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A B S T R A C T

This paper presents a real-time trajectory optimization framework for multi-UAV collision avoidance
designed for embedded implementation. Optimization-based planners can explicitly handle dynamics
and safety constraints, but repeated onboard solves remain computationally demanding. To reduce
this burden, we combine the convex-concave procedure (CCP) for non-convex collision avoidance
constraints with a projection-oriented ADMM formulation based on reusable linear-system updates
and closed-form radial and pairwise half-space projections. The proposed CCP-ADMM planner is
benchmarked against ORCA and a MOSEK-based sequential convexification baseline in head-on
and intersection scenarios, and further evaluated through 𝜔-scaling Monte Carlo tests using runtime,
normalized control e!ort, constraint satisfaction, and success-rate metrics. Processor-in-the-loop
simulations on NVIDIA Jetson Orin Nano boards validate embedded execution and replanning, while
indoor quadrotor flight experiments demonstrate practical safety-distance maintenance on a physical
testbed. The results indicate that the proposed framework provides a practical balance between trajectory-
level constraint handling and embedded computational e"ciency for multi-UAV collision avoidance.

1. Introduction

With the increasing deployment of unmanned aerial
vehicles (UAVs) in various fields such as military, disaster
response, logistics, and agriculture, multiple vehicles are
often required to operate in shared airspace. Since loss of
separation between these vehicles can undermine system
safety and mission reliability, collision avoidance for multi-
agent systems has become an important problem.

In the field of autonomous and unmanned vehicles, colli-
sion avoidance problems have traditionally been addressed
using local reactive approaches.

A representative class of such methods is based on the
velocity obstacle (VO) framework, which selects collision-
free velocities by excluding relative velocities that would
result in future collisions (Fiorini and Shiller, 1998; Bareiss
and Van den Berg, 2013). Extensions of this framework, such
as Optimal Reciprocal Collision Avoidance (ORCA) (Van den
Berg et al., 2008; Van Den Berg et al., 2011), incorporate
reciprocal collision avoidance by distributing responsibility
among interacting agents. Other local reactive approaches
include the dynamic window approach, which selects feasible
control inputs within the admissible velocity space under
dynamic constraints (Fox et al., 2002; Missura and Bennewitz,
2019).

These techniques are computationally e"cient and rela-
tively simple to implement, making them attractive for real-
time applications. However, they primarily rely on local
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interaction geometry to determine collision-avoiding actions,
with limited consideration of system evolution over time.
As a result, it is di"cult to enforce system dynamics and
trajectory-level constraints within such frameworks.

More recently, optimal trajectory design for collision
avoidance has gained significant attention. Approaches such
as model predictive control (MPC) compute current control
inputs by solving an optimization problem over a prediction
horizon while explicitly incorporating system dynamics and
constraints (Baca et al., 2018; Ji et al., 2016; Castillo-Lopez
et al., 2018).

MPC–VO/ORCA frameworks, such as DCAD, incorpo-
rate vehicle dynamics into reciprocal velocity-space avoid-
ance for decentralized multi-UAV replanning, and Swarm-
CCO further extends this direction with uncertainty-aware
probabilistic constraints (Arul and Manocha, 2020, 2021). In
contrast to these reactive velocity-space approaches, this work
enforces pairwise position-separation constraints directly
over optimized finite-horizon state trajectories and exploits
CCP–ADMM splitting with closed-form projections for
predictable embedded computation.

Similarly, sequential convex programming (SCP) solves
nonlinear trajectory optimization problems through repeated
convex approximation processes (Augugliaro et al., 2012;
Matiussi Ramalho et al., 2018; Niu et al., 2022). These
methods provide a systematic framework for generating
dynamically feasible and constraint-satisfying trajectories.

However, many optimization-based planners still require
repeated numerical solves whose cost increases with the
number of agents and time discretization nodes, making
onboard implementation challenging in multi-agent settings.
To reduce this burden, structured first-order methods such
as alternating direction method of multipliers (ADMM)
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have been used to split trajectory updates from constraint
enforcement and to exploit reusable linear algebra and
projection operations (Boyd and Vandenberghe, 2004; Boyd
et al., 2011; Parikh et al., 2014). Recent ADMM-based
trajectory planners also show that the choice of ADMM
variant is closely tied to the problem formulation: Zheng
et al. (Zheng et al., 2024) used over-relaxed ADMM for
barrier-enhanced homotopic trajectory optimization, whereas
Huang et al. (Huang et al., 2023) used dual consensus
ADMM for decentralized cooperative planning over a com-
munication graph. In contrast, the present work formulates
multi-UAV collision avoidance as a projection-friendly two-
block trajectory optimization problem designed for embedded
implementation. Accordingly, we use standard ADMM for
formulation simplicity and embedded predictability, rather
than as a claim of superiority over over-relaxed or consensus
ADMM.

Therefore, the remaining gap addressed in this paper is a
finite-horizon multi-UAV planner that handles non-convex
collision avoidance constraints at the trajectory level while
retaining an implementation-oriented solver structure for
resource-constrained embedded platforms.

In this study, we address this gap by developing a real-
time CCP-ADMM trajectory planning framework for embed-
ded multi-UAV collision avoidance. The non-convex collision
avoidance constraints are handled by CCP, which yields a"ne
half-space approximations over the planned trajectory. The
resulting subproblems are solved by a projection-oriented
ADMM splitting: the trajectory update is computed through
reusable linear algebra, while the speed bounds and CCP-
linearized collision avoidance constraints are handled through
radial and half-space projection steps. This formulation
reduces dependence on general-purpose constrained solvers
and supports predictable embedded implementation.

The main contributions of this paper are summarized as
follows.

• We propose a CCP-ADMM-based trajectory opti-
mization method for multi-UAV collision avoidance,
designed for embedded implementation.

• We reduce online computation using reusable linear-
system updates, radial speed projections, and pairwise
half-space corrections.

• We benchmark the proposed method against ORCA
and CCP-MOSEK in head-on and intersection scenar-
ios.

• We evaluate scalability through 𝜔-scaling Monte
Carlo simulations using runtime, cost, feasibility, and
success-rate metrics.

• We validate embedded receding-horizon replanning
through processor-in-the-loop simulations (PILS) and
indoor flight tests, confirming safety-distance mainte-
nance and commanded speed-bound compliance.

2. Optimal Collision Avoidance Trajectory

Planning

2.1. Problem Formulation for Multi-Agent

Trajectory Planning

The problem of ensuring that multiple agents reach their
target destinations within a designated time without colliding
with one another can be formulated as shown in (1). Here, 𝜔
denotes the total number of agents, 𝜀 represents the number
of discretization nodes, and ε𝜗 is the sampling interval for
discrete time. For all variables in (1), the superscript indicates
the agent index, and the subscript denotes the discrete time
index. The agents are assumed to be multicopter-type vehicles
operating in a 2D plane capable of generating control forces
in arbitrary directions, which is commonly adopted in multi-
UAV operations where altitude separation is used to reduce
inter-agent collision risk. While the experiments in this work
are conducted in a planar setting (𝜛

𝜚
= 2), the formulation

can be extended to an 𝜛
𝜚
-dimensional space (𝜛

𝜚
ϑ {2, 3})

by replacing the position, velocity, and control vectors with
their 𝜛

𝜚
-dimensional counterparts. The CCP linearization and

ADMM update structure remain the same in form, with only
dimension-dependent changes in the vector and matrix sizes.
The computational analysis for extending the formulation to
the 3D case is discussed in 2.4.

minimize
⌋𝜔

𝜍=1

⌋𝜀ϖ1

𝜗=0
⌈𝜑(𝜍)

𝜗
⌈2

subject to 𝛻
(𝜍)

𝜗+1
= 𝛻

(𝜍)

𝜗
+ 𝜕

(𝜍)

𝜗
ε𝜗,

𝜕
(𝜍)

𝜗+1
= 𝜕

(𝜍)

𝜗
+ 𝜑

(𝜍)

𝜗
ε𝜗,

𝛻
(𝜍)

𝜀
= 𝛻

(𝜍)

des,

𝜕
(𝜍)

𝜀
= 𝜕

(𝜍)

des,

𝜕lb ∱ ⌈𝜕(𝜍)
𝜗
⌈ ∱ 𝜕ub,

⌈𝛻(𝜍)
𝜗

ϖ 𝛻
(ℵ)

𝜗
⌈ ∲ 𝜚safety, for all ℵ ∳ 𝜍.

(1)

The objective function of problem (1) represents the
minimization of the control e!ort. The constraints sequen-
tially represent the discrete-time dynamics for the position
𝛻
(𝜍)

𝜗
ϑ ℝ𝜛𝜚 and velocity 𝜕

(𝜍)

𝜗
ϑ ℝ𝜛𝜚 , the terminal condi-

tions for the target position and velocity at the end of the
mission, and the operational limits on the magnitude of the
agent’s velocity, [𝜕lb, 𝜕ub]. Here, the speed limits define a
direction-independent admissible velocity set, represented by
an annulus in two-dimensional velocity space or a spherical
shell in the three-dimensional case.

The final constraint corresponds to the inter-agent colli-
sion avoidance condition, requiring that the relative distance
between any pair of agents (𝜍, ℵ) at each time step remains
larger than the minimum safety distance 𝜚safety, which is
enforced for all pairwise agent combinations at each time
step. It implies that the relative position vector of two agents
must lie outside a circle (or a sphere in the three-dimensional
case) of radius 𝜚safety.

Since the feasible set defined by this condition is non-
convex, the formulation becomes a non-convex optimization
problem. Directly solving such a problem typically incurs a
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high computational burden due to the complexity of finding
a solution in a non-convex domain, making it challenging
to implement on resource-constrained onboard processors
for real-time applications. To address this implementation
challenge, this paper proposes a real-time optimal trajectory
design technique that applies the convex-concave procedure
(CCP), leveraging the property that the collision avoidance
constraints in (1) can be decomposed into convex and concave
components.

2.2. Sequential Convexification using CCP

To handle the non-convexity of the collision avoidance
constraints e"ciently, we employ the Convex-Concave Pro-
cedure (CCP). CCP is an iterative optimization technique that
searches for a solution by approximating a non-convex prob-
lem as a convex one at each step. While CCP shares structural
similarities with Sequential Convex Programming (SCP), it
distinguishes itself through its approximation methodology.
SCP typically convexifies the entire problem using tech-
niques such as Taylor series expansion or trust regions. In
this process, even inherently convex components may be
approximated, potentially leading to a loss of the original
problem’s structural information and requiring complex
parameter tuning for convergence.

In contrast, CCP linearizes only the concave components
of the non-convex constraints around the current solution,
while preserving the convex components in their original
form. This selective linearization minimizes approximation
errors and ensures that the subproblems constructed at each
iteration serve as a global lower approximation of the original
problem. Crucially for real-time implementation, CCP does
not require auxiliary stabilization techniques, such as trust
regions or line search methods, due to the structure of the
convex-concave decomposition.

Furthermore, when the initial trajectory is feasible and
the convexified subproblems are constructed via inner approx-
imations of the feasible set, CCP guarantees that subsequent
iterates remain feasible with respect to the convexified
constraints (Yuille and Rangarajan, 2003; Lanckriet and
Sriperumbudur, 2009; Lipp and Boyd, 2016).

The geometric interpretation of this process is illustrated
in Fig. 1. Let the feasible set be defined as ℶ = ℷ

ℸ , where ℷ
denotes the infeasible region. Let ⊳(⊲) denote the optimal
solution at the ⊲-th CCP iteration, and 0 represent the
sublevel set obtained by linearly approximating ℶ around
⊳(⊲). Since the optimal solution at the (⊲+1)-th CCP iteration,
⊳(⊲+1), is searched within 0 , if the constraint defining ℶ is
concave (as in Fig. 1(a)), then 0 1 ℶ . This implies that ⊳(⊲+1)
is obtained from a valid feasible region of the convexified
problem. However, if ℶ is a general non-convex set (Fig.
1(b)), it is possible that 0 2 ℶ , in which case ⊳(⊲+1) may lie
outside the feasible set ℶ of the original problem.

In the considered problem, the collision avoidance con-
straint requires that the squared Euclidean distance between
two vehicles remains greater than or equal to the squared
safety distance 𝜚2safety. This constraint can be decomposed into

(a) Concave constraint
(⊳ ϑ ℶ with convex ℶ

ℸ )
(b) General non-convex constraint

(⊳ ϑ ℶ with non-convex ℶ
ℸ )

Figure 1: A!ne approximation of non-convex constraint

a convex component and a concave component as follows:

ϖ⌈𝛻(𝜍)
𝜗

ϖ 𝛻
(ℵ)

𝜗
⌈2

344444454444446

concave

+ 𝜚
2

safety
356

convex

∱ 0.

To linearize the concave component, we define a reference
trajectory 7𝛻

𝜗
from the previous iteration. By modeling the

system behavior around this reference trajectory with a small
displacement 8𝛻

𝜗
, we have:

⌈𝛻(𝜍)
𝜗

ϖ 𝛻
(ℵ)

𝜗
⌈2 = ⌈⌉ 7𝛻(𝜍)

𝜗
+ 8𝛻

(𝜍)

𝜗

{
ϖ
⌉
7𝛻
(ℵ)

𝜗
+ 8𝛻

(ℵ)

𝜗

{⌈2.

Expanding the above and neglecting higher-order terms
(first-order Taylor approximation) yields the linearized colli-
sion avoidance constraint:

2
⌉
7𝛻
(𝜍)

𝜗
ϖ 7𝛻

(ℵ)

𝜗

{9⌉
𝛻
(𝜍)

𝜗
ϖ 𝛻

(ℵ)

𝜗

{
∲ 𝜚

2

safety + ⌈ 7𝛻(𝜍)
𝜗

ϖ 7𝛻
(ℵ)

𝜗
⌈2. (2)

Equation (2) represents a"ne half-space constraints for
the pairwise collision avoidance condition at each time step.
If the lower speed bound were also linearized, each CCP step
could be formulated as a convex Quadratically Constrained
Quadratic Program (QCQP), or an equivalent conic problem.
However, repeatedly solving such subproblems with general-
purpose interior-point solvers or software stacks such as CVXPY
with MOSEK or Gurobi can be computationally expensive
and less suitable for embedded deployment due to solver
overhead and library dependencies.

In this work, the collision avoidance constraint is convex-
ified through CCP, while the lower speed bound is retained
as a norm constraint and handled in ADMM through a non-
convex projection, as described in Section 2.3. Therefore, the
proposed formulation is designed to be projection friendly.
Since the transformed problem still involves the non-convex
lower speed bound condition, a global feasibility guarantee
or global optimality certificate with respect to the original
problem is not claimed. Instead, convergence is monitored
through the ADMM residuals and CCP cost history, and the
final trajectory is explicitly checked against the original speed
bounds and collision avoidance constraints. The reported
numerical, PILS, and flight-test results empirically confirm
constraint satisfaction in the tested cases.
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2.3. Fast Optimization Solver via ADMM

ADMM is an optimization algorithm that combines the
decomposability of dual ascent methods with the convergence
properties of the method of multipliers. Ideally suited for
problems with complex constraints, ADMM decomposes
them into sequential updates of primal and dual variables. In
the primal update step, optimization variables are updated by
minimizing the augmented Lagrangian, while in the dual
update step, Lagrange multipliers are updated based on
constraint violations (Boyd et al., 2011). This iterative process
is computationally attractive when the problem structure
allows each update to be reduced to simple linear algebra
or projection operations. Therefore, ADMM is well suited for
embedded optimization problems in which repeatedly invok-
ing a general-purpose constrained solver is computationally
expensive.

In the present trajectory planning problem, ADMM is
employed as a fast optimization solver because the CCP-
based formulation admits a projection-friendly structure. For
a given CCP iteration, the non-convex collision avoidance
constraints are approximated by a"ne half-space constraints,
while the system dynamics remain linear and the control-
e!ort objective remains quadratic. The upper speed bound
is handled by a radial Euclidean projection onto the ⋛2-
norm ball, whereas the lower speed bound is handled by
an expansive radial projection onto the inner boundary of
the admissible speed annulus. Together, these operations
define a closed-form radial update for the admissible speed
set. Rather than replacing the speed bound constraint with
a component-wise box approximation to obtain a QP sub-
problem or introducing an additional CCP linearization for
the lower speed bound, the proposed update retains the
original admissible speed set and reduces the online velocity
update to simple norm-scaling operations. The a"ne half-
space constraints obtained from the CCP approximation are
also enforced through closed-form half-space projections.
Thus, the computational advantage of the proposed solver
comes from exploiting closed-form projections and reusable
linear algebra, rather than solving a generic constrained
optimization problem at every iteration.

Although the expansive projection used for the lower
speed bound is a practical and empirically useful operation,
as also demonstrated in related first-order projection meth-
ods (Choi and Kim, 2025b,a; Choi et al., 2026; Kim et al.,
2026; Park et al., 2024; Choi and Kim, 2024), it does not
provide a global convergence certificate for the original non-
convex trajectory planning problem. Accordingly, global opti-
mality of the complete CCP-ADMM algorithm is not claimed;
instead, its practical feasibility, constraint satisfaction, and
real-time performance are evaluated through the numerical,
PILS, and flight-test validations.

The ADMM formulation used at the (⊲ + 1)-th CCP
iteration is presented below. For notational simplicity, the
CCP iteration index is omitted.

minimize ⌈.𝜑
,<⌈2 + ℏ⨋(⊳)

subject to ℷ,< = >,

.
⊳
,< = ⊳.

(3)

Throughout this subsection, the notation (⋆1,… , ⋆
≨
) ϱ=

[⋆
9

1
,… , ⋆

9

≨
]
9 denotes vertical stacking of vectors. For 𝜔

agents in 𝜛
𝜚

spatial dimensions, the stacked state and control
vectors are defined as

<
𝜗
= (<

(1)

𝜗
,… , <

(𝜔)

𝜗
) ϑ ℝ2𝜛𝜚𝜔 , 𝜗 = 0,… , 𝜀 ,

𝜑
𝜗
= (𝜑

(1)

𝜗
,… , 𝜑

(𝜔)

𝜗
) ϑ ℝ𝜛𝜚𝜔 , 𝜗 = 0,… , 𝜀 ϖ 1,

<
(𝜍)

𝜗
= (𝛻

(𝜍)

𝜗
, 𝜕

(𝜍)

𝜗
) ϑ ℝ2𝜛𝜚 , 𝜍 = 1,… ,𝜔 ,

where 𝛻
(𝜍)

𝜗
, 𝜕

(𝜍)

𝜗
ϑ ℝ𝜛𝜚 and 𝜑

(𝜍)

𝜗
ϑ ℝ𝜛𝜚 . Here, 𝜛

𝜚
denotes the

spatial dimension.

Dynamics Constraint The first constraint, ℷ,< = >, en-
codes the double-integrator model discretized by the forward
Euler method, together with the initial and terminal boundary
conditions. For each agent 𝜍 = 1,… ,𝜔 , the resulting
discrete-time model is <(𝜍)

𝜗+1
= 𝐴0<

(𝜍)

𝜗
+ 𝐵0𝜑

(𝜍)

𝜗
where

𝐴0 =

}
ℏ
𝜛𝜚

ε𝜗ℏ
𝜛𝜚

0
𝜛𝜚ς𝜛𝜚

ℏ
𝜛𝜚

⦃
, 𝐵0 =

}
0
𝜛𝜚ς𝜛𝜚

ε𝜗ℏ
𝜛𝜚

⦃
.

For 𝜔 agents, the stacked dynamics matrices are

𝐴 = ℏ
𝜔
𝐶𝐴0 ϑ ℝ2𝜛𝜚𝜔ς2𝜛𝜚𝜔 , 𝐵 = ℏ

𝜔
𝐶𝐵0 ϑ ℝ2𝜛𝜚𝜔ς𝜛𝜚𝜔 ,

where 𝐶 denotes the Kronecker product. The multi-agent
dynamics are then expressed as <

𝜗+1 = 𝐴<
𝜗
+ 𝐵𝜑

𝜗
.

To simplify the notation, let 𝐷 = 2𝜛
𝜚
𝜔 and 𝐸 = 𝜛

𝜚
𝜔 , so

that <
𝜗
ϑ ℝ𝐷 and 𝜑

𝜗
ϑ ℝ𝐸. For the block representation of

ℷ,< = >, define the stage block

𝐹
𝜗
=

}
<
𝜗+1

𝜑
𝜗

⦃
ϑ ℝ𝐷+𝐸

, 𝜗 = 0,… , 𝜀 ϖ 1.

Since the initial state <0 is given, it is excluded from the opti-
mization variable, which is constructed as ,< = (𝐹0,… , 𝐹

𝜀ϖ1).

The stacked equality constraint has ℷ ϑ ℝ𝐷(𝜀+1)ς(𝐷+𝐸)𝜀 ,
,< ϑ ℝ(𝐷+𝐸)𝜀 , and > ϑ ℝ𝐷(𝜀+1), and is written in the following
block-banded form:

⦄
⟨
⟨
⟨
⟨⟩

φ

∇ φ

⋜ ⋜
∇ φ

∂

⟪
⟫
⟫
⟫
⟫❲

344444444454444444446

ℷ

⦄
⟨
⟨
⟨⟩

𝐹0

𝐹1

⋝
𝐹
𝜀ϖ1

⟪
⟫
⟫
⟫❲

356

,<

=

⦄
⟨
⟨
⟨
⟨
⟨⟩

𝐴<0

0
𝐷

⋝
0
𝐷

<
des

𝜀

⟪
⟫
⟫
⟫
⟫
⟫❲

356

>

,

φ =
❳
ℏ
𝐷

ϖ𝐵
/
, ∇ =

❳
ϖ𝐴 0

𝐷ς𝐸

/
, ∂ =

❳
ℏ
𝐷

0
𝐷ς𝐸

/
.

The block-banded sparsity pattern of ℷ is preserved for
any spatial dimension 𝜛

𝜚
; extending the formulation from 2D

to 3D only increases the size of each block, while the same
block structure is maintained.
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Selection Matrices The matrix .
𝜑 in the objective selects

the control input components from ,<. The second constraint,
.
⊳
,< = ⊳, introduces split variables for the velocity and

position components involved in the inequality constraints.
Thus, .𝜑 is used for the objective term, whereas .𝜕 and .

𝛻

are used to construct the auxiliary variable ⊳.
The position and velocity components are extracted using

agent-wise block selection matrices. For a single agent, define
ℸ
𝛻
=

❳
ℏ
𝜛𝜚

0
𝜛𝜚ς𝜛𝜚

/
, ℸ

𝜕
=

❳
0
𝜛𝜚ς𝜛𝜚

ℏ
𝜛𝜚

/
. The multi-

agent extraction matrices are then constructed as 𝐺
𝛻

=

ℏ
𝜔
𝐶ℸ

𝛻
, 𝐺

𝜕
= ℏ

𝜔
𝐶ℸ

𝜕
. Recall that the decision variable

is ordered by the stage block 𝐹
𝜗
= (<

𝜗+1, 𝜑𝜗) ϑ ℝ𝐷+𝐸 for
𝜗 = 0,… , 𝜀 ϖ1. Therefore, the stage-wise selection matrices
are defined as 7.

𝛻
=
❳
𝐺
𝛻

0
𝐸ς𝐸

/
, 7.

𝜕
=
❳
𝐺
𝜕

0
𝐸ς𝐸

/
, 7.

𝜑
=❳

0
𝐸ς𝐷 ℏ

𝐸

/
. Here, 7.

𝛻
𝐹
𝜗
= 𝛻

𝜗+1, 7.
𝜕
𝐹
𝜗
= 𝜕

𝜗+1, and 7.
𝜑
𝐹
𝜗
= 𝜑

𝜗
.

The full-horizon selection matrices are obtained by
repeating these stage-wise selectors along the horizon: .𝛻

=

ℏ
𝜀
𝐶 7.

𝛻
, .

𝜕
= ℏ

𝜀
𝐶 7.

𝜕
, .

𝜑
= ℏ

𝜀
𝐶 7.

𝜑
. Thus,

.
𝛻
,.

𝜕
,.

𝜑
ϑ ℝ𝐸𝜀ς(𝐷+𝐸)𝜀 , and .

𝛻
,< = (𝛻1,… , 𝛻

𝜀
), .𝜕

,< =

(𝜕1,… , 𝜕
𝜀
), .

𝜑
,< = (𝜑0,… , 𝜑

𝜀ϖ1). The auxiliary-variable
selection matrix is then written as

.
⊳
=

}
.
𝜕

.
𝛻

⦃
, ⊳ =

}
⊳
𝜕

⊳
𝛻

⦃
.

where .
⊳
ϑ ℝ2𝐸𝜀ς(𝐷+𝐸)𝜀 and ⊳

𝜕
, ⊳

𝛻
ϑ ℝ𝐸𝜀 . The auxiliary

variable ⊳ represents copies of the velocity and position tra-
jectories selected by .

𝜕 and .
𝛻, respectively. The admissible

sets imposed on these copies are defined below.

Constraint Sets for auxiliary Variables The indicator
function ℏ⨋(⊳) in (3) imposes the inequality constraints on
the auxiliary variable ⊳. Specifically, ℏ⨋(⊳) = 0 if ⊳ ϑ ⨋

and ℏ⨋(⊳) = +− otherwise. Using the partition ⊳ = (⊳
𝜕
, ⊳

𝛻
)

defined above, the feasible set is written as the product set
⨋ = ⨋

𝜕
ς ⨋

𝛻
.

The velocity-related feasible set is defined as

⨋
𝜕
=
\𝜀

𝜗=1

\𝜔

𝜍=1

(
⊳
(𝜍)

𝜕,𝜗

))) 𝜕lb ∱ ⌈⊳(𝜍)
𝜕,𝜗
⌈ ∱ 𝜕ub

⦅
.

Here, ⊳(𝜍)
𝜕,𝜗

ϑ ℝ𝜛𝜚 denotes the velocity copy of agent 𝜍 at
time step 𝜗. Let ⨌ = {(𝜍, ℵ) + 1 ∱ 𝜍 < ℵ ∱ 𝜔} denote the
set of unordered agent pairs. The position-related feasible
set is defined using the CCP-linearized collision avoidance
constraints:

⨋
𝛻
=
\𝜀

𝜗=1

(
⊳
𝛻,𝜗

))) ⋆
(𝜍,ℵ)9

𝜗

⌉
⊳
(𝜍)

𝛻,𝜗
ϖ ⊳

(ℵ)

𝛻,𝜗

{
∲ 𝐻

(𝜍,ℵ)

𝜗
, ±(𝜍, ℵ) ϑ ⨌

⦅
.

where ⊳(𝜍)
𝛻,𝜗

ϑ ℝ𝜛𝜚 denotes the position copy of agent 𝜍 at time
step 𝜗. The coe"cients of the a"ne half-space constraints are
computed from the reference trajectory of the previous CCP
iteration as

⋆
(𝜍,ℵ)

𝜗
= 2

⦆
7𝛻
(𝜍)

𝜗
ϖ 7𝛻

(ℵ)

𝜗

[
, 𝐻

(𝜍,ℵ)

𝜗
= 𝜚

2

safety
+⌈ 7𝛻(𝜍)

𝜗
ϖ 7𝛻

(ℵ)

𝜗
⌈2.

Thus, the original collision avoidance constraints are replaced
by a"ne constraints for all agent pairs at each time step.

The corresponding projection operations onto ⨋
𝜕 and ⨋

𝛻 are
described in the ⊳-update step.

The augmented Lagrangian is defined as follows, with
scaled dual variables 𝐼1,𝐼2 and penalty parameter 𝐽 > 0:

⨍
𝐽
( ,<, ⊳,𝐼) = ⌈.𝜑

,<⌈2 + ℏ⨋(⊳)

+
𝐽

2

⌉⌈ℷ,< ϖ > +𝐼1⌈2 + ⌈.⊳
,< ϖ ⊳ +𝐼2⌈2

{
.

The ADMM algorithm iterates through the following
three steps. The superscript [𝐾] denotes the ADMM iteration
index, which is distinguished from the agent and CCP
iteration index omitted in this subsection.

2.3.1. ,<-update step (Global Planning):

The ,<-update can be interpreted as the global planning
step:

,<
[𝐾+1]

= argmin
,<

⌈.𝜑
,<⌈2 + 𝐽

2

⌉⌈ℷ,< ϖ > +𝐼
[𝐾]

1
⌈2

+ ⌈.⊳
,< ϖ ⊳

[𝐾]
+𝐼

[𝐾]

2
⌈2{.

This is an unconstrained quadratic minimization problem,
whose solution is obtained by solving a linear system. Since
the coe"cient matrix is fixed for a given horizon length and
penalty parameter 𝐽, its sparse factorization is precomputed
and reused across ADMM iterations. With the block-banded
temporal structure and agent-wise sparsity exploited, the
online ,<-update is reduced to forward/backward substitutions
or sparse matrix-vector operations, scaling as ⨎(𝜔𝜀 ) for
fixed spatial dimension.

2.3.2. ⊳-update step (Local Projection):

The ⊳-update as the local projection step is given by:

⊳
[𝐾+1]

= argmin
⊳

⌉
ℏ⨋(⊳) +

𝐽

2
⌈.⊳

,<
[𝐾+1]

ϖ ⊳ +𝐼
[𝐾]

2
⌈2{

= ∓⨋

⌉
.
⊳
,<
[𝐾+1]

+𝐼
[𝐾]

2

{
.

This step updates the auxiliary variable by enforcing the ve-
locity and collision-avoidance constraints through projection
operations. Let

𝐿
[𝐾+1]

= .
⊳
,<
[𝐾+1]

+𝐼
[𝐾]

2
=

]
𝐿
[𝐾+1]

𝜕

𝐿
[𝐾+1]

𝛻

⟦
.

Since ⨋ = ⨋
𝜕
ς ⨋

𝛻, the ⊳-update is implemented as

⊳
[𝐾+1]

𝜕
= ∓⨋𝜕

⌉
𝐿
[𝐾+1]

𝜕

{
, ⊳

[𝐾+1]

𝛻
= 𝑀∓⨋𝛻

⦆
𝐿
[𝐾+1]

𝛻

[
.

where ∓⨋𝜕 denotes the closed-form radial projection onto
the admissible speed set, and 𝑀∓⨋𝛻 denotes the pairwise half-
space projection-sweep used for collision avoidance. The hat
notation emphasizes that the implementation avoids solving
the full coupled projection problem over the intersection of
all pairwise half-spaces.

For velocity constraints (⨋𝜕), the projection is computed
analytically by radial scaling while preserving the direction
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(a) Radial projection onto ⨋
𝜕 (b) Pairwise half-space

correction

Figure 2: Geometric interpretation of the ⊳-update.

(Fig. 2(a)).

⊳
(𝜍)

𝜕,𝜗
= ∓⨋𝜕

⦆
𝐿
(𝜍)

𝜕,𝜗

[
=

⟧
⌊
⌊
⌊
⌋
⌊
⌊
⌊⌈

𝜕ub

𝐿
(𝜍)

𝜕,𝜗

⌈𝐿(𝜍)
𝜕,𝜗
⌈
, if ⌈𝐿(𝜍)

𝜕,𝜗
⌈ > 𝜕ub,

𝜕lb

𝐿
(𝜍)

𝜕,𝜗

⌈𝐿(𝜍)
𝜕,𝜗
⌈
, if 0 < ⌈𝐿(𝜍)

𝜕,𝜗
⌈ < 𝜕lb,

𝐿
(𝜍)

𝜕,𝜗
, otherwise.

Both the upper- and lower-bound cases have the same
radial-scaling form: they preserve the direction of 𝐿(𝜍)

𝜕,𝜗
and

modify only its magnitude. When ⌈𝐿(𝜍)
𝜕,𝜗
⌈ > 𝜕ub, the vector

is projected onto the outer boundary of the admissible
speed annulus by scaling its magnitude down to 𝜕ub. When
0 < ⌈𝐿(𝜍)

𝜕,𝜗
⌈ < 𝜕lb, the same radial operation is applied in

the outward direction, scaling the magnitude up to 𝜕lb. In
this sense, the lower-bound update is an expansive radial
projection, i.e., the outward counterpart of the usual upper-
bound norm-clipping operation.

For collision avoidance (⨋
𝛻
), the position part of the ⊳-

update uses pairwise half-space corrections (Fig. 2(b)).
For more than two agents, multiple pairwise collision

avoidance constraints may become active simultaneously
and may share common agents. The proposed projection-
sweep computes a pairwise correction independently for
each active pair using the same current auxiliary positions.
Each correction is first obtained in the relative-position
space and then split between the two agents involved in that
pair. If an agent participates in multiple active pairs, the
corresponding correction terms are summed agent-wise, and
the accumulated correction is applied once when updating
⊳
𝛻
. This handles multi-agent coupling through agent-wise

accumulated pair corrections, avoiding a coupled projection
problem over the full intersection of pairwise half-spaces at
every ADMM iteration.

For a pair (𝜍, ℵ) ϑ ⨌ , the pairwise half-space projection
problem is formulated as

minimize
1

2
⌈≨ ϖ 𝑁⌈2

subject to ⋆
9
≨ ∲ 𝐻,

where 𝑁 = 𝐿
(𝜍)

𝛻,𝜗
ϖ𝐿

(ℵ)

𝛻,𝜗
is the relative position before projection,

and ≨ is the projected relative position. For compact notation,
⋆ = ⋆

(𝜍,ℵ)

𝜗
and 𝐻 = 𝐻

(𝜍,ℵ)

𝜗
are used here. When the reference

relative position is nearly zero, the half-space normal be-
comes ill-defined. In implementation, if ⌈ 7𝛻(𝜍)

𝜗
ϖ 7𝛻

(ℵ)

𝜗
⌈ < 𝑂, a

small deterministic regularization is applied to define a valid
separating direction before constructing the CCP half-space.

The optimal solution is obtained in closed form from the
KKT conditions:

≨
ω
=

⟧
⌊
⌋
⌊⌈

𝑁 +
𝐻 ϖ ⋆

9
𝑁

⌈⋆⌈2 ⋆, if ⋆9𝑁 < 𝐻,

𝑁, otherwise.

Define the relative-position correction associated with
pair (𝜍, ℵ) as

8
(𝜍,ℵ)

𝜗
=

⟧
⌊
⌋
⌊⌈

𝐻 ϖ ⋆
9
𝑁

⌈⋆⌈2 ⋆, if ⋆9𝑁 < 𝐻,

0, otherwise.

For each time step 𝜗, the accumulated correction for each
agent is initialized as 𝑃

(𝜍)

𝜗
= 0. For every active collision

avoidance constraint, the relative correction is distributed
symmetrically as

𝑃
(𝜍)

𝜗
 𝑃

(𝜍)

𝜗
+

1

2
8
(𝜍,ℵ)

𝜗
, 𝑃

(ℵ)

𝜗
 𝑃

(ℵ)

𝜗
ϖ

1

2
8
(𝜍,ℵ)

𝜗
.

After all active collision avoidance constraints at time step 𝜗

are evaluated, the position auxiliary variables are updated by
⊳
(𝜍)

𝛻,𝜗
= 𝐿

(𝜍)

𝛻,𝜗
+ 𝑃

(𝜍)

𝜗
, 𝜍 = 1,… ,𝜔 . For a single collision

avoidance constraint, this symmetric distribution exactly
realizes the relative-position projection, because ⊳(𝜍)

𝛻,𝜗
ϖ ⊳

(ℵ)

𝛻,𝜗
=

𝑁 + 8
(𝜍,ℵ)

𝜗
= ≨

ω
. The factor 1(2 gives the minimum-norm

correction when the two agents are weighted equally. Specifi-
cally, if 𝜚

𝜍
and 𝜚

ℵ
denote the position corrections applied to

agents 𝜍 and ℵ, respectively, then

minimize
𝜚𝜍,𝜚ℵ

1

2
⌈𝜚

𝜍
⌈2+1

2
⌈𝜚

ℵ
⌈2 subject to 𝜚

𝜍
ϖ𝜚

ℵ
= 8

(𝜍,ℵ)

𝜗

yields 𝜚
𝜍

=
1

2
8
(𝜍,ℵ)

𝜗
and 𝜚

ℵ
= ϖ

1

2
8
(𝜍,ℵ)

𝜗
. When multiple

active constraints share common agents, these pairwise
corrections are accumulated agent-wise, which corresponds
to the projection-sweep approximation 𝑀∓⨋𝛻 used in the
implementation.

The velocity projection and pairwise collision-avoidance
corrections are computed in closed form. Therefore, the ⊳-
update avoids inner numerical optimization loops and is
implemented using only norm computations, dot products,
and vector additions. For each ADMM iteration, the velocity
part requires𝜔𝜀 radial scaling operations, while the collision-
avoidance part evaluates at most ⌉⨌⌉𝜀 = 𝜔(𝜔 ϖ 1)𝜀 (2

pairwise half-space corrections. Thus, for a fixed spatial
dimension 𝜛

𝜚
, the worst-case operation count of the ⊳-update

is ⨎(𝜔2
𝜀 ). The projection-sweep is not used as a one-shot

Jae-Jin Lee, Gyubin Park, Seungyeop Lee, and Jong-Han Kim: Preprint submitted to Elsevier Page 6 of 20



Real-Time Optimal Collision Avoidance for Multiple UAVs: An Embedded CCP-ADMM Approach

feasibility certificate for the full intersection of all pairwise
half-spaces; rather, it is repeatedly applied within the ADMM
iterations as an e"cient correction operator for the CCP-
linearized collision-avoidance constraints. Together with the
reusable linear algebra in the ,<-update, this closed-form ⊳-
update contributes to the online computational e"ciency of
the proposed CCP-ADMM solver.

2.3.3. 𝐼-update step (Dual Update):

The last step is the dual update given by:

𝐼
[𝐾+1]

1
= 𝐼

[𝐾]

1
+ ℷ,<

[𝐾+1]
ϖ >,

𝐼
[𝐾+1]

2
= 𝐼

[𝐾]

2
+ .

⊳
,<
[𝐾+1]

ϖ ⊳
[𝐾+1]

As shown above, this step consists solely of simple element-
wise vector additions and subtractions. Its operation count
scales as⨎(𝜔𝜀 ), making it a lower-order term compared with
the pairwise collision-avoidance correction in the ⊳-update.

2.3.4. Stopping Criteria and Feasibility Check:

For a fixed CCP-linearized subproblem, the inner ADMM
iterations are terminated when the primal and dual residuals
fall below the prescribed tolerances 𝑂pri and 𝑂dual, or when
the maximum number of ADMM iterations is reached. The
residuals are defined as

≨
[𝐾+1]

=

}
ℷ,<

[𝐾+1]
ϖ >

.
⊳
,<
[𝐾+1]

ϖ ⊳
[𝐾+1]

⦃
,

𝑄
[𝐾+1]

= 𝐽(.
⊳
)
9
⌉
⊳
[𝐾+1]

ϖ ⊳
[𝐾]
{
.

The primal residual measures the violation of the dynamics
constraint and the consistency condition .

⊳
,< = ⊳, whereas

the dual residual measures the change in the auxiliary-
variable update. Therefore, small ADMM residuals indicate
convergence of the split formulation for the current CCP-
linearized subproblem.

However, the ADMM residuals alone do not certify
feasibility with respect to the original non-convex velocity
and collision-avoidance constraints. After each outer CCP
iteration, the obtained trajectory is evaluated against the
original constraints. In particular, the maximum pairwise
collision violation is computed as

𝑅
(⊲)

ca
= max

𝜗,(𝜍,ℵ)ϑ⨌

{
𝜚safety ϖ ⌈𝛻(𝜍,⊲)

𝜗
ϖ 𝛻

(ℵ,⊲)

𝜗
⌈
}
+

,

and the speed bound violation is computed as

𝑅
(⊲)

v
= max

𝜗,𝜍

({
𝜕lb ϖ ⌈𝜕(𝜍,⊲)

𝜗
⌈
}
+

,

{
⌈𝜕(𝜍,⊲)

𝜗
⌈ ϖ 𝜕ub

}
+

⦅
,

where [𝑆]+ = max(𝑆, 0). The stabilization of the outer
CCP loop is also monitored using the relative objective
change, ε

(⊲)

𝑇
= ⌉𝑇 (⊲)

ϖ 𝑇
(⊲ϖ1)⌉(max{1, ⌉𝑇 (⊲ϖ1)⌉}. Thus, the

termination condition is evaluated using the inner ADMM
primal and dual residuals, the original-constraint violations
𝑅
(⊲)

ca
and 𝑅

(⊲)

v , and the relative objective change ε
(⊲)

𝑇
. The outer

CCP loop is terminated when these quantities fall below their
prescribed tolerances, or when the maximum number of CCP

iterations is reached. When a fixed iteration schedule is used,
these quantities are still monitored, and the final trajectory is
explicitly checked against the original velocity and collision
avoidance constraints.

2.4. Computational Complexity Analysis

The following analysis focuses on the online operation
count per ADMM iteration for a fixed CCP-linearized sub-
problem. The total online solve time additionally depends
on the number of outer CCP iterations and the number of
ADMM iterations used for each CCP subproblem.

One of the primary contributions of this work is the
reduction of online computational burden by exploiting the
structure of the trajectory optimization problem compared to
conventional optimization methods. Standard trajectory plan-
ning approaches often rely on Interior-Point Methods (IPM)
to solve convexified trajectory optimization subproblems. For
a problem with 𝑈var decision variables, the complexity of
a generic dense IPM is typically dominated by the solution
of a coupled KKT linear system at each iteration, scaling
as ⨎(𝑈

3

var). In our formulation, the number of variables
is proportional to the spatial dimension, the number of
agents, and the number of time steps, i.e., 𝑈var ) 𝜛

𝜚
𝜔𝜀 .

Consequently, if the problem structure is not exploited, the
dense reference complexity scales as ⨎((𝜛

𝜚
𝜔𝜀 )

3
), which

reduces to ⨎(𝜔
3
𝜀
3
) for a fixed spatial dimension. This

severely limits scalability and real-time performance on
embedded processors.

In contrast, the proposed CCP-ADMM framework lever-
ages the temporal block-banded structure, agent-wise sparsity,
and closed-form projection updates. For a fixed spatial
dimension 𝜛

𝜚
, the online operation count of each ADMM

iteration is summarized as follows:

1. O!ine Precomputation: For a fixed horizon length
and penalty parameter 𝐽, the coe"cient matrix in the
,<-update step is constant across ADMM iterations. Its
sparse factorization can therefore be precomputed and
reused in the online loop. If several values of 𝐽 are
used in di!erent planning modes, the corresponding
factorizations can be precomputed separately.

2. ,<-update: In real-time, this step involves only forward
and backward substitutions using the precomputed
factors. When the block-banded temporal structure
and agent-wise sparsity are exploited, the online ,<-
update scales linearly with the horizon length and the
number of agents, i.e., ⨎(𝜔𝜀 ). This complexity refers
to the implemented sparse factor-reuse structure; using
generic dense linear algebra would lead to a higher
cost.

3. ⊳-update: The velocity projection is separable across
agents and time steps, requiring 𝜔𝜀 radial scaling
operations. The collision-avoidance update is per-
formed through pairwise half-space corrections over
all unordered agent pairs. Since there are ⌉⨌⌉ =

𝜔(𝜔 ϖ 1)(2 pairs at each time step, the pairwise
correction sweep scales as ⨎(⌉⨌⌉𝜀 ) = ⨎(𝜔

2
𝜀 ). Each
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pairwise correction requires only dot products, norm
computations, and vector additions.

4. Dual update: This step involves simple vector additions
and subtractions, scaling linearly as ⨎(𝜔𝜀 ).

The e!ect of extending the formulation from the planar
case to the three-dimensional case can be made explicit
by retaining 𝜛

𝜚
in the operation count. Each radial veloc-

ity projection and each pairwise half-space correction is
performed in ℝ𝜛𝜚 . Hence, the velocity projection scales as
⨎(𝜛

𝜚
𝜔𝜀 ), the pairwise collision-avoidance correction sweep

scales as ⨎(𝜛
𝜚
𝜔

2
𝜀 ), and the remaining vector operations

scale as ⨎(𝜛
𝜚
𝜔𝜀 ). Therefore, increasing the planning space

from 𝜛
𝜚

= 2 to 𝜛
𝜚

= 3 introduces only a dimension-
dependent constant factor and does not change the asymptotic
dependence on 𝜔 or 𝜀 . In particular, real-time feasibility is
a!ected more strongly by the number of agents, the horizon
length, and the prescribed CCP/ADMM iteration schedule
than by the change from 2D to 3D alone.

Therefore, under the implemented sparse factor reuse
and pairwise projection-sweep structure, the per-ADMM-
iteration complexity is dominated by the collision-avoidance
part of the ⊳-update,

⨎(𝜛
𝜚
𝜔𝜀 ) + ⨎(𝜛

𝜚
𝜔

2
𝜀 ) + ⨎(𝜛

𝜚
𝜔𝜀 ) = ⨎(𝜛

𝜚
𝜔

2
𝜀 ).

For a fixed spatial dimension, this reduces to ⨎(𝜔
2
𝜀 ). Thus,

the proposed method scales linearly with the time horizon and
quadratically with the number of agents, while the extension
from 2D to 3D appears only as a constant-factor increase in
the operation count. This is substantially lower than the dense
reference complexity ⨎((𝜛

𝜚
𝜔𝜀 )

3
) of a generic centralized

IPM that does not exploit the problem structure.
If 𝑈CCP denotes the number of CCP iterations and

𝑈
(⊲)

ADMM
denotes the number of ADMM iterations used at the

⊲-th CCP iteration, the total online operation count scales as

⨎

⦆
𝜛
𝜚
𝜔

2
𝜀
⌋𝑈CCP

⊲=1
𝑈

(⊲)

ADMM

[
,

up to lower-order terms such as warm-starting, residual
evaluation, and bookkeeping. When fixed iteration schedules
are used, the summation term acts as a constant multiplier
for a given solver configuration.

3. Numerical Validation and Experimental

Results

3.1. Numerical Benchmark and Convergence

Verification

The numerical simulations were executed on a standard
desktop workstation (Intel Core i5-13500, 32 GB RAM) using
Python 3.9. This subsection considers two canonical collision
avoidance scenarios: a head-on encounter with two agents and
an intersection scenario with three agents. For each scenario,
trajectory, velocity, and relative distance profiles are reported
for the proposed CCP-ADMM method and representative
baselines. The convergence behavior of CCP-ADMM is
then examined using the primal and dual residuals and the

Figure 3: Schematic of the proposed CCP-ADMM framework.

CCP cost history. Finally, a 𝜔-scaling Monte Carlo analysis
is conducted to evaluate runtime scalability and constraint
satisfaction as the number of agents increases.

Across all numerical tests, CCP-ADMM is executed
with a fixed number of outer CCP iterations and a linearly
decreasing inner ADMM iteration schedule. More ADMM
iterations are assigned to early CCP steps because the
reference trajectory is initialized from the least-norm solution
and the linearization error can be relatively large. As the
reference trajectory stabilizes, the inner ADMM iteration
count is reduced to avoid unnecessary computation. In the
𝜔-scaling Monte Carlo study, the same iteration schedule
is used for all values of 𝜔 and all random seeds, so that the
runtime statistics reflect the scaling e!ect of the number of
agents rather than changes in the solver configuration.

The workflow of the proposed CCP-ADMM framework
is summarized in Figure 3. In the figure notation, 𝐷⌉[𝜛]𝐸 ,
where 𝐷 ϑ {⊳,𝐼1,𝐼2}, denotes the value of 𝐷 at ADMM
iteration 𝜛 within CCP iteration 𝐸. The symbol [0] denotes
the initial value of the inner ADMM loop. The symbol [ω]
denotes the value returned when the inner ADMM loop
terminates, either after satisfying the stopping criteria or
after reaching the prescribed iteration limit. The reference
trajectory 7𝛻

𝐸
defines the CCP linearization at CCP iteration

𝐸. The initial reference trajectory 7𝛻0 is obtained from the
least-norm solution computed without collision avoidance
constraints, and for 𝐸 ∲ 1, 7𝛻

𝐸
is obtained from the position

trajectory returned by the previous CCP iteration.

3.1.1. Benchmark Methods and Implementation

Settings

The numerical benchmark compares the proposed CCP-
ADMM method with two baseline methods: Optimal Recipro-
cal Collision Avoidance (ORCA) and CCP-MOSEK. ORCA
is selected as a fast local reactive collision avoidance baseline,
while CCP-MOSEK is selected as a solver-based sequential
convexification baseline. These allow the proposed method
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to be compared with both a reactive velocity method and a
trajectory optimization method.

The ORCA baseline is implemented using the pyrvo

simulator. At each ORCA update instant, agent 𝜍 computes a
preferred velocity toward its goal,

𝜕
(𝜍)

pref ,𝜗
= 𝜕

(𝜍)

cr

𝛻
(𝜍)

des
ϖ 𝛻

(𝜍)

𝜗

⌈𝛻(𝜍)
des

ϖ 𝛻
(𝜍)

𝜗
⌈
,

where 𝜕
(𝜍)

cr
is the prescribed cruise speed used to define the

preferred ORCA velocity. The pyrvo solver then returns a
collision avoiding velocity command by enforcing reciprocal
collision avoidance constraints. The agent radius is set
to 𝜚safety(2, so that the combined radius of two agents
corresponds to the prescribed safety distance.

Since ORCA directly generates a velocity command, a
command shaping step is applied before propagating the
acceleration input model. The ORCA velocity command is
passed through a first order command filter and a command
update limit to suppress abrupt changes caused by the
discrete reactive update. The shaped velocity command is
then converted into an acceleration input through proportional
velocity tracking, and the state is propagated using this
acceleration input.

The CCP-MOSEK baseline is implemented in CVXPY

and solved using MOSEK. Rather than solving the original
non-convex problem in (1) directly, CCP-MOSEK solves
a sequence of convexified problems around a reference
trajectory. The dynamics, initial and terminal conditions, and
upper speed bound are kept in the same form as in (1). The
objective is augmented with slack and trust region penalties
as

𝑇MOSEK = 𝑇
𝜑
+𝐼

𝑄
𝑇
𝑄
+𝐼

𝑁
𝑇
𝑁
,

𝑇
𝜑
=
⌋𝜔

𝜍=1

⌋𝜀ϖ1

𝜗=0
⌈𝜑(𝜍)

𝜗
⌈2,

𝑇
𝑄
=
⌋

𝜍,𝜗
(𝑄

𝜕

𝜍,𝜗
)
2
+
⌋

𝜍<ℵ,𝜗
(𝑄

col

𝜍,ℵ,𝜗
)
2
,

𝑇
𝑁
=
⌋

𝜍,𝜗
𝑁
2

𝜍,𝜗
.

The non-convex lower speed bound is handled by linearizing
⌈𝜕(𝜍)

𝜗
⌈2 around the reference velocity 7𝜕

(𝜍)

𝜗
:

2( 7𝜕
(𝜍)

𝜗
)
9
𝜕
(𝜍)

𝜗
∲ 𝜕

2

lb
+ ⌈ 7𝜕(𝜍)

𝜗
⌈2 ϖ 𝑄

𝜕

𝜍,𝜗
.

The non-convex collision avoidance constraint is handled
using the same CCP linearization as in (2), with an additional
slack variable:

2
⌉
7𝛻
(𝜍)

𝜗
ϖ 7𝛻

(ℵ)

𝜗

{9⌉
𝛻
(𝜍)

𝜗
ϖ 𝛻

(ℵ)

𝜗

{

∲ 𝜚
2

safety
+ ⌈ 7𝛻(𝜍)

𝜗
ϖ 7𝛻

(ℵ)

𝜗
⌈2 ϖ 𝑄

col

𝜍,ℵ,𝜗
.

A soft trust region is imposed as

⌈<(𝜍)
𝜗+1

ϖ 7<
(𝜍)

𝜗+1
⌈2 + ⌈𝜑(𝜍)

𝜗
ϖ 7𝜑

(𝜍)

𝜗
⌈2 ∱ 𝑁

𝜍,𝜗
,

𝑄
𝜕

𝜍,𝜗
∲ 0, 𝑄

col

𝜍,ℵ,𝜗
∲ 0, 𝑁

𝜍,𝜗
∲ 0.

The slack variables 𝑄𝜕
𝜍,𝜗

and 𝑄col
𝜍,ℵ,𝜗

are introduced to prevent the
convexified subproblem from becoming infeasible when the

Table 1
Simulation parameters (Scenario S-1).

Parameter Agent #1 Agent #2 Unit

Initial & Terminal Conditions
𝛻0 (0, 0) (100, 0) m
𝛻des (100, 0) (0, 0) m
𝜕0 (12, 0) (-12, 0) m/s
𝜕des (12, 0) (-12, 0) m/s

Constraints & Solver Settings
𝜚safety 25 m
(𝜕lb, 𝜕ub) (10, 15) m/s
𝜀 40 -
ε𝜗 0.25 s

Table 2
Benchmark method settings for Scenario S-1.

Method Settings

ORCA 𝜕cr = 12m/s, ≨agent = 𝜚safety(2,
𝜚neighbor = 150m, 𝑈neighbor = 2, 𝜔

𝜕
= 4.

CCP-MOSEK 𝐼
𝑄
= 10, 𝐼

𝑁
= 1.0.

CCP-ADMM 𝐽 = 8.

current linearization is too restrictive. They are penalized by
𝐼

𝑄
, so violations are discouraged while numerical feasibility

is preserved during the CCP iterations. The trust region vari-
able 𝑁

𝜍,𝜗
limits large deviations from the reference trajectory

so that the first order approximation remains reliable, and
its relaxation is penalized by 𝐼

𝑁
. The CCP-MOSEK loop

is terminated when the relative objective change and the
maximum slack values fall below prescribed tolerances for
consecutive iterations.

For the proposed CCP-ADMM method, the ADMM
penalty parameter 𝐽 is fixed within each reported scenario.
For the head-on and intersection scenarios, 𝐽 is selected
through preliminary calibration to obtain stable primal and
dual residual reduction within the prescribed iteration sched-
ule while satisfying the original velocity and collision avoid-
ance constraints. For the 𝜔-scaling Monte Carlo analysis, 𝐽 is
calibrated separately for each number of agents. Specifically,
several calibration seeds are first tested by sweeping candidate
𝐽 values, the value with the highest constraint satisfaction
rate is selected for each calibration seed, and the average of
the selected values is then used as a fixed 𝐽 for new Monte
Carlo test seeds.

3.1.2. Scenario S-1: Head on Encounter

The first scenario simulates a head-on encounter between
two vehicles. This configuration represents a worst-case
geometry where the relative velocity is maximized, and the
optimal avoidance direction is singular. Detailed parameters
are listed in Table 1 and Table 2. The algorithm was
configured with 10 CCP iterations, and the ADMM iterations
were linearly reduced from 300 to 100.
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Figure 4: Trajectories, velocity profiles, and relative distances for the benchmarks and the proposed method (Scenario S-1).

Figure 4 compares ORCA, CCP-MOSEK, and CCP-
ADMM in terms of trajectory, speed, and relative distance.
All three methods maintain the required safety distance
throughout the maneuver.

ORCA computes a collision avoiding velocity command
at each update instant from the current reciprocal velocity
constraints and the preferred velocity, whereas CCP-MOSEK
and CCP-ADMM optimize the state and input trajectories
over the prescribed planning horizon. Although ORCA
maintains the required safety distance in this scenario, it
reaches the goal earlier than the fixed 10 s horizon because the
terminal state is not explicitly imposed as a horizon constraint.
Therefore, the ORCA result depends on the prescribed cruise
speed and timing settings, while the CCP-based methods
satisfy the terminal position and velocity constraints within
the specified horizon.

In contrast, CCP-MOSEK and CCP-ADMM generate
smooth and nearly symmetric avoidance trajectories by
optimizing the state and input trajectories over the horizon.
The control vectors are distributed over a broader portion of
the maneuver, and the velocity profiles gradually decrease
toward the lower speed bound before returning to the desired
terminal speed. This behavior indicates that the trajectory
optimization methods coordinate lateral deviation, speed
variation, and terminal constraints over the horizon while
maintaining the required separation.

Table 3
Simulation parameters (Scenario S-2).

Parameter Agent #1 Agent #2 Agent #3 Unit

Initial & Terminal Conditions
𝛻0 (0, 150) (0, 0) (175, 75) m
𝛻des (150, 0) (150, 150) (-25, 75) m
𝜕0 (10, 0) (10, 0) (-10, 0) m/s
𝜕des (10, 0) (10, 0) (-10, 0) m/s

Constraints & Solver Settings
𝜚safety 25 m
(𝜕lb, 𝜕ub) (5, 25) m/s
𝜀 40 -
ε𝜗 0.25 s

3.1.3. Scenario S-2: Intersection

The second scenario considers an intersection encounter
in which three agents cross a shared airspace. This scenario
evaluates the behavior of the methods when multiple pairwise
collision avoidance constraints become relevant within the
same time interval. Detailed parameters are listed in Table 3
and Table 4. As in Scenario S-1, CCP-ADMM was configured
with 10 CCP iterations, and the ADMM iterations were
linearly reduced from 300 to 100.
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Figure 5: Trajectories, velocity profiles, and relative distances for the benchmarks and the proposed method (Scenario S-2).

Table 4
Benchmark method settings for Scenario S-2.

Method Settings

ORCA 𝜕cr = 25m/s, ≨agent = 𝜚safety(2,
𝜚neighbor = 300m, 𝑈neighbor = 3, 𝜔

𝜕
= 4.

CCP-MOSEK 𝐼
𝑄
= 10, 𝐼

𝑁
= 1.0.

CCP-ADMM 𝐽 = 7.

Figure 5 compares ORCA, CCP-MOSEK, and CCP-
ADMM in terms of trajectory, speed, and pairwise relative
distance. All three methods maintain the required safety
distance for all agent pairs. The least-norm solution passes
through the shared crossing region without considering inter-
agent separation, which confirms that the nominal paths must
be modified for safe intersection crossing.

In the ORCA result, the agents avoid collision through
successive velocity commands, and the velocity profiles
quickly approach the prescribed command range. The result-
ing trajectories satisfy the safety constraint, but the maneuver
is shaped mainly by the velocity commands generated at
each update instant. In contrast, CCP-MOSEK and CCP-
ADMM optimize the state and input trajectories over the
planning horizon, producing smoother and more coordinated
deviations around the shared crossing region.

Figure 6: Residual and cost history of CCP-ADMM.

3.1.4. Convergence Behavior of CCP-ADMM

The convergence behavior of CCP-ADMM is evaluated
using the primal and dual residuals and the CCP cost history
in the two deterministic benchmark scenarios. Figures 6 show
the residual and cost histories for Scenario S-1 and S-2. In
the residual plots, the gray vertical dashed lines indicate the
boundaries between consecutive outer CCP iterations.

Within each CCP iteration, the decrease of the primal
residual indicates that the dynamics equality constraint and
the consistency relation .

⊳
,< = ⊳ are being better satisfied

for the current CCP-linearized subproblem. The decrease
of the dual residual indicates that the projected auxiliary
variables change less between successive ADMM iterations,
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Figure 7: Tolerance-based outcome heatmap (Monte Carlo simulation).

meaning that the projection step and the multiplier update
are approaching a steady state. At the beginning of a new
CCP iteration, the reference trajectory and the corresponding
a"ne collision avoidance constraints are updated, which can
cause transient residual increases or oscillations. As the outer
CCP iterations proceed, the residuals decrease within the
prescribed ADMM iteration schedule.

The CCP cost histories show that the objective value
decreases during the early outer iterations and then stabilizes.
This behavior indicates that the successive CCP updates no
longer produce large changes in the control e!ort objective,
and that the trajectory has reached a consistent solution for
the deterministic benchmark case.

These convergence trends support the solution profiles
observed in Sections 3.1.2 and 3.1.3. In both the head-on
and intersection scenarios, CCP-ADMM produces trajectory,
speed, and relative distance profiles that are almost identical
to those obtained by CCP-MOSEK. Here, CCP-MOSEK
solves a convex trajectory-planning subproblem obtained
from CCP-based convexification at each CCP iteration using
MOSEK, whereas CCP-ADMM solves a projection-friendly
CCP-ADMM formulation through projection-based ADMM
updates. The close agreement between the two methods
indicates that the proposed CCP-ADMM implementation
obtains solutions of nearly the same practical quality as the
MOSEK-based convexification baseline in these determinis-
tic scenarios. The runtime and scalability advantages are
evaluated separately through the 𝜔-scaling Monte Carlo
analysis in Section 3.1.5.

3.1.5. 𝜔-Scaling Monte Carlo Simulation

Monte Carlo setup To evaluate scalability under random-
ized multi-agent configurations, a 𝜔-scaling Monte Carlo
analysis was conducted with 𝜔 ϑ {5, 10, 15}. For each trial,
start nodes were sampled without duplication among agents,
and goal nodes were also sampled without duplication among
agents. A node used as the start node of one agent could be
selected as the goal node of another agent, but each agent was
assigned a goal node di!erent from its own start node. Once
the start and goal nodes were assigned, the initial velocity of

Table 5
Monte Carlo parameters and benchmark settings.

Case 𝝎 𝜛
𝑉

∱ 𝜺 𝜗
𝑊
(= 𝜀ε𝜗) (s)

5 4 0.245 22 10.0
Medium 10 6 0.218 45 12.5

15 7 0.240 50 15.0

5 3 0.436 22 10.0
High 10 4 0.491 45 12.5

15 5 0.471 50 15.0

Method Parameters

ORCA 𝜕cr = 25m/s, ≨agent = 𝜚safety(2, 𝜚neighbor = 300m,
𝑈neighbor = 𝜔, 𝜔

𝜕
= 5

CCP-MOSEK 𝐼
𝑄
= 10, 𝐼

𝑁
= 1.0

each agent was set to have a speed of 10 m(s in the direction
from its start node to its goal node.

The congestion level of each randomized scenario was
quantified using a spatial saturation ratio. The workspace was
constructed as an 𝜛

𝑉
ς𝜛

𝑉
square grid, where each grid cell has

side length 𝜚safety. Thus, the workspace area is (𝜛
𝑉
𝜚safety)

2.
Using an e!ective safety disk of radius 𝜚safety(2 for each
agent, the saturation ratio is defined as ⨏ = 𝜔𝑋(4𝜛

2

𝑉
. Based

on the number of agents and grid cells, the randomized
scenarios were divided into medium- and high-saturation
cases. For each case, 100 Monte Carlo trials were conducted.
The grid size, saturation ratio, and scenario parameters for
each case are summarized in Table 5.

Across all Monte Carlo trials, CCP-ADMM was executed
with a fixed solver configuration: 6 outer CCP iterations and
300 inner ADMM iterations for each CCP subproblem. The
same iteration setting was used for all values of 𝜔 and all
random seeds, so that the runtime statistics reflect the scaling
e!ect of the number of agents rather than changes in the
iteration policy. As described in Section 3.1.1, the ADMM
penalty parameter 𝐽 was calibrated separately for each value
of 𝜔 .
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Figure 8: Runtime statistics vs. Number of agents.

Figure 9: CDF/CCDF of constraint metrics.

Evaluation metrics The Monte Carlo results are evaluated
using five tolerance-based outcome metrics: valid rate, col-
lision avoidance satisfaction rate, speed bound satisfaction
rate, goal reached rate and overall success rate. For CCP-
MOSEK and CCP-ADMM, infeasible outcomes or trials
exceeding the 300 s computation limit were counted as
invalid, whereas ORCA was always treated as valid because
it returns a velocity command at each update step.

A trial was classified as collision safe if 𝜚min ∲ 𝜚safetyϖ𝑂𝜚 ,
speed feasible if the speed bound violation was within 𝑂

𝜕
, and

goal reaching if all agents reached their assigned goals within
𝑂
𝑉

at the final time. In this study, 𝑂
𝜚
= 1 m, 𝑂

𝜕
= 1 m(s, and

𝑂
𝑉
= 1 m were used. The overall success rate was computed

as the fraction of trials satisfying the rest four criteria.

Results Analysis Figure 7. summarizes the Monte Carlo
outcome statistics. ORCA and CCP-ADMM return valid
outputs in all tested cases, whereas the validity of CCP-
MOSEK decreases as 𝜔 increases in some medium and high
saturation cases. This is because CCP-MOSEK can produce
infeasible outcomes or exceed the 300 s timeout when
the randomized scenario becomes more di"cult. Although
ORCA always returns a velocity command, its overall success
rate decreases significantly as the number of agents and the
saturation level increase. This behavior is expected because
ORCA is a reactive velocity method and does not explicitly
optimize a full horizon trajectory satisfying terminal, speed,
and pairwise collision avoidance constraints. In contrast,
CCP-ADMM maintains high overall success rates in most
tested cases. The few failed cases are mainly associated with
randomized configurations where reaching the assigned goals
within the fixed final time while satisfying the speed and
collision avoidance constraints becomes physically restrictive.

Figure 8 shows the runtime statistics with respect to the
tested values of 𝜔 . ORCA gives the shortest runtime because

Figure 10: Runtime vs. Normalized cost.

it generates reactive velocity commands without solving a
finite-horizon trajectory optimization problem. CCP-MOSEK
requires the largest and most variable runtime, with both the
min–max range and p95 runtime increasing as 𝜔 grows. In
contrast, CCP-ADMM exhibits a more regular timing trend,
with the mean and p95 runtimes remaining close to each other
over the tested cases. This result indicates that the proposed
implementation provides a more predictable runtime profile
than CCP-MOSEK in the Monte Carlo tests.

Figure 9 presents the cumulative distribution function
(CDF) and complementary cumulative distribution function
(CCDF) of the constraint metrics over the Monte Carlo trials.
The minimum relative distance and minimum speed are
shown using CDFs, whereas the maximum speed is shown
using a CCDF to highlight upper speed bound violations.
Samples on the admissible side of each constraint bound
indicate satisfaction, while samples beyond the bound indi-
cate violation. For valid trajectories, CCP-MOSEK shows the
tightest concentration near the admissible region, followed by
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Figure 11: Schematic of the Processor-in-the-Loop Simulation
(PILS) setup.

CCP-ADMM and ORCA. However, infeasible and timeout
cases of CCP-MOSEK are excluded from these curves, so the
CDF/CCDF results should be interpreted together with the
solver outcome statistics in Figure 7. Considering validity,
collision safety, speed feasibility, and goal reaching together,
CCP-ADMM provides the most favorable overall success rate
in the tested randomized scenarios.

Figure 10 compares runtime and normalized cost. The
control-e!ort cost is normalized by 𝜔𝜀 to allow comparison
across di!erent numbers of agents and horizon lengths.
ORCA lies in the low-runtime and high-cost region, reflecting
its computational e"ciency but lack of finite-horizon control-
e!ort minimization. CCP-MOSEK achieves low normalized
cost when it returns a valid solution, but its runtime is much
larger and more variable. CCP-ADMM lies between these two
methods, achieving substantially lower runtime than CCP-
MOSEK while keeping the normalized cost closer to the
solver-based optimization baseline than to ORCA. These
results show that CCP-ADMM provides a practical balance
among computation time, trajectory cost, and constraint
satisfaction in randomized multi-agent scenarios.

3.2. Real-Time Feasibility Verification via

Processor-in-the-Loop Simulation

While numerical simulations evaluate the solution be-
havior and constraint satisfaction of the proposed method
under controlled conditions, they do not capture the execution
characteristics that arise when the planner is deployed on
onboard hardware and connected to a flight control stack.
Therefore, we conducted Processor-in-the-Loop Simulations
(PILS) to validate the real-time feasibility and replanning
performance of the algorithm on an embedded platform.
Here, real-time feasibility refers to the ability of the planner
to operate within the embedded PILS execution loop and
provide trackable reference trajectories to the flight controller.

Hardware & Software Setup: The setup, illustrated in Fig-
ure 11, employs NVIDIA Jetson Orin Nano Developer Kits
as the high-level mission computers. The flight dynamics and
low-level control are simulated using PX4-based firmware
within the Gazebo physics engine. To mimic a distributed
system, each agent is assigned a dedicated Jetson board. The
CCP-ADMM algorithm runs on each Jetson board, computes

Figure 12: Flowchart of the CCP-ADMM trajectory replanning
strategy.

Table 6
PILS parameters (PILS, Scenario P-1).

Parameter Agent #1 Agent #2 Unit

Initial & Terminal Conditions
𝛻0 (0, 7.5) (0, -7.5) m
𝛻des (0, -7.5) (0, 7.5) m
𝜕0 (0, 0) (0, 0) m/s
𝜕des (0, 0) (0, 0) m/s

Constraints & Solver Settings
𝜚safety 4.5 m
(𝜕lb, 𝜕ub) (0.3, 2.4) m/s
𝜀0 32 -
ε𝜗 0.25 s
𝐼replan 3 s
(𝐽init, 𝐽replan) (30, 50) -

*The lower speed bound was enforced only during the cruise portion.

the reference velocity command for its assigned agent, and
transmits it to the PX4 controller via a MAVLink bridge.
Inter-agent state information is exchanged through ROS 2
(DDS). At 100 Hz, each Jetson receives messages containing
the agent ID, three-dimensional position, and velocity of the
other agents, which are used together with its own state for
collision avoidance planning.

Receding Horizon Replanning Strategy: Tracking errors,
state estimation errors, and model mismatch can cause the
executed trajectory to deviate from the planned trajectory. To
account for these deviations, we use the trajectory replanning
framework shown in Figure 12. The single-trajectory case is
treated as open-loop at the trajectory-planning layer because
the trajectory generated at the initial planning step is tracked
throughout the maneuver without re-optimizing it using
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Figure 13: Computation time analysis with respect to remaining
nodes on Jetson Orin Nano (PILS, Scenario P-1).

subsequent state feedback. In contrast, the replanning case is
treated as closed-loop at the trajectory-planning layer because
the remaining horizon is repeatedly re-optimized using state
feedback during execution.

To compensate for planner latency, the replanning trigger
is advanced by the mission-specific average computation
time measured on the Jetson board. At each trigger time, the
measured state is propagated forward over this computation
time, and the predicted state at the intended update instant
is used as the initial condition for the remaining-horizon
optimization. This allows the updated velocity command to
be applied close to the intended replanning instant.

The process is defined as follows:
1. Initialization: The initial full trajectory (𝜀0 nodes) is

generated.
2. Horizon Shift: Replanning occurs at a fixed period

𝐼replan. The corresponding number of nodes is 𝜀replan =
𝐼replan(ε𝜗. At each replanning step, the elapsed 𝜀replan
nodes are discarded.

3. Optimization: The state predicted at the scheduled
update time is used as the new initial condition, and
the trajectory is re-optimized from that point. The
remaining segment of the previous solution is shifted
to the new time origin and used as a warm start.

4. Update: The updated velocity command is transmitted
to the PX4 controller. The remaining horizon is reduced
as 𝜀

𝜛+1 = 𝜀
𝜛
ϖ 𝜀replan, and the process continues until

𝜀
𝜛+1 ∱ 𝜀replan.

3.2.1. Scenario P-1: Head-on Encounter

The PILS parameters are listed in Table 6. For the initial
trajectory generation, the numbers of CCP and ADMM
iterations were set to 5 and 300, respectively. During the
replanning phase, since the previous trajectory (shifted in
time) provides an excellent warm-start guess, the number of
iterations was reduced to 3 CCP iterations and 100 ADMM
iterations.

To verify the computational timing, we analyzed the exe-
cution time relative to the receding horizon length. Figure 13
presents the computation time measured over 100 trials on
the Jetson Orin Nano. To ensure safety and continuity, the
replanning trigger was scheduled by subtracting the average
computation time from the target replanning timestamp.

Figures 14 and 15 compare the single-trajectory open-
loop planning mode and the closed-loop replanning mode.

Figure 14: Trajectory (PILS, Scenario P-1).

Figure 15: Replanned trajectory (PILS, Scenario P-1).

The dashed curves represent the optimal reference trajectories
generated by the solver, while the solid curves represent the
flight trajectories executed in the PILS environment.

Figure 16, which shows the relative distances between
vehicles over time, confirms that the safety distance con-
straints are satisfied in both approaches. Furthermore, the
velocity profiles presented in Figure 17 remain within the
predefined limits. These results demonstrate that both the
single-trajectory-based approach and the replanning-based
approach yield valid solutions that satisfy the collision-
avoidance constraints. These results show that both trajectory
planning modes operate properly in the PILS environment
while maintaining the prescribed safety distance and speed
bounds.

3.2.2. Scenario P-2 : Multi-Agent Intersection

The parameters used in the intersection scenario are listed
in Table 7. Similar to Scenario P-1, the numbers of CCP and
ADMM iterations were: 5 CCP / 300 ADMM iterations for

Jae-Jin Lee, Gyubin Park, Seungyeop Lee, and Jong-Han Kim: Preprint submitted to Elsevier Page 15 of 20



Real-Time Optimal Collision Avoidance for Multiple UAVs: An Embedded CCP-ADMM Approach

Figure 16: Relative distance (PILS, Scenario P-1).

Figure 17: Velocity profile (PILS, Scenario P-1).

Figure 18: Computation time analysis with respect to remaining
nodes on Jetson Orin Nano (PILS, Scenario P-2).

initial generation, and 3 CCP / 100 ADMM iterations for
replanning.

Similar to head-on scenario, the computation time relative
to the number of remaining nodes was measured over 100
iterations, as illustrated in Figure 18. The replanning process
was configured to execute at a point adjusted by subtracting
the average computation time from the replanning step.

Table 7
PILS parameters (PILS, Scenario P-2).

Parameter Agent #1 Agent #2 Agent #3 Unit

Initial & Terminal Conditions
𝛻0 (0, -7.5) (-6, 6) (6, 6) m
𝛻des (0, 7.5) (6, -6) (-6, -6) m
𝜕0 (0, 0) (0, 0) (0, 0) m/s
𝜕des (0, 0) (0, 0) (0, 0) m/s

Constraints & Solver Settings
𝜚safety 4.5 m
(𝜕lb, 𝜕ub) (0.3, 2.4) m/s
𝜀0 32 -
ε𝜗 0.25 s
𝐼replan 3 s
(𝐽init, 𝐽replan) (100, 50) -

*The lower speed bound was enforced only during the cruise portion.

Figure 19: Trajectory (PILS, Scenario P-2).

Figures 19 and 20 compare the single-trajectory open-
loop planning mode and the closed-loop replanning mode
in the three-agent intersection scenario. Compared with
Scenario P-1, this case requires simultaneous satisfaction
of multiple pairwise collision avoidance constraints near the
shared crossing region. Figure 21 shows that all pairwise
relative distances remain above the prescribed safety distance
in both planning modes. Figure 22 shows that the velocity
profiles follow the planned references and remain within the
prescribed operating range during the main maneuver. These
results show that both the single-trajectory-based approach
and the replanning-based approach yield valid solutions
that satisfy the collision-avoidance constraints in the PILS
environment.

3.3. Indoor Flight Experiments

To validate the proposed algorithm in a physical envi-
ronment, flight experiments were conducted using multiple
Crazyflie 2.1 quadrotors (Giernacki et al., 2017). The
purpose of these experiments is to evaluate the proposed
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Figure 20: Replanned trajectory (PILS, Scenario P-2).

Figure 21: Relative distance (PILS, Scenario P-2).

framework with trajectory replanning under practical indoor
flight conditions, including motion-capture feedback, RF
communication, and tracking errors associated with small
aerial platforms. The experimental setup uses a Qualisys
motion capture system for external state feedback. During
flight, the measured state feedback is used to update the
remaining trajectory, allowing the CCP-ADMM algorithm
to account for deviations between the planned and executed
trajectories. The flight altitude was fixed at approximately
0.5 m, and the validation focuses on horizontal collision
avoidance, safety-distance maintenance, and planned velocity-
command bound satisfaction on the physical testbed.

Hardware Architecture: Since the Crazyflie’s onboard
STM32 microcontroller is not suitable for solving the CCP-
ADMM optimization at the required update rate, we adopted
an agent-wise o!board computing architecture. As shown in
Figure 24, each quadrotor is paired with a dedicated NVIDIA
Jetson Orin Nano board. The Jetson board receives real-time

Figure 22: Velocity profile (PILS, Scenario P-2).

Figure 23: Schematic of the indoor flight test environment
integrating motion capture and distributed computing.

position and velocity data from the Qualisys system via a
ROS 2 network. At each replanning step, the Jetson board
executes the proposed CCP-ADMM algorithm and updates
the remaining reference trajectory. The resulting velocity
references are transmitted to the Crazyflie at 100 Hz via RF
communication.

Control Strategy: Compared with the PX4-based PILS
environment in Section 3.2, the physical Crazyflie platform
exhibits larger tracking errors due to its small size, lim-
ited low-level control authority, battery-dependent thrust
response, and RF communication interface. To compensate
for this hardware limitation and improve trajectory tracking,
an external position control loop was implemented on the
Jetson side using the Qualisys motion capture feedback. In
this control scheme, the position profile generated by the CCP-
ADMM algorithm serves as the reference setpoint, while the
velocity profile acts as a feedforward term to improve dynamic
response. Additionally, to ensure operational safety, a fail-
safe logic was implemented to trigger an automatic landing
once the vehicle enters a 30 cm radius of its destination. The
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Figure 24: Hardware configuration: Distributed architecture
with Jetson Orin Nano boards and Qualisys motion capture
interface.

Table 8
Flight test parameters (Flight test, Scenario F-1).

Parameter Agent #1 Agent #2 Unit

Initial & Terminal Conditions
𝛻0 (0, 2.5) (0, -2.5) m
𝛻des (0, -2.5) (0, 2.5) m
𝜕0 (0, 0) (0, 0) m/s
𝜕des (0, 0) (0, 0) m/s

Constraints & Solver Settings
𝜚safety 1.5 m
(𝜕lb, 𝜕ub) (0.1, 0.8) m/s
𝜀0 40 -
ε𝜗 0.25 s
𝐼replan 3 s
(𝐽init, 𝐽replan) (30, 50) -

*The lower speed bound was enforced only during the cruise portion.

overall experimental configuration is depicted in Figures 23–
24. Flight tests were conducted for head-on and intersection
scenarios using the same encounter topologies as in the
numerical and PILS validations, scaled to the indoor flight-
test environment.

3.3.1. Scenario F-1: Head-on Encounter

The flight test parameters for the head-on scenario are
listed in Table 8. Consistent with previous PILS tests, the
solver settings were: 5 CCP / 300 ADMM iterations for initial
generation, and 3 CCP / 100 ADMM iterations for replanning.

The replanning flight trajectory for the head-on encounter
is shown in Figure 25. The dashed lines represent the refer-
ence trajectories generated by the CCP-ADMM algorithm,
while the solid lines indicate the actual flight paths.

Figure 26 shows the corresponding state profiles. The
upper panel presents the inter-agent relative distance, con-
firming that the prescribed safety threshold was maintained
throughout the flight. The lower panel compares the planned
velocity commands with the measured velocity responses.
Compared to the PILS results, the measured velocity response
in the flight test exhibits more noticeable overshoot relative to

Figure 25: Replanned trajectory (Flight test, Scenario F-1).

Figure 26: Relative distance and velocity profile (Flight test,
Scenario F-1).

the planned command. This discrepancy is mainly attributed
to the tracking limitations of the Crazyflie platform and the
o!board command interface, including battery-dependent
thrust response and simplified thrust mapping in the low-level
controller. Nevertheless, the velocity commands generated
by CCP-ADMM remained within the prescribed bounds
(𝜕lb, 𝜕ub). The changes in the command profile at the replan-
ning instants reflect the updated remaining-horizon solutions.

Overall, the replanning-based flight experiment was
successfully executed while maintaining the prescribed safety
distance. The result shows that the proposed framework can
update the remaining reference trajectory during flight in
response to deviations from the previously planned trajectory.
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Table 9
Flight test parameters (Flight test, Scenario F-2).

Parameter Agent #1 Agent #2 Agent #3 Unit

Initial & Terminal Conditions
𝛻0 (0, -2.5) (-2, 2) (2, 2) m
𝛻des (0, 2.5) (2, -2) (-2, -2) m
𝜕0 (0, 0) (0, 0) (0, 0) m/s
𝜕des (0, 0) (0, 0) (0, 0) m/s

Constraints & Solver Settings
𝜚safety 1.5 m
(𝜕lb, 𝜕ub) (0.1, 0.8) m/s
𝜀0 40 -
𝐼replan 3 s
ε𝜗 0.25 s
(𝐽init, 𝐽replan) (100, 50) -

*The lower speed bound was enforced only during the cruise portion.

3.3.2. Scenario F-2: Multi-Agent Intersection

The intersection scenario parameters are detailed in
Table 9. Solver settings remained consistent with the previous
flight test.

The replanning flight trajectory for the three-quadrotor
intersection scenario is shown in Figure 27. The dashed
lines represent the reference trajectories generated by the
CCP-ADMM algorithm at the initial planning and replanning
instants, while the solid lines indicate the measured flight
paths. The changes in the reference segments at the replanning
instants show that the remaining trajectories are updated
during flight execution.

Figure 28 shows the corresponding state profiles. The
upper panel presents the measured pairwise relative distances,
confirming that all pairwise distances remained above the pre-
scribed safety threshold throughout the flight. The lower panel
compares the planned velocity commands with the measured
velocity responses. As in Scenario F-1, the measured velocity
responses exhibit overshoot due to the tracking limitations of
the Crazyflie platform and the o!board command interface.
Nevertheless, the velocity commands generated by CCP-
ADMM remained within the prescribed bounds (𝜕lb, 𝜕ub).
The command profile changes at the replanning instants
reflect the newly optimized remaining-horizon solutions.

In conclusion, the flight experiments demonstrate that the
replanning-based CCP-ADMM framework can be executed
on the Crazyflie–Jetson–Qualisys testbed while maintaining
the prescribed safety distance in the tested head-on and
intersection scenarios. Specifically, the results show that
the algorithm can generate trackable collision-avoidance
reference trajectories for small quadrotors under practical
tracking errors and communication e!ects. Furthermore, the
replanning results indicate that the proposed framework can
update the remaining trajectory during flight execution using
measured state feedback, supporting practical implementa-
tion in multi-agent indoor flight tests.

Figure 27: Replanned trajectory (Flight test, Scenario F-2).

Figure 28: Relative distance and velocity profile (Flight test,
Scenario F-2).

4. CONCLUSION

This paper presented a real-time finite-horizon trajectory
optimization framework for multi-UAV collision avoidance,
designed for embedded implementation. The proposed CCP-
ADMM method combines CCP-linearized pairwise separa-
tion constraints with reusable linear-system solves, radial
speed projections, and pairwise half-space corrections. This
structured update scheme reduces online computational over-
head while explicitly handling dynamics, terminal conditions,
speed bounds, and pairwise separation constraints.

The proposed CCP-ADMM method was evaluated
through numerical benchmarks, 𝜔-scaling Monte Carlo
simulations, PILS, and indoor flight experiments. In the head-
on and intersection benchmarks, CCP-ADMM produced
trajectory, velocity, and relative distance profiles close to
those of the CCP-MOSEK while satisfying the prescribed
safety and velocity constraints. The Monte Carlo results
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showed lower and more predictable runtime than CCP-
MOSEK and higher overall success rates than the compared
baselines in the tested randomized multi-agent cases.

PILS simulation confirmed that the planner can run
within the embedded software stack and demonstrated both
single-trajectory execution and receding-horizon replanning.
Indoor flight experiments further demonstrated replanning
on a physical testbed while maintaining the prescribed safety
distance in the tested scenarios. Although the measured
velocity responses showed tracking overshoot, the planned
commands remained within the imposed bounds. These
results demonstrate the practical applicability of the proposed
CCP-ADMM framework as a real-time embedded planner
for multi-UAV collision avoidance.
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