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ABSTRACT: Over the past decades, significant effort has been made to
improve the adhesive properties of adhesive pillars, by searching for pillar
shapes with optimized interfacial stress distribution. However, the shape
optimizations in the previous studies are conducted by considering specific
pillar forms with a few parameters, hence with limited design space. In this
study, we present a framework to find a free-form optimized adhesive pillar
shape out of extensive design space. We generate 200 000 different shapes of
adhesive pillars based on the Bézier curve with a few control points by
considering two distinct edge shapes, sharp and truncated edges, to account for
the limitation in the realistic manufacturing resolution. The resulting interfacial
stress distributions from numerical simulations are used to train deep neural
networks for each edge type. Our deep learning model shows greater than 99%
classification accuracy on a limited data set with orders of magnitude speedup
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in computation time compared to finite element analyses. On the basis of the trained neural network, we conduct genetic
optimization by maximizing a fitness function that prefers the uniform interfacial stress distribution with neither stress peak nor
singularity. The optimized adhesive pillar shape is composed of smoothly mixed convex and concave parts and shows improved
uniformity in the interfacial stress distribution. Our study also demonstrates that the deep learning can be used for nonparametric

curve optimization task with diverse fitness function.

KEYWORDS: adhesive pillar, adhesion, shape optimization, deep learning, machine learning, finite element analysis

1. INTRODUCTION

Unlike most adhesives made of soft viscoelastic materials
promoting conformal contact on a surface, biological attach-
ment systems such as the feet of geckos, beetles, and spiders have
superb and reversible adhesion properties despite their relatively
stiff constituent materials such as f-keratin (E &~ 1 GPa)."” The
outstanding adhesion properties for one type of biological
system (such as gecko’s foot) are mainly attributed to the
hierarchical fibrillary structures on the foot surface and the
unique attachment/detachment mechanism.””* Another type
of attachment system does not employ such hierarchical
fibrillary structure, but uses a simpler surface covered with
mushroom-shaped softer microstructures which are known to
reduce the stress concentration at the interface and thus show
improved adhesion strength.’” Many studies investigated
bioinspired synthetic dry adhesive surfaces mimicking these
microstructures for a variety of applications requiring repeatable,
residue-free, and nonsticky adhesion without chemical bonds,
such as reversible tapes, wall-climbing robots, grippers for
transfer printing, and clean pick-and-place systems.’”"> In
addition, the polymeric dry adhesive skin patch having chemical-
free adhesion and improved biocompatibility can be integrated
with sensors, which offers many potential applications such as
real-time health diagnostic systems.”"”
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However, for various industrial applications, there are still
challenges to be solved, such as adaptability to rough surfaces,
controllability of detachment, and higher adhesion
strength.'*™'” In particular, there have been numerous studies
aimed at achieving higher adhesion strength with the
modification of adhesive pillar.”'*~** The punch-shaped pillars
(PSP) considered in earlier research works have relatively low
adhesion strength due to the severe interfacial stress
concentration at the edge region, i.e., edge stress singularity.s’24
In the following studies, the researchers proposed a mushroom-
shaped pillar in which the radius of the adhered region is larger
than the radius of the stalk portion. Experimental, numerical,
and theoretical studies have shown that this structure has higher
adhesion strength due to the reduction of the edge stress
singularity.”'®*"*’ In addition, it is found that the edge stress
singularity varies notably with the radius and thickness of tip of
the mushroom-shaped pillar.”**° The optimization of adhesive
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Figure 1. (a) Axial symmetric simulation model for measuring the interfacial stress distribution of the adhesive pillar. The bottom surface of the pillar is
fixed to the rigid substrate with full friction contact. The explored design space is represented with a gray dashed line. The shapes of the edges are
assigned to have two distinct shapes: (b) an ideally sharp edge and (c) a truncated edge considering the limitation in the fabrication technique. The
sharp edge and the truncated edge have heights of 0 and 0.025R, at the tip of edge, respectively. (d) The punch shaped pillar and mushroom-shaped

pillar model adopted in previous studies.”®

pillars with multiple materials is also studied by constructing
gradient structure (placing softer material close to the adhesion
surface of the adhesive pillar), which also shows the reduction of
the edge stress singularity and the increase of the adhesion
strength accompanied by the change in contact/detachment
mechanism.'***?*?*>3! Furthermore, other researchers have
proposed advanced mushroom-shaped pillars with chamfers and
rounding between the stalk portion and the mushroom tip to
reduce interfacial stress peaks near the transition region and
edge stress singularity, which have been verified in both
numerical and experimental methods.>**¢7>%*

However, the existing studies for shape optimization of
adhesive pillars are conducted in a parametric-manner and are
not necessarily the global optimal shape because the design
space in which the optimization proceeds is constrained by the
defined design variables in the parametric functional
forms.”**”*® In addition, it is nontrivial to use nonparametric
shape optimization in conventional techniques to improve the
performance of the structure by modifying its boundaries,
because of its tendency to converge in a local optimum
depending on the initial shape, and mechanical behavior can be
sensitive to small shape changes due to the singularity or stress
concentration on the structure.””” Moreover, the surrogate
models adapted in conventional optimizations, such as kriging,
response surface method, and shallow radial basis neural
network are less efficient for regression tasks involving multiple
output variables (e.g., in this work, we need to train models to
learn the entire stress distribution along the interface when the
pillar shape is given as iréput) due to the relatively small numbers
of fitting parameters.”® " It is also not straightforward to
formulate the optimization process with complex objective
functions subjected to constraints (e.g, we optimize the
uniformity of the interfacial stress distribution with a specific
type of detachment in this work.).

In this study, a nonparametric shape optimization is
conducted to design adhesive pillar having high adhesion
strength by maximizing the interfacial stress distribution
uniformity with deep learning-based optimization, which has
been recently used in various fields without the aforementioned

limitation in traditional optimization techniques.**”* Deep
neural networks (NNs) are able to efficiently learn even complex
relationships from high dimensional data, unlike conventional
surrogate models.””*” To take into account the limitation of
fabrication technique such as finite spatial resolution of
manufacturing methods, adhesive pillars with two distinct
edge shapes, (i) ideally sharp edge and (ii) truncated edge
having a certain height at the tip, are constructed. The former
will give the optimal shape achievable with an ideally sharp
wedge, while the latter will give the optimal shape in the
presence of finite spatial resolution (such as finite resolution of
additive manufacturing). We also categorize the detachment
mechanisms into two types, one commencing from the edge and
the other from internal region of the interface. For each edge
type, we trained two different deep NNs. NNs are a
computational graph of recursive, differentiable operations and
update the model parameters using backpropagation to compare
the model prediction with the actual target value. Deep
convolutional neural networks (CNN) and deep fully connected
neural networks (FCN) are adopted to classify the type of
detachment mechanism and to predict interfacial stress
distribution depending on the adhesive pillar shape, respectively.
The trained NN allows us to accurately (and also very quickly)
predict the detachment mechanism and interfacial stress
distribution of a given pillar shape, without running FEM
simulations. With the trained NN, the genetic optimization is
performed by evolving the pool of pillar shapes at each
generation into the shape having the desired detachment
mechanism and interfacial stress distribution.

2. MODELING SECTION

2.1. Pillar Shape Generation. The axisymmetric pillar
shapes with stalk radius (R;) and mushroom-tip radius (R,) are
constructed as in Figure 1(a). In this work, the inverse
relationship between the reduction of edge stress singularity
and packing density of pillars with the change of mushroom-tip
radius, the R, are chosen to be 2R.”"*" We note that our
framework can be used to obtain the optimal shape for any R,/R;
ratio by following the procedure presented in this work. It is
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Figure 2. (a) Cross-sectional area of adhesive pillar in design space and corresponding interfacial normal stress distribution (6,,) normalized by ideal
flat stress (o7), i.e., 6; = 6y R2/R?. (b) The input of each data is formatted as the height of the adhesive pillar at a uniform interval Ar/R; = 0.002, and
outputs are formatted as 30 principal components of stress distribution and label of edge stress singularity. The numbers of input—output pairs (n)
used in training our models are 98 899 and 98 143 for sharp and truncated edge types, respectively.

difficult to claim the single optimal value of the ratio, because
there are pros and cons of having increased R,/R, such as the
inverse relationship between the reduction of edge stress
singularity and packing density of pillars. A variety of smooth
adhesive pillar shapes are constructed by varying the boundary
shape of the adhesive pillar between the stalk and the end of
mushroom-tip, based on monotonically decreasing 1% ~10
order Bézier curve generated by 2—11 (order of the curve plus
one) control points as in Figure 2(a).*® For each edge type, we
constructed 100 000 adhesive pillar models having different
outer shapes: sharp edge and truncated edge, having heights of 0
and 0.025 R, at the right end, as demonstrated in Figure 1(b) and
1(c), and obtained the corresponding interfacial normal stress
distribution (,,). The stress distribution is normalized by the
ideal uniform stress distribution (o) calculated as o; = 6, R%/R2.
Two edge shapes are distinguished because, although the pillars
with ideally sharp edges are able to completely eliminate the
edge stress singularity, as shown in a previous study,”” such an
ideally sharp edge cannot be achieved in a realistic fabrication
process. Also, a sharp ed_;e can be truncated during the repeated
detachment process.”*>”*” We present the optimization results
for two edge types to present both the mathematically ideal
optimal shape and the optimal shape accounting for the limited
resolution of a realistic fabrication process. The height of the
truncated edge is chosen to present the unavoidable stress
concentration in a realistic fabrication process and does not
represent a specific fabrication technique.

2.2. Finite Element Analyses (FEA). For mathematical
simplicity, at the interface, the relative displacement between the
substrate and the pillar is assumed to be zero, as observed in
experiments with adhesive pillar made polymer and rigid glass
substrate,””*”** and linear stress—strain relationship is assumed.
We also consider the ideal rigid substrate to consider the most
severe elastic modulus mismatch, i.e., infinite substrate-to-pillar
modulus ratio.*” The material properties of polydimethylsilox-
ane (PDMS), which is one of the most widely tested materials
for adhesive pillars owing to its low surface energy and
insensitive to environmental condition,'”*" are adopted by
setting Poisson’s ratio (v) = 0.49.

We applied an upward pull-off force with uniformly
distributed normal stress o, at the top of the pillar, and calculate
the corresponding interfacial stress distribution along the pillar—
substrate interface using the commercial FEM solver ABA-

QUS.*" For the accurate numerical simulations, every
simulation model is constructed with approximately 80 000—
120000 linear quadrilateral hybrid elements with axial
symmetry, i.e., CAX4RH, and progressive fine meshes is applied
near the edge to correctly account for the stress singularity.

2.3. Training Set. Considering the inevitable numerical
errors from the discretization process in FEA, we eliminated the
simulation results having more than 0.5% relative error between
the remote pull-off force and the interfacial adhesion force (i.e.,
error = I([3% 2zro,, dr — onR})/0erRH X 100%). The
difference between the two forces should be zero in ideally
accurate simulations to satisfy mechanical equilibrium con-
ditions. However, since the error metric relies on the adhesion
force and pull-off force which are obtained over the entire
specimen, the local stress value may differ more than 0.5%. After
eliminating some samples, we obtained 98 899 and 98 143
adhesive pillar shapes with the sharp edge and the truncated
edge, respectively. We then train the NN models to predict the
interfacial stress distribution and the corresponding detachment
mechanism of a given pillar shape.

3. RESULTS AND DISCUSSION

3.1. Determination of Detachment Mechanism. The
detachment mechanism, which affects the adhesion strength of
the adhesive pillar, can be classified into three types: (i)
detachment commencing near the edge due to edge stress
singularity, (ii) detachment commencing within the internal
region due to defects such as weak or no bonding, and (iii)
fracture of the pillar in the limit of very large interfacial adhesion
strength.>**** One of these detachment mechanisms initiates
when the interfacial stress distribution and elastically stored
energy in the pillar reach the critical condition. The adhesion
strength is determined by the pull-off force measured right
before any of the detachment mechanisms initiates excluding the
suction and capillarity effect.”’*** For example, pillar shapes
having severe interfacial edge stress singularity, such as PSP,
have relatively low adhesion strengths and the detachment
process commences near the edge with a low pull-off
force.”*****>* In contrary, the mushroom-shaped pillars
having reduced edge stress singularity can sustain higher pull-
off force in general, and if edge stress singularity reduces even
further, the detachment mechanism initiates within the internal
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Figure 3. Comparison between predicted and actual interfacial stress distribution of randomly selected adhesive pillar with (a) sharp edge and (b)

truncated edge.

interface region, not from the edge.%"w"‘g’53 In some rare cases,
pillar fracture can occur if the interfacial adhesion strength from
the center-initiated detachment is larger than the strength of the
pillar materials. The third scenario is not considered in the
present study.

The adhesion strength of the adhesive pillar (S) for the edge
commencing detachment mechanism can be represented with
Young’s modulus of pillar (E), adhesion energy (W), diameter of
tip (D), and initial edge crack length (1) as follows:*’

_ 0.6JEW

- Do.4oe 10'094ﬁ (1)

where 4 represents a calibration parameter representing the
stress singularity in the asymptotic stress distribution near the
edge obtained from numerical simulations. The adhesion
strength of the mushroom shaped pillar normalized by the
adhesion strength of PSP can be represented as §/S*" = 3" /3,
i.e., relative ratio to the calibration parameter of PSP,
~PSP 22,24,49,54 .

a . However, because eq 1 cannot take into account
the effect from the diverse adhesive pillar shape, we suggest a
modified normalized adhesion strength for the edge commenc-
ing detachment with an effective diameter (Dg) as follows: S/
gpunch — PSP (DPSPY0406 /(3(Dy)4%), Detailed explanation on
the normalized strength and the calibration parameter is given in
the Supporting Information (SI).

However, the adhesion strength depends not only on the edge
commencing detachment but also on the internal-region
commencing detachment,>****5% and the critical value for the
transition of detachment mechanism from the edge commenc-
ing to the internal-region commencing detachment mechanism
is determined by the characteristics of interface, such as the
roughness of surface, van der Waals interaction, and elastic
mismatch between the substrate and the pillar."> It has been
reported that the adhesion strength of the mushroom-shaped
pillar with internal region detachment is up to 100 times larger
than the adhesion strength of the PSP with edge commencing
detachment.”**® Hence, in this work, we assume that the
detachment initiates inside the internal interfacial region if the
adhesion strength of a pillar determined from the edge-
commencing mechanism is greater than 100 times that of
PSP. If the adhesion strength is determined by the internal
region commencing detachment, then the detachment can be

facilitated by defects located at the interface, and if the defects
are positioned within the high-stress region, then stress will be
further localized and promote initiation of detachment.
Furthermore, even at perfectly clean surfaces, high interfacial
stresses can facilitate interfacial stress-aided thermally activated
defects.” Taking the aforementioned mechanisms into account,
one can ensure that the desired interfacial stress distribution is
uniform distribution with no or small edge stress singularity.
Similar arguments can also be found in the previous theoretical,
numerical, and experimental studies concerning adhesive
strength, S2426-2832

3.2. Pillar Shape Optimization Combining Deep
Learning and Genetic Algorithm. We perform the shape
optimization for the adhesive pillar having uniform interfacial
stress distribution with minimal edge singularity by employing
deep learning and genetic algorithm. For the training of deep
NN, the input data, which represent the shape of adhesive pillar,
are formatted as 501 dimensional vectors containing the height
of pillar at normalized radial positions (r/R;) from 1 to 2, with
uniform interval Ar/R; = 0.002 (i.e., the design space is the pillar
shape outside of inner radius R;). The output data consist of two
types of data processed from the interfacial stress distribution
including 256 o, values from r/R; = 0 to /R, = 2 obtained with
the interval, which gets gradually finer along the edge. The first
type of output data is categorical data (L) representing the type
of detachment mechanism. The detachment mechanism is
labeled based on the edge stress singularity value as discussed in
previous section; L = 0 for the edge-commencing mechanism if

Spuimh < 100 and L = 1 for the internal region-commencing

P . . .
mechanism if ey > 100, in one-hot binary encoding format.

The second format is the dimensionally reduced data on the
interfacial stress distribution based on the principal component
analysis (PCA). We first construct the interfacial stress
distribution matrix (S) by stacking the stress distribution of
each adhesive pillar in row-wise, such that the number of rows is
same as the number of input configurations (i.e., 98 899 and
98 143 for sharp and truncated edges, respectively) and the
number of columns is 256 o, values along the radial direction.
The stress distribution matrix is then decomposed to § = UY . V"
via singular value decomposition. The cumulative explained
variance (C.E.V.) with PCA is the sum of the eigenvalues
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normalized by the sum of all eigen value, i.e, CEV.=Y"_ 1,/

26,y and we could reduce the dimension of the interfacial
stress distribution of pillar with sharp and truncated edge into 30
principal components by maintaining 99.93% and 99.88% of
C.E.V,, respectively. The formatting of input and output data is
represented in Figure 2 (b).

Using the data as a training set, CNN are trained for the
classification of the detachment mechanism, and FCN are
employed for the regression of principal component values,
because CNN and FCN turn out to outperform the other for the
former and the latter cases, respectively. 90% of the total data are
used for the training data, and the remaining 10% of the data are
used as the test set. The classification accuracy for the validation
set is 99.21% and 99.64% in the sharp edge and the truncated
edge, respectively. We visualized the predicted and actual stress
distribution of randomly chosen pillar shapes in Figure 3. The
root-mean-square errors for the sharp and truncated edges turn
out to be 0.0474 and 0.0300, respectively. While it takes about 3
h to obtain the interfacial stress distributions for 1000 adhesive
pillar shapes with FEM simulations, the trained NN reduce the
time to less than one second, which is crucial in the optimization
process. The detailed information on the NN such as the
architecture, training result, and the reconstruction of interfacial
stress distribution from the predicted principal component can
be found in the SL

The overall flowchart of the optimization algorithm is
described in Figure 4. The objective for the optimization is to
find the shape of adhesive pillar having as uniform as possible
interfacial stress distribution with L = 1 (i.e., the detachment
commencing near the center), and the corresponding fitness
function (f) for the genetic optimization algorithm is defined as
follows:

o,
maxﬂ, ifL=1
= GI
o, ifL=0 (2)

where @) and oy represent the normal stress distribution at the

interface, and the ideal uniform stress distribution without any

2
) ) R, )
stress concentration at the edge, i.e., o7 = (R—) 0, respectively.

On the basis of this fitness function, the top 1000 adhesive pillar
shapes having low fitness values are selected as the mating pool
containing the parent shapes for the next generation. In order to
avoid a pillar shape with severe undulation, we implement the
crossover with monotonically decreasing curve constraint by
interpolating points between two chosen geometries, and
mutation by adding noise between the two parent geometries.
In addition, the new geometries based on the Bézier curve are
continuously generated during each generation because the
mating pool may fall into local minimum, depending on the
degree of noise. Although we adapt the Bézier curve to ensure
the generation of smoothly varying curves, the framework can be
applied to arbitrary curve shapes. Combining these algorithms,
at each generation, 11 000 geometries containing 1000 parent
geometries, 9000 child geometries, and 1000 newly created
geometries are generated. Because the trained NN inevitably
produce the prediction error, we eliminate the shape having over
0.5% error based on the aforementioned error metric, the
relative error between the remote pull-off force and interfacial
adhesion force.

3.3. Optimization Results. To monitor and validate the
optimization process, we plot the fitness value, i.e,, max(d,,/oy),

by specifying the range and mean values from the top 1000
shapes generated at each generation of genetic optimization
process in Figure 5. The values from the training set is plotted for
the 0™ generation. The optimization converged in ~20
generations, and we examined 220000 pillar shapes within
less than 3 min, which is contrary to FEM simulations taking
more than 3 weeks for obtaining an interfacial stress distribution
about 200 000 pillar shapes. During the optimization loop, the
range and mean of fitness values decrease toward the ultimate
objective value of 1.
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respectively.

We find that the ultimate value of 1 cannot be reached even
after 20 loops of the optimization, and the cause of small
improvement in optimization can be mainly attributed to two
reasons. First, the generated training set already has a fitness
value close to objective value 1, due to the large number of
training sets having very small or no interfacial stress peak. It is
represented in the histogram of fitness value, which have a
noticeable cluster on the value close to 1, as shown in Figure 6.In
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Figure 6. Histogram of max(?)';i/ o7) about the adhesive pillars with (a)
sharp edge and (b) truncated edge. The cluster on the left side and right
side of the histogram about sharp edge and truncated edge represent the
number of geometries having no edge stress singularity.

addition, in order to have internal region commencing
detachment mechanism, the stress value at the edge must be
diminishing, and the diminished stress should be compensated
at the other interfacial region because remote pull-off force
should be same as the interfacial adhesion force. Therefore, it is
infeasible to reach the ultimate fitness value of 1.

3.4. Discussion on the Optimal Pillar Shape. The
optimal adhesive pillar shape is composed of both convex and
concave region as shown in Figure 7. Such a configuration
cannot be found from the simple parametric shape, e.g,
chamfered or rounded transition shape from the stalk to the
mushroom-tip, considered in the previous studies.””*® The
optimized pillars with sharp edge and truncated edge are similar
to each other in the most part except the region in the vicinity of
the edge. In the sharp edge case, the optimized pillar shape has
an overall convex curvature, and a concave shape in the vicinity
of the edge with an approximately 40° angle with the substrate,
because the geometry should satisfy certain geometric
conditions to eliminate edge stress singularity. In contrast, the
optimal pillar with a truncated edge has a flat terminal edge
shape to minimize the unavoidable edge stress singularity.
Because the optimization is conducted by considering the linear
elastic constitutive relation, and the results are expressed with
the normalized unitless value, e.g., /R, the optimized shapes are
size-independent. However, for realistic applications, using
multiple small pillars is more advantageous than using a single
large pillar owing to the increased number of contact
subdivisions in multipillar arrays.”"*° The improvement ratio,

defined as vopf;fml X 100% where W and ft_ra are the

tra

averaged fitness values of the top 1000 shapes in the optimized
set and the training set, are 15.4% and 40.6% in the sharp edge
and the truncated edge, respectively. On the basis of the
optimized pillar shape, the simulation models are constructed
and tested with the direct FEM calculations. Comparison with
the adhesive pillar shape optimized in a parametric manner can
be found in the SI.

Although the improvement of the optimized design over the
best design in the training set is small (several percent), we
demonstrate that our optimization algorithm is able to converge
an entire population of designs to the near-global optimal
design. If we examine the best designs in the training set, then no
clear design principle emerges, as they all have a variety of
shapes; however, the best optimized designs all have very similar
shape and curvature variation, allowing us to identify a single
design that is optimal for a given problem. The comparison
between the best design in the training set and the optimized-
shape are included in the SI.

4. CONCLUSIONS

In this study, we obtained free-form optimized adhesive pillar
shapes with two different edge shapes. The genetic optimization
process is conducted with the two deep NN classifying the type
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Figure 7. Optimized cross-sectional area of the adhesive pillar with (a) a sharp edge and (b) a truncated edge. The edge shapes are highlighted with the
magnified view. The corresponding interfacial stress distribution is represented on the right side of each geometry. The stress values at the interface are
normalized by ideal flat stress (;) having no stress singularity at the edge and local stress peak.
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of detachment mechanism and predicting the interfacial stress
distribution. The utilization of the deep NN is crucial in that it
allows one to accurately and rapidly predict the interfacial stress
distribution for a given pillar shape by learning the correlation
between the high-dimensional input and output, which enables
free-form optimization with a genetic algorithm. While such
optimization algorithms typically require many evaluations of
the pillar shape—interfacial stress distribution relationship, our
deep NN is able to perform such evaluations efficiently and
scalably. We find that the optimized shape is composed of
smoothly varying concave and convex parts with diminishing
geometries near the edge to simultaneously achieve small edge
stress singularity and flat stress distribution. We were able to
propose a framework to find a free-form optimized adhesive
pillar shape, which was not feasible in the existing studies, and
demonstrated that a single optimal design emerges from the
optimization process. The proposed framework can be readily
applicable to the optimization of the physical properties of
various materials based on external shape tuning.
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