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Fig. 5. Proprioception. (A) Computer-aided design (CAD) model of each component of the cylinder and the completed device with three different stiffness sections.
(B) Actual structure, (C) FEA simulated model with strain, and (D) computer-reconstructed cylinder shown during compression. (E) Average displacement error in milli-
meters between calculated and measured versus normalized displacement for each stiffness section with 1 SD above and below over nine single-axis compression tests.

compression, bending, and twisting) of deformation. Changing the
scaffolding to be selectively stiff to better transfer forces to the mecha-
nosensor, removing the air gap so that the sensor starts at a nonzero
value, and adding mechanical amplifiers (like hair on animals or
feathers on birds; fig. S15) could decrease the measurable force to
~0.035 N (corresponds to a ~0.5-mm displacement).

The minimum detectable force of the OL without the scaffold
could be further reduced by lowering the elastic modulus of the core,
allowing more contact area with smaller forces. Higher positional accu-
racy, especially between outputs, could be increased by changing
the output geometries to be flatter and overlapping (fig. S16). We
could also increase both the spatial resolution and accuracy of the
OL by narrowing the widths of the outputs. Last, to measure direc-
tion and multiple types of deformations, we may combine multi-
ple OLs (fig. S17 and movie S5) and even use different geometries
altogether (fig. S18 and movie S6). Larger volumes can be innervated
by a single input using improved light guide materials, higher power
LEDs, or more sensitive photodetectors. Fewer accompanying
electronics may be required if we take inspiration from biology to
combine signals from individual mechanosensors without losing
information (42).

In the future, we would like to take advantage of the higher in-
formation density that can be carried through optical systems to create
integrated sensorimotor networks. These networks could combine
not only deformation sensing but also temperature (43), humidity
(44), and chemical monitoring. We may also better incorporate the
cores through directly 3D-printing the light guides (45). By mimicking
the inherent link between sensory and motor signals in animals, which
are used not only for action execution but also for action “selection”
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(46), we may be able to use OL to simplify controls and electronics
and improve the efficiency of robots.

MATERIALS AND METHODS

Materials testing

To characterize the mechanical properties of the 3D-printed material,
we performed uniaxial tensile tests according to the ISO (Interna-
tional Organization for Standardization) 37 method with a type 4
dumbbell sample geometry. The test was run at 200 mm min~! on a
7010 Zwick Roell using a 10-kN load cell with pneumatic grips pres-
surized at 85 psi. The graph in fig. S1 shows the averaged data with
SD of 11 samples. The data show slightly exaggerated strains due to
the sample slightly slipping out of the grips. All compression tests
were run on the Zwick with a 10-kN load cell between two parallel
plates. The sample below was a solid cylinder (diameter, 29 mm; height,
12.5 mm) and was compressed at a strain rate of 12 mm min~". The
lattices in Fig. 1 were compressed at 10 mm min ™",

Measuring signal change due to varying

contact length and width

With a constant coupling length rig (fig. S15), the contact width
between cores was changed by spacers that limited the amount of
compression between cores. We see that at first, the output signal
increased as the compression and coupling length increased, but then
dropped off (fig. S15). This may be caused by loss of higher-order
modes that can be carried by the light guide due to a large change in
core diameter and increased loss due to a change in the angle at
which rays hit the core surface, as previously noted by Harnett et al.
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(23). The initial increase in signal may imply that more light couples
as the contact area increases due to greater contact width.

System fabrication

We designed the variable stiffness scaffolding using Fusion 360
(Autodesk Inc.; fig. S3) and stereolithographically 3D-printed the
OL scaffolding from a commercial EPU material on a Carbon M1
printer. We designed the top ~8 mm to have a thinner strut thickness,
tsofe = 0.75 mm, compared with the rest of the scaffold, ty=1.125 mm,
which created an area that was sensitive to external touch. Within
the scaffolding were lattice-walled channels to hold the light guides
with thin, f4,4 = 0.4 mm, walls to minimize the effect on the mechanical
properties of the structure. The scaffold was fully cured after being
in an oven for 8 hours at 120°C after excess resin was removed in an
isopropyl alcohol wash.

We threaded a thin monofilament string (Darice Jewelry Designer,
8 Ib) through each channel in the printed scaffold and super-glued
the end to a commercial, clear, soft, polyurethane core (Stretch Magic,
Pepperell) with a refractive index of 1.52 (23) and diameter doy,¢ = 1.0 mm
for the outputs and di, = 1.5 mm for the input. We then pulled the
cores into place with the string.

For the proprioception cylinder, the output U size and spacing
changed to fill the available space to be innervated. The output U’s
were 6.8 mm wide and spread out to be every 9 mm along the input
so that each one represented about 2.5 mm of height on the cylin-
der. They were parallel to the compression axis because this caused
the inputs and outputs to be pressed together during compression.
The U’s were also curved to match the spiral so that the output and
input core line contact increased with more compression. The input
was designed as a spiral as opposed to a zigzag or s-curve to avoid
any sharp curves that would introduce more light loss.

p-CT scan

We designed and printed a rig to hold the CT sample in the deformed
state for the duration of the scan, as shown in fig. S4. The sample
was scanned on an Xradia Zeiss Versa XRM-520 run at 100 kV/9 W
with 0.7-s exposure time and 36.7-pm resolution. We reconstructed
the scan into a 3D part in the software Aviso (Thermo Fisher Scientific)
after removing the bar that caused the deformation from the slices.
We then removed the background noise and testing rig before slicing
the reconstruction to show the cores in Fig. 2A.

Electronics setup for reading signals

We designed and 3D-printed elastomeric parts to hold the photodiodes
(380 to 1100 nm; SFH 229 from OSRAM Licht AG) and IR LEDs
(peak, 875 nm; TSHA4400 from Vishay Intertechnology Inc.) in
contact with the cores using friction fits. The setup used to take data
for the OL, 3 is shown in fig. S9. All data for force and positional
accuracy were taken with photodiodes amplified with an OPAMP
(LM324A; Texas Instruments Inc.) that had a 2-megohm gain and a
4700-pF capacitor acting as a low-pass filter with a maximum signal
value of 800. The signal from the photodiodes was sent through a
simple current-to-voltage (I/V) converter circuit (fig. S19) and read
through the analog pins on an Arduino microcontroller (Arduino
MEGA 2560) at a baud rate of 9600.

All the photodiodes for the exteroceptive sensor used a 2-megohm
resistor (R1), whereas the proprioceptive sensor used 2-, 4.99-, or
10-megohm resistors as listed in table S1. The IR LEDs have 33-ohm
resistors (R2). The circuits were powered by two wall outlets for +V =5
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V and -V = -5 V. Data were transferred to Processing about
50 times per second.

Optical simulation

We modeled a straight input and single output in COMSOL’s Ray
Optics package as lossless, cylindrical, 1-mm-diameter light guides.
Walls were set up at both ends of each core to measure the light in-
tensity through those areas. Input light was set up through the “Re-
lease from Grid” module, entering from one of the input ends in a
uniform density cone of 400 rays with a cone angle of /9 and a total
power of 1 W to simulate the LED. Rays leaving the cores were sup-
pressed. The mesh had a minimum element size of 0.009 mm, a
maximum of 0.25 mm with a curvature factor of 0.1, and a maxi-
mum element growth rate of 1.1. The simulation was solved using
the ray tracing solver over a path length of 0 to 300 mm with a step
size of 0.1 mm. We ran a parametric sweep of the coupling length
from 0.1 to 4.5 mm with a step size of 0.1. To simulate varying levels
of core deformation, we also ran a parametric sweep of the overlap
between the two cores from 0.05 to 0.55 mm in steps of 0.1 (fig. S7).

Impulse measurement

To measure an impulse, we first removed the capacitor (fig. S19, C1),
which was inserted as a low-pass filter. We recorded 4002 points of
data on an Arduino set at a baud rate of 2,000,000, which took
roughly 1 s. The actual amount of time it took to get 4002 analog
readings varied from 904 to 1093 ms. We shot seven sensors with
0.177-caliber bb pellets as the projectile and measured the signal from
the impact using a high-speed camera (Phantom LAB 310) set to
take 23,000 frames per second and a flashing LED to sync the data
to the video (fig. S20). From the high-speed video, we determined
that the projectile took ~0.00009 s (two frames) to pass through the
entire sensor. Movie S1 shows one test, with the high-speed video
brightened and contrast increased for better viewing.

Force and positional accuracy measurements
We mounted a digital force tester to a vertical lift stage and attached
a 3D-printed finger phantom to its end (fig. S9). We attached the
OL, 3 to a delrin block and a ruler to the acrylic sheet under it so that
we could measure presses every millimeter along the length (fig. S9).
To apply a force, we lowered the vertical lift stage to press the finger
phantom into the sample until the desired force was read. From the
collected data, we used the maximum value from each output for
each press, defined as a chain of nonzero signal values, and normalized
them by 800, the maximum value possibly read from the sensor
(Fig. 3, A and C). To find the nonlinear portion of Eq. 3, we divided
the actual position, Xy, by the ratio of neighboring output signals,
Tright

= Tt I O BEta multiplication factor. We then plotted the factor
by the ratio and fit a curve in Excel (Microsoft Inc.) (fig. S10). The
factor was multiplied by the ratio and added to xp,e to get the final
equation.

Proprioception accuracy measurements

We placed the cylinder between two parallel plate attachments of
the Z010 Zwick Roell tensile tester using a 10-kN load cell and ran
the compression test at 10 mm min~' while acquiring data from the
sensors. We filtered the data with an exponential filter using a smooth-
ing constant of 0.9 on an Arduino. To measure the localized defor-
mations experimentally, we marked the front face of the cylinder
with a silver Sharpie every 2.5 mm, tracked the dots using a DIC
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extensometer with Vic-Snap and VIC-2D (Correlated Solutions Inc.),
and converted the pixel positions of the dots to displacements. From
the sensor data, we correlated the signal magnitude to force with a
linear model. We then created our model using MATLAB to fit a
sixth-degree polynomial to the localized displacement and force
values from the FEA simulation done in ANSYS (movie S7). We
found the error of the calculated displacements using error =
abs(dispcaic — disppic). Because the simulation can only solve up to
35% compression, we show two models in the supplementary mov-
ies; movie S3 shows the FEA model, and movie S4 shows a model
based on experimental data up to 35% compression.

SUPPLEMENTARY MATERIALS

robotics.sciencemag.org/cgi/content/full/4/34/eaaw6304/DC1

Text

Fig. S1. Scaffold material properties and mechanical simulation material model.
Fig. S2. Index of refraction measurement.

Fig. S3. Dimensions of the OL; 3.

Fig. S4. u-CT sample.

Fig. S5. COMSOL optical simulation results.

Fig. S6. Experimental setup for coupling length measurements.

Fig. S7. Experimental setup and results for coupling width measurements.
Fig. S8. Setup to take force and position data in Fig. 3.

Fig. S9. Other clear impact testing sensor signals.

Fig. $10. Curve fit to find nonlinear multiplication factor for Eq. 3.

Fig. S11. CAD and images of setup for exteroceptive demo.

Fig. $12. Schematic of information flow.

Fig. S13. Compression tests of the individual sections in the proprioceptive demo.
Fig. S14. Schematic of theoretical length model use cases.

Fig. S15. Increase sensitivity with feather.

Fig. S16. CAD examples of ways to increase accuracy and resolution.
Fig.517.0Ls 5.

Fig. $18. Different geometry OLs, 1.

Fig. $19. Schematic for electronics circuit.

Fig. S20. Setup for impact test.

Table S1. Proprioceptive sensor circuit gains.

Table S2. Linear parameters used in proprioceptive demo to relate signal to force using
F=FO0+ signal/S1*S2.

Reference (47)

Movie S1. High-speed impact.

Movie S2. Exteroception.

Movie S3. Proprioception with FEA model.

Movie S4. Proprioception with experimental model.

Movie S5.0L3_15.

Movie S6. Multiple deformation sensing in a block.

Movie S7. FEA simulation.

REFERENCES AND NOTES

1.

Xu et al., Sci. Robot. 4, eaaw6304 (2019)

A. Chortos, J. Liu, Z. Bao, Pursuing prosthetic electronic skin. Nat. Mater. 15,
937-950 (2016).

. R.S. Dahiya, G. Metta, M. Valle, G. Sandini, Tactile sensing—From humans to humanoids.

IEEE Trans. Robot. 26, 1-20 (2010).

. R.O'Rahilly, F. Miiller, S. Carpenter, R. S. Swenson, Chapter 3: The nervous system, in

Basic Human Anatomy, R. Swenson, Ed. (Dartmouth Medical School, 2008);
https://www.dartmouth.edu/~humananatomy/part_1/chapter_3.html.

. J.T.Muth, D. M. Vogt, R. L. Truby, Y. Mengug, D. B. Kolesky, R. J. Wood, J. A. Lewis,

Embedded 3D printing of strain sensors within highly stretchable elastomers. Adv. Mater.
26,6307-6312 (2014).

. M.Webhner, R. L. Truby, D. J. Fitzgerald, B. Mosadegh, G. M. Whitesides, J. A. Lewis,

R.J.Wood, An integrated design and fabrication strategy for entirely soft, autonomous
robots. Nature 536, 451-455 (2016).

. E.L.White, M. C. Yuen, R. K. Kramer, Distributed sensing in capacitive conductive

composites, in IEEE Sensors (IEEE, 2017), pp. 1-3.

. H.Zhao, K. O'brien, S. Li, R. F. Shepherd, Optoelectronically innervated soft prosthetic

hand via stretchable optical waveguides. Sci. Robot. 1, eaai7529 (2016).

. 1. A. Anderson, T. A. Gisby, T. G. McKay, B. M. O'Brien, E. P. Calius, Multi-functional

dielectric elastomer artificial muscles for soft and smart machines.
J. Appl. Phys. 112,041101 (2012).

11 September 2019

20.

21.

22.
23.

24.

25.

26.

27.

28.

29.

30.

31.

33.

34.

35.

. J.C.Case, E. L. White, R. K. Kramer, Sensor enabled closed-loop bending control of soft

beams. Smart Mater. Struct. 25,045018 (2016).

. S. Ozel, E. H. Skorina, M. Luo, W. Tao, F. Chen, Y. Pan, C. D. Onal, A composite soft bending

actuation module with integrated curvature sensing, in Proceedings of the 2016 IEEE
International Conference on Robotics and Automation (ICRA) (IEEE, 2016), pp. 4963-4968.

. R.L.Truby, M. Wehner, A. K. Grosskopf, D. M. Vogt, S. G. M. Uzel, R. J. Wood, J. A. Lewis,

Soft somatosensitive actuators via embedded 3D printing. Adv. Mater. 30,
1706383 (2018).

. N.Farrow, N. Correll, A soft pneumatic actuator that can sense grasp and touch, in

Proceedings of the 2015 IEEE/RSJ International Conference on Intelligent Robots and Systems
(IROS) (IEEE, 2015), pp.2317-2323.

. Y. L. Park, C. Majidi, R. Kramer, P. Bérard, R. J. Wood, Hyperelastic pressure sensing

with a liquid-embedded elastomer. J. Micromech. Microeng. 20,
125029 (2010).

. B.O'Brien, T. Gisby, I. A. Anderson, Stretch sensors for human body motion, in

Proceedings of SPIE 9056, Electroactive Polymer Actuators and Devices (SPIE, 2014),
p.905618.

. A.Tairych, I. A. Anderson, Distributed sensing: Multiple capacitive stretch sensors on a

single channel, in Proceedings of SPIE 10163, Electroactive Polymer Actuators and Devices
(SPIE, 2017), p. 1016306.

. M. Shahinpoor, Y. Bar-Cohen, J. O. Simpson, J. Smith, lonic polymer-metal composites

(IPMCs) as biomimetic sensors, actuators and artificial muscles—A review. Smart Mater. Struct.
7,R15-R30(1998).

. C.C.Kim, H. H. Lee, K. H. Oh, J. Y. Sun, Highly stretchable, transparent ionic touch panel.

Science 353, 682-687 (2016).

. J. Wissman, T. Lu, C. Majidi, Soft-matter electronics with stencil lithography, in Sensors

(IEEE, 2013), pp. 1-4.

. M.S. Sarwar, Y. Dobashi, C. Preston, J. K. M. Wyss, S. Mirabbasi, J. D. W. Madden, Bend,

stretch, and touch: Locating a finger on an actively deformed transparent sensor array.
Sci. Adv. 3, 1602200 (2017).

K. S.Ramadan, D. Sameoto, S. Evoy, A review of piezoelectric polymers as functional
materials for electromechanical transducers. Smart Mater. Struct. 23, 033001 (2014).
W.-E. Ju, Y.-J. Moon, C.-H. Park, S. T. Choi, A flexible tactile-feedback touch screen using
transparent ferroelectric polymer film vibrators. Smart Mater. Struct. 23, 074004 (2014).
K. Garret, How optical sensing solves the toughest sensing challenges. EDN Netw. (2012).
C. K. Harnett, H. Zhao, R. F. Shepherd, Stretchable optical fibers: Threads for strain-
sensitive textiles. Adv. Mater. Technol. 2, 1700087 (2017).

Y.-L. Park, K. Chau, R. J. Black, M. R. Cutkosky, Force sensing robot fingers using
embedded fiber bragg grating sensors and shape deposition manufacturing, in
Proceedings of the Proceedings 2007 IEEE International Conference on Robotics and
Automation (IEEE, 2007), pp. 1510-1516.

J. Missinne, S. Kalathimekkad, B. van Hoe, E. Bosman, J. Vanfleteren, G. van Steenberge,
Stretchable optical waveguides. Opt. Express 22, 4168-4179 (2014).

J. Guo, X. Liu, N. Jiang, A. K. Yetisen, H. Yuk, C. Yang, A. Khademhosseini, X. Zhao,

S.-H. Yun, Highly stretchable, strain sensing hydrogel optical fibers. Adv. Mater. 28,
10244-10249 (2016).

A. Leber, B. Cholst, J. Sandt, N. Vogel, M. Kolle, Stretchable thermoplastic elastomer
optical fibers for sensing of extreme deformations. Adv. Funct. Mater. 29,

1802629 (2019).

C.To, T. L. Hellebrekers, Y.-L. Park, Highly stretchable optical sensors for pressure, strain,
and curvature measurement, in Proceedings of the 2015 IEEE/RSJ International Conference
on Intelligent Robots and Systems (IROS) (IEEE, 2015), pp. 5898-5903.

J.S. Schoenwald, A. W. Thiele, D. E. Gjellum, A novel fiber optic tactile array sensor, in
Proceedings of the 1987 IEEE International Conference on Robotics and Automation (ICRA)
(IEEE, 1987), pp. 1792-1797.

D.T.Jenstrom, C.-L. Chen, A fiber optic microbend tactile sensor array. Sensors Actuators
20, 239-248 (1989).

J.Heo, J.Kim, J. Lee, Tactile sensors using the distributed optical fiber sensors, in IEEE 3rd
International Conference on Sensing Technology (IEEE, 2008), pp. 486-490.

. M.Ramuz, B. C.-K. Tee, J. B.-H. Tok, Z. Bao, Transparent, optical, pressure-sensitive artificial

skin for large-area stretchable electronics. Adv. Mater. 24, 3223-3227 (2012).

A. Levi, M. Piovanelli, S. Furlan, B. Mazzolai, L. Beccai, Soft, transparent, electronic skin
for distributed and multiple pressure sensing. Sensors 13, 6578-6604 (2013).

J. Missinne, G. Van Steenberge, B. Van Hoe, E. Bosman, C. Debaes, J. Van Erps, C. Yan,

E. Ferraris, P. Van Daele, J. Vanfleteren, H. Thienpont, D. Reynaerts, High density optical
pressure sensor foil based on arrays of crossing flexible waveguides. Proc. SPIE Int. Soc.
Opt.Eng. 7716,77161G (2010).

J. Missinne, G. Van Steenberge, B. Van Hoe, K. Van Coillie, T. Van Gijseghem, P. Dubruel,
J. Vanfleteren, P. Van Daele, An array waveguide sensor for artificial optical skins,
Proceedings of SPIE 7221, Photonics Packaging, Integration, and Interconnects IX (SPIE,
2009), p. 722105.

80of9

0202 ‘62 1290100 U0 1sanb Aq /B1o Bewasuslds sonoqol//:dny wolj papeojumoq


http://robotics.sciencemag.org/cgi/content/full/4/34/eaaw6304/DC1
https://www.dartmouth.edu/~humananatomy/part_1/chapter_3.html
http://robotics.sciencemag.org/

SCIENCE ROBOTICS | RESEARCH ARTICLE

36. J.R.Tumbleston, D. Shirvanyants, N. Ermoshkin, R. Janusziewicz, A. R. Johnson, D. Kelly,
K. Chen, R. Pinschmidt, J. P. Rolland, A. Ermoshkin, E. T. Samulski, J. M. De Simone,
Continuous liquid interface production of 3D objects. Science 347, 1349-1352 (2015).

37. T.H.G.Megson, Structural and Stress Analysis Structural and Stress (Elsevier Butterworth-
Heinemann, ed. 2, 2005).

38. X.-D.Pang, H.Z.Tan, N.I. Durlach, Manual discrimination of force using active finger
motion. Percept. Psycophys. 49, 531-540 (1991).

39. H.H.King, R. Donlin, B. Hannaford, Perceptual thresholds for single vs. multi-finger haptic
interaction, in 2010 IEEE Haptics Symposium (IEEE, 2010), pp. 95-99.

40. T.Harrington, M. M. Merzenich, Neural coding in the sense of touch: Human sensations
of skin indentation compared with the responses of slowly adapting mechanoreceptive
afferents innervating the hairy skin of monkeys. Exp. Brain Res. 10, 251-264 (1970).

41. S.-Y.Won, H.-K. Kim, M.-E. Kim, K.-S. Kim, Two-point discrimination values vary depending
on test site, sex and test modality in the orofacial region: A preliminary study.

J. Appl. Oral Sci. 25, 427-435 (2017).

42. A.P.Georgopoulos, A. B. Schwartz, R. E. Kettner, Neuronal population coding
of movement direction. Science 233, 1416-1419 (1986).

43. M.Remouche, R. Mokdad, M. Lahrashe, A. Chakari, P. P. Meyrueis, Intrinsic optical fiber
temperature sensor operating by modulation of the local numerical aperture.

Opt. Eng. 46, 024401 (2007).

44. C.Kelb, M.Korner, O. Prucker, J. Rihe, E. Reithmeier, B. Roth, PDMAA hydrogel coated
u-bend humidity sensor suited for mass-production. Sensors 17,

E517 (2017).

45. S.T.Parker, P. Domachuk, J. Amsden, J. Bressner, J. A. Lewis, D. L. Kaplan, F. G. Omenetto,
Biocompatible silk printed optical waveguides. Adv. Mater. 21, 2411-2415 (2009).

46. R.Huda, M. J. Goard, G. N. Pho, M. Sur, Neural mechanisms of sensorimotor
transformation and action selection. Eur. J. Neurosci. 49, 1055-1060 (2018).

47. R.S.Rivlin, D. W. Saunders, Large elastic deformations of isotropic materials.

VII. Experiments on the deformation of rubber. Philos. Trans. R. Soc. A Math. Phys. Eng. Sci.
243,251-288 (1951).

Xu et al., Sci. Robot. 4, eaaw6304 (2019) 11 September 2019

Acknowledgments: R.F.S. thanks J.J. Vericella for being a continued inspiration, posthumously.
Funding: The project described was supported by the National Center for Advancing
Translational Sciences, NIH award number TL1-TR-002386. The content is solely the
responsibility of the author(s) and does not necessarily represent the official views of the

NIH. The authors acknowledge Air Force Office of Scientific Research contract number
FA9550-18-1-024 and Office of Naval Research Department of Defense contract number
N00014-17-1-2837 for financial support and technical advice. The x-ray u-CT was performed
on an instrument purchased using NIH grant number S100D012287. The index of refraction
data was measured at the Cornell NanoScale Facility, a member of the National
Nanotechnology Coordinated Infrastructure, which is supported by the NSF (grant number
ECCS-1542081). Last, this work made use of the Cornell Center for Materials Research Shared
Facilities, which are supported through the NSF Materials Research Science and Engineering
Centers program (DMR-1719875). Author contributions: P.A.X. conceived the OL, designed
and conducted experiments, analyzed data, and wrote the manuscript. A.K.M. and H.B. made
and ran ANSYS and COMSOL mechanical and optical simulations, respectively. C.A.A.
conducted experiments and analyzed data. L.Z. edited the manuscript. R.F.S. supervised the
research, designed and ran experiments, and edited the manuscript. Competing interests:
R.F.S.is a cofounder of Organic Robotics Corporation that licenses some patents covered here,
including publication no. US-2019-0056248-A1, as well as 62/592,073 PCT/US18/63172 and
62/642,407 PCT/US18/63173. The other authors declare no competing interests. Data and
materials availability: All data needed to evaluate the conclusions in the paper are present in
the paper or the Supplementary Materials.

Submitted 10 January 2019
Accepted 1 August 2019
Published 11 September 2019
10.1126/scirobotics.aaw6304

Citation: P. A. Xu, A. K. Mishra, H. Bai, C. A. Aubin, L. Zullo, R. F. Shepherd, Optical lace for
synthetic afferent neural networks. Sci. Robot. 4, eaaw6304 (2019).

90of9

0202 ‘62 1290100 U0 1sanb Aq /B1o Bewasuslds sonoqol//:dny wolj papeojumoq


http://robotics.sciencemag.org/

Science Robotics

Optical lace for synthetic afferent neural networks
Patricia A. Xu, A. K. Mishra, H. Bai, C. A. Aubin, L. Zullo and R. F. Shepherd

Sci. Robotics 4, eaaw6304.
DOI: 10.1126/scirobotics.aaw6304

ARTICLE TOOLS http://robotics.sciencemag.org/content/4/34/eaaw6304

RQ'ALAPTEEWLESNTARY http://robotics.sciencemag.org/content/suppl/2019/09/09/4.34.eaaw6304.DC1
RELATED . i i i

SONTENT http://robotics.sciencemag.org/content/robotics/5/39/eaay3604.full
REFERENCES This article cites 32 articles, 4 of which you can access for free

http://robotics.sciencemag.org/content/4/34/eaaw6304+#BIBL

PERMISSIONS http://www.sciencemag.org/help/reprints-and-permissions

Use of this article is subject to the Terms of Service

0202 ‘62 1290100 U0 1sanb Aq /B1o Bewasuslds sonoqol//:dny wolj papeojumoq

Science Robotics (ISSN 2470-9476) is published by the American Association for the Advancement of Science, 1200
New York Avenue NW, Washington, DC 20005. The title Science Robotics is a registered trademark of AAAS.

Copyright © 2019 The Authors, some rights reserved; exclusive licensee American Association for the Advancement
of Science. No claim to original U.S. Government Works


http://robotics.sciencemag.org/content/4/34/eaaw6304
http://robotics.sciencemag.org/content/suppl/2019/09/09/4.34.eaaw6304.DC1
http://robotics.sciencemag.org/content/robotics/5/39/eaay3604.full
http://robotics.sciencemag.org/content/4/34/eaaw6304#BIBL
http://www.sciencemag.org/help/reprints-and-permissions
http://www.sciencemag.org/about/terms-service
http://robotics.sciencemag.org/



