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• Universal & Customizable Robot 

Grasping 
• Match the versatility of natural 

grippers in handling a wide variety 
of objects. 
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Solution
• Polymer composites that 

dynamically change modulus and 
adhesion in response to electrical 
stimulation

• Soft sensing sticker for measuring 
interfacial forces
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Figure 7. (a), (b) Rigidity tunable composite with embedded Galinstan heater and SMP. (c) At room temperature, the SMP is rigid and the
composite can support flexural load. (d) When electrical current is supplied to the heater, the SMP softens and the composite bends.

soft robotics applications in which the host is naturally
soft and elastic. Lastly, these composites are inexpensive
and can be produced in minutes with masked deposition of
liquid-phase metal alloy in laser-patterned films of acrylic
elastomer (VHBTM tape; 3M). Because the elastomer film
bonds to itself through pressure-sensitive adhesion, each
layer can be rapidly patterned, filled, wired, and sealed.
This inexpensive and scalable fabrication method can be
extended to other applications in soft-matter electronics and
engineering, including liquid-phase gallium–indium circuits,
sensor arrays, and radio-frequency identification.

The experimental results are in reasonable agreement
with theoretical predictions derived from elementary com-
posite mechanics and heat transfer. The theory may be
generalized to obtain more accurate predictions and to
examine a broad range of loading conditions and designs. In
addition to improved theoretical models, future efforts will
focus on implementation of actively tunable elastic rigidity for
assistive wearable technologies and biologically inspired soft
robots. We also plan to refine the masked deposition method to
miniaturize the embedded features and incorporate a broader
range of conductive and thermal or electrically responsive
materials.
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Magnetic 
Microparticles

Scientific Impact
• Achieve electrically-controlled 

stiffness and adhesion tuning without 
bulky external hardware

• Create soft sensing sticker to 
remotely measure interfacial stresses 
without embedded electronics

Broader Impact
• Improve versatility of grippers used in 

mobile robots
• Middle-school outreach at CMU and 

Penn on soft materials and robotics
• Potential licensing of novel stiffness-

tuning and sensing materials for 
commercial translation
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Adhesion/stiffness-tuning material mounted to parallel 
plate end effector

Adhesion-tuning subsurface pressure modulation

Theoretical study with 
FEA modeling

In situ sensing with magnetic sensing skin

regression algorithm comparison can be found in SI Section 5.2 and SI Figure 6.

2.1 Location Sensing

For the 5⇥5 grid experiment, force and magnetic field changes were collected at these 25 di↵erent locations
up to a 3 mm depth (Figure 2A). 2750 contact samples at these 25 locations were collected using a uniform
random distribution. Each class (25 total) has about 100 samples each.

Several di↵erent classification algorithms work well for distinguishing between the 25 locations (see SI
5.2). Here, we present classification results using quadratic discriminant analysis (QDA). In the event of
a misclassification, the predicted class is always adjacent to the true location (Figure 2B). Classification
accuracy for every location are shown in Figure 2C and perform well across all 25 locations.

In order to estimate the location, we transformed the 25 discrete locations into their coordinate locations.
For the 5⇥5 grid and linear regression, the x-position has an average error of 1.1 mm and the y-position
has an average error 3.8 mm. We attribute this di↵erence in accuracy to the a larger misalignment in the
y-axis frame. If the location grid is not perfectly centered over the magnetometer, the y signal will measure
smaller changes in signal. In Figure 2D, the x-axis looks well-centered with very similar accuracy across 25
locations. However, the y-axis looks slightly o↵-center, biased towards the right-hand side (Figure 2E). This
leads to larger errors on the left-hand side of the grid. Small errors in alignment can make model-based
techniques very di�cult to calibrate, which supports our use of data-driven methods.

The output estimations near the edge of the sensor tend to have a lower accuracy and higher standard
deviation. Due to the magnetic signal to distance relationship of 1/d3, the quality of signal is expected to
decrease drastically with distance. At these points along the edge, we believe that the random distribution of
particles begins to have a larger e↵ect on output signal than the applied deformation. This leads to unusual
signal changes, and is a large reason why we chose data-driven techniques instead of function fitting. A more
detailed example of this type of noise can be found in SI Raw Vector Data 5⇥5.

Figure 2: Grid Results Overview: A) The magnetic 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 x-position (D) and
y-position (E), and mean absolute error from KNN regression for force (F).
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