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Abstract— Morphing quadrotors offer enhanced maneuver-
ability and adaptability in confined spaces, while their struc-
tural variations pose challenges to trajectory planning and
control. This paper presents a time-optimal trajectory planning
and model predictive control framework for the morphing
quadrotor. The trajectory generator computes time-optimal
trajectories by dynamically adjusting arm lengths, allowing the
quadrotor to traverse waypoints as quickly as possible while
satisfying constraints. The generated trajectory is then fed into
the designed dual-loop model predictive control architecture to
achieve autonomous flight, in which the outer loop tracks the
desired trajectory and the inner loop synchronously regulates
attitude and the morphing quadrotor’s arm length. Experi-
mental validation demonstrates that the proposed framework
achieves high-precision trajectory tracking, robust dynamic
response, and superior adaptability in confined environments.

I. INTRODUCTION

Due to the control flexibility, vertical take-off and landing
capability, high efficiency, and low operating cost, quadrotors
have been widely deployed in aerial inspections, logistics,
and agriculture to reduce personnel risks, improve mission
efficiency, and accelerate the advancement of intelligent
control and autonomous flight [1]. However, conventional
quadrotors have limited adaptability in cluttered or restricted
environments, such as collapsed buildings, pipelines, and
dense forests, as their rigid structures make it difficult to
navigate through confined and irregular spaces, resulting
in degraded mission performance or even mission interrup-
tion. To address these challenges, the morphing quadrotor
has emerged, which can match environmental constraints
through structural transformations such as arm folding and
rotor redirection [2]. Nevertheless, the additional actuation
components of the morphing mechanism and the complex
aerodynamic characteristics lead to high energy consump-
tion, and the limited capacity of the onboard battery further
compresses the effective mission time [3].Considering these
time limitations, time-optimal trajectory planning becomes
crucial, as minimizing task duration not only enhances ef-
ficiency but also reduces energy consumption and prolongs
battery life.
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Existing time-optimal trajectory planning methods for
quadrotors can be broadly classified into two mainstream ap-
proaches: sampling-based and polynomial-based approaches.
For the first category, a recent study [4] proposes the
Complementary Progress Constraint (CPC) method, which
jointly optimizes trajectories and time allocation for time-
optimal performance. However, the resulting problem is
highly non-convex, computationally intensive, and reliant on
complex solvers. Another approach [5] formulates a real-time
optimization framework that integrates path tracking and
time allocation by adaptively adjusting sampling points to
maximize progress and reduce contouring errors. In addition,
the segmented time-optimal method [6] simplifies the opti-
mization by dividing the trajectory into individual sampling
intervals and preallocated waypoint nodes. Polynomial-based
methods exhibit notable advantages such as smooth trajectory
generation, effective boundary condition handling, and low
computational cost. A representative example is the widely
adopted approach to generating the minimum snap trajectory
[7], [8], which minimizes the fourth derivative of position
and the second derivative of yaw to ensure control feasibility
through input-derivative relationships. However, high-degree
polynomials and multiple constraints significantly increase
the complexity of optimization. To address this issue, a Time-
Optimal Gate-Traversing (TOGT) method [9] is presented
for drone racing, which considers geometric constraints
of gates with diverse shapes and sizes. Additionally, the
research in [10] focuses on polynomial trajectory planning,
particularly the use of fourth-order polynomials to mini-
mize the trajectory snap. The work in [11] introduces an
AOS method for constructing long-distance trajectories with
minimal polynomial segments by analyzing thrust–angular
velocity switching patterns in quadrotor maneuvers. Despite
significant progress in time-optimal trajectory generation for
conventional quadrotors using existing trajectory planning
methods, their core assumptions still remain rooted in fixed-
structure quadrotors and neglect the specific characteristics
of morphing quadrotors.

In contrast, control frameworks for morphing quadrotors
have been more thoroughly investigated, with various ap-
proaches developed to exploit their structural adaptability.
A novel morphing quadrotor [12] based on cascade PID
can adjust its size via folding structures to dynamically
adapt to confined spaces. A quadrotor with real-time arm
adjustment [13] enables navigation in confined environments
and leverages model predictive control for precise trajectory
tracking. A retractable quadrotor with a ring-shaped struc-
ture enables synchronized morphing via a single actuator
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[14], while preserving central space for aerial grasping, and
employs a PID-based controller to ensure flight stability
during morphing and manipulation. Inspired by an eagle’s
claw, the biomimetic morphing quadrotor [15] adopts a
central servomotor to drive a closed-loop multi-link frame,
which enables the vertical arm folding for dynamic in-
flight grasping, and implements adaptive sliding-mode con-
trol with an admittance filter. An adaptive controller [16] can
handle configuration changes and uncertainties in foldable
quadrotors using a switched-system and Lyapunov-based
design. There are still some limitations in existing morphing
quadrotor control frameworks. The works rely on classical
PID or cascaded controllers that generally lack robustness
against aggressive morphing-induced dynamics or signif-
icant configuration changes. Moreover, although adaptive
strategies offer improved performance, they typically require
accurate modeling, and research specifically addressing real-
time dynamic morphing remains limited.

To address the above limitations and enhance the flight
efficiency of morphing quadrotors in complex environments,
we propose a framework that integrates morphing strategies
with both time-optimal path planning and model predic-
tive control (MPC) based dynamic control design. At the
planning layer, a time-optimal morphing-aware trajectory
method is developed that explicitly incorporates arm-length
dynamics, enabling efficient waypoint traversal and mini-
mizing overall flight time. At the control layer, we design
a structure-adaptive dual-loop MPC controller that accounts
for the quadrotor’s time-varying morphology. Furthermore,
by leveraging the system’s differential flatness property, we
simplify the representation of states and inputs, facilitating
the integration of planning and control. The main contribu-
tions are as follows: i) The increase in power consumption
caused by morphing reduces the effective operating time.
This is the first attempt to design a time-optimal path plan-
ning method for a morphing quadrotor. ii) A full-degree-of-
freedom (DOF) dual-loop MPC controller designed to cope
with morphing-induced dynamic disturbances in real time,
achieving precise trajectory tracking and stability during
rapid configuration changes.

The structure of this paper is as follows. Section II
describes the system dynamics and the augmented MPC
framework for the morphing quadrotor. Section III presents
a time-optimal trajectory generation method that accounts
for morphological changes. Section IV provides experi-
mental evaluations, including comparative studies, multi-
stage radius-transition trajectory generation, and trajectory-
tracking performance assessments. Section V concludes the
work.

II. DYNAMIC MODELING AND CONTROLLER DESIGN

In this section, we design a control framework for a
morphing quadrotor that features a dual-loop control strategy
integrated with adaptive arm-length adjustment. An overview
of the control scheme is illustrated in Fig. 1(a). The arm
length ℓ along the trajectory generated in Section III is used
to compute the servo angles. Once the position reference
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Fig. 1. (a) Overview of control scheme of a morphing quadrotor, (b) the
coordinate system, and (c) detailed structure of the morphing arm.

p along the trajectory is obtained, it is fed into the outer
loop MPC position controller, which outputs the total thrust
T and the desired attitude angles φ and θ required by the
inner loop MPC attitude controller. The inner loop controller,
together with the predefined yaw angle ψ and the servo
angles, generates the required control torques τ . Finally,
a control allocation module converts τ and T into rotor
speed ω , which actuates the morphing quadrotor to execute
the corresponding motions and achieve precise trajectory
tracking.

A. Quadrotor Dynamics

To clearly describe the position of the morphing quadro-
tor [12], [17], we denote the world coordinate system
as W = oWxWyWzW and the body coordinate system as
Q = oQxQyQzQ, as shown in the Fig. 1(b). The center of
mass of the quadrotor coincides with the origin of the body
coordinate system, denoted as oQ. The state of the quadrotor
is defined as x =

[
p,Θ,v,ω, ℓ

]T . Specifically, p =
[
x,y,z

]T

represents the position vector of the quadrotor along the x,
y and z axes expressed in W , Θ =

[
φ ,θ ,ψ

]T denotes the
attitude vector of the quadrotor, v is the velocity vector in
W , and ω =

[
p,q,r

]T represents the angular velocity in the
body coordinate system Q. The dynamic expression of the
quadrotor is as follows

p̈ = v̇ = a, (1a)
ma =−mge+RFT , (1b)
Jω̇ = τ −ω × Jω, (1c)

where a is the acceleration in W , m is the mass of
the quadrotor, g is the gravitational acceleration, e =
[0 0 1]T , FT = [0 0 T ]T , and J = diag(Jxx,Jyy,Jzz)
is the moment of inertia. R denotes the rotation
matrix from Q to W with R = [cθcψ cψsθsφ −
sψcφ cψsθcφ +sψsφ ;cθsψ sψsθsφ +cψcφ sψsθcφ −

20325



cψsφ ;−sθ sφcθ cφcθ ], where cx and sx denote cosx and
sinx, respectively.

Suppose that ψ is small, (1b) can be rewrite as ma =
−mge + Rnewu1 with Rnew = [0 mg 0;−mg 0 0;0 0 1]T

and u1 = [φ θ T ]T . For (1c), we can derive Θ̇ = R̃ω ,
where R̃ = [1 0 0;sφ tθ cφ sφ/cθ ;cφ tθ − sφ cφ/cθ ]T

with tx = tanx. By applying the small-angle approximation,
the singularity at cosθ = 0 is avoided, and sine terms are
neglected. Consequently, the angular velocity can be directly
approximated by the Euler angle rates [φ̇ θ̇ ψ̇]T = [p q r]T

which means Θ̇ ≈ ω .
The torque vector is denoted as u2 = τ = [τ1 τ2 τ3]

T , rep-
resenting the moments generated by the propellers about the
body-fixed axes. The mapping from motor angular velocities
to torque is given by τ1

τ2
τ3

=

 0 kT ℓ 0 −kT ℓ
−kT ℓ 0 kT ℓ 0

kM −kM kM −kM




ω2
1

ω2
2

ω2
3

ω2
4

 (2)

where kT is the thrust coefficient, kM is the moment coef-
ficient, ω j∈[1,2,3,4] denotes the motor speeds, and ℓ is the
time-varying arm length of the morphing quadrotor, whose
value will be determined later. Then, we can linearize (1c)
around the operating point as

[φ̈ θ̈ ψ̈]T =
[
τ1/Ĵxx τ2/Ĵyy τ3/Ĵzz

]T (3)

where the symbols with hats denote the estimated values of
the corresponding variables.

B. Identification of Arm Length Dynamics

Based on the morphing quadrotor design [18], the arm
length ℓ is actuated by a servo motor, with the servo angle
α as input. From the geometry in Fig. 1(c), the intermediate
length is ℓ1 =

√
(ℓx sinα)2 +(ℓ f − ℓx cosα)2, leading to ℓ=

ℓd + ℓp + ℓ f − ℓ1, where ℓp = ℓ1 + ℓ2 is measurable, and
ℓd , ℓx, and ℓ f are constants. The mapping from α to ℓ is
approximated as

ℓ̈(α) = aℓ̇(α)+bℓ(α)+ cα (4)

where a, b, and c are identified constants.

C. Augmented Model Predictive Control

Building on [19], we develop a full-DOF MPC that ac-
commodates the varying inertial properties of the morphing
quadrotor in the following form of state-space equation.[

∆x(k+1)
y(k+1)

]
︸ ︷︷ ︸

x(k+1)

=

[
A0 OT

py×nx
C0A0 E py×py

]
︸ ︷︷ ︸

A

[
∆x(k)
y(k)

]
︸ ︷︷ ︸

x(k)

+

[
B0

C0B0

]
︸ ︷︷ ︸

B

∆u(k)

y(k) =
[
Opy×nx E py×py

]︸ ︷︷ ︸
C

[
∆x(k)
y(k)

]
︸ ︷︷ ︸

x(k)

(5)

where k is the current sample time, ∆x(k+ 1) = x(k+ 1)−
x(k), ∆x(k) = x(k)− x(k − 1), ∆u(k) = u(k)− u(k − 1), O
denotes a zero matrix with dimensions indicated by sub-
scripts. nx and py represent the state and output dimensions,
respectively, while {A,B,C} defines the state-space model.

Define Y = [y(k + 1),y(k + 2), · · · ,y(k + ny)]
T and

∆U =[∆u(k),∆u(k + 1), · · ·,∆u(k + nu −1)]T , we can get
Y = Px(k) + H∆U with P = [CA,CA2,CA3,· · ·,CAny ]T

and H = [CB,0, · · · ,0;CAB,CB, · · · ,0;CA2B,CAB,· · ·
,0;· · ·;CAny−1B,CAny−2B,· · ·,CAny−nu B] where nu and ny
are the control and prediction horizons, respectively,
satisfying nu ≤ ny. Constraints on u(k) and ∆u(k) ensure
the system remains within a safe and feasible range:
D∆U≤dd, where D=[−D1,D1,−E, E]T and dd = [−Umin +
D2u(k−1),Umax −D2u(k−1),−∆Umin, ∆Umax]T with Umin

and Umax are respectively the maximum and minimum
sequence of ∆u(k), D1 = [E,0,0, · · · ,0;E,E,0, · · · ,0;
· · · ;E,E,E, · · · ,E], and D2 = [E,E, · · · ,E]T . The controller
computes the optimal control inputs at each sampling instant
by minimizing the error between the predicted and the
desired outputs. This optimization objective is formulated
as

J =
1
2

∆UT M∆U +∆UT F (6)

where M = 2(HT H +K), with K being the diagonal weight
matrix for the control input, and F = −2HT (Rs − Px(k)),
where Rs = [E, E, · · · ,E]T r(k), with r(k) denoting the desired
reference at time k. Both M and F are compatible matrices
in the quadratic programming formulation.

D. Differential Flatness

Differential flatness has been extensively utilized in
quadrotor trajectory generation and optimization, as it sig-
nificantly reduces the dimensionality and complexity of
planning and control problems [7]. The morphing quadrotor
system also has the property of differential flatness. By
selecting appropriate flat output variables, all system states
x = [x,y,z,φ ,θ ,ψ, ẋ, ẏ, ż, p,q,r, ℓ]T and control inputs u can
be represented as algebraic functions of the flat outputs and
a finite number of their derivatives.

Using differential flatness mappings Ψx and Ψu, x(t) and
u(t) can be expressed in terms of flat output ξ (t) as

x(t) = Ψx(ξ (t), ξ̇ (t), . . . ,ξ (s−1)(t)) = Ψx(ξ
[s−1](t))

u(t) = Ψu(ξ (t), ξ̇ (t), . . . ,ξ (s)(t)) = Ψu(ξ
[s](t))

(7)

where s denotes the order of the polynomial derivatives.
Then, the constraint h(x,u), which depends on the system
states and control inputs, can be reformulated in terms of
the flat outputs as

h(Ψx(ξ
[s−1](t)), Ψu(ξ

[s](t))) = hΨ(ξ
[s](t)) (8)

which provides support for the trajectory optimization algo-
rithm in Section III, enabling the conversion of the planning
problem under complex dynamic constraints into a convex
optimization problem in the flat space.

III. TIME-OPTIMAL BASED TRAJECTORY GENERATION

In this section, we systematically address the waypoint-
based spatial constraints of the morphing quadrotor and
eliminate them through parameterization. Then, we formulate
a time-optimal waypoint traversal problem, after which we
employ a polynomial trajectory representation and further
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reformulate the constrained problem into an unconstrained
optimization problem.

A. Definition of Waypoint

In trajectory planning tasks, the quadrotor starts from a
given initial position, passes n waypoints in sequence, and
finally reaches the end point. The region associated with the
i-th waypoint region is denoted as

Pi =
{

pi ∈ R3∣∣∥pi −oi∥2 ≤ δi − ℓi, i = 1,2, . . . ,n
}

(9)

where oi denotes the center position of the i-th waypoint,
pi represents the quadrotor’s actual position at traversal, δi
indicates the radius of the region, and ℓi corresponds to the
arm length of the quadrotor at the waypoint. The above
set-based condition ensures that the morphing quadrotor
remains within a safe and feasible domain during traversal,
preventing any part of the body from exceeding boundaries.
To formalize this safety requirement, we define a constraint
function in the form of hPi(pi)≤ 0.

B. Position Constraint Elimination

Conventional methods typically impose the position con-
straint hPi(pi) ≤ 0 directly into the optimization problem,
introducing a large number of Lagrange multipliers and thus
degrading both convergence speed and numerical stability. To
address this, a variable substitution strategy was proposed
in [20], where a smooth mapping fB(q, ℓ) transforms an
unconstrained variable q into p that inherently satisfies the
constraint, eliminating explicit inequality constraints and
simplifying optimization. The mapping is defined as

fB (q, ℓ) = o+
2(δ − ℓ)q
qT q+1

(10)

Because ℓ is variable, the bounded constraint δ − ℓ ∈
[rmin,rmax] is enforced by introducing an unconstrained vari-
able s and applying a sigmoid-based transformation. The
final mapping is defined as

fB′ (q,s) = o+
2q

qT q+1
(rmin +

rmax − rmin

1+ e−s ) (11)

By parameterizing p and ℓ in terms of q and s, the
positional constraints on the trajectory are successfully elim-
inated, which will be leveraged later.

C. Problem Formulation

The system dynamics are described by the differential
equation ẋ = f (x,u), and are subject to a set of state-control
inequality constraints h(x,u) ≤ 0. Then the time-optimal
trajectory planning problem can be formulated as

min
x,u,tk

∫ tk

0
1dt (12a)

s.t. hPi(px(ti))≤ 0, 1 ≤ i ≤ n, (12b)

x(0) = x̄init , x(tk) = x̄k, (12c)
ẋ = f (x,u), h(x,u)≤ 0, (12d)

where ti is the time at which the trajectory passes through the
i-th waypoint, and px(ti) represents the position component of

the state vector x(ti). The initial and end states are denoted
by x̄init and x̄k, respectively.

Due to the system’s differential flatness, both x and u can
be uniquely represented by (8). Consequently, (12) can be
reformulated in the flat space

min
ξ ,tk

∫ tk

0
1dt (13a)

s.t. hPi(px(ti))≤ 0, 1 ≤ i ≤ n, (13b)

ξ
[s−1](0) = ξ̄

[s−1]
tinit , (13c)

ξ
[s−1](tk) = ξ̄

[s−1]
tk , (13d)

hΨ(ξ
[s])≤ 0. (13e)

But there are two main challenges in the above optimiza-
tion formulation: The constraint hPi(px(ti))≤ 0 explicitly de-
pends on the time variable ti, introducing a directly coupling
between position and time; The infinite-dimensional property
of the continuous trajectory ξ (t) increases the complexity of
the direct solution. Therefore, it is necessary to appropriately
reformulate this constraint in order to decouple the time
variable from the position constraint.

To this end, the entire trajectory is divided into n+1 seg-
ments by n waypoints, denoted as P=[pT

1 , pT
2 , . . . , pT

n ]
T . The

corresponding segment durations are T = [T1,T2,. . . ,Tn+1]
T

with total duration tk = TΣ and cumulative time ti = ∑
i
j=1 Tj.

Therefore, the position of the trajectory at time ti is defined
to be that of the i-th waypoint as pxti

= pi.
Additionally, we define

T(P) =


T ∈ R>0

∣∣∣∣∣∣∣∣∣∣∣∣∣

∃ξ : [0,TΣ]→ Rn such that

ξ
[s−1](0) = ξ

[s−1]
init ,

ξ
[s−1](tk) = ξ

[s−1]
tk ,

hΨ(ξ
[s](t))≤ 0, ∀t ∈ [0, tk],

px(ti) = pi, 1 ≤ i ≤ n


as the set of all dynamically feasible time allocations satis-
fying the prescribed constraints, with an associated indicator
function

ρT(P)(T ) =

{
0, if T ∈ T(P),
∞, otherwise.

(14)

to ensure that a given time allocation satisfies the afore-
mentioned trajectory feasibility conditions, whose detailed
explanation is provided in the following subsection.

D. Reformulation of Polynomial Trajectory Optimization

T(P) describes all possible time allocations that satisfy
dynamic feasibility, trajectory continuity, and waypoint con-
straints. However, directly handling the indicator function
ρT(P)(T ) and the set T(P) is computationally complex
and analytically intractable. Thus, we utilize the Minimum
Control (MINCO) [20] trajectory representation as a foun-
dational framework to generate analytically structured and
dynamically feasible trajectories.

MINCO formulates trajectory generation as a multi-
segment polynomial optimization minimizing control ef-
fort under boundary derivative constraints, providing a
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Fig. 2. Top-down view of the trajectories generated by our method (blue
solid line) and the TOGT method (green dashed line). Orange segments
represent the required waypoints. The positions of initial and end points
are (−5.0,4.5,1.2) and (−4.6,4.5,1.2). The waypoints for the three exper-
iments are located at (−4.6,4.3,1.2), (−4.6,4.0,1.2), and (−4.6,3.7,1.2),
respectively, each with a radius of 0.3 m.

unified spatiotemporal representation that ensures conti-
nuity and smooth dynamics. Unlike traditional splines,
MINCO enables closed-form control inputs computation and
continuous-time constraints. Thus, we redefine the trajec-
tory feasibility set T(P) using the MINCO representation
ρT(P)(T ) =

∫ TΣ

0 max[hΨ(ξ
[s]),0]kdt which is approximated

using numerical sampling as

ρT(P)(T )≈
M

∑
i=1

Ti

κi

κi

∑
j=0

γ j max[hτ(Ti,
j

κi
),0]k (15)

where κi is the number of samples for segment, γ j repre-
sents the corresponding quadrature weights, and hτ(Ti,τ) =
hΨ(ξ

[s](τTi)) denotes the evaluation of the constraint at a
discrete time. Then, the trajectory optimization problem is
formulated as

min
P,T

T Σ +ρT(P)(T ) (16a)

s.t. hPi(pi)≤ 0, 1 ≤ i ≤ n (16b)

E. Unconstrained Optimization

At this stage, only P and T remain as the optimiza-
tion variables. By applying the transformation in (11),
P is reformulated using the unconstrained variables Q =[
qT

1 ,q
T
2 , . . . ,q

T
n
]T and S= [s1,s2, . . . ,sn]

T . Similarly, to ensure
non-negativity, T is parameterized by an unconstrained vari-
able K = [k1,k2, . . . ,kn,kn+1]

T . This reformulation converted
the problem into an unconstrained optimization

min
Q,S,K

T Σ(K)+ρT (Q,S)(K) (17)

In this way, the problem is efficiently computed with the
optimal values of Q, S, and K. Subsequently, the original
variables P, ℓ, and T are recovered through the corre-
sponding mappings. These are then used to construct the
time-parameterized polynomial trajectories of P and ℓ for
execution by the controller.

IV. EXPERIMENTS

In this section, we evaluate the performance of the pro-
posed trajectory planning and control framework through a
series of experiments. We first conduct comparative tests in
less challenging environments to validate the effectiveness of

our method in improving trajectory efficiency through struc-
tural adaptation. Next, a challenging seven-stage morphing
experiment demonstrates the planner’s capability to generate
feasible and efficient trajectories when flying through a series
of different circular apertures. Finally, we implement an
MPC-based controller for trajectory tracking to assess the
feasibility and accuracy of the planned trajectories under
dual-loop control.

A. Evaluation in Single-Stage Radius Transition

To validate the effectiveness of our proposed time-optimal
trajectory planning method that accounts for variations in
the quadrotor arm length, we conducted three sets of com-
parative experiments using simplified scenarios in Fig. 2.
These experiments aim to validate our method’s adaptability
and generality across diverse waypoint constraints. In each
experiment, the quadrotor flew from the same initial point
to the same end point, sequentially passing through different
circular waypoints while ensuring collision avoidance and
optimizing the trajectory for minimum completion time by
considering the arm length. Our method is compared against
the TOGT [9] approach from two dimensions: path length
and flight time. The results demonstrate that our approach
achieved reductions in path length by 14.39%, 5.08%, and
0.2%, and reductions in flight time by 19.77%, 2.23%, and
0.08% across the three scenarios, respectively. Although
the performance gains decrease as the overall path length
increases, our method consistently outperforms the TOGT
approach. These results highlight the potential of incorpo-
rating structural variability to enhance trajectory-planning
performance, particularly for dynamic tasks that require tight
obstacle traversal or rapid response.

B. Trajectory Generation with 7-Stage Radius Transitions

The previous experiments have demonstrated the effec-
tiveness of the proposed method. To further evaluate its
performance under complex and constrained environments,
we construct a flight scenario consisting of seven different
waypoints which is designed with reference to the flight
environment described in [21], simulating a challenging task,
where the quadrotor must traverse a sequence of progres-
sively narrowing spaces. The planned trajectory generated
by our method is shown as a light blue curve, the waypoints
are represented as orange circles, while the quadrotor is
visualized as a black “×” symbol, with its arm length
represented by the size of the cross in Fig. 3. The trajectory
requires the quadrotor to pass through increasingly narrow
gaps, necessitating continuous adaptation of the arm length.
In the zoomed-in plot around p3 in Fig. 3(a), it can be
observed that the quadrotor proactively adjusts its arm length
before entering the constrained area, enabling it to pass safely
and smoothly without collisions. In the zoomed-in plots in
Fig. 3(b), from p1 to p7, the arm length gradually contracts
in response to the shrinking radius sizes of the waypoints.
By the time the quadrotor reaches end position, the arm
length has been reduced from its initial maximum value
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(c)(a)

Trajectory WaypointsQuadrotor Arm Length

Fig. 3. Trajectory generation of the morphing quadrotor with seven-stage radius variation: (a) 3D trajectory, (b) top view, and (c) arm length variation
over time. (a) and (b) are partially enlarged. The waypoints are centered at p1 = (−1.1,−1.6,3.6), p2 = (9.2,6.6,1.0), p3 = (9.2,−4.0,1.2), p4 =
(−4.5,−6.0,3.5), p5 = (−4.5,−6.0,0.8), p6 = (4.75,−0.9,1.2), and p7 = (−2.8,6.8,1.2), with radius gradually decreasing 0.01 m from 0.19 m to 0.13 m,
forming a seven-stage narrowing corridor. The initial and end positions are set to (−5.0,4.5,1.2) and (4.75,−0.9,1.2), respectively.

ℓmax = 0.2 m to a minimum value ℓmin = 0.11 m as shown
in Fig. 3(c).

During this process, a time-optimal trajectory of total
length 92.2068 m is successfully generated, and the entire
flight task is completed within 10.0168 s. The quadrotor
maintains safe and stable flight, demonstrating the system’s
capability to ensure dynamic feasibility and robust perfor-
mance in constrained environments. The results validate that
the proposed time-optimal trajectory generation framework
can produce smooth and feasible flight paths under multi-
ple constraints by incorporating arm length variation as an
optimization variable, while minimizing the flight duration.
Ultimately, we obtain time-parametrized polynomial trajec-
tories for position and arm length [xd(t),yd(t),zd(t), ℓd(t)],
which serve as reference inputs for the downstream control
module, ensuring the quadrotor executes missions efficiently
and safely.

C. MPC-based Trajectory Tracking

To achieve high-precision tracking, a full-DOF dual-loop
enhanced controller based on MPC was implemented. The
key parameters include m = 0.85 kg, g = 9.81 m/s2, and
attitude angles φ ,θ ∈ [−π/5,π/5] rad with ψ = 0 rad. The
total thrust T is constrained within [−mg, mg]. To meet
system dynamic constraints, the variations in attitude angles
∆φ ,∆θ and thrust ∆T are limited to ±60% of their respective
maximum values. Furthermore, rotor speeds are constrained
between 3093 rpm and 4720 rpm to reflect the physical
limitations of the motors. In MPC design, the prediction
horizon NY and control horizon NU for the outer loop
are set to 20 and 3, respectively. During the test process,
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Fig. 4. Results of the MPC position controller: (a) position tracking
performance and (b) control inputs subject to constraints, with selected
segments enlarged for detailed visualization. B-f represents the unfiltered
curve, while A-f denotes the curve after filtering.

a random disturbance with amplitude 0.01 × rand(1) was
embedded into the dynamic model to verify the robustness.
Fig. 4 and Fig. 5 illustrate the position and attitude tracking
performance of the proposed controller. Specifically, the
desired trajectory generated by the time-optimal planning
module is shown as red solid lines, and the desired attitude
generated by the outer loop is shown as blue solid lines,
while the actual position and attitude are all depicted with
black dashed lines. In all spatial and attitude dimensions, the
controller rapidly converges to the desired reference despite
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Fig. 5. Results of the MPC position controller: (a) attitude tracking
performance and (b) control inputs subject to constraints, with selected
segments enlarged for detailed visualization.

minor initial deviations, achieving high-accuracy tracking in
the presence of random disturbances. For the outputs, φ ,
θ , and T are shown as light blue solid lines, which are
processed using median filtering to suppress high-frequency
oscillations, thereby yielding smooth control signals without
abrupt changes, shown as dark blue solid lines. The generated
control torques are shown as orange solid lines. All outputs
remain within the dashed-line constraints, and their rates of
change also satisfy the limits. The inner loop constraints are
dynamically adjusted over time to reflect structural morphing
as the arm length varies. Therefore, the MPC-based dual-
loop enhanced controller demonstrates high accuracy and
stability in tracking spatial trajectories and attitude dynamics.
It exhibits rapid convergence even in the presence of external
disturbances and initial deviations, validating the controller’s
superior performance and robustness during complex, con-
tinuous morphing quadrotor maneuvers.

V. CONCLUSIONS

We present a time-optimal trajectory planning and dual-
loop control framework for the morphing quadrotor. Unlike
existing methods, it explicitly integrates arm length variations
into flight dynamics. In the trajectory generation phase, the
dynamic adjustment of arm length allows the quadrotor
to navigate through narrow and constrained waypoints that
are typically unreachable for rigid-body quadrotors. On the
control side, a full-DOF dual-loop enhanced controller based
on MPC is proposed, whose outer loop ensures accurate
tracking of the reference position trajectory, while the in-
ner loop concurrently regulates both the attitude and arm
length. Experimental results validate the effectiveness of
the proposed framework, demonstrating superior trajectory
feasibility, control precision, and dynamic responsiveness in
complex environments.
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