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Abstract: The possibility of using machine learning methods to predict the results of high-voltage electric discharge treatment of titanium
powder in a hydrocarbon liquid is studied. As a result of the work, distribution surfaces for the average particle diameter of Titanium
powder. the amount of Titanium carbide formed during processing, and the number of spherical particles of titanium powder depending on
the interelectrode gap and the number of pulses, when using spark discharge and with Titanium powder concentration in kerosene of
0.07 kg / dm?, pulse repetition frequency 0.3 Hz and the energy of single discharge of 1 kJ, were obtained.
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1. Introduction

Traditional methods of analyzing the composition and
properties of materials are time consuming and expensive. On
average, modern laboratories need up to 10 years to develop new
materials and up to 20 years to mass produce them. However, the
use of modeling technologies in the development of new materials
can reduce the time, needed for development and implementation of
new materials, by almost half due to the high speed of results
obtainment, repeatability, safety, rapid error detection and low cost.

Modern methods of modeling and forecasting can be divided
into two major groups [1]:

- modeling based on physical models;

- modeling based on large databases (machine learning).

Modeling based on physical models is based on the observation
of the studied physical phenomenon to form a correct idea about it,
which is then formulated in the form of mathematical equations that
can be solved. Accurate engineering calculations give this method
physical realism.

The advantages of this method include:

- a solid foundation based on physics and logic;

- they can be easily generalized to similar physical problems.

Disadvantages:

- can be time consuming and expensive;

- have a large error in problems with nonlinearity;

- take the boundary conditions into account;

- with increasing complexity of calculations, their results are
difficult to reconcile with real problems.

Modeling based on large databases has emerged with the
increasing amount of digital data we receive about the world around
us, and high-quality and consistent access to storage and forecasting
resources is making this method increasingly popular. Compared to
the physical model approach, this method is based on the
assumption that, since the data comes from both well-studied and
not very well-studied sections of physics related to this issue, the
development of a model based on large databases can take into
account all the physics of the studied phenomenon together.

The advantages of this method include the following:

- It takes into account data and experience for the previous long
period of time.

- The obtained models are stable and make predictions quickly.

Disadvantages:

- poor generalization of unidentified problems;

- deviations of the initial data affect the forecasts created by the
model;

- most modern algorithms work as a "black box".

High-voltage electric discharge (HVED) treatment of powder
mixtures is one of the modern methods of grinding and changing
the phase composition of powders, which is efficient and has low
cost of the process if compared to classical grinding methods. But
wide usage of HVED treatment is limited by the fact that the
physical mechanism of dispersion processes when using HVED in a
liquid has not been studied enough. In [2, 3] it was suggested that
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the main role in the destruction of particles of material in the
discharge zone is played by the shock wave generated by the spark
discharge channel. In addition, the process of dispersion to varying
degrees involves volumetric microcavitation, the destruction of
particles due to their impact with the walls of the discharge chamber
and the mutual abrasion of particles during their stirring throughout
the chamber. Titanium powder was chosen for studies due the wide
possibilities of its use as a filler, modifier, or as a component of
metal matrix composites.

The use of methods of modeling on large databases can give
more accurate results of forecasting processes and results of HVED
treatment. Therefore, the goal of the work is to study the possibility
of using machine learning methods to predict the results of high-
voltage electric discharge treatment of titanium powder in a
hydrocarbon liquid.

2. Methodology

In general, the machine learning process consists of input data,
algorithm, and results obtained. In addition, data from the previous
learning of the model can be added to the process in order to assess
the accuracy of the forecast. Such model is called "controlled".

Logistic regression and the Random forest method were chosen
as modulation algorithms. The Python programming language and
the Colaboratory application, or Colab for short, a product from
Google Research, were used as implementation languages. Colab
allows writing and executing arbitrary Python code through a
browser and is especially well suited for the implementation of
machine learning and data analysis.

Logistic regression is a classification algorithm used to relate
data to a discrete set of classes. In contrast to linear regression,
which outputs continuous numerical values, logistic regression
converts the original data using a sigmoid. This is one of the
simplest algorithms that can be used to solve classification
problems [4], which is both its advantage and disadvantage.

Random forest is a method of machine learning for
classification, regression and other tasks, which works by building
numerous decision-making trees during model training and
produces an average forecast (regression) of constructed trees [5, 6].

Advantages of the Random forest method:

- Ability to efficiently process data with a large number of
attributes and classes.

- Insensitivity to scaling and any other
transformations of feature values.

- Both continuous and discrete features are equally well
processed.

- There are methods of constructing trees according to data with
missing values of signs.

- There are methods for assessing the significance of individual
features in the model.

- It has an internal assessment of the model's ability to
generalize.

Disadvantages of the Random forest method:

monotonous
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- The algorithm is prone to overtraining on some tasks, which
creates an error.

- Large size of the received models, and, accordingly, high
requirements to the equipment.

The results and process characteristics of the titanium powder
treatment in kerosene using a single-point electrode system,
obtained in the period from 2013 to 2021, were used as data for
modelling. Single-point electrode systems allow the realization of
the spark discharge (SD) in the kerosene-powder system. The
results of these experiments are given, in particular, in [7, 8]. The
data included information on the number of treatment pulses, results
of optical microscopy of titanium powder particles performed
according to [9], namely the mean particle size and sphericity of
shape, and the amount of synthesized titanium carbide calculated by
RIR mehod [10].

One of the tasks of modeling was to determine the basic
characteristics of HVED processing, which can be directly
controlled, and which would affect the results of the processing
itself. For this purpose, preliminary data processing was performed.
This allowed establishing constant values for all selected
treatments, which could be excluded from modelling, namely:

- The concentration of titanium powder in the hydrocarbon
liquid, which was 0.07 g / dm®.

- Energy of a single discharge equal to 1 kJ.

- Discharge frequency — 0.3 Hz.

This allowed determining the main variables that were used as
input data, namely the interelectrode gap and the number of
treatment pulses that affect the formation of the discharge channel
and the characteristics of the environment, and the output data:
mean powder particle diameter after treatment, quantity of spherical
particles and the amount of titanium carbide formed after HVED
treatment.

A controlled machine learning model was used to predict the
initial data. To do this, the data were divided at a ratio of 80/20
percent to determine the accuracy of the forecast, for which the
Accuracy metric was used. Accuracy is an indicator that determines
the overall accuracy of model prediction for all classes. This is
especially useful when each class is equally important. Accuracy is
calculated as the ratio of the number of correct predictions to their
total number [11]. According to the Accuracy metric, the accuracy
of used logistic regression and Random forest forecasts is 60% and
70%, respectively.

3. Results and discussion

As a result of hydrodynamic influence and influence of plasma
of the discharge channel on titanium powder in Kkerosene, its
grinding, spheroidization of particles and chemical transformations
with formation of titanium carbide take place [7, 8].

Fig. 1 shows that according to the logistic regression model, the
dispersion process begins with 200 pulses at almost all values of the
interelectrode gap and allows reducing the mean diameter of Ti
powder to 9 um. This is due not only to Ti particles grinding, but
also to the formation of free carbon in the process of kerosene
pyrolysis. Further increase in the number of impact pulses allows
reducing the value of the mean particle diameter to 5 um, and in the
area with the interelectrode gap from 2 mm to 14 mm and the
number of treatment pulses from 2000 to 4000 — obtaining particles
with the mean diameter of ~ 4 um.

The mean particle diameter of the powder according to the
Random forest model when using SD in kerosene at the
interelectrode gap from 2 mm to 8 mm remains unchanged and is 60
um (see Fig. 1, b). Increasing interelectrode gap from 8 mm to 36
mm allows decreasing the mean diameter of particles to
approximately 9 pm starting with 200 processing pulses.

The number of particles of a shape close to spherical in the
original powder was around 20%. According to the logistic
regression model, HVED treatment in almost all possible modes
increases their number due to the impact of the plasma of the
discharge channel (see Fig. 2, a). Thus, at the values of the
interelectrode gap from 10 mm to 36 mm, and at the number of

treatment pulses from 200 to 1000, the number of spherical particles
increases to 27%. Increasing the number of treatment pulses from
1000 to 4000 allows increasing the number of spherical particles up
to 30% at all values of the interelectrode gap. The treatment with
the interelectrode gap from 10 mm to 36 mm and the number of
treatment pulses from 1000 to 2000 will allow obtaining up to 33%
of spherical particles.
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Fig. 1. Distribution of the average particle diameter of titanium powder
after HVED treatment depending on the interelectrode gap and the number
of treatment pulses, using SD: a — the model of logistic regression; b —
Random forest

According to Random forest, the number of spherical particles
(see Fig. 2, b) increases from 20% to 30% when the interelectrode
gap is in range from 8 mm to 36 mm and the number of treatment
pulses is in the range from 200 to 4000. However, in the range of
interelecltrode gap values from 18 mm to 36 mm and the number of
pulses from 500 to 1000, the number of spherical particles is
approximately 35%.

Data on the amount of titanium carbide formed during HVED
treatment are given on Fig. 3. This process depends on many
factors: grinding, the presence of plasma, the presence of free
carbon. According to logistic regression models, the amount of
synthesized titanium carbide gradually increases during HVED
treatment from 0 to 40% with increasing number of processing
pulses from 200 to 4000. However, for the interelectrode gap from
20 mm to 36 mm, this process only actively begins at 1000 pulses,
and at 4000 pulses the amount of synthesized carbide does not
exceed 30%.
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Fig. 2. Distribution of the number of spherical particles of titanium
powder formed during HVED processing, depending on the interelectrode
gap and the number of treatment pulses, using SD: a — the model of logistic
regression; b — Random forest

It should be noted that the simulation results do not take into
account the possible change in the interelectrode gap during
processing due to the interaction of the powder layer with the hydro
flows. And although the data obtained are within the model, it is
impossible to draw practical conclusions about the optimal value for
carbidization or dispersion of the interelectrode gap in the range
above 20 mm from them.
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Fig. 3. Distribution of the amount of titanium carbide formed during
processing formed during HVED processing, depending on the
interelectrode gap and the number of treatment pulses, using SD: a — the
model of logistic regression; b — Random forest

4. Conclusions

1. The possibility of using machine learning methods to predict
the average particle size of titanium powder, the number of
spherical particles and the amount of synthesized titanium carbide
as a result of high-voltage electrodischarge treatement of titanium
powder in kerosene with SD depending on the interelectrode gap
and the number of pulses is shiwn.

2. It was found that according to the logistic regression,
grinding of titanium powder occurs in almost all of studied
treatment modes, but the greatest spheroidization of powder
particles is characteristic to the treatment with the interelectrode gap
of more than 18 mm, while titanium carbidization occurs better in
the range of the interelectrode gap up to 18 mm with increasing
number of processing pulses.

3. Random forest predictions are more accurate according to the
experimental data and show that the average particle size of
titanium powder after HVED treatment with the interelectrode
interval from 10 mm to 36 mm is almost independent of the number
of treatment pulses, and the number of spherical particles is highest
at the range of processing pulses number from 500 up to 1500. With
the value of the interelectrode gap from 10 mm to 20 mm, and the
number of pulses from 2500 to 4000, it is possible to achieve up to
35% of titanium carbide in the composition of powder after
treatment.
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