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Abstract— A novel method of tactile communication among
human-robot and robot-robot collaborative teams is developed
for the purpose of adaptive grasp control of dexterous robotic
hands. Neural networks are applied to the problem of
classifying the direction objects slide against different tactile
fingertip sensors in real-time. This ability to classify the
direction that an object slides in a dexterous robotic hand was
used for adaptive grasp synergy control to afford context
dependent robotic reflexes in response to the direction of
grasped object slip. Case studies with robot-robot and humanrobot collaborative teams successfully demonstrated the
feasibility; when object slip in the direction of gravity (towards
the ground) was detected, the dexterous hand increased the
grasp force to prevent dropping the object. When a human or
robot applied an upward force to cause the grasped object to
slip upward, the dexterous hand was programmed to release
the object into the hand of the other team member. This
method of adaptive grasp control using direction of slip
detection can improve the efficiency of human-robot and robotrobot teams.

I. INTRODUCTION
Shortly after the advent of the artificial robotic hand,
preventing grasped objects from being inadvertently
dropped has been a priority [1]. This is a very important
problem in the area of prosthetic hands, as limb-absent
people do not have a direct sense of the grasp force applied
by their artificial hands after amputation [2], [3], [4], [5].
The lack of haptic feedback can lead to frustrating situations
where the grasped object is dropped or crushed due to a
dearth of tactile information during typical object
manipulation tasks [6].
This need has motivated the design of specialized sensors
to detect when grasped objects are slipping [7], [8], [9]. The
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BioTac has recently emerged as a cutting edge multimodal
tactile sensor to observe the state of robotic fingertips [10],
[11]. The BioTac is a soft fluid-filled sensor; when the
internal conductive fluid is deformed, the resultant fluid
distribution affects the internal electrodes’ impedances to
indicate the force distribution on the fingertip surface.
Most of the prior efforts to detect whether a grasped
object is slipping have used a combination of a specialized
sensor and a signal processing algorithm; the frequency
spectrum has been a popular indicator of slip where high
frequency signal components are indicative of vibrations
that occur when grasped objects slip [12].
In contrast, one novel aspect of this research is to detect
the direction that a grasped object is slipping. Two different
dexterous robotic Shadow Hands [13] were used in this
paper which have been outfitted with two different BioTac
sensors (Fig. 1). It is interesting to note that human grasp
reflexes show different responses with respect to the
direction that a grasped object slips, where more dangerous
directions of slip are compensated for more aggressively
[14].
The first goal of the present study is to derive a means of
reliably detecting the direction of slip (DoS), which has been
studied previously with a specialized sensor [15]. In
contrast, artificial neural networks (ANNs) [16], [17], [18],
[19] will be used in this study for real-time detection of the
direction that objects slip relative to a Dexterous Shadow
Hand using a BioTac sensor. Initially, experiments were
conducted to induce slip with two different BioTac sensors,
mounted to the first finger of two different Shadow Hands
(Fig. 1). After successfully training the ANN classifiers to
detect the direction of sliding motion, they were used as a
low-level input to a top level robotic hand reflex, which is a
novel embodiment of tactile perception for robotic action.
The second goal of this study is to investigate the utility of
the slip direction detection for robotic reflex development.
To that end, case studies during a collaborative task of
transferring a cup between two robots and from a robot to
a human were performed. Specifically, downward slip
prompted a grasp force increase to prevent dropping the
object. Upward slip caused the Shadow Hand to open so
that the other team member could take the cup.
The first novel contribution of this paper is the
development of an ANN classifier to detect the direction a
grasped object slips in a dexterous robotic hand. The
second novel aspect of this paper is the use of slip direction
detection for adaptive robotic grasp reflexes, which is a
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promising avenue in the future to improve the efficiency of
human-robot and robot-robot teams.
II. METHODS

In this paper, an offline study was first conducted as a
proof of concept for ANN classification. Then, an online
study was performed to test the ANN classifier in real-time.
Finally, experiments were performed for adaptive robotic
reflexes with human-robot and robot-robot teams. The large
similarity of the hardware allowed for a transmittal of the
offline techniques to be applied during the real-time
experiment with only minor adjustments required.
A. Robot Hardware
1) Robotic Hardware for Offline Experiments:
For the offline experiment, an anthropomorphic robotic
C6M Shadow Hand (Shadow Robotics, London, UK) was
used. The Shadow Hand possesses 20 actuated degrees of
freedom (DOF) along with 4 underactuated joints for a total
of 24 joints. The Shadow Hand was the end-effector of a 7
DOF Yaskawa Motoman SIA-10F arm Fig. 1(a).
The BioTac sensor from SynTouch was mounted onto the
index fingertip. This BioTac incorporates 19 impedances
measuring electrodes (taxels) spatially distributed as shown
in Fig. 2(a). Among some of the benefits, the BioTac is able
to detect forces, microvibrations, and temperature, this
enabled us to determine the point of contact and accurately
detect the direction of slip. Also, the BioTac SP offers an
easy-mount integration for the Shadow Hand.
2) Robotic Hardware for Online Experiments:
The real-time classification experiments were conducted
using a E2M3R Shadow Dexterous Hand, mounted to a 6
DOF UR-10 robotic arm (Universal Robots, Denmark), Fig.
1(b). The BioTac SP, with 24 taxels spatially distributed as
shown in Fig. 2(b), was connected to the index fingertip and
used for direction of slip detection in real-time experiments.
B. Offline Training Data Collection
Using Yaskawa’s FS100 teaching pendant, a series of
movement sequences of the Yaskawa SIA-10F arm were
programmed to maneuver the Shadow Hand above a fixed
glass surface, establish contact between the surface and the
BioTac, and subsequently induce slip between the fingertip
sensor and the surface in either the south (S) or west (W)

Fig. 2. (a) Biotac Mapping representation of 19 electrodes. (b) Biotac SP
Mapping representation of 24 electrodes

directions Fig. 3(a). Initially, the Shadow Hand was
positioned slightly above the surface, with an angle of π/4rad
between the back of the palm and the surface. Each trial
began with the Shadow Hand being lowered onto the surface
by the arm at a rate of 10mm/s until contact was established.
Once contact was established, the arm paused for a period of
five seconds to allow the taxels to reach a steady state.
Following this five second pause, the arm induced slip
between the BioTac and the surface by moving linearly long
the S or W directions for a further 10 seconds at one of two
constant speeds (12.5mm/s or 25mm/s). Following this, the
robotic arm came to rest and the trial was concluded.
Fifty total trials were conducted for each direction and
speed of slip. In addition to varying the speed of slip for
each direction, two separate coefficients of friction were
evaluated. The above procedure was repeated on the same
glass surface, but the surface was coated with a thin layer
of vegetable oil to lower the coefficient of friction between
the BioTac and the surface. In all, a total of 400 trials were
conducted for this study 50 trials for each independent
variable listed in TABLE I.
TABLE I
OFFLINE STUDY VARIABLES
Speed of Slip
(SoS)

Direction of Slip
(DoS)

Coefficient of
Friction (CoF)

12.5/25 (mm/s)

South/West

High (Glass),
Low (Glass with
Oil)

Fig. 3. (a) Simulation of the performed slip detection experiments. (b)
Direction representation for online experiment. (c) Joint angle labels for the
Fig. 1. (a) Shadow hand mounted on Yaskawa Robotic Arm, (b) Shadow index finger of the Shadow Hand.
Hand Mounted on Universal Robot 10
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The taxel signals (e1, …, e19) were recorded with Robot
Operating System (ROS). All taxel data were collected at
80Hz. Following data collection, the resulting raw signal
data were manually annotated to mark the onset and
cessation of slip during each trial. As the response of the
BioTac at the onset of slip and immediately following was
of primary interest, the resulting data sets were trimmed to
include a 200ms window immediately prior to and following
the onset of slip. These trimmed and annotated trials were
subsequently used to train an ANN with the purpose of
identifying the onset and direction of slip from the obtained
tactile data.
C. Neural Network Training
Prior to training of the ANN, the resultant data were
segmented using a time-based square windowing function. A
window time (tw) was empirically chosen as 100ms. Using
the taxel data contained within the window at step i, the
input vector used to train the ANN was derived where the
raw signal data for each taxel was concatenated into a single
Rqx1 normalized vector xADN, where q is given as follows.
(1)
And
(2)
where
is the number of taxels (electrodes) and
is the
number of data samples in the window Fig. 4.
At each time step, the previous
samples from each
electrode are concatenated into a single vector
. After
concatenation, the resultant vector was normalized over the
infinity norm. The normalized vector
is given by

(3)

Fig. 4. Block diagram representation of constructing the input vector using
the AD Training approach.
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While straightforward, the resulting dimension of the input
layer of the ANN is dependent on the size of the window
function tw and the sampling rate .
1) Neural Network Architecture:
To classify slip characteristics from the obtained data, an
ANN was constructed and trained using the MATLAB
Neural Network Toolbox and the patternnet () function. A
feedforward network structure with a single layer of hidden
neurons was used. The activation function of the hidden
layer was chosen to be the Hyperbolic sigmoid transfer
function, while the softmax () activation function was
implemented for the output layer. All networks implemented
supervised learning using backpropagation.
2) Classification Method for Offline ANNs:
Of interest in the current study is the ability of the ANN to
classify one of four distinct output states: no slip (NS),
incipient slip (IS), and the direction of slip (once gross slip
occurs), denoted GS and GW to represent slip in the South
and West directions, respectively (Fig. 3(a)). The resultant
target matrix
is realized as:

(4)
While assigning output classification targets for training,
the classification target was defined as IS if the point at
which slip was initiated fell within the time sample of the
window function . The training algorithm chosen was the
Levenberg-Marquardt algorithm, defined as:
(5)
In (5), J represents the Jacobian matrix of the first
derivatives of the network errors with respect to the weights
and biases, while e is a vector of network errors. μ is a scalar
value that is decreased on each successful training step. The
Levenberg-Marquardt algorithm is commonly used in
pattern recognition and other applications [14], [15], [16],
[17].
D. Datasets for Real-Time ANN Training
As will be subsequently shown in the results, the offline
ANN classifier was highly successful in detecting the
direction of slip; however, it was not capable of
distinguishing between the two different friction coefficients
or slip speeds. Thus, the real-time classification experiments
largely focused on detecting the direction of slip in four
different directions, North, South, East, and West Fig. 3(b))
with one coefficient of friction and one speed of slip.
Initially, the Shadow Hand was positioned slightly above
the plexiglass and then lowered until the BioTac was in
contact with the plexiglass. Once contact was established,
the arm induced slip in one of the four directions analyzed in
this study (Fig. 3(b)). After the period of slip was concluded,
the hand was lifted off the surface to conclude the trial. Ten
trials were conducted for each direction of slip as well as the
touch (T) and no touch (NT) states, for a total of 60 trials.
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The output of the 24 taxels ( , . . .,
) of the BioTac SP
were recorded using ROS. Similar to the offline experiment,
following data collection, the resulting raw signal data from
the taxels were manually annotated to mark the onset and
cessation of slip during each trial. The signals were used to
train an ANN to correctly classify the direction of slip from
the obtained tactile data. BioTac SP surface contour plots
show the relative electrode impedances for the four different
directions of slip along with the Touch and No Touch states
(Fig. 5).
E. Real-Time ANN for Direction of Slip Detection
The signal processing and slip classification for the realtime experiments were performed in MATLAB/Simulink
utilizing the pattern recognition toolbox. The toolbox was
used to design and implement a feedforward neural network
with a single hidden layer composed of ten hidden nodes.
The neural network was designed to determine one of 6
potential classes: 4 slip direction classes (North, South, East,
West) as well as Touch and No Touch states. First, the raw
BioTac SP data was fed into Simulink from ROS via the
Robotics Toolbox (Fig. 6). Once in the Simulink
environment, the raw BioTac SP data were sent to the
previously trained ANN for classification. Here, the
direction of the slip was classified with the respective
orientation (North, South, West, and East) or with the
appropriate touch classification (Touch, No Touch). The
resulting output was then processed and published back to
the ROS environment.
F. Adaptive Grasp Synergy Control based on ANN
Direction of Slip Detection
1) Robot-Robot Team Experiments:
After successfully identifying direction of slip in real-time,
the same concept was applied to a scenario involving two
collaborating robots: the Shadow Hand was used to grasp
and transport a 3D printed cup within reach of a Baxter

Fig. 5. BioTac SP surface contours show the measured electrode impedances
during the (a) Slip North (b) Slip East (c) Touch (d) Slip South (e) Slip West
(f) No Touch trials.
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Fig. 6. Classification flow architecture of online experiment, were the
outputs of the Neural Network section correspond to the 6 classes NT (No
Touch), T (Touch), N (North), S (South), E (East), W (West).

Robot (Rethink Robotics). Next, Baxter was programmed to
grasp and lift the cup while the Shadow Hand was
programmed to monitor the direction of slip detection from
the BioTac SP sensor. When the ANN classifier detected the
slip behavior from Baxter pulling up (Slip East), the Shadow
Hand was programmed to open and release the object. This
experiment was repeated ten times.
2) Human-Robot Team Experiments:
The same cup-transfer experiment was performed with a
human in place of Baxter. When the Shadow Hand
transferred the cup to the person, the human applied forces
to the cup in different directions: downward (towards the
floor) and upwards (away from gravity). In this situation, the
Shadow Hand was programmed to tighten the grip force to
prevent slip if the direction of slip was downward whereas
the hand was programmed to open if the direction of slip
was upward. This experiment was repeated ten times.
III. RESULTS
A. Offline ANN Slip Classification
Fig. 7 shows example trials of the trimmed, raw taxel data
( ,
= 1, …, 19) obtained from the slip detection
experiments with both speeds of slip (SoS), directions of slip
(DoS), and coefficients of friction (CoF). For comparison
purposes, each trial is plotted with respect to normalized
time (with each trial representing approximately 15
seconds). The first spike in the taxel responses at the
beginning of each trial represent deformation of the outer
skin of the BioTac as it comes into contact with the surface.
At
= 0:45 slip is induced via the robotic arm, producing a
corresponding secondary spike in the taxel responses. The
average classification accuracy is 91.40%. The overall
classification accuracy in the IS condition is lower than the
remaining three conditions. It was also observed that no
difference could be detected between the high and low slip
speeds and friction coefficients.
B. Real-Time ANN Slip Direction Detection
Illustrative results for real-time classification for all ten
testing trials for slipping (South and East) are presented in
Fig. 8(a, b) respectively. It can be observed that there were
minor differences in the classifier behavior across the trials
in each direction, but the performance while sliding in any of
the four directions of slip was highly successful with early
100% accuracy in each of the four directions.
Fig. 9 shows the photo sequence of one trial and the ANN
classification output associated with the slip direction. As
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Fig. 7. Example trials of Trimmed, raw taxel data for electrodes ( , …,
). (a) Taxel responses for DoS = S and CoF = Low (b) Taxel responses for DoS =
S and CoF = Low. (c) Taxel responses for DoS = S and CoF = High (d) Taxel responses for DoS = S and CoF = High.

the hand was lowered, the no touch state was detected (Fig.
9(a)). When the hand initially contacted the surface, the
touch state was detected (Fig. 9(b)). The arm then lowered
the hand slightly farther to establish firm contact, causing
the index finger to extend in the north direction, which is
also reflected in the classifier output (Fig. 9(c)). Then, the
arm caused the hand to slip in the south direction (Fig. 9(d,
e)). Immediately after this, the hand was lifted off the

Fig. 8. (a) Slip Classification results for all trials Slipping South, (b) Slip
Classification results for all trials Slipping East
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surface, to return to the no touch state (Fig. 9(f)).
C. Adaptive Grasp Synergy Control using ANN Slip
Direction Detection
1) Robot-Robot Experiments:
Fig. 10 shows data corresponding to Fig. 11(a, b, c, d)
which represents the photo sequence of the Shadow Hand
passing the 3D printed cup to Baxter and subsequently,
Baxter grabbing the object. As the Shadow Hand initiated
the grasp closure onto the cup, motion was caused in the
index finger abduction joint X4 (Fig. 3(c)), which produced
a momentary state of East Slip classification (Fig. 10) before
stably grasping the object. After the grasp closure was
completed, the object was firmly grasped and the classifier
detected the Touch class while the cup was transported
toward Baxter. Once Baxter started to pull the object from
Shadow Hand, the classifier successfully detected the Slip
East class (upward, away from gravity) which prompted the
Shadow Hand controller to release the object. All ten trials
were completed successfully.
2) Human-Robot Experiments:
Fig. 11(e, f, g, h) shows a photo sequence of a human
interacting with the Shadow Hand. As shown in Fig. 11(f) a
person was trying to press downward on the 3D printed cup
to cause downward slip which caused the Shadow Hand
robotic reflex to tighten the hand. Next, the person pulled up
on the cup which cued the Shadow Hand to release the cup.
Ten illustrative BioTac SP taxels during one trial (Fig. 12)
show initially the steady state where the touch classification
is detected. Then, at t = 12s, the person pressed down on the
cup and the classifier detected slip West (towards the floor).
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Fig. 9. Photo sequence of Slip South scenario. (a) hand slightly above the glass. (b) Touch scenario (pre-slip). (c) Slip South starting point.

Shortly afterwards, the person pulled upwards and the
classifier detected slip East, prompting the Shadow and
to open and release the cup. All ten trials were completed
successfully in this manner. The increased accuracy for the
online classifier (nearly 100%) compared to the offline
classifier (91.4%) can be explained by the higher number of
electrodes present in the BioTac SP. The additional 5
electrodes in the BioTac SP created a more descriptive
feature vector allowing for increased classification accuracy.
IV. CONCLUSION

real-time. The ANN was trained and evaluated with two
different tactile sensors connected to two different robotic
hands with high success rates. The ability to detect the
direction of grasped object slip was used for adaptive grasp
control in the context of both a human-robot and robot-robot
collaborative task to pass a cup from the dexterous robotic
hand to another robot or person. When downward slip was
detected, the robotic hand tightened the grip force to prevent
slip. When the person or robot applied an upward force to
the cup, the dexterous robotic hand opened to release the cup
into the possession of the other team member. This manner

An ANN classifier was developed to detect the direction
of sliding contact of objects grasped by robotic hands in

Fig. 10. Robot-Robot Interaction Data corresponding to Fig. 11(a - d). (a)
Electrodes Impedance for e1-e10, (b) Slip Classifier for Baxter-Shadow
Interaction, and Shadow-Hand index finger joints position.
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Fig. 12. Human-Robot Interaction (a) Electrodes Impedance for e11-e20, (b)
Slip Classifier for Human Robot interaction.
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Fig. 11. Robot-Robot interaction, (a, b, c, d) Photo sequence of Baxter Pulling Up the Cup from Shadow Hand. Human-Robot interaction (e, f, g, h) Photo
sequence of Human Pushing Down and Pulling Up on the Cup from Shadow Hand.

of adaptive robotic grasp reflex based on detection of the
direction of object slip can be useful to improve the
performance of human-robot and robot-robot teams working
collaboratively.
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