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ABSTRACT

Electrode-Induction Gas atomisation is a crucial part of the thermal coating process, as it generates
the metal powder that is used within various coating processes. A major field of analysis for powder
atomisation is determining the powder yield quantity that is generated during the process. Current
approaches rely on simulating the atomisation process, which fails to capture real-world physics that
may interfere with the estimation of the powder yield. In this work, we outline how different sensing
modalities can be used to detect the point of atomisation and how we can monitor the increasing
amount of powder that is generated. Our approach covers three different kinds of sensors - contact,
non-contact and visual - which can be used in parallel which each other to detect powder atomisation
and collection. Using data collected from sensors attached to an Electrode-Induction Gas atomiser,
we show how signal processing techniques can be used to extract information about the powder yield,
thus enabling the collection of quantitative information about the powder yield. The results from
analysing the signals directly link to microstructure characterisation of the generated powder which
shows how sensing architectures can be used for in situ measurements of atomisation parameters.
Our work demonstrates the importance of using sensors to analyse processes and demonstrates a
quantitative approach to modelling the creation and yield of powder in metal atomisation, and we

provide discussion topics about future directions in the field.

1. Introduction

The process of coating materials with powders remains
a key part of the manufacturing cycle with applications
in plasma, high velocity oxy-fuel and electric arc spray-
ing being commonplace in surface coating applications [1].
Whilst analysing the deposition of coating process has seen
increasing interest in recent years [2], one major area that
influences the quality of the coated surface is the size and
quality of the particles produced during the fabrication of
the coating powder, which in turn affects the yield amount of
powder from the production process [3], [4], [5]. Powder for
coating processes is usually created through gas atomisation,
a process in which molten metal is atomized through a high
temperature and pressure gas [6]. Gas atomisation is a widely
used method for producing metal powders, with powder
yield efficiency ranging from 30-55% in conventional ap-
proaches. Through numerical modelling, previous research
has demonstrated that optimising the gas nozzle design and
process parameters has increased the yield of usable powder,
which typically falls in the range of 15-155um for many ap-
plications such as laser powder bed fusion [7], [8]. However,
only 20-30% of the produced powder falls in the usable range
and estimating the yield using numerical methods fails to
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license to any Author Accepted Manuscript (AAM) arising.
*Corresponding author
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capture the loss of powder that is too coarse or is filtered
throughout the system. This in turn increases the time in
recycling and reprocessing the powder, increasing the cost
and energy use for generating the final powder yield. Whilst
there have been studies on the the numerical modelling of
the gas atomisation process to estimate powder yield [9],
sensorization of the atomisation machine promising the best
results but remains a complex task.

Many elements of in-process monitoring focus on adapt-
ing or implementing sensors onto existing machines and
legacy hardware. The introduction of multiple different sens-
ing modalities, including contact and non-contact sensors,
has led to a plethora of work in adapting different sensors
onto legacy hardware and processes [10], [11], thus allowing
manufacturers to digitize systems that previously provided
no digital information. However, a major element in digital
manufacturing is the selection of sensors that provide mean-
ingful information to the users and can be used to improve
the operation of the machine so that the resulting produced
product is either of a higher quality or greater quantity.

In this work, we present a multi-sensor architecture that
allows for the investigation of process properties during
the gas atomisation process. Our contributions are listed as
follows:

1. We demonstrate that the different sensing modalities
allow the capture of information during the atomi-
sation process, both in a single atomisation and the
accumulation of powder.
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Sensorization of Metal Powder Atomisation

(a) Frame corresponding to the point when the metal bar melts into

a droplet.

(b) Frame corresponding to the point of atomisation when the droplet
interacts with the gas plume.

Figure 1: Frames from a video camera pointed at the melting coil in the upper chamber (ABOVE) and at the gas plume for
the point of atomisation (BELOW). The frames correspond to when the metal has formed into a droplet (LEFT) and when the

powder is created through gas atomisation (RIGHT).

2. We provide a discussion for the future of the sen-
sorization of gas atomisation processes, including fu-
ture research and industrial directions.

Our work is presented as follows: section 2 provides a liter-
ature review of the gas atomisation process, the current state
of sensing on the process and the benefits of multi-sensor
machine sensing. Section 3 outlines the target machine, the
sensors we applied and the process parameters. Section 4
analyses the results from the experimentation, and section 5
provides a discussion about the results and how they can be
used to further the research in this field.

2. Literature Review

2.1. Metal Powder atomisation

Within the scope of additive manufacturing (AM), Elec-
trode Induction-Melting Gas atomisation (EIGA, referred
to throughout this text as the atomisation process) is a
key tool within the development of powder coatings. The
atomisation process involves two key elements - the heating
of a metal bar and the metal atomisation through contact
with a high pressure and temperature gas [6]. As shown in
figure 1, the metal bar is heated through a coil and creates
a molten droplet, which passes through a gas inlet during
which the metal atomizes and becomes a fine powder, which
is deposited in the powder collector at the bottom of the
machine shown in figure 1. During this process, any excess
powder that is too fine to be used in coating processes is
filtered out. It is for this reason that manufacturers seek to
determine the powder yield from a process, as this would in
turn reduce the total efficiency of the process.

Modeling the amount of powder that is collected from
the atomisation process remains a complex task, as it is

governed by the physical interaction of the molten metal
with the high-pressure gas. The most researched method for
analyzing the powder return is by modeling the interactions
between the metal and the gas using finite element analysis
(FEA) and computational modeling tools that can simulate
these interactions [12], [13]. This can be done by assuming
that the flow of the metal in free-fall is governed by the mass
continuity equation:
dp

SV (D) = s (1)

where p is the mass-flow density, ¥ is the velocity vector of
the molten metal and s,, is the mass lost to the powder that is
filtered out during the atomisation process. Numerical mod-
els can be used to model both the melting of the metal bar,
which governs the size of the metal droplets that interface
with the gas plume, and the interaction between the metal
and the gas plume [14]. These models also serve the purpose
of enabling process optimization methods to be applied, such
that the resulting powder yield is within acceptable bounds
[9]. However, these approaches are limited by the granularity
that they are simulating, which can mean the model is limited
to physical effects that it can interpret. Furthermore, real-
world powder atomisation physics are difficult to simulate
due to the combination of the fluid flow of the metal and
the particle kinetics during atomisation, meaning that simu-
lation and numerical models cannot fully model the process.

Due to the limitations of simulation-based modeling
tools, experimental validation can be used to determine the
creation of powder. This can be done through the use of
sensors that study specific elements of the process, such as
examining the gas plume following atomisation [15]. This
method can be used in combination with computational fluid
dynamics (CFD) techniques to verify simulation results [ 16],
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although this approach limits analysis to the melt plume and
doesn’t measure specifically the amount of powder that is
retained.

2.2. In-process Sensing

In-process sensing refers to the large body of work that
encompasses the inclusion of sensing apparatus in manufac-
turing processes. Using sensors within manufacturing allows
end users and operators to discern the status of specific vari-
ables within manufacturing processes that previously could
only be estimated by simulation, which enables monitoring
of processes to detect and predict faults [17]. These sensors
can also be used to ensure that processes don’t deviate from
desired parameters [18] and even to be used in the real-time
control of these processes [19]. This can be further extended
to aid simulation tools to model manufacturing processes
using digital twins, however this requires prior knowledge
of critical points in the process to ensure that all elements
are being captured accurately [20].

Within surface and coatings applications, in-process
sensing remains a complex task due to the large number
of events and sub-processes involved. Whilst the field of
coating deposition has seen increased interest in using
sensors to understand the coating process [2] and has even
grown to accommodate X-ray scattering as a form of real-
time measurements in situ [21], the field of powder creation
through gas atomisation has not seen the same success. As
mentioned previously, early work focused on using high-
speed imaging with Fourier analysis to monitor the melt
plume [15]. The use of high-speed cinematography has also
been applied with thermal imaging cameras to measure
changes in droplet velocities after atomisation and use this
information to build a dynamical model for the atomisation
process [22]:

Xt+l = f(Xt’ Ut)

2
Y, = g(X,,U)), @

where X, represents the state variables at time #, U, is the
system input, Y, is the measurable output of the system
computed from the output function g and the next state
X,41 is computed using the state transition function f.
Computing these variables through cinematography remains
an open challenge due to the computational demands of
video processing algorithms. Furthermore, the main interest
within gas atomisation remains to be powder quality and
powder yield, the former of which is mostly determined
through the use of scanning electron microscopy (SEM)
methods [23]. This approach is able to quantify the amount
of usable powder generated during atomisation, but can only
be performed once the process is complete and thus negates
the benefits of in-process sensing.

2.3. Research Gap

As we have illustrated above, using sensors to measure
systems of a metal atomisation process in situ remains a
key challenge, particularly for the target area of estimating
powder yield. Unlike fields such as additive manufacturing

or spray deposition, powder atomisation has not seen the
same interest and progress for in situ sensing This has
led to it being one of the parts of the deposition supply
chain that lacks accurate sensing and estimation for process
inspection and control. However, the issue does not arise
from a lack of technological advancement - rather the gap
in the literature arises from a lack of understanding as to
which sensors can contribute in a meaningful way to the
understanding of the process being performed. To that end,
we propose an evaluation of different sensing modalities and
their ability to measure the efficacy of the sensors. The use of
the sensors described in this study not only mark a departure
from purely vision-based sensing for powder atomisation,
but also demonstrate that novel sensors that are not prevalent
in machine sensing literature are able to be used in a multi-
modal architecture.

3. Experimental Setup

3.1. Target Machine

To test the different sensing modalities, we target an
Electrode-Induction Gas atomisation process that consists
of two elements that would benefit from sensorization. The
machine that was used for testing was the metal atomiser
hosted by the Royce Translational Center (RTC) at the
University of Sheffield. This machine consists of an upper
chamber shown in figure 2a, where the metal droplet from
figure 1a falls into a gas plume and atomizes. This chamber
also contains two viewing ports, one of which is fitted with
a light to allow for the examination of the interior of the
chamber during operation. After filtering out particulates
that are lost during atomisation, the powder is deposited in
the lower chamber in figure 2b. This collector contains all
the powder, which is then measured and sifted to determine
the total amount of usable powder that was generated during
the run.

From this description, it is clear to see that there are two
aspects that are of interest for machine in situ sensing. The
first examines the amount of powder that is generated during
each atomisation pulse, and the second compares the amount
of powder collected at the end of the run with the amount
of metal used during the run. This would enable operators
to begin to understand how process parameters such as gas
temperature and pressure affect the powder yield process,
and in turn help determine the mass flow model in (1). The
second analyses the total amount of unusable powder that
is generated from a run through the atomiser, thus allowing
an estimate of the total powder generated before performing
task and application specific post-process testing.

3.2. Choice of Sensors

As mentioned in section 2, the range of sensors that
would be applicable to this work fall into three different
categories. The first is non-contact sensors, the second is
contact sensors and the third is vision systems. Each sensing
modality provides unique insight to different operations that
occur during the atomisation process.
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(a) Atomiser Upper Chamber (b) Atomiser Lower Chamber

Figure 2: The target atomiser machine hosted at the Royce Translational Center. The upper chamber contains the gas plume
that performs the atomisation of the metal droplet, and the lower chamber consists of the powder collector.

(©) @

Figure 3: Setup of the sensors used in this study: (a): Acoustic-emission sensor, highlighted in red, attached to the upper chamber
of the atomiser; (b): Vibrometer used on the upper chamber, with its laser aimed at the point of the chamber outer wall where
the atomisation occurs; (c): The acoustic-emission sensor, highlighted in red, and the vibrometer attached to the powder collector
of the lower chamber; (d): The event camera, pointed through a viewing port aimed at the point of atomisation.

For the contact sensor, we used an acoustic emission mounted to the atomiser chamber - the first is mounted on the
sensor AE WD Sensors from the Mistras Group [24]. These outside of the upper chamber below the point of atomisation
sensors are capable of reading inaudible high-frequency as shown in figure 3a. The sensor was held in place using
sound waves, and therefore would be able to interpret the a custom designed 3D printed mount, highlighted in red,
detail from the atomisation process. Two of these sensorsare ~ which in turn was secured to the chamber using a torque

E. Canzini et al.: Preprint submitted to Elsevier Page 4 of 16
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strap shown by the green band in figure 3a. This strap
applies torque to the sensor housing and ensures that there
is good contact between the sensor and the chamber. The
second sensor, in an identical housing and torque strap, is
mounted to the lower chamber on the collector to be used
for measuring the amount of powder collected. The acoustic-
emission sensors were set with a sampling rate of 1.25MHz,
and were connected through two pre-amps into a National
Instruments Data Acquisition device (NIDAQ).

The upper chamber sensor location was chosen to focus
on the vibrations generated by the molten metal impacting
the gas jets. This is a major event in the manufacturing
process and should be monitored closely. Additionally, there
is no prior information on the volume of the impacts and how
the vibrations are transmitted, therefore the sensor is placed
as close as possible to provide as clean a reading as possible.
The placement also does not obscure other sensors such as
the camera in front of the port hole. The lower chamber
location was monitored to compliment the data from the
upper chamber as activity created by powder being formed
in the upper chamber results in activity caused by powder
being collected in the lower chamber. This acoustic emission
sensor was placed after the sieves that remove gas and
micro-particulates that are filtered out during operation. The
locations of both the vibrometer and the acoustic-emission
sensor were such that they were situated on the thinnest part
of the collection chamber and therefore would be able to
get the best possible readings from the collected powder
dropping into the collector.

The non-contact sensor used in this study is a VibroGo
OFV-5000 vibrometer sensor from Polytec [25]. This sensor
operates by aiming a laser at the target surface and measuring
the vibrations that occur due to changes in the wavelength of
the laser through the Doppler effect [26]. As such, this makes
this sensor useful for detecting changes in the vibrations of
the machine, such as when the molten metal strikes the gas
plume and atomises. To capture this interaction, we position
a vibrometer at the top of the upper chamber where it’s laser
is pointed at the outer surface of the chamber level with the
position at which atomisation occurs, shown in figure 3b.
The vibrometer was elevated on a stand to ensure that there
would be no interference with the laser. Another vibrome-
ter was positioned at the lower chamber, shown in figure
3c, to measure the vibrations caused by the powder being
deposited in the lower chamber. Both vibrometers were set
to a sampling frequency of 50kHz, and were also connected
to the NIDAQ system with the acoustic-emission sensors to
allow for the synchronization of the time responses.

The vision system that was used during our experimen-
tation is Prophesee Evaluation Kit 4 (EVK4), a compact
system that operates over USB-C. It uses a IMX636 sensor
with a resolution of 1280x720 (Height x Width, measured
in pixels) that has a mounting thread making it suitable to
attach onto C/CS mounts [27]. Unlike traditional cameras,
event cameras operate in a similar manner to the human
eye by looking for changes in the brightness of pixels to
cause "events" [28]. Event cameras can detect millions of

events per second, thus making them useful for detecting
fast moving objects such as groups of particles caused by
atomisation. To capture these particles, the event camera was
situated at one of the viewing ports shown in figure 2a, where
it was pointed at the space where the atomisation occurred.
This setup is shown in figure 3b. To validate the findings
from the event camera, the results from two cameras aimed
into the upper chamber, which provide the images in figure
2, were also used as part of the vision systems software stack.

3.3. Experiment Runs

We collected data from four different runs on the atom-
iser. The process parameters that were changed during the
runs were the gas pressure and temperature, and the param-
eters are detailed in table 1. The microstructure characteriza-
tion was done by sorting the powder through progressively
finer mesh sieves starting at the maximum useful limit of the
powder of 150um, with a breakdown for each mesh size of
each run shown in table 2.

All the runs were undertaken by a trained operator who
managed the flow of the metal bar, made of 316 stainless
steel alloy, through the heating coil and the droplet rate
through the gas plume of and the time between droplets was
kept at 1s (1Hz). Run 1 was terminated early due to gas
pressure loss, whereas all other runs had a total runtime of
300s. For the powder generated in these runs, the size limit
for usable powder is 150um.

Due to the number of runs and the number of sensors
evaluated in this paper, we will be focusing on runs 3 and
4 in our specific analysis. However, all the runs have been
evaluated, with their plots alongside the code to generate the
plots and analysis written in Python and MATLAB available
on our GitHub repository here. We provide the raw collected
sensor data in TDMS format here [29]. Note that given the
size of several of the datasets, it is recommended to use a
High Performance Computer (HPC) that has access to large
amounts of RAM to ensure that the dataset can be loaded
correctly.

4. Methodology & Analysis

4.1. Vibrometer Analysis

The vibrometer sensor collects readings based on the
vibrations that occur within the chamber. As the upper cham-
ber is water-cooled, this causes a background noise floor
in vibrations during operation. This can be seen in figure
4a, where there is a high degree of noise in the readings.
However, the underlying waveform that corresponds to the
readings from the sensor is visible in the latent frequencies,
highlighted in red in figure 4a. As such, filtering out this
noise would illustrate the signal that is hidden within the
noise.

Choosing the frequencies that are relevant and those
that are to be filtered out requires avoiding the time do-
main response and looking at the frequency response of the
waveform. Wavelet analysis [30] alleviates the uncertainty
principle associated with Fourier transformations by exploit-
ing multi-resolution decomposition. Using the continuous
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Figure 4: Time series plots of the results from the vibrometers and acoustic-emission sensors, taken from run 4. The top
row corresponds to the vibrometer readings, with the red box highlighting the underlying frequencies in (a). The bottom row
corresponds to the acoustic emission sensor readings. The left column corresponds to the upper chamber, whilst the right column
is the lower chamber. Further plots for the other runs can be found in Supplementary Material A.

Table 1
Table of process parameters used across the four runs of the atomiser.
Run Gas Pressure (bar) Gas Temperature (°C) Mass of Produced Powder (kg)
1 50 100 2.351
2 70 100 1.529
3 70 300 1.584
4 50 300 1.616
Table 2

Table of microstructure characterization of the powder from all four runs, given as a percentage of the total powder generated
when sorted by sieve mesh sizes.

Run <45um 45-53um 53-63um 63-75um 75-106um 106-120um 120-150um >150um

1 7% 2% 2% 9% 28% 9% 10% 32%
2 15% 4% 4% 8% 19% 11% 9% 30%
3 11% 3% 2% 6% 13% 10% 7% 48%
4 15% 4% 3% 7% 18% 10% 9% 33%

E. Canzini et al.: Preprint submitted to Elsevier Page 6 of 16



Sensorization of Metal Powder Atomisation

i 2.5
0.01 "2
3
— 158
B =
5 -
2 0.001 ; S
@
(IS
0.5
0.0001
0 0.5 1 15
Time (mins)

(a) Run 3 - upper chamber

0.01

Frequency (kHz)
Magnitude

Time (mins)

(b) Run 3 - lower chamber

Figure 5: Continuous wavelet transforms for the upper (LEFT) and lower (RIGHT) chamber vibrometers. The complete set for
all CWT plots for all runs can be found in Supplementary Material B - CWT Plots.

wavelet transform (CWT), we can analyse a signal in the
time and frequency domains using the Morlet wavelet:

2
exp [2iz ft]exp [2—2] ,
(o}

w() = ©)

B

where f is the centre frequency in Hz, ¢ is the time in
seconds, B is the bandwidth parameter and o is the width
of the Gaussian window defined by the number of cycles
constant n:

n

The Morlet wavelet was chosen as the responses we are
looking for in the atomisation process are periodic which the
Morlet is designed to search for within the signal. The oscil-
latory shape of this wavelet makes it useful for identifying
signals of high frequencies and the complex nature captures
both the magnitude and phase information of the signal.
As the phase information requires far more computational
resources and yielded little tangible results in our testing,
we focus on the magnitude of the wavelet analysis.

The CWT analysis was performed by examining the
time when the atomisation process was initiated after the
machine had been left running to ensure that an adequate
noise floor could be established. At the atomisation start
time, 30s of operation were recorded either side of the start
time, as CWT analysis looks at changes in the frequencies
and would require information regarding the time with no
atomisation to allow for a frequency comparison to the time
period of atomisation. Figure 5 shows the CWT analysis
for the upper and lower chamber vibrometers. As shown in
figure Sa, there is a periodicity at 1Hz that aligns with the
droplet speed, indicating that the upper vibrometer is able to
detect the moment of atomisation. As each pulse has a dif-
ferent magnitude, this means that the vibrometer is detecting

different sized pulses based on the size of the droplets as
their interact with the gas plume. The spiking frequencies
in the plots are evidence that the powder atomisation pro-
cess is not uniform, hence reinforcing the mass-continuity
information as different powder sizes would cause different
vibration frequencies. As such, the frequencies correspond
to the different particle sizes as they cause different vibration
magnitudes.

Looking at figure 5b, the lower vibrometer also detects
the 1Hz droplet rate initiated by the operator. However, the
lower vibrometer also detects different frequencies that align
with the powder being deposited in the lower chamber. These
frequencies, similar to the upper chamber, are at different
magnitudes which indicates that this represents different
amounts of powder being deposited in the collector. By
comparing the magnitudes at similar times on the CWT
analysis, such as those in figure 5a, we see that the magnitude
of spikes is less in the lower chamber compared to the
upper chamber, showing us that the magnitude of powder
atomisation correlates to the powder size whereas the lower
chamber is able to estimate the loss of the powder due to
atomisation.

Another interesting analysis of the lower chamber vi-
brometer is that there is an underlying low frequency that
perpetuates through the signal. Unlike the high frequency
noise, this signal is of a higher magnitude and fluctuates
across the time domain. These frequencies are generated
due to the size of the powder that is collected in the lower
chamber that does not satisfy the usable particle size for
coating applications. As the different sizes of the particles
would cause different vibrations in the lower chamber, cata-
loguing these pulses and comparing them against the amount
of useful powder collected would allow the identification of
the vibrational response of the powder that is the desired
size.
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4.2. Acoustic-Emission Sensor Analysis

Examining the responses of the acoustic-emission sen-
sors in figure 4, the first observation to be made is that
the upper chamber vibrometer is useful for detecting the
exact start of the atomisation process. In figure 4c, the
sensor reading changes the moment atomisation occurs, but
only registers a consistent waveform for the duration of the
process. This indicates that the atomisation process does
not involve frequencies in the megahertz range. The lack
of high frequency components in the upper chamber, which
can be verified by examining the frequency components
in figure 5a, informs us that the interaction of the metal
with the gas plume, and the subsequent atomisation, is only
present in low frequencies. This was further illustrated in the
previous section when discussing the vibrometer analysis,
in particular the frequency responses in figure 5. However,
the magnitude of the signal across runs 3 and 4 varies,
where both runs were kept at a gas temperature of 300°C but
changed the gas pressure from 70 bar to 50 bar. Therefore,
whilst specific pulses and points of atomisation cannot be
detected, the upper chamber acoustic-emission sensor can
be used to validate both the runtime and the gas pressure of
the chamber based on the magnitude and length of the sensor
readings.

Moving onto the lower chamber acoustic-emission sen-
sor, this response is very different to its predecessor. There
is an increasing amplitude in the sensor readings as the time
for atomisation increase, which is also mirrored in the lower
half of the sensor reading. This mirror in the sensor reading
is due to the "rattling" of the lower chamber as powder is
deposited, with the changing amplitude corresponding to the
changing modal frequencies of the chamber as the amount
of powder deposited in the collector increases. Whilst the
knowledge of these frequencies is useful for computing the
amount of powder in each moment of atomisation, as de-
scribed in section 4.1, the results from the acoustic-emission
sensor show a cumulative distribution of how the powder is
collected, indicating that the amount of powder that is above
the usable maximum particle size of 150um is detectable.

To model the cumulative distribution of powder using
the acoustic-emission output, we examine the energy of
the signal across the time of atomisation. Signal energy,
whilst synonymous with the physics interpretation of energy,
examines the size of the square of a signal and can be
explained as the measure of the strength of a signal with both
real and imaginary parts [31]. For discrete time signals, the
energy is defined as the dot product for each sample » in a
time-domain response, which in equal to the sum of squares
of a signal between two bounds N| and N,:

E[n] = (x[n], x[n])
N, 5
= 2 lxdnll® ®
n=N{

This calculation can be very susceptible to noise, and thus
would amplify low-frequency components in the acoustic-
emission response which would cause undesirable readings.

%100
?:_l LER T Y T T L 3

f— Run 1

Signal Energy E[n] (V /5°)
d

L 1

0 1 2 3
Sample Number n

% 108

Figure 6: Plots of the signal energy for the four runs on the
atomiser.

As such, the energy function calculation in (5) can be mod-
elled as a convolution operation to mitigate the effect of
spectral leakage has on the energy calculation. Additionally,
the window function enables the bounding of the energy
calculation to the region of the time-domain response where
the atomisation process is taking place. Let X[n] be the
energy function described in (5). The convolutional energy
is defined as:

E[n] = (X * W)[n]

ud 6)
= > Ix[mll* win - m],

m=0

where W n] is the window function used in the operation.
For our calculation, we used Hamming window function
across the sample range 0 < n < N — 1 defined as:

win] = ag + (1 —ao)cos<2iN”), %)

with ay = 0.54 and N being the number of samples in the
size of the window. As our sensor reading is measured in
Volts V, the units for the signal energy are V2/s. As the
time between droplets is 1 second but there is considerable
settling in between droplets, we set N to be 1.25x 10 in line
with the sampling frequency of the acoustic emission sensor
in section 3.2 to better capture the data of the powder settling
in the lower chamber.

Figure 6 shows the energy plots for each run from
the start of the atomisation process until the process ends.
Despite run 1 being terminated early on the advice of the
operator, all four runs show different energy responses over
the atomisation process and a different final energy result.
We can see that the lower chamber acoustic-emission sensor
is able to detect the amount of powder outside of the usable
range generated by using the energy of the signal. Further-
more, we can also compare the lower chamber vibrometer
reading with that of the acoustic-emission sensor to evaluate
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Figure 7: Plot of the resulting GP regression model comparing
the signal energy E[n] against the percentage of usable powder
generated.

the performance of the atomisation process. Generating con-
sistent amounts of powder during each interaction between
the molten droplet and the gas plume is important to ensure
that the quality of the powder is maintained throughout the
process. Looking at figure 6, we see that run 3 showcases
the most consistent and smooth energy response for the
cumulative amount of powder, which is mirrored by the re-
sponse in figure 4b where the frequency magnitude response
in the lower chamber vibrometer shows a repeated pattern
of powder being collected in the lower chamber, therefore
showcasing that run 3 generated the most powder that was
above the usable range.

A further point of analysis that can be developed is the
creation of a regression model to predict the percentage of
usable powder given a total signal energy. Such a model
would be able to provide insight to how different energy
signals - and thus machine parameters - affect the production
of useful powder. For this analysis, the amount of useful
powder is determined by looking at powder that is within
the useful ranges in table 2. The regression model used
for this analysis is a Gaussian Process (GP) with a Radian
Basis Function (RBF) kernel, chosen for its ability to provide
both reliable estimations from small datasets and uncertainty
bounds in regions with little to no data [32]. The resulting
plotin figure 7 further demonstrates the relationship between
the signal energy and usable powder generated, indicating
that a higher signal energy, which corresponds to larger
particles being generated, leads to lower usable powder.

4.3. Event Camera Analysis

The majority of ways to process event data is to accu-
mulate event packets over a fixed time period, known as
accumulation time, and apply some function. One of the
simplest is counting the number of events. As the event
camera only generates data in response to changes in light,
the number of events in a given time period is a reliable

indicator of activity. In these experiments, the main event
of interest is the molten metal impacting the gas jet. This
creates a large and intense burst of light, which should
generate a large number of events with positive polarity.

Figure 8a shows an example of this. This frame was
generated by setting the accumulation time to 14825 us. This
value was derived from reviewing the footage and finding a
value that offered the clearest view of potential objects of
interest whilst minimising background noise. The non-black
pixels indicate locations with at least one event with positive
polarity. The density of the events increases to a peak be-
fore decreasing and disappearing over an estimated period
of approximately 0.06 s from the timestamps. Afterwards
there are very few events, suggesting that the brightness is
consistent making it difficult to perceive changes. On some
occasions, streaking particles were observed travelling from
the bottom of the frame to the top.

Plotting the number of events using an accumulation
time of 2ms produces a very dense signal that is difficult
to see even if it is filtered to only events with positive
polarity only. Figure 9 shows the number of events over time
for Run 3 including graphs for only positive and negative
events. There is a maximum of 10000 events due to setting
a maximum event rate to avoid encoding errors observed in
Run 1. The start and end of the run are clear from sudden
increases in the signal, but the flashes of interest are hidden.

Figure 10 shows the results of the CWT applied to the
number of positive events for Run 3 and Run 4. The data
along the Y-axis are generated by applying a scaling factor to
the wavelet function which stretches it enabling the capture
of behaviour at different frequencies. The X-axis represents
time in microseconds, the Y-axis represents frequency in
Hertz (Hz), and the magnitude is the response to the scaled
wavelet function. This approach reveals a clear component
that is active for the duration of the atomisation process.
For both Run 3 and Run 4, this component stays fairly
consistently at 1 Hz suggesting this is the rate the droplets
are being atomised. The vertical lines stretching from lower
to higher frequencies are transient events that occur over a
very narrow time period.

These results can be validated by checking the video
footage used to make Figure 1. This footage was taken using
a Nothing 1 phone at 1920 x 1080p at 60 fps. Whilst the
data gathered through this medium can be used for verifying
the event camera data, using a phone camera within our
multi-modal sensor system is a low-fidelity check which can
be improved through the use of high speed video cameras.
The phone was pointed towards two displays showing the
footage from two cameras looking into the atomiser. One
camera is pointed towards the coil where the metal bar is
rotated at a fixed speed and heated until globs of molten
metal fall (Figure 1a). The other camera is pointed upward
at the nozzle where the powder hits the gas jet (Figure 1b).
When molten metal hits the gas jet, it causes a bright flash
of pixels. As the phone was physically held as opposed to
being held on a stand, the field of view (FOV) moves around
and occasionally points away from the screen. A simple
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(a) Example of the powder impacting the gas stream.

(b) Example of observed objects moving across the frame

Figure 8: Frames taken from the event camera by setting the accumulation time to 14825us at 500 FPS.

Run 3 Number of Events
No. of All Events

T T T T T

L L L L
0.0 0.5 1.0 1.5 2.0 25

Last Timestamp (s)

(a) All Events

35
x108

No. of Events (#)

10000

8000

6000

4000

2000

0

Run 3 Number of Events
No. of Positive Events

h n n L
0.0 0.5 1.0 1.5 2.0 2.5 3.0 35

Last Timestamp (s) x108

(b) Positive Events

No. of Events (#)

10000

8000

6000

4000

2000

0

Run 3 Number of Events
No. of Negative Events

T T T T T T T

0.0 0.5 1.0 1.5 20 25 3.0 35

Last Timestamp (s) x10%

(c) Negative Events

Figure 9: Number of events in Run 3 using an accumulation time of 2000 us

algorithm was developed to isolate the displays and then
track the number of bright pixels. First, pixels in the colour
range 0-50 are identified and used to create a binary image.
The largest contour surrounding these pixels is believed to
be the two monitors. The image is cropped to this to remove
extraneous objects. Finally, bright pixels are identified by
searching for pixels in the colour range 180-255. These
ranges were identified through manual adjustment. This
algorithm is summarized in Figure 11.

Run 3, accumulation time 2000 us
No. of Positive Events, CWT Scaleogram cmor B=2.5, C=1.0
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(a) Run 3

The flash caused by the molten metal hitting the gas
causes a brief peak in the number of pixels. To identify
the peaks, the find_peaks function part of Scipy [33] is
used. The minimum distance and prominence parameters
were tuned to try and eliminate unwanted peaks. The results
of Run 3 and Run 4 are shown in Figure 12. The plot was
clipped to a specific period to avoid the times when the
camera was not pointed at the monitors.

The distance between neighbouring peaks can be used
to estimate the frequency of the flashes. The distances are

Run 4, accumulation time 2000 us
No. of Positive Events, CWT Scaleogram cmor B=2.5, C=1.0
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Figure 10: CWT of the Number of Positive Events collected with an accumulation time 2000us using cmor2.5-1.0
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Figure 11: Algorithm used to isolate bright pixels in mobile
footage

converted from samples to seconds by dividing by the video
frame rate. The resulting data is filtered by removing any
values further than two standard deviations from the mean.
This is to remove outliers that are clearly not part of the main
trend. Taking the average of the filtered data and finding
the inverse provides the frequency in Hertz (Hz). Figure 13
shows the peak distances in seconds after filtering. Figure
13a shows an average of 1.13 Hz, and Figure 13b shows
an average of 1.30 Hz. This is in the same frequency range
identified in the CWT of positive events in Figure 10.

An established value of event cameras is the ability to
track and record the motion of objects [34], [35], [36]. In
a powder atomiser, the movement of molten particles and
how their shape changes is of key interest as the amount
of powder that forms in the powder collecting chamber is a
core performance metric. To capture the motion as an image,
the event camera data was encoded as a time surface. This
approach accumulates event data over time creating an image
where each pixel has a value representing the cumulative
activity of that area where higher values corresponds to more
recent movement [28]. The method used normalizes the time
surface so the last timestamp has a value of 255 and the last
timestamp minus a delta value, set to 500 microseconds, is
set to 0. An accumulation time of 14285 microseconds was
chosen based inspecting the data and noting how long major
events lasted.

Several interesting behaviours can be observed in this
data. Figure 14 show sets of sequential frames organised
left to right from the time surfaces for Run 2,3 and 4. The
frames show a distinct object moving across the frame. The
size of the object relative to the frame size suggests that the
event camera was out of focus. It should be noted that it was
difficult to focus the event camera in these circumstances as
the particles would be occurring at various distances from
the camera so some portion would always be out of focus.
Additionally it would be difficult to insert an object into the
chamber to act as a reference point. Additionally, focusing
event cameras so that the events are in focus at all times
remains an open problem within computer vision applica-
tions. As it cannot be confirmed if these objects are one or
several droplets, they will be referred to as objects. This is
reinforced by how few objects there are. From viewing the
mobile phone footage, the molten droplets clearly split into
many smaller droplets rather than the few seen. However in
the time surface, there is generally a maximum of 5-7 objects
on screen. Figure 14a shows an example of when the objects

begin travelling in a circular pattern before disappearing.
Opposite the camera behind these objects is a pipe that is
designed to extract unwanted particles and prevent them
from entering the compressor. The diameter of the path
made aligns with the diameter of that pipe suggesting this
is tracking one or several powder particles being drawn into
the pipe. The head of the object visually has the higher value
meaning over the accumulation period has the most motion.
Figure 14b shows the moment when the path first enters this
behaviour.

Figure l4c is an example of when multiple objects
are travelling through the frame. In addition to the force
provided by the pipe on the other side, the objects are
being pulled upwards back to the gas jet at the top by a
vacuum force created by gas turbulence flows. Many of the
objects observed across all runs were observed travelling
vertically with some captured turning around falling towards
the chamber.

5. Discussion

The results in the preceding section highlight three dif-
ferent sensing modalities and their efficacy of detecting ele-
ments of the powder atomisation process. All three sensors
capture different parts of the atomisation process, which
together provide a clear image of the atomisation process.
By using the non-contact vibrometer on the upper chamber,
the atomisation droplet rate of 1Hz can be independently
verified which enables powder producers to develop system
verification tools and provide their consumers with evidence
of the process parameters. When the vibrometer is used to
detect powder deposition in the lower chamber, the time-
frequency response can be used to examine the amount of
powder that is deposited in the collector after each atomisa-
tion. As both of the vibrometers have latent responses at 1Hz,
one can examine the magnitude peaks at the corresponding
times to provide an estimate of the powder loss at each
atomisation instance, which can be used to evaluate the mass
continuity from (1). This in turn can be used for data-driven
approaches to generate labels and data-points for learning
the mass continuity of the at different process parameters
[37].

Our choice of contact sensors, the acoustic-emission
sensors, were limited to providing information regarding the
runtime of the atomisation process and verifying the gas
pressure used in the run due to the lack of high frequency
components in the upper chamber of the atomiser. This
information is useful for determining the powder to time
ratio, examining the efficiency of the process for given
droplet rates. On the lower chamber, the acoustic-emission
sensor readings are able to read the increasing amount of
cumulative powder that is collected which is above the
usable size of 150um. This result is one of the most pressing
for the production of coating powders, as this can be used to
dictate the percentage efficiency of the powder atomisation
process and which process parameters provide the best ratio
of produced powder. This is shown by comparing the results
in figure 6 with the final column in table 2, which shows
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Figure 12: Number of bright pixels identified in the mobile footage for Run 3 (a) and Run 4 (b)

Run 3 Distance Between Peaks In Seconds (Filtered)

Mean 0.88s or 1.13Hz

|y - T | y T T
: :
E30F [ ] ® E
g ® °® »
= 25F ® -
2 [ 2 Y
& 20Ff ® ° ]
=
z ‘a® e ° ®
Z15F ® L4 ]
]
[==]
2 1.0F -
R
he * “Ponoote “ ]
i 1 1 1
0 50 100 15 200 250
Pair Index
(@)

Run 4 Distance Between Peaks In Seconds (Filtered)

Mean 0.77s or 1.30Hz

Distance Between Peaks (seconds)

0.6 o |
0280 ecls gt
S8 -
| b I 1 h I
0 50 100 150 200 250 300 350
Pair Index
(b)

Figure 13: Distance in seconds between peaks of bright pixel counts after filtering for Run 1 (a) and Run 2 (b)

that run 3 had the highest amount of unusable powder
and the highest energy. This happens because the larger
particle sizes cause the most vibrations when they are de-
posited in the collector, hence increasing the signal energy.
By combining this information with the readings from the
lower chamber vibrometer, the amount of powder generated
in each atomisation interaction can be combined with the
increasing amount of powder in the collector to determine
which powder sizes are detectable and thus quantify the
amount of useful powder generated during each atomisation
run.

The vision system of the combined event camera and
mobile phone camera allows for the verification of particle
droplet sizes after the atomisation event. By examining the
magnitude of the events detected by the event camera, the
size of clumps of particles can be estimated and this helps
with the determination of the amount of powder generated
during each atomisation event. Additionally, this can be
useful for examining how particles clump together after
atomisation which in turn can be linked to the quality of

powder that is generated. Another benefit of the event cam-
era results are the further verification of the time between
pulses that is generated by the operator.

One limitation of the sensors we have presented in this
work is, whilst we are able to quantify the amount of unus-
able powder from the process, we cannot provide estimations
of the specific types of usable powder, as shown in the
breakdown in table 2. This is due to the fact that the shapes
and sizes of the individual powder can only be determined
through the use of powder sieves or SEM images [23].
One possible way to quantify the specific sizes of powder
related to sensor readings in situ would be to measure a
single droplet through the sensors, then evaluate the SEM
and powder sieve results from this droplet. However, given
the cost of doing single droplet runs to characterise each
size of particle and that different size particles are used
for different applications in coating technologies, it would
be more beneficial and cost effective to utilise the in situ
measurements to determine the amount of unusable powder
generated from the process, then use post-processing tech-
niques to determine the amount of usable powder generated
for specific applications.
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(a) Run 2

(b) Run 3

(c) Run 4

Figure 14: Three sequential time surface frames organised
left-to-right calculated using an accumulation time of 14285
microseconds for Run 3 (a) and Run (4)

From these results, it is evident that in situ sensing has
the potential to enhance the capabilities of metal atomisation
by providing feedback on the amount of powder that is above
the usable size. To take this work further, there are several
avenues within sensing and signal processing that would pro-
vide the most benefit. Firstly, by performing single droplet
analysis and measuring the amount of powder generated in
each drop, the magnitudes of individual atomisation events
could be quantified in the wavelet plots in figure 5. This in
turn would enable the classification of different particle sizes
based on their respective frequency bands, which would
allow a greater understanding of the distribution of particle
sizes whilst the machine is operational. Additionally, the
wavelet responses could be analysed further to generate
noise frequencies that could be filtered out through the
design of filters. Of particular note for this application would
be a high pass filter than attenuates low frequencies that
would be caused by background noise. However, both of
these approaches raise an important point regarding the
time and material spent on running specific tests for de-
termining droplet and particle sizes. Simulation tools can
bridge the data gap in terms of process parameters [9], [14],
but inaccurate sensing and disturbance models would limit
the efficacy of the simulated data when compared against
experimental results. Another approach would be to leverage
methods in Generative Artificial Intelligence (GenAl) to
create simulated datasets based on knowledge of system
physics and prior datasets. However, this poses a new set
of concerns, namely regarding the consistency of the data
and the hallucination characteristics of GenAl models that
cause them to “imagine" data points [38], [39]. As such, for
metal atomisation processes the collection of experimental
data remains the only viable solution to determining output
parameters.

For the vision systems, the results in this paper demon-
strate that event cameras can be used for finding out the size

of clumps of particles during atomisation. The next step with
this sensor would be integration with other vision systems
such as thermal and RGB cameras. This would allow the
tracking of particles during atomisation, and would also
allow precise estimation of the size and temperature of the
particle clumps, which in turn would provide information
about the quality of the particles. One of the biggest technical
limitations of this sensor setup is the difficulty in focusing
the event camera. Adding extra cameras, positioned at dif-
ferent angles could help inform where to focus the camera.
The powder atomiser has multiple port holes directed into
the chamber for monitoring. The event camera used in the
experiments was positioned to capture the vertical velocity
of objects. Another camera positioned at one of the other
port holes could capture the breadth of the particle spread
and show where the greatest concentration of particles is. A
reference object can then be inserted into the chamber at the
target depth. This would have to be performed before pulling
a vacuum inside the chamber, greatly increasing operation
time. The objects themselves could also be classified through
this approach, which could be paired with other vision
systems to categorise the objects based on particle sizes and
whether the powder has formed a mass. Additionally, both
the vision system and the sensors could be integrated into
the controller of the atomiser itself to enable optimisation
of the process parameters to improve the overall powder
yield, thus providing real-time feedback about the quantity
of usable powder during operation. During the experiments,
the droplet rate of material was manually tuned by a trained
technician. With the demonstrated ability to monitor it, a
control loop can be constructed that provides corrections
either directly to the controller or suggestions to the tech-
nicians.

6. Conclusions

In this paper, we present a novel approach to monitoring
the metal atomisation process. Our work represents the first
approach in literature to provide a quantitative analysis and
modelling of the powder creation and yield by combining
three different sensing modalities - contact, non-contact and
vision - to demonstrate that important characteristics of the
atomisation process related to powder yield can be captured.
By using these sensors, direct measurements can be made
on the nature of the powder yield within the usable band.
The sensors are deployed on a metal atomiser with different
process parameters to show that the chosen sensors are not
limited to single processes. We provide analysis results of
the three modalities, along with discussion topics for future
work.
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