RELATIVE ADVANTAGE OF TOUCH OVER VISION IN THE EXPLORATION OF TEXTURE
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ABSTRACT

Texture segmentation is an effortless process in scene analy-
sis, yet its mechanisms have not been sufficiently understood.
A common assumption in most current approaches is that tex-
ture segmentation is a vision problem. However, considering
that texture is basically a surface property, this assumption
can at times be misleading. One interesting possibility is that
texture may be more intimately related with touch than with
vision. Recent neurophysiological findings showed that re-
ceptive fields for touch resemble that of vision, albeit with
some subtle differences. To leverage on this, we tested how
such distinct properties in tactile receptive fields can affect
texture segmentation performance, as compared to that of vi-
sual receptive fields. Our main results suggest that touch has
an advantage over vision in texture processing. We expect
our findings to shed new light on the role of tactile perception
of texture and its interaction with vision, and help develop
more powerful, biologically inspired texture segmentation al-
gorithms.

1. INTRODUCTION

Visual perception starts from segregation of scenes based on
cues related to luminance, color, contours and texture of ob-
ject surfaces. Moreover, the human visual system uses tex-
ture information in order to automatically—or preattentively—
segregate parts of the visual scene [1]. Several theories and
algorithms exist for texture discrimination based on vision
[2, 3]. These models diverge from one another in algorith-
mic approaches to address texture imagery using spatial ele-
ments and their statistics. Even though there are differences
among these approaches, they all begin from the assumption
that texture segmentation is a visual task.

However, considering that texture is basically a surface
property [4], this assumption can at times be misleading. An
interesting possibility is that since surface properties are most
immediately accessible to touch, tactile perception may be
more intimately associated with texture than with vision (it is
known that tactile input can affect vision [5]).

Coincidently, the basic organization of the tactile (so-
matosensory) system bears some analogy to that of the visual
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system [6]. In particular, recent neurophysiological findings
showed that receptive fields for touch resemble that of vi-
sion, albeit with some subtle differences [7]. To leverage on
this, we tested how such distinct properties in tactile recep-
tive fields can affect texture segmentation performance, as
compared to that of visual receptive fields.

Our results based on the above ideas suggest that touch
has an advantage over vision in texture processing. We expect
our findings to shed new light on the role of tactile perception
of texture and its interaction with vision, and help develop
more powerful, biologically inspired texture segmentation al-
gorithms.

2. METHODS

The most widely used feature generators for texture segmen-
tation is the computational model of the early visual receptive
field (of V1 simple cell), the Gabor filter [8]. When generat-
ing Gabor features, typically, an input image I(z,y), (z,y) €
Q (Q is the set of pixel locations) is convolved with a 2D Ga-
bor function G(z, y) as follows [9]:

Gxro0,0(,y) =exp (%) - COS (27717/ + <p)
2 =x-cosf+y-sinf,y = —x-sinf +1y-cosb

where )\ is the wavelength (1.5xwindow size), 6 is the ori-
entation preference, ¢ is the symmetry phase, ~y is the as-
pect ratio, and o is the standard deviation of the Gaussian
envelope. In our experiments we set these values to be 0 =
0.56,7 = 1.0, and ¢ = 0.57 . Afterwards, a bank of Ga-
bor filters with eight equidistant preferred orientations, 8 =
k-%,(k=0,1,...,7) was constructed. The tactile coun-
terpart of the V1 simple cell model is the receptive field (RF)
for neurons in the somatosensory area 3b [10]. To the best of
our knowledge, tactile RFs have not been incorporated in any
texture segmentation or computer vision related algorithms.

DiCarlo and Johnson [10] derived the tactile RF model
by recording area 3b neural responses to dot patterns using
reverse correlation. The main structure of the RFs consists
of three Gaussian subfields: central excitatory region accom-
panied by an inhibitory lobe and a temporally, dynamically
lagging inhibitory lobe with respect to the excitation center
[10]. Each subfield can be expressed as:
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Fig. 5. Comparison of classification rate for curvy and linear
textures. Left: Textures with curvy (top two rows) or linear
features (bottom two rows) are shown. Right: Performance of
TRF vs. VRF on curvy/linear textures are shown.

more complex spatial properties, e.g., curvature, than VRFs.
In particular, we have also investigated a preliminary test to
analyze the implications of different components that make
up an RF and how they contribute to the detection of texture
boundaries. By fixing a certain parameter and isolating it
from other fixed parameters, we can explore the effectiveness
of the isolated parameter.

Test results show that two leading factors—lagging cen-
ter orientation and orientation preferences—of the RF structure
have stronger links to the superior performance of TRF over
VRF based boundary detection.

5. CONCLUSION

The main novelty and contribution of this paper is in the use
of tactile receptive field responses for texture segmentation.
Furthermore, we showed that touch-based representation is
superior to its vision-based counterpart when used in texture
boundary detection.

Tactile representations were also found to be more dis-
criminable (LDA and ANOVA). We expect our results to help
better understand the nature of texture perception and build
more powerful texture processing algorithms.
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