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Audio features that approximate timbre, rhythm and tempo are used for
genre classification and music similarity estimation. In our system, audio data
are modelled as long-term accumulative distribution of frame-based spectral
features. This is also known as the “bag-of-frames” (BOF) approach wherein
audio data are treated as a global distribution of frame occurrences.

Distances between timbres are computed by comparing the GMM models. We
use symmetric Kullback-Leibler (KL) distance between two models [6][7]. The
Euclidean distance is used to compute distance between rhythms. For tempo
distances, a simple absolute distance is computed.
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Audio Music Similarity Estimation
The timbre, rhythm, and tempo distances are calculated separately. Before
they are combined, each distance component is normalized by removing the
mean and dividing by the standard deviation of all the distances. The results
are then weighted before being summed. Symmetry is obtained by summing
up the distances in both directions for each pair of tracks [5].

•For each normalized track track, the audio
signal is segmented into 23 msec. nonoverlapping, Hanning-windowed frames.

•The Mel-frequency Cepstral Coefficients
(MFCC) [1] and its time derivative (∆MFCC) are
computed for each song.
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Genre Classification
Genre classification is done using nearest neighbours based on the weighted
sum of timbre, rhythm and tempo distances.
•The baseline system excludes
this block.

•The features are summarized as single
multivariate Gaussian with full covaraince
matrix.

Labelled tracks

•The MFCC and ∆MFCC vectors are mapped to
k-dimensional Euclidean space using a modified
Fastmap [2] algorithm.
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Rhythm Component
The rhythm component is based on the Fluctuation Patterns [3] (FPs) of the
audio signal. Fluctuation patterns describe the amplitude modulation of the
loudness per frequency band. For each frame, the fluctuation pattern is
represented by a 12x30 matrix. The rows correspond to reduced Melfrequency bin while the columns correspond to modulating frequency bands.
To summarize the FPs, the median of the matrices is computed. Additional
features derived are FP mean and FP standard deviation.
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This submission is an updated version of the algorithm submitted to MIREX
2011 AMS task. From the MIREX 2011 data, the objective results are highly
Tempo Component
correlated with the human evaluation grades. Both objective and subjective
The tempo component is derived from a technique using onset
results show that returning the 5 closest songs to a given query, 50% of the
autocorrelation [4]. The tempo is computed by taking the first-order difference candidate songs belong to the same genre.
along time of a Mel-frequency spectrogram then summing across frequency. A
high-pass filter is used to remove slowly-varying offsets. The global tempo is
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