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Classification Analysis of ART Networks Using Orientation Selectivity of
Gabor Wavelets
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Abstract This paper presents an analyzing method for classification on Adaptive Resonance Theory (ART) net-
works using orientation selectivity of Gabor wavelets. ART networks proposed by Grossberg et al. are unsupervised
and self-organizing neural networks that contain a stability-plasticity tradeoff. The classification ability of ART is
controlled by a parameter called the attentional vigilance parameter. However, the networks often produce inclusions
or redundant categories. The proposed method measures the relationship between classification results and input
data which are changed by wavelengths, amplitude, angles, etc. using orientation selectivity of Gabor wavelets. The
method can detect the range of orientation responsibility from local phage changes, finer or coarser, caused by the
areas of eyes, eyebrows, and the mouse. Moreover, we show the possibility to reduce redundant categories using the
orientation selectivity.

Key words Gabor wavelets, ART, orientation selectivity, facial expressions.
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Fig.1 Architecture of an ART2 network.
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Fig.2 Three-dimensional representations of Gabor wavelet fil-
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Fig.3 Gabor wavelet output images of the combination of A\ and

S.
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Table 1 Target frames that portray facial expressions.

Facial expressions 1st 2nd 3rd
Anger 18-30 50-57 76-82
Sadness 11-24 40-48 65-78
Disgust 15-32 52-65 90-100
Happiness 21-47 64-78 -
Surprise 16-26 52-60 81-92
Fear 16-34 56-63 85-98
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Fig.5 Gabor wavelets filters (upper: real parts, lower: imaginary parts)
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Fig.6 The number of categories in each direction from 0 to 180 degrees by 5 degree steps

(p = 0.970).
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Fig.7 Categorical changes of ART2 networks for p = 0.970 in each facial expression: (a)

~ (f). Filled rectangles represent the generation of new categories; empty rectan-

gles represent transitions to existing categories. Vertical lines in each graph show

the appearance or disappearance of facial expressions that correspond to Table 1.

The arrows show the point orientation selectivity represented.
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