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Artificial intelligence has become an indispensable part of digital life. People routinely use Al to write,
program, search, summarize, and make decisions. Yet this emerging human-Al symbiosis remains concen-
trated in the digital realm, where people work primarily with language through digital devices. It is far less
developed in the physical world, where people navigate and act under real stakes. People must still move
through unfamiliar places, manipulate objects, assess risks, and make decisions through their own situated
perception and at the cost of their own time and effort.

This limitation does not arise from a lack of Al research on the physical world. Over several decades,
computer vision, robotics, augmented reality, and embodied Al have produced systems that recognize ob-
jects, reconstruct environments, navigate, plan motion, and increasingly predict how real-world scenes may
evolve. The challenge is to translate these capabilities into assistance that fits human activity. Spatial evi-
dence is viewpoint-dependent, incomplete, multimodal, and subject to change. Its usefulness also depends
on who will act, what that person is trying to accomplish, and how an inferred result is communicated. A
model can therefore perform well on a general benchmark while remaining too slow, insufficiently grounded,
mismatched to a person’s capabilities, or too opaque for a consequential spatial decision.

This dissertation advances a vision of human-Al symbiotic spatial perception: a perceptual partnership
in which people and Al systems combine complementary knowledge and capabilities to acquire, interpret,

and communicate information about physical space. I argue that useful spatial assistance depends on de-



signing Al around both people and the physical world. Such systems must deliver timely, in-context output;
acquire task-relevant spatial evidence beyond a person’s direct presence; align spatial judgments with human
capabilities and goals; and represent spatial data in forms that people can perceive, inspect, and manipulate.
The dissertation investigates these requirements through four research frontiers and six projects.

Frontier I, In-Context, Real-Time Personalized Spatial Assistance, examines RASSAR, a mobile augmented-
reality system for accessibility and safety assessment. Frontier II, Spatial Perception Beyond Physical Pres-
ence, explores automated and human-guided spatial capture through RAIS and FlyMeThrough. Frontier
III, Aligning AI Spatial Reasoning with Human Needs, introduces CapNav, a benchmark of capability-
conditioned indoor navigation. Frontier IV, Human-Centered Spatial Representation and Interaction, inves-
tigates object- and event-centered techniques for spatial authoring through SonifyAR and DepthScape.

Across the projects, the findings show that useful assistance can emerge even when Al capabilities re-
main imperfect. RASSAR demonstrates the feasibility of mobile, stakeholder-informed accessibility scan-
ning while exposing the need for personalization and human verification. RAIS and FlyMeThrough show
that robots and drones can extend the reach of spatial capture, but that predefined task criteria or sparse
human annotations are needed to preserve relevance. CapNav reveals that strong vision-language mod-
els degrade when navigation depends on embodiment-specific constraints, metric estimates, and evidence
integrated across views. SonifyAR and DepthScape show how intermediate representations, including con-
textual event descriptions and parametric spatial anchors, let people inspect and shape Al-generated out-
puts. Together, these contributions establish a human-centered design agenda for spatial Al that is timely,

far-reaching, capability-aligned, expressive, and accountable to the people who use it.
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Chapter 1

Introduction

Al has become essential infrastructure for our digital lives. People use Al systems to draft documents,
write and debug code, retrieve information, summarize complex material, and support decisions. These
interactions increasingly resemble a form of human-Al symbiosis in the digital realm: people contribute
goals, judgment, and context, while Al contributes computational scale, pattern recognition, and generative
capability.

This human-Al symbiosis, anticipated more than half a century ago in Licklider’s vision of “man-
computer symbiosis” [Licklider, 1960], is far less developed in the physical world. Everyday spatial de-
cisions are situated, embodied, and consequential. People must determine where to go, which paths are
feasible, what objects can be used, and what risks an action entails. They make these judgments from partial
observations, remembered experiences, maps and descriptions, and active exploration, often at the cost of

their own time, effort, and exposure.

This limitation does not arise from a lack of Al research on the physical world itself. Large-scale visual
datasets and deep neural networks established broad object recognition and segmentation across images and
videos [Deng et al., 2009; Krizhevsky et al., 2012; Ravi et al., 2024a]. Simultaneous localization and map-
ping systems reconstruct geometry while estimating a camera or robot’s position [Mur-Artal and Tardés,
2017], and route planners connect spatial representations to feasible paths [Hart et al., 1968; Savva et al.,
2019]. Embodied multimodal and vision-language-action models further connect language and visual ob-

servations to plans and robot actions [Driess et al., 2023; Zitkovich et al., 2023]. More recently, predictive

1



models have begun to simulate action-conditioned future observations for navigation and control [Bar et al.,
2025].

These advances are substantial, but benchmarked capabilities do not automatically become useful assis-
tance in everyday physical activity. Spatial evidence is incomplete and viewpoint-dependent; environments
and objects change; an answer may arrive too late for the action it is meant to support; and a judgment that
is valid for one body, machine, or task may be unsafe for another. The system must also express its interpre-
tation through a modality and representation that a person can understand, question, and correct. Improving
a model in isolation addresses only part of this translation problem.

This dissertation studies the human-centered gap between Al world understanding and human spatial
perception. I ask how Al can extend what people are able to perceive about the physical world while
remaining aligned with a person’s current context, bodily capabilities, goals, and preferred forms of inter-
action. I call this goal human-Al symbiotic spatial perception: a perceptual partnership in which people
and Al systems combine complementary knowledge and capabilities to acquire, interpret, and communicate

information about physical space. The dissertation advances the following thesis:

Human-Al symbiotic spatial perception depends on designing Al systems around both people
and the physical world: systems must deliver in-context output in real time relative to the sup-
ported task, acquire task-relevant spatial data beyond a person’s direct presence, align spatial
reasoning with human capabilities and goals, and represent spatial data in forms people can
perceive and manipulate. Across six projects, this dissertation shows that these design princi-
ples can enable useful real-world spatial assistance even when the underlying Al capabilities

remain imperfect.

Throughout this dissertation, real time is task-relative rather than a universal latency threshold. A spatial
system operates in real time when its end-to-end feedback, including sensing, inference, transmission, and
presentation, arrives within the decision horizon of the ongoing action it supports. Continuous locomotion or
collision avoidance may require subsecond responses; interactive scanning may tolerate longer computation
when incremental guidance arrives before the user chooses the next viewpoint; and deliberative planning
may remain useful over seconds or minutes without being real-time control. I use timely more broadly for

information that arrives when it can still support a task, including tasks that are not continuously unfolding.
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Section 7.4 returns to these distinctions with measured latencies from the dissertation projects.

This research goal extends beyond the scope of any single dissertation. Rather than claiming to solve
it, this dissertation develops and evaluates approaches toward this vision through four research frontiers.
They are not independent stages in a fixed pipeline. Each identifies a condition that can determine whether
Al-generated spatial information becomes useful to a person, and the projects can address more than one

condition at once.

1.1 Frontier I: In-Context, Real-Time Personalized Spatial Assistance

The first frontier concerns immediacy: can Al provide useful spatial assistance while a person is acting in
the environment, with feedback grounded in the present scene and personalized to the user’s needs? Such a
system must acquire local evidence, interpret it in real time, relate it to the user’s task and capabilities, and
communicate results without demanding excessive attention or expertise.

RASSAR [Su et al., 2024d, 2023, 2022] serves as the example project for this frontier. RASSAR uses
a mobile phone’s camera and LiDAR sensor, real-time computer vision, customizable accessibility rubrics,
and augmented reality to identify and communicate potential accessibility and safety issues. The project
demonstrates both the promise and difficulty of situated assistance: the system must guide scanning, recog-
nize objects at different scales, connect measurements to individual concerns, and expose detections with

efficient visualization.

1.2 Frontier II: Spatial Perception Beyond Physical Presence

The second frontier concerns reach: can Al help people acquire spatial information beyond their physical
presence in space and time? Human perception is constrained by travel, access, risk, memory, and the timing
of an observation. Cameras, robots, and drones can extend this reach, but captured geometry or video is not
automatically useful. A remote representation must preserve the objects, relations, and functional details
required by its intended users.

RAIS [Su et al., 2024a] and FlyMeThrough [Su et al., 2025a] examine complementary approaches.

RAIS combines RASSAR with commodity robotic hardware to explore automated indoor accessibility



scanning. It asks whether a robot can independently and regularly establish room models and accessibil-
ity assessments. FlyMeThrough addresses larger and more varied indoor spaces through commodity-drone
video, 3D reconstruction, and human-AlI collaborative annotation. Building managers and occupants iden-
tify meaningful points of interest, while Al propagates their annotations and localizes them in a 3D map.
Together, the projects show that extending perception beyond physical presence requires both autonomous

or semi-autonomous capture and human guidance about what information matters.

1.3 Frontier III: Aligning AI Spatial Reasoning with Human Needs

The third frontier concerns alignment: does an Al system interpret the environment in a way that is valid
for the particular person or agent relying on it? Spatial perception is subject-conditioned. Stairs, thresholds,
door widths, turning spaces, and the ability to operate a door affect bodies differently. Al model outputs,
which are based on general training data, can therefore be geometrically plausible and linguistically con-
vincing while still being unusable or unsafe for a certain embodiment.

CapNav [Su et al., 2026a] serves as the example project for this frontier. CapNav benchmarks vision-
language models on indoor navigation tasks conditioned on five human and robotic capability profiles. It
evaluates not only whether a model predicts feasibility, but whether it constructs a valid path, respects edge-
level traversability, and gives an appropriate reason when a route is infeasible. CapNav reveals systematic
weaknesses in capability-conditioned reasoning, particularly when models must estimate dimensions or
integrate evidence across many views. The project turns spatial alignment from a broad aspiration into a

measurable technical and human-centered problem.

1.4 Frontier IV: Human-Centered Spatial Representation and Interaction

The fourth frontier concerns expressiveness: how should humans and Al exchange spatial knowledge? Al
systems commonly encode space as meshes, masks, point clouds, embeddings, graphs, or generated text.
Humans may instead think through objects, materials, landmarks, sounds, depth cues, and direct manipu-
lation. Effective spatial input and output require representations that bridge machine inference and human

intuition.



SonifyAR [Su et al., 2024c] and DepthScape [Su et al., 2026b] explore this frontier through different
modalities. SonifyAR converts interactions among users, virtual objects, and physical surfaces into textual
event representations, then retrieves or generates context-aware sounds. It demonstrates how sound can
communicate material and event relationships that are difficult to author through conventional trigger inter-
faces. DepthScape reconstructs latent depth from a single image and exposes Al-inferred geometry through
parametric anchors that designers can directly manipulate. It demonstrates how object-centered interaction
can make inherent spatial information inspectable and useful without requiring the user to become a 3D
modeling expert. Together, these projects position representation and interaction as core components of

spatial intelligence.

1.5 Summary of Contributions

This dissertation makes four overarching contributions:

User [T Al [«—]|Scanners
Field |
Experts

Environment

Figure 1.1: The ecosystem of human-Al symbiotic spatial perception developed in this dissertation. Across
four frontiers and six projects, the framework extends beyond a person, an Al model, and the physical
environment to include sensing devices that capture evidence beyond direct physical reach, field experts
who contribute local knowledge, interaction techniques that support effective communication, and alignment
mechanisms that connect Al outputs to human capabilities and goals.



1. A human-centered framework for spatial Al It defines human-Al symbiotic spatial perception and
develops four design requirements for translating AI world understanding into assistance: timely and
personalized support in context, acquisition of evidence beyond direct physical presence, alignment
with the capabilities and goals of the person who will act, and human-centered representation and
interaction. This framework shifts the unit of analysis from model output alone to the complete
ecosystem among people, physical environments, Al inference, interfaces, external scanning devices,

and field experts. See Figure 1.1.

2. Systems and interaction techniques for acquiring and using spatial data. Across RASSAR, RAIS,
FlyMeThrough, SonifyAR, and DepthScape, the dissertation contributes mobile and robotic acces-
sibility scanning, human-guided drone mapping, click-based segmentation propagation and depth-
guided raycasting, context-aware sound authoring through programming by demonstration, depth-
based blending, and direct manipulation through parametric spatial anchors. These techniques make
spatial evidence available at different locations and times while giving people concrete ways to spec-

ify, inspect, and revise what an Al system produces.

3. A reusable benchmark for capability-conditioned spatial reasoning. CapNav formalizes align-
ment as a navigation problem in which route feasibility depends on a specified human or robotic
embodiment. Its videos, navigation graphs, capability profiles, edge-level traversability annotations,
and decomposed metrics distinguish a plausible answer from a valid path, a traversable route, and
an appropriate explanation. The benchmark reveals where current vision-language models fail under

metric, multi-view, and embodiment-specific constraints.

4. Empirical evidence and design knowledge from real spatial tasks. Formative studies, user stud-
ies, expert reviews, and technical evaluations examine the systems with accessibility stakeholders,
residents, building managers, occupants, AR creators, and designers, as well as across diverse indoor
scenes and images. These studies establish where the proposed techniques are feasible and useful,
while identifying limitations in personalization, capture coverage, latency, reconstruction, generation
quality, and model reliability. Collectively, the findings show why imperfect Al can still support

spatial work when its evidence and outputs remain inspectable, correctable, and bounded to an appro-
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priate task.

1.6 Chapter Overview

Chapter 2 develops the conceptual and technical foundation for the dissertation. It first reviews human
spatial perception as embodied and action-oriented, partial and individually variable, and organized around
task-relevant objects, landmarks, and affordances. It then traces Al world understanding from integrated
robotics and geometric mapping to learned visual geometry and multimodal embodied models. The chapter
situates the dissertation among established human-Al interaction frameworks, reviews accessible navigation
and environmental auditing as a central application strand, and identifies the gaps that motivate the four
frontiers.

The four subsequent frontier chapters form the empirical core of the dissertation. Frontier I: In-Context,
Real-Time Personalized Spatial Assistance presents RASSAR. Frontier I1: Spatial Perception Beyond Phys-
ical Presence presents RAIS and FlyMeThrough. Frontier I11: Aligning Al Spatial Reasoning with Human
Needs presents CapNav. Frontier 1V: Human-Centered Spatial Representation and Interaction presents
SonifyAR and DepthScape. Each chapter begins with a preamble defining the frontier, then develops its
example project or projects through their motivation, design, implementation, evaluation, and implications
for human-Al symbiotic spatial perception.

The synthesis chapter draws lessons across the four frontiers and outlines a future in which Al can extend
human spatial perception without displacing human judgment. The conclusion then returns to the central
thesis and its implications. The goal is not to make physical presence universally unnecessary, nor to treat
Al perception as complete. It is to make spatial assistance more timely, far-reaching, capability-aligned, and
expressive, while giving people meaningful ways to understand and shape the representations on which that

assistance depends.






Chapter 2

Overview of Human and Al Spatial

Perception

This chapter establishes the conceptual and technical background for human-Al symbiotic spatial perception.
It first reviews complementary theories of embodied perception, action, spatial knowledge, and mediated
understanding. It then traces Al world understanding from geometric mapping and learned visual repre-
sentations to multimodal embodied models. Next, it situates this dissertation among established human-Al
interaction frameworks. Finally, it reviews accessible navigation, environmental auditing, and other spatial-

assistance systems and develops the gaps that motivate the four frontiers.

2.1 Human Spatial Perception

Every animal must acquire useful information about its surroundings and act on that information to survive.
In humans, visual depth and motion cues, hearing, touch, proprioception, vestibular sensation, and memory
together support this basic capacity. People use these capabilities to infer layout, locate objects and sur-
faces, anticipate routes, and select actions. Human spatial perception is therefore not a passive recording
of complete geometry. It is an ongoing process of sensing, remembering, interpreting, and acting on an

environment under the constraints of a particular body, task, and situation.
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2.1.1 Perception and Action in an Embodied World

Biologists and psychologists have long studied this relationship between an organism and its surroundings.
Von Uexkiill’s concept of Umwelt describes the meaningful world available to an organism through its
particular perceptual and action capabilities [Uexkiill, 2010]. An environment may be physically shared yet
differently available to bodies with different senses, sizes, skills, and needs. A stairway, doorway, audible
signal, reflective surface, or visual landmark therefore does not carry the same practical meaning for every
person or machine. This perspective shifts spatial computing away from asking only what is present and
toward asking what a particular actor can perceive and do.

Ecological theories make this relation to action explicit. Gibson’s affordances describe opportunities for
action relative to an organism and its environment [Gibson, 1979]. A chair affords sitting, a handle affords
grasping, and an opening affords passage under particular bodily and situational conditions. Norman’s
distinction between affordances and signifiers adds an interaction-design perspective: an opportunity for
action may exist, but a perceivable cue is needed to communicate it [Norman, 2013, 1999]. For spatial
perception, simply detecting an object or space is therefore only an intermediate result. A useful system
must relate the physical presence to possible actions and communicate that interpretation without concealing
uncertainty.

Our perception is also active. Bajcsy argues that perceptual systems strategically control sensing in
response to goals rather than waiting for complete input [Bajcsy, 1988]. People turn their heads, approach
an object, open a door, or revisit a viewpoint to resolve uncertainty. Recent experimental work further shows
that motor engagement during exploration can improve route memory compared with passively viewing the
same route, emphasizing that spatial knowledge depends on how an environment is experienced as well as

what is seen [Sivashankar et al., 2025].

2.1.2 Organizing Spatial Knowledge

Spatial-cognition research explains how people organize the evidence collected through perception and ac-
tion. Tolman’s cognitive-map work introduced internal spatial representation as an explanation for flexible
navigation [Tolman, 1948]. Lynch showed how paths, edges, districts, nodes, and landmarks contribute to

the imageability and legibility of cities [Lynch, 1960], while Siegel and White described the acquisition
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of landmark, route, and survey knowledge [Siegel and White, 1975]. These accounts emphasize different
aspects of spatial knowledge, but all reject the idea that people maintain a complete, perfectly metric survey
map.

Tversky further characterized spatial knowledge through cognitive maps, cognitive collages, and spatial
mental models that are partial, schematic, and shaped by the current task [Tversky, 1993]. Montello showed
that object-scale, vista-scale, environmental-scale, and geographic-scale spaces are apprehended and used
differently [Montello, 1993]. Taylor and Tversky, meanwhile, demonstrated that descriptions and maps
preserve different relations and support different forms of spatial inference [Taylor and Tversky, 1992].
These theories are complementary rather than interchangeable. Affordances explain how spatial features
relate to possible action; active perception explains how evidence is sought; cognitive-map and landmark
theories explain how locations and routes are organized; and scale and representation theories explain why
the same environment may be understood differently across tasks and media. No single construct serves
as the target of this dissertation. Together, the theories establish that spatial understanding is selective,

action-oriented, and assembled from multiple forms of evidence.

2.1.3 Sources, Scales, and Limits of Spatial Knowledge

Across these theories, useful spatial knowledge draws on three complementary sources of information:

1. Immediate sensory information comes from the current situation: visual depth and motion cues,
sound, touch, bodily orientation, and active inspection. This source is grounded in the present view-

point but is necessarily limited by occlusion, attention, and sensing range.

2. Retrieved knowledge comes from memory and prior experience. It lets people recognize landmarks,
remember a route, infer likely object locations, and relate a current view to a previously visited place.
It is useful precisely because direct sensing is incomplete, but it can be outdated, distorted, or unavail-

able for unfamiliar environments.

3. Mediated representations come from other people and external media, including language, sketches,
maps, photographs, videos, and online information. Such representations can make remote or past

information available, but their value depends on what they preserve and how well a person can inte-
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grate them into the current task. Past research shows that people acquire different spatial knowledge
from maps, route descriptions, virtual environments, and direct navigation [Tversky and Lee, 1999;

Richardson et al., 1999].

These categories are analytical rather than mutually exclusive. A person reading a map may combine it
with remembered landmarks and current visual cues; someone who asks for directions must connect another
person’s verbal description with an immediate view. The important point is that spatial understanding is
assembled from heterogeneous evidence, not copied from a single sensor or data structure.

Spatial knowledge also remains partial because people are bounded by their position in space and time.
Time-geography characterizes reachable activities through capability constraints, coupling constraints that
require coordination with other people or resources, and authority constraints that regulate access to places
[Hagerstrand, 1970]. Physical travel consumes time and may be risky, expensive, socially constrained, or
impossible. The resulting epistemic horizon is the practical boundary of what a person can currently know
about an environment. It changes with viewpoint, attention, prior experience, mobility, and access to other
people or technologies.

Technology can extend this horizon through remote sensing, recorded media, mapping, or communi-
cation with others, but it cannot make every environment fully known. A person standing in a room can
inspect visible surfaces but not space behind a wall; a video can reveal a distant room while omitting scale,
sound, or objects outside the camera path. The design problem is therefore not to construct an exhaustive
representation of every environment. It is to identify which missing evidence constrains a decision, acquire
or infer that evidence responsibly, and express it in a form that supports the person’s current understanding

and action.

2.2 Al World Understanding

Al world understanding refers here to computational methods for recognizing physical entities, estimating
spatial structure and state, integrating evidence over time, predicting change, and selecting actions. These
capabilities have not developed along a single path. Symbolic and geometric representations remain impor-
tant, while learned visual, multimodal, and action-conditioned representations have expanded the range of

environments and tasks that machines can address.
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2.2.1 From Geometric Mapping to Learned Scene Representations

Early integrated Al and robotics systems made the perception-representation-action loop concrete. Shakey
combined sensing, an explicit representation of its surroundings, planning, and mobile action [Nilsson,
1984]. Subsequent robotics research developed increasingly capable methods for mapping, localization, ob-
stacle avoidance, and motion planning. Simultaneous localization and mapping, for example, estimates an
agent’s trajectory while constructing a map from sequential observations, making metric structure and uncer-
tainty explicit [Cadena et al., 2016; Mur-Artal and Tardds, 2017]. Such systems provide inspectable geomet-
ric state, although they can depend on sensor assumptions, engineered correspondence, and environment-
specific failure handling.

The large-scale deep-learning era shifted emphasis toward representations learned from data. Ima-
geNet supplied a large hierarchical image database and benchmark for visual recognition [Deng et al.,
2009], and AlexNet demonstrated the impact of deep convolutional networks and GPU training at that
scale [Krizhevsky et al., 2012]. Deep vision subsequently improved object detection, segmentation, depth
estimation, and scene understanding. Matterport3D added RGB-D observations and reconstructed indoor
environments [Chang et al., 2017], while Habitat enabled embodied agents to be trained and evaluated across
many scanned spaces [Savva et al., 2019].

Learned visual geometry is now beginning to unify tasks that were previously handled by separate
pipelines. VGGT, for example, predicts camera parameters, depth maps, point maps, and 3D point tracks
from one to hundreds of views in a single feed-forward model [Wang et al., 2025a]. Scene graphs organize
objects, attributes, and relations [Johnson et al., 2015]; CLIP provides transferable image-language repre-
sentations [Radford et al., 2021a]; and SAM 2 supports promptable segmentation and propagation across
images and video [Ravi et al., 2024a]. Together, these methods expose increasingly rich geometric and

semantic evidence that can be assembled into spatial applications.

2.2.2 Multimodal and Embodied Spatial Intelligence

Multimodal foundation models connect images, video, language, and other sensor streams through more
unified interfaces. Vision-language models can answer questions about scenes, generate descriptions, and

ground language in visual evidence. PaALM-E interleaves continuous sensor inputs with text in an embodied
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language-model architecture [Driess et al., 2023]. SayCan combines language-model task proposals with
robot-specific affordance values [Ahn et al., 2022], while RT-2 represents robot actions as tokens and co-
trains on robot trajectories and web-scale vision-language data [Zitkovich et al., 2023]. These systems move
beyond recognition toward choosing actions in response to human instructions.

Recent robotics work has made spatial representation itself an explicit design target. Spatial VLA injects
egocentric 3D position information and uses spatial action grids to support cross-robot manipulation policies
[Qu et al., 2025]. Spatial MLLM connects a feed-forward visual geometry foundation model to a LLM
backbone to enable spatial inference [Wu et al., 2025]. Such work illustrates a broader shift from asking
whether language and images can be combined to asking what spatial structure must be preserved for reliable
action. It also shows that semantic and spatial inference are related but distinct capabilities: recognizing an
object or interpreting an instruction does not by itself determine a metrically valid motion.

Embodied models are therefore best understood as compositions of perception, representation, plan-
ning, and control choices. Some produce high-level plans that another controller executes; others predict
discrete or continuous actions directly. Their effectiveness depends on embodiment, calibration, latency,
safety constraints, and the ability to recover when observations or plans are wrong. These requirements
are stricter than those of image-based question answering because errors have consequences in the physical

environment.

2.2.3 Predictive World Models

The focus of this dissertation is distinct from world model, which is a learned predictive model of en-
vironment state and dynamics. Given observations and, often, candidate actions, it estimates how future
observations or latent states may evolve. This definition follows the model-based-control use of the term
rather than treating every spatial representation as a world model. A predictive world model can support
planning by allowing an agent to compare possible futures before acting [Ha and Schmidhuber, 2018].
World models vary in what they predict and how directly that prediction corresponds to physical state.
Pathdreamer predicts future visual observations along indoor navigation paths [Koh et al., 2021]. Navigation
World Models scales action-conditioned video prediction across egocentric human and robot data and uses

generated futures to plan or rank navigation trajectories [Bar et al., 2025]. More recently, Chain of World
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couples a vision-language-action model with a latent representation of motion so that temporal prediction
can inform robot action without reconstructing every background pixel [ Yang et al., 2026]. These examples
show how predictive representations can connect perception, temporal reasoning, and control.

Prediction introduces its own representational risks. A generated future may be visually plausible while
violating metric geometry, object permanence, collision constraints, or the agent’s actual dynamics. Autore-
gressive rollouts can accumulate error, and a model trained on typical scenes can treat a statistically likely
event as physically possible in the present scene. Predictive quality must therefore be evaluated against the
downstream action and not only through visual realism. For human-facing assistance, systems must also

communicate when a proposed future is inferred rather than directly observed.

2.2.4 Limits in Al Spatial Grounding

Current Al systems encode space as maps, meshes, point clouds, depth fields, scene graphs, navigation
graphs, learned embeddings, token sequences, and generated media. Each representation supports some
operations while discarding information needed by others. The central difficulty here is building a persis-
tent spatial representation that can incorporate spatial relations and approximate scales based on the input
evidence. A model may correctly identify object semantics while confusing their spatial relations, failing to
combine observations across views, or giving incompatible answers about distance, size, relative position,
or affordance. SpatiaRGPT and Mind the Gap make these forms of reasoning explicit [Cheng et al., 2024;
Stogiannidis et al., 2025]; VSI-Bench further shows that fluent video descriptions do not guarantee reliable
metric or multi-view spatial judgments [Yang et al., 2025b].

These failures become more consequential in open, dynamic, or long-horizon tasks. OSI-Bench finds
that spatial abilities developed in structured indoor settings do not reliably transfer to outdoor scenes with
larger scales, changing layouts, and less constrained viewpoints [Wu et al., 2026]. Under incomplete ev-
idence, vision-language models may also invent objects, relations, or explanations rather than signal un-
certainty [Li et al., 2023; Guan et al., 2024]. Geometry-aware checks can improve particular tasks. For
example, Context-Nav validates target descriptions with viewpoint-aware 3D relations during instance nav-
igation [Jang and Kim, 2026]. However, these checks do not establish whether the available evidence is

sufficient for a person’s question or whether the resulting judgment is valid for that person’s capabilities.
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For human-facing spatial assistance, these weaknesses can turn a plausible answer into a misleading or risky

one.

2.3 Human-Al Interaction Frameworks

Human-AlI symbiotic spatial perception belongs to a longer history of frameworks for designing relation-
ships between people and computational systems. These frameworks differ in scope and unit of analysis.
Some describe a broad division of intellectual labor, some prescribe how control should move between a
person and a system, and others provide concrete guidance for adaptation, error recovery, and appropri-
ate reliance. Together, they establish that successful human-Al interaction cannot be inferred from model
accuracy alone.

Licklider’s account of man-computer symbiosis proposed a tightly coupled partnership based on com-
plementary strengths: people contribute goals, judgment, flexible reasoning, and problem formulation, while
computers contribute rapid calculation, storage, and routine processing [Licklider, 1960]. The term symbi-
otic in this dissertation follows that commitment to complementarity rather than implying that a person and
an Al system have equal agency or interchangeable perception. The spatial setting also makes the division
of labor concrete. A person can identify a meaningful destination, accessibility concern, intent, and actually
conduct any physical action; a computational system can gather online information, estimate physical mea-
surements, reconstruct spatial geometry, or search for candidate routes. Neither contribution is sufficient by
itself.

Mixed-initiative interaction makes this partnership operational by allowing the user or the system to take
initiative as goals, uncertainty, and expected costs change [Horvitz, 1999]. This perspective is especially
relevant when spatial evidence is incomplete. An Al system may guide a person toward an unobserved
doorway, request another camera view, or propose a route; the person may supply a missing constraint,
reject an irrelevant detection, or redirect capture. The important design question is therefore not whether the
system is autonomous, but when initiative should shift and whether the person can understand and reverse
that shift. The projects in this dissertation implement multiple forms of this exchange through scan guidance,
correction interfaces, sparse annotation, editable anchors, and capability-conditioned queries.

Ability-Based Design supplies a complementary accessibility framework. It centers what people can do,
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places responsibility for poor user-system fit on the system rather than the person, and calls for interfaces
that adapt to users’ abilities while making adaptations transparent and sensitive to performance and context
[Wobbrock et al., 2011]. Human-AlI symbiotic spatial perception aligns most directly with its account-
ability, adaptation, transparency, and context principles. RASSAR’s customizable rubrics and CapNav’s
explicit capability profiles, for example, reject a single assumed body as the universal basis for spatial judg-
ment. Elaborated in six projects and grounded spatial tasks, this dissertation extends Ability-Based Design’s

concerns from interface access to spatial perception and action.

More recent human-centered Al guidance addresses the probabilistic and evolving behavior of Al sys-
tems. The Guidelines for Human-AlI Interaction organize recommendations around initial expectations, or-
dinary interaction, Al failure, and change over time; among other concerns, they emphasize timing services
to context, showing relevant information, supporting correction, and explaining system behavior [Amershi
et al., 2019]. Shneiderman’s human-centered Al framework similarly argues that high levels of automation
can coexist with high levels of meaningful human control, with reliability, safety, and trustworthiness treated
as design requirements rather than assumed consequences of technical progress [Shneiderman, 2020]. These
principles recur throughout this dissertation in anchored findings, previews, deletion and refinement controls,

decomposed benchmark metrics, and representations that expose the basis of an Al output.

Trust-in-automation research sharpens the point. The appropriate goal is not maximal trust, but reliance
calibrated to what a system can do in the present context [Lee and See, 2004]. Overreliance is dangerous
when an Al system confidently misses a stair, underestimates a clearance, or hallucinates a connection be-
tween rooms; blanket distrust also discards useful measurements and computational reach. Spatial interfaces
can support appropriate reliance by exposing provenance, coverage, uncertainty, and task boundaries, and

by letting people inspect the evidence behind a conclusion or obtain more evidence when needed.

Human-AlI symbiotic spatial perception complements these aforementioned frameworks rather than re-
placing them. Its distinct contribution is to specialize the existing principles towards spatial data and physi-
cally situated action. The four frontiers in this dissertation identify where this spatial specialization creates
design work: output must arrive in context and at the pace of action; evidence must be acquired across
relevant places, times, and viewpoints; judgments must be conditioned on the capabilities and goals of the

person who will act; and machine spatial representations must be translated into forms people can perceive,
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manipulate, and repair.

2.4 Combining AI World Understanding with Human Needs

The preceding frameworks become concrete in systems that augment immediate sensory evidence, retrieve
information gathered in the past, or mediate knowledge about remote environments. Accessibility is a central
strand of this work because it makes person-environment fit, representation, and the consequences of error
unusually visible. It also has a long history that predates current Al models and should not be reduced to

object detection or route generation.

2.4.1 Accessible Navigation and Nonvisual Spatial Cognition

Orientation and mobility (O&M) provides a foundational account of travel by people who are blind or have
low vision. Orientation involves establishing and maintaining one’s position and direction relative to the
environment, while mobility concerns moving safely and effectively through it. O&M practice combines
sensory information, landmarks, route structure, mobility aids, active exploration, and instruction rather
than treating navigation as the delivery of turn commands alone [Long and Giudice, 2010]. This distinction
matters for Al systems: reaching a destination is one outcome, but maintaining awareness, confidence, and
the ability to make independent decisions can be equally important.

Research on blind spatial cognition likewise cautions against treating vision as a prerequisite for spatial
knowledge. Giudice argues that the central issue is access to spatial information and the form in which it is
encoded, because audition, touch, proprioception, language, and movement can all support spatial learning
[Giudice, 2018]. Experimental work further shows that dynamically updated verbal descriptions of local
geometry can support learning and wayfinding in a large indoor layout, although that study used blindfolded
sighted participants and should not be read as a substitute for evaluation with blind travelers [Giudice et al.,
2007]. For interface design, the implication is not that one modality is universally equivalent to another, but
that nonvisual representations should be evaluated for the spatial relations, cognitive effort, and actions they
support.

Several navigation systems embody different choices along this design space. NavCog uses smartphone

sensing and installed Bluetooth beacons to provide turn-by-turn indoor guidance, nearby points of interest,
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and warnings about features such as stairs; its original deployment was evaluated with blind participants in
complex indoor and outdoor areas [Ahmetovic et al., 2016]. Microsoft Soundscape instead uses spatialized
audio callouts and auditory beacons to support ambient awareness and user-directed exploration. Research
on Soundscape found that engagement with spatial audio was associated with continued use among thou-
sands of blind and low-vision users, while a separate study with sighted participants found that auditory-
beacon navigation supported greater spatial learning than conventional turn-by-turn guidance [Liu et al.,
2022; Clemenson et al., 2021]. Clew offers another model: people can record and later replay an indoor
route through audio and haptic guidance without requiring installed building infrastructure [Yoon et al.,
2019].

Assistive AR and live description systems move beyond route instructions toward information anchored
in the current scene. Zhao et al. designed AR visualizations that emphasize stair boundaries for people
with low vision [Zhao et al., 2019]. WorldScribe combines perceptual models to produce live, context-
aware visual descriptions while negotiating a tradeoff between descriptive richness and latency [Chang et al.,
2024]. Beyond Omakase shows that blind travelers using navigation robots may prefer different levels of
shared control across social situations, including the ability to monitor the environment and intervene in
navigation decisions [Kamikubo et al., 2025]. Taken together, this literature shows that accessible navigation
is not only a localization problem. It concerns the traveler’s ongoing awareness, agency, preferred modality,

and authority to question or redirect assistance.

2.4.2 Accessibility Mapping and Environmental Auditing

Navigation assistance depends on information about whether environments and routes are usable. Accessi-
bility, however, is not a fixed label attached to a place. It emerges from the relationship among environmental
features, a person’s abilities and mobility technology, and the activity being attempted. Traditional home
assessments therefore combine physical measurements with professional or lived expertise, often through
checklists used by residents, caregivers, and occupational therapists [Clemson, 1997; Iwarsson, 1999; Law
et al., 1996]. Such methods provide depth and accountability but can require an in-person visit, specialized
knowledge, and substantial effort.

Researchers have explored how remote imagery, crowdsourcing, and computer vision can expand the
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coverage of accessibility data. Hara et al. showed that crowd workers could identify sidewalk accessibility
problems in Google Street View imagery, and Project Sidewalk developed this approach into a web-based
tool for collecting labels at urban scale [Hara et al., 2013; Saha et al., 2019]. Subsequent work used these
labels to train models for automatically detecting sidewalk barriers [Weld et al., 2019]. Indoor and building-
scale work has extracted accessibility information from floor plans, point clouds, and geometric networks,
including passable space, inaccessible entrances, and route connectivity [Kostic and Scheider, 2015; Balado
et al., 2017; Dao and Thill, 2018]. These approaches reduce collection cost and can reveal patterns unavail-
able through isolated audits, but their results remain bounded by image coverage, reconstruction quality,
labeling assumptions, regulations, and the represented mobility profile.

This literature exposes a gap between scalable auditing and individualized use. A standards-based label
can support screening without determining whether a feature works for a particular person. A crowd or
model may identify a curb ramp while missing surface condition, temporary obstruction, reachability, or the
exact measurement needed for a decision. Conversely, requiring every person to visit and measure every
location negates the value of remote spatial assistance. RASSAR and RAIS investigate this gap through
situated and robotic indoor auditing; FlyMeThrough studies a more general human-guided infrastructure for
preserving locally meaningful facilities; and CapNav tests whether model judgments remain valid when the

represented embodiment changes.

2.4.3 Situated and Remote Spatial Assistance

Spatial technologies can also support inspection and decision making before a person is physically present.
Embodied Exploration enables wheelchair users to inspect high-fidelity virtual replicas through an embodied
avatar before visiting a location [Pei et al., 2023]. Accessibility Scout uses an LLM-based photo-scanning
workflow to identify accessibility concerns while allowing people to tailor scans to their mobility, prefer-
ences, and particular environmental interests [Huang et al., 2025]. SceneScout makes street-level imagery
available for route preview and virtual exploration by blind users, while revealing that plausible description
errors can be difficult to detect without visual verification [Jain et al., 2026]. Advances in geometric re-
construction and real-to-simulation conversion can broaden the evidence available for such systems [Wang

et al., 2025a; Xie et al., 2025], but they cannot independently decide what evidence matters or when it is

20



sufficient for a specific person’s judgment.

At present, physical-world assistance remains far less integrated into everyday life than digital Al as-
sistance. Reliable support requires timely, in-context evidence; spatial knowledge that reaches beyond a
person’s immediate presence; reasoning aligned with individual capabilities and goals; and interaction tech-
niques that let people inspect, communicate with, and revise a system’s representation. Together, these

requirements define the four research frontiers of this dissertation.
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Chapter 3

Frontier I: In-Context, Real-Time

Personalized Spatial Assistance

3.1 Preamble

The first research frontier asks how people and Al systems can perceive a spatial situation together while
it is unfolding. Human spatial understanding is continuously updated through movement, attention, and
action; support is useful only when it connects to the environment a person is currently experiencing and
arrives in time to influence a decision. As defined in Chapter 1, spatial assistance is in context when it is
grounded in the present scene, real time when end-to-end feedback arrives within the decision horizon of
an ongoing action, and personalized when its interpretation reflects the capabilities, goals, and preferences
of the person using it. For RASSAR, real time refers to incremental reconstruction, scan guidance, and
accessibility findings that can alter where a user points the phone or what the user verifies during a scan; it

does not imply that the complete room audit finishes within a subsecond control loop.

This frontier matters because many consequential spatial judgments are made in the middle of activity:
whether a route is clear, a surface is reachable, an object poses a hazard, or a room can support a planned
task. Accessibility makes the need especially visible. The same physical feature can be irrelevant, helpful,
or prohibitive depending on a person’s mobility, assistive technology, routines, and immediate purpose.

Recent systems for live visual description and shared-control navigation likewise show that useful assistance
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depends on timing, agency, and the opportunity to intervene, not only on perceptual accuracy [Chang et al.,
2024; Kamikubo et al., 2025].

Bringing these requirements together remains difficult. A system cannot assess an unseen feature, yet
a user may not know which viewpoint or measurement the system needs. Object recognition alone does
not establish whether a cabinet, threshold, or corridor is accessible or safe. Models also remain fallible, so
users must be able to inspect a finding in place, contribute additional evidence, and correct it when necessary.
Finally, fixed standards provide useful baselines but cannot fully capture the variation among bodies, homes,
activities, and preferences; personalized accessibility-scanning research makes this variation central to the
assessment process [Huang et al., 2025].

The resulting design challenge is to make sensing, interpretation, and human judgment part of one
accountable loop: guide evidence collection, relate geometric and semantic observations to user-relevant
criteria, anchor feedback to the observed scene, and preserve a representation that supports later review. The

RASSAR project examines this challenge through indoor accessibility and safety auditing.

3.2 RASSAR: Room Accessibility and Safety Scanning in Augmented Real-
ity

RASSAR operationalizes this frontier as a mobile augmented-reality system that helps people inspect indoor
spaces while they are physically present. The system combines phone-based LiDAR reconstruction, real-
time object detection, extensible accessibility rubrics, in-situ visual and audio feedback, and a post-scan 3D
summary. Its design and evaluation address the complete interaction loop: what stakeholders need from an
audit, how a user collects evidence, how the system turns detections into accessibility findings, how those

findings are communicated, and where human verification remains necessary.

3.2.1 Introduction

Safe and accessible living spaces are a fundamental human right [Organization, 2018]. Yet inaccessible
housing remains prevalent throughout the world. In the United States, for example, 90% of housing units

are inaccessible to people with disabilities [Smith et al., 2008; Steinfeld et al., 1998]. In the United King-
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Figure 3.1: RASSAR is a mobile AR application for semi-automatically identifying, localizing, and visu-
alizing indoor accessibility and safety issues. It scans a home using LiDAR and computer vision, evaluates
detected elements against accessibility and safety rubrics, and presents an interactive 3D summary.

dom, 98% of newly built private homes are inaccessible to wheelchair users [Imrie, 2003]. To improve the
safety and accessibility of domestic spaces, researchers and health professionals have created preformatted
checklists that help residents and trained professionals audit and renovate indoor spaces [Struckmeyer et al.,
2021; Clemson, 1997; Iwarsson, 1999; Féinge and Iwarsson, 2005]. For example, the Home Safety Self-
Assessment Tool (HSSAT) [Horowitz et al., 2016; Tomita et al., 2014] includes a checklist for issues such
as uneven flooring, cluttered areas, slippery throw rugs, and inaccessible light switches across nine areas of
the home (e.g., kitchens, bathrooms, and bedrooms). Other researchers have explored remote assessment

methods using teleconferencing and video cameras [RENDA and LAPE, 2018; Romero et al., 2017].

With advances in computer vision (CV), augmented reality (AR), and mobile sensors, new ways to
assess indoor accessibility and safety are now possible. For example, emerging smartphones contain built-
in Light Detection and Ranging (LiDAR) sensors [Apple, 2020], which can reconstruct indoor spaces in
real time with high precision [Diaz Vilarifio et al., 2022]; new CV models such as YOLO [Jocher et al.,
2022] can recognize objects across categories; and smartphones contain powerful computational units for
on-device processing. Leveraging these advances, we created RASSAR (Room Accessibility and Safety
Scanning in Augmented Reality), a custom mobile AR application for semi-automatically identifying, lo-
calizing, and visualizing indoor accessibility and safety issues using LiDAR and real-time computer vision

(Figure 3.1). With RASSAR, a user scans an indoor space with their phone; the tool constructs a real-time
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parametric model of the 3D scene, identifies and classifies known accessibility and safety issues, and vi-
sualizes potential problems in AR overlays. Throughout the scan, users can confirm or delete automatic
detections, or select them to view more information (Figure 3.5). After scan completion, RASSAR shows
an interactive 3D room reconstruction with a summary of findings (Figures 3.1 and 3.6). To assist blind
or low-vision users, RASSAR supports VoiceOver and provides custom audio assistance during scanning,

including verbalizations of detected items.

To develop RASSAR, we conducted a three-stage iterative design process. First, informed by prior
work [Tomita et al., 2014; Horowitz et al., 2016; , 2010; Housing and inc, 1996], we built a rapid technical
prototype to demonstrate feasibility and examine initial audit possibilities. Second, using this prototype as
a design probe [Saha et al., 2022; Jain et al., 2015; Froehlich et al., 2012; Hara et al., 2016], we conducted
a formative study with 18 participants across five stakeholder groups: wheelchair users, blind or low-vision
participants, families with young children, caregivers, and occupational therapists. We showed videos of
RASSAR auditing an apartment, solicited feedback on new interface mockups, and engaged participants in
brainstorming new features. The study revealed common challenges in home accessibility and auditing that
RASSAR could potentially alleviate, along with suggested improvements to its rubrics and user interface.
Third, we built the current RASSAR system with improved detection performance, user interaction, and
interface design and performed two additional studies: a technical performance evaluation (Study 2) and a

user study (Study 3) with six participants again drawn from these stakeholder groups.

As emphasized in prior literature [Struckmeyer et al., 2021] and further affirmed by our formative study,
home audit tools must be adaptable to individual needs and differences across communities. To address this
challenge, RASSAR introduces a custom, fully extensible JSON format for encoding specific accessibility
and safety issues in its audit engine. RASSAR currently supports 20 issues across four problem categories:
object dimension (e.g., a table that is too low), object position (e.g., a light switch that is too high), risky item
(e.g., a throw rug), and lack of assistive item (e.g., no grab bar near a toilet). Users can add issues by editing

the JSON specification directly. In the future, an authoring tool could make such additions more accessible.

To evaluate RASSAR'’s performance and usability in real-world settings, we conducted the aforemen-
tioned technical evaluation and user study. In the technical evaluation, the first author visited ten homes

of varying sizes and layouts, conducting a manual baseline audit and three RASSAR scans in each home.
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Repeating each scan allowed us to examine consistency. The user study followed a similar procedure, but
participants conducted the RASSAR scans independently. We then interviewed participants about their ex-
periences to gather qualitative insights. Average precision and recall were 0.86 and 0.83, respectively, for
scans conducted by the researcher and 0.79 and 0.73 for scans conducted by participants. Participants com-
pleted audits with RASSAR 3.5 times faster, on average, than the manual audits. As P4, a wheelchair user,

said, “RASSAR is easy to use and was pretty accurate in terms of ADA.”

In summary, this project contributes (1) formative findings from five stakeholder groups about indoor
accessibility and safety auditing, the reconfiguration of spaces to fit individual needs, and reactions to future
tools that use advanced sensing; (2) RASSAR, an AR-based tool for semi-automatically detecting acces-
sibility and safety issues in indoor spaces using LiDAR and real-time computer vision; and (3) findings
from a technical evaluation and follow-up user study that characterize RASSAR’s performance, usability,
and potential applications. The project also introduces an extensible JSON format for specifying indoor

accessibility and safety issues, together with a custom object-detection model and its training dataset.

Our work aims to transform how people examine and configure indoor spaces to improve accessibility
and safety. We envision RASSAR as a versatile tool that could help builders assess the safety and accessi-
bility of new construction, residents plan renovations or update their homes in response to life changes (e.g.,
illness or childbirth), rental platforms and hosts communicate the accessibility and safety of rental spaces,

and occupational therapists assist residents in identifying accessibility and safety issues during home visits.

3.2.2 Design Process

To design RASSAR, we conducted a three-stage iterative design process. We first built an initial technical
prototype to demonstrate feasibility. We then used the prototype as a design probe in a formative user study
with five key stakeholder groups (Study 1). Finally, informed by the formative study, we built the current
RASSAR system with improved detection performance, rubric construction, user interaction, and interface

design and performed both a technical evaluation (Study 2) and a user study (Study 3).

All RASSAR studies involving human participants were reviewed and approved by the University of

Washington Institutional Review Board (UW IRB; STUDY00016035).
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3.2.2.1 Technical Prototype

Informed by prior work in home accessibility assessment [Balado et al., 2017; Fu et al., 2020] and indoor
reconstruction techniques [ Yang et al., 2020; Apple, 2022], we built a rapid technical prototype on an iPhone
13 Pro Max using Apple’s RoomPlan API [Apple, 2022]. The prototype included three primary features:
(1) reconstruction of indoor spaces and accessibility-related items, (2) detection of accessibility and safety
issues in indoor scenes, and (3) AR-based visualization of and interaction with detected issues. We tested
the prototype in a single apartment to demonstrate technical feasibility and determine suitable scanning
conditions while varying room tidiness, lighting, and movement speed [Su et al., 2022].

Our initial findings suggested that scanning should be conducted at a moderate speed (approximately 0.5
meters per second) in a tidy, well-lit room. Under these conditions, the technical prototype’s detection recall
reached 90%. The experiment also revealed deficiencies in object-detection performance and limitations in

the user interface, which we addressed in the current RASSAR system (Section 3.2.3).

3.2.2.2 Study 1: Formative Study

To examine the potential of semi-automatic accessibility and safety scanning with mobile phones and to
solicit feedback on our initial technical prototype, we conducted a three-part formative user study with 18
participants drawn from five communities: wheelchair users (N==8), families with young children (N=3),
people who are blind or have low vision (N=4), older adults (N=6, including caregivers), and occupational

therapists (N=3); see Table 3.1.

Participants. Participants were recruited via email, advertisements to accessibility organizations, and so-
cial media as well as through snowball sampling. Before participating, all individuals filled out a screener
on demographics and relationship(s) to our target communities. To ensure a diverse sample, we recruited at

least three individuals from each community who were either self-identified members or caregivers.

Procedure. We conducted a three-part qualitative study. Part 1 addressed current practices, and Parts 2 and
3 focused on our RASSAR design probe. In Part 1, we asked participants about their indoor accessibility
and safety needs, their current practices for assessing those needs, and the challenges they encountered.

In Part 2, we showed participants videos of RASSAR scanning an apartment and solicited suggestions,
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Table 3.1: Demographics of the 18 formative-study participants. PID denotes participant ID; “Older adults”
identifies participants aged 65 or older; “Children” identifies families with children from birth through age
three; BLV denotes participants who are blind or have low vision; OT denotes occupational therapists; and
CG denotes caregivers. Roles and identities are not mutually exclusive.
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concerns, and expected usage scenarios. In Part 3, we showed RASSAR user-interface mockups as design
probes and asked participants about their preferences for encoding new accessibility and safety issues into
RASSAR (e.g., rubric customization), guiding user-conducted scans, and communicating scan results and
errors. Sessions lasted 40 to 70 minutes (M=52 minutes), and all but one were conducted over Zoom.
The lead author conducted all 18 sessions. We include the full interview protocol and design probe in the

supplementary materials.

Data and Analysis. We recorded all sessions and transcribed the recordings using Rev [Rev.com]. For
analysis, we conducted reflexive thematic coding [Braun and Clarke, 2019]. The first author, who also
conducted the interviews, reviewed all transcripts to develop an initial codebook. The first four authors then
discussed the codebook, iteratively resolved disagreements, and collaboratively developed a final version.
The first author applied the finalized codebook to all transcripts. After coding, the first four authors met to

discuss broader themes and findings.

Findings. We highlight four findings related to indoor accessibility and safety needs, current assessment
practices and challenges, reactions to RASSAR, and the design probe results.
Overall reactions to RASSAR. Most participants (N=16) held favorable opinions about the RASSAR

prototype because of its measurement and documentation features, its potential to help prepare a home for
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visitors with accessibility needs, and its customizable set of accessibility issues. The two participants who
held unfavorable or neutral opinions stated, “I don’t see the point since I can do these screenings by myself”’

and “I don’t know.”

Participants described a variety of use cases for RASSAR. Six participants mentioned how RASSAR
could help people learn about physical spaces before visiting them. For example, P18, who was blind
or had low vision, said, “I think it could really help people have more confidence when they go into a
room that they’re not familiar with or a new space.” Another commonly raised use case was facilitating
renovations or real-estate viewings. For example, P4, a wheelchair user, said, “I could even see this as being
incredibly helpful to send to contractors and architects and designers.” Finally, participants were excited
about ways RASSAR could support travel accommodations, as hotel or short-term-rental managers could

use scan results to communicate the accessibility of their spaces.

People’s unique indoor accessibility needs. Our participants identified common sources of indoor
safety and accessibility issues, such as stairs (N=14), doors (N=9), and floors (N=9), which also commonly
appear in accessibility checklists [Tomita et al., 2014; Horowitz et al., 2016; Together]. However, concerns
also differed across communities. For example, no wheelchair user mentioned hazardous items such as
sharp furniture corners or knives, whereas participants from all other communities raised these concerns
(blind or low vision, N=3; older adults, N=4; families with children, N=2; occupational therapists, N=1).

This variation highlights the need to customize RASSAR for different abilities and needs.

Current practices and challenges. None of our participants with accessibility needs previously chose
to use accessibility checklists when auditing indoor spaces. They instead relied on their own experiences
and formed methods through practice. The most commonly used methods were exploring the space (N=6),
creating mind maps of potential issues (N=5), and asking questions about the space (N=4). Caregivers
typically put themselves in care receivers’ shoes (IV=2) to better identify potential issues. Current practices
also posed inherent challenges, including other people’s limited understanding of accessibility (NV=3) and

social awkwardness (N=3).

For example, P10 said, “People mean well, they really do. [But] until you actually have to live it or be
exposed to it on a routine basis, you just really don’t understand [our accessibility challenges].” Similarly,

P6 said, “The main challenge is explaining to people how to look at it from my perspective.” Conducting
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an audit on site with the person whose needs are being assessed may improve its relevance, but doing so
can require additional time or expense. P8 recalled calling a restaurant to confirm accessibility, only to find
it inaccessible upon arrival and having to choose a nearby alternative. Indoor auditing methods such as
RASSAR could mitigate these challenges by providing a digital representation of a space that people can
evaluate remotely against general or personalized requirements.

Design improvements for RASSAR rubrics and UL. We presented participants with a list of acces-
sibility and safety issues derived from the literature and solicited their feedback. Most participants were
satisfied with the list, while some suggested additions. Based on this feedback, we modified and finalized
RASSAR’s auditing rubrics, for example by adding bed-height issues. We also provided user-interface
mockups to elicit preferences for the RASSAR scanning experience (Figure 3.2). Participants preferred
text hints (N=15) and mini-maps (N=11) for scanning support, an interactive rich-text pop-up layer (N=13)
for visualizing detected issues, an interactive 3D model (N=9), and a list of issues to review (N=10) in the
post-scan summary. For error reporting, most participants (N=15) preferred that the system learn their needs

over time.

3.2.3 The RASSAR System

Informed by our rapid prototype and formative study findings, we created a revised RASSAR system (Fig-
ure 3.3) that uses LiDAR and real-time computer vision to reconstruct indoor spaces parametrically, identify
safety and accessibility issues using a custom JSON rubric, and visualize issues in AR and through an inter-
active 3D summary view.

The new prototype includes four key enhancements. First, improved feedback presents detected accessi-
bility and safety issues in real time through several interfaces, including AR pop-up icons, descriptive layers,
and post hoc summaries in the 3D model. This feedback enables users to explore, refine, and summarize
scan outcomes. Second, textual and minimap guidance reduces scanning effort by allowing users to scan
spaces without approaching every potential object of interest. Third, users can select target accessibility
communities to filter the auditing rubric and remove issues that do not match their needs. Fourth, to assist
people who are blind or have low vision, the primary interactions for selecting target communities, scanning,

identifying objects, and reviewing results provide audio feedback in real time. All interface components,
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Figure 3.2: Design probes for RASSAR’s interaction and interface design. For each question, we provide
three or four options as interface mock-ups.
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Figure 3.3: RASSAR system overview. RASSAR (1) scans and reconstructs a home space, (2) detects
accessibility and safety issues in the space, and (3) visualizes the results in real time through AR.
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such as buttons and text labels, are compatible with VoiceOver. Below, we describe RASSAR’s scanning,

detection, and visualization process.

3.2.3.1 Scanning and Reconstructing a Home Space

In Step 1 of RASSAR’s technical pipeline, we reconstruct a scanned home space into a parametric 3D model
that includes object category, dimension, and position information. To capture both large objects, such as
furniture, and small objects, such as electric sockets, we combine Apple’s RoomPlan API [Apple, 2022]

with a customized YOLOvVS5 model [Jocher et al., 2022].

Parametric Reconstruction of Major Indoor Components. The RoomPlan API is the backbone of our
indoor reconstruction process. RoomPlan, which relies on both RGB camera and LiDAR sensor data, pro-
vides real-time spatial and dimension information for major indoor components. Currently, RoomPlan de-
tects the following object categories: bathtub, door, opening, wall, window, bed, chair, sink, sofa, stairs,
storage, table, television, and toilet. However, this reconstruction is incomplete; it includes only walls, doors

and furniture but neglects smaller objects that could also pose accessibility and safety challenges.

Object Detection for Smaller Indoor Objects. Based on our literature review, we identified many issues
related to smaller objects, such as grab bars, electrical outlets, and sharp objects. Because no existing
pretrained model was tailored to accessibility-related indoor objects, we trained an object-detection model
to complement the room-reconstruction pipeline. Informed by [ , 2010; Housing and inc, 1996; Tomita et al.,
2014; Horowitz et al., 2016; Kids Clinic, 2023; Nguyen et al., 2021], we selected nine initial categories of
smaller indoor items that commonly create problems and collected a custom dataset with 2,533 images and
3,943 annotations (Table 3.2). Approximately one third of these images came from the Open Images dataset
[Kuznetsova et al., 2020], while the remainder came from Microsoft Bing [Microsoft]. The first author
manually annotated all instances of the nine object categories with bounding boxes.

Using the dataset, we trained the YOLOvV5 computer-vision model [Jocher et al., 2022]. We selected
YOLOVS5-m (41 MB) because of its fast detection speed (224 ms CPU inference time [Ultralytics, Accessed
September 11, 2023]) and good performance on the COCO benchmark (0.63 mAP@0.5"). In offline exper-

'mAP@0.5 is mean average precision at an intersection-over-union threshold of 0.5.
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iments, a larger model slightly increased performance (0.66 mAP@0.5) but nearly doubled detection time
(430 ms). We trained the model for 900 epochs on an NVIDIA GTX 3080 with Ubuntu 20.04.2 LTS. After
obtaining the best weights, we converted them to Core ML format (.m1lmodel) [Apple] and added a non-
maximum-suppression layer [Jocher et al., 2022]. We randomly split the dataset into training, validation,
and test sets containing 70%, 15%, and 15% of the data, respectively. To facilitate open science, we released

the annotated dataset.?

Table 3.2: Numbers of images and annotations used to train RASSAR’s custom YOLO model. Because
some images contained multiple objects, the annotation count exceeds the image count.

Object Images Annotations
Door handle 370 530
Electric socket 181 370
Grab bar 395 503
Knife 451 622
Medication 325 688
Rug 377 470
Scissors 226 270
Smoke alarm 176 191
Light switch 138 299
Total 2,533 3,943

During scanning, the custom YOLOVS model runs continuously on the camera feed to detect the nine
categories of accessibility-related objects. Because YOLO outputs 2D image bounding boxes rather than 3D
room coordinates, we cast a ray [Apple, 2023c] from the center of each bounding box into physical space.
To improve accuracy and reduce noise and outliers, we average results across multiple frames and apply
filtering thresholds. A YOLO-detected object is considered valid after five ray-casting results have location

offsets below 0.3 meters and detection-confidence scores above 0.65.

Combining the results of RoomPlan and YOLOvS5, RASSAR produces a real-time indoor reconstruc-
tion that includes category, dimension, and position information for both larger barriers and smaller indoor

objects. This reconstruction provides a basis for accessibility and safety auditing.

https://github.com/makeabilitylab/RASSAR
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3.2.3.2 Detection of Accessibility and Safety Issues

In Step 2 of RASSAR’s pipeline, we filter and identify relevant accessibility and safety issues based on the

selected stakeholder group(s) and a customizable rubric.

Rubric Formation. RASSAR'’s auditing rubric draws on the ADA Design Guidelines [ , 2010], the Home
Safety Self Assessment Tool (HSSAT) [Tomita et al., 2014; Horowitz et al., 2016], the US Fair Housing Act
Design Manual [Housing and inc, 1996; Steinfeld et al., 1998], and other sources [Taira and Carlson, 2014;
Osborne et al., 2008]. Creating the default rubrics for each stakeholder group was iterative and additionally
informed by Study 1. The final rubrics include 20 issues in four categories (Figure 3.1, panel 2; Figure 3.4):
object dimension (e.g., high table height), object position (e.g., an out-of-reach light switch), risky items
(e.g., sharp objects such as scissors), and lack of assistive items (e.g., missing bathtub grab bars). When

RASSAR starts, users can select one or more target communities, which load the relevant rubric.

Object Dimension @ Object Position 0 Risky Item @ Assistive Item @
Object Too Tall or Short Object Too High or Low If Existent If Non-Existent
Bed Height & b Cabinet Height & Rug N & 4 R Grab Bar Near Toilet = & )
Table Height & Sink Height & Scissors i Grab Bar Near Tub & bl
Counter Height & Knob Height & Knife P Fire Alarm N & i h
Door Width & Door Handle Height & o |
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Figure 3.4: Informed by literature and our formative study, RASSAR can detect 20 types of accessibility and
safety issues across four categories: object dimension, object position, risky item, and lack of assistive item.
Black icons indicate the accessibility communities for which each issue is relevant. Safety and accessibility
needs are fluid and shaped not only by disability but also by fatigue and time of day, so individuals may
not map exactly to these categories. The custom JSON-based rubric could support more precise individual
specification in the future, for example through a custom authoring interface.

JSON-Encoded Rubrics. To facilitate automated screening of room reconstructions and individual cus-
tomization, we transformed the original text-based rubrics into JavaScript Object Notation (JSON). Each
JSON-formatted rubric includes the target object category, such as a table; the relevant user community,
such as wheelchair users; a dependent object when a rubric involves multiple objects, such as a tub for the

issue No Grab Bar Near Tub; and violation criteria, such as a dimension below 68 cm or a relative distance
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greater than 70 cm. We also enriched the JSON files with warning messages, issue descriptions, sugges-
tions, and information sources. This context helps users understand detected issues and remove invalid or

irrelevant results.

3.2.3.3 Visualization of Scans

Finally, in Step 3, RASSAR provides a real-time 3D reconstruction to aid scanning, a visualization of

identified issues in AR, and a post-hoc summary of scan results.

Facilitating User Scanning. The RASSAR interface employs several forms of feedback to facilitate scan-
ning. First, a dynamic minimap represents room-reconstruction progress (Figure 3.5d). The minimap adapts
to the user’s orientation and uses distinct visual cues: black lines represent walls, yellow lines represent
doors, and an orange triangle indicates the user’s position and direction. Second, to improve the detec-
tion of small indoor objects from a distance, RASSAR sends only the central portion of the camera feed
to the YOLO model. A dimmed white box indicates this region (Figure 3.5b). Third, RASSAR presents
all object-detection results in YOLO-style bounding boxes (Figure 3.5¢). Finally, users can enable audio
feedback that guides the scan with instructions such as “Please point camera at top and bottom of wall to
initialize,” “Please slow down,” and “Please step away from wall.” The system also announces major indoor

objects, such as doors, windows, tables, and sofas, when it detects them.

AR Visualization of Detected Issues. We also overlay detections in real time using AR. RASSAR en-
codes the four classes of accessibility issues, object dimension, object position, risky item, and lack of
assistive item (Figure 3.4), with corresponding pop-up icons. Users can select an icon to inspect detailed
information (Figure 3.5, panel 2) and verify whether the issue is valid. If it is not, the user can remove it
(Figure 3.5e). With audio support enabled, RASSAR also announces detected accessibility or safety issues,
such as “Too narrow door opening is detected!,” “The bed is too high!,” and “No grab bar detected near

toilet!”

Post-Scan Interactive 3D Summary. After a scan, RASSAR provides a brief summary of detected issues,

including counts by category, that VoiceOver can read aloud. RASSAR then shows an interactive 3D model
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Figure 3.5: RASSAR’s AR-based scanning interface and a detailed view of a detected issue. (1) During
a scan, RASSAR shows detected problems in real time through AR overlays, including (a) red spheres
that users can select to view more information and confirm or delete a detection, and (b) computer-vision
detections with green bounding boxes, text labels, and confidence scores. A gray bounding box (c) indicates
the computer-vision field of view. A minimap (d) adapts to the user’s orientation and position and shows
reconstruction results in real time. (2) The user can select an identified issue (a) to view more information

Risky ltem

-

Warning:

Detected throw rug! It's a tripping hazard!
Possible Fix:

Make sure that the patterns are not too busy
Have carpet stretched or removed to eliminate
wrinkles or bumps.

Add a carpet runner to slippery hallway or foyer and
secure to the floor

Relevant Communities:

Children Blind or Low Vision Wheelchair Users
Older Adults

Confirm Issue

Remove Issue

and recommended solutions and can confirm or delete the issue (e).
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of the results in which geometries represent indoor components and objects, and red marks indicate detected
issues. The user can pan, zoom, and rotate the model for closer inspection or select an object to view more
details. The lower half of the user interface shows the selected object’s category and dimensions. The user

can also delete detected issues or export all scan results to a JSON file.

sofa

Sofa detected with dimension of
Length: 1.76 m

Height : 0.82 m

Width : 0.86m

Accessibility Issue

Warning:

The door handle is too LOW the floor!

The ADA design guideline requires height of [86.0,

121.9] cm

Possible Fix:

Adjust the height of knobs and handles to comply with the
ADA standards.

Remove this issue

bathtub

Bathtub detected with dimension of

Length : 1.38 m Height : 0.4 m Width : 0.66m

Warning:

No grab bar detected near tub!

Possible Fix:

Add a bath grab bar on the wall or a clamp-on grab bar to
the tub.

Remove this issue

Figure 3.6: Three examples of RASSAR’s post-scan interactive summary. A user can interact with the 3D
reconstruction, inspect detailed information about objects or issues, and remove issues that are erroneous or
do not apply. The button in the upper-right corner exports scan results to a JSON file.

3.2.4 Study 2: Technical Evaluation

Prior work in automatic accessibility auditing typically evaluates technical performance through case studies
in three or four real-world environments [Balado et al., 2017; Deng et al., 2022; Diaz-Vilarifio et al., 2019].
Expanding on this approach, we evaluated RASSAR in ten home spaces, including seven apartments and
three houses of varying sizes and layouts (Table 3.3). The first author, an experienced accessibility researcher

and RASSAR user, conducted all scans.
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3.24.1 Experiment Procedure

For each indoor space, we performed a three-step process. First, we conducted a manual audit to identify
existing accessibility and safety issues using RASSAR’s accessibility rubrics. We inspected and measured
each indoor space, applied the rubric, and took additional notes about identified issues’. Second, we scanned
each space with RASSAR and recorded and exported the results in JSON format. Finally, we compared the
scan results with the manual-audit data. We repeated the final two steps three times, resulting in 30 RASSAR

scans across ten indoor spaces.

3.2.4.2 Evaluation Metrics

To evaluate RASSAR, we used three primary evaluation measures: detection performance, scanning con-

sistency, and scanning time.

Detection Performance. We calculated the number of true positives (TP), false positives (FP), and false
negatives (FN) based on whether RASSAR successfully detected an issue listed in its accessibility rubric,
reported an issue that did not apply, or failed to detect an applicable issue. We did not calculate true negatives
because doing so would require enumerating accessible and safe items that RASSAR correctly omitted,
which was not meaningful for this evaluation.

Based on TP, FP, and FN counts, we calculated four evaluation metrics: precision (TPT+7PFP), recall
(T PIF N) F1 score [Powers, 2020], and accuracy (m) Together, these metrics characterize

RASSAR’s ability to capture applicable issues, avoid false alarms, and limit missed issues.

Scanning Consistency. To examine RASSAR’s consistency across scans (three per indoor space), we
used Krippendorftf’s alpha [Krippendorff, 2011], a common measure of agreement among multiple raters.
We considered each scan a distinct rater and treated each accessibility and safety issue in a space as a scoring

task.

Scanning Time. Finally, we computed the average scanning time for each indoor space using screen

recordings of scans.

3We excluded the “Knob Height” issue from this study to avoid an imbalance in the manual-inspection results.
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3.2.4.3 Evaluation Results

Table 3.3: Characteristics of the ten home spaces and RASSAR’s performance in each. Scanning time is
reported in seconds, and each performance metric is averaged across three scans of the space.

D Home Size Rooms | Average Average Average Average Krippendorff’s Scan
type (m?) scanned | precision recall F1score accuracy « time

S1  Apartment 65 3 0.75 0.91 0.82 0.70 0.73 113
S2  Apartment 63 2 0.72 0.73 0.72 0.56 0.7 120
S3  House 45 4 0.85 0.79 0.81 0.69 0.67 148
S4  Apartment 55 3 0.90 0.79 0.84 0.73 0.82 80
S5  Apartment 50 3 0.94 0.91 0.92 0.86 1 84
S6  Apartment 90 4 0.92 0.82 0.87 0.76 0.83 125
S7  Apartment 65 3 0.84 0.87 0.85 0.74 0.62 96
S8  Apartment 50 3 1.00 0.70 0.82 0.70 0.69 80
S9  House 24 2 0.73 0.90 0.81 0.68 -0.05 53
S10 House 60 3 0.92 0.88 0.90 0.82 043 100
Average 0.86 0.83 0.84 0.72 0.64 999

Table 3.3 and Figure 3.7 show the RASSAR evaluation results. The table presents average performance
statistics for each space. Overall, RASSAR identified indoor accessibility and safety issues with a mean
precision of 0.86, recall of 0.83, F1 score of 0.84, and accuracy of 0.72. Most Krippendorff’s alpha values
fell between 0.4 and 0.7, indicating moderate to substantial consistency [Hughes, 2021]. RASSAR scans
took 99.9 seconds on average (SD=27.4), compared with approximately 10 minutes per space for the lead

author’s manual audits.

3.2.4.4 Performance Analysis

Below, we describe more detailed findings related to performance as a function of issue and potential error

causes.

Performance by Accessibility and Safety Issue. RASSAR’s technical performance varies across acces-
sibility and safety issues. Table 3.4 reports individual performance metrics for 13 commonly encountered
issues. Most exhibit strong detection performance, with F1 scores exceeding 0.65. Bed height and cabinet
height each achieved an accuracy of 1.0. The notable exception is counter height. Its rubric requires a
counter surface to be 28 to 34 inches high, but the RoomPlan API consistently classified kitchen counters as

storage units. This systematic error caused RASSAR to overlook counter-height issues in most scans.
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Figure 3.7: RASSAR’s technical evaluation performance over ten indoor spaces. (Top) A scatter plot of
precision and recall over 30 scans in 10 home spaces. (Bottom) A histogram of Krippendorff’s alpha values
across 10 home spaces (3 scans each).

Table 3.4: RASSAR detection performance by accessibility and safety issue. GT denotes the ground-
truth count from manual audits; TP, FP, and FN denote true positives, false positives, and false negatives,
respectively.

Category Issue GT TP FP FN Precision Recall F1score Accuracy
Counter height 42 3 1 39 0.75 0.07 0.13 0.07
Object dimensions table height 42 38 8 4 0.83 0.91 0.86 0.76
Door radius 27 17 3 10 0.85 0.63 0.72 0.57
Bed height 15 15 0 0 1.00 1.00 1.00 1.00
Sink height 57 54 0 3 1.00 0.95 0.97 0.95
Object positions Cabinet height 48 48 0 0 1.00 1.00 1.00 1.00
Grab bar height 15 12 8 3 0.60 0.80 0.69 0.52
Rug 48 48 2 0 0.96 1.00 0.98 0.96
Presence of Medication 21 19 18 2 0.51 0.91 0.66 0.49
risky item Knife 15 14 7 1 0.67 0.93 0.78 0.64
Scissors 15 15 0 0 1.00 1.00 1.00 1.00
Absence of No grab bar near toilet 27 24 0 3 1.00 0.89 0.94 0.89
assistive item No grab bar near tub 18 16 0 2 1.00 0.89 0.94 0.89
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Causes of Error. To better understand RASSAR errors, we classified them into six categories (Table 3.5).

About half of all errors arose from misclassifications by the YOLOVS object detector, in which the model

Table 3.5: Sources of errors in the RASSAR technical evaluation.

Error source Description Count Share (%)
RoomPlan RoomPlan API misclassified an object 42 32.8
misclassification

RoomPlan RoomPlan API provided an inaccurate object measurement 13 10.1
measurement

RoomPlan miss RoomPlan API missed an object 11 8.6
YOLO YOLO misclassified an object or falsely reported a nonexis- 55 43.0
misclassification tent object

YOLO miss YOLO missed an object of interest 3 23
Raycasting error The raycasting process failed, causing an object to be miss- 4 3.1

ing or misplaced

reported an incorrect category for a detected object. Because indoor spaces contain many visually similar
objects, this is a significant technical challenge. For example, condiment bottles were misclassified as
medicine, drawer handles as grab bars, and bed sheets as rugs, leading to invalid results. These errors usually
produced false positives, which users could address through manual checking and filtering, as discussed in
Section 3.2.3.3.

The other primary cause of error was RoomPlan’s inaccurate object-category labels, which led RASSAR
to overlook related accessibility issues. For example, RoomPlan classified a kitchen counter as storage,

causing RASSAR to miss the corresponding counter-height issue.

3.2.5 Study 3: User Study

Finally, we performed a user study with six participants representing several stakeholder groups: two
wheelchair users, one of whom was also an older adult; one new parent; one occupational therapist (OT);
and one person with severe low vision who was legally blind. We also recruited one participant who did not
identify with these stakeholder groups because we envisioned that people such as short-term-rental hosts
might also use RASSAR; see Table 3.6. Among the wheelchair users, P1 used a manual wheelchair and
P4 used a power wheelchair; both had high upper-body motor function. We recruited participants through

mailing lists, outreach to local disability groups, and snowball sampling.
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Figure 3.8: Study 3 participants conducting RASSAR scans.

3.2.5.1 Procedure

For the user study, two researchers visited each participant’s home for a three-part investigation. First, one
researcher manually conducted a ground-truth inspection, similar to Study 2, in selected rooms (e.g., the
kitchen, living room, and bathroom). Second, we provided participants with an iPhone 13 Pro Max on which
RASSAR was installed. After a brief tutorial, participants independently scanned the same rooms with
RASSAR while the research team observed their scanning behavior and took notes. Third, the research team
conducted a semi-structured debrief interview about the overall experience and ideas for future work. The
interview concluded with seven-point ratings of usability, usefulness, perceived accuracy, and willingness
to use RASSAR in the future (see Table 3.6). For analysis, we compared RASSAR’s detections with the

ground-truth audit, following the approach in Section 3.2.4.1, and thematically analyzed the interview data.

3.2.5.2 Findings

Overall, all six participants independently scanned their spaces with RASSAR. They gave the application
mean ratings of 5.5 out of 7 for usability and 5.8 out of 7 for perceived accuracy. Below, we report technical
performance, usability, usefulness, participant-suggested improvements, and potential applications.
Technical Performance. The scans achieved a mean precision of 0.79 and recall of 0.73, compared
with 0.86 and 0.83, respectively, in Study 2. This difference may reflect that a single experienced member
of the research team conducted the Study 2 scans, whereas participants conducted the scans in the current
study. Participants also rated their perception of RASSAR’s detection performance highly (M=5.8 out of
7; min=5). P5 remarked, “The 3D reconstruction results are way better than my imagination.” Participants

completed their RASSAR scans in 3.3 minutes on average, compared with 11.8 minutes for the manual
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Table 3.6: Participant demographics, scan performance, and ratings in the RASSAR user study. Ratings
use a seven-point scale; N/A indicates that the participant did not provide a rating.

‘ ‘ Ratings (1 to 7)
ID Sts.ikehc?lder Home Scan Zarea Rooms M?nual a'u dit Scan'tlme Prec. Rec. Acc. | App Usefulness Detection Willingness
identity type (m?) scanned time (min) (min) -
usability of results  performance to use
P1 Wheelchair user  House 120 4 ‘ 12 502 074 0.67 0.54 4
P2 OT Apartment 43 2 21 3.08 054 088 05 4
P3 None House 60 2 ‘ 14 225 092 085 0.79
ps Wheelchairuser, o ent 70 4 10 325 1 073 073
older adult
P5  New parents House 150 3 ‘ 7 338 067 046 0.38
P6  BLV Apartment 55 3 7 305 088 078 0.7
Average ‘ 11.83 334 079 073 0.61 5.5 4.2 5.83 4.83

ground-truth audits.

Usability. As noted above, all six participants completed their home scans with RASSAR and rated the
application highly usable (M=5.5 out of 7; min=5). We observed different scanning practices that may also
have affected technical performance. P3, P4, and P6 repeatedly tilted the phone up and down during their
scans, whereas P2 and P35 held the phone vertically and therefore missed accessibility and safety issues on
the floor. Visual or audio cues that identify unscanned surfaces could help prevent this oversight. P6, the
participant with low vision, completed the scan using the audio-assistance feature. Other participants also
found the audio assistance useful. P4 and P5, both of whom were sighted, enabled audio feedback during
their RASSAR scans and felt that it increased their awareness of scan progress and detected issues. P5
explained, “The audio helped me a lot in understanding what’s happening and what should I focus on during
the scan.”

Usefulness. Ratings of usefulness were more nuanced. P3 and P4 each rated usefulness as 6 out of
7, explaining, “I would never know that the throw rug could be an issue” (P3) and “These results will be
potentially useful if I want to pick a new home” (P4). P1 and P2 each rated usefulness as 4 out of 7. P1, a
manual-wheelchair user, felt that the ADA-based issues did not match her needs: “My house is very usable
to me, but in RASSAR’s head, it wasn’t.” Nevertheless, P1 rated the application highly usable and wanted to
use it in the future. P2, the OT, wanted RASSAR to be more customizable, stating that “it’s not customized
enough.” P6, who had low vision, gave high ratings in all categories except usefulness. He found the
detected issues interesting and helpful but rated usefulness low because the final scan-summary interface
was not sufficiently accessible to him.

Potential Applications. In the debrief interviews, participants offered a variety of use cases for RAS-
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SAR. P1, who gave the highest rating for willingness to use RASSAR, envisioned it as a way to scan,
assess, and share the accessibility of public spaces: “It would be really helpful in public spaces. I'm on sev-
eral Facebook groups for people with disability. And we will all turn to write reviews of different places that
we go. [With RASSAR], we can have a more objective way to share that information.” Similarly, P2, the
OT, felt that RASSAR could raise awareness of accessibility issues and reach more people than on-site OT
inspections: “What OT can do [to help people] is very limited. There are so many people in need but very
few have access to OT service.” Although P2 gave a low rating for her own willingness to use RASSAR, she
was willing to recommend it to others: “I might not use it since I already have this knowledge. But I would
recommend it to my family or anyone in need. It’s so convenient and way better than me lecturing them!”
P3 identified more personal use cases: “If I move to a new home, or when I get injured someday, I might
want to use this (to check for home safety).” Similarly, P4 thought that RASSAR could help people audit
prospective homes before making a purchase: “It would be helpful for auditing another place.” P5 thought
that RASSAR could support childproofing if future versions included more issues related to children.
System Improvements. Participants suggested several ways to improve interaction with the system.
Suggestions for the summary view (Figure 3.6) included making the 3D model easier to manipulate (P1),
organizing scan results by room (P2), and offering a list view (P2 and P5). P6 also requested a list view
because it would be more compatible with screen readers. Other recommendations concerned scanning
support. P5 suggested audio or visual cues that would alert users when they missed an indoor surface, such
as the floor. P6 requested proximity alerts to help people who are blind or have low vision avoid colliding
with barriers while scanning. P3 advocated for more direct visual guidance, such as arrows, to help users

conduct thorough scans without overlooking key areas.

3.2.6 Discussion

We introduced the first mobile AR system to detect accessibility and safety issues in residential spaces. Us-
ing RASSAR, individuals can semi-automatically audit their homes and generate real-time 3D reconstruc-
tions that highlight potential issues. We also conducted three studies to examine real-world needs, technical
performance, and user experience. Below, we discuss the implications of our findings and opportunities for

future work.
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3.2.6.1 Application Scenarios

Unlike prior work in automatic accessibility auditing, which often involves complex data-collection pro-
cesses [Balado et al., 2017; Fu et al., 2020] or specialized hardware [Serna and Marcotegui, 2013; Ayala-
Alfaro et al., 2021], RASSAR is a smartphone application. Its availability on a mobile device broadens
its potential applications. Through the formative study (Section 3.2.2.2) and user study (Section 3.2.5), we
identified several possible use cases, which we discuss below.

Prior-Visit Auditing. One common challenge identified in the formative study was uncertainty about
a location’s accessibility before a visit. Participants raised this concern for rental accommodations, such as
hotel rooms and short-term rentals; public spaces, such as restaurants and shops; and the homes of friends or
family members. Based on our user-study feedback (Section 3.2.5), RASSAR could support a standardized
scanning and detection process for previewing potential accessibility and safety issues. Site owners could
use RASSAR to assess whether their spaces meet general accessibility requirements and share scan results
so that prospective visitors can evaluate a space for themselves. Future work should examine interfaces for

sharing and interpreting these results.

Improving Spaces to Accommodate Life Changes. Changes such as illness, childbirth, or caring for
an older family member can alter a household’s accessibility and safety needs. Our studies suggest that
RASSAR could help residents identify potential risks during these transitions and consider changes such as
removing hazardous items or adjusting object dimensions.

Complementing Occupational Therapists’ Home Visits. As prior research [RENDA and LAPE,
2018] and our studies with occupational therapists indicate, requesting, scheduling, and paying for a home
visit can be difficult. RASSAR could support remote assistance by allowing occupational therapists to re-
view scan results that include visual information, 3D positions, and measurements. Compared with a video
call alone, this representation could make remote auditing more structured and provide additional spatial
evidence for review.

Beyond Residential Spaces. Although RASSAR is designed for residences, its technical framework
could be applied to spaces such as offices, schools, and restaurants. We conducted initial tests in two
offices. Future work could incorporate rubrics for nonresidential spaces and examine methods for uploading,

sharing, and viewing assessments.
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3.2.6.2 Detection Performance

As described in subsubsection 3.2.4.3 and subsection 3.2.5, RASSAR achieved a mean precision of 0.86 and
recall of 0.83 when operated by our research team, compared with 0.79 and 0.73, respectively, when operated
by study participants. Participants completed RASSAR audits in 3.3 minutes on average, compared with
11.8 minutes for manual audits. Although preliminary, these results are promising. RASSAR’s performance
could still be improved. Most errors arose from limitations in our YOLOvS model (Section 3.2.3.1) and the
RoomPlan API. Future work could expand the object-detection model to cover furniture categories and
thereby correct RoomPlan misclassifications, as well as expand the training dataset for small indoor objects.

Further study is needed to determine the accuracy required for each application scenario proposed above.

3.2.6.3 Accessibility Issue Scope

RASSAR currently detects 20 types of accessibility and safety issues across four categories (Figure 3.4).
Future versions could expand this list based on needs identified in the literature (e.g., detecting sharp fur-
niture edges [Niemeyer and Vogel, 1994]), the formative study (e.g., home entrances, stairs, and bathing

facilities), and the user study (e.g., wheelchair maneuvering spaces).

3.2.6.4 Potential Beyond the ADA

The current RASSAR system relies primarily on ADA design guidelines as a source for its accessibility
rubrics. However, as both our formative and summative studies showed, these guidelines specify minimum
requirements and may not fit every individual’s needs. P2 explained, “ADA is just a fixed standard for refer-
ence, thus it cannot ensure fitting on everyone.” Similarly, a wheelchair user in Study 3 recalled that a hotel
room not designated as ADA accessible worked well for her when the designated rooms were unavailable.
In this case, a binary classification of “ADA accessible” excluded a space that met her individual needs.
RASSAR’s custom JSON-based rubric definitions could support assessments personalized to those needs.

Future work should explore interfaces for authoring personalized rubrics.
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3.2.7 Conclusion

We introduced RASSAR, a mobile AR system that semi-automatically audits residential spaces for acces-
sibility and safety issues. RASSAR uses mobile LiDAR and computer-vision models to identify, localize,
and display potential issues and provide recommendations for mitigation. Users can customize the audit
by specifying target accessibility communities and can verify or remove detected issues. Our technical
evaluation (Study 2) in ten home spaces characterized RASSAR’s detection performance, consistency, and
auditing time. Our initial user study (Study 3) further demonstrated RASSAR’s potential among stakeholder
groups. This work advances indoor accessibility and safety auditing, contributes an object-detection model
and dataset to the research community, and opens new research directions for human-AlI collaborative indoor

auditing.

3.3 Frontier Synthesis

RASSAR shows that real-time spatial assistance is not a single prediction delivered to a user. It is a loop
among guided sensing, machine interpretation, human verification, and persistent representation. The for-
mative study demonstrates why this loop must be personalized: participants’ practical accessibility knowl-
edge often exceeds or differs from generic standards. The technical evaluation demonstrates that a mobile
system can detect many relevant issues quickly, while its error analysis shows why automated findings
cannot be treated as complete. The user study further shows that usability and usefulness are distinct. Par-
ticipants could operate the system successfully while still questioning whether a general rubric reflected
their lived needs or whether the review interface was accessible to them.

This frontier advances human-Al symbiotic spatial perception in two ways. First, it enlarges a person’s
perceptual input at the moment of action by making otherwise easy-to-miss dimensions, objects, and risks
visible. Second, it identifies the conditions under which this enlargement remains accountable: users must
be able to see where a finding is anchored, understand why it was produced, correct it, and adapt the criteria

being applied.
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Chapter 4

Frontier II: Spatial Perception Beyond

Physical Presence

4.1 Preamble

The second frontier concerns the reach of spatial perception. The thesis so far has considered assistance at
the point of action; many important decisions, however, must be made before a person can arrive at a place
or after the moment of observation has passed. A traveler may need to assess a room before booking it,
a facilities manager may need to inspect equipment across campus, and a traveler may need to understand
a complex transportation facility which they never visited in order to catch their train/flight. Distance,
time, mobility, danger, privacy, and the cost of repeated visits all constrain direct observation. Extending
perception beyond physical presence therefore means collecting spatial evidence on a person’s behalf and

preserving it for later or remote judgment.

This goal is more demanding than remote viewing. A photograph captures appearance from one view-
point, video records a path through a space, a floor plan abstracts connectivity, and a 3D reconstruction
permits free-viewpoint exploration. Each is useful, but none inherently preserves the objects, dimensions,
routes, and functional relationships needed for every decision. Remote accessibility systems demonstrate
both the value of mediated inspection and the need for task-appropriate representations: people can explore

virtual replicas, request personalized scans, or preview routes through street-level imagery, while still need-
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ing ways to recognize missing or questionable evidence [Pei et al., 2023; Huang et al., 2025; Jain et al.,
2026].

Automation can broaden this spatial and temporal reach. Robots can repeat structured scans, drones can
observe tall or expansive interiors, and reconstruction methods can turn image collections or video into per-
sistent geometry [Wang et al., 2025a; Xie et al., 2025]. Yet remote capture redistributes rather than removes
human work. The sensing platform must move safely and cover relevant viewpoints; reconstruction must
tolerate occlusion, motion, changing illumination, and scale; and the resulting map must remain meaningful
to people who did not witness its capture.

The central challenge is relevance. A fully autonomous system can collect extensive geometry while
missing critical facilities, constraints, or semantics that can help determine a spatial decision; exhaustive
manual annotation, in contrast, defeats the purpose of automation. This frontier investigates how sensing
systems and lightweight human input can complement one another in building inspectable, task-relevant

spatial representations. The two projects in this chapter examine complementary points in that design space.

4.2 RAIS: Robotic Accessibility Indoor Scanning

RAIS investigates whether the evidence-collection burden in RASSAR can be transferred from a person to
a robot. It integrates RASSAR with a commodity robotic vacuum, phone, gimbal, and supporting sensors.
The prototype follows walls, constructs a 2D occupancy map, collects a phone-based room reconstruction,
and evaluates the resulting model for accessibility concerns. Because RASSAR’s rubric and reporting com-
ponents already establish how room geometry becomes an accessibility assessment, this section focuses on

the new problem introduced by the frontier: autonomous movement and capture.

4.2.1 Introduction

Despite significant recent progress [Cai et al., 2024; Pei et al., 2023; Su et al., 2024d; Yoon et al., 2019;
Simdes et al., 2020; Su et al., 2024b], mapping and assessing indoor spaces and creating personalized routes
through them remain grand challenges in accessibility research [Froehlich et al., 2019; Striegl et al., 2020].
Advances in photogrammetry, camera hardware, and laser scanning have enabled companies such as Mat-

terport [Inc., 2024c], Metareal [Inc., 2024d], and EyeSpy360 [Inc., 2024a] to create precise, immersive
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Figure 4.1: RAIS combines commodity robotic hardware with mobile sensing to automate indoor mapping
and accessibility assessment. The system produces a navigation map, captures a parametric room model,
and marks detected accessibility issues.

3D reconstructions of indoor spaces for virtual tours and other mapping applications. Other systems use
wheeled carts equipped with scanning sensors, such as FARO’s Focus Swift [Aniwaa, 2020], or large wear-
able backpack systems, such as the NavVis VLX 3 [NavVis, 2024]. These systems offer high-fidelity scans
for blueprint generation, construction tracking, and virtual walkthroughs, but they do not focus on identi-
fying and evaluating accessibility features such as narrow hallways, staircases, and missing assistive aids.
The hardware is also costly, and scans can be time-consuming, expensive, and dependent on professional
training. Scaling these systems to identify and track accessibility problems throughout large buildings, such

as offices, airports, and train stations, can therefore be cost-prohibitive.

Drawing on recent work in robotics for automated indoor scanning and inspection [Robotics, 2024; Inc.,
2024b] and emerging work in smartphone-based indoor accessibility mapping [ Yoon et al., 2019; Su et al.,
2023, 2024d], we introduce RAIS (Robotic Accessibility Indoor Scanner), a robotic indoor-mapping and
accessibility-assessment system (Figure 4.1). This rapid prototype uses off-the-shelf components, including
a vacuum robot, smartphone, and phone gimbal, and runs RASSAR, an application for 3D reconstruction
and indoor accessibility auditing [Su et al., 2024d]. In our initial tests, RAIS independently navigated
previously unmapped indoor spaces and detected potential accessibility issues in real time. It generated

parametric 3D map reconstructions that supported both in situ and post hoc accessibility audits.
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To evaluate RAIS, we performed a pilot study in three indoor environments: a makerspace, a classroom,
and an office. In each environment, we placed RAIS at a random position, started a scanning session, and
allowed it to conduct the reconstruction and accessibility scan independently. RAIS completed an automated
scan in all three environments, generating 3D reconstructions that included architectural features (walls,
doors, and windows) and furniture and highlighting potential accessibility issues.

In summary, this project contributes a low-cost prototype for robotic mapping and indoor accessibility
assessment built from commodity hardware. Our overarching goal is to develop automated indoor-mapping
techniques that prioritize accessibility and support remote visit planning, in situ navigation along accessible

routes, and infrastructure maintenance.

4.2.2 The RAIS Prototype

To examine the feasibility of a robotic indoor-mapping and accessibility-scanning system, we rapidly con-
structed a hardware-software prototype using off-the-shelf components. We first describe the key design

components and then explain the RAIS mapping and scanning process.

4.2.2.1 Design and Components

As a rapid prototype, RAIS is built with commodity hardware and software components:

LiDAR-equipped smartphone: To scan and reconstruct 3D environments, we use an iPhone 13 Pro
Max. The map reconstructed in real time also guides the robot’s path.

Robot: To autonomously navigate and map indoor environments, we use an iRobot Create 3 wheeled
vacuum robot.

Motorized phone gimbal: To control the smartphone’s capture angles and ensure broad coverage, the
phone is mounted on a DJI Osmo Mobile 6 gimbal that rotates left, right, up, and down during scanning.

Tripod: We elevate the gimbal and phone with a tripod to improve capture of indoor objects.

Software: Our previously published RASSAR system [Su et al., 2023, 2024d] performs 3D reconstruc-
tion and scans for accessibility barriers in real time. RASSAR is a custom iPhone application that uses
LiDAR and a custom-trained computer-vision model to identify, localize, and visualize indoor accessibility

and safety issues, such as inaccessible table heights and loose rugs. We also developed iPhone software to
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route the RAIS robot and control the gimbal, as described below.

4.2.2.2 Scanning Process

To enable RAIS to explore and scan unknown indoor spaces, we implemented SLAM and a routing strategy.
We use Apple’s ARKit and the RoomPlan API [Apple, 2022] to create a real-time 3D reconstruction of
indoor spaces and locate the robot’s 3D coordinates. The exploration and navigation strategy combines a
wall-following method that guides the robot into unknown spaces with an A* pathfinding algorithm that

avoids obstacles.

Algorithm 1 RAIS wall-following strategy.

1: while not back at initial position do

2: if farther than 2.5 m from all scanned posi-
tions then
3: Rotate robot and gimbal to perform scan
at current position
4: end if
5: if not following any wall then
6: Find nearest wall and start following it
7: end if
8: Move along the following wall
9: if new wall detected within 1.2 m then
10: Follow the new wall Figure 4.2: Example of RAIS’s A*
11: else if left-side wall ends then routing. Grid cells measure 20 cm X
12: Turn left and move forward until a new 20 cm. Black represents walls, gray
wall is found represents furniture, blue represents
13: end if scanned space, orange represents the
14: end while path, and purple represents stopping
15: end algorithm positions.

For exploration, we use a classic wall-following algorithm [van Turennout et al., 1992]. The robot begins
away from a wall while the phone performs an initial scan to create a partial map. RAIS selects the nearest
wall and follows it at a distance of 1.2 meters. When it detects a new wall within 1.2 meters, RAIS follows
that wall instead. This process continues until the robot returns to its initial position and closes its trajectory
loop, at which point the scan is complete (Figure 1).

Because furniture and clutter may obstruct the robot’s path, we use the well-established A* pathfinding

algorithm to avoid obstacles [ElHalawany et al., 2013]. We rasterize the real-time 3D reconstruction from
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RoomPlan to create a grid map. The robot’s current location and moving goal are projected onto this map

for A* search, and the resulting path is executed by the robot. An example is shown in Figure 4.2.

4.2.2.3 Scanning Results

After a scan, RAIS represents the room layout and indoor objects, such as tables and chairs, as a parametric
3D model. The model includes architectural features such as walls, doors, and windows, as well as furniture.
An example reconstruction appears in Figure 4.1D. RAIS reuses the RASSAR visualization interface [Su
et al., 2024d], and users can download the model for inspection in other computer-aided design programs.
Accessibility rubrics allow RAIS to identify potential issues either during scanning or through post hoc
analysis.

For this initial prototype, we adopt four accessibility rubrics from the ADA design guidelines [of Justice,
2024]: (1) door width, requiring more than 32 in. (81.3 cm) of clearance for wheelchair passage; (2) table
or counter height, requiring a height between 28 and 34 in. (71.1 to 86.4 cm); (3) cabinet height, requiring
a reachable height below 27 in. (68.6 cm); and (4) routing space, requiring more than 36 in. (91.4 cm)
of width for wheelchair passage. The first three issues can be detected automatically in real time during

scanning. Routing space is currently reviewed manually and will be automated in future work.

4.2.3 Preliminary Evaluation

To evaluate RAIS’s performance, we conducted test scans in three indoor environments: a makerspace, a
classroom, and an office (Table 4.1). In each space, we deployed RAIS at a random location and started
an automated scan. The robot then maneuvered through the space, generated a 3D reconstruction and 2D
map, and conducted an accessibility scan. We timed and recorded the entire process. For comparison, we
manually inspected each environment to establish ground truth. Table 4.1 reports the space characteristics,
scan times, and accessibility-issue detections. Figure 4.3 shows the environments, generated maps, and scan
routes.

RAIS completed scans in all three spaces, taking 8.5 minutes on average. It detected six of the eight
applicable accessibility issues (75%), including inaccessible table and counter heights in the makerspace

and office and narrow corridors in the classroom and office. RAIS did not identify an inaccessible cabinet
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Table 4.1: RAIS test spaces and results. Accessibility issues are identified by their index in Section 4.2.2.3.

Space Area Scantime Time per m”> Issues Issues
(m?) (min) (s/m?) in space detected

S1: Makerspace 40 10 15 12,12,12,13 12,12

S2: Office 32 6.5 9.75 12,12, 14 12,12, 14

S3: Classroom 48 9 11.25 14 4

Figure 4.3: Preliminary RAIS evaluation in three indoor spaces: a makerspace (S1), an office (S2), and a
classroom (S3). For each space, the figure shows a photograph, the automatically generated 2D map, and
RAIS’s scanning route.

in the makerspace. Although preliminary, these results establish the feasibility of the prototype in the three

test environments.

4.2.4 Discussion and Future Work

RAIS explores one approach to collecting data for indoor accessibility maps. Its parametric 3D reconstruc-
tions could inform infrastructure improvements and provide spatial information for people with disabilities.
We built RAIS to examine the feasibility of automatically creating, updating, and maintaining indoor maps
focused on accessibility. The preliminary evaluation demonstrated the prototype’s potential and represents
an initial step toward addressing the broader challenge of indoor accessibility mapping.

Because RAIS operates autonomously and can explore previously unmapped spaces, future versions
could support repeated scanning in changing environments, such as malls and public transportation stations.
Regular scans could help keep indoor accessibility maps current and could also provide building managers
with information relevant to cleanliness and safety. These applications require evaluation at a scale and level
of environmental complexity beyond the current pilot study.

As a proof-of-concept prototype, RAIS demonstrates autonomous scanning capabilities but leaves sev-

eral research questions unanswered. Can its sensing components be integrated with widely used indoor
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robots, such as floor scrubbers? Can RAIS robustly and efficiently scan larger spaces, such as malls and
train stations? How should scan results be inspected, tracked, archived, and shared to improve understanding
of indoor accessibility while supporting facility maintenance? Future implementations and studies should

address these questions.

4.2.5 Conclusion

In this project, we presented RAIS, an initial step toward automated indoor accessibility mapping. RAIS
scans previously unmapped indoor environments, creates parametric 3D reconstructions and 2D maps, and
identifies potential accessibility issues using LiDAR and computer vision. Our preliminary evaluation in
three indoor spaces established the feasibility of this commodity-hardware prototype. The project points
toward systems that could conduct repeated scans with limited manual control and maintain up-to-date

accessibility maps for indoor navigation and facility maintenance.

4.3 From Room-Scale Auditing to Large-Space Semantic Mapping

RAIS demonstrates that autonomous capture can reduce the need for a person to conduct a room scan, but
it also exposes the limits of a fixed, room-scale collection strategy. Wall following and occupancy mapping
are well suited to bounded rooms and accessibility criteria that can be computed from a parametric model.
Larger public and institutional spaces introduce open atria, multiple floors, elevated facilities, irregular
trajectories, and a wider range of stakeholder questions. Their useful representation must contain not only

geometry but also semantic points of interest such as doors, stairs, elevators, ramps, alarms, and equipment.

FlyMeThrough addresses this broader setting. Rather than assume that the system can infer every mean-
ingful object autonomously, it asks occupants and building managers to provide sparse clicks and labels in
familiar video frames. Al propagates those annotations and converts them into 3D object anchors. The con-
nection between the projects is therefore a progression in both scale and human-Al division of labor: RAIS
automates a predefined room audit, while FlyMeThrough combines flexible capture with human guidance

about what the map should remember.
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4.4 FlyMeThrough: Human-AI Collaborative Indoor Mapping

FlyMeThrough uses commodity-drone video, structure-from-motion reconstruction, video segmentation,
depth-guided ray casting, and interactive review to produce semantic 3D maps of large indoor spaces. Its
object-centered annotation workflow treats a click as compact spatial evidence: the user identifies a mean-
ingful facility in one frame, SAM2 propagates the mask through nearby frames, and the system projects the
observations into the reconstructed world. The resulting bounding box becomes a persistent point of interest

that other users can inspect from a free viewpoint.

Reconstructed 3D Map

" Between the airium and the ground floor

Figure 4.4: FlyMeThrough reconstructs large indoor spaces from commodity-drone video. Sparse user
annotations are propagated across frames, localized in the 3D model, and exposed as interactive facility
anchors.

4.4.1 Introduction

Indoor mapping data for public spaces, such as office buildings, train stations, airports, and stadiums, is
crucial for navigation, route planning, space evaluation, and tracking spatial changes over time. However,
such data is often scarce and outdated [Pipelidis et al., 2019]. Mainstream indoor-mapping procedures either
transform CAD building plans into digital maps or deploy dedicated scanning hardware and services. Both
approaches require high data-acquisition costs and long timelines [ Yue and Wu, 2018], making them difficult

to deploy and maintain at scale.
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In contrast, drone-based indoor mapping uses drones to capture key spatial information throughout large
indoor spaces and can reduce data-collection and maintenance effort. Academic research [Karam et al.,
2022; Zhou et al., 2014] and commercial products such as Skydio [Skydio, 2025] and Elios [Flyability,
2025] demonstrate its feasibility. However, existing solutions often rely on LiDAR-equipped drones that are
prohibitively expensive for large-scale deployment; for example, an Elios 3 LiDAR drone costs $50,000.
Moreover, the resulting maps lack points of interest (POIs) that building managers and visitors need. To
address these challenges, we develop a more affordable, scalable mapping pipeline that uses only RGB video
and can therefore operate with commodity drones. We also introduce a human-Al collaborative annotation
and localization process that lets building-management staff identify and mark key indoor POlIs, such as
entrances, stairs, and elevators, making the resulting 3D maps more useful for navigation, routing, and

space evaluation.

We present FlyMeThrough, a human-Al collaborative indoor-mapping system with an end-to-end pipeline
that transforms RGB footage from indoor drone flights into POI-enriched 3D maps. FlyMeThrough has
three major technical components: structure-from-motion (SfM) reconstruction, which estimates video-
frame camera positions and constructs 3D meshes; a human-Al collaborative annotation pipeline, which
lets users annotate and localize key indoor POIs; and a web interface for reviewing the final 3D models and

POI bounding boxes.

To evaluate FlyMeThrough, we collected drone footage from 12 indoor spaces of varying sizes and
functions with the approval and guidance of the building managers responsible for those spaces. We also
conducted a user study with five of these building managers and five active building occupants to assess the
annotation interface. Participants reviewed the drone-based mapping process, annotated key indoor POIs in
the collected data, and discussed the interface’s usability and potential applications. The results demonstrate
the technical feasibility of the mapping pipeline and generally positive perceptions of its usability while

identifying opportunities for improvement.

Our contributions are threefold. First, we implement a drone-based indoor-mapping system that uses
only RGB data and can therefore employ affordable commodity drones. Second, we introduce a human-Al
collaborative pipeline for creating POIs in reconstructed indoor 3D maps. Third, we report insights from a

user study with building managers and occupants that can guide future drone-based indoor mapping.
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4.4.2 The 3D Mapping of Indoor Spaces

FlyMeThrough is a multi-stage system that transforms RGB drone footage into interactive 3D indoor maps
annotated with key points of interest (POIs) (Figure 4.4). The system begins with drone-based RGB video
collection, followed by structure from motion (SfM) to estimate camera trajectories and reconstruct the space
as a 3D mesh. Users such as building managers annotate key facilities, such as stairs, doors, and elevators,
on selected video frames using their grounded knowledge of the space. SAM2 [Ravi et al., 2024a] expands
these annotations into per-frame segmentation masks, and a depth-guided raycasting algorithm projects the
masks into 3D space. The result is a semantically enriched 3D map with interactive POI bounding boxes
that indicate the location and dimensions of each annotated facility.

This work extends an earlier poster prototype that explored the feasibility of using commodity drones
for indoor 3D mapping and automatic detection of facilities such as stairs, doors, elevators, and ramps.
While retaining RGB video capture and SfM-based reconstruction, FlyMeThrough introduces a more ro-
bust human-AlI collaborative architecture. Its annotation pipeline and depth-based localization improve the
semantic fidelity of the 3D maps, enabling end users to embed local spatial knowledge in the resulting

reconstruction.

4.4.2.1 Drone-Based Data Collection

In line with prior work, we use RGB-only video input for its practicality and compatibility with consumer
drone hardware. For safety and controllability during indoor flights, we use a DJI Avata drone, purchased
for $759 in 2024, because of its propeller guards and immersive controller headset. We select its wide-angle
camera setting, which yields a 110-degree field of view, and capture indoor-flight video at 4K resolution and
30 frames per second. The lead author manually controls the drone to fly steadily through the public open

spaces of the tested buildings.

4.4.2.2 SfM Indoor Reconstruction

Following the settings from our previous work, we extract frames from drone footage at 2 FPS for indoor
reconstruction. We compared state-of-the-art open-source approaches, including NeRF [Mildenhall et al.,

2021; Tancik et al., 2023], Gaussian Splatting [Kerbl et al., 2023], and learning-based methods such as MV-
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Figure 4.5: Drone-based indoor scanning and reconstruction. (A) The DJI Avata drone. (B) We collect
flight footage as 4K, 30-FPS video. (C) We extract frames at 2 FPS. (D) Agisoft Metashape estimates the
camera extrinsics of extracted frames and (E) reconstructs the space in 3D.

DUSt3R+ [Tang et al., 2024] and MAST3R-SLAM [Murai et al., 2024], then selected the option that best
balanced output quality, success rate, and computing requirements. We use the photogrammetry software
Agisoft Metashape [Over et al., 2021] for SfM camera-pose estimation and 3D reconstruction. Figure 4.5E

shows the reconstructed 3D model, while Figure 4.5D shows estimated camera poses and the flight trajec-

tory.

4.4.2.3 Indoor Facility Segmentation

To embed key facility information in the reconstructed 3D map, FlyMeThrough employs the SAM2 [Ravi
et al., 2024a] video-segmentation model to interactively identify and label indoor objects. For each scene,
users click video frames to annotate objects, including predefined types drawn from existing indoor-scanning
work [Su et al., 2024d], such as doors, elevators, ramps, and stairs, as well as custom categories that users

define.

This design marks a departure from our previous system (poster omitted for anonymity), which relied

60



User Annotate

Figure 4.6: SAM2 segments key indoor facilities. When a user annotates one frame, the mask is propagated
to subsequent frames.

on YOLOVS [Ultralytics, 2023] for fully automated POI detection. While effective in automating object
recognition, YOLOvVS lacked flexibility for open-vocabulary object types and precision for multi-frame
consistency, especially in novel or complex indoor scenes. In contrast, SAM?2 offers several key advantages

that informed our decision to adopt it:

Interactive and Efficient Annotation: SAM?2 natively supports interactive prompts, such as point
clicks and bounding boxes, that integrate with the Ul and minimize annotation effort. With minimal user

input, the model generates high-quality pixel-level masks, significantly reducing manual effort.

Generalization and Adaptability: Unlike YOLOVS8’s closed-set object categories, SAM?2 generalizes
across diverse object types and indoor layouts. Its zero-shot segmentation capability supports accurate
labeling of novel instances, making it suitable for dynamic, unstructured indoor settings and diverse user

needs.

Precision and Continuity: SAM?2 produces pixel-accurate segmentations that capture fine object bound-
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aries. This granularity is critical for downstream ray-casting-based localization, where geometric precision
determines placement accuracy in 3D space. Propagating segmentations across adjacent frames also im-

proves temporal consistency for the subsequent localization step.

In deployment, we use a pretrained SAM?2 checkpoint [Al, 2024], which tokenizes input video frames
and infers object masks in subsequent frames from a user segmentation (Figure 4.6). We enhance segmenta-
tion consistency with a local temporal-control strategy: predictions from a user annotation are retained only
for consecutive frames and terminate when the target object exits the view. This helps mitigate missegmen-

tations caused by repetitive layouts, a common challenge in hallways and mirrored environments.

4.4.2.4 Localizing Indoor Features with Depth-Guided Ray Casting

The segmentation results, as masks over sequential video frames, are projected into the reconstructed 3D
maps for localization. In our previous system, this projection was performed by individual pixels following
the classical pinhole camera model [Sturm, 2021]. Each masked pixel was back-projected through the
camera’s intrinsic and extrinsic parameters to cast a ray into the 3D scene. Intersections between these
rays and the reconstructed surface mesh were computed, and the resulting hit points were post-processed
via spatial clustering to generate 3D bounding boxes for each object instance. However, this approach was
highly sensitive to mesh artifacts, such as surface holes and noise, which frequently led to fragmented or

inaccurate localization results.

To address this problem, we introduce a depth-guided ray-casting strategy that uses monocular depth
estimates to constrain ray lengths within an image mask. The method creates a segmentation point cloud
and casts it as a unified structure, improving localization accuracy and suppressing false intersections caused

by mesh artifacts.

Classical Pinhole Projection Model. We retain the pinhole camera model, in which a 3D point P, =
(Xw, Yu, Zu)T is projected to an image coordinate (u, v) using the camera intrinsic matrix K and extrinsic

parameters 12 and ¢:
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Figure 4.7: Depth-guided ray casting localizes user annotations. (A) Each annotation mask is combined
with (B) an inferred depth map to produce (C) a 3D point cloud, which is iteratively enlarged until it inter-
sects the reconstructed model.
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Given known K, R, and ¢ from the SfM reconstruction, the only missing component is the depth Z,.

value, which is traditionally calculated by raycasting.

Creating a Segmentation Point Cloud with Depth Estimation. Although depth is not directly avail-
able in monocular RGB video, we estimate relative depth for each pixel in an image frame using Depth Pro,
a state-of-the-art monocular depth-prediction model [Bochkovskii et al., 2024]. We then use the predicted

depth values, denoted by Z,, to extrude the pixels in the segmentation mask to 3D coordinates P,:

B,=R ' |Z. K|y -t ()

This process produces a 3D point cloud from the pixels in a 2D segmentation mask, capturing the object’s
spatial extent and relative depth within the scene. Figure 4.7 shows an example. The resulting point cloud is
not metrically aligned with the mesh because the monocular depth prediction has an unknown global scale

factor. The following casting steps iteratively approximate that scale.

Unified Segmentation Point-Cloud Casting. Rather than casting each pixel independently, as in our
prior approach, we cast the segmentation point cloud as a whole. Independent rays may stop at irregular
geometry or pass through holes. In the unified approach, we multiply the point cloud’s scale by 1.01 at
each iteration and compute the proportion that intersects the reconstructed mesh. Casting stops when this
proportion reaches 22%, a threshold selected empirically (Figure 4.7). This strategy reduces sensitivity
to local mesh defects, including holes, clutter, and irregular geometry, while preserving the object’s shape
and orientation. It prevents premature or delayed intersections and mitigates offsets introduced by surface
irregularities. Compared with our previous system, the casting process achieves greater geometric accuracy

and semantic consistency in complex indoor 3D models.
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Adaptive Downsampling for Efficiency.

To improve runtime performance during point-cloud ray casting, we introduce adaptive spatial down-
sampling. The number of retained points is selected dynamically to reduce point-cloud size while preserving
overall shape. Larger objects retain more points to maintain precision, whereas smaller objects receive more

compact representations. This balance reduces computation while preserving sufficient spatial fidelity.

4.4.2.5 Bounding-Box Creation

After raycasting the downsampled segmentation cloud into the mesh, the resulting intersection points are
clustered to produce a final 3D bounding box. This bounding box captures not only the object’s location,
but also its approximate size and orientation in 3D space.

Because we cast segmentation results from multiple frames of the same object to reduce noise, the
combined result is a dense, overlapping point cloud. We apply DBSCAN [Ester et al., 1996] to segment
and filter the cloud, removing outliers and preserving the most coherent geometric regions associated with
the object. We then compute a PCA-based approximation of the minimum-volume bounding box [Dimitrov
et al., 2006] for each cluster. This process produces tighter, orientation-aware volumes that better reflect the

object’s geometric extent, particularly when it is not axis aligned.

4.4.2.6 Modularity of Implementation

FlyMeThrough is a multistage pipeline that combines commodity hardware, commercial software, classical
algorithms, learned models, and our original methods. Each component introduces limitations and oppor-
tunities for improvement. We therefore designed the system as a modular architecture in which individual
stages can be replaced as better-performing alternatives become available. The same modularity lets future

users adapt the implementation to their hardware, software, and computational constraints.

4.4.3 The FlyMeThrough Interface

As described above, FlyMeThrough relies on people to contribute grounded knowledge about which indoor
facilities matter and where they are located. This mapping task is difficult to automate fully for two rea-

sons. First, indoor facilities vary in appearance, making them difficult for general-purpose models to detect
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Thank you for completing this annotation task!

Figure 4.8: The annotation interface. (A) The results panel lists confirmed annotations. (B) The canvas
displays selected frames and supports click-based segmentation. (C) The annotation panel provides object
types and commands such as “Clear Points,” “Confirm Annotation,” and “Finish Annotation.” (D) The
frames panel lists available video frames. (E) After the user confirms an annotation, the server propagates
its segmentation mask to subsequent frames, where results appear as bounding boxes. (F) The interface
summarizes the completed annotations.

reliably. Second, the function and importance of a facility depend on site-specific practices and stakeholder
needs. We therefore designed an annotation interface for collaboratively creating POIs in reconstructed 3D

maps and a review interface for inspecting the resulting interactive models.

4.4.3.1 Annotation Interface

We created a web interface for efficient indoor POI annotation. Unlike traditional indoor-mapping work-
flows that rely on CAD files and specialized design skills, the interface presents frames from drone footage
and lets users mark target objects, such as entrances, doors, and stairs, with clicks. The interface has four
main components (Figure 4.8): an annotation canvas that displays frames, points, masks, and processed
bounding boxes (B); a frames panel that lists the video frames chronologically (D); an annotation-tools
panel that provides object types and task commands (C); and a results panel that lists confirmed annotations,
reports their processing status, and supports review (A).

Users browse the frames panel and select a frame to annotate. They can create an object instance by
choosing a predefined type or defining a new one, optionally adding a detailed description. After the user

clicks the target object, an embedded SAM?2 model [Ravi et al., 2024a] produces an interactive segmentation
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mask. Positive clicks add unmasked regions, whereas negative clicks remove masked regions. Users may
clear the points, delete the instance, or confirm the annotation. Confirmation sends the mask to the server,
where SAM?2 propagates it across subsequent video frames. The interface displays the propagated results
as bounding boxes (Figure 4.8E), and the ray-casting pipeline converts them into 3D bounding boxes in the

reconstructed mesh (subsubsection 4.4.2.4).

Q Space List

23 3D Viewport ?Facility List

Detected Facilities

Stairs View

Stairs View

Building Name ®
Anonymized

Stairs View

Building Name
Anonymized

Building Name
Anonymized

Top View

Figure 4.9: The review interface. (A) A list of available spaces. (B) A 3D viewport displaying the map and
annotated objects. (C) A list of annotated facilities that users can highlight or select with the “View” button.
Additional controls return the camera to a bird’s-eye view or display an orthographic floor-plan view.

4.4.3.2 Visualization Interface

We also implemented a web interface for reviewing the reconstructed mesh and the 3D bounding boxes that
mark annotated objects (Figure 4.9). The interface contains a list of available maps (A), an interactive 3D
canvas (B), a facility list (C), and a top-down orthographic view that presents the model as a floor plan.
Users can drag to rotate the camera, browse and highlight objects, and select an object to focus the view on

its bounding box.
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4.4.4 Evaluation

We evaluated FlyMeThrough’s technical performance and overall usability. We collected drone footage
from 12 spaces that varied in type, size, ceiling height, and function, then processed the footage into 3D
indoor maps to assess the pipeline’s technical capabilities. We evaluated the interface with 10 participants,
including five building managers and five building occupants, to examine usability, practical implications,
and potential barriers to deployment.

The FlyMeThrough human-subjects study was reviewed and approved by the University of Washington

Institutional Review Board under the project’s prior name, DIAM (UW IRB; STUDY(00022431).

4.4.4.1 Procedure

Before conducting indoor drone flights, we asked building managers to authorize and supervise flights in
their buildings. With their approval, the lead author manually operated the drone during off-hours to mini-
mize risk and disruption. We collected footage from 12 indoor spaces of varying sizes, types, and functions,

then reconstructed the spaces to test the pipeline’s robustness (Table 4.2).

Figure 4.10: Nine of the scanned spaces.
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Table 4.2: Overview of spaces, video data, and reconstruction status.

Space ID  Function Area (m?) Height (floors) Video duration (min:s) Reconstruction status

S1 Education 1600 6 3:45 Good
S2 Education 1400 4 2:33 Good
S3 Education 100 1 2:08 Good
S4 Office 120 1 3:22 Good
S5 Education 180 1 2:10 Good
S6 Education 600 1 3:06 Good
S7 Exhibition 3000 2 6:07 Good
S8 Engineering 260 3 5:03 Good
S9 Office 1100 4 5:33 Failed
S10 Engineering 2000 1 5:53 Good
S11 Education 800 1 4:02 Good
S12 Education 2400 3 9:13 Good

To evaluate the interface, we conducted remote and in-person study sessions in which participants an-
notated POIs and reviewed 3D maps. Each session had five sequential parts: (1) initial setup, (2) a drone-
mapping demonstration, (3) use of the annotation interface, (4) an interview and discussion, and (5) review
of the final model and concluding feedback. Each session lasted around 60 minutes.

The session began with informed consent and a brief background survey. Building managers received
additional questions about their current building-evaluation practices. Participants who had not witnessed a
drone flight watched recordings from both the drone’s and a bystander’s perspectives. This dual-view presen-
tation helped them understand the drone’s operational capabilities and physical presence in the space. Partic-
ipants then used the annotation interface. We asked open-ended questions about their reactions to the flight
process, the interface’s usability, and possible integration into existing building-evaluation practices. While
participants discussed these questions, the system processed their annotations into an instance-enriched 3D
model. Participants reviewed the completed model through the interactive interface and answered conclud-

ing questions about the system and its relevance to their needs.

4.4.4.2 Participants

We recruited five building managers who supported the drone flights and participated in the user study, along
with five building occupants who regularly used the scanned buildings. Four participants witnessed drone

operations in person; the remaining participants watched recordings. Participants received $25 per hour
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for guiding or observing flights and participating in the study. Table 4.3 provides additional demographic

information.
Table 4.3: Participant demographics and annotation performance.
Participant Age Gender Role Space tested Experience (years) Footage/witness Annotations Success (%)
Ml 35-44 M Building Manager S1 13 Footage 12 100.00
M2 45-54 M Building Manager S8, S10 7 Witness 33 75.76
M3 25-34 M Building Manager S2 9 Footage 19 100.00
M4 18-24 F Building Manager S11 1.5 Witness 16 87.50
M5 55+ M Building Manager S12 7 Footage 9 100.00
0Ol 25-34 M Occupant S6 5 Witness 29 93.10
02 25-34 M Occupant S2 5 Footage 8 87.50
03 25-34 M Occupant S4 3.5 Witness 8 100.00
04 25-34 M Occupant S5 0.5 Footage 14 100.00
05 25-34 F Occupant S1 6 Footage 10 100.00

4.4.4.3 Analysis Approach

Our analysis of the semi-structured interviews focused on summarizing high-level themes. One researcher
developed a set of themes through qualitative open coding [Charmaz, 2006] based on the video transcript,
then coded the responses according to the themes. Participant quotes have been slightly modified for conci-
sion, grammar, and anonymity.

The system logged all annotations, segmentations, and subsequent ray-casting results. The research

team analyzed these data for computational efficiency and robustness.

4.4.4.4 Technical Results

Reconstruction succeeded in 11 of the 12 target spaces. The only failure occurred in S9 (Table 4.2; Fig-
ure 4.11A). Figure 4.10 shows nine successful reconstructions. During the study sessions, participants
created an average of 15.8 annotations per space (Table 4.3). SAM2 processed every annotation, taking an
average of 41.10 seconds per annotation (SD = 11.21). Each ray-casting operation took an average of 63.6
seconds (SD = 48.65), and 91.77% of annotations were successfully converted into bounding boxes for
review. Table 4.3 summarizes annotation counts and casting success rates by participant.

We also analyzed the failed casting cases. A total of 13 failures were recorded, of which 8 (61.5%) were

due to missing camera parameters in the corresponding frames at the beginning of the SfM-based indoor
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reconstruction process. The remaining five failures (38.5%) resulted from incomplete SfM reconstructions

and missing geometry (Figure 4.11B and C).

Figure 4.11: Three reconstruction failure modes. (A) Two images from S9, a multilevel office atrium
whose reconstruction failed. (B) Blurring in a sparsely captured region of a reconstructed map. (C) Missing
reconstructed geometry for a waste container visible in the source footage.

4.44.5 Findings

A total of 158 objects were annotated by the participants. Among them, doors (including regular and rolling
doors) were the most frequently labeled (31), followed by common building infrastructure such as stairs
(21), entrances (10), elevators (9), restrooms (5), and ramps (3). In addition to these core architectural
features, participants also annotated a wide range of smaller objects (e.g., signage, furniture, equipment). We
also observed a distinction between building managers and occupants: managers tended to label technical
and safety-related features, such as fire-control systems and equipment panels, whereas occupants more

frequently annotated everyday elements such as sofas, whiteboards, and waste bins.
Below we summarize the major themes that emerged from our user interviews.
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Annotation-System Usability and Areas for Improvement. Our evaluation of FlyMeThrough’s annota-
tion interface revealed generally positive feedback regarding its usability. When asked to rate ease of use on
a 7-point Likert scale (1=very difficult, 7=very easy), participants reported a median rating of 6 (/QR=2.00),
indicating an overall favorable assessment of the system’s usability. Several participants explicitly charac-
terized the interface as intuitive, with building managers and occupants noting it was “pretty easy to use”
(M2, 05) and “not complicated at all” (M5). This suggests that FlyMeThrough’s annotation workflow can
accommodate users with varying levels of technical expertise.

Despite the generally positive reception, we also identified areas for improvement. A common challenge
involved the object-selection workflow: “The confusing thing is you have to click this first and then identify
the thing again... the order is maybe a little bit confusing” (M1). Similarly, M4 noted: “Sometimes I
would forget to [select the object type first]. I would click on an object and then realize I didn’t select what
type of object it was.” Participants also expressed interest in additional functionality that could enhance
their experience. For example, O2 suggested implementing an example-based approach: “I think for the
annotation part, it might be helpful if I can be provided with examples so I don’t have to start on my own.
I can just say yes or no.” This comment points to the potential benefit of combining automated annotation

with human verification.

Perceived Model Quality. When asked to rate the quality of the model on a scale of 1-7 (1=poor, 7=ex-
cellent), participants had a median rating of 5 (/QR=0.75), indicating generally positive perceptions of the
system’s output quality. We also asked participants to give a binary rating (accurate/inaccurate) to the loca-
tion and size of the bounding box for each of the annotated objects. The average percentage of objects rated
as accurate was 71.54% (SD=29.73%). This wide standard deviation reflects considerable variation in how
participants perceived the annotation results.

Some participants found the model’s output to be satisfactory and accurate for their needs. However,
others expected more precise geometric alignment, particularly with architectural elements. As one building
manager explained: “so you end up with a larger bounding box and it’s at an angle relative to where you’re
viewing the individual item, as opposed to the item itself being a rectangular prism up in the ceiling” (M2).
Similarly, M5 expressed that he was hoping the bounding box would exactly fit the volume of the room: “the

box doesn’t line up with this atrium exactly”. This contrast also reflected the varied scale of labeled entities,
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which ranged from entire atria to small electrical panels. These findings suggest that while the current model
quality is sufficient for many use cases, expectations for geometric precision vary considerably across users

and object types.

Concerns About Indoor Drone Flights. When asked about indoor drone flights, participants reported
few safety concerns. They focused primarily on appropriate scanning locations and privacy. Participants
suggested conducting scans during off-hours and limiting them to public areas: “common spaces would
be [appropriate to scan]. Like we could do the hallways, we could do the large atria” (M1). Multiple
building managers (M1, M2, M3) emphasized avoiding sensitive spaces such as deans’ offices, research
labs, and dormitories. Privacy emerged as a key consideration. M4 recommended providing advance notice
to building tenants before scanning so individuals could avoid the area if they did not wish to be included.
Building occupants raised concerns about facial privacy, with one suggesting that “maybe it’s best to blur

people’s faces before annotation” (OS5).

Diverse Use Cases and Stakeholder Benefits. Participants demonstrated diverse needs that could be ful-
filled by FlyMeThrough. Building managers and occupants identified distinct use cases, with several partic-
ipants recognizing potential benefits beyond their own user group.

For Building Managers. Building managers identified numerous practical applications for FlyMeThrough,
ranging from daily operational tasks to strategic space planning and resource management. Our interviews
revealed that FlyMeThrough has strong potential to enhance current mapping practices. One manager high-
lighted how the system could eliminate redundant site visits: “Sometimes I'll go look at a room or space
and then if I don’t take a picture I go back to my office. If I forget then I just have to go back. But it’s nice to
have all the data right here” (M1). This suggests that having comprehensive spatial data readily available
could improve workflow efficiency. The system’s potential for remote inspection was particularly valued
for maintenance operations. M1 explained: “If just saves us from having to go check on things, for exam-
ple, there’s a leak from the roof”. Another specifically highlighted specialized applications: “This would
come in most handy from a facilities perspective if we did the 3D mapping in a mechanical room, where
all the pumps and valves, piping and stuff like that” (M5). These comments suggest that the system could

reduce the need for in-person inspections of routine issues and provide valuable documentation of complex
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mechanical spaces.

Beyond maintenance, managers saw potential for enhancing event planning and coordination. One
manager shared: “All the images I have of the atrium are just me taking pictures with my phone from
different angles. But it could be really helpful to just have this. Then for example, if I have an event coming
in, I could say to them, here’s the space. We could mount lights here on this column and this column” (M1).
Training applications were also identified as valuable use cases. As M3 noted: “If for whatever reason I
cannot meet with somebody for a health and safety training, I could do it virtually with them or for them to
be able to review that space after the safety training as a records” (M3). This points to potential educational

applications beyond basic navigation and space management.

At a more strategic level, managers recognized the system’s potential for space utilization analysis. As
M2 noted: “What'’s the square footage that we’re using for storage versus classrooms versus offices versus
labs? Those are things that are actually important to the university from a sense of when grants go in and
charging rates to grants for infrastructure” (M2). This highlights FlyMeThrough’s potential to support not

only operational decision-making but also financial planning and resource allocation.

For Building Occupants. Building occupants focused primarily on navigation applications. One noted
potential use in large, complex spaces: “For conference, if you go to convention center, it’s super huge.
Also for direction” (02). The same participant highlighted accessibility benefits: “Maybe if I went to a new
country that I don’t speak their language, but I want to go to a museum. I want to see a specific artifacts,
I want to go to a specific section. I can just use this. Not reading anything” (02). This suggests that

visual-based navigation could overcome language barriers in unfamiliar environments.

Essential amenities and safety information were prioritized by occupants: “When I go to a new building,
1 always want to know the emergency exit and also bathrooms and water. Those are the most important thing.
And whether there are elevators or stairs to go to the other place” (05). This emphasizes the importance of

including basic amenities and safety features in the annotation system.

Cross-User Benefits Notably, many participants recognized potential benefits beyond their immediate
needs. One manager articulated how the system could serve multiple stakeholders: “If would be the kind of
space that would actually work really well for people at all level of the department. Grad students could

see their office before they move in. Facilities could get a chance to look at a space without having to spend
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30 minutes getting a car and driving across campus. It could work in group meetings talking about space
allocation, you could pull this up and have a conversation in a meeting space as opposed to having to walk
through it. So everybody that uses the space could find a way to benefit from it” (M2). This perspective
suggests that FlyMeThrough has the potential to serve as a unified spatial information platform that bridges
the needs of different stakeholder groups, from administrators and facilities staff to everyday users and

Visitors.

4.4.5 Discussion and Future Work

In this project, we introduce FlyMeThrough, a drone-based indoor-mapping system that uses commodity
drones to create interactive, POI-enriched 3D maps. A technical evaluation across 12 indoor spaces and
a study with 10 participants demonstrated the system’s feasibility and usability while revealing potential

applications and opportunities for improvement.

4.4.5.1 Application Scenarios

As discussed in the evaluation, FlyMeThrough supports application scenarios in which building managers,
occupants, and first-time visitors inspect indoor spaces. The tool can support navigation, room location,
and identification of features ranging from doors and stairs to electrical panels and automated external
defibrillators. Because its annotations are customizable, users can create different maps for different needs.
The system also represents small, movable, or temporary structures, such as furniture, cargo boxes, and
exhibition installations, that traditional architectural maps often omit. This capability could support event
planning, exhibitions, and furniture logistics. The high-resolution 3D maps may also provide spatial cues
that help people assess accessibility before visiting, although this potential requires evaluation with the

relevant disability communities.

4.4.5.2 End-User Interface

At this stage, we have implemented a web interface (Figure 4.9) to showcase the final 3D map. In future
work, we plan to develop additional interface versions tailored to different user needs. For example, a

navigation interface could better support spatial movement and route planning to specific indoor facilities;
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a facility management interface could focus on accessing and managing building safety information and
equipment; and a mobile interface could support real-time user localization by matching camera feeds with
the 3D indoor map to enable live navigation assistance. We also envision accessibility-focused interfaces
that evaluate and visualize spatial accessibility based on individual user requirements. Informed by our user
study findings and the rich capabilities of our 3D mapping system, there is significant potential to explore a

wide design space for future 3D mapping interfaces.

4.4.5.3 Improving Model Quality and Reconstruction Efficiency

As discussed in the user study and limitations, the current 3D models generated using the commercial
photogrammetry tool MetaShape [Over et al., 2021] still leave room for improvement in terms of quality.
In future work, we aim to explore alternative 3D reconstruction methods that are fully open-source, better

automated, and capable of producing higher-quality 3D maps.

Among the methods evaluated, MAST3R-SLAM [Murai et al., 2024], a SLAM-based approach built on
recent 3D reconstruction foundation models [Wang et al., 2024b; Leroy et al., 2024], has shown promising
results with relatively modest computational requirements. Our current SfM pipeline in MetaShape requires
several hours of computation per scene, whereas MAST3R-SLAM combines feed-forward foundation mod-
els with efficient SLAM processing to complete reconstructions in minutes. Although its reconstruction
quality does not yet match MetaShape, rapid progress in 3D foundation models makes this a promising

direction.

Another promising direction is generative view synthesis [Weber et al., 2025], which enables the syn-
thesis of novel views from captured images. This capability can help enhance reconstruction quality in
areas that are occluded or otherwise inaccessible to the drone, and potentially reduce the extent of capture

required.

We plan to continue exploring these open-source alternatives and will consider transitioning to them as

their performance becomes suitable for our use cases.
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4.4.5.4 Automating Drone Flights

Future work should investigate regular indoor data collection through automated drone flights. Prior work
has explored autonomous path planning for drones in indoor environments [Gao et al., 2023; Li et al.,
2018; Zhang et al., 2024; Maboudi et al., 2023; Gao et al., 2024], providing a foundation for software-level
automation on commodity hardware. Participants reported few concerns about the supervised flights used
in this study, but autonomous collection introduces additional questions about bystander consent, capture
timing, coverage, and obstacle avoidance. No-fly zones and congestion detection could reduce risk, but they

require evaluation before deployment.

4.4.6 Conclusion

In this project, we present FlyMeThrough, a drone-based indoor-mapping system that uses RGB-only
footage and human-Al collaborative annotation to generate POI-enriched 3D maps. We evaluated the sys-
tem across 12 indoor spaces of varying sizes, functions, and layouts. A study with building managers and
occupants found generally positive perceptions of the interface’s usability, while the technical evaluation
established the pipeline’s feasibility and exposed reconstruction and localization failures. Participants also

proposed applications spanning building management, remote inspection, and navigation.

4.5 Frontier Synthesis

This frontier extends spatial perception across places and times that a person cannot inspect directly. RAIS
and FlyMeThrough show that doing so requires more than replacing a person with a mobile sensor. A
useful capture system needs a task model, a coverage strategy, and a representation that preserves functional
meaning. RAIS begins with a specified accessibility rubric and automates the scan needed to evaluate
it. FlyMeThrough begins with a more varied building-management setting and uses human annotation to
determine which facilities should become persistent spatial entities.

Together, the projects reveal a continuum of automation and uncertainty. At one end, the task and
required evidence are sufficiently structured that a robot can execute a largely predefined scan. At the other,

the environment and stakeholder needs are too varied for complete automation, but Al can greatly amplify
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sparse human input. In both cases, the final model is a shared spatial representation rather than a static
copy of the world. It records what the sensing platform could capture, what the task definition or annotator
selected, and what the reconstruction pipeline could reliably localize. Remote users need access to these

provenance and uncertainty boundaries if they are to make responsible decisions from the model.
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Chapter 5

Frontier III: Aligning AI Spatial Reasoning

with Human Needs

5.1 Preamble

The third frontier concerns alignment between an Al system’s spatial grounding and predictions and the
conditions under which a particular person or embodied agent can act. Such alignment requires more than
semantic and topological understanding of the environment. It requires translating physical evidence into

judgments that respect an agent’s capabilities, goals, preferences, and the consequences of being wrong.

This issue matters whenever spatial Al informs action. A description can be factually plausible yet
practically unusable if it assumes the wrong subject condition. In accessibility contexts, treating a generic
standard as a complete account of a person’s needs can erase consequential variation; personalized assess-
ment and shared-control research instead foreground the need to negotiate individual criteria and preserve

the user’s ability to monitor and intervene [Huang et al., 2025; Kamikubo et al., 2025].

Capability-conditioned reasoning is difficult because the relevant evidence is distributed across seman-
tics, scale, topology, and function. A system may need to combine observations from several viewpoints,
estimate a metric relation rather than recognize an object category, and reason about alternatives under
incomplete information. Recent spatial-reasoning benchmarks show that multimodal models remain un-

reliable on multi-view and metric judgments and generalize unevenly from constrained indoor settings to
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dynamic, open-world environments [Yang et al., 2025b; Wu et al., 2026]. Even a correct physical measure-
ment does not determine feasibility without an explicit account of the agent, task, and uncertainty in the
evidence.

In this chapter, we take indoor navigation as a focused test case for this general human-Al spatial align-
ment problem. Navigation requires a system to reason over routes rather than isolated objects, while fea-
sibility can change sharply when a traveler or robot has different constraints. Existing benchmarks com-
monly assume a standard agent or assess arrival under fixed simulator conditions, allowing strong average
performance to conceal failures that emerge only when the same environment is interpreted for different
embodiments. CapNav develops this test case as a capability-conditioned indoor-navigation benchmark.
By holding the environment and task constant while varying the agent profile, it examines whether models

change their spatial judgments when the conditions for action change.

5.2 CapNav: Capability-Conditioned Indoor Navigation

CapNav is a benchmark for evaluating vision-language models on indoor navigation under human and
robotic capability constraints. Each query combines a tour video, a semantic navigation graph, a start-
to-goal task, and one of five capability profiles. Evaluation decomposes performance into feasibility clas-
sification, path validity, route traversability, and reasoning validity. This decomposition makes it possible
to diagnose whether a model recognized that a task was possible, actually produced a legal route, respected

every edge-level constraint, and supplied a valid reason for infeasibility.

5.2.1 Introduction

As vision-language models (VLMs) advance in visual grounding [Shi et al., 2024] and spatial reasoning
[Cheng et al., 2024], they are increasingly used as navigation assistants or planning modules for robots and
assistive systems [Shah and et al., 2023; Zhou et al., 2023; Goetting et al., 2024]. They guide people to
destinations [Li et al., 2025; Goetting et al., 2024] and support robot movement decisions [Huang et al.,
2022] in open-ended scenarios where multiple routes may be valid and feasibility depends on movement
capabilities.

Consider the multistory building shown in Figure 5.2. To travel from the basement foyer to the top floor,
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Figure 5.1: CapNav evaluates capability-conditioned navigation from a tour video, navigation-graph nodes,
an agent profile, and a navigation task. Outputs are assessed for feasibility, path validity, route traversability,
and reasoning validity.
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Figure 5.2: The CapNav benchmark evaluates whether VLMs account for differences in agent mobility
when generating navigation plans. In this example, route feasibility and the appropriate path differ across
agents.
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a wheelchair user must use the elevator, whereas a quadrupedal robot must use the stairs because it cannot
operate the elevator. Similarly, an adult without motor disabilities may pass through a cluttered corridor that
is too narrow for a humanoid robot. Without capability information, a VLM may recommend an infeasible

or unsafe route [Li et al., 2023; Guan et al., 2024].

Such mobility constraints and the plurality of valid navigation solutions remain underexplored in prior
vision-language navigation research. Existing frameworks and benchmarks evaluate embodiment-agnostic
goal achievement in simulated or graph-based environments [Anderson and et al., 2018b; Krantz and et al.,
2020; Wang et al., 2025b; Song et al., 2025] or reduce navigation to simplified VQA-style spatial-reasoning
tasks [Feng et al., 2025; Wu et al., 2025; Yang et al., 2025b; Xu et al., 2025]. Moreover, evaluation pro-
tocols typically measure trajectory fidelity against a single annotated ground-truth path [Jain et al., 2019;
Ilharco and et al., 2019; Anderson and et al., 2018a]. Consequently, these paradigms overlook capability-
conditioned validity and the multiple feasible solutions that characterize real-world navigation. This limita-

tion becomes increasingly consequential as VL.Ms are deployed in embodied-control and assistive scenarios.

We introduce CapNav, a benchmark for VLM navigation validity under varying mobility constraints.
We consider five representative embodiments: adults without motor disabilities, wheelchair users, sweeping
robots, humanoid robots, and quadrupedal robots. We use real-world 3D scans [Chang et al., 2017; Ramakr-
ishnan and et al., 2021] and annotated navigation graphs [Anderson and et al., 2018b; Savva et al., 2019;
Krantz and et al., 2020] to support multiple valid solutions and per-edge traversability analysis. CapNav
takes an agent description, realistic indoor video, key spatial reference nodes, and a navigation task from
A to B. It then evaluates VLM predictions of feasibility, navigation path, and reasoning validity. In total,

CapNav contains 45 scenes, 2,365 navigation tasks, and 5,075 ground-truth traversability annotations.

Using the CapNav benchmark, we evaluated 13 open-source and proprietary VLMs under varying infer-
ence settings. Quantitative and qualitative analyses revealed three major patterns: (1) mobility degradation:
navigation performance decreases when mobility constraints are introduced; (2) visual bottleneck: increas-
ing the visual-input budget does not consistently improve CapNav performance; and (3) dimension neglect:
all tested models struggle to detect nontraversability caused by insufficient spatial clearance, such as narrow

passages or limited turning space.
These results show that substantial progress is still needed before VLM-based navigation can reliably
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support embodiment-specific deployment, particularly in safety-critical scenarios. Current VLM architec-
tures and training paradigms remain limited in their ability to integrate spatial information across multiple
visual frames and perform precise metric reasoning in complex environments. Advancing embodied naviga-
tion therefore requires geometry-grounded reasoning and training objectives that explicitly encode mobility
constraints and metric dimensions.

Our contributions are threefold:

1. The CapNav benchmark. We introduce CAPNAV, a capability-conditioned VLN benchmark that
evaluates VLM navigation in complex indoor environments under mobility constraints across five

representative human and robot embodiments.

2. Comprehensive evaluation of VLMs. We conduct a comparative assessment of 13 state-of-the-
art VLMs on capability-aware feasibility prediction, path validity, route traversability, and reasoning

quality.

3. Guidelines and resources. We analyze the effects of visual-frame budgets, model settings, obsta-
cle types, and failure modes. We also release the videos, tasks, agent profiles, 5,075 traversability

annotations, and an interactive annotation interface for extending CapNav.

5.2.2 The CapNav Benchmark

We introduce capability-conditioned navigation (CapNav), a benchmark for assessing VLMs’ ability to

navigate built environments under specific physical capabilities.

5.2.2.1 Problem Statement

In CapNav, each query instance is defined by a space-task-capability triple (S, T, a) where the space S
is represented by a touring video and a set of key spatial nodes; 7 is a natural-language navigation goal
specifying the source and target locations; and a is an agent profile encoding physical dimensions and

operational abilities. Given (S, 7, a), a vision-language model produces

(yAaP>ﬁ) = f@(SaTaa)a
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where § € {0,1} denotes task feasibility (CAN/CANNOT complete), P = [ug, . . .,vn] is a node sequence

representing the proposed navigation path, and p is a concise rationale explaining infeasibility when 4§ =0.
This formulation enables CapNav to evaluate capability-aware navigation from four complementary

aspects: (i) navigation feasibility, (ii) path validity, (iii) traversability accuracy, and (iv) reasoning quality

for infeasible cases.

3D Indoor Scan

Traversability Annotation Per-task & per-agent

Gemini = Traversability
—
®/ | &
Navigation | — —
—>Graph S % /
!

Figure 5.3: Overview of CapNav data construction. Starting from a 3D indoor scan, we manually record a
touring video and construct a navigation graph. We then use Gemini to generate natural-language navigation
tasks. Finally, we annotate traversability for each task and agent by manually controlling virtual agents in
the annotation interface.

Space. Each space S is a scanned 3D indoor environment comprising multiple interconnected rooms.
We represent its spatial information through a rendered tour video. To ground navigation in language, we
manually create a connectivity graph G = (V, £) whose nodes represent spatial regions (e.g., kitchen, entry

foyer, and hallway) and whose edges represent direct, walkable connections.

Task. A navigation task 7 is a natural-language instruction specifying a movement goal from a source
node to a target node, for example, “From the wooden cabinet in the entrance foyer, go to the desk area in

the master bedroom.” Formally, each goal 7 can be expressed as a directed pair:

T (Usrm dsrc) — (Utgta dtgt)a Vsre, Utgt € V,

where v, and v denote the source and target nodes in V, and ds;. and dg are their corresponding natural-
language descriptions specifying precise starting and ending positions within those nodes, for example,
“at the wooden cabinet in the entrance foyer” and “beside the desk area in the master bedroom.” This
representation captures both the high-level spatial nodes and the finer-grained textual localization needed

for realistic indoor navigation reasoning.
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Agent Profiles. We specify mobility capabilities a with five representative agent profiles covering human
mobility and common robot platforms: adults without motor disabilities, for whom all indoor routes are
assumed achievable; wheelchair users, who cannot use stairs and require clearance for passage and turning;
humanoid robots, which cannot climb stairs and require passage clearance; sweeping robots, which require
a flat floor surface; and quadrupedal robots, which can traverse most indoor spaces but cannot operate doors
or elevators.

Each profile is described by a capability JSON object, a = (¢, k, 1), where ¢ captures the physical
footprint; « captures vertical-traversal limits, including the maximum height of a single traversable obstacle
and whether the agent can climb a flight of stairs; and p captures operational and manipulation abilities.
These attributes affect both edge-level traversability in £ and overall task feasibility for 7. Figure 5.4 shows

examples.

5.2.2.2 Traversability Ground Truth

We manually annotate traversability for each task and agent type. Binary edge-level labels allow multiple
possible routes and provide precise evidence when a route is not traversable. For each navigation task 7 and
embodiment a, annotators review every simple path that connects v, and vtz in G and assign gf(za) € {0,1}
to each edge e on these paths, indicating whether the edge is passable for a given the local geometry and
mobility capabilities. Annotators provide a textual reason for each nontraversable edge, such as “cannot go
up or down stairs.” The annotation interface visualizes 3D colliders that match ¢ and supports manually
controlled movement and turning to verify clearance and maneuvering space (Figure 5.3).

Given these edge-level labels, we define the feasibility ground truth for a task (vgrc, vigt) as the existence
of at least one simple path (an acyclic sequence of distinct nodes) P (vgc, Vigt) in G whose edges are all
traversable:

(a)

y* = H[El P(Usrc, Utgt) ZV(U, U) € P’ g( ,’U)

=1].

5.2.2.3 Dataset

We collected 3D indoor scenes from HM3D [Ramakrishnan and et al., 2021] and Matterport3D [Chang

et al., 2017] and recorded tour videos by manually navigating each space in the Habitat simulator [Savva
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Figure 5.4: Examples of CapNav agent profiles. Left: each profile specifies physical dimensions and
functional capabilities. Right: virtual agents with the specified dimensions are rendered and maneuvered in
the 3D scenes to help verify traversability.
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et al., 2019]. We rendered the videos at 2 FPS from a height of 1.5 m with a 75° field of view to approximate
a casual handheld walkthrough. For each scene, we constructed a navigation graph with a custom annotation
interface. Nodes v € V) have semantic labels ¢(v) and approximate 3D positions, and edges e = (u,v) € €
denote bidirectional, directly walkable connections. We provided each scene’s video and node list to Gemini
2.5 Pro to generate navigation tasks, manually verified each task, and annotated edge-level traversability
for the five embodiments, including reasons for nontraversable cases. After excluding incomplete scenes,
disconnected subspaces, repetitive semantics, and trivial layouts, we retained 45 indoor scenes. Videos had a
mean duration of 160.38 seconds, and scenes had a mean of 13.8 nodes and 14.5 edges. The resulting dataset
contains 2,365 navigation tasks and 5,075 traversability labels, of which 3,945 are positive and 1,130 are

negative. Task feasibility and edge traversability vary across agent types (Table 5.1).

Table 5.1: Ratios of feasible tasks and traversable edges for each agent type.

Agent Type Feasible Task Ratio Traversable Edge Ratio
Adult without motor disabilities 1 1
Wheelchair user 0.48 0.71
Humanoid robot 0.22 0.43
Quadrupedal robot 0.97 0.96
Sweeping robot 0.57 0.79

5.2.2.4 Metrics and Scoring

We evaluate model outputs against ground truth using four complementary metrics, reported both overall
and per-embodiment. Let G = (V, £) be the space graph, let P(vgc, Vigt) denote a simple path in G, and let
E (]5) C & be the ordered edge set of a predicted path P.

(1) Feasibility Classification (Feas-F1). We report the I score for binary feasibility prediction.

(2) Path Validity (PV). A predicted route P = [vo, - - ., U] 1s considered valid if (i) v; € V for all 4, (ii)
(vi,viy1) € € for all 4, (iii) vo = Ve and vy, = Vtgt, and (iv) Pisa simple path (no node repetitions). We
report:

PV =E [H(P S Psimple(vsrm Utgt))} .

87



(3) Route Traversability Accuracy (RTA). Conditioned on y = 1 and a valid ]5, we evaluate the fraction

of edges in P that are actually traversable under embodiment a:

(a)
ZeeE(ﬁ’) e

RTA(P,a) = 5P

where géa) € {0, 1} is the edge-level traversability label. All edges are assigned unit weight so each edge
contributes equally. RTA = 1 indicates a fully traversable route, while lower values quantify partial failures.
This metric serves a role analogous to path-quality measures such as SPL [Anderson and et al., 2018b], but

conditions on embodiment-specific traversability.

(4) Reasoning Validity (RV). For infeasible predictions (§y = 0), the model must (i) return a proposed
route P and (ii) provide a short rationale p explaining the failure. Let R*(P , a) be the set of annotated failure
reasons. We define an LLM-as-judge function Jry that returns 1 if the model’s rationale semantically
matches the annotation and 0 otherwise. We assessed this function by manually validating 300 randomly
sampled VLM rationales. Human and LLM judgments agreed in 89% of cases, supporting the use of this

method for the benchmark. We report RV as the mean of these binary judgments:
RV = E[Jum(p, R*(P.a))].
Composite CapNav Score. We report a composite score that aggregates the above aspects:
CapNav = A.Fy + A\, PV + LRTA + ARV, ) A =1,

where RTA averages over positive predictions and RV averages over negative predictions. We report per-

embodiment scores and a macro-average across embodiments. By default, we set each A to 0.25.

Reference Upper and Lower Bounds. We establish lower and upper reference bounds under the proposed
evaluation metrics. We simulate a random-walk policy on the navigation graph that ignores scene and
agent constraints. This naive baseline achieves a lower-bound score of 29.35%. As an approximate upper

reference, we evaluate four human participants, each of whom completes 20 randomly sampled CapNav
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tasks. The human-reference study was reviewed and approved by the University of Washington Institutional
Review Board (UW IRB; STUDY00024804). Participant CapNav scores range from 48.97% to 74.77%
(mean = 60.59%).

5.2.3 Experiments

Our experiments address three research questions:

1. RQ1: How do SOTA VLMs perform on CAPNAV?

2. RQ2: How does performance vary across models, agent types, and inference settings?

3. RQ3: What failure modes reveal model limitations?

To answer these questions, we evaluate 13 modern VLMs on CAPNAV. We report quantitative results
stratified by model family, agent type, inference setting, and challenge type. We further analyze common

failure cases and consolidate them into a qualitative error taxonomy.

5.2.3.1 Settings

We evaluated 13 VLMs in November 2025, spanning proprietary and open-source models with strong mul-
timodal capabilities, including the Gemini 2.5 family, GPT-4.1, GPT-5 Pro, Doubao-Seed, and Qwen3-VL.
For models with a thinking option, we tested both thinking and nonthinking configurations. We also in-
cluded Spatial-MLLM [Wu et al., 2025] and Video-R1 [Feng et al., 2025], which explicitly target spatial
reasoning. We accessed proprietary models through APIs and deployed open-source models on either one
NVIDIA A100 GPU with 80 GB of memory or one A40 GPU with 48 GB of memory.

At inference time, each model received CAPNAV tasks as a triple (S, 7, a) (Section 5.2.2.1). A practical
limitation of current VLM interfaces is the maximum number of visual tokens or frames accepted in a
request. To study this constraint, we evaluated up to four input settings for each model, subject to its
interface limits: 16, 32, and 64 total frames per clip, and a 1 FPS setting with a mean of 163 frames per

video.
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5.2.3.2 Performance

We compare model outputs with the ground-truth navigation graph to compute overall and per-agent perfor-
mance. Table 5.2 summarizes performance across all models under both thinking and nonthinking settings.

When a model was evaluated with multiple frame settings, the table reports its best value for each metric.

Table 5.2: CapNav performance across 13 VLMs. Each value is the best performance across all frame
settings tested for that model. The left block reports task metrics (Feas-F1, PV, RTA, RV, and CapNav).
The right block reports composite scores for five agent types: adults without motor disabilities, humanoid
robots, quadrupedal robots, sweeping robots, and wheelchair users. Bold indicates the best value in each
block. Blue indicates open-source models, green indicates proprietary models, and orange indicates models
designed for spatial reasoning. N/A indicates that the model did not produce a valid value for the metric.

Model Feas-F1 PV RTA RV  CapNav ‘ HUMAN HUMANOID QUAD SWEEP WHEEL
Non-thinking mode

Intern-VL3.5-8B [Zhu et al., 2025] 73.65 2653 39.54 27.17 41.72 53.89 35.61 51.92 51.36 49.43
Intern-VL3.5-14B [Zhu et al., 2025] 75.68 3582 50.21 25.18 46.72 50.43 42.98 47.69 44.66 47.38
Keye-VL-1.5-8B [Yang et al., 2025a] 77.63 30.84 4396 36.70  47.28 58.64 53.44 54.37 62.17 60.11
MiMo-VL-7B-RL-2508 [Team et al., 2025a] ~ 57.31  43.61 60.08 29.35  47.59 46.61 38.96 45.38 41.46 50.85
Qwen3-VL-8B-Instruct [Team, 2025] 78.92 4339 5356 47.89 5594 54.20 38.18 50.91 57.50 53.21
GPT-4.1 [OpenAl, 2025a] 7590  49.00 65.51 3286  55.82 73.49 40.35 49.74 57.70 56.24
Doubao-Seed-1.6 [Seed, 2025] 80.26  60.00 71.92 3547 6191 65.18 47.23 59.49 60.65 60.82
Thinking mode

Spatial- MLLM-4B [Wu et al., 2025] 75.27 504 10.16 N/A 30.15 35.87 14.86 29.48 25.78 22.69
Video-R1-7B [Feng et al., 2025] 7457 2550 44.66 4.82 37.39 43.62 26.35 41.66 32.17 31.82
Keye-VL-1.5-8B [Yang et al., 2025a] 73.07 41.61 4854 38.67 5047 51.05 30.99 47.59 46.52 45.98
GLM-4.1V-9B [Team et al., 2025b] 73.81  40.12 5543 33.12  50.62 50.90 33.19 46.01 45.47 42.46
Intern-VL3.5-14B [Zhu et al., 2025] 78.48 4296 57.90 2497  51.08 50.21 39.93 51.13 46.27 47.67
Intern-VL3.5-8B [Zhu et al., 2025] 79.55 4374 55.10 36.50  53.72 51.23 35.34 51.61 53.74 50.05
MiMo-VL-7B-RL-2508 [Team et al., 2025a]  65.10  59.62 65.00 35.33  56.26 46.61 38.96 45.38 41.46 50.85
Doubao-Seed-1.6 [Seed, 2025] 76.16 6194 7193 3844  62.12 60.31 46.20 58.05 61.02 63.35
Gemini-2.5-flash [Comanici et al., 2025] 84.16  65.12 68.96 38.04 64.07 79.95 40.21 59.15 63.07 59.46
GPT-5-pro [OpenAl, 2025b] 86.87 6790 7589 3481 @ 66.37 82.85 46.95 61.74 70.58 64.78
Gemini-2.5-pro [Comanici et al., 2025] 8430  73.00 79.15 3229 67.18 85.96 54.47 61.21 70.87 65.51

All evaluated models outperform the random-walk baseline (CapNav = 29.35%). The strongest perfor-
mance is achieved by proprietary models (notably the Gemini-2.5 family and GPT-5-pro), which exceed the
human average (CapNav = 60.59%) but remain below the best human performance (CapNav = 74.77%).
Overall, results show a clear separation between top-tier models and the remainder.

Models explicitly designed for spatial reasoning (Spatial-MLLM and Video-R1-7B) perform substan-
tially worse across all metrics, despite claims of strong spatial performance. This indicates that their spatial
reasoning training schemes and architectural modifications are not yet sufficient to address the challenges

posed by CAPNAV.

We also test the sensitivity of rankings to the CapNav score composition. In addition to equal weight-
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ing, we evaluate four alternative schemes that assign weight 0.5 to one component and 1/6 to each of the
remaining components. Kendall’s 7 between rankings across these schemes averages 0.909, suggesting that

conclusions are largely robust to moderate weight changes.

5.2.3.3 Failure-Mode Taxonomy

To characterize systematic errors, we used Gemini 3 to identify recurring themes in 1,000 randomly sampled
inference outputs and manually refined these themes into a four-category taxonomy. We then inspected VLM
predictions for 1,500 sampled question-answer pairs to estimate the prevalence and distribution of each error
type.

Path hallucination: (N=659) The predicted path links nonadjacent nodes or violates the specified start or
end, indicating incorrect reasoning about scene connectivity.

Obstacle hallucination: (N=418) The model reports nonexistent blocking obstacles, such as closed doors
or clutter, suggesting an unreliable interpretation of visual evidence.

Dimension neglect: (N=191) The model overlooks geometric constraints that block the agent, such as
narrow doors, tight clearances, or cluttered passages, reflecting weak grounding between spatial extent and
traversability.

Ability hallucination: (N=10) The model’s reasoning contradicts the provided agent profile. We observed

this failure in smaller open-source models, such as MiMo-VL 7B.

5.2.3.4 Physical Obstacle Types

We observe four major types of physical obstacles in the ground truth: stairs (N=520), which block hu-
manoid robots, sweeping robots, and wheelchair users; door sills or floor-height differences (N=82), which
block wheelchair users and sweeping robots; narrow pathways (N=438), usually caused by narrow doors or
furniture clutter, which can restrict humanoid robots and wheelchair users; and insufficient turning space
(N=28), which restricts wheelchair users and, in rare cases, quadrupedal robots. For navigation tasks la-
beled nontraversable because of one or more of these obstacles, we evaluate how often VLMs both predict

infeasibility correctly and provide an appropriate reason. Figure 5.5 shows the results.
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Figure 5.5: Model accuracy by obstacle type.
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5.2.4 Findings

Drawing on both quantitative results and qualitative inspection of model outputs, we distill three primary
findings. Collectively, they indicate that current VLM navigation remains brittle under capability constraints,

visually demanding inputs, and geometry-sensitive traversability judgments.

5.2.4.1 Capability Constraints Induce Systematic Performance Degradation

Across all tested models, performance is highest under the baseline embodiment without mobility limitations
(adults without mobility constraints; mean CAPNAV score = 57.83%). As constraints tighten, performance
degrades. The largest gap appears for the humanoid embodiment due to (i) its inability to climb stairs and
(i1) a minimum pathway clearance requirement of 0.9 m; this configuration attains the lowest average score
(mean = 39.12%).

This pattern highlights systematic deficits and imbalances in VLM-based navigation under mobility
constraints. Strong performance in baseline settings does not translate to capability-constrained scenarios;
hence, targeted evaluation is essential before deployment in safety-critical navigation.

The five agent types supported in CAPNAV provide controlled examples of human and robotic mobility
profiles. Practitioners can use the closest profile as an initial reference, but should not assume that it cap-
tures an individual person or a substantially different robot. To support evaluation beyond these profiles,
we release our annotation interface and data-curation pipeline so that researchers can define new agent pro-
files. These resources facilitate capability-aware evaluation for additional hardware platforms and mobility

conditions.

5.2.4.2 Increasing the Visual Budget Helps but Exposes a Bottleneck

Across nine paired inference experiments with and without thinking mode, enabling thinking mode improves
the CAPNAV score by 6.87 percentage points on average. This gain carries a substantial computational cost:
mean inference time increases more than eightfold, from 14.94 s to 123.94 s.

Across frame settings, latency remains stable, but higher frame counts increase GPU-memory and API
costs. Performance improves unevenly with more frames, tending to improve more for stronger models,

notably Gemini, and negligibly for weaker models (Figure 5.6). This pattern reveals a visual bottleneck:
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additional evidence helps only when the model can reliably integrate it.

Qualitative inspection suggests two explanations. First, a 64-frame input is already computationally de-
manding for most open-source models, yet remains sparse relative to a large scene and requires cross-frame
reasoning that weaker models lack. Second, additional viewpoints can increase obstacle hallucinations:
models may interpret salient but nonblocking cues as traversal barriers, echoing prior observations about
limitations in VLMSs’ nonlocal reasoning [Berman and Deng, 2025].

These results imply a cost-benefit frontier rather than a monotonic more-is-better rule. For CAPNAV-
like VLN tasks, increasing the inference budget can improve performance, but the return depends on model

capacity and may trade off against latency, cost, and error modes.
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Figure 5.6: CapNav performance across visual-frame-budget settings.

5.2.4.3 Dimension Neglect

In the obstacle-type analysis shown in Figure 5.5, all tested models perform markedly better on obstacles
with salient visual signatures, such as stairs and door sills, than on constraints that require implicit metric

estimation, such as narrow clearances and turning radii. These failures indicate a recurring form of dimen-
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sion neglect: traversability decisions that depend on estimating size, clearance, or maneuvering space from
images remain challenging for all tested VLMs.

To probe whether these deficits are learnable, we ran a pilot fine-tuning experiment. We augmented
the CapNav dataset using the navigation graph to expand the task count from 2,000 to 13,000, then fine-
tuned Qwen3-VL-8B-Instruct with LoRA. After one training epoch, the test score improved from 45.26% to
55.18%, and the fine-tuned model produced more dimension-aware reasoning. However, reasoning validity
decreased (0.30 — 0.25), and we observed frequent false positives on narrow passages, incorrectly flagging
feasible routes as blocked.

These outcomes suggest that fine-tuning can reduce dimension neglect but does not fully resolve ge-
ometric imprecision and may shift the error profile toward overly aggressive obstacle judgments. Future
methods must jointly improve obstacle sensitivity, metric reasoning, and calibration. We plan to explore
reinforcement-learning-based tuning with task-level rewards under embodiment constraints and to inject
spatial information, such as depth estimates, topological priors, or map-like intermediate representations, to

improve metric judgments.

5.2.5 Discussion

We discuss the implications of our findings, outline practical guidelines for applying VLMs to CapNav, and

propose directions for future work.

5.2.5.1 Summary of Key Findings

Our evaluation reveals substantial performance disparities across model families, agent embodiments, ob-
stacle types, and input configurations. Proprietary models, particularly Gemini 2.5 Pro, GPT-5 Pro, and
Doubao-Seed, form the top tier across nearly all metrics. Open-source VLMs, including models explicitly
designed for spatial reasoning, perform substantially worse.

Performance improves with larger model sizes, thinking-mode inference, and larger visual-frame bud-
gets, indicating that both representational capacity and intermediate reasoning can benefit CapNav. How-
ever, these gains carry higher computational costs and latency, complicating deployment in robotics systems

that must operate in real time or with limited resources. The magnitude of improvement also varies across
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model families, highlighting the need to validate each model rather than assume uniform benefits.

A central finding is the consistent degradation of performance when an agent’s mobility constraints differ
from the baseline profile of an adult without motor disabilities. Even state-of-the-art models that perform
strongly under the baseline setting struggle with constraints associated with humanoid robots, sweeping
robots, and wheelchair users. This result illustrates a critical limitation of applying general-purpose VLMs
to specialized embodiments: strong performance in a comparatively unconstrained setting does not transfer
reliably to capability-constrained scenarios. Targeted evaluation is therefore essential before deployment in
safety-critical applications.

Our obstacle-type analysis further shows that VLMs remain unreliable on tasks that require metric rea-
soning, such as assessing doorway clearance or turning radii. They struggle to derive fine-grained geometric
judgments from visual tokens. Consequently, even the strongest models do not yet provide dependable
traversability assessments for agents with specific clearance requirements.

Taken together, these findings call for better metric reasoning, more effective use of long-horizon visual
inputs, and architectures that robustly integrate geometric scene information. Current multimodal models

do not yet support these capabilities reliably.

5.2.5.2 Extending Evaluation to New Capability Profiles

The five agent types in CAPNAV are controlled abstractions of selected human and robotic mobility profiles.
Practitioners may use the closest profile as an initial point of comparison, but performance on that profile
does not establish performance for a person or robot with different capabilities.

For embodiments that differ substantially, such as robots with unusual locomotion modes or devices
with atypical clearance or actuation constraints, CAPNAV’s open-source annotation interface and data-
curation pipeline allow researchers to define new profiles and extend the benchmark. This process supports

capability-aware evaluation for additional hardware platforms and mobility conditions.

5.2.5.3 Further Use of the CAPNAV Dataset

Beyond benchmarking, CAPNAV provides a valuable resource for improving VLMs’ spatial reasoning. Its

combination of video tours, structured traversability graphs, and capability-conditioned QA pairs enables
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several research directions:
* Fine-tuning or instruction-tuning VLMs for embodied navigation and spatial understanding.
* Augmenting pretraining corpora with explicit geometric and capability-aware supervision.

* Programmatically generating new navigation QA tasks using the graph structure to increase training

coverage.

* Developing hybrid reasoning pipelines that combine VLM perception with geometric or classical

planning modules.

These avenues can help narrow the gap toward capability-aware navigation and support VLMs that

reason more reliably about embodiment-specific mobility constraints in real-world spaces.

5.2.6 Conclusion

We present CAPNAV, a benchmark that systematically evaluates capability-conditioned navigation across
human and robotic embodiments, realistic mobility obstacles, and graph-structured indoor environments.
Our evaluation of 13 state-of-the-art VLMs reveals three consistent patterns. First, performance degrades
as mobility constraints increase, indicating that strong results for the baseline adult profile do not trans-
fer reliably to other embodiments. Second, increasing the inference budget through additional frames or
thinking mode yields inconsistent gains and exposes a visual-integration bottleneck. Third, models exhibit
dimension neglect when navigation depends on narrow clearances, turning radii, or other metric constraints.
A pilot fine-tuning study suggests that these deficits are partially learnable, but can introduce false-positive
obstacle judgments. We release the CAPNAV dataset and annotation tool to support more reliable capability-

conditioned navigation research.

5.3 Frontier Synthesis

CapNav shows that spatial alignment cannot be inferred from generic navigation performance. The same
environment and destination can yield different feasible routes for different embodiments, yet models perfor-

mance degrade when a task requires them to integrate capability constraints with topology, metric clearance,

97



turning space, and evidence distributed across views. Errors also occur at distinct levels: a model may mis-
classify feasibility, propose an invalid path, overlook an untraversable spatial detail, or give an explanation
that does not match the physical obstruction.

The benchmark makes this alignment problem inspectable. Capability profiles state assumptions about
an agent; navigation graphs expose route structure; edge annotations identify where a capability and en-
vironment conflict; and decomposed metrics prevent a plausible final answer from concealing an invalid
path or capability violation. At the same time, the five profiles remain controlled abstractions rather than
complete descriptions of lived mobility or robotic operation. CapNav therefore supports diagnosis of model
sensitivity to specified constraints, not a claim that any one profile fully represents the people or machines
named by it.

For human-Al symbiotic spatial perception, the central lesson is that a spatial judgment must answer
not only what is present? or where is the goal?, but also for whom is this action possible, under which as-
sumptions, and on what evidence? Frontier III contributes an evaluation scaffold for making those questions

explicit before a model is entrusted with consequential guidance.
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Chapter 6

Frontier IV: Human-Centered Spatial

Representation and Interaction

6.1 Preamble

The fourth frontier concerns the representational interface between human and machine spatial understand-
ing. People form spatial knowledge through embodied movement, visual depth cues, sound, objects, sur-
faces, landmarks, and mediated forms such as maps and video. Al systems, in contrast, operate through
language, images, videos, maps, point clouds, meshes, scene graphs, coordinates, learned features, and gen-
erated media. These representations overlap, but they differ in what they make easy to express, inspect,
compare, and change. Human-AI symbiotic spatial perception requires a shared representation that is both

computationally useful and intuitively perceivable and actionable.

Language has become a convenient bridge in human-Al collaboration, but it is an incomplete one for
spatial work. Text prompts can state a broad range of goals, yet they often underspecify nuanced intent con-
cerning scale, position, timing, orientation, depth, and object relationships. As a result, users of generative
Al tools can become trapped in iterative prompt refinement: each new prompt repairs one inferred detail
while introducing another ambiguity.

Recent HCI research points toward richer alternatives. A recent review documents the growing use

of direct-manipulation methods alongside language in generative image tools [Park et al., 2026]. InterChat
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shows how direct manipulation of visual elements can complement natural-language instructions when users
need to communicate complex visual-analytic intent [Chen et al., 2025]. In spatial and mixed-reality au-
thoring, Reality Proxy, Brickify, and ImaginateAR similarly use manipulable objects, design tokens, or
in-situ interaction to make intent more concrete and revisable [Liu et al., 2025; Shi et al., 2025; Lee et al.,
2025]. These systems do not eliminate language; rather, they give language an appropriate partner when the

intended relation can be pointed to, heard, positioned, or directly adjusted.

Creative spatial tasks make the need for such a partner especially clear. A creator may know that a sound
should fit a particular physical interaction, or that a design element should sit behind a subject and follow
the geometry of a scene, without being able to specify every relation in prose. Conventional authoring
tools can offer precision, but often by exposing implementation details and imposing a steep learning curve.
Generative Al can reduce this technical burden only if it also exposes meaningful handles through which

people can express preferences, assess the inferred structure, and retain control over the result.

The projects in this chapter investigate two complementary forms of this shared surface. SonifyAR
considers how sensed spatial context can be translated into an auditory output that people assess in situ.
DepthScape considers how Al-inferred depth and semantics can become direct-manipulation handles for
visual authoring. Together, they develop the final frontier of the thesis: representations that make Al spatial

inference perceptible, expressive, and open to human revision.

6.2 SonifyAR: Context-Aware Sound Generation in Augmented Reality

SonifyAR investigates sound as a human-centered representation of spatial events in augmented reality. An
AR sound depends not only on an action label such as tapping or sliding, but also on who or what caused the
event, which virtual object participated, which physical surface or scene received the action, and how those
entities should sound together. SonifyAR formalizes this context as a triad of user, virtuality, and reality,
textualizes event relationships, and uses an Al controller to recommend, retrieve, generate, or transform

sound assets.
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Figure 6.1: SonifyAR observes an AR event and its user, virtual-object, and physical-scene context, then

recommends, retrieves, generates, or transforms a matching sound that can be tested in situ.

6.2.1 Introduction

Sound is a critical but often overlooked element in augmented reality (AR). AR sound can improve immer-
sion and overall user experience [Roginska and Geluso, 2017]; support depth perception, task completion
[Zhou et al., 2007], search, and navigation [Ruminiski, 2015]; and assist people with low vision [Ribeiro
et al., 2012b]. Despite its importance, current AR authoring platforms such as Reality Composer [Apple,
Accessed September 11, 2023], Adobe Aero [Adobe, Accessed September 11, 2023], and Unity Mars [Unity
Technologies, 2023] provide only rudimentary sound support. We identified three critical gaps in existing

AR authoring tools:

1. Limited real-world context. Existing systems typically support action triggers linked to virtual ob-

jects but lack real-world contextual information, such as the surface traversed by a virtual toy robot.

2. Limited interaction specification. Existing systems provide only predefined interaction triggers
such as “Tap” and “Proximity Enter.” This limits a creator’s ability to specify interactions outside the
provided options, particularly those involving environmental context, such as sliding virtual chalk on

a real-world blackboard.

3. Limited sound sources. Existing systems are limited by the sound assets in their libraries and the
scarcity of suitable online resources. As a result, AR authors struggle to find sounds for distinct AR
events, such as a virtual dragonfly’s wing flutter or a virtual dinosaur eating.

To address these challenges, we present SonifyAR, a context-aware AR sound-authoring system that
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uses GPT-4 [OpenAl, 2024] and the text-to-audio diffusion model AudioLDM [Liu et al., 2023]. SonifyAR

makes three key technical contributions:

First, SonifyAR uses programming by demonstration (PbD) [Lau and Weld, 1998] to simplify the spec-
ification of complex AR interactions. The PbD pipeline lets users demonstrate interactions while the system
detects the action and collects its context. For example, a creator who wants to sonify a walking robot can
place it on a physical surface. As the robot walks, SonifyAR captures the collisions between its feet and the

surface, together with information such as the robot’s attributes and the surface material.

Second, SonifyAR represents context as text. Text provides a common representation for AR informa-
tion drawn from multiple sources, including user actions, virtual objects, and the physical environment, and
from multiple formats, including categorical data, 3D shapes, and images. The system generates an LLM
prompt with the following template: “This event is [Event Type], caused by [Source], and acts on [Target

Object]. [Additional Information on Involved Entities].”

Finally, SonifyAR supports LLM-based sound acquisition. It integrates four methods, recommendation,
retrieval, generation, and transfer, under the control of an LLM. For each AR interaction, the LLM receives

the textual context and returns commands that invoke these methods to provide matching sound assets.

To author AR sound with SonifyAR, a creator initiates AR interactions and the system automatically lists
context-matched sound options. For example, a creator may want a virtual teacup to chime appropriately
while sliding across a table (Figure 6.1). In a traditional workflow, the creator would manually specify the
sliding action and locate a sound asset for the ceramic cup. With SonifyAR, the creator demonstrates the

action and then chooses from automatically generated sound options.

To explore SonifyAR’s potential, we conducted a qualitative user study with eight designers and de-
veloped five application scenarios ranging from AR education to headset safety. The user study examined
the prototype’s usability and participants’ reactions, identifying both perceived benefits and opportunities to
improve sound quality and interface design. The application scenarios illustrate how automatically acquired
sounds could be incorporated into varied AR experiences that would otherwise require substantial manual

effort.

Our work makes three primary contributions: (1) a design space for AR sound-authoring tools that

highlights gaps in existing systems; (2) SonifyAR, a context-aware sound-authoring pipeline that incorpo-
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rates sensed environmental cues such as surface material, virtual-object semantics, and user actions; and
(3) findings from a user study with eight designers and five application examples that characterize Sonif-
yAR’s potential and current limitations. To our knowledge, SonifyAR is the first system to offer automatic,

in-context sound authoring for AR.

6.2.2 The Design of SonifyAR

Three research questions guided the design of a sound-authoring system that generates sounds matched to

AR interactions:

* What are the target AR interactions that should produce sound effects?

* How can we efficiently acquire sound assets for these AR interactions?

* How can these AR interactions be specified and represented in the authoring process?

This section develops each question and the corresponding design rationale.

6.2.2.1 The Triad of User, Virtuality, and Reality

We began by examining the design space of sounds for AR interactions. Drawing on Jain et al.’s [Jain et al.,
2021] sound taxonomy for VR, we conducted a similar analysis for AR. We examined several widely used
code-free AR authoring tools, including Adobe Aero [Adobe, Accessed September 11, 2023], Apple Reality
Composer [Apple, Accessed September 11, 2023], and Halo AR [hal]. These tools support sounds related
to virtual-content interactions or spatial anchors, such as playing a sound when a user approaches a location,
scans a QR code, or taps a virtual model.

The literature on AR sound [Dam et al., 2024; Rakkolainen et al., 2021; Filus and Rambli, 2012], how-
ever, envisions a much broader scope. Rakkolainen et al. [Rakkolainen et al., 2021] classified AR audio into
five classes: ambient, directional, musical, speech, and noise. Dam et al.’s [Dam et al., 2024] taxonomy of
audio augmented reality (AAR) classifies AR sound as environment-connected, goal-directed, and context-
adapted, as well as at the intersections of these categories. This taxonomy emphasizes that AR sound is

often rooted in physical context and user intention.
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Drawing on this prior work, we introduce an AR sound design space that emphasizes the sonic interplay
among three elements of an AR experience: reality, the physical environment that hosts the experience;
virtuality, the virtual objects placed in the experience; and the user, the person interacting with it. Be-
low, we describe each element and indicate its level of support in existing code-free AR sound-authoring
tools [Adobe, Accessed September 11, 2023; Apple, Accessed September 11, 2023; hal].

SonifyAR’s target AR sound design space

Current

J)‘i

s/ =\

—)

K
Virtuality nﬂ 1 O Reality

Virtuality-Reality m

I Virtual AR objects [ Real world surfaces JyUser AR sound

Well supported by existing Partially supported by existing Not well supported by existing
E|S tools and SonifyAR tools, well supported by SonifyAR tools, well supported by SonifyAR

Figure 6.2: Sound-producing opportunities in the triad of User, Virtuality, and Reality.

Virtuality (partially supported). Virtuality refers to sounds that accompany AR events involving only
virtual objects. A sound could correspond to an object’s change of state (e.g., a notification when a virtual
object appears), an animated behavior (e.g., the mechanical noise of a virtual dinosaur roaring), or an inter-
action between virtual objects (e.g., two virtual balls clacking when they collide). Current authoring tools
support state changes and animations as sound triggers but do not support sounds for interactions between
virtual objects.

User-Virtuality (well supported). User-Virtuality refers to sounds that respond to users’ actions on
virtual objects, such as a virtual dog barking when a user taps or approaches it. All the AR creation tools we
examined support user-initiated triggers such as “Tap” and “Proximity Enter.”

User-Reality (not well supported). User-Reality refers to sounds that accompany a user’s interaction

with the physical environment through an AR device, such as a material-appropriate sound when the user

104



taps a physical table through a phone screen. None of the AR authoring tools we examined supports User-

Reality actions as triggers.

Virtuality-Reality (not well supported). Virtuality-Reality denotes sounds produced when virtual ob-
jects interact with the physical environment, such as a virtual robot stomping on a glass surface. Although
some systems support physics simulations between virtual models and physical surfaces, the authoring tools

we examined do not expose these interactions as sound triggers.

User-Virtuality-Reality (nor well supported). User-Virtuality-Reality refers to sounds that accompany
user actions involving both virtual and physical elements, such as material-aware sliding sounds when a user
moves a virtual scraper across a wooden table, painted wall, or glass window. None of the authoring tools

we examined supports specification of this complex interaction.

Other Categories. We exclude the Reality and User domains because our interest lies in events for
which an AR system, such as a smartphone or headset, generates sound. Sounds produced naturally by a
user or the physical environment, such as a person knocking on a wooden table, are therefore outside this

discussion.

As illustrated in Figure 6.2, the AR authoring tools we examined do not support many parts of this

design space, particularly those involving Reality. SonifyAR aims to address this gap.

6.2.2.2 Acquisition of AR Sound

The design space also highlights limits in existing sound-acquisition methods. A mechanical sound for
a virtual robot can be readily sourced from local or online databases. More specific sounds, such as a
virtual steel ball striking a physical concrete wall or a virtual racecar landing in a backyard pool, require
physical-world understanding and material awareness. The possible effects are nearly infinite, so text-to-
sound generation is useful in these cases. Conversely, highly recognizable sounds, such as a dog bark,
remain difficult for current generative models and can yield noisy or unsatisfactory outputs. The diversity
of creator needs and the tradeoffs among acquisition methods suggest that a combination of generation and

retrieval could provide a practical solution.
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6.2.2.3 Event Representation

Combining generation and retrieval raises the question of how to orchestrate these sound-acquisition meth-
ods from a common representation. While visual formats such as images [Sheffer and Adi, 2023] and videos
[Zhou et al., 2018; Ghose and Prevost, 2022] are widely used as inputs to sound-generation models, they
do not fully capture AR context, particularly user actions. We therefore use text as a universal representa-
tion for sound acquisition. Text can precisely convey the context and event specifics, for example, “User
slides a ceramic cup on a wooden surface.” Because AR experiences run on hardware-software systems with
multimodal sensors, including cameras, IMUs, and GPS, the system can monitor and summarize events as
descriptive text. Recent work such as HuggingGPT [Shen et al., 2023], which uses an LLM to control Al

tasks, also demonstrates the practicality of LLMs as controllers for sound generation.

6.2.3 SonifyAR Implementation

AR Event —— Context Info — Text Template —;

This sound event is LLM-controlled

[ Sound Acquisition T Sound Assets

Selection Panel
Virtual model Event

Description
Which is

A toy robot made of metal

This event is casted on E@(Q\' SE‘E.]

A wooden plane

(of][[:88 Caused by

Event type Subject

|

Figure 6.3: Overview of the SonifyAR pipeline. The system monitors and logs AR-event context, including
the event type, participating virtual and real-world entities, and their attributes such as material. It compiles
this information into a text template, which an LLM controller processes to acquire sound assets. The
resulting options are presented in a selection panel.

Building on the design space above, we introduce SonifyAR, a PbD sound-authoring framework that
uses context recognition and generative Al to create context-sensitive sounds for AR interactions (Fig-
ure 6.3). SonifyAR has three primary components: (1) event textualization, which recognizes a user ac-
tion as an AR event and transforms its context into a textual description; (2) sound acquisition, an LLM-

controlled process that uses four methods to produce context-matched sound effects; and (3) a user interface
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through which creators experience the AR scene and view, modify, and test sounds associated with detected

events.

6.2.3.1 Event Textualization

In SonifyAR, we use a PbD authoring framework to capture potential sound-producing AR events and
compile their context into text. When users interact with the AR space, SonifyAR captures AR events that
can produce sound feedback. We define an AR event as a user action and its subsequent result, such as when
a user taps a virtual object to trigger its animation. Each event is represented by an event type, action source,

and action target. Information about participating virtual objects and real-world planes is also included in

the context. The resulting event data is transformed into text with a template.

Tap Virtual Model

Caused by

The event is casted on

a Ceramic Tea Cup

Figure 6.4: SonifyAR’s event textualization. Left: a user taps a virtual cup through the SonifyAR interface.
Right: SonifyAR’s PbD framework extracts a textual representation of the event context.

Event Types. To support a broad range of AR sound interactions, we implemented six event types:

p—

. Tap real-world structure: a user taps a real-world structure through the AR interface.
2. Slide: a user holds a virtual object and slides it on a real-world surface.

3. Collide: a virtual object collides with another virtual object or a physical surface. We implement a

specialized collision-detection mechanism, described in subsubsection 6.2.3.4.
4. Appear: a virtual object appears in the AR experience.

5. Tap virtual object: a user taps a virtual object through the AR interface.
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6. Play animation: a virtual object plays an animation.

Scene Context Understanding. SonifyAR uses ARKit’s plane-detection functionality [Apple, 2023a,b] to
assess the surrounding environment. Because many AR experiences are anchored to planes, detected-plane
information provides important context. We enrich this information with the Dense Material Segmentation
model [Upchurch and Niu, 2022], which segments the scene and identifies plane materials (Figure 6.3).
These labels help SonifyAR produce material-specific sound effects when an AR event involves a plane.
We currently support six materials: wood, carpet, concrete, paper, metal, and glass. Surfaces outside these

categories are labeled unknown surface.

Virtual Object Understanding. Virtual-object semantics are also important for sound generation. To
align sound assets with an object’s material and state, we collect text descriptions of each virtual object
(e.g., “This model is a toy robot made of metal.”) and its animations (e.g., “A toy robot walks.”). The asset
creator can provide these descriptions, or SonifyAR can prompt the user to add relevant details. An event

involving the object or its animation incorporates the corresponding descriptions.

Event-to-Text. To aggregate the multi-source context described above, we use a simple template for the
LLM-based backend: “This event is [Event Type], caused by [Source], and acts on [Target Object]. [Addi-
tional Information on Involved Entities].” Event Type identifies the event; Source identifies its subject, which
may be the user or a virtual object; and Target Object identifies the object acted on, such as a tapped plane
or a played animation. Additional Information on Involved Entities contains details that further describe the
source, event, and target, including material descriptions and animation details. We leave the corresponding
entity field blank when events are missing a target object or additional information.

During user interactions, the system monitors and logs events in the AR space. It retrieves the associated

context and fills the template to create a description of the interaction.

6.2.3.2 Sound Acquisition

Sonify AR uses GPT-4 [OpenAl, 2024] to retrieve or generate context-matched sound assets for an AR event.

Inspired by HuggingGPT [Shen et al., 2023] and Visual ChatGPT [Wu et al., 2023], we use the LLM as a
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Figure 6.5: SonifyAR’s sound acquisition pipeline.
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controller for multiple sound-authoring methods. The LLM takes an event description as input and returns
commands for sound acquisition (Figure 6.5). We support four methods: local recommendation, online
retrieval, text-to-sound generation, and text-guided sound transfer. These processes operate concurrently in

the backend to preserve an uninterrupted AR experience.

Local Recommendation. The LLM can recommend sound assets stored in a local database based on the
event description. As in other AR authoring tools, we draw sound effects from the Adobe Audition library
[Adobe, 2023]; each has a descriptive filename, such as “Crash Aluminum Tray Bang” or “Liquid Mud
Suction.” We provide the complete catalog of filenames to the LLLM, which recommends five sounds based
on the event context. It returns each selection in the format methodlrecommend: FILENAME, where
FILENAME is replaced by the actual filename. SonifyAR parses the response and adds the highest-ranked

sound to the options for that event. Users can long-press the option to reveal the other recommendations.

Online Retrieval. We extend retrieval with the online sound-asset database Freesound [fre]. Its API
returns a ranked list of sound effects for a query. The LLM condenses the event description and returns the
query in the format method2retrieval :PROMPT, with PROMPT replaced by the search terms. The
Freesound API returns results as JSON strings. SonifyAR downloads the five highest-ranked matches and

presents them as sound options.

Sound Generation. Beyond recommendation and retrieval, we generate custom sound effects with the
audio-diffusion model AudioLDM [Liu et al., 2023]. We ask the LLM to compress the event description
into a generation prompt in the format method3generation:PROMPT, where PROMPT is replaced with
the generation prompt. Upon receiving this command, SonifyAR sends the prompt to AudioLDM to request

text-to-sound generation. The generated sounds are then shown in the Ul as options.

Sound-Style Transfer. In addition to text-to-audio generation, AudioLDM can perform text-based
sound-style transfer. For events such as tapping, sliding, or colliding, SonifyAR uses a default sound effect
rather than generating one from scratch and applies a text prompt provided by the LLM, for example, to
transform a generic tap into a tap on glass. This approach preserves the input sound’s length and rhythm,
allowing it to remain well timed with the action. SonifyAR also offers text-based style transfer for users

who wish to further modify a provided sound asset.
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6.2.3.3 User Interface
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Figure 6.6: SonifyAR’s authoring interface. Left: SonifyAR’s phone-based AR interface. Right: Sonif-
yAR’s authoring panel.

As a PbD authoring framework, Sonify AR invites users to explore an interactive AR experience (Fig-
ure 6.6, left). Users can move virtual objects or interact with physical surfaces. When SonifyAR detects an
AR event, a text label appears in the upper-left corner of the screen (Figure 6.6A), and the sound-acquisition
component generates candidate sounds. Selecting the authoring-panel button (Figure 6.6D) opens an editing
interface (Figure 6.6F) over the AR scene. The interface lists detected AR events (Figure 6.6G) and their
generated sound assets (Figure 6.6H). Users tap a sound to preview it and double-tap to select and activate
it. They can then hide the panel, resume the AR experience, and test the selected sounds. Reopening the
editing interface allows them to revise these choices.

Additionally, users can long-press a sound asset to open a menu of exploratory options. For recom-
mended or retrieved sounds, the menu lists the remaining top-five recommendations. For every sound asset,

it provides style-transfer and similar-sound-generation options. Users can enter a short text prompt to guide
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generation, then iterate on the resulting variations.

6.2.3.4 Technical Implementation

SonifyAR is built with Apple’s ARKit in Swift 5.7 and Xcode 14, and runs as an iOS application on iPhones.
Because plane detection performs better on LiDAR-equipped devices, we developed and tested the app on an
iPhone 13 Pro Max running i0OS 16. We implemented collision detection between virtual objects and planes
with ARKit’s physics simulation [Apple, 2023d]. To enable collision detection for animated virtual-object
parts, such as a robot foot stomping on a plane, we bind colliders to the joints of the animated bones.

For the LLLM-based backend, we use GPT-4 [OpenAl, 2024]. We use the Dense Material Segmentation
(DMS) model [Upchurch and Niu, 2022] to obtain detailed material labels and AudioLDM [Liu et al., 2023]
for text-to-sound generation and text-guided sound-to-sound transfer. All models are hosted on a server with

an NVIDIA RTX 4080 GPU and CUDA 12.2.

6.2.4 User Study

To examine SonifyAR’s usability and support for sound authoring, we conducted a study with eight partici-
pants. Each participant used the application in a fixed experimental setting and rated several aspects of the

system.

6.2.4.1 Participants

We recruited eight participants, six men and two women between 26 and 33 years old, through snowball
sampling at Adobe. Participants had varying levels of AR experience. Six had prior experience with AR,

and three had used AR authoring tools.

6.2.4.2 Procedure

The study took place in a small meeting room and had four parts. First, we introduced the study, then col-
lected demographic and background information. Second, we demonstrated Sonify AR through an example
AR experience and answered participants’ questions. Third, participants independently explored the appli-

cation. We provided a virtual walking-robot model that they could place on indoor surfaces and activate by
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tapping. For consistency, all participants used this asset and the automatic sound-authoring pipeline until
they were satisfied with the result. We recorded the screen and logged user operations throughout this activ-
ity. Fourth, participants rated SonifyAR’s usability, helpfulness, and technical performance and explained

their ratings. Figure 6.7 presents the questions and results.

6.2.4.3 Results

All participants completed the AR sound-authoring task with SonifyAR. The authoring process took 406
seconds on average (SD=137 seconds), and the complete study session took approximately 35 minutes.
Participants previewed a mean of 56 sound assets ($§D=10.5) and selected a mean of 6.4 sounds for their

authored experiences (SD=1.7).

Participant feedback was largely positive. Participants rated SonifyAR’s helpfulness for AR authoring
at a mean of 6.0 out of 7 (Q1, $D=0.93) and their willingness to use it in their own practice at 6.3 (Q2,
SD=1.16). They rated the potential for sounds involving physical surfaces to improve AR immersion at
6.4 (Q3, SD=1.1). They also preferred the automated authoring process to their prior manual searches for
sound assets (Q5, M=6.1, SD=1.0). Generated-sound quality received a lower mean rating of 4.75 (Q4,
SD=1.39), indicating an important area for improvement. Because the pipeline is modular, future versions
can incorporate more capable sound-generation models. Figure 6.7 presents the full questions and rating
distributions.

Participants also suggested improvements to the interface and its feedback. One participant said, “I
really want more usability features that can help communicate these events,” and another said, “I hope there
are more associations between the AR events and the sound generation happening in the backend, like some

real-time audio hints.”

6.2.5 Applications

To further explore and demonstrate the potential of our approach, we authored five AR scenarios with
SonifyAR. See the supplementary video for additional details and an audio-visual demonstration of the

resulting Sonify AR sound effects.
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Figure 6.7: Rating questions and response distributions from the SonifyAR user study.

6.2.5.1 Education

AR has been widely explored in STEM education (e.g., [Sirakaya and Alsancak Sirakaya, 2022; Kang

et al., 2020, 2019, 2016; Suzuki et al., 2020; Chulpongsatorn et al., 2023]). Prior educational applications

simulate and visualize physical or chemical phenomena in AR [Radu and Schneider, 2019; Irwansyah et al.,

2018]; SonifyAR could complement these visualizations with context-appropriate sound. To illustrate this

possibility, we implemented an AR physics experiment depicting conservation of momentum. The scene

contains a downward ramp and two metal balls, one at the top and one at the bottom (Figure 6.8). When

the experiment begins, the upper ball rolls down the slope and collides with the lower ball. The collision

causes the lower ball to move forward and eventually fall while the upper ball stops. SonifyAR detects the

collisions and generates material-specific effects, including the clash of two metal balls and a metal ball

striking a table.
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6.2.5.2 Accessibility

Audio augmented reality (AAR) has been explored as a form of assistance for people who are blind or have
low vision [Ribeiro et al., 2012a; Coughlan and Miele, 2017]. These systems motivate three hypotheses
for accessible use of SonifyAR. First, broader support for sound authoring could make it easier for creators
to add cues that communicate virtual events. Second, context-aware spatial audio could communicate the
position and activity of virtual objects [Ribeiro et al., 2012a]. Third, sounds generated when a user selects a
physical surface through AR could communicate information about the surrounding environment. SonifyAR
was not evaluated with blind or low-vision participants, so these possibilities require participatory design

and direct accessibility evaluation.

To illustrate one of these hypotheses, we use a 3D model of a toy robot (Figure 6.9). As the robot moves

virtually from one physical surface to another, such as from wood to carpet, the automatically generated
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Figure 6.9: A virtual robot walking on different surfaces with different sounds. (A, B) The robot on a
wooden surface and the corresponding context. (C, D) The robot on carpet and the corresponding context.
(E, F) The acquired sound assets.
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sound changes with the detected material. This variation could provide an auditory cue to the robot’s location

and activity, but the effectiveness of that cue remains to be evaluated with intended users.

6.2.5.3 Sonifying Existing Applications

Because SonifyAR’s sound-acquisition pipeline accepts textual event descriptions, it could be integrated
into existing AR applications. An implementation in an SDK such as ARKit or ARCore could expose

descriptions of AR events to the pipeline and return automatically acquired sound options.

ﬂ Play Animation

Caused by BERe//i[XET1/4

This event is targeted on
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| I

Figure 6.10: An AR dinosaur sonified by SonifyAR. (A) The AR Camera application shows a virtual di-
nosaur playing an eating animation. (B) Contextual information describes the scene. (C) SonifyAR produces
a text prompt and sound output.

We explore this possibility with a Wizard of Oz (WoZ) prototype in the phone-based AR application
ARVid [arv], a downloadable app that places animated 3D objects in real-world environments. We selected a
dinosaur animation as an example (Figure 6.10) and used WoZ to simulate direct integration of the SonifyAR
pipeline into ARVid. By manually supplying context information, for example, “The dinosaur is eating,” to

the SonifyAR pipeline, we generated sound assets that matched the 3D animation.
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6.2.5.4 Using SonifyAR on an MR Headset

Head-mounted AR and mixed-reality systems place virtual content in close relation to physical surround-
ings. We use a Wizard of Oz prototype to illustrate how SonifyAR could communicate contact between a
virtual window and a physical surface through a material-aware sound. Whether such feedback improves

safety or spatial awareness requires a dedicated evaluation.

ﬂ Collide

This event is casted on

Figure 6.11: Sonification of window placement on Apple Vision Pro. (A) A user places a virtual window
on a sofa. (B) Contextual information describes the action. (C) SonifyAR produces a text prompt and sound
output.

We implemented a WoZ prototype based on Apple Vision Pro interaction (Figure 6.11). A Vision
Pro user can adjust the position of application windows with hand gestures. In our scenario, SonifyAR
generates a sound when a virtual window is placed on or intersects a physical surface such as a wall, desk,
or floor. The pipeline processes these interactions with prompts such as “a virtual window bumps into a
wall” and “a virtual window collides with a carpet.” The example illustrates how sound could communicate

the relationship between virtual windows and surrounding surfaces.

6.2.5.5 Augmenting AR Authoring Processes

In addition to serving as a standalone PbD experience, SonifyAR could extend existing AR authoring tools.
Adobe Aero and Apple Reality Composer already represent interactions through labels such as “Tap & Play

Sound” and “Proximity & Jiggle.” These specifications could be sent to SonifyAR’s text-based pipeline,
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allowing a plugin to provide matching sound assets for existing AR interactions.
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Figure 6.12: WoZ example of SonifyAR in the Reality Composer authoring process. (A) A machine model
in the authoring interface. (B) Reality Composer’s interface for AR sound. (C) Contextual information for
the event in B. (D, E) Sound assets generated and retrieved through SonifyAR. (F) The acquired sounds
appear as recommended options.

We implemented an additional WoZ prototype using Apple’s Reality Composer and a 3D model of
an animated machine (Figure 6.12). When authoring the model’s “Play Sound” behavior, the model de-
scription, trigger condition, and animation description can be sent to SonifyAR’s text-based pipeline. The
resulting retrieved and generated sound assets appear at the top of the authoring interface under “SonifyAR

Recommended.” The supplementary video shows the interaction in more detail.

6.2.6 Discussion and Future Work

In this project, we designed and implemented an AR sound-authoring pipeline that automatically acquires
sound assets from contextual information. We examined opportunities in the AR sound-interaction space

and implemented a custom pipeline that uses an LLM and generative Al to recommend, retrieve, generate,
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and transfer sounds. We evaluated the pipeline through a user study and developed five proof-of-concept

application scenarios.

6.2.6.1 Limitations and Failure Cases

Although participants responded positively to several aspects of SonifyAR, the study and application sce-
narios revealed limitations in its adaptability and output quality.

First, because the sound-acquisition pipeline relies on an LLM for both context interpretation and overall
control, LLM errors can lead to failures. For example, the LLM may hallucinate context and send an
inaccurate prompt to the sound-generation model, such as “sliding plastic on carpet” when a metal toy robot
is sliding on a wooden floor. This produces a mismatched output.

Second, although AudioLDM [Liu et al., 2023] is a state-of-the-art text-to-audio generator, it can pro-
duce noisy outputs that do not match the prompt. This inconsistency is difficult to predict and cannot be
fully resolved through prompt engineering.

Finally, some AR interactions, such as collisions and animated actions, are highly time-sensitive and
require precise synchronization between sound and visual content. We currently use two synchronization
methods. First, we provide example sounds for collisions, taps, and sliding interactions. Style transfer
from well-timed examples helps the output remain synchronized with the AR interaction. Second, we bind
colliders to 3D-model skeleton joints so that a sound plays only when the system detects a collision between
an animated model and a physical surface. These methods do not apply to 3D assets without skeletons or
to sounds unrelated to collisions, such as a dinosaur roar or mechanical-arm movement. Fully addressing

synchronization between 3D animation and audio is beyond the current scope.

6.2.6.2 Future Work

We plan to address the following improvements in future work.

First, the current SonifyAR application supports only sound authoring and uses preauthored AR assets
as input. To support a broader creation process, the sound-authoring pipeline should be integrated with tools
such as Reality Composer and Adobe Aero. Future work also includes building a Unity SDK for profes-

sional AR developers and expanding the supported event types to categories such as “Spin,” “Emphasize,”
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“Expand,” and “Jump,” which can be incorporated into SonifyAR’s text template.

Second, SonifyAR uses a straightforward text template to compile context from multiple sources, in-
cluding virtual-object semantics and real-world semantics. It currently uses a single material-segmentation
model to perceive real-world context. Future versions could incorporate more sophisticated computer-vision
or multimodal foundation models to better understand both virtual objects and the real-world environment.
Third, SonifyAR has basic error-handling features, including automatic removal of failed retrieval results
and editing options for subpar sound assets (Section 6.2.3.3). Users can also correct recognition errors, such
as incorrectly recognized materials, by specifying the correct material in text. Future versions could use a
sound-quality inference model to validate outputs and automatically re-prompt the sound-generation model
when needed.

Finally, SonifyAR’s sound-generation output presents opportunities for further refinement. The system
is modular so that more advanced models can replace existing components as they become available. Each
model, including the LLM, computer-vision models, and sound-generation model, can be updated indepen-

dently.

6.2.7 Conclusion

In this project, we presented SonifyAR, a context-aware system for authoring sounds for AR events. Its
custom PbD pipeline lets creators demonstrate an AR interaction, captures the interaction’s context, and
uses Al-based recommendation, retrieval, generation, and transfer to acquire candidate sound assets. A
study with eight designers provided initial evidence about the system’s usability and revealed limitations
in generated-sound quality and interface feedback. Five application examples illustrated how the approach
could extend to varied AR experiences. This research advances AR sound authoring and opens directions

for applying LLMs and generative-audio models in interactive AR systems.

6.3 From Context-Aware Output to Manipulable Spatial Structure

SonifyAR shows how a structured event representation can translate sensed spatial context into another
perceptual modality. The user evaluates the translation by listening in the same environment in which

the event occurs. However, many spatial tasks require users not only to choose among generated outputs

121



but to inspect and reshape the spatial representation itself. Visual design from a single image is a useful
example. People readily perceive surfaces, depth ordering, object extent, and body orientation in an image,
yet conventional 2D tools do not expose that implicit geometry, while full 3D tools require substantial
modeling expertise.

DepthScape extends the frontier from context-aware output to direct manipulation of Al-inferred struc-
ture. It reconstructs an image as a 2.5D scene, uses a vision-language model and modular geometry func-
tions to identify meaningful objects and fit parametric planes, cylinders, spheres, faces, and skeleton-based
anchors, and then exposes those anchors through mouse-following interactions. As in SonifyAR, the inter-
mediate representation is relational and object centered. The difference is that it becomes an editable spatial

handle rather than a textual description used to select a sound.

6.4 DepthScape: Parametric Anchors for 2.5D Visual Design

DepthScape investigates how Al-inferred depth can support accessible, expressive spatial authoring. A user
begins with a single image rather than a manually constructed 3D scene. The system estimates a depth mesh,
segments semantically meaningful regions, fits geometric primitives, and recommends parametric anchors.
Users can inspect these suggestions, initialize a placement through direct manipulation, replace placeholder

content, and refine position, scale, orientation, repetition, and occlusion before rendering the result.

6.4.1 Introduction

Humans gain 3D perception from 2D images through depth cues such as occlusion, perspective, and shading
[Murray, 1994; Brenner and Smeets, 2018; Howard and Rogers, 2002]. Leveraging this visual ability, cre-
ators have long applied depth-enhancing techniques, such as layering and projecting, to boost visual impact
and realism, leading to 2.5D visual designs. However, creating 2.5D visual designs can be challenging and
arduous because designers must manually imitate depth cues, including relative ordering, occlusion bound-
aries, and perspective scaling, within flat 2D representations. This requires professional editing skills and
iterative trial and error.

For example, to create a simple “surrounding figure” effect (Figure 6.14, panels B and C), the creator

must simulate the perspective of a content ring and carefully layer it partly in front of and partly behind the
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Figure 6.13: DepthScape reconstructs latent depth from a single image, extracts Al-recommended paramet-
ric anchors, and lets users place and manipulate design elements in the resulting 2.5D space.

Figure 6.14: Gallery of designs created with DepthScape. Icons in the top row show how each design is
formed from one or more planar, cylindrical, or spherical parametric anchors.

figure. A creator can produce this effect in a 2D tool such as Photoshop or Illustrator, but must manually
shape and align visual elements to match the implied 3D perspective. Even a small adjustment can require
repeated refinement. Alternatively, the creator can construct a 3D scene in a tool such as Blender to obtain
accurate depth cues and vanishing points. This workflow introduces a steep learning curve and the additional
challenge of aligning a 3D camera and projection geometry with the source image. Both approaches shift

attention from creative exploration to technical problem solving and make rapid experimentation difficult.

We introduce DepthScape, a human-Al collaborative authoring interface that bridges 2D editing with
3D rendering, enabling intuitive creation of 2.5D visual effects without requiring 3D expertise. DepthScape

builds on two interaction innovations: (i) depth-based blending, which renders text and images in the source
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image’s 3D depth scene to enable precise occlusion and perspective foreshortening; and (ii) parametric
anchors, which bind content layers to objects in the original scene and thereby enable 3D placement through
a 2D viewport. When the user uploads an input image, DepthScape uses monocular depth estimation [Wang
et al., 2024a] to produce a 3D scene in which visual elements can be rendered with realistic occlusion and

perspective aligned with the original image.

To further simplify 3D placement, DepthScape uses a vision-language model (VLM) [Hurst et al., 2024]
to interpret semantic content and spatial structure and synthesize visual programs [Gupta and Kembhavi,
2023]. These programs guide 3D geometry extraction by masking key objects in the image [Ravi et al.,
2024b] and fitting planes [Mariga], cylinders, spheres, or skeletons [Lugaresi et al., 2019] to them. The
resulting parametric anchors align with objects in the input image and support direct-manipulation editing.
Although this project focuses on a VLM-based pipeline, user input remains valuable and complementary.

We therefore position the approach as a first step toward a hybrid human-Al pipeline for anchor generation.

We created DepthScape through a human-centered, iterative design process. We initially developed a
proof-of-concept prototype to test the feasibility of depth-based blending and Al assistance for 2.5D de-
sign. We then conducted a formative study with nine participants to observe usage patterns, assess usability,
explore potential applications, and gather feedback on interaction methods. Participants replicated exam-
ple designs and created open-ended designs. Their experiences showed how recommendations could help
novices explore possibilities and how rapid parameter changes could help experienced designers test ideas.
The study also identified needed improvements in rendering, Al recommendations, and editing interactions.
These findings informed the final DepthScape system, which automatically extracts parametric anchors and

enables 3D placement through direct manipulation in a 2D viewport.

To evaluate the final DepthScape prototype, we performed a technical evaluation with 100 professional
stock photographs spanning several types of visual content. We processed each image with DepthScape
and logged processing time, errors, visual programs, and extracted anchors to characterize the pipeline’s
efficiency, robustness, and output diversity. We also conducted an expert review with three professional
designers, who rated the suggested anchors and design outputs and identified opportunities for improvement.
Finally, we demonstrate the range of the approach through five application scenarios, including 2.5D video

creation, modification of photographed scenes, and storyboarding with hand-drawn scenes.
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Our contribution is threefold. First, we propose a depth-based blending pipeline for 2.5D visual de-
sign that places visual elements in monocular depth reconstructions to produce occlusion and perspective
foreshortening. Second, we use a VLM to generate visual programs that extract semantically grounded
parametric anchors and enable direct-manipulation editing. Third, we characterize the approach through a

formative user study, a technical evaluation, an expert review, and five application examples.

6.4.2 Designing DepthScape

Building on the core idea of depth-based blending, which places content in reconstructed depth spaces, we
conducted a three-stage iterative process to test feasibility, explore user needs, and discover key interac-
tion patterns. We first built a proof-of-concept prototype. We then used it in a formative user study with
nine participants of varying design expertise. Finally, based on the study findings, we developed the final

DepthScape system with improved depth reconstruction, interaction, and Al design suggestions.

All DepthScape studies involving human participants, including the formative study and expert evalua-
tion, were reviewed and approved by the University of Washington Institutional Review Board (UW IRB;

STUDY00022751).

6.4.2.1 Proof-of-Concept Prototype

We built a proof-of-concept web prototype (Figure 6.15). The prototype uses the single-image-to-3D-mesh
model CRM [Wang et al., 2024c] to reconstruct the main object of a user-uploaded image as a 3D mesh.
We then add primitives such as planes, cylinders, and spheres to render realistic occlusion and perspective
effects. Users can edit the placement of these primitives with sliders that adjust position, rotation, scale,
and content placement on primitive surfaces. We also explored Al recommendations for 3D placement by
leveraging CLIP [Radford et al., 2021b] and cosine similarity to retrieve placement parameters from similar
input images. The recommended parameters are rendered as thumbnail images for users to browse and

select.
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Figure 6.15: Proof-of-concept prototype interface.

6.4.2.2 Formative User Study with the Prototype

To test the feasibility, usability, and helpfulness of our proposed 2.5D creation pipeline, we conducted a
formative study with nine participants between 20 and 60 years old. To examine the experiences of people
with different levels of expertise, we recruited four design enthusiasts and five professional designers with
varying backgrounds in 2D and 3D design. We introduced the prototype and guided participants through
recreating two example designs. Participants then explored the system freely and created designs of their
choosing. We concluded with usability questions and rating scales. Our prior work reports the complete

study protocol and findings [Su et al., 2025b].

All participants used the prototype to create multiple 2.5D designs. They gave the statement “the proto-
type supported my creativity”” a mean rating of 4.67 out of 5. They also rated the ease of creating occlusion
and surrounding effects at a mean of 4.56 out of 5 for each. The open-ended task produced diverse designs
(Figure 6.17) .

The formative study identified application scenarios centered on rapid prototyping and ideation for 2.5D
effects. P8 described using the tool for “trying out ideas at early stage,” obtaining “a few Al brainstorm
suggestions,” and creating “rough mock ups” before moving to higher-fidelity tools. P1 said that it made
“occlusion and surround effects easier and faster” than workflows that required knowledge of 3D software.

These responses position DepthScape as a specialized environment for exploring pseudo-3D design possi-
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Figure 6.17: Design results of the open-ended exploration of the formative user study.
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bilities before moving to production tools such as Photoshop or 3D software.

Amateur and professional designers valued the tool in different ways. Amateur designers emphasized
the freedom to experiment; P9 said that it “enables you to do a lot of different stuff”” The depth cues
and exploratory controls allowed them to create effects without specialized 3D knowledge. Professional
designers evaluated the tool in relation to established workflows and quality standards. They appreciated
its distinctive controls but wanted tighter integration with existing tools. As P6 remarked, “(It’s okay that)
We don’t have all those text editing capabilities because every other tool already has that. We don’t want
to rebuild the wheel.” Thus, amateurs treated DepthScape as an approachable entry point to 2.5D design,
while professionals saw it as a potential complement to advanced toolchains.

From these design explorations, we identified three ways in which the prototype supported participants’
work: (1) depth reconstruction simplified the creation of occlusion effects; (2) rendering deformation and
repetition in 3D supported complex but orderly perspective effects; and (3) the placement parameters created

a sufficiently broad space for participants to encounter unplanned design variations.

6.4.2.3 Improvements Based on Study

Alongside the positive findings, we identified several aspects that required improvement. The following

findings guided the next system iteration.

From Orthographic to Perspective Rendering. Because of CRM’s reconstruction behavior [Wang et al.,
2024c], as well as that of many existing depth-estimation models [Yang et al., 2024a,b; Patni et al., 2024;
Zhu et al., 2024; Xu et al., 2024b,a; Zhao et al., 2024], its reconstructions matched the input image only
under orthographic rendering. Our initial prototype therefore used an orthographic camera for the design
canvas. This choice eliminated perspective foreshortening, and many participants found the depth effects
difficult to perceive and less visually impactful. We switched to perspective rendering for both the depth

reconstruction and the added visual elements.

From Main-Object to Whole-Scene Reconstruction. The reconstruction model in the prototype cap-
tured only the primary object in an input image, limiting its use to single-object compositions. It could not

support more complex urban, natural, or tabletop scenes. To accommodate a broader range of images, the
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final system uses a model that reconstructs depth across the complete scene.

From Sliders to Direct Manipulation. Many participants, especially those with less 3D design experi-
ence, found it difficult to place elements with parameter sliders. First, unfamiliar parameters made editing
outcomes difficult to anticipate, leading to repeated trial and error. Second, a conceptual goal such as
surrounding a bullet with a ring of text (Figure 6.16B) required the coordinated adjustment of several 3D
parameters. Participants preferred direct-manipulation controls that corresponded to design intentions and
image semantics. We therefore developed controls based on parsed image content and depth geometry. For
an image containing a bullet, for example, the system can suggest a cylindrical placement aligned with the

bullet and expose the cylinder radius as a directly manipulable parameter.

From Parameter Recommendations to Parametric Anchors. Our initial exploration of Al recommen-
dations for 3D placement parameters was not sufficiently helpful (mean = 3.67/5) because retrieval-based
parameter matching was imprecise with respect to image semantics and depth geometry. Visual designs
are highly sensitive to layout, so small mismatches between image content and 3D placement can disrupt
the intended effect. We therefore use a VLM to parse the input image semantically and extract geometry
directly from the depth reconstruction, improving placement precision through parametric anchors that bind

content layers to image objects.

6.4.3 The DepthScape System

Building on the iterations above, we introduce DepthScape, a human-Al collaborative authoring pipeline that
supports 2.5D graphic design through depth estimation, semantic interpretation, and geometry extraction.
DepthScape uses the monocular geometry-estimation model MoGE [Wang et al., 2024a] to reconstruct a
3D mesh that follows the visual depth cues in an input image. This reconstruction creates a 3D space for
2D design elements such as text and images, enabling depth-based blending with occlusion and perspective
effects. A VLM further assists the process by identifying visual components and suggesting parametric

anchors that support direct-manipulation placement.
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6.4.3.1 Depth-Based Blending

We use MoGE [Wang et al., 2024a] to create a 3D mesh that reflects the visual depth cues in a 2D im-
age. Unlike many existing depth-estimation models, MoGE performs affine-invariant monocular geometry
estimation and produces reconstructions that align with input images under perspective rendering. The

reconstructed mesh encodes depth cues and provides the foundation for our authoring pipeline.

We then implement depth-based rendering by placing both the reconstructed depth mesh and any ad-
ditional 2D visual elements in a shared 3D space (Figure 6.18, left). By default, rendering this 3D scene
correctly produces occlusions between the depth mesh and the added 2D content. However, it also exposes
the reconstructed depth mesh itself, whose visual quality is noticeably lower than that of the original image.
To address this, we make the depth mesh invisible while preserving its occlusion effect. Specifically, we
disable color-pixel writing for the depth mesh, turning it into an invisible object that blocks other elements
and leaves holes in the rendered image. We fill these holes using pixels from the original input image so that
the final output appears as if objects in the original image occlude the added visual elements (Figure 6.18,

right).

Input Image

o]

Figure 6.18: DepthScape’s 3D-space composition and rendering results. Left: a 3D space viewed from a
different angle, showing the original input image, reconstructed point cloud, and added design elements.
The gray dashed line indicates the camera position. Right: rendered results with design elements embedded
in the input-image scene.
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6.4.3.2 Parametric Anchors

During the formative study, we observed challenges in precisely placing design elements in reconstructed
3D spaces. We also identified two patterns that could simplify the task. First, design elements were often
anchored to objects in the input image, such as text wrapped around an arm or a plane aligned with a building
facade. Second, designers explored variations by adjusting one or two key parameters while keeping the
others fixed to preserve the design relationship, such as shifting a plane along its normal vector while keeping
it parallel to a building.

To formalize these patterns, we borrow the concept of anchors from augmented reality and define para-
metric anchors that bind visual content to objects in an image. Each anchor aligns content with selected
geometric properties of an object, such as a plane parallel to a building facade, a cylinder surrounding a
human figure, or a sphere centered on an owl (Figure 6.19). Parametric anchors constrain placement to the
most relevant degrees of freedom. A planar anchor has a fixed reference plane and moves only along its
normal. A cylindrical anchor organizes placements around a shared central axis and exposes radius and
height adjustments. A spherical anchor centers placements on a fixed point and varies in radius.

By leveraging these parametric anchors, we simplify unconstrained 3D placements into structured ad-
justments that align with scene geometry. This enables direct manipulation in a 2D viewport, which would
otherwise be ambiguous. For instance, translating a plane freely in 3D from a 2D perspective is ill-defined,
but within a Planar parametric anchor, it reduces to a simple 1D adjustment along the normal vector, which

can be directly mapped to mouse input. See Figure 6.19 for examples.

6.4.3.3 Extracting Parametric Anchors Through Code Synthesis

Extracting parametric anchors remains challenging. Heuristic methods struggle in open-vocabulary settings
to integrate object type, shape, and spatial layout. Manual approaches require users to understand both
anchors and the intermediate extraction steps. To explore automatic extraction, we use a VLM, GPT-4o
[Hurst et al., 2024], to parse the input image and guide geometry extraction. Inspired by prior work on visual
programming [Gupta and Kembhavi, 2023], we prompt the VLM to follow a visual-program template that
supports modular, sequential extraction focused on selected image components. Each generated program

encodes a design intention as a sequence of the following geometry functions:
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Figure 6.19: DepthScape currently supports three types of parametric anchors that can be directly manipu-
lated through mouse movement. From left to right: planar, cylindrical, and spherical.

Segment the Input Image. The Text2Mask (prompt) function segments the input image using a
text prompt generated as part of the visual program. The backend uses Grounded SAM 2 [Ravi et al., 2024b]
to produce a corresponding mask, for example from the prompt the train in the image. The Mask2Pointcloud
function then selects vertices of the reconstructed depth mesh that fall inside the mask. The resulting point
cloud becomes input to subsequent geometry extraction.

Extract 3D Geometry. We implement several geometry-extraction functions, which the VLM selects
based on image semantics.

Pointcloud2Plane fits planes to point clouds for planar objects such as building facades, ground
and water surfaces, and tabletops. It uses PYRANSAC-3D [Mariga]. The function also derives properties
such as the primary direction and perpendicular extrusion, which support geometric relationships among
objects.

Pointcloud2Cylinder fits a containing cylinder to an elongated object such as a human figure,
tree trunk, or train. The function accepts an optional axis direction. When none is provided, it uses principal
component analysis to estimate the axis from the point cloud, then finds the center and smallest radius that
contain the selected points.

Pointcloud2Sphere fits a sphere to a rounded object by estimating a center and the minimum

radius needed to contain the point cloud.
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In addition to these primitive-fitting functions, we implement functions that extract human pose and
facial structure.

Pointcloud2Skeleton uses MediaPipe [Lugaresi et al., 2019] to extract 2D pose landmarks and
projects them onto the depth point cloud to obtain 3D skeleton points. The function derives frontal and
median planes for content placement, as well as upward and front-facing directions that other functions can
use.

Pointcloud2Face extracts geometry for close-up faces. As in skeleton extraction, the function uses
MediaPipe [Lugaresi et al., 2019] to detect 2D facial landmarks and projects them onto the depth point cloud.
The resulting 3D face points define frontal and median planes and upward and front-facing directions.

Create Parametric Anchors. The final functions convert extracted planes, cylinders, spheres, and
directions into parametric anchors.

Planar (plane) creates a planar parametric anchor from an extracted or derived plane and optional
directions.

Cylindrical (cylinder) creates a cylindrical parametric anchor from an extracted cylinder.

Spherical (sphere) creates a spherical parametric anchor from an extracted sphere and optional
direction.

By combining these functions, DepthScape extracts geometry from a depth reconstruction according to
image semantics. Figure 6.20 shows a visual program, its intermediate steps, and the resulting parametric
anchor.

We prompt the VLM with 16 example visual programs to establish the program syntax and general
design patterns. Each example includes a raw input-image description and a matching visual program. The
VLM then generates semantically reasonable visual programs for new input images. DepthScape parses the
generated programs and runs the extraction pipeline to create parametric anchors. Successfully extracted

anchors, together with the original design rationale, are shown in the interface for user interaction.

6.4.3.4 The DepthScape Interface

The DepthScape interface is implemented as a web application with React and Babylon.js (Figure 6.21). It

has three main parts: (1) the asset panel imports input images, shows suggested parametric anchors, and lists

133



"name": "Train Structure" ,
"description": "Extracts the main train structure from the image to
create a cylindrical anchor."
"visual program": |
"MASK O=Text2Mask (prompt = \"the train in the image\™)" ,
"POINTCLOUD 0O=Mask2Pointcloud(mask = MASK 0)" ,
"CYLINDER O=Pointcloud2Cylinder (pc = POINTCLOUD 0, direction =

NULL) ", e
"CYLINDRICAL O=Cylindrical (cylinder = CYLINDER 0)" ]

Figure 6.20: DepthScape employs a vision-language model to (A) generate visual programs from (B) input
images. The program guides a cylindrical-anchor extraction process, including (C) masking the prompt
the train in the image and (D) selecting the corresponding point cloud. The final result is (E) an
interactive cylinder precisely aligned with the train.
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added scene layers; (2) the canvas renders 2.5D effects and enables direct manipulation of design elements;
and (3) the editing panel lists options for selected parametric anchors, including adding text or image content

and adjusting placement parameters.
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Figure 6.21: DepthScape’s user interface. (A) The upload control and input image. (B) Al-suggested
parametric anchors. (C) Layers added to the scene, with controls to select, hide, show, or remove them.
(D) The direct-manipulation canvas. (E) The parameter panel during layer initialization. (F) Additional
controls available after initialization, including content rotation and the addition of (G) image content. (H)
Fine-tuning controls for layer parameters.

The user first imports an image (Figure 6.21A). DepthScape reconstructs its depth mesh and extracts
suggested parametric anchors. The user can preview an anchor by hovering over its list entry (Figure 6.21B)
and can select a suitable option. Selection begins an initialization sequence that offsets the anchor and, for
planar anchors, resizes its surface, centers the content’s UV coordinates, and scales the content UVs. Each
step uses mouse-following direct manipulation. After initialization, buttons and a slider allow the user to
rotate and mirror the 2D content (Figure 6.21F, lower half). An advanced panel exposes anchor position,
scale, and orientation so that users can correct inaccuracies and customize the result (Figure 6.21H). A white
“LOREM IPSUM” placeholder helps users assess the initial placement; they can replace it with typed text
or an uploaded image (Figure 6.21G). A single command exports the final result as a rendered image. The

supplementary video provides a complete interaction walkthrough.
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6.4.4 Evaluation

We evaluated DepthScape in terms of processing efficiency, robustness, output diversity, and design qual-
ity. We processed a varied image collection and examined processing time, errors, the distribution of Al-

suggested parametric anchors, and expert ratings of anchor and output quality.

6.4.4.1 Collecting Test Images

To obtain a varied selection of test images, we collected images from Pexels [Pexels, 2025], a free stock-
image platform. We sampled its trending-image feed on two dates, collecting 50 images on each date for a
total of 100. The collection contains four content types: portraits, urban or building scenes, nature or animal

scenes, and still objects. Figure 6.22 shows the distribution and examples.

Portraits 20 Natural Scenes 23

Urban Scenes 36 Still objects 21

Figure 6.22: Four types of test images.

6.4.4.2 Procedure

We sequentially uploaded all 100 images to DepthScape and inspected the processing time, VLM-generated
visual programs, extraction result for each program, and error logs. We analyzed these logs to characterize

system efficiency, robustness, the distribution of parametric-anchor types, and causes of failure.
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Figure 6.23: Example design results shown to experts.
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We also evaluated suggested-anchor and final-output quality through an expert review with three profes-
sional designers. Table 6.1 reports their backgrounds. We showed a recording of the DepthScape interface
and recommended anchors for four images, one from each content type. We also presented completed
designs to illustrate output quality (Figure 6.23). The experts rated the quality of the anchors and design
outputs on seven-point scales and discussed potential applications and system improvements.

Table 6.1: Expert-review participant demographics.

Design . c 1ge
Expert Gender Age experience (years) Design specialties
El Male 25-34 1.5 UI/UX
E2 Female 25-34 12 Game, UI/UX

Web, Animation,

E3 Male 45-54 Motion Graphics

6.4.4.3 Technical Results

DepthScape successfully processed 97 of the 100 test images and generated at least one semantically
grounded parametric anchor for each. An image took 21.1 seconds on average to process (SD=5.5 seconds)
and yielded a mean of 4.2 visual programs (SD=1.1). Eighty-nine percent of generated visual programs
produced parametric anchors available for user interaction.

Figure 6.25 shows the mean distribution of processing time. Waiting for GPT responses accounted
for 63.7% of total processing time (M=14.06 seconds, SD=4.04 seconds), making model latency the largest
source of delay. Depth reconstruction accounted for 8.4% (M=1.86 seconds, SD=2.02 seconds), masking for
13.1% (M=2.89 seconds, SD=1.23 seconds; per-mask M=0.89 seconds, SD=0.19 seconds), and geometry
extraction for 14.8% (M=3.28 seconds, SD=1.30 seconds).

The VLM generated 419 visual programs, of which 370 completed geometry extraction and yielded
interactive parametric anchors. Figure 6.24 shows the distribution of anchor types. Planar anchors were the
most common, including 180 object planes (42.96%) and 113 skeletal or facial planes (26.97%). The VLM
also suggested 94 cylindrical and 28 spherical anchors.

We analyzed 46 failed planar visual programs and identified two error types. In 34 cases, incomplete
or failed masks of human figures prevented detection of skeletal or facial landmarks. In the other 12 cases,

the VLM produced an invalid program, such as one containing a nonexistent function or lacking a valid
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Figure 6.24: Four types of parametric anchors. Each example shows the name of the parametric anchor on
top.
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Figure 6.25: The distribution of processing time.
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Figure 6.26: Failure cases. (A) Three images for which DepthScape generated no parametric anchor. (B)
Reconstruction of a transparent glass surface loses the geometry behind the glass. (C) A request to mask
“the cake slice” selects the entire cake. (D) Cylinder fitting selects a horizontal axis instead of the shorter,
semantically appropriate vertical axis.

parametric-anchor output. Figure 6.26A shows three images in which human-figure extraction failed.

We also observed failures that produced unsuitable parametric anchors. In Figure 6.26B, reconstruction
flattened a glass surface and lost the geometry visible behind it. The VLM nevertheless suggested fitting a
plane to the ground behind the glass, producing a misaligned result. In Figure 6.26C, the VLM requested
a mask for “the cake slice,” but the segmentation model selected the entire cake. In Figure 6.26D, the
cylinder-fitting module selected a horizontal axis for the cake rather than the shorter but more semantically
appropriate vertical axis. Beyond these geometric errors, occluded or warped text layers can be difficult to
read. As Figure 6.23 illustrates, the balance between 2.5D realism and readability depends on the text and

varies across designs. Designers must therefore consider text layout, content, and the degree of occlusion.
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6.4.4.4 Expert Review Results

The three experts rated parametric-anchor quality as 7, 4, and 5 on a seven-point scale and design-output
quality as 6, 4, and 5. They appreciated DepthScape’s ability to parse complex scenes and generate varied
anchors based on image content. E1 remarked, “I can totally imagine that a Vogue cover designer would
use it very powerfully.” E2 emphasized its value to novices: “I think the value of this is that 99% of people
who have no idea how to do this [2.5D effects] will benefit a lot from this.” The experts also identified
improvements needed for professional use, including occlusion precision, rendering quality, and perspective
accuracy. E3 observed that although cylinders and spheres were effective, plane edges were sometimes

slightly misaligned with the underlying objects and required manual correction.

The experts proposed several application scenarios. E1 suggested book covers, T-shirts, and memes and
envisioned generating 2.5D animations by binding a position parameter to time. E2 emphasized its value for
design ideation: “I think it’s nice to use [DepthScape] to quickly put together some concepts. It’s definitely
helpful to accelerate the workflow.” They also noted its potential for people using platforms such as Canva
or Instagram who want to create striking text effects without expertise in software such as Photoshop. E3
suggested interface mockups, presentation title slides, promotional materials, and video effects that use both

semantic and depth analysis.

Experts also wished for additional features. E3 hoped for more sophisticated content anchors that in-
corporate multiple directional cues from the scene. They also emphasized the need for text readability
enhancements when adding text elements. E2 envisioned DepthScape being integrated into existing design
platforms like Figma, Canva, or Instagram, to streamline content creation. All three experts requested im-
proved blending between the depth scene and added content, including support for light estimation, shadow
casting, and blur effects to further enhance realism. Additionally, E2 and E3 advocated for the ability to
export designs in editable, multi-layer formats (e.g., PSD files) for further refinement in professional design
software.

Overall, experts viewed DepthScape as a promising and approachable tool for expressive 2.5D design,
particularly during rapid ideation and creative exploration. Their feedback also highlights a gap between cur-
rent capabilities and the precision required in professional workflows. Future improvements should therefore

focus on geometric accuracy, visual integration, and editing control.
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6.4.5 Application Scenarios

Inspired by the formative study and expert review, we implemented five application scenarios to illustrate

DepthScape’s range and potential. The supplementary video provides additional details and animations.

6.4.5.1 Integration into Image Editing Tools

Participants in both the formative study and expert review suggested integrating DepthScape with existing
image-editing tools. A plugin could make depth-based blending available within those platforms, while
export to layered, editable files could allow a designer to begin in DepthScape and continue refining the result
in another tool. Either approach would preserve DepthScape’s specialized 2.5D controls while connecting

them to broader production workflows.

6.4.5.2 2.5D Video Effects

DepthScape’s effects can extend from static images to video in two ways suggested by study participants.
First, a placement parameter can vary over time to animate content in a static image, such as rotating an
arrow ring or moving a text plane. Second, DepthScape could parse consecutive video frames and apply

consistent parameters for object-centered editing. The supplementary video illustrates both approaches.

6.4.5.3 Editing Photographs of Physical Scenes

Because DepthScape approximates depth cues and blends additional visual elements into an image, it can
support rapid previews of modifications to a physical scene. For example, a designer can add images of rugs
or paintings to preview an interior design or place poster graphics in a street photograph to test branding

concepts (Figure 6.27).

6.4.5.4 Simulating AR Scenes

By anchoring content to physical objects and surfaces, DepthScape can blend virtual assets, such as inter-
face panels and 3D models, into a photograph without tracking the environment. This capability supports

prototyping an AR composition from a single image. For example, planes aligned with the floor and walls
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Figure 6.27: DepthScape adds content, including a rug, wall art, and advertising graphics, to photographs
of physical scenes.

can support virtual panels (Figure 6.28), while other anchors can place animated 2D or 3D content in the

scene.

6.4.5.5 Storyboarding

Hand-drawn scenes can encode relative depth cues that DepthScape reconstructs as approximate 3D geom-
etry. The system can therefore blend 2D assets into a sketch for rapid storyboarding, allowing creators to

combine rough line work with more polished graphics (Figure 6.29).

6.4.6 Discussion and Future Work

In this project, we presented DepthScape, a human-Al collaborative authoring tool that lets 2D designers
create 2.5D visual effects by arranging assets within a monocular depth reconstruction. Designers work
through a 2D canvas while the system uses a 3D scene to render depth effects. DepthScape’s Al pipeline
connects RGB imagery with reconstructed geometry: it analyzes an input image, synthesizes geometry-
extraction code, and executes that code to generate semantically grounded parametric anchors for editing
and exploration. We evaluated DepthScape through a formative study with nine participants, a technical

evaluation with 100 stock images, an expert review with three professional designers, and five exploratory
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Figure 6.28: Simulated AR effects, including the plane and text for the tea set, and also the virtual Ul
located behind the sliding doors, in a real-world indoor scene.
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Figure 6.29: DepthScape applies to sketched scenes, supporting rapid storyboarding with visual assets of
varying fidelity.

application scenarios.

DepthScape occupies a middle ground among 2D, 3D, and generative editing workflows. Participants
used it to blend 2D assets in a pseudo-3D space while retaining direct control over placement parameters.
Traditional 2D editors such as Photoshop can produce similar effects but require manual adjustments to
perspective and occlusion. Three-dimensional tools such as Blender render these cues directly but require
3D scene construction and camera alignment. Generative image editors, such as Gemini 2.5 Flash Image!,
can synthesize broad image changes but offer a different form of control and may modify source pixels that a
designer wishes to preserve. DepthScape complements these approaches by combining direct manipulation

of added content with depth-aware rendering over the source image. The current studies establish its value

"https://aistudio.google.com/models/gemini-2-5-flash-image
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for exploration and rapid ideation, but do not directly compare it with these established tools.

6.4.6.1 Semantics and Geometry Extraction

DepthScape’s geometry extraction currently handles primarily single objects and simple geometric types.
Future work could enable more complex compositions. For example, combining the front-facing direction
of a human figure with the normal of a ground plane could produce a richer planar anchor. The visual-
program format can express such multi-element relationships, but reliable synthesis will require additional
examples and evaluation.

Our current system supports planes, cylinders, and spheres as anchor primitives, informed by common
2.5D design patterns observed in our design research and findings from our formative study. Nevertheless,
certain creation needs fall outside this taxonomy, such as decal effects that place content on irregular surfaces
(e.g., cloth), more complex geometries (e.g., cones or tori), or free-floating content not associated with any
object. While our interface currently allows users to manually adjust placement of primitives via parameter

controls, extending support to richer geometry types is an important direction for future work.

6.4.6.2 Advanced Blending Effects

DepthScape uses depth-based blending to enable realistic occlusion and perspective cues, but expert feed-
back points to opportunities in richer physical effects. Shadows, reflections on water or glass, color bleeding,
fog, depth-of-field blur, and motion blur could further blend the inserted content into the scene. We plan
to enable these effects in future iterations by estimating additional environmental cues and upgrading the

rendering pipeline.

6.4.6.3 Limitations

Despite these contributions and future directions, several limitations remain in this project.

Evaluation design. We did not conduct a direct comparison study against industry tools such as Photo-
shop or Blender. DepthScape is currently tailored to 2.5D effects rather than the broader image/3D editing
capabilities of these established platforms. At the same time, existing 2D, 3D, and generative approaches

support different workflows and affordances, making it difficult to design fair and meaningful cross-platform

146



tasks for comparative evaluation. Future work could develop task-specific benchmarks that highlight com-
plementary strengths and situate DepthScape more clearly within the ecosystem of design tools.

System performance. Processing one image currently takes approximately 21 seconds, most of which
is spent waiting for VLM responses. Smaller task-specific models, cached or incremental inference, and
parallel execution of independent visual programs could reduce this latency.

User interaction. Although the current design provides VLM-selected parametric anchors and direct-
manipulation editing, expert users requested finer controls, such as explicitly selecting target objects, speci-
fying anchor types, and manipulating more sophisticated geometries such as splines. Future versions should
also expose intermediate Al outputs underlying automatically generated anchors, including image masks,
geometry-extraction steps, and the VLM’s proposed program. These representations could help users un-

derstand how an anchor was derived, identify errors, and revise the result according to their preferences.

6.4.7 Conclusion

We presented DepthScape, a graphic-authoring tool that combines depth estimation and vision-language
models for 2.5D design. DepthScape reconstructs a 3D scene from a 2D input image and places visual
elements in that scene to produce depth-based occlusion and perspective effects. A VLM synthesizes visual
programs that extract parametric anchors from image semantics and reconstructed geometry, allowing users
to place content through direct manipulation and fine-grained parameter editing. A formative study with
amateur and professional designers informed the final interface and provided initial evidence about the ap-
proach’s usability and support for exploration. A technical evaluation with 100 stock images characterized
processing time, extraction success, output diversity, and failure cases. An expert review and five applica-
tion scenarios further identified promising uses and the precision and integration improvements needed for

professional workflows.

6.5 Frontier Synthesis

SonifyAR and DepthScape demonstrate that a productive human-Al spatial representation must satisfy two
audiences. It must be structured enough for computation while remaining perceptible and actionable for

a person. SonifyAR’s event textualization gives models a compact description of actors, actions, virtual
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objects, and physical context; sound then lets users assess the result through the scene’s auditory character.
DepthScape’s visual programs connect semantic object references to explicit geometry; parametric anchors
then let users assess and correct that geometry through direct manipulation.

The frontier advances the dissertation by treating representation and interaction as part of spatial in-
telligence itself. Human-Al symbiotic spatial perception depends not only on what the Al can infer, but
on whether people can perceive the inference, connect it to the scene and their current intent, and shape it
through meaningful action. Across sound authoring and 2.5D design, object-centered intermediate repre-

sentations provide that shared surface for communication.
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Chapter 7

Synthesis: Toward Human-AlI Symbiotic

Spatial Perception

The four frontiers in this dissertation describe different conditions for a future in which people and Al
systems can perceive the physical world together. Frontier I considers when assistance is useful: it must
be in context, timely, and responsive to the person acting in a scene. Frontier II considers where and
when evidence can be acquired: sensing and representation can extend spatial knowledge beyond immediate
presence. Frontier III considers whose action an Al judgment supports: spatial claims must remain valid
for a particular body, capability, goal, and level of risk. Frontier IV considers how people and Al exchange
spatial knowledge: representations must be understandable, expressive, and open to revision. Together, these
conditions provide a design account of human-Al symbiotic spatial perception grounded in the systems and

evaluations developed throughout the dissertation.

7.1 Contributions

7.1.1 A Four-Frontier Framework

The foundational contribution of this dissertation is a human-centered framework for translating Al world
understanding into useful spatial assistance. The framework does not assume that a sufficiently capable

model will automatically produce a successful human-Al system. Instead, it identifies four requirements
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that connect model capability to physical activity: assistance must be timely and grounded in the current
context; evidence must be acquired from the places, times, and viewpoints relevant to the task; spatial
judgments must be aligned with the capabilities and goals of the person or agent who will act; and spatial
data must be represented through interactions that people can understand and shape. The framework gives
the term human-Al symbiotic spatial perception an operational meaning and provides a common vocabulary
for comparing systems that otherwise span accessibility, mapping, navigation, augmented reality, and visual

design.

7.1.2 System, Interaction, and Benchmark Contributions

Frontier I contributes a complete loop for situated accessibility assessment. RASSAR combines mobile
LiDAR reconstruction, real-time object detection, machine-readable accessibility rubrics, scan guidance,
in-place visual and audio feedback, and post-scan review. Its contribution is not simply a detector. It shows
how sensing, interpretation, personalization, and correction can be assembled into an interaction in which
a person gathers evidence and reviews Al-generated findings while still in the relevant environment. The
stakeholder studies and technical evaluation also identify where this loop remains incomplete, including
limited coverage, mismatches between general standards and individual needs, and inaccessible portions of
the review experience.

Frontier II contributes complementary methods for extending spatial capture. RAIS integrates
robotic navigation with RASSAR’s accessibility-scanning pipeline to test whether predefined audits can
be repeated without a person carrying the sensor. FlyMeThrough addresses larger and less structured in-
door mapping through commodity-drone video, reconstruction, sparse click-based annotation, segmentation
propagation, depth-guided raycasting, and interactive 3D review. The projects establish a continuum of
human-Al labor: automation can execute a structured task when the required evidence is known in ad-
vance, while human guidance remains necessary when local stakeholders must determine which facilities
and objects are meaningful.

Frontier III contributes an evaluation instrument for spatial alignment. CapNav represents indoor
navigation through tour videos, semantic graphs, capability profiles, edge-level traversability labels, and

metrics for feasibility, path validity, route traversability, and reasoning validity. This decomposition prevents
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a plausible final answer from concealing an invalid path or a capability violation. Across 45 scenes, 2,365
navigation tasks, and 5,075 traversability labels, the benchmark provides reusable data and annotation tools
while showing that current vision-language models are substantially less reliable when navigation depends
on multi-view integration, metric clearance, turning space, or embodiment-specific operation constraints.
Frontier IV contributes interaction techniques for making inferred spatial structure usable in au-
thoring. SonifyAR represents interactions among users, virtual objects, and physical surfaces as contextual
events that can guide sound retrieval and generation; programming by demonstration lets creators specify
those events through situated action. DepthScape combines monocular depth reconstruction, depth-based
blending, visual programs, geometry extraction, and parametric anchors that can be directly manipulated
in a 2D viewport. Across the two systems, object- and event-centered intermediate representations connect

machine inference to concepts that creators can inspect, preview, accept, and revise.

7.1.3 Evidence About Designing with Imperfect Al

Across all four frontiers, the empirical contribution is an account of what makes imperfect Al useful without
treating imperfection as solved. The studies show that people can benefit from automated measurements,
propagated annotations, generated sounds, inferred geometry, and model-generated routes, but they also
repeatedly expose the boundary of those capabilities. Detection errors require in-place verification; recon-
struction gaps limit remote maps; capability-conditioned routing fails on dimensions that are difficult to
infer visually; generated sounds vary in quality; and automatically extracted anchors can be geometrically
valid yet unsuitable for a design. These findings support the dissertation’s thesis in a bounded form: useful
spatial assistance can emerge before Al world understanding is complete when systems constrain the task,
expose intermediate results, preserve human control, and evaluate the consequences of errors rather than

only aggregate model performance.

7.2 Cross-Frontier Lessons

Across the four frontiers and six projects, six recurring lessons connect the individual contributions. The first
three concern how people and Al divide and inspect spatial work. The latter three concern representations

of people, stewardship of captured data, and the technical conditions required for deployment. They are
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related, but each identifies a distinct design responsibility.

Start with task-relevant evidence. Spatial systems should not treat comprehensive capture as equiva-
lent to useful understanding. RASSAR and RAIS begin with accessibility and safety criteria; FlyMeThrough
lets people indicate which facilities a map should retain; CapNav makes capability constraints explicit; and
SonifyAR and DepthScape organize generation around meaningful events, objects, and relations. Across
these settings, rubrics, routes, surfaces, objects, and events provide compact structures through which peo-

ple can specify what matters and Al can gather, localize, evaluate, or transform evidence.

Make machine interpretations perceptible and repairable. A geometric reconstruction, model judg-
ment, or generated output becomes useful only when a person can connect it to the observed environment
and current task and correct it when necessary. AR markers, 3D bounding boxes, sound previews, naviga-
tion graphs, and direct-manipulation handles expose different parts of a system’s interpretation. Their value
is not merely presentational: they create opportunities to verify a claim, request more evidence, revise an
anchor, or reject an inappropriate result. Human-Al collaboration is therefore sustained through feedback

and repair rather than unconditional trust [Amershi et al., 2019; Lee and See, 2004].

Use automation to redistribute work while preserving consequential judgment. The projects demon-
strate several divisions of labor. A person can provide goals, local knowledge, capability constraints, and
evaluative judgment while a system measures geometry, propagates annotations, reconstructs a scene, gen-
erates media, or searches for possible routes. A robot or drone can reduce the burden of capture, and an
interactive representation can reduce the burden of expressing spatial intent. In each case, automation is
most valuable when it makes human attention more selective and effective while preserving authority over

the decisions that affect access, safety, navigation, or creative intent.

Representing people is an ongoing design problem. The projects encode people and capabilities in
deliberately different ways. RASSAR begins with stakeholder categories and machine-readable rubrics,
making the criteria visible and customizable; CapNav uses structured JSON profiles, making dimensions
and operational abilities explicit enough to test. A learned or embedded profile could adapt from behav-
ior and context, but it could also make consequential assumptions harder to inspect. Every representation
compresses a person’s changing body, tools, strategies, preferences, and situation. As one RASSAR par-

ticipant observed, accessibility standards are “just a fixed standard for reference” and “cannot ensure fitting
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on everyone.” Future representations should therefore be living, so they can change with current conditions;
detailed, so they can express interacting and nuanced capabilities; transparent, so people can understand
why a profile produced a result; editable, so people can correct it; and verifiable, so its predictions can be
checked against real observations and actions.

Data management determines whether captured space becomes usable. Phones, cameras, robots,
drones, and building systems already make widespread spatial capture technically plausible. The more diffi-
cult problem often begins after collection: deciding what to retain, filtering sensitive information, recording
provenance and freshness, controlling who can inspect or reuse each representation, and compressing large
image, video, and geometry streams into task-relevant forms. Edge processing can reduce transmission and
expose compact derived information instead of raw capture, but it does not by itself settle ownership, con-
sent, or future access. The benefit of spatial data may therefore depend less on whether it can be collected
than on whether it can be protected, maintained, and made appropriately accessible.

Model performance remains a deployment bottleneck. Across the projects, models that perform rea-
sonably in controlled prototypes still make errors that prevent routine reliance in consequential spatial tasks.
Deployment requires improvement not only in average accuracy, but also in robustness to changing view-
points and environments, calibration under missing evidence, and reliability for capability-specific cases.
Latency compounds this problem: continuous guidance may require subsecond responses, while current
multimodal pipelines can take many seconds or longer on complex inputs. More efficient models, local or
edge execution, and task-specific combinations of learned perception with geometry and classical planning
are therefore necessary complements to interface-level safeguards. Section 7.4 examines these constraints

in greater detail.

7.3 Users, Stakeholders, and Scope of Evidence

The word user refers to several different roles across this dissertation. A person may be the intended ben-
eficiary whose capabilities and goals define a system requirement, the operator who captures or annotates
spatial data, a domain stakeholder who contributes local or professional knowledge, or a study participant
whose behavior and feedback support an empirical claim. These roles sometimes coincide.

RASSAR most directly centers disability and accessibility stakeholders. Its formative work involved

153



wheelchair users, blind and low-vision people, caregivers, families with young children, and occupational
therapists; its later evaluation again included people with lived or professional accessibility experience.
These participants shaped the rubrics, scan guidance, feedback modalities, and emphasis on customization.
RALIS inherits that accessibility task definition, but its evaluation is a preliminary technical study rather than
a study with disabled end users. FlyMeThrough addresses a different research question: whether people
with site-specific knowledge can guide the creation of indoor semantic maps. It was therefore evaluated
with building managers and active occupants, who could judge facilities and mapping workflows but were

not recruited to represent disabled visitors or accessibility expertise.

CapNav evaluates representations of capability rather than the lived navigation experience of those rep-
resented. Its five profiles include two human cases, an adult without motor disabilities and a wheelchair
user, along with three robotic embodiments. The wheelchair profile makes capability-conditioned failures
measurable, but its constraints and ground-truth annotations were produced by the research team rather than
validated by wheelchair users navigating the spaces. The benchmark therefore supports claims about model
sensitivity to specified constraints, not claims that its profile captures the diversity of wheelchair use or that
benchmark success guarantees accessible navigation. Similarly, SonifyAR discusses the accessibility po-
tential of sound, but its eight-person study evaluated AR authoring and did not recruit blind or low-vision
creators. DepthScape was evaluated with design enthusiasts and professional designers because its immedi-

ate contribution concerns 2.5D visual authoring.

These populations were selected to match each project’s immediate research question and stage of de-
velopment: lived and professional accessibility knowledge for RASSAR, local building knowledge for Fly-
MeThrough, controlled annotation for a diagnostic benchmark, and relevant creative practice for the author-
ing tools. That rationale does not remove the resulting limitations. Evidence that a workflow is technically
feasible, understandable to a proxy operator, or useful to a creator cannot be generalized into evidence of
benefit for a disability community. Disability is also not a single capability profile; needs vary with body,

sensory access, mobility technology, environment, task, experience, and intersecting identities.

Future work should align participation with the claims being made at each stage. Systems that claim
accessibility benefits should involve the relevant disabled communities in problem formulation, design, and

evaluation, including longitudinal use in consequential settings. Capability profiles should be treated as
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editable hypotheses and compared against lived strategies rather than as complete descriptions of a group.
Studies should also examine who performs the labor of scanning, annotation, correction, and maintenance,
who controls the resulting spatial data, and whose environment is treated as the default. This more explicit
account of participation would strengthen both the validity and the accountability of human-Al symbiotic

spatial perception.

7.4 Current Deployment Constraints

By designing, implementing, deploying, and evaluating projects across the four frontiers, this dissertation
also makes clear why these systems are not yet everyday spatial infrastructure.

Timeliness, accuracy, and bounded context. Spatial assistance depends on an end-to-end pipeline:
sensing, inference, network transmission when models are remote, and feedback must all occur before a
decision has passed. The relevant latency target is determined by the action being supported, not simply
by whether a system feels responsive. In a classic target-acquisition study, performance costs were already
measurable at 75 ms of system lag; at 225 ms, movement time rose by 63.9%, error rate rose by 214%, and
throughput fell by 46.5% relative to an 8.3 ms condition [MacKenzie and Ware, 1993]. These values are
not a universal deadline for every spatial task, but they make the central point vivid: when advice is meant
to guide an ongoing action, an answer that arrives after the action has moved on is less useful, even if it is
correct.

Under the task-relative definition introduced in Chapter 1, the end-to-end workflows in this dissertation
span seconds to hours. RASSAR provides incremental feedback during a scan, but its full researcher-led
scans averaged 99.9 seconds and participant-led scans averaged 3.3 minutes. FlyMeThrough first requires
a drone flight and then a reconstruction pipeline that can take several hours per scene, although later an-
notation stages can be selectively applied to the resulting model. CapNav’s mean non-thinking inference
time was 14.94 seconds, and enabling its thinking setting increased that mean to 123.94 seconds. These
timing profiles can support inspection, planning, and deliberative decision making, but they do not satisfy
the subsecond latency needed for continuous locomotion guidance or collision avoidance. A workflow can
therefore provide real-time incremental feedback without completing every stage in real time; latency must

be evaluated against the decision horizon of each supported action.
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Faster models make some local functions more plausible, but only by narrowing the task, model capacity,
input resolution, or all three. A recent paper on micro-NPU vision-language inference reports a 117.8
CIDEr score for image captioning under a 32 MB constraint and describes millisecond-level inference; this
is encouraging evidence for specialized local VLM components, not an apples-to-apples solution to multi-
view accessibility assessment or navigation reasoning.! More broadly, efficient-VLM research reports both
high throughput on mobile and edge hardware and recurring accuracy-efficiency tradeoffs: for example,
MobileVLM reached 21.5 tokens/s on a Snapdragon 888 CPU and 65.3 tokens/s on a Jetson Orin GPU,
whereas an efficiency-oriented system retained 98.4% of its reference performance while obtaining a 2.2x
speedup [Shinde et al., 2025]. Richer context can also increase latency [Chang et al., 2024], while long tours
and evolving scenes require models to remember, select, and integrate observations across time. Current
multimodal models remain unreliable on multi-view and metric spatial judgments [Yang et al., 2025b] and
generalize unevenly from structured indoor settings to open-world environments [Wu et al., 2026]. Object
and relation hallucinations further mean that a fluent answer can be unsupported by the available evidence

[Li et al., 2023; Guan et al., 2024].

Cloud deployment adds a network-bound delay and makes its tail behavior part of the interaction design.
A recent study of remote visual inference treats round-trip delays from O to 165 ms as a realistic operating
range and uses 100 ms as a concrete evaluation point; its central finding is that remote predictions become
stale as the world changes, motivating a fresh local fallback rather than reliance on the remote result alone
[Jacobellis et al., 2025]. Consequently, future systems must evaluate the full pipeline, including capture,
encoding, transmission, queueing, inference, and feedback, and choose an explicit balance among timing,

accuracy, cost, energy, and safety for the task at hand.

Devices and physical capture. Phone LiDAR, cameras, robotic platforms, drones, and head-mounted
displays make new forms of spatial assistance possible, but their availability and reliability are uneven. Each
constrains sensing range, viewpoint, battery life, computational budget, ergonomics, connectivity, and safe
operation. A phone may be widely available but miss occluded features, surfaces outside its field of view, or

small and movable hazards. A robot or drone can gather additional viewpoints, but requires permission, time,

1Z. Chen et al., “muVLM: A Vision Language Model for muNPUs,” CVPR 2026. Open-access version: https:
//openaccess.thecvf.com/content /CVPR2026/papers/Chen_mVLM_A_Vision_Language_Model_for_
mNPUs_CVPR_2026_paper.pdf.
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maintenance, safe operation, and access to the place being captured. Even within a successful capture, visual
similarity, transparent or reflective materials, repeated geometry, dynamic objects, and changing layouts can

make reconstruction or semantic interpretation incomplete.

It is therefore unrealistic to expect the physical world to become comprehensively scanned and continu-
ously current. Spatial Al will operate with mixed levels of world knowledge: some places will have dense,
recent, task-specific capture; others will have sparse or stale observations; and many will have no usable
digital evidence at all. A system should treat this heterogeneity as an explicit part of its representation rather
than silently filling every gap with a confident world model. It should distinguish what was directly ob-
served from what was reconstructed, inferred, predicted, or imported from another source; communicate the
spatial and temporal extent of its evidence; and identify when an answer depends on missing, old, or weakly
supported data. This provenance and uncertainty are especially important when a judgment affects mobility,

safety, or access.

The resulting design problem is not simply to maximize capture quality. It is to balance quality, availabil-
ity, burden, and timeliness for a particular task. A partial but recent scan may be sufficient for an immediate
local question, while a building-management decision may require corroborating measurements, review, and

a renewed capture.

Privacy, consent, and governance. Spatial capture can reveal layout, object existence, activity patterns,
and personal habits. These data become especially sensitive when images or scans leave the device for cloud
processing, when sensing is repeated over time, or when a drone or robot enters a shared space. The projects
in this dissertation generally reduce exposure through local or tightly controlled capture and processing, but
local deployment alone does not resolve bystander exposure, secondary use, re-identification, or the question

of who may inspect an enduring spatial model.

Recent mixed-reality privacy research frames these risks as a design problem involving both the person
operating a device and people who happen to share the space. Work on bystander privacy emphasizes pro-
tection that does not make the primary interaction unusable [Corbett et al., 2024]. Research on spontaneous
AR interactions develops consent mechanisms for contexts in which people have not had an opportunity to
negotiate capture in advance [Windl et al., 2025], while work on privacy indicators argues that cues must

remain perceivable even when a bystander is situationally impaired [Bukhari et al., 2025]. Together, these
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contributions move beyond a one-time privacy notice toward privacy mechanisms that are visible, contex-
tual, and usable by more than the system’s owner.

Future spatial systems should therefore collect the minimum evidence needed for the present task, prefer
local processing and transformed data when feasible, and make capture states legible through persistent
and multimodal cues. They should support granular, context-specific, and revocable consent; set bounded
retention and sharing rules for raw imagery, reconstructions, and derived annotations; and provide people
with a meaningful way to inspect, correct, remove, or contest data about spaces they inhabit. When a cloud
service is necessary, the system should disclose what leaves the device, which party can access it, how long
it is retained, and how the response will degrade if permission or connectivity is unavailable. Privacy cannot
be reduced to a notice shown after capture: it must shape what is sensed, retained, transmitted, shared, and

made visible to different people.

7.5 Future Directions

Although this dissertation concludes my PhD, I remain committed to advancing the vision of human-Al
symbiotic spatial perception through future research and engineering. Three directions are especially im-
portant:

Edge-native and privacy-preserving spatial inference. Future systems should move more sensing and
inference onto local devices whenever doing so improves responsiveness and keeps sensitive observations
under the user’s control. This does not require that every model run entirely on-device. It requires systems
that make a deliberate, inspectable allocation between local and remote computation, minimize transmitted
evidence, preserve useful uncertainty when the local model cannot answer a question, and retain a safe local
fallback when remote results are delayed or unavailable [Jacobellis et al., 2025]. Such an approach can
reduce network-dependent delays while better protecting both users and bystanders.

Spatial interaction beyond the screen. Shared spatial representations should be available through the
modalities in which people already understand and act in the world: direct manipulation, sound, embodied
motion, physical reference, and situated AR feedback. Recent HCI work shows how direct manipulation
can complement language when people need to communicate complex visual intent [Chen et al., 2025],

and current reviews identify a broadening design space for interaction beyond text-only prompting [Park
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et al., 2026]. The next challenge is to carry these ideas into everyday physical environments, where a person
should be able to point, move, demonstrate, listen, and correct an Al system without translating every spatial
relationship into a digital command.

Living, editable models of people and context. The dissertation uses textual rubrics and capability
profiles because they make assumptions visible and testable. They are nevertheless limited snapshots of a
person’s abilities, goals, preferences, environment, and changing circumstances. Future systems need richer
representations that can be updated from context and interaction while remaining transparent, editable, and
under the person’s control. Personalized accessibility scanning and shared-control navigation provide early
examples of systems that adapt to individual mobility, preferences, and desired levels of involvement [Huang
et al., 2025; Kamikubo et al., 2025]. A mature user model should preserve this agency: it must show what
the system currently believes, let people change it, and avoid silently turning a temporary condition into a
permanent identity.

Human-AlI symbiotic spatial perception will emerge not from a single universal world model, but from
systems that can form, communicate, and revise task-specific shared representations. The research agenda
ahead is to make those representations faster, more trustworthy, more private, and more responsive to the

person whose world they describe.
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Chapter 8

Conclusion

This dissertation began with a simple question: how can Al extend human spatial perception without dis-
placing human judgment? The answer developed here is not a single system or sensing technology. It is
a form of partnership in which Al contributes evidence, inference, and computational reach while people
retain the ability to interpret, question, and redirect the spatial representations on which action depends.
Across four frontiers, the dissertation explored the conditions for that partnership. RASSAR examined
situated, personalized assistance; RAIS and FlyMeThrough extended the reach of spatial evidence; CapNav
made capability alignment a measurable requirement for spatial reasoning; and SonifyAR and DepthScape
treated representation and interaction as core elements of spatial intelligence. Together, these projects show
that useful spatial AI must be timely enough to matter, expansive enough to reach beyond immediate pres-
ence, aligned with the person who will act, and expressive enough for people to inspect and revise.
Human-AlI symbiotic spatial perception is therefore not the replacement of physical experience with
automated descriptions. It is the careful extension of what people can know and do in the physical world.
Its success will be measured by whether an Al system helps someone act with better evidence, clearer

understanding, and greater agency in the places that matter to them.
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