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Abstract
In this contribution we propose that surface detectors, responding to areas of homogeneous gray-level may be used to support orientation selective cells in V1. By
inhibiting orientation detectors within their input region, surface detectors act as
local feedback system, emphasizing objects with large, continuous contours and enable the fast generation of an initial hypothesis about the input. The performance of
this model is demonstrated, using a set of real-world images. We demonstrate that
for images with a high degree of low-frequency clutter the performance of orientation
detection can be considerably improved.

1

Introduction

In early visual processing, speed matters. If an animal is confronted with a
visual scene, it is important to quickly arrive at an hypothesis about its main
parts so that an appropriate reaction (e.g. escape) is possible. In order to
do such a quick segmentation of the visual input, the information has to be
reduced to its most salient parts. After a first object hypothesis has been
established at higher processing levels, a top down signal may then enable a
refined analysis of object detail (see e.g. [4]).
This poses the question, how the visual system can perform this segmentation
without knowledge of the types of objects which are in the scene. We propose
that information on continuous image regions may be used to confine edge
detection to borders between mid-sized objects.
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2

Biological background

In primates there are two major pathways through which information flows
from the retina via the LGN to the primary visual cortex. The parvocellular
(P) and the magnocellular (M) pathway. M-cells in the LGN have larger receptive fields and are highly contrast sensitive. P-cells have smaller receptive
fields and their contrast sensitivity is comparatively low, however, many of
them are sensitive to color (wavelength). M and P cells account for 90% of all
LGN relay cells. The remaining 10% belong to a third, less well investigated
pathway, the so-called koniocellular (K) pathway, which is thought to be a
phylogeneticly old part of the visual system.
K-cells in LGN have very large receptive fields and their projections to V1
terminate in the cytochrome-oxidase (CO) blobs of the superficial layers [5,2].
In contrast, inputs from the M and P pathway terminate in layer IV. Moreover, while M and P cells exclusively project to V1, K cell inputs have been
identified in higher areas of the ventral visual pathway [3].
Because of their large receptive fields, K cells are not able to resolve fine
details, however, they may provide information about large homogeneous regions. Tuning of orientation selective cells in layer IV is relatively broad, while
it is considerably sharper in layers II and III. We propose that surface information, provided by the koniocellular pathway supports orientation selectivity
in layer II/III and, thus, may contribute to the improved tuning.

3

The model

In this contribution, we present a computational model, which demonstrates
how surface information can be used to support and enhance the responseproperties of orientation selective cells in V1. Starting from the retinal image,
we model LGN responses for two pathways, the koniocellular and the magnocellular pathway. The model system is derived from the schema, shown in Fig.
2
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Here, we restrict the discussion to the properties of the surface detectors and
do not explicitly model orientation selective cells of the M-path. Rather, we
show how the input F to these cells is modified by the surface detection system.

3.1 LGN activity
Receptive fields of K-cells in the LGN are very large and often have no antagonistic surround [7]. Thus, they will be fully activated, even if a stimulus is
larger than their receptive field. We model the receptive field of LGN K cells
by a two-dimensional Gaussian g(x, y) with standard deviation σ1 :
h(x, y) =

σ1

1
√

x2 + y 2
exp −
4σ12
2π

!

(1)

The firing rate of an LGN K cell at position (x, y) is given by C[x, y] =
Θ1 (B[x, y]) with the sigmoid activation function
Θ1 (z) :=

1
1 + exp (−2b1 (z − θ1 ))

(2)

and B[x, y] = (A ∗ h) (x, y) with threshold θ1 and slope b1 . The threshold
is determined by the mean activity in the image. Note that activities are
normalized to unity.
3

3.2 Surface detectors
The K-cell layer C projects to a layer of surface detectors E. The receptive field
of a surface detector at position (x, y) is modeled by a circular patch γ(x, y)
within C. surface detectors respond best, if their receptive field is covered by an
area of homogeneous color or gray-level. Surface detectors effectively evaluate
the variance of color or gray-level in their circular receptive field.
D[x, y] :=

v
u1
u
t

P

X

(m,n)∈γ(x,y)



C[i − m, j − n] − hCiγ(i,j)

2

(3)

with
hCiγ(x,y) :=

1
P

X

(m,n)∈γ(x,y)

C[m − x, n − y].

(4)

The activation of the surface detectors is given by E[x, y] = Θ2 (D[x, y]) , where
Θ2 (·) is a sigmoid activation function equivalent to (2). The threshold θ2 is
again chosen according to the mean activity of their input.

3.3 Edge detector input
The surface detectors project one to one to an interneuron layer. Each activated surface detector will thus, trigger inhibition which will act on all edge
detectors whose receptive field overlaps with that of the surface detector. Since
the receptive fields of the surface detectors are considerably larger than those
of the orientation selective cells, one surface detector will cause inhibition of
a large number of orientation detectors. In the computational model this is
achieved by masking the input image with the activity of the inhibition layer
E, thus, arriving at the effective input to the edge detectors F := A · E.
Here, we used a multiplicative interaction to mask the input with the surface
detector response. It is also possible to use an additive interaction. In this case,
an additional normalization may be required, but the results are qualitatively
identical.

4

Results

Figure 3 shows how the model performs on natural images. The images are
an arbitrary selection from a larger set of images on which the system was
tested. Note that the images differ considerably in resolution and are scaled
4
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to fit to this display.
Figure 3 A shows an example from the COIL database [6]. The surface detectors emphasize the contours of the object. However, images from the COIL
data-base are optimized for edge-based object recognition. Here, almost any
edge-based object recognition systems performs well, since the images are
high-contrast and low-noise.
The example in Figure 3 B is more realistic, since the main object (the monkey) is embedded in a cluttered environment. If an edge-detection system was
directly applied to this image, the response would be dominated by the contributions from the rectangular grid. However, surface detectors respond best to
homogeneous regions, contributed by the monkey and the tree-trunk. Thus,
the image is reduced to the contours of these objects, suppressing much of the
grid and the high-resolution clutter. This reduction in detail is an important
guide for subsequent edge-based recognition systems.

5

Discussion

We have presented a model for surface detection which is based on local homogeneity. Surface detectors and edge detector cooperate according to the rule
that surfaces and edges are mutually exclusive. In our model, this relation is
hard-coded. In a natural system, however, it should be susceptible to learning.
Surface detectors are activated by continuous regions of high local homogeneity. If a surface detector is activated, it inhibits all orientation detectors which
have their receptive field inside the larger receptive field of the surface detec5

tor. At the borders of such regions, edge detection is possible. Since extended
homogeneous regions can in most cases be attributed to mid-sized objects, the
surface detection system emphasizes the contours of such objects. The spatial
scale is defined by the receptive field size of the surface detectors.
Because surface and edge detection work as parallel feed-forward systems, the
proposed mechanism does not require additional time. It may, thus, support
the fast generation of an initial hypothesis about the input. Subsequent processing steps may trigger top-down feedback to suppress the surface driven
inhibition and enable access to fine detail of the input.
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Figure Captions
Fig. 1 Sketch of the major routes of input from the dorsal lateral geniculate
nucleus (LGN) of the thalamus to the monkey primary visual cortex (V1).
Capital letters indicate thalamic input. Small letters indicate further relay
of these signals within cortex. (adapted from [5] and [1])
Fig. 2 Schema of the proposed model.
Fig. 3 Example images, demonstrating the operation of surface detectors.
Original image (left), inverse surface detector response (middle), strongest
response shown as black, and input to orientation selective cells (right).
For all images, the same parameter configuration of the model was used.
In all cases, the surface detectors emphasize the contours of the object.. A
Example from the COIL database [6] B Object embedded in a cluttered
environment. A distractor (the grid) overlaps with the main object in the
scene (the monkey).
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