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METHODS & DESIGNS

Visual receptive fields and clustering

EVANGELIA MICHELI-TZANAKOU
RutgersUniversity, Piscataway, NewJersey

A pattern recognition technique-clustering-has been used to analyze and evaluate mean
ingful characteristics of visual receptive fields in the frog tectum. The fields were mapped either
by an automatic scanning technique or by a response-feedback method called ALOPEX. The
data were then analyzed by the clustering technique, which separates the receptive field into iso
response regions. The latter can be checked on line by stimulating the eye with each cluster and
with combinations of clusters. In this way, existing nonlinearities can be checked objectively.

The receptive fields (RFs) of cells in the visual path
way have been studied extensively and have revealed a
wealth of information about the functions of the differ
ent visual areas. The organization and properties of RFs
are well described for different species (Hubel & Wiesel,
1962, 1965, 1968; Keating & Gaze, 1970; Kuffler,
1953; Maturana, Lettvin, McCulloch, & Pitts, 1960).
The responsiveness of cells to different light stimuli has
been studied by means of microelectrode monitoring of
cells in specific areas of the brain. RF shapes are then
constructed either qualitatively (Hartline, 1940; Lettvin,
Maturana, McCulloch, & Pitts, 1959; Spinelli, 1966)
or quantitatively (Sasaki, Bear, & Ervin, 1971).

Depending on the stimulus characteristics to which
the cell is most sensitive, the cells in the mammalian
visual cortex are classified as simple, complex, or hyper
complex. In the experiments described in this paper, the
animal was the frog. The frog's visual RFs do not have
the center-surround organization that is present in the
mammalian cortex. As Maturana et al. (1960) pointed
out, criteria have to be devised in order to determine
which points of the mosaic of light on the frog's retina
constitute the boundaries between an object and the
background.

In this paper, a method is presented by which visual
RFs are analyzed by a clustering algorithm, one of the
frequently used methods for classification of data. The
main purpose is to separate the meaningful features in
the RF from the background noise and to classify the
responses of a cell as a function of the spatial distribu
tion of brightness of the stimulus. This is well justified
from the fact that the RF geometry may be drastically
altered as a function of the stimulus luminance (Arden,
1963); both distortion in shape and changes in the
nature of the response are encountered. The reason for
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the complicated relationship between stimulus and
response seems to be clear: Stimulation at any point of
the RF results in the activation of both excitatory and
inhibitory changes that typically differ in their magni
tudes, latencies, and time courses, whereas the recorded
outcome reflects some combination of these changes.

The method presented in this paper is designed to
take into account these complications and to avoid as
much as possible the preconceived notions of the experi
menter concerning RF mapping and analysis.

METHOD

Frogs (Rana pipiens) measuring between 2.5 and 3 in.
are anesthetized by immersing them in a warm water
solution of Finquel (tricaine methylsulfonate 1C1r weight
in H2 0 ). Boosters of 0.05-0.1 cc are used as needed. A
flap is cut in the skin above the skull. leaving one edge
intact at the caudal margin. The blood vessels are then
carefully stripped back from the surface of the skull
above the tectum. To expose the tectum, a small circular
piece of bone is drilled out, with special care being taken
to avoid cutting the large vessels that run below the skull
and over the caudo1ateral margins of the tectum. The
dura and the arachnoid membrane are then removed,
and the brain is covered with a drop of mineral oil. At
all times during surgery and recording, the frog is kept
covered with a moist cotton pad. After the surgery, the
frog is left to recover completely from the anesthesia.
The eyes are carefully examined to determine whether
they are healthy. The animal is then given 0.05-0.06 ml
of tubocurarine (3 mg/rnl Squibb); additional O.Ol-ml
doses are injected whenever needed. The frog is placed
on a horizontal foam pad.

A tungsten microelectrode is positioned at the point
above the rostral part of the tectum by using a placing
microscope. A silver ball electrode (indifferent) is placed
under the frog's body. The recording electrodes have tips
of diameter 1-10 microns and impedances of5-1O Mohms
at 1000 Hz. The electrodes are moved by a hydraulic,
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remotely operated microdrive. Relative readings of
electrode depth are recorded.

The action potentials are recorded extracellularly in
the upper layers of the tectum. The retinotopic map of
Jacobson (1962) is used as a guide for placing the
microelectrode on the surface of the tectum ana choos
ing the CRT position. The CRT used for stimulus pre
sentation is mounted on a custom-made stand so that
the azimuthal and polar angles (1),0) can be read directly.
The eye of the frog is at the origin of the spherical
coordinate system. The face of the CRT is at all times
perpendicular to the line of sight to the center of the
screen. The distance r between the eye and the CRT is
20 to 30 ern.

Signals picked up by a single-ended field-effect
transistor (FET) probe are between 50 and 300 microV,
and the signal-to-noise ratio is about 10: 1. After ampli
fication to about 1 V, a discriminator is used to select
pulse heights. Most of the accepted pulses are believed
to have originated from single units (cells). In general,
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Figure 1. (a) Response matrix of a retinal fiber in the frog
tectum (Roo 856). The numbers represent the number of spikes
elicited when a 2 x 2 pixel bright spot was RashedON and OFF
on a dark background, The locations of the spot were selected
randomly. Each location was covered only a preset number of
times. The spot was moved every two pixels. (b) linear transfor
mation of the response matrix in (a) to an intensity pattern. The
gray scale used has 16 levels.

larger RFs are observed when wider discriminator
windows are used. This reflects the retinotopic charac
ter of tectal organization.

The visual stimuli are computer controlled, The
detailed methodology has been described elsewhere
(Tzanakou, Michalak, & Harth, 1979). Briefly, dots of
variable luminance and size are presented on a CRT
screen at randomly chosen locations and in such a way
that each location is covered exactly a preset number
of times. The responses of the cell are recorded and form
a response matrix (Figure la). The response matrix is
then linearly transformed into an intensity pattern
corresponding to the RF of the neuron (Figure I b).
After the RF is mapped, a clustering algorithm, de
scribed in the next section, is used to separate the RF
in a number of isobrightness regions and, hence, a
number of isoresponse areas.

A second method for mapping the RFs is also used.
This method, called ALOPEX, is a response-feedback
method and is described in detail elsewhere (Harth &
Tzanakou, 1974; Tzanakou & Harth, 1977; Tzanakou
et al., 1979). It is an iterative method in which a grid of
32 x 32 picture elements (pixels), consisting of 16
levels of gray scale, is presented to the animal. The
response of the neuron to the whole pattern is recorded
and used as feedback to change the pattern of the next
iteration. As the process continues, an optimal stimulus
is created on the CRT screen; the process is guided by
the increase of the response every time the intensities of
the pixels are changed in the right direction. This opti
mal stimulus is the RF of the neuron under investiga
tion. This method is most efficient in the case of the
nonlinear behavior of the cell and is much more eco
nomical in time. Since the whole CRT screen is used as a
stimulus, the response is not a function of the dot posi
tion; rather, it is a global response to the whole pattern
presented to the eye.

RECEPTIVE FIELDS ANDCLUSTERING

The relationship of response and stimulus is not
linear (Easter, 1968; Stone & Fabian, 1968). This means
that neural excitation and inhibition cannot simply be
summed algebraically. Their relationship is, rather, a
means of enhancing differences and of providing visual
neurons with a greater dynamic range of response.
Therefore, in the pattern representing the RF of a
neuron (as described in the Methods section), every
single pixel of intensity is of importance, since with
the right combination of luminance and positioning with
respect to other pixels, it affects the firing rate of the
neuron under consideration. The method presented here
uses every bit of information on brightness and spacing
between the pixels of the RF to form the optimal stim
ulus for a particular neuron and to fmd most of the
nonlinear characteristics in its behavior.

In order to classify patterns, key features must be
extracted from the pattern. Clustering is one of the fre
quently used methods in pattern recognition. Many
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EXPERIMENTAL RESULTS

Step 4: The original pattern S is now divided into
three subgroups SA, S8, SC such that

Step 3: For each subgroup SI and S2, find the
"centers" corresponding to the maximum luminance
Qij, Qmax(StJ, n = I, 2, .... Also, fmd the aver~ge

luminance 8(Sn) for each subgroup (cluster) usmg
Equation 1, that is,

pixel (i,j) E SA if lij >13(SI)

pixel (i.j) E SB if13(S2) IIIl; lij IIIl; 13(SI)

pixel (i,j) ESC if lij <13(S2)

~lij(S2)
- 2 __IJ__.
B(S ) - N(S2) .and

~lij(SI)
- lJ
B(SI) = N(SI)

Step 5: Repeat Steps 3 and 4 as many times as neces
sary to find all meaningful features of the pattern and to
test their effects on the firing rate of the neuron.

In general, starting with one group of data, namely
the RF of the neuron under investigation, we divide it
into a number of clusters. For iteration n of the cluster
ing algorithm, one more cluster is added to the number
of clusters available in iteration n-1. If K is the number
of clusters at iteration n, then at iteration n+ I we have
K+I clusters (Friedman & Rubin, 1967).

algorithms have been developed in this direction
(Friedman & Rubin, 1967; Ling, 1972; Shepard &
Arabie, 1979). Clustering in most cases is done on the
spatial distribution of the data. The algorithms search
for a "compactness" of a parameter (in our case, the
luminance) in the different areas of the pattern. When
these regions of luminance are used as stimuli, one finds
the functional properties of these regions.

Another technique used in image segmentation is
thresholding. Its main usefulness lies in discriminating
objects from backgrounds in many classes of scenes,
including cloud covers, blood smears, chromosome
spreads, and others. It is less appropriate in dividing
textured images into meaningful regions, but it still
has a variety of applications in situations in which the
objects and background are homogeneous and smooth.
A number of techniques have been proposed for auto
matic threshold selection; these include global threshold
selection techniques based on gray-level histograms
(Doyle, 1962; Prewitt & Mendelson, 1966) or local
thresholding methods (Bartz, 1969; Morrin, 1974;
Sklansky, 1968; Ullman, 1974;Wolfe, 1969).

The data collected from frogs in the experiments
described here are represented by a matrix, each pixel
of which is assigned a brightness level. This matrix
of intensities represents the RF of a neuron in the visual
pathway. As such, the spatial organization and the
brightness of the pixels are both important. The algo
rithm one uses should not, therefore, alter the RF organ.
ization; rather, it should check for similarities between
the pixels with respect to brightness. The algorithm
described below groups together pixels of approxi
mately the same luminance.

CLUSTERING ALGORITHM

N(S) =number of pixels in matrix S.
Step 2: Divide the matrix S into two subgroups SI

and S2 so that SI contains all pixels with Qij > B(S) and
S2 contains all pixels with QiJ .:;; B(S).

Since the visual input is analyzed by some processor
that extracts local features, a pattern can be discrim
inated from a homogeneously illuminated background
by the fact that the light flux of the different areas
of the pattern is higher or lower than that of the back
ground.

Consider an L x M matrix S and luminance Qij for the
pixel (i,j) in the matrix (this matrix will henceforth be
called the pattern).

Step I: Find the average luminance B(S) of the pat
tern S, using the equation

Il.... I,J
- 1J
B(S)=

N(S)
i,j = 1, 2, ... , 32. (1)

The clustering procedure described above is now
routinely used in the Vision Laboratory at Rutgers
University as an extension of RF studies in the frog's
visual pathway. After the RF of a neuron is mapped,
on-line clustering is performed and the neuron is
stimulated again, with each one of the clusters found
and with combinations of them. A response is recorded
for each region and then analyzed in order to establish
existing linearities or nonlinearities of spatial summation
(Tzanakou, Note I).

The RFs mapped have, in general, a circular or ellipti
cal shape (Figures 1 and 4). Two or three levels of
clustering are usually enough for a complete separation
of the data into functionally meaningful regions. This
results in a total of no more than 10 clusters and their
combinations. Statistical assumptions, appropriate to the
clustering method, are used in order to reduce the
number of clusters in an objective way. The first two
subgroups formed from the RF of Figure I are given in
Figures 2a and 2b, and further clustering produces
those seen in Figures 2c and 2d. It is obvious that, even
in Figures 2a and 2b, a gross distinction of the more
sensitive areas versus the less sensitive areas has taken
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(a)

(b)

(c)

(d)

(e)

Figure 2. Clustering performed on the original data of l(a)
revealed the two subgroups (a) and (b) as the center and the
surround of the receptive field. Further clustering can further
separate the most sensitive area of the receptive field-the bright
est part of the pattern (c). The rest of the pattern if the center is
removed (d). A combination of the outer surround and the
center, with a dark annulus around the center (e).
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(e)

Figure 3. Computer facsimile of a small RF (Run 405). One
grouping was enough to give meaningful regions. (a) The whole
RF mapped with a bright spot on a dark background. (b) The
center of the RF after clustering. (c) The surround of the RF.
Note that the most and least sensitive regions are well separated.
Also, note that there exist some spots way outside the central
region which clustering of the closest neighbors did not affect.
These spots could very well be secondary centers in the Rf'.

(a)
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place. The fine separation of the regions is more evident
in Figures 2c and 2d. The most sensitive area (center)
corresponds to the brightest part of the pattern.

In some cases, a single clustering is enough to produce
two distinct regions. This is particularly true for small
size RFs (Figure 3).

Interactions of the different regions of the RF can
be studied using any two or more clusters. This pro
cedure can be thought of as one way of searching for
the optimal stimulus for the neuron. The combination
that gives the maximum response is the one that uses
the center of the RF and its outer surround. This way a
dark "annulus" surrounds the most sensitive area of the
RF, and the outer surround appears as a brighter "an
nulus" for the dark area. This combination of clusters
(Figure 2e) has given a higher response, a result that
is reminiscent of the McIllwain "periphery effect"
(McIllwain, 1964).

Some cells with RFs that have multiple centers, as
shown in Figure 3, have been encountered. In these
cases, usually there is a large center and one or more
smaller areas of brightness similar to the large center
(Figure 3b). When each one of the centers and their
combinations are used as stimuli, the response is maxi
mum when the large center and one of the small ones are
presented together-the most effective small center be
ing the most distant from the large center. This process
again implies a synergistic effect between the center and
the outer periphery. The advantage of clustering versus
other methods used for RF analysis is that it does not
distort the shape of the RF and uses the same intensi
ties of the composite RF when using only parts of it.
The function of the different parts of the RF can be
studied in conjunction with other parameters, such as
time. If for example, cluster Sk is presented first, cluster
Sn can be introduced at a later time and the temporal
properties associated with this variable delay time can
be studied.

DISCUSSION

Two types of recognition of images have been de
scribed in the visual system: recognition of the form of
an image and recognition of its spatial and temporal
properties.

The method of analyzing receptive fields presented in
this paper is capable of furnishing this kind of informa
tion. Texture discrimination is strongly dependent on
clusters that are formed either by chance or by some
ordered way. Any local feature is visually extracted by
local detectors tuned to that particular feature.

The perceptual significance of clusters has already
been demonstrated by Julesz and his collaborators
(Julesz, 1981a, 1981b; Julesz, Gilbert, & Victor, 1978).
J ulesz, 1971) stated that "there is a cluster detector
operating in the visual system, probably at the earliest
levels, and only those statistical descriptors that describe
cluster formations can have some perceptual signifi
cance" (p. 114). The clustering method of analyzing the
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(e)

(d)

Figure 4. A large receptive field and its clusters, mapped by a
bright spot of 2 x 2 pixels flashed ON and OFF on a dark back
ground (Run 642). The intensity pattern. (b) After clustering,
the most sensitive area of the field is weD concentrated in the
central area. (c) The immediate surround of (b). (d) The outer
surround-least sensitive area of the receptive field. (e) A com
bination of (b) and (d). The part presented in (c) is missing so
that a dark annulus surrounds the most sensitive area of the RF.

(a)

(b)

(c)
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RF of single neurons in the visual pathway is one way to
find how the neuron perceives intensity information
with specific properties such as position, orientation,
and size of the stimulus related to the differences of
function in the various parts of its receptive field.

The statistical analysis of RFs of neurons is the same
analysis that the visual system as a whole is doing when
perceiving complex scenes of intensity information. One
starts with a global analysis of the scene and then goes
on with a more localized inspection of the various parts
of the scene, looking for those elements that are of
importance. The importance depends largely on the
differences evaluated between part A and part B of the
scene. As Julesz (1983) pointed out, the best texture
segregation corresponding to human texture discrim
ination will be the outcome of a combination of several
filters; this combination of filters would correspond to
a "texton detector" (Julesz, 1983). Similarly, the RF
of a neuron as defined here is the best stimulus for that
neuron. It is composed of a number of clusters, each
containing some meaningful feature of the RF. These
clusters can be considered a set of filters that further
analyze the scene.

It is important to note that the RFs of neurons in
close proximity have common characteristics with a lot
of overlapping areas. Yet, these areas are not exactly
the same, a fact that became apparent through these
clustering experiments. They respond to the same
general areas of stimulation, with the same general kind
of ON or OFF response, and to the same general stim
ulus characteristics. And yet, when clustering was used
for analysis, one particular area of these RFs was not
quite the same, in all neighboring neurons, as if one of
the filters used, as mentioned before, had changed its
characteristics. This is probably the main reason why, in
order to perceive a line segment, many neuronal units
that have similar orientations but different firing thresh
olds and tuned to different widths are needed.

In summary then, we have developed a method that
forces the neuron to perform in the same way that the
visual system performs when perceiving patterns of
different complexities. It is our hope that correlation
between clusters of RFs of neighboring neurons might
provide the missing link between the psychophysical
local features called textons (Julesz, 1983) and the
features found to be optimal stimuli for the neural units
in the striate cortex of the monkey.
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