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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 of 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 learnin e
revolutionized many areas of science and technology [1]. One such area is the development of n sive
methods for object counting and detection. The ability to accurately estimate the number of Q‘within
a sealed container without opening it has wide-ranging applications in fields such as in &gl automation,

logistics, healthcare, and security.

Traditional methods for object counting often rely on visual inspection or @%& techniques, which
can be time-consuming, expensive, or even impractical in certain scenarfg. Xcoustic analysis, on the
other hand, offers a promising non-invasive alternative for estimating @ counts based on the sound
generated by the objects within the container. As this is a relativ%ﬁ,@pic, there are few works directly

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

First, the paper (2015) [2] titled Multiple Sound Sc@ ocation Estimation and Counting in a
Wireless Acoustic Sensor Network presents a method@d on inferring a location estimate for each
frequency of the captured signals. A clustering ach—where the number of clusters (i.e., sound

sources) is also an unknown parameter—is tife ployed to determine the number of sources and their

locations.

Similarly, Diep et al. (2013) J3@r work Acoustic Counting and Monitoring of Shad Fish
Populations propose a method for iffg acoustic signals during fish spawning. This method relies on
short-term spectral analysis combied with a Gaussian mixture model for detecting and counting shad

spawning acts. In our stu ctrum analysis method is also used, but unlike their work, the purpose

of the method is to de&rm the%numbers by detecting the sound of collisions. Additionally, only a

single microph%ag utilizaﬁ‘,b pposed to analyzing data from multiple microphones.

Third, the ;u by t al. (2009) [4] titled Bite Weight Prediction from Acoustic Recognition
of Chew@ﬁlores predifgfng the weight of food consumed by analyzing the sound of chewing. While
theirggyork TS similar to ours in that both employ an acoustic method to estimate the quantity of an item

nfined space, there are notable differences. In their case, the sound is produced by compressing

@ ? causing it to fracture and emit sound as a means of energy release. In contrast, our study focuses

(Vn 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 countin
acoustic analysis. We focus on the specific problem of estimating the ball numbers within a blaW . Our
approach combines theoretical modeling based on energy methods with a data-driven ap@ utilizing
a Convolutional Neural Network (CNN). A multi-modal physics simulation model \nvwdoped 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 @ box and between balls
*

and the wall of the box. \

Develop a multi-modal physics simulation model that ca r&’ the sound energy produced by

different numbers of balls within the black box. %

Design and train a CNN to accurately estimate the @\umbers based on the acoustic features

extracted from the audio recordings. 0

Utilize the signal energy formula to validate erom the theoretical model.

Evaluate the effectiveness of our com oretical and data-driven approach for non-invasive

object counting using acoustic analysjg.

By successfully addressing th.es% tives, this paper aims to demonstrate the potential of the
14s, paving the way for more efficient, cost-effective, and non-

approach for various real-world ap x

invasive object counting solutions'W].

O
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II. EXPERIMENTAL SYSTEM SETUP

A. Mecahnical system design b

As shown in Figure 1, the experimental setup comprises a mechanical system des1gi§ d and
release a box filled with spherical balls. The primary components include a metal rm with a
perforated surface that provides a stable base for the experiment. Attached to this plaRorm 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, Tﬁ and hinges. In order

to facilitate theoretical analysis and simulation calculation, the sealed @amer is designed as a cube

structure. The box is customized based on transparent acrylic matdgialg 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 ¢ d by a Raspberry Pi outputting PWM

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

\/
& . % Fig. 1. Experimental setup front.

Duyg ah expergn%l run, the box holds a varying ball numbers. By adjusting the angle of the

h1ng e box can be tilted, causing the balls to move and collide with the internal surfaces, thereby

W ng sound. The speed of rotation has been calculated in detail in the theoretical section.
Q his setup collects acoustic data as the balls impact the box’s internal surfaces. The mechanical design

(Vnsures consistent and reproducible ball movements, which is critical for accurate sound data collection.



*

Fig. 2. Experimental setup Q

B. lllustration of experimental system ()\

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

Let the coordinates of point C at time t be (X (t); . The coordinates of point D, (Xp (t); zp (t)),

correspond to (Xc(t); zc(t)). Q

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

Given the coordinates of point A A;Za) and point B as (Xg;Zg), the following system of

L 4
equations is established to desc@ ionships between these points:

@,0 (Xc(t) Xg)?+(zc(t) z8)*=r% (D

~\ p(t) xa)’+(zo(t) za)*=R% (2)
&’ Q((lﬂ) xc(D)?+(zo(t)  zc(t)®= L% 3)

4
Sin@n’ C followq € circular path, its coordinates can be expressed as:

& Xc(t) = r cos(4t); “4)
(l/ zc(t) = rsin(4t): (5)



V4
%’ %(t):ZB 75 (z3 r2+(xc(t) xg)?); (6)

b‘ o) =ya  Z2 (22 RZ+(Xc(t) Xxa)d): (7)

% find the accelerations a, and a, of point D with respect to point C, the second derivatives of
W(D (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 X¢(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). b

This experimental setup provides a method to collect acoustic data as the balls colli X\ the

internal surfaces of the box. $

C. Acoustic data preparation ?
1) Data collection @

For acoustic data collection, the experiment was repeated multiple th varying numbers of
m

balls placed inside the box. Each time, the box was shaken using our m to induce motion of the

0

balls, and the resulting sounds were recorded. ()

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

Thus data of different ball numbers ranging f Q 15, 20, and 30 balls were collected. Data of
the ball numbers were each collected for 20 ti subsequent files are named as i-j where 1 is the
ball numbers in the box, j is the ball numbe\%ng from 1 to 20.

2) Data preprocessing

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

Next, spectral subtractiomys applied to remove the noise from the data collected with balls in the box.

The basic principle of sp, ubtraction is to subtract the estimated noise spectrum from the spectrum

of the noisy signal,%y resultvn a relatively clean signal.



III. THEORETICAL ANALYSIS

In this paper, the theoretical analysis is carried out from three aspects. Firstly, a dynamic eihi-

modal physics model of ball collision and sound pressure in a box is established. Secondly,

e domain

acoustic feature extraction methods such as Fourier transform are used to convert the time d sound
data into frequency domain data, and a practical method based on energy estimation ov$x

and frequency domain is proposed to distinguish the ball numbers. Finally, a CNN del is proposed
for training based on various acoustic analysis methods to achieve a quantitativ@matlon of the ball

number.

To better demonstrate the mechanical aspect of the physics simulat' del, a flow chart is drawn,

Y
Init Position Vﬂ?gz}ilpal\ Ball.-].3al )
Collj \% Collision?

VN pdate

Init Velocities & Ball-Wall
Sllisions

as shown in Figure 4.

Initialize Loop

Wall-Ball
Collision?

Output

Store Collisions

Fig. T his tlowchart illustrates a collision simulation process.

The process begins wa Qalization, where the positions and velocities of the balls are set. Following
this, it enters the collj date e, where two types of collisions checked each time-step. First, the
velocities are wd Jor balRtolbgll and ball-to-wall collisions if a collision is detected. After handling

Jess proceeds to the final stage, where a 3D graph is plotted to visualize

these collision yda es,

the sim% and collisidg/data is stored. This marks the end of the simulation process.

S%ation based collision dynamics

Q t is very difficult to strictly derive the exactly positions of the collisions since they happen so
(Vrequently. 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: &
X(t+ )= X(O)+ %) t+ Eax(t) t2 ?’ ®)

v+ D=y v t+oan ¢ Q) ©)
2(t+ )= z(t)+ vo(t) t+ az(t) t? Q() (10)
Ve (t+ 1) = v (t)+ a(t) t \Q (11)
v(t+ )= v (t)+ a(t) t @() (12)

Vz(t+ 1) = V(1) + ag(t) ?\-~ (13)

00

Where: Q

ax(t) _ ( dZZD s dZXD (t)

dt2
a(t)=0 (15)

a,(th= @ + g)sin + dz)(;fz(t) cos (16)

When a ball ccﬂ& with , its velocity component perpendicular to the wall is reversed and

scaled by the (&leﬁt of rw
AN
&

re V, is the velocity component perpendicular to the wall and e, = 0:95.

sin (14)

a) Ball-Wall CoII

Vs = eV (17)

(I/Q(L b) Ball-Ball Collision:



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

M =(Von  Vip)heg

8)
A =(Vin  Von)he & 19)

o
Where: $
v

Vin and Vp, are the normal components of the velocities along the line of centers

N is the unit vector along the line of centers

c) Collision Detection .

e; = 0:9 is the coefficient of restitution for ball-ball collisions Q()

Wall collision occurs when: @

. L .. L \ L
X5 rnoyl EOQT 1zl 5 r (20)

where L is the box size and r is the ball rad'Q
Ball-ball collision occurs when the dista@ie

o ®j  2r (21)

L 4
These equations collective@ri;e the dynamics of the balls, including their motion under
ith'Wwal

Is and other balls, and the criteria for recording significant collision

een ball centers is  2r:

acceleration, elastic collisions w

events in the simulation. 0
2) Refined dqwrawrs

Python is &to’simul e fhi§ system, however, normal code fails to differentiate between nearby
collisions, result}'ng na, tti string’ of collisions which are physically impossible.
To fdgmgs® the issue excessive and unnecessary collision recordings in a ball-wall collision

simuggtion, a refined approach that incorporates a speed threshold for collision detection is introduced.

rocessed. Below, the modifications made to the existing simulation code to implement this feature

(Vre outlined.

Wat od ensures that only significant collisions, based on a predefined relative speed, are recorded



a) Relative Speed for Ball Collisions

Viel = JVon  Vipj &é)
b) Minimum Speed Threshold for Recording Collisions &

j¥ > 01 ; (23)
3) Simulation constants and parameters Q()

The simulation is defined with the following constants:
L 4

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

Coefficient of restitution for ball-wall collisions (&;): 0.95

Radius of each ball (r): 1.0 0\

Side length of the cubic box (I): 10.0

Acceleration field components (a1, ap, a3): , WU, -9.81), representing gravity acting in the z-

direction ()
ball numbers (NUM_BALLS$ 10 @

Simulation time (Simulation_timeQIO0.0 seconds

*
A list named COIIiSionpo%@ used to store details of each collision, including the position
oNyal

(x, y, z), type of collision (ball 1), and the relative speed at the point of collision.

4) Collision detecti tions

In the simulation Sys , 2 foctions are designed, one is Update Positions and Velocities and the

other is Check Vyall COHISiOW
.
The functigl dat %‘I ns_and_velocities iteratively updates the velocity and po-

sition ofgfagh all base@he acceleration and checks for collisions with walls and other balls. Wall
colli"ons processed to reflect off the walls with a restitution factor, and ball collisions are handled

ple elastic collision physics.

‘f‘g{
Q he function check_wall_collision is specifically designed to handle wall collisions more

(Vccurately :

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, con i
the ball’s radius. {
Speed Threshold: A minimum speed of 0.1 units is set to filter out insignificant @ons. Only
collisions where the relative speed exceeds this threshold are recorded. Yu

Collision Recording: If the collision is significant, the ball’s position and Ve@/ ate corrected, and

the collision details are logged.

The simulation initializes a set of balls with random positions a ocities and simulates their
motion over the specified time. Collisions are recorded and processed \Qgcnbed.
After the simulation, the collision points are plotted in % tter plot using Matplotlib, with
different colors representing wall and ball collisions. The wglative€peed of ball collisions is visualized

using a color gradient. Additionally, collision details are s to a text file for further analysis.

This refined approach to collision detection in ions not only enhances the accuracy of the

simulation by preventing the recording of trivial ¢ ns but also provides a clearer visualization of the
dynamics involved. By implementing a spee old, the simulation focuses on significant interactions,
thereby improving both the performanc the utility of the simulation results.

5) 3D Collision cloud %

A 3D Graph of collisions @h ox offer a visual representation of the potential interactions
between rigid balls.

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

It can be deriv myhe grz&that the larger the ball number, the more collisions will be observed
during a given jéine pgriod. can also further supported through energy analysis and acoustic data
collected frome}glme @wwn further down in the paper.

In t@ﬂ,’a relatim between ball numbers and the number of ball-ball collisions and ball-wall
colligions ¢&n be demonstrated in Figure 8.

%ugh stored collisions, collision count as well as sound energy can be acquired. As Ecgjiision =

P
, Where U = (% )P(X;t)?, and Eqotar = |-, E;i total energy was calculated through simulation of

(Vressure fields in Figure 9.

11
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Fig. 5. Collision clound of 2 b%
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B. Traditignal ﬁcoustl a eanaIyS|s

*

Flg 6. Collision clound of 5 balls

1t1a1 ” the input time domain sound signal X(t) is transformed into the frequency domain using

Q‘ED -Time Fourier Transform (STFT) to obtain the spectrum for each frame of the signal:
W X(";t)= STFTfx(t)g (24)

12
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