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Abstract

The exploration of novel acoustic engine liner designs using 3D internal lattices has
become a growing topic of interest within the field of additive manufacturing (AM) and the
aeroacoustics community. However, the comparison between the acoustic liner response of
computational simulation using the design intent and experimental testing of as-built structure can
show significant deviation. While the deviation in performance will be explored in a future
publication, this work analyses possible causes of the deviation. A potential cause is the inclusion
of stochastic manufacturing defects within the part. This paper establishes methods for
systematically identifying and quantifying defects in the printing of novel acoustic liners. This
approach intends to offer up significant insight into the build quality of the printed lattice structures
without the cost and time investment typically required of computed tomography (CT) scanning.
The core of the liner design analyzed in this paper is made up of a triply periodic minimal surface
(TPMS) Schwarz P lattice. Error distributions of several design variables are found by taking
manual measurements of printed liners. Additionally, liners are scored using an automated
screening method to detect significantly flawed prints. The potential for error distributions to be
used in stochastic simulation studies could help predict what effect manufacturing defects have on
the behavior of structures that leverage TPMS lattices with small features such as acoustic liners.

1. Introduction

Within the aviation industry there are numerous efforts to increase the efficiency of aircraft
while also maintaining safe flight conditions. Unfortunately, the noise caused by aircraft engines
can have burdensome or even harmful effects on the people and environment surrounding aircraft
or airports [1]. One of the main countermeasures for reducing the auditory footprint of aircraft
engines is the integration of acoustic liners inside the engine. The acoustic liners are typically
located along the engine’s nacelle inner boundary and absorb a significant amount of noise [2,3].
Although acoustic liners are already commonly used, there is still ongoing research to try to
improve the absorptive capabilities of acoustic liners while reducing their overall mass and
footprint. This is due to the fact that companies are trying to improve propulsive efficiency by
increasing the engine’s bypass ratio, which leads to the need for larger diameter fans. As fan size
increases, the frequencies that the acoustic liners need to target become lower, leading to the need
to increase the depth of traditional liners and taking up additional space within the engine [3,4].
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There are two main types of acoustic liners currently being used in industry, both of which
consist of a honeycomb lattice core enclosed by a rigid back plate and a perforated face sheet [5].
The first type, with only one perforated sheet and one layer of honeycomb lattice, is called a single-
degree-of-freedom (SDOF) liner. The second type is called a double-degree-of-freedom (DDOF)
liner. The difference between SDOF and DDOF liners is that DDOF liners include an additional
perforated sheet called a septum that splits the honeycomb lattice into two layers. This can allow
for more broadband frequency absorption, but cannot lower the first resonance frequency [3,4].

Since traditional liners take up additional space to capture lower frequencies, there has
been a significant amount of research studying alternative types of liners. One promising approach
leverages a triply periodic minimal surface (TPMS) lattice instead of a traditional honeycomb
lattice. A TPMS is a mathematical surface that is made up of repeating unit cells in three
dimensions and has zero mean curvature [6]. Such surfaces are defined by level-set equations using
X, Y, and Z spatial cartesian coordinates, the number of cells in each direction, the total length of
the surface in each direction, and a level-set constant (isovalue) controlling the volume fraction of
the resulting lattice [7]. Thickening of the nominal isosurface created by level-set equations leads
to a tangible TPMS lattice that can be used for mechanical, thermal, or acoustic purposes, though
the latter is significantly less prevalent in research and practice [8—10]. The acoustic properties of
these lattices are highly customizable and tunable without the necessity of changing the overall
depth, giving them an advantage over the standard SDOF or DDOF honeycomb liners [10].

While the acoustic properties of TPMS lattices are promising, they tend to be difficult to
accurately manufacture using traditional manufacturing methods due to their complex curved
geometry [11]. The emergence and growth of additive manufacturing (AM) has greatly improved
the ability to manufacture TPMS lattices of high quality, but as with any manufacturing process,
there 1s still a degree of error in the final part [12]. The differences between as-designed and as-
manufactured lattice structures can lead to significant deviations from the predicted acoustic
performance of manufactured acoustic liners [13]. To successfully identify an optimal design for
a TPMS-based acoustic liner, the ability to accurately predict the as-manufactured properties is of
high importance. To do this, there must be a way to quickly and efficiently capture and quantify
the defects and stochastic variability in the manufactured liners. This paper presents two different
methods of systematically capturing such manufacturing defects in the printed cores of TPMS-
based acoustic liner geometries, with the aim of being quicker and less expensive than traditional
means of geometry capture and inspection (e.g., computed tomography (CT) scanning). This paper
does not attempt to define an acceptable value for each defect based on the acoustic requirements
(and other) of the structure. That is the focus of future studies.

2. Background

To fully recognize the need for a rapid and cost-efficient method of defect detection in
TPMS acoustic liners, it is important to first understand (1) the types of defects that can arise in
lattice structures and (2) what detection methods are currently used for identifying lattice defects.
By harnessing the strengths and weaknesses of current inspection processes, new inspection
methods can be established to increase efficiency while still providing ample feedback on the print
quality without the need for the infrastructure typically required for CT scanning.
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2.1. Types of Common Defects in Lattice Structures

While AM has become the method of choice for manufacturing complex 3D lattices, AM
processes still introduce manufacturing flaws or inconsistencies into final products. Lattice-based
imperfections can typically be divided into three categories: (1) microstructural defects [14]; (2)
geometric defects [15]; and (3) post-processing defects [16,17]. Microstructural defects often
include unwanted material porosity or surface roughness and are very dependent on the
manufacturing process [18]. Differences in material porosity is most commonly seen as a concern
in metal-based printing processes due to large thermal gradients created during the melting and
solidification of the metal powder, which can lead to adverse effects on the mechanical properties
of a lattice [19,20]. Surface roughness in lattices is also highly dependent on the printing process
and can lead to stress concentrations at the surface of lattice struts [21]. Surface roughness can also
impact the aerodynamic and acoustic performance of the liners of specific interest in this paper
[22]. A study conducted by Kennedy et al. found that, despite similar geometric accuracy, a lattice
manufactured using direct light processing (DLP) had a higher acoustic absorption coefficient than
a lattice printed using stereolithography (SLA) due to a higher surface roughness [23].

Significant errors can also arise in the geometry of a printed lattice structure which can
have significant impacts on the mechanical properties. For strut based lattices, geometric defects
can include variable strut thickness, accumulation of excess material around strut joints, waviness
in the struts, or even gaps in the lattice where a strut failed to print [24,25]. For TPMS lattices,
geometric defects can include variation in pore sizes and wall thickness leading to lattice volume
fractions that do not match the design variables [7,26,27]. These variations can directly affect the
performance of the manufactured lattice. For example, Zhang et al. found in a comparison between
simulated and experimental compression tests of a Schwarz-P lattice that the printed lattice
exhibited a Young’s modulus that was as much as 75% lower than the simulated results due to
imperfect print geometry [28]. Additionally, Li et al. found that geometric deviations in an acoustic
lattice test specimen printed using DLP led to a higher and slightly shifted acoustic absorption
coefficient curve when compared to numerically calculated results [13].

The last type of lattice structure defects are flaws related to post-processing requirements
which often affect functionality. While each type of AM technology has its own post-processing
procedures, vat photopolymerization typically involves cleaning excess resin from the printed part
and curing the cleaned part [29]. For complex lattices with small winding channels, such as TPMS
lattices, resin can get trapped inside the part during the wash process leading to blockages within
the final lattice [30]. Depending on the intensity of the wash method, lattices could also form
cracks during the wash process [31]. Additionally, the curing process can cause shrinkage, and
thus residual stresses in the part could cause fractures [32]. This can also lead to cracking or
chipping of a delicate lattice during mechanical processes such as support removal [33].

2.2. Current Inspection Methods for AM Lattice Structures

Defect detection methods play a crucial role in determining the quality of a print, but there
is a range of modern techniques, tools, and methods, all with different strengths and weaknesses.
Currently, the most popular technology for defect detection in lattice structures is X-ray computed
tomography (XCT) which can be used to create a computer model of the as-printed part to compare
with the CAD modeled part [34,35]. Due to the extremely fine voxel resolution (typically 10-100
um) that XCT is capable of, it is often a preferred option for not only defect detection, but also
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dimensional evaluation, density measurements, and surface roughness analysis [36]. While the use
of XCT in AM has proven helpful, it can impose significant cost, time, and resource constraints
that make it intractable for certain applications [37]. Additionally, XCT tends to yield very large
data volumes, which can be difficult to work with, and requires a sound understanding of the
system’s capabilities [38].

Although XCT may be considered the superior form of part inspection in many cases,
microscopy is also a commonly used approach for dimensional analysis of lattice structures. There
are two common forms of microscopy used to examine lattice structures, which are optical
microscopy (OM), which uses light to magnify a desired surface, and scanning electron
microscopy (SEM), which uses electron emissions to magnify the surface [39]. While microscopy
is often used to inspect microstructures, it can also be used to inspect the unit cells of lattice
structures. For example, Cansizoglu et al. used optical microscopy to compare the thickness of
lattice struts at various build angles [40]. Additionally, both OM and SEM were used by Gabrieli
et al. to examine the wall thickness and pore size of TPMS lattices printed with various design
variables [41]. SEM can also be used to analyze the surface roughness of TPMS lattices which can
have an impact on both structural and acoustic properties [42]. While microscopy is less expensive
and faster than XCT, it still requires significant time and resources. Additionally, microscopy can
require surface preparation of the specimen, which may be undesirable since it could change the
topology of the as-manufactured surface [43].

While both XCT and microscopy techniques for part inspection have been leveraged in the
past, there are also efforts to establish new part inspection methods specifically for AM lattice
structures. For a strut-based lattice, Wilbig et al. found that mass and volume methods can
distinguish between lattices with and without defects if the defects cause changes in mass and
volume by 20% or more [44]. Another study by Obatan et al. showed that the use of resonant
acoustic methods (RAM), along with machine learning, was able to identify and classify missing
strut defects in a strut-based lattice with 80.95% accuracy and good reproducibility [45].
Additional work has been done to reduce the time commitment of traditional inspection methods
like XCT. To reduce the time and resources needed for post-processing the XCT scans of a strut-
based lattice, Zhang et al. incorporated artificial intelligence (Al) to automatically review the sliced
images of the scan and detect structural defects [46]. While these novel methods aim to yield
valuable insight into structural defects in strut-based lattices, very little literature has been
established on finding a method that yields information about the stochastic manufacturing
variation of printed lattices. Additionally, most studies related to defect detection methods
primarily focus on strut-based lattices. As such, the remainder of this paper will be focused on two
low-cost, systematic methods for capturing stochastic manufacturing variation and defects in
additively manufactured TPMS lattice structures designed for acoustic absorption purposes.

3. Defect and Stochastic Error Detection Methods

This section explores two potential methods for rapid cost-efficient analysis of defects and
stochastic error in manufactured acoustic liners without the need for extensive resources involved
in current inspection methods like XCT. Both methods are designed to screen for surface level
defects and dimensional accuracy, but are not intended for full 3D part inspection. The first uses a
combination of manual measurements and image processing tools to find the average
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manufactured deviation in the printed liners. From these measurements, approximate distributions
can be found for the printed variation of the liner design variables. The second method uses image
processing and machine learning to determine print consistency and identify major defects within
the printed liners. From this method, the total number of defects is output, which can be used to
judge the overall print quality for screening. Since these methods were developed considering a
specific liner design framework, this section starts with an overview of the design process before
moving to defect identification.

3.1 Overview of Liner Design and Manufacturing

To allow for the removal of excess resin in the lattice core of the acoustic liner used in this
paper, the liner is printed as two pieces and assembled after printing. The two parts are referred to
as the liner casing and the liner core as shown in Figure 1. The liner casing acts as the housing for
the liner core to slot into. The liner core consists of a TPMS Schwarz-P lattice structure connected
to a perforated face sheet. A Schwarz-P lattice is chosen because it was found to have promising
acoustic performance during preliminary tests. The face sheet is designed with an arbitrary pattern
and allows acoustic waves to pass into the liner core [47]. Since the core is significantly more
complex, thus more prone to possible defects and more challenging to evaluate, it is the focus of
the analysis methods discussed in this work.

2
XX
ENENR
XELRRRR
bk 2 S 4
XXXXXXXE
AEBERY
XR¥
*

'{xx)xxxxxyxxx
VO
WM inuns

%

Casing Core Assembled Liner
Figure 1. Acoustic sample design.

The liner core is modeled using nTop for the lattice structure and SOLIDWORKS for the
perforated face sheet. The design variables of the bulk lattice are primarily dictated by the acoustic
testing rig (in this case a normal incidence tube), since the active area of the liner needs to align
with the active area of the test rig. The unit cell and face sheet design variables can be varied based
on the desired performance of the liner and are the main drivers behind the acoustic performance
of the specimen. The face sheet is designed to be a flat solid sheet with a user specified perforation
pattern that aligns with the lattice underneath. Once the face sheet is designed in SOLIDWORKS,
it is exported as a Parasolid and imported into nTop where it is attached to the top of the lattice to
form a single implicit body. The single body is then exported as a .3MF mesh for manufacturing.

The liner core is printed on a Form 4 resin printer, which uses masked stereolithography
(MSLA). The core is prepped in PreForm where it is carefully oriented with a 20° tilt about the Y-
axis, supported, and sliced for printing. For acoustic purposes, the liner is required to be printed in
arigid material. The chosen resin also needs to be opaque, so that the features of the part are visible
for image detection. To ensure proper resin evacuation after printing, the part is washed once
upside down and once right-side up in a Form Wash station. With the excess resin removed, the
part is cured in a Form Cure station. Support material is then removed from the part, making it
ready for inspection.

165



3.2. Manual Measurement Method

While CT scanning may be considered the gold standard when it comes to analyzing
complex lattice geometry for defects, there are instances, due to cost or resource restrictions, where
it becomes impractical. Under these circumstances, it is important to have a systematic, alternative
method for capturing stochastic manufacturing errors within printed parts. The first inspection
method in this paper focuses on capturing stochastic variability through a combination of both
manual measurements and 2D image inspection. One of the most limiting factors with this method
is that, since a significant portion of the lattice in the liner core is enclosed by the outermost layer
of Schwarz-P lattice cells and the face sheet, it is not possible to measure the internal lattice
structure. Because of this, the assessment must be based on the critical assumption that
measurements from the external lattice bulbs and face sheet are representative of the entire liner
core. This assumption limits the accuracy of the measurement method, since there is no easy way
to verify that the internal bulbs of the lattice share the same geometry as the outer surfaces. Future
work is planned to verify that this assumption holds true.

There are several design variables that define the acoustic liner core and impact the acoustic
performance. The overall length and width of the core are dictated by the testing apparatus and are
not included as design variables for this paper since they are considered fixed. The face sheet is
defined by a thickness, perforation diameter, and percent open area (POA). The lattice is defined
by a unit cell size, wall thickness, and an isovalue. Measurements that can be taken manually using
digital calipers (NEIKO 01407A) include the face sheet thickness, the unit cell size, and the wall
thickness, as shown in Figure 2.

(a) (b)

Depth

Figure 2. Measurement technique for the (a) face sheet thicess, (b) unit cell size, and
(c) wall thickness.

The face sheet thickness is measured in several locations around the edge of the face sheet.
The unit cell size is found by measuring the distance from the edge of a wall on one cell to the
same edge on an adjacent cell. The wall thickness is found by measuring thickness of the walls at
the pore openings. To account for the different print resolutions in the X-Y and Z directions on the
Form 4 printer, the cell size and wall thickness measurements are grouped based on their
orientation and location. Measurements taken on the sides (3x9 unit cell planes) along the length
are considered “side length measurements” while measurements taken along the depth of the sides
are considered “side depth measurements”. Additionally, measurements from the cells making up
the 6x6 bottom of the core, defined as “bottom length measurements,” are kept separate due to the
increased number of support structures attached to the bottom during printing. The removal process
of such support material may cause bumps, chips, or cracks in the walls of the lattice, which can
affect the quality of the measurements around the locations where support structures are attached.
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Due to the 20° tilt used for manufacturing the sample, the X, Y, and Z axes of the printed core do
not perfectly align with the axes of the printer; however, the X-Y and Z dimensions of the core
should still be primarily impacted by the corresponding X-Y and Z resolutions of the printer.

In addition to variables that are measured manually, the perforation diameter, POA, and
isovalue are also measured. Since these variables are too small to accurately measure with standard
digital calipers, they are instead measured using a combination of several image processing tools.
To accomplish this, it is necessary to first capture images of the sample from multiple views; this
can be accomplished using a standard iPhone 15 back camera to photograph the face sheet, sides,
and bottom of the liner core. The images are then imported into Adobe Lightroom where a lens
correction is applied (Apple iPhone 15 back camera 5.96mm {/1.6) and the image is cropped to
remove the excess background around the liner core. Additionally, perspective correction is
applied to address any camera tilt and remove the remaining pin cushion distortion, bringing all
the opposing edges parallel to each other. This process results in images of the core where the
exposed sides match the physical part as much as possible.

After editing, the images can be used for inspection. To capture the perforation diameters
and the POA, the face sheet image is imported into the analysis tool ImageJ [48]. The measurement
scale is set, and the image is further cropped to only capture the area of the face sheet where the
perforations are found. The image is then thresholded up to the point immediately before any of
the perforations start to fade away. ImagelJ’s particle analysis tool is used to capture the individual
areas of the face sheet perforations. Since the perforations in the face sheet are not perfectly
circular, the effective diameter is estimated using their area. In some cases, excess resin or other
contaminants can cause perforations to become partially blocked. Additionally, some residual
noise particles in the image may be detected as very small areas. To remove the impact of the
blockages and noise particles, any estimated diameter less than 80% of the nominal design
diameter is removed from the data. This process yields a data set of as-printed estimated
perforation diameters. To estimate the POA, the area of all the particles in the thresholded image
are combined and divided by the total measured area of the face sheet.

The final value to measure is the isovalue. The main purpose of the isovalue is to control
the volume ratio between the endo and exo void channels [7]. This means that the isovalue also
controls the ratio of cross-sectional area between the two channels. Unfortunately, since the
isovalue is a somewhat arbitrary constant when defining lattice geometry, measuring it can be
difficult. For a Schwarz-P lattice, changing the isovalue changes the cross-sectional area ratio
between the endo and exo pores as shown in Figure 3.

Endo Pore Exo Pore
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Figure 3. The effect of the isovalue on the cross-sectional area of the endo and exo lattice pores.
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To find the ideal relationship between the isovalue and the cross-sectional area ratio of the
pores, images of nTop models at different isovalues are carefully thresholded, cropped, and cleaned
so that the area ratio of the pores, in pixels, can be used to establish a correlation with the isovalues.
Figure 4 shows an example of a relationship found between isovalues and pore area ratios. With
this relationship, the as-manufactured isovalue can be estimated by finding the ratios of the endo
and exo pores in the printed core. First, the edited images of the core sides and bottom are run
through a Canny edge detection algorithm [49]. Unwanted edges inside of pore areas are then
removed and any small gaps in the pore edges are closed. Area ratios are then captured between
each endo and corresponding exo pore. Finally, the as-manufactured isovalues are determined
based off the isovalue/area ratio relationship established previously. It cannot be said for certain
that the same relationship between isovalue and pore area ratio holds true beyond the external
surface. All that can be said for sure is that the internal lattice structure aligns well with the external
structure through visual inspection.
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Figure 4. Relationship between the isovalue and the cross-sectional pore area ratio.

To capture the manufacturing deviation from the nominal design, each of the design
variables is measured to find the average manufactured value and the standard deviation when
possible. Crucially, several of these design variables can be measured in multiple locations to
create distributions. A summary of each measured variable is provided in Table 1. While the
proposed method intends to be systematic and as consistent as possible, some of the measurement
techniques can still be somewhat subjective in nature. Due to uneven lighting, the user may be
required to make a judgement call for what degree to threshold the face sheet perforation images.
Face sheet perforation measurements could be verified using a second measure such as a pin gauge.
The use of the calipers can also cause small variations in the measured data since increasing the
clamping pressure can slightly compress the resin leading to smaller measured thickness values.
The unit cell size measurements can also vary, as the user must properly align the calipers to the
pore edges of the unit cell pores. Finally, the editing conducted on the image could lead to changes
in the interpretation of the printed geometry, which could reflect in the final data.
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Table 1. An overview of the variables measured for a Schwarz-P liner core.

Measurement Tool \ Variable Measurement Technique
Face Sheet

. Measure the thickness around the edge of the face sheet.
Thickness

Measure the offset unit cell size by finding the distance from the
Unit Cell Size | pore edge of one cell to the corresponding pore edge of an adjacent
cell.

Wall Thickness | Measure the wall thickness around the exposed lattice pore edges.
Threshold images of the face sheet so that only the perforations are
visible and then batch measure the areas of the perforations. Use the
areas to estimate the effective diameter of each perforation.
Threshold images of the face sheet so that only the perforations are
visible and then find the total area of the perforations. Divide the
total perforation area by the total area of the face sheet.

Use edge detection to capture clean edges of the endo and exo lattice
pores. Find the cross-sectional area ratio between the corresponding
endo and exo pores. Convert the ratios to isovalues using an isovalue
vs. area ratio relationship calculated from the ideal model.

Digital calipers

Perforation
Diameter

Percent open

Image processing and
gep & area

analysis

Isovalue

3.3. Automated Screening Method

While Section 3.2 provides a systematic method to capturing manufacturing variations in
printed specimens, manual measurements and physical inspection of prints bears costs in time and
required effort. This can potentially limit the effectiveness of the method in screening for defects.
As an alternative, computer vision solutions can alleviate these bottlenecks by leveraging machine
learning and computer vision libraries to automate quality control and identification of defects and
stochastic variation. Machine learning algorithms like neural networks can be trained to look for
specific defects on printed parts. Libraries like OpenCV can find geometries in images, perform
edge detection, and fit lines onto the images of printed parts. It is these techniques that form the
backbone of the second of the two methods proposed in this paper.

As discussed previously, the defects on the outermost layer of Schwarz-P lattice cells and
the face sheet can be split into two categories: structural defects and stochastic error. Structural
defects, shown in Figure 5, are often in the form of chips and cracks in the lattice cells and
blockages of face sheet perforations. On the face sheet, perforations can be partially or completely
blocked by cured residual resin or contaminants from the wash process. These structural defects
can stem from either the printing process itself or the post-processing procedure (e.g., support
removal). While a framework for detecting these types of defects using neural networks has been
established, the data sets of structural defects need to be expanded before machine learning can be
implemented. The current training set for defect detection is 95 images with defects and 235 with
no defects. This is from 2 individual prints. Runtimes on this set are fast, less than 5 mins for 10
epochs during model training, therefore scalability is likely high. For the purpose of this paper,
any inspection for structural defects is done visually, with the assumption that additional failure
data will soon enable the implementation of machine learning in the method. Image resolution
defines the limit of defect identification. The size of structural defects that can be identified
currently is around 3-6 mm. The second potential defect that must be evaluated is stochastic error.
For the Schwarz-P lattice cells, there needs to be a consistency to the pore geometry. Ideally the
pores are precisely the same geometry across the four sides and bottom containing the lattice. The
face sheet also has four corners that need to be consistently square.
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Figure S. Structural defects in the form of (a) chips, (b) cracks, and (c¢) face sheet
perforation blockages.

While both structural defects and stochastic error can be evaluated by the manual
measurement technique discussed in Section 3.2, the automated screening method requires
alternate means of capturing and measuring the liner geometry. The process starts by capturing
images of the liner core using the same imaging procedure as the manual measurement method.
Then, the unedited images of the 3D printed part are loaded into Altair Al Studio [50]. Within
Altair Al Studio, a workflow is established that branches off to handle each image type separately.
The bottom and sides of the Schwarz-P lattice go through the same process with the only difference
being the size of the lattice; the bottom is a 6x6 unit cell arrangement, and the sides are each a 3x6
unit cell arrangement. This changes the location and number of pores in the image for the bottom
and sides. To ensure image alignment, each side and bottom image is aligned using Scale-Invariant
Feature Transform (SIFT) such that the centers of the pores are always at the same X and Y pixel
location. Utilizing that position, each lattice pore is cropped from the original image, resized
maintaining a 1-to-1 aspect ratio at 300 pixels, and converted to grayscale. Then, thresholding of
the grayscale images looks for a specific hue of gray to filter on, where everything that matches
that hue is set to 0 (black) and everything else is set to 255 (white) as shown in Figure 6. This
approach was advantageous because the depth of the pores created a darker region inside the pore.

(a) (b) (c)

Figure 6. Unit cell after (a) crop and resize, (b) thresholding, and (c) an ellipse is fit
to the pore.

To calculate the symmetry of each pore, OpenCV’s fit ellipse function is applied to the pore
images resulting in an output that delivers major and minor axis lengths in pixels along with the X
and Y pixel coordinates for its center. While it is known that the pores are not ellipses, the
difference in the major and minor axis can be used to determine the symmetric consistency of the
pores.
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The next component of the workflow is responsible for measuring all four corner angles of
the face sheet. As shown in Figure 7, OpenCV’s Canny edge detection and HoughLinesP functions
are applied to the image to fit lines to the edges of the face sheet. The results are a series of line
coordinates in the form of (X1, Y1) and (X2, Y2). In order to find which lines are aligned with the
face sheet corner, the distance between X and Y1 and the top left and bottom left of the image is
calculated. The distance between X2 and Y and the top right and bottom right of the image is also
calculated, with the two minimum distances then paired as a corner. The angle between corner
lines is calculated in Python by using the slopes of the two lines.

Figure 7. Line fitting process for the face sheet corners.

Once the computer vision calculations are done, the results are then used to determine a
“pass” or “fail” for that inspection. In a single specimen, there are 633 inspections made, comprised
of 108 pores checked for symmetry, chips, and cracks, 4 corner angles of the face sheet, and 305
perforations checked for blockages. Starting with the unit cells, pores visually identified to contain
a chip or crack receive a failure in their corresponding category. Pore symmetry is found using the
difference between the major and minor axis of the fit ellipse; a value of 0 suggests a symmetric
circle while a value tending to infinity suggests a straight line. This difference helps assess how
uniform the pores are across the print. It is known that the images contain some lens distortion, but
due to an inconsistent imaging process, this distortion cannot be confidently corrected. Instead,
lens distortion is accounted for by imposing different failure margins for the axis difference, with
a larger failure margin for pores on the edges of the print compared to pores at the center of the
image. Failure for the symmetry of the pore is measured in pixels for each lattice position, with
the outermost position, lattice columns 1 or 6, set to a difference of 10 or more pixels, columns 2
or 5 set to a difference of 9 or more pixels, and columns 3 or 4, set to a difference of 8 or more
pixels. Any pore whose axis difference is outside of these ranges is considered to “fail” for that
inspection. A proper camera rig would keep the images consistent, allowing for confident
correction of distortion and removal of the difference in pass/fail margins. For the face sheet, any
perforations visually inspected to contain a significant blockage result in a failure for that
inspection. Any angles that are less than 88.5 degrees result in a failure for that inspection. The
final result is output as the total number of failures from the total number of inspections.

4. Two Case Studies for Method Demonstration

Both methods offer unique information about the manufacturing quality of the liner cores,
as defined by Figure 1, with the manual measurement method giving insight into the dimensional
accuracy and distributions and the automated screening method evaluating the parts for print
defects and geometric consistency. To demonstrate the two methods of detecting stochastic

171



manufacturing error and defects, each method was applied to the same liner core design. Although
the methods have been developed in a way that can be adapted to measure other types of TPMS
lattices, this paper focuses on a core that uses a Schwarz-P lattice. This section will describe the
specific design of the core that was analyzed (4.1.), the execution of the manual measurement
method (4.2.), and the execution of the automated screening method (4.3.).

4.1. Test Liner Core Design

The first step in demonstrating the two defect detection methods was to develop a
representative acoustic liner core. As discussed, the overall length and width of the core are
dictated by the normal incidence tube testing apparatus. The core used for these case studies was
designed with both a length and width of 50.8 mm. While these dimensions are not a focus of our
error identification, they will be important for measuring the manufactured POA of the sample.
The variables used to design the face sheet included a face sheet thickness of 1 mm, perforation
diameter of 0.8 mm, and a POA of 5.94% that was dictated by the perforation pattern of the face
sheet. The TPMS Schwarz-P lattice was designed with a uniform wall thickness of 0.6 mm, unit
cell size of approximately 8.47 mm, and an isovalue of 0.2. The final printed core is shown with
and without supports in Figure 8. The core was printed in Form Tough 2000 resin at a layer height
of 0.05 mm and a 20° tilt. It was then washed in the Form Wash upside-down for 10 minutes and
right-side up for 10 minutes. Finally, it was cured in the Form Cure at 70°C for 60 minutes.

(b)

Figure 8. Thé pinted liner core (;) with gappoﬂs and (b) without sul;ports.

4.2. Manual Measurement Method Execution

Using the representative liner core, the manual measurement method from Section 3.2 was
performed. This starts by gathering measurements through the use of calipers. The face sheet
thickness was measured 12 times per side, for a total of 48 measurements. On each side, six
measurements were aligned with the endo pores of the lattice and the remaining six measurements
were aligned with the exo pores. During this process, it was found that the face sheet thickness
where the lattice connected to the face sheet was slightly thicker than the thickness aligned with
the exo pores. This was most likely due to small amounts of excess resin that gathered around the
connection points leading to small fillets instead of sharp edges. The unit cell size was measured
in the side length, side depth, and bottom length orientations, as shown in Figure 9. Based on the
geometry of the lattice, a total of 60 measurements were captured for the side length orientation,
48 for the side depth orientation, and 60 for the bottom length orientation. The last measured
variable was the wall thickness of the lattice. Figure 9 also shows how these measurements were
collected similar to the cell size, with 144 measurements captured for each of the three orientations.
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Hcelisize ® wall Thickness
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Depth

Figure 9. Measurement locations and directions for each cell size and wall
thickness orientation.

Once the face sheet thickness, cell size, and wall thickness had been measured with
calipers, the rest of the measurements were found using image processing tools, starting with
perforation diameters. Figure 10 shows a comparison between the original images opened in
ImageJ and the thresholded image used for the area estimations on the perforations. Using the
thresholded image, particle analysis yielded 459 area measurements. The effective diameters of
the particles were found by converting the areas to diameters using simple circle geometry. In some
perforations, small flakes can be seen partially blocking the openings. This was suspected to be
small contaminants from the shared Form Wash, which got stuck during the wash process. The
flakes caused some of the perforations to appear partially blocked or split into multiple sections in
the thresholded image. After removing the diameters of both noise particles and significantly
blocked/split perforations, the data was reduced to 297 effective diameters. With the original
perforation count being 305, this means that only 8 perforations were considered significantly
blocked and the rest of the area measurements were captured due to small noise particles. The
particle analysis also outputs a total area, which was used as the total open area of the face sheet.
The as-printed cross-sectional area of the face sheet was found by measuring the length and width
of the face sheet, which was 51.3 mm and 50.03 mm, respectively. By dividing the open area by
the as-printed cross-sectional area of the face sheet the manufactured POA was found.

MM
METRIC

Figure 10. F

Lieess:

e sheet image preparation for perforation area measurements.
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The final design variable measured was the isovalue. Images of the sides and bottom of the
sample were run through the Canny edge detection software and cleaned in ImagelJ so that a section
of the endo and exo pore areas could be measured in terms of pixels, as shown in Figure 11. The
endo pore area was then divided by the exo pore area to find the ratio between the two and could
then be related to an isovalue. Through a similar measurement technique of the ideal nTop model
at several different isovalues, the relationship from Figure 4 was found between the endo/exo pore
area ratio and the isovalue. This relationship was then used to convert the manufactured pore ratios
into isovalues. By analyzing each of the sides and the bottom of the sample, a total of 65 pore area
ratios, and thus isovalues, were measured.

Endo Pore Exo Pore
Figure 11. Conversion of lattice to binary edges for the purpose of measuring the areas of the

endo and exo pores outlined in blue.

All of the collected data was used to find the average, standard deviation, minimum, and
maximum values for each design variable, as shown in Table 2. As can be seen, every design
variable, except perforation diameter and POA, was found to be slightly oversized on average.
This shows that most of the design variables would need to be undersized before printing in order
to achieve the correct nominal dimensions in the manufactured part. Conversely, the perforation
diameter and POA would need to be slightly oversized before printing. In the event that visual
inspection of the distributions of the data is needed, the collected raw data can also be used to
create histograms for several design variables.

Table 2. Summary of design variable measurements.
Standard

Variable Nominal . . Minimum Maximum
deviation
Face Sheet Thickness 1 mm 1.17 mm 0.05 mm 1.09 mm 1.29 mm
Unit Cell Size (Side Length) 8.47 mm 8.51 mm 0.04 mm 8.43 mm 8.61 mm
Unit Cell Size (Side Depth) 8.47 mm 8.51 mm 0.05 mm 8.42 mm 8.59 mm
Unit Cell Size (Bottom Length) 8.47 mm 8.50 mm 0.04 mm 8.42 mm 8.59 mm
Wall Thickness (Side Length) 0.6 mm 0.64 mm 0.03 mm 0.55 mm 0.71 mm
Wall Thickness (Side Depth) 0.6 mm 0.73 mm 0.05 mm 0.64 mm 0.87 mm
Wall Thickness (Bottom Length) 0.6 mm 0.63 mm 0.04 mm 0.55 mm 0.72 mm
Perforation Diameter 0.8 mm 0.69 mm 0.02 mm 0.64 mm 0.72 mm
Percent Open Area (POA) 5.94% 4.26% N/A N/A N/A
Isovalue 0.2 0.201 0.003 0.192 0.207
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4.3. Automated Defect Screening Method Execution

While the manual measurement method was able to output information regarding
dimensional and geometric accuracy, this section demonstrates the ability of the automated
screening method to detect significant defects and stochastic errors in the print consistency. First,
images of the representative core were taken and analyzed with the automated screening method.
The AI Studio workflow received six representative images (the bottom, sides 1-4, and the face
sheet) and processed them individually. The first result was the pore uniformity and defect
detection for the bottom of the Schwarz-P lattice. Note that, to identify the location of a pore within
the lattice array, we will use the nomenclature of “Pore (row, column).” Automated inspection of
the bottom discovered irregularity in Pore (2, 5) and visual inspection discovered no chips or cracks
for an output of 1 flagged defect out of 108 inspections. The first side of the Schwarz-P lattice,
which switches to the 3x6 lattice array, contained no defects, resulting in a count of 0 defects out
of 54 inspections. The second side contained irregularities at Pore (3, 4) and (3, 5) with no chips
or cracks for an output of 2 defects out of 54 inspections. The third side contained an irregularity
at Pore (3, 3) and no other visual defects for an output of 1 out of 54. The fourth side contained the
highest uniformity deviation with 7 failures for an output of 7 out of 54. Figure 12 shows the
uniformity plots for the bottom and fourth side of the liner core. This plot depicts if the differences
in major and minor axes of the pores on the bottom or sides of the lattice exceed the failure
threshold. Larger circles indicate larger differences between the axes, and red circles indicate that
the difference between the axes surpassed the failure value for the corresponding pore location.

Axis Difference by Lattice Position - Bottom Axis Difference by Lattice Position - Side 4

0 0

o
]

O
O

-—

| P, 3 4 5 8] 1 2z ] 4 5 &
X Position X Position
Symmetry Score of Pore Symmetry Score of Pore
|

0 (Pass) 1 {Fail) 0 (Pass)
Figure 12. Axes difference in pores on the bottom of the print (left) and the fourth side (right).

The final inspection was the face sheet. After applying the edge detection and fitting the
Hough lines to the face sheet image, all angles were above the 88.5 threshold. The visual inspection
of the perforations revealed 15 partial blockages for a score of 15 failures out of 309 inspections.
The print, when checked for all defects, contained 26 failures out of 633 inspections for a 4.1%
defect rate. Broken down into stochastic error, 11 of 108 pores had inconsistently shaped openings
and the face sheet’s angles were square. Structural defects were only in the form of perforation
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blockages, which could be punched out to the correct size and shape for testing purposes if
necessary. While most of this data does not provide dimensional information of the printed core,
it can be used to quickly judge the quality of a print and determine which prints are acceptable for
testing. For example, since this core only contained a 4.1% defect rate, it would likely be a viable
sample for testing. Cores printed with higher defect rates could be quickly identified and reprinted
before testing.

5. Conclusions and Future Work

Two methods are presented for capturing manufactured errors and defects in printed TPMS
lattice structures that show promise as acoustic liners for aircraft engines. The first uses manual
measurements taken from the specimen and image analysis tools to compile data sets of the
produced stochastic error of design variables in the printed parts. The second method automatically
processes images of the printed liner specimen along with user input from visual inspection to
assess the print quality. A case study was conducted to demonstrate the possible results obtained
from each method. The results highlight how these two methods are capable of identifying
significant defects and stochastic error in the geometry of a test design for an acoustic liner core.

Future work is needed to increase the applicability and accuracy of each method. For the
manual measurement method, verification processes should be used to assess the accuracy of the
measurements. While this work is meant to establish an alternative to CT scan inspection, a CT
scan of the part could be used as the ground truth to verify the new measurement methods.
Additionally, while the method used to measure the isovalue in this paper is functionally viable,
the image processing is time intensive and other methods could be investigated. While these tasks
could improve the accuracy of the measurements, the main goal is to incorporate the findings of
the stochastic error analysis into acoustic simulation studies in an effort to improve the
predictability of printed liners. For the automated screening method, future work will incorporate
the crack/chip and face sheet perforation blockage detection into the screening algorithm using
image detection and neural networks. This will remove the visual inspection step in the process,
but depends on the intake of a large data set not yet available. Work should also be done to
determine the significance (in this work, the acoustic performance) of each defect, so that they can
be properly weighed when determining an overall final evaluation of manufactured liner quality.
Rigorous validation through the use of purposefully produced defect-ridden samples will help to
stress test the automated screening method. Expanding the sample size of the case studies for both
methods by measuring multiple liner cores will increase the confidence in the consistency of each
approach. Finally, the combination of the two methods could yield a comprehensive data set used
to assess the print quality of acoustic liners in both a lab and an industry setting.
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