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Abstract. A hybrid experimental-computational method was designed to 

predict the spheroidicity of Ti-6Al-4V powder processed through the radio 

frequency plasma spheroidization process. Twenty-three experimental runs 

were conducted to measure particle spheroidicity using optical microscopy. 

A validated computational fluid dynamics model developed in Ansys Fluent 
was then used to expand the dataset to 67 samples by simulating additional 

parameter combinations and varying particle size, plasma power, gas flow 

rate, and powder feed rate. The combined dataset was used to train a 

feedforward neural network in PyTorch, which showed improved 
performance with larger training sets. Sensitivity analysis and three-

dimensional response surfaces revealed optimal process conditions (12-15 

kW power for 60-100 µm powders; 0.6-1.0 kg/h at 40-60 slpm gas flow) to 

maximize spheroidicity. The hybrid approach proved reliable for predicting 

spheroidicity and offers actionable guidance for process optimization. 

1 Introduction  

As technology and manufacturing evolve, pursuing innovative, environmentally friendly, and 

cost-efficient processes has become critical [1]. Additive manufacturing (AM), or 3D 

printing, has recently received significant interest due to its distinct advantages over 

conventional techniques   [2], particularly in the automotive and aerospace sectors for the 

production of lightweight, complex, and customized components, thus enhancing design 

flexibility and material efficiency [3]. Ti-6Al-4V (Ti64), which accounts for approximately 

45% of the total titanium production, has emerged as a material of choice in AM applications 

due to its high strength-to-weight ratio, corrosion resistance, chemical stability, and 

biocompatibility [4]. However, the success of AM processes heavily depends on the 

morphological characteristics of the metal powders used [5]. Particle shape and size 

distribution are two of the main properties that dictate the consistency and uniformity in 
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powder layering, which are critical for producing high-quality printed parts  [6]. Spheroidized 

powders improve flowability and packing density [7]. 

Among new technologies, radio frequency (RF) inductively coupled plasma 

spheroidization appears to be the most promising technique to produce highly spherical Ti-

6Al-4V powder, allowing the conversion of irregularly shaped titanium alloy particles into 

spherical particles with improved flowability, narrow size distribution, and uniform 

composition [8]. In the RF plasma spheroidization process, powder particles are injected into 

a high-temperature (up to 10000 K) plasma stream. The high-temperature plasma stream 

melts the injected powder particles, which are then converted into small droplets under 

surface tension. Due to gravity, the hot droplets fall towards the spheroidization reactor exit 

and solidify as the temperature drops. Spheroidized particles are then collected at the bottom 

of the reactor [9, 10]. However, the quality of the spheroidized powder depends on several 

operating variables. Plasma operating parameters such as gas composition and flow rate, 

reactor pressure, and plasma power greatly influence the spheroidization efficiency [11]. But 

the raw material powder properties, such as powder feeding rate and particle size, are also 

essential factors having a significant influence on the extent to which the collected powder 

particles are spheroidized [12]. 

Existing research has explored the effects of individual parameters on powder 

spheroidicity. Y.L. Li and T. Ishigaki [13] experimentally investigated the effects of 

hydrogen addition to the sheath gas and carrier gas velocity on the spheroization ratio of 

titanium carbide. Several years later, H. Hou et al [14] conducted a study on the 

spheroidization of silica powders, where they not only investigated the effect of the gas flow 

rate on spheroidization, but also the effect of particle size. Despite the many advances brought 

about by the studies mentioned above, controlling the spheroidization process performance 

remains complex due to the many variables to be monitored. In addition, high running costs 

are involved. Considering these challenges, numerical simulation appears as an alternative 

method that can be effective, and can be used to describe the intricate spheroidization 

mechanism and subsequently predict the spheroidization ratio [15]. Multiple computational 

fluid dynamics (CFD) models of the spheroidization process have been proposed over the 

recent years, and they have provided insights into thermal histories and particle trajectories 

during RF plasma processing [16-18]. 

However, while CFD simulations offer valuable insights into the process, they must be 

validated against experimental data to assess their accuracy properly [19]. Furthermore, 

extracting predictive models from these simulations for practical applications can be 

challenging, as CFD models still have areas of improvement, including physical modelling 

of turbulence, numerical algorithms, and knowledge extraction [20]. In addition, they 

struggle to fully account for multi-parameter interactions inherent to dynamic systems, 

without the involvement of high computational cost. Though efforts are underway to develop 

novel turbulence models and algorithms to enhance CFD techniques [21], there is growing 

interest in alternative tools that may either replace or assist CFD simulations for improved 

accuracy and faster predictions. Artificial intelligence and data-driven models, particularly 

artificial neural networks (ANNs), have emerged as a viable alternative for modelling and 

predicting nonlinear processes [22].  

ANNs have demonstrated success in predicting material properties. In the early 2000s, S. 

Calcaterra et al [23] demonstrated the ability of ANNs to forecast the tensile properties of 

spheroidal cast iron. Around the same period, R.P. Cherian et al [24] applied ANNs in 

selecting process parameters for powder metallurgy. More recently, T.A. Choudhury et al 

[25] developed an ANN-based model to predict particle behaviour in atmospheric plasma 

spray systems. Nevertheless, most of the previous studies share as limitation, the small size 

of the experimental dataset (less than 20 samples) used to design and train the ANN model. 

This constrains the development of accurate machine learning models, affecting their 
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transferability and generalisability abilities [26]. Therefore, there is a critical need to augment 

experimental data in a manner that retains fidelity to real plasma-particle behaviour while 

enabling robust ANN training. This study confronts these challenges by proposing a hybrid 

framework that augments limited experimental data with CFD-generated datasets, facilitating 

the training of reliable ANNs, particularly for the spheroidicity prediction of Ti-6Al-4V 

powder. 

2 Methodology 

A hybrid dataset was created by combining experimental and computational Ti64 

spheroidization data.  An initial dataset of 23 samples was generated by varying particle size 

and plasma power while keeping gas flow and powder feed rate constant. This data was used 

to validate a CFD model designed to simulate the RF spheroidization process, with validation 

performed by comparing the percentage error between experimental and computational 

spheroidicity values.  

2.1 Experimental data generation 

2.1.1 Sample preparation 

Commercial Ti64 Grade 23 powder was procured from the Council for Scientific and 

Industrial Research (CSIR) in Pretoria, South Africa. Before the experimental work, a 

shaking sieve classified the powder into seven fractions of different sizes, as shown in Table 

1. Each powder size class was then characterized using optical microscopy.   

Table 1. Particle size distribution of the Ti64 feed powder. 

Powder class 1 2 3 4 5 6 7 

Particle size (µm) 25-38 45-63 63-75 75-90 90-106 106-125 >125 

 

2.1.2 Experimental set-up and procedure  

The experimental facility Teksphero-15, shown in Figure 1(a) and specifically designed for 

research, was used to spheroidize Ti64 Grade 23 powder. The RF induction coil was 

connected to a 15-kW power supply. Argon gas was slowly inserted into the RF torch and 

subjected to a gradual increase in operating pressure and input power until the formation of 

a thermal plasma. High-purity argon gas was used as both plasma gas and sheath gas. To 

increase the low enthalpy and heat conductivity of argon gas, the additional gas method used 

by Z. Karoly and J. Szepvolgyi [27], was applied. Helium was added to the sheath gas in 

different proportions. On average, the titanium alloy powder was fed through the thermal 

plasma at a 1 kg/h feed rate. While passing through the high-temperature plasma region, the 

in-flight powder particles were rapidly heated and melted into liquid droplets. Under surface 

tension, the metal drops were spontaneously concentrated into spheres. After the required 

amount of powder was treated, the plasma was extinguished, allowing the reactor to cool 

down. The spheroidized powder was collected from the collection pot at the bottom of the 

RF reactor, as shown in Figure 1(b). To generate an experimental dataset, particle size and 

plasma power were varied in the 25 – 125 µm range and 10 – 15 kW, respectively.  
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Fig. 1. (a) Tekna RF plasma system [28], (b) RF spheroidization process [8]. 

For each process parameter variation, the corresponding spheroidicity value was 

determined. The “spheroidization ratio”, denoted as the number of spherical particles to the 

total number of particles in the treated product, was estimated by counting the spherical 

particles within a specific frame of the optical micrograph. Partly melted or elliptical-shaped 

particles were not counted as spherical particles. 

Table 2. Operating conditions for the plasma spheroidization of Ti64 Grade 23 powder. 

Parameter Value 

Plasma power, kW 10-15 

Particle size, µm 25-125 

Chamber pressure, kPa 65 

Central gas flow rate (Ar), slpm 15 

Sheath gas (Ar + He), slpm 45 

Carrier gas flow rate (Ar), slpm 2 

Powder feeding rate, kg/h 1 

It should be noted that while particle size and plasma power varied, the total gas flow, the 

powder feed rate, and the carrier gas flow rate remained constant. Table 2 lists the average 

operating conditions for the plasma treatment of Ti64 powder. To ensure reliability and 

repeatability, experimental runs were conducted three times.  

2.2 Computational data generation  

A CFD model was developed using the 2024 R1 version of the ANSYS Fluent simulation 

software to generate computational data for the spheroidization of Ti64 Grade 23 powder. 

The initial step was designing a computational domain geometry of the RF plasma system, 

as depicted in Figure 2(a). In this 3-D geometry, a finite volume was created within the RF 

torch to act as a plasma generation energy source. The entire computational domain was then 

discretized through the meshing process, generating 500,201 cells. Figure 2(b) depicts the 

meshed cross-sectional area of the computational domain. 

(a) (b)

https://doi.org/10.1051/matecconf/202541706006MATEC Web of Conferences 417, 06006 (2025)

2025 RAPDASA-RobMech-PRASA-AMI Conference

4



 

Fig. 2. (a) RF plasma system computational domain, (b) meshed cross-sectional area. 

A converged numerical solution was reached by solving a set of governing equations for 

each cell intersection point. These equations were formulated by setting appropriate 

assumptions for the plasma flow field and particle behavior. Assumptions for the plasma flow 

field included the following considerations: (i) the plasma temperature field can be described 

as being optically thin and at local thermodynamic equilibrium (LTE) [29, 30]; (ii) the k-

epsilon model is detailed enough to depict turbulence [31];  and (iii) viscous dissipation is 

negligible [32]. Similarly, the following assumptions were formulated for particle behavior: 

(i) particles are spherical and have a mono-diameter size distribution [17]; (ii) particle motion 

does not influence the plasma flow field [16]; (iii) the only forces affecting particle motion 

are the drag force, thermophoretic force, and gravity [15]; (iv) a Lagrangian method can be 

used to solve the discrete phase [31]; and (v) particles only receive heat from the plasma 

through convection. Radiation is neglected [15]. 

Based on the above assumptions, equations for the conservation of mass, motion, and 

energy were formulated. They are extensively discussed in [33-35]. In addition, it was 

determined that mathematical expressions such as Maxwell’s equations should be included 

to account for the presence of an electromagnetic field in the RF plasma torch [36]. However, 

electromagnetic effects were ignored for simplicity, and instead, an energy source term was 

used for plasma generation. As for particles, their trajectories through the plasma stream were 

estimated by balancing the forces exerted on them, as shown in Equation 1 [31]: 

 

𝑚𝑝
𝑑𝑢𝑝

𝑑𝑡
=  𝐶𝐷

1

2
𝜌 (

1

4
𝜋𝑑𝑝

2) (𝑢 −  𝑢𝑝)|𝑢 − 𝑢𝑝| + 𝐹𝑡ℎ + 𝑚𝑝𝑔 + 𝑚𝑝𝐹𝑏(𝑡)               (1) 

 

where u, up, mp, CD, ρ, ρp, dp, Fth, and Fb(t) are respectively, the velocity of the gas, the 

particle velocity, the mass of the particle, the drag coefficient, the gas density, the particle 

density, the diameter of the particle, the thermophoretic force, and the Brownian force. 

 Energy balance on the particle allowed the quantification of the heat transferred from the 

plasma gas to the particle, as shown in Equation 2 [18, 37]: 

 

             𝑄𝑇 = ℎ𝜋𝑑𝑝
2(𝑇 − 𝑇𝑝)𝜏                     (2) 

 

where h, dp, τ, T, and Tp are, respectively, the convective heat transfer coefficient, the 

particle diameter, the particle residence time, the gas temperature, and the particle 

(a) (b)Ti64 powder inlet

Gas inlet surface

RF torch
Energy source term

Cooling chamber

Spheroidized Ti64
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temperature.  To calculate the heat transfer coefficient, h, the Nusselt number correlation, 

Nu, is used [31]: 

 

𝑁𝑢 =  
ℎ𝑑𝑝

𝑘
= 2.0 + 0.6𝑅𝑒𝑑

1/2
𝑃𝑟1/3            (3) 

 

where k, Pr, and Red are the thermal conductivity, the Prandtl number, and the Reynolds 

number as a function of the relative velocity and the particle diameter, respectively. The heat, 

QM, required for a particle to melt completely, was calculated using Equation 4 [15, 38]: 

 

𝑄𝑀 =  
1

6
𝜋𝑑𝑝

3𝜌𝑝[𝐶𝑝(𝑇𝑚 − 𝑇𝑎) + 𝐻𝑓]          (4) 

 

In this equation, Cp, Tm, Ta, and Hf  are the specific heat, the melting temperature, the 

ambient temperature, and the latent heat of fusion, respectively. Finally, based on the 

principle of equivalence between the energy efficiency and the spheroidization efficiency, 

proposed by N.M. Dignard and M.I. Boulos [39], spheroidicity in terms of percentage, S(%), 

was calculated for all simulation runs. It was mathematically defined as the ratio of the energy 

transferred from the plasma gas to the particle, QT, over the heat required for complete 

melting, QM, multiplied by an experimentally determined system efficiency factor, η: 

 

𝑆(%) =  𝜂 (
𝑄𝑇

𝑄𝑀
) × 100                                  (5) 

2.3 Feedforward neural network development 

An ANN can be defined as a mathematical model able to elucidate statistical correlations 

between process parameters and output variables [40]. Mathematically, it can be expressed 

as [41]:  

𝑦𝑐𝑎𝑙𝑐 =  𝑓(𝑥⃗)                                 (6) 

where y, 𝑥⃗, and 𝑓 are the output variable, the process parameters, and a factor called the 

response surface. ycalc would be considered a vector in the case of a multivariate output. In 

this study, spheroidicity is the model output, while process parameters are particle size, 

plasma power, gas flow, and powder feed rate. The combined experimental-computational 

dataset, with spheroidicity surface responses for each process parameter variation, was used 

to train the ANN model. The exceptional ability ANNs have to learn patterns within a dataset 

is not limited to linear relationships between input parameters and the desired output; it also 

extends to non-linear correlations [42].    

There are several types of neural networks based on their architecture, learning method, 

and data processing technique. The ability of an ANN to detect patterns within a particular 

dataset heavily depends on the selected architecture [43, 44]. In this study, a feedforward 

neural network (FFNN), also called a multilayer perceptron (MLP), was developed for 

predicting Ti64 Grade 23 powder spheroidicity. The model architecture consisted of an input 

layer with four nodes corresponding to the four process parameters, a hidden layer of 4-12 

nodes, and an output layer with a single node representing spheroidicity.   

The 67 samples combined dataset was exported to a Google Colab notebook, where a 

PyTorch code was written to develop the above model architecture and launch the training 

process. Some of the most important parameters set to facilitate the training process included 

the ReLU and linear activation functions, respectively, for the hidden and output layers. The 

Adam optimizer, with a 0.001 learning rate, was selected as the optimization algorithm. 

Meanwhile, the number of epochs was set at 1000. Finally, to evaluate the model 
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performance, the following evaluation metrics were introduced: mean absolute error (MAE), 

mean squared error (MSE), and R-squared score (R2).  

 

Fig. 3. Feedforward neural network architecture. 

3 Results and discussion  

3.1 Simulation results 

3.1.1 Plasma flow field and particle trajectory 

Key simulation results, generated using the CFD-pot processing unit in ANSYS Fluent, are 

presented in Figure 4. Figure 4(a) shows the static temperature distribution of argon gas 

throughout the entire computational domain, from the RF torch to the spheroidization reactor. 

In the RF torch, the formation of a high-temperature (~4000 K) plasma jet around the 

centerline can be observed.  

 

 

Fig. 4. (a) Temperature distribution, (b) velocity distribution, (c) particle trajectory and thermal 

history. 

Particle size

Plasma power

Gas flow

Feed rate

Spheroidicity

Input
layer

Hidden
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Further observation reveals a gradual temperature decrease as the plasma jet travels 

towards the reactor exit. The plasma formation characteristics and temperature decay profile 

closely mirror those reported by A. Seya et al [18].  Temperature decay occurs due to heat 

dissipation via conduction, convection, and radiation [39]. However, radiation was not 

incorporated into this model.   
On the other hand, Figure 4(b) depicts the velocity distribution of argon gas as it enters 

through the torch inlet, passes through the high-temperature zone, and carries the injected 

powder particles through the reactor. While the gas reaches a maximum velocity of 0.8 m/s 

around the plasma core, a considerable gradient is observed as the gas moves away from the 

high-temperature region due to gas expansion and interaction with the surrounding 

environment [16].  
As for Figure 4(c), it illustrates the tracked trajectory and thermal history of the injected 

Ti64 particles. It can be observed that the particles rapidly heat up as they enter the high-

temperature plasma jet, reaching a temperature of 2750 K. This temperature should be 

sufficient to ensure complete melting, provided that the required residence time is met, as the 

melting temperature range of Ti64 is 1877–1933 K [45]. After passing through the high-

temperature plasma core, where melting and spheroidization occur, particles cool down as 

they move toward the reactor exit. The trajectory and thermal profile exhibited by particles 

in this study align well with the findings of H. Zhu et al [46]. 

These simulation results provide valuable insights into the process dynamics, which 

would be difficult to observe through experimentation alone. The predicted gas and particle 

temperature fields are of utmost importance, as they enable calculating the amount of heat 

transferred from the gas to the discrete phase, using Equation 2. Without this, determining 

the spheroidicity percentage, as shown in Equation 5, would not be possible. Furthermore, 

understanding the heating and cooling rates that affect the final particle morphology depends 

on a deep knowledge of particle temperature trajectories [15].  

3.1.2 CFD model validation and data expansion 

In Figure 5, experimental and simulated spheroidicity values are compared to assess the 

accuracy and reliability of the model. Figure 5(a) illustrates how both the experimental and 

simulation spheroidicity trends increase as the plasma power rises from 10 to 15 kW. 

However, an inverse relationship is observed in Figure 5(b), where spheroidicity decreases 

as particle size increases from 25 to 125 µm. Whether these trends align with findings in the 

literature will be discussed in the sensitivity analysis section (point 3.3). In the current 

section, the focus remains on how closely CFD-generated predictions match experimentally 

measured values. 

 

Fig. 5. (a) Spheroidicity vs power at dp = 125 µm, (b) spheroidicity vs particle size at P = 10 kW. 

An investigation into Figures 5(a) and 5(b) reveals that, overall, for most variations in 

process parameters, the simulation and experimental spheroidicity are closely aligned. 
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However, some discrepancies can be noted. The CFD model appears to overestimate 

spheroidicity at low power (<10 kW) and large particle sizes (>106 µm) by 10-15 percentage 

points, while underestimating spheroidicity at high power (>13 kW). Several factors related 

to spheroidicity determination may explain these discrepancies.  

Although deviations caused by potential human error while interpreting optical images 

could be a contributing factor, they are likely negligible compared to discrepancies 

originating from the CFD simulations. The CFD model made assumptions to simplify the 

process.  For instance, radiation heat transfer was not accounted for. Additionally,  for plasma 

generation, an energy source term was used instead of modeling the electrical arc itself, as 

was done by H.A. Gabbar et al, and H. Bahouh et al [30, 32]. Finally, while calculating 

spheroidicity based solely on the ratio of energy transfer to melting/spheroidization energy is 

a reasonable approximation, it does not fully capture the complex fluid dynamics within 

molten particles. Nevertheless, while the model may warrant some improvements, observed 

discrepancies represent less than 20% of the dataset. Moreover, the model captures well the 

general trends. Therefore, the level of agreement achieved is deemed acceptable to generate 

additional data points, incorporating parameter variations for all four process variables 

(plasma power, particle size, gas flow, feed rate).  

3.2 Effect of training dataset size on model performance 

 

Fig. 6. Neural network regression analysis for training data sizes of: (a) 20%, (b) 40%, (c) 60%, (d) 

80%. 

Figure 6 illustrates the neural network model performance in predicting Ti64 powder 

spheroidicity across four different training set proportions (20%, 40%, 60%, and 80% of the 

whole dataset). In each of the four scatter plots, actual spheroidicity values from the 

combined experimental-computational (x-axis) dataset are compared to ANN predictions (y-

axis). Comparison is based on the MAE, MSE, and R2 evaluation metrics.  

In Figure 6(a), 20% of the dataset, approximately 16 samples, is used for training. With 

an MAE of 10.20, an MSE of  333.82, and an R2 value of 0.68, the scatter plot exhibits a 

significant deviation from the fitted line. This suggests that due to the small training dataset, 

the model struggles to fully capture patterns, and predict spheroidicity for unseen data. This 

observation aligns with conclusions made by L. Lin et al [47]. On the other hand, as the 

(a) (b)

(d)(c)
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training dataset increases from 20% to 40%, and further to 60% and 80%, it is observed that 

the MAE and the MSE drop significantly, implying reduced errors. Inversely, R2 increases as 

the training dataset is increased, reaching successive values of 0.92, 0.98, and 0.99. These 

trends demonstrate that expanding small experimental datasets into larger datasets, by the 

addition of simulated data points, improves the neural network's ability to generalize and 

make accurate predictions [48]. 

However, training on 80% of the dataset only improved R2 from 0.98 to 0.99 when 

compared to the performance of the 60% training dataset. This could lead to potential 

overfitting, as an overly complex ANN may fit errors in measurement or the noise [49]. 

Therefore, a training proportion close to 60% appears to be sufficient to reach good model 

generalizability, with significantly reduced errors. 

3.3 Sensitivity analysis 

3.3.1 Effects of particle size and plasma power on spheroidicity 

 

Fig. 7. Spheroidicity response surface vs particle size and plasma power (plotted on Google Colab 

notebook using PyTorch code). 

Figure 7 presents a 3D response surface of the predicted Ti64 powder spheroidicity, 

expressed in %, as a function of particle size (µm) and plasma power (kW). This surface is 

generated using the developed FFNN model, which has established statistical correlations 

between the two inputs and the resulting spheroidicity, through training on the hybrid 

experimental-CFD dataset. Thus, the 3D surface plot provides an understanding on how 

varying particle size and plasma power simultaneously affect powder spheroidicity. 

Investigation into particle size general behavior reveals that small particle sizes (20-40 

µm) result in high spheroidicity, close to 100%. However, as particle size increases, a gradual 

decrease in output spheroidicity can be observed, in such a way that large particles tend to 

exhibit low spheroidicity. This is consistent with the fact that smaller particles require less 

energy to fully melt and spheroidize [15, 18, 50]. Inversely, as plasma power increases, 

spheroidicity increases as well. This could be explained by the fact that as the plasma power 

rises, it generates higher plasma temperature, and subsequently a larger and more intense heat 

transfer zone, providing more energy to particles for melting and spheroidization [11, 51]. 

Looking at the combined effect of particle size and plasma power, it can be observed that 

as particle size increases, the minimum power required to achieve a given spheroidicity rises 

sharply. For instance, 60 µm powders require a plasma power ≥ 12 kW to exceed 90% 
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spheroidicity, whereas 120 µm powders require a plasma power ≥ 15 kW, to achieve 

spheroidicity above 85%. In summary, the 3D surface plot indicates that achieving high 

spheroidicity for larger particles requires significantly higher plasma power compared to 

smaller particles. 

3.3.2 Effects of gas flow and powder feed rate on spheroidicity 

 

Fig. 8. Spheroidicity response surface vs gas flow and powder feed rate (plotted on Google Colab 

notebook using PyTorch code). 

Figure 8 presents a 3D response surface of the predicted Ti64 powder spheroidicity, 

expressed in %, as a function of the powder feed rate (kg/h) and plasma gas flow rate (slpm). 

Similarly to the 3D surface plot in Figure 7, this plot was generated using the trained FFNN 

model.  

The first observation is that, in general, increasing the powder feed rate contributes to a 

sharp decrease in the predicted spheroidicity. This drop in spheroidicity could be explained 

by the fact that, as the powder feed rate is increased, there is a higher concentration of 

particles entering the plasma jet. This leads to insufficient heat energy for all particles, 

coupled with increased particle-particle interactions, thus reducing energy transfer per 

particle. Moreover, due to the higher feed rate, particles' residence time inside the plasma jet 

is shortened, leading to limited melting and the inability for particles to fully spheroidize [18, 

39, 52]. However, it is worth noting that though the plotted 3D spheroidicity plot does not 

reflect it, very low powder feeding rates could lead to low apparent density and poor 

flowability as a result of excessive heat available per particle [53]. 

As for the effect of gas flow rate on spheroidicity, it exhibits parabolic behavior. 

Spheroidicity seems to increase when gas flow is initially increased from 20 to 50 slpm. This 

is most probably due to low gas flow rates not being able to transfer enough heat to the 

powder particles. However, as gas flow is further increased from 50 to 90 slpm, spheroidicity 

gradually decreases. This is attributed to the higher flow rates causing particles to traverse 

the hot plasma region more rapidly, thereby decreasing their residence time, time, resulting 

in lower melting fraction and poor spheroidization [54]. These two contrasting trends for the 

same process parameter suggest that there should be an optimal range to maximize 

spheroidicity. H. Hou et al [14] reached the same conclusion when they evaluated the 

spheroidization rate under three different flow rates, respectively 35, 40, and 45 slpm. The 

middle flow rate, 40 slpm, yielded the highest spheroidicity value. 

https://doi.org/10.1051/matecconf/202541706006MATEC Web of Conferences 417, 06006 (2025)

2025 RAPDASA-RobMech-PRASA-AMI Conference

11



Investigating the combined effect of gas flow and powder feed rate reveals that there is a 

moderate combination of gas flow (40-60 slpm) and powder feed rate (0.6-1.0 kg/h) that 

produces maximum spheroidicity (90-100 %) 

4 Conclusion 

This study aimed to develop a hybrid experimental-computational method to predict the 

spheroidicity of Ti64 Grade 23 powder. This was achieved by combining a limited set of 

experimental data with a computational dataset, generated from a validated CFD model. The 

combined dataset helped address the challenge arising from data scarcity, which is inherent 

to many experimental studies. In addition, data from the combined dataset was used to train 

a feedforward neural network. As a result of this training, the FFNN demonstrated its 

advanced ability to learn patterns and correlations between the process parameters and the 

spheroidicity. The significance of the data augmentation technique lies in its contribution to 

improving the FFNN performance. Furthermore, sensitivity analysis was performed through 

3D surface plots, revealing optimal processing conditions. It also allowed a vital 

understanding of the individual and combined effects of process parameters. Implications for 

the RF spheroidization process are quite substantial, as the developed FFNN stands as an 

appealing and powerful tool to drive the AM industry towards more controlled processes and 

the production of highly spherical metal powders, particularly Ti64 Grade 23 powder. 
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