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® |B Diploma Programme student at the British School Manila,
Philippines. |

® Co-founder and Head of the Artificial Intelligence Club, pre
where she mentors students in artificial intelligence and = ———
machine learning projects. :

Percussionist with the Philippine Suzuki Youth Orchestra,
with a particular interest in music performance and . i
music technology. ’ 4V
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® Research interests include machine learning, audio signal
| processing, and the application of artificial intelligence to
cultural heritage preservation.
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® This research combines her interests in percussion and ; B gt
artificial intelligence by exploring computational approaches ‘ // >
to preserving traditional Filipino music. (‘ i
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Kulintang music is a central
component of the indigenous
musical heritage of the
southern Philippines.

Research Problem
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lts transmission is increasingly at
risk, this is caused by:

+» The absence of standardized
@< \written notation

0’0 Reliance on oral pedagogy



Motivation

Cultural Identity

The kulintang is part of the cultural identity
of indigenous societies in the Philippines:
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Risk of Cultural Loss
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Without preservation, cultures risk
being diluted or lost, weakening
foundations of identity and
increasing social fragmentation.




Proposed solution

An automated framework for converting kulintang performance videos into
musical notes using machine learning algorithms.

Collecting kulintang Data processing Machine learning Web application
music data model



Dataset collection .

1. Filming and Recording 2. Structured Performance 3. Final Dataset
Original data collection conducted Players performed different This resulted in a full dataset of
with several kulintang players from kulintangs with singular note strikes, 1920 audio segments across nine

different universities in the Philippines. from lowest to highest pitch. different kulintangs.
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Extract audio
from videos

Featurize the audio data
into its temporal and
spectral properties

Identify non-silent
intervals

o " e =
% e

L e

®:0 @

Nl |
< - <=
1 5 8
Label snippets with

corresponding notes
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Remove transient and
background noises
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Store videos and audio
metadata in csv file

Convert videos to short
clips using non-silent
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Extract audio from
video clips and store
as .wav files
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Model Training

Data Processing

Detect non-silent 1
interval
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Get non-silent W
video snippets
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Extracting audio ‘
from video snippets
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Manually label the |
snippets
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Featurizing the 1
audio snippets

Save the features |
with corresponding
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Select a Machine
Learning technique
(KNN, Random-Forest, MLP)

Data
splitting
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Train
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-e— Set the hyper- |
parameters

Train a model }4'—

&alidate the model]

Target

performance
achieved?

* Yes

Test the best
model
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Cross Validation Results

Model Cross validation
accuracy (%)
KNN
Random
Forest
MLP

Accuracy
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~ RandomForest: Max Depth vs Accuracy for Different Number of Estimators
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Test results

Confusion Matrix

Class | Precision | Recall | F1 Score | Support ~ - - - 000
1 0.97 1 0.99 35 e .. .. .
2 0.83 0.97 0.9 31
3 0.88 0.82 0.85 28 )

4 0.84 0.84 0.84 31
5 0.78 0.82 0.8 22 ”
6 0.78 0.62 0.69 29
7 0.82 0.86 0.84 21
8 1 1 1 19

Predicted Label



Conclusion and Future Work

Conclusions
{C'b  Successful Identification: Classical
ﬁ ML effectively identifies Kulintang
notes; Random Forest achieved

the highest accuracy (87%).

_» Real-World Limitation:
- Performance dropped in real-time

scenarios due to unaccounted @"‘ﬁé

external/background noise.
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Future Work
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 Proposed Solution: Robustness
can be improved by augmenting the
training dataset with background
noise.

e Future Directions: Explore Deep
Learning (CNNs) for intricate audio
processing and develop automated
transcription systems to preserve
traditional music.




