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ABSTRACT 

The landscape of modern music recommendation is currently dominated by proprietary 

"Black Box" algorithms that excel in accuracy but remain inaccessible for research. This 

project addresses this critical "Precision Gap" by developing a novel, high-performance 

music classification engine built on the ideological foundation that signal is truth. By 

implementing a 3-second segmentation strategy, the model effectively expands the feature 

space by 10x compared to traditional 30-second averaging techniques. By extracting 58 

distinct "Acoustic DNA" parameters, the system analyzes the texture and timbre of audio 

with a level of fidelity previously reserved for enterprise-grade systems. The resulting model 

utilizes optimized machine learning kernels to classify genres based purely on acoustic 

content, surpassing the precision of standard metadata-based models and demonstrating that 

high-fidelity, transparent music classification is achievable on a local scale. 

 

1. INTRODUCTION 

In the digital age, music consumption is overwhelmingly dominated by the sophisticated but 

opaque algorithms of industry giants like Spotify and Apple Music. While these commercial 

systems provide highly accurate experiences, they operate as inaccessible "Black Boxes" 

locked behind corporate firewalls, preventing independent researchers from inspecting the 

underlying logic. 

Consequently, those seeking to study or build their own music information retrieval systems 

rely on standard open-source models, which often suffer from a severe lack of fidelity known 

as the "Precision Gap". Traditional models analyze audio files as single, static data points, 

relying on a broad 30-second statistical average to represent an entire track. This rudimentary 
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approach blurs the audio data, causing the system to miss critical dynamic events such as 

fleeting guitar solos or sudden bass drops, and rarely exceeds classification accuracy rates of 

60 to 70%. 

To bridge this gap, this project introduces a High-Fidelity Granular Classification Engine. 

Rather than accepting the flawed standard of whole-song averaging, this system re-engineers 

the analysis pipeline by implementing a 3-second micro-segmentation strategy on the 

standard GTZAN dataset, effectively expanding the data resolution by a factor of ten. 

 

2. SYSTEM ARCHITECTURE AND METHODOLOGY 

The EchoVibe system follows a Modular Pipeline Architecture consisting of four primary 

modules to ensure scalability and easier debugging: 

• Data Preprocessing (Granular Augmentation): The system applies a windowing 

function to slice a standard 30-second .wav file into ten non-overlapping 3-second 

segments. This effectively multiplies the training dataset size from 1,000 files to 10,000 

segments. 

• Feature Extraction: Utilizing the Librosa library, the system extracts 58 unique features 

per segment, including 20 Mel-Frequency Cepstral Coefficients (MFCCs), Tempo 

(BPM), Spectral Centroids, and Zero-Crossing Rates. 

• Classification Model: The primary algorithm is a Support Vector Machine (SVM) with 

a Radial Basis Function (RBF) Kernel, chosen for its ability to calculate complex 

boundaries in high-dimensional space. An ensemble Random Forest Classifier is used 

secondarily for validating results and handling outliers. 

 

3. IMPLEMENTATION AND RESULTS 

The implementation was executed within a Python 3.9 environment. The 10,000 extracted 

segments were randomly divided into an 80/20 train-test split for model evaluation. Rigorous 

hyperparameter tuning was conducted using Grid Search Cross-Validation to optimize 

variables such as the SVM's C and gamma parameters. 

The granular SVM architecture achieved an overall classification accuracy of 84%. This 

performance significantly surpasses standard open-source baselines, which typically plateau 

at 60-65% on the GTZAN dataset, proving that the micro-segmentation strategy successfully 

resolves the "Precision Gap". Furthermore, the end-to-end process from the moment a user 

uploads a 30-second track to the generation of the final predicted genre is completed 

seamlessly in under 2.5 seconds. 
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4. CONCLUSION AND FUTURE ENHANCEMENTS 

The completion of the EchoVibe project marks a significant milestone in local-scale Music 

Information Retrieval (MIR), proving that high-precision genre classification is achievable 

without relying on the opaque algorithms of enterprise giants. By implementing a granular 

analysis pipeline and extracting a 58-dimensional "Acoustic DNA" feature vector, the locally 

hosted SVM successfully captures fleeting acoustic textures with remarkable fidelity. 

Future development will focus on a Deep Learning Migration, specifically integrating 

Convolutional Neural Networks (CNNs) to analyze Mel-spectrograms, effectively treating 

sound as highly detailed visual images. By implementing Hybrid Ensemble Modeling and 

scaling up to train on the massive 100,000-track Free Music Archive (FMA) dataset, the 

system will evolve into a ubiquitous platform capable of pushing classification accuracy well 

beyond the 90% commercial threshold. 
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