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A long-anticipated, yet hitherto unfilled goal in Robotics research has been to have robotic
agents seamlessly integrating with humans in their natural environments, and performing useful
tasks alongside humans. While tremendous progress has been made in allowing robots to perceive
visually, and understand and reason about the scene, the act of manipulating said environment still
remains a challenging and incomplete task.

For robotic agents to have capabilities where they can perform useful tasks in environments
that are not specifically designed for their operation, it is crucial to have dexterous manipulation
capabilities guided by some form of tactile perception. While visual perception provides a large-
scale understanding of the environment, tactile perception allows fine-grained understanding of
objects and textures. For truly useful robotic agents, a tightly coupled system comprising both
visual and tactile perception is a necessity.

Tactile sensing hardware can be classified on a spectrum, organized by form-factor on one



end to sensing accuracy and robustness on the other. Most off-the-shelf sensors available today
trade off one of these features for the other. The tactile sensor used in this research, the BioTac
SP, has been selected for its anthropomorphic qualities, such as its shape and sensing mechanism
while compromising on quality of sensory outputs. This sensor provides a sensing surface, and
returns 24 tactile points of data at each timestamp, along with pressure values.

We first present a novel method for contact and motion estimation through visual percep-
tion, where we perform non-rigid registration of a human performing actions and compute dense
motion estimation trajectories. This is used to compute topological scene changes, and is re-
fined to get object and contact segmentation. We then ground these contact points and motion
trajectories to an intermediate action-graph, which can then executed by a robot agent.

Secondly, we introduce the concept of computational tactile flow, which is inspired by
fMRI studies on humans where it was discovered that the same parts of the brain that react to
optical motion stimulus also react to tactile stimulus. We mathematically model the BioTac SP
sensor, and interpolate surfaces in two- and three dimensions, on which we compute tactile flow
fields. We demonstrate the flow fields on various surfaces, and suggest various useful applications
of tactile flow.

We next apply tactile feedback to a novel controller, that is able to grasp objects without
any prior knowledge about the shape, material, or weight of the objects. We apply tactile flow
to compute slippage during grasp, and adjust the finger forces to maintain stable grasp during
motion. We demonstrate success on transparent and soft, deformable objects, alongside other
regularly shaped samples.

Lastly, we take a different approach to processing tactile data, where we compute tactile

events taking inspiration from neuromorphic computing literature. We compute spatio-temporal



gradients on the raw tactile data, to generate event surfaces, which are more robust and reduces
sensor noise. This intermediate surface is then used to track contact regions over the BioTac
SP sensor skin, and allows us to detect slippage, track spatial edge contours, and magnitude of

applied forces.
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Chapter 1: Extracting Contact and Motion from Manipulation Videos

When we physically interact with our environment using our hands, we touch objects and
force them to move: contact and motion are defining properties of manipulation. In this work, we
present an active, bottom-up method for the detection of actor-object contacts and the extraction
of moved objects and their motions in RGBD videos of manipulation actions. At the core of our
approach lies non-rigid registration: we continuously warp a point cloud model of the observed
scene to the current video frame, generating a set of dense 3D point trajectories. Under loose
assumptions, we employ simple point cloud segmentation techniques to extract the actor and
subsequently detect actor-environment contacts based on the estimated trajectories. For each
such interaction, using the detected contact as an attention mechanism, we obtain an initial motion
segment for the manipulated object by clustering trajectories in the contact area vicinity and then
we jointly refine the object segment and estimate its 6DOF pose in all observed frames. Because
of its generality and the fundamental, yet highly informative, nature of its outputs, our approach
is applicable to a wide range of perception and planning tasks. We evaluate our method on a
number of input sequences and present a comprehensive robot imitation learning example, in
which we demonstrate the crucial role of our outputs in developing action representations/plans

from observation.



1.1 Introduction

A manipulation action, by its very definition, involves the handling of objects by an intelli-
gent agent. Every such interaction requires physical contact between the actor and some object,
followed by the exertion of forces on the manipulated object, which typically induce motion.
When we open a door, pick up a coffee mug, or pull a chair, we invariably touch an object and
cause it (or parts of it) to move. This obvious observation demonstrates that contact and motion
are two fundamental aspects of manipulation.

Contact and motion information alone are often sufficient to describe manipulations in a
wide range of applications, as they naturally encode crucial information regarding the performed
action. Contact encodes where the affected object was touched/grasped, as well as when and for
how long the interaction took place. Motion conveys what part of the environment (i.e. which
object or object part) was manipulated and how it moved.

The ability to automatically extract contact and object motion information from video either
directly solves or can significantly facilitate a number of common perception tasks. For example,
in the context of manipulation actions, knowledge of the spatio-temporal extent of an actor-
object contact automatically provides action detection/segmentation in the time domain, as well
as localization of the detected action in the observed space [1,2]. At the same time, motion
information bridges the gap between the observation of an action and its semantic grounding.
Knowing what part of the environment was moved effectively acts as an attention mechanism for
the manipulated object recognition [3,4], while the extracted motion profile provides invaluable
cues for action recognition, in both “traditional” [1,2,5-20] and deep learning [21] frameworks.

Robot imitation learning is rapidly gaining attention. The use of robots in less controlled



workspaces and even domestic environments necessitates the development of easily applicable
methods for robot “programming”: autonomous robots for manipulation tasks must efficiently
learn how to manipulate. Exploiting contact and motion information can largely automate robot
replication of a wide class of actions. As we will discuss later, the detected contact area can
effectively bootstrap the grasping stage by guiding primitive fitting and grasp planning, while the
extracted object and its motion capture the trajectory to be replicated as well as any applicable
kinematic/collision constraints. Thus, the components introduced in this work are essential for
building complex, hierarchical models of action (e.g., behavior trees, activity graphs) as they
appear in the recent literature [22-28].

In this work, we present an unsupervised, bottom-up method for estimating from RGBD
video the contacts and object motions in manipulation tasks. Our approach is fully 3D and relies
on dense motion estimation: we start by capturing a point cloud model of the observed scene and
continuously warp/update it throughout the duration of the video. Building upon our estimated
dense 3D point trajectories, we use simple concepts and common sense rules to segment the actor
and detect actor-environment contact locations and time intervals. Subsequently, we exploit the
detected contact to guide the motion segmentation of the manipulated object and, finally, estimate
its 6DOF pose in all observed video frames. Our intermediate and final results are summarized
in Table 1.1.

It is worth noting that we do not treat contact detection and object motion segmenta-
tion/estimation independently: we use the detected contact as an attention mechanism to guide
the extraction of the manipulated object and its motion. This active approach provides an ele-
gant and effective solution to our motion segmentation task. A passive approach to our problem

would typically segment the whole observed scene into an unknown (i.e. to be estimated) num-



ber of motion clusters. By exploiting contact, we avoid having to solve a much larger and less
constrained problem, while gaining significant improvements in terms of both computational ef-
ficiency and segmentation/estimation accuracy.

The generality of our framework, combined with the highly informative nature of our out-
puts, renders our approach applicable to a wide spectrum of perception and planning tasks. In
Section 1.3, we provide a detailed technical description of our method, while in Section 1.4,
we demonstrate our intermediate results and final outputs for a number of input sequences. In
Section 1.5, we present a comprehensive example of how our outputs were successfully used to

facilitate a robot imitation learning task.

1.2 Related Work

We focus our literature review on recent works in four areas that are most relevant to the
our twofold problem, and the major processes/components upon which we build. We deliberately
do not review works from the action recognition literature; while our approach may very appro-
priately become a component of a higher-level reasoning solution, the scope of this work is the
extraction of contacts, moving objects, and their motions.

Scene flow. Scene flow refers to the dense 3D motion field of an observed scene with
respect to a camera; its 2D projection onto the image plane of the camera is the optical flow.
Scene flow, analogously to optical flow, is typically computed from multi-view frame pairs [29].
There have been a number of successful recent works on scene flow estimation from RGBD
frame pairs, following both variational [30-34] and deep learning [35] frameworks. While being

of great relevance in a number of motion reasoning tasks, plain scene flow cannot be directly



integrated into our pipeline, which requires model-to-frame motion estimation: the scene flow
motion field has a 2D support (i.e. the image plane), effectively warping the 2.5D geometry of an
RGBD frame, while we need to appropriately warp a full 3D point cloud model.

Non-rigid registration. The non-rigid alignment of 3D point sets can be viewed as a gen-
eralization of scene flow, in the sense that the estimated motion field is supported by a 3D point
cloud: the goal is to estimate point-wise transformations (usually rigid) that best align the point
set to the target geometry under certain global prior constraints (e.g., ‘as-rigid-as-possible’ [36]).
The warp field estimation is performed either by iterating between correspondence estimation and
motion optimization [37—40], or in a correspondence-free fashion, by aligning volumetric SDFs
(Signed Distance Fields) [41]. For this work, and due to lack of publicly available solutions, we
have implemented a non-rigid registration algorithm very similar to [39] and [40] (Section 1.3.2).

Contact detection. A CNN-based method for grasp recognition is introduced in [42]. A 2D
approach for detecting “touch” interactions between a caregiver and an infant is presented in [43].
To the best of our knowledge, there is no prior work on explicitly determining the spatiotemporal
extent of human-environment contact.

Motion segmentation. A very large volume of works on motion segmentation have casted
the problem as subspace clustering of 2D point trajectories, assuming an affine camera model
[44-54]. In [55], an active approach for the segmentation and kinematic modeling of articulated
objects is proposed, which relies on the robot manipulation capabilities to induce object motion.
In [56], object segmentation is performed from two RGBD frames, one before and one after
the manipulation of the object, by rigidly aligning and ‘differencing’ the two views and robustly
estimating rigid motion between the ‘difference’ regions. The same method is used in [30], where
scene flow is used to obtain motion proposals, followed by an MRF inference step. In [57], joint

5



tracking and reconstruction of multiple rigidly moving objects is achieved by combining two
segmentation/grouping strategies with multiple surfel fusion [58] instances. A naive integration
of a generic motion segmentation algorithm for the extraction of the manipulated object into our
pipeline would be suboptimal in multiple ways. For instance, given the fact that there may exist
an unknown number of other object motions that are irrelevant to the manipulation, we would
be solving an unnecessarily hard problem. For the same reason, we would have little control
over the segmentation granularity, which could cause the manipulated object to be over/under-
segmented. Instead, we leverage the detected contact and bootstrap our segmentation by an

informed trajectory clustering approach that is similar to [59].

1.3  Our Approach

1.3.1 Overview

We present an automated system that, given a video of a human performing a manipulation
task as input, detects and tracks the parts of the environment that participate in the manipulation.
More specifically, our system is able to visually detect physical contact between the actor and
their environment, and, using contact as an attention mechanism, eventually segment the manip-
ulated object and estimate its 6DOF pose in every observed video frame. Our pipeline, as well
as the interactions of the involved processes, are sketched in Fig. 1.1 and followed by a more
detailed description. An in-depth discussion of our core modules is provided in the following
subsections.

The input to our system is an RGBD frame sequence, captured by a commodity depth

sensor, of a human actor performing a task that involves the manipulation of objects in their
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Figure 1.1: A high-level overview of our modules and their connections in the proposed pipeline.

environment. We assume that the input depth images are registered to and in sync with their
color counterparts. Using estimates of the color camera intrinsics (e.g., from the manufacturer
provided specifications), all input RGBD frames are back-projected to 3D point clouds (colored,
with estimated surface normals), on which all subsequent processing is performed.

At the core of our method lies non-rigid point cloud registration, described in detail in
Section 1.3.2. An initial point cloud model of the observed scene is built from the first observed
frame and is then consecutively transformed to the current observation based on the estimated
model-to-frame warp field at every time instance. This process generates a dense set of point
trajectories, each associated with a point in the initial model. In order to keep the presentation
clean, we opted to obtain the scene model from the first frame and keep it fixed in terms of its
point set. Non-rigid reconstruction techniques for updating the model over time [39,40] can be
easily integrated to our pipeline if required.

To perform actor/background segmentation, we follow the semi-automatic approach de-
scribed in Section 1.3.3. The obtained binary labeling is propagated to the whole temporal extent

of the observed action via our estimated dense point trajectories, and enables us to easily detect



human-environment contacts as described in Section 1.3.4.

Given the dense scene point trajectories, the actor/background labels, and the (hand) con-
tact interaction locations and time intervals, our final goal is, for each detected interaction, to
segment the manipulated object and re-estimate its motion for every time instance, assuming it is
rigid (i.e. fully defined by a 6DOF pose). Our contact-guided motion segmentation approach for
this task is described in Section 1.3.5.

In Table 1.1, we summarize our proposed system’s expected inputs, final outputs, and some

useful generated intermediate results.

Table 1.1: List of the inputs, intermediate results, and final outputs of our proposed system.

Input Intermediate results Final outputs
e Dense 3D point trajectories for the « 3D trajectories of detected actor-environment
RGBD video of whole sequence duration contact points
ipulati . . .
manipiation * Actor/background labels for all model ¢ Manipulated object segments and their 6DOF
points at all times poses for every time point

1.3.2  Non-rigid registration

As described in the previous subsection, whenever a new RGBD frame (point cloud) be-
comes available, our scene model is non-rigidly warped from its previous state (that corresponds
to the previous frame) to the new (current) observation. Since parts of the scene model may be
invisible in the current state (e.g., because of self-occlusion), we cannot directly apply a tradi-
tional scene flow algorithm, as that would only provide us with motion estimates for (some of) the
currently visible points. Instead, we adopt a more general approach, by implementing a non-rigid
Iterative Closest Point (ICP) algorithm, similar to [38—40].

As is the case with rigid ICP [60], our algorithm iterates between a correspondence search

8



step and a warp field optimization step for the given correspondences. Our correspondence search
typically amounts to finding the nearest neighbors of each point in the current frame to the model
point cloud in its previous state. Correspondences that exhibit large point distance, normal angle,
or color difference are discarded. Nearest neighbor searches are done efficiently by parallel kd-
tree queries.

In the following, we will focus on the warp field optimization step of our scheme. It has
been found that modeling the warp field using locally affine [38] or locally rigid [39] transforma-
tions provides better motion estimation results than adopting a simple translational local model,
due to better regularization. In our implementation, for each point of the scene model in its
previous state, we compute a full 6DOF rigid transformation that best aligns it to the current
frame.

Let X = {x;} be the set of scene model points in the previous state that need to be reg-
istered to the point set Y = {y;} of the current frame, whose surface normals we denote by
Y™ = {n;}. Let S = {s;} C {1,...,|X|} and D = {d;} C {1,...,|Y|} be the index sets
of corresponding points in X and Y respectively, such that (z,, y,,) is a pair of corresponding
points. Let 7" = {7;} be the unknown warp field of rigid transformations, such that 7; € SE(3)
and |T'| = | X, and T;(z;) denote the application of T; to model point x;. Local transformations
are parameterized by 3 Euler angles («, 3, ) for their rotational part and 3 offsets (t*, Y, t*) for

T
their translational part, and are represented as 6D vectors T; = o B oy tE ot

7
Our goal at this stage is to estimate a warp field 7', of 6| X'| unknown parameters, that maps

model points in S as closely as possible to frame models in D. We formulate this property as the

minimization of a weighted combination of sums of point-to-plane and point-to-point squared



distances between corresponding pairs:

S| |S]

Eaaa(T) =Y (0} (T (25) = ¥4,))” + Wpoine 3 I Ts, (ws,) —

i=1 i=1

(1.1)

Pure point-to-plane metric optimization generally converges faster and to better solutions
than pure point-to-point [61] and is the standard trend in the state of the art for both rigid [58,62]
and non-rigid [39,40] registration. However, we have found that integrating a point-to-point term
(second term in Eqn. 1.1) with a small weight (e.g., with wpe,: =~ 0.1) to the registration cost
improves motion estimation on surfaces that lack geometric texture.

The set of estimated correspondences is only expected to cover a subset of X and Y, as not
all model points are expected to be visible in the current frame, and the latter may suffer from
missing data. Furthermore, even for model points with existing data terms (correspondences)
in Eqn. 1.1, analogously to the aperture problem in optical flow estimation, the estimation of
point-wise transformation parameters locally is under-constrained. These reasons render the min-
imization of the cost function in Eqn. 1.1 ill-posed. To overcome this, we introduce a “stiffness”
regularization term that imposes an as-rigid-as-possible prior [36] by directly penalizing differ-
ences between transformation parameters of neighboring model points in a way similar to [38].
We fix a neighborhood graph on X, based on point locations, and use N (i) to denote the indices

of the neighbors of point z; to formulate our stiffness term as:

| X

Egips (T Z Z Wi |T; — T; || (1.2)

i=1 jeN(3)

where w;; = exp (— [|lz; — z;]|* / (202,,)). 0req controls the radial extent of the regularization

10



neighborhoods, and ‘—’ denotes regular matrix subtraction for the 6D vector representations of
the local transformations. Our complete registration cost function is a weighted combination of
costs Egns. 1.1 and 1.2:

E(T) = Egata(T) + wstif Estifr(T) (1.3)

To minimize Eqn. 1.3, we use the same linear approximation of local transformations as
in [63]. Specifically, for small Euler angles, the rotation matrix associated with each local trans-
formation can be approximated by a matrix whose entries only consist of linear functions of the
unknown angles. Under this assumption, all vector differences involved in the summands of our
cost function can be written as linear expressions of the unknowns. Therefore, Eqn. 1.3 can be

approximated in the form:

E(T) =~ || A vec(T) — b||”, (1.4)

where matrix A and vector b encode all data and regularization terms and vec(T) is our vector of
unknowns (the vertical concatenation of all 7; into a single 6| X | x 1 column vector). Minimizing
Eqn. 1.4 is a standard linear least-squares problem, which we solve using Cholesky factorization.
Because of the above approximation, more than one linearization-minimization iterations may
be required for convergence. However, since our warp field optimization is anyway part of an
iterative procedure, a single iteration is sufficient in practice.

In Fig. 1.2, we show two sample outputs of our algorithm in an RGBD frame pair non-rigid
alignment scenario. Our registration module accurately estimates deformations even for complex

motions of significant magnitude.
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Figure 1.2: Non-rigid registration: displacement vectors are depicted as white lines, aligning the
source (red) to the target (blue) geometry.

1.3.3 Human actor segmentation

We follow a semi-automatic approach to perform actor/background segmentation that relies
on simple point cloud segmentation techniques.

We construct a proximity graph over the scene model points in the initial state, in which
each node is a model point and two nodes are connected if and only if their Euclidean distance
falls below a predefined threshold. Assuming that the actor is initially not in contact with any
other part of the scene (i.e. the minimum distance of an actor point to a background point is at
least our predefined distance threshold) and the observed actor points are not too severely discon-
nected in the initial state, the actor points will be exactly defined by one connected component
of this proximity graph. The selection of the correct (actor) component can be automated by
filtering all the extracted components based on context-specific criteria (e.g., rough size, shape,

location, etc.) or by picking the component whose image projection exhibits maximum overlap
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with the output of a 2D human detector [64,65]. Equivalently, we may begin by selecting a seed
point known to belong to the actor and then perform region growing on the model point cloud
until our distance threshold is no longer satisfied. Again, the selection of the seed point can be
automated by resorting to standard 2D means (e.g., by picking the point with the strongest skin
color response [66,67] within a 2D human detector output [64,65]).

We believe that the assumptions imposed by our Euclidean clustering based approach for
the actor segmentation task are not too restricting, as the main setting we focus on (representing
human demonstrations for robot learning) is reasonably controlled in the first place.

We note that, since we opted to keep the scene model point set fixed and track it throughout

the observed action, the obtained segmentation automatically becomes available at all time points.

1.3.4 Contact detection

The outputs of the above two processes are a dense set of point trajectories and their re-
spective actor/background labels. Given this information, it is straightforward to reason about
contact, simply by examining whether the minimum distance between parts of the two clusters is
small enough at any given time. In other words, we can easily infer both when the actor comes
into/goes out of contact with part of the environment and where this interaction is taking place.

Some of the contact interactions detected using this criterion may, of course, be semanti-
cally irrelevant to the performed action. Since semantic reasoning is not part of our core frame-
work, these cases have to be handled by a higher lever module. However, under reasonably
controlled scenarios, we argue that it is sufficient to simply assume that the detected contacts are

established by the actor hands, with the goal of manipulating an object in their environment.
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1.3.5 Manipulated object motion/segmentation

Knowing the dense scene point trajectories, labeled as either actor or background, as well
as the contact locations and intervals, our next goal is to infer what part of the environment is
being manipulated, or, in other words, which object was moved. We assume that every contact
interaction involves the movement of a single object, and that the latter undergoes rigid motion.
In the following, we only focus on the background part of the scene around the contact point area,
ignoring the human point trajectories. We propose the following two-step approach.

First, we bootstrap our segmentation task by finding a coarse/partial mask of the moving
object, using standard unsupervised clustering techniques. Specifically, we cluster the point tra-
jectories that are labeled as background and lie within a fixed radius of the detected contact point
at the beginning of the interaction into two groups. We adopt a spectral clustering approach,
using the ‘random walk’ graph Laplacian [68] and a standard k-means last step. Our pairwise
trajectory similarities are given by s;; = exp (—(dmaz — dinin)?/(20?)), where dpin, and dp,, are
the minimum and maximum Euclidean point distance of trajectories 7 and j over the duration of
the interaction, respectively. This similarity metric enforces similar trajectories to exhibit rela-
tively constant point-wise distances, i.e. promotes clusters that undergo rigid motion. From the
two output clusters, one is expected to cover (part of) the object being manipulated. Operating
under the assumption that only interaction can cause motion in the scene, we pick the cluster that
exhibits the largest average motion over the duration of contact as our object segment candidate.

In the above, we restricted our focus within a region of the contact point, in order to /)
avoid that our binary classification is influenced by other captured motions in the scene that are

not related to the current interaction, and 2) make the classification itself more computationally
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tractable. As long as these requirements are met, the choice of radius is not important.
Subsequently, we obtain a refined, more accurate segment of the moving object by requiring
that the latter undergoes a rigid motion that is at every time point consistent with that of the
previously found motion cluster. Let B* denote the background (non-actor) part the scene model
point cloud at time ¢, fort = 0,...,7, and Mt C B! be the initial motion cluster state at the
same time instance. For all ¢t = 1,...,T, we robustly estimate the rigid motion between point
sets M° and M? (i.e. relative to the first frame), using the closed form solution of [69] under a
RANSAC scheme, and then find the set of points in all of B! that are consistent with this motion
model between B° and B?. If we denote this set of motion inliers by I* (which is a set of indices
of points in B'), we obtain our final object segment for this interaction as the intersection of inlier

indices for all time instances t = 1,...,7T"
T
=1 (1.5)
t=1

The subset of the background points indexed by 7, as well as the per-frame RANSAC motion

(pose) estimates of this last step, are the final outputs of our pipeline for the given interaction.

1.4 Experiments

We provide a qualitative evaluation of our method for video inputs recorded in different
settings, covering three different scenarios: /) a tabletop object manipulation that involves flip-
ping a pitcher, 2) opening a drawer, and 3) opening a room door. All videos were captured from
a static viewpoint, using a standard RGBD sensor.

For each scenario, we depict (in Fig. 1.3, 1.4, and 1.5, respectively) the scene model
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point cloud state at three time snapshots: one right before, one during, and one right after the
manipulation. For each time point, we show the corresponding color image and render the tracked
point cloud from two viewpoints. The actor segment is colored green, the background is red,
and the detected contact area is marked by blue. We also render the point-wise displacements
induced by the estimated warp field (from the currently visible state to its next) as white lines
(mostly visible in areas that exhibit large motion). The outputs displayed in these figures are in

direct correspondence with the processes described in Sections 1.3.2, 1.3.3, and 1.3.4.

Figure 1.3: Flipping a pitcher: scene tracking, labeling, and contact detection.

Next, we demonstrate our attention-driven motion segmentation and 6DOF pose estima-
tion of the manipulated object. In Fig. 1.6, we render the background part of the scene model
at its initial state with the actor removed and show the two steps of our segmentation method

described in Section 1.3.5. In the middle column, the blue segment corresponds to the initial
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Figure 1.4: Opening a drawer: scene tracking, labeling, and contact detection.

motion segment, obtained by clustering trajectories in the vicinity of the contact point, which
was propagated back to the initial model state and is highlighted in yellow. In the left column, we
show the refined, final motion segment. We note that, because of our choice of the radius around
the contact point in which we focus out attention in the first step, the initial segment in the first
two cases is the same as the final one. In Fig. 1.7, we show the estimated rigid motion (6DOF
pose) of the segmented object. To more clearly visualize the evolution of object pose over time,
we attach a local coordinate frame on the object, at the location of the contact point, whose axes

were set as the principal components of the object point set.

17



Figure 1.5: Opening a door: scene tracking, labeling, and contact detection.

1.5 Application: Replication from Observation by a robot

For any human-environment task to be successful, there is a well-defined process involved,
demarcated into phases depending on human-environment contact and consequent motion. This
allows us to generate a graph representation for actions, such as that shown in Fig. 1.8, for the
task of opening a refrigerator. Given this general representation of tasks, we demonstrate how
our algorithm allows grounding of the grasp and release parts, based on contact detection, and
also of the feedback loop for opening the door, based on motion analysis of segmented objects.
Such a representation, featuring a tight coupling of planning and perception, is crucial for robots
to observe and replicate human actions.

We now present a comprehensive application of our method to a real-world task, where
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(b) Opening a drawer.

n o R

(c) Opening a door.

Figure 1.6: Motion segmentation of the manipulated object. First column: scene background
points (the actor is removed). Second column: initial motion segment (blue) obtained by spectral
clustering of point trajectories around contact area (yellow). Third column: Final motion seg-
ment.
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(a) Flipping a pitcher.

(b) Opening a drawer.

(c) Opening a door.

Figure 1.7: Estimated rigid motion of the manipulated object. A coordinate frame is attached
to the object segment (blue) at the contact point location (yellow). First column: temporal ac-
cumulation of color frames for the whole action duration. Second column: object state before
manipulation. Third column: object trajectory as a series of 6DOF poses. Fourth column: object
state after manipulation.
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Figure 1.8: High-Level representation of opening a refrigerator door.

Figure 1.9: Robot observing a human opening a door.

a robot observes a human operator opening a refrigerator door and learns the process for repli-
cation. This can be seen in Fig. 1.9, where a RGBD sensor mounted to the robot’s manip-
ulator is used for observation. This process involves the segmentation of the human and the
environment from the observed video input, analyzing the contact between the human agent and

the environment (the refrigerator handle in this case), and finally performing 3D motion tracking
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and segmentation on the action of opening the door, using our methods elucidated in Section 1.3.
These analyses, and the corresponding outputs, are then converted into an intermediate graph-
like representation, which encodes both semantic labeling of regions of interest, such as doors
and handles in our case, as well as motion trajectories computed from observing the human agent.
The combination of these allow the robot to understand and generalize the action to be performed
even in changing scenarios.

We present a detailed explanation of each step involved in the process of a robot’s repli-
cation of an action by observing a human. This entire process is visually described in Fig. 1.10,

which separates our application into three phases, namely preprocessing, planning and execution.

1.5.1 Preprocessing Stage

The preprocessing stage is responsible for taking the contact point, object segments and
their motion trajectories, as described in Fig. 1.1, and converting them into robot-specific trajec-
tories for planning and execution. A visualization of this input can be seen in Fig. 1.11, where
(a) depicts the RGB frame of the human performing the action. Subfigure (b) shows the contact
point, highlighted in yellow, along with an initial object frame. Subfigure (¢) demonstrates a dy-
namic view of the motion trajectory and segmentation of the door, along with the tracked contact
point axes across time. Subfigure (d) shows the final pose of the door, after opening has finished.

In this stage, we exploit domain knowledge to semantically ground contact points and
object segments, in order to assist affordance analysis and common-sense reasoning for robot

manipulation, since that provides us with task-dependent priors. For instance, since we know
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Figure 1.10: State transition diagram of our process.

that our task involves opening a refrigerator door, we can make prior assumptions that the contact
point between the human agent and the environment will happen at the handle and any consequent

motion will be of the door and handle only.
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(a) Diagram depicting refrigerator handle detection. (b) Point cloud of refrigerator with detected handle
and door.

Figure 1.12: Handle detection.

1.5.1.1 Door Handle Detection

These priors allow us to robustly fit a plane to the points of the door (extracted object)
using standard least squares fitting under RANSAC and obtain a set of points for the door handle
(plane outliers). We then fit a cylinder to these points, in order to generate a grasp primitive with
a 6 DOF pose, for robot grasp planning. The estimated trajectories of the object segment, as

mentioned in Table 1.1, are not directly utilized by the robot execution system, but must instead
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be converted to a robot-specific representation before replication can take place. Our algorithm
outputs a series of 6DOF poses P; for every time point ¢; € T". These are then converted to a

series of robot-usable poses for the planning phase.

1.5.2 Planning Stage

Figure 1.13: Visualization of planning stage

The outputs from the preprocessing stage, namely the robot-specific 6DOF poses of the
handle and the cylinder of specified radius and height depicting the handle are passed in to the
planning stage of our pipeline, for both grasp planning and trajectory planning. The Robot Vi-
sualizer (rviz) [70] package in ROS allows for simulation and visualization of the robot during
planning and execution, via real-time feedback from the robot’s state estimator. It also has point
cloud visualization capabilities, which can be overlaid over primitive shapes. We use this tool for

the planning stage, with the Baxter robot and our detected refrigerator.
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1.5.2.1 Grasp Planning

Given a primitive shape, such as a block or cylinder, we are able to use the Movelt! Simple
Grasps [71] package to generate grasp candidates for a parallel gripper (such as one mounted on
the Baxter robot). The package integrates with the “Movelt!” library’s pick and place pipeline
to simulate and generate multiple potential grasp candidates, i.e. approach poses. There is also a
grasp filtering stage, which uses task and configuration specific constraints to remove kinemati-
cally infeasible grasps, by performing feasibility tests via inverse kinematics solvers. At the end
of the grasp planning pipeline, we have a set of candidate grasps, sorted by a grasp quality metric,

of which one is chosen for execution in the next stage.

1.5.2.2 Trajectory Planning

The ordered set of the poses over time obtained from the preprocessing stage is then used to
generate a Cartesian path, using the Robot Operating System’s “Movelt!” [72] motion planning
library. This abstraction allows us to input a set of poses through which the end-effector must
pass, along with parameters for path validity and obstacle avoidance. “Movelt!” then uses inverse
kinematics solutions for the specified manipulator configuration combined with sampling-based
planning algorithms, such as Rapidly-Exploring Random Trees [73], to generate a trajectory for

the robot to execute.

1.5.3 Execution Stage

The execution stage takes as input the grasp and trajectory plans generated in the planning

stage and executes the plan on the robot. First, the generated grasp candidate is used to move the
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Figure 1.14: Robot replicating human by opening refrigerator

end-effector to a pre-grasp pose and the parallel gripper is aligned to the cylindrical shape of the
handle. The grasp is executed based on a feedback control loop, with the termination condition
decided by collision avoidance and force feedback. Upon successful grasp of the handle, our
pipeline transitions into the trajectory execution stage, which attempts to follow the generated
plan based on feedback from the robot’s state estimation system. Once the trajectory has been
successfully executed, the human motion replication pipeline is complete. This execution process
is demonstrated by the robot in Fig. 1.14, beginning with the robot grasping the handle in the top-
leftmost figure and ending with the robot releasing the handle in the bottom-leftmost figure, with
intermediate frames showing the robot imitating the motion trajectory of the human.

In future work, we plan to implement a dynamic motion primitives [74] (DMP) based

approach, which will allow more accurate and robust tracking of trajectories by the robot.
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1.6 Conclusions

In this work, we have introduced an active, bottom-up approach for the extraction of two
fundamental features of an observed manipulation, namely the contact points and motion trajec-
tories of segmented objects. We have demonstrated the success of our algorithm on a diverse set
of video inputs and described in detail its crucial role in a robot imitation scenario. Owing to its
general applicability and the manipulation-defining nature of its output features, our method can
effectively bridge the gap between observation and the development of action representations and
plans.

There are many possible directions for future work. At a lower level, we plan to integrate
dynamic reconstruction into our pipeline to obtain a more complete model for the manipulated
object; at this stage, this can be achieved by introducing a step of static scene reconstruction
before the manipulation happens, after which we run our algorithm. We also plan to extend our
method so that it also can handle articulated manipulated objects, as well as objects that are
indirectly manipulated (e.g., via the use of tools).

On the planning end, one of our future goals is to release a software component for the fully
automated replication of door opening tasks (Section 1.5), given only a single demonstration.
This module will be hardware agnostic up until the final execution stage of the pipeline, such
that the generated plan to be imitated can be handled by any robot agent, given the specific

manipulator and end-effector configurations.
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Chapter 2: Computational Tactile Flow for Anthropomorphic Grippers

Grasping objects requires tight integration between visual and tactile feedback. However,
there is an inherent difference in the scale at which both these input modalities operate. It is thus
necessary to be able to analyze tactile feedback in isolation in order to gain information about the
surface the end-effector is operating on, such that more fine-grained features may be extracted
from the surroundings. For the tactile perception of the robot, inspired by the concept of the
tactile flow in humans, we present the computational tactile flow to improve the analysis of the
tactile feedback in robots using a Shadow Dexterous Hand.

In the computational tactile flow model, given a sequence of pressure values from the tactile
sensors, we define a virtual surface for the pressure values and define the tactile flow as the optical
flow of this surface. We provide case studies that demonstrate how the computational tactile flow
maps reveal information on the direction of motion and 3D structure of the surface, and feedback

regarding the action being performed by the robot.

2.1 Introduction

The concept of tactile flow, as it pertains to human manipulation and sensing, has been stud-
ied extensively both from a neurological as well as psychological perspective [75,76]. The part

of the brain responsible for receiving and processing tactile feedback is called the somatosensory
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cortex and is subdivided into three main areas, known as Brodmann’s areas 3a, 3b, 1 and 2. It is
important to understand how the human brain processes and decodes tactile information in order
to replicate it on robotic end-effectors. As our understanding of the human brain has developed,
so has the understanding of its shortcomings. This has led to a rise in research on tactile/haptic
illusions [75,77], in which the misperceptions of the tactile signals received by the brain are
leveraged to “fool” the mind into perceiving sensations that are not in sync with reality. This
allows a better understanding of how certain parts of the brain react to different input signals.

We believe that the tactile flow provides a rich understanding of the frictional forces be-
tween surfaces of the hand and the object. The friction interaction can be categorized into static
and dynamic interactions. In static interaction, the gripper does not move relative the object but it
performs an action on or with the object such as opening the lid of a jar or pushing and screwing
a screw in a wall. In the dynamic interaction, the gripper and the object have a relative motion
with respect to each other, mostly for detection of the surface.

Most of the existing research on the tactile flow has been performed on human subjects [75,
77,78] but has mostly considered the dynamic friction interaction. We use that as an inspiration
for some of our case studies and present other case studies to cover the static friction interaction.
It is important to attempt to replicate human studies on robotic systems, if we are to create robots
that function at a level similar to humans. This is especially true for anthropomorphic grippers,
such as the Shadow Dexterous Hand we use, since effective grasping using robotic systems is still
far from being a reality. To the best of our knowledge, this is the first paper to simulate tactile
flow on an electro-mechanical sensor, the BioTac, and we attempt to replicate some common
and representative tactile experiments on the robot. We perform our experiments on specially

designed experimental surfaces, which capture a variety of scenarios. We are able to use this
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computational tactile flow to discover the direction of motion of the finger, detect different surface
properties such as width and height of textures, recover 3D information about surface textures and
also angles of these textures for the dynamic interaction. Moreover, we are able to detect some

of the tactile flow patterns for various manipulation actions.

2.2 Related Work

The concept of tactile flow is not new and has been discussed and studied at length over
the years. It has been found that tactile flow in humans is a highly sensitive and important source
of proprioception and can override other cues to self-motion [78]. Harris, et al. conclude in this
work that due to the sensitivity of tactile flow, they act as an “emergency override” and even
minimal cues are enough to promote stability in a subject. This demonstrates the importance of
having good tactile sensory mechanisms in robotic systems, if they are to become pervasive in
day to day applications.

In a pilot study conducted by Ricciardi et al. [79], fMRI studies of the human brain have
discovered that visual and tactile flow both result in activation of the V5/MT cortex, suggesting
that a similar process occurs in the human brain when decoding motion cues from either visual
or tactile cues. They define tactile flow as the “flow associated with displacement of iso-stress
curves on the surface of contacting fingertips. This quantifies to our ability to perceive relative
motion as well as changes in pressure on the surfaces in contact with the fingertip(s). In our
presented work, we use this as the basis of our approach and show that conventional optical flow
algorithms can indeed be used to discover tactile flow, using the BioTac [80] sensors. We call

this process and our output, computational tactile flow using robotic sensors.
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On a more practical level, tactile feedback remains crucial to human grasping and manipu-
lation. In Chapter 7.3 of [81], the authors discuss the crucial nature of tactile slip, which encodes
information about the relative motion between the skin and the surface. We demonstrate that
our computational tactile flow also encodes this information and can be used as control feedback
for dynamic robot grasping. Similarly, applications such as robot-assisted surgery can greatly
benefit from tactile feedback, since it results in reduced (and more accurate) grasping forces on
objects [82] and thus improve control over the robotic system.

We also take note of the concept of “tactile illusions” or “haptic illusions” [75,77] which
leverages the aforementioned property of similar visual and tactile activation regions, in order to
induce misrepresentations caused by the dynamic tactile stimulation of the fingertips, and they
have been shown to be similar to how optical illusions work and can be explained by tactile flow
perception, which is the analog to optical flow. In future work, we would like to consider how
haptic illusions affect our computation of simulated tactile flow and how we may find mechanisms

to compensate for them.

2.3 Computational Tactile Flow

As it discussed in Sections 2.1 and 2.2, people construct tactile flows for their tactile sen-
sory stimuli. In this section, we propose a method for computing the tactile flow for a robotic

gripper equipped with tactile sensors.
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2.3.1 Robotic Hardware

We are using Shadow Dexterous Hand equipped with BioTac SP [80] tactile sensors on
its five fingers. Each of the BioTac SP sensors has multimodal sensory capabilities. They sense
contact forces, micro-vibrations, and temperature flux. All of the sensory electronics are attached
to a rigid core which receives the sensory information from a soft elastomeric skin through an
incompressible conductive fluid. The attached sensors include (i) a hydro-acoustic pressure sen-
sor for measuring the pressure of the whole fluid, (ii) a thermistor for measuring the vibrations
and heat flux, and, (iii) 24 distributed electrodes, called taxels (tactile pixels), for measuring the
changes of their electrical impedance in response to the deformation of the skin. Note that the
impedance values approximate the pressure that the fluid between the skin and core applies at
each electrode. Fig. 2.1 shows the BioTac SP tactile sensor with a layout of the electrode posi-
tions. The taxel 3-dimensional positions are not given by the manufacturer but provided in [83].

We use the same data in this work.

2.3.2  Smoothing the Data

The measured values of the sensor is noisy as it can be seen in Fig. 2.2a. Therefore, before
performing any interpretation on the data, we smooth the data using Kalman method, as shown
in Fig. 2.2b. First, we apply a Kalman filter with zero velocity model. We define the vector for

the sensor readings of the 24 taxels at each time step ¢ as

P = Ip(@i(t) ... pl@au(t)| - .1y

33



Figure 2.1: The BioTac SP sensor and layout of the taxels.

We choose the state transition matrix as ® = Io4, where I, is the 24 x 24 identity matrix. We
choose R = 0.005I5, and Q = 0.000151,, as the initial covariances of the measurement and

process noises. The filter iteratively updates the data to p(t|t) for the measurement p(t) as

p(tlt — 1) = dp(t — 1]t — 1)
Sitt—1)=dSt—-1t-1)®" +Q
K(t)=Stt—-1[S(tlt—1)+R]™!
S(t|t) = (Ly — K(1))S(t]t — 1)

p(t[t) = p(t|t — 1) + K ()(p(t) — p(t|t — 1)),
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where S is the state covariance matrix. We record the data over the time period 7' = {1... Np}.
After applying the filter, we smooth the data given the whole observed data to p(¢|T") by backward

iterations as

Lit) = St—1t—1)®"Stt—-1)"
St—1T) = S(t—1t—1)+
L(t)(S(tT) - S(tft — 1)) L(t)"
p(t—1T) = p(t—1]t—1)+

L(t)(p(t[T) — p(t]t — 1)).
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Figure 2.2: Sample trajectories of the sensor values.
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2.3.3 Tactile Data Interpolation

Taxels provide observed information only on their specific locations on the BioTac sensors.
To simulate the tactile flow on the sensor, we need the taxel values over the whole surface of the
sensor. We can find these values by interpolating the data on the surface of the sensor. The 3D
model of the sensor is not given but, using the least square error method, we realized that a half
ellipsoid fits the 24 taxel positions well. Fig. 2.3 shows a 3D visualization of the 24 taxels and

the fitted half-ellipsoid.
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Figure 2.3: The taxels and the half ellipsoid.

For the interpolation of taxel values at &, &; € R3 on the core of the sensor, first note that
a 3D point x on the ellipsoid can be presented by two parameters. The relation between the 3D

representation, x, and its corresponding 2D representation, 8 = [§ ¢|7, can be written as

x = asinf cos ¢
y = bsinfsin ¢

z = ccos b 2.2)
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where a, b and c are the parameters of the half-ellipsoid, and
0<f0<7m and 7w <¢<2m.

Therefore, there is a mapping f : [0, 7] x [r,27] — R3 such that f(@) = x. The interpolation

problem of taxel values can be approximated using a Gaussian kernel as

k(6,0;) = exp (—%ﬂd(e,&)), (2.3)

where d(8, 0;) is the shortest distance between x = f(0) and ; = f(6;) on the surface of
sensor (called geodesic) and o is the kernel parameter. The fitted ellipsoid on the surface is a
tri-axial ellipsoid with a parameter for each axis. The problem of finding the minimum distance
between two points on a tri-axial ellipsoid does not have a closed form analytical solution. Here,
we approximate the geodesic distance numerically by integrating the Euclidean distances of a set
of consecutive points on the surface which are between « and x;. The taxel values at each point,

p(0) can be estimated as

(2.4)

where p(8;) is the measured impedance value of the i-th electrode and p(8) is the estimated value

of p(8). Fig. 2.4a shows a sample of the contour plot of the interpolation of the impedance values.
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(a) A sample plot of the interpolated impedance (b) The tactile surface.
values on the half ellipsoid.
Figure 2.4: Gaussian interpolated surfaces of the BioTac SP sensor
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(a) Tactile frame (b) Tactile flow

Figure 2.5: A sample tactile frame of projection in x — y plane and its corresponding tactile flow.

Figure 2.6: A sequence of tactile flows when the robot moves across a bump.
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2.3.4 Tactile Flow Calculation

The impedance values over the surface of the sensor can be interpolated using (2.3). These
values are directly proportional to the normal pressure at taxel positions. We can draw the normal
vectors of the taxels with their impedance value as their length. The endpoint of these vectors
can construct a new surface as shown in Fig. 2.4b. This surface is analogous to a 3-dimensional
surface waving in the space and we call this surface the ractile surface.

Any local changes in the impedance values on the sensor result in motion in the corre-
sponding neighborhood of the tactile surface. Using this analogy, we define the computational
tactile flow as the optical flow for the motion of the tactile surface. Here, we calculate optical
flows using projections of the tactile surface on various camera planes. We name a projection of
the tactile surface on a camera plane as a tactile frame. Depending on the camera position, we
can have different tactile frames. For example, if the camera is fixed at the top of the surface and
faced down toward it, the optical flow perceived by this camera is the tactile flow in x — y plane.
Similarly, we can find the tactile flow projected in other planes. For instance, we can project the
left and right half of the tactile surface to the y — z plane and find two other tactile flows in the
left and right of the sensor.

The impedance values, p(x), do not remain constant and <p(x) # 0 but the intensity of
each point on the surface, /(x,y), remains unchanged for spatial and time perturbations and thus
for each projection of the tactile surface, the optical flow is calculated using the oft-cited Horn

and Schunck equation [84]

i a1 oI oI
_ or . oI _ 2.
o T T =0 2:5)
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where v = [v, v,|” is the tactile flow. In this work, we estimate the tactile flow based on
Farnebick polynomial expansion method [85]. This method approximates all neighborhoods
of both frames as second-order polynomials and estimates the displacements by observing the
polynomial expansion coefficients [85]. Fig. 2.5a shows a sample tactile frame of the projection
of the tactile surface on the plane beneath the sensor (on x — y plane). Fig. 2.5b shows the tactile

flow for this frame. Here, the Shadow Hand is moving on a flat surface.

2.4 Experiments

2.4.1 Experimental Setup

Figure 2.7: Our experimental setup showing the manipulator with the end-effector
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As mentioned earlier in Sec. 2.1, tactile flow can be classified under two main classes,
namely static and dynamic. Static tactile flow encodes flow patterns in situations when the sen-
sor and the object remain almost stationary in contact, but the skin deforms due to static friction
between the surfaces in contact. Dynamic tactile flow encodes information in scenarios where
the finger has already overcome the static frictional forces and is moving over a surface. In both
cases, the flow patterns encode information about the direction of motion, the relative magni-
tude of forces being applied as well as latent shape information. To demonstrate our approach,
we perform several experiments on our custom-designed surfaces in order to best validate our
hypotheses on using tactile flow and overall pressure to discover information about the surface.

Our hardware setup, shown in Fig. 2.7 includes a UR10 robotic manipulator, on which is
mounted the Shadow Dexterous Hand as the end-effector. There is a table placed in front of the
manipulator and end-effector setup, on which are mounted the various experiment boards. The
robot is controlled through Robotic Operating System (ROS). The robot’s position, as well as the

end-effector’s fingers, are tracked using the #f [86] library provided in ROS.

o - g
‘10-'..
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(a) Straws (b) Sticks

Figure 2.8: Experimental textured surfaces

For our experimental surfaces, we designed several boards on which we mounted different
textured objects such as wires of varying thickness and wooden sticks. Examples of our experi-
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mental surfaces can be seen in Fig. 2.8.

2.4.2 Dynamic Tactile Flow

The surfaces shown in Figs. 2.8a and 2.8b respectively have been carefully chosen to re-
flect different circumstances a finger might encounter. The straws surface is used to detect high
and low surface differences and distinguish between angles of approach and departure. This is
facilitated by the fact that at the time of contact, the finger “lifts off” the flat surface and only the
part of the finger in contact with the straw surface is “activated”. By comparing the computed
flow, we are able to detect the direction from which the finger moved over the straw as well as
measure the relative height of the straw by looking at the pressure peaks. This is demonstrated in

Fig. 2.9a.

(a) Finger moving over the straw (b) Finger moving over the stick

Figure 2.9: Finger moving over different textured surfaces

A similar experiment is performed with the “sticks surface”, which is designed to have a

lower height difference to the ground surface but is wider than the straws. This is done to compare
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Figure 2.10: Peaks in Mean-Shifted Pressure

and contrast the readings in pressure and tactile flow between the two and demonstrate the utility

of tactile flow in detecting the direction of motion over different surfaces. In this case, we are

also able to estimate the width of the stick by analyzing the pressure plot.

The BioTac sensors provide both pressure and impedance readings, and we utilize both in

our experiments. While the impedance values are used to construct the “tactile surface” described

above, the pressure readings are useful to find regions of interest during the finger’s movement

over textured surfaces. We can use the peaks from the pressure readings in order to identify where

significant events, such as bumps, approaching or departing an edge, etc. occurs and use those as

priors for selecting frames for flow computation. This is facilitated by the fact that all our data is

time-synchronized using a common clock. One such example is shown in Fig. 2.10 for the straws

sequence.
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Figure 2.11: The pressure and impedance plots for the finger moving over sticks
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Figure 2.12: 2D projections of 3D taxel impedances for flow computation

As can be seen in Fig. 2.11, the bands point us towards the region of interest (sequence of
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(a) Before

(b) During

(c) After

Figure 2.13: Three tactile flow images and corresponding aggregated flow for the Sticks sequence

frames) which has been obtained from the pressure plot (Fig. 2.11a). The corresponding bands in

the impedance plot show similar peaks and troughs, and we can thus focus on computing tactile

45



flow in those specific regions only. As described in our method, Fig. 2.12 shows two sample
projections from the 3D ellipsoidal model to a 2D image. For our flow computations, we pick
three distinct regions, namely one just before contact as the finger approaches the stick, one
region as the finger is moving over the stick and one just after the finger has left the stick and
is moving away. The computed flow in these respective regions are representative of different
“classes” of motion and facilitate texture and motion classification that may be performed from
the tactile flow data. This is elucidated in Fig.2.13. Alongside, we also show aggregated flow
directions, computed from the generated flow fields. This is done to better visualize the direction

of motion and easier parsing of the tactile flow data.

2.4.2.2 Straws Sequence

Similar to the Sticks sequence, for the Straws sequence, the time-synchronized taxel impedances
and the pressure values are shown in Fig.2.14. As before, we use the pressure peaks to find re-
gions of interest for which we compute the tactile flow sequences. This is illustrated in Fig. 2.15.
These sequences also correspond to before, during and after the finger moves on the straw. The

aggregated flow field directions are also provided.

2.4.3 Static Tactile Flow

In this part, we discuss our experiments and results on computing static tactile flow. These
are the flow patterns experienced when the finger and the object in contact is not “actively” mov-
ing but is held in place by static frictional forces. Such patterns may occur during operating a

tool, such as a screwdriver, or when opening a jar for example. In our experiments, we demon-
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Figure 2.14: The pressure and impedance plots for the finger moving over straws

strate a simple instance of the robot grasping an empty bottle into which water is slowly poured
from a height. As the weight in the bottle changes, the frictional forces also increase until the
fingers are unable to exert sufficient forces to prevent the object from slipping or moving. Note
that the robot is completely passive during this operation, i.e. there is no active reactionary force
on the bottle to counteract these increasing frictional forces.

The combined taxel and impedance plots are shown in Fig. 2.16, where we have used the
pressure peaks and troughs to find the regions of interest as before. Each of these segments are
color coded to demarcate the important events in the experimentation procedure. The red segment
is when the water has just been poured into the bottle, increasing the pressure felt by the fingers.
The trough in the green segment is when the pressure is reduced due to inital slippage of the

bottle, as it comes loose in the grasp. The magenta and cyan segments represent some rotational
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(a) Before

(b) During

(c) After

Figure 2.15: Three tactile flow images and corresponding aggregated flow for the Straws se-
quence

motion of the bottle, and some downward motion respectively. Lastly, the yellow segment is

when the bottle has started slipping completely.
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Figure 2.16: Combined taxel impedance and pressure plot

The corresponding scene configuration and tactile flow sequences are shown in Fig. 2.17,

with the timestamps denoted accordingly.

2.5 Conclusions

In this work, we present the theoretical premise for computing tactile flow using BioTac
sensors. We also present a few experiments to validate our claims and methods. However, the
practical usefulness of computing tactile flow demands another study and will be discussed in
further detail as part of follow-up works.

We believe that, like humans, tactile flow is an essential component of robust grasping and
proprioception, at par with conventional sensory mechanisms like visual or inertial means that
are in use today. In order to achieve general grasping, it is necessary to have an understanding of
and appropriate reaction to the forces in play between the object and the fingers. Our method of
computational tactile flow provides the foundation for such an understanding, and in future work

we aim to present a dynamic grasping mechanism based on feedback from these tactile flow data.
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(b) Frame 1500

(d) Frame 2250

(e) Frame 2390

Figure 2.17: Scene configuration and tactile flow sequence for grasping while water is being
poured

Our plan for upcoming research is to use this computed tactile flow in order to facilitate
better, more robust grasping strategies. We hope to use tactile flow as feedback in a grasping
pipeline, in order to obtain dynamic and robust grasps, similar to how humans perform grasping
without constant visual feedback.

Also, we consider tactile flow patterns to be representative of motion types in a given task.
Thus, flow patterns can provide a way to encode motion primitives for a given task, and that can
be emulated by the robot when trying to replicate a particular task. This gives rise to a general

learning paradigm for grasping of novel objects, based on task goals. Latest machine learning
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paradigms combined with conventional control algorithms can prove to be highly effective in
learning these flow patterns, and reproducing them with the added benefit of generalizing to

various scenarios.
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Chapter 3: Grasping in the Dark: Zero-Shot Object Grasping Using Tactile

Feedback

Grasping and manipulating a wide variety of objects is a fundamental skill that would de-
termine the success and wide spread adaptation of robots in homes. Several end-effector designs
for robust manipulation have been proposed but they mostly work when provided with prior in-
formation about the objects or equipped with external sensors for estimating object shape or size.
Such approaches are limited to many-shot or unknown objects and are prone to estimation errors
from external estimation systems.

We propose an approach to grasp and manipulate previously unseen or zero-shot objects:
the objects without any prior of their shape, size, material and weight properties, using only feed-
back from tactile sensors which is contrary to the state-of-the-art. Such an approach provides
robust manipulation of objects either when the object model is not known or when it is estimated
incorrectly from an external system. Our approach is inspired by the ideology of how animals or
humans manipulate objects, i.e. by using feedback from their skin. Our grasping and manipula-
tion revolves around the simple notion that objects slip if not grasped stably. This slippage can
be detected and counteracted for a robust grasp that is agnostic to the type, shape, size, material
and weight of the object. At the crux of our approach is a novel tactile feedback based controller

that detects and compensates for slip during grasp. We successfully evaluate and demonstrate our
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proposed approach on many real world experiments using the Shadow Dexterous Hand equipped
with BioTac SP tactile sensors for different object shapes, sizes, weights and materials. We obtain

an overall success rate of 73.5%.

3.1 Introduction

Robotic agents, and their respective research fields, have generally proven useful in struc-
tured environments, crafted specifically for them to operate. We as robotics researchers envision
in the near future, robots performing various tasks in our homes. For such robots to be successful
when deployed “in the wild”, they have to grasp and manipulate objects of various shapes, sizes,
materials and weight which may or may not be present in their database.

Having the ability to grasp robustly and repeatedly is the primary way by which robots can
affect their environment, and is the first step to performing more complicated and involved tasks.
Robust grasping involves reliable perception of the object form (inference of pose, type of object
and other properties) before grasping and a robust and continuous feedback loop to ensure that
object does not slip (or fall) during grasping and manipulation.

In this work, we focus on the latter since it is required for grasping previously unseen
or zero-shot objects, i.e. objects of unknown size, shape, material and weight, utilizing tactile
feedback. Our method is inspired by the amazing grasping abilities of animals and humans
[87,88] for novel objects, and how they are able to “grasp in the dark” (with their eyes closed).
To showcase that our method does not rely on an external perception input but rather only relies
on tactile proprioception, we also demonstrate our method working on transparent objects that

cannot be sensed robustly using traditional perception hardware, such as cameras or LIDARs.
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3.1.1 Problem Formulation and Contributions

A gripper is equipped with tactile sensors and an object of unknown shape, size, material
and weight is placed in front of the gripper. The problem we address is as follows: Can we grasp
and manipulate an unseen and unknown object (zero-shot) using only tactile sensing?

We postulate that a robust grasp is achieved when enough force is applied to an object such that
it is just sufficient to counteract gravity, thus suspending the object in a state of static friction
experienced between the object and the finger. Our framework allows for robust grasping of
previously unseen objects or zero-shot of varied shapes, sizes, and weights under the absence of
visual input, due to our reliance solely on tactile feedback. Humans are capable of this feat from
an early age [89], and it is an important ability to possess in scenarios with an absence of visual
perception due to occlusions or the object not being present in the robot’s knowledge-base. A

summary of our contributions are:

* We propose a tactile-only grasping framework for unseen or zero-shot objects.

» Extensive real-world experiments showing the efficacy of the proposed approach on a va-
riety of common day-to-day objects of various shapes, sizes, textures and rigidity. We also
include challenging objects such as a soft-toy and a transparent cup demonstrating that our

approach is robust.

3.2 Related Work

Most of the research in tactile-related grasping can be broadly divided into three categories,

those that rely on purely tactile input, those that use vision-based approaches, and those that
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perform end-to-end learning of grasping in simulation and attempt to transfer them to a real
robot. We discuss some of the recent works done in all three categories, and their respective pros

and cons.

3.2.0.1 Tactile Grasping

In 2015, [90] presented their force estimation and slip detection for grip control using the
BioTac sensors where they try to classify “slip events” by looking at force estimation for the fin-
gers. They proposed a grip controller, which helps adapt the grasp if slip is detected. They only
used the pressure sensor data and only considered 2 or 3 fingers, and compared it with an IMU
placed on the object itself.

In 2016, BiGS: Biotac Grasp Stability dataset [91] was released, which equipped a Barrett three-
fingered hand with BioTac sensors and measured grasp stability on a set of objects, classified into
cylindrical, box-like and ball-like geometries. In 2018, [92] presented their work on non-matrix
tactile sensors, such as the BioTac, and how to exploit the local connectivity to predict grasp
stability. They introduced the concept of “tactile images” and used only single readings of the
sensor to achieve high rate of detection compared to multiple sequential readings. In 2019, Tac-
tileGCN [83] was presented. The authors used a graph CNN to predict grasp stability and they
used the BioTac sensor data to construct the graph, but used only three fingers to grasp. They
employed the concept of “tactile images” to convert grasp stability into an image classification
problem. Their approach only deals with static grasps and does not consider the dynamic inter-
action between objects and the fingers. Another work [93] tackled this problem by extracting

features from high-dimensional tactile images and infer relevant information to improve grasp
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quality. But their approach is restricted to flat, dome- and edge-like shapes. The work by [94]
used FingerVision [95] sensor mounted on a parallel gripper to generate a set of tactile manipula-
tion skills, such as stirring, in-hand rotation, and opening objects with specified force. However,
FingerVision is only appropriate for demonstraing proof of concept since it has a large form fac-
tor and is not robust. In 2020, a new tactile sensor “DIGIT” is presented in [96] that learns to
manipulate small objects with a multi-fingered hand from raw, high-resolution tactile readings.
In [97], the authors use the BioTac sensor as a way to stabilize objects during grasp using a grip
force controller. The underlying assumption is that the shape of the object is known a-priori and

repeatability with different shapes and sizes remains an ongoing challenge.

3.2.0.2 Visual Input (with Tactile Input) Grasping

In [98], the authors demonstrate a data set of slow-motion actions (picking and placing) or-
ganized as manipulation taxonomies. In [99], an end-to-end action-conditioned grasping model
is trained in a self-supervised manner that learns re-grasping from raw visuo-tactile data, where
the robot receives tactile input intermittently. The work in [100] leverages the innovation in ma-
chine vision, optimization and motion generation to develop a low-cost glove-free teleoperation

solution to grasping and manipulation.

3.2.0.3 Simulation Based Grasping

Perhaps the most popular and famous papers in this category are [101, 102] from OpenAl,
in which the authors demonstrate a massively parallel learning environment for the Shadow Dex-

terous Hand, and learn in-hand manipulation of a cube, and the solving of a Rubik’s cube entirely
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in simulation after which they are able to transfer said learning onto a physical robot. While
impressive, their transfer learning approach requires near-perfect information about the joint an-
gles of the Hand, as well as visual feedback regarding the position of the object. Levine, et
al. [103] performs large-scale data collection and training on 14 manipulators for learning hand-
eye coordination, directly going from pixel-space to task-space. In [104], a model-free deep
reinforcement learning which can be scaled up to learn a variety of manipulation behaviors in the
real world has been proposed, using general purpose neural networks. A State-Only Imitation
Learning (SOIL) is developed in [105], by training an inverse dynamics model to predict action
between consecutive states. The research problems attempted using perception and learning has
seen limited progress due to the fact that vision does not provide any information regarding con-
tact forces, regularly fails to reconstruct the scene due to occlusion or that the material properties
of the object and the process of learning is time consuming, requires large amounts of data, and

sometimes does not transfer to a real robot [106].

3.3 Overview

Our approach to solving the problem of grasping zero-shot objects is to define different
execution stages for the robot and execute them accordingly. Figs. 3.1 and 3.2 shows the imple-
mentation and plots of these actions. An overview for controlling the robot to execute each of
these actions are described in the rest of this section. Our proposed execution approach is im-
plemented on a combination of the Shadow Dexterous Hand (we will call this ShadowHand, for
brevity) equipped with BioTac SP tactile sensors (we will call this BioTac, for brevity) attached

to a UR-10 robotic manipulator. An overview of our approach is as follows:
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Pre-Grasp Object FSR Contact Switch Joints Test BioTac  Finish grasp Raise Arm Slippage Test

4 J

Figure 3.1: Grasp pipeline demonstration.

* FSR Contact: Control each finger such that its proximal phalanges (the phalanges nearest

to the palm) reaches the object.

* Switch Joints: Control each finger’s configuration such that its distal phalanges (the finger-

tip) reaches the object.

* Raise Arm: Move the robotic arm configuration upwards while controlling the robotic

hand’s configuration to prevent object from slipping.

Before understanding our grasping framework, i.e. slip detection followed by a control
policy for slip compensation, it is important to understand the basic structure of the ShadowHand.
This will help the reader gain an intuition about the formulation of our control policy. The

hardware setup is explained in the Sec. 3.4 followed by our software pipeline in Sec. 3.5.

3.4 Hardware Setup

3.4.1 Kinematic Structure of the Shadow Dexterous Hand

The ShadowHand has four fingers and an opposable thumb. Each of the fingers have four

joints while the thumb has five joints. A representation of motion is shown in Fig. 3.3.
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Figure 3.2: Variation of BioTac and FSR data as the soft toy is grasped and lifted from the table.

Fig. 3.3a demonstrates one finger and the joints specification it follows. Each finger has
three links, also called phalanges, with one joint in between. From the top of the finger to the
base, these are called the distal, middle and proximal phalanges respectively.

The fingers can be controlled by sending joint position values. The joint J3 has two controllable

ranges of motion, along the sagittal and transverse axes. This joint also has a minimum and
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Figure 3.3: ShadowHand (a) joint nomenclature and (b, ¢) finger and thumb joints with their limit
positions.

maximum range of 0° to 90° respectively. The joints .J; and J; are different in that, similar to
the human hand, they are coupled internally at a kinematic level and do not move independently.
They individually have a range of motion between 0° to 90°, but are underactuated. This means
that the angle of the middle joint, i.e. J5 is always greater than or equal to the angle of the distal

joint, i.e. .J; which allows the middle phalanx to bend while the distal phalanx remains straight.

Fingernail
EOP'I-:;’S Skin Hydro-Acoustic
) \ﬁ . Pressure Sensor
Fl L= (Hydrophone)
Elastomeric —, (] \ _' :
Skin N : Zr)/
Thermistor ) \Rigid Core

Incompressible Impedance Sensing
Conductive Fluid Electrodes

Figure 3.4: Cross-section of the BioTac sensor.
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Currently available commercial tactile sensors lie on a spectrum spanning from accuracy
on one end to form factor on the other. These sensors can either have high accuracy while sacri-
ficing anthropomorphic form factor or can be designed similar to human fingers, while having a
relatively poor accuracy at tactile sensing. The choice of the sensor depends on the task at hand,
which in our case is to grasp zero-shot objects. To this end, we select the ShadowHand equipped
with the BioTac sensors in an effort to be biomimetic.

Using a combination of impedance sensing electrodes, hydro-acoustic pressure sensors
and thermistors, the BioTac sensor is capable of sensing three of the most important sensory
inputs that one needs for grasping, namely deformation and motion of stimuli across the skin,

the pressure being applied on the finger and temperature flux across the surface. The internal

cross-section of the BioTac SP is shown in Fig. 3.4.

(a) FSRs (b) Connections (c) Contact Regions

Figure 3.5: (a) FSRs, (b) FSR connection to Arduino Nano, and (c) Regions of contact when
grasping.

The human hand can grasp objects of various shapes, sizes and masses without having seen

them previously. This ability to grasp previously unseen objects in the absence of visual cues is
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possible only due to the presence of tactile sensing over a large surface area, through the skin. In
Fig. 3.5c, the highlighted parts show the primary regions of contact when grasping is performed.
These regions make first contact with the object being grasped and apply the most amount of
force, due to the large surface area. To mimic similar tactile characteristics on the ShadowHand,
we equip it with additional sensors at the base of each finger and the thumb.
We utilize Force Sensitive Resistors (FSRs) for this purpose, which are flexible pads that change
resistance when pressure is applied to the sensitive area (See Fig. 3.5a). These FSRs work on the
principle of a voltage divider circuit, Fig. 3.5b, and have a voltage drop inversely proportional to
the resistance of the FSR.

We calibrate our sensors using a ground-truth force measurement unit, for ON to 50N of
force, using simple regression. We map a series of readings from the FSR to the corresponding
force values in Newtons on the force measurement unit, and fit a regression line to these points.

This is sufficient to measure contact forces between the fingers and an object during grasping.

3.5 Software Pipeline

3.5.1 Grasp Controller

Our pipeline, defined in Algos. 1, 2, starts at the pre-grasp pose where the fingers are fully
extended and the thumb is bent at the base to a 70° angle, which is optimal for grasping most
objects due to having the maximum volume coverage by the trajectories of the finger tips. We

explain the distinct parts of our pipeline in the following sections.
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3.5.1.1 [Initialization

The controller begins by performing a tare operation using 50 readings of each BioTac
sensor and computing their respective means. Successive readings are then min-max normalized,
within an adjustable threshold of +-200 of this mean, to ensure that each sensor’s biases are taken

into account, as well as to provide a standardized input to the control loop.

3.5.1.2 Hand-Object Contact

Once the initialization process is complete and baseline readings have been established,
the hand controller begins actuating the J; joints of all the fingers and .J4 of the thumb. This is
done by sending the appropriate joint control commands. The current joint values are obtained
from the ShadowHand, checked against the maximum joint limits of each finger (90° for .J3),
and increased by a small angle 66. The .J; and J, joints of the fingers and thumb respectively
are moved until it registers a contact with the object, as measured by the FSR readings. This
establishes an initial reference point for the hand to begin refining the grasp, and the controller

switches to the control policy for the coupled joints.

3.5.1.3 Preliminary Grasp

At this stage, since the base of each finger and thumb have made initial contact with the
object, the control policy switches to the coupled joints so that the fingers can begin to “wrap
around” the object. We now activate the coupled J; and J, joints (controlled using a virtual Jj
joint defined in Eq. 3.1) of the fingers and the J; joint on the thumb. In this stage, the 06 is

inversely proportional to the the normalized sensor data from the BioTac sensor.
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Jo if Jy € [0,90}0
Jo = 3.1

Jy if  Jy > 90°

Intuitively, this means that when there is little or no contact between the fingers and the
object, the controller sends out larger joint angle targets, causing the fingers to move larger dis-
tances. Once contact is made, the controller moves the fingers at progressively smaller incre-
ments, thus allowing for a more stable and refined grasp.

We use a Beziér curve to generate an easing function that maps our normalized BioTac
sensor data to a normalized angle (in radians), between the joint limits of the respective joint.
This mapping is then converted into a usable control output 60 € [nin, Omax]-

The Beziér curve is generated by the parametric formula

95 = S]gioTac X (’%1 - (52 X SBioTac)) (32)

where k1 and ks are the Beziér control points, Sgisrac 1S the instantaneous normalized Bio-
Tac reading and 6; is the mapped Beziér curve output. We then compute control output 66 as

follows

— Al) X (BQ — Bl)
Ay — Ay

60 = By + (05 (3.3)

where [Ay, A1] € [0,1] and [Bs, B1] € [Omin, Omax]-
We set a termination threshold Tiermination = 0.1 on the BioTac sensor values such that the Hand

controller stops executing as soon as a minimal level of contact is detected. Once all the fingers
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and the thumb have reached the preliminary grasp state, we exit the control loop.

Algorithm 1: Implementation of the initial grasp controller

Procedure Reset:
repeat

‘ Move Hand to pre-grasp pose
until pre-grasp reached
Baseline = means of BioTac

repeat
J3 = J3 + 60
Actuate J3

until Until FSR contact

Switch to Coupled Joints Controller

Compute control output based on Eqgs. 3.2, 3.3

repeat /* Until fingertip touches object */

while .J; + J, < 180° do

:]2 = JQ + (56

if J: — Jitt < 0.1 then /% Joint limit «/
Jy = J1+ 00
Actuate J;

else

‘ Actuate Jo

end

end

until Until P!, — P > 7 mination

3.5.2 Slippage Detection

One of the crucial aspects of our proposed grasping pipeline is the ability to detect, and
react to objects slipping between the fingers during grasp and move. This reactive nature of our
controller allows for precise force applications on zero-shot objects, i.e., objects of unknown
masses, sizes or shapes.

For slippage detection, we utilize data from the BioTac sensor. Fig. 3.6 show two sets of
plots of sensors readings captured during grasping a wine glass, without and during slip respec-
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Algorithm 2: Implementation of picking with slip detection

Procedure SlippageDetection:
while Hand has not been raised do
repeat
Actuate J;
Move UR-10 up
until slip detected
end
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Figure 3.6: Plot of BioTac and FSR sensor data for without and with slip on the wine glass
experiment.
tively. From top to bottom, the graphs represent the BioTac, FSR readings and the position of the

UR-10 along the z-axis. For visual clarity, we plot data for only the first finger. The difference in
readings during slip versus without slip is quite evident, with several micro-vibrations in the Bio-
Tac data while the object slowly slips off the hand. This is due to the frictional properties of the
BioTac skin, as well as the weight of the object. These vibrations are absent when the object does
not slip, and the readings maintain a mostly stable baseline. Our slip detection algorithm works
by measuring and tracking the change in gradient of the sensor readings over a non-overlapping

time-window of At = 100ms.
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Figure 3.7: Variation of computed slope for soft and hard object. Notice the difference in the rate
at which the slope changes.

We use linear regression [107] to obtain a the instantaneous slope over the time-window,
and perform the comparison at consecutive intervals, as shown in Fig. 3.7. Consequently, by

measuring the relative change in gradient, we are able to judge how fast the object is slipping,

and provide larger or smaller control commands as necessary.

3.6 Experimental Results

3.6.1 Experiment Setup

The setup that we use to implement our pipeline includes multiple different robotic and
sensing hardware, primarily the UR-10 manipulator and the Shadow Dexterous Hand, equipped

with SynTouch BioTac tactile sensors [80]. Our approach utilizes a switching controller architec-

67



Table 3.1: Success rate over different object classes.

Objects Success (%)
Bottle 85
Transparent Wine Glass 80
Tuna Can 70
Football 60
Softball 65
Jello Box 70
Electronics Box 85
Apple 75
Tomato 70
Soft Toy 75

ture, where we deploy different strategies for controlling the UR-10 arm and the different joints
of the Shadow Hand [108] with feedback between controllers. The underlying control inputs
come from various tactile sensors and the joint angles of the Shadow Hand.

We also introduce the shadowlibs' library, a software toolkit that contains several utility

functions for controlling the Shadow Hand.

3.6.2 Results

We demonstrate our algorithm on a set of objects with varied shapes and sizes. The upper
row of Fig. 3.8a shows the dataset used, and the lower row of Fig. 3.8a shows successful grasps
of four classes of objects, namely spherical, non-rigid, cuboidal, and transparent cylindrical re-
spectively. We are able to grasp a wine glass, a soft toy, a ball and a box without any human
intervention and without prior knowledge of their shapes, sizes or weights. The criteria for suc-
cessful grasp were based on the ability to not only grasp the object entirely, but also to lift it and
hold it in suspension for 10 seconds.

Table 3.1 summarizes our results for various objects in our dataset.

') kanishkaganguly/shadowlibs
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https://github.com/kanishkaganguly/shadowlibs

(a) Top: Dataset of objects used in experiments.
Bottom (L-R): Grasping of Softball, Soft Toy, Box and Wine Glass.

(b) Demonstration of the stable grasp as the number of fingers contacting the object are
reduced.

Figure 3.8: Results from Experiments
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Table 3.2: Comparison with other state-of-the-art approaches.

Paper Method Num. Objects Success (%)
Li, et al. [109] Simulation 3 53.3
Liu, et al. [110] Simulation 50 66.0
Saxena, et al. [111] Vision 9 87.8
Wu, et al. [112] Reinf. Learning 10 98.0
Pablo, et al. [113] GCN 51 76.6
Ours Tactile based Control 10 73.5

3.7 Analysis

As can be seen from Fig. 3.7, there is a clear distinction between the BioTac’s response
to soft versus hard objects. The resulting slopes are also clearly distinguishable in their rate
of change. Intuitively, softer objects slip slowly as compared to harder objects. This opens up
interesting future avenues for material-adaptive grasping using our approach.

We also demonstrate in Fig. 3.8b, that our controller is able to adjust to changes to the
number of fingers in contact with the object on-the-fly. In particular, the object remains in a
stable grasp even after two fingers are removed from contact showing the adaptive and robust
nature of our approach. Such an approach has built-in recovery from possible failure of finger
joints.

Lastly, as can be seen from the results, our proposed method, while simple, is quite adept
at zero-shot object grasping. Compared to other methods, as shown in Table 3.2, such as those
that use vision or learning, we are able to achieve comparable accuracy. Since our approach only

relies on tactile data, we can also robustly grasp transparent objects with relative ease.

70



3.8 Conclusions

In this work, we develop a simple closed-loop formulation to grasp and manipulate a zero-
shot object (object without a prior on shape, size, material or weight) with only tactile feedback.
Our approach is based on the concept that we need to compensate for object slip to grasp correctly.
We present a novel tactile-only closed-loop feedback controller to compensate for object slip. We
experimentally validate our approach in multiple real-world experiments with objects of varied
shapes, sizes, textures and weights using a combination of the Shadow Dexterous Hand equipped
with BioTac SP tactile sensors. Our approach achieves a success rate of 73.5%. As a parting
thought, our approach can be augmented by a zero-shot segmentation method [114] to push the

boundaries of learning new objects through interaction.
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Chapter 4: GradTac: Spatio-Temporal Gradient Based Tactile Sensing

Tactile sensing for robotics is achieved through a variety of mechanisms, including mag-
netic, optical-tactile, and conductive fluid. Currently, the fluid-based sensors have struck the
right balance of anthropomorphic sizes and shapes and accuracy of tactile response measure-
ment. However, this design is plagued by a low Signal to Noise Ratio (SNR) due to the fluid
based sensing mechanism “damping” the measurement values that are hard to model.

To this end, we present a spatio-temporal gradient representation on the data obtained from
fluid-based tactile sensors, which is inspired from neuromorphic principles of event based sens-
ing.

We present a novel algorithm (GradTac) that converts discrete data points from spatial
tactile sensors into spatio-temporal surfaces and tracks tactile contours across these surfaces.
Processing the tactile data using the proposed spatio-temporal domain is robust, makes it less
susceptible to the inherent noise from the fluid based sensors, and allows accurate tracking of
regions of touch as compared to using the raw data.

We successfully evaluate and demonstrate the efficacy of GradTac on many real-world ex-
periments performed using the Shadow Dexterous Hand, equipped with the BioTac SP sensors.
Specifically, we use it for tracking tactile input across the sensor’s surface, measuring relative

forces, detecting linear and rotational slip, and for edge tracking. We also release an accompany-
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ing task-agnostic dataset for the BioTac SP, which we hope will provide a resource to compare

and quantify various novel approaches, and motivate further research.

4.1 Introduction

Computational tactile sensing has myriad applications in robotics, especially in tasks re-
lated to grasping and manipulation. The robotics community has put a significant amount of
effort into the design of hardware and algorithms to equip robots with tactile sensing capabilities
that rival that of the human skin. Decades of research have led to the design of fluid based sensing
mechanisms as the gold-standard for striking the balance between anthropomorphic shapes, sizes
and responses. However, as computational algorithms have utilized such sensors widely, some
largely unexplored issues still persist due to their non-linear behavior observed in both spatial
and temporal responses due to external factors that are hard to model [115].

Primarily, these sensors have low Signal to Noise Ratios (SNR), owing to the use of a fluid-
based transmission of forces from the skin to the sensing electronics which “damps” the values.
Secondly, because of the non-uniform distribution of the sensing elements inside the mechanical
construction, each sensing element has a different sensing range, and respective biases. These
issues have prohibited the development of a standard representation of the data, and processing
techniques have been designed engineered for a particular set of tasks rather than being general.

Many approaches have been proposed for interpreting the sensor data, with highly accurate
computer models on one end [116,117], and a variety of signal processing techniques [118] on the
raw data on the other. Both these approaches are computationally expensive and need extensive

hand-crafted calibration procedures for them to be operational.
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On the contrary, biological systems calibrate for these environmental factors on-the-fly by
processing tactile information as spikes or events, which provides advantages for transmission
and processing along with built-in robustness. This ideology inspired neuromorphic engineers
to develop sensors and low-power hardware [119], that record and process events, as well as
algorithms to compute events [120-122]. Recently event based hardware has become available
for the research community. The best known among these is a vision sensor called DVS [119,
123], and another sensor is the event based audio cochlea [124]. Event-based processing has also
been introduced to the olfactory domain [125] and for tactile data [126].

We propose a novel intermediate representation computed directly from the raw fluid-based
tactile data such as that of the BioTac SP sensor. Instead of accurately simulating the deforma-
tions and forces on the sensor, as in [116, 117], we compute robust features from the spatio-
temporal changes in the tactile data, which carry essential information about the sensor’s defor-
mation and forces at the location of touch. The approach is computationally inexpensive and
sufficiently accurate to perform a series of tasks.

The main idea is to compute from a sequence of raw data, the significant changes in data
values from individual sensors, which we call Tactile Events, and then compute the essential
tactile features from these events via a spatial interpolation. Specifically, by temporally accumu-
lating the tactile events we construct surface contours, that can be used as a generic representation
for tracking touch across the BioTac SP skin. Our approach handles the challenges mentioned

above, i.e., it can account for noise and individual sensor biases.
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4.1.1 Problem Formulation and Contribution

The question we tackle in this work can be summarised as “What representation do we
need to handle noisy data from a Fluid Based Tactile Sensor (FBTS)?”. To answer this question,
we draw inspiration from neuromorphic computing and propose a computational model for rep-
resenting tactile data using spatio-temporal gradients. Our contributions are formally described

next.

* We present an intuition for the relationship between the volumetric deformations of the
skin and fluid on a fluid based tactile sensor and spatio-temporal gradients. We further

discuss why our method can robustly compute the maximal region of deformation.

* We present a computational model to convert raw tactile signals from an FBTS into an
interpolated spatio-temporal surface. This is then used to track regions of applied stimulus

across the sensor’s skin surface which corresponds to the regions of touch.

* We demonstrate the capabilities of our proposed approach on several real-world experi-
ments, including detecting slippage during grasp, detecting relative direction of motion

between fingers, and following planar shape contours.

* We release a novel dataset containing the various experiments we perform on the BioTac
SP. It can be used to validate not only our method, but also for comparing other tracking

algorithms for the BioTac SP. and help push the field forward.
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4.1.2 Prior Work

Tactile sensors broadly fall into several broad categories, including but not limited to
piezoresistive, piezoelectric, optical, capacitive, and elastoresistive. We further categorize them
into two main classes, based on their sensing modality: optical-tactile (i.e.indirect) and direct.
This categorization is based on whether the sensing element makes direct contact with the sur-
face being touched. The main tasks performed with tactile data found in the literature include: 1)
estimation of the contact location and the net force vector, 2) estimation of high-density defor-
mations on the sensor surface, 3) slip detection and classification, and 4) tracking object edges.
We next discuss state-of-the-art works on using the various classes of tactile sensors and solving
tasks related to those mentioned above.

Studies that perform estimation directly on the sensor data include [127], who present an
analytical method to estimate the 3D point of contact and net force acting on the BioTac sensor
based on electrode values, where they assume that electrodes measure force in the direction their
normals. [90] discuss several methods for force estimation from tactile data, including Locally
Weighted Projection Regression and neural network based regression. They also present a signal
processing technique for slip detection using the BioTac, comparing their results using an IMU.
[128] introduce a method to infer forces from tactile data using a learning-based approach. They
implement a 3D voxel grid to maintain spatial relations of the data, and use a convolutional neural
network to map forces to tactile signals.

Recently, some studies modeled a mapping between sensor readings and the field of de-
formations on the whole sensor surface. [116] presented a finite element model for the 19 taxel

BioTac sensor and demonstrated the most accurate simulations of the sensor thus far. They relate
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forces applied to specific locations to the sensor’s skin deformation. They learn using data they
collected, the mapping between 3D contact locations and netforce vectors to the 19 taxel readings,
and then by combining the FEM simulation and experimental data they extrapoloate a mapping
between taxel sensor measurements and skin deformations and vice-versa. In [117] the authors
extended this work using variational autoencoder networks to represent both FEM deformations
and electrode signals as low-dimensional latent variables, and they performed cross-modal learn-
ing over these latent variables. This enhanced the accuracy of the mapping between taxel readings
and skin deformations previously obtained. However, they also showed that for unseen indenter
shapes these methods poorly generalise in predicting deformation magnitudes and distributions
from electrode values.

[129] using a TacTip optical-tactile sensor ( [130]) learn via a CNN to perform reliable
edge detection, and then use that in a visual servoing control policy for tracking and moving
across object contours. In related work by the authors ( [131]), they present a Voronoi tesselation
based processing pipeline to predict contact location, as well as shear direction and magnitude
on the surface of the sensor. This method is novel in that it does not use any classification or
regression techniques and is purely analytical in nature.

[132] use the NeuTouch, a novel event-based tactile sensor along with a Visual-Tactile
Spiking Neural Network to perform object classification and rotational slip detection. They also
perform ablation studies with an event-based visual camera, and compare their spiking neural net-
works to traditional network architectures like 3D convolutional networks, and Gated Recurrent
Units.

We use the prior work described above as a source of motivation for our pipeline, and we

attempt to use the validated experiments in them as a proof of concept of our approach. We
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perform slip detection experiments as in [90], perform edge tracking using visual servoing as

in [129] and compute forces from touch as described by [128].

4.1.3 Organization

The presented work is organized as follows: In Sec. 4.2, we present the motivation for
using the BioTac SP sensor for tactile sensing, and how our method is a practical solution to the
challenges posed by this particular type of sensor. We describe in detail why the spatio-temporal
gradients are an intuitive way for computing features of deformation on the BioTac SP.

Sec. 4.3 discusses our high-level pipeline, and our experimental setup. We then go into
detail regarding our algorithm to generate spatio-temporal gradients, i.e. events from raw tactile
data, and then discuss how we generate contour surfaces from these events. Lastly, in this section
we discuss how we use these spatio-temporal surfaces to track touch stimulus across the BioTac
SP skin.

In Sec. 4.5 we demonstrate our pipeline on three distinctly different tasks, and discuss
their results and outputs. We first show that our contour surfaces are able to accurately track
tactile stimulus in motion across the surface of the BioTac SP skin. We then discuss results on
experiments involving varying applied forces on the BioTac SP, where we show that our contour
surfaces can distinguish between various levels of force. Lastly, we employ our algorithm on a
more practical task of slippage detection during grasping, where we detect time of slippage, and

distinguish between longitudinal and rotational slippage types.
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4.2 Method

4.2.1 Motivation

We consider for our work the BioTac SP tactile sensor, which comes with a unique sensing
mechanism as compared to other contemporary tactile sensors. Tactile sensing mechanisms, as
they are available commercially today, lie on a spectrum ranging from accurate sensing capabil-
ities on one side to biomimetic form-factors on the other. Most sensors on this spectrum make
trade-offs on form factor to provide high accuracy. The BioTac SP is one particular sensor that
strikes a right balance and is in the middle of the range, where we have a physical shape and
sensing mechanism very close to the human finger tip, but this comes at the cost of accuracy and

fidelity of sensing.

4.2.2 Challenges with Fluid-Conductive Sensors

Unlike optical-tactile, magnetic or capacitive tactile sensors, fluid based tactile sensors use
a conductive fluid to transmit electrical impulses from spatially distributed excitation electrodes
to a few sensing locations (taxels) distributed over a solid core. The values generated by the tax-
els are thus primarily dependent on the characteristics of the fluid, specifically its conductivity.
The conductivity of a fluid, such as the electrolytic solution present in the BioTac SP sensor is
non-linearly related to various external factors. These include, but are not limited to the temper-
ature of the fluid, the humidity of the surroundings, the area and distance between the excitation
and sensing electrodes, and the concentration of the conductive fluid. Each of these factors con-

tribute non-linearly ( [115]) to the noise of the individual taxels. Furthermore, the noise charac-
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teristics of the sensor electronics are also non-linear, which further exacerbates the situation.
We also need to consider sources of noise in the electronic implementation of each taxel’s sens-
ing mechanism, which include amplification and analog-to-digital conversion circuitry among

others.

4.2.3 Modelling Fluid-Conductive Sensors

While it might be feasible to model each of the aforementioned sources of noise indepen-
dently and in isolation, the combination and interactions between them when considered together
in the system makes it an arduous task. There have been several attempts to develop a physical
model of the BioTac sensor, the most recent of which is presented in the work by [117]. In this,
the authors present a finite element model (FEM) of an ideal BioTac sensor, and provide an ac-
curate simulation of the skin, the sensing core, and the internal fluid. While the FEM approach
provides a physically accurate measurement of the deformation of the skin and fluid based on
force stimuli, it does not account for the sources of noise described earlier. This is because the
model of the sensor electronics is not considered along with the computational challenges of fluid
modelling. Currently, to the best of our knowledge, there is no mathematical model between sen-
sor readings and skin deformations, thereby inhibiting research in this area when utilizing raw

sensor measurements.

4.2.4 Bio-inspired motivation for logarithmic change

In our work, we draw inspiration from nature regarding how changes over the skin surfaces

may be related to location of touch and relative forces. To this end, we break away from the
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core robotics ideology that one requires a complex and accurate mathematical model or a very
high quality sensor to perform useful tasks. In particular, we are driven by nature’s efficient and
parsimonious implementations which perform amazingly well with minimal quality sensors and
very simple computing.

To build such an efficient data representation for fluid based sensors, we turn to the Weber-
Fechner Laws of psychophysics, which state that the perceived stimulus on any of the human
senses is related via an exponential function to the actual stimulus. As a result, humans perceive
stimuli such as touch, sound or light as the changes in the logarithm between existing values and
new ones. It is thus not surprising that the manufacturers of the BioTac SP sensor, who designed
it to be as anthropomorphic as possible, also recommend that the best way to process the data
from such fluid-based sensors is to use relative changes instead of raw taxel values.

In practice, the two main challenges with the BioTac SP sensor are that a) the different
taxels do not have same baseline value, and b) the taxel values exhibit a low signal to noise ratio.
By computing only the taxel changes on a logarithmic scale, our values become independent of

the baseline and are more robust to noise, thus tackling both aforementioned issues.

4.2.5 Computing events from raw data

One of the primary outputs of our pipeline is to generate “events” from raw tactile data. The
concept of an event is inspired from the neuromorphic research community, which essentially is a
data point in time that is “fired” only when there exists a change in the stimulus above a specified
threshold.

We consider two consecutive packets of taxel data, at times ¢ and ¢ + ¢ respectively. Each
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of these packets contains the raw taxel values X!_, ,, and X} ,,. We then compute the

logarithmic change between each of the j € 1,24 consecutive taxels, and fire an event when the

logarithm of the value at a taxel increases or decreases by a threshold value 7. That is, when:

In X7 —In X7 > 7 4.1)

In other words, a positive event is said to be “fired” when

In X7 > ¢" In X!~ (4.2)

and a negative event when

In X!~ > ¢ In X}~ (4.3)

This gives us intermediate taxel values between times ¢ and ¢ 4 9, and their respective timestamps
for each taxel j € [1, 24].

We know from the design of the sensor, as well as ideal sensor simulations that the largest
change in the values of the taxels correlates with the region of highest tactile stimulus. Also, this
change is dependent on the forces already present on the region of touch, and reaches saturation
and demonstrates hysteresis in the raw values. Our algorithm accounts for that by non-linearly
interpolating the taxel data, on the log scale. The previously obtained taxel events thus give us a
temporal gradient over the change in taxel values, caused by the deformation of the skin and fluid
because of the applied force stimulus. Intuitively, these intermediate events between two discrete
taxel data values signify change in localized volume of the skin and fluid over time due to the

applied tactile stimulus.
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Figure 4.1: High-Level Organization of Our Pipeline
As part of our algorithm, we then process these spatially discrete events for each of the 24

taxel locations and convert them into a continuous, interpolated surface. We use a Voronoi tesse-
lation of the discrete and irregular grid, and perform Natural Neighbors Interpolation to construct
an event surface, that gives us an interpolated event value at each point. This surface indirectly
depicts the deformation of the skin and fluid, due to applied stimulus. Since the deformation due
to applied forces on the BioTac SP is greatest at the region of touch, we generate iso-contours of

the event surface, and consider only the maximal valued contour as the region of touch.

4.3 Our Approach

4.3.1 Pipeline

Fig. 4.1 shows an overview of the proposed framework, where we start with 24 points of
raw tactile data from the BioTac SP sensors and generate a contact trajectory as output. The
pipeline involves converting the raw data into events, aggregating said events by spatial clusters,
performing Voronoi Tessellation on the aggregate events, and then using the interpolated values
to generate a contour plot whose centroid is tracked over time. We elaborate each of the steps of

our pipeline below.
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4.3.2 Setup and Methodology

Our hardware setup consists of a UR-10 manipulator equipped with the Shadow Dexterous
Hand, which has the BioTac SP sensors attached to each finger tip. The BioTac SP provides a
ROS interface to obtain the raw data, at a rate of 100 Hz. This data consists of 24 electrode values
which we term “taxels” (tactile element), as well as overall fluid pressure and temperature flux.
For our pipeline, we use only the 24 taxel readings. These readings are the result of forces due
to contact and the resultant compression of the skin and the enclosed fluid. The nature of our
pipeline allows for processing readings from any other tactile sensor, as long as they are spatially
distributed across some surface, and timestamps for each data packet are provided. We perform
basic min-max normalization and Savitzky-Golay filtering before using the data. Our event-
generation algorithm is influenced by principles of event-based sensors, which record logarithmic

changes of signal on individual sensing elements, independently and asynchronously.

4.3.3 Generating Events from Raw Tactile Data

In Sec. 4.2.1, we established that our approach does not approximate the entire sensor’s
surface but only the regions with maximum tactile stimulus. The data from the BioTac SP sensor
is obtained at a rate of 100 Hz, or one packet of data every 0.01 seconds. Our method computes
the number of events at each taxel, where each event corresponds to the change of some threshold
value 7. This essentially decides the granularity of change we are interested in measuring, and
more events correspond to larger change, which is correlated to the amount of force that was
applied to a particular region. For each event triggered, we also generate a corresponding times-

tamp between ¢ and ¢ + 6. Taking inspiration from the Weber-Fechner laws of psychophysics
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(A) (B)

Figure 4.2: Contour Generation Pipeline. (A) 24 taxel locations, projected onto 2D plane, (B)
Initial event aggregates per taxel, (C) Voronoi tesselation of the grid, (D) Contours generated
from the interpolated surface

mentioned earlier in Sec. 4.1, we trigger events based on the natural log of the threshold 7. This
intuitively means that the frequency of events are higher initially at time ¢, and gradually taper
off as we get closer to the value at time ¢ + §.

Once the events have been computed for all the raw tactile data points, we aggregate them
into temporal frames. The size of the temporal window used for aggregation is an important
heuristic that can be fine tuned to favor robustness to noise or allow for a more sensitive tactile

response.

4.3.4 Natural Neighbors Based Interpolation

The 24 taxels are located in some 3D space inside the BioTac SP, as per the sensor’s design.
We project these ellipsoidal locations onto a 2D surface, shown in Fig. 4.2(A), to get an irregular
grid of locations on a plane. For each of these 24 2D points, we have the aggregate event counts,
as shown in Fig. 4.2(B).

We proceed to perform Voronoi tessellation of this grid, based on the aggregate event val-

ues, shown in Fig. 4.2(C). Compared to other methods of interpolation, such as Inverse Distance
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Weighting or Gaussian interpolation, Voronoi tessellation provides a more accurate representa-
tion of the underlying function we are trying to interpolate. Considering the unstructured nature
of our data, i.e. an irregular grid of taxels, traditional methods of interpolation do not take into
account the different areas of influence of each taxel when computing the interpolated function.
Voronoi tesselation partitions the space proportional to the “strength™ of each sample point, by
“stealing” some area from the neighboring polygons any time a new point is interpolated [133].

This is mathematically represented by:

G(x) = Z w;(x) f(x;) (4.4)
) — A(x;)

where G(x) is the estimate computed at x, and w; are weights, and f(x;) are the known data
values at x;, which are obtained from the 24 event aggregate values. A(x) is the volume of the
new cell centered at z, and A(x;) is the volume of the intersection between the new cell centered
in z and the old cell centered in z;.

Owing to the irregular structure of the sensing locations (taxels) within the BioTac SP, we
want to employ a method of interpolation that gives weight to each taxel location proportional to
the applied stimulus. Intuitively, Voronoi tessellation partitions the space into irregularly shaped
polygons that are proportional to (or representative of) the tactile stimulus exerted on each taxel
location. This is better than say, nearest neighbors interpolation which interpolates force val-
ues uniformly around each taxel. Although similar to a weighted-average interpolation, Natural
Neighbors interpolation weights values by their proportionate area instead of just the raw values
at each taxel. This resultant interpolation is a more “truthful” representation of the underlying
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surface function than other methods.

The results of the Voronoi tessellation are used to interpolate points on the 2D surface of
the BioTac SP, resulting in a continuous surface (Fig. 4.2(D)) whose values correspond to the
amount of force on each taxel, and consequently, the deformation of that region of the BioTac SP

skin.

4.4 Dataset

There is a lack of standardized datasets in the tactile sensing community, especially when
sensors like the BioTac SP are concerned. Most datasets available today are task-specific, or are
from optical-tactile sensors. This makes quantitative comparisons difficult for novel algorithms
being introduced to the field.

As part of our work, we are releasing an accompanying dataset on tactile motion on the
BioTac SP sensor, which is independent of any particular task. The dataset samples include the

following:

Tactile responses from various indenter sizes, applied at different forces

* Motion across the sensor surface in various directional trajectories. We include a) top-to-
bottom, b) bottom-to-top, c) left-to-right, d) right-to-left, €) diagonal top-to-bottom, f) di-

agonal bottom-to-top, g) clockwise and h) counter-clockwise data samples.

Longitudinal slippage for various objects from a labelled list of objects, as well as the

ground-truth timestamps for slip events.

Rotational slippage for cylindrical object on a constant-speed turntable, as well as the
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Figure 4.3: Hardware Setup: Shadow Hand mounted on UR-10 manipulator
ground-truth timestamps for slip events.

All our data is presented in both NumPy and CSV data formats, and includes all raw 24
taxel values as well as their timestamps. For ease of adoption and use, we eschew the use of ROS

Bag format in this dataset, but it may be made available on request.

4.5 Experiments and Results

4.5.1 Experimental Setup

The hardware used to perform all experiments, shown in Fig. 4.3, consists of a UR-10 ma-
nipulator equipped with a Shadow Dexterous Hand, with one BioTac SP sensor attached to each
of the five finger tips.

Alongside the 24 taxel values from each BioTac SP sensor, the setup also provides us with the
6 DoF pose of the arm and each finger, relative to a world coordinate system at the base of the

manipulator. This information is used in the shape tracking experiments.
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Figure 4.4: Touch Tracking Ground Truth Marker Locations. (A) Markers for tracking hori-
zontal trajectory, (B) Markers for tracking vertical trajectory, (C) Markers for tracking diagonal
trajectory, and (D) Markers for tracking circular trajectory

4.5.2 Tracking Location of Touch

We collected data from the BioTac SP at a rate of 100 Hz by making contact at different
sensor locations. Three different probes with varying indenter diameters (1, 2 and 5 mm respec-
tively) were used to gather this dataset. The taxel values are time-synchronised with an RGB
camera feed which provides us with visual ground truth of contact location at every instance.
This data was then used to generate events according to the method described in Sec. 4.3.3.

We evaluate our method of tracking contact by comparing it qualitatively with the ground
truth trajectories of the probes obtained from the RGB images. We hand-label several marker
locations (shown in Fig. 4.4 on the physical sensor and align them in image coordinate space to
the 2D projected locations of the taxels. We used 8 different trajectories, as shown in Fig. 4.5.

We move the indenters on various trajectories along the surface of the BioTac SP, as shown
in Fig. 4.5, from top to bottom, bottom to top (Fig. 4.5(A)), left to right, right to left ((Fig. 4.5(B)),
diagonally top to bottom, diagonally bottom to top (Fig. 4.5(C)), circular clockwise, and circular
counter-clockwise (Fig. 4.5(D)).

Fig. 4.6 shows the outputs from two sample trajectories — diagonal motion from bottom
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(A) (B) © (D)
Figure 4.5: Touch Tracking Trajectories. (A) Up and Down Trajectories, (B) Left and Right
Trajectories, (C) Diagonal Trajectories, (D) Circular Trajectories

left to top right and counter-clockwise circular motion. Fig. 4.6(A) and Fig. 4.6(C) show the
trajectories overlaid on the contour surfaces generated from the event aggregates stacked along
the time axis. In both outputs, we can clearly see the event aggregates in red representing the
current region of touch. Tracking these across time, we can generate a trajectory of touch across
the skin surface.
For comparison, in Figs. 4.6(B) and 4.6(D) we compare the outputs obtained from the filtered,
but otherwise unprocessed raw data from the BioTac SP. It is clear that the outputs from our
approach, shown in in Fig. 4.6, produces smoother trajectories with reduced noise.

Fig. 4.7 quantifies the median error in touch tracking results for each of the waypoints, for
each of the four classes of trajectories (horizontal, vertical, diagonal and circular). Our results

are most accurate for the waypoints in the center of the BioTac SP as compared to those near the
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Figure 4.6: Touch Tracking Trajectory Plots. The red line denotes the ground truth trajectory.
(A) Diagonal Trajectory using Events Data, (B) Diagonal Trajectory using Raw Data, (C) Circu-
lar Trajectory using Events Data, (D) Circular Trajectory using Raw Data
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Figure 4.7: Touch Tracking Error Plots. The middle bar represents the median error, the width of
each bar is the Interquartile Range, and the fence widths are 1.5 x IQR. (A) Average Deviation
for Vertical Trajectory, (B) Average Deviation for Horizontal Trajectory, (C) Average Deviation
for Diagonal Trajectory, (D) Average Deviation for Circular Trajectory
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1 2 3 4 5

Raw MLP 076 047 0.78 045 0.75
Circle Raw Contours 0.07 0.06 035 0.15 0.31
Event Contours 0.04 0.11 0.29 0.12 0.02

Raw MLP 0.86 0.30 0.01 0.28 0.75
Diagonal Raw Contours 0.02 0.24 0.17 0.05 0.02
Event Contours 0.10 0.11 0.05 0.05 0.01

Raw MLP 047 033 0.01 030 045
Horizontal Raw Contours 0.04 0.10 0.32 0.40 0.50
Event Contours 0.13 0.09 0.21 0.04 0.01

Raw MLP 0.56 0.28 0.02 0.22 040
Vertical Raw Contours 0.59 0.32 0.17 0.14 0.10
Event Contours 0.05 0.11 0.02 0.12 0.07

Table 4.1: Mean errors in the ratio of computed contact location and BioTac SP width at each
waypoint over different trajectories. The values in bold denote the best results (least error) for
each trajectory.

edges due to the shape and fluid density of the underlying sensor.

Table 4.1 provides a comparison of the average pixel-wise error in tracking the known
waypoints (Fig. 4.4), computed with three different methods: First, we take the 24 taxel val-
ues corresponding to the timestamp at which the indenter is on each of the known waypoints 1
through 5, and train a fully connected neural network for regression on predicted locations. The
average pixel-wise errors are reported under the Raw MLP heading. Similarly, we obtain the av-
erage pixel-wise errors for each of the five waypoints, using the contours from raw data and from
event data. These are reported under the Raw Contours and Event Contours headers respectively

in Table 4.1.
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4.5.3 Magnitude of Force

We applied varying forces on the BioTac SP skin using a 2mm indenter to demonstrate the
ability of our event contours to measure the correlation between the magnitude of contact force
and the area of the maximal contour. The ground truth forces were measured with the help of a
calibrated and accurate force sensor.

In order to obtain the relationship between contour areas and applied force, we trained a
fully connected neural network with 7 hidden layers, with layer widths of 8, 16, 32, 64, 32, 16
and 8 respectively using L2 loss. This network was used to compute a regression curve mapping
the forces to the contour areas. We applied a logistic activation function, and used an inversely
scaled learning rate. The network was trained for 5000 epochs, on 200 data points.

As a point of comparison, we applied two other regression methods, a stochastic gradient descent
regression with the ElasticNet regularization and log loss, and another L2 regularized regression
with Huber loss.

We used the mean absolute percentage error, defined as

~

MAP(y, ) = B4 I

4.6
max(c, 1) (+0)

where [E is the expectation operator.

Each of these methods were trained for 1000 epochs over 200 data points, but for brevity in
Fig. 4.8 we only display 100 epochs. The figure also shows the results from the same regression
techniques applied to the contours generated from raw data. It is evident from the plots, across

all learning algorithms, that the event based data in comparison to the raw data, shows a better
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validation loss curve during training, and has an overall lower loss score at testing.
Fig. 4.9 shows a visual representation of the contour regions correlated with the applied
forces. As is qualitatively evident, higher forces correspond to larger regions of tactile stimulus,

as shown by the highest contour regions in red.

MLP

—— MLP Raw

124 MLP Event

10 A

0 T 7.7 : T T T T

L1, L2 Regression

g
o
)

—— SGD Raw
SGD Event

=
v
|

Validation Loss
=
o

o
]
!

L2 Regression with Huber Loss

2.51

2.01

1.5 A —— Huber Raw

Huber Event

1.0 1

0.5 A

0 20 40 60 80 100
Epochs

Figure 4.8: Comparing various force-area regression methods for raw vs. event data.
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Figure 4.9: Contour region areas correlated with applied force. (A) 3N applied force, (B) 6N
applied force, (C) 12N applied force

4.5.4 Slippage Detection and Classification

(A) (B) © (D)

Figure 4.10: Objects Used for Longitudinal and Rotational Slip Detection. (A) Box shape, (B)
Spherical shape, (C) Cylinder shape, (D) Tumbler on constant-speed turntable

There are many different ways slippage detection has been achieved using the BioTac SP
( [90], [97], [99], [134]), with most methods specifically designed for the task. Here we show
that our generic method of spatio-temporal contours can also be used for slippage detection and

classification, demonstrating that our approach is very adaptive.
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Figure 4.11: Examples of trajectories during longitudinal and rotational slippage. (A), (B) First
Finger and Thumb trajectories for longitudinal slippage, (C) Directional Diagram for longitudinal

slippage, (D), (E) First Finger and Thumb trajectories for rotational slippage, (F) Directional
Diagram for rotational slippage

By tracking the contours spatio-temporally, we are able to detect both the time at which
slippage occurs, as well as its directionality. In case of longitudinal slip, i.e. in which the object
moves linearly between the fingers, we can measure the direction as “up” or “down”. In case of
rotational slip, i.e. in which the object rotates between the fingers, we can measure clockwise vs.
counter-clockwise rotation.

We do this by comparing the event contours from fingers on opposing sides of the object,
while the object is fully grasped by the Shadow Hand, as shown in Figs. 4.10. By tracking and

comparing the trajectories generated by the contours on the first finger and the thumb, we can
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Figure 4.12: Slip Detection Comparison Plots. From top to bottom, we have a low-pass filtered

acceleration on the z-axis, the regression slope on the raw data, and the binary slip detection
results from event contours.

deduce both the time at which slippage occurs, as well as the direction. In case of longitudinal
slippage, as in Fig. 4.11(C), based on the orientation of the BioTac SP sensors with respect to
the object, both the contour trajectories have the same direction of motion. In case of rotational
slippage, as in Fig. 4.11(F), because of opposing shear forces experienced on the thumb versus
the first finger, the contour trajectories have opposing directions of motion.

For the longitudinal slippage scenario, the object is allowed to slide down and is then
gradually pulled back up, while maintaining a stable grasp. This can be seen by the contours
moving from left to right spatially across the sensor’s surface, and then from right back to the
left. As is evident from the trajectories, because of shear forces being in the same direction for
both sensors, the direction of the respective trajectories are also the same. For the rotational
slippage scenario, the object is affixed to a constant-speed turntable and allowed to rotate slowly

between the opposing fingers. In this motion, due to the resultant opposing shear forces, the
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contour trajectories for the index finger and the thumb have clearly opposite directions.

The event contour outputs of these experiments, longitudinal and rotational slippage, are
shown in Figs. 4.11(A),(B) and 4.11(C),(D) respectively. In both cases the contours on the BioTac
SP sensor are tracked over time, separately for the index finger and the thumb, which as per the
diagrams (Figs. 4.11(A),(B) and 4.11(C),(D)) have different orientations.

We obtain ground truth for our experiments using an 6-axis IMU mounted on each object, and
use time synchronized outputs from the IMU to compute the time of slip. We compare our
event-based approach to a regression slope computed on the raw data, and the results of one such

experiment is shown in Fig. 4.12.

4.5.5 Tracking Edges using Contact Location

As another implementation of our contour tracking pipeline, we demonstrate a simple con-
troller that takes the contour location relative to the UR-10 manipulator, and outputs a motion
vector for the finger to follow. The controller is based on a simple tactile servoing algorithm,
where we try to maintain the location of the contour location in the center of the surface frame.

As the finger and the attached sensor move over the edge, only one portion of the BioTac
SP is in contact with the edge surface. This can be detected and tracked by our controller, and
since we start our controller execution with the sensor’s center touching the edge, any deviations
in the contours from this center is compensated by an opposing motion vector sent to the UR-10
manipulator as a control command.

We track the edges of various non-trivial patterns, namely circle, spiral, triangle, and zig-

zag. We overlay the ground truth image of our shapes over the trajectory that is tracked from
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Figure 4.13: Edge Tracking Shapes, and Results. (A) Circular Edge, (B) Triangular Edge, (C)
Spiral Edge, (D) Zig-Zag Edge

the robot’s pose data for the finger. Barring minor alignment issues between the surface and the
finger, and some sliding experienced during the execution, the controller is able to guide the finger
across the edges with relative accuracy. The results, with the ground truth shapes, are shown in
Figs. 4.13. In each of the plots, we have the trajectory of the BioTac SP in world coordinate space
in red, and the black polygons denote the inner and outer diameters of the edges of the shapes we
track, also in world coordinate space measured in millimeters. We perform pixel-wise trajectory

alignment to align the sensor pose to the ground truth boundary.

4.6 Discussion

In conclusion, the work proposes a novel method to convert raw tactile data from the Bio-
Tac SP sensor into a spatio-temporal gradient (events) surface that closely tracks the regions of
maximum tactile stimulus. Our algorithm approximates the region of touch on the skin of the
BioTac SP sensor sufficiently accurate to perform various tactile feedback tasks. Specifically, we
demonstrated the usefulness of the new representation experimentally, for the tasks of tracking
tactile stimulus across the sensor, measuring relative force, slippage detection and classification

of direction, and tracking edges on a plane. In comparison to other methods for data processing
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of fluid-based tactile sensors, our method is real-time and requires minimal overhead in compu-
tation. Our approach provides a robust, analytical method for detecting and tracking location of
tactile stimulus on the BioTac SP from just 24 data points, improves the signal-to-noise ratio of
the raw data and is independent of the baseline taxel values. The benefits of this approach should
be even more apparent if hardware based implementations of our algorithm is considered, due
to the inherent nature of event-based processing transmitting only changes in tactile stimulus.
Lastly, our approach is also independent of any particular sensor type, and we present an accom-
panying dataset of task-agnostic data samples gathered with the BioTac SP sensor. These include
motion tracking over known trajectories and their time-synchronized RGB images, force sensor
readings for varying forces applied to the surface using different indenter diameters, and slippage

data for several objects and their accompanying ground truth timestamps.
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Chapter 5: Conclusion

5.1 Summary

In this thesis, we present novel approaches to grasping and manipulation using tactile feed-
back from the BioTac SP sensor, on a Shadow Dexterous Hand end-effector setup. We reinforce
the crucial role of tactile feedback in achieving successful grasping, and demonstrate how to
process tactile information in various ways for control of a high degree-of-freedom end-effector.

We begin in Chapter 1, by presenting a pipeline for observing a human operating appli-
ances, segmenting and detecting contact regions through point cloud processing, and converting
them into abstract action parse trees for execution by a robotic agent. This motivates the necessity
of contact and separation cues for replicating complex human actions in day-to-day tasks.

We then introduce the concept of tactile flow, based on neuroscientific studies where it was
found that the parts of the human brain that reacts to visual motion (optical flow) also reacts
to motion stimuli across the skin. We take this concept and apply it to the BioTac SP sensor,
and perform two- and three-dimensional interpolation on the discrete data points to obtain con-
tinuous tactile flow surfaces. We show differences between flow fields under differing surface
characteristics.

We next turn to a practical application of tactile flow in Chapter 3, by applying it to a variety

of grasping tasks. Using tactile perception, we are able to detect loss of static friction between
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the fingers and the object being grasped, and use that as a control signal for adjusting the forces
applied. This pipeline allows us to detect and prevent slippage during grasp, which facilitates
grasping of previously unseen objects of unknown mass and material types. We demonstrate
challenging scenarios such as deformable soft-toys and transparent glasses, which are usually not
feasible using visual perception alone.

In Chapter 4, we take a different approach to parsing tactile data from the BioTac SP sen-
sor. Here, we take inspiration from neuromorphic computing techniques, and convert the raw
tactile data into spatio-temporal gradients (‘“simulated events”) which are subsequently used to
generate an “event’” surface. This tactile surface provides us a robust and noise-reduced mid-level
feature that we use to track contact surfaces across the sensing skin of the BioTac SP. We demon-
strate experimentally the ability to track direction of tactile motion, the correlation between event
density and applied forces, and use tactile surfaces to track contoured surfaces.

In addition to these aforementioned contributions, we also introduce in Appendix B.2 the
open-source shadowlibs library that was developed as a part of the research done in this thesis.
It provides a easy to use software interface for the Shadow Dexterous Hand and the BioTac SP

sensor through a C++ library, and includes utility functions for controlling the individual joints

103



of the Shadow Hand, as well as obtain readings from the corresponding sensors.

Chapter 5: Future Work

In future work, we use time-synchronized BioTac SP data from multiple fingers to obtain
stable grasps under force closure, and use the perturbation in computed contact wrenches to per-
form various alignment tasks, such as stacking cups, peg-in-hole style tasks, and shape insertion
tasks. Appendix 5 contains the ongoing work, under preparation for publication.

We are also looking into finite element models that closely resemble the internal sensing
mechanism of the BioTac SP sensor, including the fluid dynamics and the electrical impulse
transfer through the fluid used for sensing. This would better help in characterizing the noise
model of the sensor, which thus far has been a non-feasible task. This would help us learn a
model of the sensor, which could be used for reinforcement learning tasks for adaptive grasping
and manipulation using tactile feedback. Detailed information about the BioTac SP sensor is

provided in Appendix A.3.4, and contains initial results from finite element models generated.
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Appendix A: StackTac: Object Alignment using Visuo-Tactile Control

A.1 Introduction

Practical applications of dexterous manipulation involve interactions with a variety of ob-
jects, and most of these interactions can be classified as some variation on “alignment” tasks.
For instance, using a tool such as a screwdriver requires aligning the screwdriver with the screw,
drilling a hole into a wooden block requires aligning the drill with the wall, hammering a nail
requires aligning the hammer with the nail, and so on and so forth.

For most objects, it is also theorized that their primary affordance lies along their longitudinal
axis. This is intuitively true since man-made objects are designed with grasping and manipulation
capabilities in mind, which requires them to be shaped with specific geometry in mind. Taking
the aforementioned examples of tools, we can see that each of the tools are used along the direc-
tion of their longest axis.

The challenge of using robotic end-effectors to align objects lies in having continuous sensory
feedback regarding the position of both items being aligned. Contemporary approaches on solv-
ing this problem have relied on visual or force sensor inputs for feedback during the alignment
process. However, these approaches are generally plagued by occlusion once the parts being
aligned are no longer in the line of sight of the vision sensor, or are susceptible to loss of pose

state when alignment errors occur.
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We propose a novel visuo-tactile feedback control system for the Shadow Dexterous Hand
equipped with the BioTac SP sensor that combines the large-scale sensing capabilities of a RGB-
D camera with the fine-grained tactile sensing capabilities of the BioTac SP to perform a variety of

alignment tasks, including peg-in-hole style operations and stacking cups of different dimensions.

A.2 Prior Work

There have been various approaches to solving the alignment problem, under various sce-
narios and constraints.

From a neuroscientific standpoint, the authors in [135] discuss the role of the primary and
somatosensory cortices M/ and S/ respectively, and how they are sensitive to grasping. For
unconstrained grasping scenarios, they find that both are responsible for modulating digit forces
and positions, and are individually responsible for storing and retrieving learned digit forces and
positions. They also reinforce the combination of visual feedback and tactile perception being
important to grasping by humans.

An example of an earlier work is in [136], where the authors study the relationship between
actions and sensing for orientation tasks. They perform a series of push-align actions and distance
measurements to find a set of steps to align objects. As part of this work, they also model shape
uncertainty, for convex polygonal shapes.

In [137], the authors present a novel approach for grasping non-planar surfaces using de-
formable grippers through computation of the entire 6-DoF friction wrench, which greatly im-
proves contact forces as compared to a 3-DoF approximation. They also perform FEM simula-

tions of their models and evaluate their approach against these representative simulations on a
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vertical-lifting task.

In [138], the authors tackle a simulated cup-stacking problem in which they present a re-
active planning pipeline, where a human may interfere with the ongoing high-level task and the
robot is able to react to these changes accordingly under resource constraints. They present a way
to convert high-level finite tasks into an abstraction, that can then be solved using game strategies.

In [139], the authors use a deep reinforcement learning approach using a simulated UR-
5 robot combined with camera views as input, to perform a peg-in-hole alignment task. They
consider a force/torque sensor mounted at the wrist as the sensing modality, and the visual input
is used to generate the error metric for calculating reward at each action. They demonstrate
results using only tactile feedback, using tactile and visual feedback in separate stages, and by
combining them as part of a neural network input. They show that combining visual and tactile
perception, and learning jointly demonstrably improves the time taken for alignment completion.

Much of the theoretical motivation presented here has been adapted from The Fundamen-

tals of Grasping [140], and Contact Modeling for Grasping [141].

A.3 Method

Our alignment pipeline comprises two stages, namely 1. gross alignment multi-view recon-

struction and segmentation 2. fine alignment using differential tactile measurements

A.3.1 Visual Alignment

We begin with an Asus XTion RGB-D sensor, that is calibrated to the robot’s frame of

reference. We use the Open3D processing library to perform all the operations on our visual
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input. This camera is used to capture multiple frames of RGB and registered depth frames, which

are then converted to a point cloud format. These point clouds are downsampled to facilitate
faster computation, and a point-to-plane Iterative Closest Point algorithm (Eqn. A.1) is applied

to each cloud in succession.

E =" llppd(ps, gi, ), = 0 (A1)

Here, p; and g; are the i™ points of clouds P and () respectively, and n; is the normal to the point
¢;- ppd is the point-to-plane distance that is being optimized between the corresponding points,
and we find the transform 7' that minimizes the point-to-plane distance. This results in the points
of cloud () being transformed to the coordinate system of the previous cloud P, which combines
multiple views of the scene into a reconstructed cloud.

Once we obtain this reconstructed scene point cloud, we segment the table using standard
robust algorithms, i.e.using least squares fitting under RANSAC. The obtained table points are
then removed from the reconstructed cloud. This ideally leaves us with only the points compris-
ing the objects on the table, which are the objects to be aligned.

The next step in the pipeline involves using the Density-based spatial clustering of applica-
tions with noise (DBSCAN) algorithm, which clusters the points according to local, contiguous

density, parameterized by the minimum number of points considered to be a valid cluster, and a
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distance metric for neighborhood points. This step gives us n distinct clusters for each object in

the scene.

Lastly, we take the points in each clustered object and find the dominant axis vectors along
all three dimension. We employ Principal Component Analysis (PCA) on the 3D coordinates
of each point to find the axis vectors in each dimension. The eigenvector corresponding to the
largest eigenvalue from the PCA result is used to compute the major axis of the segmented object,

and we use the robot manipulator to then align the corresponding axes.

A.3.2 Tactile Alignment

A.3.2.1 Contact Modelling

Let us introduce the concept of the Coulomb Friction Model, which deals with friction
forces between finger tip and object at the region of contact. Here, f;, f, € R refer to the

magnitudes of tangential and normal forces respectively. Coulomb’s Law states that slippage
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occurs when

|ft‘ > /J'fna
(A2)

constrained by | fi| < pfn, fu >0
where 1 is the coefficient of static friction.

The friction cone FC, illustrated in Subfig. A.2a, is defined by

FC={feR:\/f2+ < ufsfs 20} (A3)

While Eqn. A.3 only quantifies a single-point contact, it is not a realistic model. Instead, we
prefer to model a soft-finger contact which allows frictional forces, as well as torques about the

normal. This is defined as

FC={f € R : \/ 2+ f3 S pfo.fs 20, |fal <7} (A4)

where 7 is the torsional friction coefficient.

For ease of computation, this friction cone is generally approximated by n number of planar
facets, and Eqns. A.3, A.4 can be represented by a positive linear combination of these facet
vectors. This is illustrated in Subfig. A.2b.

Each contact point ¢ between object and end-effector applies a wrench on the object. The
wrench is defined as a vector that describes the forces f € R® and torques 7 € R? applied to
object, and is given with respect to a fixed frame on the body.

The applied wrench, from Eqn. A.4 can be represented by a 6-facet approximation of the
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cone, and given by the following matrix:

w = wa fci e FCCi (AS)

where F'C,, is the friction cone defined by Eqn. A.4.

With the aforementioned definitions of wrench and friction cone, we can define a grasp as
the set of all possible wrenches that can be exerted by the contact points between end-effector and
object. Any force f; applied at a point of contact 7 can be mapped to the corresponding wrench
on the object as G, f;, where G, is the wrench basis matrix, providing a transformation from
contact frame of reference to global object frame of reference. This now allows us to compute

the summation of all the & forces applied on the objects as one net wrench w as

h
k

W =Y Gifi=G ||, G=[G1...Gy] (A.6)
=1

Jr

The combined matrix G is the Grasp Map, and along with the Friction Cone, can be used to

describe any grasp.
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A.3.2.2 Grasp Closure

The generated grasps can be broadly categorized into two classes, namely Form Closure
and Force Closure, and defines conditions under which grasps can be maintained under exter-
nal disturbances or loads. Form closure requires the object being grasped to be kinematically
constrained, i.e. there is no room for relative motion between contact points and object. Force
closure relies on forces (typically static friction) between the contact points and the object to
resist external wrenches applied. Our system specifically relies on the force closure properties of
grasp stability, where for any external wrench wey applied to the object, there exist contact forces
fi € FC such that

sz = —Wext (A7)

A.3.2.3 Wrench Space Perturbation

From Theorem 5.2.3 in [140], for a 3D object with a 6D wrench space, the minimum
number of contact points needed for force closure with friction is three. Since we know the pose
of each of the BioTac SP sensors in contact with the object, we are able to estimate normal forces
and consequently, the wrench space. We assume force closure with three finger contacts, and any
perturbation caused due to collision/contact between object being inserted and the cavity being
inserted into is transmitted as changes in the readings from the BioTac SP. These differential
changes in force measurements can be converted to a vector in the direction opposing the point

of collision.

112



Bl Cuter container
B Inner container
Bl True centroid
Bl Shifted centroid

(a) Initial grasp configu- (b) Differential force (c) Shifted centroid due
ration centroid to misalignment

Figure A.3: Tactile Alignment Pipeline

Y
Initial Grasp > é::sn;ﬁ:;es » Lowerarm »  Collision > ﬁitfggg

Figure A.4: Tactile Alignment Pipeline

A.3.3 Pipeline

Once the two objects are aligned approximately in space, using the visual alignment pipeline
mentioned above in Subsec. A.3.1, we begin the process of refining the alignment using tactile
feedback. Our controller assumes three points of contact as necessary and sufficient for a stable
grasp, and that these contact points are distributed along the perimeter of the object being aligned.
Fig. A.3a shows a simplified diagram of the three BioTac SP sensors arranged around a circular
object.

At this stage, we can define the two objects as “outer” and “inner” respectively where the

inner object is being aligned with the outer object. For stacking or insertion tasks, it is expected
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that the outer object will be necessarily larger than the inner object. The first step requires a
baseline calibration of the forces experienced by the tactile sensors without any external contact.
Fig. A.3b shows our arrangement. Here, we can consider the normal force vectors from the point
of contact to be extending through the object and intersecting at some point “within” the bounds
of the object. This condition is necessary for a stable grasp, since if this “balanced centroid” lies
outside the bounds, then we have a net torque experienced by the object due to the forces exerted
by the end-effectors.

Our pipeline, illustrated in Fig. A.4, after initial grasp is made, then proceeds to lower
the arm along a Cartesian trajectory in the —Z (downward) axis. While this motion plan is
executed independently of the Hand, the controller receives input based on sensor readings from
the BioTac SP. If the visual alignment is not entirely accurate, then at some point in the insertion
process, there is a collision experienced between the object being inserted and the boundary
walls of the “outer” object. This causes a change in the baseline readings of the three BioTac
SP sensors, whose change is proportional to the relative poses of each BioTac SP. By computing
the differential change in baselines for each sensor, we are able to generate a normalized vector
whose direction is opposing the estimated location of collision. Once this vector is computed, it
is scaled appropriately and passed to the UR-10 manipulator as a control target.

As the arm moves the object away from the point of collision, the readings return to baseline

and the downward motion can continue as before, until collision is experienced again.
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A.3.4 Ongoing Work and Conclusions

The aforementioned work is a proof of concept, and is a work in progress to be sent for
review at an upcoming conference. We demonstrate simple alignment tasks, using both the vision
and tactile pipelines and show that we are able to detect disturbances under force closure and
apply motion compensation to remove these disturbances.

We employ a vision pipeline for gross alignment of the inner object with the cavity of the
outer object, using 3D reconstruction and object segmentation to extract the objects to be aligned
and find their major alignment axes.

Once grossly aligned, we switch to a tactile feedback control policy which computes a
planar (X-Y) vector for the UR-10 manipulator, based on BioTac SP values from all three fingers.
The differential measurements allow the system to counteract the effect of collision of the inner
object with the outer object in case of a misalignment. The Z-axis motion of the manipulator
follows a constant downward velocity.

As part of the final approach, we intend to perform detailed experiments on different sizes

of objects, and take into consideration shape alignment as well.
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Appendix B: The BioTac SP sensor

The BioTac SP sensor is a fluid-based tactile sensor that conforms closely to the form factor
and sensing mechanisms of the human skin. It is unique among its contemporary tactile sensors
in that it uses a “direct” sensing modality, i.e. requires contact with the sensing element, as

compared to other options such as optical-tactile sensors.

B.1 Internal Structure
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(a) Internal structure of the BioTac SP (b) Simulated structure of BioTac SP

Figure B.1: Internal structures of the BioTac SP

The physical construction of the BioTac SP is important to understand its sensing modality.
Figs. B.1a,B.1b show a cross-section of the internal structure of the sensor. It consists of a sensing
core surrounded by a conductive fluid that is kept confined by a pliable elastomeric “skin” that

is attached around the edges to the frame. The sensing core comprises two types of electrodes,
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the sensing and the excitation electrodes. These 24 sensing electrodes are distributed across the
surface of the core, while the 4 excitation electrodes are spatially separated.
There is also a separate pressure sensor that is used to measure the overall fluid pressure, as well

as a thermistor that measures the ambient temperature of the liquid.

B.2 Sensing Mechanism

The four excitation electrodes send out pulses at specified time intervals, which are sensed
by the 24 sensing electrodes through a multiplexer circuit. The volume of the column of fluid
above each sensing electrode, which is a direct consequence of the deformation of the skin en-
closing the fluid, determines the resultant voltage sensed at each electrode location. This is done
through a voltage divider circuit mechanism.

Thus, as the skin deforms through contact with external bodies, it results in variations in the
sensed voltages, which is then converted from analog to digital signals and processed by the

system to which it is connected.
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Appendix C: The shadowlibs library

shadowlibs
o.’ka nishkaganguly/shadowlibs

k.

shadow_imports.hpp

A 4

shadow_utils.hpp
4 v ™ 4 v N
shadow_planning options.hpp shadow_finger.hpp
¥ h
shadow_planning.hpp shadow_hand.hpp
ShadowHand + BioTac SP

UR-10
Figure C.1: High-level organization of the library

As part of this disseration, we have developed a utility library for controlling the Shadow

Dexterous Hand equipped with the BioTac SP sensors on each finger, which is mounted on the

UR-10 manipulator. The primary means of controlling the hardware is through a heavily cus-

tomized ROS infrastructure, which is running in a Docker container system.
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C.1 System Architecture

The overall system is broken down into three main parts, namely (a) ROS Host PC,
(b) Controller PC, (c¢) ODroid XU-4 .

The ROS Host PC acts as the main point of entry for the entire system, and is responsi-
ble for launching all auxiliary services. The main controller for the UR-10 is launched on this
system, as well as remotely starting the external realtime controller for the ShadowHand on the
Controller PC. The Controller PC is a separate Intel NUC system connected to the same local
area network, that runs a modified operating system with a realtime kernel. This is done to im-
prove responsiveness and performance when controlling the ShadowHand. Lastly, we also have
an ODroid XU-4 single board computer that is solely responsible for running a minimal server
used to receive, parse, and transmit external force sensor data from an Arduino microcontroller
to a client on the ROS Host PC, which then broadcasts that information over the ROS network

for consumption.

C.2 Utlities

We provide a set of simple yet functional utilities as part of shadowlibs, used to simplify
planning functionality. These functions include various conversion functions for different angular
definitions, adding and manipulating objects in the planning scene, obtaining transformations

between known coordinate frames, and performing inverse kinematic calculations.
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C.3 Manipulator

The UR-10 is controlled through the Movelt! planning framework, using a user-selectable
planner algorithm. The choice of planning algorithms for a 7 DoF manipulator are all proba-
bilistic, and the default option is the BiRRT. We introduce an object-oriented class for managing
planner options, such as the algorithm used, the acceleration and velocity scaling factors, and
planner tolerances. This planner options object can be reused for multiple planning phases. We
also provide a high-level wrapper over verbose Movelt! functionality for planning tasks on the
manipulator. This class accepts a set of planning options, and generates several types of plans as
needed including planning to pose or joint targets, as well as planning to pre-defined “named”

targets.

C.4 End-Effector

The control system for the ShadowHand is a bit more complicated, despite having an in-
cluded Movelt! interface. The primary reason is the kinematic structure of the Hand naturally
separates it into five separate kinematic chains, one for each finger starting at the wrist joint up
to the respective finger tip. This makes planning and execution for the Hand an involved affair.
Also, for most of the tasks related to dexterous grasping, it becomes imperative to not have ex-
plicit planning routines but requires more “manual” control over joint angles.

To facilitate these requirements, the shadowlibs library provides an object-oriented approach
to controlling the ShadowHand where each finger can be constructed as a generic Finger in-

stance. A combination of all these fingers can then be used to instantiate a Hand class. This
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interface is more intuitive and conforms to a more natural abstraction for the ShadowHand.

We override the Movelt! library functionality, and disable the onboard trajectory controller to
directly apply control commands to the individual joints and this is multithreaded, allowing for
simultaneous motion commands for all five fingers. We also integrate each finger’s respective
BioTac SP sensor as a class object, thus allowing easy implementations of tactile-feedback into

custom control schemes.
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