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meshes from visuotactile sensors

Peng Song!, Juan Antonio Corrales Ramén?, and Youcef Mezouar

Abstract— Visuotactile sensors have gained attention during
the last years in robotics because they are able to reconstruct
with high precision the 3D contact shape (or mesh) between
the robotic fingers and the object. A new slip detection and
avoidance algorithm is proposed based on the dynamic variation
of the height of the contact mesh. Firstly, the contact mesh
is reconstructed in real time by applying a neural network
that estimates normal vectors from color variations along all
the pixels of the images recorded by the camera inside the
tactile sensor. The contact mesh corresponding to this height
map is used for detecting slip with higher success rates in
comparison with previous approaches based on machine learn-
ing methods directly applied to contact images or the analysis
of markers integrated into the sensor’s surface. The proposed
algorithm is validated experimentally in multiple directions not
only for different types of objects (volumetric/planar/linear,
deformable/rigid) but also with different resolutions of the
contact mesh.

I. INTRODUCTION

Slippage should usually be avoided during robotic manip-
ulations, as the occurrence of slip can easily cause operation
failure. To avoid slippage, robots should be able to detect its
occurrence at first. Slippage detection is a popular topic for
the application of tactile sensors. Previous works explored
different technical principles [1] to realize a sense of slip
for robotic hands. One main methodology is to monitor the
ratio between the tangential contact force and the normal
contact force [2], [3]. If this ratio increases beyond the
static friction coefficient between the robotic hand and the
object, a slip occurs. To measure multi-axial forces, a variety
of sensors is designed based on sensing technologies like
piezoresistive [4] and capacitive [5]. Acquiring multiaxial
forces requires a more complicated sensor structure [1]. In
addition, the simplified friction model adopted is not valid
for soft materials. The vibration generated by the sliding
between two contacted surfaces can be an indicator of slip.
A piezoelectric sensor [6] can produce a dense fluctuation
signal when slipping occurs. However, temperature has a
high influence on its performance. Some work exploits the
velocity/acceleration signal to detect slip [7], [8], but may
be sensitive to external disturbances [1]. Signal processing
technologies like transform operations [9] and filters [10] are
used to isolate and reveal the slip signal.
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For visuotactile sensors, there are also some slip detection
strategies. One method is to integrate physical markers inside
the deformable layer on the top of the sensor. Tracking
and analyzing the movement of markers can help detect
slips [11]-[14], but these markers can be noise in tactile
images for microgeometry, object recognition, object classi-
fication, and shape measurement [15]. Markers may provide
some directional information related to slip in the 2D surface
plane, but in practical slip prevention, usually only the
occurrence of slip is important to control the action of the
gripper. In addition, the integration of markers complicates
fabrication. For visuotactile sensors without markers, slip
detection can be treated as a video classification problem
based on machine learning [16], [17]. To improve the gen-
erality of the model, a large dataset with a wide variety of
objects should be labeled, which is time-consuming. Another
drawback for this kind of method is that it usually needs 12
frames of tactile images to output a result for DIGIT running
at 30H z [16]. In contrast, the proposed method only needs
2 frames.

By 3D reconstruction of the contact imprint of visuo-
tactile sensors, the proposed slip detection approach can
provide customizable high sensing resolution without phys-
ical markers. Compared to learning-based methods [16],
[17], its prediction is more physically intuitive and faster
using only two consecutive image frames. Its effectiveness
and generality are validated by different kinds of unknown
objects. An avoidance scheme is implemented to regulate
the action of the gripper accordingly. Regarding the overall
detection accuracy, the machine learning method in [17] can
achieve up to 88% and the method in [16] can reach 90%
using a sequence of 12 tactile frames as input. The methods
analyzing markers can obtain 84% in [13] and 86% in [18].
The proposed method are tested around 50 times in total on
different objects as partly shown in Figure 4. In all cases,
the slip is successfully indicated when the slip occurs.

In the remainder of this work, Section II explains the
method for implementing real-time 3D reconstruction of
tactile images. Then the slip detection method and its per-
formance are presented in Section III. In Section IV, the
density of the proposed tactile mesh is discussed. Section
V demonstrates the strategy of slip avoidance. Concluding
remarks are presented in the last section.

II. 3D TACTILE IMPRINT

The sense of touch can be digitalized with high resolution
tactile images. Recovering 3D contact information from 2D
tactile images enhances the perception of robots.
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A. Principle of 3D reconstruction

To achieve 3D contact shape, the photometric stereo algo-
rithm [19] is used for the series of GelSight [14], [20], [21].
As the similarity between GelSight and DIGIT [22] adopted
in this research as its availability and robust mechanical
design, the same theory is applied in 3D reconstruction.
According to this theory [23], the normal surface of objects
can be estimated by observing the object under different illu-
minations. In a vision-based tactile sensor, the deformation
of the elastomer changes the reflectance of the membrane
layer coating on the top of the sensor. The RGB 3-channel
light intensities captured by the camera is influenced by this
reflectance. The relationship between the light intensity and
the normal surface of deformation is used to implement the
3D reconstruction.

The height map of a surface could be described by:

z=H(z,y) (1)

where (x,y, z) refers to the 3D coordinates of one pixel in
the tactile image. The surface normal at the location (z,y)
can be expressed as [24]:
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where %—g(x, y) and %—Zl(x, y) represent the height gradients

along x and y directions, respectively. The relationship

between the light intensity I(z,y) received by the camera

and the shape of the reflective surface can be described by:
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The inverse function of R can take the observed light
intensity I(x,y) as input and output the height gradients.
However, this nonlinear function is hard to be explicitly
established.

Once known the height gradients, they can be integrated
by solving the Poisson equation to obtain the height map H.
The Poisson Equation has the form as:
oG | 9(5) @

Or oy

where V2 refers to the Laplace operator.

V2H =

B. A mapping neural network

To get height gradients from color intensities, a calibrated
lookup table can work if the light distribution on the sensing
surface is quite uniform like GelSight. The table has the array
form (', ¢’,b',2) where 1/, ¢',b’ are three indexes related
to color intensities and 2 is reserved for the two gradients.
The buildup of the table needs a calibration process as
demonstrated in [20]. If the light distribution on the sensing
surface is quite uneven, using the same table on all pixels
of tactile images cannot guarantee stable reconstruction.
For DIGIT, its light distribution is not uniform and quite
uncertain, which requires a more robust 3D reconstruction
method.

In our use case, a multilayer perceptron (MLP) is adopted.
The network has five input variables, including the coordi-
nates (x,y) of a pixel in the tactile image and the color
variation (Ar, Ag, Ab) at a pixel between the current tactile
image and the non-contact reference image. The addition of
(z,y) is helpful in balancing the performance of 3D recon-
struction under different lighting conditions on the sensing
surface. Using the color variation instead of the absolute
color value is proved useful in experiments to reduce the
noise in the non-contact area. The network has three output
elements as the normal vector (ng,n,,n.) of a location on
the sensing surface that corresponds to a pixel in the tactile
image. This normal vector is normalized. Between the input
layer and the output layer, three hidden layers are added to
compose a neural network in the form of (5—32—32—32-3).
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Fig. 1. Computation of the normal of one contact point.

To prepare a dataset, 30 tactile images pressed with a
ball bearing are collected. In each tactile image, the contact
circular imprint pressed by the ball bearing is labelled by
Hough Circle Transform and manual adjustment. Inside the
circle, the normal (n,n,,n.) corresponding to each pixel
can be calculated using the geometrical model of the ball
bearing as shown in Figure 1. A frame is placed in the center
O of the ball bearing. The goal is to calculate the normal
vector at an arbitrary contact point P that corresponds to a
pixel in the tactile image. The surface XOY defined by the
x-axis and y-axis is parallel to the sensing surface. In the
section M N PV of the ball bearing, the line M N is parallel
to the y-axis and the line PV is parallel to the line HO
in the surface XOY'. In the base frame, if the point P is
(2,y, z) and the center O is (x., yc, 2c), then the value a of
the angle PV M can be computed as:

a = arctan S 5
Y—Ye
The distance PV is:
dpv = V(x — )% + (y — ye)? (6)

The distance PO is the radius r of the ball bearing, then the
value b of the angle V PO is:

b = arccos dp% @)
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Fig. 2. 3D reconstruction (on the right) from RGB tactile images (in the
middle) of several objects (on the left). (a) Ball. (b) Screw top. (c) Screw
thread. (d) Signature on the toy.

Given ¢ and b, the normal (n,n,,n) on the point P can
be determined by:

Ng = COSacosb
n, = sinacosb ®)

n, =sinb

Outside the circle, the normal value is set as (0,0,1)
for the flat area. The number of pixels per millimeter is
calibrated by pressing a caliper on the sensor. The data
(x,y,Ar, Ag, Ab,ny,ny,n.) is gathered in a file as the
dataset. The proposed neural network is trained in pixel-wise
way. Each image can provide 320 x 240 pixels. Hence, 30
tactile images are enough to provide a large dataset. The
labelling and training is fast.

In real-time 3D reconstruction, the normal vector output
by the neural network can be converted into the gradients of
surface by the equations:

Grad, =ng/n,

Grady = ny/n. 2
Then we use Fast Poisson Algorithm [25] to integrate the
gradients to get the entire height map of the sensing surface
of DIGIT. To be noted, we use a small fixed value to replace
n, when it is close to zero. Some reconstructed 3D contact
shapes are shown in Figure 2. It takes around 0.0156 seconds
to generate a height map from a tactile image. To measure the
precision of the proposed neural network, 36 tactile images
are collected pressed by ball bearings. For each sampled
image, we compute the root mean square error (RMSE)
between the estimation of the neural network and the contact
shape generated by the geometrical model of the ball bearing.
The average RMSE is around 0.0262. In contrast, the neural
network trained by the absolute color values has the average
RMSE around 0.0349. This precision is already adequate to
implement an effective slip detection algorithm.

III. SLIP DETECTION

To enable slip detection and avoidance, we exploit the
real-time 3D reconstruction of DIGIT. The resolution of a
tactile image is 320 x 240. In maximum, 76800 pixels can
be regarded as virtual tactile units because each pixel is

associated with a reconstructed height value. As needed we
can easily adjust the density of these virtual tactile units,
especially when a lower resolution is enough for one use-
case and some computation can be saved. For instance,
by activating one pixel every ten pixels in a row and in
a column, a evenly distributed tactile mesh 32 x 24 can
be formed on the sensing surface with 768 tactile units
in total. This is usually more numerous than the number
of physical markers in some visuotactile sensors and much
more numerous than most traditional tactile sensors such as
piezoresistive or capacitive sensors. Two tactile meshes with
custom densities are visualized in Figure 3.

15x 11 7%x5

Fig. 3. Two tactile meshes with custom densities. The marked dots
represent the selected tactile units.

To judge the occurrence of slip, we compare two consec-
utive frames. The absolute variation of the height value on
each tactile unit is summed up as a slip signal S, which is

formulated as: n
S= Z“ﬁt - 271‘
i=1

where n denotes the number of the used tactile units, h refers
to the height value at one pixel and ¢ means the current
tactile frame. If this signal is larger than a threshold, a slip
is found. If the signal is always lower than the threshold,
grasp is deemed stable. The threshold is usually set to twice
the average value of the static slip signal when no slip occurs,
which is proved effective in our practice. DIGIT runs at
30H z to stream tactile images, and thus the signal updates at
30H z as well. In the plots, the signal is illustrated over time
at this frequency. Using the overall variation of the contact
shape to monitor slip is physically intuitive, as humans can
feel the deformation of the tissue of the fingers.

(10)

A. Slip detection with unknown objects

A variety of common items are used to test our method,
such as tissue, socks, paperboard, plastic package, USB
cable, etc. Some of them are listed in Figure 4. Their
dimensions, materials, and properties are quite different for
testing the applicability of the proposed method.

For a firmly gripped object, its reconstructed contact shape
on the tactile sensor is unique and stable. When a slip is
triggered, this contact shape varies. The distributed tactile
units capture this variation and the slip signal can reflect
it quantitatively. For USB cables, its slippage is an evident
relative motion on fingertips. Thus, its variation in contact
shape is also apparent. However, for layer-like objects like
fabrics, how do we capture the subtle variation of the contact
shape and generate an adequate slip signal when slip occurs?
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Thanks to the high resolution of the 3D reconstruction, this
is achieved. We can measure the contact details, even the
texture of fabrics. Although the general shape of contact is
less variable, sliding of texture can stimulate the distributed
tactile units and produce a sufficiently large slip signal, as
shown in Figure 5. The 3D reconstruction on some tested
objects is visualized in Figure 6. In each sub-figure, the
raw 2D tactile image from DIGIT is on the left and its
3D reconstruction is on the right. For the USB cable, the
general contact shape is clear. For other layer-like deformable
objects without a solid general shape, we can still get their
3D textures. When they slide in grip, the distribution of
the texture changes, leading to a detectable change in the
slip signal. Identifying the change of the physical contact
shape as the indicator of slip provides high intuitivity and
universality.

Fig. 4. Some objects used in the slip test. First row: towel, tissue, sock,
paperboard, plastic package. Second row: USB cable, carton box, toy leg,
toy body, toy head.

B. Slip detection in different directions

For the objects less volumetric, like tissue, cable, etc, a
slippage is usually introduced by pulling it. However, for
volumetric objects, contact conflicts with the environment
could introduce a slip in all directions with reference to the
gripper. In this subsection, we study how the height-based
method performs when a slip happens in different directions.
Four different objects are studied, including the carton box,
toy leg, toy body and toy head as shown in Figure 4.

The carton box is a hexahedron and its faces are quite flat.
In the tests, the grip is initiated with the two largest surfaces
to avoid the edges. We tried to control the relative motion
of the carton box in the horizontal plane which is parallel
to the surface of fingertips. Firstly, the motion of the box is
faster and it is moved more slowly in the second trial. In
the direction vertical to the sensing surface, a motion like
pressing the box toward the sensor is applied. This is also
regarded as a kind of slip since the contact between the object
and the other fingertip becomes less tight. The corresponding
slip signals are depicted in Figure 7. In these situations, the
signal marking the slip status is easy to be identified from the
normal status. For the slip caused by sudden interference, a
signal impulse can be observed. For a slower relative motion,
a continuous signal variation presents in a longer period.

Besides the carton box in a regular shape, we also tested
the toy components in complicated shapes. To define the
direction of slip, a coordinate frame is placed as illustrated
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Fig. 6. 3D reconstruction of some tested objects. (a) USB cable. (b) Tissue.
(c) Sock. (d) Towel.
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Fig. 7. Slip signal in tests on carton box. (a) Horizontal fast motion. (b)

Horizontal slow motion. (¢) Vertical motion.

Fig. 8. Coordinate frame defined for slip tests on toy components.

in Figure 8. The Z-axis is parallel to the axis of gripper.
The X-axis is perpendicular to the top side of the tactile
sensor, and the Y-axis is perpendicular to the other two axes.
The dashed A-axis denotes the geometrical axis of the toy
component itself. After each toy component is gripped, a
small translation is applied on the toy component along each
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axis in the coordinate frame, respectively. A small translation
along the X-axis is possible since the surface of the sensor
is deformable. Besides, a small rotation is applied around its
own axis. We did not test the rotation around the axes of the
coordinate frame because this kind of motion is similar to
the motion previously tested on a small scale. We performed
the same tests on toy leg, toy body and toy head. In total,
12 tests are performed and all can produce a clear signal
change to indicate the occurrence of slippage. In these tests,
the minimum ratio between the signal peak value and the
average signal value before slip is greater than 3 and the
maximum ratio can be greater than 17. We can conclude
that the height-based method is capable of detecting slips
that occur in different directions.

IV. DENSITY OF THE TACTILE MESH

The density of the tactile units can be easily adjusted by
choosing a part of the pixels in the tactile image. The selected
tactile pixels make up a sensing array, which is termed a
tactile mesh. In the densest case, all the pixels are used to
form a 320 x 240 tactile mesh. Picking up some pixels in a
certain pattern can create a tactile mesh in the form 160x 120,
32 x 24, or 4 x 3, etc. The height values on the unused pixels
are discarded. The impact of the density of the tactile mesh
is studied in two groups of experiments.

Firstly, we proved that a denser tactile mesh is necessary
to detect a subtle slippage of a small gripped object. Three
different sized hex keys are tested as shown in Figure 9a.
Initially, a grip is formed on the small hex key, the medium
and the large, respectively. Their tactile images in grip are
shown in Figure 9c. Then we slightly push one end of the
gripped hex key to introduce a slight slippage. The tactile
meshes 32 x 24 and 8 x 6 are compared. If a tactile mesh
32 x 24 can work, the denser meshes are supposed to work
as well. The tactile mesh is evenly distributed on the sensing
surface.

The results of the tests are shown in Figure 10. For the
large hex key, both tactile meshes are able to generate an
identifiable signal peak to mark the occurrence of slip. For
the small key and the medium key, the denser tactile mesh
can still function. However, the sparse tactile mesh cannot
produce a distinguishable signal at the moment of slip. Thus,
the density of the tactile mesh influences its capacity to detect
the slight slip of objects having a small contact with the
sensing surface. In the case of a sparse tactile mesh and a
small contact region, a slight slip cannot stimulate sufficient
tactile units to produce a large signal peak. In contrast, denser
tactile meshes are more sensitive as even a small change of
the contact region can swipe on a lot of tactile units.

Secondly, we found that if the contact between objects
and the sensor occupies the entire sensing surface, an evenly
distributed tactile mesh can work equivalently well. The
towel shown in Figure 4 is tested. The contact between the
towel and the sensor takes up the whole sensing surface
and pulling the towel is able to stimulate the entire sensing
surface. The tactile meshes in the form of 320 x 240, 64 x 48,
32 x 24, 16 x 12 and 4 x 3 are compared. Without changing

(a) (b)

Fig. 9. Tested hex keys. (a) Hex keys in three dimensions. (b) Gripped
small hex key. (c) Tactile images of hex keys.
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Fig. 10. Slip signals of hex keys. (a) Small hex key, 32 x 24. (b) Medium
hex key, 32 x 24. (c) Large hex key, 32 x 24. (d) Small hex key, 8 X 6.
(e) Medium hex key, 8 x 6. (f) Large hex key, 8 X 6.
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Fig. 11. Slip signals of towel. (a) 320 x 240. (b) 64 x 48. (c) 32 x 24.
(d) 16 x 12. (e) 4 x 3.

hardware, these tactile meshes are switched to measure slip
signals when a slip is introduced by pulling the gripped
towel. The parameters to control the initial grip are the
same for all tests. The recorded slip signals are plotted in
Figure 11.

We can find that the values of these slip signals are
different. The slip signal of a denser tactile mesh is larger
in all stages. Before and after slip, more used tactile units
can generate a larger accumulated noise value. During slip,
more influenced tactile units produce a higher signal peak.
However, the scale between the signal peak and the signal
before or after slip is quite similar for these tactile meshes.
This means that using any of them can easily make the slip
distinguishable. The tactile mesh density can scale the slip
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signal value but the pattern of signal keeps in this case.

The guidance is that if the manipulated objects have a
large contact area with tactile sensors, the low density can be
used, but if the contact is relatively small, the high density is
necessary to guarantee the high sensitivity of slip detection.
In future work, the tactile mesh density should automatically
adapt to the sensed contact area between the object and the
Sensor.

V. SLIP AVOIDANCE

Upon detection of slip, the robot should react accordingly
to prevent further slippage and even drop of the gripped
object. A slip avoidance pipeline is developed as depicted
in Figure 12.
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Fig. 12. Pipeline of slip avoidance.

The left column describes the workflow to achieve the
slip signal from the tactile image. The real-time slip signal
is fed to the state monitor, which decides the slip state. The
state monitor is launched when the grasp is formed on the
object. Before the state monitor is able to work, it sends a
request to the module named ”Adaptive threshold” to get the
proper threshold value to judge the slip signal. Usually the
”Adaptive threshold” module calculates the average of the 30
consecutive slip signals (in one second) in the normal state
without slip and returns twice this average value to the state
monitor.

This two-fold scale between the threshold and the average
signal value in normal state is determined by trial and error.
This scale is proved effective in the numerous tests on
various objects. The idea is to find a suitable small value to
distinguish the slip signal from the normal signal. If the scale
is too small, the protective response to slippage could often
be triggered by mistake. If the scale is too large, some subtle
slip may not be detected. Upon a good 3D reconstruction,
the variation of the signal noise in normal state is within a
stable range. Thus, it is not difficult to find a proper threshold
scale.

For a preset tactile mesh, the returned threshold could be a
little different while grasping different kinds of objects. The
impact of this small variation can be handled by this adaptive
threshold. An alternative way is to set a fixed threshold for
all objects. The fixed threshold should be slightly larger than
the adaptive threshold. The risk is to miss some subtle slips.

Given a threshold, the state monitor compares it with
the real-time slip signal. If the signal is always lower than
the threshold, the program stays in the “No slip” mode.
The normal grip force is applied as the initial grip and no
additional action is taken. The robot can execute its operation
as normal. When a signal larger than the threshold is found, it
turns on the “slip” mode and a larger grip force is applied by
the gripper. Then the timer starts to count if the state monitor
does not output slip” state in continuous three seconds.
This duration can be customized. If the “slip” is counted,
the program is still in the “’slip” mode, the large grip force
is not released, and the timer restarts the counting in another
three seconds. If the timer receives no more slip output from
the state monitor in three seconds, the slippage is judged
gone, and thus the ”No slip” mode is switched back on. The
normal grip force is reapplied to avoid the possible damage
or any negative effect on the gripped object.

However, changing grip force can cause the variation of
the contact shape and result in a large signal that could be
mistakenly regarded as “’slip” by the state monitor. To avoid
this misjudgement, the Monitor manager” module is added.
When the gripper is in motion, the state monitor is disabled
temporally by the monitor manager. After the motion is
finished and the gripper becomes static again, the monitor
manager can relaunch the state monitor.

This pipeline is tested with different toy parts, including
arms, legs, heads and bodies. We manually interfere with the
gripped object to induce slips and then observe the reaction
of the gripper. In the slip mode, the object is gripped more.
If the interference persists, the slip mode keeps. When the
timer and the state monitor decide to turn on the no-slip
mode, the grip force is reduced. New interference can turn
on the slip mode again. This process runs smoothly and the
different modes can be told by observing the action of the
gripper and the resulted grip status.

Fig. 13. Initial grip on toy arm.
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Fig. 14.  Slip signal in slip avoidance.

From the slip signal, we can also validate the effectiveness
of the proposed pipeline. The toy arm is initially gripped, as
shown in Figure 13. Then we interfere with the grip five
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times from different directions. Each interference caused the
slip mode, and the no-slip mode is recovered after a period
without interference. The recorded slip signal can reflect this
mechanism, as depicted in Figure 14. From left to right,
every two signal peaks are in a pair as highlighted by the
red rectangle. We have five pairs in total corresponding to
five interferences. In each pair, the first peak represents the
signal variation caused by the slip and the stronger grip,
and the following peak represents the signal variation caused
by the reduction of grip force when there is no more slip.
With the help of the module “Monitor manager”, the second
signal peak in each pair is not treated as slip. The proposed
pipeline of slip avoidance works efficiently when slip occurs
and flexibly when slip is gone.

VI. CONCLUSION

A novel slip detection method is proposed based on the
tactile mesh derived from the reconstructed height map on
the tactile sensing surface. The effectiveness of the proposed
method is validated by various objects with different physical
properties. The slippage occurring in different directions can
be detected. As the elemental tactile unit in the tactile mesh
is a pixel, we can change the density of the mesh by using
certain part of the pixels in the tactile image. The impact
of this density is studied. An avoidance strategy for slips is
implemented to react flexibly to the varying slip states in
manipulation.

This slip detection method exploits the real-time variation
of the 3D contact shape, which is quite general and physi-
cally intuitive.
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