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Abstract. In this paper we aim to discuss adaptive ﬂocking control of
multiple Unmanned Ground Vehicles (UGVs) by using an Unmanned
Aerial Vehicle (UAV). We utilize a Quadrotor to provide the positions of
all agents and also to manage the shrinking or expanding of the agents
with respect to the environmental changes. The proposed method adaptively causes changing in the sensing range of the ground robots as the
quadrotor attitude changes. The simulation results show the eﬀectiveness
of proposed method.
Keywords: Hybrid system
UGVs

1

·

Multi-agent

·

Flocking control

·

UAVs

·

Introduction

Multi-agent control has attracted a lot of interests in recent years. A multi-agent
system consists of a group of agents (for instance: robots, vehicles, etc.) cooperating with each other to do a task. The importance of multi-agent systems is
shown speciﬁcally when a single agent can not easily solve a problem by itself.
Utilizing a team of robots has several advantages over a single one such as: (i)
there are some intrinsically distributed tasks, (ii) working multiple robots simultaneously, parallelizable problems can be solved in less time, (iii) minimizing the
eﬀects of failure by working together to accomplish the same task [1, 2].
The applications of multiple robots include but not limited to rescue operations, environmental monitoring, robot-soccer and target tracking [1–6]. Search
and rescue operations are deﬁnitely among the most important tasks that should
be done when natural and/or manmade disasters such as earthquakes, tsunamis
or explosions happen. Disaster environments are always hazardous and dangerous for people. In past years, researchers mostly focused on UGVs for employing
them in search and rescue operations. Recently, UAVs attract many researchers
because of their various capabilities. Employing UAVs and UGVs together as a
hybrid system, UAVs could cooperate with UGVs to better accomplish the tasks.
Utilizing hybrid systems raises speciﬁc challenges and questions. Why do we
need hybrid systems? What are their advantages? What kind of UAVs are more
appropriate for hybrid systems? What kind of constraints need to be considered?
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What are the challenges of using hybrid systems? Because of the challenges
of disaster environments (i.e., buildings pose 3-D constraints on visibility, low
visibility, communication, GPS, etc.) a network of aerial and ground vehicles
working in cooperation is more beneﬁcial. Also in noisy cluttered environments
top layer UAVs, by relying on measurements from the GPS/IMU and camera
parameters, could help bottom layer UGVs by providing localization data and
acting as communication relays. For example UAVs at the higher attitude could
localize UGVs using a sequence of images taken which relates the position of the
robot in a global coordinate frame with its pixel coordinates in the image or by
using a set of known landmarks in the image.
Furthermore, having adaptive formation for multiagent systems seems to
be more practical compared with ﬁxed formation of the system. Changing the
formation can be caused by several reasons that include but not limited to:
(i) Covering the greater part of the environment: In some application such as
mapping an area, it is important that the multiagent system has the ability to spread out or gather. Therefore, by having the ability to change the
formation, the agents can successfully accomplish the predeﬁned mission.
(ii) Moving along an obstacle or through obstacles: Changing the formation in
case of facing an obstacle is a preferable way to avoid collision.
“Formation control is a multi-agent application where the objective is for
the robotic network to move into a desired formation (particular pattern, i.e.,
triangular) and to accomplish the desired task” [6]. There are diverse approaches
for formation control of a multi-agent system such as: the behavior based, virtual
structure, leader follower, and graph theoretical approaches [3].
In the leader-follower approach, several mobile robots are chosen as leaders
and the rest of robots as followers. The leaders track predeﬁned trajectories
while the followers chase after the leaders. The main advantage of this method
is its simplicity [3]. The goal of virtual structure method is to force a group of
agents to stay in a rigid formation [5]. However, existing approaches have some
limitations dealing with the terrain changes, for example when the UGV ﬂeet has
to pass a narrow space through a diﬃcult terrain. Formation of the ﬂeet might
be changed or the connectivity of them might be lost. Also, the ﬂeet might get
stuck and this would aﬀect the tracking performance. Furthermore, it is diﬃcult
for each agent to sense the whole area and estimate the size of the obstacles or
the passing space among them. Therefore, designing an adaptive ﬂocking control
by utilizing a UAV to providing the global information about the environment
is an interesting and challenging task.
The main contribution of this paper is to propose a new approach to the
adaptive ﬂocking control with the consideration of utilizing a quadrotor to provide the position information for ground agents and to manage their shrinking
or expansion through altitude adaptation so the collision and obstacle avoidance could perform more eﬀectively. The proposed hybrid system idea can allow
ground agents to shrink or expand to eﬀectively avoid the obstacles due to the
diﬃcult terrain. The simulation results for the proposed work is given (Fig. 1).
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Fig. 1. Agents shrinking and expansion due to the terrain changes.

The rest of the paper is organized as follows. The next section presents modeling of both UGVs and UAV. Section 3 addresses the problem deﬁnition and our
proposed formulation for hybrid system. The simulation results are presented in
Sect. 4. The conclusion of the paper is provided in Sect. 5.

2
2.1

Preliminaries
Modeling Unmanned Ground Vehicles

We consider the ﬂocks topology for modeling the Unmanned Ground Vehicles
(UGVs) in this paper. It is based on the model introduced by Olfati-Saber [7] in
2006. Assuming that n agents are moving in an m dimensional space (m = 2, 3),
the equation of motion of each dynamic agent could be described as follow:

q̇i = pi
(1)
ṗi = ui , i = 1, 2, ..., n
are position,velocity, and control input of the agent i
where qi , pi , ui ∈
respectively. Let us consider a dynamic graph G(υ, ε) consisting of a set of edges
and vertices as follow: υ = {1, 2, ..., n}, ε ⊆ {(i, j) : i, j ∈ υ, j = i}. In topology
of ﬂocks each agent is represented by a vertex and each edge shows that there
exists a communication link between two agents. The neighborhood set of agent
i could be deﬁned by
Niα = {j ∈ υα : qj − qi  < r, j = i}

(2)

where r is an interaction range between two agents and | ·  is the Euclidean
. By solving the following set of algebraic conditions, a geometric
model of ﬂocks (α -lattice) [7] could be described:
 qj − q i  = d

∀j ∈ Niα

(3)
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where d (a positive constant) is the distance between two neighbors i and j.
The above equation causes a singularity for the collective potential function
at qi = qj . To resolve the aforementioned problem, (3) could be rewritten as
follow [7]:
(4)
 qj − qi σ = dα ∀j ∈ Niα
where dα =
 dσ and  ·σ is called σ-norm which is deﬁned as follow:
2
1
 z =  [ 1 +  z − 1],  > 0. For a vector z, σ
to
IR ≥ 0. The new map (i.e.,  zσ ) is diﬀerentiable everywhere while the Euclidean norm (i.e.,  z) is not diﬀerentiable at z = 0. A smooth collective potential
which is induced by the above constraints is obtain from: V (q) =
function

1
ψ
ψ (z) is a smooth pairwise potential function
i
j=i α ( qj − qi σ ). where
2
z α
which is deﬁned by ψα (z) = dα φα (s)ds. Here φα (z) = ρh (z/rα )φ(z − dα ),
√
φ(z) = 12 [(a + b)σ1 (z + c) + (a − b)] and σ1 (z) = z/ 1 + z 2 while φ(z) is an
√
uneven sigmoidal function with parameters 0 < a ≤ b, c = |a−b|/ 4ab to guarantee φ(0) = 0. There is a bump function ρ(z) which is scalar function that smoothly
varies between [0,1]. One possible choice is the following [7]:
⎧
1,
z ∈ [0, h)
⎪
⎪
⎨
(z−h)
1
z ∈ [h, 1]
(5)
2 1 + cos(π (1−h) ) ,
⎪
⎪
⎩
0,
otherwise
β
γ
The main ﬂocking control algorithm (ui = uα
i + ui + ui ) in [7] has the capability
of controlling all agents to form a lattice conﬁguration (which is called α-lattice)
while avoiding the obstacles. The algorithm consists of three terms: uα
i is the
interaction component between two α-agents, uβi is the interaction component
between α-agent and an obstacle (which is called β-agent), and uγi is a goal
component which consist of a distributed navigational feedback.
α
uα
i = c1

j∈Niα

uβi = cβ1

φα ( qj − qi σ )ni,j + cα
2

φβ ( q̂i,k − qi σ )n̂i,k + cβ2
k∈Niβ

aij (q)(pj − pi )

(6)

bi,k (q)(p̂i,k − pi )

(7)

j∈Niα

k∈Niβ

uγi = −cγ1 σ1 (qi − qr ) − cγ2 (pi − pr )

(8)

γ
α β β γ
where cα
1 , c2 , c1 , c2 , c1 , and c2 are all positive constants. The pair (qr , pr ) is the
virtual leader (i.e., γ-agent) which could be deﬁned as follow:

q̇r = pr
(9)
ṗr = fr (qr , pr )

The vectors ni,j and n̂i,k are described as below: ni,j = √
√

q̂i,k −qi

1+q̂i,k −qi 2

qj −qi
1+qj −qi 2

, n̂i,k =

. The aij (q) and bi,k (q) are the elements of spatial adjacency
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matrix A(q) and heterogeneous adjacency matrix B(q) respectively which could
be deﬁned by: aij (q) = ρh ( qj − qi σ /rα ) ∈ [0, 1], j = i, bi,k (q) = ρh

( q̂i,k − qi σ /dβ ). where rα =  rσ , aii (q) = 0 for all i and q, dβ =  d σ ,

and rβ =  r σ . The repulsive action function φβ (z) is deﬁned as: φβ (z) =
ρh (z/dβ )(σ1 (z − dβ ) − 1).
Similar to (2) we can deﬁne the set of β-neighbors of an α-agent i as follow:

β
Ni = {k ∈ υβ : q̂i,k − qi  < r }, where r > 0 is interaction range of an α-agent
with obstacles.
2.2

Modeling Unmanned Aerial Vehicles

Nowadays, the knowledge of UAVs is at the cutting edge of researches. Among
them, ﬂights which have the capability of Vertical Takeoﬀ and Landing (VTOL),
specially Quadrotors, are under our consideration. Various control methods have
been employed for stabilizing and controlling of Quadrotors. Coza et al. [8] utilized Adaptive fuzzy control for a quadrotor helicopter. Adaptive neural control
of a quadrotor helicopter with extreme learning machine was designed by Zhang
et al. [9]. In [10] adaptive sliding mode control design was presented. Attitude
control of a quadrotor using brain emotional learning based intelligent controller
was proposed in 2013 [11]. Bou-Ammar and his colleagues [12] employed the
reinforcement method to control the quadrotor. Nonlinear robust output feedback tracking control of a quadrotor by using quaternion representation was
proposed in [13]. Robust attitude controller design for miniature quadrotors
has been recently proposed by Liu et al. [14]. To model a quadrotor, a hybrid
frame consisting of E-frame and B-frame was utilized [15], where the equations in
H-frame (i.e., linear equation WRT E-frame and angular equations WRT
B-frame) were deﬁned as follows:
⎧
⎪
Ẍ = (sinψsinφ + cosψsinθcosφ) Um1
⎪
⎪
⎪
⎪
⎪
⎪
⎪
Ÿ = (−cosψsinφ + sinψsinθcosφ) Um1
⎪
⎪
⎪
⎪
⎪
⎪
⎪
⎪
Z̈ = −g + (cosθcosφ) Um1
⎪
⎨
(10)
−IZZ
TP
2
ṗ = IY YIXX
qr − IJXX
qΩ + IU
⎪
⎪
XX
⎪
⎪
⎪
⎪
⎪
XX
⎪
q̇ = IZZI−I
pr − JIYT YP pΩ + IUY 3Y
⎪
YY
⎪
⎪
⎪
⎪
⎪
IXX −IY Y
⎪
4
⎪
pq + IUZZ
⎪ ṙ =
IZZ
⎩
where ψ, φ, and θ are Yaw, Roll, and Pitch angles respectively. IXX , IY Y , and
IZZ are body moment of inertia around x, y, and z axis respectively. JT P is
total rotational moment of inertia around propeller axis, g is the acceleration
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due to gravity and m is quadrotor mass. Relation between basic movements and
the propellers’ speed are deﬁned by
⎧
U1 = bq (Ω21 + Ω22 + Ω23 + Ω24 )
⎪
⎪
⎪
⎪
⎪
⎪
⎪
U2 = bq l(−Ω22 + Ω24 )
⎪
⎪
⎪
⎪
⎪
⎨
U3 = bq l(−Ω21 + Ω23 )
(11)
⎪
⎪
⎪
2
2
2
2
⎪
U4 = dq (−Ω1 + Ω2 − Ω3 + Ω4 )
⎪
⎪
⎪
⎪
⎪
⎪
⎪
⎪
⎩ Ω = −Ω1 + Ω2 − Ω3 + Ω4
where Ω1 , Ω2 , Ω3 , and Ω4 are front, right, rear, and left propeller speeds respectively. Also, bq is trust factor of the quadrotor, dq is drag factor of the quadrotor
and l is distance between center of the quadrotor and center of the propeller.

3

Problem Definition

There are several challenges existing when a ﬂeet of UGVs has to pass through
diﬃcult terrain with obstacles. The ﬂeet might get stuck behind the obstacles
and this will cause problem in tracking the target [7]. Also because of 3-D constraints on visibility, communication constraints, GPS denied area and so on,
the UGV ﬂeet might lost their connectivities and/ or their path. Because of
their capabilities, UAVs can be of help in guiding the UGV ﬂeet. In this work,
we are proposing methodology for UAV so that it can help the UGV ﬂeet most
eﬀectively.
The idea of this work is based on changing of the quadrotor height. As the
UAV senses the area is free it ﬂies to the higher attitude so this should force
the agents to expand and cover more area. On the contrary, if the UAV sees any
obstacle or narrow path it will ﬂy down to a lower height and this will cause the
agents to shrink so they could successfully pass the narrow area. We assume that
the quadrotor is providing the positional information for the UGVs. As Fig. 2
(a) shows, changing of the quadrotor height will change the Field of View (FOV)
of the bottom camera. The higher the quadrotor ﬂies, the bigger FOV will be
achieved. The radius of FOV of the quadrotor could be deﬁned as follow:
rF OV = Hq tan(αq )

(12)

where Hq is the quadrotor attitude and αq is the half-angle of view of the quadrotor bottom camera. The quadrotor tracks the same trajectory as the UGV ﬂeet
while its x-y position is same as the center of mass of the UGV ﬂeet. The x-y
position of the quadrotor can be deﬁned by:
q̄ =

1
n

n

qi
i=1

(13)
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Fig. 2. (a) Field of View of quadrotor bottom camera (Left), (b) Minimum and Maximum sensing range of UGV (Right).

For implementing the above idea we will utilize a function F(h) which will help
us insert the above mentioned method to the system. The function F should
have the following properties:
1. F (h) = 0,
∀0 < h ≤ hmin
2. 0 < F (h) < Sdif , ∀hmin < h ≤ hmax
3. F (h) is smooth and diﬀerentiable
Where hmin and hmax are minimum and maximum heights of the UAV respectively. Sdif could
be obtained as follow:
Sdif = Smax − Smin

(14)
Fig. 3. Function F (h) with two

where Smax and Smin are maximum and mini- diﬀerent ck .
mum sensing ranges of the ground agents respectively (depicted in Fig. 2 (b)).
We introduce the following function which satisﬁes all the above mentioned
properties:
1
(15)
F (h) = ck
1 + e(cp −h)
where ck and cp are two positive constants. cp aﬀects the smoothness of the
F (h) (which deﬁnes the speed of shrinking or expansion of the agents) while ck
changes the variation range of the F (h). Figure 3 demonstrates the F (h) with
two diﬀerent ck = 3 and ck = 1, and cp = 10. We then rewrite equation (4) to
include the eﬀect of quadrotor height changes to the shrinking or expanding of
the ﬂocks. Below is the new equation which is employed in our proposed work:
+ F (h)
 qj − qi σ = dnew
α

∀j ∈ Niα

is the minimum sensing range of the ground agents.
where dnew
α

(16)
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It could be clearly seen as the height of the quadrotor is changing it aﬀects
the sensing range of the ground agents and force them to expand or shrink as
they are moving towards their goals. The ground agents still have a capability
of avoiding the collision or obstacles by themselves.

4

Simulation Results

In this section two diﬀerent simulation results from 2-D and 3-D view prospective are presented. The following parameters are used through the simulations:
new
= 4, r = 1.2dnew
dnew
α
α , d = 0.6dα , r = 1.2d, for σ-norm  = 0.1, a = b = 5 (for
φ(z)), for the bump functions of φα (z) and φα (z), h = 0.2 and h = 0.9 respectively. Other parameters of the algorithm and the initial positions and velocities
of all agents are speciﬁed in each case separately.
4.1

3-D View

We employed 10 ground agents which are randomly distributed in the [−40, 80]2 .
The initial velocities of all agents are equally chosen as zero. We used the obstacles which can be deﬁned from following matrix:
⎡
⎤
220 220 260 260 300 300 340 340
⎢−30 70 −30 70 −30 70 −30 70 ⎥
⎥
OBS1 = ⎢
⎣−15 −15 −13 −13 −15 −15 −13 −13⎦ .
20 20 20 20 20 20 20 20
The ﬁrst three rows of the matrix are the locations (i.e., x-y-z position) of the
obstacles, while the last row shows the radius of the obstacles. Figure 4 demonstrates the shrinking of the agents. As the quadrotor senses the obstacles, it ﬂies
in a lower attitude and this is forcing the ground agents to reduce the inter-agent
distance between them and it results in shrinking. As it could clearly be seen
the ﬂock size successfully reduced.

Fig. 4. Shrinking of the agents.
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2-D View

We employed 150 ground agents which are randomly distributed in the [−40, 80]2 . The initial
velocities of all agents are equally chosen as zero.
We used the obstacles which can be deﬁned from
following matrix:
⎡
⎤
220 220 260 260 300 300 340 340
OBS2 = ⎣−20 80 −20 80 −20 80 −20 80 ⎦ .
40 40 40 40 40 40 40 40
Fig. 5. 2D view of Shrinking of

The ﬁrst two rows of the matrix are the loca- the agents- algorithm from [7].
tions (i.e., x-y position) of the obstacles, while
the last row shows the radius of the obstacles.
Figure 5 shows the result which is obtained using algorithm in [7]. As it is clearly
seen the ground agents get stuck in the narrow path between the obstacles.
Figure 6(Left) demonstrates how the ground agents are shrinking and passing
the narrow space between obstacles while avoiding any collisions between agents
or obstacles. Figure 6(Right) illustrates the closer look of Fig. 6(Left).

Fig. 6. 2D view of Shrinking of the agents.

All these results are obtained using proposed adaptive ﬂocking method. The
results shows the satisfactory performances of the proposed work.

5

Conclusions

Adaptive ﬂocking control of multiple unmanned ground vehicles by using an
unmanned aerial vehicle is presented in this paper. We employed a Quadrotor to
provide the positions of all agents and also to manage the shrinking or expanding
of the agents with respect to the terrain changes. The simulation results show
the eﬀectiveness of proposed method.
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