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Abstract

We introduce a novel, publicly available corpus of South Indian Car-
natic music, which—for the first time—spans 172 distinct ragams
(melodic frameworks) and 676 curated concert recordings, seg-
mented into more than 11,219 audio clips. Each clip is annotated
with its shruti (tonal center) and talam (metrical cycle) as Linked-
Data entities, enabling automatic interoperability with established
Music Information Retrieval (MIR) ontologies [8]. The dataset was
assembled through a hybrid pipeline that combines web-scale har-
vesting of YouTube concerts, automated signal processing for qual-
ity control, and expert-in-the-loop validation. To address inconsis-
tencies in crowdsourced metadata, we introduce a pragmatic taxon-
omy that reconciles regional performance practices with canonical
musicological literature [3, 9]. Case studies in automatic ragam
recognition and comparative talam analysis illustrate how the re-
source advances computational musicology, cross-cultural MIR,
and data quality assessment in digital libraries. This dataset is re-
leased under an open license on kaggle! and will be updated as the
resource grows.
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1 Introduction

The field of Music Information Retrieval (MIR) has seen a prolifera-
tion of large-scale, openly licensed corpora in recent years; however,
most collections are biased towards Western music, resulting in a
marked under-representation of non-Western traditions [8]. Recent
efforts such as the multi-track SANIDHA corpus for source separa-
tion [4] and the PIM-v1 archive for Hindustani music [10] signal
growing interest in the computational analysis of South Asian mu-
sic, yet no public Carnatic dataset to date spans the full breadth of
melodic diversity documented by performers and pedagogues.

Building on our previously published TDNN-based ragam iden-
tification study [6], we have substantially expanded both scope
and metadata granularity. Our new collection includes 172 ragams
and 676 high-quality recordings, harvested from YouTube using a
rigorous decision tree (Section 2), prioritizing audio fidelity, perfor-
mance duration, and the avoidance of prolonged thani avarthanam
(percussion solos). Well-defined selection relaxations ensured broad
yet consistent coverage.

1.1 Why Digital-Library Infrastructure?

Non-Western music corpora often suffer from idiosyncratic meta-
data, hampering discoverability and reuse [8]. By aligning ragam,
shruti, and talam labels under the guidance of CompMusic ontol-
ogy framework, we propose a novel publishing that embraces FAIR
principles and enables downstream tasks such as cross-collection
discovery, Linked-Open-Data queries, and integration with score
collections. Authority control and variation knowledge mitigates
transliteration and regional spelling inconsistencies, a longstanding
obstacle in South Indian music scholarship [3, 9].

1.2 Contributions

(1) ALarge-Scale Annotated Carnatic Corpus: The first open
dataset to encompass the vast majority of commonly per-
formed ragams, with shruti and talam metadata linked to
standard ontologies.

(2) A Scalable Curation Workflow: We detail a reproducible
YouTube harvesting and expert-verification pipeline that
balances automation with ethnomusicological rigor.

(3) A Refined Ragam Taxonomy: We resolve inconsisten-
cies in prior crowdsourced labels by proposing an ontology-
compatible classification that accommodates regional vari-
ants without sacrificing canonical definitions.

(4) Validation Through MIR Case Studies: Experiments in
automatic ragam classification and rhythmic-cycle profiling
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demonstrate the dataset’s quality and its value for cross-
cultural digital libraries.

2 Data Harvesting and Annotation Workflow

The dataset collection process followed a structured methodology
to systematically harvest and annotate publicly available Carnatic
music recordings from YouTube, ensuring comprehensive cover-
age and consistent quality. The workflow comprised automated
scripting for harvesting, followed by meticulous manual validation.

2.1 Selection Criteria

We began by consulting Karnatik.com, an authoritative online data-
base, to identify between one and three representative songs for
each of the 172 ragams, prioritizing popularity and canonical status
[1]. Each identified song was then searched on YouTube, retrieving
recordings adhering to strict quality standards:

o High audio fidelity with minimal distortion,

e Duration between 4 and 20 minutes,

e Absence of thani avarthanam,

e Balanced representation across both male and female shrutis.

In cases where no suitable recording was identified, we sequentially
applied the relaxation criteria detailed below, in accordance with
established methodologies for Carnatic dataset development [2].
This approach further safeguarded against disproportionate repre-
sentation of any individual sample within the dataset.

(1) Select a recording of the chosen song with a duration be-
tween 3 and 4 minutes.

(2) If unavailable, select a recording with a duration between 20
and 40 minutes.

(3) Finally, consider a recording with a duration between 40 and
60 minutes.

(4) If still unavailable, select a defined quality recording per-
formed by a vocalist in the range of the other sex.

2.2 Automated Harvesting

A dedicated Python script was developed to automate the download-
ing, segmentation, and validation of audio clips, utilizing YouTube’s
API alongside the pytube, 1ibrosa, and soundfile libraries. Meta-
data for each clip was meticulously logged in both structured spread-
sheet and JSON formats, ensuring transparency and reproducibility
throughout the workflow. To mitigate potential artifacts from song
introductions or microphone issues, recordings were uniformly
trimmed by removing the initial and final 10% of their duration.
Subsequently, each file was segmented into 30-second excerpts,
ultimately producing a corpus of more than 11,000 audio clips.
The workflow was designed to robustly manage exceptions, in-
cluding unavailable videos and encoding anomalies, thereby main-
taining resilience and continuity throughout the processing pipeline.
Furthermore, its modular architecture facilitates adaptability to fu-
ture changes in the dataset, such as the addition of new data points
or the removal of existing videos due to them being taken offline.

2.3 Manual Annotation and Validation

Post-download, each clip underwent rigorous manual validation
by Carnatic music experts. Annotations for shruti and talam were
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Figure 1: Distribution of Ragams by Number of Clips

verified and corrected as necessary, cross-referencing with authori-
tative musicological sources [3, 9]. Ragam labels were checked for
consistency, and spelling variations were scraped from the web [1].

This expert-in-the-loop methodology ensured high-fidelity au-
dio and metadata, suitable for rigorous computational musicology
research.

3 Dataset Description and Statistics

We provide a comprehensive statistical summary of the dataset,
detailing the distribution of audio clips across various features.
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Additionally, we present an outline of the JSON metadata structures,
illustrating the interconnected ontology underpinning the dataset’s
relational organization.

3.1 JSON Metadata Structures
Three structured JSON schemas underpin the dataset metadata:

e Song Metadata: Each entry represents an individual song-
clip with the following key fields:
- Song_ID: Unique song identifier.
— Song_Name: Title of the composition.
— Ragam: Ragam label (maps to Ragam in Ragam Metadata).
— Composer: Composer name.
Singer_YN: Indicates if a vocal rendition (Y/N).
— Accompaniment_YN: Presence of non-tanpura accompani-
ment (Y/N).
— Shruthi: Reference pitch.
— Talam: Talam label (maps to Talam_Name in Talam Meta-
data).
— Youtube_Link: Source link.
- Original_Song_Length: Duration of song from Youtube
in seconds.
— New_Song_Length: Duration of song in seconds after pre-
processing and trimming.
— Number_of_Clips: Number of segmented 30-second clips.
e Ragam Metadata: Each entry describes a unique ragam
with fields such as:
- Ragam_ID: Unique ragam identifier.
- Ragam: Canonical ragam name.
- Melakarta: Associated melakarta number.
— Is_Melakarta:Indicator if the ragam is a melakarta ragam
(Y/N).
- Variations: Alternate spellings/transliterations.
— Karnatik_URI: Reference URI from Karnatik.com[1].
— Arohanam: Note sequences for ascending scales, sourced
from Karnatik.com[1].
— Avarohanam: Note sequence for descending scales, sourced
from Karnatik.com[1].
e Talam Metadata: Each entry defines a rhythmic cycle with:
— Talam_ID: Unique talam identifier.
— Talam_Name: Three-level identifier name.
- Unstructured_Talam_Name: Canonical name (e.g., Adi,
Rupakam).
— Kalai: Value (usually 1 or 2).
— Total_Aksharam: Number of aksharams (beats) per cycle.
— Edam_Offset: Beat offset for entry.
- Variations: Alternate spellings/transliterations.

These schemas ensure each song, ragam, and talam are uniquely
identified, cross-referenced, and embedded with all metadata essen-
tial for robust computational analysis.

3.2 Ragam Distribution

The distribution of clips per ragam (see Figure 1) demonstrates the
strong representation of ragams such as Kambhoji, Bhairavi, and
Shankarabharanam, which are frequently selected as main pieces
in concerts and thus often performed in elaborate, multi-section
presentations.
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Figure 2: Distribution of Talams (Full Songs, 3 Level Naming
System)

3.3 Talam Categorization and Distribution

Talam annotations were described utilizing a three-level system:

e Talam Name: e.g., Adi, Rupakam, Mishra Chapu, Khanda
Chapu, Ata, etc.

o Kalai: Specifies the temporal resolution at which a talam
is performed. In one-kalai, each beat maintains its standard
length, whereas in two-kalai, the duration of each beat is
doubled, effectively slowing the tempo by half.

e Aksharam Offset: Number of aksharams (rhythmic subdi-
visions) offset in each performance, using pakkavadhyam
(percussion) aksharam counting methodology [3].

Talam categorization is detailed at multiple granularities. Fig-
ure 2 presents a distribution of full songs classified using all levels
of the above-mentioned system. Figure 3 provides a count of clips
based on only the talam name. Both highlight the predominance of
talams such as Adi and Rupakam.

3.4 Melakarta Classification

Carnatic music organizes ragams into two main categories: melakarta
(parent) and janya (child) ragams. Melakarta ragams are the 72
foundational scales, each comprising seven ordered notes in both
ascending (arohana) and descending (avarohana) sequences, and
serve as the basis for all others in the tradition[3].

Janya ragams are derived from melakartas, often by omitting,
reordering, or varying notes, resulting in rich melodic diversity.
They constitute most of the Carnatic repertoire featured in this
dataset.

Within this founding version of the dataset, all 72 melakartas are
represented, along with 100 janya ragams. Figure 4 illustrates how
melakartas like 22 and 28 yield numerous child ragams, leading to
their prominence in repertoire and in the dataset.
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Figure 3: Distribution of Talams (Song Clips, Single Level
Naming System)

4 Computational Experiments and Case Studies
4.1 Baseline Model Evaluation

We evaluated our expanded and modified Carnatic dataset on both
a hybrid LSTM/TDNN and an attention-based architecture. Both
models were optimized for ragam classification, and leverage a
custom frequency binning approach [6].

Table 1 summarizes classification accuracy scores and bench-
marks them against prior work:

Table 1: Baseline Model Performance Comparison

Reference Dataset  Accuracy
Gulati et al. (2016) (LR) [2] GCD 70.10%
Pillai & Mahajan (2017) (SVM) [7] Melakartas 80.56%
Madhusudhan (2024) (LSTM-RNN) [5] GCD 88.10%
Natesan (2024) (LSTM-TDNN) [6] NCD 95.31%
Natesan (2024) (Attention) [6] NCD 99.27%

These results demonstrate substantial improvement over previ-
ous methods and affirm the utility of the dataset for computational
ragam classification, mirroring outcomes in recent MIR literature

(4][6].

5 Conclusion

We have presented a novel, open-access Carnatic music dataset,
greatly expanding the scale and quality of digital resources for non-
Western music analysis. By combining automated harvesting with
detailed expert validation, we offer a resource that is both broad
in scope and precise in metadata. Experimental evaluation with
advanced neural architectures, yielded state-of-the-art results in
ragam classification.
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Figure 4: Distribution of Full Songs by Melakarta Number

Our dataset is intended as a foundation for future MIR research,
digital musicology, and cross-cultural computational studies. On-
going work includes expanding the corpus, refining metadata, and
developing new experiments targeting rhythmic and tonal features
unique to Carnatic music. By promoting open science and interop-
erability with MIR ontologies, we aim to foster broad engagement
and scholarly innovation in computational ethnomusicology [6][8].
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