isn’t fully-
connected. Denote the neighbor sets that share LOS paths to
node n as N (n). At each time instant, the active nodes will
broadcast their states and observations to the neighbors for
cooperative localization. We denote the local state vector and
the neighbor state vector of node n at time instant k as

x(n)
k =

[
p(n) T

k , v
(n) T
k , a(n) T

k

]T
,

x(n)

N ,k =

[
p(n) T
N ,k , v

(n) T
N ,k , a(n) T

N ,k

]T
(26)

where the position, velocity, and acceleration vector of node
n’s neighborhood N (n) are p(n)

N ,k =
[

p( j) T
k

]T
j∈N (n) , v

(n)

N ,k =[
v

( j) T
k

]T
j∈N (n) , and a(n)

N ,k =
[
a( j) T

k
]T

j∈N (n) , respectively.

Correspondingly, the absolute range measurements (for active
node n) and the differential range measurements (for silent
node m) in the neighborhood are denoted by d(n)

N ,k =[̂
d

(n, j)
k

]T
j∈N (n) and R(m)

N ,k =
[
R̂

(m;i, j)
k

]T
i, j∈N (m) , respectively.

The IMU can provide measurements for the velocity and
acceleration vector, z(n,IMU)

N ,k =
[
v(n) T

k , v(n) T
N ,k , a(n) T

k , a(n) T
N ,k

]T.

Then we concatenate them as the complete neighborhood
measurement vector for the active and silent nodes

z(n)

N ,k =

[
d(n) T
N ,k , z(n,IMU) T

N ,k

]T
, n ∈ Na;

z(m)

N ,k =

[
R(m) T
N ,k , z(m,IMU) T

N ,k

]T
, m ∈ Ns. (27)

The goal of distributed dynamic relative localization for a
node n is to estimate its local geometry

[
p(n) T

k , p(n) T
N ,k

]T at
each time instant k. Considering multi-sensory information
fusion, since the IMU measurements usually have higher
updating frequency than the wireless signals, we can perform
the intact PF when both the wireless signals and the IMU
measurements are available, and perform DR when only the
IMU measurements are obtained, as shown in Fig. 4. The
dynamic localization process is similar for both the active and

5While some variants of Kalman Filter, e.g. Unscented Kalman Filter, are
effective in the discussed scenario with less computational effort, we have
chosen to apply PF for its high accuracy and versatility. Firstly, the dimension
of the state vector is network scale-invariant, namely 6 in our case, and thus
the computational burden of PF is tolerable in practical implementation and
guarantees better accuracy. Secondly, PF can adapt to a range of models and
noise distributions, allowing for the flexible customization of implementation
details in various real-world application settings.

Fig. 4. The proposed dynamic relative localization framework that combines
PF and DR.

silent nodes while only the observation models are different,
and thus we won’t distinguish between the mode of nodes in
the following algorithm descriptions.

For particle filtering, assign Np particles for each node with
particle states

{
x(n,l)

k
}Np

l=1 and weights
{
w

(n,l)
k

}Np
l=1. The state

transition model and the observation model for PF are

x(n,l)
k = f k

(
x(n,l)

k−1
)
+ n(n,l)

state,k (28)

z(n,l)
N ,k = hk

(
x(n,l)

k , x(n,l)
N ,k

)
+ n(n,l)

obs,k (29)

where the state transition function f k(·) can be derived by
time integration, the observation function hk(·) comes from
the definitions of measurements, and the state transition noise
n(n,l)

state,k ∼ N
(
0, Q(n)

k
)

and the observation noise n(n,l)
obs,k ∼

N
(
0, R(n)

k
)

are assumed Gaussian. Note that f k(·) and hk(·)

could be time-variant due to the changeable link connections.
The specific procedures of PF is standard and can refer to [50],
which are omitted due to the limited space. After each round
of particle filtering, the particle states and weights are updated,
and the PF state estimation is obtained by

x̂(n,PF)
k =

Np∑
l=1

w
(n,l)
k x(n,l)

k . (30)

For dead reckoning, the state transition model is similar to
that of the PF model with the IMU measurements considered
as the control vectors

x(n,l)
k = f IMU

k
(
x(n,l)

k−1 , z(n,IMU)
k−1

)
+ n(n,l)

state,k . (31)

During DR, we only update the particle states but leave their
weights unchanged. The DR state estimation is simply derived
from the state transition function

x̂(n,DR)
k = f IMU

k
(̂
x(n)

k−1, z
(n,IMU)
k−1

)
. (32)

In this way, the PF and DR process are combined to realize
multi-source information fusion and obtain the local geometry
estimation of each node in dynamic scenes.

Remark 4: In distributed relative localization, originally
each node only derives the local geometry of its neighborhood.
If the relative positions of the whole network is desired,
geometry merging can be performed to broadcast and merge
the local ones for the global estimation [51].

B. Coordinate Reference Alignment
In this subsection, we further consider the different charac-

teristics between relative localization and absolute localization,
and propose specific improvements to the algorithm above.

In distributed systems with harsh link connections, since
each node actually performs the relative localization for the
local geometry in its own coordinate reference frame, the
coordinate datum of each node may differ, and can have cumu-
lative drift over time due to the lack of absolute references.
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Thus directly utilizing the broadcasted neighbor states for
particle filtering can lead to extra performance loss. To tackle
this problem, we propose the coordinate reference alignment
(CRA) scheme to calibrate the shared information from the
neighbors and unify the local coordinate datum.

The general idea is that each node maintains a list of
calibration parameters that characterize the difference between
its own coordinate reference and each of its neighbor’s

2
(n)
k =

[
· · · ϑ

j→n
k · · ·

]
j∈N (n) (33)

where the calibration parameter that transforms the coordinates
from frame j to frame n is

ϑ
j→n
k =

[
δp

j→n T
k , δα

j→n
k , o

j→n T
k

]T (34)

with rotation δα
j→n
k around the center point o

j→n
k and

translation δp
j→n
k . The calibration parameters are updated

alongside with the PF procedure, and thus the information
shared between different coordinate reference frames can be
aligned in real time.

Denote the estimated positions of node j in a certain
reference frame i as p̂

( j)
k,{i}. Then after receiving p̂

( j)
k,{ j}, node n

can transform it from frame j to its own frame n by

p̃
( j)
k,{n}

= R(δα
j→n
k )

(̂
p

( j)
k,{ j} − o

j→n
k

)
+ o

j→n
k + δp

j→n
k (35)

where R(δα
j→n
k ) is the rotation matrix with respect to δα

j→n
k .

With such transformation, we can derive the calibrated neigh-
bor state vector x̃(n)

N ,k,{n}
, and then node n can perform PF

precisely in its own coordinate reference frame.
The initialization for 2

(n)
0 can be determined according

to the initial localization results of the network. Then we
consider the update for the calibration parameters. Utilizing
the estimated x̂(n,PF)

k , we further perform backward calibration
for the neighbor states, during which the neighbor state
vector x(n)

N ,k,{n}
is considered as the optimization variable, and

x̂(n,PF)
k is considered as the known parameter for the obser-

vation model of the current system. This can be achieved by
least square optimization with the form

x̂(n)

N ,k,{n}
= x̃(n)

N ,k,{n}
+ K (n)

k

(
z(n)

N ,k − H(n)
k x̃(n)

N ,k,{n}

)
(36)

where H(n)
k is the linear approximation matrix of the obser-

vation model, and K (n)
k is the optimal coefficient matrix,

the trivial details of which are omitted due to the limited
space. Then 2

(n)
k can be updated according to the trans-

formation from the original neighbor state x(n)

N ,k,{ j} to the

refined x̂(n)

N ,k,{n}
, which eliminates the cumulative drift between

different coordinate reference frames.
By this refinement for the PF process, the distributed relative

localization can be performed in a more robust and accurate
manner, especially when a considerable number of commu-
nication links are disconnected. The complete procedure is
summarized in Algorithm 1.

Remark 5: Note that we cannot simply incorporate the
calibration parameters into the particle states for “joint esti-
mation” in the context of relative localization. The challenge

Algorithm 1 Distributed Dynamic Network Localization for
Active and Silent Nodes
Input: The neighborhood measurement vectors z(n)

N ,k, n ∈

N , k = 1, 2, . . .

Output: Position estimations p̂(n)
k , n ∈ N , k = 1, 2, . . .

1: Initialize the relative position estimation p̂(n)
0 according

to [35] and the calibration parameter 2
(n)
0 (n ∈ N );

2: Initialize the particle filter parameters
{
x(n,l)

0
}Np

l=1 and{
w

(n,l)
0

}Np
l=1 for n ∈ N ;

3: for k = 1, 2, . . . , nodes n ∈ N in parallel do
4: if complete observations z(n)

N ,k received then
5: Perform CRA with calibration parameter 2

(n)
k−1

by (35) to obtain the calibrated neighbor state
x̃(n)

N ,k,{n}
;

6: Update the particle states according to the PF state
transition model (28);

7: Perform particle filtering and obtain p̂(n,PF)
k by (30);

8: Perform backward calibration by (36) and update
2

(n)
k accordingly;

9: else if only IMU observations z(n,IMU)

k′ received then
10: Update the particle states according to the DR state

transition model (31);
11: Perform dead reckoning and obtain p̂(n,DR)

k′ by (32);
12: end if
13: end for
14: return Position estimations p̂(n)

k , n ∈ N , k = 1, 2, . . .

Fig. 5. The simulation scenario of a 300m×300m square plane, which
includes three vertical roads and three horizontal roads.

lies in the inability to achieve optimal state estimation by
directly averaging the particle states (including node states
and calibration parameters) in different reference frames, due
to the absence of uniform coordinate datum. The optimal joint
estimation needs further investigation.

Remark 6: With appropriate modifications, the proposed
scheme can be extend to scenarios where absolute informa-
tion is available. On the one hand, when anchor exists, the
estimated network geometry can be transformed into absolute
positions according to (4) by minimizing the absolute error
with respect to the anchors. On the other hand, when absolute
coordinate datum (e.g. GNSS signal) exists, we can modify
the update manner of the calibration parameters to transform
the local reference frames to the absolute reference frames.
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Fig. 6. The root mean square errors (RMSEs) of (a) absolute ranges and (b) differential ranges against the maximal velocity vmax.

In summary, we establish a cooperative localization frame-
work for asynchronous vehicle networks, which achieves
high-accuracy relative positioning and clock synchronization
by exploiting spatial-temporal cooperation in a distributed
way. Particularly, we exploit the intra-node cooperation by
incorporating IMU and wireless measurements, which refines
nodes’ states relative to those in previous instants. We reap the
inter-node cooperation benefits through information exchange
such that nodes aggregate more information for state updates.
The cooperation scheme is distributed since, for practical
implementation, distributed localization is more flexible, scal-
able, and safer as the nodes infer and refine states locally.

VII. NUMERICAL SIMULATION RESULTS

In this section, we numerically evaluate the effectiveness
and efficiency of the proposed SNM method and the rela-
tive localization algorithm with four benchmarks. Except for
AltDS-TWR [27], MPLS [32], and PER [30] aforementioned
in Section V, our parallel work SM-NR [35], which is a
hybrid of ToF and TDoF estimation method for static sce-
narios, is also compared. Starting from the (Na + 1)-th time
instant, SM-NR can update

(Na
2

)
absolute ranges and Ns

(Na
2

)
differential ranges per time instant.

Unless particularly specified, we consider a 2-D scenario
with Na = 10 active nodes and Ns = 2 silent nodes, then there
are

(Na
2

)
= 45 absolute ranges and Ns

(Na
2

)
= 90 differential

ranges to be measured. The initial positions of all nodes are
randomly distributed on the nine roads of a 300 m ×300 m
square plane [52], as shown in Fig. 5. The initial velocities
of all nodes on the X-axis and Y-axis are both randomly dis-
tributed and always bounded by [−vmax, +vmax] with vmax =

10 m/s. The initial accelerated velocities of all nodes on the
X-axis and Y-axis are randomly distributed in [−amax, +amax]

with amax = 10 m/s2 and these accelerated velocities will
randomly rebuild in each time instant to simulate the drivers’
actions.

The total number of transmitted measuring signals (time
instants) is K = 1000, and the sending delays for each active
node are all set to I (n)

= 10 ms. The clock frequency devia-
tions for all nodes are modeled as uniform random variables
bounded by [−emax, +emax] with emax = 20 ppm [28]. Each

scheme holds its own absolute range set D and differential
range setR in (10). Once the necessary timestamps for ranging
have been collected, the range metrics will be updated. For the
schemes requiring less number of ranging signals like SM-NR
and the proposed SNM, the update frequency of their range
measurements will be higher.

For the ranging part, all the simulation results in figures
are the average results of 1000 independent experiments. The
average RMSEs of all the absolute or differential ranges
in K = {1, 2, . . . , K } time instants, denoted as EToF for
absolute ranges and ETDoF for differential ranges, are used
as the performance metrics, respectively. For the localization
part, we no longer distinguish between the active and silent
modes, and adopt the performance metric of the relative
RMSE normalized by the number of node in each local
geometry for global performance evaluation, i.e., ELoc =

E
{√

1
K N

∑
k∈K

∑
i∈N ε

2
r,i [k]

}
, where ε2r,i [k] is the averaged

relative position error of the local geometry of node i estimated
at the k-th time instant, as defined in (5).

A. RMSE of the SNM in Mobile Scenarios
We first evaluate the accuracy of various ranging schemes

to verify the robustness of the proposed SNM against the user
mobility. By jointly performing active and silent ranging meth-
ods, we plot the RMSEs of absolute ranges and differential
ranges against the maximal velocity vmax in Fig. 6 (a) and
Fig. 6 (b), respectively.

Firstly, the RMSEs of SM-NR and the proposed SNM are
much lower than those of MPLS, AltDS-TWR, and PER.
This is because the measurement update rates of SM-NR
and SNM are much higher, thus reducing the ranging errors
entailed by outdated measurements. For example, each signal
in AltDS-TWR can only update 1/3 range since it requires
3 signals for estimating one absolute range. In contrast, after
initialization, each signal in SM-NR will update 45 absolute
ranges and 90 differential ranges, while each signal in SNM
will update 9 absolute ranges and 18 differential ranges. The
enhanced timeliness of wireless measurements provides the
freshest measurements for ranging, and further improves
the accuracy of vehicle localization in mobile scenarios.
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Fig. 7. The RMSEs of (a) absolute ranges; (b) differential ranges against the maximal clock frequency deviation emax.

Fig. 8. The RMSE of (a) absolute ranges; (b) differential ranges against the number of active nodes, i.e., Na.

Although SM-NR has higher measurement update rates than
the proposed SNM, the accuracy of SM-NR is inferior to
that of SNM in estimating ToF and TDoF. This is because
SM-NR does not account for the impact of user mobility in
RTT modeling, which leads to imprecise clock synchronization
and inaccurate ranging results. In contrast, the proposed SNM
incorporates the user mobility in RTT modeling and addresses
the velocity-dependent terms in the estimation of ToFs and
TDoFs, thus achieving a higher ranging accuracy than SM-NR.

B. RMSE of the SNM in the Presence of Clock Drifts

To verify the effective clock synchronization of the proposed
SNM, we evaluate the impact of clock drifts on the ranging
accuracy by plotting the RMSEs of absolute ranges and differ-
ential ranges against the maximal clock frequency deviation
emax in Fig. 7 (a) and Fig. 7 (b), respectively. Two figures
show that as the clock drift effect becomes more significant,
i.e., emax becomes larger, the RMSEs of MPLS, AltDS-TWR,
SM-NR, and the proposed SNM, nearly remain unchanged,
while the RMSE of PER increases significantly. The reason
for this phenomenon can be explained from two perspectives.

Firstly, with clock synchronization, MPLS, AltDS-TWR,
SM-NR, and the proposed SNM for ToF estimation can
almost eliminate the influence of clock errors on their ranging

accuracy. Then, for these ranging methods, the low update rate
replaces clock errors becoming the dominating factor in rang-
ing accuracy, which finally determines their almost unchanged
RMSEs. In contrast, PER does not effectively mitigate clock
frequency deviations, leading to degraded ranging accuracy
due to clock errors. As a result, the RMSE of PER increases
rapidly with rising maximal clock frequency deviation emax
compared to our method for TDoF estimation. These results
demonstrate the effective clock synchronization achieved by
the proposed SNM.

C. RMSE of the SNM With Different Number of Active Nodes
Given 1000 time instants (i.e., transmitting 1000 measuring

signals), Fig. 8 shows the RMSEs of ranging results as a
function of the number of active nodes.

We observe that the RMSEs of all ranging methods rise with
the increasing number of active nodes Na. This occurs because
the number of range parameters to be measured increases
quadratically with Na. Consequently, with a fixed number
of measuring signals, the update frequency of each range
parameter inevitably decreases as Na increases. As a result,
in dynamic scenarios, the RMSEs escalate with an increase
in Na due to untimely updates and outdated measurements.
The growth rates of RMSEs reflect the scalability of the
ranging methods. Fig. 8 shows that the proposed SNM and our
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Fig. 9. The RMSE of relative position estimations against the maximal velocity, the maximal clock frequency deviation, and the number of active nodes.

former work SM-NR exhibit a smaller growth rate in RMSEs
and lower RMSEs compared to other ranging methods. For
example, in Fig. 8 (a), when Na = 2, the RMSEs of MPLS,
AltDS-TWR, SM-NR, and SNM are 0.094 m, 0.108 m,
0.050 m, and 0.004 m, respectively. When Na = 20, these
values are 20.71 m, 16.88 m, 0.725 m, and 0.510 m, respec-
tively. These results indicate that in large-scale networks, the
proposed SNM offers higher measurement update rates and
achieves superior ranging accuracy, making it a preferable
option for achieving high-accuracy localization.

D. RMSE of the Proposed Network Localization Algorithm
Finally, we evaluate the performance of the proposed

network localization algorithm. Since relative localization
involves the cooperation within the whole network, we con-
sider the averaged RMSE of all nodes in the network, where
both the ToF and the TDoF estimation results obtained by
the methods in the previous subsections are considered as
inputs of the localization system. Four typical combinations
are considered, i.e., MPLS + PER, AltDS-TWR + PER,
SM-NR, and the proposed SNM method.

The RMSEs of relative position estimations against the
maximal velocity, the maximal clock frequency deviation, and
the number of active nodes are shown in Fig. 9. Compared with
Fig. 6, Fig. 7, and Fig. 8, we observe that the relative relations
and the changing trends of the curves about localization are
consistent with the performance of the range estimations.
These results illustrate that the localization accuracy of the
dynamic network critically depends on the ranging accuracy
and demonstrate the accuracy and effectiveness of the pro-
posed algorithms. On the other hand, the relative RMSEs of
the localization results are about 40%∼60% lower than that
of the ranging results in all scenarios, which reflects that
the proposed cooperative localization scheme can mitigate the
influence of measurement errors and improve the overall per-
formance. Furthermore, the above results can provide helpful
insights into improving the performance of the localization
system by adjusting the network mobility, the quality of clock
synchronization, and the network scale as well as the power
management.

VIII. CONCLUSION

In this paper, we established a cooperative localiza-
tion framework for positioning on CAVs, which has high

measurement update rates and achieves high-accuracy posi-
tioning against clock errors in dynamic scenarios. The
proposed SNM scheme consists of a signal-multiplexing
network measuring protocol to enhance the timeliness of
wireless measurements and new range estimations to mitigate
the coupling effect of clock errors and vehicle mobility.
Using range estimations, we develop a relative localization
algorithm that leverages intra- and inter-node cooperation with
coordinate reference alignment to reconstruct the geometric
relationships among the nodes. Through the data fusion of
network measuring and IMU sensing, the proposed algorithm
can deliver enhanced robustness in achieving high-precision
dynamic relative localization. Performance analyses and sim-
ulation results verified that our method achieves superior
positioning performance in mobile systems, excelling in both
accuracy and efficiency.

APPENDIX A
DISCUSSION OF DEFINITION 1

As shown in Fig. 3(a), the relationship between posi-
tions and true values of timestamps can be described
by (37). As active nodes send signals by a fixed delay,
we have t (2)

4 − t (2)
3 = t (2)

2 − t (2)
1 = I (2). Then,

applying the first-order Taylor expansion to (37) and
using the uniform motion approximation, it follows that

(t (1)
4 − t (1)

2 + t (1)
3 − t (1)

1 )/(t (2)
4 − t (2)

2 + t (2)
3 − t (2)

1 ) ≈ 1. Thus,
t (n)
4 − t (n)

2 + t (n)
3 − t (n)

1 is approximately equal for n = 1 and
n = 2, and can be used as a synchronization time.

t (1)
3 − t (1)

1 =
1
c

[
∥ p(1)

2 − p(2)
2 ∥ + ∥ p(1)

1 − p(2)
1 ∥

]
+ t (2)

2 − t (2)
1 + t (1)

3 − t (1)
2 (37a)

t (1)
4 − t (1)

2 =
1
c

[
∥ p(1)

4 − p(2)
4 ∥ + ∥ p(1)

3 − p(2)
3 ∥

]
+ t (1)

3 − t (1)
2 + t (2)

4 − t (2)
3 (37b)

t (2)
3 − t (2)

1 =
1
c

[
∥ p(1)

3 − p(2)
3 ∥ + ∥ p(1)

2 − p(2)
2 ∥

]
+ t (2)

2 − t (2)
1 + t (1)

3 − t (1)
2 (37c)

t (2)
4 − t (2)

2 =
1
c

[
∥ p(1)

3 − p(2)
3 ∥ + ∥ p(1)

2 − p(2)
2 ∥

]
+ t (1)

3 − t (1)
2 + t (2)

4 − t (2)
3 . (37d)
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APPENDIX B
PROOF OF PROPOSITION 2

From Fig. 3(a), we obtain equations (38a) to (38c).

t (s)2 − t (s)1 +
1
c
∥ p(1)

1 − p(s)
1 ∥

=
1
c

[
∥ p(1)

1 − p(2)
1 ∥ + ∥ p(2)

2 − p(s)
2 ∥

]
+ t (2)

2 − t (2)
1 (38a)

t (s)3 − t (s)2 +
1
c
∥ p(2)

2 − p(s)
2 ∥

=
1
c

[
∥ p(1)

2 − p(2)
2 ∥ + ∥ p(1)

3 − p(s)
3 ∥

]
+ t (1)

3 − t (1)
2 (38b)

t (s)4 − t (s)3 +
1
c
∥ p(1)

3 − p(s)
3 ∥

=
1
c

[
∥ p(1)

3 − p(2)
3 ∥ + ∥ p(2)

4 − p(s)
4 ∥

]
+ t (2)

4 − t (2)
3 (38c)

where vs denotes the relative velocity between node
2 and node s. Summing equations from (38a) to (38c),
we have (38d).

t (s)4 − t (s)1 +
1
c
∥ p(1)

1 − p(s)
1 ∥

=
1
c

[ 3∑
k=1

∥ p(1)
k − p(2)

k ∥ + ∥ p(2)
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4 ∥

]
+ t (2)

4 − t (2)
3 + t (1)

3 − t (1)
2 + t (2)

2 − t (2)
1 . (38d)

Applying the first-order Taylor expansion to (38c) and (38d)
obeys (39).

t (s)4 − t (s)3 + T (s;1,2)
R4

≈ T (1,2)
oF3

+
( p(1)

4 − p(s)
4 )T

∥ p(1)
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4 ∥
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·
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c
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3 (39a)
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≈
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2 + t (2)
2 − t (2)
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Combining (39a) and (39b) gives rise to (40), shown at
the bottom of this page, which further yields the TDoF
expression:

T (s;1,2)
R4

= T (1,2)
oF3

+ (t (2)
4 − t (2)

3 ) −
t (s)4 − t (s)3

t (s)3 − t (s)1

(t (1)
3 − t (1)

1 ).

(41)

In the presence of clock errors, we mitigate clock errors
through (16). Substituting the estimation of synchronization
time into (41) yielding the TDoF estimation in (18).

APPENDIX C
PROOF OF PROPOSITION 3

Consider the ToF estimation between active nodes i and j .
As shown in Fig. 3(b), the RTT and the ToFs satisfy

t ( j)
k4

− t ( j)
k1

− (t (i)k4
− t (i)k1

) = T (i, j)
oFk1

+ T (i, j)
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− (t ( j)
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k2

) = T (i, j)
oFk2

+ T (i, j)
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.

Denoting the LHS of the above formulas as β1 = t ( j)
k4

−

t ( j)
k1

− (t (i)k4
− t (i)k1

) and β2 = t (i)k3
− t (i)k2

− (t ( j)
k3

− t ( j)
k2

). Applying

the first-order Taylor expansion, we have
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) (42)
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k4
− t ( j)
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)

where v
(i, j)
k1:k4

denotes the relative velocity between nodes i
and j during the time interval (tk1 , tk4). Like the two-node
cases, we can derive a ToF estimation that does not require
knowledge of velocity from (42), given by:

T (i, j)
oFk4

=
β1(2t ( j)

k4
− t ( j)

k3
− t ( j)

k2
) − β2(t

( j)
k4
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)

2(t ( j)
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− t ( j)
k2

+ t ( j)
k1

− t ( j)
k3

)
. (43)

Next, we fabricate the synchronization time below to eliminate
clock errors.

Remark 7: The term T (n) ≜ t (n)
k4

− t (n)
k2

+ t (n)
k3

− t (n)
k1

can be
used a synchronization time.

We explain why T (n) can be used as a synchronization time.
In the r -th run, when node i transmits, the constant sending
delays described in (6) give rise to

|T ( j)
− T (i)

|/T ( j)

= |t ( j)
k4

−t (i)k4
−(t ( j)

k2
−t (i)k2
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=
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(i, j)
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∥

c
. (44)

Here, Qmin and Qmax denote the minimum and maximum
transmission durations for the i and j transmissions within
the r -th run and the (r − 1)-th run, respectively. As shown in
Fig. 3(b), Qmax − Qmin is smaller than the discrepancy in the
total ToFs between the r -th run and the (r − 1)-th run. Since
the speed of light is substantially larger than vehicle speeds,
and the difference in duration is less than the time taken for
one run, T ( j) can be viewed as approximately equal to T (i).

t (s)4 − t (s)3 + T (s;1,2)
R4
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Combing (43) and (22), the ToF estimation in (21) is
obtained.

Next, consider the TDoF estimation among active nodes i ,
j and silent node s. When node j transmits, we have (45),
given by

t (s)k4
− t (s)k3

+
1
c
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− p(s)
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[
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− t (i)k2
+ t ( j)

k4
− t ( j)

k3
. (45)

Applying the first-order Taylor expansion on (45) and elim-
inating the velocities, the TDoF estimation can be described
by

T (s;i, j)
Rk

= T (i, j)
oFk3

+ t ( j)
k4

− t ( j)
k3

−
t (s)k4

− t (s)k3

t (s)k3
− t (s)k1

(t (i)k3
− t (i)k1

). (46)

By substituting (22) into (46), we eliminate clock errors
through the synchronization time and derive the TDoF esti-
mation in (23), which completes the proof.
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