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Communication Packet Loss Concealment for Pattern Generation with
Robotic Swarms

Atsushi Shinnoh!, Nak Young Chong', and Geunho Leg?

Abstract— In swarm robotics, a multitude of very simple
robots often move to achieve pre-defined geometric patterns
while communicating with each other. Robots are able to esti-
mate their position and relocate themselves by obtaining other
robots’ position information. However, as is the often the case
in wireless communication, robots cannot receive other robots’
position information reliably. Thus, they need to deal with
the packet loss problem and estimate the missing information
in near-real time. Several nonlinear filters such as extended
Kalman filters or particle filters have been widely used for
many years. But these filters require enormous computational
complexity, so it is difficult to be applied to low-cost mobile
robots with limited computational and memory resources. To
overcome this problem, we propose an extrapolating method
with reduced computational cost yet high estimation accuracy.
Specifically, we propose a novel exponential function conceal-
ment with linear blends, and validate its effectiveness and rate
of convergence through extensive simulations.

. INTRODUCTION

One of the most important requirements for robots is fault
tolerance or robustness under real-world conditions. Due
to several advantages to the use of multiple robots over
a single robot including the fault-tolerance and scalability,
swarm robotics is gaining increasing attention [1]. Swarm
robotics is based on the swarm intelligence which generates
emergent behavior of awhole group with no leaders[2], and
is further applied to the field of robotic perimeter surveillance
and coverage, and cooperative transport [3]. Robotic swarms,
consisting of many simple individual robots, act as a single
entity, and thus the failure of one or a small number of robots
does not affect the whole group behavior. For this, a variety
of local interaction and motion coordination algorithms have
been proposed. Recently, from the viewpoint of control
theory, the idea of Glocal control attempts to control the
motion of a whole system by controlling the motion of
individual agents [4], which can be effectively applied to
robotic swarms [5], [6].

Specifically, distributed formation control is the key to
deploying a swarm of robots to pre-defined formations, such
as equilateral triangle formation [7] and circle formation [8],
[9]. Moreover, extensive efforts are being devoted to navigate
robots in cluttered environments, while keeping the desired
formation and avoiding unknown obstacles [10]. Therefore,
it is necessary for individual robots to exchange their state
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information to realize cooperative group behaviors. One tech-
nical challenge is that unavoidable packet losses/collisions
happen when large populations of robots are communicating
at the same time in the same location. Furthermore, note that
wireless technology may not be available in communication-
restrict environments including the nuclear power plants. If
individual robots cannot obtain the positional information of
other robots, they need to minimize the impact of missing
information. In this paper, specifically, we attempt to solve
the problem in such a way that each robot memorizes the
other robots positional information and estimates the lost
information from past states when secure and reliable inter-
robot communications are not maintained.

In estimation and control theory, nonlinear filters such
as Extended Kalman Filters (EKF) or Particle Filters (PF)
have been widely used for many years. However, the main
drawback is that these filters in most cases require a lot of
computation. They cannot be employed for packet loss con-
cealment by simple robots with low computational power and
limited memory. On the other hand, there are severa ways
to estimate/extrapolate the missing packet information such
as zero-order hold or linear extrapolation. These methods
reduce the necessary computation and storage, but do not
guarantee the accuracy of estimation. We have confirmed in
our previous study that exponentia function based extrapo-
lation methods can estimate missing information more accu-
rately compared to the af orementioned extrapolation methods
such as zero-order hold and EKF. To further extend this
idea, in this paper, we propose a novel exponential function
based extrapolation method with linear blends, and show
that the proposed estimation method has low computational
complexity almost equiva ent to the zero-order hold case, and
its estimation accuracies and rate of convergence are superior
to any existing methods.

Il. PROBLEM STATEMENT
A. Robot Model and Motion Controls

In this paper, we consider a swarm of autonomous mobile
robots ry,7,--- ,r, located on a two-dimensiona (2D)
plane. In the swarm, each robot r; modeled as a point freely
moves on a 2D plane. It is assumed that an initia distribution
of al robots is arbitrary and their positions are distinct. As
illustrated in Fig. 1-(a), the local coordinate system of r;
is represented as Z; and ;. Here, ¢; defines the vertical
axis of the r;’s coordinate system as its heading direction.
It is straightforward to determine the horizontal axis Z; by
rotating the vertical axis 90 degrees clockwise. Moreover,
p; denotes the position of r,;. Next, a path is defined as
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(a) loca coordinates: Z; and ¥;
Fig. 1.

(b) motion controls: d; and 0;
Illustration of definitions and notations with respect to a robot 7

the shortest straight line between p; and p; occupied by
another robot r;, and denoted by p;p;. The distance between
p; and p; is denoted as dist(p;, p;). In particular, a uniform
distance, the predefined desired interval between r; andr;, is
defined as d,,. Moreover, ang(s, E) denote the angle between
two arbitrary paths § and .

As depicted in Fig. 1-(a), r; obtains the positions p;, ps.,
and p; of other robots through communications, yielding a
set of the positions C; (={p;, px, p1 }) With respect to its local
coordinates. When r; selects two robots r,,; and r,,» in Cj;,
we cdl r,; and r,» the neighbors of r;, and a set of the
positions {p,1,pn2} is denoted as N;. Given p; and N;, a
set of three distinct positions {p;, pn1, Pn2} With respect to
r; is caled triangular configuration, denoted as T;, hamely
{Pi, Pn1,Pn2}. INFig. 1-(b), p.+ and p;; denote a centroid of
T; and a target point to be moved based on T ;. Specifically,
we define an equilateral configuration, denote as E;, as a
configuration that al distances between any two of p;, pn1,
and p,o of T; are equa to d,.

In our previous work [7], a locally interacting geometric
technique for mobile robot swarms was proposed, alowing
them to exponentially converge to a uniform equilateral
triangle formation by forming a desired E; with their two
neighbors. Based on E;, r;'s motion controls were designed
by controlling the distance d; from p.; and the interna angle
6; between p;pni and pipns (see Fig. 1-(b)). First, in detail,
d; is contralled:

dl(t) = —a(di(t) — dr) (1)

where a is a positive constant and d,. represents the length
d./+/3. Indeed, the solution of (1) is given:

dz(t) = di(0)|6_at +d, (2)

Here, d;(t) converges exponentidly to d,.(= d,/v/3) ast
approaches infinity. Next, using the geometric features of a
triangle whose total external anglesis w, 6; is controlled:

. i

6:i(t) = k(3 — 6:(1)) (3)

where k is a positive constant. Here, the solution of (1) is
obtained:

0:(t) = |6:(0)]e* + 3 (4)

Similarly, 8;(t) converges exponentially to % ast approaches
infinity. Note that (2) and (4) imply that the trajectory of r;

™
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converges to the desired equilibrium state X. = [d, 3

exponentially.

B. Problem Definition

Even though r; exponentially converge into T; by con-
trolling d; and 6;, the following question arises: how does r;
obtain the positions of other robots? As mentioned in the pre-
vious subsection, it was assumed that r; could configure and
update C; of its adjacent robots through communications.
When the inherent unreliable nature of ad hoc networks is
considered, r; might suffer from data loss necessary for C;,
resulting from latent aspects such as aloss of communication
(and mutua interference). Specifically, in our paper, the
terminology of data loss defines that any data transmitted by
r; are destroyed by failures in transmission. The happening
frequency of data loss is expressed as « during commu-
nications. Furthermore, « is considered as a constant in
probability distribution. Therefore, r; needs to estimate the
positions of robots in C; against dataloss. Then, we formally
address the Position Extrapolation Problem for a swarm of
robots based on aforementioned model definitions as follows:
Given a swarm of robots rq, - - - ,r,, with arbitrarily distinct
positions in 2-D plane, despite the communication losses
among robots, how can r; converge to E; under the motion
controls (1) and (3) after a finite number of time steps.

Let us consider the following a situation: »; cannot con-
figure C;(t) due to a loss of communication at a time ¢.
Accordingly, T;(¢) is not updated. This means that it would
be impossible for r; to determine [d;(t) 6;(t)]" obtained
from (1) and (3). To overcome this undesirable situation,
we need to extrapolate lost information. Specificaly, the pro-
posed scheme allows r; to extrapolate its neighbor’s position
at t based on the previous neighbor’s locations obtained at
several past steps. Consequently, our goal aims at achieving
the r;’s coordinated motions through communications with
a toward its E;.

Next, another aspect is considered: a trade-off between
computational complexity and estimation accuracy. M oderate
computation to coordinate a swarm of n robots cannot be
simply obtained by reducing estimation accuracy. Due to
scalability, it would be difficult to be in complementary re-
lations between two requirements. Despite its computational
complexity, our solution approach to the above problem
focuses on the coordinated motions of robot swarms using
the proposed extrapolation scheme with high estimation
accuracy.

I11. EXPONENTIAL EXTRAPOLATION

This section introduces the proposed extrapolating scheme
featuring high estimation accuracy yet less computational
complexity, allowing r; extrapolate its N;(T's) a T's when
there was a loss of communication, where 7' stands for
sampling time. To assist the explicit understanding of
the proposed scheme, it is assumed that N;(T'(s — 1))
and N;(T(s — 2)) of r; are observable, respectively, at
T(s — 1) and T'(s — 2). Formaly, N;(T(s — 1)) and
N;(T(s — 2)) of r; are defined as the positions of the



neighbors with respect to #; and ;, respectivey. Ac-
cording to a differences between dist(p;(Ts), N;(T(s —
1))) and dist(p:(Ts), N:(T(s — 2))), three cases are
considered as follows: dist(p;(T's), N;(T'(s — 1))) <
dist(p;(Ts), N;(T (s — 2))), dist(p;(Ts), N;(T(s — 1))) >
dist(p;(Ts), N;(T(s — 2))), and dist(p;(Ts),N;(T(s —
1))) = dist(p;(T's), N;(T' (s —2))). For simplicity, these dis-
tance differences are defined as |N; (T'(s — 1))| < |N;(T'(s —
2)|, [N:(T(s—1)| > [N:i(T (s —2))|, and | N;(T (s — 1))| =
|N;(T(s — 2))|. Note that there are no changes for N;
despite the variations of T's. This means r; and its neighbors
could converge into E;. Since it is useless to continue the
description any longer, our discussions for the third case are
omitted afterward.

A. Exponential Extrapolation (EE)

Here, we consider x (y) component z;(T's) (y;(T's)) of
N;(T's). Inthis subsection, we only disccussthe case z;(T's).
For y;(T's), same treatment with z;(T's) is applied.

To begin, we recall that robots trigger their exponential
motions based on (1) and (3). Asagenera formulaof = ;(T's)
with respect to r;, at T's, the motion of r; is defined:

zi(Ts) = Ae BiTs, (5)

where A; > 0 and B; > 0. By using (5), z;(T(s — 1)) and
z;(T'(s — 2)) are given:

z:(T(s — 1)) = Aje=BiT6=1 (6)
and
z:(T(s — 2)) = AjeBiT(=2) (7)
From (6) and (7), e~ BT is easily derived:
_pr_ wi(T(s = 1))
c S AT ) ®

By substituting (8) into (5), z;(T's) is written:
ZL’Z(TS) — AiefBiTs — AiefBi(T(sfl)) . e*BiT
zi(T'(s —1))
=" g (T(s—1)).
T2y G- (9)
o Case2: z;(T(s—2)) <x;i(T(s—1))
Similar with (5), as a genera formula for another case,
the motion of r; with respect to r; a T's is defined:
;(Ts) = A;(1 — e PiT%), (10)

where 4; > 0 and B; > 0. By using (10), z;(T'(s — 1)) and
z;(T'(s — 2)) are given:

2i(T(s 1) = A;(1 = e~PTC=0)

(11)
and

2 (T(s — 2)) = A;(1 — e~ BT (=2, (12)

When we replace T'(s — 1) and T'(s — 2), respectively, with
2T and T, z;(2T) and xz;(T") are expressed:

z;(2T) = A;(1 — e 2BiT) (13)

and
zi(T) = A;(1 — e~ BiT). (14)

By using (10), (13), and (14), A; and e~ %7 are computed:

As = %T}]) (15)
and T 2T 2T
e = 50 ;ff( ), ﬁffm)- (16)
Similarly, the following equation holds:
z;(3T7) = A;(1—e 3BTy = [:Eg;)w]) [ - _:;ZZ(ZA{;)]B]
(17)

The relation for T't becomes the following generalized equa-
tion:

_ w1 —2))] zi(T(s = 1)ss
sl = 6= 1- T —) |
(18)

B. Extended Exponential Extrapolation (EEE)

As described in Section [lI-A, the EE scheme
caculates the relative distance difference between
dist(p;(T's), N;(T(s—1))) and dist(p;(T's), N;(T'(s —2))).
Based on the computations, r; extrapolates where r; moved.
Specifically, the EE scheme is represented as the sign
of inequality such as |N,(T(s — 2))| < |N:(T'(s — 1))]
and |N;(T(s — 2))] > |N:(T'(s — 1))|. In other words,
r; determines that r; gradually recedes or approaches.
Furthermore, r; triggers its exponential motions under
its (1) and (3). Since r;'s motions are matched to the
extrapolation, N,;(T's) can be obtained. However, when it
was assumed that o was many losses of data, we examined
how accurate r; could extrapolated N;(T's) under the
scheme. Due to the losses, the results were not good
enough.

To overcome this limitation, the EE scheme (i.e., (9) or
(18)) is advanced. To enhance the N;(T's) extrapolation, the
following two aspects are considered. First, a rate of change
to :(T(s 1)) (T (s — 1)) from z;(T'(s —2)) (yi(T(s —
2))) is examined how far r; moved from z,(T(s — 2))
(wi(T(s—2))) toz;(T(s—1)) (y;(T(s—1))). Secondly, the
direction of the rate is determined. As the r;’s displacement
and direction in therate is employed, we intend to minimize a
discrepancy between the r;’s estimates (mostly caused by the
inaccurate extrapolations) and the r;’s actual movements. In
detail, after the computation of the rate from r ;'s movements,
the extended exponential extrapolation (EEE) scheme yields
an opposite-sign extrapolated value with inverse proportion
to the rate. According to the conceptual ideas, the EEE
scheme is formally described:

Here, same as subsection I11-A, we only discuss the case
of z;(T's).



According to the conceptual idea of the EEE scheme, z ;(T's)
is formalized:

2i(Ts) = xi(T(s = 1)) + (i(T(s — 1)) — 25(Ts))
w(T(s—1)

=|2- m zi(T'(s — 1))], (19)
where, by using (9), z}(T's) is defined:
rpgy = T = 1)

2:(Ts) = a:(T(s — 1)) — (2(T's) — 2:(T(s — 1))

(T'(s = 1))]3_1} (@i(T(s — 1)))?
(T'(s = 2)) zi(T(s—2) °
(21)

- Qxi(T(S—l))+[[1_Z EZ

where, by using (18), z(T's) is given:

2
x;(T(s — 2))]
"(Ts) = [— .
mills) = = G- )
IV. EXPONENTIAL EXTRAPOLATION WITH
FIRST-DEGREE POLYNOMIAL FUNCTION

In this section, a more advanced exponential extrapolation
(EEF) scheme added to a first-degree polynomial function is
introduced towards more accurate estimation yet less com-
putation cost than EE and EEE schemes. It is assumed that
Ni(T(s—1)), Ni(T(s—2)), Ni(T (s —3)) and N;(T (s — 4))
of r; are observable, respectively, a T'(s — 1), T'(s — 2),
T(s — 3), and T'(s — 4), where T stands for sampling
time. Formally, N;(T'(s — 1)), N:i(T'(s — 2)), N:(T'(s — 3)),
and N;(T(s — 4)) of r; are defined as the positions of
the neighbors with respect to Z; and ;, respectively. Same
as section |11, we only consider = component z;(7's) of
N;(T's). Same discussion is applied to y component y;(7T's)
of NZ(TS)

A. Formalization
The EEF scheme is formalized:

z;(Ts) = Aje BT + C;Ts + D; (23)

where A;, C;, and D; are constants and B; is a positive
constant. When there is a loss of communication, r; extrap-
olateits z;(T's) a T's based on z;(T'(s — 1)), z;(T(s — 2)),
z;(T(s — 3)), and z;(T'(s — 4)). In detail, by substituting
2 (T(s — 1)), z;(T(s — 2)), z;(T(s — 3)), and z;(T'(s —
4)) for (23), respectively, individual state equations can be
represented:

2i(T(s — 1)) = Aje BT6E"D L 0T (s — 1) + D;, (24)

2i(T(s —2)) = A BT6=2 L CiT(s — 2) + D;, (25)

2i(T(s —3)) = Aje BTCE3) L CiT(s — 3) + D;, (26)
and

2i(T(s —4)) = Aie BT6E=Y L 0T (s —4) + D;. (27)

In these equations, the following four parameters A ;, B;, C;,
and D; are summarized:

bg(sfl)
A= BT >
= (29)
Ci= (s - 3) ~w(rs ~ ) - P o

b1 = z;(T(s — 1)) — 22;(T(s — 2)) + =:(T(s — 3)),
by = z;(T(s — 2)) — 22;(T(s — 3)) + =; (T (s — 4)),

by = z;(T(s—1))—3x;(T(s—2))+3x;(T(s—3))—x; (T (s—4)).

(Note that the detailed development processes are described
in Appendix.) Finally, z;(T's) can be extrgpolate by substi-
tuting the four parameters for (23).

Next, an extended exponentia extrgpolation scheme
(EEEF) added to a first-degree polynomial function is de-
scribed as an enhanced version for the EEE scheme. Similar
with the EEE scheme, r; computes z;(T's) based on (23),
and extrapolates z;(T's) in (19) or (21).

B. Smulation Results

This part shows evauation results for configuring the
desired geometric pattern by using the proposed scheme.
In the evaluation tests, 10 robots with initially arbitrary
distributions attempt to form a swarm network composed
of E;. The robots exchange C;(T's) each other through
communications with « while moving according to (1) and
(3). In the case of aloss of communication, r; can obtain its
C;(T's) by using one among the schemes. Here, « is defined
as a constant in probability distribution.

In our tests, two types of computations according to the
communication conditions are set. As an ideal situation, there
is no loss of communication. On the other hand, due to a
data loss, r; needs to extrapolate its C;(T's) by using one of
the proposed schemes. During simulations, both conditions
are concurrently performed. Meanwhile, to examine relative
errors between the individual conditions quantitatively, an
evaluation index is defined as [, and is formalized:

~1
S (@5 =2+ (v — yh)?

n—1

la

; )

where (z},y:) and (z;,y;) are the representations of p;
according to the existence of data loss, respectively. Clearly,
[, indicates an average value of the position errors for two
kinds of p; occurred by the loss of communication. Next, to
evaluate the proposed scheme quditatively, simulations were
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Fig. 2. Simulation results for the comparisons of l, when a=0.2

performed by using the extended Kalman filter (EKF) under
the same conditions.

In Fig.2, we show the simulation results at loss probability
«=0.2, and show the results until step number n=210. Here,
robots' motions under above-mentioned condition are plot-
ted. The red, blue, green, purple, and blown lines represent
the results performed by EE, EEE, EEF, EEEF, and EKF
schemes, respectively. We could see that the trends of [,
under the EEF and the EEEF schemes are more accurate
than the EE and the EEE schemes and EKF. Despite data
loss, the EEF and the EEEF schemes allowed individual
robots to extrapolate N;(T's), resulting in collecting the local
geometries can globally reach the desired geometric pattern
without centralized control schemes.
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Fig. 3. Simulation results for the comparisons of l, when a=0.5

Next, Fig. 3 is the simulation results for the comparisons
of I, when a = 0.5. Although the increased « had a bad
influence on the position extrapolations, it is verified that the
EEF and the EEEF schemes alowed r; to estimate N;(T's)
more accurately than the EE and the EEE schemes and EKF.
As we expected, the EEF and the EEEF schemes could yield
better accuracy despite the increased [,. More notably, the
EEF and the EEEF schemes less affected by a enabled r; to
more swiftly form E;.

Now, from the obtained results, we emphasize two points
that highlight unique features of the EEF and the EEEF
schemes. First, the schemes enable a swarm of robots to
disperse in an infrastructure-less environment when the their

communications are subject to range limitations and inter-
ferences. Secondly, the proposed scheme is computationally
efficient, since each robot cannot memory both its past
information and the position data of all other robots. When
there occurs data loss, the schemes utilizes only position
data of other robots at T'(s — 1), T'(s — 2), T'(s — 3), and
T(s —4). We believe that the EEF and the EEEF schemes
work well under real world conditions, but several issues
remain to be addressed. It would be interesting to investigate
several performances such as convergence time or optimal
coverage when « is time-varying. Regarding using explicit
communications, it also suffers from limited bandwidth,
range, interferences, and traffic. This important engineering
issue is left for future work.

V. CONCLUSIONS

In this paper, we assumed that there could be unavoidable
communication packet losses in robotic swarms due to vari-
ous reasons, and proposed a novel extrapolating method with
low computational complexity and high accuracy. Through
extensive simulations, where packets randomly dropped and
lost, we tested the effectiveness of packet loss conceal ment
algorithms under 0-50% packet loss conditions. We specifi-
cally propose an efficient extrapolation method based on an
exponential function with linear blends, and showed that the
proposed method estimate robots  positions more accurately
than existing packet loss concealment algorithms. We believe
that this method can be an attractive algorithm due to its
computational efficiency and effectively applied to low-cost,
even disposable robotic swarms in communication-restricted
environments.

In this paper, we have validated the proposed method
only for the case of eguilateral triangle formation, but from
the convergence properties and motion characteristics of
formation generating mobile robots, it is expected that the
proposed method is similarly applicable and beneficial to
other formation control cases with the same equation of
motion of robots.

APPENDIX

Derivation of equations of (28)-(31).
From (25) to (27),

bi=A; e~ BiTGHD (¢=2BiT _9o=BiT 1 1) A e~ BiT(s+1) (o=BiT _1)2

(a)
Similarly, from (24) to (26),

bzzAie—BiTs(e—ZBiT72e—BiT+1):Ai6—BiTs(e—BiT71)2 (b)

From (a) and (b), we obtain (29).

b1 — AiefBiTs(efBiT _ 1)2 — b2€7BiT

—pr _ b
ba

Substituting (c) into (a), we get (28).

L€



b bT(sfl)
A; = ! =2
e*BiTS(e*BiT _ 1)2 bgb'f(s—ll)

Here, (26)-(27),

2i(T(s—3)) —2;(T(s — 4)) = Aje BiTs (e BT 1) 4+ C;

(¢)

From (c), we obtain (29).
C; = 2;(T(s=-3))—2;T (s—4))—Aje Bils (e BT -1) = le_g
3

From (27), we get (31).
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