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Abstract— Collective behavior appearing abundantly in na-
ture at various scales, such as swarming of insects, flocking of
birds or schooling of fish, has motivated an interdisciplinary re-
search thrust towards artificial swarms thanks to its numerous
advantages. Although a lot of work has been done on coming
up with controllers for these multi-agent systems towards
optimizing coordination and planning, the inverse problem of
identifying behaviors and models from observing a swarm is
still not explored enough. Efficient tools for the analysis of the
complex spatial-temporal dataset an observed swarm generates,
are still missing. In this paper, we propose a methodology
to solve the problem of identifying the leader in a swarm
governed by leader-follower control framework using only the
macroscopic view of the entire swarm. A methodology that
combines clustering and probability methods is used to analyze
the spatial-temporal data of a swarm of robots to narrow
down on a subset of the robots that includes the leader. The
clustering parameters are optimized over multiple simulated
behaviors. The results show that this automated system can
narrow down on a subset of agents (cluster) that includes
the leader of the swarm with high accuracy. Applications of
the proposed methodology include automatic identification of
leader and swarm dynamics in both artificial and biological
swarms, which can lead to a better understanding of collective
behaviors and predictions of future behaviors.

I. INTRODUCTION

Collective behavior appearing abundantly in nature at
various scales, such as swarming of insects, flocking of
birds or schooling of fish, has motivated an interdisciplinary
research thrust towards artificial swarms thanks to its nu-
merous advantages. Recent advances in computing, sensing,
actuation and control technologies are currently enabling the
development of swarms of aerial and ground vehicles, vary-
ing in complexity, size and overall scale. For the development
of artificial swarms, many researchers have taken inspiration
from biological species in nature for the design of collective
behaviors of multi-agent systems. Some of the inspirations
include flocking of birds [1], swarming of bees [2], and ant
colonies [3]. Many parallels can be drawn between biological
systems and multi-agent systems, such as that both consist of
a large number of biological organisms and robotic agents,
while, each individual determines their motion based on local
sensing information and communication.

Since swarm robotics involve multiple robots, it makes
them a good candidate in a wide range of application like
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reconnaissance, environmental monitoring, tracking, explo-
ration, search and pursuit-evasion, infrastructure support,
protection, and even space exploration [4]. Over the years,
the field of swarm robotics has risen from a theoretical
possibility to an actual system implemented on real robots
in real-world settings.

The control of the multi-agent system however poses its
own challenges, since it usually involves multiple objec-
tives, including avoiding collision, maintaining cohesion, and
alignment among the agents. There has been a lot of devel-
opment in designing algorithms for cooperative control of a
group of robots including behavior-based controllers [5, 6],
virtual structural approaches [7,8], leader-follower networks
[9], potential field approaches [10, 11] and consensus-based
approaches [12]–[14].

The local interaction of robots with each other as well as
with the environment is one of the basic features of a multi-
agent system. In such systems, robots usually make decisions
independently governed by local interaction rules for further
actions. However, the majority of applications of swarm
robotics require a coordinated movement of the swarm. To
solve this problem researchers have used a leader-follower
framework where, a robot, i.e., the leader, moves along a pre-
defined trajectory that dictates the overall swarm’s behavior.
The leader is also not affected by the surrounding agents,
but it still affects them. Even though over-reliance on a
single agent for achieving a common goal in leader–follower
frameworks may be undesirable, this approach is appreciated
for its simplicity and scalability. For these reasons, having a
leader provides an advantage in coordinating a swarm.

As a swarm evolves, multiple clusters are formed due
to the local interaction among the agents as well with the
leader. Along with that, a spatial-temporal dataset including
the states of the agents in the swarm is also created. To
analyze this dataset, clustering techniques have been pro-
posed in the past. A method for recognizing moving clusters
(two consecutive spatial clusters sharing a large number of
common objects) has been proposed in [15]. Another method
where the future time splitting and merging of a cluster was
used to recognize moving clusters in the spatial–temporal
dataset was proposed in [16]. Birant et. al. presented a
modification of the Density-Based Spatial Clustering of
Applications with Noise (DBSCAN) algorithm [17], the
new density-based clustering algorithm ST-DBSCAN, which
clusters spatial–temporal dataset based on its non-spatial,
spatial, and temporal features [18]. However, none of the
above methods were used in spatial-temporal datasets of
swarm that have a leader, a characteristic that is usually found



in both artificial and biological swarms.
In this paper, we propose a methodology to solve the prob-

lem of identifying the leader in a swarm governed by leader-
follower control framework using only the macroscopic
view of the entire swarm. A methodology that combines
clustering and probability methods is used to analyze the
spatial-temporal data of a swarm of robots to narrow down
on a subset of the robots that includes the leader. The
clustering parameters are optimized over multiple simulated
behaviors. The results show that this automated system can
narrow down a subset of agents (cluster) that includes the
leader of the swarm with high accuracy. Applications of the
method include automatic identification of leader and swarm
dynamics in both artificial and biological swarms, which can
lead to a better understanding of collective behaviors and
predictions of future behaviors.

The rest of the paper is organized as follows: Section
II introduces a modification to the Reynolds’ behavioral
model of swarms [19] in order to include a leader-follower
framework. Then the proposed methodology is described,
which involves clustering and probability methods in order to
analyze the spatial-temporal data of the swarm and narrows
down on a few agents which have a high probability of
being the leader. We then formulate the optimization of
the clustering parameters. Section III presents the results of
the optimization method in simulated data, while Section
IV concludes the paper by pointing out the contribution of
the work and possible applications and directions for future
work.

II. PROBLEM FORMULATION

In this section, we first formulate the model our swarm
will follow by introducing a modification to a well-known
flocking model to include a leader agent. Then clustering and
probability methods are introduced to analyze the resulting
swarm motion as a spatial-temporal dataset. Finally, the
parameters of the clustering method are optimized over a
large set of simulations to identify the cluster the leader agent
is in.

A. Modified Reynolds Flocking Model

All the simulated swarm behaviors discussed in this paper
include a well-known and one of the mostly used flocking
model in the literature, the Reynolds’ model [19]. Since
we are addressing the problem of leader identification in
swarms, we modified the Reynolds model to incorporate a
leader in the flock. The Reynolds’ flocking model consists
of three steering rules which each agent in the flock executes
at each instance of time. The alignment and cohesion force
components were modified to capture the behaviors of the
agents attracted by the leader. We define the leader and agent
dynamics separately below.

1) Agent Dynamics: Let Dt
i ∈ R2 be the position of agent

i at time t and Vt
i ∈ R2 be the respective velocity. An agent

i neighborhood Nr
i is the set of all agents other than agent

i located within the sensing radius r of agent i. Nr
i ={j ∈ N

and j 6= i | rij ≤ r } where rij is the distance between

agents i and j. All agents have the same sensing radius,
however, the sensing radius of the leader is denoted by rl.
The indicator function INrl

l
(i) gives us the information if the

agent i is in the leader neighborhood as shown below:

INrl
l

(i) =

{
1 i ∈ Nrl

l

0 i 6∈ Nrl
l

(1)

We define the parameter B t
i,i 6=l as below

B t
i,i 6=l =

∑
j∈Nr

i
j 6=i,l

V t
j + INrl

l
(i).LV t

l

|Nr
i |+ INrl

l
(i).L

(2)

where L is the weight factor for the leader and |Nr
i | is the

number of agents in the neighbourhood of agent i. Using Eq.
(2) we define the alignment force F t

alig,i,i6=l ∈ R2 component
acting on agent i at time step t as

F t
alig,i,i6=l =

0 Nr
i = {} and INrl

l
(i) = 0

B t
i,i 6=l

‖B t
i,i 6=l‖

vmax − V t
i otherwise

(3)

where vmax = 2 is the maximum speed of each agent
empirically tuned. The alignment force F t

alig,i,i6=l ensures
that the agent i steers towards the weighted average velocity
of neighboring agents including the leader, if the agent i
belongs to the leader neighborhood.

Furthermore, we define P t
i,i 6=l and cohesion force

F t
coh,i,i 6=l ∈ R2, acting on agent i at time step t, such that

the agent i steers towards the weighted average position of
the neighboring agents including the leader, if the agent i
belongs to the leader neighborhood:

P t
i,i6=l =

∑
j∈Nr

i
j 6=i,l

D t
j + INrl

l
(i).LD t

l

|Nr
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l
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−D t
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F t
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l
(i) = 0

P t
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‖P t
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i otherwise

(5)

The separation behaviour is used to prevent collisions be-
tween the agents. The separation force F t

sep,i,i6=l∈ R2 acting
on agent i at time step t is defined as

F t
sep,i,i6=l =

0 Nr
i = {}

C t
i,i 6=l

‖C t
i,i6=l‖

vmax − V t
i otherwise

(6)

where,

C t
i,i6=l =

∑
j∈Nr

i
j 6=i,l

D t
i − D t

j∥∥D t
i − D t

j

∥∥2 . (7)

Consequently, we combine equations (3), (5) and (6) to
obtain the net acceleration A t

i,i 6=l∈ R2 acting on agent i at
time step t

A t
i,i6=l =

(
w1

F t
alig,i

‖F t
alig,i‖

+ w2
F t
coh,i

‖F t
coh,i‖

+ w3
F t
sep,i

‖F t
sep,i‖

)
amax (8)

where w1 = 1, w2 = 0.2, w3 = 1 are tuned weights, and
amax = 0.5 is the maximum magnitude of acceleration of
the agents empirically tuned.



2) Leader Dynamics: To simulate a leader-follower be-
havior we assign the following characteristics to the leader:
• The leader is given a fixed trajectory,
• other members/agents do not exert force on the leader,
• the leader has a bigger neighborhood radius than other

members,
• while agents communicate with each other and follow

rules of the flocking algorithm, the leader’s position and
velocity are given larger weights in finding cohesion
and alignment forces for other agent(s) in the leader’s
neighborhood.

In the simulations, we decided to define a sinusoidal
motion for the leader, and hence, its acceleration is given
by

A t
l =

[
0

300 sin(2πt/400)

]
(9)

The choice of sinusoidal motion profile is free and it does not
interfere with the proposed algorithm, since the algorithm
is not aware of any pre-prescribed motion profiles for the
leader.

Finally, for all agents, we define unconstrained velocity
qt+1
i such that

qt+1
i = V t

i + A t
i ∆t (10)

where ∆t = 1. Consequently, the velocity V t+1
i and position

D t+1
i of agent i at time step t+ 1 are updated as follows:

V t+1
i =

q t+1
i∥∥q t+1
i

∥∥vmax (11)

D t+1
i = D t

i + V t+1
i (12)

B. Clustering Method

The above model creates a spatial-temporal dataset of a
swarm of agents that interact with each other. Given only
the position of the agents with respect to time, we expect the
agents to form clusters. To identify clusters in the dataset, the
DBSCAN method [17] is a natural choice since it is efficient
in clustering arbitrarily shaped clusters. The application of
the DBSCAN is based a radius value ε and a value np for the
minimum number of points that should be contained within
the ε radius. These two parameters together determine the
density of clusters. For convenience, we define the parameter
set θ = {ε, np}.

Let “clustering” ζt be a partitioning of spatial-temporal
data of agents in a swarm, achieved by DBSCAN method, at
time step t = {1, 2, . . . }. ζt contains clusters C1(t), C2(t), ...
, CNt

(t). LetNt = 1t, 2t, .., Nt. Note that Cm(t)∩Cn(t) = ∅
where m,n ∈ Nt.

C. Probability Method for Leader Identification

We identify the cluster containing the leader using the
following probability method formulation. Let Pi(t) be the
probability of each agent belonging in Cluster Ci(t) at time
step t to be the leader, where i ∈ Nt. Let Xi(t) be the total
number of agents in Cluster Ci(t) at time step t. Then, the
probability of Cluster Ci(t) containing the leader at time step

t is given by PCi(t) = Pi(t)Xi(t). The initial probability
Pi(t=1) is considered proportional to the cluster size and
defined as

Pi(1) = kXi(1) (13)

where k is a constant. The sum of probability of all clusters
containing the leader, at any time step, should be equal to 1.
Hence, we have

Nt∑
i=1t

Pi(t)Xi(t) = 1 (14)

Combining equations (13) and (14) we get

k =
1

Nt∑
i=1t

X2
i (1)

(15)

Substituting the expression of k obtained from above in
equation (13), the probability per agent in Cluster i at t = 1
is obtained as

Pi(1) =
Xi(1)

Nt∑
i=1t

X2
i (1)

(16)

As the simulation progresses, the agents shuffle and make
new clusters. Fig. 1 depicts one such instance of agent
shuffling. To assign the probability to the new cluster, we
use the agent’s cluster history. Each agent in the new cluster
contributes to the new cluster’s probability with information
coming from its previous cluster. Let dij(t) be the number of
agents moved from Cluster Ci(t), at time step t, to Cluster
Cj(t + 1) formed at time step t + 1 where i ∈ Nt and
j ∈ Nt+1. We have,

dij(t) = Ci(t) ∩ Cj(t+ 1) (17)

Fig. 1. New cluster formation with shuffling of agents from previous
clusters.

The probability per agent in Cluster Cj(t+1) at time step
t+ 1 is defined as

Pj(t+ 1) =

Nt∑
i=1t

dij(t)Pi(t)

Nt∑
i=1t

dij(t)

(18)



In other words, the probability of the agents of the new
cluster described by equation (18) is essentially the weighted
average of the probability of those agents in their previous
cluster. The above rule is applied at each step to calculate
each agent’s probability to belong in a cluster that includes
the leader, while it allows cluster merging and splitting.

D. Parameter Optimization

The above method is used to calculate the probability
of each Cluster Ci(t) containing the leader at time step
t, given by PCi

(t) = Pi(t)Xi(t). For reference, we will
denote the methods previously described in subsection B
(clustering) and C (probability calculation) as methods B and
C respectively.

The modified Reynolds flocking model is used to generate
100 different simulations of swarms of 100 agents in two-
dimensional space. Each simulation is executed for 1000 time
steps. Each agent is given random initial conditions. The
parameters used are L = 500, rl = 60 units, r = 30 units,
Tfinal = 1000 frames. A window size of 800 units by 400
units is used for the simulation. To restrict the agents in the
window, agents follow an elastic collision when they hit the
boundary of the window.

The resulted data were provided to method B followed
by method C above. The cluster with the highest probability
of containing the leader at the final time step from each
simulation is considered. We consider that the combined
method (methods B and C combined) gave us the correct
result if that cluster actually contained the leader. Then, we
build an optimization method to find the optimum parameter
set θ = {ε, np} that maximizes the correctness of the leader
prediction over all simulations.

Fig. 2. Cost function values over combinations of the parameters ε and
np.

We define a cost function for the optimization problem.
Let M be the range of the cost function, where M =
{0, 1, 2, .., 100}. θ ∈ Z2 is the optimization variable and
f : Z2 → M, is the cost function. The cost function maps

the parameter set θ to the number of correct results in the 100
simulations. The bounds on ε and np are chosen empirically
for the following optimization problem.

maximize
ε, np

f(θ)

subject to 1 ≤ ε ≤ 80,

1 ≤ np ≤ 10,

ε, np ∈ Z

III. SIMULATIONS AND RESULTS

All algorithms were implemented and executed in
MATLABTM version R2020b (The MathWorks, Natick, MA
USA). Simulation results were computed on a PC running a
64 bit Windows 10 operating system with an Intelr CoreTM

i7-9700 CPU @3.00GHz x 8 and 16GB of RAM.
We initially solved the problem heuristically, by testing all

possible combinations of the integer constraints and parame-
ters. The optimization took about 20 hours to be solved with
parallel computation. After solving the optimization problem
we got that the cost function attains the maximum value of
76, which translates to 76 correct predictions out of 100. This
value corresponded to the optimized parameters ε = 40 and
np = 3. The cost function values over the set of parameters
is shown in Fig. 2.

We also solved the same problem using Particle Swarm
Optimization (PSO) method [20]. We used 20 iterations,
population size= 5, c1 = 4, c2 = 4, and w = 0.99 for
the simulation. The results using the PSO were close to our
optimized set calculated before, i.e., ε = 39 and np = 3 for
which the cost function f(θ) had also a maximum value of
76.

Snapshots of one of the simulations are shown in Fig. 3.
The snapshots show all the agent positions at specific time
instances, the clusters they belong to, while the cluster with
the highest probability of containing the leader is represented
by a convex hull. The leader is also noted. As the simulation
progresses, the cluster containing the leader achieves the
highest probability, as demonstrated in Fig. 3. The video of
the simulation can be found at [21].

Fig. 4 shows the probability of each of the clusters contain-
ing the leader with respect to time for the same simulation
presented in Fig. 3. As it is shown, Cluster 1 starts with the
highest probability, as time progresses Cluster 4 and Cluster
2 also start attracting agents because of the proximity of
agents to those Clusters. We observe that for a short duration
Cluster 4 and Cluster 2 indicate the highest probability of
containing the cluster. Also, the agents in Cluster 3-9 over
the period of time join other clusters and are left with no
agents. We observe that the probability associated with those
clusters goes to 0. In this simulation, given sufficient time,
the actual cluster containing the leader in the simulation
indeed achieves the highest probability.

IV. CONCLUSIONS

In this paper, we considered the problem of identifying the
leader in a swarm of robots. We formulated the problem us-
ing the DBSCAN method for the spatial-temporal dataset to



Fig. 3. Consecutive snapshots of spatial-temporal data of 100 agents with clustering parameters of ε = 40 and np = 3. Snapshots at simulation times
t = 3, 82, 268, 366, 584, 973 are shown in sub-figures (a)-(f) respectively. In each snapshot the leader is shown, while the cluster in a convex hull
represents the cluster with the highest probability of containing the leader. (a) Although the leader is included in the most probable cluster, the agents are
still widespread. (b-c) The cluster with the highest probability does not include the leader. (d-f) The clusters are getting less in number and the leader is
always included in the most probable cluster.

define clusters of agents, and proposed a probability method
to predict the cluster containing the leader. We optimized
the parameters of our method to maximize its accuracy
over a wide range of simulations, specifically 100 different
simulations of agents. The agent and leader dynamics were
governed by a modified Reynolds flocking model.

Results demonstrated that our proposed method could
predict the cluster containing the leader with 76% accuracy.
We observed that the cases where the unlabeled data, i.e.,
agents which do not belong to any cluster, had more than
13% of all agents initially, contributed to 20.8% of incorrect
results at the end of the simulation (t = 1000). We also
observed that 45.8% of the incorrect results had an initial
cluster containing more than 60% of all agents.

The contribution of this work can be found in an optimized
methods for identifying a leader agent in a swarm of agents
governed by a modified Reynolds flocking model. This
problems has not been sufficiently explored in the past and
the current work provides a foundation for addressing it.
Since the flocking model can be applied to both biological
and artificial swarms, the proposed method can be considered
as a very useful tool for identifying behaviors of swarms, that
could be used to make future predictions of their motions or
better understand their behavior.

Future developments include further analysis of the
method in swarms with multiple leaders. Moreover, our plan
is to introduce a human observer in the loop that could further
improve the combined human-machine predictions.



Fig. 4. Probability of clusters containing the leader with respect to time.
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