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I. INTRODUCTION
When grasping an object, humans are able to prevent the

object from slipping from their grasp by constantly adjusting
their grip [1]. This is possible due to our highly sensitive
slip detection capabilities. However, objects slipping from the
grasp of a robotic hand is difficult to detect and correct. In
this work, the slippage detection and correction problem was
investigated using SynTouch BioTac SP sensors attached to
a Shadow Dexterous Hand where a statistics-based approach
was used to detect the moment of slippage and prevent
dropping a grasped object. The benefit of having slip de-
tection and correction through robotic hands is immense. In
[2], the authors state that there is a crucial need for limb-
absent people to have their artificial hands be able to detect
and correct object slippage since they do not have a direct
feedback from the robotic hand sensors. As discussed in [3],
it is important for robotic hands to be able to pick up or
catch an object with an unknown mass and friction where
the goal is to reliably hold the object without the object
slipping or over correcting for slippage and crushing the
object. This will add tremendous value to the service robots
such as customer service robots which are robots that are
intended to interact with customers. Between 2019 and 2021,
approximately 40,500 customer service robots will be sold
[6]. Therefore, there is a need and use for dexterous hands
that implement a slippage detection and correction algorithm.

Fig. 1: Care-O-bot 3 Service Robot

In contrast to [2] where slippage detection using the
BioTac SP sensors was achieved through the sole application
of an artificial neural network classifier, our approach relies
on the statistics of the sensor data around the slippage time.
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The contributions of this work are as follows. First, we’ve
collected a dataset of both haptic and vision data for slippage
detection and correction problems with Biotac Tactile sensors
and a high resolution camera. Second, we analyzed the
statistic of the dataset including the empirical distribution
and the correlation of the haptic data. Finally, we propose
a control framework for slippage detection and correction
based on the sensor data, such that the slippage could be
corrected.

The rest of the extended abstract is organized as follows. In
section 2, we describe our data collection process and types
of sensor data of the experiment. Section 3 discusses our
slippage detection and correction algorithm and we conclude
in section 4.

II. DATA DESCRIPTION

Sixty four sets of synchronized haptic and visual data
were collected for the slippage detection and correction
experiment. The schematic of the haptic sensor is shown
in figure 2 and a high resolution camera is used to record
the visual data. For each experiment, the bottle is initially
securely held by the BioTac SP sensors that were attached
to the Shadow Hand fingers. The bottle is held at the same
height at the beginning of each experiment. During the
experiment, weight is added to the bottle at a consistent rate
by pouring bb pellets into the bottle. The experiment is run
until the bottle slips completely from the hand. The visual
data is synchronized with the haptic data using ROS platform
[4] during the data collection process.

(a) BioTac Sensor Schematic (b) Electrodes Locations

Fig. 2: BioTac Sensor Schematic and Electrode locations

A. Haptic Data

Haptic data is sampled at 100HZ. Each sample has a
dimension of 5 × 29, where 5 is the number of fingers and
29 is the number of sensor data for each finger. There are
24 electrodes on each finger, and the electrodes locations
are shown in figure 2b. The types of the sensor data are
summarized in figure 4.



(a) Initial configuration (b) Slippage occurs (c) End of experiment

Fig. 3: Slippage Detection and Correction Experiment

Fig. 4: BioTac Sensor Data Types

B. Visual Data

Visual data is sampled at 30 frames per second. The
resolution of the image is 1920× 1080. Some representative
samples of the collected visual data is shown in figure 3.

III. SLIPPAGE CORRECTION ALGORITHM

In order to correct or prevent the slippage, it is important
to understand the statistics of sensor data before, during
and after the slippage. We first use a median flow track-
ing algorithm [5] to determine the time that the slippage
first happens for each experiment. The median flow tracker
tracks the object in both forward and backward directions
in time and measures the discrepancies between these two
trajectories. Minimizing this ForwardBackward error enables
the tracker to reliably track the object. We use the tracker to
track the object grasped in hand and detect if the slippage
occurs based on the velocity of the object. We denote t∗j as
the first moment that slippage occurs for the jth experiment.

Fig. 5: Median Flow Tracker is used to determine t∗j . In this
experiment, first slippage is detected at frame 54 and t∗j=1.8s

Once we have determined the slippage time t∗j for each
j ∈ {1 · · · 64}, we then align our data based on t∗j since
we’re interested in the statistics around the slippage time.

We denote the electrodes data as xi
j,k(t), where i is the

quantization level, j is the index for the experiment number,
k ∈ {1 · · · 24} is the electrode index, and t is the time
index. The empirical distributions for the electrodes data
are calculated for t ∈ [t∗j − ta, t

∗
j + tb], where ta and

tb are the constants to represent the time around slippage
occurs. During the testing phase, we will calculate the cross-
correlation between the real-time haptic data and the haptic
data we collected right before the slippage occurs. A high
correlation will suggest a possible slippage, and the forces
applied on the object by the fingers should be increased to
prevent the slippage. We tested our algorithm with the same
experiment setup as described in section 2, and the robotic
hand is able to grasp harder when the weight increases and
prevent slippage.

IV. CONCLUSIONS

In this extended abstract, we investigated the slippage
detection and correction problem using both haptic and visual
data. We first describe the data collection process for our
experiments. Then the median flow tracking algorithm is
used to determine the t∗j for each experiment, and we then
analyze the statistics for the haptic data around the slippage
time. We propose a slippage correction algorithm which
automatically increases the grasping force when the real-
time haptic data has a high correlation with the pre-slip
haptic data. Our algorithm shows high accuracy to detect
and prevent the slippage.
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