
1

SQUID-Bike to digitally measure
citywide Bike Lane Infrastructure

Felipe Diego Gonzalez and Nicola Macchitella and Geoff Perrin and Sichen Tang
Center for Urban Science and Progress Mentors: Varun Adibhatla Advanced Research in

Government Operations Sponsors: Advanced Research in Government Operations

F

ABSTRACT / EXECUTIVE SUMMARY

Urban bicycle usage has gained in importance
across many cities with progressive transporta-
tion policies. According to [1], as of this paper’s
publication, “there are more than 450,000 daily
bike trips in New York City, up from 170,000 in
2005, an increase that has outpaced population
and employment growth”. About one in five
bike trips is by a commuter. Biking serves as
an important transportation option to many
around the world and we argue that the need
for effective bicycle lane maintenance should be
a top concern for municipalities.

Conventionally, street maintenance is an ex-
pensive, often inaccurate, and time intensive
process that either uses subjective data prone
to error or uses very precise data that is very
expensive to collect citywide. There exists a
clear need for cities to adopt a cost-effective
and data intensive maintenance practice that
can scale to the entire city and be performed
frequently. These needs have been explored
through the Street Quality Identification also
known as the SQUID project [2] to develop
standardized methods for digital street inspec-
tion. This work extends the SQUID project and
repurposes it for citywide bike lane measure-
ments.

In this paper, we describe the development of
a data and analytics framework to measure bi-
cycle lane quality using street imagery and ac-
celerometer data obtained from an open source
smartphone application, OpenStreetCam (OSC)
[3] . This framework can be used in crowd-
sourced or situated settings with the overall

purpose being the standardized measurement
of citywide bike lane quality.

INTRODUCTION

In recent years, bike based mobility in cities
around the world has been growing rapidly.
Compared to cars, bikes are cheaper, safer,
more sustainable, allow for higher traffic flows,
and require far less space for parking. Many
city governments have invested in a permanent
bike-sharing infrastructure and programs in an
effort to improve transit conditions within the
urban core.

Besides surface streets, the main urban in-
frastructure supporting bike ridership is a well
maintained bike-lane network. The quality of
bike lanes has an enormous impact in bike
ridership. Lack of suspension in most bikes
make them more susceptible to imperfections in
the road. At the same time, bike damage, such
as a flat tire or uneven wheels, can be linked to
poor road conditions. City governments inter-
ested in fostering bike ridership as a mode of
transportation should also ensure an effective
infrastructure maintenance program.

However, this maintenance creates a set of
problems for city governments around resource
allocation constraints. The challenge therefore,
is to come up with a cost-effective way of per-
forming citywide bike-lane maintenance. A key
aspect of this is to detect which bike-lanes need
maintenance more than others. While there ex-
ist techniques to solve this problem, they are
often are time intensive and costly that do not
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allow cities to perform routine bike-lane quality
surveys. We argue that these surveys should
be audited frequently for cities to be proactive
around maintenance and avoid the large costs
of deferred maintenance.

Our SQUID-Bike solution is a new standard-
ized measure of the general condition of a city-
wide bike lane infrastructure by integrating
digital street imagery and ride quality data
using readily available, inexpensive, and open
source technologies. Our approach enables mu-
nicipal agencies to answer a simple ques-
tion: Which bike lanes are worse off than others in
a municipality? This empowers agencies to en-
gage in a proactive and equitable maintenance
program by relying on digital assessments of all
bike lanes in a city. Using frequently updated,
longitudinal data from SQUID-bike would al-
low municipality agencies to observe bike lane
degradation over time and could be used to
power an anticipatory maintenance program
and avoid the huge financial and political bur-
dens of deferred maintenance.

LITERATURE REVIEW AND RELATED PRE-
VIOUS WORK

Cycling (along with walking) are considered
to be “the most economically, socially, and
environmentally sustainable forms of human
locomotion”. [4] The literature shows that the
introduction of a bike-lanes causes increase
of bike ridership, ranging from +21% up to
+171% [5]. At the same time, in city centers
a trip made by bike can take less time than
using a car [6]. Furthermore, studies measuring
street volume capacity show that the number of
people who can be transported in a 3.5 m wide
lane per hour on a bike ranks third most after
trains and walking: bikes are able to move over
14,000 people, with trains moving 22,000 and
walking able to handle 19,000 people. All of
these rank above buses and cars, which are able
to only accommodate 9,000 and 2,000 people,
respectively [7].

The technologies that currently exist to mea-
sure bike-lane quality are few, and in our opin-
ion, insufficient. The first approach uses an
expensive array of lasers to remotely sense and

Figure 1. Space efficiency comparison. Bike is
the third most efficient mode of transit.

detect pavement imperfections and defects [8].
While this approach offers a comprehensive
and precise result, the main disadvantage is
in the cost and time required to perform this
assessment. Only the wealthiest and biggest
city governments are able to afford it, and if
they are able to afford, this survey can only be
performed once every few years limiting what
the city can do with the data.

Another technology that has been proposed
is a crowdsourced approach using inexpensive
accelerometers called Street Bump. Street Bump
was developed in the Boston Mayor’s Office
of New Urban Mechanics [9]. A limitation with
this approach is that is designed for car owners,
potentially biasing results. Another limitation
of using Street Bump to survey city streets is
the absence of street imagery. Without imagery
to backup the data, Boston has no way of
knowing the “ground truth” of street quality.
The Street bump dataset appears to be contain
only accelerometer readings that profile a small
section of the road and can suffer from calibra-
tion issues.

The SQUID approach extends Street Bump as
it operationalizes the common adage, “A pic-
ture is worth 1,000 words” [10], and if pictures
of the entire width of a street segment were
captured, street quality for the entire width of
the street can be measured in manner that is
holistic and empirical.

http://www.newurbanmechanics.org/
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Figure 2. A 2x2 showing where SQUID-Bike fits

NYC Bike Lane Profiling

This project uses the DOT Bike Lane Shape-
file [11] as a primary source of local adminis-
trative data. this data is provided to the public
for free by the New York City Department of
Transportation and is also used to publish the
annual NYC Bike Map, a physical map book-
let. Over 375,000 are distributed annually at
bicycle shops, libraries, and schools. DOT also
distributes geographic data of NYC bike routes
through shapefiles. This dataset contains infor-
mation on length, Borough , class, street from
and street to. This data is integrated with data
collected from the Open Street Cam application
using the spatial join method. A summary of
our findings include:

NYC, as measured by individual segments,
has 22,757 bike lanes in total. 4,569 bike lanes
in Brooklyn, 4,044 bike lanes in Manhattan,
3,328 bike lanes in Queens, 2,405 bike lanes in
the Bronx, and 634 bike lanes in Staten Island.
There 13 bike lane types.

Figure 3. The types of Bike Lanes as classified
by the NYC DOT shapefile

This analysis also includes an integration
with the NYC Neighborhood Tabulation Area
shapefile that contains boundaries of neighbor-
hoods in NYC.

A neighborhood score is calculated based on
the type of Bike Lane, and then normalized the
score by the length of the bike lane.

Using this score, the top ten neighborhoods
that have the best bike lanes are:

1) West Farms-Bronx River, Bronx
2) Soundview-Bruckner
3) Old Astoria, Queens
4) Stuyvesant Town-Cooper Village, Man-

hattan
5) Lower East Side, Manhattan
6) Whitestone
7) Laurelton
8) Hunts Point
9) Mott Haven-Port Morris

10) Brownsville, Brooklyn

Figure 4. Profiling NYC’s Bike Lanes By Neigh-
borhood

DATA DESCRIPTION

The OpenStreetCam data originates from 3 sen-
sors on a smartphone to:
• The Camera to capture imagery at a set

frequency.
• Accelerometer to collect ride quality data

at a set frequency.
• GPS to collect location data at a set freqe-

uncy

http://www.nyc.gov/html/dot/html/about/datafeeds.shtml
http://www.nyc.gov/html/dot/html/about/datafeeds.shtml
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Open Steet Camera is designed by the com-
pany Telenav. Telenav designed OSC to gather
street imagery for the OpenStreetMap platform
to offer open sourced street imagery data for
several mapping applications.

Figure 5. Cellphone running the OpenStreet-
Cam app mounted on handle

The OSC data is stored in the cellphone
and uploaded to OSC’s website and servers. A
restful API allows us to query this data based
on a trip id identifier. GPS and accelerometer
data are stored in a text file on the web and
the pictures are stored on the OpenStreetCam
server, which is accessible from a URL provided
by the API query.

Example of data on Open Street Cam after
uploading

The OSC app reads accelerometer data once
every 0.01 seconds (100 Hz), GPS position every
1 second (1 Hz), and takes pictures every 2
seconds (0.5 Hz). This changes as a function
of the velocity of the bike. When the bike is
stationary, no pictures and accelerometer data
are captured.

Figure 6. This plots show the frequency in sec-
onds of the measurements for the accelerom-
eter in a trip. 75% of cases are below 0.01
seconds. Some outliers have higher frequency.

Figure 7. This plots show the frequency in sec-
onds of the measurements for the GPS readings
in a trip. Some outliers have higher frequency.

Figure 8. This plots show the frequency in
seconds of the measurements for the camera
readings in a trip. Some outliers have higher
frequency.

METHODOLOGY

Introduction
One of the tasks of this work is to measure how
”fluid” a bike ride is as a proxy for the overall
quality of the bike-lane using just accelerometer
data. To this end, a cell phone running Open
Street Cam is mounted to the handlebars of a
bike and used the phone’s sensors to measure
the activity in 3 axes (X, Y, Z). Fluidity implies
a riding experience that has the least amount of
abrupt shocks along the way. An highly fluid
bike ride is a straight line along a bike lane,
with no interruptions, no bumps, no sudden
shifts in directions or the need to suddenly
apply the brakes. Large variations in accelerom-
eter readings indicates that a bike ride along
a street segment is not fluid at that point. We
also assume that the quality of the bike ride
depends heavily on the overall quality of the
bike-lane where that bike rides takes place.

Accelerometer data
An accelerometer ”is a device that measures
proper acceleration; proper acceleration is not
the same as coordinate acceleration (rate of

https://www.openstreetcam.org/
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change of velocity) [12]. For example, an ac-
celerometer at rest on the surface of the Earth
will measure the acceleration due to Earth’s
gravity of g [?] 9.81 m/s2 in the up direction.
By contrast, accelerometers in free fall (falling
toward the center of the Earth at a rate of
about 9.81 m/s2) will measure zero”. We re-
fer the Starlino accelerometer guide [13] on
describing how to use accelerometer data. To
better understand this type of data, It is useful
to imagine a box with a ball inside. Next,
imagine that each wall is pressure sensitive.
If we suddenly move the box to the left (we
accelerate it with acceleration 1g=9.8m/s2), the
ball will hit the wall X-. We then measure the
pressure force that the ball applies to the wall
and output a value of -1g on the X axis. Please
note that the accelerometer will actually detect
a force that is directed in the opposite direction
from the acceleration vector. This force is often
called Inertial Force or Fictitious Force .

Figure 9. Accelerometer values in the X-axis

But acceleration is not the only concern.
There is another that is of special interest to our
bike riding measurement case. The accelerom-
eter measures acceleration indirectly through
a force that is applied to one of the walls
(according to our model, it might be a spring or
something else in real life accelerometers). This
force can be caused by the acceleration , but as
we’ll see in the next example it is not always
caused by acceleration.

If our model is placed on the earth’s sur-
face, the ball will fall onto the Z- wall and
will apply a force of 1g on the bottom wall.
If the accelerometer is laid on top of a table,
this will measure 9.81 m/s2 or -1g. In this
instance, the box isn’t moving but a reading
of -1g on the Z axis is still observed. The
pressure that the ball has applied on the wall

Figure 10. Accelerometer values in the Z-axis

was caused by the gravitational force. This is
meant to illustrate that in essence accelerometer
measures force not acceleration. It just happens
that acceleration causes an inertial force that is
captured by the force detection mechanism of
the accelerometer. In this example, if the table
is struck from the bottom, an abrupt shock is
registered on the Z axis. This reading will look
like this:

Figure 11. Accelerometer measure of a shock
in Z axis

Following the previous example for the case
of measuring street defects, the X-axis is con-
sidered when we turn the handle swiftly left
or right or on shocks. A sudden shift in lateral
direction implies a lack of fluidity of the bike-
lane, and affects the overall quality of the bike
ride. It is therefore within relevant to include
abrupt shocks in the X axis.

The Y axis considers the direction of the
bike’s velocity. A sudden application of the
brakes will cause an abrupt shock to the Y axis.
This could include a sudden brake due to a
pothole, an obstacle , or a cause related to the
fluidity of the bike-lane. In all of these cases, is
it important to measure the particular braking
event. However, the event could also be due

http://www.starlino.com/imu_guide.html
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to a cyclist braking at a red light. To avoid
this, the Y-axis measurement can be weighed. A
sudden acceleration will return the same abrupt
shock measurement but this type of activity is
not expected with bikes due to limited speed
capabilities. Precisely measuring ride quality
involves registering measurements that are re-
lated to abrupt shocks or swift changes in
direction as opposed to slight changes over
elongated periods of time.

Our objective is to develop a robust mea-
surements using all 3 axis of the accelerometer
that adequately describes abrupt shocks and
changes as a method to infer the fluidity of bike
ride.

The Ride Quality (V) statistic

A key objective is to allow for a single measure
of overall ride quality. The difference between
the measurements along 3 axes at time t (Vt),
against the measurement on the same axes for
the previous time period (V t−1) is considered.
To this end, the vector magnitude of these 3
values give us our Ride Quality statistic.

Another way to look at this is to think
the problem as an euclidean distance in a n-
dimensional space [14]. So our final vector is
compounded of the square difference in all of
the three axis:

V =
√
(xt − xt−1)

2 + (yt − yt−1)
2 + (zt − zt−1)

2

)
Another task is to match a given picture

and the defects it captures to the stream of
accelerometer readings taken between location
and image data points. To do this, all V values
are summed and assigned to a specific location
point that also reference an image.

The resultant structure takes on the following
form:

Row ID Location (Lat,Long) Image ID Ride Quality metric
1 lat,long link to image V statistic

Table 1
The data structure combining Location, Ride

Quality and Imagery from OSC

Data Cleaning - Snapping GPS points to a
line

When using a smartphone as a primary data
collection device, there can be some amount
of error or noise associated with location data.
There are a number of reasons for imprecise
location data such as the GPS sensor not having
a lock on a minimum number of satellites,
current weather conditions or in the particular
case for cities with high rise buildings, the
Urban Canyon affect. [15]

Location data containing a “cloud of points”
around a street instead of being on than the
street centerline can severely affect results. To
remedy this, a “snapping ” process has been
developed to ensure that readings that stray
from the street or bike lane are corrected.

Shapely [16], open source python package
for spatial data manipulation contains a func-
tion interpolate() that allows for snapping
points to the nearest line using linear referenc-
ing. An issue with this approach is that there
may be several competing lines for a given
point (ie. all bike-lanes in the vicinity). The
objective is to snap a point onto the bike lane
that is currently being ridden.

One approach could be to simply choose the
closest line. However, that would require the
calculation of distances from every point to ev-
ery line which would be computationally very
expensive. Instead, a buffer is generated around
each bike-lane segment and then spatially join
the points to that buffer. In addition to being
more efficient, this method has the advantage
of mapping of every point to a bike-lane seg-
ment.

The disadvantage is that a point can be joined
to more than one bike-lane segment. For exam-
ple, at a street intersection/corner with 2 bike-
lanes, a point could theoretically belong to both
intersecting bike-lanes. To correct for this, we
choose the same bike-lane lane as the previous
point.

Figure 11 illustrates the interpolation in ac-
tion where the black colored dots are impre-
cise GPS points and colored dots are points
snapped on to the street or bike lane. A clear
limitation is that points too far away from the
bike-lane (outside the chosen buffer) will not

https://hlab.stanford.edu/brian/euclidean_distance_in.html
https://hlab.stanford.edu/brian/euclidean_distance_in.html
http://toblerity.org/shapely/
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have a bike-lane assigned to it, and therefore
they won’t have a new point on the bike-
lane. In the intersections, we can have compet-
ing candidate’s bike-lanes and therefore, points
may be assigned incorrectly.

Figure 12. Map showing misassigment of a
point to a bike-lane

Bike Lane Imagery analysis

Data collection includes images of bike lanes as
taken by the OSC app. The next key objective
towards a unified quality metric is to evaluate
the images to measure bike lane conditions.
Two approaches are implemented . The first
approach uses Microsoft’s Custom Vision [17],
to classify bike lane imagery. The second ap-
proach uses a custom built algorithm that
uses open source computer vision and image
processing functions.

• Classifying Bike Lane Images using Mi-
crosoft’s Computer Vision

Microsoft Computer Vision is an online plat-
form that allows users to label custom imagery
as a training data set and then train a custom
classifier on this data. A training process then
reveals a prediction URL that can be used on
test data to reveal probabilities of which labels
best describe the test data.

For this project, a thousand images were up-
loaded and manually tagged as ’good’, ‘bad’,
or ‘acceptable’ as training data. A custom clas-
sifier was built on top of this training data and
used to classify incoming bike lane imagery as
in “good”, “bad”, or “acceptable” condition.

Figure 13. Microsoft’s Custom Vision explained.

Figure 14. Tags used for labelling bike lane
imagery in the Custom Vision product

Figure 15. Custom Vision - Image Prediction
Result

Figure 16. Custom Vision - Good Image Predic-
tion Result

https://azure.microsoft.com/en-us/services/cognitive-services/custom-vision-service/
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Figure 17. Custom Vision - Bad Image
Prediction Result

• Classifying Bike Lane Images using
Python’s Image Processing and Com-
puter Vision Libraries

The Python programming language has a
number of libraries that can implement pow-
erful computer vision and image processing
techniques — openCV [18] and SciPy [19] are
the more widely known ones that we use here.

We attempt to measure bike lane qual-
ity by combining four approaches and bor-
rowing from NACTO’s “Urban Street Design
Guide” [20] :

• Ride Quality as measured using cell-
phone accelerometer data from Open-
StreetCam, as outlined above.

• Color of the Bike lane — Green lanes are
higher in quality to un-painted bike lanes
as they are more visible to bike riders.

• Symbols and pavement markings —
Well marked bike lanes are higher in qual-
ity to poorly marked or unmarked bike
lanes.

• Visible street defects, such as cracks and
potholes. (the fewer, the better!)

It is important to note that this is a definitive
scoring system and represents a first iteration
of this process.

Detecting Color Features
According to [20], the best bike lanes are
painted green. The green paint allows the bike
lane to be more conspicuous and implies a sep-
aration from cars, and thus hopefully leading to
greater space and safe space between bicyclists

and automobiles.A first step in evaluating bike
lane quality is classifying bike lane color.

When reading an image into openCV, they
are stored as a color matrix using an RGB
model. This is convenient, as it makes it possi-
ble to treat the image as a matrix of numbers to
build a function that returns a numeric “color
score”. Our goal for this color score therefore is
to calculate how “green” the bike lane image is.
The hard part in this process is how to define
this “bike lane green”, since the bike lane green
is a very specific color.

However, we should include a range of green
colors in order to account for variations in the
lighting of the images captured. In this step, we
use image processing software (photoshop and
gimp) to find the RGB components for the color
of a sample bike lane and set lower and upper
bound according to the RGB components. With
lower and upper bounds in place, we can create
a mask and perform a color filtering, leav-
ing only the target green color behind. Which
means that the resulting image’s matrix after
filtering will have non-green values set to 0,
thus we can calculate the difference between
original image and the resulting image. The
more green kept, the more components kept
and the higher the sum will be. The sum of
the number of green pixels is our color score.

To summarize:
1) Convert image to HSV color model ma-

trix.
2) Create color bound for “bike lane green”.
3) Filter out colors that are not in the range.
4) Calculate color score based on total sum

of green pixels after filtering

Detecting Line Markings

1) Reading the original image using SciPy.
2) Cropping the image to the lower half

(to remove non-bike lane features), and clip
the bottom 10% of the picture as well (to
remove my bike tire)

3) Filtering the cropped image to only
white pixels using a color threshold (any
pixel that has a value greater than 200 in
each of its red, green, and blue channels)

http://opencv.org/
https://www.scipy.org/
http://openstreetcam.org/
http://openstreetcam.org/
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Figure 18. ColorScore = 553

Figure 19. ColorScore = 138

4) Blurring the cropped+filtered image us-
ing gaussian blur, with a bandwidth
value of 40 pixels.

5) Binarizing the cropped + filtered +
blurred image i.e. setting the pixels that
are lighter than blurred image all the way
to 1, set all other pixels to 0.

Figure 20. Original Image

The final lane marking score of this image

Figure 21. Cropped Image

Figure 22. Filtered Image

Figure 23. Blurring, after filtering

Figure 24. Binarizing, after Blurring and Filter-
ing.

(cropped + filtered + blurring + binarizing
the original image) is counted as a percentage
value of white pixels aka lane markings.

In this case, 13.2% of the picture is filled by
lane markings.

The final lane score is the percentage of this
last picture that is filled by lane markings. In
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this case, 13.2% of the picture is filled by lane
markings — this is a naive scoring system,
certainly, but this is the first iteration.

Detecting Defects

1) Reading original image using SciPy.
2) Cropping the image to the lower half

(to remove non-bike lane features), and clip
the bottom 10% of the picture as well (to
remove bike tire from the view).

3) Filtering — In this case, a median filter
is applied to preserve edges.

4) Converting the image
from RGB to HSV and filter image
to preserve only darker (defect) pixels.

5) Edge detection using the canny edge
detection.

6) A 3x3 gaussian filter is applied over the
image and then perform erosion / di-
latation operations on remaining white
pixels to remove noise.

Figure 25. Original Image

Figure 26. Cropped Image

The final defect score of 6.95% is the percent-
age of white pixels in the image that remain
after the process above. These algorithms can
be improved to consider variations in light

Figure 27. Filtering the cropped image

Figure 28. Conversion from RGB to HSV

Figure 29. Detecting edges on the HSV image

or camera angles. An evolution to these tech-
niques may also include building a convolu-
tional neural network and run each of our
images through this network.

Data Workflow

Figure 30. The automated workflow powering
this analysis

https://en.wikipedia.org/wiki/Median_filter
https://www.google.com/url?sa=i&rct=j&q=&esrc=s&source=imgres&cd=&cad=rja&uact=8&ved=0ahUKEwjbwcf_spjVAhVKVT4KHdxCBAgQjRwIBw&url=https%3A%2F%2Fen.wikipedia.org%2Fwiki%2FRGB_color_model&psig=AFQjCNGPLNOwxImLwJJHZdjcdS7Gv_dhOw&ust=1500658583055744
https://qph.ec.quoracdn.net/main-qimg-f3cb680891e3cbea6f3258eef13c233c.webp
https://en.wikipedia.org/wiki/Canny_edge_detector
https://en.wikipedia.org/wiki/Canny_edge_detector
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RESULTS AND IMPLICATIONS

The SQUID Bike project has demonstrated
in this paper, an automated data workflow
to interrogate the general conditions of New
York City’s Bike lane infrastructure. The au-
thors have collected bike lane imagery data
in excess of 50 miles consisting of over 5000
distinct images and over 500,000 accelerometer
readings.

The results show that with further work,
a robust standard to measure bike lane in-
frastructure for any city in the world can be
made possible using a low-cost approach as-
suming that bike lane imagery is collected in
a purposeful manner. Furthermore advances
in Computer Vision may also lead to a fully
automated inspection process.

The implications of a fully automated in-
spection process is that cities can collect high
quality, ground truth data about their bike lane
infrastructure quickly in a cost-effective man-
ner. We argue that adopting such a practice
empowers a city to enter into an anticipatory
paradigm for bike lane maintenance and allow
transportation agencies be more responsive to
the 2-wheeled commuter.

LIMITATIONS AND IMPROVEMENTS

Various constraints involving hardware and
software are limitations to this work in this
current state. Most of which are solvable with
further work. Image Quality, Battery life, and
accelerometer discrepancies across phone mod-
els are some limitations on the data collection
side, whereas inaccuracies in snapping points
to bike lanes, among other general GPS inaccu-
racies, are concerns on the data analysis side. In
the following paragraph we will explain how
these limitations affected our analysis, how we
overcame them and, in the rare cases we didn’t,
how we plan to solve them in the future.

Limitations to data collection
Most of the complexity around collecting data
is around the collection of good quality bike
lane imagery. While using a purposeful mount
helped in acquiring stable imagery, going over
very rough stretches of road or going over deep

potholes created vibrations enough to loosen
the mount and introduce additional movement
of the phone which causes distortions to the im-
agery and accelerometer data. These situations
were few and far between and constituted a
small number of data points. Upon using a sta-
ble moun, this issue was successfully mitigated.

Recording images using OpenStreetCam con-
sumes a lot of battery charge. A 30 min bike
trip tends to drain close to half the battery
of a standard Android phone. For this rea-
son, the crowdsourcing approach for collecting
data may be limited. Using an external battery
pack will mitigate this isue but will require
additional mounting on the bicycle.

Correcting for variance in accelerometer
readings for the same defect from different de-
vices is another limitation. However, these in-
consistencies weren’t high and the overall mag-
nitudes for the accelerometer readings tended
to be similar. This maybe mitigated by as-
suming some calibration settings for commonly
used phones.

Limitations to analytics
Limitations to analytics include the precision
of GPS data and the quality of the underlying
shapefile. The naivete of the computer vision
remains as the single largest limitation which
can be improved with further maturation of
computer vision and image processing tech-
niques.

CONCLUSION

Expanding and maintaining a safe and comfort-
able bike lane infrastructure is key to support-
ing a progressive and climate friendly transit
agenda. We believe that cities need to quickly
adapt their core operations to deliver sus-
tainable transit futures. Maintaining a sizable
network of bike lane infrastructure is key to
achieving these goals and contributing to over-
all improvements in quality of life indicators.
To that end, we believe that SQUID-Bike is
very relevant to realizing transit goals by em-
powering city agencies be more responsive and
do more with fewer resources. Furthermore
SQUID-Bike is also a tremendous opportunity
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for cities to engage with multiple stakeholders
and pioneer a participatory inspection process
where everyday citizens can be directly in-
volved and actively contribute to city mainte-
nance operations.
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