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ABSTRACT 

This paper proposes a cooperative vehicle-to-vehicle 
(V2V) relative positioning approach using a federated 
filtering scheme in a Vehicular ad hoc Network (VANET) 
based on the techniques of differential GPS (DGPS) 
baseline estimation and Ultra-Wide Band (UWB) ranging. 
The relative positioning problem is addressed by 
assuming each vehicle in the VANET is equipped with a 
GPS receiver, UWB ranging radio, and communication 
devices through which information can be exchanged 
among elements in the network. The solution to this 
problem is a federated filtering structure where each 
vehicle runs a decentralized local filter estimating the 
relative positions between it and the neighboring vehicles 

using all local observations and a global fusion filter that 
fuses each vehicle’s local filter estimate with the other 
vehicles’ local filter estimates updated using only 
independent observations to this vehicle. The proposed 
approach relies on V2V communication that broadcasts 
each vehicle’s local GPS observations for differential 
processing and each vehicle’s local estimate to the other 
neighboring vehicles for further global fusion. A GPS and 
UWB data collection campaign involving three vehicles 
traveling around a “T” shape intersection was conducted 
to demonstrate the effectiveness of proposed approach. 
GPS pseudorange and Doppler and UWB range 
observations were used for V2V baseline estimation with 
20-30 cm of accuracy achieved. The benefit of the 
proposed approach is assessed by comparing it with 
traditional moving-base station DGPS involving only two 
vehicles. 
 

INTRODUCTION 

Recent technology advances allow the implementation of 
the vehicular ad hoc network (VANET) in which the 
group of vehicles are able to communicate and share 
information between themselves (V2V) or between the 
vehicles and the roadside infrastructure (V2I) (Boukerche 
et al. 2008). A variety of V2V and V2I vehicular safety 
applications have emerged and have received increasing 
attention as an important part of the Intelligent 
Transportation Systems (ITS), such as Cooperative 
Collision Warning (Sengupta et al. 2007) and Intersection 
Safety (Jiang et al. 2012). In addition to communication 
systems in the network, the key factor is the position 
information. Of particular interest are the relative 
positions between vehicles for them to keep safe distances 
and be warned when exceptional lane departure occurs.  
 
Intuitively, as has been widely deployed in the vehicle 
navigation systems, the Global Positioning System (GPS) 
provides reliable metre-level positioning accuracy in 
favorable signal environments and meets the requirement 
of finding the way to a destination for vehicle navigation 
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in most cases. However, standalone GPS positioning 
would fail in meeting the positioning accuracy 
requirements of the aforementioned safety applications 
that need decimeter level or better relative positioning 
accuracy (Shladover and Tan 2006). In this case, this 
positioning accuracy is still achievable using GPS via 
DGPS techniques when the two vehicles are sharing GPS 
observations with each other and both of them are all in 
favorable signal environments without significant 
blockage and degradation to the satellite signals. DGPS 
relative positioning with moving-base station has been 
tested for  multiple moving vehicles in Luo and 
Lachapelle (1999) in a centralized filter. 
 
What if the vehicles are actually in severe signal 
environments with insufficient satellites in view? This 
paper investigates augmenting DGPS with the use of 
additional Ultra-wide band (UWB) ranging radios making 
direct inter-vehicle range observations. UWB is selected 
due to its relative low-cost, very precise ranging, strong 
resistance to multipath and so on. Moreover, UWB radios 
have been widely deployed for indoor localization and are 
beginning to be tested in vehicular relative positioning 
applications (Petovello et al. 2010).  
 
Traditionally as in Petovello et al (2010), the V2V relative 
positioning is implemented in a centralized filter where all 
the observations from all the vehicles are gathered and 
processed, which suffers from limited robustness and 
flexibility and requires full communication connectivity. 
Alternatively, recognizing the inherent decentralized 
nature of a VANET, a decentralized filtering and fusion 
scheme based on the federated filtering approach 
proposed in Edelmayer et al (2010) is designed and 
implemented in this paper. Assuming each vehicle 
broadcasts its local GPS observations to the other vehicles 
through communication channels with negligible lag, 
single-differenced GPS pseudorange and Doppler 
observations along with locally observed UWB ranges are 
used to estimate the relative positions.  
 
The next section of this paper reviews the Extended-
Kalman Filter (EKF) formulation and theoretically 
derives the decentralization and fusion formulation 
assuming independent observations are obtained from 
multiple sensors. Then, the specific methodology of 
estimating relative position using differential GPS and 
UWB observations is addressed, which is followed by an 
experimental description of  a small scale VANET test 
involving three vehicles. The corresponding data 
processing and results analysis is then conducted to 
demonstrate the proposed approach before coming to the 
concluding remarks and discussions. 
 
 

EKF-BASED FORMULATION FOR FEDERATED 
FILTERING 

The extended Kalman filter (EKF) is commonly used for 
non-linear state estimation problems in positioning, 
localization, and navigation community. Federated 
filtering is a processing technique that consists of two-
stage of filtering, referring to the local filtering and global 
fusion herein. The following subsections start with the 
formulation of the typical centralized EKF followed by its 
decentralization and then the optimal global fusion.  
 
Centralized Kalman filtering 

For joint estimation of relative positions among a group 
of vehicles, the conventional approach is to use a 
centralized filter to process all the observations gathered 
from all the vehicles. Following the notation of Brown 
and Hwang (2013), the linearized discrete form of the 
state-space model describing the system is 

 1k k k k

k k k k

+ = Φ +
= +

x x w
z H x v

  (1) 

where 0,1, 2,k =  denotes the discrete time epochs; 
n

k R∈x  are the centralized states to be estimated and the 
initial conditions are assumed to known, i.e. 0 0{ }E =x x  
and 0 0 0 0 0{( )( ) }TE − − =x x x x P ; n

k R∈w and 
M

k R∈v are zero-mean white Gaussian noises 
independent of the initial states 0x , i.e. ~ (0, )k kNw Q  
and ~ (0, )k kNv R , respectively and furthermore they are 
uncorrelated, i.e. { } 0T

k jE =w v ; M
k R∈z  is the 

measurement vector for the entire system. 
 
Given the above system and measurement model under 
the stated assumptions, the recursive discrete EKF 
solution for the system following Brown and Hwang 
(2013) is given by 
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Note from equation (3), the following equation is 
obtained 
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In summary, equations (8) and (3) are the typical EKF 
measurement update equations, while equations (5) and 
(6) represent the typical state prediction. 
 
Decentralized Local Kalman filtering 

Following the development of Hashemipour et al (1988) , 
if the observation vector is partitioned to m blocks 

1 2[ , , , ]m T
k k k kz z z=z  of observations where observations 

in each block are uncorrelated with observations in the 
other blocks and accordingly 1 2[ , , , ]m T

k k k kH H H=H  , we 
can obtain 1 2[ , , , ]m T
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where , ,imi i
k k iz v R m m∈ =∑ . According to equation (1) , 

we obtain 
 i i i

k k k kz H v= +x  (10) 
If each block of observations represents the measurements 
gathered by one of many vehicles in a VANET, then 
equation (10) represents the local observations as they 
relate to the full centralized state vector. Thus, each 
vehicle obtains its local estimate of the full set of states. 
 | | 1( )i i i i i i

k k k k k k k kx I K H x K z−= − +  (11) 
where  
 1

| 1 | 1( ) [ ( ) ]i i i T i i i T i
k k k k k k k k kK P H H P H R −

− −= +  (12) 
and the local covariance update is (Brown and Hwang 
2013) 
 

1 1 1
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k k k k k k kP P H R H
− − −

−= +  (13) 
Note equation (13) is the information form (meaning that 
the inverse of the covariance matrix is used and stored 
instead of the covariance matrix itself), and equation (12) 
can thus be derived as  
 1

| ( ) ( )i i i T i
k k k k kK P H R −=  (14) 

The local estimate prediction is represented by 
 | 1 1 1| 1

i i
k k k k kx xφ− − − −=  (15) 

and  
 | 1 1 1| 1 1 1( )i i i i T i

k k k k k k kP P Qφ φ− − − − − −= +  (16) 

where 1 1
i
k kφ − −= Φ  and 1 1

i
k kQ − −= Q , meaning the local 

filter has the same dynamics model (transition matrix and 
the process noise) as does the global filter.  
  
In summary, for uncorrelated observations from multiple 
local sensor systems estimating the same state, an EKF 
formulation can be developed similarly to that of 
centralized EKF, and the multiple local estimators can be 
considered as parallel partitions derived from the 
centralized filter. Each local estimate may have a different 
solution, depending on which subset of the whole set of 
measurements is used by each local estimator.  

 
Decentralized Kalman filtering fusion 

The next question to consider is how to optimally fuse 
these local estimates to obtain an estimate that is 
equivalent to a centralized filter with access to all of the 
observations. Following equation (14), the Kalman gain 
multiplied by the full observation vector can be expressed 
as the sum of the gains from each  of the sub-sets of 
observations 

 1
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Substituting equation (14) into equation (11) and 
replacing only the second i

kK  on the right, results in  
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Then, as an analog to equation (7), we have  
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Substituting equation (19) into equation (18) gives 
 1 1 1

| | | 1 | 1( ) ( ) ( ) ( )i T i i i i i i
k k k k k k k k k k kH R z P x P x− − −

− −= −  (20) 
Finally, by using equations (2), (7), (17), and (20), the 
estimate resulting from globally optimal fusion is  
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where  

 

1 1 1
| | 1

1 1
| 1 1

1 1 1
| 1 | | 11

( ) ( )

( ( ) ( ) )

T
k k k k k k k

Tm i i i
k k k k ki

m i i
k k k k k ki

H R H

P P

− − −
−

− −
− =

− − −
− −=

= +

= +

= + −

∑
∑

P P H R H

P

P

 (22) 

and | 1k k−x  and | 1k k−P are the same as equation (5) and 
equation (6), respectively. In other words, the fused state 
covariance can be obtained from the sum of each local 
estimator’s post-update variance (due to both local 
observations update and prediction of the a priori value) 
minus the contribution of all but one of the a priori values 
such that the sum of all these terms includes the a priori 
value once only, plus additional information due to each 
block of observations. 
 
In all, equations (21) and (22) show the optimal EKF 
fusion algorithm to generate an estimate that is equivalent 
to that which would have been obtained from processing 
all of the observations in a centralized filter by using 
uncorrelated blocks of observations in many local filters. 
Note that each local system only generates its local 
estimate and communicates with the central filter if 
applicable, while it is optional to have backwards 
communication from the central filter to the local system 
processor. The global centralized estimate is only 
available when all the information from the local systems 
is available to the central processor, which relies on and is 
limited by the communication connectivity and delay. 
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If the fused estimate is fed back to the local filters, this is 
equivalent to providing a new a priori state estimate and 
covariance for the above representation, so no additional 
changes are required to the above derivation other than 
noting that it will restart if there is a feedback from the 
fused estimate. Also note that this fused estimate feedback 
may occur at a lower rate than the local filters are 
updating.  
 
 
PROBLEM STATEMENT AND METHODOLOGY 
USING GPS AND UWB RANGE 

The goal of this section is to apply the above 
decentralized and fusion algorithm in a federated filtering 
approach to the problem of relative positioning in a 
VANET using both differential GPS and direct inter-
vehicle range measurements. Several assumptions are 
stated as follows before getting to the methodology: 
• Assume the VANET consists of vehicles moving 

independently.  
• Each vehicle is equipped with a GPS receiver and 

possibly a UWB radio for inter-vehicle ranging 
and/or other sensor systems.  

• Heterogeneous sensors are assumed in terms of both 
quality and availability (each vehicle may or may not 
have various additional sensors).  

• All the vehicles are assumed to have detection and 
communication capability in the network and will 
exchange measurements and estimate information 
through certain communication channels only if 
necessary (e.g. local filter and global fusion filter 
update cycles). This paper assumes synchronous data 
exchange for preliminary algorithm demonstration. 

 
Federated filtering architecture 

Traditionally, the relative positioning solution involving 
multiple vehicles and sensor systems is implemented in a 
centralized filtering architecture that relies on the central 
filter to receive all the observations from each vehicle, 
and thus requires full connectivity in the network. 
Alternatively, recognizing the inherent decentralized 
nature of an ad hoc network of vehicles, the decentralized 
estimation architecture as shown by Error! Reference 
source not found. could enhance the robustness of the 
system, where each vehicle broadcasts its own local GPS 
observations to the rest of the vehicles for them to 
perform differential GPS to obtain a local estimate of the 
entire group’s relative positions. Each vehicle 
incorporates UWB ranges to update the local filter only if 
it has access to UWB observations. Furthermore, in order 
to obtain centralized equivalent estimates, the federated 
filtering approach presented above is applied in this 
decentralized estimation architecture in that each vehicle 
runs a global fusion filter to fuse its local estimate and the 
other vehicles’ local estimates (obtained through other 
vehicles’ broadcasting of their local estimates) in a way to 

obtain the centralized equivalent estimates. Note that 
there is an optional feedback (dashed line) from the global 
fusion filter to the local filter, where the local prediction 
is replaced by the global prediction before the next local 
filter update. In this case, the next local filter update is 
actually not “local” and is identified as the local estimate 
with global prediction in the context of this paper. The 
local and global filters and their implementation details 
are described below. 
 

 
Figure 1 Decentralized federated filtering architecture 
for VANET cooperative relative positioning 
 
Local filter 

For addressing the methodology using differential GPS 
measurements and UWB ranges, the three vehicles 
configuration of a VANET shown in Figure 2 is used an 
example, where the vehicles are labeled , and . In 
this configuration, three vehicles can form six baselines 
between each other.  

 
Figure 2 Vehicles and baselines formed in a three 
vehicles configuration 
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From the perspective of vehicle o , there are two 
independent baselines (in the literature of differential 
GPS) to the other two vehicles, i.e. baseline op and 
baseline oq . The third side of the triangle is termed the 
dependent baseline of vehicle o , such as baseline qp  
and pq , since these two baselines can be obtained by 
differencing the two independent baselines of vehicle o . 
Intuitively, the UWB ranges from vehicle o to vehicle 
p or q can observe and thus can be used to estimate the 

two independent baselines op and oq . In addition, the 
single-differenced (SD) GPS observations can be used to 
estimate the baselines as well. However, the use of SD 
GPS observations complicates the decentralization 
algorithm in two ways. Firstly, the assumption has to be 
made that each vehicle is broadcasting its GPS 
observations to the other vehicles in the network (in order 
for the other vehicles to difference their observations). 
Secondly, note that if two vehicles use the same SD GPS 
observations in their respective local filters, then these SD 
observations would be used twice and the local filter 
updates cannot be correctly fused without firstly 
accounting for this. 
 
In order to deal with these problems, the local filters will 
produce two local updates, one that includes local 
observations and also the SD GPS observations that are 
not common to the neighboring vehicles. The other one 
includes only the SD GPS observations that are common 
to the neighboring vehicles. Then during the global fusion 
step, one vehicle can fuse its second local update with the 
first local updates from the neighboring vehicles.   
 
By incorporating the GPS SD Doppler measurements as 
well to estimate the relative velocity, we can parameterize 
the baseline op state vector as 

 
1 8

T

op op op op opx b v dt dt
×

 = ∆ ∆ 


 

  (23) 

where  opb


 and opv are the relative position and relative 
velocity vector respectively, parameterized here in an 
East-North-Up (ENU) local level frame; ∆ is the SD 
operator; dt and dt are the clock drift and clock bias, 
respectively.  
 
Thus, if vehicle p and q share GPS measurements with 
vehicle o , its local filter updates its local state vector  

 
1 16

T

o op oqx x x
×

 =  
    (24) 

using UWB ranges if available and the SD GPS 
pseudorange and Doppler measurements over its two 
independent baselines op and oq . Similarly, the local 
filter state vector of vehicle p is  

 
1 16

T

p po pqx x x
×

 =  
    (25) 

If we assume the two vehicles are close enough that their 
local level frames differ only by translation of the origin 
(no rotation due to Earth curvature), then we can obtain a 
mathematically equivalent estimate of ox from 
transforming px . This estimate is denoted |o px  and can be 
obtained using 
 |

p
o p o px T x=   (26) 

where 

 8 1 8 1

8 1 8 1

0p
o

I
T

I I
× ×

× ×

− 
=  − 

 (27) 

is the transformation matrix. Note if the separation 
between vehicles is large, the identity matrices in equation 
(27) must be replaced by rotation matrices to map 
between the two local level frames, which are omitted 
here for simplicity and because the baseline lengths 
involved are short (typically < 500 m). Equivalently, the 
corresponding covariance matrix is transformed in terms 
of the covariance propagation law as 
 | ( )p p T

o p o p oP T P T=  (28) 
 
Global fusion filer 

The estimate of baseline qp  or pq on vehicle o can be 
calculated afterwards using the available estimates of 
baseline op  and oq centered on vehicle o . However, what 
if there is an additional satellite that is observed by 
vehicles p and q  but not vehicle o  (e.g. PRN 5 in Figure 
2), or, there is a local UWB range generated on vehicles 
p and q ? In this case, the above direct calculation cannot 

obtain the same estimate as would be obtained by a 
centralized filter on vehicle o using all observations 
available in the network. This type of additional 
observation is classified as an “independent observation 
over the dependent baseline” from the perspective of 
vehicle o . Note that these additional observations are still 
ordinary “independent observations over the independent 
baselines” from the perspective of vehicles p and q , and 
are used to update their respective local filters. 
 
At this point, vehicle o  is not able to use this 
“independent observation over the dependent baseline’ in 
its local filter update. However, the global fusion filter of 
vehicle o can then fuse its own local filter estimates with 
the other local filter’s estimate that have firstly been 
updated by using local observations and any “independent 
SD GPS observations over the dependent baseline” of 
vehicle o .  
 
Take vehicle p ’s local filter as “the other local filter”, for 
example; its local estimate of the baselines that were 
firstly updated by the additional observations of PRN 5 is 
denoted as '

px . The associated local estimate covariance 

is denoted as '
pP . Then, an estimate of baselines centered 
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at vehicle o is obtained by applying equations (26) and 
(28) 

 
'

|

'
| ( )

p
o p o p

p p T
o p o p o

x T x

P T P T

=

=

 

 (29) 

Finally, this estimate representing the update of baselines 
centered at vehicle o resulting from the observations only 
available on vehicle p  can be fused with vehicle o ’s 
own local filter estimate using equations (21) and (22) to 
obtain the global fusion filter estimates of vehicle o  as 
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where 
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and 
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The above development presents a federated filtering 
approach for DGPS/UWB integration for V2V 
cooperative relative positioning based on the 
aforementioned theoretical decentralized filtering and 
global fusion algorithm. Note that the local estimate 
described in this development is actually a local update 
following a prediction based on the global fused estimate 
from the previous epoch. It is also possible for an element 
in the network to run an entirely local filter without the 
global fusion or prediction steps. The next section 
describes a V2V test that compares both of these 
approaches to each other and to a centralized filter.  
 
 
EXPERIMENT DESCRIPTION 

To demonstrate the algorithm and evaluate the system 
performance of using SD GPS observations and UWB 
ranges, a V2V test involving three vehicles (referred to as 
V1, V2, and V3) was performed on June 20, 2012 for 
about 30 minutes.  The test location was around a “T” 
shaped traffic intersection on The University of Calgary 
campus which is a fairly open sky environment, as shown 
by Figure 3. 

 
Figure 3 Vehicle trajectories around the “T” shape 
intersection for the V2V test (Google earth) 
 
Equipment setup and data collection 

As can be seen in Figure 4, each vehicle was equipped 
with a UWB radio (Fontana 2000) and a GPS antenna that 
is connected to a geodetic grade receiver along with 
necessary data logging equipment. Two of the three 
vehicles (V1 and V2) were equipped with geodetic grade 
GPS and tactical grade INS integrated systems in order to 
obtain precise reference trajectories (cm level accuracy). 
For this test, only the UWB radio on V1 was configured 
to request ranges from the other two. As a result, UWB 
ranges are only available on this vehicle with an 
additional GPS receiver used to time tag the UWB ranges 
with GPS time. Another geodetic grade receiver was set 
on a nearby building roof (about 800 m away) to act as 
the reference station for obtaining the differential GPS 
reference trajectory. 

 
Figure 4 Three vehicles in test with equipment setup 
 
The UWB ranges were time tagged by the system time of 
the data logging computer, but the time tagging accuracy 
depends on the quality of the laptop clock that is usually 
poor. Thus, the mentioned receiver was connected to the 
UWB range logging laptop and was continuously (every 1 
second) sending commands with precise GPS time to 
reset the laptop system time in order to synchronize GPS 
and UWB measurements for post processing.  
 
10 Hz of GPS measurements and about 3 Hz UWB ranges 
from V1 to V2 and V3 were collected for post processing 
to estimate relative positions among the three vehicles.  
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Reference trajectory 

A reference trajectory for each vehicle was generated by 
processing the GPS phase and IMU measurements for two 
of the vehicles and GPS phase measurements only for the 
third using commercial software packages. 
 
Vehicle dynamics 

As this V2V test was to simulate the real road traffic, two 
types of vehicle formation were evaluated: a) 
“along/across track” formation, where the vehicles travel 
together in one direction while passing each other at will; 
b) “approaching” formation, where each of the three 
vehicles travels on one of the three branch roads of the 
“T” intersection towards to the intersection.   
 
Inter-vehicle baseline dynamics are modeled as random 
walk velocity processes. Table 1 summarizes the 
processing parameters for baseline estimation using 
GPS/UWB integration. 
 
Table 1 Processing parameters 
 
GPS undifferenced pseudorange std. 1.0 m 

GPS undifferenced Doppler std. 0.1 Hz 
UWB range std.  0.5 m 

ENU velocity process noise spectral 
density 

[1.0 1.0 0.5] 
m/s/s/sqrt(Hz) 

 
 
RESULTS  

In the following results interpretation, “Baseline12” 
represents the vector of relative position from V2 to V1, 
“Baseline23” represents that from V3 to V2, and so on.  
For simplicity and demonstration purposes, the entire data 
set has been divided into segments for processing and 
analysis in terms of different vehicle formations. 
 
Figure 5 shows the brief demonstration of the federated 
filtering in terms of relative positioning errors and 
corresponding standard deviations using only GPS 
pseudorange and Doppler measurements. Note that the 
same global prediction was fed back to each vehicle’s 
local filter. The estimation errors of Baseline12 are the 
same in each of the local filters, and the relative 
positioning errors are slightly over-bounded as shown by 
the 1σ standard deviation lines provided by each of the 
local filters. Moreover, since all three vehicles were 
observing the same set of satellites, these local estimates 
are identical to the globally fused estimates (since no 
global fusion occurs as there are no independent 
observations in each of the vehicles’ perspective) as well 
as the centralized estimates. 
 

Along/Across track formation results 

A segment of data consisting of four minutes of 
“along/across track” vehicle formation driving has been 
processed firstly. Figure 6 shows the reference baselines 
(the distance) separating vehicles V2 and V3 from V1. 
Since only V1 has access to UWB ranges, i.e. all 
measurements globally, its estimates of the two baselines 
are actually equivalent to the global or centralized 
estimates. One of the baseline estimates, Baseline12, is 
shown in Figure 7 in terms of the easting and northing 
errors and corresponding 1σ standard deviations. These 
estimation errors are slightly over-bounded by the 
standard deviations indicating that consistent estimates 
were obtained. Note that the standard deviations have 
variations occasionally, which are due to the changes of 
the formation geometry (relative position of vehicles) that 
has been directly observed by the UWB ranges. For 
example, when two vehicles are traveling in the same 
direction with similar speed on an east-west road, the 
UWB ranges strongly observe the east-west component of 
the baseline when the vehicles are following on another, 
and the north-south component of the baseline when one 
is passing the other. This is reflected in the several 
periods of reduced estimated northing standard deviation 
and enlarged estimated easting standard deviation as can 
be seen in Figure 7.   
 
While V1 provides a centralized estimate as shown by 
Figure 7 via updating its local filter with the additional 
UWB ranges that the other vehicles do not have, V2 or 
V3 will fuse their respective local estimate with the local 
estimates of V1, updated with only the additional UWB 
ranges, to generate its own global estimate.  The results 
for V2 (one of its two baseline estimates) are shown in 
Figure 8 where the globally fused estimate obtained by 
V2 is identical to that of the V1 centralized result. Note 
that V2’s local estimate (which does not include the UWB 
measurements) differs from V1’s estimate and V2’s 
global fused estimate. V2’s local estimated errors also 
exceed those of V1 as expected since V2’s local filter has 
access to fewer observations than V1’s. 
 
However, in terms of overall relative positioning statistics 
shown in Table 2, no major improvement is gained by 
using the UWB ranges, which is not surprising since GPS 
alone provides fairly good relative positioning accuracy in 
the very favorable open sky environment in this test. 
 



ION Pacific PNT 2013 Conference, April 22-25, Honolulu, HI – Session B5  8 of 11 

  
Figure 5 The estimated Baseline12 errors and standard deviation on V1 (left), V2 (middle), V3 (right) using the same 
global prediction information and the same set of GPS measurements 
 

 
Figure 6 The reference baselines during the 
“along/across track” formation 
 
 
 

 
Figure 7 The estimated easting and northing errors of 
Baseline12 on V1 (the centralized estimation errors) 
during the “along/across track” formation 
 

 
Figure 8 The estimated easting and northing errors of 
Baseline12 on V2 during the passing formation 
 
 
Table 2 RMS estimation errors of Baseline12 
(along/across track formation) 

 
FILTERS 

RMS (m) 
East North 

V1 centralized 0.23 0.22 
V2 local with global pred. 0.23 0.22 

V2 local 0.23 0.23 
V2 global 0.23 0.22 

 
In order to evaluate the algorithm more thoroughly, six 
satellites were randomly chosen and manually removed 
from V2’s view, leaving four or five satellites during the 
test. The EDOP and NDOP values for V2 are shown in 
Figure 9. 
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Figure 9 The EDOP and NDOP of V2 with six 
satellites removed 
 
Figure 10 shows the easting and northing estimation 
errors of Baseline13 as estimated by V1 and V2. Note that 
V2 is not estimating Baseline13 directly but Baseline21 
and Baseline23. The results of Baseline13 shown here for 
V2 are obtained through baseline transformation. Since 
V2’s local filter only has access to limited number of 
satellites, V2’s local filter without the feedback of global 
prediction from its global fusion filter provides the worst 
relative positioning accuracy. V2’s local estimate was 
improved substantially by only utilizing the global 
prediction feedback. Furthermore, it is clear that the V2’s 
global filter provides identical results to V1’s centralized 
estimate through fusing V1’s local estimate. The 
corresponding RMS errors on overall relative positioning 
accuracy verify this conclusion as shown in  
 
Table 3.  
 

 
Figure 10 Easting and northing errors of Baseline13 
estimated by different filters with six satellites 
removed from V2 (along/across track formation) 
 
 
 

Table 3 RMS estimation errors of Baseline13 with six 
satellites removed from V2 (along/across track 
formation) 

 
FILTERS 

RMS (m) 
East North 

V1 centralized 0.20 0.27 
V2 local with global pred. 0.22 0.30 

V2 local 0.55 0.96 
V2 global 0.20 0.27 

 
Approaching formation results 

Five times during the field test, the three vehicles 
approached to the intersection from three different 
directions starting at several hundred meters from each 
other as can be seen in Figure 11. Each approaching 
formation scenario only lasts 30-40 seconds generally 
with the vehicles traveling at 35-54 km/h. 
 
Figure 12 shows the easting and northing estimation 
errors of Baseline13 in the different filters. After 
removing the same six satellites from V2 as that in the 
previous section, i.e. V2 has independent observations 
from six satellites over its dependent baseline Baseline13, 
as expected, V2’s local filter provides degraded relative 
positioning accuracy compared with V1’s centralized 
estimate. However, with receiving the global prediction 
feedback from its global filter, V2’s local estimate was 
improved 41% and 35% in the east and north components 
respectively as shown in terms of RMS errors in Table 4. 
Furthermore, by fusing with V1’s local estimate, V2’s 
global fusion filter obtained identical estimate to V1’s 
centralized solution. 

 
Figure 11 The reference baselines during the 
“approaching” formation 
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Figure 12 Easting and northing errors of Baseline13 
estimated by different filters with six satellites 
removed from V2 (approaching formation) 
 
Table 4 RMS estimation errors of Baseline13 with six 
satellites removed from V2 (approaching formation) 

 
FILTERS 

RMS (m) 
East North 

V1 centralized 0.17 0.27 
V2 local with global pred. 0.20 0.37 

V2 local 0.34 0.57 
V2 global 0.17 0.27 

 
 
CONCLUSIONS AND FUTURE WORK 

This paper proposes a decentralization and fusion 
algorithm based on federated filtering to address the 
solution to V2V relative positioning in a VANET. 
Assuming reliable V2V communication among elements 
of an ad hoc vehicular network, this algorithm uses 
between vehicle single-differenced GPS observations and 
UWB inter-vehicle ranges to estimate the relative 
positions (i.e. GPS baseline) in the decentralized local 
filter, while the algorithm assures each vehicle’s global 
fusion filter optimally fuses its own local estimate with 
other local estimates from the neighboring vehicles 
without counting the same observation twice. Moreover, a 
baseline transformation approach is proposed to convert 
between different baseline sets to obtain globally 
equivalent baseline estimates on different vehicles. Real 
world GPS and UWB data were collected during a three 
vehicles driving test and were used to demonstrate the 
effectiveness of the proposed algorithm. The 
decentralized filtering was evaluated compared with 
centralized filtering, and global estimate is shown to be 
equivalent to the centralized estimate after fusing the 
decentralized local estimates. 
 
Note that only single-differenced GPS pseudorange and 
Doppler observations were used for baseline estimation 
and the UWB ranges were compensated with systematic 

errors before integrating to the estimation. The future 
work will extend to incorporate GPS carrier phase 
observations and estimate UWB systematic errors along 
with baseline states and phase ambiguity states. In 
addition, the next step of this work will assess the effect 
of the varying levels of connectivity between the vehicles 
among the network, particularly in the distribution of the 
globally fused update to the local filters after the fusion 
step. 
 
 
ACKNOWLEDGMENTS 

The financial support of NSERC, the Natural Science and 
Engineering Research Council of Canada, and General 
Motors of Canada is acknowledged. 
 
 
REFERENCES 

Boukerche, Azzedine, Horacio A.B.F. Oliveira, Eduardo 
F. Nakamura, and Antonio A.F. Loureiro. 2008. 
“Vehicular Ad Hoc Networks: A New Challenge 
for Localization-Based Systems.” Computer 
Communications 31: 2838–2849. 

Brown, Robert G., and Patrick Y.C. Hwang. 2013. 
Introduction to Random Signals and Applied 
Kalman Filtering: With MATLAB Exercises and 
Solutions. Fourth Ed. Wiley. 

Edelmayer, A., M. Miranda, and V. Nebehaj. 2010. 
“Cooperative Federated Filtering Approach for 
Enhanced Position Estimation and Sensor Fault 
Tolerance in Ad-hoc Vehicle Networks.” IET 
Intelligent Transport Systems 4 (1): 82–92. 

Fontana, R.J. 2000. “Ultra Wideband Precision 
Geolocation System”. US Patent 006054905. 

Hashemipour, Hamid R., Sumit Roy, and Alan J. Laub. 
1988. “Decentralized Structures for Parallel Kalman 
Filtering.” IEEE Transactions on Automatic Control 
33 (1): 88–94. 

Jiang, Yuhang, Mark G. Petovello, K. O’Keefe, and C. 
Basnayake. 2012. “Augmentation of Carrier-Phase 
DGPS with UWB Ranges for Relative Vehicle 
Positioning.” In ION GNSS 2012, 12 pages. 
September 17-21, Nashville, TN. 

Luo, Ning, and G. Lachapelle. 1999. “Centimeter-Level 
Relative Positioning of Distributed Moving 
Platforms Using GPS Carrier Phase Observables.” 
In Annual Meeting of the Institution of Navigation, 
pp. 303–317. June 28 - July 1, Cambridge, MA. 



ION Pacific PNT 2013 Conference, April 22-25, Honolulu, HI – Session B5  11 of 11 

Petovello, Mark G., K. O’Keefe, B. Chan, S. Spiller, C. 
Pedrosa, and C. Basnayake. 2010. “Demonstration 
of Inter-Vehicle UWB Ranging to Augment DGPS 
for Improved Relative Positioning.” In ION GNSS 
2010, 12. September 21-24, Portland, OR. 

Sengupta, Raja, Shahram Rezaei, Steven E. Shladover, 
Delphine Cody, Susan Dickey, and Hariharan 
Krishnan. 2007. Cooperative Collision Warning 
Systems: Concept Definition and Experimental 
Implementation. 

Shladover, Steven E., and Swe-Kuang Tan. 2006. 
“Analysis of Vehicle Positioning Accuracy 
Requirements for Communication-Based 
Cooperative Collision Warning.” Journal of 
Intelligent Transportation Systems: Technology, 
Planning,and Operations 10 (3): 131–140. 

 


	Biography
	Abstract
	Introduction
	EKF-based Formulation for federated filtering
	Centralized Kalman filtering
	Decentralized Local Kalman filtering
	Decentralized Kalman filtering fusion

	problem statement and Methodology using gps and Uwb range
	Federated filtering architecture
	Local filter
	Global fusion filer

	Experiment description
	Equipment setup and data collection
	Reference trajectory
	Vehicle dynamics

	Results
	Along/Across track formation results
	Approaching formation results

	Conclusions and Future Work
	ACKNOWLEDGMENTS
	REFERENCES

