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The stabilized auditory image (SAI) (Patterson, 1992) is a movie-like representation of an audio signal in
which an incoming sound is processed into a two-dimensional image that changes over time.

In the SAI, sounds which are perceived as stable by human listeners lead to stable images. Further
processing can be applied to the SAI to generate features for audio analysis tasks.
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The SAI has dimensions of frequency on the vertical axis, and time-interval on the horizontal axis.
SAIs are generated from the output of an auditory filterbank by strobed temporal integration. This is an
autocorrelation-like process in which each filterbank channel is cross-correlated with a sparsified version of
itself which is zero everywhere except for certain 'strobe' points. This process converts the time dimension of
the auditory filterbank output into a time-interval dimension in the auditory image.
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To summarize whole sounds, the codewords
for each box were histogrammed over the
entire length of the audio input, leading to a
single high-dimensional sparse vector which
summarizes the audio file.
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The sparse audio features and text tags associated with the sounds (eg 'gulp', 'cat', 'lion') were used to train a
machine learning system to rank un-tagged audio according to some query term.
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The music information retrieval evaluation exchange (MIREX) provides a platform for
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comparing music information retrieval systems. Steven Ness
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entries for various MIREX 2010 tasks including classical composer
identification and music0.4987
mood analysis
Marsyas MFCC
0.4430
(http://www.music-ir.org/mirex/). Ness' system used the box-cutting
and vector quantization techniques
from
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Lyon (2010) to generate sparse features from the SAI, which were used
to train a support vector 0.455
machine based
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classifier. Results were in the middle of the range of entries, with the SAI-based features outperforming wellTable 1: Classical Composer Train/Test Classification task
tuned MFCC-based features in some tasks.
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Table 1: Classical Composer Train/Test Classification task

Table 2: Music Mood Train/Test Classification task
MIREX
2010: Music mood classification results
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Music classification

MIREX 2010: Classical composer identification results
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Lyon et al. (2010) used SAIs as the basis
of a feature representation for a sound
search task. SAIs were generated for a
databse of sound eﬀects. The images were
then cut into overlapping rectangular regions
of diﬀerent scales, and downsampled to
produce a set of high-dimesnional dense
features for each box. The marginals of each
box were then vector quantized to yield one
codeword per box.
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AIM-C is an open-source implementation of the auditory image model in C++. It contains modules
for the PZFC filterbank (Lyon 2010) and the gammatone filterbank, for strobe detection and SAI generation, as
well as various modules for creating features from the SAIs. It can be used to visualize audio input in real time.
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The size-shape image (SSI) is a transformed version
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aditory image where each channel is scaled by an amount proportional
negate the influence of the machine learning part of the problem.
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