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Abstract—The process of audio classification involves categorizing audio signals into predefined classes based 

on their acoustic characteristics. Deep learning techniques have played a significant role in addressing this issue. 

Researchers have proposed various approaches to advance the field, including exploring different neural network 

architectures, incorporating auxiliary information like keywords or sentence information to guide audio 

classification, and implementing diverse training strategies.  In this study, the researchers propose the use of a 

Long Short-Term Memory (LSTM) network for classifying environment sounds. The UrbanSound8K dataset's 

audio data files are categorized into 10 classes using the proposed LSTM model. The researchers evaluate the 

model using various metrics. The results show an accuracy of 0.86, precision of 0.87, recall of 0.87, support value 

of 1747, and an f1 score of 0.87 achieved by the proposed model. The researchers compare their methodology 

with state-of-the-art approaches and present the empirical evaluation alongside their findings. 
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I. INTRODUCTION 

Sound Classification is the practice of recognizing and classifying sounds according to their attributes 

and features. Acoustic monitoring, voice recognition, and music information retrieval are just a few of the 

numerous disciplines that use it as a core job. The goal of sound classification is to create algorithms that can 

categorize sounds. Since many years [1] ago, categorizing audio or sound has been a significant area of research, 

and there are numerous tried-and-true techniques with various models and features that have shown to be efficient 

and reliable. The technique of classifying audio signals into predetermined groups based on their acoustic 

characteristics is known as sound classification. The task of identifying and categorizing sounds that occur in 

natural or artificial surroundings, such as animal sounds, traffic noise, or human speech, is known as 

environmental sound classification.  

Sound classification is a significant field of study with numerous [2] real-world applications. It can be 

used to enhance the precision of audio recognition systems and to automatically categorize songs according to 

their genre or mood in music information retrieval systems. It can be used in environmental monitoring systems 

to identify and categorize noises coming from various sources, including those made by machines, cars, and 

animals. The frequency range and temporal correlations are relatively little-known concepts. The three stages [3] 

of the sound recognition challenge are signal pre-processing, the extraction of certain features, and their 

classification. The input signal is split into many segments during signal pre-processing, which is used to extract 

associated features. Data size reduction can be achieved through the process of feature extraction. Feature 

extraction involves transforming complex data into compact feature vectors. By extracting meaningful features 

from the data, the dimensionality of the dataset can be reduced, resulting in a more concise representation of the 

information. However, because environmental sounds typically exhibit [4] non-stationary behavior, many 

linear/deterministic prediction techniques frequently fail to capture the characteristic, making performance 

enhancement more difficult nowadays. 

A number of properties from audio signals can be extracted using signal processing techniques, and the 

features are then utilized to train ML models for audio classification and other applications. Spectral features [5], 

Temporal features [6], Mel-frequency cepstral coefficients (MFCCs) [7], Pitch and timbre [8] characteristics, 

Wavelet features, Harmonic-percussive separation features [9], etc. are some typical features that can be produced 

using signal processing techniques. In addition to features created by signal processing techniques, such as 

MFCCs, Discrete Wavelet Transform coefficients, and Matching Pursuit features. 

The use of ML algorithms is one of the most used methods for classifying sounds. On a dataset of audio 

files that have been labeled with the corresponding categories, these algorithms are trained. In order to classify 

new sounds, the algorithms learn to identify patterns in the data that are exclusive to each category. There are 

several types of machine learning algorithms that can be used for sound classification, including the k-Nearest 

Neighbors (KNN) [10] algorithm, Support Vector Machine (SVM) [11], Gaussian Mixture Model (GMM), and 

Hidden Markov Model (HMM) [12]. Deep neural networks (DNN) enable feature engineering while maintaining 

classification accuracy and even surpass [13] the conventional approaches, in contrast to the approaches 

mentioned. Convolutional neural networks (CNN) are very effective in capturing Spectro-temporal patterns from 
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spectrogram-like input. The other class of neural network designs used for sound categorization are CNN hybrids. 

CNNs, in particular, have recently gained prominence as a potent method for sound classification. Using 

unprocessed audio signals, CNNs may automatically extract pertinent features and learn to categorize them into 

several sound classes. In addition to ML and deep learning (DL) algorithms, there are also rule-based approaches 

to sound classification. Rule-based methods involve defining a set of rules or heuristics that can be used to classify 

sounds based on their properties. These approaches are often used in acoustic monitoring applications, where the 

goal is to detect specific sounds, such as bird calls or frog choruses. The complex and varied nature of 

environmental sounds, however, makes it difficult to develop an efficient CNN model for environmental sound 

classification. 

Audio classification datasets, which consist of substantial collections of labeled audio recordings 

organized by their acoustic properties, are crucial for training machine learning models to identify and categorize 

various types of sounds. The most popular datasets for audio classification include UrbanSound8K [14], ESC-50 

[15], GTZAN Genre Collection [16], Voice Commands, and AudioSet [17]. Each of these datasets has distinctive 

qualities of its own, with some concentrating on particular sound types, such as spoken commands, musical genres, 

or environmental sounds. In this study, the appropriateness of an LSTM model for classifying urban sounds using 

the UrbanSound8K dataset is explored and analyzed. 

The following is an overview of the research contributions: 

• The UrbanSound8K dataset has been used to train and evaluate an LSTM model designed for the 

classification of environmental sounds. The evaluation encompasses performance metrics such as 

accuracy, precision, support, F1 score, and recall. 

• A comprehensive comparative analysis of cutting-edge methodologies recently published in the field 

of audio classification has been conducted. This examination reveals the strengths and weaknesses of 

these novel approaches, providing valuable insights for further exploration. 

• Furthermore, the proposed architectural framework has been compared to state-of-the-art classification 

algorithms, primarily in manners of accuracy. This assessment allows for a rigorous appraisal of the 

model's performance and efficacy. 

• The study explores the impact of diverse training strategies and the incorporation of auxiliary 

information on the overall performance of the LSTM model. This empirical investigation unravels the 

nuanced interplay between factors, enriching the understanding of the model's capabilities and 

limitations. 

• The findings of this research contribute to the existing knowledge in the field, providing profound 

insights into the efficacy of the LSTM model for urban sound classification. Consequently, this work 

holds substantial implications for both academic researchers and practitioners seeking to advance the 

domain. 
The paper is structured as follows: The latest research in this area is compiled in Section 2 along with a 

comprehensive evaluation of state-of-the-art approaches. The suggested model architecture is thoroughly illustrated 
in Section 3, along with every feature extraction and data pre-processing method. Following the presentation of the 
findings and the subsequent analysis in Section 4, Section 5 statistically examines the importance of the suggested 
methodology. In Section 6, along with the future scopes, conclusions have also been formed. 

II. LITERATURE SURVEY 

There has been a tremendous amount of research in the field of audio classification using machine 

learning (ML). Researchers have explored the use of artificial intelligence (AI) and ML techniques to improve the 

accuracy of automated classification tools. In 2017, Huy Phan et al. [18] proposed a deep RNN for the purpose of 

classifying the environment in which the model extracts both temporal and spatial characteristics from the audio 

data by combining CNN and RNN layers. For the LITIS Rouen dataset, the suggested method received an F1-

score of 97.7%. In [19], the authors introduced a Convolutional Recurrent Neural Network (CRNN) architecture 

that combines convolutional and recurrent layers to capture both local and global aspects of sound sources. An 

ensemble approach of CNNs [20] was employed to improve the classification performance on the hypothesis that 

single CNN may not be sufficient to capture all the complex features.  

In the publication [21], a novel method for estimating rainfall from audio data is presented, and it is 

shown how well a CNN architecture does this task. This method may be used in various circumstances when 

estimating rainfall is crucial, such as in flood warning systems. The authors, Nithya Davis et al. [22], train 

numerous CNN models using various architectures and hyperparameters and assess their effectiveness using the 

ESC-50 dataset. The best model outperforms previous techniques for environmental sound classification, 

achieving an accuracy of 86.2%. For the ESC-50 dataset, a deep CNN model with a VGG-style model and a 

ResNet model was proposed in [23]. The models that were trained with data augmentation perform noticeably 

better than those that were trained on the original dataset without it. 

Using the DCASE 2017 Challenge dataset, the authors [24] assessed their system and demonstrated that 

it outperforms conventional techniques by achieving a classification accuracy of 85%. Furthermore, they 



demonstrated how the SED module can accurately detect when background noises appear in the audio segments, 

which is helpful for speech recognition and other audio processing tasks. The paper [25] introduced a novel 

approach for categorizing environmental sound using a concatenated spectrogram and a deep CNN. The findings 

concluded that the suggested model outperformed the alternatives and has promise for use in acoustic monitoring 

and soundscape analysis, among other applications. A comparison study of various semi-supervised deep learning 

methods for audio categorization tasks was provided by Léo Cances et al. [26]. The scientists employed two 

distinct datasets, UrbanSound8K and FSD50K, which both included a sizable number of audio recordings of 

various sound classifications, including siren, car horn, and dog barking. These datasets were subjected to the 

Pseudo-Labeling, Mean Teacher, and MixMatch algorithms, which are three separate semi-supervised learning 

techniques. According to the findings, the MixMatch algorithm is a good method for categorizing audio files and 

has promise for use in acoustic monitoring and sound event identification. 

The study [27] suggested a method for automatically choosing features in audio categorization using 

spectrogram images. The suggested technique chooses a small subset of pertinent characteristics from a huge pool 

of features derived from the spectrogram images using a combination of two feature selection algorithms. The 

approach presented by Arooshi Taneja et al. [28] extracts information from cardiac sound waves and categorizes 

them into several groups, such as normal, murmur, and pathological. The authors of the study assessed the 

performance of their suggested categorization approach against those of other methods already in use using a 

publicly available dataset of heart sounds. Using a deep audio feature extraction strategy, a Bidirectional LSTM 

(BLSTM) network [29] was developed in 2018 for classifying acoustic scenes. The proposed method is assessed 

on the DCASE 2019 Task 1B dataset, which contains audio recordings of 10 different acoustic scenes. The 

findings indicated that the suggested approach, which achieves an accuracy of 83.5%, outperformed numerous 

state-of-the-art methods on the grounds of classification accuracy.  

An approach for categorizing audio was proposed by Krishna Kumar et al. [30] that incorporates feature 

extraction, neural network classification, and principal component analysis (PCA). The UrbanSound8K dataset 

includes audio recordings of various environmental sounds and is used to assess the approach. The findings 

demonstrate that the suggested strategy outperforms various cutting-edge techniques, with a classification 

accuracy of 87.1%. An approach for categorizing audio based on fuzzy-rough nearest neighbor (FRNN) clustering 

is employed in [31]. To address uncertainties and inconsistencies in the data, the FRNN clustering algorithm 

combines fuzzy set theory and rough set theory.  The ESC-50 dataset and the UrbanSound8K dataset are used to 

evaluate the approach. The findings demonstrate that the suggested strategy performed various novel approaches 

and produced excellent classification accuracies. In order to deal with uncertainties and inconsistencies in the 

data, the FRNN clustering method is shown to be successful, and when combined with MFCC features, it produces 

successful outcomes for audio classification. 

To deal with the issue of different sound lengths in the dataset, the adaptive data padding approach was 

introduced in [32]. To make sure that all audio samples are the same length, it applies adaptive data padding to 

the MFCCs by inserting zeros at the beginning and end of each audio sample. The system divides the audio 

samples into various sound categories using a deep CNN. The padded MFCCs and their related labels are used to 

train the CNN. The algorithm surpasses other cutting-edge sound classification algorithms and achieves excellent 

classification accuracy. For identifying environmental sounds, Mohamed Bubashait et al. [33] suggested a 

machine learning-based method. The program effectively chooses representative samples from the dataset and 

increases classification accuracy by using a method known as optimum allocation sampling. The system divides 

the audio samples into various environmental sound categories using a deep CNN. The chosen subset of data and 

their related labels are used to train the CNN. The algorithm surpasses other cutting-edge sound classification 

algorithms and achieves excellent classification accuracy.  

A machine learning-based method for identifying speech activity and classifying sound events in audio 

signals is the Two-Stage LSTM-Based Method for Voice Detection with Sound Classification [34]. LSTM 

networks are employed in the method in a two-stage process. The approach outperforms other cutting-edge 

techniques in vocal activity recognition and sound event categorization tasks, achieving high accuracy in both. 
In recent years, there has been a lot of crucial study in the field of audio classification. For audio categorization, 

a number of strategies have been put forth, including deep learning-based techniques like CNNs, RNNs, and LSTM 
networks. The MFCCs method, which has been demonstrated to be successful in capturing the spectrum properties 
of audio signals, is one frequent audio feature extraction technique used in audio categorization. In order to expand 
the quantity and diversity of audio datasets, different data augmentation techniques, for instance, time stretching 
and pitch shifting, have also been applied. Many studies have also concentrated on using hierarchical methods for 
audio classification, such as multi-level classification and auditory event detection, as well as contextual 
information. 

III. PROPOSED METHODOLOGY 

The research makes substantial efforts to improve the outcomes and precision of audio classification. 

The authors have developed an LSTM model for the multinomial classification of audio. Before providing input 



to the model, the data has undergone pre-processing. Figure 1 depicts the flow diagram for the proposed LSTM 

method. 

A. Dataset Description 

The UrbanSound8K dataset [35] is a widely utilized dataset for sound classification problems, particularly those 

involving urban sounds. It includes 8732 labeled sound recordings comprising 10 distinct urban sound categories, 

such as air conditioner, jackhammer, siren, car horn, children playing, dog barking, drilling, gunshot, engine 

running and street music. The dataset has a variety of sounds, which is one of its benefits. The dataset includes a 

wide variety of sounds that are typical of metropolitan settings, including both transient and stationary noises 

(such air conditioners and vehicle idle). The dataset is ideally suited for testing and training sound classification 

algorithms capable of handling a wide spectrum of distinct sound categories because of its diversity. 
 An additional benefit of the UrbanSound8K dataset provides high-quality sound recordings meticulously 

labeled and collected using state-of-the-art equipment. This dataset ensures accuracy and consistency, critical for 
precise sound classification tasks.  

 

Figure 1. This figure shows the flow diagram for the proposed LSTM method. 

 
It has been extensively employed in studies involving deep learning sound classification models, spatial analysis 

of urban sounds, and evaluating sound classification techniques in noisy environments. Table 1 displays the 
frequency distribution of audio files across various classes.  

Table 1. Dataset distribution of UrbanSound8K dataset. 

S. No. 

Title of Audio 

Sample 

Count of Audio 

Sample 

1 air_conditioner 1000 

2 siren 929 

3 children_playing 1000 

4 street_music 1000 

5 drilling 1000 

6 engine_idling 1000 

7 car_horn 429 

8 jackhammer 1000 



9 gun_shot 374 

10 dog_bark 1000 

 

Several contests, notably the DCASE 2018 and 2019 challenges, have also utilized the dataset. The 

UrbanSound8K dataset has become a benchmark for sound classification problems as a result of these 

competitions, which have promoted the development of fresh and creative sound classification methods. 

B. Data Pre-Processing 

The audio files in the UrbanSound8K dataset were preprocessed, which involved resampling them to a 

constant sample rate and bit depth to standardize the audio data. The UrbanSound8K dataset required 

preprocessing to prepare it for sound classification tasks. This included normalizing the audio data, extracting 

relevant features, generating enriched versions of the data, reducing computing costs, and standardizing the audio 

data. Consequently, the data was preprocessed before being used in subsequent evaluations that adhered to 

standard practices. 

The audio files were resampled to a constant sample rate of 22050 Hz to standardize the data. Then, 

features were extracted using the melspectrogram function, which applies a frequency-domain filter bank to audio 

signals, and the features from the audio files were converted into NumPy arrays. Various feature extraction 

techniques, such as time - domain features[36], frequency - domain features [37], and time - frequency features 

[38], are frequently employed in audio processing. 

The audio data was converted into a spectrogram to extract the features using the melspectrogram() [39] 

function from the librosa library, which applies a frequency-domain filter bank to windowed audio signals. The 

resulting spectrogram was then converted into decibels, which computed the scaling in a numerically stable 

manner. The spectrogram was displayed as an image using the specshow() [40] function from librosa, with the 

spectrogram plotted with frequency on the y-axis and time is plotted on the x-axis. The y_axis parameter was set 

to 'mel' to utilize a Mel frequency scale, and the maximum frequency parameter was set to 8000 to limit the 

frequency range to 8 kHz. MFCCs were utilized to transform the features due to their advantageous characteristics. 

Subsequently, the features were normalized to enhance model convergence and accuracy. The UrbanSound8K 

dataset consists of 10 unique string labels; therefore, label encoding was performed to map the string labels to 

numerical values (0-9) using the LabelEncoder function from the Scikit-Learn library. Spectrograms depicting 

sets of frequencies in the audio were shown in Figure 2 (a-c). 

 

  
(a) (b) 

 
 

(c) 
Figure 2(a) Spectrogram depicting set of frequencies in jackhammer audio. (b) Spectrogram depicting set of 

frequencies in drilling audio. (c ) Spectrogram depicting set of frequencies in dog_bark audio. 



C. Model Architecture 

The UrbanSound8K dataset is a popular dataset that has been extensively utilized in studies to develop methods 
for the classification of urban sounds. There have been several novel approaches based on employing CNN [41], 
Recurrent Neural Networks (RNN) [42], SVM [43-44], Random Forest [45], K-Nearest Neighbours (KNN) [46], 
etc. Here, the authors have proposed employment of the LSTM model to classify audio files. 

1) Long Short Term Memory (LSTM):  

 

LSTM [47] models have been extensively used in audio classification tasks. Audio classification involves 

categorizing audio signals into specific classes or categories based on their acoustic characteristics. LSTM models 

are particularly effective in capturing temporal dependencies and long-term patterns in audio data, making them 

efficient for tasks such as speech recognition, music genre classification, environmental sound classification, and 

more. By leveraging the sequential nature of audio signals, LSTM models can learn and extract meaningful 

features that contribute to accurate audio classification. Their ability to handle variable-length input sequences 

and capture temporal dynamics makes LSTM models a popular choice in the field of audio classification. 

With their recurrent structure and memory cells, LSTM models excel at capturing temporal dependencies 

and modelling sequential patterns in audio data making them highly suitable for tasks such as audio event 

detection, speech recognition, and sound classification. By processing audio signals over time and retaining long-

term contextual information, LSTM models can effectively differentiate between various audio classes based on 

their acoustic characteristics. Their ability to learn from sequential data and adapt to different audio contexts has 

led to significant advancements in audio classification research, enabling more accurate and robust classification 

of diverse audio signal. 

 

 

 
Figure 3. An overview of the LSTM architecture [48] 

 

2) Proposed LSTM Algorithm:  

 
The proposed methodology utilizes an LSTM model comprising two LSTM layers. These layers have sizes of 

128 and 64 units, respectively. The input shape of the model corresponds to the shape of the training data, including 
the number of MFCC coefficients, time steps, and channels. It is important to consider the input vector's size as it 
affects the number of parameters in the network and the computational complexity of training and inference. 
Dropout regularization is employed in the LSTM layers with a rate of 0.2 to prevent overfitting and facilitate 
learning robust features. 

 

The model's output layer consists of a dense layer with 10 units and utilizes a softmax function to predict class 
probabilities. To compile the model, the sparse_categorical_crossentropy loss function is used since the labels are 
integers ranging from 0 to 9. The Adam optimizer is employed. During training, the model is trained for 50 epochs 
using a batch size of 32. The performance of the model is evaluated using the validation data after each epoch. 
The architecture of this methodology is shown in Figure 4. 



 

Figure 4. Architecture of proposed methodology. 

 

IV. RESULTS AND ANALYSIS 

The LSTM algorithm was utilized in the proposed methodology. The dataset was divided into training and 
testing sets, with 80% and 20% of the data, respectively. To assess the performance of the algorithms, commonly 
used evaluation metrics such as Accuracy, Precision, Recall, Support, and F1 score were employed. 

The UrbanSound8K dataset was employed to train and test the proposed architecture. It was observed that the 
model achieved convergence after 50 epochs. The evaluation metrics used to assess the model's performance 
included Accuracy, Precision, Recall, Support, and F1 score. Precision, also referred to as positive predictive value, 
is calculated as the ratio of true positives to the sum of false positives and true negatives. Recall, also known as 
sensitivity or specificity, is computed as the ratio of correctly predicted outcomes to all predictions. Accuracy 
represents the ratio of correct predictions to the total number of predictions made by the algorithm. 

True Positives (TP) refers to cases where both the actual class and predicted class of a data point are 1. 

True Negatives (TN) are instances where both the actual class and predicted class of a data point are 0. False 

Positives (FP) occur when the actual class of a data point is 0, but the predicted class is 1. False Negatives (FN) 

arise when the actual class of a data point is 1, but the predicted class is 0. 

 

 

 

1. 𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
𝑇𝑃+𝑇𝑁

𝑇𝑃+𝑇𝑁+𝐹𝑃+𝐹𝑁
             

                                                                 

2. 𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
𝑇𝑃

𝑇𝑃+𝐹𝑃
 

                                                                                                    

3. 𝑅𝑒𝑐𝑎𝑙𝑙 =
𝑇𝑃

𝑇𝑃+𝐹𝑁
                 

                                                                                

4. 𝐹1 𝑆𝑐𝑜𝑟𝑒 =
2∗𝑟𝑒𝑐𝑎𝑙𝑙∗𝑝𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛

𝑝𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛+𝑟𝑒𝑐𝑎𝑙𝑙
                                    

 

The proposed model demonstrated an accuracy of 0.86, precision of 0.87, recall of 0.87, support of 1747, and 
an F1 score of 0.87. A comprehensive analysis of the evaluation metrics for all classes is presented in Table 2. 

 

 

 

 

 

 

 



 

Table 2. Evaluation of metrics on label classes of Urban Sound 8K Dataset 

 

 

 

 

 

 

 

 

 

 

Table 3 presents a comparative analysis of the results to assess 
the performance of the proposed LSTM model. It is evident from the analysis that the accuracy of the LSTM model 
surpasses all other models, indicating its superior performance. Furthermore, a confusion matrix is provided to 
visualize the accuracy of the model's predictions on the test set. The confusion matrix, denoted as C, represents the 
number of data points belonging to class i that are predicted to be in class j, with Ci,j being the corresponding value. 
Figure 5 illustrates the confusion matrix for reference. 

Table 3. Comparative Analysis of Urban Sound Detection Model. 

Model Accuracy 

LSTM 81.96% 

ANN 78.24% 

CNN 76.24% 

Enhanced LSTM 86.7% 

 

 

Figure 5. The figure shows the confusion matrix of the LSTM model for audio classification 
  

 The dataset was employed to train the model for a total of 50 epochs. During the evaluation process, both 
accuracy and loss functions were considered. The model was used to predict the desired outcome on the evaluation 
dataset, and the resulting predictions were compared to the expected outcomes. This comparison allowed for a real-
world assessment of the model's performance. Figure 6a and 6b provide a visual comparison of the accuracies 
achieved by the model when applied to both the training and testing datasets. 

Label Precision Recall F1 

Score 

0 .88 .92 .90 

1 .89 .86 .88 

2 .80 .84 .82 

3 .82 .85 .83 

4 .87 .84 .86 

5 .90 .98 .94 

6 .89 .88 .88 

7 .94 .90 .92 

8 .92 .88 .90 

9 .81 .73 .77 



 

 
Figure 6 (a), (b). The provided image illustrates a comparison of the model's accuracies achieved when applied 

to both the training and testing datasets. 

 

V. CONCLUSION 

Deep learning methods, particularly LSTM networks, have garnered significant attention in recent years 

for their potential in audio classification. The rise in audio data volume and complexity has necessitated the need 

for models capable of handling sequential input and understanding long-term dependencies, which is where LSTM 

networks excel. The effectiveness of LSTM networks in audio categorization depends on factors such as the 

quality and diversity of training data, feature selection, and neural network architecture. Signal processing 

techniques like spectrogram analysis, MFCCs, and wavelet transforms can be employed to process the audio data 

and extract meaningful characteristics. Once the features are extracted, they can be inputted into an LSTM model, 

which can be trained to accurately classify different types of audio. LSTM networks have shown success in tasks 

such as speech recognition, acoustic event detection, etc. Although utilizing LSTM networks for audio 

classification presents challenges including the need for large amounts of data and computational power, the 

potential rewards are significant. Due to their ability to handle sequential data, LSTM networks are well-suited 

for various audio classification applications and have demonstrated excellent accuracy in classifying audio data. 

Further research and evaluation of the proposed model across different domains could potentially surpass existing 

benchmarks and enhance the current state-of-the-art in audio processing and classification. 
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