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Abstract. Quick turnaround times in the design stages of the aerospace industry require faster
and more accurate predictions of the flow fields, especially in turbomachinery applications.
Recent advances in machine learning combined with the increased computational resources
available, data-driven approaches are replacing or aiding expensive computational fluid dy-
namics (CFD) simulations. Here, an unsteady flowfield from an aspirated intake subjected to
a crosswind is used to delineate the flow features using image segmentation, where a convo-
lutional neural network (CNN) is used. Preliminary results from the comparison of two CNN
architectures are compared to identify regions of intake distortions such as the ground vortex or
a lip separation. Future work will be focussed on using these architectures to predict CFD flow
topologies, which will allow the rapid assessment of geometric changes at the design stage, and
substantially improve the overall time required in the performance evaluation of turbomachin-
ery components.
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1 INTRODUCTION

Machine learning techniques have gained popularity in recent years with deep learning tech-
niques applied to computational fluid dynamics (CFD) processes in the turbomachinery and
aviation industries [1]. These machine learning algorithms have been used to augment lower-
fidelity CFD models such as URANS (unsteady Reynolds—Averaged Navier—Stokes) with data
obtained from high-fidelity CFD models such as LES (large eddy simulation) to train the ma-
chine learning models, primarily with the aim to improve the modelling of turbulence. More
recently, convolutional neural networks (CNN) which are a class of deep neural networks, have
been used to predict the flow fields, and the lift and drag coefficients of airfoils for flow control
applications accurately ([2], [3]). Using a limited number of airfoil geometries and flow con-
ditions, Bhatnagar et al. [3] and Thuerey et al.[4] demonstrated that they were able to predict
the flow field and fluid quantities faster than RANS simulations for unseen airfoils with a root
mean square error of less than 10% across the flowfield. These deep learning methods usually
involve the use of UNET-type architectures involving an encoder and a decoder path. These
architectures have been used for the prediction of real-time flow solutions for hydrodynamic
applications ([5] ).

UNET is a fully convolutional neural network architecture that was developed for biomedical
image segmentation [6, 7] with a small dataset of images. The UNET architecture consists of
a contracting path and an expansive path resulting in a u-shape and giving the architecture
its name. At each level, there are two convolution operations followed by a rectified linear
unit (ReLU) operation and a max-pooling operation. The images are down-sampled in the
contracting path while the feature information is increased. On the decoder side, the transpose
of these operations is performed at each level. At each up-sampling level, the feature map from
the corresponding contracting level is concatenated and these are known as skip connections.
These skip connections provide high-resolution features to improve the performance of these
networks. The resulting output from the UNET architecture is a highly segmented map and
these are useful in biomedical imaging [8, 9]. Following the success of UNET, a range of
UNET architectures have been proposed (see [10]). Of these, UNET++ is purported to have an
overall gain over the conventional UNET architecture [11]. UNET++ consists of an encoder and
decoder sub-networks that are connected through a series of nested, dense skip pathways with
multiple convolutional blocks in between. The high-resolution feature maps from the encoder
network are enriched prior to concatenation with the corresponding semantically rich feature
maps from the decoder network, which in turn capture a finer foreground image compared to
the background [11].

In this study, we consider the results from a simplified aspirated intake geometry in ground
proximity, which has recently been used to validate CFD codes [12]. The intake is subjected to
crosswinds and a range of flow topologies are observed at the Aerodynamic Interface Plane(AIP).
Quantifying the losses at the AIP is significant from an aero-mechanical perspective, as the fre-
quencies associated with the distortion can have an impact on the forced response characteristics
of the downstream turbomachinery components. At low crosswind velocities, a ground vortex
forms which is ingested into the intake and at high crosswind velocities, the vortex begins to
oscillate leading to unsteady dynamics and larger distortion levels compared to lower crosswind
velocities. At higher crosswind velocities, lip separation is observed leading to a larger pressure
loss at the AIP. The flow dynamics for this generic intake configuration provide a range of CFD
flow topologies from the unsteady dynamics and thus a rich dataset of CFD images.

The remainder of this paper is organised as follows: section 2 deals with the numerical
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Figure 1: Schematic of the UNET and UNET++ architectures based on Zhou et al.[11]. Black blocks indicate the
original UNET architecture, green and blue show dense convolution blocks on the skip pathways, and red indicates
deep supervision. Red, green, and blue components distinguish UNET++ from UNET.

method used to generate the numerical data for the CFD simulations. Section 3 describe the
flow topology and the losses observed in an intake flow in ground proximity and the comparison
of the two UNET architectures used for semantic segmentation. This is followed by conclusions
in section 4.

2 NUMERICAL SETUP AND SOLVER

The geometry chosen for this study is the simplified intake proposed at the 5** Propulsion and
Aerodynamics workshop [13] in January 2020, and is based on the experimental and numerical
studies from Cranfield University [14, 15, 16, 17]. The cross-sectional view of the intake is
shown in Fig. 2(a). The intake lip has a 2:1 elliptical profile and the AIP/fan-face is located
0.7D; downstream of the intake highlight plane. The length of the intake is 8.4D; and the intake
exit boundary is approximately 7.7D; downstream of the intake lip. For the CFD simulations
in this study, the intake was placed in a computational domain which was 48D; in length as
measured from the start of the inlet to the exit boundary, 30D; in width and 15D; in height
(figure 2(b)). The intake was placed 0.25D); above the ground plane. The Reynolds number
was set to ~1x10° based on the intake diameter (D;) and the intake velocity U;. The intake
exit boundary was set as a mass flow boundary condition with an intake mass flow rate of
m=1.46kg/s, and the corresponding value of the fan-face Mach number was M ;p = 0.55 or
the equivalent capacity () = 0.0332. The non-dimensionalised velocity U* is defined as the
ratio of the intake velocity (U;) to the crosswind velocity (U,,). The left-hand face (looking
upstream of the intake) was assigned a velocity inlet boundary condition and the right-hand
face was assigned the outlet boundary, and the remaining boundaries were assigned a symmetry
boundary condition.

A three-dimensional time-accurate finite volume numerical solver (AU3D), was employed to
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Figure 2: (a) Cross-sectional view of the axisymmetric intake with an elliptical lip showing the major dimensions
of the intake in terms of the intake diameter (D;). The intake is located at a height 4/ D; = 0.25 from the ground
plane. Image reproduced from the PAW participant guide [13]. (b) The dimensions of the computational domain
used, with the flow from the left-hand side of the intake.

solve the Favre-averaged Navier—Stokes equations, which has been developed at Imperial Col-
lege London together with Rolls Royce plc [18, 19]. The code uses a time implicit algorithm
which is second-order accurate in both space and time. The turbulence model used was a stan-
dard Spalart-Allmaras model implemented in the code. The numerical solver is capable of sim-
ulating both steady and unsteady flows, and has been widely used to perform aero-mechanical
computations involving flows in turbomachinery and aero-engine intakes [20, 21, 22].

3 PRELIMINARY RESULTS
3.1 Flow Topology

For the intake subjected to a low crosswind (U* 2 15), a ground vortex is ingested into the
intake with a vortex forming on the windward side at approximately a 5 o’clock position at the
Aerodynamic Interface plane. As the crosswind velocity is increased, the ingested vortex begins
to oscillate periodically. The magnitude of the distortion of the vortex varies as it oscillates
(13 < U* < 6) with the vortex appearing on the leeward side at reduced strength. For high
crosswind velocities (U* < 6), a windward side lip separation is observed together with the
ground vortex and for even higher crosswind velocities of U* < 4.55, the ground vortex is
transformed to a trailing vortex and a distinct vortex does not form at the AIP. The distortions
measured at the AIP were within the range of values observed by various researchers at the
5% Propulsion and Aerodynamics workshop [22]. In this study, we consider two crosswind
conditions, one at U* ~ 6.1 and the other at U* ~ 5.25. The former shows only the presence of
a ground vortex and the trailing vortex at approximately 10-12 o’clock position, while the latter
shows a large windward lip separation. These simulations were run for several through-flows
post-transience, and the intake pressure recovery (/ PR = P,/ P, ) at the AIP was monitored.
The distortion metrics were aperiodic and this was primarily associated with the meandering of
the ground vortex.

Figure 3 shows the contours of / PR at the AIP for the two crosswind conditions investigated.
For U* ~ 6.1, the ground vortex oscillates between the 5 and 7 o’clock positions at the AIP
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Figure 3: Contours of /PR at the AIP at the specified time-instants for (a)-(d): U* ~ 6.1; where the contour
limits are between 0.073 (blue) and 1.018 (red); and (e)-(h): U* ~ 5.25, where the contour levels are between 0.68
(blue) to 1.004 (red). For U* ~ 6.1, only the ground vortex is observed at the AIP and for U* = 5.25, a windward
side lip separation is observed along with the ground vortex. Flow is from left to right in these images.

with the distortion levels varying over this time period. At the higher crosswind velocity of
U* ~ 5.25, the lip separation is observed with the ground vortex occasionally meandering to the
leeward side. The shape and size of the lip separation vary with time. For the higher crosswind
condition, the distortion is higher on account of the lip separation leading to a large loss in
P, arp. Over the course of these two simulations, there are variations in the total pressure
loss at the AIP resulting in a rich dataset of images for the training using a convolution neural
network for each crosswind condition. The snapshots for U* ~ 6.1 and 5.25 were spaced
3.75x1074s and 7.5x 107 5s apart.

3.2 Image segmentation

For the image segmentation, the images of total pressure contours from the two URANS
simulations above were captured at the AIP. The images were then scaled to 512x512 pixels
and converted to grayscale. The ground truth or the masks were generated by inverting these
images to obtain a black-and-white image of the same dimension. The objective of the work is
to discern the region of total pressure loss such as the ground vortex or the windward side lip
separation (Fig. 3) from the flow field and the masks provided a fairly accurate representation
of the regions of distortion. Images in each set were then categorised into training, validation
and test datasets. Two architectures of the UNET family were used; first, the default UNET
architecture, and the second, UNET++, which has multiple encoders to generate strong features
from the input image. For the purposes of this study, openly available codes for UNET ([23]
and UNET++ architectures ([24]) were used. The hyperparameters - batch size and epochs used
for the comparison of the two cases were 10 and 20, respectively. The same number of training,
validation and test images were used for a direct comparison between the two architectures and
are listed in Table 1. For the image sizes specified, the UNET architecture took approximately
one hour while UNET++ took approximately six hours due to its dense skip connections running
on sixteen CPU’s with an average use of 25GB of RAM.
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Table 1: Topology of the UNET architecture used in Data Set Training and Testing.

U* | Training data size | Validation data size | Testing data size
6.1 1000 50 50
5.25 2500 100 100

Fig. 4 shows the comparison of the two architectures in relation to the ground truth and the
original grayscaled image of the total pressure contour of the AIP for U* ~ 6.1 and 5.25. A
random image from the test dataset was chosen for the back-to-back comparison of the two
architectures. For both crosswind conditions, UNET seems to closely predict the features of the
vortex features such as the separation along the shroud (Fig. 4(c)), and the entire extent of the
vortex is captured well with UNET. In contrast, UNET++ typically captures a smaller region of
the vortex or the lip separation (Fig. fig:1d and 4(h)) and also captures the centre of the vortex
which is represented by a darker colour (the deeper shade of blue as seen in the colour images
in Fig. 3(¢)).

(a) (b) (©) (d)

(e) ® (€9) (h)

Figure 4: Comparison of the outcomes of the two UNET architectures for a random instantaneous snapshot
of the total pressure contours at the AIP. (a),(e) Gray-scaled contour of the total pressure contours. (b), (f) The
corresponding ground truth or mask used. (c), (g) the predicted output from UNET and, (d),(h) the predicted mask
from UNET++. Top row: U* ~ 6.1; bottom row: U* ~ 5.25. Flow is from left to right in these images. The
intake lip separation is observed on the windward side for U* ~ 5.25.

Thus, the two UNET architectures are successfully able to predict the segmentation of the

flow features from the background and qualitatively demarcate the regions of distortions.
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4 CONCLUSION AND FUTURE WORK

In this study, a simplified aspirated intake was used as a test case to investigate the flow
dynamics when subjected to a crosswind. The rich dataset generated from the flow simula-
tions provides a host of images which were used for semantic segmentation using UNET and
UNET++ architectures. The images from the CFD simulations were trained using the two ar-
chitectures and small differences pertaining to the size of the distortion were observed. Further
investigations are currently underway to optimise the number of training images/epochs re-
quired for the accurate segmentation of such images. Future work is aimed at developing fluid
dynamic predictions based on UNET architectures [3, 25, 26, 27].
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