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ABSTRACT

In aerospace engineering, many systems exhibit strongly nonlinear, divergent, or unstable behavior
when driven outside their nominal operating regimes: Their control design has to rely upon
conservative assumptions and dedicated envelope protection logics restricting operation within
regions with substantially linear dynamics. This often leads to a laborious, expensive, and time-
consuming development process. In this paper, we propose a reinforcement-learning-inspired
technique for envelope protection aimed explicitly at reducing the required designer workload by
removing the requirement to explicitly define envelope limits. Our method comprises three key
elements: (1) Neural nets for data-only dynamic identification, (2) a novel method for exploiting
the neural model’s parametric uncertainty to generate gradients that contain the dynamics within
the known, safe envelope and, finally, (3) a Temporal Backpropagation (TB) calculation which
converts the resulting optimal control problem to one of training of a deep, recurrent neural net
architecture. The method’s performance is assessed in simulated experiments: A simple numerical
case demonstrates the algorithm’s key characteristics. Finally, testing on a 6-DoF aircraft simulator
evaluates the effectiveness of a TB-based Flight Envelope Protection (FEP) in flight sequences
including aggressive pilot inputs and highly nonlinear post-stall aerodynamics.
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Nomenclature

AoA = Angle-of-Attack
𝑐𝑖 = total cost/reward at step 𝑖

𝐶 = {(𝑋𝑖,𝑈𝑖, 𝑋𝑖+1)} = dataset of sampled state transitions
𝐶∗ = admissible domain defined by ellipsoid containment
Δ𝑆 = difference matrix 𝑆∗

𝑌 |𝜃 − 𝑆𝑌𝑖 |𝜃
𝐷 = number of system states
𝑑𝑙, 𝑑𝑚, 𝑑𝑛 = aileron, elevator, rudder command
𝐸𝑈𝑖

= trajectory-dependent error term in gradient wrt 𝑈𝑖

𝐸 𝑋̃𝑖
= error contribution from state 𝑋̃𝑖 to future outputs

𝐹 = performance objective function
𝐺 = quadratic penalty constraint function
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𝜆𝑖, 𝑞𝑖 = eigenvalue and corresponding unit eigenvector of Δ𝑆
𝑀 = surrogate model (emulator) of system dynamics
𝑁 = prediction horizon length (number of steps)
𝑆𝜃 = covariance of parameters 𝜃
𝑆∗
𝑌 |𝜃 = bounding covariance ellipsoid (reference)
𝐽𝑌𝑖 |𝜃 = Jacobian of 𝑌𝑖 w.r.t. 𝜃
𝑆𝑌𝑖 |𝜃 = output covariance due to parameter uncertainty
𝑋̃𝑖, 𝑌𝑖 = emulator-predicted state and output
𝑈𝑖 = system input at time step 𝑖

®𝑉𝑏 = body velocity vector
𝑤𝑑 = discount factor for planning horizon
𝑋𝑖 = system state at discrete time step 𝑖

®𝑥𝑏 = x-body axis vector
𝑌𝑖 = system output at time step 𝑖

®𝑧𝑏 = z-body axis vector
𝛽 = sideslip angle
𝜃 = parameters of the surrogate model 𝑀
𝜓, 𝜃, 𝜙 = Euler angles (heading, pitch, roll)
®𝜔𝑏 = body angular rate vector ®𝜔𝑏 = [𝜔𝑥 , 𝜔𝑦, 𝜔𝑧]

1 Introduction
In aerospace engineering, many systems exhibit strongly nonlinear, divergent, or unstable behavior

when driven outside their nominal operating regimes. Examples include stall and post-stall phenomena in
fixed-wing aircraft, loss-of-control incidents involving departure from controlled flight and aerodynamic
degradation effects such as icing which change lift, drag, and stability derivatives significantly. Under
these conditions, system dynamics can diverge rapidly and small errors in state or inputs may lead to
large deviations in the subsequent trajectories [1, 2].

System identification in these divergent regions is difficult because: (a) experiments in those regimes
are often unsafe or infeasible; (b) the system may behave in a manner not seen in nominal conditions, so
extrapolation from nominal-regime models is unreliable; (c) uncertainty (aerodynamic, structural, sen-
sor/actuator) tends to be larger; (d) linearization around trim points fails to capture essential nonlinearities
or the underlying bifurcation behavior.

Consequently, given the strict regulatory environment of the aerospace/aviation sector [3, 4], the
control design of such systems has to rely upon conservative assumptions to ensure stability under mod-
eling uncertainty, which often translates in reduced operational envelopes. To manage safety, industrial
practice mandates defining operating limits, and designing envelope protection or limit functions for
key parameters (e.g., limiting angle of attack, load factor, airspeed, bank angles, angular rates) [5].
These protections are often implemented manually: An analysis of available experimental or test data
is performed to define parameter boundaries, followed by the tuning of the required protection laws,
typically comprising saturations, limiters, filters, command governors, or dedicated protection logics
[6]. This process is laborious, expensive, and time-consuming, especially for new aircraft with complex,
unconventional configurations.

With a view to improving the modeling of non-linearities that are usually the cause of divergent
behavior outside the nominal operating domain, neural network (NN) regressors –known for their ability
to act as global function approximators– have been introduced in the system identification/control design
process: Stachiw et al. [7] present a physics-based NN model capable of approximating forces and
moments over the entire flight envelope, for a wide range of angle of attack and sideslip, using flight
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test data and second-order Taylor expansions augmented by NNs. In a related study by Yue et al. [8],
NNs in recurrent architectures are applied to detect flight environment changes and to adjust envelope
protection control laws in UAVs. Despite the benefits of the above approach in terms of modeling error,
it is accepted that one has to deal with some degree of uncertainty when trying to expand the operating
envelope of such a system.

When attempting to impose constraints on the state trajectories of an uncertain system, different
control solutions are available to the control designer: From the field of optimal control, covariance
steering is a technique whereby one designs controls that "steer" both the mean and the covariance
(uncertainty) of a system’s state [9, 10]. Ridderhof and Tsiotras [11] demonstrate this approach in
a powered descent and landing problem, where the mean and variance of the descent paths must be
constrained within predefined targets. Autenrieb [12] formulates flight-envelope protection (FEP) as
an explicit state-constrained control problem and solves it online with a safety filter built from Control
Barrier Functions (CBFs). The safety filter minimally modifies a nominal command by solving a quadratic
program that enforces the High-Order CBF inequalities in addition to actuator/input limits; this guarantees
forward-invariance of the flight-safe set, subject to the modeling/tuning assumptions, while keeping the
nominal controller in charge whenever it is safe to do so. The method is demonstrated on a nonlinear
missile longitudinal flight control model: angle-of-attack, load factors, actuator deflection and rate limits
are enforced successfully. Yi et al. [13] use offline Monte Carlo simulation methods to construct
a probabilistic safe envelope, store it as a database which is then implemented in an online, graded
predictive protection function via generalized multi-loop pseudo-control hedging (PCH) integrated into
a nonlinear dynamic inversion (NDI) flight controller.

Albeit well-established from a theoretical standpoint, the above techniques require a more-or-less
specific model structure to function, typically comprising linear, linearizable or time-invariant dynamics.
To overcome this limitation, recent work has begun to experiment with reinforcement learning (RL)-based
methods for FEP: For example, Catak et al. [14] propose a longitudinal FEP RL algorithm that limits
variables such as angle of attack, load factor, and pitch rate; their design reduces manual tuning by using
learned approximations to protecting functions under nonlinear flight control. Grillo et al. apply RL to
an optimal stall recovery task, to manage control through highly nonlinear behavior near stall departure
[15]. The RL approach is advantageous in that it provides more flexibility in terms of the admissible
model structure and can function quasi-autonomously, partly relieving the control designer from the need
to define dedicated logics and controller structures.

The absence of theoretical safety guarantees is currently a blocking point for industrial-level applica-
tions of this methodology in the aerospace field, however, there exists a clear trend towards its progressive
introduction: Roadmaps for the introduction of Artificial Intelligence (AI)- based guidance and control
systems are currently being established [16], benefiting from recent work on the validation of autonomous
systems such as self-driving cars [17]. Nonetheless, work on RL-derived control protections is still rather
rare in the open literature.

In this paper, building up on previous work by the authors [18], we propose a RL-inspired technique
for FEP aimed explicitly at reducing the required designer workload: Radial Basis Function Networks
(RBFNs) are employed for data-only identification of dynamics in the nominal operating envelope. A
novel method for exploiting the system model’s inherent parametric/structural uncertainty –a byproduct
of the system identification process– to generate state/output gradients that contain the dynamics within
the known, safe envelope is introduced. This is integrated to a temporal backpropagation (TB) calculation
[19], which converts a finite-horizon discrete-time optimal control problem to one of training of a deep,
recurrent NN architecture.

Section 2 details the theoretical background of the proposed technique. Section 3 presents example
applications, starting with a simple numerical test case, followed by a full-scale demonstration on a 6-DoF
aircraft simulator. Conclusions and related findings are discussed in section 4.
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2 Methodology

2.1 System Dynamic Emulator
Let 𝑋𝑖 denote the state of a Markovian system 𝑆 at discrete time step 𝑖, and 𝑈𝑖 the corresponding

system input. Consider the collection of observed transitions

𝐶 = {(𝑋𝑖,𝑈𝑖, 𝑋𝑖+1) | 𝑖 ∈ 𝐼},

with 𝐼 being the index set of sampled time steps. This dataset serves to train a surrogate model 𝑀 , which
emulates the effect of inputs on the system’s dynamics, producing the approximate state evolution

𝑋̃𝑖+1 = 𝑀 (𝑋𝑖,𝑈𝑖).

A variety of surrogate architectures may be employed for 𝑀 , hereafter referred to as "emulator",
including physics-inspired or purely data-driven approximators. Analytic formulations such as neural
networks [19] are particularly well-suited to the proposed framework, since they facilitate the computation
of derivatives and reduce computational cost. For the demonstrations in this work, Radial Basis Function
networks (RBFNs) [20] are adopted, though the methodology is not limited to this choice.

Fig. 1 Forward propagation of the surrogate model 𝑀 for trajectory
approximation [18].

Given an input sequence 𝑈 =

{𝑈𝑖 | 𝑖 ∈ [0, 𝑁]} and an initial
state 𝑋0 = 𝑋̃0, the system emulator
estimates the system state trajec-
tory recursively as per following:

𝑋̃𝑖+1 = 𝑀 ( 𝑋̃𝑖,𝑈𝑖), 𝑖 = 0, 1, . . . , 𝑁.

(1)

From an optimal control per-
spective, the model is assumed to
generate not only state predictions
𝑋̃𝑖, but also corresponding outputs
𝑌𝑖. These, combined with the ap-
plied inputs 𝑈𝑖, enable the formulation of cost functions and constraints across the trajectory:

( 𝑋̃𝑖+1, 𝑌𝑖) = 𝑀 ( 𝑋̃𝑖,𝑈𝑖), 𝑖 = 0, 1, . . . , 𝑁. (2)

2.2 Modeling Uncertainty
The statistical characterization of 𝑀 , as derived during training, may further be used to produce esti-

mates of parameter uncertainty 𝑆𝑌 |𝜃 , originating from the imperfect estimation of the model coefficients
𝜃. For nonlinear models, the parameter uncertainty of 𝑌𝑖 is obtained as

𝑆𝑌𝑖 |𝜃 = 𝐽𝑌𝑖 |𝜃𝑆𝜃𝐽𝑌𝑖 |𝜃
𝑇 (3)

where 𝐽𝑌𝑖 |𝜃 is the Jacobian of 𝑌𝑖 with respect to parameters 𝜃, and 𝑆𝜃 denotes their covariance. The
associated calculations being rather straightforward, both quantities are assumed to be known or readily
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estimated. The interested reader may refer to reference [21] for additional details. In this study, the
parametric uncertainty of RBF models was obtained through a bootstrapping scheme [22].

Non-parametric regressors such as neural networks are known for their poor performance in tasks
involving any form of extrapolation: Once outside its training domain, the output of such a model rapidly
diverges away from the true output. Nonetheless, this behavior may be predicted if one tracks the relative
variation of 𝑆𝑌𝑖 |𝜃 which, by default, will showcase a similar divergence. In this case, the mean of 𝑆𝑌𝑖 |𝜃
over the training dataset, or, alternatively, its value at the center of the training domain may be used
to provide a reference signal, in order to identify divergence due to extrapolation. In other words, the
relative size of the output confidence intervals compared to the interpolation case may be employed to
identify extrapolation and, hence, define the limits of a model’s validity domain (Fig. 2).

Fig. 2 RBFN output on a 1-D regression task, with training data
𝑋 ∈ (0, 1). Divergence of predictions outside the training domain is
captured by confidence intervals. Magenta lines show the ratio of local
output variance to training error variance.

The above property is of par-
ticular interest for the identifica-
tion and control of systems experi-
encing divergent dynamics when
moved away from their nominal
operating regime; such systems
are widespread in the aerospace
field, ranging from aircraft with
spin-prone departure characteris-
tics to aero-structural limit-cycle
oscillations, rotorcraft retreating
blade stall and jet engine compres-
sor stall/surge dynamics. In these
cases, the behavior outside the nor-
mal operating envelope does not
allow for proper identification of
the system dynamics under these
conditions; thus, most usable mod-
els are limited to nominal opera-
tion and abnormal conditions need
to be extrapolated.

As per standard industrial practice, a control designer needs to manually define system operating
limits and, based on the latter, conceive and tune suitable envelope protection functions that will contain
system dynamics within the target regime.

In the following sections, we demonstrate how the local parametric uncertainty estimates 𝑆𝑌𝑖 |𝜃 can
be leveraged within a reinforcement-learning-inspired temporal backpropagation calculation to auto-
matically generate Multiple-Input-Multiple-Output (MIMO) envelope protection control signals without
explicitly defining the system’s operating limits.

2.3 Parametric Covariance Constraints
Previous work by the authors has introduced probabilistic/chance constraints in the temporal back-

propagation calculation to generate control sequences respecting predefined output limits while account-
ing for various sources of modeling uncertainty [18]. In this context, action gradients were calculated
based on the distance of time-propagated model output covariance ellipsoids from hyperplanes repre-
senting a convex constraint set.

In this study, we assume that the bounds of the nominal operating domain are unknown to the
designer, yet included in the covariance 𝑆𝜃 of the parameters 𝜃 of a system emulator 𝑀 , trained on a finite
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set 𝐶 of sampled state/output trajectories. Let 𝑆𝑌𝑖 |𝜃 represent the output covariance at instance 𝑖 due to 𝜃

and 𝑆∗
𝑌 |𝜃 a bounding ellipsoid defining the upper limit of the admissible covariance output. In the absence

of system-specific covariance information, the latter may be taken to be a simple scaled-up version of the
emulator’s output covariance over its training dataset. The difference between 𝑆𝑌𝑖 |𝜃 and 𝑆∗

𝑌 |𝜃 is used to
establish an expression defining the limits of the latter, in the form of a linear matrix inequality:

𝐶∗ =
{
𝑋 ∈ R𝐷

�� Δ𝑆(𝑋) := 𝑆∗
𝑌 |𝜃 − 𝑆𝑌𝑖 |𝜃 (𝑋) ⪰ 0

}
(4)

Fig. 3 Demonstration of ellipsoid contain-
ment constraint (Eq. 5).

Eq. 4 defines domain𝐶∗ as a subset of R𝐷 containing all
state vectors 𝑋 such that the matrix quantityΔ𝑆(𝑋) is positive
semidefinite, i.e. the local parametric covariance ellipsoid
𝑆𝑌𝑖 |𝜃 (𝑋) is contained within the respective bounding covari-
ance ellipsoid 𝑆∗

𝑌 |𝜃 . The level of conservatism applied to the
scaling of the latter controls the tightness of the 𝐶∗ bound
around 𝐶: The scaling factor is the only tuning parameter
required for the proposed envelope protection to function. In
addition, the performance of the control law was found to be
rather insensitive to the amount of scaling applied, thanks to
the rapid divergence of neural network regressors’ parametric
covariance outside𝐶 (see Fig. 2): This suggests that, in prac-
tice, the 𝐶∗ bound in 𝑋 is only slightly shifted for different
values of the scaled covariance parameter, provided the latter
be such that the𝐶∗ limit lies close to the "edge" of the training
domain. Our numerical experiments use a scaling factor of
10 applied to training set covariance which represents a good
compromise between non-intrusiveness in nominal operation
and timely activation of the protection logic.

Eq. 4 sets the basis for writing a constraint function
𝐺 that forces 𝑋 to remain within 𝐶∗. Among various pos-
sibilities and without loss of generality, we hereby adopt a
quadratic penalty formulation for 𝐺:

𝐺 (𝑋) = 1
2
𝑤

∑︁
𝑖

𝜆2
𝑖 , 𝑖 : 𝜆𝑖 < 0 (5)

where𝜆𝑖 are the negative eigenvalues ofΔ𝑆 and𝑤 is a weight-
ing factor. The gradient of 𝐺 with respect to the entries of 𝑆𝑌𝑖 |𝜃 (𝑋) is:

𝜕𝐺

𝜕𝑆𝑌𝑖 |𝜃
= −𝑤 vec

[∑︁
𝑖

𝜆𝑖
𝜕Δ𝑆

𝜕𝜆𝑖

]
=

−𝑤 vec

[∑︁
𝑖

𝜆𝑖 (𝑞𝑖𝑞𝑇𝑖 )
]

(6)

with 𝑞𝑖 being the unit eigenvector corresponding to eigenvalue 𝜆𝑖. The vec() operator is used to flatten
the square array to a column vector. A toy numerical example demonstrating the function of constraint
𝐺 is shown in Fig 3: Given an outer elliptical 2-dimensional boundary representing 𝑆∗

𝑌 |𝜃 and a random
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initialization of 𝑆𝑌𝑖 |𝜃 ⊂ 𝑆∗
𝑌 |𝜃 , the entry-wise ℓ1 norm |𝑆𝑌𝑖 |𝜃 ∥1 is maximized subject to constraint 𝐺, leading

to the –known– optimal solution 𝑆𝑌𝑖 |𝜃 ≡ 𝑆∗
𝑌 |𝜃 .

Eq. 3 defines the relationship between output parameter covariance 𝑆𝑌𝑖 |𝜃 and the local Jacobian 𝐽𝑌𝑖 |𝜃:
For a neural network regressor, the latter is an analytic function of input state 𝑋 and can be calculated
using error backpropagation. The gradient of 𝑆𝑌𝑖 |𝜃 with respect to a component 𝑋𝑘 of 𝑋 is given by:

𝜕𝑆𝑌𝑖 |𝜃
𝜕𝑋𝑘

= vec

𝜕𝐽𝑌𝑖 |𝜃
𝜕𝑋𝑘

𝑆𝜃𝐽𝑌𝑖 |𝜃
𝑇 + 𝐽𝑌𝑖 |𝜃𝑆𝜃

(
𝜕𝐽𝑌𝑖 |𝜃
𝜕𝑋𝑘

)𝑇  (7)

Applying the chain rule to Eqs. 6- 7, the derivative 𝜕𝐺
𝜕𝑋𝑘

may be obtained:

𝜕𝐺

𝜕𝑋𝑘

=

(
𝜕𝐺

𝜕𝑆𝑌𝑖 |𝜃

)𝑇
𝜕𝑆𝑌𝑖 |𝜃
𝜕𝑋𝑘

(8)

We assemble the complete gradient ∇𝑋𝐺 by repeating the calculation for all 𝑘:

∇𝑋𝐺 =

[
𝜕𝐺

𝜕𝑋1
, · · · , 𝜕𝐺

𝜕𝑋𝑘

, · · · 𝜕𝐺

𝜕𝑋𝑁

]
, 𝑘 = 1, · · · , 𝐷 (9)

The same process can be applied to obtain the gradient of𝐺 with respect to system input𝑈. Constraint
function 𝐺 is combined with an objective function 𝐹 (𝑋𝑖,𝑈𝑖) (e.g. a minimum control energy criterion)
to form the complete cost reward function 𝑐 for the emulator chain of Fig. 1.

𝑐𝑖 = 𝐹 (𝑋𝑖,𝑈𝑖) + 𝐺 (𝑋𝑖,𝑈𝑖) = 𝐹𝑖 + 𝐺𝑖 (10)

2.4 Temporal Backpropagation

Fig. 4 Backward pass: computation of reward/cost gradients with
respect to inputs 𝑈𝑖 . [18]

The backpropagation-through-
time framework, introduced by
Nguyen and Widrow [19], is a
model-based alternative to black-
box reinforcement learning meth-
ods such as Q-learning or ac-
tor–critic schemes [23]. Unlike
these, it leverages a system em-
ulator to compute both rewards
and their gradients with respect
to candidate policies or action se-
quences. Training thus proceeds
in two stages: first, the emula-
tor identifies the system dynam-
ics; second, the extracted model is
exploited to optimize control poli-
cies. This decoupling of system
identification from control optimization affords the designer finer control over the training process.

Based on the above, the proposed methodology broadly classifies as "data-driven model-based"
learning, sharing elements with both optimal control and reinforcement learning algorithms. For instance,
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TB can be used to simultaneously train the controller and the system emulator itself: In that case, the
method reduces to a "standard" reinforcement learning algorithm. If, on the other hand, the system
emulator is replaced by a linear/linearized model, the algorithm is analogous to an LQR or model
predictive controller (MPC). As shown in [19], the NN-based emulator leverages the global approximation
capabilities of NNs to convert complex system models to analytic form and simplify action gradient
calculation.

As in other reinforcement learning methods, the computation of optimal policies follows an iterative
two-step cycle until convergence: a forward pass, which updates reward values, and a backward pass,
which propagates gradients to adjust the actions. Figures 1 and 4 illustrate these computations.

As shown in Figure 4, the gradient of the cost/reward function 𝑐 with respect to each action 𝑈𝑖 has
two contributions: the direct derivative from explicit input terms, and an indirect derivative reflecting the
influence of 𝑈𝑖 on subsequent states and outputs. Formally,

𝑑𝑐

𝑑𝑈𝑖

=
𝜕𝑐

𝜕𝑈𝑖

+ 𝐸𝑈𝑖
, (11)

where 𝐸𝑈𝑖
denotes the error term arising from trajectory-dependent effects:

𝐸𝑈𝑖
=

𝜕𝑐

𝜕𝑌𝑖

𝜕𝑌𝑖

𝜕𝑈𝑖

+ 𝐸 𝑋̃𝑖+1

𝜕𝑋̃𝑖+1
𝜕𝑈𝑖

. (12)

The first term captures the direct sensitivity of output𝑌𝑖 to𝑈𝑖; the second accounts for the propagated
effect through future states. The latter depends on

𝐸 𝑋̃𝑖
=

𝑁∑︁
𝑗=𝑖

𝜕𝑐

𝜕𝑌 𝑗

𝜕𝑌 𝑗

𝜕𝑋̃ 𝑗

𝑗∏
𝑘=𝑖+1

𝑤𝑑

𝜕𝑋̃𝑘

𝜕𝑋̃𝑘−1
. (13)

which represents the chain of dependencies linking state 𝑋̃𝑖 to all future states 𝑋̃ 𝑗 . A discount factor
𝑤𝑑 is introduced to limit the effective planning horizon and prevent numerical issues such as exploding
gradients.

Overall, as stated above, TB shares similarities with Nonlinear Model Predictive Control (NMPC)
[24], in that present decisions are optimized with foresight of their long-term effects. This is achieved
through recurrent stacking of surrogate model layers, forming deep recurrent-like networks with a depth
proportional to the planning horizon. Such architectures facilitate efficient evaluation of derivatives and
error backpropagation across the entire trajectory.

3 Results

3.1 A simple numerical example
Consider the following non-linear state-space system with state 𝑋 and input 𝑈 [18]:

𝑋 = (𝑥, 𝑣)𝑇 ≡ 𝑌, 𝑈 = 𝑢 ∈ [−2, 2]

𝑑𝑋 =

{
𝑣

−0.14 − 1.14𝑥 − 0.29𝑥2 − 1.43𝑣 − 0.43𝑣2 + 0.6𝑢
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𝑋𝑖+1 = 𝑋𝑖 + 0.01𝑑𝑋 (14)

Define the following learning problem: Starting from a random initial condition 𝑋0 ∈ 𝐶∗, calculate
an optimal sequence of 𝑁 = 300 actions 𝑈𝑖 that minimizes the value of the cost function 𝑐:

𝑐 =

𝑁∑︁
𝑖=1

(
𝑤𝑢𝑈

2
𝑖 + 𝐺𝑖

)
(15)

Fig. 5 Section 3.1–Learning iteration 1. Con-
trol Sequence [top] VS State Trajectory [bottom],
over training data [blue] and parametric uncer-
tainty contours [magenta]. Black- and orange-
colored arrows represent local and backpropa-
gated gradients of 𝐺 respectively.

Using the methodology described in section 2, an
RBF network with 20 hidden units was employed, ini-
tially to identify a model 𝑋𝑖+1 = 𝑀 (𝑋𝑖,𝑈𝑖) emulating
the system dynamics and, following this, to extract an
optimal sequence of actions minimizing the value of
Eq. 15. The training of the RBF emulator was per-
formed on a database of simulated time series data of
the true model of Equation 14 comprising 1,000 sam-
ple instances 𝑖. The following filtering condition was
applied to the training samples so as to artificially cre-
ate "empty" areas in the sampling domain, representing
regions of unknown dynamics, as shown in Fig. 5:

0.35𝑥 + 0.94𝑣 + 0.2 > 0 (16)

The calculation of the optimal sequence𝑈 was per-
formed by means of a gradient descent algorithm based
on the analytic derivatives 𝑑𝑐

𝑑𝑈𝑖
extracted from the TB

scheme (Eq. 11) with a discount factor 𝑤𝑑 = 0.999.

Figs. 5-6 demonstrate the convergence process of
the learning algorithm over 40 iterations. Initially (Fig.
5), the zero-input system state trajectory (black curve)
moves away from the limits of the "known" domain 𝐶∗,
represented by blue dots accounting for training data-
points and contours of relative local covariance 𝜎/𝜎0
of the emulator 𝑀 (in Figs. 5-6, the effect of 𝑈 on
𝜎/𝜎0 is neglected, shown values correspond to 𝑈 = 1)
. This results in locally non-zero values of constraint
function 𝐺𝑖 which translate into local state gradients
(black arrows); the latter are subsequently backpropa-
gated in time by the learning algorithm (orange arrows)
to affect past states and introduce anticipatory action in
the control sequence. Consequently, whereas the first
non-zero local gradients of 𝐺𝑖 appear after timestep 50,
the respective backpropagated gradients transfer the information to all previous steps.

A correction 𝛿𝑈𝑖 is calculated by the gradient descent update rule for each time step, comprising
two subcomponents [𝛿𝑈𝑖]𝜎, [𝛿𝑈𝑖]𝑈2 associated to the covariance constraint and minimum control energy
objective respectively. Initial control gradients (Fig. 5) are driven by 𝛿𝑈𝜎, later the 𝛿𝑈𝑈2 term gradually
limits the amplitude of the control update 𝛿𝑈 (Fig. 6a) until the two correction signals mutually cancel
out to obtain convergence (Fig. 6b).
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(a) Iteration 3 (b) Iteration 40

Fig. 6 Section 3.1–Convergence

As a result of the calculated control input, the final state trajectory moves parallel to the contours of
𝜎/𝜎0, staying closer to the training data than the initial trajectory, at a distance defined by the relative
weighting of the minimum control energy and covariance objectives.

Fig. 7 Section 3.1–Traces of 100 randomly-
initialized control-free state trajectories (black)
VS "closed-loop" results (red). Circle markers
denote initial conditions.

Overall, as was observed in [18], despite the large
dimensionality (𝑁 = 300) of the underlying optimal
control problem, the algorithm is numerically well-
behaved and convergence is obtained within a few it-
erations.

The global effect of the proposed learning algo-
rithm on system dynamics is demonstrated in Fig. 7,
comparing traces of 100 randomly-initialized control-
free state trajectories with the respective closed-loop
results: It can be observed that the control action glob-
ally bounds state trajectories within the 𝜎/𝜎0 = 3 limit,
without this being explicitly defined by the user, say, in
the form of a planar constraint similar to Eq. 16.

Finally, we note the role of the minimum control
energy objective in Eq. 15 which serves, on the one hand
to reduce the amplitude of control inputs, on the other
to avoid unnecessary interference of the controller with
the natural system dynamics when no risk of crossing
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the 𝐶∗ boundary is identified. The latter feature is essential for a non-intrusive envelope protection
function, as shown in the -equivalent- quadratic formulation adopted for CBFs in reference [12].

3.2 Aircraft Envelope Protection
In addition to the numerical example of section 3.1, with a view to testing the performance of the

proposed methodology in a challenging use case from the aerospace field, a demonstration of a notional
online stall departure protection function was performed in a series of simulated experiments with a
representative test vehicle.

The main idea behind the above demonstration being a proof of the feasibility of the proposed
control solution, the test strategy was adapted to represent an extreme test environment for the latter: A
limited dataset was made available to the system emulator for the identification of a system with divergent
behavior outside its nominal operating envelope, in addition to rapid overall dynamics.

Fig. 8 Training Data for the RBF aircraft emulator. Different colors correspond to individual recordings.

The test vehicle selected for the experiments is based on an in-house 6-DoF aerobatic aircraft sim-
ulator [25], employing strip-theory aerodynamics [26] augmented with the pressure gradient correction
factor proposed by McCormick [27] for more accurate prediction of aerodynamic forces and moments
in the post-stall regime. The simulator can realistically model a practically unlimited angle of attack
(AoA) and sideslip (𝛽); during validation experiments it was noted that transients close to the stall AoA
lead to unpredictable departure dynamics which are very sensitive to the stall entry conditions. As such,
depending on pilot inputs, the modeled stall behavior frequently leads to a spin condition and is hard to
identify with a surrogate model.

The following setup was used for the experiments performed: First, a series of four man-in-the-loop
simulations were recorded including purposely aggressive piloting so as to induce departures: In a total
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duration of 362 sec of simulated time, sampled at 50Hz, the maximum recorded values of AoA and
angular rates exceeded 100 deg and 200 deg/s respectively. The resulting data, summarized in Fig. 8,
were employed to train an RBFN emulator of the aircraft dynamics. A network with 400 hidden units
was selected, with the following input/output configuration:

𝑋 ≡ 𝑌 = [ ®𝑉𝑏, ®𝜔𝑏, ®𝑥𝑏, ®𝑧𝑏] , 𝑈 = [𝑑𝑙, 𝑑𝑚, 𝑑𝑛] (17)

where ®𝑉𝑏, ®𝜔𝑏 are the body-axis velocity and angular rates, ®𝑥𝑏, ®𝑧𝑏 are the vectors of the aircraft 𝑥, 𝑧 body axes
in earth coordinates and 𝑑𝑙, 𝑑𝑚, 𝑑𝑛 account for aileron, elevator and rudder commands respectively. The
aircraft dynamic emulator thus comprises a "black-box" model with 15 input and 12 output dimensions.

Fig. 9 Controller schematic for the aircraft envelope pro-
tection experiments.

Following model identification, ad-
ditional man-in-the-loop sequences were
recorded and used for testing a pseudo-real-
time implementation of the proposed algo-
rithm. Motivated by the rapid convergence
of the algorithm in the experiments of sec-
tion 3.1, an online implementation was tar-
geted for the FEP controller:

The selected control configuration,
shown in Fig. 9, resembles that of a
non-linear MPC algorithm, with the neuro-
emulator of Section 2 being employed to pre-
dict the aircraft state over a 4-second time

horizon, and the temporal backpropagation scheme generating an updated control sequence. The cal-
culated controller output is added to pilot aileron, elevator and rudder commands in the form of an
online envelope protection function: In Fig. 9, an asterisk (∗) is used to denote the joint command
signal sent to the aircraft simulator. Prediction and control updates were based on a zero-order-hold
(ZOH) measurement of the pilot commands and the aircraft state, both updated at a frequency of 10 Hz.
Only one update of the temporal backpropagation scheme of Section 2 was allowed between successive
state/pilot input measurements (i.e. only one gradient descent step per 0.1 sec), to assess the feasibility of
the proposed technique from a computational standpoint in a real-time-like setup. The above-mentioned
update rate was achievable on a standard-spec personal computer; given that the proposed algorithm does
not involve matrix inversions or other complex operations, its computational cost scales linearly with
longer planning horizons and aircraft model complexity. Nonetheless, integration aspects associated to
a real-world flight control application have not been thoroughly analyzed, but were instead left for future
work on the project.

Figures 10 - 13 depict an extract of four test timeseries obtained in the frame of these experiments,
superimposing the initial recorded data (black) with timeseries data obtained with the controller in the
loop: The respective control output corresponds to the difference between 𝑑𝑙, 𝑑𝑚, 𝑑𝑛 signals in open-
and closed-loop mode.

As far as the specific features of the simulated test sequences are concerned, Sequence 1 (Fig. 10)
comprises gentle control inputs at low-moderate AoA and was used to evaluate the non-intrusiveness
of the tested envelope protection control law within the nominal envelope; the very small differences
between open- and closed-loop command signals confirm this characteristic. Of course, as is the case with
most envelope protection laws, even minor protection-related changes in dynamic derivatives cumulate
over time, particularly in states resulting from kinematic integration (in Fig 10, 𝜙, 𝜃, 𝜓 and 𝑉 , the latter
linked to the vehicle’s altitude and mechanical energy). The effect becomes more pronounced in the
presence of dynamic non-linearities and high angular rates, but, in reality, is not perceived by the pilot
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Fig. 10 Aircraft Test Sequence 1: Pilot-only (black) VS envelope-protected (blue) results.

Fig. 11 Aircraft Test Sequence 2: Pilot-only (black) VS envelope-protected (blue) results.
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Fig. 12 Aircraft Test Sequence 3: Pilot-only (black) VS envelope-protected (blue) results.

Fig. 13 Aircraft Test Sequence 4: Pilot-only (black) VS envelope-protected (blue) results.
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whose focus is on the short-term variation of the 𝛼, 𝛽 states: The latter are practically identical between
pilot-only and protection-ON results.

Fig. 14 AoA-Sideslip trajectories of test sequences 1-4, in
pilot-only (black) and protection-ON mode (blue). Shaded
areas represent the convex hulls of the respective distribu-
tions.

Sequences 2-4 (Figs. 11-13) include dif-
ferent combinations of simultaneous 3-axis
excitation at high-AoA, aimed at inducing
random, asymmetric stall departures as con-
firmed by the somewhat unpredictable air-
craft behavior observed in the respective time
response curves. In Sequence 2, stall depar-
ture is induced by elevator (𝑑𝑚) input, com-
bined with aggressive aileron (𝑑𝑙) commands
and simultaneous rudder (𝑑𝑛) pulses. Test
Sequence 3 combines elevator and negative
pre-stall rudder commands to cause departure
under negative sideslip 𝛽. Finally, Sequence
4 employs a similar strategy, but with positive
post-stall rudder inputs. In all 3 experiments,
through coordinated 3-axis control actions,
the TB-MPC controller manages to limit the
aircraft AoA and 𝛽 within the stall-free flight
domain (|𝛼 |, |𝛽 | < 15), in spite off the the
unaugmented aircraft’s AoA reaching values

as high as 50 deg in the original recordings. Controller action is more prominent in time instances
preceding stall departures of the unprotected aircraft and remains or rapidly converges to zero if no
risk is identified (e.g. Figs. 10-13 when 𝛼 ∈ [0, 10] and 𝛽 ≈ 0), as desired for a non-intrusive FEP
function. Fig. 14 presents a superposition of the AoA-𝛽 trajectories of test sequences 1-4 in pilot-only
and protected mode. The protection has a clear effect on the resulting distributions, which are contained
well within the limits of the nominal operating envelope. The above results demonstrate a satisfactory
level of robustness to large-amplitude pilot inputs at the departure limit and to the inherent modeling
error (i.e. "reality gap") of the RBFN emulator used for calculating the control output.

To conclude the above discussion, it needs to be clarified that the selected online control configuration
does not constitute the only possible use of the method itself, which can be equally used within a more
"standard" offline reinforcement learning environment to train neural controllers on the same task. In
such a case, having access to the full state trajectories, the learning algorithm is expected to showcase
better performance overall, thus the interest of testing the real-time version of the controller. Moreover,
since the scope of this work is limited to a proof of feasibility of the control architecture itself, testing
only comprised a finite number of recorded sequences; a more formal validation of global stability was
left for future work, deemed to be case-dependent and out of the scope of the intended demonstration.

4 Conclusions
In this article, a new reinforcement-learning-inspired methodology for active envelope protection was

presented: The proposed technique exploits the uncertainty in the estimation of the internal parameters
of a neuro-emulator of a system’s dynamics to identify instances where the system exits its domain of
nominal operation. A method for deriving control gradients out of parametric uncertainty output was
equally detailed; this was integrated to a temporal backpropagation calculation, used to generate control
sequences that protect the system against excursions of the normal operating boundaries. Numerical
experiments demonstrated the effectiveness of the proposed approach in bounding dynamics within a
safe operating regime, without need for an explicit definition of the latter by the designer.
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In line with the authors’ original intention, very little human intervention was required for setting
up the MIMO FEP logic, limited to the tuning of the gradient descent update gain and the scale factor
applied to the reference covariance signal, without any vehicle-specific information passed to the TB
solver. Thus, the method is particularly suitable for ensuring safe operation while testing in a rapid-
prototyping-type of operation. In the same context, the protection law is tightly linked to the system
emulator itself and automatically adapts to new test data being injected to the latter, as would be the case
during envelope-expansion testing.

Finally, the vehicle-agnostic nature of the method allows for its direct application to vehicles with
exotic, unexplored configurations, a fact that would be otherwise impossible with more traditional
techniques where the designer often sets the envelope boundaries based on experience-derived criteria.
Our results, albeit limited to a finite number of recorded flight sequences, demonstrate satisfactory
performance in a demanding, highly nonlinear aircraft 3-axis control application.
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