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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
customVision LanguageModel (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
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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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-
nating in a user study (N=16). Our findings demonstrate that bike
routing preferences change as a function of context, that BikeButler
enables users to quickly create and iterate context-sensitive routes,
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and that generated routes di�er signi�cantly from Google Maps
bike routing, reinforcing the importance of personalization.

CCS Concepts
ˆ Human-centered computing ! Interactive systems and
tools; Geographic visualization.

Keywords
bikeability, route planning, computer vision, urban planning

ACM Reference Format:
Jared Hwang, John S. O'Meara, Zeyu Wang, Jasmine Zhang, and Jon E.
Froehlich. 2026. BikeButler: A Personalized, Context-sensitive Bike Routing
Tool using Open Data and VLM-based Analyses of Street View Imagery.
In Proceedings of the 2026 CHI Conference on Human Factors in Computing
Systems (CHI '26), April 13�17, 2026, Barcelona, Spain. ACM, New York, NY,
USA, 21 pages. https://doi.org/10.1145/3772318.3791292

1 Introduction
Urban cycling is a cornerstone of sustainable transportation, o�er-
ing signi�cant bene�ts 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 di�erent 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 tra�c 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 di�erentially 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 speci�c 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: �rst, 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

can rapidly assess generated recommendations via color-coded
route segmentations, elevation pro�les, 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 pro�les (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-� 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, �nding signi�cant di�erences and reinforcing the im-
portance of personalization.

In summary, our contributions are threefold: (1) formative �nd-
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
pro�les. To support open science, all code is available on GitHub1.

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 tra�c 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. �nding that

1https://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 tra�c vol-
umes impact leisure cyclists more than commuters [42]. Moreover,
individuals have di�erent e�ort tolerances to �nd �tting 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 in�uence of contextual factors
and the additional e�ort cyclists invest to reach preferable routes,
the literature does not examine how dynamic contexts, such as a
trip's purpose, a�ects route choice�our focus.

2.2 Bikeability Indices
To enable the study and comparison of urban cycling infrastructure,
researchers have created Bikeability Indicies (BIs), which collate mul-
tiple bike-related factors into singular �bikeability scores� [18, 50, 57,
91, 110]. Typically, BIs 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 BI research [16] identi�ed �ve key criteria for a high
quality cycling network: safety, comfort, directness, coherence, and
attractiveness [48, 107]. BikeButler introduces personalized BIs by
enabling users to set dynamic weights across BI features via custom
pro�les 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 �ndings 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 e�ectiveness of using CV on
SVIs and custom pro�le-weighted route generation, they did not
create an interactive tool to generate, visualize, and iteratively re�ne
routes, as we do with BikeButler. Moreover, we provide the �rst
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 �ne-grained preference speci�cation
based on infrastructure or streetscape quality, as we provide in

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 o�cial 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 speci�c 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 �ne-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 AI 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




	Abstract
	1 Introduction
	2 Related Work
	2.1 Bikeability and Preferences
	2.2 Bikeability Indices
	2.3 Bicycle Route Optimization
	2.4 AI for Infrastructure Detection

	3 Designing BikeButler
	3.1 Design Considerations

	4 The BikeButler System
	4.1 User Interface and Interaction Design
	4.2 Data Sources
	4.3 BikeButler's Preference-Weighted Routing
	4.4 Software Implementation

	5 VLM Evaluation
	5.1 Method
	5.2 Results

	6 User Study Method
	6.1 Participants.
	6.2 Procedure.
	6.3 Analysis.

	7 User Study Results
	7.1 Part 1: Formative Interview Findings
	7.2 Part 2: BikeButler Findings
	7.3 Comparing Google Maps Routes to BikeButler

	8 Discussion
	8.1 Limitations
	8.2 Scaling BikeButler
	8.3 Implications for Design
	8.4 The Future of Context-sensitive Bike Routing Tools

	9 Conclusion
	Acknowledgments
	References
	A Appendix
	A.1 Calculating Edge Weights
	A.2 Gemini Prompt
	A.3 OSM Filter
	A.4 Highway Types


