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Abstract. A formation driving mechanism suited for utilization of multirobot teams in highly dynamic environments is proposed in this paper.
The presented approach enables to integrate a prediction of behaviour of
moving objects in robots’ workspace into a formation stabilization and
navigation framework. It will be shown that such an inclusion of a model
of the surrounding environment directly into the formation control mechanisms facilitates avoidance manoeuvres in a case of fast dynamic objects
approaching in a collision course. Besides, the proposed model predictive
control based approach enables to stabilize robots in a compact formation and it provides a failure tolerance mechanism with an inter collision
avoidance. The abilities of the algorithm are verified via numerous simulations and hardware experiments with the main focus on evaluation
of performance of the algorithm with different sensing capabilities of the
robotic system.
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Introduction

Increasing field of applications of multi robot systems with their advanced abilities in faster acting and motion requires to design new principles of formation
driving in such high dynamic missions. This paper is focussed on the coordination of groups of autonomous vehicles closely cooperating together in a dynamic
environment, in which moving extraneous obstacles, but also team members
themselves, have to be efficiently avoided with minimal effect on the running
mission. The novelty of the formation driving approach lies in the possibility of
inclusion of movement prediction of objects in the robots’ proximity into the
control and trajectory planning methods. It will be shown that even a rough
estimation of obstacles movement significantly improve performance of the formation stabilization and its navigation into a desired target region.
To be able to contextualize the contribution of the proposed method let
us briefly summarize recent achievements in the formation driving community.
The formation driving methods may be divided into the three approaches: Virtual structures [1–3], behavioral [4–6], and leader-follower methods [7–9]. Our
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approach is based on the leader-follower method which is often used in applications of nonholonomic mobile robots. In leader follower approach, a robot or even
several robots are designated as leaders, while the others are following them. We
rely on an adaptation of the classical leader-follower method, where the leading
entity is a virtual object, which increases robustness of the method.
The formation driving methods are aimed mainly at tasks of a formation
stabilization in desired shapes [10, 4, 11] and a formation following predefined
paths [12, 1, 13]. In these methods, it is supposed that the desired trajectory is
designed by a human operator or by a standard path planning method modified
for the formation requirements. However, there is a lack of methods providing not
only a local control but including a global trajectory planning with the dynamic
avoidance ability, which is our target problem.
Our method enables to include the prediction of obstacles movement into
the formation planning using a Model Predictive Control (MPC) (also known
as a receding horizon control). MPC is an optimization based control approach
suitable for stabilizing nonlinear dynamic systems (see a survey of nonlinear
MPC methods in [14] and references therein). This technique is frequently used
for the control of nonholonomic formations due to its possibility to achieve the
desired system performance and to handle the system constraints. The MPC
approaches are again employed mainly for the tasks of trajectory tracking and
formation stabilization in the desired shape [15], [16], [17], [8].
We apply the MPC approach for the followers stabilization in the desired
positions behind the leaders as e.g. in [8] or [17], but also for the virtual leaders
trajectory planning to a desired goal area. Our concept of MPC combines the
trajectory planning to the desired goal region and the immediate control of the
formation into one optimization process. We propose an extension of the MPC
control horizon with an additional planning horizon, which respects information
on global structure of the workspace and effectively navigates the formation
into the target region. It enables to integrate the obstacle movement prediction
into the trajectory planning and to respond to changing environment. Besides,
we provide a study of tolerance of the system performance to the precision of
moving object perception and consequently prediction of their movement.
The presented paper extends the theory presented in our previous publication
[18]. Here, we provide a methodology for integration of a prediction of obstacles
movement into the formation stabilization as the main contribution. Besides, we
present a hardware experiment showing practical applicability of the proposed
method and additional simulations and statistical comparisons.

2

Problem statement and notation

In this paper, the problem of a autonomous formation of nr nonholonomic mobile robots reaching a target region in a workspace with ν dynamic obstacles is
tackled. The formation is led by a virtual leader (denoted by symbol L), which
is positioned in front of the formation. The robots in the formation are equipped
with a system of a precise relative localization (e.g. [19]), while the rough estima-

Trajectory planning and stabilization for formations

3

tion of the formation position relatively to the target region is achieved by any
available global positioning system. The robotic team is equipped by sensors for
obstacle detection and their velocity estimation. In the presented experiments, a
system based on analysing of differences in consequent range-finder scans using
SyRoTek robots [20] is employed. Finally, we assume that the robots are able to
communicate to share the information on obstacles movement and to distribute
plan of the virtual leader within the team.
In the paper, configurations of robots (followers and the virtual leader) at
time t is denoted as ψj (t) = {xj (t), yj (t), θj (t)}, with j ∈ {1, . . . , nr , V L}. The
Cartesian coordinates (xj (t), yj (t)) define the position p̄j (t) and θj (t) denotes
heading. For each robot, a circular detection boundary with radius rs,j and a
circular avoidance boundary with radius ra,j are defined (rs,j > ra,j ). Obstacles
detected outside the region with radius rs,j are not considered in the avoidance
function and distance to obstacles less than ra,j is considered as inadmissable.
For the virtual leader, the radius ra,V L has to be bigger than radius of the
formation to ensure that the obtained leader’s plan is collision free also for all
followers.
2.1

Kinematic constraints of the formation

The proposed formation driving approach is based on a model predictive technique, where complete trajectories for the virtual leader and all followers are
computed to respect a given model of the robots. We use the following simple
nonholonomic kinematic model for all robots: ẋj (t) = vj (t) cos θj (t), ẏj (t) =
vj (t) sin θj (t), θ̇j (t) = Kj (t)vj (t) In the model, the velocity vj (t) and curvature
Kj (t) represent control inputs ūj (t) = (vj (t), Kj (t)) ∈ R2 . For the prediction
of obstacles movement, it is assumed that the system is able to detect i) actual
position of obstacles, ii) position and its actual speed, or iii) position, speed and
actual curvature of its movement trajectory with a given precision.
For the virtual leader’s trajectory planning, let us define a time interval
[t0 , tN +M ] containing a finite sequence with N +M +1 elements of nondecreasing
times. The constant N corresponds to length of the short MPC control horizon
and M corresponds to length of the additional planning horizon (details are given
in Section 3). Let us assume that in each time sub-interval [tk , tk+1 ) with length
tk+1 − tk (not necessarily uniform) the control inputs are held constant. For
simplification of the notation, let us refer to tk with its index k. By integrating
the kinematic model over the interval [t0 , tN +M ], the model presented in [18] for
the transition points at which control inputs change is derived.
For the virtual leader’s planning the control limits are restricted by capabilities of all followers depending on their position within the formation. The proposed method relies on a leader-follower method [21, 22], where followers track
the leader’s trajectory which is distributed within the group. The followers are
maintained in a relative distance to the leader in curvilinear coordinates with
two axes p and q, where p traces the leader’s trajectory and q is perpendicular
to p.
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Fig. 1. Scheme of the integration of the obstacle prediction into the planning.

2.2

Model predictive control

As mentioned in the introduction, the ability of the dynamic obstacle avoidance
is enabled due to the fast replanning under the RHC scheme. The main idea of
the receding horizon control is to solve a finite horizon optimal control problem
for a system starting from a current configuration over a time interval [t0 , tf ]
under a set of constraints on the system states and control inputs. The length
tf − t0 is known as the control horizon. After a solution from the optimization
problem is obtained on a control horizon, In each planning step, a portion of
the computed control actions obtained as a result of the optimization problem is
applied on the interval [t0 , ∆tn + t0 ], known as the receding step. The number of
applied constant control inputs n is chosen according to computational demands.
This process is then repeated on the interval [t0 + ∆tn, tf + ∆tn] as the control
horizon moves by the receding steps.

3

Method description

As mentioned in [18], we have extended the standard RHC method with one
control horizon into an approach with two finite time intervals TN and TM . This
enables us to integrate the information on prediction of obstacle movement into
the formation driving here. The first shorter time interval provides immediate
control inputs for the formation regarding the local environment. The difference
∆t(k + 1) = tk+1 − tk is kept constant (later denoted only ∆t) in this time
interval. The second time interval enable to integrate information on dynamics
of the workspace between the end of the first control interval and the desired
target region. In this interval, values ∆t(k + 1) = tk+1 − tk are varying. The
complete trajectory from the actual position of the virtual leader until the target
region can be described by the optimization vector ΥV L . The vector consists of
transition points (states) of both intervals and control inputs applied in-between
them. Besides, the values ∆t(N + 1), . . . , ∆t(N + M ) are part of the vector ΥV L .
As mentioned, the dynamic obstacle avoidance is enabled due to the additional planning horizon, which acts as a trajectory planning for the virtual
leader of the formation. The trajectory planning with the prediction of objects
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movement is transformed to the minimization of a single cost function λV L (ΥV L )
subject to set of equality constraints and inequality constraints. The cost function λV L (ΥV L ) consists of two parts, whose influence is adjusted by a constant
α as
λV L (ΥV L ) = λtime (ΥV L ) + α

ν
X

λobst (ΥV L , Υobst,j ).

(1)

j=1

The first part of the multi-objective optimization is important for the trajectory
planning and it forces the formation to reach the goal as soon as possible:
λtime (Υi ) =

NX
+M

∆t(k).

(2)

k=N +1

The second objective of the planning process is to integrate the prediction of
the obstacles movement. Therefore, the second term penalises solutions, which
could cause a collision with a detected obstacle in future. The term is a sum of
modified avoidance functions applied for each known object in the environment.
The avoidance function contributes to the final cost if an object is closer to the
trajectory of the i-th robot than rs,i and it will approach infinity if distance ra,i
to the obstacle is reached:
2

λobst (Υi , Υobst,j ) = (min {0, (dist(Υi , Υobst,j ) − rs,i )/(dist(Υi , Υobst,j ) − ra,i )}) .
(3)
Function dist(Υi , Υobst,j ) provides the shortest Euclidean distance between pairs
of positions on the predicted trajectory of obstacle j and the trajectory of i-th
robot that should be reached at the same time (see Fig. 1 for demonstration).
The equality constraints of the optimization guarantee that the obtained
trajectory stays feasible with respect of kinematics of nonholonomic robots. The
equality is satisfied if ψj (k + 1) is obtained by substituting the vectors ψj (k) and
ūj (k + 1) into the discretized kinematic model for all k ∈ {0, . . . , N − 1}. The
inequality constraints characterize bounds on the control constraints velocity
and curvature of the virtual leader. Finally, there is a stability constraint, which
is broken if the last state ψV L (N + M ) of the plan is outside the target region.
The constraint is growing with distance from the border of this region.
The trajectory obtained solving the optimization problem min λV L (ΥV L ) for
the virtual leader is used in the leader-follower scheme as an input of the trajectory tracking for the followers. For each of the followers, the solution is transformed using the leader-follower approach (discussed in details in [21, 22]) to
obtain a sequence ψd,i (k) = (p̄d,i (k), θd,i (k)), k ∈ {1, . . . , N }, i ∈ {1, . . . , nr }, of
desired states behind the virtual leader. To enable a response to dynamic events
in the environment behind the actual position of the leader and to failures of
neighbors in the formation, the mechanism designed to track these states is also
enhanced by obstacle avoidance functions with integrated prediction of obstacles
movement.
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The discrete-time trajectory tracking is again transformed to minimization
of cost function λi (Υi ) subject to equality constraints and inequality constraints
with the same meaning as the constraints applied for the virtual leaders’s planning. The optimization vector Υi consists of transition points and control inputs
applied on the first shorter time interval TN for each follower i. The cost function
consists of two segments adjusted by a constant β as



ν
X
X
λi (Υi ) = λdif f (Υi ) + β 
λobst (Υi , Υobst,j ) +
λobst (Υi , Υj? ) .
j=1

(4)

j∈n̄n

The first part of the cost function penalizes solutions with states deviated
from the desired positions p̄d,i (k), ∀k ∈ {1, . . . , N }, as follows:

λdif f (Υi ) =

N
X

2

k(p̄d,i (k) − p̄i (k))k .

(5)

k=1

The obstacle avoidance abilities are integrated in the second part of the cost
function. The first sum penalizes solutions that could lead to a collision with
dynamic or lately detected obstacles that could not be sufficiently avoided by
the virtual leaders planning. The second sum of avoidance functions is crucial
for the formation stabilization and failure tolerance. In this term, the other
members of the team are considered also as dynamic obstacles with possibility of prediction of their movement. This part enables to stabilize the formation mainly in case of an unexpected behaviour of defective neighbours or in a
formation shrinking enforced by obstacles (see Fig. 4 for examples). The vector Υj? represents actually exercised plan of j-th neighbour for j ∈ n̄n , where
n̄n = {1, . . . , i−1, i+1, . . . , nr }. In case of a j-th robot failure, when its plan does
not respect its real motion, a prediction of its motion have to rely on on-board
sensors of other followers, similarly as it is realized with “external” obstacles.

Table 1. Statistics showing importance of the obstacle movement prediction included
in the formation driving scheme (300 runs of the algorithm for each variant were used).
Variant 1 does not consider movement of the obstacle. Variant 2 considers only the
actual velocity of the obstacle. Variant 3 enables to predict position of obstacles in
future based on its velocity and estimated curvature of its movement.
Different sensing capabilities:
Number of collisions:
Mean time to the target:
Mean minimum distance to the obstacle:

variant 1
200
12.65
0.24

variant 2
14
12.53
0.66

variant 3
0
11.87
0.98
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Discussion on the algorithm performance and
experimental results

The aim of this section is to verify the ability of the proposed method to incorporate prediction of the obstacle movement into the formation driving and
to demonstrate a failure tolerance, a response of the followers to changing environment and a possibility to autonomously shrink the formation in a narrow
corridor. In the first experiment, a triangular formation with three robots is approaching a target region (Fig. 2(a)). In the scenario, two obstacles (one static
and one dynamic) are positioned between the initial position of the formation
and the target. A set of 300 situations with position of the formation randomly
initialized in the square depicted in Fig. 2(a) is used. The dynamic obstacle is
always moving along a circle with a course, which is colliding with the straight
direction from the initial position of the formation to the target.

(a) Experiment (b) Variant 1 of the algorithm setting - no movement
setup.
prediction included.

(c) Variant 3 of the algorithm setting - full movement
prediction included.
Fig. 2. Experiment with different knowledge on the obstacle movement.

Three different sensing capabilities in utilization of the proposed algorithm
are compared in table 1. In the first basic variant, the dynamic obstacle is in
each planning step considered as a static obstacle. Any prediction of the obstacle
position in future is not possible and the avoidance ability relies only on the
replanning as the new position of the obstacle is detected in each planning step
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(the variant 1 is equivalent to the algorithm presented in [18]). In the variant 2,
the system is able to estimate actual velocity (speed and movement direction) of
the obstacle, but the curvature of the movement trajectory is unknown. In the
obstacle movement prediction, it is assumed that the obstacle follows a straight
line. In the short term receding horizon, such a simplification is relatively precise,
which is beneficial for the collision avoidance (see the drop of collisions and
increase of the mean minimum distance to the obstacle between the variants
1 and 2 in table 1). In the long term planning horizon, the difference between
the predicted position of the obstacle and the real position in future may be
already significant. This may prolong the time needed for reaching the target
region in comparison with system being able to estimate the trajectory of the
obstacle more precisely (variant 3 in table 1). In the variant 3, the motion model
of the obstacle is known completely. Not only the actual velocity but also the
curvature of the obstacle’s trajectory can be estimated by formation’s sensors.
Therefore, the plan of the formation towards the target region is changed only
slightly during the motion and the team is approaching the target in the most
efficient way already from the beginning of the planning.
Table 2. Influence of precision of the obstacle movement perception on the performance
of the algorithm.
Error of curvature measure: 0%
Mean time to the target:
8.3
Mean min. dist. to obst.:
1.11

2%
8.3
1.10

5%
8.3
1.10

10%
8.3
1.08

20%
8.3
1.08

50%
8.5
1.02

70%
8.9
0.79

100%
9.7
0.38

Fig. 3. Avoidance of a dynamic obstacle and two detected static obstacles.

An example from the set of 300 situations used in table 1 is shown in Fig. 2(b)
(the variant 1) and Fig. 2(c) (the variant 3). In Fig. 2(b), the obstacle is moving in
front of the formation and in each planning step the proposed algorithm responds
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to the new detected position of the obstacle. Since, the system cannot predict
the obstacle movement, its influence is “pushing” the plan of the formation to
the side, which leads even into a collision between followers as shown in the last
snapshot in Fig. 2(b). The same situation is solved by the algorithm with the
obstacle movement prediction included in Fig. 2(c). The collision free trajectory
that does not have to be changed during the whole movement of the formation is
found already at the beginning of the mission. In the first snapshot, the plan is
heading towards the obstacle, which seemingly looks as an illogical manoeuvre.
In the second snapshot, it is already clear that the plan goes through the space,
which is freed due to the obstacle’s movement.

Fig. 4. Simulations of a formation shrinking enforced by the environment. a) Passage
through a narrow corridor. b) Dynamic obstacle avoidance. c) Simulation of a follower’s
failure.

In multi-robot applications, it is difficult to precisely determine the movement model of obstacles. Mainly an estimation of parameters of the predicted
trajectory requires a long term measurement and it is often biased. Therefore,
we have studied influence of imprecisely determined curvature of obstacle movement in table 2. Similarly as in the previous experiment, a set of 100 situations
with randomly initialized position of the formation is evaluated by the proposed
method. Again, the dynamic obstacle is following a circle with radius equal to
1m. In this experiment, an uncertainty in measurement of curvature of the obstacle movement is introduced. The error in determination of the curvature is in
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range of 0%, which corresponds with the variant 3 in table 1, and 100%, which is
equivalent to the variant 1 (no information about the curvature is provided). The
statistic in table 2 shows, that the algorithm works well even with imprecisely
determined parameters of the obstacle movement. Even, if the error in measurement of the curvature is 50%, the algorithm is able to solve all the situations
without any collision and with only a slight increase of the mean total time to
the target region and slight decrease of mean minimal distance to the obstacle.
A complex situation with a static known obstacle, detected dynamic obstacle
and an unknown later detected obstacle is presented in Fig. 3. In the initial
plan (snapshot a)), only the first static obstacle is included into the plan. The
dynamic obstacle is detected in snapshot c), which results in the deviation of
the plan in comparison with the snapshot b). The plan is surprisingly deviated
towards the obstacle, since it is predicted that the obstacle is moving across
the leader’s trajectory and it is more efficient to avoid it from the left as one
can see in snapshot d). The obstacle avoidance is successfully proceeded even if
the error in measurement of the curvature is 50% and the obstacle is randomly
changing its movement direction, which verifies utilization of the algorithm in
real applications, where the movement of obstacles can be chaotic. In snapshot
e), a replanning of the virtual leader’s trajectory due to a detected static obstacle
is shown.
Examples of temporarily shrinking of the formation as an emergent result of
the formation driving through a narrow corridor, in case of an obstacle avoidance realized by followers and due to a failure of a follower are shown in Fig. 4.
In the snapshots in Fig. 4 a), the followers are temporarily deviating from their
desired positions within the formation to be able to go through the doorway. The
obtained solutions of the followers’ trajectory planning is a compromise between
the effort to follow the desired trajectory (the deviating from the trajectory is
penalised in the second term of equation (4)) and to avoid the obstacles (the
proximity of obstacles is penalized in the third term of equation (4)). The sequence of snapshots presented in Fig. 4 b) shows an avoidance manoeuvre around
an obstacle that was static until the first snapshot in Fig. 4 b). Once the virtual
leader is passing by the obstacle, the primarily static obstacle starts its movement towards the formation. This unforeseen behaviour could not be included
into the plan of the leader and therefore the followers’ trajectory planning has
to react at the price of temporarily changing the desired shape of the formation.
A similar process is described in the last sequence of snapshots in Fig. 4, where
a failure of one of the followers is simulated. The broken follower is leaving its
position within the formation in a collision course with other team members.
They are able to avoid the collisions by their motion planning with included
prediction of the broken follower’s motion (the third part of equation (4)).
Finally, the ability of the formation to smoothly avoid dynamic obstacles is
verified in Fig. 5. This experiment was realized with a multi-robot platform SyRoTek, which consists of a fleet of autonomous vehicles [20]. In the first snapshot
(Fig. 5 a)), the plan of the formation is avoiding the stationary yellow robot from
the right side. Once the formation starts its movement, also the yellow robot ac-
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celerates in a direction that is orthogonal with the actual plan of the group.
The obstacle motion is detected by the robots and the plan of the formation is
changed. With the new information about the dynamic obstacle, it is optimal to
pass by the robot from the left as is visualised in the following snapshots.

Fig. 5. Hardware experiment showing performance of the algorithm with prediction of
the movement of the dynamic obstacle.

5

Conclusions

In this paper a novel formation driving approach designed for dynamic environments is presented. The proposed method enables to incorporate a prediction of
positions of moving objects into the formation control and trajectory planning.
In numerous simulations and hardware experiment, it was verified that such a
motion prediction based on data from on-board sensors improves performance of
the formation stabilization and decreases probability of collisions. Besides, it was
shown that the motion prediction included in to the model predictive control is
useful even in case of not precisely determined model of obstacles movement.
Acknowledgments. The work of M. Saska was supported by GAČR under his
postdoc grant no. P10312/P756, L. Přeučil was supported by MŠMT project
Kontakt II no. LH11053.
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