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Abstract: The continuous change in formation configurations offers significant potential
for formation flight. However, existing methods neglect the potential of autonomous
navigation and learning ability based on environmental conditions, which would limit
scalability for large formations to some extent. To address this, this paper presents an
integrated framework that incorporates an innovative policy for configuration learning into
multi-agent flight systems. Firstly, a decoupled trajectory optimization model is proposed,
consisting of prediction and learning modules that ensure local adaptivity, obstacle avoid-
ance and dynamic feasibility of formation configuration. Secondly, we design a stage cost
function representing obstacle conditions, configuration variability and minimum distance
constraints between agents. Then, to enhance adaptability in constrained scenarios, we in-
troduce a reference value generation method that adjusts trajectory learning based on local
observations, penalizing errors. Finally, we propose a configuration learning strategy called
the local-level action planner and global cost, which coordinates local trajectory optimiza-
tion with global maintenance. This method integrates distributed model predictive control
(DMPC) with modified multi-agent proximal policy optimization (MAPPO), easing the
challenge of tracking trajectories from varying rigid geometric shapes. Simulation results
demonstrate that the proposed approach improves success rate compared to traditional
methods while maintaining formation and avoiding obstacles.

Keywords: formation configurations; formation flight; decoupled trajectory optimization;
configuration learning strategy

1. Introduction

Formation flight with various changing configurations has presented a significant
challenge, demanding the algorithm design the control protocol to change the configuration
continuously while effectively avoiding obstacles [1-4]. The traditional control methods
have shown strong significant results in the area of maintaining and changing the geometry
rigid configuration [3,4]. Meanwhile, the formation flight system is essential for the multi-
agents in the constrained environment. However, a rigid configuration maintenance can
lead to high system complexity and stability issues [3,5]. Traditional algorithms have
mainly focused on position-, displacement- and distance-type studies, based on the types
of sensed and controlled variables used thus far. Two key challenges limit the practical
application of configurations: (a) The preset trajectory sequence of each agent within the
formation restricts configuration changes to time, scale and orientation variations in the
target configuration [6-8], especially for the rigid configuration control level [6-9]. (b) The
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formation would lead to reconstruction failures from the undesirable situation by unknown
obstacles and the agents’ breakdowns with much communication consumption [9,10].

Various studies exist on the formation control protocol along with changing configu-
rations in a multi-agent flight system, such as the rigid configuration control level [3-8].
While these methods are valued for their stable structure in formation flight, they need to
preserve the relative positions (displacement/distance/bearing-based [1,3,11]) and facili-
tate transitions between various formation shapes. Preserving collinearity and distance
ratios would strongly rely on the predefined change scale and nominal configuration.
Alternatively, some methods focus on model predictive control (MPC) [12,13], utilized by
constructing a model to meet safety and flexibility requirements only in a strong connected
approach. While this policy can ensure unknown obstacle avoidance and dynamically
adjusts geometry by modulating velocity values and directions based on current costs
to some extent, it heavily depends on strong communication among agents, making it
susceptible to reconstruction failures if one or more agents experience breakdowns [13,14].
However, the Multi-Agent Deep Reinforcement Learning (MADRL) technique has shown
less research in the area of configuration control.

Based on the practical challenges, the objectives of continuous configuration control
can be summarized as follows: an adaptable module for adjusting the local trajectory while
maintaining configuration, a predictable module that smoothly responds to sudden changes
in values and a versatile module for forming flexible configurations in dense environments.
In our previous work [15], proposing a method named as Affine-based Maneuver Control
on Optimal Flight System (AMCOFS), we focused solely on the first objective above,
based on the local observation of each agent, addressing the conflict between the obstacle
avoidance in the local frame and the rigid configuration maintenance in the global one. An
integrated flight framework of the global and local control law was designed as a nonlinear
optimization problem. However, the fmincon nonlinear optimization cannot be extended to
the higher dimension caused by the large calculation [16], where the computation of Hessian
matrix after sampling all the points’ values in every iteration limits the extension capability.

In this paper, we address the prediction and flexibility challenges during the formation
interaction with the environment by proposing a novel Deep Reinforcement Learning
(DRL) integrated with the distributed model predictive control (DMPC) method. Our
framework establishes an online learning policy of integrating local and global control.
The problem of multi-agent flight system has been modeled as a fully cooperative DRL
problem. Also, we focus on addressing the action selection problem introduced by the
reality constraints (note that the system does not include the specific obstacle detection
law). Our main contributions can be summarized as follows:

1.  The interrelationships among agents are taken into account, with the problem being
formulated as a fully cooperative multi-agent task. Following this, an improved
multi-agent proximal policy optimization (I-MAPPO)- and DMPC-based integrated
framework is employed to learn the optimal cooperative policies dynamically. This
process allows for ongoing trial and error during the online learning phase, with the
goal of developing a strategy that guarantees a collision-free trajectory.

2. To enhance the efficiency of online learning, the algorithm mainly consists of com-
bined action selection and the reference baseline generation. The concept of the
Artificial Potential Fields (APFs) method has been integrated with policy gradient
techniques to refine the learning of linear and angular velocities within the action
space. Additionally, the cost function has been designed as a stage reward function.
Motivated by the local observations and the motion constraints of flight system in
practical scenarios, the reference values are derived from the DMPC algorithm with
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a two-layer cost function as a novel baseline to DRL, which is on the basis of the
kinematic model of a point mass and the affine-based [9,15] trajectory navigation.

3. Extensive simulations are conducted to demonstrate that the proposed integrated algo-
rithm significantly improves system performance compared to the benchmark algorithms.

2. Related Work

Traditional studies have been conducted for formation control protocol along with
changing configuration in multi-agent flight systems, mainly in distributed control strate-
gies [1,17]. However, these methods exhibit low accuracy and flexibility in dense environ-
ment. To address this, refs. [9,18] proposed an affine-based mapping method for target
configuration involving translation, rotation, scaling, shear, or compositions of these trans-
formations. Ref. [9] extended the affine-based method with the stress matrix for changing
the configuration within the nominal configuration set. However, these methods show the
low effectiveness in transforming the configuration geometry in an unknown environment
without predefining the change scale and nominal configuration. Additionally, this policy
does not account for sudden changes in an agent’s velocity regarding both magnitude
and direction. Thus, the velocity is specifically calculated at each step of the configuration
transformation, relying on prior information about the environment. To overcome this
problem, many studies have brought the RL methods to model the issue as a navigation
task. Refs. [19,20] employed Q Learning (QL) to establish paths while avoiding static
or dynamic obstacles in the plane. However, it hardly converges in complex and highly
dynamic environments by extending to the high dimension.

To enhance the ability of trajectory planning of mobile agents for dynamic config-
uration in dense environments, ref. [21] utilized the Deep Q Network (DQN) algorithm
combined with greedy policy to support trajectory planning and optimization in a large-
scale dense environment. As for the value-based Double DQN (DDQN) [22] method,
ref. [23] explored a high-precision navigation technique for multi-agent systems to enhance
the efficiency of target tracking. However, these methods mainly utilized discrete actions
with limited agent action space, which may reduce the efficiency in real-world constraints.
Ref. [24] proposed a modified Twin Delayed Deep Deterministic Policy Gradient (TD3) al-
gorithm. The primary improvement focuses on prioritized experience replay and dynamic
delay updates, which reduce the impact of value estimation errors on training time. Ref. [14]
introduces the Deep Deterministic Policy Gradient (DDPG) algorithm with continuous
action space to address the problems of high dimension of continuous state space. Their
experimental results demonstrated that the combined DDPG algorithm exhibited superior
performance in generating effective path plans for mobile robots within continuous action
spaces. However, the DDPG algorithm suffers from low training efficiency and the local
minimum problem, which negatively impacts motion convergence due to a high proportion
of illegal policies stemming from the lack of policy action filtering [25].

Therefore, recent research on proximal policy optimization (PPO) has shown great
potential in multi-agent navigation. In [26], this algorithm was used to solve the trajectory
tracking problem in manipulator and mobile robot areas. Ref. [27] utilized the PPO to ensure
safety constraints through constrained neural networks evaluated by the cost function.
In addition, ref. [28] developed a PPO-based MADRL framework in the handover and
power allocation problem, which fully used the local observation to the lower bound of
the objective function and policy gradient. Ref. [29] demonstrated the effectiveness of
MAPPO in the Particle World environments, Starcraft II Micromanagement Tasks and the
Hanabi Challenge with continuous action spaces. The possibility of applying DRL for
path navigation of robots and UAVs has been confirmed in the literature. Compared with



Appl. Sci. 2025, 15, 2234

4 of 25

other DRL-based methods, the policy-gradient-based algorithms have more advantages in
continuous action generation.

In addition, the prediction module is a vital stage in motion navigation. Ref. [12]
utilized a distributed nonlinear model predictive controller (DNMPC) combined with an
estimator module to achieve an unrigid configuration. Ref. [13] explored the integration
of APF into a nonlinear model predictive controller (NMPC) as a cost function, which
conducted configuration changes through a modified A* path planning approach. While
this policy utilizes local observations and current costs to avoid collision and dynamically
adjusts geometry;, it greatly depends on a limited time interval. Meanwhile, for the local
minimum problem of APF, some researchers proposed an APF algorithm combined with RL
algorithms. In [30], a modified APF approach based on membrane evolution was proposed
for the path navigation of mobile robots. In [31], the APF method was used to solve the
problem of the six-axis robot’s collision from workspace. In this paper, we carry out an
improved centralized training and distributed execution framework in MADRL to achieve
continuous actions for path navigation to support the configuration change. To address
the flexibility problem, the APF method is utilized in the actor network. In addition, as
for the prediction challenges during reinforcement online learning, we integrate our previ-
ous research [15] and the DMPC method with the critic network, ensuring environment
constraints for each agent.

The paper is organized as follows. Section 3 describes the problems and preliminaries.
The description and proof of main results for the proposed algorithm framework are given
in Section 4. The results of simulation and discussions are drawn in Section 5. Section 6
concludes the entire paper and provides a glimpse into future prospects. And all the
notations and symbols are shown in Appendix A.

3. Problem Description and Preliminaries
3.1. Problem Definition

The muti-agent task is built and shown in Figure 1, and the environment contains
N agents and M obstacles. It can be seen that the agent’s position is denoted as (x;, y;)},
i=1,...,n,t=1,...,T. The obstacle’s position is denoted as (xi,yi)(lfbs, i=1,...,M,and
each obstacle is calculated as a circular style with the radius R. In addition, the predefined
desired position of each agent is located at (x?,yf), i = 1,...,n. The overall mission
is considered successful when all agents pass through the static obstacles without any
collisions and maintain the configuration described in our previous work [15].

Obstacle

® 0 6.

o= (2= € p)
n

(‘\:: ’yr )f

-

——E-L£20

Obstacle

. R
e (X 1, ) e

e
<

Figure 1. Illustration of formation motion with rigid configuration. Dotted line in black represents
the desired trajectory. The agents’ positions are blue, desired one blue-dotted and obstacles are gray.
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However, within realistic constraints such as communication loss or sudden situations,
the traditional algorithm may not successfully navigate. This is due to the unknown
obstacles causing a loss of rigidity during the transition to a predefined configuration [15].

3.2. Kinematic and Dynamic Models of UAV

The multi-agent formation topology is denoted as G = {V, A, e}, where the vertex
set v; € V within graph G is mapped to point p;. In addition, all agents share the same
dynamic model. In addition, a mass-point model can be used to describe an UAV agent,
and the fixed-wing agent model is described as follows:

As shown in Figure 2, by the use of the feedback linearization technology, the nonlinear
UAYV model can be simplified to a linear constant system. Thus, the double-integrator
system is reduced as follows:

{ pi(t) = vi(t) n
vi(t) = wi(t) '

where p; € R" represents the position, v; € R" the velocity and u; € R" the acceleration.

Z

Vertical plan

Figure 2. Fixed-wing agent model.

It is presupposed that all agents possess a restricted situational awareness, and their
ability to detect fellow agents is limited by their equal sensing range. Thus, the neighbor
set of an agent i can be depicted as follows:

Ni:{j:’pij <dsm,j:1,...,n;j7éi}, )
where p;; = p; — p; is the position vector from UAV i to UAV j (the Euclidean norm), and
dsen is the sensing range. Given the substantial difference in time constants between the
horizontal and vertical trajectory controllers, configuration control can be concentrated

primarily on achieving consensus in horizontal positional and velocity motion in this paper.

4. Proposed Algorithm for Multi-Agent Configuration Change

Given that the decisions of agents are fully interactive, we frame this challenge as a
fully cooperative multi-agent task asI' =< P, A,0,S,R, 0 >.

4.1. Trajectory Reference Generation

To address the problem of responding to environmental changes and sudden events,
this section generates a series of optimal formation sequences by the affine-based DMPC
model in short-term future coordinates based on historical coordinates. The fundamental
process is shown in Figure 3 as below.
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Figure 3. Illustration of trajectory reference generation.

l

4.1.1. Affine-Based Trajectory Planning

Based on the undirected graph G, the set of nominal configurations is denoted as
R = [r1,72,...,rn])", and I(r) is defined as the affine image which satisfies affinely span
R2, shown in Figure 4 (the details of lemmas and definitions can be found in [15]).

T
1) = {P=[pl,p3,...,pR)" € B|p; = Ar; + b}, )

where {A(t) e R™*4 p(t) € Rd} are the adjustable parameters for continuous shape trans-
formation. Formulation (3) shows a linear changing style from a set of vectors to another
sequences of vectors and contains the translation, rotation, scaling, shear, or compositions
of these transformations in linear space. The aim of using the affine-based transfer method
is mainly to maintain all the points collinear within the formation.

o /’%
S \%2 ﬁf@@

(b) (0
/@i _;@ @--0
FEX T B0 00060
(d) (e) (f)

Figure 4. Affine-based predefined configuration patterns for illustration: (a) nominal; (b) rotation
and scaling; (c) scaling; (d) shear; (e) shear and scaling; (f) linear style. The dotted line represents the
outlines of the shape. Agents are represented as 1 to 5.

Based on our previous work [15], firstly, we predefined the desired geometric patterns
A(r) and then generated the global trajectory sequences {p; (k) } with predefined positions
based on the knowledge of obstacle position and shape available, as shown in Figure 5 [15].
However, the affine-based trajectory planning method lacks the adaptability to respond
proactively to environment change. Thus, the DMPC method is introduced in the paper.
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Figure 5. Affine-based predefined configuration patterns for illustrations: (a) predefined path;

(b) predefined configuration.

4.1.2. DMPC-Based Reference Generation

While each agent shares assumed state trajectories with neighbors in DMPC techniques
(prediction/optimization/feedback module), there is a problem of finite horizon that limits
the algorithm’s prediction capability. Thus, the affine-based global trajectory sequences
{p; (k)} from Section 4.1.1 are designed as the input into the feedback module and local
environment {p,,v;}/_; in the prediction module. In addition, the feedback is carried out
by the predefined state value {p;, vy, us}; .

This paper proposes a two-layer cost function in the optimization module to generate

the reference sequences, denoted as ”i*,t = argmin](X*). The sets of constraints Cinputs
X*
Coutput are designed as follows:

C: _ Umin < ”771” < Umax )
Pt Umin < #; < Umax ’

where the limits of v,,;, and v;,4y are given by the motion capabilities of the UAVs. R, and
Rs denote the safety distance of the agent and the obstacle.

{ p0-nt)] > R
C””’””_{ HZ@—Z@V Y ©

The cost function is designed by penalizing on the errors between the predicted and
the affine-based global trajectory sequences {pj (k)}. The optimization module takes p};

as the optimization variable, obtained as u; = argmin](X*), where a two-layer J(X*) is
Pa
designed consisting of two components as below:

. 2
o . dist(p},pj)—Rs . dist(p},Pops)—Rs 2
J(X*) =M (mm{odt(ppj)zz} ) +A2(mln{°fdist<mabs>m} '
+ T [(0i—v)*+ (v —va)]
jENE j#i

(6)

where A; and A, represents the adjusting factor. From the above Formulation (6), it can be
seen that this cost function is divided into two terms, which mainly describes the avoidance
function in distance and the adjustment of average velocity. The purpose of utilizing these
two terms is to reflect this method’s ability to generate a more flexible trajectory from the
collision among the agents and obstacles. The details of the description are as follows: the
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first term uses the predefined trajectory p;, agents’ neighbor p; (considered as dynamic
obstacle) and the obstacles p,; to evaluate the trajectory’s feasibility in the environment at
current time step t. The second term represents the agents’ velocity v; dynamically adjusted
by utilizing the weighted average velocity of its neighbors v; and the predefined velocity
v4. Then, a complete reference path is generated by the optimal output «(p; (k) — pj) in
double-integrator (1) form. Formulation (6) describes a two-layer cost function to obtain
the optimal reference sequences through the minimum value (Algorithm 1).

Algorithm 1: Trajectory Reference Generation

1 Initialization Cinput/ Coutput, N, T, A, B, Py, max, Umax, ¥min, Umin

2 Defining the initial state of formation {X}( p}'(, v;;, pi (k) }, i € V, the affine image I(r),
the changing matrix [A, b] and trajectory sequences {p*(t)} = [I, ® A(t)]r + L,b(t)

3 while Iter Kj;,, < 4500 and not ReachTargetPosition do

4 BroadcastLastPrediction() — Y ;_1

5 fork=0,1,...,+codo

6 forallagenti € N=1,2,...do

7 {u;|k} < Reset Input ({ X |pi, oL, p; (k) })

8

9

Input {X; |y, v}, p; (k)} |
Calculate J(X*) and store {u}, X; } (Broadcast)

10 Update XL

11 if Cgutput % < then

12 LocalControl — BuildCollisionCost (J(X*))
13 NegativeFeedback — A(uy,v4,p,)

14 DMPCSolve — {p|k}, min](X*)

15 else

16 Predict {Xy, Y x|t =k k+1,...,k+ N}
17 DMPCSolve — {pj|k}

18 end if

19 {”Z,k} <+ UpdateReferrenceOutput

20 end

21 end for

22 ReachTargetPosition — CheckReach (X, p7)
23 k—k+1
24 end while

Remark 1. The J(X*) formulation requires only its neighboring nodes, making it adaptable to a
variety of communication topologies. However, the algorithm demonstrates effectiveness when the
necessary condition of strong interconnectivity within the formation fails in real-world scenarios.

Remark 2. Note that an accurate multi-agent model is necessary in problem J(X*) to output future
behavior, while in real-world scenarios, issues of asymptotic stability, robustness against model
uncertainty, noise and coupling constraints could only be solved in this paper to some extent. Thus,
the design of Equation (6) would mainly concentrate on the discrete dynamic points instead of the
continuous ones.

The objective of reference generation is to serve as the reference baseline for the
following critic network and reward function in the MADRL algorithm.
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4.2. Improved Multi-Agent Proximal Policy Optimization

The research task is modeled as decentralized partially observable Markov Deci-
sion Processes (DEC-POMDP) with shared rewards. A DEC-POMDP in multi-agent sys-
tems is defined as M = (S, {A},O,{Q;},7,p,N,v), where s € S is the state space of
the environment, A is the joint action space with each agent’s individual action space
as A = [Tiena;. O(o|s,a) are the observation probabilities for each agent with a given
state p;s. p(s'|s, A) (S x A xS — [0,1]) represents the transition probabilities function
when s(s; € S) — §'(sp4q € S'). 7i(s,a;) denotes the agent’s reward function. v € [0,1)
is the discount factor for calculating the future rewards. The fundamental process is as
follows: agents use joint policy 7(a¢|o;) = {71, 712, ..., TN} parameterized by 6 to execute
the joint action A to the local observation. Then, updating each agent’s policy based on
the received reward and the observed state transition s(s; € S) — s'(s;41 € S'). The final
objective is to maximize the expected cumulative return of each agent at each time step
by optimizing their strategies during the iterated interactions with the environment, as
J(0) = Eas[Ys 7' R(st, at)]. Algorithm which is described in the end of Section 4.

As for the MAPPO algorithm, it is a policy-based gradient-type method with two
separate networks (policy/value) that extends the PPO algorithm from a single-agent to
multi-agent system. It utilizes the centralized training with decentralized execution (CTDE)
framework, shown in Figure 6. Thus, each agent owns its own actor/critic networks and
updates optimal policy, which is typically parameterized with parameters 6 in the actor
network, based on the commonly used formulation:

A = El‘[VG log 7T9( n|s ) (Sn/at )] )

where B[---] = 1/NYN_, I (---) is the average sample of E.[---]. A(s,a!,) is the
estimation of advantage functlon Agx(sl,al), which can be estimated by the state value
function V(s¢) in the critic network with parameters w, calculated as follows:

A(st ar) =1+ 7% V(sii1) — Vi(st), (8)

where V,,(st) is the parameterized critic of the V; estimation, and the parameter w is
updated by minimizing the loss function as follows:

argminL(w Zn 1 2 A ©)

where 6!, = r¢ + 7 % VZ(s;41), and @ is updated with the recent w to stabilize the learning
process in target network. Thus, two parameters 0 and w are updated iteratively by
interacting with the environment. Normally, the value function Vy(s¢) is often designed as
the baseline to be used in estimating A, (s!,, a},) as follows:

A(sy,ay) = A(sy, a,) = b(sy,), (10)

where b(s!,) = V,,(s) is the baseline to reduce the variance of the gradient by providing
constant values for the state, making the policy update smoother. However, using state
value function directly as the baseline limits the policy improvement of ignoring state—
action pair information. Thus, this paper proposes a novel way of utilizing the gradient of
state error e; as the baseline, named as State Error Metric (SEM) and denoted as follows:

det

Alsy a,) = —per —a—, (11)
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where 8 and « are the hyperparameters. The state error is denoted as follows:
er = [|se — 8¢, (12)

where the currents agents’ state s; = [py, vt, a4] T, and §; represents the reference state offered
by DMPC (6). Formulation (11) can reflect the level at which the current policy matches
the state of the goal and adjust that directly in the tracking direction by measuring the two
configurations’ difference. Compared with the traditional baseline, this would mainly focus
on the current state change on local observation rather than the historical date to estimate.

— =\ 7 c . .

[ Multi-Agent \| [ | Online-Training Process | \|
Envi t

I = _ﬂ"l_l"“:mi — | ] Local (/ ( Decentralisation ) I

| | //,.\\ | | | | Local PPO Policy ||

| | Y .\\. L State | | ACTOR | _— Learning |

I ® h I —\ ) o /
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| L _— 1] [ | | Standard |
I — || s — N
| | Agents | |Obstacle| : |[GLobal ( Centralisation ) ? :
\ ] State —— —— e

. 0 »( CRITIC — > LTD Learning | !
_____ 9 o ————__ ===y

IUQIHIIO.I!A(IEI weennas

Figure 6. Illustration of the MAPPO-CTDE framework.

4.2.1. Action Space

This paper considers the continuous action space of the agent, denoted as velocity

. . . . T . . T . .

vector (af = (0}, @) = [V}, V), Wiy wy 4] ). [v54,0y,] represents the linear Veloc1ty ob-
tained from the APF technique, policy gradient function for the angular velocity [w; ;, ]"/t] !
Furthermore, the output for each agent within the action space signifies the potential in-
formation, shown in Figure 7, and is conveyed to the reward function for evaluation in
Section 4.4. Firstly, the APF technique is shown as below:
associated with the relative distance between agent (i, ). It governs the collective and
individual movement within the swarm, which satisfies the following;:

) represent a non-negative smooth pairwise artificial potential function

b

aln("’ij’)"‘ 3 ‘pij < dsen
c ..
;o) = (|lps
aln(r) + — ‘pi» > dsen 7 (13)
c(r) :
S L D)
- NN W 7 b
el

where i,j = 1,2,...,N,i # j, a, b and c are positive constants, Uij(‘ ) is bounded

pij )2]- V[b/(’ pij

gradient negative cube odd function, which is not defined at 0 point. Therefore, Uij(‘

Pij
2
) ] describes the

)

and continuously differentiable over interval V[b/ (’

pz’j}
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would obtain its boundary maximum value Uy when |p;|| — 0; minimum U; when

(i,]) satisfies the desired position, that is, H pij

= d; the constant U, when ‘

pl]’ > dsen-
U, represents the obstacles’ repulsion, which could generate a repulsive force solely to
prevent collisions.

Obstacle Obstacle Obstacle
o 0 & - — ® 0 & 1 o Q Q .\ N
- . o 90 'R M) N
‘*.....Q,. = = ~ @
.00  gg @
o0 0o ® 0 o
Obstacle Obstacle Obstacle
(a) (b) (o)

Figure 7. Illustration for the potential position generated by action space. (a) Obstacle collision in
linear style. (b) Obstacle collision in scaling style. (c) Potential positions. The agent is blue, obstacles
are gray, and potential positions are dotted lines.

Equation (13) effectively captures the essential forces of attraction and repulsion that
exist between agents and between agents and obstacles. a, b and c are the positive constants.
Thus, the output from the action space is denoted as ﬁ; ocal®

N N ~
ot = =Yy it Vilhigi ([ ]) + Ao Ui (173, 11)]

g (14)
N ~ - N " » ,
+C02j:1,]'7g,' (vz'j + Uid) + Clzj:u# (wij + wid)

fr £

ﬁij

where Cp and C; are the constant value, and A;; and A;, are different spring constants. ff is
the gradient-based term, which regulates position consensus by employing local repulsive
and attractive forces, ensuring collision avoidance and cohesion maintenance, and f; means
the agent’s velocity is adjusted by utilizing the weighted average velocity of its neighbors
and desired velocity as a reference, same as f;’.

Each agent’s potential position is determined by following the steepest gradient
toward the geometric point where the sum of potential forces is zero. Agents then adapt
and locally track the potential trajectory, effectively integrating trajectory planning with
formation control. Subsequently, the calculated potential position is discretized to facilitate
updates to the local trajectory, as shown in Figure 8.

It is depicted as Figure 8, where the agent interacts with other agents and obstacles
(with d-react), which generate the two kinds of artificial potential forces U;; and Uj, to
obtain the fast gradient descent direction VUj to the potential position. In addition,
the policy gradient determines the angular velocity wy to adjust the agent’s trajectory
towards the potential position from its current direction. Based on Equation (7), the angular
velocity wg = f(st) = f(p,0,v)" and the updated parameter of the policy gradient is
0’ = 0 + aA, where Af is obtained from Equation (9). Thus, the updated angular velocity
is @ = mg(a|s).
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Figure 8. Illustration for potential position (red dotted circle) of one agent on local level. The forces
in red dotted line among agents and obstacle. Potential gradient in black dotted line. The velocity
direction in blue dotted line.

4.2.2. Action Selection

The main problem would be the selection of the potential action vector &; the com-
ponents within action space aj' = (9}, @}') are all defined as continuous variables with a
certain range. At each time step T;, the action of an agent is expressed as follows:

= (9}, @), (a4} € A,Vn e N), (15)

al = (a},a?,...,al), (16)

Umin SH@?HS Umax
Umin < ﬁ? < Umax (17)
|@¢|< 04/ Ry

e  Action of linear velocity #}: determined by the APF function from action space ﬁfocal ;
e Action of angular velocity @}: obtained from the policy gradient function Vy in

Actor module.

Supposing a disordered swarm of N agents is steered by protocol (14) in linear velocity,
if the interaction between agents within the graph (G, p) is undirected and connected for
the whole time, Z is denoted as the sum of total artificial potential; the lemma and proof
are as follows.

Lemma 1. The graph (G, p) is connected mutually if
Zo < U, forallt > 0. (18)

Proof. Itis assumed that M(1 < M < N) agents function as leaders. Thus, the kinematic
error of the leaders in the system is defined as follows:

51‘2111‘*1)61

{ Pi=Pi=Pi j_12 .. M, (19)
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based on the fact that the global trajectory is twice differentiable, it satisfies p; = vy, v5 = uy
and we have p;; = p; — p;, p = vj, 0; = #;. Given that Z; represents the summation of the
total relative kinetic energy of an agent at time ¢, it can be deduced that

Z(t) = 1/22511,ieo{ [ui()

let V; = YN, o {ﬁlT p;+ U(||ﬁl||)} be the total artificial of agent i. Then, in the error
system, Z(t) can be rewritten as follows:

Pij| )]+ Calp; — pa) (b — py) +Ca(v; — v4) " (v; — vd)}, (20)

1N T~
Z(t) = 721':1,1'60 [Vl + ”UITTJZ-], (21)

2
it can be easily demonstratedthat Z(t) is positive semi-definite, making it a suitable candi-
date function for Lyapunov analysis. Considering the symmetry of U;; with respect to p;;,
we have the following;:

ou; ol ou;

by oy 9py

(22)
thus, we have

d (1N N ~T ~T~

ar §2i:1,ieo Vi|= Zi:l,ieo{vi (Vp,Ui) + Coo; pi}' (23)

where U; = Zil\éo Ui (

to time ¢ for Z(t) is obtained as follows:

Piy H ), and ;' means other agents and obstacles. Then, the derivative

4 N T~ ~T~
Z(t) =Y 1 ieo (VpUi) + C20] p; + 9] 0y, (24)

Thus, via substituting (27) to (32), we might have the following:

: N ~7vN N o oTs
zZ(t) =) iy o j=1,ji Craj(vij — vip) + ), Cs9, v, (25)

and Equation (31) can be expressed in matrix form as follows:
Z(t) = =" [(C1Y(H) + CO(t) @ L7, (26)

where Q)(t) is the stress matrix, Y (t) = diag[y1,72,...,YN], 0 = (%lT, '772T, ... ,Eﬁ)T. Appar-
ently, Q)(t) and Y (t) are positive semi-definite, and these two factors would explain that
Z(t > 0) is a non-increasing function with Z(t) < 0.

Thus, the level set ¢ = {[ﬁT,ﬁT]T € RN . Z(t) < Z(0),t > 0} can be seen as a pos-
itively invariant set. Then, it is supposed that Z(0) < U,, and the equation can possibly
meet U;(||p;; H) < Z(t) < Z(0) < Uy (i € O, t > 0) in each edge [¢;;]. Therefore, the
connectivity of graph G of all agents p, for swarm is shown within t > 0 and i € O; Thus,

the Lemma 1 has been proved. [

Remark 3. Despite the similarities between certain terms in Equation (14) and existing protocols,
the linear speed of the formation guided by Equation (14) would be distinctively unique. This is
due to the presence of the affine-based trajectory of each agent that can serve as an evaluation index
against the local trajectory.

Remark 4. Although the paper does not specifically analyze the impact of acceleration and turning
rate as inputs, it is important to note that these two factors are influenced by the agents themselves.
Therefore, assuming that the initial distance and interaction range between agents meet the required
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range, Z(0) < U, and Z(0) < Uy can effectively avoid collisions within the agent formation and
ensure overall stability.

4.3. Observation and State Space

The local observations O; of each agent primarily include the distances and velocity of
itself i and the neighbors N; rather than the global information. Thus, each agent’s policy
decision is informed by the current observation as Of or the hidden state (RNN) at first in

the time step T}, denoted as O} = {(pf, of, wt), (p;, v?,wjt.) }, where (p!,v!, w!) is the state
itself and (p]t-, v}, w;) is the neighbors’ N; observation. The local observation information O!
is sent to each agent at the start of each time step T;.

To enhance the agent’s comprehension of the dynamic environment and to acquire the
appropriate formation configuration, we delineate the state space into distinct components:
the current environmental state and the predefined configuration state. The state space S

can be illustrated as below:

S — fs,5,(1)} = S:{(Pi/z’i/wi)r(pij/pid'piofvijrvid>} ’ o7
tsalt)) {sd<t>={[p;],[<pd,vd>1|pr<t>=A<t>n+b<t>} 7

where (p;, vj, w;) signifies the agent’s position and velocity, while (p;;, p;g, Pjo, vij, via) de-
notes the distances between agents, the agents and their desired trajectory, and the agents
and any obstacles. Furthermore, (Pi/‘r Pidr Pios Vijs v;;) also encompasses the differences in
velocity between the agent and its neighbors, as well as the discrepancies between the
agent’s velocity and its desired value.

Additionally, s;(t) represents the trajectory reference. One of the desired pieces of
information is {p’ }, which denotes a fixed and predefined formation shape sequence. The
other reference information (p,,v,;) is derived from the DMPC module.

4.4. Reward Function

In this paper, the reward function serves as a feedback mechanism to guide the agent’s
learning process and assess the efficacy of its actions, mainly for its generated potential
position. The purpose of this process is to settle the local replanning strategy for each agent,
which evaluates the generated potential state based on the environment.

This article utilizes a segmented cost function to formulate the reward function, a
choice motivated by its potential to accelerate the convergence of network updates, thereby
enhancing the agents’ learning efficiency in acquiring the optimal strategy. The reward
function is designed as R; = —(J;(X;)), whose aim is to use the four-layer cost function to
reflect the potential state (X;) at the time step . Thus, the reward of each potential state
(X;) would be transferred by the opposite of the cost function below, and the learning
process can be explicitly guided so that the multi-agent system learns in the direction of
cost reduction —J;(X;).

The potential motion estimation of the agents is solved as minimization of the cost
function J;(X;), subject to sets of constraints Cjnpyts, Cagent- The input constraints are
as follows:

Umin < ||TA7t|| < Umax
C _ min , 28
l?’lpllt { |d)t‘§ Ut/ijn ( )

where the limits of v,,,;;, and v, are given by the motion capabilities of the UAVs in the
formation. The angular velocity wy is limited by the minimal allowed turning radius Ry,
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of the formation that ensures smooth movement of all followers in the desired shape. R;
and R, denote the safety distance of the agent and the obstacle.

Co o — { pi(t) _f’i(t)H = Rs
agent — R . ,
1Po(t) = P;(t)]| = 2Rq

The cost function for the agents’ potential state can provide feedback continuously during

(29)

the maneuver. Thus, the four-layer Ji(X;) is designed as below:

where 07 and 0, represents the adjusting factor. Equation (30) mainly evaluates four aspects:
the position distance to the reference value and the obstacles among agents in formation,
the distance among the agents in reference sequences, the velocity distance in each linear
and angular way and rotation maneuver penalty. This four-layer cost function totally
considers displacement, distance and bearing direction of the agent in each time step,
especially the rotation maneuver penalty to judge the turning maneuver during the flight.
The details of Equation (30) are as follows.

The first layer penalizes deviations between the reference p(k) and the current poten-
tial position p;(k) through the Euclidean distance ||p;(k) — p};(k) 2 which would show the
basic relevant position at the current moment for all the agents k € [1, N].

The second layer represents the avoidance function between the potential state X; and
its neighbors Yj, treating other agents as dynamic obstacles dist(X;, }A(j), while the other
component indicates the distance to the nearest obstacle dist s (X;).

The third layer represents the potential agents’ velocity 9; and @;, adjusted by utilizing
the weighted average velocity of its neighbors (9, @;) and the desired velocity v, as a
reference to adapt the flight direction. In addition, the angular velocity is mainly set
to enhance the flight smoothness; thus, the angular velocity of the agent can only be
determined by that of neighbors (@; — d;j)z.

The final layer, known as the rotation maneuver penalty pen(i = 1,...,N) for the
formation, imposes a cost on turning maneuvers to adjust the turning rate of the agent
in the event of a sudden change in velocity. This term can be utilized in scenarios where
trajectories devoid of turning maneuvers are favored, even though it results in a longer
time to reach the target. In this paper, a moment estimation method is assigned to this
penalty term, and defined as follows:

pen = E[U%] — E[U]2
1N 1N
= (REU - (R U 61)

1 > 1 2
= —|Up-=5|U
A U113 st|| 11

where E[-] is mathematic expectation, and N; is the number of sampling points. The
squared distance vector U € RY is defined as follows:

U= (|@i2—@i1ll3, .-, l@in, — @ine-1l13), (32)
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In addition, based on the assumption that the graph information of each sampling point is
independent, the gradient of pen concerning ; ; is calculated as follows:

18] ~ ~
w1 — I (@ — @)

(33)
(U = ) (@301 — @)

@

where U, € U, and the quasi-Newton method [32] is employed to solve the proposed
optimization problem and would generate an optimal formation sequence to feedback
the agent.

Thus, the reward function (30) is designed to evaluate the current experience between
the state and the action, where the agent can improve the strategies’ learning effect 77y to
instruct the next state s! = (o w)i (Algorithm 2).

Algorithm 2: Improved Multi-Agent Proximal Policy

1 Initialize: 6 and parameters for policy 7y, and ¢ for critic V (s), p;vn.
2 Initialize: current policies ﬂZ) ((9{’0 + 6"), target critic Qg (W" < w™)
3 Initialize: learining rate

4 while Iter Kjto < Kjtermax and not ReachTargetPosition do

5  SetCircularBuffer D = {} and SetEmptyList 7 = [|

6 Initialize ActorRNN h(l)/n, h%/n e hg,n

7 Initialize CriticRNN h(llv, hav .. hB”V

8 for an episodet = 1to T do

9 each agenti(1,2,...,n)

10 ProbabilityObtain (pi, hiﬂ) <+ 7t (o} hi 1 :0)
11 ActionSelection u; < pi

12 ValueFunctionObtain (v, hi,v) — V(s hLl,V; $)
13 end for

14 ActionExecution u; < 7t} (a}'|s}'), ObservationObtain — 7,541,041

15 TrajectoryObtain T = {s¢, 0¢, by, e v, s, 1}

16  AdvantangeCompute (SEM) <« A" (s",a"), RewardCompute + Q" (s",a™)
17  TrajectorySplit — t/L, DataStore {Q"(s",a"), A"(s",a"),a", 0"} _, — D
18 Randomize — D’

19 fork =1to M do

20 B < D' with all agent data
21 GradientCompute — A8" = {Vgu f(r(0"), A}) ]](\i/lB
2\ M/B
22 — A" = {an(QZ — Vi (o)) }k:1
23 for b < recurrent data block do
24 Update RNN — ki, ki,
25 end for
26 end for
27 AdAMUpdate 0 < 0" < GradientAscent
28 w" + w" < GradientDescent

29 Empty — D’
30 end while

Remark 5. The way of using cost functions is technically to measure undesirable system behavior
or penalize errors; however, the non-zero values would be produced under certain conditions,
especially when the sudden stall occurs, which can lead to sparse reward signals. Furthermore, this
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approach would not resolve the nonlinear problems associated with the multi-agent system and
could compromise robustness by excessively minimizing the cost function.

5. Simulation and Analysis
5.1. Experimental Setup

The experiment was performed on a desktop machine with 256 GB RAM, one 64-core
CPU and one GeForce RTX 3090 GPU (ThinkStation P-, Hefei, China), and the whole
framework of the proposed algorithm is shown in Figure 9. The whole experiment was
on a two-dimensional plane as [5000 m x 5000 m|. There were N = 4 — 7 agents in the
plane as a comparison experiment, each with a radius of sensing range ds., = 30 m. The
initial formation configurations were set with different numbers of agents N = 4 — 7 as
Figure 9 shows; N,;s = 4, 6,8 obstacles were set in Pygame library in PYTHON (3.12.2
AMD64), with the constant velocity (vops—x = 5 m/s, vgps—y = 3 m/s) motives in four
random directions (up, down, left and right) in the two-dimensional plane. In addition,
the direction of any obstacles was reset randomly with the detection of the experimental
boundaries for obstacles’ positions in each time step, which can ensure the obstacles stay
within the experimental field. The agents’ positions were randomly selected from the box
[-50 m, 50 m] x [-50 m, 50 m] at the initial stage. The success of configuration change
was set as the distance between the center of agent and the obstacle and other agent being
less than 10 m, when the formation still remains the complete structure. Table 1 lists the
main parameters for the environment and agents.

(a) (b) (c) (d)

Figure 9. Illustration of the different numbers of agents 4-7. (a) 4 agents (b) 5 agents (c) 6 agents
(d) 7 agents.

Table 1. The parameter settings of multi-agent system.

Agent Symbol Value
Initial linear velocity () 2m/s
Desired linear velocity U4 45m/s
Linear velocity Umax, Umin 80m/s,5m/s
Acceleration Umax, Umin 3m/s?, —3m/s?
Maximum angular velocity (Wmax 10 rad/s
Predictive horizon N, 10
Minimum distance Rs, R, 15m,20 m
Obstacle sensing range Rops 20 m
Obstacle constant velocity Ux, Uy 5m/s,3m/s

Other parameters were setasa =1.5,b =2,c=0.5,0 = 0.6, wij = 1.

It can be seen from Figure 10 that the whole experimental process contains three major
parts, the initial multi-agent formation in the partially known environment, the DMPC
module and the MARL process.

In the MARL process, the actor network utilizes an RNN and target two-layer network.
To observe configuration change more effectively, the environment is set not to terminate
upon collision. Instead, it only resets when the agent exceeds the maximum number of
steps allowed. The Adam optimizer was used to update the neural network parameters
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after the replay circular buffer accumulated the designated batch size. For a comprehensive
overview of the network hyperparameters, refer to Table 2.
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Figure 10. Illustration of the proposed algorithm framework.

Table 2. The parameter settings of MARL.

Parameter Symbol Value
Circular buffer D 50,000

Max step T 4500
Learning rate Ia 0.006
Discount rate 07 0.87

5.2. Results Analysis

In this section, we proceeded to conduct numerical simulations with the setups to
illustrate the theoretical results and validate the effectiveness of the novel configuration
change control algorithm. In addition, we compared - MAPPO with MADDPG algorithms
on the multi-agent environment. Based on the online learning policy, the formation is
steered by the control protocol and MARL to pass through the two-dimensional environ-
ment with obstacles when adjusting the formation configuration. Firstly, we evaluated the
performance of the DMPC-based method in reference generation using two metrics, the
average tracking error and the average acceleration error of six agents, shown in Figure 11.

Average Acceleration (m/s)

Time (5) Time ()

(a) (b)

Figure 11. Illustration for the average tracking and acceleration error for the formation trajectory
navigation. (a) average tracking error (b) average acceleration. The numbers of 1-7 represent
each agent.
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Ave-reward
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It can be seen from Figure 11 that the DMPC method effectively tracks the affine
trajectory planning based on the local environment. The algorithm tracks each agent’s
predefined trajectory, transforming disordered sequences of formation into an ordered one
while minimizing error during configuration changes. Figure 11a illustrates that a closer
alignment with the predefined trajectory results in smaller errors. The DMPC algorithm
practically integrates local environment data to provide a more accurate reference, which
would replace the traditional baseline in MARL process. Thus, the -MAPPO algorithm is
tested in the following along with the compared MADDPG.

Then, we evaluate the performance of the proposed algorithms using two key
measurements—the average reward and the average number of collisions (note that it
contains the numbers reaching the obstacles’ radius)—during the learning process under
the proposed reference baseline using Equation (11). The two distinct DRL strategies, MAD-
DPG and I-MAPPO, which can both reduce the variance of the policy gradient and enhance
continuous action selection. Thus, the experiment analyzes the algorithm’s performance
with varying numbers of agents and obstacles. The average reward is calculated as the
mean reward of all agents from 4 to 7 and obstacles 4, 6 and 8. In all the experiments
below, the various numbers of agents and obstacles are designed to analyze the proposed
algorithm in different topology (4-7) based on Figure 7. All the experimental values are
directly obtained from TensorBoard.

Thus, it is divided into four parts: firstly, using these two algorithms to test the
small formation with agents N = 4, obstacles 4, 6 and 8; then, these two algorithms are
designed to test in the normal size formation with N = 4, N = 5 agents, obstacles 4, 6 and
8, respectively; finally, the experiment tests the formation with N = 7 agents, obstacles
4,6 and 8.

These two MARL methods share the similar policy-based (MADDPG-off policy /MAPPO-
on policy) learning structure. In small formation, compared to MADDPG and I-MAPPO
algorithm, both MADDPG and I-MAPPO achieve higher rewards at the final stage of con-
vergence, indicating that the addition of the reference baseline enhances reward acquisition.
In addition, we can know from Figure 12a—c, the -MAPPO can achieve the convergence
faster than MADDPG. Moreover, the -lMAPPO has a better ability of trajectory replanning
and configuration reconstruction from oscillations above, especially from Figure 12¢, and the
formation could replan the local trajectory of each agent to form the new unrigid configuration
after encountering the collision at the descent point (Learning step T = 800, 000).
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Figure 12. An illustration of the average reward per formation learning at agents 1 = 4. (a) obstacles 4
(b) obstacles 6 (c) obstacles 8. It is noted that higher rewards are obtained by I-'MAPPO in red.

It is demonstrated from Figure 13c that the efficiency of the algorithm could help
the formation configuration reconstruct in a very short time, and this algorithm leads
the configuration start to form an adaptable one after reaching the collision conditions.
Then, the formation would pass through the obstacles with the new unrigid configuration
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shape. Figure 13b shows the low speed of online learning of the -MAPPO algorithm.
Figure 13a—c show that although the formation may encounter the obstacle or reach the
collision condition, the flight system can still change the configuration to adapt to the
current environment. In addition, the -MAPPO converges faster than the MADDPG.
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Figure 13. An illustration of the average reward per formation learning at agents n = 5. (a) obstacle 4
(b) obstacle 6 (c) obstacle 8. It is noted that higher rewards are obtained by - MAPPO in red.

1500000

It is shown in Figure 14c that the oscillations increase rapidly along with the growth
of the numbers of agents and obstacles. In addition, even though the MADDPG would
achieve the high average reward, this algorithm fails to converge in our final step. Instead,
the I-MAPPO could lead the formation to the convergence stage. Figure 14b shows a
relatively rapid rate of convergence.
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Figure 14. An illustration of the average reward per formation learning at agents n = 6. (a) obstacle 4
(b) obstacle 6 (c) obstacle 8. It is noted that higher rewards are obtained by - MAPPO in red.

1000000 1500

In the experiment from Figure 15, the experimental results show that the two algo-
rithms are affected by the numbers of agents and the obstacles, and the oscillations stay
with the flight all along. Thus, this shows that the dense environment (other agents are
also considered as the obstacles) would limit the capability of fully autonomous formation
flight. From Figure 15a, the effectiveness of two algorithms almost shares the same result,
and the result from Figure 15b oscillates the most in this experimental stage. In addi-
tion, the reward value is not strongly relevant to the numbers of the agents and obstacles.
The reason for I-MAPPO outweighing MADDPG is that the on-policy execution strategy
(Equation (15)) enables all agents to choose more optimal continuous actions from a local

perspective and the guidance under the reference baseline (Equation (11)), resulting in
greater reward feedback.
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Figure 15. An illustration of the average reward per formation learning n = 7. (a) obstacle 4
(b) obstacle 6 (c) obstacle 8. It is noted that higher rewards are obtained by - MAPPO in red.

It can be seen from Figure 16 that the average collision numbers show that three
algorithms predict the obstacle collision in all learning steps based on the experimental
condition above (agents 4-7, obstacles 4, 6, 8). The average trends of each algorithm
demonstrate the same collision situation during the learning and training process. In
previous work [15], the reason for collision numbers increasing is that the traditional
algorithm can perform well in the static environment with the predefined trajectory. In
addition, the MADDPG algorithm produces undesirable results due to the offline training
based on multiple parameters and the historical experience in memory buffer. The proposed
I-MAPPO can achieve better results based on the current adjustable policy.
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Figure 16. Illustration of the average collision numbers (note that they contain the numbers of those
reaching the obstacles’ radius). It is noted that -MAPPO obtained lower numbers in learning process.

Then, we compared the traditional baseline (TB) and the proposed baseline-SEM
during the learning steps for the two MARL algorithms. As shown in Table 3, the I-
MAPPO-SEM used the gradient of state error, which can greatly enhance the ability of the
adjusting the local trajectory of each agent. The advantage of this technique (Equation (11))
can be concluded as follows. Using gradient information fits the state error to guide
the direction rapidly; meanwhile, the current change in the state error can replace the
historical one from the traditional baseline. -lMAPPO-SEM showed the better of the three
measurements than I-MAPPO-TB.
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Table 3. Algorithm comparison in Success rate, Ave-collisions rate and Ave-smooth rate.

Aleorithm Success Rate Ave-Collisions Rate Ave-Smooth Rate
8 (%) (%) (rad)
I-MAPPO-TB 33+5.8 49.6 0.4037
I-MAPPO-SEM 86 + 5.8 21.2 1.0301

Among all the measurements, the smooth rate s is denoted as follows:

_ T X 10 — 6]

p” , (34)

sr

where 0; = arctan(|[pi11,y — Piy||/Ipisix = pixlD)-
Thus, the traditional reward function (TRF) and proposed reward function—cost func-

tion (CF) are also tested as the comparison. It is noted that the TRF basically uses the
constant value in each predefined condition. In this case, based on Equations (28)—(30), we
divide the TRF into three parts: (1) the reward of obstacle collision r,; (2) the reward of
neighbors of each agent collision 7;;; (3) the reward for tracking the reference trajectory 7.
More precisely, these rewards are designed as R = A17gps + Aarij + Asry, shown as follows:

MiFops = —50

s.t. dist(Xi, Xons) = ||pi — pol|* < 2R,

/\21’1']' = —A30A (35)
st.dist(X, X)) = |lpi—pil| <Rs

/\37‘d =200

S.t. diSt(Xl', X;) = le - p;H < Emin

where A1, Ay, A3 represents the weight of the three kinds of reward values, respectively.
Thus, the comparison test result is shown in Table 4. It can be seen that the -lMAPPO-TRF
demonstrated that the obtained result cannot reach the high success rate due to the constant
reward value, which limits the flexibility to the current changeable state.

Table 4. Algorithm comparison in Success rate, Ave-collisions rate and Ave-smooth rate.

Ave-Collisions Ave-Smooth Rate

Algorithm Success Rate (%) Rate (%) (rad)
I-MAPPO-TRF 36 £5.8 51.0 0.5019
I-MAPPO-CF 86 £5.8 21.2 1.0301

The total Success rate, Ave-collisions rate and Ave-smooth rate are compared for the
different algorithms during learning steps. As shown in Table 5, the success rate of our
algorithm was almost 100% within three algorithms, which made great improvement by
47% and 41% compared with the previous work and MADDPG, respectively. Due to the
difficulty of convergence of the previous work, the success rate was the most unstable.
Secondly, although MADDPG can solve the problems in the continuous action space, it
still has disadvantages of the policy selected from the historical experience buffer without
completely considering the current state. Our algorithm combines the prediction mod-
ule on the basis of -MAPPO, so that the algorithm can achieve a higher success rate in
different environments. In addition, based on the combined action selection mechanism,
the proposed flight framework would enhance the angular velocity learning ability to
guarantee the flight practicability in unknown environments with smoother trajectory.
The configuration changes can basically depend on the environment rather than the rigid
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information. These results demonstrate that the proposed method significantly improves
success rates and collision avoidance rate over the baseline and traditional methods.

Table 5. Algorithm comparison in Success rate, Ave-collisions rate and Ave-smooth rate.

. o Ave-Collisions Ave-Smooth Rate
Algorithm Success Rate (%) Rate (%) (rad)
AMCOFS 39 +£58 53.3 0.2237
MADDPG 45 £+ 5.8 425 0.6041
I-MAPPO 86 + 5.8 21.2 1.0301

6. Conclusions and Future Work

This paper proposed an integrated flight system framework for the trajectory navi-
gation of formation in a continuous differentiable and combined action space. Then, an
affine-based DMPC module reference layer was developed to enhance the fast convergence
of the proposed algorithm. To demonstrate the effectiveness of the proposed method, we
conducted a series of simulations involving a formation with varying numbers of agents
and obstacles. The goal was to navigate through square areas characterized by random
obstacle motion while adapting configurations and avoiding collisions. The results show
that our algorithm notably reduces the collisions” number during online learning, with
the average number of collisions being approximately 1/500 of AMCOFS and MADDPG.
Moreover, the success rate of the task operated in the learning phase is 41% higher com-
pared to MADDPG, 47% higher compared to AMCOFS. These results indicate that the
proposed method effectively facilitates formation navigation and obstacle avoidance, which
can ensure the unrigid configuration change continuously.

In future work, we will extend this approach to the three-dimensional environment
to enhance practical applicability. Moreover, there are several important interests that
require attention, which include variable topology structures and reconstruction response
mechanisms to fit unknown environments.
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Appendix A

Table Al. Notations and symbols.

Notations and Symbols Meaning
,j=1,...,n Nodes as agents in formation
G={V,Ac¢} Undirected graph
t=1,...,T Time step
N, M Numbers of neighbors and obstacles

pij The vector distance between agents
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Table Al. Cont.

Notations and Symbols Meaning
R={ry,r2,...,7N] T The set of nominal configurations
A(t) € R**4 p(t) € Rd} Adjustable parameters

-l Euclidean norm
R. R Safety distance of the agent and the
ar L\s

obstacle
u Input vector
J() Cost function
Ao Adjusting factor
An(st,al) Advantage function
Vi (st) State value function
b(sh) Baseline
u, B Hyperparameter
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