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Figure 1: We introduce ArtScape, an automated, large-scale artwork cataloging and exploration tool that detects, locates, and
describes urban artwork in four categories, then interactively presents it. Users can (a) search and filter, (b) generate personalized
tours, (c) see artwork across entire regions, and (d) engage with AI-generated metadata such as descriptions, titles, and alt text,
and submit per-artwork feedback. Refer to video demo for further details.

Abstract
Urban art brings cultural expression, community identity, and aes-
thetic enrichment to cities. Currently, there are no systematic ways
of exploring urban art at scale. We introduce ArtScape, a VLM-
based interactive tool that lets users view, search, filter, and tour
four categories of art (murals, mosaics, sculptures, graffiti). To com-
prehensively and automatically detect urban artwork throughout a
region, we designed a custom five-stage pipeline that uses VLMs
to detect and describe urban artwork within 360° panoramic Street
View images, achieving a micro-F1 of 0.83 on an urban art dataset
we labeled. ArtScape categorizes, describes, and scores the reach-
ability and interestingness of each artwork while deduplicating
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based on proximity and similarity. We evaluated this tool with 12
participants spanning urban planners, artists, sighted users, and
blind and low vision users. Our findings show that ArtScape’s at-
scale AI artwork curation enables granular and aggregate urban art
discovery, thereby helping people learn about their communities
and city-wide trends, motivating in-person urban exploration, and
expanding perceptions of what constitutes urban art.
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1 Introduction
Urban artwork is an enriching feature of cities, providing social,
political, and aesthetic value and fostering community identity. De-
spite the ubiquity of urban art, its discoverability is bottlenecked by
real-world interaction—there is currently no large-scale urban art-
work dataset with accessible artwork information. What does exist
is limited to manually-collected catalogs, which are labor-intensive
to create, inaccessible, and biased towards “sanctioned” art forms,
ignoring graffiti and other ephemeral work. This discoverability
problem is particularly acute for blind and low vision (BLV) people,
given the widespread inaccessibility of visual art both in-person
and online [46, 54].

Prior work has yet to catalog urban artwork at scale due to chal-
lenges with defining, and therefore detecting, urban art. Urban
artwork lacks a uniform definition—some scholars emphasize so-
cial engagement [51] and environmental integration [39], while
existing databases like the Public Art Archive [82] enumerate urban
artwork categories such as murals, mosaics, and performance art
but leave out graffiti [65]. On the technical side, existing work in
computer vision has identified and described a variety of features
such as signage [55], bus stops [49], and building facades [56] in ur-
ban streetscapes by training/fine-tuning models or using zero-shot
models such as Vision Language Models (VLM). However, these
benefit from a constrained search spacewith existing datasets or con-
crete rubrics. Prior work on detecting urban art is largely limited to
graffiti, relying on pre-existing, manually curated datasets [22, 52].
Collectively, the disparate definitions and absence of any urban art-
work datasets means there is currently no way to comprehensively
detect, curate, and catalog urban artwork with prior methods.

We introduce ArtScape: the first automated, large-scale art explo-
ration tool that detects, locates, and describes urban artwork
in four categories (murals,mosaics, sculptures, graffiti) using Google
Street View (GSV), and interactively presents these detections via
an accessible interface that augments online and real-world art ex-
ploration. The automated pipeline identifies urban artwork in GSV
images using criteria we synthesized from prior work [46, 51, 65, 73].
We pass each GSV panorama through a five-stage pipeline (Figure 2)
to adhere to these criteria and produce rich descriptive informa-
tion: (1) image preprocessing to reduce context-window and token
burden; (2-3) two VLM passes with concrete rubrics to exhaustively
detect, characterize, and describe artworks; (4) geolocation using
DA360 [44], a monocular depth estimation model; and (5) artwork
deduplication using DINOv3 [80] embeddings. We then designed
an accessible tool for interactively and meaningfully exploring
these thousands of artworks. ArtScape presents artwork in both list
and map modalities, supports filtration by type, size, confidence,
interestingness, description, and neighborhood, and includes a built-
in tour functionality that highlights art on a user-specified path.
Through our system, we emulate the spontaneous discovery of
artwork in the real-world while also achieving what in-person ex-
ploration cannot: city-wide pattern analysis, neighborhood-level
trend understanding, and cross-artwork comparison at scale.

To evaluate ArtScape, we collected and hand-labeled a Street
View Image (SVI) dataset of 704 images, and achieve a micro-F1

of 0.83 to detect art in our test set. We find that ArtScape’s AI-
generated descriptions are highly descriptive and accurate, via man-
ual scoring of 204 randomly sampled art pieces by two researchers.
We also conducted a user studywith 12 participants spanning artists,
urban planners, and sighted and BLV individuals. Our findings
show that ArtScape unlocks multi-level insights and complements
in-person exploration, helping users appreciate known works and
discover unfamiliar ones. AI curation also provided unique oppor-
tunities by lowering the barrier for participants to actively and
critically interact with artwork, suggesting that transparent AI
usage can invite broader participation in cultural curation.

In summary, we contribute (1) a new algorithmic pipeline that
detects, locates, and characterizes size-, shape-, and style-agnostic
urban artwork at scale, (2) an interactive, accessible urban art-
work exploration and engagement tool that enables city-wide
trend understanding and discovery, (3) empirical findings demon-
strating how AI-curated urban art enables multi-level discovery
and deepens critical engagement, and (4) a benchmark dataset
of four categories of urban artwork in 704 Street View images. To
support open science and enable others to build upon our work, we
release both our annotated dataset1 and all code.2

2 Related Work
We first provide background on urban artwork typologies, then
situate our work in research on urban feature detection, artwork
description, and urban art exploration tools.

2.1 Urban Art Typology
There is no single definition or typology of urban artwork. While
scholars emphasize attributes such as social engagement [51], non-
commerciality [11], site-specificity [51], and environmental inte-
gration [39], for this work, we adopt a broader definition: urban art
encompasses any outdoor and publicly accessible artwork, commis-
sioned or not. Public art, a subset of urban art, refers specifically to
publicly funded artwork commissioned via a public process [73, 93].
Existing public art repositories (e.g., the Public Art Archive [82],
Project for Public Spaces [73]) enumerate categories for murals,
mosaics, sculptures, performance art, and other art types distin-
guished by material or topic (e.g., fiber art, environmental art). Our
typology builds on Jiang et al.’s urban artwork taxonomy consisting
of murals (2D, on flat surfaces), mosaics (2.5D, also on flat surfaces),
and sculptures (3D, typically freestanding or on pedestals) [45, 46].
We additionally surface uncommissioned graffiti artwork (spray
painted tags or lettering) as a fourth category of our typology due
to its ubiquity and cultural meaning in urban spaces [10, 65].

2.2 Detecting Urban Features with AI
ArtScape’s VLM pipeline is unique in that it centers on detecting
scale-, shape-, style-, and location-variable artwork in streetscape
imagery. While there is a large body of existing work in streetscape
object detection and characterization, it largely focuses on either
ranking the holistic features of a street (e.g., roads [42], foliage [25],
walkability [19]), or detecting objects with already known rough
positioning (e.g., curb ramps [70], building facades [56, 58]) or

1https://huggingface.co/datasets/makeabilitylab/urbanartwork
2https://github.com/makeabilitylab/artscape
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constrained shapes (e.g., traffic signage [55], sidewalks [75], bus
stops [49], parking [43]). For example, Liang et al. train an R-CNN
with a traffic sign dataset to detect traffic signage in images [55].
Without model training, Cai et al. use VLMs to look for the existence
of specific features in streetscape imagery to score walkability [19].
In these cases, through either a pre-existing dataset of objects, or a
pre-defined, constrained search space, existing work has accurately
detected or described objects in streetscape imagery. However, ur-
ban artwork has no existing dataset of artwork in its varying types,
shapes, and styles—a dataset that this paper contributes.

In caseswhere existingwork has detected artwork in streetscapes,
it primarily only focuses on a single subtype of artwork, thereby
constraining the detection space. One popular area of interest is
graffiti detection, aimed not at surfacing cultural relevance or artis-
tic value but automated vandalism detection [7, 15, 22, 35, 52, 69,
84, 85, 88]. Other work has examined murals [7, 35, 89] and sculp-
tures [41, 76]. For example, Bomfim et al. [15], Wang et al. [88], and
Lavi et al. [52] all train detection models on custom curated graf-
fiti datasets (e.g., [22]) or web-scraped graffiti datasets (e.g., [52]),
and Alzate et al. do the same for murals [7]. However, these works
use convolutional neural networks (e.g., [15, 41]), or transformer
based models (e.g., [88]) that all require prior training or fine-tuning.
ArtScape is the first to utilize a state-of-the-art VLM to detect mul-
tiple categories of urban art of varying artistic styles and shapes
simultaneously, throughout a region and without prior training—
while also describing, rating, and locating each art piece.

2.3 Describing Artwork with AI
A key feature of ArtScape is automatically generating titles, de-
scriptions, and alt text for detected artwork, drawing on prior
work [8, 21, 23, 29, 33, 46, 90]. While a variety of models have been
used for describing artwork, (e.g., CLIP [21], BERT [29]), recent
VLM/LLM advances have significantly improved art description
capabilities [23, 90]. For example, Chheda-Kothary et al. use LLMs
to generate descriptions of children’s artwork for mixed-ability
families [23], Jiang et al. explore BLV users’ perspectives on us-
ing LLMs for generating urban art descriptions [46], and Arita et
al. investigate whether LLM generated descriptions can be distin-
guished from human-written descriptions [8]. Inspired by these
works, ArtScape uses a VLM to generate descriptions of each piece’s
contents and color, revealing potentially subtle details while sup-
porting accessibility for BLV users.

However, Jiang et al. found that participants often wanted more
cultural information in descriptions [46]. Some work addresses this
on traditional artwork (e.g., Renaissance paintings) via retrieval-
augmented generation (RAG), augmenting the LLM’s knowledge
with external sources [33, 90]—for instance, providing additional
context (e.g., artist) and querying a pre-constructed knowledge
graph [90]. However, in these cases, the input is assumed to be
known artwork with a clean image for inference. As ArtScape oper-
ates on urban art that is more transient and may lack documented
history or a known artist, we consider RAG-supported description
generation out of scope but a promising direction for future work.

2.4 Urban Art Exploration Tools
The increasing popularity and ubiquity of urban artwork has given
rise to urban artwork tourism, also known as “mural tourism” [20,
71, 81]. In the U.S. alone, cities such as Detroit [72, 87] and Seat-
tle [12, 77] offer guided public art tours. In recognition of this
interest in urban art, researchers have leveraged augmented reality
to enhance in-person street art engagement by overlaying artwork
meaning, history, and artist information on murals [36] and provid-
ing animations and interactive mini-games [13]. Databases such as
the Public Art Archive [82] and Google Arts & Culture’s Street Art
collection [38] also document andmap out urban art. However, prior
work has been limited to a small set of manually curated artworks
and does not support participant-led exploration; with ArtScape,
we combine automated, at-scale detection of urban artwork with
interactive, personalized exploration and touring capabilities.

3 The ArtScape Pipeline
Grounded in prior literature, we built and evaluated the ArtScape
prototype, the first accessible interactive urban art exploration tool.

3.1 Pipeline Implementation
To comprehensively catalog scale-, shape-, style-, and location-
variant urban artwork across a wide region, we introduce a novel,
custom VLM pipeline that detects, geolocates, and characterizes
art in widely-available Street View imagery. State-of-the-art VLMs
are remarkable at making zero- or few-shot inferences to identify
features within images without domain-specific fine-tuning [74],
making them perfectly suited for our task of detecting artwork with
no prior training set. However, they are not omniscient—and unlike
objects such as trees, sidewalks, or signage, there is no uniform
understanding of what exactly is urban artwork. Grounded in prior
literature [46], we target four categories of urban artwork: murals,
mosaics, sculptures, and graffiti. While some prior work [45, 46] does
not include graffiti, we consider it as a distinct artwork category,
recognizing its cultural and political value [65], its association with
socioeconomic trends [52, 66], and its prominence within prior HCI
research for detection [52, 69, 88].

The key challenge in applying VLMs to the task of exhaustive art
detection is (1) communicating in a prompt the line between “art-
work” and “urban feature” that we intuitively understand as humans
and synthesize from prior work, and (2) filtering out extraneous
detections that do not conform to the guidelines we enumerate. Our
pipeline consists of five stages to maximize performance: image pre-
processing, exhaustive artwork detection using a VLM, detection
filtration and characterization using a second VLM pass, detection
enrichment via geolocation using monocular depth estimation, then
finally artwork deduplication. This pipeline forms the backbone
of ArtScape’s ability to enable city-scale artwork exploration and
regional trend understanding. Artificial Intelligence was used to
assist with implementation and we carefully reviewed all code. See
Figure 2 for the pipeline components, which we describe below.

3.1.1 Street View Images: Sampling a Region. We use Google Street
View (GSV) [5] for its highly comprehensive coverage of cities from
a ground-level view, allowing us to traverse streets and search for
urban artwork akin to in-person exploration. A critical decision,



UIST ’26, November 02–05, 2026, Detroit, MI, USA Jiang and Hwang et al.

Figure 2: ArtScape is comprised of a five-stage pipeline: (1) sampling, downloading, and preprocessing panoramas from Google
Street View; (2) detecting urban artwork in the panoramas with a VLM; (3) filtering false detections and characterizing each
artwork with descriptions, titles, and interestingness, with a second VLM pass per artwork; (4) geolocating artwork to a position
in the real world using DA360 [44]; and (5) deduplicating instances of the same artwork, prioritizing better viewing angles.

however, lies in choosing which images to fetch from GSV. Using
OpenStreetMap’s [3] road network, we sample points at 30 meter
intervals along each network edge (and the midpoint for those
shorter than 30m) to balance between having complete line-of-
sight to all points on a given street and resource consumption. We
return to this tradeoff in Section 6.1. This produces 51,251 street
edge sample points in Seattle. Then, for each sample point, we
query and download the closest available SVI within 10 meters
using the GSV API [5], resulting in 49,859 total unique images in
Seattle which we pass to our artwork detection pipeline.

3.1.2 VLM Passes. To effectively communicate our conception
of urban artwork to a VLM for object detection and description,
we must address two key challenges: (1) panoramic images are
both large in filesize and cover an expansive area, increasing the
burden in tokens and context for a single VLM call, and (2) by tar-
geting exhaustive detection, the VLM may both misinterpret and
overzealously detect objects that do not belong in our categoriza-
tions, exacerbated further by limited thinking budget as a result of
(1). As such, we take three steps to augment and refine the VLM
output: image preprocessing to maximize tokens-per-image, a first
pass over entire panoramic images targeting exhaustive artwork
detection, and a second pass to filter extraneous output from the
first pass while also generating high-quality descriptions. For all
VLM calls, we use Gemini 3 Pro [4] for its state-of-the-art object
identification and description capabilities, as well as its ability to
generate bounding boxes around objects without additional model
head or output layers. We describe each step in detail below.

Preprocessing. In informal experiments, we found that when
passed the entire 360° panorama (6,656 pixels × 3,328 pixels), the
VLM both inadequately adhered to our guidelines and failed to
consistently detect small or occluded objects. We hypothesized that
the primary constraint was the limited context window and think-
ing budget needed for a large image. As downsampling panoramas
may lead to small artworks or details becoming indistinguishable,
we opt to instead split the panoramas into six slices and call the

VLM on each slice individually. In this way, the VLM operates on
a much smaller image, improving detection quality. Each slice is
120°, sharing overlap with neighboring slices, to circumvent having
to recombine objects split at seams. For each slice, we only accept
detections whose centroid exists in the center 60°, ensuring objects
are detected in their entirety. Note that our preprocessing strat-
egy lowers tokens spent per API call, of which there are six per
panorama. It does not lower tokens spent per panorama.

First VLM Pass. We use the first VLM pass as an exhaustive
detection pass—passing each panorama slice to the VLM and asking
it to find all instances of art in the image while also categorizing
and describing them. This task is not trivial; as artwork is inher-
ently subjective, we include several concrete rubrics and guide-
lines to indicate to the VLM what art is of interest. For the full
prompt, see Section A.2. In summary, we provide category descrip-
tions and expectations to set the stage (e.g., “Mural: Paint on walls,
ground, infrastructure, Pictorial/large-scale designs.” ) Second, we
describe inclusion and exclusion locations, targeting only perma-
nently installed, non-transient artwork: “Include: art on utility
boxes, dumpsters...” , “Do not include: architecture, advertisements...”
Third, we include a checklist of questions, where any “yes” response
would disqualify a piece of art: “Is this a road or ground mark-
ing (crosswalks, utility markers...)?” Fourth, we highlight easily
missed locations: “Utility infrastructure, ground surfaces and over-
head structures...” Last, we provide expectations for each descriptive
field (i.e., confidence, description, alt text, reachability): “include
Subject matter: what is depicted, Colors & palette, Style & tech-
nique...” Through our prompt, we specify precise guidelines for
the VLM to follow, translating subjective ideas about artwork and
creativity into grounded and specific features.

Second VLM Pass. The first pass alone produces a large number
of detections that do not adhere to our guidelines (i.e., false posi-
tives). Thus, a second VLM pass runs only on individual cropped
detections, targeting (1) filtering out false positives and (2) auditing
the first pass by fixing misclassifications and generating detailed
descriptions, a title, and an “interestingness” score. In prompting,
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we take a similar approach as before and reiterate the same guide-
lines: first by including art categories and definitions, second by
including the same checklist (e.g., “Is this a road/ground marking?” ),
and third by explicitly asking if the artwork appears to be com-
mercial. In addition to verifying that a detection is artwork, we ask
the VLM to audit the description generated by the first pass: “Does
the description accurately capture subject, colors, style material...
condition? Does the alt text concisely summarize the artwork?” We
also ask for an “interestingness” score: “Rate how likely this piece
would be to appear on a neighborhood urban art walking tour: 1:
Barely notable... 3: a respectable piece a tour guide would point out
in passing... 5: a landmark piece people would seek out specifically.”
Lastly, to support accessibility for BLV people who may wish to
visit in-person, we generate a reachability rating, inspired by prior
work on tactile access for artwork (e.g., [17, 24, 46]). See Section A.3
for the full prompt.

3.1.3 Distance Filtering and Geolocation. The VLM pipeline yields
artwork detections in an SVI and its approximate (camera) location
in the real-world. However, we do not know where on the street
it is precisely located, nor if our view of the artwork is ideal. We
encounter three potential issues: (1) as we prompt the VLM for
exhaustive detection, there may be many detections that are far
away, small, and with poor viewing angles; (2) by detecting all
objects that the camera can see, there will be significant duplicate
detections from SVIs that are nearby; and (3) we have no fine-
grained understanding of the real-world location of each artwork
beyond camera position. To address all three issues, we estimate the
distance of each artwork’s centroid from the camera and filter out
artwork farther than 25 meters away. We choose 25m as it is just
under our 30m sampling interval, allowing for some error buffer in
our depth estimation.

To estimate distance, we useDA360 [44], a state-of-the-artmonoc-
ular depth estimation model that accepts panoramic images directly
and predicts scale-invariant depth. Because DA360 does not provide
absolute depth (i.e., meters), rather, depth scaled by a per-image
scaling factor, we must determine each SVI’s scaling factor. Un-
fortunately, there is no uniform reference point in SVIs to derive
this scaling factor. However, as all SVIs are taken in a similar envi-
ronment (i.e., outdoors streetscapes), we assume this scale will be
relatively similar across all SVIs. We randomly sampled 20 Seattle
SVIs and used objects with known lengths (e.g., cars, signage, cones)
to calculate the scaling factor for each image, averaging to 2.54.
We apply this factor uniformly across all SVIs for depth estimation.
Finally, with the estimated real-world distance of each artwork, we
derive the latitude and longitude of each object from the heading
of the image, position of the object in the panorama, and distance
from the camera.

3.1.4 Deduplication. To further ensure that our detections are of
high quality and at good viewing angles, we run a deduplication
step to filter out detections of the same object and choose the one
that occupies the largest FOV in its panorama (i.e., was closest
to the camera). This has the added benefit of removing duplicate
objects due to variance in the distance filtering or images not being
precisely 30m apart. To do so, for each detection crop, we generate
embedding vectors using DINOv3 (ViT-B/16) [80], a state-of-the-art
image understanding model. Then, to determine if two detections

Figure 3: Common false negatives include distant and off-
angle pieces. Common false positives include objects we do
not consider urban artwork (Section 5.2.3), e.g., bus stop dec-
oration, posters, or store-front decoration.

are the same, we take the cosine similarity of their embedding
vectors: if above 0.88, they are determined to be the same, if below
0.7, they are determined to be different. Between 0.7 and 0.88, we use
SuperPoint [27] to extract key features and LightGlue [57] to match
feature points as the deciding factor: if the two detections have
greater than 30 matching points, they are considered duplicate.
All thresholds were determined experimentally. To compare all
detections across Seattle, we run a grid search, whereby we assume
that our geolocation is accurate within 50m. We segment the map
into a 50m grid and compare each artwork to every artwork in its
grid cell and the eight neighboring cells. Sets are constructed of
matching objects, and all but the largest of the set is discarded.

3.2 Evaluation
We evaluate our VLM pipeline, examining our ability to (1) de-
tect objects in panoramic Street View images compared to a hand-
labeled image dataset and (2) generate appropriate and accurate
descriptions according to two human judges.

3.2.1 Dataset. To generate the first-ever urban artwork training
dataset from streetscape images, we created and hand-labeled a
704 image dataset composed of GSV images from artwork-dense
regions in six cities: Seattle, San Francisco, San Diego, New York,
Philadelphia, and Detroit. One researcher manually labeled every
instance of urban art in four categories (murals = 581, mosaics = 73,
sculptures = 157, and graffiti = 494, total = 1,305) using polygonal
masks for larger objects and rectangular bounding boxes for smaller
objects (e.g., small graffiti tags). For ArtScape, we split the dataset
into 50/50 validation/test splits, using the validation set for iterating
on our custom prompts and the test split for final evaluation. This
is the first dataset that captures a wide variety of urban art from a
street-level viewpoint; we release it for open science.

3.2.2 Object Detection. To evaluate our VLM pipeline’s artwork
detection ability, we first run our pipeline on the test set (# im-
ages = 352, # objects = 673) without deduplication, which is only
relevant when cataloging a region. We match detected objects to
ground truth using a fuzzy approach, as we prioritize whether the
artwork will be captured in the final detection list (e.g., if there is
a graffiti piece on top of a mural) over boundary accuracy. First,
we use the Hungarian method for bipartite matching [48], with
an Intersection Over Union (IoU) threshold exceeding 0.5. Matched
objects are removed from both ground truth and predicted pools.
Second, if any remaining ground truth objects fully envelop any
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predicted labels (or vice versa), they are considered matched and
removed from the pool. Third, if any remaining detections are
within 300 pixels of a ground truth detection, they are matched (as
Gemini’s bounding box detection can be offset by some amount).
Therefore, if a ground truth object was matched, it was captured in
the detections, though it may not have its own individual label.

For all aggregated performance statistics (precision, recall, and
F1), we use the micro-average to capture holistic performance of
the model across classes. Misclassifications are considered true
positives as we are primarily concerned with detection rate. We
encourage readers to observe the per-class statistics in Table 1.
Overall, our pipeline performs well, with a precision of 0.77, recall
of 0.88, and F1 of 0.83. We consider recall to be the most valuable
metric (and we optimized our performance for it), as it is easier to
correct a false positive than find a false negative. See Figure 3 for
example false negatives and positives, and Figure 5 and Section A.1
for successful detections.

3.2.3 Distance Scaling Factor. To evaluate potential variance intro-
duced by assuming a uniform scaling factor for estimating distance,
we take the average and standard deviation of our 20 derived scal-
ing factors. We find the average is 2.54 (used in the pipeline), with
a standard deviation of 0.28 (11% of the mean). Assuming the distri-
bution holds over all Seattle panoramas, this means that a majority
of distances we estimate are accurate to within ∼11%. As artwork
heading is more critical for geolocating on the map, this error in
distance estimation is acceptable for our purposes.

3.2.4 Deduplication. To evaluate the deduplication error rate, we
randomly sampled 100 matched objects. We found that 27% were
incorrect matches, 24/27 of which were graffiti. This indicates that
deduplication works well for distinct art pieces but poorly for more
simple graffiti pieces, suggesting that DINO’s pretraining is inca-
pable of distinguishing between similarly looking graffiti artwork.
Ultimately, this means ArtScape will rarely falsely deduplicate mu-
rals, mosaics, and sculptures, but may spuriously remove graffiti.

3.2.5 Description Generation. We evaluate our pipeline’s ability
to generate both descriptive and accurate descriptions of each art
piece to reaffirm existing work [8, 46] on VLMs’ ability to describe
artwork. We randomly sampled 204 detections and had two re-
searchers, one with a high level (R1) and one with a low level (R2)
of image description writing experience, score each detection’s
description on a Likert-type scale from 1-5 on descriptiveness and
accuracy (matching the user study protocol in Section 4.1). On art-
works where both scorers agreed that the detection was artwork

Table 1: Per-class results of our object detection pipeline.
Note recall is the highest amongst most categories—our goal.

Category TP FN FP Precision Recall F1

Mural 126 14 41 0.75 0.90 0.82
Mosaic 21 0 20 0.51 1.00 0.68
Sculpture 19 6 5 0.79 0.76 0.78
Graffiti 191 27 38 0.83 0.88 0.85

Total 357 47 104 0.77 0.88 0.83

Figure 4: Edge cases we excluded from our definition of urban
artwork, including exclusively commercial artwork, architec-
ture, and urban furniture (e.g., ground tiling, lamps, bollards).

(187/204), both R1 & R2’s median scores were 4 for descriptiveness
and 5 for accuracy (for breakdown by class, see Section A.4). This
indicates that our pipeline produced highly descriptive and accu-
rate artwork descriptions, affirming prior work and verifying the
quality of our art catalog.

3.2.6 VLM Cost-Reduction Strategy. To reduce total VLM API cost
and time burden, we experimented with a version of our pipeline
where we pass slices to the VLM in one batched call, rather than
independently. This reduced API cost and time significantly, but
recall suffered (0.62). Given the savings, we use the batched VLM
pipeline for the version of ArtScape used in the user study, as
full comprehensive data is not required for understanding partici-
pant reactions and interactions in a proof of concept. We ran this
pipeline over 49,859 SVIs, which cost ∼US$2,000. See Section A.5
for results of the batched object detection evaluation, run with the
same methodology as described above.

3.3 User Interface Design and Implementation
ArtScape enables users to interactively explore urban artwork at
scale. The primary UI (Figure 1) consists of four key components:
(1) a search panel for searching, filtering, and viewing the artwork
in cards as part of a structured list, (2) a tour panel for generating
routes that pass by artworks of interest, (3) a large map view with
all urban artwork detections marked at their approximate location,
and (4) detail modals that pop up once a user clicks on an artwork
card. We provide key details and rationale below. See video figure
for additional details.

3.3.1 Exploring Urban Artwork Online. To help users make sense
of thousands of artworks, we follow Shneiderman’s information-
seeking mantra of “overview first, zoom and filter, then details on
demand” [79] via the map view, the search panel, and the detail
modals. This pattern is used widely by commercial geovisualiza-
tion systems (e.g., Google Maps [37], Zillow [94], Airbnb [6]) and
artwork-related research (e.g., [31, 50, 60, 68, 92]).

Unlike museum works contained within a single venue, urban
artwork is site-specific and distributed across a city. To maintain
the saliency of location, we surface the artwork’s neighborhood
and link the map and artwork list views, supporting coordinated
exploration from an artwork-first or map-first perspective. We
present metadata in a detail pane with the artwork title, a zoomable
image with alt text, the description, the SVI’s capture date, artwork
type, confidence, interestingness, reachability, and neighborhood.
The detail pane also includes a button to favorite the artwork and a
feedback form regarding AI-generated data quality.
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Figure 5: Examples of ArtScape’s detections across different
art types; overall, descriptions were rated highly for descrip-
tiveness and accuracy by two researchers (Section 3.2.5). See
Section A.1 for additional detection examples.

However, we encounter a unique challenge: cataloging the art-
work inherently removes some of the spontaneity of discovering
urban artwork in the wild. We approximate this experience via the
tour option, where users can generate an urban art walking tour,
and a “spotlight” feature, where ArtScape highlights two random
workswith high confidence and high interestingness scores. Despite
this, we acknowledge this tension between structured organization
and serendipitous discovery and return to it in Section 6.3.

3.3.2 Generating Urban Artwork Tours. Inspired by curated public
art tours, we enable users to personalize walking tours by spec-
ifying origin and destination (using the Mapbox Search Box API
[64]), distance or duration, categories of interest, number of stops,
and artwork themes (Figure 6c). If no end location is set, the tour
defaults to a round trip. The system scores each artwork, weighing
confidence (30%), interestingness (30%), and theme relevance via
keyword matching (40%, full score if unspecified). Artworks are
greedily added in score-ranked order, excluding works beyond a
radius of half the distance or duration limit for round trips, and
works requiring a detour exceeding half the remaining distance or
time after subtracting the direct path between endpoints for one-
way trips. To avoid clustering, we set a minimum gap of 80 meters
between tour stops, waived if two nearby works have both high
confidence and high interestingness. The selected stops are passed
to the Mapbox Optimization API [63] to determine route order. If
routes exceed a user’s specified duration or distance, we iteratively
remove the stop which contributes the most to total route length
and re-optimize the route until the constraint is satisfied or only
two stops remain. As walking or rolling speed can vary, speed is
adjustable via settings.

3.3.3 Screen Reader Accessibility. A key priority of our system is
ensuring screen reader access. As described above, we generate
detailed artwork descriptions, guided by prior work (e.g., [9, 30, 46]).
We generate alt text separate from our detailed descriptions to
ensure that BLV people can use a shorter description for cursory
browsing and avoid the “screen reader stutter” effect [18].

3.3.4 Implementation. ArtScape is a static web app implemented
with Mapbox [62] for the map and routing visualizations. We use

the Mapbox Geocoding API [61] to determine which neighborhood
each artwork is within. Rather than fetching artwork images from
GSV at runtime, we preload artwork images to our web server for
speed, consistency, and longevity. Artificial Intelligence was used
to assist with implementation and we carefully reviewed all code.

4 User Study
We evaluated ArtScape with 12 participants and describe key details
about our procedure, including study tasks.

4.1 Participants and Procedure
We recruited 12 participants via word-of-mouth, including three
BLV participants, three artists, and two urban planners (refer to
Section A.6 for demographic details). Participants were all above
the age of 18 and live in the greater Seattle area. Interviews were
conducted via Zoom and lasted between 60-90 minutes; participants
were compensated US$25/hr. Interviews consisted of four parts,
described below.

Part 1: Preliminary Interview. We first asked participants
about their experiences with discovering and engaging with urban
artwork (e.g., current discovery practices). For BLV participants,
we briefly asked about the accessibility of exploring urban art.

Part 2: Prototype Evaluation. Then, we asked participants to
complete five tasks using our prototype, listed below. Participants
were encouraged to “think aloud” and ask questions. We provided
all participants with a summary of system features prior to sharing
the link to our prototype and asking participants to share their
screen. Task 1 was to identify city-wide trends of urban artwork
using search and filters.Task 2was to explore specific artworks and
engage with the metadata (e.g., descriptions, confidence, interesting-
ness, reachability), naturalistically opening opportunities to discuss
AI accuracy. Task 3 was to identify urban art themes across neigh-
borhoods of varying degrees of familiarity. We asked participants
whether and how they were able to gain a better understanding
of each neighborhood. Task 4 was to plan an urban art walking
tour, inspired by existing art tourism (e.g., [12, 87]). Participants
generated a tour based on location, distance or duration, number
of stops, and potential interests (e.g., animals, colorful artwork).
Lastly, Task 5 was to assess AI-generated information accuracy
for two detections (Figure 5 left, Figure 7). We asked participants
follow up questions about how to address errors that might arise
when using AI.

Part 3: Reflection.Next, we engaged participants in a reflection
on their experience with using the prototype. We focused on the
human-AI interaction components of the system with Likert-type
questions regarding the descriptiveness and accuracy (for BLV par-
ticipants, perceived accuracy) of the descriptions and open-ended
questions on the usage of AI for artistic applications.

Part 4: Artwork Edge Cases. We concluded with open-ended
questions regarding the artistic value of additional visual urban
elements—commercial artwork, architecture, and urban furniture,
all of whichArtScape identified as art in earlier iterations (Figure 4)—
and whether those should be presented as part of the tool.
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4.2 Data and Analysis
We recorded all interviews. We developed a codebook using a
hybrid inductive-deductive coding method [34]. Two researchers
first coded a subset of interviews and discussed the codebook be-
fore splitting the remaining transcripts for analysis [16]. We then
performed a thematic analysis. Participants’ system interactions,
logged locally and sent to the study team, were analyzed to support
the qualitative findings.

5 User Study Findings
Participants were excited about how ArtScape helped them explore
artwork at a micro-, meso-, and macro-scale, and inspired future
in-person urban art visits—as opposed to merely passive discovery.
Below, we describe key findings related to multi-scale artwork and
urban discovery, human-AI interaction, and ArtScape’s impact.

5.1 Multi-Scale Discovery
5.1.1 Micro-Exploration of Individual Artworks. Participants en-
joyed that ArtScape enabled them to explore a large amount of
familiar and unknown urban art. During the study, as measured by
detail views opened, participants engaged with 464 unique artworks
in total (3.56% of the entire dataset)—206 murals, 154 sculptures,
72 graffiti works, and 32 mosaics. Each participant engaged with
an average of 44.9 unique artworks (median = 38, range = 3–118).
A key benefit of ArtScape was being able to engage with artwork
that participants typically could not: “I drive by this at night, so it’s
cool that I’m using this tool because I can look at it in more detail”
(S2). Some who searched for unknown pieces narrowed their search
by filtering for high-confidence and high-interestingness artworks,
while others filtered specifically to find low-confidence artwork: “I
like artwork that is satirical or subversive” (U10).

The artwork descriptions were helpful, especially to BLV partic-
ipants, but limited in their artistic context. B6 noted that evocative
adjectives such as “dreamlike quality” were “fanciful enough to ap-
peal to [her] imagination,” and appreciated that the descriptions
included stylistic qualities such as an “Indigenous style” and the art-
work’s “spatial association” with its surroundings. For U7, a sighted
urban planning student, the description directed her attention to
details partially obscured by a tree (Figure 1): “it says that there’s
a woman’s face [...] and I hadn’t even noticed her at all.” However,
the majority of sighted participants (S2, S3, S5, S9, A8, A11, U10)
lamented the limited cultural context provided by visual-only de-
scriptions, desiring additional information about the artist, history,
materials, or even “fun facts” (S9) but acknowledging that these
details could be difficult to determine solely with AI.

5.1.2 Meso-Exploration of Themes Within Neighborhoods. Partici-
pants highlighted their ability to explore neighborhoods as a whole,
both familiar and unfamiliar. As an architect and urban planner, U10
noted that “having this meta-analysis helps a lot with understanding
the visual identity [of a neighborhood],” referencing “ex-industrial
spaces that are being redeveloped [...] [with a new] level of visual in-
terest.” Others mentioned that this could be useful for encouraging
them to explore neighborhoods, either as a resident or a visitor. B6,
who was moving, was excited that ArtScape provided “information
about the artwork [in her new neighborhood]” to help her build her

familiarity and understanding. Others found that the tool could
dispel stereotypes: “my perception was just that old people live there,
but now I’m seeing, no, there’s cool places I can visit” (S9).

5.1.3 Macro-Exploration of City-Wide Trends. Lastly, the tool en-
abled people to engage in macro-level exploration to understand
their city as a whole, beyond neighborhoods. People were often
surprised by the number of artworks in Seattle, commenting that it
was “more than I would have thought” (B1), and were able to identify
patterns relating to neighborhood density and along thoroughfares.
For example, S5 noticed that the graffiti was “almost perfectly tracing
out the main roads or freeways” (Figure 6a). BLV participants used
the neighborhood filters instead of the map markers for inferences:
“I had no clue there were that many graffiti artworks [in Capitol Hill],
but I’m not at all surprised” (B6). Having a broader view of the city
also led to wider cultural and societal inferences: “there’s not as
much of a concentration [of graffiti] in areas that might be considered
more wealthy” (A8) and “in richer neighborhoods, [I’m seeing] a lot
more of the little libraries” (S5).

5.2 Human-AI Interaction
Participants found the usage of AI for ArtScape positive, but iden-
tified key limitations with the system’s accuracy; however, these
limitations opened up opportunities for critique and engagement,
ultimately increasing participation in artwork curation.

5.2.1 Participants’ Reaction to AI. All participants were enthusi-
astic about the use of AI for scalably detecting and characterizing
urban artwork for exploration. Given the ubiquity of AI integra-
tions, which S9 noted could cause people “immediate disgust” due
to it being “forced in [their] face,” he felt this was “a really cool,
tangible, and actually helpful way” to use AI. S3 also commented
that “there’s a lot of controversy around AI-generated art, but this
is not generating anything, it’s more like categorizing,” which she
thought was a positive application.

5.2.2 Limitations of AI for Art Detection and Description. Though
participants were positive about ArtScape’s usage of AI, many felt
the detections were overinclusive, capturing small graffiti tags, false
positives, and artificially segmented art. Even after applying filters
(e.g., for interestingness), several participants found the volume of
detections distracting: “the repetitive images added a lot of visual
noise” (S9). In addition, the presence of false positives and negatives
reduced confidence. For example, U10 noticed a large mural on
the side of a building was not detected, but its reflection in the
windows across the street was (Figure 6b). Despite this, partici-
pants still felt reasonably confident that ArtScape captured most
artwork—sighted participants rated their confidence in the system’s
comprehensiveness as 4.28/5, reinforced by the large number of
artworks ArtScape did find, and more (i.e., false positives): “it’s
better to have a wider view and allow people to refine the selections”
(A12) through in-system feedback. BLV participants were more
skeptical, rating their confidence in ArtScape’s comprehensiveness
3.17/5 on average due to prior experiences with fallible AI visual
identification systems and limited methods for verifying detection
or description accuracy compared to sighted users: “I don’t have
any reason to feel confident” (B6). While some participants acknowl-
edged that GSV images could be out-of-date, with A11 mentioning
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Figure 6: (a) Map of all graffiti detections in Seattle, showing graffiti lining major thoroughfares. (b) Left: mural known by U10
but not detected by the tool. Right: detection from ArtScape which falsely identifies the mural’s reflection as art (false positive).
(c) ArtScape’s tour functionality, designed to augment the experience of offline art discovery.

she would be disappointed if she visited an artwork on ArtScape
that was no longer there in person, U10 viewed this positively,
almost like the system was surfacing “historical documents.”

Participants rated the AI-generated descriptions as very descrip-
tive (4.38/5), but the descriptions were still imperfect—participants
gave lower ratings for accuracy (3.71/5) and cultural competency
(2.83/5). For example, Task 5’s “Green Tree Climber Plush” was in
reality a neon green plastic safety sign [83] strapped to a tree (Fig-
ure 7). BLV participants also picked up on some inaccuracies, with
B4 using her residual vision to check the image and B6 question-
ing the use of a plush material for an outdoor sculpture. For large
artworks, the descriptions occasionally referenced parts of the art
that existed in reality but were not visible in the current thumbnail,
rendering the descriptions less accurate. For example, when looking
at a sculpture of a human figure, U10 noticed that “it refer[red] to
a second human figure” that was out of view. Regarding “cultural
awareness,” two participants wished details about the artist were
presented more reliably and consistently. U10 mentioned that “if
someone is trying to [see] all the [artworks from a local artist], they
would miss this one [...] because the AI did a bad job choosing a thumb-
nail” and could not read the artist’s distinctive signature. Others
mentioned that information like “who commissioned this and why,
what the story is” (A8) was also missing. Interestingly, BLV partici-
pants gave higher cultural competency ratings (4.67/5); this may
reflect differing expectations for cultural detail, with sighted par-
ticipants more frequently seeking contextual information beyond
what a solely visual analysis could provide.

5.2.3 Interrogating Urban Art through AI’s Inclusions and Edge
Cases. ArtScape’s AI curation gave rise to a unique phenomenon:
it simultaneously lowered the barrier to criticism and increased
artwork engagement by allowing participants to interrogate what
they considered urban art. For example, for unconventional detec-
tions such as the “Green Tree Climber Plush” (Figure 7), A8 thought
its inclusion in the system was legitimizing: “it’s almost an artwork
because the AI found it and saw it as an artwork.” Others found these
detections humorous and thought provoking: “it’s fun to see what
it considers urban art... [because] it brings up the debate” (U7).

The nuance of themajor design challenge for ArtScape’s pipeline,
what constitutes artwork, was underscored when we showed partici-
pants edge cases that we had excluded when refining our detection

Figure 7: An ArtScape detection that inaccurately describes a
plastic caution sign as a green plush; we used this to spark
discussion about artwork inclusion and description accuracy.

guidelines. Most participants thought commercial artwork and ar-
chitecture could provide aesthetic value to public spaces; however,
they also recognized that urban art is generally more “distinct inten-
tional works” (A8) and that it “has to be contextual” (U10). Despite
this distinction, most participants still valued including edge cases
in the system as urban art is “nebulous” (A12) and should be defined
by its audience, not decided without their input.

5.3 Impact of the Tool
Following the prototype exploration, all participants shared their
excitement for this tool, and five proactively asked if they could save
the link for future use or to share with friends. Multiple participants
mentioned that their level of interest in urban art increased. Post-
study, participants reported high interest (4.29/5) but only moderate
knowledge (2.79/5) of urban artwork; some noted that “there’s more
than I thought there was, [so] I would say that my level of knowledge
has gone down” (U10). ArtScape also increased the accessibility
of artwork discovery and exploration for BLV participants, all of
whose ratings went from 1 to 5: “on my own, it would be a 1, [but]
using this tool, I would give it a 5” (B6).

Participants felt that ArtScape motivated in-person urban ex-
ploration, especially given its personalized tour functionality (Fig-
ure 6c). They thought these features could actualize their interest
in public art and encouraged active engagement beyond the screen:
“if I fall in love with a piece, I [might] go and visit it” (B4), and U10
noted how ArtScape surfaced art he had never noticed on his reg-
ular commute. U7 mentioned, “there’s a big rise in urban hiking
[...] this would make walking even more fun,” while S2 suggested
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recreational, semi-competitive “art collection” to “check off the art-
work that you saw.” Furthermore, as an urban planning student, U7
explained the educational applications of ArtScape for visualizing
how artwork, walkability, and environment design are intertwined.

6 Discussion
We introduced and evaluated ArtScape, the first urban art explo-
ration tool that (1) detects, characterizes, and describes urban art-
work at scale and (2) enables interactive and personalized urban
art exploration. Despite widespread controversy surrounding gen-
erative AI and artwork (e.g., [47, 59]), all participants were positive
about the usage of AI for cataloging art, especially for urban set-
tings where other options are not comprehensive or personalizable.
In this section, we discuss key technical challenges and opportuni-
ties, effects and implications of using AI for artwork detection, the
accessibility impacts of the tool, and limitations of our work.

6.1 Technical Challenges and Opportunities
We use Google Street View images as the basis for comprehensively
detecting, locating, and characterizing urban art; while powerful,
this raises questions about the limits and potential of using GSV.

Data Sources. ArtScape’s detections are contingent on the qual-
ity of its data sources, currently GSV for streetscape images. How-
ever, GSV’s reliability and currency is variable [32, 91], and art-
work may be occluded by trees, buildings, or even sunlight. To
address this, our pipeline could easily be expanded to use a wider
range of data sources and modalities. Additional Street View plat-
forms (e.g., Mapillary [2], Apple Look Around [1]) could address
gaps in spatial and temporal coverage. Beyond Street View, geo-
tagged photographs from the internet and social media (e.g., [69]),
low-altitude drone surveying, or even delivery robots would all
enrich our data pool, with the latter two offering distinct vantage
points. We consider GSV as merely the entryway to more compre-
hensive cataloging and characterization of urban street features.

Improving Performance. ArtScape relies on Gemini 3 Pro [4],
DA360 [44], and DINOv3 [80], all state-of-the-art image understand-
ing models, to maximize detection performance. As these models
continue to advance, so too will ArtScape’s performance. First, VLM
performance markedly improves with fewer input tokens, which
we leveraged by using image slices; this suggests that as thinking
budgets and context-windows increase, detection performance will
too. Second, using local models to first highlight visually salient or
color contrasting regions may point VLMs to candidate locations,
further decreasing thinking burden. Third, our dataset facilitates
few-shot prompt injection, shown to improve performance [74].

Temporality. Beyond limitations arising from our data being
snapshots in time, this temporality also suggests exciting opportu-
nities for across-time tracking—granularly understanding the art
landscape at a given place, throughout time [78]. ArtScape used the
most up-to-date available SVIs; however, by extending our analysis
back through historical images, we can detect past artwork and
identify changes through the present. As new, more current SVIs
are uploaded, we can track new artwork, and even see if and when
old art pieces were removed. This means we could automatically
create a comprehensive, four-dimensional art catalog allowing for
historical, location-sensitive art trend tracking and understanding.

Comprehensiveness. We sampled points on the road network
at 30 meter intervals, potentially leaving gaps in city coverage—
however, denser sampling intervals are not always strictly better.
Sampling more densely will increase recall by virtue of having
clearer and more numerous lines of sight on a given artwork. How-
ever, this will also increase the number of duplicate detections
and false positives, reducing precision and placing an even greater
reliance on a robust deduplication step. While this creates the op-
portunity to surface more angles of a single art piece in a single
entry (which we did not do for ArtScape), some failure cases are
inevitable. This precision-recall tradeoff is inherent to streetscape
object detection regardless of data source, and any pipeline will
necessitate thresholding to balance the two.

Performance on Long Pieces. In cases where one piece of
artwork is not fully contained in one SVI, ArtScape detects the
artwork in every SVI it appears in, assigns each instance its own
latitude and longitude, and deduplicates based on similarity and
proximity. This means one piece could appear as multiple entries in
ArtScape, or be cut off in a single entry. Future work could augment
the system with deeper contextual understanding of art pieces and
aggregate detections of a contiguous piece.

Beyond Art. We demonstrated that current VLMs can detect
artwork—varying in shape, size, and style—throughout cities with
no prior training or fine-tuning. While we focused on art, our
approach could be equally effective on other urban features (e.g., de-
tecting parking, bike racks, or signage). VLMs could augment and
improve existing computer vision pipelines to detect curb ramps [70]
or sidewalk faults [75] or to understand subjective qualities of
streetscapes [67, 86]. VLMs present a remarkable opportunity to
bolster visibility, both in terms of scale and detail, into a multitude
of urban features previously only accessible via manual surveying
or large curated datasets.

6.2 AI for Artwork Detection
Using AI for detecting artwork at scale can foster new relationships
between people and the art that surrounds them.We discuss insights
on AI curation as revealed through our study and consider longer-
term implications.

Lowering the Barrier to Artwork Curation. As mentioned in
Section 5.2.3, the question of “what is urban art?”—already difficult
to answer—was further complicated with ArtScape’s AI curation.
Participants had varied opinions about what was art in the first
place, as evidenced by their reactions to potentially unintentional
art (e.g., the “Green Tree Climber Plush” ) and smaller, less artistically
interesting pieces (e.g., faded graffiti tags). Even if they did not
initially consider it art, some found a detection’s presence in the
system to be validating: “it’s almost an artwork because the AI found
it and saw it as an artwork” (A8), echoing prior theories thatmuseum
artwork is legitimized due to its curation [26, 28] and extending
this idea to AI-driven systems. Interestingly, participants viewed
AI as a fairly reliable curator, but one they could openly criticize
and correct. Their willingness to critique artwork detections and
descriptions suggests that AI-based cataloging lowered the barrier
to urban artwork curation, allowing users to not only enjoy what
was exhibited but also participate in defining urban art through
error correction and community contributions.
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Broader Implications.Whether artwork is included inArtScape
can also have downstream consequences. Over time, false positives
may reframe what people consider art by bringing awareness to less
mainstream cultural expressions in currently overlooked districts.
However, while our AI-driven approach can expand community
artwork understanding beyond manual curation, we acknowledge
that systemic biases due to data and algorithm performance con-
straints also risk reinforcing inequities. Inconsistent false negatives
could lead to unequal resource allocation or cultural acknowledg-
ment. For example, places with less GSV coverage (e.g., parks) are
more likely to have missed detections, and some types of artwork
were shown to be harder to successfully deduplicate (e.g., graffiti).
At scale, this could lead to inaccurate representations of artwork
density, ultimately inspiring artwork tourism in some areas but
not others and leading to unequal downstream economic outcomes.
We recognize that these benefits and risks both stem from the cu-
ratorial power given to AI as part of our system. AI classification
systems in other domains may similarly shape what users consider
valid or noteworthy—as a result, systems should be designed with
this legitimizing effect of AI curation in mind and should clearly
communicate that absence from an AI-curated catalog should not
be mistaken for absence in the real world.

6.3 Improving Access to Urban Artwork
ArtScape improves access to urban artwork to both disabled and
nondisabled people. Creating a digital catalog of urban artwork
makes it possible to explore these pieces from home. While prior
work explored how digital catalogs can increase access for mu-
seum artwork (e.g., [30, 40, 50]), benefits of virtual exploration are
more pronounced for urban art—it is spread out across the city [10],
making it infeasible to visit certain artworks, especially those in
inaccessible or dangerous locations (e.g., front yards, freeways).
Furthermore, ArtScape’s use of GSV imagery preserves a record, or
“historical documents” (U10), of transient works that have since been
removed or defaced, allowing for access to artwork of streetscapes
past. Though this system does not fully replicate the spontaneity
of in-person discovery [46], participants emphasized their appre-
ciation of being able to discover artworks they would not have
otherwise found and preview a neighborhood before visiting.

Another major objective of ArtScape was providing visual de-
scriptions of urban artwork, building on a need identified in prior
work [45, 46]. AI-generated descriptions fill this gap at scale, as
existing repositories lack alt text for BLV users. All BLV partic-
ipants’ accessibility ratings of urban art exploration rose from 1
to 5, demonstrating the value of descriptions in ArtScape. As an
example of the “curb cut effect” [14], some sighted participants ap-
preciated how the descriptions helped identify occluded elements,
and AI-generated descriptions also enabled object-based search.
However, our descriptions were primarily visual and lacked detail
about artists or artwork provenance that most sighted participants
wished to know. Future work could enrich descriptions via RAG,
tailor content to users’ information preferences, and incorporate
generative AI (e.g., [53]) to help BLV users observe regional trends
and artwork density more easily.

6.4 Limitations
Our work has three primary limitations. First, our study focused 
on only one U.S. city and twelve participants. While we deliber-
ately sought out participants with diverse experiences and interests 
(artists, urban planners, BLV people, sighted people), future work 
should expand beyond a U.S. focus. Second, our user study was 
entirely virtual, with participants only interacting with ArtScape 
on their computers. However, many findings revolve around partic-
ipants’ experience or future interest in seeing urban art in person 
or “trusting” that the detections are comprehensive. Future work 
should examine ArtScape’s impact via a deployment study. Third, 
we did not compare ArtScape’s detections against a fully manu-
ally labeled region (e.g., by walking through and cataloging all art). 
Even then, we acknowledge that using temporally-lagged data lim-
its detection comprehensiveness compared to real-life, which we 
discussed in Section 6.1.

7 Conclusion
ArtScape marks a fundamental advance in enhancing the discovery 
and exploration experience for urban artwork. Our novel five-stage 
VLM-based pipeline accurately detects, characterizes, geolocates, 
and describes urban artwork across four categories (murals, mosaics, 
sculptures, graffiti) from Street View imagery, enabling interactive, 
accessible exploration at scale. Our work contributes (1) a new 
algorithmic pipeline, (2) an urban art exploration tool, (3) empirical 
findings from a study with 12 diverse participants highlighting the 
implications of AI curation, and (4) a benchmark dataset of urban 
artwork, released for open science. We showcase the benefit of such 
tools and demonstrate feasibility at a large scale, with implications 
ranging far beyond urban artwork.
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A Appendix
A.1 ArtScape Examples

Figure 8: Examples of murals, mosaics, sculptures, and graffiti detected by ArtScape. All metadata is AI-generated and curated.
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A.2 VLM First Pass Prompt
# Urban Art Detection in Street View Images
**Role:** You are an expert urban art surveyor. Analyze the provided street view image to identify, locate, categorize, and

describe every instance of permanent urban art.
**Primary directive:** Maximize recall. Include uncertain instances with lower confidence scores rather than omitting them.

There is no minimum size — distant, small, or partially obscured art should be included.
## Image Format & Bounding Boxes
The image is a roughly 120-degree slice of a streetscape.
**Detection Standard:**
For every artwork found, provide a bounding box in normalized coordinates: ‘[ymin, xmin, ymax, xmax]‘.
- The values must be integers between **0 and 1000**.
- (0,0) is the top-left corner; (1000, 1000) is the bottom-right corner.
- The box should be a tight axis-aligned rectangle enclosing the visible portion of the art.
## Art Categories
| Category | Dimensions | Materials | Key Distinction |
|—|—|—|—|
| **Mural** | 2D, painted | Paint on walls, ground, infrastructure | Pictorial/large-scale designs (not text-based tagging) |
| **Mosaic** | 3D surface (slight protrusion), tactile | Stone, tile, glass, clay | Composed of small pieces/tiles |
| **Sculpture** | Fully 3D, freestanding or on pedestal | Stone, clay, wood, concrete, metal | Observable from multiple angles.

Includes statues, artistic bollards, figurines, monoliths |
| **Graffiti** | 2D, painted | Spray paint | Tags, bubble letters, spray-paint art. Group contiguous or closely clustered

pieces on the same wall as one instance; separate groups are divided by significant blank space or architectural features |
| **Architecture** | 3D, Integrated into building structure | Stone, metal, concrete, ceramic | **Only** distinct sculptural

building features that are clearly *additive* to the building’s baseline style: gargoyles, figurative carvings, globe
ornaments, decorative figureheads. **Explicitly excluded:** cornices, keystones, dentil molding, pilasters, decorative
lintels, window surrounds, ornate railings, arched doorframes, column capitals, and any ornamentation that is conventional
for the building’s architectural period/style. **When in doubt, it is architecture, not art.** |

**Included surfaces:** Art on semi-permanent street infrastructure — utility/electrical boxes, dumpsters, bollards, bus stops,
plastic lane dividers — should be included.

## Exclusions
Do **not** include:
- **Standard architecture** — ordinary building features, facades, decorative molding, cornices, generic trim (exception:

distinct sculptural features like gargoyles or globe ornaments → classify as Architecture)
- **Performance** — people performing or temporary installations
- **Commercials/advertisements** — art made to sell a product, including promotional murals
- **Business signs** — logos, shop names, neon signs, sandwich boards
- **Vehicle art** — art on cars, trucks, vans
## Pre-Classification Gate
**Before logging any detection**, run through these questions in order. If **ANY** answer is YES, **do not include** the item:
1. Is this a **road or ground marking** (lane lines, crosswalks, bike symbols, "STOP," utility markers, arrows)?
2. Is this a **plain bollard, column, or sphere** with no artistic embellishment?
3. Is this a **standard lamp post, clock, or wayfinding sign** without decorative sculptural elements?
4. Is this a **business sign, logo, or shop name** in plain text/standard fonts with no decorative painting or illustration?
5. Is this a **plain advertisement** (product photo, undecorated banner, promotional poster with no original artistic design)?
6. Is this **ordinary architecture** — facades, molding, cornices, window frames, decorative trim, railings, or generic

ornamentation that is standard for the building’s architectural style? Only distinct *figurative or sculptural* features
(gargoyles, figurative carvings, globe ornaments) qualify as art.

7. Is this on a **moving vehicle** (car, bus, bike)?
8. Is this a **temporary performance or ephemeral installation** (not a physical artwork on a fixed surface)?
> **Warning: The architecture question (#6) deserves extra scrutiny.** Many buildings have ornate but *standard* features —

cornices, keystones, dentil molding, pilasters, decorative lintels, column capitals, ornate railings, arched doorframes,
and window surrounds. These are architectural convention, not urban art, even when they are visually elaborate. Only
include a building feature if it is a distinct figurative or sculptural element that goes well beyond the building’s
baseline decorative style.

## Scanning Guidance
Check these commonly missed locations:
- Distant background (horizon, far buildings)
- Utility infrastructure (electrical boxes, lamp posts, trash cans, bollards)
- Ground surfaces and overhead structures
- Small tags on posts, fences, walls
- Building rooflines and upper facades (gargoyles, sculptural ornaments)
**Common false positives to avoid:**
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- Ornate but standard architectural trim (cornices, keystones, window surrounds, column capitals) — these are conventional
building features, not urban art

- Decorative railings, balustrades, and ironwork that are part of the building’s original design
- Awnings, canopies, and structural elements with minor decorative touches
- Patterned brickwork or tiling that is part of the building’s construction rather than an applied artwork
## Description Guidelines
Each description must be fully self-contained and independently understandable — do not reference other entries (e.g., avoid

phrases like "similar to the previous entry," "same style as #3," or "as described above"), even if the object is the same.
A reader should be able to understand any single description without seeing any other entry. Each description should be a
vivid passage that allows both sighted and blind/low-vision readers to understand the artwork. Include:

- **Subject matter**: What is depicted (figures, animals, abstract forms, text/lettering, patterns)
- **Colors & palette**: Dominant and accent colors
- **Style & technique**: e.g., realistic, abstract, cartoonish, stencil, freehand
- **Material & surface**: What it appears to be made of or painted on (e.g., "painted on a concrete electrical box," "bronze

statue on a stone pedestal")
- **Scale & context**: Approximate size relative to surroundings and where it sits in the scene
- **Condition**: Any visible damage, fading, or weathering
**Exemplar description:**
*"A colorful mural on a roughly five-foot tall electrical box, with the center of the main panel featuring a stylized large

yellow-green sea monster with purple eyes and yellow teeth and a pink tongue in its open mouth. There is a small humanoid
figure wearing a red shirt and carrying a small fishing net sitting atop the monster’s head. The sea monster is surrounded
by a turquoise background with white waves and there are small orange rocky formations on grassy islands in each of the four
corners of the electrical box. On the side panel, there is a pink and yellow sea dragon and additional islands and waves."*

## Alt Text Guidelines
In addition to the full description, provide a short ‘alt_text‘ field for each artwork. This should follow accessibility best

practices:
- **Concise**: One to two sentences, ideally under 125 characters when possible (hard max: 250 characters).
- **Descriptive, not interpretive**: State what is visually present — subject, dominant colors, medium — without subjective

judgment or artistic interpretation.
- **Self-contained**: Understandable without any other context.
- **No redundant phrasing**: Do not begin with "Image of," "Photo of," or "Art of." Start directly with the content.
- **Prioritize the most important visual information**: If space is limited, lead with what makes this artwork identifiable.
**Exemplar alt text:**
*"Colorful sea monster mural on an electrical box, featuring a yellow-green creature with an open mouth surrounded by turquoise

waves."*
## Reachability Guidelines
For each artwork, assess whether a person standing at street level could feasibly reach out and touch the artwork. Provide a

‘reachability‘ field with one of three values and a brief ‘reachability_reason‘ explanation:
| Value | Meaning |
|—|—|
| ‘"reachable"‘ | A person of average height standing on the ground could touch the artwork without assistance. |
| ‘"not_reachable"‘ | The artwork is too high, too far, behind a barrier, or otherwise physically inaccessible to touch from

street level. |
| ‘"uncertain"‘ | Reachability cannot be confidently determined from the image (e.g., ambiguous height, unclear barriers). |
**Examples:**
- A statue on a low pedestal at sidewalk level → ‘"reachable"‘, ‘"Freestanding statue on a low pedestal at ground level along

the sidewalk."‘
- A mural painted on the third story of a building → ‘"not_reachable"‘, ‘"Painted high on the building’s third-story wall,

well above arm’s reach."‘
- A mural on a wall starting from ground level up to about 8 feet → ‘"reachable"‘, ‘"Lower portion of the mural is at arm’s

reach from the sidewalk."‘
- A gargoyle on a roofline → ‘"not_reachable"‘, ‘"Mounted on the building’s roofline, far above street level."‘
- Art on a utility box → ‘"reachable"‘, ‘"Painted on a waist-height electrical box on the sidewalk."‘
## Output Format
Return a JSON array. If no art is found, return ‘[]‘.
Each object:
“‘json
{

"id": 1,
"category": "Mural",
"location": [ymin, xmin, ymax, xmax],
"description": "A vivid description following the guidelines above.",
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"alt_text": "Concise alt text following accessibility guidelines.",
"reachability": "reachable",
"reachability_reason": "Brief explanation of why the artwork is or is not touchable from street level.",
"confidence": 0.85

}
“‘
**Field notes:**
- ‘id‘: Unique integer per artwork
- ‘category‘: One of ‘"Mural"‘, ‘"Mosaic"‘, ‘"Sculpture"‘, ‘"Graffiti"‘, or ‘"Architecture"‘
- ‘alt_text‘: Short accessible description (1–2 sentences, ideally under 125 characters, max 250)
- ‘reachability‘: One of ‘"reachable"‘, ‘"not_reachable"‘, or ‘"uncertain"‘
- ‘reachability_reason‘: Brief explanation of the reachability assessment
- ‘confidence‘: 0.0–1.0. Use 0.9+ for clear art, 0.6–0.9 for likely art with some uncertainty, 0.4–0.6 for possible art,

0.2–0.4 for uncertain but plausible
Now analyze the image. Identify every instance of urban art, being thorough with distant, small, and partially visible items.

Apply the Pre-Classification Gate to each candidate before including it in your output.

A.3 VLM Second Pass Prompt
You are validating a candidate urban art detection from a street view panorama. A red-outlined bounding box marks the detection

within a cropped region (2× buffer). The box may not be perfectly aligned—use it along with the description to identify
what was detected. If the art is near but not perfectly inside the bounding box, assume it is what the detection refers to.

**First-pass output:**
- Category: $category
- Description: $description
- Alt text: $alt_text
- Reachability: $reachability — $reachability_reason
—
### DECISION 1: Art or Not Art?
Ask yourself these questions in order. If any answer is YES, the detection is NOT art:
1. Is this a road/ground marking (lane lines, crosswalks, bike symbols, "STOP," utility markers, arrows)?
2. Is this a plain bollard, column, or sphere with no artistic embellishment?
3. Is this a standard lamp post, clock, or wayfinding sign without decorative sculptural elements?
4. Is this a business sign, logo, or shop name with no artistic intention (plain text, standard fonts, no decorative painting

or illustration)?
5. Is this a plain advertisement — a product photo, undecorated banner, or promotional poster with no original artistic design?
6. Is this ordinary architecture (facades, molding, cornices, generic trim) without distinct sculptural features?
7. Is this on a moving vehicle (car, bus, bike)?
8. Is this a temporary performance or ephemeral event installation (not a physical artwork on a fixed surface)?
**Important clarifications:**
- **Graffiti is art.** If graffiti is visible in or near the bounding box, classify it as art even if the first-pass category

was wrong. Correct the category and description accordingly.
- **Art on infrastructure is still art**, even if the surface is temporary (construction scaffolding, hoarding, plastic

barriers, utility boxes). The "temporary" rule targets performances or vehicle-mounted displays, not painted/applied
artwork on fixed surfaces.

- **Bounding box is a guide, not a hard boundary.** If the box highlights a plain area but art matching the description is
clearly visible nearby, treat the detection as valid and describe the nearby art.

- **Artistic commercial murals are art.** A colorful, decoratively painted mural for a business (e.g., a market, restaurant) is
still art if it shows artistic intention — i.e., it required a dedicated artist. Only flag purely commercial items: plain
ads, product photos, or undecorated signage.

If NOT art → determine whether the detection is commercial in nature (e.g., business sign, logo, branded advertisement,
product promotion), then return:

“‘json
{

"is_not_art": true,
"not_art_rationale": "Which rule above applies and why.",
"commercial": true | false,
"commercial_rationale": "Why this is or isn’t commercial, e.g. ’Business sign for a restaurant’ or ’Plain utility bollard

with no commercial purpose’.",
"title": null,
"interestingness": null

}
“‘
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If it IS art → continue.
### DECISION 2: Category Check
Valid categories and their defining traits:
| Category | Key Trait |
|—|—|
| Mural | 2D painted pictorial work on surfaces |
| Mosaic | Composed of small tiles/stones/glass |
| Sculpture | Fully 3D, freestanding or on pedestal |
| Graffiti | Spray-paint: tags, letters, freehand |
| Architecture | Distinct sculptural building features only (gargoyles, ornaments, figureheads) |
Agreement with first-pass category: "Agree", "Neutral", or "Disagree".
If not "Agree," suggest the correct category.
### DECISION 3: Description Quality
Evaluate description and alt_text against what you see in the image.
- Does the **description** accurately capture subject, colors, style, material, scale, and condition?
- Does the **alt text** concisely and accurately summarize the artwork (under 250 chars, no "Image of..." prefix)?
Score each as "Agree", "Neutral", or "Disagree". Provide replacements for anything not "Agree."
### DECISION 4: Commercial Purpose
Is this artwork a plain advertisement for a business, product, or service — with no original artistic design? A mural or

illustration with artistic intention (decorative painting, stylized imagery, work that would require a dedicated artist) is
**not commercial** even if it references a business. Only flag items that are purely promotional: product photos, plain
banners, undecorated signage.

### DECISION 5: Title
Generate a short descriptive title (2–6 words, title case) as if labeling it in a neighborhood art walking-tour pamphlet.
Examples: "Blue Geometric Wall Mural", "Bronze Horse Statue", "Abstract Faces Graffiti", "Tiled Mosaic Archway"
### DECISION 6: Interestingness
Rate how likely this piece would be to appear on a neighborhood urban art walking tour, on a scale of 1–5:
| Score | Meaning |
|—|—|
| 1 | Barely notable — small tag, minor marking, or heavily degraded piece most people would walk past |
| 2 | Mildly interesting — competent but modest in scale or ambition; worth a glance |
| 3 | Solid inclusion — a respectable piece a tour guide would point out in passing |
| 4 | A highlight — eye-catching, skillful, or culturally resonant; worth stopping for |
| 5 | A destination — landmark-quality piece people would seek out specifically |
Use your judgment holistically. Consider scale, visual impact, craftsmanship, uniqueness, and condition.
—
### Output (JSON only):
“‘json
{

"is_not_art": false,
"not_art_rationale": null,
"category_agreement": "Agree|Neutral|Disagree",
"suggested_category": null,
"description_agreement": "Agree|Neutral|Disagree",
"suggested_description": null,
"alt_text_agreement": "Agree|Neutral|Disagree",
"suggested_alt_text": null,
"commercial": false,
"commercial_rationale": null,
"title": "Your Generated Title",
"interestingness": 3

}
“‘
Analyze the image now. Return JSON only.



ArtScape: Detecting and Exploring Urban Art at Scale Using Vision Language Models UIST ’26, November 02–05, 2026, Detroit, MI, USA

A.4 Description Scoring

Table 2: The median and mean description ratings assigned by R1 and R2 for both descriptiveness and accuracy across all four
artwork categories. Both researchers rated the descriptions to be very descriptive and accurate, with descriptiveness seeing
slightly lower scores compared to accuracy.

Median Mean
Descriptiveness Accuracy Descriptiveness Accuracy

Category R1 R2 R1 R2 R1 R2 R1 R2

Mural 4 5 5 5 4.29 4.49 4.63 4.90
Mosaic 4 4 5 5 4.30 4.38 4.57 4.79
Sculpture 4 4 5 5 4.29 4.42 4.56 4.85
Graffiti 4 4 5 5 4.39 4.16 4.53 4.53

Total 4 4 5 5 4.32 4.35 4.57 4.76

A.5 Batched VLM Results

Table 3: Per-class results of our object detection pipeline when passing images in batches (resource-saving method). The sum of
TPs, FNs, and FPs does not match Table 1 due to our fuzzy matching algorithm.

Category TP FN FP Precision Recall F1

Mural 85 48 8 0.91 0.64 0.75
Mosaic 13 8 2 0.87 0.62 0.72
Sculpture 9 16 1 0.90 0.36 0.51
Graffiti 141 79 16 0.90 0.64 0.75

Total 248 151 27 0.90 0.62 0.74

A.6 Participant Demographics

Table 4: Participant demographics. S# = sighted participants, B# = BLV participants, A# = artists, and U# = urban planners.

ID Age Gender Group

S2 25–34 Woman Sighted
S3 18–24 Woman Sighted
S5 18–24 Man Sighted
S9 25–34 Man Sighted

B1 65+ Man Blind
B4 55–64 Woman Low vision
B6 65+ Woman Blind

A8 35–44 Woman Urban artist (sighted)
A11 25–34 Woman Artist (sighted)
A12 45–54 Man Urban artist (sighted)

U7 25–34 Woman Urban planning student (sighted)
U10 25–34 Man Architect, urban planner (sighted)
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