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1 Midya, S., Symon, S. 2025. Experimental investigation of a high Reynolds number turbulent wake generated by a vehicle-like bluff body. Physical Review Fluids, 5(10), 084706.
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Experimental data are
sparse and noisy
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Aims and objectives

Develop efficient methods for assimilating 3D PIV
data into RANS furbulence models to enable full-field

reconstruction

Objective 1: Develop adjoint localisation for Objective 2: Perform full-field mean flow
efficient assimilation reconstruction using sparse data
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Variational data assimilation
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1 Raissi, M., Perdikaris, P., & Karniadakis, G. E. (2019). Physics-informed neural networks: A deep learning framework for solving forward and inverse problems involving nonlinear partial differential equations. Journal of Computational physics, 378, 686-707
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Three-dimensional variational data assimilation of separated flows
using time-averaged experimental data

Uttam Cadambi Padmanaban®,” Bharathram Ganapathisubramani ©," and Sean Symon
Department of Aeronautics and Astronautics, University of Southampton, Southampton, United Kingdom

M (Received 25 March 2025; accepted 22 December 2025; published 26 January 2026)

We introduce a framework for assimilating planar PIV experimental data using a vari-
ational approach to enhance the predictions of the Spalart-Allmaras Reynolds-averaged
Navier-Stokes turbulence model. Our method applies three-dimensional constraints to
the assimilation of mean velocity data, incorporating a corrective forcing term in the
momentum equations. The advantages of this approach are highlighted through a direct
comparison with traditional two-dimensional assimilation using the same experimental
dataset, We demonstrate its efficacy by assimilating the deep stall flow over a NACA0012
airfoil at a 15° angle of attack and a chord-based Reynolds number of Re, == 7.5x 10%. We
find that in two-dimensional assimilation, the corrective forcing term compensates not only
for physical modeling errors but also for the lack of divergence in the experimental data.
This conflation makes it difficult to isolate the effects of measurement inconsistencies from
deficiencies in the turbulence model. In contrast, three-dimensional assimilation allows the
corrective forcing term to primarily address experimental setup errors while enabling the
turbulence model to more accurately capture the flow physics. We establish the benefits
of three-dimensional assimilation through its ability to account for the inherent three-
dimensionality of the flow, thereby enabling more physically consistent reconstructions
of key quantities such as pressure, lift force, and eddy viscosity.

DOI: 10.1103/g7sd-g3dn
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Abstract

Physics-informed neural networks (PINNs) are a promising alternative for extracting additional time-averaged
(mean) flow quantities from experimental data. In the case of particle image velocimetry (PIV), for example, the
measured mean flow field is contaminated by noise, has a limited field of view, is restricted to a uniform grid, and does
not provide the pressure field. To overcome these limitations, we present a methodology in which PINNs are first
trained on a Reynolds-averaged Navier-Stokes (RANS) simulation such that it learns all states at every location in the
domain. We then apply transfer learning, which updates the PINN using sub-sampled PIV data. The resulting
predictions are in significantly better agreement with the full PIV dataset than PINNs, which are trained on
experimental data only. This work builds on the recent literature by integrating a Spalart-Allmaras turbulence model
and applying hard constraints to the no-slip wall boundary condition. We apply this methodology to a two-
dimensional NACA 0012 airfoil inclined at an angle of attack, & = 15°, for two Reynolds numbers of Re = 10,000
and 75,000. The proposed methodology is initially validated using large eddy simulation (LES) data and then
demonstrated on experimental PIV data. Our transfer learning approach results in improved predictions and a
reduction in training time when compared to using a random network initialization.
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Experimental details

« Data collected in the R. J. Mitchell wind tunnel
« Streamwise length-based Reynolds number = 5.64 x 10°
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Image courtesy: Ben Purkis Midya, S. & Symon, S. (2025)
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Mean velocity — Planes 2 & 10
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Mean velocity — Planes 2 & 10
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Mean pressure and Reynolds stress

Pressure coefficient Vorticity: w,
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Conclusions and future work

Conclusions Case No,/No  Peak memory (GB)  Migeat/ Mgiobal
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 Mean pressure is consistent and Reynolds stresses >
agree well with the experiment
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Future work L
 Investigate multigrid approaches for Bassline __Experiment T -
computational cost reduction o5}
« Use mixed data sources for assimilation = o0}
» Develop algebraic expressions for the corrections 015}
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Appendix A: Variational data

assimilation

Discrete adjoint method - efficient way of computing gradients.
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Interested in sensitivity — total derivative of the objective function with respect to the design variable.
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Take back — need a linear solver for obtaining the adjoint vector. Accurate computation of sensitivity

important for optimization.



Southampton

AER@
QASTR

Appendix B: Derivation of the adjoint
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