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Abstract:

In this paper, we propose, fabricate, characterize, and demonstrate a new class of robust
bicontinuous elastomer-metal foam composites with highly tunable mechanical stiffness. The
smart composite is a bicontinuous network of two foams, one metallic made of a Low Melting
Point Alloy (LMPA), and the other elastomeric made of polydimethylsiloxane (PDMS). The
stiffness of the composite can be tuned by inducing phase changes in its LMPA component.
Below the melting point of the LMPA, Young’s modulus of the smart composites is ~1 GPa,
whereas above the melting point of the LMPA it is ~1 MPa. Thus, a sharp stiffness change of

~1000x can be realized through the proposed bicontinuous foam composite structure, which is

higher than all available robust smart composites. We also used effective medium theory to
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predict the Young’s modulus of the bicontinuous smart composites, which generates reasonable
agreement with experimentally measured Young’s modulus of the smart composites. In the end
we also demonstrate the use of these smart materials as a smart joint in a robotic arm.

Main Text:

Composite materials with tunable stiffness are mechanically stiff under one set of conditions
and soft under another (e.g., when applying a voltage). These smart composites have many
practical applications as artificial muscles and actuators in robotics !'~1"! and wearable assistive

18-23

devices 1823, Dynamically tunable reversible stiffness enables the robots to actively change

their shapes and elastic deformations to adapt to complex environments and realize their

6.23.24] For example, smart composites with tunable stiffness have enabled novel

functionalities
design of smart adhesives with dynamically tunable dry adhesion °, which can be used as
compliant grippers for pick-and-place manufacturing and transfer printing of semiconductors

231 as well as locomotion mechanisms for climbing robots *4!,

Existing approaches to tunable stiffness can be roughly grouped into two categories: changing
shape/geometry and altering material properties (! The second category typically involves
using active materials such as piezoelectric materials, and adaptive (semi-active) materials such
as shape memory polymers (SMP) and shape memory alloys (SMA), which have low energy

25-28

requirements for activation -8, There have been many studies that use adaptive materials to

29441 For example, Varga et al. 1! distributed carbonyl iron particles

achieve stiffness tuning !
into a polymer network to realize such composites. When exposed to an external magnetic field,
the carbonyl iron particles form a chain-like structure parallel to the magnetic field direction,
leading to the increased elastic modulus of the composites. Recently, many have taken
advantage of the phase change of Low Melting Point Alloys (LMPA) to reversibly tune the

elastic rigidity of the elastomeric composite containing LMPA layers B!, particles 4, and

foams %!, In one such study, an elastomer foam is infiltrated with melted LMPA to form a foam



WILEY-VCH

composite, whose Young’s modulus can be reduced by 18 times when externally heated above

the LMPA’s melting point %!,

However, these recent instances of smart composite materials with tunable mechanical stiffness
still suffer from critical drawbacks. For example, there is an insufficient change in mechanical
stiffness due to the fact that stiffness variation results from glass transition of the elastomer co-
polymer matrix % or lack of connectivity in the LMPA component 1**), neither of which allows
the composites to be rigid enough in the non-activated state. In addition, there are robustness
and reversibility issues. For example, for the multilayer composite containing an LMPA layer
for rigidity tuning ', it is a heterogeneous structure rather than a homogenous material, which
makes it hard to return to its original shape after large deformation. Thus, there exists a need

for novel composite materials with improved tunable properties and improved robustness.

In this paper, we address these limitations by proposing and demonstrating a robust
bicontinuous elastomer-LMPA foam composites with highly tunable mechanical stiffness
(Figure 1). The composite material is a bicontinuous network of two foams, one metallic, made
of LMPA, and the other elastomeric, made of polydimethylsiloxane (PDMS). The stiffness of
the composite can be tuned by inducing phase changes in its LMPA component. The LMPA
used in this study is Cerrolow 117 (composition by weight: 45% bismuth, 23% lead, 19%
indium, 8% tin, and 5% cadmium), which melts at 47.2 °C. Below 47.2 °C, the composite is
stiff and behaves like a solid metal. Above 47.2 °C, Cerrolow 117 becomes liquid, therefore the
mechanical properties of the polymer foam dominate the composite’s mechanical properties.
Cerrolow 117 has a high elastic modulus of = 8.5 GPa at room temperature (obtained using
tensile tests on three standard samples in this study), while PDMS has an elastic modulus of =
2 MPa *!l. Taking advantage of the mechanical properties of both materials makes possible the
wide range of stiffness tuning and shape morphing. A sharp stiffness change of ~1000x can be
realized through the proposed bicontinuous foam composites, which is higher than most of the

3
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aforementioned previous studies, except for the multilayered one with robustness issue 1. The
optical images of the LMPA foam and the bicontinuous composite made of the LMPA foam
infiltrated by PDMS, as well as a schematic of the bicontinuous smart composite are shown in
Figure 1 (a-d). Improved robustness of this novel smart material compared with previously
reported ones can be inferred from the more homogenous distribution of the LMPA phase inside
the composite. A composite beam in both activated and non-activated status with different
deflections are compared in Figure 1 (e-g). The activation time is affected by the heating power
of the heat gun used, while deactivation can be faster if active cooling is adopted. The deflection
of a PDMS beam with the same geometry as the composite one under the same load is shown
in Figure 1 (h, 1). As can be observed, the smart composite in the non-activated state is much
stiffer than the pure PDMS as its deflection is much lower under the same load. Additionally,
the activated smart composite is even softer than the pure PDMS beam with the same geometry

as the deflections indicate.

g 4
Elastomer

Figure 1. a) Side view of the metal foam. b) top view of a metal foam slice. ¢) A rectangular-shaped smart
composite sample containing an LMPA foam infiltrated by a PDMS matrix. d) Schematic of the bicontinuous
elastomer-LMPA smart composite wrapped around by an external layer of elastomer. e) a non-activated

4
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composite beam with no dead weight applied. f) a non-activated composite beam with 100 g dead weight
applied on its free end. g) an activated composite beam with 100 g dead weight applied on its free end. h) a
PDMS beam of the same dimensions as the smart composite beam in panels d-f with no dead weight applied.
i) The PDMS beam in panel g with 100 g dead weight applied on its free end.
To fabricate this bicontinuous composite, an LMPA foam containing a well-connected network
of pores is formed first. Here, we used a replication procedure that has been used to make open-

(45471 to prepare the LMPA foam. The experimental setup is illustrated in

cell aluminum foams
Figure 2 (a). A step-by-step procedure of LMPA foam fabrication is shown in Figure 2 (b).
The first step is pouring the table salt particles into the mold cylinder, followed by placing the
prepared metal on top of the salt particles. After that, the lid of the mold is sealed with a soft
washer. At this stage, the top of the lid is attached to the valve system, and all valves of the
system are closed. Next, the mold is placed on a hot plate set to 86 °C. The valve connecting
the vacuum pump with the mold is then opened and left open for about two hours. Next, all the
valves of the system are closed. The main valve of the argon gas tank is then opened, and the
infiltration pressure is set with the regulator valve (=120 psi). The valve of argon gas is left
open until the mold completely cools. Pressurized argon gas is used here to drive the melted
LMPA into the salt particles, because the melted LMPA doesn’t wet the salt, which is a common
phenomenon for most molten metals in contact with ionic solids [46] Next, the valve system is
detached, and the mold lid is removed. The salt-LMPA foam is taken out from the mold and
cut using a saw. Finally, the salt-LMPA foam is placed in a beaker with water and a magnetic
stirring bar on a stirring plate to dissolve the salt particles. The next step is to fill the pores of
the LMPA foam with PDMS by embedding the foam into a 3d-printed mold, casting uncured
PDMS into the mold, and then curing the PDMS. In addition, at this stage, a thin layer of

PDMS (~1 mm thick) is added around the LPMA foam to prevent leaking the LPMA when it’s

in the liquid state. The final smart composite is shown in Figure 1 (c).
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Figure 2. a) The experimental setup, and b) the fabrication procedures for the LMPA foam.

The stress-strain behaviors of the fabricated smart composites are systematically characterized.
These smart materials are rigid at temperatures below the melting point of Cerrolow 117 (47.2
°C) and thus are able to hold an external load at room temperature without much deflection as
shown in Figure 1 (e). Since the smart composite is highly electrically conductive and cannot
be directly heated through Joule heating, a heat gun is used to activate them. For the
nonactivated case, 9 different smart composite samples with the geometry of (37.96 + 1.107) *
(20.22 +£0.212) * (3.06 £ 0.495) mm? are used to measure the Young’s modulus. The composite
sample surfaces are polished to remove excess PDMS that can jeopardize firm clamping. Using
a direct method (see Experimental Section for more details), the porosities of these composite
samples are measured to be from 20% to 63% (SI, Table S3). Figure 1 (c) is an optical image
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of one of these composite samples, and Figure 3 (a) illustrates a typical stress-strain curve of
these composite samples. The slope of the initial linear part of Figure 3b is used to calculate the
Young’s modulus of these composites. Figure 3(b) shows how the measured Young’s modulus
of the 9 composite samples at room temperature changes with the porosity measured using
experiments, whereas the bar plot in Figure 3(c) presents the same data using sample number

as the x-axis. More details about the results can be found in Supporting Information.

To put in context of the experimental measurements, we have calculated the upper and lower
bounds of the Young’s moduli for these composite samples using rule of mixtures and the
tighter Hashin—Shtrikman bounds 8! (SI, Table S1 and S2) and included these in the log plot
in Figure 3 (b). As shown, although Hashin-Shtrikman bounds are indeed better than those
based on the rule of mixture, they are still too crude to estimate the modulus of the bicontinuous

smart composite materials. A better modeling approach is needed.
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Figure 3. a) A typical stress-strain curve of the smart composite. b) Young’s modulus values from experiments
and simulation compared to the upper and lower bounds based on the Hashin—Shtrikman model and rule of
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mixtures. ¢) Comparison of porosities and Young’s modulus obtained from experiments and simulation for each
smart composite sample. d) Optical (left) and processed binary (right) images of smart composite samples.

Effective-medium theory (EMT) is thus used to estimate the Young’s modulus of the smart
composites by explicitly considering the microstructure of the smart composites, including both
volume fractions and their high-order spatial correlations obtained from optical images of the
cross-sections of the smart composites. In particular, we employ the strong-contrast formalism
developed by Torquato !, which allows one to express the elastic moduli of a heterogeneous
material as a series of integrals involving the individual phase properties and correlation

(591 These correlation functions provide the probability of finding a specific n-

functions Sy
point configuration in the phase of interest in the material. Truncating the series at lower-order
n allows one to derive approximations of the effective moduli. Here S, and other microstructural
parameters involving integrals of S, are computed directly from 2D imaging data, assuming
that the material is statistically homogeneous and isotropic such that the structural statistics and
spatial correlation functions computated from a 2D slice of the material are representative of

the actual 3D microstructure. More details about this procedure can be found in Supporting

Information.

Figure 3 (d) shows a side-by-side comparison between two optical images (left) of the sample
surfaces and the corresponding processed binary plots (right) that are used for extraction of
microstructure information of the smart composites, including porosity and other higher-order
microstructural parameters. Figures 3 (d) indicate that for sample number 5 the optical image
and the processed binary plot are in good match, whereas for sample number 9 there are certain
areas in the binary plot that are not accurately reflecting what is in the optical image, which is
attributed to the low contrast of these regions in the optical image. These artifacts could lead to
inaccuracy of the computed higher-order structural parameters, and thus, the estimated modulus.
Another possible source of inaccuracy involves the violation of the assumption of statistical

8
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homogeneity and isotropy of the material systems. Nevertheless, it can be seen in Figure 3 (b)
that the proposed modeling method gives estimations on the same order as those experimental
values, much better when compared to those from Hashin—Shtrikman model and rule of mixture.
Note that here in Figure 3 (b), the porosity data from experiments are used for the samples to
allow for easy comparison of Young’s modulus values. Figure 3 (c¢) shows the comparison of
porosities and Young’s modulus measured from experiments for each sample along with those
obtained through simulation. The sample is numbered in a way such that their simulated
porosity is increasing (see Supporting Information for details). In general, both the experiments
and simulation data show a decreasing Young’s modulus with increasing porosity. The
differences in Young’s modulus between the measured ones and simulated ones (maximum
difference ~60%) are much smaller than those predictions by rule of mixture and Hashin—
Shtrikman model, indicating good agreement between experiments and EMT modeling. We
note that sample 6 and sample 8 have 45.4% and 46.2% porosity from modeling, with the elastic
moduli of 706 MPa and 784 MPa, respectively. Porosity is not the only parameter that affects
elastic modulus, in fact the structure of the sample has some effects too. The SCE method used
here also incorporated higher-order structural parameters depending on 3-pt correlations of the
phase, which were computed from the segmented 2D images. Although sample 8 possesses a
slightly higher porosity, it also exhibits large regions of percolating metal phase, which could

have led to the slightly higher modulus.

We also experimentally measured the Young’s modulus of the smart composites in the activated
case. Three tests have been performed on each of the three samples with experimentally
measured porosity 25%, 32%, and 38%, and corresponding Young’s modulus are tested to be
0.548 + 0.01 MPa, 0.633 £ 0.12 MPa, and 2.3 + 0.01 MPa, respectively. More details can be
found in Supporting Information Table S4. EMT modeling was also conducted for these three

activated samples to estimate their Young’s modulus at nonactivated status, which were
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predicted to be 908.2 MPa, 748.5 MPa, 833.6 MPa, respectively (SI Table S4). These translate

to stiffness changes of 1657, 1182, and 362 times, respectively. It is thus deduced that these
smart composites can exhibit stiffness changes of three orders of magnitude, and that typically
lower porosity of the LMPA foam will result in higher stiffness change of the bicontinuous

composite.

In addition, due to the elastomer matrix of the smart composites, these smart materials also have
shape memory effects. Both shape fixity and shape recovery are characterized for these smart

composites. Shape fixity, Ry, is the extent to which a temporary shape can be preserved for a
material after load removal, while shape recovery, R, is the ability of the material to return to
the original shape after being held in a temporary shape for some time. Ry = £/¢&;544, Where &
is the temporary strain after load removal and €;,,4 is the initial applied strain at the soft state.
R, = (€ = €recovery)/ €, Where Erecopery is the permanent strain after shape recovery. The
shape fixity and shape recovery of these smart composites are measured to be 83.6% * 1.24%
and 97.6% + 0.35%, respectively, based on yet another three samples tested. These values attest

to the robustness of these smart composites.

These robust smart composites with sharp stiffness change and shape memory effect can be
used in many soft robotic applications, especially where heavy-lifting is involved. Here we
demonstrate this by designing a robotic arm containing smart joints made of the novel smart
composites. The smart composite joint consists of a block of the smart composite, a 3d printed
frame and a flexible rope heater wrapped around the smart composite. The flexible rope heater
was used to activate the smart composite. The robotic arm has one degree of freedom, which
can be modulated using a tendon attached to a servomotor. The smart joint allows the robotic
arm to bend in one direction when it is activated. In the non-activated case, it is rigid and is able
to hold heavy weights; however, it behaves like a soft material when activated and is able to

bend, as demonstrated in Figure 4.

10
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Figure 4. Robotic arm made with the smart composite. (a) the robotic arm without any force applied. (b) After
activation through a flexible rope heater, it can easily bend by the servomotor. (c, d) After cooling down, the arm
can retain its shape while holding weights. Note that the compliance of the 3d-printed arms contributed to much
of the reduction of the bending angle of the joint here.

In conclusion, smart composites with tunable stiffness of three orders of magnitude have been
manufactured by infiltrating an elastomer matrix into an open-connected LMPA foam. The
composite is rigid at room temperature with a Young’s modulus ~ 1 GPa, and it becomes soft
at temperatures above the LMPA’s melting point (47 °C) with a Young’s modulus ~ 1MPa. The
fabrication of these smart composites involves replication and infiltration, and the mechanical
properties of the smart composite before and after activation are characterized systematically
using experiments. Moreover, the effective medium theory is used to estimate the Young’s
modulus of the smart composites, which agrees well with experimental results. The smart

composites also have shape memory effect due to their elastomeric matrix, which is

11
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characterized experimentally. Towards the end, we demonstrate the use of these smart

composites as smart joints in a robotic arm lifting weights.

Experimental Section

Mechanical Testing:

A motorized tensile test machine (Instron 6959) was used to measure the Young’s modulus of
the smart composites. Given the difficulty in directly clamping elastomeric materials, we
removed the sealing PDMS layer on the smart composite surface using sandpapers for the non-
activated cases such that slipping between the sample surface and the clamping fixture was
minimized. For activated cases, a piece of fabric was used to make the grip easier. The Young’s
modulus value was obtained by calculating the slope of the initial straight portion of the stress-

strain curves (Figure 3(a)).
Foam Porosity Measurements:

In order to measure the porosity of the LMPA foams, we first measured the dimensions of each
foam sample and calculated its total volume assuming no pores. Then, we immersed each
individual foam sample into a graduated cylinder containing water. Next, we recorded the
change in the water level marked by the graduated cylinder, and took that change to be the
actual volume of the LMPA in the LMPA foam sample. Finally, the difference between the
total volume of the LMPA foam and the actual volume of the LMPA was calculated to be the

porosity volume in the foam and its percentage is calculated accordingly.
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