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Abstract—1In this study, in order to address the robotic
auditory perception problem, we propose a novel framework
for object material recognition of common containers, which
combines deep learning with active auditory perception to
achieve breakthrough results. We developed a modular robotic
system for acoustic data acquisition that employs a hybrid
mechanism of vertical translation and horizontal rotation that
is capable of performing full-scale tapping in three dimensions.
The system is capable of creating an acoustic dataset consisting
of 50 containers made of five materials, which improves the data
acquisition efficiency by 93.9% compared to manual operations.
In addition, we propose an end-to-end transfer learning model,
TBAP, which is trained on a crawler-generated pre-training
dataset and 50 real scene samples, and achieves a recognition
accuracy of 91.0% for unseen materials. To improve reliability,
we design a dynamic confidence assessment mechanism that
generates confidence indices through probability distribution
analysis and feature stability assessment to support robust
robot decision-making. Experimental results show that the
framework greatly improves data acquisition efficiency while
maintaining high recognition accuracy, providing a valuable
tool for advancing acoustic perception research.

I. INTRODUCTION
II. INTRODUCTION

The advancement of auditory perception technology en-
ables deep interaction between intelligent agents and phys-
ical environments in embodied robotic perception research
[1]. Unlike conventional visual perception, which struggles
with environmental adaptability and interference [2], active
auditory perception offers advantages such as non-contact
measurement, visual interference resistance, and real-time re-
sponsiveness, making it ideal for object property recognition
in complex scenarios [3]. Among various acoustic sensing
techniques, impact acoustic analysis [4] stands out for its
operational efficiency and cost-effectiveness, particularly in
applications like industrial quality inspection and service
robotics [5].

The design of acoustic data acquisition systems signifi-
cantly affects recognition performance. Current systems pri-
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Fig. 1. Schematic diagrams of audio and frequency spectra of different
materials.

marily employ passive methods or robotic arm-based active
systems [6], which are inefficient and lack scalability for
large-scale datasets [7]. Additionally, existing datasets have
limited material category coverage [8], restricting practical
applications of recognition models. Containers, widely ap-
plicable and structurally suitable for auditory perception,
provide an excellent sample type due to their ability to
generate sound waves with simple contact.

To address these challenges, this paper introduces a novel
data sampling system and recognition framework. The main
contributions include:

« A motion structure combining a linear motor and rotat-
ing chassis for high-resolution data collection. A sliding
mechanism with an electromagnet enhances object sur-
face impact efficiency, improving manual data collection
by up to 93.9%.

¢ An end-to-end material recognition algorithm utilizing
a pretraining-finetuning transfer learning approach. An
ASMR dataset and a curated dataset of 50 real-world
objects support model training and evaluation, with a
confidence index quantifying prediction reliability.

o Comprehensive experiments validate the system’s ad-
vantages in sampling rate and recognition accuracy, with
extensibility to industrial and household applications.

This paper has supplementary downloadable material Th . d foll . Secti ) .
at:https://github.com/QuQuBSM/TBAP-Tapping-Based-Auditory- ¢ paper 1s structured as tfollows: section TEVIEWS
Perception- related work, Section 3 introduces the data acquisition sys-
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tem, Section 4 details the TBAP model and confidence loss
function, Section 5 presents experimental results, and Section
6 concludes with key findings and discussions.

III. RELATED WORKS

In recent years, deep learning methods [9] have emerged as
revolutionary tools for acoustic feature extraction [10], with
their core advantage lying in the ability to automatically learn
acoustic patterns in a data-driven manner. By constructing
end-to-end neural network models, an intelligent mapping
can be achieved from raw acoustic signals to material classi-
fication, enabling key tasks such as impact localization [11],
acoustic feature extraction [12], and material discrimination
[13]. Existing studies indicate that convolutional neural net-
work (CNN)-based acoustic classification models [14] have
achieved recognition accuracies exceeding 80% in laboratory
settings. This paper will next provide a brief review of related
work in the areas of material classification and auditory
perception.

A. Machine Learning for Material Classification

Object material recognition plays a crucial role in robotic
embodied perception and holds great promise for its future
development.For example, Li et al. [15] proposed a hybrid
tactile sensor that combines triboelectricity and electromag-
netic induction. It can identify different objects with high pre-
cision and enhances the object recognition ability of robots
in complex environments. Zhu et al. [16] designed a soft
modular glove based on the multifunctionality of materials,
which features multi-modal perception and enhanced tactile
feedback. It achieves two-way multi-modal communication
through a simple design.

Embodied Perception

Acoustic Perception

Visual Perception

Acoustic Perception

Semantic Perception

Q

Direction Perception

Auditory Perception

Tactile Perception

Others

Fig. 2. Categorization of sound perception in embodied perception.

B. Auditory Perception

Experiments have shown that sound possesses inherent
intuitiveness and accuracy [17]. Hearing is one of the most
important information modalities for humans, enabling tasks
such as localization [18], [19], communication [20], and
even movement [21]. Inspired by this, deep neural networks

for sound perception were used to solve problems including
natural sound recognition [22], service robot [23] and flexible
sensors [24]. Thus, deep learning has strong potential in the
field of auditory perception.

In summary, there are two major challenges : First, audi-
tory features are highly susceptible to environmental noise,
leading to a significant decline in the generalization perfor-
mance of the models [25]. Thus, it is crucial to stably and
efficiently acquire high-quality datasets. Second, traditional
machine learning architectures struggle to provide reliable
discrimination, limiting their ability to distinguish complex
materials. This necessitates the design of unique end-to-end
methods to address this issue [26].

IV. AUDIO DATA ACQUISITION SYSTEM

To accomplish the task of object material recognition
based on deep learning and auditory active perception, an
automated data collection system must meet the following
key requirements: high precision, efficiency and speed, user-
friendliness, and multi-dimensional capabilities. To address
these challenges, this work introduces a unique data col-
lection framework designed to enable the rapid acquisition
of impact audio data from common containers in everyday
scenarios. The proposed system is capable of quickly and
reliably collecting audio data generated by different objects
under tapping actions, ensuring both the diversity and con-
sistency of the collected data. This system provides sufficient
and high-quality training data for deep learning models,
while simultaneously improving data collection efficiency
and reducing labor costs.

A. Hardware Design

The system adopts a composite motion architecture char-
acterized by “vertical translation and horizontal rotation.” A
high-precision linear motor drives the solenoid valve striking
mechanism along the Z-axis, while a 360° rotating turntable,
controlled by a servo motor at the base, facilitates com-
prehensive three-dimensional spatial coverage. The system
integrates acoustic sensors, motion control modules, and data
synchronization units, enabling automated path planning for
striking operations in scenarios with complex geometries and
occlusions.

As is shown in Fig.3, for the linear motor, we employed
the DKC-Y110 motor from KHMOS, which features a
significant advantage: The motor can be precisely controlled
through digital control. Regarding solenoid valve selection,
we opted for the commonly used KK-0520B solenoid valve,
which operates at a rated voltage of 24V. This choice ensures
compatibility with the linear motor, simplifying power de-
livery. Additionally, the solenoid valve control is automated
to toggle between high and low levels using an ESP32
development board, which greatly facilitates the realization
of an intelligent data acquisition system.This allows for
multi-angle, locatable sound field signal acquisition. The lin-
ear motor is dynamically coordinated with a programmable
stepper motor to precisely control speed and travel range,
while the audio acquisition system maintains spatiotemporal
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data consistency by synchronizing the striking mechanism’s
timing with the audio sampling process.

i H— Linear motor
| L
f

Testing objective

Tapping device

Automatic
rotating motor

Fig. 3. In our design, the linear motor primarily facilitates the automated
vertical movement of the solenoid valve, while the rotating disk at the base
ensures that all sides of the object have an equal opportunity to be impacted.

B. Design of Tapping Device

The design of the striking device is a critical component
for interacting with target objects, and its performance di-
rectly affects the validity of the collected audio data. We
first need to demonstrate the effectiveness of this device. The
device is primarily driven by a solenoid valve controlled by a
linear motor. Its structure consists of an electromagnet with
a metal striking head attached to the front. On one hand,
it strives to ensure that the material and dimensions closely
resemble those of a robot’s finger. On the other hand, when
the metal striking head collides with containers of various
qualities, the resulting sound is relatively clear, which aids
in determining the characteristics of the object. The motor
is positioned at an appropriate striking distance (typically 3
to 5 cm) to ensure that the sounds generated by striking the
object can be clearly collected, while avoiding interference
from mechanical vibrations triggered by being too close.

The effectiveness of the proposed method can be demon-
strated by the following evidence. Each impact ¢ is con-
structed as a smooth Gaussian approximation of a Hertzian
half-sine impulse, where the Gaussian profile preserves the
essential characteristics of elastic impact dynamics while en-
suring differentiability. The approximation is parameterized
by impact time ¢; and time constant 7;, where 7; physically
corresponds to the characteristic duration of the Hertzian
contact.

6 i\ 2
Ci(t;ti, 7)) = exp <—T_2 (t —ti- TE) ) )

The coefficient 6 ensures the Gaussian’s full width at
half maximum (FWHM) matches the half-sine duration 7;,
maintaining energy equivalence with the classical impact
model. This parameterization allows the Gaussian to capture
both the temporal localization (¢;) and impact intensity (1/7;)
observed in physical impacts.

Multiple impacts with different parameters are scaled by
individual magnitudes in vector m and summed to compose
a force profile F.

F(t;m,t,7) = mTC(t;t,T) 2)

By observing the tapping point, it is evident that the elec-
tromagnet used for striking exhibits excellent output force
stability across numerous repeated experiments, owing to its
constant power supply. This stability significantly ensures
the quality of the collected data and enhances the reliability
of the sampled data. Furthermore, the electromagnet can be
mounted on various mechanical structures, highlighting the
versatility and potential of our approach for a wide range of
application scenarios.

V. TAPPING-BASED AUDITORY PERCEPTION
MODEL FRAMEWORK

For deep learning (DL) models, achieving efficient and fast
classification is undoubtedly crucial. However, many existing
works face two major challenges: insufficient data [27] and
high cost of reliable estimation [7].

Specifically, collecting highly reliable and reconstructable
acoustic information corresponding to tapping materials and
timing is undoubtedly time-consuming and costly [28].
Moreover, the domain gap between high-quality tapping
audio data and the data generated from tapping in real-world
robotic interaction scenarios can lead to prediction instability.
In severe cases, this may result in significant performance
degradation or even errors.

To address these issues, we propose a novel framework
that comprehensively considers real-world factors and deep
learning methodologies. At the same time, we introduce a
Confidence Index, a quantitative metric designed to evaluate
the reliability of deep learning model predictions in object
material recognition tasks.

A. Data Preprocessing

CNN-based approaches are prevalent in acoustic tasks,
and our work builds on an improved CNN framework for
inferring material properties. This end-to-end framework
includes data preprocessing, model pre-training, parameter
shifting, fine-tuning, and resultant output, relying exclusively
on multi-layer CNNs for prediction. In addition, we employ
a pre-training approach to address the limitations of the
dataset, which enhances the generalization ability of the
model.

For all data, we performed preprocessing. Our prepro-
cessing tools mainly include two methods, STFT as well as
MFCC. The raw audio waveforms were converted to spec-
trograms using the Short Time Fourier Transform (STFT) to
achieve compatibility with CNN. For the vibration data, we
extracted features using Mel Frequency Cepstral Coefficients
(MFCC), a method that captures frequencies associated with
material properties. Through this part of the work we achieve
an improvement in the model perception capability.

B. Pre-Training Method

To overcome the limitations of dataset size and the diver-
sity of tapping interaction sounds in real-world scenarios, we
autonomously acquired an ASMR dataset via web crawling.
Autonomous Sensory Meridian Response (ASMR) refers to
a pleasurable tingling sensation triggered by sensory stimuli,
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Fig. 4. Framework of TBAP Model: We employed a similar network architecture during the pre-training phase; however, only a subset of the parameters

was transferred to the subsequent model.

TABLE I
PARAMETERS USED FOR PRE-TRAINED MODULE AND
FINE-TUNING MODULE

Period Parameter Value
Sample Size 62769
Learning Rate 0.0001
Pre-trained Training Epoch 100000

Batch Size 26

Weight Decay 0.0001

Sample Size 3050
Fine-tunin Learning Rate 0.00001
¢ Training Epoch 100000

Batch Size 26
Weight Decay 0.00001

such as auditory and tactile inputs, and this study focused on
auditory interactions with materials like wood, plastic, glass,
metal, and ceramics.

The dataset was manually screened to ensure consistency
with real-world sampling conditions. After preprocessing,
6.16 GB of audio data was segmented into 62,769 labeled
samples, enhancing model generalization due to its real-
world origin. Pre-training utilized a mean square error (MSE)
loss function to minimize the variance of cosine similarity
predictions, with the Adam optimizer ensuring efficient con-
vergence and stable learning.

Most model parameters were retained post pre-training,
transferring essential feature representations to improve gen-
eralization and reduce overfitting during fine-tuning. Hy-
perparameters were carefully adjusted to address domain
differences between pre-training and task-specific datasets,
achieving a balance between robustness and sensitivity for
optimal downstream performance.

C. Confidence Index Design

The confidence index (conf) is a quantitative indicator used
to measure the reliability of the prediction results of deep
learning models in object material recognition. In embod-
ied intelligence systems, robots execute corresponding tasks
based on the prediction results of the models. For example,
in smart home scenarios, they classify and sort items, and in
industrial production, they sort the materials of components.
To ensure practical applicability, the confidence index is
explicitly constrained within the range [0, 1], aligning with
its role as a probability-like measure. The accuracy and
interpretability of the predictions are of crucial importance.

The design of this loss function innovatively integrates the
confidence index (conf) with classification predictions, form-
ing a dual-path optimization mechanism. The core formula
of the total loss is:

1 .
Lo = o n Z ((COl‘lf Y= 9)2) + Lisamples,

where the predicted probability § € (0,1) is produced by
the model through the Sigmoid function, and the confidence
index conf € [0,1] is constructed as a learnable parameter
dynamically associated with each sample. The derivation of
this formulation stems from the need to disentangle predic-
tion reliability (via conf) from the raw classification output
(7)), thereby enabling a more interpretable and adaptive loss
function design.

The novelty of this design lies in the following aspects:

(1) The product term conf - ¢ introduces a confidence cal-
ibration mechanism. When the model prediction is accurate,
minimizing the mean squared error term forces conf towards
y/y. Since the Sigmoid output § represents the model’s
estimated probability of the positive class, this mechanism
drives conf to approach 1 for correct predictions (g > 0.5
and y = 1, or y < 0.5 and y = 0), while suppressing conf for
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incorrect predictions. This dynamic ensures that conf reflects
the model’s confidence in its predictions.

(2) The separation of the confidence pathway from the
sample pathway enables a dual-feedback loop, regulated
by the « coefficient. This dual-pathway design reduces
the pressure of loss gradients for incorrect predictions by
allowing lower conf values. Additionally, it enhances the
model’s self-assessment capability, as conf evolves into a
meaningful, interpretable dynamic indicator rather than a
static artifact. The primary purpose of this dual-path loss
design is to improve both the model’s prediction accuracy
and its ability to quantify uncertainty, leading to more robust
and reliable decision-making in real-world applications.

VI. EXPERIMENTS

In this section, we present comprehensive experiments
to evaluate the feasibility and superiority of our proposed
system. The section begins with a detailed description of
the experimental setup and parameter configurations. Subse-
quently, we discuss studies on the loss function, feasibility
evaluation, and comparisons with state-of-the-art (SOTA)
methods, all aimed at validating the effectiveness of our
approach.

Fig. 5. Real objects used in our dataset. Objects contain the following
materials: wood, ceramics, glass, plastic, steel.

A. Implementation Details and Evaluation Metrics

First, the test samples used in this study are introduced.
For sample selection, 50 commonly encountered containers
of varying sizes and shapes were chosen, making this dataset
the largest of its kind in terms of similar datasets and
reflecting the focus of this work on everyday scenarios.
The samples include cups, bowls, and various challenging
containers, with each object differing in size. These 50 con-
tainers cover five material categories: metal, wood, ceramic,
plastic, and glass. The selection of these five categories was
informed by previous studies such as Sonicsense [14] and
other related works in this field.The other parameters of
the data acquisition system are detailed in Table II. A key
feature of this method is its low demand for computational
resources. The model is implemented using PyTorch on

TABLE I
PARAMETERS USED FOR AUDIO DATA ACQUISITION SYSTEM

Attribute Parameter Value
Frequency 44100Hz
Sound Channel Mono

Data Acquisition System  Tapping Gap 0.2s
Horizontal rotation speed %Ht
Vertical motion speed 6°/s

a 12th-generation Intel Core i5-12500 server with a base
clock speed of 3 GHz. Experiments are conducted on a
dataset comprising both pretraining data and data collected
using the proposed hardware system. Each dataset instance
lasts for 1 minute with a sampling frequency of 5 Hz,
corresponding to 5 taps per second. Temporal information is
associated with the spatial distribution along the longitudinal
axis of the container. Preprocessed graphical images are
stored in a dataset labeled as Pre-Train and are split into
training, validation, and test sets in a ratio of 8:1:1. The
network architecture is designed in an end-to-end manner
and optimized using the Adam optimizer. To quantitatively
evaluate the reconstruction performance, several standard
evaluation metrics are employed, including Peak Signal-to-
Noise Ratio (PSNR), accuracy, and F1 score.

B. Performance Analysis

To demonstrate the effectiveness of training, the model
was continuously evaluated on the validation set every 1,000
time steps during training.

(a) T (b)

Fig. 6.
PSNR.

Results of our model training.(a) Loss (b) Fl-score (c) Acc (d)

As shown in Fig. 6, both training loss (Train Loss) and
evaluation loss (Eval Loss) decrease and converge, with
no significant overfitting observed. Training accuracy (Train
Accuracy) and evaluation accuracy (Eval Accuracy) stabilize
at high levels, indicating reliable performance on validation
data. The evaluation F1-Score (Eval F1-Score) improves
rapidly and stabilizes around 0.9, demonstrating excellent
predictive accuracy and balance. While PSNR shows slight
fluctuations in later stages, both classification and reconstruc-
tion performance have reached high levels.

The curves indicate that the training accuracy increased
rapidly during the initial phase and gradually converged to a
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high, stable value. This suggests that as training progresses,
the model becomes increasingly robust to noise interference,
fully demonstrating the effectiveness of the training process,
specifically its ability to perceive audio in complex environ-
ments.

C. Comparison with SOTA

For better illustration, a practical comparison was made
using SOTA methods including Sonicsense [14] and Re-
alimpact [27]. All of the above methods are primarily
based on tapping audio to recognize objects, and are highly
valuable for reacting to the state-of-the-art of our research
methods. Referring to the above confusion matrix compar-
ison Fig.7, it can be observed from the figures that our
model achieves significant improvement in addressing the
classification problem of wooden products, and its overall
performance surpasses that of the industry-leading models.
Meanwhile Tablelll below demonstrates that our method
performs well on various metrics and has significant positive
value for active acoustic perception.

Fig. 7. Confusion matrix of classification results: (A) Our model (B) SOTA
model [14].

TABLE III
COMPARISON AMONG CUSTOMIZED SOTA METHODS AND
OUR PROPOSED METHOD

Method Accuracy Discrimination Times F1-score
Random 20% 1 0.1
Realimpact [27] 75.1% 1 0.60
Sonicsense [14] 79.8% 24 0.52
Ours 91.0% 1 0.85

D. Ablation Experiment

In this section, we validate the effectiveness of pre-training
design through ablation experiments.

Firstly, as shown in Fig 8, pre-training demonstrates the
following two main effects: 1. After repeated experimental
validation, we conclude that pre-training contributes more
than 20% to improving model accuracy; 2. Pre-training can
effectively overcome the overfitting problem of the model.

E. Confidence Index and Sampling Rate Analysis

In order to verify that our hardware system has an ex-
cellent sampling rate, we compared the difference between
the time required for a human to manually take a total
of 300 sample points per container and our system. The

(a) Accuracy vs Epoct F1-Score vs Epoch

" AAVal AN
N S o A~ LY, o Rt

(b)

Fig. 8.
b)

Experiment Results with out Pre-traing( a ) and with Pre-training(

comparison results are as follows through 50 repetitions
of the experiment. Our system achieves about 93.9% rate
improvement (comparing with manual operation), which
significantly improves the data collection efficiency.

Meanwhile, our method ensures the effectiveness of the
confidence index playing a role in the loss function by setting
the weight of the confidence index to 0.2. And by restoring
the data acquisition process, our confidence index has an
important positive significance in evaluating the quality of a
single knock.

F. Deployable Experiments

To further evaluate the effectiveness of our approach in
real-world scenarios, we designed an experiment where a
mechanical gripper was used to hold the container while a
solenoid valve, fixed to the gripper, performed the knocking
action, as illustrated in Fig.8. Experimental results demon-
strate that for all 50 samples, the proposed interaction
method achieves a stable accuracy rate exceeding 85% in
single-instance evaluations, highlighting its practicality and
reliability. By collecting acoustic signals from different po-
sitions, the model is able to accurately identify the material
of the object. However, due to the uneven distribution of
acoustic signals from various positions within the dataset,
the confidence index may vary accordingly.

Test pointl:
Result:Plastic
Conf:0.92

Test point2:
Result:Plastic
Conf:0.63

Fig. 9.  This process involves active acoustic perception and material
identification in a real robotic work scenario, where a robotic arm controls
a mechanical gripper.
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VII. CONCLUSIONS

This paper proposes an innovative and practically valu-
able method for object material recognition based on deep
learning and auditory active perception. The research has
constructed an efficient automatic data acquisition system,
which, through the optimization of both hardware and
software, has collected a large-scale, high-quality audio
dataset, effectively addressing the issues of low efficiency
and inconsistent data quality inherent in traditional methods.
The CNN-based pre-trained model is designed rationally,
enabling effective capture of audio signal features and sig-
nificantly enhancing the capability for material information
extraction and learning. The optimized training process has
resulted in a model that surpasses traditional methods in both
accuracy and stability. Additionally, the research innovatively
constructs a confidence index that comprehensively evaluates
prediction reliability from multiple factors, providing sup-
port for robotic decision-making. Finally, the usability and
robustness of the framework have been validated through
experiments. In the future, we plan to further explore the
principles and applications of active acoustic perception, op-
timize model performance, enhance the system’s adaptability
in complex and dynamic scenarios, and attempt to integrate
this method with other sensing technologies to promote
the diversification and flexibility of intelligent systems in
practical applications.
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