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ABSTRACT 

Transonic buffet and buffet-induced aeroelastic responses remain a major challenge for aircraft design, 

as they involve strongly nonlinear, self-excited shock oscillations that are highly sensitive to Mach 

number, angle of attack and structural flexibility [1]. High-fidelity CFD–CSD simulations have the 

potential to reproduce buffet-induced aeroelastic phenomena with reasonable accuracy, but their 

computational cost is prohibitive for design exploration, control synthesis and uncertainty 

quantification. Existing reduced-order models (ROMs) for buffet aeroelasticity are either derived from 

linearized unsteady aerodynamics [2] or constructed from low-order nonlinear oscillators [3]. While the 

linearized approach cannot capture limit cycle oscillations (LCOs), that based on nonlinear oscillators 

can but is limited to low amplitude responses, e.g., pitch LCO amplitudes < 2∘.  

Building on earlier work in which the authors identified Rayleigh-type differential and Volterra integro-

differential ROMs directly from CFD data, this paper will introduce a Neural Ordinary Differential 

Equation (Neural ODE) formulation for transonic buffet aeroelasticity. For each operating point, the 

unsteady aerodynamic response is represented by a low-dimensional dynamical system in which a 

generalized aerodynamic state (𝑄, 𝑣) evolves according to a Rayleigh–Volterra–neural model. In non-

dimensional time 𝜏, the acceleration equation for the unsteady aerodynamic force, 𝑄, can be written as 

 

𝑑𝑣

𝑑𝜏
=  𝑓(𝑄, 𝑣)⏟    

𝑓𝑙𝑢𝑖𝑑 𝑜𝑠𝑐𝑖𝑙𝑙𝑎𝑡𝑜𝑟
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𝑠𝑡𝑟𝑢𝑐𝑡𝑢𝑟𝑎𝑙 𝑓𝑜𝑟𝑐𝑖𝑛𝑔

+ 𝑔(𝑄, 𝑣, 𝑢̈, 𝒖, 𝒖̇)⏟        
𝑛𝑒𝑢𝑟𝑎𝑙 𝑐𝑜𝑟𝑟𝑒𝑐𝑡𝑖𝑜𝑛

 

with 𝑄̇ = 𝑣  and 𝒖 represents the history of structural displacements. For the first term, a Rayleigh 

oscillator is chosen, with trainable frequency, 𝜔, growth and saturation parameters that capture the self-

excited buffet mode. For the fluid-structural interaction, a finite-memory Volterra structural forcing 

based on lagged values of non-dimensional displacement and velocity (and their polynomial powers) is 

selected. The final term is a small neural network that sees both the oscillator state and the full forcing 

vector and adds a global residual correction to the modelled acceleration, compensating for deficiencies 

in both the canonical Rayleigh structure and the chosen polynomial/lag forcing basis. 
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The Neural ODE ROMs are identified from high-fidelity transonic buffet CFD simulations with band 

limited random excitation of the airfoil, with the frequency band chosen based on the natural frequencies 

of the aeroelastic model. Buffet-only datasets are first used to tune and constrain the Rayleigh parameters 

so that the model reproduces the observed buffet frequency, amplitude and waveform. Forced-motion 

datasets are then employed to identify the structural forcing coefficients 𝑯𝒖,𝑗, 𝑯𝒖̇,𝑗and train the neural 

residual 𝑔() by minimizing losses through the Neural ODE solver. This yields compact, interpretable 

aerodynamic models that are specific to each operating point but can be organized into a small family 

of ROMs across the parameter space. The training data and learned Rayleigh–Volterra-Neural ODE 

prediction is presented in Fig. 1.  

 

Figure 1: CFD-based training data and Rayleigh–Volterra-Neural ODE prediction.  

Initial results have been generated using the OAT15A airfoil model operating at Mach number 𝑀∞ =
0.73, wind-off angle-of-attack 𝛼0 = 3.5

∘, Reynolds number 𝑅𝑒∞ = 3 × 10
6.  The structural fluid to 

mass ratio, 𝜇 =
𝑚

𝜋𝜌𝑏2
= 870 based on an airfoil mass of 𝑚 = 0.33kg and structural damping is set to 

zero. The CFD solver is ANSYS Fluent with SST 𝑘 − 𝜔 turbulence model with the single-degree-of-

freedom pitch, 𝛼, equation-of-motion embedded in Fluent via User Defined Function. More detail on 

the model including numerical validation data can be found in [3]. Figure 1 shows the structural LCO 

amplitude and frequency as predicted using the full CFD-based aeroelastic model and the neural-ODE 

ROM for a natural frequency ratio sweep, where the natural frequency ratio is the structural natural 

frequency normalized by the buffet frequency  𝑓 =
𝜔𝛼

𝜔𝑏𝑢𝑓𝑓𝑒𝑡
. The result is encouraging considering the 

large amplitude structural LCO observed and resultant complex nonlinear fluid forcing. Such accuracy 

for high-amplitude LCO dynamics was not possible using conventional low-order oscillators as 

presented in the author’s previous work [3].  

 

Figure 2: CFD-based and Rayleigh–Volterra-Neural ROM prediction of LCO.  

 



 

The full paper will leverage the powerful Neural ODE aerodynamic ROMs to higher-dimensional n-

DOF aeroelastic configurations. Model performance will be assessed against time-marching CFD/CSD 

benchmarks and against the authors’ previous Rayleigh–Volterra ROMs, in terms of accuracy in 

reproducing lift/moment histories, spectra and in predicting buffet-induced aeroelastic behavior. Once 

ROM performance is validated, the study will go on to provide new physical understanding of 

aeroelastic instabilities in n-DOF aeroelastic configurations. The study aims to show that Rayleigh–

Volterra-Neural ODEs provide a practical, physics-guided and data-efficient route to reduced-order 

modelling of transonic buffet aeroelasticity. By combining an interpretable oscillator–plus–memory 

with a global neural residual on the acceleration equation, the proposed framework bridges the gap 

between low-order oscillators and fully black-box neural surrogates, critical for future transonic 

aeroelastic design and analysis. 
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