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Abstract: In this paper, we present a framework for nonlinear distributed model predictive
flocking with obstacle avoidance, the pursuit of group objectives, and input constraints. While
most existing predictive flocking frameworks are only applicable to agents with double-integrator
dynamics, we propose a general framework for nonlinear agents that furthermore allows for the
independent tuning of cohesive and repulsive inter-agent forces. To reduce the computational
complexity, the resulting nonlinear program is solved as a sequential quadratic program with a
limited number of iterations. The performance of the proposed algorithms is demonstrated in
simulation and compared to a non-predictive flocking algorithm.
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1. INTRODUCTION

In recent years, the control of networked autonomous
multi-agent systems (MASs) has been studied intensively.
One particular control strategy for MASs is flocking, a dis-
tributed technique for controlling the collective behavior
of a swarm of agents. In flocking control, the rules for
the agents’ behavior are inspired by biological swarms,
for example formulated as the three heuristic rules stated
by Reynolds (1987): cohesion, separation, and alignment.
Here, cohesion refers to the agents staying close to neigh-
boring agents, separation describes the avoidance of col-
lisions with other swarm members, and alignment refers
to the incentive to match the velocities of neighboring
agents. One of the first frameworks for flocking control
was proposed by Olfati-Saber (2006). Based on the rules
proposed by Reynolds (1987), the author employs carefully
shaped potential functions to model the swarm agents,
common group objectives, and obstacles to avoid.

One direction of research focuses on formulating the flock-
ing problem as a model predictive control (MPC) prob-
lem. In MPC, optimal control inputs and trajectories
are calculated online by solving an optimization problem
based on predictions of the future system states. MPC
furthermore allows for the explicit handling of constraints
on states and inputs in an optimal fashion. For these
reasons, MPC-based flocking algorithms are expected to
yield a better performance compared to non-predictive
flocking algorithms. In fact, this has been demonstrated in
various publications (see Zhang et al. (2015), Hastedt and
Werner (2023b)). The first centralized predictive flocking
algorithm was proposed by Zhan and Li (2011b) and was
then extended to a distributed model predictive flocking
(DMPF) framework in Zhan and Li (2011a). In Yuan et al.
(2017), the simulation results of Zhan and Li (2011a) were
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validated in an outdoor experiment. DMPF with obstacle
avoidance is presented in Huang et al. (2019). While all
of the aforementioned frameworks consider cohesive and
repulsive inter-agent forces of equal strength, a framework
with asymmetric interaction forces is proposed in Hastedt
and Werner (2023b).

In most DMPF frameworks, the flocking problem is formu-
lated as a quadratic optimization problem by approximat-
ing or linearizing the nonlinear constraints that arise in
flocking. Moreover, most of the existing MPF algorithms
are formulated for agents with single- or double-integrator
dynamics. This however excludes many types of vehicles
that cannot be approximated well by these dynamics, such
as fixed-wing aircrafts or wheeled ground robots. A non-
linear distributed model predictive flocking (NLDMPF)
framework that can also handle these types of agents was
proposed by Rochefort et al. (2012). However, in this work,
the capabilities of predictive control are not used to its full
extent as the authors consider a discrete decision space
with a limited number of admissible control inputs. To
further reduce the computational complexity, the authors
also constrain the inputs to be constant over the prediction
horizon.

In this paper, we present a NLDMPF framework for
flocking with obstacle avoidance, the pursuit of group
objectives, and input constraints. As proposed by Hastedt
and Werner (2023b), the framework in this paper allows
for an independent tuning of cohesive and repulsive inter-
agent forces. In order to reduce computational complexity,
the nonlinear optimization problem is solved as sequen-
tial quadratic program (SQP) with a limited number of
iterations. The effect of the number of SQP iterations
is investigated in simulation for a nonholonomic wheeled
robot. Furthermore, the performance of the proposed al-
gorithm is compared to that of the non-predictive flocking
scheme proposed by Olfati-Saber (2006) in combination
with feedback linearization.
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The remainder of this paper is organized as follows:
Section 2 provides the preliminaries for the NLDMPF
algorithms presented in Section 3. Numerical examples are
provided in Section 4. Section 5 concludes this paper.

2. PRELIMINARIES
2.1 Notation

The symbols 0 and I denote zero and identity matri-
ces with compatible dimensions. Zero and one vectors of
dimension n are denoted by 0, and 1,. The prediction
of a variable x at time k + i based on information at
time k is denoted as x(k + i|k). Additionally, the abbre-
viated notations xx4; and ) are used. The euclidean

norm is denoted by ||-||, with ||z|[as = VT Mz denoting
the weighted 2-norm with M > 0. Furthermore, define
(z1,29) =[] 23]7.

2.2 Graph Theory

Let G = (V,€) denote a graph with the elements of the
vertex set V = {1,2,..., N} representing the agents and
the edge set £ C {(i,5) : i, € V,i # j} representing the
communication topology. A graph is said to be undirected
if (i,7) €€ = (j,4) € £. Given a communication range
re > 0 and the vector g of the positions ¢; for all
agents, ¢ = (q1, ..., qn), the proximity graph is defined as
G(q) = (V,&(q)), with €(q) = {(i,j) € WV x V) : |lg; —
g;l| < re,j #i}. The set of neighboring nodes for a node ¢
is then defined as N;(q) ={j € V: |l¢i — ¢;|| < e, j # i},
with v; = |NV;| denoting the number of neighbors.

2.8 Agent Dynamics

Consider a group of NV homogeneous agents with smooth,
nonlinear, discrete-time dynamics

xi,k+1 = f(:ci7k,ui7k), 7= ]....N, (1)
with state x; € R™ and input u; € R™. Let ¢; and p; be
the position and velocity of agent 7, respectively. Given the
prediction horizon H,, the vectors of the future H,, states
and inputs of agent i are given by

Xi(k+1) = (xi(k+1k),...,z;(k + Hplk)),

Ui(k) = (ui(klk),. .., u;(k+ Hy — 1|k)).

Given the state z; |, and the input sequence U;(k), the
future H,, states are calculated as

Tikrer1 = [(@ipre, Wikre), £=0...Hy—1. (2)
With ji,. .., j,, denoting the neighbors of agent 4, stacked
vectors of quantities for all neighbors of an agent are
denoted by *; = (*j,,..., *jw,)' For example, Z; j, denotes
the stacked neighbor states for agent i at time k. The
vectors of states and inputs for the neighborhood of agent
1 stacked over the prediction horizon are then defined as

Xi(k+1) = (2;(k + 1]k),...,2:i(k + Hplk)),

2.4 Sequential Quadratic Programming

One particular method for solving nonlinear optimization
problems is to solve a sequence of quadratic subproblems.
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This method is called sequential quadratic programming
(SQP) (Nocedal and Wright, 2006). Consider the nonlin-
ear constrained optimization problem with optimization
variable x,

min £(2)
s.t. h(z) =0,
g(x) <0,

with f, h, and g being smooth functions. Given the current
iterate zy, the minimizer of the quadratic subproblem

min Vi (xp)e + 2" V2 f(xp)x
s.t.VR (zg)z 4+ h(zg) = 0,
Vo' (z)a + g(ay) <0,

is used to define the next iterate xjyi. This procedure is
then repeated until convergence.

3. NONLINEAR DISTRIBUTED PREDICTIVE
FLOCKING

The core of flocking control is to model the interactions
between agents based on the rules of cohesion, separation,
and alignment. In the proposed NLDMPF framework,
these interactions are modeled via the cost function and
suitable constraints of a nonlinear optimization problem.
At each time k, agents solve local, nonlinear optimization
problems in the optimization variables Z;j. Here, Z;
contains at least U; 1, but depending on the scenario, it can
also contain additional variables. The general optimization
problem is then stated as follows:

Problem 1. .
min J; (2 k, Xi k11, Zik) (3)
i,k
st. h(@ig, Xige1, Z) <0, (3.a)
Ziq,k e Z. (3b)

Here, (3.a) describes the constraints of the optimization
problem and (3.b) characterizes the admissible set for the
optimization variables. Let Z;, be the optimal solution at
time k. The input applied by agent ¢ is then u, the first
input in the optimal input sequence U}

Note that the cost function J; is a function of Xi,k+1a an es-
timation of the neighbors’ trajectories over the prediction
horizon. As agents are solving their optimization problems
in parallel, at time k, agent ¢ is not aware of the decisions
of its neighbors computed at the same time. Therefore,
each agent estimates its neighbors’ predicted trajectories
based on the optimal solution at the previous time step.
At time k, each agent transmits its current state T k|k
and the previous optimal solution Ufj— to its neighbors.
Agents then shift the received optimal sequences one step
in the future, i.e.

Uj(klk —1) = (g, - - - ,ﬁj7k+Hp_1)

= (8] gig—10- - U 1y —2fk—10 O1xcmn, ) (4)
With #; p = Z;, and (4), each agent then computes an
estimate )%i’k+1 of its neighbors’ trajectories according to

Tjrrer1 = f(@jhre, Ujpre), JEN;, £=1...Hy (5)
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The NLDMPF problems are then solved using a SQP
approach. To reduce computational complexity, the SQP
algorithm is terminated after a specified number of Ngqp
iterations (Cannon, 2004). Assuming ideal communication
with an undirected proximity graph, the NLDMPF algo-
rithm can be stated as follows:

Algorithm 1 NLDMPF algorithm for agent ¢

Initialization: k < 0; U, _; =0
1: loop
2:  send x;; and U;‘:k_l to all agents in N;
receive a5 and US, _; Vj € N;

3

4:  calculate Xi’k-Jrl

5: ngQp < 0

6: repeat

7 calculate Z; °%"" (k) by performing one SQP iter-
ation of the NLDMPF problem

8: nsQp < nsqQp + 1

9:  until ngqp = Nsqpr

0. set Up(k) = U5 (k)

11:  apply uy*

122 k<« k+1

13: end loop

Inspired by Olfati-Saber (2006), in the remainder of this
section we address three problems: free flocking (Sec-
tion 3.1), flocking with group objective (Section 3.2), and
flocking with obstacle avoidance (Section 3.3).

3.1 Free Flocking

In free flocking, also called a-flocking, the objective of the
swarm is to form a so-called a-lattice. Given a desired
inter-agent distance d, an a-lattice is defined analogous to
Olfati-Saber (2006).

Definition 1. An a-lattice is a configuration ¢ satisfying
@i — a5 = d, ¥(i, j) € E(a).

To model this objective mathematically, consider the vec-
tor of deviations from the desired distance d of an agent i
to all of its neighbors given by

5(Ii7 a_ji) = (Hqiji,l ” —d,..., ||qiji,ui - d) (6)
Here, g;; is the displacement vector from agent 7 to agent
j defined as

Qij = G5 — G- (7)
In (6), the formulation of the deviations from the desired
distances involves the norm of ¢;;, which is not continu-
ously differentiable for g;; = 0. As SQP requires smooth
functions, the 2-norm is replaced by a continuously differ-
entiable map, similar to the o-norm in Olfati-Saber (2006).
Defining the o-map with the parameter € > 0 as

7e(s) =+ (VITERE -1), Q

one can show that this map is continuously differentiable
everywhere and approaches the 2-norm for ¢ — oo. The
continuously differentiable vector of deviations from the
desired distances is then defined as

Oc(2iy Ti) = (0e(ijin) = 0e(d)s - 0e(iji,,, ) = e(d))- (9)

The vector of deviations stacked over the prediction hori-
zon is given by
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A(X k1, Xi k1) = (0e(Ti kb1, Tikt1)s - - -
0c(Ti kyH,> Tikrr,)).  (10)
As proposed in Hastedt and Werner (2023b), the desired
behavior can then be formulated in the form of softened
inequality constraints

—A(X g1, Xik+1) < 0540,

+
A(Xi k1, Xikt1) < 07300,

. — + Hyv;
with o3 1,07, € Rg

ables over the prediction horizon. By considering o

(11)
(12)

being the stacked slack vari-
ik+1
and o;’rk 41 as additional optimization variables in the
NLDMPF problem, this formulation allows for the in-
dependent tuning of cohesive and repulsive inter-agent
forces. Defining the vector of optimization variables as

Zik = Ui Xish+1, 01 oy 1501 jr1)» (13)
the NLDMPF problem for free flocking can be stated as
Problem 2. (free flocking)

Iéllil Jia(Ti ks Xi k1, Zi k) (14)
st Ziktrer1 = f(@igte, Wiktre), £ =0...H,—1, (14.a)
- A(Xi,k-u,f(i,kﬂ) < Oipi1 (14.b)
A(Xige1, Xogp1) < O it (14.c)
O kt1s U;:k+1 € Rgo”"’} (14.d)
Uik €U, (14.e)

with
Jisa (@i g Xikr1, Zig) = Uikl % + H%Tkﬂ”é;

ot lln: + 2 1Kkt = X lld, - (15)
JEN;:
Here, R, QF, Q5 = 0, and Q, = 0 are the weighting
matrices. The set of admissible inputs U/ is defined as
U:= {ui : _‘umax| < U; < |umax‘}7 (16)
with maximum admissible input umax € R™. In terms of
the rules of flocking, the second and third term in (15),
together with (14.b)-(14.d), describe the separation and
cohesion that drive the agents towards the desired inter-
agent distance. Alignment is modeled by the fourth term
in (15). By a suitable choice of @, the mismatch of states
to be aligned, for example velocities, is penalized.

3.2 Flocking with Group Objective

Next, the NLDMPF framework is extended to the pursuit
of group objectives in the form of virtual v-agents. While
the framework presented in this paper considers y-agents
in the form of static reference points, the proposed scheme
can easily be adapted to dynamic references. Let z] be
the reference state for an agent 7, containing the reference
position q;. Let g;rr = ¢} — ¢; 1 be the vector from agent
¢ to the reference point. To limit the navigational penalty,
especially when agents are far away from the reference
point, each agent generates a virtual position reference

T qira if HQir,kH < d@a (17)
ik Qi k + dedir i/ Gir || Otherwise.
Here, dy is the look ahead distance on the line from the

agent’s current position to the reference point. Assuming
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that the reference point is constant over the prediction
horizon, the reference vector over the prediction horizon is
given by

Again using (13) as the vector of optimization variables,
the NLDMPF problem for flocking with group objective
can be formulated as

Problem 3. (flocking with group objective)

Iélin Jia(@ig, Xikt1, Zik) + Jiy( @ik, Zike) (19)
ik
s.t. (14.a) — (14.e),
with
Jiy (@i Zik) = | Xigr1 — XT3l - (20)

Here, @~ = 0 is the reference tracking weighing matrix.
3.8 Flocking with Obstacle Avoidance

This paper considers static, spherical obstacles, charac-
terized by the obstacles’ center positions g, and radii r,.
Let Vg = {01,02,...,0n,} denote the set of Ng obstacles.
As proposed in Olfati-Saber (2006), obstacles within a
sensing radius g of an agent generate a so-called 3-agent
on the boundary of the obstacle at the point closest to the
agent. Let z¢ denote the state of the S-agent for obstacle
o, generated by agent i. The vector from agent ¢ to this
B-agent is defined as ¢;, = ¢ — ¢;. The set of obstacles
detected by agent ¢ is given by

NP = {o€ Vs gl <75}, (21)

with w; = |./\/f |. The stacked state vector of the obstacles
0i150i25+++,0; |78 detected by agent ¢ is

— O“"i

= (szk,,...,xi)k ). (22)
Assuming that [-agents are constant over the prediction
horizon, the obstacle state over the prediction horizon is
given by ~

X7 =1m, @Z7 . (23)

Let dg be the desired separation from the obstacles. The
continuously differentiable deviations from the desired
obstacle separation are then defined analogous to (9) as

5?(%7@7) = (0e(Gio,) — 0c(dp), - - »Ue(qui) —oe(dg)).
(24)
The vector of deviations stacked over the prediction hori-
zon is then given by

A (X gy, XPp) = (02 (@ihs1,T05) -
82 (@i krm,  T01))-  (25)
To integrate obstacle avoidance into the NLDMPF prob-
lem, similar to (11) and (12), a softened inequality con-
straint

—AP(XE.,,X2,) <oP 26
k+11 <Yk

i,k+1
pri

is formulated. Here, o 1 € RSE™ is the vector of corre-

i,k+
sponding slack variables. Considering 0'1-6 k41 as optimiza-
tion variable in the NLDMPF problem and defining the
vector of optimization variables as

Zi,k = (Ui,k> Xi,k+1, U;k+17 J;i,_k-&-l’ 05k+1)’ (27)

the NLDMPF problem with obstacle avoidance can be
stated as
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Problem 4. (flocking with obstacle avoidance)

Iélin Ji o (@i, Xiky1s Zig) + Jiny (@i, Zik)
i,k

+ Jip(Tin, Zik) (28)
st T kyor1 = f(Ti e, Wikre), L =0...Hy,—1, (28.a)
— AKXty Xik1) € 071 (28.b)
A(X; jer1, Xipr) < Ot (28.¢)
— A(Xi 1, X0%) < 001 (28.d)
T k1o ‘7{':1@+1 € RQIS”, (28.¢)
o1 € RIFY, (28.1)
Uk €U, (28.g)

with
Ji,8 (@i, Zik) = ||U£k+1||2Qﬁ' (29)

Here, Qs >~ 0 is the obstacle avoidance weighing matrix.

Remark 1. The cost functions of all three presented op-
timization problems (Problems 2, 3 and 4) are quadratic
in the optimization variables. Hence, the generation of the
quadratic subproblems in the SQP algorithm only requires
a linearization of the constraints.

4. NUMERICAL EXAMPLE

In this section, the performance of the proposed NLDMPF
algorithms is investigated in simulation. Two scenarios are
presented. In the first one, the effect of the number of
SQP iterations is investigated in a free flocking scenario.
In the second scenario, the performance of the proposed
algorithm is demonstrated in a scenario with multiple
obstacles and compared to the performance of a non-
predictive flocking algorithm. The simulation results are
generated with the open-source Matlab MAS simulation
library presented in Hespe et al. (2023). The code for
reproducing the simulations is provided in Hastedt and
Werner (2023a).

Consider the nonholonomic wheeled robot depicted in
Fig. 1. The nonlinear, discrete-time equations of motion
with sampling time 7' can be written as

Qi1 a5 cos(Py )
q]z_g_l qz Sin(z/}k)vk
Tpp1 = | Vg1 | = |Yx| +T Py (30)
Vk+1 Vg Fk/M
W41 W T/ 1,

Here, M is the mass and I, is the inertia about the z-axis.
The center of mass (COM) is denoted by ¢ = (¢%, ¢¥), ¥

Y

Fig. 1. Nonholonomic wheeled robot.
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is the orientation, v is the velocity in heading direction,
and w is the angular velocity. The control inputs are the
applied force F' and the applied torque 7. Furthermore, A
denotes a handle point located at a distance Lj from ¢ in
the heading direction.

4.1 Free Flocking

Consider a group of N = 10 agents with initial positions
¢i,0 € [0,25] x [0,25], initial orientations ¥, o € [0, 27], and
initial velocities v;0 € [-1,1] and w; ¢ = 0. The objec-
tive of the swarm is to form a static a-lattice with-
out - or [-agents. The sampling time is chosen as
T = 0.3s. The model parameters are M = 1, I, = 0.25,
Frax = 1, and 7pax = 1. The simulation parameters are
are € =10, H, =5, r. = 8.4, d =7, with tuning matri-
ces R= Iy, ®diag(0.2,0.1), Q, =1, Qf =1, and Q, =
Iy, ®diag(0, 0, 0, 0.002, 0.002). As performance measure,
the a-lattice irregularity

llgi; ]l —df?

J: —_—m—

= @
,5)€E(q)

is used, where |E(q)| denotes the number of edges. In
Fig. 2, the a-lattice irregularity is displayed for different
maximum numbers of SQP-iterations.

(31)

When comparing the speeds of convergence, Nsqp = 3,
Nsqp = 10, and Ngqp = 100 initially show very similar
performances, converging faster compared to only one
iteration. However, with Nsqp = 1 and Ngqp = 3, the a-
lattice irregularity does not converge to zero, but Jy final =
0.24, and Jgana1 = 0.18, respectively. For Nsqp = 10
and Ngqp = 100, there is only an insignificant difference
in the performances with both converging to a zero a-
lattice irregularity. Hence, for the investigated wheeled
robot, Nsqp = 10 appears to be a good trade-off between
performance and computational complexity.

4.2 Obstacle Avoidance

In this scenario, the performance of the proposed NLDMPF
scheme is compared to that of a non-predictive flocking
algorithm. For this purpose, a feedback-linearized model
of the nonholonomic wheeled robot is used in combina-
tion with the flocking algorithm proposed in Olfati-Saber
(2006). Since the model in (30) is not controllable for
v = 0, instead of directly controlling the position of the
COM, the position of the handle point A is controlled with

N I I I I

N --- Nsqp =1
41\ Nsqp =3
‘\‘\ - NSQP =10
\ .
-~ \ \\\ Nsqp = 100
2 Ao N
LN
\\§,\\
0 | | -~:;:""[____\____I_'
0 2 4 6 8 10 12 14

Fig. 2. Comparison of a-lattice irregularities for different
numbers of SQP iterations.

Philipp Hastedt et al. / IFAC PapersOnLine 56-2 (2023) 3794-3799

Ly = 0.5 (see Fig. 1). The equations of motion for the
handle point and the feedback linearization laws can be
found in Lawton et al. (2003). Here, we consider a group
of N = 20 agents tasked with reaching a target position
q" = (85,85) with zero velocities v" = 0, w" = 0, avoiding
a cluster of spherical obstacles on the way. The obstacles
are described by the center positions gy and radii r,

~ [3560 30 55 75 15
9o = |35 35 60 55 45 45|’

The agents are initialized with initial positions g; 0 €
[—15,15] x [—15, 15], initial orientations ; o € [0, 2], and
initial velocities v; ¢ € [—1,1] and w;o = 0. Model and
tuning parameters are chosen as in Section 4.1, except
QF =0.11. As a result of the investigation in the previ-
ous section, the number of SQP iterations is selected as
Ngqp = 10. Additional parameters are rg = 8.4, dg = 6,
Qs = 121, Q, = Iy, ® diag(0.1, 0.1, 0, 0.002, 0.001),
and d;, = 2. To get comparable results, both algorithms
are tuned to use similar amounts of input in terms of
the root-mean-square (RMS) value. Furthermore, since
the algorithm in Olfati-Saber (2006) cannot handle input
constraints explicitly, saturation is added after feedback
linearization.

ro=1[632121].

To evaluate and compare the performances, we consider
the minimum inter-agent and agent-to-obstacle distances

da = ||qu||7 do = min qu”a

i€V, 0€Vg

min

1,EV, i]
depicted in Fig. 3. For both algorithms, these distances are
computed from the agents’ centers of mass. Furthermore
to, the time it takes the swarm to clear the field obstacles,
is considered as the time interval in which the obstacle
is within the interaction range of at least one agent. The
agents’ trajectories for the proposed NLDMPF algorithm
as well as the non-predictive flocking algorithm with feed-
back linearization are depicted in Fig. 4. The simulation
performances are summarized in Table 1.

In both cases, the agents are able to clear the field of
obstacles and form an «-lattice at the reference point
within 200s. In comparison to the non-predictive algo-
rithm, with the proposed scheme, the swarm passes the
field of obstacles 33s (36 %) faster. With both algorithms
however, d, does not converge to the desired distance,
but a smaller distance (see Fig. 3). This is caused by the
conflicting objectives of inter-agent separation while at the
same time minimizing the distance to the y-agent. For the
non-predictive algorithm, this offset is even larger as it

T ™ T

8 : s

i o\ A AN ."‘
¢ [N e
5 6 ' i
= RY der N '\\',\“" Y
Youpna N 1,
—— proposed NLDMPF
4k ‘ non-predictive
0 50 100 150 200
time (s)

Fig. 3. Distances d, (solid lines) and d, (dashed lines) for
obstacle avoidance scenario.
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100

(a) Proposed NLDMPF algorithm.
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100

(b) Non-predictive flocking algorithm.

Fig. 4. Agent trajectories for predictive and non-predictive algorithms with markers for initial and final positions.

considers the handle point position A instead of the COM.
In terms of the minimum inter-agent distances, both algo-
rithms show a similar performance with a slightly larger
minimum d, for the predictive scheme. However, when
comparing the minimum distances to the obstacles, with
the non-predictive algorithm, at least one agent gets signif-
icantly closer to the obstacles compared to the NLDMPF
approach. In the case of the non-predictive algorithm, the
separation performance is again affected by considering
the handle point instead of the COM. In conclusion, the
advantages of predictive control in combination with the
possibility of directly controlling the position of the COM,
result in a superior performance when using the proposed
NLDMPF algorithm.

Table 1. Performance comparison summary

‘ dq final ‘ min(dq) ‘ min(do) ‘ to
proposed 6.48 6.14 5 90.9s
non-predictive 6.01 5.85 3.81 123.9s

5. CONCLUSION AND FUTURE WORK

In this paper, we presented a framework for nonlinear
distributed model predictive flocking with obstacle avoid-
ance and reference tracking. The resulting nonlinear opti-
mization problems are solved with a predefined number of
SQP iterations. Using the example of a nonlinear, nonholo-
nomic wheeled robot, we demonstrated in simulation that
a small number of SQP iterations is sufficient to achieve
the desired performance. Furthermore, in comparison to
a non-predictive flocking algorithm, the proposed scheme
achieves a superior performance, especially in terms of the
obstacle clearance time and the separation from obstacles.
As the performance of the proposed algorithms has so
far only been investigated heuristically, future research
involves an investigation of the stability and convergence
properties of the proposed scheme.
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