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Figure 1: We introduce BikeButler, a personalized, context-sensitive bicycle route generation tool that enables users to generate,
compare, virtually preview, and iteratively customize bike routes. Drawing on OpenStreetMap, open government data, and a
custom Vision Language Model (VLM) analysis of street view imagery (SVI), BikeButler allows users to create profiles across eight
bikeability factors, including bike lanes, slope, vegetation, and surface quality and to generate and compare context-weighted

routes. See video demo.

Abstract BikeButler, a personalized, context-sensitive bicycle route genera-
tion tool that enables users to generate, compare, virtually preview,
and iteratively customize bike routes via custom profiles that en-
code seven bikeability features, including bike lane existence, slope,
vegetation, and surface quality—fusing data from OpenStreetMap,
open government data, and a custom VLM-based analysis of Street
View images. To design BikeButler, we employed a human-centered,
iterative approach starting with formative interviews and culmi-
This work is licensed under a Creative Commons Attribution 4.0 International License. nating in a user StUdY (N =16)‘ Our ﬁndings demonstrate that bike
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Urban cycling benefits personal wellbeing, public health, and global
sustainability. While current tools such as Google and Apple Maps
provide bike route recommendations, they do not account for a per-
son’s dynamic context (e.g., commuting, recreation). We introduce
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and that generated routes differ significantly from Google Maps
bike routing, reinforcing the importance of personalization.

CCS Concepts

« Human-centered computing — Interactive systems and
tools; Geographic visualization.
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1 Introduction

Urban cycling is a cornerstone of sustainable transportation, offer-
ing significant benefits for individual health and well-being [34, 66,
73, 82] while contributing to broader public health and environ-
mental goals [30, 71, 75, 113]. While current mapping tools such
as Google and Apple Maps provide bike route recommendations,
they do not account for a person’s dynamic context: an early morn-
ing commute ride is fundamentally different from a recreational
ride with the family. In this paper, we explore how people’s bike
route preferences change as a function of context and introduce
and evaluate a novel bike routing tool called BikeButler to support
context-sensitive decision making.

To design BikeButler, we draw on the long history of work in
urban planning and transportation studies exploring what makes
a city bikeable and why [16, 36, 43]. Cyclists prefer routes with
explicit bicycle infrastructure such as bike lanes, trails, and green-
ways [57, 63, 77], low vehicular speed limits [77], limited topograph-
ical steepness [63], and low traffic density—and will even travel
farther to use dedicated paths [64]. Similar to walking [87], bike
route preferences extend beyond objective measures to subjective
qualities, including vegetation [100], surface quality [77], and urban
morphology, including the visual aesthetic of a street scene [100].
Despite this robust literature, there is little work exploring how
these factors may differentially impact route choice as a function
of context (e.g., time-of-day, trip purpose, riding alone vs. others).
Moreover, while mainstream mapping tools provide specific bike
routing features, the route recommendations are opaque and not
customizable. More dedicated tools such as Strava [2] and Ride-
WithGPS [5] show popular routes in neighborhoods but the routes
lack context and again are not parameterizable.

We introduce BikeButler, a personalized, context-sensitive bicy-
cle route generation tool that enables users to generate, compare,
virtually preview, and iteratively customize bike routes. BikeButler
advances the state-of-the-art in three ways: first, to enable cus-
tomization across both subjective and objective factors, we combine
open government data, OpenStreetMap metadata, and a custom
Vision Language Model (VLM)-based analysis of street view im-
ages (SVIs) enabling parameterization across eight factors includ-
ing elevation, bike lane availability, and vegetation. Second, users
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can rapidly assess generated recommendations via color-coded
route segmentations, elevation profiles, and SVI-based previews—
supporting algorithmic transparency [86, 93]. Third, users can iter-
atively customize and compare route recommendations through an
innovative segment-based voting mechanism or by changing factor
weights in their profiles (e.g., to emphasize pavement smoothness
and bike lanes higher than route steepness and greenery).

To design BikeButler, we employed a human-centered, iterative
approach starting with four formative interviews, one mid-fi evalu-
ation, and culminating with a user study with 16 participants. We
also performed a technical performance evaluation of the VLM’s
ability to score vegetation, surface quality, and bike lane width com-
pared to two human labelers. We found that the VLM performed
comparable to humans for vegetation and surface quality but not
for characterizing bike lane width. For the user study, participants
created a total of 187 personalized routes, reacting positively to
key BikeButler features, including the ability to rapidly create, com-
pare, and iterate on context-sensitive routes and to interactively
assess route recommendations from SVI thumbnail previews, satel-
lite imagery, and color-coded bikeability scores. We also compared
participants’ preferred BikeButler routes to default Google Maps
bike routes, finding significant differences and reinforcing the im-
portance of personalization.

In summary, our contributions are threefold: (1) formative find-
ings across our semi-structured interviews establishing how cyclist
route preferences shift depending on dynamic context, providing
a new foundation for context-aware routing; (2) a novel mixed-
methods approach for parameterizable route assessment that
combines open, structured GIS data with a VLM-based analysis
to score both objective and subjective qualities along a bike route
and articulating opportunities and limitations therein; (3) a new
context-sensitive, bike routing tool called BikeButler that pro-
vides personalized route recommendations, a novel interactive vot-
ing and previewing mechanism, and iterative, parameterization
profiles. To support open science, all code is available on GitHub!.

2 Related Work

We situate our work by synthesizing cross-disciplinary research
on bike infrastructure preferences, bikeability indices and route
optimization, and using computer vision (CV) to detect and qualify
urban infrastructure.

2.1 Bikeability and Preferences

BikeButler draws on a rich body of prior work to surface and priori-
tize features that enhance bikeability [16, 50, 63, 74, 89]. Foremost is
the existence of dedicated cycling infrastructure, such as bike lanes
and trails/paths [57, 63, 90]. Mertens et al. found that separated cycle
paths are the strongest determinant for perceived bikeability, and
that “micro-environmental factors” related to safety such as speed
limit and traffic density have a stronger impact when there is not a
separated path [77]. In contrast, topography such as steep hills and
elevation variability negatively impact bikeability [57, 63]. Lastly,
features related to comfort, such as surface quality (i.e., smooth
pavement) [77] and street scene aesthetics [63, 90, 100] can posi-
tively impact perceived bikeability, with Van Holle et al. finding that

Uhttps://github.com/makeabilitylab/BikeButler
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vegetation was the most important environmental characteristic
for street invitingness [100].

Preferences also change based on contexts; age is correlated with
greater desire for low slope and more greenery [56], and traffic vol-
umes impact leisure cyclists more than commuters [42]. Moreover,
individuals have different effort tolerances to find fitting infrastruc-
ture; both Broach et al. [27] and Krizek et al. [64] found that cyclists
were willing to travel farther to use a dedicated bike path. While
the above work demonstrates the influence of contextual factors
and the additional effort cyclists invest to reach preferable routes,
the literature does not examine how dynamic contexts, such as a
trip’s purpose, affects route choice—our focus.

2.2 Bikeability Indices

To enable the study and comparison of urban cycling infrastructure,
researchers have created Bikeability Indicies (Bls), which collate mul-
tiple bike-related factors into singular “bikeability scores” [18, 50, 57,
91, 110]. Typically, Bls are created either using infrastructure analy-
sis of existing real-world conditions [50, 57] or via analyzing actual
bike routes and trips by individuals 2, 26, 110]. For instance, Ito et al.
use CV across SVIs to quantify 34 bikeability indicators (e.g., build-
ings, potholes, cleanliness) and create a corresponding score [57]
while Long et al. create an index using bike-share data [72]. A litera-
ture review of Bl research [16] identified five key criteria for a high
quality cycling network: safety, comfort, directness, coherence, and
attractiveness [48, 107]. BikeButler introduces personalized Bls by
enabling users to set dynamic weights across BI features via custom
profiles and voting on suggested route segments.

2.3 Bicycle Route Optimization

While the above research provides robust measures for scoring
urban bikeability and for understanding cyclist preferences therein,
others have explored how to operationalize such findings into bike
route recommendation tools [85, 89, 98]. For example, Preidhorsky
et al. created an open-source map wiki, Cyclopath [85], where users
could indicate road segments that were more or less bikeable, and
Caggiani et al. surface several route options to users based on dis-
tance, air pollution, and safety [28]. Most similar to our work is
Meng et al., who specify three broad categories (accessibility, visual
perceptibility, and cycling suitability), score roads based on those
three categories using CV on Street View Images (SVIs), and gener-
ate routes of four types ("travel", "leisure”, "commuting" and "bike-
ability") based on assigned weights in those three categories [76].
However, while demonstrating the effectiveness of using CV on
SVIs and custom profile-weighted route generation, they did not
create an interactive tool to generate, visualize, and iteratively refine
routes, as we do with BikeButler. Moreover, we provide the first
end-user study of such a system, identifying key preferences and
additional desired contexts for future work.

Commercial tools also support bike routing and route-based com-
parisons. For example, Google Maps [46] and Apple Maps [6] show
several options on search—often contextualized with bike lanes
highlighted or with descriptions such as “having bike lanes” or be-
ing on “shared paths”—and allow selection between them. However,
there is no ability for more fine-grained preference specification
based on infrastructure or streetscape quality, as we provide in
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Figure 2: One participant shared an uncomfortable commute
route they had "found on OSM but didn’t question it," since
they trusted the software. Notably, there is no separation
between cars and bikes. They later switched to a route they
created manually using the Seattle official bike map [13].

BikeButler. More expert tools, such as Strava [2] and RideWith-
GPS [5], utilize implicit (sensor-based) contributions of real cyclist
routes and provide visualizations (e.g., a heatmap of the most pop-
ular routes in a neighborhood). These apps generally also surface
elevation data and sometimes bike lane data. However, the crowd-
sourced contributions are biased towards specific user populations
(e.g., Strava is aimed at serious cyclists), do not provide visibility
into the in-situ bikeability along the route via SVI previews, and
also do not provide for fine-grained feature based customization.
BikeButler relies on open government data, OSM, and automated
SVI analyses to provide visibility into the conditions of the route
and allow for personalized route creation, but currently does not
incorporate crowdsourced route information.

2.4 Al for Infrastructure Detection

To assess bikeability, BikeButler uses a combination of structured
GIS data and VLM-based analyses of street scenes. With advances
in computer vision (CV), particularly in deep learning [62] and
now VLMs (foundation models that can process visual and textual
data) [33], researchers are increasingly applying automated analy-
ses of SVI and satellite imagery to detect urban features, such as
roads [55], sidewalks [38], signage [40, 69], buildings [103], and
foliage [31]. Convolutional Neural Networks (CNNs) have been a
primary source of success in this domain [57, 65, 76, 108], often by
detecting and segmenting the features of interest and counting the
number of pixels each feature contains [31, 45, 61, 68, 69, 105]—as in
Ito et al. [57] and Meng et al. [76] for bikeability features (e.g., build-
ings, road, trees) or Li et al. [68] for greenery and Kim et al. [61] for
surface quality. However, the raw percentage of pixels of features
may not fully capture how a human would perceive the bikeability
of those conditions, as we attempt in BikeButler.

We thus turn to vision-capable foundation models, such as Chat-
GPT [10] and Gemini [11], which recent studies use to characterize
urban infrastructure, given their ability to make zero or few-shot in-
ferences [29, 59, 70, 95, 106, 111]. In particular, attempts to quantify
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Language Model (VLM) applied to Street View Images (SVIs).

subjective qualities, like traffic safety [95] and walkability [29, 106]
have shown promise and moderate to good alignment with human
labels [29]. Specifically, Tang et al. found that VLMs performed
more accurately when the features in question (e.g., lane markings)
were distinct and clearly visible, but performed worse with am-
biguous thresholds (e.g., vegetation, traffic density) [95]. Cai et al.
found VLMs saw increased performance when provided expert-
made rubrics to score by [29], which we provide in BikeButler.
However, given the relative youth of foundation models, no such
subjective assessments have been performed for bikeability.

3 Designing BikeButler

To design BikeButler, we pursued an iterative, human-centered
design process, drawing on key literature (e.g., [57, 60, 85]) and the
results from four formative interview sessions. Participants were
recruited via snowball sampling, had a range of bicycling expertise,
and were all above 18. As a small study, our goal was to complement
existing literature in bikeability by drilling down specifically into
context-dependent route choice (e.g., bike commuting vs. a family
ride) and to solicit initial feedback to early-stage prototypes. P1
joined us twice: first for a semi-structured interview and then to
provide feedback on a mid-fi prototype. Quotes have been lightly
edited for concision.

Current tools & desired features. We began with questions
about bike route choices and technology support tools like Google
Maps. Participants emphasized key factors, including having visi-
bility into the bikeability of a route and being able to prioritize bike
infrastructure—affirming prior work—but also mentioned wanting
options and flexibility. Towards current technology tools, all appre-
ciated Google’s convenience (including live navigation) and being
able to see other cyclist activity on Strava, but felt there were gaps
in what they were able to do. For example, P2 lamented that on

Google Maps ‘I don’t typically see many options for biking... [com-
pared to] driving,” and P4 admitted that on Strava “you can kind of
get the lay of the land, but it doesn’t really show you the conditions
that you're riding on.”

Context-based preferences. All four participants emphasized
that bike route preferences changed as a function of context—even
beyond those found in literature, such as age [85], gender [109], and
weather [97]. For example, P2 said “It’s difficult to say how I would
prioritize things I want on a given day, because one day I might be
doing groceries very casually, another day I might be rushing to work.”
P3 preferred larger streets, saying ‘I typically choose a busier road
because... [['ll] always know where I am,” and that big roads may be
more likely to have shoulders where a bike would fit—though, when
groupriding, they favor “roads with bike lanes and less weaving, less
[riding on] shoulders.”

Infrastructure features. In terms of infrastructure that sup-
ports safe and comfortable biking, our participants mentioned fea-
tures consistent with prior work such as the width of the road and
bike lanes, surrounding land use, pavement quality, road traffic vol-
ume, and presence of vegetation [57, 63, 77, 90, 100]. For example,
P4 emphasized “[I need] safety, which could be nice bike lanes, or
calm or low traffic” while P2 stated ‘[if taking kids somewhere], I
would want greenery or a place farther away from cars where ev-
erything is just moving slower.” Similar to prior work, participants
mentioned being willing to bike further to achieve a route that fits
their priorities: ‘T will bike further afield depending on how flat it is”
(P1), consistent with [27, 64].

Mid-fi critique. P1 returned for a second session where we so-
licited feedback with a mid-fi interactive prototype. While positive
overall (‘T like that it seems to be adaptive to your desires”), they
wanted more system transparency (“I'm worried about changing
[these preferences], can I go back?”), the ability to compare route
options (‘T want it to show me multiple routes at the same time”),



BikeButler: A Personalized Context-Sensitive Bike Routing Tool

Qo

X
Z 6@6
© i

CJQQ\ - Bk

] R,

o 7 A I N
inia Mason

tal & Seattle
ical Center

v

Good: Surface Qual Bad: Slope, Speed Limit

f

(1)

Saint James Cathedralt

Hover to see closest SVIj (+)

CHI *26, April 13-17, 2026, Barcelona, Spain

Fast and Loose v2

21st Ave

Seattle Central Colleg .

aw Cit Low speed limits | don't care High speed limits

More bike friendly r... More car friendly r...

=
Bike lanes No bike lanes
=
Sidewalks No sidewalks jeatre
= <
I
; =
Flat road Hilly road E]
-— i
.| Lots of greenery No greenery

i Smooth pavement
I

Rough pavement

| Abetter route A faster route

FIRST HILL S
Swedish Medical Cent B
EmeffersontS tummmmr~—C el Gampus 7m ago
B s . ] : .

Figure 4: (a) Hovering over the current route will show the closest SVI to the mouse, as well as a text summary of which features
are aligned and misaligned with the user’s preferences. (b) Hovering over a previous route will show the profile used to create

that route, as well as its underlying profile slider settings.

and preferred adjusting preference sliders vs. using the up/down
votes on segments (“[liking/disliking] is less fine grained and you
don’t understand what’s happening behind the scenes”).

3.1 Design Considerations

From the literature and our formative study sessions, we synthesize
the following design considerations for a context-sensitive bike
routing tool:

Transparency. Drawing on best practices in recommender sys-
tems [86, 93], enable users to understand why a route is recom-
mended and interrogate the system to learn more.

Expressing preferences. Enable users to influence the route
generation [86] and filter results by route type and desired infras-
tucture features.

Seamless comparison. Allow users to easily modify, compare
and switch between routes, enabling them to iteratively refine their
choices and discover their own preferences [81].

Best practices. Support key features common in other routing
tools [2, 46], such as an elevation chart, seeing multiple routes,
satellite view, and dragging the route to make small adjustments.

Key use cases. Finally, we distilled the following key use cases,
including (1) commuting [53], (2) recreation [27], (3) utility (e.g.,
grocery shopping) [52], (4) riding with other people [20], and (5)
other, miscellaneous, transient contexts, such as weather [97], time
of day [99], and mood.

4 The BikeButler System

Informed by the above design considerations, we iteratively cre-
ated BikeButler, a personalized, context-sensitive bike routing and
visualization tool, supporting context-level preference specification
and route generation. As an initial prototype, we constructed Bike-
Butler to support a single US city, Seattle, WA, a large metropolitan
area with an expansive bicycle infrastructure network [13], varied
topography, and reliable, high-density OSM bike data [83]; however,
our underlying approach and algorithms should work in any city

contingent on data availability. Below, we describe BikeButler’s
UL, data sources, and personalized routing algorithm. See also the
video in Supplementary Materials.

4.1 User Interface and Interaction Design

BikeButler enables users to iteratively create and compare person-
alized bike routes using a custom-weighted node-network routing
graph from a set bikeability profile. The primary UI (Figure 1) is
composed of five key components: (1) the origin and destination
(OD) search bar for generating routes and setting bikeability pro-
files; (2) the base map toggleable between a stylized view (default)
and a satellite view; (3) overlaid route visualizations showing color-
coded segments and up to two previously generated routes for the
same OD pair; (4) a distance and elevation graph for the current
and previous routes; and a (5) detailed view sidebar (on the right)
that shows an SVI-based preview of each segment along with a
profile-based summary. We provide key details below.

Generating and viewing routes. To generate a bike route,
users first specify an OD pair and select or create a bikeability
profile, which defaults to All Around or their last used selection.
For the OD, users can either click directly on the map or type into
the search bar (e.g., “Seattle Public Library”, “211 Alaskan Way”),
mirroring commercial tools. To set their bikeability profile, users
can select one of three pre-generated profiles, including All Around,
Slow and Safe, and Fast and Loose, or create their own via custom
sliders (see Figure 6 and Figure 7). Clicking on the “Get Bike Route”
button generates and visualizes the customized route, which is
segmented and color-coded based on the user’s selected profile—
“poor fit” segments are in red, neutral in yellow, and “good fit” in
green (Figure 1).

Inspecting a route. To enable route-related decision making
and algorithmic transparency, BikeButler provides both high- and
low-level route details, following Shneiderman’s “overview first
then details on demand” mantra [92]. First, users can mouseover
route segments and immediately see the closest street scene (SVI)
thumbnail at that location along with a bikeability score summary
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explaining the color coding (Figure 4a), enabling both a quantita-
tive and user-oriented subjective assessment. In addition, the right
sidebar shows an ordered segment-by-segment SVI-based preview
of the route (Figure 1), inspired by [60]. Second, to drill down, users
can click on a route segment either on the map or sidebar, which
auto-zooms the segment into view, shows available SVI imagery
located along those edges as blue dots along the segment, and pro-
vides detailed segment-related bikeability scoring data in the right
sidebar (Figure 5), including bike lane availability, sidewalk pres-
ence, average speed limit, street type, average steepness, and segment
length. Complementing the scoring assessments is a large SVI pre-
view of the currently selected dot on the map and a small thumbnail
gallery of all available SVI imagery along the segment, which is
bidirectionally synchronized with the map (e.g., hovering over a
thumbnail changes the currently focused dot on the map and vice
versa). Third, to further contextualize the route, users can examine
and hover over the elevation chart on the bottom-left (Figure 1),
which displays a topographical line graph (with dots demarcating

each segment) along with the total distance and elevation gain/loss.
The user can also toggle the basemap to a satellite view enabling
birds-eye inspection.

Modifying and comparing routes. To modify a route, users
can directly vote on a segment—by clicking on the thumbs up/down
buttons on the segment preview cards—or by selecting or creating
a new profile. For either interaction, BikeButler immediately shows
a non-modal pop-up that says “Your preferences have changed” with
a “Regenerate Route” button. The user can continue tweaking their
profile or voting on other segments until clicking “regenerate.” For
the voting interactions, we alter the underlying sliders to become
more similar/dissimilar to the liked/disliked segment.

Once “Regenerate Route” is pressed, BikeButler uses the updated
profile to generate a new route while showing the previous route
semi-translucently, enabling comparison. If the user hovers over
segments from the previous route, we no longer show the SVI
preview card but instead the bikeability profile sliders that produced
it (Figure 4b). Users can quickly switch between active routes by
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clicking directly on them. To help track routes, we auto-version
them and show a history of route creation at the bottom of the UL
To avoid overwhelming the user, we visualize up to three routes
simultaneously for the same OD pair (active route as opaque plus
two semi-translucent routes).

Creating a profile. At the core of BikeButler is the ability to
create custom bikeability profiles. Users can select an existing profile
by clicking the dropdown menu next to the OD field or create a
new one via the profile settings hub (Figure 6). Each profile has
eight sliders: seven for infrastructure features (speed limit, street
type, bike lane presence, sidewalk presence, slope, greenery, surface
quality), and one for detour tolerance. The left generally indicates
higher “bike-friendliness.” Section 4.3 describes how we encode
these preferences into our context-sensitive routing algorithm.

4.2 Data Sources

BikeButler relies on a combination of bikeability features to gener-
ate context-sensitive routes; however, these features do not exist in
single GIS databases or, in the case of subjective qualities such as
vegetation density and surface quality, at all. Thus, BikeButler draws
three sources of data: OSM metadata (for speed limit, street type, bike
lane presence, and sidewalk presence), a custom VLM-based analysis
of SVIs from Google Street View (GSV) (for vegetation and surface

quality), and open government data (for elevation). See Figure 3
and Table 1.

OpenStreetMap. OpenStreetMap (OSM) is a collaborative, open-
source geographic information system (GIS) that also increasingly
provides structured data on pedestrian [8] and bike infrastructure,
such as dedicated cycle lanes, paved trails, and even the existence
of bike racks [80, 101]. As a crowdsourced database, information
quality and data density can vary; however, studies show that OSM

Feature Source Min Max Neutral
Speed Limit OSM 0 60 25
Street Type OSM See Section A.4

Bike Lane OSM -1 1 0
Sidewalk OSM -1 1 0
Vegetation SVI 1 5 3
Surface Quality SVI 1 3 2
Slope DEM -10%*  10% 0

Table 1: For each infrastructure feature, we assume a min-
imum, maximum, and neutral value, allowing us to later
normalize scores to the range [-1, 1]. *Slopes less than -8%
are treated as positive (i.e, we take the absolute value), as
steep downhill slopes have also been shown to be danger-
ous [51, 96].
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Fast and Loose v1
Low speed limits | don't care High speed limits
More bike friendly r.. More car friendly r..
Bike lanes No bike lanes
Sidewalks No sidewalks
Flat road Hilly road
Slow and Safe v1

Lots of greenery No greenery

Smooth pavement Rough pavement Low speed limits | don't care High speed limits
—

A better route A faster route More bike friendly r..  More car friendly ..
Bike lanes No bike lanes
Sidewalks Mo sidewalks

Flat road Hilly road
——

Lots of greenery No greenery
—

Smooth pavement Rough pavement

Abetter route A faster route
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Shortest Route v2

Low speed limits | don't care High speed limits
More bike friendly r.. More car friendly r.

Bike lanes No bike lanes
Sidewalks No sidewalks
Flat road Hilly road
Lots of greenery No greenery
Smooth pavement Rough pavement

A better route A faster route

Figure 7: Altering profile settings can produce distinctly different routes with different priorities. Above is a shortest route, a
slightly smoother route, and a more “bike-friendly” route. (Picture is color-modified for illustrative purposes).

quality can reach or exceed commercial systems [49, 79], including
for bicycle-related data [41], our focus. In BikeButler, we use OSM
to derive speed limits, bike and pedestrian infrastructure, and street
type, as well as its road, bike, and footpath network for our routing
algorithm. While OSM bike data quality varies [54, 114], our own
informal experiments suggest Seattle’s data is high quality and
the local OSM community is diligent, reaffirming [83]. We fetch
Seattle’s bikeable network using osmnx [21] and the OSM Overpass
API [9]. We remove all highways and any edge with the “bicycle”
tag set to False, but include footpaths with the “bicycle” tag set
to True. For the comprehensive osmnx filter, see Section A.3. For
each network edge, we fetch the speed limit (speed_limit), street
type (highway), bike lane presence (if the edge contains bicycle,
cycleway, bicycle_street, or cyclestreet), and sidewalk pres-
ence (if the edge contains sidewalk).

Elevation Data. Because topography can significantly affect
route choice [56, 63], BikeButler incorporates high-resolution el-
evation data drawn from Seattle’s open government database [1].
Specifically, we use Seattle’s 10-meter Digital Elevation Model (DEM)
files to characterize the topology of each OSM-based street segment.
To estimate directional slopes (positive indicating uphill), we fetch
elevation data from segment endpoints.

Street View Images For the remaining features not present in
structured databases (vegetation and surface quality), we preprocess
and score GSV images using a Vision Language Model (VLM)—
drawing inspiration from [57]—to characterize street scenes with
text descriptions. These images are also used to show representative
“first-person” bike preview thumbnails along a route, as in Figure 1,
Figure 4a and Figure 5. A key challenge is in determining which SVIs
best visually represent a bike route—serving both as useful images

to the VLM as well as the end user for route previews. Thus, using
the Seattle Department of Transportation (SDOT) street network [12],
we generate sample points at critical decision points, including
all intersections, complemented by 100 meter intervals along each
street edge. For edges shorter than 100 meters, we take the midpoint.
This produces 55,405 street edge sample points in Seattle. For each
point, we query and download the closest available SVI within 50
meters from the GSV API [14], resulting in 51,997 unique images—
seven sample points (0.013%) contained no SVI imagery. We then
preprocess and save each panorama’s vegetation and surface quality
by running our VLM characterization pipeline on all downloaded
SVIs: the front, back, and top-down views (simulated via gnomonic
projection [23]) are extracted from each panorama, packaged with
the street type and speed limit of that street, and passed to Gemini
2.5 Flash to score vegetation, surface quality, and bike lane existence
on Likert-scales (vegetation from 1-5, 1 being “barren” and 5 “lush”;
surface quality from 1-3, 1 being “very poor” and 3 “excellent”; bike
lane existence where 1 is present and 0 absent; and bike lane width
being narrow, adequate, or wide, inspired by [29]). See Section A.2
for the full prompt, and Section 5 for our evaluation.

4.3 BikeButler’s Preference-Weighted Routing

To support personalized bike routing, BikeButler introduces a cus-
tom preference-weighted routing algorithm that scores each OSM-
based street edge along our seven bikeability criteria and generates
a route optimized for the user’s profile preferences. We provide
algorithmic details below; thresholds were learned through experi-
mental iteration. See also our GitHub repository.

Preference vector. We encode the user’s currently selected
profile as an eight-dimensional preference vector along the seven
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Vegetation Surface Quality

Diff R1lvs R2vs Rivs (R1&R2) Rlvs R2vs R1vs (R1&R2)
Gemini % Gemini% R2% vs.Gemini Gemini% Gemini% R2% vs. Gemini
-2 3.5% 5.0% 1.5% 3 0.0% 0.0% 3.0% 0
=1l 23.0% 29.0% 11.5% 26 19.0% 9.5%  34.5% 10
0 58.0% 57.0% 58.5% 79 65.5% 58.0% 50.0% 76
1 15.0% 85% 27.0% 9 15.5% 31.0% 12.5% 14
2 0.5% 0.5% 1.5% 0 0.0% 1.5% 0.0% 0
Sum: 117 Sum: 100

Table 2: Results of the comparison between R1, R2, and Gemini’s scoring for Vegetation and Surface Quality. Raw percent
overlap is similar between all three pairs, with Gemini agreeing between 58-66% of the time with at least one reviewer. Notably,

R1 and R2 also have only about 50% agreement.

key bikeability criteria (speed limit, street type, bike lane, sidewalk,
slope, vegetation, and surface quality) as well as detour tolerance
(i.e., the additional effort to reach a more fitting route). For each
feature, preference is expressed as a float from [-5, +5], negative
indicating desire and positive indicating avoidance. For example, a
preference of -5 for “speed limit” indicates a strong desire for low
speed limits. The last weight, detour tolerance, is a float from [0, 1]
with 0 indicating maximum detour willingness and 1 no tolerance.
Street edge vectors. For each OSM edge, we similarly calcu-
late and save a seven-dimensional vector encoding its bikeability
score. Each score is normalized to the range [-1, 1], with negative
indicating maximal "bikeability" and positive indicating minimal
bikeability, matching the preference vector valence. For continuous
numeric features (speed limit, slope, vegetation, and surface quality),
a max, min, and neutral bikeability value is assumed and the range
of the feature is normalized to [-1, 1]. For binary features (bike
lane, sidewalk), presence is mapped to -1 and absence as +1. For
street type (ordinal), each type is mapped to a numerical bikeability
score from [-2, 2] based on our formative findings and the research
team’s own biking experience. For example, the OSM ‘cycleway”
type is -2 and “primary” is +2; that range is then normalized to [-1,
1]. See Table 1 and Figure 3. Finally, for the VLM-based SVI features
(vegetation, surface quality), we compute the average score of all
SVIs along an edge. If none exist, the score is set to neutral (0).
Calculating edge weights. The weight for a given edge has
two components: preference adherence (@) and edge length (f =
length). We calculate « using a bonus/penalty framework starting
with edge length as the base weight. For each feature, we define a
“bonus window” sized by preference strength (smaller for stronger
preferences) and positioned based on preference direction; when
the edge’s score for a feature is within the window, we apply a
bonus, and when it is outside the window, we apply a penalty. The
magnitude of the bonus/penalty scales proportionally to distance
from the optimal (inversely, for bonuses). Finally, to then calculate
a, if any feature has penalties, we disqualify that edge by setting
a =10-length- ) penalties. Otherwise, « = (1— 2 bonuses) -length.
The final edge weight then combines both a and f3, scaling by detour
tolerance d: weight = (1—d)a+dp. For more details, see Section A.1.
Routing and segmentation. With the road network and edge
weights computed, we use Dijkstra’s algorithm [35] to find the
optimal path between the nodes closest to the origin and destina-
tion locations. To segment the routes, we split the route at points

where the feature vector changes significantly. Here, we calculate
cosine similarity between consecutive edge vectors (considering
only nonzero preferences), grouping edges with similarity >0.5
with the previous segment and starting new segments when sim-
ilarity <0.5. We then take a second pass to eliminate segments
shorter than 20 meters by reassigning edges to the most similar
neighboring segment. Then, for the aggregated segment statistics
(e.g., speed limit, “mostly has bike lane”, street type), we take the
weighted mean (for street type, mode) based on length of each edge.
Segment voting. Finally, when the user “likes” a segment, we
add the segment’s feature scores to the preference vector, and for a
“dislike,” subtract. We then clamp the preference vector to [-5, 5].
Thus, when a segment is “liked”, the preference vector is shifted
towards similar segments, and the opposite when disliked.

4.4 Software Implementation

BikeButler is a web app implemented in Nuxt [7] with Mapbox [3]
for the map and routing visualizations, and backend in Python,
osmnx [21], and Flask [4]. We use the real-time Google Places API [15]
with autocomplete for the origin-destination search. For route gen-
eration, we incorporate data from OpenStreetMap (OSM) [84], the
Seattle Department of Transportation [1, 12], and Google Street View
(GSV) [47]. For routing, we use osmnx with single_source_dijkstra
[21], passing in our custom weight algorithm. We store the routing
network, generate routes, and deploy BikeButler’s backend on a
dual Intel Xeon server (24 cores, 10GB allocated memory).

5 VLM Evaluation

Similar to Ito et al. [57] and Meng et al. [76], we use CV to auto-
matically assess street scenes for bikeability; however, while both
Ito and Meng employ custom-trained deep learning methods for
semantic segmentation, we use a state-of-the-art VLM, Gemini 2.5
Flash [33], for its high-performance in image understanding. To
examine a VLM’s ability to score bikeability traits compared to a hu-
man, we performed a controlled technical performance evaluation.
We assessed Gemini’s ability to score vegetation, surface quality,
and bike lane existence and width compared to two human labelers.

5.1 Method

To evaluate performance, we randomly sampled 200 panoramas
from our total (N=51,997). For human labels, two members of the
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Figure 8: Comparing Gemini’s vegetation scoring performance (scale: 1-5) compared to only those 117 SVI images where
R1 and R2 exactly agreed (N=117). A majority of scores (68%) aligned with the humans. Our qualitative analysis of errors
identified where Gemini overestimated (e.g., trees only on one side or minimal foliage) and underestimated (e.g., yellowing
grass, vegetation on periphery) compared to the human labelers.
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Figure 9: Results of Gemini’s performance in scoring surface quality, compared to the images where R1 and R2 agreed (N=100).
Gemini overestimated the surface quality where there were deep grooves in the road, but underestimated when there were
only minor cracks, textured pavement or tram lines. However, a majority of scores (76%) aligned with the humans.

research team (R1 and R2) manually scored each panorama. Both
the humans and the VLM received the same prompt and data: the
street type and speed limit, and the front, back, and top-down views
extracted from the SVI panorama, and were instructed to score on
the same scales and output, as in Section A.2. Because scoring street

We also perform a qualitative analysis of where Gemini scored
differently from humans.

5.2 Results

view scenes for bikeability is a subjective assessment, we do not just
compare human labels to the VLM, but humans to each other. We
calculate raw agreement between all three pairs (R1 & Gemini, R2 &
Gemini, and R1 & R2) as well as the weighted Cohen’s Kappa [32].

Overall, we found that Gemini was able to achieve moderate align-
ment with human labels for vegetation and surface quality but not
for bike lane existence or width. Interestingly, the VLM achieved
a similar level of alignment to each human as the two humans to
each other. We expand on our findings below.
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Surface Bike Lane

Vegetation Quality Width
R1 vs. Gemini 0.61 0.50 0.18
R2 vs. Gemini 0.55 0.27 0.24
R1vs. R2 0.63 0.23 0.25

Table 3: Results of a Weighted Cohen’s Kappa test between
the three scorers of 200 SVI: R1, R2, and Gemini. Overall, the
VLM achieved a similar level of alignment to each human as
the two humans to each other.

Bike lane existence and width. As the worst performing cate-
gory, Gemini only detected 37.5% of bike lanes R1 labeled and 25.6%
that R2 labeled. Moreover, for width estimation, of the 16 bike lanes
identified by R1 and 39 identified by R2, the VLM achieved a micro-
F1 score of 0.06 for width categorization compared to R1 and 0.22
compared to R2.

Vegetation. In contrast, Gemini nearly matches human-level
performance for vegetation scoring with exact rating agreement
scores of 57% and 58% between R1 and R2. Of the 170 total disagree-
ments (between either R1 or R2), 151 (88.8%) are only off by 1 (on
the 5-point scale). As important context, the humans themselves
agreed on only 117 out of 200 images (58.5%). See the weighted
Cohen’s Kappa [32] in Table 3. To more deeply examine differences
between human and VLM scores, we created a confusion matrix
of the 117 SVIs where both R1 and R2 agreed and compare it to
VLM output (Figure 8, left). We then qualitatively examined all SVIs
where the VLM either over- or under-estimated the human ratings
(Figure 8, right). For VLM overestimates, most errors were due to
greenery in the distance (N=21), on fringes but not dense (11), or
only some grass, small bushes, or a single tree (6). For underesti-
mates (N=9), four SVIs included yellowing grass and another four
were largely composed of pavement but still had some greenery.

Surface Quality We perform the same analysis for surface qual-
ity (Table 3; Figure 9). In this case, we find a similar percent overlap
between the three pairs. However, notably, Cohen’s kappa between
R2 and both other labelers is much lower (~0.25 compared to 0.50),
and the two humans only agreed on 100 out of the 200 SVIs. Our
complementary qualitative analysis (see Figure 9) identified both
over- (N=10) and under-estimates (N=14). For overestimates, the
dominating pattern (8) is deep grooves in the road. Underestimates
are more mixed; four SVIs have textured pavement, five have mild
avoidable cracks, and many have miscellaneous marks like shadows,
grates, or tram lines.

Summary. In sum, Gemini performed comparable to two hu-
mans in rating vegetation and surface quality but not to identify bike
lanes or estimate widths. Thus, we include VLM inferences from
only the former two in BikeButler.

6 User Study Method

To evaluate BikeButler and explore the potential of a context-
sensitive bicycle route planner, we conducted a two-part user study
with 16 participants followed by a technical comparison between
BikeButler and Google Maps using participant OD data. Towards
our iterative design process, four of the 16 participants completed
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P Age Self-rated Travel Primary Setting
Expertise Freq Bike
1 25-34 Adv.anced 2-4/week Road In Person
Beginner
2 25-34 Competent <1/week Hybrid Remote
3 18-24 Proficient  >4/week Road In Person
4 25-34 Competent >4/week Hybrid Remote
5 35-44 Expert <1/week  E-bike Remote
6 25-34 Proficient 2-4/week C.rulser, Remote
City
7 25-34 Proficient  >4/week Hybrid Remote
8 18-24 Proficient  >4/week Road Remote
9 35-44 Proficient  2-4/week Road, . Remote
Mountain
10 35-44 Proficient  2-4/week Road In Person
11 35-44 Proficient  4/week Roa.d, Remote
E-bike
12 25-34 Competent 2-4/week E-bike Remote
13 25-34 Proficient  >4/week  E-bike Remote
14 35-44 Competent 2-4/week E-bike Remote
15 45-64 Competent 2-4/week Road Remote
16 45-64 Proficient >4/week Road Remote

Table 4: We recruited participants who are over 18, can speak
English, and have cycled in an urban setting. Travel fre-
quency includes personal and commuting trips. For self-
rated expertise, we use the five-point Dreyfus model of skill
acquisition [37] (“Novice “Advanced Beginner,” “Competent,”
“Proficient” “Expert”).

Part 1 (formative interviews) in an earlier session (Section 3) before
returning for a lab-based evaluation of BikeButler (Part 2).

6.1 Participants.

We recruited participants with varying cycling backgrounds via
word-of-mouth and snowball sampling. Study advertisements linked
to a screening survey that collected demographics, self-assessed
biking expertise, bike-trip frequency, and primary type of bike (e.g.,
road bike, e-bike). Participants had to be 18+ to participate, speak
English, and have cycled in an urban setting. Fourteen participants
were familiar with Seattle; thirteen lived there. See Table 4.

6.2 Procedure.

The study consisted of two parts: Part 1, a formative interview
exploring how participants think about and plan bike routes across
contexts, and Part 2, a lab-based study of BikeButler with three
routing tasks. As noted above, one participant used a mid-fi pro-
totype, after which we added comparing previous routes, saving
profile versions, thumbnail text summaries, and the SVI map mark-
ers. All subsequent participants used the updated version. P16 did
not complete the last task of Part 2 due to a hardware failure. Most
interviews occurred via Zoom, with three conducted in person.
Sessions lasted 60-90 minutes, and participants received US$25 per
hour. A single researcher conducted all interviews. The full study
protocol is in the Supplementary Materials.
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Figure 10: For Tasks 1 and 2, participants were provided origin/destination pairs and biking scenarios. They were asked to
imagine “going to the grocery store in a rush” (Scenario 1) and “bike with their two young nieces to the park” (Scenario 2).

Part 1. Formative Interview. In Part 1, we asked participants
about how they plan bike routes, prioritize bikeability features, and
how these priorities may vary across contexts (e.g., weather, ride
purpose). We also inquired about their use of existing bike routing
tools and their feature preferences and desires therein.

Part 2. BikeButler Tasks. Part 2 focused on three routing tasks:
two scenario-based tasks and an open-ended task where partici-
pants could explore their own origin-destination pairs. Participants
were encouraged to “think aloud” and ask questions. Before the first
task, participants received a ~5 minute introduction to BikeButler,
which included navigating the interface, generating an example
route, and providing expert tips derived from our own usage, such
as: how to use BikeButler’s satellite view to supplement the SVI
thumbnails and that increasing the “bike lane” slider may surface
more arterial roads since smaller streets are unlikely to have bike
lanes. Participants then received the BikeButler link, shared their
screen, and were asked to familiarize themselves with the system
and ask questions.

After the introduction, participants began the three routing tasks,
starting with two scenario-based tasks before an open-ended explo-
ration. For the scenario tasks, participants were all given the same
origin-destination pair and told to find the best route that fit the con-
text, for their preferences. Scenario 1 asked participants to “imagine
you are going to the grocery store in a rush” while Scenario 2 asked
participants to “imagine taking their two young nieces, aged 8 and 10,
to the park (they are confident bikers, but still young), with an un-
avoidable hill climb (Figure 10). For the third task, participants were
instructed to start with a familiar route and interactively explore
options. For the two participants unfamiliar with Seattle, we pro-
vided a list of candidate origins and destinations, including grocery
stores and tourist sites. Sessions concluded with a short interview
reflecting on BikeButler and opportunities for improvement.

6.3 Analysis.

We recorded and transcribed all interview sessions. For analysis,
we used a combination of deductive and inductive coding [24]. We
created an initial codebook based on the interview protocol, and one
primary researcher coded all interviews, updating the codebook as
necessary. Another researcher then peer-checked three randomly

sampled coded transcripts and met with the primary researcher to
discuss disagreements [78]. The codebook was then updated and
the transcripts were spot-checked accordingly. The codebook is
included in Supplementary Materials.

7 User Study Results

We describe key findings related to context-dependent route choice,
bike infrastructure preferences, and reactions to and usage of Bike-
Butler. Recall that four participants completed Part 1 as part of our
co-design process (see Section 3), and then later returned for Part 2
once the prototype was finished. All other participants (N=12) com-
pleted Part 1 and 2 in a single session with the finalized prototype.
We include only the 12 new participant findings for Part 1 below
and all but P1 (N=15) for Part 2 (as P1 used an earlier prototype).

7.1 Part 1: Formative Interview Findings

We highlight findings related to context, bike feature prioritization,
and current routing tools emphasizing recurrent themes from our
co-design sessions as well as new emergent themes.

Context-based preferences. A key focus of our work is in ex-
ploring how cycling route choice is influenced by dynamic context.
Echoing our co-design participants, bike route choice is a complex,
nuanced, and multi-faceted decision making process that involves
time availability, skill level, ride purpose, weather, street scene
aesthetics, bike infrastructure, and more. Beyond, participants em-
phasized the influence of biking partners, especially children, as
captured by P15: “T’'m more comfortable taking risk when it’s just me,
but [with kids] we put a lot more stake in safety, navigability, and
visibility” and P9 highlighted that each child is different “because
some kids are crazy and some are cautious.” Others mentioned social
influences beyond children, as P7 stated “my girlfriend bikes with
me and she’s uncomfortable on the road, so we go on nice greenways.”
Additional factors included lighting availability (T prefer busier
streets at night because they’re [well-lit],” P13), physical activity
tolerance (“It’s unpleasant if [1 show up to work tired], but if [['m
coming home] it doesn’t matter as much,” P9), and even mood (‘T
switch routes based on my mood,” P10).
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Bike infrastructure. Reaffirming prior work and our co-design
sessions, participants most desired dedicated bike infrastructure,
while hills, surface quality, and visual novelty also played a role.
For example, P14 said “bike lanes are good, so long as they’re not the
super narrow ones because those get really busy,” P7 said “if I have
children on the back of my bike, I'd be worried about getting put on
roads that are really potholey,” and P10 commented ‘T would often
go for novelty to see different places, like a bakery along the way.”
However, other desires were not consistent, suggesting the need for
personalization. For a recreational ride, P13 was “more likely to want
to climb a big hill because there’s a cool view at the top.” Participants
also disagreed about residential streets and alleyways, some saying
they felt safer and some saying the opposite, as encapsulated by
P12: “you might end up having [side streets] to yourself, but some
[cars] speed through there even if they’re not supposed to.”

Current routing tools and desired features. For bike routing,
most participants preferred Google Maps, appreciating its ease-of-
use and turn-by-turn navigation (‘Tll put it into Google Maps, make
sure it makes sense, then just go,” P14), though lamented its lack
of customization, minimal algorithm transparency, and overem-
phasis on direct routes. P7 noted “it will sometimes just give you
the most direct route and streets that I know I don’t want to go on”
and P6 observed an overemphasis on bike lanes vs. nearby safer
streets, “they’ll give you where there is a bike lane, but you would be
better served to just go on some parallel neighborhood street.” Some
participants supplemented Google Maps with tools like Strava or
RideWithGPS to see route popularity, with P7 finding “understand-
ing where people are biking is really helpful,” and P10 echoing “if
I’'m doing recreational riding, I'll spend a long time on RideWithGPS
and dragging around and [picking] connections.” However P9 noted
potential user biases: “you have to mentally weight the heat map
versus what kind of user Strava has” (P9). For desired features, par-
ticipants wanted customizability, real-time route conditions, and
ways to input local expertise, with P15 desiring options to “avoid
roads with speed limits of 25 or higher, avoid construction, maximize
protected bike lanes or off-road trails,” P13 emphasizing personal
knowledge: “I'm not usually looking for ‘does this road have a bike
lane’ because I usually already know that kind of thing.” P3 wanted
insight on key decision points (e.g., intersections) along a route, “to
know exactly which way to go.”

7.2 Part 2: BikeButler Findings

In Part 2, participants used BikeButler across three tasks and en-
gaged in a debrief interview. Overall, participants responded pos-
itively to BikeButler, particularly the ability to interactively cus-
tomize and compare routes and then rapidly assess them via SVI
thumbnail previews, satellite imagery, and elevation graphs. As
P14 said, ‘T would absolutely use this especially going somewhere
new,” and P2 said ‘T would use it, it takes the guessing out of using
Google.” BikeButler’s features enhanced user’s understanding of
routes, local geography, and tradeoffs between key factors such
as car traffic, bike lanes, and distance. In total, participants cre-
ated 187 routes across the three tasks (12.5 routes per participant),
demonstrating BikeButler’s participant’s engagement with person-
alization features. Key criticisms included the opaqueness of profile
sliders’ weighting, our road segmentation approach, and the lack of
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direct manipulation of routes (i.e., unlike Google Maps, you can not
yet click on and drag route points in BikeButler). We describe key
findings related to understanding routes, customizable preferences,
and the time investment to use BikeButler below.

Learning the tool. When first familiarizing themselves with
BikeButler, participants began by entering their own origin destina-
tion pairs and examining the initial route by panning on the map,
mousing over segments, and reading the elevation chart. For those
participants familiar with Seattle, they entered an OD pair for a
route they knew well and compared their own lived experience to
BikeButler’s recommendation, for example, P15 started by going to
“the waterfront, we bike there all the time.” They then tried different
profile settings, mostly by switching between the pre-made profiles
but some participants tried the sliders. Overall, first impressions
were positive: P9 exclaimed, “this is far cooler than I had imagined.”

Tasks 1 and 2: Role-play scenarios For the first two tasks, par-
ticipants were given role-play scenarios along with origin-destination
pairs, asked to find satisfactory routes, and to explain their reason-
ing. Overall, participants created an average of 3.3 (median=3) and
4.2 (median=4) routes, respectively across Tasks 1 and 2. For Task
1, which emphasized “rushing,” participants generally emphasized
profile features such as shorter routes and having bike lanes vs.
Task 2, which included children, and consequently preferentially
weighted less hills, smooth pavement, and bike friendly roads.

To create and compare routes, participants generally began by
building an initial scenario-relevant profile and generating a route,
as P9 said: “[T’ll see] what it gives me to start with and see what I feel
like I need to change.” To examine recommended routes, participants
first observed the color-codings, focusing most on the red segments
(e.g., “why are you bad?” P14). Users would then use a combination
of the SVIs, the satellite view, and the elevation chart to understand
the route and identify what parts they did not like and why. Most
commonly, users would open the detail view, click through SVI
previews, then check the elevation chart (“yeah, 3% is fine,” P9).
Then, they would alter their preferences based on what they did
not like (“let’s see if I emphasize surface quality a bit more, maybe
that will change things,” P8), and repeat until finding a satisfying
route (“so it’s having me go down 45th, which I agree. This is what I
would do,” P4). Some participants ended the task with caveats—P9
said they would “[go] with this but just shoot across” a one-block
detour BikeButler suggested. In Task 2, participants took longer
(4.18 min vs. 3.33 min), perhaps to be more careful (e.g., “T'm a bit
torn because this is more efficient, but maybe being on the safe side
with kids is better...” P2).

Task 3: Open-ended exploration For the open-ended explo-
ration, participants generated an average of 5.2 routes (median=5.5)
by choosing an origin and destination, creating a profile with some
starter settings, then iterating as in Tasks 1 and 2. As a demon-
stration of how BikeButler effectively generates different routes
for participants, we display six participants’ routes in Figure 11.
Participants explored commutes (N=4), recreational trips (N=5),
errands (N=2), tourism (N=2), and trips to restaurants (N=2). Most
tried to recreate the route they normally take by “fiddling with the
sliders” (P9), either for affirmation (“good to know I have a good
route,” P4), or for route discovery (‘I want to try that out and see if
I like it better than the route that I've been taking,” P5). This led to
some exciting moments—like P6, “what if I optimize for greenery...
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Scenario 3: Open-ended Route Exploration
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Figure 11: In Scenario 3, participants were asked to pick a route they were familiar with and explore different options via
BikeButler. Many participants focused on finding a way to get from their origin to destination according to some goal they had
in mind. We display six participants’ generated routes, to demonstrate the ability to fine-tune and iterate using BikeButler.

there, that’s it, that’s my commute”—but others were disappointed
(“it would be cool if you could drag so it would tell you that your route
is better or worse for these reasons,” P9). When exploring route op-
tions, participants followed the same approach as Tasks 1 and 2 by
identifying points they disliked, then iterating on their preferences.

7.2.1 Overarching Themes. We close with some overarching themes.

Understanding route recommendations. To assess and un-
derstand route recommendations, participants appreciated the SVI
previews, color-coded segments, score summaries, elevation chart,
and satellite views. For example, P12 said “having the street view
photos is helpful, it gives you a sense of what to expect,” and P10
appreciated the seamless integration and responsiveness of seeing
SVI previews via mouse hover “[like] peripheral vision kind of way.”
Participants used the SVIs in concert with other data to further
their understanding of the route and geography, ‘T don’t know of
another tool that has [all of this information] in one place” (P13) and
“it’s nice to have a reference as to why [the route] wasn’t good” (P14).
Emphasizing how this information can even impact the decision
to bike, P15 said “[its] knowing what to anticipate... when I can’t
find enough information on Google [I won’t bike].” However, some

expressed concerns about data accuracy and segmentation logic.
P10 noted that a segment labeled as “mostly having a bike lane” did
not in several SVIs, causing distrust in the data. Other participants
noted that the slope was averaged and that “sometimes one segment
seems to have many different environments” (P12).

Customizing routes Participants appreciated being able to
rapidly experiment with profiles and compare results: T really liked
being able to shift the settings and really quickly see how it suggested
a new route” (P15), ‘I liked being able to choose different options for
the route, and there were factors that I hadn’t thought about, like
sidewalks” (P5), and “it just gave me so much freedom” (P8). Still,
participants wanted to better understand the effect of profiles and
liking/disliking segments on route reaction. Most participants used
sliders: P13 said, “it feels more straightforward to set the sliders for the
entire route, vs. its unclear what disliking a segment will do.” Others,
like P7, felt the opposite: T don’t have a great sense of what I'm
trying to do with the sliders.”

Desired Features. In terms of desired features, the most com-
mon was to directly “drag” routes, to make small changes without
altering the profile, followed by requesting additional bikeability
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Figure 12: To examine how context-sensitive routes may differ from commercial tools, we compared participants’ final routes
in Scenarios 1 and 2 between BikeButler (translucent green; deeper shades correspond to more overlap) and Google Maps (blue).
BikeButler produced 114 routes, which were downselected by participants to the final unique 22 shown above while Google
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produced only four.

factors like intersection/turn awareness, lighting, and traffic volume.
For example, P14 said “the annoying part is it has a whole bunch
of left turns” while P11 emphasized: “that’s great, but this has so
many turns and I don’t like to look at my phone when biking...
prefer to make turns at controlled intersections.” Finally, participants
emphasized that for BikeButler to be truly useful, it would need
mobile integration and live GPS navigation (akin to Google Maps).

7.3 Comparing Google Maps Routes to
BikeButler

To examine how BikeButler’s context-sensitive routing algorithm
may differ from commercial tools, we compared participants’ routes
in Scenarios 1 and 2 between BikeButler and Google Maps (Fig-
ure 12). In total, BikeButler produced 50 Scenario 1 routes and 64
Scenario 2 routes, which were downselected by participants to a
final unique eight in Scenario 1 and 14 in Scenario 2 shown in
Figure 12. Google produced only one in Scenario 1 and three in
Scenario 2. To enable bikeability comparisons, we fed the default
Google Maps routes into our street-edge bike scoring algorithm.

We identified three key differences: first, while Scenario 2 Bike-
Butler routes were longer (by 8%), they were less steep (by 8%).
Second, interestingly, Google appears to bias towards dedicated
bike infrastructure: our participants ultimately selected final routes
with fewer bike lanes (28% less in Scenario 1 and 54% less in Scenario
2) but more residential streets (1.3x in Scenario 1; 2.6x in Scenario 2).
Third, BikeButler routes had lower speed limits, better vegetation,
and better surface quality—by 11%, 6%, and 12%, respectively in
Scenario 1, and 30%, 4%, and 9% in Scenario 2.

8 Discussion

BikeButler explores the potential for a context-sensitive personal-
ized routing tool to enable dynamic customization of bike routes,
recognizing that preferences vary based on individual and context.
Results from our user study indicate that individuals value being

able to seek out routes with specific bikeability features, and ap-
preciate at-a-glance summarizations and first-person views of the
route, ultimately reducing uncertainty. We discuss limitations, de-
sign implications for future bike routing and recommender tools,
and future opportunities for the BikeButler system.

8.1 Limitations

Our work has five primary limitations. First, we performed our
study with only 16 participants and a single US city; while our partic-
ipants had diverse bicycling experiences, future work should expand
a US focus. Second, and relatedly, BikeButler is reliant on a multi-
tude of datasets—OSM, open government data, and Google Street
View. Without good coverage and high-quality data [39, 54, 114],
BikeButler will not perform. Third, while our work demonstrates
the feasibility of using VLM-based analyses of street scenes for
bikeability and achieved human-level performance compared to
human labelers, more work is necessary to understand how infer-
ence errors impact routing and opportunities for improvement.
Fourth, study sessions were limited to ~60 minutes and three
tasks; some participants commented that they needed more time
to truly understand the impact of profile changes. Moreover, par-
ticipants did not actually bike recommended routes and compare
them to BikeButler’s assessments. Future work should examine
BikeButler’s use via a deployment study. The tool is currently live
at https://bikebutler.cs.washington.edu/.

8.2 Scaling BikeButler

BikeButler relies on three widely available sources of data—OSM,
open government elevation data, and Google Street View (GSV)—
and should function anywhere these data exist. However, util-
ity is contingent on data quality. As mentioned, GSV and Open-
StreetMap’s reliability and currency is variable [39, 54, 114]. Large
cities (such as Seattle) may have broader and more up-to-date cov-
erage, while rural areas may suffer [104]. In these cases, more work
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and a deployment study is necessary to determine the impact of
poor data-quality on BikeButler.

8.3 Implications for Design

Extending and reaffirming the Design Considerations outlined in
Section 3.1, from our results we enumerate five key recommen-
dations for interactive tools and recommender systems at large,
containing implications beyond just bike-routing tools:

e Preference awareness. Tools should recognize that indi-
viduals and contexts bear varying preferences [63, 64, 77],
and allow for fine-grained personalization accordingly.

o Seamless iteration. In BikeButler, users selected routes
through a process of preference specification, generation,
examination, and alteration. Tools should enable such an iter-
ation loop for maximal flexibility and discovery [81], and al-
low users to make finegrained changes without significantly
altering underlying preferences or suggestion generation
algorithms.

e Data availability and transparency. Users of BikeBut-
ler used every source of data available to them (e.g., SVIs,
satellite view, elevation chart, OSM data) to make informed
decisions and learn about a route’s bikeability. Where one
data source was unreliable, they easily referred to another,
filling in the gap. Interactive tools should support multimodal
data where possible, and in a transparent fashion, supporting
trust and preparedness [86, 93].

e Human-in-the-loop. Tools should empower users to pro-

vide insight on the data quality at specific points according

to their own experiences, providing live feedback both for
developers and other users.

Multimodal use cases. Cyclists examine routes both at

home, and on the road. Tools should recognize and opti-

mize for multimodal use cases, acknowledging that the UL
priorities may differ, e.g.,x when live-navigating vs. route
planning.

8.4 The Future of Context-sensitive Bike
Routing Tools

As an initial prototype, we limited the range of BikeButler to Seat-
tle; but our long-term vision is to have high-quality personalized
bike routing everywhere. While BikeButler would technically func-
tion anywhere contingent on OSM and SVI availability, we see
vast potential for greater street-scene understanding from VLMs,
utilization of multimodal data sources, and live-routing awareness.

VLM based streetscape analysis. In our work, and previous
studies using VLMs for subjective visual analysis [29, 95, 106], VLMs
have comparatively strong performance in zero or few-shot scenar-
ios where there are no existing datasets—however, when compared
to human labels, they produce only moderate alignment. We at-
tempted a single prompt and a single agent; however, prompt engi-
neering [102], ensemble voting [44], or prompts that utilize output
from classical models [57] or other foundation models like Segment
Anything [62] for more quantitative input to the VLM could boost
performance. Furthermore, we demonstrated that although Gemini
was able to reach similar alignment to a human as the humans to
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each other, the humans themselves also had only moderate align-
ment. This suggests that attempting to score subjective qualities
may be misguided, and that further work with robust measures and
more individuals is required for greater understanding of how to
apply VLMs effectively.

Multimodal data. BikeButler represents a step towards context-
aware agents that utilize multimodal datasets to reason. We utilized
government datasets, crowdsourced maps and geotags, and Al on
first-person images to give users a more holistic view of the bike-
ability landscape compared to current tools. We focused on eight
features, drawn from literature [57, 63, 77]. However, other fac-
tors have been shown to influence bikeability that were not within
our data sources: time of day [94], light [25], and weather [17]
can be sourced from the user’s position. Construction and traffic
volumes [42] could come from user-reports or sensor-based live
reporting [26]. Historical data, like crime and traffic incidents [26]
could influence perceived safety. Providing these data to the user
would allow them to more holistically evaluate a route, and inher-
ent redundancies (e.g., satellite and SVIs) would allow for one to
fill the gaps in another.

Biking and beyond. BikeButler demonstrates the value of
context-based personalized routing for cycling. However, our ap-
proach and algorithm could be applied to other transport modes:
walking preferences influenced by light [25], noise [88], and clean-
liness [22]; indoor navigation considering accessibility [58, 67];
driving [112] to avoid intersections or local streets [19]. While each
would require their own data sources and analysis methods, the
principle of context-based preferences has broad application.

9 Conclusion

Through mixed-methods research, including a 16 participant user
study and developing BikeButler, we contribute:

(1) The first work that concretely establishes context-dependent
bike route preferences.

(2) Design guidelines for future bicycle routing tools.

(3) An evaluation of a state-of-the-art VLM’s ability to qualify
bike infrastructure.

(4) The first context-sensitive personalized bike route genera-
tion and visualization tool.

Our work highlights the potential for context-sensitive bike
routing tools to encourage greater bicycle adoption by increasing
visibility into a region’s perceived bikeability according to an indi-
vidual’s own preferences, and we release BikeButler’s code for open
science. We showcase the need for such tools and demonstrate its
feasibility at a large scale.
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A Appendix
A.1 Calculating Edge Weights

Given the preference vector and a directed multigraph road network
with scored edge vectors, we can calculate a dynamic weight for
each edge representing a optimal similarity match, informed by [76].
The weight consists of two components: a preference adherence
term (@) and an edge length term (f = length). We calculate « using
a bonus/penalty framework that starts with the edge length as the
base weight. For each feature, we define a “bonus window”, with its
size based on the user’s preference strength, and apply a bonus to
the weight if the edge’s score is within the window, and a penalty if
it is outside. This effectively decreases the total weight if a feature is
strongly aligned with the preference, and increases the total weight
if it is misaligned.

Since edge vector values range from -1 to 1, the bonus window
positioning depends on preference direction: negative preferences
create windows starting at -1, while positive preferences create
windows ending at +1. The window size is determined by pref-
erence magnitude—stronger preferences yield smaller windows,
while neutral preferences yield the largest windows. For example,
a preference of -5 will have a window size of 0.4, making the bonus
range [-1, -0.6]. A neutral preference of 0 will have a window size
of 2, making the bonus range [-1, 1] (the entire possible range).
Features with values inside the bonus window contribute bonuses
to the weight; those outside contribute penalties. The magnitude of
each bonus or penalty scales with how close the edge’s feature value
is to the optimal value. For instance, with a negative preference, an
edge scoring -1 (optimal) receives 100% of its maximum possible
bonus, while an edge scoring -0.1 receives only 10%. The maximum
bonus per feature is determined by the number of nonzero features
in the preference vector, such that if all features achieve their opti-
mal scores, the total bonus reaches 100% of the edge length (aka,
maximum bonus percent per feature = m).

We calculate a by observing the total bonuses and penalties. If
there are penalties, that means that at least one feature failed to
match the stated preferences, and we therefore disqualify the edge
by setting « to the edge length times the penalties, multiplied by
10 as an additional avoidance factor:

a =10 - length - Zpenalties
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Otherwise, the edge is valid for consideration, and « is equal to
the length times the bonuses:

a=(1- Z bonuses) - length

Finally, the total weight of an edge is the sum of « and f, scaled
according to the tolerance for detours (d):

weight = (1 - d)a +df

A.2 Gemini Prompt

You are an expert urban planner and cycling infrastructure
analyst. Your task is to assess the bikeability of a
specific street segment based on visual and data inputs.
You must analyze all provided information to generate a
structured assessment.

*Your Goal:* Evaluate the safety, comfort, and overall
experience for a person cycling on this street.

*Inputs You Will Receive:x

1. *[Image 1: Front View]x A street-level image looking
forward along the direction of travel.

2. *[Image 2: Back View]* A street-level image looking
backward from the same point.

3. *[Image 3: Top-Down Viewl* A projected, top-down view of
the street segment.

4. *[Data: Speed Limit]* The posted or legal speed limit
for vehicles (e.g., "30 mph" or "50 km/h"). May be
missing/null.

5. *[Data: Street Archetypel* The general classification of
the street from OpenStreetMap (e.g., "residential,"
"tertiary," "commercial"). May be missing/null.

*Your Task:*

Based on all the provided inputs, carefully evaluate the
following factors and provide your output in the
specified JSON format.

### xAnalysis Categories & Rating Scalesx
*1. Vegetation:*

- *Scale:* 1 to 5

- *Definition:* Rate the amount of green space, tree
canopy, and pleasant foliage.

- %1:x Barren. No trees or greenery.

- %x3:% Some. Occasional trees or grass verges.

- %x5:% Lush. Significant, continuous tree canopy or
well-maintained green spaces.

*2. Surface Quality:*

- *Scale:* 1 to 3

- *xDefinition:* Rate the smoothness and condition of the
road surface where a cyclist would ride.

- *1:x Very Poor. Numerous potholes, large cracks, or
extremely uneven surfaces that would be dangerous or
very uncomfortable.

- %x2:% Fair. Some cracks, patches, or imperfections, but
generally navigable.

- *3:*% Excellent. Smooth, clean, and well-maintained
asphalt or concrete.

*3. Bike Lane:*

- xExistence (select one):x Yes or No. Look for any
dedicated space for cyclists marked on the pavement
(e.g., painted lines, symbols).

- xEstimated Width (if "Yes"):x

- Narrow: Appears less than 1.5m / 5ft wide.

Hwang et al.

- Adequate: Appears 1.5m - 2.1m / 5-7ft wide.

- Wide: Appears wider than 2.1m / 7ft.

- If No bike lane exists, this must be N/A.

*4. Sidewalks:=*
- xExistence (select one):x None, One Side Only, Both Sides
- *Condition (overall):* Poor, Fair, Good
*5. Overall Bikeability Score:x*
- *Scale:* 1 to 10
- *Definition:* A holistic score combining all factors.
Consider vehicle speed, traffic volume (inferred from
street type and width), presence and quality of bike
lanes, and overall comfort.

- *1-3:% Hostile. Unsafe for most people. High
speed/volume traffic with no dedicated space for
bikes.

- *4-6:% Usable with Caution. Tolerable for confident
cyclists but stressful. May have a bike lane on a
busy road or be a slow, shared street.

- x7-8:% Comfortable. A good, safe experience for many
cyclists. Features good bike lanes or is on a very
low-speed, low-traffic street.

- %9-10:% Excellent. "All Ages & Abilities" standard.
Physically protected, low-stress environment, ideal
for all users.

*6. Bikeability Summary:*
- A concise, 1-2 sentence summary explaining the overall
score. Mention the most significant positive and
negative factors.

A.3 OSM Filter

Here we include the osmnx filter used to fetch the Seattle bikeable
road network.

custom_filter = (
"["highway"]’ # Must be a road
’["highway"!~"abandoned|bus_guideway|construction
|corridor|elevator|escalator|motor|no|planned
|platform|proposed|raceway|razed|steps]’

# Must not be one of these types
"["area"!~"yes"]’# Must not be an area.
’["access"!~"private"]’

# Must not be private access.
"["bicycle"!~"no"]’

# The "bicycle" tag must not be
"["service"!~"private"]’

# Must not be a private service road.

" "

no

)

G = ox.graph_from_bbox(
(self.topleft_lon, self.botright_lat,
self.botright_lon, self.topleft_lat),
custom_filter=custom_filter, retain_all=False)

A.4 Highway Types

Here we list the mappings from the OSM tag highway to a range
[-2, 2]. The range is then normalized to [-1, 1] in the edge vector.

highway_types = {
"motorway’: 2
“trunk’: 2,
‘primary’: 2,
’secondary’: 1,

)
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’tertiary’: 0.5,
’unclassified’: 9,
’residential’: -1,
"motorway_link’: 2,
“trunk_link’: 2,
’primary_link’: 2,
’secondary_link’: 1,
’tertiary_link’: 0.5,
’living_street’: -2,
’service’: -2,

’pedestrian’: -2,
’track’: -2,
’road’: 1

’footway’: -2,
’bridleway’: -2,

’path’: -2,
’sidewalk’: -1,
’crossing’: -2,

’traffic_island’: 0,
’cycleway’: -2,
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