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Abstract

Imagers are attractive sensors for in-process monitoring of additive manufacturing (AM) processes on
account of their ability to capture high spatial-resolution data. However, this advantage comes at the price of large
memory generation. Additionally, some metallic AM processes have high light intensity and high speed dynamics
which further complicates data collection. Emerging change detection, event-driven, neuromorphic imagers
represent an alternate imaging modality. Change detection event imagers only report data for pixels whose log
intensity value has changed beyond a specified threshold. These imagers tend to generate less data than
conventional imagers, respond to sub-millisecond phenomena in the environment, and have a high dynamic range.
These properties make these imagers attractive for a variety of AM processes. We demonstrate the performance
of change detection event-based neuromorphic imagers in the context of AM/welding processes such arc/laser
welding.

Introduction

Currently in-process monitoring and imager-based documentation of additive manufacturing (AM)
processes such as directed energy deposition (DED) and laser powder bed fusion (LPBF) is not practical over the
course of the entire build of a part, on the shop floor. The primary challenge is that the dynamic phenomena
present in wire directed energy deposition (W-DED) melt pools can take place on sub-millisecond timescales,
thus requiring the use of imagers and other sensors with high sampling rates. This high sampling rates results in
the generation of very large amounts of data at the point-of-manufacture. CEO/co-founder of the metal AM
startup Freeform recently stated the scale of the data problem associated with additive manufacturing as “It's
actually kind of crazy, the amount of data we move here...rivals like Netflix. [1].” This large amount of data
(gigabytes to terabytes) requires impractically substantial computing resources to process on-line to enable real-
time control. Furthermore, the amount of data generated per-part is on the order of terabytes, which quickly
becomes impractical to store, and is difficult to transmit over Ethernet networks. This network transmission issue
is particularly problematic. However, event-based, neuromorphic sensing and computing offers an alternative
imaging measurement paradigm that has demonstrated great promise for efficiently and capturing data associated
with the sub-millisecond dynamics of melt pools in high light intensity environments.

Neuromorphic event based imagers were originally proposed and developed by Carver Meade [2], [3],
Misha Maldowald and Tobi Delbruck [4]. The idea behind this work was to look to the biological nervous system
to inform the development of efficient sensing and computing. The event imager which was a precursor to the
event imagers used in this work was developed by Lichtsteiner et al [5]. A review of event-based imaging can be
found in [6]. Neuromorphic imagers are fundamentally different than conventional imagers. An event based
imager does not capture individual photographs or frames. Instead, an event based imager only detects
information associated with a change in light intensity value at an individual pixel. Furthermore, this event
detection is done directly in hardware at the pixel level [5]. It must be stressed that the event detection is not the
result of an image processing algorithm performed on a conventional image. The data for each event consists of
an event timestamp that typically has ~10s of microseconds accuracy [7] as well as the x-y position of the pixel
that detected the event and a polarity value which indicates if the pixel detected an increase or decrease in light
intensity. Data is only reported from the imager, if the light intensity level at a given pixel changes. Furthermore,
only the pixels whose light intensity value has changed, report data. If the pixel event data is arranged into the
form of a photograph, the resulting data displays some similarity to a conventional image that has been processed
using an edge detection algorithm. This detection-at-the-pixel approach, results in event-based sensors
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consuming less power, less memory/bandwidth, and they operate across a wide range of timescales and dynamic
ranges [5]. Event-based imagers also have the advantage that they effectively adaptively sample the field-of-view
of the scene on a per-pixel basis based on the timescales at which changes in the scene are evolving. To
demonstrate these properties of an event-based imager, consider the case of observing two propellers (Figure 1)
spinning side by side, but at different rotational speeds. For this case, the spatio-temporal point cloud of events
resulting from this observation is shown in Figure 2. A propeller sweeps out a corkscrew-shaped set of events as
it progresses through time. The rate of periodicity associated with this corkscrew shape depends on the rotational
speed of the propeller. Figure 2 clearly demonstrates that two different periods associated with the different
rotational speeds of the propellers can be observed in Figure 2. This result illustrates that events are generated at
a rate commensurate with the dynamics being observed by each individual pixel. Furthermore, only noise events
are observed at pixels not observing a physical phenomena that results in changes in light intensity.

Slower
Propeller

Longer exposure time
(1/1,000t of a second)

Figure 1 Example of a propeller | Figure 2 Spatio-temporal point cloud associated with observing events generated from two propellers
observed by the event-based | spinning at different speeds.
imager.

One of the properties of event imagers that makes them particularly attractive for welding and additive
manufacturing monitoring applications is the fact that they are often designed to detect events based on changes
in the logarithm of the light intensity observed at a pixel [5]. As a result, these imagers tend to have dynamic
ranges on the order of 120 dB [7], [8], [9] which corresponds to a 20 bit imager. In contrast, a conventional 8 bit
imager only has 48 dB of dynamic range and a 12 bit imager has 72 dB of dynamic range. To demonstrate the
high-dynamic range properties of event imagers, consider the case of observing an eclipse using an event-based
imager as shown in Figure 3a. In this scene both a hand and the crescent sun shape associated with the eclipse
can be observed simultaneously. The hand and the sun can be observed simultaneously in this case because each
pixel detects changes in light intensity independently of the other pixels. As a result both very bright and
significantly less bright objects can be observed simultaneously. In contrast Figure 3b. shows the eclipse and
hand viewed using a conventional 8-bit imager. In this image it is not possible to observe the hand in the presence
of the intense light radiated by the sun. This example drives home the extreme dynamic range achievable with
event-based imagers.
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To further illustrate the generation of event data to changes in log light intensity, consider the case of an
event imager (DVXplorer [7]) observing a pin hole backlit with a light source that can be modulated illuminated
through an integrating sphere. In this case the event imager observes the pinhole as the light source’s intensity is
increased in an exponential manner. The resulting events from 9 neighboring pixels are then plotted in Figure 4.
For the case of an exponentially modulated light, ideally we would expect equally spaced events all occurring
approximately simultaneously for all 9 neighboring pixels. However, we can see there is clearly some variation
in the times at which events are generated in the pixels. We hypothesize this phenomena is explained by variations
in the pixel response as is mentioned in [5]. However, answering this question is beyond the scope of this work.
Here we simply introduce the reader to the nature of the response of the pixels of an event-based imager to
exponentially increasing light.

DVXplorerEventimager .~ Qb Zelux® 1.6 MP Color CMOS Camera

~ Crescentfrom Eclips

» at fingers can
“ . still be seen despit
‘the high light
~intensity from the

|

Figure 3 a.)Demonstration of the high dynamic range of event imagers (DVXplorer, 50 mm lens, 1.0 neutral density filter; b.) Demonstration of an 8
bit zelux 1.6 MP Color CMOS camera (0.6 and 3.0 neutral density filter used in series), in the context of imaging the 10/14/2023 eclipse as observed
from Los Alamos, NM.
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Figure 4 Example of the response of a DVXplorer event imager to a logarithmically increasing change in light intensity. Red, upward pointing
triangle markers indicate positive event polarity and blue, downward pointing triangle markers indicate a negative event polarity. Right image
shows associated experimental setup.

It is also noteworthy that neuromorphic sensors do not experience aliasing. This is because the event
detection circuit inherently acts as a low-pass filter. If the physical phenomena being observed is changing faster
than the event detection circuit can keep up with, the scene will appear to not change from the perspective of the
circuit, and no events will be reported. This property is very attractive for fast dynamic processes such as those
associated with additive manufacturing because it prevents dynamics faster than the frame-per-second capabilities
of the imager, to corrupt the measurement.
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In recent years there is increasing reason to consider event-based imagers for in-process monitoring of
welding and additive manufacturing processes. Hayes et al demonstrated the potential [10] to use neuromorphic
event-based imagers to characterize the dynamics of melt pools. To the best knowledge of the authors, the first
reported use of a neuromorphic event imager to observe arc welding processes was provided by Gothard et al in
[11]. This work provided evidence that neuromorphic event imagers possessed the dynamic range to observe the
melt pool geometry and tungsten torch tip associated with a gas tungsten arc weld (GTAW). Furthermore, this
work demonstrated a quantitative approach to converting event data to frame data that could potentially be fed to
conventional image processing and computer vision pipelines. The high dynamic range properties of
neuromorphic event-based imagers was further demonstrated by Mascarefias ( [12]) in the context of both GTAW
as well as laser welding. Analysis done in the course of this work further suggests that neuromorphic event
imagers collect welding data in a far more efficient manner than conventional imagers and could potentially be
compressed even further using techniques such as principle component analysis. Zheng et al demonstrated that
event-based imagers could be used in an array processing mode for observing waves traveling along the top
surfaces of liquids [13].

This work aims to further explore the potential for the use of event imagers for in-process monitoring of
welding and additive manufacturing. This work focuses on the case of a laser welder being observed using an

event-based imager.

Experimental Setup

This work focuses on the observation and analysis of a melt pool associated with laser welding using an
event based imager. The laser welding setup is shown in Figure 5. In this case a weld is executed on a pipe
sample of stainless steel material. A Davis 346 monochromatic neuromorphic event-driven imager ( [8]) was
used to observe the laser welding melt pool. The event imager used a microscope camera objective
(UPC 709619589462 [14]). This microscope camera objective has a magnification of .7 to 4.5X and a working
distance of 100mm to 115mm.

An example of an image of the laser melt pool captured using this setup is shown in Figure 5. An
example of a melt pool observed using the event based imager is shown in Figure 6.

Figure 6 Event data naively summed into an image with an equivalent
frame rate of 100 frames per second at 100% exposure time. Green

Figure 5 Laser welder which was under observation by an event pixels indicate positive polarity events, red pixels indicate negative
imager. polarity events, and yellow pixels indicate pixels where both positive
and negative polarity events were detected.
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Principle Components Analysis For Modeling and Tracking Melt Pool Shape

Figure 6 shows that the melt pool associated with laser welding has an elliptical nature to it. There is
evidence to suggest that the shape of a melt pool can have an impact on the quality of the weld and the inclusion
of porosity in the final weld [15]. Therefore we investigate the ability to model this elliptical shape using event-
based imagery. Specifically, we focus on the use of the principle component analysis (PCA) algorithm ( [16],
[17]), to estimate the center and major/minor axes of a 2D ellipse that closely encloses the events associated with
the melt pool within its boundary. The PCA-based workflow we have developed for analyzing and tracking the
shape of the laser welding melt pool is shown in Figure 7. In this work we consider the case of performing 2D
PCA over events bounded by windows in time. However, it should be noted that because 2D PCA has an
analytical solution, it is possible to compute PCA in a streaming manner where the PCA solution can be updated
for each new event that enters/leaves a fixed-length data buffer. In this way PCA can be implemented in a fast,
streaming manner.

Event Processing Pipeline Description

‘ DVS Event Stream ‘ Threshold using the. m.ean +(3
l * standard deviation)
bl ety L ON_(+1) sicd Apply a pseudo background
OFF (-1) events in 1/30t" N, Lo
ar | activity filter by setting pixels
S [MIEERELS: to 0 if they have no spatial
l neighbors (up/down/left/right)
Clip the video values to Jv
the mean +/- (2 * the For each frame, use each pixel
standard deviation). position (x,y) with a value of 1
l as a point in the 2D PCA
calculation.
Apply a sliding window of
10 frames (e.g. 1/3of a J’
second) Run 2D PCA and draw the

I principal components scaled by

the standard deviation along
that component after
projection.

Figure 7 Signal processing workflow associated with using the principle component analysis algorithm on events generated from a melt pool.

Principle Components Analysis For Modeling and Tracking Melt Pool Shape - Results

We now consider the events measured using an event imager observing a laser welder melt pool. First,
the 2D view of the spatio-temporal point cloud (2 spatial pixel dimensions, 1 temporal dimension) associated with
the events generated by the laser-welder melt pool can be found in Figure 8 through Figure 9. Figure 10 shows a
3D view of the spatio-temporal point cloud of the events. These figures provide context for what event-based
imagery of a melt pool looks like. Please note, event imagers can be very sensitive to change and can generate
many events. Therefore, to facilitate viewing the events, only 1 in 500 of the events are displayed for a period of
10 seconds of laser welding. In these plots it is possible to observe the shape of the melt pool.
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welding viewed along temporal axis.

Figure 8 Spatio-temporal event point cloud for laser | Figure 9 Spatio-temporal event point cloud for laser

welding viewed along y pixel axis.

Figure 10 Spatio-temporal event point cloud for laser welding, isometric view.

Next, we apply the PCA tracking algorithm to the event data for a variety of different framerates in order
to demonstrate the ability to estimate 2D elliptical models at different timescales. Snapshots associated with
instants in time of the measurements, along with plots of the measured eigenvalues for each case are shown in
Figure 12 - Figure 13 (STDV indicates the standard deviation). Please note that because the timescales of these
plots vary, the time range over which events are considered decreases as well in order to display similar amounts
of analysis results for each case. From these plots we can see that the PCA tracking algorithm shows promise for
fitting relevant elliptical models to spatio-temporal event point clouds across a range of timescales relevant to
laser welding and additive manufacturing, particularly at the slower timescales from 30 FPS to 300 FPS. Faster
time scales appear to often local exhibit features that are smaller than the entire melt pool and are often not as
well captured by an elliptical model and are not shown. Additional work should be done to learn appropriate
models for the phenomena occurring at the faster timescales.
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Figure 11 First example of PCA tracking approach and resulting eigenvalues for modeling the melt pool for specified framerates of 30, 100 and 300
frames per second.
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Figure 12 Second example of PCA tracking approach and resulting eigenvalues for modeling the melt pool for specified framerates of 30, 100 and
300 frames per second.
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Figure 13 Third example of PCA tracking approach and resulting eigenvalues for modeling the melt pool for specified framerates of 30, 100 and 300
frames per second.

Conclusions

This work explores the possibility of using neuromorphic event-based imaging in the context of observing
the geometry of melt pools and estimating an elliptical model for the shape of a melt pool. The initial results
presented in this work suggest that high-speed, streaming elliptical model parameter estimation for melt pool
shape from event imagers can be executed successfully over timescales relevant to laser welding. Neuromorphic
event-based imagers have potential for monitoring melt pools for welding and additive manufacturing for 3
reasons. First, they have a high dynamic range. Second, they can detect phenomena on the millisecond to sub-
millisecond timescale. Third, event-based imagers tend to generate less data than a conventional frame-based
imager capturing data at a comparable framerate. The results presented in this work suggest that event-based
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imagery has high potential to be used to be used for in-process monitoring of welding and additive manufacturing
and additional study into this area is warranted.
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