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of fractional-order multi-drone networks, specifically managing the joint effects of mass changes,
bounded control inputs, communication lags, component faults, and external disturbances. Unlike
conventional unmanned aerial vehicle (UAV) control approaches that assume fixed or known payload
parameters, the proposed framework explicitly considers unknown and time-varying payload mass,
which significantly affects the dynamic behavior and stability of aerial vehicles during cooperative
missions. A novel adaptive containment control protocol was developed by integrating fractional-
order sliding mode control with an online payload mass adaptation mechanism, enabling each follower
UAV to accurately estimate payload variations in real time. The containment objective was achieved
with respect to multiple dynamic leaders under a directed communication topology. Rigorous
Lyapunov stability analysis based on fractional-order Mittag–Leffler theory was provided to prove the
boundedness of all closed-loop signals and the convergence of containment errors, while maintaining
stability despite control input limitations and physical mechanism failures. Furthermore, the
proposed control scheme ensures robustness against communication delays and matched disturbances.
Extensive numerical simulations involving a 12-UAV formation scenario exhibited the effectiveness
and supremacy of the proposed payload-adaptive strategy compared with non-adaptive methods,
highlighting significant improvements in containment accuracy, control effort, and system robustness.
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1. Introduction

Fractional-order fault-tolerant containment control has been widely investigated to enhance the
robustness and stability of multi-UAV systems under uncertainties and actuator faults [1]. Payload
transportation is one of the most important applications of cooperative UAV systems, where changes in
payload mass and inertial properties significantly influence flight stability and control performance.
To address these challenges, adaptive nonlinear control strategies have been developed for UAV
payload transportation systems to compensate for uncertain payload dynamics and improve tracking
accuracy [2]. The design of lifting and transportation mechanisms for collaborative robotic systems
has also been investigated to enhance the efficiency and reliability of payload delivery missions [3].
Energy-based adaptive control approaches have demonstrated improved robustness for quadrotor UAVs
carrying suspended payloads under nonlinear dynamics and external disturbances [4]. Furthermore,
flexible payload transportation systems have been studied by incorporating detailed dynamic models
and experimentally validated controllers to ensure stable operation during payload motion [5].
Hierarchical adaptive control frameworks have also been proposed for rotorcraft carrying cable-
suspended payloads, showing improved disturbance rejection and trajectory tracking performance
under varying payload conditions [6]. Although these studies have made significant progress in payload
transportation and adaptive control, they do not simultaneously address fractional-order containment
control, actuator faults, input saturation, communication delays, and unknown payload variations
in cooperative multi-UAV networks. These limitations motivate the development of the resilient
containment control strategy proposed in this paper. To reduce communication burden and improve
efficiency, distributed and event-triggered fractional-order fault-tolerant control schemes have been
developed for multi-UAV systems with state constraints [7]. Formation control methods combining
fuzzy logic and prescribed performance under saturation constraints have been reported to enhance
transient behavior [8]. Delay effects on containment performance have been systematically analyzed
through delay-margin-based approaches in fractional-order multi-agent systems [9]. Robust multi-
object tracking approaches have further improved target association performance in forward-looking
sonar applications [10]. Unified aeroelastic and flight dynamics formulations have been developed to
improve the modeling accuracy of aerospace systems [11]. Rapid aerodynamic analysis methods have
also been proposed by combining panel methods with boundary layer theory for efficient aerodynamic
prediction [12].

Adaptive and learning-based fault-tolerant control approaches have gained increasing interest,
including adaptive dynamic programming techniques for multi-UAV formations [13]. Recent advances
have also been reported in intelligent control and optimization for autonomous systems. Prior-
controller-assisted multi-agent deep reinforcement learning has been developed to improve the
attitude control performance of hypersonic morphing vehicles under complex flight conditions [14].
Machine learning techniques have also been employed to accelerate the hydrodynamic shape
design of autonomous underwater vehicles, thereby improving the design efficiency and prediction
accuracy [15]. Robust obstacle avoidance strategies based on reinforcement learning have
demonstrated improved navigation performance for unmanned underwater vehicles operating in
uncertain environments [16]. Event-triggered tube model predictive control with input-to-state stability
guarantees has further enhanced the robustness of vehicle motion control under external disturbances
while reducing the computational burden [17].
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Neural-network-based aerodynamic parameter prediction methods have been proposed to improve
the modeling accuracy of airfoil characteristics [18]. Furthermore, adaptive impedance sliding
mode control with stiffness scheduling has been developed to achieve robust trajectory tracking
and compliant interaction in rehabilitation robotic systems [19]. Although these studies have
achieved significant progress in intelligent control, learning-based optimization, and autonomous
system design, they do not address resilient fractional-order containment control of cooperative
multi-UAV systems subject to actuator faults, payload uncertainty, communication delays, and input
saturation simultaneously. Finite-time fault-tolerant attitude control strategies based on disturbance
observers have been shown to improve the convergence speed [20]. Specified-time fault-tolerant
tracking control has further strengthened time-performance guarantees in UAV formations [21].
Recent studies have explored various intelligent control and modeling strategies for autonomous
systems. Data-driven modeling and control methods considering communication time delays have
improved the robustness and dynamic performance of wireless power transfer systems under uncertain
operating conditions [22]. Multi-layer dynamic information propagation models have also been
developed to describe the evolution of complex networked systems with heterogeneous behavioral
characteristics [23].

Anonymous dynamic formation control with obstacle avoidance has enhanced the safety and
coordination capability of multi-agent systems operating in uncertain environments [24]. Function-
based behavioral modeling approaches have further improved the fidelity and efficiency of air combat
simulation for autonomous aerial platforms [25]. Adaptive robust control strategies have been proposed
for underactuated robotic systems to achieve accurate constraint-following performance under
nonlinear uncertainties [26]. Leakage-type adaptive robust control methods have also demonstrated
improved trajectory tracking and parameter adaptation for collaborative robotic systems with fuzzy
uncertainties [27]. Furthermore, low-latency brain-computer interface-based robotic navigation
has been developed to enhance real-time autonomous mobility and human–robot interaction [28].
Although these studies have significantly advanced intelligent control, modeling, and autonomous
system applications, they do not simultaneously address fractional-order containment control, actuator
faults, payload uncertainty, communication delays, and input saturation in cooperative multi-UAV
systems. Communication rate optimization in multi-UAV relay systems has also been explored [29].
Event-triggered finite-time formation control under input saturation has been developed to improve
convergence properties [30].

Recent studies have highlighted system-level challenges and open issues in autonomous multi-
UAV coordination [31]. Sun et al. [32] proposed a resilient continuous UAV localization framework
that combines cross-view perception with particle filtering to improve localization accuracy in
complex environments. Although the method enhances navigation robustness against localization
uncertainties, it does not consider fractional-order containment control, actuator faults, communication
delays, input saturation, or adaptive payload estimation for cooperative multi-UAV systems. Tang
et al. [33] proposed a generative AI-enhanced multi-agent reinforcement learning framework for
task assignment and exploration optimization in low-altitude UAV rescue missions. Their approach
improves cooperative decision-making and mission efficiency; however, it does not address fault-
tolerant containment control, fractional-order dynamics, communication delays, input saturation, or
unknown payload variations in multi-UAV systems. Tang et al. [34] proposed a cooperative pursuit
strategy for fixed-wing UAVs operating in complex terrain to improve target interception performance

AIMS Mathematics Volume 11, Issue 9, 29145–29178.



29148

while satisfying flight constraints. Their method demonstrated effective cooperative guidance in
challenging environments; however, it does not consider actuator faults, communication delays, input
saturation, or fractional-order containment control in multi-UAV systems. Recently, Fu et al. [35]
developed an adaptive safety attitude control scheme for hybrid vertical take-off and landing (VTOL)
UAVs under multiple actuator faults and uncertainties. By integrating adaptive sliding mode control
with fault compensation, their method improves tracking performance and robustness during transition
flight. However, the proposed approach is limited to the attitude control of a single hybrid VTOL UAV
and does not consider fractional-order containment control, communication delays, input saturation,
or adaptive payload estimation in cooperative multi-UAV systems.

Distributed containment control for multi-UAV networks has become highly critical for safely
guiding follower drones into a dynamic convex hull spanned by multiple leaders. While fractional-
order calculus effectively captures the hereditary memory and viscoelastic aerodynamic effects inherent
in complex flight dynamics, maintaining containment tracking precision remains challenging under
actuator anomalies, input saturation, communication latencies, and online payload mass fluctuations.
Recent literature has explored cooperative tracking under specialized operational constraints, such as
output formation containment for time-delayed singular systems with stochastic impulses [36], robust
bipartite containment under malicious false data injection attacks using zero-sum games [37], and
fractional-order singular consensus utilizing adaptive pinning laws over switching topologies [38].
Recent advances have also investigated the performance analysis of multiple-input multiple-output
(MIMO) information systems under communication delays and message queue effects, demonstrating
the significant influence of network-induced delays on system stability and performance [39]. These
studies provide valuable insights into delay-dependent system analysis. However, unlike information
network systems, the present work focuses on fractional-order multi-UAV containment control
with unknown payload variations, actuator faults, and input saturation under delayed inter-UAV
communication.

Recent studies have also investigated predefined-time formation control for multi-agent
systems under complex communication and security constraints. Predefined-time synchronized
bipartite formation control has been developed for networked heterogeneous Euler–Lagrange
systems, providing guaranteed convergence within a prescribed time despite heterogeneous agent
dynamics [40]. In addition, predefined-time sliding-mode formation control has been proposed
for second-order nonlinear multi-agent systems under deception attacks, demonstrating improved
resilience against malicious network-induced disturbances while maintaining formation accuracy [41].
Although these approaches provide valuable advances in predefined-time coordination and secure
formation control, they do not simultaneously consider fractional-order UAV dynamics, unknown
payload variations, actuator faults, input saturation, and communication delays. These challenges
motivate the development of the proposed adaptive fractional-order containment control framework.

Recent studies have explored hybrid modeling techniques to improve the prediction accuracy of
nonlinear vehicle dynamics under limited driving data [42]. Time-synchronized control strategies
have also been developed to enhance the tracking performance of constrained nonlinear systems [43].
Hybrid neural network and physics-based estimation methods have further improved longitudinal
vehicle dynamics modeling with limited data availability [44]. Distributed safety-critical formation
control has been investigated using bearing estimators and control barrier functions to ensure collision-
free cooperative operation [45]. Robust adaptive dynamic programming has been proposed to improve
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the control performance of hypersonic vehicles under unmatched uncertainties [46]. Segmented
activation function-based zeroing neural network methods have demonstrated efficient solutions for
dynamic equations and robotic manipulator control [47]. Adaptive sliding mode control combined
with randomized neural networks has also been applied to uncertain tilting quadrotor systems to
improve robustness against uncertainties [48]. Sliding mode observer design has been investigated
for descriptor systems with limited observability to enhance state estimation performance [49].
Adaptive fuzzy control strategies have achieved predefined-time convergence and improved tracking
accuracy for nonlinear systems [50]. Observer-based adaptive fuzzy fractional backstepping control
has further enhanced consensus performance of uncertain multi-agent systems under event-triggered
communication [51]. Minimum operator-based data-driven sliding mode control has been developed
to improve the performance of magnetorheological fluid dual-clutch systems [52]. Modified super-
twisting sliding mode control has been introduced to improve braking performance of aircraft systems
under disturbances and parameter uncertainties [53]. Adaptive anti-skid braking control methods have
also been proposed to compensate for runway disturbances and improve braking stability [54]. Inverse
reinforcement learning has been employed to develop inverse optimal tracking control for AC/DC
converter systems [55]. Human digital twin-assisted motion planning has been explored to improve
the safety of industrial human–robot interaction [56]. Although these studies have advanced intelligent
modeling, adaptive control, and autonomous system design, they do not simultaneously address
fractional-order containment control, actuator faults, unknown payload variations, communication
delays, and input saturation in cooperative multi-UAV systems. Therefore, this paper develops a unified
resilient containment control framework to address these challenges.

However, a framework that simultaneously tackles the coupled challenges of fractional dynamics,
non-smooth input saturation, and online payload variations within a fault-tolerant multi-UAV
containment scheme has not yet been established. To bridge this gap, this paper constructs a payload-
aware distributed adaptive containment architecture. Distributed containment control has become an
important research topic for cooperative multi-UAV systems operating in uncertain environments.
Recent studies have investigated fractional-order containment control under actuator faults, event-
triggered communication, communication delays, and external disturbances. Other works have
addressed specific challenges such as adaptive fault-tolerant control, robust formation tracking, and
containment under cyber attacks or stochastic disturbances. Although these contributions have
significantly advanced the field, most existing methods assume fixed vehicle parameters or do not
explicitly account for unknown and time-varying payload mass during flight.

In practical missions, payload variations modify the total vehicle mass and influence the system
dynamics, resulting in degraded tracking accuracy and reduced control performance if they are not
properly compensated. Furthermore, only limited attention has been given to integrating payload
adaptation with fractional-order sliding mode containment control while simultaneously considering
actuator faults, input saturation, and communication delays. Motivated by these limitations, this
paper develops a distributed adaptive containment control framework that combines online payload
mass estimation with fractional-order sliding mode control to enhance robustness and maintain
accurate containment performance under multiple practical constraints. Unlike existing containment
control approaches that address only one or a few practical challenges, the proposed framework
simultaneously considers fractional-order UAV dynamics, unknown payload variations, actuator
faults, input saturation, communication delays, and external disturbances within a unified control
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architecture. The main novelty of this work is not the use of each individual technique, but their
systematic integration into a resilient adaptive containment control framework in which the adaptive
payload estimator, fractional-order sliding mode controller, and neural-network-based uncertainty
approximator operate cooperatively. This unified design improves robustness, tracking accuracy, and
containment performance under multiple practical uncertainties while maintaining theoretical stability
guarantees. This is how the content is organized:
Section 1: This section motivates the study by highlighting the limitations of existing multi-
UAV containment control approaches when payload variations, actuator faults, input saturation, and
communication delays coexist. The necessity of incorporating payload awareness into fractional-order
fault-tolerant containment control is emphasized, and the main objectives and novelties of the proposed
work are outlined.
Section 2: This section formulates a payload-aware fractional-order multi-UAV system model that
explicitly accounts for actuator faults, input saturation, and communication delays. Fundamental
concepts related to fractional calculus, graph theory, containment control, and system admissibility
are introduced to demonstrate the theoretical foundation for subsequent analysis.
Section 3: In this section, the fault-tolerant containment control problem is rigorously defined for
payload-varying fractional-order multi-UAV systems. The control objectives, fault models, saturation
constraints, and delay effects are mathematically characterized, providing a clear and unified problem
statement.
Section 4: This section presents the design of a distributed payload-aware fractional-order fault-tolerant
containment controller. An adaptive mechanism is introduced to compensate for unknown payload
variations and actuator faults, while saturation nonlinearities and communication delays are explicitly
handled within the control framework.
Section 5: This section develops a fractional-order Lyapunov-based stability analysis to rigorously
prove admissibility, boundedness, and containment convergence of the closed-loop system. Sufficient
conditions are derived to guarantee robust containment performance despite payload uncertainty, faults,
input saturation, and delays.
Section 6: This section provides comprehensive numerical simulations involving multiple UAVs to
validate the effectiveness of the proposed control scheme. Comparative results demonstrate improved
containment accuracy, reduced control effort, and enhanced robustness against faults and payload
variations.
Section 7: This section summarizes the main findings and contributions of the paper. The advantages
of the proposed payload-aware fractional-order fault-tolerant containment control approach are
highlighted, and potential directions for future research are discussed.

Paper contributions

The paper has made the following key contributions to this research:

• A novel payload-aware fractional-order multi-UAV system model is developed that
simultaneously considers actuator faults, input saturation, and communication delays, capturing
key practical challenges in real-world UAV operations.
• A distributed adaptive fault-tolerant containment control scheme is proposed, incorporating an

online payload mass adaptation mechanism to effectively compensate for unknown and time-
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varying payload uncertainties.
• The designed control framework explicitly addresses actuator fault effects and input saturation

constraints, ensuring robustness and feasibility under hardware and operational limitations.
• Comprehensive numerical simulations and comparative studies are presented to validate the

effectiveness, robustness, and reduced control effort of the proposed control scheme under
multiple challenging scenarios.

2. Problem formulation with payload dynamics

2.1. UAV model with payload

Consider a group of N fractional-order UAVs consisting of a set of followers F = {1, 2, . . . ,N f } and
a set of leaders L = {N f + 1, . . . ,N}. Each UAV is assumed to carry a rigid payload rigidly attached
to its body. Let mu and mp denote the mass of the UAV and the payload, respectively. Then, the total
mass of the ith UAV is given by

mi = mu + mp,i. (2.1)

The fractional-order translational dynamics of the ith UAV with payload are described as

Dαxi(t) = vi(t), (2.2)

miDαvi(t) = ui(t) − mige3 + di(t) − ∆i(t), (2.3)

where xi(t) ∈ R3 and vi(t) ∈ R3 denote the position and velocity vectors, ui(t) ∈ R3 is the control input,
g is the gravitational constant, e3 = [0, 0, 1]T , di(t) represents external disturbances, ∆i(t) denotes
the lumped payload-induced uncertainty. The payload uncertainty term ∆i(t) includes the effects of
payload mass variation, aerodynamic coupling, payload-induced drag, and is assumed to be unknown
but bounded. Dividing (2.3) by mi, this model can be reformulated into the following state-space
representation:

Dαvi(t) =
1
mi

ui(t) − ge3 + Fi(xi, vi), (2.4)

where Fi(xi, vi) represents the lumped uncertainty caused by payload variation and disturbances.

2.2. Actuator faults and input saturation

Every drone within the fleet is constrained by actuator saturation and vulnerability to defects. The
operational model for a compromised actuator is defined as follows:

ui(t) = sat
(
Giuci(t) + fi(t)

)
,

where uci(t) is the designed control signal, Gi = diag(gi1, gi2, gi3) is the actuator effectiveness matrix
with 0 < gi j ≤ 1, fi(t) denotes actuator bias faults,and sat(·) represents the actuator saturation
nonlinearity. Substituting the faulty actuator model into (2.4), the closed-loop dynamics become

Dαvi =
1
mi

sat
(
Giuci + fi

)
− ge3 + Fi(xi, vi). (2.5)

It should be emphasized that the proposed containment controller is developed for the translational
motion of the quadrotor. The rotational (attitude) dynamics are introduced only to describe the
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complete physical model and to provide the relationship between the generated thrust and translational
motion. Consequently, the controller design, adaptive laws, and stability analysis are established using
the translational dynamics given in Eqs (2.2)–(2.5), whereas the attitude subsystem is assumed to be
stabilized by a low-level flight controller operating independently.

2.3. Communication topology and delays

The communication topology of the UAV network is represented by the directed graph G =

(V,E,A), where V, E, and A denote the node set, edge set, and weighted adjacency matrix,
respectively. The transmission of information between neighboring UAVs is subject to communication
delays, where τi j denotes the delay from UAV j to UAV i. To facilitate the subsequent stability analysis,
the communication delay is assumed to be bounded according to

0 ≤ τi j ≤ τ̄,

where τ̄ denotes the maximum admissible delay. The delay is incorporated into the containment error
dynamics, while its influence on the closed-loop system is treated as a bounded perturbation. Under
Assumption 4.2, the proposed adaptive sliding mode controller compensates for this bounded delay
effect and preserves containment performance.

2.4. Containment control objective

The communication topology is described by a directed graph composed of leaders and followers.
Let ai j denote the (i, j)th element of the follower–follower adjacency matrix, where ai j > 0 if follower
j communicates with follower i, and ai j = 0 otherwise. Similarly, bik denotes the (i, k)th element of the
leader–follower adjacency matrix, where bik > 0 if leader k directly transmits information to follower
i, and bik = 0 otherwise. For each follower UAV i ∈ F , define the containment error as

ei(t) =
∑
j∈Ni

ai j
(
xi(t) − x j(t − τi j)

)
−

∑
k∈L

bik
(
xi(t) − xk(t − τik)

)
. (2.6)

In the considered communication network, information exchanged among neighboring followers and
between leaders and followers is subject to transmission delays caused by wireless communication,
computation, and network latency. Accordingly, the containment error is formulated by incorporating
the communication delays in both follower–follower and leader–follower information exchange. Let
τi j and τik denote the communication delays from follower j to follower i and from leader k to follower
i, respectively, where ei(t) denotes the containment error of follower UAV i,Ni is the set of neighboring
followers, and L represents the set of leader UAVs. The weighting coefficients ai j and bik characterize
the follower–follower and leader–follower communication links, respectively, where Ni denotes the
neighbor set of UAV i.
Control objective: Design a fractional-order fault-tolerant containment control law uci(t) such that,
despite the presence of payload uncertainty, actuator faults, input saturation, external disturbances, and
communication delays, the containment errors ei(t) of all follower UAVs converge to zero or a small
bounded neighborhood of zero, while all closed-loop signals remain bounded.

Figure 1 illustrates the schematic representation of a quadrotor UAV together with its body-fixed
and inertial coordinate frames, as well as the associated force and moment directions. The origin of

AIMS Mathematics Volume 11, Issue 9, 29145–29178.



29153

the body-fixed frame is located at the center of mass (Cm) of the UAV, which may vary due to payload
attachment. The body axes are denoted by bx, by, and bz, where bx and by lie in the plane of the
quadrotor arms and bz points downward along the thrust direction. The inertial frame is represented by
the axes ex, ey, and ez, with the ez-axis pointing downward in the direction of gravity. The forces F1–F4

represent the thrust synthesized by the four rotors mounted at the ends of the quadrotor arms. These
thrust forces act along the positive bz-axis and are responsible for lift generation and altitude control.
The body-frame force components Fbx, Fby, and Fbz describe the resultant forces expressed in the body-
fixed frame, while Fex, Fey, and Fez denote the corresponding force components in the inertial frame.
The rotational motions of the quadrotor are characterized by the roll angle φ about the bx-axis, the
pitch angle θ about the by-axis, and the yaw angle ψ about the bz-axis, as indicated in the figure. This
coordinate and force representation provides a clear physical interpretation of the quadrotor motion
and serves as the foundation for dynamic modeling and control design. It is particularly suitable for
analyzing the effects of payload variations, external disturbances, and actuator-induced moments in
fault-tolerant and robust control frameworks.

Figure 1. Spatial configuration and attitude profiles of the quadrotor.

3. Payload-aware fractional-order control law design

3.1. Sliding surface design

For each follower UAV i ∈ F , define the fractional-order sliding surface as

si(t) = Dα−1ei(t) + λ1ei(t) + λ2sgn
(
ei(t)

)
|ei(t)|ρ, (3.1)

where λ1 > 0, λ2 > 0, and 0 < ρ < 1 are design constants. The fractional-order sliding surface
defined in (3.1) establishes a stable relationship between the containment error and its fractional-order
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integral. Once the system trajectories reach the sliding manifold, i.e., si(t) → 0, the corresponding
reduced-order error dynamics satisfy

ei + λ CDα−1ei = 0.

According to Lemma 4.2, this fractional-order error system is Mittag–Leffler stable. Therefore, the
convergence of the sliding variable implies the asymptotic convergence of the containment error, that
is,

lim
t→∞

si(t) = 0 =⇒ lim
t→∞

ei(t) = 0.

3.2. Payload-aware fault-tolerant control law

Based on the system model (2.5) and the sliding surface (3.1), the following payload-aware fault-
tolerant control law is proposed:

uci(t) = −m̂i(t)
(
k1si(t) + k2sgn(si(t))

)
− F̂i(xi, vi) + m̂i(t)ge3, (3.2)

where k1 > 0 and k2 > 0 are control gains, m̂i(t) is the adaptive estimate of the total mass (UAV
+ payload), and F̂i(xi, vi) denotes the estimated lumped uncertainty caused by payload variation and
external disturbances. The control law (3.2) compensates for the unknown payload mass and ensures
robustness against actuator faults and saturation.

3.3. Payload uncertainty approximation

The lumped uncertainty Fi(xi, vi) is approximated using a neural network or fuzzy neural network
(FNN) as:

Fi(xi, vi) = W∗T
i Φi(xi, vi) + εi(t).

Here, W∗
i signifies the target weight vector, Φi(·) defines the vector of basis functions, and εi(t) accounts

for the constrained modeling approximation error. The adaptive estimate is given by

F̂i(xi, vi) = ŴT
i Φi(xi, vi).

3.4. Adaptive laws for payload mass and uncertainty

To ensure consistency with the fractional-order system dynamics and the subsequent Lyapunov
stability analysis, the adaptive update laws are formulated using the Caputo fractional derivative of
order α ∈ (0, 1) as

CDαm̂i(t) = γmsT
i (t)ge3, (3.3)

CDαŴi(t) = −γwΦi(xi, vi)si(t), (3.4)

where γm > 0 and γw > 0 denote the adaptation gains. By employing fractional-order adaptation, the
adaptive laws become fully compatible with the fractional-order Lyapunov framework developed in
Section 4.
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3.5. Discussion

The proposed control law explicitly incorporates payload mass adaptation, enabling the controller
to automatically adjust to unknown or time-varying payloads. The NN/FNN approximation
compensates for payload-induced nonlinearities and disturbances, while the sliding-mode structure
ensures robustness against actuator faults, input saturation, and communication delays. This design
allows seamless integration with the fractional-order dynamics and containment objectives. As shown
in Figure 2, the proposed payload-aware fractional-order control framework integrates the fractional-
order operator, sliding surface, and adaptive payload mass law to regulate the multi-UAV dynamics
under external disturbances. Figure 2 illustrates the proposed fractional-order adaptive containment
control architecture. The containment error is computed using neighboring follower and leader
information according to Eq (6), while the fractional-order operator Dα, adaptive payload estimator m̂i,
neural network estimator Ŵi, and sliding-mode controller jointly generate the control input ui for each
follower UAV. The simulation results are evaluated using the root-mean-square (RMS) containment
error, maximum containment error, convergence time, maximum control input, and payload mass
estimation error. For comparison, two control strategies are considered: (i) a baseline fractional-order
sliding mode containment controller without adaptive payload estimation (Without FT-AG), and (ii) the
proposed fault-tolerant adaptive guidance controller (With FT-AG). The abbreviation FT-AG denotes
the proposed fault-tolerant adaptive guidance strategy. All reported control inputs satisfy the actuator
saturation constraint, i.e., |ui j| ≤ 5 N.
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Leader States
xk(t)

Neighbor States
x j(t − τi j)

Follower State
xi(t)

Containment Error
ei(t)

Fractional-Order Sliding Surface
si(t)

Adaptive Payload Estimator
m̂i

Neural Network Estimator
Ŵi

Disturbance Compensation
Fi

Fractional-Order Controller
Dα, ui

Follower UAV Dynamics
xi(t)

Figure 2. Architecture of the proposed adaptive fractional-order fault-tolerant containment
control framework. The containment error is computed using the follower state, neighboring
follower information, and leader information. The fractional-order operator Dα, adaptive
payload estimator m̂i, neural network estimator Ŵi, and disturbance compensation module
cooperate to generate the control input ui.

As shown in Table 1, the proposed payload-adaptive control scheme significantly reduces both the
peak and RMS control effort compared to the non-adaptive approach. This reduction demonstrates
the effectiveness of the payload mass adaptation mechanism in mitigating excessive control inputs
caused by unknown payload variations. Figure 3 compares the containment tracking performance of
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the proposed controller with the baseline methods. The proposed approach achieves faster convergence
and smaller steady-state tracking errors, demonstrating improved robustness under payload uncertainty,
actuator faults, and communication delays.

Table 1. Performance comparison of the proposed controller and representative baseline
methods under actuator saturation (|ui j| ≤ 5 N).

Method Ref. ‖ei‖RMS Conv. Time (s) |u|max (N) Payload Error (kg)
Distributed Event-Triggered FO FTC [7] 0.192 8.54 4.92 0.53
Proposed Adaptive FT-AG Controller This work 0.061 4.83 4.76 0.07

Figure 3. Comparison of containment tracking errors between the proposed controller and
existing methods.

4. Assumptions and remarks

Assumption 4.1. Data propagation from the leader group L to each individual follower drone is
topologically guaranteed, as the communication topology G embeds a directed spanning tree rooted
within the leader set.

Remark 5.1. Assumption 4.1 guarantees that the communication graph contains a directed spanning
tree rooted at the leader set. Consequently, every follower UAV is connected to at least one leader
through a directed information path. Under this topology, the leader information propagates throughout
the network, allowing the follower UAVs to asymptotically converge to the convex hull spanned by the
leader trajectories under the proposed containment control protocol.

Assumption 4.2. The communication delays τi j are bounded and satisfy

0 ≤ τi j ≤ τ̄,

where τ̄ is a known finite constant. The effect of the bounded communication delays is treated as a
bounded uncertainty in the closed-loop error dynamics.
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Assumption 4.3. The payload mass of each UAV is unknown and possibly time-varying, but bounded,
i.e.,

0 < mi,min ≤ mi(t) ≤ mi,max,

where mi,min and mi,max are unknown positive constants.

Assumption 4.4. The lumped uncertainty term Fi(xi, vi), which includes payload-induced
nonlinearities, external disturbances, and unmodeled dynamics, is continuous and bounded, and can be
approximated by an NN/FNN with a bounded approximation error εi(t), i.e.,

‖εi(t)‖ ≤ ε̄i,

where ε̄i is an unknown positive constant.

Remark 5.2. Since the disturbance bound ε̄i is unknown in practice, the control gain k2 is selected
conservatively according to the expected disturbance level while satisfying the actuator saturation
constraint. A larger value of k2 generally improves disturbance rejection and accelerates convergence;
however, excessively large gains may increase the control effort and drive the actuator closer to its
saturation limit. Therefore, k2 should be chosen to balance robustness, convergence speed, and control-
input limitations.

Assumption 4.5. The actuator faults are modeled as partial loss-of-effectiveness and bias faults, where
the effectiveness factors gi j satisfy 0 < gi j ≤ 1, and the bias faults fi(t) are bounded.

Assumption 4.6. The actuator saturation limits are symmetric and known, and the saturation function
sat(·) is globally Lipschitz.

Remark 4.1. Assumptions 4.1 and 4.2 are standard in containment and consensus control of multi-
UAV systems and guarantee that leader information can propagate through the network despite
communication delays.

Remark 4.2. Assumption 4.3 does not require prior knowledge of the payload mass; instead, it only
requires boundedness, which is realistic in practical UAV applications where payload weights are
physically constrained. The proposed adaptive law estimates the payload mass online.

Remark 4.3. Assumption 4.4 is commonly adopted in adaptive NN/FNN-based control and ensures
that the unknown nonlinearities caused by payload variation and disturbances can be effectively
approximated with arbitrary accuracy.

Remark 4.4. Assumptions 4.5 and 4.6 reflect realistic actuator limitations in UAV systems. The
proposed fault-tolerant controller explicitly compensates for actuator faults and input saturation
without requiring fault diagnosis.

Remark 4.5. Under the above assumptions, the stability conditions derived in the Lyapunov analysis
are sufficient to guarantee Mittag-Leffler stability of the closed-loop fractional-order multi-UAV
system.
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5. Stability analysis

Lemma 5.1. Assuming V(t) = 1
2 xT (t)x(t) defines a smooth, continuously differentiable scalar function,

let Dα(·) represent the Caputo fractional derivative with an order restricted to α ∈ (0, 1). Then, the
following inequality holds:

DαV(t) ≤ xT (t)Dαx(t).

Proof. Consider the Lyapunov function

V(t) =
1
2

xT (t)x(t).

Using the property of Caputo fractional derivatives and the fractional inequality for quadratic functions,
we obtain

DαV(t) = Dα

(
1
2

xT (t)x(t)
)
≤ xT (t)Dαx(t).

Hence, the desired inequality is established. �

Lemma 5.2. Consider the fractional-order system

Dαx(t) = f (x(t)), 0 < α < 1.

If there exists a Lyapunov function V(x) such that

DαV(x) ≤ −cV(x),

for some constant c > 0, then the equilibrium point x = 0 is Mittag–Leffler stable.

Proof. Assume that there exists a positive definite Lyapunov function V(x) satisfying

DαV(x) ≤ −cV(x), c > 0.

Consider the scalar fractional differential equation

Dαy(t) = −cy(t),

whose solution is given by
y(t) = y(0)Eα(−ctα),

where Eα(·) denotes the Mittag–Leffler function.
By the comparison principle for fractional-order systems,

V(x(t)) ≤ V(x(0))Eα(−ctα).

Since the Mittag–Leffler function satisfies

Eα(−ctα)→ 0 as t → ∞,

it follows that
V(x(t))→ 0.

Because V(x) is positive definite, the steady-state point x = 0 is Mittag-Leffler stable. �
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Lemma 5.3. Let f (x) be a continuous mapping evaluated over a compact region Ω. Then, there exists
a target parameter matrix W∗ ensuring that

f (x) = W∗T Φ(x) + ε(x),

where Φ(x) denotes the vector of basis functions and the associated approximation discrepancy ε(x) is
uniformly bounded by a positive constant ε̄, such that

‖ε(x)‖ ≤ ε̄.

Proof. Based on the properties of continuity of f (x) on the compact domain Ω, the principles of the
universal approximation theorem dictate that a neural network can approximate f (x) with any desired
precision, provided a sufficient number of basis functions are employed.

As a result, we can establish an optimal weight profile W∗ that yields:

f (x) = W∗T Φ(x) + ε(x),

where the basis function vector is represented by Φ(x) and the approximation error term is denoted by
ε(x).

Since Ω is a bounded and closed (compact) set and f (x) is continuous, the resulting approximation
error cannot grow infinitely. Hence, it is always possible to find a positive upper limit ε̄ satisfying

‖ε(x)‖ ≤ ε̄.

This concludes the proof. �

Lemma 5.4. For any vectors x, y ∈ Rn and any scalar ε > 0, the following holds:

xT y ≤
1
2ε
‖x‖2 +

ε

2
‖y‖2.

Proof. For any ε > 0, consider the nonnegative quantity∥∥∥∥∥∥ 1
√
ε

x −
√
ε y

∥∥∥∥∥∥2

≥ 0.

Expanding the square gives
1
ε
‖x‖2 − 2xT y + ε‖y‖2 ≥ 0.

Rearranging the above inequality yields

2xT y ≤
1
ε
‖x‖2 + ε‖y‖2.

Dividing both sides by 2, we obtain

xT y ≤
1
2ε
‖x‖2 +

ε

2
‖y‖2.

Hence, the proof is complete.
�
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Since the communication delays are bounded according to Assumption 4.2, their influence is
incorporated into the lumped uncertainty term together with actuator faults and external disturbances.
Therefore, the subsequent Lyapunov analysis establishes the robustness of the proposed controller
under bounded communication delays without requiring an explicit delay-dependent stability
framework.

Theorem 5.5. Let the payload-aware fractional-order multi-UAV system (2.5) be regulated by the
control design (3.2) paired with the parameter estimation rules (3.3)–(3.4). Under the condition
that the neural network (NN/FNN) modeling error εi(t) is substantially bounded, it follows that every
closed-loop state within the network remains bounded for each follower aircraft i ∈ F . Additionally,
the cooperative containment errors ei(t) are guaranteed to diminish to the origin or restrict themselves
to a minor, bounded envelope surrounding zero according to Mittag–Leffler stability principles.

Proof. For each follower UAV i ∈ F , consider the following Lyapunov function candidate:

Vi(t) =
1
2

sT
i (t)si(t) +

1
2γm

m̃2
i (t) +

1
2γw

W̃T
i (t)W̃i(t), (5.1)

where
m̃i(t) = m̂i(t) − mi, W̃i(t) = Ŵi(t) −W∗

i . (5.2)

Since the payload mass may vary during flight, the estimation error is defined as m̃i(t) = m̂i(t) − mi(t),
where mi(t) satisfies Assumption 5.3. It is assumed that the payload variation is sufficiently smooth and
that its Caputo fractional derivative is bounded, i.e., ‖CDαmi(t)‖ ≤ d̄m, where d̄m is a positive constant.
This bounded term is incorporated into the lumped uncertainty and compensated through the adaptive
sliding mode control law. Consequently, the estimation error dynamics remain bounded throughout the
stability analysis. m̃i(t) and W̃i(t) denote the payload mass estimation error and the NN/FNN weight
estimation error, respectively. Taking the Caputo fractional derivative of order α ∈ (0, 1) of Vi(t), and
one obtains

DαVi(t) ≤ sT
i (t)Dαsi(t) +

1
γm

m̃i(t)Dαm̂i(t) +
1
γw

W̃T
i (t)DαŴi(t). (5.3)

Substituting the closed-loop dynamics together with the proposed control law into (3.3)–(3.4) gives

CDαVi ≤ sT
i

(
− k1si − k2 sgn(si) + m̃ige3 + W̃T

i Φi + εi

)
+

1
γm

m̃i
CDαm̂i +

1
γw

W̃T
i

CDαŴi.
(5.4)

Using the adaptive update laws (3.3) and (3.4), the cross terms associated with the payload estimation
error and neural-network weight estimation error are cancelled, leading directly to the simplified
Lyapunov inequality presented in (14). Substituting the closed-loop dynamics (2.5), the control
law (3.2), and the sliding surface (3.1) into (5.3) yields

DαVi ≤ − k1sT
i si − k2‖si‖ + sT

i m̃ige3 + sT
i W̃T

i Φi + sT
i εi. (5.5)

Since the actuator channel is affected by input saturation and actuator faults, the difference between
the commanded control input and the actual actuator output satisfies∥∥∥sat(Giuc,i + fi) − uc,i

∥∥∥ ≤ δi, (5.6)
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where δi is a bounded positive constant. This bounded mismatch, together with the communication
delay, is incorporated into the lumped uncertainty term ∆i, which is compensated by the proposed
adaptive fractional-order sliding mode controller. Applying the adaptive laws (3.3) and (3.4), the
payload mass estimation and NN/FNN weight estimation terms satisfy

1
γm

m̃iDαm̂i = m̃isT
i ge3,

1
γw

W̃T
i DαŴi = −sT

i W̃T
i Φi.

Substituting the above relations into (5.5) leads to

DαVi ≤ −k1‖si‖
2 − k2‖si‖ + sT

i εi. (5.7)

Since the NN/FNN approximation error is bounded, i.e.,

‖εi(t)‖ ≤ ε̄i,

it follows from (5.7) that
DαVi ≤ −k1‖si‖

2 −
(
k2 − ε̄i

)
‖si‖. (5.8)

Consequently,
CDαVi ≤ −cVi, (5.9)

where

c = min
{

2k1,
k2 − ε̄i
√

Vi

}
> 0.

Therefore, according to Lemma 4.2, the equilibrium of the closed-loop system is Mittag–Leffler
stable, and all containment errors asymptotically converge to a bounded neighborhood of the origin.
Equation (3.1) is explicitly formulated as a function of the containment error ei(t); this asymptotic
regulation of si(t) directly guarantees that the containment errors across all follower drones diminish
either to zero or into a highly restricted, bounded envelope surrounding the origin. The theoretical
analysis demonstrates that the proposed adaptive fractional-order sliding mode control protocol
guarantees the boundedness of all closed-loop signals and ensures the convergence of the containment
errors under unknown payload variations, actuator faults, and input saturation. The adaptive payload
estimator continuously updates the payload mass online, while the sliding mode control law enhances
robustness against external disturbances and modeling uncertainties. Therefore, the proposed protocol
provides reliable containment performance under practical operating conditions. �

Theorem 5.6. Under the control law (3.2) and the adaptive law (3.3), the payload mass estimation
error m̃i(t) = m̂i(t) − mi is uniformly bounded for all i ∈ F .

Proof. From the Lyapunov function candidate (5.1), it follows that

Vi(t) ≥
1

2γm
m̃2

i (t).
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Since Theorem 5.5 guarantees that Vi(t) is bounded and non-increasing, there exists a positive constant
V̄i such that

Vi(t) ≤ V̄i, ∀t ≥ 0.

Therefore,

|m̃i(t)| ≤
√

2γmV̄i,

which implies that the payload mass estimation error is uniformly bounded. This completes the proof.
�

Theorem 5.7. (Robustness against actuator faults and saturation) Consider the fractional-order
multi-UAV system subject to actuator loss-of-effectiveness faults, bias faults, and input saturation.
Under the proposed control law (3.2), the closed-loop system remains stable in the sense of Mittag–
Leffler stability.

Proof. The actuator faults and saturation appear as bounded perturbations in the control channel due
to Assumptions 4.5 and 4.6. These perturbations are lumped into the uncertainty term Fi(xi, vi) and
compensated by the NN/FNN approximation and sliding-mode term. From Theorem 5.5, the fractional
Lyapunov derivative satisfies

DαVi(t) ≤ 0.

Hence, all closed-loop signals remain bounded, and the sliding surface converges asymptotically to
zero in the sense of Mittag–Leffler stability. This completes the proof. �

Remark 5.8. The proposed stability analysis is established for bounded communication delays whose
effects are incorporated into the lumped uncertainty term. The development of a delay-dependent
fractional Lyapunov–Krasovskii or Razumikhin framework for arbitrary time-varying communication
delays is beyond the scope of this work and will be investigated in future research.

Theorem 5.9. Suppose Assumptions 4.1–4.6 hold. Then the proposed control scheme guarantees
containment feasibility of all follower UAVs within the convex hull spanned by the leaders, despite
unknown and time-varying payload mass.

Proof. From Theorem 5.5, the sliding surface si(t) converges to zero. By the definition of the
sliding surface equation (3.1), si(t) → 0 implies that the fractional containment error dynamics are
asymptotically stable. Using standard graph-theoretic results on containment control, the convergence
of ei(t) ensures that the follower UAVs converge into the convex hull formed by the leaders. Payload
variation does not violate this condition since its effects are compensated by the adaptive mass
estimation and NN/FNN terms. This completes the proof. �

Corollary 5.10. If the payload mass is constant and known, i.e., mi(t) = mu, Then the proposed control
law reduces to a standard fractional-order fault-tolerant containment controller, and all results of
Theorems 5.5–5.9 remain valid.

Proof. When mi(t) = mu, the mass estimation error satisfies m̃i(t) = 0, and the adaptive law (3.3)
becomes inactive. The Lyapunov analysis in Theorem 1 reduces to the standard case, and stability
follows directly. This completes the proof. �
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Corollary 5.11. If the NN/FNN approximation error εi(t) is nonzero but bounded, then the containment
errors converge to a small bounded neighborhood of zero.

Proof. From inequality (5.8), the ultimate bound of the containment error satisfies

‖ei‖ ≤
ε̄i

k2 − ε̄i
,

provided that
k2 > ε̄i.

Therefore, increasing the switching gain k2 reduces the steady-state tracking error while preserving the
robustness of the proposed controller. �

Table 2 compares the containment performance of the proposed control scheme with and
without payload mass adaptation. Neglecting payload variation leads to degraded tracking accuracy,
longer convergence time, and residual sliding motion. In contrast, the proposed adaptive payload
compensation significantly improves containment accuracy, suppresses chattering, and guarantees
Mittag-Leffler stability, thereby validating the effectiveness of the proposed adaptive scheme.

Table 2. Performance comparison between the proposed controller with and without adaptive
payload estimation.

Performance Metric Without Adaptive Payload Estimation Proposed Method
Payload Mass Knowledge Unknown (Uncompensated) Online Estimated
Maximum Containment Error (m) 0.48 0.12
Steady-State Containment Error (m) > 0.1 ≈ 0
Convergence Time (s) 22.5 11.8
Sliding Surface Residual Persistent Oscillations Converges to Zero
Control Input Chattering Severe Mild
Robustness to Payload Variations Poor Strong
Stability Guarantee Practical Stability Mittag–Leffler Stability
Overall Containment Performance Degraded Significantly Improved

Figure 4 shows that the proposed controller generates smoother control inputs while satisfying the
actuator saturation constraints. Compared with the baseline methods, the proposed strategy requires
lower control effort and maintains better robustness in the presence of actuator faults and payload
variations.
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Figure 4. Comparison of control input magnitudes under different control strategies.

6. Numerical examples

To validate the performance of the developed payload-aware fractional-order fault-tolerant
containment control design, this section presents a comprehensive numerical simulation.

6.1. Example 1: Extension to a 4-leader 4-follower UAV system

A numerical example is presented to further validate the effectiveness and flexibility of the proposed
payload-aware fractional-order fault-tolerant containment control scheme under a reduced-scale multi-
UAV configuration. A multi-UAV system consisting of N = 8 agents is considered, where N f = 4
UAVs act as followers and Nl = 4 UAVs serve as leaders. The communication topology satisfies
Assumption 1, ensuring that each follower UAV has access to at least one leader through directed
communication links. The fractional order of the system dynamics is selected as α = 0.9. The
translational dynamics of each follower UAV are described by Eqs (2.2) and (2.3), where g = 9.81 m/s2

and e3 = [0, 0, 1]T . Each UAV has a nominal mass mu = 1.5 kg. The payload mass of each follower
UAV is assumed to be unknown and time-varying, and is given by

mp,i(t) =

0.25 kg, 0 ≤ t < 8 s,
0.6 kg, t ≥ 8 s,

i = 1, . . . , 4.

Accordingly, the total mass of each follower satisfies mi(t) = mu + mp,i(t), which represents a realistic
scenario of mid-flight payload variation.

The follower UAVs are subject to actuator loss-of-effectiveness faults modeled by Gi =

diag(0.75, 0.8, 0.85), actuator bias faults given by fi(t) = [0.12 sin(t), 0.1 cos(t), 0.08 sin(1.2t)]T , and
input saturation constraints |ui j(t)| ≤ 5, j = 1, 2, 3. The external disturbances are modeled as bounded
time-varying signals di(t) = [0.2 sin(0.3t), 0.18 cos(0.25t), 0.2 sin(0.4t)]T .

The controller parameters are selected as λ1 = 1.8, λ2 = 1.5, ρ = 0.5, k1 = 3.0, and k2 = 1.2, while
the adaptive gains are chosen as γm = 0.9 and γw = 1.6. The initial estimate of the total mass for all
follower UAVs is set as m̂i(0) = 1.6 kg.
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The initial positions of the follower UAVs are given by

xi(0) =


−4 + i

2 − 0.5i
1

 , vi(0) =


0
0
0

 , i = 1, . . . , 4.

The leader UAVs follow predefined reference trajectories defined as

xL1(t) =


5 cos(0.12t)
5 sin(0.12t)

2

 , xL2(t) =


−5 cos(0.12t)
5 sin(0.12t)

2

 ,
xL3(t) =


−5 cos(0.12t)
−5 sin(0.12t)

2

 , xL4(t) =


5 cos(0.12t)
−5 sin(0.12t)

2

 .
The simulation results indicate that all follower UAVs successfully converge into the convex hull

formed by the four leader trajectories, despite the presence of payload uncertainty, actuator faults, input
saturation constraints, and external disturbances. The containment errors converge rapidly to a small
neighborhood of zero, and the adaptive estimates of the total mass accurately track the true payload
mass following the abrupt payload change at t = 8 s. These results further confirm the effectiveness and
robustness of the proposed payload-aware fractional-order fault-tolerant containment control scheme
under different multi-UAV configurations.

As illustrated in Figure 5, all follower UAVs successfully converge into the convex hull formed by
the four leader trajectories, despite the presence of payload uncertainty, actuator faults, input saturation
constraints, and external disturbances.

Figure 5. UAV trajectories in Example 1 (dashed: leaders, solid: followers). Followers
maintain containment inside the convex hull despite faults, wind disturbances, and payload
and formation variations.

Figure 6 compares the true payload mass with the estimated payload mass obtained using the
proposed adaptive estimation scheme. The estimated payload closely follows the actual payload after
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each variation with a short transient period, demonstrating the fast convergence and accuracy of the
proposed adaptive estimator.

Figure 6. True payload mass and estimated payload mass.

The containment performance and disturbance rejection capability of the proposed controller are
illustrated in Figure 7. Figure 8 presents the containment error norms of all follower UAVs. The
errors decrease rapidly and converge close to zero, demonstrating the effectiveness of the proposed
controller in achieving accurate containment under the considered uncertainties. Since only two leaders
are considered in this example, the convex hull reduces to the line segment connecting the leader
trajectories. Consequently, the containment objective requires all follower UAVs to converge to the
neighborhood of this line segment rather than to a two-dimensional polygonal region. Since only two
leaders are considered in this example, the corresponding convex hull degenerates into a line segment.
Therefore, the containment objective requires all followers to converge to this one-dimensional convex
region.

Figure 7. Containment response of the 4-leader 4-follower UAV system (Example 1).
Followers remain enclosed within the leaders’ convex hull despite wind gusts and formation
maneuvers.
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Figure 8. Containment error norms of all follower UAVs.

6.2. Example 2: Extension to a 12-UAV system

A numerical example is presented to verify the effectiveness and scalability of the proposed payload-
aware fractional-order fault-tolerant containment control scheme. A multi-UAV system consisting of
N = 12 agents is considered, where N f = 10 UAVs act as followers and Nl = 2 UAVs serve as leaders.
The communication topology satisfies Assumption 1, ensuring that each follower UAV has access to
at least one leader through directed communication links. The fractional order of the system dynamics
is selected as α = 0.9. The translational dynamics of each follower UAV are described by Eqs (2.2)
and (2.3), where g = 9.81 m/s2 and e3 = [0, 0, 1]T . Each UAV has a nominal mass mu = 1.5 kg. The
payload mass of each follower UAV is assumed to be unknown and time-varying, and is given by

mp,i(t) =

0.3 kg, 0 ≤ t < 10 s,
0.8 kg, t ≥ 10 s,

i = 1, . . . , 10.

Thus, the total mass satisfies mi(t) = mu + mp,i(t), which models a realistic mid-flight payload
pickup scenario. The follower UAVs are subject to actuator loss-of-effectiveness faults described by
Gi = diag(0.7, 0.8, 0.75), actuator bias faults fi(t) = [0.15 sin(t), 0.12 cos(t), 0.1 sin(1.5t)]T , and input
saturation constraints |ui j(t)| ≤ 5, j = 1, 2, 3. The external disturbances are modeled as bounded time-
varying signals di(t) = [0.25 sin(0.4t), 0.2 cos(0.3t), 0.25 sin(0.5t)]T . The controller parameters are
chosen as λ1 = 2, λ2 = 1.6, ρ = 0.6, k1 = 3.2, and k2 = 1.4, while the adaptive gains are selected as
γm = 1.0 and γw = 1.8. The communication delay between neighboring UAVs is assumed to satisfy

τi j = 0.08 s,

unless otherwise stated. The initial estimate of the total mass for all follower UAVs is set as m̂i(0) =

1.7 kg. The initial positions of the follower UAVs are given by

xi(0) =


−6 + 0.5i
3 − 0.3i

1

 , vi(0) =


0
0
0

 , i = 1, . . . , 10.
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The leader UAVs follow predefined reference trajectories

xL1(t) =


6 cos(0.15t)
6 sin(0.15t)

2

 , xL2(t) =


−6 cos(0.15t)
−6 sin(0.15t)

2

 .
The simulation results demonstrate that all follower UAVs successfully converge into the convex hull
spanned by the leader trajectories despite the presence of payload uncertainty, actuator faults, input
saturation, and external disturbances. The containment errors converge rapidly to a small neighborhood
of zero, and the adaptive estimates of the total mass accurately track the true mass even after the abrupt
payload change at t = 10 s. These results confirm the effectiveness, robustness, and scalability of the
proposed payload-aware fractional-order containment control scheme. As shown in Figure 9(a), the
containment errors of all follower UAVs converge to a small neighborhood of zero, while Figure 9(b)
demonstrates the convergence of the mean containment error. Figure 10(a) shows the containment
trajectories of the 12-UAV system, whereas Figure 10(b) presents the log-scale convergence behavior
of the containment errors.

(a) Containment error convergence of follower UAVs (b) Mean containment error convergence

Figure 9. Containment error convergence of follower UAVs and mean containment error
convergence.

The simulation results further verify the validity of the proposed control protocol. In both simulation
examples, the follower UAVs successfully converge to the desired containment region despite payload
variations and actuator limitations. These results confirm the effectiveness, robustness, and practical
applicability of the proposed adaptive containment control strategy. The additional simulation results
further demonstrate the effectiveness of the proposed adaptive fractional-order containment control
strategy under practical operating conditions. The newly added payload estimation results confirm the
accuracy of the online adaptive estimator, while the containment error norm provides a quantitative
measure of tracking performance. Furthermore, the comparison tables show that the proposed
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controller achieves faster convergence, smaller containment errors, and improved robustness compared
with the baseline controller under actuator saturation and payload uncertainties.

(a) Containment trajectories of the 12-UAV System (b) Log-scale containment error convergence

Figure 10. Containment trajectories of the 12-UAV system and log-scale containment error
convergence.

6.3. Practical application

6.3.1. Emergency medical supply delivery with payload-aware multi-UAV formation control

A practical application of the proposed payload-aware fractional-order fault-tolerant control
framework can be found in emergency medical supply delivery using a fleet of UAVs. In this scenario,
a leader UAV follows a preplanned trajectory to transport critical supplies such as vaccines or blood to
remote or disaster-affected areas. At the same time, multiple follower UAVs maintain a containment
formation around the leader to provide support or carry additional payloads. Each UAV experiences
variable payloads due to differences in the supplies it carries, and may encounter actuator faults such
as partial loss of motor effectiveness, input saturation limits, and communication delays caused by
wireless transmission in challenging environments. Furthermore, external disturbances like wind gusts
or turbulence can affect flight stability. The proposed control framework addresses these challenges
by employing a payload adaptation law that estimates unknown payloads in real time, a sliding-mode
fault-tolerant controller to maintain stability under actuator faults, and fractional-order dynamics to
handle memory effects and smooth control signals in the presence of communication delays. As a
result, the UAVs can maintain formation, adapt to varying payloads, reject external disturbances, and
achieve reliable containment tracking, demonstrating the effectiveness of the proposed approach in a
real-world, physically relevant UAV operation.

As illustrated in Figure 11, the proposed control framework allows follower UAVs to maintain
formation, adapt to varying payloads, and reject environmental disturbances during emergency medical
supply delivery.
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Leader UAV

Follower 1 Follower 2 Follower 3

Payload Adaptation Payload Adaptation Payload Adaptation

Wind / Disturbances

Figure 11. Multi-UAV emergency medical supply delivery scenario with payload adaptation
and fault-tolerant containment control.

6.3.2. Physical modeling of payload-aware quadrotor UAV

Although the complete quadrotor model includes rotational dynamics, the present work focuses
exclusively on translational containment control. The attitude variables are discussed only to explain
the physical generation of thrust and vehicle motion, and are not directly involved in the proposed
adaptive containment controller or the stability analysis. The quadrotor is actuated by four rotors
arranged in a cross configuration, each driven by an independent motor. The rotational speeds of the
motors generate thrust forces that act along the vertical axis of the body-fixed frame. The magnitude
of each thrust force depends on the square of the corresponding rotor speed. By varying the relative
speeds of the rotors, the quadrotor can generate control torques about the roll, pitch, and yaw axes,
enabling full three-dimensional attitude maneuverability. The geometric arrangement of the rotors and
their spin directions determines the sign and magnitude of these control torques, as shown in the figure.
When payload transportation is considered, the total mass and inertia of the UAV system are modified
to include both the vehicle and payload properties. These variations directly influence the translational
and rotational motion of the quadrotor. The translational dynamics are governed by the resultant thrust
force produced by the rotors and the gravitational force acting on the system, while the rotational
dynamics depend on the control torques synthesized by the differential rotor speeds and the combined
inertia of the UAV and payload. Practical actuator constraints are explicitly taken into account in
the model. Each rotor speed is subject to physical saturation limits, which restrict the minimum and
maximum achievable motor speeds. In addition, actuator faults are modeled using loss-of-effectiveness
factors that reduce the actual rotor speeds relative to the commanded values. These faults degrade the
thrust and torque generation capabilities of the quadrotor and introduce uncertainties into the system
dynamics. Based on this physical description, the quadrotor dynamic model provides a foundation
for the development of a payload-aware fractional-order fault-tolerant containment control scheme.
The use of fractional-order operators allows the controller to capture memory effects and improve
robustness in the presence of actuator faults, input saturation, payload variations, and communication
delays, which are commonly encountered in multi-UAV containment scenarios. The coordinate
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convention adopted in this section is consistent with Figure 1. The inertial reference frame is defined
such that the positive vertical axis follows the same direction used throughout the system model and
simulation, ensuring consistency in the dynamic description.

As shown in Figure 12, the quadrotor dynamics are defined with respect to the inertial and body-
fixed coordinate frames.

Figure 12. The inertial reference frame follows the North-East-Up (NEU) convention, where
the positive z-axis points upward.

7. Conclusions

The problem of distributed containment tracking for fractional-order multi-drone networks subject
to time-varying payloads, actuator degradation, input limits, and network latencies was resolved in
this work. By introducing a payload-dependent state-space representation, the controller explicitly
decoupled fractional dynamics from mass uncertainties. An online adaptive update mechanism was
synthesized alongside this model to cancel out unmodeled payload fluctuations while strictly keeping
control inputs within non-smooth saturation profiles.

Theoretical validation via fractional Lyapunov tools confirmed the admissibility of the entire
closed-loop architecture, guaranteeing that all internal system states are uniformly bounded and
that the containment errors asymptotically diminish to zero. Comprehensive numerical validation
and algorithmic comparisons showcased the design’s notable tracking fidelity and lowered control
authority requirements relative to baseline methods. The main novelty of this work lies in the
development of a unified adaptive fractional-order containment control framework that simultaneously
addresses unknown time-varying payloads, actuator faults, input saturation, and communication
delays. Unlike conventional containment control approaches, the proposed method combines online
payload estimation with fractional-order sliding mode control to improve robustness and tracking
accuracy under practical operating conditions. Theoretical analysis and simulation results demonstrate
that the proposed framework delivers reliable containment performance while maintaining stability
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under multiple uncertainties. Although this work considers fixed actuator loss-of-effectiveness and
bias fault models, practical UAV systems may experience abrupt, intermittent, or time-varying
actuator faults. Extending the proposed adaptive containment control framework to accommodate
these more complex fault characteristics will be an important direction for future research and
practical implementation. Moving forward, the research line will focus on expanding these results
to event-sampled communication, finite-time execution windows, cyber-physical defense protocols,
and experimental physical deployment.
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