
IEEE ROBOTICS AND AUTOMATION LETTERS, VOL. 11, NO. 3, MARCH 2026 2991

PolyFly: Polytopic Optimal Planning for
Collision-Free Cable-Suspended
Aerial Payload Transportation
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Abstract—Aerial transportation robots using suspended cables
have emerged as versatile platforms for disaster response and
rescue operations. To maximize the capabilities of these systems,
robots need to aggressively fly through tightly constrained environ-
ments, such as dense forests and structurally unsafe buildings, while
minimizing flight time and avoiding obstacles. Existing methods
geometrically over-approximate the vehicle and obstacles, leading
to conservative maneuvers and increased flight times. We eliminate
these restrictions by proposing PolyFly, an optimal global planner
which considers a non-conservative representation for aerial trans-
portation by modeling each physical component of the environ-
ment, and the robot (quadrotor, cable and payload), as independent
polytopes. We further increase the model accuracy by incorpo-
rating the attitude of the physical components by constructing
orientation-aware polytopes. The resulting optimal control prob-
lem is efficiently solved by converting the polytope constraints into
smooth differentiable constraints via duality theory. We compare
our method against the existing state-of-the-art approach in eight
maze-like environments and show that PolyFly produces faster
trajectories in each scenario. We also experimentally validate our
proposed approach on a real quadrotor with a suspended payload,
demonstrating the practical reliability and accuracy of our method.

Index Terms—Aerial systems: applications, aerial systems:
mechanics and control.

I. INTRODUCTION

M ICRO Aerial Vehicles (MAVs), particularly quadrotors
equipped with cable-suspended payload systems, have

gained significant attention due to their versatility and effec-
tiveness in diverse applications such as inspection [1], search
and rescue missions [2], and package transportation [3]. Their
ability to deliver essential materials in regions inaccessible by
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ground robots makes them invaluable during disaster relief
operations [4]. Furthermore, aerial transportation systems offer
considerable advantages in energy efficiency over ground vehi-
cles for last-mile logistics, significantly reducing environmental
footprints in urban delivery contexts [5].

In time critical scenarios, such as rescue missions, it is cru-
cial for aerial vehicles to optimize their flight path to reduce
the mission time, especially in challenging environments like
dense forests or earthquake-damaged and structurally unsafe
buildings. This requires the robot planners to avoid obstacles
while maneuvering through narrow gaps and around tight cor-
ners, which need non-conservative physical approximations of
the system components. Existing methods often simplify these
systems into spheres [6] or large prisms [7], [8] to address
computational demands, trading off solution quality for com-
putational speed. In contrast, our approach directly addresses
these limitations by representing each component - quadrotor,
payload, and cable - as distinct polytopes. We further enhance
our planner by incorporating the quadrotor’s orientation into
the polytopic representation. This orientation-aware modeling
enables more precise collision prediction during aggressive
maneuvers in confined spaces such as the environment shown
in Fig. 5. This representation provides planners with detailed
geometric information, enhancing their capabilities to navigate
maze-like and highly constrained environments.

Current aerial transportation planning methodologies can
broadly be categorized into sampling-based and optimization-
based approaches. Within optimization methods, trajectories are
either parameterized as polynomials [6], [9] or discretized and
solved via Model Predictive Control (MPC) frameworks [7],
[10], [11], [12]. Our work builds upon MPC-based global plan-
ning techniques and specifically addresses the limitations posed
by existing approaches that simplify system geometry. Methods
that employ Euclidean Signed Distance Fields (ESDFs) result
in discontinuous optimization constraints [13] while cylindrical
obstacle representations limit the complexity of environments
that can be modeled. We tackle these issues by formulating
obstacle avoidance explicitly through polytopic models and
represent each robot component and every obstacle as distinct
polytopes. As we show in this work, this representation allows
us to both incorporate smooth differentiable constraints into our
global planner, and generate aggressive trajectories in tightly
constrained environments.

To summarize, we present the following contributions:
� A novel non-conservative representation for aerial trans-

portation that models the quadrotor, cable, and payload
as separate components. To enhance physical accuracy,
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Fig. 1. A quadrotor with a suspended payload navigating through cluttered environments. The left and middle images show different perspectives of Env. 3,
where the system maneuvers around multiple obstacles. The right image depicts Env. 7, where the system successfully passes through a narrow gap - just wide
enough for the cable - demonstrating the planner’s ability to exploit the geometry of individual components.

we incorporate the attitude of both the robot and the
obstacles into the environment representation, constructing
orientation-aware polytopes that more accurately capture
the system’s spatial footprint.

� An optimal global planning method for a robot composed
of independent polytopes that produces collision-free tra-
jectories in maze-like environments by leveraging duality
theory to formulate non-linear polytopic collision con-
straints as smooth differentiable constraints.

� Experimental validation on hardware by performing real-
world experiments using a quadrotor carrying a slung
payload. We illustrate the advantages of our representation
and planning method by tracking trajectories in tightly
constrained environments. We also demonstrate that our
approach generates faster trajectories than the existing
state-of-the-art method in all ten test environments.

We release our implementation as an open-source, standalone
package with minimal dependencies.

II. RELATED WORKS

In this section, we survey the main design choices in (i) how
the environment and robots are spatially represented and (ii) how
the states and inputs are mathematically modeled.

Environment Representations: Obstacle-aware planners typi-
cally encode the workspace either implicitly, through Euclidean
Signed Distance Fields (ESDFs), or explicitly, by represent-
ing obstacles with geometric shapes. Recent aerial transporta-
tion planners [6], [9], voxelize the environment and store an
ESDF, turning collision checks into fast table look-ups, but
introduce non-smooth, discontinuous gradients when used in
optimization-based solvers. Other works express the environ-
ment via geometric objects. Refs. [10], [11], [12] employ
cylindrical and spherical objects, while [7], [8], [14] rely on
polytopes. While ellipsoids and cylinders limit the range of
scenes that can be modeled, polytopes significantly increase the
complexity of environments that can be captured. In fact, works
that use ESDFs also primarily consider environments composed
of multiple cuboids [9]. Furthermore, in the context of trajectory
planning, adopting polytopes to represent the environment yields
distance constraints with good optimization properties. Duality
theory can be used to convert non-linear polytope–to-polytope
distance inequalities into smooth, differentiable constraints.
Refs. [15], [16] used polytopic collision constraints for short-
horizon reactive MPC frameworks but are unable to optimize
over global paths due to the short MPC horizon. Refs. [7] used
this approach for global planning but did not consider complex
environments and cannot navigate environments through narrow
gaps, eg. Fig. 1, due to their conservative representation that
models the robot as a single cuboid.

Fig. 2. Different polytopes used in PolyFly: Quadrotor NQ, Payload NL,
Cable NC , and Obstacles Mi. The quadrotor polytope enables accurate dis-
tance computations hNQ,Mi

, whereas most methods use a sphere around the

quadrotor resulting in conservative distance computations h̃NQ,Mi
.

Fig. 3. A* trajectories for Env. 6 (left) and Env. 8 (right).

Spatial Robot Representation: There are two primary de-
sign decisions with respect to modeling the robot. First, how
should the physical geometry of the robot be modeled? Existing
methods typically use multiple spheres or ellipses to represent
the quadrotor and its payload [6], [9], [10], [11], [12] or a
single prism or polytope [7], [8]. These representations over-
approximate at least one component (quadrotor, payload, cable
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Fig. 4. Visualization of trajectories generated using PolyFly in 8 tightly cluttered environments. The quadrotor is in yellow, payload in green, cable in gray and
obstacles in light blue. Envs. 1-4 are shown in the top row and 5-8 in the bottom row.

Fig. 5. PolyFly’s trajectories for Env. 7 (top), 9 (bottom-left) and 10 (bottom-
right) showcasing narrow-gap navigation.

Fig. 6. Left: An orientation-agnostic planner produces a trajectory that collides
with the ceiling. Right: By accounting for the robot’s orientation, the optimized
path descends to prevent collisions while accelerating.

Fig. 7. Optimized trajectories by PolyFly for the ceiling-floor (left) and
ceiling-wall (right) environments. The dashed lines are the polytopic approxi-
mation by PolySingle and the semi-transparent ellipse is the ellipsoidal approx-
imation.

Fig. 8. System architecture for real-world deployment.

or environment obstacles), therefore limiting their applicability
in highly constrained or cluttered environments. Spheres over-
approximate the quadrotor, cable, and obstacles while ellipses
over-approximate the quadrotors and obstacles used in this work.
For example, ellipsoidal representations fail in the ceiling-wall
environments in Fig. 7, while single polytope representations [7]
fails in the ceiling-floor and narrow gap environments in Figs. 5
and 7. In contrast, our method addresses these limitations by

Fig. 9. Desired vs. Measured positions of the quadrotor and payload during
real-world experiments for Env. 1, 3, and 7.

leveraging orientation-aware polytopes for each robot compo-
nent - quadrotor, cable, and payload. Combined with polytopic
representation of the environments, we enable non-conservative
distance evaluation, as shown in Fig. 2, facilitating aerial trans-
portation in maze-like environments and narrow passages that
are slightly larger than the width of the cable.

State and Input Modeling: The second design decision is how
states and inputs are mathematically represented. A popular
strategy is to express the states and inputs as polynomials to
facilitate trajectory optimization [6], [9]. This is often paired
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TABLE I
NOTATION TABLE

with MINCO [17] to reformulate the problem into an uncon-
strained optimization to boost computational efficiency. While
this approach can be used to achieve real-time capabilities, our
experiments in Section V-Q1 indicate that it may compromise
both solution quality and convergence. In contrast, similar to [7],
[10], [11], [12], PolyFly operates directly in the native state
space. Unlike polynomial parameterizations, the native state
space approach places no restrictions on the shape of the state
or control trajectories, making them inherently more expressive.
The method presented in [6], [9], serves as our primary baseline,
employs an ESDF to represent the environment, approximates
the quadrotor and payload with spheres, and parameterizes the
states and inputs via polynomials. Ref. [9] reports an ablation
study comparing the computational times and success rates of
their method with IPOPT-MP, a state-based global planning
approach. However, they omit the comparison of the optimized
trajectory times of their method with IPOPT-MP, and do not
address navigation close to obstacles in maze-like environments.
We demonstrate that by using the native state-based modeling
and a non-conservative spatial workspace representation via
polytopes, PolyFly outperforms this method in all test environ-
ments.

III. SYSTEM DYNAMICS

In this section, we summarize the non-linear dynamics of a
quadrotor carrying a suspended payload. We follow the deriva-
tion presented in [3] and assume that the cable remains taut.
Applying the Lagrange–d’Alembert principle, we obtain

dxL

dt
= ẋL,

dxQ

dt
= ẋQ, ṘQ = RQΩ̂, (1)

(m+mL) (ẍL + g) =
(
ξ · fRQe3 −ml

(
ξ̇ · ξ̇

))
ξ, (2)

ml
(
ξ̈ +

(
ξ̇ · ξ̇

)
ξ
)

= ξ × (ξ × fRQe3) , (3)

M = JΩ̇+Ω× JΩ, (4)
[
f,M

]�
= D

[
f1, f2, f3, f4

]�
. (5)

where g = ge3, g = 9.81m/s2, e3 = [0 0 1]�, and Ω̂ is the
skew-symmetric matrix of the quadrotor angular velocity Ω.
Table I defines the remaining variables. Qualitatively, (2) de-
scribes the relationship between the payload acceleration and
collective motor thrust, while (3) shows that cable’s angular
acceleration depends on the collective thrust and the quadrotor’s

orientation. The matrix D provides a linear mapping between
collective thrust-moments and individual motor thrusts. It is
defined in terms of the robot’s physical properties and propellers
aerodynamics characteristics. Readers can refer to [18] for ad-
ditional information.

By leveraging the differential flatness property of the sys-
tem [3], we can model the state dynamics described in (1)–(5)
in terms of the flat outputs {xL, ψ}, where ψ is the quadrotor’s
yaw angle. In our method, we set ψ = 0 and assume negligible
cable angular accelerations. This allows us to express the sys-

tem through the state x =
[
xL

�, ẋL
�, ẍL

�]� ∈ R9 and input

u =
[...
xL

] ∈ R3. The induced system dynamics are therefore
modeled as a third-order system. Givenx,u, the robot’s physical
parameters, and assuming that cable angular accelerations are
zero at the states optimized by the planner, we can use the
non-linear differential flatness mapping [3] to calculate the
robot position xQ, robot velocity ẋQ, and orientation RQ. This
allows our trajectory generator to plan in payload space and add
constraints to the quadrotor’s states. Since our planner operates
in a discrete space, we convert the continuous time represen-
tation above to its discrete form. We obtain the Runge-Kutta
approximation x(k + 1) = F (x(k),u(k),Δtk), where F is the
discretized dynamics function and Δtk the time step duration at
stage k.

IV. PLANNING

A. Preliminaries

We develop a global planner that computes a collision-free
trajectory τ for a quadrotor with a suspended payload where

τ =
[
τ 0, . . . , τN

]
, τ k =

[
xL(k), ẋL(k), ẍL(k)

]�
, (6)

where k ∈ (0, N). The robot starts at statexO and must navigate
to its goal state xN . The environment is described by the set
E, which contains NO polytopic obstacles Mi for i ∈ (0, NO).
The aerial system is modeled using three separate polytopes,Nj

for j ∈ {Q,C,L} that represent the quadrotor, cable, and load
polytopes respectively, as shown in Fig. 2.

B. Polytopic Approximation

Let us consider two polytopes Mi and Nj, as defined in
Table I. Let yMi

be any point within the polytope Mi and yNj

be any point within the polytope Nj. AMi
,BMi

,ANj
and BNj

are constants that define their geometric shape. These polytopes
can be represented by

AMi
yMi

≤ BMi
, ANj

yNj
≤ BNj

. (7)

While not strictly necessary, we simplify computation by rep-
resenting one polytope’s points in the other polytope’s frame.
We represent the obstacle points yMi

using the relative position
vector yNj

Mi
, which gives

yMi
= RNj

y
Nj

Mi
+ONj

, (8)

where RNj
is Nj’s rotation matrix, and ONj

is its origin.
Substituting this into the polytopic form expressed by (7), we
can represent polytope Mi as

(AMi
RNj

)y
Nj

Mi
≤ BMi

−AMi
ONj

. (9)
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Since RNj
and ONj

are functions of the chosen state vector x,
Mi is represented by

A
Nj

Mi
(x)y

Nj

Mi
≤ B

Nj

Mi
(x),

A
Nj

Mi
(x) = AMi

RNj
(x),B

Nj

Mi
(x) = BMi

−AMi
ONj

(x).

(10)

C. Distance Metric Between Polytopes

Our optimization problem seeks to lower bound hMi,Nj
, the

distance between polytopes Mi and Nj , with a positive margin
β. Specifically,

hMi,Nj
(x) ≥ β, hMi,Nj

(x) := d(Mi, Nj), (11)

where d is the distance function described in [19, Eq. (8a)].
The constraint defined by (11) is non-differentiable and difficult
to integrate into optimization problems when the obstacles and
robots are represented as convex polytopes [19]. To handle this
complexity, we follow the approach in [19, Proposition 1]. and
reformulate (11) using duality theory into the following set
of smooth non-linear differentiable constraints. The equivalent
dual problem is

gMi,Nj
(x) = max

λNj
,λMi

−λ�
Nj

BNj
− λ�

Mi
B

Nj

Mi
(x)

s.t. λ�
Nj

ANj
+ λ�

Mi
A

Nj

Mi
(x) = 0

λMi
≥ 0, λNj

≥ 0, ‖λMi
∗AMi

‖2 ≤ 1, (12)

where λNj
∈ Rnj and λMi

∈ Rmi are the dual variables as-
sociated with the obstacle avoidance problem. For our setup,
mi = nj = 6. Results in [19], [20] show that Strong Duality
holds for the dual problem defined in (12), which gives us the
lower bound of the primal cost function hMi,Nj

(x)

ḡM,N (x,λMi
,λNj

) := − λ�
Nj

BNj
− λ�

Mi
B

Nj

Mi
(x)

≤ hMi,Nj
(x). (13)

Therefore, to enforce a minimum distance of β between Mi

and Nj , we constrain the lower bound ḡM,N ≥ β, giving us a
smooth non-conservative reformulation of (11)

− λ�
Nj

BNj
− λ�

Mi
B

Nj

Mi
(x) ≥ β,

λ�
Nj

ANj
+ λ�

Mi
A

Nj

Mi
(x) = 0,

λMi
≥ 0, λNj

≥ 0, ‖λMi
∗AMi

‖2 ≤ 1. (14)

We add the set of constraints defined in (14) for collisions
between each (Mi, Nj) pair, where i ∈ (0, NO). For notational
convenience, we combine the dual variables into a vector Λ ∈
RQ, where Q = N ×NO ×NR × (mi + nj), and NR = 3 is
the number of robot components.

D. Optimization Problem Formulation

Our planner solves the following optimization problem

min
x(k),u(k),Δtk,Λ

N−1∑
k=0

L(x(k),u(k),Δtk)

subject to x(k + 1) = F (x(k),u(k),Δtk,

x(0) = x0, x(N) = xN ,

Hl(x(k),u(k),Λ) ≤ 0, Δtmin ≤ Δtk ≤ Δtmax, (15)

where ∀k ∈ (0, N − 1), ∀l ∈ (0, Nh), N is the horizon length,
Δtk is the time duration for stage k, and x0 and xN are the
initial and terminal states respectively.Δtmin andΔtmax are the
min. and max. time durations set by the user and are discussed
in Section IV-D1. Hl comprises the Nh inequality constraints
from the collision-avoidance formulation in (14) together with
the state and input bounds specified in Section IV-D7. Finally,
L = Lt + Lu + Lg + Ltd is the loss function defined in the
subsequent subsections.

We now describe the optimization constraints, costs and ini-
tialization methods. The variables Δtmin, Δtmax, αto, αu, αg ,
αtd and N , are user defined constants whose values are defined
in Section V.

1) Time Minimization: We incentivize the planner to mini-
mize the total trajectory time by adding a large cost to each time
step duration. Specifically,

Lt = T
αto

N
,T =

N−1∑
k=0

Δtk,Δtmin ≤ Δtk ≤ Δtmax, (16)

where Δtmin,Δtmax, αto > 0.
2) Input Smoothness Regularization: We add a small cost

that penalizes large changes between consecutive inputs, thereby
regularizing their rate of change and improving the smoothness
of the resulting robot states.

Lu =
αu

N

N∑
k=1

‖ui − ui−1‖2, αu > 0. (17)

3) Regularizing Proximity to the Initial Guess: Even though
we use a simple A* initialization, we expect the optimal trajec-
tory’s positions to lie in the vicinity of the initialized positions.
We achieve this by adding a small penalty to deviations of the
optimized positions from the initial guess. The study supporting
the benefits of this term is discussed in Section V-Q4.

Lg =
αg

N − 1

N−1∑
k=1

‖x(k)− xg(k)‖2, (18)

where xg(k) is the initial guess at stage index k and αg > 0.
4) Regularizing Subsequent Time Step Durations: We add

a small cost to the difference between subsequent time step
durations to help our solver converge. Specifically, we add

Ltd =
αtd

N

N−1∑
k=0

‖Δtk+1 −Δtk‖2, αtd > 0. (19)

5) Solver Initialization: Since the optimization problem
combines non-linear dynamics with non-convex collision con-
straints, the resulting solution is sensitive to its initial guess.
Whereas many prior planners [6], [9] adopt a kino-dynamic
initialization strategy, our approach begins from a simple A*
path that ignores the non-linear dynamics and assumes the cable
is always aligned with the global z-axis, i.e., ẍL = 0. Fig. 3
visualizes this initialization for two representative environments.
We then use a lightweight initialization method for the load
velocities using the equation

ẋL,k =
xL,k+1 − xL,k

Δtmax −Δtmin
, (20)
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where 0 < Δtmin < Δtmax. Even with this relatively simple
initialization method, our planner produces high quality trajec-
tories that are consistently better than the baseline.

6) Collision Constraints: We account for the collision be-
tween the quadrotor, cable, and payload polytopes against each
obstacle. For each time stage k and each polytope pair, we add
the constraints derived in Section IV-C. As an example, to handle
collisions between the payload polytopeNL and an obstacleMi,
we add the following constraints for all stages k and obstacles i

∀k, ∀i − λ�
NL,kBNL

− λ�
Mi,k

BNL

Mi
(xk) ≥ β,

λ�
NL,kANL

+ λ�
Mi,k

ANL

Mi
(xk) = 0,

λMi,k ≥ 0, λNL,k ≥ 0, ‖λMi,k ∗AMi
‖2 ≤ 1.

(21)

7) State and Input Constraints: The system’s initial and fi-
nal positions are specified based on the environment and are
enforced via equality constraints. We also constrain the start
and end velocities, accelerations and jerks to zero to account for
hardware limitations. Specifically,

x(0) = x0, x(N) = xN , u(0) = u(N) = 0,

ẋL(0) = ẋL(N) = 0, ẍL(0) = ẍL(N) = 0,

ẋQ(0) = ẋQ(N) = 0, ẍQ(0) = ẍQ(N) = 0. (22)

Finally, we bound the state and inputs based on the robot’s
limitations and the environment dimensions.

xl ≤ x ≤ xh, ul ≤ u ≤ uh, (23)

where xl,ul and xh,uh are the lower and upper bounds.
8) Incorporating the Quadrotor’s Rotation Into the Polytopic

Constraints: To improve the accuracy of the polytopic repre-
sentation, we rotate the quadrotor polytope by the quadrotor’s
rotation. As discussed in Section III, we can derive the robot’s
rotation RQ using x and u, and use it to compute the A

NQ

Mi

matrix in (10).

V. EXPERIMENTAL RESULTS

We conduct various experiments to evaluate the capabilities
of this method. We seek to answer the following:

Q1 Can this planning method produce trajectories that nav-
igate tightly around corners of polytopic obstacles in
cluttered maze environments?

Q2 What are the benefits of modeling each component of the
robot separately?

Q3 What are the benefits of adding the quadrotor’s orienta-
tion into the polytopic representation?

Q4 Is adding a cost that regularizes the proximity to the initial
guess important?

Q5 Does our velocity initialization method help the solver
converge?

Q6 Can we run these aggressive trajectories on a real quadro-
tor with a suspended payload?

For all experiments, we set Δtmin = 0.01s, Δtmax = 0.20s,
αu = 5.0, αg = 5.0, αtd = 600.0 and N = 100. As described
in Section V-Q1, αto is tuned to maximize performance in each
environment.

Q1 Navigating Cluttered Environments

We create 10 maze environments to evaluate the performance
of our planning method. The optimization problem is con-
structed in CasADi [21] and solved with IPOPT [22].

We select AutoTrans, the MINCO approach [17] adopted
in [6], [9] as our primary baseline, which is an optimization-
based trajectory generator that parametrizes trajectories as a
sequence of 7th order polynomials, initialized with kinodynamic
hybrid A∗. They model the quadrotor and payload as indepen-
dent spheres, the cable as a set of discrete points, and encode the
environment using an ESDF. To solve the resulting problem, they
reformulate the problem into an unconstrained one by applying
L1 penalties on the constraints.

To ensure a fair comparison, we adjusted AutoTrans’s safety
margins, ESDF map resolution, kinodynamic search resolution,
and quadrotor parameters to be consistent with our environment
setup and removed AutoTrans’ hardware limitations constraints
on the quadrotor thrust and tilt angle. Furthermore, for each
environment, we tune AutoTrans’ and PolyFly’s time minimiza-
tion weights and report the mean results based on the planning
output over 10 trials in Table II. PolyFly’s trajectories are shown
in Figs. 4 and 5.

We include an additional baseline, PolySingle, which mirrors
our method but adopts the modeling of [7], where a single
polytope represents the entire robot. AutoTrans fails to produce
a collision-free trajectory in 5/10 environments, as indicated by
a ×. We also observed that in some cases, AutoTrans generated
shorter paths in terms of distance, yet required more time to
traverse them. This indicates that our method is able to better
optimize for total flight time, even if that entails following a
slightly longer path at higher speeds. Compared to PolySingle,
our method successfully navigates the narrow gaps in Env. 7,
9 and 10, whereas PolySingle fails due to its modeling over-
approximation. PolyFly’s boost in performance compared to
the AutoTrans may stem from the geometric modeling of the
workspace and the use of the dual formulation, which produces
smooth, non-conservative collision constraints [19]. These prop-
erties enable it to plan paths around obstacles while maintaining
speed.

Q2 Independent Polytopic Models for Robot Components

Modeling each robot component as a separate polytope allows
the trajectory generator to accurately represent the system’s
geometry. This fidelity is important when producing agile trajec-
tories to navigate through narrow gaps and in tightly constrained
environments where the robot must cut corners aggressively
while still avoiding obstacles.

The advantage is evident in Env. 7, 9 and 10, where the robot
must pass through a narrow opening wider than the cable but
thinner than the payload and quadrotor. Both the baselines fail,
but our method successfully produces trajectories that thread the
cable through the gaps, allowing the robot to safely navigate the
environment. The real world experiment snapshots are shown in
Fig. 1.

PolySingle fails in these narrow-gap environments due to
its single-polytope representation that over-approximates the
robot’s geometry. On the other hand, AutoTrans models the
cable as a discrete set of points and performs collision checks on
each point, which should geometrically allow the cable to pass
through the narrow gaps. Even though a solution exists, Auto-
Trans fails to produce a trajectory, even after extensive tuning of
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TABLE II
POLYFLY VS. POLYSINGLE VS AUTOTRANS. STATISTICS ARE CALCULATED AFTER RUNNING 10 TRIALS IN EACH ENVIRONMENT. T IS THE MEAN TRAJECTORY

DURATION IN SECONDS, PATH IS MEAN PATH LENGTH IN METERS, COMP. IS THE MEAN OPTIMIZATION WALL TIME IN SECONDS, AND SR IS THE SUCCESS RATIO.
% T ↑ W/ A DENOTES THE % BY WHICH POLYFLY’S TRAJECTORY DURATION T IS SHORTER THAN METHOD A’S. × MARKS A FAILURE.

its optimization weights. Therefore, rather than the underlying
geometry, the cause of the failures in AutoTrans may stem from
other elements of the pipeline. First, the MINCO polynomial
state parameterization, cannot, in general, represent optimal
solutions [17] which limits its performance in tightly cluttered
scenarios. And second, distance-field-based collision checking
methods are not well-suited for applications that require accu-
rate modeling of geometry [23]. These methods compute the
gradients to prevent collisions per point of the robot/obstacle,
rather than the exact gradient needed to move the polytope out of
collision. These two gradients do not always agree, and can cause
issues when the robot travels in close proximity to obstacles.

Q3 Incorporating the Quadrotor’s Orientation Into Polytopic
Representation

Accurately capturing the quadrotor’s orientation further in-
creases the fidelity of the polytopic model and therefore naviga-
tion reliability. This detail becomes critical when the vehicle flies
close to a ceiling or floor, particularly for a platform with long
rotor arms that form a thin yet wide rectangular footprint. Since
high-acceleration maneuvers induce large orientation changes,
aggressive trajectories close to surfaces can cause rotor colli-
sions with the environment. As shown in Figs. 2 and 7, most
planners over-approximate the vehicle with a sphere or ellipsoid.
By employing a tight polytope that accounts for the robot’s
orientation, we eliminate this conservatism and ensure collision
free navigation in near-ceiling flight.

We demonstrate these benefits in Figs. 6 and 7. Fig. 6 illus-
trates how incorporating the orientation into the planner prevents
collisions. In Fig. 6(a), the quadrotor strikes the ceiling during
a high-acceleration maneuver because the planner ignores the
orientation change that accompanies acceleration. In contrast,
Fig. 6(a) shows how the orientation-aware planner descends dur-
ing the acceleration phase to avoid a collision. The ceiling-floor
scenario in Fig. 7 shows the PolyFly trajectory and overlays
the PolySingle polytope to illustrate the over-approximation
introduced by [7]. PolySingle fails in these scenarios because [7]
uses a common orientation for all components due to its single
polytope representation of the entire system, which prevents
navigation in such tightly constrained environments.

Q4 Regularizing Proximity to Initial Guess

We perform an ablation study to determine the importance
of regularizing the proximity to the initial guess. We run the

TABLE III
T FOR DIFFERENT VALUES OF αg . % T ↑ (5W/ 1) INDICATES IMPROVEMENT

OF αg = 5 OVER αg = 1.

optimizer with 3 different αg values. The results are shown
in Table III. PolyFly fails in 5/10 environments if αg = 0.
Trajectories generated with αg = 1 are on average slower than
those generated with αg = 5. This highlights the value of this
regularization term. We believe this aids convergence by in-
centivizing the optimizer to remain in the vicinity of the initial
guess, preventing it from entering regions of local minima that
are difficult to escape from.

Q5 Payload Velocity Initialization

To evaluate the effectiveness of our solver initialization
strategy, we conduct an ablation study that compares the
payload-velocity initialization of (20) against a variant where
velocities are initialized to zero. Table IV summarizes the results.
The solver fails in 2/10 environments without the velocity ini-
tialization strategy. For all other scenarios, our strategy reduces
the solver iterations by an average of 59%.

Q6 Real World Experiments

We run real world experiments with Env. 1, 3 and 7 to validate
that our method produces trajectories that can be deployed on
real robots. Our system architecture is shown in Fig. 8. For
real-world experiments only, we use the Non-Linear Model
Predictive Control (NMPC) setup from [24] as our controller.
The NMPC uses the dynamics (1)–(5) with inputs f1−4. After
generating a trajectory with PolyFly, we send the desired τ
to the NMPC at 200 Hz. As in [24], the predicted collective
thrust and bodyrates from the MPC’s second stage are sent to
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TABLE IV
PERFORMANCE WITH AND WITHOUT ẋL INITIALIZATION

TABLE V
TRACKING ERROR STATISTICS (METERS)

the low-level controller. The robot’s states are measured using a
motion capture system and are upsampled using Kalman Filters.
Snapshots of our experiments are shown in Fig. 1. The position
errors for the quadrotor and payload are shown in Fig. 9 and
Table V. Our results indicate that PolyFly produces dynamically
feasible trajectories that can be tracked by an onboard controller
with low errors. The supplementary video contains real-world
footage that highlights the agile trajectories generated by our
method.

VI. CONCLUSION

This letter presented PolyFly, a global planner for a single
robot aerial transportation system that models the robot and
environment using a set of polytopes and enables the generation
of collision-free trajectories in cluttered scenarios. Our proposed
method yielded consistently faster trajectories than a popular
state-of-the-art baseline in ten different maze-like environments.
Experimental results confirm the trajectories’ dynamic feasibil-
ity and the applicability of the proposed solution in real-world
settings. One limitation is that PolyFly does not yet run at
real-time frequencies or account for onboard obstacle sensing.
Future work will address this by efficiently updating trajecto-
ries using onboard local obstacle information and leveraging
advances in polytopic collision-avoidance checks [25] to reduce
computation.
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