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Abstract

Many autonomous vehicles rely on high-definition maps that contain road
layout and road semantics as priors for perception, planning and prediction.
However, these maps can become stale over time as the road environment
changes. This thesis develops a road monitoring framework that allows
for automatic change detection of crosswalks with a cost-effective sensor
suite of vehicle-mounted cameras and GPS data. Furthermore, this thesis
explores using an edge computer on a commercial bus to receive and
analyze live data captured in Pittsburgh.

Contributions of this thesis include evaluating object detectors trained
from different types of datasets, representing crosswalks in the bird’s-
eye-view for more robust change detection, and finally incorporating the
system on an actively running bus. The first contribution of this thesis
is an evaluation of the CARLA simulator as an effective tool to provide
automatic annotations for custom street-view objects on a simulated
vehicle-mounted camera. Despite the sim-to-real domain gap, models
trained on CARLA-generated annotations for two custom objects, fire
hydrants and crosswalks, are shown to perform as well as those trained on
200 real-world images and can be used to augment existing datasets. The
second contribution of this thesis is a method that maps detections from
2D images onto a ground plane by using multi-view geometry and 3D
reconstructions of the scene. With this method, detections from multiple
frames can be accumulated in the bird’s-eye-view to better represent an
intersection, and consistency checks can be performed to remove false
detections. Lastly, this thesis explores using the crosswalk change detector
in an edge-computing enabled commuter bus that has active cameras.
With GPS locations of seventeen existing crosswalk intersections, the bus
can send relevant images for the crosswalk change detector to analyze.
Change detection results show robustness in high-traffic scenes where
vehicles often occlude the road and robustness to pose differences between
current and reference images.
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Chapter 1

Introduction

Developing fully autonomous driving systems is one of the grand challenges in arti cial
intelligence and one carrying signi cant value to modern society. Achieving such a
system is expected to have an impact across many aspects of modern living. For one,
with 40,000 tra ¢ deaths occurring annually in the USA [44], autonomous driving
systems can reduce motor fatalities with their 360perception and crash avoidance
capability. Second, it would release humans from the relatively monotonous task of
driving, either for commuting or for package delivery. An example is the trucking
industry, which relies on human drivers to transport goods over long distances, a
physically taxing and isolating task, causing labor shortages of truck drivers and
putting supply chains at risk. An autonomous vehicle could work continuously day
and night and improve delivery. Lastly, some 20% of the land in cities is occupied
by parking infrastructure. Autonomous vehicles, through robotaxis, can transport
people to their destination and be stationed at a more remote location to allow for
more green space or a ordable housing in urban areas.

Enabling many self-driving vehicles are high-de nition (HD) maps. These maps
encode much of the driving environment, such as geometric and semantic information
about crosswalks, lanes, and driveable areas. These priors aid autonomous vehicles in
performing cm-level lane localization4(], planning [27], prediction [5], and perception
[69]. Currently, most AVs are geofenced inside areas that are mapped to ensure
that safety is held to the highest standard. However, a challenge with HD maps is
nding e cient ways to update the map. Lambert et al.[ 33 analyze the frequency

1
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