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Abstract. Cortical visual prostheses aim to restore sight by electrically
stimulating early visual cortex (V1). As high-density and flexible neural
interfaces emerge, electrode placement within folded cortex becomes a
critical surgical planning problem. Existing strategies emphasize visual-
field coverage and anatomical heuristics, but do not directly optimize
predicted perceptual outcomes under safety constraints. We present a
percept-aware framework that formulates cortical electrode placement
as constrained optimization in anatomical space. Electrode coordinates
are treated as learnable parameters and optimized end-to-end using a dif-
ferentiable model of prosthetic vision. The objective minimizes task-level
perceptual error while incorporating vascular avoidance and gray matter
feasibility. Using realistic folded cortical geometry (FreeSurfer fsaverage),
we evaluate the method on simulated reading and natural-image tasks.
Percept-aware optimization improves reconstruction fidelity relative to
visual-field tiling and improves or matches coverage-based placement de-
pending on task structure. Vascular constraints eliminate safety-margin
violations with only modest effects on perceptual performance, and the
framework supports co-optimization of multi-electrode thread configura-
tions under fixed insertion budgets. These results show how differentiable
percept models can support anatomically grounded, safety-aware plan-
ning for cortical visual prostheses.
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1 Introduction

Cortical visual neuroprostheses aim to restore sight by electrically stimulating
early visual cortex, eliciting visual percepts known as phosphenes [10]. With
the emergence of high-density and flexible neural interfaces [21,20], surgeons
face a critical planning question: where should electrodes be placed to maximize
functional visual benefit?

Large-scale stimulation of primary visual cortex (V1) has demonstrated phos-
phene-based pattern vision in non-human primates [8], but translation to humans
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is complicated by cortical folding and inter-individual variability [2]. The func-
tional organization of early visual cortex is nevertheless largely predictable from
cortical anatomy [1], which is especially important in blind patients where vi-
sually driven fMRI mapping is often infeasible [24]. Electrode placement and
cortical geometry therefore jointly shape the resulting phosphene map.

Current placement strategies rely on anatomical landmarks and retinotopic
maps [11], targeting foveal representation while avoiding vasculature. Although
safety-aware, these approaches remain geometric and coverage-driven rather
than optimized for predicted perceptual fidelity. Prior work has optimized stim-
ulation for fixed implants or arranged electrodes to maximize visual-field cov-
erage [7,17], but perceptual objectives and surgical constraints have not been
jointly optimized within a unified planning framework.

Computational modeling has shown that stimulation parameters and elec-
trode location shape phosphene structure [4,15,12]. These models suggest that
placement should be evaluated not only by anatomical access or visual-field cov-
erage, but also by the percepts expected from the resulting electrode map.

We introduce a model-driven approach for pre-operative planning that di-
rectly optimizes cortical electrode placement for perceptual fidelity under anatom-
ical constraints. Electrode coordinates are treated as learnable parameters and
optimized end-to-end using differentiable percept models. The framework in-
corporates retinotopic mapping and vascular avoidance, enabling percept-aware
optimization on realistic folded cortex. We demonstrate the method on the
FreeSurfer fsaverage cortical template, providing a consistent anatomical ref-
erence space for optimization.

The main contributions of our work include (1) a percept-aware optimization
framework for three-dimensional cortical electrode placement that directly mini-
mizes predicted task-relevant perceptual error, (2) explicit integration of vascular
avoidance and anatomical feasibility constraints into the placement optimiza-
tion, and (3) demonstration that optimized configurations can reduce cortical
insertions while preserving functional performance.

2 Related Work

Visual neuroprosthesis optimization has largely followed two lines: optimizing
stimulation for fixed implants and optimizing implant placement for visual-field
coverage. Our work connects these lines by optimizing cortical electrode place-
ment using a perceptual objective under anatomical constraints.

Prior work on fixed implants has optimized current amplitudes and electrode
combinations [22,6], calibrated electrode sensitivity profiles [13], and learned
image-to-stimulation encoding strategies [14, 23]. These approaches improve pre-
dicted perceptual outcomes but assume fixed implant geometry and therefore do
not address surgical placement.

A complementary line of work examines how implant location affects per-
ceptual structure. In retinal implants, electrode position shapes phosphene ge-
ometry through axonal organization [4], motivating model-based selection of im-
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Fig. 1. Percept-aware optimization framework. Electrode coordinates on FreeSurfer
fsaverage anatomy are mapped through retinotopy and a differentiable prosthetic vision
model to predict elicited percepts, then updated to minimize perceptual error under
vascular safety constraints. Solid arrows indicate forward simulation; dashed arrows
indicate gradient-based coordinate updates.

plant configurations [3] and visual-field tiling strategies [7]. In cortex, retinotopic
maps have been used to position electrodes to maximize projected visual-field
coverage [17]. These methods optimize geometric coverage rather than task-level
perceptual fidelity and generally do not integrate surgical constraints.

Literature Gap: Existing work either optimizes stimulation for fixed implants
or optimizes placement using coverage-based objectives. Perceptual fidelity, task-
relevant utility, and surgical constraints have not been jointly optimized within
a planning framework. In contrast, we formulate cortical electrode placement as
a percept-aware optimization problem in 3D brain space, integrating retinotopy
and vascular constraints to support pre-operative surgical planning.

3 Methods

3.1 Surgical Planning Formulation

We formulate cortical electrode placement as a constrained optimization in three-
dimensional anatomical space. Let £2 C R? denote the feasible gray matter region
in early visual cortex. Electrode locations are parameterized as £ = {p.}¥,
where pe = (e, Ye, 2e) € {2 represents the cortical coordinate of electrode e, and
N is the fixed number of stimulation sites determined by device design.

Given a retinotopic map, a vascular map, and task-relevant target percepts
T ~ D, the goal is to optimize electrode locations for predicted perceptual fidelity
while satisfying anatomical safety constraints (Fig. 1). A differentiable forward
model maps electrode coordinates to predicted percepts, enabling gradient-based
optimization directly in anatomical space.

We solve for optimal placement via the following multi-objective formulation:
E* = arg minECQ IET~D [Epercept (P<E)7 T)] + Avascﬁvasc(E) + Acortexﬁcortex(E)u
where Lpercept Mmeasures task-level perceptual error, Ly,sc penalizes vascular
safety-margin violations, and Lcortex enforces anatomical feasibility.
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3.2 Anatomical Representation

Electrode placement was performed on the FreeSurfer fsaverage cortical tem-
plate. The template provides a folded gray matter surface mesh and volumetric
representation, enabling optimization directly within realistic cortical geometry.

The feasible region {2 was defined as cortical gray matter within early visual
cortex. Gray matter localization was obtained from the template segmentation
and used to constrain electrode coordinates to anatomically plausible locations.
Although laminar boundaries were not explicitly modeled, confinement to gray
matter serves as a proxy for targeting layer 4, the typical stimulation depth for
intracortical visual prostheses.

Retinotopic mappings were obtained from the Benson et al. [1] Bayesian
retinotopy prior defined in fsaverage surface space. The cerebrovascular atlas [18]
was registered to the same coordinate system, enabling direct computation of
electrode-to-vessel distances. All anatomical constraints and percept simulations
were therefore evaluated in a common neuroanatomical reference frame.

3.3 Perceptual Forward Model

We define a differentiable forward model that maps cortical electrode coordinates
to predicted visual percepts. The model consists of two stages: (i) a retinotopic
mapping from cortical space to visual field coordinates, and (ii) a phosphene
generation model that predicts the elicited percept.

Retinotopic Mapping: For an electrode at cortical location pe, its visual field
coordinate s, is estimated by distance-weighted interpolation over the k nearest
retinotopic sites, Ny (pe), each with cortical coordinate ¢; and mapped visual
field location v;:

_ XjeNi(pe) WeiVi 1

O YiempaWei P el

(1)

Phosphene Generation: Stimulation amplitude a. is sampled from the target
at s., and the percept is modeled as a sum of isotropic Gaussians with spread
p: P(x,y) = 25:1 Qe exp(—(x_se’z)z:gy_se’yﬁ).

This formulation provides a differentiable mapping from cortical electrode
coordinates to image-space percepts, enabling gradient-based optimization in
anatomical space. While Gaussian phosphenes with linear superposition pro-
vide a tractable approximation consistent with prior modeling work [11, 15|, the
framework readily generalizes to alternative, differentiable percept models.

Perceptual Objective: Perceptual fidelity is measured using a foveally weighted
mean squared error: Lpercept (P, 1) = -, ) w(@,y) (P(z,y) — T'(z, y))?, where

w(x,y) increases toward the fovea to reflect the higher functional importance of
central vision in many tasks.
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3.4 Anatomical and Safety Constraints

Electrode placement is subject to anatomical feasibility and vascular safety con-
straints. These are incorporated as differentiable penalty terms within the opti-
mization objective.

Avoidance of cortical vasculature is a primary safety consideration in intra-
cortical implantation. Prior studies report vascular disruption extending up to
300 pm from insertion sites [5], motivating an explicit safety margin. Let V de-
note the vasculature and d(p., V) the nearest vessel distance. Vascular avoidance
was penalized as

Lonse(E) = % ZE max (0,7 — d(pe, V)2, @)

with safety margin 7 = 300 pm.

Intracortical stimulation targets neurons within cortical gray matter. To en-
sure anatomically plausible placements, we penalize electrode coordinates out-
side the gray matter mask. Let dgm (p.) denote the signed distance to gray mat-
ter. We define Leortex(E) = |—]{3‘ YoecE dgm (Pe)?.

Together, these terms embed surgical feasibility directly into the differen-
tiable planning framework, enabling trade-offs between functional performance
and safety to be explored continuously during optimization.

3.5 Optimization Procedure

Optimization was performed using gradient-based updates in anatomical space.
Because the forward percept model and constraint terms are differentiable w.r.t.
electrode coordinates, gradients were computed via automatic differentiation.
During optimization, vascular and gray matter penalties were jointly applied
with perceptual loss, allowing electrode locations to be continuously adjusted to
balance functional performance and surgical safety.

Electrode coordinates were initialized uniformly within the feasible cortical
region {2. We used the Adam optimizer with fixed learning rate and optimized
electrode positions until convergence of the objective on training data. Exper-
iments were performed in Python using TensorFlow. Optimization for a single
configuration required less than 10 min. on a NVIDIA RTX 3090 GPU.

3.6 Experimental Protocol

Datasets: We evaluated placement strategies using two image datasets repre-
senting distinct functional goals of visual prostheses: handwritten digits from
MNIST [9], approximating structured symbol recognition (e.g., reading), and
natural images from CIFAR-10 [19], representing more complex visual scenes.
Experimental Configurations: Experiments were conducted across electrode
counts, N € {64 —1024}, and phosphene spreads, p € {500 — 1500} pm. For each
configuration, optimization was performed over 3 random initializations. For
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device-architecture experiments, we also considered threaded arrays inspired by
flexible multi-electrode shanks [21], where multiple stimulation contacts share
a common cortical insertion trajectory. These experiments fixed the number
of cortical insertions at Ninsert = 128 and optimized both entry location and
trajectory.

Baselines: We compared the proposed percept-aware optimization against
two placement strategies: (i) Visual Field Tiling, which uniformly tiles the vi-
sual field, and (ii) Visual Field Coverage, which optimizes electrode positions to
maximize coverage of the visual field represented in the training images [17].

Evaluation Metrics: Perceptual fidelity was quantified using structural sim-
ilarity index measure (SSIM) and mean squared error (MSE) between target
images and simulated percepts, along with downstream classification accuracy.
Learned perceptual metrics were not used because prosthetic percepts deviate
from natural-image statistics, particularly at low electrode counts [14]. Classifica-
tion accuracy was used only as a task proxy: we trained ResNet-50 classifiers [16]
on target images and evaluated whether simulated phosphenes preserved infor-
mation needed for symbol and object identification [13].

Statistical Analysis: Results were aggregated across experimental configura-
tions and random initializations. Statistical comparisons between methods were
performed using Wilcoxon signed-rank tests with significance threshold p < 0.01.

4 Results

4.1 Percept-Aware Optimization Improves Functional Fidelity

We first evaluated placement optimization without anatomical constraints to
isolate functional performance. Across electrode counts and phosphene spread
parameters, percept-aware optimization consistently reduced reconstruction er-
ror relative to both Visual Field Tiling and Visual Field Coverage.

On MNIST, percept-aware optimization reduced median MSE by up to 67.7%
relative to tiling and 33.4% relative to coverage, increased downstream classi-
fication accuracy by 62.6% and 22.4%, respectively, and yielded corresponding
improvements in SSIM (Table 1). On CIFAR-10, percept-aware placement sub-
stantially outperformed tiling and achieved performance comparable to coverage-
based optimization. The latter is expected because CIFAR-10 images typically

Table 1. Relative change in MSE, SSIM, and downstream classification accuracy (Acc.)
of the proposed method versus baselines. Values are median percent difference [IQR]
across electrode counts and phosphene spreads (p). * indicates p < 0.01.

Baseline Dataset A MSE (%) | A SSIM (%) 1 A Ace. (%) 1

VF Tiling oo -67.7F [73.6,-472] 111%[7.8,16.7] 62.6% [28.9, 119.9)
VF Coverage -33.4% [-42.0,-16.3] 4.7 [3.1, 7.3]  22.4* [7.8, 34.7]
VF Tiling -58.4% [-87.4, -24.1] 57.4* [35.3, 102.2] 10.2* [5.5, 29.2]

VF Coverage O A0 16 0 1:25.2,30.1] -10.6 [-24.7, 02]  -2.2 9.1, 6.25]




Percept-Aware Surgical Planning for Visual Cortical Prostheses 7

MNIST MSE Reduction ~ MNIST SSIM MNIST Acc.
500 19 31 H 72 | 89 4 8 14 23 31 91 |155|260|309 323

Target

"~
A

VF. Tiling

SSIM=0.559

Percept-Aware

>=100%

750 30 |47 WNE:CNE-)

1000 39E 78 | 74
1250 71‘72 81 9 11 10 11 23

1500 34 47 .E 0 2 6 17 23 -3 12 32 16 34
SSIM=0.691

Percept Spread, p (um)

CIFAR MSE Reduction CIFAR Acc. Imp! [o%
- £ 500 0o 0 7 15
S
ﬂ‘ < 750 1 8 8
<
gmoo 6 20 10 [EAN 29 50%
a
l g 1250 6 5 . 20 29
g 1500 2 17 10 -1 |41
SSIM=0.253 SSIM=0.653 = <=-100%
28 256 512 1024 64 128 256 512 1024 64 128 256 512 1024

64
Number of Electrodes Number of Electrodes Number of Electrodes

Fig. 2. Comparing percept-aware electrode optimization and Visual Field Tiling. Left:
Simulated phosphenes for reading (MNIST) and natural image (CIFAR-10) tasks.
Right: Relative changes in perceptual fidelity across experimental configurations; lower
MSE and higher SSIM indicate better reconstruction.

occupy the full visual field, aligning coverage objectives with reconstruction fi-
delity. Qualitative examples (Fig. 2) show clearer symbol structure and improved
spatial coherence under percept-aware placement.

4.2 Safety-Aware Optimization Preserves Perceptual Performance

We next incorporated vascular avoidance into the optimization objective. With-
out safety constraints, a large fraction of electrodes violated the 300 pm safety
margin. Incorporating the vascular penalty eliminated all margin violations.

Perceptual quality changed only modestly in these simulations. Across con-
figurations, SSIM decreased by only 1.7% on MNIST and 4.4% on CIFAR-10
relative to unconstrained optimization (Fig. 3), suggesting that functional per-
formance can be largely maintained while satisfying clinically-motivated vascular
safety constraints.

MNIST CIFAR-10
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Fig. 3. Safety-aware electrode optimization with vascular constraints. Left: Cortical
surface (fsaverage left occipital) with high-resolution vascular map (red, displayed in
V1 only) and optimized electrode locations (black). Right: Percept SSIM scores without
(solid lines) and with (dashed lines) vascular avoidance.
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Fig. 4. Simulated phosphenes using percept-aware optimization with and without
multi-electrode threads under a fixed number of cortical insertions (128). Threaded
designs improve percept quality without increasing number of cortical insertions.

4.3 Device Architecture Co-Optimization with Threaded Arrays

We extended the framework to optimize threaded arrays, where multiple elec-
trode contacts share a single cortical insertion trajectory. Under the fixed inser-
tion budget defined above, threaded configurations improved perceptual fidelity
relative to single-electrode placements (Fig. 4).

5 Discussion

We present a percept-aware surgical planning framework for cortical visual pros-
theses that directly optimizes electrode placement in three-dimensional brain
space under anatomical constraints. By integrating differentiable percept mod-
eling with realistic cortical geometry and vascular avoidance, the proposed ap-
proach aligns surgical decision-making with predicted functional outcomes.

Across simulated reading and natural image tasks, percept-aware placement
improved reconstruction fidelity relative to visual-field tiling and provided task-
dependent benefits relative to coverage-based strategies. Improvements were
strongest for symbol-like images, whereas performance on CIFAR-10 was compa-
rable to coverage-based placement, likely because natural images occupied much
of the visual field and therefore aligned well with the coverage objective.

Several limitations remain. First, experiments were conducted on the widely
used fsaverage template rather than subject-specific anatomy. However, the
framework is fully compatible with patient-specific cortical reconstructions, retino-
topic mapping (e.g., fMRI), and angiographic data. Second, the perceptual for-
ward model uses simplified Gaussian phosphenes and linear superposition. Fu-
ture work will incorporate more detailed biophysical models.Third, the present
study evaluates the planning objective rather than a complete surgical workflow.
In practice, optimized coordinates would need to be transformed into patient-
specific stereotactic space and integrated with neuronavigation, trajectory plan-
ning, and intraoperative constraints. Thus, the current framework should be
viewed as a pre-operative decision-support tool for comparing candidate implant
configurations, not as a stand-alone intraoperative guidance system.

Overall, this work introduces perceptual objectives into computer-assisted
planning for cortical neural interfaces and establishes a framework for anatomi-
cally grounded, safety-aware optimization of next-generation visual prostheses.
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