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ABSTRACT 
The artificial intelligence (AI) field has encountered a 

turning point mainly due to advancements in machine learning, 

which allows systems to learn, improve, and perform a specific 

task through data without being explicitly programmed. Machine 

learning can be utilized with machining processes to improve 

product quality levels and productivity rates and to optimize 

design and process parameters. The systems for acoustic event 

detection and classification (AED/C) of noise events is a process 

consisted of feature extraction of the signals, meaning 

processing acoustic signals and converting them into symbolic 

descriptions that correspond to the various sound events present 

in the signals and their sources. The main objective of the AED/C 

systems is to develop algorithms able to recognize and classify 

sound events that occur in the chosen environment, giving an 

appropriate response to users. 

By utilizing the acoustic events detection and classification 

systems, a clear set of design requirements can be extracted 

based on the noise to be attenuated. A smart structure design for 

noise attenuation needs clear noise input for proper smart 

material choice, placement and active control. This paper shows 

a method for detection of noise events based on machine-

learning algorithm that can be further used for definition of 

design requirements. 

Keywords: Artificial Intelligence, Machine learning, 

acoustic event detection and classification (AED/C), noise 

attenuation, smart structure design  

1. INTRODUCTION
According to the WHO [1], the noise is the third main

pollutant directly affecting the quality of life in the urbanized 

environments. Scientific studies have discovered that various 

psychological stresses, chronic hearing losses and cardiovascular 

illnesses are related with the excessive exposure to the 

environmental noise [2]. To create less noisy environment based 

on the smart city concept and Internet of Things, innovations on 

noise control technologies were developed, such as acoustic 

event detection and classification systems [3], active noise 

cancellation systems [4] and sound absorbing structures [5]. 

The rapid development in the field of artificial intelligence 

makes computers capable of solving problems that are of great 

environmental importance, including the development of 

systems for detecting sound events in the field of noise. Machine 

learning methods are applied to systems in order to recognize 

acoustic events, places and/or instruments. The machine 

listening technique is part of the machine learning method that 

relies on the idea that systems can learn from data, identify 

features, and make decisions with minimal human intervention. 

Based on the advanced technology of AI, acoustic event 

detection and classification systems are developed for 

simplifying the classic traditional methods for estimation of the 

noise pollution. The main objective of the AI-based systems is to 

develop algorithms able to recognize and classify sound events 

that occur in the chosen environment, giving an appropriate 

response to the users. AED/C systems take part in the field of 

machine learning systems, which is defined as the ability of 
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computers to listen like humans, distinguishing speech from 

music and background sounds, including the ability to detect 

additional events. 

The smart materials have unique properties enabling 

respond to external stimuli (stress, temperature, electric field, 

magnetic field, moisture, pH, etc.) by altering one or more of 

their inherent properties in a controlled way. The integration of 

smart materials (embedded or surface bonded, discrete or 

continuous) with structures in the form of sensor and actuator 

make them smart or intelligent structures [6, 7]. These smart 

structures are adaptive structures capable of sensing and 

adapting their static and dynamic response. Using the smart 

materials, a number of techniques have been developed in the 

field of noise reduction technologies.  

One of the significant noise control technologies is utilizing 

the concept of the smart materials, such as piezoelectric shunt 

damping and shape memory polymer for mitigating noise over a 

broad acoustic bandwidth [8]. In the process of energy 

transduction and dissipation, the piezoelectric sheet (or the 

damper element) effectively exerts mechanical damping on the 

panel, thereby, preventing the propagation of noise through the 

structure. In [9], the researchers established a finite element 

model of the double-layered piezoelectric acoustic metamaterial 

system, analyzing the relationships of the reflection, 

transmission, and absorption coefficients of the system in terms 

of structural damping and shunted resistance. The results show 

that the propagation characteristics could be controlled by 

attaching piezoelectric sheets to membranes of a double-layered 

acoustic metamaterials. In [10], the research and development of 

active control systems was used to complement passive noise 

abatement techniques in applications in the field of means of 

transportation. The development of dedicated actuators 

integrated in materials and control algorithms can be exploited 

to other areas of the acoustics, like sound comfort and audible 

communication enhancement. The appropriate design of smart 

materials by focusing on making different physical structures in 

order to form meta-materials could control certain range of 

frequencies of broad band i.e., 20Hz-20 KHz, thus eliminate the 

unwanted sounds [11]. 

Implementing the AED/C systems for controlling the 

stiffness properties of smart materials could result in elimination 

the unwanted disturbing sound events and noise level reduction. 

In this paper, a system for acoustic event detection and 

classification based on the AI techniques will be analyzed, 

describing the system design and applying the audio parameters 

to the Random Forest algorithm in order to form AED/C system 

that will predict noise events in the class where they belong with 

high accuracy. By implementing the algorithm as an input 

parameter in smart material noise barriers, effective noise 

reduction can be established. The properties and shape of the 

smart meta material structure could be reconfigured for each 

sound event class by applying fine tuning of the structure.  

The organization of this paper is as follows: Section 2 

presents architecture of the AED/C system, describing the 

important processes that are used, focusing on the feature 

extraction techniques and the used machine learning algorithm. 

Section 3 presents the results from the designed AED/C system; 

the use of the system for smart material design for noise 

reduction is explained in Section 4. Section 5 discusses the 

conclusions and the proposed future work. 

2. ARCHITECTURE OF THE AED/C SYSTEM
Endowing machines with capabilities of sensing similar to

those of humans is a long followed goal in several engineering 

and computer science disciplines. Acoustic event detection and 

classification is a recent discipline that may be included in the 

broad area of computational auditory scene analysis. It consists 

of processing acoustic signals and converting them into symbolic 

descriptions corresponding to a listener’s perception of the 

different sound events present in the signals and their sources. 

The main idea is to make the machines and computers able to 

detect and classify events occurring in their environment, so that 

they can produce a suitable response to their users’ needs. Figure 

1 shows the architecture for the constructed supervised machine-

learning system for urban sound recognition. 

Fig. 1. Block diagram illustrating the architecture of 

environmental sound recognition system 

By applying the main processes of signal pre-

processing/detection, feature extraction and machine learning 

algorithm, the results is to have system that with high accuracy 

will recognize the unknown sound events.  In the event detection 
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part, the sound is classified due to the determined classes from a 

labeled audio dataset in their temporal domain. The next step is 

extracting the features that are important for the recognition 

system. In this process, three types of audio features will be 

extracted in order to find the best features for the AED/C system, 

as the selection of appropriate signal features is key issue for 

successful environmental sound recognition. Next, AI will be 

applied to the system by employing random forest machine 

learning algorithm. By combining the right audio parameters 

with chosen machine learning algorithm, system with high 

accuracy can be established. The system must first go through a 

training process known as offline process which creates acoustic 

model based on labeled dataset for training the machine learning 

algorithm. The next step is testing, i.e. recognizing unknown 

sound signals and classifying them into an appropriate class 

based on the information gained during training (known as 

online process). The ultimate goal is to have high accuracy of the 

used systems, meaning having recognizable sound events that 

are appropriately classified in their belonged class. 

As the sound systematization is the first step when building 

AED/C systems, a dataset based on a defined taxonomy for 

urban sound research will be used, delivered by the researchers 

[12]. The UrbanSound8K dataset is consisted of 8732 data 

divided in 10 classed of sound, as shown on Figure 2. 

Fig. 2. The percentage participation of the 8732 samples in the 

10 classes of noise events 

From the preprocessed data of the UrbanSound8K 

dataset shown on figure 2, it can be noticed that the samples are 

evenly separated for the classes, except for gunshot and car horn, 

as they are impulsive sounds and can be easily recognized.  

2.1 Feature extraction 
For the audio parametrization of the sound events, three 

feature extraction parameters were used: Mel Frequency 

Cepstral Coefficients (MFCCs), Chromagram and Spectral 

Contrast. Figure 3 shows the steps of the digital signal processing 

for the used feature extractors. 

The MFCC parameter has been largely employed in the field 

of environmental sound classification because of the high 

accuracy establishment of the system. Firstly, a Fast Fourier 

transform of the windowed input signal is computed. Then a 

Mel-filter bank based on a perceptual-based frequency scale 

(human auditory model in which the Mel-scale frequency is 

inspired), consisting of logarithmically positioned triangular 

band-pass filters is applied. After taking the logarithm of the 

magnitude of the band-pass filtered amplitudes, the Discrete 

Fourier Transform is taken in order to obtain MFCCs. 

Chromagram or Chroma-based feature is a spectrum-based 

energy representation that takes into account the 12 pitch classes 

within an octave (corresponding to pitch classes in musical 

theory), and it can be computed from a logarithmic fast Fourier 

transform [13]. 

Spectral contrast feature is defined as the difference between 

peaks (that generally correspond to harmonic content in music) 

and valleys (where non-harmonic or noise components are more 

dominant) measured in sub-bands by octave-scale filters and 

using a local criteria and factor in its computation [14]. To 

represent the whole music piece, mean and standard deviation of 

the spectral contrast and spectral peak of all frames are used. 

Fig. 3. Feature extraction of the audio signals 

When the process of feature extraction is finished, the 

formed feature vectors of each audio file are used for training 

and testing the system using the Random Forest machine 

learning algorithm.  

2.2 Machine Learning algorithm 
Random Forest (RF) is a supervised learning algorithm 

where the built forest is an ensemble of multiple decision trees 

merged to get a more accurate and stable prediction. The 

algorithm is a combination of tree predictors such that each tree 

depends on the values of a random vector sampled independently 

and with the same distribution for all trees in the forest. Random 

Forest adds additional randomness to the model while growing 

the trees. Instead of searching for the most important feature 

while splitting a node, it searches for the best feature among a 

random subset of features. This results in a wide diversity that 

generally results in a better model. Therefore, in Random Forest, 

only a random subset of the features are taken into consideration 

by the algorithm for splitting a node. 
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The common element in the process is that for the kth tree, a 

random vector 𝜃𝑘 is generated, independent of the previous

random vectors 𝜃1,..., 𝜃𝑘−1 but with the same distribution; and a

tree is grown using the training set and random vector, resulting 

in a classifier h(x,k) where x is an input vector. In random split 

selection, the random vector 𝜃 consists of a number of 

independent random integers between 1 and K. The random 

forest classifier consists of a collection of tree-structured 

classifiers {h(x, 𝜃𝑘 ), k = 1 . . .} where the {𝜃𝑘} are independent

identically distributed random vectors and each tree casts a unit 

vote for the most popular class at input x. 

Random inputs and random features produce good results in 

classification, especially in the systems for environmental noise 

recognition and classification. 

3. RESULTS
A system for acoustic event detection and classification was

built and tested using the above-mentioned features and ML 

algorithms. While testing and training the system, nine folders of 

the database were used for training, while one folder was used 

for testing the model (10-k validation). In the first phase, the 

audio parameters were used separately for extraction. As shown 

on Figure 4, the parameter itself gives high accuracy of the 

system (55,70%). The MFCC parameter was tested with 

coefficients varying from 10 to 50, and it was decided to work 

with 40 coefficients as they give the highest accuracy. 

Afterwards, the parameters were combined in order to choose 

parameters that give the system the highest accuracy. The 

combination of the three used parameters, MFCC, chromagram 

and spectral contrast give the highest accuracy of the system with 

68,34%. 

Fig. 4. Accuracy of the AED/C system for different feature 

extractors 

        The next step is consisted of optimizing the Random Forest 

algorithms, by choosing the best set of variables that will be used 

when constructing the ML algorithm. The process is called 

hyperparameter optimization or tuning, resulting in choosing a 

set of optimal hyperparameters for a learning algorithm. Three 

hyperparameters were chosen for optimizing the Random Forest 

algorithm: the maximum depth, the minimal samples leafs and 

the number of estimators. The maximum depth of the trees shows 

the number of expanded nodes, while the minimum sample leafs 

represents the minimum number of samples required to be at a 

leaf node. The number of estimators represent the number of 

trees used in the forest. 

The optimization of the Random Forest algorithm resulted 

with high accuracy of 91,88% of the tested data. Figure 5 

represents the confusion matrix from the results of the 

constructed AED/C system. 

Fig. 5. Confusion matrix of the system 

         From the confusion matrix, it can be concluded that model 

is mostly making the same types of mistakes that a human might: 

jackhammering with drilling, drilling with street music, dog bark 

with children playing. Most of the similarities indicate that the 

feature extraction techniques are validly representing the 

predicted data, similar as human would. 

         Implementing the AED/C system as an input parameter for 

fine-tuning of the smart materials noise barriers could result in 

noise reduction of the disturbing sound classes.  

4. SMART MATERIALS NOISE BARRIER DESIGN
Implementing smart design of a noise barrier by using the

AED/C system as input parameter could result in creating 

effective system for noise reduction. The metamaterials as a class 

of smart materials could be used as noise barrier. Metamaterials 

are fabricated from multiple elements from material that exhibit 

specific acoustic and electro-magnetic properties. Despite of the 

natural materials, the metamaterial structures can efficiently 

manipulate wave propagation based on required parameters that 

are given from the acoustic event and classification system. 

The acoustic metamaterials (AMM) are artificial materials 

that comprise of periodic arrangement of sub-wavelength micro 

structures, designed to manipulate sound waves in a manner not 

found in conventional acoustic materials. AMMs are able to 

achieve extra-ordinary sound wave manipulation by controlling 

the critical acoustic properties of the material such as adiabatic 
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bulk modulus (B) and effective mass density (ρ) [11]. 

Combining the shape and geometry of the microstructures and 

changing the acoustic properties of the materials could result in 

effective noise reduction system. In addition, by using shape 

memory polymer as base material, higher controllability can be 

established as the stiffness of the material can be controlled with 

different voltage inputs that depend from the type of noise 

source. 

Figure 6 shows the design algorithm of the smart material 

noise barrier. The urban environment has many mixed noise 

sounds. By applying the constructed acoustic event and detection 

system, the disturbing sound events could be detected and 

classified in the class where they belong. Each sound class has 

different frequencies and energy resulting in different patterns. 

The disturbing sound class is an input parameter in the smart 

material noise barrier. The noise barrier is constructed from 

small parts of smart materials that form meta-material capable of 

changing its properties. The fine-tuning of the smart material 

could result in reconfigure the intelligent surface and the 

properties by activating unit cells and changing the stiffness of 

the shape memory polymer.  

Fig. 6. Design algorithm for the smart material noise barrier 

       Schematic representation of the smart material noise barrier 

is shown on Figure 7. As shown on the figure, the smart noise 

barrier is consisted from meta-material which has n number of 

unit cells. Each unit cell is consisted of separate piezoelectric 

materials with different properties (stiffness). Depending from 

the signal extracted from the AED/C system, certain number of 

unit cells are activated in exact part of the structure, forming a 

pattern that results noise reduction and blocks the disturbing 

noise sources. The activation of the different unit cells depends 

from the dominant noise source classified from the AED/C 

system. Higher controllability is achieved by changing the 

stiffness of the base by adding different voltage. 

Fig. 7. Schematic representation of the smart noise barrier 

         Figure 8 shows different types of smart noise barriers. As 

stated earlier, besides the activation of the piezoelectric 

materials, they could also change their shape, which results in 

different noise mitigation properties. By changing the voltage of 

the base material, the stiffness of the shape memory polymer 

changes its properties. High noise mitigation of disturbing noise 

sources could be achieved by choosing the right combination of 

the shape and properties of the piezoelectric material and the 

shape memory polymer. 

Fig. 8. Types of smart noise barriers 

       The smart material noise barrier could be efficient solution 

for noise reduction in the urban living environments. Despite the 

unique properties and shape change for acoustic reduction, these 

materials are lightweight and responsive, enhancing the 

performance of the systems. 
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5. CONCLUSION
By utilizing the acoustic events detection and classification

systems, a clear set of design requirements can be extracted 

based on the noise to be attenuated. A smart structure design for 

noise reduction needs clear noise input for proper choice of smart 

material properties. By using the acoustic noise event detection 

and classification system, the output signal from this system can 

be used as an input parameter for design of smart material noise 

barrier.   

The future work continues in the field of the smart material 

design from the proposed concept, defining the design 

requirements and choosing the right shape and properties of the 

smart material structure. 
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