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Figure 1: Scene simplification for bionic vision. (A) Example retinal implant (Argus II): a head-mounted camera provides
visual input that is delivered as electrical stimulation through a microelectrode array in the retina (image reused under CC BY
from [5]). (B) Traditional preprocessing methods, such as edge detection (Control), emphasize basic scene features but do not
prioritize task-relevant information. (C) SemanticEdges enhances perception by isolating key semantic groups (e.g., pedestrians,
obstacles) while suppressing irrelevant background details. (D) SemanticRaster extends this approach by sequencing semantic
groups across frames, prioritizing hazards first to reduce clutter and improve scene understanding in dynamic environments.

Abstract
Visual neuroprostheses (bionic eyes) aim to restore a rudimentary
form of vision by translating camera input into patterns of electri-
cal stimulation. To improve scene understanding under extreme
resolution and bandwidth constraints, prior work has explored com-
puter vision techniques such as semantic segmentation and depth
estimation. However, presenting all task-relevant information si-
multaneously can overwhelm users in cluttered environments. We
compare two complementary approaches to semantic preprocess-
ing in immersive virtual reality: SemanticEdges, which highlights all
relevant objects at once, and SemanticRaster, which staggers object
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categories over time to reduce visual clutter. Using a biologically
grounded simulation of bionic vision, 18 sighted participants per-
formed a wayfinding task in a dynamic urban environment across
three conditions: edge-based baseline (Control), SemanticEdges, and
SemanticRaster. Both semantic strategies improved performance
and user experience relative to the baseline, with each offering
distinct trade-offs: SemanticEdges increased the odds of success,
while SemanticRaster boosted the likelihood of collision-free com-
pletions. These findings underscore the value of adaptive semantic
preprocessing for bionic vision and, more broadly, may inform the
design of low-bandwidth visual interfaces in XR that must balance
information density, task relevance, and perceptual clarity.

CCS Concepts
• Human-centered computing→ Accessibility technologies;
Virtual reality; • Computing methodologies → Image pro-
cessing; Image representations; Scene understanding.
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1 Introduction
By 2050, over 114 million people are expected to be living with in-
curable blindness, representing a major global health challenge [6].
Electronic visual prostheses, orbionic eyes, aim to restore rudimen-
tary vision by electrically stimulating surviving neurons in the
retina, optic nerve, or visual cortex [14, 56]. While clinically ap-
proved systems such as the Argus II (Fig. 1A) can provide functional
vision for navigation and object localization [17, 33], they remain
limited by low resolution, narrow �elds of view, and strict safety
regulations on simultaneous electrode activation.

Commercial devices typically activate only subsets of electrodes
(timing groups) in rapid temporal succession [49], a raster-scanning
approach inspired by display technology. Raster patterns are cho-
sen heuristically and remain agnostic to scene content. Recent
work suggests that checkerboard rasters, which maximize spatial
distance between active electrodes, can improve clarity and task
performance while complying with safety limits [28]. In parallel,
preprocessing strategies such as semantic segmentation [20, 48] or
depth-based cues [35, 43, 46] can highlight task-relevant informa-
tion. However, even simpli�ed images often overwhelm the user
when displayed all at once under tight stimulation constraints [4].

We propose a novel content-aware raster strategy calledSeman-
ticRaster, which bridges these two perspectives. Rather than acti-
vating spatial strips or checkerboards, the system cycles through
semantic groups over time: for example, �rst displaying hazards like
cars or bicycles, then pedestrians, then structural elements (Fig.1D).
This approach aims to reduce clutter and direct attention to task-
relevant features while maintaining context across frames. The
prioritization of object categories is �exible and ideally co-designed
with blind users [10, 37, 44], o�ering a foundation for temporally
adaptive encoding that re�ects user needs and task demands.

Because no commercial retinal implants are currently available
(and clinical testing is constrained by risk, device heterogeneity, and
small sample sizes), direct evaluation of raster strategies in end users
is infeasible. Simulated prosthetic vision (SPV) in immersive virtual
reality (VR) provides a powerful alternative [12, 21, 27], enabling
repeatable testing of design strategies in realistic settings. Here
we useBionicVisionXR [27], an open-source VR platform with
gaze-contingent rendering and psychophysically grounded models
of phosphene appearance [2], temporal dynamics [25], and spatial
summation [24], to emulate how a future implant may respond to
head and eye movements.

In this study, 18 sighted participants completed a way�nding
task through a cluttered virtual town square using SPV. While
sighted participants cannot model long-term perceptual learning,
they enable controlled, within-subject comparisons that are im-
practical in implant users [3]. Gaze-contingent rendering allowed

us to emulate the visual experience of a head-mounted camera
system interacting with retinal stimulation. Code is available at
https://github.com/bionicvisionlab/2025-VRST-SmartRaster.

Our work makes three key contributions:
i. We introduceSemanticRaster, a content-aware raster strategy

that sequences semantic groups over time, o�ering a new method
for reducing clutter while preserving context under tight stim-
ulation constraints.

ii. We conduct a controlled user study in immersive VR that sys-
tematically compares static and temporally adaptive semantic
encoding strategies using realistic phosphene simulations and
dynamic obstacles.

iii. We show that static and temporally sequenced semantic simpli-
�cation confer complementary bene�ts (higher completion and
lower collision rates, respectively), providing design guidance
for bandwidth-limited XR and next-gen bionic-vision interfaces.

2 Background
Several classes of bionic vision systems are under development,
including retinal, optic nerve, and cortical implants. Retinal de-
vices such as the Argus II [33], Alpha-IMS [51], and suprachoroidal
systems [54] represent the most clinically advanced, while next-
generation systems such as PRIMA [38], ICVP [26], and Neuralink's
cortical array [36] aim to improve resolution and usability through
denser electrode layouts and �exible implantation strategies.

Most of these systems rely on an external visual processing unit
(VPU) to convert real-time video into stimulation patterns for the
implanted electrode array. While electrical activation can elicit
phosphenes(discrete points of light), the resulting vision remains
highly degraded: resolution is limited [15, 57], visual �elds are nar-
row (e.g., 10x20� in Argus II) [33], and percepts are variable and
often distorted by biological factors [2, 50]. Safety limits on simul-
taneous electrode activation further constrain e�ective resolution,
even as newer devices push electrode counts into the hundreds.

As a result, users often describe bionic vision as unreliable, ef-
fortful, and situationally useful at best [37]. Navigation and scene
understanding remain especially challenging, as the limited �eld of
view (FoV) necessitates continuous head scanning to piece together
a coherent sense of the environment [13]. Most current systems
ignore eye movements [8], further complicating perceptual stability.

To improve usability and support greater independence, future
prosthetic systems must not only improve hardware, but also in-
telligently preprocess visual input. This includes prioritizing task-
relevant information, reducing clutter, and adapting to the user's
context and behavior [4]. SPV in immersive VR has emerged as a
powerful tool to prototype and evaluate such strategies, enabling
rapid iteration without the need for implantable hardware.

3 Related Work
SPV in immersive VR has emerged as a powerful testbed for evalu-
ating encoding strategies prior to clinical deployment. Sighted par-
ticipants can act as �virtual patients,� experiencing key constraints
of bionic vision (i.e., reduced resolution, limited FoV, phosphene
blur, and temporal distortions) without the variability introduced by
long-term adaptation or device-speci�c idiosyncrasies [27, 43, 53].
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While not a substitute for real-world testing, SPV enables con-
trolled, repeatable, within-subject comparisons that are impractical
in clinical studies, especially during early-stage prototyping.

Early work on preprocessing emphasized edge detection and con-
trast enhancement to make scene structure more perceptible [12,
55], though these methods lacked adaptability to tasks or envi-
ronments. For example, Dagnelie et al. [12] found that edge en-
hancement improved detection of large objects but broke down
in cluttered scenes, while Vergnieux et al. [55] showed that con-
trast �ltering highlighted scene boundaries at the cost of �ne detail
needed for navigation.

More recent studies have applied computer vision to highlight
task-relevant features. Semantic labeling can aid object recognition
in SPV but displaying all classes simultaneously increases clut-
ter [20]. Depth-based preprocessing emphasizes nearby hazards
and improves obstacle avoidance [35,46], but sometimes suppresses
distal cues. Thorn et al. [53] showed that obstacle avoidance per-
formance degraded sharply as clutter increased, even with edge
enhancement, and Rasla et al. [43] found that relative-depth encod-
ing could improve mobility only under tightly controlled conditions.
Together these �ndings highlight the trade-o� between clarity and
informational value.

To address this, time-multiplexed rendering strategies have been
explored, though only sparingly. Kasowski et al. [28] compared
rastering strategies in SPV and found that a checkerboard pattern
yielded higher accuracy for letter recognition and motion discrimi-
nation than row-wise, column-wise, or random rasters. However,
their stimuli were simple and static, leaving open whether similar
bene�ts extend to cluttered navigation tasks. Early SPV studies re-
lied on oversimpli�ed visual models [12], but more recent work has
introduced psychophysically validated phosphene simulations that
incorporate fading, spatial distortion, and gaze contingency [2, 27].
Still, these advances have largely lacked temporally adaptive en-
coding aligned with users' moment-to-moment navigation goals.

Our work builds on this foundation by integrating (i) a biologi-
cally grounded, gaze-contingent phosphene simulation; (ii) seman-
tically informed image processing; and (iii) a novel raster strategy
that sequences object categories based on task relevance. Unlike
prior approaches that treat semantic segmentation as static,Seman-
ticRasterencodes temporal prioritization to emphasize critical cues
(e.g., moving obstacles) while minimizing clutter.

Though motivated by bionic vision, our framework may o�er
general-purpose strategies for temporally adaptive scene simpli-
�cation in constrained visual displays. By combining perceptual
realism, gaze contingency, and task-aware encoding, this work
advances the design of real-time, user-centered interfaces for im-
mersive and assistive technologies alike.

4 Methods
4.1 Participants
Eighteen participants with normal or corrected-to-normal vision (11
female, 7 male; ages 18�40;" = 25”04,(� = 5”72) were recruited for
this study. Participants were undergraduate students recruited from
the research participant pool at the University of California, Santa
Barbara, and served as �virtual patients� [27] in SPV experiments.

Prior experience with VR varied: �ve participants had never used
VR, while the remaining 13 reported familiarity with the technology,
ranging from 1 to over 20 prior sessions. To minimize risks of
discomfort, participants with known sensitivity to �ashing lights
or motion sickness were excluded during the screening process.

The study adhered to the principles of the Declaration of Helsinki
and was approved by the Institutional Review Board at the Univer-
sity of California, Santa Barbara.

4.2 Simulated Prosthetic Vision
We utilized the open-source Unity toolboxBionicVisionXR (https:
//github.com/bionicvisionlab/BionicVisionXR), to simulate pros-
thetic vision within an immersive VR environment. Participants
viewed stimuli through an HTC VIVE Pro Eye head-mounted dis-
play, with phosphene appearance modeled using psychophysically
validated simulations [2, 18, 23]. These simulations incorporated
spatiotemporal dynamics, including phosphene elongation and fad-
ing due to axonal pathways [24] (Section 4.2.1), as well as per-
sistence and decay e�ects based on charge accumulation dynam-
ics [23] (Section 4.2.2).

To approximate the visual experiences of retinal prosthesis users,
the VR environment featured gaze-contingent rendering (Section
4.2.3), dynamically updating scene content based on participants'
head and eye movements. This ensured a realistic and interactive
simulation of prosthetic vision.

We simulated a10� 10epiretinal electrode array centered over
the fovea, inspired by the Argus II implant [33]. Electrodes were
modeled as point sources with400µm spacing, consistent with
current-generation retinal prostheses. All simulations were ren-
dered on a high-performance desktop computer (Intel i9-11900k,
64GB RAM, Nvidia RTX3090) and wirelessly transmitted to the
head-mounted display.

This setup balances generalizability with alignment to near-
future prosthetic technologies, providing a robust platform for
evaluating visual preprocessing strategies in SPV. The entire SPV
work�ow was thus as follows (Fig. 2):

i. Image acquisition:Unity's virtual camera captured a60� FoV,
rendered at90 Hz.

ii. Image processing:Frames were downscaled to200� 200pixels,
converted to grayscale, and smoothed with a3 � 3 Gaussian
kernel.

iii. Electrode activation:Pixel intensities nearest to each electrode
were used to compute activation levels.

iv. Spatiotemporal e�ects:Phosphene shapes were modeled using
the axon map model [2, 18], simulating elongated phosphenes
aligned with retinal ganglion cell axons. A temporal model [23]
simulated phosphene fading and persistence by accounting for
charge accumulation and decay.

v. Gaze-contingent rendering:The implant location dynamically
shifted based on gaze position, ensuring the scene remained
aligned with participants' �xation.

4.2.1 Spatial Distortions.The shape of phosphenes in epiretinal
devices is in�uenced by the retinal ganglion cell axons, which
traverse the retina in curved paths [2, 45]. We used the axon map
model to simulate these distortions [2, 18]. Each electrode activated
a region of the retina de�ned by Gaussian fallo� parametersd
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Figure 2: Simpli�ed overview of the SPV pipeline. Unity's virtual camera captured scenes while tracking gaze position (�Image
acquisition"). Frames underwent scene simpli�cation, scaling, and grayscale conversion to mimic preprocessing by a visual
processing unit (�Image processing"). Electrode activation levels were derived from pixel intensities, with temporal sequencing
strategies grouping electrode activations over time (�Electrode activation"). The example illustrates grouped activation of the
top two rows of electrodes. Spatial distortions were modeled using an axon map, and temporal e�ects like fading and persistence
were integrated to simulate prosthetic vision (�Prosthetic vision"). The resulting percept was rendered to participants via a
head-mounted display (�Render").

(spread) and_ (elongation). The instantaneous brightness1� of
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where' ¹\ º is the path of the axon terminating at retinal location
¹A• \º, ? is a point along the path,34 is the distance from? to the
stimulating electrode4, and3soma is the distance along the axon
from ? to the cell body. Spatial distortions were modeled using
medium levels of elongation and spread, as reported in earlier psy-
chophysical studies [2], with d = 200µm (spread) and_ = 400µm
(elongation). These parameters were selected to represent typical
distortions experienced by prosthesis users, balancing realism and
perceptual clarity for the purposes of the study. By keeping these
parameters constant across conditions, we ensured that observed
di�erences in performance were attributable to the preprocessing
strategies rather than variations in spatial distortions.

4.2.2 Temporal Distortions.To model temporal dynamics, we used
a simpli�ed variant of the Horsager et al. [23] model, which in-
corporates two coupled leaky integrators to simulate neural de-
sensitization=¹Cº and phosphene brightness1¹Cº. The governing
equations were:

3=¹Cº
3C

= � g==¹Cº ¸ 1� ¹Cº• (2)

31¹Cº
3C

= � g11¹Cº � U=¹Cº ¸ 1� ¹Cº• (3)

where1� ¹Cº was the instantaneous brightness (from the spatial
model) calculated at timeC. Parameter values (g= = 0”2 s, g1 =
5 s, andU = 0”2) were �tted to reproduce temporal fading and
persistence e�ects reported by Subject 5 of Pérez Fornos et al. [41]
(see their Figure 4).

4.2.3 Gaze-Contingent Phosphene Rendering.Modern retinal pros-
theses rely on head-mounted cameras, so visual input is head-
centered rather than eye-centered. To simulate this realistically,
we implemented gaze-contingent rendering that re-centered the

implant display on the participant's �xation point in real time. Us-
ing the HTC Vive Pro Eye, each video frame was shifted according
to gaze position, ensuring phosphenes were rendered in retinal
coordinates and moved naturally with the eyes. This step is critical
for reproducing perceptual e�ects such as fading, streaking, and
local adaptation [39, 41]; without it, stimulation would remain �xed
to the screen, producing smeared or distorted percepts during eye
movements.

Our setup achieved a mean eye-tracking precision of1”9� , with
94 %of samples within5� of the target (see Supplementary Material).
Gaze-contingent stimulation is increasingly recognized as essential
for biologically plausible SPV [8, 28, 39], and future implants are
expected to support it through onboard sensors or external eye
trackers.

4.3 Scene Simpli�cation Strategies
To evaluate the e�ect of di�erent scene simpli�cation strategies
on way�nding performance, the SPV system rendered visual input
using three distinct strategies:

i. Control:This baseline condition applied a standard3 � 3 So-
bel kernel to the input for edge detection. While e�ective for
emphasizing structural boundaries, this method lacked task-
speci�c prioritization, often resulting in a cluttered visual �eld
that could overwhelm users in complex environments.

ii. SemanticEdges:A semantically informed edge �lter that em-
phasized high-priority objects (e.g., pedestrians, bicycles, and
structural features) based on scene understanding. A7� 7Sobel
kernel enhanced edges while suppressing irrelevant background
details, reducing clutter and emphasizing salient features.

iii. SemanticRaster:A novel strategy that combined semantic seg-
mentation with temporal prioritization. Rather than displaying
all object classes simultaneously, this mode cycled through key
object categories over time (200msper class), repeatedly dis-
playing bicycles, then pedestrians, then structural edges. This
schedule aimed to reduce crowding and improve perception
under the low-resolution constraints of SPV (Fig. 3).
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Figure 3: Scene simpli�cation strategies tested in the study. The raw RGB image (top center) was processed using three methods.
Control (top left) applied a 3 � 3 Sobel �lter to highlight edges without prioritizing task-relevant features. SemanticEdges(top
right) used semantic segmentation and a 7 � 7 kernel to enhance edges of selected classes (bicycles, pedestrians, and structures).
SemanticRaster (bottom) grouped semantic categories and displayed them sequentially over time, cycling semantic groups over
time with higher update rates for dynamic objects. The �nal panel(s) for each method show(s) simulated prosthetic vision
(SPV) output rendered in retinal coordinates; red dashed boxes mark the limited �eld of view of the SPV rendering.

4.3.1 Task Relevance and Raster Schedule.An object class was
deemedtask-relevantif (i) the task involved interacting with, avoid-
ing, or locating it, and (ii) failure to perceive it impaired performance
(e.g., more collisions or timeouts). Classes were identi�ed with in-
put from a blind consultant and an O&M specialist. For way�nding,
this yielded three key classes (bicycles, pedestrians, and structural
edges) in that order of importance.SemanticRasterre�ected this
priority by allocating equal temporal slots (200ms) to each class,
with higher-ranked categories recurring more frequently.

This framework generalizes: a street-crossing task might prior-
itize cars and crosswalks, while an indoor task might emphasize
doors and furniture. The rastering mechanism is unchanged; only
the class set and ordering vary, based on structured input from end
users and task pilots [16, 22].

4.3.2 Stimulation Constraints.Although these strategies priori-
tized relevant information, they still required stimulating many
electrodes per frame, risking safety limits. To mitigate this, all strate-
gies used a checkerboard raster pattern shown to be perceptually
e�ective [28], alternating activation across the grid to avoid simulta-
neous neighbors. Cycling at90Hz to match the headset refresh, this

approach exploited temporal integration to yield coherent percepts
while minimizing crosstalk and phosphene fusion.

4.4 Task & Environment
Participants completed an ambulatory way�nding task in a SPV
environment modeled after a7”5 m� 7”5 murban square (Fig. 4).
The square featured dynamic obstacles (bicycles, pedestrians) and
static ones (benches, lampposts), with spatialized sound for realism.
The objective was to walk from the starting position (in front of the
fountain) to one of two subway entrances while avoiding collisions.
Participants navigated by walking in the tracked space.

Static obstacle con�gurations (e.g., benches, standing pedestri-
ans) were drawn from a set of prede�ned layouts, with one pseudo-
randomly selected per trial to increase variability. This ensured that
all trials were comparable in di�culty while preventing participants
from memorizing obstacle layouts. Dynamic obstacles followed pre-
de�ned paths, but their speed and timing were randomized across
trials to prevent memorization. The SPV simulation re�ected key
constraints of current bionic vision systems, including a reduced
FoV (14”6� � 14”6� ) and a phosphene resolution of10� 10electrodes,
rendered in a gaze-contingent and temporally dynamic manner.
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