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Abstract— Morphing quadrotors that can be potentially
applied to confined spaces such as warehouses, tanks, and
pipelines have flourished in recent years. Most work has focused
on the mechanical feasibility of the morphing systems and
high-level flight controller design, with limited discussions on
low-level control. In this paper, a constrained model predictive
control (MPC) is proposed and applied to solve the attitude
control problem of a morphing quadrotor. Prior to controller
design, a custom-built morphing quadrotor is introduced with
the kinematic and dynamic models established and corre-
sponding issues and challenges presented. In the controller,
to eliminate the steady-state error, an embedded integrator
is adopted by exploiting the differential variables; then, the
constraints of the morphing quadrotor are incorporated into
the MPC formulation to simulate real flight conditions, and an
orthonormal function is employed to approximate the control
input sequences in the controller to alleviate the computational
burden. In the comparative studies, several scenarios are
considered to demonstrate the effectiveness of the proposed
control strategy in attitude control.

I. INTRODUCTION

Morphing quadrotors have occupied a prominent place
in the domain of aerial rotor systems in the most recent
years due to their capabilities of geometric adaptation to
small openings and cluttered spaces as well as morph-
enabled various functions and performance [1]–[6]. Most
current related work focuses on mechanism design and high-
level motion planning, while few studies exist on their
low-level flight controller design [7]. The performance of
the low-level controller for a morphing quadrotor is very
important because varying geometric parameters induced
inertial variation, model and dynamics uncertainties, and
the limits of the physical system would directly affect the
attitude of the quadrotor, which further deteriorates the
tracking performance [7], making the study on this topic
very challenging.

Model predictive control (MPC) performs well in deal-
ing with multiple variables, constraints, and online process
optimization [8], and it also demonstrates the simplicity of
the design framework in handling many complex issues.
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The general idea of MPC is to incorporate state informa-
tion, future references and constraints into the control, and
predict how a system can be controlled in an optimum
way. Compared to the standard PID control, which can be
considered “reactive” because it steers the system towards
a desired state based on previous state information. When
exposed to unknown dynamics such as wind, variable pay-
loads, and voltage sag, a PID controller can be far from
optimal [9]. MPC can be considered “proactive” because
it guides the system towards a future reference based on
state information and a prediction of how the system can be
controlled. Besides, different from the classic linear quadratic
regulator (LQR), MPC solves the optimization problem along
a moving horizon window, while LQR works within a fixed
window. This property allows MPC to deal more freely with
optimization problems with different types of constraints
and uncertainties. From this point of view, MPC is very
suitable for solving the aforementioned problems existing in
morphing quadrotors.

However, the most criticized problem of MPC is its large
computational cost as it involves lots of matrix and vector
operations and the control inputs required to be computed
online in each sampling time by taking all constraints into
the control. This problem becomes even more prominent
in practical implementations of a complex dynamic system,
where a large control horizon is required, thus resulting in
dramatically increased computation. To address this issue,
a hierarchical MPC is proposed in [10], which divides the
controller into multiple layers such as position, attitude, and
motor with different sampling times for real-time implemen-
tation. Besides, a model reduction method is presented in
[11] to alleviate the computational burden. In [8], [12], the
approach that uses orthonormal functions such as Laguerre
function and Kautz function are proposed to replace the
forward shift operators to capture the future control trajectory
for reducing computation load as this method uses fewer
optimization variables. Similar work can be found in [13],
[14]. Although quite a few works have been done on applying
MPC to conventional quadrotors [15]–[17], its application
to morphing quadrotors is still a new attempt. In [18], a
model predictive framework for collision-free navigation of
a morphing quadrotor is proposed by adding environment
constraints (eg. restricted entrances). The simulation results
demonstrate the feasibility of the morphing quadrotor passing
through different scenarios, such as spherical and cubic en-
trances. In [19], an MPC that switches between the different
structural formations is explored. However, little work has
addressed the controller performance under disturbances and
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Fig. 1. Morphing quadrotor system: (a) actuation, (b) prototype, (c)
coordinate system, and (d) varying inertia property.

the real-time performance.
In this paper, we first introduce the custom-built morphing

quadrotor that requires only one central actuator and build the
corresponding kinematic and dynamic model. Then, we con-
struct an MPC with constraints based on an augmented model
with integrators to eliminate the steady-state error to ensure
accurate trajectory tracking. The proposed control framework
can handle multiple state variables and control inputs with
constraints during different configurations and the induced
inertial variations caused by structural transformations. To
reduce the computation cost, the Laguerre function is em-
ployed to approximate the control input sequence. Given that
in the particular case of a quadrotor, which is a Multiple-
Input Multiple-Output (MIMO) system, a state space model
is easier to construct and better suited for evaluating stability
and robustness, which will be employed in the following
work. To the best of our knowledge, this is the first attempt
to apply MPC with an embedded integrator into the control
of the morphing quadrotor.

The rest of the paper is organized as follows. Section II
states the problem that exists in the morphing quadrotor
and presents the morphing system dynamics. Section III
discusses the design of the constrained MPC controller based
on an augmented model. To capture the performance of low-
level control, this section details the MPC controller for the
attitude loop. Section IV presents the comparative results in
different scenarios. Finally, the work is summarized, and the
discussion is concluded.

II. QUADROTOR SYSTEM AND DYNAMIC MODELING

A. Morphing system

The morphing quadrotor is shown in Fig. 1(a) and (b),
which is designed based on a center-driven planar closed-
loop mechanism [20], [21]. The mechanism consists of four
identical arms with a single servomotor at the center of
the body frame. Compared to the morphing mechanisms
currently used in many morphing quadrotors, the main ad-
vantages of adopting this type of mechanism for constructing
the morphing quadrotor are as follows: i) fewer actuators are
used to achieve a larger morphing ratio, and ii) the morphing
mechanism is evenly distributed, which structurally ensures

the self-balance of the body and avoids excessive use of
controller leveling [20].

The following definitions and symbols are given to better
describe the system. The radius of the quadrotor is defined
as L, referring to the distance between the center of the
quadrotor and that of the propeller motor, as illustrated in
Fig. 1(c). Different from the conventional quadrotor, L is
a varying parameter for the morphing quadrotor, which is
related to the controlled deployable angle of the servomotor,
denoted as βs. As investigated in [20], the identified length
is L̃ ∈[0.09517, 0.1681] m, and inertia of moment are as
follows: Ĩxx = Ĩyy ∈ [0.1, 0.6] × 10−3 kg·m2, and Ĩzz ∈
[0.2, 1.2]×10−3 kg·m2. Here is the expression of the inertia
of the moment around each axis with regard to the deployable
angle βs ∈ [45◦, 160◦].

B. System dynamics

For a clear description of the dynamics of the morphing
system, we let B = {xbybzb} represent the body frame of the
quadrotor, and E = {xEyEzE} represent the fixed inertial
frame, as shown in Fig. 1(c). The origin of B coincides with
the mass center of the quadrotor, designated as Ob. Define
p = [x, y, z]T as the position of the quadrotor along x, y, and
z expressed in the fixed inertial frame E , and γ = [ϕ, θ, ψ]T

as the attitude of the quadrotor with respect to E . Fi, Mi,
and ωi (i = 1 ∼ 4) correspond to the force, the moment, the
angular velocity generated by the ith motor. τx, τy , and τz
represent the torque around corresponding axis in B frame.

We start with the analysis of forces and torques exerted
on the quadrotor. The total thrust that is generated by four
motors is T =

∑4
i=1 Fi, which is independent of the

morphology as the quadrotor morphs parallel to the zb-axis.
Therefore, the corresponding dynamics can be achieved by
following the standard dynamic model. The torque vector,
τ = [τx, τy, τz]

T, is expressed as

τ =

 τx
τy
τz

 =

 (F2 − F4)L
(F3 − F1)L

M2 +M4 −M1 −M3

 (1)

The dynamic model of the quadrotor can be divided
into two subsystems, translational movement (position) and
rotation movement (attitude).

Position subsystem. The translational dynamics of the
quadrotor are expressed as follows:

mp̈ = [0 0 −mg]T + R̄1T, (2)

where m is the total mass of the quadrotor, g is the gravity ac-
celeration, R̄1 is the transform matrix with R̄1 = [cϕcψsθ+
sϕsψ cϕsψsθ − cψsϕ cϕcθ]T, and cx and sx represent
trigonometric functions cosx and sinx, respectively.

The translational dynamics (2) can be approximated
around the hovering condition, where small attitude angles
are assumed. This assumption makes sense because one of
the original purposes of designing a morphing quadrotor
was to reduce or even avoid maneuvering flights and fly
as horizontally as possible [22]. Hence, the translational
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dynamics around the hovering condition can be expressed
as

p̈ = [0 0 − g]T + R̄1new[ϕ θ T ]T, (3)

where R̄1new = [0 g 0;−g 0 0; 0 0 1
m ]T.

Attitude subsystem. Denote the rotational velocity vector,
also termed as body rate, as ω = [p q r]T to describe the
angular motion of the body in the body frame. The attitude
dynamics of the quadrotor are expressed as

ω̇ = I−1(−ω × Iω + τ ), (4)

where the inertia matrix, I = diag(Ĩxx, Ĩyy, Ĩzz), only
consists of diagonal terms as the quad-rotor is assumed to
be symmetric along its axes.

The rotational velocities ω = [p q r]T in the body frame
are then converted to the Euler angle velocities in the fixed
inertial frame as follows:

[ϕ̇ θ̇ ψ̇]T = R̄2[p q r]T (5)

with R̄2 = [1 tθsϕ tθcϕ; 0 cϕ − sϕ; 0 sϕ/cθ cϕ/cθ],
where tx = tanx, and the small angle assumption allows
the system to avoid singularities (cθ ̸= 0) and make the
sinusoidal value zero, thus [ϕ̇ θ̇ ψ̇]T ≈ [p q r]T.

Therefore, the attitude dynamics (4) can be linearlized
around the operating point as (6), which satisfies ϕ̇ ≈ 0,
θ̇ ≈ 0, and ψ̇ ≈ 0.

[ϕ̈ θ̈ ψ̈]T = [
τx

Ĩxx

τy

Ĩyy

τz

Ĩzz
]T (6)

C. Generalized state-space model
With (3) and (6), the following two linear subsystems can

be described as

[ṗ p̈]
T

= A1[p ṗ]T +B1u1

y = C1[p ṗ]T
(7)

[γ̇ γ̈]
T

= A2[γ γ̇]T +B2u2

y = C2[p ṗ]T
(8)

where u1 = [ϕ, θ, T ]T, u2 = [τx, τy, τz]
T, (A1, B1, C1)

and (A2, B2, C2) are used to define the position and attitude
subsystems in the form of state-space equations, respectively.

It can be concluded that the position subsystem that (A1,
B1, C1) defines is a linear time-invariant (LTI) system, which
is not different from the conventional system, while the
attitude subsystem that (A2, B2, C2) defines is subject to
the varying inertia matrix, which makes (8) become a linear
parameter-varying (LPV) system. For this reason, the attitude
subsystem is highlighted in the following content.

Consider employing an explicit fourth-order Runge-Kutta
method, x(k + 1) = fRK4(x(k),u(k),∆tRK4) to incorpo-
rate the dynamics in discrete time with an integration step
∆tRK4 [15]. Hence, the generalized form of the attitude
subsystem can be expressed as

x(k + 1) = A2d(βs)x(k) +B2d(βs)u2(k)

y(k) = C2dx(k)
(9)

where x(k) ∈ RNx is the state vector, u(k) ∈ RNu is the
control input variables, y(k) ∈ RNy is the controlled output
variables, and the subscript d indicates discretization.

III. CONTROLLER FORMULATION

This section presents the formulation of the MPC by incor-
porating varying parameters and practical constraints to solve
the tracking problem and preserve the quadrotor’s stability.
Fig. 2 illustrates the MPC scheme of the morphing quadrotor,
where a predefined reference trajectory is generated by the
position subsystem to be tracked to produce the desired
thrust, T , as well as roll angle and pitch angle, ϕd and θd,
respectively, thus guiding the attitude subsystem to solve the
control inputs, τx, τy, τz , for stabilization.

A. State-space model with embedded integrator

When x(k) is measurable, the attitude subsystem (9)
can be used directly as a prediction model. To reduce
static errors, this section first presents the incremental state-
space model based on (9) by embedding an integrator. Let’s
parameterize the problem of (9) using the difference of
the state variable and the input increments, ∆x(k + 1) =
x(k + 1) − x(k) and ∆u(k) = u(k) − u(k − 1) to reduce
or eliminate static errors. The model (9) can be modified to
an incremental model (10) with a new state variable vector
x(k) = [∆x(k), y(k)] and a new input variable ∆u(k) to
the state space model.

[
∆x(k + 1)
y(k + 1)

]
︸ ︷︷ ︸

x(k+1)

=A

[
∆x(k)
y(k)

]
︸ ︷︷ ︸

x(k)

+B∆u(k),

y(k) =C[∆x(k) y(k)]T,

(10)

where A =
[
A2d(βs) O;C2dA2d(βs) INy×Ny

]
, B =

[B2d C2dB2d]
T, and C = [ONx×Nx

1].
At this point, the augmented model of the morphing

quadrotor is established, and the next step in the design
of a predictive control system is to calculate the predicted
plant output with the future control signal as the adjustable
variables, consider the constraints, as well as conduct the
optimization based on the cost function.

B. Prediction of states and outputs

The prediction is described within a pre-selected pre-
diction horizon, thus we define the prediction horizon as
Np and the control horizon as Nc, which satisfies Nc ≤
Np. The future state variables are x(k + 1|k), x(k +
1|k), · · · , x(k + m|k), · · · , x(k + Np|k), where x(k +
Np|k) = ANpx(k) + ANp−1B∆u(k) + ANp−2B∆u(k +
1) + · · · + ANp−NcB∆u(k + Nc − 1). In a similar way,
the predicted output can be described as y(k + Np|k) =
CANpx(k)+CANp−1B∆u(k)+CANp−2B∆u(k+1)+· · ·+
CANp−NcB∆u(k+Nc − 1). Define vectors Y and ∆U as
Y = [y(k+1|k) y(k+2|k) y(k+3|k) · · · y(k+Np|k)]T and
∆U = [∆u(k) ∆u(k+1) ∆u(k+2) · · ·∆u(k+Nc−1)]T ,
then a compact matrix can be described as

Y = Fx(k) +H∆U , (11)
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Fig. 2. MPC scheme of the morphing quadrotor.

where F = [CA CA2 CA3 · · · CANp ]T, and

H =


CB 0 · · · 0
CAB CB · · · 0
CA2B CAB · · · 0

...
...

...
...

CANp−1B CANp−2B · · · CANp−NcB

 .

C. Constraints handling

In actual trajectory tracking tasks, the morphing quadrotor
is subject to physical constraints such as restricted dimen-
sions and limited control capacity, which can be either
soft constraints that may be violated if necessary or hard
constraints that must be satisfied. Consider the case of the
quadrotor, which achieves control by varying the angular
speeds of each motor, thus adjusting the force varying within
a range dependent on the motor specification.

In this study, we consider the control input u(k) and
their rates ∆u(k) in the MPC design, umin(k) ≤ u(k) ≤
umax(k) and ∆umin ≤ ∆u(k) ≤ ∆umax with ∀k ≥ 0,
where subscripts min and max indicate the predefined
lower and upper bounds, respectively. This means when
designing the position subsystem (7), the constraints on
the control inputs, u(k) = [ϕ(k), θ(k), T (k)]T and their
rates, ∆u(k) = [∆ϕ(k),∆θ(k),∆T (k)]T will be con-
sidered. Similarly, the constraints on the control inputs,
u(k) = [τx(k), τy(k), τz(k)]

T and their rates, ∆u(k) =
[∆τx,∆τy,∆τz]

T will be considered in the attitude subsys-
tem (8). The constraints on the rates of input change can be
grouped into the form,

[−I I]T∆u ≤ [−∆umin ∆umax]
T . (12)

Then, the input constraints can be written in a form that
incorporates the rates of input change.

u = C1u(k − 1) +C2∆u, (13)

where u = [u(k) u(k + 1) . . . u(k + Nc − 1)]T ∈
[umin,umax], ∆u = [∆u(k) ∆u(k + 1) . . . ∆u(k +Nc −
1)]T ∈ [∆umin,∆umax], C1 = [I I . . . I I]TNc×1, and
C2 = [I 0 0 · · · 0; I I 0 · · · 0; · · · ; I I I · · · I]Nc×Nc

.

By combining (12) and (13), the following compact linear
constraint inequality can be obtained.

−C2

C2

−I
I


︸ ︷︷ ︸

[CC]

∆U ≤


−Umin +C1u(k − 1)
Umax −C1u(k − 1)

−∆Umin

∆Umax


︸ ︷︷ ︸

[DD]

, (14)

where k = 1, · · · , Np.

D. Optimization

In the most general form, MPC stabilizes a system subject
to its dynamics along the desired reference values by mini-
mizing a cost function that is comprised of the error between
predicted outputs, Y and reference values, Rs, subject to
constraints on the system. Finally, the model predictive
control in the presence of hard constraints is proposed as
finding the parameter vector ∆U that minimizes

J = (Rs − Y )T (Rs − Y ) + ∆UTW∆U, (15)

which subjects to the inequality constraints (14) with the
initial value x(0) = x(t0).

Since the cost function, J is quadratic, and the constraints
are linear inequalities, the problem of figuring out an optimal
predictive control becomes finding an optimal solution to a
standard quadratic programming problem. W is a diagonal
matrix in the form that W = rwINc×Nc(rw ≥ 0), where
rw is used as a tuning parameter for the desired closed-loop
performance.

Substituting (11) into (15), we can acquire J = (Rs −
Fx(k))T (Rs − Fx(k)) − 2∆uTHT (Rs − Fx(k)) +
∆uT (HTH + W )∆u. Taking the first derivative of the
cost function J , we then get a new objective function,

J = 1
2∆uT ζ∆u+∆uTη (16)

with constrains [CC]∆u ≤ [DD], where ζ = 2(HTH +
W ) and η = −2HT (Rs − Fx(k)), which are compatible
matrices in the quadratic programming problem.

To solve this quadratic programming problem and reduce
the computational load, a method of Lagrange multiplier,
is used to optimize (16), which can be derived as follows
with λ as the decision variable, min

λ≥0
[ 12λ

TK1λ + λTK2 +
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TABLE I
PARAMETERS OF THE MORPHING QUADROTOR

m (kg) 0.12 g (m/s2) 9.81

β 45◦ 94.5◦ 160◦

L (m) Lmin = 0.095 Lmed=0.132 Lmax=0.168
Ixx (kg·m2) 0.1×10−3 0.4×10−3 0.6×10−3

Iyy (kg·m2) 0.1×10−3 0.4×10−3 0.6×10−3

Izz (kg·m2) 0.2×10−3 0.8×10−3 1.2×10−3

1
2 [DD]T ζ−1[DD]], which subjects to λ ≥ 0, and the
matrices K1 and K2 are given by K1 = [CC]ζ−1[CC]T

and K2 = [DD] + [CC]ζ−1η. The primal variable vector
∆u is attained by

∆u = −ζ−1(η + [CC]
T
λ). (17)

IV. COMPARATIVE STUDIES AND RESULTS

The purpose of designing the model prediction controller
is to track the desired trajectory pd = [xd, yd, zd]

T by
applying constraints to the control inputs including limiting
Euler angles and thrust within a range in the position loop to
avoid large Euler angles that may cause the quadrotor depart
from the operating region, as well as limiting torques within
a range in the attitude loop to avoid the saturation of the
motor’s output. As MPC considers constraints, and with that
comes inherent advantages over other controllers, instead of
demonstrating the comparison of different controllers, this
study focuses on the application of MPC with constrains
to the morphing quadrotor and investigate the attitude per-
formance of the qudarotor under different parameters and
physical system conditions to prove its feasibility. In the
following section, the attitude performance of the quadrotor
will be emphasized and several scenarios are considered to
validate the performance of the proposed controller. Tab.
I illustrates the physical parameters of the custom-built
morphing quadrotor.

A. Test I: comparision of different operation frequencies

As one of the important parameters of MPC, the prediction
time domain, which indicates how many time steps to predict
in the future, determines the degree of the controller’s pre-
diction of the future states. Different prediction time domains
produce different results. By choosing a hardware controller
with suitable operation frequency, the controller can better
predict the future output of the system and correct the input
signal in time according to the current error. Below we tested
the performance of the controller at different operating fre-
quencies to provide a basis for hardware controller selection.

The quadrotor in different sizes at three operation frequen-
cies was conducted. Fig. 3 reprsentatively demonstrates the
attitude tracking performance of the quadrotor in minimum
state in different sampling rates. The desired Euler angles of
the quadrotor are [0.2 0.2 0.2] rad (solid black line). It can be
noticed that the required control inputs [τ1, τ2, τ3] with their
changing rates [∆τ1,∆τ2,∆τ3] are limited within a range
(dashed black line). Besides, it can be seen from the Euler
angles’ plots [ϕ, θ, ψ] that a higher operation frequency of

Fig. 3. Comparison of the control inputs and outputs of the quadrotor with
different sampling rates (50 Hz, 100 Hz and 150 Hz). UB: upper bound,
LB: lower bound.

the controller is conducive to a lower overshoot and faster
stabilization. For example, it takes 0.07 seconds for roll angle
ϕ to reach the desired 0.2 rad under 50 Hz with an overshoot
of 0.209 rad, while 0.04 seconds under 100 Hz with an
overshoot of 0.208 rad and 0.03 seconds under 150 Hz with
an overshoot of 0.202 rad, which also applies to θ and ψ.

B. Test II: comparision of different prediction horizons

Immediately following Test I, we selected different pre-
diction horizons, Np to compare the attitude performance of
the quadrotor. Empirically, the control horizon Nc is greater
than 3 and satisfies Nc ∈ [0.1, 0.2]Np, thus the following
possible combinations are chosen for testing.

[Np, Nc] =[{10, 3}, {20, 3}, {20, 4},
{30, 3}, {30, 4}, {30, 5}, {30, 6}]

The results are plotted in Fig. 4, where three colored
lines, red, blue, and green, represent the results under
predicted horizons of 10, 20, and 30, respectively, and
if the prediction horizon corresponds to different control
horizons, then distinguish them by line styles. It can be
noticed from the plots of ϕ, θ and ψ in Fig. 4 that when
[Np, Nc]=[{10, 3}, {20, 3}, {30, 3}], the overshoot, defined
as os, is smaller than the rest of conditions, and follows
os{30,3} < os{20,3} < os{10,3}. This indicates that the
control horizon Nc = 3 is the optimal value in this case.

To determine a suitable Np, we further investigate the
computation cost corresponding to each combination. The
computation time of the controller in different conditions is
collected on the same platform. The platform used to solve
the optimization problem is a personal computer with AMD
Ryzen 7 6800H with Radeon Graphics @ 3.2GHz processor
with 16 GB of RAM and no parallel computing was used.
The histogram in Fig. 4 demonstrates the average time cost of
the five repeated experiments with different combinations of
[Np, Nc] under different operation frequencies. In general,
with a few exceptions, an increase in operation frequency
or a decrease in the prediction horizon reduces the average
calculation time. The computation time is defined as Tct for
ease of description. According to the bar plot, we have

Tct(50Hz) ∈ [0.33, 0.50]ms ≤ 1

50Hz
,
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Fig. 4. Comparison of the attitude performance and computation cost with
different Nc and Np.

Tct(100Hz) ∈ [0.24, 0.31]ms ≤ 1

100Hz
,

and
Tct(150Hz) ∈ [0.20, 0.27]ms ≤ 1

150Hz
,

which reveals that the computation time is significantly lower
than the one required by the controller frequency, meaning
that it is enough to execute the optimization in a real-time
scheme. Given that the hardware controller we used for
implementation is 100 Hz, thus we chose the case with the
least time expenditure, i.e. Np = 20 and Nc = 3 in this
study.

C. Test III: comparison of different sizes and robustness

Based on the results acquired from Test I and Test II, we
further tested the performance of the quadrotor in different
sizes and investigated their in-flight anti-disturbance capabil-
ities with the controller frequency of 100 Hz, Np = 20 and
Nc = 3. Two indicative types of tests were conducted.

The first is the test of the quadrotor’s attitude performance
in different sizes without disturbance. It should be noted
that the change in size leads to a change in constraints. For
ease of description, here we define min, med, and max to
represent the minimum, medium, and maximum states of
the quadrotor, respectively, so each state has corresponding
constraints, as shown in Fig. 5, where there are three pairs of
constraints for the control inputs, represented by dashed red,
blue, and green lines, respectively. It can be noticed that the
proposed controller can figure out the optimal solution within
the respective constraints to achieve the desired attitude angle
with very small tracking error.

After the quadrotor stabilized, a disturbance was ap-
plied to test the control performance at different sizes. The
random disturbance, denoted as rd, is defined as rdx =
rand(1), rdy = rand(1), rdz = 0.1 × rand(1), where
rand(1) is a normal distribution noise with a mean of 0 and
variance of 1. Fig. 6 shows the response of control inputs
and outputs of the quadrotor in three different sizes when

Fig. 5. Comparison of the attitude performance in different sizes (Controller
frequency 100 Hz, and [Np, Nc] = [20, 3]).

dealing with the disturbance applied at 0.3 sec. It can be
seen that i) the proposed controller can eliminate the impact
of disturbance within 0.05∼ 0.07 seconds to stabilize the
quadrotor, ii) all the control inputs and their corresponding
changing rates are within the required constraints, and iii)
when dealing with disturbance, the bigger quadrotor, which
benefits from the increase of its own force arm, can instantly
generate a larger torque to make the overshoot of the
quadrotor smaller and stabilize faster.

Fig. 6. Comparison of disturbance in different sizes under the condition
of controller frequency 100 Hz, and [Np, Nc] = [20, 3].

V. CONCLUSION

To improve the current situation of little study on low-
level controllers in the field of morphing quadrotors, a model
predictive control considering constraints and embedded
integrators is proposed to solve the problem of variable
parameters in morphing quadrotors. Firstly, a custom-built
morphing quadrotor was introduced to provide the kinematic
and dynamic model for the following study. Then, an em-
bedded integrator was employed in the state-space model
to eliminate the steady-state error; fourth-order Runge-Kutta
was used to discretize the system model; the Lagrange
multiplier was implemented to approximate the control input
sequences to reduce the time cost when executing the opti-
mization. Several scenarios were conducted to demonstrate
the tracking performance of the controller under different
operation frequencies and different prediction horizons, and
to prove the effectiveness of the proposed control strategy
in disturbance rejection and stability. Our ongoing work is
to adopt this method to the flight transition of different
morphing states and include extensive experimental results
to validate the performance of the proposed controller.
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