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Introduction
Artificially generated vision has the potential to greatly improve quality of life for the 4.2 million Americans over the age of forty who suffer from legal blindness or low-vision [1]. The methods by which research
groups and industries attempt to induce artificial percepts are widely varied in both stimulation (microelectrodes, photovoltaic, optogenetic) and in targeted layers (subretinal - bipolar cells, epiretinal - retinal
ganglion cells) [2,3]. Nevertheless, it is widely understood that no matter the system of choice, the goal is to replicate the natural, physiological neural code of that layer as closely as possible. Given the
diversity of cell types within the retina (~10 bipolar cell types [4] and ~20 types of retinal ganglion cell types [5]) and the inherent nonlinearities of cell behavior [6,7], replication of the neural code in response to
infinite possible scenes is not at all straightforward. The matter is further complicated by the fact that multielectrode array geometry has yet been able to match the geometry of the retinal layers, meaning
some cells are not accessible through stimulation, some electrodes can only stimulate two diametrically opposed cells simultaneously, or a portion of cells are impeded by non-targeted portions of the biology
such as axon bundles which can stimulate axons of distal cells [8,9]. As a result, no existing prosthetic is able to perfectly match the native neural code in any retinal layer. Ideally, the resulting perception of
imperfect stimulation would be simulated before the design and testing of these clinical implants in patients; however, this has largely not been the case. In this work, we propose a multiple linear regression
model to simulate resulting perception via image reconstructions [10] from cone absorptions. We further investigate these image reconstructions by altering implant parameters such as position, size, distance,
and stimulation selectivity to illustrate how simulation can inform designs of artificial vision implants.

Background
Scene to Cone Absorptions
In generating a transform from scene to cone absorptions or vice versa, we must summarize the main features of this system. In this case, a scene is an external image or 3D map that reflects light onto the
eye. That scene is transformed by the optics of the eye into an optical image which projects onto the retina. The energy contained in that optical image is then absorbed by wavelength-dependent
photoreceptors. Downstream retinal processes then perform cell-specific filtering and compression behaviors before the visual signal is sent into the cortex via action potentials along the optic nerve.

In the first stage, the scene is altered by various components of our eye depending on wavelength and luminance. For example, a small pupil diameter under bright conditions can result in greater diffraction
which blurs the scene when imaged at our retina. Another common form of blurring in our vision is due to chromatic aberration, wherein the cornea and lens refract certain wavelengths more than others. For
human optics, chromatic aberration results in medium wavelengths in greatest focus, followed by long wavelengths slightly out of focus, and short wavelengths even more out of focus. In addition to blurring,
energy is also lost on the way to the retina in a wavelength-dependent manner. The lens and macula both absorb some of the light energy, disproportionately absorbing shorter wavelengths [11]. All of these
different effects are captured by the complex-valued optical transfer function of the human eye modeled as a linear and shift-invariant system. The optical transfer function provides wavelength-dependent
scaling and phase shifting across space. Note that the point-spread function is the spatial domain impulse response of the optical transfer function [11,12].

In the second stage leading to perception, photoreceptors transduce photons into chemical energy for processing by the rest of the retina. The two main types of photoreceptors are rods and cones, and the 3
subtypes of cones include long, medium, and short based on wavelength absorption efficiency [11]. For our purposes of considering restoration of useful vision in blind patients, cone photoreceptors are the
most significant. High-acuity vision necessary for quality-of-life occurs under photopic (bright) conditions of 3 cd/m^2 or greater due to long and medium wavelength cones forming the majority of
photoreceptors within the fovea [13]. The wavelength dependencies of the 3 cone types is also what grants us our color vision [11]. 

Following phototransduction by the cones and the production of their photocurrents, the visual information gets split into parallel visual streams where it is filtered and compressed through interneurons and
retinal ganglion cells before being sent via action potentials to cell-specific portions of the cortex [11,14]. 

For our goal of image reconstruction in response to selectivity reduction, working at the level of the cones is most practical for a multitude of reasons. First, while filtering and compression of visual information
downstream of the cones is useful for assessing contrast or providing adaptation, these manipulations also result in lossy compression which make cone responses the fundamental limit on our vision data
according to information theory. This also implies that cones may be able to represent reduced selectivity in downstream neurons (bipolar cells and retinal ganglion cells); however, downstream neurons may
not be able to represent reduced selectivity in the cones depending on the type of compression and filtering along the way [14,15]. Second, unlike many other cells in the retina, the cones behave
approximately linearly under consistent photopic conditions with the number of photons transduced being proportional to the number of incident photons plus photon noise which follows the Poisson
distribution. The SNR of the transduction increases with increasing brightness. Note that photocurrents do exhibit nonlinearities in amplitude with changing light levels, but the nonlinearity is static for each
wavelength and cone type [11]. Since both the optical transfer function and cone phototransduction can be modeled as linear within our experimental domain, it is reasonable to apply multiple linear regression
to learn models from cone absorptions to scenes for each combination of tested parameters. To note, in more complex conditions that apply dynamic changes in luminance, eye/head motion, and temporal
frequency stimuli, a more involved model may be required past a linear regression.

Image Quality Metrics
To assess image reconstruction quality, we chose two metrics that allowed us to train our multiple linear regression algorithm and assess perceptual image quality. The first metric used was mean squared
error (MSE) which calculates the distance of all the points in an image reconstruction from the regression line. The multiple linear regression algorithm attempts to minimize mean squared error between the
true images and the reconstruction. This method is a simple and common way to optimize the objective function of a linear model. Mean squared error alone is not normalized; therefore, it will depend on the
number of pixels in the image being reconstructed. We present cone-to-pixel ratio and mean squared error per pixel in Table 1 to enable cross experiment comparisons. We also present the R2 statistic which
normalizes the mean square error by the degree of variance in the test data. While MSE and R2 are common metrics for regressions, they are not the best metrics of image quality due to the structural nature
of the images contributing to our perception of quality. To assess image quality with structural information maintained, we use the structural similarity index metric (SSIM). SSIM quantifies image degradation
due to compression or processing by perceived change in structural information which incorporates important considerations of luminance and contrast rather than absolute error. SSIM is averaged between
the ground truth images and the corresponding reconstructions and reported in Table 1. 

Results
Linearity Verification
To verify that the system transform from scene to cone absorptions behaves linearly as predicted, we chose to perform a simple linearity check using the concept of superposition, wherein the net response of
two or more stimuli is equivalent to the response to the sum of the stimuli. To start, we generated two individual scenes of the same size and over the same wavelengths. We chose the scenes ‘sweep
frequency’ for the variation in spatial frequency (scene1) and the scene ‘gridlines’ for the sharp contrast (scene2) in order to stress alterations due to chromatic aberration or wavelength-dependent absorption.
We then generated a third scene that was a summation of the first two using the function sceneAdd.m which combined the photon data of the two scenes (scene3). All scenes were set with a field-of-view
(FOV) of 1.7° and a bit-depth of 32. As an initial sanity check, we verified that the mean-squared error (MSE) and percent error (PE) between scene3 and scene1 + scene2 was 0. Next, we pushed all three



scenes through human optics (generated via oiCreate(‘human’)) with the FOV again set to 1.7°. As an additional comparison, we then added the optics (oiAdd.m) from the first scene (oi1) and the optics of the
second scene (oi2) with weights equal to 1 to create a fourth optical image (oi4). The optical images oi3 and oi4 were then compared to oi1 + oi2. As expected, oi4 and oi1 + oi2 had a PE and MSE of 0.
However, oi3 (scene3 pushed through human optics) and oi1 + oi2 had a reasonable PE of 2.4*10⁻⁸ but a MSE of 5.5*10¹³. While the MSE appears large at first, we must consider that MSE is not normalized.
Because the magnitude of photons in the optical images is 10¹³, the average MSE is reasonably small. Finally, we generated a cone mosaic that was 1.7°x1.7° FOV, -10° in x-direction of eccentricity (raphe
region), and had an integration time of 10ms which is the estimated visual integration window for cones [16]. We computed cone absorptions from each of these optical images providing us abs1, abs2, abs3,
and abs4. Comparing abs1 + abs2 to abs3, we found a PE average of 9.8*10⁻⁹ and MSE average of 6.3*10⁻¹º. Comparing abs1 + abs2 to abs4, we found a PE average of 3.8*10⁻⁹ and MSE average of
8.7*10⁻¹¹. Plotted results can be seen in Figure 1. All these values suggest that a linear transformation should be able to adequately represent the multiple stages from scene to optical image to cone
absorptions under our experimental conditions of constant display, luminance, and stable eye position.

Figure 1: Scenes, Optical Images, and Cone Absorptions for Linearity Verification. Error Metrics summarized in Inset Table.

Generating Data
To train the multiple regression model, we needed to source a large number of images and transform those images into cone absorptions. We chose ImageNet as our source of images due to their extensive
library (14,197,122 possible images) and reliable quality. ImageNet provides only grayscale images which is preferred. Thus far, all artificial vision implants only reliably reproduce light and dark percepts [17].
From this extensive library, we selected 5500 images that were readily available to us. This selection was then reduced to 4096 images which could be cropped to the same dimensions (300x450). The
dimension matching allows us to know that each image will have the same field of view for a given display and distance from the lens. This selection of images was randomized to remove the chance of
structural similarity in an incrementing subset of the cropped image library. The library was then split 3:1 into a training and testing set. Ultimately, we used 2800 images for training and 1008 images for testing
due to computational speed limitations. 

In addition to selectivity, we chose a number of parameters to vary when considering image reconstruction. Namely, we varied the position (eccentricity in degrees) of the cone mosaic of interest from fovea to
periphery ([0,0],[-5,0],[-10,0],[-15,0]). For reference, [-10°,0°] indicates the raphe region [18] of the retina which is the lowest eccentricity most epiretinal implants are able to insert. For each of these
eccentricities, we maintained a distance from the display image at 0.25m and a cone mosaic size of 1.7°x1.7°. We also swept cone mosaic size ([0.5x0.5], [1x1], [1.7x1.7], [2x2], [3.4x3.4]). For reference,
[3.4°x3.4°] is equivalent to a [1mmx1mm] implant assuming a 17mm retina diameter. However, on a minor note, for the other sweeps, we maintained size at 1.7°x1.7° due to the computational loads of many
cones at larger sizes. For the size sweep, we maintained position at [-10°,0°] and distance from image at 0.25m. Finally, we also swept distances from the display to the lens (0.25m, 0.3m, 0.4m, and 0.6m),
while maintaining a size of 1.7°x1.7° and an eccentricity of [-10°,0°]. For reference, a 0.6m distance from the image to the lens is a recommended distance from a computer screen [19] while a 0.25m distance
allows a 13.6° horizontal fov for 450 pixels (although this distance would require stereoscopic convergence in practice). 

Figure 2: Pipeline for generating scene-absorption training and testing sets using ISETBio tools

For each set of parameters, we generated a cone mosaic with an integration time of 10ms (again, chosen due to the visual integration window [16]). We also generated a human optical image for the given
distance parameter. Each image was loaded as a scene object using the sceneFromFile.m function at the specified distance parameter. The display was specified as the ‘reflectance-display’ which has RGB
properties ‘rendered under a D65 illuminant and the surface reflectances fall within a 3D linear model of natural surface reflectances,’ according to the ISET Cam [20] sceneFromFile.m description. Each of the
3808 images was loaded as a scene individually and pushed through the human optics computation (oiCompute.m). Then, two independent stages occurred. In one stage, the optical image was cropped to
remove padding (oiCrop.m), allowing the optical image to have a 1:1 relationship with the original scene. From this, we could then look at the recorded square map of the optical image applied to the cone
mosaic to determine the corresponding square map of the scene. This allowed us to isolate the portion of the scene incident on the cone mosaic. In a second stage, the optical image went through
computations to generate cone absorptions. Each of the images was kept mosaic-centered for two reasons: 1) each cone mosaic receives the same training and test images with variations only due to size of
the mosaic and 2) provides greater flexibility in eccentricities as -15° in the x-direction would fall outside the maximum horizontal fov of the scene on the display. This data generation pipeline is demonstrated
in Figure 2. For each set of parameters, we have a single cone mosaic, 2800 image-absorption pairs for training, and 1008 image-absorption pairs for testing. Summary of the sweeps can be found in Figure 3.

Figure 3: Data generation sweeps over implant position (left), implant size (center), and scene distance (right) holding all other parameters constant



Multiple Linear Regression
Once cone absorption data was generated across a variety of hyperparameters, we generated multiple linear regression models with a bias term to predict the original grayscale images displayed on the
monitors from the cone absorption vectors. The number of cones in the window of the retina was a function of the eccentricity and the size of the window. This information is summarized in Table 1. The larger
the implant size and the closer to the fovea, the more cones were present in the cone mosaic window.

As described previously, all images projected on the ISETBio simulated monitor were cropped to a size of 300x450. However, given the parameters of the experiment, only a subset of the pixels on the monitor
have an impact on the cone mosaic of interest. Thus, it is incorrect to expect the linear regression model to accurately predict all 135,000 of the pixels displayed on the monitor. As such in the data generation
step, only the sub-window of the grayscale image that correspond with the ISET optical image projected onto the mosaic is reported to the multiple linear regression dataset.

The multiple linear regression model seeks to predict the matrix of flattened grayscale images, Y, from the matrix of their corresponding cone absorptions, X. We sought a model of the form Y = A * X + b,
choosing A and b which minimize the L2 norm between predicted Y and the ground truth images. Call X’ and Y’ the X and Y matrices adjusted so that all feature means were zero. Then we can find the A
matrix and bias vector as follows:

A = (Y’X’T )*(X’X’T)-1

b = mean(Y) - A*mean(X)

For each set of hyperparameters, the training data was used to generate a multiple linear regression model of the above form. To ensure the same sub-window of training images was used in all
hyperparameter sets, the images were mosaic-centered on the display monitor in accordance with the implant eccentricity under inspection. This way, accuracy comparisons can be drawn across different
experiments with respect to a single image. The following sections present the results associated with sweeping a single hyperparameter, and all the data is summarized in Table 1.

Monitor
Distance
(m)

Square
Window

Dimension
(degrees)

Horizontal
Eccentricity

(degrees)

Train
Data
MSE
per

pixel

Test
Data
MSE
per

pixel

Train
Data 
SSIM

Test
Data
SSIM

Train
Data
R^2

Test
Data
R^2

Number
of

Cones

Square
Image

Dimension
(Pixels)

Cone
to
Pixel
Ratio

0.25 1.7 0 376.35 861.335 0.5978 0.4189 0.9141 0.8121 25268 56 8.0574

0.25 1.7 -5 410.339 886.7892 0.5776 0.4059 0.9063 0.8065 4807 56 1.5328

0.25 1.7 -10 409.6634 926.8383 0.5744 0.3883 0.9062 0.7969 2770 56 0.8833

0.25 1.7 -15 440.09 913.66 0.5615 0.3944 0.8996 0.8006 2185 56 0.6967

0.25 0.5 -10 509.9682 655.8379 0.5694 0.4996 0.8855 0.8496 249 17 0.8616

0.25 1 -10 501.743 710.6643 0.5705 0.4891 0.8856 0.8444 976 33 0.8962

0.25 2 -10 399.4043 999.2089 0.5717 0.3639 0.9089 0.782 3851 66 0.8841

0.25 3.4 -10 259.5 1353.1 0.6212 0.2559 0.941 0.7051 11077 112 0.8831

0.3 1.7 -10 428.6926 900.1621 0.5677 0.3989 0.9022 0.8036 2770 56 0.8833

0.4 1.7 -10 428.7466 899.0698 0.5679 0.399 0.9021 0.8038 2770 56 0.8833

0.6 1.7 -10 428.8976 898.0745 0.5679 0.3991 0.9021 0.804 2770 56 0.8833

 Table 1: Summary of Multiple Linear Regression Model Results

Implant Eccentricity

In this section, we characterize the accuracy of the linear model in various regions of the retina, including the fovea [0, 0], raphe [-10, 0], and periphery[-15, 0]. We expect that the reconstruction accuracy
should be correlated with the cone-to-pixel ratio where increases in this ratio correspond with better reconstructions. Therefore, we expect better reconstruction assessments towards the fovea over the
periphery. This is the exact relationship which we see demonstrated in Figure 4 in both the train and test data. Figure 5 demonstrates the number of cones in a square mosaic of visual angle dimension
1.7°x1.7° in each of these regions. As expected, cone density is highest in the fovea and drops off as you get closer to the periphery. Because the set of pixels consequential to image reconstruction is 56x56
in all cases, the cone-to-pixel ratio also increases in the direction of the fovea. 

Figure 4: Impact of implant eccentricity on model fit (R-squared) and quality of image reconstruction (SSIM)



Figure 5: Relationship between implant eccentricity and respective cone density

Figure 6 shows an example of the reconstruction on three chosen test images in each of the eccentricities swept. The image quality reconstruction reduces slightly from left (foveal) to right (peripheral). This
suggests that the rank of the covariance matrix of the image data we used is low enough to be captured by the cone density in the raphe and periphery, such that an increase in the number of the cones only
marginally improves the performance.

Figure 6: Image reconstruction examples for models generated at different eccentricities

Implant Size

In this section, we keep the monitor 25cm away from the retina and the mosaic of interest centered in the raphe, eccentricity [-10°, 0°] and vary the size of the mosaic from 0.5° to 3.4°. The larger the size of
the mosaic, the larger the number of cones and the larger the image of consequence to those cone absorptions. The image size increasing is reflected in Figure 9. As the window size gets bigger, so do the
number of pixels from the image on the monitor, reflecting the need for noramlized metrics for comparison as discussed earlier.

As demonstrated in Figure 8, the cone density and as follows the cone-to-pixel ratio is roughly constant over the sweep, with a slight downwards trend as window size increases. This is consistent with the
accuracy of the linear models trained on the test data as seen in Figure 7. However, the accuracy of the linear model on the train data seems to proceed in the opposite direction as on the training data. We
suspect the performance trend on the training data is attributed to over fitting, since larger window sizes provide more weights that can be trained in the matrix.

Figure 7: Impact of implant size on model fit (R-squared) and quality of image reconstruction (SSIM)



Figure 8: Relationship between implant size and respective cone density

Figure 9: Image reconstruction examples for models generated at different implant sizes

Scene Distance

In this section we sweep the monitor distance from 25cm to 60cm while keeping the cone mosaic centered in the raphe ([-10°, 0°]) with a constant dimension of 1.7°x1.7°. We expect as distance is increased,
the cone-to-pixel ratio would decrease, and the resulting reconstructions would be reduced in quality. However, the results for this sweep are inconclusive. There is no trend demonstrated in Figure 10, and as
Table 1 demonstrates, even with adjusting the the distance in both the scene generation and optical image inputs of ISETBio, the image of interest for each of the monitor distances remained 56x56. However
as the monitor gets further away, the size of the image of interest should increase. More investigation is required to validate the results of this experiment.

Figure 10: Impact of scene distance on model fit (R-squared) and quality of image reconstruction (SSIM)

Model Evaluation

In Figure 11, we have plotted the structural similarity between the original image and its reconstruction for the test images for the linear model experiment for the raphe at 1.7°x1.7° with the monitor 25cm
away. We plot this structural similarity against the mean pixel value of the test images as a proxy for brightness. The trend in the scatter plot clearly show the best performance is for medium light level images.
This can be attributed to the bounds of the mean value being at 0 and 256. We found that for all linear models trained, the computed bias term was a near constant vector of 45, such that no cone absorption
would lead our linear models to predict the original image was a dark shade of gray. This goes sharply against intuition that cone absorptions should be a linear function of the original function without a bias
term and warrants further investigation. Adjustment of scene inputs to include a darkest pixel value black square and a brightest pixel value white square may provide the final tuning necessary to optimize
reconstruction in these extreme regimes.



Figure 11: Evaluating model performance as a function of image statistics

Neural Networks
In parallel with training the multiple linear regression model, we also conducted a search for models capable of handling nonlinearities which would offer improved model fitting as we increase the complexity of
our investigations. This was primarily motivated by the expected development of ISETBio tools capable of extending visual representations to the retinal ganglion cell layer, as well as the potential
incorporation of other factors such as stimuli of varying temporal frequencies, eye movements, and dynamic changes in luminance level. Figure 12 demonstrates several approaches considered in order to
represent this transformation in a format conducive to training neural networks. 

Figure 12a

Figure 12b

Figure 12c

Figure 12: Alternative modeling approaches for neural network design

As shown in Figure 12a, our learning problem can be abstracted to an input vector of features and a 2D output matrix. One can imagine a simplistic approach whereby our 2D output matrix is flattened down to
one dimension (Figure 12b), facilitating the use of a multilayer perceptron (MLP) architecture with a regression output layer. Figure 13 reveals the base MLP architecture considered for fitting our data
consisting of a single hidden layer. Many variations of this MLP architecture were trained, including the addition of more hidden layers, swapping out nonlinear activation functions, and a range of training
hyperparameters such as learning rate and schedule. These attempts ultimately produced lackluster results, leading us to an alternative formulation of the learning problem that incorporates more of the useful
information in the data.



Figure 13: Base MLP architecture used for fitting nonlinear model

As shown in Figure 12c, one can imagine a slightly more complex approach whereby our input vector of features is reshaped into a 2D input matrix. After all, there is spatial information between the cone
absorptions, and taking advantage of such structure may lead to a more successful model. Figure 14 reveals the more complicated base convolutional neural network (CNN) architecture with a regression
output layer. Once again, we experimented with many variations of the CNN architecture including the number of layers, the size and number of convolution kernels, and the training hyperparameters. These
attempts also generated poor-fitting models. Sticking with this CNN formulation, we also considered leveraging pre-trained networks such as those that perform semantic segmentation to conduct transfer
learning, but ran into a series of problems with practical formulation of the data in a manner that could take advantage of the learning already conducted within the pre-trained networks.

Figure 14: Base CNN architecture used for fitting nonlinear model

The failure of these efforts to produce competitive models revealed several useful insights about the nature of the data utilized for this project. First, learning a model from cone absorptions to subimages is a
fundamentally large undertaking considering the dimensionality of both the cone absorptions and subimage pixels are on the order of thousands. This dimensionality compounded with the relatively small
number of training instances in our training data set may have placed the neural network approach with its much larger expressivity at a distinct disadvantage. Second, this result caused us to conduct a more
rigorous assessment of the linearity of the transforms from scene to cone absorptions in ISETBIO. Given our verification above of the linearity of the the transforms from scene to cone absorptions in ISETBIO,
we decided that, while pursuit of nonlinear models may become necessary in the future to handle more complex simulations, we could take advantage of the present multiple regression to explore how we
might utilize such models to investigate implant stimulation selectivity.

Simulating RGC Mappings
As motivated in the Introduction section, the mismatch between the neural circuitry at the retinal ganglion cell layer and the geometry of an electrode array means that we must engineer solutions with
imperfect selectivity of RGCs. For example, an axon bundle may prevent unique electrical access to a target cell without simultaneous activation of distal axons from many other RGCs. Our inability to evoke
exact neural codes necessarily impacts the eventual percept generated by the visual cortex. It would be highly desirable to simulate situations involving imperfect selectivity of RGCs and assess the resulting
image reconstruction predicted by an accurate model of perception. These results could help inform our engineering approaches by determining the most and least likely selectivity situations for improving
visual perception.

The process that we used to associate cone absorptions with retinal ganglion cells is presented in Figure 15. During Step 1, we access the cone mosaics corresponding to experiment parameters as described
in the Data Generation section above. In Step 2, we take advantage of existing RGC code in ISETBIO to generate midget RGC mosaics spanning the same spatial extent as the cone mosaic in the previous
step. We perturb the midget RGC mosaic generation slightly so as to generate a second distinct mosaic, corresponding to hypothetical mosaics for both ON and OFF midget cell types. Step 3 uses region of
interest code from ISETBIO to map the receptive fields of the midget RGCs (the circles tiling the retinal space in Step 2) to the underlying sets of cones. Step 3 of Figure 15 visually demonstrates a 95%
selectivity rate for both the ON and OFF midget mosaics. In this example, the cones highlighted cyan and magenta were chosen to undergo cone absorption modifications as the non-selective regions of the
ON and OFF midget RGC mosaics, respectively. Note that for these experiments, we assigned non-selectivity randomly to cells within the mosaics, and that the absorptions for the corresponding cones were
zeroed to represent the inability of stimulating electrodes in activating the RGCs. Of course, with more accurate RGC modeling, one could more diligently assign non-selectivity regions according to geometries
commonly observed in ex vivo experimentation.

Figure 15: Pipeline for modifying cone absorptions by mapping RGC mosaics to cone mosaics using ISETBIO tools

Figure 16 denotes the experiments conducted under these modified cone absorption conditions. It is important to note that we still use the same models trained by multiple regression as discussed above, but
now we modify cone absorptions in the testing data set according to the provided RGC selectivities and we assess the resulting image reconstructions. Given our reasonably accurate models of perception



using cone absorptions, the idea is that modifying these cone absorptions and then applying the same model of perception may approximate how the visual cortex responds to novel RGC firing activity
resulting from imperfect stimulation. The sweep over RGC selectivity looks to characterize how progressive reductions in selectivity change the image reconstruction of the multiple regression model with
default parameters (0.25m distance from scene, 1.7°x1.7° implant size, [-10°,0°] implant eccentricity). The sweep over eccentricity investigates whether a constant lack of selectivity changes the results of the
eccentricity analysis performed above under total selectivity.

Figure 16: Testing set sweeps over RGC selectivity (left) and implant eccentricity under reduced RGC selectivity (right) holding all other parameters constant

Implant Eccentricity

This experiment analyzes how quality of image reconstruction varies with different implant eccentricities, this time after modifying the cone absorptions in each testing set to represent a constant 95% RGC
selectivity. Figure 17 demonstrates that, unsurprisingly, the quality of image reconstruction as measured by the SSIM metric is universally worse than the image reconstructions generated by the same model
with unmodified cone absorptions representing full RGC selectivity. However, one very interesting trend that emerges from the plot is an increased sensitivity to implant eccentricity. In particular, as we move
out from the fovea toward the periphery, the absolute quality of image reconstruction drops more rapidly than seen in the previous experiment. While image quality may not suffer greatly as we move further
out in eccentricity across the retina under assumptions of perfect selectivity, in the more realistic realm of non-selective stimulation we find that eccentricity appears to become a more important factor. It is this
type of result that could be leveraged in the future to guide decisions about implant parameters during the design process. Figure 18 once again shows our three cropped original scenes from the testing data
set and provides a visualization of our resulting image reconstructions across eccentricities. The degradation in image quality from 0 degrees toward -15 degrees is visually significant.

Figure 17: Testing set model fit (R-squared) and quality of image reconstruction (SSIM) at different eccentricities after modifying cone absorptions under 95% RGC selectivity

Figure 18: Image reconstruction examples for models generated at different eccentricities after modifying cone absorptions under 95% RGC selectivity

Implant RGC Selectivity

This experiment analyzes how quality of image reconstruction changes with decreasing RGC selectivity by modifying the cone absorptions of our default parameter testing set to varying degrees. Figure 19
demonstrates a very steep decrease in the SSIM metric during the initial decrease from 100% selectivity down to 95% and 90%, then levels off at a very poor SSIM value under 0.1 as the RGC
selectivity drops under 80%. This decreasing trend is intuitive, as any initial perturbation to an image is likely to present a more significant perceptual change than once the image is already significantly
degraded. The trend is confirmed using the visualizations provided in Figure 20, whereby we observe that decreasing the RGC selectivity ultimately renders the image reconstruction unrecognizable. This is
also intuitive, as there is bound to be some selectivity threshold below which percepts cannot be reliably evoked due to lack of RGC activation control. It is important to note that our RGC to cone mapping is
only a first-order approximation for RGC selectivity, so one should take the absolute results of these investigations with a grain of salt. Nonetheless, the trends evoked here do suggest that this method of
simulation can give us useful insights into how RGC selectivity may qualitatively and quantitatively affect the reconstruction of an image.



Figure 19: Testing set model fit (R-squared) and quality of image reconstruction (SSIM) for default model parameters at different RGC selectivities after modifying cone absorptions

Figure 20: Image reconstruction examples for default model parameters at different RGC selectivities after modifying cone absorptions

Conclusions
From our testing of linearity, we can conclude that under our simulated conditions, a linear regression model is all that is needed to adequately predict an image from cone absorptions (taking advantage of the
shift-invariant optical transfer function across wavelengths). This greatly reduces computational loads and provides greater abstraction to biology.

The performance of the linear models we trained are related to the cone density, or cone-to-pixel ratio, of the mosaics utilized in each of the experiments. Increasing cone density leads to better reconstruction
performance. The presence of a non-zero bias term in the multiple linear regression and unchanging image size with changing distance are causes for further investigation.

Although the neural networks that we trained performed relatively poorly as models for our data, the investigation was a healthy exercise in modeling the problem and may become useful again as we increase
the complexity of the simulation environment. 

Our investigation of RGC selectivity demonstrated the capability of simulation models to provide actionable insights that could guide engineering decisions relevant to a future implant. We found that
parameters such as eccentricity may become important factors in image reconstruction performance when coupled with reduced selectivity. We also found that sweeping selectivity can yield useful
assessments of how image reconstruction performance may change with differing RGC selectivity capabilities.

It is important to acknowledge the limitations of the work presented above. Such limitations are closely intertwined with the Future Directions section below and provide a context with which to interpret our
results.

Limitations
First, our choice to use images for data generation necessitated the selection of a display on which to present each scene in the ISETBIO environment. In order to best mimic the natural scenes in our dataset,
we opted for the ‘reflectance display’ to use CIE standard illuminant D65. Second, our models were trained from cone absorptions only without consideration for rods. While this simulation omission may be
reasonably justified for the photopic domain used throughout this project, it would become an important gap in our simulation capabilities when presenting scotopic scenes. Third, the RGC mosaics generated
in the latter portion of our project could only be modeled after midget retinal ganglion cells, which are certainly necessary but not sufficient to capture the multitude of cell types, morphologies, and properties
within the RGC layer of the retina. We can expect the usefulness of insights derived from investigations like the ones presented here to increase as we incrementally address these limitations of our simulation
pipeline.

Future Directions
We hope to continue developing the methods discussed in this project into an increasingly functional simulation environment. Primarily, we look forward to adapting our codebase from cone simulations in the
photoreceptor layer of the retina to retinal ganglion cell simulations as pending ISETBIO tools become available to us. We hope that this improvement will help us introduce more realistic selectivity questions
to help guide research efforts. For example, which of these selectivity challenges is expected to be more perceptually significant: avoiding the activation of axon bundles or isolating proximal ON and OFF cell
types? Another future direction to help improve our understanding of how an implant might facilitate perception across time is the introduction of eye movements and microsaccades to our data generation
pipeline.
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