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Abstract: In this study, a continuous constrained dual-loop predictive control method is
proposed for trajectory tracking of quadrotor unmanned aerial vehicle, considering both physical
and environmental restrictions. Using the predictive approach, the operational constraints of the
quadrator are formulated and incorporated into an optimal control framework. The constrained
control law is then derived by solving an equivalent optimization problem. The stability of the
constrained closed-loop system is analyzed using Lyapunov’s second method, and the system’s
response bounds are determined in terms of prediction time. The effectiveness of the proposed
approach is validated through computer simulations. A comparative analysis with existing
literature demonstrates that the proposed method efficiently combines trajectory tracking and
obstacle avoidance while remaining computationally feasible.
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1. INTRODUCTION

The field of quadrotor Unmanned Aerial Vehicle (UAV)
has seen significant advancements in recent years, driven
by their growing applications in industrial and technolog-
ical domains. Among the various research challenges in
UAV control, trajectory tracking remains a fundamental
problem, particularly in control and robotics (Lee and
Kim, 2017). Achieving precise trajectory tracking requires
advanced control strategies capable of handling system
dynamics, external disturbances, and environmental un-
certainties while maintaining computational efficiency for
real-time execution (Wang and Boyle, 2024).

A key challenge in UAV trajectory tracking is satisfying
constraints like input limits and obstacle avoidance, as
neglecting them can cause instability or mission failure
(Zhao et al., 2021). Researchers have explored various
approaches to mitigate obstacle avoidance issue, including
constrained path planning algorithms and constrained
trajectory tracking control methods.

In the context of path planning, several studies have
focused on generating collision-free trajectories. For in-
stance, Yu et al. (2019) proposed a method that integrates
Markov decision processes with differential flatness to com-
pute safe trajectories. Similarly, Wen et al. (2015) intro-
duced a receding horizon-based approach combined with

the rapidly-exploring random tree (RRT) algorithm to
navigate dense obstacle environments. Additionally, Wang
et al. (2022) developed a hybrid path planning algorithm
that integrates the A* search method with potential field
techniques. Finally, Li et al. (2025) proposes an MPC-
based online planner that adjusts the reproduced trajec-
tory to avoid collisions in the presence of obstacles. Al-
though these methods demonstrate effective path planning
capabilities, they often suffer from high computational
complexity, making them challenging for real-time UAV
applications with limited onboard processing power.

Beyond path planning, extensive research has been con-
ducted on integrating constraint-handling techniques di-
rectly into UAV control strategies. Model Predictive Con-
trol (MPC) has been widely used for optimizing UAV
trajectory tracking under constraints (Khodaverdian et al.,
2025; Lin et al., 2024). Wang et al. (2024) proposed a
dual MPC approach that leverages control Lyapunov and
control barrier functions to maintain formation and ensure
collision avoidance in multi-quadrotor systems. While clas-
sical MPC suits linear systems, applying it to nonlinear
UAVs is computationally demanding and often overlooks
uncertainties and disturbances, affecting real-world perfor-
mance (Wang et al., 2022).

To address these limitations, this paper proposes a novel
continuous predictive control strategy for UAV trajectory
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tracking under operational constraints. Unlike existing ap-
proaches, the proposed method efficiently integrates tra-
jectory tracking and obstacle avoidance while maintaining
computational feasibility. By leveraging predictive mod-
eling and optimization techniques, our approach ensures
robust performance under system uncertainties with mini-
mal computational overhead. The key contributions of this
work are as follows:

e A predictive modeling framework based on Taylor
series expansion is developed to estimate the future
error dynamics of UAVs, allowing for the derivation
of a constrained control law with low computational
complexity.

e Stability is analyzed via Lyapunov’s method, yielding
response bounds and tuning insights.

e Trajectory tracking is validated via simulations, with
improved performance over Sliding Mode Predictive
Control (SMPC) (Kang et al., 2021) in multiple
aspects.

The paper is organized as follows: in Section 2, the system
modeling is presented. The control strategy formulation is
discussed in Section 3, followed by the stability analysis in
Section 4. Section 5 covers the simulation results. Finally,
Section 6 presents the conclusion.

2. SYSTEM MODELING

The mathematical framework for quadrotor UAV dynam-
ics is presented in this section, including both transla-
tional and rotational equations of motion. The governing
equations presented here are based on previous research
(Cabecinhas et al., 2014). The rotation matrix R € SO(3)
is used to describe the orientation of the UAV from the
body frame to the earth frame, denoted as R]]E :B— E.
This rotation matrix is orthonormal, and its expression is
given by

“ CopCO SPSkpCyp — SypCe ChCohSe + SeSy
Ry = |cosy SeSyse +CoCy CoSyse —sgCy |, (1)
—Sp S$Co CpCoh
where sp = sin(p) and cp = cos(p) for p = ¢,0,1¢. The
UAV’s dynamics equations are expressed as
L ok
v = —(Rge - G),
—(Rgesfr — G)

Q=J"'(-QIQ+T+7T4),

(2a)
(2b)

where, v € R? is the linear velocity vector, ez = [0,0,1]T
represents the unit vector along the z-axis, m denotes
the total mass, G = [0 0 mg]" corresponds to the
gravitational force, where ¢ is the acceleration due to
gravity and fr € R refers to the thrust produced by
the rotation of the rotors. The positive definite matrix
J € R3*3 represents the system’s inertia, Q—_[p ¢ 7|7 €
R3 is the angular velocity vector, 7 € R3 and 74 € R3
denote the control and disturbance torques. Additionally,
the kinematics are described by

p = Uv (3&)
£ ="T09, (3b)

where p € R? is the position vector, £ € R? is Euler
attitude and T'(4 ) is defined as

1 S¢t9 C¢t9
T =10 cp —s 4
@o = |0 G0 el (4)
Co Co

where tg = tan(6).

To facilitate further derivations, the second derivative of &
can be obtained using the nominal dynamics given in (2b)
as

é = T(@g)ﬂ + T(@g)f + T(¢,9)J71(T + Td), (5)
where f = JH(—Q x JQ).

3. CONTINUOUS PREDICTIVE CONTROL
STRATEGY FORMULATION

Given the quadrotor’s underactuated nature, a dual-loop
strategy is employed: the outer loop controls position by
generating thrust and Euler angle commands, while the
inner loop manages attitude and ensures precise trajectory
tracking via torque control.

An optimization-based control law is designed to han-
dle disturbances and physical constraints. By predicting
system responses and solving a quadratic optimization
problem, an optimal constrained controller is formulated.
Spatial constraints and input constraints are integrated
through a prediction-based transformation, ensuring prac-
tical and efficient control. Figure 1 illustrates the proposed
control framework.
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Fig. 1. The overview of the proposed algorithm.

3.1 Position Loop

This section designs an outer-loop controller that facil-
itates precise trajectory tracking by supplying roll and
pitch commands to the inner loop. To continue with fur-
ther derivations, we consider the nominal dynamics (2a),
with the designed thrust fr. The vector u, € R3, repre-
senting the virtual control input, is defined as

1
up = — (R%eng - G) = [t uy, 2] T, (6)

where the individual control inputs ug, uy, u., respectively
associated with the translational motion along the x,y, 2-
axes, are described as

1
Us = — (cysocy + sysg) fr,

uy = — (sysecs — cyse) fr, (7)

1
m
1
Uz = — (coce) fr — g

To derive a nonlinear position control law in closed form,
a one-step-ahead predictive approach is utilized. This
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method predicts the future position p(t + h) using Taylor
series expansion and determines the current control input
u,, by minimizing the predicted tracking errors (Jamshidi
et al., 2025).

By considering the UAV position as the system’s output,
a performance index that penalizes the next tracking error
is defined as

I = %[p(t +h) —py(t+h)]"[p(t + h) — py(t +R)]. (8)

where, p,(t + h) € R3 represents the desired position,
and h > 0 is allocated for the prediction time.The future
behavior of the output and the desired one should be
approximated using a Taylor series. The order of expansion
is limited by the output degree relative to the control input
(Jamshidi et al., 2023). Since p = u,, the control torque
appears in the second derivative of the position and thus,
the relative degree is k = 2. Therefore, the Taylor series
expansion of the position and the desired one is given by
2
p(t+h) =p(t) + hp(t) + D), )
2
Palt + 1) =pa(t) + hipy(t) + al0).

In position control design, it is essential to account for
position constraints, which include spatial limitations such
as no-fly zones. The following condition ensures collision
avoidance:

||p _pobs”2 > D27 (10)
where p,,, € R? denotes the position coordinates of all
fixed obstacles in the environment, and D € R is the
minimum distance. Following one-step-ahead prediction
approach, the control input is designed to maintain the
obstacle distance above the minimum allowable threshold
at the next time step, meaning that

Ip(t + h) = Poys|* = D2, (11)
By considering Eq. (9) and n = p—p,,, the left-hand side
of (11) is rewritten as

o2,
f=4m+hp+5m—pwﬂz (12)

After simplifying Eq. (12), it takes the following form

2
T

Zup up.

(13)
The constraints must also be convex and linear with
respect to u,. Given that Eq. (13) is nonlinear in u,, it is
linearized around u, = 0 (Vargas et al., 2022). Note that,
in highly nonlinear or concave environments, nonlinear
constraints may lead to local minima and complicate the
optimization process. In this work, obstacle constraints
are linearized and treated as soft constraints to enable
real-time implementation. Let © represent the linearized
approximation, which is defined as

On*(0)
811 (up - O)
P

= [P+ 1B = Pops|* + h*(p + hip — Do) -
By considering (14), the constraint arising from the non-
collision condition can be expressed as follows:

M'u, > (D* - N), (15)
WhereM:hQ(p+hp_pobs) and N = ||p+hp—pob5||2

By substituting (9) into (8), The constrained optimal
control problem is described as

= [p+hp — Pops|I> + h2(P+ D — Dops) "1y +

7 =n*(0) + (14)
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1 ht
I, = Il;llin §‘I>T(I> +h2®Tu, + gu;up, (16)

subject to M 'u, > (D? — N),

where ® = (p—p,)+h(p—p,). The Karush-Kuhn-Tucker
(KKT) theorem provides an analytical method for solving
this optimization problem. To apply this theorem, the
constraints from Eq.(15) must be rewritten in the following
form

ik = —Up, +ul" <0 k=1,23,

(17)
where n represents the number of obstacles and ujlf:’ is
the upper bound of constraint. Therefore, the optimality
conditions according to the KKT theorem can be written
as follows (Jamshidi and Mirzaei, 2024; Najjari et al.,

2022)

1=1,.,n.

n

6(1119
A _ k=1,2,3 18
8um ; D (18a)
Aikqik - Oa i = 1a 2 (18b)
gn <0,  i=1,2 (18¢)
Aip > 0. (18d)

where \;;, denotes the Lagrange multiplier related to the
constraints. Using the constraints (17), Eq. (18a) can be
expressed as follows:

ol

— =cC. 19
Dy (19)
For further explanations on the KKT optimization condi-
tions, additional details are provided by Jamshidi et al.
(2023). Finally the closed-form expression of the con-
strained control law, in terms of the vector ¢, is obtained

as
2

2 o kP 4
Up = — 35 [P = pa+ M —Pg) — 5rPal + 53¢ (20)
Considering Eq.(7), the rotor-generated thrust is com-
putable from the virtual control input vector from Eq.

(20). Thus

fr=my[(u. +9)* + 1 + 3. (21)

The control signal fr will be applied directly to manage
the quadrotor’s motion. The remaining reference angle
trajectories, namely ¢4 and 64, can be derived directly
from the translational motion as

64 = arctan (cos 04 (ugp sinthg — uy cos z/Jd)> 7
u; +g (22)
f4 = arctan (um C0s Y + ty Sin wd) .
Uy + g

Finally, the reference trajectory for tracking has been
finalized and transferred to the rotational subsystem.

8.2 Attitude Loop

The outer-loop control defines the desired state for the
inner-loop, which uses a nonlinear predictive controller
to track these states while considering torque constraints.
Similar to the previous section, the FEuler angles have a
relative degree of & = 2, where the control input first
explicitly appears. The Taylor series expansion of the
angular attitude vector and the desired one is expressed
as (Jamshidi et al., 2024)
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2

E(t+p) =€)+ (M) +E), (234)

€a(t+p) =€ (1) +pka () + S-E4 (1),

where p represents the prediction time. By substituting
Equations (3b) and (5) into (23a), the following equation
is obtained:

E(t+p) =€+ pT (4,6)2

2 .
+% [T((b,g) (f + JflT) + T(¢7g)ﬂ} .

(23b)

(24)

At this stage, the performance index is defined to penalize
the next-step tracking error as follows:

B(r(0) = 5 [E(t+p) ~ Ealt+ ] 16+ )~ (04 9)].
(25)
The quadrotor motors can generate a limited torque. Thus,
the following condition holds for the control torque vector:
7_min S T S Tmax. (26)
In the above equation, 7™ € R? and 7% € R? represent
the control input constraints defined based on motor
capacity. Now, the constrained control law is determined
by minimizing the performance index (25), while ensuring
that the constraint (26) is satisfied. By applying KKT
theorem, the final form of the constrained control law,
using Lagrange multiplier vector z € R3, is expressed as

{5 — &+ 0(Tp,0)82) — p€,

2 i1
T=——J T
p (,6)

(27)

2
2
)

2
(T (4,6)2 + T(¢,e)f)} - ?éd

4 J71T71

T T
o w0 Lgod 2

4. STABILITY ANALYSIS

In this section, the stability of both the inner and outer
controllers is thoroughly analyzed to ensure their robust-
ness and effectiveness within the control system.

4.1 Outer controller stability

Theorem 1. The UAV dynamics in Eq. (2a) remain uni-
formly bounded under the control law (20), even with
the constraints (26). Additionally, to ensure the response
converges to a compact set, the prediction time must not
exceed a certain limit.

proof. By applying the control law (20) to the system
dynamics (2a), the resulting closed-loop dynamics for the
position can be expressed as

2 4

.2,
é+ Ee+ 72€= 71 (28)

where e = p — p, is the tracking error.The right-hand side
of Eq. (28) represents a bounded perturbation due to con-
strained control inputs and nonzero Lagrange multipliers.
Given their bounded nature in the convex optimization
problem, the attitude dynamics can be reformulated as a
second-order differential equation. Solving this equation
and applying the comparison lemma yields

t +5ih2
po 2

ei(t) < Be 7 <sin (29)

1933
Since h is positive, it follows that
) S;h?
lim e; = . (30)
t—o0

in’ e; remains within
£

By selecting h such that h? <
lle;ll < €, making h a crucial parameter in position
convergence. The boundedness of é(t) is analyzed using
the following Lyapunov function:

1 1
V= ﬁeTe + 5eTe > 0. (31)
Taking its time derivative, we obtain
. 2 4
V= fEéTé + ﬁéTc. (32)

From (32), applying the inequality ab < da® + Z—Z with
d= % results in

. 1,.+,2 4
V< =271+ el (%)
Considering the upper bound
lel® < s (34)
yields
. 1.2 4 4

Using ||e;|| < € and Eq.(31), this can be rewritten as
-2
V< TV + L. (36)

where L = h%||e||2 + 7742, Solving (36) and using the
comparison lemma gives

hL . - hL
V < (V(0) - 7)eT2t + 5 (37)
Since h > 0, the Lyapunov function remains bounded as
. hL
tli)rgo V= 2 (38)

It follows that both V and & are bounded. This completes
the proof. [J

Remark 1. Selecting the Taylor series order equal to the
system’s relative degree (e.g., k& = 2) ensures accurate
tracking performance, even under fast maneuvers. The
truncation error remains negligible, and asymptotic sta-
bility is guaranteed in the absence of input constraints
(Gharamaleki et al., 2020).

4.2 Inner controller stability

Theorem 2. The quadrotor UAV dynamics, as given in
Eq. (2b), remain uniformly bounded when the constrained
control law (27) is applied.

Proof. The closed-loop dynamics are obtained by incorpo-
rating the controller (27) into the system equation,
.2, 2
E+t—€e+ 5e=
P P

4
ET(«:{IB)JTC + T(q:)’g)Td. (39)

where e = £—& is the vector of tracking error. By defining

k; = 1,2, 3 for the ith element of the vector ;TT(_JO)JTC—&—

T (4,6)Ta in Eq. (39), the error dynamics can be rewritten

as follows: 5 5
€+ —& + & =K. (40)

p PP
As the expression on the right side of the error dynamics
in Eq. (40) remains bounded, the proof follows the same

approach as in Theorem 1. [J
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5. SIMULATION RESULTS AND PERFORMANCE
EVALUATION

This section evaluates the proposed controller’s reliability
in handling obstacle avoidance and torque limits through
MATLAB simulations, and compares its performance with
SMPC. The discrete-time SMPC method (Kang et al.,
2021) has been extended in this study to accommo-
date quadrotors while explicitly incorporating spatial con-
straints. The prediction time was set to h = 0.1 for the
outer controller and p = 1.1 for the inner controller.

© obstaclel
© obstacle2

y (m) 0 -5 x (m)

Fig. 2. Comparison results of path tracking in propose
method and SMPC.

To introduce real-world uncertainties, the thrust input was
perturbed by a time-varying disturbance modeled as
0(t) = 0.06 sin(27t) + 0.06 sin(7t)
In addition, external disturbances acting on the UAV are
modeled as
0.002(sin(t) 4 sin(0.5¢t))
T4 = |0.002(cos(0.5t) — cos(0.8t)) | .
0.002(sin(t) cos(0.8t))

Sensor imperfections were introduced through gyroscope
noise, including an angle random walk (ARW), bias insta-
bility, and a constant bias offset of approximately. Addi-
tionally, two no-fly zones are considered at the coordinates
pob51 = [097253’75]T and pob52 = [_1’75’23]T' The
comparison results of the proposed controller are shown
in Figs. 2 to 4. In Fig. 2, the trajectory of the quadrotor
is illustrated, demonstrating its capability to navigate the
environment while maintaining a safe distance from re-
stricted zones. It is observed that SMPC undergoes more
intense chattering near the no-fly zones. In contrast, the
proposed controller provides a smoother response while
strictly enforcing constraints.

Euler attitudes tracking and control inputs, presented in
Fig. 3, confirm that the applied torques are effectively con-
strained to 0.2 N-m, ensuring compliance with actuation
limits. These results validate the proper implementation of
control input constraints. To enforce spatial constraints,
the minimum allowable distance between the quadrotor
and the no-fly zones is set to 5 meters, as shown in
Fig. 4. The magnified section of Fig. 4 illustrates that
the quadrotor effectively maintains this distance, as all
trajectories remain above the predefined threshold.

The proposed controller exhibits reduced control torque
demand compared to SMPC, leading to smoother actuator
dynamics. This contributes to lower energy consumption,
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posed method), (b) Euler attitude and desired value
(SMPC), (c¢) Thrust and control input comparison.

350 350

300 300
2501, 250F™,

200 M 200 RS

di(

150 =150

100 0

100 " Soar
20 50,7 WV
e,
A

150 200

50

Fig. 4. Distance to no-fly zones: (a) Proposed method, (b)
SMPC

mitigated mechanical and thermal stresses, and enhanced
longevity of both actuation systems and power electronics.
A key advantage of the proposed method is its ability
to efficiently forecast future system behavior using Taylor
series expansion, without the heavy computational burden
of SMPC. This makes it highly suitable for real-time
applications.

Another advantage of the proposed approach is the ease of
parameter tuning. While SMPC requires intricate param-
eter adjustments that can be challenging to optimize, the
proposed method offers a more intuitive and straightfor-
ward tuning process, enhancing its practical applicability
in UAV control.

Controller Proposed Method SMPC
MSE 2.2281 3.3494
RMSE 1.4927 1.8301
MAE 0.1768 0.3790
Control effort  [0.4356, 0.4258, 0.4869] T [0.4951, 0.4806, 0.5374]
Comp. Time (s) 1.0829 6.5579

Table 1. Performance evaluation of controllers
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The results of the comparison between the two meth-
ods are presented in Table 1. The evaluation metrics in-
clude mean square error (MSE), root mean square error
(RMSE), mean absolute error (MAE), control effort and
computation time. According to the data in this table,
the proposed method achieves lower error values across
all metrics while significantly reducing computation time.
These results indicate that the proposed controller not
only improves tracking accuracy but also enhances com-
putational efficiency compared to the alternative method.

6. CONCLUSION

This paper presents a continuous constrained predictive
control method for quadrotor trajectory tracking, focusing
on input limits and obstacle avoidance. The results show
that the proposed method tracks the trajectory effectively,
handles torque limits, and keeps a safe distance from no-fly
zones. It performs better than other methods by reducing
energy usage and avoiding unnecessary movements. Ad-
ditionally, its efficient prediction technique makes it well-
suited for real-time applications in dynamic and complex
environments.
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