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ABSTRACT OF THE DISSERTATION
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Professor Veronica Santos, Chair

Robots are expected to operate autonomously in unstructured, real-world environments.

For effective physical interaction with the world, robots must build and refine their under-

standing of the environment through sensory feedback. However, tactile feedback has been

used primarily in open-air environments and not within granular materials. When robots

operate within opaque granular materials, tactile and proprioceptive feedback can be more

informative than visual feedback. Our long-term objective is to leverage tactile sensors to

develop efficient algorithms that enable robots to infer environmental conditions and to plan

exploratory movements that reduce uncertainty in their models of the world. Motivated by

the need to keep humans out of harm’s way in search and rescue or other field environ-

ments, we address the challenge of using tactile feedback to locate objects buried in granular

materials.

In study #1, we designed a tactile perception pipeline for sensorized robot fingertips
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that directly interact with granular materials in teleoperated systems. We proposed an

architecture called the Sparse-Fusion Recurrent Neural Network (SF-RNN) to detect contact

with an object buried within granular materials. We leveraged multimodal tactile sensor data

in order to classify contact states within five different granular materials. We also constructed

a belief map that combines probabilistic contact state estimates and fingertip location.

In study #2, we developed a framework for tactile perception, mapping, and haptic ex-

ploration for the autonomous localization of objects buried in granular materials. The haptic

exploration task was performed within densely packed sand mixtures using sensor models

that account for granular material characteristics and aid in the interpretation of interaction

forces between the robot and its environment. The haptic exploration strategy was designed

to efficiently locate and refine the outline of a buried object while simultaneously minimiz-

ing potentially damaging physical interactions with the object. Continuous occupancy maps

were generated that fused local, sparse tactile information into global maps.

In summary, we developed tactile-based frameworks for perception, planning, and map-

ping for the challenging task of localizing objects buried within granular materials. Our

work can serve as a foundation for more complex, autonomous robotic behaviors such as the

excavation and bimanual retrieval of fragile, buried objects.
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CHAPTER 1

Introduction

1.1 Motivation

Tactile perception within granular materials is an important ability. The task of reaching

into granular materials and searching for an object is an essential human survival skill for

many applications such as harvesting root vegetables and clam digging below the surface

of the tidal sand flats on beaches. Tactile perception is especially necessary for tasks that

involve fine perception and manipulation of fragile and/or high consequence materials such

as in archaeological excavation or manually searching for dangerous buried devices. How-

ever, the use of sensorized robot hands within granular material has not been extensively

explored. Typically, experiments with sensorized robot hands are performed in uncluttered

environments in open air, where contact and no contact conditions are easily distinguished

from tactile sensor data.

This work is motivated by the need to advance capabilities for robots that are expected

to locate and interact with dangerous objects in dusty, sandy environments. To keep humans

out of harm’s way, it is desirable to enable robots and their remote operators to haptically

locate, excavate, retrieve, and manipulate dangerous devices that are buried within soil.

Contact with unknown objects should be handled carefully. However, state-of-the-art robotic

hands do not typically include tactile sensors and cannot match the tactile or manipulative
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abilities of human hands.

As highly capable tools, human hands can be used to distinguish between objects having

different sizes, shapes, materials, and textures, thanks in part to an exquisite multimodal

sensory system, the processing power of the central nervous system, and learning through

unnumerable novel experiences. When maneuvering within granular materials, robot systems

will require haptic intelligence in order to carefully move and interact with potentially fragile

buried objects. While the field of computer vision has progressed much more rapidly in its

technology and algorithm development, haptics has played a smaller role in the feedback

control of robotic manipulators. By formulating models and leveraging machine learning

techniques, multimodal tactile perception can be used to advance the ability of robots to

perceive, understand, and control physical interactions with their environment.

1.2 Background

1.2.1 Granular Material Properties

Granular materials, such as snow, sand, grains, salts, and powders, are ubiquitous in

nature and in industrial processes, and yet their complex behaviors are in many ways different

from other substances. At non-extreme temperatures, temperature plays no role in granular

material behavior, and the interactions between grains create a dissipative dynamical system

because of static friction and the inelasticity of collisions. It is inappropriate to classify their

properties as solid-like or liquid-like, as granular materials cut across these boundaries [3].

When in a resting state, the forces within a pile of granular materials appear to be

heterogeneous and are conducted along “force chains” in which stress is largely transmitted

by relatively rigid chains of particles forming a sparse network of larger contact forces [4].
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Physicists modeled force chains by modeling each particle or grain as a mass placed on a

lattice that rests its weight on the layer below unevenly and randomly [3]. When under

external stress, force chains carry most of the external load due to complex interparticle

forces and the patterns of pressure applied to the granular material.

A fundamental feature of granular material is its packing fraction (or density) ϕ, defined

as the ratio of grains to the total volume occupied by the packed particles [5]. The packing

fraction for randomly packed uniform spheres is typically in the 0.56 - 0.64 range [6]. The

geometrical packing determines the rigidity and flow characteristics of granular materials.

For example, dilatancy is an important property of granular materials where the overall

volume of packed grains expands in order to flow or deform. This phenomenon is induced

by shear stresses that force crowded, packed particles to spread apart [6]. If expansion

is constrained, a hydrostatic stress develops on the constraining walls as the particles are

sheared. The onset of dilatancy occurs when expansion is required to allow internal shear.

For low packing fractions, the dilatancy effect is lessened.

Granular materials can flow like liquids when energy is added to the system, as through

external shear forces. When granular materials flow, the velocity of each particle is a function

of the average particle velocity in the direction of the current and a velocity due to random

collisions with other particles [7]. Besides, unlike the classical assumption from kinetic gas

theory, particle collisions are generally inelastic, which leads to clustering since two particles

that collide inelastically will remain close to one another once energy has dissipated.

The phenomenon of granular material “jamming” is of particular interest for tactile

perception and haptic exploration within granular materials. Subject to a mechanical per-

turbation, granular materials display a critical slowdown in dynamics, from a fluid state

to a glassy state [8]. Jamming occurs when there is an increase packing density, which
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causes the granular material to behave in a stiff, solid-like manner. To distinguish jamming

from its flowing counterpart, physicists have quantified the inhomogeneous distribution of

stresses during jamming by measuring the distribution of interparticle normal forces P (F )

in experiments and simulations. The distribution P (F ) develops a plateau or small peak

near transitions between jammed and non-jammed states that is hypothesized to induce

yield stresses. The height of this peak increases with greater packing density and decreases

with greater temperature and/or shear stress [9]. The time-averaged distribution of jammed

granular material decays exponentially at large forces. By contrast, the shape of P (F ) in

flowing systems, where shear stresses exceed yield stress, is described well by an equilibrium

hertzian model at effective temperature [10].

Specific to our application, the flow and force dynamics of granular materials in the vicin-

ity of sensorized robot fingertips are of greatest interest. The rigid robot fingertip could be

treated as a flat plate. The raking movement of the robot fingertip through granular mate-

rials induces plate drag and results in a wedge-shaped region or “failure zone” ahead of the

fingertip. Materials outside of the wedge-shaped flow region remain nearly at rest. Physical

interactions between dry granular materials and plates, have been studied in simulation [11]

and on physical testbeds over the past several decades [1, 12].

Gravish et al. reported that packing density greatly influences the behavior of granular

materials around a plate “intruder” (a robot finger in our application) [13]. In general,

granular materials tend to reach a critical packing fraction ϕc that can be used to divide

granular materials into three classes of behaviors. Loose materials will compact to reach a

“critical state,” dense materials will dilate to reach a critical state, and materials already

at the critical state will remain at a constant volume [14, 15]. When an intruder forces its

way into granular materials, mean drag forces increase approximately linearly with ϕ. As ϕ
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approaches ϕc, the packing fraction at a critical state, the onset of shear dilatancy induces

flow and a bifurcation of drag forces. When ϕ exceeds ϕc, fluctuations in drag force grow

as ϕ increases and the flowing region becomes increasingly stationary. While at low ϕ, as

for loosely packed materials, drag forces fluctuate independently of ϕ, resulting in smooth

surface deformation and intermittent flow. Gravish et al. reported that responses similar to

those obtained using homogeneous glass beads were observed for other granular materials

including poppy seeds and heterogeneous beach sand [13]. In our work, we assume this

similarity in response across different types of granular materials.

Using a 3-D discrete element method simulation, Kobayakawa et al. [11] reproduced

ϕ0-dependent force oscillations observed experimentally by Gravish et al [12]. In the mod-

els, the drag force is determined by considering the equilibrium of forces acting on the

failure zone formed ahead of the plate. By using a 3-D wedge model developed by Wick

and Perumpral [1], Kobayakawa et al. also modeled relationships between the plate angle

with respect to the granular materials surface, the “shear band” that separates flowing and

stationary particles, and the drag force on the plate [11].

1.2.2 Prior Robotics Research with Granular Materials

The majority of prior work on robots that operate in granular material environments

has focused on locomotion as opposed to grasp and manipulation. The performance of

robots that locomote across and through granular materials has advanced through the careful

study of granular materials and the control of robot interactions with granular materials.

For example, Aguilar et al. [16] measured the kinematics of granular flow with high-speed

videos as a spring-mass robot jumped across dry granular materials (poppy seeds). Particle

image velocimetry analyses of particle flow showed that a cone of solidified particles rapidly
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developed beneath the robot’s foot during locomotion. Aguilar et al. created a geometric

model of the cone’s development under the load of an “intruder” (flat, circular robot foot)

in order to estimate the dynamics of impulsive interactions between the robot foot and the

granular materials. The dynamic model was then explored in order to enable the robot

to jump higher from and sink less into the granular materials. A sand-swimming robot

[17] was optimized to swim limblessly within granular materials with the aid of a granular

material model based on a multi-particle Discrete Element Method (DEM) [18] and Resistive

Force Theory (RFT) [19]. DEM was used to compute robot-particle and particle-particle

interaction forces, and RFT was used to predict the performance of the sand-swimming robot

for locomotion through granular materials. DEM simulations also enabled the lightweight

DynaRoAch robot [20] to run across granular materials by exploiting the fluidic properties

of granular materials.

1.3 Contributions

In this dissertation, we address the underexplored topic of tactile perception and haptic

exploration within granular materials as a foundation for future work on robotic excavation

and retrieval of buried objects. Unlike prior work that used unsensorized robot feet to

interact with granular materials, we leveraged sensorized robot fingertips to interact directly

with granular materials and to draw inferences about local contact state and buried objects.

Additionally, prior works on robot interactions with granular materials have assumed

that the granular materials were homogeneous in nature. In this work, we consider both

homogeneous granular materials as well as heterogeneous soil mixtures. The presence of a

foreign object buried within granular materials adds to the heterogeneity of the granular
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material environment and further affects tactile percepts.

Chapter 2 presents an approach for tactile perception when sensorized robot fingertips

are used to directly interact with homogeneous granular materials. We established a mul-

timodal learning architecture based on Recurrent Neural Networks with Long Short-Term

Memory units that incorporates multiple tactile sensing modalities (vibration, internal fluid

pressure, and electrode impedance as a proxy for fingerpad deformation). Our SF-RNN

model architecture learned to fuse sparse representations of multimodal tactile sensor data

and performed robustly on novel test data that included variations in granular material type

and particle size, fingertip orientation, fingertip speed, and object location along the linear

fingertip trajectory. We also introduced a belief map representation to visualize tactile infor-

mation from an SF-RNN model for a human teleoperator. During real-time implementation,

the tactile perception model and belief map were updated every 150 ms and every 100-300

ms, respectively.

Chapter 3 presents a framework for tactile perception, mapping, and haptic exploration

for the autonomous localization of objects buried in heterogeneous granular materials, a

densely packed sand mixture. The haptic exploration task was performed using a sensor

model that accounts for granular material characteristics and aids in the interpretation of

interaction forces between the robot and its environment. The task was designed to efficiently

locate a buried object and refine its outline while simultaneously minimizing potentially

damaging physical interactions with the buried object. A continuous occupancy map was

generated that fused local, sparse tactile information into a global map. We demonstrated

our framework in simulation and with a real robot with granular materials.

Chapter 4 summarizes the contributions of this doctoral dissertation and presents po-

tential enhancements for haptic exploration tasks within granular materials as future work.
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CHAPTER 2

Tactile Perception for Teleoperated Robotic

Exploration within Granular Media

This chapter was based on work published in the journal ACM Transactions on Human-Robot

Interaction [21].

2.1 Abstract

The sense of touch is essential for locating buried objects when vision-based approaches

are limited. We present an approach for tactile perception when sensorized robot fingertips

are used to directly interact with granular media particles in teleoperated systems. We

evaluate the effects of linear and nonlinear classifier model architectures and three tactile

sensor modalities (vibration, internal fluid pressure, fingerpad deformation) on the accuracy

of estimates of fingertip contact state. We propose an architecture called the Sparse-Fusion

Recurrent Neural Network (SF-RNN) in which sparse features are autonomously extracted

prior to fusing multimodal tactile data in a fully connected RNN input layer. The multimodal

SF-RNN model achieved 98.7% test accuracy and was robust to modest variations in granular

media type and particle size, fingertip orientation, fingertip speed, and object location.

Fingerpad deformation was the most informative modality for haptic exploration within
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granular media while vibration and internal fluid pressure provided additional information

with appropriate signal processing. We introduce a real-time visualization of tactile percepts

for remote exploration by constructing a belief map that combines probabilistic contact state

estimates and fingertip location. The belief map visualizes the probability of an object being

buried in the search region and could be used for planning.

2.2 Introduction

The task of reaching into a granular material and searching for an object is an essential

human skill for applications that include harvesting root vegetables, excavating archaeolog-

ical artifacts, rescuing victims of landslides and avalanches, and humanitarian demining.

Unique to such tasks is the importance of the sense of touch. This work is motivated by the

need to keep humans out of harm’s way by enabling robots and their teleoperators to hap-

tically locate, excavate, retrieve, and manipulate dangerous devices that are buried within

granular media, such as sand, snow, and rubble. Contact with unknown, potentially delicate

and/or dangerous objects should be done with care. However, state-of-the-art robotic hands

cannot match the haptic perception abilities of human hands. The challenge of remotely con-

trolling a remote end-effector within granular media is compounded by issues that include

a lack of direct, natural sensory feedback and compromised bidirectional communication

between the teleoperator and robot. The cognitive burden on the teleoperators of robot

manipulators could be reduced if tactile sensors were used in concert with visual feedback

during interactions with granular media and buried objects. Traditionally, experiments with

robot hands are performed in open air environments, where contact and no contact condi-

tions are easily distinguished using tactile sensors. To our knowledge, the direct use of robot
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hands within granular media has not yet been explored. In this work, we address tactile

perception challenges that arise when sensorized robot fingertips are used in granular media

environments. The objective of this work is to develop the fundamental capability of tactile

perception within granular media for semi-autonomous robotic systems that are supervised

by human teleoperators. Specifically, the goal is to develop the tactile ability to distinguish

between contact with an object embedded in granular media and ubiquitous contact with

surrounding granular media.

While granular media has been manipulated by hand in virtual reality [22, 23], this work

represents the first use of tactile sensors for actual robot hand movements in direct contact

with granular media. The rapid development of tactile devices and skins over the last couple

of years has created new opportunities for tactile information being used for a myriad of

robotic applications [24, 25, 26, 27, 28] enabled by the development of novel tactile sensors

[29, 30, 31]. However, unlike the rapid progress in the field of computer vision with respect

to its technology and algorithm development, tactile feedback has played a smaller role in

robot planning and feedback control.

While open-source tactile datasets are becoming available [32], there are still no datasets

that are commonly used for evaluating tactile sensing algorithms in the way that ImageNet

[33] and RoboNet [34] are used for evaluating computer vision algorithms. In contrast to

image datasets, tactile datasets are expensive to collect and it is difficult to obtain ground

truth for tactile perception tasks. Once tactile data are collected, a suitable computational

method for deciphering the encoded percepts becomes especially important.

In this work, we present a multimodal tactile perception model that can be used for re-

mote robotic tactile exploration within granular media. Extending beyond a prior workshop

paper [35], the model performs tactile perception by combining signal processing, sparse
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Figure 2.1: A block diagram is shown for a notional real-time execution of the action,

perception, and visualization processes.

coding, and a recurrent neural network to integrate multiple tactile sensing modalities (vi-

bration, pressure, fingerpad deformation). We refer to our model as a Sparse-Fusion RNN

(SF-RNN in Figure 2.1) since sparse features are extracted in a pre-processing step that pre-

cedes a fusion layer of an RNN. The tactile percepts are visualized as a spatial probabilistic

distribution using a “belief map” [36]. Figure 2.1 shows a high-level diagram of a notional

computational flow during real-time execution. This work focuses primarily on the “Tactile

perception” and “Feedback to teleoperator” portions of the block diagram shown in blue

and red, respectively.

This article is organized as follows. Section 2 introduces related work. Section 3 describes

the multimodal tactile perception algorithm and Section 4 describes the belief map represen-

tation of tactile information. Sections 5 and 6 detail the experimental procedure for robot

data collection and model evaluation, respectively. Section 7 discusses notable trends in the

tactile data and real-time tactile perception and visualization for human control of remote

robotic systems. Section 8 concludes the work with a summary of contributions, limitations,

and future directions.
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2.3 Related Work

2.3.1 Complex Behaviors of Granular Media

Granular media, such as sand, grain, and powder are ubiquitous in nature and in indus-

trial processes. Yet, the modeling of the complex behaviors of granular media remains an

active area of study. It is inappropriate to classify granular material properties as strictly

solid- or liquid-like [3], and there is no universal continuum model to predict the behavior

of granular media in an arbitrary geometry under arbitrary loading. Affected by its packing

condition, the rigidity and flow characteristics of granular media [5] exhibit complex behav-

iors, such as jamming [8], dilatancy [6], flow bifurcation in the vicinity of a “intruder” [13],

and force fluctuations around the intruder. Models have been developed to estimate soil

properties such as internal friction, interface friction, and soil density (e.g. [37] [38]) from

large interaction forces. Grain-scale numerical models such as the Discrete Element Method

[18] and Resistive Force Theory [19] have been applied to simulate behaviors of granular

particles.

An important feature of granular media is the “force chain”, which is a hallmark feature of

physical interactions with granular media. Under external stress, the force chain carries most

of the load via complex inter-particle forces [39]. When external forces are too small to cause

particle rearrangements, granular media becomes an amorphous solid and the distribution

of interparticle normal forces develops a peak near the jamming transition [9]. When an

intruder moves through granular media, as when a robot finger is raked through sand, the

granular media packing fraction will change and particle flow and force fluctuations will

occur around the intruder. When the intruder is a sensorized finger, the finger-particle

interactions directly affect the tactile measurements. The countless instances of making and
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breaking contact between the fingertips and surrounding granular media particles effectively

add noise to tactile sensing modalities that might otherwise be useful for object detection,

the perception of geometric features (e.g. [40]), and the detection of key haptic events.

2.3.2 Robot Interaction with Granular Media

Exploiting the sense of touch is essential for robots operating according to physical inter-

action cues and is often associated with computational and representation challenges [41]. As

with biological systems, artificial tactile perception is an active process for sensing properties

of one’s environment, especially in the absence of vision [42]. The task of locating a buried

rigid object has been previously studied using a leader-follower teleoperated robot system in

which a custom haptic device displayed forces and torques directly to the operator’s hand

[43]. In that work, a human teleoperator manually controlled a robot that was sensorized

with a force/torque sensor that remained outside of the granular media. Here, we aim to

develop tactile perception capabilities for a semi-autonomous robot whose contact states are

visually displayed for a human telesupervisor. We use multimodal tactile sensors that make

direct contact with granular media and an object buried within the granular media.

Prior research has been conducted on robot interactions with granular media, primarily

with a focus on improving robot locomotion. For example, studies have been performed on

legged [20] and flipper-based locomotion [44], sidewinding [45] and sand-swimming [17]. Nu-

merical simulation approaches have enabled high locomotion performance [16] by predicting

forces and flow fields of the granular media, which are difficult to measure during exper-

iments without sensorized feet. In addition, particle image velocimetry analyses via high

speed video have enabled researchers to measure grain kinematics and predict quasistatic

resistive forces to enable robots to jump [46] and walk [47] on flat dry granular surfaces. In
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general, however, legged robots do not incorporate local sensing on feet because sensors lack

the robustness to repeated impact and wear.

In addition to locomotion, researchers have studied robot manipulation of granular media.

For household applications, the granular media are poured from containers, such as a box

[48] or powdered coffee creamer bottle [49], or manipulated with a tool, such as a spoon

[50]. Unlike works in simulated environments [51, 52], it is difficult to observe the dynamics

of granular media in real applications. As a result, researchers have relied heavily upon

computer vision techniques. To detect the flow of granular media during pouring, Yamaguchi

and Atkeson employed a stereo camera to reconstruct the 3D point cloud [49] of the granular

media. Schenck et al. evaluated predictive models with depth images in order to infer the

dynamics of scooping and pouring actions [50]. In these prior works, vision was the primary

sensory modality and researchers did not touch the granular media directly using sensorized

robot fingers.

2.3.3 Feedback to Human Teleoperator

To assist a remote human operator to haptically locate a buried object within granular

media, a robotic system needs to provide accurate tactile information promptly, convey

the properties of the environment, and communicate recommended future actions. Until

immersive telepresence set-ups become the norm, current common methods for feedback

include audio, visual, and tactile displays. Tactile feedback, which can be subdivided into

kinesthetic and cutaneous feedback, relies on the design of tactile display hardware and the

ability or willingness of the human teleoperator to don the hardware. Kinesthetic feedback

can be achieved by coupling a human teleoperator to devices, such as exoskeletal-based

robotic arms [53], that apply forces and torques to the limbs. Kinesthetic feedback devices

14



tend to be heavy and expensive and they additionally require custom haptic devices unique

to a particular task. Cutaneous feedback can be achieved by vibrating [54, 55], stretching

[56], or applying pressure/force [57, 43] or changes in temperature [58] to a teleoperator’s

skin. The feedback device can be placed on a body part that mirrors the sensor location on

a robot surrogate (as on fingertips) or on a body part that is available (as on the upper arm

of a transradial amputee).

In many cases, some feedback methods are impractical for field-specific applications. For

instance, audio feedback is not an option in loud environments. In another example, a tele-

operator may be wearing gear that precludes the donning of bulky kinesthetic or cutaneous

feedback devices. In this work, we have elected to convey the learned contact state infor-

mation from our tactile perception model in a visual manner, as a proof-of-concept. The

visualization can include spatial, temporal and probabilistic information, for example. For

our example application, the belief map represents a top-down view of the exploration area

and uses a color map to reflect tactile sensor-driven probabilities of an object being buried

in a particular region (Figure 2.1). Such a visualization could serve as a source of actionable

information, enabling teleoperators to safely gain situational awareness and enhancing the

quality and efficiency of human-robot interaction.

2.4 Multimodal Model for Tactile Perception

The goal of the tactile perception algorithm is to enable a robot to distinguish a buried

object from its surrounding granular media through tactile exploration. The two fingertip

contact states of interest are “contact with a buried object” or “free movement through gran-

ular media.” In order to address the tactile perception problem more generally, we propose
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Figure 2.2: Sparse-Fusion RNN (SF-RNN) model architecture for multimodal tactile percep-

tion in granular media. (a) Vibration, internal fluid pressure, and 19 electrodes’ impedance

data were collected from BioTac sensors. (b) Vibration and internal fluid pressure data were

filtered by EMD. (c) Feature tensors were composed for each modality. (d) Sparse coding

was used as an unsupervised pre-training step. (e) An RNN mapped a 400D input space to a

2D output space. (f) The RNN sequentially labeled tactile inputs according to the estimated

fingertip contact state.
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a model architecture that we refer to as a Sparse-Fusion RNN (SF-RNN, Figure 2.2) since

sparse features are extracted via an unsupervised learning pre-training step prior to fusion

through a fully connected input layer of an RNN. The model incorporates multiple sensing

modalities from the BioTac tactile sensor (SynTouch LLC, Los Angeles, CA): vibration, in-

ternal fluid pressure, and electrode impedance as a proxy for fingerpad deformation (Figure

2.2a).

Raw tactile sensor signals were first pre-processed in order to filter out noise. Features of

the vibration and internal fluid pressure data were distilled using Empirical Mode Decompo-

sition (EMD) (Figure 2.2b) prior to the creation of a data structure that combined the three

tactile sensing modalities (Figure 2.2c). Per well-established practices of machine learning

libraries such as Tensorflow [59] and pytorch [60], we referred to the combined features from

different heterogeneous sensor data as feature tensors in our SF-RNN model architecture.

Sparse coding via online dictionary learning was used as an unsupervised pre-training step

(Figure 2.2d), which yielded a learned feature vector for use as an input to an RNN classifier

(Figure 2.2e). The use of sparse coding enabled the efficient storage of the 400D feature

vector prior to the RNN mapping to a 2D output space that reflected the perceived fingertip

contact state (Figure 2.2f). The accuracy of the fingertip contact state estimate is important,

as a probabilistic belief map will be created to visualize the data for a human teleoperator

(Section 2.5) under the assumption that the contact state estimate is correct.
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2.4.1 Pre-processing of Tactile Data

2.4.1.1 Tactile Sensor Signal Processing

Empirical Mode Decomposition (EMD) [61] (Figure 2.2b) is a powerful technique for

analyzing nonlinear, non-stationary, natural signals because EMD decomposes a time series

signal into a series of intrinsic mode functions IMFs that preserve characteristics of the

original signal, such as variations in frequency (Appendix A.1). Physical meaning can often

be associated with EMD-filtered components, as in the analysis of electroencephalogram [62],

water wave [61], and earthquake time series data [63].

The original tactile signal x(t) is thus decomposed in the time domain with a small

enough residue rn.

x(t) =
n∑
j=1

IMFj + rn, (2.1)

As shown in Figure 2.2b, EMD was applied to the BioTac’s vibration and internal fluid

pressure data. Per [61], we set the residue threshold at 10% of the norm of IMFn−1 for each

the vibration data and internal fluid pressure data. We selected the first n = 8 IMFs for

the vibration data and the first n = 5 IMFs for the internal fluid pressure data, leaving

only monotonic final residues. Figure 2.3 shows the original vibration data for 2 sec of a

representative trial along with deviations of its first 8 IMFs from the mean IMF .

2.4.1.2 Reconciliation of Heterogeneous Datastreams

Our model incorporated features from vibration, internal fluid pressure and electrode

impedance data from a multimodal tactile sensor. These tactile sensor data were heteroge-

neous due to the different transduction mechanisms, dimensionality of sensing channels, and
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Figure 2.3: (a) Raw vibration data and (b-i) squared deviations of its first 8 IMFs. Each

deviation was calculated as norm[IMF - mean(IMF)].

sampling frequencies unique to each modality. One obvious way to fuse heterogeneous sensor

data is by concatenating the datastreams. However, we found that models that utilized this

simple concatenation approach performed poorly, as will be described in Section 2.7.1 and

shown in columns 1 and 4 of Tables 2.2 and 2.3.

Ultimately, we used a sensor fusion architecture in order to leverage well-established com-

puter vision techniques while reconciling the differences in the heterogeneous datastreams.

We selected the update frequency of the feature tensors outputted from step “(c)” in Fig-

ure 2.2 to be 100 Hz. For the vibration data sampled at 2200 Hz and then filtered using

EMD, the most recent 22 samples were extracted for each of 8 IMFs. For the internal fluid

pressure data sampled at 100 Hz and then filtered using EMD, the most recent 5 samples

were extracted for each of 5 IMFs. Finally, for the electrode impedance data sampled at

100 Hz, the most recent 5 samples were extracted. In this way, all three modalities would

be represented by a spatiotemporal series of data. With an update frequency of 100 Hz,

the following feature tensors were updated every 10 ms: 8 IMFs x 22 samples for vibration

data, 5 IMFs x 5 samples for internal fluid pressure data, and 19 channels x 5 samples for
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electrode impedance data (Figure 2.2c).

2.4.1.3 Sparse Representation and Online Dictionary Learning

Upon creating feature tensors from three tactile sensing modalities, we used sparse cod-

ing (Figure 2.2d) to represent the multimodal tactile data as linear combinations of basis

functions that capture higher-level features (Appendix A.2). These features were identified

autonomously and adaptively using an unsupervised online optimization algorithm for dic-

tionary learning [64]. This unsupervised, pre-training step was introduced specifically to

improve the generalization of the multimodal tactile perception model [65].

Using sparse coding, we compactly represented the overcomplete model of the tactile

sensor data. By solving a matrix factorization problem with a sparsity penalty (eq. A.2

in Appendix A.2), the algorithm learns a dictionary D = [d1, . . . dk] ∈ Rm×k and a sparse

matrix of coefficients α = [α1, . . . αt] ∈ Rk×t that can be used to approximate a signal

X = [x1, . . . xt] ∈ Rm×t in a linearized manner as X̂.

X̂ = Dα (2.2)

Each dictionary size k, also referred to as feature vector length, was chosen heuristically

as k = 200, 100, and 100 for vibration, internal fluid pressure, and electrode impedance

modalities, respectively. According to [64], the sparsity penalty was set with a scaling

parameter related to the dimension of the original signal. The feature tensors from step “(c)”

in Figure 2.2 were flattened and passed through the sparse coding algorithm in parallel.
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2.4.2 RNN with GRUs for Binary Classification

The final stage of our multimodal tactile perception pipeline was comprised of a binary

RNN classifier. Through the use of an RNN architecture, we aim to develop a model ca-

pable of learning rich representations of tactile signals within granular media and capturing

temporal dependencies. The inputs to the RNN were the sparse, overcomplete 200D, 100D,

and 100D feature vectors for the vibration, internal fluid pressure, and electrode impedance

data, respectively. These feature vectors were fused within the RNN’s fully connected input

layer. The output of the RNN was one of two fingertip contact states: “contact with a buried

object” or “free movement through granular media.”

The RNN was comprised of four hidden layers with 50 neurons per layer with parame-

ters selected as described below. Model training and sequence labeling were performed with

a Long Short Term Memory (LSTM) variation called Gated Recurrent Units (GRUs) [66]

(Appendix A.3), which perform well for sequence learning and translation applications [67].

By combining RNNs with GRUs, an RNN can learn a nonlinear mapping between multi-

modal tactile feature inputs and contact state outputs. The long term memory duration was

designed as 500 ms with a short term memory duration of 10 ms, per the 100 Hz update rate

selected for step “(c)” of Figure 2.2. RNN weights were updated using Adaptive Momentum

Estimation (Adam) Optimization, which computes adaptive learning rates for each param-

eter [68]. The cost function was based on cross-entropy loss and also included a penalty for

heavy weights via L2-regulation. Dropout was applied with a rate of 0.4 in order to prevent

overfitting and to enhance robustness of the model to the loss of input features, which will

be evaluated using an ablation study in Section 2.7.1.
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2.5 Belief Map Representation of Tactile Information

To convey the ever-changing fingertip state from our multimodal tactile perception pipeline

to a human teleoperator, we lay the foundation for the visualization of an unknown object

buried in granular media using a “belief map” [36]. The belief map combines spatial informa-

tion related to fingertip location (derived from known robot kinematics) with probabilistic

fingertip contact state estimates provided by our SF-RNN model architecture (Figure 2.2).

A belief map can be used by a robot for semi-autonomous trajectory planning to further

reduce uncertainty in the map or by a human teleoperator for high-level decision-making.

As a robot explores a region of interest, it samples from an unknown distribution and

obtains new information. Specific to our application, a robotic hand with tactile sensors was

used to explore and estimate the location of a buried object. As the robotic hand moved

through space, it sampled the underlying spatial distribution by estimating the fingertip

contact state and simultaneously associating the contact state with the fingertip location

in space. The probability values for the entire spatial distribution were updated at each

timestep with each new observation through a probabilistic classification method, specifically

Support Vector Classification (SVC) with a radial basis function (RBF) kernel (Appendix

A.4). Spatial information was stored in an RBF kernel that maps the influence of contact

state at its spatial location into an infinite dimensional feature space. The spatial reach, or

sphere of influence, of the radial basis function was customized for best performance for the

size of our testbed, tactile sensor, and buried object. Since the SVC score function sums the

learned mapping from all previous timesteps, the belief map is capable of tracking the states

it has previously sampled. Finally, the SVC scores were calibrated using Platt Scaling [69] to

produce a probability of whether an object is buried at a specific location. This probability
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Figure 2.4: (a) Experimental set-up used to collect multimodal tactile sensor training data

by sweeping sensorized fingertips through granular media (cottonwood beads) and across

a buried cylinder. (b) Blue arrows indicate the linear trajectory of two fingertips through

granular media (not shown for clarity). (c) In the presence of a buried cylinder, one fingertip

was swept briefly across the cylinder (finger-object contact is indicated in red). (d) For a

robustness study, different granular media types were used (plastic pellets are shown) and

a 3D-printed adapter was used to change the orientation of the fingertip to simulate 20◦ of

finger extension relative to the pose in (a-c).

integrates information about estimated fingertip contact state and known fingertip location.

In this work, the Python Scikit-Learn package [70] was used for optimization and calibration.

The distribution that represents the probability of fingertip contact with a buried object is

updated for every 10 iterations of the RNN, a belief map update rate that was limited by

our current computational power and is discussed further in Section 2.8.2.
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2.6 Experimental Procedure: Robot Data Collection

In order to equip robots with the ability to locate objects buried within granular media,

we focus on perceiving fingertip contact states for a preliminary set of fingertip-object-media

interactions. In this section, we describe our robot testbed and datasets for model training

and model testing.

2.6.1 Robot Testbed

Our robot testbed consisted of a 7 degree-of-freedom (DOF) Barrett Whole Arm Manip-

ulator (WAM) with a 4 DOF BarrettHand (Barrett Technology, Cambridge, MA) (Figure

2.4). Two BioTac sensors (SynTouch LLC, Los Angeles, CA) were mounted on the Barrett-

Hand fingertips. The multimodal BioTac sensor measures vibration at 2200 Hz, internal fluid

pressure at 100 Hz, and fingerpad deformation data at 100 Hz via an array of 19 spatially

distributed electrodes that sense impedance [29].

The sensorized robot fingertips were commanded, using position control, to perform

linear exploratory movements within a rigid, 30 cm cube containing granular media. A 9.1

cm diameter, rigid plastic cylinder was buried within the granular media. The cylinder was

fixed in place such that its long axis was perpendicular to the linear exploratory movements.

Interactions with buried objects that can move with or within granular media are beyond

the scope of this work. The top, curved surface of the cylinder was set at a depth of 4 cm

below the top surface of the granular media. The robot fingertips were swept at a constant

commanded velocity through the granular media at a depth of 5 cm to ensure finger-object

contact during some portion of the exploratory movements.
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Figure 2.5: (a) Vibration, (b) internal fluid pressure, (c) electrode impedance, and (d)

fingertip contact state estimates from an SF-RNN model are shown for a representative 2

sec trial. “First contact” and “last contact” events were identified from open air “ground

truth” trials (screenshots, orange dotted lines). For clarity, impedance values from an open

air trial are shown for two electrodes only (min, max traces).
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2.6.2 Dataset for Model Training

As a precursor to future experiments in soil, we used 20 mm diameter wooden beads made

of lightweight cottonwood as granular media for model training. The robot digits were swept

through the granular media at a constant commanded speed of 4 cm/s. For one block of 250

trials, both digits were moved through the granular media without contacting the cylinder

(Figure 2.4b). Pooling trials across both digits for this case resulted in a total of 500 trials

in which the fingertips did not contact a buried object. As a first step toward multi-finger

tactile perception, the commanded trajectory was such that only one digit contacted the

cylinder while the other digit moved through the granular media (Figure 2.4c) for another

block of 250 trials. This scenario generated a total of 250 trials in which a single fingertip

made contact with a buried object. In summary, a total of 750 trials were collected (250

with contact and 500 without contact with a buried object).

In order to train and test the model, a 2 sec window of data was extracted from each trial

in which the sensorized fingertip moved freely through granular media, made contact and

broke contact with a buried object, and again moved freely through granular media (Figure

2.5). The making and breaking of contact with the buried cylinder will be referred to as

“first contact” and “last contact” events, respectively. Trials without the buried cylinder

featured only free fingertip movement through granular media. To mark the timing of the

“first contact” and “last contact” events, trials were conducted with the cylinder exposed

(in open air) for use as a “ground truth” (Figure 2.5).
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2.6.3 Dataset for Model Testing

In order to directly test the robustness of our models to variation in the granular media,

we collected additional data for model testing that included a wide range of granular media

types. We selected granular media that were representative of aggregates ranging from coarse

sand to coarse gravel according to the Wentworth scale [2], which is the most frequently used

geological grade scale for classifying the size of sediment particles. As shown in Table 2.1,

we used 1 mm diameter poppyseed, 3 mm diameter plastic pellets for injection molding, 6

mm diameter plastic BBs for pellet guns, 16 mm diameter wooden beads made of pine, and

20 mm diameter wooden beads made of cottonwood.

We also tested the robustness of our models to variations in finger-object contact con-

ditions. First, we used a 3D-printed adapter to change the orientation of the fingertip and

simulate 20◦ of extension (Figure 2.4d) relative to the original pose of the BioTac when

collecting data for model training (Figure 2.4a-c). Second, we swept the robot digit at a

slower speed of 2 cm/s as compared to the 4 cm/s used for the training dataset. Finally, we

moved the buried object 3.5 cm downstream from the original location such that the robot

digit would not make contact until later in the exploratory movement. In doing so, we could

directly test whether the spatiotemporal model trained with cottonwood beads was overfit.

For each of the five granular media types, we collected 50 trials in which a single fingertip

contacted the buried object and 25 trials in which neither digit contacted the buried object.

Since fingertip speed was halved for the test dataset, the window of data that was extracted

from each test trial was doubled (i.e. 4 sec of data). Data labeling proceeded as described

in Section 2.6.2.
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Table 2.1: Granular Media Types: To test model robustness, we selected five distinct granular

media types to represent the five aggregate types ranging from coarse sand to coarse gravel

according to the Wentworth scale [2].

2.7 Experimental Procedure: Model Evaluation

We extensively evaluated the SF-RNN on a tactile dataset with 750 trials of exploration

within granular media. The dataset was randomized, then separated into 60% for training,

20% for validation, and 20% for testing. The validation dataset was used for tuning of model

hyperparameters while the test dataset was used to evaluate the performance of the trained

and validated model. We trained a number of classifier models with varying complexity

following steps in the tactile perception pipeline (Figure 2.2). Models were trained for a

sequence labeling task to distinguish between two fingertip states: “contact with a buried

object” or “free movement through granular media.” The “contact with a buried object”

class includes cases in which the fingertip touches the object directly and when the fingertip

encounters the object indirectly through a force chain of granular particles.

We evaluated tactile perception models with both linear support vector machine (SVM)

[71] and recurrent neural network (RNN) classifiers on the following input architectures:
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• “(b)”: IMFs extracted via EMD from vibration and internal fluid pressure data plus

raw electrode impedance data (Figure 2.2b).

• “(c)”: Feature tensors constructed from EMD-processed vibration and internal fluid

pressure data and raw electrode impedance data (Figure 2.2c).

• “(d)”: Sparse features identified autonomously and adaptively using an unsupervised

online optimization algorithm for dictionary learning (Figure 2.2d).

For the linear SVM classifier models, feature tensors were flattened and concatenated.

The linear classifiers were implemented in MATLAB (MathWorks, Natick, MA) while RNN

architectures were implemented in Python using TensorFlow [59] with two NVIDIA GeForce

GTX 970 graphics cards.

2.7.1 Study of Model Architecture

For an ablation study, all model architectures were evaluated as unimodal models (vibra-

tion, internal fluid pressure, or electrode impedance inputs only) and as multimodal models

(with pairs of modalities, or all three modalities simultaneously) using training, validation,

and test datasets based on cottonwood beads. When the linear SVM classifier was trained as

a multimodal model, input streams from each modality were simply concatenated after data

alignment to account for different sampling frequencies. Since this sort of simple concatena-

tion performs poorly for an RNN architecture, data from different tactile sensor modalities

were processed by separate RNNs and then passed through a fully connected (fusion) layer,

which was referred to as Fusion RNN (F-RNN) by Jain et al. [72]. For our proposed multi-

modal tactile perception SF-RNN model architecture, tactile sensor modalities were passed

through a sparse coding process as an unsupervised pre-training step, which preceded a fully
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connected fusion layer of RNN (Figure 2.2e).

The data augmentation technique of oversampling was used to address our unbalanced

dataset, increase the diversity of the training data, and minimize overfitting of the trained

model. For linear classifier models, observations from the minority class (“contact with

a buried object” class) were randomly selected and added to the training set during each

iteration during training. For RNN models, since the long term memory duration was

designed as 500 ms, the data were oversampled using a sliding window paradigm. The

500 ms tactile data streams were extracted from the selected 2 sec window with different

increments. Trials featuring free movement through granular media were oversampled by

shifting a 500 ms sliding window in 10-frame (100 ms) increments. Since there were half as

many trials featuring contact with a buried object, a 5-frame increment was used to shift

the sliding window in those cases. Tables 2.2 and 2.3 summarize the results of the ablation

studies on the unimodal and multimodal models, respectively.

2.7.1.1 Effect of Model Inputs and Sparse Coding

We built multiple models to assess the usefulness of different model input combinations

for both model training and testing: one tactile sensing modality, two modalities, and three

modalities. As expected, models trained with two or three modalities (Table 2.3) achieved

higher test accuracy than those trained with only one modality (Table 2.2).

In Table 2.2, we present the results of the ablation study for all six model architectures

for models that used unimodal tactile inputs only. When the (d)+Linear SVM architec-

ture was used, fluid pressure was the most informative tactile sensing modality, yielding a

test accuracy of 95.8%. However, when the SF-RNN architecture was used, vibration and

electrode impedance became much more informative, yielding test accuracies of 95.7% and
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Table 2.2: Ablation Study with Unimodal Models: Model accuracy is reported as mean ±

standard deviation in %. Best performing models are shown in bold. The models were trained

and evaluated with cottonwood beads. The (b)-(d) annotations refer to the perception

pipeline steps shown in Figure 2.2.

Modality Category Method

(b)+Linear

SVM

(c)+Linear

SVM

(d)+Linear

SVM
(b)+RNN (c)+RNN

(d)+RNN

(SF-RNN)

vibration validation (%) 51.1±0.7 62.2±0.6 73.5±0.5 65.91±0.5 66.0±0.5 95.9±0.2

test (%) 48.7±0.7 60.4±0.6 72.0±0.5 65.3±0.5 65.6±0.5 95.7±0.2

process time (ms) 1.68 2.28 2.47 1.5 0.35 2.58

input 8 IMFs
8 IMFs x 22

samples

200 sparse

features
8 IMFs

8 IMFs x 22

samples

200 sparse

features

fluid validation (%) 52.7±0.6 73.3±0.5 92.5±0.3 67.5±0.5 67.1±0.5 85.4±0.4

pressure test (%) 49.0±0.7 69.0±0.6 95.8±0.2 67.4±0.5 67.2±0.5 85.8±0.4

process time (ms) 0.06 0.05 0.08 0.19 0.09 0.26

input 5 IMFs
5 IMFs x 5

samples

100 sparse

features
5 IMFs

5 IMFs x 5

samples

100 sparse

features

electrode validation (%) 82.2±0.4 84.7±0.4 93.4±0.3 90.3±0.3 92.1±0.3 97.8±0.2

impedance test (%) 78.6±0.5 78.7±0.5 85.4±0.4 88.3±0.4 90.1±0.3 97.6±0.2

process time (ms) 0.22 0.17 0.24 0.23 0.17 0.4

input 19 channels
19 channels

x 5 samples

100 sparse

features
19 channels

19 channels

x 5 samples

100 sparse

features

avg test accuracy (%) 58.76 69.38 84.42 73.68 79.06 93.06
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Table 2.3: Ablation Study with Multimodal Models: Model accuracy is reported as

mean ± standard deviation in %. Best performing models are shown in bold. The models

were trained and evaluated with cottonwood beads. The (b)-(d) annotations refer to the

perception pipeline steps shown in Figure 2.2.

Modality Category Method

(b)+Linear

SVM

(c)+Linear

SVM

(d)+Linear

SVM

(b)+

F-RNN
(c)+ F-RNN

(d)+RNN

(SF-RNN)

vibration,

fluid

pressure

validation (%) 51.8±0.7 78.1±0.5 99.7±0.1 67.1±0.5 73.0±0.5 96.5±0.2

test (%) 46.6±0.7 72.2±.5 99.5±0.1 64.4±0.6 67.0±.5 96.5±0.2

process time (ms) 2.62 1.87 2.52 7.34 0.75 2.72

input
8 IMFs, 5

IMFs

8x22, 5x5

feature

tensors

200D, 100D

sparse

features

8 IMFs, 5

IMFs

8x22, 5x5

feature

tensors

200D, 100D

sparse features

vibration,

electrode

impedance

validation (%) 84.7±0.4 86.4±0.4 93.8±0.3 85.1±0.4 90.4±0.3 98.3±0.2

test (%) 78.3±0.5 84.9±0.4 91.7±0.3 83.9±0.4 86.4±0.4 97.8±0.2

process time (ms) 1.68 2.24 2.73 7.41 0.77 2.83

input
8 IMFs,

19 channels

8x22, 19x5

feature

tensors

200D, 100D

sparse

features

8 IMFs,

19 channels

8x22, 19x5

feature

tensors

200D, 100D

sparse features

fluid

pressure,

electrode

impedance

validation (%) 83.4±0.4 88.3±0.3 98.7±0.1 89.4±0.4 92.1±0.3 98.1±0.2

test (%) 81.7±0.4 85.8±0.4 98.9±0.1 89.0±.4 91.0±0.3 97.5±0.2

process time (ms) 0.27 0.19 0.302 0.43 0.54 0.51

input
5 IMFs,

19 channels

5x5, 19x5

feature

tensors

100D, 100D

sparse

features

5 IMFs,

19 channels

5x5, 19x5

feature

tensors

100D, 100D

sparse features

all

modalities

validation (%) 85.0±0.4 89.6±0.3 99.9±0.1 84.7±0.4 92.0±0.3 98.4±0.1

test (%) 80.8±0.4 89.2±0.3 99.7±0.1 84.1±0.4 84.3±0.4 98.7±0.1

process time (ms) 8.08 2.39 2.82 8.06 0.85 2.96

input

8 IMFs, 5

IMFs, 19

channels

8x22, 5x5,

19x5 feature

tensors

200D, 100D,

100D sparse

features

8 IMFs, 5

IMFs, 19

channels

8x22, 5x5,

19x5 feature

tensors

200D, 100D,

100D sparse

features

avg test accuracy (%) 68.8 81 96.7 79.1 81.5 97.3

32



97.6%, respectively. Use of electrode impedance data resulted in the highest test accuracy

of 97.6% for all unimodal models, suggesting that electrode impedance data, generated by

fingerpad deformation, was the single most informative tactile sensing modality for distin-

guishing between the two fingertip contact states (Table 2.2).

Of the unimodal models (Table 2.2), classifiers trained on overcomplete sparse represen-

tations of tactile data (“(d)+” cases) had obvious advantages as compared to other mod-

els. Notably, only the proposed SF-RNN (“(d)+RNN”) model architecture was capable of

achieving at least an 85% test accuracy for each of the three unimodal input cases. While the

“(c)+RNN” method achieved 90.1% test accuracy for unimodal models trained on electrode

impedance, test accuracy decreased to 65.6% and 67.2% for models trained only on vibration

data or fluid pressure data, respectively.

In Table 2.3, we present the results of the ablation study for all six model architectures for

models that used multimodal tactile inputs (with pairs of modalities, or all three modalities

simultaneously). Both the linear SVM and RNN multimodal models trained on sparse

features (“(d)+” cases) produced high test accuracy results. The average test accuracy was

96.7% and 97.3% for the (d)+Linear SVM and SF-RNN model architectures, respectively.

Although the (d)+Linear SVM model performed well in Table 2.3, the (d)+Linear SVM

model did not perform well during the robustness tests, which will be discussed in Section

2.7.2.

Training on three modalities did not provide much of an advantage over training on two

modalities. For example, the SF-RNN model trained and tested on three modalities had a

test accuracy of 98.7%, which was only slightly better than the levels of performance for the

two-modality SF-RNN models, which ranged from 96.5% to 97.8% accuracy. One advantage

of training on three tactile sensing modalities appears to be a robustness to incomplete
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input data. Without having to retrain the model, one could provide data from any of the

tactile sensing modalities, or combinations thereof, and achieve comparable performance to

models trained more specifically on fewer modalities (results of the SF-RNN model tested

with incomplete inputs are shown in Table A.1 in Appendix A.5). This could be useful if one

or more modalities becomes temporarily unavailable during tactile exploration. Considering

the complexity and harsh working environment of interacting with and maneuvering within

granular media, we recommend a multimodal SF-RNN structure instead of relying on a

single modality for haptically perceiving contact state within granular media.

2.7.1.2 Effect of Sensor Data Representation

In order to check the sensor data representation and model training, we visualized the

data and feature spaces throughout the multimodal modeling pipeline (Figure 2.2) using

a dimensionality reduction algorithm called t-Distributed Stochastic Neighbor Embedding

(tSNE) [73]. Feature spaces were visualized in Figure 2.6, in which each dot represented

a labeled multimodal tactile sensor feature tensor that was updated at 100 Hz. This vi-

sualization provided insight as to how our proposed architecture dealt with dimensionality,

learned features to represent multimodal tactile sensor data, and classified features with high

accuracy.

First, the feature tensors from Fig. 2.2c (8 IMFs x 22 samples for vibration data,

5 IMFs x 5 samples for fluid pressure data, and 19 channels x 5 samples for electrode

impedance data) were visualized in 3D space as a jumbled cluster of feature tensors with

mixed fingertip contact states (Figure 2.6a). Using sparse coding, these entangled feature

tensors were fully separated, with feature tensors classified as fingertip contact with a buried

object now pushed into the outer regions of an overcomplete 400-dimensional sparse feature
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Figure 2.6: Using tSNE for visualization, one can observe the effects of different stages of

the tactile perception pipeline. (a) Visualized in 3D space, the feature tensors from Fig. 2.2c

are entangled. (b) The outputs from the sparse coding step in Fig. 2.2d are spread out in

a high-dimensional feature space. (c) The feature space from the last layer of the model in

Fig. 2.2e shows that the data are mostly separated into distinct regions according to contact

state.

space (Figure 2.6b). Finally, the output of the 50-dimensional final layer of the RNN was

visualized as two distinct clusters (one cluster per state) with a transitional bridge between

the two clusters consisting of a mixture of feature tensors from both classes. As the RNN with

GRUs reduced the feature space from 400 dimensions to 50 dimensions, redundant features

that were not critical to detecting fingertip contact with a buried object were automatically

excluded.

In Tables 2.2 and 2.3, we showed how accuracy improves with each pre-processing step

in our proposed pipeline. In particular, we illustrated that the use of sparse coding prior to

sensor fusion within a fully connected RNN input layer improves the performance of both

linear and nonlinear models (“(d)+” cases). The motivation for introducing this unsuper-

vised pre-training step was to improve generalization capabilities and to capture intricate
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dependencies between parameters. Sparse coding selects model hyperparameters that sepa-

rate entangled tactile features (Figure 2.6a) such that the features that distinguish different

fingertip contact states are as distinct as possible (Figure 2.6b). Given the low off-sample

error of the SF-RNN for the test data (Table 2.3), the unsupervised pre-training step appears

to have selected features that are near an optimal solution for high classification accuracy

with reduced tendency for overfitting. Furthermore, the process of tuning hyperparame-

ters is greatly simplified when sparse features are employed. The main disadvantage of

unsupervised pre-training is that it is time consuming, especially for vibration data (Table

2.3). If offline pre-training time is not a major concern, then unsupervised pre-training is

recommended.

2.7.2 Study of Model Robustness

As described in Section 2.6.3, for the purposes of a robustness study, we collected addi-

tional test data that intentionally varied the granular media types and finger-object contact

conditions. We took multimodal models that were originally trained and tested with the

cottonwood beads using all three modalities simultaneously and we tested them directly

(without any hyperparameter tuning) on the new test dataset. The results of this robust-

ness study are shown in Table 2.4. The robustness study was only performed on multimodal

models that demonstrated decent performance with the original cottonwood bead dataset

(i.e. “(d)+” cases that used sparse coding and all three modalities simultaneously in Table

2.3).

As shown in Table 2.3, the multimodal models that used sparse coding and all three

modalities achieved 99.7% and 98.7% test accuracy for the linear SVM and SF-RNNmethods,

respectively. Due to the purposeful changes in the granular media types and finger-object

36



Table 2.4: Robustness Study: Model accuracy is reported as mean ± standard deviation

in %. The models were trained on cottonwood beads, but evaluated on the expanded test

dataset collected with different granular media types and finger-object contact conditions.

Material Poppyseeds Plastic pellets Plastic BBs
Wooden beads

(pine)

Wooden beads

(cottonwood)

(d)+Linear SVM 46.0±0.7 53.7±0.7 58.5±0.6 52.4 ±0.7 52.2±0.7

(d)+RNN (SF-RNN) 74.8±0.5 78.7±0.5 88.4±0.4 87.0±0.4 86.2±0.4

contact conditions, the test accuracy of the SF-RNN model decreased, as expected, to as low

as 74.8% for poppyseeds and only to 88.4% for plastic BBs. However, the test accuracy of

the linear SVM model plummeted, only achieving as high as 58.5% accuracy for plastic BBs

(Table 2.4). This is likely due to the inability of linear models to capture useful nonlinear

relationships between rich, multimodal tactile signals and fingertip contact states.

On the other hand, nonlinear SF-RNN models were less influenced by variability in the

input data. Test accuracy exceeded 74% for all granular media types and exceeded 86% for

all granular media having particle diameters greater than or equal to 6 mm. This suggests

that the model trained with cottonwood beads was capable of encoding useful features from

a range of granular media types. SF-RNN models trained with cottonwood beads data

collected with 4 cm/s exploratory movements (Tables 2.2 and 2.3) were robust to changes

in granular media type and also fingertip speed, which was decreased to 2 cm/s for the test

dataset (Table 2.4).

2.7.3 Belief Map Representation of Tactile Information

The state estimates from the SF-RNN model are simultaneously fed into a belief map

as samples of the spatial distribution within the exploration space. Figure 2.7 shows the

evolution of a belief map for a 2D, top-down view of the exploration area as the robot
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finger moves during a 2 sec trial. Upon initial contact with the buried object, the belief map

reflects an increased probability of contact with a buried object (red region appears in Figure

2.7a). As the perceived contact persists during the finger movement, the red region of high

probability increases in area (Figure 2.7b). Upon a return to free fingertip movement through

the granular media, the belief map has been refined to show a region having high probability

of contact with a buried object (dark red regions in Figure 2.7c) as well as adjacent regions

that are believed to consist of granular media only (dark blue regions in Figure 2.7c).

Upon completion of the first exploratory movement, the width of the dark red region is

approximately 10 cm (Figure 2.7c). The cylinder diameter is 9.1 cm and the chord length

from first contact to last contact was approximately 5.4 cm. While the belief map could

use refinement from additional exploratory movements of the fingertip, the dark red region

is of the proper order of magnitude in size and could be used to plan future exploratory

movements that reduce uncertainty in the shape and size of the visualization.

2.8 Discussion

2.8.1 Notable Trends in the Tactile Data

To further analyze the results in Table 2.2 and 2.3, we compared the response of each

tactile sensor modality for each contact state (Figures 2.8, 2.9). In Figure 2.8, average

trends in vibration amplitude and internal fluid pressure are shown for 500 trials without a

buried object (green) and 250 trials with a buried object (blue during free movement through

granular media and red during contact with a buried object). Since the tactile sensor data

are positively skewed, we report median values along with 1st and 3rd quartile bands in

Figures 2.8 and 2.9. The interquartile spread reflects inter-trial variability.
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Figure 2.7: As the fingertip moves across a buried object (top row), a belief map (bottom

row) is updated using fingertip contact state estimates from the SF-RNN model. Snapshots

are shown as the fingertip (a) makes first contact with the buried object, (b) passes across the

top of the object, and (c) makes last contact with the object and returns to free movement

within the granular media.
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2.8.1.1 Susceptibility of Different Tactile Modalities to Noise Induced by Move-

ment within Granular Media

The BioTac sensor uses a fluidic mechanotransduction medium that enables the mea-

surement of vibration and internal fluid pressure via high-pass and low-pass filtered signals,

respectively, from a hydro-acoustic pressure sensor. For most tasks conducted in open air

environments, the sensitivity of the BioTac’s “fast-adapting” hydrophone receptor to stimuli

such as contact transients and vibration is especially useful.

As the robotic finger rakes through the granular media, the BioTac sensor sensitively

records vibrations transmitted through the fluid-filled fingerpad caused by repeated interac-

tions with granular media particles. As a result, changes in hydrophone data that might be

indicative of key contact events with a buried object get drowned out by noise caused by

motion relative to granular media (Figure 2.8). In addition, the spread between the 1st and

3rd quartiles of the vibration data increased by a factor of 5 when the fingertip was moved

through granular media as opposed to open air. Perhaps with advanced signal processing

techniques, changes in vibration magnitudes observed near “first contact” and “last contact”

events could be extracted for improved tactile perception.

The BioTac’s “slow-adapting” receptors were also susceptible to noise induced by inter-

actions with granular media. The interquartile spread increased by a factor of approximately

5, 3, and 6 for electrodes #1, 7, and 11 at the fingertip, respectively (Figure 2.9). The in-

terquartile spread for the internal fluid pressure modality increased the most (by a factor of

15) when the fingertip was moved through granular media as opposed to open air. Nonethe-

less, larger sustained fingerpad deformations were clearly observed in the “slow-adapting”

receptor data when the finger was in contact with the buried object (Figures 2.8b, 2.9). This
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Figure 2.8: (a) Vibration amplitude and (b) internal fluid pressure are shown as median

values with 1st and 3rd quartile bands for both fingertip contact states during all trials with

and without a buried object.

was especially true for electrodes at the tip of the finger that would most likely have direct

contact with a buried object (electrodes #1, 7, and 11 in Figure 2.9b).

2.8.1.2 Information Encoded by Different Tactile Modalities During Movement

within Granular Media

Based on studies of human touch, it is believed that coarse textures and local shape are

primarily perceived through spatial cues while fine textures are perceived through vibratory

cues [74, 75]. Thus, we hypothesize that spatial information from fingerpad deformation

is especially useful for distinguishing between sustained forces induced by a buried object

and repetitive contacts with much smaller granular media particles. While changes in fluid

pressure and electrode impedance both reflect fingerpad deformation, electrode impedance

provides an array of spatial information that contains more information than a single scalar
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fluid pressure signal for the entire fingertip.

Despite the movement of granular media particles relative to the fingertip, the electrodes

are capable of encoding sustained forces, whether due to direct contact with a buried object or

granular media jamming preceding direct contact. In our experiments, the maximum height

difference between the depth of the object and the depth of the exploratory movement was

1 cm. Thus, the distal aspect of the fingertip made primary contact with the buried object.

When contacting the buried object, the fingerpad compresses at the fingertip, as reflected

by the increase in impedance of electrode #7 (Figure 2.9b). This results in a bulging of

the fingerpad that is reflected by the decrease in impedance of neighboring electrodes #1

and #11 on the sides of the fingertip. Such information could enable advanced behaviors

within granular media such as contour-following, obstacle avoidance, and dynamic trajectory

planning. Additionally, prior efforts to perceive the size and shape of local geometries using

electrode impedance data could potentially be extended from open air scenarios [40] to

granular media scenarios.

The “fast-adapting” hydrophone receptor appears to be sensitive to transients, especially

the punctuated “last contact” event when the fingertip slips off of the buried object (Fig-

ure 2.8a). Videos of the experiment suggest that the fingertip, moving at a constant rate

in the testbed, vibrates after suddenly losing its sustained contact with the buried object

and getting flung into the surrounding granular media particles. Although further investi-

gation is required, we surmise that the sudden release of the fingertip from contact with the

buried object caused the temporary peak in vibration amplitude and short-lived increase

in internal fluid pressure that were observed shortly after the “last contact” event (Figure

2.8). Vibration data may be useful for identifying transitions in fingertip contact states,

although significant changes in vibration magnitude alone do not seem to occur with the
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“first contact” event.

2.8.1.3 Haptic Sensitivity to Granular Media Jamming

For transitions of fingertip contact state from “movement through granular media” to

“contact with a buried object,” the SF-RNN model estimated the transitions prematurely.

The transition to “contact with a buried object” occurred approximately four timesteps (40

ms) prior to the true “first contact” event (Figure 2.5d). These errors are likely caused by

our strict labeling policy during the training process. Fingertip contact state labels were

assigned according to direct contact with a buried object in the absence of granular media

(Figures 2.4c, 2.5). As a result, the “contact with a buried object” labels would not account

for indirect contact with a buried object via particle force chains caused by granular media

jamming [10]. This premature change in the fingertip contact state estimate just prior to

direct “first contact” (theorized from “ground truth” trials in open air) makes intuitive

sense when considering granular media jamming effects. In contrast, the change in fingertip

contact state occurs in a timely manner at the “last contact” event. Approximately three

timesteps (30 ms) were needed for the SF-RNN model to clearly transition away from a

state of “contact with a buried object,” but the drop in the state label’s probability was

immediate (Figure 2.5d).

Granular media jamming may have contributed to the increase in impedance for elec-

trode #7 at the fingertip just prior to “first contact” (Figure 2.9b), but further investigation

is required. Granular media jamming effectively injects uncertainty into the contact state

estimate and the resulting spatial belief map. For instance, a buried object might be visu-

alized as larger than its actual size due to premature perception of contact due to granular

media jamming. One could reduce this uncertainty by accounting for the effects of jamming,
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Figure 2.9: Electrode impedance is shown as median values with 1st and 3rd quartile in-

tervals. (a) Trends for all 19 electrodes are shown for both fingertip contact states during

all trials with and without a buried object for the same time window (theoretical contact

period). (b) Trends for three electrodes at the fingertip (#1, 7, 11) are shown for all trials

with a buried object for the entire 2 sec period.
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especially how granular media characteristics and fingertip depth may prematurely trigger a

transition in the fingertip contact state. The effect of granular media jamming is the subject

of a separate investigation and is outside the scope of this work.

2.8.2 Real-Time Tactile Perception and Visualization for Human Control of

Remote Robotic Systems

The supplemental video includes a real-time demonstration of the belief map update

process, for which the graphic rendering was updated every 100-300 ms. During real-time

execution, we combine tactile perception outputs from the SF-RNN model (fingertip contact

state) with dynamic robot kinematic information (fingertip location) to produce a continu-

ously updated 2D belief map. Since all prior haptic information is already encoded into the

spatial distribution, the updates of the underlying spatial statistics of the belief map can

be treated as improvements in the robot’s belief with the benefit of new haptic experiences.

The long term memory duration of the belief map can be adjusted according to the needs of

the teleoperator.

A belief map conveys environment characteristics as visualizations of spatial probability

distributions across a search space, from which a human teleoperator could infer the loca-

tion, size, and orientation of a buried object. Information from multiple sensorized, semi-

autonomous robots that are performing haptic search tasks in parallel could be combined

into a single map. This could enable increased productivity for a single human telesupervisor

as compared to a single human teleoperator of a leader-follower system. For safety critical

tasks, the human may need to manually teleoperate the robot, as in surgical applications

[76, 77] or the handling of high-consequence materials [78]. Custom haptic interfaces could

be used to control the robot and display contact force information to a teleoperator’s hand
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[43]. In such an instantiation, the belief map would be used to convey remote environment

characteristics and little autonomy would be given to the robot.

To increase the level of robot autonomy, the belief framework could be used to construct

and update a map of an unknown environment covered by granular media. The ability to

perceive within granular media could be used to extend existing haptic [79], and contact

SLAM approaches [80]. Moreover, a belief map could be used to generate future exploration

trajectories via optimal control [81] or ergodic control [82], which could enable belief maps

to be updated more efficiently.

In the shared control or semi-autonomous condition, task execution and control could

be shared between humans and robots. For instance, utilizing impedance control, a robot

may follow a trajectory supervised by a human teleoperator while still responding naturally

to external perturbations [83]. In another example, the robot might be responsible for

controlling the orientation of the end-effector while the human controls the position [84].

Alternatively, a human may take the leader role for high-level, large-scale movements toward

a region of interest while the robot manages the low-level, precise movements of the end-

effector that rely critically upon local sensing [85, 86].

To support human-robot coordination and better utilize the robot, Gombolay et al. rec-

ommended to equip robots with as much autonomy as possible and greater robot authority

over task allocation [87], such as telling the human operator when each sub-exploration could

be started and finished. We posit that trajectory planning methods and algorithms to assess

confidence based on the belief map will be necessary to improve the quality of human-robot

interaction during exploration within granular media. However, it is important to enact

appropriate arbitration between the human leader and robot follower during shared control,

as the human domain expert must always retain final authority for safety purposes [83].
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2.9 Conclusion

Haptic exploration within granular media is an essential task for robots designed for

interacting with delicate and/or dangerous buried objects. Locating and retrieving buried

devices requires haptic intelligence in order to carefully maneuver within the granular media,

detect, and interact with buried objects. As such, we focused on the fundamental capability

of haptically perceiving contact with a buried object and distinguishing such an event from

ubiquitous contact with surrounding granular media particles.

2.9.1 Summary of Contributions

In this work, we established a multimodal learning architecture based on Recurrent Neu-

ral Networks with Long Short-Term Memory units that incorporates multiple tactile sensing

modalities (vibration, internal fluid pressure, and electrode impedance as a proxy for finger-

pad deformation). Our SF-RNN model architecture learned to fuse sparse representations

of multimodal tactile sensor data and performed robustly on novel test data that included

variations in granular media type and particle size, fingertip orientation, fingertip speed, and

object location along the linear fingertip trajectory. We also introduced a belief map repre-

sentation to visualize tactile information from an SF-RNN model for a human teleoperator.

During real-time implementation, the tactile perception model and belief map were updated

every 150 ms and every 100-300 ms, respectively.

Analyses of the different tactile modalities showed that fingerpad deformation was the

most informative tactile sensor modality for distinguishing between free movement of the

fingertip through granular media and contact with an object buried in granular media. With

signal processing, filtered vibration and internal fluid pressure responded to first and last
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contact sensitively and improved perception accuracy beyond that achieved using electrode

impedance data alone.

2.9.2 Limitations and Future Work

Here, we lay the foundation for more complex, semi-autonomous robotic behaviors such

as exposure, excavation, and retrieval of buried objects. To improve upon this foundation,

we highlight some limitations of the current work. For instance, our robot exploration

movements were limited in speed and distance because of the size of our granular media

testbed. In order to protect the exposed joints of the robot gripper, we used a 3D-printed

adapter when performing exploratory movements amongst small diameter particles and only

plunged the gripper into a testbed of large wooden beads.

Further investigation is needed to assess the effects of experimental variables such as

object shape, object rigidity, depth of burial, and more complex, multi-digit exploratory

movements on tactile perception. Moreover, accounting for tactile sensitivity to granular

media jamming could help to reduce uncertainty in the belief map and better inform tele-

operators. In this work, a robot fingertip was lightly raked across a buried object using a

preplanned trajectory. Ideally, robots with haptic intelligence could be programmed to con-

servatively stop and autonomously replan their exploratory movements as soon as contact

or granular media jamming is haptically perceived.

Further upgrades of the belief map updating algorithm (Appendix A.4) could include

the use of local length-scale kernels with optimizations such as unsupervised, automatic

kernel selections and placement [88, 89]. Fast kernel approximation methods [36] could be

implemented to increase computational speed, thereby enabling the visualization of large

3D scenes. With regards to screen-based control interfaces, an attitude-based controller [90]
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could be integrated to allow teleoperators to use their natural movements and gestures to

change the viewing angle of the belief map and command the robot.
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CHAPTER 3

Tactile SLAM for Autonomous Haptic Localization

and Mapping of Objects Buried in Granular Materials

3.1 Abstract

Robots are expected to operate autonomously in unstructured, real-world environments,

for tasks such as locating buried objects in search and rescue applications. When robots

operate within opaque granular materials, tactile and proprioceptive feedback can be more

informative than visual feedback. However, since tactile measurements are local and sparse,

it can be difficult to efficiently build a global, tactile-based model of a search area. In this

work, we developed a framework for tactile perception, mapping, and haptic exploration

for the autonomous localization of objects buried in granular materials. The haptic explo-

ration task was performed within a densely packed sand mixture using a sensor model that

accounts for granular material characteristics and aids in the interpretation of interaction

forces between the robot and its environment. The haptic exploration strategy was designed

to efficiently locate a buried object and refine its outline while simultaneously minimizing

potentially damaging physical interactions with the buried object. Coverage path planning

techniques were used to select haptic exploration movements from candidates that aimed

to reduce map uncertainty. A continuous occupancy map was generated that fused local,
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sparse tactile information into a global map. We demonstrated our framework in simulation

and with a real robot with granular materials.

3.2 Introduction

Granular materials, such as sand, grain, salt, snow, and powder, are ubiquitous in nature.

Humans can easily locate and identify objects buried within granular materials using tactile

and proprioceptive feedback rather than visual feedback. Yet, it remains a challenge to

transfer these human capabilities to robots for delicate operations such as search and rescue,

archaeology, seafloor exploration, and demining.

Research in robotic grasp and manipulation has traditionally focused on rigid objects

more than deformable objects or granular materials. One reason is due to the difficulty

of modeling the complex dynamics of deformable objects and granular materials. Another

reason is that tactile-based inference is often limited by sensing (hardware) and perception

(algorithm) challenges. For instance, tactile sensors are typically unimodal in nature and

one must carefully control finger-object contacts in order to build accurate models of objects

and the environment. Additionally, tactile-based inference is limited by the narrow “field of

view” of a fingertip. While a single camera image can provide an informative global estimate,

a single tactile “image” is highly localized. Tactile information from multiple exploratory

movements must be fused into a global model.

Jia and Santos presented the first use of tactile sensors on real robot fingertips mak-

ing direct contact with granular materials to infer the contact state of the fingertips [21].

Building upon that prior work, we now develop a tactile-based framework for tactile per-

ception, mapping, and haptic exploration in granular materials. We consider the effects of
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Figure 3.1: Localization and mapping in granular materials: (a) A robot haptically explores a

sand mixture and updates an (b) occupancy map in log odds using fingertip forces interpreted

by a sensor model that accounts for granular material characteristics. (c) Local, sparse tactile

data are fused into a global Bayesian Hilbert Map to localize a buried object and augment

(a) colorized point cloud data from a head-mounted sensor.
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granular material jamming on tactile perception, introduce advancements to map develop-

ment for granular material environments, and propose a path planning algorithm for haptic

exploration in granular materials.

The research problem is depicted in Figure 3.1. A sensorized robot is used to haptically

search for an object buried in granular materials and estimate the location, orientation,

and footprint of the buried object via occupancy mapping and tactile measurements. The

contributions of our work that extend tactile simultaneous localization and mapping (SLAM)

to haptic exploration within granular materials are:

1. The design of a sensor model for tactile measurements that accounts for different envi-

ronmental interaction states between the robot fingertip and granular materials as well

as the local flow characteristics of granular materials.

2. The design of a continuous occupancy map algorithm, inspired by models of dry granular

materials in response to “plate drag,” that integrates localized, sparse tactile spatial

information into a global map.

3. The design of a haptic exploration strategy for use within granular materials that maxi-

mizes localization efficiency from tactile measurements while minimizing forceful interac-

tions with buried objects.

4. The demonstration of our haptic exploration framework on a haptic exploration task in

simulated and real settings.

This paper is organized as follows: Section 3.3 provides background information on soil-

tool interactions and tactile SLAM. Section 3.4 describes our tactile-based framework for

perception, mapping, and haptic exploration in granular materials. Section 3.5 describes
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experiments in simulation and with a real robot. Section 3.6 addresses future work.

3.3 Related Work

We provide an overview of “plate drag” simulations and physical experiments that are

relevant for our work, in which a rigid, rectangular robot fingertip is dragged through granular

materials while searching for a buried object. We also summarize the state-of-the-art in

tactile SLAM techniques, which do not consider granular material environments.

3.3.1 Soil-tool Interaction: Plate Drag

Soil-tool interactions, specifically physical interactions between dry granular materials

and plates, have been studied in simulation [11] and on physical testbeds over the past

several decades [1, 12]. As a plate advances across the surface of granular materials, flowing

particles are confined to a wedge-shaped region or “failure zone” in front of the plate. Due to

the advancement of the plate, the particles move forward in the direction of plate movement

and upward toward the free surface of the granular materials. Materials outside of the

wedge-shaped flow region remain nearly at rest.

As proposed by Wick and Perumpral [1], the 3-D analytical model for the granular

material failure zone ahead of the plate is comprised of a central wedge whose width is equal

to that of the plate and which is bound by a crescent shape on each side. The failure zone

is assumed to be symmetric about the axis along which the plate is moved. Separating the

flowing and stable regions, a “shear (force) band” originates from the bottom edge of the

plate and extends upwards to the free surface of the granular materials. After the shear

band fully develops, both the angle of the shear band and the drag force increase as the
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plate advances. When the drag force reaches the force required to disturb the more stable

surrounding materials, a new shear band nucleates with a small wedge angle that grows as

the plate advances. The shear band nucleation cycle repeats as the plate rakes through the

granular materials [11]. A visualization of the failure zone concept applied to our research

problem is shown in Figure 3.2.

3.3.2 Tactile SLAM

Recently, tactile sensors have attracted increased attention from the SLAM community

[91, 92, 93] since the quality of sensory feedback from camera- and proximity-based sensors

degrades under extreme lighting conditions and when aimed at highly reflective or absorptive

surfaces [94]. For example, mobile robots have been outfitted with arrays of biomimetic

whiskers to improve pose estimates [91]. A whisker-based approach to tactile SLAM called

Whisker-RatSLAM [92] advanced navigation through the implementation of bio-inspired

strategies via RatSLAM, a SLAM algorithm inspired by a model of a rodent hippocampus.

ViTa-SLAM [93] introduced an extension to Whisker-RatSLAM that harnesses both visual

and tactile information for performing SLAM.

Apart from the use of tactile SLAM for mobile robots described above, contact-based

SLAM has also been applied to robot arms for object shape estimation. Zhang and Trinkle

used particle filters for object shape estimation during object grasping [95]. Abraham et al.

applied ergodic exploration for shape estimation with a low-resolution binary contact sensor

[82]. Using a robot hand equipped with tactile arrays, Strub et al. demonstrated that the

haptic learning of object shape could be approached as a tactile SLAM problem [96]. Based

on batch-SLAM, Suresh et al. formulated a method for estimating the shape and pose of a

planar object from a stream of tactile measurements [97]. While tactile SLAM has been used
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Figure 3.2: Visualization of the kernel-based sensor model described by Eq. 3.3 for three

environmental interaction states: (a) free movement through granular materials, (b) granular

material jamming, and (c) direct contact with a buried object. The sensor model was

designed based on the theoretical failure zone. Per Wick and Perumpral [1], measurement

range r and side crescent angle η of the failure zone are calculated as r = d(cotα+ cotβ) and

η = sin−1(6.03+0.460r+0.0904α
r

), respectively.
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for mapping with mobile robots and object shape estimation with robot grippers and arms

in open air environments, tactile SLAM has not yet been applied within granular material

environments.

3.4 Framework for Tactile SLAM within Granular Materials

Here, we establish our assumptions, tactile perception methods, and mapping principles

for a novel framework that extends tactile SLAM to haptic exploration within granular

materials (Figure 3.3).

3.4.1 Sensor Measurements and Assumptions

In order to locate an object buried in granular materials, we use sensory feedback from

a robot end-effector as its fingertip performs exploratory movements (EMs). Given streams

of tactile measurements, we build an occupancy map, estimate the 2-D outline of the buried

object, and estimate the location of the object’s centroid in real-time.

At every timestep t we collect a set of sensor measurements zt that are comprised of the 2-

D coordinates of the fingertip location xt in the x-y plane (Figure 3.1), the 2-D environmental

interaction force on the fingertip ft in the x-y plane, and the environmental interaction

state Θt at the fingertip. There are three possible interaction states for the fingertip: free

movement through granular materials θt,0, granular material jamming θt,1, and direct contact

with a buried object θt,2. The interaction states will be further described in Section 3.4.3.1.

zt = { xt ∈ R2︸ ︷︷ ︸
Fingertip location

, ft ∈ R2︸ ︷︷ ︸
Fingertip force

,Θt = {θt,0, θt,1, θt,2}︸ ︷︷ ︸
Environ. interaction state

} (3.1)

The robot’s fingertip location is obtained directly from the robot’s kinematic state. The

57



environmental interaction force vector is estimated by a force observer model that fuses

low-pass filtered inertial measurement unit (IMU) data and force/torque sensor data from

the robot’s wrist. However, information from fingertip sensors could also be used. The

force observer model, specific to our experimental procedure, is described in Section 3.5.3.2.

The environmental interaction state for the fingertip is estimated using rates of change in

fingertip force, as described in Section 3.4.2.

For simplicity, we assumed the following:

1. Due to the shape of the rigid, rectangular robot fingertip and the densely packed nature

of the heterogeneous sand mixture, plate drag and granular material failure zones will be

similar to those observed in the soil-tool interaction literature [12].

2. For slow movements of the fingertip, inertial effects on the force observer model will be

negligible. As such, force observer measurements will be attributed entirely to environ-

mental interaction forces on the fingertip.

3. For a haptic exploration strategy that minimizes forceful interactions with the buried ob-

ject, the object will remain stationary relative to the surrounding densely packed granular

materials during haptic exploration.

4. Since the fingertip will be moved at a constant fingertip depth (z-value; Figure 3.1a)

through the granular materials, the tactile perception, mapping, and path planning meth-

ods will be described in the 2-D, x-y space.
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Figure 3.3: Framework for tactile perception, mapping, and haptic exploration for the au-

tonomous localization of objects buried in granular materials.
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3.4.2 Tactile Perception

In a prior study by Jia and Santos [21], the tactile perception pipeline considered only

two environmental interaction states: free movement through granular materials and direct

contact with a buried object. Here, we consider a third environmental interaction state:

granular material jamming. This additional interaction state is necessary in order to avoid

a premature, false detection of direct contact that would lead to inaccurate localization of

the buried object.

As a plate is dragged through granular materials, a wedge-shaped failure zone forms based

on the minimum lateral force required to displace the granular materials [98]. Assuming that

all moving granular particles are part of a network of “force chains” [4], in which chain-like

groups of particles are held together by mutual compressive forces, the failure zone can also

be considered as a large network of force chains capable of transferring forces across the

failure zone.

As a fingertip approaches a buried object, the wedge of displaced granular media ahead

of the fingertip will contact the buried object before the fingertip makes direct contact. Due

to granular material “jamming” caused by the network of force chains, the contact between

the failure zone and buried object causes a surge in force on the fingertip even though the

fingertip has not directly contacted the buried object. In a sense, granular material jamming

endows tactile sensors with a proximity sensor-like capability when deployed within granular

materials.

Given the challenge of modeling the formation of force chains during granular material

jamming, we designed experimental data-driven criteria in order to detect the onset of granu-

lar material jamming. In a preliminary study, we measured environmental interaction forces
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Figure 3.4: Environmental interaction states were labeled according to their coordinates in

a 2-D space comprised of fingertip force and force-rate.

when a real robot fingertip was raked through granular materials. Figure 3.4 shows how

environmental interactions were labeled in real-time according to their coordinates in a 2-D

space comprised of fingertip force and force-rate. Interactions progressed from “free move-

ment through granular materials” to “granular material jamming” and, finally, to “direct

contact with a buried object” as fingertip force and force rates increased.

3.4.3 Continuous Occupancy Mapping

As with traditional SLAM applications for mobile robots, we assume that the robot

arm collects tactile measurements while moving through the environment. However, the

robot moves through an environment that is comprised of granular materials rather than

air or water. Typically, occupancy grid maps are used for modeling the occupancy state

of the environment by dividing the world into a fixed-size grid and applying a Bayes filter

to individual cells [99]. The occupancy state of each discrete cell is indicated with a 1 for

“occupied” and 0 for “obstacle-free” states.
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Unlike proximity-based sensors, tactile sensors provide local measurements that are com-

paratively sparse. The sparsity of the tactile sensor data makes tactile-based map develop-

ment quite inefficient. In order to maximize the spatial, state information contained in the

sparse tactile measurements, we propose the use of continuous, kernel-based sensor models,

inspired by models of dry granular materials in response to plate drag [1, 11]. The use

of kernel-based sensor models enables us to calculate the likelihood of the tactile sensor

measurements across the occupancy map. In this way, occupancy mapping becomes an op-

timization problem where the goal is to determine the occupancy map that maximizes the

likelihood of the tactile sensor data.

3.4.3.1 Kernel-based Sensor Model

Through the use of a kernel-based sensor model, we fuse sparse tactile measurements zt

to the local neighborhood of the robot fingertip on the occupancy map. The occupancy map

m has a width w along the x-axis and height h along the y-axis. The state of each occupancy

map cell is a value representing the probability of the occupancy of that cell (m ∈ [0, 1]w,h),

where 1 indicates the presence of a buried object and 0 indicates the presence of granular

materials only.

The position of the robot fingertip xt and the environmental interaction state Θt are used

to model the granular material failure zone ahead of the moving fingertip. The environmental

interaction state Θt is a vector of binary variables, where 1 indicates the current state and

the remaining elements are set to 0. If θt,0 = 1, no buried object has been detected. This

state of free movement through granular materials is analogous to the obstacle-free state in

traditional SLAM performed by mobile robots. If θt,1 = 1, granular material jamming has

been detected. It is assumed that contact between the failure wedge and the buried object
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results in increased forces at the fingertip due to granular material jamming. Although not

used in our demos, the environmental interaction state θt,2 = 1 can be used to indicate direct

contact between the fingertip and buried object.

Inspired by terminology used for proximity sensors, we define “measurement ranges” rt =

{rt,0, rt,1, rt,2} that apply an appropriate spatial range of influence for each environmental

interaction state element {θt,0, θt,1, θt,2}. When direct contact with a buried object has been

detected (θt,2 = 1), the corresponding measurement range variable is set to zero (rt,2 = 0) to

reflect the highly localized state information at the current fingertip location. Otherwise, the

measurement range is defined according to the “rupture distance,” the distance ahead of the

fingertip at which the shear band intersects the free surface of the granular materials [98].

Based on Wick and Perumpral [1], we model the granular material failure zone as a central

wedge bound by two crescents, where the 2-D zone is symmetric about the line of fingertip

motion (Figure 3.2). The vertex of the central wedge intersects with the disto-proximal axis

of the robot fingertip.

Let B(xt, rt,∗) represent the neighborhood ahead of the current fingertip location xt that

corresponds to the granular material failure zone,

B(·) = {x ∈ X : dist(x,xt) ≤ rt,∗, |∠(x,xt)| ≤ η}, (3.2)

where η is the angle subtended by the side crescent adjacent to the central wedge model

(Figure 3.2). The angle η and the measurement range rt,∗ are calculated based on empirical

equations reported by Kobayakawa et al. [11] and Wick and Perumpral [1]. The empirical

equations are based on plate drag experiments in simulation and on physical testbeds that

account for different combinations of plate width, depth d, and angle α with respect to the

free surface of the granular materials. Figure 3.2 shows how plate depth d and angle α are
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related to the angle of the shear band β and the angle η of the side crescent.

For points in the occupancy map x that are within the neighborhood B of the current

fingertip position xt, the occupancy probability distribution p(mx, θt,k) is approximated using

the Gaussian kernel,

k = 0, 1, 2,∀x ∈ B(xt, rt,k),

p(mx = 1, θt,k = 1) = ak − exp(−γr∥x− xt∥2),
(3.3)

where ak = 0.5∗(2+k), and γr = ln(2)/r2 are tuning parameters related to rupture distance.

We use a mixture model that sums over all Gaussian kernels k = 0, 1, 2 in order to

account for all three environmental interaction states. The full sensor model that estimates

the occupancy state m̂x for all points x within the neighborhood of the robot fingertip xt is

as follows:

p(mx = 1,Θt) =
2∑

k=0

θt,k(ak − exp(−γr∥x− xt∥2)). (3.4)

Eq. 3.4 constitutes a model of tactile measurements within granular materials that accounts

for different environmental interaction states through correspondence variables (Θt, k, ak,

γr). Given a stream of measurements zt, the sensor model generates a stream of datasets

Dt = {x, m̂x}N that can be used to update the occupancy map. The datasets include all

points x within the neighborhood B of the current location of the robot fingertip xt.

3.4.3.2 Bayesian Hilbert Maps

Hilbert Maps (HMs) [36] and Bayesian Hilbert Maps (BHMs) [100] were developed to

be simpler and faster for continuous occupancy mapping than Gaussian Process Occupancy

Maps (GPOMs) [101]. HMs evaluate the occupancy probability based on the computation

of fast kernel approximations and eliminate the cubical time complexity of GPOMs.
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The key insight in the HM framework is that the input dataset is projected into a high

dimensional Hilbert space by kernel approximation κ. This approximation is defined by the

inner product of features Φ(·) as κ(x, x̃) ≈ Φ(x)TΦ(x̃). The feature vector is a function of

the location x in the 2-D occupancy map, where x̃ represents one of D spatially fixed points

or “hinges” in the map. The location and spatial distribution of the hinges can be selected

according to the number and density of estimates that are desired for a given application.

The feature vector is computed as

Φ(x) = [k(x, x̃1), k(x, x̃2), ..., k(x, x̃D)] ∈ RD. (3.5)

Each element of the feature vector is based on Gaussian kernels k, with γm as the bandwidth

to adjust map smoothness. Although random Fourier features or Nystróm features can be

used for occupancy mapping, hinge features based on Gaussian kernels are intuitive and

result in superior performance [36]. Thus, we use Gaussian kernels here.

The estimated occupancy probability for an arbitrary query point p(mx∗ = 1|x∗,w) is

computed as a sigmoid function:

σ(wTΦ(x∗)) =
1

(1 + exp(−wTΦ(x∗))
. (3.6)

The vector w ∈ RD represents the weights that describe the discriminative model p(m|x,w).

For HMs, the weights can be optimized by minimizing a regularized, negative log-likelihood

via fast Stochastic Gradient Descent methods [36].

For the BHMs used here, the weights follow a multivariate normal distribution N (µ,Σ)

with a mean µ and covariance matrix Σ. The BHM prior distribution Q(w) is defined as

Q(w) ≈ P (w|x,m) = N (w|µ,Σ), (3.7)

where µ and Σ are learned iteratively via Expectation-Maximization [100].
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Consider samples Ŵq = {ŵq} drawn from the estimates for weights ŵ ∼ N (µ,Σ). The

probability of a query point x∗ being occupied by a buried object can be calculated as an

empirical mean m̂x∗ .

m̂x∗ = p(mx = 1) =

∫
σ(ŵTΦ(x∗))p(ŵ)dŵ

≈ 1

|Ŵq|

∑
ŵq∈Ŵq

σ(ŵT
q Φ(x∗))

(3.8)

Since the query point x∗ can be any point in the space, we can build a continuous occupancy

map based on BHM. Additionally, the uncertainty of the occupancy probability ˆstdx∗ can

be approximated in the same way as the empirical standard deviations from BHM.

Once an occupancy map has been generated, the estimated outline of the buried object

can be presented as a level curve C = {x1, ...,xn} ∈ R2 of equal occupancy levels m̂x around

the estimated location for the centroid of the buried object x̂obj at the current timestep t.

The estimated centroid x̂obj is defined as a pair of (x, y) coordinates in the x-y plane of the

free surface of the granular materials (Figure 3.1).

3.4.4 Haptic Exploration Strategy

The haptic search for objects buried in granular materials involves two related problems:

(i) planning and selection of exploratory movements in order to acquire new sensor measure-

ments, and (ii) estimation of object features, such as centroid and outline, from occupancy

maps. The haptic exploration strategy is divided into two phases: before and after the first

pair of interactions with a buried object.

Phase 1: Before the first pair of interactions with a buried object, the well-established

Coverage Path Planning (CPP) approach [102] is used to generate parallel, straight-line

candidate EM paths that cover the entire search region of interest S. As long as the burial
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Figure 3.5: Simulation results for the haptic localization of randomly placed objects having

circular (top row) and elliptical (bottom row) outlines in the x-y plane: Occupancy maps

in log odds are shown for Phase 1 (a,f) and Phase 2 (b,g). Optimal kernel shapes and

placements were learned (c,h). Final Bayesian Hilbert Maps are shown for occupancy (d,i)

and uncertainty (e,j).
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depth of an object overlaps with the depth of a robot fingertip during raking, interaction of

the fingertip with the buried object is guaranteed if all CPP candidate paths are traversed.

A binary search method is used to generate raking trajectories for the robot fingertip until

either granular material jamming (θt,1 = 1) or contact with a buried object (θt,2 = 1) is

detected at the fingertip. For our demonstrations, we conservatively stopped the motion

of the fingertip as soon as granular material jamming was detected in order to minimize

disturbances to the buried object.

After the first interaction with a buried object, the next EM approaches the buried object

from the opposite direction along the same straight-line path that led to the first interaction.

The fingertip begins the EM from the opposing boundary of the search region in order to

establish two interactions with the buried object from opposing directions.

Phase 2: For the remainder of the exploratory movements, we propose a haptic explo-

ration strategy that is aimed at maximizing the localization gain in new tactile measurements,

enhancing the efficiency of the haptic search, and minimizing the total number of interac-

tions with the buried object. We use a search strategy that leverages information from the

current Bayesian Hilbert Map in order to select the next-best linear exploratory path.

For search efficiency, we exclude areas with high uncertainty by shrinking the search

region by 25% and centering the new map around the latest estimate of the buried object’s

centroid x̂obj. The CPP algorithm is invoked using a randomly generated “sweep angle” that

describes the angle of the parallel candidate paths with respect to the x-axis. For search

efficiency, we required that the difference between two “sweep angles” was larger than 30◦.

We select the next-best EM path X ∗ by selecting an Xi that maximizes a weighted sum

of the occupancy probabilities m̂x, the uncertainties related to the estimated occupancy

ˆstdx, and the distance between the candidate path and the estimated location of the object’s

68



centroid x̂obj.

argmax
{Xi}

∑
x∈Xi

(w1m̂x + w2
ˆstdx + w3∥x, x̂obj∥2) (3.9)

The weights w1, w2, and w3 are determined by the size of the current search region. The

weight w1 is set high in order to maximize the occupancy probabilities, while w2 is set low in

order to select an EM path that minimizes the uncertainty in the occupancy map. The third

term, scaled by a small w3, forces the next-best EM path away from the estimated location

of the buried object’s centroid x̂obj. This helps to prevent entrapment in local minima due

to repetitive exploration of the same area.

The haptic search continues autonomously until the uncertainty of the occupancy map-

ping is acceptable for the application. We stopped the search process when ˆstdx within the

current search region S fell below a percentage λ of the size of the current search region.

3.5 Experimental Procedure and Evaluation

We demonstrated the framework for a representative haptic exploration task in simulation

and with a real robot.

3.5.1 Granular Material Model

To mimic compact soil, the heterogenous granular material environment was comprised

of a proprietary mixture of sand, pea gravel, and cement mortar mix. The sand mixture was

housed within a 90 × 90 cm square, 30 cm deep sandbox whose top surface was flush with

the floor. The search area was 75× 50 cm.

We modeled the failure zone in front of the robot fingertip during vertical raking (α =

90◦). The shear band angle β of the failure zone depends on the internal angle of friction ϕu
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and the dilation angle ψ [103] for the granular materials. We measured the internal angle

of friction as ϕu = 42◦ by performing a triaxial shear test with a sand mixture sample, and

estimated the dilation angle as ψ = ϕu − 30◦ = 12◦ [104]. Since numerical simulations [103]

indicate that average values of β are closer to “Arthur angles” [105] if ϕu > 20◦, the shear

band angle β was estimated as 31.5◦.

Another important parameter that affects the sand mixture failure zone is the raking

depth d. During pilot experiments, we observed that fingertip forces tended to decrease with

each subsequent EM, as soil was displaced during raking and soil depth decreased around

the buried object. To account for decreases in soil depth throughout each haptic search trial,

raking depth d was decreased after each EM for which there is an interaction with a buried

object. Raking depth was decreased by a diminishing amount over the course of each trial

(first by 1 cm, then by 0.5 cm, 0.25 cm, etc.).

Based on our empirical observations, we formulated the sensor model shape parameters,

γr and η, as a function of the number of pairwise interactions n with the buried object (Table

3.1) in order to eliminate manual tuning of raking depth throughout each trial.

3.5.2 Haptic Exploration in Simulation

3.5.2.1 Experimental Set-up

Simulations were conducted using the sensor model parameters listed in Table 3.1. We

ran two sets of 25 trials, in which each trial consisted of an automated haptic search that

ran until the uncertainty-based stopping criterion was met. One set of trials was conducted

for each of two 2-D object shapes that were “buried” at randomly generated locations and

orientations in the simulated sandbox: circular (diam. = 8 cm) and elliptical (major axis =
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Table 3.1: Haptic Exploration Parameters

Sensor Model

Shear band angle β 31.5◦†

Rupture distance refer to reduced raking depth d 7.1, 5.5, 4.7, 4.3 cm

Rupture distance parameter γr 1/(72× 0.82n) ‡

Side crescent angle η (50 + 7n)◦ ‡

†
calculate β using Arthur angles [105]: β = 45◦ − (ϕu + ψ)/4

‡
n is the # of pairwise interactions with the buried object.

Bayesian Hilbert Map

Smoothing bandwidth γm for free movement within sand 0.1

Smoothing bandwidth γm for interaction with buried ob-

ject

0.04

Spatial resolution of hinged features 5 cm

Exploration Strategy

Weights w1, w2, w3 to select the next-best path 1, 0.5, -1

Stopping criterion for uncertainty λ 10%
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9 cm, minor axis = 5 cm).

Once the failure zone simulated with the kernel-based sensor model intersected with the

boundary of the buried object (green outline in Figures 3.5a, b, f, and g), the environmental

interaction state was updated to “granular material jamming”, the EM was stopped, and

the occupancy map was updated.

3.5.2.2 Experimental Results

Two representative haptic search trials are shown in Figure 3.5, where the top and bottom

rows correspond to circular and elliptical objects, respectively. The occupancy maps in the

first and second columns show the first and second phases of the haptic search, respectively.

The third column of Figure 3.5 shows the learned kernels after random initialization by

applying automorphing kernels and aggregation methods in Hilbert maps [89]. This method

was found to be more efficient than stationary learning, where a single length scale is used for

all Gaussian kernels. The kernels learned during simulation are plotted as colorized markers

(Figures 3.5c and h), where the length scale is indicated by both color and size. For kernel

placement, we used uniformly spread hinges with a 5 cm spacing. For areas having high and

low occupancy values, we assigned the Gaussian kernel smoothing bandwidth as γm = 0.04

and γm = 0.1, respectively.

Bayesian Hilbert maps for occupancy (mean) and uncertainty (standard deviation) are

shown in the fourth and fifth columns of Figure 3.5. The estimated outline for each buried

object is shown in yellow for an occupancy value of 0.6. Despite the relatively large 75× 50

cm search area, the mean localization error, as root mean squared error (RMSE), was ≤ 2

cm for both objects (Table 3.2).
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The directed Hausdorff distance [106] was used to measure the dissimilarity between the

estimated object outline and the true simulated object outline. Due to difficulty in estimating

the orientation of the elliptical object, the Hausdorff distance for the elliptical object was

larger than that for the symmetric circular object.

3.5.3 Haptic Exploration with a Real Robot

3.5.3.1 Experimental Set-up

The robotic system was comprised of a 16-DOF, dual-arm mobile manipulator (HDMS,

RE2 Robotics), two 3-finger adaptive robot grippers (Robotiq, Inc.), and a tri-modal laser,

3-D stereo, and video sensor (MultiSense SL, Carnegie Robotics, LLC). Each robot gripper

was equipped with wrist-mounted inertial measurement units (BNO055, Bosch Sensortec

GmbH) and force/torque sensors (FT 300, Robotiq, Inc.).

For each gripper, two fingers were flexed toward the palm and a single finger was left

extended for raking. A single robot fingertip was raked in a straight line at a constant speed

of 5 cm/s, and with a depth of 4.4 cm and vertical orientation (α = 90◦) relative to the free

surface of the sand mixture. The buried object was a rigid plastic cylinder having a 9.1 cm

diameter and 9.1 cm length. The cylinder was buried 2.5 cm below the free surface of the

sand mixture.

Table 3.2: Haptic Exploration Simulation Results

# of Phase 1 # of Phase 2 Centroid Hausdorff

EMs EMs RMSE distance

Circle 2.5 ± 1.2 4.7 ± 1.6 1.5 ± 0.5 cm 1.4 ± 0.5 cm

Ellipse 3.0 ± 1.6 4.0 ± 1.8 2.0 ± 0.3 cm 4.9 ± 0.6 cm
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3.5.3.2 Force Observer Model

Since the movement of the end-effector had non-negligible inertial effects on the wrist

force-torque measurements, we designed a force observer model based on Newton-Euler equa-

tions in order to account for inertial effects and more accurately estimate interaction forces

between the robot fingertip and its environment.

The force observer model treated force measurements from the force/torque sensor fsens

as the summation of inertial forces, forces due to gravity, environmental interaction forces

fenv, and a force/torque sensor error term ϵsens. The force due to gravity and the inertial force

due to acceleration with respect to gravity were combined in the first term of the following

equation:

f̂sens = meR
c
IMU âIMU + fenv + ϵsens (3.10)

where f̂sens and âIMU denote low-pass filtered data from the force/torque and IMU sensors,

respectively. Using the end-effector’s center of mass c as a reference point, Rc
IMU is a rotation

matrix that reflects alignment error between the IMU and end-effector reference frames.

Regression was used to estimate constant values for the mass of the end-effector me, the

rotation matrix Rc
IMU , and the sensor error epsilonsens. The actual environmental interaction

force fenv that we seek for use as ft in Eq. 3.1 were determined using Eq. 3.10.

3.5.3.3 Perception of Environmental Interaction State

Per the data-driven criteria in Figure 3.4, the environmental interaction state θt,∗ was

determined based on the filtered force ft and its rate of change. To minimize disturbances

to the buried object, individual EMs were halted when ft > 80 N.
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3.5.3.4 Experimental Results

The parameters for mapping and haptic exploration with the real robot are summarized

in Table 3.1. The haptic search stopping criterion was met after a total of 7 exploratory

movements (full experimental trial can be viewed in the Supplemental Video). EM #1

resulted in the first interaction with the buried object with the extended fingertip on the

robot’s right gripper. EM #2 was attempted from the opposing direction of EM #1 using

the robot’s left gripper, but was halted due to arm workspace limits. As a result, EM #3

was implemented as a continuation of EM #2 using the robot’s right gripper. Thus, EMs

#1 and #3 constituted Phase 1 and EM pairs #4-5 and #6-7 completed Phase 2.

Figure 3.6 shows the fingertip forces along with the perceived environmental interaction

state as a function of time. Granular granular material jamming was perceived for EMs

#1, 3, 4, 6, and 7. By EM #7, the sand depth near the object has decreased, resulting in

fingertip forces that are smaller than those for prior EMs when the fingertip is moving freely

through the granular materials.

The final Bayesian Hilbert Map is shown in Figure 3.7. The final fingertip force is shown

in green for each of the 7 EMs shown in magenta. The estimated outline of the object is

shown with a black dashed line for a level curve C = {x ∈ X : mx = 0.6}. The outline is

approximately 10 cm long, which is reasonable given that the cylinder’s true length was 9.1

cm. The narrower 5 cm width of the outline makes sense given that the cylinder was buried

2.5 cm below the free surface of the sand mixture and the robot fingertip was raked at a

depth of 4.4 cm. These results suggest that failure zone models for homogeneous granular

materials [1, 11] can be applied successfully to densely packed sand mixtures.
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Figure 3.6: Fingertip force for each of 7 EMs: Since fingertip forces fluctuate during interac-

tions with granular materials, dashed and solid lines indicate mean values for free movement

through granular materials and during granular material jamming, respectively. Colored

bands indicate values that are one standard deviation from the mean. For visual compari-

son, the onset of granular material jamming is aligned at 0 sec (black dashed line) for EMs

#1, 3, 4, 6, and 7. No direct contact with the object was perceived.
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Figure 3.7: Final Bayesian Hilbert Map for a haptic search trial that autonomously ended

after 7 EMs (magenta). The last fingertip force for each EM is shown in green. The estimated

outline of the buried object for an occupancy level of 0.6 is shown with a black dashed line.
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3.6 Conclusion

We have addressed the challenge of haptically locating an object buried within granu-

lar materials. First, we integrated localized, sparse tactile spatial information into a global,

continuous occupancy map by proposing a kernel-based sensor model that accounts for gran-

ular material jamming. Second, we designed a haptic exploration strategy that maximizes

localization efficiency from tactile measurements while minimizing interactions with buried

objects. We demonstrated our framework for tactile SLAM in granular materials in simula-

tion and with a real robot.

One limitation of this work is that the sensor model is based on “rupture distance” values

from soil-tool interactions without jamming. In the future, we would like to incorporate

experimental data-driven models of granular material jamming for the heterogeneous soil

mixture, the addition of which could further enhance map accuracy. Another limitation is

that EMs were planned as straight line paths within a 2-D search area. The use of 3-D

curvilinear EMs could enable 3-D maps that provide level curves at arbitrary depths within

a search volume. Advanced models for tactile perception in granular materials could enable

the development of adaptive robot behaviors [107] for enhanced robot autonomy in extreme,

unstructured environments.
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CHAPTER 4

Summary and Conclusion

Haptic exploration within granular materials is an essential task for robots designed for

locating and interacting with delicate and/or dangerous buried objects. Haptic intelligence

is required to carefully maneuver within the granular materials and amongst buried objects.

However, because of the complex behavior of granular materials, it is challenging to infer

contact states and build models of buried objects and their surrounding granular material

environment. The work presented in this dissertation has provided a framework for tactile

perception, haptic exploration planning, and map rendering for the localization of an object

buried in granular materials.

4.1 Contributions

Supervised learning-based, multimodal tactile perception model: We developed

a tactile perception pipeline for estimating fingertip contact state and locating objects buried

in granular materials. We established a multimodal architecture based on Recurrent Neural

Networks with Long Short-Term Memory units that incorporates multiple tactile sensing

modalities (vibration, internal fluid pressure, and electrode impedance as a proxy for finger-

pad deformation). The Sparse-Fusion Recurrent Neural Network model architecture learned

sparse representations of tactile data and performed robustly on novel test data that included
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variations in granular material type and particle size, fingertip orientation, fingertip speed,

and object location along the linear fingertip trajectory.

Sensor model based on tactile measurements during haptic exploration within

granular materials: We developed a sensor model for tactile measurements that accounts

for different environmental interaction states between the robot fingertip and granular mate-

rials as well as the local flow characteristics of granular materials. The sensor model enabled

the fusion of local, sparse tactile measurements into a global map for the planning of future

haptic exploration movements.

Tactile-based, continuous occupancy map: We firstly introduced a Gaussian-based

belief map representation to visualize tactile percepts. We then advanced the map represen-

tation by transitioning to a Bayesian Hilbert Map framework, which enables the generation

of a continuous occupancy map. The new method provides a simpler and faster paramet-

ric model that eliminates the cubical time complexity of the benchmark Gaussian Process

Occupancy Mapping approach.

Tactile SLAM for haptic exploration within granular materials: We developed a

novel framework that extended tactile SLAM to haptic exploration within granular materials.

The haptic exploration strategy was designed to efficiently locate a buried object and refine

its outline while simultaneously minimizing potentially damaging physical interactions with

the buried object. We demonstrated our framework in both simulation and with a real robot

with granular materials.
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4.2 Future Work

4.2.1 Enhance the Generalizability and Robustness of the Sensor Model

In Chapter 3, the kernel-based sensor model incorporates a spatial model of the granular

material failure zone ahead of the robot’s fingertip. As an essential part of occupancy map-

ping, the accuracy of the sensor model directly affects the final mapping results. Although

erroneous measurements and flaws in the sensor model could be accounted for through the

optimization procedure in the Hilbert Map module, we could improve the performance of

the foundational kernel-based sensor model in two ways.

First, the current sensor model assumes that the model observed from homogeneous

granular materials applies to heterogeneous granular materials. In the future, we could

extend the tactile SLAM framework by leveraging dense sensors, such as camera-based tactile

sensors (e.g. GelSight[108], DIGIT[109]), which could not only detect clues for edges of buried

objects but also provide texture details of the granular materials [110]. Updating parameters

in the 3-D failure zone wedge model [1] and criteria for detecting granular materials jamming

for different types of granular materials will further improve the generalizability of the sensor

model.

Second, the detection of the environmental interaction state of the robotic fingertip plays

an important role in the kernel-based sensor model. The ability to estimate the distance

between the robotic fingertip and the buried object could be used to improve the accuracy of

the sensor model since the measurement range could be defined according to actual distance

to the buried object instead of the rupture distance from a granular material failure zone

model. Improvements to the sensor model will lead to improved accuracy in the localization

of the buried object.
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4.2.2 Extend the Continuous Occupancy Map

The ability to model the surrounding space and determine which areas are occupied is

of key importance in many robotic applications, ranging from grasping and manipulation

to path planning and obstacle avoidance. Occupancy mapping is often hindered by several

factors, such as real-time data collection and processing constraints; limited, intermittent,

or low quality sensory data; and limited memory capacity, especially for large-scale environ-

ments.

The Hilbert Map provides a novel framework that produces an efficient, non-stationary,

continuous occupancy mapping function that can be easily queried at arbitrary resolutions.

Although the Bayesian Hilbert Map already automatically optimizes the weighting parame-

ters through a probabilistic method, techniques that allow the learning of individual features

for different areas of the input space will significantly improve the modeling performance in

a complex environment.

In Chapter 3, the Hilbert Map module learned the occupancy map through an opti-

mization process that maximized the likelihood of the tactile sensor data. However, there

are several hand-tuned parameters that can significantly influence performance, such as the

kernel selection, hinged feature placement, and its length scales. Extensions of the Hilbert

Map framework [88, 89] show robustness in the presence of sparse data and significantly bet-

ter interpolative powers. We could leverage the latest developments in automatic machine

learning and probabilistic programming under the Hilbert Map framework to automate the

tuning of model parameters.
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4.2.3 Employ Adaptive Behaviors for Haptic Exploration within Granular Ma-

terials

Endowing robots with adaptive physical interaction skills is a critical requirement of

robot autonomy in extreme, unstructured environments. As for haptic exploration within

granular materials, we could enhance autonomy for physical interaction in two ways.

First, advanced tactile perception models could equip the robot with a better ability to

react and adapt to its environment [111]. In Chapters 2 and 3, exploratory movements of

the robot fingertip were planned as straight line paths with the same raking depth, which

constrained the learned mapping to a 2-D search area. In the future, we could consider 3-D

curvilinear movements of the fingertip. The use of 3-D curvilinear exploratory movements

could enable 3-D maps that provide level curves at arbitrary depths within a search volume.

As fingertip width and depth affect the model of the granular material failure zone, additional

work would be needed to update the sensor model parameters in real-time. We believe a

3-D modeling method would improve the accuracy and efficiency for the robot to identify

environment characteristics and find the optimal interaction strategy.

Second, robotic systems based on torque sensing and actuation or variable impedance

mechanisms could be used to make robots compliant with respect to their surroundings [112].

In particular, we could leverage self-tuning impedance controllers [113] to regulate the

impedance profile based on prior haptic exploration experience when interacting with similar

environments.
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APPENDIX A

Multimodal Tactile Perception Model

A.1 Empirical Mode Decomposition

The Empirical Mode Decomposition (EMD) [61] approach is based on the assumption

that time series data consist of simple intrinsic modes of oscillation. Each of these oscillatory

modes is represented by an intrinsic mode function (IMF) that satisfies two basic conditions

to be described below: (i) the number of extrema and the number of zero-crossings may differ

at most by one, and (ii) the mean value of the local maxima and local minima envelopes is

zero.

In contrast to a Fourier analysis, EMD decomposes a time series signal q(t) adaptively by

sifting the signal into a series of intrinsic mode functions cj until only a small monotonic final

residue rn remains. For an arbitrary q(t), the sifting process starts with the identification of

all local extrema. Local maxima are then connected with a cubic spline in order to create

an upper envelope; local minima are similarly connected to produce a lower envelope. The

sifting procedure is repeated on the difference between the signal q(t) and the mean of the

upper and lower envelopes until the mean qualifies as an IMF per the two conditions stated

previously [61]. Once the iterative sifting process has resulted in a small enough residue rn,

the original signal q(t) can be represented as
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q(t) =
n∑
j=1

cj + rn, (A.1)

The original signal q(t) is thus decomposed in the time domain. The length of each IMF

is identical to that of the original signal, which ensures that characteristics of the original

signal are preserved, including variations in frequency. This is important for times series

signals that are often the result of multiple, natural processes that may or may not be

concurrent. Such data features would remain hidden through the use of Fourier domain or

wavelet coefficient analyses that filter out specific frequencies.

A.2 Sparse Coding

Sparse coding is widely used for audio signal reconstruction and image processing. The

sparsity of nonzero values in the model offers four main advantages: increased storage

capacity, representation as explicit signals, faster storage and retrieval of representations,

and reduced computational effort [114, 115]. By minimizing an empirical cost, the al-

gorithm learns a dictionary D = [d1, . . . dk] ∈ Rm×k and a sparse matrix of coefficients

α = [α1, . . . αn] ∈ Rk×n that can be used to approximate a signal X = [x1, . . . xn] ∈ Rm×n as

X̂ = Dα in a linearized manner (eq. 2.2).

The cost function can be cast as a matrix factorization problem that minimizes errors in

the linearized reconstruction of the original signal X with an additional penalty term that

induces sparsity.

min
D∈C,α∈Rk×n

1

2
∥X −Dα∥F + λ∥α∥1,1, (A.2)
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The operator ∥ · ∥F denotes the Frobenius norm. The term ∥α∥1,1 denotes the l1-norm of

the sparse matrix of coefficients α that is the sum of the magnitude of all coefficients. Per

[64], the sparsity-inducing regularization parameter λ was set as λ = 1.2/
√
m. The sizes of

D and k are tuned according to a trade-off between computing time and objective function

values (eq. A.2). To prevent D from having arbitrarily large values, its columns d1,...,dk are

constrained to have an l2-norm less than or equal to one. This is achieved by defining C as

a convex set of matrices satisfying the constraint: C ≜ {D ∈ Rm×ks.t.∀j = 1, . . . , k, dj
Tdj ≤

1}.

A.3 RNN with GRUs

Standard RNNs take temporal sequences of data as inputs and yield high-level repre-

sentations or labels as outputs. The feedforward neural network structure is enhanced by

”recurrent edges” between adjacent timesteps that consider temporal information both for-

ward and backward in time. Such internal loops across timesteps allow temporal information

to persist within the network. At time t, nodes with recurrent edges receive input from cur-

rent data point xt as well as input from a previous timestep (t− 1) from hidden node ht−1.

In this manner, the previous input xt−1 may influence the softmax output layer yt through

the recurrent connection.

ht = σ(Wh · [ht−1, xt] + bh), (A.3)

yt = softmax(Wyht + by), (A.4)

where σ represents an activation function (sigmoid function) and W∗ and b∗ are weight and

bias parameters, respectively.

The GRU is a simplified LSTM unit and only consists of two gates: a reset gate r and
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an update gate z. Each gate is composed of a sigmoid neural net layer and pointwise multi-

plication operation. The reset gate rt (eq. A.5) decides whether the previous hidden state is

ignored and a tanh layer produces a vector of new candidate values C̃t (eq. A.6) that could

be added to the current state (eq. A.8). The update gate zt (eq. A.7) combines the forget

and input gate, and enables the GRU to add or remove (i.e. remember or forget) information

with respect to the memory cell or cell state C∗ (eq. A.8), which is equivalent to the hidden

state h since the GRU merges the cell state and the hidden state. In this formulation, the

cell state is hard-bounded and helps to store long-term temporal dependencies within the

RNN.

rt = σ(Wr · [Ct−1, xt] + br), (A.5)

C̃t = tanh(Wc · [rt ∗ Ct−1, xt] + bc), (A.6)

zt = σ(Wz · [Ct−1, xt] + bz), (A.7)

ht = Ct = (1− zt) ∗ Ct−1 + zt ∗ C̃t, (A.8)

A.4 Belief Map Representation

When exploring an unstructured environment in which an object may be buried, there

will be instances in which there is uncertainty in the fingertip contact state. Within a given

state space, X ⊂ Rn, the probability of whether an object is buried in a particular region

can be represented as a spatial distribution ϕt(x) for all xt ∈ X that may change over time.

The spatial distribution is initially unknown, but is presumed to be a uniform distribution

until fingertip contact state estimates are generated.

During haptic exploration within the space X, the robot was assumed to be able to
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measure the exact values from the spatial distribution ϕt(x). In other words, the fingertip

contact state and fingertip location were assumed to be true when used to create and update

the belief map. The ϕt(x) distribution was updated through a probabilistic classification

method that considers the fingertip contact state estimates yt ∈ [0, 1] and their spatial loca-

tions xt ∈ R2 along a given exploration trajectory. Specifically, we applied Support Vector

Classification (SVC) with a radial basis function (RBF) kernel. Spatial information was

stored in an RBF kernel K that maps the influence of contact state yt at its spatial location

xt into an infinite dimensional feature space. The spatial reach, or sphere of influence, of the

radial basis function was set by γ in (eq. A.9).

The belief map is also capable of keeping track of the states it has previously sampled.

Prior state information is encoded in an SVC score function (eq. A.10) [116], which sums

learned mappings from all previous timesteps. Finally, the SVC scores were calibrated by

Platt Scaling (eq. A.11) [69]. In our case, the spatial distribution ϕt(x) was transformed

into a probability distribution, indicating whether an object is buried at a specific location

(P (yt = 1|x)), since the fingertip contact state yt = 1 was assumed to be true during contact

with a buried object.

K(x, xt) = exp(−γ∥x− xt∥2), (A.9)

ϕt(x) =
∑

t
αtytK(x, xt) + b, (A.10)

P (yt = 1|x) ≈ PA,B(ϕt) =
1

1 + eAϕt(x)+B
, (A.11)

The variables αt and b represent the SVC weights and bias, respectively. The Platt

scaling parameters A and B are determined by solving a regularized maximum likelihood

problem [117].
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A.5 Test of SF-RNN Model Performance

Table A.1: Effects of Multimodality on SF-RNN Model Performance: Model accuracy is

reported as mean in %. Best performing models are shown in bold. The models were trained

and evaluated with cottonwood beads.
Model description Test accuracy (%)

SF-RNN trained

with 1 modality

Trained and tested with Accuracy

Vibration 95.7

Fluid Pressure 85.8

Electrode impedance 97.6

SF-RNN trained

with 2 modalities
Trained with

Tested with
Vibration, fluid

pressure

Vibration,

electrode

impedance

Fluid pressure,

electrode

impedance

Vibration 96.6 86.6 N/A

Fluid pressure 91.0 N/A 74.3

Electrode impedance N/A 96.9 97.4

2 modalities 97.1 98.7 98.5

SF-RNN trained

with 3 modalities
Tested with Accuracy

1 modalities

Vibration 90.0

Fluid pressure 83.1

Electrode impedance 97.8

2 modalities

Vibration, fluid pressure 95.2

Vibration, electrode impedance 98.6

Fluid pressure, electrode impedance 98.3

3 modalities Vibration, fluid pressure, electrode impedance 98.7
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[66] K. Cho, B. Van Merriënboer, C. Gulcehre, D. Bahdanau, F. Bougares, H. Schwenk,
and Y. Bengio, “Learning phrase representations using RNN encoder-decoder for
statistical machine translation,” arXiv preprint arXiv:1406.1078, 2014. [Online].
Available: https://arxiv.org/abs/1406.1078

[67] I. Sutskever, O. Vinyals, and Q. V. Le, “Sequence to sequence learning with neural
networks,” in Advances in Neural Information Processing Systems 27, Z. Ghahramani,
M. Welling, C. Cortes, N. D. Lawrence, and K. Q. Weinberger, Eds. Curran
Associates, Inc., 2014, pp. 3104–3112. [Online]. Available: http://papers.nips.cc/pap
er/5346-sequence-to-sequence-learning-with-neural-networks.pdf

[68] D. P. Kingma and J. Ba, “Adam: A Method for Stochastic Optimization,” in 3rd
International Conference on Learning Representations, ICLR 2015, San Diego, CA,
USA, May 7-9, 2015, Conference Track Proceedings, Y. Bengio and Y. LeCun, Eds.,
2015. [Online]. Available: http://arxiv.org/abs/1412.6980

[69] J. C. Platt, “Probabilistic Outputs for Support Vector Machines and Comparisons
to Regularized Likelihood Methods,” in ADVANCES IN LARGE MARGIN CLASSI-
FIERS. MIT Press, 1999, pp. 61–74.

[70] F. Pedregosa, G. Varoquaux, A. Gramfort, V. Michel, B. Thirion, O. Grisel, M. Blon-
del, P. Prettenhofer, R. Weiss, and V. Dubourg, “Scikit-learn: Machine learning in
Python,” Journal of Machine Learning Research, vol. 12, no. Oct, pp. 2825–2830,
2011.

96

http://linkinghub.elsevier.com/retrieve/pii/S0165027011002172
http://www.jmlr.org/papers/v11/mairal10a.html
http://www.jmlr.org/papers/v11/erhan10a.html
https://arxiv.org/abs/1406.1078
http://papers.nips.cc/paper/5346-sequence-to-sequence-learning-with-neural-networks.pdf
http://papers.nips.cc/paper/5346-sequence-to-sequence-learning-with-neural-networks.pdf
http://arxiv.org/abs/1412.6980


[71] R.-E. Fan, K.-W. Chang, C.-J. Hsieh, X.-R. Wang, and C.-J. Lin, “LIBLINEAR: A
library for large linear classification,” Journal of machine learning research, vol. 9, no.
Aug, pp. 1871–1874, 2008. [Online]. Available: http://www.jmlr.org/papers/v9/fan
08a.html

[72] A. Jain, A. Singh, H. S. Koppula, S. Soh, and A. Saxena, “Recurrent neural networks
for driver activity anticipation via sensory-fusion architecture,” in Robotics and
Automation (ICRA), 2016 IEEE International Conference on. IEEE, 2016, pp. 3118–
3125. [Online]. Available: http://ieeexplore.ieee.org/abstract/document/7487478/

[73] L. Van Der Maaten, “Accelerating t-SNE using tree-based algorithms.” Journal of
machine learning research, vol. 15, no. 1, pp. 3221–3245, 2014. [Online]. Available: http:
//www.jmlr.org/papers/volume15/vandermaaten14a/source/vandermaaten14a.pdf
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