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ABSTRACT

Vortex core detection remains an unsolved problem in the
field of experimental and computational fluid dynamics. Avail-
able methods such as the Q, delta, and swirling-strength criterion
are based on a decomposed velocity gradient tensor but detect
spurious vortices (false positives and false negatives), making
these methods less robust. To overcome this, we propose a new hy-
brid machine learning approach in which we use a convolutional
neural network to detect vortex regions within surface stream-
line plots and an additional deep neural network to detect vortex
cores within identified vortex regions. Furthermore, we propose
an automatic labelling approach based on K-means clustering to
pre-process our input images. We show results for two classical
test cases in fluid mechanics; the Taylor-Green vortex problem
and two rotating blades. We show that our hybrid approach is
up to 2.6 times faster than a pure deep neural network-based ap-
proach and furthermore show that our automatic K-means clus-
tering labelling approach achieves within 0.45% mean square
error of the more labour-intensive, manual labelling approach.
At the same time, using a sufficient number of samples, we show
that we are able to reduce false positives and negatives entirely
and thus show that our hybrid machine learning approach is a
viable alternative to currently used vortex detection tools in fluid
mechanics applications.
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1. INTRODUCTION

Itis widely considered that vortex dynamics play an essential
role in determining the behaviour of fluid flows in practical ap-
plications. For instance, identifying the locations of vortices on
the aircraft objects consigning to reduced drag and lift. It is also
beneficial to know the exact location of vortex cores when auto-
mated mesh refinement in computational fluid dynamics simula-
tions (CFD). Therefore, during the last decades, researchers have
intensively studied the identification of vortices in flow fields.
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Two types of algorithms are commonly used to detect vor-

tices, local and global. The local method is based on the de-
composition of the local velocity gradient tensor such as Q crite-
rion [1], delta criterion [2], Lambda 2 criterion [3], and swirling-
strength criterion [4]. These techniques could acquire reason-
able estimates, yet, at the same time, these techniques generate
a substantial number of false positives and negatives. To con-
trol the number of these false positives and negatives, the user
should set appropriate parameters which lead to poor robustness.
The Global vortex detection methods are typically accomplished
through streamlines to detect vortex regions. Generally, global
methods are more robust than local methods, but they use neigh-
bouring cells to identify vortical flows, which adds to their com-
putational time. On the other hand, local methods require users’
input who have specific knowledge about the field, making them
inappropriate to detect vortex cores automatically. Due to this,
both local and global detection methods have weaknesses and
cannot provide fully robust and reliable results.
To address this problem, we present a hybrid computer vision
and artificial neural network (ANN) machine learning approach
to detect vortex cores in this study. Initially, we employed com-
puter vision to identify the areas of vortical structures [5]; then,
we applied ANN to identify the vortex core within the vortex
region. You Only Look Once (YOLO) algorithm [6] has been
used in the computer vision part to identify the areas where the
vortex cores are located. YOLO applies a neural network to the
whole image at once rather than making predictions on individual
parts within the image. Then, ANN is added on top, where this
hybrid approach of computer vision using YOLO and machine
learning using ANN will add new dimensional. ANN is a set
of features that can be used not only to identify the vortices in
general but also to detect the vortex core, which is an important
application in fluid mechanics. The benefit of tracking these vor-
tices is to know how the flow is developing. The ANN algorithm
is performed using Keras, which is a deep learning Application
Programming Interface (API) acting as an interface for Tensor-
Flow [7]. TensorFlow is an open-source written in Python for
machine learning.
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2. LITERATURE REVIEW

Computed fluid dynamics has been applied to diverse ar-
eas such as medical [8, 9], aircraft navigation during nose-ups
and rolls of jets [10], as well as industrial applications [11].
CFD modelling is used to simulate turbulent flow with vortex
structures of different scales of motion [12]. The book "Vortex
Dynamics," by Saffman [13], defines a vortex as "a finite vol-
ume of vorticity immersed in irrotational fluid". This definition,
however, does not satisfy since it requires "that the fluid is ideal
for making strict sense because viscosity diffuses vorticity" [13].
Lugt [14] described a vortex: “A vortex is the rotating motion of
a multitude of material particles around a common centre”. This
definition does not lend itself to practical implementation in a
detection algorithm [15]. Another definition from Robinson [16]
is that “a vortex exists when instantaneous streamlines mapped
onto a plane normal to the vortex core exhibit a roughly circular
or spiral pattern when viewed from a reference frame moving
with the centre of the vortex”. This definition is self-referential
because, in order to identify the vortex core, we would need prior
knowledge of its location, orientation, and motion.

Although no formal definition exists, identifying vortices using
the methods currently available has been extensively documented
inrecent years. The two common approaches to detecting vortices
are local and global algorithms [17-19]. Local methods rely on
the velocity gradient tensor. These methods produce quick results
and are relatively easy to implement. Nevertheless, some param-
eters need to be carefully selected to guarantee robust results,
thus increasing the time required to identify vortex cores. Global
vortex identification methods are generally based on streamlines
to identify vortex regions. Some of the most widely used global
methods are the winding angle [17], the instantaneous vorticity
deviation (IVD) [18], and the elliptic objective Eulerian coher-
ent structures (OECS) [19]. Generally, global methods are more
precise than local methods due to their use of neighbouring cells
to identify vortical flows, but they require more computational
time than local methods [20]. Moreover, global methods require
user input, so they are unsuitable for detecting vortex cores au-
tomatically. Consequently, both local and global methods have
their limitations and cannot obtain completely robust and reliable
detection results.

In this study, we employed computer vision and machine learn-
ing approaches to detect vortex cores in a flow field in order to
overcome existing problems and eliminate the current limitations
of traditional local and global vortex identification methods. In
our approach, we infer vortex locations directly from images and
the data to generate these images, rather than relying on surrogate
quantities such as the velocity gradient tensor, as used by local and
global methods. For vortex extraction, several computer vision
approaches have emerged in recent years. In computer vision, a
wide range of techniques is conceived for extracting, tracking, and
identifying features from images [21, 22]. Scientists rely on visu-
alisation to understand, analyse, and identify physical phenomena
or mathematical models, so tracking features in their fields dif-
fers from most computer vision applications. A computer vision
technique was recently developed to detect vortical structures in
the flow field in order to obtain highly robust and reliable mea-
surements. In a computational research study using deep neural

networks, the reconstruction of velocity and pressure fields in
turbulent flow with high resolution has been tested, as well as
identifying the characteristic features of the turbulent flow, using
computer vision [23]. By using a convolutional neural network
(CNN), Franz et al. [24] detected and tracked ocean eddies and
provided the labelled training data based on local vortex identifi-
cation. From sea surface height maps, Lguensat et al. [25] used
a deep neural network (DNN) to detect ocean eddies by using the
entire visualisation images of the flow field. In a study by Deng et
al. [26], they developed a vortex identification method based on a
CNN, using the global instantaneous vorticity deviation method
along with a local method to determine each point’s label. The
local vortex detection algorithms are used to label data sets that
are likely to contain spurious vortices, and therefore the network
can be trained using false positives and false negatives.

In recent years, notable advancements have been observed in
machine learning methodologies, capable of autonomously de-
termining essential attributes from extensive datasets. These
achievements have been particularly apparent in diverse domains,
such as fluid dynamics. This success can be attributed to progress
in algorithms, with a focal point on deep learning [27], facilitated
by the contemporary strides in computational power. In these
instances, supervised machine learning has played a pivotal role
by approximating the intricate connections between input and
target data, leveraging its remarkable universal approximation
capabilities [28, 29]. Lee et al. [30], support vector regression
is employed within the field of fluid dynamics to differentiate
between diverse flow conditions and dynamic regimes. Sup-
port vector machines (SVMs) have established themselves as a
classical machine learning algorithm for addressing classification
challenges. This supervised learning approach is grounded in sta-
tistical learning theory, encompassing the principle of structural
risk minimization. These endeavours have given rise to a sub-
stantial body of research, featuring an array of machine-learning
methods, all accomplished within a relatively brief span. Ma-
chine learning methodologies were additionally devised for the
purpose of vortex classification and identification, as evidenced
by studies conducted by Ribeiro and Franck [31], and Deng et
al. [26].

We propose in this study an alternative way to use CNN to track
and detect the region of vortical structures on streamline plots by
replacing local detection methods for labelling vortices manually
and automatically by employing computer vision and unsuper-
vised learning algorithms (K-Means Clustering). This approach
allows us to obtain just the region of vortices and eliminate false
positives and negatives. As a result, CNNs will be more accurate
for identifying vortex areas and the training time of the machine
learning algorithm is also reduced to detect vortex cores. The
following section describes the machine-learning approach to de-
tecting vortex cores.

3. METHODOLOGY
3.1 Streamline detection using the line integral convolution
algorithm (LIC)
In order to prepare an image data set for a computer vision
framework, we use the LIC algorithm as a vector field technique.
As proposed by Cabral and Leedom [32], LIC is used to extract



the velocity vector from each pixel and compute its local stream-
lines from that vector. This numerical algorithm integrates along
streamlines, but the speed depends on the vector field at that
point, so in regions with a fast flow, the lines will be long, and
vice versa. Streamline plots are generated by covering a surface
with a white noise image value at the resolution required for the
plot. It then computes the following integral:

L/2
C(r)= J—L/Z k(s)N(o(s))ds (1)

where C(r) represents the colour value at location r, s being the
arc length along the streamline, k() is an appropriately chosen
kernel function to limit colouring to local space and N (o (s))
containing the grey-scale image. Integration over a distance L is
performed along the streamline ds. Fig 1 shows an example of
the output produced by the LIC algorithm. In contrast to the tra-
ditional flow line method, LIC does not produce line primitives
instead, it generates a texture whose pixels are coherent along
the flow direction. This will make it very easy to visualise the
flow direction everywhere in the domain. The LIC module is

FIGURE 1: VECTOR FIELD VISUALIZATION (LINE INTEGRAL
CONVOLUTION).

available in ParaView, where we generate our streamline plots.
These images are then further pre-processed using the Torchvi-
sion module — which is part of PyTorch Python — in order to
make the training more robust by rotating, cropping, and flipping
them horizontally or vertically flipping data augmentation. In or-
der to train the YOLO-supervised algorithm, we manually label
vortex regions on the LIC images. Although this is a lengthy
process, it has to be carried out just once to be able to apply it to
different fluid problems with confidence.

3.2 YOLO

YOLO algorithm [6] has gained attraction in the past few
years, based on advanced research achievements in the field of
computer vision, it has achieved a good balance between speed
and accuracy [33, 34] for object detection. YOLO is a regression
problem that passes the entire image into a Neural Network. In
Fig 2, the YOLO framework is illustrated. In this method, the
inputimage is divided into a SxS grid cells and perform detections
in each grid cell. A grid cell is responsible for detecting an object

whose centre falls into it. Each cell predicts B bounding boxes
along with the confidence scores for these boxes. Based on the
confidence scores, we can determine whether an object exists in
a grid cell. The confidence is formulated as follows:

Confidence = Pr (object) X IOU;;;_’gdh (2)

Bounding boxes + confldence

. Vortex region detection

Class probability map

J%/\&x

SxS gird on input

FIGURE 2: YOLO MODEL DETECTION.

Where P, (Object) € [0,1] and IoU is the Intersection
over Union between the predicted bounding box and the ground
truth labelling. In the case where there is no object in that cell,
the confidence score equals zero, whereas if there is an object,
the confidence score is equal to the /JoU. Each bounding box
consists of (5+C) values to predict the object as follows: x, y,
w, h, confidence and C class probabilities. (X, y) represent the
centre coordinates of the box, and (w, h) represent the width and
height of the box, respectively.

In this study, we utilised YOLO version 3 [35] for identi-
fying the region of vortex cores, improving detection accuracy
and reducing false positives and false negatives. The backbone
network of YOLOV3 is called Darknet-53, which has 53 CNN
layers, to extract feature images from the input. A schematic of
the YOLOV3 architecture is illustrated in Fig 3. It consists of
residual blocks, skip connections, and up-sampling layers, where
each convolutional layer is followed by batch normalization lay-
ers and leaky reLU activation functions. In YOLOVv3, objects are
detected at three different scales in the network, and the feature
maps are extracted on layers 82, 94, and 106. The first scale is
stride 32 which divides the 416 pixels’ input image into 32 to
produce an output size of 13 by 13, the second scale is stride
16 which produces an output size of 26 by 26, and the last scale
is stride 8 which produces an output size 52 by 52. Therefore,
strides 8, 16 and 32 are responsible for detecting small, medium
and large vortices in our LIC images, respectively. The ability to
detect features at three different scales makes YOLOV3 a better
alternative to YOLOv1 and YOLOV2, especially when it comes
to detecting smaller vortices.

3.3 Unsupervised K-Means Clustering Algorithm

In data science, clustering is a method for finding clusters in
a data set that are characterised by the greatest similarity within
a cluster and by the greatest dissimilarity between clusters [37].
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URE ADAPTED FROM WANG ET AL. [36]

Let us consider a data set X = x1,x2,..... ,Xn, where each point
is a d-dimensional real vector. As the first step in the algorithm,
initial estimates for the K centroids are generated by random
selection. Using the squared Euclidean distance, each data point
X is assigned to its nearest centroid. Let M = m, m;..., m. where
m. is cluster centres. The data point x is assigned to a cluster
based on the following:

C n

Jw, M) =Y wille; = mi 3)
k=1 i=1

Where wy; = 1 for data point x; when it belongs to cluster k;
otherwise, wy;=0. After that, the centroids are recalculated to
update them by taking the mean of all data points assigned to that
centroid’s cluster as follows:

Z?—l WiiXi
mg=———— 4)
iy Wki
- 1, if k = argmin;||x" — m;|| (5)
Wy =
ki 0, otherwise

As an iterative process, the K-means algorithm repeats each
step until no data points change clusters, the distances are min-
imised, or there is some maximum number of iterations.

In this study, the flow field files were automatically labelled
for training our model with computer vision by identifying close
regions around vortex cores, and clusters of these areas were
identified using a K-means clustering algorithm. After applying
K-Means to cluster pixels of the vortex core regions from each
LIC image into groups of similar pixels, then, we obtain the centre
of a cluster which is the average of the pixels in that cluster. It is
also called a "centroid" which represents the vortex core.

3.4 Deep learning model for vortex core identification

Artificial neural networks (ANNS) are one of the subsets of
machine learning. It consists of a set of algorithms and a set
of rules that are based on the biological neural networks that
are found in our brains for the purposes of classification and
regression [38]. In neural networks, input layers are related to
outputs using activation functions. Non-linear neuron theories
can be expressed as follows:



PL,
hpn(x) = f (Z wix; + b) (6)
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Where b is the bias, w;’s are weights of the network, PL,, is
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FIGURE 4: NEURAL NETWORK DIAGRAM FOR A

FEED-FORWARD NN WITH INPUTS LAYERS, HIDDEN LAYERS,
AND OUTPUT.

the number of neurons at layer n, and f is called the activation
function which can be chosen as a Sigmoid (logistic function),
TanH (hyperbolic tangent), ReLu (rectified linear unit), or Soft-
max [39]. A standard feed-forward deep neural network is shown
in Fig 4. The neural network operates by combining data sources
(inputs) and transforming them through nonlinear activation func-
tions. The procedure is repeated once for each hidden layer in
the network until the output layer is reached. The objective of
this study is not only to identify the areas of vortices but also to
detect the vortex cores. Therefore, after identifying the region of
vortices by using YOLOV3 [5], we just obtain the numerical data
of flow field files within these regions. This pivotal step consti-
tutes a profound reduction of the numerical dataset, achieved by
selectively capturing the values that are in immediate proximity
to the vortex cores. In addition, we also fetch whole numerical
data of flow field files for the LIC image for training pure ANN
to compare its results with the hybrid approach. Then the data
set has been labelled manually at first and automatically by using
computer vision and k-means clustering. By utilising computer
vision, we have the capability to determine the number of clusters
by counting the bounding boxes encircling the vortex cores. The
data set is split into 70% training data set, 20% validation data set
to overcome overfitting, and 10% test data set to test the model.
The features of the data set for the single approach (pure ANN)
and our hybrid approach (YOLO and ANN) are divided into five
variable sets as follows:

1. x-velocity, y-velocity, w-velocity, velocity magnitude and
pressure

2. Set 1 + velocity gradient tensor and pressure gradient

Qutput

layer

(o —

3. Set 1 +u-vorticity, v-vorticity, w-vorticity and vorticity mag-
nitude

4. Set2 + u-vorticity, v-vorticity, w-vorticity and vorticity mag-
nitude

5. Set 4 + dynamic pressure, normalised Q-criterion and abso-
lute Q-criterion

In this study, we use TensorFlow and the Keras API, open-source
Python libraries to train our model.

4. PROBLEM DESCRIPTION

In this study, we use a hybrid computer vision and ANN
machine learning approach to enhance vortex core detection fea-
tures and reduce false positives and negatives. The detection of
vortices is one of the most critical and challenging characteristics
of fluid flow analysis. In general, there are two traditional algo-
rithms for detecting vortices: local and global detection which are
based on velocity gradient tensor. Despite delivering fast results
and being easy to implement, these techniques require careful
selection of appropriate parameters in order to achieve reliable
results, making it more difficult to identify vortex cores.

To deal with the issues in traditional vortex identification
methods, we propose a hybrid computer vision and ANN ma-
chine learning approach. The initial step of identifying the vortex
region takes place using YOLOV3 algorithm. This is followed
by ANN to find the vortex core inside the vortex area. To ex-
amine the effectiveness of this model, we use the Taylor-Green
vortex problem and Application to rotating wings-case which its
flow field files obtain from [40]. The Taylor-Green vortex flow
is simulated using Large-Eddy Simulation (LES) at Reynolds
number 1600 [41], the large-scale turbulence is solved directly
using Navier-Stokes equations, and the small-scale turbulence is
modelled using the Smagorinsky-Lilly subgrid-scale model [42].
The discretisation of the Taylor-Green vortex was achieved using
a uniform mesh having a resolution of 64° with a time-step of
At* =~ 0.06, and a total of 335 time steps are required to advance
the solution from t* = 0 to t* = 20 at CFL = 0.6. in this case, t*
is a non-dimensional time, which is defined as * = tUy/L. The
initial conditions are as follows:

u = Uy sin (%) cos (%)cos (%) @)
v=-Ujycos (%) sin (%) cos (%) ®)
w=0, 9

P()Ug
10

2x 2y 2z

p=po+ (cos (T)+COS (f)) (cos (f)+2) (10)

In this case, taking the kinematic viscosity to v =
1/1600m? s~! in order to achieve the desired Reynolds num-
ber of 1600. To do this, set Uy = 1ms~!,pg = 1kg m~3,and
po = 0 Pa. Fig 5 shows the contour velocity plot at the beginning
(z* = 0) at the left-hand side and the final time step (z* = 20) at
the right-hand side.
Validation is undertaken by comparing our simulation set-up with
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FIGURE 5: CONTOUR VELOCITY PLOT. THE LEFT-HAND SIDE (A) AT THE BEGINNING INITIAL STATE AND THE RIGHT-HAND SIDE (B) AT
THE END TIME STEP.
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DeBonis [44] and Beck and Gassner [43] studies based on kinetic

computed as:

energy and time evolution of kinetic energy. In order to compute
the temporal evolution of kinetic energy, the instantaneous veloc-

ity vector is taken into account as follows:

1 U-U
E,=——
poV v 2

The temporal evolution of the kinetic energy dissipation rate is

_dEk
dr

E =

(12)

p——dV

The kinetic energy dissipation rate and the temporal evolution of
the turbulent kinetic energy are shown in Fig 6 on the left and
(11) right-hand sides respectively. Based on the same mesh size as
our simulation, we compare our data here against LES results
and direct numerical simulation (DNS) results. The architec-



TABLE 1: SHOWING A NUMBER OF EXPECTED AND DETECTED VORTICES FOR THE SAMPLE TEST, AS WELL AS COMPARISON OF HYBRID
APPROACHES AND A SINGLE APPROACH HOW TRUE POSITIVE (TP) FALSE POSITIVE (FP) AND FALSE NEGATIVE (FN) REDUCE AS THE
NUMBER OF FLOW FIELD FILES IN THE TRAINING DATA SET INCREASES WITH DIFFERENT VARIABLE SETS FROM 1 TO 5 AS INPUT
FEATURES MENTION IN SECTION 3.4 AND THE COMPUTATIONAL TIME IS TAKEN FOR TRAINING IN BOTH METHODS.

Test image
#of Variable  Total Training . Training
files set vortices Both approaches time Single approach time
TP FP FN TP FP FN
5 1 16 8 11 8 00:42:27 6 5 10  01:39:33
2 16 11 8 5 00:37:48 10 4 6 01:43:24
3 16 8 5 8 00:38:28 9 5 7 01:46:18
4 16 11 3 5 00:42:10 10 5 6 01:53:45
5 16 12 5 4 00:43:18 11 4 5 01:59:37
10 1 16 8 7 8 01:41:59 7 6 9 02:57:52
2 16 13 3 3 01:44:38 11 4 5 03:12:14
3 16 11 5 5 01:46:02 10 2 6 03:20:09
4 16 12 3 4 01:51:11 12 5 4 03:24:20
5 16 14 7 2 01:55:28 14 9 2 03:36:43
20 1 16 13 9 3 02:24:50 10 8 6 05:38:34
2 16 15 2 1 02:40:48 13 4 3 05:42:27
3 16 14 1 2 02:33:17 12 6 4 05:40:01
4 16 15 3 1 02:47:10 13 2 3 05:49:52
5 16 16 0 4 02:56:19 15 3 1 05:54:11
25 1 16 15 4 1 03:11:16. 13 2 3 07:53:40
2 16 16 0 0 03:23:38 16 0 0 08:00:03
3 16 15 0 1 03:15:19 13 0 3 07:58:06
4 16 16 0 0 03:48:58 16 0 0 08:13:13
5 16 16 0 0 04:04:18 16 0 0 08:34:01

ture diagram in Fig 7 illustrates the end-to-end process through
which different software and tools are used to identify vortices
for various purposes. A geometry of Taylor-Green vortex and
mesh refinement is created using ICEM CFD as part of the Pre-
processing. With the mesh file generated, the LES model is used
to solve the turbulent flow using Ansys Fluent 2019 software to
produce Tecplot files for visualisation and flow field files with
numerical data such as velocity, pressure, etc to be used in the
ANN machine learning algorithm. Then we generate streamline
plots for x, y, and z planes in our computational domain using
ParaView which we extract the velocity vector and then compute
local streamlines for each pixel with the LIC algorithm, as input
to our computer vision framework. Once the images have been
labelled, we pass them to the YOLOV3 algorithm of the com-
puter vision framework to identify the region of vortices. After
detecting the areas of vortical structures using computer vision,
we apply ANN machine learning to locate the vortex core within
each vortex region. Within these regions which were identified
by YOLO, we obtain the values of different sets of features to train
our model using ANNs (TensorFlow 2, Keras). We begin with
only velocity and pressure variables, then add more derived quan-
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tities (velocity gradients, pressure gradients, Q-criterion, vortic-
ity, and magnitudes of vector quantities), this study is composed
of five different sets of variables is shown in the previous sub
section 3.4. Due to this, a hybrid approach decreases the training
time for all tested cases, and also it reduces the number of false
positives and negatives where we can see the comparison and
difference between the hybrid approach and the single approach
(pure ANN machine learning) in the result section.

5. OUR NUMERICAL RESULTS
5.1 Taylor-Green vortex

For testing our model, we choose a flow field file exported
from the Taylor-Green vortex case among the 335-time steps in
the symmetry plane in the X, y, and z-direction, which is not part
of the training data set. The results show the predicted vortices
using our hybrid approaches (YOLOv3 and ANN algorithm) and
single approach (pure ANN machine learning) with different input
variable combinations for the ANN machine learning part to
detect vortex cores.

Fig 8 and Fig 9 illustrate the results based on using the hy-
brid approach and the single approach (pure ANN) for a variety



of variable sets and different flow field files respectively. The yel-
low dots depict where a vortex core has been correctly detected
(true positives), and the blue dots indicate where a vortex core
has been wrongly identified (false positives). The purple dots
represent when a vortex core has not been identified (false nega-
tives). These figures reveal where true positives, false positives,
and false negatives are located. It is also noticeable that the false
positives and negatives in this test case are located in the same
region of the vortex for the hybrid approach and pure machine
learning.

Table 1 shows the number of flow field files, variable sets, true
positives, false positives, and negatives for hybrid and single ap-
proaches, as well as the training time for each. Table 1 shows
the result of using 5, 10, 20, and 25 different flow field files for
the ANN machine learning step for both the hybrid and single
approaches for each variable set. We see that using just five flow
field files as a data set, the false positive and negative rates remain
high for both approaches and just using a single (pure ANN) gives
fewer false positives. At 20 flow field files with variable set 5, our
hybrid approach produces zero false positives, and at this point,
with half the training time, the hybrid approach is starting to
produce fewer false positives than the single approach. Once the
training data set has 25 flow field files, neither approach produces
false positives or negatives for 2, 4, and 5 variable sets. Our find-
ings show that the hybrid approach of using YOLO for identifying
the regions of the vortex core and ANN for detecting the vortex
core within these regions is more efficient and faster than using
pure ANN to train our models. In addition, we can conclude that
using gradients or variable set 2 always produces better results
than applying variable set 1. Traditional methods use only veloc-
ity gradient tensors, whereas we also utilised absolute velocity
and pressure components.

Fig 10 demonstrates the true positives for different Variable
sets relative to flow field files using the hybrid approach with
solid line and pure ANN with dash line. With each variable set
represented by a different colour. As we can see in Fig 10 variable
set one has the strongest gradient, so it detects true positives the
quickest after 10 images. In contrast, variable set two has a weaker
gradient but more true positives initially. Despite variable set
two not increasing as strongly as variable set one, it has the best
compromise between the number of input images and accuracy
and detects more true positives right away as a result. The rest
of the variable sets lie in between, yet in the end, they provide
the 16 true positives we are looking for. In general, for both
approaches, it is evident that the true positive curve is increasing
in proportion to an increasing number of flow field files for all
variable sets. Nevertheless, the hybrid approach performs slightly
better than pure ANN machine learning in capturing all vortex
cores, it requires 20 flow field files for variable set four, whereas
pure ANN requires 25 flow field files for variable sets two, four,
and five. False positives and negatives with flow field files are
illustrated in Fig 11 and Fig 12 respectively, for various variable
sets as determined by the hybrid approach with sold line and single
approach with dash line. According to both Fig 11 and Fig 12,
variable set one has the highest false positives and negatives, and
this is why Fig 10 shows that true positives dramatically increase
with variable set one while variable set two is always one of the
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FIGURE 10: THE VALUES OF TRUE POSITIVE FOR DIFFERENT
VARIABLE SETS WITH RESPECT TO NUMBER OF FLOW FIELD
FILES BASED ON HYBRID APPROACHES WITH SOLID LINE AND
SINGLE APPROACH (PURE ANN) WITH DASH LINE.

lowest. Therefore, variable set 1 is indifferent to the hybrid and
pure machine learning approaches, whereas all other variables
are benefited from computer vision.
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FIGURE 11: THE VALUES OF FALSE POSITIVE FOR DIFFERENT
VARIABLE SETS WITH RESPECT TO THE NUMBER OF FLOW
FIELD FILES BASED ON HYBRID APPROACHES WITH A SOLID
LINE AND SINGLE APPROACH (PURE ANN) WITH DASH LINE.
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5.2 The Impact of Noise Magnitude on Detection Model

Performance

The robustness of our model against noisy input is a critical
factor to consider in evaluating its real-world applicability. To as-
sess this, an examination of the model’s dependence on the noise
magnitude is essential. Noise, in this context, refers to any un-
wanted or random variations in the input data that can potentially
affect the model’s performance. A robust model should ideally
exhibit consistent and reliable detection performance even when
faced with noisy input, as demonstrated by the introduction of
Gaussian noise in the illustrated Figure 13. Figure 14 and Fig-

FIGURE 13: VISUALISATION OF TEST IMAGE WITH NOISE
MAGNITUDE 1: NOISY INPUT REPRESENTATION.

ure 15 present the results of computer vision and machine learning
respectively. Figure 14 demonstrates the outcomes of computer
vision, showcasing the model’s remarkable ability to identify
vortex regions of the test image with a noise magnitude value of
one. Simultaneously, Figure 15 highlights the machine learning
to detect all vortex cores within their regions. Remarkably, both
figures underscore the model’s proficiency in accurately detecting
vortex cores, even when faced with noise in the input test image
at a magnitude value of one.

The table 2 presents the performance metrics of a detection
algorithm under different noise magnitudes. The key metrics
include True Positive, False Positive, False Negative, Precision,
Recall, and F1 Score, with each row corresponding to a specific
noise magnitude. The precision rate measures the accuracy of
the predictions, and the calculation formula is as follows:

True Positives

Precision = x 100 (13)

True Positives + False Positives

Meanwhile, recall measures how well all the true positives are
found, which are defined as:

True Positives

Recall = x100  (14)

True Positives + False Negatives

The F1 score provides a single metric that balances both precision
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FIGURE 14: COMPUTER VISION ANALYSIS OF VORTEX CORE
DETECTION IN NOISY INPUT TEST IMAGE

FIGURE 15: MACHINE LEARNING VALIDATION OF VORTEX CORE
IDENTIFICATION IN NOISY INPUT TEST IMAGE

and recall, which are defined as:

F1 Score = 2 x Precision x Recall

Precision + Recall (15
For Noise Magnitudes 0.5 and 1.0, the algorithm demonstrates
perfect performance with 100% Precision, Recall, and F1 Score.
This indicates accurate detection without any false positives or
false negatives. However, for Noise Magnitude 1.2, while Pre-
cision remains high, Recall decreases, resulting in a lower F1
Score. This suggests some missed positive instances. Noise
Magnitude 1.5 shows a decrease in all metrics, indicating a more
challenging detection scenario with increased false positives and
false negatives. Notably, for Noise Magnitude 2.0, there are no



True Positives or False Negatives, resulting in undefined values
for Precision, Recall, and F1 Score. This might imply that the al-
gorithm failed to detect any positives under this noise magnitude.
Overall, the table provides a comprehensive overview of the de-
tection algorithm’s performance under varying noise magnitudes,
offering valuable insights for further analysis and improvement
of the algorithm’s robustness.

5.3 The Taylor-Green vortex using automatic labelling

One of the limitations of supervised deep learning is that
large, manually labelled data sets are required. Manual labelling
of geometries with finer meshes is inefficient because not all
samples are equal, and it is hard to determine where vortex cores
are located. Therefore, we utilised computer vision and the K-
means clustering algorithm to automatically label the data set.
In Fig 16, the left side shows automatically identifying regions
close to vortex cores is done using computer vision. The com-
puter vision results are manifested in the different-sized boxes
surrounding vortex cores (red square). These regions are then
divided into k groups using the K-means clustering algorithm.
We use the silhouette score library to determine the number of
clusters K and assume that each cluster has a centroid at its centre.
The right-hand side of Fig 16 shows the result after using com-
puter vision and the K-mean clustering algorithm for automatic
labelling. Blue stars represent clustering coordinates, and yellow
dots represent cluster centres. The cluster centre’s coordinates
are defined as vortex cores (one) in the label field on the data set
of flow field files, otherwise, they are set to zero. By labelling
the data set automatically, we are able to prepare the data set effi-
ciently and quickly for training our model to identify vortex cores.
Based on table 3, the Mean Square Error (MSE) of vortex core
coordinates using manual and automatic labelling techniques for
the same test image with eight vortex cores (not included in the
data set) is 0.45%. The rather low MSE value suggests that our
automatic labelling approach is suitable for labelling large data
sets. We further test this hypothesis in the next section, where
we apply our new automatic labelling to a steady-state, rotating
wing test case.

5.4 Application to rotating wings-case

Our model is tested using the real-world data from Hov-
ering Rotor Solutions (Caradonna and Tung) [45]. Caradonna
and Tung conducted their experiment at NASA Ames Research
Centre in a controlled wind tunnel using a two-bladed rotor. In
this study, we use published data of Ricci et al. [46], who have
provided numerical simulations for this test case. The domain
is cylindrical-shaped, with a radius of 40m and length of 80m,
and the helicopter blade is located in the middle as shown in
Fig 17. The blade is derived from an untwisted and untapered
NACA 0012 aerofoil with an aspect ratio of 6 and a radius of
1.143m. The simulations were conducted at a blade tip Mach
number of M;;, = 0.89, a pitch angle of 6. = 8°, and an angular
velocity of 265.9 rad/s. The published CFD data from [46] is
used as training data, and we use ParaView to extract 10 slices
with different angles, then clip all images near the rotor to obtain
the flow field files for training the model. Then we label the data
set automatically by using computer vision which identifies the
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regions close to the vortex core and uses our K-Means clustering
algorithm to find clusters, from which we then obtain the centre
of clusters which are labelled as vortex cores.

Hybrid and single approaches are compared in Table 4, in-
cluding the number of flow field files in the data set, feature
variable sets, true positives, false positives, and negatives and
their training times. As shown in table 4, the results of pure ANN
and hybrid approaches using 1, 5, and 10 different flow field
files were performed for each variable set in the ANN machine
learning step. According to the table 4, variable set two is an
acceptable alternative and achieves almost as good accuracy as
the results of the first test case in table 1. However, variable set
two would require slightly more flow field files in the data set to
converge the training and get down the false positives and false
negatives. As a result, it is possible to conclude that variable
set 2, which consists of velocity, pressure, and their derivative,
always produces more accurate results than variable set 1. Sim-
ilarly, table 4 shows that the hybrid approach achieves zero false
positives and negatives for 10 flow field files with variable sets
4 and 5, whereas the pure ANN algorithm produces zero false
positives and negatives for 10 flow field files with variable set
5. However, hybrid method training requires less time than pure
ANN machine learning.

Fig 18 and Fig 19 depict the results obtained using the pure
ANN and hybrid approach for variable set five and different flow
field files respectively. As can be seen in the figures, the false
positives obtained with pure ANN are far from vortex cores,
whereas the false positives obtained with the hybrid approach are
close to vortex cores. Thus, this is another advantage of utilising
a hybrid approach, other than reducing training time.

6. CONCLUSIONS

Detection of vortex cores within CFD is still a challenging
task. In this project, we introduce a hybrid computer vision
(YOLOv3 algorithm) and ANN machine learning (TensorFlow,
Keras) approach to detect vortex cores for the Taylor-Green
vortex and rotating wing cases. The data set of Taylor Green
Vortex is prepared using both manual and newly proposed
automatic labelling methods. For automatic labelling methods,
we utilised computer vision and the k-means clustering algorithm
to locate the centre of the cluster as the vortex core. The result
shows that the MSE between manual and automatic labelling
techniques is low and thus a viable alternative to labour-intensive
manual labelling. We have applied this new automatic labelling
approach to a rotating wing case which showed similar trends
compared to the Taylor-Green vortex problem. The first step
is to employ computer vision to identify the region where the
vortices are in order to present only vortical flow patterns to the
machine learning step, which is executed after regions of vortices
are identified to extract the location of the vortex core. In this
study, we have shown that velocity and pressure are essential
information to predict the vortex cores correctly and that we can
reduce the rate at which the false positives and negatives are
reduced by incorporating gradient information of the velocity
and pressure. In addition, the hybrid approach was able to
speed up detection by up to 3 times compared to the pure ANN
machine learning approach, particularly for the application to the



TABLE 2: PERFORMANCE METRICS OF DETECTION ALGORITHM UNDER DIFFERENT NOISE MAGNITUDES.

Noise True False False ..
Magnitude Positive Positive Negatives Precision (%) ~ Recall (%)  F1 Score (%)
1 0.5 8 0 0 100.00 100.00 100.00
2 1.0 8 0 0 100.00 100.00 100.00
3 1.2 5 1 3 83.33 62.50 71.43
4 1.5 3 4 5 42.86 37.50 40.00
5 2.0 0 0 0 00 00 00
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The result of using computer vision to identify the regions close to  Blue stars are shown as the culture points, and yellow dots indicate
vortex cores. cluster centres.

FIGURE 16: THE FIGURES SHOW THE RESULT OF USING THE COMPUTER VISION AND THE K-MEANS CLUSTERING ALGORITHM TO
IDENTIFY VORTEX CORES FOR LABELLING DATA SETS AUTOMATICALLY.

TABLE 3: VORTEX CORE COORDINATES USING MANUAL AND AUTOMATIC LABELLING TECHNIQUES FOR THE SAME IMAGE TEST.

Vortex core coordinates
manual x 0.305 2815 3469 5978 0305 2815 3469 5978
labelling y 4.339 5.101 5.101 4339 1944 1.182 1.182 1.944
Auto x 0299 2790 3540 5980 0.299 2790 3.490 5.978
4340 5.190 5.190 4290 1990 1.100 1.200 1.990

labelling

«

rotating wing case, and to reduce false positives and negatives cases with limited training data.
more quickly than using just the single approach.
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Therefore, we can conclude that our newly developed hy-
brid computer vision + ANN approach is not only able to
improve the detection time significantly but also reduce the
pre-processing time through our new K-means clustering-based
automatic labelling approach.
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