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Abstract

The use of non-invasive methods to accurately estimate the number of Objects in'sealed containers remains a
challenging problem in various fields of application. This paper presents,a series.0of‘novel and practical methods for
calculating the ball numbers in a black box based on acoustic-analysis. Firstly, in‘order to obtain the sound of ball
impact in black box quantitatively, this paper designs an experimental system/that can oscillate a box left and right
according to the set frequency and amplitude. On this/basis, we proposed a multi-modal physics simulation model
to solve for the sound energy produced by the collision system' during a given time period. Secondly, acoustic
feature extraction methods such as fast Fourier transform (FFT) are used to analyze sound signals collected and
therefore derive sound energy from the experiments. Furthermore, a data-driven method based on a Convolutional
Neural Network (CNN) is used to train'the-end-to-end.prediction model for the Mel frequency cepstrum coefficient
(MFCC), constant Q transform (€CQT) and wavelet transform of audio data. This paper generates synthetic data
through Python simulation, and constructs an.experimentally derived data set of ball collision sound energies,
verifies the experimental-fesults and theoretical' model, and explores the relationship between physical parameters
and acoustic characteristics: The combined approach of classical acoustic analysis and machine learning employed
in this paper allows us to leverage physical insight and data-driven capabilities to achieve accurate and reliable
ball count predictions. The results demonstrate the effectiveness of combining theoretical modeling, simulation,
traditional acoustic feature extraction and machine learning for non-invasive object counting, opening up new
possibilities for .applications in various fields such as baggage screening, automated production lines, and the
pharmaceutical industry.
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I. INTRODUCTION

Recent advancements in artificial intelligence, particularly in the realm of machine learning, have
revolutionized many areas of science and technology [1]. One such area is the development of non-invasive
methods for object counting and detection. The ability to accurately estimate the number of objects within
a sealed container without opening it has wide-ranging applications in fields such as industrial automation,

logistics, healthcare, and security.

Traditional methods for object counting often rely on visual inspection or invasive techniques, which
can be time-consuming, expensive, or even impractical in certain scenarios. Acoustic analysis, on the
other hand, offers a promising non-invasive alternative for estimating «object counts.based on the sound
generated by the objects within the container. As this is a relatively'new. topic, there are few works directly

related. Here highlighted are three of th ‘e most relevant studies.

First, the paper (2015) [2] titled Multiple Sound Source Location Estimation and Counting in a
Wireless Acoustic Sensor Network presents a method based on infetring a location estimate for each
frequency of the captured signals. A clustering approach—where the number of clusters (i.e., sound
sources) is also an unknown parameter—is then-employedto determine the number of sources and their

locations.

Similarly, Diep et al. (2013) [3] in their work Acoustic Counting and Monitoring of Shad Fish
Populations propose a method for analyzing-acoustic signals during fish spawning. This method relies on
short-term spectral analysis combined witha Gaussian mixture model for detecting and counting shad
spawning acts. In our study, spectrum analysis method is also used, but unlike their work, the purpose
of the method is to determine the ‘ball numbers by detecting the sound of collisions. Additionally, only a

single microphone was utilized, as opposed to analyzing data from multiple microphones.

Third, the study by Amft et al. (2009) [4] titled Bite Weight Prediction from Acoustic Recognition
of Chewing.explores predicting the weight of food consumed by analyzing the sound of chewing. While
theircwork 1s similar towours in that both employ an acoustic method to estimate the quantity of an item
in a confined space, there are notable differences. In their case, the sound is produced by compressing
food, causing it to fracture and emit sound as a means of energy release. In contrast, our study focuses

on sounds,generated solely by collisions.



Despite these differences, the methodologies share a common goal of using sound to measure
quantities in confined environments, highlighting the potential of acoustic analysis in various fields.
This paper presents a series of novel and practical methods for non-invasive object counting using
acoustic analysis. We focus on the specific problem of estimating the ball numbers within a black box. Our
approach combines theoretical modeling based on energy methods with a data-driven approach utilizing
a Convolutional Neural Network (CNN). A multi-modal physics simulation model was developed using
python to predict the sound energy produced by the system.
The key research objectives of this study are:
« Construct the theoretical model of 3D collision cloud between balls in the box ‘and between balls
and the wall of the box.
o Develop a multi-modal physics simulation model that can“predict the sound energy produced by
different numbers of balls within the black box.
o Design and train a CNN to accurately estimate the (ball numbers based on the acoustic features
extracted from the audio recordings.
« Utilize the signal energy formula to validate results from the theoretical model.
» Evaluate the effectiveness of our combined-theoretical’and data-driven approach for non-invasive
object counting using acoustic analysis.
By successfully addressing these-objectives, this paper aims to demonstrate the potential of the
approach for various real-world applications, paving the way for more efficient, cost-effective, and non-

invasive object counting solutions [5].



II. EXPERIMENTAL SYSTEM SETUP

A. Mecahnical system design

As shown in Figure 1, the experimental setup comprises a mechanical system designed to hold and
release a box filled with spherical balls. The primary components include a metallic platform with.a
perforated surface that provides a stable base for the experiment. Attached to this platform is.a hinged

arm mechanism, which controls the tilt and movement of the box.

The green components are made using a 3D printer to secure the ‘boxes and hinges: In order
to facilitate theoretical analysis and simulation calculation, the sealed container is designed as a cube
structure. The box is customized based on transparent acrylic material; allowing for easy and intuitive

qualitative observation of the ball movement inside the box.

A stepper motor is used to drive the system. It is controlled by a Raspberry Pi outputting PWM

signals to achieve higher control accuracy than regular motors as shown in Figure 2.

Fig. 1. Experimental setup front.

During each experimental run, the box holds a varying ball numbers. By adjusting the angle of the
hinged arm; the box.can be tilted, causing the balls to move and collide with the internal surfaces, thereby

producing sound. The speed of rotation has been calculated in detail in the theoretical section.

This'setup collects acoustic data as the balls impact the box’s internal surfaces. The mechanical design

ensures consistent and reproducible ball movements, which is critical for accurate sound data collection.
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Fig. 2. Experimental setup

B. Illustration of experimental system

To illustrate the machine’s operation more clearly, a schematic is presented in Figure 3. Let the
horizontal direction be the X-axis and the vertical direction-be the Z-axis:

Let the coordinates of point C' at time ¢ be (z¢(t), Zc(#)). The-coordinates of point D, (zp(t), zp(t)),
correspond to (z¢(t), zo(t)).

Point C rotates in a circular path with a frequency of 2 Hz and a radius r, while the rod AD (with
length R) rotates around point A. The rod C'D s rigidy with a fixed length L.

Given the coordinates of point A.as. (x4, z4).and point B as (zp,zp), the following system of

equations is established to describe the relationships between these points:

(za(t) = 25)° + (20(t) — 25)* =17, (1)
(@p(t) — xa)* + (2p(t) — 24)* = R?, )
(2p(t) — zc(t))? + (2p(t) — 2c(t))? = L. (3)

Since point C' follows a circular path, its coordinates can be expressed as:

xc(t) = rcos(4nt), 4)

z2o(t) = rsin(4nt). 5)
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Fig. 3. Schematic of the mechanics in motion.
Subsequently, thereuis:
Zolt) = 25 %\ [} — (% — 12 + (zc(t) — 78)?), ©)
2p(t) = ya £ /24 — (4 — B2+ (zc(t) — 2.)?). ()

To find the accelerations a, and a, of point D with respect to point C, the second derivatives of

xp(t) and zp(t) is needed. First, these equations were differentiated with respect to time to obtain the



velocities of point D, and then differentiate again to find the accelerations.

By substituting the expressions for z¢(t) and z¢(t), the motion of point D can be fully described.
The box’s acceleration is calculated by finding the second derivatives of xp(t) and zp(t).

This experimental setup provides a method to collect acoustic data as the balls collide with the

internal surfaces of the box.

C. Acoustic data preparation

1) Data collection:

For acoustic data collection, the experiment was repeated multiple times with varying numbers of
balls placed inside the box. Each time, the box was shaken using our mechanism to-induce motion of the
balls, and the resulting sounds were recorded.

The ball numbers was systematically altered between runs to observe the effect on the acoustic signal.
The collected sound data from these experiments were then used for further analysis, particularly in the
noise reduction process described in subsequent sections.

Thus data of different ball numbers ranging from 0-10, 155 20,.and 30 balls were collected. Data of
the ball numbers were each collected for 20 times. The subsequent files are named as i-j where i is the
ball numbers in the box, j is the ball number ranging from 1/to20.

2) Data preprocessing:

The first 20 rounds of noise data were collected by running the machine without placing any balls
in the box. After acquiring the noise data, the mean noise energy and spectrum is calculated.

Next, spectral subtraction:is applied toremove the noise from the data collected with balls in the box.
The basic principle of spectral subtraction.is to subtract the estimated noise spectrum from the spectrum

of the noisy signal,-thereby resulting.in<a relatively clean signal.



III. THEORETICAL ANALYSIS

In this paper, the theoretical analysis is carried out from three aspects. Firstly, a dynamic multi-
modal physics model of ball collision and sound pressure in a box is established. Secondly, ¢lassical
acoustic feature extraction methods such as Fourier transform are used to convert the time domain sound
data into frequency domain data, and a practical method based on energy estimation over time domain
and frequency domain is proposed to distinguish the ball numbers. Finally, a CNN model is proposed
for training based on various acoustic analysis methods to achieve a quantitative estimation of the ball
number.

To better demonstrate the mechanical aspect of the physics simulation model,.a-flow chart is drawn,

as shown in Figure 4.

Initialize Loop
Velocity Update
Init Position of Ball-Ball Ball.-].3all
.. Collision?
Collisions
Start > -
Velocity Update
Init Velocities of Ball-Wall Wal?-l}all
.. Collision?
Collisions
Output
End Plot:3D'Graph < Store Collisions [

Fig. 4./ This flowchart.illustrates a collision simulation process.

The process begins with initialization, where the positions and velocities of the balls are set. Following
this, it enters the collision update phase, where two types of collisions checked each time-step. First, the
velocities are updated for ball-to-ball and ball-to-wall collisions if a collision is detected. After handling
these collision updates, the process proceeds to the final stage, where a 3D graph is plotted to visualize

the simulation, and collision’data is stored. This marks the end of the simulation process.

A..Simulation _based collision dynamics

It is" very difficult to strictly derive the exactly positions of the collisions since they happen so

frequently. So a simulation and probabilistic approach is employed to this problem. The physics equations



represented by the code describe the motion of balls in a 3D space under the influence of a time-varying

acceleration field, including elastic collisions with walls and other balls. The key physics equations are:

1) Equations of Motion:
For each ball:

ot + At) = z(t) + v (t) At + %ax(t)AtQ )
y(t + At) = y(t) + v, (t) At + %ay(t)AtQ )
2(t+ At) = 2(t) + v (H) At + %az(t)Atz (10)
Ve (t + At) = v, (t) + a.(t) At (11)
vy (t+ AL) = v, (1) + a, () At (12)
v.(t + At) = v.(t) + a.(t)At (13)

Where:
. dZZD(t) d2(L'D (t) .
az(t) = ( A g)cost + Sz Sin 6 (14)
a,(t) =0 (15)
dzzD(t) . dZZL'D(t)
a.(t) =( Sz R g)sin 6 + 2 oS 0 (16)

a) Ball-Wall Collision:

When a ball coellides with a wall, its velocity component perpendicular to the wall is reversed and
scaled by the coefficient of restitution:

v = —equ) (17)

Where v s the velocity component perpendicular to the wall and e; = 0.95.

b). Ball-Ball Collision:



For two colliding balls (1 and 2), the velocity changes are given by:

Aﬁl = (’Ugn — vln)ﬁel (18)

AUQ = (’Uln — Ugn)ﬁel (19)

Where:

e vy, and vy, are the normal components of the velocities along the line of centers
« 7 is the unit vector along the line of centers

e« e¢1 = 0.9 is the coefficient of restitution for ball-ball collisions

c) Collision Detection:

o Wall collision occurs when:
L L
]33\25—7”, ly| > — —a,woor |z|2§—r (20)

where L is the box size and r is the ball radius.

« Ball-ball collision occurs when the distance-between ball centers is < 27:
’FQ_F1| SQT (21)

These equations collectively describe~the dynamics of the balls, including their motion under
acceleration, elastic collisions with walls and‘other balls, and the criteria for recording significant collision
events in the simulation.

2) Refined detection parameters.:

Python is used to _simulate this system, however, normal code fails to differentiate between nearby
collisions, resulting in a ’spaghetti string’ of collisions which are physically impossible.

To address the issue of excessive and unnecessary collision recordings in a ball-wall collision
simulation, a refined approach that incorporates a speed threshold for collision detection is introduced.
This method ensures that only significant collisions, based on a predefined relative speed, are recorded
and processed. Below, the modifications made to the existing simulation code to implement this feature

are outlined.



a) Relative Speed for Ball Collisions:

Urel = ’U2n - vln’ (22)

b) Minimum Speed Threshold for Recording Collisions:

7 > 0.1 23)

3) Simulation constants and parameters:

The simulation is defined with the following constants:

o Coefficient of restitution for ball-ball collisions (e;): 0.9

o Coefficient of restitution for ball-wall collisions (e5): 0.95

« Radius of each ball (r): 1.0

« Side length of the cubic box (/): 10.0

o Acceleration field components (a1, a2, as): (0.0, 0.0, -9.81), representing gravity acting in the z-
direction

« ball numbers (NUM_BALLS): 10

o Simulation time (simulation_time):> 100.0 seconds

A list named collision_peints.is used:tostore details of each collision, including the position

(x, y, z), type of collision (ball or.wall), and the relative speed at the point of collision.

4) Collision detection functions:

In the simulation system, 2 functions are designed, one is Update Positions and Velocities and the
other is Check Wall Collision:

The function update.positions_and_velocities iteratively updates the velocity and po-
sition of each ball based on‘the acceleration and checks for collisions with walls and other balls. Wall
collisions are processed to reflect off the walls with a restitution factor, and ball collisions are handled
using simple-elastic. collision physics.

The function check_wall_collision is specifically designed to handle wall collisions more

accurately:

10



« Position and Velocity: It retrieves the current position and velocity along the specified axis (X, y, or
7).

« Collision Detection: It checks if the ball’s position exceeds the boundaries of the box, considering
the ball’s radius.

o Speed Threshold: A minimum speed of 0.1 units is set to filter out insignificant collisions. Only
collisions where the relative speed exceeds this threshold are recorded.

« Collision Recording: If the collision is significant, the ball’s position and veloecity are corrected, and

the collision details are logged.

The simulation initializes a set of balls with random positions and velocities and simulates their
motion over the specified time. Collisions are recorded and processed ‘as described.

After the simulation, the collision points are plotted in a”3D. scatter plot using Matplotlib, with
different colors representing wall and ball collisions. The relative“speed .of ball collisions is visualized
using a color gradient. Additionally, collision details are saved to a text/file for further analysis.

This refined approach to collision detection in simulations not only enhances the accuracy of the
simulation by preventing the recording of trivial collisions but-also provides a clearer visualization of the
dynamics involved. By implementing a speed threshold, the simulation focuses on significant interactions,
thereby improving both the performance and the utility ‘of the simulation results.

5) 3D Collision cloud:

A 3D Graph of collisions within the box offer a visual representation of the potential interactions
between rigid balls.

Below are the 3D Graphs.of boxes with.2, 5 and 10 balls, shown in Figure 5, Figure 6 and Figure 7.

It can be derived from the graphs that the larger the ball number, the more collisions will be observed
during a given time period. This can also further supported through energy analysis and acoustic data
collected from experiments.as shown further down in the paper.

In the end, a relationship between ball numbers and the number of ball-ball collisions and ball-wall
collisions can be demonstrated in Figure 8.

Through stored collisions, collision count as well as sound energy can be acquired. As E.ojision =
[wdV, where u,= (%p)p(x, )%, and Eypra = Y i, E; total energy was calculated through simulation of

pressure fields in Figure 9.

11
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B. Traditional acoustic feature analysis

Initially, the input.time domain sound signal z(¢) is transformed into the frequency domain using

the Short-Time Fourier Transform (STFT) to obtain the spectrum for each frame of the signal:

X (w,t) = STFT{z(t)} (24)

12



3.0
Collision Points 5

2.5
4
B 2.0 7
«  Ball Collisions 8 4 E}
.. S £
e Wall Collisions E 3 =
1.5% aQ
z E
2
1.0
10.00.0 0.5 "
Fig. 7. Collision clound of 10 balls
Average Number of Collisions vs Number of Balls (100.runs)
—— Ball-Ball Fit |
30004 == Ball-Wall Fit £ A - 2 ,E
E Ball-Ball Collisions ’
® Ball-Wall Collisions /7
//
//
2500 - ¢ A . ’
7/
1 | ’
| ,’
} 7
’
4
2000 - %7 v aa > 1
) 7/ -
k5 \ S Pad
0 -
3 | e -
=} -
o [ 4 -7
- | 7 P
S 1500 - e , -7
5 | ’ Pl
a | 4 ’/’
£ /I,f’
= | /’,f!
/’/
1000 1 — - — - »#
-7
/’,,
_x .
- 7’
| e K
- PRs
500 ya N 7"«*: £ -
-
!,Jl‘r P
= ¥
= =%
—."’
0 ..q—. V.
5 10 15 20 25 30

Number of Balls

Fig..8. Relationship between ball numbers and the number of ball-ball collisions and ball-wall collisions.

where X (w, t).represents the frequency domain signal at time ¢ and frequency w [6].

Thenoise spectrum N (w, t) can be estimated by analyzing segments of pure noise or using statistical

methods [7]. The average noise spectrum, assumed to be stationary, is shown in Figure 11.
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N (w, )= Estimate of N(w, 1) (25)

1) Dynamic noise estimation:

To enhance the noise”estimation process, a dynamic noise estimation technique that adapts to

variations in the noise environment is employed. The formula used for noise estimation updates the

noise spectrum based on the observed signal.
The noise spectrum N (&, t) at a given time ¢ can be dynamically estimated by averaging the noise

over several frames where the signal is assumed to be inactive [8]. The updated noise estimate N (w,t)

is calculated-as:

N(w,t) =a - N(w,t—1)+ (1 —a) - | X (w,t)]? (26)
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where:

« N(w,t) is the estimated noise spectrum at time ¢.
« « is a smoothing factor, typically between 0.9 and 1, which determines the weight given to past.noise
estimates.

o |X(w,t)|? is the power spectrum of the noisy signal at time ¢.

This formula effectively averages the noise spectrum over time, assuming that noise characteristics
change slowly. By continuously updating N (w, t), the noise estimate adapts to slow variations in the'noise
environment, providing a more accurate basis for spectral subtraction.

This adaptive noise estimation approach is particularly beneficial in scenarios where the noise is
not perfectly stationary, ensuring that the noise subtraction process-remains effective_even when noise
characteristics evolve over time.

The basic formula for spectral subtraction is given by:

S(w, 1) = | X (@ =N (wy)] 27)

where S(w,t) represents the estimated clean signal’ spectrum, | X (w, )| denotes the magnitude
spectrum of the noisy signal, and | N (w, t)}.is the magnitude spectrum of the estimated noise [9].

2) Analysis using Fourier Transform:

In this analysis, acoustic data recorded from various experimental setups is processed and examined.
The primary objective was to extract meaningful features from the sound data, with a particular focus
on the frequency domain characteristics. Additionally, polynomial fitting was applied to the smoothed
frequency spectra to better understand the underlying trends.

For each category i,all corresponding audio files are labeled as ¢ — j, where j ranges from 1 to 20. If
necessary, the audio-data is converted to a single channel (mono) by averaging the stereo channels. One
spectrum/diagram out of our'm4a files is shown in Figure 10.

There is also average noise spectrum in Figure 11.

Using spectrum subtraction method, the clean spectrum was acquired in Figure 12.

To derive a representative signal for each category, the waveforms and their corresponding Fourier

transforms_are averaged across all 20 files within each category. Due to variations in the lengths of the

15
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recordings, the data is aligned by trimming all waveforms and spectra to match the length of the shortest

file in each category.

3) Energy estimation over frequency spectrum:

The averaged Fourier spectrum for each category was further processed to obtain a smooth envelope
that would more clearly. reveal the underlying frequency trends. This was achieved through the iterative
application of a.moving average filter. Specifically, a moving average filter with a window size of 50 was

applied to the averaged Fourier spectrum, and the smoothing process was repeated 50 times to enhance

the smoothness of the spectrum.
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After smoothing the frequency spectrum, polynomial fitting was_applied to the data. A third-order
polynomial was chosen to fit the smoothed spectra, providing a compact representation of the frequency
characteristics. The resulting polynomial coefficients*were used.to_generate a formula representing the

spectral envelope for each category. The general form of the polynomial fit is given by:

P(2)= e32° A con® oeiz + ¢ (28)

where P(x) is the polynomial fitted to ‘the frequency spectrum, and c3, ¢, ¢1, and ¢q are the

coefficients determined by the fitting process.

As shown in the Figure 13, there 1s\a noticeable increase in the magnitude of the frequency as the ball
numbers increases. This trend tinderscores the relationship between the ball numbers in the experimental

setup and the resulting frequency characteristics of the sound produced.

Thus, the number of different balls can be distinguished by calculating the area below the spectral
envelope over the frequency domain. On the other hand, the energy produced by the impact of different
numbers of balls should also be different, although it is not easy to see intuitively. Based on the above
inferences, a new method was proposed to distinguish the number of pellets in frequency domain energy

estimation.
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Fig. 13. Smoothed frequency spectrum envelopes for when ball number is-1;.10.and20.

C. Prediction using machine learning method

Although there is a difference between different.numbers ©of balls through their energy as well as
the area of maximum envelope area of the Fourier'spectrum. plot, the accuracy is still under doubts. Thus

apply CNN machine learning method was applied to increase/accuracy. The sturcture of CNN model is

shown in Figure 14.

softmax

Fig. 14. CNN machine learning model.
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1) Input data processing:
To use a CNN machine learning model, our audio data was first converted into visual representations.
Mel Frequency Cepstral Coefficients (MFCC), constant-Q transform (CQT), spectrograms, and wavelet

scalograms were utilized to effectively classify the clean data.

a) Waveform:
Waveform representations are another critical tool in audio signal processing. A waveform provides
a visual representation of an audio signal in the time domain, showing how the amplitude of the signal

varies over time.

The process of generating a waveform begins by loading an audio/file, suchtas-a .m4a file, using
Python libraries like 1ibrosa. The function 1ibrosa. load reads the audio file and returns both the
audio time series data, which is a one-dimensional array, and the sample rate, which defines the number

of samples of audio carried per second.

Once the audio signal is loaded, the waveform can be plotted directly using matplotlib. The time
axis is generated by dividing the total number of samples by the 'sample rate, giving the time in seconds
corresponding to each point in the time series~data. The .amplitude of the waveform at each time point

represents the intensity of the audio signal at that instant shown in Figure 10.

To improve the visualization, it is.common’ to. normalize the waveform by scaling the amplitude
values between -1 and 1. This allows fora clearer-display of the relative changes in the signal’s intensity
without distortion from large values. The waveform is then plotted, with time on the x-axis and amplitude

on the y-axis.

The waveform providesimportant insights into the temporal structure of the audio signal. For example,
in speech analysis, distinct speech sounds like vowels and consonants can be identified visually based on
the signal’s amplitude variation over time. Similarly, in music, waveforms reveal patterns corresponding

to notes, chords, and.rhythmic structures.

However, waveforms do not provide much information about the frequency content of the signal,
making them less useful for tasks that require understanding the signal’s spectral characteristics. For this
reason, waveforms are often used in combination with other representations, such as the spectrogram or

MFCC, which provide detailed information about the frequency components of the signal.
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b) MFCC:

Mel Frequency Cepstral Coefficients (MFCC) are widely used in audio signal processing, particularly
for speech and music analysis, as they provide a compact representation of the power spectrum’of an
audio signal. The transformation process involves several key steps.

The first step is to apply a pre-emphasis filter to the audio signal, which emphasizes higher frequencies

[10]. This filter is applied using the following formula:

y(t) = x(t) — ax(t = 1) (29)

where y(t) is the output signal, z(¢) is the input signal, and « is a coefficient, typically around 0.97.
Next, the audio signal is divided into short frames, typically 20—40 ms in length, since speech and
other audio signals are non-stationary. A window function, such.as the Hamming-window, is applied to

each frame to reduce spectral leakage [11]. The Hamming window is ‘defined as:

21n
=0.54 —0.4 30
w(n) = 0.54 —0.46'cos (N—1> (30)

where N is the length of the window and n is the sample index.
After applying the window, the Fast Fourier Transform (FFT) is performed on each frame to convert
the signal from the time domain to the frequency domain [12]. The power spectrum is then computed as

the square of the magnitude of the FFT:

P(f) =1X(NH (31)

where X (f) is the Fourier-transformed signal.
The power spectrum is'mapped onto the Mel scale, which approximates how humans perceive sound

frequencies [13]. The Mel scale is defined as:

M(f) = 25951og,, (1 + %) (32)

A filterbank of triangular filters is then applied to the power spectrum, with each filter emphasizing

a different range of frequencies on the Mel scale. The output is the log energy of each filter’s response.
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Finally, the log energies are transformed using the Discrete Cosine Transform (DCT) to obtain the
MFCC. The DCT decorrelates the filterbank energies, and the resulting coefficients represent the cepstral

features of the signal [14]. The n-th MFCC is computed as:

K
Cp = Zlog(Ek) oS (W) (33)

k=1
where EJ, is the log energy of the k-th Mel filter, and K is the total number of filters.

In this process, .m4a audio files are converted into spectrogram images by applying the ‘Short-Time
Fourier Transform (STFT) and saving the resulting data in PNG format. First, the audio-files are loaded
using librosa, a Python library for analyzing music and audio. The function 1ibrosa.load reads
the .m4a file and returns the audio time series data and the sample rate. The STFT is then computed
using librosa.stft, which divides the audio signal into overlapping windows and applies the Fourier

Transform to each window, producing a frequency-time representation of the audio.

The magnitude of the STFT is calculated and converted to a decibel (dB) scale using
librosa.amplitude_to_db, which allows for better visualization. This transformation provides a
clearer representation of the signal’s frequency content over time. A spectrogram is generated by plotting
the decibel-scaled STFT using 1ibrosa.display.specshow. For a cleaner visual representation,

axis labels and ticks are removed.

Finally, the generated spectrogram'is saved as a PNG image of the specified size using matplotlib,
and the process is repeated for all wm4a files.in the input folder. Each spectrogram is saved in the output
folder, allowing for efficient'batch processing of multiple audio files. This method provides a compact
visual representation of the-frequency content in the audio files, useful for audio analysis and machine
learning tasks.

The MFCC spectrogram provides a visual representation of the cepstral features over time. Each
coefficient in.the MFCC captures different aspects of the signal’s spectral envelope, with the lower
coefficients tepresenting the coarse spectral shape and the higher coefficients capturing finer details. The
MECC spectrogram.is widely used in speech recognition, speaker identification, and music analysis, as it

captures important features that are invariant to changes in pitch, volume, and noise.

By visualizing the MFCC spectrogram, one can observe how the cepstral coefficients vary over time,
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Fig. 15. MFCC diagram for one ball in the box; this is the 10th data.

offering insights into the structure and characteristics of the ‘audio signal, which can be used for machine
learning tasks and audio classification.
c) COT:

The Constant-Q Transform (CQT) is another widely-used.technique in audio signal processing,
particularly in music analysis [15]. Unlike the-Short-Time Fourier Transform (STFT), which uses a fixed
window size and frequency resolution, the CQT provides.a logarithmic frequency resolution [16].

The CQT represents the frequency content of a signal using a series of filters with geometrically
spaced center frequencies. The filters are spaced such that each filter’s center frequency is a constant ratio,

Q, of its bandwidth [17]. The.transform is‘computed as:

X(k) =S z(n) ]\1;k e 2 N w(n) (34)

where X (k) is'the transformed signal, Nj is the length of the window for the k-th frequency bin,
and w(n) is theswindow function. The window length varies for different frequency bins, providing better

resolution at lower frequencies.

In practice, 'the CQT can be computed using the librosa.cqgt function, which takes the
audio signal as,input and returns the CQT representation. The resulting CQT spectrogram can be

visualized. similarly to the STFT-based spectrogram by converting the amplitude to a decibel scale using
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librosa.amplitude_to_db. This allows for better visualization of the signal’s frequency content.
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Fig. 16. CQT diagram for one ball in the box; this is the 10th data:

d) Spectrum:
The Short-Time Fourier Transform (STFT) provides a‘time-frequency representation of the signal by
applying the Fourier Transform to overlapping short segments of the signal [18]. This allows for tracking
how the signal’s frequency content evolves over time, providing a detailed spectrum of the signal. The

STFT is computed as:

STET{zn]}(miw) = Z x[n)wn — mle 7" (35)

n=—oo

where z[n| is the input signal, w[n)is a window function (such as the Hamming window), and w is
the angular frequency. The*STFT'is applied by shifting the window across the signal and applying the
Fourier Transform to each windowed segment. The result is a two-dimensional representation, where one
axis represents time and the other represents frequency, as illustrated in Figure 17.

In practice; the STFT can be computed using libraries such as 1ibrosa or scipy. The magnitude
of the STFT is often converted to a decibel scale for better visualization. The resulting spectrogram can
highlight how the energy of different frequency components changes over time.

The/STFT spectrogram is useful for analyzing non-stationary signals, like speech and music, as it

captures both time and frequency information. It can be used for applications such as speech recognition,
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Fig. 17. STFT spectrum diagram for one ball in the box; this“is the first data.

music transcription, and more.
e) Wavelet Scalograms:
The Wavelet Transform provides an alternative time<frequency-representation by decomposing a signal
into a set of wavelets, which are localized in both time and frequency [19]. This makes it particularly
suitable for analyzing signals with transient features:

The Continuous Wavelet Transform (CWT)-is given by:

GIVTd.b) = /oo o (t - b) dt (36)

N a

where 1 is the wavelet function, a is.the scale parameter (related to frequency), and b is the time
shift. The result is a two-dimensional sealogram, where one axis represents time and the other represents
scale (or frequency).[20].

Wavelet transforms can be performed using Python libraries such as PyWavelets or scipy. The
scalogram offers a more.flexible representation compared to the STFT, making it ideal for analyzing
signals with-rapidly Changing features.

The wavelet scalogram like in Figure 18 can provide insights into the time-varying characteristics of
a signal, especially for signals with sharp transitions or localized events.

2) CNN model design:

Convolutional Neural Networks (CNN) are a class of deep neural networks primarily used for image

24



Scale (log scale)

0.0 0.5 1.0 1.5 2.0 2.5 3.0 3.5 4.0 4.5
Time (s)

Fig. 18. Wavelet scalogram for one ball in the box; this is-the first data.

recognition and classification tasks. The key advantage of CNN over traditional neural networks is their
ability to capture spatial hierarchies in images through the use of convolutional layers. The following
section outlines the CNN classification process used in our model,-which is designed to classify images
into one of 11 classes.

The data was first labelled by i-j, where.i"is the ball numbers in the box and j is the number of
experiments. In CNN model, the data with the same i'was classified into a group.

The input to the CNN is a wavelet-scalogram image of size 128 x 128 with three color channels
(RGB). Each image is represented as.a 3D, tensor of shape (128,128, 3), where the first two dimensions
represent the spatial size of the image, and. the third dimension represents the color channels.

The CNN begins by-applying a series of convolution operations to extract features from the input
image. Each convolutional layer consists of a set of learnable filters (or kernels) that are convolved with
the input image to produce feature maps. A filter is a small matrix (e.g., 3 x 3) that slides over the input

image, computing dot products between the filter values and the corresponding image values.

Mathematically, the convolution operation can be expressed as:

f I (e +1,y +7) 37)

k k
=1

(f+ Diay) =Y

=17

where f is the filter of size k X k, and I(z,y) is the pixel value of the input image at position (x, )
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[21]. The result is a feature map that highlights specific features, such as edges or textures, learned by
the filter.
After each convolution operation, a non-linear activation function, such as the Rectified Linear Unit

(ReLU), is applied element-wise to the feature map [22]. The ReLLU function is defined as:

ReLU(z) = max(0, x) (38)

The ReLLU function introduces non-linearity into the model, allowing it to learn more complex patterns
in the data. It ensures that only positive feature values are passed to the next layer while setting negative
values to zero.

Following the convolution and activation operations, a pooling layer is applied to reduce the spatial
dimensions of the feature maps. The most common pooling operation is max-pooling, which selects the
maximum value within a small window (e.g., 2 x 2) of the-feature map: This downsampling operation
reduces the computational complexity and provides translation invarianceto small shifts in the input image
[23].

Mathematically, max pooling can be expressed.as:

P(z,y) = max{I(z +iyy ¥ j) 4,5 € [0,p — 1]} (39)

where P(z,y) is the pooled feature map,and p X p is the size of the pooling window.

After several convolutional and pooling layers, the resulting feature maps are flattened into a 1D
vector and passed to fully connected (dense) layers. In this stage, each neuron in the fully connected layer
is connected to all neurons in the previous layer, allowing the network to learn non-linear combinations
of the high-level features extracted by the convolutional layers [24].

The output’of the fully connected layer is given by:

J

where «; are the inputs from the previous layer, w;; are the learned weights, b; is the bias term, and

o 1s an activation function (e.g., ReLU for hidden layers or softmax for the output layer).
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The final layer in the CNN is a fully connected layer with 11 neurons, corresponding to the 11
classes (labels 0-10). A softmax activation function is applied to the output of this layer to produce class
probabilities. The softmax function is defined as:

e*t
softmax(z;) = ——— 41)

K .
i=1¢"7

where z; is the input to the ¢-th neuron, and K is the total number of classes (in this case;-11) [25].
The softmax function ensures that the output is a probability distribution, with the sum of all probabilities
equal to 1.

The class with the highest probability is selected as the predicted classifor the input image.

The model is trained using the Sparse Categorical Cross-Entropy loss function, which is defined as:

1 N
Ly, 9) = =4 D_logllin) (42)
=1

where y is the true label, ¢ is the predicted probability forthe correct class, and N is the number of
samples in the batch. This loss function encourages the model torassign high probabilities to the correct
class.

The model is optimized using the Adam optimizer, which adjusts the model parameters (weights and
biases) to minimize the loss function by computing the gradient of the loss with respect to the parameters
and updating them using backpropagation.

Accuracy is one of the primary metrics used to evaluate a neural network model during both training
and testing phases.

Training accuracy represents the proportion of correctly classified instances in the training dataset.
It is calculated at.the end of-each epoch and helps track the learning progress of the model. Formally, it

is defined as:

.. NC t on Traini
Training Accuracy = ————————% (43)

N- Total on Training

Validation accuracy is the accuracy of the model on the validation dataset, which typically consists

of testiimages and test_labels. It measures the model’s performance on unseen data and is
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commonly used to detect overfitting. The formula is:

L N idati
Validation Accuracy _ Correct on Validation ( 4 4)

N- Total of Validation

Both training and validation accuracy are automatically computed during the training process by
the model.fit () function, and the results are stored in history.history[’accuracy/ ] and
history.history[’val_accuracy’] respectively.

In the provided code, a Custom loss metric is defined as:

Custom loss =

Npredicted — Tltrue
. (45)
Nopredicted + Nirue

Here, N stands for the number of predictions and n stands for the number of balls in the box. This
Custom loss does not follow the conventional definition of classification accuracy. Instead, it reflects the
relative difference between the predicted label and the true label, normalized by their sum.

If predicted_label = true_label, the Custom loss is zero, indicating a perfect match. As the discrepancy
between predicted and true labels increases, the Custom loss deviates from zero, with the sign indicating
the direction of the error. However, this metric is not a_.conventional measure of classification accuracy
but rather a bias measurement.

Training loss quantifies the discrepancy between ithe predicted outputs and the true labels in the

training dataset. It is typically computed using:the cross-entropy loss function, which is defined as:

N

1
Loss = N Z [y log(9:) + (1 — y;) log(1 — ;)] (46)

=1
where y; is.the true label and y; is the predicted probability for the ¢-th training sample [26].
Validation loss is computed similarly to training loss but on the validation dataset. It measures
how well the model generalizes to unseen data and is key for monitoring overfitting. Both training
and validation loss wvalues are automatically computed by the model.fit () function and stored in
history.histoxry[’loss’] and history.history[’val_loss’] respectively.
In summary, the standard accuracy and loss metrics serve as the main indicators of model performance

during ftraining, while the Custom loss provides additional insights into prediction biases, albeit with a
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different interpretation than conventional classification accuracy.

3) Direct energy estimation:

The total energy E of a discrete signal x[n] is calculated using the following formula:

E=Y | (47)

where x[n| represents the amplitude of the signal at time n, and N is the total-length of the signal

[1]. This relationship is illustrated in Figure 19.

Figure 19 illustrates the relationship between the ball numbers and the average short-term energy,
showing a clear positive correlation between the two variables. As the ball'numbers increases, the average
short-term energy rises consistently, suggesting a.quadratic trend..This implies that experiment results

matches well with theoretical calculation.

Frequency Domain Energy vs.Ball Number (With Theoretical Fit Only)

——— Theoretical fit (RMSE: 3.82e-01)
» Experimental Data

20 A

15 A

104

Frequency Domain Energy (x103)

0 5 10 15 20 25 30
Ball Number

Fig. 19. Total energies of the ball numbers measured in experiment.
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TABLE I
TEST SET SAMPLES: TRUE LABELS AND PREDICTED LABELS

True Label | Predicted Label | Custom loss
10 11 0.0476
2 2 0.0
1 1 0.0
7 8 0.0667
7 7 0.0
1 1 0.0
1 1 0.0
5 5 0.0
2 2 0.0
7 7 0.0
4 5 0.1111
10 10 0.0
2 2 0.0
5 5 0.0
6 7 0.0769
6 7 0.0769
7 8 0.0667
2 2 0.0
4 5 0:1111
7 7 0.0
1 1 0.0
8 8 0.0

Then, we utilize the theoretical formula conducted in*the previous section F = —0.01875125n2 +

1.18463695n + 0.83882017 to predict.the- number of balls. Since we have experimental results of energy,
the inversion of the function provides an approach in predicting ball numbers. This method demonstrates

an accuracy of 70.50%, where detialed prediction is shown in the Table L.

D. Machine learning method results

1) Waveform:

In this_section, we_.analyze the results of training a model directly on waveform data. Table II shows
the true labels, predicted labels, and Custom loss for each sample in the test set. The Custom loss is
calculated based on the relative difference between the predicted and true labels, as described in previous
Formula 45. A positive value indicates that the predicted label is greater than the true label, while a

negative value suggests the opposite.
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Fig. 20. Accuracy trends across training epochs for Waveform. Validation accuracy plateaued around 30.91%, suggesting signs of overfitting.

TABLE 11
TEST SET SAMPLES: TRUE LABELS AND PREDICTED LABELS

True Label | Predicted Label | Custom loss
10 8 -0.1111
10 10 0.0
6 8 0.1429
8 9 0.0588
9 9 0.0
8 10 0.1111
9 5 -0.2857
1 1 0.0
10 9 -0.0526
10 10 0.0
7 5 -0.1667
7 5 -0.1667
3 4 0.1429
3 5 0.25
0 0 0.0
3 4 0.1429
3 2 -0.2
3 3 0.0
1 1 0.0
0 10 1.0
4 3 -0.1429
2 1 -0.3333
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The standard deviation of the custom accuracies across the test set is approximately 0.2573, which
reflects a moderate variability in prediction performance for different samples. This suggests that while
some predictions are relatively close to the true values, others show significant deviation, both positively
and negatively.

From the training results, we observe a final test accuracy of 0.3091 and a loss value of 7.2172.
Although the model achieves an accuracy of approximately 40.91%, this is relatively low.and indicates
that the model struggles to generalize well to the test data.

Figure 20 illustrates the accuracy trends across training epochs. The validation accuracy plateaus
after several epochs, suggesting that the model may be starting to overfit the training data.~This could be
due to insufficient regularization or a mismatch in model complexity for the task at.hand.

2) MFCC:

The model was trained for 100 epochs, achieving a training accuracy’ of 100%. However, the
validation accuracy plateaued around 91.88%, shown in Figure 21y indicating potential overfitting as
training progressed. While the training loss consistently decreased; a slight increase in the validation loss

further reinforces the signs of overfitting.

1.0

0.8

Accuracy
e
o

e
I~

0.2

—— accuracy
val_accuracy

0 10 20 30 40 50
Epoch

0.0

Fig. 214 Accuracy.trends across training epochs for MFCC. Validation accuracy plateaued around 91.88%, suggesting signs of overfitting.

Thefinal test accuracy achieved by the model was 95.45%. Despite the model’s exceptional
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performance on the training data, the gap between training and validation accuracy suggests the model
may have overfit, limiting its ability to generalize effectively to unseen data.
These minor variations in Custom loss imply that when the model does misclassify, shown in Table

III, the deviation from the true label is often small.

TABLE III
TEST SET SAMPLES: TRUE LABELS AND PREDICTED LABELS FOR MFCC

True Label | Predicted Label | Custom loss
10 10 0.0
10 10 0.0
6 6 0.0
8 8 0.0
9 9 0.0
8 8
9 9
1 1

0.0
0.0
0.0
10 0.0
10 0.0
0.0
0.0
0.0
0.0
0.0
0.0
0.1429
0.0
0.0
0.0
0.0
0.0

R O = W WLWOoOWWI
N DO = Wk WOWLWWI

The standard deviation of the/custom accuracies (¢ = 0.0298) demonstrates that the model’s
predictions were consistent across test samples, with minimal variation. However, the gap between training
and validation performance suggests a need for improved generalization.

To address overfitting, several strategies could be considered:

« Regularization techniques: Implementing L2 regularization or adding dropout layers can help reduce
overfitting.

o Data augmentation: Augmenting the training dataset can enhance the model’s robustness.

» Model complexity: Simplifying the model architecture by reducing the number of layers or neurons

can aid in preventing overfitting.
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3) CQT-spectrograms:
In this section, we present the results of applying the CQT (Constant-Q Transform) approach for
spectrogram analysis. Table IV summarizes the true labels, predicted labels, and the Custom loss calculated

for each sample in the test set.

The CQT-based model achieved perfect accuracy on the training set, reaching 100%-.. However, the
validation accuracy plateaued at 77.27 %, shown in Figure 22, suggesting the model may have started to

overfit the training data. Despite this, the test set accuracy remained respectable at72.73%.

As shown in Table III, the low standard deviation (o = 0.0948) of custom accuracies indicates
that the model’s predictions were relatively consistent across the test set, with minimal variability in
performance between samples. This consistency suggests that the model is fairly robust, but improvements

in generalization may still be necessary to close the gap between training and wvalidation performance.

TABLE 1V
CUSTOM LOSS RESULTS FOR TEST SET SAMPLES USING THE CQT APPROACH.

True Label | Predicted Label | Custom loss
10 10 0.0
10 10 0.0
6 6 0.0
8 6 -0.1429
9 9 0.0
8 8 0.0
9 9 0.0
1 1 0.0
10 10 0.0
10 10 0.0
7 6 -0.0769
7 7 0.0
3 6 0.3333
3 3 0.0
0 0 0.0
3 3 0.0
3 4 0.1429
3 2 -0.2
1 1 0.0
0 0 0.0
4 4 0.0
2 2 0.0
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Fig. 22. Accuracy trends across training epochs for CQT. Validation accuracy.plateaued around.77.27%, suggesting signs of overfitting.

4) Spectrogram:
In this section, we present the results of using.the Spectrogram approach for model training. Table

V summarizes the true labels, predicted labels; and the Custom loss for each test set sample.

The Spectrogram-based. model achieved perfect training accuracy (100%), but its validation accuracy
dropped significantly,-plateauing at just 30.91%, shown in Figure 23. This sharp contrast between training
and validation performance suggests severe overfitting, where the model performs exceptionally well on

the training data but struggles to generalize to unseen data.

The high standard.deviation of custom accuracies (o = 0.1210) further emphasizes the variability
in the ' model’s predictions, shown in Table IV, indicating inconsistent performance across different test
samples. Ultimately, the model’s final test accuracy was 50.00%, underscoring its limited generalization

capability.
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TABLE V
CUSTOM LOSS RESULTS FOR TEST SET SAMPLES USING THE SPECTROGRAM APPROACH.

True Label | Predicted Label | Custom loss
0.0
0.0
0.0

-0.3333

-0.0588
0.0

-0.125
0.0

-0.0526
0.0

-0.0769

-0.1667
0.0
0.25
0.0

0:1429

0.1429
0.0
0.0
0.0

0.1111
0.2
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Fig. 23. Accuracy trends across training epochs for Spectrogram. Validation accuracy plateaued at 30.91%, highlighting overfitting.
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5) Wavelet Scalograms:
This section presents the results of using wavelet scalograms for model training. Table VI provides

a summary of the true labels, predicted labels, and the Custom loss for each test set sample.

TABLE VI
CUSTOM LOSS RESULTS FOR TEST SET SAMPLES USING WAVELET SCALOGRAMS.

True Label | Predicted Label | Custom loss
0.0
-0.25
-0.2
-0.2308
0.0
-0.0667
-0.0588
05
-0.1111
0.0
0.0
0.0
0.1429
0.0
0.0
-0.5
-0.2
0.0
0.0
0.0
0.1111
-0.3333

mNO — WO O WA II S 0WOIOUN RS

DO O =W WLWoWWI

The wavelet scalograms-based model achieved perfect training accuracy at 100%, but the validation
accuracy plateaued at 40.45%., shown. in Figure 24, which indicates that the model is overfitting to the
training data. This performance gap suggests the model struggles to generalize well on the validation set.

As shown.in Table V, the standard deviation (¢ = 0.1901) of the custom accuracies suggests a
moderate level of variability in the model’s predictions across different test samples. The final test accuracy

of 36.36% highlights that the model’s performance on the test set remains limited.
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IV. DISCUSSION

In acoustic analysis, the overlapping error bars in the maximum envelope area suggest that the ball
numbers cannot be determined solely by examining the maximum envelope area, as shown in Figure.13.
However, the sound energy shown in Figure 19 presents a different scenario, where the error bars do not
overlap. This allows us to leverage the sound energy for ball estimation. By performing a.polynomial Ait,
the energy of the balls inside the box can be calculated and compared with the test data. This comparison
enables us to estimate the ball numbers. However, due to data variations, the polynomial changes, making
this approach unreliable for precise estimation. Additionally, this method does.not allow us to quantify
accuracy effectively. To overcome these limitations, machine learning method was applied to quantify the
accuracy of predictions.

The traditional model accuracy was 72.91%, where precision and recall’ of each catagory was

calculated, shown in Figure 25.
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Fig. 25. Accuracy trends across categories.

The confusion matrix was acquired as well in Figure 26
The best result. from our machine learning models was achieved using MFCC spectrograms, where
the validation accuracy reached 0.91, indicating a 91% chance that the predictions are correct. The test

accuracy ‘further improved to 94%, meaning the error between the predicted and true labels was below
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Fig. 26. The matrix on the left is the confusion matrix for machine learning method. The imatrix on the right isythe confusion matrix for
traditional method. Through these matrices, recall and precision can be calculated.

6%. Shown in Figure 27, precision and recall of each category was calculated for'this method.
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Fig. 27. Accuracy trends across categories.

In waveform analysis, directly using waveform data for machine learning resulted in moderate
performance, with a test accuracy of 40.91%. The relatively high standard deviation of the custom
accuracies indicates, variability in the predictions, suggesting inconsistent performance across samples.
This could be improved by tuning the model or incorporating additional preprocessing steps. The plateau

in validation accuracy also indicates overfitting, which could be mitigated with further experimentation,
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including the use of regularization techniques to improve generalization.

The CQT-spectrogram model demonstrated strong performance with a test accuracy of 72.73%.
However, the plateau in validation accuracy and the gap between training and validation accuracy
indicate potential overfitting. Addressing this issue could involve incorporating regularization teéchniques
or expanding the dataset. The model’s consistency, reflected in the low standard deviation of custom
accuracies, is promising, but further refinement of the model architecture may be needed-to enhance its
generalization.

The spectrogram model exhibited classic signs of overfitting, with a significant gap between its
training accuracy (100%) and validation accuracy (22.73%). Additionally, the high standard-deviation in
custom accuracies suggests that the model struggles to generalize effectively. To address these issues,
optimization strategies such as regularization or data augmentation are necessary to improve the model’s
robustness and minimize overfitting.

Similarly, the wavelet scalogram model also showed clear signs of ovetfitting, with a large discrepancy
between the training accuracy (100%) and validation accuracy (45:45%). The high variability in custom
accuracies, combined with a test accuracy of just.36.36%,.underscores the need for regularization
techniques or more diverse training data to improve-generalization and reduce overfitting.

To conclude, we acquired quantitative comparison between different prediction method, shown in

Figure 28, where the advantage of machine learning.method in MFCC was obviously demonstrated.
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Fig. 28. Comparison between different methods.
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V. CONCLUSION

In this study, a novel approach was presented for non-invasive object counting using acoustic analysis,
focusing specifically on the challenge of estimating the ball numbers in a closed container based on seund
recordings. By combining a theoretical model based on energy methods with a data-driven’ machine
learning approach using CNN, accurate predictions of the ball numbers can be made.

To delve deeper into the dynamics of the collision system and enhance the understanding of the
relationship between physical parameters and acoustic data, Python simulations. were employed:. By
modeling the ball collisions within the box, a probabilistic cloud representing the-potential system
outcomes was generated. This simulation-based approach allowed for a comparison_between the simulated
probabilistic cloud and actual acoustic measurements, leading to further.insights into the limitations and
potential of acoustic-based ball estimation. This framework also provided.a ‘valuable understanding of
inherent system uncertainties, which informed the development of more robust and accurate estimation
methods.

Our analysis demonstrated that the acoustic energy. generated by the balls is positively correlated with
the ball numbers in the container, as evidenced by our experimental results and theoretical visualizations.
Using MFCCs, CQT-spectrograms, wavelet scalograms, and other signal processing techniques, audio data
was converted into diagrams suitable for. CNN input, allowing the model to classify the ball numbers with
reasonable accuracy.

Despite achieving 100% training-accuracy, the validation results revealed overfitting in several models,
indicating the need for further improvements in generalization. Potential strategies to mitigate overfitting,
such as regularization, data.augmentation, and model complexity reduction, were proposed. Additionally,
the Custom loss metric highlighted the small deviations between predicted and true values, offering further
insight into model performance.

Our approach successfully merges theoretical insights with the power of machine learning to address
the object counting problem: The use of Python simulation to validate theoretical models and explore the
relationships between physical parameters and acoustic features further strengthened the study. While our
method shows promise, future work will focus on enhancing the model’s generalization capabilities and
extending the approach to larger number of objects and different types of environments.

Overall, this research opens new possibilities for non-invasive counting methods using acoustic
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analysis, with potential applications in various fields such as the number of items in luggage security

inspection, the number of components in automated production lines, and the number of drugs in the

pharmaceutical and health industry. @
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VIII. MODIFICATIONS

We added comparisons between the energy calculated using the multi-modal simulation model and
the energy acquired in our experiment. Using the inverse function of our theoretical solution, ball numbers
can be predicted and compared with the original simulation ball number. However, this method does not
perform as well as machine learning method.

We revised the figures in spectrum subtraction because waveforms could not clearly demonstrate the
subtracted spectrum.

We revised the figure for FFT envelope as before envelopes overlap and could not clearly demonstrate
the increasing trend with ball numbers.

We added confusion matrices to further demonstrate performances.of-each-method.
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