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Abstract—Upper-limb amputees rely primarily on visual feedback when using their prostheses to interact with others or objects in their

environment. A constant reliance upon visual feedback can be mentally exhausting and does not suffice for many activities when line-

of-sight is unavailable. Upper-limb amputees could greatly benefit from the ability to perceive edges, one of the most salient features of

3D shape, through touch alone. We present an approach for estimating edge orientation with respect to an artificial fingertip through

haptic exploration using a multimodal tactile sensor on a robot hand. Key parameters from the tactile signals for each of four exploratory

procedures were used as inputs to a support vector regression model. Edge orientation angles ranging from �90 to 90 degrees were

estimated with an 85-input model having an R2 of 0.99 and RMS error of 5.08 degrees. Electrode impedance signals provided the most

useful inputs by encoding spatially asymmetric skin deformation across the entire fingertip. Interestingly, sensor regions that were not

in direct contact with the stimulus provided particularly useful information. Methods described here could pave the way for semi-

autonomous capabilities in prosthetic or robotic hands during haptic exploration, especially when visual feedback is unavailable.

Index Terms—Active touch, exploratory procedures, haptic perception, prosthetic, robotic

Ç

1 INTRODUCTION

THE intimate connection between an amputee and his
or her upper-limb prosthesis brings together two com-

plex systems that speak different languages at different
timescales. Communication delays inherent to human-
machine systems result from the necessary translation
between the biological and artificial systems for both
afferent and efferent signals [1]. The cognitive burden on
an amputee can be minimized by making the prosthesis
more intuitive to use and minimizing the details that the
amputee must consider in light of such delays. Subtle
details of control include determining which of the multi-
tude of joints to actuate, when and how hard to grasp an
object, and how to adjust fingertip forces to maintain sta-
bility during object grasp and tool use.

Invasive techniques such as targeted muscle reinnerva-
tion [2], peripheral nerve stimulation [3], and intracortical
microstimulation [4], [5], [6] hold the promise of bringing a
conscious perception of tactile feedback to the user and
increasing the number of channels with which a user can
intuitively control a high degree-of-freedom (DOF) prosthe-
sis (see [7] for a nice review of anthropomorphic prosthetic
hands). Even when such techniques become clinically viable
and commonplace, amputees may still not be able to respond
quickly enough through the human-machine interface to

counter unexpected perturbations or perform tasks requir-
ing quick dexterous adjustments.

Amputees could benefit from the use of a “sense-think-
act” circuit [8] within the prosthesis itself that automatically
addresses ms-to-ms details of finger-object actions, and
buys time for cognitive processing and generation of a vol-
untary response. Complex behaviors could also be semi-
automated so that the user could focus on high level deci-
sions so long as the semi-automation is context-appropriate,
reliable, and does not alienate the user.

Currently, amputees who use commercially available
upper-limb prostheses rely solely upon visual feedback
when physically interacting with others or objects in their
environment [1]. Visual feedback can provide preliminary
information that can be used to pre-shape grasp [9] and
plan digit placement [10]. However, visual feedback alone
cannot provide all essential information for successful phys-
ical hand-object interactions. This is especially true when
object scenes are cluttered, pre-planned digit placement is
poor or erroneously executed, digits are occluded by the
grasped object, or the hand-object interaction is completely
out of view. Everyday examples include searching for a
light switch in the dark, wrapping a belt around oneself, or
reaching for a cellphone in one’s pocket.

Performance of activities of daily living with a prosthesis
requires extensive concentration which can be mentally tax-
ing, especially for a bilateral amputee who cannot compen-
sate for a missing limb with an unimpaired limb. Reliance
upon visual feedback alone is especially challenging
because many activities of daily living do not afford a com-
plete line-of-sight or require precise control of fingertip
forces whose effects are unseen. A survey of amputees who
use transradial electric-powered prostheses reiterated that
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amputees would prefer that less visual attention be required
to perform functions [11]. This desirable feature was ranked
third out of 17 choices, behind basic kinematic preferences
for fingers that can bend and a thumb that can move out to
the side.

A study on three-dimensional (3D) haptic shape percep-
tion investigated the influence of object features such as cur-
vature, aspect ratio, and edges on the ability of unimpaired
subjects to quickly and accurately identify objects through
touch alone [12]. Subjects were allowed to use a variety of
“exploratory procedures” (EPs) [13] in order to extract
object properties. The study concluded that edges and verti-
ces were the most salient local features of 3D shape and that
haptic searches were performed efficiently when the target
object had edges [12], [14].

Given the usefulness of edges in human studies on
shape perception, it could be worthwhile to develop artifi-
cial capabilities for edge perception in artificial systems,
such as prosthetic or robotic hands. While enclosure could
be used for estimating global shape, enclosure has yet to
be used for edge perception by artificial hands, possibly
due to limitations in tactile sensing technology. Rather,
enclosure has been used to simplify the grasp planning
problem, particularly with underactuated hand designs
(e.g., [15], [16]). Contour-following has been demonstrated
for industrial applications, but simultaneous force and
vision sensing were required [17], [18]. Edge detection has
been demonstrated for artificial fingers using touch alone,
but the typical approach has been to use raster-like pat-
terns of static contact with the object to build a composite
“tactile image” [19], [20], [21], [22]. Such raster-like pat-
terns do not reflect common strategies used by humans,
such as dynamic hand and finger movements for surface
tracing and contour-following [12], [23].

Whether conveying a sense of touch to an amputee or
making a split-second semi-autonomous decision on the
amputee’s behalf, a prosthesis must have an ability to relate
finger-object interactions to a hand-centric reference frame.
The objective of this work was to enable an artificial hand to
estimate the orientation of a salient local feature (edge) of
an object with respect to a fingertip reference frame during
haptic exploration. The ability to perceive edge orientation
with respect to the fingertip through active touch could
enable task-appropriate manipulations of an object and
complex exploratory procedures such as contour-following
[13] in the absence of visual feedback.

2 METHODS

2.1 Apparatus

2.1.1 Robot Testbed

The robot testbed consists of a seven-degree-of-freedom
Barrett Whole Arm Manipulator (WAM) and BarrettHand
(Barrett Technology, Cambridge, MA) in which the middle
digit has been outfitted with a BioTac sensor (SynTouch,
Los Angeles, CA) (Fig. 1). The BioTac enables simultaneous
measurement of multiple tactile sensing modalities that
mimic slow- and fast-adapting mechanoreceptors in the
human fingertip. This multimodal tactile sensor has been
used to identify material type [24], compliance [25], and tex-
ture [26], to relate haptic adjectives to objects [27], and to

identify objects [28]. The sensor consists of a fingertip-
shaped rigid core that houses an array of 19 electrodes, a
pressure sensor, and a thermistor [29]. An elastomeric skin,
patterned externally with fingerprint-like ridges, surrounds
the rigid core [26]. A weakly conductive fluid injected
between the core and elastic skin serves as the fluidic
mechanotransduction medium.

While the mechanotransduction mechanisms differ
from those of the human fingertip, the electrodes of the
BioTac serve as low spatial resolution proxies for Merkel’s
disks, slow-adapting cutaneous mechanoreceptors in the
human finger that respond to local, low-frequency skin
deformations [30]. When low-pass filtered, the pressure
sensor output serves as a proxy for Ruffini’s corpuscles,
slow-adapting mechanoreceptors that respond remotely
to static forces [31]. When high-pass filtered, the pressure
sensor output mimics the dynamic range (but not the spa-
tial resolution) of Meissner’s and Paciniian corpuscles,
fast-adapting mechanoreceptors in the human fingertip
that respond to high frequency vibrations and mechanical
transients [26], [32].

Per manufacturer specifications, the tactile sensor
employed sampling rates of 100 Hz for overall internal fluid
pressure and electrode impedance (for each of the 19 electro-
des in the spatial array), and 2,200 Hz for vibratory signals
[31]. Thus, for each 10 ms batch of data, we recorded 19 sig-
nals from the spatial array associated with elastomeric skin
deformation relative to the sensor’s rigid core, one sample of
overall internal fluid pressure, and 22 samples of fluid vibra-
tion data. Since we were primarily interested in the effect of
mechanical stimuli during dynamic fingertip movements,
temperature measurements were not used in this work.

2.1.2 Tactile Stimuli

We hypothesized that edge orientation angle u would be
encoded in the tactile data. For instance, exploratory move-
ments perpendicular to an edge might produce more vibra-
tions than movements aligned with an edge.

Fig. 1. The Barrett WAM, BarrettHand, and BioTac were used to explore
edge stimuli presented at random orientations with respect to the finger-
tip reference frame by a motor-driven turntable.
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In order to develop a generalizable support vector
regression (SVR) model capable of estimating edge orienta-
tion regardless of surface width, we collected data for three
different surface widths. Three 2 cm-tall, 3D printed edge
stimuli were used: a 5 cm-wide “broad surface,” a 1 cm-
wide “thick bar,” and a 0.4 cm-wide “thin bar,” (Fig. 2a).
Each stimulus was rigidly attached to a 6-DOF load cell
(ATI Nano-17), which was attached to a steel turntable. The
load cell was used to record the nominal force of the finger-
tip during contact with the stimulus.

A DC motor (Maxon Precision Motors, Inc., EC-max
30) and motor controller (Maxon EPOS2 24/5) were used
to orient edges in the horizontal plane at angles ranging
from �90 to 90 degrees (quadrants I and IV) in 1 degree
increments in a randomized order. Experimental results
with angles in quadrants II and III were presumed to be
symmetric about the longitudinal axis of the artificial fin-
ger and were not investigated. Edge orientation angles
were measured relative to a positive x-axis (0 degrees)
pointing in the ulnar direction of a right-hand index fin-
ger (Figs. 2b and 3a).

For each trial, the motor rotated the edge to a pre-
scribed angle with a resolution of 1/2,000 counts per
revolution, or 0.18 degrees. Just prior to BioTac contact
with the stimulus, a pair of electromagnets were acti-
vated, which locked the turntable position and triggered
the temporary powering down of the DC motor to mini-
mize electromagnetic noise pollution of the 6-DOF load
cell data. Edge orientation was randomized in order to
minimize possible effects of skin wear or other latent
variables on the SVR model.

2.2 Exploratory Procedures

Joint-space control of the WAM was used to prescribe the
trajectory of the BioTac fingertip and its orientation using
Barrett Technology’s internal Cþþ library (“libbarrett”).
The trajectories for the EPs were solved offline in joint space
using a custom quaternion-based, pseudo-inverse iterative
solver. The joint space trajectories were used as inputs to
Barrett’s tracker that runs a PID controller for each joint at
500 Hz. The PID gains were initially set by a calibration rou-
tine and then tuned by hand to minimize oscillations during
contact with the stimulus.

Four specific exploratory procedures were used: 1) static
contact, 2) distal to proximal linear stroke along the y-axis
with an approach normal to the stimulus surface, 3) distal
to proximal linear stroke along the y-axis with an
approach tangential to the stimulus surface, and 4) radial
to ulnar linear stroke along the x-axis (Fig. 3). A fixed
global reference frame was defined directly above the cen-
ter of the turntable with its origin placed at the contact
height of the stimulus and its x-y plane coincident with
the stimulus surface. Axes were defined such that radial
to ulnar and distal to proximal fingertip motions could be
expressed in terms of x- and y-coordinates while fingertip
height could be expressed in z-coordinates (Fig. 3a).

Fig. 2. (a) Edge stimuli of three different widths were presented at (b) dif-
ferent orientation angles u with respect to a fingertip ref. frame.

Fig. 3. (a) During each exploratory procedure, the WAM maintained a
constant BioTac contact angle relative to the horizontal x-y plane. (b) EP
#1: static contact, (c) EP #2: distal to proximal stroke with an approach
normal to the stimulus surface, (d) EP #3: distal to proximal stroke with
an approach tangential to the stimulus surface, and (e) EP #4: radial to
ulnar stroke. The reader is referred to the supplementary video, to view
the implementation of the four EPs.
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The four EPs are shown in Fig. 3 and in the supplemen-
tary video, which can be found on the Computer Society
Digital Library at http://doi.ieeecomputersociety.org/
10.1109/TOH.2013.56, accompanying this work. For EP #1
(Fig. 3b), the fingertip was pressed against the edge of the
stimulus with an approach normal to the stimulus surface,
at the origin of the global reference frame, at a constant
nominal force in the –z direction for a “hold” period of
1.5 sec. For EP #2 (Fig. 3c), the fingertip approached the
edge along the z-axis (normal to the surface), made contact
with the edge, and then swept across the edge in the –y
direction. For EP #3 (Fig. 3d), the fingertip approached the
edge from a location distal to the edge along the y-axis (tan-
gential to the surface), and then swept across the edge in the
–y direction. For EP #4 (Fig. 3e), the fingertip swept across
the stimulus in the ulnar direction along the x-axis. How-
ever, the nature of the first contact for this EP varied accord-
ing to edge orientation and surface width. For example,
relatively steep negative edge orientations were such that,
for the thin and thick bars, the initial contact was tangential
to the stimulus surface while, for a broad surface, the initial
contact was normal to the stimulus surface. A constant fin-
gertip height was commanded for all four EPs. Details on
the commanded fingertip height, stroke trajectory, and con-
tact angle are provided in the following paragraphs.

A linear stroke of constant speed was used to investigate
the quality of tactile information gleaned from a simple
motion. Scanning speeds were inspired by non-human pri-
mate and human subject experiments on sensing and per-
ception of stimulus orientation in which bars and edges
were scanned linearly across a passive fingerpad at speeds
of 1, 2, 4, and 8 cm/s [33], [34]. EP #2 and #3 fingertip trajec-
tories used velocities of vy ¼ �2 cm/s or �4 cm/s. For EP
#2, initial contact always occurred at the origin of the global
reference frame (Fig. 3a) and was followed by a 4 cm stroke
in the –y direction. Initial contact for EP #3 occurred at dif-
ferent locations along the edge of the stimulus, depending
on edge orientation. However, as with EP #2, the stroke tra-
jectory of EP #3 ended at y ¼ �4 cm. EP #4 fingertip trajecto-
ries used velocities of vx ¼ þ2 cm/s or þ4 cm/s and were
8 cm long (started at x ¼ �4 cm and ended at x ¼ þ4 cm).

For all four EPs, the BioTac was oriented at either a 20 or
30 degree contact angle a with respect to the horizontal x-y
plane (Fig. 1). A 30 degree contact angle was prescribed
such that the cluster of four electrodes on the flat face of the
BioTac (Fig. 4, Cluster 1) would be parallel to the surface to
be explored (Figs. 1 and 4). A shallower contact angle of
20 degrees was used to stimulate a wider range of electro-
des, particularly on the proximal aspect of the BioTac.

For the 30 degree contact angle, the sensor was swept
across each stimulus for all four EPs at one of two constant
commanded heights from the stimulus surface (z ¼ �4 mm
or �6 mm) in order to examine two different nominal con-
tact forces. Fingertip displacements were selected to ensure
that the BioTac skin would deform substantially as it swept
over each stimulus. A commanded height of z ¼ �4 mm
only was used for the 20 degree BioTac contact angle since
early studies showed that SVR model performance was
unaffected by the magnitude of the applied force. The
reduced fingertip contact force helped to minimize unneces-
sary wear of the BioTac skin.

2.3 Processing of Tactile Sensor Data

Similar to the human fingertip, the BioTac is sensitive to
sustained (slow) and transient (fast) stimuli. We hypothe-
sized that key information about finger-object interactions
would be encoded in both slow and fast tactile signals
during different phases of each contact. Thus, different
“windows” of tactile data, specific to the exploratory pro-
cedure, were used to train the SVR model. Windows were
labeled with a “W” followed by the number of the EP, a
period, and the number of the window for that particular
EP (Table 1). A single window (W1.1) was used for EP #1,
six windows (W2.1-W2.6) were used for EP #2, and four
windows (W3.1-W3.4 or W4.1-W4.4) were used for each
of EP #3 and #4. Windows applied to fast tactile signals
(W2.4-W2.6, W3.3, W3.4, W4.3, and W4.4) were truncated
versions of windows applied to slow tactile signals. All
windows will be described further in the following para-
graphs. Fig. 5 shows each window as a shaded bar
beneath each tactile data type.

2.3.1 Overall Fluid Pressure

For each trial, a threshold of a 3 percent increase from base-
line overall fluid pressure was used to determine initial con-
tact and loss of contact. Since the SVR model was to be
based on stimuli having different surface widths, contact
time was normalized by converting each contact period into
a percentage where 0 and 100 percent denoted initial contact
and loss of contact, respectively.

For EP #1 (static contact), the middle 30 percent of
contact (W1.1) was used to calculate inputs to the SVR
model (Fig. 5). It was observed that EP #2 (normal

Fig. 4. BioTac electrodes were clustered based on their spatial location
on the rigid core (palmar view of a right-hand index finger shown without
the skin). Clusters were either oriented along the (a) distal-proximal axis
or (b) radial-ulnar axis.
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approach, Fig. 3c) generated tactile data that resembled
the concatenation of a static contact (as with EP #1) fol-
lowed by a stroking motion. As a result, data from the
stroke with the normal approach were split into three
windows: brief static contact (W2.1), first half of the
remaining motion (W2.2), and second half of the remain-
ing motion (W2.3). For EP #3 and #4, the data were split

into two equal windows of contact (W3.1 and W3.2 for
EP #3, W4.1 and W4.2 for EP #4). Windows were
selected in order to capture trends during the contact
period (sustained values during static contact, dynamics
at the start and end of strokes).

A mean overall pressure value was calculated for each
window of time (W1.1, W2.1-W2.3, W3.1-W3.2, W4.1-
W4.2) for use as inputs to the SVR model. In addition, ini-
tial rates of change were provided to the model. Overall
fluid pressure data were low-pass filtered with a second
order Butterworth filter having a cut-off frequency of
10 Hz prior to numerical differentiation. Mean rates of
change were calculated for the first 25 percent of win-
dows W2.1, W3.1, and W4.1 to extract information
embedded in the slow tactile signals that might be unique
to edge orientation and initial sensor-stimulus contact.

2.3.2 Skin Deformation

In a previous study, a cluster of four electrodes on the
fingertip and a lateral electrode enabled estimation of
material compliance [25]. Thus, although the BioTac pro-
vides independent impedance values for each of 19 elec-
trodes, we used clusters of electrodes defined according
to spatial location on the fingertip and oriented along
either the distal-proximal axis (Fig. 4a) or the radial-
ulnar axis (Fig. 4b).

Mean electrode impedances were calculated for each
cluster (for windows W1.1, W2.1-W2.3, W3.1-W3.2, W4.1-
W4.2) in order to reduce the number of inputs of the SVR
model, problem complexity, and computational expense.
As with the overall fluid pressure signals, electrode
impedance data were low-pass filtered with a second

Fig. 5. Representative multimodal tactile data for edge orientations of þ55 and –55 degrees for a broad surface, contact angle of 30 degrees, com-
manded displacement of z ¼ �4 mm, and scanning speed of 4 cm/s. Overall fluid pressure (row 1, blue) was used to determine initial contact and
loss of contact. Inputs to the SVR model were calculated from windows of time (W1.1-W4.4) that were specific to each exploratory procedure. For
each EP, the same windows were used for the two types of slow tactile signals (overall fluid pressure, electrode impedance).

TABLE 1
SVR Model Input Parameters

Parenthetical values in red indicate the number of inputs for each type of
parameter.
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order Butterworth filter having a cut-off frequency of
10 Hz, and mean rates of change for each cluster were cal-
culated for the first 25 percent of windows W2.1, W3.1,
and W4.1.

2.3.3 Fluid Vibration

With the exception of EP #1 (static contact), each win-
dow of fluid vibration data was analyzed using a Hil-
bert-Huang Transform (HHT) [35], [36]. Like the Fast
Fourier Transform (FFT), the HHT converts data from
the time domain to the frequency domain. While HHT is
more computationally intensive than FFT, a major
advantage is that HHT is applicable to data sets that do
not satisfy assumptions of linearity and stationarity [37].
The transient and discontinuous nature of the tactile
data generated from a stroke across an edge, for exam-
ple, makes the HHT preferable for this work.

The HHT process deconstructs the original signal into
intrinsic mode functions (IMFs), each of which has its
own energy content and frequency spectrum, by apply-
ing empirical mode decomposition. The first IMF compo-
nent contains the highest frequencies of the original
signal. The second IMF contains the next highest fre-
quencies, and so on [35], [38].

Hypothesizing that information related to edge orienta-
tion would be contained in the high frequency range, we
selected the first IMF for extracting input parameters for
the SVR model for EP #2, #3, and #4. For EP #2, an attempt
was made to capture the dynamics at the start and end of
the stroke by defining windows W2.4, W2.5, and W2.6 as
the last 250 ms of W2.1, the first 250 ms of W2.2, and the
last 250 ms of W2.3, respectively (Fig. 5). For EP #3 and #4,
the dynamics at initial contact and loss of contact were
investigated. Windows W3.3 and W3.4 were defined as
the first 250 ms of W3.1 and the last 250 ms of W3.2,
respectively, for EP #3 while W4.3 and W4.4 were defined
as the first 250 ms of W4.1 and the last 250 ms of W4.2,
respectively, for EP #4. For those cases in which windows
W2.4-W2.6, W3.3-W3.4, W4.3-W4.4 may have been shorter
than 250 ms in duration, the entire window of data was
used. For each of windows W2.4-W2.6, W3.3-W3.4, W4.3-
W4.4, the mean instantaneous frequency of the first IMF
was used as an input to the SVR model.

2.4 Support Vector Regression Model

A support vector machine is a well-established supervised
learning technique for classification and regression, with
advantages such as robustness to outliers and convergence
to a global minimum [39]. To enhance the practical utility of
our work, we elected to develop a support vector regression
model that estimates a value from a continuous number line
as opposed to a support vector classifier that will simply
identify a single class from a limited set of discrete classes
selected a priori and which may not generalize to data on
which the classifier was never trained. Cross-validation was
used to evaluate the effects of and establish model learning
parameters. Model performance and effects of user-speci-
fied input parameters were assessed using a novel test data
set that was not used during the training or building of
the model.

We collected two trials of tactile data for each of 181 ran-
domized edge orientations and for each of 18 distinct block
conditions (three stimuli surface widths, two contact
angles, two scanning speeds, two commanded displace-
ment heights for the 30 degree contact angle and one height
for the 20 degree contact angle). Each individual trial con-
sisted of data resulting from all four exploratory proce-
dures. For each block condition, data were split randomly
into a training set (�90 percent of total trials) and test set
(�10 percent of total trials). Ultimately, 5849 trials were
used for training an SVR model while 648 trials were saved
for testing of the final model. Cross-validation to select
learning parameters (kernel function, complexity term)
was performed on the training data only.

When building the SVR models using WEKA [40], we
considered up to 85 input parameters (Table 1). Besides the
tactile signals described previously, scanning speed was
used as an input parameter because of the relationships that
presumably exist between active fingertip motions (easily
quantified for robotic systems) and sensations elicited at the
fingertip. Normal contact forces and contact angles were
left out of the SVR models as these parameters would
depend on the compliance and shape of the object and
would likely be unknown in practice.

3 RESULTS

3.1 Tactile Data

For a commanded fingertip height of z ¼ �4 mm, the nor-
mal contact forces (mean � standard dev.) during the mid-
dle 30 percent of EP #1 (W1.1) were 1:30� 0:46 N and
2:72� 0:58 N for the 20 and 30 degree contact angle cases,
respectively. For a commanded fingertip height of
z ¼ �6 mm (30 degree contact angle case only), the normal
contact forces were 3:48� 0:70 N.

Representative multimodal tactile sensor signals are
shown in Fig. 5 for all four EPs for two different edge
orientations that are symmetric about the radial-ulnar x-
axis: þ55 and �55 degrees. Baseline (pre-contact) values
were subtracted for all tactile signals on a trial-by-trial
basis. For each EP, the overall fluid pressure (Fig. 5, row
1, blue) and normal contact force (Fig. 5, row 1, red)
increase and decrease as would be expected with initial
contact and loss of contact, respectively. The stroking
motion of the fingertip results in lower overall fluid
pressures (Fig. 5, row 1, W2.2-W2.3, W3.1-W3.2, W4.1-
W4.2) and increased fluid vibration amplitudes (Fig. 5,
row 3). Interestingly, despite their nearly identical distal
to proximal fingertip motions, EP #2 and #3 generated
qualitatively different tactile signals due to their different
approaches to the stimulus surface (normal or tangential,
respectively).

Each of the clusters of electrodes measures skin deforma-
tion near a specific region of the BioTac’s 3D, curved core.
For the distal-proximal clusters (Fig. 4a) whose data are pre-
sented in Fig. 5, clusters that were not located along the long
axis of symmetry of the sensor (clusters 2-5) displayed an
asymmetric response for EP #3. Compression of the skin
against the rigid core resulted in an increase in impedance
on one side of the finger, such as the radial aspect for
a �55 degree orientation. This trend was mirrored by a
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simultaneous bulging of the skin away from the rigid core
and resulted in a decrease in impedance on the other side of
the finger, such as the ulnar aspect for the �55 degree orien-
tation (Fig. 5, dashed lines in row 2). For EP #4 (radial to
ulnar stroke), shear forces caused a compression of the skin
against the rigid core on the ulnar aspect and a bulging of
the skin on the radial aspect.

3.2 Model Performance

From cross-validation observations, the kernel function and
complexity term of the SVR model were set to a quadratic
polynomial and a value of 1, respectively. The low model
complexity term minimizes overfitting of the model to the
training data. These settings yielded accurate estimations of
edge orientation for a variety of EP and input parameter
combinations (Table 2).

An SVR model using all 85 inputs took approximately
20 hours to be trained and built on a PC with two Intel Xeon
2 GHz quad core processors. When all 85 inputs were used
in the SVR model, a regression of the model estimations on
the true edge orientations for the test data set yielded an R2

of 0.991 (Table 2, Fig. 6). Appealing model options, based on
accuracy with respect to the number of input parameters,
appear in red in Table 2.

4 DISCUSSION

4.1 Estimation of Edge Orientation

We trained a support vector regression model with data
from thousands of interactions with edge stimuli having
three different surface widths, at two different contact
angles, at two different nominal contact forces, and with
two different scanning speeds. Accurate estimations of edge

orientation were possible even without providing the SVR
model with information on stimulus width, fingertip dis-
placement in the z-direction, or contact angle (Tables 1 and
2). In practice, the only movement-related information one
could provide to the SVR model is the known scanning
speed of the artificial fingertip.

As shown in Table 2, when comparing SVR models
based on different exploratory procedures, most models
having R2 values greater than approximately 0.8 yielded
mean absolute and RMS errors that fell within the
[2.5, 25] degree range of human perception thresholds

TABLE 2
SVR Model Performance Using Different Sets of Inputs

Appealing models based on accuracy with respect to the number of input parameters are shown in red. EP #3 and electrode impedance signals pro-
vided the most useful inputs for this edge orientation perception task. *With scanning speed, overall fluid pressure, and vibration inputs also removed.

Fig. 6. An SVR model using all 85 inputs performed well on the test data
set (648 trials, �10 percent of total trials, R2 of 0.99, RMS error of
5.08 degrees), which included various edge orientations, stimulus
widths, normal contact forces, contact angles, and scanning speeds.
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for tactile perception of edge and bar orientation [34].
This finding suggests that the accuracy of the SVR model
for perception of edge orientation in a plane is compara-
ble to that of humans, so long as appropriate inputs are
provided to the regression model.

Model performance was worst when estimating larger
magnitude angles (namely, above 55 degrees) regardless
of their direction (þ or �) (Fig. 6). One possibility is that
there was increased variability in the stroking motions
for larger magnitude angles, which would lead to vari-
ability in the training data and inaccuracy in model esti-
mations for large angles. For instance, when steep angles
were encountered in which the edge was nearly aligned
with the long axis of the finger, the BioTac would some-
times move alongside the edge during EP #3 before
stroking the top surface of the stimulus.

4.1.1 Effects of Contact Angle

The primary effect of reducing the contact angle from 30 to
20 degrees was a dramatic drop in normal contact force,
resulting in smaller overall fluid pressure and electrode
impedance values. For a commanded fingertip height of
z ¼ �4 mm, the normal contact forces during the middle
30 percent of EP #1 (W1.1) dropped from 2:72� 0:58 N to
1:30� 0:46 N.

Our original hypothesis was that a shallower contact
angle of 20 degrees might stimulate a wider range of
electrodes. However, all else being equal, the 30 degree
contact angle produced larger skin deformations and,
thus, larger changes in electrode impedance values.
Despite the drop in magnitudes across the different tac-
tile data modes for the 20 degree contact angle case,
information about edge orientation remained encoded in

the tactile data, especially the electrode impedance time
histories (Fig. 7).

4.2 Effects of the Exploratory Procedure

Our results show that the exploratory procedure directly
affects the trends in the multimodal tactile sensor data
(Fig. 5) and that model performance based on the differ-
ent EPs can vary (Table 2). EP #1 (static contact) pro-
vides a sustained period of overall fluid pressure and
electrode impedance data (Fig. 5). A comparison of EP
#2 and EP #3 quickly reveals how even a subtle differ-
ence in approach direction (normal or tangential, respec-
tively) between the two otherwise identical stroking
motions can affect the tactile data. For example, there
are stark differences in electrode impedance trends for
lateral clusters 2-5 between EP #2 (Fig. 5, row 2, W2.1-
W2.3) and EP #3 (Fig. 5, row 2, W3.1 and W3.2).

It is hypothesized that skin deformation during initial
contact of the BioTac against the stimulus determines how
the skin will deform for the remainder of the stroking
motion. When the approach to the surface is along the
normal direction as with EP #2, the fingertip makes static
contact first, which compresses electrode cluster 1 and
constrains radial-ulnar pairs of clusters (2-3 and 4-5) to
change in concert during initial contact. When the
approach is tangential to the surface as with EP #3, the
skin is free to deform according to the orientation of the
leading edge of the stimulus. As a result, the radial-ulnar
pairs of clusters reflect opposite trends in electrode
impedance upon contact.

It was observed that electrode impedance values were
much larger for EP #4 than for EP #3 (rows 2 of Figs. 5
and 7). This observation may be due to an increase in
skin contact area for the radial to ulnar stroke of EP #4 as
compared to the distal to proximal stroke of EP #3.
Another possibility is that the robot testbed, specifically
the basal joint of the fixed middle BarrettHand finger,
was less compliant during collisions with edges when the
fingertip moved along the x-axis.

When building a model using EP #1 (static contact)
only, the R2 value was 0.441 and mean absolute and RMS
errors were 30.72 and 39.69 degrees, respectively (Table 2).
When a stroking motion was used, model performance
increased substantially (R2 of 0.712, 0.960, and 0.725 for
EP #2, #3, and #4, respectively). In this study, we imple-
mented a static contact (EP #1) with a normal approach.
A model based on EP #1 might perform better if a tangen-
tial approach were used or if individual electrode imped-
ance data were provided to the model instead of cluster
data. EP #3 (distal to proximal stroke with a tangential
approach) led to the most accurate model with an R2

value of 0.96 and mean absolute and RMS errors of 5.18
and 10.67 degrees, respectively (Table 2).

If one chose to use all four EPs in practice, the R2

value could be as high as 0.99 and the mean absolute
and RMS errors could be as low as 2.89 and 5.08 degrees,
respectively. However, the tradeoff for such an accurate
model is the need to collect tactile data for all explor-
atory procedures for each trial and the increased com-
plexity of the SVR model (85 inputs). The system
designer must assess whether the slight increase in

Fig. 7. Representative multimodal tactile data for the 20 and 30 degree
contact angles during EP #3 and #4 for a thick bar oriented at
þ75 degrees, commanded displacement of z ¼ �4 mm, and scanning
speed of 4 cm/s. Although the 20 degree contact angle resulted in lower
normal contact forces than the 30 degree contact angle, the electrode
impedance values still captured useful spatiotemporal information
related to edge orientation.
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estimative power is worth the additional exploratory
procedures, computational expense of tactile data post-
processing, and model complexity (beyond the 24 inputs
for EP #3 only).

4.3 Efficient Sets of Model Input Parameters

We built multiple SVR models in order to gauge the useful-
ness of different EPs and model inputs, and to find efficient
sets of inputs (Table 2). As stated previously, EP #3 was
found to be the most useful single exploratory procedure
(R2 value of 0.96 and RMS error of 10.67 degrees).

After removing scanning speed, overall fluid pressure,
and vibration input parameters, the R2 value only
dropped from 0.991 to 0.987 when all four EPs were con-
sidered (removal of 19 input parameters) and from 0.960
to 0.931 when only EP #3 was considered (removal of six
input parameters). This finding suggests that the elec-
trode impedance data provide the most useful informa-
tion for estimating edge orientation. Scanning speed
does not seem to be critical since we have already nor-
malized contact time to a percentage during post-proc-
essing. Although useful in detecting contact and
delineating windows of time, overall fluid pressure does
not seem to provide information that is not already
included in the impedance signals. The fluid vibration
data provided some information about edge orientation
magnitude, but not much about direction.

We also investigated the relative importance of spatial
location of electrode impedance data. First, distal-proximal
clusters of electrodes were considered (Fig. 4a). Focusing
on EP #3, the R2 value for a model without scanning
speed, overall fluid pressure, or vibration data dropped
from 0.931 to 0.784, 0.792, and 0.777 after removing elec-
trode impedance data from clusters along the centerline
(clusters 1 and 6), ulnar aspects (clusters 2 and 4), and
radial aspects (clusters 3 and 5), respectively (Table 2).
Thus, spatial asymmetry in the skin deformation data
appears to be especially important for this task of estimat-
ing edge orientation.

4.4 Notable Trends in the Tactile Data

4.4.1 Usefulness of Spatial Asymmetry in the Tactile

Sensor Signals

For the edge orientation task of this work, it appears that
the estimative power of the SVR model is owed primar-
ily to the asymmetry of the slow tactile data (electrode
impedance values) with respect to the long axis of the
finger. Through both normal and shear forces, electrode
impedance increased when the elastomeric skin was
compressed against the rigid core of the sensor. Simulta-
neously, another part of the skin would bulge away
from the core. The distal to proximal motion of EP #3
resulted in opposite trends in electrode impedance for
clusters on the radial and ulnar aspects of the fingertip
(Fig. 4a; solid versus dashed lines in Figs. 5 and 7).

Considering that the radial to ulnar motion of EP #4
might be better represented by clusters specific to the
distal and proximal aspects of the fingertip (Fig. 4b), a
direct comparison was made between the two different
cluster scenarios (Fig. 8). Distal-proximal clusters appear

to better capture bulging of the skin away from the sen-
sor core, as evidenced by relatively large negative elec-
trode impedance values. Radial-ulnar clusters typically
yield primarily positive impedance values (Fig. 8). It
appears as if the skin compression and bulging effects
on the radial and ulnar aspects of the fingertip get nulli-
fied mathematically when radial-ulnar clusters are used.
Without scanning speed, overall fluid pressure, and
vibration input parameters, models with radial-ulnar
clusters had an R2 value of 0.50 and RMS error of
37.4 degrees for EP #4 as compared to models with dis-
tal-proximal clusters which had an R2 value of 0.69 and
RMS error of 29.8 degrees (Table 2). These results sug-
gest that clusters that effectively capture skin deforma-
tion can be selected independently of the fingertip
velocity vector.

4.4.2 Effects of a Bladder-Type Tactile Sensor

Construction

The richness of the tactile data generated from EP #3
alone highlights the usefulness of simple finger-object
interactions and how tactile sensors that make use of
deformable skins as part of the mechanotransduction
process (e.g., [29], [41], [42], [43]) may yield advantages
beyond shock absorption, increased contact area, and
tackiness of the grip. A typical robotics approach of
mounting rigid, 6-DOF force transducers on artificial fin-
gertips might be straightforward from a traditional
modeling and grasp planning perspective [44], but such
an approach may be inappropriate for obtaining insight
into human finger-object interactions with deformable
skin and multimodal tactile sensing capabilities. Analyti-
cal modeling of the BioTac sensor and physical interac-
tions with objects was considered, but it was concluded
that our research questions were more tractable with
robot experiments than the creation of a complex multi-
physics model that would have to address deformation
of an elastic skin, incompressible fluid, electrostatics,
and fluid vibration.

Fig. 8. Representative electrode impedance data for distal-proximal clus-
ters and radial-ulnar clusters. Data are shown for EP #4, a broad surface
oriented at þ35 degrees, a 30 degree contact angle, a commanded dis-
placement of z ¼ �4 mm, and scanning speed of 4 cm/s. Distal-proximal
clusters appear to better capture skin deformation towards and away
from the rigid core.
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Interestingly, the tactile data that enabled accurate esti-
mation of edge orientation were generated by regions of the
tactile sensor that were not in direct contact with the stimu-
lus. Electrode clusters 2-5 (Fig. 4) were not always com-
pressed by the finger-object interaction. The free surface of
the skin was able to bulge away from the rigid core of the
sensor. This finding has interesting consequences for the
development of tactile sensing systems for artificial hands.
Traditionally, for reasons of cost and simplicity, a designer
might place tactile sensor arrays only on those surfaces of
the artificial hand that might contact an object during grasp
such as the palmar aspects of the digits and palm. However,
if a bladder-like sensor system (e.g., [29], [41]) is imple-
mented, the non-contact regions of the skin (radial or ulnar
regions in this work) can provide a surprising wealth of
information about finger-object contacts. While we and
others have previously related electrode impedance data to
contact forces [24], [26], [29], this work suggests that it may
be useful to relate electrode impedance to skin deformation.
For instance, compression of skin against the rigid core can
occur even when a compressive force is not applied directly
to that region of the skin because shear forces elsewhere can
deform the continuous skin.

4.5 Moving Beyond Tactile Images Generated by
Static Contact with Objects

The standard robotics approach to tactile sensing of
shapes and edges is to create a “tactile image” (e.g., [19],
[20], [21], [22]) from a series of static contacts with an
object. As such, tactile sensor designs have often focused
on achieving fine spatial resolution so that accurate
reconstructions of images can be built through static con-
tacts alone [45]. The tactile image approach could be use-
ful for situations in which dynamic fingertip motions are
not possible or desired. For instance, once an action has
been planned and the static grasp of a tool has been
established, only the tactile images from each fingertip
would be available for haptically inferring the orienta-
tion of the tool within the hand or the stability of the
grasp. Interestingly, we purposely degraded the spatial
resolution of our tactile sensor data by clustering electro-
des in order to reduce model complexity (Fig. 4). The
performance of the SVR models (Table 2) suggests that
spatial resolution is important, but that fine spatial reso-
lution may not be essential for haptic exploration of
edges.

The scope of the work presented here is the explora-
tion of an unseen, unstructured environment in order to
plan a grasp or manipulative action. For this exploratory
scenario, dynamic approaches for collecting and process-
ing tactile data seem better suited for perception than
static approaches. Despite the fact that biological finger-
tips have fine spatial resolution capabilities [30], humans
elect to use dynamic fingertip motions when identifying
local features such as edges [13], [23]. Consider an exam-
ple such as identifying the edge of your cellphone in
your pocket. It is nearly impossible to force oneself to
perform this task using a series of static contacts alone.
While the completion of the task may be successful with
static contacts, confirmation of edge orientation via con-
tour-following is somehow more satisfying.

4.6 Generalizability of Proposed Approach
to Naturalistic Conditions

The goal of this study was to use an artificial finger to
estimate the orientation of an edge with respect to the fin-
gertip’s reference frame. In order to assess the feasibility
of haptic perception of an edge, we controlled experimen-
tal variables such as contact force, angle, and speed, as
well as stimulus width, compliance, and texture. Now
that a baseline of SVR model performance has been estab-
lished, additional experiments can be conceived to relax
the constraints of this structured study and expand the
approach to more naturalistic conditions. For instance, an
artificial fingertip could be mounted to a prosthetic socket
such that the fingertip contact conditions and trajectory
could be controlled by an amputee instead of a robot.
One could then assess the robustness of the SVR models
to variations in contact force, stroke length, and stroke
speed within a single EP motion as opposed to across tri-
als. It will also be important to assess the effects of varia-
tions in initial fingertip contact on subsequent skin
deformation, as addressed in Section 4.2. Although not
discussed here, a recent study with foam and sponge
stimuli led to promising results that edge orientation can
also be estimated from haptic interactions with compliant
stimuli using the methods presented here [46].

In practice, a human would not perform a series of
EPs, store the resulting tactile signals, and then draw
inferences on all tactile signals at the end. Rather, infer-
ences would be drawn immediately after, if not during,
the performance of an EP. Model performance could be
used to rank the usefulness of different EPs such that a
single EP could be selected based on the capabilities of
the artificial hand and prior haptic information. For
instance, one could implement a Bayesian exploration
approach similar to that used for identification of surface
texture [26] using the rankings from Table 2. An a priori
estimate of edge orientation could be updated with hap-
tic information gleaned from each subsequent EP until a
user-defined confidence threshold had been reached.

The feasibility of real-time estimation of edge orientation
should be assessed. Given that estimating edge orientation
on 648 test trials took 4 sec, we hypothesize that it would
take 6 ms to obtain an SVR model estimation from a single
trial once input parameters had been extracted. Additional
delays for input parameter extraction would depend on the
specific model and whether computationally expensive
techniques such as HHT were used.

For the purposes of a more advanced behavior such as
contour-following or raster-like scanning of the fingertip
[23], it may be necessary to develop models in which the fin-
gertip trajectory length is shorter. Such an approach might
enable frequent directional changes to the fingertip trajec-
tory in order to follow curvatures in 3D. It may also be nec-
essary to build a library of haptic experiences with vertices
for contour-following of shapes with corners [47].

5 CONCLUSION

A tight relationship between voluntary actions and per-
ception of tactile stimuli exists before, during, and after
an action has been made. Psychophysics literature has
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shown that perception drives action. That is, the property
to be perceived drives the selection of an exploratory pro-
cedure based on the efficiency and accuracy of the EP for
extracting information about the property of interest [13].
It stands to reason that, once an exploratory procedure
has been performed, action should drive perception. In
this work, we placed an emphasis on efficient processing
and interpretation of tactile data as a function of the
exploratory procedure. For example, if a static contact EP
has been performed, it may not be fruitful to process and
interpret fast tactile signals. Given the use of dynamic
EPs, we elected to use information from multiple win-
dows of the contact period. In this way, both spatial and
temporal changes in tactile signals were used for percep-
tion of finger-object contact as opposed to a single, static
tactile image. Further investigation of non-traditional tac-
tile sensing and processing approaches could provide
new insights into the haptic interactions between pros-
thetic hands and their environment.

Our work on the haptic exploration of edges could
benefit the amputee community by enabling perception
through the sense of touch. Establishing the orientation of
a salient feature of an object with respect to the hand
would be useful for building an internal model of an
unseen object and planning the grasp and manipulation
of the object. It remains unclear whether raw tactile sig-
nals or high-level abstractions of tactile signals should be
made perceptible to amputees, and how many sensations
can be effectively interpreted by an amputee simulta-
neously [48]. In the former approach, amputees would
need to learn patterns of low-level signals in order to
build internal models of stimuli and make inferences on
physical interactions with the environment. Our work
suggests that skin deformation of a compliant fingerpad
could serve as a rich source of low-level tactile signals.
Alternatively, high-level abstractions of tactile signals
could be provided to subjects, just as grip force can be
conveyed through tactors to upper-limb amputees [48]
and navigational cues can be conveyed through haptic
vests [49] and belts [50] to the blind. Edge orientation
with respect to the fingertip could be conveyed using
direct stimulation of the nervous system or tactile shape
displays [51] and could be used to plan a reorientation of
the limb or a preshaping of a grasp. Also, internal models
of objects could be developed to enable a prosthetic or
robotic hand to perform low-level fingertip adjustments
semi-autonomously, thereby allowing the user to concen-
trate on high-level aspects of the task. Whether low-level
or high-level in nature, tactile feedback would enable
amputees to build action-perception relationships that are
currently limited to use of visual feedback and proprio-
ceptive feedback from residual limbs.
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