Design and Implementation of a Visuo-Haptic Data Acquisition System
for Robotic Learning of Surface Properties
Alex Burka1 , Siyao Hu1 , Stuart Helgeson1 , Shweta Krishnan1 , Yang Gao2 , Lisa Anne Hendricks2 ,
Trevor Darrell2 , and Katherine J. Kuchenbecker1
Abstract— Autonomous robots need to predict haptic sensations from visual data in order to efficiently perform tasks
such as walking over varied surfaces and grasping diverse
objects. We hypothesize that these cross-modal associations can
be learned from a database of matched haptic and visual data
recorded from interactions with real-world surfaces, such as
wood, fabric, asphalt, and aluminum. To begin this effort, we
detail the design and construction of the Proton, a multimodal
human-operated data acquisition system. Its sensory modalities
include RGBD vision, egomotion, contact force, and contact vibration. Three interchangeable end-effectors (SynTouch BioTac,
OptoForce OMD, and steel ball) allow for different material
properties and measurements at the contact point. These
sensors emulate the capabilities of human vision and touch,
with the goal of learning surface classification methods that
are robust over different sensory modalities.

I. MOTIVATION
Robots are being deployed in many unstructured environments such as homes and hospitals. Haptic surface perception
is critical for a robot to select locomotion strategies or
choose a grasp on an unfamiliar object. For example, the
2015 DARPA Robotics Challenge required robots to walk on
and grasp diverse surfaces. Haptic sensing can help a robot
correct errors when trying out a gait or a grasp. However,
such interactions become far simpler if haptic properties can
be predicted before contact.
Almost every robot has a camera, but comparatively few
have haptic sensing. Thus, we want to give robots the
ability to anticipate mechanical surface properties via vision.
Robots using individual sensors ought to be able to pool
their perceptions and improve predictions using collective
knowledge. Before this goal can be reached, new methods
will be needed to correlate features across various haptic
sensors and even across different sensory modalities. Which
feature space is best for surface models is an open question.
Additionally, there is a lack of large public repositories
including haptic surface interaction data. This project aims
to solve the above issues by collecting a large dataset of
multimodal surface data, including matched visual and haptic
data with human ratings of relevant surface properties.
This paper presents the PROTONPACK (Portable Robotic
Optical/Tactile ObservatioN PACKage, or Proton for short),
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Fig. 1: A labeled CAD model of the Proton, shown with the
OptoForce end-effector contacting a surface. The cameras, inactive
end-effectors, and structural components are also marked.

a new portable visuo-haptic sensing rig (shown in Fig. 1).
We detail our design decisions and experiments in progress.
II. BACKGROUND
The idea of using “exploratory procedures” to perceive
the haptic properties of objects dates back to Lederman and
Klatzky [1]. Early work on robotic haptic perception included
the system of Stansfield [2], incorporating a robotic arm
equipped with a tactile array and a force/torque sensor.
More recent systems developed for material or texture
classification use various haptic sensors, such as an ATI
Nano17 force/torque sensor [3], accelerometers [3], [4],
custom artificial fingers that include strain gauges or PVDF
elements [5], [6], and the commercially available SynTouch
BioTac biomimetic fingertip [7], [8]. As established by
Lederman, Klatzky, and colleagues [9], [10], the amplitude
and frequency of haptic signals typically depend on the
speed and force of contact, even though human perception
is relatively invariant to such changes. Consequently, most
haptic sensing systems carefully control the sensor-surface
interactions, e.g. using a custom rig [7], robotic arm [2], [6],
or humanoid robot [3], [4].
Active robotic perception is another theme in current work.
Xu et al. [11] used a robot-mounted BioTac to collect haptic
data using exploratory procedures chosen for maximum
information gain. Lepora et al. [12] showed that active touch
can compensate for some sensor noise.
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Fig. 2: Left: an experimenter holds the Proton, equipped with
the OptoForce OMD end-effector, in contact with a desk surface.
Right: the mobile control interface.

Sensing systems with human operators include the
WHaT [13] and the ThimbleSense [14]. The haptic recording
device of Culbertson et al. [15] includes force/torque, acceleration, and (external) position sensors. Handheld recording
with these instruments shows promise for characterizing
natural surfaces, but existing datasets such as the Penn Haptic
Texture Toolkit [16] contain limited visual information and
involve only a single end-effector.
The device presented in this paper is influenced by and
aims to improve upon past efforts. Like the WHaT, ThimbleSense, and Culbertson’s device, we expect a human operator
to make exploratory motions through our device, which
features force/torque and acceleration sensors similar to those
reviewed here. For position sensing, we plan to use an inertial
measurement unit (IMU) as opposed to external trackers to
achieve a fully self-contained sensing system.
III. DESIGN AND IMPLEMENTATION
Custom software and hardware tie together the Proton’s
off-the-shelf components. We chose to have a human collect
the data, as shown in Fig. 2. A robot can make more precise
and repeatable motions than a human, but a system with a
robot-wielded sensor would be more complex and costly,
while exposing the data to actuator and gear train noise.
Keeping a human in the loop ensures that our surface interactions will be naturalistic, and motion tracking will allow us to
correlate the sensor readings with speed and normal force,
as in [15]. Having qualitatively similar (but non-identical)
motions for each surface will complicate data analysis but
will also encourage us to find invariant representations for
haptic surface properties.
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Fig. 3: Proton wiring diagram.

sensing ability. A Structure depth sensor and an mvBlueFox3
high-resolution camera capture visual data.
The three end-effectors span the range of haptic sensing capabilities – from the state-of-the-art BioTac, to the
relatively unproven OptoForce, to the tooling ball without
dedicated contact-point haptic sensors. This variety makes
our dataset more realistic, and parallel data will be valuable
in interpreting each sensor’s output. The tooling ball acts as
a control condition, testing the ability to perceive surface
properties using only remote sensors; also, its hard surface
increases undamped vibration propagation.
Included in the body of the rig are an ATI Mini40
SI-40-2 six-axis force/torque sensor to measure contact dynamics, two ADXL326 high-bandwidth three-axis analog
accelerometers to capture contact vibrations, a nine-degreeof-freedom digital inertial measurement unit, which includes
a L3GD20H gyroscope and LSM303 compass/accelerometer,
and an ADMP401 analog MEMS microphone. An Intel NextUnit-of-Computing (NUC) computer collects data (assisted
by a Teensy 3.1) and manages the user interface. Fig. 3 shows
the system components and their electrical connections.
B. Software
The NUC software communicates with sensors, records
data, and interfaces with the experimenter. It is designed
to be fast, reliable and extensible. We use Rust [17], a
new language that emphasizes safety and concurrency without sacrificing speed. Data collection and recording run in
parallel (see Fig. 4). Unique features include an adaptive
scheduler using PID loops to maintain consistent frame rates
for synchronous sensors and an extensible “flow” system for
scripting the stages of an experiment.
IV. EXPERIMENTS

A. Hardware
The Proton consists of a handheld sensing rig and a
backpack that contains supporting hardware.
We selected sensors that can capture the rich interactions
between the sensing rig and surfaces. Three end-effectors
may be mounted into the Proton, one at a time: a SynTouch
BioTac, which mimics the multimodal sensing capabilities
of the human fingertip; an OptoForce OMD three-axis force
sensor, chosen for its small size and ability to directly
interact with the surface; and a metal tooling ball without any

This section details our calibration and planned dataset
collection activities with the Proton.
A. Experiment Design
The first experiment performed with the Proton will be
the collection of a large-scale dataset, recording interactions
with one surface at a time. To ensure generality of the
dataset, we will use each end-effector in turn on each surface:
temporal locality of measurements will reduce variation due
to environmental factors such as temperature and lighting.
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BlueFox
driver

Structure
driver

Writer
thread

Fig. 4: Block diagram of supervisor software, showing the controlling threads (ovals) and the driver and interface threads (rectangles).

The experimenter controls the Proton through a text console or a web page hosted by the NUC (typically loaded on
a smartphone). During an experiment, the three end-effectors
are used sequentially to record physical interactions with the
surface. Additionally, the operator enters metadata such as a
name for the surface and ratings of the surface’s perceived
hardness, roughness, slipperiness, and temperature.
B. Calibration
The preliminary phase of data collection has focused
on calibration and load identification. The Proton’s spatial
orientation is not constant, so a single static taring of the
force/torque sensor is not sufficient; instead we need a
parametric model of the load. Tables I and II show the results
from calibrating the Mini40. We recorded force data from
free-space motion and used a robust least-squares optimization over the load parameters. This allows us to recover the
inherent bias in the sensor as well as the mass of each endeffector and its center-of-mass with respect to the sensor. The
recovered sensor biases are in the expected range, and the
end-effector masses agree with direct measurements. During
data analysis, we can leverage the motion tracking data along
with these calibration values to accurately compensate for the
effects of gravity on the force/torque measurements.
V. CONCLUSIONS
This paper presented the design and implementation of the
Proton, a versatile visuo-haptic sensing system that will be
used to gather a dataset of matched data from contact and
non-contact surface interaction.
The Proton’s sensors gather the types of data encountered
by different mobile robots, which may have haptic sensors,
visual sensors, or both. Some robots may query our database
to identify an unknown surface. Others may be trying to
predict haptic sensations given visual data, or the reverse.
Now that the calibration is complete, our main work will
be in two areas: collecting a large open dataset from a wide
variety of surfaces, and applying machine learning to the
problems of surface categorization, surface rating regression,
and extraction of cross-modality correspondences.
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End-effector
Steel ball
OptoForce
BioTac

Mass
150.3 g
109.4 g
114.2 g

CoM
(-23.0, -30.0, 34.8) mm
(-56.0, 14.0, 21.8) mm
(-37.0, 19.0, 21.0) mm

TABLE II: Results from end-effector load identification.
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