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ABSTRACT

Due to its ability to manufacture a single, complex part that either (1) could not have
been built with traditional manufacturing or (2) would require the assembly of several
sub-components, the use of Metal Additive Manufacturing (MAM) has increased over
300% in just the last 5 years!?. Even with the advancements in the technology of Metal
Additive Manufacturing, the final as-built mechanical properties continue to possess
variability that make it difficult for designers and engineers to utilize them effectively,
especially on mission critical parts. The final material properties of an MAM part are
process and operator-dependent and the MAM process is more complex than traditional
metal manufacturing techniques. The ability to non-destructively validate the quality of
an MAM part is critical as the utilization of metal these parts increases. This paper
describes ongoing research that focuses on techniques that can predict if a given part
meets customer requirements and is free from hidden defects, flaws, non-visible
geometric fluctuations, and variations in mechanical properties that are critical to the
design/analysis process and mission certification. The techniques use Laser Doppler
Vibrometry to detect the frequency response spectrum for a given part then process that
data with non-p-value statistical techniques (Machine Learning) to develop models that
can be “trained” to detect a variety of quality issues. Machine Learning models work best
when data from many samples with different unacceptable end-states are available and
used to train and develop the models. These end-states could be the result of a variety of
unacceptable variations in the MAM process, quality of the precursor powdered metal,
quality of the millions of micro-welds that make up the MAM build process, size and
number of inclusions and micro flaws in the material as well as residual stresses in the
part. In this study, our goals were to (1) use a large enough number of parts to ensure the
validity of the machine learning model and (2) focus on geometric defects and the effects
of residual stresses. For these initial investigations, we utilized Off-The-Shelf parts to
increase statistical reliability, improve our ability to train our Machine Learning Model
and refine our experimental protocol while keeping costs within the budget for the
research. In the second phase of this research, we will use MAM parts.
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1.0 Procedure
1.1 Laser Doppler Vibrometry

Our Techniques use Laser Doppler Vibrometry (LDV) combined with acoustical resonance
spectroscopy®* (ARS) to measure the vibrational spectrum of a part using a quick and efficient
procedure. Simulation using Finite Element Analysis (FEA) is used to guide and refine the testing by
determining the vibrational characteristics (vibrational frequencies and mode shapes of a non-damaged
and damaged parts. A vibrational spectrum is also determined by FEA using a forcing function and
forcing location that is the same as that used during the LDV testing. Besides the resonance modes,
the FEA model also provides information to optimize measurement points, excitation points and
frequencies that are crucial for detecting specific anomalies. The procedure is unique in that it does
not have to contact the part to collect data. This expands the ability to collect data efficiently from
many points on the part. A “good” part establishes the vibrational “signature” by identifying specific
resonant peaks, their shifts and splits, and other variations, are interpreted as deviations from the
standard and may indicate damage.

—

Figure 1. Laser-Doppler Test Setup

1.2 Test Jig Design

During the initial test setup, it became evident that the jig used to hold part undergoing LARS testing
might influence the vibrational spectrum. A CAD model of the test jig was designed and is shown in
Fig 2. The design had the benefit of being able to place a variety of parts of different sizes on the jig
to ensure the least amount of added friction and aid in the ease and repeatability of testing each part.
The jig was built on Newport Corporation vibration isolation bench using standard jig beams and
connection brackets. A single locating pin is used below the part and the part is balanced between this
locating pin and the piezoelectric exciter and the back wall of the jig. We used both polished
Aluminum and Teflon (right side of Figure 2) as material on the back wall.
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Figure 2. Test Jig for Laser-Doppler Measurements (Right — CAD model, Left Actual Jig)

1.2 Non-MAM Parts

To validate the experimental procedure, Off-The-Shelf parts from McMaster-Carr were used to
initially facilitate experimentation and increase the number of parts while staying within budget.
Subsequent experiments will utilize MAM parts. The larger number of non-MAM parts improves our
ability to use Machine Learning to build a non-p-value statistical model capable of detecting defective
parts. The test specimens used are square and rectangular cross-section precision bars (bars that have
been ground on 4 sides to attain high tolerances and part-to-part consistency). The first set of bars to
be tested are 12” long with a 0.5” x 0.5” solid cross-sections and the second set of bars are 0.75” x
0.75” in cross-section with a wall thickness of 1/16 inch. A total of twenty-seven bars will be tested.
The size and weight variations of these bars (0.5” x 0.5” x 12”) are shown in table 1. The bars were
measured to ensure that they all met the manufacturer size tolerance of -0.002” to 0.002”. These
variations are small enough that they will not interfere with LARS testing.

1.3 Machine Learning Methodologies

Traditional (p-value) statistical techniques draw inferences from a sample while Machine Learning
finds generalizable predictive patterns®®. The goal of Machine Learning is to create a model that can
learn from previous data and make highly accurate predictions related to the quality of Metal
Additively Manufactured Parts. To create a predictive model, Data is Collect to Train the model and
to help choose features that are important to the study. A subset of this data is used to train the and
build the model. Data Preparation is the next step in the process in which all the data is put together
then the order is randomized to ensure the order does not affect our model. Data imbalances(if any)
that might have been to result of taking too much data with one feature and not enough of another
feature are identified. Missing data or data that is obviously incorrect are then identified and removed
or fixed. The next step is to look for duplicate data points, normalization, and other forms of
corrections to improve the of model. Then the data is split the data into two parts. Training data,
which will be most of the data and the Evaluation Data which is a smaller amount of our overall data
set. The typical breakdown of data is 80% used as training data and 20% as Evaluation data. The latter
data set will be used to test the performance of the model we build with the Training data. Building
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the model uses the bulk of machines learning Training data to incrementally improve the model’s
ability to make the desired prediction.’

To train the model it can be helpful to think of the data in terms of two variables, an input variable,
X, and an output varibale y, representing a linear equation:

Y

output

Input X
Figure 3. Simple training data example

The goal in this simple example is to find the best m and b that fit our Training Data, where the m’s
are called the weights and the b’s are called the basis. Initialize the training step with random values
of mand b:

Try new (m and

Trainin,
E b) update model

Data

Model f(m, b) Prediction

Figure 4. Machine Learning Model Development Data Flow

Once model is complete then we validate it with the evaluation data. If it checks out, then we can use
the model to predict results good or bad parts from Laser-Doppler Scans of the parts:

Real Data Part Quality
from Laser Check Pass or

Doppler Failed
Scan

Prediction

Figure 5. Using Machine Learning Model to Predict Pass/Fail quality of a Part

In this study, support vector machine (SVM)? is used to differentiate “good” parts from “bad” ones.
SVM’s are a set of supervised learning models used for classification, regression, and outlier detection.
Here, the “good” parts refer to those without any manufacturing imperfections, while the “bad” ones
have defects such as holes, material property variations, dimensional inaccuracies, and/or excessive
residual stresses. To determine the quality of a part, the trained SVM model is implemented on the
parts vibration spectrum (measured using LDV) and the reference spectrum of a good part. Thus, a
reference spectrum is a prerequisite for the prediction. In the implementation, a series of parameters

Proc. of SPIE Vol. 12487 1248700-4



that quantify the similarity between the two spectrums are first calculated, composing a feature vector,
¥. Then, the prediction is performed using a linear model,

P = Ziesvy,-a,-‘l—}i ' 1_5 +b (Equation 1)

where SV denotes the set of support vectors, ¥; support vectors, y;a; weights (dual coefficients), b
intersection, and p is the prediction score. With p > 0, the prediction is positive (i.e., good part) and
the higher p is, the more confident the prediction is. The prediction is negative with p < 0.

To quantify the similarity of spectrum signals, the correlation coefficient (CC), structural similarity
index measure (SSIM), and relative mean error (RME) at the optimal stretching ratio are calculated
from the two spectrums. These three parameters constitute the components of the feature vector. The
CC is defined by

Yi1(a;—a)(b;—b)
9
\ ’Z?ﬂ(ai_ﬁ)zxf Z?:l(bi_g)z

where a; and b; denote the amplitudes of the spectrum (in um/s) measured at the it" of the total
n discrete frequencies for the tested part and reference part, respectively. The overline denotes the
mean value. Note, to account for the shifting of the spectrum peaks due to part’s dimensional change,
the CC values are calculated at a series of stretching ratios at which the testing spectrum is stretching
on the frequency, and the maximum CC value is retained for composing the feature vector and the
corresponding stretching ratio is determined as the optimal stretching ratio. The SSIM and RME are
also calculated at the same optimal stretching ratio. The SSIM is defined by

CC=

(Equation 2)

(2ab+C1)(204p+C2)
(@2+b2+C1) (02 +02+C3)

SSIM = (Equation 3)
where o,, 03, and g, are the standard deviation of the testing spectrum, standard deviation of the

reference spectrum, and their cross-covariance, respectively. C; = 0.012, C, = 0.032, i.e., the dynamic
range is set to 1. The RME is defined by

1
~Yi=1lai—bil

RME = o

(Equation 4)

The computational tool used for training the linear SVM model is from scikit-learn based on the
Python platform. The y;a;, v;, and b in Equation (1) are to be determined from the training. The
totality of our data set includes exhaustive pairing of the spectrums measured of a variety of parts (e.g.,
L-bracket, nosecone, valve, etc.). The 8 parts used for training the systems are shown in Figure 6.
There were each 8-10 variations of each part. The variations included the location and amount of
internal damage designed into the each of the additively manufactured parts and material property
variations, dimensional inaccuracies, and/or excessive residual stresses.
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Simple Bracket Pressure Valve Nozzle 1 Nozzle 2

Complex Bracket Nosecone Exterior Nosecone Interior Dog Bone

Figure 6. Parts Used to Train the Machine Learning Model

If a defective part is paired with another defective part, and the defect is identical, the pair is still
considered as a positive sample. In total, there are 346 pairs of spectrums, and 70% of these pairs are
used for training the model, while the remaining 30% are used for validation.

The trained linear SVM model that was developed accurately predicted bad parts 95.9% of the time.
The decision boundary at p = 0 is visualized as a plane (in the case of three-component feature vector)
that optimally separates positive samples (red dots) from negative ones (blue dots), as shown in Figure
7. Due to the imbalance of the dataset (i.e., much more negative samples than positive ones), the
precision (i.e., ratio of true positive predictions over all positive predictions) is relatively low. This
can be improved by training using more balanced datasets. In addition, when the trained model is
applied to parts of attributes significantly different from those of the parts used for the training, the
accuracy of the prediction is likely to decrease. For example, the parts used for the current training
generally have complex geometries, and thus the vibration spectrums have more widened peaks. In
contrast, the spectrums of simply shaped parts, e.g., rectangular bars, has much fewer peaks which are
also narrower, appearing like delta functions. In this case, retraining using the new data is warranted
for accurate prediction.
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Figure 7. The decision boundary (p=0) optimally separating positive samples from the negative samples.

Red dots: positive sample. Blue dots: negative samples

To simplify part comparisons for the user we created the following User Interface:
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Figure 8. Signal Analysis Program Graphic User Interface

Depending on the sophistication of the end-user, much of the information in this GUI would not be
displayed. In many forward field operations only the colored circle showing “good” or “bad” part
would be shown to make it quick and easy to determine if a MAM part meets the desired specifications.
The prediction score is based our machine learning model and ranges from -12 to 12 as shown in figure
9. Parts with a score between 1 and 12 are the same. Parts with prediction scores between -1 and 1 are
questionable and parts below -1 have issues that make them unsuitable to be used.

Prediction Score Legend

I Parts are the same
Inconclusive

M Parts are not the same

—lﬂ_—

-12 -1 01 Match

Figure 9. Range of Prediction Scores in the Machine Learning Model
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1.4 Physical Damage Induced at UCI’s Institute of Design Material Innovation

Once the bars had been initially tested via LARS at the Metrolaser facility, they underwent either
bending, tensile or fatigue loading at UC Irvine’s Institute for Design Material Innovation (IDMI).
Each type of loading included testing samples at several stress levels above and below the yield of
the material.

For the bending tests, the bars on the fixture as shown below and will be used for both static and cyclic
loading. The distance between the center points of the lower support pins shall be 10.5 inches as shown
below. The load will be applied on the top surface of the bar in the middle, 6 inches from either end
as shown in red below. All the bars are painted on one side to allow for Digital Image Correlation
(DIC) imaging while the testing is performed. Digital Image Correlation (DIC) is an optical method
used to measure the deformation of a structural element under load. The DIC method is based on the
principles of continuum mechanics (rigid body mechanics).’® The system consists of two digital
cameras and image processing software. Two cameras are used to capture many consecutive images
of the surface of a tested object before and during loading. The series of photos and the speckled paint
pattern are compared frame-by-frame and analyzed by the DIC software. A mathematical correlation
analysis of the speckle pattern is used to determine strain at each step of the loading. A set of
deformation maps for the painted surface of the tested part is created and stress fields are evaluated
from strain fields. Individual frames captured during loading are combined into a single video showing
the strain in the part as a function of loading!*!2. A single frame of the DIC video for one of our bars
under a bending load is shown in figure (xx). Compressive stresses are in blue at the top of the part
and Tensile stress in orange and red are at the bottom of the part as expected.

Figure 10. Example DIC Stress Filed Results During a Bending Test

An Instron 8800 testing machine was used for both bending and tensile tests. The 8800 is shown on
the right in figure 11. The DIC controller computer screen is in the middle of the image and the Instron
8800 computer-controlled software is shown on the screen on the left side of the image. A close-up
view of the test specimen with the DIC lights and cameras is shown in Figure 12.
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Figure 12. Close-up view of a tensile test with DIC in progress

The solid 0.25” x 0.5” cross-section bars were tested at five different levels of tensile loading that
induce stresses at 50%, 75%, 95%, 125% and 135% of yield. This process was repeated three times
for a total of 15 bars. The bars are made using a cold rolling process then precision ground to a high
accuracy. The yield stress for this 6061 T6 Aluminum is 39,000 psi. For the first static test, the load
was applied slowly then reversed to ensure the stress-strain curve is linear at low load levels. This
reversal will be repeated with larger and larger loads until the stress-strain curve first becomes
nonlinear to establish the experimental value of yield stress. Three sets of five bars each bars times
for a total of 15 bars in tensile loading. Other Bars were also loaded in bending but the results were
inconclusive.
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2.0 Experimental Results

2.1 Calibrating the System

Prior to proceeding with the experiments to determine how effectively the LARS system together
with the Machine Learning Software could detect damage in metal parts, a single precision 12” x 1”
x 17 bar was subjected to 4 tests on the LARS jig to ensure consistency. These tests where
designated 5.6, 5.7, 5.8 and 5.9 and all combinations of those 4 tests compared with each other were
evaluated as shown in Figure 13. To remove the variable of placement on the jig, the bar will not be
moved between tests. Since the same bar will be tested, there should be zero shift between peaks.
Using Metrolaser in-house software, we found the average peak shift (APS) between two spectra.
Then we calculated the frequency shift between each resonate frequency above a certain velocity
threshold from two different LARS measurements.

Av
Reference | Test Re::;i:ce P?aslfs Peagk
Shift
5.6 5.7 12 11 2
5.6 5.8 12 13 3.22
5.6 5.9 12 12 4.7
5.6 5.1 12 12 5.6
5.7 5.8 11 13 14
5.7 5.9 11 12 2.6
5.7 5.1 11 12 3.5
5.8 5.9 13 12 1.54
5.8 5.1 13 12 2.45
5.9 5.1 12 12 1.18

Figure 13. LARS System Calibration Tests

Peak shifts range from 1.18 Hz to 5.6 Hz, with an average of less than 3 Hz. In the range between
25,000-70,000 Hz., these minor variations of frequency shifts between different tests on the same
part are between 0.012% and 0.0043%. which shows the system can measure parts with a very high
degree of fidelity. Peak counts range from 11-13 peaks due to some of the peaks being very close to
the velocity threshold. Since the velocity of the peaks fluctuates slightly between tests, some fall
above and below the threshold. Our software normalizes the velocity. For this analysis, the
normalized velocity threshold for peak detection is 0.07microns/sec This is done to filter out the
noise from the spectra. Without a threshold, thousands of peaks would be detected, mainly from the
noise floor. An example frequency spectrum correlation between two tests (one in the red trace and
one in a white trace) on the same part is shown in Figure 14. As expected, the frequency spectrums
are indistinguishable.
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Figure 14. LARS System Calibration Tests
2.2 Precise Piezo Placement Study

When testing a part on the LARS jig, consistent placement of the piezoelectric device on test parts is
essential to ensure accurate and repeatable results. If the application point between two parts is
different, the resulting spectra from the parts will appear to be slightly shifted. Since the LARS
system can resolve differences in frequency spectrum to a high degree of fidelity it is critical that all
test set-up procedures ensure tests that have little if any variation in the setup. Eight precision bars
were compared, some with precise and some with non-precise placement to evaluate importance of
precise placement. Looking first at the prediction scores obtained from the comparisons using a non-
precise placement method, we found a wide range of scores from 1.55 to 11.81. While all these
scores are in the “Acceptable” or “Parts are the Same” range (see Figure 15 below) we wanted to
improve the system by modifying the LARS jig. The positioning block attachment to the original
LARS jig is shown in Figure 15. A long vertical piece is attached to the base of the jig by an L
bracket with a smaller cubic piece attached to it by another L bracket that stops the bar on the test
bench. The vertical piece can move left and right to adjust the distance between the end of the
stopper and the piezo. The distance between them for the 12” precision bars is 6.25” as the piezo is
placed a ¥4” to the left of the center of gravity. To ensure the positioning block does not interfere
with the testing it is moved down after positioning has taken place and before the test begins.

Teflon Sheet

g Positioning
exciter i
Balancing
Pin

Positioning Block

Figure 15. LARS Part Specimen Positioning
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After the block positioning procedure was implemented, additional tests were performed. The results
from these studies are shown in the prediction score chart in Figure 16. In this chart we can see two
distinct groups of prediction scores. We see that comparisons between bars 1 & 2 and any other of
the bars (3-8) are at the low end of the “parts are the same” band. When bars 1 and 2 were compared
directly, the prediction score is 11.5, the best of the group as seen on the right end of the Prediction
Score Line in Figure 16. Bars in the group 3-8 also performed well against each other and they also
appear on the far-right side of the figure. For clarity not all prediction comparisons are shown in this
figure. It was discovered that Bars 1 & 2 came from the manufacturers Lot #397260B1 while those
of bars 3-8 which came from a different Lot #683743. While this needs further study it does show
that the LARS system coupled with our Machine Learning algorithm are sensitive enough to detect
the minor differences in the part due to the slightly different manufacturing process between two
different lots of the same precision part with the same material from the same manufacturer.

Prediction Score Legend

M Parts are the same
Inconclusive

M Parts are not the same

216 3.08 95 107 109
07 (we), (7)) 96 (3v7) (gu7) (3v5) -2

tl\.'4}: : ; (2v7) ; : : (1v2)

- 101
12 1 P

Figure 16. LARS System Calibration Tests

2.4 Improving Laser Reflection Energy

When using LARS it is important to have a high level of a reflected energy. These test parts were
highly polished and cause some issues with reflected energy. We applied white out fluid to the
points where data was collected as shown in Figure 17. This gave the laser a less reflective surface to
collect data.

Figure 17. LARS with dried White-Out fluid painted over the testing points
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Even after using the white out paint on the surfaces, there still a significant shifts in resonate
frequencies between the two parts. After some investigation it was noticed the both bars had two
shiny surfaces and two matte surfaces due to the precision part processing procedure.

Tid
rh

MATTE :

Figure 18. Shiny vs Matte surface

We reoriented and tested bar 1 and bar 2 taking measurements from one of the matte sides in both
cases. The machine learning model now show an 11.78 predciton score, as shown in Figure 19, for
the bars when they are measured from the same side (shinny or matte) indicating the LARS/Machine
Learning system has extremly high fidelity when detecting differences between parts.

Prediction Score Legend

M Parts are the same
Inconclusive

M Parts are not the same

11.78

-:101

-12 Match 12

Figure 19. Shiny vs Matte surface
2.4 Tension Tests

Fifteen bars were subjected to tension testing as described in Section 1.4. The bars were subjected to
5 levels of stress (50%, 75%, 95%, 115% and 135% of yield). This testing was repeated 3 times
(Tensile Test Set 1, Tensile Test Set 2, Tensile Test Set 3) as shown in Table 1. The published yield
stress for Al 6061 T6 is 39,000 psi (2.69MPa). Since the cross-sectional area of our bars is 0.125 in?
(0.5 in x 0.25 in) the required load to yield should have been 4,875 Ibs.(.125 in?x 39,000psi ). This
equates to or 21,667 N. For our fist bar at 50% of yield this would have been 10,833 N. During our
initial load-unload cycles on bar 133 we determined that the yield point was slightly lower than the
published value. We found the yield point to be 21,000 N, which at 50% would be 10,500N. We
used this yield point for the remainder of our calculations for the yield load for the first three bars in
each set.
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Tensile Test Set1 | Barl1l | Bar2 Bar 3 Bar 4 Bar 5

% of Yield 50% 75% 95% 115% | 135%

Load (Newtons) | 10,500 | 15,750 | 19,950 | 24,000 | 10mm

Tensile Test Set 2 Bar6 | Bar7 Bar 8 Bar 9 Bar 10

% of Yield 50% 75% 95% 115% | 135%

Load (Newtons) | 10,500 | 15,750 | 19,950 | 5mm 10mm

Tensile Test Set 3 Bar 11 | Bar 12 | Bar 13 | Bar 14 | Bar 15

% of Yield 50% 75% 95% 115% | 135%

Load (Newtons) | 10,500 | 15,750 | 19,950 | 5mm 10mm
Table 1. Tensile Tests

Bar 3 was to be yielded t0115% but the yield curve is very flat at that strain level, so we decided
from then on to measure the result by the elongation of the bar under maximum load. In subsequent
tests, Bars 9 and 14 were then loaded until they reached 5mm and Bars 5, 10 and 15 were loaded
until they reached 10mm of deflection under load.

After subjecting the 15 bars to tensile stress, LARS measurements were repeated, and the signals
were compared to those from the pre-tested bars. The predication scores were also calculated and are
shown in Figure 20.

Prediction Score Legend

M Parts are the same
Inconclusive

M Parts are not the same

All bars stressed beyond
yield (Bars 4, 5, 9, 10, 14, 15)
gave predictions scores
between less than -12 Bar Bar Bar Bar 12 Bar
2 13 1 11

Bar
Bar Bar Bar
6 8 7

-12 101 "

Figure 20. Pre- and Post-tension test results

The last two bars of each group of five (Bars 4,5,9,10,14,15) were stressed beyond the yield point and
their prediction scores relative to the unstressed bars are all less than -12 which indicates a very large
discrepancy with the original bar as expected. We did have two unexpected results. Bar 2 and Bar 13
(shown as orange circles in figure 20) were both stressed under the yield stress, but both resulted in
negative prediction scores. We believe that this may be due how we clamped the bars in the Instron
machine and the fact that the rectangular prism shape of our bars with a constant cross-section was not
an ideal shape on which to perform tensile tests.
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The LARS frequency spectrums for Bar 1 are shown in figure 21. The white trace is before tensile
testing and the red trace is after. This bar was only stressed to 50% of yield and, as expected, the two
traces are nearly identical.

A i )

25000 270 3000 3280 3000 37300 40000 42500 4500 47300 50000 52500 55000 SVMO 60000 62300 600 67300

Figure 21. Bar 1 FRF 50% of yield (white is before and red is after tension testing)
The LARS frequency spectrums for Bar 4 are shown in figure 22. Again, the white trace is before
tensile testing and the red trace is after. This bar was stressed to just under 115% of yield and, as
expected, there are visible shifts in the spectral peaks.

25000 27500 3000 32300 3300 300 40000 42500 45000 47300 50000 52500 55000 5700 60000 62500 65000 67500
Frequency (Hz)

Figure 22. Bar 4 115% of yield FRF

The LARS frequency spectrums for Bar 5 are shown in figure 23. This bar was stressed at a level that
caused 10mm of axial deflection under load. It is hard to find much similarity at all in these to
frequency response functions as expected due to the very large, negative prediction score for these two
tests.

LT+
140-]

120-|

|
25000 27500 30000 32500 35000 37500 40000 42500 45000 47500 50000 52500 55000 57500 60000 62500 65000 67500
Frequency (Ha)

Figure 23. Bar 5 FRF at 8mm elongation
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3.0 Preliminary Conclusions and Recommendations for Future Work

The Machine Learning model was Trained using data from eight previously manufactured AM parts
that had been printed with a wide range of defect types resulting in 346 pairs of spectrums. This support
vector machine-based model was able to detect parts that had some defect 95.6% of the time. Some of
these internal defects were very small compared to the size of the part. The combination of LARS
optical scanning technology and the Machine Learning model were able to detect dissimilarities in the
precision bars that were a result of slight manufacturing and processing differences based on different
Lot numbers. Also, two of the long sides of the bars were finished differently than the other two sides
(Matte vs. Polished) and the Lars/Machine Learning system was able to detect this minor difference
as well. When the precision Bars were scanned with the LARS system before and after tension loads
were applied, the prediction algorithm clearly resulted in very low scores for those bars stressed past
yield. For the bars loaded under the yield stress the prediction scores were high in all but two cases.
Those two cased are most likely due to the geometry of the bars and/or some slipping of the jaws that
hold the bar on the testing machine.

Our next steps will be to review the DIC data to determine if those images show residual stress in the
bars and then correlate those with the induced stress. This may also help us identify the issues with
Bar 2 and Bar 13 which gave inconsistent prediction scores. We also plan to improve our Machine
Learning prediction model by adding some features such as convolving the signals before processing
them to increase the width of the base of each peak. Once those steps are complete, we will begin
additively manufacturing samples with and without internal defects and with some in the standard
ASTM shapes for tensile testing and repeat the processes that were performed in this study.
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