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Abstract

Focusing on one of the most significant stimulus types that we encounter in our daily lives, we
present and compare several methods to represent freely moving humans in prosthetic phosphene
vision via realistic simulations and behavioural experiments. The results show that AI-powered
methods only out-perform the baseline (edge detection) when classifying multiple people. Be-
sides that, two of the three proposed representations used significantly less phosphenes than the
baseline which is beneficial in real life scenarios. Although there is much room for further im-
provement, this experiment is a proof of concept that AI-powered representations can enhance
the vision generated by VCPs.

1 Introduction

Visual Cortical Prostheses (VCPs) are implants that excite neurons in the visual cortex using elec-
trodes. Such stimulation causes the user to see a little dot of light, a ‘phosphene’. Using multiple
electrodes, phosphenes can be used to create patterns and shapes, which can give blind people in-
formation about their surroundings. Figure 1 shows the VCP system and how it generates artificial
vision. A camera captures images of a person’s surroundings. These images are sent towards a
computer. The computer translates the camera images into a stimulation protocol (the electrode
stimulation pattern). Finally, the stimulation protocol is sent towards the implant. The electrodes
stimulate the brain based on the stimulation protocol so that the person will be able to perceive the
information that the camera captures.

In 1968, Brindley and Lewin succeeded to implant the first VCP into the brain of a 52-year-old
blind patient [2]. It was a simple array of radio-receivers that were connected to 80 electrodes,
which were implanted on the occipital cortex. Brindley and Lewin’s experiments showed that, with
improvements, it would be possible to create a working prosthesis in the future.

Over time, a lot of improvements have been made to the device. The discovery of intra-cortical
micro-stimulation allowed for much safer and more precise stimulation [3, 4, 5]. Instead of stimulating
the surface of the brain, these electrodes slightly penetrate the cortex. As a result, phosphenes can
be generated much closer to each other (without them merging into a big blob) and it required
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Figure 1: The VCP system [1]. Using three main components; a camera, a computer/algorithm, and
an implant with electrodes, a blind person can perceive information about his/her surroundings.

significantly less power to do so, which decreases the risk of epileptic seizures. Recent studies,
performed on monkey visual cortex, have shown that it is possible to perceive phosphene shapes and
patterns while using an implant with a large number of electrodes [6].

While researchers are working hard to solve the many physical difficulties of VCP development
(heating [7, 8], stability [9], phosphene mapping [10, 11, 12], and power/data supply [13]), others are
already experimenting with the algorithm that transforms camera images into phosphene images.
Phosphene images are of relatively low resolution, depending on the number of electrodes in the
implant. The challenge is therefore to represent information as efficient as possible with the given
amount of phosphenes. To tackle this challenge, simulations have been developed that aim to mimic
prosthetic vision. This way, algorithms can be tested on sighted subjects, without the need for
surgery. Fehervari et al. have created such a realistic simulation [14]. This system accounts for the
variabilities in phosphene size, shape, location, and dropout.

The most straightforward algorithm for image transformation is edge detection, where the edges
of objects are converted to phosphenes [15]. However, edge detection is very noisy because its
performance varies depending on enviromental factors such as lighting or the texture of objects.

Semantic segmentation is one of the methods that is expected to work well in VCPs [16]. Semantic
segmentation classifies pixels of images and puts them into semantic classes. This method is used
in various computer vision tasks but is mainly famous for its use in autonomous vehicles. Horne et
al. have used semantic segmentation to generate phosphene images that highlight certain semantic
classes [17]. This technique allows the user to clearly perceive the location of different types of
objects in their field of view and can be adapted for a range of navigation tasks.

Another promising method is transformative reality [18, 19]. This method aims to classify
certain objects in the visual field and show them as a simplified representation, which is very useful
considering the limited resolution of phosphene images. McCarthy et al. have used transformative
reality to filter out the ground, which proved very useful for mobility tasks [20].

There are different approaches to optimizing the vision generated by VCPs, depending on the
task that needs to be performed by its users. In this study, the focus will be solely on the recognition
of humans. With the same goal in mind, Li et al. have used transformative reality in combination
with depth detection to represent humans [19]. However, the study only shows that it is possible to
represent humans in simplified manners and does not make any comparisons to other representations.
Another study by Bollen at al. used landmark-based representations to depict facial expressions [21].
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They concluded that the approach improved the accuracy of emotion detection compared to methods
that are traditionally used for such tasks, e.g. edge detection.

Blind people have indicated that human interaction is one of the experiences that is limited the
most by their disability. In this project, a behavioral experiment will be performed with the aim of
finding the best representation for human posture. Three AI-powered representations for humans
will be introduced and compared to a baseline (edge detection). In this experiment, participants will
watch short videos of simulated prosthetic vision and answer questions related to the recognition
of humans. To generate these videos, a new phosphene filter is developed that accounts for most
of the noise factors in real VCP vision, unlike most of the filters used in previous studies, which
are unrealistic (non-binary phosphenes or fixed/static phosphene grids). If this study is successful,
these methods could greatly improve the interaction with humans for future VCP users, and thus
their quality of life. Tasks like interacting with loved ones or watching sports might get significantly
easier with the help of an AI-powered VCP algorithm.

2 Methods

2.1 Phosphene Filter

For this project, a new phosphene filter was developed. This filter is used to transform stimulation
protocols to phosphene images. Stimulation protocols are represented as a binary matrix, where a
1 indicates that a phosphene has to be drawn on the corresponding location. The phosphene filter
was created using Python.
To make the phosphene images more realistic, different settings were implemented. They are as
follows:

� Grid resolution (the number of phosphenes in the grid).

� Spacing between phosphenes.

� Phosphene size noise.

� Phosphene shape noise.

� Phosphene color noise.

� Phosphene positional noise

� Periphery factor (for simulating cortical magnification).

When initializing a filter, the positions of the phopshenes will be calculated, depending on the noise
settings. For every phosphene location, a gaussian blob will be created, with a size, shape, and color
depending on the noise settings. These blobs represent the phosphenes. When plotting the filter,
with either a stimulation protocol or without (plots the whole grid), the blobs/phosphenes that need
to be active will be drawn on an empty image to create the phopshene image.

Since the noise is randomly generated, the filter can also be saved and loaded, which allows the
same noise settings to be used between multiple sessions. By tweaking the noise parameters, a lot
of different phosphene filters can be created. An example is shown in Figure 2, which is the filter
that was used for this project. These settings were chosen because the resulting filter accounts for
the phosphene variabilities that are documented in psycho-physical studies [2, 4, 22, 23].
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