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Abstract - In an effort to restore visual perception in retinal diseases, an electronic retinal prosthesis with thousands of electrodes
has been developed. The image processing strategies of retinal prosthesis system converts the original images from the camera to
the stimulus pattern which can be interpreted by the brain. Practically, the original images are with more high resolution (256x256)
than that of the stimulus pattern (such as 25x25), which causes a technical image processing challenge to do large-capacity image
information reduction. In this paper, we focus on developing an efficient image processing stimulus pattern extraction algorithm by
using a single cue saliency map for extracting salient objects in the image with an optimal trimming threshold. Experimental
results showed that the proposed stimulus pattern extraction algorithm performs quite well for different scenes in terms of the
stimulus pattern. In the algorithm performance experiment, our proposed SCSPE algorithm have almost five times of the score
compared with Boyle’s algorithm. Through experiments we suggested that when there are salient objects in the scene (such as the
blind meet people or talking with people), the trimming threshold should be set around 0.4max, in other situations, the trimming
threshold values can be set between 0.2max-0.4max to give the satisfied stimulus pattern .
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[6]). Some groups have done researches in image
processing system. Wei Mao et al. simulated 32*32 pixels
high resolution retinal prosthesis image processing based
on FPGA [11]. Fei Guo et al. have achieved the functions
of visual prosthesis image processing on LEON3 SoC
(System on Chip)[8].And Armin Alaghi et al
demonstrated that stochastic designs can be significantly
smaller, faster, more power-efficient, and more noisetolerant than conventional ones[9].
Since the image pixels should be corresponding with
the stimulation electrodes, it is a real practice that the
captured higher resolution images must be downscaled to
lower resolution (only a few hundred pixels) so that to
stimulate the corresponding electrodes. And keeping the
salient objects which are defined as ROI(region of
interest) area as many as possible. During this
transformation process, large amounts of information may
be lost[11]. As a result, it is crucial developing an
efficient stimulus pattern extraction method to enhance
this perception under limited resolution.
Despite lack of knowledge about processing
mechanism of information from the human photoreceptor
layer to the optic nerve, some research groups have
already tried to evaluate the feasibility of artificial
vision[12][13]
Buffoni et al. has used six image
processing methods, such as reduction, enhanced
resolution reduction, resolution reduction and edges,

I. INTRODUCTION
Several incurable eye diseases result in blindness for
about 100,000 people every year [1]. Two most common
retinal degenerative diseases are age-related macular
degeneration (AMD) and retinitis pigmentosa (RP). RP is
more severe and AMD is more prevalent. Electrical
stimulation in human test subjects with these conditions
has demonstrated the possibility of an electronic retinal
prosthesis as a means of providing some degree of vision
[1], [2].The Argus® Ⅱ is the first retinal prosthesis
approved for the treatment of patients blind from retinitis
pigmentosa, receiving CE (Conformité Européenne)
marking in 2011.Alphs-IMS followed closely and
obtained CE marking in 2013[2],[3].
Retinal prosthesis is primarily divided into two
components, one is implanted components and the other is
external components. External components’ main aim is
doing image processing. It include a camera, an image
processing unit, and bidirectional telemetry. Implanted
components include the bidirectional telemetry,
hermetically packaged electronics, and a multi-channel
electrode array [5].
Generally, a healthy retina has over 100 million
photoreceptors, however, the electrode array is currently
at the scale of hundreds (typically 10x10, 25x25, 32x32
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where by setting the threshold as 95 percent of the
maximum value of the saliency map, the full saliency map
image is trimmed from their outer border until only pixels
above the threshold remained. The trimmed image will be
simply converted to the binary image and finally resized
to the required stimulus pattern image with the resolution
of 25x25. After investigating and evaluating Boyle’s SPIE
algorithm, we found that their method is quite complex
since three-cue saliency map extraction processing need
to be computed separately. For example, running time of
Boyle’s algorithm in MATLAB for a 256x256 input RGB
image takes about 16 seconds to obtain the SPI. The high
complexity prohibits its application for the real-time
retinal prosthesis system. We encouraged by the fact that
human eyes are more sensitivity to brightness, want to use
the intensity feature alone instead of three features to
generate the saliency map, and may lead to an acceptable
result at a much lower computational complexity.

binary, edges, region selection, to extract the low
resolution images for the retina prosthesis system. Their
research outcomes concluded that a binary method or a
selected region method seems more suitable for this
application. Although the image threshold method is the
simplest, it leaves unwanted details that have a negative
effect on the stimulus pattern image (SPI) intelligibility.
On the other hand, a selected region method presents its
ability to reduce the scene at different distance to a very
simplistic scene representation [5].Jing Wang et al.
showed that background reduction with foreground
enhancement .increased response accuracy compared with
methods that directly merged pixels to lower resolution
[10].Boyle et al. [14], [15] emphasized on the region of
interest (ROI) detection. They suggested that the ROI can
be detected by the classical saliency map generation
(CSMG) algorithm proposed by Itti & Koch [17].
As shown in Fig 1(a), the CSMG algorithm is based
on biologically motivated selective attention mechanism
in human visual pathway. It uses three image cues (color,
intensity, orientation) to generate a single topographical
full saliency map. The research results have shown that
the full saliency map image has the ability to enhance the
salient objects in the original image [16]. We noted that
Boyle et al. firstly applied the CSMG algorithm in the SPI
extraction application for retinal prosthesis. Moreover,
they have developed a trim and binary approach to get the
final SPI (refer to “trim and binary” block in Fig 1(b)),

II. STIMULUS PATTERN EXTRACTION
ALGORITHM
Our development is motivated by the capability of the
CSMG algorithm for extracting the salient objects in the
image, as well as the encouraging results from the
research of Boyle’s group. The conceptual illustration of
the CSMG algorithm and the Boyle’s SPI extraction
algorithm is shown in Fig 1(a) and (b), respectively.

(a) Block diagram of the classical saliency map algorithm [17]

(b) Block diagram of Boyle’s stimulus pattern image extraction (SPIE) Algorithm [15]
Fig 1. Conceptual Illustrations of the CSMG algorithm and the Boyle’s SPI extraction algorithm.

Taking the computational complexity and stimulus pattern image (SPI) intelligibility as our main concerns, a novel singlecue stimulus pattern extraction (SCSPE) algorithm has been proposed. The block diagram of SCSPE algorithm is shown in
Fig 2.
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Fig 2. Block diagram of our proposed SCSPE algorithm

Where the input RGB image is obtained from the
front-end camera with the resolution of 256x256.The
grayscale block converts the RGB color image into the
grayscale image. The Gaussian Pyramid and CSDN block
calculates the intensity saliency map based on the saliency
map model [16]. The optimized threshold trimming and
binary block determines an optimal trimming threshold

according to the image scene analysis and conducts the
trimming to keep the parts of the image whose intensity
saliency value is above the threshold, and also converts
the trimmed image into binary image. Finally the resize
block just resizes the binary image to the stimulus patterns
with the resolution of 25x25 for the 625-channel retinal
prosthesis system.

Fig 3. (From left to right) original RGB images, intensity saliency map, threshold optimization area,
strimming area, binary to extracted stimulus patterns by our algorithm

Fig 3 is our proposed SCSPE algorithm results. From
left to right is the original RGB images, intensity, saliency
map, threshold optimization area, strimming area, binary
to stimulus pattern.
In our algorithm, the intensity saliency map is
generated as follows. For a grayscale image (256x256),
first the six levels of Gaussian pyramid images are
obtained by zooming-out and Gaussian filtering. In
general, the multi-resolution Gaussian images ( ) shown in
eqn. (1) is good for reducing noise and scale-invariant
characteristic [19], [20].

I ( )  G ( )  i
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Where G is the Gauss filter function,  is the scale of
the image,  {0..6}; I ( ) is the level of intensity
Gaussian pyramid image.
After obtaining the six-level Gaussian pyramid
images, we then choose the last five-level images to
conduct the center-surround different normalization
(CSDN) algorithm. In the CSDN, the five Gaussian
pyramid images will first be zoom-in to the same size of
the first level image in the chosen five images, and then
perform the center-surround differences to get the CSD
intensity feature maps, see eqn. (2). Finally add these
Normalized CSD intensity feature maps to get the
intensity saliency map, see eqn. (3). One example of
generating the intensity saliency map is given in Fig 4.

(1)
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Fig 4. Generation of the intensity saliency map

The following 2 equations are proposed:
4

4

I    N(I(c, s))

(2)

I (c, s ) | I (c)  I ( s ) |

(3)

c2 sc3

III. EXPERIMENTS RESULTS AND ANALYSIS
A. Input Images
In order to evaluate the performance of our single-cue
stimulus pattern extraction (SCSPE) algorithm and find
the optimal trimming thresholds for different scenes. We
carefully selected input images of different scenes in our
daily life. The images shown in Fig 5 are categorized into
the indoor/outdoor, and each category includes five scenes
which a blind might encounter during his/her daily life.

in which, c is center finer scale c{2,3,4} , , s is the
surround coarser scale, s=c+ , {3,4} , I(c, s) is the
intensity difference of the center image and the surround
image; I is intensity saliency map; “  ” represents an
across-scale addition operation.

DOI 10.5013/IJSSST.a.17.26.27

27.4

ISSN: 1473-804x online, 1473-8031 print

YILI CHEN et al: LARGE-CAPACITY IMAGE INFORMATION REDUCTION BASED ON SINGLE-CUE SALIENCY .

Fig 5. Input test images comprised different scenes that a blind person might encounter (256x256 RGB color images)

grayscale images and the extracted stimulus patterns by
our SCSPE algorithm and Boyle’s algorithm. The
questionnaire has the instruction as “If you see the scene
above, which version would you find most helpful?”. The
evaluation result is given in Fig 7.
From Fig 7, it is clear to see that, for these selected
image scenes, our proposed SCSPE algorithm gives
almost five times of the score compared with Boyle’s
algorithm, which means that the resulting stimulus
patterns (low resolution images) by our algorithm can
give more meaningful information and it is more suitable
for the low-resolution retinal prosthesis system.

B. Experimental Results and Analysis
The first experiment is setup to compare the
performance of our proposed SCSPE algorithm with the
Boyle’s algorithm. The original RGB images and the
corresponding extracted stimulus patterns for four
representative scenes are shown in Fig 6.

Fig 7. Performance evaluation results by 60 participates

In addition, in our SCSPE algorithm, trimming the
intensity saliency map based on the calculated intensity
saliency map is one important process. We noted that the
selection of the trimming threshold for different image
scenes becomes a problem. Experimental results showed
that trimming threshold does heavily influence the
resultant stimulus pattern. In order to get the better or
optimal trimming threshold, we carried the following
experiment.
Not only use the image as shown in Fig 5, we also
randomly selected ten Boly’s test pictures [15].For a
given input image, the maximum gray level of the
intensity saliency map is computed and it is denoted as
max, then eight different trimming thresholds can be

Fig 6. (From left to right) original RGB images, extracted stimulus
patterns by our algorithm, extracted stimulus patterns by Boyle’s
algorithm.

A group of 60 normally sighted or corrected-to-normal
volunteers have been invited to participate in the
performance evaluation of the experimental results to
further validate the research outcomes,. Subjects were
presented with the original high-resolution (256x256)
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Whether for indoors or outdoors scenes, the stimulus
patterns using thresholds between 0.2max-0.4max
received higher score. Furthermore, experimental results
in FIg 9(b) showed that when there are salient objects
(person\object) in the original input images, stimulus
patterns with the threshold about 0.4max obtained much
higher score. One of the explanations is that, for these
scenes, viewers prefer to see the details of salient objects.
Numerous experimental results further support above
observations. From these initial research outcomes of our
proposed algorithm, we suggest that when there are
salient objects in the scene (such as the blind meet people
or talking with people), the trimming threshold should be
set around 0.4max, in other situations, the trimming
threshold values can be set between 0.2max-0.4max to
give the satisfied stimulus pattern .

determined as 0.1max to 0.8max at the step of
0.1max.The eight different stimulus patterns using eight
different trimming thresholds are calculated using
proposed SCSME algorithm. In order to conduct the fair
performance evaluation, we place these stimulus patterns
in a random order below the original input images, which
are presented in Fig 8.
In Fig 8(a), when thresholds use 0.1max to 0.6 max,
the results seems good for our eyes to see the two people
in the picture. But in Fig 8(b) when thresholds use 0.1max
to 0.8max the results seems quite the same, may be there
are no ROI area in this picture. So different pictures have
different best thresholds. The same group of people has
been invited to give the evaluation results as well.
Viewing conditions for the experiment were not
controlled. The questionnaire results are shown in Fig 9. It
is noted that the results in Fig 10(a) are very interesting.

Fig 8 – Stimulus patterns by our proposed algorithm using eight different trimming thresholds

(a) Performance evaluation results of different trimming thresholds for indoor/outdoor scenes

DOI 10.5013/IJSSST.a.17.26.27

27.6

ISSN: 1473-804x online, 1473-8031 print

YILI CHEN et al: LARGE-CAPACITY IMAGE INFORMATION REDUCTION BASED ON SINGLE-CUE SALIENCY .

(b) Performance evaluation results of different trimming thresholds for scenes w/o salient objects
Fig 9. Performance evaluation results by 60 participants
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IV. CONCLUSIONS

[3]

A large-capacity image information reduction in realtime retina prosthesis system has been developed. This
automatic extraction algorithm can be employed in a
prosthesis design to highlight ROI areas that may help a
visually impaired user and it has low computation
complexity. Extensive experiments have been conducted
to validate the performance of our proposed algorithm for
different scenes. Other experiments also indicated and
suggested the choice of a good threshold for different
scenes. It deserves to work more in the future to develop
an automatic threshold SPE algorithm or other useful
algorithm for further improving the stimulus pattern
extraction under different scenes for the retinal prosthesis
systems.
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