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Tactile Perception for Teleoperated Robotic Exploration

within Granular Media

SHENGXIN JIA and VERONICA J. SANTOS, Mechanical and Aerospace Engineering Department,

University of California, Los Angeles

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 deforma-

tion) 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 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 fin-

gertip location. The belief map visualizes the probability of an object being buried in the search region and

could be used for planning.
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1 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 archaeological artifacts,
rescuing victims of landslides and avalanches, and humanitarian demining. Unique to such tasks
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Fig. 1. A block diagram is shown for a notional real-time execution of the action, perception, and visualization
processes.

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 haptically 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 hu-
man hands. The challenge of remotely controlling 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, exper-
iments with robot hands are performed in open air environments, where contact and no contact
conditions are easily distinguished using tactile sensors. To our knowledge, the direct use of robot
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 [7, 66], this work repre-
sents 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 [23, 29–
31, 62] enabled by the development of novel tactile sensors [18, 22, 47]. 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 [70], there are still no datasets that
are commonly used for evaluating tactile sensing algorithms in the way that ImageNet [17] and
RoboNet [15] 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 percep-
tion 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 remote
robotic tactile exploration within granular media. Extending beyond a prior workshop paper [38],
the model performs tactile perception by combining signal processing, sparse coding, and a recur-
rent neural network to integrate multiple tactile sensing modalities (vibration, pressure, fingerpad
deformation). We refer to our model as a Sparse-Fusion Recurrent Neural Network (SF-RNN)

(Figure 1), since sparse features are extracted in a pre-processing step that precedes a fusion layer
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of an RNN. The tactile percepts are visualized as a spatial probabilistic distribution using a “belief
map” [68]. Figure 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 representation 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.

2 RELATED WORK

2.1 Complex Behaviors of Granular Media

Granular media, such as sand, grain, and powder are ubiquitous in nature and in industrial pro-
cesses. 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
[36], 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 [8] exhibit complex behaviors, such as jamming [69], dila-
tancy [57], flow bifurcation in the vicinity of a “intruder” [26], and force fluctuations around the
intruder. Models have been developed to estimate soil properties such as internal friction, inter-
face friction, and soil density (e.g., References [33, 75]) from large interaction forces. Grain-scale
numerical models such as the Discrete Element Method [54] and Resistive Force Theory [50] 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 phys-
ical interactions with granular media. Under external stress, the force chain carries most of the
load via complex inter-particle forces [49]. 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 [56]. When an intruder moves through
granular media, as when a robot finger is raked through sand, the granular media packing frac-
tion 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 mea-
surements. The countless instances of making and 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., Reference [65]),
and the detection of key haptic events.

2.2 Robot Interaction with Granular Media

Exploiting the sense of touch is essential for robots operating according to physical interaction
cues and is often associated with computational and representation challenges [11]. As with bi-
ological systems, artificial tactile perception is an active process for sensing properties of one’s
environment, especially in the absence of vision [24]. 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 [76]. In that work, a hu-
man 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.
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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 [67]
and flipper-based locomotion [53], sidewinding [52], and sand-swimming [51]. Numerical simula-
tion approaches have enabled high locomotion performance [4] by predicting forces and flow fields
of the granular media, which are difficult to measure during experiments 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 [3] and
walk [82] on flat dry granular surfaces. In 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 [10] or
powdered coffee creamer bottle [84], or manipulated with a tool, such as a spoon [72]. Unlike
works in simulated environments [83, 85], 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 three-dimensional (3D) point cloud [84] of the granular media. Schenck
et al. evaluated predictive models with depth images to infer the dynamics of scooping and pouring
actions [72]. 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 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 [28], that apply forces and torques to the limbs.
Kinesthetic feedback devices 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 [58, 80],
stretching [5], or applying pressure/force [9, 76] or changes in temperature [39] 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 in-
stance, audio feedback is not an option in loud environments. In another example, a teleoperator
may be wearing gear that precludes the donning of bulky kinesthetic or cutaneous feedback de-
vices. In this work, we have elected to convey the learned contact state information 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 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.
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Fig. 2. SF-RNN model architecture for multimodal tactile perception in granular media. (a) Vibration, in-
ternal 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.

3 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 in-
terest are “contact with a buried object” or “free movement through granular media.” To address
the tactile perception problem more generally, we propose a model architecture that we refer to as
a SF-RNN (Figure 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 mul-
tiple sensing modalities from the BioTac tactile sensor (SynTouch LLC, Los Angeles, CA): vibration,
internal fluid pressure, and electrode impedance as a proxy for fingerpad deformation (Figure 2(a)).

Raw tactile sensor signals were first pre-processed to filter out noise. Features of the vibration
and internal fluid pressure data were distilled using Empirical Mode Decomposition (EMD)

(Figure 2(b)) prior to the creation of a data structure that combined the three tactile sensing modal-
ities (Figure 2(c)). Per well-established practices of machine learning libraries such as Tensorflow
[1] and pytorch [59], 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(d)), which yielded a learned fea-
ture vector for use as an input to an RNN classifier (Figure 2(e)). 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(f)). 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 4) under the assumption that the contact state estimate is correct.

3.1 Pre-processing of Tactile Data

3.1.1 Tactile Sensor Signal Processing. EMD [34] (Figure 2(b)) is a powerful technique for an-
alyzing 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 sig-
nal, such as variations in frequency (Appendix A). Physical meaning can often be associated with
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Fig. 3. (a) Raw vibration data and ((b)–(i)) squared deviations of its first eight IMFs. Each deviation was
calculated as norm[IMF - mean(IMF)].

EMD-filtered components, as in the analysis of electroencephalogram [63], water wave [34], and
earthquake time-series data [35].

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 , (1)

As shown in Figure 2(b), EMD was applied to the BioTac’s vibration and internal fluid pressure
data. Per Reference [34], 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 3 shows the original vibration data for 2 s of a representative trial along with
deviations of its first 8 IMFs from the mean IMF.

3.1.2 Reconciliation of Heterogeneous Datastreams. Our model incorporated features from vi-
bration, internal fluid pressure and electrode impedance data from a multimodal tactile sensor.
These tactile sensor data were heterogeneous due to the different transduction mechanisms, di-
mensionality of sensing channels, and 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 6.1 and shown in columns 1 and 4 of Tables 2 and 3.

Ultimately, we used a sensor fusion architecture to leverage well-established computer vision
techniques while reconciling the differences in the heterogeneous datastreams. We selected the
update frequency of the feature tensors outputted from step “(c)” in Figure 2 to be 100 Hz. For
the vibration data sampled at 2,200 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 × 22 samples
for vibration data, 5 IMFs × 5 samples for internal fluid pressure data, and 19 channels × 5 samples
for electrode impedance data (Figure 2(c)).

3.1.3 Sparse Representation and Online Dictionary Learning. Upon creating feature tensors from
three tactile sensing modalities, we used sparse coding (Figure 2(d)) to represent the multimodal
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tactile data as linear combinations of basis functions that capture higher-level features (Appen-
dix B). These features were identified autonomously and adaptively using an unsupervised online
optimization algorithm for dictionary learning [48]. This unsupervised, pre-training step was in-
troduced specifically to improve the generalization of the multimodal tactile perception model
[20].

Using sparse coding, we compactly represented the overcomplete model of the tactile sensor
data. By solving a matrix factorization problem with a sparsity penalty (Equation (4) in Appen-
dix B), the algorithm learns a dictionary D = [d1, . . .dk ] ∈ Rm×k and a sparse matrix of coeffi-
cients 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)

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 Reference [48], 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 were
flattened and passed through the sparse coding algorithm in parallel.

3.2 RNN with GRUs for Binary Classification

The final stage of our multimodal tactile perception pipeline was comprised of a binary RNN clas-
sifier. Through the use of an RNN architecture, we aim to develop a model capable 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 vi-
bration, 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 parameters se-
lected as described below. Model training and sequence labeling were performed with a Long

Short Term Memory (LSTM) variation called Gated Recurrent Units (GRUs) [12] (Appen-
dix C), which perform well for sequence learning and translation applications [74]. By combining
RNNs with GRUs, an RNN can learn a nonlinear mapping between multimodal tactile feature in-
puts 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.
RNN weights were updated using Adaptive Momentum Estimation Optimization, which computes
adaptive learning rates for each parameter [40]. 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 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 6.1.

4 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” [68]. The belief map combines spatial information related to
fingertip location (derived from known robot kinematics) with probabilistic fingertip contact state
estimates provided by our SF-RNN model architecture (Figure 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.
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Fig. 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).

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 ex-
plore 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 simulta-
neously 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 ra-

dial basis function (RBF) kernel (Appendix D). 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 track-
ing the states it has previously sampled. Finally, the SVC scores were calibrated using Platt Scaling
[64] to produce a probability of whether an object is buried at a specific location. This probability
integrates information about estimated fingertip contact state and known fingertip location. In this
work, the Python Scikit-Learn package [60] was used for optimization and calibration. The distri-
bution 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 7.2.

5 EXPERIMENTAL PROCEDURE: ROBOT DATA COLLECTION

To equip robots with the ability to locate objects buried within granular media, we focus on per-
ceiving 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.

5.1 Robot Testbed

Our robot testbed consisted of a 7 degree-of-freedom (DOF) Barrett Whole Arm Manipulator
with a 4 DOF BarrettHand (Barrett Technology, Cambridge, MA) (Figure 4). Two BioTac sensors
(SynTouch LLC, Los Angeles, CA) were mounted on the BarrettHand fingertips. The multimodal
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BioTac sensor measures vibration at 2,200 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
[22].

The sensorized robot fingertips were commanded, using position control, to perform linear ex-
ploratory 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.

5.2 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 4(b)). 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 4(c)) 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).

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 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 5).

5.3 Dataset for Model Testing

To directly test the robustness of our models to variation in the granular media, we collected ad-
ditional 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 [81], which is the most frequently used geological grade scale
for classifying the size of sediment particles. As shown in Table 1, we used 1-mm-diameter pop-
pyseed, 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 conditions.
First, we used a 3D-printed adapter to change the orientation of the fingertip and simulate 20◦ of
extension (Figure 4(d)) relative to the original pose of the BioTac when collecting data for model
training (Figure 4(a)–(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
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Fig. 5. (a) Vibration, (b) internal fluid pressure, (c) electrode impedance, and (d) fingertip contact state esti-
mates from an SF-RNN model are shown for a representative 2-s 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).

Table 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 [81]

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 s of data). Data labeling proceeded as described in Section 5.2.
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6 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 hyperparame-
ters 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). 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) [21]
and RNN classifiers on the following input architectures:

• “(b)”: IMFs extracted via EMD from vibration and internal fluid pressure data plus raw elec-
trode impedance data (Figure 2(b)).
• “(c)”: Feature tensors constructed from EMD-processed vibration and internal fluid pressure

data and raw electrode impedance data (Figure 2(c)).
• “(d)”: Sparse features identified autonomously and adaptively using an unsupervised online

optimization algorithm for dictionary learning (Figure 2(d)).

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 [1] with two NVIDIA GeForce GTX 970 graphics cards.

6.1 Study of Model Architecture

For an ablation study, all model architectures were evaluated as unimodal models (vibration, in-
ternal 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 concatenation 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. [37]. For our proposed multimodal tactile perception SF-RNN model archi-
tecture, tactile sensor modalities were passed through a sparse coding process as an unsupervised
pre-training step, which preceded a fully connected fusion layer of RNN (Figure 2(e)).

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-s 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 and 3 summarize the results of the ablation
studies on the unimodal and multimodal models, respectively.
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Table 2. Ablation Study with Unimodal Models: Model Accuracy Is Reported
as Mean ± Standard Deviation in %

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 ×

22 samples
200 sparse
features

8 IMFs
8 IMFs ×

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 × 5

samples
100 sparse
features

5 IMFs
5 IMFs × 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 ×
5 samples

100 sparse
features

19
channels

19
channels ×
5 samples

100 sparse
features

Avg test accuracy (%) 58.76 69.38 84.42 73.68 79.06 93.06

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.

6.1.1 Effect of Model Inputs and Sparse Coding. We built multiple models to assess the use-
fulness 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 3) achieved higher test accuracy than those trained with only one modality
(Table 2).

In Table 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 architecture was used, fluid pres-
sure 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 97.6%, respectively. Use of electrode impedance
data resulted in the highest test accuracy of 97.6% for all unimodal models, suggesting that elec-
trode impedance data, generated by fingerpad deformation, was the single most informative tactile
sensing modality for distinguishing between the two fingertip contact states (Table 2).

Of the unimodal models (Table 2), classifiers trained on overcomplete sparse representations
of tactile data (“(d)+” cases) had obvious advantages as compared to other models. 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 3, we present the results of the ablation study for all six model architectures for mod-
els that used multimodal tactile inputs (with pairs of modalities, or all three modalities simul-
taneously). 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 3, the (d)+Linear SVM model did not perform well during the ro-
bustness tests, which will be discussed in Section 6.2.
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Table 3. Ablation Study with Multimodal Models: Model Accuracy Is Reported
as Mean ± Standard Deviation in %

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

8 × 22, 5 × 5
feature
tensors

200D, 100D
sparse

features

8 IMFs,
5 IMFs

8 × 22, 5 × 5
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

8 × 22, 19 × 5
feature
tensors

200D, 100D
sparse

features

8 IMFs,
19 channels

8 × 22, 19 × 5
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

5 × 5, 19 × 5
feature
tensors

100D, 100D
sparse

features

5 IMFs,
19 channels

5 × 5, 19 × 5
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

8 × 22, 5 × 5,
19 × 5
feature
tensors

200D, 100D,
100D sparse

features

8 IMFs,
5 IMFs,

19 channels

8 × 22, 5 × 5,
19 × 5
feature
tensors

200D, 100D,
100D sparse

features

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

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.

Training on three modalities did not provide much of an advantage over training on two modal-
ities. 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 input data. Without having to
retrain the model, one could provide data from any of the tactile sensing modalities, or combina-
tions 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 5 in
Appendix E). This could be useful if one or more modalities becomes temporarily unavailable dur-
ing tactile exploration. Considering the complexity and harsh working environment of interacting
with and maneuvering within granular media, we recommend a multimodal SF-RNN structure in-
stead of relying on a single modality for haptically perceiving contact state within granular media.

6.1.2 Effect of Sensor Data Representation. To check the sensor data representation and model
training, we visualized the data and feature spaces throughout the multimodal modeling pipeline
(Figure 2) using a dimensionality reduction algorithm called t-Distributed Stochastic Neighbor

Embedding (tSNE) [78]. Feature spaces were visualized in Figure 6, in which each dot represented
a labeled multimodal tactile sensor feature tensor that was updated at 100 Hz. This visualization
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.
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Fig. 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 Figure 2(c) are entangled. (b) The outputs from
the sparse coding step in Figure 2(d) are spread out in a high-dimensional feature space. (c) The feature space
from the last layer of the model in Figure 2(e) shows that the data are mostly separated into distinct regions
according to contact state.

First, the feature tensors from Figure 2(c) (8 IMFs × 22 samples for vibration data, 5 IMFs ×
5 samples for fluid pressure data, and 19 channels × 5 samples for electrode impedance data)
were visualized in 3D space as a jumbled cluster of feature tensors with mixed fingertip contact
states (Figure 6(a)). 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 re-
gions of an overcomplete 400-dimensional sparse feature space (Figure 6(b)). 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 ten-
sors 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 and 3, we showed how accuracy improves with each pre-processing step in our pro-
posed 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 nonlin-
ear models (“(d)+” cases). The motivation for introducing this unsupervised pre-training step was
to improve generalization capabilities and to capture intricate dependencies between parameters.
Sparse coding selects model hyperparameters that separate entangled tactile features (Figure 6(a))
such that the features that distinguish different fingertip contact states are as distinct as possible
(Figure 6(b)). Given the low off-sample error of the SF-RNN for the test data (Table 3), the unsuper-
vised 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
hyperparameters 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 3). If
offline pre-training time is not a major concern, then unsupervised pre-training is recommended.

6.2 Study of Model Robustness

As described in Section 5.3, for the purposes of a robustness study, we collected additional 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 robustness study are shown in Table 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 3).
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Table 4. Robustness Study: Model Accuracy Is Reported as Mean ± Standard Deviation in %

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

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.

As shown in Table 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-RNN methods, respectively. Due
to the purposeful changes in the granular media types and finger-object 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 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.

However, 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 hav-
ing 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 and 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 4).

6.3 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 7 shows the evolution of a belief map
for a 2D, top-down view of the exploration area as the robot finger moves during a 2-s 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 7(a)). As the perceived contact persists during the
finger movement, the red region of high probability increases in area (Figure 7(b)). 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 7(c)) as
well as adjacent regions that are believed to consist of granular media only (dark blue regions in
Figure 7(c)).

Upon completion of the first exploratory movement, the width of the dark red region is ap-
proximately 10 cm (Figure 7(c)). 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.

7 DISCUSSION

7.1 Notable Trends in the Tactile Data

To further analyze the results in Table 2 and 3, we compared the response of each tactile sensor
modality for each contact state (Figures 8 and 9). In Figure 8, average trends in vibration amplitude
and internal fluid pressure are shown for 500 trials without a buried object (green) and 250 trials
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Fig. 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.

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 first and third quartile bands in Figures 8 and 9. The interquartile spread reflects inter-
trial variability.

7.1.1 Susceptibility of Different Tactile Modalities to Noise Induced by Movement within Granular

Media. The BioTac sensor uses a fluidic mechanotransduction medium that enables the measure-
ment of vibration and internal fluid pressure via high-pass and low-pass filtered signals, respec-
tively, 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 tran-
sients 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 interactions with gran-
ular media particles. As a result, changes in hydrophone data that might be indicative of key con-
tact events with a buried object get drowned out by noise caused by motion relative to granular
media (Figure 8). In addition, the spread between the first and third 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 interactions
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 9). The interquartile 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. Nonetheless, larger sustained fingerpad
deformations were clearly observed in the “slow-adapting” receptor data when the finger was in
contact with the buried object (Figures 8(b) and 9). This 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 9(b)).
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Fig. 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.

7.1.2 Information Encoded by Different Tactile Modalities during Movement within Granular Me-

dia. Based on studies of human touch, it is believed that coarse textures and local shape are primar-
ily perceived through spatial cues while fine textures are perceived through vibratory cues [32, 45].
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 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 granu-
lar 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 9(b)). 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 [65] 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 (Figure 8(a)). 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 investigation 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 8). Vibration data may be useful for identifying transitions in fingertip
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Fig. 9. Electrode impedance is shown as median values with first and third quartile intervals. (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-s period.

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

7.1.3 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 5(d)). 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 4(c) and 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
[14]. 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 5(d)).

Granular media jamming may have contributed to the increase in impedance for electrode #7 at
the fingertip just prior to “first contact” (Figure 9(b)), but further investigation is required. Granu-
lar media jamming effectively injects uncertainty into the contact state estimate and the resulting
spatial belief map. For instance, a buried object might be visualized as larger than its actual size
due to premature perception of contact due to granular media jamming. One could reduce this un-
certainty by accounting for the effects of jamming, 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.

7.2 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 com-
bine tactile perception outputs from the SF-RNN model (fingertip contact state) with dynamic
robot kinematic information (fingertip location) to produce a continuously updated 2D belief map.
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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 dis-
tributions across a search space, from which a human teleoperator could infer the location, 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 manu-
ally teleoperate the robot, as in surgical applications [61, 86] or the handling of high-consequence
materials [77]. Custom haptic interfaces could be used to control the robot and display contact
force information to a teleoperator’s hand [76]. 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 [6], and contact SLAM approaches
[43]. Moreover, a belief map could be used to generate future exploration trajectories via optimal
control [55] or ergodic control [2], 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 trajec-
tory supervised by a human teleoperator while still responding naturally to external perturbations
[16]. In another example, the robot might be responsible for controlling the orientation of the end-
effector while the human controls the position [46]. 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 [19, 41].

To support human-robot coordination and better utilize the robot, Gombolay et al. recom-
mended to equip robots with as much autonomy as possible and greater robot authority over task
allocation [25], 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 explo-
ration 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 [16].

8 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 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.

8.1 Summary of Contributions

In this work, we established a multimodal learning architecture based on Recurrent Neural Net-
works 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).
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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 representation 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 process-
ing, filtered vibration and internal fluid pressure responded to first and last contact sensitively and
improved perception accuracy beyond that achieved using electrode impedance data alone.

8.2 Limitations and Future Work

Here, we lay the foundation for more complex, semi-autonomous robotic behaviors such as expo-
sure, 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. 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 teleoperators. 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 conservatively 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 D) could include the use of
local length-scale kernels with optimizations such as unsupervised, automatic kernel selections
and placement [27, 73]. Fast kernel approximation methods [68] 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 [79] could be integrated to allow teleopera-
tors to use their natural movements and gestures to change the viewing angle of the belief map
and command the robot.
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APPENDICES

A EMPIRICAL MODE DECOMPOSITION

The EMD [34] 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 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.
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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 c j 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 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 [34]. Once the iterative sifting process
has resulted in a small-enough residue rn , the original signal q(t ) can be represented as

q(t ) =
n∑

j=1

c j + rn , (3)

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.

B 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, repre-
sentation as explicit signals, faster storage and retrieval of representations, and reduced com-
putational effort [42, 71]. By minimizing an empirical cost, the algorithm 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
(Equation (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, (4)

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 [48], the
sparsity-inducing regularization parameter λ was set as λ = 1.2/

√
m. The sizes ofD andk are tuned

according to a tradeoff between computing time and objective function values (Equation (4)). 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 definingC as a convex set of matrices satisfying

the constraint: C � {D ∈ Rm×ks .t .∀j = 1, . . . ,k,dj
Tdj ≤ 1}.

C RNN WITH GRUS

Standard RNNs take temporal sequences of data as inputs and yield high-level representations or
labels as outputs. The feedforward neural network structure is enhanced by “recurrent edges” be-
tween adjacent timesteps that consider temporal information both forward 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 current 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 ), (5)
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yt = so f tmax (Wyht + by ), (6)

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 an update
gate z. Each gate is composed of a sigmoid neural net layer and pointwise multiplication opera-
tion. The reset gate rt (Equation (7)) decides whether the previous hidden state is ignored and a

tanh layer produces a vector of new candidate values ˜Ct (Equation (8)) that could be added to the
current state (Equation (10)). The update gate zt (Equation (9)) 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∗ (Equation (10)), 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 ), (7)

˜Ct = tanh(Wc · [rt ∗Ct−1,xt ] + bc ), (8)

zt = σ (Wz · [Ct−1,xt ] + bz ), (9)

ht = Ct = (1 − zt ) ∗Ct−1 + zt ∗ ˜Ct . (10)

D 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 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 locations xt ∈ R2 along a given
exploration trajectory. Specifically, we applied SVC with a 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 (Equation (11)).

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 (Equation (12)) [13], which sums learned
mappings from all previous timesteps. Finally, the SVC scores were calibrated by Platt Scaling (Equa-
tion (13)) [64]. In our case, the spatial distribution ϕt (x ) was transformed into a probability dis-
tribution, 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), (11)

ϕt (x ) =
∑

t
αtytK (x ,xt ) + b, (12)

P (yt = 1|x ) ≈ PA,B (ϕt ) =
1

1 + eAϕt (x )+B
, (13)
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The variables αt and b represent the SVC weights and bias, respectively. The Platt scaling pa-
rameters A and B are determined by solving a regularized maximum likelihood problem [44].

E TEST OF SF-RNN MODEL PERFORMANCE

Table 5. Effects of Multimodality on SF-RNN Model Performance:
Model Accuracy Is Reported as Mean in %

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

Best performing models are shown in bold. The models were trained and evaluated with cottonwood beads.
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