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ABSTRACT 
 
The increase of the diameter of a spherical bubble deforms its shape, after which it moves along the vertical 

center of the pipeline. The Taylor’s flow has bubbles with the form of a bullet and increases in the bubble’s 

volume are seen by an enlargement of their length making that kind of bubble easily identified using gamma ray 

attenuation which is simulated via the software MCNPX that uses the Monte Carlo probabilistic method to 

simulate radiation-matter interactions. The simulations show that there exists a relation among the counts of a 

detector and the rising movement of a Taylor's Bubble. A database could be made to answer queries on the 

dimensions of a Taylor bubble for given readings of a detector, approach that would require a huge database. To 

make that association an Artificial Neural Network is proposed. The network can be trained with a finite number 

of samples that is enough to make the network able to classify data of not known bubbles simulated via MCNPX 

or measured on field.  
Keywords: Neural Network Feed Forward, Monte Carlo, MCNPX, Taylor Bubble. 
 

 

 

 

 

 

 



 

INAC 2015, São Paulo, SP, Brazil. 
 

 

 

1. INTRODUCTION 

 

 

A two-phase flow inside a pipeline is a common event that occurs in many fields of the 

industry. The appearance of a gaseous phase within the liquid occurs depending on the kind 

of fluid or due to increases in its temperature. For vertical water pipelines, a common type of 

upward flow, called Taylor’s Flow, is such that great bubbles have the shape of a bullet (with 

Hemi-spherical front, an elongated body shaped as a cylinder and a flat end) and intercalated 

by a mass of water. This event is usually seen with bubbles with diameters greater than 75% 

of the pipe’s diameter, and occurs due to the balance of forces in the bubble [1].   

 

For the discrimination of the bubble’s position in space there is no need to identify all the 

three Cartesian coordinates. As the pipeline center is the line along the Z-axis and the X and 

Y coordinates are equal to zero, the bubbles are always centralized within the pipeline 

making the height Z the only coordinate necessary to map the whole movement. This 

assumption reduces the number of simulations required facilitating the measurement 

structure. In this work, a neural network is trained to be able to identify the passage of a 

Taylor Bubble and provide the diameter and length of a bubble. For the training of the 

network, several simulations were done via Monte Carlo in order to obtain curves that show 

the variation of the counts under the photo-peak for each position (height) of the bubble in 

upward flow. 

 

Section 2, presents the simulation model used by the software MCNPX (Monte Carlo Nuclear 

Particle eXtended – Los Alamos National Laboratory) and how the attenuation curve is 

obtained for the creation of the input vectors that will be used in the network training phase. 

Since the simulations did not consider the velocity and elapsed time, a sub-section is used to 

explain how significant is the dependence on the bubbles’ velocity and why it was suppressed 

during the measuring phase [2]. Section 3 describes the creation of the training vectors and 

the training itself, discussing the arrangement of data that will later be used as an input vector 

for the network. Some adjusted parameters and preliminary conclusions were drawn during 

the series of trainings of different neural networks. At last, on section 4, the results of the 

final network are displayed, the conclusions drawn from the results are discussed and future 

work and ways to achieve better results are suggested. 
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2. MONTE CARLO SIMULATION 

 

The software used in this work was the MCNPX, an updated version of the well-known 

MCNP software that uses the Monte Carlo method in nuclear physics to simulate the 

interaction of radiation with matter using a method based in heuristic calculations of 

probabilities. Since the interaction of a given radiation can be simulated with a probability 

function related to the material’s cross section, the method has good applicability in the field 

of nuclear physics [3] [4]. 

2.1.  Virtual Model Simulated Via MCNPX. 

 

 

The selection of materials for the simulation was such that the reconstruction of the 

experiment in a laboratory for further study is encouraged. The structure of the experiment 

simulated consists in Polyvinyl Chloride pipe with a 70mm diameter and 5mm wall 

thickness; the height of the pipe was such that further increases did not affect the total 

radiation measurements. The axis coordinate center was selected as the center of the pipe. 

Therefore, there is the same pipeline length at the positive and negative sides of the Z-axis. 

Inside the pipe there is water, and the simulation was made with a single dry air bubble rising 

inside the water column. The same type of air is used around the pipe and detector. The 

detector is positioned diametrically opposed to the source and is consists an MgO cylinder 

wrapped in an aluminum film. The detector’s sensitive region has diameter and length of 2.58 

cm, the source used was punctual. Both detector and source are at a 1 mm distance of the pipe 

wall. A sketch of the simulated structure obtained with the help of the visualization software 

called Vised [9] is shown in figure 1 below: 
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Figure 1: Sketch of the simulated structure showing the punctual source in red. 

 

 

The MCNPX software has a library of different materials’ densities at different conditions of 

pressure and temperature. The densities were chosen according to the catalog [5]: 1.406 

g/cm3 for the PVC tube; 3.67 g/cm3 for the sensitive region of the detector; 3.58 g/cm3 for 

the MgO cylinder; 2.6968 g/cm3 for the detector’s aluminum encasement; 1.205E-03  g/cm3 

for dry air and 1 g/cm3 for water. The low density of the materials used makes the source of 

60 keV the better choice, due to the amount of scattering radiation measured. The detector 

was simulated with a multichannel consisting of 78 intervals between 0 and 80 keV. Some 

mathematical adjustments regarding the detector and the source were introduced in the input 

file of the simulations, in order to allow the simulated measurement results resemble a real 

one. First, a lead collimator was simulated so the source’s beam has the shape of a cone with 

circular base diameter of 2.58 cm (same as the front of the detector). Second, the default 

software parameters do not attribute a resolution to the detector, so the counts detected are 

more accurate than what could be seen in a real experiment: this is corrected by allocating the 

measured photo-peak signal count according to the format of a Gaussian curve.  

 

 

 



 

INAC 2015, São Paulo, SP, Brazil. 
 

2.2.  Taylor Bubble Upward Velocity. 

 

 

The passage of a single bubble through the simulation's region is achieved via successive 

evaluations of input files of the bubble at different positions. The number of input files for 

each bubble was 60 and the distance step between simulations was always 50 mm.  As 

different velocities of the bubble have direct influence on the shape of the measured curve, 

the velocity is an information parameter for the neural network training. However, this 

information can be removed from the training vector if all the bubbles are assumed to have 

the same velocity, reducing the size of the network and data files.  This assumption can be 

made if the velocity depends only on global parameters, i.e. parameters that are the same for 

all the bubbles. A study [2] compares different formulas used to obtain the upward velocity 

and proposes an universal correlation for the upward velocity U according to Equation (1) 

below, where g is the gravity acceleration, D is the pipeline diameter and C is a constant 

calculated using the viscosity of the fluid according to the method used. 

 

𝑈 = 𝐶√𝑔𝐷  

 

The influence of the size and shape of the bubble in water is not relevant, the same study 

states that the rising velocity of the bubble increases 10% when the length of the bubble goes 

from 2 to 25 times the bubble’s diameter.  

 

For the studied case, where the bubble’s length goes up to a max of 3 times its diameter, the 

length dependence can be ignored, making the velocity proportional to the square root of the 

product between the pipe diameter and the gravity acceleration. As all bubbles are moving in 

the same fluid, are made from the same gas (dry air) and have similar sizes, it is a valid 

hypothesis to assume that they will move with the same velocity and this, in turn, justifies the 

exclusion of the bubble’s velocity from the training vector. 

 

 

3. NEURAL NETWORK BUILDING 

 

 

The software used for the construction and training the neural network was MatLab R2012a 

and the Neural Network toolbox (version V7.0.3) [7]. 

 

3.1.  Construction of the Training  Vector. 

 

 

The MCNPX output file of the simulation is a text file with the results’ information, among 

which is a table with the count-per-channel of the detector. A script is used to extract the 

table and transform it into a vector. Each file represents the position of a bubble with its own 

diameter and length. Sixty simulations of a single bubble, with the same diameter and length 

is made at different heights, representing the bubble’s movement along the tube.  

(1) 
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A mathematical method, see equation (2), was used to evaluate the relevant part of the count-

per-channel curve: the area below the photo peak was chosen due to the reduced influence of 

scattering radiation. The information of an output file is converted into a number related to 

the bubbles’ position. The graphical representation of these correlations is shown in figure 2 

below: 

𝐴𝑟𝑒𝑎 =  ∑ 𝑎𝑖 − (𝑎𝐿 + 𝑎𝑅)
𝑅 − 𝐿 + 1

2

𝑅

𝑖=𝐿

 

 

 

 
Figure 2: Visual representation of the mathematical transformation. 

 

 

 

As the movement is composed of 60 files, there are 60 areas to fill a vector representing one 

bubble’s movement. In addition, one of the reasons why the Taylor Flow was selected is due 

to the shape of the graph obtained with these simulations. Which resembles a trapezium (as 

seen in the pictures below) enabling the easy identification of the region marked in red in the 

graph associated to each section of the bubble, as shown in figures 3 (a) and (b) below. 

 

 

(2) 

 

(a) 
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Figure 3: (a) Representation of the different regions of one Taylor bubble. (b) Graphical 

association of the regions1, 2 and 3. 

 

 

To train the network a matrix of all the training cases was constructed whereby all 

information about the bubble was known a priori when the simulation was done. A target 

vector is informed associating the parameters to be learned from the matrix. Those 

parameters are the diameter and length. The volume of the bubble and void fraction of the 

pipeline could be calculated but are not in the scope of this work. During the training, it was 

seen that normalized training vectors turns the training more easily achieved for the net, 

making the training less time consuming and improves the result. Therefore, scripts for 

normalization and de-normalization were made for the two matrices of the training data. The 
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first script changes the whole matrix into one single scale, the second script changes each line 

to its own scale.  

 

 

3.2.  Selection of Network Architecture and Parameters. 

 

 

The selected network for pattern recognition and interpolation of the data was a feed-forward 

[8]. This kind of network usually uses a back-propagation algorithm, to make changes on the 

weights of the nodes, and is set as default by the network toolbox. The results obtained using 

this method presented good results, so it was maintained as the training network’s algorithm. 

The activation function on the output layer is linear, due to the range of input values used and 

output values obtained in this problem. For the hidden layers, in order to make the border 

influence smooth, the sigmoidal function is usually used.  

 

In order to assess the influence due to the number of neurons in the network performance, a 

testing network was made. This test could only be made with the Levenberg-Marquardt 

backpropagation training function, as the network has shown difficulty to complete the entire 

training protocol (10000 epochs) due to early convergence. This function has a very high 

CPU usage, which limits the size of the network to two hidden layers and an output layer. 

The hidden layers have two and three neurons respectively, while two neurons were used on 

the output layer, due to the number of parameters desired. The first set of simulation data was 

composed of 35 different bubbles with fluctuations of parameters displayed as shown in table 

1 below. The value of the bubble’s diameter was measured in the percentage of the pipe 

diameter, which is 7 cm.  

 

 

Table 1: First set of simulation data 

Values of Length  7 cm 9 cm 11 cm 13 cm 15 cm   

Values % of Diameter  80% 82.5% 85% 87.5% 90% 92.5% 95% 

 

 

The method used to evaluate the neural network performance is the mean of squared errors. 

For the training network, the performance was 1E-16. That would indicate that the 

association made by the network to the known data was good. However, when the output of 

the network is plotted together with the target vector, as shown in figure 4 the overlaps that 

would be characteristics for a training with a performance of 1E-16 are not seen. 
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Figure 4 - Association made by the first network with the net output in red and the 

target output in blue, for the Diameter (a) and Length (b) 

 

 

These results suggest that the number of training data was insufficient. This was confirmed 

because the training algorithm divides the training data into 3 groups, validation, training and 

test: 60% of the data for the training while the remaining data is equally divided for 

validation and test.  

 

Better results were obtained when all the data in the input matrix was used for the network 

training. This made the training process easier and allowed the premature interruption of the 

(a) 

(b) 
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processes to be avoided, while enabling an increase in the network size and the use of a 

simple back-propagation function. 

 

The network implemented for this work has three layers: two hidden layers and an output 

layer. The first hidden layer has seven neurons and the second hidden layer has eleven 

neurons. The output layer has two neurons.  

 

 

3.3.  Results. 
 

The network was trained by a protocol with a gradient descent training function with 

momentum, the learning rate was set at 0.2 and momentum as 0.15, trained with 10000 

iterations. The data matrix used was compound of all integers values parameters between 

80% and 95% for the diameters, 7 cm and 13 cm for the length, making a total of 112 

different bubbles. The trained network showed a performance of 1.73 E-05. The graphics of 

the associations for the diameter and length of the bubble are shown in figures 5 (a) and (b) 

below. 

 

 

 

 

 
 

Figure 5 - Association made by the network with no data division. The net output 

plotted in red and the target output plotted in blue. Due to the great accuracy of the 

network, the graph presents overlaps. For the diameter (a) and for the length (b) 

 

 

For validation of the network new data were simulated and used as input matrix of the trained 

network. The bubbles was divided in three groups: Group 1 with interpolation of the 

diameter, Group 2 with interpolation of the length and Group 3 where both parameters should 

be interpolated. The values used and the related output graph are displayed below. 

(a) 

(b) 
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Table 2: Used values for interpolation of the diameter 

Values of Length  8 cm 9 cm 10 cm 11 cm    

Values % of Diameter  85.5% 86.5% 87.5% 88.5% 89.5% 90.5% 91.5% 

 

 
Figure 6 - Interpolations of the validation data for the Group 1. The net output plotted 

in red and the target output plotted in blue. For the Diameter (a) and Length (b) 

 

 

 

Table 3: Used values for interpolation of the length 

Values of Length  8.5 cm 9.5 cm 10.5 cm 11.5 cm    

Values % of Diameter  86% 87% 88% 89% 90% 91% 92% 

 

 

 
Figure 7 - Interpolations of the validation data for the Group 2. The net output plotted 

in red and the target output plotted in blue. For the Diameter (a) and Length (b) 
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Table 4: Used values for interpolation of both parameters 

Values of Length  8.5 cm 9.5 cm 10.5 cm 11.5 cm    

Values % of Diameter  85.5% 86.5% 87.5% 88.5% 89.5% 90.5% 91.5% 

 

 

 
Figure 8 - Interpolations of the validation data for the Group 3. The net output plotted 

in red and the target output plotted in blue. For the Diameter (a) and Length (b) 

 

 

 

4. CONCLUSIONS 

 

The network trained with 112 cases has a high performance, showing that it can work as a 

first approach of a database to make associations and respond the queries. The network has 

presented medium errors of 5.00% for the diameter interpolation and 1.31% for the length 

interpolation, which could be acceptable for some areas of the offshore industry. As the 

output pattern was recognized, the number of bubbles’ used during the training phase were 

appropriate, changes on the neural network architecture can present a better result but are not 

recommendable. Additionally, the network developed can be part of a modular software that 

first identifies the type of flow in the pipeline and then calculates the desired parameters of 

this particular flow regime. 

 

As the interpolation associated with the diameters presented bigger error, is proposed to use 

additional information on the input matrix. As the diameter is directly related to the 

maximum height of the Region 2 on figure 3 (b) [10]. The signal amplitude can be informed 

to the network and it will improve the interpolation of the bubble's diameters. 
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