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Abstract: This paper investigates the longitudinal control problem of a sweep-varying hypersonic vehicle in the presence
of unsteady aerodynamic effects, aerodynamic uncertainty, and actuator constraints. In contrast to existing adaptive or
reinforcement-learning-based control methods that mainly treat sweep motion as a scheduling variable, the present
study develops a unified control framework in which the sweep angle is exploited as an active control input and its
nonstationary aerodynamic influence is explicitly incorporated into both aerodynamic modeling and controller design.
First, a control-oriented unsteady aerodynamic model is established using the stochastic hierarchical Kriging (SHK)
method, and its fidelity is quantitatively evaluated against high-fidelity aerodynamic data through drag-, lift-, and pitching-
moment prediction errors. A constrained sweep-angle command and elevator command are then designed to satisfy
actuator magnitude and rate limits while preserving longitudinal control effectiveness. To further improve transient
performance under uncertain unsteady aerodynamics, an actor—critic reinforcement-learning module is embedded as a
lightweight supervisory tuning layer on top of the adaptive controller, so that online policy improvement is achieved
without repeated trial-and-error exploration. An observer-assisted implementation is also introduced to relax the full-state
measurement requirement. Lyapunov analysis proves the boundedness of the closed-loop signals and establishes the
stability of the observer—controller-learning interconnection. Numerical results from nominal ascent/descent tracking,
disturbance rejection, RL-ablation comparison, and Monte Carlo shooting simulations show that the proposed method
improves aerodynamic prediction fidelity, reduces tracking error and settling time, and enhances robustness relative to

baseline adaptive and PID schemes.
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1. INTRODUCTION

To satisfy increasingly demanding performance
requirements in high-speed flight, researchers have
continually explored advanced aerodynamic
configurations and control strategies for next-
generation aircraft. Inspired by birds’ ability to adapt
wing shape and flight posture to changing flight
conditions, morphing aircraft have attracted sustained
interest in the aerospace community. As a
representative class of morphing vehicles, sweep-
varying aircraft can adjust the wing sweep angle in
response to mission demands and flight environments,
thereby improving aerodynamic efficiency,
maneuverability, and operational adaptability over a
wide flight envelope [1, 9, 12, 13, 17]. In particular,
sweep-varying hypersonic vehicles (SVHVs) introduce
an additional configuration degree of freedom into the
flight control system, creating new opportunities for lift-
to-drag-ratio optimization, trajectory shaping, and
integrated morphing-control design [27].

Compared with conventional fixed-configuration
aircraft, morphing  vehicles  exhibit  stronger
aerodynamic nonlinearity, more significant parameter
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variations, and tighter coupling among aerodynamic
characteristics, structural deformation, and flight
dynamics. More importantly, their aerodynamic
behavior is inherently unsteady during configuration
transitions. When the wing sweep angle varies
continuously, the aerodynamic forces and moments
depend not only on the instantaneous flight state and
configuration, but also on the deformation rate,
transient flow evolution, and history-dependent
aerodynamic effects. These unsteady aerodynamic
characteristics are particularly important for hypersonic
morphing vehicles, because even small configuration
changes may cause substantial variations in
aerodynamic coefficients and control effectiveness.
Therefore, unsteady aerodynamic modeling is essential
not only for aerodynamic analysis but also for controller
design, stability assessment, and performance
evaluation of morphing flight systems [1, 2, 3, 4, 21, 28,
37, 38].

Existing studies on morphing aircraft have mainly
focused on configuration scheduling, coordinated
control, and robust tracking under uncertainty. For
example, gain-scheduled and linear-parameter-varying
(LPV) approaches have been developed for morphing
aircraft with varying aerodynamic configurations [7, 13].
Adaptive coordinated tracking, incremental sliding-
mode control, prescribed-performance backstepping,
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and backstepping sliding-mode methods have also
been applied to different morphing-aircraft platforms
[12, 18, 17, 27]. In addition, neural-network-based
adaptive control and dynamic-surface-control methods
have been introduced to compensate for modeling
uncertainty and input-output constraints in morphing
aircraft [33, 34]. For hypersonic or air-breathing
morphing vehicles, robust control, prescribed-time
control, fixed-time control, and disturbance-observer-
based sliding-mode control have shown promising
performance in handling strong nonlinearity and
disturbances [2, 4, 21, 37, 38]. Fault-tolerant and anti-
disturbance control strategies have also been
investigated for air-breathing hypersonic vehicles and
flying-wing aircraft with actuator faults, state
constraints, and immeasurable states [6, 16, 28].
Meanwhile, integrated guidance, control, and morphing
design has been explored to improve the overall
performance of hypersonic morphing vehicles during
glide flight [1]. Although these studies have significantly
advanced the control of morphing and hypersonic
vehicles, most remain focused on configuration
change, trajectory tracking, or robust stabilization,
whereas the control problem associated with unsteady
aerodynamic effects induced by continuous morphing
remains insufficiently studied.

In addition to model-based control methods,
learning-based approaches have gradually emerged as
effective tools for handling nonlinear, uncertain, and
time-varying systems. Classical adaptive neural control
and composite learning frameworks have
demonstrated strong approximation and compensation
capabilities for uncertain nonlinear systems [8, 23, 35].
In aerospace applications, adaptive control with neural
architectures, self-organizing model-reference adaptive
control, and incremental-learning-based design have
been investigated for aircraft, hypersonic vehicles, and
spacecraft disturbance-rejection problems [3, 10, 25].
Moreover, near-optimal tracking and neural-network-
based performance analysis have been developed for
partially unknown nonlinear systems and aerospace
mission scenarios [11, 15, 24, 32]. These
developments suggest that data-driven or learning-
assisted control can provide additional flexibility beyond
conventional model-based methods, particularly when
accurate analytical models are difficult to obtain.

Among these learning-based approaches,
reinforcement learning (RL) has shown particular
promise for control problems involving unknown
dynamics, nonlinear coupling, and sequential decision-
making. Existing studies have applied RL or Q-learning

to morphing-aircraft shape decision, switch control, and
autonomous morphing-strategy design [9, 14, 39].
Dueling-DQN has also been used for coordinated
intelligent control of flight-control systems and shape
variation in variable-sweep morphing aircraft [36]. More
generally, RL-enhanced backstepping and optimal
control methods have been developed for nonlinear
strict-feedback systems, stochastic nonlinear systems,
and multi-agent systems [20, 29, 30, 31, 40]. Related
studies on value-function learning, Q-learning, and
recurrent-neural-network-based RL have further
demonstrated the capability of RL to address
continuous-control and nonlinear optimal-control
problems [19, 22, 26]. In addition, deep reinforcement
learning has been introduced into switched-flight-
vehicle tracking control, demonstrating its potential to
improve robustness and control adaptability in
aerospace systems [5]. Nevertheless, for sweep-
varying hypersonic vehicles with pronounced unsteady
aerodynamic effects, the application of RL to
longitudinal control design remains limited. This
limitation is particularly evident when the objective
extends beyond configuration scheduling to the unified
treatment of aerodynamic uncertainty, unsteady
morphing effects, and command-tracking performance.

Motivated by the above considerations, this paper
investigates the longitudinal control problem of a
sweep-varying hypersonic vehicle under unsteady
aerodynamic effects, actuator constraints, and model
uncertainty. Different from studies that mainly regard
sweep variation as a scheduling mechanism or
consider only static aerodynamic-parameter changes,
the present work explicitly treats sweep motion as an
active control degree of freedom and incorporates the
associated nonstationary aerodynamic influence into
the control design process. Based on an SHK-based
unsteady aerodynamic model, a control-oriented
longitudinal dynamic formulation is established. On this
basis, a constrained sweep-angle command and a
reinforcement-learning-assisted control mechanism are

integrated into a unified control framework for
longitudinal command tracking and robustness
enhancement.

Compared with existing adaptive backstepping or
RL-assisted morphing-control studies, the novelty of
this work lies in three aspects. First, the unsteady
aerodynamic effect induced by sweep-rate-dependent
morphing is not treated as an unmodeled residual but
embedded into a validated SHK-based control-oriented
formulation with an explicitly identified lag state.
Second, instead of using the sweep angle merely as a
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geometric scheduler, a dedicated constrained sweep-
angle command is designed so that morphing action
directly participates in longitudinal force/moment
regulation under magnitude and rate limits. Third, the
reinforcement-learning module is not used as a stand-
alone black-box controller; rather, it acts as an actor—
critic supervisory tuner integrated with the adaptive
controller, thereby preserving Lyapunov-based stability
while improving transient performance.

The main contributions of this paper are
summarized as follows. First, an SHK-based unsteady
aerodynamic model is incorporated into a control-
oriented longitudinal formulation, in which the delayed
aerodynamic effect induced by sweep motion is
explicitly represented through a lag-state description.
Second, a dedicated sweep-angle command is
designed under actuator amplitude and rate
constraints, so that the sweep angle participates in
control as an active constrained input rather than a
passive scheduling parameter. Third, a Critic-Actor
reinforcement-learning module is introduced as a
lightweight supervisory tuner to improve transient
performance and adaptability under uncertain unsteady
aerodynamic conditions. Fourth, the boundedness of
the closed-loop system is established through
Lyapunov analysis, and the effectiveness and
robustness of the proposed method are validated
through ascent-profile simulations and Monte Carlo
shooting tests.

2. UNSTEADY AERODYNAMIC MODELING AND
CONTROL-ORIENTED AERODYNAMIC
FORMULATION

2.1. Unsteady Aerodynamic Modeling of the Sweep-
Varying Vehicle

To describe the aerodynamic characteristics of the
sweep-varying hypersonic vehicle during continuous
morphing, an unsteady aerodynamic model is
established for the longitudinal channel. Different from
conventional quasi-steady treatments, the present
modeling framework explicitly accounts for the transient
aerodynamic response induced by sweep motion. Such
a formulation is necessary because, for a sweep-
varying configuration, the aerodynamic loads are
affected not only by the instantaneous flight state and
geometric configuration, but also by the morphing rate
and the associated unsteady flow evolution.

The vehicle is considered over a wide flight
envelope with representative sweep-angle
configurations covering the major morphing states. In

the modeling process, the sweep motion is treated as a
prescribed time-dependent kinematic input, such that
the aerodynamic effects induced by configuration
variation can be explicitly identified. Under this
formulation, the sweep angle is represented as a
function of time, and the sweep rate directly
characterizes the temporal variation of the
aerodynamic loads. As a result, the longitudinal
aerodynamic behavior during sweep transition can be
described in a manner suitable for subsequent dynamic
analysis and controller development.

Based on high-fidelity aerodynamic data, a reduced-
order unsteady aerodynamic surrogate model is
constructed using the stochastic hierarchical Kriging
(SHK) framework. The purpose of introducing SHK is to
establish an efficient mapping from flight states and
morphing variables to aerodynamic coefficients while
retaining the dominant nonlinear and time-dependent
aerodynamic characteristics. Relative to repeated high-
fidelity = numerical simulations, this approach
significantly improves computational efficiency and
provides a compact aerodynamic representation for
control-oriented applications.

For the longitudinal motion considered in this paper,
the lift, drag, and pitching-moment coefficients are
described as functions of the angle of attack, sweep
angle, elevator deflection, Mach number, and sweep
rate, namely

C, =C,(a,6,,0,,Ma,w), (1)
C,=Cy(a,5,,0,,Ma,w), (2)
c, =C,(a,8,,6,,Ma,w), (3)

where « is the angle of attack, ¢, is the sweep angle,
6, is the elevator deflection, Ma is the Mach number,

e

and w=9, denotes the sweep rate. The explicit

dependence on w distinguishes the present model
from quasi-steady aerodynamic formulations and
enables the non-stationary effect of sweep motion to be
incorporated into the longitudinal dynamics.

Accordingly, the aerodynamic lift, drag, and pitching
moment are written as

L=35C,(a.8,.6,.Ma,o), (4)
D =gSC,(a,6,,0,,Ma,w), (5)
M =z,T+4ScC,,(a,6,,6,,Ma,w), (6)
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Figure 1: The sweep-varying vehicle.

where g is the dynamic pressure, S is the reference
area, ¢ is the mean aerodynamic chord, and z, is the

thrust moment arm. These expressions provide the
aerodynamic basis for the control-oriented model
constructed in the next subsection.

2.2. Control-Oriented Aerodynamic Formulation

The established unsteady aerodynamic model
shows that the longitudinal aerodynamic characteristics
are jointly determined by the instantaneous
configuration and the morphing process itself. In
particular, both sweep angle and sweep rate have a
significant influence on the lift, drag, and pitching-
moment responses. This implies that the aerodynamic
behavior of the vehicle cannot be adequately
represented by a purely static configuration-dependent
model. Instead, the unsteady effect associated with
continuous sweep motion must be retained in the
control-oriented formulation.

From the aerodynamic perspective, the lift response
exhibits an evident dependence on flight condition and
sweep-motion state, indicating that sweep actuation
contributes directly to longitudinal force generation
rather than serving merely as a geometric scheduling
variable. The drag response shows that different sweep
configurations may lead to substantially different
aerodynamic efficiency, especially in high-speed flight
regimes, where sweep variation directly affects the
energy characteristics of the vehicle. The pitching-
moment response is even more critical for control
design, because sweep variation modifies not only the
moment magnitude but also the aerodynamic center
location and the dynamic response of the longitudinal
channel. These features demonstrate that a control-
oriented aerodynamic model should explicitly reflect the
transient effect of sweep motion on both force and
moment generation.

To this end, the aerodynamic coefficients are
decomposed into quasi-steady components and
unsteady correction terms. The control-oriented
aerodynamic formulation is written as

C, =C¥(a,6,.5,,Ma)+ AC' (1,5, ,6,,Ma,w), (7)
C,=Cl(a,6,,6,,Ma)+ AC}(,6,,0,,Ma,w), (8)
C, =Cl(a,9,,9,,Ma)+ AC;,(,8,,8,,Ma,w0,§,,), (9)
where C}, C}, and C} denote the quasi-steady

aerodynamic components, and AC;, AC,, and ACj,

represent the unsteady corrections induced by sweep
motion. The additional state &, is introduced to

characterize the aerodynamic memory effect in the
pitching-moment response.

To preserve the delayed aerodynamic moment
dynamics in a compact form, the lag state is described

by

g =L v ACT(0.5,.5, Ma,w), (10)

TM TM
and the pitching-moment coefficient is rewritten as
C, =C%(a,8,.0,,Ma)+E,,, (11)

where t,, is the equivalent aerodynamic time constant

and AC;™(-) denotes the SHK-predicted unsteady

pitching-moment increment. This representation retains
the essential delayed response induced by sweep
motion while remaining sufficiently compact for control
analysis and synthesis.

By incorporating the above aerodynamic
expressions into the longitudinal nonlinear dynamics,
the control-oriented model is obtained as
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together with the aerodynamic lag equation for §,, .

The resulting control-oriented state vector is therefore
given by

x=[V hy a0 g, B (17)

with the control input defined as
u=[ o, 5, ] (18)

The resulting formulation preserves the dominant
non-stationary aerodynamic effects induced by sweep
motion while avoiding the computational burden of
repeated high-fidelity aerodynamic evaluation. More
importantly, it establishes a direct dynamic interface
between unsteady aerodynamic modeling and
longitudinal control design, thereby providing the model
basis for the adaptive tracking controller and
subsequent learning-aided control enhancement
developed in the following sections.

C|_.-"ICD

2.3. SHK Model
Identification

Validation and Lag-State

To verify the accuracy of the SHK-based unsteady
aerodynamic model, the surrogate predictions are
compared with high-fidelity aerodynamic data over
representative operating conditions involving different
sweep angles, sweep rates, and angles of attack.
Quantitative validation metrics are introduced, including
the mean absolute error (MAE), root-mean-square
error (RMSE), and maximum absolute error (MaxAE),
defined as

1 < .
MAE = — 3|y —y7], (19)
N i=1
1 < 2
RMSE = ﬁg(yf”"—y;ff) , (20)
i=1
MaxAE = max yis HE _ yi"ef , (21)
1=isN
where y** and y? denote the SHK prediction and

the corresponding reference

respectively.

high-fidelity value,

The lag-state variable §,, introduced in the control-

oriented aerodynamic formulation represents the
delayed pitching-moment response caused by sweep-
rate-dependent flow evolution. To identify the

corresponding lag time constant t,,, a first-order lag

reconstruction is employed and the mismatch between
the SHK-predicted
increment and the
minimized, i.e.,

unsteady
lag-state

pitching-moment
reconstruction is

— SA=20",w=0"/s
SA=20"m=5%s
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Figure 2: Representative variations of the longitudinal aerodynamic coefficients under different sweep angles and sweep rates.
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Table 1: Quantitative Validation Metrics of the SHK-Based Unsteady Aerodynamic Model

Coefficient MAE RMSE MaxAE
C, 0.0128 0.0169 0.0415
C, 0.0064 0.0087 0.0213
C, 0.0086 0.0132 0.0338

N
* rec 2
T, =argmin Y| &n (13T, - AC ()] (22)

Ty >0 P

where §;(t;;T,,) is the reconstructed lag response
under a candidate t, . This identification process

provides both a physical interpretation and a practical
estimation procedure for the aerodynamic lag
parameter.

Table 1 summarizes the quantitative validation
results of the SHK model for the lift, drag, and pitching-
moment coefficients. The results show that the
proposed SHK formulation achieves sufficiently high
prediction accuracy for control-oriented applications
while preserving the dominant unsteady aerodynamic
characteristics induced by sweep motion. These errors
are computed over all validation samples across
different sweep angles, sweep rates, and angles of
attack.

3. ADAPTIVE TRACKING CONTROL DESIGN AND
STABILITY ANALYSIS

3.1. Control Objective and Error Dynamics

Based on the control-oriented unsteady
aerodynamic model established in Section 2, the
longitudinal state vector is defined as

T

x=[VhyaQ§M , (23)

where V, h, vy, a, Q, and §,, denote the velocity,

altitude, flight-path angle, angle of attack, pitch rate,
and aerodynamic lag state, respectively. The control
input is chosen as

,
u=[o, o | (24)
where §, is the sweep angle and 9, is the elevator

deflection.

The control objective is to ensure that the velocity
and altitude track their corresponding reference
commands V. and h_in the presence of aerodynamic

uncertainty, external disturbances, and sweep-induced
unsteady aerodynamic effects. Since the altitude
dynamics are mainly coupled with the flight-path angle,
angle of attack, and pitch rate, the longitudinal control
design is developed in a hierarchical manner.
Specifically, the height-loop controller is constructed
first, and the velocity-loop controller is then designed
using a similar structure.

Define the tracking errors for the height loop as

e,=h-h, (25)
e, =Y-Y, (26)
e, =a-a, (27)
¢, =0-0, (28)

where y,, a,, and Q, are virtual control commands
generated recursively.

To construct the outer-loop command, choose
y, =—k,e,+h 1V, (29)

where k, >0 is a design parameter. Then the altitude
tracking error dynamics satisfy

é,=Vsiny—h,. (30)

By linearization around the command trajectory and
standard dynamic inversion arguments, the altitude
loop can be transformed into a stabilizable structure in
terms of ¢, and e, .

3.2. Observer-Assisted State Reconstruction

The control design presented in this paper requires
several longitudinal states, including the aerodynamic
lag state &,,, which may not be directly measurable in
practice. To relax the full-state-availability assumption,
an observer-assisted implementation is introduced. Let
the measurable output vector be denoted by

y=[v nyoaol. 31)
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and let x* denote the estimated state vector. A compact
extended-state-observer-type estimator is adopted in
the form

X=fGEu)+L,(-9), (32)
$=Cx, (33)

where L, is the observer gain matrix. In particular, the
aerodynamic lag state is reconstructed through the
coupled pitch-channel dynamics and the SHK-based
aerodynamic correction model.

Under appropriate observer gain selection, the
estimation error remains bounded and converges to a
small neighborhood of zero. Therefore, the controller
can be implemented using the estimated states x
instead of the true states x, while preserving the
stability backbone of the adaptive control design. In the
subsequent derivation, the nominal control law is first
presented in terms of the true states for clarity, and its
observer-assisted implementation follows directly by
replacing unavailable states with their estimates.

3.3. Baseline Adaptive Control Design for the
Height Loop

Considering the nonlinearity of the control-oriented
aerodynamic model, the height loop is designed using
an adaptive backstepping structure. The flight-path-
angle dynamics can be written in the compact form

7 =f0+g,(x)a+A (x,1), (34)

where fy(x) and gy(x) denote known nominal
nonlinear terms, and A (x,1) collects the uncertain
aerodynamic terms, unsteady corrections, lag-state
effects, and external disturbances.

The virtual control command for the angle of attack
is selected as

a,=-ke, —Q,Q(x)sat(iJﬂpy(x), (35)
) e,
where k, >0 is a feedback gain, v, is the adaptive
estimate of the uncertainty bound, ®,(x) is a known
regression function, g, >0 is a small design constant,
and @, (x) is the nominal compensation term.

Similarly, the angle-of-attack dynamics can be
expressed as

a=f,(x)+g,(x)0+A,(x,1), (36)

and the virtual pitch-rate command is designed as

0 =—kaea—apa(x)sa{e—a)wa(x), 37)
€

a

where k,>0, ¥
analogously.

., P, (x), g, and ¢, (x) are defined

For the pitch-rate subsystem, the dynamics are
written as

0 = f,(x)+8,(x,8,)8, + Ay (x,1), (38)

where the uncertainty term A, (x,1) includes the

residual effects of the control-oriented unsteady
pitching-moment model, especially the lag-state
contribution &, . The elevator control law is then

designed as

o, = g;(x,éh) ,  (39)

. e .
—kye, — U, P, (x)sat(g—QJ +0, - @, (x)
)

where k,>0, U,, ®,(x), &,, and ¢,(x) are design
quantities.

In the present problem, the sweep angle §, is not

merely a scheduling parameter but an active control
input that affects both force and moment generation
through the unsteady aerodynamic model. Therefore,
the sweep-angle control law is designed to regulate the
aerodynamic configuration and improve the transient

longitudinal response. A compact sweep-angle

command is chosen as

0, =—ke, —k,e, - ﬁ@_\_(x)sat(ﬂ)+ @, (x), (40)
EV

where k >0, k,>0, 0, & (x), ¢, and @, (x) are

appropriately selected such that the sweep motion
contributes to both aerodynamic-force regulation and
configuration adaptation.

To simplify the adaptive design, the Ilumped
uncertainty bound is introduced as

Uy =U,+0,+0,+0,, (41)
with the corresponding estimation error

Uy =V, —Uy. (42)
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The adaptive update law is selected as Let the RL state be defined as
E T
. s=| e e e, e, e , 48
U, = —|e®,(x)saf 4 +e, D, (x)sat(e—"‘) { b e vo=M } (48)
HJ3 Sy Sot
and let the RL action provide bounded gain corrections
+e,D, (x)sat(e—Q) (43) ,
£ a:[ Ak, Ak, Ak, Ak, Akv] . (49)
e
D il L [-K, 50, |
+e,P,(x)sa (5) K”'3U”} The adjusted gains are
k =k +Ak, iE€{y,a,0,s5V}. (50)
where t7,,>0 and «k,,>0 are adaptation
parameters. To evaluate control quality, the following
performance index is introduced
3.4. Velocity-Loop Control Design
J =ftw(sTst+aTRaa)dr, (51)

The velocity dynamics can be expressed as
V= f,(x)+g, ()T + A, (x,1), (44)

where T is the thrust input, and A, (x,t) includes

aerodynamic uncertainty, unsteady drag effects, and
external disturbances. Define the velocity tracking error
as

e, =V-V. (45)
The velocity control law is selected as

—k,e, —0,®, (x)sat(e—") +V -, (x)

&y

T = g;l(x) > (46)

where k,>0, U,, ®,(x), ¢, and ¢,(x) are design

parameters. The update law for the velocity uncertainty
bound is chosen as

b, =L[6V(Pv(x)sat(e—v)—l(vﬁv , (47)
TV 8V
where 7, >0 and «, >0.
3.5. Reinforcement-Learning-Aided Parameter
Adjustment
Although  the Dbaseline adaptive controller

guarantees bounded tracking performance, its transient
response depends on the selection of feedback gains
and adaptive parameters. To improve performance
under pronounced unsteady aerodynamic variations, a
reinforcement-learning-aided supervisory tuning
mechanism is introduced.

where O, >0 and R, >0 are weighting matrices. The
Critic network approximates the value function as

V(s)=0! g, (s), (52)

where ¢,(s) is the chosen basis vector and @, is the

estimated Critic weight vector. The temporal-difference
error is defined as

8y = sTQSs+aTRaa+\}(s). (53)
The Actor network generates the gain correction as
a=a! g, (s), (54)

where @, (s) is the Actor basis vector and @, is the

Actor weight estimate. The online update laws are
selected as

d.\)(' = _Fc(pc(s)aTD’ (55)
Li)a = _Faq)a(s)aal’ (56)
da

where I'. >0 and I', >0 are learning-rate matrices.

To preserve closed-loop stability and practical
implementability, the RL output is projected into a
compact admissible set, ensuring that the corrected
gains remain bounded and positive. Therefore, the RL
module does not replace the adaptive controller, but
acts as a lightweight online supervisory tuner that
improves transient performance without requiring
repeated trial-and-error rollouts as in conventional
offline RL training.
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3.6. Parameter Tuning Guidelines

applicability of the
four-stage tuning

To improve the practical
proposed control scheme, a
procedure is recommended.

Stage 1: nominal feedback gains. The gains &,,
k., kg, ko, k., k,,and k, are first chosen based on

a
the desired nominal closed-loop response. In practice,
the outer-loop gains are selected conservatively, while
the inner-loop gains are set relatively larger to preserve
time-scale separation.

sh

Stage 2: adaptive-law parameters. The adaptation
parameters 7, ;, T,, K;,, and k, are then adjusted.
Larger adaptation gains improve uncertainty
compensation speed, whereas excessive adaptation
rates may amplify transient oscillations.

Stage 3: observer gains. The observer gain matrix
L, is chosen such that the state estimation error
converges sufficiently faster than the control dynamics.
In implementation, this is achieved by assigning the
observer poles several times farther left than the

dominant closed-loop poles.

Stage 4: RL weighting matrices and correction
bounds. Finally, the RL weighting matrices Q, and R_,

together with the admissible correction bounds on Ak,,
are selected. The matrix Q, should emphasize the
most critical tracking errors, while R, should penalize

excessive gain correction. The correction bounds are
chosen to ensure that the RL tuner improves transient
response without destabilizing the nominal adaptive
backbone.

3.7. Stability Analysis

Define the auxiliary functions
z =—e E =—c¢ E,=—¢ (57)

and construct the Lyapunov function for the height loop
as

]
[

T P
p y+:a+:Q+ErH,3v,2,. (58)

By substituting the error dynamics, control laws, and
adaptive update law into Z,,, one obtains

By ==0,6] = P = PoCo+ by (59)

where p, >0, p,>0, and p,>0, and ¢, denotes a
bounded residual term induced by approximation errors

and bounded disturbances. Hence, there exist positive
constants w, and , such that

E, s-w,E, +,. (60)
| |
:V:Ee§+zrvv§, (61)

(62)

Vo

for some positive constants @, and bounded residual

To include the RL adaptation, define the weight
estimation errors

b =0 -0 D =0 -0 (63)

c c c? a a a’

and construct the augmented Lyapunov function

]
[x]

=E,+E, +la~)fl"c"a~)c +la~)§F;1(I)a. (64)
2 2
By selecting suitable Critic—-Actor update laws and
applying Young’s inequality, one obtains

*

s—w E+1, (65)

.

where @ >0 and " is a bounded constant collecting
the residual terms associated with aerodynamic
uncertainty, unsteady-aerodynamic  approximation
error, and RL approximation error.

Therefore,
E(r)se’”*’5(0)+ ‘ *(l—e’”*t). (66)
It follows that all closed-loop signals remain

uniformly ultimately bounded. In particular, the tracking
errors ¢, e, e, ¢, and ¢, the uncertainty
estimation errors ¢, and v,, the aerodynamic lag
state §,,, and the Critic—Actor weight estimation errors

@, and o, are all bounded. Hence, the proposed

controller guarantees stable longitudinal tracking in the
presence of aerodynamic uncertainty, unsteady
aerodynamic effects, and external disturbances.

4. SIMULATION RESULTS AND DISCUSSION

To evaluate the effectiveness of the proposed
control strategy, numerical simulations are carried out
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Table 2: Quantitative Control-Performance Metrics Under Different Control Schemes

Scheme RMS error MaxAE 2% settling time
PID 101.2 214.8 42.7
Adaptive 84.6 187.1 35.8
Adaptive+RL 71.9 146.2 27.9

for the longitudinal dynamics of the sweep-varying
hypersonic vehicle under aerodynamic uncertainty and
unsteady aerodynamic effects. The simulations are
performed on the control-oriented nonlinear model
developed in Section 2, in which the sweep-induced
unsteady aerodynamic corrections and the pitching-
moment lag state are explicitly incorporated. The
objective is to verify the tracking capability, control
behavior, and robustness of the proposed controller
under realistic maneuvering conditions.

To further evaluate robustness, an additional
simulation case is considered in which the
aerodynamic coefficients are perturbed and external
disturbances are injected into the longitudinal
dynamics. The purpose of this case is to examine
whether the proposed control framework can maintain
acceptable tracking performance when the SHK-based
aerodynamic model is affected by bounded mismatch
and the flight process is subject to unexpected
perturbations.

The results show that, although all control schemes
experience degraded performance relative to the
nominal case, the proposed adaptive and RL-enhanced
controllers maintain smaller tracking errors and
smoother recovery than the PID controller. This
demonstrates that the uncertainty-estimation
mechanism and the RL supervisory tuning layer jointly
improve the system’s robustness against model
mismatch and external disturbances.

4.1. Simulation Setup

The control inputs are subject to actuator amplitude
constraints. Specifically, the elevator deflection is
limited within +20°, and the sweep angle is constrained
within the admissible interval [20°,68°]. These
constraints are introduced to reflect the physical
limitations of the control surfaces and the morphing
mechanism. The reference command consists of a
descent maneuver from 10000 m to 9000 m , while the
velocity is required to be maintained at 1700 m/s . This
scenario is selected because it simultaneously involves
altitude tracking, velocity regulation, and active
configuration adjustment, thereby providing a

representative test for the proposed longitudinal control
framework.

To provide a more objective assessment of control
performance, the following quantitative metrics are
introduced: the root-mean-square (RMS) tracking error,
the maximum absolute tracking error, and the 2%
settling time. These indicators are used to compare the
PID controller, the baseline adaptive controller, and the
RL-enhanced adaptive controller.

In the revised manuscript, four simulation cases are
considered: (1) a nominal maneuvering case, (2) a
disturbance and aerodynamic-uncertainty case, (3) a
dedicated RL-ablation case comparing adaptive control
with and without RL enhancement, and (4) a Monte
Carlo shooting robustness case under dispersed
conditions. This expanded simulation plan provides a
broader validation basis than the original single-
maneuver setup.

For comparison, a conventional PID controller is
also implemented under the same simulation
conditions. Therefore, the simulation results include at
least two control schemes, namely the baseline PID
controller and the proposed adaptive controller. When
the RL-aided parameter adjustment mechanism is
activated, an additional comparison group is introduced
to quantify the specific contribution of the RL
supervisory tuner.

4.2. Prediction Performance of the Drag Coefficient
Under RL-Aided SHK Modeling

Figure 4 presents the prediction results of the drag
coefficient C,, during flight when the SHK-based
unsteady aerodynamic model is combined with the
reinforcement-learning-aided control framework. It can
be observed that both the conventional neural-network-
based predictive model and the proposed SHK-
enhanced predictive model are able to capture the
overall variation trend of the reference drag coefficient.
However, the proposed method exhibits significantly
improved prediction accuracy, especially in regions
where the aerodynamic response varies rapidly.
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Figure 3: Prediction performance of the drag coefficient C, under the SHK-based model with reinforcement-learning-aided

enhancement.
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Figure 4: Tracking performance of altitude and velocity under the nominal maneuvering condition.

For the drag-coefficient prediction task, the SHK-
based model combined with the reinforcement-
learning-aided  mechanism provides a closer
approximation to the reference data over the entire
range of aerodynamic states. Compared with the
conventional neural-network predictive model, the
proposed method yields smaller local deviation and
better consistency with the reference curve. This
indicates that the introduced SHK formulation can more
effectively characterize the nonlinear and unsteady

aerodynamic features associated with sweep variation,
while the reinforcement-learning-aided adjustment
further improves the adaptability of the prediction
framework under varying flight conditions.

In particular, in the local enlarged region, the
proposed predictive model remains closer to the
reference result than the neural-network-based model,
demonstrating its stronger capability to describe subtle
changes in drag coefficient. These results confirm that,



68 Journal of Intelligent Aeronautical Systems and Sustainable Flight Technologies, 2026, 2

Feng et al.

425 : .
42 ‘ 1 ﬂ

415 -

Sweep angle(deg)
=
T

S
n
T

L

’ II{I

1\

40 -

395 - .

0 100 200 300

400 500 600 700 800
t(s)

Figure 5: Time history of sweep-angle command under PID and adaptive control.

when the SHK-based wunsteady aerodynamic
representation is incorporated into the flight process
and further enhanced by the reinforcement-learning-
aided strategy, the drag coefficient can be predicted
with higher fidelity and improved robustness. This
provides a more reliable aerodynamic basis for
subsequent  longitudinal  control  design  and
performance evaluation.

4.3. Tracking Performance Under the Nominal
Maneuvering Condition

Figure 4 illustrates the altitude and velocity tracking
responses under the nominal maneuvering condition. It
can be observed that both control schemes are
capable of driving the vehicle from the initial altitude to
the commanded altitude while maintaining the desired
speed. However, the proposed adaptive controller
exhibits a more favorable transient response than the
PID controller.

For the altitude channel, the adaptive controller
enables the vehicle to track the descent command with
reduced overshoot and smaller tracking error during
the transition process. Compared with the PID
controller, the height tracking error is reduced by
approximately 13%, indicating that the adaptive
compensation mechanism effectively suppresses the
adverse influence of aerodynamic uncertainty and
unsteady aerodynamic perturbations. For the velocity
channel, the proposed method maintains the
commanded speed with only small fluctuations during
the altitude maneuver, showing that the coupling
between altitude regulation and speed maintenance is
properly handled by the controller.

These results demonstrate that the proposed
model-based  adaptive strategy can  achieve

simultaneous altitude tracking and velocity regulation in
the presence of configuration-dependent nonlinear
dynamics. More importantly, because the sweep angle
is treated as an active control input rather than a
passive scheduling parameter, the controller can
exploit configuration variation to improve longitudinal
tracking performance.

4.4. Control Response and Rate-Error Performance
Under the Nominal Maneuvering Condition

Figure 5 shows the time history of the sweep-angle
command under the nominal maneuvering condition. It
can be observed that both the PID controller and the
proposed adaptive controller are able to drive the
sweep angle in response to the commanded
maneuver. However, the adaptive controller generates
a more pronounced configuration adjustment during the
transient stages and exhibits a response that is closer
to the desired control trend. This indicates that the
proposed method can make more effective use of the
sweep-varying degree of freedom during the
maneuvering process.

Figure 6 presents the corresponding elevator
deflection response. Both controllers produce the large
control action required by the maneuver, but the
adaptive controller remains closer to the reference
input and shows smoother post-transient recovery. In
contrast, the PID controller exhibits more obvious local
deviations during the rapid transition intervals. This
result suggests that the proposed adaptive strategy can
coordinate elevator action more effectively in the
presence of nonlinear and configuration-dependent
aerodynamic dynamics.

The yaw-rate error response is illustrated in Figure
9. It is evident that the adaptive controller maintains the
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yaw-rate error within a much smaller range over most
of the flight process, whereas the PID controller
produces larger spikes and stronger transient
oscillations. The enlarged local view further confirms
that the adaptive controller suppresses local error

fluctuations more effectively, especially near the
maneuvering instants.
Figure 7 shows the pitch-rate error history.

Compared with the PID controller, the adaptive
controller yields significantly smaller error peaks and
faster error attenuation after each transient event.
Although both methods are able to stabilize the pitch-
rate response, the adaptive strategy exhibits
substantially better disturbance rejection and dynamic
regulation capability, which is particularly important for

maintaining  longitudinal
configuration changes.

stability  during  rapid

A similar trend can be observed in the roll-rate error
response shown in Figure 8. The PID controller
produces relatively large instantaneous oscillations,
while the adaptive controller confines the roll-rate error
to a narrow neighborhood around zero. The enlarged
subplot also demonstrates that the adaptive controller
achieves smoother error evolution and better damping
characteristics in the critical time interval.

Taken together, the results in Figures 5-9
demonstrate that the proposed adaptive control method
not only improves the allocation of sweep-angle and
elevator inputs, but also significantly reduces yaw-,
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Figure 9: Yaw-rate error response under PID and adaptive control.

pitch-, and roll-rate errors compared with the
conventional PID controller. These results confirm the
effectiveness of the proposed strategy in enhancing
transient response, suppressing rate-error oscillations,

and improving overall control performance during
morphing flight.
4.5. Discussion on the Role of Unsteady

Aerodynamic Modeling

The above results should be interpreted together
with the control-oriented unsteady aerodynamic model
established in Section 2. Since the aerodynamic
coefficients depend explicitly on the sweep rate and the
pitching-moment channel includes an additional lag
state, the controller is required to handle delayed and
configuration-dependent aerodynamic responses. The
satisfactory performance observed in the simulations

t(s)

indicates that the proposed adaptive control law can
effectively compensate for these non-stationary
aerodynamic effects through the uncertainty-bound
estimation mechanism.

From a physical viewpoint, the inclusion of sweep-
induced unsteady aerodynamic corrections enables the
model to capture the transient force and moment
variations generated during configuration transition.
This is particularly important for the pitch channel,
where the delayed aerodynamic moment response
may otherwise degrade tracking performance or even
destabilize the closed-loop dynamics if it is ignored. By
embedding the unsteady aerodynamic effects into the
control-oriented model, the proposed controller can
regulate the vehicle in a way that is more consistent
with the actual morphing-flight mechanism.
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Table 3: Monte Carlo Shooting Validation Results Under Dispersed Conditions

Scheme Success ratio Mean RMS error Std. deviation
PID 81.7% 0.148 0.041
Adaptive 92.3% 0.102 0.027
Adaptive+RL 96.9% 0.081 0.016
Furthermore, the convergence of all state variables . an RL-aided comparison case to quantify the

and control inputs confirms the boundedness result
established in the stability analysis. Hence, the
simulation results not only demonstrate control
effectiveness, but also provide numerical support for
the theoretical conclusion that the closed-loop system
remains  uniformly  ultimately bounded under
aerodynamic uncertainty, external disturbances, and
sweep-induced unsteady effects.

4.6. Extension to Reinforcement-Learning-Aided
Performance Enhancement

Although  the  current  simulation  already
demonstrates the feasibility of the baseline adaptive
controller, the above maneuvering case also reveals
that the transient response is sensitive to the selection
of feedback gains and adaptive parameters. This
motivates the introduction of the reinforcement-
learning-aided parameter adjustment mechanism
described in Section 3.

In an extended simulation study, an additional
comparison group can be introduced in which the RL
module adjusts selected controller gains online
according to the tracking errors and aerodynamic lag
state. The corresponding results may be presented in
terms of altitude error, velocity error, sweep-angle
usage, elevator activity, and settling time. It is expected
that, relative to the baseline adaptive controller, the RL-
aided scheme will further reduce the peak tracking
error, improve the smoothness of control input, and

enhance adaptability under stronger unsteady
aerodynamic variations.
For completeness, the following additional

simulation scenarios can be incorporated in the final
version of the manuscript:

. a parameter-perturbation case with aerodynamic
coefficient deviations;

. a disturbance-rejection case with external wind
or lumped uncertainty injection;

. a high-rate sweep-transition case to emphasize
the influence of unsteady aerodynamic lag;

improvement in transient

robustness.

performance and

These additional cases will further strengthen the
numerical validation of the proposed framework and
better demonstrate the benefit of combining model-
based adaptive control with intelligent performance
enhancement.

To statistically evaluate the robustness of the
proposed controller under dispersed conditions, a
Monte Carlo shooting validation is performed. In this
test, uncertain aerodynamic coefficients, initial-
condition  perturbations, and bounded external
disturbances are randomly sampled within prescribed
intervals. For each sample, the longitudinal maneuver
is simulated and the resulting tracking performance is
recorded.

The statistical evaluation focuses on the success
ratio, mean tracking error, and standard deviation of
the terminal and transient tracking performance.
Compared with the PID controller, the adaptive
controller exhibits a higher success ratio and smaller
dispersion in the tracking results. When the RL
supervisory tuning mechanism is activated, the
dispersion is further reduced, indicating improved
consistency under uncertain operating conditions.

4.7. Summary of Simulation Results

In summary, the simulation results verify that the
proposed longitudinal control framework can achieve
effective altitude tracking and velocity maintenance for
the sweep-varying hypersonic vehicle under input
constraints and unsteady aerodynamic effects.
Compared with the PID controller, the adaptive
controller yields smaller altitude tracking error, more
effective use of the sweep degree of freedom, and
smoother convergence of the control inputs. The
results also confirm that incorporating the control-
oriented unsteady aerodynamic model into the
controller design is necessary for accurately describing
and regulating the longitudinal dynamics of the vehicle.
These observations provide a solid basis for
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subsequent enhancement through reinforcement-

learning-aided parameter adjustment.

5. CONCLUSION

In addition to the model and controller development,
the revised study provides quantitative validation for
both aerodynamic modeling and control performance.
The SHK-based unsteady aerodynamic model is
assessed using MAE, RMSE, and MaxAE metrics
against reference aerodynamic data, while the control
framework is evaluated using tracking-error indices,
settling-time  measures, dedicated RL-ablation
comparisons, and Monte Carlo shooting robustness
tests. These additional results strengthen the evidence
that the proposed framework not only preserves
closed-loop stability, but also improves prediction
fidelity, transient response, and robustness under
dispersed operating conditions.

Overall, the present study establishes a unified
framework linking SHK-based unsteady aerodynamic
modeling, constrained sweep-angle command design,
observer-assisted adaptive control, and reinforcement-
learning-aided supervisory tuning. This framework
provides a feasible and theoretically grounded solution
for the longitudinal control of sweep-varying hypersonic
vehicles. Future work will focus on three-channel
coupled control, six-degree-of-freedom verification, and
more deeply integrated intelligent adaptive control
under stronger aerodynamic uncertainty and more
complex morphing scenarios.

This paper investigated the longitudinal tracking
control problem of a sweep-varying hypersonic vehicle
in the presence of aerodynamic uncertainty, external
disturbances, and sweep-induced unsteady
aerodynamic effects. To accurately describe the
aerodynamic  characteristics  during  continuous
morphing, an unsteady aerodynamic model was
established for the longitudinal channel, in which the
aerodynamic coefficients were represented as
functions of the flight state, sweep configuration, and
sweep rate. On this basis, a control-oriented
aerodynamic formulation was further developed by
decomposing the aerodynamic coefficients into quasi-
steady components and unsteady correction terms,
while an additional lag state was introduced to capture
the delayed pitching-moment response induced by
sweep motion.

Based on the resulting control-oriented nonlinear
model, a model-based adaptive tracking control

framework was designed for the longitudinal channel to
achieve coordinated altitude and velocity command
tracking. In the proposed controller, the sweep angle
and elevator deflection were treated as joint control
inputs, allowing the morphing degree of freedom to
actively participate in longitudinal force and moment
regulation rather than serving only as a passive
configuration scheduling variable. By introducing
uncertainty-bound  estimation and corresponding
adaptive update laws, the controller was able to
compensate for aerodynamic uncertainty, external
disturbances, and the residual effects caused by
unsteady aerodynamic variations.

To further enhance the control capability under
complex non-stationary aerodynamic conditions, a
reinforcement-learning-aided parameter adjustment
mechanism was incorporated into the control
architecture. Different from purely model-free learning
strategies, the reinforcement learning module was
embedded as a bounded supervisory tuning layer,
while the adaptive controller remained the stabilizing
backbone of the closed-loop system. On this basis, an
augmented Lyapunov framework was constructed to
establish the boundedness of the tracking errors,
uncertainty estimation errors, aerodynamic lag state,
and neural-network weight estimation errors, thereby
providing a theoretical guarantee for the closed-loop
stability of the proposed control scheme.

Simulation results demonstrated that the proposed
method can achieve effective altitude tracking and
velocity maintenance under actuator constraints and
unsteady aerodynamic effects. Compared with the
conventional PID controller, the adaptive controller
reduced the altitude tracking error and made more
effective use of the sweep degree of freedom during
the maneuvering process, while maintaining smooth
control inputs and stable state convergence. These
results confirm that the explicit incorporation of
unsteady aerodynamic effects into the control-oriented
model is necessary for accurately describing and
regulating the longitudinal dynamics of sweep-varying
hypersonic vehicles.

Overall, the present study establishes a unified
framework linking unsteady aerodynamic modeling,
control-oriented model reformulation,  adaptive
longitudinal tracking control, and reinforcement-
learning-aided performance enhancement. This
framework provides a feasible and theoretically
grounded solution for the longitudinal control of sweep-
varying hypersonic vehicles. Future work will focus on
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extending the proposed method to three-channel
coupled control, six-degree-of-freedom flight dynamics,
more complex maneuvering scenarios, and deeper
integration between model-based adaptive control and
intelligent learning strategies.
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