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Abstract

We present EngineBench, the first machine learning (ML) benchmark designed for engine in-cylinder flow research. The
benchmark data consist of curated particle image velocimetry (PIV) measurements previously gathered from the
Transparent Combustion Chamber (TCC-lIl) by the General Motors University of Michigan Automotive Cooperative
Research Laboratory.' The dataset is then leveraged in order to benchmark the performance of four ML methods for a
flow reconstruction (inpainting) task. We propose large gaps at the edges of the field of view as the benchmark task in
order to reflect realistic scenarios in which data are harder to obtain closer to walls, and to challenge the ability of the
models to predict the turbulent flow motion with limited access to surrounding data points. Pixel-wise, vector-based
and multi-scale performance metrics are used to provide broad evaluations of the models. We find that models which
utilise skip connections show significantly improved performances at this task on both small and large gap sizes, due
to their enhanced ability to leverage contextual information. The benchmark proposed in this paper supports the
development of ML models for engine design problems, as well as PIV data enhancement more generally. In addition, the
ML model comparisons allow for more informed selection of models for problems in experimental flow diagnostics. All
data and code are publicly available at https://eng.ox.ac.uk/tpsrg/research/enginebench/.
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Introduction quantified. An example of a post-processed image from
PIV can be seen in Figure 1. However, conducting PIV
for internal flows presents a unique set of challenges, as
it is often difficult to achieve a full field of view. Gaps
in the data arise due to shadowing (occlusions due to
walls or other components), laser alignment issues, irre-
gular seeding density of the tracer particles, back-
ground reflections and light scatter and strong out-of-
plane motion for 2D measurements.'-!!

Highly turbulent, internal flows underpin crucial tech-
nology in a range of sectors from transport and power
generation to chemical processing and biofluids.
Defined as flows that are bounded by ducts or chan-
nels, internal flows are needed in situations where the
direction and supply of a fluid needs to be controlled,’
with applications as diverse as the flows through the
heart and lungs,** home appliances® and industrial fur-
naces.® In particular, in the automotive, marine and
aerospace industries, these flows are used to power pro-
pulsion systems that are essential to the development of 'Department of Engineering Science, University of Oxford, Oxford, UK
highly efficient and low-carbon transport solutions.”® 2California Institute of Technology, Pasadena, CA, USA
Experimentally, these flows are often characterized 3Schulich School of Engineering, University of Calgary, Calgary, AB,
using velocity measurements from particle image velo- ~ Canada

cimetry (PIV).® The PIV method generates velocity vec- Corresponding author:

tors at discrete pOintS in the flow, such that SpatiaHY' Samuel Baker, University of Oxford, Parks Road, Oxford OXI 2JD, UK.
dependent flow behaviour can be easily observed and  Email: samuel.baker@eng.ox.ac.uk
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Figure I. Example PIV image, showing a circular field of view.
At each pixel the arrows show the direction of the turbulent
flow and the colourmap shows the velocity magnitude.

Attempting to rectify gappy PIV data through
experimental reruns may be costly or in some cases
impossible, and as design work becomes increasingly
digitalised, experimental data will need to be compared
to or assimilated with typically clean simulation data
for validation purposes'>'® or in the construction of
digital twins.'* The pursuit of accurate digital twins
and simulations of complex geometries has the poten-
tial for monumental savings in the time and costs asso-
ciated with mechanical engineering design, by lessening
the need to build and test prototypes.'>'® Developing
accurate methods for reconstructing full flow fields
from gappy PIV data is therefore a topic of significant
interest in the study of industrially-relevant flows and
the development of related technologies. Furthermore,
flow reconstruction models can provide valuable insight
into turbulent flow behaviour more generally, by learn-
ing mappings from observable parts of the flow to
obscured regions which could be leveraged towards a
range of other flow reconstruction problems such as
2D-3D prediction'” or full state reconstruction.'®!?

The development of numerical methods that can fill
gaps in spatio-temporal turbulent flow data has a his-
tory spanning several decades. Of particular note is the
family of methods stemming from what came to be
known as the gappy proper orthogonal decomposition
(GPOD), introduced by Everson and Sirovich.”® These
methods employ the POD (akin to the principal com-
ponent analysis) to identify dominant flow structures
in a dataset,which are used to inform the velocity pre-
dictions inside the gaps. The predictions are updated
iteratively as the number of POD modes (principal
components) considered for the reconstruction is incre-
mented. GPOD became widely-used in the field of tur-
bulent flow diagnostics and received several updates
and improvements.>'2* Part of the reason for GPOD’s
popularity in the fluid mechanics community is due to
the emphasis that POD methods place on dominant
low-rank features, which may be analogous to the

concept of coherent structures in turbulent flows.”> %’

Therefore, results from GPOD retain a degree of physi-
cal explainability. In addition, as fluid flow data are
often negatively affected by noise, outliers and poten-
tially less relevant small-scale turbulent structures,?®*
high levels of reconstruction accuracy can be achieved
by mainly focusing on these low-rank structures.'%>

Beyond traditional fluid mechanics research, the
restoration of missing or damaged regions of an image is
a well-known task in the image processing and computer
vision fields, referred to therein as inpainting.’**' As
such, data-driven methods developed in these domains
can also be adapted to the problem of gappy PIV image
reconstruction presented here. For example, autoenco-
der neural networks have been widely used in turbulent
flow applications, partly because the dimensionality
reduction through the latent space maintains the focus
on dominant flow structures.'®** Convolutional neural
networks (CNNs) are also widely used due to their abil-
ity to utilise the local spatial relationships inherent in
turbulent flow data on grids.**>° In particular, the
UNet architecture®® has demonstrated success in a vari-
ety of tasks including flow field prediction and super res-
olution.>”*' However, UNets are thought to exhibit
some difficulty in capturing the dependency relationships
of global features,*” due to the relatively slow expansion
of the receptive field through the convolutional layers.

Higher levels of performance have been reported by
combining UNets with transformer modules for turbu-
lent flow field prediction and reconstruction from lim-
ited measurements,***> due to an enhanced ability to
more accurately capturing the multi-scale relationships
present in turbulent flows. Regarding alternative
architectures, generative adversarial networks (GANSs)
have been used successfully in preserving multi-scale
statistics of turbulent flows for super-resolution*®*’
and inpainting.*® Physics-informed neural networks
(PINNs)* also show promise for creating more gener-
alizable ML models, especially for laminar and fully
3D flows.’*>? However, the suitability of PINNs for
the present 2D PIV setup is currently unclear, as the
only data available are two velocity components along
a 2D slice of a 3D system, which stretches the validity
of the conservation equations. In addition, the spatially
correlated noise introduced by the cross-correlation
algorithm in the PIV process has been shown to signifi-
cantly degrade the results from a PINN.>® Other devel-
opments such as graph neural networks>*>® and neural
operators®’ >° have demonstrated success in scientific
ML applications, but have not seen significant use in
inpainting to date.>*!

In the literature on inpainting for turbulent flows,
there is a noticeable lack of discussion on how artificial
gaps should be created for training and testing ML
models. Common methods of adding gaps to clean
data include random noise,’*®' clustered dropouts®**
and block gaps.>**%? Rectifying random noise and
clustered dropouts is often an easier task for ML
models due to the large amount of spatially local
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information that can be interpolated from Buzzicotti
et al.®> Conversely, due to the larger gap sizes, block
gaps can be more challenging to handle. However,
studies to date have only considered blocks of standard
shapes and fixed orientations, which can be unrealistic
and of limited use in practical scenarios where complex
geometries can obscure the field of view in any number
of ways. Furthermore, there are large number of
inpainting models that are available to choose from,
and it is not straightforwards to determine which sce-
narios will cause one model to perform better than
another, and why. In addition, there is a lack of clarity
in how different gap-handling approaches affect the
results of an inpainting model. These points motivate
the need for an objective benchmark to be established.

Benchmarks typically consist of an open-source data-
set, and a well-defined task that can be used to objec-
tively compare model performances, and they can be
essential for developing numerical methods. For exam-
ple, the ImageNet Large Scale Visual Recognition
Challenge benchmark is often credited with catalysing
the deep learning explosion, having facilitated the
development of the famous AlexNet model.***> Within
the realm of turbulent flow research, several large flow
physics datasets exist, including the Johns Hopkins
Turbulence Database,’® BLASTNet database®” and the
turbulence data from McConkey et al.®® However, each
of these datasets represent idealised flows over small
domain sizes, which do not reflect the complex
geometries and operating environments associated with
physical machinery. Other databases address more
practical geometries and domain sizes, such as the
AirfRANS dataset for airfoil shape optimisation® and
the Cambridge-Sandia burner for a variety of swirling
stratified flows.”” Regarding engine-specific flows, PIV
datasets have been published by the Engine Combustion
Network (ECN)’! and the General Motors University
of Michigan Automotive Cooperative Research
Laboratory.! Data collected by the latter for the TCC-
III combustion chamber are currently used in the
benchmark established here, as the TCC-III setup
was specifically designed to challenge the predictive
capabilities of computational fluid mechanics (CFD)
simulations, with the geometry promoting extremely
complex fluidic motion via strong turbulence and high
cycle-to-cycle variations.! In a development philosophy
similar to that of CFD models, it is expected that ML
models can be made more generalisable by being trained
on highly challenging datasets.”” These characteristics of
the TCC data also proved valuable in the development
of non-parametric dimensionality reduction approaches
in the early 2010s.”>"* A schematic of the TCC-III setup
is provided in Figure 2.

This work aims to lower the barrier to entry into ML
for engine researchers and makes the following contri-
butions. A flow reconstruction target is proposed in the
form of the edge gaps inpainting task, which challenges
the ML models while emphasising practical relevance
to engine research. A novel data augmentation method
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Figure 2. Schematic showing the TCC-IIl and associated PIV
measurement planes.

designed to add random edge gaps into the training
data is introduced, which outperforms the other stan-
dard methods tested here. The performances of five
neural network-based models are benchmarked against
the GPOD method, providing engine researchers with
an objective basis for comparison that can be used to
inform future model selection. The overall process
followed by this work is illustrated in Figure 3. All rele-
vant code is published along with quick-start tutorials
at the web link provided in the abstract in order to
promote transparency and lower the barrier to entry
into ML for engine researchers. Overall, the intention
of this work is to accelerate the development and adop-
tion of inpainting models and related ML techniques
within the engine research community.

Benchmark setup
Engine system

The TCCHIII is a port-injected, spark-ignition, single-
cylinder optical research engine with a single intake and
exhaust valve each and a pancake-shaped combustion
chamber consisting of a flat head and piston.' It has a
bore X stroke of 92 X 86 mm and a geometric com-
pression ratio of 10:1. Details of the operating condi-
tions that produced the data used in this work are
provided in Table 1. Optical access is provided via a full
quartz cylinder and a 70 mm diameter flat quartz piston
window. A dual-cavity Darwin Duo, Quantronix
laser was wused to illuminate silicone-oil seeder
droplets 1 mm in diameter and images were taken with
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Figure 3. Flow chart depicting the benchmark creation process followed here. Descriptions of the task, data and model

implementations are provided in the Benchmark setup section.

Table |. Key EngineBench dataset information.

Parameter EngineBench EngineBench
(LSP small)
Type 2D PIV 2D PIV
Engine TCCHIIl, motored  TCCIIl, motored
Pressures (kPa) 40, 95 40
Engine speeds 800, 1300 1300
(rpm)
PIV planes Lower swirl Lower swirl
Tumble
Cross-tumble
Crank angles 40-705 90, 135, 180, 225, 270
# Snapshots 419,334 5205
Size 31 GB 408 MB

Test point A

PIVplane.h5 Test point B

Test point C

Figure 4. Generalised h5 file structure in EngineBench.

a high-speed monochrome Phantom v1610 camera
(Vision Research). A multi-pass algorithm was used to
process the vectors, with a decreasing interrogation
window size from 128 X 128 to 32 X 32 pixels with
50% overlap. The final window size produced vectors
with a spatial resolution of 1.25-1.4 mm.

The PIV data are released publicly and were created
with funding by General Motors through the
General Motors University of Michigan Automotive
Cooperative Research Laboratory, Engine Systems
Division. The TCC-III was intended to be used for
providing engine-relevant data to assess and validate

large-eddy simulation (LES) models, with a history
dating back to the TCC-0 in the 1990s." In particular,
the pancake chamber design simplified meshing for
CFD models and produced extremely large cyclic
variations in order to challenge CFD predictive
capabilities. More details on the experimental set-up
are provided in Schiffman et al.'

Dataset

There are two databases proposed in this work,
EngineBench and EngineBench LSP small. The
EngineBench database consists of PIV data from
motoring (i.e., unfuelled) the TCC-III engine.' The full
database contains over 400,000 PIV images, coming to
a size of 31 GB, as listed in Table 1. The dataset is
stored on Kaggle as a series of h5 files, as the natively
hierarchical format simplifies the chunking of data so
that train/validation/test splits can be separated by
specific phase angles or test points. Also, h5 files have
the capability for lazy loading and the binary file
format allows for efficient data storage. A diagram
illustrating the hierarchical structure of each h5 file is
given in Figure 4.

In order to accelerate the training times, as numerous
model configurations (44 in total) were tested for the
benchmark, a subset of the EngineBench data, named
EngineBench LSP small, was constructed and used to
generate the results. The use of a subset also makes the
benchmarking results more accessible to researchers with
smaller memory computers and informs practitioners on
how the ML models perform with smaller datasets. The
subset was constructed solely using data from the lower
swirl plane (LSP), as the field of view remains constant
with the changing crank angle position, simplifying the
analysis. Five crank angles are extracted at phases of
interest throughout the engine cycle at one operating
point, as presented in Table 1. EngineBench LSP small
therefore contains 5205 PIV snapshots in total and is
also hosted on Kaggle, accompanied by tutorial note-
books to demonstrate how the data can be interacted
with. Finally, the original spatial dimensions for each
image are 50 X 49 pixels. Zero padding is therefore
added around the edges of the images to 128 X 128 for
compatibility with standard ML models.

Target

The goal of the benchmark was chosen to be the
inpainting of so-called ‘edge gaps.” In this work, edge
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Figure 5. Example PIV image from EngineBench LSP small, with
the horizontal edge gaps added at the top and bottom of the
field of view.

gaps are defined as large blocks of missing data at the
edges of the field of view. This type of gap was selected
for a number of reasons. Firstly, they are more realistic
than other types of gaps such as randomly-located
blocks; edge gaps commonly occur in PIV setups that
have restricted optical access due to walls.”>’® In addi-
tion, it is especially challenging to predict the flow
inside edge gaps, as there is a limited amount of local
information that can inform the models. From the
model’s perspective, predicting the flow inside edge
gaps is therefore akin to extrapolation beyond the field
of view. This difficult challenge is intended to push the
boundaries of what is possible with flow field data
reconstruction.

A consistent test case is therefore constructed using
edge gaps to benchmark the performance of the
inpainting models. Two masks of a fixed shape are con-
structed that each remove the data at a proportion of
the pixels at the edges of the field of view. A vertical
mask is applied to the first half of the test set and a hor-
izontal mask to the latter half. In addtition, two gap
sizes are tested, consisting of 10% and 25% of the data
missing. An example test flow field with 10% of the
data missing is shown in Figure 5. Within EngineBench
LSP small, all the data at 180 CAD aTDCf are held
out for the test case in order to assess the generalisabil-
ity of the models. The flow fields at 180 CAD are
notoriously challenging to predict, as the piston is on
the point of switching its direction of travel, causing the
flow patterns to be highly variable.”

Models and training

The performance of four different model architectures
is benchmarked in this study. Firstly, adaptive median
filter GPOD (GPOD-MF) is chosen as a best-in-class
non-parametric approach, known to outperform inter-
polation and other GPOD methods.”® Secondly, the

UNet model®® is chosen due to its wide usage in turbu-
lent flow research. Three loss functions are tested with
the UNet: a mean square error (MSE) loss, a huber loss
function in order to test the effect of outliers in the PIV
data and a physics-based gradient loss. Further details
of the loss functions are given later. Thirdly, the UNet
transformer (UNETR) model”” with an MSE loss is
chosen due to the performance enhancements that have
been reported due to the transformer module, with the
project MONALI implementation.”® Finally, an adapted
version of the context encoder generative adversarial
neural network (CE-GAN)” with MSE and adversarial
losses is implemented due to its high performance in
standard inpainting tasks®>*" and recent usage in tur-
bulent flows.*®%* As the original context encoder was
designed for inpainting gaps of a fixed size and loca-
tion, the network architecture is modified in a similar
fashion to the changes made by Li et al.*® For the gen-
erator, an additional de-convolutional layer is included
at the output to return a prediction of the same spatial
dimensions as the input, forming a symmetrical autoen-
coder architecture. To correspond with the generator
modifications, an extra convolutional layer is added at
the beginning of the discriminator to handle inputs of
the same size as the original data. A dropout layer with
a probability of 50% is also added at the output of the
discriminator, following Li et al.*® Model summaries
implemented here are provided in Table 2 for reference.

During the ML model training, the losses between
the predictions and the labels are calculated across the
entire image, not just inside the gap. This approach
provides a number of benefits: to simplify the random
gaps training process, retain the context of the broader
turbulent flow and field of view and to provide practi-
tioners with a visual representation of how the network
relates the prediction inside the gap to the rest of the
field, avoiding edge effects in the output. Performance
metrics on the test set predictions are then reported for
the central regions as well as the edge gap regions.
Training hyperparameters are chosen to reflect other
turbulent flow ML studies.**®” Training in all cases
was run over 300 epochs. For the UNet and UNETR
models, the learning rate was le-3 and multiplied by a
factor of 0.5 every 50 epochs via a step scheduler. For
the CE-GAN, the learning rate was le—4 and multi-
plied by 0.75 every 50 epochs. All architectural hyper-
parameters were retained from their original studies;
however, the configurations are not guaranteed to be
optimal for this specific case, as the focus of this work
is on the development of an objective benchmark rather
than the optimisation of the underlying ML models at
this stage.

Finally, the training, validation and testing datasets
were split by crank angle. As previously mentioned,
180 CAD was held out for the test set, while different
permutations of the other four phase angles are then
used to construct the training and validation sets, with
three phases for training and one for validation. The
training process for each model was run three times
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Table 2. ML sizes in millions of parameters and loss functions
tested.

Model # Parameters (millions)  Loss functions

GPOD N/A N/A

UNet 10.5 MSE, huber and gradient
UNETR 87.3 MSE

CE-GAN 740 Adversarial

with different permutations of training and validation
phase angles tests, which tests the sensitivity of the
model performances to the specific phases chosen for
the analysis and provides the error bars for the results.
The crank angle permutations are defined in Table 3.
Only three permutations are considered out of the pos-
sible four as the spread across permutations was found
to be acceptably low on all metrics. The resultant num-
ber of images in the train, validation and test sets are
3123, 1041 and 1041.

GPOD implementation: GPOD is performed on a
single large data matrix, rather than separate training
and testing matrices. Therefore, in the present study,
the test data matrix at 180 CAD is stacked alongside
three training data matrices according to the permuta-
tions defined in Table 3. The test edge gaps are added
to the test data matrix and the gap locations are initia-
lised using the ensemble mean from the training data
matrices which do not contain any gaps. Convergence
checking (CC) gaps are also implemented into the test
data in a similar format to the test edge gaps; ie, the test
edge gaps are extended to incorporate another 10% of
the pixels in the image where the true values are known.
The GPOD-reconstructed flow fields at the minimum
CC L2 error are retained for analysis in this study.

Metrics

A variety of metrics are used to evaluate the model per-
formances, in order to quantify pixelwise accuracy, vec-
tor similarity and multi-scale phenomena. The relative
L2 error is used to quantify pixelwise accuracy and is
calculated for true and predicted velocities wu,. and
Upred as follows:

L2 = || Utrue — upred”2/ || “trueH2 (1)

where e and upeq are the true and model-predicted
velocity vectors respectively. In addition, two vector-
based metrics are used to quantify the similarity of the
overall flow structures. The relevance index (RI) previ-
ously introduced is defined as:

RI = <ulruea upred>
(| terue |2+ || tpredl|2

)

where (-, -) represents the inner product. The RI varies
between 1 for perfectly aligned vectors and —1 for

Table 3. Definitions of phase angle permutations that comprise
the training, validation and hold-out test sets. The different
permutations are denoted as A, B and C, and the corresponding
phase angles are given in crank angle degrees (CAD).

Data split A B C
Train 90 135 90
135 225 225
225 270 270
Validation 270 90 135
Test 180 180 180

perfectly opposite vectors. The similarity of the vector
magnitudes is given by the magnitude index (MI)®':

H Utrue — ”predHZ (3)

MI=1-
| truell2 + H”pred||2

with the MI varying between 1 for vectors of identical
magnitude and 0 for totally disparate vector magni-
tudes. Finally, in order to capture the multi-scale tur-
bulent flow features, the energy spectrum S for each
image is calculated using the Fourier transform:

S(k) = 5 (i (k)i (k) (4)

where (k) is the Fourier-transformed velocity vector,

~

i (k) is its complex conjugate, k is the spatial frequency
wavenumber vector and () represents the radial aver-
age over the vertical and horizontal frequencies.** The
Kullback—Leibler (KL) divergence is then used to quan-
tify the similarity between energy spectra:

KL(Strue | Spred) - ZStrue(k) (;:Ld((]l?)) ®)
- re

ranging from O for identical distributions to infinity for
a complete divergence.

Loss functions
The widely-used mean-squared-error (MSE) loss /.
between two pixels at location 7 is given by:

ZHZXL’ =

(”i, true — Ui, pred) 2- (6)

The Huber loss is a hybrid loss function that reduces
sensitivity to outliers by applying an L1 loss to element-
wise errors above a certain threshold (delta) and a
quadratic loss otherwise to aid convergence. It is
defined per pixel i as:

Thub.i = 0.5(14,-! true — Ui, pred)zlﬂ U, true — Ui, pred| <8 (7)

3(}ui,mw — ui,pred{ — 0.58)0therwise.

This is then averaged over all pixels in the image pair-
ing. A smaller value of the § parameter increases the
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Table 4. Huber loss 6 tuning results for the 180 CAD test
case with 10% edge gaps. One result for each setup using
permutation A is reported. Bold typeface represents the best
result.

Parameter RI MI L2 KL
Central regions:

6=5 0.999 0.983 0.033 0.000
6=1 1.000 0.983 0.034 0.000
6=0.5 0.999 0.983 0.034 0.000
6=0.1 1.000 0.988 0.024 0.000
Edge gaps:

6=5 0.886 0.751 0.462 0.016
6=1 0.896 0.765 0.445 0.013
6=0.5 0.895 0.760 0.449 0.013
6=0.1 0.858 0.712 0.517 0.026

Table 5. Adversarial loss lambda tuning results for the 180
CAD test case with 10% edge gaps. One result for each setup
using permutation A is reported. Bold typeface represents the
best result.

Parameter RI MI L2 KL
Central regions:

Aaay = le—1 0.709 0.578 0.709 0.099
Agty = le=2 0.883 0.731 0.478 0.014
Agty = le=3 0.709 0.616 0.809 0.082
Aoy = le—4 0.773 0.645 0.807 0.024
Edge gaps:

Agay = le—I 0.575 0513 0.817 0.160
Aoy = le=2 0.789 0.656 0.612 0.043
Agay = le-3 0.695 0.604 0.855 0.019
Agy = le—4 0.755 0.616 0.929 0.021

influence of the L1 loss; the value of delta was tuned
via a grid search of values presented in Table 4. For the
CE-GAN, the discriminator was trained using a binary
cross entropy (BCE) loss, while the generator utilised a
BCE / MSE hybrid. The BCE loss is defined as:

lpee = — uj, pred*logui, true (8)
+ (1 — Ui, pred)*log(l — U, true)-
The combined generator loss is given by:
den = Audv*lbce + (1 _)‘udv)*lmse- (9)

The adversarial ratio A,y controls the relative impor-
tance of the MSE and BCE losses. Following Li et al.,*
the sensitivity of four different adversarial ratios are
tested with results reported in Table 5. Finally, the
physics-based gradient loss is defined as®*:

= )‘grad*lgmd + (1 - Agrad) *ste (10)

thys
The gradient ratio A controls the relative importance
of the gradient and MSE losses. The gradient 1oss /g4q
calculates the MSE between the gradients of the feature

and target maps, and is defined in two dimensions (2D)
as:

/ -7 8”i,rme aui,pred
grad — tmse x ax

F e aui,rrue’ aui,pred .
dy dy

(11)

Here, x and y are the two coordinate directions. A
gradient loss function helps to preserve sharp transi-
tions and edges which can be smoothed over when
using the MSE. In addition, in the case of turbulent
flow data, preservation of the gradients can encourage
the model to align with physical quantities such as
vorticity.®’

Data augmentation

One of the key considerations of this work is in how
artificial gaps should be introduced into the data to
train the models. This can be handled via data augmen-
tation at training time. Three different techniques were
investigated in this work: introducing fixed horizontal
and vertical edge gaps like the test case (fixed edge),
blocks of various sizes and locations (random blocks),
and edge gaps of random size and orientation (random
edge gaps). Some example random block gaps are
shown in Figure 6, where the yellow regions indicate
areas where data were removed from the snapshots.

The random edge gaps are constructed by taking
four random points along the input image borders,
drawing a polygon between the points and masking out
pixels that lie outside of the polygon. There can be a
maximum of two points on any one edge. This
approach ensures that edge gaps are created with ran-
dom sizes and orientations, to prevent the models from
overfitting to specific gap shapes and locations. A max-
imum percentage of the pixels are allowed to be
removed by the mask; the mask is discarded if it
removes more pixels than this, and a replacement mask
is generated. This upper threshold for the gap sizes is
needed to constrain the training process, prevent the
inpainting task from becoming overly challenging and
reflect more realistic physical scenarios. A histogram
showing the proportion of pixels removed for each
snapshot in one pass of the training set for 10% gaps is
shown in Figure 7. A regular PIV snapshot is shown
alongside two snapshots with random edge gaps added
in Figure 8.

Results
Training gaps

Firstly, the different artificial gap handling strategies
previously described were tested with the UNet model,
in order to establish the optimal training pipeline. The
results for the four metrics tested are given in Table 6,
with separate reports for the central image regions and
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Figure 7. Histogram showing the proportion of pixels
removed by the random edge masks in one pass through the
training set. Seven percent of the total pixels in the field of view
were removed on average.

the gap regions. Overall, the accuracy inside the central
regions is very high in all cases, with RI = 0.999 and a
pixelwise L2 error of ~3%. This shows that the UNets

are able to preserve the information provided to it in
the input to a very high degree, despite compressing the
data through the bottleneck. As expected, the accuracy
inside the gap regions is worse, as the UNet is required
to extrapolate beyond the field of view that was sup-
plied at the input. However, the results still appear to
be passable, with RI up to 0.88 at the 10% gap size and
0.82 at 25%.

Training the UNet on fixed edge gaps, which have
the same form as the test gaps, generally produced the
highest accuracies in the image centres. This simpler
training strategy allowed the model to focus more on
the global flow patterns provided at the input, as the
location of the gaps did not change from image to
image. This emphasis on general flow patterns helped
to also yield the best KL divergences within the edges
at both 10% and 25% gap sizes. However, the weaker
RI and L2 scores at the edges indicate that over-fitting
the model to the fixed mask shape prevented it from
generalising as well to the more specific localised flow
behaviour in the unseen crank angle. Conversely, for
the random edge gaps, the addition of significant varia-
bility to the process made it more challenging for the
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Table 6. Impact of training a UNet, MSE model on the fixed edges used as the testing gaps, random edge gaps, random block gaps
and a combination of the latter two. One result for each setup using permutation A is reported. The final figure represents the
average over the 1041 test images. Bold typeface represents the best result.

Gap type Gap size RI MI L2 KL
Central regions:

Fixed edge 10% 1.000 0.986 0.027 0.000
Random edge 10% 1.000 0.984 0.032 0.000
Random block 10% 1.000 0.984 0.031 0.000
Random block and edge 10% 0.999 0.983 0.035 0.000
Edge gaps:

Fixed edge 10% 0.878 0.754 0.488 0.009
Random edge 10% 0.886 0.751 0.463 0.016
Random block 10% 0.844 0.703 0.528 0.028
Random block and edge 10% 0.879 0.747 0.473 0.010
Central regions:

Fixed edge 25% 0.999 0.984 0.033 0.000
Random edge 25% 0.999 0.979 0.042 0.000
Random block 25% 0.999 0.979 0.043 0.000
Random block and edge 25% 0.999 0.979 0.043 0.000
Edge gaps:

Fixed edge 25% 0.814 0.695 0.609 0.021
Random edge 25% 0.819 0.688 0.569 0.027
Random block 25% 0.803 0.674 0.588 0.035
Random block and edge 25% 0.8I3 0.683 0.577 0.030

UNet to learn the global flow distributions as precisely.
However, the random edge training did improve the
predictions of local details and vector orientations, with
the strongest RI and L2 scores at the edges.

The random blocks and combination of random
blocks and edges were used to test whether a broader
inpainting training process would help the model to
generalise further. However, neither of these strategies
produced higher accuracies than the fixed or random
edge gaps in isolation. This shows that for this prob-
lem, the best performance can be achieved by providing
the model with training and testing gaps that are of the
same general shape and location; however, some ran-
domisation within these general parameters via the ran-
dom edge gaps did provide the strongest RI and L2
metrics inside the edge regions for both gap sizes. In
addition, it is expected that models trained on random
edge gaps will be able to handle test cases with edge

gaps at any orientation, unlike models trained on fixed
gap positions. Due to this improved flexibility, com-
bined with strong scores across all four metrics, the
random edge gaps method was deemed to have the
most practical utility among the data augmentation
methods tested here. Therefore, the random edge gaps
technique was used in the training pipeline to bench-
mark the other model configurations investigated in
this work.

Loss functions

Use of the Huber, adversarial and gradient loss func-
tions require the tuning of parameters in order to deter-
mine suitable configurations. A grid search was
performed in each case, following best practices laid
out in previous studies.*®*®” The Huber and gradient
loss parameters (6 and A,4 respectively) were tuned
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Table 7. Gradient loss lambda tuning results for the 180 CAD
test case with 25% edge gaps. One result for each setup using
permutation A is reported. Bold typeface represents the best
result.

Parameter RI Mi L2 KL
Central regions:
Agrag =0.5 0.999 0.979 0.043 0.000
Agrad =0.9 0.999 0.971 0.059 0.001
Agrad = 0.99 0.999 0.971 0.059 0.001
Agrad =0.999 0.999 0.969 0.062 0.001
Edge gaps:
Agrag = 0.5 0.809 0.687 0.581 0.024
Agrad =0.9 0.825 0.693 0.559 0.028
Agrad =0.99 0.821 0.684 0.566 0.027
Agrad =0.999 0.834 0.696 0.549 0.043
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Figure 9. GPOD convergence curves for 10% and 25% gaps
(left and right respectively) at permutation A. The minimum
errors for both the true L2 error in the edge gaps and the L2
error in the convergence checking (CC) gaps are marked as
filled circles.

within a UNet model, while the adversarial ratio A,y
was employed within the CE-GAN. The results are
presented in Tables 4 and 5. For the Huber loss, 6 = 1
exhibited the best performance in the edge gaps and
was therefore used in the remainder of the study. The

increased use of the L1 loss at the smaller 6 = 0.1 was
less sensitive to large errors more likely to be found
inside the gaps, but produced the best accuracies in the
image centres where the reconstructions are closer to
being correct.

For the adversarial ratio, A,y = le-2 yielded the
best scores across three of the metrics in the edges and
was chosen for the remainder of the CE-GAN results in
this study. In this case, A,y strikes a balance between
reconstructing an accurate output with the MSE loss
and fooling the discriminator with the BCE loss. The
stronger RI, MI and L2 but weaker KL divergence at
Mgy = le=2 relative to A4y, = le—3 indicate that captur-
ing finer details is more useful for overcoming the dis-
criminator than the global velocity distribution. For the
gradient loss, Agq = 0.999 exhibited the best results, as
shown in Table 7, and was used by the UNet, gradient
models for the remainder of the study. The Ag4.q para-
meter behaves in a similar fashion to the adversarial
ratio, with a trade-off between the KL divergence and
the RI, MI and L2 scores. In this case, more emphasis
on the gradient loss helps to preserve global flow pat-
terns, while the MSE is more effective in predicting
local details such as vector orientations and pixelwise
values.

GPOD convergence

As the final step before each of the model configura-
tions can be benchmarked againsnt one another, the
number of modes to be retained by the GPOD predic-
tion is determined using the convergence criterion.
Plots showing the GPOD convergence curves for 10%
and 25% gaps in permutation A are shown in Figure 9.
In both cases, the relative L2 error calculated in the
convergence-checking (CC) gaps gives an optimal num-
ber of modes that is relatively close to the true optimum
given by the L2 error in the true gaps. The number of
modes retained in the final GPOD reconstructions
benchmarked here considered the true lowest L2 errors,
and were 26 for the 10% gap size and 9 for 25%. The
lower number of modes in the latter case indicates that
the GPOD algorithm relies on a reconstruction that
contains more general flow patterns in order to opti-
mise the error across the larger gaps in the different
snapshots.

Main benchmark results

The results for the benchmark performance metrics are
given in Tables 8 and 9, with the best result for
each metric presented in bold. Loss curves for each
model configuration are provided in Figure Al
in Supplemental Material. The UNet and UNETR
models exhibit similar performances across all metrics,
with the UNet models slightly outperforming UNETR
for predictions inside the edge gaps. As shown in Table
2, the number of parameters in the UNet architecture
is eight times smaller than that of the UNETR model,
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Table 8. Results for the 180 CAD test case at 10% gaps. The mean and standard deviations are reported from the three
permutations of training data defined in Table 3. Bold typeface represents the best mean in each category separated by the
horizontal lines. GPOD-MF metrics are not given in the central regions as adaptive GPOD methods only update values inside the

gaps.
Model Gap size RI MI L2 KL

Central regions:

UNet, MSE 10% 1.000 £0.000 0.984 0.000 0.033 £0.001 0.000 +0.000
UNet, huber 10% 0.999 = 0.000 0.983 £0.000 0.035 +£0.001 0.000 +0.000
UNet, gradient 10% 0.999 = 0.000 0.974 £0.001 0.052 £0.001 0.001 =0.000
UNETR 10% 1.000 £0.000 0.985 +0.001 0.030 +0.001 0.000 +0.000
CE-GAN 10% 0.884 0.003 0.745 x0.010 0.470 =0.008 0.019 =0.004
Edge gaps:

GPOD-MF 10% 0.797 =0.001 0.666 =0.001 0.610 £0.002 0.105 £0.001
UNet, MSE 10% 0.890 =0.004 0.759 =0.007 0.456 +0.009 0.013 +0.002
UNet, huber 10% 0.892 +0.003 0.760 =0.003 0.452 +0.005 0.013 =0.001
UNet, gradient 10% 0.894 +0.002 0.758 =0.004 0.451 =0.004 0.016 =0.001
UNETR 10% 0.884 =0.002 0.755 =£0.002 0.467 £0.005 0.014 =0.001
CE-GAN 10% 0.784 =0.008 0.661 =0.010 0.622 =0.007 0.032 =0.008

so the UNet exhibits a better accuracy-complexity
trade-off. This indicates that detailed local features and
textures may be more predictive of the target outputs
than global context in this situation, which runs coun-
ter to where UNETR models typically see performance
gains. ¥+

The UNet variants each exhibit similar predictive
performances in the edge gaps at the 10% gap size,
although the gradient loss function demonstrates the
best RI, MI and L2 metrics at 25% gaps. This is in line
with the results of Chung et al.®” who showed that the
gradient loss provided persisting benefits for a super-
resolution task of increasing difficulty from 8 X to
32 X magnification. On the other hand, in the present
work, the UNet, gradient model yields higher KL diver-
gences in the edges, especially at 25% gaps, as shown in
Table 9. This shows that the gradient loss function
emphasises local regions with large velocity gradients at
the expense of the overall energy distribution in the
flow. As with the investigation on data augmentation
strategies and loss function parameters, this is another
example of how the models seem to face something of a
trade-off between accurate KL divergences, and RI and
L2 errors.

The accuracy of all UNet-based models is very high
in the image centres, with KL divergences that round
to zero at a three decimal place tolerance, showing that
the original flow structures across all scales are being
well-preserved. Ensemble averaged energy spectra for
the UNet, MSE model predictions at 10% gaps are
shown in Figure 10 and there is a near line-on-line
match between the true and predicted spectra in the
image centres. Note that the energy spectra are challen-
ging to compute in the gappy regions in isolation, as
sharp edges and discontinuities are prevalent, contri-
buting to the Gibbs phenomena observed in the edge
spectra in Figure 10. However, overall trends can still
be seen and the UNet edge prediction follows a down-
ward trend that is similar to the ground truth.

Regarding the other metrics in the edge gaps, the L2
errors of both UNet and UNETR models are relatively
high at between 45% and 47%. This is within the range
of values reported by Li et al.*® for large gap sizes, but
about twice as high as other results reported by
Morimoto et al.** for the reconstruction of a turbulent
flow in a fixed gap shape. The reasoning behind this is
explained in the Discussion section. For the RI and MI
values of between 0.9 and —0.95 are commonly taken to
represent self-similarity between vector fields.®® The
average RIs for the UNet and UNETR predictions at
10% gap sizes approach this criterion in the edge gaps
and meet it in the central regions. The MI values are
systematically lower, which is consistent with other
reports that the MI is a stricter metric to satisfy, as it
follows a linear relationship rather than the sinusoidal
RI.8385

Example flow field predictions from the UNet, MSE
model at 10% gaps are shown in Figure 11. In the top
row of the figure, the regions masked out by the hori-
zontal mask are relatively uniform and easy to predict
with no large variations in velocity magnitude. This
allows the UNet to predict the flow inside the gaps to a
fair degree of accuracy. On the other hand, for the bot-
tom row, turbulent motion inside the edge gap regions
is more complex, with the flow directions switching to
point outwards just inside the edge gap regions. There
are few obvious indicators for this motion in the centre
of the image and the UNet struggles to fully predict
this complexity. The scarcity of spatially local informa-
tion due to the edge gaps highlights the challenge pre-
sented by this inpainting task; it is likely that more
knowledge of the out-of-plane motion would be needed
in order to predict such complex behaviour. To provide
a clearer picture of the differences between these two
flow fields, the point-wise L2 errors are shown in
Figure 12. Plots showing example outputs from each of
the models at 10% and 25% gap sizes are provided in
Figures 13 and 14.
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Table 9. Results for the 180 CAD test case at 25% gaps. The mean and standard deviations are reported from the three
permutations of training data defined in Table 3. Bold typeface represents the best mean in each category separated by the
horizontal lines. GPOD-MF metrics are not given in the central regions as adaptive GPOD methods only update values inside the

gaps.
Model Gap size RI Ml L2 KL

Central regions:

UNet, MSE 25% 0.999 =0.000 0.978+0.001 0.044+0.002 0.0000.000
UNet, huber 25% 0.999 £0.000 0.978+0.001 0.045+0.002 0.000+0.000
UNet, gradient 25% 0.999 £0.000 0.972+0.003 0.057+0.005 0.0010.000
UNETR 25% 0.999 £0.000 0.983+0.001 0.034+0.003 0.0000.000
CE-GAN 25% 0.885 0.006 0.739+0.006 0.470=0.011 0.020+0.001
Edge gaps:

GPOD-MF 25% 0.762 =0.008 0.629+0.007 0.654+0.009 0.144=0.011
UNet, MSE 25% 0.817 £0.005 0.691+0.006 0.571=0.006 0.029+0.001
UNet, huber 25% 0.822 £0.001 0.6910.004 0.565+0.002 0.028+0.001
UNet, gradient 25% 0.826 =0.008 0.692+0.003 0.559+0.010 0.040-0.009
UNETR 25% 0.800 +0.005 0.680+0.004 0.598+0.004 0.027+0.001
CE-GAN 25% 0.735 +£0.005 0.620+0.004 0.677+0.005 0.055+0.004

True, centre

Pred. centre

—— True, edge e[

Pred, edge

10" 10!
Wavenumber &

Figure 10. Energy spectra comparing the ground truth test set
images to the UNet, MSE predictions at a 10% test gap size.
Ensemble mean spectra are given by solid or dashed lines.
Shaded areas represent one standard deviation from the mean.

The CE-GAN demonstrates relatively poorer perfor-
mance across the board. Li et al.*® also reported rela-
tively low pixel-wise accuracies for the CE-GAN in an
inpainting task on PIV data, but better performance
than GPOD in terms of predicting multi-scale proper-
ties. These findings are supported in the present study;
however, Tables 8 and 9 show that the CE-GAN results
are worse than UNet-based models across all metrics,
especially in the central image regions. Finally, the
GPOD-MF method yields the lowest performance, as
GPOD-MF is sensitive to the limited amount of spatial
information available near the gap regions. Difficulties
arise because the algorithm initialises the gaps with
ensemble mean vectors calculated from the training set,
then iterates on these guesses using the dominant flow
features from POD-based reconstructions. However,
for highly variational flows, the mean can be a poor

approximation of the full dataset.*® GPOD-MF can
typically overcome this by utilising the local spatial
information to update the guesses, but this is not so
effective for large block gaps and errors can be com-
pounded instead. Figure 9 shows that the algorithm
converges at a relatively small number of modes, repre-
senting the dominant flow structures. While these
dominant structures do not fare as badly on the global
vector-based metrics, they are overly smoothed and dif-
fer vastly in terms smaller-scale flow structures, as
shown by the large KL divergences between the
GPOD-MF predictions and the true vectors in the edge

gaps.

Discussion

These results have shown that UNet-based models are
capable of extrapolating beyond the field of view by
reconstructing the flow inside edge gaps to a reasonable
degree of accuracy, significantly out-performing
GPOD. At 10% gap size, all three UNets achieved an
RI of at least 0.89 on average for the unseen crank
angle, showing that vector alignments can be well-
predicted in general. However, the 25% gap size pre-
sents a much harder challenge, with RIs falling to
~0.82. The raw metrics at 10% and 25% gap sizes
might not seem too disparate at first, but a visual
inspection of Figures 13 and 14 reveals that the differ-
ences between these scores has significant consequences
in the predicted flow fields. While the predicted flow
fields at the 10% gap size appear to be reasonable in
general, the predictions at the 25% gap size are unreli-
able, with large inaccuracies in the predicted flow
motion.

This poses an interesting question as to what level of
accuracy should be expected from an inpainting model
and whether it is possible to accurately predict the flow
inside edge gaps as large as 25% of the total pixels. The
process of inpainting in this case relies on there being a
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Figure 1. Sample flow fields from the 10% gaps test set. Top row: best UNet, MSE prediction (L2 =0.225); bottom row: worst
UNet, MSE prediction (L2 =1.026). (a and d) Original snapshot with the test mask shown as horizontal red lines, (b and e) gappy
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Figure 12. Pixel-wise L2 errors between the UNet predictions and the original images for (a) the best (top row of Figure | 1) and

(b) the worst predictions (bottom row of Figure |1).

strong correlation between the flow at the centre of
image and the flow inside edge gaps. For the larger gap
size, it is less likely for such a correlation to exist, as the
distance between the outer gap regions and the nearest
data-containing pixel is increased. If there is no strong
correlation between these different regions of the flow,
then this becomes an ill-posed problem, with many pos-
sible options for the flow behaviour inside the edge
gaps.”’ Future work should investigate how the inter-
nal correlations within the flow relate to an inpainting
model’s performance, to further inform what is and is
not possible within this task.

Comparisons between the neural network models
here show that UNet-based models exhibit similar per-
formances, while the CE-GAN accuracies are markedly
worse. In particular, the low accuracies inside the cen-
tral regions indicate that the CE-GAN is not retaining
as much of the information in the image centres as the
UNet-based models are. Indeed, although both models
incorporate autoencoder-like structures, while the CE-
GAN generator has an AlexNet-like architecture,®*
UNet-based models utilise skip connections that are
designed to preserve contextual information at each
stage of the autoencoder. This allows the UNets to



Baker et al.

1667

r EEEEE G AN
R T R R

ot e B T Te B o

C S iy W e TR e S R o o
*--...H-.,‘.-,-.‘--ln..—ith-—bﬂ'd
1 -_-.-;-i~,..-’.u._-o*-v--..-»r"-'-"-

Hpp b by AP A

e B ]

- R L i

'I-!-" el b

- o o
= <
S B

Original

v PNy iy X

R R SR R N R ]
_p.a.rj'fdl.:a.p.t_...-.:ﬁﬁa.*
o AR oy g o A A

] 44.‘444...,.;44.,..#-'}!

e e e BN i & 4

- by R g S Y e R

T iy g S e
oy )y W e o SRR

T D R A Y L
1 uﬂ-uﬁ‘n-;-‘-gy-t-t_—ﬁ,""'*-*f“- ol
Sk, wow w AR e AR

W W W W w w R L, x AT
g 1 : g Ry .y = o A

E R )

L AN X RARS
o R L R oy A A
RO T o e R
B T I T
e bR b e R et
ok

-+ oy
e R T e

T = w o e e
Smw oy oy kR

5 e A T e e
B b e e ]

UNet, MSE

ERrgr e ]

A p P A oyt ¥
TS Y A SR g B
aJ444.;4-.44414.34J.v.-'

e T T e N
e e B T R
b g g g kb Ry ¥y
g gy, e N e AR
ko g gy SRR LE oy AR R

1 -"\-;-a\\,-0--‘-1.-,--«4"'"’4-#""

Py Y
L ARy gy mAAR T
R B S R )

2
s el T T T ,q.l'_
"

]
B e T TR e
"'"'\-1—""*11"-""‘ﬁ o
e el T e -

- ey YRS S
B e b oy W R
ok }
e T ]

e
Tl R e e

Sy wow oy kR
W E E W TR e

B T e
g ates Bt

i T L e
T e S
e e I T I
R )

UNet, huber

e s F Y
I R X g
I B L RS
b T D o b ko b o 0 it
R e - N
oy ‘-.‘n- - =¥ S

o e Wy -!‘H\-O*""'-l":::'."
e TR E N TR A
- e TR T et e i s nin .

T L~y o+ et &L

: Bos, JATR
B, At

nE K

e
o w
-

|

g oy A AL
R T

e e 0 T Rl B e e i
P

e R aa
e Rttt L EE .4
I T R B i it

y u e A'.-a.-'l.au_._.af

._.._,qa;x.a#_.......a#.-‘
o I Ll

b o Fw h h
Y B b T i i T
B e e e e

- e b e e e e
B bl T R e e e T B

e bl 0 B B o Bt BN
B e
e T

o i i
Atx A
t
+ e e e
S uy

W oy Y
_-..4*4#-01'.-4-‘
e e
R e R R
s —

Figure 13. Comparison of different model predictions for a single test snapshot at 10% gaps. Gappy images formed by removing
data outside of the red lines in the original image are fed into the models.

simultaneously preserve information in the image cen-
tre to a very high degree of accuracy and yield gap pre-
dictions that seamlessly integrate with the rest of the
image. This has also correlated with better edge gap
predictions for the UNet-based models in this case. It
should be noted that this particular application pushes
the CE-GAN beyond its initial design intention of
solely predicting inside the gap region, rather than also
reproducing the entire image. The other key difference
between the UNets and the CE-GAN is the adversarial
training dynamic employed by the latter, which if
unstable, could also contribute to lower performances.
A note is needed regarding the relatively high L2
errors, of between 45% and 47% for the UNet-based
models. It is hypothesised that the main reason for the
higher L2 errors reported in this benchmark is the sig-
nificant out-of-plane motion present in the TCC-III
engine, which is not accounted for currently. As shown
in the bottom row of Figure 11, the flow at the image
centres reveal few indicators of the sudden change in
vector directions inside the edge gaps. However, only
two velocity components along a single PIV plane are
observed here. It is possible that accounting for out-of-
plane motion by gaining access to the third velocity
component using techniques such as tomographic
PIV® or assimilation with CFD data®” will be required

to significantly reduce the L2 errors in this situation
and such investigations will constitute future work.

With the present results as they are, it is recom-
mended that UNet-based models can be used to recon-
struct the flow in large block gaps with as many as
10% of the total number of pixels missing to a reason-
able degree of accuracy. Such reconstructed flow fields
could be used to improve understanding of general flow
patterns and replace ensemble mean-filled or interpo-
lated flow fields as inputs into other data analysis meth-
ods like modal decomposition. However, despite the
well-predicted vector alignments, care should be taken
when using the vector magnitudes from the predicted
flow patterns, as these were found to under-predict the
ground-truth values. Note that the performance of the
UNets is expected to improve for easier inpainting
tasks such as smaller and more centrally-located blocks
of missing data, in which case the prediction of these
vector magnitudes would likely improve. Testing the
sensitivity of inpainting models to a range of gap types
is also recommended for future work. Finally, reliably
inpainting edge gaps for the 25% gap size appears to be
out of reach at present and as previously discussed, an
investigation into how feasible it would be for any
model to accurately reconstruct the flow in such scenar-
ios is recommended future work.
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Figure 14. Comparison of different model predictions for a single test snapshot at 25% gaps. Gappy images formed by removing
data outside of the red lines in the original image are fed into the models.

Conclusion

This work has introduced the EngineBench database
and used it to establish the first inpainting benchmark
for an industrially-relevant turbulent flow, in order to
address the limited availability of practical benchmarks
on experimental data. The models were tasked with
inpainting large edge gaps, a highly challenging prob-
lem that pushes the models to the limits of their cap-
abilities. This benchmark was used to provide objective
insight into how a range of widely-used models behave
in these challenging conditions, identify success and
failure modes and provide recommendations for future
work.

Firstly, a number of data augmentation strategies
that introduce artifical gaps of different forms into the
data are tested to find the optimum strategy for inpaint-
ing edge gaps. A novel strategy, named random edge
gaps, was created to introduce edge gaps of random
sizes, locations and orientations into the training data.
Although fixed gap training yielded the best results in
terms of MI and KL divergence, random edge gap
training was shown to result in the most accurate
predictions of vector orientations and pixel-wise errors
due to the improved generalisability. Random edge gap

training is therefore recommended for the creation of
flexible and generalisable inpainting models in this case.

Overall, UNet-based models demonstrated the best
general performance across the four metrics and two
gap sizes tested. Indeed, the UNet-based model predic-
tions in the edge gaps approached self-similarity at the
10% gap size according to the vector-based metrics.
This suggests that even gaps as challenging as large
edge gaps can be reconstructed to a reasonable degree
of accuracy with the use of a UNet, which exhibits sig-
nificant performance improvements over the GPOD
method for this type of gap. However, pixel-wise L2
errors remained relatively high for all model predic-
tions. A visual inspection of the reconstructed flow
fields revealed that sudden changes in the flow direc-
tion without any obvious indicators in the rest of the
flow was a cause of lower reconstruction accuracies. It
is therefore hypothesised that acquiring information on
the out-of-plane motion, such as through stereo-PIV or
data assimilation with CFD, would be needed in order
to rectify this issue.

A comparison between the UNet-based models and
the CE-GAN showed that the former were capable of
preserving the central flow information provided at the
input to a very high degree of accuracy and then
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leveraging this information to produce better predic-
tions inside the edge gaps. This suggests that skip-con-
nections, contained within UNet-based models but not
the CE-GAN generator, are important architectural
components that facilitate high accuracies for neural
networks training to reconstruct turbulent flow data.
This characteristic should be considered in future
model development.

In summary, the main practical findings arising from
this article are that deep learning methods can outper-
form GPOD for challenging flow reconstruction tasks;
the performance of UNet-based models for up to 10%
relative gap sizes is likely sufficient for informing gen-
eral flow patterns and contributing to data analysis
approaches such as modal decomposition methods, but
not predicting detailed physical phenomena; the ran-
dom edge gaps data augmentation technique is effective
in helping the deep learning models to generalise and
reach higher performances. Recommended future work
consists of investigating methods of incorporating
information on the out-of-plane motion into the
inpainting task, exploring how the spatial correlations
within the flow impact expected inpainting perfor-
mance and testing inpainting models on a variety of
different gap types including random noise and other
forms of block gaps.
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Appendix A: Training Loss Curves
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Figure Al. Training loss curves for each of the parametric models for permuation A at 10% gaps. In the CE-GAN plot in (e), note
that the generator ‘G’ was trained using a combined MSE and BCE loss, while the discriminator ‘D’ was trained solely with the BCE
loss. (a) UNet, MSE. (b) UNet, Huber. (c) UNet, gradient. (d) UNETR. (e) CE-GAN.



