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Decentralized Trajectory Planning for Formation Flight in Unknown
and Dense Environments
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Abstract—For aerial swarms, formation flight has been
applied in various scenes. However, most existing works do
not consider balancing the conflicting requirements among
keeping formation, keeping the smoothness of trajectories, and
obstacle avoidance within the limited time. To address this issue,
we propose a decentralized trajectory planning framework
for formation flight in unknown and dense environments.
To ensure that feasible trajectories can be found within the
limited time, the formation optimization problem is decoupled
into formation affine transformation and iterative trajectory
generation. Firstly, the optimization problem based on affine
transformation is designed to obtain the optimal affine trans-
formation sequence, which provides the formation reference
of trajectory optimization. Secondly, the iterative optimization
framework of trajectory planning is designed, which balances
the conflicting requirements of formation, smooth flight, and
obstacle avoidance. Besides, to escape the local minima caused
by non-convex dense environments, the method of topological
path planning is designed to provide distinctive initial solutions
for trajectory optimization. Finally, the proposed methods are
proven to be effective through the simulations and real-world
experiments.

I. INTRODUCTION

Quadrotor swarms are widely employed in collaborative
tasks, such as collaborative mapping [1], package transporta-
tion [2], target tracking [3], and so on. The above tasks
usually require swarms to maintain a specific formation. It
is widely believed that the technology of formation flight is
vital for swarms to execute complex tasks.

Many scholars have put forward many mature solutions
for formation flight, such as virtual structures [4], reactive
behaviors [5], and leader-follower [6]. However, the above
methods only consider formation flight in an obstacle-free
or known environment, which hinders its applications in
complex environments. It is urgent to develop the technology
of formation flight in complex environments.
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Fig. 1. The swarm in a triangle formation flew in real-world experiments.
(a)-(d) are the snapshots of the swarm. (e) is the visualization of the map,
formation, planned trajectories, and executed trajectories.

Recently, formation flight in unknown and dense environ-
ments has been widely researched [7], [8]. However, most
methods do not consider the following challenges brought by
the complex environments. (a) The unknown environments
put high demands on the real-time trajectory planning of
quadrotors. Quadrotors should map through sensors and
replan new trajectories in the limited time, otherwise, it
may cause collisions. (b) The contradiction among keep-
ing formation, keeping the smoothness of trajectories, and
obstacle avoidance is inevitable. However, most methods
find the trajectories without considering it. How to balance
these three conflicting requirements is different for forma-
tion flight. (c¢) The dense environments make the solution
space non-convex and make it difficult to solve high-quality
trajectories. Most methods find the trajectories for formation
with a topologically equivalent class, which is easy to cause
local minima for trajectory planning. It may lead to large
formation errors or unsatisfactory smoothness of trajectories.

To settle the above difficulties, we propose a decentral-
ized trajectory planning framework for formation flight in
unknown and dense environments, as shown in Fig. 2. Each
quadrotor maps, plans trajectories, and shares trajectories
among the swarm. To ensure that feasible trajectories can
be found within the limited time, we decouple the formation
optimization problem into solving formation affine trans-
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Fig. 2. An overview of our formation method, where the part of planning
is the core of our work, the parts of mapping, localization, and control can
be realized by general methods.

tion problem of formation affine transformation to find the
optimal affine transformation sequence as the formation
reference. It allows the formation to scale and rotate, so
it can keep formation better with obstacle avoidance com-
pared with the rigid formation. Secondly, to balance the
conflicting requirements of formation and smooth flight, we
establish an iterative trajectory optimization framework that
dynamically adjusts the formation reference when generating
flight trajectories. Besides, to escape the local minima for
trajectory planning in dense environments, we design a
search-based topological path planning method with Uniform
Visibility Deformation(UVD) [9], which provides several
initial solutions for the trajectory optimization problem. The
contributions of this paper are summarized as follows.

1) The optimization problem for formation affine trans-
formation is designed, which enhances the ability to
keep formation for swarms in dense environments.

2) An iterative optimization framework of trajectory plan-
ning with topological initial solutions is designed,
which balances the conflicting requirements of forma-
tion, smooth flight, and obstacle avoidance.

3) The simulations and real-world experiments in un-
known and dense environments validate the efficiency
of our method for formation flight.

II. RELATED WORKS
A. Distributed Swarm Trajectory Planning

Optimization-based methods have been extensively
adopted in distributed swarm trajectory planning. Zhou
et al. [10] proposed a decentralized swarm framework
to find feasible trajectories parameterized by B-spline in
unknown obstacle-rich environments. Park et al. [11], [12]
proposed a swarm planning algorithm that generates safe
and feasible trajectory parameterized by Bézier in cluttered
environments. The above methods leverage the convex hull
property of the trajectory basis to ensure the safety of
trajectories. However, it may lead to conservative results.
To settle this deficiency, Tordesillas et al. [13] proposed

the MINVO basis that has the minimum volume enclosing
polynomial curves. Based on MINVO, they proposed a
planning framework to generate nonconservative trajectories
in dynamic environments.

The above methods do not support optimizing the time
allocation of trajectories, which may limit the quality of
trajectories. To settle this deficiency, Zhou et al. [14] pro-
posed a distributed swarm planning method with MINCO
[15] basis, which supports the spatial-temporal deformation
of trajectories. Our method of swarm trajectory planning is
on the basis of this work.

B. Formation Flight in Complex Environments

Recently, formation flight in complex environments has
been extensively researched. Guo et al. [16] proposed a cen-
tralized formation method using Gaussian Processes and fac-
tor graphs. However, the centralized architecture inevitably
leads to a large amount of calculation. Peng et al. [7]
proposed a swarm trajectory global optimal algorithm to
ensure a strict consensus on formations and avoid local
minima. However, as each quadrotor needs to optimize the
trajectories of all quadrotors simultaneously, it is unsuited
for large-scale formation. Quan et al. [8], [17] proposed a
distributed formation method in dense environments, where
the formation error was measured by the differentiable
Laplacian-based metric.

Our method for swarm formation in unknown and dense
environments is inspired by [8]. Different from [8], we adopt
the theory of affine transformation to maintain formation
instead of the differentiable Laplacian-based metric, which
has less computational complexity and allows constraining
formation scale directly in optimization problems.

III. FORMATION AFFINE TRANSFORMATION

In this section, we present the method of formation affine
transformation to find the optimal affine transformation se-
quence, which is used as the formation reference of the
trajectory optimization in Section IV-B.

A. Affine Transformation for Formation

A swarm formation of n quadrotors can be described as
an undirected graph G = (V, &), where V = {1,2,...,n}
is the set of vertices, and £€ C V x V is the set of
edges. The edge e;; € & indicates that quadrotor i and
quadrotor j can receive information between each other.
In our work, each quadrotor can obtain the information
of all other quadrotors, so the graph G is complete. Let
Pdes = [pges,17p£es,27""pges,n]T € R3n be the desired
formation of the swarm, where pges; € R3 is the desired
position of quadrotor <.

We adopt affine transformation [18] to model the defor-
mation of the swarm formation. The new position p; of
quadrotor ¢ can be obtained by

pi = Apdes,i +B (D

where A € R3*3 describes the rotation and scaling of the
formation, and B € R? describes the translation of the
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Fig. 3. Illustration of affine transformations. The formations in (b) and
(c) are obtained by scaling and rotating from the original formation in (a)
respectively.

formation. In our work, we only consider formation scaling
and rotation in the x-y plane depicted in Fig. 3, as well as
three-dimensional translation, so we define A and B as

la =b O c
AY by o 0o, BY |4 )
0 0 1 e

where a,b,c,d,e € R. The formation scale s and the
horizontal rotation angle 6, can be obtained by

{sm

0. = arctan(b/a) ©)

B. Optimal Affine Transformation Sequence

In order to provide the formation reference for subsequent
trajectory planning, we define the optimal affine transfor-
mation sequence for formation. The affine transformation
sequence for quadrotor ¢ in the future period is defined as

s Divy b “4)

where Di,k = {Ai,k;Bi,k}, ke [1,Mf], Ai,ks Bi,k are the
matrices of the affine transformation for quadrotor ¢ at time
stamp k, M is the number of sampling points with the fixed
time interval.

In order to solve the optimal affine transformation se-
quence for quadrotor ¢, we define the optimization problem

D; ={D;,D;p, ...

Hg.n)\f‘]f 4+ AsJs + AgJa + Aede 5

where Ar, A;, Ag, Ac are the positive weights. The cost
function consists of formation cost Jy, smooth cost Jg,
desired scale cost Jg4, and scale constraint cost .J..

1) Formation cost J¢: The cost of formation error is the
key to the above optimization problem, which is defined as

Mf n , )
Iy = Z Z 1P — Pjl (6)

k=1j=1,57#i

where p;j i = A; kPdes,; + Bi i, denotes the new position of
quadrotor j with affine transformation at time stamp k, and
p;’-,k is the planned position of quadrotor j at time stamp k
from the planned trajectory broadcast by quadrotor j.

2) Smooth cost J,: To ensure a smooth affine transforma-
tion sequence, the elastic band function [19] is adopted as

the smooth cost
Myp—1

Z ||pi,k:+1 —2p; +p1:,k—1H2 Q)
k=1

J, =

where p; o is the current position of quadrotor ¢, and p; j, =
A; kDdes,i + B is the new position of quadrotor i with
affine transformation at time stamp k.

3) Desired scale cost J;: To ensure that the formation
follows the desired scale as much as possible, we design the
desired scale cost

My
Ja =Y lIsk = saes|” ®)
k=1

where sg.s 1S the desired formation scale, and s; is the
formation scale at time stamp k obtained by (3) with A; ;.
4) Scale constraint cost .J.: Too large formation scale
increases the distance between quadrotors and puts pressure
on communication, while too small formation scale increases
the risk of collision among quadrotors, so the formation scale
should be limited. The scale constraint cost is defined as

My
Je =Y 07 (sk) )
k=1
07 Smin S S S Smax
(0 (S> = Smin — S, 8 < Smin (10)

Smax — S, S > Smax

where Spax and Sy, are the maximum and minimum
formation scales respectively.

IV. TRAJECTORY GENERATION FOR FORMATION FLIGHT

In this section, we present the method of iterative tra-
jectory optimization to generate trajectories for the swarm,
which balances the conflicting requirements of formation,
smooth flight, and obstacle avoidance. The formation refer-
ence of the optimization is obtained by Section III-B.

A. Trajectory Representation

We adopt the minimum control effort polynomial trajec-
tory Tvinco [15] as the representation of trajectories for
quadrotors, which can be deformed in time and space through
optimization. The Tynco 1s written as

Tvnco = {p(t) : [0,T] = R™ | c = M(q,T),

(M (11)
g € Rm<(M=1) T ¢ RM

where p(t) is an m-dimensional piece-wise polynomial tra-
jectory with pieces M and degree N = 20 —1, o is the order
of the integrator chain. ¢ = (q1, ..., gar—1) is the intermediate
points, and T = (Ty,....,Ta;)" is the time vector. The
trajectory Tminco 1s parameterized only by g and T'. The
polynomial coefficient ¢ = (cf, ...,c}fl)T € RZMoxm cap
be obtained by the mapping M(q, T), where c; € R27x™
is the coefficient matrix of the k-th piece. The k-th piece of
p(t) is represented by

pk(t) = C;;Fﬁ(t)
where B(t) = (1,t, ---vtN)T

12)

is the natural basis, ¢ € [0, T}].
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B. Optimization Problem Formulation

In our work, the trajectory generation is modeled as a
multi-objective optimization problem, which includes the
requirements of smoothness, safety, aggressiveness, dynam-
ical feasibility, and small formation error. The optimization
problem for formation flight is formulated as

milglwcfc+wtft+wfff+w1ff (13)

where w., wy, wy and wy are the positive weights. The cost
function consists of control energy cost f., time cost fy,
formation cost f¢, and penalty cost of soft constraints f;.

1) Control energy cost f.: The o-th (in our work, o = 3)
control input for the trajectory is written as

jg:(}f Hp(o) dt

2) Time cost f;: To realize that the swarm can reach the
destination quickly, we define the time cost of flight as

M
fe=> T
k=1

3) Formation cost f;: In Section III-B, we obtain the
optimal affine transformation sequence with the fixed time
interval. With the fixed time interval and the reference posi-
tions obtained by inputting the optimal affine transformation
sequence to (1), the formation reference trajectory py, , with
the representation Tynco can be constructed. It is used to
calculate the formation cost defined as

(14)

(15)

M i k—1 3
TED M =7 <sz(T;c + ZTq)> (16)
= \ "% =0 Rk a=1
2
Pd(t) — { Hp(t) _p:;f(t)H 7t S Taf (17)
0,t>Tquy

where kj is the sample number on the k-th piece trajec-
tory, [o, @1, ..., Wip—1, W] = [1/2,1,...,1,1/2] are the
quadrature coefficients, and 7, f is the overall time of the
formation reference trajectory pa]c

4) Penalty cost of soft constraints f;: To ensure the safety
and dynamical feasibility of quadrotors, the penalty cost of
soft constraints is defined as

fr=wiff +wify +wifi +wiff
where w?, wf, w} and w§ are the positive weights. The
penalty cost of soft constraints consists of obstacle avoidance
penalty f7, swarm reciprocal avoidance penalty f7, velocity

feasibility penalty f7, and acceleration feasibility penalty ff,
which are defined as follows

(18)

M
fI*:Zf,:, * € {o,r,v,a}

(19)
k=1
3
£ T’“Zw]< Tk+ZT ) (20)
7=0

Algorithm 1: Topological Paths Generation

Input: initial trajectory 7;,,¢, grid map
Output: the set of topological paths S

1 St « SegmentedPath(7;,;;), SPY" < ©;

2 foreach my € S do

3 71 < AstarSearch (7(0), m(1));

4 79 <— OppositeSearch (g, 71 );

5 Spair ¢ Gpair | L) mo};

6 S!P «+ CombinedPaths(S5P%");

7 SIP < ShortPaths(S%?)

1
Goal . " T,
4 1

* Start/Goal X Current position of the UAV ¢ Nearest formation center

<~ . . .
“ 1 Nearest formation 1 x:: Desired formation Target formation center

Local target of the UAV ~ —— Front trajectory —— Back trajectory

Fig. 4. Illustration of how to obtain the initial trajectory at time stamp 7.
The initial trajectory consists of the front trajectory and the back trajectory,
where the back trajectory is the unexecuted part of the planned trajectory
at time stamp n — 1.

where G,, G,, G, and G, are the constraint functions
of obstacle avoidance, swarm reciprocal avoidance, velocity
feasibility, and acceleration feasibility. They are defined as

Go(t) = max (dy — de(p(1)), 0)
Gr(t) = X max (2 — [Ip(t) — po(1)]*),0)

G, (t) = max (|[p 1) - @D
Ga(t) = max (|[p® ()| -

where d, is the threshold of safe distance away from obsta-
cles, d.(p(t)) is the distance between p(t) and its closest ob-
stacle computed by Euclidean Signed Distance Field(ESDF)
[19], d, is the threshold of safe distance among quadrotors,
¢ represents the collection of other quadrotors, v, and a,,
are the maximal velocity and acceleration respectively.

C. Initial Solution Guess

As the optimization problem constructed in Section I'V-B is
non-convex and non-linear, the initial solution may affect the
solving quality and solving time of optimization. Therefore,
the initial solution guess is also an important part of the
optimization process.

If general methods of path planning such as the A*
algorithm are directly used to provide the initial solution,
it is easy to cause local minima. Topological path planning
can be used to escape local minima by providing distinctive
initial paths. Uniform Visibility Deformation(UVD) [9] is ef-
ficiently used to capture distinctive initial paths in topological
path planning, which is defined as
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Fig. 5. Tllustration of topological path generation. (a) The initial trajectory
is segmented by collision checking. (b) Search two topological paths from
different sides of the obstacle for each segment of the initial path. (c) The
new topological paths are obtained by combining the topological paths of
each segment and shorting them.

Definition 1: Two paths 71(¢), m2(¢) parameterized by
¢ € [0,1] belong to the same UVD class if satisfying
m1(0) = m2(0), m1(1) = m2(1), and the line from 7 (()
to m2(() is collision-free for all ¢.

Inspired by [10], we propose the method of generating
topological paths as shown in Algorithm 1. Different from
[10] which combines path and trajectory planning, it searches
the topological paths and constructs the initial solutions
for trajectory optimization. It provides collision-free initial
solutions, which ensure the safety of the final optimized
trajectory for the non-convex problem.

As the input of Algorithm 1, the initial trajectory 7;,;:
at time stamp 7 is obtained by merging the front trajectory
T and the back trajectory 74, where the back trajectory is
the unexecuted part of the planned trajectory at time stamp
n — 1, as depicted in Fig. 4. In order to obtain the front
trajectory 7y, it is necessary to obtain the target formation
center, which is related to the nearest formation. According
to (1), the nearest formation is computed by

n

min Z ||Adpdes,i + Bd - pcur,iHQ
Aq,Bg P

(22)
where A; € R3*3 describes the rotation and scaling of the
nearest formation, By € R?® is the center of the nearest
formation, pges,; € R3 is the position of quadrotor 4 in the
desired formation, and pcy,; € R3 is the current position of
quadrotor 1.

The target formation center B, € R? is on the global
trajectory 7,; and within planning horizon R from By, where
the space of 7 is the line from the start to the goal and the
time of 74 follows the trapezoidal time allocation. The target
formation velocity v, € R? is obtained by 7, with B, and
the local target position p, € R? for quadrotor i is obtained
by

Pg = Pdes,i + Bg (23)

With the local goal pg, the front trajectory 7y, can
be obtained, where Ty, = [Tfpu, Tfry, Tfr2). consists of

Algorithm 2: Iterative Trajectory Optimization

Input: initial guess trajectories set S'P, formation
reference trajectory py, , with total time 75,
maximum iterations iteryax

Output: the final optimized trajectory 7

1 Ty.cost < +00;

2 foreach 7/* € S do

3 | 77 < SolveOpt(r;”, p}; )

4 | if 75 .cost < Ty.cost then

5 | 7T

6 fcur — 0; fbase < w? + wl};

7 [ Ty fes [} T

8 iter + 0;

9 while f.., < foase N iter < iterpmax do
10 iter < iter + 1;

u | pip e 7p[0,min(Toyp, 74T

12 | 7y < SolveOpt(7s, p; ,);

B3| feur w0l Ty fe/ [E A0S T fr ) f

three polynomial functions over time [20] acquired by the
Pontryagins minimum principle [21]

1 1
Trru(t) = *O‘Mtg + §5ut2 t Vs,p + Psu

5 (24)

|:al“:| — ; |:_12 6Tf7’ :| |:pg,/—t - ps,,u - 'Us,;LTfr
Bu) T T 6Ty —2(Ty)?

Where subscript M € {l‘,y,Z}, DPs Lps,waps,yvps,z]T
and v = [Vs.4,Vs,y,Vs]T are the terminal position and
velocity of the back trajectory, py = [Pg,c: Pg,y: Pg,z)" and
vy = [Vgz,Vgy,Vg]7 are the local target position and
velocity, and T, is the total time of 77, from trapezoidal
time allocation

T, = { Vdsg/tm, V2, Jam < dsg

(ng + dsgam)/(vaM)> U?n/am > dsg

where dy, is the Euclidean distance from p; to py.

Algorithm 1 firstly segments the initial trajectory by
collision checking in Line 1 if the initial trajectory is unsafe,
as depicted in Fig. 5(a). Secondly, search two topological
paths from different sides of the obstacle for each segment
of the initial path in Line 2-5, as depicted in Fig. 5(b). One
side path is obtained by A*, and the anchor point w;; at the
obstacle surface are assigned for the point w; on the initial
path. Search from w; along vector w;w,, find the opposite
point w;o outside the obstacle, and then connect opposite
points by A* to obtain the opposite path. Finally, obtain new
topological paths by combining the topological paths of each
segment and shorten them by the method of [9] in Line 6-7,
as depicted in Fig. 5(c).

Only if the initial trajectory is unsafe, Algorithm 1 is
used to obtain topological paths and construct initial guess
solutions. Otherwise, the initial trajectory is directly as the
initial guess solution. The topological paths are divided into

Vg, = Us,p

(25)

(26)
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Fig. 6. A triangular formation consisting of six quadrotors flew from the left side to the right side in unknown and dense environments (0.3 obs./m?2).
(a) The executed trajectories of the swarm shown by colored curves. (b)-(f) The snapshots of swarm formation flight at different times.

(a)

(b)

Fig. 7. The snapshots of a triangular formation consisting of six quadrotors
flying in unknown and dense environments. (a) The snapshot of the
formation in the map with density 0.1 obs./m?2. (b) The snapshot of the
formation in the map with density 0.2 obs./m?.

M segments at equal distances d., and the trapezoidal time
allocation is applied to guess the time t,4; of the i-th segment.
With d. and 4, the topological paths are converted into the
initial guess trajectories with the representation Tynco - The
initial guess trajectories are used as initial solutions to the
optimization problem in Section IV-B.

D. Iterative Optimization

To improve computational efficiency, we decouple forma-
tion optimization into solving the optimal affine transfor-
mation sequence and solving flight trajectories. However, it
may lead to a new problem. As optimal affine transformation
sequence is obtained without considering obstacle avoidance,

the sequence may be unreasonable, which affects the quality
of trajectory planning. To address this issue, we establish an
iterative optimization framework that dynamically adjusts the
affine transformation sequence when solving the trajectory
optimization problem.

The method of iterative trajectory optimization is shown
in Algorithm 2. Line 2-5 solve the optimal trajectory 7; with
different initial guess trajectories, where T.cost expresses
the cost of trajectory 7 obtained by (13), and the function
SolveOpt(r, p} f) solves the optimization problem (13) with
the initial guess solution 7 and the formation reference
trajectory py,. Line 6-8 initialize the parameters for the
iterative optimization in Line 9-13. The iterative optimization
is used to deal with the problem that the control energy cost
of the optimized trajectory may be too large because of the
unreasonable formation reference trajectory, where wlc’, w?
are the given positive weights satisfying w? +w} = 1, 7.f.,
7.f¢ are the control energy cost of 7 defined in (14) and
formation cost of 7 defined in (16). In order to balance the
costs of control energy and formation errors, w? = 3u? is
set in our work. The formation reference trajectory pj , is
dynamically updated to the part of the trajectory 7y with
time ¢ € [0, min(T,, 77.7)] by Line 11, where 7.7 is the
overall time of trajectory 7.

V. EXPERIMENTS

The method we proposed was implemented in C++ with
ROS2 as the swarm communication architecture and the
open-source library LBFGS-Lite' as the optimization solves.
Simulation experiments and real-world experiments were
designed to prove the efficiency of our method.

Thttps://github.com/ZJU-FAST-Lab/LBFGS-Lite

8994



1.5 .
——Sparse
. - - -Medium
é Dense
5 1t 1
-
8
=
K=
=
g 05f 1
8
=
,\
1 \
7 \
0
0
Fig. 8. The formation errors over time in three maps with different
densities.
TABLE I
COMPARISONS OF FORMATION PLANNING METHODS.
Den5ity edist(m) Ec Ttotal tplan
(obs./m?) Method Mean/Max  (m?2/s®) (s) (ms)
Oury 0.25/0.79 248.18 36.04 2.11
Sparse 0.1 Ours 0.21/0.71 101.81 35.86 5.63
[8] 0.28/1.45 42.27 43.34 16.65
Oury 0.39/1.04 471.69 36.62 2.14
Medium 0.2 Ours 0.41/0.82 145.81 36.02 5.76
[8] 0.52/1.81 84.38 45.71 16.79
Our; 0.57/1.27 717.06 36.65 2.23
Dense 0.3 Ours 0.44/1.43 240.72 36.43 5.87
[8] 0.68/2.27 180.95 46.93 17.24

A. Simulations

The simulation experiments were designed on a Ubuntu
22.04 laptop(CPU: i7-13700H, RAM: 16 GB). We designed
six quadrotors in a triangular formation flying from one
side of the maps(34m x 15m x bm) to the other side with
maximum velocity limit v,, = 1.5 m/s and maximum
acceleration limit a,,, = 6.0 m/s?. The simulations were run
on three maps with different obstacle densities, as depicted
in Fig. 6 and Fig. 7, where Fig. 6 shows complete trajectories
of formation in the dense obstacle map(0.3 obs./m?).

We compared our work with Quan’s method [8], as
summarized in Table I, where the starting point and goal
of the formation center are the same, and the Euclidean
distance between them is 42m. In Table I, the methods
“our;” and “oury” are our methods without iterative op-
timization(Algorithm 2 is only run for Lines 1-5) and with
iterative optimization respectively, and egist, Ee, Tiotal> tpian
respectively express the formation error, control energy, flight
time and average replanning time. Inspired by [22], the
formation error eg;5; for n quadrotors with time variable ¢
is defined according to (1), and it describes the gap between
the actual formation of the swarm and the nearest affine
transformation formation.

[l

cain(t) =, min S | AW)Pser; + B = pi0)]]
=1

A(t),B
27

where p;(t) is the actual position of quadrotor ¢. The mean
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Autopilot
CUAV V5+
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S Deptly cameta-
% ntel RealSense D435

(b)

Fig. 9. The experimental setup of the formation system. (a) The overall
hardware structure of the formation system. (b) Platform of the quadrotor.

of formation errors is written as

1 Ttotal
/ €dist (t)dt
0

(28)

Cdist Ttotal

As shown in Table I, the iterative optimization can take a
little computing time to balance the costs of control energy
and formation errors. Compared with Quan’s method [8],
our method with iterative optimization has smaller formation
errors, shorter flight time, and shorter replanning time. The
formation errors of the method “ours” with three maps are
shown in Fig. 8. The simulations proved the efficiency of
our method in unknown and dense environments.

B. Real-world Experiments

Apart from simulations, we designed the real-world ex-
periments to verify the efficiency of our method. The main
experimental setup of the formation system is shown in Fig.
9. The Intel NUC microcomputer (CPU: i7-1260P, RAM: 16
GB) is used to run software programs and drive hardware
devices. The depth camera D435i provides depth sensing,
and the Ultrawide bandwidth(UWB) on each quadrotor and
four UWB base stations are used for location. A laptop(CPU:
17-13700H, RAM: 16 GB) is used to monitor the status of
quadrotors as the ground station.
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Fig. 11. The formation errors over time in real-world experiments.

Three quadrotors flew in a triangle formation without
mapping in advance, as shown in Fig. 1. The maximum
velocity limit was set to v,, = 0.6 m/s, and the maximum
acceleration limit was set to a,, = 4.0 m/s?. The executed
trajectories and formations of three quadrotors are shown in
Fig. 10, and the formation errors are shown in Fig. 11. The
real-world experiments proved that our method enables the
swarm to keep formation with obstacle avoidance.

VI. CONCLUSION

In this paper, we proposed a decentralized planning frame-
work to generate feasible trajectories for formation flight in
unknown and dense environments. We decoupled the forma-
tion optimization problem into formation affine transforma-
tion and iterative trajectory generation, which ensures finding
feasible trajectories within the limited time. The formation
affine transformation allows the formation to scale and rotate,
which is beneficial for maintaining formation with obstacle
avoidance. The iterative trajectory generation balances the
conflicting requirements of formation and smooth flight. The
simulations and real-world experiments proved the efficiency
of our method. In the future, we will expand our work to
more complex scenes, such as mazes and scenarios with
limited communication.
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