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Abstract. Robots are usually equipped with many different sensors that
need to be integrated. While most research is focused on the integration
of vision with other senses, we successfully integrate tactile and auditory
sensor data from a complex robotic system. Herein, we train and evaluate
a neural network for the classification of the content of eight optically
identical medicine containers. To investigate the relevance of the tactile
modality in classification under realistic conditions, we apply different
noise levels to the audio data. Our results show significantly higher ro-
bustness to acoustic noise with the combined multimodal network than
with the unimodal audio based counterpart.

Keywords: Multimodal · Neural Network · Tactile · audio · Object
Analysis

1 Introduction

In a domestic environment designed by and for humans, robots have to overcome
similar challenges and conditions. Therefore, the employed sensors are often in-
spired by humanoid senses, mimicking their form and functionality. For successful
interaction and exploration, it is essential for the robot to rely on the quality
and accuracy of its perception. Nevertheless, in diverse natural scenarios, not all
senses are reliable or can be used at all, due to environmental conditions, such
as ambient light or acoustic noise. To overcome these handicaps, humans use
several senses combined. In the field of robotics, the advantages of using multi-
modal input are extensively explored. However, the majority of the work focuses
on combining visual information with other modalities (e. g., [1,2,3,4,5]). In con-
trast, our work is focused on the integration of acoustic and tactile data. In Sec.
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2 of this article, we describe existing unimodal auditory and tactile approaches
for object analysis and classification. We also describe multimodal approaches
that use vision in combination with additional sensors. However, to the best of
our knowledge, there exists no approach that systematically investigates in how
far acoustic noise can be addressed by integrating auditory and tactile informa-
tion. To address this gap, we present a novel approach that performs well in a
scenario where i) visual data is not useful, ii) the audio signal is noisy, and iii)
tactile data is available but not as accurate as the other senses. This motivates
our following research question:

To what extent can the multimodal analysis of noisy audio data and tactile in-
formation lead to a significant improvement of the classification accuracy of bulk
materials in visually indistinguishable objects?

To address this question, we perform experiments with an anthropomorphic
robotic hand. The hand is equipped with bio-inspired tactile sensors and shakes
multiple visually indistinguishable objects in front of a microphone.3 Each object
contains different pills which the robot classifies using audio and tactile infor-
mation (see Sec. 3). We preprocess the signals using Mel coefficients (see Sec. 4)
and perform classification with recurrent neural networks (see Sec.5). Our eval-
uative comparison of the multimodal network with the individual counterparts
(see Sec. 6) provides details on the performance gain when combining auditory
and tactile data. Sec. 7 concludes the results.

2 Related Work

Our multimodal approach builds on audio and tactile measurements to classify
pills in identical containers. The following approaches explore related problems.

2.1 Tactile object analysis and classification

Tactile measurements are applied in various applications, such as braille read-
ing [6] or fall detection of elderly people based on vibration measurements on
the ground [7]. We use the BioTac sensor for tactile measurements. This sensor
was initially presented by Wettels et al. [8] and has since been used for various
tasks including tumor localization [9], force estimation, and slip detection [10].

We use the sensor to measure vibrations that result from exploratory move-
ments. Fishel and Loeb [11] demonstrate that the device “exceeds human per-
formance in detecting sustained vibrations”. Xu et al. [12] elaborate on active
tactile perception by proposing six exploratory movements that cause tactile
sensations: pressure, lateral sliding, static contact, enclosure, hefting, and con-
tour following. The first three are supposed to generate sensory information with
a BioTac sensor, while the others rely on joint positions and forces of the robot.

3 To enable control over the acoustic noise, we used a high-quality external microphone
and added separately recorded noise of the robot to the signal during the evaluation.
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Specifically, lateral sliding was used to generate vibration data as one modal-
ity for object classification. Another approach that focuses explicitly on texture
classification by lateral sliding is the work by Kerzel et al. [13], who achieve more
than 99 % classification accuracy for 32 different materials.

In the field of classifying container contents based on tactile data with ma-
chine learning, the work of Chen et al.[14] is probably most related to our ap-
proach. The authors perform multiple experiments based on the vibration signa-
tures, which they acquire while shaking containers filled with various objects. In
their object classification experiments, the authors were able to classify shaken
objects into one of 12 classes with an accuracy of 93.8 ± 4 % using a Support
Vector Machine. In contrast to our approach, they used a custom shaking mech-
anism that involves a contact microphone mounted at the container. Therefore,
the resolution of the measurements is higher, and the signal is most likely less
noisy than in our work. Additionally, the object types are more diverse than the
ones classified in this work (e. g., ball bearing, acrylic piece, rubber ball).

2.2 Acoustic object analysis and classification

Durst and Krotkov [15] classify objects based on the sound resulting from an
impact between an aluminum cane and the object itself. A Fourier transform was
applied for preprocessing. The performance of a minimum-distance classifier was
compared to a decision-map classifier, which combines a minimum-distance with
a decision-tree classifier. They reached comparable results for classifying objects
into five different classes with an accuracy of 94.2 % and 93.8 %, respectively.
Luo et al. [16] also use the sound of an impact between the object and a marker
pen to classify the object. They create a dataset by knocking 120 times with
the pen on 30 different objects. Similar to our work, they feed the resulting
signal into a Deep Neural Network. Therefore, the authors use stacked denoising
autoencoders to train the network and reach a classification accuracy of 91.50 %.

Our presented audio processing is inspired by the work of Eppe et al.[17].
The authors present an approach where the content of visually indistinguishable
plastic capsules is determined by a robot that analyzes an audio signal resulting
from shaking the capsules. The material type is classified and the weight esti-
mated using the resulting audio samples. More diverse object classes are used
in their work, while our approach distinguishes a range of pill types. In their
case, the shaking movement is faster, so that the produced sound is generated
from the material hitting the capsule walls. In contrast, because of hardware
constraints, we slowly rotate the container, which produces sliding and rattling
sounds when the pills slowly slide down the container wall.

Liang et al. [18] use audio signals to analyze robotic pouring and estimate
the liquid height in several containers. In this scenario, it is hard to estimate the
height with visual sensors because of the transparency of liquids.
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2.3 Multimodal object analysis and classification

The multimodal object categorization approach proposed by Nakamura et al. [1]
investigates unsupervised learning of object categories using visual, audio, and
tactile measurements fed into an adaption of probabilistic Latent Semantic Anal-
ysis (pLSA). Though the authors consider unsupervised categorization, whereas
our work concerns supervised object classification, their findings are very rele-
vant to ours, as they demonstrate that combining audio and tactile data leads
to improved categorization results.

Sinapov et al. [19] present another example of object categorization based
on multimodal perception. The authors categorize 36 unique containers (three
container colors, four content types, and three content weights) with a robot by
learning their features while performing ten exploratory movements. In addition
to the categorization of objects into groups, their approach is able to learn re-
lations of object pairs and groups. Parts of their results show that shake and
rattle movements are well suited for content and weight detection via audio and
proprioception measurements.

Pieropan et al. [2] propose a “method for audio-visual recognition of human
manipulation actions”. In their work, the authors classify human manipulation
actions (e. g., opening a milk bottle or pouring cereal) based on visual and au-
dio data. For the classification, audio features, orientations, and positions of
manipulated objects are fed into a Hidden Markov Model (HMM). Similar to
our work, the audio features are extracted by a Mel Frequency Cepstral Coeffi-
cients (MFCC) analysis of the raw signal. The authors are able to classify the
actions with an average accuracy of 73 % over seven classes (including the class
no action).

3 Experiment Setup

In the experimental setup, a PR2 robot [20] shakes eight 3D printed medicine
containers that are visually indistinguishable. Container contents that the robot
is supposed to classify are listed in Tab. 1. The robot holds a container with

Table 1. Pill classes included in the data set and used in the experiment

Magnesium Calcium B-Complex Big Mints Chew Small Mints Vitamin B Candy

Weight per pill 1.27g 2.2g 0.31g 1.2g 1.13g 0.5g 0.55g 0.6g

S
a
m

p
le

co
u

n
t One pill 166 99 104 110 118 137 126 137

Small amount 228 405 222 212 299 218 260 391

Half full 239 407 232 413 251 293 290 336

Full 237 184 242 215 243 296 304 174

Overall 820 1095 800 950 911 944 980 1008
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(a) (b)

Fig. 1. Overview of the experiment setup. (a) The Shadow Dexterous Hand holds
a medicine container filled with pills to classify with three fingers. BioTac sensors are
mounted at each fingertip of the hand. An external microphone is placed in front of the
hand to record the resulting noise. (b) Depiction of the applied shake motion. Each
container was rotated up- and downwards again along the red line with a rotation
velocity of 0.8 and 1 radian per second.

a tripod grasp, using three tactile-sensitive fingertips. The content is classified
based on auditory and tactile measurements acquired while shaking the container
in front of a microphone (see Fig. 1a).

3.1 Sensors

For the experiment, the PR2 robot is equipped with a five-finger 19 degrees of
freedom Shadow Dexterous Hand [21] (see Fig. 1a). Each of the five fingers is
fitted with a tactile BioTac sensor [22] at the last phalanx. The sensor mimics
the human fingertip and its sensory modalities, as depicted in the cross-section
of the sensor in Fig. 2.

Fig. 2. A cross-section of the BioTac sensor
used for the acquisition of vibration mea-
surements. The pressure sensor used in this
work is marked in blue. [11]

The bone-like rigid core is surrounded
by a flexible silicone hull filled with
a conductive liquid. With its vari-
ous embedded sensors, it is capable
of measuring multiple modalities, like
pressure, temperature, and the defor-
mation of the silicon hull. A hydroa-
coustic pressure sensor at the end of a
small tube inside the rigid core of the
BioTac measures the pressure of the
liquid, which changes during contacts.
To gather the absolute fluid pressure
(DC), the transducer output is ampli-
fied with a gain of 10 and low-pass
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filtered with 1040 Hz. Afterward, the signal is band-pass filtered between 10 and
1040 Hz with a gain of 99.1 and produces the dynamic fluid pressure (AC) value,
also referred to as vibrations. 19 electrodes, distributed over the rigid core, mea-
sure changes in impedance due to the dispersion of the conductive liquid. Based
on this information, the deformation of the hull can be inferred. The resulting
spacial tactile information is not useful for the classification of the bottle’s in-
gredients as the containers are physically similar. The liquid inside the BioTac
is indistinguishable from water regarding the vibration properties [11]. For the
classification evaluated in this work, we consider only the AC value because
neither the temperature nor the hull deformation provides any meaningful in-
formation to classify the pills. Since no direct contact with the pills is made,
we also do not consider thermal conductivity, as proposed by Xu et al. [12]. In
addition to the tactile information, an audio signal is used for the classification.
As shown in Fig.1a, a microphone is pointing to the sound source of the rattling
pills. We record a single 44.1 kHz acoustic signal, which is later downsampled,
as described in Sec. 4.

3.2 Pill Container

In our considered scenario, the robot can only rely on its tactile and audio percep-
tion because the containers are visually equal. To ensure the same preconditions
for each type, the containers were 3D printed in a typical medicine container
optic, with an FDM printer and PLA plastic. We chose the size of the can in
a way that it is easy to grasp for the robot, with an inner height of 80 mm, a
radius of 20 mm, and a wall thickness of 2.5 mm.

3.3 Dataset Recording

We recorded the dataset in a robot laboratory with ordinary environmental
noise (e. g., computers running, nearby airport). The robot’s fans, motors, and
gears produce most of the noise. To achieve comparable auditory and tactile
data, the robot arm is straightened out, pointing forward to the microphone and
rotates around the rotatory joint between elbow and forearm. Before the shaking
movement, an experimenter hands over the medicine container and firmly places
it inside a tripod grasp with the thumb, the fore- and the middle finger. Only
the tactile fingertips touch the object to reduce vibration noise produced by the
robot in the tactile readings. In each iteration, the force applied to the object,
as well as the finger poses, remain constant to produce homogeneous data. The
actual shaking motion is shown in Fig.1b. One shake is either a lifting or lowering
180 degree rotation around the middle axis of the forearm. Each of the 8 pill
classes is recorded with 2 different velocities (0.8 and 1.0 radian per second) and
4 different amounts of pills, with 12 shaking motions a time. This results in an
overall number of 768 shaking movements in the dataset. Each sample includes
information about the pill class, the number of pills, the number of shaking
movements, and the angular velocity. Besides the audio and tactile data, the
joint position of the forearm is recorded.
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Fig. 3. Exemplary data stream from 10 Big Mint pills shaken at an angular velocity
of 0.8 radian per second. The tactile and audio signals and the applied rotation of
two shaking processes are shown. Parts of the stream which are used for training and
testing are marked in green. Areas marked in red are excluded from the data set
based on the rotation of the hand, while those marked in yellow are removed because
the audio signal did not surpass a threshold defining a minimum signal strength.

4 Data Preprocessing

To maximize the amount of relevant information in the data, we extract the
samples with features of particular interest. That is, we cut samples from the
auditory and tactile data stream based on the rotation angle and the maximal
audio signal amplitude, as described in Sec. 4.1 and Fig. 3.

The preprocessing of the selected samples involves Mel Frequency Cepstral
Coefficents (MFCC) [23], a common method to preprocess human speech and
other auditory data. MFCC have been successfully applied among others in the
field of music synthesis [24] and acoustic classification [17,25]. Since tactile data
can also be decomposed into different frequencies, we apply MFCC to both
tactile and audio data (see Sec. 4.2 and Sec. 4.3). Preliminary experiments have
demonstrated that applying MFCC to tactile information provide a significant
performance gain.

4.1 Sample Selection

The realistic experiment setup leads to much noise and unusable samples in the
dataset, due to ego noises of the robot, in particular, the fans and the motors.
Fig.3 depicts the raw data stream of two shaking motions, starting with a lifting
movement that ends after 4.5 seconds, followed by a returning motion (see Fig.
1b). To select those samples of the signal that contain useful information about
the container contents, we apply two filter stages consecutively. The first filter
stage (marked red in Fig. 3) removes the samples close to the direction change
outside the joint position range of −1 to 1.5 radians. Due to the jerk (see Ro-
tation in Fig. 3), especially the tactile signal is very noisy in that region and
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consequently useless for classification. The second filter stage (marked yellow in
the diagram) considers that the pills inside the container do not produce sounds
and vibrations throughout the whole shaking process, which results in many
samples without significant features. These silent samples are removed from the
dataset by considering the maximal amplitude of sound signal frames with a size
of 0.2 seconds. Samples below a threshold are filtered out as they merely contain
noise. We assume that all other samples contain useful information about sound
and vibration, the pills inside the containers produce (highlighted with green).

4.2 Auditory Data

The MFCC feature extraction process can be split into multiple stages. After a
Fourier transformation is applied to sequences of the audio signal, the resulting
power spectrum is mapped onto the Mel scale. First, logarithm activation is
applied to the frequency energies, and second, a discrete cosine transformation
is used, which results in a spectrum of the amplitudes, the MFCC.

Multiple parameters are important for the calculation of MFCC. In our ex-
periments, we considered the following: window size, step size, and amount of
Mel coefficients. All of these parameters were determined with Tree-Parzen-based
hyperparameter optimization [26], using a hyperparameter space similar to that
of Eppe et al. [17]. We achieved the best results with a window size of 0.03, a
step size of 0.02, and 21 Mel coefficients.

4.3 Tactile Data

The tactile data for each finger was recorded at a rate of 1000 Hz. Due to the
high frequency, it is possible to use methods from audio processing for the tac-
tile signal. Similar to the auditory data, we applied MFCC to the normalized
tactile signal, further explained in the previous paragraph. Experiments showed
improvements using the MFCC over feeding the raw tactile signals directly into
the neural network. Since the sample rate of the tactile sensor is significantly
lower compared to a microphone, the range of the analyzed frequency spectrum
has to be adapted accordingly. Again, the same parameters as for the audio data,
as well as the frequency range, were tested with hyperparameter optimization.
We achieved the best results with a window size of 0.04, a step size of 0.04, 9
Mel coefficients, and a frequency range from 4 Hz to 440 Hz.

5 Neural Network Architecture

The architecture of the neural networks is based on the system proposed by Eppe
et al. [17], but extended with the tactile modality. To this end, we define two
separate neural networks, one for the classification of tactile measurements and
another one for auditory data. While the general architecture of both networks is
similar (see Fig.4 a), they differ mainly in the MFCC parameters, as mentioned
before, and parameters of the specific layers.
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Signal MFCC LSTM LSTM Fully Connected

(a)

Tactile
Signal

MFCC LSTM LSTM
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Fig. 4. Schematic view of the (a) unimodal and multimodal (b) neural network ar-
chitectures used in this work.

We feed features extracted by the MFCC into two consecutive Long Short-
Term Memory (LSTM) layers [27] which use a RELU activation function. The
last hidden LSTM state of each data sequence is piped into a fully connected
layer with dropout. Then, to perform the classification, we apply a softmax acti-
vation. Through hyperparameter optimization [26], the parameters of the layers
were optimized for each modality separately. For the audio-based classifier, we
achieved the best results with 400 units in the first LSTM, 90 units in the second
one, and a dropout rate of 0.34. In the tactile version, 180 and 90 units worked
best in the first and second LSTM, respectively. A dropout of 0.7 leads to the
highest classification accuracy. The usage of Gated Recurrent Units (GRU) [28]
instead of LSTMs was evaluated but did not impact the classification accuracy
of the architectures.

To use multimodal input in the classifier, the developed architecture had to be
adapted for two input sequences with differing sample rates and signal frequency
range. Therefore, the multimodal version of the architecture concatenates the
unimodal networks by feeding the results of the recurrent layers into one fully
connected layer with eight neurons (see Fig. 4 b). Due to sampling rates and
MFCC parameters, the sequence sizes differ. The fully connected layer for the
multimodal case is configured similarly to the one in the unimodal architecture.
We trained the resulting architecture with an Adam optimizer [29] at a learning
rate of lr = 0.001 and the default momentum parameters provided by the Keras
deep learning framework, i. e., β1 = 0.9, β2 = 0.99. In preliminary tests, we also
considered variations of our architecture, in particular, the application of adding
a second dense layer for both modalities combined as well as one additional
dense layer for each. However, we have not observed any significant effect on the
classification results.

6 Results

For the training and evaluation of our system, we split the dataset into 80 %
training and 20 % testing samples. An overview of the classification results is
provided in Tab. 2. The best classification accuracy on the testing split of the
dataset was 56.06 % for tactile only data, 89.1 % on audio only data, and 91.23 %
with multimodal input. To have optimal control over the amount of noise, the
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Fig. 5. Comparison of the classification accuracy of both unimodal and the multimodal
approaches with increasing noise ratio in the audio signal. trained and tested ten times.
The mean of the results of each step consisting of ten train and test iterations is drawn
as a solid line as well as the 25- and 75-percentiles are indicated translucently.

microphone was placed at a position which allowed to record the audio signal as
clearly as possible (see Fig.1a). In practical applications, where the microphone
is mounted directly to the robot, more noise is to be expected. To explore the
effect of ego-noise under controllable conditions, multiple training and test runs
were conducted in which the prerecorded noise of the robot was added to the
original audio signal. The classification accuracy of the developed networks was
evaluated with regard to the noise ratio by training and testing individual audio
and multimodal networks in 21 different noise conditions with a noise ratio
between 0 and 1. Noise in the audio signal does not affect the results of the
network designed for the tactile input signal. Therefore, only one evaluation
step was carried out with the tactile architecture. In each evaluation step, ten
iterations of training and testing were conducted. Fig.5 shows the results of the
study as a plot of the mean accuracy of each network, as well as a depiction of
the 25- and 75-percentiles.

For a noise ratio of 0.3, the confusion matrices for the three models are given
in Tab. 2. The matrices link the actual pill type (rows) and the classified ones
(columns), with the corresponding success rate. In Tab. 2 a the performance of
the unimodal audio network is visualized, the accuracy of this sample is 58.75 %.
The overall classification accuracy of the given median tactile model is 51.25 %
(see Tab.2 b). While segment (a) shows distributed weaknesses in the detection
independently of the pill type, matrix (b) indicates a clear accumulation of detec-
tion insecurities. In contrast, the multimodal-based network shows a significantly
better accuracy of 71.63 % compared to the unimodal counterparts (see Tab.2 c).
None of the confusion matrices indicate a strong within-pair confusion, meaning
that none of the models performed particularly badly in distinguishing one class
from another.
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Table 2. Confusion matrices for all three models at a noise ratio of 0.3
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(a) Audio only ∅ 58.75 % (b) Tactile only ∅ 51.25 % (c) Multimodal ∅ 71.63 %

Magnesium 0.42 0.21 0.02 0.19 0.03 0.01 0.05 0.07 0.49 0.07 0.13 0.09 0.05 0.14 0.0 0.01 0.7 0.08 0.09 0.07 0.04 0.0 0.01 0.02

Calcium 0.1 0.68 0.0 0.06 0.0 0.01 0.03 0.12 0.12 0.46 0.02 0.15 0.1 0.06 0.01 0.09 0.15 0.72 0.01 0.02 0.0 0.0 0.01 0.09

B-Complex 0.07 0.02 0.61 0.01 0.0 0.18 0.09 0.01 0.03 0.0 0.66 0.03 0.03 0.24 0.02 0.0 0.08 0.01 0.62 0.05 0.03 0.12 0.09 0.0

Big Mints 0.11 0.05 0.1 0.5 0.05 0.03 0.05 0.11 0.02 0.05 0.03 0.44 0.08 0.23 0.09 0.08 0.05 0.06 0.04 0.56 0.12 0.05 0.09 0.04

Chew 0.14 0.05 0.0 0.14 0.51 0.0 0.06 0.09 0.08 0.11 0.04 0.12 0.35 0.18 0.07 0.05 0.07 0.03 0.02 0.1 0.68 0.02 0.02 0.07

Small Mints 0.01 0.02 0.07 0.02 0.01 0.83 0.02 0.03 0.05 0.02 0.12 0.07 0.06 0.63 0.03 0.02 0.0 0.01 0.02 0.01 0.01 0.92 0.03 0.01

Vitamin B 0.08 0.09 0.05 0.06 0.0 0.07 0.47 0.18 0.0 0.0 0.05 0.05 0.05 0.19 0.63 0.01 0.0 0.0 0.04 0.08 0.06 0.01 0.74 0.08

Candy 0.06 0.11 0.02 0.05 0.02 0.03 0.04 0.68 0.02 0.04 0.02 0.19 0.17 0.11 0.01 0.44 0.0 0.03 0.0 0.04 0.03 0.02 0.09 0.79

7 Conclusion

We successfully combined the tactile information with noisy audio data to im-
prove the accuracy compared to approaches regarding the individual signals. The
effect of combining different modalities in a single network is distinctly visible
in Tab.2. The classification errors of the unimodal approaches could be reduced
significantly by fusing the single modalities. While the advantage of multimodal
classification over unimodal audio-based classification is insignificant without
noise in the signal, even so, it could be an improvement for noisy environments.
By considering tactile information, our work extends the approach by Eppe et
al. [17] who classify materials in optically identical capsules just by considering
audio data. Specifically, we show that taking tactile signals into account improves
the robustness of neural network-based classification, even if the accuracy result-
ing from only the tactile modality is significantly lower than the accuracy of the
audio network without noise. The neural network architecture used in this work
was deliberately chosen to be simple as the main goal was to highlight the effect
of multi sensor fusion of the audio and tactile modalities.

The overall classification accuracy of our approach without acoustic noise is
slightly lower than the results provided by Eppe et al. [17] and Chen et al. [14].
However, the focus of our work was to show to what extend tactile data can
improve the auditory classification performance under noisy conditions, and not
to obtain a good absolute performance value. Furthermore, both approaches
collected more data than we do and used more diverse materials.

Currently, the amount of pills in the container is not considered by the pro-
posed approach. Potential future work involves the extension of our neural archi-
tecture to also estimate the filling state of the medicine containers. Furthermore,
we will consider interactive sensing in the future. Specifically, we would like to
investigate how we can actively modulate the shaking motion on-line during the
classification process to further optimize the classification. A potential method
to realize this is reinforcement learning [30,31].
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