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ABSTRACT

The system uses two types of effective features for genre
classification. The visual features that can capture the
characteristics of a spectrogram’s texture patterns. On the
other hand, acoustic features are extracted using universal
background model and maximum a posteriori adaptation.
Based on these two types of features, we then employ
SVM to perform the final classification task

1. INTRODUCTION

Since the effectiveness of GSV (Gaussian Super Vector)
has been proven in MIREX 2009 [1,2], here we incorpo-
rates visual features and GSV for genre classification.
This system was described in [3]. For detail explanation,
please see the original paper.

2. ACOUSTIC FEATURES

Here we follow the method in [2]. First of all, a universal
background model (UBM) is trained from a huge music
dataset by using a Gaussian mixture model (GMM) to
represent the common distribution of short term features
(e.g. MFCCs). The music collection consists of nearly
2000 music clips over different genres. The number of
Gaussian mixture component is set to be 30.Next, for a
particular music clip, we take the UBM as a prior distri-
bution and use maximum a posterior (MAP) adaptation to
establish the corresponding GMM. Thus each music clip
can be represented by a set of GMM parameters called
GSV.

3. VISUAL FEATURES

We convert each music clip into spectrogram via STFT
and perform Gabor filtering to extract visual features. The
spectrogram is first divided into the following octave-
based subbands: 0~200Hz, 200~400Hz, 400~800Hz,
800~1600Hz, 1600~3200Hz,  3200~8000Hz, and
8000~11025Hz. That is, the original spectrogram image
is divided into 7 sub-images. Second, we construct a Ga-
bor filter bank with 6 orientations and 5 scales. Then,
each sub-image is filtered with Gabor filter bank. Finally,
the mean and standard deviation of the filtering result are
used as the visual features. Figure 1 shows an example of
filtering results.
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Figure 1. An example showing the effectiveness of Ga-
bor filtering. The top figure is the original spectrogram
within the 1600~3200Hz range; the middle and bottom
figures are the filtered results with 30 and 120 degree
orientations respectively.
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