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Spotify users create over 4 billion
playlists, and the majority of them
are mood-based: titles like ‘Happy
Vibes’ and ‘Sad Nights’ outperform
many artist-based playlists.



PROBLEM
STATEMENT
PROBLEM
STATEMENT



Music recommendation systems often rely on genre-based
classification, which fails to capture the emotional essence of songs,
especially in Hindi and Hinglish music where multiple moods and
narratives overlap. Existing systems struggle to identify nuanced
emotions directly from audio signals.

Our project aims to:
Classify songs into four moods: Happy, Sad, Excited, and Romantic
Combine physical audio features with emotional representations
Improve personalization in recommendation and voice-assistant
systems
Enhance representation of Indian music in AI-driven platforms

PROBLEM BEING SOLVEDPROBLEM BEING SOLVED
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Advances scalable mood classification systems
Encourages reproducible Indian-focused MIR research

 USER IMPACT
Enhances mood-based music discovery
Improves listening experience and engagement

INDUSTRIAL IMPACT
Enables automated music tagging and recommendation
Helps streaming platforms improve personalization



Mood-based music recommendation systems

Smart assistants & voice interfaces

Indian music streaming platforms

Mental health & wellness applications

Media and content production

Music Information Retrieval (MIR) research

POTENTIAL APPLICATIONSPOTENTIAL APPLICATIONS



LITERATURE REVIEWLITERATURE REVIEW



Proposed a Hierarchical Attention
Network (HAN) for lyric-based
music classification.
Analysed lyrics at word, line, and
song level using attention
mechanisms.
Compared performance with
Logistic Regression and LSTM
models.

 WHAT OTHER RESEARCHES
DID TO SOLVE THE PROBLEM?
 WHAT OTHER RESEARCHES

DID TO SOLVE THE PROBLEM?

HAN achieved higher classification
accuracy on large multi-genre
datasets.
Attention layers improved
interpretability by identifying
important lyrical patterns.
Best accuracy reported: 46.42% on
the 117-genre dataset.

DEVELOPED SOLUTIONS THAT 
CAME OUT OF THOSE STUDIES
DEVELOPED SOLUTIONS THAT 
CAME OUT OF THOSE STUDIES
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https://arxiv.org/pdf/1707.04678


Used Music Information Retrieval
(MIR) techniques for automated
mood classification.
Extracted audio features such as
MFCC, chroma, spectral, and tempo
descriptors.
Applied ML models including SVM,
KNN, and ensemble classifiers for
emotion recognition.

Combined acoustic analysis with the
Valence–Arousal (VA) emotional
model.
Mapped songs into a continuous
emotional space instead of fixed
labels.
Improved recommendation and
personalization using feature
engineering and ensemble learning.

PAPER
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DEVELOPED SOLUTIONS THAT 
CAME OUT OF THOSE STUDIES
DEVELOPED SOLUTIONS THAT 
CAME OUT OF THOSE STUDIES

 WHAT OTHER RESEARCHES
DID TO SOLVE THE PROBLEM?
 WHAT OTHER RESEARCHES

DID TO SOLVE THE PROBLEM?
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https://internationalpubls.com/index.php/cana/article/view/1019/720


PAPER

Researchers explored music
emotion recognition (MER) using
both audio and lyrical sentiment
analysis.
Multiple text models and an audio-
based CNN model were combined
using multimodal fusion techniques.
Emotions were mapped using the
valence–arousal model for
sentiment classification.

 WHAT OTHER RESEARCHES
DID TO SOLVE THE PROBLEM?
 WHAT OTHER RESEARCHES

DID TO SOLVE THE PROBLEM?

Evaluated separate audio-only,
text-only, and fusion-based
sentiment models.
Best performance was achieved
using a 60% audio + 40% text
weighted fusion strategy.
Results showed that combining
lyrics and audio improved emotion
recognition compared to using a
single modality.

DEVELOPED SOLUTIONS THAT 
CAME OUT OF THOSE STUDIES
DEVELOPED SOLUTIONS THAT 
CAME OUT OF THOSE STUDIES
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PAPER

Modeled music emotion recognition as
a regression problem using the
Valence-Arousal (VA) emotional model
Extracted features such as MFCCs,
spectral centroid, spectral flux, spectral
rolloff, and chroma features using
Essentia and Marsyas
Applied regression models including
SMOreg (SVM Regression), REPTree, and
M5P for predicting emotional scores

 WHAT OTHER RESEARCHES
DID TO SOLVE THE PROBLEM?
 WHAT OTHER RESEARCHES

DID TO SOLVE THE PROBLEM?

Created emotion maps to track
changes in valence and arousal over
time
Used sliding window segmentation
for dynamic emotion tracking
Improved emotion prediction using
feature selection and continuous
affective modeling instead of rigid
categorical labels

DEVELOPED SOLUTIONS THAT 
CAME OUT OF THOSE STUDIES
DEVELOPED SOLUTIONS THAT 
CAME OUT OF THOSE STUDIES
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https://www.researchgate.net/publication/307909024_Music_Emotion_Maps_in_Arousal-Valence_Space


Research Paper Key Limitations

Joint Sentiment Analysis of Lyrics and Audio in
Music (Schaab & Kruspe, 2024)

Small dataset size
Emotional labels were subjective
Audio and lyrics sometimes conveyed different emotions

Lyrics-Based Music Genre Classification Using
HAN (Tsaptsinos, 2017)

Focused only on lyrics
Ignored audio/emotional features
Genre classification became difficult with many classes

Music Emotion Maps in Arousal-Valence Space
(Grekow, 2015)

Small manually labelled dataset
Emotion prediction depended on human annotation
Valence prediction was less accurate than arousal

Enhancing Accuracy and Performance in Music
Mood Classification (Gujar & Reha, 2024)

Relied heavily on handcrafted features
Limited focus on multilingual music
Scalability and real-world deployment were not explored



DATASET CURATION 
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Metric Value

Total Songs ~1600+

Mood Classes 4

Audio Format MP3

Sampling Rate 22,050 Hz

Average Song Length ~3–4 minutes

No. of Features Extracted 50+

DATASET COLLECTIONDATASET COLLECTION
DATASET DESCRIPTION

Manually curated dataset of Hindi and Hinglish songs
Built to study mood classification in Indian popular music
Each song is labeled based on four dominant moods:
Happy, Sad, Romantic, and Excited

DATA COLLECTION CONSIDERATIONS DATASET SIZE
MOOD CLARITY METADATA

Songs collected
across:

 decades (1950-
2020s) 
different artists
 different musical
styles

AUDIO QUALITY
Only clean MP3
recordings were used
to avoid noise
affecting feature
extraction. 

Standardized audio
format used for
preprocessing
consistency.

Songs with clear
dominant moods
were selected.
Mood labels were
generated using 3
LLMs and manually
verified.
This reduced bias
and subjectivity in
labeling.



FEATURE PREPROCESSINGFEATURE PREPROCESSING
STEP 1- DATASET CREATION AND MOOD LABELS
Songs were collected across multiple mood categories:

Romantic Happy Sad

Excited Others

Reduce labeling
noise

Improve annotation
consistency

Create cleaner decision
boundaries for
classification

THIS HELPED:



FEATURE PREPROCESSING
STEP 2- FEATURE EXTRACTION AND MISSING VALUE HANDLING

HANDLING STRATEGY

Completely
corrupted samples

were removed.

Regression interpolation
was avoided due to
nonlinear acoustic

relationships.

Key Observation: 
MFCC analysis showed distinct

mood-specific acoustic
patterns-

Romantic songs
showed stronger

harmonic richness.

Party songs showed
stronger rhythmic

fluctuations.

Excited songs
showed smoother
spectral behavior.

Replaced some of
the files that

contained errors.



FEATURE PREPROCESSING
STEP 3: FEATURE SCALING AND DIMENSIONALITY REDUCTION

PURPOSE:DIMENSIONALITY REDUCTION

To reduce redundancy

To improve feature quality

To stabilize model learning

1

2

3



FEATURE PREPROCESSING
STEP 4: ESSENTIA FEATURE ANALYSIS & EMOTION MAPPING

HOW ESSENTIA WORKS

Essentia is an open-source
audio analysis library that

extracts high-level
semantic and emotional
descriptors from audio

signals.

VALENCE-AROUSAL EMOTION SPACE

WHY ESSENTIA WAS USED
Captures semantic emotional information
beyond low-level acoustic features.
Models psychological emotion
representation in music.

EMOTIONAL FEATURES
EXTRACTED

100+HOURS OF
COMPUTE

TIME



ML METHDOLOGY



Key Observations
“Happy” class poorly learned
“other” class created noisy decision boundaries

Why we started here
Simple and interpretable multiclass baseline
Standard benchmark for supervised classification
Helped evaluate feature quality before complex
models

Initial Results
Accuracy plateaued around 43–44%
Strong class confusion observed

Initial Baseline Approach:
LOGISTIC REGRESSION1



Dataset Refinement
 & Rebalancing2

Step 1: Removed the “other” class
Reason:

No clear acoustic identity
Increased inter-class confusion

Result:
Accuracy improved significantly (~58%)

Step 2: Applied SMOTE/undersampling
Reason:

“happy” had the lowest representation
Result:

Only marginal improvement
Suggested feature limitations rather than data
imbalance



Experimenting with
Emotional Features3

 Essentia models are primarily
pretrained on Western music
datasets.
These features showed poor
generalization for Hindi/Hinglish songs
due to cultural and acoustic
differences.

Interpretation

Model accuracy decreased after
integrating these features.
High-level emotional descriptors
introduced additional noise.

Observation

Hypothesis

Adding Essentia valence/arousal
features would improve emotional
understanding and mood
classification.



Exploring Non-Linear ModelsExploring Non-Linear Models

Observations
Removing the “other” class gave the

largest performance improvement across

all models.

Random Forest achieved the best classical

ML accuracy (~60.1%).

Sampling techniques alone showed limited

improvement, suggesting feature

complexity was the key limitation.

4



Experimentation with DL ModelExperimentation with DL Model5

Why Deep Learning?
Classical ML models plateaued around 58–61%
accuracy.
Audio features showed complex non-linear
relationships.
Stronger feature representation learning was
needed.

Why TabTransformer?
Uses self-attention to learn feature interactions.
Better suited for structured tabular audio
features.

Final Architecture: TabTransformer

Learned complex
MFCC/chroma relations
Better feature
representation
Improved generalization

Advantages Final
Performance

Accuracy: 0.6245
F1-score: 0.6104



KEY CHALLENGESKEY CHALLENGES

No suitable
Hindi/Hinglish dataset

available

 Required manual
collection and labeling 

of songs.

Spotify & Genius 
API limitations

 Lyrics and audio
metadata could not be

extracted directly due to
deprecated/restricted

APIs.

Difficulty in Hindi 
lyric extraction

 Speech-to-text models
performed poorly on

Hindi songs with music
and mixed vocals.

Feature overlap 
between moods

 Romantic and sad songs
shared similar acoustic

patterns, causing
confusion.

Feature engineering
challenges

 Initial audio features
were not sufficiently

discriminative for mood
prediction.



PERFORMANCE METRICSPERFORMANCE METRICS



Metric / Observation Why It Validates Our System

Random Forest Accuracy
Achieved approximately ~61% accuracy, showing significant improvement over
baseline Logistic Regression (~43–44%) and better overall mood prediction capability.

F1-Score
Improved F1-score indicated better handling of overlapping emotional classes such
as sad and romantic, making predictions more balanced and reliable.

Precision Higher precision reduced incorrect mood assignments, improving the quality of
mood-based recommendations and playlist generation.

Recall
Improved recall helped the model identify a larger proportion of actual mood classes,
especially underrepresented categories like happy.

Confusion Matrix Analysis Showed reduced confusion between emotional categories after dataset refinement
and advanced ML modelling, validating improved emotional understanding.

PERFORMANCE METRICSPERFORMANCE METRICS



Research Paper Metrics Achieved in 
Research Paper

Metrics Achieved 
by Our Model

Lyrics-Based Music Genre
Classification Using HAN Accuracy: 46.42% Accuracy: ~61%

Enhancing Accuracy and
Performance in Music Mood
Classification

Accuracy: 56.8% F1-Score: 0.541
Precision: 0.548 Recall: 0.568

Accuracy: ~61% F1-Score: ~0.60
Precision: Improved over baseline
LR Recall: Better balanced across
moods

Joint Sentiment Analysis of
Lyrics & Audio

Accuracy: ~60% F1-Score: Improved
weighted F-score Recall: Better
valence/arousal detection

Accuracy: ~61% F1-Score: ~0.60
Recall: Balanced mood-wise
performance

BENCHMARK COMPARISONBENCHMARK COMPARISON



DEPLOYMENT AT PLAKSHADEPLOYMENT AT PLAKSHA
Student Wellness and
Mental Health Support

Smart Campus
Entertainment and Events

AI-Based Research and
Personalization Platform

Mood-aware music
recommendation system
Stress-relief and
relaxation playlists
Personalized music
suggestions based on
emotional state

Automatic playlist
generation for campus
events
Mood-based
background music for
cafes or common areas
Personalized music
experience during
student activities

Real-time Hindi music
mood classification
Integration with student
apps or wellness platforms
Future expansion to
multilingual and genre-
adaptive recommendation
systems



HANDLING DIVERSE
MUSIC PREFERENCES

 Mood perception varies
across users, languages,

and cultural
backgrounds, making

large-scale
personalization difficult.

DATASET EXPANSION
AND MAINTENANCE

 Continuously updating
the system with new

Hindi/Hinglish songs and
accurate mood labels
would require ongoing

data collection.

FEATURE
INCONSISTENCY

ACROSS MUSIC STYLES

 Acoustic patterns may
vary significantly across

genres, remixes, and
regional music formats,

affecting prediction
consistency.

MODEL
GENERALIZATION

CHALLENGES

 Models trained on
limited datasets may

struggle when exposed
to unseen artists,

languages, or evolving
music trends.

DEPLOYMENT CHALLENGES AT SCALEDEPLOYMENT CHALLENGES AT SCALE
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