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Event-Triggered Optimal Formation Tracking Control Using
Reinforcement Learning for Large-Scale UAV Systems
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Abstract— Large-scale UAV switching formation tracking
control has been widely applied in many fields such as search
and rescue, cooperative transportation, and UAV light shows.
In order to optimize the control performance and reduce
the computational burden of the system, this study proposes
an event-triggered optimal formation tracking controller for
discrete-time large-scale UAV systems (UASs). And an optimal
decision - optimal control framework is completed by introduc-
ing the Hungarian algorithm and actor-critic neural networks
(NNs) implementation. Finally, a large-scale mixed reality
experimental platform is built to verify the effectiveness of
the proposed algorithm, which includes large-scale virtual UAV
nodes and limited physical UAV nodes. This compensates for
the limitations of the experimental field and equipment in real-
world scenario, ensures the experimental safety, significantly
reduces the experimental cost, and is suitable for realizing large-
scale UAV formation light shows.

I. INTRODUCTION

In recent years, enormous studies on cooperative control
for multi-UAV system are overwhelming. Among them,
multi-UAV formation tracking control is a common and
fundamental problem, and the formation scale has changed
from a few UAV groups previously to large-scale formations
nowadays. With the exponential growth of formation scale,
the system performance is more rigorously required. Hence,
researchers proposed optimal control that optimize system
performance and formation cost to reduce the system burden.

Optimal control is an effective strategy to balance the
system performance and computational consumption. For
discrete-time systems, the optimal control can be achieved
by solving the Bellman equation [1]-[4]. However, since
the analytic solution of the Bellman nonlinear equation is
difficult to be derived directly, all studies above consider the
linear systems. In order to approximate optimal controllers
for nonlinear systems, reinforcement learning (RL) has been
introduced in [5]-[10], where the actor-critic neural network
(NN) is the commonly used RL architecture. The critic NN
gives feedback to optimize the actions by evaluating the sys-
tem performance index, while the actor NN issues optimized
control commands to improve the system behaviors.
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Fig. 1.
mixed reality experimental platform to realize a UAV formation light show.

Hundreds of virtual UAVs and four physical UAVs in a large-scale

Last few years, RL architectures have been widely used
in optimal cooperative control. In [11], a learning-based
adaptive dynamic programming algorithm is used to solve
the formation tracking problem for multi-UAV systems with
model uncertainty in obstacle environments. In [12], for the
multi-agent tracking control with actuator faults, an adap-
tive optimal fault-tolerant tracking controller is designed by
combining the RL algorithm and the backstepping method.
However, the studies above consider the time-triggered
mechanism, which will continuously or periodically update
the controller and NNs. This will inevitably cause a huge
computational consumption when the formation size is large.

This study introduces the event-triggered mechanism
where the UAV updates the controller and actor NN only
when the specific condition is triggered, which allows the
UAV system (UAS) to update control commands on demand,
aperiodically rather than continuously and indiscriminately.
At the same time, it means that the event-triggered mecha-
nism can effectively reduce the system computational burden
compared to time-triggered cases. For the RL-based optimal
cooperative problems, a number of studies have introduced
the event-triggered mechanism as an improvement, whether
for continuous-time systems [13]-[18] and discrete-time
systems [19]-[24]. However, these studies only implemente
numerical simulations without verifying the algorithm effec-
tiveness for engineering applications.

In order to verify the efficiency of the proposed algorithm,
a large-scale mixed reality experimental platform is estab-
lished in this study. A large-scale UAV light show is realized
using a limited number of physical UAVs and hundreds of
virtual UAVs (Fig. 1). In view of the main limitations of
large-scale formation show, such as high requirement for
experimental field, expensive experimental equipment, and
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Fig. 2. The algorithm overview of this study. To solve the large-scale UAV switching formation tracking problem, for the decision layer, the Hungarian
algorithm is used to solve the goal formation assignment problem. For the control layer, the event-triggered mechanism and the RL-based Bellman equation
are used to optimize the computational efficiency and the control performance of the system, respectively.

poor safety factor, the established experimental platform has
the advantages of low experimental cost and high safety
factor. And the experimental results show that this platform
only requires one room and four UAVs to achieve the desired
effect of hundreds of UAVs in the large airspace.

This paper proposes an event-triggered optimal formation
tracking controller for discrete-time large-scale UASs, and an
online actor-critic NN structure is established to implement
the control. The main contributions of this study include:

1) Considering the main difficulties involved in the deci-
sion and control layers for large-scale switching forma-
tions, an algorithm framework integrating optimal for-
mation assignment and optimal control is established.
The event-triggered online actor-critic NN is proposed
to approximate the local performance index and learn
controller. Compared with [5]-[12], actor NN weights
and controller only update at triggering instants.

This study highlights the engineering application of
the proposed algorithm, establishes a mixed reality
experimental platform for large-scale UAV formation,
and verifies the proposed algorithm on this platform.

2)

3)

II. ALGORITHM OVERVIEW

As shown in Fig. 2, an algorithm framework is designed to
solve the large-scale UAV optimal formation tracking prob-
lem. And the algorithms for optimal assignment and optimal
control are summarized in Algorithm 1 and Algorithm 2.

Algorithm 1 Decision Layer - Optimal Assignment

Input: 1) Initial position set f}; 2) Expected formation is §;
3) UAV number N.
Qutput: 1) Target position set F; 2) Optimal assignment
list x*; 3) Desired switching trajectory h(k).
1: [F, x*, h(k)]:Optimal_Assignment(é, S, N).

Algorithm 2 Control Layer - Optimal Control

Input: 1) Desired trajectory h(k) 2) Real-time states x(k).
Output: 1) Optimized controller u(k); 2) Triggering instants
sequence {kj};cz+.

1: Initialize the actor-critic NN;

2: Calculate triggering condition f;(k) with h;(k) and x;(k);
3. if fi(k) > 0 then

4: Using actor NN to learn the controller u;(k);

5: Calculate and update the actor NN;

6: The corresponding instant & is recorded in {k!};cz+.
7: else

8: Mi(k—Fl) :u,-(k);

9: The actor NN remains the same as before.

10: end if

—
—_

Calculate and update the critic NN;
Approximate the system performance index.

_
»

III. PRELIMINARIES
A. Graph Theory

For a large-scale UAS with a virtual leader and N follow-
ers, the communication network can be described as a graph
G ={,8, W}, where o ={ay,...,ay} denotes the node
set, & is the edge set and ¢;; = (a,, j) €&, and # is the
adjacency matrix with elements w;;, for e;; JEE, IF j,wij=
1, otherwise w;; = 0. Define N; as the neighbor set of UAV
a;. Then, the in-degree matrix 2 = diag;c(; yj{¥ jen, Wij}-
Laplacian matrix is L = & — # . Further, a diagonal matrix
B = diagc[; y{bi} describes the communication between
followers and the virtual leader. Assume that the leader can
communicate with at least one follower, and there exists a
spanning tree with the leader as the root in the directed group
G ={o/,E} with o = {ay,...,ay} and & € o x o .

Assumption 1. The graph & is connected and the directed
graph ¢ contains a spanning tree.
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B. Radial Basis Function (RBF) NNs

An unknown nonlinear function {(£) can be approxi-
mated by a RBF NN, {(Q) = W*Ty(Q), where W* € R*
is a weight vector, y(Q) € R* is a basis function vector
with y(Q) = [y1(RQ),...,¥(2)]", and s € Z* represents
the number of NN nodes in the hidden layer. In this paper,
y; () is chosen as the Gaussian Basis Function

vi(Q)=exp (—(2 - v)T(Q-w)/217), i=1,....5. (1)

where V; is the center of the Gaussian kernel function and ;
is the width parameter of the function. For the approximation
of the RBF NN, it is always possible to find an ideal weight
W* = arg, . wisupo ||£(2) —WTy(R)]|}. As a result, the
unknown function §(£2) can be written as

{(Q)=wTy(Q)+0o(Q). 2

where o () is the approximation error with |o(Q)| < o7,
and oy is a constant.

C. Problem Description

Consider a large-scale UAS with N followers and a virtual
leader, each UAV ¢; (i € {0,...,N}) is modeled as:

pilk+1) = pi(k) +v;(k)T
vilk+1) = vi(k) +u; (k)T + fi(pi(k),vi(k)).

where p;(k) € R™ and v;(k) € R™ are the position and
velocity of the UAV q;, u;(k) € R™ is the control input with
m the movement dimension of UAV, and f;(+) is the unknown
bounded nonlinear function. For the virtual leader ag, uo(k)
is known and fp(-) =0.
Then, for each follower UAV g;, the position tracking error
&pi € R™ and velocity tracking error &§,; € R” are defined as
Epi(k) = pi(k) — po(k) — 1pi(k)
&vi(k) = vi(k) —vo (k) — Myi(k).
where 1;(k) = [n};(k),n;(k)]T € R*™ is the desired state
difference between the leader ag and the follower a;. Then,
define the disagreement error for UAV g; as

3)

“4)

&i(k) = X;,V wij(Epi(k) —&Epj(k)) + bi&pi(k)
Eull) = . w8~ 1) + b5 ®
Let e(k) = [SIT(k),...,Sg(k)] with g (k) = [Sg(k),SVTi(k)]T.

Define the local performance index function (PIF) as
i(k) =Y B Ri(&i(k), ui(&)), (6)
I—k

where R;(&(k),u;(&)) = &' (k)&(k) +u] (€)u;(&) is the util-
ity function.

V,'(&'(k),u

IV. OPTIMAL ASSIGNMENT AND OPTIMAL CONTROL

In this section, the algorithm overview shown in Fig. 2
is expanded and detailed separately in three parts: optimal
formation assignment, event-triggered optimal controller de-
sign, and online actor-critic NNs implementation.

Exemple 1. Rectangular to circular Exemple 2. Circular to pentagram
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Fig. 3. Two examples of switching formations, with the expected formation
shape on the left and the assignments and generated trajectories on the right.
A. Optimal Assignment for Switching Formations

For a system with N UAVs of radius r, suppose its initial
position set is G = {g } € RV*™ the expected formation is
S= {‘S'}} € R¥*™ and the target position set is F = {_f"jT} €
RN*™ yyith _f'j = ps; +d, where p € RT is the scale factor
and d is the translation vector.

Lemma 1. [25] The optimal scale factor p* and translation
vector d* can be calculated as

. EL&ELE) N
leyzlgj():yzlgﬂ NZN 1§1_'T)
Zﬁ1§i_P*Zj=IS/
I )

)
d" =

Algorithm 3 [25] Pseudo-Cost Assignment Algorithm

Input: 1) Initial position set G:2) Expected formation is S.
Output: 1) Optimal assignment list }* € ZV; 2) Minimum
cost matrix k* € RV*N,
I Kj = 7:g'l_S'T
2: (x*,x*) = Hungarian-LSAP(x).

Algorithm 3 is introduced to enable UAVs to reach the
target positions simultaneously without collision. Define the
formation switching duration as #; = max;c(; v |8 71{%(!‘) 2/
Vmax, Where x(i) is the position index assigned to UAV
aj, and v,k is the maximum allowable velocity. Then, the
desired switching trajectory for UAV g¢; is

—

f. g
2(i) — 8i ts
=~ kT

ST, ke 0.3 @®)

And the collision avoidance conditions of UAVs are noted
|[8 — &l > 2v2r and |[§; —;|[» > 2Vv/2r.

B. Event-Triggered Optimal Controller Design

hi(k) =g +

Define the triggering instants sequence for the UAV gq; as
ki +, which is determined by the following condition,
1SI€T y g

: 1-2K2
k) = e~ L2
1 V2

where k € (=, —), &(k) is the current disagreement error

IE]I 9)

and the controller u;(k) only updates at the triggering instant
ki =inf{k > ki |, fi(k) >0}, that is, &;(k) = u;(&:(k})), where
8,(k ) is the triggering error. The zero-order holder (ZOH) is
used until next triggering instant occurs, one has

wi(k) = di(k) = wi(ky), k€ [kj, k). (10)
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Lemma 2. [20] There exists a positive constant K satisfying
the inequality as follows,

[lei(k+ 1)1 = [lgi(ei(k),ui (k)| < x|l (k)| +x|e (K|
, (11
where el (k) = £,(k§) —&(k), ke [ki,k*"). And when the event
is triggered, e)(k) = 0.

Theorem 1. Considering the large-scale UAS (3) following
the Assumption 2 and the triggering condition (9), the
disagreement error is asymptotically stable and formation
tracking control for the large-scale UAS (3) is achieved.

Proof. (a) For Vk € [k},k}. ), the controller u;(k) remains a
constant, u;(k) = u;(k+1). Design the Lyapunov function

Vei(k) = €] (k)&i(k) +u (k)u; (k). (12)
With the Lemma 2 and the triggering condition (9),
AY,i(k) = Vei(k+ 1) — Yi(k) can be derived as
AYei(k) < 26| |&i(K)|* + 213 [ey () || — e (K)||* < 0.
13)

(b) For k € {ki},cz+, the controller u;(k) will be updated,
and the Lyapunov function is designed as

Yei(k) = B'Vi(&i(k)). (14)
Then, the first difference of the ¥,; is
AV = —BRi(gi(k),u;(k})) < 0. (15)

Overall, g;(k) converges asymptotically, which means that
event-triggered formation tracking control is achieved. [

C. Implementation with Online Actor-Critic NNs

and u (k) can be derived by the equation a‘(;’f:&g)) =
BT 9V (&i(k+1))
2 deilk+1)
oV (&i(k+1)) _ 208i(k)
dei(k+1) ByT
, where constants a, > 0, o, > 0, and
IV (&i(k+1))
dei(k+1)

The optimal controller ] (k) is the unique solution of (6),

uj (k) = (16)

where ¥ =} jcn, wij + bi. Let
2006,:(k)  VO(&)
ByT BT
V(&) = —20epi(k) — 20u&i(k) + BYT

Then one has

VO(g
() = o (i)~ "
where o = [0, 0] @ I,,. And in order to implement the
approximation of the optimal controller and the optimized
PIF, actor-critic NNs are introduced.

1) Critic NN Design: The critic NN, which is utilized to
approximate the the optimized PIF,

Vi(gi(k+1))  2ag(k) |-

aevi(k+1) ﬁ'sz +ﬁ'sz CI( )Wl( l>7

where W,; € R%™ is the estimation of W/, which is trained
by the critic NN update law

Wei(k+ 1) = Wei (k) — pei T wi (&) Wi (&) Wei (),

where U is the constant gain for the critic NN.

a7

(18)

19)
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Fig. 4. A framework for implementation with event-triggered online actor-
critic NNs for formation tracking control.

2) Actor NN Design: The actor NN, which is utilized to
approximate the formation tracking controller (17),

1. )
“(k) = —agi(k) — EWJ(k)‘I’i(Si(k»v k€ {ki}icz+s
uj‘(k;), ke[kf,k§+]).
(20)
where W,; € R is the estimation of W, which is trained
by the actor NN update law

Wi (k) — pa T Wi (&) Wi (&)
(Wai(k) = Wei (k) , k € {kj}iez+

Wai<k+1) = X
Wi (k), ke [ki,ki, ). o

I+1
where U, is the constant gain for actor NN.

Definition 1. A system is said to be ultimatelly uniformly
bounded (UUB) if there exist positive constants 6 and p,
Vx(ko) < 6, 3T (p,8) > 0 such that

Vk>ko+T,  |lx(k)]] < p.

Theorem 2. For any UAV q; in the large-scale UAS (3)
with bounded initial states, the optimized event-triggered
formation tracking controller (20) is utilized, where the
iterative update laws of the actor-critic NNs are (19) and
(21), and the constant gains involved satisfy the conditions,
0<T < K Hai
HZAmax'

Wei > Hai > 0, (22)

e
where Aoy is the maximum eigenvalues of vi(k)wl (k).

Then, the disagreement error €;(k), and the estimation errors
W,i(k), Wei(k) of the actor-critic NN weights are UUB, where
Wa,'(k) = Wm‘(k) — Wu*z and Wci(k) = Wc,’(k) — W:;

Proof. The stability analysis process will be divided into two
parts according to the trigger instants k € {k{},c7+ and the
trigger instant intervals k € [k}, &} ).

(a) For Vk € [ki,ki ), the triggering condition fj(k) <0
is satisfied, then design the Lyapunov function as follows,

V (k) = i & (k)&i(k) + % iTr{Wal;(k)Wai(k)}
i=1 i=1 (23)
+ % iTr {WI ()Wei(k)} > 0.
i=1
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For the first difference of ¥ (k),

ul “aiT T T
276 < - 3 B e (T i)
i=1
N .
BB (i )y W) 20
i=1
N e T
+Z TI'(W lI’llllz (,l)?

i=1

where YV, uczi Tr(WiyiyiWs) < 7, © > 0. and ¢ =

mine[p v {Halemg{’ s (Uei — Hai)T W"’

AY (k) < —¢¥j(k)+ . Then, with k iterations, one has

. Then, one has

Y < (-9 i0)+ 2 (1-(1-¢)f)
N (25
~%i(0)+ Y €] (0)&(0).
i=1

(b) For Vk € {ki};cz+, the controller u (ki) is updated,
then design the Lyapunov function as follows,

N

BHVi(ei (k) + % 3 Te (W (0War ()}
i=1

{ l(k)} > 0.

V' (k) =

=

1

(26)

M"JZ

Similarly to the previous case, ¥”(k) is bounded. For both
cases, the disagreement error €(k) of the system and all the
estimation errors W,;(k), W,;(k) are UUB. O

V. MIXED REALITY EXPERIMENT

In this section, a mixed reality experimental platform is
constructed to verify the proposed optimal assignment and
optimal control algorithms for large-scale UAV formation.

Real Experimental Scenario
Motion Capture System

ey

Several physical nodes

--------- for virtual C‘ 2 Physical Nodes
—— forreal

—>» Control Input
—>» State Information

Fig. 5.

Virtual-Real
“=w | Interations
L

@ Practical UAV Dynamics

A. Mixed Reality Experimental Platform

In order to verify the effectiveness of the algorithm, the
mixed reality large-scale UAV experimental platform shown
in Fig. 5 is established, including a real experimental sce-
nario and a virtual experimental scenario. The real scenario
contains only several physical UAV nodes limited by the
experimental site, and their state information is obtained by
the motion capture system — OptiTrack, and transmitted to
the formation controller via a router. In contrast, the virtual
scenario can contain hundreds of virtual UAV nodes, whose
dynamics model is designed as a second-order model. The
formation controller uses the obtained state information of
all nodes to calculate the control input of each node and send
it back to each node for formation control. And to visualize
the formation effect, the state information of physical nodes
is also sent to the virtual scene for real-time display.

In this experiment, 4 physical UAVs and 116 virtual UAVs,
a total of 120 UAVs, are used to achieve a large-scale
formation. The Laplacian matrix used in the system is

4 -1-10 - 0 —1—1

~14 -1-10 - 0 —1

—1-14 -1-10 --- 0 ERIZOXUO.

~1-10 - 0 —1—1 4

The diagonal matrix B = diag(mod(N,2)). And the other
parameters are listed in Table 1.

B. Results Analysis

As shown in Fig. 6, the large-scale UAS successfully gen-
erates collision-free optimal formation switching trajectories
between multiple formations using the optimal assignment
algorithm. With the optimized formation tracking controller
(20), the large-scale mixed reality UAV nodes can follow
the generated expected trajectories without collision. And the

Virtual Experimental Scenario

K p
X

H Physical nodes shown
in the virtual scene

V )

@ ® Large -scale virtual nodes

& 2 Virtual Nodes z(k+1) = z(k) +v(k)« T
fﬁ’ ) Second-Order Dynamics | v(k+1) = v(k) +u(k) « T

Mixed reality experimental platform framework. To implement the large-scale UAV switching formation control, several physical UAV nodes and
large-scale virtual UAV nodes are used to achieve mixed reality interactions.
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TABLE I

EXPERIMENTAL SETUP

Parameter ~ Value Description

r 0.14 Radius of UAV (m)

S 60 RBF NN nodes

1 1 Gaussian Basis Function width
Vi [-3,3] Gaussian Basis Function center.
W.i(0) {0.3}60x2  Initial actor NN weights
W.i(0) {0.3}60x2 Initial critic NN weights

Uai 6 Actor NN gain

Uei 8 Critic NN gain

o [6,4] Parameter in controller u(k)

T 0.01 Sampling period (s)

formation tracking error £ (k) is bounded as shown in Fig. 7.
With the event-triggered mechanism, the controller update
frequency per UAV is significantly reduced. As shown in
Fig. 8, the event-triggered algorithm can reduce the update
frequency to 27% of the time-triggered algorithm, which
updates the controller continuously or periodically. And the
triggering instants sequence for UAVs 1 — 30 in the last 1000
iterations is also illustrated, where the triggering instants for
each UAV are aperiodically and on-demand. Fig. 9 illustrates
that the actor and critic NN weights are UUB. And the
optimal formation tracking control problem is solved.

(a) Cross-shaped mixed reality large-scale formation

(b) Circular mixed reality large-scale formation

Fig. 6.
C. Summary

The large-scale UAV switching formations in the experiment.

The mixed reality platform built in this study combines
the strong engineering applicability of physical experimental
platforms with the high flexibility and low cost of virtual
simulation platforms. On the one hand, compared with the
fully virtual simulations, it can more accurately verify the
effectiness of the proposed algorithm for practical UAV
dynamics and real-world experimental scenes. On the other
hand, compared with the fully physical experiments, the
platform has significant advantages in experimental cost and
field requirements, which can achieve a heavyweight UAV
formation show with lightweight experimental equipment.

VI. CONCLUSION

For the large-scale switching formation tracking problem,
this study introduced the optimal formation assignment al-
gorithm and proposed an optimal controller, which broken
the main technical limits in decision and control layers of
large-scale UASs. Further, compared with the time-triggered
controller, the designed event-triggered algorithm reduced
the update rate for controller and actor NN to 27%. More
notably, this paper integrated the strong engineering ap-
plicability of practical experiments and high flexibility of
virtual platforms to practically achieve large-scale switching
formation. However, this study ignored the spatial constraints
within the practical scene and the dynamics accuracy of the
virtual UAV. In future work, autonomous obstacle avoidance
in large-scale switching formation will be realized, and the
virtual UAV dynamics will be improved in more detail.

formation error

0 1000 2000 3000 4000 5000 6000 7000 8000
iterations

Fig. 7. The norm of formation tracking error ||£(k)||. The moments when
the tips appear in the curve are the switch from one formation to another.
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Fig. 8.  The triggering instants sequence and the mean triggers for the
event-triggered mechanism compared to the time-triggered mechanism.

[[W,|| for all UAVs
[|[W,|| for all UAVs

2
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iterations iterations

Fig. 9. Actor-critic NN weight norm for all UAVs, where the solid lines
represent the physical UAVs and the dotted lines represent the virtual UAVs.
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