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Accelerated Simulation of Multi-Electrode Arrays
Using Sparse and Low-Rank Matrix Techniques

Nathan Jensen†*, Zhijie Charles Chen†, Anna Kochnev Goldstein, and Daniel Palanker

Abstract— Objective: Modeling of Multi-Electrode Arrays
used in neural stimulation can be computationally chal-
lenging since it may involve incredibly dense circuits with
millions of interconnected resistors, representing current
pathways in an electrolyte (resistance matrix), coupled to
nonlinear circuits of the stimulating pixels themselves.
Here, we present a method for accelerating the modeling
of such circuits with minimal error by using a sparse plus
low-rank approximation of the resistance matrix. Methods:
We prove that thresholding of the resistance matrix ele-
ments enables its sparsification with minimized error. This
is accomplished with a sorting algorithm, implying efficient
O (N log (N)) complexity. The eigenvalue-based low-rank
compensation then helps achieve greater accuracy without
significantly increasing the problem size. Results: Utilizing
these matrix techniques, we reduced the computation time
of the simulation of multi-electrode arrays by about 10-fold,
while maintaining an average error of less than 0.3% in
the current injected from each electrode. We also show a
case where acceleration reaches at least 133 times with
additional error in the range of 4%, demonstrating the
ability of this algorithm to perform under extreme condi-
tions. Conclusion: Critical improvements in the efficiency
of simulations of the electric field generated by multi-
electrode arrays presented here enable the computational
modeling of high-fidelity neural implants with thousands of
pixels, previously impossible. Significance: Computational
acceleration techniques described in this manuscript were
developed for simulation of high-resolution photovoltaic
retinal prostheses, but they are also immediately applicable
to any circuits involving dense connections between nodes,
and, with modifications, more generally to any systems
involving non-sparse matrices.

Index Terms— Circuit simulator, Low-Rank, Multi-
Electrode arrays, Neural prostheses, Optimization, Retinal
prosthesis

I. INTRODUCTION

Retinal prostheses show promise in restoring sight to pa-
tients impaired by retinal degeneration, such as age-related
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macular degeneration (AMD) and retinitis pigmentosa. One
such device that has shown particular success in clinical trials
is the photovoltaic subretinal system (PRIMA) developed by
Science Corp (formerly Pixium Vision). The PRIMA implant
uses a 2-D array of photodiodes to convert images projected
with near-infrared light into electrical current. When injected
into the tissue via a capacitive multi-electrode array, this
current generates electric potential, which stimulates retinal
bipolar cells. By doing so, the PRIMA implant imitates the
neural signals provided by photoreceptors in a healthy retina.
This approach restores form vision in patients with retinal de-
generative diseases, such as age-related macular degeneration.
[1]

The current PRIMA implant is 2 mm × 2 mm in size,
corresponding to an approximately 7° field of view [2], filled
with a hexagonal array of 100 µm wide pixels. The 100 µm gap
between lines of a letter, such as a Tumbling E or Landolt C
(LDC), corresponds to a visual acuity of 20/420 [1].

It has been demonstrated that grating acuity in rodents
matches the pixel size of subretinal photovoltaic implants, up
to their natural resolution limit of 28 µm [3]–[5]. It would fol-
low that to increase the resolution in patients beyond 20/420,
the size of individual pixels should be decreased (ideally up
to 5 µm for 20/20 vision); and to widen the field of view,
the implant width should be increased up to some anatomical
constraints – such as a size of the geographic atrophy in AMD
patients, retinotomy length, etc. Predicting the electric field
in electrolyte generated by smaller pixels in a larger array
requires an accurate modeling framework for such an implant.
For this purpose, the Retinal Prosthesis Simulator (RPSim) has
been developed [6].

RPSim is a platform for calculating the electric field in
tissue (an electrolytic medium) generated by a multi-electrode
array, each pixel of which may include an electric circuit [6].
It does so by coupling the power of finite element method
(FEM) physics modelling with the efficiency of SPICE-based
circuit solvers. For these respective tasks, RPSim relies on
COMSOL Multiphysics® [7] and XYCE, a SPICE-like circuit
solver developed by Sandia National Laboratories [8]. First,
the elementary field of an electrode and resistance of the
medium between the electrodes are calculated with FEM, and
then the results are used to build an accurate circuit model,
which includes all pixels coupled to a common electrolyte
via their electrodes. The circuit model provides the dynamics
of an electric current in each pixel, which is then used to
calculate the resulting electric field in the medium as a sum
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of the elementary fields from each electrode, weighted by its
respective current.

With the modeling performed in RPSim, the number of
computations increases quadratically with the number of pixels
on such a photovoltaic array due to a cross-coupling between
each electrode in the model. The number of electrodes, N ,
that can be tiled on a circular implant depends on the width
of individual pixels, W , and the diameter of the implant D.
For example, more than 20,000 pixels of 20 µm fit on a 3 mm
wide implant. The number of resistors in a mesh representing
the electrolyte exceeds 4× 108. As pixels get smaller, and the
implant – larger, computations quickly become unattainably
long, and require an incredibly large operating memory, which
prevents efficient modelling of the next-generation implants.
Dramatically simplifying the simulation of subretinal implants
is necessary to enable the simulation of implants with tens
of thousands of electrodes, which requires too much memory
even for modern desktops. Additionally, it can dramatically
decrease the simulation time, which enables iterative optimiza-
tion of the design of the next generation devices.

As mentioned, to solve the circuit dynamics involved in
a neurostimulating array, RPSim relies on the circuit solver
Xyce [6], [8]. One would be hard pressed to develop a tool
that can outperform such a mature and proven simulator,
capable of handling millions of circuit elements. However,
these solvers have been developed using a node-based ap-
proach and optimized under the assumption that the matrix
between adjacent nodes is sparse. This assumption breaks
down for mutually coupled multi-electrode arrays that suffer
from an extremely dense conductance matrix. To help, one can
find a sparse matrix approximation, but the error introduced
by such a technique can be very large. We can, however,
reduce this error by using low rank compensation matrices.
To the author’s knowledge, circuit solvers, such as Xyce,
have no such built-in methods to increase their computational
efficiency. Instead, for such large-scale problems they suggest
the user rely on parallel computing and iterative methods,
such as Krylov, which require a well-designed and problem-
specific preconditioner for good performance [9]–[11]. Here,
we present a much simpler and more astute alternative to
such complicated algorithms for reducing the computational
intensity of modeling a large mesh network of photovoltaic
pixels connected via a common electrolyte. This approach is
generalizable to other massive electronic circuits coupled to
an electrolyte or another conductive medium and is specif-
ically useful for high precision modeling of multi-electrode
arrays with thousands of pixels. For example, Neuralink’s
volumetric brain-machine interface contains 3072 electrodes
[12]. Precision Neuroscience has also developed a cortical
surface interface with thousands of electrodes [13].

Iterative methods, including Krylov based ones, work well
when the matrices are sparse. They also require large amounts
of memory and can outright fail due to not converging or
if the problem contains too large of an irreducible block.
Performance of such methods depends largely on the com-
bination of the circuit, the solver, and the preconditioner.
Failure to set these correctly will harm performance at best
or prevent convergence at worst. When successful, iterative

Fig. 1: (a) PRIMA implant and magnified view of a single
pixel: 1 is the active electrode and 2 is the return electrode. In
between the two is the photosensitive area. (b) Visualization
of the electric potential and current in electrolyte. The center
pixel is illuminated by near-infrared (NIR) light and injects a
current I2, which flows opposite to the photodiode direction.

methods report simulation speed-ups ranging from 3 to 21
times [14]. Because our method focuses on simplifying the
problem rather than improving the solver, it can also be used
in conjunction with iterative techniques. In other words, with
the method presented here, one can first find a suitable sparse
matrix approximation of the circuit and then use that form
with iterative techniques, such as Krylov-based solvers, which
inherently require sparse matrices for good performance.

II. METHODS

A. Sparse Approximation
The photovoltaic multielectrode array used in a subretinal

implant, such as PRIMA, consists of tiled hexagonal pixels,
each of which has one or more photodiodes connected between
the active and return electrodes (Fig. 1. Active electrodes are at
the center of the pixels, while return electrodes cover the edges
of each pixel, connected together over the whole mesh [6].
These photodiodes convert near-infrared light projected from
the augmented reality glasses into electric current, which is
injected into the retina to stimulate the nearby neurons [2]. All
pixels are coupled to each other via a conductive (electrolytic)
medium, as shown in Fig. 1, and thus each affects the electrical
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dynamics of all others. Consider the effects of the pixel 2 –
which we will briefly assume has a hemispherical electrode
injecting a current I2 while all other pixels remain idle. A
hemispherical electric field will form in the medium, resulting
in an elevated electric potential: ∆V ≈ (I2 · ρ)/(2πl), where
l is the distance from the center of that electrode and ρ is
resistivity of the medium. Using this, we can characterize the
conductive medium as an ohmic resistance between the active
pixel 2 and another pixel i, which is inversely proportional to
the distance between their centers li,2

Ri,2 :=
∆Vi,2

I2
=

ρ

2πli,2

Or more generally,

Ri,j :=
∆Vi,j

Ij
≈ ρ

2πli,j
(1)

For an adjacent pixel 1, l1,2 would be on the order of the
pixel width W . Additionally, for the “self-resistance” of a pixel
Rj,j = ∆Vj,j/Ij ≈ ρ/(4r), where r is the electrode radius
– following the conventional definition for access resistance
of the disk electrode [15]. Furthermore, due to linearity of
the conductive medium, when multiple pixels inject current
simultaneously, the potential rise ∆V at pixel j is simply
the sum of all the potentials calculated individually, i.e.
superposition. This formulation allows modelling the cross-
coupling of all N electrodes as a mesh network of resistors
in matrix form [3], [6].

R :=


R1,1 R1,2 · · · R1,N

R2,1 R2,2

...
. . . RN−1,N

RN,1 RN,N−1 RN,N

 (2)

By reciprocity of electromagnetism, this matrix will be sym-
metric. The size of this resistor mesh scales quadratically with
the number of pixels, and hence it scales to the fourth power
with both the implant width as well as the inverse of the pixel
size. Consequently, the computational workload of simulating
such a mesh grows accordingly for both factors. This mesh is
the primary contributing factor to the polynomial relationship
between computational complexity and the number of pixels
on an implant.

The problem of reducing the computational complexity can
be framed as finding a matrix which approximates the conduc-
tance matrix G := R−1, but is in some way computationally
lighter. For example, one may find a sparse approximation,
denoted as S. Because of the spatial dependence of Ri,j –
being inversely proportional to li,j – one intuitive method of
sparsification would be to find some threshold value for the
distance between two electrodes, such that their coupling is
so small it can be neglected, i.e. set to 0 in the conductance
matrix. However, the total number of coupled electrodes, η,
some distance li,j away from the center electrode is roughly
proportional to li,j

η ≈ 2π · li.j
W

(3)

where W is the width of a pixel.

The variable li,j in (2) and (3) cancels out, such that
the overall contribution to the effective access resistance of
one electrode from consecutive rings of neighboring elec-
trodes is largely constant with distance. Therefore, this naı̈ve
thresholding alone can result in a very large error, which
will be addressed later. Formally, one needs to find a sparse
approximation S for the network G with no more than k non-
zero entries, such that S is positive definite and the error

E := G− S (4)

is minimized, where k is a value dependent on the compu-
tational resources available. To minimize the error, which is
expressed in matrix form here, we will minimize the spectral
energy— defined as the sum of squares of all the eigenvalues
(λ) of E, which for a symmetric matrix is equivalent to the
square of the Frobenius norm of E.∑

λ2(E) = ∥E∥2fro :=
∑
m,n

E2
m,n, (5)

where ()m,n denotes the entry in the mth row and the nth
column of a matrix. Therefore, combining (4) and (5), this
can be written as the optimization problem:

min
S

∑
λ2(G− S)

s.t. ∥S∥0 ≤ k,

S ≻ 0.

(6)

This problem has a direct solution, which does not require
iteration to solve. Let I+ be a set comprising all indices (m,n)
such that Sm,n ̸= 0, and having complementary set I− :=
{(m,n)|Sm,n = 0}. Note that∑

m,n

E2
m,n =

∑
(m,n)∈I−

E2
m,n +

∑
(m,n)∈I+

E2
m,n, (7)

and for (m,n) ∈ I−,E(m,n) = G(m,n). From this One has:∑
m,n

E2
m,n ≥

∑
(m,n)∈I−

G2
m,n, (8)

where the equality is achieved if and only if Sm,n = Gm,n

for all (m,n) ∈ I+. In this case,∑
λ2(E) =

∑
m,n

E2
m,n =

∑
(m,n)∈I−

G2
m,n. (9)

The solution to this optimization is indeed found by thresh-
olding G by it’s kth largest entries, as postulated above, and
setting all other values in G to be 0. Thresholding can be
accomplished using a sorting algorithm, such as the popular
quicksort, which has an average complexity time in Big O
notation O(N log (N)) [16].

If we define a column vector of the potential at each pixel
as V , then from multidimensional Ohm’s Law, we can use
the error in the conductance matrix, E, to define the vector
containing the error in injected current for each pixel as Ierr :=
EV . This error is therefore bounded by:

∥Ierr∥
∥I∥

=
∥EV ∥
∥GV ∥

≤ max |λ(E)|
min |λ(G)|

. (10)
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Fig. 2: (a) Map of the principal component of the error
matrix E resulting from thresholding out 90% of the smallest
magnitude entries of G, the corresponding conductance matrix
for a 40 µm monopolar implant. Values are normalized by
the largest entry. (b) A Landolt C pattern with a 90 µm wide
gap projected onto the array. The red asterisk labels the pixel
whose current is plotted in Fig. 5(a).

B. Low Rank Compensation

By this metric, the maximum eigenvalue in E contributes
the most to the current error, and because of this, error might
be decreased by compensating for the specific terms in E. The
largest eigenvalue of E represents the principal component
of the error – and represents a relatively uniform current

profile caused by the error of neglecting small-magnitude
couplings between distant electrodes, as was discussed. This
error is approximately the same for each electrode in the
array, albeit slightly different for electrodes closer to the edge
of the implant that have fewer close neighbors. To correct
this, a simple error-reduction technique will be introduced
and deemed general compensation since the error from these
principal components does not involve any information about
which electrodes are injecting current. This compensation is
achieved through the addition of a low rank matrix to the
sparse matrix S and having error E1:

S1 = S+

M∑
m=1

umλmu⊺
m, (11)

E1 = G− S1 = E−
M∑

m=1

umλmu⊺
m. (12)

where S1 is the resulting compensated matrix, λm is the mth
largest eigenvalue of E, and um is the corresponding eigen-
vector. M is thus the total number of desired compensation
vectors, which can be as large as the number of eigenvalues
in the error matrix E. By definition, this will be at most the
number of electrodes N . As M increases, the total error will
decrease at the cost of a larger compensation matrix. The
resulting compensation mode from the principal component
is largely uniform as thresholding removes a similar number
of interconnects for each electrode, removal of which results
in the equivalent resistance of an electrode being too high.
To rectify that, the compensation must provide additional
conductivity to the electrode. On the edges of the array, less
interconnects are removed from the matrix and thus less added
conductivity is needed. This gives rise to the pattern shown in
Fig. 2(a).

Further specific compensation terms can be added with
knowledge of the illumination patterns of interest or the
operation mode of the implant, such as if there is no forward
conduction through the diodes, which is called a current
limited regime [14]. For example, if a known pattern is
projected, resulting in an expected photocurrent in each pixel
Ipho, then the expected voltage distribution can be calculated
as v = G−1Ipho, assuming that the device operates under
current limited conditions. The corresponding current error is
w = E1v. Since v constitutes the primary voltage mode from
the pattern, w will be the primary current error. Therefore, we
can add the following specific compensation:

S2 = S1 +
1

∥v∥
wv⊺. (13)

This image-specific compensation is generalizable such that
successive low-rank compensations can be added for a variety
of illumination patterns and implant operation conditions.

C. Circuit Implementation
In RPSim, the conductance matrix is implemented as a mesh

network of resistors. With a sparse matrix, we can eliminate
some resistors from the model, and as such, implementation
involves simply replacing G with S. However, it would
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Fig. 3: Circuit level implementation of a rank-1 compensation to a sparse conductance matrix. The red dash arrows indicate
where each voltage-controlled current source (diamond) takes the control signal from, and the rectangle labeled λ is a resistor.

Fig. 4: Eigenvalues of the conductance matrix G sorted by ascending magnitudes, and those of the error matrix E by descending
magnitudes, E = G − S. The relative error is bounded by the inverse of the gap between the two spectra. (a) S is a sparse
approximation of G with K = 0.1, the parameter used for simulations in this paper. (b) The error spectrum is shown for
several values of K.

be counterproductive to replace G with S1 or S2 as the
compensation terms are not sparse. They are low rank, but
SPICE based circuit solvers do not have support for low-rank
representation of matrices. Thus, maintaining computational
efficiency while introducing compensation terms requires a
means of adding a low-rank matrix to a sparse one without
sacrificing the sparsity. This can be accomplished in Xyce
through the addition of several additional nodes.

Let the rank-1 compensation matrix be wλv⊺. The implant
has N electrodes, including the active electrodes and the return
units. w = [w1, w2, · · · , wN ]

⊺ and v = [v1, v2, · · · , vN ]
⊺ are

N -dimensional vectors. For the general compensation, w = v;
for the specific compensation, λ = 1/∥v∥. One may im-
plement the compensation wλv⊺ with 2N voltage-controlled
current sources (VCCSs) and a resistor, as illustrated in Fig.
3. Each VCCS in the left group takes voltage control from an
electrode, multiplies the voltage with the corresponding entry
in v, and adds the current to a resistor λ. The voltage at the top

node of the resistor is λv⊺V . The VCCSs in the right group
then take the voltage from the top node of λ, multiply it with
w, and pull the corresponding currents from the same set of
electrodes 1 to N . The coupled i− v relationship between all
electrodes is given by

I = wλv⊺V . (14)

This approach can implement a rank-1 compensation matrix
wλv⊺ in Xyce, using only 2N + 1 elements and one addi-
tional node, instead of the (N(N − 1))/2 resistors otherwise
required by the full resistor mesh. For a more formal proof
of this concept, consider a N × N sparse matrix S and a
rank-L compensation term WΛV⊺, where W and V have
dimensions of N × L, Λ is a L × L diagonal matrix, and
L ≪ N . Rather than explicitly solving a linear system with
an unknown vector variable x and a known vector b:

(S+WΛV⊺)x = b, (15)
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Fig. 5: Currents on the implant across time for the stimulation shown in Fig. 2, the shaded portion indicates the times when
the stimulation pattern is turned on. (a) Baseline calculated with unmodified full matrix. Maximum current injected from the
pixel shown in Fig. 2(b) (max) and the 2-norm of the currents of all pixels. (b) Relative error of the pixel shown in Fig. 2(b)
(max) and the 2-norm of the error of the currents for all pixels: for the uncompensated matrix, with general compensation,
and with image-specific compensation.

which enjoys neither sparsity nor low-rankness, one can in-
stead solve the following system with L additional dimensions:[

S W
V⊺ −Λ−1

] [
x
y

]
=

[
b
0

]
. (16)

The augmented equation above requires{
Sx+Wy = b,

V⊺x−Λ−1y = 0.

(17a)

(17b)

Equation (17b) gives:

y = ΛV⊺x. (18)

Substituting the above y into (17a) results in (15), while the
matrix in (16) maintains its sparsity, demonstrating the validity
of such an approach.

D. Additional Considerations
Further simplifications of the circuit can be made under

certain conditions. For example, under low irradiances when
the implant operates in the current limited regime, the voltage
across the parallel diode used in a conventional model of
a photodiode will be below the threshold of forward diode
conduction. In this case, the forward current through the diode
will be negligible and we can model the diode as an open
circuit without sacrificing accuracy. This is advantageous as
diodes are the only non-linear component in the circuit and re-
moving them can significantly increase the computation speed.
This technique can be especially useful for modelling larger
photovoltaic arrays with smaller pixels at low irradiances.
However, this assumption will quickly break down at high
irradiances when the diodes begin to conduct. In the context
of subretinal implants, the maximum irradiance level before
this occurs also depends on the number of diodes in series
within a pixel, typically ranging from 1 to 3 [17].

III. RESULTS AND DISCUSSION

For demonstration purposes, a 1.5 mm implant composed
of N = 821 hexagonal 40 µm wide monopolar pixels was
modelled. For sparsification, the thresholding value k was set
in a ratiometric manner with the ratio K, such that k =
∥G∥0 · K. Here, K was set to 0.1, which corresponds to
keeping 10% of the initial entries of G – or a 90% reduction
in size of the resistor mesh. Recall that error is bounded
by the maximum eigenvalue of E divided by the minimum
eigenvalue of G (10), plotted in Fig. 4(a). The initial bound
on the error – (10) evaluated at the first eigenvalue in Fig.
4(a) – is about 70%. However, this error can be dramatically
improved by compensating for just the first principal compo-
nent of the error. In this case, after implementing the general
compensation with the eigenvector associated with the largest
eigenvalue of E (M = 1), the error will be bounded by the
second largest eigenvalue in E, with an error of less than 7%.
This demonstrates that we can improve the bounded error by
an order of magnitude by adding a rank one compensation
matrix, which corresponds to 2N+1 circuit elements. Doing so
dramatically reduced the super-linear scaling in computational
time, such that one can choose an acceptable error and runtime.
With these parameters, the original netlist size was 13 MB,
while after simplification and compensation it decreased to
1.7 MB.

It is important to note that the error spectrum in Fig. 4
depends on the implant geometry as well as the value of K.
In some cases, more than the first principal component must be
included to achieve an acceptable error, at the cost of adding
a corresponding number of circuit elements to the simulation,
as illustrated in Fig. 4(b). Notably, for certain values of M ,
choosing a lower value of K could simultaneously decrease
both the error and the simulation time. This shows the impor-
tance of monitoring the spectrum of G and E when selecting
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Fig. 6: (a) Simulation time for the full conductance matrix and the simplified and compensated matrix for bipolar (BP) and
monopolar (MP) devices. (b) ‘Tiled C’ pattern used in (c) and (d), ‘Landolt C’ is shown in Fig. 2(b) and ‘Full Field’ means that
all pixels are uniformly illuminated. (c) Error for various patterns as a function of the simplification ratio K, which changes
the amount of simplification for the conductance matrix. The compensation was kept at M = 1 for all cases. (d) Simulation
time as a function of K for various patterns.

these parameters, as otherwise one could select a suboptimal
combination. For larger values of M , i.e. > 13 for the ratios
plotted in Fig. 4(b), this is no longer true and a smaller value
of K will always result in a larger error.

To calculate the actual error in electric current resulting
from the thresholding and compensation described above, a
Landolt C pattern with a 90 µm wide gap shown in Fig. 2(b)
was projected at an irradiance level of 3mW/mm2, with a
pulse width of 9.8 ms, repeated at 30 Hz. The simulation was
330 ms long, enough time to allow convergence to steady state.
The simulation was ran using the unmodified conductance
matrix G, an uncompensated sparse matrix S, the sparse
matrix with general compensation S1 and the sparse matrix
with both general and image-specific compensation terms S2.
For each case, the current injection from each pixel is found
using RPSim, and then, with the unmodified (full) matrix
serving as a benchmark, the relative error was calculated for
both the 2-norm of currents from all pixels and the maximum
current from all pixels. This error is calculated from the

respective currents (2-norm or maximum) when using the
original full matrix, ifull, and the simplified matrix isimp.
Relative error is thus found as (ifull − isimp)/isimp. The
results are shown in Fig. 5. Over the plotted window of the
simulation, the average of the 2-norm of the relative error for
the uncompensated sparse matrix is about 4.6%, while with
the general compensation term this is reduced to 0.65%, and
with the image-specific compensation - to 0.036%. The results
of timing and the normalized root mean square (NRMS) error

NRMS =

√√√√ 1

N

N∑
i=1

(
|Ifull(i)− Isimp(i)|

Ifull(i)

)2

(19)

of the average current during an illumination pulse are
recorded in Table I. With only the primary component (M =
1), compensation adds a negligible amount of computation
time but reduces the error more than 10 times. Similarly, the
image-specific compensation adds very little computation time
while providing an equally large reduction in error. Illustra-
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Fig. 7: (a) Electric potential at the surface of the implant illuminated with the pattern shown in Fig. 2(b), computed with
unmodified matrix G. (b-d) Absolute value of the error in electric potential computed at the following settings: (b) thresholded
matrix with K = 0.1, (c) with compensation for the first principal component M = 1, (d) with additional image-specific
compensation.

TABLE I

Conductance Matrix Simulation Time
(minutes) NRMS Error

G 5.44 N/A
S 0.63 71.6%
S1 0.64 3.16%
S2 0.68 0.18%

The simulation time and error in the average current for all pixels during an
illumination pulse (Eqaution 19) for a Landolt C pattern (Fig. 2(a))

projected at 30 Hz during 330 ms. S was calculated using K = 0.1, S1

adds compensation with M = 1, and S2 further adds image-specific
compensation.

tions of the error distribution for these different simulations
are provided in Fig. 7

Additionally, to confirm the tractability of this method, the
simulation was run with M = 1 and K = 0.1 for various
implant geometries – bipolar and monopolar devices including
100, 75, 40, and 20 µm pixel sizes. The number of pixels on
these devices ranges from 205 to 2806. Bipolar devices have
both an active and return electrode on every pixel, whereas
monopolar devices have one shared return electrode along the
edge of the device [6]. This means that bipolar devices have
nearly twice as many electrodes, and therefore a 4x larger
resistance mesh compared to a monopolar implant of the same
dimensions. We can see in Fig. 6(a) that in all cases the
computation time was reduced by the expected factor of 10,
corresponding to the thresholding ratio. To enable simulation
within a reasonable timeframe for larger implants with smaller
pixels, the thresholding value can be reduced even further.

Such adjustments will become necessary for higher elec-
trode counts as the netlist size scales quadratically with the
number of electrodes. The 1.5 mm-wide monopolar implant
with 821 pixels of 40 µm totals 3.4 × 105 elements in the
resistor mesh, a netlist file of 17 MB, and about 6 min of
CPU time. For the same size monopolar implant composed of
2806 pixels of 20 µm, RPSim computes with about 4 × 106

elements, a 220 MB netlist file, and around 3 hours of CPU
time. Based on such scaling, a 3 mm×4 mm large implant
would contain about 2× 108 elements, an 11 GB netlist, and
an intractable CPU time on a typical computer, especially as
the computational time usually grows super-linearly with the
problem scale.

To evaluate performance of the algorithm with respect to the
thresholding ratio, two additional patterns – first a full field
illumination and second several Landolt Cs tiled on the implant
(Fig. 6(b)) - were tested on a monopolar 40 µm array, at the
same irradiance, frequency, and pulse width as the original
pattern (Landolt C with a 90 µm gap size). This was performed
for conductance matrices with simplification ratios in the range
0.01 < K < 1.0 and compensation of the first principal
component (M = 1) The NRMS error of the average current
during an illumination pulse, as well as the simulation time are
plotted for each pattern in Fig. 6(c) and (d), respectively. K =
1.0 corresponds to the original complete conductance matrix,
which was used as a reference for the error calculation. For
all patterns tested, the error is less than 1% for all K > 0.05.
Additionally, for a simplification ratio of 0.1, the average error
for the three patterns is 0.28%, with a corresponding average
reduction of the simulation time of 89.5% (9.5x faster). If
a lower error or faster simulation is desired, additional low-
rank general compensation vectors of the error matrix should
be included. The error associated with a specific thresholding
ratio will vary with the number of compensation vectors M , as
illustrated by Fig. 4(b). Additionally, because each illuminated
pixel is a current source in the circuit simulation, larger
patterns take longer to simulate – explaining the difference
in simulation time between patterns in Fig. 6(d). For all
simulations, there are elements of computation that do not
involve the resistance mesh. As such, there is a small offset
in simulation time such that a sparsification ratio of K = 0
will still have a nonzero simulation time. Nonetheless, it is
clear from Fig. 6(d) that the computation time for this implant
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grows linearly with the simplification ratio K, which confirms
the postulate that simulation speed is limited primarily by the
size of the conductance matrix.

For moderately sized problems, the algorithm presented here
allows a tenfold simulation speedup without sacrificing accu-
racy. This is fast and accurate enough for iterative optimization
of implants with about 1,000 electrodes. However, for arrays
containing around 10,000 electrodes, careful selection of the
hyperparameters is important for good performance. When
using this method for optimization, the spectrum of the error
should be monitored to select the fastest possible simulation
within the desired error. In the context of retinal implants,
maximum error should not exceed 5%. This is because stim-
ulation thresholds of retinal bipolar cells are around 10mV,
with the PRIMA implant providing 30-60mV across the cell.
An error of a couple of millivolts is within patient-to-patient
variability and would not affect the resulting prosthetic vision.
Precision in other applications, such as cortical brain-machine
interfaces, may be higher or lower, and the hyperparameters
must be selected accordingly.

To illustrate the aforementioned ability of this algorithm
to handle more extreme conditions, a larger bipolar implant
with 20 µm pixels, having 7658 electrodes, was tested with
the LDC pattern described earlier. With a netlist that itself is
over 2GB involving nearly 59 million resistors, simulation of
such a device without the techniques presented here would be
impossible without access to extreme computational resources.
With a 10x simplification slightly modified from that described
above – K = 0.1 and M = 34 – the simulation was
completed in 28.41 hours. While this capability is encouraging,
for iterative optimization of the device design, this is still
prohibitively long. For further simplification a more optimal
set of hyperparameters was found to be K = 0.025 and
M = 200. The runtime decreased an additional 34.22 times –
down to 0.83 hours. The simulation with the full conductance
matrix was not completed, but extrapolating the runtime by the
number of electrodes would predict it to be around 111 hours.
It is important to note that such extrapolation is inherently
unreliable: for example, using the same extrapolation based
on the simulations with 10 times simplified matrices predicts
a runtime of 9.33 hours – a third of the observed 28.41 hours.
Therefore, this is likely an overly conservative estimate, and
even with that, this would imply a total speedup of 133 times.
Similarly, the error with respect to the unmodified simulation
is unknown; however, when compared to the simulation using
K = 0.1 and M = 34, the norm of the average deviation in
electrode current was 3.88%.

Finally, To quantify the irradiances at which the reverse
conduction through photodiodes can be neglected, a full field
and grating patterns with 1-pixel wide bars were tested at 30
Hz with a pulse width of 9.8 ms. The average error (NRMS)
in the calculated current, as previously defined, is shown for
both the active and return electrodes as a function of irradiance
in Fig. 8. The error is introduced once there is a significant
voltage across a diode, such that it begins to conduct current.
For PRIMA bipolar pixels, there are two photodiodes in series
requiring twice the voltage before forward conduction begins.
For this reason, the error at a given irradiance is lower for these

Fig. 8: Error introduced in the active and return electrodes by
removing diodes from the circuit model, as a function of the
illumination irradiance, with both full field and 1-pixel wide
rectangular gratings for devices with (a) 100 µm bipolar pixels
and (b) 40 µm monopolar pixels.

pixels than for their monopolar counterparts. Additionally, the
nominally small inter-pixel coupling for bipolar pixels results
in close matching between the error in an active electrode and
its local return electrode. This correlation becomes much more
complicated for a monopolar design with just one global return
electrode. Therefore, in monopolar devices, while the errors
for the active and return electrodes do follow similar trends,
they still differ significantly. For such reasons, the maximum
irradiance introducing less than 1% error is dependent on the
pattern and pixel design, but in the worst case for 100 µm
PRIMA bipolar pixels this is 2.5mW/mm2, while for a
monopolar 40 µm device – it is 1.0mW/mm2.

IV. CONCLUSIONS AND IMPACT

By using a sparse approximation to the original conductance
matrix along with a low rank compensation matrix that scales
linearly with the number of pixels, we unlock the full potential
of RPSim for modelling neurostimulating arrays, including the
next generation of subretinal implants. We see that in practice,
with realistic stimulation patterns and parameters mimicking

This article has been accepted for publication in IEEE Transactions on Biomedical Engineering. This is the author's version which has not been fully edited and 

content may change prior to final publication. Citation information: DOI 10.1109/TBME.2025.3541489

© 2025 IEEE. All rights reserved, including rights for text and data mining and training of artificial intelligence and similar technologies. Personal use is permitted,

but republication/redistribution requires IEEE permission. See https://www.ieee.org/publications/rights/index.html for more information.

Authorized licensed use limited to: Stanford University Libraries. Downloaded on April 02,2025 at 16:09:00 UTC from IEEE Xplore.  Restrictions apply. 



10

what is used in clinical settings (letters and sparse bars), the
error resulting from this simplification is negligible - well be-
low 1%, while reducing the netlist size and computation time
by nearly 10-fold. Further reductions in computational length
are also feasible for simulations involving larger implants.
Speeding up the computation so dramatically will enable the
use of iterative optimization techniques for the design of
multi-electrode arrays operating under various conditions. This
is important as electrode design plays a crucial role in the
selectivity and efficacy of neurostimulation implants. Improper
electrode design can result in poor stimulation of neurons, low
contrast of the patterns, or the undesired stimulation of non-
target cells. Designing electrodes for selective stimulation of
cells is the key to achieving high resolution prosthetic vision,
as well as other high-fidelity electro-neural interfaces.

ACKNOWLEDGMENT

Authors declare no financial interest in the subject of this
paper.

We would like to thank Yueming Zhuo and Ken Kundert
for discussions on topics relevant to this paper.

REFERENCES

[1] D. Palanker, Y. L. Mer, S. Mohand-Said, M. Muqit,
and J. Sahel, “Photovoltaic restoration of central vision
in atrophic age-related macular degeneration,” Ophthal-
mology, vol. 127, no. 8, pp. 1097–1104, Aug. 2020.

[2] D. Palanker, Y. L. Mer, S. Mohand-Said, and J. Sahel,
“Simultaneous perception of prosthetic and natural vi-
sion in amd patients,” Nature Communications, vol. 13,
no. 513, Jan. 2022. DOI: 10.1038/s41467-022-
28125-x.

[3] B. Wang, Z. Chen, M. Bhuckory, et al., “Electronic
photoreceptors enable prosthetic vision with acuity
matching the natural resolution in rats,” Nature Com-
munications, vol. 13, no. 6627, Nov. 2022.

[4] E. Ho, X. Lei, T. Flores, et al., “Characteristics of
prosthetic vision in rats with subretinal flat and pil-
lar electrode arrays,” Journal of Neural Engineering,
vol. 16, no. 6, Oct. 2019. DOI: 10.1088/1741-
2552/ab34b3.

[5] H. Lorach, G. Goetz, R. Smith, et al., “Photovoltaic
restoration of sight with high visual acuity,” Nature
Medicine, vol. 21, pp. 476–482, Apr. 2015. DOI: 10.
1038/nm.3851.

[6] Z. Chen, B. Wang, A. Goldstein, E. Butt, K. Mathieson,
and D. Palanker, “Photovoltaic implant simulator re-
veals resolution limits in subretinal prosthesis,” Journal
of Neural Engineering, vol. 19, no. 5, Sep. 27, 2022.
DOI: 10.1088/1741-2552/ac8ed8.

[7] Comsol multiphysics® v. 6.2, https : / / www .
comsol . com, COMSOL AB, Stockholm, Sweden,
2022.

[8] Xyce™ parallel electronic simulator, Computer soft-
ware, Oct. 2013. DOI: 10.11578/dc.20171025.
1421. [Online]. Available: https://github.com/
Xycedev/Xyce.

[9] E. Keiter, T. Russo, R. Schiek, et al., “Xyce™ paral-
lel electronic simulator reference guide (v.7.4),” Tech.
Rep., 2021, pp. 99–106. DOI: 10.2172/1826862.

[10] E. Keiter, R. Schiek, H. Thornquist, et al., “Xyce™
parallel electronic simulator users’ guide version 7.8,”
Tech. Rep., 2023, pp. 167–179.

[11] R. Telichevesky, K. Kundert, and J. White, “Effi-
cient steady-state analysis based on matrix-free krylov-
subspace methods,” in Proceedings of the 32nd Annual
ACM/IEEE Design Automation Conference, ser. DAC
’95, New York, NY, USA: Association for Computing
Machinery, 1995, pp. 480–484, ISBN: 0897917251.
DOI: 10.1145/217474.217574.

[12] E. Musk, “An integrated brain-machine interface plat-
form with thousands of channels,” Journal of Medical
Internet Research, vol. 21, no. 10, e16194, Oct. 2019,
ISSN: 1438-8871. DOI: 10.2196/16194. [Online].
Available: https://doi.org/10.2196/16194.

[13] H. Tan, A. C. Paulk, B. Stedelin, et al., “Intraopera-
tive application and early experience with novel high-
resolution, high-channel-count thin-film electrodes for
human microelectrocorticography,” Journal of Neuro-
surgery, vol. 140, no. 3, pp. 665–676, 2024. DOI: 10.
3171/2023.7.JNS23885.

[14] E. Keiter, H. Thornquist, R. Hoekstra, T. Russo, R.
Schiek, and E. Rankin, “Parallel transistor-level circuit
simulation,” in Simulation and Verification of Electronic
and Biological Systems, P. Li, L. M. Silveira, and P.
Feldmann, Eds. Dordrecht: Springer Netherlands, 2011,
pp. 1–21, ISBN: 978-94-007-0149-6. DOI: 10.1007/
978 - 94 - 007 - 0149 - 6 _ 1. [Online]. Available:
https://doi.org/10.1007/978-94-007-
0149-6_1.

[15] J. Newman, “Resistance for flow of current to a disk,”
Journal of the Electrochemical Society, vol. 113, no. 5,
p. 501, 1966. DOI: 10.1149/1.2424003.

[16] W. Xiang, “Analysis of the time complexity of quick
sort algorithm,” in 2011 International Conference on
Information Management, Innovation Management and
Industrial Engineering, vol. 1, 2011, pp. 408–410. DOI:
10.1109/ICIII.2011.104.

[17] D. Boinagrov, X. Lei, G. Goetz, et al., “Photovoltaic
pixels for neural stimulation: Circuit models and per-
formance,” IEEE Transactions on Biomedical Circuits
and Systems, vol. 10, no. 1, pp. 85–97, Feb. 2016. DOI:
10.1109/TBCAS.2014.2376528.

This article has been accepted for publication in IEEE Transactions on Biomedical Engineering. This is the author's version which has not been fully edited and 

content may change prior to final publication. Citation information: DOI 10.1109/TBME.2025.3541489

© 2025 IEEE. All rights reserved, including rights for text and data mining and training of artificial intelligence and similar technologies. Personal use is permitted,

but republication/redistribution requires IEEE permission. See https://www.ieee.org/publications/rights/index.html for more information.

Authorized licensed use limited to: Stanford University Libraries. Downloaded on April 02,2025 at 16:09:00 UTC from IEEE Xplore.  Restrictions apply. 


