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A Multi-Vehicle Cooperative Localization
Method Based on Belief Propagation in
Satellite Denied Environment

Jiaqi Wang, Lina VVamgEl

Abstract: The global navigation satellite system (GNSS) is currently being used extensively in the
navigation system of vehicles. However, the GNSS signal will be faded or blocked in complex road
environments, which will lead to a decrease in positioning accuracy. Owing to the higher-precision
synchronization provided in the sixth generation (6G) network, the errors of ranging-based posi-
tioning technologies can be effectively reduced. At the same time, the use of terahertz in 6G allows
excellent resolution of range and angle, which offers unique opportunities for multi-vehicle coopera-
tive localization in a GNSS denied environment. This paper introduces a multi-vehicle cooperative
localization method. In the proposed method, the location estimations of vehicles are derived by uti-
lizing inertial measurement and then corrected by exchanging the beliefs with adjacent vehicles and
roadside units. The multi-vehicle cooperative localization problem is represented using a factor
graph. An iterative algorithm based on belief propagation is applied to perform the inference over

the factor graph. The results demonstrate that our proposed method can offer a considerable capa-

bility enhancement on localization accuracy.

Keywords: cooperative localization; belief propagation; factor graph; inertial navigation system:;

internet of vehicles

1 Introduction

Nowadays, the global navigation satellite system
(GNSS) plays an essential role in acquiring the
location of wvehicles. The GNSS can achieve
meter-level or even centimeter-level positioning
accuracy through some enhancement technolo-
gies [1]. However, when the vehicle is moving in
an environment such as a canyon, tunnel, and
forest, the positioning accuracy will seriously

decrease due to the blocking of satellite signal
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[2-4]. Inertial navigation system (INS) can pro-
vide high positioning accuracy in a short time
because its performance is less affected by the
surrounding environment. Owing to the auton-
omy and high sample rate, INS is considered to
be integrated with GNSS for higher accuracy
vehicle positioning [5-7]. An attenuation factor-
based adaptive Kalman filter (KF) was pro-
posed in [8] to fuse GNSS and INS data. In addi-
tion, a hybrid strategy autoregression model
based on the least-squares support vector
machine and KF was constructed to compensate
for the positioning error of INS [9], but it could
not be used in real-time situations. Different from
KF, the unscented Kalman filter can fuse nonlin-
ear measurement sensors, but it has a large com-
putational complexity. To reduce costs, singular
value decomposition is used for the generation

process of sigma points, and the probability den-
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sity function (PDF) is re-approximated in [10].
GNSS/INS integrated navigation method can
provide high positioning accuracy when the satel-
lite signal is lost temporarily. Still, the position-
ing error will increase rapidly when the satellite
signal is lost for more than 15 s [11, 12].

As a result of uncertainty in the surround-
ing environment, it is difficult to realize high-pre-
cision positioning with a single vehicle. Cellular
(C-V2X)
communication between vehicles or between vehi-
cles and roadside units (RSUs) [13]. Therefore,

enhancing positioning accuracy through multi-

vehicle-to-everything enables direct

vehicle cooperation has been studied extensively
over the past few years [14, 15]. In the coopera-
tive positioning method, the distance between
nodes is calculated, and then the coordinates of
all nodes are calculated by the distance matrix
and the position of anchor points. Hence, a large
number of nodes in the cooperative network will
obviously increase the time complexity of the
algorithm [16]. To reduce the cost of calculation
distributed

localization algorithm was presented to alleviate

and communication, cooperative
the uncertainty of location by exchanging infor-
mation between nodes with belief [17-19]. In [20],
a cooperative localization algorithm called BP-
VMP was proposed. By combining the varia-
tional message passing method with belief propa-
gation, the BP-VMP reduces the number of iter-
ations and computational cost of the algorithm in
the nonlinear measurement model. Consequently,
multi-vehicle cooperative localization technology
can effectively improve the problem of vehicle
positioning in GNSS denied environments [21,
22]. Compared with the 5G network, 6G can
achieve higher-precision synchronization, which is
beneficial to the performance improvement of
time-based positioning technologies. Meanwhile,
terahertz used in 6G has excellent time resolu-
tion, greatly reducing the impact of non-line of
sight on positioning accuracy. Therefore, 6G pro-
vides reliable technical support for the multivehi-

cle cooperative localization technology [23, 24].

This paper proposes a multi-vehicle coopera-
tive localization method based on belief propaga-
tion. The vehicles can use the C-V2X to trans-
mit absolute location and relative ranging mea-
surements to neighbor vehicles and RSUs. Based
on the sum-product algorithm over a wireless
network (SPAWN) algorithm [25], inertial mea-
surement unit (IMU) measurement is used to
obtain higher precision location estimation of
mobile nodes. The factor graph is used to model
the cooperative localization network, and then
the location estimation of vehicles is obtained by
an iterative algorithm based on belief propaga-
tion. The effectiveness of the proposed method is

demonstrated through a series of simulations.

2 Cooperative Localization Model

It is assumed that each node (including the vehi-
cles and the RSUs) in the cooperative localiza-
tion network can measure the distance through
C-V2X technology and send the sensor measure-
ment and location information to neighbor nodes.
Each vehicle is equipped with an IMU to mea-
sure acceleration and angular velocity during
vehicle movement. Fig. 1 shows the multi-vehi-

cle cooperative localization model.

Fig. 1 Multi-vehicle cooperative localization model

Consider the state of N nodes in the cooper-
ative localization network at time slot ¢ as X =
,x%)]. Let Z® = [2§“,z§“,-~- ,zﬁ@] be

the measurement in the cooperative localization

[0, 20, -

network at time slot ¢. The set of state and mea-
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surement in the cooperative network at every
time slot are represented by X ©* = [X© X® ...
X®) and Zt0 =[ZW, Z® ... Z®] respectively.
According to the above definition, the joint PDF
of the node state in the cooperative network is
formulated as p (X©® |Z®). By calculating the
maximum a posteriori (MAP) estimate of the
joint PDF, the location of the vehicles can be
obtained. The MAP estimation of the node state
in the cooperative vehicle network is expressed as
X = argmaxp (X @9 |Z0:9) (D
X (0:0)

Assuming that vehicles move independently
and their movement conforms to a Markov chain,
according to the conditional independence, the
joint PDF' is decomposed as
p(ZO|XO0)p(X© | XDy

X<0:t) Z(lrt) —
pXO0[Z00) 7

X(O)HpZuX())( )
- p(Z?) (2)
where p(X®) is the prior PDF.

The measurement of the vehicles Z® can be
decomposed into two parts according to different
sources. The measurement obtained by IMU is
denoted by Z{, and the information received
from neighbor nodes is denoted by Z). Accord-
ingly, Eq. (2) is factorized as

p(X(O:t) ‘Z(lzt) ) — p(X(o)) X
[T XX =
i=1
7Z1MU(1)> X
i=1
[Tz 1xe) ®

The IMU observation information between
nodes is independent of each other so that the
IMU measurement part is simplified as

N

0z =] e (el

m=1

(i-1) (@)
m ’ ZWL IMU)

4

p(

where 2, represents the IMU measurement of

vehicle m at time slot 3.

Z{) is only related to the state of the cur-
rent node and neighbor nodes so that it can be

simplified as

X®) H H p (2, 2@ 2Py (5)

m=1 N( i)

Z()

neib

where N is the neighbor set of vehicle m at
time slot ¢ and z{”, = is the measurement func-
tion of node n to node m at time slot 1.
Hence the optimization function can be
obtained as
X©9 =argmaxp (X©" |Z2) = argmax p(X ©)x

x (0:t) x (0:t)

HHP

i=1 m=1

@) (@
HH [I pG2 e o)

i=1m=1, (D) (6)

(i—1) (4)
wrn b Zrn IMU) X

It can be seen from (6) that the optimiza-
tion function in vehicle cooperative localization
network can be decomposed in terms of prior
PDF and state transition function and measure-
ment function. The optimization function will be

modeled using a factor graph in the next chapter.

3 Proposed Method

3.1 Multi-Vehicle Cooperative Localization Fac-
tor Graph

The factorized functions of a global function can

be represented by a factor graph. The marginal

PDF of variables can be obtained by applying

the sum-product algorithm [26].

Fig. 2 shows the factor graph corresponding
to (6) within a time slot, in which @, 2 and
2 are state variables and £, is the state tran-
sition factors of the vehicles. The vehicles esti-
mate the state at time slot i using their state at
time slot ¢ — 1 and the measurement of IMU at
time slot 7. As a consequence, the state transi-

tion function of the vehicles is given by

) = HIMU(m(iil)y 7},(,1.:1)7 9,(271)) + Ny 7

m m

where Hyy(-) denotes the measurement function

of IMU and n,,, denotes the measurement noise.
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v~ and 9¢~Y are the velocity and orientation of

the vehicle m at time slot ¢ — 1.

S0

F () S0

f(l) )
m, IMU ,

O]
0, IMU

f(Z)
J mmmu

Fig. 2 Multi-vehicle cooperative localization factor graph

Assuming the noise obeys the Gaussian dis-

tribution, the IMU factor is given by

1(11[:,)IMU ($§i)7 ziyi;l)) =

1
exp (|

where X, is the noise covariance matrix of IMU.
)

neib

29— (20, 0, 95 1>||E,W) ®

is the measurement factors between
cooperative nodes. The wireless ranging measure-

ment between nodes can be expressed as
Zy, =H,(x}),2) +n, =

V0@, — 20) + (@), — 20 +n, (9

where H,(-) and n, are the measurement func-
tion the measurement noise of the ranging mod-
ule, respectively. z{) and z{? denote the coordi-
nates of the vehicle m at time slot i.

The measurement factor is expressed as

0 (2 200} =

neib

exp (

where Y, is the ranging noise covariance matrix.

2
20, (@, — 20)* + (@9, — 2))*

24

(10

3.2 Iterative Algorithm Based on Belief Propaga-
tion

The variables and factors in the factor graph first

compute current belief and send it as a message
to the connected nodes. When nodes receive a
message, they will update their belief according
to the message. The message transmitted by the

factor f, to the variable z,, is defined as
Mfl‘)z'm,(xm) = ffl(xlax27 e

H /‘LTn"fl d‘rl

n#m

LTy )X
codx,,_da,, g, - -doy

(an

The message transmitted by the variable x,,
to the factor f, is defined as

::LLf2_>'Tm, (.’Em)x
,ufsﬁzm (Z’m) X

Moz, — 1y (‘Im)

X l’(‘f]‘*)Tm (xm)
(12)

where f, , f; and f, are the factors connected to
the variable z,,.

An iterative algorithm is proposed to trans-
fer the belief and update the factor graph, and
the marginal PDF of the variables in the factor
graph is solved to obtain the optimal estimation
of the positioning vehicle. The detailed proce-
dure is as follows.

Step 1 Initialize the nodes of the factor
graph, obtain the prior PDF f(z®) for all vari-
ables, and approximate the prior PDF as the ini-
tial belief BI'%, ().

Step 2 rEbhe nodes in the factor graph send
the current belief BI'(;;"(2!)) to the connected
nodes, and receive the T;nessage sent by the corre-
sponding nodes at the same time to update the

current belief according to

( ) ( ) ( ) ( )
RO IRC IO NI O € f i (T )
BI'G) “(mi?)d:cif) (13)
Ty
(K) (2) ) (2)
BI 2 (xm ) Mf(yz)l\/lU(lngL) 20D, 0) (xm )><

H F1G) (00 D)) o o (@) (14)

nen(?

where K is the number of iterations that have
occurred so far.

Step 3 Repeat step 2 until the number of
iterations that have occurred reaches M, which

denotes the maximum iterations number.
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Step 4 If the current time slot ¢ have not
reached the last time slot, step 6 is expected to
be executed, otherwise, step 5 is executed.

Step 5 The time slot reaches the next sam-
pling point, and the message of all nodes received

are computed according to

BI(O) (m(iJrl)) —

L L

J Ay - B () )

m,IMU m 7

(15

And it is used as the initial belief of the new time
slot. Then go back to step 2.

Step 6 At this time, vehicles can estimate
their location by taking the MAP estimate of
belief corresponding to variables.

4 Simulation and Evaluation

In this section, a series of MATLAB simulations

are employed, and a comparison with the
SWAWN algorithm and the BP-VMP algorithm

Tab. 1

is made to verify the effectiveness of the pro-

posed method.
4.1 Simulation Setup

Consider a cooperative localization network with
25 vehicles and 10 RSUs. The nodes are placed in
a 100 mx20 m area. The initial location of the
nodes is shown in Tab. 1 and Fig. 3. Each vehi-
cle is equipped with an IMU, and nodes within
the communication range can use C-V2X to send
and receive messages. The vehicles move at the
speed between 0 m/s and 5 m/s, and the direc-
tion angle is between —0.2 rad and 0.2 rad. The
simulation lasts 15 s and the sampling period is
0.5 s. The simulation parameters are set as Tab.
2, where o, and o, are the standard deviation
error of wvehicles initial location and distance
measurement. The nodes are considered neigh-
bors if their distance is less than the maximum

communication distance, which is denoted by R.

Nodes initial coordinates

Node name Coordinate (m) Node name

Coordinate (m) Node name Coordinate (m)

R1 (0, 0) R2 (20, 0) R3 (25, 0)
R4 (25, 20) R5 (50, 0) R6 (50, 20)
R7 (75, 0) R8 (75, 20) R9 (100, 0)
R10 (100, 20) V1 (46.799,4.622) V2 (0.007,17.204)
V3 (72.578,12.688) V4 (39.948,14.629) V5 (2.292,3.127)
V6 (63.774,18.993) A4 (43.935,8.009) V8 (59.177,12.228)
V9 (61.799,15.970) V10 (45.410,13.727) Vi1 (4.909,9.669)
V12 (71.969,10.053) V13 (74.009,19.712) V14 (40.480,0.140)
V15 (5.141,0.819) V16 (94.801,2.069) V17 (87.739,12.068)
V18 (82.765,0.924) V19 (44.864,8.437) V20 (88.448,7.117)
V21 (85.372,13.953) V22 (64.774,7.260) V23 (50.678,6.491)
V24 (7.602,13.550) V25 (36.241,11.665)
30 . . .
% Vehicles Tab. 2 Parameters setting of simulation
25} x RSUs
Parameter name Parameter value
20 x x x * ¥ x
* o d, 3m
15
—_ * * x * * ** R 20 m
E 10 * M X
D~ * 3 * * bd 1 m
5t . *
0F x¥  x * x e * 4.2 Simulation Results and Analysis
-5t The root mean square error (RMSE) of vehicles
-10 localization under the 4 different methods are

0 20 40 60 80 100
X (m)
Fig. 3  Nodes initial position in multi-vehicles cooperative net-

work

shown in Fig. 4. The average positioning error of
the method in this work is 0.7436 m, which is
reduced by 82.3%, 10.8% and 8.5% compared
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with the other three methods, respectively.
According to Fig. 5 and Tab. 3, the proposed
method in this paper has a probability of 81%
when the positioning error is less than 1 m, while
the SPAWN algorithm and the BP-VMP algo-
rithm are 72% and 74%. Meanwhile, the maxi-
mum error of the proposed method is 1.6002 m,
which is greatly reduced compared with the other
three methods. It is clearly seen that the loca-
tion estimation error of vehicles are effectively
mitigated by wusing the state information of
neighbors, and the proposed method further
improves the positioning accuracy and stability
compared with the SPAWN algorithm and BP-
VMP algorithm.

18 .
—— Single-vehicle
16 + —o— SPAWN
—«— BP-VMP
14+ —s— Proposed method

RMSE (m)

0 5 10 15 20 25 30
Sampling point

Fig. 4 RMSE of vehicles localization under different methods

1.0
09|
08|
0.7
0.6

(=5

S0s5t

O
04|
03|
02}

0.1} #

—— Single-vehicle
—o— SPAWN
—— BP-VMP
—=— Proposed method

0 1 2 3 4 5
Positioning error (m)
Fig. 5 CDF of localization errors of vehicles under different

methods

Fig. 6 shows the RMSE of vehicles localiza-
tion after 20 iterations under different methods.
Note that the positioning error of cooperative

localization decreases with the iteration. With
the same time of iterations, the proposed method
can provide lower positioning error than the
SPAWN algorithm, which is attributed to the
To further

investigate the impact of the iterations number

motion observation information.
on the positioning accuracy of the three coopera-
tive localization methods, the maximum itera-
tion times M is decreased from 10 to 6. As shown
in Fig. 7 and Tab. 4, due to the reduction of A7,
the average positioning error of the SPAWN
algorithm and the BP-VMP algorithm respec-
tively increase by 46.5% and 31.9%, which is
hardly increased by applying the method pro-
posed in this paper.

Tab. 3 Error of positioning under four methods
Localization method Max(m) Min(m)  Mean(m)
Single-vehicle 17.9278 0.4612 4.2869
SPAWN 5.0364 0.0315 0.8336
BP-VMP 3.0704 0.0308 0.8123
Proposed method 1.6002 0.0284 0.7436
12
—— Anchor only
—e— SPAWN
10} —— BP-VMP
—=— Proposed method
8l
E
5 of
p>
[ bbb >p—p—b—b
4t
2L
0 5 10 15 20 25

Number of iterations

Fig. 6 Variation curve of localization RMSE with iteration

times under different methods

Additionally, Fig. 7 indicates that the per-
formance of the SPAWN and BP-VMP are con-
siderable at most time slots, but the positioning
accuracy will seriously deteriorate at some time
slots. The reason is that the vehicle does not
have enough neighbors in a short time and it can
only estimate the location by ranging measure-
ment, resulting in divergence of the algorithms.
When the nodes involved in the cooperative

localization remain constant, the number of
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neighbors mainly depends on the maximum com-
munication distance. Thus, the positioning capa-
bility of the proposed multi-vehicle cooperative
localization method in a scenario with insuffi-
cient neighbors is examined by decreasing R from
20 m to 15 m. The simulation results of the posi-
tioning error of vehicles under different methods

are shown in Fig. 8.

6
—e— SPAWN
—— VMP-BP
5F —=— Proposed method
41
E
23y
=
o~
2L
1k
0 5 10 15 20 25 30

Sampling point

Fig. 7 RMSE of vehicles localization under different methods
(M = 6)

Tab. 4 Localization error under different maximum iteration

times
Localization method M Max(m) Min(m) Mean(m)
10 5.0364 0.0315 0.8336
SPAWN
6  5.5525 0.0781 1.2212
10 3.0704 0.0308 0.8123
BP-VMP
6 3.8081 0.0911 1.0712
2.1086 0.0517 0.7241
Proposed Method
2.1508 0.0527 0.7386
16
—e— SPAWN
14l —+ BP-VMP

—=— Proposed method

RMSE (m)

0 5 10 15 20 25 30
Sampling point
Fig. 8 RMSE of vehicles localization under different methods
(R=15m)

After reducing the maximum communica-
tion distance, the accuracy of the SPAWN is
seriously reduced. The average positioning error
increases to 3.0824 m. Meanwhile, the accuracy
of BP-VMP also decreased and the average error
increased to 2.2354 m. In contrast, the proposed
method can still estimate the vehicle position
through the motion information measured by
IMU and has a considerable positioning accuracy.
The average positioning error is 0.9136 m, which
is 144.7% lower than that of the BP-VMP algo-
rithm.

Furthermore, the positioning accuracy when
the initial measurement errors o, are set to 3 m,
5 m, and 10 m respectively is compared in Fig. 9
and Tab. 5.

1.0 ——
[ = o _ ZoCr Rl 3_;
09+ = -
0.8
0.7 +
0.6 |
[
8 0.5+ i P SPAWN 0,=3
04 : P —s— BP-VMP =3
: R & ’& —=&— Proposed method 7,=3
0.3 3 A - -0- - SPAWN 5,5
jp/ & - -e - BP-VMPg,=5
02 ¢ '4 = =& = Proposed method 7,=5
o p e T =-=0--=- SPAWN 0,~10
0.1 - P ~-=e=-=- BP-VMP g,=10
; fad ===B--=- Proposed method ¢,=10
o 1 1 1 1
0 1 2 3 4 5

Positioning error (m)

Fig. 9 CDF of localization errors of vehicles under different

initial position observation errors

Tab. 5 Localization error under different initial measurement

error

Localization Increase
ethod op (m) Max (m) Min (m) Mean (m) ratio (%)

3 5.0364 0.0315 0.8336 /
SPAWN 5 62173 0.0744 1.8105 117.19
10 7.6322 0.0914 2.3025 176.21

3 3.0704 0.0308 0.8123 /
BP-VMP 5 45864 0.0779 1.7407  114.29

10 6.2597 0.0927 3.0384  274.05
3 1.6022 0.0284 0.7436 /

2.1263 0.0391 0.8985 20.83
10 23151 0.0449 0.9187 23.55

Proposed method 5

When o, is increasing, the message of vehi-

cles received is more unreliable. As observed in

— 470 —



Jiagi Wang et al. / A Multi-Vehicle Cooperative Localization Method Based on Belief Propagation in Satellite ...

Fig. 9, the advantage of using the IMU measure-

ment for cooperative localization is clearly
demonstrated when the initial position of the
vehicle is uncertain. The positioning error of the
SPAWN algorithm will also increase with the
error of the initial measurement. Tab. 5 summa-
rizes the average localization error of the three
methods when the
increases. When o, is increased from 3 m to 5 m
and 10 m, the errors of the SPAWN algorithm
increase by 117.19% and 176.21%. The errors of

the BP-VMP increase clearly during this period

initial measurement error

due to the message transmitted only including
the mean state and covariance matrix of the
cooperative nodes. As a comparison, the error of
the proposed method does not increase signifi-
cantly, remaining at about 0.9 m. It can be
inferred that the proposed method in this paper
is less affected by the initial measurement error
of vehicles and can be applied to a harsher situa-

tion.

5 Conclusion

This paper presents a multi-vehicle cooperative
localization method based on belief propagation
in a satellite denied environment. The vehicle
first estimates the location through IMU mea-
surement and then corrects the location estimate
through the exchange of information with neigh-
bor mnodes. A cooperative localization factor
graph model is established and then uses the iter-
ative message algorithm of belief propagation to
obtain the location of the vehicles. The simula-
tion demonstrates that the proposed method out-
performs the SPAWN algorithm and BP-VMP

algorithm in terms of accuracy and durability.
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