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In-Situ Rheology Measurements via Machine-Learning

Enhanced Direct-Ink-Writing

Robert D. Weeks, Jennifer M. Ruddock, J. Daniel Berrigan, Jennifer A. Lewis,

and James. O. Hardin*

Direct ink writing, an extrusion-based 3D printing method, is well suited for

high-mix low-volume manufacturing. However, an iterative approach, using

random selection or constant expert guidance, is still used to create printable inks
and optimize printing parameters by expending significant amounts of time,

materials, and effort. Herein, a machine learning (ML) model that estimates ink
rheology in-situ from a simple printed test pattern is reported. This ML model is
trained with a rheologically diverse set of inks composed of different polymers.
The model successfully correlated features of the simple printed test pattern to
rheological properties, which could, in theory, inform both printed structures and
future ink compositions. The behavior of this model is verified and analyzed with
explainable artificial intelligence tools, linking printed feature importance to one’s

known physical understanding of the process.

1. Introduction

Direct ink writing (DIW) is a widely used 3D printing technique
that enables high mix, low volume (HMLV) manufacturing of
lightweight architectures,"' ™! soft robotics,* ! and biological
materials."""'? This broad application space makes it challenging
to simultaneously optimize ink composition, rheology (e.g., vis-
cosity, shear stress, and storage modulus), and printing param-
eters (e.g., nozzle size, printing pressure, and speed). Hence,
considerable effort is typically required to identify target param-
eters for each ink used. To address these limitations, “smart”
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in-situ tuning of print parameters has been
explored to guide filament spacing,*~*¢
nozzle height"”? and printing speed
and pressure with the goal of reducing
defects.?'*? While these in-situ error
corrections are an important step toward
autonomous printing, they do not speak
directly to the fluid dynamics of the print
process nor guide ink formulation.

Computational fluid dynamics (CFD)
models provide an alternative to an
Edisonian approach to printer and ink
optimization, but require knowledge of
ink rheology and have primarily focused
on simple Newtonian fluids.>*”! By con-
trast viscoelastic inks still depend on direct
measurement of their complex rheological
properties using shear viscometry and
oscillatory methods, which are prone to user error and challeng-
ing to automate.”®??! Even once accurate measurements are
obtained, trial and error processes are used to optimize the print
parameters for a given ink to address complex behavior such as
transient yielding, flow through the nozzle, and resolidification
upon returning to a quiescent state. In addition, these measure-
ments must be repeated for each ink composition formulated,
limiting the manufacture of multimaterial or graded material
structures.*®>% Even minor changes in constituents used, such
as polymer concentration, molecular weight, or filler content, can
have pronounced effects on ink rheology. Additionally, the final
behavior of the ink can depend on the conditions under which it
is printed as well as time since formulation. In-situ characteriza-
tion of ink rheology during DIW would facilitate improved
understanding of the underlying flow physics and enable
on-the-fly corrections to printing processes.

Machine learning (ML) offers powerful high throughput
statistical tools that can avoid direct modeling and measure-
ments. ML requires large data sets for model training; however
the HMLV nature of DIW makes it particularly challenging to
acquire large training sets due to high variability in ink properties
and printed part requirements. We propose offsetting data
demands by employing a simple test print pattern that is ink for-
mulation and machine agnostic. Images of these test patterns
can then be used to train a ML model, but there will still be uncer-
tainty in the robustness and accuracy of the model due to the
relatively sparse sampling of the massive DIW design space.
Explainable artificial intelligence (XAI) tools provide a means
of assessing the ML model and dataset for physical sensibility.
Additionally, we treat our image-based ML model as a regressor
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for predicting rheological properties on a continuum, this has the
benefit of facilitating the interpolation of new inks (and therefore
new data).

Here, we demonstrate in-situ complex rheology measure-
ments of DIW inks directly from ML-aided DIW printing, devel-
oped with the support of XAI. A set of soft viscoelastic inks with
yield stress between 100 and 1,000 Pa were formulated. The ink
rheology, print parameters, and test print patterns served as
training data for a convolutional neural network (CNN) to predict
rheology in-situ during DIW. Using a small but representative
dataset, we show that a model can be trained to accurately predict
the yield stress, consistency index, and flow index of inks both
within the set of inks used to train the model and for new inks
“unknown” to the model. To provide additional understanding,
the CNN model was examined using XAI tools to identify
features that strongly influence our model output. Our work
provides a foundational advancement for extrusion-based 3D
printing that opens new avenues for additive materials
manufacturing.

2. Results

2.1. Ink Design

We hypothesize that images of a simple printed test pattern along
with knowledge of corresponding printing parameters can form
a meaningful estimate of ink rheology via ML-enhanced DIW
(Figure 1). As a first step toward testing this hypothesis, we cre-
ated a set of 15 inks with a representative range of rheological
properties. Two material systems were used: Material System
1 (MS1) consists of 3 silicone-based inks each which are different
ratios of Sylgard and SE1700 (Table S1, Supporting Information);

(a)
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Material System 2 (MS2) is composed of 12 acrylate-based inks,
with different ratios of diurethane methylacrylate, 2-hydroxyethyl
methacrylate, and fumed silica (Table S2, Supporting Information).
Silicone and hydrogel inks are widely used for printing soft elec-
tronics,?¥ robotics,**** and shape-morphing architectures.***”)
Each ink is characterized by oscillatory rheology to provide
“Truth” data for training the ML model. Their large range of
rheological properties required careful design of the rheology
characterization method to give clear results for all inks. For
simplicity, we used a Herschel-Bulkley (HB) fluid model
(Equation (1), Figure 1a) to describe the relationship between
the strain rate (7) and the shear stress () of each ink based
on three key properties: the shear yield stress (r,), consistency
index (k), and flow index (n).

=1, + k" (1)

The HB fits were reasonable for all the inks and the results can
be seen in Figure 2a. Two material systems allow for training and
testing a more generalized model, of a broader applicability for
DIW. Each ink (1-15) exhibits different trends in rheological
properties (Figure 2a), which are plotted in the order of increas-
ing yield stress for each material system. For MS1 inks, their con-
sistency index increases, while their flow index decreases with
increasing shear yield stress. For MS2, the consistency index
increases for each set of three adjacent inks (inks 1-3, inks
4-6, inks 7-9, and inks 10-12), corresponding to inks with
the same fumed silica loading (Table S2, Supporting
Information), giving the plot a “sawtooth” pattern. However,
their flow index increases or remains the same within each
set of inks even as the shear yield stress increases, which is
markedly different than that observed for the MS1 inks. The exact
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Figure 1. In-situ rheology measurements using machine learning (ML)-enhanced direct ink write. a) Characterizing ink rheology for a set of model inks on
an oscillatory shear rheometer. Herschel-Bulkley model is fit to oscillatory shear rheometer measurements to extract shear yield stress, flow index, and
consistency index. b) Recording print behavior for each ink in the set of model inks by printing a pattern designed to exhibit geometrical changes
dependent on the fluid rheology and capturing an image of the resulting print. ¢) Rheology measurements, print logs, and images of printed samples
are used to train a ML model. d) Print behavior is captured for a new ink and the ML model is used to predict fluid rheology.
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Figure 2. Dataset construction. a) Shear yield stresses, consistency indices, and flow indices for each ink. b) Image processing on starting image prior to
use as model inputs. Includes cropping, glare removal, binarization, segmenting to areas of interest, mirroring C-shapes to get the same orientation,
width correction and halving. c) LRP salience maps before and after halving the C-shape.

cause of this difference is beyond the scope of this work, but it is
likely related to the compositions of the components of each ink
system, such as molecular weight and concentration of polymers.

2.2. ML-DIW Test Pattern

We implemented a CNN-based ML model by creating a simple
(2D) test pattern, collecting print data during each test print, and
acquiring top-down images of each test pattern. We designed this
test pattern to capture a range of flow phenomena using a mini-
mal set of printed features (e.g., C-shaped objects) as shown in
(Figure 2b). These C-shaped objects are part of a larger test pat-
tern (see Movie S1, Supporting Information). We focused our
image analysis on the C-shapes, because they contain both
straight and corner segments. From the straight segments,
the model can infer the approximate flow rate of each ink from
the nozzle, while the local changes in nozzle speed during the
corner segments enable the assessment of more dynamic behav-
iors. Each C-shape pattern is printed at a different printing pres-
sure, resulting in different shear rates for a given nonlinear
rheological behavior.

The dataset used for training our ML model consisted of
printed test patterns and printer process logs, with rheological
properties of the inks used as labels (Figure 1c). Ten test patterns
are printed for each ink and then imaged resulting in a total of
150 test pattern images. Given that there are 10 C-shaped
features in each test pattern, there are 1500 total C-shapes.
Since each C-shape feature is printed at a different printing pres-
sure, the toolpath is adjusted for a given pressure to minimize
merging of adjacent segments within the C-shape feature. Image
processing is used to adjust all images of C-shaped features to
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have the same distance between the arms, as shown in
(Figure 2b). We hypothesized that a single top-down image of
the C-shaped features in each test-pattern contains the informa-
tion needed to extract critical rheological properties governing
their HB flow behavior, and hence printability.

2.3. ML Model Construction and XAl

We implemented a CNN architecture based on VGG-16 due to its
reliable use as an image classifier and its associated explainable
Al techniques.*®**? Qur CNN is modified to both serve as a
regressor and accept DIW printing pressures and C-shape
images as input (Figure 3a). We hypothesized that each C-shape
and its associated printing pressure are analogous to a single
point on the rheology plot in (Figure 1a). For accurate predic-
tions, we require more than a single C-shape/pressure pairing
from a given ink. This hypothesis is explored by modifying
the CNN model to accept a varying number of C-shapes and pres-
sures in a single input. Each C-shape feature goes through the
convolutional layers and then the printing pressure correspond-
ing to each C-shape is included as an auxiliary input to the fully
connected layers.

Different training/validation/test splits are used to evaluate
the limitations of the dataset to interpolate (or extrapolate) for
new inks or inputs. For clarity, the training set is the set of data
that is optimized to minimize the mean-squared error (MSE).
The MSE is an adjusted MSE calculated from the transformed
dataset, described in the methods section. The trained model
represents the model with the lowest MSE on the validation
set. Next, we test the model on a test set to determine its
final performance. The dataset splits are of two categories:
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Figure 3. ML model and performance. a) Modified VGG-16 architecture for multi-image input and auxiliary pressure input. b) Errors for the different data
splits for 1-image, 2-image, and 3-image inputs. Solid lines are test set errors, dashed lines are validation set errors, and dotted lines are training set
errors. c) Comparison of oscillatory shear rheometer measurements to predictions from the machine learning model. d) Overlay of the model predictions
(shaded region) for the Herschel-Bulkley curve on the measured stress—strain rate (dashed line) for 12 of the inks. The remaining 3 are in Figure ST,

Supporting Information.

mixed-ink test set splits and separate-ink test set splits. In separate-
ink test splits, all ten test patterns from each of two inks were held
out as the test set. Thus, the model would be tested on C-shapes
from the two inks it had never “seen”. In the mixed-ink test splits,
the C-shapes from 20 randomly selected test patterns were set
aside for the test set. Consequently, the model would be tested
on C-shapes from inks on which it had already been trained.
CNN XAI methods typically yield a “salience map” that over-
lays the input image, highlighting regions that most influence
the CNN’s decision.'*™¢ To date, CNN XAI techniques used
in manufacturing have been limited to defect classification
models,*’=% such as class activation mapping (CAM) to quali-
tatively assess the saliency in image classification of clogs in a
nozzle,*”! decision tree explanations to identified images likely
to be misclassified,*® and locally-interpretable model-agnostic
explanations (LIME) to find defect locations in powder bed
fusion.”” We ultimately use layerwise relevance propagation
(LRP) due to its interpretability: akin to a deep Taylor decompo-
sition, it assigns each pixel with a positive or negative

Adv. Intell. Syst. 2024, 2400293 2400293 (4 of 9)

contribution to the prediction.[*"! This is integral to interpreting
regressor results. Other advantages of LRP include the availabil-
ity of open-source code and its non-reliance on perturbing inputs
(i-e., “graying out” pixels) that can result in unfeasible images.
LRP provides highly precise, interpretable salience maps of
how a given image is influenced by the predicted rheological
behavior of each ink.

2.4. Model Results

After initial training on the C-shape binary images, the LRP
heatmaps (Figure 2c) shows the model placed undue attention
on the ends of the C-shaped features. This region, dominated
by the printing parameters (i.e., the communication and actu-
ation delays in the pumps at the starts and stops of each C-shape
feature), rather than the ink rheology. Consequently, the ends of
each C-shape feature are removed (cropped off) prior to training
the model. The resulting LRP heatmaps were more intuitively
reasonable/robust.

© 2024 The Author(s). Advanced Intelligent Systems published by Wiley-VCH GmbH
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Figure 3b shows the average MSE loss for models trained with
different types of test-set splits and different numbers of
C-image/pressure pairings per input. The training sets typically
averaged around 0.07 adjusted MSE for regardless of number of
C-images or dataset splitting (dotted lines). The validation error
decreased from about 0.20 to 0.11 as the number of C-images per
input increases (dashed lines). The test set errors for the mixed-
ink split follow a similar trend to the validation error (solid
orange line), and have significant overlap with the validation
error lines in the plot. The highest error is seen for the test
set error with a one-image input and separate-ink split, but this
error dramatically decreases to approach the mixed-ink test and
validation errors as the number of images increases (solid blue
line). The decrease in validation and test errors with increasing
the number of C-shapes per input not only indicates better
performance, but also indicates less overfitting as the training
error does not also decrease.

A significant change in the test set MSE is expected as more
images are added as inputs. T-tests for the mixed-ink test set
losses showed a significant difference between 1-image and
2-image input (p-value = 0.0011, n = 30), but no significant dif-
ference between 2- and 3-image inputs (p-value = 0.019, n = 30).
The separate-ink test set losses are significantly different between
1- and 2-image inputs (p-value = 3.2 x 10"/, n = 42) and between
2- and 3-image inputs (p-value =3.1x 10>, n=42). Note, n
refers to the average number of test set MSE scores. The differ-
ence in trends between the mixed- and separate-ink test sets indi-
cates two C-shape inputs may be sufficient to identify a given ink.
The low error implies that more information is available in each
C-image than anticipated because at least three “points” of data
are necessary to estimate the non-linear H-B curve. We posit that
changes in printing speed as the nozzle is translated through the
C-shape corners yields more information-rich features. On the
contrary, as the number of C-shapes per input increases to three,
the difference between the separate-ink and mixed-ink test errors
decreases, with a p-value of 0.055 for 3-image input, implying the
separate-ink error approaches the lower error observed for the
mixed-ink test sets. The computational challenges of including
more images coupled with the meager additional gains from
additional images led to limiting the number of C-images
explored to 3.

The HB property predictions for the yield stress (z,), consis-
tency index (k), and flow index (n) closely follow the experimental
measurements of these values obtained by oscillatory tests
(Figure 3c). This is especially true for the shear yield stress, with
exceptionally small standard deviations indicating a low uncer-
tainty in those predicted values. The predicted flow behavior
provides a more complete sense of the model’s agreement to
the measured ink rheology (Figure 3d). To our knowledge, this
is the first demonstration of complex rheology predictions
obtained directly from the printed test patterns.

In Figure 3c, the model predictions for the consistency index
and flow index of inks 4, 7, and 10 of MS2 show significant
uncertainty relative to other inks. However, we point out that
the training data for these inks also had significant variability
(see Figure 2a). The uncertainty in the training data could be
from measurement uncertainty or fitting problems, where
multiple values of fitted consistency index and flow index
result in similar flow behavior. These three divergent inks
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have low consistency indexes and high flow indexes, as
measured experimentally. While there may be a limit to the
rheological range that the current model can estimate, the
incorporation of additional data (training set) would likely
expand this range.

2.5. Semantic XAl Analysis

To gain further insight into which data features the CNN model
used to make predictions, we started with LRP salience mapping.
Each LRP relevance map provides information for one input—
output pairing. To gain a more comprehensive understanding
of how the model works on the entire dataset, we segmented
out the C-shapes into semantically relevant regions and analyzed
our LRP heatmaps with respect to those regions (Figure 4a). To
analyze the LRP images, the mean relevance value for the
pixels within the vicinity of a given segment of the C-shape is
recorded. This results in a transformation from the full LRP
image (Figure 4a(i)) to a segment-averaged version (Figure 4a(ii)).
These semantically averaged values, along with the pressure
relevancies, were then used to train random forest regressors
to predict the CNN’s output for each of the three properties.
Functionally, the random forest regressions were used to illumi-
nate the relationship between these image features and the
predicted rheological properties.

To analyze the random forest models, we calculated the per-
mutation feature importance: the mean increase in MSE when a
given feature was shuffled within the set of values of that feature
in the dataset (Figure 4b). To compare our results against more
standard XAI approaches, we also computed feature importances
using  Locally-Interpretable Model-Agnostic ~ Explanations
(LIME) and SHAPley values (SHAP) (Figure S1, Supporting
Information), which corroborate the values shown in
Figure 4b.%**% The MSE for each feature is about 0.04 before
any permutations. The permutation feature importance is a
statistical method calculated over 1000 iterations of shuffled
features, and while every feature is included in the model, these
methods do not account for feature correlations or boundary
conditions. For example, the mean relevance of neighboring seg-
ments of a C-shape can also be highly correlated. These methods
are not meant to be used to generate quantitative rules about the
underlying physics, but rather to provide some insight into the
statistical workings of the model in a qualitative sense, and link
those back to the governing physics.

For the yield stress and consistency index, the pressure rele-
vance for each C-shape is the most important feature, with the
MSE increasing by 3—4 times when the pressure relevance is
shuffled as seen in Figure 4b. We can see there is a fairly even
distribution of lower feature importances throughout the
C-shape image, however when these feature importances are
summed, the total importance of the C-shape is about half the
total importance of the printing pressure for both the shear yield
stress and consistency index. This is not surprising for the shear
yield stress, since the shear yield stress determines the mini-
mum pressure that must be applied to each ink to initiate its vol-
umetric flow. One would expect the consistency index to have
strong relevance to both the pressure and volumetric flow rate,
partially indicated by the image data. In this experiment,
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Figure 4. Explainable Al. a) Layerwise Relevance Propagation (LRP) analysis. i. Original LRP saliency map for a single input image. ii. Segment-averaged
LRP saliency map. These values are used as random forest input to predict the CNN output. b) Permutation feature importances on the test set averaged
over 1000 iterations showing importance of image areas and pressures. The C-shape segments are labeled A-] as shown, and the average feature
importance for each segment across the 3-image in is shown using a colormap.

manually picking a pressure for each ink that extrudes at approx-
imately the same volumetric flow rate likely results in the
pressure value having a higher relevance to the consistency index
than one would initially expect. In contrast, the XAI identifies
more feature importance throughout the C-shape and less on
the printing pressure for the flow index. The flow index affects
the shear-thinning of the inks, significantly affecting the
dynamic flow behavior while extruding around the bends in
the C-shapes. Here, the summed feature importances for the
C-shape is about ten times greater than the summed feature
importances for the pressure.

3. Conclusion

In summary, we have demonstrated the application of
ML-enhanced DIW to directly determine ink rheology from a
simple printed pattern. Our model not only captures the rheolog-
ical behavior of known inks but is reasonably effective at predict-
ing the properties of new inks. By coupling the model with XAI
tools, the model could rapidly assess which data features were
important for predicting a given rheological property. These
identified features could then be linked back to the direct ink
writing process to ensure that the model was “focused” on intui-
tively reasonable features. This advance represents an important
step toward autonomous 3D printing, in which printers are capa-
ble of creating new inks and optimizing print parameters on-the-
fly without human intervention.
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4. Experimental Section

Ink Preparation: The silicone inks are prepared by mixing three different
ratios of Dowsil SE 1700 (Dow) to Sylgard 184 (Dow) (see Table ST,
Supporting Information). The acylate inks are formulated from three
components, diurethane dimethacrylate (Millipore Sigma), 2-hydroxyethyl
methacrylate (HEMA, Millipore Sigma) and fumed silica (CAB-O-SIL TS-
720, Cabot) in varying proportions (see Table S2, Supporting
Information). All inks are prepared in the same manner. The fumed silica
is added in 0.2 g increments. Following the addition of fumed silica, the
components are thoroughly mixed in a planetary mixer (FlackTeK
SpeedMixer) at 800 rpm for 30s, 1600 rpm for 30's and 2200 rpm for
3 min. The addition of fumed silica and the mixing cycle is repeated until
the final total fumed silica content is reached. Finally, 0.2 g of blue pigment
(Silc Pig, Smooth-OnSmooth-On) is added for color. The inks are then
loaded into 10 cc syringe barrels (Nordson EFD) and centrifuged at
4000 rpm for 3 min to remove any air entrapped in the barrel.

Rheological Characterization: The rheology of the inks is measured using
a rotational rheometer (Discovery HR-20 hybrid rheometer; TA
Instruments). Three oscillatory shear stress (r) measurements are carried
out for each ink under direct strain control at room temperature (21 °C)
using a 40 mm diameter disposable parallel plate geometry with 120 grit
sandpaper and a 500 pm gap. A conditioning step is first applied to the
sample, consisting of a preshear at a rate of 1.0s™" for 20's, followed by
120 s of equilibration time. Oscillatory measurements are captured using a
sweep of angular frequencies from 0.01 rot/s to 100 rot/s (0.0628 rad s~
to 628.0rad s™') at 16% strain

Printing System: The printing system consists of: the motion-controlled
three-axis stage, the printhead, the sensor array, the alignment system,
and software. The cartesian motion stage (customized ABG 1000,
Aerotech Inc.) features 4 parallel independently controlled z-axes. The
printhead is affixed to the first of these axes and consists of a syringe with
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a0.84 mm (18 gauge) inner diameter 0.5” long straight stainless-steel noz-
zle (Nordson EFD) connected to an electronic pressure regulator (Ultimus
V, Nordson EFD) to control extrusion. The electronic pressure regulator is
connected over serial (RS-232) to the controller of the motion stage
(A3200, Aerotech Inc.). The sensor array is affixed to a second z-axis.
The array consists of a downwards facing camera (IDS UI-325°CP with
Tamron M118FM16 lens) and a contact-type digital displacement sensor
(HG-S1110-AC, Panasonic) pneumatically actuated through a second elec-
tronic pressure regulator (Ultimus V, Nordson EFD) and connected by
digital signal to the motion stage controller (A3200, Aerotech Inc.). The
alignment system consists of three optical micrometers (LS-7010,
Keyence) mounted to custom machined fixtures and connected over
RS-232 to the motion stage controller (A3200, Aerotech Inc.). A 50 x 75
x 1 mm uncoated glass slide is used as the printing substrate and held in
place with a laser cut acrylic fixture. The digital displacement sensor is
used to probe 9 positions on the glass slide to create a heightmap used
to ensure accurate nozzle height during the print. A laser cut orange card-
stock is used as a contrasting background behind the glass slide. A base
pressure for each ink is determined by manually adjusting the pressure
supplied to the syringe barrel until ~#160 mg of ink are extruded over
the course of 30's. This extrusion rate ensured that 2 mm s~ translation
speeds while printing were appropriate. Positional data was collected at
1 kHz to facilitate future adaptations to printers with different acceleration
profiles. Open source Python automation software, APE,”" was used to
coordinate the other components of the printing system and collect the
associated data

Image Processing: The portion of the test print image that contained the
10 C-shaped features was identified using matchTemplate from OpenCV
with an ideal C pattern image at various scaling.”? This section contained
only 10 C-shaped features with a background of the slide alone. Pixels were
then sorted into background and ink using k-means (Scikit-Learn) on the
RGB values.*® Pixels were assigned to ink if they were much closer to the
ink centroid from the k-mean analysis than the background centroid. This
assignment was used to generate a binary representation of the C-shaped
features. Glare was removed on the binarized image using MORPH_
CLOSE with the number of iterations that best remove small glare regions
while still retaining the original shape. C-shapes were then rotated,
bisected at the midline to remove the ends. The distance between the
two “arms” of the C-shape corrected by identifying the center axis of
the C-shape and the center-lines of the 2 “arms”, relocating two “arms”
to the same distance apart, and extending the “bend” in the C-shape from
one arm to the next

Machine Learning: Machine Learning was performed with the built-in
VGG-16 network of PyTorch’s Torchvision module, modified with Leaky
ReLU activation functions and to take in a variable number of C-shape
inputs.®#>¥ The data input was modified before entering the model:
the binarized images were converted to pixel values of —0.5 and 0.5.
Each image would pass through the convolutional layers before being flat-
tened and concatenated into the fully connected layers. The images were
augmented by random translation using Torchvision’s transforms.
RandomAffine() method. The maximum horizontal translation was 55 pix-
els, while the maximum vertical translation was 21, such that at no point
would any C-shape not be fully in the image. The RandomAffine arguments
for rotation, shear, and rescaling were not used. Rather than creating a
larger dataset using a fixed set of randomly translated images, which would
result in the need for more storage and in overfitting to the training set, the
images were randomly translated on-the-fly. This helped minimize over-
fitting, and mitigated any effect the proximity of the c-shape edges to
the edges of the image would have on the output. Other augmentation
methods such as flips and rotations or rescaling the c-shapes resulted
in poorer fits. No methods that involved distortion of the C-shape were
attempted, due to the importance of the shape of the C on the output

The pressures that each C-shape were printed at were also
concatenated with the flattened convolutional outputs as an auxiliary
input. The pressure (in PSl), covered several orders of magnitude so
was log-transformed and centered around zero before using the formula
P = (log(P) - 3.1)/2. The yield stress and consistency index each cover
several orders of magnitude, so those two properties were log transformed

Adv. Intell. Syst. 2024, 2400293 2400293 (7 of 9)

www.advintellsyst.com

before training. In addition, the three properties were all rescaled and cen-
tered, such that they each had a similar range of values and no one prop-
erty would dominate the error. This process is performed ad hoc and may
need to be adjusted as more inks are added to the dataset. Thus, the resul-
tant formulas are 7’ = log(z) - log(min(z)))/1.2 for the adjusted yield stress,
k' = (log(k) - log(min(k)))/2.2 for the adjusted consistency index, n’ = (n -
min(n))*4.2 for the adjusted flow index, with 7 in MPa, k in MPa*s", and
min(x) being the minimum value across the entire dataset (all 15 inks)
rounded down to the nearest hundredth.

The models were trained with an Adam optimizer and a mean-squared
error loss function. For mixed-ink testing, the 150 tiles were randomly
divided 80:50:20 into training:validation:test sets. he average test errors
for models trained on 10 different training:validation:test sets were used.
For separate-ink testing, 2 inks were chosen as test inks, and the other 130
tiles were randomly divided 80:50 into the training and validation set.
There are 105 possible 2-ink combinations for the separate-ink test set.
To make sure we had meaningful test sets, we chose 2-ink combinations
that were not neighboring each other in value for any of the 3 properties.
Due to the lack of prediction accuracy with inks 4, 7, and 10 of MS2, they
were also not included in any of the separate-ink test sets.

For the different numbers of image inputs, each tile would be randomly
divided into groups of 1-, 2- or 3-images. In the case of the 3-image input,
each tile would provide 3 3-image inputs while one C-shape went unused.
Grid-search hyperparameter tuning was performed to find the best num-
ber of image inputs, learning rate, and weight decay, resulting in a learning
rate of 1 x 10~ and weight decay of 1 x 107°. Dropout was included dur-
ing the hyperparameter tuning of the first 2 fully-connected layers of the
CNN, with a probability of 0.5 of an element in those layers being zeroed.
The training and hyperparameter tuning were tracked with Weights and
Biases.”!

Explainable Al: The LRP code is based on tutorial code from Montavon
et al.*®! The z5-rule used for the input layer was modified for the binarized
image input. The binarized pixels of the input images had a value of either
—0.5 or 0.5, so the lower and upper bounds were changed to —0.501 and
0.501. Furthermore, because the activation functions were changed from
RelLu to LeakyReLu, negative activations were factored by 0.01 before pro-
ceeding through the backward propagating the relevance. Other modifica-
tions for the three-image input and auxiliary inputs were superficial, simply
adding steps for propagating through each image, and adding and remov-
ing the auxiliary inputs so they are only processed in the fully connected
layers.

Different regions of the C-shape were labeled by segmenting out the
edges. The edges of each C-shape image were found using a canny edge
filter. The sides of the top and bottom filaments are found using a k-means
clustering algorithm (scikit-learn) on the locations of the edges along the
right side of the C-shape.® The center of the inner bend was identified as
the rightmost edge between the two arms. The upper inner corner was
then guessed as being in the edge from the inner bend to the lower edge
of the top filament (Figure S3, Supporting Information). This region would
contain section A (the upper inner corner) but also some of sections C and
H. Then straight edges of sections C and H in the region are then removed
until the edge contains just section A, with straight segments no longer
than ten pixels. The analogous process was done for the lower inner cor-
ner, and for the outer corners using the outer bend as a starting point.
From there, the straight segments that are not part of the corners are
labeled.

Semantic meaning is assigned by taking the labeled C-shape outline as
described in the previous paragraph and making it thicker with the binary-
dilation method while keeping the labels associated with the nearest sec-
tion. Then for each section of the c-shape, the mean of the pixels of the
LRP relevance map that overlay that section is recorded. These mean val-
ues, along with the relevance of the pressure inputs, are used as data for a
random forest regressor (Scikit-Learn),** with the output property as the
labels. The random forest was trained with 8-fold cross-validation on
the training set used to train the CNN. The tuned hyperparameters were
the number of features to consider when choosing a split, and the number
of trees used in the forest. Random Forest was chosen because it is quick,
and pulling the feature importances out of it is straightforward using the
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sklearn.inspection API. The permutation feature importance was
calculated on the test dataset over 1000 iterations. LIME and SHAPley
explanations were calculated for 40 randomly chosen samples (Figure S1,
Supporting Information) using the LIME and DALEX python software
packages.[**43%] |n addition to the random forest regressor we also tried
more direct analysis but correlations between outputs and the mean LRP
values were small, with Pearson correlations varying between —0.2 and
0.2. Simple linear regression, principal component analysis, and manifold
learning techniques also proved fruitless.

Supporting Information

Supporting Information is available from the Wiley Online Library or from
the author.
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