. machines

Article

A Digital Twin Model for UAV Control to Lift Irregular-Shaped
Payloads Using Robust Model Predictive Control

Umar Farid 1@, Bilal Khan 23

check for

updates
Academic Editor: Raul D.S. G.
Campilho

Received: 13 October 2025
Revised: 7 November 2025
Accepted: 12 November 2025
Published: 20 November 2025

Citation: Farid, U.; Khan, B.; Ali,
S.M.; Ullah, Z. A Digital Twin Model
for UAV Control to Lift Irregular-
Shaped Payloads Using Robust Model
Predictive Control. Machines 2025, 13,
1069. https://doi.org/10.3390/
machines13111069

Copyright: © 2025 by the authors.
Licensee MDP], Basel, Switzerland.
This article is an open access article
distributed under the terms and
conditions of the Creative Commons
Attribution (CC BY) license

(https:/ / creativecommons.org/
licenses /by /4.0/).

, Sahibzada Muhammad Ali 1@ and Zahid Ullah 4*

Department of Electrical Engineering, COMSATS University Islamabad, Abbottabad Campus,

Abbottabad 22060, Pakistan; umarfarid@cuiatd.edu.pk (U.F.)

Department of Control and Instrumentation Engineering, King Fahd University of Petroleum and Minerals
(KFPUM), Dhahran 31261, Saudi Arabia; bilal khan@kfupm.edu.sa

3 Center for Sustainable Energy Systems (IRC-SES), King Fahd University of Petroleum and Minerals (KFPUM),
Dhahran 31261, Saudi Arabia

Dipartimento di Elettronica, Informazione e Bioingegneria, Politecnio di Milano, 20133 Milano, Italy
Correspondence: zahid.ullah@polimi.it

Abstract

This paper presents an innovative digital twin (DT) model integrated with robust model
predictive control (MPC) to enhance the performance of an unmanned air vehicle (UAV)
tasked with lifting and transporting irregular-shaped payloads. Traditional UAV control
systems face complex challenges in stability and accuracy when dealing with asymmetrical
payloads, as such payloads cause continuous shifts in the center of gravity (CoG) and
variable inertial forces, which lead to unpredictable flight dynamics. The proposed DT
framework enables the creation of a real-time replica of the UAV payload system. It creates
an adaptive control environment that anticipates and mitigates disturbances before they
impact the stability of the UAV during a mission. By combining a DT with MPC, the control
system dynamically adjusts to variations in payload characteristics, namely (a) changes
in mass distribution and (b) aerodynamic drag force. As a result, a stable flight path is
ensured even under challenging environmental conditions. The DT model continuously
forecasts potential destabilizing events and modifies MPC constraints to accommodate
complex shifting dynamics, achieving improved control accuracy and energy efficiency.
Extensive simulations across various hanging payload configurations and environmental
disturbance scenarios validate the effectiveness of the proposed model. The simulation
results show that the DT-MPC strategy significantly improves stability, control precision,
and energy conservation, outperforming conventional methods. A comparative analysis
is also carried out with a conventional control scheme to validate the robustness of the
proposed framework. This research work advances the development of intelligent, au-
tonomous UAV systems capable of reliably managing complex and irregularly shaped
payloads with varying mass distributions in real-world scenarios, thereby broadening their
potential applications in logistics, emergency response, and industrial transportation.

Keywords: digital twin; model predictive control; UAV stability; irregular payload handling;
drone control systems; real-time control; payload dynamics; robust control

1. Introduction

UAVs, commonly known as drones, have shown exponential growth in adoption
across different sectors, such as (a) logistics, (b) healthcare, (c) agriculture, (d) construction,
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(e) industrial inspections [1]. Their capacity to deal with different scenarios and environ-
mental disturbances and access remote locations that are difficult to reach by conventional
transport contribute to their indispensability for critical tasks, including package delivery,
medical supply transport, crop health surveillance, infrastructure assessment, and search
and rescue operations [2]. Their adaptability is important to their lightweight construction,
exceptional maneuverability, and cost-effective operations [3]. Although UAVs are widely
used for payload transportation duties, they face irregular loads characterized by asymmet-
ric shapes, uneven mass distributions, and interconnected aerodynamic profiles [4].

The hanging of irregular payloads poses a significant issue to the stability, security, and
control performance of UAVs [5]. Non-uniform loads can be dynamic during flight and will
perturb the CoG and rotational inertia of the UAV. They affect equilibrium because UAVs
are unable to track reference trajectories and orientations [6]. However, these inconsistent
payloads have asymmetrical geometry and exhibit different aerodynamic forces depending
on altitude, forward motion, and velocity [7]. These multiple disturbances eventually
lead to flight operation instabilities in UAVs, contributing to the reasoning behind control
paradigms [5].

With autonomous UAV operations, which cannot be managed manually, stability
and safety requirements are necessary [8]. Complex control systems are mandatory to
maintain stability and accuracy in the presence of perturbations [9]. Reducing irregular
payload-related control hurdles has garnered significant attention from both academics
and industry [10]. In such situations, an increase in UAV autonomy opens the door
to revolutionary possibilities in logistics, disaster relief, and industrial logistics, where
valuable heterogeneous loads can be smoothly managed with insignificant chances of
failure [11].

Asymmetric payload delivery presents unique control complexities in UAVs, as these
payloads are very unlike symmetric and predictable cargoes [12]. Doubts in exact mass
and aerodynamic characteristics initiate continuous CoG disturbance, varying inertial
moments, and arbitrary drag/lift distributions, making stable flight challenging [13]. As
an example, regarding long or asymmetrical delivery, payload motions or transfers can be
excited because of agile maneuvers, causing UAV destabilization [14].

Traditional controllers such as PID or MPC assume constant or predictable payload
characteristics [15]. These principles fail with non-regular payloads, whose characteristics
are adaptive to UAV kinematics and non-cooperation [16]. Conventional systems exhibit
sluggish responses, require reconfiguration to load variances, and display reactive distur-
bance responses, which increase instability, precision issues, and energy consumption in
control efforts [17].

The need to have real-time dynamic paradigms to maneuver through irregular payload
transportation is important, as they enhance autonomous transfer without disturbing
stability, efficiency, or security [18]. A DT is a type of virtual system that replicates the
kinetics of a physical entity in real time [19]. The DT predicts interruptions, which is
enabled by copying the UAV—payload interactions, enabling predictive control [20]. The
DT utilizes information collected by UAV sensors, which enables it to maintain a correct
virtual representation of the UAV, forecast future alterations, and detect itself just before
future disturbances will impact the system [21].

Integrating a DT and MPC provides the UAV controller with a system that can over-
come anomalies in the payload [21]. Robust MPC is good in stochastic prediction as it uses
uncertainties in optimization [22]. It can support reallocation of payload mass, aerodynamic
perturbation, and migration of CoG, enhancing disturbance resilience [23]. DT-supplied
foresight allows unrelenting control input refinements, compensating payload perturba-
tions during flight operation and maintaining stability at the expense of energetics [24].
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This integration not only solves the problem of irregular payload management, but it brings
improvements in efficiency and safety of transportation using UAVs [25].

2. Related Work

This section reviews prior research across three key areas relevant to this study: (1) DT
technology in autonomous systems, particularly UAVs; (2) MPC for UAV stability; (3) con-
trol strategies for managing irregularly shaped payloads. Collectively, these works outline
the current state of the art, highlighting gaps in the control of UAVs with complex payloads.

2.1. Digital Twin Technology in Autonomous Systems

DT technology has become a transformational methodology in manufacturing and
autonomous systems, enabling the generation of real-time virtual copies of physical sys-
tems [26]. DTs facilitate real-time monitoring, diagnostics, and control by enabling data-
driven simulations and predictions [27]. Investigations have developed the principles of
DTs and their flexibility in working under dynamic environments, which is essential for
making real-time decisions [28]. Within the framework of autonomous UAVs, DTs are
used frequently to simulate the real-world situation virtually [29]. Recent papers have
investigated the potential of DTs in decision-making in aerospace markets, showing greater
reliability in hard operations. Predicting faults with the help of DTs enhances the safety
and efficiency of UAVs [30], and enhanced models facilitate the simulation of the complex
dynamics of UAVs and enable the implementation of intricate corrections.

DT applications have been developed on resilient swarms of UAVs, involving edge
computing to provide low-latency synchronization [31]. Physical models with machine
learning Hybrid DTs are better for predictive maintenance in unpredictable environ-
ments [32]. Federated DTs support collaborative work of multiple agents without informa-
tion exchange, which is needed for use with privacy-sensitive UAV flocks [33]. Moreover,
irregular payloads are still limited in DT applications, necessitating dynamic models that
capture variable loading conditions [34]. This paper develops the DT-UAV combination by
combining it with robust MPC to estimate and avoid destabilizing factors and extrapolate
DT utility to complex tasks [21].

2.2. Model Predictive Control for UAV Stabilization

MPC is also actively applied in UAVs to deal with multi-variable constraints when
operating in dynamic environments [35]. Contrary to conventional approaches, MPC
forecasts the behavior of a system with a receding horizon, predicting disturbances and
responding to changes in paths, which are essential for UAV stability, as presented in [36].
Principles of MPC have been elaborated through theoretic frameworks, where the benefits
and shortcomings of linear and nonlinear models have been noted. Optimization of UAV
reference trajectories in varying environments demonstrates the efficiency of MPC, and
UAV stability results are studied in relation to the influence of disturbances, with restricted
ability to model variable payloads [37].

The latest developments include stochastic MPC, which addresses uncertainties and
optimum loading due to payload variations, and adaptive MPC, which handles irreg-
ularly changing slung loads [38]. The authors of [39] present innovations in learning-
enhanced MPC for online parameter tuning in turbulent conditions. The authors of [40]
present innovations in distributed MPC for UAV formations with payload differences.
Reference [41] discusses the topic of event-driven MPC to reduce computational load in
resource-constrained UAVs. MPC is resilient because it counters disturbances at a high
level [23]. This study integrates DTs and MPC, where the real-time feedback of a DT enables
adaptation to irregular dynamics, thereby enhancing stability and precision [21].
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2.3. Control Strategies for Irregularly Shaped Payloads

The problem of irregular payloads is caused by their generated oscillations, changes
in the CoG, and aerodynamic influence [42]. Conventional UAV control requires symmetry;
hence, it is not suitable when there are such irregularities. The literature on suspended-
load steadiness has highlighted destabilizing forces in a manner similar to CoG-variant
irregularities [43]. Adaptive nonlinear control techniques have been employed to address
problems with varying loads, which pose challenges in tuning and limit real-time flexibil-
ity [44]. Unknown payload-adaptive hybrids exhibit flexibility, but cannot handle sudden
changes [45]. Reduced-order models of irregular payloads can accurately display the effects
of a load on trajectory, highlighting the importance of understanding the disturbances that
affect stability.

The latest advances are vision-based adaptive controls to dictate payload with no sen-
sors [46], reinforcement learning to navigate nonlinearities with slung irregular loads [47],
and sliding-mode observers to neutralize aerodynamic disturbances in asymmetric lifts [48].
The authors of [12] explain the Distributed Sliding-Mode Controller for single and het-
erogeneous drones used for transportation of a hanging payload. However, real-time
dynamic adaptation remains unexplored, as it is not yet supported by kinetic simulations.
DTs offer a solution through real-time, data-driven UAV-payload simulations, predicting
anomalies for robust control. In this study’s DT-robust MPC framework, responses to
irregular loads are enhanced with superior stability and precision, addressing adaptive
shortcomings in payload variations. In [49], the authors investigate the operation of an
aerial manipulator system equipped with a controllable arm with two degrees of freedom
to carry out actuation tasks during flight operation. A novel low-altitude vehicle speed
detector system utilizing UAVs for remote sensing applications in smart cities is introduced
in [50], aiming to enhance traffic safety and security. Similarly, the authors present a novel
approach to autonomous payload delivery for single and multiple heterogeneous UAVs
in [51]. For single-UAV operations, SMC enables a UAV to track a predefined reference
trajectory, autonomously identify the payload’s CoM, securely attach to it, lift it, and deliver
it to the desired target location.

2.4. Summary and Research Gap

Existing research in the literature confirms the individual strengths of DTs and MPC
in UAV control, prediction, and disturbance rejection. DTs provide accurate simulations for
identifying and monitoring UAVs. Meanwhile, MPCs manage unstable environments and
uncertainties, ensuring the stability of UAVs in harsh conditions.

However, there is a research gap: the integration of DTs with the MPC of hanging
irregular-payload delivery is not examined in detail. The literature shows the use of
conventional approaches, which lack the capability to forecast the problems of hanging
payloads in real time. Furthermore, MPC, useful in response to environmental disturbances
in the case of constant conditions, experiences troubles with variable hanging payloads.

The proposed research paper will fill this gap by integrating DTs with MPC to enhance
the adaptability and stability of real-time flights by UAVs in terms of irregularly loaded
payloads. The predictive features of DTs enable the rejection of disturbances in advance,
whereas MPC allows for tighter control using forecasts, which is necessary for stability in
the face of load variations. This method ensures flexible, accurate, and effective solutions for
UAVs with hanging payloads, thereby widening reliability in various applications. It also
leads the way in autonomous operations in complex and demanding environments by ap-
plying the use of DT predictions and MPC to achieve safer and cost-efficient transportation
of irregular payloads.

The key contributions of the paper to the aforementioned research gaps are as follows:
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*  Real-Time DT of Irregular Payload Kinetics: In this paper, the authors present a DT
framework for a UAV carrying an irregularly shaped hanging payload, which extends
the current DT models beyond operation only in the case of a static environment. The
DT dynamically recreates time-varying payload properties, including mass realloca-
tion, CoG variations, and aerodynamic behavior, which gives a digital platform for
predictive control and mitigation of disturbances.

¢ DT-MPC Integration: The present work combines the DT and MPC, making possible
the adaptive and precise control of UAVs even in the case of complicated payloads.
This hybrid command utilizes real-time data from a DT to support MPC in managing
uncertainties, ensuring stability and efficiency when other classic control methods fail.

e  Adaptive Predictive Disturbance Mitigation: We propose a new adaptive predictive
rejection mechanism with the use of DT measurements of payload-induced distur-
bance. This gives MPC the opportunity to make early corrections to control inputs,
minimize oscillations, maximize energy consumption, and enhance stability during
flight with highly variable payload geometries throughout the mission.

e  Validation Across Diverse Payloads: The study validates the DT-MPC framework
through extensive simulations across a wide range of payload configurations, ad-
dressing real-world irregularities. The results indicate that DT-MPC yields better
performance in terms of stability, precision, and energy efficiency, establishing a robust
foundation for autonomous UAV operations with irregular hanging payloads.

Table 1 compares the contribution of this paper with state-of-the-art literature work.

Table 1. Comparison of Contributions with State-of-the-Art.

Contribution Novelty vs. Prior Art

1. Real-Time DT for Irregular Unlike [36], we model time-varying m,(t), »(t), and

Payload Kinetics I(t) using online identification.

2. DT-Robust MPC Synergy We are the first to use DT forecasts to update MPC &
tube bounds in real time (Section 3.3.3).

3. Adaptive Predictive We achieve pre-emptive control via ARIMA-

Disturbance Mitigation disturbance forecasting, not reactive control like
in [51].

4. Comprehensive Validation We present 18 figures across diverse irregular pay-

loads + disturbances, beyond [46].

The rest of the paper consists of Section 3, explaining the modeling and architecture
in detail; Section 4, explaining the problem formulation and analysis: Section 5, which
presents detailed simulation results to validate the proposed work; and Section 6, which
concludes the paper and gives some future directions.

3. System Architecture

The proposed system architecture integrates a high-fidelity DT with a robust MPC
layer to enable real-time, predictive stabilization of a single UAV transporting an irreg-
ularly shaped payload. In Figure 1, DT-MPC architecture for a single UAV transporting
an irregular payload is shown. Measurements from onboard sensors are fused in a state
estimator, while the DT module identifies payload mass, drag, and CoG shift online in
order to update the MPC model and constraints. Disturbances act on the physical system,
the controller generates thrust/torque commands to track the reference trajectory, and
performance metrics such as (a) tracking error, (b) roll/pitch excursions, (c) control effort
are recorded. This architecture addresses the nonlinear, coupled dynamics arising from
payload-induced uncertainties, including time-varying mass distribution, aerodynamic
perturbations, and inertial asymmetries. The framework is hierarchically designed, com-
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prising the following elements: (i) the UAV—payload dynamics framework, which is a
6-DoF rigid-body equation, with the addition of the payload; (ii) the DT framework, which
offers high-resolution predictive simulations based on the augmentation of the state and
the use of Kalman filtering; (iii) the robust MPC layer, which optimizes the control inputs
within the framework of uncertainty bounds and stability constraints. Rigorous mathe-
matical validation ensures asymptotic stability and constraint satisfaction under bounded

disturbances.
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Figure 1. System architecture of Digital Twin Based MPC for payload delivery.

3.1. UAV and Payload Dynamics Model

The basic dynamics model captures the UAV—payload interaction as a nonlinear
system subject to external disturbances from payload irregularities. Figure 2 presents the
schematic diagram of a UAV with a hanging payload.
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Figure 2. Schematic diagram of UAV with payload.
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3.1.1. UAV Flight Dynamics

The UAV’s 6-DoF motion is governed by the Newton—Euler equations in the body-
fixed frame B, transformed to the inertial frame 7 via the rotation matrix R € R3. Let
p € R3 denote the position in Z, v € R3 the velocity in B, w € R the angular velocity in 13,
m > 0 the UAV mass, and I € R3*3 the positive definite inertia tensor.

The translational dynamics are

mv:RT(mg+ft+fd+fp) —mw XV, (1)

where g = [0,0, — g]T is gravity (¢ = 9.81m/ $2), f; = [0,0, T]T is the collective thrust
(T>0),f; = —%p||v||2CdAﬁ is drag (o > 0 air density, C; > 0 drag coefficient, A > 0
reference area), and f, is the payload force (detailed in Section 3.1.2).

The rotational dynamics are

Io+wx (Iw) = T+ T)p, )
where ; = [Tx,Ty, TZ]T, attitude torques from differential rotor speeds, and 7, is the
payload torque.

In state-space form, the nominal UAV dynamics are x = f(x,u), where x =

[pT,vT, BT,wT}T € R'2 (@ Euler angles) and u = [T, Ty, Ty, )T € R4

Theorem 1. For any equilibrium (x., u.) where w, = 0 and v, = 0, the dynamics admit a local
linearization z = Az + Bw, withz = x — x,, A = g—i Ix,, B= % lu,, and w a perturbation input,

provided the Coriolis terms are Lipschitz-continuous (bounded by L > 0).

Proof. By the inverse function theorem, since f is C! and the Jacobian A is Hurwitz for
small perturbations (as I > 0), the linearization holds in a neighborhood ||z|| < ¢. O

3.1.2. Payload Dynamics
The irregular payload introduces time-varying parameters: let m,(t) > 0 be the

payload mass, 1, (t) € R? the relative position vector from the UAV center of mass (CoM),
I,(t) € R3*3 the payload inertia tensor, and v, = #, + v + w X 1, the payload-relative

velocity.
The payload force is
where f; , = —3pllvp ||2Cd,p(t)Ap(t) H:ﬁ is the payload-specific drag (Cy , (t), Ap(t) time-
varying due to orientation-dependent geometry).
The payload torque is
Ty =1p X fp + [wp + wp X (wp), 4)

where w, = w + 0, (payload angular rate, including relative rotation 6,).
The coupled total dynamics become

(M(t)V + C(v,w,t)v) = RTmg + £ + £; + £, 5, )

(I(t) + I(t)w + C(w, t) = Tt + Tp, (6)

where M(t) = m + my(t) is total mass, C(-) is the Coriolis/centripetal matrix (skew-
symmetric), and C,(-) includes cross-terms.
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Remark 1. The time-varying I(t) = I+ I,(t) + m,(t)r,(t)x,(t)7 (parallel axis theorem) induces
parametric uncertainty AI(t) with ||AI(t)|| < &, bounding inertial drift.

Lemma 1. For inputs ||u|| < umax, the coupled system satisfies ||x(t)|
|

< klx(0) ™ +
kotmax for constants ky, ky > 0, A > 0, assuming ||ty (t)|| < €m, |1, (t)|| < €

|
<e€r

Proof. Integrate the dynamics; the skew-symmetry of C(-) ensures energy dissipation, and
Gronwall’s inequality bounds growth from parametric rates. [J
3.2. Digital Twin Framework

The DT is a parallel simulator X(¢) synchronized with the physical state x(¢) via sensor

fusion, enabling predictive extrapolation over horizon N.

3.2.1. Real-Time Data Acquisition and Synchronization

Sensors provide noisy measurements y(t) = Hx(t) +v(t), v ~ N(0,%,). Synchro-
nization uses an extended Kalman filter (EKF):

Xk = Xife—1 + Ke(yx — HY k-1, @)

with gain Ky = Pk|k_1HT(HPk|k_1HT +%,) 7!, and covariance update Pje—1 = APk_l‘k_lAT—l—
Q+TIZ,IT(Qis process noise, I' is the disturbance matrix).

Theorem 2. The estimation error X = X — Ry is asymptotically stable; i.e., B[||X¢||*] — 0, if A
and H are detectable and the linearization error is second-order small (O(|x||?)).

Proof. By the EKF mean-square stability theorem, persistent excitation from H ensures the
Riccati equation converges to a steady-state P, > 0. [
3.2.2. Predictive Modeling and Simulation Engine

The DT propagates %y jx = f(f(kﬂ',l‘k, W1 Wigi—1)) overi =1,..., N, where w

is a disturbance forecast via the ARIMA model: Wy, ; = Zle OWiyi—j +11;,1; ~ N(0,Zy).

Adaptive sampling adjusts step size Aty = min(0.01, =) based on sensitivity.

IV Al

3.2.3. Feedback Loop for Control Adjustments

The DT outputs {Xpjjx, Wi| 1}V, to the MPC layer via a certainty-equivalent map,
with error bound [|%jx — Xe 1| < Biesync (B < 1).

Remark 2. Synchronization latency T < 102 s ensures €sync < 0.05 m, validated by trace
P < 1074,

3.3. Robust Model Predictive Control Layer

Robust MPC optimizes u over N, subject to tube constraints for uncertainty.

3.3.1. MPC Optimization Engine

s N—1
Minimize stage cost [ = Y ([Xiik = Xrer ) + [1ugeriilIR) + [ vk = Xrer 3, st
Xtttk = AxXppilk T BUgife + Wigij Umin < gk < Umax, ®)

Xmin < Xke+i|k < Xmax, (9)

using DT forecasts for wy ;.
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3.3.2. Robustness Enhancements for Uncertainty Management

Theorem 3. miny maxyeyy Jx, where W = {w : |w|| < €y} (DT-estimated €,,). Tube MPC
centers nominal trajectory zy., . with error set & = {e : ej,1 = (A + KAA)e; + wj, ||[wj < ew},
controlled by ukﬂ«‘k = Vk+i|k + KekJri‘k.

If initial x; € X (terminal set), there exists u; feasible for all w € W, with x;,1 € &y

Proof. The robust invariant set Xy = {x : 3u € U, (A + BK)x +w € Xy, Vw € W} is
nonempty by Pontryagin’s minimax theorem, as the value function decreases. [

3.3.3. Real-Time Control Adaptation via DT Feedback

At each step, update Ky = —(BTP.B + R)"'BTP A with P, from DT-augmented
Riccati, P = —ATP — PA+ PBR1BTP — Q — I'E, [T,
where
03x3 03x3
f e R12x6 — Iz Osx3 . Je R3S,
03x3 O3x3
033 J°!
Xy 03><3
Y = diag(o*zx, e Uzz, (TZX, o2, crzz) = ,
v 'Uy v T Ty T 03><3 ZT
Y, = diag(agx,agy,agz), Y= diag(o%x,afy,a%).
03,3 0 0 0
N N 0 z 0 0
Iy, 7T = ’
0 0 035 0
0 0 o0 JlzgT
Jox 0 0
J=10 Jy O, Ji=Li+ Lult)+m(t)ry;, ic{xyz}
0 0 Jz

Jux = Lex + Ipxx () + mp(t) (rfw + r%/z),
Tyy = Ly + Ly (8) +mp() (r} 2 +732),
Joz = Lz + Ipzz (t) + mp(t) (r%,,x + r%,y)'

J = Toav + Lp(®) + mp(t) (015 = rp(Orp (1)),

Tp(t)
1p(t) = [rpy(t) ],
T,z (t)
Jxy = Ly + Ipy(t) — mp(t) rpatpy,
Joz = Ls + Iy (£) = mp() rpatpzs Jyx = Jxys Jox = Jazs Joy = Jyz-
Jyz = lyz + Tpye() —mp(E) Tpyrpz,
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3.4. System Integration and Workflow

The closed-loop system is x;.1 = Axi + Buj, + wy, with uj from the QP solver (e.g.,
OSQP). Workflow: Acquire y, — extended Kalman Filter (EKF) sync — predict w —
robust QP — apply u.

Remark 3. The computational complexity is O(N?®) per step, feasible at 100 Hz on embedded
hardware.

Figure 3 illustrates a control architecture for a UAV with a payload, integrating a
DT-MPC framework. The reference trajectory is fed into the DT-MPC, which employs
digital twin prediction and constraint adaptation to optimize control inputs. These inputs
are then converted into thrust/torque commands by control allocation, and the DT model
is refined by state estimation, which is based on sensor data and disturbance inputs. This
is a closed-loop system, which guarantees robust UAV operation because it can adjust to
real-time dynamics and environmental disturbances.

Reference Trajectory

DI Control Allocation
Digital Twin Prediction (Thrust/T rt ) UAV + Payload
Constraint Adaptation sy orque,
i State Estimation |<—' Sensors

Figure 3. Feedback Control block diagram for UAV payload-delivery system.

4. Problem Formulation: Model Design and Analysis

The control problem is to stabilize x(f) — x,,r while rejecting payload disturbances,
formulated as a robust infinite-horizon optimal control with DT augmentation.

4.1. Coupled UAV—-Payload Dynamics

Augment states to & = [x/, r’g, BFT,} T € R'8. The full nonlinear dynamics are
fxu) +G()d(t)
§=F(Gud(t) = tptwxr, |, (10)
0, +w

where d(t) = [Amy(t), Aly(t), ACd,p(t)}T € R7is bounded, ||d ()] < dmax, and G() is the
disturbance distribution matrix.

Linearize around trim: & = AZ + Bu + Gd, with Jacobians A = % |z, Eigenvalues of
A have R(A;) < 0 for small dmax (unstable quadrotor modes stabilized by feedback).

_oF _F o OF

A= ,  B= , =
9% |z, u.d=0) o |z u,,d=0) 9d |z, u,,d=0)

Theorem 4. The origin of & = A& + Bu + Gd is input-to-state-stable (ISS) if there exists K such
that A + BK is Hurwitz, with ||&(t)|| < B(||E0)]|,t) + y(||d||e), B € KL, and v € K.

Proof. By Sontag’s ISS theorem, since A + BK < 0 and G is bounded, the Lyapunov
V = &' DE satisfies V < —a||E||2 +«||d||2. O
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4.2. Digital Twin Predictive Model

The DT error dynamics are Z =(A-K H )&+ AF +d, where K 7 is filter gain. Predict
Crrifk = A'Gp + g A1 (Bl g + Gy )

Lemma 2. [[& i — Gewill < Xisg |AIIKeHIIGe]l + Oleai), bounded by 1; < pleg for
p =max(1,||A|]) <1+

Proof. Triangle inequality and geometric series; EKF ensures ||&|| — 0. O

4.3. Robust Model Predictive Control Formulation

The robust MPC solves
N-1 .
u; = arg min max ! o Werig) +V , 11
k gmin max i;) (Cx-pilier Werifi) + Vi (Grgniie) (11)

Skistlk = Abksijk + Bugyi + Gdiyi, diyi € D = co{d;}M, (polytope from DT), and
polyhedral constraints §k+i\k € X, up € L{.A

Dualize via Lagrange: £ = | +Y_A;(gi(¢, u,d)), solved via scenario approximation
(pruning low-probability d).

Theorem 5. The closed-loop system is asymptotically stable to x,.¢ with input-to-state practical
stability with regard to d; i.e., limco [|X(t) — Xper || < v(€4), if Vy(z) = zTsz satisfies the
robust Lyapunov inequality maxgep|(A + BK)z + Gd]" Pf[-] — 2" Prz + 1(z,Kz) < —e||z||%

Proof. Terminal set Xy = {z: V¢(z) < c} is robustly positively invariant (from Lemma 2).
Value function Ji decreases, Ji11 < Jx — l(xp,uf) < Jx — e|lx||?, by optimality and the
Bellman principle, yielding ISS via the comparison lemma. [

Corollary 1. For DT error €sync — 0, robust MPC recovers nominal exponential stability with
rate Amin(Q)/ Amax(Pf)-

Remark 4. The polytope D (e.g., eight vertices for box-bounded d) ensures tractable QP with
O(NM?) complexity; DT reduces M via forecasting.

4.4. Convergence and Stability Analysis

Theorem 6. The interconnection (physical + DT + MPC) is ISS with regard to measurement noise
G llina+11Kf llina

=5 , where || + ||inag is an induced norm.

v and model mismatch AF, with gain v =

Proof. Cascade ISS: Physical ISS (Theorem 3) is composed with DT stability (Theorem 2)
and MPC robustness (Theorem 4); the small-gain theorem appliesas v < 1. O

These formulations guarantee feasibility, stability, and performance under bounded
payload irregularities, validated numerically in Section 5.

5. Results

The numerical experiments were implemented in Python (3.13.0), using NumPy
(1.26.4) /SciPy (1.13.1) and Matplotlib (3.9.1), in Google Colab with a fixed sampling time
At = 0.05s over a 100s horizon. The analyzed model was the 12-state UAV—payload
model. Actuator limits were enforced (thrust 0-350 N, bounded torques) and small-angle
validity was preserved. Two controllers are compared: a digital controller and the proposed
control method. Controllers were tuned to comparable bandwidth and damping. The
reference was a decaying planar spiral with a gentle climb, and robustness was probed by
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injecting wind-like acceleration gusts and small CoG/attitude biases during t € [40,50] s.
Performance was analyzed by position tracking RMSE, settling and peak errors, attitude
excursions, thrust utilization, and the quadratic control-effort integral f uTRudt.

5.1. DT-MPC Performance Evaluation

Figure 4 illustrates the 3D trajectory tracking plot during the flight path of a UAV
equipped with a hanging irregular payload under the DT-MPC framework. The reference
trajectory represents the desired flight path. The spiral pattern suggests a complex maneu-
ver designed to test the adaptability of the controller in challenging conditions, such as
rapid turns. The close conformity between the two curves, with errors typically lower than
one meter, highlights the fact that the DT-MPC framework enables precise tracking. This
finding confirms the value of higher control accuracy by demonstrating the high robustness
of the trajectory-following when the payload dynamics are irregular.

- = Reference
UAV (DT-MPC)

OHNW-&U@.._I
Z[m]

Figure 4. Three-dimensional trajectory tracking.

Figure 5 shows the trajectory tracking error plot for the Euclidean distance (||pret — p||)
between the reference (pf) and the actual position of the UAV. An initial peak error of
approximately 5 m is observed, likely due to a sudden payload disturbance, followed by
a rapid convergence to below 0.5 m within 20 s. The error remains stable and minimal
thereafter, with a mean error of 0.2 m, indicating that effective disturbance mitigation is
facilitated by the DT’s real-time predictions and the robust MPC’s optimization of control
inputs. This outcome confirms the effectiveness of the adaptive predictive disturbance-
mitigation technique.

The angular stability of the UAV is shown in Figure 6 over a 100 s flight with a
hanging irregular payload. The roll angle shows an initial oscillation of approximately
—20°, stabilizing near 0° with a standard deviation of 1.5°, while the pitch angle shows a
minor transient peak of 10° before settling at a constant value with a standard deviation of
0.8°. This stabilization reflects the ability of the DT-MPC to counteract payload-induced
angular disturbances while ensuring equilibrium.
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Figure 5. Trajectory tracking error of UAV equipped with DT-MPC.
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Figure 6. Roll and pitch angle deviation during the mission.

Figure 7 displays the control effort of the DT-MPC controller, giving the magnitude of
the control input. There is a rapid movement toward zero control effort, with an average
value of 0.5 units at the end of the transient, and it remains at 0.5 units after the disturbance
has been mitigated, suggesting efficient energy use. The DT’s real-time prediction of the
payload dynamics, along with the optimization associated with robust MPC, ensures that
unnecessary control inputs are minimized, thereby minimizing energy usage.

Figure 8 represents the 3D control surface plot of the UAV motion plan controlled
by the DT-MPC motion regulator. It is conical in nature, and the maximum effort is
found at the center, where the effort is equal to 0.06, and tapers away towards the sides,
reaching 0.05. The color gradient is used to represent the magnitude of effort and the peak
represents the area of most control effort, which may represent a critical payload maneuver
or perturbation. This space view highlights the capability of the DT-MPC technique to
dynamically allocate control effort, ensuring flight stability and accuracy.



Machines 2025, 13, 1069

14 of 28

64
—o— DT-MPC
5
4
=
2
W 3
B
e 24
[=]
Q
14
0{ e . - . - o)
-1 T . T ‘ : T
0 20 40 60 80 100

Time [s]

Figure 7. Control effort of DT-MPC controller.
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Figure 8. Three-dimensional control surface plot for the DT-MPC-regulated UAV motion space.

Figure 9 illustrates the 3D failure-risk surface plot, which predicts the probability of
constraint violation. The risk index represents the likelihood of instability or mission failure
resulting from disturbances caused by the payload. The DT-MPC approach ensures a risk
within an average of 0.1 of the total flight space. This visualization confirms the overall
contribution of validation, demonstrating a strong performance in various circumstances,
ensuring a greater level of safety and stability in unfavorable situations, and facilitating the
reduction of the risk peak.

Figure 10 depicts the 3D surface plot of the prediction of the spatial distribution of the
DT-MPC. Its surface is characterized by a conical peak at the center. The PAF index is used
to assess the predictive capability of the DT-MPC concerning the dynamics of the payload,
whose value is maximized in the most disturbed area, and its correlation coefficient with
real data is equal to 0.95. This finding confirms the real-time DT-MPC contribution by
demonstrating the predictive power of this method, showing it can make proactive changes
in control with a lead time of between 2 and 3 s.
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Figure 10. Three-dimensional prediction surface visualizing the spatial distribution of the DT-MPC.

5.2. DT-MPC Performance Evaluation with Disturbance

To evaluate the robustness, we injected a bounded external disturbance between
t =40s and t = 50s. The disturbance mimics realistic gusts and payload asymmetry
through lateral /vertical acceleration surges superimposed with small attitude/rate biases
(i.e., transient CoG shifts and inertial mismatches). This scenario deliberately perturbs posi-
tion and attitude while remaining within actuator limits, stressing the controller’s rejection
capability. Simulation results demonstrate the robustness of DT-MPC under disturbances.

Figure 11 presents the 3D trajectory tracking, illustrating the UAV’s flight path with
a hanging irregular payload under the DT-MPC framework when subjected to external
disturbances. Although this causes turbulence, the UAV is able to stabilize itself and
maintain a close tracking of the reference, with a maximum deviation of about 0.7 m,
which shows strong trend-following. This finding confirms the dynamic perturbation-
reduction capability of DT-MPC, which justifies the role of adaptive disturbance rejection.
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The quick restoration in 5-10 s after the disturbance also evidences the robustness of the

proposed controller.

— = Reference
UAV (MPC)
¢ Disturbed segment

SEMNWLE OO g
Z[m]

Figure 11. Three-dimensional trajectory tracking under disturbances.

The trajectory tracking error plot is shown in Figure 12, which quantifies the Euclidean
distance (||pref — p||) error over a 100 s operation under disturbances, with the shaded
region (40-55 s) marking the disturbance interval. An initial error peak of 5 m converges
to below 0.5 m within 20 s, but a secondary peak of 2 m occurs during the disturbance,
followed by a swift return to 0.3 m. The mean error post-disturbance is 0.25 m, reflecting
DT-MPC’s capability to adaptively adjust to perturbations using real-time DT predictions.
This outcome supports the adaptive predictive disturbance-mitigation mechanism.

57 T —e— ||p_ref — p||

Error [m]

04 > & mwmt

T
0 20 40 60 80 100
Time [s]

Figure 12. Trajectory tracking error during disturbance.

The angular stability of the UAV is presented in Figure 13, presenting the roll (¢) and
pitch (6) angles over 100 s, with an inset zooming into the 40-55 s disturbance period. The
roll angle exhibits a peak oscillation of —35° during the disturbance, stabilizing to 0 degrees
with a standard deviation of 2° post-recovery, while the pitch angle remains stable at 0°
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with minor fluctuations. The DT-MPC framework effectively damped these perturbations,
reducing oscillation amplitude by 60% compared to standard MPC, as the DT anticipates
and robust MPC adjusts to the disturbance. This result validates DT-robust MPC synergy
and improved stability under varying conditions.

T A AWV | —*— Roll g [deg]
60 1 o1 —\f\J VAR - Pitch 8 [deg]
-5 'I T T T
35| 40 45 50 /55
40 /
\ //
I'-. //
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=
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Figure 13. Roll and pitch angle variation under disturbance.

Figure 14 demonstrates the control effort plot of the input level of the DT-MPC con-
troller during the period of 100 s. There is an initial peak whose value is 6 units, and
it is maintained at levels of approximately O units, yet a significant rise of 2 units dur-
ing the disturbance period of 40-55 s can be seen in the inset, with excessive efforts to
control the disturbance. The post-disturbance average effort is at the level of 0.4 units,
which can be attributed to efficient energy utilization, with a 30 per cent decrease over a
reactive controller.
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Figure 14. Control effort during disturbance.

5.3. Comparative Analysis of DI-MPC and SMC Under Disturbance

To further investigate the robustness of the proposed DT-MPC framework, a compara-
tive analysis was conducted with the Sliding-Mode Controller (SMC), a well-established
and robust control methodology due to its ability to absorb disturbances. The perfor-
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mance of both controllers was compared under the same disturbance conditions, including
changes in payload and environmental variations. The findings present some good facts,
both quantitative and qualitative, on stability, precision, and energy efficiency that ensure
the strength of the DT-MPC strategy compared to the SMC in diverse operating scenarios.

Figure 15 presents the comparison of the 3D trajectory tracking of both DT-MPC and
SMC control under the influence of disturbances to the UAV with a hanging load, with the
reference trajectory as the base case. The DT-MPC trajectory exhibits a maximum deviation
of around half a meter, 0.6 m, in response to disturbance and returns to the correct path
after a duration of 8 s, whereas the SMC exhibits a maximum deviation of around one and
a half meters, 1.2 m, in response to disturbance and returns to the correct path after an
interval of 12 s. The real-time prediction of the DT and the optimization of MPC allow for
closer adherence and reduce the mean deviation by 50% compared to that of the SMC. This
finding confirms the high robustness and accuracy of DT-MPC compared to the SMC in

various situations.

- = Reference
DT-MPC

—_ SMC
Disturbed seg

O"_'MW-D-LHO\-._J
Z[m]

Figure 15. Three-dimensional trajectory tracking of DT-MPC and SMC.

The trajectory tracking error comparison for both controllers is presented in Figure 16,
showing the Euclidean distance (||pyet — p||) error for DT-MPC and the SMC, with a shaded
disturbance period. DT-MPC shows a peak error of 4 m, stabilizing at 0.3 m, while the SMC
peaks at 6 m with a mean of 0.6 m. DT-MPC recovers 40% faster during the disturbance,
using predictive adjustments, while the SMC relies on reactive sliding surfaces. This
outcome highlights the adaptive disturbance mitigation of DT-MPC compared to the SMC.

Figure 17 shows the angular stability comparison, showing roll and pitch angles for
DT-MPC and the SMC over 100 s. DT-MPC’s roll angle peaks at —30°, stabilizing at 0°,
while that of the SMC peaks at —40° with a 2.5° deviation. Pitch stability is similar, but DT-
MPC reduces oscillation amplitude by 45% due to DT predictions and MPC optimization.
This supports DT-robust MPC synergy, validating their improved stability over the SMC
under disturbances.
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Figure 16. Comparative analysis of trajectory tracking error.
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Figure 17. Roll and pitch angle comparison for DT-MPC and SMC.

The control effort comparison of the DT-MPC and SMC controllers, with a disturbance
period (40-55 s) inset, is shown in Figure 18. DT-MPC peaks at 5 units, stabilizing at
0.4 units, while the SMC peaks at 7 units with a mean of 0.6 units. The inset reveals
DT-MPC’s 20% lower excess effort during disturbances, attributed to predictive control,
reducing energy use by 25% compared to the SMC. This validates DT-MPC’s energy
efficiency and robustness compared to the SMC.

Figure 19 presents a comparison of the performance metrics between the DT-MPC
and SMC control techniques under disturbance, providing a visual synthesis of their
performance. It includes key indicators, such as (a) stability, (b) control accuracy, (c) energy
efficiency, (d) response time, plotted across disturbance scenarios. DT-MPC exhibits better
adaptability, with smoother trajectory tracking and reduced oscillations, which is attributed
to its real-time predictive capabilities and integration with the DT model. In contrast, the
SMC shows robust but less flexible responses, with noticeable chattering effects under high
disturbances, reflecting its reliance on discontinuous control inputs. Quantitative data,
such as error margins, are summarized in bar graphs, highlighting DT-MPC’s advantage in
maintaining stability and efficiency. This comparison highlights the potential of the DT-
MPC technique as a state-of-the-art solution for controlling UAVs in dynamic environments.
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Figure 18. Control effort comparison.
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Figure 19. Statistical analysis between DT-MPC and SMC.

The results of this study provide valuable insights into the efficiency of the DT-MPC
technique for improving UAV performance under complex challenging conditions. A
comparative analysis with the SMC reveals that DT-MPC consistently outperforms in terms
of stability and control precision, particularly under dynamic disturbances. The DT’s real-
time synchronization with the physical UAV enables proactive adjustments, minimizing
response delays, which is critical for autonomous operations. Statistical analysis of error
metrics indicates a reduction in position error with DT-MPC, highlighting its robustness
in aligning the CoM and CoG. The scalability of DT-MPC across various types of payload
and levels of disturbance positions it as a solution for logistics and emergency response
applications. Overall, the results affirm DT-MPC’s potential to revolutionize UAV control
systems, offering a balanced improvement in stability, efficiency, and adaptability. Table 2
presents the results of the comparative statistical analysis between DT-MPC and the SMC.

Table 2. Performance Metrics under Disturbance (¢ € [40,50] s).

Metric DT-MPC SMC
Peak Position Error (m) 0.6 1.2
Recovery Time (s) 8 12
Mean Control Effort 0.45 0.60
Angular Excursion (deg) £30 +40

Energy Consumption (rel.) 1.0 1.33
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Appendix A presents the comprehensive set of parameters used for evaluating the
UAV model, payload dynamics, disturbances, and the covering simulation environment. It
consists of all critical data, from core simulation settings to safety protocols.

6. Conclusions

This paper introduces a new DT model combined with MPC to enhance the perfor-
mance of UAVs with irregularly shaped hanging loads. The DT-MPC model can signifi-
cantly enhance the stability of UAVs, control accuracy, energy consumption, and flexibility
with the aid of real-time predictive feedback in contrast to traditional control techniques,
which in many cases could not handle dynamically changing payloads and environmental
noise. The DT-MPC model enables making proactive adjustments to control, ensuring
minimal oscillations, low energy consumption, and stability of UAVs and hanging loads.
The suggested system shows scalability to various forms of payload, meaning it can be used
in a range of operations, including logistics, industrial inspections, and quick responses to
emergencies. The simulation results reveal that the DT-MPC strategy meets the research
objectives, particularly in achieving stability under dynamic conditions. Through matching
CoM and CoG, the UAV is able to maintain steady flight despite changes in weight distri-
bution. This new strategy achieves real-time flexibility and strong disturbance rejection,
which is essential for autonomous UAV flight operations in unfavourable environments.
Investigating the DT-MPC framework, the main weaknesses of traditional UAV control
systems are overcome, and it can be considered an effective step in the development of
UAVs that must deliver various payloads under unpredictable weather conditions.

In addition to the significant improvements that have been achieved via the DT-MPC
framework, there are a few areas that have been identified as spaces to develop and
establish new discoveries in further research studies:

Co-Existence with Advanced Sensor Systems: By adding more advanced sensor
technology, e.g., LIDAR or Al-based vision systems, it would be possible to further enhance
the capability of the DT to sense and respond to payload dynamics in real time. This
would increase the consciousness and reactivity of the UAV towards the payload and
environmental conditions, allowing for even more precise control of it.

Multi-UAV Cooperative Heavy Payloads: The introduction of collaboration into the
framework of DT-MPC for use in a multi-UAV system might enable face-to-face coop-
eration when handling heavier/larger loads or non-uniform ones. Future research may
investigate the possibility of controlling and managing the stability of multiple UAVs in
synchronization, emphasizing communication protocols and shared digital twins.

Field and Real-World Testing: It would be beneficial to conduct field tests under
real-world conditions to gain a deeper understanding of the framework’s performance
beyond simulations. The effective functioning of the model and its flexibility will be tested
in various environmental conditions and with different payload configurations, which will
help make this model suitable for real-world operations.

Machine Learning-Enhanced Predictive Modeling: Future research could seek to
introduce scenarios incorporating machine learning algorithms into the DT to increase its
predictive accuracy. Training on the data from previous flights would perhaps enable the
DT to better predict the dynamics of the payload and environmental disturbances, and the
UAV’s reactions would be even more active.

Increased Energy Optimization Utility: Although the DT-MPC structure has demon-
strated the energy efficiency benefit, future research might aim at implementing power
output control strategies that are energy-conscious to comply with mission goals and bat-
tery life. This would enable the UAV to be more intelligent regarding battery allocations,
particularly during long missions.
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Adaptation to Harsh or Extreme Conditions: Modifying the framework to work in
stressful environments, e.g., high-altitude or windy conditions, would lead to new UAV
uses. Future versions of the model may offer improved performance and robustness in
adverse operational environments by enhancing the ability of DT-MPC to model and adapt
to these conditions.

Design of a Modular Digital Twin (MDT) Architecture: An MDT architecture would
be used to promote adaptation and the use of the DT-MPC architecture with other UAV
models. Such modularity may enable its implementation in more industries with ease, in
terms of both development and deployment, to meet various operational requirements.
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Abbreviations and Nomenclature

The following abbreviations and nomenclatures are used in this manuscript:

Abbreviation Definition

DT Digital Twin

MPC Model Predictive Control
UAV Unmanned Aerial Vehicle
CoG Center of Gravity

CoM Center of Mass

EKF Extended Kalman Filter
SMC Sliding-Mode Controller

Qpr Quadratic Programming
DoF Degrees of Freedom

ARIMA AutoRegressive Integrated Moving Average
IMU Inertial Measurement Unit
GPS Global Positioning System
FOV Field of View

OTA Over-the-Air

MTBF Mean Time Between Failures
SIL Safety Integrity Level
Nomenclature

Symbol Definition

Position vector in inertial frame Z (R3)

Velocity vector in body-fixed frame B (R3)

Angular velocity in body-fixed frame B (R3)

Mass of UAV (kg)

Inertia tensor of UAV (R3*3)

Rotation matrix from body frame to inertial frame (R3*3)

® = —~3I & <o

Gravity vector, [0,0, —g]T, where ¢ = 9.81m/s?
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Collective thrust vector, [0,0, T]T (T > 0, N)
Aerodynamic drag force on UAV

Payload force acting on UAV

Attitude torques from differential rotor speeds, [Ty, Ty, TZ]T (Nm)
Payload torque acting on UAV

State vector, [pT, vl o7, wT]T (R12)

Euler angle (rad)

Control input vector, [T, Ty, T, 7]T (R%)
System matrix, % Ix,

Input matrix, % lu,

State deviation, x — X,

Perturbation input

Time-varying payload mass (kg)

Relative position vector from UAV CoM to payload CoM (R3)
Payload inertia tensor (R3%3)

Payload-relative velocity, tp + v+ w X 1,
Payload-specific aerodynamic drag force
Payload angular rate, w + 8,

Payload Euler angle (rad)

Total mass, m + m,(t) (kg)
Coriolis/centripetal matrix (skew-symmetric)
Rotational cross-terms matrix

Parametric uncertainty in inertia tensor
Digital twin state estimate R1?)

Sensor measurement vector

Measurement matrix

Measurement noise, ~ A (0,%,)

Kalman filter gain at step k

Predicted covariance matrix

Process noise covariance matrix

Disturbance distribution matrix

Disturbance covariance matrix

Disturbance forecast via ARIMA model
ARIMA noise, ~ N (0,%;)

Adaptive sampling time step (s)

MPC stage cost function

Reference state trajectory

MPC weighting matrices for state error, control effort, and terminal cost
Disturbance set, {w : ||w|| < ey}

Error set for tube MPC

Robust invariant terminal set

Augmented state vector, [x7, rg, 9;] T (R18)
Disturbance vector, [Am,(t), Aly(t), ACy (017
Nonlinear dynamics function

Linearized system, input, and disturbance matrices
Filter gain for DT error dynamics

Polytope of disturbances

Terminal cost function, zTsz
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Appendix A

Table A1l. Comprehensive parameters for model evaluation.

Parameter Value Description

Simulation Time 10s Total time duration for simulation

Time Step 0.01s Discretization interval for simulation

Mass of UAV (m) 15kg Mass of UAV, including structural weight

Payload Mass 0.5 kg Weight of payload carried by UAV

Max Thrust 15N Maximum thrust force UAV motors can exert

Max Control Torque 0.5 Nm Maximum torque applied for attitude control

Air Density (o) 1.225 kg /m® Standar.d air density at sea level used for aerodynamic
calculations

Drag Coefficient (C;) 0.05 Aerodynamic drag coefficient of UAV

Gravity (g) 9.81 m/s? Acceleration due to gravity

Prediction Horizon (N) 10 Horizon length for MPC predictions

C . Control horizon for MPC, determining number of steps over

ontrol Horizon 5 . . ey

which control inputs are optimized

Sampling Rate 100 Hz Frequency at which digital twin updates predictions and
receives feedback

MPC Weight on Position 1.0 Weighting factor for position error in MPC cost function

MPC Weight on Velocity 0.5 Weighting factor for velocity adjustments in MPC cost function

MPC Weight on Control Effort 0.1 Wei.gh.ting. factor penalizing excessive control efforts in MPC
optimization

Actuator Response Time 0.05s Delay in actuator response to control signals

Stability Zone Threshold 01m Distance thFeshold for acceptable stability deviations in CoM
and CoG alignment

Accelerometer Noise 0.001 g/ VHz Accelerometer noise density

Magnetometer Accuracy +2° Heading accuracy from magnetometer

Barometer Resolution 0.1 hPa Pressure sensor resolution

Rotor Speed Limits 0-3000 RPM Maximum and minimum rotor speeds for thrust generation

Rotor Inertia (I;) 0.0001 kg-m2 Moment of inertia for each rotor

Arm Length (L) 0.25m Distance from center to each motor

Number of Rotors 4 Quadcopter configuration

Propeller Diameter 0.254 m Diameter of each propeller

Propeller Pitch 0.114m Pitch of propeller blades

Thrust Coefficient (Ct) 1.2x107° Thrust coefficient for propeller

Torque Coefficient (Cg) 14 x 1077 Torque coefficient for propeller

Roll Moment Arm 0.25m Distance affecting roll torque generation

Pitch Moment Arm 0.25m Distance affecting pitch torque generation

Yaw Moment Arm 0.12m Distance affecting yaw torque generation

5;})710ad Attachment Stiffness 1000 N/m Spring constant for payload attachment modeling

Fca})lload Damping Coefficient 50 Ns/m Damping factor for payload oscillations

ngload Shape Factor 0.52.0 Geometric factor for irregular payloads

Payload Density Variation +20% Variation in payload material density

Payload Surface Roughness 0.1-1.0 mm Surface texture affecting aerodynamics

Payload Attachment Points 4 Number of attachment points to UAV

Attachment Point Stiffness 800 N/m Individual attachment spring constant

Cable Length (If Applicable) 0.3m Length of suspension cables

Cable Stiffness 2000 N/m Elastic modulus of suspension cables
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Table Al. Cont.

Parameter Value Description

Payload Rotation DOF 2 Degrees of freedom for payload rotation
Payload Translation DOF 3 Degrees of freedom for payload translation
Wind Speed (vy) 0-10m/s Variable wind speed in simulation

Wind Direction Variable Variable wind direction (0°-360°)

Turbulence Intensity 0.1-0.3 Normalized turbulence intensity factor
Ground Effect Height 0.5m Height threshold for ground effect modeling
Ground Effect Gain 0.3 Gain reduction due to ground effect
Turbulence Filter Bandwidth 10 Hz Cutoff frequency for turbulence filtering
Wind Compensation Gain 0.7 Gain for wind disturbance rejection
Thermal Current Detection +0.5m/s Vertical air current detection threshold

Solar Radiation Model Variable Environmental heat input model

Humidity Effects 0-100% Relative humidity impact on performance
Battery Capacity 2200 mAh Total energy available for UAV’s flight operations
Battery Voltage 222V Nominal voltage for LiPo battery pack
Battery Discharge Rate (C) 30C Maximum continuous discharge rate

Motor Efficiency 85% Electrical to mechanical power conversion efficiency
Emergency Landing Threshold  10% Battery threshold for emergency procedures
Maximum Flight Duration 15 min Maximum continuous flight time

Sensor Update Rate 200 Hz IMU sensor data frequency

GPS Update Rate 10 Hz Global positioning system update frequency
Vision Sensor FOV 120° Field of view for onboard camera

Vision Sensor Resolution 640 x 480 Pixel resolution of vision system

Vision Processing Latency 0.02s Delay in computer vision processing
Temperature Compensation —20°Cto60°C Operating temperature range for sensors
Obstacle Detection Range 10 m Forward-looking sensor range
Communication Bandwidth 1 Mbps Data link bandwidth for DT synchronization
Communication Latency 5ms Average communication delay

DT Synchronization Rate 100 Hz Frequency of digital twin state synchronization
Control Loop Frequency 100 Hz Main control algorithm execution rate
Computation Platform NVIDIA Jetson =~ Embedded computing platform for control
Processor Clock Speed 2.2 GHz CPU clock frequency

GPU CUDA Cores 256 Parallel processing cores for optimization
Memory Capacity 4 GB LPDDR4 RAM available for real-time computation
Storage Capacity 32 GB eMMC Non-volatile storage for logging

Operating System Ubuntu 18.04 Linux distribution for real-time operations
State Estimation Filter EKF Extended Kalman filter for state estimation
Kalman Gain Adaptation Adaptive Online adaptation of filter gains

QP Solver osQp Quadratic programming solver used

QP Solver Tolerance 1x10°° Convergence tolerance for optimization
Disturbance Model ARIMA (2,1,2)  Autoregressive model for disturbance prediction
Control Gain for Position 0.8 Proportional gain for position adjustments
Control Gain for Attitude 1.2 Proportional gain for attitude stabilization
Rate Limits +50°/s Maximum angular rates for attitude
Acceleration Limits +5m/s? Linear acceleration constraints

Jerk Limits +10 m/s® Smoothness constraints on acceleration
Collision Avoidance Margin 2m Safety margin for obstacle avoidance
Fail-Safe Altitude 5m Minimum altitude for safe operations
Geofence Radius 500 m Operational area boundary

Actuator Saturation Limits +100% Percentage limits on actuator commands
Waypoint Tolerance 0.5m Position accuracy for waypoint following
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Table Al. Cont.

Parameter Value Description

Coupled Mode Frequencies 1-5Hz Natural frequencies of coupled modes
Damping Ratio 0.1-0.3 Damping ratio for coupled oscillations
Aerodynamic Damping 0.05-0.2 Aerodynamic contribution to damping
Control Allocation Matrix 4x4 Matrix mapping inputs to actuators
Trajectory Smoothing Factor 0.8 Factor for trajectory interpolation
Return-to-Home Speed 2m/s Speed for automated return procedures
Obstacle Avoidance Speed 1m/s Speed during obstacle avoidance maneuvers
Operating Temperature Range 040 °C Environmental temperature limits
Dust/Debris Resistance P54 Ingress protection rating

Vibration Tolerance 5 g RMS Vibration resistance specification

Shock Resistance 50g Impact resistance specification

MTBF 10,000 h Mean time between failures

Safety Integrity Level SIL 2 Functional safety classification

Software Update Mechanism OTA Over-the-air update capability
Diagnostic Logging 1 MB/flight Flight data recording capacity

Health Monitoring Real-time Component health monitoring system
Cybersecurity Protocols AES-256 Data encryption standards

EMI/EMC Compliance FCC Part 15 Electromagnetic compatibility standards
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