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An Adaptive Fuzzy Reinforcement Learning Cooperative Approach for
the Autonomous Control of Flock Systems

Shuzheng Qu, Mohammed Abouheaf, Wail Gueaieb, and Davide Spinello

Abstract— The flock-guidance problem enjoys a challenging
structure where multiple optimization objectives are solved
simultaneously. This usually necessitates different control ap-
proaches to tackle various objectives, such as guidance, collision
avoidance, and cohesion. The guidance schemes, in particular,
have long suffered from complex tracking-error dynamics.
Furthermore, techniques that are based on linear feedback
strategies obtained at equilibrium conditions either may not
hold or degrade when applied to uncertain dynamic environ-
ments. Pre-tuned fuzzy inference architectures lack robustness
under such unmodeled conditions. This work introduces an
adaptive distributed technique for the autonomous control of
flock systems. Its relatively flexible structure is based on online
fuzzy reinforcement learning schemes which simultaneously
target a number of objectives; namely, following a leader,
avoiding collision, and reaching a flock velocity consensus. In
addition to its resilience in the face of dynamic disturbances,
the algorithm does not require more than the agent position
as a feedback signal. The effectiveness of the proposed method
is validated with two simulation scenarios and benchmarked
against a similar technique from the literature.

I. INTRODUCTION

The increasing complexity and diversity of modern robotic
fields have raised new challenges and imposed limitations
on various multi-agent robotic applications. For instance,
many of such systems lack the autonomy required to control
the collective behavior of a fleet of self-driving vehicles
on a highway. Distributed control paradigms thrive in this
domain [1], [2]. They provide an alternative solution based
on relaxing the inter-dependency requirements among the
agents, such as the communication range of each agent, the
amount of information required about its surrounding agents
and the environment, etc. A key aspect about any distributed
controller is its ability to optimize a set of simultaneously
conflicting local and team objectives. The underlying control
methods are often based on theories of feedback mechanisms
and communication graphs [3], [4].

The behavior of large numbers of interacting agents, such
as flocks of flying birds and fish schools, is used in the
study the cooperative dynamical systems [5], [6]. Sliding
mode methods are employed to achieve coordination of
multi-agent systems in [7], [8]. A neighbor-based tracking
control scheme with distributed estimators is applied to
advise distributed tracking strategies in [9]. Relevant control
approaches relied on the existence of a virtual leader or
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a moving target in mobile sensor networks [10], [11]. A
common shortcoming to all these techniques is their depen-
dence on the prior knowledge of a system model that is free
of unstructured uncertainties. A distributed adaptive strategy
that is based on a backstepping scheme is adopted to solve
a consensus control problem in [12]. The tracking problem
of fractional-order multi-agent systems is addressed in [13]
using adaptive strategies with neural network approximators.

Reinforcement Learning (RL) is a machine learning tool
that allows agents to learn the best strategies to solve certain
problems upon interacting with unknown environments [14],
[15]. They do so by tracing the usefulness of being at a
certain state while following some action in order maxi-
mize a cumulative reward criterion to eventually reach a
target state. RL techniques offer flexible adaptations while
interacting within complex environments [16]. They are
usually implemented using either a Value Iteration or a
Policy Iteration algorithm. A distributed fusion-based search
strategy is developed to expedite the locomotion learning
process for robots in [17]. RL has helped with various robotic
applications, such as unmanned flexible wing aircraft [18],
[19], autonomous helicopters [20], crowd aware robot nav-
igation [21], multi-robot predator avoidance [22], guidance
for biped humanoid robots [23], multi-robot collision avoid-
ance [24], and efficient driving systems [25]. RL-based path-
following control mechanisms for unmanned surface vehicles
and unmanned aerial vehicles are presented in [26], [27].
To help approximate the unknown value function and the
associated optimal strategy, actor-critic neural networks are
usually utilized [14]. The actor-critic structures have been
adopted for cooperative control problems, such as graphical
games and mobile sensor networks [28]–[30]. Despite their
high potential in learning how to interact with ill-defined
environments, RL schemes suffer from a major shortcoming
stemming from the discrete (non-smooth) nature of their
action space, which may lead to a “jerky” behavior when
they are applied to control a real-world system. However,
this is possible to solve by combining them with a fuzzy
logic engine, taking advantage of its nonlinear approximation
ability, to a get fuzzy RL algorithm with a continuous output
space.

Fuzzy logic owes its popularity to its ability to incorporate
human-like expertise in controlling complex systems in a
model-free fashion. It does so by defining the acquired
meta knowledge about the system’s functionality in terms of
linguistic relations [31]. Fuzzy logic is employed to identify
and control nonlinear dynamical systems in [32]. Relevant
fuzzy schemes have been applied in many processes, like
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temperature control [33], autonomous wheeled robot naviga-
tion [34], and vehicle guidance [35]. They can be augmented
with neural networks to automate their parameter-tuning
process. For example, a neurofuzzy algorithm is designed
to control a robotic manipulator in [36]. Fuzzy schemes are
used to guide mobile robots to follow a leader and to avoid
obstacles in [37], [38]. A collision avoidance approach based
on an extended Takagi-Sugeno-Kang (TSK) inference system
is proposed for a flock system in [4].

This work contributes an online fuzzy RL process that
guides the motion of a flock. This is done while si-
multaneously compromising between competing local and
team objectives. This architecture benefits novel model-free
collision-avoidance and tracking mechanisms. It addresses
concerns related to the dependence of the guidance control
laws on prior knowledge about the dynamical models of
the agents or the environment [3], [39], [40]. Further, it
enables online tuning of the fuzzy inference system without
relying on a computationally exhaustive fuzzy Q-Learning
search process. The rest of the paper is organized as follows:
Section II formulates the problem and introduces a high level
of the proposed control structure. The tracking, collision
avoidance, and consensus control policies are detailed in
Sections III, IV, and V, respectively. Section VI presents and
discusses the simulation results. Finally, Section VII offers
some concluding remarks.

II. PROBLEM FORMULATION AND CONTROL STRUCTURE

We now formally define the cooperative control problem
of a flock of N agents communicating over a fully connected
undirected graph. The goal is to make the flock follow a
leader while satisfying a set of constraints. The leader does
not have to be a physical agent. It may represent a virtual
time-dependent signal or trajectory that would command
the agents behavior. The problem is casted in a trajectory-
tracking or pursuer-evader framework. The mobile agents are
set to navigate in a 2D plane. The motion of each agent i is
governed by

pi
k+1 = pi

k + T qi
k qi

k+1 = qi
k + T ui

k

where pi
k = [xi

k yik]
T ∈ R2 and qi

k = [vi,xk vi,yk ]T ∈
R2 denote the position and linear velocity, respectively, of
agent i ∈ {1, 2, . . . , N} at discrete-time index k ∈ N, T
is the sampling time, and ui

k = [ui,x
k , ui,y

k ]T ∈ R2 is the
control signal commanding the acceleration in the x- and y-
directions. The control signals of all the agents are calculated
by the proposed control algorithm, except the one for the
leader ℓ ∈ {1, . . . , N}, which is generated by an independent
command generator. The location-measurements of the flock
are set to be available for each agent.

The aim of the flock is to satisfy the following objec-
tives simultaneously: 1) track the leader; 2) keep a safe
distance among the agents; and 3) reach a velocity consensus.
The latter requirement involves an information layer among
the agents. The agents have to manage the occasionally
conflicting nature of such goals to reach the best possible
compromise. They collectively search for a decision making

policy that balances the local and team objectives. The
local objective for each agent is to avoid colliding with
its neighbors while staying close to the flock’s focus area;
while the team objectives involve reaching consensus on
velocity for the flock and successfully following the leader.
Thus, the above three objectives can be formally described
by the following respective relations for each pursuer i ∈
{1, . . . , N} \ {ℓ}:

lim
k→∞

∥∥pi
k − pℓ

k

∥∥ = 0 (1a)

lim
k→∞

∣∣∣ζik − ζjk

∣∣∣ ≥ d, ∀ζ ∈ {x, y}, ∀j ∈ Ni (1b)

lim
k→∞

vi,ζk = vi,∗k (1c)

where Ni denotes the set of neighboring agents to agent i, d
is a safety distance, vi,∗k is a consensus speed, and ζ ∈ {x, y}
refers to either the x or y component.

To satisfy these objectives, the control command of each
pursuer i ∈ {1, . . . , N} \ {ℓ} is formulated as an aggregate
of three auxiliary signals

ui,ζ
k = ui,ζ

t,k + ui,ζ
s,k + ui,ζ

c,k. (2)

The first term ui,ζ
t,k is the tracking or navigation control

signal. It is defined as a function of the agent’s and leader’s
positions, ui,ζ

t,k = f i
t,ζ(ζ

i
k, ζ

ℓ
k), which handles the conflicts

pertaining to these positions. The separation or collision
avoidance control of agent i, ui,ζ

s,k, is applied to avoid
colliding with agents j in its neighborhood Ni in the ζ
direction. It depends on the agent’s position relative to its
neighbors and is set as

ui,ζ
s,k = f i

s,ζ(ζ
i
k, ζ

j
k) =

∑
j∈Ni

uij,ζ
s,k

|Ni|
(3)

where |Ni| denotes the cardinality of Ni and uij,ζ
s,k refers

to the opinion or partial separation control signal taken by
agent i due to each agent j ∈ Ni. Finally, the synchronization
goal is to guide all the pursuers to reach consensus on a
common velocity. This is achieved by a consensus protocol
ui,ζ
c,k = f i

c,ζ(v
i,ζ
k , vj,ζk ), ∀j ∈ Ni, which is defined in terms

of the velocities of each agent and its neighbors.
This framework can be employed in many useful appli-

cations, including UAV monitoring and surveillance, area
coverage, and mobile sensor networks, to name a few. This
work does not consider the limitations imposed by the time-
varying graph typologies.

III. TRACKING CONTROL MECHANISM

The section addresses the computation of the tracking
control signal ui,ζ

t,k.

A. Optimization Framework

Let Ei,ζ
k = [ζik − ζℓk, ζik−1 − ζℓk−1, ζik−2 − ζℓk−2]

T ∈ R3

be an error signal vector corresponding to agent i at time
index k, representing a time window of the recent tracking
error measurements between the agent’s position and that
of the leader. The choice of the number of tracking error
instances depends on the complexity of the problem to solve.



In our case, a time window of three components provided
a satisfactory compromise between accuracy and computa-
tional complexity. In order for each agent i to measure the
quality of its tracking control strategy ui,ζ

t,k, a performance
index χi,ζ

0 =
∑∞

k=0 U
i,ζ
k (Ei,ζ

k , ui,ζ
t,k) is proposed, where U i,ζ

k

is an objective function that is designed to be quadratic and
convex

U i,ζ
k (Ei,ζ

k , ui,ζ
t,k) =

1

2

[
Ei,ζT

k QiEi,ζ
k +Ri(ui,ζ

t,k)
2
]

(4)

where 0 < Qi ∈ R3×3 and 0 < Ri ∈ R are some weighting
factors corresponding to the tracking error vector and the
control signal, respectively. When applied to matrices, the
notations “> 0” and “≥ 0” denote positive definite and
positive semi-definite matrices, respectively.

Motivated by the structure of the performance index χi,ζ

and cost function (4), a solving value function V i,ζ is
formulated as

V i,ζ(Ei,ζ
k , ui,ζ

t,k) =
1

2

[
Ei,ζ

k

T
ui,ζ
t,k

]
Hi,ζ

[
Ei,ζ

k

ui,ζ
t,k

]

such that, Hi,ζ ≡

Hi,ζ
Ei,ζEi,ζ Hi,ζ

Ei,ζui,ζ
t

Hi,ζ

ui,ζ
t Ei,ζ

Hi,ζ

ui,ζ
t ui,ζ

t

 ∈ R4×4

where Hi,ζ > 0, Hi,ζ

ui,ζ
t ui,ζ

t

∈ R, and Hi,ζ

ui,ζ
t Ei,ζ

∈ R1×3.
This results in the following temporal difference (Bellman)
equation

V i,ζ(Ei,ζ
k , ui,ζ

t,k) = U i,ζ
k (Ei,ζ

k , ui,ζ
t,k) + V i,ζ(Ei,ζ

k+1, u
i,ζ
t,k+1).

Applying the optimality principle by taking
argminui,ζ

t,k

(
V i,ζ(Ei,ζ

k , ui,ζ
t,k)
)

yields the optimal strategy-
to-follow that is given by

u
i,ζ(o)
t,k = −

(
Hi,ζ

ui,ζ
t ui,ζ

t

)−1

Hi,ζ

ui,ζ
t Ei,ζ

Ei,ζ
k . (5)

Employing the optimal policy in Bellman equation yields the
Bellman optimality relation

V i,ζ(o)(Ei,ζ
k , u

i,ζ(o)
t,k ) = U i,ζ

k (Ei,ζ
k , u

i,ζ(o)
t,k )

+ V i,ζ(o)(Ei,ζ
k+1, u

i,ζ(o)
t,k+1) (6)

This equation is solved simultaneously by each agent i so
that the agents can eventually converge to optimized tracking
strategies.

In this work, a two-step technique, known as Value Itera-
tion, is applied to concurrently solve Bellman optimality (6)
using optimal policy (5) as follows:

V i,ζ(r+1)(Ei,ζ
k , ui,ζ

t,k) = U i,ζ
k (Ei,ζ

k , u
i,ζ(r)
t,k )

+ V i,ζ(r)(Ei,ζ
k+1, u

i,ζ(r)
t,k+1)

u
i,ζ(r+1)
t,k = −

(
H

i,ζ(r)

ui,ζ
t ui,ζ

t

)−1

H
i,ζ(r)

ui,ζ
t Ei,ζ

Ei,ζ
k

till convergence [14]. This procedure leads to a converging
nondecreasing sequence of solving value functions 0 ≤
V i,ζ(0) ≤ V i,ζ(1) ≤ · · · ≤ V i,ζ(r) ≤ · · · ≤ V i,ζ(o) [41].

B. Neural Network Approximation

An actor-critic approach is employed by each agent to
execute the Value Iteration process. The actor is realized
by a neural network approximator to estimate the optimal
tracking strategy (5). Another neural network is designed to
implement the critic which approximates the optimal value
function defined in (6).

The structures of the actor and critic approximators are
motivated by the those of the optimal policy ui,ζ

t,k(o) and
optimal value function V i,ζ(o). To this end, the optimal
policy is approximated as ûi,ζ

t,k = ωi,ζEi,ζ
k , where ωi,ζ ∈

R1×3 is a row vector of the actor approximation weights.
Similarly, the optimal value function V i,ζ(o) is estimated by

V̂ i,ζ(Ei,ζ
k , ûi,ζ

t,k) =
1

2

[
Ei,ζT

k ûi,ζ
t,k

]
Ωi,ζ

[
Ei,ζ

k

ûi,ζ
t,k

]

such that, Ωi,ζ ≡

Ωi,ζ
Ei,ζEi,ζ Ωi,ζ

Ei,ζ ûi,ζ
t

Ωi,ζ

ûi,ζ
t Ei,ζ

Ωi,ζ

ûi,ζ
t ûi,ζ

t

 ∈ R4×4

where Ωi,ζ > 0, Ωi,ζ

ûi,ζ
t ûi,ζ

t

∈ R, and Ωi,ζ

ûi,ζ
t Ei,ζ

∈ R1×3.
A gradient descent approach is applied for the online

training of the neural networks. The target approximation
values of the optimal strategy and the optimal value function

can be expressed as ũi,ζ
t,k = −

(
Ωi,ζ

ûi,ζ
t ûi,ζ

t

)−1

Ωi,ζ

ûi,ζ
t Ei,ζ

Ei,ζ
k

and Ṽ i,ζ
k = U i,ζ

k (Ei,ζ
k , ûi,ζ

t,k) + V̂ i,ζ(Ei,ζ
k+1, û

i,ζ
t,k+1), respec-

tively. As a result, the actor and critic approximation er-

rors are ε
i,ζ(actor)
t,k = 1

2

(
ûi,ζ
t,k − ũi,ζ

t,k

)2
and ε

i,ζ(critic)
t,k =

1
2

(
V̂ i,ζ(Ei,ζ

k , ûi,ζ
t,k)− Ṽ i,ζ

k

)2
, respectively. Applying the

gradient along the direction minimizing the errors yields the
following weight update laws

ωi,ζ(r+1) = ωi,ζ(r) − ρa

(
ε
i,ζ(actor)
t,k Ei,ζ

k

)(r)
(7)

Ωi,ζ(r+1) = Ωi,ζ(r) − ρc

(
ε
i,ζ(critic)
t,k Zi,ζT

t,k Zi,ζ
t,k

)(r)
(8)

where Zi,ζ
t,k = [Ei,ζT

k ûi,ζ
t,k ], r is the iteration index of the

weight update loop, and 0 < ρa, ρc < 1 are the learning
rates of the actor and critic, respectively.

IV. SEPARATION CONTROL MECHANISM

The separation control objective aims to prevent agents
from colliding by imposing a safety distance between the
agents. The RL protocol is designed such that it penalizes
agents that are closer or further to each other than they
should. Each agent i aggregates its decision based on its
relative distance from its neighboring agents j ∈ Ni, as
described by (3). The mechanism is realized through a
zero-order Tagaki-Sugeno (TS) fuzzy logic inference engine
with an online adaptation capability based on an actor-critic
scheme. The synergistic integration of fuzzy logic and con-
nectionist modeling theories has been exploited in the past
to provide an approximate dynamic programming solution
of the separation control problem [15], [42]. The merit of
such adaptive fuzzy-RL scheme is its ability to approximate



the highly nonlinear system’s input-output relationship, using
attractive-repulsive potential functions, on which it builds its
optimized policy. Furthermore, it solves the granularity issue
associated to the output space of classical RL approaches by
converting it from a discrete action space to a continuous
one.

A. Zero-Order TS Fuzzy Inference System

One of the most salient features of fuzzy logic is its
ability to control complex systems characterized by dynamic
uncertainties without the need for their precise mathematical
models. It does so by incorporating human-like expertise,
in the form of if-then rules, for the control of such ill-
defined systems. An A-input single-output zero-order TS
fuzzy system employs P rules. Each rule p ∈ {1, . . . ,P}
is of the form

If θ1 is Γ(p)
m1

, . . . , and θA is Γ(p)
mA

Then u(p) = ϕ(p),

where input θa, a ∈ {1, . . . , A}, is an antecedent fuzzy
variable, Γ

(p)
ma is a linguistic label associated to fuzzy set

ma, u(p) is a consequent fuzzy variable, and ϕ(p) ∈ R
is a singleton. The firing strength of rule p is Ψ(p) =[∏A

a=1 η
Γ(p)
ma (θa)

]/∑P
p=1

(∏A
a=1 η

Γ(p)
ma (θa)

)
where ηΓ

(p)
ma

is a membership function associated to Γ
(p)
ma . The fuzzy

engine’s inferenced output is computed through a defuzzi-
fication process as uFuzzy =

∑P
p=1 Ψ

(p)ϕ(p).

B. Adaptive Critics Fuzzy System

A zero-order TS fuzzy system is adopted by each agent i
to compute a separation signal uij,ζ

s,k to control its proximity
to agent j, ∀j ∈ Ni. The fuzzy engine takes a single input
fuzzy variable ζ̃ijk =

∣∣∣ζik − ζjk

∣∣∣ − d, where d is the desired
safety distance. With such a single-input single-output fuzzy
system, rule p becomes of the form

If ζ̃ijk is Γ(p)
m1

Then u
ij,ζ(p)
s,k = ϕij,ζ(p).

The firing strength Ψ
ij,ζ(p)
k of rule p and the defuzzified

output uij,ζ
s,k of the fuzzy system are computed as described

above (with A = 1).
In order to design an adaptive law to tune the consequent

membership function ϕij,ζ(p) of each rule p, the quality
of the taken actions are assessed using a value function,
which is approximated by a critic neural network Sij,ζ

k =∑P
p=1 Ψ

ij,ζ(p)
k Φij,ζ(p) with Φij,ζ(p) being the critic weight

corresponding to rule p. A temporal difference equation can
be formed in terms of the value function Sij,ζ

k (ζ̃ijk ) and a
reward function Rij,ζ

k as Sij,ζ
k (ζ̃ijk ) = Rij,ζ

k + Sij,ζ
k+1(ζ̃

ij
k+1).

The learning process of the actor and critic weights relies
on such temporal difference equations. The control objective
here is to maximize instant rewards Rij,ζ

k based on the
distance ζ̃ijk , ∀k. Hence, the temporal difference error is
represented by T ij,ζ

k = Sij,ζ
k (ζ̃ijk )−

(
Rij,ζ

k + Sij,ζ
k+1(ζ̃

ij
k+1)

)
.

Applying a gradient-based descent approach, the update law

of the actor weights is then

ϕij,ζ(p)(r+1)
= ϕij,ζ(p)(r)−αa

(
sign

(
T ij,ζ
k

) ∂uij,ζ
s

∂ϕij,ζ(p)

)(r)

= ϕij,ζ(p)(r) − αa

(
sign

(
T ij,ζ
k

)
Ψij,ζ(p)

)(r)
(9)

where 0 < αa < 1 is a learning rate. Similarly, the
adaptative law of the critic weights is derived from the
temporal difference evaluation T ij,ζ

k as

Φij,ζ(p)(r+1)
= Φij,ζ(p)(r) − αc

((
T ij,ζ
k

) ∂Sij,ζ
k

∂Φij,ζ(p)

)(r)

= Φij,ζ(p)(r) − αc

((
T ij,ζ
k

)
Ψij,ζ(p)

)(r)
(10)

for a learning rate 0 < αc < 1. This adaptive critics structure
is implemented by agent i in each direction ζ to provide an
aggregate separation policy ui,ζ

s,k defined by

ui,ζ
s,k =

∑
j∈Ni

P∑
p=1

Ψ
ij,ζ(p)
k ϕij,ζ(p)

|Ni|
. (11)

The resulting control process provides each agent with an
online collision avoidance mechanism without the need to
undergo many offline training episodes before applying the
right decision [15].

V. CONSENSUS CONTROL MECHANISM

The flock of agents is guided to reach a consensus on a
common flock velocity using a communication layer desig-
nated by a graph topology. An undirected fully connected
graph G = {N , E} is adopted for this purpose, where
N = {δi}i=1,...,|N | is the set of nodes of cardinality |N |
and E = {(δi, δj) ∈ N 2} is the set of edges representing the
communication links between the agents [3]. We will denote
the connectivity weights associated to every edge (δi, δj) ∈ E
by cij = cji, j ̸= i, with cii = 0. The local consensus
protocol followed by each agent i is set to

ui,ζ
c,k = −

∑
j∈Ni

cij(v
i,ζ
k − vj,ζk ). (12)

Hence, the consensus control decisions for all agents can
be presented collectively by uζ

c,k = −Lvζ
k, where uζ

c,k =

[u1,ζ
c,k u2,ζ

c,k . . . uN,ζ
c,k ]T , vζ

k = [ v1,ζk v2,ζk . . . vN,ζ
k ]T , and

L is the graph Laplacian. Let C = [cij ] ∈ R|N |×|N| be the
graph’s adjacency matrix and Cd = [cdii] ∈ R|N |×|N| be a
square diagonal matrix where cdii =

∑
j∈Ni

cij . Then, L =

Cd−C. The convergence speed of this process is governed
by the second eigenvalue associated with Fiedler Eigenvector
of the graph Laplacian L [43]. As a result, the consensus
relies on the graph topology as well as the cohesion features
implicitly imposed by the tracking control law.

VI. SIMULATION RESULTS AND DISCUSSION

Two simulation scenarios are set up to validate the perfor-
mance of the proposed adaptive fuzzy-RL algorithm. The



first assigns a mobile agent as a leader and commands
it to navigate in a circular trajectory defined by xℓ

k =
5 cos(0.03k), yℓk = 5 sin(0.03k). 20 other agents (followers)
are then controlled by the fuzzy-RL algorithm to achieve the
goals casted by (1). The agents’ initial positions and veloc-
ities are randomly selected within the ranges of [−5 5 ] m
and [ 0 1 ] m/s, respectively. The linear velocities in the
x- and y-directions are bound to [−10 10 ] m/s. A reward
function Rij,ζ

k is designed to give the highest value when the
distance between the agents is equal to the target value d.

Rij,ζ
k =


−ζ̃ijk , if ζ̃ijk > 0

3, if ζ̃ijk = 0
3ζ̃ij

k

d , if ζ̃ijk < 0

The fuzzy logic engine is designed with five symmetric
triangular membership functions as follows:

ηΓm1 (ζ̃ijk ) =


0, if ζ̃ijk < tl
ζ̃ij
k −tl
tc−tl

, if tl ≤ ζ̃ijk ≤ tc
th−ζ̃ij

k

th−tc
, if tc ≤ ζ̃ijk ≤ th

0, if ζ̃ijk > th

The membership functions are centered around
tc ∈ {−6,−3, 0, 3, 6} with tl = th = 1.5. The input universe
of the fuzzy logic controller is set to (−7.5, 7.5). These
parameters reflect the action and state spaces for each agent,
while the consequences of the fuzzy rules are decided online
using the adaptive actor-critic structures. The remaining
simulation parameters are taken as: Qi = I3×3, Ri = 1,
ρc = 10−7, αc = 0.05, ρa = 10−2, αa = 0.1, d = 2m,
T = 0.1 s. The neighborhood Ni, for each follower i, is
defined to be Ni = {δj}j=1,...,N \ {δi, δℓ}. This makes
|Ni| = 19, since N = 21. In order to quantitatively assess
the performance of the proposed algorithm, the following
objective measures are adopted: The average separation
error for each follower i at time index k is measured as
Oi

s,k =
[∑

j∈Ni

(∥∥∥pj
k − pi

k

∥∥∥− d
)]/

|Ni|. The overall
average tracking error, separation error, and velocity
are measured as Ot,k =

(∑
i̸=ℓ

∥∥pi
k − pℓ

k

∥∥)/(N − 1),

Os,k =
(∑

i ̸=ℓ O
i
s,k

)/
(N − 1), and Ov,k =(∑

i ̸=ℓ

∥∥qi
k

∥∥)/(N − 1), respectively.

The results are shown in Fig. 1. The performance is
compared with a similar technique proposed by Gu et al.
in [3]. Fig. 1a reveals the circular paths of the agents, where
the start and end locations are indicated by a triangle and
a circle, respectively. It is interesting to notice that with the
adaptive fuzzy-RL method, not only do all the signals reach
their respective steady states faster than with Gu’s method,
they do so within less than 2 s. Although this comes at the
expense of a larger variation (standard deviation) for the
average tracking and average separation errors, the agents
reach a consensus on almost the exact same velocity with
practically a nil standard deviation compared to Gu’s method
(Fig. 1d). The proposed method led to a significantly lower
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n 
[m

]

(a) Phase plane plot

(b) Average tracking error Ot,k

(c) Average separation error Os,k

(d) Average follower velocity Ov,k

Fig. 1: Simulation results of Scenario 1



average tracking and average separation errors than Gu’s
controller. The average separation error with the adaptive
fuzzy-RL algorithm rapidly converged to practically zero,
outperforming Gu’s algorithm whose error converged to 1m.
This means that while maintaining the competing objectives,
the desired overall separation is achieved among the agents.

The second simulation is designed to test the online ability
of the fuzzy-RL controller to adapt to dynamic disturbances
while the agents are in action. To that end, the flock starts off
as in the first simulation, but with the following changes: 1) at
time t = 10 s, 4 of the 20 followers are decommissioned;
2) at t = 20 s, the leader changes its trajectory from a circular
to a linear trajectory defined by vℓ,xk = 1.7321, vℓ,yk = 1m/s
(a linear motion with a heading of 30◦); and 3) at t = 30 s,
the safety distance d is changed from 2 to 2.5m.

The results of this scenario are depicted in Fig. 2. They
are not compared with Gu’s algorithm this time because it
was not designed to be adaptive to dynamic variations. Its
feedback policies are based on fixed control gains. The 4
agents decommissioned at t = 10 s are identified in green
in Fig. 2a. The figure demonstrates how the followers are
able to globally track the leader regardless of the sudden
change in trajectory or the number of active agents. The
average tracking error, separation error, and velocity, rapidly
converged right after each disturbance. Their standard devia-
tions were not much affected by the changes in the simulation
conditions. Nevertheless, the average separation error was the
signal that is most affected by varying the safety distance
from 2 to 2.5m at t = 30 s. It goes from almost zero
right before the change to about −0.75m after it. On the
other hand, Fig. 2d shows that the standard deviation of the
consensus velocity converges to an insignificant value after
each disturbance.

VII. CONCLUSION

An adaptive distributed online fuzzy reinforcement learn-
ing approach is proposed for the autonomous control of flock
systems. It tries to simultaneously compromise three objec-
tives: 1) tracking a leader; 2) avoiding collisions by main-
taining a predefined safety distance between the neighboring
agents; and 3) reaching a velocity consensus among the flock.
The algorithm guides the flock towards a leader by applying a
reinforcement learning scheme that is only dependent on the
agent position feedback signals. The collision avoidance is
realized by means of an adaptive fuzzy inference system that
is based on its own reinforcement learning process. Finally,
a graph-based protocol is employed to enable consensus
on a common flock velocity. In addition to its flexible
and simple structure, the proposed algorithm is shown to
possess a number of other salient features, such as fast
convergence and online adaptability to dynamic disturbances.
More specifically, it is proved to be relatively insensitive
to the sudden changes in the leader’s trajectory, number of
active agents, and the target separation distance between the
agents. The algorithm’s superiority was demonstrated against
a similar technique proposed in the literature.
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