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Abstract— We propose a distributed algorithm for estimating Yet there are many situations when GPS is either not
the poses (positions and orientations) of multiple autonomous available or only intermittently available, such as in urba
vehicles in GPS denied scenarios when pairs of vehicles Cancanyons, hilly terrains, tunnels, and under water. Extensi

measure each other’s relative pose in their local coordinates. h is bei ducted fusi dditi |
Currently, navigation of an autonomous vehicle in GPS denied research 1S being conducted on lusing additional Sensor

scenarios is achieved by integrating relative pose measurementsmeasurements with IMU signals to reduce localization error
between successive time instants that are obtained from on- In particular, vision-based sensors such as scanning, laser
board sensors, such as cameras and IMUs. However, this sufter infrared sensors, and cameras, have attracted a lot ofiatten
from a high rate of error growth over time. We seek methods ¢ 5.tonomous vehicle navigation. However, these sensors

to ameliorate this error growth by using cooperation among Iso f th . f wih i h
a group of vehicles. Measurements of relative pose between&/SO 1ace the same Issue of error gro over ime when no

certain pairs of vehicles provide extra information on their GPS measurements are available.
poses, which can be used for improving localization accuracy.  In this paper we investigate the potential for using coopera

We designed a distributed algorithm to fuse all the relative tion among a group of vehicles to reduce the growth of local-

pose measurements to compute a more accurate estimate Ofi;ation error in autonomous vehicle navigation. In pattcu
all the vehicles’ poses than what is possible by the vehicles

individually. The algorithm is fully distributed since only we examine _the Sltgatlon when C_e_rtam palrs_ of Veh'de_s can
neighboring vehicles need to exchange information periodically. Mmeasure their relative pose (position and orientatiorgial
Monte Carlo simulations show that the error in the location with some error. Such measurements can be obtained by a
estimates obtained by using this algorithm is significantly lower pair of cameras [1], with a single camera if prior knowledge
than wha_t is achieved when vehicles estimate their poses without about the measured vehicle’s geometry is available to the
cooperation. : . . .

measuring vehicle [2], with laser scanning sensors [3],@and

combination of RF-based distance measurements and vision-

. INTRODUCTION based orientation measurements [4], [5]. A noisy relative

. . % e measurement between two vehicles provides additional
Recent advances in several technological fronts have |

. . . . Iformation on the absolute positions (and in fact, orien-
to a heightened interest in autonomous vehicles, such a . .
) . .~ tations) of the two vehicles. If successfully fused with the
Unmanned Ariel Vehicles, Unmanned Underwater Vehicles S ;
. Mmeasurements of the vehicle’s motion from IMUs (or from

and ground robots. These vehicles can be used to perform

. . o ameras), these inter-vehicle relative measurementsldshou
missions in which it is too dangerous for human operators {0

! : Ip in estimating the positions more accurately.
be present (fires, battle zones, areas contaminated by CB here are sevgeral cFr)laIIenges in using the ryedundant in-
agents), or when space and weight limitations make presence

o - ; N mation on vehicle positions provided by the vehicle-to-
of human operators difficult. Ability for precise navigatio . . .
T . . -~ vehile relative pose measurements. One is how to compute
or localization is a crucial capability for autonomous \ci . . .
operation the appropriate average of poses. The relationship between

o . the pose of a vehicle in a global reference frame and
Current localization systems for autonomous vehicles t)(/f

. . . ; elative pose measurements between vehicle pairs is non-
ically consist of an Inertial Measurement Unit (IMU) an P P

Global Positioning System (GPS). In the absence of GPS, u|§nee ar: rotation a}nd Euclidean transformanon m.atnce.esrwt
eléments of a linear vector space. This non-linearity makes

of IMUs alone leads to a high rate of growth of localization . u S )
L .~ the question of “averaging” these measurements tricky. The
error with time. When only IMU measurements are available : S . )
. . . " . Other issue is distributing the computations involved, so
a vehicle has to integrate the relative pose (position aid of . .
. . that sending all measurements to a central processor is not
entation) measurements between its frame at two successive . T
S . . necessary. For a team of vehicles communicating over an
time instants obtained from the IMUs to compute its current

) o . . unreliable communication channel, distributed proces$n
pose estimates. This integration accumulates error aves, ti : . . -

o . . useful in making the computations robust to the failure of
which is the reason for the high growth of localization error
with IMUs team members.

' Roumeliotis and Becky considered the problem of cooper-
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average poses was avoided by decomposing the dynanmesasurel,. ) .x—1) IS equivalent to the ability to measure
alongz- andy-axis and using an Euler angle representatiche rotation and translation undergone by the vehicle in
of the rotations. Sharma and Taylor examined cooperatittee time interval betweerk — 1 and k. These can be
localization in a group of MAVs when relative orientationobtained by IMUs and stereo-imaging systems, and in the
measurements between vehicles are available [6]. Aga@ase of ground vehicles, from differential wheel odometry.
all vehicles were assumed to be coplanar, so that relatiVhe measurements of the fon}ﬁ,.(k),,.(k_l) are callednter-
orientations could be expressed in terms of a scalar angléime measurements.

The algorithm we propose in this paper to average rel-We denote the common global reference frame by the
ative poses is based on an idea first proposed by Govinglgmbol 0, and assume that at least one of the vehicles, say
in [7] in connection with estimating camera motions. Weehicle 1, can measure its initial pose with respect to the
utilize Govindu’s method to construct a centralized altjoni  global reference. That is]V[l(O),O is available to vehicldl.
for multi-vehicle localization. The centralized algorithis When no GPS measurement is available, the frame attached
able to improve estimates of vehicle positions significantko an arbitrary vehicle, say vehicle at £ = 0 can be taken
over the case when there is a single vehicle. However, tag the global reference. In that caﬂél(om = MQO =1,
algorithm requires all measurements to be transmitted toand all poses are to be estimated with respect to the initial
single processor, and its memory requirements grow withqubse of the that vehicle. If GPS measurement is available to
bound over time. We then develop a distributed algorithit least one vehicle at time = 0, then the GPS reference
that requires only limited local communication among ngarlirame is taken as the global reference frame.
vehicles, and has bounded memory requirements. In simulaWhen there is only one vehicle, say vehidlethe mea-
tions, the distributed algorithm is seen to perform almast aurements available to it at time are M1(0),o, M1(1),1(o),
well as the centralized algorithm. My(2).1(1)s -+ Mix).1—1)- The vehicle can estimate its pose

The rest of the paper is organized as follows. We posg time k& with respect to the global reference frareby
the problem of cooperative localization precisely in Se@oncatenating its intra-vehicle relative pose measurésnen
tion Il. A centralized algorithm for averaging relative pos . . . R R
measurements to obtain global pose estimates is describédr) .o = M10).0M1(1),1(0) - - - Mik—1).1(6—2) M) 10-1) -
in Section Ill. A distributed algorithm to perform the same )
function is described in Section IV. Simulation reSUltShNitThis method of pose estimation is referred to as dead

the proposed algorithm is presented in Section V to illdstrareckoning. Due to the large errors that typically affectant

its effectiveness. vehicle relative pose estimates, the error in the resulting
global pose estimate from dead reckoning grows with

[I. PROBLEM DESCRIPTION extremely fast [8], [9]. A Kalman filter is often used that
Consider a group of. vehicles moving in 3-dimensional fusgs prediction. of the vehicle’s pose from some nominal

Euclidean space. Time is measured in a discrete coiénter motion model with the odometry measurements to estimate

0,1,2,.... Each vehicle has a Cartesian frame attached $&¢ P0ose. Though Kalman filtering is seen to reduce the

its body. The pose of a vehicle at timeis the position growth rate of localization error, it does not eliminate it.

(of the origin of its local frame) and orientation of its ldca When multiple vehicles are present ¢ 1) as shown in

frame at timek with respect to a global (common Cartesianfrigure 1, it may be possible for a vehicle to measure the

coordinate frame. The global reference can be the referemetative pose between itself and a set of nearby vehicles, as

that GPS uses, if GPS measurement is available atGjroe described earlier. The relative pose of vehigleith respect

it can simply be the initial frame of vehicle. In the latter to vehicler at timek is denoted byV/, ) ) € SE(3), and

case, all vehicle positions are to be estimated with redpectts noisy measurement collected by vehiclés denoted by

the initial frame of the first vehicle. M,y .x)- We assume that each vehicle can recognize each
We assume that at each time stép each vehicler of the other vehicles.
(r = 1,...,n) can measure the Euclidean transformation The situation when both inter-time and inter-vehicle rel-

between its pose at previous tilke- 1 and current timek, ative pose measurements are available is best described in
expressed in the coordinate frame that was attached tot#sms of a graph defined as a set of nodes and edges. The
body in the previous time instant. This transformation is delistinct frames attached to vehicietill time &k are denoted
noted byM, (i) ,(1—1). Note that an Euclidean transformatiorby r(0),7(1),7(2),...,7(k). Consider the set’ (k), which

M € SE(3) between two Cartesian coordinate frames is @nsists of all the frames of the typé/) for r =1,..., N,
combination of rotationk € SO(3) and translatiort € R3: and ¢ = 0,1,...,k. Similarly, the setZ (k) represents
Rt the relative pose measurements collectedktillboth inter-

M = { 01 } (1) time and inter-vehicle). More specificallyt (k) consists

of ordered pairs of nodes of the following two types: (i)
We assume that every vehiclecan obtain a noisy mea- (r(¢—1),r(¢)) that corresponds to an inter-time measurement
surement ofV/,. ) 1), Which is denoted byﬁ[r(k)’r(k,l), ]V[T(g,l)’r(g) obtained by vehicle at time/ (¢ < k), and (ii)

for k =1 It follows from (1) that the ability to (r(¢),p(¢)) that corresponds to a inter-vehicle relative pose

P



measurement between the vehicleandp at time? (¢ < k). the set? (k). The index0 corresponds to the pose of the
We call G(k) = (v (k), E(k)) the measurement graph at global reference, i.e., node Other than that, the manner of
time k. indexing is immaterial. The problem posed in the previous
In the example shown in Figure 1, vehiclemeasures section can be restated as estimating the node varidb)es
the pose of its neighbors and 3 with respect to its local where M; = Mp,;, i« = 1,|7 (k)] — 1 from the relative
coordinate frame at tim@, but measures the relative posgose measurementd; ;, for all (i,j) € (k). A solution
of only vehicle1 at time 1. The directed edg¢1(1),2(1)) to this problem, if found, can be used to estimate vehicle
represents the noisy measurem@‘mm(l) of the Euclidean poses by applying the solution to the gragkk) at every
transformation from the frame attached to vehitie body time k. In practice, such a batch processing approach may
at time 1 to the frame attached to vehiclgs body at the be computationally burdensome. However, the purpose in
same time. posing and solving this problem is to help us develop a
distributed algorithm for vehicle pose estimation.
J,_ ( vehicle 1 The algorithm we propose to solve this centralized pose
' estimation problem is inspired by an algorithm that Govindu
proposed in [7] for computing the relative pose between a
sequence of images taken by a camera. When there are com-
mon feature points between non-consecutive images in the

vehicle 2 sequence, redundant pose measurements become available
vehicle 3 between the first and the last frame of the image sequence
""""" than what is nominally required to estimate the pose between
the first and the last image pair. The algorithm proposed
0 1 2 ko in [7] works by converting the measurements into the Lie
time algebrase(3) associated with the Lie grou§E(3), using

Fig. 1. A group of three vehicles moving to the right, with mtene and a least squares approach dn(3), am_j t_hen converting the

inter-vehicle relative pose measurements. Vehicle 1 had arft#8urement fesult back toSE(3). We follow a similar approach here,

at initial time k& = 0. Thereafter, no vehicle receives GPS measurementsbut for the measurement gragh{k) instead of a sequence
of images.

Note that there corresponds a unignede variable to We denote elements ofE(3) (or SO(3)) by M and
every nodei(¢) € v (k), namely, the absolute posd; o elements ofse(3) (or so(3)) by m, which are related by
of vehiclei at time ¢ (wherei =1,...,n, £ =0,1,...,k). m =log(M) and M = exp(m). Sincese(3) andso(3) are
The problem is to estimate these node variableG(f) as non-commutative Lie groups, fat,y € se(3) (or so(3)),
accurately as possible from the measurements corresgpndire havee®e? = ePCH(@:Y) (not e**¥, in general), where
to the edgest (k). In addition, the computation should bethe mappingBCH (-, -) is defined by the Baker-Campbell-
distributed, meaning that each vehicle should be able tausdorff formula: [11]
gather the information it needs to compute its own pose 1 1
estimate at timés by communicating with a limited number BCH (z,y) =z +y + 5[36’19] + E[l‘ —y, [z, y]] + Oz, y["),
of neighboring vehicles. . : )

Even without the constraint on distributed processing, tr\\/\éhere [, ] is the Lie bracket.
problem is challenging. Since Euclidean transformatiamsi ( [z,y] = 2y — yz. 3
rotation matrices) are not elements of a linear vector spage

o . t follows from the BCH formula that we caapproximate
it is not clear how to “average” them to reduce noise ar{ﬂ aop

compute more accurate estimates. A restricted version .o? matrix e.xponent|al product, when exponents are elesnent
this problem that has been examined in the literature is thnese(3)’ as.

problem of averaging multiple measurements of an unknown e%e¥ = eBCH@Y) y ooty 4
rotation matrix R [10]. However, the available approache
to that problem are not applicable to the problem und
study in this paper. Our problem data does not consi¥f'e

of measurements of the node variables to be estimated. M;; = M; M E;; (5)
Instead, the available measurements are noisy estimates of

the transformations that relate one node variable to anoth¥nereE:; € SE(3) models the error betweel;; and M;;.
Taking logarithm and using the approximation (4) twice, we

get

%jnce M;; € SE(3) is a noisy measurement d¥f;;, we

[1l. A CENTRALIZED ALGORITHM FOR MULTI-VEHICLE

LOCALIZATION NMyj /My — My + €5

To avoid making the notation too cumbersome, we rvherem,., = log(}M.)), which leads to
index all the nodes of the gragh(k) from 0 to Ny, where .

N, = | (k)| — 1, where |9 (k)| is the cardinality of Mij = m;j —m; + i



where §;; captures the additional error betweern; — m;  Algorithm 1: IntrinsicPoseAvg: Algorithm for pose
andn,;; not captured bye,;. By using the vec- operation, estimation on a measurement graptt) at timek, based

the equation above can be written equivalently as on Govindu’s algorithm in [7].
Zij = v; —v; + €ij (6) Input: Measurements of relative poséfgj,
. (4,7) € £(k), initial guesses for the node poses
where Zij = vec(mij), Vg = vec(mi), and €ij = vec(éij). Mi,i e 'V(k‘), residual threshold.

Recall thatvec(X) for a matrix X returns a column of Output: M;, i € v (k) estimates of the node poses
parameters extracted from the input matkix Now defineZ Construcﬂsy in (8)

as the vector of alk;;'s stacked togethely as the vector of while ||A\7|| < ¢ do

a:cl vlll S s,tackedkt(()jgethei(z 1I, o ,Nk_),he;nde |sdthe vhectorh foreach Mij c {Mij 1, do
of all ¢;;'s stacked together. It is straightforward to show that AN — Mj‘l NI N,
where @ denotes the Kronecker produdt, is an identity 0%;j = vec(drni;)

: . N : end
matrix, and 4; is the basis incidence matrix of the graph AZ = (557, 657 55T T
G(k) obtained by taking the row of the incidence matrix T TR T2 o TR |
out that corresponds to the reference nad@he incidence AV = DfAZ .
matrix A of a directed grapty = (7, ) is a matrix with 003,005 ,...; 008, ] = AV
as many rows as nodes and as many columns as edges that foreach M; € {M;}y, do
is defined asd,;; = 1if (i,5) € £, Aj; = —1if (j,i) € E, | M; = Mexp(50;)
and A;; = 0 otherwise. end

The least squares estimate of V is given by end
V= (D'D)"'D"Z (8)

where D = (4, @ I)T. Esti[nates ofm;’s can now be

recovered from the entries df. Because of the approxi-
mation (4)' these estmates qeed o be refined. To (.jo =0, ERE also thesmoothed estimates of all the past poses of the
problem is changed slightly, into one where the variables

0, . C . o
be estimated are the errors in pose measurements rather t\ﬁea{HCIes' Thg price It pays for carrying out bOt_h estimation

. i and smoothing is the high computational cost: the number
the poses themselves. More specifically, since the reI"’m(c))pmeasurements that the algorithm has to process atkime
M;'M;;M; = I will not hold when M., is replaced by g P

. . . ) can be as large a9(N?%k).
its noisy counterparfl/., (estimates or measurements). We g ( )

define AM;; := M ' M;; M; and treatsm,; := log(AM;;)  We will show through simulations in Section V that the
as a prediction error ofi/;;'s for a given estimate of\/; algorithm proposed above succeeds in giving more accu-
and M. Starting from initial arbitrary estimates/; of the rate global pose estimates than what would result if inter-
global poses);’s, the algorithm iteratively improves theyehicular measurements are not used. However, the algorith
estimates)/; using the least squares approach outlined abo¥emes with an number of disadvantages. First of all, all
until the updated estimates of the global poses explain tfif2 measurements have to be communicated to a central
relative pose measurements sufficiently well. The methodggocessor, and once computed, the estimates of all vehicles
summarised in Algorithm 1. poses have to be communicated back to the vehicles. Due to
Note thatD should be full column rank so that the leastinreliable nature of wireless communication and bandwidth
squares estimate (8) is well defined. The column ranBof |imjtations, this becomes infeasible even for moderaiaige
is the same as the row rank gf,, where the basis incidencegroup of vehicles. The memory requirement of the algoirthm
matrix of G, which is full row rank if and only ifG(k) is also increases without bound as tiléncreases. In addition,

weakly connected [12]. The only situation in whi¢tik) is  centralized processing makes the system highly vulnetable
not weakly connected is when the vehicles can be dividegilure of the central processor.

into a number of groups so that there is no inter-vechicle
relative pose meas between two vehicles belonging to distin For the reasons mentioned above, a distributed computa-
groups up to timek. tion scheme is preferred. We call an algorithm distributed
At each timek, if all the relative measurements ardf every vehicle needs to communicate with only a small
available to a central processor, Algorithm 1 can be usedriamber of nearby vehicles (neighbors), where the number of
estimate the pose¥;, fori = 1,.. ., |7 (k)|. Note that (k) neighbors is upper bounded by a constant that is independent
contains all the frames of the vehicles from tirbeo the of the total number of vehicles. In addition, we want the
current timek. The estimate OMT(ZLO, wherel < k, uses memory requirements for each vehicle’s processor to be
measurements gathered after tith@herefore, the algorithm upper bounded by a constant that does not depend on time.
produces not only estimates of current poses of the vehiclée propose such a distributed algorithm in the next section.



IV. A DISTRIBUTED ALGORITHM FOR COOPERATIVE
GLOBAL POSE ESTIMATION

To describe distributed computation, first we describe

a communication graph that specifies which vehicles can 12)
directly communicate information among one another. The

node set of communication gragh.(k) = (V.(k), E.(k)) 2(2)
consists of all the: vehicles. However, To maintain consis-

tency with notation used for the measurement graph, we write

V. ={1(k),...,n(k)}. The time-varying edge set.(k) of 3(2)

the communication graph consis_ts of the unordere_zd pairs of @ g(2) (0) Ge(2)

nodes(r(k),p(k)) such that vehicles and p can directly o

exchange information with each other at tifeln this paper Fi9: 2. The measurement graph and the communication graph-ar

. for the multi-vehicle group shown in Figure 1.

we assume that if can send data tp, p can also send data

to . The vehicles that can communicate directly to at time

k constitute thecommunication neighbors \,.(k) of r at &: s

N (k) = {p € ¥ |(r(k). p(k)) € Lc(k)}. o
Notice that the measurement graph is directed whereas

My(2),1(2)

the communication graph is undirected. We assume that ) L& Mi@.2@
if vehicle » can measure its relative pose with respect to Mﬂf%l@) 0

a vehiclep at time k, then r and p can also exchange Mi2).22) (b)

information between them at that time. In other words, if X

either (r(k),p(k)) € (k) or (p(k),r(k) € £(k)), then Ms(2),2(2) Ma2).0

(r(k),p(k)) = (p(k),r(k)) € £.(k), whereZ (k) is the set 0

of edges of the measurement graptk). The reason is that Ms(2) 2(2)

for a vehicler to measurep’s relative pose, say with vision @

based sensors, the vehicles have to be close enandjh's

on-board sensor has to hagven its field of view. On the other (©)

hand, forr andp to communicate, usually it is enough for the

distance between them to be smaller than a communicati®q 3. The local measuremnt graphs for the vehicles showngnrgii:

radius. Therefore, conditions for successful commuraeati @ 92(2). (b) G1(2), and ()G (2).

are less stringent than the conditions for a inter-vehidsep

measurement. Note that the neighbor A&(%) is allowed

to be empty. Figure 2 shows an example of a measurement receiving durings+, for eachk. Therefore, at some

graph and communication graph consistingdofehicles at time during k™ after communication with its neighbors is

time k = 2. over, vehicler has an estimate of the poses of all the
At each time step every vehicle retains only (i) the estirodes in its local measurement gragh(k). It can now

mated global pose for the previous time step and (ii) thel locapply Algorithm 1 to the measurement gra@h(k) to obtain

relative measurements with respect to its neighbors delfiecan improved estimate of the poses of the nodegj,itk)

at the previous time step. It discards all measuremertt&n what it started with. The improvement comes from

collected prior to that. With these, bbcal measurement fusing the constraints on the poses that come from the inter-

graph G.(k) = (V,.(k), E.(k)) for the vehicler can now be vehicle measurements with its neighbors. We assume that the

defined, whose nodes corresponds to the frames of vehicleomputations by all are vehicles are completed dufing

and its neighbors at timé as well as the global reference At time k+1, vehicler obtains the odometry measurement

frame0. Specifically,,. = {0,7(k)} UN..(k). The edges of 1,1y, as well as a new set of relative pose measure-

this graph corresponds to the relative poses whose esimaifents with its current neighbor’{?Mp(kﬂ),r(kH)\p(k+1) c

or measurements has access to at (except the ones it A/ (k + 1). It fuses its current estimate of previous pose,

dropped). Specificallyt..(k) = {M(k—1),0, Mr(k),r(k-1)}U M, (1 0, With the odometry measurement, 1) ,(x) 1O

{Mpyiyr ey Ip(E) € N,-(K)}. Figure 3 shows an example ofcompute an initial estimate of its pose /at+ 1-th instant:

a local measurement graph. M, (k11).0 = My(t1).r k) M) 0- During the interval(k +
Communication and processing of measurements collected-, vehicler repeats the communication and computation
at time k takes place in the interval betweénand k + 1.  steps outlined above (but now for the new local measurement

We denote this time interval by the symbiot. At the end graphg, (k+1)) to obtain an improved estimate of its current
time stepk, each vehicler broadcasts the estimate of itsglobal pose, (. 1),0. This process is repeated ad infinitum,
current global posel, ;)0 and the inter-vehicle relative as summarized in Algorithm 2. Note that the re-indexing the
pose measurements it obtained iati.e. {Mp(k),r(k) |[p € nodes corresponding to the global and local pose estimates
N..(k)}. We assume that each vehicle completes broadcastintp the form needed for Algorithm 1 is not specified since



Algorithm 2: Distributed Algorithm for Multi-Vehicle a Von Mises-Fisher distributiorf (z; i1, <) on the 3-sphere
Pose Estimation:Each vehicler € {1,...,n} runs this with concentration parameter= 4000 andy = [0, 0,0, 1]7,
algorithm at each time stépto estimate its current pose using the algorithm given in [13]. The Von Mises-Fisher
M (k)0 distribution is a Gaussian-like distribution on hyper sise
Input: that is symmetric about its mean and with concentration

M, (5—1).0 (global pose estimate from previous time step) controlled by parameter k [14]. Those quaternions were

Mr(k) (k1) (relative pose measurement from k to k-1) then applied to the true rotations to generate the noisy
’ measurements.

Output: ]\Zf,,(k,)_,o (global pose estimate at current time step)

M (ky,0 = My(k—1),0 Mr(k),r(k—1)
N (k) — {p(k)| My () is measured by}
{Mik), i} — AMo),romy|v € N7}
broadcast { M) (k) } U {M; ()0}
foreach received transmission M.z ) doO
add M, (),o(k) 10 {Mir), i)}
addv to NV ,.(k)
end

Case (i) Each vehicle in the group moves in a straight
line through 3D Euclidean space and sees its two closest
neighbors (or one if it is in the boundary of the group) at
each time step. The position error of theh vehicle at time
kis eq(k) := &.(k) — z.(k), wherez,(k) is the estimated
position, which is extracted from the estimated pM,qk)p.

The bias and variance for the position error of vehicle 2 for
this experiment is shown in Figure 4(b,c) for the centralize
algorithm and Figure 4(d,e) for the distributed algorithm.

foreach received transmission Mv(k)’o st.v e N.(k) The casen = 1 means vehicle 2 is the only vehicle in the

do team, and dead reckoning is used to estimate its position.
‘ add Mv(k)’o to {Mi(k)’o} Two conclusions are obvious from the figures:
end 1) collaborative estimation significantly improves looati

estimation accuracy compared to what is achieved by
a single vehicle in self-location. The improvement in
estimation accuracy is greater with increasing number
of vehicles.

2) The centralized algorithm outperforms the distributed
algorithm, but only by a small margin. In other words,
the distributed algorithm performs almost as well as
the centralized one. This is surprising, though certainly
welcome.

{Mi} «— reindexed {Mj(k),o} U {M, (k)0
{M; } — IntrinsicPoseAvg{ M}, {M;;})
M,(1y,0 + M; € {M;}

the manner in which they are indexed is immaterial.

With the distributed algorithm just described, the memory
requirement for each vehicleis proportional to the number e iii)y Vehicles were now constrained to move along
of edges in its local grap, (k), which is upper bounded g, \spidal paths following a given vector through 3D Eu-
by a constant independent of time. An important aspect gean space. An example of the paths for each vehicle
Algorithm 2 is that the algorithm is robust to loss of commu; b v — 6 is given in Figure 5(a). In this experiment the
hication between vehicles. If a vehicle cannot measure agiighior relations were determined by distance. Each leehic
neighbor's relative pose or cannot exchange data with aiq aple 1o see any vehicle whose distance was less then 5
other vehicles, the distributed algorithm simply reduces {,,it of measurement. The number of neighbors of vehicle 2
dead reckonging (see (2)). as a function of time is shown in Figure 5(b). The results for

the Monte Carlo simulation of the distributed pose estiorati
V. SIMULATIONS algorithm are shown in Figure 5(c) and (d). The figure shows

Simulations for vehicle teams with various configurationd1at even though the neighbor relationships were congtantl
and trajectories were conducted to investigate the perféfanging, collaborative estimation using inter-vehielative
mance of the proposed algorithms. We conducted simulatid?@se measurements improve the pose estimation compared to
for four case: (i) nominal motion of a group of vehicles irthat without collaboration.

a straight line with fixed neighbor relationships over time

and reliable communication, (ii) a variant of (i) with ranmo VI. SUMMARY AND FUTURE WORK

communication failures, and (iii) a zig-zag motion of a In this paper we presented a distributed algorithm for
group of vehicles that changes neighbor relationships owllaborative localization of a multi-vehicle group in GPS
time. For each case, the bias and the variance of the errdenied scenarions when vehicle-to-vehile relative posa-me
in the estimated positions of the vehicles were empiricalsurements may be available. By appropriately averaging the
determined from Monte-Carlo simulations. The results faedundant information on the global poses of the vehicles
(i) were found to be similar to those for (i), with a slightprovided by the inter-vehicle relative pose measuremeémgs,
degradation of performance. Due to lack of space, we ordygorithm reduces the error in the vehicle location estanat
present the results for cases (i) and (iii). compared to what is achievable when vehicle estimate their

Noisy measurements of rotations between frames wean positions using only on-board sensors. In addition, the
generated as follows. Unit quaternions were generated framfiormation needed by each vehicle can be obtained by
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time step (k)
(e) Distributed, variance

Improvement in the estimates of vehicles’ location freofiaborative estimation. The plots show the bias and vedaf the error in a vehicle’s

location estimation, for both the centralized and distebutlgorithms. Note that the case= 1 (1 vehicle) means localization is performed without
cooperation from other vehicles. The growth of estimatiorore(both bias and variance) with time slows down as the numberebicles increases,
showing the improvement brought about by averaging the irghiele relative pose measurements.

communicating with only a limited number of neighboring[4] S. I. Roumeliotis and G. A. Bekey, “Distributed multiroblutcaliza-

vehicles.

In the current work, we have assume that the clocks

The sensitivity of the algorithm to inaccurate time synehro
nization remains to be investigated. Experimental testihg

tion,” |EEE Transactions on Robotics and Automation, no. 5, pp. 781—
795, October 2002.

. v . f5] X. Zhou and S. Roumeliotis, “Robot-to-robot relative passtimation
the vehicles are sufficiently synchornized so that that the

inter-vehicle measurements can be accurately time-stampe

(6]

the algorithm using a network of ground vehicles is under7
way, and is expected to provide an answer to this sensitivitg/]

question.

In this work we do not assume any motion model of the

vehicles. This makes the algorithm insensitive to disanepa

from range measurementdEEE Transactions on Robotics, vol. 24,
pp. 1379-1393, December 2008.

R. Sharma and C. Taylor, “Cooperative navigation of MAUs i
GPS denied areas,” ifEEE International Conference on Multisensor
Fusion and Integration for Intelligent Systems, August 2008, pp. 481—
486.

V. Govindu, “Lie-algebraic averaging for globally casgent motion
estimation,” inComputer Vision and Pattern Recognition, 2004. CVPR
2004. Proceedings of the 2004 | EEE Computer Society Conference on,
vol. 1, June-2 July 2004, pp. I-684—-1-691 \Vol.1.

] J. Borenstein, “Internal correction of dead-reckonigors with the

between actual vehicle model and that predicted by the

model. At the same time, it is straightforward to incorperat

El

Kalman filter with an assumed motion model in each vehicle
to generate the intra-vehicle relative pose measurements.[10]
Providing any kind of analytical guarantees on the perfor-
mance of both the algorithms (centralized and distributecHl]

whether statistical or otherwise, is an open problem.
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Fig. 5.

# Neighbors

Localization with distributed pose estimation Aliglom 2 for 6 vehicles moving in a zig-zag fashion. (a): vehicle trajee®riin 3D, (b) the

(a) Trajectory of6 vehicles
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(b) Number of neighboring vehicles of vehicle 2.
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(d) Variance of estimation error

number of neighbors of vehicle 2 as a function of time, (c-dskdad variance in the position estimates of vehicle 2.



