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2 Summary

This project addresses a critical challenge in fluid dynamics: the accurate measurement and un-
derstanding of wall-shear stress in turbulent flows. Wall-shear stress, a measure of friction drag
and dynamic loads, is crucial for numerous engineering applications, including the design of aircraft,
trains, and chemical processes, as well as advancements in wind power generation and biomedicine.
However, its instantaneous and spatially resolved measurement in experimental settings remains ex-
ceptionally di Cculk due to technical limitations.

The project proposes a novel approach by leveraging modern deep learning algorithms to predict the
wall-shear stress based on more easily accessible velocity measurements such as those obtained from
Particle-Image Velocimetry (PIV) experiments. This approach goes far beyond traditional methods
that often rely on linear assumptions or provide only single-point, temporal data, limiting a compre-
hensive understanding of complex, non-linear, and multi-scale interactions within turbulent flows.
A key aspect of this research is the development of neural network architectures specifically designed
to learn a mapping function from two-dimensional velocity fields located in the outer layer of a tur-
bulent flow - which are usually easily measured - to the instantaneous wall-shear stress distribution.
This will not only provide novel insight into the non-linear interactions that modulate the wall-shear
stress but also make the complex physics understandable to humans, which is vital for developing
more e [cieht and sustainable technologies.

The relevance of these findings to the interested public is profound. Improved prediction and under-
standing of wall-shear stress can lead to more e [Cieht transportation, as reducing drag on aircraft
and trains translates directly into lower CO2 emissions and decreased fuel consumption. In human
medicine, this research holds the potential for improved, personalized prediction and treatment of car-
diovascular diseases that are significantly a Ledted by wall-shear stress. Moreover, the advancement of
renewable energy technologies, such as more e [cieht wind turbine designs, can be achieved through
a deeper understanding of the forces exerted on their blades. By bridging the gap between complex
fluid physics and interpretable, data-driven models, this project delivers foundational knowledge and
practical tools for a wide range of applications that impact daily life and global sustainability.

German version

Dieses Projekt befasst sich mit einer kritischen Herausforderung in der Fluiddynamik: der prézisen
Messung und dem Verstandnis der Wandschubspannung in turbulenten Stromungen. Die Wand-
schubspannung, ein MaR fir Reibungswiderstand und dynamische Lasten, ist fir zahlreiche tech-
nische Anwendungen, einschlieBlich das Design von Flugzeugen, Ziigen und chemischen Prozessen,
sowie flr Fortschritte in der Windkrafterzeugung und Biomedizin von entscheidender Bedeutung.
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lhre zeitlich und rdumlich aufgeldste Messung in experimentellen Umgebungen bleibt jedoch auf-
grund technischer Einschrankungen aufergewdhnlich schwierig.

Das Projekt schlagt einen neuartigen Ansatz vor, indem es moderne Deep-Learning-Algorithmen
nutzt, um die Wandschubspannung basierend auf leichter zugédnglichen Geschwindigkeitsmessun-
gen, wie sie beispielsweise aus Particle-lmage Velocimetry (PIV)-Experimenten gewonnen werden,
vorherzusagen. Dieser Ansatz geht weit Uber traditionelle Methoden hinaus, die oft auf linearen
Annahmen beruhen oder nur punktuelle, zeitlich aufgeldste Daten liefern, was ein umfassendes
Verstandnis komplexer, nichtlinearer und multiskaliger Wechselwirkungen innerhalb von turbulen-
ten Strdmungen einschrankt.

Ein Schlisselaspekt dieser Forschung ist die Entwicklung von neuronalen Netzwerkarchitekturen,
die speziell darauf ausgelegt sind, eine Abbildungsfunktion von zweidimensionalen Geschwindigkeits-
feldern in der duReren Schicht einer turbulenten Strdmung - die normalerweise leicht messbar sind -
auf die momentane Wandschubspannungsverteilung zu lernen. Dies wird nicht nur neuartige Einblicke
in die nichtlinearen Wechselwirkungen liefern, die die Wandschubspannung modulieren, sondern auch
die komplexe Physik fur den Menschen verstandlich machen, was fir die Entwicklung e [ziehterer
und nachhaltigerer Technologien von entscheidender Bedeutung ist.

Die Relevanz dieser Erkenntnisse fiir die interessierte O [entlichkeit ist tiefgreifend. Ein verbessertes
Verstéandnis und eine bessere Vorhersage der Wandschubspannung kénnen zu e [ziehterem Trans-
port fihren, da eine Reduzierung des Luftwiderstands bei Flugzeugen und Ziigen direkt zu geringeren
CO2-Emissionen und einem reduzierten Kraftsto Lvarbrauch fihrt. In der Humanmedizin birgt diese
Forschung das Potenzial fiir verbesserte, personalisierte Vorhersagen und Behandlungen von Herz-
Kreislauf-Erkrankungen, die maR3geblich von der Wandschubspannung beeinflusst werden. Dartber
hinaus kann die Weiterentwicklung von Technologien fur erneuerbare Energien, wie beispielsweise
e [ziehtere Windturbinen, durch ein tieferes Versténdnis der auf deren Rotorbl&tter wirkenden Kréfte
erreicht werden. Indem dieses Projekt die Liicke zwischen komplexer Fluiddynamik und interpretier-
baren, datengesteuerten Modellen schliefit, liefert es grundlegendes Wissen und praktische Werkzeuge
flir eine breite Palette von Anwendungen, die das tagliche Leben und die globale Nachhaltigkeit beein-
flussen.

3 Scientific progress report
3.1 Background and objectives

The scientific foundation for this work rests on extensive research demonstrating that turbulent wall-
bounded flows exhibit hierarchical coherent structures with complex multi-scale interactions. Current
understanding reveals that dominant inner-layer dynamics, and consequently wall-shear stress behav-
ior, are primarily governed by highly energetic outer-layer flow structures from the logarithmic region
via dilerknt physical interaction phenomena. Despite this theoretical understanding, experimen-
tal investigations face significant constraints. Most studies rely on hot-wire anemometry providing
only temporal, single-point measurements, which necessitates Taylor’s frozen turbulence hypothesis
for spatial reconstruction - an approach with known limitations. Additionally, established analysis
methods predominantly assume linearity and steadiness, inadequately capturing the highly non-linear,
unsteady multi-scale interactions of these flows. Furthermore, traditional cross-correlation-based PIV
evaluation tools inherently coarsen the data resolution, preventing an accurate resolution of near-wall
flow fields that are necessary for a direct wall-shear stress calculation.

Recent advances in machine learning o [erlpromising solutions for both data enhancement and analy-
sis. Neural networks have demonstrated great success in improving the spatial resolution of PIV data,
reconstructing full flow fields from sparse measurements, and capturing complex non-linear dynamics
that traditional methods cannot adequately represent. Thus, they build a valuable backbone for this
research project, pursuing complementary scientific objectives that extend beyond current prediction
capabilities:
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= Multi-modal wall-shear stress prediction. Deep learning architectures are developed for
two distinct experimental scenarios: First, a framework is introduced which processes particle
image pairs at the original resolution to enable per-pixel velocity estimates. This inherently
resolves the viscous sublayer in wall-normal measurements and allows a direct calculation of
the time-resolved 1D wall-shear stress distributions. Second, a neural operator network is
developed which maps wall-parallel outer-layer velocity fields to instantaneous 2D wall-shear
stress distributions, serving as a surrogate model for the physical mechanisms by which energetic
outer-layer flow structures influence the wall-shear stress dynamics.

= Generalizability across flow conditions. Neural networks are trained on unified datasets com-
prising DNS of canonical flows across a range of Reynolds numbers. Zero-shot applicability to
experimental PIV measurements is demonstrated, with the predictive accuracy being validated
at Reynolds numbers both, within and beyond the training range, through a comparison against
synchronized high-fidelity wall-shear stress measurements.

= Physical interpretability and mechanistic understanding. Black-box models are trans-
formed into physically meaningful representations through the application of scale decompo-
sition technigues that separate predictions into distinct scale ranges. This analysis identifies
which predicted scales correspond to known physical interaction mechanisms and which repre-
sent measurement artifacts or noise. Moreover, data-driven methods are developed to deter-
mine dominant physical processes in diLerknt flow regions, with a particular emphasis on the
robustness to experimental conditions and applicability to complex geometries.

= Integration with active flow control. Accurate wall-shear stress predictions serve as the
sensing component in closed-loop control systems. Computational platforms are developed
that integrate sensing, decision-making, and actuation for flow control applications, specifically
targeting drag reduction and flow stabilization strategies.

= Extension to practical applications. The validated frameworks are applied beyond canonical
flows to real-world scenarios in biomedical engineering (cardiovascular flows), aerospace ap-
plications (transonic airfoil flows), and active flow control (reinforcement learning-based drag
reduction), thereby demonstrating the practical utility and broad applicability of the developed
approaches.

3.2 Description of the project-specific results and findings

This project advances experimental fluid dynamics through deep learning-driven measurement tech-
niques and their integration into flow control frameworks. We developed neural network architectures
that extract wall-shear stress information from standard velocity measurements, progressively advanc-
ing from one-dimensional to two-dimensional predictions with demonstrated generalizability across
flow conditions and zero-shot applicability to experimental data. The following subsections present a
deep learning framework for high-resolution PIV evaluation enabling direct 1D wall-shear stress esti-
mation from particle images (section 3.2.1), a generalizable architecture for predicting 2D wall-shear
stress dynamics from outer-layer velocity fields with a validation against experimental measurements
(section 3.2.2), the application of these techniques to transonic airfoil bu Lefl mitigation in aerospace
engineering, demonstrating practical flow control through passive trailing edge modifications (sec-
tion 3.2.3), and the development of HydroGym, a comprehensive reinforcement learning platform for
active flow control that provides the computational infrastructure to translate wall-shear stress pre-
dictions into closed-loop control strategies for drag reduction and flow stabilization (section 3.2.4).
To ensure reproducibility and facilitate future research, all code, model checkpoints, and datasets
necessary to reproduce and extend the findings of this work are made publicly available through open-
source repositories including GitHub and Zenodo. Specific repository links and DOlIs are provided in
the respective publications.
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3.2.1 Deep learning driven PIV evaluation for 1D wall-shear stress estimation

Wall-normal planar PIV measurements are a standard experimental technique for obtaining wall-
normal velocity fields. However, traditional cross-correlation-based PIV evaluation tools inherently
coarsen the data resolution, preventing the accurate resolution of near-wall flow fields. Our proposed
WSSflow framework [1] processes particle image pairs at the original image resolution and thus,
provides per-pixel velocity vector estimates. This enables a proper resolution of the viscous sublayer
for the majority of measurement setups, allowing the direct calculation of the wall-shear stress using
the linear relationship within this region. Consequently, instantaneous wall-shear stress distributions
along a single spatial dimension (1D) are obtained as a direct complement to high-resolution velocity
fields without requiring additional measurements.

The workflow (figure 1) has been validated using synthetic and experimental data from two canonical
flows, flat and wavy turbulent channel flows, as well as the oscillating flow through an elastic blood
vessel model. Comparisons with state-of-the-art PIV evaluation demonstrate the framework’s distinct
superiority in spatial resolution, local velocity gradient resolution, near-wall physics capture, and
overall accuracy of the estimated flow guantities. This makes it a valuable tool for experimentally
studying friction drag reduction technigues in transportation and understanding cardiovascular disease
mechanisms and their attenuation to prevent vascular dysfunction [10, 11].

Figure 1: Deep learning framework WSSflow for velocity and wall-shear stress estimation
exemplified by the elastic blood vessel model. I) Streamwise-wall-normal PIV measurements
are conducted. 1) Sequential grayscale particle image pairs with vessel wall boundaries are
obtained. 111) WSSflow processes image pairs through context and feature encoders, correlation
analysis, a global motion aggregation (GMA) module, and a convolutional gated recurrent unit
(ConvGRU). The wall-shear stress is derived using Tw(X) = nu(x)/y. 1) The WSSflow output
includes high-resolution 2D velocity fields and spatio-temporal wall-shear stress distributions. [1]

To access the network’s ability to predict dilerknt flow scales, we applied the 2D Noise-Assisted
Multivariate Empirical Mode Decomposition (NA-MEMD) [1]. This method serves as a diagnostic
tool that decomposes the network’s predictions into dilerkent scale ranges and allows an in-depth
analysis of the flow phenomena based on their predominant size. Its application reveals that all ranges
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of scales are adequately captured by the WSSflow predictions, with the largest deviation occurring
at the smallest scales prone to measurement noise.

3.2.2 Generalizable deep learning framework for 2D wall-shear stress dynamics

While 1D wall-shear stress distributions represent significant progress in spatially resolved estimation,
they are often insu Lcieht for comprehensive downstream analysis and e [edtive flow control. There-
fore, our subsequent work investigates the extraction of 2D wall-shear stress fields from wall-parallel
velocity measurements in the logarithmic layer [5, 13, 14, 17]. Physically, this framework serves as a
surrogate model capturing the mechanisms by which energetic outer-layer flow structures influence
the wall-shear stress dynamics. The network is trained using supervised learning on a unified dataset
comprising DNS of turbulent channel flows (TCF) and spatially developing turbulent boundary layer
(TBL) flows at friction Reynolds numbers from Re; = 390 to 1500. We demonstrate zero-shot
applicability to experimental PIV velocity fields, with wall-shear stress predictions validated against
synchronized Micro-Pillar Shear-Stress Sensor (MPS®) measurements at Reynolds numbers up to
2,000. The framework maintains predictive accuracy even beyond the training conditions, including
interpolated and extrapolated Reynolds numbers. This performance demonstrates the robustness of
our deep learning architecture and its ability to provide accurate estimates without training on the
specific flow conditions expected in the experimental data - a substantial advancement towards true
generalizability in fluid dynamics modeling.

Figure 2: Workflow using the proposed deep learning framework to derive instantaneous
2D wall-shear stress dynamics from outer-layqy velocity fields. The experimental setup (left)
combines PIV velocity measurements at y* = 3.9 Re; with wall-shear stress measurements using

the MPS? in TCF at Re; = 400 to 2,000. A deep neural network processes the experimental
velocity fields, with predictions verified against the measured wall-shear stress distributions. The
framework demonstrates strong generalization across in-distribution (Re; = 1,000), interpolated
(Re;r = 600), and extrapolated (Re; = 2,000) Reynolds humbers. Notably, this represents a
zero-shot application to experimental data, as the network was trained exclusively on DNS data
from TCF and TBL flows at Re; = 390, 1,000 and 1,500. Representative velocity and wall-shear
stress examples are shown in the gray box (right). [5]
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Understanding the physical significance of our framework’s predictions is essential to assess the net-
work’s value and robustness in terms of accurate wall-shear stress estimation. Therefore, we applied
the 2D NA-MEMD [5] and the dominant balance algorithm [6, 8, 9]. The 2D NA-MEMD reveals
that the deep learning model accurately captures the physically meaningful large-scale dynamics
(which correspond to known inner-outer flow interactions) while struggling with the smallest scales
that contain statistically universal features unrelated to the outer-layer input data. This scale-based
analysis validates that the network is learning correct physics rather than memorizing patterns and it
also exposes how experimental measurement noise propagates through the system, primarily a [edt-
ing small-scale predictions while leaving the energetically important medium and large-scale features
intact. Essentially, the decomposition confirms the network’s physical validity while identifying its
fundamental limitations in a way that aligns with fluid mechanics theory.

The data-driven dominant balance algorithm identifies which physical processes dominate in di Ler}
ent regions of the flow by analyzing the governing equations. We extended this method to handle
challenging experimental conditions like noisy measurements and complex geometries by developing
a "weak form" approach that uses integral equations instead of requiring precise gradients. This
improved algorithm successfully decomposes flows into distinct physical regions even with noise-
dominated data and thus, provides a great tool to guide downstream physical analyses.

3.2.3 Transonic bu [efl mitigation in aerospace applications

The first two frameworks were validated primarily with canonical flows and biomedical applications.
This work extends deep-learning-driven experimental evaluation to aerospace engineering, specifi-
cally addressing transonic airfoil bulefl - a phenomenon where undesired shock wave oscillations
cause safety-critical structural vibrations that limit the flight envelope at high speeds (figure 3).
Since these structural responses can cause severe damage and endanger flight safety, the aviation
industry seeks e [edtive bu [efl suppression to extend operational speeds. We combine sophisticated
experimental PIV and Background-Oriented Schlieren measurements with advanced deep-learning-
based post-processing to demonstrate that porous trailing edges substantially attenuate the bu [efl
phenomenon without sacrificing aerodynamic performance [2, 12]. Since porous trailing edges addi-
tionally reduce acoustic aircraft emissions, they o [erlthe prospect of faster air transport with reduced
noise emission.

3.2.4 Reinforcement Learning platform for flow control applications

The accurate prediction of wall-shear stress from velocity measurements enables the development
of advanced flow control strategies for friction drag reduction and flow stabilization. While such
predictions provide critical information about the flow state, translating this knowledge into e [ed-
tive control actions requires robust platforms where sensing, decision-making, and actuation can be
integrated and tested. To address this need, we developed HydroGym [4, 7, 15, 3, 16], a solver-
independent reinforcement learning (RL) platform specifically designed for fluid dynamics control
research (figure 4). It provides a standardized interface that abstracts the complexity of computa-
tional fluid dynamics solvers from control algorithm development.

HydroGym’s modular architecture supports three distinct computational backends optimized for dif-
ferent research requirements and computational resources: A high-performance lattice Boltzmann
method (LBM) solver, built on the open-source m-AlA framework, which enables large-scale sim-
ulations with massive CPU/GPU parallelization. A JAX-based implementation provides automatic
di Lerkntiation through complete simulation trajectories, enabling gradient-enhanced reinforcement
learning methods that dramatically improve sample e [ciehcy [18, 19]. The Python-based Firedrake
finite element backend prioritizes code transparency and extensibility, o Lering researchers a complete
access to solver internals for method development and validation. This solver flexibility in combi-
nation with standardized interfaces to state-of-the-art RL frameworks enables researchers to define
flow control problems, manage transient simulations, and combine them with RL agents following
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Figure 3: Transonic bu [efl attenuation and flight envelope extension by porous trailing
edges. In transonic flight, aerodynamic instability can cause self-sustained shock wave oscillations
along the airfoil’s suction side. Fluid-structure coupling links these oscillations to structural
instabilities that can cause wing failure, limiting the aircraft flight envelopes to lower speeds. We
demonstrate experimentally that porous trailing edges substantially attenuate the bu Letl
phenomenon, prospectively enabling a flight envelope extension to higher velocities without
compromising structural integrity. [2]

the standard Gymnasium API convention. This modular architecture allows control algorithms to be
tested across diLerknt flow configurations and computational backends without modification. Our
platform includes 42 validated environments spanning canonical cylinder flows to complex turbu-
lent scenarios, with systematic Reynolds number progressions enabling transfer learning across flow
regimes.
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Figure 4: HydroGym provides a flexible, solver-independent reinforcement learning platform for advanced
fluid flow control, including di [erentiable and non-di [erkntiable environments. [4]
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Examples are given in figure 5 and include 2D and 3D flows past a circular/square cylinder with
jets or rotational actuation, the fluidic pinball with three rotating cylinders, shear-driven cavity
flow, airfoil flows, and a diLerkntiable Kolmogorov flow and turbulent channel flow environment.
These environments exhibit dynamics ranging from periodic vortex shedding to chaotic behavior,
representing the types of complex, non-linear flows where accurate wall-shear stress information is
critical for control decisions. Benchmark results demonstrate that modern RL algorithms (PPO,
DDPG, TD3) can learn e [edtive control policies: achieving approximately 12 % drag reduction for
a cylinder flow at Rep = 100, up to 85 % drag reduction for the fluidic pinball through learned
"boat tailing" strategies, and stabilization of Kelvin-Helmholtz instabilities in cavity flows. The
di Lerkntiable environments incorporate the gradient of the objective function with respect to control
actions directly into the reward formulation, resulting in a significantly improved control e LCCiehcy.
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Figure 5: Examples of the HydroGym world: two cylinder flows with di [erent actuation (jet vs. rotation),
the fluidic pinball with three rotating cylinders, and a cavity flow with wall blowing/suction. HydroGym also
implements di Cerkntiable environments, e.g., for the Kolmogorov flow. [4]

Gradient Fields

HydroGym illustrates the potential of combining high-fidelity flow predictions with advanced control
algorithms. The neural network-based wall-shear stress predictions developed in this project could
serve as the sensing component in such control frameworks, enabling closed-loop control strategies
for drag reduction in applications ranging from aircraft design to cardiovascular devices.
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