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ARTICLE INFO ABSTRACT 
 This study focuses on audio classification using a combination of Artificial 

Neural Networks (ANN) and mel spectrogram representations. The approach 
involves deriving characteristics from audio signals using mel-frequency cepstral 
coefficients involves extracting distinctive features from the audio signals 
(MFCCs) and converting them into spectrogram representations. These mel 
spectrograms are then used as input to an ANN architecture, allowing the model 
to independently discern and learn hierarchical features for effective audio 
classification. The research highlights the synergetic relationship between ANNs 
and mel spectrogram features, optimizing hyperparameters and leveraging 
transfer learning to enhance the model's performance. Throughout the 
evaluation phase, rigorous testing is conducted on benchmark datasets 
demonstrates the efficiency of the proposed approach in achieving accurate and 
generalized audio classification across diverse sound categories. Moreover, the 
hybrid nature of this technique ensures scalability and adaptability, rendering it 
suitable for addressing the complexities inherent in various audio classification 
tasks. In essence, this research underscores the promising prospects of 
integrating ANNs with mel spectrogram representations, heralding 
advancements in audio processing technologies and their myriad applications. 
 
Keywords words —-: Audio Sounds, Deep Learning, Mel– Spectrogram, 
Artificial Neural Network (ANN), Audio Processing. 

 

1. Introduction 
 

1.1 Need of Project 
The primary objective of audio segmentation and classification involves segmenting and categorizing an 
incoming audio stream into discernible segments [1], encompassing speech, music, commercials, background 
noise, and diverse acoustic conditions [2]. This foundational process is indispensable for efficiently executing 
tasks like large vocabulary continuous speech recognition (LVCSR) [10], comprehensively analyzing audio 
content, retrieving audio information, transcribing audio, and clustering audio [20], and other applications 
associated with audio recognition and indexing. Identifying the various possibilities within the audio stream 
highlights the diverse range of speaker and environmental factors [12] that can impact acoustic properties in 
the context of audio classification, it uses Mel Spectrograms [8] which is used as a feature representation for 
audio classification task which can be derived from the mel-frequency cepstral coefficient. It furnishes a 
concise yet informative portrayal of the spectral composition of an audio signal, encapsulating its intricate 
frequency components and temporal dynamics. 
 
1.2 Background History 
Audio classification involves examining and recognizing [5] various forms of audio, including sounds, noises, 
musical notes, or similar data, and categorizing them appropriately [14]. 
 
Traditional Approach of Audio Classification -: 
Traditional approaches to audio classification often involve the extraction of handcrafted features [18] from 
the audio signals followed by the application of classical machine learning algorithms [5]. For choosing 
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traditional machine learning approach for classification task like Support Vector Machine (SVM) [11] which is 
effective for binary and multi- class classification, Random Forest [6] which robustly ensembles feature 
learning, enabling end-to-end learning, and providing superior performance on complex tasks [8]. 
 

 
Fig.1 Illustration of Block Diagram depicting the Proposed Technique 

 
Deep Learning Revolution 
Deep learning has significantly simplified [2] and enhanced the process of audio classification by automating 
feature learning and providing more effective representations of complex data. This ability to automatically 
discover relevant features helps improve the model's ability to generalize [3] across diverse audio samples. In 
audio classification, used ANN [10] which can be originally designed for image classification but it can be 
adapted for audio tasks by treating spectrograms as image- like data [5]. It simplifies audio classification by 
automating feature learning, enabling end-to-end learning, and providing superior performance on complex 
tasks [8]. Deep learning allows for end-to-end learning, where the model learns directly from raw audio 
waveforms [7] without the need for extensive handcrafted feature engineering which eliminates and manual 
extraction of features like MFCCs, as deep learning models [16] can automatically learn hierarchical 
representations from the raw input data. It aids in capturing both intricate low-level features and higher-level 
patterns within data, in an advanced manner. Deep learning models often achieve higher accuracy compared 
to traditional machine learning approaches, especially in tasks with large and complex datasets due to 
manual extraction of features like MFCCs [20]. 
 
1.3 Supported Technologies and Algorithms 
The proposed audio classification system leverages several key technologies and algorithms to achieve robust 
performance. The primary feature extraction technique involves the computation of mel-frequency cepstral 
coefficients (MFCCs), which captures the frequency characteristics of audio signals. Additionally, the system 
utilizes mel spectrogram representations, a visual representation of the audio spectrum, to provide input 
features for the classification models. For the deep learning aspect, Artificial Neural Networks (ANN) [8] are 
employed, enabling the automatic extraction of hierarchical features from the mel spectrogram data. 
Transfer learning involves the utilization of pre-trained models on extensive audio datasets for additional 
applications, enhancing the model's ability to generalize across different audio types. The study also 
incorporates data augmentation techniques to create a more diverse and balanced training dataset, 
contributing to improved model robustness. The combination of these technologies and algorithms forms a 
comprehensive framework for accurate and efficient audio classification. The audio classification system 
employs Artificial Neural Networks (ANNs) in conjunction with mel spectrogram representations for an 
effective and automated approach to feature extraction [15] and model training. Initially, the audio data is 
preprocessed, loaded, and converted into a suitable format. Mel-frequency cepstral coefficients (MFCCs) are 
computed, and mel spectrograms are generated to create a visual representation of the audio spectrum. This 
typically involves dense layers in which each neuron is connected to the preceding layer which create a fully 
connected layer [12], leveraging the pre-trained ANN models on largescale datasets to enhance the system's 
ability to generalize across diverse audio types in Audio Classification. In, audio classification system is 
implemented using programming languages such as Python, which provides extensive libraries for signal 
processing which is used with librosa, scikit-learn and deep learning which is TensorFlow or PyTorch [11]. 
The system may be deployed on platforms like TensorFlow Serving or Flask for serving the trained models in 
production environments. Additionally, GPU acceleration using libraries like CUDA can be employed 
expedite the training process of deep neural networks. 
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Fig.2 Training Data 

 
2. Proposed Methodology 

 
Audio Classification through machine learning involves the application of algorithms to analyze and 
categorize diverse audio data. It’s finds applications is to classify the sound based on the dataset and provide 
output according to user requirement. This methodology combines Mel Spectrogram which makes Generate 
spectrogram images and construct an ANN framework [6] to analyze and interpret these images [8][21]. 
• Data Collection -: Gather a diverse dataset of audio samples [14] representing different classes or 

categories. that gauges the percentage of accurate predictions. 
• Feature Extraction -: Extract relevant features, such as spectrogram [6] representations to capture 

essential information about the audio signal. 
• Labeling -: Assign labels to each audio sample indicating its respective class [17], forming the labeled dataset for 

model training. 
• Audio Detection -: Use Create Mel Spectrograms to capture fundamental characteristics of audio, as they 

are frequently the optimal representation for feeding audio data into deep learning models. In a CNN, each 
layer [8] employs filters to progressively enhance the image depth, also known as the number of channels 
[31][32][33][34]. 

• Training -: Create a training loop to train the model which train the model over multiple epochs [5], 
handling a batch of data in each iteration. Monitor a straightforward accuracy metric that gauges the 
percentage of accurate predictions. 

• Deployment -: Deploy the trained model for real-time audio classification in practical applications 
[9], such as integration into mobile apps or web services[22]. 
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Fig.3 Data Preprocessing 

 
3. Experimental Result and Analysis 

 
3.1 Dataset Used 
In Audio Classification is to develop algorithms and models capable of automatically categorizing and labeling 
audio signals into predefined classes or categories which contains some audio as an input and classify based 
on seven different classes such as Children Playing, Dog Barking, Engine Idling, Car Horn, Air Conditioner, 
Gun Shot, Drilling, Jack Hammer, Siren and Street Music [13]. 
When presented with a computer-readable audio sample, typically in a format like a .wav file, lasting a few 
seconds, our objective is to identify whether it includes specific urban sounds and provide a corresponding 
Classification Accuracy score [14]. Audio classification stands out as a prevalent application[23] in the field of 
Deep Learning for audio processing [2]. This entails the acquisition of the ability to categorize and forecast the 
specific sound category. Audio classification using machine learning is an alluring field that involves the 
application of algorithms to analyze and categorize audio data. This technology has multiple number of 
practical applications. The primary goal of audio classification is to teach machines to automatically 
recognize and label has various types of audio signals based on their sounds [8]. 
In dataset, it is vast and multifaceted, encompassing a diverse array of attributes organized into 10 distinct 
subsets or folds. Each fold within the dataset exhibits a bar chart representation, with the x-axis denoting 
textual labels [19] associated with various attributes and the y-axis likely corresponding to a numerical 
metric or scoring system. The attributes span a wide range, potentially related to audio analysis, 
environmental monitoring, or any domain requiring [4] the evaluation and comparison of multiple features 
or variables. This approach allows for pattern recognition, potential exploratory analyses or focused 
investigations. It can be working in relevant domains could leverage this dataset to uncover insights, identify 
trends, or develop predictive models [7][24]. 
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Fig.4 Sample Audio Signals 

 
3.2 Efficiency and Accuracy to Evaluation 
Calculating efficiency and accuracy in an audio classification task based on ANN and mel spectrogram [14] 
involves standard metrics for evaluating deep learning models. The efficiency can be measured in terms of 
computational efficiency and training time, while accuracy provides insights into the model's overall 
performance [8]. Audio Classification using ANNs and Mel Spectrograms, the results and an assessment 
which typically entails testing the trained model's performance on an independent dataset, necessitating 
input data to generate desired output for evaluation[25]. 
The evaluation metrics for the audio classification model include accuracy, precision, recall, F1-score, and 
confusion matrix analysis. In our model, we make the prediction of file Located within the directory are clips, 
each lasting approximately one minutes. To align with our three-second clip predictions for identifying different 
audio sounds, we can break down these extended clips into segmented spectrums[26]. By dividing the one-
minute clips (equivalent to 60 seconds) into twenty smaller fragments, we can conduct the analysis to 
ascertain the total occurrences of audio sounds in this section, with each clip receiving a score of either zero 
or one[27]. The accuracy (ACU) can be calculated as: 
 
Accuracy = Number of correctly classified sample/ Total number of samples * 100 
Number of correctly classified sample = This refers to the count of audio samples that were correctly 
classified by the ANN model. During evaluation, you compare the predicted labels [28] with the ground truth 
labels and count how many predictions match the actual labels. 
Total number of samples = This represents the total number of audio samples in your dataset. It includes 
both the samples used for training and testing the ANN model. 
Accuracy = This is the performance metric that quantifies the overall correctness of the model's predictions. 
It is usually expressed as a percentage, where higher values indicate better performance[29][30]. 
The Accuracy of my model is 97.8979. 



 

 
Fig.5 Confusion Matrix 

 
4. Conclusion 

 
Audio classification using Artificial Neural Networks (ANNs) and Mel Spectrograms has proven to be a 
powerful and effective approach for extracting meaningful features from audio signals, enabling accurate 
classification across various applications as Mel Spectrogram offers in the realm of upper language, one might 
articulate the depiction of frequency content as a representation illustrating how the characteristics of an 
audio signal fluctuate over time. This portrayal captures the nuanced variations in the signal's frequency 
components across temporal dimensions., capturing important acoustic features. This method is widely 
adopted for transforming ra audio data into a format data whereas ANN developed for image classification, 
have been successfully adapted for audio classification by treating spectrograms as image-like data. ANNs 
excel at learning hierarchical representations and capturing spatial dependencies in the time frequency. The 
end learning, eliminating the need for manual feature engineering. The model learns hierarchical features 
directly from the audio data, simplifying the audio by improving performance. The ANN-based approach 
with Mel Spectrograms has demonstrated robustness and effectiveness in various audio classification 
domains, including speech recognition, music genre classification, and environmental sounds in various 
Audio Classifications domain. While ANNs with Mel Spectrograms offer numerous advantages, challenges may 
include the need for substantial computational resources, potential overfitting, and the importance of a well-
annotated and diverse dataset for training. 
The combination of ANNs and Mel Spectrograms has significantly advanced the field of audio classification, 
providing a robust and flexible methodology for extracting meaningful features and achieving high accuracy 
across a diverse range of applications. As technology evolves, further innovations in audio classification 
model and feature representation are likely to contribute to the continued improvement of audio 
classification system. 
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