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Abstract— By way of extracellular, stimulating electrodes, elec-
tronic vision prosthesis aims to render discrete light spots – so-called
phosphenes – in the visual field, thereby providing a phosphene image
serving as a rudimentary remediation of profound blindness. It is pro-
posed that a digital camera, or some other photosensitive array, captures
frames, the frames be analyzed, and phosphenes be actuated accordingly.
We present a numerical experiment wherein we observed the phosphene
image in response to a set of stimuli for various image analysis schemes.
We used the mutual-information function to quantify the efficacy of anal-
ysis schemes; the function penalizes a scheme for introducing redundancy
to the phosphene image, while accounting for the probability of each
stimulus. We demonstrate an effective scheme involving Laplacian of
Gaussian (���) kernels geometrically transformed in accordance with
phosphene layout. Further, we propose adapting the kernels comprising
a scheme in accordance with photosensor movement.
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I. I NTRODUCTION

�
XISTING studies seek to quantify the usefulness of pros-
thetic vision for performing daily tasks – e.g., mobility

[1], reading speed [2], face recognition [3], and household
activities [4]. There is scarce treatment in the literature,
however, of image analysis as applied to prosthetic vision, for
integration with a prosthesis.

One such treatment is previous work by the authors wherein
we assessed the fixation and pursuit capabilities of subjects
afforded simulated prosthetic vision [5]. In this previous
experiment, subjects were required to track a small, high-
contrast target, at times stationary and at times moving, with
the central phosphene of a phosphene array, the movement
of which subjects effected via a joystick. Throughout, each
subject’s deviation signal was recorded: a discrete time-series
describing the displacement of the central phosphene from
the target. Subjects performed approximately three hours’
tracking with three image analysis schemes. An important
observation was made: subjects used the non-trivial analysis
scheme (involving overlapping Gaussian kernels chosenad
hoc) to their advantage over the trivial scheme of the existing
literature: regional averaging.

The present paper concerns the informed design of an image
analysis scheme for a retinal prosthesis. In the same way that
speech processing in the cochlear implant assists recognition
of consonants, vowels, monosyllabic words, and sentences [6],
a well designed image analysis scheme should improve the
artificial vision afforded prosthetic retinal implantees.

II. M ETHOD

Fig. 1 depicts the numerical set-up. The impulse is shifted
through all locations in the numerical region,� (lower layer).
For each impulse location, the analysis scheme,� (middle
layer), is applied to�, determining the levels of activation of
phosphenes in the phosphene image (upper layer).

A scheme comprises seven spatial kernels, arranged, like
phosphenes, in an hexagonal mosaic, each of which analyses
a subregion of� and drives a phosphene; we employ seven
phosphenes because previous work shows that, in the main,
fixation and pursuit is achieved with the use of these central
phosphenes. It is convenient to think, therefore, of the biolog-
ical analogy: a subregion as a phosphene’s receptive field, and
the kernel as the receptive field profile.

Phosphene output was quantized to 32 levels in accordance
with our neurostimulator design, central to which is a five-
bit DAC [7]. (It is worth noting that, by varying the pulse
duration of stimulation, a greater number of percepts may
be achieveable. For a lack ofin vivo data in the literature,
our selection of 32 is somewhat speculative.) We define
phosphene pitch (PP) as the shortest distance between any
two phosphenes given the hexagonal mosaic used. We ran the
experiment for various schemes,�: regional averaging (RA)
schemes, Gaussian (G) schemes, and Laplacian of Gaussian
(���) schemes, as discussed subsequently.

We used the mutual-information function to assess the ef-
fectiveness of each analysis scheme. In the present context, the
input,X, describes the location of the impulse; the output is a
vector of dimensionality seven,Y, describing the activations
of phosphenes comprising the phosphene image. Thus, the



Fig. 1. The numerical set-up. The impulsive stimulus (bottom layer) is
analyzed by filtering scheme,� (middle layer), which in turn excites the
phosphene image (upper layer). Note that the scheme shown involves
non-overlapping Gaussian kernels.

mutual-information function,
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That is, the function measures the degree to which seeing
the phosphene image reduces the uncertainty as to the location
of the impulse.

Central to the mutual-information function is the probability
density function associated with the input vector,X. This
density function, in effect, ascribes a probability,� � , to each
impulse based on its location. In analysing data from the
previous experiment described briefly in the Introduction [5],
we noticed that the first-order statistics of the random process
comprising subjects’ deviation signals are well modelled by
a bivariate normal [8]. That is, subjects tended to deviate
about the target, be it stationary or moving, so as to describe
a bivariate normal. Thus, we can ascribe a probability,� � ,
to each impulse based on its horizontal,��, and vertical,��,
position in the numerical region, where���� ��� � ��� �� is
the region’s centre, as follows:
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� is the correlation of�� and��, and��
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are the vari-
ances of the normal in the horizontal and vertical directions
respectively.

Deviation signals from [5] were modelled using an im-
plementation of the non-linear least-squares Levenberg-
Marquardt algorithm [9]. In short, for fixation, we found
� � ���,�� � ����PP and�� � ����PP; for pursuit,� � ���,
�� � ���
 PP and�� � ���� PP.

An analysis scheme will affect the breadth of scanning,
����; therefore, have we constructed a circular argument? It
is important to note that, while the first-order statistics of the
deviation process varied for fixation and pursuit, and for dif-
ferent schemes, the normal nature of the processes remained.
For example, mean pursuit deviation for regional averaging
was greater than that of Gaussian kernels, but both are well
modelled by bivariate normals (just of different variances).
Subsequent paragraphs assess filtering schemes for a range
of breadth of scanning so as to account for the effect of the
scheme on scanning.

By this means – shifting the impulse through the numerical
region and, in light of the probability density function of the
impulse’s location, using the mutual-information function to



assess information content in the phosphene image – we have
assessed different analysis schemes,�.

III. R ESULTS

Fig. 2 demonstrates the relative efficacy of three filtering
schemes. The first,RA, is comprised of hexagonal kernels,
each of which averages the intensity of its receptive field.
For RA, the kernel extent (�-axis) refers to the height of
the hexagon in question; therefore, for extent = 1.0 PP, the
numerical region is effectively tiled by hexagaonal kernels.
The second,G, is comprised of Gaussian kernels. The third,
LoG, is comprised of��� kernels. ForG and���, kernel
extent refers to the radial standard deviation of the kernel in
question.
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Fig. 2. Relative efficacy of three analysis schemes: regional averaging (RA),
Gaussian kernels (G), and��� kernels (LoG) for�� � �� � ���� PP.
Vertical lines indicate global maximum for each curve. Thus, a scheme of
��� kernels with standard deviation = 0.85 PP is best of those shown.

From the figure we can discern that, for breadth of scanning
characterized by�� � �� � ���� PP, a scheme comprising
��� kernels of standard deviation 0.85 PP will convey most
information to an observer of the phosphene image.

As shown in the upper layer of Fig. 1, for the purposes of
this experiment, we have arranged phosphenes so as to form
an hexagonal mosaic. (We have explained elsewhere the likely
benefit of manufacturing implantable electrode arrays to form
hexagonal mosaics [10].) This gives rise to the question, Can
the geometry of the phosphene layout be incorporated into the
geometry of the kernels comprising the analysis scheme so
as to increase the information put through to the phosphene
image? Fig. 3 shows a��� kernel (left) and its hexagonalized
equivalent (right). Intuitively, hexagonalized kernels make for
a “better fit” when arranged in an hexagonal mosaic. For
schemes comprised of hexagonal��� kernels we re-ran the

numerical experiment, taking note, at each breadth of scan-
ning, of the information put through by the optimal� scheme,
and the optimal��� scheme. Fig. 4 demonstrates the efficacy
of the hexagonal��� kernel: for scanning characteristic of
both fixation and pursuit (that is, for breadth of scanning
ranging from 0.05 to 0.5 PP), an hexagonal� �� scheme will
convey more information to the observer of the phosphene
image.

Fig. 3. The circularly symmetric��� kernel (left) and its hexagonally
symmetric equivalent, formed by geometric transformation (right).
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Fig. 4. The efficacy of the hexagonally symmetric��� kernel as compared
with its circularly symmetric equivalent. An analysis scheme comprising
hexagonally symmetric��� kernels puts through more information to
the observer of the phosphene image.

IV. D ISCUSSION

Using the mutual-information function as a measure, we
have assessed the effectiveness of different image analysis
schemes for use in a retinal prosthesis. We demonstrated
that schemes comprising Gaussian kernels are superior to
regional averaging in that they convey more information to
the observer of the phosphene image. Thus we have provided



an information theoretic reason for our previous empirical
result as briefly described in the Introduction [5]. Superior
to both Gaussian and regional averaging schemes, however,
is a scheme comprising Laplacian of Gaussian (���) kernels
(s.d. = 0.85 PP). Further, we have shown that by geometrically
transforming kernels in accordance with the geometry of the
phosphene layout (here an hexagonal mosaic) still more infor-
mation is put through to the phosphene image. The benefit of
geometric transformation persists for scanning characteristic
of fixation and pursuit (indeed, the benefit persists for uniform
distribution of the impulse,� ���� ���).

The hexagonalized��� kernels made for modest mutual-
information gains, but the technique of geometric transfor-
mation will be important where irregular phosphene layouts
are concerned, such as those reported by Humayunet al. as
part of an early clinical trial [11]. Our present results imply
the geometric transformation of kernels on Voronoi polygons
formed about phosphene centres (a demonstration of which is
currently in preparation at the authors’ laboratory).

The ��� kernel is of interest in the present context; it
has attracted interest in biological and image processing fields
alike. Initially proposed by Marr and Hildreth in the context
of compulational visual modelling [12], its being dually con-
centrated in spatial and frequency domains allows for better
localization of more features. Further, its circular symmetry
means no information is lost due to orientation.

A useful by-product of this work is as follows: by varying
the resolution of the numerical region (bottom layer as per
Fig. 1), and the number of levels to which phosphene out-
put is quantized, we can quantify, respectively, the effect of
photosensor resolution – be it a digital camera, as proposed
by the authors [13], or an implanted photodiode array [14]
– on the resolution of the phosphene image, and the effect
of the resolution of the implanted neurostimulator’s DAC.
For a numerical region of decreasing resolution, and for the
quantization of phosphene output to fewer levels (say, eight as
opposed to 32), the information put through to the phosphene
image is decreased.

How is the present work a step towards photosensor
movement-adaptive image processing? The set-up presented
here can incorporate dynamical aspects of the deviation signal,
X, which correlate to photosensor array movement. This
addition will likely show how orientation- and scale-specific
kernels can be incorporated with the present findings. The
use of such kernels would need to be adaptive, otherwise
information from the “other” orientations and scales would be
omitted from the phosphene image. Said use in the adaptive
sense, inasmuch as a single phosphene, when observed over
time, would convey information pertinent to numerous scales
and orientations, would mimic the dyadic use of Gabor filters,

for example, for texture segmentation in machines [15].
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