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BACKGROUND RESULTS QR CODES

Public infrastructure conditions strongly affect mobility,

accessibility, and safety, particularly for pedestrians, cyclists, Demo Site

and other vulnerable groups. Although existing Al and

crowdsourcing tools can map sidewalk accessibility, they often o — L

lack direct integration with local city reporting systems. g 115’“"83 T T

» Our proposed system addresses this gap by helping L P :
pedestrians identify, organize, and report physical
obstructions more clearly, complementing existing city
services rather than replacing them.

Research Question: How can machine learning and computer

vision improve pedestrian agency over physical obstructions?

PROJECT GOALS

» Build an Al system that detects sidewalk damage from
uploaded 1mages.

https://tinyurl.com/374¢ezyaj Precision Graph Interview Results

DISCUSSION

In creating a six-class sidewalk detection model, we found that
running two different models on the same photo yielded the

The sample outlp.utl above det{ll(?crllstraile{s dthat the mpﬁel cap siinultane(iuslylf }ocate and classify most accurate results. We chose to run YOLO v11 and RF-

. . . multiple types ol sidewa amage within a single street-level 1image. . .
» Rank problems by severity so dangerous or high-impact PP © © : DETR because, as shown in the figures above, there are specific

1ssues can be prioritized. classes that one model detects better than the other. Instead of
. . YOLOv11 vs. RF-DETR: Average Precision by Class us choosing one and risking sidewalk damage going undetected
» Create a map-based dashboard showing where infrastructure B voouii W REDETR S . g st s8OS ’

. we made the decision to utilize both.
problems are in West Palm Beach. 100.00%

Future work includes:

» Test the system on a small pilot area before expanding to
more neighborhoods. . o » Extending this technology to roads and bike lanes
|V| ETH O DS » Expanding the application to a comprehensive app for
I I pedestrians

Data Collection Annotation and
(Field / Public Images) augmentati()n 40.00°%
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