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We introduce a community challenge designed to facilitate direct comparisons between data-driven methods for
compression, forecasting, and sensing of complex aerospace flows. The challenge is organized into three tracks that
target these complementary capabilities: compression (compact representations for large datasets), forecasting
(predicting future flow states from a finite history), and sensing (inferring unmeasured flow states from limited
measurements). Across these tracks, multiple challenges span diverse flow datasets and use cases, each emphasizing
different model requirements. The challenge is open to anyone, and we invite broad participation to build a
comprehensive and balanced picture of what works and where current methods fall short. To support fair
comparisons, we provide standardized success metrics, evaluation tools, and baseline implementations, with one
classical and one machine-learning baseline per challenge. Final assessments use blind tests on withheld data. We
explicitly encourage negative results and careful analyses of limitations. Outcomes will be disseminated through an
AIAA Journal Virtual Collection and invited presentations at AIAA conferences.

I. Introduction

RIVING community progress through well-designed challenges

is an established practice in machine learning and has led to
major breakthroughs, for example, in image recognition through the
ImageNet challenge [1], in natural language understanding through the
GLUE benchmark and analysis platform [2], and in protein folding
through the CASP series of challenges [3]. In aerospace science and
fluid dynamics, such efforts are comparatively scarce, but notable
examples include the MLACFD competition on machine learning for
airfoil design [4], the Collaborative Testing Challenge on data-driven
turbulence modeling [5], “The Well” challenge, which assembles a
broad collection of physics simulations, many of them fluid-dynamics
problems, for machine learning [6], and, very recently, a common task
framework for machine learning of dynamical systems [7].

This community challenge targets complex aerospace flows
across multiple application-driven cases and organizes them into
three complementary capabilities: compression, forecasting, and
sensing. It pairs standardized evaluation with baseline methods
drawn from established statistical tools, dynamical systems, and
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machine learning. Compression provides compact representations
that are essential not only for storage but, crucially, also to ensure
that other methods remain tractable for large datasets and deploy-
able in near real time. Forecasting targets prediction in time, i.e.,
inferring future flow states from a finite history. Sensing targets
prediction in space, i.e., inferring unmeasured states or derived
quantities from limited measurements. Together, these tasks cover
common operational needs in analysis, design, and control. Each
challenge type is represented schematically in Fig. 1.

The challenge emphasizes purely data-driven methods. Our goal
is to enable fair comparisons using standardized success metrics and
common baselines on relevant example data, spanning classical
statistical or dynamic approaches and modern machine-learning
methods, in a fully open and transparent setting. While each chal-
lenge specifies datasets and metrics, participants are completely free
in their choice of method so long as it is purely data-driven.

To anchor comparisons, we provide established baseline meth-
ods, one classical and one ML method per challenge, paired with
diverse flow datasets, largely drawn from a public database specifi-
cally constructed for evaluating reduced-complexity models for
fluid flows [8]. Each dataset is paired with specific challenges that
reflect representative aerospace use cases. An overview of the
challenges, datasets, and baseline methods is given in Table 1.

Participants are expected to release their code and undergo blinded
evaluation on held-out data by submitting results to the designated
point of contact for each challenge. Dissemination will include a
Virtual Issue of the AIAA Journal and invited talks in special sessions
at AIAA conferences. Participation guidelines are detailed in Sec. V,
and additional information and periodic updates are available on the
challenge webpage: fluids-challenge.engin.umich.edu.

Our objective is to identify competitive methods, distill best
practices, and advance community understanding. Novel architec-
tures are welcome, as are careful adaptations or lightweight custom-
izations of established methods. Importantly, submissions that
illuminate limitations or failure modes are also valuable contribu-
tions to the community.
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Fig.1 Opverview of the challenges, which span the core capabilities of compression, forecasting, and sensing. Each challenge type conceptually includes

input data (plum boxes) and target output data (teal boxes) and seeks methods to perform the desired task (gray boxes).

Table 1

Summary of the three challenges, their subchallenges, datasets, and baseline methods

Challenge Subchallenges

Data

Baseline methods

1. Compression 1.1 Compression of 2D turbulent boundary-

layer velocity fields

1.2 Compression of 3D turbulent
boundary-layer velocity fields

2. Forecasting 2.1 Forecasting of a turbulent cavity flow
2.2 Forecasting of pitching airfoils with

parametric variations

3. Sensing 3.1 Sensing of a turbulent jet using
sparse measurements
3.2 Sensing of a turbulent boundary layer

from wall stress

DNS of high-Re turbulent
boundary layer

DNS of high-Re turbulent
boundary-layer

Time-resolved PIV of a cavity
DNS of pitching airfoil across
pitching angles and frequencies

LES of axisymmetric jet

DNS of low-Re turbulent
boundary layer

Proper orthogonal decomposition
(POD), Convolutional autoencoders
(CNN-AE)

Dynamic mode decomposition
(DMD), Long short-term memory
network (LSTM)

Wiener filter (WF) & Multilayer
perceptron (MLP), Linear stochastic
estimation (LSE) & convolutional
neural network (CNN)

II. Challenge 1: Compression
A. Introduction

Compressing turbulent flow data poses a fundamental challenge
due to the chaotic nature of turbulence, its fractal structure, and the
wide range of spatial and temporal scales involved. These character-
istics make it difficult to reduce the dimensionality of the data
without sacrificing critical physical information. Effective compres-
sion must therefore strike a balance between a compact representa-
tion and the ability to accurately reconstruct key flow features. In
practical scenarios, such as real-time monitoring or on-the-fly flow
compression, the wall time and computational cost associated with
compression and reconstruction are equally important. These con-
siderations motivate the need for novel modeling strategies that
optimize not only the compression ratio and reconstruction fidelity
but also the efficiency of the process in terms of cost and time.

We pose two representative challenges within the context of a
turbulent boundary layer:

i) The first focuses on compressing and reconstructing all three
components of the velocity fluctuations on two-dimensional planes
extracted from the flow.

ii) The second extends this task to the three-dimensional
reconstruction of streamwise velocity fluctuations.

These scenarios reflect different levels of complexity and spatial
information. To evaluate performance, we consider a combination of
metrics that capture tradeoffs between reconstruction accuracy,
measured via normalized mean square error (NMSE), the achieved
compression ratio, and the computational cost of both compression
and reconstruction.

B. Baseline Methods

Two baseline methods are considered to illustrate the compres-
sion challenge: space-only POD with N modes and a convolutional
autoencoder (CNN-AE) with a latent space of dimension N.

1. Proper Orthogonal Decomposition

Proper orthogonal decomposition (POD) constitutes the optimal
linear method for data compression [9]. Here, we use the space-only
variant of POD [10,11], in which the spatially discretized flow
state ¢(¢) is approximated by q(¢) as a linear combination of N
orthogonal modes ¢; and their corresponding time-dependent coef-
ficients a; (1), i.e.,

N
i =Y ae; (1)
i=1

The optimal spatial modes are obtained from the eigendecomposi-
tion of the spatial correlation matrix C,, = E{qq*}. The temporal
coefficients are recovered by projecting the state g onto each mode
and are used to reconstruct the state according to Eq. (1). POD has
been extensively employed to compress fluid flows, often as a
starting point for additional modeling efforts [12—14].

2. Convolutional Autoencoder (CNN-AE)

Autoencoders offer a natural nonlinear extension of POD [15,16]
and consist of an encoder and decoder. The encoder is a nonlinear
function Ey that maps the flow state ¢ to a latent representation
a € RY that captures the essential features of the input in a reduced-
dimensional space, i.e., a = Ey(q). The decoder reconstructs the
flowfield from the latent space using another nonlinear function Dy,
i.e., § = Dy(a), where g is the reconstructed approximation of the
original flow state ¢. During training, the network parameters 6 are
optimized to minimize a desired loss function.

Here, we use a convolutional autoencoder (CNN-AE) [17] with
a latent space of dimension N to compress and reconstruct the
flowfield data. Both the encoder and decoder are built using con-
volutional neural networks, allowing the model to leverage the
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spatial correlations inherent in the flowfields for more accurate and
efficient representation and reconstruction. The network is trained
by minimizing the mean-squared reconstruction error. Autoen-
coders have become popular in recent years for identifying features
and low-dimensional subspaces in fluid flows [18,19].

C. Challenge 1.1: Compression of 2D Turbulent Boundary-Layer
Velocity Fields

Compression DReconstruction

t

Compressed Field
Original 2D Fields 1x N

Reconstructed 2D Fields

Challenge 1.1: Given 1000 planar snapshots of the velocity
field from a turbulent boundary layer, compress the data to
maximize the compression ratio and minimize the total
compression-reconstruction time for a target error level.

%

1. Data

This challenge uses data from a direct numerical simulation
(DNS) of a zero-pressure-gradient incompressible turbulent boun-
dary layer. In particular, we use data from the BL2 case described
in Ref. [8]. The full database contains 7500 three-dimensional
flowfields sampled every Art ~4 and spanning a physical time
of 7.4 eddy turnovers. The training dataset for this challenge
includes 5000 planar snapshots in the streamwise-wall-normal
(x—y) plane, covering friction Reynolds numbers in the range
Re, ~480-1020. Each snapshot contains the streamwise (u),
wall-normal (v), and spanwise (w) velocity fluctuations on a
4000 x 148 grid. The test set comprises an additional 1000 snap-
shots drawn from the same simulation.

2. Baseline Results

The performance of the methods in the compression challenge is
assessed by examining the compression ratio and compression/
reconstruction times as functions of the root-normalized-mean-
squared error (root-NMSE) obtained using compressor—reconstruc-
tor pairs with varying numbers of retained modes/latent-space
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where the expectation is a time average over snapshots and the norm
constitutes spatial integration over the field.

POD is conducted on the three velocity components for 11 cases,
using retained mode counts ranging from N =4 up to 4096,
increasing in successive powers of two. The 2D-CNN-AE com-
prises three channels (each with one velocity component) that
are stacked into a 4D array. The encoder consists of two convolu-
tional blocks, each with a 3x3 convolution (16 and 32 filters,
respectively), ReLU activation, and 2X2 max-pooling, reducing
spatial dimensions by 4. The bottleneck uses a fully connected layer
to produce a latent vector of size N. The decoder uses a fully
connected layer to reshape the latent representation, followed by
two transposed convolutional layers (4x4, stride 2) and a final 3x3
convolution to reconstruct the 3-channel output, trained with Adam
optimization for 100 epochs using a mean-squared-error loss
function.

The example results for Challenge 1.1 are shown in Fig. 2, which
presents a comparative analysis of compressing and reconstructing
the three components of the turbulent velocity fluctuations using POD
and CNN-AE. An example of the reconstructed u is shown in Fig. 3.

Figure 2a shows the relationship between the root-NMSE and
the dimension of the latent space (or the number of POD modes).
This plot illustrates the fundamental tradeoff between dimension-
ality reduction and reconstruction fidelity. Lower root-NMSE
values at smaller latent dimensions reflect a more effective com-
pression method, capable of capturing essential flow features
in a compact representation. While latent-space dimensionality is
not used as a standalone performance metric (due to method-
dependent definitions), we include root-NMSE versus latent-
dimension plots for both POD (interpreted as the number of
modes) and 2D-CNN-AE, as they offer valuable insights. For
both POD and 2D-CNN-AE, the root-NMSE consistently de-
creases with increasing latent dimension, indicating improved
reconstruction accuracy at higher representation capacity. How-
ever, to reach a comparable root-NMSE, POD requires signifi-
cantly larger latent spaces than 2D-CNN-AE. This highlights
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Fig.2 Challenge 1.1: Application of compression metrics of success in 2D planes of the three velocity components in a turbulent boundary layer using
2D-CNN-AE and POD. The bars represent the standard deviation of the error. The compression and reconstruction times are normalized using the

POD method with 512 modes.
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Fig. 3 Challenge 1.1: Application of compression to 2D fields. Example snapshot of the streamwise velocity field (a), its reconstruction using a
2D-CNN-AE with a latent dimension of 128 (b), and reconstruction using 4096 POD modes (c). The streamwise (x) and wall-normal (y) coordinates are
nondimensionalized by the boundary-layer thickness at the inlet of the simulation (6;pe¢)-

2D-CNN-AE’s superior ability to represent the complex, nonlinear
structures in turbulent flows, in contrast to the linear basis functions
used in POD.

Figure 2b shows the root-NMSE as a function of the compres-
sion ratio. In this analysis, we consider only the size of the com-
pressed (latent) representation, excluding the overhead associated
with the compression and reconstruction machinery, such as neural
network parameters or modal basis functions. As a result, the
reported compression ratio reflects the asymptotic limit of infinite
data, where the size of the compression algorithm itself becomes
negligible compared to the size of the data. Both POD and
2D-CNN-AE exhibit a gradual increase in root-NMSE with
increasing compression, reflecting the expected tradeoff between
data reduction and reconstruction accuracy. For a given root-
NMSE, 2D-CNN-AE achieves significantly higher compression
ratios than POD, highlighting its efficiency in representing turbu-
lent flows. This result suggests that 2D-CNN-AE can reduce data
volume more aggressively without compromising reconstruction
fidelity—an important advantage for applications that demand
high compression.

Figures 2c and 2d examine root-NMSE as a function of com-
pression and reconstruction time, respectively. To reduce variabil-
ity introduced by hardware differences, both compression and
reconstruction times are reported relative to a baseline method
executed on the same hardware used for each submission. In this
case, both compression and reconstruction times are normalized
by the corresponding values obtained using the POD method with
512 modes. For POD, both times increase as the root-NMSE
decreases, reflecting the additional computational effort required
to achieve higher accuracy due to the larger number of retained
modes. In contrast, the compression and reconstruction times for
2D-CNN-AE are generally higher than those for POD over the
range of root-NMSE values considered and remain relatively
constant, regardless of the desired accuracy.

In summary, the 2D-CNN-AE outperforms POD in terms
of compression ratio, achieving higher reconstruction accuracy
for smaller compressed data sizes. However, the 2D-CNN-AE
shows signs of saturation as the latent-space dimension increases
and never yields errors below 40%. In contrast, POD achieves
errors as low as 10%. POD also offers faster compression and
reconstruction, outperforming the 2D-CNN-AE in computational
efficiency over the root-NMSE range considered. Notably, the
compression-reconstruction time for 2D-CNN-AE remains rela-
tively constant as the target root-NMSE decreases, indicating that
2D-CNN-AE may surpass POD in efficiency as well for lower
root-NMSE values.

D. Challenge 1.2: Compression of 3D Turbulent Boundary-Layer
Velocity Fields

Compressed Field
Original 3D Field 1xN

Reconstructed 3D Field

Challenge 1.2: Given 50 volumetric snapshots of the
streamwise velocity from a turbulent boundary layer,
compress the data to maximize the compression ratio and
minimize the total compression-reconstruction time for a

target error level.
8 %

1. Data

This challenge uses data from the same DNS of a zero-pressure-
gradient incompressible turbulent boundary layer [§]. The training
set consists of 500 volumetric (three-dimensional) snapshots of
streamwise velocity fluctuations, extracted from a subdomain of
the boundary layer with Re, =~ 920-945. Each volumetric field is
defined on a 256 X 64 X 256 grid, corresponding to the streamwise,
wall-normal, and spanwise directions, respectively. The test set
includes 50 additional snapshots of the volumetric field.

2. Baseline Results

POD is performed on the full 3D streamwise velocity field for four
cases, with the number of retained POD modes set to N = 50, 100,
200, and 400. The 3D-CNN-AE consists of an encoder with five
blocks, each containing a 3D convolution (3%3x3 filters, increasing
from 16 to 256 channels), batch normalization, RelLU activation, and
2x2x2 average pooling, reducing spatial dimensions to [8, 2, 8]. The
bottleneck layer applies a 3x3X3 convolution to produce a latent
representation with N, channels. The decoder mirrors the encoder
with five blocks of transposed convolutions (4x4x4, stride 2) to
upsample, followed by convolution, batch normalization, and
RelU, ending in a final 3%3%3 convolution to output a single-
channel reconstructed volume. The 3D-CNN-AE is trained with
Adam optimization for 650 epochs using mean-squared-error loss.

The results for Challenge 1.2 are shown in Fig. 4, which presents a
comparative analysis of compressing and reconstructing the 3D field
for the streamwise velocity fluctuations using POD and 3D-CNN-
AE. An example of the 3D reconstructed u is shown in Fig. 5. The
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Fig.4 Challenge 1.2: Application of compression: metrics of success in 3D fields of the streamwise velocity fluctuations in a turbulent boundary layer
using 3D-CNN-AE and POD. The bars represent the standard deviation of the error. The compression and reconstruction times are normalized using

the POD method with 100 modes.

DNS AE (12800 dimensions) POD (400 modes)
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Fig. 5 Challenge 1.2: Application of compression to 3D fields: Example of a 2D cut extracted from the 3D field of the streamwise velocity
fluctuations (a), its reconstruction using a 3D-CNN-AE with a latent dimension of 12,800 (b), and reconstruction using 400 POD modes (c).
The streamwise (x) and spanwise (z) coordinates are nondimensionalized by the boundary-layer thickness at the inlet of the simulation (6;jc¢)-

results for the 3D case exhibit trends that differ from those in the 2D
case, and the superiority of the 3D-CNN-AE is less pronounced.
Although the 3D-CNN-AE yields slightly lower reconstruction
errors, its overall behavior more closely mirrors that of POD. For
example, both 3D-CNN-AE and POD achieve reconstruction errors
of about 20% at compression ratios on the order of 10*.

A clear limitation of POD is its restriction to a maximum of 500
modes due to the method of snapshots. This constraint arises
because the number of available POD modes is bounded by the
number of training flowfields. In contrast, the 3D-CNN-AE does not
suffer from this limitation, as its latent dimension can be increased
independently of the number of training samples.

In all cases, the compression-reconstruction time remains on the
order of a few seconds for both the 3D-CNN-AE and POD. Inter-
estingly, the reconstruction error of the 3D-CNN-AE does not
improve substantially when increasing the latent dimension from
128 to 12,800. This suggests that the performance bottleneck of
the current architecture lies not in the latent dimensionality but
rather in the convolutional layers.

It is important to note that the 3D-CNN-AE architectures
employed in this study were not optimized or specifically tuned

for the dataset. Substantial performance gains are likely achievable
through careful architectural design and hyperparameter tuning.

III.

A. Introduction

Challenge 2: Forecasting

The fundamental goal of forecasting in fluid mechanics is to
predict the future evolution of a flowfield from a finite sequence
of past observations. Forecasting plays a central role in applications
where anticipating the flow state is critical, such as flow control,
adaptive sensing, and reduced-order modeling.

Forecasting fluid flows poses distinct challenges arising from the
complex, multiscale, and often chaotic nature of fluid motion. Even
small modeling or measurement errors can grow rapidly in time,
limiting the useful prediction horizon. Nevertheless, many flows
exhibit coherent spatiotemporal structures or quasi-periodic com-
ponents that can be exploited for prediction. For example, cavity
flows exhibit Rossiter modes associated with feedback loops
between the shear layer and the cavity interior, while pitching air-
foils display periodic vortex shedding modulated by the prescribed
kinematics. These temporal correlations motivate methods that can
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identify and model dominant dynamics in an efficient, data-driven
manner.

We pose two challenges that each highlight different capabilities
and difficulties for forecasting fluid flows. The first dataset we
consider is a turbulent cavity flow (Sec. IIL.C), characterized by
broadband turbulence with dominant resonant tones, providing a
stringent test of short-horizon predictability. The second is a laminar
pitching airfoil (Sec. IIL.D), where the flow evolution is strongly
coupled to prescribed kinematics, requiring parametric models that
incorporate known input signals such as the instantaneous angle
of attack. Together, these problems form a representative pair of
forecasting benchmarks for reduced-complexity modeling of fluid
flows.

B. Baseline Methods
1. Dynamic Mode Decomposition

Dynamic mode decomposition (DMD) approximates a linear
operator K that advances the state from one snapshot to the next,

Gir1 = Kqy 3

where q; = q(kAt) denotes the snapshot at time ¢ = kAt, so that
Eq. (3) represents propagation over a single time step. Various
algorithms for computing DMD exist. Here, we adopt the exact
DMD algorithm, known for its robustness and ability to handle
nonsequential data where snapshots are provided in pairs. The
process begins with two data matrices,

oV ' =1lg1. 02 qual. OY =[g2.45.- . qu] 4
which can either consist of sequential but shifted snapshots or
individual snapshot pairs (each pair separated by the same time
step, At). The next step is to compute the singular value decom-
position (SVD):

Q¥-! = Uzv* )

Retaining only the N largest singular values (and corresponding
columns of U and V) yields a rank-N truncation, Uy, Xy, and Vy,
whose components are then used, together with the shifted data
matrix, to form the approximation of the propagation matrix:

K = U;,0¥vyzy! (6)

In the following, we do not explicitly denote the rank truncation and
omit the subscript N. The eigendecomposition of this matrix,

K = DAD™! %)

is then used to compute the DMD modes and eigenvalues. Given D,
we proceed by computing the matrix of DMD modes:

® = QYVE'D ®

The ith column of @ corresponds to the ith DMD mode, ¢;, while
the ith diagonal entry of A in Eq. (7), 4;, provides the mode’s
complex frequency, w; = log(4;)/At. Since these frequencies are
complex, the temporal dynamics are generally characterized by an
oscillatory component and an amplification or damping rate. This
distinction makes DMD modes inherently dynamic, unlike POD
modes, where temporal dynamics are represented through time-
dependent expansion coefficients to describe a specific trajectory.
Once K ~ K is determined, one could, in principle, use Eq. (3) to
advance the flowfield step by step in time, starting from an initial
condition ¢g,. By leveraging the linearity of Eq. (3), the initial con-
dition can be directly propagated to any desired time ¢ by expressing
it in the basis of DMD modes and evolving the solution as

N
G(kAD) =) " etah, ©)
i=1

where the solution is represented as the sum of the N retained
DMD modes, each evolving according to its complex frequency
w;, starting from the initial amplitude and phase determined by b;.
The vector of complex initial amplitudes is obtained by solving the
least-squares regression problem

b=dtgq, (10)

Here, itis most conveniently expressed using the pseudo-inverse of the
DMD mode matrix, @, which can be efficiently obtained via SVD.

2. Long Short-Term Memory Networks

Long short-term memory (LSTM) networks [20] are a class of
recurrent neural networks (RNNs) specifically designed to learn
long-range temporal dependencies in sequential data. They are
particularly well-suited for time-series forecasting problems, where
the prediction at a given time benefits from information carried
forward from many previous time steps. Unlike standard feedfor-
ward architectures such as multilayer perceptrons (MLPs, which are
memoryless) and vanilla recurrent neural networks (RNNs, which
struggle with vanishing gradients), LSTMs use a gated memory cell
to retain and selectively update information over long time horizons,
improving the learning of long-term temporal dependencies in
dynamic forecasts. In addition to the flow state g;, an LSTM
maintains a hidden state & used for prediction and a cell state ¢,
that acts as a longer memory. These internal states are updated as

(Bir1s €rr1) = folqr, his cr) 1n

and the forecasted flow state is given as

i1 = 8o(hiy1) (12)

where f, and g, are the LSTM state-update map and read-out map,
respectively. The network parameters 6 are optimized during training to
minimize a predefined loss function, in our case, the mean-squared error
of the forecast. LSTMs have become a standard choice for forecasting
complex dynamic systems [21,22], including fluid flows [23,24].

C. Challenge 2.1: Forecasting of a Turbulent Cavity Flow

1At 2At TOAL
el Pl D

Lot - 3 =

Challenge 2.1: Given the initial 70 snapshots of the planar
velocity field from a turbulent cavity flow, forecast the
subsequent 30 snapshots of the sequence.

Forecaster

1. Data

This challenge uses experimental data from a high-Reynolds-
number flow over an open cavity, obtained using planar time-
resolved particle image velocimetry (TR-PIV) by Zhang et al.
[25]. This case represents real-world data from a complex, mixed
broadband-tonal turbulent flow in the presence of measurement
noise. The center plane of the open cavity has a length-to-depth
ratio of L/D = 6 and a width-to-depth ratio of W/D = 3.85. The
Reynolds number based on the cavity depth is Re = pU D/u~
3.3 x 10°, and the Mach number is M = U, /c,, = 0.6, where ¢,
is the far-field speed of sound. The sampling rate is f; = 16 kHz,
and the field of view is resolved by 154 X 51 points. The database
comprises 16,000 snapshots of the instantaneous streamwise (i)
and wall-normal (v) velocity. For further details on the experimental
setup, refer to Zhang et al. [25].
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Fig. 6 Challenge 2.1: Instantaneous velocity field of experimental open cavity flow data by Zhang et al. [25]: a) streamwise velocity, «; b) wall-normal
velocity, v; ¢) mean streamwise velocity and 120 m /s isoline (dashed magenta line); d) power spectrum at (x,y) = (5,0). Velocities are in m/s.
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The instantaneous streamwise and wall-normal velocity fields
from a representative snapshot are shown in Figs. 6a and 6b. The
flow is evidently turbulent, as confirmed by the broadband-tonal
power spectrum in Fig. 6d, computed at (x,y) = (5,0). Super-
imposed on the turbulent background are distinct tonal peaks cor-
responding to Rossiter modes, which arise from a resonance
between shear-layer instability waves and upstream-traveling acous-
tic waves. These acoustic waves originate at the trailing edge and
synchronize with the shear-layer instabilities, thereby completing
the resonance loop [26].

The training set contains 12,800 snapshots, and the test set
includes the remaining 3200 snapshots. This test block is partitioned
into 32 sequences of 100 consecutive snapshots. Participants are
provided with the first 70 snapshots of every test sequence, and the
final 30 snapshots are withheld and must be forecast.

To motivate the challenge, we first estimate the time interval over
which realistic predictions can be expected by considering the
characteristic time and length scales of the setup. Given a Mach
number of 0.6, a cavity length of 0.159 m, a measurement time step
of At=-1=625%107s, and assuming a speed of sound of
343 m/s, we estimate that a fluid particle traveling at the freestream
velocity would pass through the field of view in approximately
12 time steps. However, the dominant energetic structures in this
flow are associated with the Rossiter cycle and are linked to the
shear-layer dynamics. As a representative velocity scale for these
dynamics, the 120 m/s isoline, shown as the magenta dashed line in
Fig. 6c, closely follows the center of the shear layer. Assuming this
velocity approximates the convection speed of the relevant struc-
tures in the shear layer, we estimate a flow-through time of about
21At. This provides a rough upper bound for realistic predictability,
suggesting that forecasts beyond ~20 time steps are likely to
degrade significantly. That being said, predictive methods may
benefit from the inclusion of low-frequency components present
in cavity flows, known as centrifugal modes. To account for their
potential influence, we allow for a longer prediction horizon.

2. Baseline Results

As our classical baseline method, we use DMD, as described in
Sec. ILB.1, to forecast the cavity flow data. We use M = 70
consecutive snapshots to construct two data matrices according to
Eq. (4), for example, Q%° and Q3°, and build a DMD model that uses
the first 70 snapshots to predict the next 30. It is important to note
that the DMD model does not “learn” from large datasets; instead, it
performs a one-shot forecast based on the data used to compute it.
For each of the 32 segments of the testing data, we construct a
DMD model following Egs. (5-8). The initial mode amplitudes b
are then computed via Eq. (10) and used in Eq. (9) to evolve the
system forward in time by 30 steps. We retain N = 25 out of the
M — 1 = 69 available modes to prevent overfitting.

As our baseline machine-learning method, we use LSTM re-
gression neural networks, as introduced in Sec. IIL.B.2. We use
MATLAB’s standard LSTM implementation [27], as it is widely

accessible, well-documented, and reproducible. Because direct pre-
diction in physical space is computationally prohibitive, we predict
in the space of POD coefficients. Specifically, we perform standard
space-only POD for dimensionality reduction and use the POD
coefficients as latent variables in the machine-learning model. The
space-only POD modes are computed from the data matrix contain-
ing the full training dataset, that is, Q%z,goo in the notation of Eq. (4).
For brevity, we refer to the full training data matrix as @ and
approximate it via the economy SVD, Q ~ ®yZy VL, where N =
25 and @y, Xy, and V) contain the N largest singular values and
their corresponding left and right singular vectors. The left singular
vectors, @, are the POD modes, whereas the right singular vectors,
V, provide the temporal POD expansion coefficients A = Zy V7%
that allow us to expand the data in terms of the POD modes as
Q0 ~®yA. Written as the expansion of individual snapshots g, =
q(kAt) at the kth time instant as the product of spatial POD modes
and time-varying coefficients, §, = YV, a;(kAf)¢;, we can fore-
cast the flowfield by predicting future expansion coefficients,
a(t + Af), a(t 4+ 2Ar),. .., and reconstructing the state with the
precomputed modes. In particular, given the M = 70 consecutive
snapshots of a realization of the flow from the test data, we form the
data matrix Q7° and compute its expansion coefficients by projec-
ting the data onto the modal basis as A]° = ®¥Q7°. That is, we
expand the new test data sequence into the truncated mode basis
obtained from the training data. To make predictions from a segment
of M = 70 consecutive snapshots, we form the coefficient matrix
A%, use A as the input sequence for the LSTM, and use the
shifted A%O as the target sequence. From the total of 12,800 snap-
shots, this yields a training sample of 182 realizations of shifted
coefficient matrix pairs to train the LSTM network. Note that the
network is trained to predict only the next time instant, a(71Ar),
from the 70 instances provided (of which only 69 are used,
as explained below) and is then applied to the shifted sequence
that includes its own prediction to produce a total of 30 fore-
casted snapshots, that is, the remaining expansion coefficients
a(72At),...,a(100Ar) required for the challenge. This procedure
is often referred to as closed-loop forecasting.

The network is trained using the standard Adam optimizer with a
constant learning rate of 0.001 for 200 epochs, with data shuffled
each epoch. We set the mini-batch size to 26, so the training data are
divided into seven mini-batches per epoch, resulting in a total of
1400 iterations. The state vector includes both velocity components.
The LSTM configuration includes a sequence input layer, one
LSTM layer with 128 hidden units, and a fully connected output
layer. Following best practices, the coefficients are normalized to
zero mean and unit variance, and the mean-square error is used as
the loss function [27]. The LSTM was trained on data sequences of
70 snapshots, but because the network must be trained from the
shifted sequences A$® and AJ°, the effective input sequences
have length 69. In principle, the LSTM can learn dependencies
spanning the entire 69-step history, but its effective memory length
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is determined by what it learns through the gating mechanism. At
inference, we initialize the network state with snapshots 2—70 of the
testing sequence so that the final input to the network is the true
snapshot at time step 70, and the first forecasted step is predicted from
the last instance of the testing sequence. This reduces the initial error
and subsequent error accumulation. We note this departure from the
conventional practice (where, consistent with training, the last entry
of the input sequence is predicted) because the cavity data are sta-
tionary, allowing the 69-long input sequence to be shifted arbitrarily.

To make quantitative comparisons between the full flowfields
predicted by DMD and LSTM, we use the normalized mean-
squared error (NMSE),

= 2

o, = Elldc— a1’} 03
E{llqel}

where the expectation is an ensemble average.

The prediction errors for DMD and LSTM are shown in Fig. 7.
Individual test-sequence errors (gray curves) display substantial spread
for both methods, as reflected by the shaded standard-deviation bands.
The mean error increases approximately monotonically at short lead
times for both methods and then levels off. The direct comparison in
Fig. 7c shows that DMD is slightly more accurate at the first predicted
time step, but its error increases more rapidly thereafter, and LSTM
attains a lower mean error over the subsequent 16 time steps. However,
even the LSTM forecast exceeds an NMSE of one by lead time 13,
indicating that the predictive capability of both methods is effectively
exhausted beyond this horizon.

Figure 8 shows the u- and v-velocity components of the refer-
ence data (ground truth) and the corresponding DMD and LSTM
forecasts at five representative lead times. The most apparent differ-
ence between DMD and LSTM is that the DMD forecasts retain
much finer turbulent structure, closely resembling the reference
data, whereas the LSTM forecasts appear significantly smoother.
This is consistent with how the two models are constructed: DMD
predictions lie in the linear subspace spanned by the DMD modes,
which are themselves built as linear combinations of the snapshot

data used to identify the model. By contrast, the LSTM operates in a
reduced latent space obtained from a truncated POD representation.
Recall that the LSTM is not applied to the raw flowfields but to the
POD expansion coefficients; the flow is then reconstructed from a
limited number of 25 POD modes, which are optimally averaged
spatial structures and therefore inherently smoother than the origi-
nal data. In other words, we use POD for dimensionality reduction
and treat the POD coefficients as latent variables that are advanced
in time by the LSTM. In summary, although the DMD forecasts
display finer turbulent structure and might therefore be perceived
as a more realistic representation of the flow, Fig. 7 shows that the
much smoother LSTM forecasts achieve comparable and often
lower prediction errors. As a final side note, simply increasing
the number of retained POD modes in the LSTM model does
not improve accuracy or make the forecasts resemble the DMD
predictions or the ground truth more closely. Instead, the higher-
dimensional latent space makes training more difficult and con-
vergence less reliable.

D. Challenge 2.2: Forecasting of Pitching Airfoils with Parametric
Variations
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Challenge 2.2: Given the initial 70 snapshots of vertical
velocity from the flow over a periodically pitching airfoil at a
set of pitching parameters (base angle of attack and pitching
frequency), forecast the subsequent 130 snapshots for in-
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Fig. 7 Challenge 2.1: Prediction error of the forecasts. Gray lines show the 32 individual test sequences; the thick line is their mean and the shaded
band indicates standard deviation. a) DMD; b) LSTM; c) direct comparison of methods (mean NMSE and standard deviations).
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Fig. 8 Challenge 2.1: Comparison of instantaneous flowfields for ground truth, DMD, and LSTM predictions. The streamwise velocity « is shown on
the top rows and the wall-normal velocity v on the bottom rows. Forecast horizons correspond to the frame immediately after the input sequence and to

+2, +5, +10, and +30 time steps.
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1. Data

This challenge uses DNS data of the flow over a flat-plate airfoil
undergoing periodic pitching motions about its midchord, with the
time-varying angle of attack

a(t) = ag — ap sin(2zfpt) (14)

The Reynolds number (based on the freestream velocity and chord
length) is 100. The simulations utilize an immersed boundary
method [28,29], and the simulation parameters and numerical setup
are identical to those described for the same configuration in
Ref. [8]. Compared to the turbulent cavity flow in the first forecast-
ing challenge, the dynamics in each simulation are relatively simple
due to the low, laminar Reynolds number. The distinguishing
features of this dataset that make forecasting nontrivial are the
fact that it includes continuous actuation (pitching) at a range of
different frequencies about base states that can be both stable
(for g = 25 deg) and unstable with natural vortex shedding (for
ap > 27 deg). The natural vortex shedding frequency is approxi-
mately fy = 0.24 for g = 30 deg, which falls within the range of
pitching frequencies considered.

The dataset consists of the instantaneous streamwise (u#) and
transverse (v) velocity, collected in a window surrounding the air-
foil, as indicated in Fig. 9a. The data are also downsampled relative
to the simulations by a factor of four in the x and y directions, giving
each snapshot a size of 60 X 60. Data are collected only after initial
transients have decayed. For the purposes of developing models for
predicting the evolution of this flowfield, we also assume knowl-
edge of the pitching kinematics, characterized by a() and a(z).

The training dataset consists of 16 different pitching profiles,
with two base angles of attack ay € {25 deg, 30 deg} and eight
pitching frequencies fp € {0.05,0.1,0.2,0.25,0.3,0.35,0.4,0.5},
where this frequency is nondimensionalized by the freestream
velocity (U,,) and airfoil chord (c). The pitching amplitude is fixed
atap = 5 deg. The dataset used for testing consists of these param-
eters, as well as 15 additional parameter combinations not featured
in the training data, as indicated in Fig. 9b. These are referred to as
in-sample and out-of-sample cases, respectively. These additional
out-of-sample parameter combinations include cases where either
one or both of @ and fp differ from the training cases and include a
frequency that lies outside of the range used for training. Each case
consists of 800 snapshots collected with time step At = 0.1 (non-
dimensionalized by ¢ and U.,).

Similar to the turbulent cavity flow example considered in
Sec. III.C, we aim to identify models capable of forecasting future
velocity fields, given an initial sequence of data. This initial
sequence (consisting of 70 time steps of data) includes both the
velocity field and airfoil kinematics (a(t), a(t)), with the airfoil
kinematics also provided for the forecasting time steps, as indicated
in the Challenge 2.2 schematic. The forecast window consists of
130 time steps of data.

2. Baseline Results

‘We first train a model for the dynamics using DMD with control,
a variant of DMD that enables the incorporation of known input

[e%4}

b)

signals into the assumed discrete-time linear dynamics. That is,
Eq. (3) is modified such that the dynamics are

Gir1 = Kqi + Buy (15)

This approach was first described in the context of DMD in
Ref. [30]. Here, the input signal u; consists of the instantaneous
angle of attack a(kAt) and pitch rate a(kAt). To reduce the dimen-
sionality of the model, we project the data onto the leading r = 20
POD modes, computed from the concatenation of training data at all
pitching frequencies. We emphasize that, while the DMD method
used for Challenge 2.1 described in Sec. IIL.C identifies a separate
model for each testing sequence, here we seek a single global model
that can be used for different airfoil kinematics.

As in Sec. III.C, we additionally consider a simple LSTM neural
network to perform this forecasting task. We similarly divide each
training sequence into segments of 70 snapshots, using a 50%
overlap between adjacent segments, and train a model to predict
the state one time step into the future. The dimensionality of the
problem is reduced by projecting the data onto the first 20 POD
modes, as was also done for the DMD model. The learning rate,
number of epochs, and number of LSTM blocks in the single hidden
layer are the same as those used in Sec. III.C. We similarly quantify
the error of the DMD and LSTM models using the NMSE, as given
by Eq. (13).

Figure 10 shows the error for both the DMD and LSTM models
across the forecasting window. The error is partitioned into those
cases with parameters used for model training (in-sample) and those
with different parameters (out-of-sample). Overall, the LSTM
model has a lower total average error for the out-of-sample cases
but a slightly larger average error for the in-sample cases (despite the
LSTM model yielding a number of in-sample cases with lower error
than any cases from the DMD model). The large average error for
the out-of-sample cases in the DMD model is largely due to the
four cases for which the average DMD model errors grow rapidly,
which correspond to the cases where ay € {25 deg,30 deg} and
fp €1{0.23,0.27}, which are all close to the natural vortex shedding
frequency of the system. For the in-sample parameter values also
used in the training, the average LSTM model error continues to
grow over the forecast window, whereas the DMD model error
appears to level off after approximately 80 time steps.

Figure 11 compares the flowfield predictions of both the DMD
and LSTM models for two airfoil pitching parameter combinations.
Figure 11a shows the case where {ag, fp} = {30 deg, 0.25}, which
is included in the training set. This pitching frequency is also close
to the natural vortex shedding frequency, and the vortex shedding
dynamics are observed to lock on to the pitching. Accordingly, the
response is periodic and is accurately captured by both models
across the entire forecasting window. Figure 11b shows the case
where {ay, fp} = {30 deg,0.27}, which also exhibits periodic
dynamics with vortex shedding phase-locked to pitching. These
airfoil kinematics are not included in the training data, and the
accuracy of both models is significantly worse. The DMD model
predicts velocity fluctuations that grow too large over the forecast-
ing horizon, though it appears to capture the correct phase of the
flowfield fluctuations (most clearly in the v component) across the
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Fig. 9 Challenge 2.2: a) Example flowfield snapshot (vertical velocity, v) for the pitching airfoil dataset. The red dashed box indicates the subregion
of the domain used for the benchmark problem. b) Base angles of attack «, and pitching frequencies used for the training (in sample) and testing (out

of sample) datasets.
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Fig. 10 Challenge 2.2: Prediction error (NMSE) of the forecasts for Challenge 2.2, using a) DMD and, b) LSTM models. Thin lines show individual
testing cases, divided between those parameter combinations included in (blue) and excluded from (red) the training dataset, with thick lines showing the
average error across each of these two groups, and shaded bands indicating the standard deviation across all cases in each group. Results are plotted on

a logarithmic scale to better differentiate the low-error cases.
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Fig. 11 Comparison of instantaneous flowfields for ground truth, DMD, and LSTM predictions for Challenge 2.2, for pitching parameters
a) oy = 30 deg and fp = 0.25 and b) ay, = 30 deg and fp = 0.27. The streamwise velocity « is shown on the top rows and the wall-normal velocity
v on the bottom rows. Columns denote forecast predictions at 10, 50, and 130 time steps.

forecasting window. Note that this was one of the four cases with
growing DMD model error in Fig. 10a. In contrast, the LSTM model
predicts velocity field fluctuations that appear to decay over the
forecasting window. While also not capturing the correct periodic
dynamics, this results in lower error.

IV. Challenge 3: Sensing
A. Introduction

The fundamental goal of sensing in fluid mechanics is to recon-
struct or estimate the state of a flow from partial, often sparse,
measurement data. Sensing is critical for applications where com-
prehensive direct measurements are impractical or impossible. For
example, in an experiment, particle image velocimetry might pro-
vide velocity data but not thermodynamic quantities, with limited
resolution and a restricted field of view. In practical applications,
measurements may be available for only a few probes, such as a
few pressure sensors on the surface of an aerodynamic body. Fluid
flows, particularly turbulence, pose distinct challenges for sensing.
Turbulent flows are chaotic, multiscale, high-dimensional, and

nonlinear. These characteristics limit the information about unseen
flow states that can be deduced from limited measurements and
violate the assumptions underlying many canonical state-estimation
methods. Broadly speaking, flow sensing is a key capability for the
effective monitoring, control, optimization, and understanding of
fluid systems.

Using a turbulent jet and a turbulent boundary layer as represen-
tative examples, this challenge seeks new data-driven methods that
address these challenges and enable improved flow sensing. In
particular, the challenge is designed to probe two limiting cases
for the available sensor data. The jet challenge uses measurements
that are spatially sparse but temporally resolved, allowing the time
history to be exploited to estimate the current targets. The boundary-
layer challenge uses measurements that are not time-resolved but are
spatially dense on the wall, allowing spatial patterns to be exploited
to estimate the instantaneous velocity field away from the wall.
Due to these differing limits, we use two sets of baseline methods:
a Wiener filter and multilayer perceptron for the jet and linear
stochastic estimation and a convolutional neural network for the
boundary layer.
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B. Baseline Methods
1. Linear Stochastic Estimation

Linear stochastic estimation (LSE) offers the optimal linear regres-
sor for reconstructing a target signal from correlated but potentially
noisy measurements [31]. Given a vector of measurements y (e.g.,
wall quantities such as shear stress or pressure) and corresponding
target signals z (e.g., the velocity field), LSE seeks a linear transfer
function T such that the instantaneous estimated target

z2=Ty (16)

minimizes the expected mean-squared error, E{||Z — z||?}. The opti-
mal transfer function is

T=C,(C, +N)' (17)

where C., is the cross-correlation between the targets and the mea-
surements, C,, is the autocorrelation of the measurements, and N is
the autocorrelation of any additive noise within the measurements. In
practice, both measurements and targets are often projected onto a
low-dimensional basis, such as proper orthogonal decomposition
(POD), before applying LSE. Within this framework, the temporal
coefficients of the measured quantities are linearly mapped into those
of the target field using a transfer function constructed from their
empirical correlations. This approach is mathematically equivalent to
extended proper orthogonal decomposition (EPOD) [32,33]. LSE and
EPOD have been applied successfully in turbulent jets [34], channels
[35], as well as other wall-bounded flows [36], and serve here as a
linear benchmark against which more advanced nonlinear estimators,
such as convolutional neural networks, can be evaluated.

2. Wiener Filter

The Wiener filter [37] constitutes the minimum mean-squared-
error linear estimator between wide-sense stationary measurements
y and targets z. That is, we seek a linear transfer function 7'(z) such
that the estimated target

oo

() = /T(t—r)y(r)d‘r (18)

—00

minimizes the expected mean-squared error. Whereas LSE (in its
typical form) uses only current, instantaneous measurements to
estimate the current target, the Wiener filter uses the full measure-
ment history. The transfer function that minimizes the error is given
in the frequency domain as

T(0) = S.,(S,, + N)! (19)

where S, is the cross-spectral density (CSD) between the targets and
the measurements, S vy is the CSD of the measurements, and N is the
CSD of additive noise within the measurements. The time-domain
transfer function 7T'(z) is recovered via an inverse Fourier transform.

The formulation described so far is noncausal in the sense that
future measurements are required to estimate the current target, as
expressed by the infinite upper bound of the integral in Eq. (18). This
is not an issue for postprocessing tasks where all data are simulta-
neously accessible. In other sensing tasks, such as system monitoring
or closed-loop control, future data are not available. Attempting to
bypass this requirement by simply truncating the noncausal (z < 0)
parts of the transfer function forfeits the optimality of the estimator.

The optimal causal transfer function can be derived by restricting
the integration limits in Eq. (18) to (—o0, 0] and again minimizing
the expected mean-squared error. The transfer function that mini-
mizes the error is

T =[S, (Syy + N)Z' (S, + N)F (20)
Here, []+ and (-)4 correspond to causal and noncausal compo-

nents as determined by additive and multiplicative Wiener—Hopf
decompositions, respectively [38—41]. Wiener filters are closely

related to a number of other methods, including resolvent-based
estimators and Kalman filters [41,42], and have been applied for
flow estimation tasks in a variety of cases, including channels [43],
airfoil wakes [44], and jets [45].

3. Multilayer Perceptron

The multilayer perceptron (MLP) [46] is the most basic type of
artificial neural network. These networks consist of two or more
layers of nodes, with each node connected to every node in both the
preceding and following layers. Conceptually, the network repre-
sents a static map between an input and output space. Within the
context of sensing, the MLP provides a nonlinear map M, between
the measurements y(f) and the targets z(7), i.e.,

2(1) = My(y(1) 2D

The network parameters € are again optimized to minimize a desired
loss function, in our case, the mean-squared estimation error.

To use the MLP as an estimator that accounts for measurement
history, analogous to the Wiener filter, we redefine the input as a
time-delay variable that consists of measurements over a past time
interval. We note that time histories can be more elegantly
accounted for using RNNs or LSTMs, among other advanced
architectures; we use an MLP here to provide the simplest possible
nonlinear extension of the Wiener filter, which should, in theory,
reproduce the Wiener filter if the network is constructed with linear
activation functions. Several examples of applications of MLPs to
predict fluid flows are presented in Ref. [47].

4. Convolutional Neural Network

Convolutional neural networks (CNNs) [48] are widely used in
applications where the input and output domains share structural
similarities, allowing the exploitation of spatial correlations in the
data [49]. In the context of flow sensing, structured input might take
the form of two-dimensional measurements (e.g., distributions of
wall pressure or wall-shear stress), and structured outputs might
include flowfields at target wall-normal locations (e.g., planar
velocity fields). Similar to the MLP, the CNN provides a nonlinear
map Cy between the measurements y(¢) and the targets z(7), i.e.,

Z(1) = Cy(y(1)) (22)
The distinguishing feature of an CNN is that the map takes the form
Co=prekpeop ok (23)

where each k, is a convolutional operator, and each p, is a pointwise
nonlinearity. That is, a CNN estimates the target z from measure-
ment data y by repeatedly applying local, translation-equivariant
convolutions with shared weights. This structure drastically reduces
the number of network parameters € and leverages the spatial
relationship between nearby measurements, making CNNs effective
when y has spatial structure. A detailed discussion of CNNs and
their applications can be found in Ref. [50], and a comparison with
LSE for flow sensing can be found in Ref. [51].

C. Challenge 3.1: Sensing of a Turbulent Jet Using Sparse
Measurements

/

Targets

Nuwfw‘ |

|

Challenge 3.1: Given time histories of the axisymmetric
streamwise velocity from four near-nozzle sensors in a
turbulent jet, estimate the streamwise velocity at a series

\of downstream targets. Y,
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1. Data

This challenge uses large-eddy-simulation (LES) data for a tur-
bulent jet issuing from a contoured convergent-straight nozzle [52].
The jet Mach numberis M; = U;/c; = 0.9 and the jet is isothermal
(T;/Ts = 1.0), where U is the mean streamwise velocity, c is the
speed of sound, 7 is the mean temperature, and the subscripts j and
oo refer to the jet exit and freestream conditions, respectively. The
Reynolds number is Re; = p;U;D/u; ~1x 10°, where D is the
nozzle exit diameter, p is density, and p is dynamic viscosity. The
simulation was conducted using the compressible flow solver
CharLES [53], which solves the spatially filtered compressible
Navier—Stokes equations on unstructured grids using a finite volume
method. The grid used here contains approximately 16 million
control volumes. The LES methodologies, numerical setup, and
comparisons with measurements are described in Ref. [52]. The
full database [8] contains 10,000 snapshots of the density, velocity,
and pressure fields sampled every 0.2 acoustic time units (tc, /D).

The sensor data for this challenge correspond to measurements of
the axisymmetric streamwise velocity taken from the LES data at
four probe locations, (x/D, r/D) = (0.25,0), (0.5,0), (0.25,0.5),
(0.5,0.5). To mimic the finite size and bandwidth of real sensors,
each measurement is defined as a Gaussian-weighted spatial aver-
age, which also has the effect of filtering high-frequency compo-
nents of the true velocity field. The Gaussians are centered at the
four aforementioned positions and have variance /D = 0.1. Since
we are working with the axisymmetric component of the velocity
field, each sensor with /D > 0 would be physically implemented
as an azimuthal ring of sensors with sufficient density to isolate the
azimuthal mean. These sensor data are to be used to estimate the
axisymmetric streamwise velocity at a series of target locations
along the jet centerline (r/D = 0) and lip line (r/D = 0.5). For
consistency with the sensors, each target is also defined using the
same Gaussian-weighted average. The streamwise locations of the
targets span x/D € [0.5, 10] with spacing Ax/D = 0.25.

The training data consist of 8000 snapshots of the sensor and target
data, while the test data contain the remaining 2000 snapshots.
Participants are provided with the sensor test data, while the target
test data are withheld and must be estimated. A requirement of this
challenge is that methods must be causal in the sense that they require
only past and current data to estimate the current state of the targets.
To accommodate methods that use an interval of the previous time
history to produce the current estimate, the first 200 snapshots of the
sensor test data are excluded when computing the estimation error.

2. Baseline Results

To construct the causal Wiener filter using a history of 200
snapshots, cross-spectra were computed using Welch’s method with
400 snapshots per block, 90% overlap, and a sixth-order sine

Jet centerline

1.8+
1.6+
1.4+
1.2+

0.6 f JF
04t

Normalized mean-squared error

0.8 ///

a) x/D

Normalized mean-squared error

b)

window [54]. While the data are not explicitly corrupted with noise,
we assume that each measurement signal contains white noise at an
amplitude of 0.1% to regularize the transfer functions.

The MLP estimator was likewise constructed to minimize the
MSE loss function using a history of 200 snapshots of the sensor
readings as input. To maximize the available training samples, an
overlap of 199 was used to define each temporal block, resulting in
9800 samples. Fifteen percent of these training samples were with-
held for validation, giving 8330 training and 1470 validation samples
in total. Both the input and target data were mean-subtracted and
normalized by their standard deviation prior to training. We consid-
ered two different architectures, each with an input layer, three fully
connected hidden layers with 512 nodes, and a fully connected output
layer. The first MLP uses linear activation functions and therefore
should theoretically reproduce the Wiener filter. The second MLP
uses a nonlinear (hyperbolic tangent) activation function followed by
a 20% dropout layer to enhance convergence. For both MLPs, the
minibatch size was 64, the learning rate was 0.0001, and training was
performed using an Adam optimizer. The model was found to be
highly prone to overfitting, and we therefore use early stopping, i.e.,
the iteration with the minimum validation loss.

The performance of the estimator is evaluated using the normal-
ized mean-squared error (NMSE),

5 2
Y HOEST0|: o

E{lz(0]%}
where the expectation is a time average. Results for the causal
Wiener filter and the two MLPs are shown in Fig. 12 as a function
of x/D along the jet centerline (a) and lip line (b). A striking, and
perhaps unexpected, feature of these results is that the nonlinear
MLP does not outperform the Wiener filter and, in fact, produces
higher errors for most targets. This highlights the need for sensing
algorithms that better leverage patterns within the available time-
series data. Similarly, the linear MLP does not faithfully recover the
Wiener filter, i.e., its approximation of the theoretical Wiener filter is
less accurate than that obtained using CSDs computed by Welch’s
method, as described above.

In all cases, the error increases with x/D as the distance between
the sensors and targets increases. The error is higher along the lip
line than along the centerline; the former is turbulent for all stream-
wise positions, while the latter is contained within the comparatively
laminar potential core up until around x/D = 5.5. Indeed, there is a
clear slope discontinuity in the centerline error at this location for all
three estimators, after which the centerline error quickly reaches
similar order-one levels as the lip-line error. The figure additionally
shows the standard deviation of each estimate. In all cases, it is very
large, indicating that the instantaneous estimated target values can
deviate sharply from the true values.

Jet lip-line

1.8+
1.6
1.4+
1.2+

0.8

x/D

Fig. 12 Challenge 3.1: Normalized mean-squared error as a function of the streamwise position x/D along the jet a) centerline and b) lip line for a

Wiener filter, linear MLP, and nonlinear MLP.
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D. Challenge 3.2: Sensing of a Turbulent Boundary Layer from
Wall Stress

Twall (T, 2, t5)

Challenge 3.2: Given an instantaneous snapshot of the

wall shear stress from a turbulent boundary layer, estimate

the streamwise velocity at the same instant on a plane
\_away from the wall. Y,

1. Data

This challenge uses data from a direct numerical simulation
(DNS) of a zero-pressure-gradient incompressible turbulent boun-
dary layer, specifically the BL1 case described in Ref. [8]. The full
database contains 10,000 three-dimensional flowfields sampled
every Art ~ 1.5 and spanning a physical time of 26 eddy turnovers.

From this database, the sensor data for this challenge correspond to
the streamwise wall-shear stress fluctuation 7,, in a streamwise-
spanwise (x—z) plane at a friction Reynolds number Re, ~ 400 and
discretized using 507 X 150 grid points. The target data consist of the
streamwise velocity fluctuation at a wall-normal distance y* = 15
within the same x—z domain, where y* = yu, /v is the inner-scaled
wall-normal coordinate, u, = /7, /p is the friction velocity, 7,, is the
mean streamwise wall-shear stress, and p is the fluid density. This is
an important problem in experiments, where real-time wall measure-
ments are less intrusive than introducing a probe to measure the flow
in the near-wall region, particularly at high Reynolds numbers.

The training data consist of 1000 snapshots of the sensor and
target data, while the test data contain an additional 250 snapshots.
Participants are provided with the sensor test data, while the target
test data are withheld and must be estimated. A requirement of this
challenge is that a particular snapshot of the target velocity field is to
be estimated using only the snapshot of the wall-shear stress sensor
reading at the same instant in time.

2. Baseline Results

The LSE estimator is constructed by using the training data
to approximate the cross-correlation between the targets and

Table 2  Challenge 3.2 error metrics

Parameter LSE CNN
Normalized mean-squared error 0.912 0.239
Standard deviation 1.141 0.432

measurements and the autocorrelation of the measurements.
Although the DNS data are not explicitly corrupted with noise,
we assume that the sensor data contain white noise at an ampli-
tude of 0.1% to regularize the transfer functions.

The CNN architecture comprises 17 convolutional layers, each
with a stride of 1 and the same padding, so the spatial resolution is
preserved throughout while only the channel dimension is trans-
formed. The number of filters increases over the first 8 layers from
the initial value of 4 up to 32, then symmetrically decreases over the
next 8 layers back to 1, forming an hourglass-shaped hierarchy of
feature maps that enables multiscale representation and subsequent
reconstruction of the target field. All intermediate layers use tanh
activation to provide nonlinear transformations appropriate for
signed flow quantities, whereas the final layer uses a linear
activation to produce unconstrained regression outputs. Training is
performed with an adaptive learning rate schedule that reduces the
learning rate when the validation loss plateaus, combined with early
stopping and checkpointing, so that the final deployed model is the
one that attains the minimum validation loss, thereby limiting over-
fitting while retaining good generalization performance.

Figures 13a and 13b show one snapshot of the streamwise
velocity fluctuation at y™ = 15, i.e., the target to be sensed, and
the wall shear stress, i.e., the sensor reading from the DNS. The
corresponding estimates of the target velocity field produced by the
LSE and CNN, and the difference compared to the DNS, are shown
in Figs. 13c—13f. While both estimates show the presence of near-
wall streaky structures, the LSE-estimated field significantly under-
predicts their amplitude. Additionally, the CNN-estimated field
contains more of the small-scale structures present in the DNS field.
The NMSE from Eq. (24), the metric both methods were designed
to minimize, averaged over the test data, is reported in Table 2,
along with its standard deviation.

V. Participation Guidelines

The objective of this challenge—to facilitate direct comparisons
between data-driven methods for compression, forecasting, and

N - — -
11 115 120 125 130
e) X/éinlet

135 110 115 120 125 130 135
f) X/ Sinter

Fig. 13 Challenge 3.2: A snapshot of the target, sensor, and error fields. a) Streamwise velocity fluctuation at y* = 15 from DNS; b) the wall shear
stress from DNS; c¢) LSE estimate of the velocity field; d) difference between LSE and DNS velocity fields; e) CNN estimate of the velocity field;

f) difference between CNN and DNS velocity fields.
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sensing of turbulent flows—will only be achieved with broad
community participation. The challenge is open to anyone who
wishes to participate, and we invite you to do so. Participation
guidelines are summarized below; additional details, as well as
periodic updates, can be found on the challenge webpage: fluids-
challenge.engin.umich.edu.

A. Data

All data required for the challenge are available on the webpage in
a series of HDFS5 files. Training data are provided for each chal-
lenge. Additionally, input data required for testing the methods are
provided for the forecasting and sensing challenges, i.e., initial
conditions and/or parameters and sensor measurements, respec-
tively. Additional test data are withheld to ensure blind tests, as
described in more detail below.

B. Code

The website also provides example code for the baseline methods
for each challenge. In addition to allowing you to reproduce the
baseline results included in this paper, this code serves as a template
for methods submitted to the challenge. Each baseline method has a
main driver script that reads the training data (and the input test data
if applicable), executes the method (by calling additional functions
in a corresponding utilities directory), and writes out a results file.
You are expected to release open-source code for each method
submitted to the challenge, following this same structure; code that
does not run or is not compliant with the required format will not be
accepted. The code can be written in any language; indeed, we used
multiple languages (a mix of MATLAB and Python) for the baseline
methods to emphasize this point. We also provide an evaluation
script for each challenge that will be used to calculate performance
metrics for each submitted method, as described below.

C. Blind Testing

To ensure fair comparisons, we will use blind tests to evaluate
each method. The main driver script (described above) for each
method must write out a results file containing the same information
as included in the example baseline code, e.g., the estimated target
values for the sensing challenges. You will send these results files to
the relevant challenge point of contact (POC; see the webpage for
details). For the forecasting and sensing challenges, the results file
strictly contains data, i.e., predictions of the future flow state and
targets, respectively. For the compression challenges, the results file
will contain the encoder and decoder themselves. The POC will then
execute the evaluation function, which reads both the results file and
the necessary (withheld) test data and writes a metrics file that will
be sent back to you.

D. AIAA Journal Virtual Collection and Invited Presentations

In addition to the open-source code described above, the final
deliverable of the challenge will be a Virtual Collection (analogous
to a special issue) in the AIAA Journal. Specifically, for each
challenge you complete, you will submit an article describing the
proposed method and reporting its results, as contained in the
metrics file supplied by the POC and compared to the provided
baseline results. You are also welcome to optionally include results
for additional test problems of your choosing that are relevant to a
given challenge type. If you apply more than one method to the
same challenge, they should be included in a single submission, and
the methods should be appropriately compared and contrasted, in
addition to comparisons with the baseline methods. If you complete
multiple challenges, you should submit multiple articles. Each
submission will undergo the standard AIAA Journal review process
and should follow all AIAA Journal guidelines.

Given the expected scope, we anticipate relatively brief articles.
The publishability of a submission is not contingent on the perfor-
mance of the method(s). Indeed, we encourage negative results to
achieve a balanced and comprehensive overview of available meth-
ods and the current state of the art. Instead, the review process will

focus on the quality of the presentation and compliance with the
challenge requirements. Finally, at the conclusion of the challenge,
we will write an overview article summarizing the submissions to
and results of the challenge. Additionally, we will host a special
session at the AIAA SciTech and/or Aviation meetings, during
which a subset of participants will be invited to present their
methods and results.

E. Administration

The challenge webpage contains, in addition to the data and
example codes described above, additional details not included in
this summary, including the POCs for each challenge. We request
that you indicate your intention to participate by completing the
survey on the webpage. In addition to helping us prepare, this will
add you to a mailing list to ensure that you receive relevant updates.
Finally, the webpage also outlines the challenge timeline and key
dates and contains instructions for submitting your results. We look
forward to receiving your submissions!
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