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Multi-Robot Segregation Using Finite-Time MPC
With Chernoff Bound-Based Asynchronous

Motion Smoothing
Richa Dubey , Shreyash Gupta , Saurabh Chaudhary , Niladri S. Tripathy , and Suril V. Shah , Member, IEEE

Abstract—For multi-robot systems operating in dynamic envi-
ronments, collision-free segregation into a desired set of groups
in finite time is an essential task requirement in many applica-
tions. This work presents a control framework for such systems,
utilizing Finite-time Model Predictive Control. The objective is to
guide the robots toward a segregated formation while adhering
to leader-follower dynamics and effectively avoiding collisions. To
ensure finite-time convergence, the concept of a control invariant
set is incorporated. Furthermore, the letter derives an upper bound
on the required time steps for the robots to achieve the segre-
gated formation. In order to maintain a smooth motion profile
in the face of external state perturbations, this work proposes a
data-driven Chernoff bound-based triggering method that enables
Asynchronous Motion Smoothing for the robots. To validate the
effectiveness of the proposed control framework, both simulations
and hardware experiments are conducted, focusing on the segre-
gation of five robots into two distinct groups.

Index Terms—Multi-robot system, segregation, finite-time MPC,
asynchronous motion smoothing, Chernoff bound.

I. INTRODUCTION

MULTI-ROBOT systems often operate in dynamic envi-
ronments, where they face challenges such as collisions,

sensor noise, and external disturbances like jerks. In real-time
applications, tasks are often executed sequentially, with segre-
gation being a key sub-task. During segregation, robots divide
into distinct groups that later collaborate to achieve a common
goal [1], [2], [3], as seen in applications like surveillance, search
and rescue, and foraging. Given its foundational role, ensuring
finite-time convergence for segregation is crucial in such scenar-
ios. Furthermore, to achieve this, effective collision avoidance
and motion smoothing are essential, particularly in the presence
of external perturbations. This work focuses on developing a
control framework that ensures finite-time convergence during
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segregation, while also addressing the challenges of collision
avoidance and mitigating the impact of external perturbations.

In the past decade, several works have addressed the segre-
gation problem in multi-robot systems. The artificial potential-
based approaches in [1], [3] achieve segregation; however, both
of them do not address collisions and [1] lacks convergence
analysis too. A differential potential based approach in [2]
ensures asymptotic convergence to segregation. In contrast, [4]
employs Particle Swarm Optimization with an extension of
Optimal Reciprocal Collision Avoidance to segregate robots.
Model Predictive Control (MPC) has also been extensively ap-
plied for multi-robot systems because of its predictive capability,
constraint handling, and adaptability [5]. For instance, MPC
has been used for motion planning [6], formation control [7],
and collision avoidance via constraints [8]. [9] used MPC to
segregate a multi-robot system, however, without convergence
analysis. While event- and self-triggered MPC has also been
explored for controlling nonholonomic systems with collision
avoidance [10] and finite-time convergence [11], a task-specific
formula for the maximum number of steps required in multi-
robot settings is typically missing.

There is existing literature on multi-robot systems [2], [3],
[8], [9], [10], [12], but theoretical guarantees for finite-time
convergence in the context of the segregation problem remain
relatively limited. The MPC cost function is modified in [13],
[14] to achieve finite-time convergence of a single agent to
the desired region. However, the discontinuity of such a cost
function at the boundary of the desired region poses issues during
optimization. To overcome these issues, a desired set-based cost
function is proposed in [15] for a single agent. Nevertheless,
establishing finite-time convergence for multi-robot segregation
problem in dynamic environments presents an additional chal-
lenge. While operating in dynamic environments, multi-robot
systems are also faced with external perturbations in robot
states, which cause abrupt jitters in their motion profiles [16]. To
address these jitters, an Asynchronous Path Smoothing method
is incorporated within the MPC framework in [9]. This method
employs a heuristic threshold to decide when the perturbations
in the robot states are substantial enough to necessitate relaying
sensor data to the MPC, thereby imparting smooth path profiles
to the robots. On similar lines, a heuristically-derived threshold
in the MPC framework [8] is used for path smoothing. While
using such heuristic thresholds is convenient, they are often
tailored to specific scenarios, lacking a consistent basis grounded
in theoretical or statistical analysis. Moreover, thresholds chosen
by intuition or trial-and-error may lead to non-reproducible out-
comes, hindering scalability and standardization in real-world
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TABLE I
OVERVIEW OF COMPARISON WITH EXISTING WORKS

applications [17]. Consequently, there is an evident need for
systematically derived or data-driven thresholds that consider
the multi-robot dynamics and interaction complexities for im-
proved, consistent performance in multi-robot applications.

In light of these research gaps associated with multi-robot
segregation, the objective of this work is to address the lack
of finite-time convergence guarantee, prevent inter-robot colli-
sions, and formulate a systematic method to derive thresholds.
In this work, we propose a Finite-time MPC-based control
framework for a multi-robot system with leader-follower error
dynamics and an on-demand collision avoidance constraint to
achieve finite-time convergence to segregated formation. We
also derive an upper bound on the convergence time required for
segregation. Furthermore, a data-driven Chernoff bound-based
threshold is proposed for Asynchronous Motion Smoothing
(AMS) to effectively detect and mitigate the effect of pertur-
bations in robot states. Table I presents the comparison of this
work with existing works in terms of key criteria, highlighting
the research gaps. Our key contributions are:
� A Finite-time MPC-based control framework using invari-

ant sets for segregating multi-robot systems with leader-
follower error dynamics and collision avoidance.

� Derivation of analytical expression of upper bound on the
time required to converge to the segregated formation.

� Formulation of a data-driven (Chernoff bound-based)
threshold to enable Asynchronous Motion (AMS) Smooth-
ing in the presence of perturbations in robot states.

� Performance validation of the proposed framework via
both simulations and hardware experiments in the presence
of dynamic obstacles and perturbations.

II. PROBLEM DESCRIPTION AND PROPOSED SOLUTION

Consider1 a multi-robot system consisting of n robots to be
segregated into m groups (m ≤ n), where each group has one
leader and others are followers. To perform segregation, we
utilize the following discrete-time error dynamics for ith robot

ei[k + 1] = Aei[k] +Buei
[k], for i ∈ {1, 2, . . . , n}, (1)

where ei[k] = xd[k]− xi[k], uei
[k] = ud[k]− ui[k] and

discrete-time index k ∈ N. Here, xi =
[
xi yi

]ᵀ
, where

1Notations: R and N denote the set of all real and natural numbers, respec-
tively. P ⊕Q denotes the minkowski sum of sets P and Q. I denotes identity
matrix of compatible dimensions. For S ⊂ R

n, So is a set of all interior points
and ∂(S) is the set of all the boundary points of S. λmax(M) denotes the
maximum eigenvalue of matrixM , andM = diag(P ,P , . . .,P ) is a diagonal
matrix formed of matrix P in each of its diagonal elements. P[X = x] is the
probability that X = x, E[X] is the expectation of X , Var(X) is the variance
of X , and Cov(X,Y ) is the covariance of X and Y .

xi, yi ∈ R are the position coordinates,ui =
[
ẋi ẏi

]ᵀ
denotes

the velocity input in x and y directions, and xd and ud are
the desired state and input, respectively. For brevity, we omit
the subscript i subsequently. The error and input constraints are
e[k] ∈ E ⊂ R

2 andue[k] ∈ U ⊂ R
2, where E is a closed set and

U is a compact set, both containing the origin in their interior.
The segregated formation of robots is defined such that the

leader of each group aims to attain a desired steady-state po-
sition xs. For each leader, xs is set beforehand based on the
desired segregated formation of each group. Consequently, for
the leader, xd[k] = xs. Let es denote the desired steady-state
error. Then, for the leaders, we propose ||es|| = 0 to ensure
their convergence to xs at steady-state. The followers, however,
aim to track the positions of their leaders. Therefore, for the
followers, we define convergence to segregated formation as
arranging themselves at a distance r around their respective
leaders at steady-state. Hence, for the followers, we propose
||es|| = r. Next, we utilize es and the concept of λ-Control
Invariant Set (λ-CIS) [19] to obtain the desired set of error for
the robots, denoted by Ωe ⊂ E .

For dynamics (1), given λ ∈ (0, 1], Ωe ⊆ R
2 is a λ-CIS iff

Ωe ⊆ E and e[k] ∈ Ωe ⇒ ∃ ue[k] ∈ U | e[k + 1] ∈ λΩe. For
λ = 1,Ωe is simply a CIS. The input setΦ(Ωe) = {ue[k] ∈ U :
∃ e[k] ∈ Ωe | e[k + 1] ∈ λΩe}. Then, 1-step controllable set to
Ωe corresponding toΦ(Ωe) is given asΘ1(Ωe,Φ(Ωe)) : e[k] ∈
Θ1(Ωe,Φ(Ωe)) ⇒ ∃ ue[k] ∈ Φ(Ωe) | e[k + 1] ∈ Ωe [15]. For
m ∈ N, it can be extended to obtainm-step controllable set. The
multi-robot system achieves segregated formation when error
converges to Ωe. Once segregated, each group of robots pro-
ceeds to perform other tasks following their respective leaders.
Therefore, for finite-time convergence of multi-robot system to
segregated formation, it is required that

e[τ ] ∈ Ωe, in some finite time step τ ∈ N.

Consequently, Φ(Ωe) serves as the desired set of inputs and
it is required that ue[k] ∈ Φ(Ωe). Additionally, it is crucial
to address the issue of inter-robot collisions. In this work, we
assume that for each robot, the other robots serve as dynamic
obstacles. Let dij denote the distance between robots i and j.
Then, a collision avoidance strategy is required such that

dij ≥ rmin, (2)

where rmin is the minimum distance to avoid collision. Further-
more, the robot states may suffer from external perturbations that
could deviate them from their desired trajectories. Threshold-
based methods like AMS can detect and mitigate deviations to
ensure smooth motion, but determining appropriate thresholds
for multi-robot systems in dynamic environments remains a
challenge. In light of these challenges, the problem statement
of this work is summarized below.

Problem statement: Formulating a control framework for a
multi-robot system having leader-follower error dynamics to
achieve finite-time convergence to segregated formation while
avoiding collisions, and deriving a statistically grounded method
to obtain a bound that detects perturbations in robot states,
thereby enabling Asynchronous Motion Smoothing.

To address the problem statement, we propose a Finite-time
MPC framework with data-driven AMS, as shown in Fig. 1. The
subsequent sections present the details of this framework.

Authorized licensed use limited to: INDIAN INSTITUTE OF TECHNOLOGY BOMBAY. Downloaded on March 18,2026 at 13:06:32 UTC from IEEE Xplore.  Restrictions apply. 

IEEE Robotics and Automation Letters (RA-L) paper, presented at ICRA 2026, Vienna, Austria. Cite as RA-L paper.



11922 IEEE ROBOTICS AND AUTOMATION LETTERS, VOL. 10, NO. 11, NOVEMBER 2025

Fig. 1. Schematic of the proposed framework: The Finite-time MPC block computes optimal control inputs using predicted errors, desired set information and
on-demand collision avoidance constraint, yielding multi-robot segregation. The AMS unit monitors real-time deviations and uses Chernoff bound-based triggering
to relay measured states to MPC only when necessary, and relays predicted states otherwise. Here, the Chernoff bound (α) is computed offline using stored deviation
data.

III. FINITE-TIME MPC FOR SEGREGATION

A. Prediction Model and Cost Function

The Finite-time MPC calculates the optimal control input
using an error prediction model for every robot, given by

e[j + 1|k] = Ae[j|k] +Bue[j|k], j ∈ {0, 1, . . . , (N − 1)}
(3)

where e[j|k] and ue[j|k] are the predicted error and input at the
(j + k)th instant, and N is the prediction horizon. Then, (3) can
also be expressed in stacked form as

Ek = Υe[0|k] + ΨUk, (4)

where e[0|k] is the error at kth instant, Ek =
[
e[1|k],

e[2|k], . . . e[N|k]]ᵀ ∈ R
2N×1 and Uk =

[
ue[0|k],ue

[1|k], . . .ue[N− 1|k]]ᵀ ∈ R
2N×1 are stacked predicted errors

and inputs, respectively, and Υ ∈ R
2N×2 and Ψ ∈ R

2N×2N

are as (7) in [9]. Then, we propose the desired error at jth

prediction ekd[j] as the point closest to e[0|k] ∈ Ωe,

ekd[j] = ey : min
ey∈Ωe

||e[0|k]− ey||. (5)

Similarly, the desired input at jth prediction ukd[j] is the
closest point to ue[0|k] in Φ(Ωe), i.e.,

ukd[j] = uv : min
uv∈Φ(Ωe)

||ue[0|k]− uv||. (6)

Here, we assume ue[0|k] ≈ ue[1|k − 1] in order to find
ukd as ue[1|k − 1] is the previously estimated optimal input
corresponding to (k − 1)th instant. Using (3), (5) and (6), the
proposed cost function can be stated as

V(e[k],Ωe;Uk)=

N∑
j=1

((ekd[j]−e[j|k])ᵀQ(ekd[j]− e[j|k])

+(ukd[j − 1]−ue[j − 1|k])ᵀR(ukd[j − 1]−ue[j − 1|k])) ,
(7)

where e[k] = e[0|k] and Ωe are the optimization
parameters, Uk is the optimization variable, Q ≥ 0
and R > 0 are the weight matrices. Then, (7) can be
stated in stacked form as V(e[k],Ωe;Uk) = (Ekd −
Ek)

ᵀQs(Ekd −Ek) + (Ukd −Uk)
ᵀRs(Ukd −Uk), where

Qs = diag(Q,Q, . . .,Q) and Rs = diag(R,R, . . . ,R),
and Ekd =

[
ekd[1], ekd[2], . . . ekd[N ]

]ᵀ
and Ukd =

[ukd[0], ukd[1], . . .ukd[N − 1]]ᵀ. At kth instant, let UN (k)
denote the set of all admissible control input sequences that
satisfy the error and control constraints, and the terminal
constraint e[N |k] ∈ Ωe, i.e.,

UN (k)={Uk ∈ UN | e[j|k]∈E ,ue[j|k]∈U , e[N |k]∈Ωe}.
(8)

Then, the optimal control input is derived by solving the
following optimization problem

P(e[k],Ωe) : V
∗(e[k],Ωe)

.
= min

Uk

{V(e[k],Ωe;Uk)|Uk ∈ UN (k)}

where V∗(e[k],Ωe) denotes the optimal cost at kth instant.
Remark 1: Ωe is approximated as Ωe = es ⊕ Ω̃e, where

Ω̃e is an arbitrarily small λ-CIS around es, approximately
occupying a region of radius 0 < ρ < 1 in E , such that Ω̃e ⊆
Θ1(Ω̃e,Φ(Ω̃e))

o
[20]. Precisely, Ωe can be obtained by substi-

tuting ||es|| = 0 for the leaders and ||es|| = r for the followers.

B. Finite-Time Convergence Analysis

We now present a theorem that derives a closed-form expres-
sion of upper bound on time required by robots to segregate.
In addition to offering a formal convergence guarantee, it also
serves as a metric for performance evaluation later.

Theorem 1: Consider a multi-robot system with error dynam-
ics (1) and initial error in the N-step controllable set (e[0] ∈
ΘN (Ωe,U)). Let V∗(e[0],Ωe) be the optimal cost at e[0],
and dm be the minimum distance between the boundary of
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Θ1(Ωe,Φ(Ωe)) and Ωe,

dm = min
eb∈∂(Θ1(Ωe,Φ(Ωe)))

ey∈Ωe

||eb − ey||. (9)

Then, using the proposed cost function for Finite-time MPC
(7), the upper bound on the time steps required by error for each
robot to converge to Ωe is given by V∗(e[0],Ωe)

d2
m

+ 1.

Proof: Let the error at (k + 1)th instant be e[k +
1] = e[0|k + 1] ∈ ΘN (Ωe,U) and the feasible cost
at (k + 1)th instant V(e[k + 1],Ωe;Uk+1) be ob-
tained using (7). Then, one feasible solution to the
optimization problem at (k + 1)th instant is Uk+1 =[
u∗
e[1|k], u∗

e[2;k], . . . , u
∗
e[N − 1|k], ue[N− 1|k+ 1]

]ᵀ
,

Ek+1 = [e∗[2|k], e∗[3; k], . . . , e∗[N |k], e[N |k + 1]]ᵀ. Then,
V(e[k + 1],Ωe;Uk+1)=V∗(e[k],Ωe)−((ekd[1]− e∗[1|k])ᵀ
Q(ekd[1]− e∗[1|k]) + (ukd[0] − u∗

e[0|k])ᵀR(ukd[0] − u∗
e

[0|k])) + ((ekd[N ]− e[N |k + 1])ᵀQ(ekd[N ] − e[N |k + 1])
+ (ukd[N − 1] − ue[N − 1|k + 1])ᵀR(ukd[N − 1] − ue

[N − 1|k + 1])).
Due to the terminal constraint in (8) and Ωe being

a λ-CIS, ue[N − 1|k + 1] ∈ Φ(Ωe), and e[N |k +
1]

.
= (Ae∗[N |k] +Bue[N − 1|k + 1]) ∈ Ωe, yielding

(ekd[N ]− e[N |k + 1])ᵀQ(ekd[N ]− e[N |k + 1]) = 0 and
(ukd[N − 1]− ue[N − 1|k + 1])ᵀR(ukd[N − 1]− ue[N −
1|k + 1]) = 0, using (5) and (6), respectively. Also, since
R > 0, (ukd[0]− u∗

e[0|k])ᵀR(ukd[0]− u∗
e[0|k]) ≥ 0. Thus,

by the principle of optimality [5], the decrement in cost
can be expressed as V∗(e[k + 1],Ωe)−V∗(e[k],Ωe) ≤
−((ekd[1]− e∗[1|k])ᵀQ(ekd[1]− e∗[1|k])).

Next, assuming e[0] ∈ ΘN (Ωe,U)\Θ1(Ωe,Φ(Ωe)), let τ ∈
N be a time-step such that for some k ≤ τ , e[1|k] ∈
Ωe, and hence, for k ≤ (τ − 1), e[1|k] ∈ Θ1(Ωe,Φ(Ωe)).
Then, using the definition of dm from (9), ∀k ≤ (τ −
2), 0 < d2m ≤ ((ekd[1]− e[1|k])ᵀQ(ekd[1]− e[1|k])), imply-
ing the cost decrement V∗(e[k + 1],Ωe)−V∗(e[k],Ωe) ≤
−d2m. Here, Q ≥ 0 is chosen to have sufficiently high eigen-
values to ensure the validity of this decrement while appro-
priately penalizing the deviation of error from desired. Next,
summing the decrement from k = 0 to (τ − 1) for the worst-
case scenario that e[1|τ − 1] ∈ ∂(Θ1(Ωe,Φ(Ωe))), one obtains
V∗(e[τ ],Ωe)−V∗(e[0],Ωe) ≤ −τd2m. Since e∗[1|τ ] ∈ Ωe, it
can be inferred from (5) and (6) that V∗(e[τ ],Ωe) = 0. Then,
we obtain τ ≤ V∗(e[0],Ωe)

d2
m

. This expression signifies the upper
bound on time-steps required by the predicted states e[1|k] to
reach Ωe. Hence, for e[τ ] ∈ Ωe, τ ≤ V∗(e[0],Ωe)

d2
m

+ 1. �
Remark 2: τ increases with larger Q,R as these weights

amplify the contributions of the state error and control effort
terms in the cost function, respectively.

C. Collision Avoidance

We build on the on-demand collision avoidance strategy
from [21] to proactively identify and avoid potential collisions
among robots. Unlike [21], which imposes distance-based con-
straints directly, we derive a linear collision avoidance constraint
by leveraging the error dynamics in (1) and the error prediction
model in (3), described as follows.

Let kc,i denote the first predicted time step at which robot
i predicts a collision with robot j. Given ei[j|k] and xdi, the

current predicted position of the robot xi[j|k] = xdi − ei[j|k].
Then, from (2), the constraint gets activated for robot i iff dij =
‖(xdi − ei[kc,i|k − 1])− (xdj − ej [kc,i|k − 1])‖ < rmin. Let
us assume that robot i detects collision using this inequality at
k. Then, for collision avoidance, the predicted state at (kc,i − 1)
step of the prediction horizon must attain a position such
that ‖(xdi − ei[kc,i − 1|k])− (xdj − ej [kc,i|k − 1])‖ ≥ rmin,
which can be linearized using the Taylor series expansion [22]
assuming f(xdi − ei[kc,i − 1|k]) = ||(xdi − ei[kc,i − 1|k])
− (xdj − ej [kc,i|k − 1])||, about the previous predicted
position of robot i at (kc,i + k − 1), denoted by (xdi −
ei[kc,i|k − 1]), as follows f(xdi − ei[kc,i − 1|k]) = f(xdi −
ei[kc,i|k − 1]) + ((xdi − ei[kc,i − 1|k])− (xdj − ej [kc,i|k −
1]))ᵀJ(xdi − ei[kc,i|k − 1]). Here, higher order terms of
the expansion are neglected and J(xdi − ei[kc,i|k − 1]) is
the corresponding Jacobian matrix. On substituting this into
LHS of dij for collision avoidance and rearranging, we get
bᵀi,jei[kc,i − 1|k] ≥ ((rmindij − d2ij) + bᵀi,jei[kc,i|k − 1]),

where bi,j = (xdi − ei[kc,i|k − 1])− (xdj − ej [kc,i|k − 1]).
According to the results reported in [21], further improvements
in collision avoidance are achieved by imposing the constraint
one time step after collision detection, i.e., on ei[kc,i|k] rather
than ei[kc,i − 1|k]. Subsequently, using the stacked predicted
errors (4), the following constraint is obtained for collision
avoidance

gᵀ
i,j (Υiēi[0|k] +Ψi Uki) ≥ cij , (10)

where gi,j=
[
0 ᵀ
2(kc,i−1)×1 bᵀi,j 0ᵀ

2(N−kc,i)×1

]ᵀ
and cij =

((rmindij − d2ij) + bᵀi,jei[kc,i|k − 1]).
Remark 3: At the occurrence of obstacles, the robot states

may get redefined. As long as the relocated state ei[k] ∈
ΘN (Ωe,U), finite-time convergence to Ωe is preserved. More-
over, in the case of bounded disturbances and model uncertain-
ties, τ can be re-derived using a robust λ-CIS [19], [20].

Remark 4: The framework can handle non-agent obsta-
cles with known dynamics by predicting their future states.
For obstacles with unknown dynamics, future positions
may be estimated using measured states [12] for collision
avoidance.

Next, the Quadratic Programming (QP) problem for seg-
regating multiple robots using the proposed cost-function (7)
and on-demand collision avoidance constraint (10) to guarantee
finite-time convergence (Theorem 1) is given as

U ∗
ki

= argminUki
V(ei,Ωe;Uki

),

subjected to Acoll
i Uki

≤ bcolli , (11)

where Acoll
i = −gTijΨi and bcolli = gTijΥiēi[0|k]− cij .

IV. CHERNOFF BOUND-BASED AMS

Next, we derive a threshold to enable AMS using Chernoff
Inequality [23]. Firstly, we formulate an event that triggers AMS.
For ith robot, let the real-time deviation between measured error
ēi[k] and predicted error ei[1|k − 1] be defined as

δ̄i[k] = ‖ēi[k]− ei[1|k − 1]‖ .
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Let the real-time trigger value χ(δ̄i[k]) be a function of δ̄i[k]
(Fig. 1). Then, we update the Finite-time MPC unit as

ēi[0|k] =
{
ēi[k], if χ(δ̄i[k]) ≥ αi

ei[1|k − 1], otherwise
, (12)

where αi is the Chernoff bound derived using Chernoff In-
equality [23] on the probability distribution of the deviation
metric χ(δi[k]), which is computed using the stored deviation
(δi) data of the nominal multi-robot operation. Chernoff bound
was selected because it offers tighter exponential decay on
tail probabilities [24], and leverages the Moment Generating
Function (MGF) [25] to accurately capture both the mean and
covariance structure of deviations, which enables more reliable
event detection. Therefore, Chernoff bound-based AMS dis-
tinguishes nominal system behavior from instances requiring
controller action due to external perturbations, i.e., it quan-
tifies how far the actual measurements can deviate from the
predictions before being statistically significant to indicate an
external perturbation. Consequently, the controller is updated
with measured state only for significant deviations, whereas
the controller relies on predicted states during the intervals
between consecutive triggers. As a result, this approach elimi-
nates the jitters that occur when the controller is continuously
updated with measured states, ensuring smooth robot motion
profiles. Additionally, AMS can reduce the communication load
in bandwidth-limited settings [26] by minimizing unnecessary
sensor data transmission. However, due to finite size of stored
sensor data and its inherent randomness, it is impossible to avoid
false triggers completely. We capture this behavior by defining
a confidence level γ as

γ = P[χ(δi) ≥ αi], (13)

representing the tail probability of false triggers. The signifi-
cance of γ is discussed later in Remark 5. Let Ξ denote the
stored deviation dataset of size T × n having δi[k] stacked for
robot i ∈ {1, 2, . . . , n} and ∀k ∈ {1, 2, . . . , T}.

Assumption 1: Ξ contains the stored deviation information
corresponding to the multi-robot system operation when its
states have converged to a stationary Gaussian distribution.

This assumption ensures that the mean and variance of devia-
tion distribution are constant. Since the states of a stable system
eventually converge into a stationary Gaussian distribution [27],
this is not too restrictive. Next, two methods of deriving bounds
for a multi-robot system are proposed.

A. Decentralized Trigger

When a separate bound is derived for each robot and they
are triggered individually on detection of an event, we term the
method as a decentralized trigger. Here, the deviation metric
χ(δi[k]) is defined as the sum of deviations (δi[k]) over a
time-window w for robot i to analyze the cumulative impact
of deviations as a jointly normally distributed random variable.
Then, the corresponding bound αi is computed.

Firstly, we define the sequence of deviations over w as

δik =
[
δi[k − w + 1], δi[k − w + 2], . . . , δi[k − 1], δi[k]

]ᵀ
.

(14)

Here, δik is considered as a jointly normally distributed
random vector with a w × 1 mean vector μi = E[δik] =

[
E[δi[Y + 1]], E[δi[Y + 2]], . . . E[δi[Y + w]]

]ᵀ
and a

w × w covariance matrix Σi
2.

Then, we define

χ(δi) = δᵀik δik =
k∑

j=k−w+1

δi[j]
ᵀδi[j]. (15)

For computing αi using the Chernoff Inequality [23], we first
need to derive the expression for MGF of χ(δi). Here, MGF of
χ(δi) is given as Mχ(ζi) = E[exp (ζiχ(δi))] [25], which can
be expressed as a w−fold integral over Rw to obtain Mχ(ζi) =

1√
det(2πΣi)

∫
Rw exp(ζiδ

ᵀ
ikδik − 1

2 (δik − μi)
ᵀΣi

−1(δik −
μi)) dδik. We now simplify the expression for Mχ(ζi).
Let si be a w × 1 random vector following standard
normal distribution. Then, ∃ a transformation matrix P :
δik = Psi + μi, where P TΣ−1

i P = I,P TP = Λ and
PΛP−1 = Σi [25]. Here, Λ = diag(λ1, λ2, . . . , λw)
containing the eigenvalues (λq) of Σi, and gi is a constant
vector. Using these transformations, Mχ(ζi) simplifies to
Mχ(ζi) =

∏w
q=1

1√
2π

∫∞
−∞ exp (ζqλq(sq + gq)

2 − 1
2s

2
q) dsq .

Using the Gaussian integral formula [28], and then expressing
the terms as matrix products, Mχ(ζi) can be simplified

to Mχ(ζi) =
exp( 1

2μi
ᵀ((I−2ζiΣi)

−1−I)Σi
−1μi)√

det(I−2ζiΣi)
. Next, this

expression of MGF and the confidence level (13) are substituted
into the Chernoff Inequality3 to obtain the bound αi =
infζi∈(0, 1

2λmax(Σi)
)[

1
ζi
( 12μi

ᵀ((I − 2ζiΣi)
−1 − I)Σi

−1μi − ln

(γ
√

det (I − 2ζiΣi)))]. During actual operation, χ(δ̄i) is
computed using real-time deviations δ̄i and compared with αi

to detect an event for robot i (Fig. 1).

B. Centralized Trigger

Here, the deviation metric χ(δ[k]) is defined as the sum of
deviations of all the robots over w such that a single bound
α is obtained. Firstly, the sequence of deviations for n robots
at kth instant is defined as ωk =

[
δ1k, δ2k, . . . , δik, . . . , δnk

]ᵀ
,

where δik is as (14). Here, ωk is considered as a jointly
normally distributed random vector with wn× 1 mean vector
μ = E[δik] =

[
E[δ1k], E[δ2k], . . .E[δnk]

]ᵀ
andwn× wn co-

variance matrix Σ2. Then, χ(δ) is defined as χ(δ) = ωᵀ
kωk =∑n

i=1 δ
ᵀ
ikδik =

∑n
i=1(

∑k
j=k−w+1 δi[j]

ᵀδi[j]). The subsequent
derivation of α is similar to Section IV-A by first deriv-
ing the MGF for χ(δ) and then simplifying its expression
using the Gaussian integral formula [28]. Next, substitut-
ing (13) and MGF of χ(δ) into Chernoff Inequality3, the
bound α = infζ∈(0, 1

2λmax(Σ)
)[

1
ζ (

1
2μ

ᵀ((I − 2ζΣ)−1 − I)Σ−1μ−

2 Σi =⎡
⎣

Var(δi[Y +1]) Cov(δi[Y +1],δi[Y +2]) ··· Cov(δi[Y +1],δi[Y +w])
Cov(δi[Y +2],δi[Y +1]) Var(δi[Y +2]) ··· Cov(δi[Y +2],δi[Y +w])

...
...

. . .
...

Cov(δi[Y +w],δi[Y +1]) Cov(δi[Y +w],δi[Y +2]) ··· Var(δi[Y +w])

⎤
⎦,

where Y =k −w, and Σ=

⎡
⎣

Var(δ1k) Cov(δ1k,δ2k) ··· Cov(δ1k,δnk)
Cov(δ2k,δ1k) Var(δ2k) ··· Cov(δ2k,δnk)

...
...

. . .
...

Cov(δnk,δ1k) Cov(δnk,δ2k) ··· Var(δi[k])

⎤
⎦.

3Whenever MGF MX(ζ) exists for X , Chernoff bound α is obtained using

the Chernoff Inequality P[X ≤ α] ≤ infζ<0
MX (ζ)

eζα
[23].
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Fig. 2. Error plot depicting convergence.

TABLE II
CONVERGENCE TIME STEPS WHEN WEIGHT MATRICES WERE EMPIRICALLY

TUNED TO (1) SIMULATIONS Q1,Q3,Q5 = 15I , Q2,Q4 = 25I , AND

R1 = R2 = R3 = R4 = R5 = 10I , (2) EXPERIMENTS

Q1 = 35I, Q2 = 20I, Q3 = 35I, Q4 = 20I, Q5 = 35I , AND

R1 = 8I, R2 = 5I, R3 = 8I, R4 = 5I, R5 = 5I , WHERE OBST.:
OBSTACLES, PERTB.: PERTURBATIONS

ln (γ
√

det (I − 2ζΣ)))]. While actual operation, χ(δ̄) is com-
puted using real-time deviations δ̄ and compared with α to
trigger all the robots simultaneously.

Remark 5: γ ∈ (0, 1) is the tail probability that quanti-
fies outlier likelihood when computing α. Higher γ implies
higher chance of false triggers, and its selection, typically
γ ∈ [0.01, 0.001] [29], is at designer discretion.

V. RESULTS AND DISCUSSIONS

A. Simulation Results

A multi-robot system having 5 robots is to be segregated
into 2 groups of 3 and 2 robots each. Group 1 has the leader
Robot 1 and follower Robot 2, and Group 2 has leader Robot
3 and follower Robots 4, 5. For error dynamics shown in (1),
we consider A = I, B = hI, where sampling time h = 0.2
sec. The initial errors of Robots 1, 2, 3, 4 and 5 are (20,5),
(5,10), (5,20), (10,5), and (10,−5), respectively. The desired
positions of Leaders 1 and 3 are (20,10) and (10,20), respec-
tively. Control input ue ∈ R

2 : ||ue||∞ ≤ 2.5, prediction hori-
zon N = 10, rmin = 0.4 for collision avoidance and r = 0.4 is
to be maintained between leader-follower. Ωe is then obtained
using ||es|| = 0 for the leaders and ||es|| = r for the followers,
with λ = 0.65. Then, (11) is solved using CasADi [30] in
MATLAB. We first validate finite-time convergence by disabling
on-demand collision avoidance and with no perturbations. The
resulting robot trajectories are shown by black solid lines in Fig.
2(a) and (b). Table II presents the maximum convergence time
steps for leaders and followers, categorized by robot type. The
following two scenarios were then simulated.

Scenario 1: Segregation in the presence of obstacles and per-
turbations: Collision avoidance is enabled, and robots are sub-
jected to perturbations p ∈ R

2 : ||p||∞ ≤ 0.6 at k = 8, 10, 12.
Obstacles and perturbations comply with Remark 3. Robot

trajectories for this scenario are shown as red-dash-dotted lines
in Fig. 2(a) and (b), with perturbations depicted as black-dashed
circles. Despite perturbations, leaders and followers successfully
converge toΩe, as shown in Fig. 2(a), (b), and Table II. However,
perturbations cause jittery velocity and acceleration profiles, as
shown in Fig. 3.

Scenario 2: Segregation in the presence of obstacles, pertur-
bations and Chernoff bound-based AMS: Collision avoidance
is enabled with perturbations identical to Scenario 1, and the
Chernoff bound-based AMS is activated. To derive the bounds,
a deviation δ dataset was generated during simulations of nom-
inal multi-robot operation under random measurement noise,
starting from varied initial positions without perturbations, and
with γ = 0.01 and window length w = 3. The decentralized
trigger bounds for 5 robots are α1 = 1.1405, α2 = 1.2277,
α3 = 1.3173, α4 = 1.4932, and α5 = 0.7834, whereas α =
2.7395 for centralized trigger. Fig. 2(a) and (b) illustrate robot
trajectories for this scenario with blue-dotted and green-dashed
lines for decentralized and centralized triggering, respectively,
where robots converge to their Ωe. To test scalability, additional
simulations with larger number of robots were performed, which
yielded consistent results.

Effect of Chernoff bound-based AMS: Under identical pertur-
bations, the effect of Chernoff bound-based AMS can be ob-
served from Fig. 3(a). The robots exhibit the smoothest velocity
and acceleration profiles for AMS via decentralized triggering,
followed by centralized triggering, and the most jittery in the
absence of AMS. Furthermore, the triggering behavior of AMS
can be observed from Fig. 4(a) and (b), respectively. Here,
χ(δ̄) < α (green region) generates no trigger and χ(δ̄) ≥ α
(red region) generates triggers. 2 triggers are generated for
AMS via centralized triggering due to perturbations driving
χ(δ̄) > α, as shown Fig. 4(a). Despite these triggers, the input
and acceleration profiles are much smoother than the no AMS
case, as depicted in Fig. 3(a)(i) and (a)(ii). Furthermore, it can
be observed from Fig. 4(a) that the perturbation at k = 8 is
not high enough to drive χ(δ̄) ≥ α. However, the cumulative
effect of perturbations at k = 8, 10, 12 finally drives χ(δ̄) > α,
leading to triggers. Similarly, 1 trigger is generated for AMS via
decentralized triggering in robot 5, as shown in Fig. 4(b)(v),
where the perturbations drive χ(δ̄5) > α5, and there are no
triggers for the other robots (Fig. 4(b)(i)–(iv)).

B. Experimental Results

The proposed framework was verified experimentally by seg-
regating a multi-robot system of 5 TurtleBot3 Waffle Pi robots
into 2 groups of 3 and 2 robots. An 8-camera Vicon Motion
Capture system was used for tracking robot positions, which
were fed back to a central computing unit to calculate the control
inputs using the proposed framework. In the experiment arena
of size 3m × 3 m, the initial positions of the 5 robots were
(0.63,1.15), (−0.22, 1.60), (−0.71,−0.98), (0.40,−1.11), and
(−1.01, 1.46), respectively. Group configuration is identical to
Section V-A, where desired positions of leader Robots 1 and
3 are (1.70,−1.20) and (−1.30, 0.70), respectively. Control
input ue ∈ R

2 : ||ue||∞ ≤ 0.22 m/sec due to hardware con-
straints of the robot, N = 10, rmin = 0.3m and r = 0.3 m.
Figs. 5 and 6 depict the experimental results, where perturbations
p ∈ R

2 : ||p||∞ ≤ 0.5 were introduced in Robots 2 and 4 as
random displacement from their current position and orientation
at random instances.
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Fig. 3. Input (velocity) and acceleration profiles of Robot 1 (leader) and 2 (follower) in simulations and experiments.

Fig. 4. χ(δ̄), perturbation instances (black dots) and triggers for AMS via Centralized (a) and Decentralized triggering (b)–(c).

Fig. 5. Snapshots of segregation experiment. (iii) Robots 2 and 4 are perturbed, as shown using red arrow.

Fig. 6. Robot trajectories (Vicon data) during experiments. Dashed circles:
perturbations, solid circles: segregated groups.

We attempted to introduce identical perturbations to clearly
distinguish between AMS via centralized and decentralized
triggering. The Chernoff bounds obtained in Scenario 2, Sec-
tion V-A were used in the experiments too and collision avoid-
ance was always enabled. Fig. 3(b)(i) and (b)(ii) illustrate the
input and acceleration profiles of the robots obtained during ex-
periments. Similar to simulations, the profiles are the smoothest
for AMS via decentralized triggering, followed by centralized
triggering, and the most jittery in the absence of AMS.

C. Discussions and Comparison With Existing Works

Fig. 4(b)(v) and (c) illustrate the behavior of the Chernoff
bound-based AMS method via decentralized triggering for robot
5 in terms of δ̄ and χ(δ̄) when w = 3, 5, 10, under identical

TABLE III
VARIATION OF CHERNOFF BOUND α WITH γ AND w

perturbation p ∈ R
2 : ||p|| = 0.55 at k = 8. Though the bounds

forw = 5, 10 are higher thanw = 3, a perturbation high enough
to drive χ(δ̄5) ≥ α5 generates more triggers in w = 5, 10, as
shown in Fig. 4(c), because the effect of 1 perturbation persists
for a duration proportional to w. Similarly, multiple triggers
are generated for w = 5, 10 (Fig. 4(c)) when only 1 trigger is
generated for w = 3 (Fig. 4(b)(v)).

Also, Table III depicts the variation in α with γ and w
for centralized trigger. Given w, lower γ leads to higher α;
however, given γ, higher w leads to higher α. Therefore, if α
is obtained using the nominal system data with appropriate γ
and w, communication between sensor and controller can be
reduced by minimizing total triggers.

Table IV compares the proposed framework with existing
works, namely the heuristic method [9] and mean-based Hoeffd-
ing method [31] under identical conditions and perturbations
for Robot 5. The heuristic method exhibits longer delays in
detection (Dt) due to lack of window w, and therefore, leads to
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TABLE IV
PERFORMANCE COMPARISON WITH EXISTING WORKS

more collision-prone paths (Nc). A similar yet slightly improved
behavior is observed for Hoeffding method. In contrast, the
proposed Chernoff bound method, particularly the decentralized
trigger, exhibits lower detection delay Dt by using w, and by
leveraging MGF to obtain tighter bounds. This enables faster and
more reliable detection without the downsampling limitations of
Hoeffding method, and therefore, yields lower vrms and arms.

VI. CONCLUSION

This work presented a Finite-Time MPC framework that uses
invariant sets to achieve finite-time convergence of a multi-robot
system having leader-follower error dynamics into segregated
formation with on-demand collision avoidance. An upper bound
on the convergence time required by the robots is also derived.
Additionally, a Chernoff bound-based Asynchronous Motion
Smoothing method via Centralized and Decentralized trigger-
ing is also proposed to enable smoother robot motion profiles,
offering a statistically-grounded approach for deriving bounds in
multi-robot systems. The framework is validated through exten-
sive simulations and hardware experiments, along with a com-
parison with existing works. Future work will consider higher-
order robot models with uncertainties, and collision avoidance
with obstacles having unknown dynamics. Moreover, learning
the optimal window length for Chernoff bound calculation, and
derivation of tighter upper bound while accounting for robot
relocations constitute prominent future research directions.
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