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Abstract— This paper introduces a set of customizable and
novel cost functions that enable the user to easily specify desir-
able robot formations, such as a “high-coverage” infrastructure-
inspection formation, while maintaining high relative pose
estimation accuracy. The overall cost function balances the
need for the robots to be close together for good ranging-
based relative localization accuracy and the need for the robots
to achieve specific tasks, such as minimizing the time taken
to inspect a given area. The formations found by minimizing
the aggregated cost function are evaluated in a coverage
path planning task in simulation and experiment, where the
robots localize themselves and unknown landmarks using a
simultaneous localization and mapping algorithm based on the
extended Kalman filter. Compared to an optimal formation that
maximizes ranging-based relative localization accuracy, these
formations significantly reduce the time to cover a given area
with minimal impact on relative pose estimation accuracy.

I. INTRODUCTION

The relative position and attitude between two robots,
referred to as relative pose, must be reliably estimated
when conducting multi-robot tasks. Accurate relative pose
estimation is essential for tasks such as collaborative plan-
ning and mapping, formation control, and coverage path
planning. Cameras with object-detection ability or LiDAR
in combination with other sensors can estimate the relative
pose to within an acceptable accuracy [1–7]. However, the
need for the robots to be in the cameras’ field-of-view, the
high cost and weight of LiDAR, as well as the substantial
computational power required by both, hinder their use in
many applications.

Recently, ultra-wideband (UWB) transceivers, referred to
as UWB tags, have been an increasingly popular choice for
relative pose estimation due to their low cost, low weight,
and low power consumption [8–11]. The typical ranging
accuracy for standard UWB tags is 10 cm between a pair of
transceivers. UWB tags are oftentimes fixed to static anchors
with known locations and are then used to localize tags
placed on mobile robots [12–17].

For anchor-free localization, fusing range measurements
from two tags in each robot with inertial measurement unit
(IMU) data using an extended Kalman filter (EKF) provides
reliable relative pose estimates [18, 19]. This setup relaxes
all motion impositions such as the robots’ need to be in
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Fig. 1. Comparing the coverage span of two formations. The circles
represent the camera’s field-of-view of each robot, and the red dots denote
the location of the ranging tags. (a) The robots are clustered together to
ensure high relative pose estimation accuracy, as shown in [21]. (b) The
robots are spread apart in a horizontal line to cover a larger area, which
minimizes coverage time.

persistent relative motion or the need for periodic line-of-
sight between the cameras and the robots. However, even
with two tags per robot, there are a finite number of non-
unique solutions to the relative pose estimation problem,
referred to as ambiguities. The presence of ambiguities
causes the estimator to diverge in certain formations, such as
when all the robots are in a straight line, as shown in Fig. 1b
[20, 21]. Despite using estimators suitable for handling these
ambiguities, such as a Gaussian sum filter [20], maintaining
these formations for a long period of time may still lead to
estimator divergence.

To address this issue, [21] suggests keeping the team
of robots in formations where they are close and clustered
together, as shown in Fig. 1a, which theoretically maximizes
the relative pose estimation accuracy for two-tagged robots.
However, these clustered formations are not ideal for ap-
plications such as infrastructure inspection or surveillance,
where maximizing coverage is beneficial. An example of
robot clustering resulting in reduced coverage is shown in
Fig. 1.

This paper addresses the contrasting objectives of de-
termining multi-robot formations that both (1) maximize
coverage and (2) ensure close proximity between robots
for good relative localization accuracy. Other multi-robot
path planning mechanisms have focused on distributing the
robots into different sectors in a large area, where each robot
individually covers its sector to minimize overall coverage
time [22–26]. The robots generally localize themselves using
the Global Positioning System (GPS). However, with a UWB
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ranging-based approach, the robots cannot be distributed into
sectors since they must be in proximity to each other to
achieve high relative pose estimation accuracy, as highlighted
in [21].

The key contribution of this paper is a cost function
that brings the robots to any desirable formation, such as
a “high-coverage” straight-line formation, while simultane-
ously maintaining high relative localization accuracy. This
cost function has a component that provides the user with
the ability to choose the direction and distance between any
two adjacent robots. This feature enables the user to realize
different formations for various applications, such as bridge
inspection, as demonstrated in Section IV-D. User-defined
formations can be achieved using acceleration inputs [27,
28], but the proposed component within the cost function
is easily customizable and integrable with the formulation
of [21]. Another component of this cost function allows
the user to allocate a certain amount of overlap between
adjacent robots’ camera views, which is good for image-
stitching and in improving mapping accuracy, as mentioned
in [29]. Observability and collision avoidance terms are also
incorporated into the cost function.

The “high-coverage” formations generated by minimizing
the proposed cost function are tested in a planning task
in simulation and experiment, where the robots localize
themselves and unknown anchors using a simultaneous lo-
calization and mapping (SLAM) algorithm based on the
EKF. Compared to the current state-of-the-art, the proposed
formations significantly reduce coverage time with minimal
impact on localization accuracy.

The remainder of this paper is organized as follows. The
notation and preliminaries are defined in Section II. The
problem is motivated in Section III. The proposed cost
functions are in Section IV. The application of the cost
function in simulations and experiments is in Section V.

II. NOTATION AND PRELIMINARIES

Consider N robots with IDs, P = {1, . . . , N}. Each robot
is equipped with two ranging tags, resulting in a total of 2N
tags collectively, as shown in Fig. 2. The physical points
τ1, . . . , τ2N denote the location of the tags on the robots. The
set of tag IDs is denoted as V = {1, . . . , 2N}. Each robot is
assumed to be equipped with a downward or upward-facing
camera that has a circular field-of-view with a known radius,
rp. The set of radii is denoted as R = {r1, . . . , rN}. The
set E denotes the inter-tag range measurements. The bolded
1 and 0 are appropriately sized identity and zero matrices,
respectively. Subscripts such as 12×2 and 02×1 may be used
to explicitly indicate dimensions.

A 2-dimensional orthonormal reference frame Fp is at-
tached to Robot p. A common global reference frame and
a static point are denoted by Fg and w, respectively. The
position of a chosen reference point in Robot p relative
to point w, resolved in Fp is denoted rpwp ∈ R2. Vectors
resolved in different frames are related by the transformation
rpwp = Cpqrpwq , Cpq ∈ SO(2), where SO(2) is the special
Orthogonal group in 2D. For conciseness, Robot p is referred

τ1 τ2
τ6

τ5 τ3

τ4

1

3 2
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Fig. 2. Problem setup for a two-tag multi-robot system, where Robot p is
equipped with tags τi and τj , and a camera with a circular view of radius
rp in the up or down direction. Without loss of generality, the pink robot,
defined as Robot 1, is considered to be the reference robot.

to as Rp in plot legends. The relative pose between Robots
p and q is

Tpq =

[
Cpq rqpp

0 1

]
∈ SE(2), (1)

where SE(2) is the special Euclidean group in 2D. The ex-
ponential map of SE(2) is denoted exp : se(2) → SE(2),
where se(2) is the Lie algebra of SE(2). The “wedge”
operator is denoted (·)∧ : R3 → se(2).

The poses of all the robots are expressed relative to
Robot 1, which is arbitrarily chosen to be the reference robot.
As such, the state of the system is

x = (T12, . . . ,T1N ) ∈ SE(2)N−1. (2)

Denoting δξp ∈ R3, and δx = [δξT2 · · · δξ
T
N ]T ∈ R3×(N−1),

the ⊕ operator is defined as,

x⊕ δx = (T12 exp(δξ∧2 ), . . . ,T1N exp(δξ∧N )). (3)

The position of Robot p relative to Robot q, resolved in F1,
is

rpq1 = DT1pb− DT1qb, (4)

where D = [12×2 02×1], b = [01×2 1]T.
The range measurement of Tag i relative to Tag j in

Robots p and q, respectively, is modelled as

yij(x) =
∥∥DT1pr̃τipp − DT1q r̃τjqq

∥∥+ ηij , (5)

where r̃ = [rT 1]T, and ηij ∼ N (0, σ2
ij). Therefore, the

augmented measurement vector is,

y = g(x) + η =
[
· · · yij(x) · · ·

]T
+ η ∈ R|E|,

∀(i, j) ∈ E ,η ∼ N (0,R), R = diag(. . . , σ2
ij , . . .). (6)

A. Optimization

This paper finds locally optimal formations by minimizing
cost functions of x ∈ SE(2)N−1, J(x). All such cost
functions are minimized using a momentum-based gradient
descent algorithm. This approach is preferred over a standard
gradient descent method as it allows for faster convergence
to a global or local minimum [30]. The state is updated from
xt to xt+1 using a perturbation δxt ∈ R3×(N−1) as

δxt = −
(
α∇J(xt) + βδxt−1

)T
, (7)

xt+1 = xt ⊕ δxt, (8)

3298



where∇J(xt) is the gradient of the cost function numerically
computed using finite difference [31], α is the learning rate,
and β is the momentum parameter. Throughout the paper,
the parameters α = 0.001 and β = 0.9 are used. The
optimization is terminated when ||δxt|| < 10−4.

III. MOTIVATION

The goal of this paper is to find multi-robot formations
that minimize the coverage time of a given space, as shown
in Fig. 1. The challenge is to balance this objective with the
necessity for accurate relative pose estimation using range
measurements. To find an appropriate multi-robot formation
with good ranging-based relative pose estimation accuracy,
[21] proposes the minimization of

Jopt(x) = Jest(x) + Jcol(x), (9)

where Jest(x) quantifies the relative pose estimation error and
uncertainty using the Cramér-Rao lower bound [21, 32, 33],
and Jcol(x) is the collision avoidance term. Note that,

Jest(x) = − ln det
(

H(x)TR−1H(x)
)
, (10)

where H(x) is the Jacobian of the measurement model,
derived for the inter-robot range measurements in [21]. The
collision avoidance term is defined as [34]

Jmncol (x) =

(
min

{
0,
||rmn1 ||2 −A2

||rmn1 ||2 − d2

})2

, (11)

Jcol(x) =
∑

m,n∈P,
m6=n

Jmncol (x), (12)

where A is the activation radius and d is the collision avoid-
ance radius, set to A = 0.9 m, and d = 0.5 m throughout this
paper. The multi-robot formations deduced by minimizing
(9) generally have the robots clustered together, where the
robots have low area coverage as shown in Fig. 1a. In
fact, [21] shows that a straight-line formation with high
coverage, as shown in Fig. 1b, unacceptably increases the
relative pose estimation error. However, in theory, there are
many “high-coverage” formations, possibly near the local
minima of Jest(x), where the ranging-based relative pose
estimation accuracy is high. These formations are achievable
by minimizing a different cost function, as presented in
Section IV.

IV. PROPOSED COST FUNCTIONS

Two novel cost functions are proposed in this section,
which are added to (9). The first one allows any desirable
multi-robot formation acquisition suitable for the task, and
the second one ensures a certain degree of overlap between
adjacent robots’ camera views. The final cost function also
takes relative localization accuracy and collision avoidance
into account. Minimizing the final cost function helps the
robots adopt “high coverage” formations, such as a “near”
straight-line formation while ensuring consistently high ac-
curacy in relative localization. The problem is approached
in 2D since most robots, such as ground vehicles or quad-
copters, only have heading as a rotational degree of freedom
for planning purposes.

A. Adjacent Robot Formation Cost Function

Let N robots be initially positioned at random locations.
The goal of this section is to allocate the robots into any
desired formation, with all formations being relative to
Robot 1, the reference robot. The idea is to minimize the
error between the actual and desired position vector between
any two robots, which results in the cost function

Jmnadj (x) =
∣∣∣∣∣∣rmn1 −

m−1∑
k=n

(rk+1 + rk)n(k)
1

∣∣∣∣∣∣2, (13)

Jadj(x) =
∑

n,m∈P,
n<m

Jmnadj (x), (14)

where rk and n(k)
1 are user-defined parameters that determine

the radial distance and direction between adjacent robots,
respectively. n(k)

1 is the desired unit vector associated with
the position of Robot k + 1 relative to its adjacent robot,
Robot k, resolved in F1. All the desired unit vectors, starting
with the one from the reference robot, Robot 1, can be
written compactly as,

n1 =
[

n(1)T
1 · · · n(N−1)T

1

]T
∈ R2×(N−1). (15)

The desired position vector of Robot m relative to Robot n,
resolved in F1 is found using the summation term in (13).

This cost function places the robots adjacent to each other
in ascending order of their IDs without determining the
shortest path the robots should take to form the desired

(a) Straight-line formation with unsorted IDs. (b) Straight-line formation with sorted IDs. (c) V-shaped formation with sorted IDs.

Fig. 3. Formations obtained by minimizing Jadj(x). The contours represent the heatmap of the cost function Jadj(x), by varying the position vector, rmn
n ,

between all the robots.
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formation, as shown in Fig. 3a. However, this is not ideal,
and Algorithm 1 sorts the robot IDs so that the robots
take the shortest path possible to the user-defined formation.
This algorithm finds the permutation of the robot IDs that
minimizes the overall distance traveled by the robots to
reach the desired formation using the Hungarian matching
algorithm [35], and is faster than a brute-force approach.

The sorted set of robot IDs and radii are denoted
Ps = {s1, . . . , sN} and Rs = {rs1 , . . . , rsN }, respectively.
For conciseness, rsnsmsn is denoted as r̄nmn , the attitude
between robots sn and sm is denoted as C̄nm, and the radius
of Robot sn is denoted as r̄n. For this sorted set of robot
IDs, (13) becomes

Jmnadj (x) =
∣∣∣∣∣∣r̄mn1 −

m−1∑
k=n

(r̄k+1 + r̄k)n(k)
1

∣∣∣∣∣∣2. (16)

Note that, n1 denotes the desired unit vectors between
adjacent robots starting from the reference robot, Robot 1,
and therefore is not affected by the sorting of the IDs.

Algorithm 1 Sort Robot IDs by Distance To Travel
Input: x, P , R, n1.
Output: Ps, Rs.

1: Let r1 ,
[

r211 · · · rN1
1

]T
,

and p =
[

2 · · · N
]T

, where 2, . . . , N ∈ P \ {1}.
2: davg ← 2

N

∑N
n=1 rn.

3: Compute the approximate target locations in the goal
formation,

r∗1 ←
[ ∑2

k=1 davgn(k)T
1 · · ·

∑N
k=1 davgn(k)T

1

]T
,
[

rd2d1T1 · · · rdNd1T1

]T
.

4: Create a matrix cost function based on the distance
traveled by each robot to the goal formation,
C(i, j)← ||r∗1(i)− r1(j)||2 for i, j ∈ {1, . . . , N − 1}.

5: Let P be a permutation matrix, and tr(·) is the trace
operator. Find the permutation matrix that minimizes the
overall distance traveled by the robots using the Hungar-
ian matching algorithm [35], P∗ ← min

P
tr(CP).

6: Ps ← {1} ∪ {ith element of P∗p} , {s1, . . . , sN}.
7: Rs ← {rsn}.

Fig. 3b depicts a straight-line formation acquisition by
minimizing Jadj(x) with sorted robot IDs. With sorted
IDs, the robots reach a straight-line formation by trav-
eling a shorter overall distance compared to the one
with unsorted IDs, shown in Fig. 3a. In both cases
n(k)
1 = [1 0]T, k = 1, . . . , N − 1.
Another instance of the implementation of this cost func-

tion is shown in Fig. 3c, where the robots are in a V-
shaped formation. The parameters used for this example are
n(k)
1 = [1 1]T, k = 1, . . . , 4, n(k)

1 = [1 −1]T, k = 5, . . . , 8,
and radii r̄k = 0.5 m.

In the rest of this paper, unless n1 is stated, the sorted set
of IDs is computed using n(k)

1 = [1 0]T, k = 1, . . . , N−1,
to maximize coverage span in the x-direction.

Fig. 4. The formation with adjacent camera overlap after minimizing
Joverlap, with λ = 0.25. The left plot shows the effects of the heatmap of
Joverlap(x) from the perspective of only Robot 1, and the right plot shows the
effects of the heatmap from the perspective of all the robots. Only position
rmn
n is varied between all the robots to generate the heatmaps.

B. Camera Overlap Cost Function

To simultaneously enable overlap of the camera views of
adjacent robots, and to ensure that no more than two adjacent
camera views overlap, which in turn helps in maximizing
coverage, minimizing the cost function

Jmnoverlap(x) =∣∣∣∣∣∣r̄mn1 − (1− λ)
(

2

m∑
k=n

r̄k − r̄n − r̄m
)

n̄mn1

∣∣∣∣∣∣2, (17)

Joverlap(x) =
∑

sn,sm∈Ps,
n<m

Jmnoverlap(x) (18)

is proposed, where λ ∈ [0, 1] represents the percentage of the
radial distance between the robots that overlap. The direction
vector n̄mn1 is the unit vector pointing from Robot sn to
Robot sm in the body frame of Robot 1 and is given by

n̄mn1 =
r̄mn1

||r̄mn1 ||
. (19)

An example formation with λ = 0.25 is shown in Fig. 4.
From the contours in the left plot, note that the cost function
is designed to create valleys at a distance equivalent to
the summation term in (17) scaled by (1 − λ) around
Robot 1, and similar valleys exist around all other robots.
The intersection of these valleys causes the robots to overlap
their camera views with adjacent robots. The advantage of
this cost function is that, regardless of where the robots
are initially located, every robot will end up overlapping its
camera’s field-of-view with adjacent robots. Therefore, this
cost function is not limited to any specific formation.

C. Overall Cost Function

By encoding user-defined requirements for certain forma-
tions, such as a straight-line formation, and radii overlap
mathematically, the proposed cost functions can be added to
(9) to achieve a comprehensive solution for formations that
accommodate a variety of factors. These factors include the
need for high coverage, the necessity for accurate relative
pose estimation, and the requirement for camera overlap,
among others. The overall cost function is given by,

Jcov(x) = Jadj(x) + Joverlap(x) + Jest(x) + Jcol(x). (20)
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Fig. 5. Final formation acquisition with coverage in the x-direction without
(top) and with (bottom) the camera overlap cost function, Joverlap(x).

Fig. 5 depicts an example formation with coverage in the
x-direction by minimizing Jcov(x). The plots highlight the
importance of Joverlap(x) in preventing the robots from non-
uniformly spreading apart due to the other cost function
components, notably Jadj(x). The cost Jcov(x) serves to de-
sign suitable formations for planning problems and therefore
the optimization is done offline. These formation results can
then be stored in the memory of the robots and used for
online planning. Handling online planning initiatives like
real-time non-line-of-sight issues between tags or the need
for formation changes in the presence of obstacles is beyond
the scope of this paper.

D. Bridge Inspection Example

The usefulness of Jcov(x) is shown in the bridge inspection
application in Fig. 6a. Here, 5 quadcopters with top-facing
cameras inspect the underside of a bridge with no access
to GPS, and two other GPS-enabled quadcopters are placed
at an arbitrary angle to the inspection robots to get good
localization accuracy. The desired formation is a straight-
line formation of the inspection robots with some camera
overlap, while ensuring that the localization accuracy is high.
For 7 robots, this is achieved by minimizing Jcov(x) with the
parameters,

n(1)
1 =

[
1
1

]
,n(6)

1 =

[
1
−1

]
,n(k)

1 =

[
1
0

]
, k = 2, . . . , 5,

Jmkoverlap(x) = 0,∀k ∈ Ps \ {m},m ∈ {1, N}, (21)

and there are no inter-tag range measurements between the
two GPS-enabled robots. Notice that, the robots under the
bridge have a “near” straight line formation, such that they
avoid unobservable ranging-tag configurations, and are ad-
ditionally aided by the GPS-enabled quadcopters to localize
themselves. These planning decisions are possible because
of the flexibility in customizing Jcov(x). In contrast, the best
formation of 5 robots obtained by minimizing Jopt(x) is
shown in Fig. 6b. The two GPS-enabled robots are randomly
placed without the help of Jopt(x). The inspection robots are
not in a straight line, thus increasing inspection time.

V. APPLICATION: MULTI-ROBOT COVERAGE

A multi-robot coverage path planning task is where the
usefulness of the proposed cost function is demonstrated. The
goal is to inspect a large area in a short amount of time, while

(a) Formation acquisition by minimizing Jcov(x).

(b) Formation acquisition by randomly placing Robots 1 and 2 and minimizing
Jopt(x) for the rest of the robots.

Fig. 6. Comparison of formations obtained by minimizing Jopt(x) and
Jcov(x) for a bridge inspection task.

ensuring good relative localization accuracy. This is achieved
by minimizing Jcov(x) with the parameters, n(k)

1 = [1 0]T,
r̄k = 0.5 m, k = 1, . . . , N−1, and λ = 0.25. The resultant
formation is compared with a straight-line formation and a
clustered formation in a coverage path planning task. These
formations, along with the heatmap of Jest(x), are shown in
Fig. 7, and denoted as,

xi , arg min
x

Ji(x), i ∈ {adj, opt, cov}. (22)

The high-value regions in the heatmap of xadj already indicate
that this formation has low relative pose estimation accuracy.

A. Simulation

The robots are initially placed near the origin of a
10 m × 24 m area. They cover the space using a square-
wave pattern often used in optimal coverage path planning
problems [22, 24, 26]. For simplicity, the map of the en-
vironment is assumed to be known except for the position
of two static landmarks with ranging tags fitted on them. A
list of waypoints is assigned to an arbitrarily chosen leader,
which is Robot 1 here, and the other robots follow the leader
in a formation using the velocity control,

ureach target/g
n = uformation/g

n + uwaypoint/g
n , (23)

where each control term is resolved in the robot’s body
frame. The components uformation/g

n and uwaypoint/g
n are given
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(a) Three tested formations. (b) Coverage time comparison. (c) Estimation error comparison.

Fig. 7. Comparison of the coverage path planning task using the three formations. (a) The heatmap of Jest(x) identifies that the straight-line formation
has the highest and the cluster formation has the lowest estimation error, as expected. (b) Comparison of the coverage time for the three formations. The
xcov formation has a 35.5% time reduction, as compared to the xopt formation, while maintaining good relative pose estimation accuracy. (c) Various
RMSE plots for the three formations over 100 Monte Carlo trials. The xcov formation has comparable inter-robot position and attitude RMSEs to the xopt
formation.

TABLE I

Percentage reduction in median estimation error with respect
to xadj over 100 Monte Carlo simulations.

xopt (Eq.(9)) xcov (proposed)
Landmark1 Est. Error 35.4 % 58.8 %

Landmark2 Est. Error 29.6 % 31.6 %

Inter-robot Att. RMSE 47.0 % 40.0 %

Inter-robot Pos. RMSE 66.2 % 59.4 %

in [36, Chap. 2]. The trajectory generated using this control
law is shown in Fig. 7b. Note that, each corner of the square-
wave pattern is treated as a static waypoint. Once Robot 1
reaches one corner in formation with the other robots, it
moves to the next corner.

The EKF-SLAM algorithm, similar to [37], is used to
assess the relative pose estimation accuracy. This estimation
directly impacts the precision of localizing the landmarks
within the context of an inspection task. EKF-SLAM is
used over a batch method since it is computationally less
expensive and suitable for online implementation. The in-
teroceptive measurements are the velocity inputs in the
body frame of the robots at 100 Hz as shown in [20], and
the exteroceptive measurements are either inter-tag or tag-
landmark range measurements at 110 Hz with a covariance
matrix R = 0.121 m2. It is assumed that the robots receive
range measurements from the static landmarks only when
they are within a 2 m radius of the landmark. Additionally,
Robot 1 receives GPS measurements at 50 Hz with a standard
deviation of 0.1 m in each component to help localize itself
in the global reference frame Fg .

The xcov (proposed) formation exhibits a 35.5% reduction
in coverage time compared to xopt (clustered formation), with
only 17% and 11% loss in relative attitude and position

estimation accuracy, respectively, as shown in Fig. 7b and
Fig 7c. Table I displays the percentage reduction in median
estimation errors of xopt and xcov with respect to xadj for
100 Monte Carlo simulations. It highlights that there is
a trade-off when using xcov vs xopt; xcov (proposed) has
slightly worse inter-robot attitude and position RMSEs, but
either comparable or lower landmark estimation errors than
xopt, indicating Jcov(x)’s effectiveness in attaining highly
observable, and “high-coverage” formations. The median
estimation errors for xcov (proposed) are 0.448 m, 0.088 m,
0.032 rad, and 0.062 m for Landmark1, Landmark2, inter-
robot attitude, and position, respectively. This affirms that
the proposed cost function allows a slight decrease in relative
pose estimation accuracy to gain a significant reduction in
coverage time, compared to the clustered formation, xopt.

B. Experiment
The EKF-SLAM algorithm is tested with the same for-

mations on real quadcopters to experimentally validate that
the “high-coverage” formations found by minimizing Jcov(x)
(proposed) have good localization accuracy. Due to space
limitations, each experiment is conducted with 3 Uvify IFO-
S quadcopters moving back and forth in a 4 m×6 m space, at
a constant height, while in formation for 47 s. Two landmarks
with UWB tags are placed at the edge of the room. The
remaining two robots, with two tags each, are simulated to
be in formation with the other three during the experiment.
The Tags i and j in the robots are placed at

rτipp =

 0.17
−0.17
−0.05

 , rτjpp =

−0.17
0.17
−0.05

 , (24)

and rp = 0.7, p ∈ P , with units in meters. Since the
simulations establish that the xcov (proposed) formation re-
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(a) Experiment in progress.

Uvify IFO-S
Quadcopters

Simulated
Quadcopters

Landmark1

Landmark2

(b) Visualization (left) and a top graphical view (right) of one of the exp-
eriments.

Fig. 8. Experimental setup.

duces coverage time, the primary goal is to validate that this
benefit does not significantly compromise the localization
accuracy in real-world experiments. The experimental details
are shown in Fig. 8.

The process model involves velocity inputs at 10 Hz in the
body frame of the robots as shown in [20], the landmarks are
static, and the measurement model involves inter-tag and tag-
landmark range measurements at 80 Hz. For this experiment,
DWM1000 UWB transceivers are used. The ranging protocol
and UWB calibration procedure are as in [38]. The velocity
inputs with added noise are obtained by performing finite
difference on ground truth position data, extracted from
the Vicon motion-capture system. The added noise has a
standard deviation of 0.01 rad and 0.1 m for the angular
velocity and translational velocity components, respectively.
Any interoceptive sensor data, such as IMU reading or
velocity obtained using visual inertial odometry in the body
frame of the robots would work as well. A covariance of
0.12 m2 is set for the measurements received by the ranging
tags in the simulated robots. Robot 1 is also given noisy
ground truth position data as GPS measurements at 30 Hz
with a standard deviation of 0.1 m in each component.

The results are shown in Fig. 9. As expected, the estimator
diverges for the straight-line formation due to observability
issues. The landmark position and inter-robot relative pose
estimation accuracy for the xcov (proposed) formation and
the clustered one are similar. Furthermore, the xcov (pro-
posed) formation maintains landmark position estimation
error within the ±3σ bounds, indicating low estimation error
uncertainty. In Table II, this formation also demonstrates a
significant reduction in median estimation error compared to
the straight-line formation: at least 26.9% for Landmark1 and
Landmark2, and 32.9% and 62.1% for inter-robot attitude

Fig. 9. Different error metrics for the three formations in the experiment.
The proposed formation has comparable RMSEs to the clustered formation
while swiping a larger area. The shaded regions in the landmark position
estimation error plots represent the ±3σ bounds of the estimator.

TABLE II

Percentage reduction in median estimation error with respect
to xadj for experimental data.

xopt (Eq.(9)) xcov (proposed)
Landmark1 Est. Error 74.1 % 71.1 %

Landmark2 Est. Error 24.2 % 26.9 %

Inter-robot Att. RMSE 32.4 % 32.9 %

Inter-robot Pos. RMSE 64.4 % 62.1 %

and position estimates, respectively, approaching levels seen
in the clustered formation, xopt. These error metrics in
values are 0.112 m, 0.073 m, 0.056 rad, and 0.041 m for
Landmark1, Landmark2, inter-robot attitude, and position,
respectively. The experiments again validate the claim of
Jcov(x) (proposed) producing “high coverage” formations
with insignificant loss in relative pose estimation accuracy.

VI. CONCLUSION

This paper presents, in both simulation and experiment,
that with the help of a few geometry-based constraints, “high
coverage” formations can be achieved even if they are not
optimal for inter-robot range-based relative pose estimation.
The reduction in estimation accuracy for these formations
is insignificant. The easy customizability of the proposed
cost function to achieve “high coverage” formations with
acceptable relative pose estimation accuracy is one of its
strongest points. It can be used for a variety of applications
such as multi-robot coverage, multi-robot search and rescue,
and multi-robot inspection. Future work includes adopting
this cost function for problems in 3D and extending the
implementation of this cost function in online planning
initiatives where the robots are tasked to cover a large area
while avoiding obstacles.
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