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ABSTRACT

The executive, in the music industry, or music owner is necessary to know how many
times each song has been played for used to business decisions. But the process to detect songs
played via radio stations is difficult. Thus, the purpose of this study attempt to solve the problem
of finding and identifying the song information from the radio signals by applying Triplet
Networks to representation of song. Four factors were considered: feature extraction, size of input
data, architecture of the sub-networks within Triplet Networks, and size of feature vector used as
output. After model Triplet Networks trained. We implement to search song information by audio
with Nearest Neighbor Search. In addition, we add noise to audio data (query data). The result
base on 100 songs, show that model can accurately identification song. The accuracy rate is 0.86

also shows model can resistant to noise because there is mistakes 3%.
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2.6.1 MIvABUALGY AUV (Pairwise Ranking Loss)
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Abstract
There are a few commercial spots due to legal
restrictions that limit the number of times to open it. In
addition, the frequency of commercial spot changes is
relatively low. This paper presents a commercial spot
detection from another sound on the radio by applying
Jew-shot learning with the Siamese network. The Siamese

network consists of two symmetrical neural networks that

309

are identical in both weight and structure. Each network
generates a 128-dimensional feature vector then finds a
similar result using Euclidean distance. The experiment
resullts showed that the proposed algorithm could
distinguish effectively commercial spots and covers both
the song and the voice of the radio presenter (speech). The
accuracy rate is 0.907 and f-measure is 0.907.

Keyword: Data mining, Audio classification, Few-shot

learning, Siamese network.
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