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GNSS Multipath-Resistant Cooperative Navigation
in Urban Vehicular Networks
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Abstract—Multipath delays and signal outages in urban en-
vironments have been the most difficult problems in Global
Navigation Satellite System (GNSS)-based cooperative vehicu-
lar navigation systems. In this paper, we develop a non-line-of-
sight (NLOS) GNSS signal detection algorithm and propose a
multipath-resistant hybrid sum–product algorithm over a wireless
network (MRH-SPAWN) and multipath-resistant hybrid cooper-
ative extended Kalman filter (MR-hcEKF) techniques that sig-
nificantly enhance multipath robustness in urban environments,
compared with H-SPAWN and hcEKF, respectively. We provide
theoretical derivation and realization of the proposed techniques
and demonstrate the performance with numerous Monte Carlo
simulations using field measurements of multipath delays. The
proposed techniques significantly improve the positioning accu-
racy of all vehicles and outperform the conventional cooperative
positioning (CP) technique in urban multipath environments.

Index Terms—Cooperative positioning (CP), hybrid sum–
product algorithm over wireless network (H-SPAWN), hybrid co-
operative extended-KF (hcEKF), multipath mitigation, vehicular
network.

I. INTRODUCTION

V EHICULAR navigation technologies have become a vital
component in most transportation systems as they pro-

vide convenience, location-related information, and safety to
transportation users [1]. In addition, recent vehicular navigation
technologies for transportation systems require the precise posi-
tioning of the user vehicle and neighboring vehicles to improve
performance and safety.

Among the component technologies of vehicular navigation
systems, the Global Navigation Satellite System (GNSS) pro-
vides absolute and precise positions of vehicles. It has therefore
been the core enabler of vehicular navigation systems and
services. However, GNSS is also associated with various errors,
such as those arising from satellite clocks, ephemeris errors,
and ionosphere and troposphere delays [2], resulting in more
than 10 m of positioning error in practice. In urban environ-
ments, GNSS non-line-of-sight (NLOS) (i.e., multipath) delays
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and local signal outages due to shadowing behind buildings can
cause positioning errors as large as a few hundred meters [3].
While it has been found that differential GNSS (DGNSS) can
correct some of the errors in GNSS pseudorange measurements
and provide meter-level positioning accuracy in open-sky LOS
environments, DGNSS cannot compensate for NLOS delays
and signal outages in urban environments.

To solve the issues of NLOS delays and the signal outages,
there have been a number of techniques introduced in the litera-
ture. Among them, the sensor fusion technique, which combines
the GNSS, inertial navigation system (INS), and odometer
[4] has been a common technique for vehicular navigation
systems. However, because INS and odometer errors diverge
rapidly over time, sensor fusion techniques may not be able
to maintain acceptable navigation performance for long GNSS
signal outages or in the event of considerable NLOS delays.

Given that many vehicles are expected to be connected in
the near future [5], cooperative positioning (CP) techniques
utilizing local measurements between wireless nodes [6] (i.e.,
vehicles) have become useful in the field of cooperative vehicu-
lar navigation. In the majority of CP techniques, wireless nodes
measure local ranges relative to their peer nodes (i.e., neigh-
boring vehicles) using radio signals such as ultra-wideband
(UWB) [7] signals; the systems cooperatively exchange their
own position estimates for further improvements of their po-
sition estimate accuracy. There are CP techniques that utilize
local measurements other than ranging: In one study [8], the
Doppler shift of radio signals is used to improve robustness
against channel fading and multipath environments, whereas
another study utilizes the pseudorange double difference [9].

Kalman filter (KF)-based algorithms such as the extended
KF (EKF) [8]–[11] and the unscented KF [10] algorithms are
generally used for data fusion. Specifically, the EKF is widely
used, as it is easy to implement and achieves good position
estimation performance. The hybrid cooperative EKF (hcEKF)
[10] technique that additionally utilizes radio ranging mea-
surements is one of the most recent EKF-based CP technique
and offers the lowest computational cost. In general, the CP
technique, based on a particle filter [12], outperforms KF-based
techniques in terms of position estimation accuracy; however,
it is computationally expensive. In the sum–product algorithm
over wireless network (SPAWN) [13], data-fusion-based state
estimation is modeled by a state estimation problem in a
Bayesian network. It is found that belief propagation (BP) [14],
a sum–product message-passing algorithm used in Bayesian
networks, achieves near-optimal state estimation performance
(superior to EKF) with a low computational cost. The hybrid
SPAWN [15] (H-SPAWN) algorithm, which integrates GNSS
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Fig. 1. GNSS signals and cooperative vehicular network in urban environments.

measurements with the SPAWN [13], significantly increases
positioning availability during local GNSS outages, thus im-
proving the overall positioning accuracy of connected vehicles.

However, hcEKF, H-SPAWN, and other CP techniques using
GNSS are vulnerable to NLOS delays in urban environments
and can produce large positioning errors. Fig. 1 shows an exam-
ple of connected vehicles using GNSS in an urban environment.
Neighboring vehicles measure local ranges relative to each
other, as shown by the double-lined arrows, and then obtain
pseudoranges from a different set of satellites. A satellite signal
can be a LOS to vehicles as indicated by the solid arrows and
can be an NLOS to other vehicles, as shown by the dashed
arrows and dash-dot arrows, which represent reflected signals
and diffracted signals, respectively.

GNSS multipath mitigation techniques have been studied
in various ways; GNSS receivers can use computationally ex-
pensive signal processing techniques, such as the least-squares
iterative multipath super-resolution (LIMS) [16]. They can also
utilize expensive additional receiver hardware such as multi-
antenna configurations [17] and cameras [18] or statistical al-
gorithms such as the receiver autonomous integrity monitoring
(RAIM) technique [19]. However, RAIM techniques based on
statistical testing [20] increase the computational complexity of
the receiver and may produce inaccurate solutions in multipath
environments, depending on the number of NLOS satellites and
LOS satellites [21].

In this paper, we propose a multipath-resistant (MR) NLOS
detection algorithm (ND algorithm) for CP techniques that uses
GNSS. We implement the proposed algorithm into H-SPAWN
and hcEKF and propose MRH-SPAWN and MR-hcEKF tech-
niques for CP since H-SPAWN is a high-performance CP
technique and hcEKF is a computationally efficient CP tech-
nique, and both H-SPAWN and hcEKF use GNSS and local
ranging. The proposed ND algorithm utilizes relatively accurate
local range measurements between vehicles and pseudorange
measurements to compile a statistics for the LOS signals, after
which it compares the statistics to those of the other GNSS
pseudorange measurements. The proposed ND algorithm can

build useful statistics of LOS signals with only local range
measurements and successfully detects GNSS pseudoranges
corrupted by NLOS delays. In addition, the performance of
the proposed ND algorithm does not depend on the num-
bers of NLOS or LOS satellites. The proposed MRH-SPAWN
technique implements the proposed algorithm into H-SPAWN
with additional factor graphs, and MR-hcEKF implements the
proposed algorithm into hcEKF as an external algorithm. The
proposed techniques, i.e., MRH-SPAWN and MR-hcEKF, out-
perform H-SPAWN and hcEKF and demonstrate significant
positioning improvements in GNSS multipath environments.

The remainder of this paper is organized as follows. In
Section II, we introduce the system model and notations used
in this paper. In Section III, we propose the ND algorithm,
and the proposed techniques, i.e., MRH-SPAWN and MR-
hcEKF, are described in Section IV. We provide the results
of numerous Monte Carlo simulations using NLOS delay mea-
surements observed in real urban environments to demonstrate
the superior performance of the proposed techniques relative
to the conventional techniques, i.e., H-SPAWN and EKF, in
Section V, and conclude this paper in Section VI.

Throughout this paper, the following conventions are used
for notations. Vectors or matrices are denoted by boldface
symbols. Lowercase letters are used for scalars and vectors, and
capital letters are used for matrices.

II. SYSTEM MODEL

Here, we introduce the general system model considered in
this paper and define notations with geometric relationships. We
also describe some of the assumptions made with regard to the
proposed techniques (i.e., MRH-SPAWN and MR-hcEKF).

Consider a set of nodes U , whose elements can communicate
with each other in urban environments, and the user (node)
u ∈ U . The m-th node nm ∈ U (m ∈ [1, 2, . . . ,M ]) receives
GNSS signals from a subset of satellites Sm of all detectable
satellites S. The set of peer nodes around user u at the k-th
time instant tk is denoted U

(k)
u , and the set of satellites whose

pseudoranges are measured by user u at tk is denoted S
(k)
u . The

position state vector P(k)
i = [x

(k)
i y

(k)
i z

(k)
i ]T is used to express

the positions of the satellites, the peer nodes, and the user, when
i = s, i = n, and i = u, respectively. The receiver clock bias
of user u is denoted in time as δ(k), and can be expressed
in distance as b(k) = c · δ(k), where c is the speed of light.
The respective true state, predicted (i.e., a priori) state, and
estimated (i.e., a posteriori) state of the user u are defined as
follows:

x(k)
u =

[
P(k)T

u b(k)
]T

(1a)

x̂−(k)
u =

[
P̂−(k)T

u b̂−(k)
]T

(1b)

x̂(k)
u =

[
P̂(k)T

u b̂(k)
]T

. (1c)

Fig. 2 provides an example of urban vehicular environments,
in which a satellite, the user, and a peer node are located at
P

(k)
s , P(k)

u , and P
(k)
n , respectively, and in which vehicles are
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Fig. 2. Example of the urban vehicle environment.

considered nodes. The predicted position of the user P̂−(k)
u is

depicted by a node whose boundary is drawn with a dotted line.
We assume that we have sufficient knowledge of the node’s dy-
namics and that the time interval Δt = tk − tk−1 between the
position estimates is small enough so that the predicted position
has a small degree of error. However, in practice, the estimated
position P̂

(k)
u may have a large error in the presence of NLOS

delays, as denoted by τ in distance. We do not show the
estimated position in Fig. 2, but it can be any position fromP

(k)
u

within a radius ΔPmax
, which can be a few hundred meters [3].

The predicted and estimated position errors (i.e., a priori and
a posteriori errors, respectively) are expressed as

Δ
−(k)
Pu

=P(k)
u − P̂−(k)

u (2a)

Δ
(k)
Pu

=P(k)
u − P̂(k)

u (2b)

respectively. The true range between the satellite s and user u,
the predicted pseudorange between s and P̂

−(k)
u , and the esti-

mated pseudorange between s and P̂
(k)
u are defined as

d(k)s→u =
∥∥∥P(k)

s −P(k)
u

∥∥∥
2

(3a)

d̂−(k)
s→u =

∥∥∥P(k)
s − P̂−(k)

u

∥∥∥
2

(3b)

d̂(k)s→u =
∥∥∥P(k)

s − P̂(k)
u

∥∥∥
2

(3c)

respectively. In Fig. 2, the measured pseudorange ρ
(k)
s→u is

corrupted by an NLOS delay, and ρ
(k)
s→u can be expressed in

terms of the true range, user clock bias, noise error, and NLOS
delay as follows:

ρ(k)s→u = d(k)s→u + b(k) + v(k)s→u + τ (k) (4)

where the clock bias is from inaccurate position estimate at the
previous time step and where v

(k)
s→u represents the pseudorange

(measurement) noise error.

Similarly, the true local range between node n and user u, the
predicted local range between n and P̂

−(k)
u , and the estimated

local range between n and P̂
(k)
u are expressed as

d(k)n→u =
∥∥∥P(k)

n −P(k)
u

∥∥∥
2

(5a)

d̂−(k)
n→u =

∥∥∥P(k)
n − P̂−(k)

u

∥∥∥
2

(5b)

d̂(k)n→u =
∥∥∥P(k)

n − P̂(k)
u

∥∥∥
2

(5c)

respectively, and using the true local range and local range
(measurement) noise error v(k)n→u, the measured local range can
be expressed as follows:

r(k)n→u = d(k)n→u + v(k)n→u (6)

where v
(k)
n→u is assumed very small (< 1 m) for ranging tech-

niques such as UWB two-way ranging [7]. In Fig. 2, the mea-
sured local range is shown with a double-lined arrow. Note that
a measured local range may be corrupted by an NLOS delay;
however, because UWB has a high temporal resolution [7],
multipath effects in UWB are neglected in this paper.

To improve the positioning accuracy, the measured pseudo-
ranges corrupted by NLOS delays should be detected and
deweighted appropriately in the final position fix. For the ND
algorithm proposed in Section III, the measured pseudorange
ρ
(k)
s→u and the measured local range r

(k)
n→u should be expressed

in terms of the predicted pseudorange d̂
−(k)
s→u and the predicted

local range d̂
−(k)
n→u, respectively, with their residuals. Given that

the predicted position P̂
−(k)
u has much smaller error than that

of the NLOS delay τ (k), the true range d
(k)
s→u can be linearized

around the predicted position P̂
−(k)
u using the Taylor series and

expressed in terms of d̂−(k)
s→u and a small residual term as follows:

d(k)s→u =

√(
x
(k)
u −x

(k)
s

)2
+
(
y
(k)
u −y

(k)
s

)2
+
(
z
(k)
u −z

(k)
s

)2∣∣∣∣∣
P̂

−(k)
u

� d̂−(k)
s→u +Δ

−(k)T
Pu

(
P̂

−(k)
u −P

(k)
s

d
(k)
s→u

)

� d̂−(k)
s→u +Δ

−(k)T
Pu

g(k)
s (7)

where the satellite direction vector g
(k)
s � (P̂

−(k)
u −P

(k)
s )/

d̂
−(k)
s→u is obtained with an approximation d

(k)
s→u � d̂

−(k)
s→u . Denot-

ing ρ
(k)
sl→u and d

(k)
sl→u as the measured pseudorange and the true

range of the l-th satellite (l ∈ {1, 2, . . . , L}), respectively, the
set of L measured pseudoranges can be expressed as

ρ(k)
s � d̂(k)

s +G(k)
s Δ

−(k)
Pu

+ b(k) + v(k)
s + τ (k) (8)

where the l-th elements of ρ
(k)
s , d̂

(k)
s , v

(k)
s , and τ (k) are

ρ
(k)
sl→u, d̂−(k)

sl→u, v(k)sl→u, and τ
(k)
l , respectively; the l-th row of

G
(k)
s is the direction to the l-th satellite g

(k)
sl , and b(k) =

[b(k), b(k), . . . , b(k)]T is a [L× 1] vector. The notation (·)A→B

represents the range between A and B, delivered in a message
from A or measured with a signal from A.
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Similarly, the true local range between peer nodes and user u,
d
(k)
n→u, can be linearized around the predicted position P̂

−(k)
u

and expressed in terms of d̂−(k)
n→u and a small residual term as

d(k)n→u =

√(
x
(k)
u −x

(k)
n

)2
+
(
y
(k)
u −y

(k)
n

)2
+
(
z
(k)
u −z

(k)
n

)2∣∣∣∣∣
P̂

−(k)
u

� d̂−(k)
n→u +Δ

−(k)T
Pu

(
P̂

−(k)
u −P

(k)
n

d
(k)
n→u

)

� d̂−(k)
n→u +Δ

−(k)T
Pu

g(k)
n (9)

where the node direction vector g(k)
n � (P̂

−(k)
u −P

(k)
n )/d̂

−(k)
n→u

is obtained using d
(k)
n→u � d̂

−(k)
n→u. Using (9), the set of M local

ranges between M neighboring nodes and the user are found as
follows:

r(k)n � d̂(k)
n +G(k)

n Δ
−(k)
Pu

+ v(k)
n (10)

where the m-th elements of r
(k)
n , d̂(k)

n , and v
(k)
n are r

(k)
nm→u,

d̂
−(k)
nm→u, and v

(k)
nm→u, respectively, and the m-th row of G(k)

n is
g
(k)
nm for m ∈ {1, 2, . . . ,M}.
In this paper, depending on the use of differential correction

for GNSS, we approximate the distribution of the pseudorange
noise error v(k)s→u by a zero-mean Gaussian [2] as

v(k)s→u

⎧⎨
⎩
v
(k)
d,s→u ∼ N

(
0, σ2

vd,s→u

)
, for DGNSS

v
(k)
g,s→u ∼ N

(
0, σ2

vg,s→u

)
, for GNSS.

(11)

The pseudorange noise error for DGNSS v
(k)
d,s→u is caused by

the noise in the received signal [2], and its variance is

σ2
vd,sl→u

=
c2dcT

2
c

4T
(

C
N0

)
l

(12)

where dc is the correlator spacing used in the delay-locked loop
(DLL) discriminator, Tc is the chip width, T is the integration
time interval, and (C/N0)l is the carrier-to-noise-density ratio

(C/N0) of the l-th satellite, whereas v(k)g,s→u includes the errors
caused by the satellite clock, ephemeris error, and the iono-
sphere troposphere delays, as well as the noise in the received
signal σ2

vd,sl→u
. In addition, the local range noise errors

v
(k)
u→n and v

(k)
n→u are assumed to have the same zero-mean

Gaussian distribution as follows:

v(k)u→n, v
(k)
n→u ∼ N

(
0, σ2

vn→u

)
(13)

where σvn→u
is very small (less than 1 m) [22], [23].

III. NON-LINE-OF-SIGHT DETECTION ALGORITHM

NLOS propagation often involves a large delay that results
in a large position error. Therefore, GNSS receivers in urban
environments should inspect the measured pseudoranges of all
satellites and mitigate the NLOS delays before fixing a position.

Here, we propose an ND algorithm that performs a χ2-test
on the conditional statistics of the measured pseudoranges
given the measured local ranges and possibly some measured
pseudoranges that are from LOS signals. Exploiting [24], we
assume that the predicted position error Δ−(k)

Pu
is less than 1 m,

which is much smaller than the NLOS delays observed in urban
environments.

We define a combined range vector of size [(L+M)× 1]
using [L× 1] vector ρ(k)

s (8) and [M × 1] vector r(k)n (10) as

ζ(k) =

[
ρ
(k)
s

r
(k)
n

]
(14a)

� d̂′(k) +G(k)Δ
−(k)
Pu

+ b′(k) + v′(k) + τ ′(k) (14b)

where

d̂′(k) =
[
d̂(k)T
s d̂(k)T

n

]T
(15a)

G(k) =
[
G(k)T

s G(k)T
n

]T
(15b)

b′(k) =
[
b(k)T O1×M

]T
(15c)

v′(k) =
[
v(k)T
s v(k)T

n

]T
(15d)

τ ′(k) =
[
τ
(k)T
L1×1 O1×(M+L2)

]T
(15e)

where O1×M = [0, . . . , 0] is a vector with M zeros, τ (k)
L1×1 is a

row vector whose l1-th element (l1 ∈ {1, . . . , L1}) is τ (k)l1
, M

is the number of peer nodes connected to the user u, L is the
total number of measured pseudoranges, L1 is the true number
of the measured pseudoranges corrupted by NLOS delays, and
L2 is the true number of measured pseudoranges not corrupted
by NLOS delays. We drop the superscript ‘(k)′ in the following
because the proposed ND algorithm uses measurements and
variables at the prompt. Because the five components con-
structing ζ (14b) are independent and considering that L+M
elements are mutually independent, the distribution of the com-
bined range vector is expressed as

ζ ∼ N (D,V) (16)

where

D = d̂′ + b′ + τ ′ (17a)

V =GΛGT +Σζ (17b)

Λ is a [3 × 3] diagonal matrix with diagonal elements
[σ2

Δ−
x
, σ2

Δ−
y
, σ2

Δ−
z
] that are the x, y, and z components of the

predicted position error Δ−
Pu

, respectively, and Σζ is a [(L+
M)× (L+M)] diagonal noise error covariance matrix with a
j-th diagonal element, i.e.,

Σj,j
ζ =

{
σ2
vsj→u

, for 1 ≤ j ≤ L

σ2
vn(j−L)→u

, for L+ 1 ≤ j ≤ L+M.
(18)
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Since σ2
Δ−

x
= σ2

Δ−
y
< 1 m [24] and vehicles are on the same

horizontal plane, we use

σ2
Δ−

x
= σ2

Δ−
y
= σ2

Δ−
z
= σ2

Δ (19)

without a loss of generality.
In general, GNSS LOS signals have C/N0 values higher

than those of NLOS signals [25]. Therefore, the measured
pseudoranges can be divided into two groups: group φ1 for
the measured pseudoranges to be tested to check for NLOS
delays and group φ2 for the measured pseudoranges that are
expected to come from LOS using a threshold value of γC/N0

(> 40 dB-Hz). When C/N0 ≥ γC/N0
, the measured pseudo-

range is categorized into group φ2; otherwise, it is categorized
into group φ1. It should be noted that φ1 may include LOS
signals and that φ2 may not have any measured pseudorange
when γC/N0

is too high (e.g., when γC/N0
	 40 dB-Hz);

moreover, φ2 always includes all of the measured local ranges
that are assumed from LOS signals. It should also be noted that
γC/N0

should be high enough that only LOS pseudoranges are
in φ2. In fact, the proposed ND algorithm performs successfully
without any GNSS pseudorange in φ2. The proposed algorithm
shows robust performance when the number of measurements
in φ2, which is denoted Nφ2

, is greater than or equal to 2
(Nφ2

≥ 2); the algorithm shows performance superior to that
of the conventional RAIM [20], as demonstrated in Section V.

Let the measurements in φ1 and φ2 be denoted as ζφ1

and ζφ2
, respectively, and be approximated by a Gaussian

distribution as

ζ =

[
ζφ1

ζφ2

]
∼ N

([
D1

D2

]
,

[
V11 V12

V21 V22

])
(20)

where D1 and D2 and the covariance matrices V11, V12,
V21, and V22 are of size [Nφ1

× 1], [Nφ2
× 1], [Nφ1

×Nφ1
],

[Nφ1
×Nφ2

], [Nφ2
×Nφ1

], and [Nφ2
×Nφ2

], respectively, and
Nφ1

= ‖ζφ1
‖0 ≥ L1 and Nφ2

= ‖ζφ2
‖0 ≤ L2 +M . The

measured pseudoranges in ζφ1
have a mean D1 and variance

V11, and the measured pseudoranges and local ranges in ζφ2

have a mean D2 and variance V22.
When the measured pseudoranges in φ1 are not corrupted

by NLOS delays, the conditional variable ζφ1
|ζφ2

has a
conditional Gaussian distribution [26], with a mean and vari-
ance as

μφ1
=D1 +V12V

−1
22 (ζφ2

−D2) (21a)

Vφ1
=V11 −V12V

−1
22 V21 (21b)

respectively. Therefore, to check if the measured pseudoranges
in φ1 are corrupted by NLOS delays, we construct a normalized
detection variable Zφ1

that is the square of the Mahalanobis
distance (MD) [27], i.e.,

Zφ1
= (ζφ1

− μφ1
)TV−1

φ1
(ζφ1

− μφ1
). (22)

The detection variableZφ1
has a noncentralχ2 distribution with

Nφ1
degrees of freedom (DOF) when the measured pseudo-

ranges in φ1 are corrupted by NLOS delays, and it has a
central χ2 distribution with Nφ1

DOF when the measured
pseudoranges in φ1 are from LOS signals.

It should be noted that the value of Zφ1
in (22) is the sum

of the MD squares of all the measured pseudoranges in φ1, so
that it is difficult to distinguish which of the measured pseudor-
anges is corrupted by an NLOS delay. Therefore, the proposed
ND algorithm tests each of the measured pseudoranges in φ1

individually. As a result, there are Nφ1
times 1 DOF χ2-tests

to be performed, which is computationally simple and efficient.
Since

σ2
Δ +Σj,j

ζ > σ2
Δ

∑
i�=j

(
g
(k)
i · g(k)

j

)
(23)

the matrices V and V22 are strongly diagonally dominant
matrices [28] for any 1 ≤ i, j ≤ L+M and i �= j. Therefore,
the determinants of V and V22 can be approximated by the
product of the diagonal elements of the matrices [28]; it is
found that

|Vφ1
| =

∣∣V11 −V12V
−1
22 V21

∣∣
=

|V|
|V22|

(24a)

≈V11 (24b)

=σ2
Δ + σ2

vs→u
(24c)

where V11 is of size [1 × 1], (24a) is from [29], and (24b) is
from [28].

When the detection variable Zφ1
is larger than a certain

detection threshold γt (≥ 2, in general), we conclude that the
measured pseudorange is corrupted by NLOS delay. Since Zφ1

(22) can be obtained from a simple numerical evaluation, the
computational cost for the proposed ND algorithm is negligi-
bly small, which is a strong advantage over the conventional
statistics-based outlier detection techniques such as RAIM [20].
In addition, as shown in Section V, the detection probability PD

and false alarm probability PF of the proposed ND algorithm
are much better than those of robust RAIM techniques using
MM-estimator and L1-norm algorithms [20]; The robust RAIM
techniques have PD ≤ 0.65 when just two NLOS satellite
signals are present, whereas the proposed ND algorithm has
PD ≥ 0.8, as shown in Fig. 6.

IV. PROPOSED MULTIPATH-RESISTANT TECHNIQUES

Here, we consider two conventional CP techniques, i.e.,
hcEKF and H-SPAWN, that are based on EKF and BP, respec-
tively. The hcEKF technique is one of the most computation-
ally efficient and widely used techniques, and the H-SPAWN
technique provides highly accurate (near-optimal) position esti-
mation using the low-computational BP algorithm for Bayesian
inference problems with sensor fusion that is modeled by
a Bayesian network. Exploiting the proposed ND algorithm
in Section III, we propose the MRH-SPAWN technique in
Section IV-A and the MR-hcEKF technique in Section IV-B;
these are enhanced techniques of H-SPAWN and hcEKF,
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respectively, for GNSS multipath. While the MR-hcEKF tech-
nique is easily designed by integrating the proposed ND al-
gorithm and hcEKF, the MRH-SPAWN technique does not
emerge in a straightforward manner from the H-SPAWN; for
this reason, we provide the derivation in detail.

A. MRH-SPAWN

In Section IV-A1, we introduce the Bayesian inference for
the cooperative vehicular navigation systems [13] and [15].
The proposed ND algorithm is applied to the CP system on a
factor graph [14] using the sum–product algorithm (SPA) [14]
in Section IV-A2. In Section IV-A3, messages used in the
proposed technique are described.

1) Bayesian Inference: Exploiting [15] and [30], the
a posteriori distribution of user u is expressed as

p
(
x(k)
u |Γ(1:k)

U ,R
(1:k)
U

)
(25)

where Γ
(1:k)
U denotes the measured pseudoranges in U (i.e.,

Γ
(k)
U � {ρ(k)

u |∀u ∈ U}) from time instant t1 to tk, and R
(1:k)
U

represents the measured local ranges in U (i.e., R
(k)
U �

{r(k)u | ∀u ∈ U}) from time instant t1 to tk.
Assuming a system dynamic model that follows the Markov

process [26] and the conditional independence between the
measured pseudoranges and the measured local ranges, the
factorized joint a posteriori distribution (25) of state x

(k)
u is

found to be [15]

p
(
Γ
(k)
U |X(k)

U

)
p
(
R

(k)
U |X(k)

U

) ∏
u∈U

p
(
x(k)
u |x(k−1)

u

)

=

U∏
u=1

⎡
⎢⎣Fu

(
x(k)
u ,x(k−1)

u

)∏
s∈Su

T s
u

(
x(k)
u

)∏
n∈Uu
n<u

Hn
u

(
x(k)
u ,x(k)

n

)⎤⎥⎦
(26)

where

X
(k)
U �

{
x(k)
u |∀u ∈ U

}
(27a)

Fu

(
x(k)
u ,x(k−1)

u

)
= p

(
x(k)
u |x(k−1)

u

)
(27b)

T s
u

(
x(k)
u

)
= p

(
ρs→u|x(k)

u

)
(27c)

Hn
u

(
x(k)
u ,x(k)

n

)
= p

(
rn→u|x(k)

u ,x(k)
n

)
(27d)

represent the state vector of all nodes, the system dynamics,
the pseudorange measurement likelihood, and the local range
measurement likelihood, respectively. Therefore, the factor-
ized recursive Bayesian inference problem can be expressed
on a factor graph, and the a posteriori distribution can be
easily calculated using the SPA. However, since any mea-
sured pseudorange may be corrupted by an NLOS delay, we
should perform the proposed ND algorithm before estimating
the state x

(k)
u .

Fig. 3. Factor graph for the proposed MRH-SPAWN technique. Dashed box
indicates a physical vehicle unit.

TABLE I
PROPOSED MRH-SPAWN TECHNIQUE

2) MRH-SPAWN on Factor Graph and Message-Passing
Algorithm: We show the proposed MRH-SPAWN technique on
a factor graph in Fig. 3 and summarize the message passing al-
gorithm in Table I. We denote a message from nodeA to nodeB
as ηA→B .

The procedure of the MRH-SPAWN message-passing algo-
rithm consists of two parts: time steps to update messages using
the previously estimated state and new measurements (shown in
Table I, lines 2 to 8), and iteration steps within each time step
estimate x

(k)
u (shown in Table I, lines 10–17). The messages

used in the MRH-SPAWN are the prediction and measurement
likelihood messages for state estimation, broadcast messages
to peer nodes, received messages from the peer nodes, and a
feedback message for the proposed ND algorithm.

The MRH-SPAWN message-passing algorithm starts from
time step k = 1. As shown in Fig. 3, at each time step k,
the factor node Fu computes the prediction message ηFu→xu

(shown in Table I, line 3), which includes the information
about the distribution of the predicted state x̂

−(k)
u (1b), from

Authorized licensed use limited to: Korea Advanced Inst of Science & Tech - KAIST. Downloaded on July 15,2021 at 09:17:10 UTC from IEEE Xplore.  Restrictions apply. 



5456 IEEE TRANSACTIONS ON VEHICULAR TECHNOLOGY, VOL. 64, NO. 12, DECEMBER 2015

which the feedback is updated as ηxu→T s
u
= ηFu→xu

(shown
in Table I, lines 4). Since the proposed ND algorithm is per-
formed in each satellite factor node T sl

u (l ∈ {1, 2, . . . , L}),
the feedback message should pass to the factor node T sl

u only.
The broadcast messages are updated as ηxu→Hn

u
= ηFu→xu

so that every peer nodes can utilize the message. The dashed
arrows in Fig. 3 show the propagation of the feedback and
the broadcast messages before the iteration stage starts. The
measurements (ρ

(k)
s→u, r

(k)
n→u) and information (C/N

(k)
0 ,P

(k)
s )

for the proposed ND algorithm are updated at every time steps.
In the iteration step, the message from the m-th peer node
ηHnm

u →xu
is computed at the factor node Hnm

u (shown in
Table I, line 12) using the received message from the peer node
m; ηxnm→Hnm

u
(shown in Table I, line 11). The message from

the m-th peer node ηHnm
u →xu

provides the likelihood of the
local range measurement (27d).

The satellite message of the l-th satellite ηT sl
u →xu

provides
the likelihood of the pseudorange measurement (27c) whose
uncertainty is updated by the proposed ND algorithm. The
satellite message ηT sl

u →xu
is computed at the factor node T sl

u

(shown in Table I, line 13) using the proposed ND algo-
rithm based on the pseudorange measurements and satellite
information (ρ(k)s→u, P(k)

s , σ2
vs→u

, and C/N
(k)
0 ) and the range

measurements and peer node information (r(k)n→u, P
(k)
n , and

σ2
vn→u

), where P
(k)
n is from the received message ηxn→Hn

u

(shown in Table I, lines 7, 8, and 11). The information required
for the proposed ND algorithm is available from the factor
node T s

u , and the proposed ND algorithm produces detection
variable Zφ1

for each satellite in φ1. Since a measured pseu-
dorange with larger NLOS delay should be deweighted in
the position estimation, we weight the noise variance of the
measured pseudorange by the detection variable. Therefore,
the satellite message ηT sl

u →xu
is deweighted Zφ1

times. When
the measured pseudorange is not corrupted by NLOS delay,
we set the weight factor to 1. The details of the message
computation are introduced in Section IV-A3. The flow of the
likelihood messages updated at the factor nodes is shown with
bold arrows in Fig. 3.

The broadcast message ηxu→Hn
u

and the feedback message
ηxu→T s

u
are updated at each iteration based on the conven-

tional SPA [14] using likelihoods (36) and (38) (shown in
Table I, lines 14 and 15). When the messages converge, we con-
clude that the MRH-SPAWN technique has obtained the final
marginal a posteriori state estimate p̂(xu) by multiplying by
all the incoming messages to the variable node xu (26) (shown
in Table I, line 16), and the procedure follows the dashed-dot
arrow to the next time instant k + 1 at the completion of the
iteration stage (i.e., i = I) for the current time instant k, as
shown in Fig. 3.

3) Message Distributions: Here, we define the messages for
the MRH-SPAWN in Fig. 3. We introduce principle expressions
briefly but provide in detail description of the new messages
modified from [15], and the messages are expressed using a
parametric BP strategy and approximated by the known “distri-
bution families” as in [15].

a) Prediction message: The prediction message is up-
dated using the SPA algorithm [14] to represent the distribution

of the predicted state x̂
−(k)
u (1b) using the previous state. This

message is used for message updates and the proposed ND
algorithm. Exploiting [15], we approximate the state prediction
message by a Gaussian probability distribution function (pdf)
as follows:

η
Fu→x

(k)
u

(
x(k)
u

)
≈N

(
x(k)
u ;μ

x
(k)
u

,Σ
x
(k)
u

)

=
1
λ
e
− 1

2

(
x
(k)
u −μ

x
(k)
u

)T

Σ−1

x
(k)
u

(
x
(k)
u −μ

x
(k)
u

)
(28)

where μ
x
(k)
u

, Σ
x
(k)
u

, and λ denote the mean and covariance ma-

trices of the state x(k), and a normalization factor, respectively.
Moreover,N (y;my, σ

2
y) represents a Gaussian pdf of a variable

y with a mean my and a variance σ2
y .

b) Satellite message: The satellite message is an out-
put of the proposed ND algorithm and may be refined using
the MD used as a weight factor. As in Fig. 3, the satellite
message is computed, for every iteration i(1 ≤ i ≤ I) of the
MRH-SPAWN, using SPA as

η
T s
u→x

(k)
u

(
x(k)
u

)
∝
∫

T s
u

(
x(k)
u

)
η
x
(k)
u →T s

u

(
x(k)
u

)
∂x(k)

u . (29)

Exploiting the analysis in [15], the satellite message is com-
puted as

η
T s
u→x

(k)
u

(
x(k)
u

)
= pV

(
x(k)
u ; ρ(k)s→u,P

(k)
s , σ2

vs→u

)

=
1
λ
exp

⎡
⎢⎣−

(∥∥∥P(k)
u −P

(k)
s

∥∥∥+b
(k)
u −ρ

(k)
s→u

)2
2σ2

vs→u

⎤
⎥⎦

(30)

where ρ(k)s→u, P(k)
s , σ2

vs→u
, and λ are the measured pseudorange,

the satellite position, the pseudorange noise variance, and a
normalization factor, respectively. The pdf pV (·) (30) is a
hyper-conic distribution family that cannot be approximated by
a Gaussian pdf due to the clock bias b(k) [15].

In MRH-SPAWN, we do not compute (30) before the pro-
posed ND algorithm is performed at each factor node T sl

u

(l = 1, 2, . . . , L), and we produce the weight factor wl as

wl =

{
Zφ1l

, for Zφ1l
> γt

1, for Zφ1l
≤ γt or l ∈ φ2

(31)

where l ∈ {1, . . . , L} is the satellite index. It should be noted
that the input to the proposed ND algorithm are the satellite
information, such as ρ(k)s→u, P(k)

s , σ2
vs→u

, and C/N
(k)
0 , and the

peer node information, such as r(k)n→u, P(k)
n , and σ2

vn→u
, where

P
(k)
n can be obtained from the received message ηxn→Hn

u
.

Using wl, we weight the pseudorange noise variance as

σ∗2
vsl→u

= wl × σ2
vsl→u

(32)
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so that the refined satellite message of (30) becomes

η
T s
u→x

(k)
u

(
x(k)
u

)
= pV

(
x(k)
u ; ρ(k)s→u,P

(k)
s , σ∗2

vs→u

)
. (33)

It should be noted that (33) increases the uncertainty of the
measured pseudorange corrupted by NLOS delay using the
weight factor wl so that the message from the NLOS satellite
contributes less to the position estimation.

c) Peer node message: The peer node message η
Hn

u→x
(k)
u

provides the likelihood of the local range measurement
p(ρs→u|x(k)

u ) based on the mean and variance of the peer’s
estimated position. The peer node message η

Hn
u→x

(k)
u

can be
computed following the SPA update rule [14] and is modeled
as [15]:

η
Hn

u→x
(k)
u

(
x(k)
u

)
=pC

(
x(k)
u ; r(k)n→u, μP

(k)
n→u

,Σ
P

(k)
n→u

+ σ2
vn→u

I
)

(34)

where pC(·) is the cylindrical distribution [15] such that

pC
(
x; r,μPn

,ΣPn+r

)

=
1
λ
exp

[
−1

2

(
p′ − r

p′

‖p′‖

)T

Σ−1
pn+r

(
p′ − r

p′

‖p′‖

)]

(35)

where μ
P

(k)
n→u

and Σ
P

(k)
n→u

denote the mean and variance ma-
trices, respectively, of the message η

x
(k)
n →Hn

u
; p′ = pu − μpn

;
and λ is a normalization factor.

d) Broadcast message to peer nodes: For the positioning
of the peer node n, the user u broadcasts a message η

x
(k)
u →Hn

u
.

The message from the user u to the peer node factor Hn
u is

computed using the SPA [14]. By exploiting [15], the message
is approximated by a Gaussian distribution as follows:

η
x
(k)
u →Hn

u

(
x(k)
u

)
≈ N

(
x(k)
u ;μ

x
(k)
u→n

,Σ
x
(k)
u→n

)
(36)

and the parameters μ
x
(k)
u→n

and Σ
x
(k)
u→n

can be obtained using
the parameter estimation algorithm inspired from the impor-
tance sampling [15] as follows:

μ̂x =

N∑
q=1

Wqzq (37a)

Σ̂x =

∑N
q=1 Wq(zq − μ̂x)(zq − μ̂x)

T

1 −
∑N

q=1 W
2
q

(37b)

where zq denotes the q-th sample from the current estimated

distribution of p̂(x
(k)
u ) computed at each iteration (shown in

Table I, line 16), and Wq denotes the q-th sample’s weight
determined by the product of the probability of the incoming
message; η

Fu→x
(k)
u

, η
T s
u→x

(k)
u

, and η
Hn

u→x
(k)
u

.

e) Feedback message and state estimation: The feed-
back message η

x
(k)
u →T s

u
, which is used for the proposed ND

algorithm and the marginal a posteriori distribution p̂(x
(k)
u ), is

computed by multiplying by all of the messages to the user u as

η
x
(k)
u →T s

u

(
x(k)
u

)
, p̂
(
x(k)
u

)
∝ η

Fu→x
(k)
u

(
x(k)
u

)
×

∏
s∈S(k)

u

η
T s
u→x

(k)
u

(
x(k)
u

) ∏
l∈U(k)

u

η
Hn

u→x
(k)
u

(
x(k)
u

)
. (38)

It should be noted that the feedback message ηxu→T s
u

is
updated at each iteration step, whereas the marginal a posteriori
distribution p̂(x

(k)
u ) is computed after the convergence of all

messages. By exploiting [15], ηxu→T s
u

and p̂(x
(k)
u ) are approx-

imated by a Gaussian distribution as follows:

ηxu→T s
u

(
x(k)
u

)
, p̂
(
x(k)
u

)
≈ N

(
x(k)
u ; μ̂

x
(k)
u

, Σ̂
x
(k)
u

)
(39)

where the parameters μ̂
x
(k)
u

and Σ̂
x
(k)
u

are obtained from (37a)
and (37b).

B. MR-hcEKF

Here, we introduce the principle of the hcEKF technique [10]
briefly, and we integrate the proposed ND algorithm into the
hcEKF to propose the MR-hcEKF technique.

1) Time Update Step: A priori state x̂
−(k)
u is updated using

vehicle dynamics f(·), and a priori covariance Σ
x̂
−(k)
u

is up-
dated using the previous a posteriori covariance Σ

x̂
(k−1)
u

and

the system noise covariance Σ
(k)
f . The a priori state and the

a priori covariance are expressed as

x̂−(k)
u = f

(
x̂(k−1)
u

)
(40)

Σ
x̂
−(k)
u

=A(k)Σ
x̂
(k−1)
u

A(k)T +W(k)Σ
(k)
f W(k)T (41)

where the system Jacobian matrices are

A(k) =
∂f

∂xu

∣∣∣∣
x̂
(k−1)
u

,W(k) =
∂f

∂wu

∣∣∣∣
x̂
(k−1)
u

. (42)

2) Measurement Update Step: In this step, the Kalman gain
K(k), a posteriori state x̂

(k)
u , and covariance Σ

x̂
(k)
u

are com-

puted using the measurement ζ(k) (14a), measurement model
h(·), measurement noise covariance Σ

(k)
ζ (18), and a priori

state covariance Σ
x̂
−(k)
u

as

K(k) =Σ
x̂
−(k)
u

H(k)T
(
H(k)Σ

x̂
−(k)
u

H(k)T +V(k)Σζ(k)V(k)T
)−1

(43)

x̂(k)
u = x̂−(k)

u +K(k)
(
ζ(k) − h

(
x̂−(k)
u ,P(k)

s , P̂(k)
n

))
(44)

Σ
x̂
(k)
u

=
(
I−K(k)H(k)

)
Σ

x̂
−(k)
u

(45)

where the measurement Jacobian matrices are

H(k) =
∂h

∂xu

∣∣∣∣
x̂
−(k)
u

,V(k) =
∂h

∂vu

∣∣∣∣
x̂
−(k)
u

. (46)
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Fig. 4. Proposed MR-hcEKF technique.

To apply the proposed ND algorithm to hcEKF, the j-th
diagonal element of the measurement noise covariance matrix
Σζ is computed as

Σj,j
ζ =

{
wjσ

2
vsj→u

, for 1 ≤ j ≤ L

σ2
vn(j−L)→u

, for L+ 1 ≤ j ≤ L+M
(47)

where L and M are the total numbers of the measured pseudo-
ranges and the measured local ranges, respectively. Similar to
the case of MRH-SPAWN, NLOS effects in this case can be
reduced by increasing the uncertainty of the detected NLOS
signals by utilizing the weight factor wj . Fig. 4 provides a
diagram of the proposed MR-hcEKF technique.

V. PERFORMANCE ANALYSIS AND SIMULATION RESULTS

We demonstrate the performance of the proposed ND al-
gorithm in Section V-A and of the proposed techniques
MR-hcEKF and MRH-SPAWN using numerous Monte Carlo
simulations with empirical multipath errors observed in the
field for typical urban scenarios in Section V-B.

A. Performance of the Proposed ND Algorithm

To demonstrate the performance of the proposed ND algo
rithm, we perform 104 Monte Carlo simulations for various
multipath delays. In the simulations, the error of the predicted
state x̂−(k)

u consists of the error from the predicted position P̂−(k)
u

and the error from the predicted clock bias b̂−(k), where both
errors are expressed as Gaussian distributions with standard
deviations of σΔ (19) and σb, respectively. The following de-
scribes the simulation conditions based on field observations.

• Satellites are uniformly distributed in the sky above a
small elevation angle of 10◦, and peer nodes are uniformly
distributed on an xy-horizontal plane relative to the user.

• Peer vehicles are on the horizontal plane, and their az-
imuth angles are uniformly distributed at [0, 360◦).

• Satellite signals in φ1 and φ2 have C/N0’s uniformly
distributed at [30, 40] and [40, 48] dB-Hz, respectively,
and γC/N0

= 42 dB-Hz is used.
• The value of φ1 includes one measured pseudorange from

an LOS signal whose C/N0 is less than 40 dB-Hz, when
there is more than one measurement from a LOS signal
in φ2.

Fig. 5. Average detection variable E[Zφ1
] and Z1 versus the NLOS delay τ .

• Based on the empirical data in [24], where σΔ−
x
≤ 1 m

and σΔ−
y
≤ 1 m, we use σΔ = 1 m and σb = 1 m.

• For measurement noise, we use slightly larger values
than those in the empirical data, as introduced in [2] and
[31]: σvg,sl→u

= 7.5 m for GNSS, σvd,sl→u
= 2.5 m for

DGNSS, and σvnl→u
= 1 m for local ranging.

Fig. 5 shows the average MD squares, i.e., E[Zφ1
], observed

in the Monte Carlo simulations versus the NLOS delay τ in
meters. In addition, the approximate theoretical model of the
1-D MD squares is found using (22) and (24c) as

Z1 =
τ2

σ2
Δ +Σ1,1

ζ

. (48)

In Fig. 5, we show E[Zφ1
] and Z1 (48) for various Nφ1

and
for GNSS and DGNSS receivers with respect to the NLOS
delay. Because the pseudorange noise variance of DGNSS is
much smaller than that of GNSS, the result shows that E[Zφ1

]
and Z1 of DGNSS are much larger than those of GNSS. It
should be noted that Nφ1

has no effect on the proposed ND
algorithm as the algorithm tests the measured pseudoranges
in φ1 individually. In Fig. 5, we can find that, for example,
τ = 10 m results in E[Zφ1

] ≈ 20 for DGNSS and E[Zφ1
] ≈ 4

for GNSS, which shows that cooperative vehicles with DGNSS
receivers can detect NLOS multipath delays much better than
such vehicles with GNSS receivers.

Fig. 6 provides a graph of the detection probability PD

and the false alarm probability PF with respect to the NLOS
delay detection threshold γτ for NLOS delays with a mean of
30 m and a standard deviation of 10 m, where PD and PF

are from [32]. As shown, the probabilities from the numerous
Monte Carlo simulations are in good agreement with those
from the theoretical analysis, and as expected, PF decreases
rapidly and does not depend on the distribution of the NLOS
delays, whereas PD starts to decrease when γτ exceeds the
mean of the NLOS delay distribution. However, the distribution
of NLOS delays is difficult to determine as it depends on the
local environments and objects around the connected vehicles.
Therefore, in practice, we use γt, which results in a very
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Fig. 6. Probabilities of detection PD and false alarm PF for GNSS and
DGNSS.

low constant false alarm rate (CFAR). Since the detection
variable, i.e., the MD squares, E[Zφ1

] has a χ2 distribution
with one DOF, PF ≤ 0.01 (i.e., less than 1%) can be achieved
with γt = 6.625 [32]. It turns out that, based on (48) NLOS
delays larger than τ � 19 m, and τ � 7.5 m can be detected by
GNSS and DGNSS receivers, respectively, as shown in Fig. 6.
In the following performance simulations, we use detection
thresholds γτ = 19 m and γτ = 7.5 m for vehicles with GNSS
and DGNSS receivers, respectively.

B. NLOS Delay Distribution

To verify the actual performance of the proposed ND algo-
rithm and the proposed techniques, knowledge of the NLOS
delay distribution in an urban street environments is necessary.
One of the statistical GNSS channel models based on massive
empirical data is the land mobile satellite channel (LMSC)
model, recommended by the International Telecommunication
Union (ITU) for mobile GNSS channels and standardized in
ITU-R P.681-7 [33]. In this model, virtual urban canyons are
constructed along a road, with buildings, trees, and poles on
both sides of the road; channel impulse responses are then gen-
erated based on the ray-tracing method. The size, height, inter-
val, and appearance frequency of the buildings, trees, and poles
are determined by the input parameters. We use typical param-
eter values set in ITU-R P.681-7 for urban and dense urban
scenarios to obtain the simulation results provided in Figs. 10
and 11; The modified parameter values are listed in Table II.

Fig. 7 shows the 103 local field measurements of pseudo-
range errors collected along a street in Daejeon, Korea
(WGS-84 coordinates—Latitude: 36.3780526◦; Longitude:
127.3934940◦), where tall buildings of 30∼40 stories and
small buildings of approximately five to ten stories appear in
a mixed pattern. Fig. 7 also shows the sum of the distributions
of the pseudorange errors obtained using the LMSC model (in
ITU-R P.681-7) for environments with buildings of approx-
imately an average number of stories for field buildings (in
Table II, Building height [m]). The delays are calculated in

TABLE II
ITU-R P.681-7 CHANNEL MODELING PARAMETERS

Fig. 7. Multipath delay distributions with field observation in an urban envi-
ronment and with LMSC model simulations.

meters (i.e., [m]). As can be observed, there is a good agreement
between the LMSC model and the field observations.

Fig. 8 shows the pseudorange error distributions obtained
with the LMSC model; these results indicate that the NLOS
delay distributions become wider and that their means increase
as the satellite elevation angle decreases for the same environ-
ments, as represented in the legends of the figures. It is also
shown that the LOS path occurs more often for satellites with
a high elevation angle. In all simulation results obtained using
the LMSC model, we find that C/N0 ≤ 37 dB-Hz for NLOS
satellites, whereas C/N0 ≥ 40 dB-Hz for LOS satellites.

C. Performance of the Proposed Techniques

Here, we perform 103 Monte Carlo simulations with a coop-
erative vehicular network consisting of nine vehicles, traveling
along an urban street and observing GNSS satellites, to demon-
strate the performance of the proposed techniques MR-hcEKF
and MRH-SPAWN. We compare the simulation results to those
of the conventional hcEKF and H-SPAWN in terms of the RMS
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Fig. 8. Multipath delay distributions of the LMSC model data when the
maximum vehicle speed is limited to 100 km/h in dense urban scenarios. The
legends are [Mean of building heights, STD of building heights] in meters.
(a) Satellite elevation is 30◦. (b) Satellite elevation is 45◦. (c) Satellite elevation
is 60◦.

Fig. 9. Formation of the cooperative vehicular network and visible satellites
for each vehicle (L1, L2).

error of the final position estimate in the xyz 3-D space. The
conditions and assumptions for the Monte Carlo simulations are
as follows.

• There are nine vehicles (nm for m = 1, 2, . . . , 9) on the
road, represented by the circles shown in Fig. 9; their
wireless connections are depicted as double-lined arrows.
The numbers of LOS satellites and NLOS satellites are
indicated in the upper left corner of each node. The
relative locations of the vehicles are given in Table III.

• Vehicles are equipped with (D)GNSS receivers, and the
observable GNSS satellites are uniformly distributed in
the sky above an elevation angle of 30◦.

TABLE III
VEHICLE RELATIVE LOCATIONS IN LOCAL ENU COORDINATE [M]

• The C/N0’s of the NLOS and LOS signals are uniformly
distributed at [30, 40] dB-Hz and [40, 48] dB-Hz, re-
spectively, and γC/N0

= 42 dB-Hz is used. In fact, we
can use γC/N0

> 42 dB-Hz, which does not influence the
result, as the nodes have at least two peer nodes in the
simulations. The groupφ1 includes one LOS signal whose
C/N0 is less than 40 dB-Hz, which may represent an LOS
signal attenuated by trees.

• Based on the empirical data, we use σvg,sl→u
� 7.5 m for

GNSS and σvd,sl→u
� 2.5 m for DGNSS (there is a low

variation depending on C/N0) as in [2] and [31]. The
local range noise σvnl→u

= 1 m [22], [23].
• The proposed technique runs for K = 5 time steps. At

each time step k (1 ≤ k ≤ K), new pseudorange and
local range measurements are obtained. To determine the
final position estimate, there are I = 5 iterations at each
time step.

• At each iteration, we apply a parameter estimation
algorithm based on importance sampling with 103 parti-
cles [15].

• We use γt = 19 m for GNSS and γt = 7.5 m for DGNSS
to maintain a CFAR≤1%.

• Based on the empirical data [24], where σΔ−
x
≤ 1 m and

σΔ−
y
≤ 1 m, we use σΔ = 1 m and σb = 1 m. Moreover,

the predicted state uncertainty increases in four dimen-
sions, i.e., [x, y, z, t], at every time steps according to
[σ2

Δ, σ
2
Δ, σ

2
Δ, σ

2
b ].

In the simulations, for every time steps k, each vehicle is given
a new set of pseudorange measurements from a new set of
satellites and a new set of local range measurements from the
connected vehicles. The NLOS delays, received signal strength,
and noise errors are independently generated at each k.

The positioning errors shown in Figs. 10 and 11 are the
average of the final positioning errors after K = 5 time steps
for each vehicles, determined using the CP techniques hcEKF,
H-SPAWN, MR-hcEKF, and MRH-SPAWN. At each time step,
the vehicles, due to their motion, are assumed at a new location.
The techniques are given with new 3-D position and time
prediction errors with uncertainties of

√
3σΔ(� 1.72 m) and

σb(= 1 m), respectively.
The simulation results in Fig. 10 are based on the GNSS

NLOS delays using the LMSC model (in ITU-R P.681-7)
parameters, which produce pseudorange errors similar to those
observed in the field shown in Fig. 7, in which most of the
NLOS delays are less than 60 m. The results in Fig. 10(a) verify
that the positioning performances of the conventional hcEKF
and H-SPAWN techniques and of the proposed techniques are
nearly identical for the vehicles n1, n2, and n5, which do
not use NLOS GNSS signals. However, the other six vehicles
using the conventional hcEKF or H-SPAWN CP techniques
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Fig. 10. Performance of the proposed techniques and conventional techniques
for the NLOS delays shown in Fig. 7. (a) RMS position estimation errors for
GNSS. (b) RMS position estimation errors for DGNSS.

suffer from NLOS GNSS, whereas the six vehicles using the
proposed techniques do not experience performance degra-
dation. In comparison to the results shown in Fig. 10(a), in
which the vehicles are equipped with GNSS receivers and
wireless ranging sensors, Fig. 10(b) shows results for vehicles
equipped with DGNSS receivers and wireless ranging sensors.
The position estimation performance shown in Fig. 10(b) is
worse than that in Fig. 10(a), because the techniques have poor
noise covariance (smaller DGNSS noise) for the same NLOS
delays. The amounts of performance degradation with hcEKF
and MR-hcEKF are larger than those with H-SPAWN and
MRH-SPAWN, respectively, because hcEKF and MR-hcEKF
are based on EKF, whereas H-SPAWN and MRH-SPAWN use
the Bayesian inference in a near-optimal manner. The worst
performance arises for vehicle n9 because this vehicle has the
largest number of NLOS GNSS signals and the lowest number
of local ranging measurements.

The simulation results in Fig. 11 are based on GNSS NLOS
delays using the LMSC model parameters, which produces the
pseudorange errors observed in the field, as shown in Fig. 8,
in which the NLOS delays range from 0 m to 150 m (or more).
Similar to the results shown in Fig. 10(a) and (b), the simulation
results in Fig. 11(a) and (b) are from vehicles equipped with
wireless ranging devices and GNSS receivers and from vehicles
with wireless ranging devices and DGNSS receivers, respec-
tively. Because the NLOS delays shown in Fig. 8 are much
larger than those shown in Fig. 7, the performance results for
H-SPAWN and hcEKF shown in Fig. 11(a) are much worse than
those in Fig. 10(a); the positioning errors of vehicles n3, n4,
n6, n7, n8, and n9 can be seen to have nearly doubled. In com-
parison, the performance results for the proposed techniques
MRH-SPAWN and MR-hcEKF show only slight differences.

Fig. 11. Performance of the proposed techniques and conventional techniques
for the LMSC model. (a) RMS position estimation errors for GNSS. (b) RMS
position estimation errors for DGNSS. (c) Failure rate in GNSS and DGNSS.

In addition, it is important to note that vehicles n1, n2, and n5

have positioning errors larger than those shown in Fig. 10(a),
which is not the case for the proposed techniques. The results in
Fig. 11(a) confirm that the proposed techniques MRH-SPAWN
and MR-hcEKF are only slightly affected by large NLOS
delays, whereas the positioning errors of hcEKF are nearly
doubled. In addition, H-SPAWN shows little robustness against
large NLOS delays; H-SPAWN experiences positioning failure
at least at one of the vehicles in the K sequential positioning,
and the positioning failure propagates to all of the vehicles
resulting in a cooperation failure as no single vehicle can
determine its position alone. It should be noted that the posi-
tioning accuracy values shown in Fig. 11(a) and (b) are based
only on successful CP. Fig. 11(b) shows that H-SPAWN fails
when vehicles use DGNSS receivers. In fact, a positioning
failure also occurs in the simulations shown in Fig. 11(a). This
reveals that H-SPAWN is less robust against large NLOS delays
than hcEKF. The failure rates for all vehicles are shown in
Fig. 11(c); it can be seen that the high failure rate of H-SPAWN
arises in vehicles using DGNSS receivers, compared with
vehicles using GNSS. Other techniques were found to undergo

Authorized licensed use limited to: Korea Advanced Inst of Science & Tech - KAIST. Downloaded on July 15,2021 at 09:17:10 UTC from IEEE Xplore.  Restrictions apply. 



5462 IEEE TRANSACTIONS ON VEHICULAR TECHNOLOGY, VOL. 64, NO. 12, DECEMBER 2015

no failures during the 103 Monte Carlo simulations. Note that,
as shown in Figs. 10 and 11, aspects of the positioning errors in
the conventional techniques are related with the network topol-
ogy. While vehicles n1 and n2 have two LOS and no NLOS
satellite signals, n2 has slightly smaller error than n1. This is
because n2 utilizes two times more local range measurements
than n1. It can be also observed that, although n2 and n5 have
very small positioning errors, n2 has the smaller error than n5

since n2 receives two LOS satellite signals. On the contrary,
the proposed techniques achieve almost the same positioning
performance for all nine vehicles.

To test the performance of the proposed techniques for a
general network topology, we perform 103 Monte Carlo sim-
ulations for a large-scale network with 21 vehicles in dynamic
scenarios. The initial position of the 21 vehicles in three parallel
lanes (seven vehicles with 20 m spacing per a lane) is set as

P
(0)
i,j = P

(0)
i,1 + [20(j − 1), 0, 0]T (49)

where Pi,j is the position for the j-th (j ∈ {1, 2, . . . , 7})
vehicle in the i-th lane (i ∈ {1, 2, 3}) expressed in the ENU co-
ordinate system, (·)(0) represents the initial state, and the initial
position of the leftmost vehicle in the i-th lane Pi,1 is defined
as P1,1 = [−10, 17.3, 0]T , P2,1 = [−20, 0, 0]T , and P3,1 =
[−10,−17.3, 0]T for the three lanes. We assume that the ve-
hicles are moving west, and the velocity of the j-th vehicle in
the i-th lane is expressed as

vi,j = V0 + νi

(
sin(2πfit) +

1
2
sin(2πfjt)

)
(50)

where V0 = 60 km/h is the mean traffic speed; ν1 = 15 km/h,
ν2 = 0 km/h, and ν3 = 30 km/h are the mean relative velocities
of the three lanes; fi expresses the variation of the mean lane
velocities (f1 = 0.1 Hz, f2 = 0.05 Hz, and f3 = 0.15 Hz); and
fj is the relative speed variation of the j-th vehicle and follows
a zero-mean Gaussian distribution with 1-Hz standard devia-
tion. Therefore, the relative location of the vehicles is changing
with time so that the network topology and the traffic densities
are changing. At each time step k, each vehicle measures
‖U (k)

n ‖0 local ranges to ‖U (k)
n ‖0 nearest neighboring vehicles,

and the number of observed LOS and NLOS GNSS satellites is
‖S(k)

n ‖0, where ‖U (k)
n ‖0 and ‖S(k)

n ‖0 are 2, 3, and 4 for (in
average) 10, 7, and 4 vehicles, respectively, and the number
of NLOS satellites is uniformly random in [0, ‖S(k)

n ‖0]. The
average RMS position error of each vehicle is shown in Fig. 12;
The conventional hcEKF and H-SPAWN have much larger error
than MR-hcEKF and MRH-SPAWN, and similarly to the results
shown in Fig. 11(b), H-SPAWN fails to deliver positioning
fixes for DGNSS receivers. The results in Fig. 12 testify to the
fact that the proposed techniques significantly outperform the
conventional techniques in dynamic scenarios.

VI. CONCLUSION

In this paper, an ND algorithm has been proposed to enhance
the multipath resistance of CP techniques. The proposed ND
algorithm has shown strong NLOS detection performance and
has been applied to two representative CP techniques: One is
based on hcEKF, and the other is based on the hybrid SPA

Fig. 12. Performance of the proposed techniques and conventional techniques
in dynamic scenarios.

TABLE IV
NOTATION SUMMARY

over wireless network (H-SPAWN). The theoretical expressions
for the proposed CP techniques MR-hcEKF and MRH-SPAWN
have been derived. Using numerous Monte Carlo simulations
based on GNSS NLOS delays observed in practice, the perfor-
mance of the proposed techniques has been compared with those
of the hcEKF and H-SPAWN methods. It has been demonstrated
that the proposed techniques strongly outperform hcEKF and
H-SPAWN in both static and dynamic scenarios and are robust
against multipath NLOS delays in urban environments.

APPENDIX

The summary of notations used in this paper are shown in
Table IV.
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