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Abstract— This paper proposes a GPU-accelerated optimiza-
tion framework for collision avoidance problems where the
controlled objects and the obstacles can be modeled as the
finite union of convex polyhedra. A novel collision avoidance
constraint is proposed based on scale-based collision detec-
tion and the strong duality of convex optimization. Under
this constraint, the high-dimensional non-convex optimization
problems of collision avoidance can be decomposed into sev-
eral low-dimensional quadratic programmings (QPs) following
the paradigm of alternating direction method of multipliers
(ADMM). Furthermore, these low-dimensional QPs can be
solved parallel with GPUs, significantly reducing computational
time. High-fidelity simulations are conducted to validate the
proposed method’s effectiveness and practicality.

I. INTRODUCTION

With the rapid advancement of autonomy, deploying au-
tonomous systems in complex environments with obstacles
has become increasingly prevalent. Examples include self-
driving cars navigating on urban roads [1, 2] and au-
tonomous quadrotors maneuvering through densely forested
areas [3, 4]. In such scenarios, achieving high-precision
collision avoidance is paramount to ensure safe navigation.

Various approaches have been developed to achieve
collision avoidance, including search-based methods [5],
sampling-based methods [6], and optimization-based meth-
ods [7–10]. Search-based methods discretize the configura-
tion space into grids with a defined resolution and systemati-
cally search these grids to find a feasible solution. Sampling-
based methods employ various sampling schemes to probe
the configuration space for a feasible solution. While search-
based and sampling-based methods have found extensive
applications in the real world, they encounter computational
challenges when precise consideration of both robot and
obstacle geometry is necessary. This is notably evident
in situations such as the intricate whole-body planning of
quadrotors to navigate through narrow gaps [8] or overtaking
in dense traffic flows [10].

Optimization-based methods, on the other hand, achieve
safe navigation by minimizing a prescribed performance
index and adhering to dynamics, kinematics, and collision
avoidance constraints. Recent research [7–10] has demon-
strated the advantages of optimization-based approaches, par-
ticularly in the context of high-precision collision avoidance.
Furthermore, optimization-based methods, such as model
predictive control (MPC) [7, 9] and trajectory optimization
[8, 10] are inherently capable of finding better trajectories
under certain performance index. Despite these promising
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features, there are three challenges hindering the develop-
ment of optimization-based methods in real-world applica-
tions. Firstly, the precise formulation of collision avoidance
constraint is hard to handle in general optimization frame-
works. Secondly, the dimension of the optimization problem
increases considerably with the number of obstacles. Thirdly,
the optimization problems are generally non-convex due to
the system dynamic constraints and collision avoidance con-
straints. These features make the optimization-based methods
hard to achieve real-time navigation on embedded devices.

To address these challenges, this paper proposes a novel
optimization-based framework for the collision avoidance.
The geometry of controlled objectives and obstacles are
modeled as finite unions of polyhedra, which can satisfy
the precision requirements in most scenarios. Furthermore,
the proposed framework can fully exploit the optimization
problem’s inherent structure, leveraging GPUs’ power to
expedite the solving process. The main contributions are
summarized as follows.

• A novel scale-based collision avoidance constraint for
polyhedra is proposed. Compared with the widely used
signed distance-based constraint [7], the proposed con-
straint is linear with respect to dual variables.

• Leveraging the linear characteristic of the scale-based
collision avoidance constraint, we break down the high-
dimensional non-convex optimization problem of col-
lision avoidance into multiple low-dimensional QPs
following the paradigm of ADMM. These QPs can be
solved parallel with GPUs, resulting in a significant
reduction in computation time.

• High-fidelity simulations are conducted to evaluate the
effectiveness and practicality of our framework on em-
bedded platforms.

II. RELATED WORKS

In this section, a brief literature review of the optimization-
based methods for collision avoidance is presented.

A. Collision Avoidance Constraints

The appropriate formulation of collision avoidance con-
straints is crucial for the computational overhead of
optimization-based collision avoidance. In [11], collision
avoidance constraints are established through the identifica-
tion of a separating plane that distinguishes the quadrotor’s
position from obstacles on opposing sides. This approach
leads to an optimization problem that involves integer vari-
ables, which takes several seconds to solve. In [12] the free
space is decomposed into a series of convex overlapping
polyhedra, namely safe flight corridors (SFCs), and then
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these polyhedra constraints are impose to optimization prob-
lem for generating collision-free trajectories. Nevertheless,
SFCs can lead to conservative solutions due to the over-
simplification of free space. For the applications requiring
precise consideration of both robot and obstacle geometry,
signed distance constraint [7, 8, 13] are commonly used.
However, the signed distance constraint is implicit and non-
differentiable, which makes it hard to handle in general
optimization frameworks. Recently, a scale-based collision
avoidance constraint has been proposed for convex set in
[14]. Although this constraint is piecewise differentiable, it
still retains an implicit and non-smooth nature. Moreover,
calculating the gradient involves conic programming, which
is computationally expensive on embedded platforms. To this
end, an explicit, smooth and easily manageable constraint for
collision avoidance is proposed in this paper.

B. Collision Avoidance with Optimization
Various approaches have been proposed to achieve colli-

sion avoidance with optimization. In works such as [8, 10,
15–17], the problem of collision-free trajectories generation
is formulated as an unconstrained optimization problem.
Within these frameworks, collision avoidance constraints
are translated into penalty functions. However, these frame-
works are bothered by unavoidable constraint violations,
particularly in narrow, dense environments. Constrained op-
timization is introduced in [7, 9, 11, 13]. Unfortunately, it
takes seconds to minutes to solve mixed-integer quadratic
programming [11] or constrained nonlinear programming
[7, 13], which makes them unsuitable for real-time navi-
gation. As an attempt to enhance real-time performance, the
high-dimensional non-convex optimization problem from [7]
is converted to multiple low-dimensional second-order conic
programmings (SOCPs) in [9], whose number is proportional
to the number of obstacles and prediction horizon. Neverthe-
less, unlike QPs, there is no simplex or simplex-like solving
method for SOCPs, making the method difficult to apply in
practice. Worse, solving so many SOCPs with CPU remains
computationally expensive on embedded platforms. In this
paper, we tackle this challenges by separating the origin
optimization problem into multiple low-dimensional QPs and
leverage the power of GPU to expedite the solving process.

III. SCALE BASED COLLISION AVOIDANCE
CONSTRAINTS OF POLYHEDRA

In this section, the scale-based collision detection is intro-
duced. Moreover, a novel scaled-based collision avoidance
constraint is proposed using the strong duality of linear
programming (LP).
A. Scale-based Collision Detection of Polyhedra

The geometry of obstacles and robots are both described
by polyhedra. Specially, A ∈ Rnr×3 and b ∈ Rnr are used
to describe the robots:

Ax ⪯ b. (1)

C ∈ Rno×3 and d ∈ Rno are used to describe the obstacles:

Cx ⪯ d. (2)

Fig. 1: An illustration of scale-based collision detection.
To detect whether there is collision between robot and

obstacles, we need to check whether the polyhedra of robots
and obstacles have overlap. One of the method to detect the
overlap between polyhedra is proposed in [14]. This method
enlarges/shrinks the polyhedra of both robot and obstacle
to find a smallest scale α∗ ∈ R+ that cause a collision.
If α∗ < 1, there is a collision between polyhedra. On the
contrary, if α∗ ≥ 1, there is no collision. In this paper, we
only scale the polyhedra of robot, a geometry illustration is
shown in Fig. 1. The collision detection problem between
robot and obstacles is formulated as the following LP:

min
α, x

α

s.t. Ax ⪯ b α, Cx ⪯ d.
(3)

To enforce collision-free, we must impose the constraint
α∗ ≥ 1 into the optimization problem. This constraint is
implicit and non-smooth, which is hard to handle in general
optimization frameworks. Consequently, it is essential to
reformulate this constraint into an explicit and smooth form.
B. Reformulation of Collision Constraints

We convert the collision avoidance constraint to an explicit
one by using the strong duality of LP. The dual Lagrangian
function of the LP (3) is:

g(λ,µ) = inf
α,x

L(α,x,λ,µ)

= inf
α,x

{
α+ λT (Ax− bα) + µT (Cx− d)

}
= inf

α

{
(1− λT b)α

}
+inf

x

{
(λTA+µTC)x

}
−µTd,

(4)

where λ and µ are the Lagrangian multiplier with proper
dimension. Accordingly, the dual problem of LP (3) is:

max
λ, µ

− dTµ

s.t. − bTλ+ 1 = 0, λ ⪰ 0,

ATλ+ CTµ = 0, µ ⪰ 0.

(5)

Due to the strong duality of LP, the objective function of (5)
and (3) have the following relationship:

−dTµ ≤ −dTµ∗ = α∗. (6)

Consequently, the collision-free constraint can be explicitly
formulated as:

−dTµ ≥ 1, λ ⪰ 0, µ ⪰ 0,

−bTλ+ 1 = 0, ATλ+ CTµ = 0.
(7)

It is worth pointing out that (7) are linear constraints with re-
spect to (λ, µ). This feature makes it possible to decompose
the optimization problem of collision avoidance into QPs.
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IV. COLLISION AVOIDANCE BASED ON MODEL
PREDICTIVE CONTROL

In this section, we employ the constraint (7) within the
framework of MPC to formulate an optimization problem.
Subsequently, in Section IV-B, the ADMM paradigm is
adopted to decompose the high-dimensional non-convex
optimization problem into multiple low-dimensional QPs.
Further insights into the process of solving these QPs in
parallel using GPUs are presented in Section IV-C. Finally,
time complexity of the proposed method is discussed.

A. Optimization Problem Formulation

The robot state can be evaluated by the system equation:

st+1 = st + f(st,ut), (8)

where st ∈ Rns is the state of robot at t-th step, ut ∈ Rnu

is the control input at t-th step. Note that f(st,ut) is not a
linear function in general.

Fig. 2: The geometry of quadrotor and obstacles.
In this paper, the geometry of robot R is modeled by

the union of a series of compact convex set. Each compact
convex set is modeled by a polyhedron that relates to the
state of robot. More precisely:

R = R1 ∪R2 ∪ · · · ∪RN ,

Ri =
{
y ∈ R3| y = R(st)x+ ρ(st), Aix ⪯ bi

}
,

where R(st) ∈ SO(3) and ρ(st) ∈ R3 are the rotation
matrix and translation vector, respectively. And Ai ∈ Rnr,i×3

and bi ∈ Rnr,i are parameters need to be determined
according to the shape and related location of the i-th part
of robots. An example of quadrotor is shown in Fig. 2.

The geometry of obstacles is modeled by the union of
a series of compact convex set, which is modeled by a
polyhedron. That is:

O = O1 ∪O2 ∪ · · · ∪OM , (10a)

Oj =
{
y| Cjy ⪯ dj

}
, (10b)

where Cj ∈ Rno,j×3 and dj ∈ Rno,j are parameters need
to be determined according to the shape and location of
the j-th obstacles. According to (7), the collision avoidance
constraints between the i-th part of robot and the j-th
obstacle at t-th step are obtained as:

λijt ⪰ 0, µijt ⪰ 0, γijt ≥ 0, (11a)

−bTi λijt + 1 = 0, (11b)
Tijt(st,µijt, γijt) = 0, (11c)
Rijt(st,λijt,µijt) = 0, (11d)

where γijt is the slack variable, and Tijt is the nonlinear
function relates to translation vector,

Tijt(st, µijt, γijt)

= 1 +
{
dj − Cjρ(st)

}T
µijt + γijt.

(12)

And Rijt is the nonlinear function relates to rotation matrix,

Rijt(st,λijt,µijt) = AT
i λijt +

{
CjR(st)

}T
µijt. (13)

The MPC generates the control input ut by forecasting
T -step future states and optimizing a cost function F under
system, boundary and collision avoidance constraints. The
explicit form of cost function F depends on the requirements
of task. For instance, in trajectory tracking tasks, the tracking
error and control efforts are take into account:

F({st,ut}) =
T∑

t=0

(
∥st − s̃t∥2Qs

+ ∥ut∥2Qu

)
, (14)

where s̃t is the reference state, Qs and Qu are positive-
definite matrixes with proper dimension. The optimization
problem of MPC is finally formulated as follows:

min
{st,ut},

{λijt,µijt,γijt}.

T∑
t=0

(
∥st − s̃t∥2Qs

+ ∥ut∥2Qu

)
(15a)

s.t. st+1 = st + f(st,ut), ∀t, (15b)
smin ⪯ st ⪯ smax, ∀t, (15c)
umin ⪯ ut ⪯ umax, ∀t, (15d)

λijt ⪰ 0, µijt ⪰ 0, γijt ≥ 0, ∀i, j, t, (15e)

− bTi λijt + 1 = 0, ∀i, j, t, (15f)
Tijt(st,µijt, γijt) = 0, ∀i, j, t, (15g)
Rijt(st,λijt,µijt) = 0, ∀i, j, t, (15h)

where (15b) is the system dynamic constraints, (15c)-(15d)
are the constraints on states and control input, and (15e)-
(15h) are the collision avoidance constraints.

There are two challenges to solving the optimization
problem (15). Firstly, the dimension of the optimization
problem is related to the number of obstacles M . When
M increases, the dimension of the optimization problem
increases considerably, and hence real-time performance can
not be guaranteed. Secondly, the constraints (15b), (15g) and
(15h) are non-convex constraints in general, which makes the
optimization problem hard to solve.

In this paper, we circumvent the first challenge by decom-
posing the original high-dimensional problem into several
low-dimensional problems that can be solved in parallel. Not-
ing that for different (i, j, t), the variables (λijt, µijt, γijt)
are coupled indirectly with each other. This property implies
the potential to decompose optimization problem (15) into
several sub-problems only with (λijt, µijt, γijt) as vari-
ables. To this end, the ADMM [18] is used to decompose the
original problem (15), which is detailed in in Subsection IV-
B. We handle the second challenge by linearizing f(st,ut),
R(st) and ρ(st) with respect to (st, ut).
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B. Problem Separation via ADMM

The ADMM handles the coupled constraints with aug-
mented Lagrangian, and the augmented Lagrangian of (15)
is defined as:

Lσ({st, ut}, {λijt, µijt, γijt}, {ζijt, ξijt})
= F({st,ut}) + IC0({st,ut}) +

σ

2

N∑
i=1

M∑
j=1

T∑
t=0

∥∥Tijt(st, µijt, γijt) + ζijt
∥∥2
2
+

σ

2

N∑
i=1

M∑
j=1

T∑
t=0

∥∥Rijt(st, λijt, µijt) + ξijt
∥∥2
2
+

N∑
i=1

M∑
j=1

T∑
t=0

ICijt(λijt, µijt, γijt),

(16)

where σ > 0 is the penalty parameter. ζijt and ξijt
are the dual variables of ADMM. IC0({st,ut}) is the
indicator function of constraints (15b) - (15d). That is,
IC0({st,ut}) = 0 if constraints (15b) - (15d) are satisfied,
and IC0({st,ut}) = ∞ otherwise. ICijt(λijt, µijt, γijt)
is the indicator function of constraints (15e) - (15f).

The ADMM is an iterative algorithm to solve optimization
problems. In each iteration, the ADMM updates the opti-
mization variables via solving sub-problems. Specially, for
augmented Lagrangian (16), there are three steps. In (k+1)-
th iteration, the first step is the updates of dual variables:

{λk+1
ijt ,µk+1

ijt , γk+1
ijt } =

argmin
{λijt,µijt,γijt}

Lσ({skt ,uk
t }, {λijt,µijt, γijt}, {ζkijt, ξkijt}). (17)

The second step is the updates of states and control inputs:

{sk+1
t ,uk+1

t } =

argmin
{st,ut}

Lσ({st,ut}, {λk
ijt,µ

k
ijt, γ

k
ijt}, {ζkijt, ξkijt}). (18)

The third step is the updates of dual variables of ADMM:

ζk+1
ijt = ζkijt + Tijt(skt , µk

ijt, γk
ijt), ∀i, j, t,

ξk+1
ijt = ξkijt +Rijt(s

k
t , λ

k
ijt, µ

k
ijt), ∀i, j, t.

(19)

The stopping criteria terminating the iterative procedure is
given by the following conditions,∑

i

∑
j

∑
t

(
∥ζk+1

ijt −ζkijt∥22+∥ξk+1
ijt − ξkijt∥22

)
≤ϵpri, (20)

∑
i

∑
j

∑
t

(
∥λk+1

ijt −λk
ijt∥22+∥µk+1

ijt −µk
ijt∥22

)
≤ϵdual, (21)

where the ϵpri > 0 and ϵdual > 0 are the constants that
control the feasibility of constants (15g)-(15h) and optimality
of solution, respectively. To trade off between feasibility and
optimality, ϵpri and ϵdual need to be chosen empirically. The
overview of our optimization process is shown in Fig. 3.

Noting that the variables with superscript are regarded
as constant value in (17)-(19). Consequently, the optimiza-
tion problem (17) is a QP with linear constraints. Further-
more, optimization problem (17) is inherently decoupled

Fig. 3: The overview of our optimization process.

for variables with different (i, j, t). Consequently, optimiza-
tion problem (17) can be separated into a series of low-
dimensional QPs that can be solved in parallel with GPUs.
We will discuss about the parallel solving method in IV-C.

The second challenge mentioned before appears in the
optimization problem (18). That is, the optimization problem
(18) is a non-linear programming (NLP) due to the nonlin-
earity of f(st,ut), R(st) and ρ(st). In this paper, the NLP
is optimized with sequential quadratic programming (SQP).
More precisely, the NLP is approximated by a series of QPs.
To enhance real-time performance, we only solve the QP
once in each iteration of ADMM.

C. Solving Multiple QPs with GPU in Parallel

The sub-problems in (17) are equivalent to the following
QP,

min
yijt

1

2
∥KT

ijt yijt + bijt∥22 (22a)

s.t. κT
ijt yijt = ηijt, (22b)

yijt ⪰ 0, (22c)

where the parameters are detailed as,

yijt =
[
λT
ijt µT

ijt γijt
]T ∈ Rnr+no+1, (23a)

Kijt =

 0 Ai

dj − Cjρt CjRt

1 0

 ∈ R(nr+no+1)×4, (23b)

bijt =

(
1 + ζijt
ξijt

)
∈ R4, (23c)

κijt =

(
bi
0

)
∈ Rnr+no+1, ηijt = 1. (23d)

There are (N × M × T ) QPs in total, which is the
bottleneck of the ADMM updates. We avoid this bottleneck
by solving these QPs in parallel. More precisely, the parallel
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version of Lemke’s algorithm [19] are implemented on GPU
and used to solve these problem. To use Lemke’s algorithm,
the QPs (22) should be converted into linear complementarity
problems (LCPs). The conversion are separated in two steps.

For simplicity, the subscripts (i, j, t) are omitted in the
remainder of this subsection. The first step is to convert
the linear equality constraint (22b) into linear inequality
constraint. The variables and parameters are partitioned as:

y =

(
ye
yu

)
, K =

(
Ke

Ku

)
, κ =

(
κe

κu

)
, (24)

where κe is an invertible square matrix with proper dimen-
sion. According to (22b), we have:

ye = κ
−T
e (η − κT

uyu). (25)

Submitting the above equation into (22), we have the fol-
lowing new QP,

min
yu

1

2
∥K̃Tyu + b̃∥22 (26a)

s.t. κ̃T yu ⪯ η̃, (26b)
yu ⪰ 0, (26c)

where the new parameters are detailed as,

K̃ = Ku − κuκ
−1
e Ke, b̃ = b+ (κ−1

e Ke)
Tη, (27a)

κ̃ = κuκ
−1
e , η̃ = κ−T

e η. (27b)

The second step is to convert the new QP (26) into LCP.
The Karush-Kuhn-Tucker (KKT) conditions of (26) is,

K̃K̃Tyu + K̃b̃+ κ̃ϕ−ψ = 0, (28a)

κ̃Tyu − η̃ + ε = 0, (28b)

ϕTε = 0, ψTyu = 0, (28c)
ϕ ⪰ 0, ε ⪰ 0, yu ⪰ 0, ψ ⪰ 0, (28d)

where ϕ and ψ are the dual variables of inequality con-
straints (26b) and (26c), respectively. And ε is the slack
variable of (26b). The KKT conditions (28) is equivalent
to the following LCP:

w = Mz + q, wTz = 0,

w ⪰ 0, z ⪰ 0,
(29)

where the variables and parameters are detailed as,

z =

(
yu
ϕ

)
, w =

(
ψ
ε

)
,

M =

(
K̃K̃T κ̃
−κ̃T 0

)
, q =

(
K̃b̃
η̃

)
.

(30)

The conversion is completed.

D. Computational Complexity

There are two levels of acceleration to solve (17) with
GPU. The first level is the acceleration of solving a single
sub-problem. Denotes n as the dimension of z, the time
complexity of solving QP with single thread CPU program
is O(n3). On the contrary, the Lemke’s algorithm typically
requires O(n) iterations to terminate [20], and the time

complexity of each iteration is O(n) when implemented with
GPU [19]. As a result, the time complexity for solving one
sub-problem with GPU is of order O(n2).

The second level is the acceleration of solving multiple
sub-problems. There are (N×M×T ) sub-problems in total.
These sub-problems can be solved simultaneously using
multi-threads technique of both CPU and GPU. A CPU
generally has 4-16 threads, on the contrary, a GPU can
generally handle thousands of threads within one clock cycle.
Hence, GPUs outperform CPUs when the number of sub-
problems is large. For CPU, the time complexity for solving
all sub-problems of (17) is of order,

O

(
ceil(

NMT

KCPU
) · (nmax + 1)3

)
, (31)

where ceil(x) is the function that computes the smallest
integer that is greater than or equal to x. KCPU is the number
of threads of CPU, and nmax = max

i,j
(nr,i + no,j) is the

maximum dimension of sub-problems. For GPU, the time
complexity for solving all sub-problems of (17) is of order:

O

(
ceil(

NMT

ceil(KGPU/(nmax + 1))
) · (nmax + 1)2

)
, (32)

where KGPU is the number of threads of GPU. It is worth
mentioning that KGPU ≫ KCPU in general.

V. SIMULATION AND BENCHMARK COMPARISONS

In this section, high-fidelity simulations on quadrotor are
conducted to illustrate the effectiveness of our algorithm.
We focus on the collision-free trajectory tracking problem
of quadrotors. More precisely, the quadrotor should move
as close as possible to a reference trajectory while avoiding
collisions with obstacles.

The proposed method is also compared with the following
state-of-the-art optimization based method.

1) Optimization-based collision avoidance (OBCA) [7],
which use sign distance-based collision avoidance con-
straints and solve the MPC problem via non-convex
optimization method like quasi-newton method or se-
quential convex programming. The OBCA method is
generally regarded as an offline planner.

2) Regularized dual alternating direction method of mul-
tiplier (RDA) [9], which use sign distance-based colli-
sion avoidance constraints. RDA formulate the update
of dual variables as SOCPs. And these SOCPs are
solved using multi-threads technique of CPU.

All these method are evaluated on an embedded platform
called Nvidia Jetson Xavier NX.

A. High-Fidelity Simulation

A high-fidelity quadrotor simulator called AirSim [21] is
used to verify the effectiveness of the proposed method under
practical sensor and dynamic constraints. The simulator is
running on a laptop equipped with an Intel Core i9-12700
CPU and a GeForce RTX 3070 Ti GPU. The simulation
scenario is of size 70m×20m×6m and contains 32 obstacles
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Fig. 4: One case in the simulation. (A) The environment in
AirSim. (B) The geometry of obstacles, the geometry of the
quadrotor, the reference trajectory and the actual trajectory
during the navigation with OBCA. (C) The navigation with
RDA. (D) The navigation with the proposed method.

in total. In particular, the scenario contains an obstacle-sparse
area and an obstacle-dense area as shown in Fig. 4(A).

For all method, the discrete time ∆t = 0.1s, the prediction
horizon T = 16. The penalty parameter σ of RDA and pro-
posed method is set to 300. The initial position of quadrotor
is (0, 0, 1), the goal position is (0, 70, 1), the duration of ref-
erence trajectories is set to 25s. The reference trajectories are
generated by interpolating initial position, goal position and
5 random waypoints. During the navigation, the quadrotor
can only sense the obstacles within 20m× 20m× 6m.

One particular case of different methods is shown in
Fig. 4(B)-(C). The quadrotor successfully passes through the
obstacle-sparse area with all three methods. However, the
OBCA and RDA methods lead to a collision in the obstacle-
dense area. Table I reports the success rate, navigation
times, and navigation cost F (14) of 100 trials. The three
methods achieve similar performance in navigation time and
navigation cost, while the proposed method outperforms
OBCA and RDA in success rate.

TABLE I: BENCHMARK COMPARISON OF SIMULATIONS

Method success
rate

Navigation Time⋆ Navigation Cost⋆ F

min max mean min max mean

OBCA [7] 35% 26.6s 32.7s 28.3s 380.7 532.6 483.9
RDA [9] 58% 27.2s 32.1s 28.5s 348.1 576.1 492.6
Proposed 92% 26.8s 33.8s 28.7s 322.4 558.2 458.7

⋆ Only the data of success trials are taken into account.

To further explain the result in Table I, the computational
time of different methods is summarized in Fig. 5. The
OBCA method solve the optimization problem (15) directly,
whose dimension is proportional to the number of obstacles
M . Consequently, the computational time of OBCA method
increase dramatically with M . As shown in Fig. 5(a), the
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Fig. 5: Comparisons of computation time.

OBCA method can not generate safe trajectories within 0.1s
in the obstacle-dense area, which causes collisions. The RDA
method and the proposed method both solve the optimization
problem (15) with ADMM. The main difference between the
two methods is that the RDA method uses distance-based
collision detection, which leads to solving a series of SOCPs
to update dual variables. These SOCPs are solved in parallel
via the thread pool technique of CPUs. On the contrary, the
proposed method uses scale-based collision detection, which
leads to solving a series of QPs to update dual variables as
shown in Section IV-B. Moreover, these QPs are solved in
parallel via GPUs. We compare the computation times of
dual updates between the RDA method and the proposed
method on an embedded platform called Xavier NX, which
has 6 CPU cores and 384 GPU cores. The results are
shown in Fig. 5(b) and Fig. 5(c). It can be seen that the
proposed method outperforms the RDA method by orders
of magnitudes. As a result, the proposed method can still
generate safe trajectories timely in obstacle-dense area.

VI. CONCLUSION

This paper proposed a GPU-accelerated optimization
framework for the collision avoidance problem. With the
help of scale-based collision detection and ADMM, the opti-
mization problem is separated into multiple low-dimensional
QPs, which can be solved in parallel with GPUs. High-
fidelity simulations on quadrotors are conducted to show
the effectiveness of the proposed framework. The simulation
results have shown that the proposed framework significantly
reduces the computational time of optimization problems.
Moreover, the benchmark comparisons indicate that the
proposed framework performs better on embedded platforms
than OBCA and RDA.
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