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Abstract

Reverse vending machines encourage recycling, but
require automatic container classification. This is
typically achieved by reading barcodes or using com-
puter vision, which can fail due to unreadable codes or
poor lighting. Recently, an active acoustic approach
using sound waves has been proposed as an alterna-
tive, offering low computational cost and minimal
maintenance. However, its performance depends on
the acoustic environment. This study investigates
how enclosure geometry and wall absorption influence
classification accuracy. Acoustic impulse responses
were measured using exponential sine sweeps, with
an omnidirectional parametric loudspeaker generating
ultrasonic and audible waves via the parametric acous-
tic array effect. The data trained machine learning
and deep learning models to classify plastic, metal
cans, glass, and cartboard-tetrabrick. The tests were
performed in a mini-reverberation chamber and in
a shoebox enclosure with and without wall-mounted
absorbers. The highest accuracy was achieved in the
mini-reverberation chamber (96%), highlighting the
benefits of diffuse and reverberant environments.

Keywords: Ultrasounds, parametric acoustic loudspeaker,
acoustic classification, machine and deep learning, packag-
ing waste.

1. Introduction

Recycling at home often requires manual classifica-
tion of products, a process that is not always followed
correctly despite clear guidelines from public entities.
Improving recycling rates is crucial for transitioning
to a circular economy, as emphasized by the European
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Commission and the United Nations’ Sustainable De-
velopment Goal 12 on sustainable production and
consumption [1]. A device that ensures proper waste
sorting at the source would significantly aid this goal.

Reverse vending machines (RVMs) can enhance waste
sorting by collecting empty recyclable containers and
offering rewards, thus encouraging recycling. These
machines typically use various sensors, such as near-
infrared, barcode, weight sensors, and cameras, to
classify recyclable items [2]. However, barcode-based
systems fail with damaged or unreadable barcodes,
and computer vision systems face challenges including
high computational demands and sensitivity to envi-
ronmental conditions such as lighting [3]. Acoustic
systems provide a promising alternative. They rely
on microphones, which are easy to maintain, and pro-
cessing sound requires less computational power than
image-based systems. Most acoustic systems operate
passively, recognizing the sound produced by the con-
tainer when it is returned [4], [5], [6], [7]. A limitation
of passive approaches, however, is their vulnerability
to background noise.

This article is based on an active acoustic approach
previously developed by the authors [8], [9]. The sys-
tem uses a parametric acoustic loudspeaker (PAL) as
a sound source, capable of simultaneously emitting
ultrasonic and audible sound waves. While PALs are
commonly used to reproduce highly focused sound
beams [10], [11], [12], [13], here we use an omnidirec-
tional parametric loudspeaker (OPL) [14], [15], [16],
[17], which radiates ultrasonic and audible waves in
all directions. These sound waves are emitted inside
an enclosure containing the target container, ensur-
ing a high signal-to-noise ratio. The acoustic impulse
response with the container inside is measured using
the Exponential Sine Sweep (ESS) technique [15], [16],
[17]. These impulse responses capture the container’s
effect on the acoustic field, enabling classification of
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Figure 1: Experimental setups with the three enclosures: (a) Mini-reverberant, (b) shoebox without absorption, and (c)
shoebox with absorption, and (d) dataset of containers made of metal (red box), cardboard (green box), plastic (orange

box) and glass (white box).

various types of packaging waste. Previous work val-
idated this method in a downscaled reverberation
chamber under near-ideal acoustic conditions. How-
ever, the geometry and acoustic properties of a typical
RVM differ substantially from a reverberation cham-
ber, and the physical size of the OPL (0.125 m radius,
750 transducers) poses integration challenges. The
present study addresses some of these issues by in-
vestigating how enclosure characteristics—specifically
geometry and wall absorption—affect classification
accuracy. Three enclosures are considered (see Fig-
ure 1): (1) a mini-reverberation chamber as a reference
(mini-reverberant), (2) a shoebox-style enclosure re-
sembling the tunnel of an RVM (shoebox reverberant),
and (3) the same shoebox enclosure lined with sound-
absorbing material (shoebox absorbent). Experiments
in these enclosures allow us to explore how sensitive
the technology is to environmental changes, which in
an RVM can arise from variations in tunnel geometry
and wall materials. The findings may guide the design
of RVMs optimized for the active acoustic technology
under development.

The remainder of this work is organized as follows.
Section 2 describes the experimental setups for the
different enclosure configurations, outlines the pro-
cedure for generating the dataset of ultrasonic and
audible impulse responses, and presents the classifica-
tion methodology. Section 3 reports the classification
results, providing performance metrics for each enclo-
sure. Finally, Section 4 concludes the paper with a
summary of the results and the main conclusions.

2. Methodology

2.1. Experimental setup

Three different enclosures were built to assess the sen-
sitivity of the technology to environmental conditions
(see Figure 1). First, the downscaled reverberation
chamber described in [8] was used as a reference (mini-
reverberant), but reconstructed with methacrylate in-
stead of polycarbonate to increase sound reflection and
improve mechanical stability (subfigure 1a). Second,
a methacrylate shoebox-shaped enclosure with dimen-
sions 0.98 m x 0.82 m x 0.67 m (shoebox reverberant)
was constructed to evaluate sensitivity to geometric
variations (subfigure 1b). Finally, the third enclosure

(shoebox absorbent) incorporated sound-absorbing ma-
terial into the shoebox design to investigate the impact
of sound absorption on the technology’s performance
(subfigure 1c¢). The experiments were conducted in the
anechoic chamber at La Salle — Universitat Ramon
Llull to ensure minimal background noise.

An omnidirectional parametric loudspeaker (OPL)
[14], [15], [16], [17], composed of 750 ultrasonic trans-
ducers arranged on a spherical surface, was employed
to generate ultrasonic and audible sound waves inside
each enclosure using the parametric acoustic array
(PAA) effect [18]. The exponential sine sweep method
developed in [16] was used to simultaneously measure
the ultrasonic and audible impulse response of each
container. A set of four free-field microphones (two
GRAS 40BF and two GRAS 46BF-1) was used to mea-
sure the sound field inside the different enclosures. The
four microphones were placed approximately 20 cm
around the center of the measured package. A Briiel
& Kjaer LAN-XI Type 3160-A-042 module with a
UA-3102-042 front-end was used to generate the ESS
and record the response measured by the microphones.
The generated signal was amplified to 17 V peak using
an Ecler XPA3000 amplifier and sent to the OPL. The
container was placed on an Arduino-controlled rotat-
ing table, which rotated the items by 30° between
successive sweeps.

2.2. Dataset

Three datasets of ultrasonic and audible impulse re-
sponses have been generated for the three different
enclosures (mini-reverberant, shoebox without ab-
sorbent, and shoebox with absorbent). Each dataset
includes 100 containers made of four different ma-
terials: metal, cardboard, plastic, and glass, with a
balanced distribution of 25, 20, 25, and 30 examples,
respectively, to ensure statistically unbiased results.
The containers are depicted in Figure 1d. Each con-
tainer was subjected to 96 measurements, comprising
12 angles, 2 orientations (horizontal and vertical), and
4 repetitions for redundancy. Each measurement was
recorded by 4 differently positioned microphones, re-
sulting in 384 measurements per container and 38400
samples per dataset. Since impulse responses are com-
puted for both the ultrasonic and audible frequency
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ranges, the size of each dataset is doubled to 76800
samples.

2.3. Ultrasonic and audible impulse responses

The characterization of each packaging waste item
begins with the measurement of its impulse response,
for which Exponential Sine Sweeps (ESS) are utilized.
The sweep signal is mathematically described by [19]

x(t) = sin [K (et/L - 1)} K, (1)

with the constants K and L defined as
o 27Tf1T T

nhif P wpn @
The sweep spans from f; = 20 Hz to fo = 14 kHz
and lasts T' = 10 seconds. To ensure the full sweep
is captured, a 2 second silence precedes the signal,
while a 3 second silence follows it to allow residual
energy to decay. To mitigate pre-ringing effects dur-
ing deconvolution [20], fade-in and fade-out ramps
are applied at the beginning and end of the sweep,
respectively . These ramps span from 20 Hz to 80 Hz
at the start and from 12 kHz to 14 kHz at the end,
effectively restricting the usable frequency range to
80 Hz—12 kHz.

To enable ultrasonic playback through the OPL, the
ESS is modulated using Upper Side Band Amplitude
Modulation (USBAM) with a carrier frequency of
fe = 41.4 kHz [16]. Once emitted, the modulated
signal generates both audible and ultrasonic compo-
nents due to the PAA effect [18]. These are captured
by the microphones described in Section 2.1, result-
ing in the recorded signal y(t), which, after its digi-
talization using a sampling rate of f; = 131072 Hz
and 24 bits/sample, results in its discrete counterpart
y[n]. Both discrete audible and ultrasound impulse
responses h,[n] and h,[n] are then obtained via con-
volution with the corresponding inverse discrete filter,
following [16]. hg[n] and hy[n] encapsulate both linear
and nonlinear system behaviors within their respec-
tive frequency domains. To isolate the linear compo-
nent, a 100 ms rectangular window is applied. Sub-
sequently, both hy[n] and h,[n] are downsampled to
¥ = 44100 Hz. Since hy[n] contains audible content,
it remains unaffected by this operation. In contrast,
hy[n], which contains ultrasonic components centered
around f., must be frequency-shifted into the audible
range to enable further analysis. This yields hyq[n], an
audible version of h,[n] obtained through the process
detailed in [8].

An example of a measurement signal y[n], along with
the corresponding audible impulse response h,[n] and
ultrasonic impulse response hyq[n], is illustrated in the
block diagram shown in Figure 2. The next step in-
volves extracting features from each of the two impulse
response modalities.

Measurement

Ultrasonic and hgln] Feature
Audible Impulse Extraction
Responses
Computation hyqln] E':(:'ztcutirsn

Figure 2: Computation of the audible impulse response
ha[n] and ultrasonic impulse response hyq[n| from a mea-
sured signal y[n], followed by the extraction of the vector
of spectral features F and mel-spectrogram S.

2.4. Feature extraction

Two types of features are computed from h,[n] and
hua[n]: short-term cepstral and spectral features, and
mel-spectrograms. For both feature types, short-time
analysis is applied using L Hanning windows of du-
ration T, and overlap O,%. Two configurations are
considered to evaluate the sensitivity of the window
parameters : i) Cy = {L =5,T,, = 20 ms, O, = 50%},
covering 60 ms of multipath delay, and ii) Co = {L =
20,7, = 10 ms, 0, = 75%}, with 57.5 ms. Both
configurations capture the most energetic multipath
components of the audible and ultrasonic fields, with
C offering higher frequency resolution at the expense
of lower temporal resolution, and Cs providing the
opposite trade-off.

From each k modality (a audio, wa
trasonic audible) and analysis window,

tor ﬁk with 35 component features is extracted,
comprising 13 Mel-Frequency Cepstral Coefficients
(MFCCs), 13 Gammatone-Frequency Cepstral Coeffi-
cients (GFCCs), and a range of spectral descriptors:
spectral spread, spectral flux, spectral flatness, spec-
tral centroid, spectral rolloff point, spectral crest, spec-
tral entropy, spectral kurtosis, and spectral skewness.
Additionally, mel-spectrograms Sy are also computed
using the same windowing parameters and N Mel
subbands.

ul-
a vec-

2.5. Machine learning and deep learning

Two different approaches have been evaluated for ma-
terial classification. First, a Support Vector Machine
(SVM), one of the best performing classical machine
learning techniques (as shown in our previous study
[9]), using as input the feature vectors F}.. Second, a
deep learning approach based on Ultralytics’ YOLOv8
[21], which builds on the YOLO (You Only Look Once)
architecture [22]. Originally designed for computer
vision tasks, YOLOvS8 was used in its pre-trained ver-
sion on the ImageNet Dataset (https://www.image-
net.org/) and subsequently adapted and fine-tuned
with our database of spectrograms Sy for each enclo-
sure.

Each training session employed 5-fold cross-validation,
ensuring distinct waste packaging items as well as bal-
anced number of all class items in each validation split.
All impulse responses from a given package (includ-
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Figure 3: Mel-spectrograms of the audible impulse re-
sponse hq[n] for a waste recycling item, obtained using
windowing configurations (a) Cy and (b) Co.

ing positional variations, receiver microphones and
measurement repetitions) were assigned exclusively to
either training or validation within each fold, yielding
realistic validation sets with entirely unseen examples.
Both mean Accuracy and Macro F1 standard mea-
sures where computed to assess the quality of material
classification for each experiment.

3. Results

Figure 3 shows an example of Mel-spectrogram anal-
ysis applied to an audible impulse response, using
Np = 64 Mel subbands and the windowing configu-
rations C7 and Cy. In Cy, the spectrogram offers a
clear visualization of the dominant multipath compo-
nents, which can be identified as bright yellow spots.
In contrast, configuration Cj uses fewer and larger
windows, resulting in a noticeable reduction in time
resolution and a less detailed representation. From
a visual standpoint, Cy thus offers a more accurate
representation of the impulse response.

The classification results are presented in Table 1,
showing the performances of SVM and YOLOvS8 when
using the windows C; and Cs in the three enclosures
under study. As can be observed, the enclosure plays a
crucial role in determining the quality of the inputs for
classification. The mini-reverberant chamber yields
the highest accuracy and Fl-scores with both the
SVM and YOLOvVS classifiers, reaching a maximum F1
value of 96%. In contrast, performance is moderately
reduced in the shoebox without absorbent material,
with a maximum F1 score of 89%, and substantially
degraded in the shoebox with absorbent material,
where the maximum F1 score drops to 75%. These
results suggest that reverberation is important for
classification performance, indicating that not only
the direct sound field but also the reflected components
provide valuable information to the algorithms.
Focusing now on the algorithms, SVM offers similar or
slightly better performance than YOLOvS. In terms
of windowing, the higher temporal resolution of the
inputs in C5 produces slightly better results than
C;. In all three configurations, the improvement in
Oy is limited to a maximum of 5% in the shoebox
with absorbent material and only 1% in the mini-
reverberant chamber.

Table 1: Accuracy and Macro F1 (mean + standard
deviation) for the different enclosures and methods: SVM
and YOLOv8 with window configurations C7 and Cs.

Enclosure Method Accuracy Macro F1
SVM + C1 94%+1% 94%+2%

Mini b SVM + C2 95%+2% 96%+3%
rreve YOLOV8 + C1  95%+2%  95%+2%
YOLOv8 + C2 96%+2% 96%+2%

SVM + C1 87%+9% 86%+10%

Shocbox reverb SVM + C2 90%+10% 89%+10%
YOLOvS8 + C1 86%+8% 86%+9%

YOLOv8 + C2 89%+8% 88%+7%

SVM + C1 71%+5% 70%+5%

Shoebox abs SVM + C2 76%+7% 75%+8%
a YOLOV8 4+ C1  69%+6% = 69%+5%
YOLOvS8 + C2 71%+5% 71%+5%

4. Conclusions

This study explored the use of active acoustic methods
based on ultrasonic and audible sound wave emissions
for packaging waste classification, with a focus on en-
closure characteristics. Results show that reverberant
and diffuse sound fields are most favorable, achieving
96% classification accuracy in a mini-reverberation
chamber, while performance decreases to 90% in a
shoebox-shaped enclosure and 75% with added ab-
sorption. These findings suggest that not only early
reflections but also late reverberation carry valuable in-
formation, and that environments with non-absorbing,
irregular walls—promoting diffusion and reverbera-
tion—may provide more robust classification. Among
the tested algorithms, SVM slightly outperformed
YOLOVS8, while higher temporal resolution in feature
extraction led to modest improvements. Overall, the
study confirms the potential of active acoustic clas-
sification for container recognition. Future work will
focus on integrating this approach into a reverse vend-
ing machine (RVM), which will include a reverberant
acoustic enclosure, a single microphone to capture the
sound waves, and a parametric acoustic loudspeaker
(PAL) specifically designed to fit within the spatial
constraints of the RVM.
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