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between the sensors and the FPC was also evaluated under 
cyclic loading. After 25 000 bend cycles, the interconnects were 
still functional and showed a decrease in resistance over time, 
showing the electrical and mechanical robustness of the inte-
grated sensor skin (Figure S7, Supporting Information) created 
through our rapid fabrication process. The ability to rapidly 
generate wearable integrated sensing skins without the need 
for pattern masks enables faster design cycles and flexibility in 
creating custom wearables for multiple users.

2.5. Skin Mountable Pulse Oximeter Device

To extend this fabrication methodology to a wider variety of 
materials, we utilize a UV laser micromachining system (Proto-
Laser U3; LPKF), which is capable of patterning metals in addi-
tion to polymeric materials. Instead of an alignment platform, 
the laser micromachining system is equipped with a fiducial 
recognition camera. Material assembly follows the same princi-
pals as the CO2 laser fabrication, where alignment pegs control 
layer alignment, and deterministic adhesion transfer printing is 
used to assemble each layer into a multilayer construction. We 
take advantage of the additional material capabilities by laser 
patterning serpentine architectures of stretchable interconnects 
out of 70 µm thick flexible copper-clad (FR7031 DuPont) to 
create a wearable pulse oximeter (Figure 5a). This soft device 
is capable of bending and stretching (Figure 5c,d) and consists 
of a combination of soft materials and rigid components that 
are all sequentially assembled through the laser patterning 
and adhesion assembly process. During assembly of the rigid 

components the PDMS substrate thickness was chosen so that 
the lateral dimension of the rigid component was no more than 
twice the substrate thickness to avoid adhesion effects from 
substrate confinement.[40,41] The multilayer composite consists 
of a medical grade adhesive for bonding to the skin, laser pat-
terned flexible copper-clad interconnects, and a through thick-
ness conductive adhesive layer (Electrically conductive adhesive 
transfer tape (ECATT) 9703, 3M, thickness = 0.05 mm, contact 
resistance < 0.3 Ω).[42] The ECATT serves to connect the inter-
connects to the active and passive electrical components electri-
cally and adhesively while preventing shorting within the plane 
of the circuit (Figure 5b). We take advantage of the parallel 
processing capabilities of the assembly process to simultane-
ously assemble four fully functional wearable pulse oximeter 
devices (Table S3, Supporting Information) in under an hour. 
The integration of the soft and rigid elements is robust and 
maintains functionality after 25 000 bend cycles to a radius 
of 5 mm (Figure S8, Supporting Information). The ability to 
assemble planar as well as 3D components of both soft and 
rigid elements in a parallel manner provides versatility to create 
a variety of functional wearable devices.

The functionality of the wearable pulse oximeter device is 
investigated while cycling on a stationary bicycle (Figure 5e). 
The pulse oximeter data are collected at a frequency of 200 Hz 
and transmitted wirelessly using the BLE protocol at 15 Hz. The 
pulse oximeter is attached to the index finger of a human sub-
ject during a graded-load exercise test in which cycling power 
is stepped up from 0 W at 30 s to 100 W for 60 s, increased 
to 200 W for 120 s, stepped back to 100 W for 60 s, and then 
0 W for 30 s (Figure 5f). During this protocol heart rate and 
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Figure 5. Wearable pulse oximeter and characterization. a) Photograph of the wearable pulse oximeter, with the red light-emitting diode (LED) illumi-
nated. b) Schematic of the device in (a) showing the different layers and component layout. c) The pulse oximeter is capable of undergoing bending 
and d) stretching. e) The wearable pulse oximeter mounted on the index finger of a cyclist on a stationary bicycle. f) Data as a function of time for a 
graded cycling test, where power output is stepped up and down and heart rate and SpO2 are measured with the wearable pulse oximeter. Filtered PPG 
signals can be found in Figure S9 (Supporting Information).
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Liquid Metal-Microelectronics Integration for a Sensorized Soft Robot
Skin

Tess Hellebrekers1, Kadri Bugra Ozutemiz2, Jessica Yin2, and Carmel Majidi1,2

Abstract— Progress in the emerging field of soft robotics
depends on the integration of sensors that are capable of
sensing, power regulation, and signal processing. Commercially
available microelectronics are well suited for these needs, as
well as small enough to preserve the natural mechanics of
a host system. Here, we present a method for integrating
microelectronic sensors and integrated circuits (ICs) into the
elastomeric skin of a soft robot. The thin stretchable skin
contains various solid-state electronics for orientation, pressure,
proximity, and temperature sensing, and a Bluetooth-capable
microprocessor. The components are connected by thin-film
copper traces wetted with eutectic gallium indium (EGaIn), a
room temperature liquid metal alloy that allows the circuit to
maintain conductivity as it deforms under mechanical loading.
In this paper, we characterize the function of the individual
sensors in air and water, discuss the integration of the micro-
electronic skin with a shape-memory actuated soft gripper, and
demonstrate the sensorized soft gripper in conjunction with a
4 degree-of-freedom (DOF) robot arm.

I. INTRODUCTION
Inspired by the versatility and multi-functionality of bi-

ological systems, the field of soft robotics has emerged to
address the limitations of rigid robots and machines [1]–
[5]. Unlike their conventional rigid counterparts, soft robots
utilize gels, elastomers, and fluids as replacements for rigid
parts and materials [6], [7]. This allows soft robots to oper-
ate under bending, stretching, and compression [8] without
losing functionality. These materials have mechanical and
rheological properties that are similar to those of biological
tissues and, as a result, have become increasingly popular
in healthcare robotics [9], human-robot interactions [10],
and other delicate tasks [11]. However, in order to achieve
complex tasks, a soft robot system requires components for
sensing, digital processing, and actuators that are embedded
in its soft elastomer body. Depending on the task at hand,
a soft robot may require a wide range of sensing modalities
to determine both the environmental state (e.g. shape of
the object to be grasped, distance to the object) and the
internal state (e.g. orientation, temperature of the actuators).
In addition, the system may need on-board digital processing
capability to control or preprocess incoming raw sensor data.

*This work was in part supported by ONR Grants N00014-16-2301 and
N00014-14-10778, Code 34, Bio-Inspired Autonomous Systems (PM: Tom
McKenna) as well as by the National Science Foundation Graduate Research
Fellowship Program under Grant No. DGE 1745016. Any opinions, findings,
and conclusions or recommendations expressed in this material are those of
the author(s) and do not necessarily reflect the views of the National Science
Foundation.

1Robotics Institute, School of Computer Science, Carnegie Mellon Uni-
versity, Pittsburgh PA 15123, USA

2Department of Mechanical Engineering, Carnegie Mellon University,
Pittsburgh PA 15123, USA

Fig. 1. A) Sensorized soft gripper holding onto medium-sized moss ball
inside a water tank. B) Close-up view of sensorized soft gripper with the
liquid metal traces and shape-memory coils visible. C) Close-up view of
liquid metal traces with processor, IMU, and depth sensors visible.

In contrast to rigid grippers, the sensing and processing
systems on a soft robot must continue functioning despite
mechanical deformation and minimize interference with the
underlying mechanics of the host system.

Although completely soft strain and force/pressure sensors
have been developed [10], [12]–[18], integration of other
sensing modalities (e.g. orientation, acceleration, tempera-
ture) and on-board processing capabilities in soft systems is
still an open challenge. In previous work, we demonstrated
a method to reliably interface rigid surface-mount integrated
circuits (IC) to liquid metal traces in order to fabricate
hybrid stretchable circuits [19]. These hybrid circuits main-
tain electrical functionality under mechanical deformation
while harnessing the reliability and digital capabilities of
commercially-available microelectronics. The current paper
scales up the fabrication technique for a large detailed circuit
design, integrates high-density interconnect patterns, and
introduces an on-board processor. Furthermore, we demon-
strate a technique to integrate the stretchable sensing skin
with a shape-memory actuated soft gripper (Figure 1A,B,C).

Our goals in this study are to: (i) integrate a soft robotic
testbed with a soft and stretchable sensing skin that includes
an embedded barometric chip, temperature sensor, inertial
measurement unit (IMU), time-of-flight range (ToF) chip,
and a Bluetooth-capable processor; (ii) characterize and
demonstrate the function of the gripper and integrated sen-
sors in air and water; and (iii) demonstrate the performance
of the sensorized soft gripper mounted onto a four degree-
of-freedom (DOF) robotic arm.

Yin, et al. IEEE RoboSoft 2020 4
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1 Moreover, they allow for geometries that are thin or contain
2 sharp 3D geometries.
3 We begin with a brief overview of the fabrication of the soft
4 tactile skin and the method for collecting pressure data over a
5 15mm2 square and 5mm radial circle. Due to the nonuniform
6 distribution of particles, we opt for data-driven techniques to clas-
7 sify the location and estimate the depth of the contact, which have
8 been shown to be successful for tactile data in many cases.[26–30]

9 The top five classification and regression algorithms are reported
10 and discussed. In particular, we show that we can classify loca-
11 tion with 98% accuracy for both 3mm resolution 5! 5 grid, and
12 5mm radial circle with three discrete depths. Regression algo-
13 rithms localize the contact to a 3mm2 area. In summary, this
14 work introduces a novel approach to address the need for a con-
15 tinuous and soft tactile surface with simple fabrication, quick
16 integration, and adaptable geometry.

17 2. Results and Discussion

18 The skin is made by mixing a commercial silicone with magnetic
19 microparticles and curing the composite under a magnetic field
20 (see Section 4.1 for more details). We programmed a 4-degree-of-
21 freedom (DOF) robotic arm to automate applied pressure and
22 collect magnetic field change and force over time (see Section
23 4.3 for more details). Here, we discuss two experiments: a
24 5! 5 grid to demonstrate the spatial and force resolution
25 given a fixed indentation depth and an 8-point circle to test both
26 depth and force resolution given a fixed distance from the
27 magnetometer. The time-series data was represented by a set of
28 static features (see Section 4.2 for more details). Classification
29 and regression algorithm comparisons can be found in

1Section 1.2, Supporting Information and Figure S3, Supporting
2Information.

32.1. Location Sensing

4For the 5! 5 grid experiment, force and magnetic field changes
5were collected over a 3mm resolution 5! 5 grid up to a 3mm
6depth (Figure 2A). We collected 2750 contact samples at these
725 locations using a uniform random distribution. Each class
8(25 total) has about 100 samples each.
9Several different classification algorithms were able to accu-
10rately distinguish between the 25 locations (see Section 1.2,
11Supporting Information). Here, we present classification results
12using quadratic discriminant analysis (QDA), which achieved the
13best performance. In the event of a misclassification, the pre-
14dicted class is always adjacent to the true location (Figure 2B).
15Classification accuracy for every location are shown in Figure 2C
16and perform well across all 25 locations.
17To estimate the location, we transformed the 25 discrete loca-
18tions into their coordinate locations. For the 5! 5 grid and linear
19regression, the x-position has an average error of 1.1mm and the
20y-position has an average error of 3.8 mm. We attribute this dif-
21ference in accuracy to the larger misalignment in the y-axis
22frame. If the location grid is not perfectly centered over the mag-
23netometer, the y signal will measure smaller changes in signal.
24In Figure 2D, the x-axis looks well-centered with very similar
25accuracy across 25 locations. However, the y-axis accuracy is
26biased toward the right-hand side (Figure 2E). This can be attrib-
27uted to a combination of alignment, particle distribution, or chip
28manufacturing errors. These errors make model-based techni-
29ques very difficult to calibrate, further supporting our use of
30data-driven methods.

Figure 1. Sensor Overview: A) The elastomer composite loaded with magnetic microparticles is cured under a field. B) The composite retains the
stretchability and flexibility of the host substrate, and is compatible with stretchable circuitry. C) The magnetic field measured at the magnetometer
changes with the deformation of the elastomer. We attribute this to the change in location between each magnetic particle and the fixed magnetometer.

www.advancedsciencenews.com www.advintellsyst.com
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1 The output estimations near the edge of the sensor tend to
2 have a lower accuracy and higher standard deviation. Due to
3 the magnetic signal to distance relationship of 1=d3, the quality
4 of signal is expected to decrease drastically with distance. At these
5 points along the edge, we believe that the random distribution of
6 particles begins to have a larger effect on output signal than the
7 applied deformation. This leads to unusual signal changes, and is
8 the main reason why we chose data-driven techniques instead of
9 function fitting. A more detailed example of this type of noise can
10 be found in Section 1.3, Supporting Information.

11 2.2. Location and Depth Sensing

12 For the 8-point circle experiment, the force-controlled changes in
13 magnetic field were measured for eight different XY locations
14 and three different depths (dZ¼ 1, 2, or 3 mm) (Figure 3A).
15 We collected 2850 contact samples for these 24 XYZ locations
16 using a uniform random distribution. Each class (24 total) had
17 approximately 110 samples each. See Figure S5, Supporting
18 Information, for the experimental set-up.
19 As in Section 2.1, QDA can be used to classify location based
20 on both XY location and depth. If the predicted class is wrong, it
21 is commonly predicted as an adjacent class (Figure 3B).
22 Misclassification between adjacent locations is much more com-
23 mon than adjacent depths. The large correlation between z-axis
24 magnetic field and pressure can be used to easily distinguish
25 between the three depths. Since all the tested locations are closer
26 to the magnetometer than the 5" 5 experiment, we do not see
27 the same introduced noise from the particle aggregates. Classifi-
28 cation accuracy for every location are shown in Figure 3C. In

1general, less applied pressure (depth¼ 1) leads to a smaller sig-
2nal change and lower accuracy. For this sample, location 3 and
3depth 1 had noticeably lower classification accuracy. We attribute
4this to a combination of misalignment leading to smaller signals
5on the right-hand side, which is also apparent in the larger error
6in locations 2, 3, and 4 in Figure 3D,E.
7The 24 classes were transformed into their true (x,y,z) coor-
8dinates for location estimation. For the 8-point circle and linear
9regression, the x-position has a mean absolute error of 1.2 mm
10and the y-position has a mean absolute error of 3.4 mm across all
11the classes. The difference in error between the x and y coordi-
12nates imply a small misalignment in this test as well—also
13shown in varied error by location in Figures 3D,E. The z-position
14error is much smaller (0.03mm) due to larger signal changes
15associated with 1mm depth changes (Figure 3F).

162.3. Estimating Force

17We can also estimate force with our time-series data and a
18k-nearest neighbors (k-NN) regression. The inputs are the Bx ,
19By, and Bz components of the magnetic field, the internal tem-
20perature of the magnetometer Bt, and load cell output at each
21time step. For the 5" 5 grid experiments, the force estimation
22has a mean error of 0.44 N (Figure 2F), a minimum output of
230.03 N, and the maximum output of 1.9 N. For the 8-point circle,
24the force estimation has a mean error of 0.25 N (Figure 3G), the
25minimum output of 0.14 N, and a maximum output of 2.4 N.
26The z-axis of the magnetic field has the strongest correlation with
27the applied pressure, making force estimation quite accurate.
28However, a good signal change is dependent on the amount

Figure 2. Grid Results Overview: A) Themagnetic skin is sampled at 25 locations to a depth of 3 mm for a total of 25 classes. B) QDA classification results
for location 13, and C) all QDA classification results grouped by class. Mean absolute error from linear regression grouped by location for D) x-position,
E) y-position, and F) mean absolute error from k-NN regression for force.
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efforts in LMEE synthesis24–27,30–32,34 resulted in material composi-
tions and microstructures that achieved electrical conductivity only 
at very high volume loadings ϕ ≥  50% (if at all) and did not exhibit 
autonomous self-repair. In addition, light pressure (< 100 kPa) 
could form conductive networks by ‘mechanically sintering’ LM 
nanoparticle films, and general handling may lead to unintended 
activation between neighbouring traces, resulting in electrical fail-
ure25. Although not soft or stretchable, autonomous self-healing 
had been previously demonstrated using LM droplets embedded in 

rigid materials (E >  2.8 GPa); however, conductivity is initially inter-
rupted after damage and self-healing was limited to a single event as 
the LM is depleted during healing21.

By combining recent work on LM, fluidic self-healing and 
mechanical sintering, we are able to demonstrate a soft, stretchable 
circuit that is electrically stable under typical operational load-
ing conditions but capable of instantaneous electrical self-healing 
under multiple, extreme damage events. In contrast to previous 
work, the material composition and LM microstructure presented 
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LM microdrops Elastomer Selectively create conductive pathways Circuit reconfigures around severe damage
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Fig. 1 | Self-healing soft matter composite. a, A LM-elastomer composite being stretched and twisted with an intricate design of electrically conductive 
traces. The lower left inset shows the undeformed sample and lower right inset is an optical micrograph showing the LM microdroplets in the elastomer at 
ϕ!= !50%. b, A schematic illustration of the self-healing mechanism where an initially insulating composite is selectively compressed to create electrically 
conductive LM traces. Following damage, the LM trace autonomously reconfigures and maintains electrical conductivity. Inset: equivalent electrical 
circuit schematic. c, Example of the reconfigurable material (ϕ!= !50%) transmitting d.c. power (Vcc, positive supply voltage; GND, ground) and digital 
communication signals to operate a counter display. As severe damage is induced, the counter maintains operation, which requires all four traces to 
constantly maintain electrical conductivity. d, A schematic diagram of different damage mitigation strategies. From left to right: the new autonomous self-
healing damage mitigation strategy presented here; a non-self-healing trace that is significantly wider than the expected damage size to prevent failure; 
redundant non-self-healing traces to reduce the probability of failure.

© 2018 Macmillan Publishers Limited, part of Springer Nature. All rights reserved.
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Figure 4. Damage detection and 2D localization. a) Illustration of the damage detection com-
posite with spray deposited 2D grid of LM. b) Electrical circuit used to detect and localize
changes in conductivity (damage). c) Current flows through the thickness of the composite
when mechanical damage occurs. d) A random sequence of 19 damage events and e) The
estimated probability of damage. The hue of each node is proportional to the probability of
damage at that location. f) Two projectiles were fired at the damage sensing composite using a
.22-caliber long rifle. g-h) (left) The projectile passed through the composite that was supported
as a membrane on an acrylic frame. (right) Damage was detected and localized as indicated by
the blue nodes.
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LM-LCE LIQUID METAL + LIQUID CRYSTAL ELASTOMER

stimulation (Fig. 1G). Critically, the LCE retains the ability
to actively shape morph even for cases when up to 50 vol % (83
wt %) of the composite is filled with the mechanically passive
LM droplets.
Immediately after synthesis, the composites are inherently

electrically insulating due to the native oxide shell that forms
around the LM microparticles, which contributes to stabilizing the
LM microparticle dispersion (17). In this state, the composites
exhibit a high thermal conductivity that improves heat distribution
and response to thermal stimulation. Electrical conductivity can be
induced by mechanical sintering (18), which irreversibly forms
percolating LM pathways. Electrical conductivity in the composite
can autonomously reconfigure when conductive traces are mechan-
ically damaged (Fig. 1E). More generally, the composite’s elec-
trical conductivity enables the creation of internally Joule-heated
actuators, transducers for touch sensing, and circuit wiring for

surface-mounted electronic components (Fig. 1H). Joule-heated
linear actuation of LM–LCEs can be excited at rates faster than
2 Hz and cycled to 50% reversible strain 15,000 times at 0.007 Hz
(and 2.5% reversible strain >100,000 times at 1 Hz while still
retaining >90% of its original shape change). Together, these
properties enable the composite to display a rich diversity of
functionalities that allows it to simultaneously exhibit sensing
and dynamic responses (e.g., Fig. 1H).

Results and Discussion
LCEs were synthesized from a simple, one-pot methodology
using commercially available precursors (SI Appendix, Fig. S1)
(19). LM microparticles were introduced by shear mixing with
an overhead mixer before curing the elastomer to form drop-
lets of ∼200 to 500 μm in size (Fig. 1D). The stress–strain
characteristics of all composites measured were comparable to
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Fig. 1. LM–LCE composites and related functional demonstrations. Illustrations of the molecular (A), microscale (B), and mesoscale (C) ordering of LM–LCE
composites. (D) Micrographs of unstrained (Top) and strained (Bottom) composites. (Scale bars, 1 mm.) (E) Photographs highlighting the compliance and
deformability of an unstretched (Top) and stretched (Middle) electrically conductive 50 vol % LM–LCE powering an LED. Circuit traces form through mechanical
damage (Bottom). (Scale bar, 1 cm.) (F) Photographs of a 50 vol % LM–LCE composite lifting a 100-g weight (∼45 kPa). (Scale bar, 3 cm.) (G) Photographs of zero-
stress shape change enabled by photoinitiated shape programming. (Scale bar, 1 cm.) (H) Photographs of a multifunctional architecture. LM–LCE composites
function as a conductive wire to run current through an LED, as a transducer to sense touch, and as a Joule-heated actuator to lift a weight. An LED turns on when
the sensing composite responds to touch, and internal Joule-heated actuation is activated. An example of the process is shown in Movie S1. (Scale bar, 1 cm.)
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Mechanical damage can cause an electrical short around the LED,
and the electrical current is rerouted through the composite. Re-
ferring to Fig. 4C, the rerouted current initiates Joule-heated ac-
tuation of the LCE and causes the composite to contract. We note
that the mechanical damage must be substantial enough to rupture
and coalesce LM microparticles and reroute percolation pathways.
The composite can be stretched, deformed, and prodded without
inadvertently activating new traces (Movie S4), which was also true
for previously reported silicone-based composites (25). Together,
this autonomous damage response, along with the soft crawler and
capacitively controlled actuator shown in Fig. 1H, demonstrate the
versatility in material functionalities that this composite offers,
with the composite capable of functioning as a transducer, con-
ductor, and actuator.
Thus far, the LCEs and LM–LCE composites discussed here

were cured without a preferential orientation of the nematic
director; that is, the microstructure is polydomain, with liquid
crystal moieties that are locally oriented but macroscopically
isotropic. However, the LCEs used in this study can also be ir-
reversibly programmed using a photoinitiated postcuring process
to lock in the molecular orientation of the LCE after mechanical
deformation (19). The appeal of photoinitiated programmability
includes actuation in the absence of a bias stress and controlled
spatially patterned shape change that could see use in deployable
and morphing structures. At zero applied stress, a linearly pro-
grammed 50 vol % composite reversibly elongated to 1.53 ±
0.09× its contracted length, compared to 1.61 ± 0.06 for a line-
arly programmed unfilled LCE (SI Appendix, Fig. S10). Blocking
stress at failure for a linearly programmed 50 vol % LM–LCEs
was 119 ± 36 kPa, on the same order of magnitude as state-of-

the-art multifunctional dielectric actuators (300 kPa) and natural
muscle (100–350 kPa), (SI Appendix, Fig. S11) (27, 30). Complex
shape changes are possible with simple modifications to the strain
field during programming, and the use of an opaque stencil mask
during UV exposure. Fig. 1G illustrates an example of complex
zero-stress shape change. The composite undergoes shape change
from multiple half-cones to a flat geometry, as previously predicted
(31). Additional complex shape-changing structures are shown in
Movie S6. Because the composites are electrically conductive, such
shape change can be induced by internal Joule heating, as shown
for a radially programmed structure in Movie S6. Joule heating can
also be activated asymmetrically, enabling bistable––and feasibly,
multistable––programmable structures. An example of asymmetric
Joule heating, where opposite sides of a linearly programmed
composite are activated sequentially, is shown in Movie S7 and
captured by thermal imaging (SI Appendix, Fig. S12). The structure
contracts on the side that is activated, and the monolithic com-
posite slides as each side contracts. The programmability of the
LCE matrix is not detrimentally disrupted by the presence of LM
and thus is a beneficial additional functionality of the composite.
A unique aspect of this work relative to previously reported LCE

composites is that the filler material is deformable rather than
rigid. For LCE composites with rigid fillers, electrical and thermal
conductivity can be improved relative to the unfilled LCE but
the shape-memory actuation capabilities are significantly impaired
(15). The LCE composite that we introduce here has high elec-
trical and thermal conductivity while retaining its natural actuation
capabilities. The deformability of the LMmicroparticles appears to
be integral to preserving actuation capabilities at high filler con-
tent. When solid gallium microparticles are used, the composite

t = 0 s 

t = 90 s 

t = 177 s 

BA

C

conductive 
traces

severe damage
detected

actuation response

Fig. 4. (A) Sequence of damage resilience of a Joule-heated 50 vol % LM-LCE lifting a hanging weight. The sample continues to lift the weight after being
punctured. (Scale bar, 10 mm.) (B) Sequence of soft crawler composed of a 50 vol. % LM-LCE. A ruler is used for scale. (C) Damage detection and response of an
LM–LCE composite. In the first panel, a conductive trace powers an LED. As the sample is damage (second panel), the LED remains on. After severe damage, Joule
heating lifts the weight hanging from the composite (third and fourth panels). (Scale bar, 20 mm.)
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unfilled LCEs, showing 1) a linear response for small strains (SI
Appendix, Fig. S2); 2) semisoft elasticity due to reorientation of the
liquid crystal director as strain increases; and 3) an elastic regime
before breaking. Composites across the range of LM loading were
deformable with average maximum extensions >150% (Fig. 2B).
Average tensile moduli ranged between 0.2 and 1.2 MPa for all
loadings, characteristic of the compliance of the LCE and LM-
LCEs (Fig. 2C). Both the unfilled LCE and 50 vol % LM–LCE
had similar storage moduli across the temperature range measured
by dynamic mechanical analysis (DMA, Fig. 2D). Generally, the
mechanical properties of the LCE matrix were not drastically
influenced by the presence of LM microparticles.
To maximize composite functionality, the LM microparticles

should not inhibit shape-changing characteristics. With DMA, we
find that the nematic-to-isotropic transition temperature is not
influenced by LM inclusions, occurring at 65.5 ± 3.2 °C for the
unfilled LCE and 64.7 ± 2.7 °C for the 50 vol % LM–LCE (Fig.
2D) and corresponding with a local minimum in the storage
modulus. The 50 vol % LM-LCE composite could reversibly ex-
tend to and retract from 1.62 ± 0.10 times its original length,
retaining >90% of actuation capabilities relative to an unfilled
LCE at the same stress (1.74 ± 0.01 times its original length, Fig.
2E). As the applied stress increases, the reversible change in length
increases (SI Appendix, Fig. S3), a property typical for LCE shape
change (20). That the LM microparticles are functionally passive
with respect to mechanical properties as well as actuation high-
lights a unique aspect of the composite we present here: Since the
LM is deformable, the LCE matrix can deform along with the LM

and retain intrinsic shape-changing capabilities. The rule of mix-
tures predicts a weighted average for materials properties in a
composite, and we might have expected a drastic reduction in ac-
tuation capabilities at 50 vol % LM. Moreover, decreased actua-
tion has been observed in rigid particle–LCE composites (11, 15).
However, the deformable LM microparticles permit macroscopic
shape change.
Having established that the compliance and shape-changing

functionalities of the LCE matrix were not disrupted by the
presence of LM droplets, we next examined the functionalities
borne of the LM microparticles, particularly the thermal and
electrical transport properties. The thermal conductivity of the
composite increased relative to the thermal conductivity of the
unfilled LCE as LM microparticle loading increased, as measured
by the transient hot-wire technique (SI Appendix, Figs. S4 and S5).
The thermal conductivities of LM loadings of 0, 10, 20, 30, and 50
vol % were 0.24 ± 0.02, 0.32 ± 0.04, 0.45 ± 0.02, 0.62 ± 0.09, and
1.70 ± 0.16 W m−1·K−1, respectively (Fig. 2F). As with other LM-
embedded elastomers, the thermal conductivity increased along
the loading direction as the LMmicroparticles elongated (Fig. 1D)
(21). LM–LCEs hold about 50–60% strain in a stress-free state due
to reorientation of the liquid crystal director after being stretched.
The thermal conductivity along the direction of strain increased
for the unfilled LCE due to the change in liquid crystalline or-
dering from a polydomain to a monodomain (22). The average
thermal conductivity of the unfilled LCE increased to 0.48 ±
0.02 W m−1·K−1 (Fig. 2G) along the direction of strain and was as
high as 2.48 ± 0.46 Wm−1·K−1 for 50 vol % LM–LCE (Fig. 2H). For
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Fig. 2. Material properties of LM–LCE composites. (A) Representative stress versus strain for LCEs and LM–LCE composites; (B) strain limit at break and (C) tensile
modulus. Error bars represent SD for ≥ 3 measurements. (D) Representative storage modulus versus temperature for filled and unfilled materials. (E) Represen-
tative normalized length change versus temperature during cooling for filled and unfilled materials with a 20-kPa applied load. (F) Thermal conductivity versus
volume fraction for unstretchedmaterials for n≥ 300measurements with at least 3 samples tested for each volume fraction (blue circles), and for stretched unfilled
LCE and 50 vol % LM–LCE, deformed to about 60% elongation (n ≥ 100, orange circles). Error bars represent SDs. The dashed traces represent the theoretical
predictions using the Bruggeman effective medium theory formulation (blue) and a modified Bruggeman effective medium formulation for elongated inclusions
(orange) (21, 23). (G and H) Histograms of thermal conductivity along the direction of strain (at 60% strain) for a 50 vol% LM–LCE composite and an unfilled LCE; (I)
IR heat map showing heat dissipation of a 50 vol % LM–LCE composite and an unfilled LCE after initial heating. The temperature scale ranges from 20 °C (blue) to
120 °C (orange). (J) Normalized change in electrical resistance, R, versus strain of a conductive LM–LCE strip with the red line representing the average and the
shaded region representing the SD for 3 samples tested 3 times each (n= 9) with a comparison to predictions from Ohm’s law (dashed curve). (K) Photographs of
autonomous self-reconfiguring electrical conductivity upon puncturing through the traces.
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SELF-HEALING & REPROGRAMMABLE 
LM-POLYMER COMPOSITES



INTELLIGENT SOFT MATERIALS

How can materials be intelligent?
• Use sensory information to make decisions and perform tasks
• Maintain robust functionality through adaptation
• Reprogrammable such that the same material can achieve various 

sensing or motor functions
• Process information for MIMO functionality

Why does this matter?
• Materials can exhibit intelligence but not be very useful
• Should we develop intelligent materials first and find applications later?
• Can biomimetics be useful in designing intelligent materials?


