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Partial Physics Partial Data

| fow frequency time scales resolved

Underdetermined RANS, ... Sparse experimental data
* Navier-Stokes equations (u,p). * Non-intrusive high-fidelity
* Direct numerical simulation (DNS) experimental data is limited:
of industrial flows intractable. * Pressure can only be measured
* Modelling is required (RANS, LES, at the wall
...) Which relies on empirical * Restrictions on velocity
closures. resolution (space vs time)
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Combining partial physics with partial data
Mean field data assimilation with physics-informed neural networks

Learning objective:
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(deviation from the data) min ]Data + ]PhySiCS
u,v,p,...

OAAD
A .Vi:'\}.vi"\g. v‘z‘\}
BSisis

Physics loss
(residual of the
equations)

RANS mean flow model

—

_ _ _ 1 _
grans = (u-V)u+Vg-V. [(E +v¢)S]

Econt = VU

0.4 -
> + eddy viscosity turbulence model

0.2 1

0.0 == . m , . -
-0.75 —-0.50 -0.25 0.00 0.25 0.50 0.75 1.00
X

+ no-slip wall

Raissi et al. JCP 2019
Imperial College London 3 15/09/2026



Application examples

1. Modelling flow dynamics
from mean measurements
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Workflow
From PIV mean fields to coherent structures

PIV mean fields
u, v
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Dataset: Gray et al. 2021, 2022, 2023;
Straccia and Gray / NASA
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Linear mean field methods:

Coherent structures
modes & spectrum
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Workflow
From PIV mean fields to coherent structures

PIV mean fields
Sparse data
v x sp

¥ Limited domain

[ == ———

-0.2 00 02 04 06 08 10 12 14
u

¥ Missing closure term

Dataset: Gray et al. 2021, 2022, 2023; L. . .
Straccia and Gray / NASA Mean flow data assimilation with PINN
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Coherent structures
modes & spectrum
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Workflow

From PIV mean fields to coherent structures

PIV mean fields
u, v
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PINN mean fields
u, v, q, v
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Results
Assimilated fields

Validation
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Results

Modelling of flow dynamics

[ Ibump surface |
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Results
Modelling of flow dynamics

Model Experiment
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Results
Modelling of flow dynamics

Model Experiment
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Application examples

2. 3D reconstruction and mitigation
of measurement errors

Imperial College London 13 15/09/2026



Super-resolution and pressure reconstruction
Of an axisymmetric bluff-body wake

Pressure taps (...,

Objectives:
 reconstruct bluff body wake from experimental data
« super-resolve velocity data (interpolation)

 infer pressure field from velocity measurements
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Super-resolution and pressure reconstruction
Of an axisymmetric bluff-body wake

« Small errors in calibration or
misalignment of data can
affect the flow reconstruction

« Simultaneous optimisation of
data, PDE and affine
transformation (scaling and
translations)
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Super-resolution and pressure reconstruction
Of an axisymmetric bluff-body wake

Assimilated velocity field Assimilated pressure field

At the wall In the wake
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IMPERIAL

PINNs offer a convenient approach to solving inverse problems
by naturally utilizing automatic differentiation and GPU acceleration

Inverse problems include super-resolution, denoising and
inference of missing fields or model parameters

This enables analysing fields that cannot directly be measured,
as well as downstream operations (stability analyses, optimization, etc.)

PINNs for super-resolution and flow reconstruction
Contact: roman.klopsch24@imperial.ac.uk
25/06/2026

More in our papers:

Bump flow:
R. Klopsch, L. M. Fuchs, G. Rigas, K. Oberleithner, and J. G. R. von
Saldern, “Spectral analysis...,” JFM , 2026.
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Bluff body wake:
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augmented...,” PRF, 2024.
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