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Abstract

This paper introduces a human-in-the-loop computer vision framework that uses
generative Al to propose micro-scale design interventions in public space and
support more continuous, local participation. Using Grounding DINO and a curated
subset of the ADE20K dataset as a proxy for the urban built environment, the system
detects urban objects and builds co-occurrence embeddings that reveal common
spatial configurations. From this analysis, the user receives five statistically likely
complements to a chosen anchor object. A vision language model then reasons
over the scene image and the selected pair to suggest a third object that completes
a more complex urban tactic. The workflow keeps people in control of selection
and refinement and aims to move beyond top-down master planning by grounding
choices in everyday patterns and lived experience.

1 Introduction

The quality of public urban space is shaped not only by large-scale master planning but also by
small, everyday interventions: a bench beneath a tree, a bike rack near a storefront, or a shade
structure in a plaza. The results of these micro-scale decisions are core to the lived experience of
the city Koolhaas| [1995]). For residents, the ability to make such changes to their surroundings is
constrained by regulation, resource access, or a lack of design knowledge |Velasco and Florean| [2018]].
In their absence, municipalities’ design of these spaces is often generic or devoid of the spatial
knowledge held by residents who use them daily. Our work would help residents make situated
recommendations for the improvement of their surroundings, anchored on specific objects, and in a
decision environment that is constructed from Al-generated suggestions of which additional objects
would most likely create a more successful urban environment |Kindberg et al.[[2000], |Agre|[[1994].

Rather than automating design, this hybrid model uses machine learning to surface possibilities
to allow humans to provide interpretation, judgment, and intent. This collaboration raises timely
questions: How can non-human agents help us to create decision environments that enable more
active public participation? What kinds of local knowledge or spatial rituals can be preserved as
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machine-generated suggestions enter civic processes? And how might systems like this redistribute
design agency, enabling new forms of engagement with the built environment? 12007]

2 State of the Art

Tangible user interfaces that integrate “physical” manipulation with real-time simulation allow
residents and planners alike to test zoning and land-use scenarios through accessible, hands-on
interfaces that link directly to computational simulations [2022]. This foregrounding of
spatial cause-and-effect democratizes access to the many decisions regarding (and the implications
of) involved in macro-level interventions (such as neighborhood density, mobility networks, or
district-wide zoning), but offers limited usability for the everyday, object-scale decisions that define
how individuals inhabit public space, especially at scale. Emerging developments in extended reality
and computer vision have enabled a new mode of interaction with the built environment, treating
physical objects as responsive, queryable agents Kindberg et al.|[2000]. Through real-time semantic
segmentation and large language models, such systems allow users to direct prompts at material
elements within their surroundings, effectively enabling interactions through augmented interfaces
[Ciu et al.| [2024]], Dogan et al.|[2024]], Radford et al|[202T]]. Recent research has also demonstrated
the use of vision-language models to integrate real-world data and sustainability metrics into design
pipelines. [Gupta and Kyaw| [2025]] These interaction paradigms reframe urban elements as digital
endpoints for dialog and design.

3 Methods
Suggestion Layer 1 Suggestion Layer 2
Dataset Statistical VLM
Analysis

ANCHOR_OBJECT
Bench “Bench™; (0.9) “Bench + Trash
"tree", (0.6) "lamp", Can”; "planter",
(0.3) "trash can" "signage", "bollard"
DATA SET ANALYSIS ] [ VLM

__________________________________________

Provide a detailed

"trash can" desi - Meshy.Al
esign so it
visually fits with
{input image} {object} the scene from the
{input image}

description of a
{object}'s
. 0.3) appearance, -
r materials, and AFI m

GROUNDED
DiNo

S

Figure 1: Overview Diagram

The proposed pipeline runs lightweight background object detection as scenes are processed. When a
scene meets the criteria for a potential intervention, an anchor object is specified for that scene by the
user. Once the anchor is set, the system initiates a two-branch decision process.

In the statistical branch, the system retrieves a short list of urban objects that most frequently co-occur
with the anchor in socially active contexts, based on prior co-occurrence analysis using the ADE20K
dataset. The user selects one of these statistically suggested co-occurring objects.

In the semantic branch, the selected anchor and co-occurring object pair is passed to a vision-language
model, which proposes five additional objects that could be added to the scene using contextual and
spatial cues. (see Appendix for the full system prompt).

This staged selection process, beginning with an anchor object chosen by the user and followed by a
co-occurring object suggested by the system, ensures that the resulting set of objects is grounded in



real-world spatial relationships. The objective is to enable the creation of urban tactics composed of
multiple interacting objects.

Once the five additional recommendations are generated, 3D models are produced for each object to
give the user a visual preview. To ensure these models are visually integrated with the existing scene,
we employ a vision language model (VLM). Given an image of the scene, the model is prompted to
“Provide a detailed description of an object’s appearance, materials, and design that could visually fit
with the scene from the input image.” The output description is then used as input to a text-to-3D
generation model, producing scene-consistent 3D assets that the user can select and situate in the
urban space.

In its current stage, user participation occurs at two levels: (1) the user selects an anchor object and
chooses among system-suggested co-occurring elements, and (2) the user may iteratively accept,
reject, or re-prompt VLM-generated recommendations before committing them to the scene. This
iterative loop preserves user intent, ensuring that each regenerated scene remains grounded in human
selection and interpretation rather than autonomous replacement.

3.1 Dataset Analysis
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Figure 2: ADE20K image with listed objects and their parts

The framework’s object analysis relies on running the Grounding DINO model ADE20K dataset.
ADE20K offers over 20,000 labeled images spanning indoor and outdoor environments, with dense
semantic segmentation and scene categorization Zhou et al.| [2017]. Its breadth makes it one of the
few large-scale datasets with labeled public space scenes that include furniture, vegetation, signage,
and infrastructure.

Grounding DINO was selected for its open-vocabulary, zero-shot detection capabilities |Liu et al.
[2024]). However, the model’s reliance on text prompts introduces potential inconsistency in detection
quality, especially in visually cluttered or low-resolution images. Preliminary testing also revealed
false positives in highly textured scenes (e.g., planters confused with trash cans), highlighting the
importance of visual post-processing and vocabulary refinement.

Specifically, scenes are only included if Grounding DINO detects five or more people with confidence
above a specified threshold. This heuristic approximates scenes with higher levels of public activity,
based on the assumption that activated space is correlated with human presence. While this filter does
not guarantee spatial proximity or engagement, it serves as a practical proxy for identifying images
where the co, occurrence of urban objects may relate to actual use and behavior.



This two-stage filtering process, first by scene category, then by population threshold, produces a
set of approximately 900 images, each annotated with object detection results. Object detection is
performed using Grounding DINO model. This approach allows for the detection of urban elements
beyond closed, class labels, which is essential for analyzing micro-scale features often absent from
conventional object detection datasets.

3.2 Co-Occurrence Aggregation and Embedding
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Figure 3: 900 Image Co-Occurrence Matrix

Once urban objects are detected in each filtered scene, the system constructs a pairwise co-occurrence
matrix to capture which elements frequently appear together. For every qualifying image, all
unordered pairs of detected urban objects are recorded in a symmetric matrix indexed by object class.
If a scene includes a bench, a tree, and a trash can, for example, the matrix entries for (bench, tree),
(bench, trash can), and (tree, trash can) are incremented. This aggregation process is repeated across
the dataset to produce a global co-occurrence matrix spanning all scenes of interest.

count(o; A 0;)

Plo | os) = count(o;)

The raw counts in the matrix are then normalized to create co-occurrence probability vectors for
each object. Each row of the matrix is divided by its sum, yielding a vector that reflects the likelihood
of other objects appearing in a scene given the presence of a particular object. These vectors function
as contextual embeddings, not learned via backpropagation, but constructed empirically from real,
world spatial data.

o= [P(o1 | 0), P(oz | 0), ..., P(o, | 0)]

3.3 Vision Language Model

Vision-language models can read style, materials, and spatial cues directly from images. After the
user picks an item from the co-occurrence list, the model receives three inputs: the full scene image,
tight crops and normalized boxes for the anchor and the selected co-occurring object, and a short
scene summary with scene type, a five-color palette, dominant materials, and a coarse near—mid—far
depth sketch.

The model returns five candidates in a compact schema: object type, key materials and finish,
approximate size, color hints, simple placement guidance relative to the anchor or pair, and a one-
sentence justification. This format is short and easy to parse, while still carrying the information
needed for the next stage. To keep suggestions practical, we filter out items that the current scene
cannot support. For example, a crosswalk is often associated with a bench, but it is removed when
the image does not show a street edge or an intersection. Similar feasibility checks look at ground
type, clearance, and obvious access constraints before ranking the final five.



3.4 Mesh Generation

Off-the-shelf text-to-3D models can produce meshes that match a target style when given a clear,
structured prompt. In our workflow, the VLM output is converted into a concise brief and sent to the
Meshy APInoal[2025a] for a first-pass mesh. The system is model agnostic, so other generators can
be swapped in and benchmarked for speed, geometry fidelity, UV coverage, and texture quality.

We normalize scale to real-world units, set the pivot at ground level, and generate a low-poly LOD
for AR. If a mesh fails, we regenerate with a tightened prompt.

4 Results

Figure 4: Pilot Interface in Urban Scene

A pilot version of the interface was created to demonstrate the two steps involved in completing
an urban tactic, using a bench in the image as the anchor object. A similar interface could be
implemented in an AR environment with a headset, giving the user the ability to place and adjust
models in 3D space.

Across varied urban scenes, the pipeline produced placeable suggestions. In Layer 1, the co-
occurrence embedding provided in Appendix A.1 is used to provide object pairs that can complements
to the anchor object, such as benches with trees, trash cans, signs, and lamp posts. We also tested the
VLM with various prominent anchor objects and various co-occurrence pairings with VLM generated
recommendations, as detailed in Appendix A.3.

Examples from four selected scenes with different prominent anchor objects are shown in Appendix
A.2, where the VLM produced contextually specific suggestions such as bus stops, kiosks, and
wayfinding signage. These are the kind of items that a predefined co-occurrence list alone would be
not be able to recommend. The ability to use a VLM in this step is critical because it can combine
visual context, spatial cues, and object semantics to generate recommendations that go beyond
statistical pairings, adapting to the specific scene and producing more functionally relevant, locally
appropriate, and visually coherent suggestions.



Failure modes included weak detections in cluttered scenes, occasional near-duplicate or policy-
sensitive suggestions in Layer 2, and certain object generation errors from the text-to-3D stage. In
particular, Meshy Al sometimes failed to capture all prompt details. For example, chess table patterns
were rendered inaccurately, and a drinking fountain described with a lower basin did not reproduce
that feature correctly (Figure 5). These limitations highlight the need for a tighter vocabulary, region-
aware guidance, stronger negative examples, and improvements in the downstream 3D generation
stage.

Outdoor Chess Table,"A square outdoor chess table made from smooth, light-gray concrete with a polished top
surface inlaid with a 64-square chessboard pattern in contrasting dark charcoal and pale stone tiles. The table
measures approximately 3 feet wide and 2.5 feet high, supported by a central cylindrical pedestal base for stability.
Two separate backless stools, each 18 inches high and 16 inches in diameter, accompany the table, crafted from the
same concrete with wooden circular seats in a warm, weathered finish. The design is modern yet durable, blending
with urban park aesthetics."

Drinking Fountain,"A cylindrical stainless-steel drinking fountain standing 3.5 feet tall, featuring a rounded top with a
slightly recessed basin and a single arched spout operated by a side push button. The base flares subtly for stability,
and the surface is brushed to reduce glare while adding texture. An additional lower basin, 2 feet high, is integrated
into the side for children or wheelchair users. A discreet drainage grate encircles the base to manage overflow. The
minimal, functional design complements both natural and built park elements."

Bike Rack,"A set of six inverted-U style bike racks made from powder-coated steel in matte black, each measuring 3
feet tall and 2.5 feet wide. The frames have rounded edges and a continuous tubular form for durability and ease of
locking bicycles. All racks are bolted to a flat rectangular steel base plate for secure installation. The design is simple,
practical, and cohesive with common park and street furniture aesthetics.”

steel, forming a dynamic wave-like profile. The sculpture measures about 5 feet in length, 3 feet in width, and 3 feet in
height. Its surfaces feature a rich, rust-orange patina with subtle variations in tone, giving it a warm, earthy character.
The form is designed to be visually engaging from all angles, with smooth, flowing curves and cut-out sections that
create shifting light and shadow patterns.”

Planter with Seasonal Flowers,"A large rectangular concrete planter measuring 6 feet long, 2.5 feet wide, and 2.5 feet
high, with slightly beveled top edges for a refined finish. The exterior surface is textured light-gray concrete,
harmonizing with urban pavement and seating. Inside, a layered arrangement of seasonal flowers—such as bright
marigolds, deep purple petunias, and tall ornamental grasses—creates a varied and colorful display. The planting
design ensures year-round interest, with a mix of heights, colors, and textures for visual richness."

Iﬂ
6 Public Art Sculpture,"A contemporary abstract sculpture composed of intersecting curved panels of weathered corten

Figure 5: Mesh generated using VLM generted recommendation and discription

5 Limitations and Future Work

The current system estimates object co-occurrence based on pixel distance in 2D images, which
does not capture true 3D spatial relationships and may reduce precision when proposing site-specific
interventions. In addition, the dataset is biased toward certain geographic and cultural contexts,
limiting generalization. Future directions include integrating 3D scene understanding from RGB-D
or multi-view video, adapting the interface for continuous use on AR headsets, expanding datasets
for greater diversity, and incorporating post-deployment feedback to refine suggestions. There is
also potential to link the system with civic reporting platforms [noal [2025b]], allowing proposed
interventions to be shared with local authorities and, over time, letting real-world outcomes inform
future recommendations.

Vision—language models (VLMs) face several limitations when applied to recommendation tasks in
urban design contexts. They may struggle to account for nuanced, location-specific social, cultural, or
legal constraints, leading to suggestions that, while visually plausible, may be socially inappropriate
or non-compliant with local regulations. VLMs also often lack access to critical non-visual factors
such as spatial measurements, traffic patterns, and accessibility requirements, which are essential for
determining the practical suitability of an object in a given location. Furthermore, biases in training
data, particularly if it is dominated by imagery from specific regions such as North America or Europe
can result in recommendations that overlook local architectural styles, materials, and street usage
patterns in other regions. Finally, VLMs cannot directly assess installation feasibility, meaning they
are unable to consider site-specific constraints such as terrain, underground utilities, or budget.

Future iterations will ideally include a participatory evaluation, where users can directly edit proposed
scenes. This will allow measurement of how the AI’s recommendations influence, align with, or
diverge from user intent, helping to refine regeneration fidelity and interpretability.



6 Conclusion

This framework is both a technical system and a design argument. As a system, it operationalizes
co-occurrence embeddings and semantic reasoning within a human-in-the-loop AR interface, enabling
residents to propose micro-scale interventions grounded in statistical spatial patterns and their own
situated knowledge. As an argument, it contends that the city's smallest parts (benches, trees, lights)
are as consequential to urban life as its master plans, yet remain largely inaccessible to participatory
design at scale. By placing computational intelligence in the immediacy of the site, the framework
transforms the urban environment itself into a living model, where design emerges from dialogue
between people, objects, and algorithms. In doing so, it reframes Al as a collaborator in everyday
spatial authorship, embedding lived experience directly into civic processes and advancing a model
of local spatial intervention.
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A Technical Appendix

A.1 Co-Occurence Matrices

Figure 6: Co Ocurrence Matrices per sub folder

The system was tested on a curated subset of the ADE20K dataset, Itered to include approximately
300 urban scenes with high pedestrian density. For each scene, urban object detections were processed
using Grounding DINO, and co, occurrence statistics were aggregated into a global matrix across
all scenes of interest. The resulting matrix revealed clear and intuitive spatial associations among
frequently detected objects.

For example, the object class “bench” co, occurred most often with “tree,” “trash can,” “sign,”
and “lamp post.” Similarly, “planter” frequently appeared with “fence,” “balcony,” and “sidewalk.”
These pairings align with common public space con gurations and validate the hypothesis that co,
occurrence vectors can re ect real, world design patterns.



A.2 Embeddings

Table 1: Top 5 Co-Occurrence Embeddings

Anchor Object Embeddingl Embedding2 Embedding3 Embedding4 Embedding5
bench window tree sign traf c light crosswalk
tree traf c light window sidewalk door planter
planter tree sidewalk window balcony traf ¢ light
sign traf c light window crosswalk tree sidewalk
sidewalk window traf c light tree planter sign

curb window sign traf c light sidewalk crosswalk
crosswalk traf c light window sign tree sidewalk
fence window sidewalk tree planter traf c light
pole window traf c light tree sign crosswalk
traf c light sign window tree crosswalk sidewalk
lamp window door tree stairs sidewalk
trash can window tree traf c light sign door
bicycle window traf c light pole fence sidewalk
balcony planter tree sidewalk fence door
railing window pole bicycle fence sidewalk
stairs traf c light window sidewalk tree door

door tree window traf c light sidewalk crosswalk
window traf c light sidewalk pole fence bicycle

A.3 System Prompt

User Prompt You are given an input image of an urban scene along with an anchor object and a
co-occurrence object. Based on the scene in the image, propose ve options for a third object that
would plausibly tinto the scene in a socially active public space.

For each object, provide:
Object — The object's name.

Description — A detailed paragraph that can be directly used for text-to-3D generation. This descrip-
tion must specify the object's appearance, materials, approximate scale, color palette that matches the
scene, style cues, likely placement relative to the anchor and co-occurrence objects, and functional
details such as geometry, key components, and reasonable dimensions. Ground every detail in the
visual context of the provided image so that the 3D model will integrate naturally into the scene.
However, do not specify where the object is supposed to be placed in the scene. It should be an
independent object without a background. Avoid brand names, unsafe elements, or features that block
primary circulation.

Only output the result as a CSV le with exactly two columns: Object and Description. Do not
include any other commentary or formatting.

Inputs:

Scene image: lename
Anchor object: objectl
Co-occurrence object: object2
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A.4 Additional Examples and Scene Outputs from VLM-Generated Recommendations and
Descriptions for 3D Generative Al.

Figure 7: Pilot Interface in Urban Scene 2

Outdoor Chess Table,"A square outdoor chess table made from smooth, light-gray concrete with a
polished top surface inlaid with a 64-square chessboard pattern in contrasting dark charcoal and pale
stone tiles. The table measures approximately 3 feet wide and 2.5 feet high, supported by a central
cylindrical pedestal base for stability. Two separate backless stools, each 18 inches high and 16
inches in diameter, accompany the table, crafted from the same concrete with wooden circular seats
in a warm, weathered nish. The design is modern yet durable, blending with urban park aesthetics."

Drinking Fountain,"A cylindrical stainless-steel drinking fountain standing 3.5 feet tall, featuring a
rounded top with a slightly recessed basin and a single arched spout operated by a side push button.
The base ares subtly for stability, and the surface is brushed to reduce glare while adding texture.
An additional lower basin, 2 feet high, is integrated into the side for children or wheelchair users.

A discreet drainage grate encircles the base to manage over ow. The minimal, functional design
complements both natural and built park elements."

Bike Rack,"A set of six inverted-U style bike racks made from powder-coated steel in matte black,
each measuring 3 feet tall and 2.5 feet wide. The frames have rounded edges and a continuous tubular
form for durability and ease of locking bicycles. All racks are bolted to a at rectangular steel base
plate for secure installation. The design is simple, practical, and cohesive with common park and
street furniture aesthetics."

Public Art Sculpture,"A contemporary abstract sculpture composed of intersecting curved panels of
weathered corten steel, forming a dynamic wave-like pro le. The sculpture measures about 5 feet
in length, 3 feet in width, and 3 feet in height. Its surfaces feature a rich, rust-orange patina with
subtle variations in tone, giving it a warm, earthy character. The form is designed to be visually
engaging from all angles, with smooth, owing curves and cut-out sections that create shifting light
and shadow patterns.”

Planter with Seasonal Flowers,"A large rectangular concrete planter measuring 6 feet long, 2.5 feet
wide, and 2.5 feet high, with slightly beveled top edges for a re ned nish. The exterior surface
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