UC Berkeley

Research Reports

Title

StreetTransformer: A Computer Vision-based Tool for Analyzing and Retrieving

Longitudinal Changes in Urban Streetscapes

Permalink
https://escholarship.org/uc/item/1bw139gK

Author
Atkins, Jon

Publication Date
2025-12-01

DOI
10.7922/G26Q1VNN

eScholarship.org

Powered by the California Diqital Library

University of California


https://escholarship.org/uc/item/1bw139gk
https://escholarship.org
http://www.cdlib.org/

Berkeley

StreetTransformer: A Computer Vision-based Tool for

Analyzing and Retrieving Longitudinal Changes in Urban

Streetscapes

Author Jon Atkins, University of California, Berkeley
Advisor Dr. Maryam Hosseini, University of California, Berkeley
December 2025

UCB-ITS-PSR-2024-08

doi:10.7922/G26Q1VNN

Pacific
Southwest
Region UTC

University Transportation Center



TECHNICAL REPORT DOCUMENTATION PAGE

1. Report No. 2. Government Accession No.| 3. Recipient’s Catalog No.
UCB-ITS-PSR-2024-04 N/A N/A
4. Title and Subtitle 5. Report Date
Transit to California’s National Parks: An Assessment of May 2024
Visitation and Sociodemographic Barriers 6. Performing Organization Code:
ITS Berkeley
7. Author(s) 8. Performing Organization Report No.
Winnie Zhuang http://orcid.org/0009-0004-7655-2124 N/A
9. Performing Organization Name and Address 10. Work Unit No.
Institute of Transportation Studies (ITS Berkeley) N/A
University of California, Berkeley 11. Contract or Grant No.
109 McLaughlin Hall MC1720 USDOT Grant 69A3551747109
Berkeley CA 94720-1720
12. Sponsoring Agency Name and Address 13. Type of Report and Period
U.S. Department of Transportation Whitepaper (August 2023 - May 2024)
Office of the Assistant Secretary for Research and Technology | 14. Sponsoring Agency Code
1200 New Jersey Avenue, SE, Washington, DC 20590 USDOT OST-R

15. Supplementary Notes

DOI:10.7922/G2K64GDB

16. Abstract

California boasts nine national parks that are home to a plethora of recreational, cultural, and professional
opportunities. It is no surprise that national parks draw in millions of recreational and non-recreational trips
from across the country and internationally, however how visitors choose to arrive at these federal lands is a
major consideration for land management, policy, and infrastructure decisions. According to the National Park
Service’s Visitor Use Statistics, an overwhelming majority of visitors arrive by automobile. Alternative
transportation options to national parks in California may increase visitor diversity and encourage the modal
shift away from car travel. Additionally, transportation infrastructure has the potential to take up more natural
spaces in national parks as population growth and recreational popularity increases in the coming years.
Roadway widening, repaving, and other disruptive events can have negative impacts on adjacent ecosystems
and communities, as well as contribute to public health issues. In this report, the existing conditions of transit to
national parks in California are examined in relation to census tract-level sociodemographic and origin-
destination data to reveal the spatial distribution of visitor origins and gaps in national park accessibility. From
an equity perspective, findings suggest that median household income is proportional to the network distance
between a given trip origin and national park destination, and household vehicle access and race are strongly
correlated with national park visitation. By examining the current transit network to national parks, select
characteristics of park visitation, and demographics of these visitors, this research aims to reveal opportunities
for expanded transit connectivity to California’s national parks. Recommendations are presented to provide
guidance to decision makers in the realm of transportation access to recreational spaces.

17. Key Words 18. Distribution Statement

National parks, accessibility, public transit, No restrictions

transportation equity, travel behavior,
demographics

19. Security Classif. (of this report) 20. Security Classif. (of this page) 21. No. of Pages 22. Price
Unclassified Unclassified 117 N/A

Form DOT F 1700.7 (8-72) Reproduction of completed page authorized.



About the Pacific Southwest Region University Transportation Center

The Pacific Southwest Region University Transportation Center (UTC) is the Region 9 University Transportation
Center funded under the US Department of Transportation’s University Transportation Centers Program.
Established in 2016, the Pacific Southwest Region UTC (PSR) is led by the University of Southern California and
includes the following partners: California State University, Long Beach, Northern Arizona University, Pima
Community College, University of California, Berkeley, University of California, Davis, University of California,
Irvine, University of California, Los Angeles, University of Hawaii, and University of Nevada, Las Vegas.

The Pacific Southwest Region UTC conducts an integrated, multidisciplinary program of research, education and
technology transfer aimed at improving the mobility of people and goods throughout the region. The program is
organized around four themes: 1) technology to address transportation problems and improve mobility; 2)
improving mobility for vulnerable populations; 3) Improving resilience and protecting the environment; and 4)
managing mobility in high growth areas.

US Department of Transportation Disclaimer

The contents of this report reflect the views of the authors, who are responsible for the facts and the accuracy of
the information presented herein. This document is disseminated in the interest of information exchange. The
report is funded, partially or entirely, by a grant from the US Department of Transportation’s University
Transportation Centers Program. However, the US Government assumes no liability for the contents or use
thereof.

Disclosure

This research took place at the University of California, Berkeley from August 2023 to May 2024 and was
supported by the Pacific Southwest Region University Transportation Center research program in the amount of
$7,500.



Street Transformer

A Computer Vision-based Tool for Analyzing and Retrieving Longitudinal
Changes in Urban Streetscapes

Jon Atkins

PROFESSIONAL REPORT

Submitted in partial satisfaction of the requirements for the degree
of
MASTER OF CITY PLANNING

in the
Department of City and Regional Planning
of the
UNIVERSITY OF CALIFORNIA, BERKELEY

APPROVED

Maryam Hosseini

Assistant Professor, DCRP
Marta Gonzalez

Professor, CEE, DCRP

Date: Fall 2025



Street Transformer 1

Abstract

Urban street design plays a critical role in safety, mobility, community and public welfare. Yet, systematic,
large analysis of streetscape change remains challenging due to the scale, heterogeneity and unstructured
nature of publicly available data. We here introduce STREETTRANSFORMER, a unified, open-source,
multi-modal visual analytics system and framework for gathering, comparing, retrieving and analyzing
urban streetscape state and change over time.

We construct a novel spatiotemporally grounded corpus for New York City’s more than 47,000
intersections by integrating longitudinal aerial imagery, segmentation masks, civic design documents and
capital reconstruction project data spanning nearly two decades of New York City history. Innovatively,
this corpus includes a large cache of 33,000 unstructured pdf document pages scraped from the NYC
DOT website, which have been parsed, categorized and spatially linked to intersections using OCR and
LLM-integrations. Additionally, project metadata, collected from NYC Open Data, is standardized and
filtered to safety-focused interventions, grounding the Documents, Images and Masks with the city’s
objective records.

We use this corpus to benchmark recent iterations of LLMs and VLMs and find that they struggle on
basic streetscape analysis tasks that require structured output. Motivated by this, we develop a custom
retrieval pipeline using CLIP-derived embeddings, difference vectors, FAISS-accelerated HNSW indexing
and whitening-based re-ranking, enabling fast, accurate and efficient sub-second similarity and change
retrieval across millions of instances.

We encapsulate these methods in an interactive web-based tool aimed toward practitioners and
researchers, allowing them to query, compare and explore streetscape similarity and transformation
through image-, text- and change-based queries. STREETTRANSFORMERdemonstrates the feasibility and
value of large-scale, multi-modal data unification for urban design research, and provides a foundation for
more robust machine and human understanding of built-environment change.

1 Introduction

As the arteries of urban systems and bedrock of urban form, city streets play an omnipresent
role in civic life and serve as inputs into countless models of urban activity. Street Design is an
important but understudied component of urban form and can dramatically change dynamics across
the transportation networks the streets compose. Design choices at the individual street level can
have an out-sized impact on various metrics of safety (NACTO, n.d.), economic vitality (Cortright,
2009), mode-choice (Ewing & Cervero, 2010), social-connection (Leslie et al., 2007), and general
well-being (Office of the Surgeon General, 2023).

Federal and local governments in the United States spend over $100 B annually in capital
costs towards street reconstruction (Urban Institute, 2024). However, despite this, the country
continues to suffer from rising traffic fatalities(National Highway Traffic Safety Administration
(NHTSA), 2024), lagging alternative mode-share adoption (Ewing & Cervero, 2010), and what
experts have described as an overly car-centric culture (Jackson, 1985). The National Association
of City Transportation Officials (NACTO) has called city intersections “one of the most critical and
most complicated elements in [roadway]| design” (NACTO, n.d.). Urban Designers, Transportation
Planners and Engineers devote careers to researching, proposing improvements and arguing over
intersection designs with minimal consensus on best practices.

Without comprehensive, structured, and accessible data on the geometry and configuration of
city intersections, professionals, researchers, and advocates cannot make fully-informed decisions.
The underlying data exists, but it heterogeneous, dispersed, and highly unstructured. The challenge
is compounded by the difficulty of defining human-scale urban form in the first place. An intersection
exists in three physical dimensions, changes over time, and presents different features to different users
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depending on how and when they encounter it. Any comprehensive representation of intersection-level
street design must account for all of this.

This paper presents STREETTRANSFORMER, an urban visual analytics system and replicable
framework that instantiates a structured, searchable database of built-environment streetscape
features across urban areas. Interactive, multi-modal, and open-source, it fuses distinct modal
data (e.g., images, text, documents, diagrams) across time to create a comprehensive corpus of
street design that can prove useful for researchers and practitioners alike. In doing so, it solves for
a number of novel data science questions, driving advancements in the fields of Urban Planning,
Engineering, and Computer Science.

The research resulted in two peer-reviewed workshop publications at leading international venues
in computer science and geospatial analytics: an oral presentation at Google’s Urban Mobility
Foundation Models (UMFM) workshop at ACM SIGSPATIAL 2025, and a poster presentation at
the NeurIPS 2025 Urban AI workshop. Work is ongoing on expanding the analytic tool’s interface
and improving ways to leverage the the diverse methodologies with a targeted paper submission in
a top tier data visualization venue this Spring.

2 Literature Review

Urban Design & Form

The impact of built-environment design on urban travel patterns has been well-studied in Urban
Planning literature by Cervero and Kockelman (1997) in their landmark “3D’s” paper. This affirmed
prior work by Southworth and Ben-Joseph (1995) finding the layout of streets can predetermine
modal choices and travel patterns. Beyond transportation, street design factors are shown to impact
safety (NACTO, n.d.), public health (Saelens & Handy, 2008), economic development (Cortright,
2009) and community (Leslie et al., 2007) . Despite this, urban design features have long been
under-measured as Ewing and Handy (2009) show in “Measuring the Unmeasurable.”

Computer Vision and Cities

The field of Computer Vision has risen in prevalence in recent years as the capability for machine-
understanding of visual input has grown exponentially. As it has grown in capability, it has increas-
ingly been applied to the study of cities, producing various interesting approaches to streetscape
analysis. Recent works on sidewalk extraction (Hosseini et al., 2023), street view segmentation,
and change detection (Dong et al., 2024; Hosseini et al., 2022; Wang et al., 2025; Zhu et al., 2024)
show the potential to evaluate infrastructure condition and assess neighborhood change. However,
efforts like this generally draw conclusions from singular sources, often aerial imagery or Street View
Images, or features, rather than using an ensemble-based approach to measuring change. Urban
foundation models (W. Zhang et al., 2024) can handle city-scale prediction tasks, but treatment of
the underlying built environment remains limited to encoding static networks or features.

Semantic Grounding

However, they found that grounding the models with formal and structured domain knowledge -
e.g., ontology of common street-evaluation metrics - improved model performance and reliability
considerably. Zhu et al. (2024), similarly, found that the performance of the Segment Anything
Model (SAM) (Kirillov et al., 2023) on Remote Sensing Change detection was significantly improved
by adding semantic guidance. While, Shu et al. (2025), found that traditional Remote Sensing
Change Detection models struggled with some common tasks when applied to roads and bridges
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without semantic understanding, and thus published a semantically-grounded dataset to augment
such detection tasks in the future.

Urban Visual Analytic Systems

Recent academic inquiries at the intersection of Computer Science and Urban Studies have resulted
in a wide array of standalone visual analytic systems - tools which "distill intricate urban analysis
workflows into intuitive, interactive visual representations and interfaces" and allow users from a
variety of fields to access and analyze complex interactions between geospatial, visual and temporal
urban datasets in a reproducible, low-code manor. (Ferreira et al., 2024)

In MobiSeg, Wu et al. (2017) created a tool that automatically segments a city into different
regions based on similar patterns found in mobility data. Garcia et al. (2021) worked with criminology
experts to create CrimAnalyzer, a tool that allows users to easily see crime patterns across their
city. And in SensorAware, Wei et al. (2021) uses pixel-based time-series visualization to propose a
generic interactive visual system for analyzing readings from static and mobile sensors, with various
applications for city government officials.

Looking closer at the built-environment Miranda et al. (2019) used foundational computer
graphics techniques of ray tracing and shadow maps to develop Shadow Profiler, a tool that allows
urban planners to simulate the effects of shadows throughout the day. At further granular level,
Urban Rhapsody, (Rulff et al., 2022) leverages machine-learning models on top of sampled audio from
New York City to create a large-scale, annotated database representation of the city’s soundscape.
However, few tools focus specifically on street-level transportation and accessibility infrastructure.
Hosseini et al. (2023) developed Tile2Net, an end-to-end tool to automatically detect roads, sidewalks,
and crossings from aerial imagery and create the planimetric polygon and network representation of
pedestrian infrastructure. This study makes use of these segmentation labels to detect infrastructure
changes.

Another set of recent tools have leveraged recent advances in multi-modal large language models
(MLLMs), to aid in analyzing the built environment by allowing coupling of textual and visual
data. IF-City (Lyu et al., 2024) uses explainable Al to to help Urban Planners simulate the effects
of built-environment change at the city scale. At a more street-level, Froehlich et al. (2025) built
a VLM-agent-powered tool to aid in street-level change detection for building-accessibility. In a
benchmark of LLM capabilities with street-level understanding, C. Zhang and Wang (2024) found
that GPT and other “zero-shot” foundation vision-language models are good when it comes to
translating visual information into text (captioning) but bad when expecting exact measurements
and objective answers. While Cai et al. (2025) found that MLLMs were able to provide assessments
of specific streetscape factors related to walkability from Street View Imagery out-of-the-box based
on general knowledge, but were generally too optimistic and prone to errors.

Analyzing a set of 130 similar tools for similar trends, Ferreira et al. (2024), found 46% of the
systems allow for interactive queries, but only 1% allowed natural language queries and 2% allowed
visual querying. Only 14% attempted to fuse multi-modal or multi-source datasets to improve the
queries. (Ferreira et al., 2024) In a public-service focus field like Urban Planning, availability and
cost are key considerations of any tool or data adoption. As such, it is important to note that
Ferreira et al. (2024) found only 10% of those analyzed were open-source with data and source code
publicly accessible.

This paper proposes a new urban visual analytics system,STREETTRANSFORMER, a multi-modal,
open-source tool for built-environment change detection that allows users to query the history of
streetscape design features using interactive selection, text, or image/document-based search. Few
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studies or tools focus intently on intersection-level transportation infrastructure change detection
and, crucially, no studies could be found that attempt to link multiple data modalities by combining
open-source imagery with publicly available civic design documents. While the work of Stalder
et al. (2024) and Dong et al. (2024) shows promise in improving visual change detection, they remain
tied to the Image to Text comparison, while our research expands by incorporating additional
modalities to create a fuller picture of streetscape change by linking longitudinal Imagery with the
design Documents that mandated them and the Project data that catalogs them.

3 Data Processing

Understanding the complexity of Street Design requires diverse multi-modal data sources. STREET-
TRANSFORMERutilizes a variety of publicly-available data, each representing a different aspect of
streetscapes either at a given time or the difference between two times, and unifies them into a
singular, structured, and queryable, spatiotemporally-grounded database.

3.1 Overview

The core unit of analysis in this paper is city intersections, defined as where any two car-accessible
streets cross and hereafter referred to (for extensibility) as Locations (L). Sets of Locations (often
with geographic or jurisdictional connections) are called Universes. Here, our universe consists of
all intersections in New York City, analyzed over the Timeframe (7), 2006-2024.

Data is then gathered from a number of Modalities: Ortho-rectified aerial Imagery, (I)
streetscape feature Masks (M), public official city Documents (D), and civic capital reconstruction
Project data (P). Each of these goes through their own processing steps (detailed below) to
standardize and ultimately assign them to Locations (L) and years (7).

3.2 Definition

State vs. Change Formally, for any [ € L,t € T Jl; that represents the State of the location [
at the given time ¢. For this study, we specify that State as the existence (binary) and location
(geometry) of a set of street-level transportation features (F'), detailed in Table 1.

Streetscape Features (F)
Sidewalk /Curb

Median /Island

Car Lane

Crosswalk

Bike Lane

Bus Lane

Pedestrian Plaza

Table 1: The existence and location of this set of street-level design features (F') defines the State of
a location (I)’s at any given time (f).

At any location, for any pair of years {l;,ly }, we can define a Change: Ay, = Fiy — Fy as the
difference between the features observed at time ¢’ and time ¢, and we can define a streetscape
redesign as any set of {I,¢,t'} where A;, # 0 . And we crucially know that this A; , # () for a
countably finite amount of locations in the city (by our count, 6,000), which should be captured to
some extent in modal data.
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Figure 1: The redesign of Pearl St to include a pedestrian plaza was an early example of NYC’s
new emphasis on streetscape initiative in 2007

The components of the set of modal data ([;, M;, D;) assigned to each location and year (e.g.
I;, is an aerial image of location [ at time t), each describe a different, incomplete angle of the
feature-scape Fj either at the time ¢ or over a period relating to ¢ (e.g. D, is a document that
defines a change prior to or after time ¢). Crucially, civic project data (P - detailed further below)
in NYC allows us to know, for each location, if a change exists (A; # () and more specifically, for
which f € F, flt,t’ # 0.

Example Let us define [; as the Location at the intersection of Pearl Street and Anchorage P1 in
Brooklyn Figure 1. We define State of [ for years 2006 and 2010 to include the set of streetscape
infrastructure features at [; existent at each time. We also define the set of Change data (Ay, ;6 2010)
between the years 2006 and 2010, which includes the difference between those two feature-sets.
Most notably, between these years, a pedestrian plaza was added, so only looking at existence,
Jpedplazayy,y = 1 Y€t fpedplazagy,; = 0 and their geographic data is in turn defined as the shape of the
new plaza.

3.3 Locations

As detailed in Figure 2, the data gathering process begins by gathering the canonical set of location
data. For New York City, STREETTRANSFORMERgathers Intersection centroids (nodes) from the
City’s open-source LION (New York City Department of City Planning, 2024) GeoDatabase. These
points are then filtered to remove those nodes which do not have car-accessible streets as edges -
this excludes nodes solely connected to footpaths, bike lanes, ferry stops, places where subways cross
underground and no-longer-existent streets. Remaining points are then consolidated by merging
those within 100 feet and those with degree two. And finally the remaining nodes are assigned
street-names based on the edge-names of the preconsolidated nodes in order of frequency.
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Figure 2: Beginning with data from the NYC’s LION dataset, intersection centroids are assigned to
Imagery, Feature Masks, Projects and Documents to create instances of State and Change
for all combinations of intersections and years.

Intersection | "." o Civic Project % Feature
Centroids Data ETh

=D

Differences

Civic Design
Documents

3.4 Modalities

Imagery The aerial imagery process begins at the intersection level. For each Location, a
bounding box of a fixed width is drawn around the intersection centroid, and translated into XYZ
tiles, which are then retrieved from NYC’s Orthoimagery APINYC OpenData (2006-2024) for each
even year (2006 - 2024) at zoom level 20 (15 cm resolution). These tiles are stitched into mosaics
and cropped to the bounding box, producing ten temporal snapshots per location, resulting in a
total of 470,000 images.

Feature Masks: FEach Image is then fed into Tile2Net Hosseini et al. (2023), to create the
segmentation labels, including roads, sidewalks & footpaths, and crosswalks for each intersection tile.
This gives a representation of the intersection that is highly focused on the shapes of the features
of study, theoretically improving the ability of models to detect and measure difference. Even for
features not included in the model segmentation - medians are classified as background - changes in
size and shape of these features are in most cases visible in the resulting masks, as can be seen in
the change-calculation example in Figure 3.

Figure 3: Images are passed into TileZ2net to be segmented by into infrastructure masks. Then
masks are subtracted to create difference masks
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Documents: The inclusion of civic design documents is one of the key innovations of this
project. Government-sponsored capital projects require a large paper trail of documentation, made
available to the public through hearings or official releases. For the New York City Department
of Transportation (NYC DOT), this takes the form of a large unstructured online repository of
pdf documents (see Figure 4), which reflect all materials made available during necessary public
hearings about capital reconstruction projects.

Existing Conditions — Tillary Street at Adams Street

Adams St at Tillary St: Gateway to Brooklyn

......

Iy~
|

R T
Al

U -
il

FITRl

<

| )

Existing and Proposed Conditions Comparison:
Tillary Street at Adams Street cross-section on
Eastbound approach

Existing Conditions

Tillary St
Division between

Downtown Brooklyn and
Dumbo

Adams St
Connecting between the
Brooklyn Bridge

Promenade and ~
Downtown Brooklyn

lon HWKB39W- Reconstruction of Tillary Street Area Tillay Street Project Area

(c) Detailed Map (d) Before/After Cross-section of the Road

Figure 4: Four of 130 Publicly-available Document Pages, which were spatially-grounded to the
intersection of Tillary St & Adams Rd in Brooklyn. These Documents can be used to augment
and enrich understanding of streetscape change beyond traditional data sources.

These documents are intended for public consumption on an individual basis and thus are largely
unstructured and un-indexed. Yet, as shown in Figure 4, they contain highly detailed, multi-modal
data, including text descriptions of projects, checklists of project components, design schematics like
detailed descriptions and labeled diagrams, and renderings. This data is feature-rich but difficult
to standardize or localize without modern advances in document understanding, natural language
processing and computer vision.

All publicly available "project document" PDFs were scraped from NYC DOT’s website (2007-
2024) (New York City Department of Transportation, 2025a) — totaling 1,000 documents organized
by project name, borough and year. These documents were then split into 33,000 individual page files
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and spatially grounded using a combination of regex and Google Gemini queries on OCR-extracted
text linking each page to sets of cross-streets. In the process, the agent also assigns a type (text,
image, or diagram to each street-set based on how and where it found the street pair — this typology
will be used later. The street name pairs are then normalized using a combination of regex and
NYC-Geoclient-based Normalizer (NYC OTI, 2025), and joined to the Locations dataset by name
so that 78% (with gemini-2.5-flash) of street pairs found within pages match to Locations.

Projects: From NYC OpenData(New York City Department of Transportation, 2025b) we extract
a geocoded log of Capital Reconstruction Projects since 2001 and match them to Locations within
100 ft. This buffer is necessary to account for manual discrepancies and artifacts introduced for
complex intersections during the consolidation process. Projects are then filtered to transportation
related reconstruction projects (n=2,799) while filtering out minor changes like resurfacing or
art installations (n=1,266), leaving the safety_scopes metadata column is consolidated and
standardized to fit the following 6 categories:

Project Scopes — "Safety Interventions”
Lane Removal or Road Narrowing

Bus Bulb / Curb Extensions

New or Extended Median / Island

Raised Crosswalk / Intersection

Shared Street

Bike Enhancement

Table 2: NYC DOT’s Capital Reconstruction Project dataset defines a set of Safety-focused scopes
for each project. Here we present a consolidated version.

3.5 Unification

These modalities all been cleaned and processed and are temporally ( Year) and spatially (location__id)
grounded and thus all modalities can be linked to a snapshot of a specific Location at any given
time. Furthermore, State-based modalities (e.g. Images and Masks) can be paired and subtracted
to compute Change. And Change-based modalities (e.g. Documents, and Projects) can be used to
compute State features in their before and after years. Together the modalities creates a feature-rich,
densely-populated spatiotemporally grounded corpus of multi-modal, mutually-supportive data.

4 Benchmarking Existing Tools

Recent advances in general-purpose Large Language Models (LLMs) and Vision-Language Models
(VLMs) like ChatGPT and Gemini have shown immense promise in recent years across many fields.
With that growth, researchers have increasingly applied their skills to urban streets, Cai et al. (2025)
Huang et al. (2024) C. Zhang and Wang (2024) , to varying degrees of success. To test whether such
"zero-shot" approaches might be useful as part of streetscape feature change search, we developed a
benchmark of tasks upon which to test the tools.

This benchmark included a suite of five LLM tasks that utilize different aspects the corpus to
answer questions that are key building blocks of STREETTRANSFORMER’s more complex queries.
These benchmarks tested with various versions of Google’s Gemini model and with different media
type inputs (Images and Fusion (Image 4+ Mask)).
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4.1 Benchmark Tests

Four tasks

1. Change Classification: Did a change occur (between image/mask pairs at the same location).

2. Change Identification: What specific streetscape features (pulling from Safety Features
above) changed between these two Images or in this Document?

3. Change Describer: Write a short, 1-sentence description of the change that occurred between
two Images. Do the same for a linked Document and compare them.

4. Change Dater: Find the image where in a sequence where a change first occurs.

Task-Specific
Task Accuracy Macro-F1 Scor: @)
1 ! 0519 0.046 MccC
Task Description | Image Example Data Types Change (@% o ) - r 0502 0.059
|dentifier O 2.5Flite (image) | 0539 B o526 0.076
- 2.5 Flite (+Mask) 0527 - 0.522 04121
Change ewena"m:ma p_;w_;m e ] @ ﬁ
cange, @) mmmem R RS e
to : 2012 2018 image  Image + Mask &) 25 lash (image) 0.421 g K
Change —{=) 2.5 Flash (+Mask) 056 g‘ggz 0.019
R 2.5 F-lite (image) | 0574 0.031
§ Classifier ©\& 25 Fite (+Mask) orra 0.003
Change =) Given a media pair or e ] 0.033
document, identify what ?
Change @8 it | % P
change occurred. -
2012 2018 g:;mems Change 'oDrz’:B :_:::s':'[":“:} B 2 5si o0 MAD
5 Flash (+Mas
Gi 0.071 2.5 F-lite (image) 2.730
— document?, descria i a . — ; Dater In 21 25 F-lte (+Mask) 5009
gha"s!: A ﬁ R )
escriber (@ the two given a set S - f
vocabulary of 2012 2018 2.5 Flash (image) [N 0.842 RefCLIP
: Change |= 2.5 Flash (+Mask) [ 0.862
2.5 F-lite (image) 0.858
2.5 F-lite (+Mask]
555 Given a chronological set | 2@ fe ) Describer O (L) 0.838
Change 222 | jinages romthesame | |
Dater =EE= location, identify where &
{3) | the change occurred. g e —

0.037 frac

Tile2net
(Baseline@ . [ [D

(b) Results of benchmark tasks were middling on all
respective tests compared to Tile2net.

(a) Four benchmark tasks test important sub-
capabilities across a variety of input .

4.2 Findings & Discussion

These results show that all four models tested show minimal improvement over random chance at
Change Identification, Change Classification, suggesting that the models are not very useful in this
case. However, they show positively strong performance in the Change Description task, with each
model showing RefCLIP scores are between 0.838 and 0.862 showing a high overlap between the
descriptions generating from pre-linked images and documents.

These findings show that existing MLLM models might not be very helpful in change retrieval,
lending more weight to the goal of developing our own algorithm is necessary.

Note: These steps were unfortunately undertaken just before Google Gemini 3 was released,
which purports to excel at tasks like these. Initial small-scale tests were positive but there There are
also additional, more complex tasks including Image to Document Linking and Change Localization,
which were scrapped due to the cost and lack of success on initial tasks.
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5 Indexing & Retrieval

Efficiently and accurately querying across a corpus of data this large and multi-modal is non-trivial.
Some of STREETTRANSFORMER’s core contributions come from this methodology. With New York
City’s 47,000 intersections, across 10 years, there are 470,000 state instances and 2.115 million
change instances over which to search. Each of these instances contains a large [512,] embedding for
each Media Type (Image, Mask, Fusion (Image + Mask)).

We developed this retrieval process to ensure accuracy across the space while still promising
sub-second retrieval times on text- and image-based search, whether using local or cloud-based
encoders.

1. Embed query (Images, Masks, Text, Documents) using OpenCLIP into a vector database
(powered by PGVector)

(a) OpenCLIP (Cherti et al., 2023) is an open-source and active version of OpenAI’s CLIP
(or Contrastive Language-Image Pre-training) (Radford et al., 2021) model which was
accessed using huggingface. (MLFoundations et al., 2021)

2. Compute change vectors by subtracting pairwise embeddings and save in separate file.
3. Compute cosine distance between all embeddings and change vectors
4. Build retrieval engine using FAISS (a) on top of HNSW-indexes(b) and export to ‘“faiss* files.
(a) FAISS or "Facebook Al Similarity Search'(Douze et al., 2025) is a python library built
by Facebook to optimize Vector Similarity Search.
(b) Alternative Index for IVFFlat provided for low-memory scenario if willing to sacrifice
some accuracy.
5. For a given input, find closest N vectors to it using raw distance from FAISS.

6. Re-rank N results using pre-computed whitening transformations.

(a) Whitening is a vector-decomposition algorithm similar to Principal Component Analysis
(PCA), which emphasizes differences in key features and filters out irrelevant features with
similar variances across the universe of images, thus dramatically improving discretion
and accuracy.

Because the indexes and whitening transformations can be precomputed, and the whitening only
happens in re-ranking, we can store the vector changes for this large dataset in highly compressed
local files.

6 StreetTransformerTool

This brings us to the core output of the project, the open source and customizable tool . Fashioned
as a web application, STREETTRANSFORMERallows urban transportation researchers, professionals,
users and advocates to efficiently access, compare, and ask questions about their urban built
environment over time.

We demonstrate our approach using New York City as an initial test case. With Its size, Its
quantity and quality of publicly available data, and two decades of streetscape redesign—resulting in
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a plethora of examples across many semantic categories—make it an ideal first case. In this example,
the Universe includes all 47,000 NYC intersections and the Timeframe is 18 years beginning in
2006, which is during the Bloomberg administration when Director of Transportation Jeannette
Sadik-Khan first made street design an emphasis of the city government.

6.1 Use Cases

STREETTRANSFORMERIs designed for non-technical practitioners and researchers in the urban
design and transportation space who want to learn more about their city’s intersections. It allows
users to search across the Universe of Locations, using either structured or open-ended text queries
(detailed below) to retrieve Locations throughout the Timeframe based on a similarity score. This
can allow designers to find precedents for new projects, traffic engineers to determine a control
group for an impact study of a planned intervention, or allow researchers to gather a sample for a
policy study.

6.2 Available Queries

As of now, there are five implemented queries that together allow for a knowledgeable user to answer
a wide range of domain-specific questions:

1. Image Similarity Retrieval

o Type: Image — Image, State
e Use: Find similar intersections
e Detail: "Given a location and a year, find the most similiar locations to it"
o Example: Locations most similar to Times Square 2006.
o Algorithm: FAISS(HNSW) + W hitening
e Options:
— Search using Images, Masks or both (Fusion)
— Filter the "Target universe" using year, borough, etc.

2. Image Dissimilarity Retrieval

o Type: n/a, Change
e Use: Find when a change occurred.s

o Detail: "Given a single location across time, find which years are least similar to each
other"

o Example: "When was this intersection redesigned?"

o Algorithm: Cosine — distance
3. Text to Image Retrieval

e« Type: Text — Image, State

e Use: Search for streetscape features

e Detail: "Given a text-based description, find locations that match it."

o« Example: "Find me intersections with a bus lane and pedestrian island."
o Algorithm: OpenCLIP + FAISS(HNSW)
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e Options: Filter target universe.
4. Text to Change Retrieval

o Type: Text — Image Pair, Change
o Use: Search for streetscape change over time

e Detail: "Given a text-based description, find locations where the difference between two
years matches it."

o« Example: "Find me intersections where a pedestrian plaza was installed."
o Algorithm: OpenCLIP + FAISS(HNSW)
e Options:

— Search using Images, Masks or both (Fusion)

— Filter target universe.

— Option for Sequential years only.

5. Image Pair Change Retrieval

o Type: Image Pair — Image Pair, Change
e Use: Find similar changes

o Detail: "Given a pair of images, find pairs of images (from the same location) that have
similar semantic difference.

o Example: "Find me intersections that also had 3 crosswalks installed."
o Algorithm: Dif ferenceVectors + FAISS(HNSW') + W hitening
e Options:

— Search using Images, Masks or both (Fusion)

— Filter target universe.
— Option for Sequential years only.

6.3 Interface

The interface for STREETTRANSFORMERfocuses on simplicity and ease of use for users. Upon
opening the app, the user is greeted by an interactive Map showing Street Reconstruction Projects
across NYC. A user can hover over locations to view information about the project or click on one
to select a QueryLocation. Above the Map is the SearchBar, with tabs for various Query Instances
detailed above. In the first tab, Image State Search, a user can enter streets into a search bar
and select a year from the set of available years. Once this temporally-grounded QueryLocation is
selected, the DetailsPanel pops up over the Map on the left to reveal the relevant data about the
QueryLocation. In different tabs, one can view Imagery and Masks from the location’s bounding
box through the years, Document pages which reference those cross streets, broken out by type,
and tabular metadata for Projects that have affected the QueryLocation since 2001.

The SearchBar contains additional options, including the ability to select a target year, search
methodology, or Top N Results, among others. With these options set, the user can click Search,
which will cause the ResultsPanel to pop up over the Map on the right. Here, a structured
representation of the top N most similar locations to the QueryLocation sorted based on the search
criteria. These Locations also populate the background Map to show the geographic spread of the
Results.
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Figure 6: STREETTRANSFORMERprovides a simple interface for accessing the multi-modal dataset
and querying for streetscape similarity and change

This process is repeated throughout the application for other types of queries, with their
respective criteria. By selecting the tabs above the SearchBar, a user can toggle between the
available query types.

6.4 Extensibility

A key feature of STREETTRANSFORMERIs its flexible design. On the backend, the application has
been implemented with an eye toward extensibility and replicability in additional localities. Given
the near universality of aerial imagery and Civic Design documents as well as the abundance of
potentially available modalities beyond those used (e.g. Street View, Planimetric features, Mobility
or Land-use data), we believe this will allow the tool to grow both in breadth and adoption for
maximal usefulness.

7 Discussion & Future Steps

STREETTRANSFORMERIs an urban visual analytics system designed to serve practitioners and
researchers in analyzing urban design and infrastructure. Development is still ongoing on additional
features, functionality and user interface improvements to best serve this purpose and aid its
potential userbase. With its existing core functionalities, users are able to access, explore and
compare data about individual street design projects in New York City over the past two decades.
Looking forward, this prototype also serves as a proof of concept and template for what is possible
in open-source decomposition, indexing and machine understanding of the Urban built environment,
and provides a good base from which to improve.

In non-trivially linking Images, Documents and Project Data in a spatiotemporally-aware
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dataset that can be queried with a simple user-interface, STREETTRANSFORMERallows those
interested access to this multi-modal data like never before. This can have broad implications for
human understanding of built-environment change, allowing residents and policy makers to easily
access the history of their local intersections or serving as a human-accessible layer on top of the
open-source corpus for practitioners and researchers to conduct additional analysis.

As for machine understanding of built environment change, the findings so far are promising
but modest. There is some definitive signal for similarity search across state-based Images and in
change similarity search for differences that are either non-semantic (e.g. "zebra-striped" crosswalk
additions) and/or are unmistakable on Segmentation masks (e.g. median expansion). However,
the algorithms struggle to link across locations where semantic differences might be more necessary
(e.g., classification of bike lanes and turn lane configurations).

The team plans to continue working on the tool and the underlying algorithm, which will expand
the project along multiple vectors.

Additional semantic data The team plans to improve access to semantic grounding with both
human expert interviews and by and by incorporating additionally structured data like through an
ontology-based deconstruction of the documents.

Fine Tuning & RAG These additional data could be combined with fine-tuning and incorporated
into a RAG-enhanced grounding, which has shown promise in improving results within the domain.

Additional Modalities Expanding the modal set to include additional layers can help gain
a broader understanding of state and change. In particular, Street View Images (SVI) or other
street-level views for their universality and the wealth of research already conducted with them.
These additional visual angles on street infrastructure, while less consistent and harder to standardize
than the ortho-rectified aerial imagery, can undoubtedly provide a more complete picture of urban
streetscape at various times. Additionally, due to its sparse and multi-faceted nature it can help fill
in for literal and figurative blind-spots of the aerial imagery such as tree-cover or intervening time
between snapshots to better pinpoint and categorize change occurrence.

Additional Geographic Support Expanding beyond just New York City is another priority.
While the application and database structure has been designed to be extensible already, doing so
would require gathering additional modal data from new jurisdictions and writing custom source
loaders to translate the raw data into the STREETTRANSFORMERbackend format.

User Interviews Finally, we plan to continue to expand the functionality of the tool with
functional, ergonomic and aesthetic enhancements. There are a number of items on this to do list
already but near future next step will involve user interviews with practitioners and researchers to
get a better sense of what will be most helpful for their needs.

8 Conclusion

The realm of urban street design is important for public welfare, highly complex and challenging to
ascertain objective truth and representative examples. However, in this paper we also demonstrated
that it is flush with feature-rich if highly unstructured data from many public sources which have
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been heretofore underutilized at scale despite their usefulness for practitioners. We argue it is
thus ripe for intervention and that the type of data unification and retrieval that recent advances
in Computer Vision, Vector Search, Vision Language Models can help empower urban planners,
designers and researchers with increased knowledge.

We further showcased STREETTRANSFORMER, a visual analytics system built to do just that,
by first walking through its process for unifying publicly available aerial imagery, public design
documents and civic project data across New York City to create a novel corpus of multi-modal,
spatiotemporally-grounded streetscape data over which a retrieval engine could be built. We then
showed how current LLMs struggle with even basic sub-tasks necessary to reliably operate such
a retrieval process using existing foundation models. And then detailed our custom algorithms
for such retrieval using combination of CLIP-based encoders, FAISS-enabled HNSW indexing and
whitening for re-ranking to . We finally showcased how this dataset and engine have been built into
an interactive tool, for which we walk through use-cases and features, and mapped out the design
process implemented with an eye toward future extensibility, and discussed such future plans in the
discussion.

STREETTRANSFORMERrepresents a major advance toward better machine and human under-
standing of the dynamic built-environment of urban streetscapes. The combination of novel dataset
and algorithm packaged into a simple user interface shows promise for a tool that can empower
urban designers and other practitioners with design data they need and offers an opportunity for
Computer Science and Machine Learning to play a role in improving cities through design.
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