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ABSTRACT

Current structural health monitoring (SHM) in aeroelastic
systems struggles with recovering unobservable states from
limited sensor data, lacks quantified prediction confidence,
and exhibits brittleness under off-nominal conditions. To ad-
dress these operational gaps, this paper presents a physics-
aware neural digital twin (DT) designed for real-time, adap-
tive monitoring of aerospace structures. The proposed DT
framework combines two neural networks for stabilizing con-
trol and forward prediction while using Bayesian filtering
for nonlinear state estimation and uncertainty quantification.
We train the controller using Proximal Policy Optimization
(PPO) [1], an actor-critic method, and the forward model us-
ing the mcTangent loss [2]. We use Bayesian particle filter-
ing to infer the state and provide uncertainty quantification
for assurance. The DT then provides the control input to the
physical twin using the mean state estimate. Using only pitch
angle measurements from a nonlinear airfoil model, the DT
recovers full system state, stabilizes the structure rapidly, and
provides uncertainty quantification (UQ) with all predictions.
Finally, we compare the results to a more traditional approach
of ensemble Kalman filter (EnKF) and model predictive con-
trol (MPC) and the base ODE model rather than the surro-
gate, which preforms worse due to worse early estimation of
the hidden state. We also discuss the architecture’s transfer-
ability to broader digital twin applications across aerospace
platforms.

William Cole Nockolds et al. This is an open-access article distributed un-
der the terms of the Creative Commons Attribution 3.0 United States Li-
cense, which permits unrestricted use, distribution, and reproduction in any
medium, provided the original author and source are credited.

1. INTRODUCTION

Over the past two decades, Digital Twins (DTs) have become
increasingly popular tools for monitoring and prediction in
complex engineering systems [3]. Fundamentally, a digital
twin is a computer simulation of a physical system which
seeks to mirror all aspects of its real counterpart through mod-
eling and periodic information exchange, such that it may be
used to monitor, optimize, or control its physical twin [4].
Monitoring, or diagnostic, twins may be used to ensure the
health of the physical twin, while a twin for optimization and
control endeavors to make the operation of the physical twin
more resource efficient or guide it toward some user-defined
control target [5, 6]. Digital twins are informed by envi-
ronmental or performance data measured from the physical
twin [3, 4]. DT approaches integrate sensor data and physi-
cal models to accurately represent a physical system [3]. To
be predictive and trustworthy, DTs must be equipped with
uncertainty quantification. Reliable DTs must be able to pre-
dict or detect when model drift is above prescribed acceptable
thresholds or the model is operating in out-of-distribution
regimes. They then acquire necessary data to self-update to
stay close to their physical counterparts. DTs should be struc-
tured such that they could support downstream tasks such as
design, optimization, control, and decision making. For ap-
plications that require fast actions, machine learning methods
are typically deployed to mitigate the high computational ex-
pense of many traditional approaches [7, §].

Digital twins in aerospace applications have been imple-
mented to solve problems such as predictive maintenance, ve-
hicle life prediction, and structural health monitoring (SHM)
[9, 10, 11]. These prognostic DTs focus on estimating dam-
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age or system states from measurements [12, 13]. However,
in many practical aerospace systems, sensors are sparse, mak-
ing reconstruction of the physical state difficult [14, 15]. For
nonlinear dynamical systems, partial observability makes es-
timation of unobserved states a challenge [16, 17]. Addition-
ally, many predictive DTs are deterministic and therefore lack
appropriate uncertainty quantification to be used for decision
making in safety-critical environments [18, 19, 20]. Kalman
filter variants (Kalman filter, Ensemble Kalman filter) have
been used for state estimation with uncertainty quantification,
but each relies on strict Gaussian assumptions [21, 22]. Parti-
cle filtering methods forgo the Gaussian assumptions by using
weighted samples to build a non-Gaussian posterior [23].

While many aerospace DTs focus on diagnostics and pre-
diction rather than closed-loop control, parallel research has
explored using DTs for control estimation via model predic-
tive control (MPC) and reinforcement learning (RL) strate-
gies [18, 24, 25]. These works demonstrate the capacity for
DTs to move beyond model state reconstruction and toward
active system control and optimization. However, MPC re-
quires many model evaluations to facilitate its online opti-
mization procedure, which may make it computationally in-
feasible for real-time control in the case of expensive non-
linear models [26, 27]. Reinforcement learning approaches,
on the other hand, shift the computational burden of optimiz-
ing the control policy offline through training [1]. Still, few
works integrate state estimation, prediction, control, and UQ
in a unified framework, indicating a gap between the research
field and deployable DTs for real aerospace systems.

To address the existing challenges and limitations of current
DTs, this paper proposes a model-constrained DT for a non-
linear aeroelastic system [28]. The developed framework per-
forms state estimation, prediction, control, and mathemati-
cally principled UQ. The twin combines a PPO [1] trained
RL agent to control the airfoil with an mcTangent loss [2]
trained forward neural ODE model [29]. PPO is an actor-
critic algorithm which updates a learned policy using a policy
gradient approach and a state value function using gradient
descent. The updates are restricted in magnitude in order to
induce a trust-region-like behavior in optimization which em-
pirically improves training stability [1]. The mcTangent loss
enforces consistency with a ground truth ODE model to pro-
mote long-term prediction capability and limit training data
requirements [2]. In the problem setting, only one state vari-
able, the pitching angle «, is directly observable. Bayesian
particle filtering is used to estimate unobserved states and
provide uncertainty quantification for forward neural ODE
predictions. The framework successfully performs state es-
timation which can be used for control and prediction with
the trained neural models to reduce airfoil flutter and fore-
cast future system states with uncertainty estimates. Finally,
we provide a comparison of our approach to a method using

MPC with and ensemble Kalman filter for state estimation in
the same problem setting.

2. AEROELASTIC MODEL

We consider a model of a wing undergoing aeroelastic de-
flection. The second order ODEs describing this model are
nonlinear and represent the time evolution of pitching o and
plunging & motion. A single control input, flap deflection an-
gle 3 is featured and only the pitching angle « is observed.
The equations of motion of this model, derived from small-
angle and other simplifying assumptions in [28, 30], are
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where b is the semichord, s, is the span, x, is the non-
dimensionalized distance of the center of mass from the elas-
tic axis, p is the fluid density, dj, , are damping coefficients,
my is the total mass, m,, is the mass of the wing, I, is its
pitching moment of inertia and ¢, ., , are the lift and mo-
ment coefficient slopes with respect to the pitch angle and
flap angle respectively. A quartic polynomial is prescribed
for the spring constant of the pitching dynamics: k,(«) =
Z?:o c;a*. We use the same constants as defined in [28].

The equations can be expressed in state-space form with a
T . 4T

state vector z = [z 2] = [h a h &| and control

input u = (. The observation is the pitch angle ¥y = «. The

state-space representation of this system of equations is:

& = A(z)x + Bu (62)
y=Cx (6b)
0 I
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0
C= [O 1 0 O]7 (6e)

where C is the observation matrix.

3. METHODOLOGY

Practical digital twins require methods that can operate under
partial observability, measurement uncertainty, and compu-
tational constraints present in aerospace applications. For
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systems governed by ODEs, like the aeroelastic system con-
sidered in this paper, prediction via numerical integration
often requires full knowledge of the system state. However,
due to sensor limitations in aerospace applications, often only
partial state observations are available, indicating a need for
robust state reconstruction. Furthermore, closed-loop control
algorithms also necessitate or benefit from full state estima-
tion. In cases in which real-time simulation and control are
necessary, traditional nonlinear control schemes and ODE
solvers are often impractical due to their computational cost.
Faster neural methods are strong candidates as alternatives to
traditional approaches for control and forward modeling. We
propose a dual component neural architecture for real-time
control determination and predictive forward modeling. In
addition, we integrate our methodology with particle filtering
techniques to facilitate real-time state and uncertainty esti-
mation. The components of the architecture are as follows:

1. RL Trained Control Policy: A neural network which sees
the current mean system state estimate and calculates the
control that will lead to stabilization.

2. Model-Constrained Neural ODE: A neural ODE network
which maps from the current state and control to the next
state.

3. Particle Filter: An ensemble of digital twin simulations
approximating the belief distribution as Monte Carlo
samples with weights updated using Bayes rule after
each noisy observation.

Together, these components result in a DT framework which
handles state estimation, prediction, control, and uncertainty
quantification.

3.1. Optimal Control Problem

The training of the control policy follows the PPO method [1]
of reinforcement learning. RL seeks to minimize the expected
discounted cumulative reward,

Ny
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where x is the state (the ODE variables h, «, h, &), u is
the action (3), -y is the discount factor, T is the time horizon
length, r is the reward function, 7y is the distribution of ac-
tions given a policy parameterization 6, and 6 parametrizes
our controller network, which outputs parameters for a nor-
mal distribution we sample during training and use the mean
for run-time inference. Actor-critic methods learn both the
optimal policy 6 and the value function V required to train
the policy simultaneously. Both the policy and value function
are neural networks with trained parameters. The ensuing

loss, with an entropy bonus to encourage exploration, is
ETOlal _ l:CLIP + Cll:VF _ CQS[TF@], (8)

where c; and ¢y are weighting hyperparameters while S'is the
differential entropy. And the PPO policy loss, whose clipping
is meant to mimic a trust region, is

We(ut|l't)
g) = 1t
pri(6) Togq (Ut |7)

LCLIP(Q) = —F, [At min (pr, (), clip(pr, (0),1 —€,1 + e))}

©))
where A; is the generalized advantage estimate (GAE)
(5,5 = T¢ + 'yV(fL‘t+1)(1 — dt) — V(.’Ift)
. > (10)
A= "N i,
1=0

where d; is a flag indicating if the trajectory has been pre-
maturely terminated (never in our case) and X is the GAE
parameter and finally the critic loss term is

1

£V = Ty [max ((Vp() = V)2, (Ve — Vi)

where V' = Ay + Vg, (50),
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where € is the clipping hyperparameter, Vj is the value from

the current network, and Vjp,, is the value from the network

before the optimizer update. The reward for our aeroelastic
system encourages stabilized states,

h? dh? a? da?
ri(@s) = exp <— <0.0152 to2 T T 152)>

(12)
At the start of each training epoch, four random initial con-
ditions were generated. From these initial conditions, the
ground truth model was used to simulate 128 time step trajec-
tories, with 10 forward Euler steps of model time 10~3 taken
between each. This dataset is split into training data samples
as D%, = {(@e, ut, 1, Vora(se) 1322, where e represents the
training epoch index. This dataset is utilized to optimize the
losses in Equations (9) and (11) by updating the policy and
value function parameters with four iterations of batch gra-
dient descent. After the networks’ parameters are updated, a
new set of initial conditions are sampled to create a new batch
of data for the next epoch.

3.2. Model-constrained Predictive Forward Mapping

For the forward model, we use the neural ODE architec-
ture [29] which has proven successful in many time series
modeling applications for autonomous differential equations
[2, 31]. In order to promote consistency with the ground truth
model, the forward map loss function is augmented with a
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model constrained term. This term necessitates a differen-
tiable ODE integrator. For many models, this is straightfor-
ward to implement using standard automatic differentiation
libraries. Let the forward model, predicting the next state, be

13)

Also, let the next time step from the ground truth model ODE
be

i"t+1 = \Ild(xtaut;ed)~

(14)

Equation (14) indicates the result of prediction by the ground
truth ODE model, given a previous surrogate predicted state
as its input. Specifically, the output of the surrogate model is
used as an initial condition for integration in the ODE model.
The forward model loss compares the predicted Z; to gen-
erated x; data. Additionally, it compares further sequential
predictions to data from the differentiable ODE solver, i.e. it
compares Z; and Z;. This model constrained loss is defined
as
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where N, denotes the number of sample trajectories, N, in-
dicates the number of time steps per trajectory, v determines
the strength of the model constraint term and

N,
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where IV, is the number of model constrained consistency
steps used. The values of Ny, N,, 7y, and N,,, used in training
are listed in section 4. The parameters 8, of the prediction
network are trained with gradient descent to minimize L.

3.3. Uncertainty Quantification

We take a Bayesian approach to UQ where the likelihood
based on observed variables is used to update the posterior
of the full state. The samples are i.i.d. normally distributed
with standard deviation o, i.e. the likelihood of a pitch obser-
vation o; given the pitch trajectory candidate ; is

1 i —aj)?
ploilay) = —— exp (—(020‘;”)) .oan

The posterior for each trajectory candidate is given by Bayes

e (o oles)
plo Oéj p Oéj
pla;lo) = —————=.
( J | _) p(O)
The prior weights p(ca;) begin equally weighted while the
MC samples are drawn from the prior distribution and up-
dated with each observation as described in algorithm 1.

When resampling occurs, the weights are reset to be equal.

(18)

3.4. Orchestration of Models

Algorithm 1 explains how each component of the digital twin
is used in sequence. The algorithm specifically describes how
predictions and uncertainty estimates are produced between
observations of the ground truth model environment. After
an observation is made, the weights are updated using Bayes
rule. Next, the time stepping procedure begins. In each time
step, the mean state estimate given by the Bayesian filter is
used as the input to the control policy my. The output of the
policy is used as a control to update the state of every parti-
cle in the ensemble using the neural ODE surrogate U ;. This
procedure is repeated until a new measurement is obtained.
Noise is then added to the states to prevent the collapse of the
filter. Finally, a new « observation is made to update the filter
at the start of the next loop. This autoregressive prediction
produces the full time series for state and control with an un-
certainty estimate given by the Bayesian filter between each
observation.

Algorithm 1 Autoregressive Prediction

Input: Initial state xy and weights w, t <~ 0
Output: Updated weights w’, predictions x; and controls ;
for complete time series
while t < t; do
Update weights w to w’ using Bayes rule and the sensor
likelihood
If ESS < 0.3 - #MC where ESS=1/ " w?, resample all
states using empirical mean and variance
while awaiting new observation do
u = E[mp(E[z])]
x; < x; + Ya(x;, u) for each x; in the ensemble
t <+ t+ Aty
If new o observation ready: break while loop

Record new o
Inflate filter by adding noise to states to mitigate collapse
in face of physical-digital discrepancy

4. NUMERICAL SIMULATION AND RESULTS
4.1. RL with ML surrogate and Particle Filtering

In training the control policy, the RL hyperparameters were
Ny =128,7v=0.99,A = 0.95,¢ = 0.2,¢; = 0.5,¢5 = 0.01.
The controller network featured 3 deep layers of width 128.
The dataset for the DT model consisted of 2000 ground truth
trajectories, with 5% withheld from training for testing, and
200 used during each step of gradient descent with learning
rate 2.5 x 10~%. Each trajectory was stored with time steps
of 10725 to be consistent with the ML model time step but
generated using 10~3s forward Euler time steps. The DT
RHS was pretrained with state-derivative pairs only, then the
mcTangent loss term was introduced. In training, sequential
trajectories were incrementally lengthened initially using NV,
of 2, then 4, 8, 16, and finally 32. This network featured 3
deep layers of width 512 and was trained using Adam [32]
with learning rate 1 x 107°. We also selected N,,, = 1 for
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the model-constrained loss term and N; = 200 for as the
number of samples per minibatch. The RL controller train-
ing took under 30 seconds then the mcTangent training time
took approximately 3 hours on an NVIDIA A100. Both were
executed using JIT compiled code via JAX [33].

The filtering routine, also JIT compiled via JAX and whose
primary cost is propagating the DT model forwards, took 1.3
seconds to simulate a 5 second trajectory with 10, 000 Monte
Carlo samples. A filter update was performed at every ob-
servation and a prediction was made until the next observa-
tion, with observations normally distributed with a standard
deviation of 103 radians occurring at 10Hz. The filtering
began with a biased prior whose mean was 10~3m above
the true h and 10~3rad above the true o while being 0 for
h and ¢. The prior standard deviations for h, h, a, & were
2x1073,2 x 1072,2 x 1072,2 x 1071, respectively. After
each update, the noise was added to the sample states with
1/10 the standard deviation of the original priors. This was
done to artificially prevent the filter from collapsing earlier
than desired due to the discrepancy between the physical and
digital twin dynamics. For example, the filter may become
tightly concentrated around a state that uniquely explains the
observations through the digital twin model but is still incor-
rect and/or diverges in the future due to model error.

10 —— Ground Truth
—=—- Surrogate
= D
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Figure 1. mcTangent surrogate (digital twin) using dt =

10~2s vs GT model (physical twin) using dt = 10~ 3s for
a single, known initial condition; both using forward Euler
and using the RL control function every 10~2s

The DT strategy described in section 3 was implemented and
trained for the aeroelastic physics model of interest. Figure 1
depicts a five second prediction by the digital twin. For this

case, the initial condition is fully known, but does not come
from the training dataset. From the plotted trajectory, two
things are observable: the control policy successfully guides
the state variables to 0, reducing flutter, and the ML surro-
gate has high prediction accuracy, as seen by the similarity
between dashed (ML) and solid (GT) lines. In fig. 2, the par-
ticle filtering strategy is applied to obtain an uncertainty es-
timate. For this case, the digital twin initial condition begins
offset from the true state. As new « observations are taken,
the filter is updated. The lightly shaded region around the h
trajectory indicates the two standard deviation interval around
the mean digital twin forward prediction. This quantifies the
uncertainty, but the distribution is not assumed to be Gaussian
so it cannot be interpreted as a confidence bound. It should
be noted that there is now some oscillation in the GT solution
in fig. 2 in contrast to the near perfect stabilization in fig. 1
(beginning just before t=2s). This oscillation stems from the
fact that / is unobserved. Small inaccuracies in the recov-
ery of h lead to control responses that are suboptimal for the
true state, which prevents the wing from perfectly stabilizing.
Howeyver, this oscillation is on the scale of millimeters, which
is negligible for this airfoil application. Figure 3 presents
filtering results for the plunging velocity, . Similar to the
case of plunge, beginning close to the t = 2s mark, there are
slight oscillations around 0, due to suboptimal control inputs.
However, the airfoil is very stable relative to an uncontrolled
case. Again, it can be observed that the predicted trajectory
remains reasonably represented by the hypothesis distribution
given by the particle filter, indicating that the uncertainty es-
timate is reasonable. Finally, in fig. 4, the DT prediction for
the rotational velocity ¢ of the pitching angle is shown. For
¢, the oscillations seen in the cases of h and  still appear.
However, the two sigma region is much thinner, indicating
that most particles followed very similar trajectories between
observations. For the example trajectory, the uncertainty es-
timate provided by the filter is somewhat overconfident for &
compared to the other state variables. The ground truth tra-
jectory for ¢ spends more time outside of the two standard
deviation uncertainty region.

4.2. MPC with EnKF and baseline model

To compare the performance of our described approach to a
more traditional one, we also consider the ensemble Kalman
filter and model predective control. The MPC was imple-
mented in CasADi [34], using the same stabilization objec-
tive as the RL. The MPC uses the mean estimate of the
EnKF. We do not quantitatively compare computational cost
since the methods were executed on different systems, the
ML based on on a GPU, and the MPC EnKF on a CPU. The
setup was identical to the particle filter, including ensemble
size, initial uncertainty etc. but the EnKF filter noise was
manually tuned to give good performance, using values of
1x108,1x107%,1x1075,1 x 10~* for h, h, o, ¢, respec-
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Figure 2. Particle filter using the digital twin as the hypoth-
esis ensemble and providing control to the physical twin by
evaluating the RL control function with the mean estimate.
The shaded regions indicate the two standard deviation un-
certainty region provided by the Bayesian filter.
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Figure 3. Prediction of plunging velocity by particle filter
using the digital twin as the hypothesis ensemble and provid-
ing control to the physical twin by evaluating the RL control
function with the mean estimate. The shaded regions indicate
the two standard deviation uncertainty region provided by the
Bayesian filter.

tively. The results are shown in fig. 5, to be compared to fig. 2.
Even with the EnKF using the baseline model rather than the
surrogate, the estimation for plunge is initially much worse,
allowing the displacement to exceed the magnitude of the ini-
tial value. Both filtering methods require similar parameters
and scale similarly due to use of an ensemble.
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Figure 4. Prediction of angle of attack rotational velocity by
particle filter using the digital twin as the hypothesis ensem-
ble and providing control to the physical twin by evaluating
the RL control function with the mean estimate. The shaded
regions indicate the two standard deviation uncertainty region
provided by the Bayesian filter.
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Figure 5. MPC with EnKF and baseline model

5. CONCLUSION

In this paper, we have presented a framework for a digital
twin of an aeroelastic system which includes state estimation
via Bayesian filtering, control calculation by a trained RL pol-
icy, and forward surrogate modeling with a neural ODE ap-
proach. The framework was able to provide stabilizing con-
trol to the model aeroelastic system, reducing flutter and pre-
venting oscillations of dangerous magnitude. Additionally,
the Bayesian approach is successful in state estimation from
partial observations and provides valuable uncertainty quan-
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tification. The filtering-prediction-control system was around
4x faster to perform on an A100 than the elapsed model time
for our synthetic example, demonstrating its applicability to
real-time applications. The requirements of the given frame-
work are a ground truth model used to generate training data
and train a policy network and an ability to collect observa-
tions during real-time operation. These basic requirements
suggest that the method is more widely applicable to other
aerospace models. We emphasize that the components of the
framework are not specific to the aeroelastic ODE and there-
fore may be transferable to other systems. Further extensions
of this work would include inference and uncertainty estima-
tion for unknown environmental variables that impact flight
dynamics and structural health such as wind speed and direc-
tion. In future work, stochastic optimal control methods may
be used to improve control efficacy under an uncertain state
hypothesis. Additionally, consideration of long-term (past the
next observation) predictions and how future filter updates in-
troduce uncertainty is also an important area of investigation.
Specifically, quantifying long-horizon predictive uncertainty
is relevant to applications that require more elaborate plan-
ning than airfoil stabilization.
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