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Abstract

Learning models across modalities is a core
challenge for perceptual learning. We have
designed, built and tested an instrument in order
to collect a dataset of registered visual and
haptic interaction data for common surfaces. We
plan to use this dataset to learn models that can
predict the physical properties of a surface, such
as softness or slipperiness, when it is touched
and/or viewed by a robotic agent.

Introduction

Robots that can learn cross-modal sensory
associations between the haptic and visual properties
of real surfaces can harness these models for striking
improvements in their capabilities, especially
mobility and manipulation in everyday environments.
We have designed and built a sensing rig to collect a
novel dataset of visual and haptic data from a wide
range of objects, textures, materials, and ground
surfaces. This dataset will overcome limitations of
previous haptic datasets and enable end-to-end deep
learning of haptic representations. We want to learn
models that are invariant across haptic sensor type
and are not affected by physical wear and tear
on the sensor.

Contact Information

For more information, contact Alex Burka,
Katherine Kuchenbecker, or Trevor Darrell:
{aburka,kuchenbe}@seas.upenn.edu,
trevor@eecs.berkeley.edu.
Or visit our lab websites at
haptics.seas.upenn.edu and
www.eecs.berkeley.edu/~trevor.

Handheld Sensor Rig for Data Collection

mvBlueFOX3 Camera
High-resolution RGB camera, that
can record 1600 × 1200 pixels at up
to 50 frames per second.

ADXL326 Accelerometer (×2)
Dual three-axis high-bandwidth ac-
celerometers capture high-frequency
end-effector vibrations.

MPU9150 IMU
Tracks an estimate of the sensing
rig’s pose in space.

ADMP401 MEMS Microphone
Captures audible-range
vibrations created by
end-effector/surface interaction.

ATI Mini40 F/T sensor
Records all forces and torques
felt by the end-effector.

Structure Sensor
Structured-light depth camera that
projects an infrared pattern to capture
macro-scale surface shape features.

SynTouch BioTac
Biomimetic tactile sensor that mimics the
sensory capabilities of a human fingertip.

Rigid Stick
Round metal ball that contains no
sensors.

OptoForce
Three-axis force sensor enclosed in a
20 mm rubber hemisphere.

Preliminary Data
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Calibration data used to recover
the end-effector position with
respect to the motion tracker.
With the end-effector fixed in
place, a sphere is fit to the
position of the Vicon markers.
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Calibration data used to recover the
end-effector mass and orientation
with respect to the motion tracker.
A sphere is fit to the force
measurements with gravity as the
only force acting on the end-effector.
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Typical force/position data, generated
by dragging the rigid stick end-effector
across a folder texture sample.
Initial taps, back-and-force motion
with increasing normal force, and final
taps are visible.
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Feature vectors in the training set for the
proof-of-concept experiment, which tests
surface discimination.
From left to right: there are ten vibration
frequency bins, and then summary
statistics of the normal force, speed and
tangential force.

Implementation Details

• The three end-effectors are interchangeable,
representing different types of sensors that may be
present on a robot.

• A computer (Intel NUC), battery, and DAQs are
carried separately from the sensing rig in a
backpack.

• During data collection, a custom web interface is
used for controlling operation of the rig and
logging metadata.

• Streams from all sensors are precisely synchronized
and logged to disk in real time, with a live feed
from the camera to help in positioning.

Conclusion

• We want to develop robust visuo-haptic perceptual
capabilities for robots.

• Such capabilities require a dataset of registered
visual and haptic data for common surfaces.

• We have developed a multimodal sensing rig to
collect visual and haptic signals, completed a
proof-of-concept experiment and are preparing for
large-scale data collection.
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