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3D Localization of Objects Buried within Granular Material
Using a Distributed 3-Axis Tactile Sensor

Zhenggi Chen', Elisabetta Versace?, and Lorenzo Jamone

Abstract— While visual sensing is often the predominant
modality for a robot to localize objects in the environment,
tactile and force sensing become crucial when objects are
occluded, poorly visible, or buried. However, existing works
on locating buried objects rely solely on force measurements
at a single contact point on the robot end-effector, making 3D
localization very challenging. This paper presents an alternative
approach using a tactile sensor that measures both normal and
shear forces (i.e. 3-axis) on distributed points; three Long Short-
Term Memory (LSTM) models are trained with real-world data
to perform real-time 3D localization (i.e. distance, direction and
depth) of an object buried within a granular material. Our
experimental results suggest that measuring both normal and
shear forces (instead of just normal) on distributed contact
points (instead of only one point) is essential for the accurate
3D localization of buried objects.

I. INTRODUCTION

Vision and touch are two complementary sensory modal-
ities that play crucial roles in human perception and in-
teraction with the external environment [1]. While vision
can provide a global image of the surroundings, tactile
feedback is confined to the points of contact, presenting
information in a sparse form in the absence of exploration
strategies. However, when environmental lighting conditions
are insufficient to support visual signal acquisition or when
the target object is occluded, tactile signals, gathered through
physical contact, become more reliable. Tactile signals col-
lected through different forms of contact such as pressing or
sliding can be used to perceive and recognise the material
(texture, stiffness) and shape of objects [2].

This study draws inspiration from the foraging behavior
of birds, which utilize tactile sensory organs on their beaks
to perceive the location of buried food items in soil [3].
This presents a challenge for robots: can tactile sensors
be relied upon to locate the three-dimensional position of
buried objects? Granular materials such as sand, grains, and
snow undergo a jamming transition process when subjected
to external forces, during which the particles shift from a
fluid-like state to a solid-like state [4]. A similar task arises
when an end effector rakes into a granular environment
and approaches the buried object; only particles within a
certain area in front of the end effector, termed the failure
zone [5], will move. As the buried object enters the failure
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Fig. 1. A URS robot equipped with a custom-made 3-axis tactile sensor.
The target object under localization is fixed on the bottom of the sand box,
rendering it invisible to direct observation.

zone, the compression of intermediate particles by the object
and the end effector pushes them into the jamming state.
Detection of the manifestation of the jamming state in tactile
sensing marks the onset of estimating the object position
[6]. Recently, there has been increasing attention on tasks
involving interactions between robots and granular materials
[6]-[11]. However, research on the expression of granular
material effects in tactile sensing and its application in buried
object localization is still limited, necessitating the use of
more sensitive sensors with various configurations.

In this study, we use a three-axis magnetic tactile sensor
inspired by the design presented in [12], [13]. Our sensor
has four taxels symmetrically distributed around the center,
with each taxel capable of detecting shear forces (x- and y-
directions) as well as normal forces (z-direction); the sensor
is described in more details in [14]. Previous work on buried
object detection focused solely on measuring changes in
normal force [6], [8]; however, through experimentation, we
discovered more pronounced changes in shear forces as the
sensor approaches the buried object. Moreover, it is noticed
that leveraging the symmetry of horizontal shear forces (y-
direction) among different taxels enables spatial localization
of the buried object. In inferring object position based on
the jamming effect, object position can be determined by
the position of the end effector at the time of jamming
occurrence and the radius of the failure zone. However, the
size of the failure zone directly correlates with parameters
such as raking depth, the contact area of the end effector, and
the properties of the granular material [6], [15]. To avoid the
need of prior information regarding the properties of granular
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materials, which can be challenging to obtain directly, our
work proposes a learning-based model comprising three
Long Short-Term Memory (LSTM) models trained on the
specific scenario. By reducing the length of input signals to
ensure the correctness of training labels and slicing collected
tactile data using a sliding window approach as model input,
we achieve real-time prediction of the 3D position (distance,
direction and depth relative to the current sensor position) of
the target object.
To summarize, our key contributions are:

o A novel learning-based model that enables real-time
prediction of the distance, direction and depth of buried
objects using a tactile sensor;

o Experimental results that demonstrate that both the
presence of multiple taxels and the ability to measure
shear forces are necessary to accurately detect buried
objects with tactile sensors;

o Publicly available code and dataset' to replicate our
experiments and to extend our results.

II. RELATED WORK
A. Pretouch and tactile sensing

The predictive capability of estimating object position
prior to physical contact, akin to the jamming detection
method described earlier, is referred to as Pretouch within the
domain of tactile sensing. Pretouch serves as a modality posi-
tioned between tactile sensing and vision, enhancing tactile
perception by extending detection range [16]. In scenarios
where camera systems encounter occlusions or are affected
by lighting conditions, pretouch perception can respond more
effectively to unforeseen events compared to traditional tac-
tile perception, which may necessitate limiting the velocity
of the robot to avoid collisions, thereby sacrificing time
efficiency [17]. In addition, the application of pretouch helps
avoid wear caused by direct contact between sensors and
objects, thereby contributing to extending the sensor lifespan.
Common pretouch methods encompass sound [18], optical
[19] and capacitive measurements. In [20], a pretouch system
employing magnetic and capacitive sensors is proposed,
capable of predicting the positions of both dielectric and
ferromagnetic objects. Similarly, the work presented in [21]
utilizes a 3-axis Hall effect sensor to measure position
changes induced by an electromagnet. However, existing
research on pretouch predominantly focuses on perception
in open-air environments, leaving room for investigation into
its application in granular materials.

B. Tactile interaction with granular material

The mechanical vibration resulting from the movement of
granular particles contains haptic information regarding the
properties of objects [22], [23]. Togzhan et al. [10] collect
vibro-tactile signals as input to detect the presence of foreign
bodies, achieving an accuracy of 91%. In [9], the Digger
Finger is designed with a wedge shape to facilitate vertical

'https://github.com/ERICHEN25/
Tactile-3DLocalization

penetration. Utilizing mechanical vibration, this finger is
employed to discern buried objects with varying outlines.
As the end effector continuously rakes, the interaction effect
from the buried object acts on the sensing surface through
force chains [24]-[26], triggering jamming before physical
contact with the object occurs. [7] proposes an architecture
to integrate three tactile modalities (vibration, internal fluid
pressure, and fingerpad deformation) into an input layer of a
recurrent neural network (RNN). It is observed that fingerpad
deformation provides the most significant evidence for dis-
tinguishing between two contact states: free exploration and
contact with an object within granular media. Building upon
this work, [6] describes another contact state - Jamming,
during which a noticeable increase in fingertip force can be
observed. An estimated sensor model is developed based
on a triaxial shear test, assuming the size of the failure
zone ahead of the sensor remains constant. The proposed
framework is validated through both simulation and real
robot experiments, successfully implementing simultaneous
localization and mapping (SLAM) within granular media. [8]
presents a granular-material-embedded autonomous proxim-
ity sensing system (GRAINS) that localizes buried objects
and outlines their distribution. In their latest work [11],
a multimodal autoencoder using visuo-tactile signals was
proposed to estimate the property of granular materials.
However, the above work solely considers the drag force
applied on the tactile sensor while overlooking the interaction
effect of granular material in shear directions. Furthermore,
all the studies have been conducted in a 2D environment
without considering depth as a parameter.

III. METHODS
A. Robotic system

The custom-made tactile sensor [14] comprises four taxels
with each configured into a 3D vector, as shown in Fig.1,
facilitating 12 measurements per time step. When subjected
to external force, the displacement of magnet within the
silicone layer results in alterations to the magnetic field
measured by the Hall effect sensor (MLX90393 magnetic
sensor) positioned beneath it. The dimensions of the sensor
are 20x23mm, affixed onto a 3D-print fingertip to facilitate
penetration. This tactile sensing fingertip is mounted on a
URS robot and transmits data at a frequency of 15Hz.

The experimental setup involves the utilization of dry
sand with grain size ranging from 1-1.5mm to construct
the granular environment. The sand is contained within a
sandbox of 348x220mm with a depth of 68mm. To simplify
the motion of buried objects during exploration by the
end effector, object is fixed throughout the entirety of the
experiments. Lego components with 16x32mm dimensions
and varying heights are fixed onto a Lego plate positioned
at the bottom of the sandbox.

B. Prediction model

At the outset of the experiment, the tactile sensor under-
goes calibration and zero-set procedures to ensure that its
measurements solely respond to external forces applied to it.
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Upon the fingertip reaching the start position within the sand,
ROS nodes responsible for recording tactile measurements
and fingertip coordinates commence operation and transmit
data to the prediction model.
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Fig. 2. Pipeline for Prediction Model Construction. The normalized tactile
feedback from training and validation datasets were processed independently
to feed into the prediction model (distance regressor is depicted in green
while direction and depth classifiers are depicted in blue). Subsequently,
the trained prediction model underwent evaluation using sliding windows
partitioned from the testing dataset.
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Fig. 3. The trajectory of the experiments is illustrated in (A), The trajectory
that tactile measurements and Cartesian coordinates of the sensor were
recorded is illustrated in red. Our experiments were designed based on three
prediction labels: (B) Shortest distance between the sensor center and the
object outline. (C) Object is localized either on the left/right of the object
or centered in front. (D) Two depths of object buried in.

Instead of training a singular model to directly predict the
3D object position, we developed three distinct Long Short-
Term Memory (LSTM) models independently. Each model
is tasked with estimating a specific parameter: distance,
direction (classifier), and depth (regressor) of the buried
object at the current time step. When utilizing tactile data
for jamming detection, tactile measurements exhibit temporal
dependencies, where the value at a certain time step depends
on the values at previous time steps. LSTMs excel at
modeling such sequential dependencies by processing the
input data sequentially through time steps while retaining
memory of past observations. Our preliminary experiments
have revealed that the initiation of detection for various
parameters does not occur simultaneously. Therefore, this
division into three models not only simplifies the complexity

of model learning but also enables a more comprehensive
evaluation of each parameter individually. When functioning
as a unified prediction model, the estimated object position
relies predominantly on the output of the distance model
when the object is distant. When the distance model predicts
that the object is in proximity, the predictions from the
direction and depth models are integrated to facilitate 3D
localization.

Distance model: A regressor that trained on all the clipped
windows of the tactile data.

Direction model: A classifier that trained on the samples
collected when the object is within the detection threshold, as
determined by the distance prediction (discussed in Section
V), accompanied by 3 direction labels.

Depth model: A classifier that trained on the samples col-
lected when the object is within the same detection threshold,
accompanied by 2 depth labels.

In Section V we introduce the raking experiments and
data collection process. Moreover, we further elucidate the
structure of the three models and corresponding training
procedures.

IV. EXPERIMENT DESIGN

As the tactile sensor approaches the buried object, detec-
tion of the object only occurs when it enters the failure zone
of the sensor. However, modeling the failure zone proves
infeasible without measuring the sand properties, posing
challenge to the labeling of collected samples (i.e. labels for
direction and depth of the buried object). Consequently, we
truncated the samples to retain only the final segment where
object detection is assured. We employed a sliding window
technique to partition the lengthy sequences into smaller
windows, which then served as input for the direction and
depth models. For the distance model, we applied the same
sliding window technique across the entire tactile sequence
to derive the inputs. The trained LSTM models, specifically
tailored for processing these shorter sequences, were then
evaluated on the testing dataset. Fig. 2 shows the pipeline of
building the prediction model.

A. Data Collection

To represent the 3D localization of an object, three pa-
rameters are essential for this study: the distance between
the buried object and the sensor, the direction of the object
towards the sensor and the buried depth of the object at the
current time step. Cubic objects of two different heights are
positioned at varying locations relative to the tactile sensor
for each trial of the moving trajectories. As illustrated in Fig.
3, every trajectory of the end effector begins from the home
position in mid-air, descends into the sand until reaching the
start position at a depth of 30mm. The end effector maintains
a consistent speed of 20mm/s along a straight-line trajectory
during raking. Once it reaches the end position, movement
halts, followed by a return to the home position. Through
preliminary experimentation, an approximate failure zone
was determined for the current setup. Subsequently, objects
in all experimental trials are positioned within this area to
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ensure jamming detection during raking while maintaining a
safe distance (over 10 mm) from the end position. From the
top view, objects are positioned at various distances away
from the end position, with a horizontal distance (along the
raking direction) ranging from 10 to 15 mm and a vertical
distance ranging from 0 to 15 mm. Tactile measurements
and Cartesian coordinates of the sensor were recorded from
the start position to the end position. At every time step
t, the output of the prediction model updates three labels
L ={L14,Loy, L3} representing the object location. The
distance label L, is calculated as the shortest distance from
the center of the sensor to the object, utilizing real-time
Cartesian coordinates of the sensor in conjunction with the
known position of the fixed object. The direction label Lo
indicates three directions relative to the sensor, with 0, 1
and 2 corresponding respectively to “on the left”, “centered
in front” and “on the right”. The depth of the buried object is
denoted by L3, where a value of 0 for “the same height as the
sensor” and a value of 1 for “half the height of the sensor”.
Raking trials were conducted with varied object locations,
yielding a total of 100 trials sampled at a rate of 15 Hz.
Of these, 60 trials were allocated to the training dataset,
while the 20 trials were designated as a validation dataset
and remaining 20 trials for a testing dataset.

B. 3D Localization Model

The acquired tactile data undergoes min-max normaliza-
tion that applied to each feature B; where i € (1,12),
resulting in normalized features B, within the range of (0,

1.
B; — Brin,i

1
- Bmin,z’ ( )

The normalized tactile data were then segmented into mul-
tiple windows. To prevent learning order-specific bias and
temporal dependencies in training, the windows were shuf-
fled before being fed into the LSTM. Each of the window
consists of 5 (time steps) x 12 (features) resulting in 60
tactile measurements for each input.

Distance model: The distance model works as a regressor
that estimate the shortest distance between the sensor center
and the object surface at each time step. Therefore, normal-
ized dataset were sliced to fit a window size of 5 and a stride
of 1 time step (i.e. 1-5 steps, 2-6 step...). The tactile features
are processed as follow:

Y= f(WouthT + bout) (2)

where W+ and b,,; are the weight matrix and bias vector of
the output layer, respectively, and f is the activation function
(i.e. linear) for regression. The final hidden state hp is used
as input to the output layer after processing all 5 time steps.
Adam optimization algorithm is utilized as the optimizer,
with mean-squared error serving as the loss function. The
LSTM model contains 2 hidden layers with 100 and 50 units
respectively and was trained for 400 epochs with a batch size
of 128.

Direction model: The direction model comprises 2 hidden
layers featuring 100 and 200 neurons and an output layer

B; =

Bmax,i

with 3 units corresponding to direction labels (i.e. “on the
left,” “centered in front,” and “on the right”). Softmax was
used as the activation function to obtain probabilities over
the output classes. Rmsprop is used as the optimizer, with
cross-entropy serving as the loss function for the 3-class
classification task, encompassing labels 0, 1, or 2. The
direction models are trained for up to 400 epochs with a
batch size of 32.

Depth model: The input of the depth model is the same as
that of the direction model. Featuring the the same structure
as the direction model and an output layer responsible for
classifying data into 2 depth labels, the model underwent
training for 200 epochs, utilizing a minibatch size of 64.

In this study, our focus lies in investigating whether in-
corporating shear forces enhances predictive accuracy when
compared to utilizing normal force alone. Additionally, we
aim to assess whether employing a symmetrical taxel array
yields better performance compared to utilizing a single
taxel. To achieve this objective, we selected four distinct
types of inputs for validation purposes: solely normal force
on a single taxel (z1), three-axis forces on a single taxel
(x1, y1 and z1), normal force on four taxels (z1, 22, z3 and
z4), and three-axis forces on four taxels (all 12 features).
Consequently, four prediction models were developed, each
corresponding to a specific type of input. It is noteworthy that
only the size of the input layer was adjusted to accommodate
the respective input data size; the training setup remained
consistent across all models.

V. RESULTS

In this section, we present the primary outcomes derived
from the comparison of various tactile inputs. In summary,
our experimental results confirm the hypothesis that dis-
tributed 3-axis tactile sensing facilitates 3D localization.
Furthermore, we observed that incorporating shear forces as
model inputs significantly improves prediction accuracy in
comparison to relying solely on normal force. Below, we
provide additional insights into these findings.

A. Evaluation of Distance Prediction

The performance of the distance prediction models was
evaluated by comparing the predicted distances with the
actual distances over the entire trajectory, as illustrated in
Fig. 4. The ground truth, indicated by the red dashed line,
serves as the reference for actual distances to the object.
Our analysis reveals that while model predictions generally
follow the ground truth trend, notable deviations occur,
particularly when the sensor is more than 45 mm away
from the object, where all models consistently overestimate
distances by approximately 60 mm. The divergence between
predicted and actual distances in this range is attributed
to the variation in the starting points of the training and
testing datasets—170 mm and 110 mm from the object,
respectively. Despite similar initial tactile data readings in
both datasets, models trained on training dataset tend to
reflect distance labels learned during training rather than
adapting to the closer actual distances encountered in testing
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Fig. 4. Distance prediction for models with four types of inputs. The actual
distance, serving as the ground truth, is represented by a red dashed line.
Models trained with 3-axis forces demonstrate decreasing prediction error
as the object’s distance falls below 45 mm (detection threshold), indicated
by the red solid line.

scenarios. This observation underscores the flexibility of
our methodology to accommodate trajectories of varying
lengths, provided the jamming process is accounted for. The
divergence in model predictions varies with trajectory length,
yet consistently, the detection threshold can be effectively
identified by pinpointing the onset of a marked reduction
in divergence. As sensors approach within 45 mm of the
object, models utilizing three-axis forces as inputs (depicted
in blue and orange in Fig. 4) produce more and more
accurate predictions as the object is closer. This observation
confirms our preliminary findings that shear forces, unlike
normal forces, are sensitive to the jamming effects caused
by proximity to the buried object. The 45 mm mark emerges
as a critical detection threshold where model accuracy signif-
icantly improves, aligning with the “failure zone” theory in
granular interaction. This threshold is consequently adopted
for truncating samples in subsequent directional and depth
prediction tasks, highlighting the importance of incorporating
multi-axis tactile data to enhance prediction reliability and
accuracy in proximity detection applications.

B. Evaluation of Direction Prediction

The evaluation results of the direction classifiers are illus-
trated in Figure 5. Macro F1 scores of all the N samples
for the i-th distance class were computed to assess model
performance across varying distances to the buried object.

N 2 - Precision; - Recall;
Precision; + Recall;

1

Macro F1 = N 4 (3)
i=1

The single normal force model maintains consistently low
performance throughout the range, with a macro F1 score
stabilizing around 0.2, showing minimal improvement even
as the object comes closer. This suggests that relying solely
on a single normal force is insufficient for accurate object
detection at various depths. In contrast, models incorporat-
ing shear forces demonstrate more variability but improved
performance as the object gets closer. The single 3-axis
model shows best at longer distances and experiences a sharp

0.74 — 4_3-axis

Macro F1 Score

100 95 90 8 80 75 70 65 60 55 50 45 40 35 30 25 20 15
Distance to Buried Object / [mm]

Fig. 5. Macro F1 scores for the direction models with 4 types of inputs.
Using 3-axis forces as the model inputs resulted in better performance
compared to the normal-only force models.

Macro F1 Score
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Fig. 6. Macro F1 scores for the depth models with 4 types of inputs. Using
tactile data from four taxels as the model inputs achieved higher prediction
accuracy.

rise in F1 score as the object approaches 25 mm, peaking
at around 0.57. The four 3-axis model follows a more
stable trajectory, steadily improving from 40 mm onward
and reaching a maximum F1 score of 0.7 at 15 mm. This
highlights the effectiveness of shear force data, especially
when used in combination with multi-axis measurements,
for enhanced detection sensitivity in closer ranges. The
model that incorporates normal forces from four taxels, while
demonstrating relatively stable performance, shows a minor
improvement compared to the 3-axis models. This suggests
that while the use of multiple taxels enhances stability, it
is less effective at detecting objects at specific directions
compared to models utilizing shear forces.

C. Evaluation of Depth Prediction

Assessed using the same metric, the prediction outcomes
of the depth models are depicted in Figure 6. Models that
incorporate both normal and shear forces from four taxels
demonstrate a clear performance advantage, achieving the
highest F1 score across nearly the entire trajectory. This
aligns with the result of direction prediction. In contrast, the
4-normal-force model exhibits a significant improvement in
performance as approaching the buried object, reaching a
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peak F1 score close to 0.9 at the shortest distance (15 mm).
This contrasts sharply with its behavior in Figure 5, where it
shows more modest performance and exhibited greater fluc-
tuation across distances. This difference highlights the dis-
tinct sensing requirements for depth versus direction, where
depth estimation benefits more from spatially distributed
normal forces, whereas direction requires a combination of
both shear and normal forces for higher accuracy.

VI. CONCLUSIONS

In this work, we achieved 3D localization of buried object
using a distributed 3-axis tactile sensor. Our learning-based
approach relies on three LSTM models, to predict the dis-
tance, direction, and depth of the buried object, respectively.
By categorizing inputs based on whether they originate from
a symmetrical tactile array and the presence of induced shear
forces, we conducted evaluations across these three scales.
Our results demonstrates that both the presence of multiple
taxels and the ability to measure shear forces are essential
factors for accurately localizing buried objects within a 3D
space. In addition, it points out the shear forces led by the
jamming effect are more crucial than the normal force in 3D
localization.

To the best of our knowledge, this represents the first
instance of showcasing 3D localization for a object buried
within granular material using tactile sensing exclusively. We
anticipate that our findings will stimulate greater interest in
tactile interaction with granular materials and its potential
applications in robotics, particularly concerning buried object
localization. In the future, we envision extending this work
by developing more robust prediction frameworks and seam-
lessly integrating them into real-world robotic applications.
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