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Abstract 
The study investigated Taylor vortex flow between rotating double cylinders 
using a convolutional neural network (CNN). By combining numerical results 
of vortex flow for specific periods after vortex onset, the researchers aimed to 
determine if mode discrimination was possible in the combined images. They 
used images taken at various intervals: 20 images at 1 second, 30 images at 1.5 
seconds, 40 images at 2 seconds, 50 images at 2.5 seconds, 60 images at 3 sec-
onds, and 67 images at 3.35 seconds after vortex onset. The goal was to com-
pare the accuracy rates in predicting the mode development process of the 
vortex. The study concluded that the mode development process of the Taylor 
vortex can be discriminated by combining images taken at specific time inter-
vals after the vortex occurs and training the CNN with these images as teacher 
data. The results showed that the most efficient prediction of the mode devel-
opment process was achieved when 50 images taken at 2.5 seconds were used 
for learning. This highlights the potential of using CNNs in fluid dynamics 
research, specifically in analyzing and predicting the behavior of vortex flows. 
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1. Introduction 

Image recognition technology based on convolutional neural networks has 
been used to improve quality and detect abnormalities in many industrial pro-
cesses, such as manufacturing, quality control, and maintenance of industrial 
products, and its applications are expanding. In this context, the prediction of 
the mode development process of Taylor vortices generated in journal bearings is 
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a particularly noteworthy issue. Journal bearings are part of the machine elements 
and play an important role in mechanical devices such as engines and pumps, and 
their accurate operation has a direct impact on the life and performance of the 
machine. 

Taylor vortex flow is a fundamental phenomenon in fluid dynamics that is cru-
cial for understanding fluid behavior, rotational motion, and flow stability [1]. It 
helps in understanding nonlinear flow patterns, aiding in the study of nonlinear 
dynamics [2]. As applications, Taylor vortices are used in rotating reactors for 
efficient chemical reactions [3], improving fuel cell efficiency, and in research on 
blood circulation and drug distribution. The study of Taylor vortices has potential 
applications in various fields and is expected to continue developing. 

Recently, the following research on Taylor vortex flow has been carried out. 
Zhijie Wang, et al. [4] present a two-stenosis aorta model to mimic vortical flow 
in vascular aneurysms. Using computational fluid dynamics (CFD) simulations 
based on physiological and anatomical data from adult rabbits, the research aims 
to replicate disordered eddy flows in aneurysms. Dong Liu et al. [5] explore the 
effects of slit walls and heat transfer on Taylor vortex flow. Researchers from 
Jiangsu University and Gyeongsang National University conducted the study, fo-
cusing on how slit walls and heat transfer influence the flow dynamics in an an-
nular gap between concentric cylinders. Zixuan Yang et al. [6] analyze the sus-
taining mechanisms of Taylor-Görtler-like vortices through direct numerical sim-
ulation. The study focuses on understanding how these vortices are maintained in 
turbulent channel flows subjected to fast rotation. Prashanth Ramesh and Me-
heboob Alam [7] investigate the coexistence of spiral vortices and other states in 
suspension Taylor-Couette flow, focusing on the dynamics and stability of these 
structures. A. Pinter et al. [8] investigate the influence of axial through-flow on 
the spatiotemporal growth behavior of different vortex structures in the Taylor-
Couette system. F. S. Pereira et al. [9] use the partially averaged Navier-Stokes 
(PANS) equations to model transitional Taylor-Green vortex flow at Reynolds 
number 3000, focusing on vortex-stretching and reconnection mechanisms. On 
the other hand, Taylor vortices generated in the journal bearing can cause vibra-
tion and damage to the shaft, which can lead to machine failure. We came up with 
the idea of this research because we believe that if we can quickly and accurately 
predict the mode development process of the Taylor vortex, it will be possible to 
detect abnormal behavior and patterns, prevent shaft damage, and improve 
productivity. 

In this study, images of numerically calculated Taylor vortices generated in a 
rotating double cylinder are merged horizontally for a certain period of time after 
vortex generation to confirm whether the mode development process can be 
judged accurately in the merged images. The objective is to construct a system 
that efficiently predicts the development process of vortices by combining images 
from a certain period of time after vortex generation under each analysis condi-
tion and training them to a convolutional neural network. 
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2. Analysis Procedure 
2.1. Overview of Taylor Vortex Flow 

The Taylor vortex flow is one of the most important eddies since the classical 
study. In a coaxially rotating double cylinder, when the circumferential speed of 
the inner cylinder is gradually increased from zero, a Couette flow appears be-
tween the inner and outer cylinders. Figure 1 shows a schematic diagram of the 
Taylor vortex flow. Taylor vortex flows can be broadly classified into two types: 
normal modes and mutant modes. When the top and bottom ends between the 
double cylinders are fixed, normal modes are those with an even number of vor-
tices and flow from the outer cylinder to the inner cylinder at the top and bottom 
end faces, while other modes are called mutant modes. In the case of fixed ends, 
when an even number of cells are created with the bottom end clockwise and the 
top end counterclockwise, they are called normal cells, and all others are called 
mutated cells. As an example, Figure 2 shows a schematic diagram of two regular 
cells. 

 

 
Figure 1. Taylor vortex flow. 

 

 
Figure 2. Normal cell. 
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2.2. Numerical Method 

The governing equations are the axisymmetric unsteady incompressible Navier-
Stokes equation with cylindrical coordinates (r, θ, z) (Equation (1)) and the equa-
tion of continuity (Equation (2)). 

 ( ) 21u u u p u
t Re

∂
+ ⋅∇ = −∇ + ∇

∂
 (1) 

 0u∇⋅ =  (2) 

Here, u is a velocity vector with the components of (u, v, w), t is a dimensionless 
time based on a representative time, and p is the pressure. The discretization of 
the governing equations is based on the MAC method. For time integration, Eu-
ler’s explicit method is used. For space integration, the QUICK method is used for 
the convection terms, and the secondary central difference method is used for 
other terms. As an initial condition, the velocity is set to 0 in all regions. As bound-
ary conditions, the no-slip condition at each cylinder wall is applied for the veloc-
ity, and the Neumann condition based on the equation of motion is applied for 
the pressure. Staggered grids are used as calculation grids and are assumed to have 
regular intervals in each direction. The number of the grid points in the radial 
direction is 41, and one in the axial direction is determined linearly according to 
the height of the cylinders. 

2.3. Overview of Simulated Images 

First, in order to collect images of the Taylor vortex flow, a computer simulation 
is performed and analyzed. The analysis method is as follows: the aspect ratio γ is 
set from 3.0 to 7.4, the Reynolds number Re is varied from 100 to 1000 in incre-
ments of 100, and the inner-cylinder acceleration time step number ac is analyzed 
from 0 to 10000 in increments of 1000 at each Reynolds number. The collected 
images were divided into a total of 10 folders, one for the normal mode (n2, n4, n6, 
n8, n10) and one for the mutated mode (a4, a5, a6, a7, a8) according to the number 
of vortices and direction of rotation, since labeling for each mode is necessary when 
training. Examples of simulated images of Taylor vortex flow in normal and mutant 
modes with respect to the flow function j are shown in Figure 3 and Figure 4,  

 

 
Figure 3. Normal mode (n2, n4, n6, n8, n10). 
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respectively. These images represent the final stages of the developmental process 
in each mode. As an example of the mode development process of the Taylor vor-
tex, the normal two-cell development process of the flow function j (G = 3.1, Re = 
100, ac = 2000) is shown in Figure 3. In this study, the images of the Taylor vortex 
development in each mode are horizontally combined for the images of the flow 
function j, and the images are used as teacher data for deep learning. The mode 
formation process of Taylor vortex flow is shown in Figure 5. 

 

 
Figure 4. Anomalous mode (a4, a5, a6, a7, a8). 

 

 

Figure 5. Taylor vortex development process. 

2.4. Image Processing of Input Data 

In this study, we first combine the images of the Taylor vortex flow simulation 
results with 200 images skipped in two from the vortex generation, and then train 
them into a convolution model to see if we can correctly determine the mode de-
velopment process. 

The images are combined and trained into convolutional models at 20 images 
at 1 second, 30 images at 1.5 seconds, 40 images at 2 seconds, 50 images at 2.5 
seconds, 60 images at 3 seconds, and 67 images at 3.35 seconds, respectively, from 
vortex onset, and the accuracy rates in determining the mode development pro-
cess are compared. 

Initially, the images of Taylor vortices collected in the simulation are not all the 
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same size, so the images need to be merged horizontally after unifying the image 
sizes. 

The average color of the RGB values is obtained for each of the images obtained 
from the simulation, and a square background image is created with the average 
color. After placing the simulated image on it, resize it. 

Figure 6 shows a program to unify the image sizes. Figure 7 shows an example 
of a resized image. The resized images are then merged horizontally for an arbi-
trary time interval from vortex generation, and the resulting images are used as 
teacher data for deep learning. An example of a horizontally merged image (ini20) 
to be treated as teacher data is shown in Figure 8. The reason for combining im-
ages at specific time intervals is to capture patterns in time-series data. When us-
ing time series data, you can accurately understand changes in flow by considering 
time intervals. This allows the model to make predictions and classifications with 
higher accuracy. 

 

 
Figure 6. Unification of image size. 

 

 
Figure 7. Resized image. 

 

 
Figure 8. Concatenated image. 
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2.5. Convolutional Neural Networks 

In this study, a convolutional neural network (CNN) is used to predict the mode 
development process of the Taylor vortex. First, convolutional neural networks 
are explained. 

Convolutional neural networks are deep learning algorithms used primarily in 
the field of image recognition. It has a hierarchical structure with a convolutional 
layer that mainly extracts features and a pooling layer that reduces the resolution 
of the convolved data. In the convolutional and pooling layers, some regions of 
input neurons are narrowed down and locally mapped to the next layer. Each layer 
also has multiple detectors called kernels, with the first layer detecting edges and 
other information, and the deeper the layer, the more abstract features are de-
tected. CNN automatically learns the parameters of the kernel, which is the detec-
tor for extracting these features. In the layer closest to the final output, classifica-
tion, etc., is performed by all coupled layers. 

Next, the processing of each layer is described. In the convolution layer, a 
weight matrix called a kernel slides over the image while performing convolution 
operations to extract different features and patterns. Figure 9 shows the pro-
cessing in the convolution layer. 

The operation is performed by sliding a weight vector, called a kernel, over the 
image data, which is the input data, at regular intervals. Specifically, the kernels 
are stacked sequentially starting from the upper left of the input data, the kernel 
elements are multiplied by the corresponding elements of the input data, and the 
sum of the kernels is obtained and stored in the corresponding location in the 
output result. The collection of values resulting from the convolution of all the 
elements of the input data with the kernel is called a feature map. 

 

 
Figure 9. Convolutional layer. 
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The pooling layer aggregates the output of the convolutional layer to improve 
computational efficiency while increasing robustness to positional variations. 

Figure 10 illustrates the process in the pooling layer. The purpose is to reduce 
the dimensionality of the data and lower the processing cost required for the com-
putation. Pooling does not have the concept of learning, but only a fixed compu-
tation is performed. The activation function is a function used to convert the sum 
of input signals into an output signal. 

Figure 11 shows the activation function. y1. The function that processes the 
activation function is called the activation function h(y1) is called the activation 
function. The output is calculated by y = h(y1). The activation function is respon-
sible for adjusting how the data is propagated to the next layer using the results of 
the calculations in the all-join and convolution layers as input. 

Typical functions are listed below. 
 

 
Figure 10. Pooling layer. 

 

 

Figure 11. Activation function. 
 

• ReLU (Rectified Linear Unit) 
ReLU is the activation function defined by the following equation 

 ( ) ( )max 0,f x x=  

Output value is zero if the input is less than or equal to zero, and the value is 
output as is if the input is greater than zero. Output as input value increases is also 
larger, so it learns faster. 
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• Sigmoid 
Sigmoid is an activation function defined by the following equation. 

 ( ) 1
1 e xf x −=
+

 (3) 

This function converts the output value between 0 and 1. 
• tanh 

tanh (hyperbolic tangent function) is the activation function defined by the fol-
lowing equation. 

 ( ) e e
e e

x x

x xf x
−

−

−
=

+
 (4) 

This function sets the output value between −1 and 1. 
• softmax 

Neural networks are mainly classified into classification and regression prob-
lems, and which classification determines the activation function of the final out-
put layer. In general, softmax is used for classification problems and the identity 
function is used for regression problems. Softmax is the activation function de-
fined by the following equation 

 ( ) ( )
( )

exp
exp

k

i

a
f x

a
=
∑

 (5) 

It is a function whose individual outputs are 0 to 1 and the sum of the outputs 
is 1.0. This property allows us to treat the output of softmax as probability. 

The all-junction layer is the most basic layer in a multilayer perceptron and is 
the layer responsible for feature-based classification. The respective features ob-
tained by processing in the convolution and pooling layers are aggregated into a 
single node and output through the activation function. Convolutional neural net-
works automatically learn features from large amounts of data and perform well 
for complex pattern recognition tasks. They can also be applied to speech, text, 
and other data, and their versatility and feature learning capabilities have made 
them successful in a wide range of applications. 

2.6. Flow of Mode Development Process Determination Using CNN 

In this study, deep learning is performed to predict the mode development process 
of the Taylor vortex using simulated images coupled in the plane direction as 
teacher data. 

The first step is to load images in order to train the model with the combined 
images as input data. In this study, a total of 10 horizontally combined images 
from folders a4, a5, a6, a7, a8, n2, n4, n6, n8, and n10 are read and used as input 
for the convolutional neural network. Figure 12 shows the process of reading an 
image, normalizing it to the range of 0 to 1, and labeling each mode. 

Next, a convolutional neural network model is constructed. To develop a pre-
diction system for the mode development process, horizontally combined images 
are read, and image features are extracted and condensed by convolution and 
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pooling layers. 
The convolution and pooling layers output a two-dimensional array of outputs, 

but if the outputs remain two-dimensional, they cannot be input to all the cou-
pling layers, so they are converted to a one-dimensional array in the flattening 
layer. The outputs obtained are then combined into a single node by all coupling 
layers, and the value transformed by the activation function is output. 

Finally, based on the output from all the coupling layers, the modes are classi-
fied by converting them to probabilities using a softmax function and maximizing 
the probability of being correctly classified in each region. The model is then 
trained and stored. The model building program is shown in Figure 13. Draw a 
graph in matplotlib to check the loss and accuracy rate transitions during the 
learning process after the end of the training. Loss is the value of how much the 
actual correct value deviates from the prediction calculated by the learning model.  

 

 

Figure 12. Preparation of learning data. 
 

 
Figure 13. Building a machine learning model. 
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Since learning models do not necessarily compute accurate data as predictions, a 
loss function is used to compute the loss. In the task of multi-class classification 
in deep learning, cross-entropy error is generally used for the loss function, and 
cross-entropy error is also used in this study. The graphs of loss and accuracy rate 
are paired, and the goal is to achieve a learning result where the value of loss is 
small and the value of accuracy rate is large. A program that draws a graph of loss 
and accuracy rates during the learning process is shown in Figure 14. Figure 15 
shows an example graph of loss and accuracy during the learning process. In both 
graphs, the horizontal axis is the number of epochs, which is the number of itera-
tions of learning. 

 

 

Figure 14. Display of learning results. 
 

 
Figure 15. Loss and accuracy. 

https://doi.org/10.4236/wjm.2024.148008


H. Furukawa, T. Yamazaki 
 

 

DOI: 10.4236/wjm.2024.148008 180 World Journal of Mechanics 
 

Finally, we verify whether the predictions calculated by the learning model are 
consistent with the actual correct values. In this study, images are randomly se-
lected from the teacher data and grouped together in a test folder to check whether 
the prediction of the mode development process is correct. After the test images 
are loaded, predictions are made using the learned model. Figure 16 shows a pro-
gram for loading test images from the test folder and making predictions. Figure 
17 shows the program to verify the test image, and Figure 18 shows the resulting 
output screen. 

In this study, 200 images are acquired in duplicate from the vortex onset and 
combined to train the model to confirm whether the mode development process 
is correctly predicted. In addition, 20 images at 1 second, 30 images at 1.5 seconds, 
40 images at 2 seconds, 50 images at 2.5 seconds, 60 images at 3 seconds, and 67 
images at 3.35 seconds from vortex onset were each combined horizontally and 
trained into the model to compare the accuracy rate of the prediction results. 

 

 

Figure 16. Predicting mode. 
 

 

Figure 17. Display prediction results. 
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Figure 18. Result of mode prediction. 

 
There are several factors that affect the predictive accuracy of a model during 

its evolution. High-resolution, clear images help models extract features more ac-
curately and improve prediction accuracy. Conversely, low-quality images can be 
noisy and reduce prediction accuracy. Also, the larger the dataset, the more pat-
terns the model learns and the better its generalization ability. Small datasets in-
crease the risk of overfitting, a phenomenon in which a model overfits the training 
data and performs poorly on new data. 

3. Results 

Figure 19 shows the accuracy rate and loss when 200 images (10 seconds) were 
acquired after vortex generation, combined, and trained as supervised data. 

 

 
Figure 19. Changes in loss and accuracy rate. 
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Fifty random merged images were loaded into the model created as test images, 
and the results are shown in Figure 20 to verify whether mode judgments could 
be made. It shows that the mode development process can be accurately predicted. 
Next, 20, 30, 40, 50, 60, and 67 images from the vortex generation were combined 
and used as teacher data to create a model, and the test results are shown in Table 
1. 

 

 
Figure 20. Result of mode prediction on test. 

 
Table 1. Prediction results. 

Image Num. ini20 ini30 ini40 ini50 ini60 ini67 

Accuracy 68% 82% 90% 94% 94% 98% 

4. Discussion 

In this study, we confirm that the mode determination of vortices by convolu-
tional neural networks using the combined images is correct, compare the accu-
racy rate while changing the time range of the combined images, and evaluate the 
appropriate time range in which the prediction of the mode development process 
can be said to be possible. As shown in Table 1, it can be seen that the accuracy 
rate of mode development process determination increases as the number of im-
ages to be combined increases, i.e., as the Taylor vortex between rotating double 
cylinders undergoes mode development. Among them, the accuracy rate in the 
mode development process judgment was high when 50 images during 2.5 sec-
onds from the vortex onset were trained to the convolutional neural network as 
teacher data, and it can be seen that the accuracy rate did not change when the 
number of images was increased to 60. Therefore, in this study, we believe that the 
mode development process of the Taylor vortex between rotating double cylinders 
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can be efficiently predicted by having the convolutional neural network learn 50 
images for 2.5 seconds after the Taylor vortex is generated. 

5. Conclusions 

In this study, the numerical results of Taylor vortex flow between rotating double 
cylinders were combined for a certain period of time after vortex onset using a 
convolutional neural network, and it was shown that mode discrimination was 
possible in the combined images. In addition, 20 images at 1 second, 30 images at 
1.5 seconds, 40 images at 2 seconds, 50 images at 2.5 seconds, 60 images at 3 sec-
onds, and 67 images at 3.35 seconds after vortex onset were combined and used 
as input images to the convolutional neural network to compare the accuracy rate 
in determining the mode development process of the vortex. The following are 
the conclusions obtained from this study. 

It was confirmed that the mode development process of the Taylor vortex can 
be discriminated by combining images of a certain period of time after the occur-
rence of the Taylor vortex flow and training the convolutional neural network 
with those images as teacher data. 

The results of image recognition using the images merged horizontally for 20 
images at 1 second, 30 images at 1.5 seconds, 40 images at 2 seconds, 50 images at 
2.5 seconds, 60 images at 3 seconds, and 67 images at 3.35 seconds after vortex 
onset, respectively, showed that learning with 50 images at 2.5 seconds was the 
most efficient way to predict the mode development process. The results showed 
that the most efficient prediction of the mode development process was achieved 
when 50 images of 2.5 seconds were used for learning. 

Convolutional neural networks (CNNs) are a very promising technique in fluid 
mechanics research. As for application prospects, CNN will also be utilized as a 
tool to predict future hydrodynamic phenomena. For example, it could be useful 
in predicting the effects of floods and typhoons. As an industrial and scientific 
value, research on fluid dynamics using CNN contributes to improving energy 
efficiency. For example, optimizing the aerodynamic design of aircraft and cars 
can reduce fuel consumption. CNN has great potential in these areas. This study 
made a major contribution to increasing these possibilities. 
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