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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 Al-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 Al 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. Whebesexist

is limited to manually-collected catalogs, which are labor-intensive
to create, inaccessible, and biased towards sanctioned art forms,
ignoring gra ti 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 de ning, and therefore detecting, urban art. Urban
artwork lacks a uniform de nition some scholars emphasize so-
cial engagementq]] and environmental integration 39, while
existing databases like the Public Art Archiv8? enumerate urban
artwork categories such as murals, mosaics, and performance art
but leave out gra ti [ 65. On the technical side, existing work in
computer vision has identi ed and described a variety of features
such as signagebh, bus stops 49, and building facadesg§ in ur-
ban streetscapes by training/ ne-tuning models or using zero-shot

models such as Vision Language Models (VLM). However, these

bene tfrom aconstrainedearch space with existing datasets or con-
crete rubrics. Prior work on detecting urban art is largely limited to
gra ti, relying on pre-existing, manually curated dataset®p, 52.
Collectively, the disparate de nitions and absenceasfy urban art-
work datasets means there is currently no way to comprehensively
detect, curate, and catalog urban artwork with prior methods.

We introduceArtScapethe rst automated, large-scale art explo-
ration tool that detects, locates, and describes urban artwork
in four categoriesifiurals mosaicssculpturesgra ti ) using Google
Street View (GSV), andteractively presents these detections via
an accessible interface that augments online and real-world art ex-
ploration. The automated pipeline identi es urban artwork in GSV
images using criteria we synthesized from prior word§ 51, 65 73.
We pass each GSV panorama through a ve-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 B4, a monocular depth estimation model; and (5) artwork
deduplication using DINOv34( 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 ltration by type, size, con dence,
interestingness, description, and neighborhood, and includes a built-
in tour functionality that highlights art on a user-speci ed 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.

Jiang and Hwang et al.

of 0.83 to detect art in our test set. We nd that ArtScape's Al-
generated descriptions are hightjescriptiveandaccuratevia man-

ual scoring of 204 randomly sampled art pieces by two researchers.
We also conducted a user study with 12 participants spanning artists,
urban planners, and sighted and BLV individuals. Our ndings
show that ArtScape unlocks multi-level insights and complements
in-person exploration, helping users appreciate known works and
discover unfamiliar ones. Al curation also provided unique oppor-
tunities by lowering the barrier for participants to actively and
critically interact with artwork, suggesting that transparent Al
usage can invite broader participation in cultural curation.

In summary, we contribute (1) aew algorithmic pipeline that
detects, locates, and characterizes size-, shape-, and style-agnostic
urban artwork at scale, (2) aimteractive, accessible urban art-
work exploration and engagement tool that enables city-wide
trend understanding and discovery, (8npirical ndings demon-
strating how Al-curated urban art enables multi-level discovery
and deepens critical engagement, and (demchmark 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 dataseind all code?

2 Related Work

We rst 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 de nition or typology of urban artwork. While
scholars emphasize attributes such as social engagenidhtrjon-
commerciality [L1], site-speci city [5]], and environmental inte-
gration [39, for this work, we adopt a broader de nition: urban art
encompasses any outdoor and publicly accessible artwork, commis-
sioned or not. Public art, a subset of urban art, refers speci cally to
publicly funded artwork commissioned via a public proce38[93.
Existing public art repositoriesg(.g, the Public Art Archive B2,
Project for Public Space§§) enumerate categories for murals,
mosaics, sculptures, performance art, and other art types distin-
guished by material or topicd.g, ber art, environmental art). Our
typology builds on Jiangt al's urban artwork taxonomy consisting

of murals (2D, on at surfaces), mosaics (2.5D, also on at surfaces),
and sculptures (3D, typically freestanding or on pedestads £g.

We additionally surface uncommissioned gra ti 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 Al

ArtScape's VLM pipeline is unique in that it centers on detecting
scale, shape, style,, andlocationvariable 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 stree¢(g, roads f7, foliage [25,

To evaluate ArtScape, we collected and hand-labeled a Street walkability [19), or detecting objects with already known rough

View Image (SVI) dataset of 704 images, and achieve a micro-F1

positioning €.9, curb ramps 70, building facades $6 5§) or

Lhttps://huggingface.co/datasets/makeabilitylab/urbanartwork
2https://github.com/makeabilitylab/artscape
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constrained shape(g, tra c signage [55, sidewalks [/, bus
stops B9, parking [43). For example, Liangt al.train an R-CNN
with a tra c sign dataset to detect tra ¢ signage in images$5.
Without model training, Caet al.use VLMs to look for the existence
of speci c features in streetscape imagery to scavalkability [19.
In these cases, through either a pre-existing dataset of objects,
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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 tourism2p,

71, 81). In the U.S. alone, cities such as Detroitd 87 and Seat-

tle [12 77 o er guided public art tours. In recognition of this
interest in urban art, researchers have leveraged augmented reality

pre-de ned, constrained search space, existing work has accurately g enhance in-person street art engagement by overlaying artwork
detected or described objects in streetscape imagery. However, ur- meaning, history, and artist information on mural8 and provid-

ban artwork hasno existingdataset of artwork in its varying types,
shapes, and styles a dataset that this paper contributes.

ing animations and interactive mini-game4§. Databases such as
the Public Art Archive B and Google Arts & Culture's Street Art

Incases where existing work has detected artworkin streetscapes, collection [3§ also document and map out urban art. However, prior

it primarily only focuses on a singlsubtypeof artwork, thereby

work has been limited to a small set of manually curated artworks

constraining the detection space. One popular area of interest is and does not support participant-led exploration; with ArtScape,

gra ti detection, aimed not at surfacing cultural relevance or artis-
tic value but automated vandalism detection [L5 22 35 52 69
84, 85 89. Other work has examined mural&[35 89 and sculp-
tures [41, 7¢. For example, Bom et al.[15, Wanget al.[8§, and
Laviet al.[52 all train detection models on custom curated graf-
ti datasets (e.g, [29) or web-scraped gra ti datasets€.g, [57),
and Alzateet al.do the same for murals7]. However, these works
use convolutional neural networks(g, [15 41]), or transformer
based models(g, [88) that all require prior training or ne-tuning.
ArtScape is the rst to utilize a state-of-the-art VLM to detect mul-
tiple categories of urban art of varying artistic styles and shapes
simultaneouslythroughout a region and without prior training
while also describing, rating, and locating each art piece.

2.3 Describing Artwork with Al

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,g(g, CLIP R1, BERT R9), recent
VLM/LLM advances have signi cantly improved art description
capabilities P3 90. For example, Chheda-Kothast al.use LLMs

to generate descriptions of children's artwork for mixed-ability
families [23, Jianget al.explore BLV users' perspectives on us-
ing LLMs for generating urban art descriptiondf], and Arita et

al. investigate whether LLM generated descriptions can be distin-
guished from human-written descriptionsg]. 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, Jianget 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 sources33 9( for instance, providing additional
context @.g, artist) and querying a pre-constructed knowledge
graph [90. However, in these cases, the input is assumed to be
knownartwork 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.

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 rst 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-speci ¢ ne-tuningq4,
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 whaexactlyis urban artwork. Grounded in prior
literature [46], we target four categories of urban artworkaurals
mosaicssculpturesandgra ti . While some prior work g5 46 does

not include gra ti, we consider it as a distinct artwork category,
recognizing its cultural and political valueds, its association with
socioeconomic trend52, 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) Itering out extraneous
detections that do not conform to the guidelines we enumerate. Our
pipeline consists of ve stages to maximize performance: image pre-
processing, exhaustive artwork detection using a VLM, detection

Itration and characterization using a second VLM pass, detection
enrichment via geolocation using monocular depth estimation, then
nally artwork deduplication. This pipeline forms the backbone
of ArtScape's ability to enable city-scale artwork exploration and
regional trend understanding. Arti cial 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 Re@leruse Google Street
View (GSV) §] for its highly comprehensive coverage of cities from
aground-leveliew, allowing us to traverse streets and search for
urban artwork akin to in-person exploration. A critical decision,
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Figure 2: ArtScape is comprised of a ve-stage pipeline: (1) sampling, downloading, and preprocessing panoramas from Google
Street View; (2) detecting urban artwork in the panoramas with a VLM; (3) Itering 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 VLM on each slice individually. In this way, the VLM operates on
OpenStreetMap'sd road network, we sample points at 30 meter a much smaller image, improving detection quality. Each slice is
intervals along each network edge (and the midpoint for those 120, sharing overlap with neighboring slices, to circumvent having
shorter than 30m) to balance between having complete line-of- to recombine objects split at seams. For each slice, we only accept
sight to all points on a given street and resource consumption. We detections whose centroid exists in the centerGhsuring objects
return to this tradeo in Section 6.1. This produces 51,251 street are detected in their entirety. Note that our preprocessing strat-
edge sample points in Seattle. Then, for each sample point, we egy lowers tokens sperper API call of which there are six per
query and download the closest available SVI within 10 meters panorama. It does not lower tokens spent per panorama.

using the GSV API9], resulting in 49,859 total unique images in First VLM Pass. We use the rst VLM pass as aaxhaustive
Seattle which we pass to our artwork detection pipeline. detection pass passing each panorama slice to the VLM and asking
itto nd 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 staged, Mural : Paint on walls,
ground, infrastructure, Pictorial/large-scale desiyji@econd, 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 artls this aroad or ground mark-

ing (crosswalks, utility markers...)Zourth, we highlight easily
missed locationsUtility infrastructure, ground surfaces and over-
head structures..Last, we provide expectations for each descriptive
eld (i.e, con dence, description, alt text, reachabilityjnclude
Subject ma er: what is depictedColors & pale e, Style & tech-
nique... Through our prompt, we specify precise guidelines for
the VLM to follow, translatingsubjectivedeas about artwork and
creativity into grounded and speci c features.

Second VLM PassThe rst pass alone produces a large number
of detections that do not adhere to our guidelinése( false posi-
tives). Thus, a second VLM pass runs only on individual cropped
detections, targeting (1) Itering out false positives and (2) auditing
the rst pass by xing misclassi cations and generating detailed
descriptions, a title, and an interestingness score. In prompting,

3.1.2 VLM PasseBo e ectively 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 lesize 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 re ne the VLM
output: image preprocessing to maximize tokens-per-image, a rst
pass over entire panoramic images targetieghaustiveartwork
detection, and a second pass lier extraneous output from the
rst pass while also generating high-quality descriptions. For all
VLM calls, we use Gemini 3 Prd][for its state-of-the-art object
identi cation 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 38Panorama (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
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we take a similar approach as before and reiterate the same guide-
lines: rst by including art categories and de nitions, second by
including the same checklisg(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 rst pasBoes

the description accurately capture subject, colors, style material...
condition? Does tladt text concisely summarize the artworki¥e

also ask for an interestingness scord&ate 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 o

in passing... 5: a landmark piece people would seek out speci cally.

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 artworke(g, [17, 24, 46). See Section A.3
for the full prompt.

3.1.3 Distance Filtering and Geolocatibime VLM pipeline yields
artwork detections in an SVI and its approximate (camera) location
in the real-world. However, we do not knowhereon 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 signi cant duplicate
detections from SVIs that are nearby; and (3) we have no ne-
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 Iter out
artwork farther than 25 meters away. We choose 25m as it is just
under our 30m sampling interval, allowing for some error bu er in
our depth estimation.

To estimate distance, we uSA36J 44, a state-of-the-art monoc-
ular depth estimation model that accepts panoramic images directly
and predicts scale-invariant depth. Because DA360 does not provide
absolute depthi(e, meters), rather, depth scaled by a per-image
scaling factorwe 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 (.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 lengttes 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 Deduplicatioro further ensure that our detections are of
high quality and at good viewing angles, we run a deduplication
step to Iter out detections of the same object and choose the one
that occupies the largest FOV in its panoramnia( was closest

to the camera). This has the added bene t of removing duplicate
objects due to variance in the distance ltering or images not being
precisely 30m apart. To do so, for each detection crop, we generate
embedding vectors usinBINOv3(ViT-B/16) B(, a state-of-the-art
image understanding model. Then, to determine if two detections

ut
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Figure 3: Common false negatives include distant and o -
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 di erent. Between 0.7 and 0.88, we use
SuperPoinf27] to extract key features andlightGlue[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 Dataseflo generate the rst-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 categoriesurals= 581 mosaics 73,
sculpturess 157, andyrati = 494, total = 1,305) using polygonal
masks for larger objects and rectangular bounding boxes for smaller
objects €.g, small gra ti 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 nal evaluation. This

is the rst dataset that captures a wide variety of urban art from a
street-level viewpoint; we release it for open science.

3.2.2 Object Detectiomo evaluate our VLM pipeline's artwork
detection ability, we rst 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 nal detection list€.g, if there is

a grati piece on top of a mural) over boundary accuracy. First,
we use theHungarianmethod for bipartite matching 4, with

an Intersection Over UnidioU) 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 o set 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 Figure 4: Edge cases we excluded from our de nition of urban
the model across classes. Misclassi cations are considered true artwork, including exclusively commercial artwork, architec-
positives as we are primarily concerned with detection rate. We ture, and urban furniture (- e.g, ground tiling, lamps, bollards).
encourage readers to observe the per-class statistics in Table 1.

Overall, our pipeline performs well, with a precision of 0.77, recall  (187/204)hothR1 & R2's median scores were 4 for descriptiveness
of 0.88, and F1 of 0.83. We considerall to be the most valuable  anq 5 for accuracy (for breakdown by class, see Section A.4). This
metric (and we optimized our performance for it), as itis easier to  jpgjcates that our pipeline produced highly descriptive and accu-
correct a false positive than nd a false negative. See Figure 3 for |ate artwork descriptions, a rming prior work and verifying the
example false negatives and positives, and Figure 5 and Section A-lquality of our art catalog.

for successful detections. )

] ) ] ) ) 3.2.6 VLM Cost-Reduction Stratefyreduce total VLM API cost
3.2.3 Distance Scaling Factw.evaluate potential variance intro- g time burden, we experimented with a version of our pipeline
duced by assuming a uniform scaling factor for estimating distance, \yhere we pass slices to the VLM in one batched call, rather than
we take the average and standard deviation of our 20 derived scal- jydependently. This reduced API cost and time signi cantly, but
ing factors. We_ n_d the average is 2.54 (used in the pip_eline), W_ith  recall su ered (0.62). Given the savings, we use bagchedvLM
as?andard deviation of 0.28 (11% of the mgan). Assuming the‘dlstrl- pipeline for the version of ArtScape used in the user study, as
bution holds over all Seattle panoramas, this means that a majority || comprehensive data is not required for understanding partici-
of distances we estimate are accurate to withi1%. As artwork  pant reactions and interactions in a proof of concept. We ran this
hgadlng is nllore.crltllcal for geolocating on the map, this error in pipeline over 49,859 SVIs, which codt!S$2,000. See Section A.5
distance estimation is acceptable for our purposes. for results of the batched object detection evaluation, run with the

3.2.4 Deduplicatioo evaluate the deduplication error rate, we ~ Same methodology as described above.

randomly sampled 100 matched objects. We found that 27% were . .

incorrect matches, 24/27 of which were gra ti. This indicates that ~ 3-3  USer Interface Design and Implementation
deduplication works well for distinct art pieces but poorly for more  ArtScape enables users to interactively explore urban artwork at
simple gra ti pieces, suggesting that DINO's pretraining is inca-  scale. The primary Ul (Figure 1) consists of four key components:
pable of distinguishing between similarly looking gra ti artwork. (1) asearch panel for searching, Itering, and viewing the artwork
Ultimately, this means ArtScape will rarely falsely deduplicate mu- in cards as part of a structured list, (2)teur panel for generating
rals, mosaics, and sculptures, but may spuriously remove grati.  routes that pass by artworks of interest, (3Jatge 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 gure
for additional details.

3.2.5 Description Generatidive evaluate our pipeline's ability
to generate bottdescriptiveand accuratedescriptions of each art
piece to rea rm 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) 3.3.1 Exploring Urban Artwork Onlirka help users make sense
of image description writing experience, score each detection's of thousands of artworks, we follow Shneiderman's information-
description on a Likert-type scale from 1-5 on descriptiveness and seeking mantra ofoverview rst, zoom and lter, then details on
accuracy (matching the user study protocol in Section 4.1). On art- demand [79 via the map view, the search panel, and the detail
works where both scorers agreed that the detection was artwork modals. This pattern is used widely by commercial geovisualiza-
tion systems (e.g., Google Mag7], Zillow [ 94, Airbnb [6]) and
Table 1: Per-class results of our object detection pipeline. artwork-related research (e.g., [31, 50, 60, 68, 92]).

Note recall is the highest amongst most categories our goal. Unlike museum works contained within a single venue, urban
artwork is site-speci ¢ 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

Category TP FN FP Precision Recall F1

Mural 126 14 41 0.75 0.90 0.82 exploration from an artwork- rst or map- rst perspective. We
Mosaic 21 O 20 0.51 1.00 0.68 present metadata in a detail pane with the artwork title, a zoomable
Sculpture 19 6 5 0.79 0.76 0.78 image with alt text, the description, the SVI's capture date, artwork
Grati 191 27 38 0.83 0.88 0.85 type, con dence, interestingness, reachability, and neighborhood.

The detail pane also includes a button to favorite the artwork and a

Total 357 4r 104 o 088 083 feedback form regarding Al-generated data quality.
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Figure 5: Examples of ArtScape's detections across di erent
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
works with high con dence 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 Tourspired by curated public
art tours, we enable users to personalize walking tours by spec-
ifying origin and destination (using thévlapboxSearch 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
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the MapboxGeocoding AP161] 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. Arti cial 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 rst asked participants
about their experiences with discovering and engaging with urban
artwork (e.g, current discovery practices). For BLV participants,
we brie y asked about the accessibility of exploring urban art.

Part 2: Prototype Evaluation. Then, we asked participants to
complete ve 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 ltersTask 2 was to explore speci ¢ artworks and
engage with the metadata(g, descriptions, con dence, interesting-
ness, reachability), naturalistically opening opportunities to discuss
Al accuracy.Task 3 was to identify urban art themes across neigh-

con dence (30%), interestingness (30%), and theme relevance viahorhoods of varying degrees of familiarity. We asked participants

keyword matching (40%, full score if unspeci ed). 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

whether and how they were able to gain a better understanding
of each neighborhoodl'ask 4 was to plan an urban art walking
tour, inspired by existing art tourisme.g, [12, 87]). Participants
generated a tour based on location, distance or duration, number
of stops, and potential intereste (g, animals, colorful artwork).
Lastly, Task 5 was to assess Al-generated information accuracy
for two detections (Figure 5 left, Figure 7). We asked participants

con dence and high interestingness. The selected stops are passedfollow up questions about how to address errors that might arise

to the MapboxOptimization API 63 to determine route order. If
routes exceed a user's speci ed 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 satis ed or only
two stops remain. As walking or rolling speed can vary, speed is
adjustable via settings.

3.3.3 Screen Reader Accessibilityey priority of our system is

ensuring screen reader access. As described above, we generate

detailed artwork descriptions, guided by prior work (e.d, BO 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 e ect [18].

3.3.4 ImplementatiolrtScape is a static web app implemented
with Mapbox[67 for the map and routing visualizations. We use

when using Al.

Part 3: Re ection. Next, we engaged participants in are ection
on their experience with using the prototype. We focused on the
human-Al 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 Al 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 which ArtScape identi ed as artin 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 metho®. Two researchers

rst coded a subset of interviews and discussed the codebook be-
fore splitting the remaining transcripts for analysidf. We then
performed a thematic analysis. Participants' system interactions,
logged locally and sent to the study team, were analyzed to support
the qualitative ndings.

5 User Study Findings

Participants were excited about how ArtScape helped them explore
artwork at amicro-, mese, andmacrascale, and inspired future
in-person urban art visits as opposed to merely passive discovery.
Below, we describe key ndings related to multi-scale artwork and
urban discovery, human-Al interaction, and ArtScape's impact.

5.1 Multi-Scale Discovery

5.1.1 Micro-Exploration of Individual ArtworlRarticipants 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 gra ti works, and 32 mosaics. Each participant engaged with
an average of 44.9 unique artworksiédian= 38,range= 3 118).

A key bene t 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 | can look at it in more detail
(S2). Some who searched for unknown pieces narrowed their search
by Itering for high-con dence and high-interestingness artworks,
while others ltered speci cally to nd low-con dence artwork: |

like artwork that is satirical or subversivgJ10).

The artwork descriptions were helpful, especially to BLV partic-
ipants, but limited in their artistic context. B6 noted that evocative
adjectives such aslreamlike quality were fanciful enough to ap-
peal to [her] imagination,and appreciated that the descriptions
included stylistic qualities such as amdigenous styleand the art-
work's spatial associationwith its surroundings. For U7, a sighted
urban planning student, the description directed her attention to
details partially obscured by a tree (Figure I)says that there's
awoman's face [...] and | hadn't even noticed her attdfwever,

Jiang and Hwang et al.

familiarity and understanding. Others found that the tool could
dispel stereotypesmy perception was just that old people live there,
but now I'm seeing, no, there's cool places | can {&).

5.1.3 Macro-Exploration of City-Wide TrenHdastly, 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 | would have though{B1), and were able to identify
patterns relating to neighborhood density and along thoroughfares.
For example, S5 noticed that the gra ti waslmost perfectly tracing
out the main roads or freeway@-igure 6a). BLV patrticipants used
the neighborhood lters instead of the map markers for inferences:
I had no clue there were that many gra ti 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 inferencethere's not as
much of a concentration [of gra ti] 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-Al Interaction

Participants found the usage of Al for ArtScape positive, but iden-
ti ed 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 All participants were enthusi-
astic about the use of Al for scalably detecting and characterizing
urban artwork for exploration. Given the ubiquity of Al integra-
tions, which S9 noted could cause peopfamediate disgustdue

to it being forced in [their] face, he felt this was a really cool,
tangible, and actually helpful wayto use Al. S3 also commented
that there's a lot of controversy around Al-generated art, but this
is not generating anything, it's more like categorizimgyich she
thought was a positive application.

5.2.2 Limitations of Al for Art Detection and Descriptibhough
participants were positive about ArtScape's usage of Al, many felt
the detections were overinclusive, capturing small gra ti tags, false
positives, and arti cially segmented art. Even after applying lters
(e.g.for interestingness), several participants found the volume of
detections distractingithe repetitive images added a lot of visual

the majority of sighted participants (S2, S3, S5, S9, A8, Al1, Ul0)noise (S9). In addition, the presence of false positives and negatives

lamented the limited cultural context provided by visual-only de-
scriptions, desiring additional information about the artist, history,
materials, or evenfun facts (S9) but acknowledging that these
details could be di cult to determine solely with Al.

5.1.2 Meso-Exploration of Themes Within Neighborhdattici-
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 neighborhoodieferencing 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 providatformation
about the artwork [in her new neighborhoott] help her build her

reduced con dence. For example, U10 noticed a large mural on
the side of a building was not detected, but its re ection in the
windows across the street was (Figure 6b). Despite this, partici-
pants still felt reasonably con dent that ArtScape captured most
artwork sighted participants rated their con dence in the system's
comprehensiveness as 4.28/5, reinforced by the large number of
artworks ArtScapedid nd, and more (.e.,false positives):it's
better to have a wider view and allow people to re ne the selections
(A12) through in-system feedback. BLV participants were more
skeptical, rating their con dence in ArtScape's comprehensiveness
3.17/5 on average due to prior experiences with fallible Al visual
identi cation systems and limited methods for verifying detection

or description accuracy compared to sighted userston't have

any reason to feel con den(B6). While some participants acknowl-
edged that GSV images could be out-of-date, with A11 mentioning
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