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ABSTRACT 

We present a synchronous time-based dual-threshold imager that experimentally achieves 95.5 dB dynamic range, while 
consuming 1.79 nJ/pixel/frame, making it one of the most wide-dynamic-range energy-efficient imagers reported.  The 
imager has 150x256 pixels, with a pixel pitch of 12.5µm x 12.5µm and a fill factor of 42.7%.  The imager is intended for 
use in a brain-machine visual prosthesis for the blind where energy efficiency and power are of paramount importance.  
Such prostheses will also need to convey visual information to patients with relatively few electrodes and in a manner 
that minimizes electrode interactions, just as cochlear implants have accomplished for deaf subjects.  To achieve these 
goals, we present a strategy that compresses visual information into the basis coefficients of a few image kernels that 
encode enough information to provide reasonably good image reconstruction with 60 electrodes.  The strategy also uses 
time-multiplexed stimulation of electrodes to minimize channel interactions like the continuous interleaved sampling 
(CIS) strategy used in cochlear implants. Some of the image kernels that we employ are similar to the receptive fields 
observed in biology and may thus be natural to learn, just as cochlear-implant subjects have learned to reconstruct sound 
from a few filter basis coefficients.  

Keywords: Neural prosthesis, visual prosthesis, neural stimulation, artificial vision, medical implant, brain-machine 
interface, low-power imager, wide-dynamic-range imager. 

INTRODUCTION 
According to the World Health Organization, in 2002 more than 161 million people were visually impaired, of whom 
124 million had poor vision and 37 million were blind1.  Moreover, the economic impact of vision loss in the United 
States alone is estimated at $68 billion a year2.  An artificial vision system will have a huge impact on society and 
preliminary results with visual-prosthesis devices currently under development have been encouraging. 

Neural tissue can be stimulated by pulses of electrical current delivered using electrodes.  Experiments have shown that 
visual sensation can be created by stimulating neural tissue along the visual pathway.  Currently, the four main 
approaches to visual prostheses involve retinal implants3,4,5, optic-nerve cuff electrodes6, cortical implants7, and most 
recently, dorsal lateral geniculate nucleus (LGN) implants8.  There are pros and cons to stimulation in various sites. For 
example, a brain-machine visual prosthesis (cortical or LGN stimulation) is potentially useful in all common causes of 
blindness and has significantly more space available for implantation, while a retinal prosthesis is more severely space 
constrained and cannot be used in glaucoma-related causes of blindness.  However, a retinal-implant surgery presents 
less risks than a brain surgery for a patient who is already blind.  Our work is primarily targeted towards brain-machine 
visual prostheses, although it could be useful in other visual prostheses as well.  

Regardless of the stimulation site, in order to develop a visual prosthesis we need to address four critical issues: (1) the 
overall system has to operate with low power to be small, portable, and to minimize tissue heating; low-power recording,  
processing, stimulation, and wireless circuits for brain-machine interfaces are discussed in 9 and the references contained 
therein; (2) the imager used  in such a system needs to have a wide dynamic range and needs to operate with very low 
power to be able to sense real-life images in an efficient fashion; (3) effective coding strategies need to be developed to 
deliver image information to the subject using relatively few electrodes; and (4) stimulation strategies need to be 
developed to minimize electrode interactions commonly found during stimulation of neural tissues. 
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In this paper, we present a low-power imager and compression algorithms that are meant to address the issues outlined in 
the previous paragraph and that represent progress towards constructing a practical visual prosthesis. Section 2 describes 
the low-power imager and Section 3 describes the compression algorithms.  Our 150x256 imager experimentally 
achieves 95.5 dB dynamic range, 37 dB peak signal-to-noise ratio (SNR), and consumes 1.79 nJ/pixel/frame, making it 
one of the most wide-dynamic-range energy-efficient imagers reported to date.  In addition, this imager has a high fill 
factor of 42.7% and a pixel pitch of 12.5µm x 12.5µm.  In Section 3, we present an image coding strategy for visual 
prostheses that uses time multiplexing and basis coefficients from image kernels to compress information from a visual 
scene onto 60 electrodes.  Preliminary experiments with a visual prosthetic simulator10

 show excellent face and text 
recognition performance with just 60 electrodes—a number already feasible with prostheses currently being tested11.  In 
Section 3, we also discuss how our strategy may be able to alleviate electrode interactions due to its use of a 
synchronous continuous interleaved sampling (CIS) strategy, which has proven to be very successful in cochlear 
implants12.  Asynchronous interleaved sampling (AIS) techniques for stimulation that minimize electrode interactions 
and that simultaneously lower stimulation power have been proposed for use in cochlear implants, especially for 
encoding music13,14.  Such AIS techniques are compatible with our strategy as well, but we only focus on the CIS version 
of our strategy in this paper.   

Simulated reconstructions of the overall image after it has been processed with our compression-and-CIS strategy show 
fidelity that appears to be acceptable for landscape, face, and text recognition.  The image kernels that we employ to 
extract basis coefficients are similar to those seen in receptive fields in biology and we can certainly use kernels that are 
identical to those measured in biology.  Thus, while the overall success of our compression algorithm can only be judged 
after it has been tested on blind subjects, it does appear promising, and it is founded on ideas that have proven to be very 
successful in cochlear implants.  

LOW-POWER, WIDE-DYNAMIC-RANGE IMAGER 
The ideal visual prosthesis imager should have a wide dynamic range, minimize power consumption, and have a high fill 
factor.  Conventional charge-coupled devices (CCDs) and CMOS active-pixel sensors (APSs) have each found a niche 
within the field of digital imaging due to their complementary strengths in the areas of power consumption, image 
quality, and ease of system integration.  However, the common shortfall of CCD and APS pixel arrays is their inability 
to faithfully capture images with wide intra-scene dynamic range.  While the dynamic range of these sensors typically 
falls between 103:1 (60 dB) and 104:1 (80 dB), real-world scenes can exhibit illuminations spanning a range of 105:1 
(100 dB) or more15.  When confronted with such a scene, these sensors either fail to capture significant information in 
the darkest areas of the image, saturate in the brightest areas, or both.  The resulting information loss is not tolerable for 
a visual prosthesis in all light conditions.  This has led the push to develop modified sensor topologies with improved 
dynamic range. 

Besides having a wide dynamic range, a visual-prosthesis imager needs to have low power consumption.  Low power 
consumption is important to ensure long-term viability of the visual prosthesis, as the device needs to operate with a 
small portable battery.  Furthermore, a high fill factor is desirable to ensure that most of the silicon area is used for 
imaging rather than for overhead circuitry, thus enabling good spatial resolution and a small imager size.  

Various CMOS APS imager topologies have been proposed to increase the dynamic range of each pixel. Among the 
potential solutions are time-based imagers.  Time-based imagers encode photocurrent information in the amount of time 
it takes the sensed photocurrent to integrate a pixel capacitance to a globally defined threshold, rather than measuring 
voltage changes on this capacitance that result from a fixed time interval for photo-current integration.  Time-based 
imagers offer the potential for high dynamic range in modern CMOS technologies since the dynamic range afforded by a 
time signal variable gets better as silicon technologies get faster, while the dynamic range afforded by a voltage signal 
variable gets worse as power-supply voltages get smaller.  Unfortunately, many past time-based approaches have failed 
to achieve wide-dynamic-range capture in video-rate applications16.  One time-based imager employs a time-varying 
threshold that begins each frame at a high level to maximize the charge quanta collected by brightly-illuminated pixels, 
and then decreases this threshold over the course of the frame to ensure that dimly-illuminated pixels also reach 
threshold within an allotted video frame time17.  However, such imagers are not energy efficient and consume nearly 
132nJ/pixel/frame. Our imager improves on prior time-based imagers, using four key innovations to solve several 
practical problems that have formerly limited the dynamic range and/or the energy efficiency of such imagers.   
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The four key innovations present in our time-based imager are as follows: First, a novel dual-threshold time-based 
current sensing algorithm is utilized that forces each single-slope integrating pixel to cross two threshold levels per 
frame (once just after reset and a second time after a near-optimal amount of photo-generated charge has been collected).  
This differential measurement technique eliminates offset fixed pattern noise (FPN) and pixel reset noise, and reduces 
comparator 1/f noise.  Second, synchronous threshold detection is employed, yielding significant power savings 
compared with asynchronous approaches.  Third, a method of optimizing the global dual-threshold waveform and 
associated pixel threshold-detection times is used.  This method ensures that the quantization noise introduced by the 
algorithm remains negligible compared to the intrinsic pixel noise floor, while simultaneously minimizing the number of 
threshold detections employed, and thus the energy consumed.  Fourth, a novel capacitively-coupled pixel topology is 
employed.  This topology enables highly-linear responses to be achieved with this algorithm, while minimizing the 
common-mode input range of the pixel comparator, thus simplifying its design.  Together, these innovations result in an 
energy-efficient imager with wide-dynamic-range and high fill factor.  In this brief conference paper, we will only 
describe the key ideas and summarize the experimental performance of the imager.  Further details will be reported in an 
upcoming journal publication that focuses on the circuit details behind the imager.   

1.1 Pixel Topology 

A high-level view of the proposed synchronous time-based dual-threshold pixel and its associated operating waveforms 
is shown in Fig. 1.  The pixel topology shown in part (a) is composed of a synchronous auto-zeroing comparator, linear 
coupling capacitor (which is added to each pixel in order to linearize the pixel charge-to-voltage conversion18, 
photodiode, and pixel-to-memory communication block.  It also includes a parasitic voltage-dependent capacitance 
between Vpd and GND. Part (b) of the figure illustrates a typical set of pixel waveforms over a single frame capture.  The 
frame begins with an auto-zeroing reset phase, which establishes the initial condition Vpd(tres,end) = Vref on the photodiode 
cathode and a low voltage level Vthresh(tres,end) on the opposite terminal of Ccoup.  The first threshold crossing phase begins 
at tres,end, during which Vthresh makes an initial upward step and then sweeps downward through a range of voltages over 
the interval from tres,end to toff,end.  The size of the initial step and the voltage sweep are chosen to ensure that all pixels 
will detect a threshold crossing during this phase, while the rate at which the comparator and pixel-to-memory 
communication block are triggered by S is as high as possible.  This strategy allows the voltage sweep to occur in the 
minimum possible time while simultaneously minimizing the quantization noise incurred in measuring toff, the first 
threshold crossing time.  The second threshold crossing phase begins at toff,end, where Vthresh steps up to its maximum 
level, coupling the maximum possible amount of charge into Vpd. For much of the remaining frame time Vthresh remains 
fixed at this peak voltage while the comparator and pixel-to-memory communication block are repeatedly triggered by S 
at a rate that exhibits a slowing trend over the course of the frame.  In this particular example, the photocurrent is large 
enough to cause Vpd to cross Vref during this at-top region of Vthresh.  Based on the polling interval dictated by S in this 
region, the pixel-to-memory communication block will inform the pixel's associated memory element, via the column 
bus, that the second threshold crossing tthresh occurred at some time between tx and ty, as shown in Fig. 1(b), causing a 
small quantization error.  The dual-threshold waveform of Vthresh is optimized in order to minimize the quantization noise 
introduced by the algorithm and to ensure that it is negligible compared to the intrinsic pixel noise floor.  The dual-
threshold measurement algorithm that we have innovated is particularly beneficial because both toff and tthresh are 
measured using threshold crossings.  Therefore,  Iphoto may be estimated18 without introducing significant offset errors 
caused by dynamic effects such as the reset switch charge injection and comparator latching mismatch that cannot be 
removed by auto-zeroing alone19.  

If the photocurrent is too small, the second threshold crossing does not occur during the maximal threshold phase where 
Vthresh is flat and at a maximal value, and we are then unable to sense the photocurrent.  To avoid this scenario, after a 
maximal amount of time has passed, Vthresh follows a steep downward descent while the comparator and communication 
circuits are again rapidly triggered by S, forcing the second threshold crossing to occur at some time during the descent.  
This scheme ensures that even low-light intensities will register a second threshold crossing within the frame period, 
thus guaranteeing a constant-frame-rate wide-dynamic-range imager. 

Synchronous communication for pixel data read out was chosen because it lowers power consumption: In a synchronous 
communication scheme, the comparator needs to be turned on only during the readout period.  In contrast, in an 
asynchronous communication scheme, as has been commonly used in prior time-based imagers, the comparator needs to 
be on at all times to register a threshold crossing as soon as it occurs, thus wasting power. 
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Fig. 1: Pixel topology (a) and representative operating waveform (b). Note the length of the reset and offset phases have 

been exaggerated to illustrate details within this time interval. 

 

1.2 Experimental Results 

A dual-threshold imager with 150 x 256 pixels was fabricated using a 0.18µm CMOS 1.8V process. The die photo 
shown in Fig. 2 illustrates the major functional blocks of the imager.  The overall die measures 5000 µm x 5000 µm 
including pads, enabling a pixel pitch of 12.5µm x 12.5µm with a 42.7% fill factor. 

A plot of the measured array signal-to-noise ratio (SNR) versus illuminance, along with the response predicted by the 
noise theory described in18, is shown in Fig. 3.  The plot demonstrates that the imager array experimentally achieves 95.5 
dB dynamic range with 37 dB peak SNR.  The individual pixels experimentally achieve 98.8 dB dynamic range and 44 
dB peak SNR.  The array performance lags slightly behind that of the individual pixels due to the additional noise power 
contributed to the array data by pixel-to-pixel mismatch effects.  Our performance is quite competitive with good 
commercial imagers since it is nearly photon-count shot-noise limited as the data and theory of Fig. 3 reveal.  

Besides dynamic range and SNR, the power consumed by an imaging array during frame capture is another important 
measure of its performance. To allow for direct comparisons of power consumption across various designs, the 
following metric was defined, 

_ _
_

# _
Total Power Consumed

Energy Efficiency
Pixels Frame Rate

=
×

 

which normalizes each array's power by the number of pixels it contains and its frame-rate. Based on experimental 
measurements, the prototype dual-threshold imager achieves an energy efficiency of 1.79 nJ/pixel/frame.  This energy 
efficiency level is compared with other reported designs in the scatter plot shown in Fig. 4, which maps each design's 
achieved energy efficiency versus its reported array dynamic range, with more efficient implementations occurring 
towards the bottom-right corner of the figure.  The plot demonstrates that the prototype dual-threshold imager is one of 
the most energy-efficient wide-dynamic-range imagers reported to date. 
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Fig. 2: Dual-threshold imager die photo 

 
Fig. 3: The measured and theoretical array SNR characteristics. The array experimentally achieves 95.5dB dynamic range 

and 37 dB peak SNR. 

 

Fig. 5(a) reveals an image obtained with our 95dB imager.  Fig. 5(b) reveals an image obtained with the same circuits 
and optics but that uses a traditional low-dynamic-range 62dB image-sensing algorithm.  We note that, in Fig. 5(a), the 
bright outdoor environment outside the window reveals the cars and buildings that are present while in Fig. 5(b), the 
outdoor environment is so bright that it has saturated the imager, and no details in the outdoor environment are 
discernible.  In both cases, the indoor visual scene, which is significantly less bright, is correctly sensed.  Thus, the wide-
dynamic-range imager that we have built is capable of correctly sensing visual scenes with both dim indoor 
environments and bright outdoor environments simultaneously while imagers with lower dynamic range are not.  
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Fig. 4: Scatter plot of energy efficiency versus array dynamic range for previously reported imager designs.  The star 

represents the performance achieved in the prototype dual-threshold imager.  The lettered dots correspond to published 
results of other imagers.  The references to each of these works can be found in18. 

 

 
(a) 

 
(b) 

 Fig 5. Part (a) reveals an image obtained with our 95dB imager.  Part (b) reveals an image obtained with the same circuits 
and optics but that uses a traditional low-dynamic-range 62dB image-sensing algorithm. 
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IMAGE CODING AND COMPRESSION 
In a visual prosthesis, the image obtained using a camera is usually directly coded into a relatively coarse spatial pattern 
of electrode stimulation that corresponds to the image, and with a monotonic mapping of image intensity to electrode 
charge.  In this paper, we propose a strategy that codes this information in a compressed fashion such that the limited 
number of electrodes that are available are used wisely to convey information that is not just the mere pixel intensity but 
information that enables the brain to efficiently reconstruct the visual scene.  The brain, which is the best unsupervised 
learning machine that we know, can then learn to interpret this information over time to reconstruct the visual scene.  Is 
there evidence that the brain will be up to the task or able to interpret this information correctly?  The success of 
cochlear implants gives us hope: It is actually quite astounding that cochlear implants work so well given that we have 
replaced 3500 spectral channels with 4-8 channels of spectral information.  Cochlear implants work because the amazing 
brain is able to use the information present in the basis coefficients in time and in cochlear location effectively.  The 
basis still provides complete information about the sound albeit in a more temporal rather than spectral fashion as the 
normal cochlea would do.  Nevertheless, the brain is still able to learn to extract this information over a period of 3-6 
months because it is there. 

Fifty to hundred electrodes that convey mere image-intensity information do not provide enough information about the 
visual scene to reconstruct it. In fact, it has been shown that an image of at least 25 x 25 pixels is necessary for face 
recognition, mobility, and reading20,21,22.  Current visual prostheses have an electrode count that is significantly less than 
625 and often in the 10-100 electrode range.  Even if we could somehow increase electrode count, and somehow solve 
the attendant increase in power that comes with more electrodes, it is natural to wonder if a simple spatial mapping of 
image information to the electrodes makes the best use of the electrodes.  Could a successful visual prosthesis be 
constructed with far fewer electrodes by preprocessing the image? 

 

 
Fig. 6. Simplified diagram of the principal operations involved in one of our coding strategies. 

 

Previous research has indicated that standard image-enhancement techniques, such as edge detection, are not useful in 
increasing the recognition of low-resolution images (25 x 25 pixels or below) in subjects with normal vision.  Moreover, 
Dowling et al.23 have shown that, with 50 x 50 images, Sobel edge-detection techniques and Canny edge-detection 
techniques perform worse than unprocessed images in picture-recognition tasks.  These results undermine the efficacy of 
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standard image-enhancement techniques in visual-prosthesis systems.  Interestingly, in cochlear-implant subjects, simple 
formant-extraction schemes that only provide formant information in a speech signal rather than the complete 
information available in a bank-of-basis-filters also perform poorly.  Therefore, we have chosen an approach based on 
using image-kernel basis coefficients to compress and encode information in images.  As we show later, our strategy 
leads to reasonably good reconstruction of the image.  Sound-reconstruction techniques have been widely used in 
cochlear implants to test the efficacy of various processing strategies and have been found to be quite predictive of real 
performance in deaf subjects24. Thus processing strategies that lead to acceptable image reconstruction may also suggest 
acceptable performance in blind subjects.  

 

 
Fig.7. Squares corresponding to the low spatial-frequency templates into which the image is decomposed in a DCT 

compression strategy. 

 

Fig. 6 shows a simplified diagram of the principal operations involved in one embodiment of our coding strategy.  The 
video input from our imager is down-sampled or chopped to 80 x 80 pixels.  The image is down-sampled in “mobility 
mode” (or when a wide-angle view is desired) and chopped in “reading mode” (when a zoomed view is preferred).  The 
resulting image is split into blocks of 8 × 8 pixels, and for each block, the data undergoes a discrete cosine transform 
(DCT).  The DCT transforms each pixel ix,y into a new coefficient Iu,v, using the following formula: 

 
7 7
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As a result, a new matrix of 80 x 80 coefficients is generated. Analogous strategies are commonly used for the 
compression of photographic images (e.g., JPEG).  These methods usually also compress the coefficient information 
with appropriate quantization and Huffman encoding.  In our strategy, we do not perform this step; instead, we use only 
the coefficients corresponding to the lowest six spatial frequency components, and we neglect the others, i.e., each 8 x 8 
block is transformed to a linear combination of six DCT basis vectors or kernels.  Since only 6 coefficients out of every 
64 are used, our data-compression ratio is 64/6 ≈ 11.  Fig. 7 shows the six basis kernels or vectors corresponding to the 
low spatial-frequency into which the image is decomposed.  It is possible to reconstruct the image using only these 
components, as can be seen at the bottom right of Fig. 6.  Next, these coefficients are quantized with an 8-bit quantizer 
and the corresponding reconstructed picture is visible at the bottom center of Fig. 6.  These 6*10*10=600 quantized 
coefficients encode information in the original image.  This information is now sent to the stimulating electrodes of a 
visual prosthesis in a manner that minimizes electrode interactions.  

We now discuss how compressed image information from an 80 x 80 pixel image may be conveyed to 60 electrodes in a 
fashion that minimizes electrode interactions: The image may be viewed as being composed of a square grid with 10 x 
10 tiles, with each tile containing 8 x 8 pixels, and each tile being assigned to 6 electrodes, when it is chosen for 
stimulation.  All 10 tiles in a given column in the grid are simultaneously chosen for stimulation and only one entire 
column is chosen for stimulation at a time such that no two columns can be active at once.  Each tile uses a CIS strategy 
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as shown in Fig. 8 to stimulate 6 electrodes with the 6 DCT coefficients generated from an image analysis of that tile, 
one at a time in a non-overlapping sequence12.  Each electrode corresponding to that tile is therefore, dedicated, to a 
particular DCT coefficient, and only one DCT coefficient is stimulated at any one time to prevent electrode interactions 
amongst electrodes in that tile.  Electrodes corresponding to other tiles of the same column in the grid; however, are 
separated by at least one tile distance, such that their simultaneous stimulation only causes weak interactions if any.  
Thus, at any one point in time, 10 electrodes in a given column, one in each tile, and all corresponding to the same DCT 
coefficient are stimulated.  After all 6 x 10 electrodes corresponding to the 10 tiles of a given column have undergone 
stimulation, we repeat the procedure for the next column, then the next column, …until all 10 columns have undergone 
stimulation, one at a time.  Since only one column is active at a time, we reuse the same 60 electrodes for each round of 
columnar stimulation.  Fig. 9 illustrates our overall scheme but, for clarity, only four tiles from the first two columns are 
drawn and all stimulation strengths are shown equal. In reality, the strengths of the DCT coefficients would be 
monotonically mapped to the electrode stimulation charge.   

An electrode stimulation rate of 100 pulses per second (600 pulses per tile) implies a frame stimulation rate for 10 
columns of 100/10 = 10Hz.  If we pause for 20ms after the last column has been stimulated in a given frame to permit 
the subject to identify the end of the image, the net frame rate is 1/(120ms) ≈ 8Hz.  Thus, an 80 x 80 pixel image has 
been effectively coded into 60 electrodes by exploiting image compression and time multiplexing.  Note that time 
multiplexing across columns saves us both electrodes and alleviates electrode interactions while time multiplexing 
within a tile only avoids interactions. 

CH 1

CH 2

CH 3

CH 4

CH 5

CH 6

CH 1

CH 2

CH 3

CH 4

CH 5

CH 6  
Fig. 8. A block of six coefficients is temporally coded using a CIS strategy.  CIS allows only one electrode to fire at a time, 

avoiding channel interactions in that group. 

 

Fig. 10 shows the original and a reconstructed picture using our strategy.  Preliminary experiments with landscape, face, 
and text pictures (the most important kinds of images for the blind) show that our technique can create image 
reconstructions of reasonable fidelity for a visual prosthesis. 
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Fig. 9. Enlarged version of the bottom left of Fig. 6. 
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Fig. 10. The reconstructed image after compression shows that there is loss of fidelity as expected, but a low-resolution 

image suited for visual prostheses with 60 electrodes is feasible.  Having more electrodes and more DCT coefficients 
can improve fidelity. 

 

A blind subject with the visual prosthesis may perceive the sequential columnar presentation of image information as a 
sensation analogous to that experienced by a normal-vision subject as she walks past a door that is slightly ajar and sees, 
as she walks past the door, the entire visual scene of the room behind the door.  A simple experiment performed on 
oneself shows that one can perceive all objects in a room in this fashion.  The fast frame rate of 8Hz may suffice to 
ensure that the entire image is indeed reconstructed.  The information related to which column is being encoded could be 
sent to the electrodes as well, allowing a better reconstruction of the picture by the subject. 

In the strategy that we have thus far described, the image is coded column-by-column, but the coding can be done row-
by-row, or by selecting a different subset of pixels at any discrete time instant.  In fact, we can imagine a time-
multiplexed strategy that performs no compression whatsoever but that just selects the subset of pixels that will be fed to 
the electrodes in a given discrete time instant.  Thus, at any given instant, only a portion of the image is coded.  The set 
of pixels that is simultaneously coded could be selected by translation of the previously selected pixels with a pre-
determined movement (e.g., a cycloidal movement).  A particular example of this technique is a strategy that codes the 
resized image of 80 x 80 pixels by selecting a different box of 20 x 3 pixels every 10 ms; the 20 x 3 pixels are located by 
moving this box every 10 ms.  The sequence of these 60 pixels every 10 ms constitutes a temporal coding of the image, 
and the corresponding information is sent to 60 electrodes.  Such a strategy does not require the brain to learn the 
compression kernels (the learning process is similar to that involved when cochlear-implant patients learn to understand 
sounds through a cochlear implant).  Although, it is known that subjects wearing an experimental visual prosthesis 
usually scan the environment continuously by moving their head5, to our knowledge, an image time coding strategy that 
automatically scans the image has never been used.  Interestingly, jumping spiders view their environment with a one 
dimensional retina that scans the world25. 

The spatial profile of simple-cell receptive fields in the macaque primary visual cortex can be extremely well modeled 
by two-dimensional Gabor functions26.  This finding suggests the use of Gabor kernels in our strategy when the 
electrodes of the visual prosthesis are used to directly stimulate the primary visual cortex.  In this case, a set of kernels 
consisting of two-dimensional Gabor kernels with various scales, rotations, and positions is the best choice.  The kernels 
are matched with the image of interest, which is then decomposed into a set of coefficients, similar to what we have 
previously shown with the DCT.  The Gabor kernel is defined by 

2 2 2

22
0 0( , , , , , , , , ) e cos 2

x y
xg x y x y

γ
σλ θ ψ σ γ π ψ

λ

⎛ ⎞′ ′+
−⎜ ⎟⎜ ⎟
⎝ ⎠ ′⎛ ⎞= +⎜ ⎟

⎝ ⎠
                                                        (2) 
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In this equation, λ represents the wavelength, θ represents the orientation, ψ is the phase offset, and γ is the spatial aspect 
ratio.  The center of the kernel is set by x0 and y0.  Fig. 11 shows an example of a set of kernels with 

0 00, 0, 0, 1, 2x y ψ σ γ= = = = = , 1 1 3(0, , , )
4 2 4

θ π π π= , and (8,2,1,0.5)λ = .  Although the efficacy of this strategy has yet to be 

verified experimentally, the similarity of these kernels with the data measured in the macaque primary visual cortex26 
strongly suggest that the Gabor kernel is well suited for coding of images in a visual prosthesis, especially for a cortical 
prosthesis.  

 

Fig. 11. Example of a set Gabor kernels with 0 00, 0, 0, 1, 2x y ψ σ γ= = = = = , 1 1 3(0, , , )
4 2 4

θ π π π= , and (8,2,1,0.5)λ = . 

CONCLUSIONS 
We discussed some steps towards accelerating the creation of a visual prosthesis for the blind.  In particular, we 
discussed (1) the creation of a highly energy-efficient imager with wide dynamic range; (2) image coding, compression, 
and time-multiplexing strategies to minimize the number of electrodes needed for such a prosthesis; and (3) strategies to 
minimize electrode interactions.  Our work is founded on the translation of several ideas from the mature field of 
cochlear implants that can be leveraged towards the development of a visual prosthesis for the blind.  In fact, the 
utilization of time-multiplexed CIS strategies for minimizing electrode interactions and the utilization of filter-based 
kernel basis functions for compression have both resulted in significant improvements in the performance of cochlear 
implants.  We suggest that they may hold similar promise for visual prostheses as well. 
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