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Abstract 

Retinal prosthetic devices have been trialled in patients suffering from outer retinal degenerative 

diseases. Encouraging results have been reported, from light perception, recognition of familiar 

objects, as well as more complex level of perception such as alphabet recognition and reading. 

However, with a given device the same level of success is not achieved by all patients. The 

underlying reason, while still not well understood, has been attributed to the state of the disease in 

the recipient and effective electrode placements during surgery.  

We believe that developing patient-specific models of the human retina can provide a non-

invasive tool to predict the response of individual retinae to electrical stimulation, and possibly 

assist optimizing retinal implant parameters and enhancing their performance. So far, the 

anatomical retinal variations between individuals and retinal structural changes due to the onset 

and progression of the disease have not been included in computational models of retinal 

electrical stimulation. Hence, their effects on device performance have not been explored yet. The 

primary objective of this thesis was to develop a patient-specific model of human retinal 

geometry, from optical coherence tomography (OCT) images, and investigate the possible effect 

of anatomical variations between individuals on retinal prosthesis performance.  

A population of five healthy and five diseased volunteers were scanned using OCT imaging, and 

patient-specific computational models of their retinal geometry were developed. In this model, an 

array of five hexapolar electrodes configuration was placed in the sub-retinal space at three 

different retinal regions, at the sub-foveal, at 1 mm eccentricity, and at 2 mm eccentricity from the 

central fovea. The computed activation threshold was determined for individual electrodes at each 

implantation site, and the results were compared within the population study. It is shown that 

anatomical variations between individuals alters the electrode distance to target cells, which in 

turn changes the 3D current distribution through the retinal layers, and ultimately affects 

activation threshold within and across subjects. Our observations indicate that the same device 

with a fixed level of stimulus current will not perform the same in different patients. Hence, to 

ensure consistent performance, stimulus current should be tuned for each electrode in each 

individual. Also, it is found that the sub-foveal and 1 mm eccentricity sites of implantations 
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requires a lower activation threshold compared to 2 mm eccentricity positions, suggesting that 

these two regions can provide higher performance in future clinical applications.   
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1. Introduction 

Our sense of vision is the product of accurate functioning in numerous elements of the human 

optical pathway. Co-ordinated operation of anterior elements of the ocular anatomy projects a 

clear image onto the back of the eye, where the retina is located.  By way of a complex sequence 

of neural encoding, the retina converts the projected light into a set of neuro-electrical signals. 

This process is called phototransduction. Anatomically, the retina consists of multiple cell types, 

organized into layers, functionally performing different visual processing tasks. Distinct and yet 

interdependent functions of these cells create and support the complex phototransduction of 

human vision. A malfunction in any of these components can potentially affect the quality of the 

human vision. Retinitis pigmentosa (RP) and age-related macular degeneration (AMD) are among 

the most common pathologies of the retina, targeting the photoreceptor cells, and resulting in 

gradual vision impairment and ultimately blindness. In New Zealand alone, 1 out of 7 people aged 

over 50 suffers from macular degeneration [1]. More than 100,000 Americans are suffering from 

RP [2], while about 1.75 million Americans are suffering from AMD [3], and this prevalence is 

expected to increase in the next 20 years.  

Retinal prosthetic devices have been introduced as a potential therapy for patients suffering from 

outer retinal diseases such as RP and AMD. The underlying strategies, while different in many 

manufacturing and implementation aspects, share the common idea of replacing the role of 

degenerated photoreceptor cells with an array of electrodes implanted in the proximity of the 

retina, and electrically stimulating the intact retinal ganglion cells (RGCs) in an adequate order 

[4]. At present, Retinal Implant AG (Germany, www.retina-implant.de/en) and Second Sight 

Medical Products, INC (USA, http://www.secondsight.com/) are the two major groups 

manufacturing a retinal prosthetic device for the human. The first group implants electrodes 

between the photoreceptor cells and the retinal pigment epithelium layer (RPE) in the subretinal 

region, whereas the second group implants electrodes between the vitreous fluid and the RGC 

layer on the epiretinal surface of the retina. Encouraging results, such as light perception [5]-[6], 

orientation detection [7]-[8], object recognition in a high contrast environment [9]-[10], and large 

font alphabet recognition [11]-[12], have been reported in both implementations. During multiple 

trials on humans however, both groups have reported a variable levels of performance in their 

http://www.retina-implant.de/en
http://www.secondsight.com/
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study populations, ranging from very successful to no light perception [7][13]. While a number of 

reasons, such as the level of retinal scarring and the overall retinal thickness before surgery, have 

been reported to affect retinal prosthesis performance on individuals, the underlying reason for 

such variations is still not well understood, warranting further research in this field.  

Implantations in animals have enabled investigators to explore the feasibility of retinal prostheses 

with more flexibility. Several studies have shown that the distance between stimulating electrodes 

and target cells is the most contributing factor in determining the activation threshold [14]-[15]. 

Following from these animal studies, the effect of electrode distance to target cells, as well as the 

implant eccentricity with respect to the central fovea on the activation threshold were investigated 

in humans [16]-[17]. Increasing the implant eccentricity from the central fovea was shown to 

significantly reduce subretinal stimulation performance [16], as well as increasing the threshold of 

activation in epiretinal implantation [13]. The electrode distance to target cells was also shown to 

play a significant role in the activation threshold for both subretinal and epiretinal stimulation 

[17]-[18]. However, using the same device, each electrode required different thresholds of 

activation for each subject. This in turn made threshold measurements challenging and subject to 

error when the number of electrodes increased to improve the spatial resolution [19]. Such 

inconsistencies in the activation threshold within and across implanted subjects have made it 

difficult to optimize and tune prosthetic parameters prior to surgical implantation, making the 

achievement of reliable performance more challenging.  

1.1 Motivation and thesis overview  

Computational modelling can provide efficient and comprehensive means for obtaining prior 

understanding of the retinal response to external stimuli. Such models enable clinicians to 

optimise device parameters, such as the stimulus waveform for individual electrodes based on 

their position after implementing the device. This ultimately will reduce the number of post-

operation appointments for optimizing the stimulus waveform for future candidates. Previous 

attempts at providing a reliable computational modelling platform for the human retina have 

focussed on determining the threshold of activation in various RGC compartments [20]-[21], or 

providing a discrete spatiotemporal model of the retinal network [22]. The scope of these models 

was limited to simple electrode configurations, and required high computational resources to 

model a large area of the retina under parallel stimulation. To address these issues, continuum 
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bidomain modelling of the human retina has been introduced to provide a macroscopic 

approximation of the retinal network, enabling researchers to explore different aspects of retinal 

prosthesis design, including different retinal stimulation sites [23], the effect of concurrent 

multiple electrode stimulation [24], and incorporating the realistic RGC morphology on the 

activation predictions  [25].  

In the existing continuum models, the retinal stratified ultrastructure has been simplified to 

homogenized slabs. In contrast, the human retina is a spatially diverse tissue where the thickness 

of each cell layer varies significantly at different eccentricities from the fovea. For instance, the 

RGC layer curves toward the photoreceptor cell layer around the central fovea, creating a one-to-

one cell chain consisting of photoreceptor- bipolar cell- RGC. However, in peripheral retina each 

RGC receives visual information from many bipolar cells. Additionally, the diseased retina 

undergoes significant anatomical deformation [26], which consequently can affect retinal implant 

performance. In order to improve the current state of continuum modelling of the retina, it is 

essential to incorporate such inherent variation of the retinal structure and its subsequent changes 

over the progress of retinal degeneration. Incorporating anatomical variations into continuum 

modelling can take retinal computational modelling one step further to replicate the complex 

retinal response to electrical stimulation.   

In this thesis, we aimed to develop a patient-specific model of human retinal geometry in which 

for the first time, the existing anatomical variation among individuals and its consequent 

alteration after disease onset, can be computationally included. This is achieved by extracting the 

healthy and diseased human retinal geometry from 3D optical coherence tomography (OCT) 

images, and employing relatively simple Poisson and bidomain equations to represent the retinal 

network. OCT imaging is a very common modality for generating high resolution 3D structural 

profiles of the retina [27]. We have used OCT images to develop a realistic application to extract 

patient-specific 3D retinal structure. Such a patient-specific model provides greater understanding 

of prosthesis-induced current distribution through the retinal layers, and potentially helps assist 

the electrode positioning, as well as tune stimulus waveforms for each individual electrode and for 

each patient in vivo before surgery.  
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1.2 Thesis outline 

The following is an outline of the chapters of this thesis:  

Chapter 2 provides a summary of human retinal anatomy/circuitry and its alteration after 

disease onset. An essential background of retinal prosthesis principles in restoring vision is 

given.  

Chapter 3 provides a detailed description of existing computational models of the human retina, 

from a single cell to the retinal network, and discusses the scope of each model. 

Chapter 4 introduces a new image processing pipeline which automatically extracts the retinal 

structure from OCT images [28].  

Chapter 5 gives a brief introduction to the finite element method, and provides the methodology 

for creating an anatomically-correct finite element mesh of the human retina based on the 

extracted geometry from the OCT images [29]. 

Chapter 6 provides details of the numerical implementation of the RGC action potential 

formulation, as well as providing a justification of the retinal formulation used. A simple 

electrode configuration is implemented, and primary results are compared with clinical data [30]. 

Chapter 7 investigates the effects of electrode configuration and the retinal micro-structure on the 

RGC activation pattern, and suggests an optimized electrode configuration to be employed in the 

multi-electrode stimulation.  

Chapter 8 applies the proposed modelling methods on five healthy and five diseased retinae, and 

investigates the effects of anatomical variations between individuals, as well as implant 

eccentricity from the central fovea on retinal prosthetic device performance.  

Chapter 9 summarizes the achievements of this thesis and gives a framework for related studies.  
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2. Background 

This chapter will provide an overview of the visual transduction procedure in the healthy human 

retina and how it is altered by outer retinal degeneration disease. This review will be limited to the 

extent of providing a good understanding of retinal prosthesis principles in restoring vision for 

patients suffering from outer retinal degeneration disease. More detailed anatomical/physiological 

properties of the human retina can be found elsewhere in the literature [31]-[32]. Following this 

review, the available retinal prosthesis options in restoring vision will be discussed and the two 

major commercially introduced epiretinal and subretinal implants performance are presented. 

Finally, the concept of direct and indirect RGC electrical stimulation will be presented, along with 

a discussion of their performance in encoding temporal and spatial visual information. 

2.1.  Overview of retinal circuitry 

Functionally, the human eye consists of two major units. The first is the optic unit which is made 

up of the cornea, the lens and the ciliary muscles. The main responsibility of this unit is to focus a 

clear image of our world onto the back of the eyeball, where the second unit is located. The 

second unit is a very thin multi-neural layered tissue known as the retina, where the complex 

phototransduction procedure is conducted and our complex sense of vision is initiated.  

The human retina is connected to the sclera by a vascular connective tissue known as the choroid. 

The main responsibility of the choroid is to maintain the physiological homeostasis of the retina by 

providing nourishment and oxygen. The retina consists of a highly structured arrangement of 

different layers occupied by different cell types (Figure  2-1). The retinal pigment epithelium (RPE) 

cells are located in the outermost part of it. These cells create highly resistive electrical barrier 

between the retina and the choroid, enabling a selective range of nutrients to be transferred between 

these two spaces. Next, the outer and inner segment layers of photoreceptor cells are located. The 

outer segment of the photoreceptor cells acts like an antenna absorbing the projected light. The inner 

segment of the photoreceptor cells is full of mitochondria providing energy for releasing 

neurotransmitters and initiating the complex cascade of light encoding of the retina. The cell bodies 

of photoreceptors are found in the outer nuclear layer (ONL) and their ending terminals are found in 

outer plexiform layer (OPL) where they communicate with dendrites of the next layer of retinal cells 
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and process the visual information. Following the OPL, the cell bodies of horizontal cells are found 

in the outer margin of the inner nuclear layer (INL), the cell bodies of bipolar cells are located in the 

middle of this layer (INL) and finally, amacrine cell bodies are found in the inner most margin of the 

INL. These latter cells make the lateral synaptic connection within the inner plexiform layer (IPL) 

where the second significant stage of visual processing occurs before final encoding by the retinal 

ganglion cells (RGCs). The cell bodies of RGCs create the ganglion cell layer (GCL) and finally, 

their axons create the innermost retinal layer, referred to as the nerve fibre layer (NFL). Figure  2-1 

summarizes the retinal layers and the interconnections of the retinal cells as described here.  

 

Figure 2-1: (A) The eyeball with its focal units (cornea, lens, and ciliary muscles) and neural units (the retina). (B) An 

enlarged diagram of the central retina where the fovea is located. (C) Schematic of retinal circuitry and retinal cell 

connections. R, C, B, H, A, G, and M indicate the rod, cone bipolar cell, horizontal cell, amacrine cell, ganglion cell and 

Müller cells respectively. (D) An H&E-stained transverse section of the human retina. The retinal cell bodies are located 

within the outer and inner nuclear layers (ONL and INL) while the synaptic terminals are located within the outer and 

inner plexiform layers (OPL and IPL). The ganglion cell bodies are located in the innermost part of the retina, creating 

the ganglion cell layer (GCL). The Müller cells fill all the empty spaces in the retina. The figure is reproduced from [33]. 

RGCs encode the received visual information from the bipolar and amacrine cells, and send the 

information to the brain via their thick axons which collectively form the optic nerve. The optic 

nerve exits the retina to the brain from a 3 mm
2
 oval dark area called the optic disc. About 4 to 5 

mm lateral to the optic disc is a blood vessel-free region known as the central fovea, which 

consists of a small pit of 0.5 mm width, providing the highest visual acuity of human vision. 

About 1.25 mm away from the central fovea there is a sudden change in the structure of retinal 

cells which leads to drop of visual acuity. This ring radius of 1.25 mm around the central fovea is 
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known as the para-foveal region and beyond this area (radius of 2.25 mm) is known as the peri-

foveal region. Figure  2-2 illustrates each region within a healthy normal fundus image. In the next 

subsections, the structure of retinal cells and their specific role in encoding the projected light into 

bioelectrical signals will be further discussed.  

 

Figure 2-2: Fundus image of a normal retina. The location of the optic disc, the central fovea, the para-foveal and peri-

foveal regions are shown. 

2.1.1 Photoreceptors 

Light entering the eye passes the transparent retina to reach the photoreceptor cells. The 

photoreceptor cells are the dominant retinal cell classes that are directly sensitive to the light. 

There are two major photoreceptor cell types in the human retina, unequally distributed along the 

retina. Around the central fovea, there is a high density of the colour sensitive photoreceptor cells, 

known as the cones. This high density provides a one to one mapping of light between 

photoreceptor cells and RGCs, allowing the central fovea to provide the sharpest colourful high-

resolution images to the human. Outside of the fovea, the density of cone photoreceptors drops 

considerably, and the image resolution decreases [34]. The second photoreceptor type is known as 

rods. Rods are highly packed in the peripheral retina and are sensitive to dim light, providing 

human night vision [35]. There is only one type of rod photoreceptor in the human, while there 

are three types of cones with different visual pigments that absorb three different light 

wavelengths: L-type is the most frequent cone type and is more sensitive to very long 
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wavelengths light (red colour), M type is more sensitive to middle wavelength light (green 

colour), with the rarest S type being more sensitive to very short wavelengths light (blue colour) 

[36].  

All photoreceptor cells, despite their anatomical and functional differences, respond to light in the 

same manner. In the absence of light, photoreceptor ionic channels are open, releasing 

neurotransmitters, and thus, they depolarise. Once exposed to light, the ionic channels are closed 

and the cell membrane hyperpolarises [37]. This initiates a cascade of membrane potential 

changes in the inner retinal layers where the bipolar and horizontal cells are located.   

2.1.2 Bipolar cells 

Bipolar cells can be divided into two categories based on their synaptic inputs. Those receiving 

inputs from rod photoreceptors are known as rod bipolar cells, and those receiving inputs from 

cone photoreceptors are cone bipolar cells. Each cone photoreceptor is connected to two different 

cone bipolar cells: the ON cone and the OFF cone bipolar cells [38]. When light is projected onto 

the outer segment of cone photoreceptors the number of released neurotransmitter molecules 

decreases, and the cone photoreceptors hyperpolarise. The cone synaptic connection to an ON 

path results in depolarization in an ON bipolar cell. In contrast, cone synaptic connection to an 

OFF path hyperpolarizes an OFF bipolar cell and decreases its neurotransmitter release. This ON 

and OFF pathways mechanism is the first step of light encoding in the retinal network, and occurs 

in the OPL [39] allowing the retina to provide meaningful visual information. The quality of the 

image is further improved via negative feedback from the horizontal cells to the bipolar and 

photoreceptor cells.  

2.1.3 Horizontal cells 

Horizontal cells are another retinal cell class that directly receives information from the 

photoreceptors. There are three identified horizontal cell types in human retina: HI that connects 

to all types of cone photoreceptors, HII which connects to S-cone photoreceptors, and HIII which 

is anatomically identical to HI but only connect to L and M-cones [40]. They are referred to as 

horizontal cells due to their very wide dendritic tree and very short axon. The wide dendritic tree 

enables horizontal cells to receive a wide range of inputs from many cone photoreceptor cells. 
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Horizontal cells integrate bio-electrical signals over their wide input range, releasing inhibitory 

neurotransmitter γ-amino-butyric acid, which feeds back onto cone photoreceptor glutamate 

release, or feeds forward to bipolar cell release [41]-[42]. This process is known as the negative 

feedback of horizontal cells to photoreceptor cells or bipolar cells, which maintains human vision 

under very bright or very dim light environments [40].  

2.1.4 Ganglion cells 

There are more than 20 types of RGCs in the human retina [43], unequally spread throughout the  

GCL, while each type encoding different temporal-spatial visual information. Parasol and midget 

ganglion cells are the most frequent RGC types, constituting  almost 80% of GCL [44]. In the 

central fovea, the midget cells exceed the number of parasol cells, possessing one-to-one contact 

with cone bipolar cells, and thus providing the finest visual resolution for humans. There has long 

been evident  that midget cells are spectrally selective, allowing them to convey L versus M cone 

signal [45]. Midget ganglion cells come in two large categories: ON midget cells with a relatively 

large dendritic tree, and OFF midget ganglion cells with a smaller dendritic tree [46]. The ON 

midget ganglion cells receive information from ON bipolar cells and OFF midget cells receive 

information from OFF bipolar cells, acting oppositely: the ON cells respond to increase in 

luminance, while the OFF cells respond to decrease in luminance. In this structure, each cone 

photoreceptor cell triggers two different ON and OFF bipolar cells and ultimately two different 

ON and OFF ganglion cells. Parasol cells, in contrast, have a larger dendritic tree than midget 

cells at the same eccentricity from the fovea. Their larger dendrite tree enables them to receive 

information from many bipolar cells, providing high contrast sensitivity to changes in luminance 

[47]. Another ganglion cell type is known as bistratified cells, constituting  around 20% of the 

GCL. These cells come with both small and wide receptor fields from which small bistratified 

cells are known to deliver ON-blue colour visual information [48]. 

In spite of anatomical and functional variations between different RGC types, all of them encode 

visual information in the form of action potentials. An action potential is a sudden rise in 

membrane potential in response to depolarisation of the membrane. The actuation of an action 

potential in RGCs ensures information transmission along the long distance between the origins 

of activation to the synaptic terminal of RGCs in the visual cortex in the brain. In contrast, in 

other retinal cell types, such as bipolar cells visual information need to travel a shorter distance 
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from the dendritic tree to the synaptic terminal, thus can be conveyed by the degraded manner (the 

signal drops by distance). The morphology and ion channel density variations in different RGC 

types generate different trains of action potential pattern, which along with different presynaptic 

inputs enable RGCs to process different temporal and spatial visual information. When a spot of 

light is projected onto the centre of a sustained- ON ganglion cell, a sustained burst of action 

potentials, whose frequency is dependent on the intensity of the light, is generated until the light is 

turned off. An increase in the illumination in the surround receptive field of ON ganglion cells 

results in a decrease in cell activity, and when the light is off, the cell activity increases. If both 

the centre and the surround receptive field regions of the ON ganglion cells experience an 

increase in illumination, the cell generates a weak action potential waveform. On the other hand, 

an increase of illumination in the centre of OFF ganglion cells receptive fields inhibits the cell 

activity, while an increase in in illumination in the surround receptive field increases the cell 

activity [49]. The ON-OFF ganglion cells encode temporal visual information and these cells only 

respond when the spot of light moves in their receptive field in a particular direction, thus give 

direction sensitivity to the retina [50].  

2.1.5 Amacrine cells 

Amacrine cells are another retinal cell class that is fed by bipolar cells. There are more than 40 

amacrine types identified in the rabbit retina [51], however very little is known about their individual 

function. Amacrine cells make synaptic connection to RGCs, to bipolar cells and also to the other 

amacrine cells, and depending on the predominant role of the retina in individual species, these 

connections can be more or less complex. For example, there are relatively fewer amacrine cell 

junctions in the centre-surround type of retina, such as in the primate, compared to species with 

specialised retinas for motion-and direction detection, such as in birds [32]. There is also strong 

evidence supporting the crucial role of amacrine cells in conveying rod bipolar cells information to 

ganglion cells and sharpening dim light visual information [36][39].  

2.1.6 Müller cells 

Müller cells are the retinal glial cells which play a significant role in keeping the retina healthy 

and viable. These cells help to maintain the pH of the extracellular domain by removing the 
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produced CO2 during neural activity. They also keep the extracellular potential constant by 

removing excessive K
+ 

during synaptic responses [52].  

2.2. Outer retinal diseases and their consequent effects on the retinal 

circuitry  

Outer retinal diseases such as retinitis pigmentosa (RP) and age-related macular degeneration 

(AMD) result in photoreceptor death, thus blocking vision sensory input and causing blindness. 

RP is the most prevalent outer retinal disease with an incidence of 1 person in 4000 [53]. More 

than 100,000 people in the USA and approximately 1.5 million people worldwide are suffering 

from RP [2]. RP may be categorized in different ways: based on the age of the disease onset 

(Leber's congenital amaurosis, juvenile, and late onset), or based on the retinal involvement 

(central, pericentral, or peripheral) [54]. Either way, patients with RP first experience difficulties 

in night vision due to the death of peripheral rod photoreceptors [55]. In the later stages of the 

disease, the outer segment of the cone receptors is also shortened, followed by a significant loss of 

central vision [56]. This eventually results in severe central vision impairment, leaving the patient 

with no meaningful light perception.  

Following photoreceptor death in RP, the retinal circuitry experiences a significant change. RPE 

cells detach from the innermost layer of the choroid and encapsulate around thin blood vessels, 

forming the bone spicule pigment seen in the fundus image of the patient [55]. In these patients, 

even in the late stage of RP, inner retinal layer cells, such as bipolar, horizontal and amacrine cells 

are well preserved. Some other cells, in contrast, such as Müller cells, migrate to the outer layer, 

building a physical barrier between the surviving photoreceptors and the inner retinal layers. This 

leaves the inner retinal cells to look for new synaptic inputs, initiating dramatic changes in the 

organization of the inner retinal layers[56]. Transplantation of normal photoreceptor cells [57]-

[58] and gene therapy [59]-[60] are among the medical strategies to treat RP. However, these 

strategies are suboptimal. For example, although photoreceptor transplantation has been shown to 

be easily integrated within the host retina, due to the physical barrier of the migrated RPE and 

Müller cells, limited functional connection can be recreated [54]. As for gene therapy, more than 

100 distinct genes have been identified to be correlated with RP onset, and further studies are 

required to investigate their disease-causing mutation [61].  
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AMD is the leading cause of blindness in the developed world that, unlike RP, severely impairs 

the central cone photoreceptor cells in the early stage of the disease but leaves the periphery 

largely intact [62]. AMD is clinically divided into two categories corresponding to exudative-

neovascular or “wet”, and nonexudative or “dry” forms, with 80% of AMD patients suffering 

from the latter [63].  In wet AMD, the patients experience an unusual growth of blood vessels that 

could ultimately cause microvasculature breakage and blood leaking into the retina followed by 

severe harm to photoreceptors [64]. Laser coaggulation therapy and Lucentis drug therapy are 

among the medical strategies widely applied in treating the wet form of AMD [65]. In dry AMD, 

patients experience a gradual loss of the RPE layer which ultimately results in photoreceptor 

death [63]. Currently, no successful medical treatment has been proposed for the dry form of 

AMD, leaving this area as a subject of more research. 

 Similar to RP, retinal circuitry experiences noticeable anatomical and physiological 

reorganization after AMD onset (Figure  2-3). Following cone photoreceptor death, bipolar and 

horizontal cells look for new synaptic inputs and connect to viable neighbouring photoreceptor 

cells. These changes cause severe functional disorder of the retinal network, affecting the viability 

of the retina. 

 

Figure 2-3: Retinal reorganization after AMD onset. (A) The fundus image of a patient suffering from early dry AMD. 

The red arrow specifies the diseased region. (B) An OCT image of the same patient with a macular hole. The 

photoreceptor layer has disappeared in the central fovea and the retina has experienced dramatic anatomical changes. 

2.3.  Retinal prosthesis vision restoration 

Morphometric techniques and retinal imaging of patients suffering from RP and AMD have 

revealed that even in the late stage of these diseases, despite the severe damage to the 

photoreceptor cell layer, a significant proportion of the ganglion cells retain their functionality 
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[66]. This has raised the possibility of restoring vision in these patients by means of a retinal 

prosthesis [67].  

Retinal implants began in earnest late 80 and early 90s, with a growing interest and investment in 

providing meaningful perception for patients suffering from AMD and RP [68]-[69]. In general, a 

retinal prosthesis consists of three main units: a camera that captures the visual information from 

the environment, a processor unit that converts the captured images into a pixelated image and 

modulated electrical signals, and finally, an array of electrodes implanted in the proximity of the 

retina, electrically stimulating the intact inner retinal cells. Two sites of retinal prosthesis 

implantation have been commercially introduced: (i) epiretinal stimulation, in which the 

electrodes are implanted in the epiretinal space directly at the surface of the ganglion cells, and 

(ii) subretinal stimulation, in which the electrodes are placed in the subretinal space between the 

photoreceptor and RPE (Figure  2-4).  

 

Figure 2-4: Two typical sites of a retinal prosthesis: (i) Epiretinal stimulation, in which the electrodes are implanted at the 

surface of ganglion cells and (ii) Subretinal stimulation, in which the electrodes are located further between the RPE and 

the retina.  

Suprachoroidal stimulation, in which the electrodes are implemented further back between the 

sclera and the choroid, has been also proposed by researchers in clinical trials. The main 

advantages of suprachoroidal stimulation are electrode location stability and ease of implantation 

during surgery, and is believed to cause less harm to the retinal tissue than epiretinal and 

subretinal stimulation during and after implantation [70]–[72]. However, this approach still has 

not been commercially available, and further research is warranted.  
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In the following subsections, a short summary of the recent successes in epiretinal and subretinal 

implants in humans are presented, followed by the concepts of direct and indirect RGC 

stimulation. 

2.3.1 Epiretinal implantation 

Second Sight (Sylmar, CA, USA) is currently the leading group in developing and manufacturing 

epiretinal implants for the human. Their first device, called Argus I, had 4×4 platinum electrodes 

of 500 µm diameter and edge-to-edge separation of 200 µm, held in a silicone rubber platform. 

Implantation in one patient, who was blind for more than 50 years due to photoreceptor death, 

enabled the subject to recognise spots of light and differentiate light orientation movement [73]. A 

decrease in the threshold of activation over time was also reported in this patient [73]. In 

following trials between 2002 to 2004 on three more subjects, by increasing the electrode 

distance, their population study were able to detect light motion and recognise familiar objects, 

such as a dessert plate, a coffee cup, and a plastic knife [74]. Their next product, Argus
®
 II 

consisted of sixty electrodes (6×10 electrodes). In this version, the electrodes are fed by wireless 

information from an exterior processing unit. This device is the first retinal implant that has 

obtained both a CE mark in 2011 and a FDA approval as a humanitarian device in 2013 [75]. 

Since then, it has been implanted in patients suffering from RP, and to a lesser extent, in clinical 

trials on patients with AMD. Spot of light, as well as the ability to detect light motion, letter 

recognition and object localization [76]-[77] have been achieved in their subjects with severe 

vision impairment. A good detailed summary of the latest success and reliability of this device in 

providing daily life rudimentary vision may be found in Luo and da Cruz [75]. 

Other groups have also reported successful results using epiretinal implantation. Intelligent 

Medical Implant AG (IMI, Zug, Switzerland), and the German EPI-RET groups are producing 

epiretinal implants with 49 and 25 electrode fabrications respectively. Both groups have reported 

successful light perception in a population study of 20 subjects [78] and six subjects [79]. 

2.3.2 Subretinal implantation 

Retinal implant AG
®
 (Reutlingen, Germany), is the leading group in developing subretinal 

implants in the human. Their device comprised 1500 stimulating electrodes, each controlled by 

adjacent photodiode, and an additional 4×4 electrodes array controlled by an external unit [6]. A 
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4-week study of eight patients suffering from RP showed limited damage to the retina, and the 

threshold of activation for the electrodes were well below the safe charge limits. Using this 

device, successful light perception, object orientation and letter recognition have been reported 

[7], [9], [11], [80]. The latest one-year study was conducted on twenty nine patients suffering 

from RP and cone-rod dystrophy [81]. In this study, the primary goals were to achieve reasonable 

daily life vision, including shape localization and recognition (triangle, square etc.), localization 

and recognition of four dining objects, reading the time by localizing two white clock hands, letter 

recognitions, and finally, determining the grey levels that a subject could detect. The secondary 

goal was to ensure safety of the device and to measure the highest acquired spatial resolution in 

each subject. Interestingly, subject age and disease duration did not significantly affect the 

performance of the device, and the obtained results noticeably supported the reliability of the 

device for restoring daily life vision for the patients [81]. The advantage of this device compared 

to the Argus
®
 II using a camera implemented on sunglasses with outer processor unit, is that the 

patients can use natural eye movement to detect objects. Eye tracking in patients with the implant 

indicated that the ability of the patients to fixate their eye on an object, as well as the refresh-role 

of microsaccades, could determine the performance of the device [82]. In a one-year follow up 

study, the safety and efficiency of the device has been also evaluated on nine subjects suffering 

from RP or other outer layer degeneration with no or minimum light perception [83]. With one 

retinal detachment 1 day after implantation and minor retinal vessel leakage, the Retinal Implant 

AG
®
 was shown to provide a clinically acceptable level of safety and efficiency [83].  

The Boston Retinal Implant Project (BRIP, Boston, MA, USA) is another active group developing 

subretinal devices with 200 distinct stimulating electrodes [84]. The noticeable advantage of this 

device is that only the injecting electrodes are implanted inside of eye, and due to the flexible 

fabrication, the electrode array is able to cover the curvature of the normal retina. Such settings 

are expected to enhance the performance of subretinal stimulation [84].   

2.3.3 Direct versus indirect stimulation 

Using either epiretinal or subretinal implantation, there are two ways by which ganglion cells are 

stimulated: direct activation and indirect activation. In direct activation, the ganglion cell bodies 

are activated by depolarization of the cell membrane due to extracellular current flow; whereas in 
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indirect activation, the presynaptic cells, mostly bipolar cells, are activated and ganglion cell 

activation is elicited by the modulated bioelectrical signals from the bipolar cells. 

In direct activation, there is a one-to-one correlation between the applied stimuli and ganglion cell 

activation; thus, a high temporal resolution can be achieved. However, to provide a high spatial 

resolution in direct activation, specific elements of the cell body, preferably the soma or initial 

segment of the axons located close to the stimulating electrodes should be carefully stimulated. It 

has been shown that these cell elements will provide a dot-shaped spot of light. However, using 

epiretinal stimulation in which the electrodes are close to NFL, incidental activation of  passing 

axon bodies of RGCs located far away from the stimulating electrodes could result in elongating 

the visual information in the space resulting in a wedge-shaped low quality perception [85]. 

Several voltage clamp studies have shown that in direct activation, the initial segment of the 

ganglion cell axon is the most sensitive part of the cell to electrical stimulation and can be 

preferentially activated by lower amounts of current [86]. However, as discussed earlier, there are 

more than 20 ganglion cell types in the human retina, and each possesses different densities of 

voltage-activated channels in their membrane. This can noticeably change the threshold of 

activation of cell elements in different cell types, potentially impairing the spatial resolution of the 

implanted device through unintended activation of the nearby ganglion cell axons. Another 

contributing factor to spatial resolution is the number of cells that can be activated in each 

stimulation trial. Evidence suggests that the maximum safe charge limit of electrodes without 

introducing any damage to the electrode array has a correlation with the electrode diameters. 

Therefore, to evoke activation with very small electrodes, longer stimuli pulse is required to 

deliver enough electric charge. , However, a recent study has shown that sufficiently small 

diameter stimulating electrodes with relatively short stimulation pulses can preferentially activate 

ganglion cells directly and can provide fine spatial resolution [87]    

Indirect activation potentially provides greater spatial resolution than direct activation, because 

only the limited numbers of ganglion cells that have a synaptic connection to the targeted bipolar 

cells are activated. However, a recent experimental study on a human with 1500 photodiodes 

could not obtain a one-to-one percept of light and failed the expected spatial resolution [11]. Also, 

measuring the activation threshold using indirect stimulation has shown that diseased retina 

require higher level of current to be activated compared to the healthy retina [88]. The underlying 
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reason could be related to the dramatic physiological and anatomical changes that the retina 

experiences after photoreceptor necrosis. This suggests that the diseased retina does not function 

similarly to a healthy retina limiting the spatial resolution of indirect stimulation. As regard to 

temporal resolution, indirect activation suffers from poor temporal resolution. Indirect activation 

results in a relatively late response of ganglion cells, typically more than 5 ms after stimulus onset 

compared to less than 1 ms in direct activation [89]. This latency exhibits larger temporal jitter 

compared to the direct activation, considerably reducing the required temporal resolution for the 

retinal prosthesis [89]. In addition to that, in response to repetitive stimulation, there is a higher 

reduction in indirect activation rate compared to direct activation rate [89]. This phenomenon has 

been referred as desensitization of RGCs limiting the indirect activation temporal resolution.  
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3. Computational models of retinal 

electrical stimulation  

Computational modelling seeks to link experimental studies and mathematical models in order to 

understand the response of tissues to a specific treatment in-silico. Many studies have developed 

accurate computational models of different human organs, such as cardiac tissue [90] and the 

respiratory system [91], and these models have helped to improve medical treatments. Similarly, 

developing accurate retinal models could provide a reliable tool for investigating retinal response 

to electrical stimulation for optimization of retinal prosthetic device parameters and ultimately, 

enhance the performance of the retinal implant. In this chapter, we begin by describing existing 

mathematical formulations that capture the generic RGC action potential waveform. We then 

describe more complex retinal network models and how RGCs contribute to encoding the visual 

information. Finally, we will explore the strength of continuum bidomain modelling in 

representing the retinal network and how this model can help enhance our understanding of the 

retinal response to electrical stimulation.    

3.1 Ganglion cell ionic models 

Hodgkin and Huxley were the first investigators to successfully give a complete mathematical 

description of squid giant axon membrane activation[92]. In their formulation, at a particular point 

of time, the membrane potential was assumed to be constant over the entire membrane and could 

be mathematically described by two voltage-dependent ionic currents (iNa, ik), one leakage 

current(iL) and a membrane capacitor charging current (Figure  3-1).   
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Figure 3-1: Equivalent circuit of Hodgkin and Huxley circuit for simulating giant axon action potentials [93] 

Assigning positive sign to outward membrane currents and applying a non-zero resting potential 

of -60 mV to the neural membrane, the total cell membrane current was described by[94]: 

 
     

   
  
     

  (      )     
 (     )    (     ) (3.1)  

Here, Cm is the membrane capacitance per unit area, VNa, VK are the equilibrium potential for 

particular membrane currents, gNa and gK are the membrane conductance of each ionic current and 

m, h and n are the gate variables described by first-order kinetics  (3.2) : 
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Here, α and β are the gating rates calculated according to (3.3)- (3.8). 
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The initial values of m, h and n are given in Table  3-1 and other model constant parameters are 

given in Table  3-2. 
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Table 3-1: Initial variable values in Hodgkin and Huxley formulation [94] 

Variable 
Initial 

value 

m 0.0529 

n 0.3177 

h 0.5961 

Vm -60 mV 

Table 3-2: Values of model parameters for the Hodgkin and Huxley formulation [94] 

Symbol Definition Value Unit 

Cm Membrane capacitance 1 µF.cm
-2

 

gNa Sodium channel conductance 120,000 mS.mm
-2

 

gK Potassium channel conductance 36,000 mS.mm
-2

 

gL Leaking current conductance 300 mS.mm
-2

 

VNa Sodium ion equilibrium potential 55 mV 

VK Potassium ion equilibrium potential -72 mV 

VL Leaking equilibrium potential -49.387 mV 

Figure  3-2 illustrates the simulated membrane response of the Hodgkin and Huxley model to a 

monophasic anodic stimulating current (20 µA amplitude, 0.5 ms duration).  

 

Figure 3-2: Simulated action potential in Hodgkin and Huxley model in response to monophasic anodic current. 
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A detailed mathematical formulation of the retina ganglion cell action potential was first given by 

Fohlmeister and Miller in 1990 [95]. They showed that at least five ionic currents were involved 

in shaping the RGC action potential: the first two were similar to the Hodgkin and Huxley 

formulation, iNa and iK. The other three ionic currents were iKA (the inactivating K
+ 

A type), iKCa 

(the Ca
2+

 activated K
+
) and iCa (the calcium current). This formulation could successfully 

reproduce the repetitive RGC activation pattern and provided insights into the different K
+
-

conductance interactions in shaping the action potential waveform. Following that study, the same 

authors provided a single RGC compartmental model based on whole-cell voltage clamp 

recordings [96]. A leakage current iL was added to their formulation to preserve input resistivity 

between the experiments and the model  (3.9): 

 
    

   
  
                         (3.9)  

The authors, however, reported a few disagreements between their single compartment model and 

the experimental data. For example, the model could not represent the long latency prior to the 

first spike seen in the cellular recording. Furthermore, it had a steeper response to larger 

stimulating impulses, and some disagreements were seen between the descending phase of the 

model and the experimental data. These problems could not be addressed by changing model 

parameters, and the authors concluded that a single compartmental representation was the major 

limitation of the model. Later, the authors developed a multi-compartmental model of a single 

RGC morphology [97]. They showed that cell morphology plays the most important factor in 

shaping the cellular activation pattern, with differences in density distribution a secondary factor. 

In the following work, the authors studied the ionic channel distribution along the cell 

morphology and investigated their effect in shaping RGC activation patterns [98]. They 

concluded that the axon initial segment has the highest Na
+
-channel density with zero calcium 

ionic conductance, leaving this segment as the most excitable element of the RGC body. The 

ionic formulation of the axon initial segment is given by  (3.10): 

          
  (      )    

 (     )      
   (     )       (  

   )    (     )  
(3.10)  

Here, m, n, h, a and hA are the gate variables of the axon initial segment described by first-order 

kinetics  (3.11) 
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Here, αx and βx are the gating rates of each m, n, h, a calculated based on [98] equations  (3.12)- 

(3-19). A-type potassium current gating rates are calculated by (3.20)- (3.21) based on [95] Other 

parameters and initial conditions are given in Table  3-3 & Table  3-4.These settings were chosen 

to replicate the recent continuum model of Abramian et al. [24]. Figure  3-3 illustrates the 

simulated action potential in response to intracellular anodic first biphasic stimulation in the 

Fohlmeister et al. formulation [98] (equation 3-22) . 
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Table 3-3: Initial variable values in the of Fohlmeister et al. formulation [98] 

Variables 
Initial 

value 

m 0.0195 

n 0.9524 

h 0.0454 

a 0.0249 

hA 0.5833 

Vm -70 mV 
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Table 3-4: The model parameters of Fohlmeister et al. formulation [98] 

Parameters Definition Values Units 

gNa Sodium channel conductance 3.786 mS.mm
-2

 

gK Potassium channel conductance 1.346 mS.mm
-2

 

gKA Potassium
 
A type activated channel conductance  0.36 mS.mm

-2
 

gKCa Potassium calcium activated channel conductance 0.0005 mS.mm
-2

 

gL  Leaking current conductance 0.00231 mS.mm
-2

 

VNa Sodium ion equilibrium potential 60.60 mV 

VK Potassium ion equilibrium potential -101.34 mV 

VL Leaking equilibrium potential -64.58 mV 

 

Figure 3-3: (A) The anodic first biphasic stimulus current waveform. (B) Initial axonal segment RGC action potential in 

response to the stimulating current using Fohlmeister et al. formulation [98]  

3.2 Single cell stimulation modelling 

The models presented so far focused on developing mathematical formulations to represent the 

activation waveform, and did not incorporate activation propagation in the dendritic tree or along 

the axon. Propagation along the cell axon can be modelled using multi-compartmental modelling. 
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In the following sections, we first describe the underlying mathematical description of multi-

compartmental models and then give a review of existing RGC models.   

3.2.1 Cable theory 

Propagation of activation along the nerve dendrite and axon can be described by cable theory. In 

this description, the cell geometry is divided into smaller compartments. Each compartment 

communicates its membrane potential changes with the adjacent compartment through their 

shared connection. Figure  3-4 shows a simplified discrete schematic of a neural axon, with the 

intra and extracellular spaces, where the membrane properties have been modelled using Hodgkin 

and Huxley formulations [93].  

 

Figure 3-4: Simplified geometry of a neural axon using Hodgkin and Huxley membrane representations [93] 

If each compartment is small enough, the intracellular and extracellular resistance (Ri and Re) 

within each compartment may be assumed constant. Within a section of length of l and 

intracellular and extracellular cross-sectional areas of Ai and Ae, the intra- and extracellular 

resistivity can be written as: 

    
    

 
  and    

    

 
 (3.23)  

Using Ohm’s law within a relatively small length Δx, the change in intracellular and extracellular 

potentials are given by: 
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The negative signs in  (3.24) imply potential drop across ri and re. Using Kirchhoff’s first law, the 

total current entering into any junction (junctions are specified by red rectangles in Figure  3-4) is 

equal to the total current exiting that junction. Assigning positive sign to the entering current and 

a negative sign to the outward current in each junction will give: 

 
                          

   
  
     

                       
   

  
    

(3.25)  

In this representation, the intracellular and extracellular currents (Ii and Ie) have units of current 

per unit area whereas Im has the units of current per unit volume. Rearranging  (3.23),  (3.24) 

and  (3.25) gives: 
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(3.26)  

Assuming re and ri are constant along the length of x,  (3.26) could be rewritten: 

     
   

       

    
   

        

   

(3.27)  

The membrane potential is the difference between the intra and extracellular potentials (Vm=Vi-

Ve). Applying the second derivative with respect to length (x) will yeild: 

     
   

 
    
   

 
    
   

 (3.28)  

Substituting  (3.27) into  (3.28) will give: 
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 (3.29)  

Here, to address temporal dependency of Vm in our set of equations, we have switched from total 

derivatives to partial spatial derivatives. Im in  (3.29) can be modelled by the Hodgkin and Huxley 

formulation:  

 
  (  
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  (3.30)  

Where Am is the surface area for a given length of neuron divided by the associated volume, and 

iion is the sum of ionic currents. Equation  (3.30) is known as the bidomain cable equation. This 

equation can give an accurate description of action potential propagation along the neuron, 

provided that this length is divided into enough compartments, which is widely known as multi-

compartmental modelling. To increase the utility of this model, the length and orientation of each 

compartment can be set based on the cell morphology and the membrane current could be set 

based on the cell membrane properties in that element. In the next section, the application of the 

multi-compartmental model is discussed for RGC modelling.  

3.2.2 Application of multi-compartmental modelling in RGCs modelling 

Multi-compartmental modelling has a long history in simulating the propagation of activation in 

excitable tissues [99][100]. However, it was following the success of light perception in clinical 

human trials [101] that rose a significant interest to develop a multi-compartmental model of 

RGCs. Greenberg et al. [20] were the first group that developed a morphologically realistic multi-

compartmental model of amphibian RGCs. In their model, the membrane properties in each 

compartment were modelled using three different approaches: (i) using a passive membrane along 

the entire cell body, (ii) using a Hodgkin and Huxley membrane formulation [93] for the soma 

and axon with a passive dendritic tree and (iii) using an active membrane Fohlmeister and Miller 

formulation [96] for the entire cell body. Figure  3-5 illustrates a simplified morphology of a 

neuron and its simplified compartmental model. In this figure, Hodgkin and Huxley membrane 

formulation [93] is used to model axon and soma, while the dendritic tree is modelled using a 

passive representation. 
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Figure 3-5: Multi-compartmental model of Greenberg et al. [20]. (A) A realistic neuron cell body. (B) A multi-

compartment model of a neuron cell body in which the membrane properties of the axon have been modelled using 

Hodgkin-Huxley formulations.     

The stimulating electrodes were modelled in two different ways: an ideal point source and an 

ideal disc electrode, and the extracellular potential was pre-computed and fixed for each 

compartment. Their simulations with an ideal point source electrode and active membrane 

properties showed that the soma had 58-73% lower threshold of activation compared to axonal 

elements. This could successfully represent the reported focal perceptions in clinical trials using 

epiretinal stimulation [101]. However, stimulating with an ideal disc electrode showed relatively 

smaller differences (only 20%), arguing that preferentially activating RGCs is more challenging 

than initially thought. The authors concluded that in the previous clinical epiretinal stimulation 

trials with disc electrodes, the focalized perception could have been achieved by indirect RGC 

activation, i.e. through activation of the bipolar cells.  

To investigate the bipolar cell contribution to RGC activation, Rattay et al. [102] and Rastz and 

Rattay [103] developed more complex compartmental models. They incorporated a single bipolar 

cell with its synaptic connections to a single RGC. In their simulations, the entire RGC body 

membrane was modelled actively using the Fohlmeister and Miller formulation [96], whereas the 

bipolar cell membrane was modelled using a passive representation. They showed that orientation 

of the cell element relative to the epiretinal electric field could affect the threshold of activation. 
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This indicated that it is possible to activate the axonal end of the bipolar cells prior to RGCs. The 

effect of electrode configuration and stimulus polarity on the electric field distribution were 

further discussed in their later studies [104],[105]. The authors showed that using long electrodes 

with cathodic first biphsic stimulus polarity, axonal activation can be avoided in favour of focal 

activation. These modelling studies indicated the impact of retinal prosthesis stimulus parameters 

on performance. In their modelling, however, the bipolar cells and RGC morphology were 

simplified to a small number of cylindrical compartments. Also, only one type of ON bipolar cell 

and one type of RGC were modelled, and the differences in physiology of ON and OFF pathways 

and their consequent effect on retinal prosthesis performance remained unexplored.  

A PhD thesis by Benav et al. [106] investigated the behaviour of a single ON cone bipolar cell 

and a single OFF cone bipolar cell in response to extracellular stimulation. Several cellular 

recordings were performed, and the role of the ON and OFF bipolar cells in indirect RGC 

activation was explored in detail. However, the ultimate RGC activation pattern in response to 

bipolar neurotransmitters was not included in the model, limiting its predictions on the spatio-

temporal activation of the retina.    

The effects of different electrophysiological properties of ON and OFF RGCs on their activation 

profile was first included in the modelling study of Kameneva et al. [107]. They added two new 

ionic currents to the conventional Fohlmeister and Miller RGC membrane currents: Ih known as 

the hyperpolarization-activated current, and ICaT known as the low-threshold voltage-activated 

calcium current. These currents could successfully differentiate the ON and OFF RGC activation 

profiles in the absence or presence of stimuli. This model was further improved by incorporating 

the inhomogeneous ionic channel distribution along the cell body in both ON and OFF RGCs 

[108]. This significantly helped to account for the variation in threshold of activation reported in 

previous experimental studies. In other studies from the same group, the effect of the ON and 

OFF cell morphology and cell physiology [109],[110], as well as the dendritic tree [111] in 

forming the action potential were explored in detail. The authors concluded that even in the 

presence of identical and homogeneous ionic channel distributions, dendritic tree density can 

considerably affect the RGC activation pattern. They also showed that the differences in cell 

morphology in ON and OFF RGCs, in absence of any differences in membrane properties, could 

noticeably affect the activation pattern.  



Computational models of retinal electrical stimulation 32 

 
 

 

 

These single cell models, although providing a useful source of information on the RGC 

activation profile, do not incorporate the retinal network contribution. A higher level of 

computational complexity is required to achieve a deeper understanding of restored vision using a 

retinal prosthesis. 

3.3 Retinal network modelling 

Despite numerous computational models of a single RGC, there are only a few studies where the 

entire complex retinal network has been incorporated into modelling. There are detailed studies 

that have incorporated subsections of the retinal network, including synaptic connections at the 

photoreceptor level [112], between rod-bipolar cells [113] and between cone- horizontal cells 

[114]. However, these models do not provide a proper understanding of the charge distribution in 

the retina during electrical stimulation and thus, are not applicable for optimizing the retinal 

prosthesis parameters and for improving the performance of retinal implants. The models that 

incorporate the entire retina can be divided into three main categories: (i) black box representation 

of the retinal network, (ii) discrete representation of the retinal network and (iii) continuum 

bidomain representation.  

3.3.1 Black box modelling 

In the black box representation, the retinal network circuitry is represented by a few boxes that 

apply (non)linear mathematical operations to input signals and give an approximation of output 

signals. These mathematical operations are driven from multiple clinical data. The Virtual Retina 

[115] provided a large scale simulator (up to 100,000 neurons) of the retinal network using three 

main blocks. In the first block the centre-surround mechanism of bipolar cells was captured by a 

linear filter. In the second block, the amount of bipolar cell neurotransmitter release in 

determining the luminance was modelled by adjusting the contrast of the image. Finally, in the 

third block, the temporal RGCs spike train was modulated. This model was able to capture the 

transient and sustained response of different RGC types to the same light stimuli and could predict 

the overall response of a group of RGCs to a set of sequential images. A later model, “Artificial 

Retina” [116], employed a novel asynchronous sensor to filter the projected image frames on the 

retina and could represent the different temporal and spatial functionality of RGCs in the healthy 

retina. These models mainly focused on the underlying physiological structure of the healthy 
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retina and how phototransduction is performed. This limits the applicability of these models in 

predicting the behaviour of the diseased retina under electrical stimulation. The parameters of 

these models were also tuned based on the clinical data obtained from healthy retinas and it is not 

clear how far they are reliable in representing the changes of the retinal network after the onset of 

disease. 

Another example of black box modelling is the study of Horsager et al. [117]. In this study, the 

brightness of the restored vision was mathematically modelled based on experiments in two 

visually impaired humans. Each patient underwent epiretinal ocular implant with 4×4 electrodes 

from which only one of the electrodes was activated in each trial. The threshold and the brightness 

of the restored vision were described by the patients and the results were employed to propose a 

mathematical description of the retinal network in the form of a black box model. This method, 

for the first time, could give a prediction of the threshold and the brightness of the restored vision 

by simple mathematical operations and could give sufficient information to optimize the stimulus 

parameters [118]. Such predictions, however, rely on the response of a limited number of subjects 

to a specific electrode configuration. This can potentially limit the reliability and applicability of 

the model in exploring the wide range of available retinal prosthesis methods. For this reason, 

mathematical models which can give a more general picture of retinal cell interactions are 

required.         

3.3.2 Discrete modelling    

In discrete modelling, the retinal network is simplified to a discrete chain of cells in which their 

interactions are mathematically formulated.  Teeter et al. [119] were the first group to provide 

such a model of the retina, that could give a description of the response of the retinal network to 

light stimuli (Figure  3-6). In 2005 Cottaris et al. [22] modified their model and investigated the 

response of the retinal network to single monopolar epiretinal stimulation in both healthy and 

degenerated retinas. Using this complex setup, they were able to model the indirect RGC 

activation following single pulse stimulation. They were also able to model the intrinsic 

difference between ON and OFF pathways in forming and shaping the RGC activation patterns to 

identical stimuli. In their model, however, the extracellular potential distribution through the 

retina was calculated only as a time-dependent variable and was fed to the retinal network. This 

ignores the ionic exchange between the extracellular and intracellular domains during the active 
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response of RGCs [120]. A pre-defined extracellular potential limits the scope of this model to a 

simple electrode configuration and prevents the model from exploring more complex extracellular 

potential distributions in multi-electrode stimulations. Another limitation of this method is its high 

computational demand for a single chain of cells, limiting the ability of the model in investigating 

a larger area of the retina. 

 

Figure 3-6: The major retinal cell types and their neural interactions mathematically modelled by Teeter et al.[119]. The 

figure is taken from Teeter et al. [119] 

 A later study of Publio et al. [121] modelled discrete chains of connections in ON pathways 

between rod-rod, rod-bipolar, rod-bipolar-amacrine and cone-bipolar cells. Their model could 

replicate the wide range of luminance values for which the retina can work. They also showed that 

rod-rod coupling had a greater effect in increasing the dynamic range of the luminance than the 

coupling between amacrine cells. Their results were supported by previous theoretical studies 

[122],[123], and gave valuable understanding of peripheral adaptation of the retina to light 

exposure. The focus of this model however, was to investigate the underlying mechanism of the 

healthy retinal network in encoding the light to bioelectrical signals. This limits the scope of the 

model from exploring the response of the diseased retina to electrical stimulation by an external 

source.        

3.3.3 Bidomain continuum models 

Bidomain equations give a volume averaged representation of biological tissue. They were first 

introduced by Schmitt [124] and then mathematically formulated by Tung [125] to provide a 
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continuum representation of cardiac electrophysiological properties. This set of equations 

successfully incorporated the anisotropic domains of cardiac tissue and could be used to improve 

the understanding of electrical activity in each heart cycle [126]. Since then, bidomain equations 

have been widely employed by researchers to provide a microscopic approximation of electrical 

activity in different excitable tissues, such as in skeletal muscles [127] and gastrointestinal 

electrical activity [128]. Here, we review a derivation of the bidomain equations and then we will 

discuss their application in retinal electrical stimulation modelling.  

3.3.3.1 Deriving the bidomain equations 

The word “bidomain” indicates two interpenetrated domains, the intracellular and the 

extracellular domains. These two domains are coupled by the transmembrane current (Figure  3-7).  

 

Figure 3-7: Schematic bidomain representation of a neuron cell body. The intra and extracellular domain potentials are 

modelled by Vi and Ve. These two domains are coupled by the transmembrane current Im.  

The bidomain equations can be derived in a similar way to the cable theory, except that here, 

instead of modelling over a junction in the neuron body, an average over the total cell membranes 

of the tissue is provided. Using single pulse stimulation, we can assume a quasi-static situation in 

the retina, and therefore using Ohm’s law we have: 

           and            (3.31)  
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Here, Ji and Je are the current densities; σi and σe are the total conductivity in each of the 

intracellular and extracellular domains. Assuming that the retinal domain is isolated and there is 

no charge accumulation in any part of the retina, any current leaving one domain (e.g. the 

intracellular domain), crosses the cell membrane and flows into the other domain (e.g. 

extracellular domain) (Figure  3-7): 

                 (3.32)  

Here, Am is the surface to volume ratio of the cell membrane and Im is the transmembrane current 

density per area. Substituting  (3.31) into  (3.32) will give  (3.33): 

   (     )     (     )        (3.33)  

As we saw previously, membrane potential could be calculated from the difference between the 

intracellular and extracellular potential (Vm=Vi-Ve). Subtracting  .(σi Ve) from both sides 

of  (3.33), and incorporating the extracellular stimulation current (Istim) will give a new 

representation of membrane potential  (3.34): 

   (     )     ((     )   )        (3.34)  

This equation is known as the first equation of the bidomain pair. The second equation can be 

determined from  (3.32).The transmembrane current is represented by ionic currents and the cell 

membrane charging current  (3.35): 

   (     )         (  
   

  
     )  (3.35)  

In order to make the left side of  (3.35) dependent on Vm,  .(σi  Ve) was first added and then 

subtracted from  (3.35), giving: 

   (   (     ))    (     )    (  
   

  
     )  (3.36)  

Using (which is known Vm=Vi-Ve),  (3.36) will change to  (3.37) as the second bidomain pair: 

 
  (     )    (     )    (  

   
  
     ) (3.37)  
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3.3.3.2 The application of bidomain equations in retinal modelling 

Dokos et al [129] for the first time applied the bidomain equations to provide a continuum 

representation of a retinal network under electrical stimulation. Their model comprised a passive 

vitreous domain and an active RGC layer using the Fohlmeister and Miller formulation [96] 

(Figure  3-8). This model was stimulated by epiretinally implemented sets of two and four 

electrodes. Using this setup, their model could successfully represent the focal electrical 

activation beneath the injecting electrode (Figure  3-8.B) and was also capable of handling the 

effect of ionic exchange on the extracellular potential during the active response of RGCs.  Hence 

this model could provide a more realistic representation of charge distribution during electrical 

stimulation than the previous discrete representation. The authors also reported an unintended 

secondary activation beneath the returning electrode during polarity reversal in biphasic 

stimulation. This observation was in agreement with reported multiple visual percepts caused by a 

single stimuli in blind patients [130]. It was shown that by increasing the number of returning 

electrodes and decreasing the amount of returning current per electrode, the unintended secondary 

activation could be eliminated. This observation led to a new electrode design known as a 

hexapolar configuration [131]. In this setup, each injecting electrode is surrounded by six return 

electrodes, each collecting 1/6
th

 of the injected current. This electrode configuration was shown to 

provide more focalized activation than the conventional monopolar electrode configuration in 

both modelling and experimental studies [132]-[133]. Later, an adaptation of hexapolar and 

monopolar configurations, termed a Quasi-monopolar, was proposed. In this configuration the 

ring of returning electrodes only returned a fraction of the injected current and the remaining 

current was collected by another remote electrode. This helped to limit the propagating of the 

electric field beneath the injecting electrode, thus decreasing the threshold of activation while 

benefiting from the ring of guards supporting focalized activation [24],[134].  

Subretinal stimulation and the effect of electrode distance to the targeted cells on threshold was 

explored in detail by Joarder et al. [135]. They employed a modification of the bidomain 

equations in which the intracellular potential was tied to distal cell element at rest. This 

modification bypasses the action potential from the model indicating the transfer of RGC action 

potentials to the brain via the optic nerve. 
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Figure 3-8: (A) Continuum bidomain model of retinal electrical stimulation (B) The RGC activation pattern beneath the 

injecting electrode. Reproduced from [129] 

In another study from this group, the effect of presynaptic retinal neural interaction on RGC 

activation was incorporated in their bidomain continuum model [136]. Using this setup, the 

authors were able to model the secondary indirect activation of RGCs formed by the 

neurotransmitter release of bipolar cells. The effect of realistic morphology and physiology of 

RGCs were also included in the latest studies of this group  [25],[135]. The effect of retinal 

microstructure and the RGC axon fibers have been included in another class of bidomain 

equations proposed by Meffin et al. [138]. This model enabled the researchers to capture the 

effect of cells composition on RGC firing patterns in response to extracellular stimulation [139].  

The flexibility of continuum bidomain modelling in incorporating complex components of the 

retinal network under parallel stimulation gave this formulation an advantage over the discrete 

and black box model types. Therefore, in this thesis, the retinal network was modelled using 

continuum bidomain equations. In the following chapters, realistic anatomy of the healthy and 

diseased human retina and RGC density variations at different eccentricities from the central 

fovea were added to the continuum bidomain model of Dokos et al. [129] to give a more complex 

and more accurate representation of the human retina under parallel stimulation.  
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4. Extracting the retinal geometry from 

OCT images 

A main objective of this thesis was to develop patient-specific models of human retinal geometry 

in order to explore the possible effect of retinal layer thickness variations on retinal prosthesis 

performance. This requires an accurate representation of human retinal geometry and suitable 

mathematical formulations to model the retinal network. Here, we employ the 3D OCT imaging 

technique to extract the in vivo 3D real geometry of human retinal tissue. Starting from the back 

of the eye and moving towards the interior, the first detectable retinal border in OCT images 

occurs at the interface of the choroid and the retinal pigment epithelium layer (the Choroid/RPE 

boundary). The second boundary separates the inner segment and outer segment (IS_OS) of 

photoreceptor cells from the outer nuclear layer (ONL) (the IS_OS/ONL boundary). The next 

distinct boundaries are seen at the interfaces of the ONL and outer plexiform layer (OPL) (the 

ONL/OPL border), the OPL and inner nuclear layer (INL) (the OPL/INL border), as well as at the 

interface of the inner nuclear layer and inner plexiform layer (IPL) and ganglion cell layer (GCL) 

(the INL/IPL+GCL border). Finally, the ILM boundary delimitates the retina membrane from the 

vitreous body [139]. Figure  4-1 illustrates these six major retinal borders within an OCT image.  

 

Figure 4-1: (A) A healthy human OCT image. (B) Zoomed in segmented OCT image with six major retinal borders.    

Retinal OCT imaging technique has been widely employed by clinicians to identify and assess 

retinal abnormalities by segmenting retinal layers and measuring their thickness. In order to assist 
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clinicians to streamline the diagnosis process and remove inter/intra-observer variability, many 

image segmentation algorithms have been developed to date to replace manual OCT 

segmentation. These algorithms can be categorized based on the number of considered 

dimensions in the image processing algorithm: (I) 1D, (II) 2D and (III) 3D algorithms.  

Border detection techniques in 1D algorithms mainly rely on detecting the variability of pixel 

intensity in a stack of OCT images [140], [141]. Such approaches provide readily-implementable 

algorithms with minimal computational overhead. However, the simplicity of these approaches 

(1D algorithms) lead to inaccuracies in the segmentation of retinal OCT images, especially when 

the source images are noisy.  

In 2D image processing algorithms, both vertical and horizontal OCT image information are 

incorporated in the retinal segmentation, providing higher accuracy compared to 1D method. Such 

approaches can be further divided into the two subcategories of automatic and semiautomatic 

algorithms. In semi-automatic algorithms, the user needs to carefully observe the raw retinal OCT 

image and provide initial information for the algorithm to enhance its performance. This initial 

information can be provided by the user in many forms, such as setting seeding points for the 

region growing algorithms or defining the case-based criteria to select the image processing 

algorithms [141]-[142]. The success of such approaches is highly dependent on the user’s 

proficiency in choosing appropriate settings for each individual case, and can be very time 

consuming in a large dataset. In automatic approaches, the parameters of the algorithm are kept 

constant between different datasets, ignoring the variability in dataset quality [143]-[144].  

Finally in 3D segmentation algorithms, multiple consecutive OCT planar images from a single 

dataset are processed to detect the retinal borders [146]–[148]. This is achieved by carefully 

aligning the 2D frames to obtain straight boundaries, and applying boundary detection algorithms 

within and among imaging frames. Consideration of anatomical information in 3D methods 

enables them to segment OCT images with higher accuracy in the presence of external noise. 

However, the computational workload is higher in these algorithms compared to 1D & 2D 

algorithms, making the 3D segmentation less than ideal for real time applications.     
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4.1 Method 

The proposed algorithm consists of three main steps: in the first step, the Choroid/RPE, 

IS_OS/ONL and Vitreous/Retinal boundaries are detected from the raw OCT image. In the 

second step, the quality of the raw OCT image is enhanced by wavelet filtering and the 

ONL/OPL, OPL/INL and INL/IPL+GCL borders are detected. Finally, the detected borders are 

passed through an interpolation block whereby their quality is enhanced. Figure  4-2 summarizes 

these three steps. 

 

Figure 4-2: The proposed segmentation algorithm consists of three main steps: (A) Detecting the choroid/RPE, 

IS_OS/ONL and IML borders from the raw OCT image. (B) Denoising the OCT image and detecting the ONL/OPL, 

OPL/INL and INL/IPL+GCL borders. (C) Applying interpolation on the detected borders and enhancing them.   

4.1.1 Detecting the Choroid/RPE, IS_OS/ONL and the ILM borders 

Canny edge detection technique [149] has been widely employed in image processing to detect 

the existing structural information within the image. In this method, a Gaussian filter is applied to 

the input image to supress the noise, and then, measures the local maxima of intensity gradient in 

the image to detect edges. A high threshold is used to detect the presence of strong edges and a 

low threshold is employed to detect the connected but weak local edges. The ILM, choroid/RPE 

and IS_OS/ONL borders present highly visible interfaces in the OCT images (Figure  4-3.A). It 

was found that the Canny edge detection technique was sufficient to detect these borders without 
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applying any pre-processing algorithms on the images (Figure  4-3.B). The ILM and IS_OS/ONL 

boundaries were detected using a Canny edge detector with low & high thresholds of [0.1, 0.5] 

while the Choroid/RPE border was detected by performing a Canny edge detection with threshold 

vector of [0.2, 0.3].   

 

Figure 4-3: Detecting the ILM, IS_OS/ONL and the Choroid/RPE borders from the raw OCT image (A) Raw OCT image 

with high contrast at ILM, choroid/RPE and IS_OS/ONL borders. (B) Detecting these highly visible borders by applying 

A Canny edge detection technique. 

4.1.2 Finding the ONL/OPL, OPL/INL and INL/IPL+GCL     

To detect the inner retinal borders, i.e. the ONL/OPL, OPL/INL and INL/IPL+GCL interfaces, the 

OCT images had to be passed through a smoothing block to decrease the signal to noise ratio. A 

1D wavelet transform with five levels of decomposition has been previously applied on OCT 

images to decrease the signal to noise ratio [150]. Soares et al. [151] have also shown that a 2D 

Gabor wavelet filter could successfully enhance the fundus image contrast to detect the retinal 

vessels. With this background, a 2D log-Gabor wavelet transform [152] was utilized to perform 

noise reduction on the raw OCT images. The log-Gabor wavelet transform analyses the frequency 

component of a signal by utilizing complex exponentials as carriers in a Gaussian window. With 

this definition, a 2D log-Gabor wavelet transform has the frequency response: 
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(4.1)  

Here, f0 is the sinusoid carrier frequency and σf is the width of the Gaussian window, Ɵ0 is the 

centre of the orientation, and σƟ is the width parameter of the orientation. Several wavelet scale 

numbers with different filter orientations were tested on the current OCT dataset to optimize the 

filter performance. Analysing the performance of the 2D log-Gabor filtering showed that 

increasing the number of filters yielded improvement in denoising, however, at the costs of losing 

the retinal border edges (Figure  4-4).  It was concluded that utilizing 2D wavelet transform with 
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six scales and six filter orientations yielded practical improvements in denoising while preserving 

the retinal layer borders.  

 

 

Figure 4-4: The effect of the number of wavelet scales and filter orientations in 2D log-Gabor filtering on a raw retinal 

OCT image. (A) Original OCT image, (B) reconstructed image using two scales with two filter orientations, (C) 

reconstructed image using four scales with four filter orientations, (D) and (E) the denoised image using six and eight 

wavelet scales with six and eight filter orientations respectively. Using less number of filters (B&C) result in a noisy image 

with many small regions. Increasing the number of filters from six to eight (E), suppressed the weak local edges 

significantly, removing the structural information from the image (supressed data are specified by red circles in E)   

As can be seen from Figure  4-5, utilising six scales and six filter orientations left several holes 

and discontinuities in the reconstructed image, making the denoised image insufficient for edge 

detection. To deal with these discontinuities along the reconstructed image, the denoised image 

was passed through a horizontal-oriented 2D median filter. The discontinuous sections were then 

connected by applying the Matlab
®
 (Mathworks.com) “imfill” and “imclose” functions. Function 

“imfill” fills the local holes within the labelled region. Function “imclose” performs 

morphological closing to the detected structures (Figure  4-5). Afterwards, the ONL/OPL, 

OPL/INL and INL/IPL+GCL boundaries were readily detected using a Canny edge detection 

technique. 
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Figure 4-5: The performance of 2D log-Gabor wavelet filtering in decreasing the image noise ratio. (A) Raw OCT image. 

(B) Denoised OCT image using 2D log-Gabor filtering with six scales and six filter orientations with local discontinuities 

in the retinal borders (C) Smoothed denoised image using a median filter and Matlab functions with continuous 

detectable retinal borders. The ONL/OPL, OPL/INL and INL/IPL+GCL borders could be easily detected in (B) using 

Canny edge detection technique. 

4.1.3 Interpolation between discontinuous parts of each boundary  

The above approach was less than ideal in regions where there was not enough image contrast. 

This led to incorrect or discontinuous border detection. A linear interpolation technique was 

employed to correct and improve the quality of the segmentation algorithm. To do so, the matrix 

of each detected border was scanned to find any possible discontinuity. A neighbourhood of the 

detected discontinuity was scanned to find the neighbouring “ledge” (approximately 1.5 to 4.5 

µm). This horizontally oriented neighbourhood was carefully chosen for each border to avoid 

selecting the relatively close edges of other borders. The Matlab function “Sub2ind”, a linear 

index equivalent to the rows and columns between the starting and the estimated ending points of 

the gap, was then used to fill the opening. Finally, the incorrectly detected edges, which were 

relatively small (15 µm) in comparison with the other components, were removed from the image 

using the Matlab function “bwareaopen” (Figure  4-6). 
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Figure 4-6: An example of a discontinuous boundary. The blue arrows show the discontinuous edges. The zoomed section 

highlights one of the gaps, with the incorrect relatively small detected edgesremovedbytheMatlab“bwareaopen”

function.  

4.2 Results 

The proposed algorithm was written in Matlab
 
and the method was tested on 85 retinal OCT 

images from three healthy male volunteers aged between 30-40 years. The volunteers were 

recruited and imaged at the Eye Clinic, Greenlane Clinical Centre, Auckland, New Zealand. 

Subjects were imaged using a Stratus OCT, (Stratus OCT 3; Carl Zeiss Meditec, Inc., Dublin, 

CA) with software version 3.0.1. The Fast Macular scanning mode was used for imaging and the 

volunteers were asked to fixate on a central light while the examination was performed.  

Figure  4-7 shows a typical example of the performance of the method in segmenting OCT images. 

The Matlab code took few seconds (<10 s) to detect the six borders for each slide. Performing a 

similar task manually took the author considerably longer (>10 min). The accuracy of the 

proposed automatic segmentation algorithm was validated against manual segmentation. This was 

done by comparing the retinal layer thicknesses in the segmented images using the Matlab 

“imtool”. Our measurements showed that the mean error of our proposed automated algorithm, 

compared to manual segmentation, was sufficiently small (around 1µm, Table  4-1), that the 

automatic approach could be reliably used.  

Table 4-1: Mean and standard deviation of retinal layer thickness measurements using manual segmentation and using 

the proposed automated segmentation algorithm. The mean difference of retinal thickness measurements between manual 

and the automatic segmentation algorithm are also reported.  

Layer 

First subject (35 OCT B-

scans) 

 thickness 

(mean±SD) (µm) 

Second subject (30 OCT 

B-scans)  

thickness 

(mean±SD) (µm) 

Third subject (20 OCT B-

scans)  

thickness 

(mean±SD) (µm) 

Mean 

difference 

(µm) 

 Manual Automatic manual Automatic Manual Automatic  

RPE+IS_OS 34.24±2.24 34.54±2.08 33±1.54 33.66±1.8 32.46±2.08 33.6±2.08 0.7 

ONL 38.26±5.12 41.6±5.0 40.36±4.8 42.26±5.66 38.86±6.2 40.5±3.8 2.3 

OPL 17.26±3.86 16.72±4.04 15.46±1.9 15.34±1.84 21.16±5.26 20.42±4.98 0.5 

INL 16.06±3.26 17.56±2.86 18.86±2.5 18.6±2.3 18.74±4.0 18.22±3.36 0.8 

IPL+GCL 41.78±8.52 40.7±9.26 47.66±5.66 48.48±5.62 43.6±8.24 44.34±8.14 0.9 

Mean difference  1.5 0.7 0.9 ~1 



Extracting the retinal geometry from OCT images 46 

 
 

 

 

 

Figure 4-7: Typical example of proposed algorithm performance (A) Raw healthy OCT image. (B) Applying 2D log-

Gabor filtering and smoothing techniques. (C) The major six detected retinal borders using the proposed algorithm. (D) 

The alignment of the detected borders on the original raw OCT image (E) Coloured segmented OCT image, Choroid/RPE 

in yellow, IS_OS/ONL in pink, ONL/OPL in light blue, OPL/INL in green, INL/IPL+GCL in red and ILM in blue. 

4.3 Discussion 

The OCT imaging creates high resolution cross-sectional scans of the human retina [27] providing 

useful information to diagnose and monitor the progress of retinal abnormalities [3]. Here, we 

developed a novel automated 2D OCT segmentation algorithm by which the six major retinal 

borders (i.e. the Choroid/RPE, IS_OS/ONL, ONL/OPL, OPL/INL, INL/IPL+GCL and ILM) 
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could be detected. This was achieved by applying 2D log-Gabor wavelet filtering and employing 

the Canny edge detection technique. Applying the proposed method on 85 OCT images of three 

volunteers indicated a mean difference of 1µm compared to manual segmentation while 

decreasing the segmentation process duration considerably.  

This algorithm was initially reliant on detecting the ILM and the Choroid/RPE boundaries from 

the raw OCT images, and could not perform well in the presence of significant background noise 

and involuntary eye movements. This can be addressed by employing the new generation of the 

OCT machines, in which the signal to noise ratio of the OCT images is increased by utilizing 

smaller light bandwidth and involuntary eye movements are cancelled by tracking the optic nerve 

disk. In the current dataset, in the presence of significant background noise, the image intensity 

was adjusted by the user using the Matlab “imadjust” function, and the image was smoothed by a 

2D median filter (Matlab “medfilt2”) before feeding the image into the image processing pipeline.  

In the last step of the algorithm, i.e. the interpolation step, the neighbourhood of the detected 

discontinuities had to be modified to address the retinal thickness variations within different 

subjects, ranging from 1.5 to 4.5 µm.  This was done by comparing the overall retinal thickness of 

the subject and adjusting the parameters of the algorithm accordingly. In the current dataset, there 

was not enough image contrast at the interface of the IPL and GCL layers, and this boundary 

could not be distinguished using the automatic algorithm. We are actively working towards 

improving our methodology for the next generation of this algorithm.  

In the next chapter, the detected retinal borders from multiple sequential OCT images of each 

subject are passed to a discretization block, whereby their location within the OCT images are 

transferred to real 3D anatomical locations. Thereafter, the acquired 3D representation of the 

retinal structure is employed to provide 3D patient specific finite element meshes of the human 

retina.  
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5. Generating anatomically based finite 

element meshes of the human retina 

In the previous chapter, a new image segmentation algorithm was developed to extract human 

retinal geometry from 2D OCT images. In this chapter, we describe the details of a digitization 

technique to map the detected retinal borders from their 2D location within the OCT images to 

their real 3D anatomical locations in Cartesian coordinates. Next, the acquired 3D representation 

is employed to construct an initial cubic Hermite finite element (FE) mesh. Subsequently, the 

initial FE mesh is passed to an iterative fitting algorithm, by which the initial mesh is smoothed 

and its similarity to the extracted retinal geometry maximised. Finally, the proposed method is 

applied to 5 healthy and 5 diseased retinae, and the final FE meshes of overall dimension of 

6×6×0.3 mm
3
 of human retina centred on the macula are presented. This workflow is shown in 

Figure  5-1. 

 

Figure 5-1: The three main steps of creating 3D FE mesh of human retina from segmented OCT images  
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5.1 Finite element interpolation functions 

 The finite element method (FEM) is a piecewise representation of spatially varying fields, which 

can be used to find the approximate solution of a complex model. Using this approach, the 

complex spatial domain of the model is divided into smaller regions, called elements. Within the 

smaller and less complex geometry of the elements, the variables of the model can be 

approximated by a predefined interpolation function. In finite element analysis, it is desirable to 

map the element coordinates from Cartesian coordinates to a normalized local coordinate system 

(ξ space), so that derivatives and integration operations are similar for all elements. The real 

physical coordinates could be then incorporated in FEM using the appropriate mapping. In this 

way, all elements of the complex model will be identical in ξ space while they can be physically 

different in the global Cartesian coordinates (Figure  5-2). It is worth noting that the local node 

numbering (n=1:4) in ξ coordinates follows the same order in Cartesian coordinates (N=1:4), i.e. 

they first increase in ξ1 and then in ξ2 (Figure  5-2.B). 

 

Figure 5-2:MappingtwoelementsfromCartesiancoordinates(A)tonormalisedlocalelementξcoordinates(B).Intheξ

coordinates, both of the elements are identical in size while their actual size is different in global Cartesian coordinates. 

ThenodalnumberinginξcoordinatesfollowsthesameorderasinCartesiancoordinates. 

In this manner, a variable of interest, for example a field u, will be approximated within the 

element as follows:     
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 ( )  ∑  ( )  

 

   

 (5.1)  

Here, un is the nodal variables at the boundary of each element, ɸn is the interpolation function 

approximating the variable of interest u within ξ space, and N is the total number of nodes in the 

local element. The linear Lagrange shape functions are the simplest interpolation functions that 

provide a linear approximation between the nodal values: 

  ( )            (   )        (5.2)  

Here, u1 and u2 are the nodal values of the variable of interest in the element boundaries, (1-ξ) and 

ξ are the linear Lagrange interpolation functions approximating u in ξ local coordinate.  Figure  5-3 

illustrates the linear Lagrange interpolation functions, weighting the variable of interests from 1 to 

0 in the local coordinates. 

 

Figure 5-3: 1D linear Lagrange shape (interpolation) functions weighting the variable of interest from 1 to 0 in the ξ  local 

coordinates.    

This interpolation (Lagrange interpolation) ensures continuity of the variable u across the element 

boundaries (C
0
 continuity); however, it cannot preserve higher order continuity, e.g. gradient, 

across the elements borders. This may lead to sharp edges in a field across adjacent elements in 

the FE mesh. One way to solve this problem is to increase the number of elements sufficiently to 

cover the curvature and avoid sharp edges. Another way is to use higher order (e.g. C
1
) 

interpolation functions which can ensure higher order of continuity of the geometrical variables 

gradients.  
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Cubic Hermite interpolation functions are cubic polynomial functions that provide first derivative 

continuity in the variable of interest (the C
1
 continuity). The smooth nature of Hermite 

interpolation allows representing biological curvature of a tissue without requiring excessive 

number of elements [153] . Therefore, Hermite interpolation is advantageous for the human tissue 

geometric mesh construction compared to linear Lagrange interpolation. The 1D cubic Hermite 

interpolation functions are:  

      
 ( )            (5.3)  

      
 ( )    (    ) (5.4)  

      
 ( )   (   )  (5.5)  

      
 ( )    (   ) (5.6)  

The superscripts 1 and 2 of Ѱ each refers to the nodal numbers in the 1D element, while the 0 and 

1 subscripts refer to the zeroth and first derivatives of the variable. Figure  5-4 illustrates the cubic 

Hermite interpolation functions in the ξ coordinates.  

 

Figure 5-4: 1D cubic Hermite interpolation functions weighting the variable of interest from 0 to 1 in the local ξ 

coordinate. 

According to (5.1), the variable of interest will be approximated by cubic Hermite interpolation 

functions as follows  (5.7): 

 
 ( )    

 ( )    
 ( )

   
  

   
 ( )     

 ( )
   
  

 (5.7)  
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du/dξ any local node n shared between two adjacent elements is dependent on the local coordinate 

of ξ  in each element, thus in general is continues. To ensure continues derivatives within adjacent 

elements, a physical scale factor ds/dξ is used to multiply the interpolation functions  (5.8): 
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(5.8)  

One way to calculate the scale factors is to calculate the arc-length and average these over the 

element edges sharing a single node  (5.9): 

 
  

  
 ∫ √(
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 (5.9)  

This particular scale factor is effective even in meshes with significant differences in the size of 

the adjacent elements.  

Higher dimension cubic Hermite interpolation functions are formed from the tensor products of 

the 1D expressions in  (5.3)- (5.6). Therefore, each node in the tri-cubic Hermite basis function 

(3D) description will require 24 degrees of freedom describing the nodal values, the nodal first 

derivatives (
  

   
, 
  

   
, 
  

   
), the nodal second order derivatives across the surfaces (

   

      
, 

   

      
, 

   

      
) and one triple derivative perpendicular on the volume (

   

         
 ), where u represents the 

geometrical variables x, y and z. More details of higher interpolation functions and different scale 

factors can be found in Bradley et al.[153].  

In this study, tri-cubic Hermite interpolation functions were employed to provide a smooth 3D 

representation of human retina with a minimum number of elements. To ensure correct mapping 

between elements of nodal derivatives, the arc-length scale factor was used to handle the 

significant variations in the retinal layer thicknesses around the fovea. These settings were 

achieved in the freely available finite element analysis platform CMISS (www.cmiss.org), 

developed at the Auckland Bioengineering Institute.  

http://www.cmiss.org/
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5.2 Creating the 3D data cloud 

A simple 3D representation of the human retina can be achieved by combining the sequential 2D 

binary segmented OCT images in the correct order. The binary pixels give a relative spatial 

location of the boundaries. To decrease the computational demand for mesh generation, each 

detected border was down-sampled at the resolution of 92 µm along the y direction (refer to 

(Figure  5-5). This resolution  provided a well balance between the retinal curvature coverage and 

decreasing the computational time.  

 

Figure 5-5: (A) A segmented healthy OCT image. (B) A digitised segmented OCT image. 

Most modern OCT scanning machines, such as RS-3000 NIDEK Japan, use a confocal scanning 

laser ophthalmoscopy (cSLO) fundus image to trace the optic nerve disk. This allows the machine 

to detect any involuntary eye movements during OCT scanning and remove them from the 

dataset. However, in some cases, this algorithm does not capture small retinal displacements 

(Figure  5-6). Such artefacts in the OCT dataset, if not removed, will result in unrealistic curvature 

in the 3D representation of the retina (Figure  5-6.B). To suppress such artefact, an image 

registration technique was employed: the location of the retina was determined based on the first 

slide. Then, any involuntary eye movements in the z direction (along the rows of the OCT 

images) were detected by comparing the average location of the choroid/RPE border in the 

subsequent slides. Any offset from the first slide was added/removed from the location of all 

detected borders in the subsequent slides. Figure  5-6.C shows the outcome of this image 

registration technique on the OCT images. 
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Figure 5-6: The effect of OCT image registration on the 3D reconstruction. (A) Two subsequent OCT images of a dataset 

in which the retinal displacement could be detected. (B) Reconstructed data cloud of unregistered OCT images. The 

unrealistic curvature in the reconstructed data cloud is highlighted by red arrows. (C) The reconstructed data cloud after 

registering the OCT images  

 

In the next step, the detected retinal borders were mapped from their 2D location within the OCT 

images to their global Cartesian location. This was achieved by multiplying their location within 

the associated OCT B-scan by the voxel size of the OCTs. For example, a pixel with the location 

of row=24, column=17 in the 13th OCT image with voxel size of 23.4×23.4×4.1 µm
3
 will be 

mapped to a point located at [304.2, 397.8, 98.4] µm in Cartesian coordinates. Figure  5-7 shows 

the 3D data cloud of 256 OCT slides of a healthy subject reconstructing 6×6×0.3 mm
3
 of the 

central retina. The 3D data clouds are used to create anatomically-based finite element meshes of 

the human retina.  
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Figure 5-7: Creating a 3D data-cloud of 256 SD-OCT images. (A) The OCT images were segmented by detecting five 

borders (from top to bottom): the Choroid/RPE (yellow), IS_OS/ONL (pink), ONL/OPL (light blue), INL/IPL+GCL (red) 

and ILM (dark blue) boundaries. (B) The detected borders were registered and digitized to provide a 3D data-cloud of 

each retinal surface (for illustration purpose the distance between the retinal surfaces has been enlarged). (C) The 3D 

data cloud of the retinal surface with realistic dimensions. 

5.3 Creating the initial mesh 

The choice of element size and density depends on the complexity of the tissue geometry and the 

desired accuracy of the final FE mesh. The human retina is a thin smooth structure, except around 

the fovea, where the ganglion cells curve towards the photoreceptor layer. Therefore, to capture 

the retinal curvature, smaller and denser elements are required around the fovea, whereas larger 

elements can cover the peripheral retinal curvature. To achieve this, an automated mesh 

generation algorithm was developed in Matlab
® 

(Mathworks.com) to read the segmented OCT 

images and create suitable initial element description in a CMISS file format.  
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The data cloud of each retinal surface was divided into 16×16 regions in x and y directions with a 

spacing of 184 µm at the fovea and 736 µm at the periphery (Figure  5-8.A). The partitioning 

points were linearly connected together, reconstructing each retinal surface by 256 nodes and 225 

2D elements (Figure  5-8.B). This element arrangement ensured full foveal curvature coverage as 

well as providing a high discretisation at the centre of the mesh for electrode placement in future 

simulations. Subsequently, the 2D retinal surface elements were interconnected, recreating the 3D 

volumetric realistic human retinal geometry (Figure  5-9).  

 

 

Figure 5-8: Generating the 2D mesh of retinal surfaces from acquired 3D data cloud. (A) The 3D data cloud of the ILM 

surface (specified by blue points) is divided into 16×16 rectangular regions with a spacing of 184 µm at the fovea and 736 

µm at the periphery. (B) The partitioning points (specified by green points) are linearly connected together reconstructing 

the retinal surface with 225 2D elements.  
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Figure 5-9: Generating a 3D volumetric mesh of the retina. (A) 2D mesh of each retinal surface (the distance between 

each surface is increased for illustration purposes). (B) 3D volumetric mesh of the retina generated by connecting the 2D 

retinal surface meshes. The dark areas around the boundaries of each element specify the discontinuity in nodal 

derivatives. The nodes are specified by green points and the retinal surface data clouds are specified by the coloured code 

of Figure 5-7. 

5.4 Fitting process 

 The initial mesh, although it could represent the general retinal anatomy, had sharp edges and 

discontinuous derivatives in adjacent elements (see dark bands in retinal surfaces in Figure  5-9). 

These discontinuities result in unreliable results. To address these issues, the initial mesh was 

passed through an iterative fitting process based on the algorithm developed in Bradley et al. 

[153]. The objective function of the fitting process seeks to satisfy two constraints: minimizing 

the differences between the initial mesh and the actual anatomy, and providing a smooth uniform 

mesh suitable for finite element analysis.  

The first aim was achieved by minimizing the least squares distance between the acquired 3D data 

cloud and the associated retinal surfaces in the initial mesh. To achieve this, the orthogonal 

distance of each data point to the closest associated retinal surface in the initial mesh was 

determined. The nodal parameters of the initial cubic Hermite mesh, including their location in 

3D space and their Hermite derivatives, were then updated to minimize the overall measured 

distances using the following least squares objective: 
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Here, D is the total number of data points of each retinal surface, ud is the actual position of the 

data point, u(ξd) is the measured orthogonal distance from the data point to the retinal surface and 

un is the vector of nodal parameters of the retinal surfaces. Assigning ξ1 and ξ2 directions across 

the retinal surfaces and the ξ3 direction through the retinal thickness, the un vector will consist of 

24 degrees of freedom for each node to capture the retinal curvature. To have control over the 

total size of the mesh, i.e. the overall size of the retinal geometry, some constraints were put on 

the nodal degrees of freedom: the nodal location in the ξ1 and ξ2 directions (across the retinal 

surfaces) were kept constant and only the nodal value in the ξ3 direction (through the retinal layer 

thicknesses) was allowed to change to decrease the total FE mesh distance to the data points. In 

addition, since the retinal geometry is relatively smooth, only the first and the second order 

derivatives of the surfaces were allowed to change to match the data points, and other derivatives 

were kept constant.   

The second constraint of the fitting process controls how far each surface of the initial mesh can 

curve towards the associated data cloud and prevents it from being too wrinkled or too flat: 
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Here, ξ1 and ξ2 are the 2D local coordinate variables of the initial mesh surfaces, and α and β are 

the user specified smoothing weights. The choice of these smoothing weights determines the 

accuracy of the mesh; low smoothing weights result in a wrinkled mesh that closely matches the 

data cloud, whereas high values result in a stiffer mesh that less accurately represents the data 

cloud curvature. In this study, the acquired data cloud was relatively smooth (see Figure  5-7.B) 

and there were 6904 data points per retinal surface preventing the mesh to move freely in the 

space. Therefore, very small values were chosen for the smoothing weights to maximize the 

similarity of the mesh to the data cloud: 0.00001 and 0.005 for α and β respectively. 

The above fitting process was iteratively applied on each surface mesh up to four times, until a 

smooth geometry with converged maximum root mean square error of 9 µm between the 3D data 



Generating anatomically based finite element meshes of the human retina 60 

 
 

 

 

cloud of the associated retinal surface distributed over the total nodes of that layer was achieved. 

The root mean square error was given by: 
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      (5.12)  

Here, the parameters are as (5.10). Thereafter, the nodal derivatives in the ξ3 direction (through the 

retinal layer thicknesses) were linearly updated to ensure continuous derivatives in adjacent 

elements of the volume mesh. The fitted mesh of a healthy retina is illustrated in Figure  5-10. 

Finally, an additional set of elements of 100 µm thickness were added above the ILM surface to 

represent the vitreous humour, completing the initial retinal geometry using a total of 1024 cubic 

Hermite elements (Figure  5-11). 

 

 

Figure 5-10: The final fitted retinal FE mesh. (A) 2D FE mesh of the retinal surfaces and their associated data cloud. (B) 

Final 3D volumetric FE mesh of the retina in which the nodes are specified by green points and the retinal surface data 

cloud specified by coloured points as follows: the Choroid/RPE (yellow), IS_OS/ONL (pink), ONL/OPL  (light blue), 

INL/IPL+GCL (red) and ILM (dark blue).   

 



Generating anatomically based finite element meshes of the human retina 61 

 
 

 

 

 

Figure 5-11: Adding a 100 µm vitreous body (orange elements) to the final fitted FE mesh. 

5.5 Results  

OCT imaging was performed on 5 patients clinically diagnosed with early dry AMD (2 females, 3 

males, mean age 67.4, age range 53-79 years) and 5 healthy subjects (2 females, 3 males, mean 

age 27 years, range 25-35 years). These participants were recruited according to the University of 

Auckland Human Participants Ethics Committee on 14th of July 2015 for three years (Reference 

Number 01518). 

 All scanning was performed by a specialist at the Auckland University Optometry Clinic, 

Auckland, New Zealand, using an OCT RS-3000 (NIDEK-Japan) scanning device, and all OCT 

B-scans were automatically segmented using the built-in image processing algorithm of the 

scanning device. Each dataset included 256 B-scans centered on the macula covering 6×6×2.1 

mm
3
. The para-foveal OCT images of Subject 5DS had very poor quality preventing the image 

segmentation algorithm from detecting the retinal borders (Figure  5-12). Therefore, only the sub-

foveal pit region was reconstructed, and the other regions of this subject were eliminated from this 

study. The average retinal layer thicknesses for each subject in both the foveal pit and para-foveal 

region regions are summarized in Figure  5-13. The averaged overall retinal thickness in the foveal 

pit for the healthy retina was 271.82± 24.19 µm (± stands for standard deviation) and for the 

diseased retina was 262.475± 22.11 µm. The averaged retinal thickness at 1 to 2 mm eccentricity 

from the central fovea increased to 334±14.3 µm in the healthy retina and 307.31±10.44 µm in the 

diseased retina. The above mesh generation technique was applied to the OCT images on the 

healthy and the diseased retinae. Figure  5-14 summarizes the four mesh generation steps for one 

of the diseased cases. These steps are OCT B-scans segmentation, digitization and mapping the 

data points to Cartesian coordinates, initial mesh generation and finally applying the fitting 
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process. Figure  5-15 shows the final fitted finite element mesh and the 3D reconstruction of the 

same diseased subject using ImageJ3Dviewer visualization software 

(http://imagej.net/3D_Viewer). Table  5-1 summarizes the final RMS error between each of the 

final retinal surfaces of 6×6 mm
2 

width, reconstructed by 256 nodes and 225 2D elements. 

Applying t-test between the healthy and diseased retinal surfaces showed no significant 

differences in the performance of the fitting process (Table  5-1). This indicates that the proposed 

fitting process had fairly the same performance for both healthy and diseased retinal surfaces.  

 

 

 

 

Figure 5-12: Examples of poor quality OCT images of para-foveal region in Subject 5DS that led to the removal of this 

subject from this study.  

http://imagej.net/3D_Viewer
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Figure 5-13: Average retinal layers thickness at the foveal pit, 1 mm and 2 mm eccentricities from the central fovea in 

healthy (A) and in diseased (B) retinae. There were not proper OCT images of Subject 5DS in 1 and 2 mm eccentricities. 

The error bars represent the standard deviation. 
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Figure 5-14: Creating a fitted FE sub-foveal mesh of a diseased retina. (A) A segmented diseased OCT image. (B) The 3D 

data cloud of retinal surfaces from multiple OCT images. (C) Initial 2D FE mesh of the retinal surfaces. (D) Fitted 2D 

mesh of the retinal surface.    
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Figure 5-15: Comparing the overall shape of the reconstructed retina from the OCT images in ImageJ 3D viewer with 

final fitted FE mesh. (A) & (B) show the fitted mesh and the OCT reconstructed mesh viewed from the ILM surface. 

(C)&(D) show the fitted FE mesh and the 3D OCT images viewed from the RPE/Choroid surface. Note that the 3D 

reconstructed retina from OCT images in ImageJ suffers from involuntary eye motion adding ripples to the overall shape 

of the retina.    

 

Table 5-1: The final RMS errors between the 3D data-cloud and the corresponding retinal surface for both healthy and 

the diseased retinae. P values represent the similarity between the performance of the fitting process for both healthy and 

dieseased retinae. 

 
Healthy 
subjects 

RMS error 
µm 

Choroid/RPE IS_OS/ONL ONL/OPL INL/IPL+GCL ILM 

Subject 1H 6.0 6.2 7.3 6.3 6.3 

Subject 2H 6.1 6.2 7.2 6.3 6.3 

Subject 3H 6.2 6.2 7.3 6.4 6.3 

Subject 4H 6.1 6.1 7.2 6.2 6.4 

Subject 5H 6.2 6.2 7.1 6.2 6.3 

Diseased 
subjects 

Subject 1D 7.6 6.4 7.3 6.6 8.7 

Subject 2D 6.4 7.1 8.3 6.3 6.3 

Subject 3D 7.8 7.4 7.8 6.3 6.3 

Subject 4D 6.1 6.4 7.3 6.3 6.8 

P Values  0.30 0.24 0.69 0.24 0.15 
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5.6 Discussion 

As discussed in chapter 3.3, several finite element models have been proposed [24], [129], [135], 

[136] to investigate the retinal response to external electrical stimulation,. In all of the previous 

continuum retinal representations, the retinal geometry was simplified to homogeneous slabs and 

commercial software was employed to automatically generate tetrahedral meshes. Tetrahedral 

meshes use linear Lagrangian interpolation functions, and each element is defined only by the 

connectivity between its nodal locations. Using such an approach, a simplified retinal geometry 

(2×2×0.4 mm
3
) required more than 300,000 degrees of freedom for a single hexapolar subretinal 

stimulation [135]. More complicated models with realistic retinal curvature and incorporating 

multi-electrode stimulation require even higher degrees of freedom, making the model 

computationally very heavy. In this chapter, for the first time, the application of a cubic Hermite 

FE mesh was proposed to incorporate real human retinal curvature from OCT images with 

relatively smaller number of elements (1024 elements) for a larger retinal area ( 6×6×0.4 mm
3
). 

The proposed pipeline consisted of three major blocks: (I) creating a 3D data cloud based on the 

2D segmented OCT images, (II) creating an initial FE mesh based on the acquired data cloud and 

(III) fitting the initial mesh to the data cloud.  The proposed algorithm was applied to 9 cases, 5 

healthy and 4 diseased retinae, in such a way that the final fitted meshes had less than 9 µm RMS 

errors against their associated 3D data cloud. The RMS errors for the retinal surface were 

relatively consistent between the healthy and the diseased retinae, implying the robustness of the 

proposed algorithm in handling the retinal layer thicknesses as well as their ultimate deformation 

after disease onset. 

The underlying assumption of the proposed algorithm is that all of the five major retinal borders 

could be correctly detected from the OCT images in the segmentation process (chapter 4). This 

assumption could be less than ideal under two main conditions:  

The first condition was where the quality of the OCT images was very low due to involuntary 

eye-movement (see Figure 5-12) and the built-in image processing algorithm of the scanning 

machine failed to correctly detect the retinal borders. In the future, this can be addressed by user 

assistance to manually segment the low-quality OCT images and provide sufficient data points to 

perform the next steps of FE generation.  
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Secondly, in the very late stage of the diseased retinae, the retinal layers could have become 

undetectable by OCT due to pathological changes in their anatomy. Currently this causes an error 

in our automatic mesh generation algorithm. However, this could be addressed in the future by 

using finite elements with collapsed node, i.e. elements with zero thicknesses [153].  
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6. A 3D-continuum bidomain model of 

retinal electrical stimulation  

Chapter 3 gave a summary of existing computational models of the human retina, and the 

advantages of a continuum bidomain model in handling different aspects of the retinal prosthesis 

were presented. Chapters 4 and 5 proposed an automatic image-processing pipeline to extract the 

retinal geometry from OCT images, and gave details of creating 3D anatomically based finite 

element meshes of the human retina.  

In this chapter, we describe a cell model to represent retinal ganglion cell (RGC) ionic currents, 

and a suitable integrator is determined for solving them. Following this, the details of bidomain 

equation implementation in CMISS using FEM are presented. Finally, the proposed model 

formulation is applied to an anatomically-based mesh of a healthy human retina, and it is used to 

model retinal electrical stimulation using a bipolar electrode configuration.  

6.1.  RGC ionic model  

The membrane of an excitable cell has a permeability preference for each specific ion [154] which 

means membrane allows different ions to flow from inside cell to outside with different speed. 

Differing ionic concentrations on inside versus outside of the cell creates an electrical potential 

gradient across its membrane. In the absence of external stimuli, there is a balance in the electro-

chemical gradient between the inside and outside of the cells, keeping the transmembrane voltage 

at steady state. Once an external electrical stimulus is applied to the excitable cell, this balance is 

disturbed, the voltage-gated channels of the cell open and a sudden rise in the membrane potential 

(the action potential) occurs [154]. RGCs are the main excitable cell type of the retina, generating 

action potentials in response to external stimulation.  

Fohlmeister et al. [95]–[98] have provided the details of the ionic channels involved in formation 

of the RGC action potential waveform, showing that the axonal initial segment in RGCs is the 

most excitable cell element [98]. In this thesis, the RGC axonal initial segment action potential 

formulation [98] is employed to determine the threshold and pattern of direct RGC activation. 
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This formulation incorporates the four major ionic channels in the RGC axon initial segment: iNA, 

iK, iK.Ca, iK.A, as well as a leak current iL: 

 
  
   
  

  (                    ) 
(6.1)  

Each ionic current is determined based on the membrane conductivity of that ion and the 

difference between the membrane potential and the equilibrium potential of that ion:  

         
  (      ) 

(6.2)  

       
 (     ) 

(6.3)  

           
   (     ) 

(6.4)  

            (     ) 
(6.5)  

      (     ) 
(6.6)  

Here, gNa, gK, gK.A, gK.Ca are the ionic channel conductivities, and m, n, h, a and hA are the gate 

variables of this cell element calculated by first-order kinetics: 

   

  
   (   )                               

(6.7)  

Here, α and β are the gating rates of RGC axon initial segment for each m, n, h, a and hA, 

calculated using Table  6-1.  
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Table 6-1: Gating rates of RGC axon initial segment ionic currents [98]. Membrane potential Vm is in units of mV, and 

alpha, beta rates are given in units of s-1. 

Gate rates     

m 
      (     )

     (     )   
       

 (     )
   

n 
        (     )

     (     )   
       

 (     )
   

a 
      (     )

     (     )   
     

 (     
   

h       
 (     )

   
     

       (     )
 

hA      
 (     )

   
   

       (     )
 

6.2. Numerical integration of ionic currents 

The RGC ionic current formulations ((6-2)-(6.6)) are represented by ordinary differential 

equations (ODE) with respect to time  (6.7). The simplest way to solve these equations is the 

forward Euler integrator: 

   

  
 
        

  
 (6.8)  

Here, x
t
 is the value of the variable x at time of t and ∆t is time step of the solution space. At each 

step, the next value is determined based on the previous value; hence, an initial value of the 

desired variable is essential. Initial values of model variables and other model parameters were set 

to the steady state condition at rest (Table 6-2 & Table 6-3). 

Table 6-2: Initial variable values of the RGC axon initial segment [98] 

Variables Initial value 

m 0.0195 

n 0.9524 

h 0.0454 

a 0.0249 

hA 0.5833 

Vm -70 mV 
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Table 6-3: RGC axon initial segment model parameters [98] 

Parameters Definition Values Units 

gNa Sodium channel conductance 3.786 mS.mm-2 

gK Potassium channel conductance 1.346 mS.mm-2 

gKA Potassium A type activated channel conductance 0.36 mS.mm-2 

gK,Ca Potassium calcium activated channel conductance 0.0005 mS.mm-2 

gL Leaking current conductance 0.00231 mS.mm-2 

VNa Sodium ion equilibrium potential 60.60 mV 

VK Potassium ion equilibrium potential -101.34 mV 

VL Leaking equilibrium potential -64.58 mV 

 

Both the accuracy and the stability of the forward Euler method are determined by the time step 

(∆t). Substituting (6.1) into (6.8): 

   
       

 

  
  

 

  
(   

    
     

      
    

 ) (6.9)  

Equation (6.9) was solved using a relatively small time step (0.1 µs) by Euler integration. 

However, this integrator failed to capture the sudden sharp action potential response of RGCs and 

the model became unstable, i.e. Vm→∞. Therefore, a more stable and powerful integrator was 

required to solve RGC equations.  

LSODA is another ODE solver package [155] which theoretically is unconditionally stable and 

can handle stiff and non-stiff problems. This package automatically detects the stiff and non-stiff 

equations of the model, employs an Adam-Moulton scheme [156] to solve the non-stiff equations 

and employs the Gear method [157] to solve the stiff equations. This enables LSODA package to 

use two different time steps: (i) a small time step for stiff equations and (ii) a larger time step for 

non-stiff equations of the model. This flexibility decreases the computational time considerably. 

Figure  6-1 shows the transmembrane potential and the ionic currents in response to anodic-

cathodic intracellular stimulation using the LSODA package. As it can be seen in Figure  6-1.C, 

sodium (iNa) and potassium membrane (iK) currents respond to the intracellular stimulation 

immediately after stimulus onset, and they return to their steady state quickly. These two ionic 

currents form the sharp response of the RGC seen in Figure  6-1.B. In contrast, the leakage current 

(iL)and the iKA current (Figure  6-1.D) take a long time to return to their steady state values, making 

the RGC model slow in reaching to its steady state after firing. These observations are in 
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agreement with the results of Fohlmeister et al. [98] , indicating that the LSODA package was 

successful in integrating the RGC ionic model.  

 

Figure 6-1: Solving the RGC initial axonal segment action potential formulation using the LSODA package. (A) Biphasic 

anodic-cathodic stimulating waveform. (B) Action potential waveform RGC axon initial segment (C&D) Ionic currents in 

response to the intracellular stimulation (istim) are depicted. Note that the vertical axis units are different in each panel.  
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6.3. Retinal model formulation 

Visual phototransduction in humans involves a complex network of different retinal cells. The 

projected light is firstly encoded by photoreceptor, bipolar and horizontal cells using a graded 

potential, and then this potential is encoded by RGCs via a train of action potentials. Retinal 

prostheses restore vision in two different ways: (i) by indirect activation (stimulating the bipolar 

cells) and (ii) by direct activation (stimulating the RGCs). Experimental studies on animals have 

shown that direct RGC activation gives a higher temporal resolution and can provide a desirable 

spatial resolution using short pulse stimuli (for more details, please refer to chapter 2.3). 

Therefore, only direct RGCs stimulation was explored in this thesis. In this fashion, the role of 

bipolar and horizontal cells in encoding light was simplified to a passive volume conductor using 

a Poisson equation (6.10), representing the flow of the injected charge through the retinal layers in 

the subretinal stimulation. In chapter 3.3 the advantage of continuum bidomain equations in 

incorporating different components of RGC activation was presented. Therefore, the active 

response of the RGC layer was included in this thesis using bidomain formulations ((6.11) (6.12)) 

in a similar way to Dokos et al. [129]:  

   (       )                         outside of the active region (6.10)  

      (     )        (     ) within the active region (6.11)  

   (     )     (     )           within the active region (6.12)  

Here σe is the bulk extracellular conductivity of the retinal layers taken from clinical data of rabbit 

retina [158]. The retinal conductivity units were converted to mS.mm
-1

 to match the units of 

CMISS platform (Table  6-4). σi is the intracellular conductivity of the RGC layer with zero 

conductivity along x and y plane to avoid activation propagation through gap junction in RGC 

layer, Ve is the extracellular potential and Vm is the membrane potential. Im is the transmembrane 

current: 

 
          (  

   
  
     ) (6.13)  
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Table 6-4: Bulk electrical conductivities of each retinal layer based on [158] 

Retinal Layer 
RPE+ 

IS_OS 
ONL 

OPL+ 

INL 

IPL+ 

GCL 
Vitreous 

Extracellular 

conductivity 

(mS/mm) 

4.83E-4 1.24E-2 1.51E-2 2.81E-2 1.25 

Intracellular 

conductivity 

(mS/mm) 

N/A N/A N/A 
2.81E-2 in z direction 

0 in x and y directions 
N/A 

 

Here, Cm is the cell membrane capacitance per unit area (0.01 µF.mm
-2

[23]) and Jion is the ionic 

current density using the formulation of Fohlmeister et al. [98] (see 5.1). Am denotes the RGC 

surface to volume ratio. This parameter is dependent on cell density and retinal thickness and 

varies at different eccentricities from the central human fovea. Figure  6-2 shows the RGC density 

in different location in healthy human retina. In the central fovea (Figure  6-2(A)) the RGC density 

steeply increases from 2500 to 20,000 cell.mm
-2

, reaching to the average maximum cell density of 

35,000 cell.mm
-2 

in 1 mm eccentricity of the central fovea [159] (Figure  6-2(B)). Thereafter, the 

RGCs density smoothly declines reaching 10,000 cell.mm
-2

 at 2 mm eccentricity from the central 

fovea.  

 

Figure 6-2: RGC density variation in the human retina. (A) RGC density in the central fovea with colour bar interval of 

2500 cell.mm-2. The lines of iso-eccentricity in the overlying grid are at intervals of approximately 0.4 mm (the double red 

arrow represents the scale for 0.4 mm). (B) RGC density variation from the central fovea to 4 mm eccentricity in superior 

and inferior retina. Reproduced from [159]. 
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To incorporate variation in RGC density in the human retina, a 400 µm eccentricity region around 

the central fovea was divided into eight equally spaced regions in which RGC densities increased 

from 2500 to 20,000 cell.mm
-2

, in intervals of 2500 cell.mm
-2

. This interval step was chosen to 

match the stepping size (the colour bar interval) of the foveal cell density in [159] 

(Figure  6-2(A)). Between 400 µm to 500 µm and between 500 µm to 1 mm eccentricities from 

the centre fovea, the RGC density was kept constant at 25,000 cell.mm
-2

 and 30,000 cell.mm
-2

 

respectively. From 1 mm to 2 mm, the RGC density decreased in intervals of 5000 cell.mm
-2

 per 

500 µm eccentricity.
 
The average GCL+IPL thickness of the study population was 49 µm in the 

central fovea, 117 µm around 1 mm, and  117 µm around 2 mm eccentricity (see figure 5-13 in 

chapter 5.5). The RGC axon initial segment was assumed to be an electrically compact cylinder 

parallel to retinal structure with average 0.46 µm diameter [160] and 90 µm length [98]. 

Figure  6-3 shows the calculated surface to volume ratio for each foveal eccentricity based on the 

above parameters. The RGCs density in the early dry AMD experiences little changes [161]; 

therefore, the surface to volume ratio was kept constant between the healthy and the diseased 

retinae.   

 

Figure 6-3: Surface to RGC volume ratio of the human retinal model at various eccentricities 

6.4. Electrode configuration 

Similar to [129], the injecting and return electrodes were mathematically modelled as current 

sources using a Poisson equation: 
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   (        )    (6.14)  

Here, J is the total volumetric current (in mA.mm
-3

) injected or returned by each of the electrodes 

and σel is the platinum electrode conductivity (9.43×10
6
 S.m

-1
 [162]). 

6.5.  Grid based FEM 

In chapter 5, 6×6×0.4 mm
3
 sections of the human retina (plus vitreous domain) were 

reconstructed from OCT images using 1024 high order elements. However in order to capture the 

electrical properties of the retina a finer mesh is required. To manage the computational resources 

and minimize the computational time, the 6×6×0.4 mm
3
 was divided into three regions: the sub-

foveal pit, 1 mm, and 2 mm eccentricity zones, each region covering 2.3×2.3×0.4 mm
3
 of the 

retina. The 2.3×2.3 mm
2
 was sufficient to avoid any boundary effects in the finite element 

analysis. Thereafter, each retinal region was further divided into smaller elements using grid 

based FEM. In the grid based FEM, each of the geometrical elements is populated by grid points, 

equally spaced in elements ξ coordinate, reconstructing the retinal geometry by smaller and 

denser lower order elements. The grid points sequentially populate the geometrical elements in 

respect to ξ coordinates, i.e. they populate sequential elements first in the ξ1 direction, then in ξ2 

and finally in ξ3 (Figure 6.4.B). This enabled flexible control over the mesh resolution in the 

desired direction and desired locations to manage computational overhead (Figure 6.4.C). 

Here, the geometrical FE mesh was first refined in ξ1 and ξ2 and then, the refined mesh was 

populated by a 4×4×4 grid point scheme in ξ1, ξ2 and ξ3 respectively, reconstructing the final mesh 

of each of the three 2.3×2.3×0.4 mm
3
 volume regions with a total 115936 grid points. Using such 

an arrangement, the distance between each two grid points at the central retina was less than 12 

µm. This grid point distance, i.e mesh resolution, was approximately 0.1 of the distance that had 

been previously employed in cardiac modelling using bidomain equations [90] and we expect to 

no meaningfully different result using higher mesh resolution(see appendix C). This grid point 

distance was the smallest distance that could be achieved by our computational workstation and 

higher mesh resolution resulted in getting ran-out-of-memory during finite element analysis.    
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Figure 6-4 (A) 2D geometrical elements. (B) Populating the geometrical elements by grid points using a predefined 4×3 

grid point scheme in ξ1 and ξ2 directions respectively. (C) Resulting reconstruction of the geometrical elements by smaller 

and denser grid based FEM. The pink lines specify the borders of the original elements. 

 

6.6. Solving the bidomain equations using grid based FEM 

The bidomain equations are composed of two coupled variables Ve and Vm. Ve depends on the 

charge perfusion in the extracellular space whereas Vm is influenced by the sharp response of 

RGC ionic channels. This decreases the rate of change in Ve values compared to Vm values within 

a specific period of time. Therefore the membrane potential can be numerically approximated 

based on the previous time step value of Ve, provided that a sufficiently small time step is taken. 

At time zero, all of the variables, including Vm and Ve, are set based on their initial conditions (see 

Table  6-2). Then, Ve is numerically approximated from the first bidomain equation (6.15) using 

FEM, assuming that the Vm values have not changed since the previous time step: 

   (     )    ((     )   )    (6.15)  

Integrating both sides of equation (6.15) over the solution domain of Ω and multiplying by a basis 

function w will give: 
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∫   ((     )   )   
 

 ∫     
 

 (6.16)  

Here, f is a scalar equal to  .(σi  Vm) calculated in the previous time step. Using Green’s theorem 

the left side of (6.16) becomes:  

 
∫ (     )        
 

 ∫ (     )         
 

 ∫     
 

 (6.17)  

Here, Γ is the boundary of the solution domain of Ω. The second integral on the left side of (6.17) 

can be replaced by predefined boundary conditions on the extracellular potential and can be 

incorporated into the right side of  (6.17). This bidomain equation can therefore be written by two 

matrices: (i) a stiffness matrix Ke and (ii) a load vector  f : 

        (6.18)  

Here, Ke is a matrix of conductivities and f is a matrix of boundary conditions and the known 

values from the previous time step. Equation  (6.18) was solved using an approximate linear 

solver.  

Once the extracellular potential was determined for the entire solution domain, the transmembrane 

potential was calculated in the next time step using the second bidomain equation (6.19):   

 
  (     )    (     )    (  

   
  
     ) (6.19)  

Equation  (6.19) is rearranged to express the transmembrane potential driven by the calculated 

extracellular potential: 

 
    

   
  
          (     )    (6.20)  

Here, f is equal to  .(σi  Ve). The second term on the left side of  (6.20) includes ionic currents, 

which are dependent on Vm. The ionic current formulations have non-linear terms requiring non-

linear solvers to approximate Vm for the next time step so the equations will be solved implicitly. 
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This arrangement adds significant complexity to the model, and also increases the chance of 

instability in the solution process. However, using a sufficiently small time step, ionic currents 

can be calculated explicitly based on the previous time step (for solving the cell model, refer to 

section 5.2). By determining the ionic currents explicitly,  (6.20) becomes: 

 
    

   
  
   (     )   

(  ) (6.21)  

Here, f is equal to  .(σi    
(  ))-Am     

(  ) determined from the previous time step tn. Integrating 

both sides of (6.21) over the solution domain, and multiplying by a weight function of w gives: 

 
∫     

   
  
   

 

 ∫    (     )    
 

 ∫     
 

 (6.22)  

Using Green’s theorem on the Laplacian term (the second term of the left side of (6.22) reduces 

the order of the membrane potential derivatives from two to one: 

 
∫     

   
  
   

 

 ∫           
 

 ∫ (     )     
 

 ∫     
 

 (6.23)  

Here, Γ is the boundary of the solution domain Ω. The third integral on left side can be replaced 

by predefined values of the boundary conditions incorporated into on the right side of (6.23) 

Using FEM, the entire solution domain was divided into a finite number of grid-based elements 

with subdomain Ωl and boundaries Γl; hence, (6.23) was re-written by a sum of finite subdomains: 

 
∑∫     

   
  
    

  

 

   

 ∑∫           
  

 

   

 ∑∫ (     )      
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(6.24)  

Thereafter, Vm was numerically approximated in each subdomain using FEM. 

     ∑   ( )(  ) 
 
    (6.25)  
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Here, Ѱ is the basis function approximating Vm in each grid based element, and N is the total 

number of nodes in the local trilinear element. In order to minimize the residual error, w and f 

were approximated using Galerkin’s FEM method: 

 
  ∑  ( )

 

   

 (6.26)  

Here, N is the total number of nodes in the local trilinear element forming each of the stiffness 

(K), mass (M) and the right side (f) matrices:    

 
 
   
  

       (6.27)  

Using small time step (∆t), equation (6.27) can be written as (6.28): 

 
 
  

       
  

  
    

       (6.28)  

The   
   are the known values from the previous time step and can be included in the load vector 

in the right side: 

    
       

(  )
 (6.29)  

Equation (6.29) leads to large symmetric and definite positive linear system of equations. 

Compared to direct solvers, iterative solvers can result in faster convergence for this type of 

system of equations provided that an appropriate pre-conditioner is employed [163]. Here, 

because the A matrix is diagonally dominated a point Jacobi preconditioner was employed to 

solve the second bidomain equation (6.29).  

6.7. Boundary conditions 

To solve the system of (6.18) and (6.30), boundary condition values should populate the right-

hand side in f matrices. A natural boundary condition, i.e. a zero-flux boundary condition, was 

naturally enforced on the external boundaries of the mesh (see left hand side term 3 in (6.17) & 

(6.23)). A Dirichlet boundary condition of Ve=0 was imposed on the external surface of the 



A 3D-continuum bidomain model of retinal electrical stimulation 82 

 
 

 

 

vitreous. This is physically reasonable because the external surface of the vitreous is far from the 

implanted electrodes and this condition allows current to flow from the subretinal space to RGC 

layer. The thickness of the vitreous domain (100 µm) was sufficient in that it minimized the 

potential gradient resulting from the Dirichlet boundary condition, and did not function as a 

significant current sink. 

The system of equations and the proposed boundary conditions were implemented on an 

anatomically based mesh of a healthy retina using CMISS. In the next section, a simple 

simulation with a bipolar electrode pair configuration is presented.     

6.8.  Results  

A bipolar electrode configuration with electrode diameter of 46 µm and a centre-to-centre 

electrode distance of 92 µm was implanted at the surface of the choroid/RPE boundary below the 

central fovea (Figure 6.5).  A biphasic cathodic-anodic stimulus pulse of 0.5 ms with current 

density of 30 mA.mm
-2

 was applied to the injecting electrode. This waveform avoids any charge 

build-up in the model. The return electrode collected the same amount of current with a reversed 

polarity.  Figure  6-6 & Figure  6-7 show the extracellular potential distribution and the pattern of 

activation from 0.1 to 1.2 ms after stimulus onset. From 0.1 to 0.5 ms post stimulus, cells beneath 

the injecting electrode rapidly depolarized and created a focal region of activation. In contrast, 

cells beneath the return electrode hyperpolarized in response to the anodic-cathodic current. On 

stimulus reversal, from 0.6 to 1.1 ms, cells beneath the injecting electrode tend to hyperpolarize, 

whereas, cells beneath the return electrode depolarized and produced a secondary activation.    
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Figure 6-5 Approximate of a bipolar electrode pair configuration implanted above the central fovea at the surface of 

choroid/RPE boundary in an anatomically correct mesh of a healthy human retina. The electrode size and the centre-to-

centre electrode distance were 46 µm and 92 µm respectively. The red electrode corresponded to the cathode in phase 1, 

whilst the blue electrode was the anode in the same phase. For phase 2, the polarities were reversed. The red waveform 

shows the applied current waveform by the injecting electrode. A polarity reversed waveform was applied to the retuning 

electrode.   
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Figure 6-6: The transmembrane (A) and the extracellular potential (B) distributions at the surface of RGC from 0.1 to 

0.6ms after stimulus onset using a bipolar electrode configuration.  
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Figure 6-7: The transmembrane and extracellular potential distributions at the RGC surface from 0.6 to 1.2ms after 

stimulus onset in a bipolar configuration.  
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6.9.  Discussion 

In this chapter, a continuum anatomically-based model of the human retinal electrical activation 

was presented. To calculate the flow of charge from subretinal space to the GCL during direct 

stimulation, the outer retinal layers were modelled as volume conductors using a Poisson 

equation. The exchange of ions between the intracellular and extracellular domains in the GCL 

was captured using bidomain equations, and the RGC action potential waveform was modelled 

using axonal initial segment action potential formulation [98].  

It was found that the forward Euler integrator could not handle the rapidly varying RGC action 

potential and a more stable integrator, LSODA, was required. To capture the retinal electrical 

properties, the anatomically corrected mesh in chapter 5 was divided into smaller pieces, centred 

on the fovea, around the 1 mm, and in 2 mm eccentricity region. Each sub-mesh was refined using 

grid based FEM, yielding a final mesh of 115936 grid points with 12 µm mesh resolution at the 

centre of the retina. The RGC cell model (section 6.1) was applied to each of the grid points to 

model the RGC action potential and a linear interpolation was employed to estimate it in the space 

between grid points. 

 Several steps were taken to solve the bidomain equations using FEM in CMISS. These steps 

were proposed based on prior validated cardiac tissue and human stomach modelling studies 

using CMISS [90][164][128]. In this thesis, retinal tissue was assumed a quasi-static tissue in 

which no charge accumulation occurs in any part of the retina. By contrast, glia cells can act as a 

charge scavenger and make charge disappear from both intracellular (neuronal) and extracellular 

domains. However, glia cells communicate with each other through intracellular waves of calcium 

and can affect neural excitation and synaptic transmission by releasing neurotransmitters and 

other extracellular signalling molecules. Therefore, their effect will be more apparent in a 

repetitive longer period of stimulation. In our model, we only model the response of direct 

activation with one pulse stimuli, which we believe the role of glia cells in this model will be very 

limited and can be ignored. In the future modelling the repetitive longer period of stimulation, glia 

cells can be incorporated into the model as a third domain by which a fraction of charge can be 

bypassed into ground.  

Compared to previous retinal modelling studies [24], [135] in which commercial FEM analysis 

platforms were employed, a flexible control over the FEM analysis was achieved: the real 
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anatomy of the retina was incorporated in the geometry of the mesh, the number of degrees of 

freedom was optimized to reduce the computational load, and the computational time was 

accelerated by appropriate choice of solvers. Finally, the proposed model of the human retina was 

subretinally stimulated by a bipolar electrode configuration injecting a biphasic cathodic-anodic 

stimulus waveform and the pattern of RGC activation was presented.  

Our simulations showed focal regional activation beneath the injecting electrode during the first 

phase of stimulation. An additional activation was observed beneath the return electrode during 

the stimulus polarity reversal. Such secondary activation could be the reason for the repetitive 

visual percepts in clinical trials [129] which can reduce the spatial resolution of a retinal 

prosthesis. This result was in agreement with epiretinal stimulation modelling [129] and clinical 

trials [130]. To avoid such secondary undesired activations under the returning electrode, the 

injected current needs to be collected by more than one return electrode. This decreases the 

electric field beneath each of the return electrodes during polarity reversal and ultimately prevents 

untargeted cells from being activated.    

In the next chapter, the proposed FEM analysis will be employed to optimize the electrode size 

and the electrode centre-to-centre spacing for the bipolar configuration to provide a higher spatial 

resolution. Thereafter, the effect of electrode configuration under parallel stimulation on the 

spatial resolution will be explored, and an optimized electrode configuration will be proposed. 

Finally, the effect of retinal microstructure on the pattern of activation will be investigated by 

introducing a new coordinate system to the retinal conductivity tensor. 
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7. Investigating the contributing factors 

to spatial resolution in retinal electrical 

stimulation  

Using a retinal prosthesis, the role of photoreceptor cells is replaced by an array of electrodes 

located in close proximity to the intact retinal cells with the aim that each of the individual 

electrodes will provide a distinct activation at localised retinal ganglion cells (RGCs). In order to 

reconstruct a meaningful picture of the environment, it is estimated that several hundred 

electrodes are required [165]. In reality, however, the acquired spatial resolution is not only 

dependent on the packing density of injecting electrodes, but more importantly, on the pattern of 

current spread through the retina. The second factor, if not controlled properly, can potentially 

result in overlapped electric fields enlarging the area of activation associated with each injecting 

electrode. This overlap, known as the electric crosstalk between injecting electrodes, significantly 

reduces the acquired spatial resolution. An example of this condition is the study of Horasger et 

al. [166] in which patients with implanted 2×2 arrays of electrodes could not recognise a distinct 

2×2 array of phosphenes.  

There have been many  attempts to investigate the factors contributing to electric crosstalk and 

researchers have tried to introduce novel electrode configurations to minimize it, and enhance 

retinal prosthesis performance [132],[135],[167]. It has been shown that there is a relatively direct 

relation between the amount of electric crosstalk and the distance of the electrodes to the targeted 

cells. As the electrode distance to the target cells increases there is higher electric field 

interference between injecting electrodes and spatial resolution decreases [132]. The same trend 

can be seen with the electrode size and the electrode centre-to-centre spacing. Increasing the 

electrode size or increasing the centre-to-centre spacing between the stimulating and returning 

electrode intensifies the electric crosstalk [132]. In contrast, increasing the number of return 

electrodes per injecting electrode was shown to decrease the electric crosstalk 

[133],[135],[166],[167]. For example, a hexapolar electrode configuration, in which six return 

electrodes surround a central injecting electrode, provides higher spatial resolution compared to a 
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conventional monopolar electrode configuration [133], [135],[166],[167] . It was concluded that 

the ring of return electrodes limits the electric field of the central injecting electrode, which 

minimizes the electric interference between the injecting electrodes. This in turn, provides more 

localized areas of activation, and higher spatial resolution can be achieved under parallel 

stimulation.  

This chapter is divided into two parts. In the first part, we try to provide an optimized electrode 

configuration to minimize the electric cross talk under parallel stimulation. To do so, the effects of 

the electrode size and electrode centre-to-centre spacing on spatial resolution are investigated. 

Next, the acquired parameters are applied to an array of electrodes, and the effect of electrode 

configuration on spatial resolution is studied. In the second part of this chapter, the effect of 

retinal microstructure on the pattern of activation is investigated. This is achieved by adding a 

new coordinate system, referred to as the fibre coordinate system, to the bidomain equations. In 

all of the above simulations the retinal network was modelled using the system of equations in 

chapter 6, and the retinal geometry was modelled using a uniform mesh with the surface to 

volume ratio kept constant (Am=6.857 mm
-1

)  in the entire mesh. The effects of real anatomy and 

the variation of the surface to volume ratio on the pattern of activation are discussed in detail in 

chapter 8.   

7.1 Controlling the electric crosstalk in parallel stimulation 

7.1.1 The effect of electrode-to-electrode spacing 

A set of bipolar electrodes with electrode diameter (D) of 46 µm was placed at the interface of the 

choroid and the retinal pigment epithelium (RPE) layer. The electrode distance to the surface of 

the RGC layer was a constant 210 µm (a flat mesh was employed), and the electrode centre-to-

centre spacing (S) varied between 92, 138, 184 and 230 µm. A biphasic cathodic-anodic 

waveform with a peak current density of 21 mA.mm
-2

 and phase width of 0.5 ms was applied to 

the injecting electrode. This current density was small enough to avoid electrochemical damage to 

the tissue in future clinical applications. A similar waveform with a reversed polarity (anodic-

cathodic) was applied at the return electrode (Figure  7-1).  
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Figure 7-1: The bipolar electrode configuration. The electrode diameter (D) was kept at 46 µm while the electrode centre-

to-centre spacing (S) varied from 92 to 230 µm. The injecting electrode (specified by the pink colour) applied a cathodic-

anodic current (the red waveform), whereas a current with reversed polarity (anodic-cathodic) was imposed on the return 

electrode (specified by the grey colour).   

Figure  7-2 and Figure  7-3 show the extracellular and the transmembrane potentials at 0.5, 1 and 

1.5 ms after stimulus onset for each of the electrode centre-to-centre spacing measures. In all 

simulations, the RGCs were activated beneath the injecting electrode within less than half a milli-

second after stimulus onset. As the distance between the injecting and return electrodes increased, 

cells activated sooner and a larger area was activated. During polarity reversal, cells beneath the 

return electrodes tended to depolarise. However, for a peak current density of 21 mA.mm
2
, cells 

did not evoke an action potential beneath the return electrodes with 92 µm centre-to-centre 

spacing. This can be explained using the governing bidomain equations: the extracellular potential 

field drives the membrane potential; implementing the sink and source electrodes within a 

relatively small distance results in a large overlap of their electric field, limiting it beneath the 

return electrode during polarity reversal. This prevents the RGCs from activating. On the other 

hand, when the injecting and the return electrodes are further apart (S>2D), the electric field 

beneath the return electrode will be strong enough to activate cells during polarity reversal. 
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Figure 7-2: The extracellular potential distribution at the surface of the active region at 0.5, 1 and 1.5ms after stimulus 

onset using bipolar electrode configurations. The electrode diameter was kept constant and the electrode centre-to-centre 

spacing (S) was increased from 92 to 230µm. As S was increased, a higher potential was experienced by the active region.   
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Figure 7-3: The transmembrane potential distribution at the surface of the active region at 0.5, 1 and 1.5ms after stimulus 

onset using a bipolar electrode configuration. The electrode diameter was kept constant and the electrode centre-to-centre 

spacing (S) was increased from 92 to 230µm. As S was increased, the area of depolarization was enlarged. Cells did not 

evoke an action potential beneath the return electrode with S=92µm during polarity reversal.  

7.1.2 The effect of electrode size  

In the next simulation, the ratio of electrode centre-to-centre spacing to electrode diameter (S/D) 

was varied between 2, 3, 4 and 5 for both 46 and 92 µm electrode diameters. In all simulations, 

the total injected charge was kept constant and was below the safe charge limit capacity of 

platinum electrodes. Figure  7-4 and Figure  7-5 illustrate the extracellular and the transmembrane 

potentials at the surface of the active region, 0.5 ms after stimulus onset. As the electrode 

diameter was increased from 46 to 92 µm, the total area of activation became relatively larger, 
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suggesting that smaller electrodes provide more focused stimulation, which might lead to higher 

spatial resolution. Increasing the electrode centre-to-centre spacing relative to the electrode 

diameter (S/D) initially resulted in a larger area of activation. However, increasing from S/D=4 to 

S/D=5, the total area of activation did not increase noticeably (Figure  7-5). This is due to the fact 

that as the electrode centre-to-centre spacing between the injecting and the returning electrodes 

increased, the electric field magnitude beneath the injecting electrode was exclusively determined 

by the electric field of the associated injecting electrode; thus, there was a relatively constant area 

of activation for S/D>4. This effect can be traced in Figure  7-6 where the electric fields beneath 

the electrodes have not changed from S/D>4. It is also notable that in Figure  7-6, as the electrode 

distance to RGCs increased, the electric field dropped markedly. 

 

Figure 7-4: Extracellular potential distribution on the surface of the active region 0.5ms after stimulus onset using bipolar 

electrode configurations. The ratio electrode centre-to-centre spacing to the electrode diameter (S/D) was increased from 

2 to 5 for two electrode diameters of 46 and 92 µm.   
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Figure 7-5: Transmembrane potential distribution on the surface of the active region 0.5ms after stimulus onset using 

bipolar electrode configurations. The ratio of electrode centre-to-centre spacing to the electrode diameter (S/D) was 

increased from 2 to 5 for two electrode diameters of 46 and 92 µm.   

 

Figure 7-6: The effect of changing the electrode centre-to-centre spacing to the electrode diameter ratio (S/D) on the 

electric field beneath the centre of the electrodes. (A) & (B) The electric field beneath the injecting electrode with 46 µm 

and 92 µm diameters respectively. (C) &(D) The electrode field beneath the return electrode with 46 µm and 92 µm 

diameters respectively. Increasing the electrode centre-to-centre spacing to electrode diameter ratio (S/D) did not 

significantly change from S/D=3 to S/D=5.    
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Comparing the above simulations (Figure  7-3 and Figure  7-5), it was found that the electrode 

diameter of 46 µm with a centre-to-centre electrode spacing of 92 µm provides a smaller area of 

activation and avoids undesired secondary activation during polarity reversal. Therefore, to 

maintain the spatial resolution, these parameters were kept constant for the rest of this study. 

7.1.3 Multi-electrode stimulation 

Another contributing factor to the spatial resolution of RGC activation is the electrode 

configuration. Arrays of five varying electrode configurations were placed at the surface of the 

choroid/RPE stimulating the retina using a biphasic cathodic-anodic current waveform with a 

constant current density of 9 mA.mm
-2

. In all simulations only the return electrode configuration 

was varied and other parameters such as electrode diameter (D= 46 µm), electrode centre-to-

centre spacing (S= 92 µm) and electrode distance to the target cells (210 µm) were kept constant.  

7.1.3.1 Bipolar electrode configuration 

Figure  7-7 illustrates an array of five bipolar electrode configurations implemented at the surface 

of the choroid/RPE boundary. Figure  7-8 presents the predicted extracellular potential distribution 

and the pattern of activation beneath the injecting electrodes at the surface of the active region 0.5 

ms after stimulus onset. The bipolar electrode configuration caused a large electric field overlap 

beneath the injecting electrodes at the surface of the active region, resulting in a large single 

dipole-shaped of extracellular potential distribution (Figure  7-8.A). This led to a loss of spatial 

acuity from five distinct spots to one large area of activation (Figure  7-8.B). 

 

Figure 7-7: (A) The electrode location at the surface of choroid/RPE.  (B) Bipolar electrode array configuration. The pink 

colour specifies injecting electrodes, while the grey colour specifies return electrodes 
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Figure 7-8: Extracellular potential distribution (A) and transmembrane potential (B) at the surface of the active region 

0.5 ms after the stimulus onset using a five bipolar electrode array configuration. This bipolar electrode configuration 

(Figure 7-7) produces in a large electric field overlap beneath the injecting electrodes resulting in a single large area of 

activation.    

7.1.3.2 Triple electrode configuration 

In the triple configuration, the injecting electrode is surrounded by two return electrodes each 

collecting half of the total injected current. There are a number of ways that these return 

electrodes could be implemented. Here, three different electrode arrangements were simulated: (i) 

the return electrodes were set in a line with equal spacing to the injecting electrode (Figure  7-9), 

(ii) the return electrodes were set either sides of the injecting electrodes forming a triangle 

arrangement (Figure  7-10), and (iii) a combination of the first and the second arrangement 

(Figure  7-11).  Figure  7-12 illustrates the transmembrane and the extracellular potential 

distribution at the surface of the active region using each of the three forms of triple configuration 

0.5 ms after stimulus onset. 



Investigating the contributing factors to spatial resolution in retinal electrical stimulation 98 

 
 

 

 

 

Figure 7-9: The first form of a triple electrode array configuration in which the return electrodes (grey) are set either 

sides of the injecting electrodes (pink) forming a line arrangement. The electrodes location is the same to Figure 7-8.A. 

 

 

Figure 7-10: The second form of a triple electrode array configuration in which the return electrodes (grey) are set 

eigther sides of the injecting electrodes (pink) forming a triangle arrangement. The electrodes location is the same to 

Figure 7-8.A.  

 

Figure 7-11: The third form of a triple electrode array configuration in which the return electrodes (grey) in the 

surrounding triples form triangles and the return electrodes of the central triple are set in a line. The injecting electrodes 

are specified by the pink colour. The electrodes location is the same to Figure 7-8.A. 
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Figure 7-12: Extracellular and the transmembrane potential distributions at the surface of the active region 0.5 ms after 

the stimulus onset for each of the three triple electrode configurations: (A) the first configuration of Figure 7-9, (B) the 

second configuration of Figure 7-10 and (C) the third triple configuration of Figure 7-11.     

The first triple arrangement (Figure  7-9) resulted in distinctive electric fields beneath the injecting 

electrodes leading to distinct areas of depolarization (Figure  7-12.A). The two aligned return 

electrodes limited the electric field within their locations. However, they could not limit the 

electric field penetration in the transverse direction to their orientation. This resulted in oval 

extracellular potential distributions followed by a narrow activation band (Figure  7-12.A). Similar 

to the bipolar configuration, the second triple configuration (Figure  7-10) resulted in a dipole-

shaped extracellular potential distribution (Figure  7-12.B). This enhanced the electric field 
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beneath the left triple electrodes and enlarged the area of activation beneath theses. In contrast, the 

electric field beneath the right set of triple electrodes was limited by more return electrodes 

avoiding these triples to evoke activation (Figure  7-12.B). Using the third triple configuration 

(Figure  7-11) distinct oval spots of activation were achieved beneath the surrounding electrode 

triple (Figure  7-12.C). However, the electric field of the central triple was of limited extent, with 

many surrounding return electrodes preventing this electrode from activating the retina.  

7.1.3.3 Hexapolar electrode configuration 

In the hexapolar configuration, the injecting electrode is surrounded by a ring of six return 

electrodes (Figure  7-13), and each return electrodes collects one-sixth of the total injected current.  

 

Figure 7-13: Hexapolar electrode array configuration. The injecting electrodes are specified by pink and the return 

electrodes are specified by grey. The electrodes location is the same to Figure 7-8.A. 

Figure  7-14 illustrates the resulting extracellular and transmembrane potential distributions at the 

surface of the active region, 0.5 ms after stimulus onset. Compared to the previous configurations, 

the ring of return electrodes in the hexapolar configuration limited the electric fields beneath the 

injecting electrodes and provided a symmetric circular extracellular potential distribution at the 

surface of the active region (Figure  7-14.A). This was followed by distinct spots of circular 

activation beneath the injecting electrodes (Figure  7-14.B), giving this configuration an advantage 

over the previous configurations. This result is in agreement with the previous predicted low 

electric crosstalk within an array of hexapolar configuration [132] and also can replicate the 

limited electric field interference between individual stimulation sites in the clinical study of 

Matteucci et al. [133]. These observations make this electrode configuration an ideal electrode 

arrangement under parallel stimulation to control the electric crosstalk. It is also notable that the 
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injecting electrode of the central hexagon had a delay of 0.1 ms in evoking an action potential 

compared to the surrounding hexagons. This is because the central electric field of this electrode 

was also limited by the return electrodes of the surrounding hexagons. To mitigate this effect of 

the surrounding return electrodes and evoke simultaneous activation beneath all of the five 

hexagons, the stimulus current for the central hexagon was measured to be 5 to 8% higher 

compared to the surrounding hexagons.  

 

Figure 7-14: Extracellular potential (A) and transmembrane potential (B) distributions at the surface of the active region 

0.5ms after stimulus onset using a hexapolar electrode configuration. The hexapolar electrode configuration (Figure 7-13) 

resulted in a symmetric electric field beneath the injecting electrodes, resulting in a distinctive limited area of activation 

beneath the injecting electrodes. The neighbouring return electrodes have weakened the electric field of the central 

electrode, preventing an action potential at this electrode within the first 0.5 ms of stimulus onset.  

7.2 The effects of retinal micro-structure on the activation pattern 

In the prior simulations, the extracellular conductivity of the retinal layers was assumed to be 

spatially constant and aligned with the retinal structure. The conductivities were set based on the 

experimental study of Karwoski et al. [158] on a healthy rabbit retina. To the best of our 

knowledge, there is no experimental study that has investigated the changes in extracellular 

conductivity for human retina after the onset of AMD. Although we expect that after the onset of 

AMD the extracellular resistivity of the retinal tissue would decrease, similar to observations for 

RP diseased retina [169], here we chose to use the available parameters of the healthy rabbit retina 

in our modelling study. The extracellular conductivities of Karwoski et al. [158] were reported as 

absolute values in Ohm.cm and the effect of possible anisotropy of the extracellular space was not 

explored. There is evidence suggesting preferential orientation of the neural structure in the retina 

[170] which could potentially affect the charge distribution during subretinal stimulation.  
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The importance of the tissue micro-structure on charge distribution has a long history in cardiac 

modelling [171]–[173]. In this fashion, the cardiac cells are modelled as a composite of discrete 

layers of fibres rather than uniform continuum cells. This feature is incorporated within the 

conductivity tensor by introducing a new coordinate system referred to as “fibre coordinates”. 

Fibre coordinates give an approximation of the cell alignment within each local element and 

transform the conductivity tensor accordingly. For example, in a 2D problem, in the presence of 

no rotation of local element coordinates (ξ space) in respect to the Cartesian coordinates (x, y 

space), the extracellular conductivity in equation (7-1) is a diagonal matrix and is equal to the 

conductivity tensor in local element coordinates (see  (7.2)). If the local element coordinates have 

a pure rotation of angle β in respect to the Cartesian coordinates, the conductivity tensor will 

change to a non-diagonal matrix calculated based on  (7.3). In the presence of micro-structural 

properties, the cell alignment (ν space) can have an angle of α (fibre angle) in respect to the local 

element coordinate system. In this way, the effective extracellular conductivity experiences 

another pure rotation in respect to the fibre angle  (7.4), which changes the effective extracellular 

conductivity in equation 7-3. Figure  7-15 presents the summary of such rotations (for more 

mathematical detail of fibre coordinates please refer to [174]). 
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Figure 7-15: Fibre angle (α) rotates the conductivity tensor to represent the cell alignment. (A) The local coordinates (ξ 

space) has an angle of β to the Cartesian coordinates. (B) The local coordinates (ξ space) has been transformed based on 

the fibre orientation (α), creating a new set of coordinates for the local element (the ν space)   

In addition to the example of cardiac modelling, the effect of retinal micro-structure on the charge 

distribution has been incorporated in modelling brain electrical activity [175] and modelling 

gastrointestinal bioelectric activity [176]. Similarly, the microstructure of the retina, while 

different in nature from cardiac tissue, can be described as a conductivity tensor using fibre 

coordinates. Here, the fibre coordinate system represents how far the neural bodies within each 

individual element are aligned with the overall retinal geometry. In this way, based on the current 

state of the retina, one can assign a preferred orientation to the charge distribution through the 

entire retinal layers. Therefore, compared to previous modelling studies [136],[137], fibre 

orientation and parallel stimulation can be included without increasing the complexity of the 

model.  

Chen et al. [170] used diffusion tensor MRI [177] to extract the retinal cell alignment mice 

retinae. Figure 7-16 B illustrates the extracted fibre orientation for WT mice. The blue arrows 

specify the cells with least alignment to retinal structure with fibre angle of 0
◦
 to 45

◦
, while red 

arrows indicate the cells with fibre angle between 45
◦
 to 90

◦
. They showed that the retinal cells in 

outer retinal layers in WT mice were mostly aligned to retinal structure, nearly perpendicular to 

retinal surfaces with average fibre angle of 63
◦
.  Here, to investigate the effect of outer retinal 

layer cell orientation on the pattern of activation, we incorporated fibre coordinates in the 

conductivity tensor and increased the fibre angle of all retinal cells from least alignment to the 

retinal structure (45
◦
) to the most alignment 90

◦
 (perpendicular to retinal surfaces) (Figure  7-16 E). 



Investigating the contributing factors to spatial resolution in retinal electrical stimulation 104 

 
 

 

 

 

Figure 7-16: (A) Cell alignment in a wild-type (WT) mouse eye using DT MRI scanning technique. (B) Zoomed-in DT 

MRI, the boundaries are specified in A by white lashed lines. (C) retinal sections of a WT mouse with the cell alignment. 

(D) Cells alignment in lens cortex. (E)The fibre angle was increased from the least alignment to the retinal structure 

(α=45◦) to the most parallel (α=90◦) alignment to retinal structure (the red arrows show the fibre orientation). Taken from 

[170]. 

Figure  7-17 illustrates the extracellular potential and the pattern of activation beneath a set of 

hexapolar electrode stimulating the retina using a cathodic-anodic waveform with constant current 

density of 6.6 mA.mm
-2

. Initially, increasing the fibre orientation from 45
◦
 to 60

◦
 resulted in 

receiving more charge by the active region, decreasing the activation threshold by about 18%. 

Increasing the fibre angle from 60
◦
 to 90

◦
 however, did not noticeably change activation pattern. 

No significant displacement in the origin of activation was observed by changing the fibre 

orientation from 45
◦
 to 90

◦
. 

As stated above, the possible anisotropy of the retinal tissue has not been investigated in clinical 

studies, with retinal layer conductivities reported in absolute values [158]. Here, the effect of 

possible anisotropy in the extracellular space on the charge distribution was explored as follows. 

The fibre orientation was kept at 50
◦ 
and the extracellular conductivity was set 2, 4 and 8 times 

higher aligned with the fibre orientation than across the fibre orientation. Figure  7-18 shows the 

extracellular and the transmembrane potential distribution at the surface of the active region 0.5 

ms after stimulation. Increasing the extracellular conductivity along the fibre orientation limited 

electric charge distribution across the retinal surface and helped to focus the charge penetration 

through the retina. This decreased the threshold of activation. Including anisotropy in the 

extracellular conductivity increased the effective conductivity tensor (equation 7.4) along the fibre 

orientation which gives a preference extracellular gradient orientation in the 3D space (equation 

7.4). This ultimately will result in displacement in the activation origin. Here, increasing 
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anisotropy from zero to 8 times anisotropy along the fibre angle displaced the centre of activation 

origin around 100 µm toward the fibre angle (50
◦
).  It was noted that while the origin of activation 

was displaced by incorporating the anisotropy in the model, the activation remained localized 

within the ring of the returning electrodes and adding anisotropy to the extracellular space did not 

alter the performance of the hexapolar configuration.   
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Figure 7-17: The effect of fibre orientation on the pattern of activation. (A) The extracellular potential and (B) 

transmembrane potential distribution on the surface of the active region 0.5 ms after stimulus onset. The fibre orientation 

was increased from the least aligned 45◦ to the most aligned 90◦ parallel to the retinal curvature.   
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Figure 7-18: The effect of adding anisotropy on the extracellular (A) and the transmembrane potential (B) distribution at 

the surface of the active region 0.5ms after stimulus onset. The fibre orientation was kept at 50◦ and the conductivity along 

the fibre orientation was increased. This decreased the threshold of activation and displaced the origin of activation 

towards the fibre orientation. 
7.3 Discussion 

Meaningful vision reconstruction using a retinal prosthesis requires several hundreds of distinct 

spots of activation along the retina, which necessitates concurrent multi-electrode stimulation. 

However, concurrent activation can potentially result in overlapped electric field interference, 

reducing the spatial resolution by enlarging or cancelling the activation. In this chapter, several 

factors including the electrode size, electrode spacing and electrode configuration on the pattern 

of activation were explored. It was shown that smaller electrodes with reduced centre-to-centre 

spacing between the injecting and returning electrodes provided a smaller area of activation which 

in turn guarantees a higher spatial resolution. We also showed that using the same electrode size 

and electrode centre-to-centre spacing, increasing the number of return electrodes increased the 

spatial acuity in parallel stimulation.  A bipolar configuration with one return electrode per 

injecting electrode resulted in a large electric field overlap between the injecting electrodes, 

increasing the area of activation and reducing the spatial resolution considerably. In contrast, the 

hexapolar electrode configuration, in which six return electrodes surround the central injecting 

electrode, resulted in a localised activation. These results are in agreement with previous 
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computational [130],[133] and clinical studies [133][167] [168]. Triple electrode configurations 

tended to provide more complicated schemes compared to bipolar and hexapolar configurations. 

Depending on the return electrode arrangement, an array of triple electrodes can give a large 

electric field interface and poor spatial resolution or can be an alternative to a bipolar 

configuration.  

The effects of retinal micro-structure and possible anisotropy in the extracellular space on retinal 

electrical activation were explored using this model. This was achieved by incorporating the fibre 

angle of retinal cells in the conductivity tensor. Increasing cell alignment to the overall retinal 

structure amplified the amount of charge received by the active region and provided a larger area 

of activation. Adding anisotropy to the extracellular conductivity prevented charge distribution 

along the surface of the retina and helped deliver more electric charge to the RGC layer. By 

increasing the electrical conductivity along the fibre orientation, the origin of activation was 

displaced along the fibre orientation. These results are in agreement with the study of Tahayor et 

al. [139], where the retina was modelled as a composite tissue and the orientation of its neural 

bundle altered the response of the activation pattern under ideal single point source stimulation. 

Such anisotropy in the micro-structure of retinal tissue could be an important factor in changing 

the threshold or pattern of activation and hence, retinal prosthesis performance. More clinical 

studies are warranted to extract human retinal cells alignment in each retinal layer and investigate 

possible anisotropy of the extracellular retinal space before and after disease onset. Such clinical 

data can be employed in the future computational studies to explore their ultimate effect on the 

retinal prosthesis performance. 

In the next chapter, the importance of electrode positioning and the effect of anatomical variations 

among individuals on retinal performance will be explored. This will be achieved by 

implementing the acquired optimized electrode configurations of this chapter for the healthy and 

the diseased meshes developed in chapter 5.   
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8. The effect of anatomical variations in 

human retinae on retinal prosthesis 

performance 

Retinal Implant AG (Germany, www.retina-implant.de/en) is one of the most active research 

groups for manufacturing subretinal implants and conducting human research and development. 

Their device consists of 1500 pixels, each having their own photodiodes to analyse the brightness 

of incoming light, an electrode with an amplification circuit to transfer adequate charge to the 

retinal target cells. These pixels are implemented in a 3×3 mm
2
 and 70 µm thickness chip. 

Additionally in this device, 16 electrodes are implemented in a 1.2×1.2 mm
2
, controlled by an 

outer unit to directly stimulate the RGCs. Using these 16 electrodes implanted in eight patients, up 

to 86% correct light alignment (vertical versus horizontal), and 91% correct light motion detection 

was achieved [6]. Also, a relative increase in the brightness of light perception proportional to the 

charge increase was reported [6]. In a later study, two of the three implanted patients were able to 

localize the letter “U”, and could successfully distinguish the letters “U” and “I”. Furthermore, 

one of the three patients was able to distinguish the letters “C”, “I”, “L” and “O” [11]. Following 

that study, using the same device, eight of eleven implanted patients could perceive light, four of 

five patients were able to discern light orientation in multiple electrode stimulation, and two of the 

patients could reliably distinguish different letters [80].  More recently, a maximum Snellen acuity 

of 20/546 was achieved for one of the nine implanted patients [178].  

The underlying reason for such significant performance variation among the population studied is 

still not well understood. In addition to the gross retinal physical properties, such as the overall 

retinal thickness and the level of retinal scarring, the accuracy of electrode placement during 

surgery with respect to the planned site [179], as well as the implant foveal eccentricity [16], were 

reported to play significant roles in retinal implant performance. It was concluded that to achieve 

95% light sensitivity, electrodes should be implanted with less than 1.7 mm placement error 

[179]. It was also concluded that sub-foveal implantation provides superior performance 

compared to para/non-foveal implantation, with 100% light perception and 75% correct motion 

http://www.retina-implant.de/en
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detection in sub-foveal implantation compared to 80% light perception and 0% motion detection 

in para/non-foveal implantation [16]. Another challenging factor in determining the device 

performance was the required stimulus waveform to evoke reliable activation. Using the same 

device, several activation thresholds have been reported within and across subjects, requiring 

follow up meetings to  tune the stimulus waveform for each patient [18]. To do so, multiple “yes” 

or “no” light perception tests were required after device implantation, making the tuning 

procedure very time consuming. 

Developing a patient specific computational model that can give prior estimates of the activation 

threshold within and across subjects could help clinicians to optimize the stimulus parameters and 

enhance the device outcomes. In this chapter, we aim to investigate the effect of electrode 

positioning on retinal implant performance, and propose an explanation for variations in device 

performance across a population study. Also, the activation threshold for each individual 

electrode will be determined for the population, and the effect of anatomical variations between 

subjects on device performance will be investigated. This will be achieved by employing 

anatomically accurate retinal meshes of five healthy and five diseased subjects (chapter 5), and 

analysing the retinal response to direct subretinal RGC stimulation. The retinal response to 

electrical stimulation was modelled by employing the system of equations of chapter 6 with 

varying surface to volume ratio (Figure 6.3). An optimized multi-electrode configuration, deduced 

in chapter 7 will be implemented at three retinal sites consisting of the sub-foveal pit, 1 mm and 2 

mm eccentricities, and their performance will be compared. 

8.1 The effect of electrode placement on retinal prosthesis performance  

An array of five hexapolar electrodes was implemented in the subretinal space at the centre of the 

sub-foveal pit, 1 mm and 2 mm eccentricity positions (Figure  8-1). Figure  8-2.A illustrates the 

approximate location of electrodes and the mesh size within OCT images of one of the subjects. 

This array of electrodes covered 0.7×0.7 mm
2 

of the 2.3×2.3 mm
2
 of retinal mesh, stimulating the 

retina by a biphasic cathodic-anodic stimulus waveform with pulse duration of 0.5 ms. In study of 

[167] using 40 µm stimulating electrode diameter, the maximum amount of current that could be 

applied to electrodes without introducing any electrochemical damage was 160 µA, which is 

almost equivalent of 32 mA.mm
-2

. Hence in this study, the stimulating current was increased from 

12 mA.mm
-2

 to maximum current of 30 mA.mm
-2

 for all the three electrode positions for all 
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healthy and diseased retinae and the performance variations within and across the subjects were 

investigated.  

 

Figure 8-1: Approximate location of three sites of computed electrode placement viewed within a fundus image. (A) Sub-

foveal pit position (red colour), (B) 1 mm eccentricity position (blue colour), (C) 2 mm eccentricity position (yellow 

colour). Hexagons are specified by dots and the mesh area covered in each simulation is specified by the square outlines. 

 

Figure 8-2: An array of five hexapolar electrodes was placed at the subretinal space in the sub-foveal pit, 1 mm and 2 mm 

eccentricity positions. (A) & (B) OCT images of the sub-foveal pit and 1 mm eccentricity regions. The approximate 

regions covered by meshes are specified by the red (sub-foveal pit) and blue lines (1 mm eccentricity), while the light 

yellow lines indicate the approximate area covered by electrode arrays. (C) Hexapolar electrode array configuration 

employed to stimulate the retina (D) Finite element mesh used for simulating the retinal electrical stimulation and the 

approximate location of electrodes at the choroid/RPE surface (specified by the blue region). 

Figure 8-3 illustrates the activation patterns 0.5 ms after stimulation onset at the surface of active 

layer in response to applying a fixed level of stimulating current of 12 mA.mm
-2

 to all electrodes 

positions, i.e. sub-foveal pit, 1 mm and 2 mm eccentricities, for Subject H1.  
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Figure 8-3: The activation patterns of subject H1, 0.5 ms after stimulation onset at the surface of the active layer in 

response to applying a fixed current of 12 mA.mm-2 to all electrodes at three sites of electrode positions: (A) at sub-foveal 

pit, (b) at 1 mm eccentricity and (C) at 2 mm eccentricity. 

Applying a fixed level of current with amplitude of 12 mA.mm
-2

 to all electrode positions could 

only evoke activation in two stimulation sites at foveal pit electrodes position. The stimulating 

current could not activate any of the stimulation sites at 1 and 2 mm eccentricities. Increasing the 

stimulating current to 15 mA.mm
-2

 could evoke activation in all of the stimulation sites at foveal 

pit region, and could evoke activation in three out of five stimulation sites in 1 mm eccentricity. 

However, none of the stimulation sites in 2 mm eccentricity were activated using 15 mA.mm
-2

 

(Figure  8-4).  
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Figure 8-4: The activation patterns of subject H1 0.5  ms after stimulation onset at the surface of the active layer in 

response to applying a fixed current of 15 mA.mm-2 to all electrodes at three sites of electrode positions: (A) at sub-foveal 

pit, (b) at 1 mm eccentricity and (C) at 2 mm eccentricity. 

Increasing the stimulating current from 15 to 27 mA.mm
-2

 did not evoke activation in 2 mm 

eccentricity (results are not displayed), and to evoke activation in 2 mm eccentricity, the 

stimulating current needed to be increased to 30 mA.mm
-2

. Applying 30 mA.mm
-2

 current at 2 

mm eccentricity could evoke activation at two out of five stimulation sites. This, however, was at 

the expense of enlarged overlapped activation pattern in foveal pit and 1 mm eccentricity 

electrodes positions (Figure 8-5).  
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Figure 8-5: Activation patterns of subject H1, 0.5 ms after stimulation onset at the surface of the active layer in response 

to applying a fixed current of 30 mA.mm-2 to all electrodes at three sites of electrode positions: (A) at sub-foveal pit, (b) at 

1 mm eccentricity and (C) at 2 mm eccentricity.  

To summarize the above simulations, the stimulating sites in each electrode positions were 

labelled from 1 to 5 and their retinal response to each level of current was mapped into the rows 

of a matrix. If the applied current could evoke activation, number “1” was assigned to that site of 

stimulation; otherwise, number “0” was assigned.  In case of overlapped activation, label “c” was 

assigned to that stimulating site indicating that electric crosstalk has occurred. Figure  8-6 

represents the summarized matrix for subject H1. 
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Figure 8-6: Summarizing the retinal response of subject H1 to different level of currents in three sites of electrode 

positions. The stimulating sites were labelled from 1 to 5 and their retinal responses were mapped into the rows of a 

matrix.Intheabovematrix,each“0”standsfornoneactivation,“1”standsforactivationand“c”standsforoverlapped 

activation for each level of currents at each sites of stimulation. 

   All three levels of current (12, 15 and 30 mA.mm
-2

) were applied to the three electrode positions 

(sub-foveal, 1 mm and 2 mm eccentricities) and the above simulations were repeated for all the 

healthy and diseased subjects. The retinal response of each subject to different levels of currents 

at three electrode positions was reported in the same way to Figure  8-6 in a large matrix 

(Figure  8-7). Comparing the total number of activation sites showed that using a fixed level of 

current will result in a performance variation across the subjects. For example, using 12mA.mm
-2

, 

only 2 out of 15 sites of stimulations were activated in Subject H1, whereas, 4 out of 15 sites of 

stimulations were activated in Subjects H5 and D4. Similarly, inconsistent performances were 

achieved using 15 and 30 mA.mm
-2

 across the healthy and diseased subjects. Increasing the level 

of current from 12 to 30 mA.mm
-2

, although increased the total number of activated sites in all 

subjects, mainly resulted in overlapped activated regions in foveal pit and 1mm eccentricity 

electrodes placement.         
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Figure 8-7: The summary of retinal responses of the healthy and diseased retinae to different level of currents at each of 

the three electrode positions.“0”representsnoneactivatedsite,whereas“1”representsactivatedsite,and“c”represents

overlapped activation. The numbers in the light orang boxes represent the total number of activated regions for each 

subject using that level of current. 
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In order to investigate the source of such performance variability within and across subjects, the 

retinal layer thicknesses above all of the stimulation sites were measured (Figure  8-8). A two-tail 

student t-test was applied to two groups of activated and none-activated sites for each level of 

currents. It was apparent that using all three levels of current, there was not a significant 

differences in RPE+IS_OS layer thickness in the activated and none activated sites (p>0.1). 

However, compared to none activated regions, the mean ONL thickness was higher in activated 

regions, and the mean OPL+INL thickness was significantly lower in activated regions (p<0.02).    

 

Figure 8-8: Comparing the retinal layers thicknesses above the activated and none activated regions using three levels of 

current. The error bars indicate the standard deviation of the mean retinal layer thickness. 
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8.2  Activation Thresholds 

The threshold of activation for each individual hexagon was measured in all subjects for all three 

electrode placement sites, i.e. sub-foveal pit, 1 mm and 2 mm eccentricities. For this purpose, the 

stimulating current increased from 9 mA.mm-2
 with interval of 1.5 mA.mm-2

. The minimum 

required current that could evoke an area of activation at the surface of the active region within a 

time window of 0.5 ms from the stimulus onset was considered as the activation threshold. The 

pulse duration (0.5 ms) was chosen to only incorporate direct RGC activation [89]. The constraint 

of evoking an area of activation was chosen to replicate the shape of light perception in 

experimental studies [5]. In order to incorporate the effect of the neighbouring return electrodes 

on shunting the stimulus current, the threshold of activation for all five hexagons was measured 

simultaneously (i.e. all hexagons were active). Figure  8-9 illustrates the isolated concurrent 

activations at 1mm eccentricity in subject 1D using different levels of current for each hexagon. 

 

Figure 8-9: Achieving concurrent isolated activation using an array of hexapolar electrodes configuration at 1mm 

eccentricity in subject D1. Each number specifies the applied current to the associated hexagon.  

Similar to Figure  8-6, each hexagon was labelled according to its location within the array from 1 

to 5, as well as its placement site (Figure  8-10). Figure  8-11 and Figure  8-12 illustrate the 

activation threshold of individual electrodes along the entire retina for each subject. The 

electrodes were sorted based on their threshold of activation. Comparing activation thresholds 

among all cases showed that sub-foveal pit electrode placement required the lowest activation 

threshold with mean 12.75±3.63 mA.mm
-2

, followed by the 1 mm eccentricity electrode 

placement with mean activation threshold of 14.76±3.40 mA.mm
-2

. 2 mm eccentricity electrode 
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placement required the highest activation threshold with mean 32.80±6.87 mA.mm
-2, 

which was 

almost 3 mA.mm
-2

 higher than the safe current limit of 30 mA.mm
-2

. In this trend, however, there 

were some exceptions in the healthy and to a lesser extent, in the diseased subjects. Subjects 3H, 

4H, 2DS and 3DS required a lower activation threshold at 1 mm eccentricity electrode placement 

compared to the sub-foveal pit electrode placement. In these cases, the mean electrode distance to 

target cells was higher at the sub-foveal placement compared to the 1 mm eccentricity 

(Table  8-1), which could be the reason for decreasing the activation threshold at 1 mm 

eccentricity in these cases. 

 

Figure 8-10: Labelling each hexagon according to its location within the array and based on the electrode array site. For 

example, the top left hexagon in the sub-foveal placement was labelled 4-sub-foveal, and the central hexagon in the 2 mm 

eccentricity position was labelled 5-2 mm. 

 

Table 8-1: The mean activation thresholds and the mean electrode distance to target cells at the sub-foveal pit and 1 mm 

eccentricity regions for subjects 3H, 4H, 2DS and 3DS.  

Subjects 

Sub-foveal pit 1 mm eccentricity 

Mean 

threshold 

(mA.mm
-2

) 

Mean electrode 

distance to target 

cells (µm) 

Mean 

threshold 

(mA.mm
-2

) 

Mean electrode 

distance to target 

cells (µm) 

Subject 3H 11.62±1.5 221.4±10.64 10.5±2.37 190±8.67 

Subject 4H 20.4±1.34 241±5.59 17.1±2.5 235.8±14.18 

Subject 2DS 12±2.37 202±11.29 11.4±2.01 202±8.71 

Subject 3DS 14.1±5.87 206±18.35 12.6±2.27 196±16.9 
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Figure 8-11: Threshold of activation for individual hexagons at three placement sites for healthy subjects. The colour bars 

follow the label of the associated hexagons (see Error! Reference source not found.). The red dashed line specifies the 

maximum safe current density for platinum electrode with 46 µm diameter [167]. 
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Figure 8-12: Threshold of activation for individual hexagons at three placement sites for diseased subjects. Data for 

subject 5DS only included sub-foveal electrode placement due to low quality of OCT images at 1 and 2 mm eccentricities, 

hindering mesh generation for these sites. The colour bars follow the label of the associated hexagon (see Error! Reference 

source not found.). The red dashed line specifies the maximum safe current density for platinum electrode with 46 µm 

diameter [167]. 

Figure  8-13 illustrates the activation thresholds versus the electrode distance to target cells in 

three electrode placement sites. There was a positive correlation between the activation threshold 

and the electrode distance to target cells in all three sites, albeit with different slopes. Sub-foveal 

pit electrode placement in diseased cases showed the lowest correlation between the activation 

threshold and the electrode distance to target cells, having R square value of 0.013 and P value of 
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0.57. These values show that although the linear regression fit model doesn't explain much of 

variation of the data (R
2
<0.1), it is still significant (P>0.05). This electrode placement site was the 

only region in our simulations experiencing retinal deformation after dry AMD onset. Retinal 

deformations in diseased meshes resulted in higher voltage gradient at the surface of the RGC 

layer, which in turn decreased the activation threshold. From sub-foveal pit to 2 mm eccentricity 

positions, the correlation between activation threshold and electrode distance to target cells 

increased and a better fit was achieved using the linear regression (R
2
>0.1 and P<0.05). The 

covariance of activation threshold and electrode distance increased from 0.42 to 0.74 and 0.78 in 

healthy retinae, and from 0.11 to 0.58 and 0.72 in diseased retinae in sub-foveal pit to 1 mm and 2 

mm eccentricity electrode placements sites respectively. This trend indicated that as the 

heterogeneity of retinal structure decreased from sub-foveal pit to 2 mm eccentricity sites, the 

stimulus current could pass through a more direct route from electrodes to target cells, and thus 

the extracellular potential gradient at the surface of the RGC layer became more dependent on the 

electrode distance.     

Another contributing factor to activation threshold in our model was the RGC surface to volume 

ratio variations in the electrode positions. Mathematically, according to equation (6.23), the 

surface to volume ratio parameter acts as a scalar in the second bidomain equation. Here, the 

average surface to volume ratio at sites between 500 to 1500 µm eccentricities was 28.71 mm
-1

, 

whereas the average surface to volume ratio between 1500 to 2500 µm eccentricities was almost 

half of this value, i.e. 13.39 mm
-1

 (see Figure 6-3). Therefore, while the average electrode distance 

to target cells at the 2 mm eccentricity site was shorter (205.28±21.82 µm) compared to the 1 mm 

eccentricity site (223.73±23.74 µm), the average activation threshold at the 2 mm eccentricity was 

almost twice higher (32.8±6.87 mA.mm
-2

) than the 1 mm eccentricity site (14.76±3.39 mA.mm
-2

). 
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Figure 8-13: Activation thresholds for the sub-foveal pit (the top diagram), 1 mm (the middle diagram) and 2 mm (the 

bottom diagram) eccentricities electrode placements were determined within and across subjects (healthy retinae at the 

left, diseased retinae at the right column). The solid black lines in each sub-figure show the best fit linear regression of 

activation threshold and the associated electrode distance to target cells in each electrode placement. From the sub-foveal 

to the 1 mm, and finally to the 2 mm eccentricity sites, the slope of the linear regression fit increased, indicating an 

increase in the dependency of activation threshold on the electrode distance. The solid red lines specify the maximum safe 

current of 30 mA.mm-2 for the future clinical studies. The R2 and P values are the outputs of linear regression analysis on 

measured activation thresholds versus the electrode distance to target cells.  

8.3 Discussion  

In this chapter, we have simulated for the first time the effects of realistic retinal anatomy, 

including structural changes after dry AMD onset, as well as the implant eccentricity from the 

fovea on retinal prosthetic device performance using computational modelling.  
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To maintain visual acuity and to provide meaningful vision, concurrent multi-electrode 

stimulation is essential. However, concurrent stimulation can result in electric field interference 

between active electrodes, reducing the spatial confinement of retinal activation. Here, a five 

hexapolar electrode array configuration was placed in the subretinal space in the sub-foveal pit, 1 

mm and 2 mm eccentricity positions and all hexagons concurrently stimulated the retina using 

biphasic cathodic-anodic waveforms.  

Applying a fixed level of current to all electrode placements in different subjects resulted in 

performance variations and possibly a poor spatial resolution in different subjects (see 

Figure  8-7). This was due to the fact that the applied current can be lower or a lot higher than the 

activation thresholds for different stimulation sites and this can result in none activated or 

overlapped activated regions which reduce the spatial resolution. Such result indicates that using a 

fixed level of current in retinal prosthesis will not provide the maximum expected performance of 

the implanted device for the future candidates, and the stimulating current should be tuned for 

individual stimulation site. Interestingly, anatomical variations and the heterogeneity of 3D retinal 

structure within and across the population study resulted in heterogeneous electric current 

distribution through retinal layers, which led to variable charge delivery to the RGC layer, and 

thus different performance were achieved. This finding replicated the possible effect of individual 

retinal structure on retinal implant performance, which in addition to other factors, such as gross 

physical properties of the retina, may account for performance variations in subretinal implants 

repeatedly seen in human trials [6], [11], [80], [178].  

Parallel stimulation using different level of currents within safe limit of electric charge could 

result in concurrent isolated regions of activation (see Figure  8-9), with a one-to-one 

correspondence between the hexagons and activated regions in in subfoveal pit and 1 mm 

eccentricity. This finding reiterates the advantage of hexapolar configurations in limiting the 

electric interference between individual sites of stimulation [132]–[134], making this stimulus 

configuration a good candidate for clinical studies using parallel stimulation. Measuring the 

threshold of activation of each hexagon for all three sites of electrode placements showed a 

positive correlation between the electrode distance to target cells and the activation threshold. 

This result was in agreement with a clinical study on human using epiretinal implantation [19]. 

Compared to their study conducting epiretinal stimulation, in our simulations the outer retinal 
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layer thicknesses accounted for the electrode distance and therefore, there was a positive 

correlation between the activation threshold and the retinal thickness. In our measurements, there 

were sites on the active RGC region with a similar distance to the injecting electrodes, but 

requiring different levels of current for activation (see Figure  8-13). This has been repeatedly 

observed in experimental studies, and may be attributed to the different RGC types present [180], 

the result of direct or indirect RGC activation [89], or due to the pulse polarity [181]. In this 

study, such a difference in activation thresholds could be explained by the heterogeneity of retinal 

structure which ultimately affects the electric current path from injecting electrodes to target cells. 

We observed displacements in activation origin from the centre of the injecting electrodes, 

indicating that the electric charge did not follow a direct path from injecting electrodes to the 

active region. This was more common in the sub-foveal pit region, and as the electrode array site 

was further away from the central fovea, i.e. at 1 mm and 2 mm eccentricities, the heterogeneity 

in retinal structure decreased and a higher correlation between the activation threshold and the 

electrode distance was achieved. Furthermore, we observed that within the same electrode 

distance, the central hexagon required 8-10% higher amounts of current to evoke action potentials 

compared to the surrounding hexagons (see Figure  8-11, Figure  8-12, and section 7.1.3.3). This 

was due to the return electrodes of neighbouring hexagons limiting the electric field in the central 

hexagon.  

In our modelling, sub-foveal pit and 1 mm eccentricity electrode placements required noticeable 

lower activation thresholds compared to the 2 mm eccentricity electrode placement, predicting a 

lower retinal prosthesis performance for 2 mm eccentricity. This result agreed with a previous 

clinical study in humans using subretinal implantation [16], and indicated that foveal implantation 

provides higher performance compared to non-foveal implantation. In the clinical study of Stingl 

et al. [16], this observation was attributed to the role of the central retina in possessing high 

accuracy sharp vision. In our modelling, compared to the 2 mm eccentricity position, shorter 

electrode distance to target cells, as well as larger surface to volume ratio in the sub-foveal pit and 

1 mm eccentricity regions, decreased the activation thresholds, thus predicting higher 

performance.  

Unlike the experimental study of Rizzo et al. [182], in our modelling, a mean lower activation 

threshold was achieved for diseased retinae (18.6±9.56 mA.mm
-2

) compared to healthy retinae 
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(20.92±10.66 mA.mm
-2

). This difference, although is not significant (p>0.05), can be explained in 

several ways. The mean age of diseased retinae in our study was older (67 years) than healthy 

retinae (25 years), which potentially has lowered the retinal thickness for the diseased retinae 

[183]. Also the onset of disease might have resulted in decreased retinal thickness for the diseased 

retinae [184]. Therefore, in modelling subretinal direct RGC activation, diseased retinae with 

shorter electrode distance to target cells (mean 211±27.09 µm) compared to healthy retinae (mean 

220±20.03 µm) required lower activation thresholds. Another contributing factor to this 

contradiction could be comparing the outcomes of different types of retinal pathology. Here, due 

to limited incidence of RP we only had access to subjects suffering from AMD, while in Rizzo et 

al. [182], RP patients were implanted. As discussed in chapter 2, AMD and RP, while both result 

in photoreceptor cells death, target different retinal regions (i.e. the central retina in AMD and the 

peripheral/para-foveal regions in RP), and alter the retinal circuitry and the retinal structure in 

different ways. This could influence the retinal response to electrical stimulation in different 

ways, resulting in lower activation thresholds for diseased retinae in our model. Also, a majority 

of the model parameters in our simulations, such as the RGC activation formulation and the 

retinal layers extracellular conductivities, were set based on clinical studies on animal retinae (see 

chapter 6). These model parameters can vary between the human retinae and animal retinae, 

which could result in lower activation thresholds for diseased retinae in our simulations.   

It is notable that there were inconsistency in the electrode positioning in the population study of 

Rizzo et al. [182]. The electrodes were placed on the temporal edge of the macula in the healthy 

case, while they were implemented in the peripheral macula, supratemporal periphery and 

superior macula for the three vision impaired patients. Different electrode positioning, similar to 

the results of section 8.2, can potentially change the activation threshold, reducing the reliability 

of Rizzo et al. [182] conclusion. A later animal trial with epiretinal implants showed no 

significant differences between the electrical activation threshold using epiretinal stimulation in 

wild and diseased rat retinae [185], opening the question of whether a larger human population 

study might affect the final conclusion of Rizzo et al. [182]. In contrast, experimental studies on 

wild and diseased mouse retinae using subretinal implants showed noticeably higher electrical 

activation thresholds in diseased mouse retinae compared to healthy retinae [88]. In these 

experiments however, different types of RGC as well as both direct and indirect RGC activations 

were considered to reach this conclusion. In our modelling, only one type of RGC and only direct 
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activation was simulated and also, due to lack of available clinical data, retinal layer 

conductivities have been kept constant in diseased and healthy retinae. We expect that 

incorporating possible changes in retinal layer conductivities as well as including indirect RGC 

activation in the model can potentially change the activation threshold in diseased retinae in our 

modelling.  
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9. Conclusions and future work 

The aim of this research was to develop patient-specific models of human retinal geometry to 

investigate the possible effect of anatomical variations between individuals on retinal implant 

performance. This was achieved by creating 3D finite element (FE) meshes of human retinae 

from both healthy and diseased subjects, using 3D optical coherence tomography (OCT) images 

and employing Poisson and bidomain equations to represent retinal activation. In future, this 

model can potentially be employed to assist developers in optimizing their device stimulus 

waveform as well as the device positioning to enhance implant performance.  

The proposed image segmentation and mesh generation technique required minimal human 

intervention, giving a robust tool to acquire anatomically based FE meshes with less than 10 µm 

RMS error to real retinal structure in OCT images. We believe, these models are the first step 

toward patient-specific models of the human retinal network, and they advanced existing discrete 

and continuum retinal models for replicating individual retinal features on prosthesis 

performance. The key contribution of this approach was to enhance our understanding of 3D 

current distribution through retinal layers under multi-electrode subretinal stimulations. This 

model for the first time enabled investigation of the effect of retinal curvature on the electrode 

distance to target cells, and allowed replicating activation threshold variations within and across 

subjects. Our model could also replicate the effect of electrode positioning (i.e. sub-foveal pit, 1 

mm and 2 mm eccentricity positions), on the device performance for each subject. It was shown 

that the device performance decreases with implant eccentricity from the fovea, which was 

consistent with previous clinical trials [16]. These predictions make the model a powerful tool to 

guide future surgical planning and can give a prior approximation of the required current for 

evoking activation under different electrode positioning in future candidates. This would make 

follow-up device tuning to be less time consuming and more efficient, and ultimately could help 

to achieve better individual performance. Another significant contribution of this model, as 

compared to existing computational models developed in commercial platforms such as 

COMSOL Mulitphysics
®
 (www.comsol.com), is that all of the FE analysis was developed, 

optimized and performed in open source environments. This enables future researchers to have an 

easy access to this model to modify and advance available codes based on their area of interest.  

http://www.comsol.com/
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To advance the current model, some additional components could be included in future studies. 

Recent experimental results from our group have indicated that by choosing short pulse stimulus 

currents (between 0.1 to 5.0 ms [89]), direct RGC activation can be reliably achieved in subretinal 

stimulation. Therefore, using a 0.5 ms pulse stimuli, in this study only direct RGC activation was 

modelled, and inner retinal layers were modelled as volume conductors. It was also assumed that 

in future clinical usage the stimulus waveform has been sufficiently encoded by a pre-processing 

unit to restore a meaningful vision of the environment by directly stimulating RGCs. The 

efficiency of such a pre-processing algorithm compared to the reliability of inner retinal layers in 

encoding the projected light following disease onset has not been fully examined and further 

studies are required. Meanwhile, adding more complexity to the current model, such as 

presynaptic inputs in order to model the late response of RGCs following the work of Yin et al. 

[136], could give more information of retinal device performance and hence assist developers to 

modify existing pre-processing algorithms.  

One of the main contributions of the inner retinal layers in encoding light is the role of the ON 

and OFF pathways. There are modelling studies that have explored the response of ON and OFF 

bipolar cells to external electrical stimulation [106]. Also, there are rich sets of recordings of ON 

and OFF RGC action potential waveforms, and their distinct contributions in encoding visual 

information have been fully studied [109]-[110]. Adding ON and OFF chains of bipolar-RGCs to 

the indirect activation modelling can extend our understanding of the restored vision to a higher 

level. A recent study [110] however, has shown that differences in ON and OFF RGC responses 

will depolarize when subject to a strong electric field. In our current framework of modelling 

subretinal direct RGC stimulation, because the electrodes are further away from RGCs, the 

electric field is not strong enough to trigger different features of ON and OFF RGCs. Hence, 

using a generic RGC activation formulation, such as the Fohlmeister et al. [98] formulation, does 

not reduce the reliability of this study.       

There are two other components that can be included at the cellular level of this model to advance 

our understanding of the RGC activation patterns. In this study, RGCs were simplified to a 

compact cylinder and RGC action potential waveform was exclusively modelled based on the 

RGC axon initial segment. This neglects the effect of the RGC morphology, including the shape 

of the dendritic tree, and aspects of cell physiology, including diverse ionic channel distributions, 
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in shaping the RGC action potential waveform. In future, these elements can be included in this 

model using morphologically-realistic RGCs in a discrete-continuum model (following the work 

of [25]) and applying multiple action potential formulations to each cell element accordingly.  

In this study, the multi-neural thick foveal RGC layer has been modelled using a continuum 

representation. During clinical trials in epiretinal stimulation, electrodes are typically implanted 

closer to the nerve fibre layer than to the RGC layer. This might result in unintended fibre 

activation, limiting the spatio-temporal resolution in implanted subjects [85]. In contrast, in 

subretinal stimulation, electrodes are located further away from the nerve fibre layer between the 

photoreceptor and RGC layers, decreasing the chance of unintended fibre stimulation. Therefore, 

for modelling subretinal direct RGC stimulation, it was sensible to model the multilayer thick 

foveal RGC and the nerve fibre layer using a continuum representation. In order to improve the 

accuracy of the current model at the continuum level, a modification of the bidomain equations, 

such as the one developed by Joarder et al. [135], could be employed to model the intracellular 

connection of the RGC axon initial segment to the more distal RGC axon elements. This can be 

achieved by modifying existing codes in the new library of CMISS 

(http://www.cmiss.org/openCMISS ), and validating against existing clinical data and previous 

models developed in commercial platforms [135].  

To date, there have been few clinical measurements of the human retinal features, and the 

majority of the current model parameters were determined from limited available data. These 

parameters can vary from one subject to another, which ultimately can affect the activation 

threshold and the activation pattern. They include, but are not limited to, the extracellular 

conductivity of the human retinal layers in healthy and diseased retinae, RGC density variations, 

as well as RGC morphology/physiology variations. The extracellular conductivities of this model 

were adapted from healthy rabbit retina and were kept the same for dry AMD retinae. Changes in 

extracellular conductivity act as a scalar in the extracellular potential distribution through retinal 

layers (see chapter 7.2 and appendix D), which ultimately can change the activation threshold. An 

ideal experiment to assist future models would be measuring extracellular conductivity in a donor 

human retina suffering from orbital cancer.  

In this thesis, for the first time, RGC density variations in healthy human retina were included in 

continuum modelling, and it was shown that this parameter affects the surface to volume ratio in 

http://www.cmiss.org/openCMISS
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bidomain equations, scaling the activation threshold (see chapter 8.3). There is evidence showing 

that in early stages of dry AMD, the RGC layer is well preserved [161]. Therefore, using identical 

surface to volume ratio values between healthy and diseased retinae in this study does not 

diminish the reliability of the results. However, for late stages of dry AMD, wet AMD, and RP, 

RGC density has been shown to decrease over time [66][161]. In the future, to model the retinal 

device performance with these diseases, a modification of the surface to volume ratio is required. 

As more clinical and experimental data become available, the possibility of spatially varying 

human retinal properties can be readily included in the proposed model with no extra complexity. 

The current framework allows the user to load multiple files describing different material 

properties and different cellular models node by node. Such capacity would ultimately provide a 

greater degree of prediction of the current model to clinical data, and could take it one step closer 

towards a patient-specific model. 

There are other aspects of this model that can be improved as more computational resources 

became available. The maximum mesh resolution that could be achieved was almost 11 µm. 

Increasing the number of grid points at the surface of the RGC layer from 3×3 to 4×4 did not 

significantly change the threshold and pattern of activation (see appendix C), suggesting that this 

resolution was reasonably sufficient for our simulations. However, due to limited computational 

resources, the acquired 6×6 mm
2
 meshes in chapter 5 were divided into three individual meshes to 

model different eccentricity sites. With additional computational power, one could model a larger 

FE mesh covering the entire macula and explore a larger array of electrodes simultaneously 

stimulating the retina.  

The OCT dataset used in this study had a very poor contrast at the interface of the inner plexiform 

layer and the ganglion cell layer (the IPL/GCL surface), preventing the reconstruction of separate 

retina layers. As higher resolution OCT images become available, separate retinal layers can be 

distinguished and added to this framework, allowing the model to represent the retinal structure 

with more accuracy. This will allow the incorporation of the location of different RGC elements, 

i.e. dendritic tree, soma and axon, more accurately, allowing the use of employing different RGC 

activation formulations accordingly.  

Further work can be undertaken to extend our observations by imaging a larger human 

population. Here, we had access to five healthy subjects and five patients diagnosed with early 
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stage dry AMD. While there are few studies that have included patients suffering from AMD, 

such in [101],[186], the primary target of retinal prostheses in clinical studies have been patients 

suffering from RP. RP is far less frequent than AMD, and therefore, we could not find human 

volunteers for this study. As discussed in chapter 2, both AMD and RP, while different in 

symptoms and causes, target photoreceptor cells, block the sensory vision, and ultimately cause 

blindness. This process is followed by anatomical deformations in retinal structure, clinically 

observed in OCT images in both diseases. The segmentation and mesh generation methods of this 

thesis were developed regardless of the pathology, and can be reliably employed for RP OCT 

images to cover para-foveal retinal deformation after RP onset. Also, in this study, the inner and 

outer retinal layers were modelled as volume conductors to investigate direct RGC stimulation. 

Hence, in this model the effect of physiological alteration of each pathology on the retinal 

response to electrical stimulation is limited to their effect on the retinal extracellular conductivity 

(refer to chapter 7.2 and appendix D to explore the effect of extracellular conductivity variations 

on the retinal prosthesis performance). 

The mean age of diseased patients was 67.4 with age range 53-79 years, whereas the mean age in 

healthy subjects was 27, range 25-35 years. Ideally, the mean age of diseased subjects and the 

control group (healthy subjects) should have been matched. This however, could not be achieved 

due to our limited access to volunteers. In addition, due to the effect of the disease in decreasing 

retinal thickness [184], consequence of age mismatch in our dataset could be magnifying the 

retinal thickness reduction in diseased retinae [183], reducing the activation threshold in the 

diseased simulations (see chapter 8.3). It was shown that the 3D human retinal structure can 

potentially affect the electric current steering pattern, yielding different activation pattern in each 

subject. In future, including a larger age-matched dataset with early and late staged AMD patients, 

as well as including patients with RP, allows applying principle component analysis on the overall 

3D retinal structure for each subcategory, giving more generalized threshold measurements. In the 

long term, this will allow manufacturers to design more appropriate retinal implants suitable for 

each category. 

Finally, the developed model in this thesis was not validated against clinical studies due to our 

limited access to human data. Previous continuum models, such as in Joarder et al. [135], the 

epiretinal model thresholds were validated against experimental data of rabbit retina by tuning the 
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model parameters. Here, we selected to employ model parameters, such as cell density, from 

human data and use them in entire simulations to increase its similarity to the human retina. Also, 

the model geometries of this study were based on human OCT images which ultimately increased 

the electrode distance to target cells in subretinal stimulation compared to animal subretinal 

stimulation. This increased our activation threshold compared to animal studies, preventing us to 

validate our model against experimental studies on animals. The reported activation thresholds in 

experimental studies on human subretinal stimulation, as shown in chapter 8, vary significantly 

from a subject to another. This prevented us from validating our activation thresholds against 

available human data. However, throughout this thesis, the applied current was compared with the 

safe current limit of platinum electrodes, and our expectation is that this would avoid future 

damages to the human retinal tissue. Also, the employed system of equations and the applied 

finite element analysis in this thesis has been previously validated for electrical activities of other 

human tissues, such as cardiac tissue [90], [164], and human stomach [176], promising reliable 

computational implementation. In future, by enhancing collaboration with industry, anatomically-

correct models of implanted human subjects can be developed, and the proposed model in this 

thesis can be validated and tuned against clinical data.          
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Appendix A  

Matlab Files 

Segmenting OCT images 

 

%%%% This file reads the Raw OCT image and writes down the detected borders in a CSV file 

clear all; 

close all; 

OCT_image=imread('000208720150519010001oct_l_1.jpg');   %% reading the raw OCT image 

% %%%%%  ILM Border Detection %%%%%%%% 

OCT_image_edge=edge(OCT_image,'canny',[0.1,0.5]); 

dim=size(OCT_image); 

ILM_pixel=zeros(dim); 

for i=dim(1):-1:1 

    for j=1:dim(2) 

        if (OCT_image_edge(i,j)==1) 

            if (ILM_pixel(i+1:dim(1),j)==0) 

            ILM_pixel(i,j)=1;  

            end 

        end 

    end 

end 

% %%%%%  IS_OS/ONL Border Detection %%%%%%%%  

OCT_image_edge=edge(OCT_image, 'canny', [0.2,0.6]); 

IS_OS_ONL_pixel=zeros(dim); 

for i=1:dim(1) 



Appendix A 136 

 
 

 

 

    imin=max(i-1, 1); 

    for j=1:dim(2) 

        if (ILM_pixel(i,j)==1)                                                                                                  %% the IS_OS_ONL is located above the ILM border 

            for in=imin:-1:1 

                if (OCT_image_edge(in,j)==1) 

                    if   in<i-35 

                        if (IS_OS_ONL_pixel(in+1:dim(1),j)==0) 

                            IS_OS_ONL_pixel(in,j)=1; 

                        end 

                    end 

                end 

            end 

        end 

    end 

end 

% %%%%%  Choroid/RPE Border Detection %%%%%%%%  

OCT_image_edge=edge(OCT_image,'canny',[0.2,0.3]); 

Choroid_RPE_pixel=zeros(dim); 

 for i=1:dim(1) 

     for j=1:dim(2) 

         if (IS_OS_ONL_pixel(i,j)==1)                                                                                  %% the Choroid/RPE is located above the IS_OS/ONL border 

            for in=i-2:-1:1 

                if OCT_image_edge(in,j)==1 

                    if  in>i-23 && in<i-13 

                        if (Choroid_RPE_pixel(in:dim(1),j)==0) 

                            Choroid_RPE_pixel(in,j)=1; 
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                        end 

                    end 

                end 

            end 

         end 

     end 

 end 

% %%%%%  ONL/OPL, OPL/INL and INL/IPL Borders are saved in Binary_edge  %%%%%%%%  

Binaryimage=DenoisingFunction(OCT_image,6 ); 

Binary_edge=edge(Binaryimage,'canny'); 

for i=1:dim(1) 

    imax=min(i+15,dim(1)); 

    imin=min(i+1:dim(1)); 

    for j=1:dim(2) 

         if V_pixel(i,j)==1                                                                                                  %% the ONL/OPL, OPL/INL and INL/IPL  are between ILM,IS_OS/ONL 

            Binary_edge(imin:dim(1),j)=0; 

         end 

         if IS_OS_ONL_pixel(i,j)==1 

            Binary_edge(1:imax,j)=0; 

         end 

    end 

 end 

%% Enhancing the detected borders %%%%%%%% 

AllBorders=Binary_edge+ILM_pixel+IS_OS_ONL_pixel+Choroid_RPE_pixel;    %% making the big matrix of all detected borders 

for i=1:dim(1) 

     for j=1:dim(2) 



Appendix A 138 

 
 

 

 

         imin=max(1,i-1); 

         imax=min(i+1,dim(1)); 

         jmin=min(j+1,dim(2)); 

         jmax=min(j+2,dim(2)); 

         if AllBorders(i,j)==1 

             if(AllBorders(imin:imax,jmin:jmax)==0)                                                        %%%% find the gap in the detected border 

                 [r4,c4]=find(AllBorders(1:dim(1),jmin:dim(2))); 

                 if ~(isempty(c4))                                                                                            %% find the other ledge of the gap 

                     dimr=size(r4); 

                     dis=zeros(dimr(1),1); 

                     for s=1:dimr(1) 

                         dis(s)=abs(i-r4(s))+c4(s); 

                     end 

                     indexmin=find(min(dis)==dis,1); 

                     if abs(i-r4(indexmin))<10                                                                         %%fill the gap by a linear interpolation 

                         jindex=min(dim(2),jmin+c4(indexmin)); 

                         rpts = linspace(i,r4(indexmin)); 

                         cpts = linspace(jmin,jindex); 

                         index = sub2ind(dim,round(rpts),round(cpts)); 

                         AllBorders(index)=255; 

                     end 

                 end 

             end 

         end 

     end 

 end 
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AllBorders=bwareaopen(AllBorders,5);                                                                     %% delete the relatively small lines 

csvwrite(segmentedOCT,AllBorders);                                                %%% writing the file in CSV format 

Writing data cloud files for CMISS 

%% This file is to write 3D data cloud of the choroid/RPE border for CMISS. It will be the same for other retinal borders  

%% it starts by reading the segmented files, registering the OCT images, down sampling the detected borders finally writing the ipdata file for 

%%CMISS 

close all; 

clear all; 

 %% Reading the first segmented OCT file 

 Slide_1=csvread('000215220150616010003oct_l_1.csv',12); 

%%%% General parameters of this dataset 

Distance_between_each_two_OCT_slides=0.0234; 

pixel_size_x=0.0234; 

pixel_size_y=0.0234; 

pixel_size_z=0.00410; 

Sampling_Rate=2; 

IS_OS_1=Slide_1(1:255,5); 

IS_OS_1_mean=mean(IS_OS_1);                                                                                     %% This will be used to register the OCT images 

%% Reading the next segmented OCT images 

for k = 140:256  %% this defines which OCT slides of the total slides will be used to create the data cloud. 

  myfilename = sprintf('000215220150616010003oct_l_%d.csv%3d.txt',k); 

  Current_Slide = csvread(myfilename,12);                                                                    % reading the excel files that contains the segmented boundary 

  Number_of_Current_Slide=k; 

  c=Number_of_columns_of_the_current_slide; 

  Number_of_data_in_each_border=Number_of_columns_of_the_current_slide/Sampling_Rate; 

  DB=Number_of_data_in_each_border; 

  DB=floor(DB); 
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    %%% Registering the OCT images 

    IS_OS_2=Current_Slide(1:255,5);  

  IS_OS_2_mean=mean(IS_OS_2); 

  IS_OS_offset=IS_OS_1_mean-IS_OS_2_mean; 

  %% Adding the Offset to the boundaries 

  RPE_full=Slide_128(1:255,6)+IS_OS_offset; 

  RPE_full=RPE_full(75:191,1); 

%% Down sampling the detected border  

  RPE=zeros(c,1); 

  z_RPE=zeros(DB,1); 

  size_Z=1; 

  for i=1:Sampling_Rate:117 

      RPE(i)=RPE_full(i,1); 

      z_RPE(size_Z)=RPE_full(i,1); 

      size_Z=size_Z+1; 

  end 

    % mapping the image coordinates to the Cartesian coordinates  

    z_RPE=z_RPE.*pixel_size_z; 

  y=74:Sampling_Rate:190;                                                                                               %% the columns used to create the datacloud 

  y=y'; 

  y=y.*pixel_size_y; 

  dim=size(y); 

  Ones=ones(dim);  %%% the units of the coordinates in ipdata  

  x=ones(dim)*Number_of_Current_Slide*Distance_between_slides; 

    % writing the ipdata file 

    count = 0; 
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  myfile=fopen('3D_DataCloud_RPE.ipdata','a+'); 

  if k>1 

      while ischar(fgetl(myfile)) 

          count = count + 1; 

      end 

  end 

  for i=1:dim 

      fprintf(myfile,'\n%2d %2d %10f %10f %2d %2d %2d',count+i,x(i),y(i),z_RPE(i),Ones(i),Ones(i),Ones(i)); 

  end 

end 

Writing the ipnode file for CMISS 

 

% This file first register the OCT images and then create the node file for CMISS 

close all 

clear all 

%% Reading the first segmented OCT file 

Slide_1=csvread('000215220150616010003oct_l_1.csv',12); 

%%%% General information of the dataset 

My_column=1:256; 

My_column=My_column'; 

Distance_between_slides=0.0234; 

pixel_size_y=0.0234; 

pixel_size_z=0.00410; 

IS_OS_1=Slide_1(1:255,5); 

%%% Calculating the mean of the IS/OS boundary of the first slide 

IS_OS_1_mean=mean(IS_OS_1); 
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%% Reading the slides to create Nodes, these can vary depend on the size of the mesh or the region 

OCT_Slides=[103,113,118,123,125,127,129,131,133,135,137,139,141,146,151,161];%%% the slides to make nodes for periphery activation 

element 100micrometer 

 Y_Slide=[103,113,118,123,125,127,129,131,133,135,137,139,141,146,151,161]; %%% the location of the nodes in the boundary 

dim_x=size(OCT_Slides); 

dim_y=size(Y_Slide); 

number_of_nodes_in_each_slide=5*dim_y(1,2);                    % 5 is the number of retinal borders we have 

number_of_nodes_in_each_boundary=dim_y(1,2); 

for i=1:dim_x(1,2) 

    myfilename = sprintf('000215220150616010003oct_l_%d.csv%3d.txt', OCT_Slides(1,i)); 

    Slide_128 = csvread(myfilename,12); % reading the excel files thant contains the segmented boundary 

    Number_of_Current_Slide=OCT_Slides(1,i);  

    Number_of_Slide__for_Node=i;     

     %% Calculating the offset of each boundary 

    IS_OS_2=Slide_128(1:255,5); 

    IS_OS_2_mean=mean(IS_OS_2); 

    IS_OS_offset=IS_OS_1_mean-IS_OS_2_mean; 

    %% Registering the borders 

    ILM_full=Slide_128(1:255,1)+IS_OS_offset; 

    IPL_full=Slide_128(1:255,3)+IS_OS_offset; 

    OPL_full=Slide_128(1:255,4)+IS_OS_offset; 

    IS_OS_full=Slide_128(1:255,5)+IS_OS_offset; 

    RPE_full=Slide_1(1:255,6)+IS_OS_offset; 

      %% mapping x,y,z from image coordinates to Cartesian coordinates 

    %% Z ILM 

    ILM=zeros(dim_y(1,2),1); 

    for y_coordinate=1:dim_y(1,2) 
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        ILM(y_coordinate,1)=ILM_full(Y_Slide(1,y_coordinate),1); 

    end 

    ILM=ILM*pixel_size_z; 

    %% Z IPL 

    IPL=zeros(dim_y(1,2),1); 

    for y_coordinate=1:dim_y(1,2) 

        IPL(y_coordinate,1)=IPL_full(Y_Slide(1,y_coordinate),1); 

    end 

    IPL=IPL*pixel_size_z; 

    %% Z OPL 

    OPL=zeros(dim_y(1,2),1); 

    for y_coordinate=1:dim_y(1,2) 

        OPL(y_coordinate,1)=OPL_full(Y_Slide(1,y_coordinate),1); 

    end 

    OPL=OPL*pixel_size_z; 

    %% Z IS_OS 

    IS_OS=zeros(dim_y(1,2),1); 

    for y_coordinate=1:dim_y(1,2) 

        IS_OS(y_coordinate,1)=IS_OS_full(Y_Slide(1,y_coordinate),1); 

    end 

    IS_OS=IS_OS*pixel_size_z; 

    %% Z RPE 

    RPE=zeros(dim_y(1,2),1); 

    for y_coordinate=1:dim_y(1,2) 

        RPE(y_coordinate,1)=RPE_full(Y_Slide(1,y_coordinate),1); 

    end 
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    RPE=RPE*pixel_size_z; 

    %% y all boundaries 

    y=Y_Slide*pixel_size_y; 

    y=y'; 

    %% x all boundaries 

    x=ones(dim_y(1,2),1); 

    x=x*Number_of_Current_Slide*Distance_between_slides; 

    %% writing the Node file 

    myfile_2=fopen('Nodes_refined_smaller.txt','a+'); 

    if (Number_of_Slide__for_Node==1) 

        fprintf(myfile_2,' CMISS Version 1.21 ipnode File Version 2 \n Heading:\n \n The number of nodes is [    1]: %2d \n Number of coordinates 

[2]: 3',number_of_nodes_in_each_slide*dim_x(1,2)); 

        fprintf(myfile_2,'\n Do you want prompting for different versions of nj=1 [N]? N '); 

        fprintf(myfile_2,'\n Do you want prompting for different versions of nj=2 [N]? N '); 

        fprintf(myfile_2,'\n Do you want prompting for different versions of nj=3 [N]? N '); 

        fprintf(myfile_2,'\n The number of derivatives for coordinate 1 is [0]: 0'); 

        fprintf(myfile_2,'\n The number of derivatives for coordinate 2 is [0]: 0'); 

        fprintf(myfile_2,'\n The number of derivatives for coordinate 3 is [0]: 0 \n'); 

    end 

    for j=1:number_of_nodes_in_each_boundary 

        fprintf(myfile_2,'\n Node number [    %2d]: %2d',j+(Number_of_Slide__for_Node-

1)*number_of_nodes_in_each_slide,j+(Number_of_Slide__for_Node-1)*number_of_nodes_in_each_slide);  

        fprintf(myfile_2,'\n The Xj(1) coordinate is [ 0.00000E+00]: %2d ',x(j,1)); 

        fprintf(myfile_2,'\n The Xj(2) coordinate is [ 0.00000E+00]: %2d',y(j,1)); 

        fprintf(myfile_2,'\n The Xj(3) coordinate is [ 0.00000E+00]: %2d \n ',ILM(j,1)); 

    end 

    for j=1:number_of_nodes_in_each_boundary 
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        fprintf(myfile_2,'\n Node number [    %2d]: %2d',j+number_of_nodes_in_each_boundary+(Number_of_Slide__for_Node-

1)*number_of_nodes_in_each_slide,j+(Number_of_Slide__for_Node-

1)*number_of_nodes_in_each_slide+number_of_nodes_in_each_boundary);  

        fprintf(myfile_2,'\n The Xj(1) coordinate is [ 0.00000E+00]: %2d ',x(j,1)); 

        fprintf(myfile_2,'\n The Xj(2) coordinate is [ 0.00000E+00]: %2d',y(j,1)); 

        fprintf(myfile_2,'\n The Xj(3) coordinate is [ 0.00000E+00]: %2d \n ',IPL(j,1)); 

    end 

    for j=1:number_of_nodes_in_each_boundary 

        fprintf(myfile_2,'\n Node number [    %2d]: %2d',j+(2*number_of_nodes_in_each_boundary)+(Number_of_Slide__for_Node-

1)*number_of_nodes_in_each_slide,j+(Number_of_Slide__for_Node-

1)*number_of_nodes_in_each_slide+(2*number_of_nodes_in_each_boundary));  

        fprintf(myfile_2,'\n The Xj(1) coordinate is [ 0.00000E+00]: %2d ',x(j,1)); 

        fprintf(myfile_2,'\n The Xj(2) coordinate is [ 0.00000E+00]: %2d',y(j,1)); 

        fprintf(myfile_2,'\n The Xj(3) coordinate is [ 0.00000E+00]: %2d \n ',OPL(j,1)); 

    end 

    for j=1:number_of_nodes_in_each_boundary 

        fprintf(myfile_2,'\n Node number [    %2d]: %2d',j+(3*number_of_nodes_in_each_boundary)+(Number_of_Slide__for_Node-

1)*number_of_nodes_in_each_slide,j+(Number_of_Slide__for_Node-

1)*number_of_nodes_in_each_slide+(3*number_of_nodes_in_each_boundary));  

        fprintf(myfile_2,'\n The Xj(1) coordinate is [ 0.00000E+00]: %2d ',x(j,1)); 

        fprintf(myfile_2,'\n The Xj(2) coordinate is [ 0.00000E+00]: %2d',y(j,1)); 

        fprintf(myfile_2,'\n The Xj(3) coordinate is [ 0.00000E+00]: %2d \n ',IS_OS(j,1)); 

    end 

    for j=1:number_of_nodes_in_each_boundary 

        fprintf(myfile_2,'\n Node number [    %2d]: %2d',j+(4*number_of_nodes_in_each_boundary)+(Number_of_Slide__for_Node-

1)*number_of_nodes_in_each_slide,j+(Number_of_Slide__for_Node-

1)*number_of_nodes_in_each_slide+(4*number_of_nodes_in_each_boundary));  

        fprintf(myfile_2,'\n The Xj(1) coordinate is [ 0.00000E+00]: %2d ',x(j,1)); 

        fprintf(myfile_2,'\n The Xj(2) coordinate is [ 0.00000E+00]: %2d',y(j,1)); 
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        fprintf(myfile_2,'\n The Xj(3) coordinate is [ 0.00000E+00]: %2d \n ',RPE(j,1)); 

    end 

    fclose(myfile_2);     

 end 

Writing the ipelem file 

%% this file is to write ipelem file for CMISS. 

close all 

clear all 

myfile=fopen('elements.txt','w'); 

row=5;                                                                  %% Number of boundary in each slide 

NS=9;                                                                    %% Number of all slides for providing node 

NnB=9;                                                                 %% number of nodes in each boundary 

ne=NnB-1;                                                           %% Number of element between each two boundary 

NeS=(NnB-1)*(row-1);                                      %% Number of elements between each two slides 

NnS=(row*NnB);                                               %% Number of nodes in each slide 

NeBS=(NnB-1)*(NS-1);                                     %%  Number of elements between each two retinal surfaces 

NSlide_B=NnS+NnB; 

%% for the numbers used in the following lines use the nodes number  

fprintf(myfile,' CMISS Version 1.21 ipelem File Version 2 \n Heading: \n \n The number of elements is [1]: %2d ',(ne*(row-1))*(NS-1)); 

         for r=1:row-1   

           for j=1:NS-1 

             for i=1:NnB-1 

                fprintf(myfile,'\n \n Element number [    %2d]: %2d',i+(j-1)*(NnB-1)+(r-1)*NeBS,i+(j-1)*ne+(r-1)*NeBS); 

                fprintf(myfile,'\n The number of geometric Xj-coordinates is [2]: 3 \n The basis function type for geometric variable 1 is [1]: 1 \n The 

basis function type for geometric variable 2 is [1]: 1 \n The basis function type for geometric variable 3 is [1]: 1'); 

                fprintf(myfile,'\n Enter the 8 global numbers for basis 1: %2d %2d %2d %2d %2d %2d %2d %2d',1+(i-1)+NnS*(j-1)+NnB*(r-1),2+(i-

1)+NnS*(j-1)+NnB*(r-1),1+NnS+(i-1)+NnS*(j-1)+NnB*(r-1),2+NnS+(i-1)+NnS*(j-1)+NnB*(r-1),1+NnB+(i-1)+NnS*(j-1)+NnB*(r-1),2+NnB+(i-

1)+NnS*(j-1)+NnB*(r-1),1+NnS+NnB+(i-1)+NnS*(j-1)+NnB*(r-1),2+NnS+NnB+(i-1)+NnS*(j-1)+NnB*(r-1)); 
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                fprintf(myfile,'\n Enter the 8 numbers for basis 4 [prev]: %2d %2d %2d %2d %2d %2d %2d %2d',1+(i-1)+NnS*(j-1)+NnB*(r-1),2+(i-

1)+NnS*(j-1)+NnB*(r-1),1+NnS+(i-1)+NnS*(j-1)+NnB*(r-1),2+NnS+(i-1)+NnS*(j-1)+NnB*(r-1),1+NnB+(i-1)+NnS*(j-1)+NnB*(r-1),2+NnB+(i-

1)+NnS*(j-1)+NnB*(r-1),1+NnS+NnB+(i-1)+NnS*(j-1)+NnB*(r-1),2+NnS+NnB+(i-1)+NnS*(j-1)+NnB*(r-1)); 

             end 

           end 

         end

Appendix B 

 CMISS Files 

Fitting  

%% This file is to fit the initial mesh to the acquired data cloud. The number of the nodes and 

retinal faces can change according to the size of the mesh. Here we only insert codes for 

RPE/choroid surface. Other surfaces can be fitted in the same way. 

# Creating a folder to put the outputs in 

if (!defined $example) 

{ 

    $OUT="output"; unless (-d $OUT) {mkdir $OUT}; 

    $example ='.'; 

} else 

{ 

    $OUT="."; 

} 
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$object='Healthy_June_15'; 

$off=100; 

$offi=1000; 

$offd=0; 

$tot_itt=4 

#============================================================================= 

#                                  Under Lying Geometry and Settings 

#============================================================================= 

#============ Define parameter set ============ 

fem define para;r;${object};example 

fem define coordinate;r;${object};example 

#============ Define underlying geometry ============ 

fem define node;r;Nodes_refined_smaller;example 

fem export nodes;"$OUT/initial" as initial 

fem define base;r;${object};example 

fem define element;r;elements;example 

fem export nodes;"$OUT/initial" as initial 

fem export elem;"$OUT/initial" as initial 

fem update nodes derivative 3 linear; 

fem update nodes derivative 1 linear; 
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fem update nodes derivative 2 linear; 

fem export nodes;"$OUT/initial1" as initial 

fem export elem;"$OUT/initial1" as initial 

fem define data;r;3D_DataCloud_RPE;example 

fem export data;"$OUT/RPE" as RPE 

fem define data;r;3D_DataCloud_ILM;example 

fem export data;"$OUT/ILM" as ILM 

fem define data;r;3D_DataCloud_OPL;example 

fem export data;"$OUT/OPL" as OPL 

fem define data;r;3D_DataCloud_IS_OS;example 

fem export data;"$OUT/IS_OS" as IS_OS 

#============ Define Retina layers surfaces ============ 

fem group elem 1..255 as ILM 

fem group elem 256..450 as IPL 

fem group elem 451..675 as OPL 

fem group elem 676..900 as IS_OS 

##  RPE: 

fem group faces 

2345,2349,2353,2357,2361,2365,2369,2373,2377,2381,2385,2389,2393,2397,2401,2405,2408,

2411,2414,2417,2420,2423,2426,2429,2432,2435,2438,2441,2444,2447,2451,2454 as RPE_1 
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fem group faces 

2457,2460,2463,2466,2469,2472,2475,2478,2481,2484,2487,2490,2493,2497,2500,2503,2506,

2509,2512,2515,2518,2521,2524,2527,2530,2533,2536,2539,2543,2546,2549,2552 as RPE_2 

fem group faces 

2555,2558,2561,2564,2567,2570,2573,2576,2579,2582,2585,2589,2592,2595,2598,2601,2604,

2607,2610,2613,2616,2619,2622,2625,2628,2631,2635,2638,2641,2644,2647,2650 as RPE_3 

fem group faces 

2653,2656,2659,2662,2665,2668,2671,2674,2677,2681,2684,2687,2690,2693,2696,2699,2702,

2705,2708,2711,2714,2717,2720,2723,2727,2730,2733,2736,2739,2742,2745,2748 as RPE_4 

fem group faces 

2751,2754,2757,2760,2763,2766,2769,2773,2776,2779,2782,2785,2788,2791,2794,2797,2800,

2803,2806,2809,2812,2815,2819,2822,2825,2828,2831,2834,2837,2840,2843,2846 as RPE_5 

fem group faces 

2849,2852,2855,2858,2861,2865,2868,2871,2874,2877,2880,2883,2886,2889,2892,2895,2898,

2901,2904,2907,2911,2914,2917,2920,2923,2926,2929,2932,2935,2938,2941,2944 as RPE_6 

fem group faces 

2947,2950,2953,2957,2960,2963,2966,2969,2972,2975,2978,2981,2984,2987,2990,2993,2996,

2999,3003,3006,3009,3012,3015,3018,3021,3024,3027,3030,3033,3036,3039,3042,3045 as 

RPE_7 

fem group faces RPE_1,RPE_2,RPE_3,RPE_4,RPE_5,RPE_6,RPE_7 as L_RPE 

#============ Define Nodes of Layers ============ 

fem group nodes 

65..80,145..160,225..240,305..320,385..400,465..480,545..560,625..640,705..720,785..800,865..

880,945..960,1025..1040,1105..1120,1185..1200,1265..1280 as RPE 

#============================================================================= 
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#                                  Fitting For RPE Layer 

#============================================================================= 

#============ Reading Data cloud of RPE surface ============  

fem define data;r;3D_DataCloud_RPE;example 

fem export data;"$OUT/${object}_RPE" as ${object}_RPE 

#============ Fitting for RPE, the nodes of surfaces should be fixed ============ 

fem group nodes IS_OS,OPL,IPL,ILM,Vitr as Other  

#============ Define The mean square error between data and initial mesh ============ 

fem def xi;c closest_face faces L_RPE 

fem li data error 

fem define field; d 

fem update field from geometry 

fem define elements;d field 

#============ Fitting Process ============ the same approach is employed for other 

surfaces 

for ($fit_itt=1; $fit_itt<=$tot_itt; $fit_itt=$fit_itt+1) 

  { 

   fem def fit;r;${object}_RPE;example geometry faces L_RPE 

   fem fit 

   fem update node fit 
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   fem update scale_factor normalise 

   fem li data error 

   fem def xi;c closest_face faces L_RPE 

   fem li data error deformed 

   system "echo ' ================' "  

   system "echo ' ITERATION ${fit_itt} DONE' " 

   system "echo ' ================' " 

  } 

fem define node;w;${object}_fitted_RPE as ${object}_fitted_RPE 

fem define elem;w;${object}_fitted_RPE as ${object}_fitted_RPE 

fem update nodes derivative 3 linear; 

fem update nodes derivative 1 linear; 

fem update nodes derivative 2 linear; 

fem update scale_factor normalise 

#============================================================================= 

#                       Calculating the error after finalizing the Fitting 

#============================================================================= 

fem define data;r;3D_DataCloud_RPE;example 

fem def xi;c closest_face faces L_RPE 

fem li data error deformed 
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#============================================================================= 

#                                 Exporting the Final Fitted Mesh 

#============================================================================= 

fem export nodes;"$OUT/All_Fitted_NORM" as All_Fitted_NORM   

fem export elem;"$OUT/All_Fitted_NORM" as All_Fitted_NORM   

Retinal electrical stimulation modelling  

 

# Retina stimulation- this example solve for an array of hexapolar electrode configuration  

# Creating a folder to put the outputs in 

if (!defined $example) 

{ 

    $OUT="output"; unless (-d $OUT) {mkdir $OUT}; 

    $example ='.'; 

} else 

{ 

    $OUT="."; 

} 

$EXPORT=1; 

$HISTORY=1; 

$HISTFILE="$OUT/action_potential"; 

# Set up for bidomain. 
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$VM=1 

$PHI_E=2 

$object='Healthy_Aug_14'; 

#============================================================================= 

#                                  Under Lying Geometry and Settings 

#============================================================================= 

#============ Define parameter set ============ 

fem define para;r;${object};example 

fem define coordinate;r;${object};example 

system("ps u $$"); 

#============ Define underlying geometry ============ 

fem define node;r;refined_OPL;example 

fem define base;r;${object};example 

fem define element;r;refined_OPL;example 

#============ Define Retinal Layer ============ 

##General Grouping 

fem group elem all as all_elements; 

fem group node in elem all_elements as all_nodes; 

fem group elem all external s3=0 as s3_0; 

fem group elem all external s3=1 as s3_1; 
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fem group elem all external s2=0 as s2_0; 

fem group elem all external s2=1 as s2_1; 

fem group elem all external s1=0 as s1_0; 

fem group elem all external s1=1 as s1_1; 

fem group node in elem s3_0 xi3=0 as xi3_0; 

fem group node in elem s3_1 xi3=1 as xi3_1; 

fem group node in elem s2_0 xi2=0 as xi2_0; 

fem group node in elem s2_1 xi2=1 as xi2_1; 

fem group node in elem s1_0 xi1=0 as xi1_0; 

fem group node in elem s1_1 xi1=1 as xi1_1; 

##Specific Grouping ===> Electrode configuration  

## Five Hex 

fem group elements 4838 as injectc 

fem group elements 3473..3474,3503..3504,4837,4839 as returnc 

fem group elem 756 as injec1 

fem group elem 757,2121,755,2120,2090,2091 as return1 

fem group elem 831 as injec2 

fem group elem 832,2196,2195,830,2165,2166 as return2 

fem group elem 836 as injec3 

fem group elem 837,2201,2200,835,2170,2171 as return3 
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fem group elem 761 as injec4 

fem group elem 762,2126,2125,760,2095,2096 as return4 

fem group elem injec1,injec2,injec3,injec4,injectc as injecting 

fem group elem return1,return2,return3,return4,returnc as returning  

fem group elements injecting,returning as our_electrodes 

#============ Define Retinal Layer ============ 

fem group elem 1..225,1351..1575,2701..2925,4051..4275 as IPL 

fem group elem 226..450,1576..1800,2926..3150,4276..4500 as lower_OPL 

fem group elem 451..675,1801..2025,3151..3375,4501..4725 as ONL 

fem group elem 676..900,2026..2250,3376..3600,4726..4950 as RPE 

fem group elem 901..1125,2251..2475,3601..3825,4951..5175 as Vitr 

fem group elem 1126..1350,2476..2700,3826..4050,5176..5400 as OPL 

fem group elem IPL,OPL,ONL,RPE,Vitr as All_Retinal_elem 

fem group elem RPE,ONL,OPL,Vitr,lower_OPL as passive_layers 

#============================================================================= 

#                                  Setup for Equations 

#============================================================================= 

#============ Define Define grid and useful grid groups.============ 

fem def grid;r;${object};example 

fem update grid geometry 
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#fem update grid metric 

#============ Define boundary condition ============ 

fem group grid external as boundary 

fem group grid in elem s3_0 xi3=0 as reference; 

#============ Defineelectrode configuration ============ 

fem group grid face xi3 high element injectc as injectc 

fem group grid face xi3 high element injec1 as injec1 

fem group grid face xi3 high element injec2 as injec2 

fem group grid face xi3 high element injec3 as injec3 

fem group grid face xi3 high element injec4 as injec4 

fem group grid face xi3 high element returnc as returnc 

fem group grid face xi3 high element return1 as return1 

fem group grid face xi3 high element return2 as return2 

fem group grid face xi3 high element return3 as return3 

fem group grid face xi3 high element return4 as return4 

fem group grid face xi3 high element injecting as injecting 

fem group grid face xi3 high element returning as returning 

#============ Define Grid points of each retinal layer ============ 

fem group grid element RPE as RPE; 

fem group grid element ONL as ONL; 
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fem group grid element OPL as OPL; 

fem group grid element IPL as IPL; 

fem group grid element lower_OPL as lower_OPL; 

fem group grid element Vitr as Vitr; 

#============================================================================= 

#                       Setup for bidomain equations and material properties  

#============================================================================= 

fem def equa;r;${object};example class $VM,$PHI_E 

fem def cell;r;${object};example class $VM,$PHI_E 

fem def mate;r;${object};example class $VM,$PHI_E cell 

fem def mate;r;${object};example class $VM,$PHI_E 

============================================================================ 

#                                  Setup for Solving 

#============================================================================= 

#============ Define Solving Parameters =========== 

fem def time;r;${object}_2;example class $VM,$PHI_E 

fem def init;r;${object}_2;example class $VM,$PHI_E 

============ Define solvers =========== 

 fem define solv;r;CGJacIt_LSODA class 1; 

fem define solv;r;LU_Euler class 2; 



Appendix B 159 

 
 

 

 

fem export elem;"$OUT/transmembrane_000" field class 1  

fem export elem;"$OUT/extracellular_000" field class 1  

# cmgui output 

fem export nodes;"$OUT/s_1" as s_1 

fem export elements;"$OUT/s_1" grid_numbers as s_1 

 

#============================================================================= 

#                                       Solving 

#============================================================================= 

# loop through time from 0 to 1.8 msec to solve time dependent problem 

foreach $count ( '000'..'200' )  

{ 

  my $time = $count / 100; 

  if( $count == 0 ) 

   { 

      fem solve to 0 class 1,2 

    } else { 

      fem solve restart to $time class 1,2; 

    } 

  print "time: $time\n"; 
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  fem export elem;"$OUT/transmembrane_$count" field class 1 

  fem export elem;"$OUT/extracellular_$count" field class 2 

} 
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Appendix C  

The effect number of grid points across retinal surfaces on the activation 

pattern  

A flat mesh with electrode distance of 200µm was employed. A hexapolar electrode configuration 

was implanted at the surface of choroid/RPE, stimulating the retina by a biphasic cathodic-anodic 

waveform with current amplitude of 30 mA.mm
-2

 and pulse duration of 0.5 ms. The number of 

grid points through retinal layers was kept constant (4 grid points in each layer), and the number 

of grid points across retinal surfaces were increased from 2×2 to 3×3, and finally to 4×4 in x and y 

directions. The activation pattern did not noticeably change when the number of grid points 

increased from 3×3 to 4×4 in x and y directions. Increasing the number of grid points helped have 

a more circular smooth activation pattern and avoided discrete points of activation. 4×4×4 number 

of grid points in each local element was the highest grid point density that could be achieved in 

our computation system. This provided less than 12 µm distances between grid points located at 

electrodes and activation area. 

 

 

Figure I: Effect of increasing number of grid points from 2×2 to 3×3, and finally to 4×4 across retinal surfaces. (A) 

Transmembrane potential distribution. (B) Extracellular potential distribution at the surface of the active region 0.5 ms 

after stimulus onset. The black contours in the right panels specify the iso-potential surfaces ranging between +20 and -80 

mV at the step of 5 mV. 
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Appendix D 

The effect of the outer retinal layer extracellular conductivity variations on 

the extracellular potential distribution at the surface of the RGC layer 

Throughout this thesis, the extracellular conductivity of the retinal layers was set based on the 

clinical study of Karwosky et al. [158]. Here, the effect of possible changes in the extracellular 

conductivity of outer retinal layers, including ONL, OPL and INL, on the extracellular potential 

distribution was explored as follows. In each simulation, the extracellular conductivity of all 

layers was kept fixed and only the extracellular conductivity of the layer of interest was varied 

from 20% decrease to 20% increases relative to the healthy rabbit retina. Figure VIII illustrates 

the effect of changing extracellular conductivity of outer retinal layers on the range of the 

extracellular potential values at the surface of the RGC layer. In each simulation, a hexapolar 

electrode configuration was placed in the subretinal space at the sub-foveal pit region of a healthy 

retina (Subject 1H), stimulating the retina using a biphasic cathodic-anodic stimulus with 30 

mA.mm
-2

 current density.  

 

Figure VIII: The extracellular conductivity of ONL (the green bars) and the OPL+INL (the blue bars) were varied from 

20% decreases to 20% increases from the normal healthy rabbit extracellular conductivity, and the maximum and the 

minimum of the extracellular potential distribution at the RGC layer 0.5 ms after stimulus onset were measured.  

Within the first 0.5 ms from the stimulus onset (during the cathodic phase), 20% decreases in the 

extracellular conductivity of ONL and OPL+INL resulted in 17.78% and 10.24% decreases in the 
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minimum of the extracellular potential values respectively. Increasing the extracellular 

conductivity by 20% in ONL and OPL+INL resulted in 27.76% and 19.33% increase in the 

minimum of the extracellular potential values respectively. It was evident that the extracellular 

potential distribution was more sensitive to the changes in ONL layer than the OPL+INL in 

subject 1H. Therefore, it can be concluded that the variations in the extracellular conductivity act 

as scalar in the diffusion term of the Poisson equation, albeit non-linearly with different slops for 

each outer retinal layer. A more complex sensitivity analysis can be conducted in future to 

investigate the effect of individual 3D human retinal structure, as well as different sites of 

electrode placement on the dependency of extracellular potential distribution on the extracellular 

conductivity variations. This will allow the manufacturers to have a more accurate understanding 

of the current steering pattern in the implanted subject.   
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