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Abstract²Advances in design and fabrication technologies
are enabling the production and commercialization of sensorrich robotic hands with skin-like sensor arrays. Robotic skin is
poised to become a crucial interface between the robot
embodied intelligence and the external world. The need to fuse
and make sense out of data extracted from skin-like sensors is
readily apparent. This paper presents a real-time sensor fusion
algorithm that can be used to accurately estimate object
position, translation and rotation during grasping. When an
object being grasped moves across the sensor array, it creates a
sliding sensation; the spatial-temporal sensations are estimated
by computing localized slid vectors using an optical flow
approach. These results were benchmarked against an L Norm
approach using a nominal known object trajectory generated by
sliding and rotating an object over the sensor array using a
second, high accuracy, industrial robot. Rotation and slid
estimation can later be used to improve grasping quality and
dexterity.

I. INTRODUCTION

T

ACTILE sensing has attracted considerable interest from
the robotic community [1]-[9]. In general, tactile sensors
are able to capture measurements that other sensing
modalities cannot capture such as superficial and deep
pressure as well as temperature and, in humans, pain.
Robotic hands capable of sensing and understanding their
world by touch are key enablers for autonomous grasping
and dexterous manipulation. As the bRG\¶V ODUJHVW RUJDQ
skin is used as a sensor, a shield, and as a communication
interface. Our brain has to make sense out of the information
captured by the skin. Nowadays, there are artificial skin-like
sensors that can be stretched, shaped, and lay out over
several surfaces types. The artificial skin surface is usually
partitioned trying not to leave large gaps in the sensor field.
Some of the typical shapes for tactile pads are triangular [1]
and rectangular [2]. The smallest individual 2-dimensional
surface and its corresponding tactile sensor are usually
referred as a WDFWLOHSL[HORU³WD[HO´
As a commercially available example, Fig. 1 depicts a
BarrettHand outfitted with capacitive pressure sensor
arrays [2] in all phalanges as well as in the palm. Researchers
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Fig. 1. Barrett dexterous hand with capacitive array sensors (Left).
Sensor array configuration (Right). Left figure courtesy of PPS.

have also developed artificial skins with surface ridges [3]
where vibrotactile elements measured vibration as means to
detect slid conditions via frequency characterization. Two
other approaches for slip detection were reported in [4] using
frequency components on rubber-based tactile sensors.
Spectrum analysis via FFT¶V showed detectable differences
between slip and no slip conditions. In addition to frequency,
acceleration has been used as another modality for slip
detection [5] where a sensing element is composed of rubber
skin containing an accelerometer and a piezo-electric strip. It
was claimed that small object motions were detectable based
on their accelerations. An object was displaced in a
sinusoidal fashion, producing accelerations proportional to
the frequency squared.
It is commonly accepted that manipulation tasks require
accurate knowledge of friction coefficients [6] and that
detection of slip conditions are closely related to monitoring
of friction. Reasonable friction estimations have been
proposed in [14]. This study continuously monitored normal
and tangential forces at the contact point. Friction was
estimated with high accuracy when incipient slip occurred.
Studies [3]-[14] looked at the properties of one taxel and
some mentioned equivalents to taxel arrays, but they were
not further explored as they are in this manuscript. Tactile
pad shapes are described in [1]-[2], however no study was
found on how to fuse, and make adequate use of taxel array
information. The basic slip detection using single sensing
elements has been based on frequency [3]-[4],
acceleration [5], or normal and tangential forces [7]. The
approach in this study is not based on incipient slip detection
which at this time would require the use of a custom and
non-commercially available sensor. Instead, we use pressure
measurement arrays that estimate tangential slip based on
normal gradients of known optical flow methods [15]. Such
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estimation is possible using local and global (single or
multiple arrays) as well as temporal information from the
normal pressure being applied. The temporal evolution of
normal pressure is used to estimate translational and
rotational object slip.
This paper is organized as follows. In Section II, a brief
description of sensor arrays is given. Section III describes
the fundamental slip detection principle which is based on
the spatial-temporal evolution of the normal pressure where
each slip vector estimates the local object rotation and
translation. Section IV describes how the collection of slip
vectors can provide object rotation estimation. Experimental
results are highlighted in Section V. A brief discussion of the
proposed methods and other improvements are given in
section VI. Finally, section VII summarizes paper
contributions, offers conclusions, and proposes future work.
II. TACTILE SENSORS
There are only a few commercially available robotic hands
with integrated skin sensing technologies. The most common
examples are the BarrettHand [16] which uses capacitive
sensing arrays and the Schunk Dextrous Hand (SDH) [17]
which uses resistive sensing arrays. The types of sensors
considered in this paper are those that provide spatial and
pressure information obtained from sensor location as the
aforementioned ones. Figure 1 shows a BarrettHand
outfitted with a RoboTouch kit of spatially distributed
pressure sensors from Pressure Profile Systems (PPS) [2];
the sensor configuration array is as shown on the right. There
are a total of 162 sensing elements in this particular spatial
array: 22, 24 and 24 sensing elements on each of the finger
tip, mid phalange and palm respectively. The sensing arrays
have a 6x6mm resolution in the fingers and a 10x10mm
resolution in the palm. Data arrays streams are captured in
real time via a serial interface. All 162 elements are sampled
at 7Hz. Each taxel has a pressure range of 0-20 psi (0-140
kPa).
A sensor fusion algorithm, later described, determines
sliding conditions of the objects being grasped by the hand.
The capacitive tactile sensor arrays were mounted in-house
on the BarrettHand by PPS [2]. Fig. 2 shows how
capacitive arrays are created by laying electrodes as
orthogonal, overlapping strips. When selecting two
electrodes, one row (blue) and one column (red), a single
capacitor is created. The capacitance measured at each
intersection provides an indication of localized pressure. We
refer to this kind of layout as a rectangular array.
III. DETECTING OBJECT TRANSLATION
The temporal evolution of the pressure measured by
spatially distributed sensing arrays plays a key role on
estimating object slip. Fig. 3 aids to describe the
fundamental sliding detection principle. Given spatially
distributed sensor arrays (magenta blocks) capable of

Fig. 2. Close-up of skin sensors on a Barrett Finger (Left). Layout of skin
sensor arrays in the mid phalange section (Right). Figures courtesy of
PPS.

measuring continuous real-time data, then an object (gray)
applying a pressure (blue) produces an orthogonal pressure
(red) measured by the sensors. If such measured pressure is
continuously monitored, when the tangential force (green)
overtakes the static friction force, then the active sliding
condition estimation can be achieved via an optical flow
computation over a sensor array. In addition, slip vectors can
be created for all phalanges as well as for the palm for a
given grasp accounting for all sensor locations.
A compliant object (yellow foam light bulb) was slid
through the BarrettHand while in a hook grasp [18] as

Fig. 3. Fingertip sketch showing spatially distributed sensors as
magenta blocks. A gray object produces orthogonal pressure (red).
The optical flow RI WKH ³UHG´ YHFWRUV VHUYHV DV SULQFLSOH IRU VOLS
detection and estimation.

shown in Fig. 4. The object was pulled across the hand in a
left to right motion. This created sliding sensation that can be
detected by the herein proposed algorithm. Snapshots at
three different times showing the physical hand/object
interaction along with computed slid vectors are also shown.
For example the slip vector computation for the mid
phalange of finger F1 is described next. The mid phalange
has 24 sensing elements that can be grouped into a M×N
(6×4) matrix. The raw pressure data collected at time T is
denoted by P[T] and is shown in Fig. 5(a). The magenta bar
in the raw data shows the sensing element with the maximum
pressure. The subsequent data acquisitions are denoted by
P[T+1], P[T+2], and so on. The optical flow computation
was done using a block-based method which maximized the
normalized cross-correlation. A two dimensional convolution
is computed between current and previous data acquisition
matrices as follows:
(1)
C[T ] P[T  1] * P[T ]
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Fig. 4. Slip estimation.

(a) Raw data

(b) 2D convolution

(c) Slip vector

Fig. 5. Data processing and analysis for the mid phalange of finger 1

The resulting (2M-1)×(2N-1), (11×7), convolution matrix
is shown in Fig. 5(b). A slip index along the X direction at
time T is defined by:
ª A E[C[T ],1] T º
(2)
i[T ] E «
»
>
@
sum
E
C
T
[
],
1
¬
¼
In a similar way, a slip index along the Y direction at time
T is computed by:
ª E[C[T ],2] T B º
(3)
j[T ] E «
»
¬ sum E>C[T ],2@ ¼
Where E[C[T],1] is a row vector 1×(2N-1) containing the
mean value of each column from the matrix C[T]. Similarly,
E[C[T],2] is a column vector (2M-1)×1 containing the mean
value of each row from the matrix C[T]. E( ) and sum( )
denote the mean value and the sum of the elements of the
vector inside parenthesis. ( )T denotes transpose. A and B are
matrices of the potential taxel slip indices for X and Y
directions, i.e., the taxel position in the array. The matrices A
and B have the same size as the convolution matrix C

computed in (1), The dimensional units along X and Y are
unit elements plus a zeroing offset term given by N and M
respectively, the indices for A and B are given by:
ª1 2 3  7 º
«1 2 3
7 »»
(4)
4
A «
«
 »
»
«
¬1 2 3  7 ¼
ª1 1 1  1º
«2 2 2
2 »»
«
(5)
B «3 3 3
3»6
«
»
 »
«
«¬11 11 11  11»¼
The slip vector at time T is computed by
&
ª i[T ]  i[T  1] º .
(6)
S [T ] «
»
[
]
[
1
]
j
T
j
T


¼
¬
The computed slip vector is shown in Fig. 5(c).
Concentric circles are used to show the magnitude of the
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Fig. 8. Sliding detection experimental set up. A programmed
)$18&VOLGDQDLUEDJVHQVRURYHUWKHSDOPVNLQRID%DUUHWW+DQG

The multiplicative factor for the PPS sensor calibration is
10.5, which effectively scales the results obtained from (2)
and (3). This approach not only takes advantage of the entire
sensor array resolution but also increases it. As opposed to
using the sum of the individual taxel reading and then
averaging across fingers as proposed in [19].
VI. EXPERIMENTAL RESULTS
The coordinate system is centered on the palm as defined

Time t3

in Fig. 6. The airbag sensor was slid on the negative X
direction and then on the positive X direction. Fig. 9 shows
the results obtained when sliding at a speed of ±25mm/s, on
the second row taxels with numbers 143 to 149. The object
is slid on the negative X direction first, from 0 to 7 seconds
at 25mm/sec. Then it is slid on the opposite direction. The
coefficient of the linear regression (position vs. time) is used
as an estimate of sliding velocity.
Method I: The estimated position given by this method is
represented by the blue dots plot in Fig. 9. Given that the
taxels grid is discrete then the position of the object can only
take the discrete values of the taxel centroid. Table I shows
an estimated velocity of -24.23mm/s for the overall
trajectory in the X direction which is quite close to the
nominal -25mm/s. However, the instantaneous position and
velocity errors are quite high due to the discrete nature of the
estimator.
Method II: The estimated position given by this method is
represented by the red triangles plot in Fig. 9. Despite the
fact that the grid of taxels is discrete, the position estimation
using the optical flow of the pressure profile takes
continuous values. For example, if the object is between two
taxels (say 145 and 146), position estimation is obtained
taking into account the pressure measured by the two taxels,
putting more weight on the taxel with the most pressure. The
estimated object position, represented by the triangles on
Fig. 9, can take on any continuous value. This is the
advantage of the presented method. Using this method, Table
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I shows an estimated velocity of -25.31mm/s.
Position and velocity estimations were carried at 25 and
50 mm/s. Table I shows that the root mean square error
(RMSE) when estimating velocity is much lower using our
proposed optical flow algorithm.
TABLE I
SLIDING ESTIMATION VERIFICATION
Backward Forward Total
Total
Method
Speed
Speed
RMSE
RMSE
[mm/s] [mm/s] [mm/s]
[%]
Ground Truth
-25.00
25.00
N/A
N/A
Method I:
L Norm
-24.24
20.88
2.96
11.9%
Method II: Optical Flow
-25.32
24.26
0.57
2.3%
Ground Truth
Method I:
L Norm
Method II: Optical Flow

-50.00
-42.22
-44.52

50.00
38.22
46.46

N/A
9.98
4.61

N/A
20.0%
9.2%

In this manuscript, taxels were grouped in a simple way,
i.e. each phalange pad produced one slid vector. In general,
the way the taxels are grouped would create either a bigger
or smaller quantity of slip vectors. For example, looking at
the object rotation experiment described in section IV; the
palm slip vector comes from a 4x7 taxel group. The taxels
from the palm could be grouped into 3 zones as follows: (i)
One 4x3 palm left, using the first 3 taxel columns, (ii) One
4x3 palm right, using the last 3 taxel columns, and (iii) One
4x1 palm center, using the middle column. Grouping taxels
this way would produce 3 slip vectors. The rotation
experiment from Fig. 7 would have shown two more nonzero slip vectors: palm left and right. They would have been
mirror images of F1 and F2 tips respectively. Since estimating
object rotation is based on creating fields of slip vectors, the
more slip vectors, the more information and accuracy on
predicting rotation may be achieved. There is also the
possibility to define overlapping sensor groups.
Slip vectors constituted the basic elements of the proposed
algorithm. Each slip vector is localized and belongs to a
certain (x, y) position of the skin surface. The collection of
slip vectors forms a vector field. Estimation of object
URWDWLRQ ZDV DFFRPSOLVKHG E\ FRPSXWLQJ WKH ³URWRU´ DV LQ
(8). Estimation of object translation could be computed as
the resultant of the vector field. Simultaneous rotation and
translation of the object can be estimated by computing the
rotor and resultant of the vector field respectively.

VIII. CONCLUSION AND FUTURE WORK
VII. DISCUSSION
Slid vectors are the key components in the proposed
algorithms. Theoretically, it could be argued that under ideal
conditions the yellow light bulb from Fig. 2 could spin
around it axial axis at the same time it is being pulled from
left to right. In this case scenario, the current experimental
set up would not be able to detect the axial rotation of the
light bulb. Two essential ways to modify the skin sensor to
be able to detect such axial rotation come to mind: (1)
Sensor arrays do not have to be rectangular. Hexagonal,
triangular, or any other carefully designed layout may be
able to detect it. A universal layout, i.e. one capable of
detecting in every direction, would be of special interest in
the robotic community. (2) Taxel size resolution. In order for
the proposed algorithms to work properly, the surface of the
basic sensing element should be small compared to the
object surface to be detected by touch. In other words, the
object/taxel size ratio has to be much greater than one. As a
conclusion, if the light bulb is spinning while translation
takes place, the proposed method could detect the spin as
long as the object is in contact with pressure sensors as

Estimating object translation and rotation, via the
presented taxel arrays, has generated hardware requirements
and possible guidelines for sensor design: (i) taxel arrays
should be capable of detecting motion in every direction; (ii)
object/taxel size ratio has to be much greater than one (10:1);
if that requirement does not hold, then translation estimation
is still relatively accurate, while rotation estimation may be
GHJUDGHG GHSHQGLQJ RQ WKH REMHFW¶V JHRPHWU\ (iii) the
approach also performs well for cases where the contact area
percentage between the object and the array is very large as
long as the object does not completely lacks of texture or has
significantly large surface deformability.
The presented experiments kept the robotic fingers in a
hook posture. All the 3D object information was captured by
a 2D pressure profile. When the Barrett fingers (F1, F2)
spread, the local coordinate system as defined by Fig. 6 still
holds, but there is an extra step, mapping 3D information
into 2D. This is similar to a world map, where the 3D surface
is matched into a 2D representation. Robotic hand
kinematics would also need to be added.
The proposed algorithms also work with flexible objects.
The rotor, given by (8), can be used to find the rotations. All
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physical (x, y) hand locations that do not sense any object
rotation can be found using (9). This information becomes
very important when designing control laws to actuate the
hand to prevent or command object slip.
Finally, the presented approach is suitable to be used
along with all similar types of commercial and custom
sensors, i.e. capacitive or resistive sensor arrays. This makes
our approach more amenable to implementation in a variety
of platforms as opposed to algorithms and approaches that
rely in custom sensor specific features that often are not
commercially available for validation.

REFERENCES
[1]

[2]
[3]

[4]

[5]

[6]

[7]

[8]
[9]

[10]
[11]
[12]
[13]
[14]

[15]

[16]
[17]
[18]

[19]

(%DJOLQL*&DQQDWDDQG)0DVWURJLRYDQQL³'HVLJQRIHPEHGGHG
networking infrastructure for whole-body tactile sensing in humanoid
URERWV´LQ2010 IEEE-RAS Int. Conf. on Humanoid Robots, pp. 671676, 2010
Pressure Profile Systems Inc., PPS-Products (2011). [Online].
Available: http://www.pressureprofile.com/products.php
Y. Yamada, I. Fujimoto, T. Morizono, Y. Umentani, T. Maeno and D.
<DPDGD ³'HYHORSPHQW RI DUWLficial skin surface ridges with
YLEURWDFWLOH VHQVLQJ HOHPHQWV IRU LQFLSLHQW VOLS GHWHFWLRQ´ LQ 2001
IEEE Int. Conf. on Multisensor Fusion and Integration for Intelligent
Systems, pp. 251-257, 2001
E. G. M. Holweg, H. Hoeve, W. Jongkind, L. Marconi, C. Melchiorri
DQG & %RQLYHQWR ³6OLS GHWHFWLRQ E\ WDFWLOH VHQVRUV DOJRULWKPV DQG
H[SHULPHQWDO UHVXOWV´ LQ Proc. of the 1996 IEEE Int. Conf. on
Robotics and Automation, pp. 3234-3239, 1996
5'+RZHDQG05&XWNRVN\³6HQVLQJVNLQDFFHOHUDWLRQIRUVOLS
and WH[WXUH SHUFHSWLRQ´ LQ 1989 IEEE Int. Conf. on Robotics and
Automation, pp. 145-150, 1989.
& 0HOFKLRUUL ³6OLS GHWHFWLRQ DQG FRQWURO XVLQJ WDFWLOH DQG IRUFH
VHQVRUV´in IEEE Trans. On Mechatronics, Vol 5, No 3, pp. 235-243,
2000
A. Schmitz, M. Maggiali/1DWDOHDQG*0HWWD³7RXFKVHQVRUVIRU
KXPDQRLGKDQGV´LQ19th IEEE Int. Symposium on Robot and Human
Interactive Communication, pp. 691-697, 2010
R. S. Fearing, ³7DFWLOHVHQVLQJPHFKDQLVPV´,QW-5RERW5HVYRO
9, no. 3, pp. 3-23, 1990
W. JonJNLQG DQG & 0HOFKLRUUL ³7DFWLOH VHQVLQJ IRU URERWLF
PDQLSXODWLRQ´ SUHVHQWHG DW WKH ,((( ,QW &RQI 5RERWLFV DQG
Automation, Minneapolis, MN, Apr. 22±28, 1996.
0+/HHDQG+51LFKROOV³7DFWLOHVHQVLQJIRUPHFKDWURQLFV²A
VWDWHRIWKHDUWVXUYH\´Mechatron., vol. 9, pp. 1±31, 1999.
+ 5 1LFKROOV DQG 0 + /HH ³$ VXUYH\ RI URERW WDFWLOH VHQVLQJ
WHFKQRORJ\´Int. J. Robot. Res., vol. 8, no. 3, pp. 3±30, June 1989.
A. Pugh, Robot Sensors, Vol. 2: Tactile and Non-Vision. Berlin,
Germany: Springer-Verlag, 1986.
J.Webster, Ed., Tactile Sensors for Robotics and Medicine. New
York: Wiley, 1988.
0 5 7UHPEOD\ DQG 0 5 &XWNRVN\ ³(VWLPDWLQJ IULFWLRQ XVLQJ
LQFLSLHQWVOLSVHQVLQJGXULQJDPDQLSXODWLRQWDVN´LQ 1993 IEEE Int.
Conf. on Robotics and Automation, pp. 429-434, 1993.
$%LFFKLHWDO³7DFWLOHIORZDQGKDSWLFGLVFULPLQDWLRQRIVRIWQHVV´
in Multi-point Interaction with Real and Virtual Objects, Springer
Tracts in Advanced Robotics, Vol 18, 2005
Barrett Technology Inc., Barrett Hand-Products (2011). [Online].
Available: http://www.barrett.com/robot/products-hand.htm
Schunk, Automation-Gripping hands (2011). [Online]. Available:
http://www.schunk.com/schunk/schunk_websites/products
'DOOH\ 6$ HW DO ³$ PXOWLJUDVS KDQG SURVWKHVLV IRU WUDQVUDGLDO
ampXWHHV´LQ2010 IEEE Int. Conf. on Engineering in Medicine and
Biology Society, pp. 5062-5065, 2010
J. M. Romano, K. Hsiao, G. Niemeyer, S. Chitta, and K. J.
Kuchenbecker, "Human-Inspired Robotic Grasp Control With Tactile
Sensing," IEEE Transactions on Robotics, vol. PP, pp. 1-13, 2011.
1746

