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Abstract We propose a novel teleoperation framework

for multiple distributed non-holonomic mobile robots

(WMR), each equipped with onboard sensing and com-

puting using peer-to-peer communication. One of the

WMRs is designated as the leader with the first-person

view camera and SLAM, while the other WMRs main-

tain a certain desired formation relative to their re-

spective fore-running WMR in a distributed manner.

For this, we first utilize nonholonomic passive decom-

position to split the platoon kinematics into that of the

formation-keeping aspect and the collective tele-driving

aspect. We then design the controls for these two as-

pects individually and distribute them into each WMR

while incorporating their nonholonomic constraint and

distribution requirement. We also propose a novel pre-

dictive display, which, by providing the user with the

estimated current and predicted future pose of the pla-

toon and future possibility of collision while incorpo-

rating the uncertainty inherent to the distribution, can

significantly enhance the tele-driving performance. Ex-

periments and user study are also performed.

Research supported by the Industrial Strategic Technology
Development Program (10060070) and the Industrial Con-
vergence Core Technology Development Program (10063172)
of the Ministry of Trade, industry & Energy (MOTIE) of
Korea; and the Engineering Research Center Program for
Soft Robotics (2016R1A5A1938472) of the National Research
Foundation (NRF) funded by the Ministry of Science, ICT &
Future Planning (MSIP) of Korea.

The authors are with the Department Mechanical and
Aerospace Engineering and IAMD of Seoul National Univer-
sity, Seoul, Republic of Korea, 151-744.
† : Corresponding author
Tel.: +82-2-880-1724
Fax: +82-2-883-7548
E-mail: djlee@snu.ac.kr

Keywords Distributed Robots · Nonholonomic

Constraint · Predictive Display · Teleoperation

1 Introduction

Distributed robotics is often characterized by the sens-

ing, computing and communication capability distributed

to each robot so that we can deploy many of them with

ease of implementation, robustness against single point

failure, and scalability. Some applications expected to

be benefited by this distributed robotics include: 1)

transport of materials and goods [1,2]; 2) search, ex-

ploration and sensor network [3,4]; and 3) collective

manipulation and assembly [5–7]. The advantage of dis-

tributed robotics for these applications can be even
more prominent when their operation takes place in a

large-size environment cluttered with objects, so that

a single large robot cannot efficiently cover the whole

environment all by itself or can be too large to navigate

through some of those objects.

In this paper, we consider the problem of deploying

a platoon of distributed nonholonomic wheeled mobile

robots (WMRs) in such a large-size object-cluttered en-

vironment. Here, we say the robots are distributed in

the sense that their sensing and computation are all

onboard and the communication among them is only

peer-to-peer. We also assume the environment be un-

known and unchartered. For this case, it is typically

very difficult, if not impossible, to achieve operations

in a fully-autonomous manner. Therefore, we consider

the problem of their tele-driving by a single remote user.

More precisely, we designate one of the WMRs as

the leader of the platoon and furnish it with a LiDAR

(light detection and ranging) sensor and LiDAR-SLAM

(simultaneous localization and mapping) capability, a
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FPV (first-person view) camera to complement this

LiDAR-SLAM information (e.g., recognize glass walls

or low-height bumps missed by LiDAR, or traversabil-

ity of regions behind scattered architectural objects,

etc.), and ample computing power to collect/process

the pose informations of all the WMRs and present

them to the user. This leader WMR serves as the “eyes”

of the remote user. All the other WMRs are “simple”

followers, each equipped with a monocular camera with

limited FOV (field-of-view) to sense the relative dis-

tance/bearing from their respective fore-running WMR,

and onboard computing power just enough to compute

its pose estimation (with fore-running WMR pose infor-

mation received from communication) and control ac-

tion. The communication among all the WMRs is also

assumed only peer-to-peer. See Fig. 1.

We then aim to enable the remote user to tele-drive

the leader WMR, while other WMRs follow their re-

spective fore-running WMR with certain desired rela-

tive distance maintained and their limited-FOV cam-

era always facing to the axle-center of the fore-running

WMR (with omni-directional fiducial markers attached

there) in a distributed manner. For simplicity, here, we

mainly focus on the line graph formation shape to ren-

der the platoon as the (familiar) n-trailer system [8–10],

although other formation shapes with any tree graph

topology (with the leader WMR as its globally reach-

able node [11,12]) are also possible. For this, we then

utilize nonholonomic passive decomposition [13–15] to

split the platoon kinematics into the inter-WMR for-

mation aspect and the collective tele-driving aspect. We

can then design the controls for these two aspects indi-

vidually and separately, ensuring the desired n-trailer

formation be maintained regardless of the (arbitrary)

user command. We can also distribute these controls to

each WMR while fully respecting their nonholonomic

constraint and distribution requirement of sensing, com-

puting and communication.

Even if the platoon is reduced to the (familiar) n-

trailer system as stated above, it is in general still diffi-

cult for typical users to tele-navigate this line-topology

platoon amid obstacles while avoiding their collision

with any of the WMRs. This is particularly so, as the n-

trailer platoon can exhibit complex internal serpentine

articulation, when it traverses with a large curvature

change (see Fig. 4). To assist a remote user to overcome

this difficulty, in this paper, we propose a novel predic-

tive display for the tele-driving of distributed robots.

By providing the user with the estimated current and

predicted future pose information of each WMR along

with the possibility of collision, this predictive display

turns out to substantially enhance efficiency and perfor-

mance of the tele-driving by allowing the user, e.g., to

Fig. 1 Platoon of distributed nonholonomic WMRs: one
“smart” leader WMR (with LiDAR, IMU and FPV camera)
and three “simple” follower WMRs (with monocular cam-
era and IMU) (top). Peer-to-peer communication architec-
ture among the WMRs and the information flowing through
it (bottom).

better explore collision-free tele-driving strategies or to

adjust the command if the collision is about to occur in

near future. We also fully incorporate the uncertainty

inherent to the sensing/computation distribution into

this predictive display, namely, 1) local pose estimation

uncertainty of each WMR accumulated downstream to

the last WMR with the relative pose measurement un-

certainty; and 2) current pose estimation uncertainty of

each WMR accumulated upstream through the commu-

nication delay, which is further forward-propagated to

obtain the predicted future pose information. See Fig.

2.

Numerous techniques have been proposed for the

formation control of multiple distributed nonholonomic

WMRs, some experimentally demonstrated with on-

board sensing and estimation (e.g., [16–19]). On the

other hand, many results have been reported for the

teleoperation of multiple mobile robots (e.g., central-

ized [20–23], distributed [24–26]) and also for the tele-

operation with predictive display (e.g., [27–30]). Yet, to
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our knowledge, there has been no result so far, which

systematically utilizes the predictive display for the tele-

operation of multiple distributed mobile robots to allow

the user to better handle with the complex kinemat-

ics of their collective while fully taking into account

the uncertainty inherently arising from their sensing,

computation and communication being distributed. In

fact, we believe our framework proposed here is the

very first predictive display teleoperation result of dis-

tributed mobile robots with the distribution-induced

uncertainty fully incorporated and its efficacy fully man-

ifested by human subject study. The holistic framework

for the distributed robot teleoperation, encompassing

the behavior decomposition, the control design distri-

bution, the distributed estimation and the predictive

display, to our knowledge, is also proposed in this pa-

per for the first time.

The rest of the paper is organized as follows. The

nonholonomic passive decomposition and the distributed

control design to achieve the n-trailer platoon formation

are presented in Sec. 2. The distributed pose estimation

of each WMR using onboard sensing and peer-to-peer

communication is detailed in Sec. 3. The predictive dis-

play, which fully incorporate the uncertainty inherently

arising in distributed robotics, is designed and derived

in Sec. 4. Experiments and human subject study to ver-

ify and demonstrate the efficacy of our proposed frame-

work are performed in Sec. 5. Summary and some re-

marks on future research direction are given in Sec. 6.

2 Distributed Control Design

2.1 Nonholonomic Passive Decomposition

Here, our goal is to design the control action for each

WMR in such a way that the platoon can maintain the

n-trailer formation (i.e., line graph topology) regard-

less of (arbitrary) user command while fully respect-

ing the nonholonomic constraint and the distribution

requirement. For this, we consider the kinematic equa-

tion of the n-WMRs. This assumption is valid because

the WMR operating speed of this document is not too

fast (for example, the average speed in first paragraph

of Sec. 5.2 and the second paragraph of Sec. 5.3), there-

fore, the slip effect and drifts of the wheel are negligible.

Let us denote the inertial frame by {O} and the

body-fixed frame of the j-th WMR by {Gj} with j = 1

being the “smart” leader WMR and j = 2, ..., n for the

“simple” follower WMRs. Here, we attach the origin of

{Gj} at the axle-center each j-th WMR. See Fig. 3. The

pose of each WMR in SE(2) can then be parameterized

by its axle-center position pj := (xj , yj) ∈ <2 and head-

ing angle φj ∈ S of {Gj} w.r.t. {O}. Define the config-

Fig. 2 Platoon of distributed WMRs navigating in a large-
hall with array of plant pots (top); and predictive display view
with LiDAR-SLAM map, current and future pose estimates of
the WMRs with uncertainty (i.e., size ellipsoids and direction
cone) (bottom). Possible collision of a WMR will be indicated
by white circular shade, if its future pose estimate collides
with non-traversable scanned regions of the SLAM map (see
bottom middle two pictures of Fig. 11).

uration of the j-th WMR by qj = [xj ; yj ;φj ] ∈ <3. It

is then well-known that the no-slip/drift condition can

be written by the following Pfaffian constraint:

Aj(qj)q̇j = 0

with Aj(qj) :=
[

sinφi − cosφi 0
]
∈ <1×3, which is

well-known to be completely nonholonommic [31].

Here, we aim to design the formation control to be

distributed to each pair of two fore-running and follow-

ing WMRs. For this, let us define the configuration of

the pair of the j-th and (j + 1)-th WMRs by

qj,j+1 :=
[
qj ; qj+1

]
=
[
xj ; yj ; φj ; xj+1; yj+1; φj+1

]
∈ <6

with their no-slip/drift conditions given by

Aj,j+1q̇j,j+1 = 0 (1)

withAj,j+1(qj,j+1) := diag[Aj(qj), Aj+1(qj+1)] ∈ <2×6.

The unconstrained distribution D>j,j+1(q) [13], which

characterizes the sub-space of the velocity respecting
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the nonholonomic constraint (1), can then be identified

by

D>j,j+1 :=


cφj sφj 0 0 0 0

0 0 1 0 0 0

0 0 0 cφj+1 sφj+1 0

0 0 0 0 0 1


T

∈ <6×4

where cφj := cosφj and sφj := sinφj . Here, note that

D>j,j+1 identifies the null-space of Aj,j+1 ∈ <2×6 in (1).

Evolution of the two WMRs under the nonholonomic

constraint (1) can then be written by the following drift-

less nonlinear control equation:

q̇j,j+1 = D>j,j+1uj,j+1 (2)

where uj,j+1 := [vj ;wj ; vj+1;wj+1] ∈ <4 is the control

input, with vj , wj ∈ < being the forward and angular

velocity commands of the j-th WMR. The constraint

(1) is also completely nonholonomic [31].

The control objective to render the n-WMRs as a n-

trailer system (i.e., line graph topology) can be written

by the following pairwise/distributed virtual constraint:

hj,j+1 :=

(
xj − xj+1 − Lj cφj+1

yj − yj+1 − Lj sφj+1

)
= 0 (3)

where Lj > 0 is the desired distance between the j-

th WMR and the (j + 1)-th WMR. This constraint (3)

implies that the distance between the two WMRs’ axle-

centers is maintained to be Lj with the camera of the

ensuing WMR always pointing to the axle-center of the

fore-running WMR. This then means that, if hj,j+1 = 0,

the axle-center of the fore-running WMR will always

be within the limited FOV (field-of-view) of the fol-

lowing WMR’s camera regardless of the platoon forma-

tion shape and curvature. This further implies that, if

hj,j+1 = 0, with the omni-directional fiducial markers

(e.g., cube with tags on each side) attached at those

axle-centers, each following WMR can always measure

the relative distance and bearing from its fore-running

WMR with their onboard camera, while the platoon

moves/undulates as a n-trailer system. See Fig. 3. This

h(q) is called formation map [13]. The control objective

hj,j+1 = 0 needs to be attained while respecting the

distribution requirement.

For this, following [32], we define tangential distribu-

tion∆>j,j+1 of hj,j+1 to be the null-space of the one-form
∂hj,j+1

∂qj,j+1
∈ <2×6 as identified by the following matrix:

∆>j,j+1 :=


Lj sφj+1 −Lj cφj+1 0 0 0 −1

1 0 0 1 0 0

0 1 0 0 1 0

0 0 1 0 0 0


T

∈ <6×4

Fig. 3 Geometry of platoon of the distributed nonholonomic
WMRs, when they collectively behave as the n-trailer system
under the virtual constraint h(qj,j+1) = 0, that is, each fol-
lowing WMR maintains the distance Lj from, and also faces
toward the axle-center of, their respective fore-running WMR.

and normal distribution ∆⊥j,j+1(qj,j+1), which is the or-

thogonal complement of ∆>j,j+1 w.r.t. the Euclidean

metric s.t.,

∆⊥j,j+1 :=

[
1 0 0 −1 0 Lj sφj+1

0 1 0 0 −1 −Lj cφj+1

]T
∈ <6×2

with ∆⊥j,j+1 =
(
∂hj,j+1

∂qj,j+1

)T
. As explained in [32], the

velocity component in ∆>j,j+1 characterizes the motion

of the two WMRs tangential to the (current) level set:

Hhj,j+1(qj,j+1) := {q′ ∈ <6 | h(q′) = h(qj,j+1)} (4)

(i.e., collective motion of the two WMRs with hj,j+1

kept intact); whereas that in ∆⊥j,j+1 the motion normal

to the level set Hhj,j+1
w.r.t. the Euclidean metric (i.e.,

internal motion of the two WMRs changing the inter-

WMR coordination hj,j+1).

Following [15], we can then achieve the nonholo-

nomic passive decomposition of the two WMRs under

the physical nonoholonomic constraint (1) and the vir-

tual holonomic constraint (3) s.t.,

q̇j,j+1 =
[

(D>j,j+1 ∩4>j,j+1) Dcj,j+1

]︸ ︷︷ ︸
=:Sj,j+1(qj,j+1)∈<6×4

(
uLj,j+1

uCj,j+1

)
(5)
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where

(D>j,j+1 ∩∆>j,j+1) =



cφj 0

sφj 0

0 1

c(φj − φj+1) cφj+1 0

c(φj − φj+1) sφj+1 0
1
Lj

s(φj − φj+1) 0

 ∈ <
6×2 (6)

is the (unconstrained) locked distribution, representing

the motion tangential to the level set Hhj,j+1 (4) (i.e.,

collective motion with hj,j+1 locked) among the permis-

sible motion in D>j,j+1 (i.e., satisfying the nonholonomic

constraint (1)); and

Dcj,j+1 = D>j,j+1 \ (D>j,j+1 ∩∆>j,j+1) = (7)

=



cφj 0

sφj 0

0 0

− c(φj − φj+1) cφj+1 s(φj − φj+1) cφj+1

− c(φj − φj+1) sφj+1 s(φj − φj+1) sφj+1

−Lj s(φj − φj+1) −Lj c(φj − φj+1)


is the quotient distribution with Dcj,j+1 /∈ ∆>j,j+1 and

Dcj,j+1 /∈ ∆⊥j,j+1 (i.e., weakly decomposable [13]) and

also (D>j,j+1 ∩ ∆⊥j,j+1) ⊂ Dcj,j+1 (see [15]). This then

means that, for the two WMRs under the control ob-

jective (3): 1) we can ensure the inter-WMR coordi-

nation hj,j+1 = 0 simply by stabilizing the motion of

the WMRs in this Dcj,j+1; yet, 2) it is not possible to

adjust the inter-WMR coordination hj,j+1 without af-

fecting the collective motion (i.e., tele-driving) aspect,

since Dcj,j+1 contains both the normal and tangential

components. Complete decoupling between these two

aspects can be attained only if strong decomposability

is granted [13], which is not the case here.

2.2 Control Design and Distribution

The matrix Sj,j+1 in (5) is called the decomposition

matrix. In (5), uCj,j+1
= [u1

Cj,j+1
;u2
Cj,j+1

] ∈ <2 and

uLj,j+1
= [u1

Lj,j+1
;u2
Lj,j+1

] ∈ <2 are respectively the

control inputs of the quotient and locked systems, with

the former to be utilized to regulate the inter-WMR

coordination (i.e., hj,j+1 → 0) while the latter to tele-

drive the two WMRs while not perturbing the inter-

WMR coordination aspect hj,j+1. These controls (uLj,j+1
,

uCj,j+1) ∈ <4 should also be distributable to each WMR

according to their sensing, computing and communica-

tion architecture (see Fig. 1).

The fact that Dcj,j+1 contains some components in

∆⊥j,j+1 implies that, by using uCj,j+1
, we can affect and

regulate the inter-WMR coordination hj,j+1. For this,

we design uCj,j+1
∈ <2 s.t.,

uCj,j+1 =−DcTj,j+1(qj,j+1) ·
[
∂hj,j+1

∂qj,j+1

]T [∂ϕhj,j+1

∂hj,j+1

]T
(8)

where ϕhj,j+1
(hj,j+1) ≥ 0 is a suitably defined positive-

definite potential function to enforce hj,j+1 = 0 (i.e.,

ϕhj,j+1
= 0 iff h = 0 and positively quadratic around

h = 0 with
∂ϕhj,j+1

∂∂hj,j+1
= 0 iff ϕhj,j+1

= 0 in a neighbor-

hood of hj,j+1 = 0). We then have:

dϕhj,j+1

dt
=
∂ϕhj,j+1

∂hj,j+1

∂hj,j+1

∂qj,j+1
q̇j,j+1

=
∂ϕhj,j+1

∂hj,j+1

∂hj,j+1

∂qj,j+1
Dcj,j+1uCj,j+1

= −||uCj,j+1
||2 ≤ 0 (9)

where we use the fact that
∂hj,j+1

∂qj,j+1
· [D>j,j+1 ∩ ∆>j,j+1] ·

uLj,j+1 = 0 ∀uLj,j+1 from the geometric construction

of (5). This then means that ϕhj,j+1
(t) ≤ ϕhj,j+1

(0),

∀t ≥ 0, that is, if the inter-WRM coordination error

starts small (i.e., ||hj,j+1(0)|| ≈ 0), it will stay small

(i.e., ||hj,j+1(t)|| ≈ 0, ∀t ≥ 0). Further, this error ϕhj,j+1

will be strictly decreasing as long as uCj,j+1
6= 0. This

also implies that, if we start with small enough hj,j+1(0)

with |φj(0)−φj+1(0)| < π, |φj(t)−φj+1(t)| < π ∀t ≥ 0

(i.e., heading angle φj in Fig. 3 will not flip around),

since, if not, ϕhj,j+1
(t) should increase, contradictory

to ϕhj,j+1(t) ≤ ϕhj,j+1(0), ∀t ≥ 0. Here, note that the

control uCj,j,+1
is distributed, as it is a function of only

qj,j+1.

It should be noted that the convergence of coordina-

tion between WRMs is only guaranteed locally due to

the non-linearity of the system (i.e., multiple equilibria

in (3)) and the possibility of local minima due to the

use of potential functions in (8). In other words, if one

spreads out the robots with a large formation error and

activates the control, then they converge to the desired

formation if the each fore-running WMR is within the

FOV of the following WMR, in general, but it is not

theoretically guaranteed. Nevertheless, we believe that,

for the most of the applications, it is not so difficult to

attain the start with small formation errors practically.

With the inter-WMR coordination ||hj,j+1|| → 0

for each pair among the n-WMRs attained by uCj,j+1

in (8), the remaining task is then to tele-drive the col-

lective of those pairs without perturbing hj,j+1 → 0 in

a distributed fashion. This can be done if (and only if)

by driving them via the locked system control uLj,j+1

as can be seen from the nonholonomic passive decom-

position (5). Here, note that, if hj,j+1 → 0, uCj,j+1 → 0

from the construction of ϕhj,j+1
; and, if uCj,j+1

→ 0,
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uLj,j+1 → (vj , wj) from (5) with (6). To design uLj,j+1 ,

let us start with the leader WMR with j = 1. This

leader WMR serves as the “eyes” of the remote user

and will be directly tele-controlled by them. This means

that (v1, w1) is given. From (5) with (6)-(7), we then

have

v1 = u1
L1,2

+ u1
C1,2

w1 = u2
L1,2

from which we can define uLj,j+1
s.t.,(

u1
L1,2

u2
L1,2

)
=

(
v1 − u1

C1,2

w1

)
(10)

where recall that uCj,j+1
is already specified by (8) as

a function of only qj,j+1.

Now, suppose that the control input (vj , wj) of the

j-th WMR is given. Then, from (5) with (6)-(7), sim-

ilar to (10), the locked system control uLj,j+1
can be

obtained by(
u1
Lj,j+1

u2
Lj,j+1

)
=

(
vj − u1

Cj,j+1

wj

)
(11)

where again uCj,j+1
is fully specified by (8) as a func-

tion of only qj,j+1. With (uLj,j+1 , uCj,j+1) now both de-

termined, again from (5) with (6)-(7), we can compute

the forward and angular velocity inputs of the (j+1)-th

WMR by

vj+1 =u1
Lj,j+1

c(φj − φj+1) (12)

−
[

c(φj − φj+1) − s(φj − φj+1)
]
uCj,j+1

wj+1 =
1

Lj
u1
Lj,j+1

s(φj − φj+1) (13)

− Lj
[

s(φj − φj+1) c(φj − φj+1)
]
uCj,j+1

Given (vj+1, wj+1) of the (j+ 1)-th WMR, we can also

compute uLj+1,j+2
for the pair of the (j + 1)-th WMR

and (j + 2)-th WMR similar to (11) by(
u1
Lj+1,j+2

u2
Lj+1,j+2

)
=

(
vj+1 − u1

Cj+1,j+2

wj+1

)
(14)

where, again, uCj+1,j+2
is already specified by (8) as

a function of only qj+1,j+2. By repeating this process

down to the n-th WMR, we can specify the control

input (vj , wj) for all the WMRs, j = 1, ..., n, which will

ensure the (j + 1)-th WMR to follow the j-th WMR

(moving with (vj , wj)) while enforcing the inter-WMR

coordination requirement (i.e., hj,j+1 → 0) regardless

of the user command (v1, w1) of the leader WMR.

Here, note that the control (12)-(13) of the (j + 1)-

th WMR is only a function of qj,j+1 = [qj ; qj+1] and

Fig. 4 Simulation result of the platoon of 30 WMRs mak-
ing a triangular formation under the distributed control (12)-
(13) and the modified formation map (18) with the camera-
heading offset angle αj to slant the two branches of the for-
mation from each other. The red circle indicates the leader
WMR, the blue-dotted arrow means the desired command,
and the colored traces are the past trajectories of the WMRs.

u1
Lj,j+1

, where qj and u1
Lj,j+1

are already known by the

j-th WMR (with (11)), thus, can be transmitted to the

(j + 1)-th WMR via the peer-to-peer communication,

and qj+1 can be estimated by using the onboard sensor

of the (j + 1)-th WMR with qj received from the j-th

WMR via the communication. This then shows that

the control (12)-(13) is indeed distributed, requiring

only onboard sensing and peer-to-peer communication.

Here, we also assume the transmission delay between

two WMRs via their peer-to-peer communication (with

the data loss also included) be negligible as compared

to the operation speed of the WMRs. This is neces-

sary for the properly working of the distributed control

(12)-(13), and granted for our experimental setup as

well (i.e., WMR speed slower than 0.5m/s with 250Hz

communication rate and near zero data loss - see Sec.

5). This transmission delay effect will be substantial

though for the predictive display, when the number of

the WMRs is large - see Sec. 4.

Now, suppose that we start with ||hj,j+1(0)|| ≈ 0

for all j = 1, ..., n − 1. Then, as stated before (11),

uCj,j+1
≈ 0 as well, ∀j = 1, 2, ..., n−1. This then implies

from (5) with (6)-(7) that

u1
Lj,j+1

≈ vj , u2
Lj,j+1

≈ wj

which, from (12), further implies that

vj+1 ≈ vj c(φj − φj+1), wj+1 ≈
vj
Lj

s(φj − φj+1) (15)
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or, equivalently,

vj+1 ≈ v1 ·
j∏
p=1

c(φp − φp+1) (16)

wj+1 ≈
v1

Lj
s(φj − φj+1) ·

j−1∏
p=1

c(φp − φp+1) (17)

Here, note that if all the WMRs are aligned (i.e., φj =

φj+1), vj → v1 with wj = 0 ∀j = 1, 2, .., n, i.e., pulling

the straight-line platoon by its leader WMR. On the

other hand, if φj −φj+1 = π/2, wj+1 =
vj
L with vj+1 =

0, i.e., pulling the upright stem of the reversed “L”-

shape normal to its bottom horizontal line with only

the (j + 1)-th WMR (i.e., horizontal line end) instan-

taneously rotating to keep its heading directed to the

axle-center of the j-th WMR (i.e., stem end). This is

in a stark contrast with the work of [15], where a pair

of two WMRs is “pushed” by the follower WMR in

a centralized manner with external MOCAP (motion

capture system).

Although developed here only for the line graph

topology for simplicity, our framework can also incor-

porate any directed tree graph topology among the

WMRs, by attaching line branch to its preceding stem

branch with the leader WMR as the globally reachable

root of the whole tree graph [11,12]. For this, separation

among the branches can easily be achieved by using the

same formation map hj,j+1 (3), yet, with some offset

between the onboard camera direction and the heading

direction of the WMR, i.e.,

hj,j+1 :=

(
xj − xj+1 − Lj c(φj+1 + αj+1)

yj − yj+1 − Lj s(φj+1 + αj+1)

)
= 0 (18)

where αj+1 ∈ < is the constant offset angle. If hj,j+1 =

0, the branch will then be “slanting” by the angle of

αj+1 from its stem branch. See Fig. 4, where this slant-

ing is used to attain a triangular formation among the

WMRs. Note also that, since the sensing, computation

and communication are all distributed and also the con-

trol (12)-(13) is uni-directional, any tree sub-graph can

be removed or added from the downstream of the pla-

toon without influencing at all the performance of its

upstream WMRs. This implies scalability of our pro-

posed framework.

The nonholonomic passive decomposition and its

behavior decomposition (e.g., (12)-(13)) turns out to

greatly simplify the uncertainty propagation computa-

tion for the predictive display in Sec. 4, as it allows us

to consider only the collective driving aspect (i.e., with

uLj,j+1
), not the inter-WMR coordination aspect, which

is regulated locally by uCj,j+1 . This is in a stark contrast

to [16], where the same control objective (3) is attained

for distributed nonholonomic WMRs, yet, without such

a behavior decomposition. Thus, for the uncertainty

propagation computation, the full kinematics both with

the collective and coordination aspects should be used,

which can substantially increase computation complex-

ity as the closed-loop kinematics contains many nonlin-

earity therein. The passive decomposition was also used

in [20] (centralized holonomic robots), [33] (partially-

distributed holonomic robots), [34] (distributed holo-

nomic robots), [21] (nonholonomic, yet, centralized),

and in [15] (nonholonomic, yet, only two WMRs and

centralized). However, its application to distributed non-

holonomic WMRs is done for the first time in this pa-

per.

3 Distributed Pose Estimation

3.1 EKF Pose Estimation of Leader WMR

The leader WMR runs the SLAM algorithm of [35,36]

with the LiDAR sensor. This LiDAR-SLAM is run-

ning at 40Hz with the LiDAR scanning period. For

smoother and more accurate pose estimation, we fuse

this LiDAR-SLAM pose information with the IMU data

via extended Kalman filtering (EKF). For this, follow-

ing [37,38], we utilize the IMU data (only accelerometer

in (x, y) and yaw gyroscope used) for the EKF propa-

gation step (with 250Hz), while the LiDAR-SLAM data

for the EKF measurement update (with 40Hz). We also

adopt the technique of error-state EKF for faster and

more robust estimation performance [37].

More precisely, we define the state for this LiDAR-

IMU sensor fusion s.t.,

χ1 :=
[
p1; ξ1; φ1; ba1 ; bg1

]
∈ <8 (19)

where p1 := [x1; y1] ∈ <2, ξ1 := [ẋ1; ẏ1] ∈ <2, and

ba1 = [ba1,x; ba1,y] ∈ <2 and bg1 ∈ < are the biases

of the accelerometer and gyroscope measurements, each

modeled as random-walk processes driven by zero-mean

white Gaussian noise nwa1 ∈ <2 and nwg1 ∈ <, respec-

tively. The continuous-time state equation is then given

by

ṗ1(t) = ξ1(t), ξ̇1(t) = a1(t), φ̇1(t) = ω1(t)

ḃa1(t) = nwa1(t), ḃg1(t) = nwg1(t)
(20)

where a1(t) ∈ <2 is the acceleration of the leader WMR

expressed in {O}. The accelerometer and gyroscope

sensor models are also given by

am1(t) = RG1O (φ1(t))a1(t) + ba1(t) + na1(t)

ωm1
(t) = ω1(t) + bg1(t) + ng1(t)

(21)
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where na1(t) ∈ <2 and ng1(t) ∈ < are the zero mean,

white Gaussian measurement noise of the accelerometer

and gyroscope sensing, and RG1O ∈ SO(2) is the rotation

matrix from the inertial frame {O} to the body-fixed

frame of leader WMR {G1}.
Let us define the error state for the EKF s.t.,

χ̃1 :=
[
p̃1; ξ̃1; φ̃1; b̃a1 ; b̃g1

]
∈ <8

where (̃·) = (·) − (̂·) is the difference between the true

state (19) and the estimated state (obtained by ap-

plying the expectation to (20)). Then, the linearized

continuous-time error state equation is given by

˙̃χ1 = F1(t)χ̃1 +G1(t)n1 (22)

where n1 =
[
na1 ; nwa1 ; ng1 ; nwg1

]
∈ <6 is the system

noise vector, and

F1(t) :=


02×2 I2 02×1 02×2 02×1

02×2 02×2 Sâ1(t) −ROG1(φ̂1(t)) 02×1

01×2 01×2 0 01×2 −1

02×2 02×2 02×1 02×2 02×1

01×2 01×2 0 01×2 0

 ∈ <8×8

G1(t) :=


02×2 02×2 02×1 02×1

−ROG1(φ̂1(t)) 02×2 02×1 02×1

01×2 01×2 −1 0

02×2 I2 02×1 02×1

01×2 01×2 0 1

 ∈ <8×6

with â1(t) := ROG1(φ̂1(t))(am1(t) − b̂a1(t)) and S :=

[0,−1; 1, 0] ∈ <2×2. This continuous-time equation (22)

can then be discretized at time tk by using
χ̃1,k+1−χ̃1,k

dt =
˙̃χ1,k, dt = tk+1 − tk, with the IMU information (21) as

done in [37,38]. From this discretized equation, we can

further obtain the error state covariance propagation

equation s.t.,

Pχ1

k+1|k ' (I8 + F1,kdt)P
χ1

k|k(I8 + F1,kdt)
T

+ (G1,kdt)Q1(GT1,kdt)

where F1,k := F1(tk) and G1,k := G1(tk) are the matri-

ces at the time tk, Pχ1

k|k is the priori covariance of the

leader WMR at k, Pχ1

k+1|k is its posteriori covariance at

k, and Q1 := E[n1n
T
1 ] is the covariance of the noise

vector n1. As a measurement for EKF, we use the pose

measurement obtained by the LiDAR-SLAM, i.e.,

zSLAM =

(
p1

φ1

)
+

(
np1
nφ1

)

where (np1 ,nφ1) are the zero mean, white Gaussian noise

of the LiDAR-SLAM pose measurement. Then, the mea-

surement model of the error state is given by

z̃SLAM =

(
p̃1

φ̃1

)
+

(
np1
nφ1

)
=

[
I2 02×2 02×1 02×3

01×2 01×2 1 01×3

]
︸ ︷︷ ︸

=:H1

χ̃1 +

(
np1
nφ1

)

which defines the update equation for (22). To correct

the error state χ̃1 with this measurement zSLAM re-

ceived at k + 1, the Kalman gain Kk+1 is computed

s.t.,

Kk+1 = Pχ1

k+1|kH
T
1 S
−1
k+1 (23)

where Sk+1 = H1P
χ1

k+1|kH
T
1 + R1 is the covariance of

the residual, and R1 is the covariance of the measure-

ment. We then update the propagated error state and

its covariance s.t.,

χ̂1,k+1|k+1 = χ̂1,k+1|k +Kk+1z̃SLAM,k+1

Pχ1

k+1|k+1 = Pχ1

k+1|k − P
χ1

k+1|kH
T
1 S
−1
k+1H1P

χ1

k+1|k
(24)

3.2 EKF Pose Estimation of Follower WMRs

For the pose estimation of the “simple” follower WMRs,

we use only low-cost sensors (e.g., monocular camera

and IMU). Each follower WMR obtains relative posi-

tion and bearing measurement from the fore-running

WMR by using the monocular camera and fiducial mark-

ers similar to [39] attached on the fore-running WMR.

This camera information is then fused with IMU via

the error-state EKF as done for the leader WMR in

Sec. 3.1. For this, similar to (19), define the sensor fu-

sion state of the j-th follower WMR s.t.,

χj :=
[
pj ; ξj ; φj ; baj ; bgj

]
∈ <8

The propagation step of the error-state EKF is then the

same as that of the leader WMR. Only the difference is

the update step, where the measurement of the camera

and the pose estimate of the (j − 1)-th WMR received

from the communication are used.

First, the camera measurement model is given by

zj,camera =

(
zp
zφ

)
+

(
npj
nφj

)
where zp := R

Gj
O (φj) (pj−1−pj) ∈ <2 and zφ := (φj−1−

φj) ∈ < are the relative position and bearing of the

(j − 1)-th WMR from the j-th WMR expressed in the

j-th WMR frame {Gj}, and npj ∈ <2 and nφj ∈ <
are the zero mean, white Gaussian noise of the camera
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measurement. Then the pose measurement of the j-th

WMR expressed in {O} is given by

zj,pose =

(
pj−1

φj−1

)
−

(
ROGj (φ̂j)(zp + npj )

zφ + nφj

)
where (pj−1, φj−1) is the pose of the fore-running WMR

(to be received from the communication). The measure-

ment output can then be rewritten for the error state

s.t.,

z̃j,pose =

(
p̃j−1

φ̃j−1

)
−

(
ROGj (φ̂j)npj

nφj

)

=

[
I2 02×2 02×1 02×3

01×2 01×2 1 01×3

]
︸ ︷︷ ︸

=:Hj

χ̃j −

(
ROGj (φ̂j(t))npj

nφj

)

with its measurement covariance given by

Rj : = E[z̃j,posez̃
T
j,pose]

=

[
P
χj−1
pp +ROGj (φ̂j)Rpj (ROGj (φ̂j))

T P
χj−1

pφ

P
χj−1

φp P
χj−1

φφ +Rφj

]
where (P

χj−1
pp , P

χj−1

pφ , P
χj−1

φp , P
χj−1

φφ ) are the covariance

of the (j − 1)-th WMR pose estimate (received from

the communication), and Rpj := E[npjn
T
pj ] and Rφj

:=

E[nφj
nTφj

] are the covariance of the relative position

and bearing measurements obtained from the monocu-

lar camera, respectively. When the measurement is re-

ceived, we can then update the state and covariance of

the error state EKF of the j-th WMR as done in (23)

and (24). The covariance P
χj

k+1|k+1 plays a crucial role

for the predictive display developed in Sec. 4 via its

propagation through the kinematics of the WMR and

their communication.

4 Predictive Display for Distributed Robots

Teleoperation

Even if the n-WMRs is reduced to the (familiar) n-

trailer platoon by the distributed control of Sec. 2, it

is still difficult for typical users to tele-navigate this

platoon to wiggle through an obstacle-laden environ-

ment, as this platoon can exhibit complex internal ser-

pentine articulation, particularly when it experiences

a large curvature change. See Fig. 4. To assist a re-

mote user to overcome this difficulty, here, we propose

a novel predictive display, which, by providing the user

with the estimated current and predicted future pose

information of each WMR along with the possibility of

collision, can significantly enhance the user tele-driving

performance while substantially reducing their cogni-

tive loads as manifested by the human subject study

in Sec. 5.4. Into this predictive display, we also fully

incorporate the uncertainty inherent to the distributed

robots with the sensing, computation and communica-

tion distribution, that is, 1) local pose estimation un-

certainty of each WMR starting from that of the leader

WMR with the relative pose measurement uncertainty

accumulated downstream to the last WMR; and 2) cur-

rent pose estimation uncertainty of each WMR stem-

ming from the uncertainty of their motions during the

transmission delay accumulated upstream to the leader

WMR.

To address this complex platoon motion and the

distribution-inherent uncertainty, here, we design our

predictive display to be composed of the following two

stages: 1) estimation propagation stage, where the (old)

pose estimate of each WMR, received at the current

time tk, is propagated through their transmission delay,

so that we can probabilistically estimate its pose at the

current time tk with the associated uncertainty; and 2)

prediction propagation stage, where the estimated cur-

rent pose of each WMR at tk, obtained via the above

estimation propagation, is forward-propagated with the

current user command so that we can predict the future

course of the platoon motion over the prediction time

horizon. See Fig. 5.

For this, we assume that all the delays (e.g., process-

ing, data conversion, etc.) are lumped into the transmis-

sion delay, which is still small enough as compared to

the WMR speed (for the distributed control (12)-(13)

to properly work) and also can be made constant with

some suitable buffering algorithm. Note that this as-

sumption can easily be granted, at least approximately,

if the communication rate is much faster than the WMR

speed with negligible data loss rate. This is in fact true

for our experimental setup in Sec. 5, where all the esti-

mation, control and communication run at 250Hz with

near-zero data loss, which is much faster than the WMR

operation speed (≤ 0.5m/s). Thus, below, we assume

the transmission delay and the computation time be

the same (i.e., tk+1 − tk = 4ms for the setup in Sec.

5). Of course, the below derivation can be easily ex-

tended when the transmission delay is constant, yet,

longer than the computation time. We also assume the

LiDAR-SLAM map uncertainty be much less than that

of the pose estimation of each WMR, implying that, for

collision detection, we should consider the uncertainty

only of the pose estimate of the WMRs.

4.1 Estimation Propagation

Note that the pose information of the j-th WMR re-

ceived at the current time tk by the MCS (main control
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Fig. 5 Predictive display consists of the two propagation
stages: 1) estimation propagation stage to estimate the pose
of each WMR at the current time from its reception with the
transmission delay; and 2) prediction propagation stage to
predict the future course of platoon motion over prediction
time horizon via forward propagation.

station) is given by

q̂j,k−j ≈ N (q̄j,k−j , Pj,k−j)

i.e., the estimated state q̂j(tk−j) computed via the EKF-

sensor fusion by the j-th WMR and transmitted via the

j-hops peer-to-peer communication, first to the (j−1)-

th WMR and all the way to the leader WMR and the

MCS. Following the EKF sensor fusion of Sec. 3, this es-

timated state q̂j,k−j is characterized by Gaussian distri-

bution with the mean q̄j,k−j and the covariance Pj,k−j .

Given this “delayed” information, we then attempt to

estimate the pose of the WMRs at the current time tk
by using the unscented transformation as follows.

Let us start with the leader WMR, from which, at

the time k, the MCS receives its estimated pose

q̂1,k−1 ≈ N (q̄1,k−1, P1,k−1)

which is assumed to be Gaussian as above. During the

interval [tk−1, tk), the control input for the leader WMR

is simply given by (v1,k−1, w1,k−1), which is directly re-

ceived from the MCS. We then use the following equa-

tion to estimate q̂1,k:

q̂1,k = q̂1,k−1 + dt ·

 c φ̂1,k−1 0

s φ̂1,k−1 0

0 1


︸ ︷︷ ︸

=:A(q̂1,k−1)

(
v1,k−1

w1,k−1

)
(25)

which can be written by the following nonlinear map

q̂1,k = g(q̂1,k−1, v1,k−1, w1,k−1)

Here, note that, via this nonlinear map, the random

variable q̂1,k−1 propagates to another random variable

q̂1,k. This can in fact be computed by using unscented

transformation (UT) s.t.,

q̂ut1,k := UTg,v1,k−1,w1,k−1
(q̂1,k−1) ≈ N (q̄ut1,k, P

ut
1,k)

where UTg,? is the unscented transformation via the

nonlinear map g(·, ?).
Let us then move on to the second WMR, for which

the MCS receives its estimated pose s.t.,

q̂2,k−2 ≈ N (q̄2,k−2, P2,k−2)

at the time instance tk. We then first propagate the

kinematics of this second WMR from tk−2 to tk−1 using

(25). For this, from (15), we have

q̂2,k−1 = q̂2,k−2+dt·A(q̂2,k−2)

(
v1,k−2 c(φ̄1,k−2 − φ̄2,k−2)
v1,k−2

L s(φ̄1,k−2 − φ̄2,k−2)

)
where φ̄1,k−2 is available at the MCS, since it is received

from the leader WMR at the (past) time instance tk−1.

Then, we can do the “estimation propagation” via the

unscented transformation s.t.,

q̂ut2,k−1 := UTg,v1,k−2,φ̄
k−2
1,2

(q̂2,k−2)

where φ̄k−2
1,2 := φ̄1,k−2 − φ̄2,k−2. To estimate-propagate

from k − 1 to k, we also use:

q̂2,k = q̂ut2,k−1+dt·A(q̂ut2,k−1)

(
v1,k−1 c(φ̄1,k−1 − φ̄ut2,k−1)
v1,k−1

L s(φ̄1,k−1 − φ̄ut2,k−1)

)
from which we estimate q̂ut2,k via the unscented trans-

formation s.t.,

q̂ut2,k := UTg,v1,k−1,φ̄
′,k−1
1,2

(q̂ut2,k−1)

where φ̄ut
′,k−1

1,2 := φ̄1,k−1−φ̄ut2,k−1 with φ̄1,k−1 and v1,k−1

available via the communication from the leader WMR

to the MCS at tk.

We can then generalize this for the j-th WMR as the

following sequential estimation-propagation procedure:

with (15),

q̂utj,k−j+1 := UTg,v1,k−j ,φ̄
k−j
1,2 ,...φ̄k−j

j−2,j−1,φ̄
k−j
j−1,j

(q̂j,k−j)

q̂utj,k−j+2 := UT
g,v1,k−j+1,φ̄

k−j+1
1,2 ,...φ̄k−j+1

j−2,j−1,φ̄
ut′,k−j+1
j−1,j

(q̂utj,k−j+1)

q̂utj,k−j+3 := UT
g,v1,k−j+2,φ̄

k−j+2
1,2 ,...φ̄ut′,k−j+2

j−2,j−1 ,φ̄ut,k−j+2
j−1,j

(q̂utj,k−j+2)

...

q̂utj,k := UT
g,v1,k−1,φ̄

ut′,k−1
1,2 ,...φ̄ut,k−1

j−2,j−1,φ̄
ut,k−1
j−1,j

(q̂utj,k−1) (26)

where φ̄ut
′,k

j,j+1 := φ̄utj,k − φ̄utj+1,k, and all the terms are

available at the time k with the same procedure al-

ready done from the leader WMR to the (j − 1)-th
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WMR. Here, note that the nonholonomic passive de-

composition and its behavior decomposition (i.e., (15))

greatly simplifies this estimation-propagation compu-

tation, as it allows us to consider only the collective

motion behavior. This computation will be more com-

plex if we use the scheme of [16], which require us to

consider both the collective motion and the inter-WMR

coordination behaviors.

4.2 Prediction Propagation

Once we obtain the current pose estimate (q̂ut1,k, q̂
ut
2,k,

...,q̂utn,k) of all the n-WMRs via the estimation propa-

gation, we then perform the “prediction propagation”,

that is, predict the pose of each WMR when the same

current human command (v1,k, w1,k) is continuously ap-

plied during the prediction horizon [tk, tkp). Note that

this does not mean that the predicted poses are calcu-

lated in the prediction horizon [tk, tkp): the predicted

poses are updated in each calculation time [tk, tk+1).

Therefore, in general, the human command is reflected

smoothly in the predictive display and we exclude the

extremely fast command which is faster than the calcu-

lation time (4 ms in our experiment). For this, similar

as above, we also perform the forward propagation se-

quentially from the leader WMR to the n-th WMR and

from [tk, tk+1) to [tkp−1, tkp) using the unscented trans-

formation. More precisely, first, for the leader WMR,

we have: using (15) with uC1,2
≈ 0 as assumed above,

q̂ut1,k+1 := UTg,v1,k,w1,k
(q̂ut1,k)

q̂ut1,k+2 := UTg,v1,k,w1,k
(q̂ut1,k+1)

...

q̂ut1,kp := UTg,v1,k,w1,k
(q̂ut1,kp−1)

On the other hand, for the second WMR, we have:

again, with uC1,2
≈ 0 and (16)-(17),

q̂ut2,k+1 := UTg,v1,k,φ̄ut,k
1,2

(q̂ut2,k)

q̂ut2,k+2 := UTg,v1,k,φ̄ut,k+1
1,2

(q̂ut2,k+1)

...

q̂ut2,kp := UT
g,v1,k,φ̄

ut,kp−1

1,2

(q̂ut2,kp−1)

and, similarly, for the j-th WMRs,

q̂utj,k+1 := UTg,v1,k,φ̄ut,k
1,2 ...,φ̄ut,k

j−2,j−1,φ̄
ut,k
j−1,j

(q̂ut2,k)

q̂utj,k+2 := UTg,v1,k,φ̄ut,k+1
1,2 ...,φ̄ut,k+1

j−2,j−1,φ̄
ut,k+1
j−1,j

(q̂ut2,k+1)

...

q̂utj,kp := UT
g,v1,k,φ̄

ut,kp−1

1,2 ...,φ̄
ut,kp−1

j−2,j−1,φ̄
ut,kp−1

j−1,j

(q̂ut2,kp−1)

Fig. 6 Predictive display with estimated current and pre-
dicted future poses of WMRs. Uncertainty of pose estimate
is denoted by enlarged size of the WMR and the heading
angle cone, with their nominal size and center angle deter-
mined by the means: 1) uncertainty is the largest for the last
WMR (left); and 2) uncertainty still substantial even with
fairly precise sensors if the WMRs are many (right).

where φ̄ut,k
′

p−1,p := φ̄utk′,p−1 − φ̄utk′,p with φ̄utk′,p known ∀k′ ∈
{k, k+ 1, ..., kp} and ∀p ∈ {1, 2, ..., j−1} from perform-

ing this prediction-propagation sequentially from the

leader WMR to the (j − 1)-th WMR each for [tk, tkp).

Similar as above, the nonholonomic passive decompo-

sition (i.e., (15)) greatly simplifies this prediction and

propagation computation as well, which will be more

complex if we use the result of [16], as it requires to

include the full kinematics with both the collective mo-

tion and the inter-WMR coordination behaviors.

We then present these estimated current pose q̂utj,k ≈
N (q̂utj,k, P

ut
j,k) and the predicted future pose q̂utj,kp ≈

N (q̂utj,kp , P
ut
j,kp

) to the user by overlaying them on the

LiDAR-SLAM map. We also render their position and

orientation estimation uncertainties by enlarging the

size and the heading angle cone of each WMR, with

their center position and angle corresponding to the

estimation means and the sweeping size and angle to

their covariances. See Fig. 2. By seeing this predictive

display, human users can predict the procession of the

distributed n-WMRs in the obstacle-cluttered environ-

ment, examine the likelihood and location of collisions,

and adjust their tele-driving command if, e.g., collision

is likely to occur. This predictive display turns out to be

crucial here: if it were not for the predictive display, it is

fairly difficult for human users to predict and properly

control the motion of the platoon with complex inter-

nal serpentine articulation throughout obstacles while

avoiding collisions, even if their number is only four -

see Sec. 5.

Here, note that the uncertainty in both the current

and future pose estimation is the largest for the last

WMR. This is because the pose estimation uncertainty

of the leader WMR is propagated through the platoon
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with the uncertainty of the relative pose measurements

of each WMR all added up on that downstream to the

very last WMR. This uncertainty of the last (and each)

WMR further increases through the estimation propa-

gation (over the transmission delay) and the prediction

propagation (over the prediction time horizon). If this

pose uncertainty (e.g., 3σ-value) of the last WMR be-

comes larger than the minimum inter-obstacle distance

on the course of operation, the user cannot rely on the

predictive display to tele-drive the platoon any more.

Note that this limitation of our predictive display would

be severer with 1) less precise onboard sensors; 2) longer

transmission delay; 3) larger number of the WMRs; 4)

larger size of the WMRs; and 5) narrower gap among

the obstacles. Theoretical analysis to elucidate analyt-

ical relations among these factors of our predictive dis-

play is a topic for future research. See also Fig. 6, where

some of these relations are shown.

Our proposed predictive display can be applied to

general distributed robot systems as well, as it fully in-

corporates the uncertainty inherently arising from any

systems with distributed sensing, computation and com-

munication. Our predictive display framework may also

be useful for the problem of driving a platoon of au-

tonomous vehicles with a human driver sitting on the

first vehicle while monitoring the state of the vehicles

and environment. The idea of predictive display may

also be expanded for the general problem of “teleoper-

ation with uncertainty”, by indicating the best possi-

ble control direction (e.g., more precise pushing direc-

tion for peg-in-hole task) given the sensor uncertainty,

parameter estimation error, actuation inaccuracy, etc.

All of these constitute interesting topics for ensuing re-

search of our framework presented here.

5 Experiments

5.1 Test Setup

We implement one “smart” leader WMR and three

“simple” follower WMRs as shown in Fig. 1. All of

them are based on unicycle-type nonholonomic plat-

forms, each with one passive front caster to prevent

tipping-over and two rear differential-drive wheels. The

wheels are driven by Maxonr BLDC motors under ve-

locity control mode with the command received from

Arduino Uno MCU (micro-controller unit). The leader

WMR has a LiDAR sensor (Hokuyo UTM-30LX-EW,

scan rate 40Hz) and an IMU sensor (PhidgetSpatial

Precision 3/3/3 IMU, 250Hz, only (x, y)-accelerometer

and yaw gyroscope used). The LiDAR-SLAM and all

the other computations (i.e, EKF sensor fusion, con-

trol computation, predictive display propagation) are

run on Intel-NUCi7 on this leader WMR respectively

with 40Hz and 250Hz. The three follower WMRs have a

front-view monocular web-cam (Logitech C922, 640×480,

30Hz) and the same IMU sensor as the leader WMR.

Known patterns similar to [39] are also attached at the

rear of each WMR for the relative pose sensing via the

monocular camera. The follower WMRs run this rel-

ative pose measurement with 30Hz and all the other

computations with 250Hz on its Intel-NUCi7.

Robot Operating System (ROS) is deployed as OS

of all the WMRs and OpenCV is used for the pattern

recognition. We also use RVIZ (3D visualization tool of

ROS) to render the LiDAR-SLAM map with 1Hz. On

this map, we also render the current and future pose

estimates of the WMRs at 50Hz. This predictive dis-

play and the LiDAR-SLAM map are rendered on intel-

NUCi7 of the leader WMR, which is then remotely ac-

cessed by the master PC. Peer-to-peer communication

among the WMRs and with the MCS is implemented

in UDP protocol with 250Hz. We also attach a CON-

NEX ProSight HD to the leader WMR as the FPV

camera. We also use the Omega3 haptic device as the

commanding device with the following position-velocity

mapping:(
v1

w1

)
=

(
η1 · yh
η2 · xh

)
where η1, η2 > 0 are the scaling factors and xh, yh are

the device position. The desired inter-WMR distance is

also set to be: (L1, L2, L3) = (1, 0.8, 0.8)m - see Fig. 2.

Haptic feedback of the device is turned off during the

experiment - it is used as a commanding device.

5.2 Performance Experiment

We first evaluate the performance of our distributed es-

timation and control with MOCAP (VICON, 240Hz).

Due to the limited size of the MOCAP environment,

we conduct this experiment with only one leader WMR

and two follower WMRs. A total of ten experiments

is performed, five with the circular trajectory and five

with the s-shape curve. Note that the average velocity

of the desired trajectories is about 0.1 m/s
2
, which is

adequate for the slow operation speed assumption be-

cause we did not observe any slip or drift during the

experiments as stated in Sec. 2.1. The results of one

trial of those five experiments are shown in Fig. 7 and

Fig. 8.

First, as shown in Fig. 8, the RMSE (root mean

square error) between the MOCAP data and our esti-

mation data of the leader WMR and the two follower

WMRs (for all the ten experiments) are found to be
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Fig. 7 Circular and s-shape trajectories of the three WMRs
during the performance experiments: dotted lines are the
ground truth position measured by MOCAP and solid lines
the estimated position computed by the distributed estima-
tion of Sec. 3.

2.11cm, 2.19cm and 2.56cm for the circular trajectory

and 1.86cm, 2.18cm, and 3.32cm for the s-curve tra-

jectory. This level of estimation performance is precise

enough for our experiments given the size of the platoon

formation (i.e., (L1, L2, L3) = (1, 0.8, 0.8)m). The error

that increases as going the backward WMR is due to

the cumulative downward effect of uncertainty as stated

in Sec. 4.

To evaluate the combined performance of our dis-

tributed estimation and control, we also measure the

inter-WMR coordination error ||hj,j+1(t)|| as shown in

Fig. 8. We have similar trend for all the ten experiments

as this Fig. 8. We then observe that the maximum of

this coordination error is less than 4cm, which is again

deemed precise enough given the size of the platoon

and the environment. This also shows that, thanks to

the (distributed) quotient control uCj,j+1
(8), the inter-

WMR coordination aspect can be maintained fairly well

regardless of the collective platoon motion (e.g., tele-

driving).

Fig. 8 Inter-WMR coordination error ||hj,j+1|| among the
three WMRs during the performance experiments with the
circular and s-shape trajectories.

5.3 Teleoperation Experiment with Predictive Display

We conduct teleoperation experiment with the predic-

tive display and the FPV in a real office environment

with no MOCAP. The four WMRs as shown in Fig. 1

are used. The environment is shown in Fig. 9, consist-

ing of the hall, the office room, and the corridor con-

necting them. The task goal is to check the four mark-

ers via the FPV camera: one on the corridor wall and

three in the office. For this, a human user tele-drives

the platoon starting from the hall, passing the corridor

with three obstacles, going around the office room while

avoiding a table in the middle of it, and returning to the

start point. One obstacle in the corridor is too short for

the LiDAR to detect - the user must rely on the FPV

camera for this. Collision is prohibited throughout this

teleoperation experiment. Before conducting the user

study, four authors and two novices performed the tele-

operation experiments twice: cases with and without

predictive display.

The master interface consists of one monitor and

one haptic device as depicted in Fig. 10. The monitor

displays the FPV camera view and the LiDAR-SLAM

map. The haptic device is used only as a pointing de-

vice with haptic feedback turned off. The predictive dis-

play shows the current pose and future pose estimates

of all the WMRs as explained in Sec. 4. The orienta-

tion of these predictive display and LiDAR-SLAM map

are also rotated to be consistent with that of the FPV

camera view to avoid the user confusion. We scale-up

the size of these WMRs in the predictive display ac-

cording to their uncertainty obtained as explained in

Sec. 4. For this, we use the 3σ-value of the covariance,

which is corresponding to the 99.7% probability. We
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Fig. 11 Snapshots of the office-corridor teleoperation experiment: (Top row) External camera third person view of the envi-
ronment with scattered box obstacles and the table in the middle of the office room; (Bottom row) Predictive display with
LiDAR-SLAM map, showing the current (solid) and future (opaque) pose estimate of the WMRs and possible collision (white
circular shade) along with the FPV camera video-feed.

Fig. 9 The environment map for the teleoperation experi-
ment and human subject study test: yellow boxes indicate
four markers that the user should check; the green boxes are
obstacles, with the dotted green box a short obstacle that
cannot be detected by the LiDAR but should be noticed by
the FPV camera. The blue dotted path presents the trajec-
tory of the leader WMR of a successful trial.

measure the distance between these “future sized-up”

WMRs to the LiDAR-SLAM map, and notify the user

of possible (future) collision when any of these distances

becomes less than a certain threshold. We do this by

overlaying a white circular shade on top of the collid-

ing WMRs. This collision notification is not provided

when the future/sized-up WMR hits the regions miss-

ing the LiDAR scans, as they may still be traversable.

To decide if these “blank” regions are traversable or

not, the user instead needs to rely on the FPV camera

information. We choose the prediction horizon to be 15

seconds, which is corresponding to 2m distance from the

“current” WMRs given the average operation speed of

about 0.15m/s. This level of prediction horizon turns

Fig. 10 Teleoperation master interface consisting of predic-
tive display with LiDAR-SLAM map and FPV camera video-
feed, and haptic device (used only as positioning device with-
out haptic feedback).

out to be adequate for our teleoperation. Of course, de-

pending on the complexity of the environment and the

driving speed, this value should be adjusted.

The results of this teleoperation experiment are shown

in Fig. 11. Throughout this teleoperation experiment,

we observe that: 1) both the FPV camera and the pre-

dictive display with the LiDAR-SLAM information are

necessary to successfully complete the teleoperation task,

as they provide complementary information (e.g., de-

tecting the short obstacle in the corridor); 2) the pre-

dictive display is crucial to complete this teleoperation

task, particularly for such challenging operation as nav-

igating through the (narrow) door of the office room

from the corridor, which requires a large change of the

platoon curvature so that the platoon serpentine mo-

tions become difficult to understand and control for
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the human user; and 3) the platoon of the four non-

holonomic WMRs keeps behaving as a 4-trailer system

throughout the teleoperation experiment, even if they

are driven by arbitrary human command. For more rig-

orous justification on the importance of the predictive

display, we then perform the human subject study as

stated in the next Sec. 5.4.

5.4 Human Subject Study

To rigorously verify the efficacy of the predictive dis-

play, here, we perform human subject study. For this,

we use the same setting as the teleoperation experiment

of Sec. 5.3. We hypothesize that the tele-driving of the

WMRs without predictive visualization is not so easy,

although users learn enough about the operation. To

prove this hypothesis, two groups of the subjects are

formed: 1) experimental group, where the subjects per-

form the same teleoperation task twice, first with the

predictive display and then without the predictive dis-

play; and 2) control group, where the subjects perform

the same teleoperation task twice, yet, both with the

predictive display. This is to nullify the learning effect,

that is, if the performance improvement for the second

trial of the experimental group is less than that of the

control group, the efficacy of the predictive display can

be concluded.

5.4.1 Participants

Thirteen right-handed subjects (one female) with the

age from 21 to 27 participate this study with no known

neurological disorders. The experimental group is formed

with eight subjects, whereas the control group with five

subjects. None of them have contributed to the design

or implementation of the experiment. The experiments

are conducted in accordance with the requirements of

the Helsinki Declaration.

5.4.2 Task

Motivated by the office or factory material transport

scenario, we consider the same scenario as for the tele-

operation experiment of Sec. 5.3. The subjects in the

experimental group perform this task with the predic-

tive display (Task E1: w/ PD) and then without predic-

tive display (Task E2: w/o PD); whereas those in the

control group perform the same task with the predic-

tive display twice successively (i.e., Task C1: w/ PD,

Task C2: w/ PD).

Fig. 12 Number of successful/failed trials and average com-
pletion time across the subjects of each Task for the exper-
imental group (eight subjects) and control group (five sub-
jects).

5.4.3 Procedure

First, the supervisor explains each subject of the pur-

pose of the experiment and the system configuration.

He also explains them about the behavior of the n-

trailer system, i.e., their behavior under the condition

of hj,j+1 = 0 in (3). Then, each subject is allowed to

play with the test setup as much as they want before

performing the actual trials. During this time, the pre-

dictive display is turned on. The WMRs are confined

within the hall of Fig. 9 though. The supervisor also

takes each subject briefly walking around the environ-

ment, since, without it, it is too difficult for the subjects

to perform the task while also constructing the environ-

ment information at the same time. Although this pro-

vides partial information of the environment, we believe

the human subject study here can still clearly manifest

the efficacy of the predictive display for the teleopera-

tion as stated below.

All the subjects start the trial with the predictive

display (i.e., Task E1: w/ PD or Task C1: w/ PD). If

any WMR collides with the obstacles or environment

during this trial, the user stops the task, the operation

time is recorded, and the subject starts the new trial

of the same task all over again from the start point in

Fig. 9. If one fails three successive trials, that task is

aborted and moves to the next task or give the seat

to the next subject. When the Task E1 or C1 is com-

pleted (or three-trail failed), the subject of the experi-

mental group then moves on to the same task without

the predictive display (i.e., Task E2: w/o PD), whereas

those in the control group to the same task again with

the predictive display (i.e., Task C2: w/ PD). For each

Task, the number of failed trials is recorded with that

of the successful trial, which is always one. During these

experiments, each subject wears earplugs to further re-

duce the (already fairly small) sound from the experi-
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Fig. 13 NASA TLX questionnaire result and the user disfa-
vor (i.e., 1- preference) rating with and without the predictive
display for the human subject study experiments. The closer
graph to the center indicates the lower load, the better per-
formance, and preference.

ment. For experimental group, each subject is asked to

fill in the NASA TLX (Task Load indeX) type ques-

tionnaire after the two Tasks are finished.

5.4.4 Results and Discussion

The results of this human subject study are summa-

rized in Fig. 12 and Fig. 13. First, note from Fig. 12

the substantial reduction of the completion time from

Task C1 to Task C2. The performance of Task C2 is

improved compared to Task C1, and we can conclude

that the enhancement of the performance is only due

to the learning effect because there are no changes in

the experimental conditions between two tasks. We also

conducted one-way analysis of variance (ANOVA) to
show the statistical analysis of the results. An ANOVA

on the completion time between Task C1 and Task C2

shows that the difference between two tasks is statis-

tically significant (F (1, 8) = 6.67, p = 0.0324), which

indicates the effect of the learning effect. The effect of

the learning effect on the number of trials was also pos-

itive, but it did not achieve a statistical significance

between two tasks (F (1, 8) = 2, p = 0.195).

On the other hand, the performance of the experi-

mental group does not improve in Task E2. See also Fig.

12. An ANOVA on both the completion time and the

number of the trials between Task E1 and Task E2 also

shows that two tasks do not have a significant difference

on the performance (F (1, 14) = 0.01, p = 0.9184 for

the completion time and F (1, 14) = 0.12, p = 0.7342

for the number of trials), i.e., no increase of the per-

formance. As the only difference between Task E1 and

Task E2 is the offer of predictive display, we can affirm

that the absence of predictive display cancels (nullifies)

the learning effect. Thus, we can conclude that despite

the learning effect, the teleoperation of the distributed

WMRs is not easy without the predictive display, which

implies the efficacy of the predictive display.

One may assert the bias of the participants. How-

ever, an ANOVA on completion time and the number

of trials did not show a statistically significant different

between E1 and C1 (F (1, 11) = 0.33, p = 0.5793 for

the completion time and F (1, 11) = 0.35, p = 0.5683

for the number of trials). Therefore, the result says that

individual differences between users do not bias the re-

sults significantly.

In addition, the NASA-TLX result of Fig. 13 shows

that, on top of the objective performance improvement

of Fig. 12, the predictive display also enhances the tele-

driving system from the subjective “feeling” as well,

while also substantially reducing cognitive loading of

the human users. Keep in mind that, in Fig. 13, the cen-

ter indicates the “positive” aspect: the lower the work-

load, the better the performance, the less effort and

preference. The predictive display is also advocated by

nearly all the subjects (except one).

6 Conclusion

Whenever one attempts to teleoperate a platoon of dis-

tributed robots, they encounter with the following is-

sues: 1) how to design the control, which is distributed,

yet, still able to maintain a certain desired formation

regardless of arbitrary human command, particularly

when the robot mechanics is complex and under con-

straint; 2) how to enable the user to teleoperate all the

robots intuitively and efficiently, even if the environ-

ment is with obstacles and the pose information of each

robot is only imperfect due to distribution-induced un-

certainty. This paper proposes a novel framework to

resolve these issues of the distributed robot teleopera-

tion. The backbone of our framework is nonholonomic

passive decomposition, which allows us not only to split

the platoon kinematics into the inter-WMR coordina-

tion and collective tele-driving aspects, but also design

distributed control for these two aspects separately. To

enable the user to tele-drive the platoon through obsta-

cles even with its complex internal serpentine articula-

tion, we also propose a novel predictive display. This

predictive display, by providing the user with the es-

timated current and predicted future poses of the pla-

toon, allows the user to adjust their command when-

ever collision is about to occur, thereby, substantially

enhancing teleoperation performance and easiness. Ex-

periment and human subject study are also performed

to manifest the performance and efficacy of our pro-

posed framework.
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Some possible future research topics include: 1) de-

velopment of teleoperation strategy for platoon recon-

figuration by using the leader WMR (e.g., backward

escape from dead-end); 2) extension of the proposed

framework to other types of distributed mobile robots

(e.g., quadrotors [40,25]); 3) extension to dynamic en-

vironments and robustification against various system

failures; 4) consideration of the (possibly different) max-

imum speed of the WMRs in the distributed controls;

and 5) extension to the fast operation speed in which

dynamics effect and tire slip cannot be negligible.
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