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Abstract

UAVs operating in cluttered and dynamic environments face limitations when controlled
using conventional Euclidean frameworks, which leads to degraded performance during
aggressive maneuvers. This paper presents a geometry-aware predictive control frame-
work for multirotor UAVs based on a two-manifold-inspired representation of actuator
geometry. The proposed control strategy adopts an MPC-inspired prediction structure
without solving a full online optimization problem. A comparative simulation study is
conducted in MATLAB/Simulink under identical mission, obstacle, and noise conditions
for both the conventional point-mass controller and the proposed two-manifold-based
controller. Performance is evaluated in terms of trajectory tracking accuracy and control
effort. Results indicate that the proposed framework achieves modest improvements in
tracking accuracy and produces smoother control inputs compared to the point-mass
model. It suggests that geometry-aware representations may enhance predictive control
performance in obstacle-rich environments, although further validation under diverse
scenarios is required.

Keywords: UAV; two-manifold-inspired model; MPC-inspired control algorithm; trajectory
tracking; Simulink

1. Introduction

Unmanned Aerial Vehicles (UAVs) are integral to a wide range of civilian and indus-
trial applications. As the autonomy and operational envelope of UAVs expand, control
strategies must cope with nonlinear dynamics, actuator constraints, environmental dis-
turbances, and state-estimation uncertainties [1-3]. Among several approaches, Model
Predictive Control (MPC) is widely used due to its ability to explicitly incorporate predic-
tion, multivariable coupling, and constraints into the control loop [1,4]. MPC has been
applied to UAV trajectory tracking, disturbance rejection, cooperative control, and au-
tonomous landing in both linear and nonlinear formulations [2,3]. The literature indicates
that MPC can provide improved performance compared to classical methods such as
PID and LQR when operating under constraints and in dynamically evolving environ-
ments [1,5,6]. However, the overwhelming majority of MPC-based UAV controllers adopt
point-mass system representations, in which the UAV is modelled about its centre of gravity
(CG) using position, velocity, and attitude states [1,7].
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While point-mass models are simple to design and reduce computational cost, they
introduce certain inherent limitations. The separation of translational and rotational dy-
namics necessitates cascaded or hierarchical control architectures, as well as nonlinear
mapping functions. These mappings can be sensitive to modelling inaccuracies, actuator
saturation, and aggressive maneuvers, thereby limiting estimation fidelity and closed-loop
performance—particularly during disturbances or fault conditions [1,8,9]. As a result, the
quality of prediction in predictive control frameworks remains influenced by the abstraction
imposed by the point-mass model [7,9].

Recent work has explored alternative modelling paradigms that relax the point-mass
assumption. A notable direction is a geometry-based representation in which the UAV is
approximated using multiple vertices corresponding to rotor locations, with constraints
imposed on their relative geometry [9]. In this study, this representation is referred to
as a two-manifold-inspired model, where the term “manifold” is used in a geometric
approximation sense rather than as a strict continuous mathematical surface.

In this representation, control inputs are distributed across actuator-associated vertices
instead of being applied solely at the CG. This enables a more direct relationship between
geometry and actuation and may reduce reliance on intermediate control allocation map-
pings. From a predictive control perspective, such representations can improve consistency
between the internal model and actuator-level behaviour.

Motivated by these observations, this work investigates a geometry-aware predic-
tive control framework based on a two-manifold representation. The proposed approach
adopts an MPC-inspired structure that incorporates prediction horizons without solving
a full online optimization problem. A comparative study is conducted against a conven-
tional point-mass controller under identical operating conditions to evaluate differences
in tracking accuracy and control effort. The objective of this study is to assess whether
geometry-aware representations can provide measurable improvements in predictive con-
trol performance under obstacle-rich conditions.

2. Methodology

The objective of this study is to compare a geometry-aware two-manifold-based
control strategy against a conventional point-mass controller under identical operating
conditions. Both controllers are executed on the same quadrotor dynamic model, sharing
identical mass properties, actuator parameters, noise characteristics, reference trajectories,
and evaluation metrics. To ensure a fair comparison, controller gains, constraints, and
simulation conditions are kept consistent wherever applicable. The primary conceptual
difference between the two approaches lies in the control representation. In the point-mass
controller, control inputs are computed at the CG and subsequently mapped to motor
commands through attitude mixing. In contrast, the geometry-aware controller computes
control actions directly in vertex space, where each actuator corresponds to a discrete
geometric vertex associated with the rotor locations. This approach ensures that any
observed performance differences can be attributed to the control representation rather
than differences in system modelling, parameter selection, or tuning. The comparison
focuses on the effect of modelling representation on system behaviour under a fixed control
structure. Algorithm 1 outlines the parallel implementation of both control strategies within
the MATLAB/Simulink (Version R2026a, MathWorks, Natick, MA, USA). The simulation
using Algorithm 1 was validation was completed using the custom-built script, Matlab
Code S1: Ver_Final.m.
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Algorithm 1: Parallel Execution of Point-Mass and two-manifold-based Controllers

Input:
Initial state x, reference trajectory pref(k), system parameters (m’g’Ts), controller gains
(Kp/Kd/Ki>, horizons (Np/Nu>
Output:
State trajectories, control inputs, RMSE, control effort, per-vertex metrics
Initialization

1. Set simulation time Tfy,1, sSampling time T, and total steps N
2. Initialize UAV state
3. Define quadrotor geometry (4 vertices in body frame)
4. Initialize logs for states, control inputs, and performance metrics
Main Loop (Parallel Execution)
Fork=1 toNdo
1. Reference Update

e Obtain pyefx from Takeoff-Cruise-Landing trajectory
2. Perception
o Detect obstacles within sensing radius sense
o Apply Gaussian noise and missed detection probability

3. Parallel Control Computation
(A) Point-Mass Controller
1. Compute errors
2. Compute desired acceleration
3. Convert to control inputs
4. Apply Quad-X mixing — motor PWM signals

(B) two-manifold-based Controller

1. Transform vertices to world frame
2. Compute vertex errors
3. Compute control per vertex

4. Shared UAV Dynamics Update
1. Compute resultant force Fy
2. Update velocity
3. Update position
4. Add process noise
5. Ensure constraint: max > v, < min
5. Logging
e Store states, control inputs, prediction horizons, and errors
End For

1. Compute RMSE
2. Compute control effort

Consider a quadrotor UAV with n = 4 motors operating in a three-dimensional space.
The UAV is typically modelled as a point-mass system with six DoFs, consisting of three
translational components (position) and three rotational components (orientation). The
motion of the UAV evolves due to the thrust generated by its propellers. Each motor
produces thrust based on an input signal. In practice, these inputs are bounded such that
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the input lies between the minimum and maximum due to actuator saturation. These
limits define the feasible operating range of the system dynamics. While the dynamics
are modelled at the CG, a geometric representation of the UAV structure is incorporated
through a rigid-body transformation. The pose of the UAV is represented using a rotation
matrix R € R3*® and position vector p € R3, defining a homogeneous transformation T. At
any instant, the pose of the UAV is described by its position and its orientation represented
by a rotation matrix R. Together, these define the transformation that maps points from
the body frame to the world frame. Since the CG is treated as a point, the system has six
degrees of freedom given by DoFs = 3 (position) + 3 (orientation) = 6. To incorporate the
physical structure, the quadrotor is modelled with four fixed vertices corresponding to the
motor locations. Each motor is positioned at a constant arm length L from the CG, forming
a rigid planar geometry. In the body frame, the position of the i-th motor can be written
relative to the CG, as cosine and sine multiples of the arm length L, and does not have a
third coordinate. Because the motor is in a two-dimensional hyperplane in 3D Euclidean
space. Thus, each motor position shall be a vertex, and its homogeneous matrix contains the
identity matrix and two coordinates relative to the CG. Upon multiplication, the resultant
transformation matrix of the vertex has R, and the orientation of CG is retained. The
position of each motor in the world frame is obtained using a rigid transformation given by
V_i=Rr_i+ p. In this expression, the rotation matrix R applies the same orientation to
all motor positions, while the vector p translates the entire structure in space. Because the
relative distances between CG and the motor remain constant, the quadrotor behaves as a
rigid body. Although the system is represented by multiple points, these are completely
determined by the same underlying variables (R, p). Therefore, no additional independent
motion is introduced, and the system remains six-dimensional.

This formulation provides geometric consistency without explicitly modelling detailed
rotational dynamics. The orientation encoded in R is implicitly reflected in the positions
of all vertices, ensuring that the entire structure moves coherently. As a result, the motion
of the CG is mapped into n spatial points while preserving the rigid-body nature of the
quadrotor. From a dimensionality and degrees-of-freedom perspective, the system remains
a 6-DoF rigid body. For 3D Euclidean space, if dimensionality D is 3, then DoF is 6 as
D(D + 1)/2. Thus, although the system is embedded in a higher-dimensional Euclidean
space for four vertices in R3, the effective system dimensionality remains constrained by
the underlying rigid-body motion.

The state vector based on observable parameters like position and velocity in Euclidean
space is defined as Equation (1), where p = [, y, z]" denotes the position of the centre
of gravity (CG) and v = [vy, vy, Vi]T denotes the velocity. The continuous-time system
dynamics are given by p = v, and v is defined in Equation (2), where F, € R® represents
the resultant thrust expressed in the world frame, m is the UAV mass, and g = [0, 0, g]*
denotes the gravitational acceleration vector.

X = [pT viT =[x Y Z Vx Vy VilT (1)

V= (1/m)E, g @

The system is discretised using forward Euler integration with sampling time
Ts = 0.01 s, and the state prediction equation is given by Equation (3).

I Tl 0
Xyl = {O ISJXkJr .| 3)
m
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Zero-mean Gaussian process noise with a standard deviation of 0.5 m/ s2 is added to
the acceleration states. To ensure physically realistic motion, the magnitude of the velocity
is constrained to ||vy|| < 85 m/s.

In the point-mass control strategy, the UAV is treated as a single rigid particle located
at its CG. Control inputs are expressed in terms of total thrust T, roll angle ¢, pitch angle
0, and yaw angle . A PID-based state feedback controller in Equation (4) computes the
desired translational acceleration. No receding horizon optimization problem is solved
online; therefore, this approach differs from conventional MPC.

a=erp+K[eV+Ki/epdt 4)

where the position and velocity errors are given by Equation (5) and Equation (6),
respectively.

€p = Pref — P (5)

ey =—v (6)

The desired acceleration is mapped to attitude and thrust commands using small-angle
approximations given in Equations (7)—(9).

0 =ax/g )
¢=-ay/g (8)
T=m(g+ay) )

Motor-level Pulse Width Modulation (PWM) commands are obtained via a standard
Quad-X motor mixing scheme, with proportional stabilization gains applied for roll, pitch,
and yaw. For implementation clarity, gravity compensation is inherently included in
Equation (2) through the constant term g. The controller generates motor commands as raw
PWM values bounded within the range 110-220. These values are subsequently mapped to
actuator-level thrust using a normalized scaling within the actuator model, where PWM
signals are internally scaled by the factor u/255 to obtain equivalent motor voltage [4].

The proposed approach represents the UAV using four discrete vertices corresponding
to the physical rotor locations, forming a rigid geometric structure with fixed inter-vertex
distance [4]. Each vertex is defined in the body frame and transformed into the world
frame using a rigid-body homogeneous transformation. T(p, {) in Equation (10) denotes
the homogeneous transformation parameterized by the UAV position p and yaw angle
. Control is performed directly in vertex space using Equation (11). For each vertex, a
directional tracking error is computed by projecting the displacement between reference
and actual vertex positions onto the outward unit normal vector n,. Independent PID con-
trollers are applied to each vertex to generate incremental motor-level control signals using
Equation (12). All key parameters used in the simulation are tabulated in Table 1, along
with PID parameters. PID gain values are obtained empirically through iterative tuning,
with the objective of achieving stable and asymptotic tracking performance in simulation.
The tuning process is guided by minimizing steady-state error and ensuring acceptable
transient behaviours, including limited overshoot and satisfactory settling time. Both con-
trollers use identical PID gains, actuator limits, noise models, and dynamic assumptions,
ensuring that performance differences arise solely from the control representation rather
than tuning or implementation variations.

Vi=Tp, ) - vi (10)
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e = (Viref - Vi) o

Table 1. Key Parameters used in simulation.

(11)

Parameter Value Description
Sampling time (T_s) 0.01s Discretization
Total simulation time 60s TCL mission

Mass 2.5kg UAV mass

C 4 Quadrotor

Vertex radius 1m Manifold geometry
Prediction horizon (N_p) 30 look-ahead horizon
Control horizon (N_u) 10 Control updates
(Q_p) diag(8, 8, 12) Position weight
(R_u) 0.021 Input penalty
(K_p, K_i, K_d) 6.0,0.2,1.5 PID gains

Velocity limit 8.5m/s Physical constraint
Sensor range 10m Perception limit
Noise std 0.5 m/s? Process noise

This formulation enables geometry-aware distributed control, where coupling between
translational and rotational effects is approximated through the geometric structure and
thrust distribution across vertices. Although prediction horizons and cost functions are
defined, the full finite-horizon optimization problem is not solved online. Therefore, the
proposed approach is more accurately characterized as an MPC-inspired predictive control
strategy rather than a conventional MPC implementation. The prediction and control
horizons are defined as Nj, = 30, Ny = 10, with weighting matrices Q) = diag(8, 8, 12), and
Ry =0.02 I. For CG motion, the quadratic cost function is defined as Equation (13).

Au; = Kp e; + Kge'y + K /eidt (12)

J =™ [Pk — Prefkl* Qp + TierNu [[uk[|* Ry (13)

For the two-manifold controller, the cost is evaluated in vertex space using Equation (14).
Jo = Zat P Zic? [ Vi = Vip™|? (14)

Prediction horizons for both the CG and per-vertex trajectories are logged at every
control step for post-analysis. The simulated environment includes both static and dynamic
obstacles. Static obstacles are modelled as vertical cylindrical structures located at (15 m,
£15 m), each with a radius of 3.5 m and a height of 56 m. Dynamic obstacles are modelled
as spherical objects with a radius of 1.2 m, following sinusoidal trajectories within 60 m
spatial bounds and +3 m altitude variation around the cruise level. Obstacle perception
is limited to a sensing radius of 10 m, with Gaussian noise (0.8, 0.8, 0.6) m in the X,
y, and z directions and a missed detection probability of 0.10. Clearance is defined as
the minimum Euclidean distance between the UAV and the obstacle surface. Obstacle
perception is constrained by a limited sensing radius—tsense = 10 m. Detected obstacle
positions are subjected to Gaussian noise, and a missed-detection probability of Ppss = 0.10
is applied. Only perceived obstacles influence avoidance behaviour. Braitenberg behaviour

https://doi.org/10.3390/engproc2026142005


https://doi.org/10.3390/engproc2026142005

Eng. Proc. 1970, 142, 5

7 of 12

is implemented through directional error projection at each actuator location, where the
displacement between reference and actual vertex positions is projected onto an outward
unit vector. This produces a local stimulus-response mapping, which directly modulates
motor inputs without intermediate planning. Activation of this behaviour is detected when
the projected error falls below a defined buffer threshold.

In the present framework, prediction horizons (Np and Nu) and cost functions are
defined to provide a structured basis for performance evaluation and trajectory analysis.
However, no finite-horizon optimization problem is solved online. Control inputs in both
the point-mass and two-manifold-based controllers are generated using PID-based feed-
back laws derived from instantaneous tracking errors. The prediction mechanism operates
as a parallel analytical layer, in which future state and vertex trajectories are estimated
and associated costs are evaluated at each time step. These predicted trajectories and cost
values are not used to update the control input. Instead, they serve as diagnostic tools that
allow consistent comparison of control behaviour, tracking performance, and geometry-
induced effects across both modelling approaches. This design choice ensures a controlled
comparison between the point-mass and two-manifold-based representations under identi-
cal feedback control structures. Introducing optimization-based MPC would change the
controller class and confound the comparison, making it difficult to isolate the effect of geo-
metric representation. However, it is important to note that all similarities do not guarantee
an equivalent comparison, since the two controllers operate in different control spaces.
The point-mass controller computes errors at the CG, whereas the two-manifold-based
controller operates on vertex-level projected errors with distributed actuation.

Trajectory tracking performance is evaluated using the root mean square error (RMSE)

in Equation (15).
RMSE = \/[(1/N)Zk1N”pk ~Prefk |2} (15)
The control effort is quantified as Equation (16).
N 4
Effort = 2 2 “zz,k (16)
k=1i=1

Additional metrics include per-vertex RMSE and settling time defined using a 2% error
tolerance band. Control smoothness is evaluated indirectly through the temporal variation
in PWM signals and stage cost evolution. The two-manifold-based approach exhibits
reduced high-frequency oscillations in both error trajectories and control inputs, indicating
smoother system behaviour compared to the point-mass model. The cost function consists
of a quadratic position tracking error term and a control effort penalty proportional to the
squared motor inputs. This formulation allows direct comparison of tracking performance
and actuation efficiency between the two approaches.

In addition to tracking performance, obstacle avoidance safety is evaluated using the
minimum clearance metric. The minimum clearance is defined as the smallest Euclidean dis-
tance between the UAV and surrounding obstacles, adjusted by obstacle radius, computed
over the entire simulation horizon. The minimum clearance is defined as Equation (17).
Where py is the UAV position and 1 is the obstacle radius.

dmin = ]r(nin(|pk - pobs‘ - robs) (17)

3. Results and Discussions

A full closed-loop simulation was conducted for 60 s with a sampling time of
Ts = 0.01 s, resulting in 6000 discrete steps. The system operated continuously under
Braitenberg-style obstacle avoidance, which remained active throughout the entire sim-
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ulation. At intervals [0.00, 59.98]: during take-off to landing, dynamic obstacles were
encountered. The minimum obstacle clearance was explicitly computed throughout the
mission by evaluating the distance between the UAV and each obstacle at each simulation
step. A near-collision event is defined as clearance below 0.5 m. The results show that the
minimum clearance remained strictly positive, with values of 6.967 m for the two-manifold-
based controller and 6.936 m for the point-mass controller. No collision or near-collision
events were observed, confirming safe operation under continuous Braitenberg-style avoid-
ance. This also leads to a potential hypothesis that the obstacle-avoidance mechanism did
not merely rely on implicit safety margins but maintained measurable geometric separation
throughout execution. In both approaches, Braitenberg logic follows the same underlying
principle of directly mapping the tracking error to control inputs without intermediate
planning or optimization.

The key distinction, however, lies in where this mapping is applied. In the point-mass
approach, the mapping is performed at a single global level using the CG, resulting in
a centralized response where all actuators respond uniformly to a common error signal.
In contrast, the two-manifold approach distributes this mapping across multiple vertices,
where each vertex generates its own local response based on directional error, forming
a distributed control mechanism. This transition from centralized to distributed mecha-
nism alters the system behaviour, where the two-manifold demonstrates a potential for
smoother and more coordinated motion due to spatially resolved control. The spatial
behaviours of the UAV in a cluttered three-dimensional environment are illustrated in
Figure 1, which shows the environment, obstacles (minarets), and the resulting trajecto-
ries of the two-manifold and point-mass models. This result highlights a key advantage
of the two-manifold formulation, viz., forces are spatially distributed across the vehicle
topology rather than being applied at a single point. Table 2 presents the performance-
based metrics extracted from the simulation, which quantitatively support observations.
It must be noted that the input effort values for V1-V4 represent per-vertex contributions
in the two-manifold-based formulation. The total input effort for the two-manifold-based
model is obtained by summing these values across all vertices, resulting in a total effort of
101,898. The observed performance differences reflect the combined influence of control
representation and error formulation rather than geometric representation alone. No formal
gain-sensitivity or robustness analysis was conducted in this study, and this remains an
area for future investigation.

Table 2. Performance metrics summary.

Entity RMSE Settling Time (s)  Input Effort
V1 10.644 59.98 26,830

V2 10.647 59.98 25,951

V3 10.638 59.98 24,141

V4 10.635 59.98 24,976
Average (Two-Manifold-Inspired 10.641 59.98 25 475
Controller)

Two-Manifold-Based Controller 5
Total Input Effort 10110
VCG (Point-Mass) 10.898 59.98 1.03 x 10°
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Each vertex of the proposed model achieves nearly identical RMSE values (~10.64 m),
indicating uniform tracking quality across the structure. The average RMSE (10.641 m) is
lower than the point-mass CG RMSE (10.898 m), corresponding to an approximate reduction
of 2.4%. The total input-effort metric also shows a small reduction of approximately 1.1%
relative to the point-mass controller. All vertices and the point-mass CG exhibit settling
times equal to the simulation horizon (59.98 s), indicating that neither controller reaches
a conventional steady-state under continuous Braitenberg-style avoidance. Therefore,
stability should be interpreted in terms of bounded tracking behaviour rather than classical
settling performance. The accumulated cost and tracking error evolution are shown in
Figure 2. The proposed model exhibits a smoother variation in cost and control signals
compared to the point-mass formulation. This suggests that the distributed control structure
can moderate abrupt control actions by redistributing actuator demand across vertices.
Similarly, the PWM profiles shown in Figure 3 indicate lower peak values and smoother
temporal variation for the proposed controller. This corresponds to a reduction in the
summed squared control-input metric rather than direct energy consumption.

Environment + CG and 4 Topology Vertex Trajectories i'.'_'_'_'_'_'_'_ilgmargts
yn tl
Dyn tMid
Dyn tEnd
——— 2-Manifold CG
= = .Point-mass CG
-------- CG Reference
Vi
V2
e, V3
L T V4

150

50
100

X [m] 150

-150 Y[m]

Figure 1. Environment, obstacles (minarets), and the resulting trajectories of the two-manifold and
point-mass models.

Such characteristics may indicate less aggressive actuation and smoother operation;
however, actuator stress, energy consumption, and hardware-level effects are not explicitly
modelled in this study. The reported results are based on a single simulation scenario
and should be interpreted as preliminary. Additional simulations under varied conditions
would be required to establish generality.

Overall, the results suggest that the two-manifold-inspired representation provides
modest but consistent improvements in tracking accuracy and produces smoother control
inputs compared to the point-mass formulation. While the quantitative differences are
relatively small, they indicate that incorporating geometric structure at the actuator level
may improve the consistency between the system representation and control action. It is
important to emphasize that the observed performance differences are attributed to the
modelling and control representation rather than changes in controller design. Further
validation under diverse scenarios is required to draw stronger conclusions regarding
robustness and practical applicability.
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2-Manifold
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Braitenberg active
2-Manifold
== == Point-mass
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o
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Figure 2. Performance for the entire mission.

Motor 1 Motor 2
. 250 T
W LrLr iy
200
& 150
p=
E 100
50 2-Manifold 50 2-Manifold
= == == Point-mass = == == Point-mass
0 : : 0 : :
0 20 40 60 0 20 40 60
Motor 3 Motor 4
. 250 T
200
¥ 150
=
o 100
50 2-Manifold 50 2-Manifold
= == = Point-mass = = = Point-mass
0 : - 0 : :
0 20 40 60 0 20 40 60
Time [s] Time [s]

Figure 3. PWM comparison for four motors (two-manifold-based vs. point-mass models).

4. Conclusions

This work presented a geometry-aware predictive control framework for multiro-
tor UAVs that departs from conventional point-mass representations by incorporating
a vertex-based geometric structure associated with actuator locations. A comparative
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simulation study was conducted between a conventional point-mass controller and a
two-manifold-inspired predictive control strategy under identical mission profiles, environ-
mental conditions, actuator constraints, and noise characteristics. The only distinguishing
factor was the control representation: CG control versus vertex-level control, ensuring a fair
basis for comparison. The results indicate that the proposed geometry-aware framework
achieves modest improvements in trajectory tracking accuracy and produces smoother
control inputs compared to the point-mass approach. While the observed differences are
relatively small, they are consistent across the simulation scenario and suggest potential
advantages of distributing control actions across actuator-associated vertices. The study
highlights that predictive control performance is influenced by the underlying system
representation. In this regard, the proposed two-manifold-inspired representation provides
a structured way to incorporate actuator-level geometry into the control process. How-
ever, since full rigid-body rotational dynamics and online optimization are not explicitly
modelled, the approach is more accurately characterized as an MPC-inspired predictive
control framework. Safety metrics such as minimum obstacle clearance, collision count,
and near-collision events are not explicitly quantified in this study and remain part of
future work.

Overall, the findings suggest that geometry-aware representations may enhance pre-
dictive control behaviours in obstacle-rich environments, although further validation is
required. Future work will focus on extending this framework to more comprehensive
dynamic models, conducting extensive simulation studies under varied conditions, and
validating performance through real-time or hardware-based implementations.
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CG Centre of Gravity
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RMSE Root Mean Square Error

PWM Pulse Width Modulation
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TCL Takeoff-Cruise-Landing

DoF Degrees of Freedom

V1-V4  Vertices 1 to 4 of the Two-Manifold-Based Model
Vavg Average of Manifold Vertices

VCG Centre-of-Gravity State (Point-Mass Model)

Ts Sampling Time

Np Prediction Horizon

Nu Control Horizon

Qp State (Position) Weighting Matrix
Ru Control Input Weighting Matrix
Fv Resultant Thrust Vector

g Gravitational Acceleration

© Roll Angle

0 Pitch Angle

P Yaw Angle

Quad-X Quadrotor Motor Configuration
rfi Unit Normal Vector at Vertex i
e Vertex-Level Tracking Error

R3 Three-Dimensional Real Space
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