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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 artificial
intelligence and one carrying significant 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 traffic deaths occurring annually in the USA [44], autonomous driving
systems can reduce motor fatalities with their 360° perception 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 affordable housing in urban areas.

Enabling many self-driving vehicles are high-definition (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 localization [40], 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
finding efficient ways to update the map. Lambert et al.[33] analyze the frequency

1



CHAPTER 1. INTRODUCTION

Figure 1.1: Examples of the different types of changes in the dash cam dataset
collected. In (a) and (b) a crosswalk is added where none existed. In (c) and (d) a
plain crosswalk is replaced by a zebra crosswalk.

of map changes over the period of 5 months. Subdividing a city map into 30 meter
by 30 meter tiles, they estimate that there is a probability of 0.005517% of a vehicle
encountering a changed lane geometry or crosswalk and an upper-bound of 0.7% of
map tiles changing in a 5-month span. It is estimated that 3.225 trillion miles are
driven per year and that there are 276 million vehicles registered in the US[45, 46].
In line with [33]’s derivation, 9.5 billion encounters with map changes occur per year
and a single driver is estimated to see a change every 79.5 days, assuming that the

average road width is four meters wide:

365 days 1 mile 900 m? 1 tile

' ' - :276-10° ~79.5 d
3.225-10'2 miles 1609 m -4 m 1 tile 5.517 - 105 changes cars ays

(1.1)

Subject to how many miles are driven per day and how often are on the highway, this

estimate is not a trivial frequency. With the statistics applied to Pittsburgh which
has an area of 140 km?, Pittsburgh experiences 7.4 tile changes per day:

1 tile 7 tile changes 1 1
900 m? 1000 tiles 5 months 30 days

1.4-10® m? Pittsburgh- ~ 7.4 tile changes per day
(1.2)
Typically, building an HD map is a laborious process requiring fleets of specialized

vehicles and hand annotations for road semantics. Rather than periodically rebuilding

2



CHAPTER 1. INTRODUCTION

the map in its entirety, it is more cost-effective to find locations where changes have
occurred. While it is possible to generate maps on the fly using onboard sensors and
deep-learning detection algorithmes, it is less accurate and unable to look far ahead
and around corners or through vehicles. Moreover, maps are relatively static, so to
reduce onboard compute and be informed of the road beyond what is immediately
visible, an offline map is often preferred.

The challenge with change detection is that the location and time of changes are
unknown. Because road changes can occur everyday, deploying specialized vehicles to
perform daily mapping would be costly. Crowd-sourced photographs have recently
shown success in mapping and displaying changes in the environment [3, 41, 42]. In
this thesis, we leverage a commercial bus that travels daily around the city with
camera and GPS sensors. In contrast to [3, 41], which use photos scraped from
the internet, images from the bus provide regular crowd-sourced data. Though a
commuter bus travels a limited route and has a narrow coverage of the city, the
framework requirements are minimal and can work for other service vehicles like
garbage trucks and postal cars to expand the map coverage. Given the limited
compute available on these vehicles and the need for regular monitoring of the
environment, this research aims at efficiently detecting map-relevant changes in noisy

and high-traffic environments using vehicle-mounted cameras.

1.1 Scope

HD map change detection is a large problem that this thesis makes a significant step

in solving. The scope of this thesis is listed as follows:

¢ Degree of automation: This thesis detects changes that would be relevant to
HD maps and reduces the search space in which map labelers have to look for
change. Precise change detection is desired, but ultimately, this thesis expects a
human to be the final arbiter of change due to the inability of computer vision
algorithms to completely understand the subtleties of road markings and change,

such as removed crosswalks due to road repaving or degraded crosswalks.

® Objects of interest: This thesis primarily detects changes in crosswalks as

shown in Figure 1.1 and no changes as shown in Figure 1.2. Crosswalks are
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Figure 1.2: Instances of no change in the crosswalk between the reference on the left
column and the current image on the right. However, due to vehicle occlusions and
subtle viewpoint differences, determining that there is no change from single images
alone is challenging.

important for autonomous vehicles because they inform vehicles of areas where
pedestrians legally have the right-of-way and are more likely to be present.
Crosswalk detection is not an easy task for reasons such as deteriorated paint,
different shapes and styles, and occlusions. Crosswalks also often extend across
the entire image and are frequently out of the image frame, as seen in Figure
5.6, which poses an additional challenge for computer vision tasks [49]. This
thesis focuses on zebra crosswalks even though another type of crosswalk exists,
a "plain crosswalk,” that is designated by two white lines. However, plain
crosswalks can be easily confused with regular lane markings and can lead to

many false positives. Therefore, plain crosswalks are left to be studied in the
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future.

e Sensors: In contrast to past works [33, 35], which use LiDAR sensors and
cameras, this thesis proposes to use only camera and GPS data. Cameras and
GPS sensors are commonly seen in commercial vehicles and are cost-effective.
Relying only on camera data, the framework can more easily be crowd-sourced
to more vehicles through inexpensive dashboard cameras and obtain better
coverage. Though it is more challenging to estimate depth in the image with
an RGB camera, it can be achieved through multi-view geometry. In order
to more easily deal with any type of camera, calibrated cameras are assumed,

which can improve downstream detection and structure-from-motion.

¢ Reference data: For change detection, past data must exist to compare
against. In this thesis, reference data consist of images, in contrast to a map or
a 3D model. Except when occlusions occur, images capture 3D scenes quite

well. Additionally, this thesis assumes all images are GPS tagged.

1.2 Challenges

This thesis focuses on building computer vision tools to automatically detect crosswalk

changes in 3D. The following lists several of the challenges that this thesis addresses:

¢ Object Detection: In order to identify changes in the environment, images
must be captured and understood semantically. Abstraction, encoding, and
post-processing of raw pixels are thus needed, so that objects with different

shapes and illumination can be assigned to the same class.

¢ Regular feedback: Autonomous vehicles are expected to be deployed continu-
ously, and stale maps can lead to invalid path planning and collisions. Changes
in the road markings need to be detected as soon as possible, within a day or a

week.

e Noisy and high-traffic environments: Autonomous vehicles operate in
high-traffic areas. Vehicles and pedestrians constantly occlude road labels, as
seen in Figure 1.2. A 3D-aware algorithm is needed to distinguish between

actual and nuisance changes in the environment map.
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1.3 Contribution

The contributions of this thesis are:
¢ Object detector: This thesis uses standard object detectors in 2D that are
general to different cameras and mounting setups, for crowd-sourced mapping.
Furthermore, different sources of 2D data are evaluated, i.e. public, simulated,
and locally collected data. Specifically, an autonomous vehicle simulator is
used to generate labelled data of custom street-view objects for real world
deployment, and a bus is used to passively collect diverse data and boostrap an

object detector.

¢ Change detector: This thesis maps 2D detections onto a ground plane without
LiDAR, aligns detections, and makes bird’s-eye-view change detection. Given
multiple image frames, detections are accumulated to better represent the scene,
and consistency checks are made. Additionally, the change detector provides
interpretable results as each crosswalk in the scene is marked as verified, removed,
or added.

¢ Bus platform: This thesis utilizes a live bus with an edge computer, safety
cameras, and cellular internet, which can be used to find scenes of interest and
send live images to a server for change detection analysis. The safety system
of a bus operates independent of the driver, and thus, the edge computer is
accessible to third party groups. Buses provide regular, crowd-sourced data

collection.

1.4 Outline

The thesis is organized as follows:
¢ Chapter 2 discusses the background knowledge that this thesis builds upon.
Some of the established or state of the art methods are used in conducting
experiments and are applied in order to perform change detection. The original

papers are cited for reference if further details are needed.

¢ Chapter 3 discusses related works in using synthetic images for training object

detectors and in applying neural networks in detecting changes for different
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applications. This chapter shows the variety of changes the community have

explored such as detecting structural and tree changes.

Chapter 4 discusses the applicability for simulators to provide automatic
annotations for custom street-view objects of interest. This chapter uses a
simulated vehicle-mounted camera and shows that despite the sim-to-real domain
gap, models trained on CARLA-generated annotations perform as well as those
trained on 200 real-world images. Training an initial model with simulated
data allows for the filtering of data collected on real vehicle-mounted images

for real-world data collection and dataset creation.

Chapter 5 discusses an extensible platform that enables ordinary vehicles
to perform change detection and reduce reliance on manual monitoring and
expensive mapping vehicles. It describes a passive solution to collect data and
monitor crosswalks with same-day feedback. Specifically, a two-part change
detector accepts a stream of data, filters irrelevant images, and performs 3D

crosswalk localization and comparisons across time.
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Chapter 2

Background

This chapter describes existing tools used in the rest of the thesis. This chapter
begins with discussing a hierarchy of scene recognition that can be learned by
computers. Then, it discusses simulated ways annotations can be generated to train
scene-recognition models as well as the challenge of sim-to-real domain adaptation
for real-world deployment. Next, the chapter discusses how maps are commonly
represented through birds-eye-view maps and how 3D scenes can be reconstructed
from RGB images. Lastly, this chapter discusses the latest successes in using crowd-
sourced images to understand the environment and edge computing to generate low

latency results.

2.1 Scene Recognition

Many methods exist for scene recognition in 2D images and come in different forms.
The general methods include bounding box detection [19, 20, 38, 51, 52|, semantic
segmentation [10, 55|, instance segmentation [26], and panoptic segmentation [30, 32],
as seen in Figure 2.1. All methods infer on a single frame. Some have extended the
work to perform tracking across multiple frames by detecting the same object in each
frame, such as [65, 66]. There are others that combine detections across multiple
timestamps using a bayesian occupancy grid [54]. This thesis uses both bounding

box detection and instance segmentation.
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(a) image

(c) bounding box and (d) panoptic segmentation
instance segmentation

Figure 2.1: An image (a) with its respective annotations for semantic segmentation
(b), bounding boxes and instance segmentation (c), and panoptic segmentation (d).[31]

2.1.1 Synthetic Data

The aforementioned models are grounded in deep learning methods, which are data-
hungry, needing large amounts of accurately labeled and diverse data. This makes
it especially difficult for models to learn objects or events when only a few labeled
examples are available. Others have used synthetic data for training neural networks,
as seen in the growing number of synthetic datasets, generated from simulators such
as SYNTHIA [56], GTA5 [29, 53], and CARLA [14]. Examples of annotated synthetic
images are shown in Figure 2.2. The simulators are built upon a game engine like
Unreal Engine. Another approach to generate synthetic data is Cut-Paste [17], which
pastes object instance cut-outs on random background images. This method is
relatively straightforward and easy to implement. However, it is not geometrically
aware and is not able to simulate objects in context like a backpack carried by a
person. A third type of synthetic data is neural renderings [68], which make use of
Generative Adversarial Networks (GANs). However, GANs have an issue of unstable

convergence [21], require a pre-existing dataset, and cannot be used when no real
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Figure 2.2: Synthetic image data and semantic segmentation annotations created in
GTAS5 [53].

images are available.

2.1.2 Domain Adaptation

Since there are subtle but important differences between synthetic and real-world
data in color style, texture, and appearance, training with synthetic images requires a
domain adaptation strategy to overcome the domain gap. Past works have analyzed
different methods to maximize the performance of domain adaptation from synthetic-
to-real object detection. For example, [63] uses a domain randomization strategy,
where they perturb the environment in non-photorealistic ways, adding “flying
distractors,” random background images, lighting, camera positioning, and textures,
while Cut-Paste does something similar by pasting object instances on as many

backgrounds as possible to provide enough variety for the model to learn from.
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2.2 Birds-Eye-View Maps

For autonomous vehicles, a popular representation of the world is through a bird’s-
eye-view (BEV) map. Because much of the information for navigation is confined
to the ground, BEV maps compactly capture the spatial configuration of the scene.
Such is the case for road markings that lie on the ground. This is in contrast to
the front-view image of the scene captured by a vehicle-mounted camera, where the
scale of objects is proportional to the distance from the camera. Several works have
achieved this using inverse perspective mapping [18, 50, 71] or by ray-casting image
pixels to a ground surface triangle mesh [33]. This thesis uses an inverse perspective

mapping approach and adapts it to generate BEV detections.

2.3 Scene Reconstruction

D

- ®

Figure 2.3: Minimization of the reprojection error between the 2D correspondences
and the projected 3D point [24]

Images are projective transformations of 3D scenes into 2D image planes. Using
multiple images and multiple views of the scene, the 3D scene can be reconstructed

using structure-from-motion algorithms. COLMAP [60, 61] is one such software to
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Figure 2.4: COLMAP’s incremental Structure-from-Motion pipeline [60, 61]

reconstruct and estimate poses of the images taken. The camera poses are estimated by
matching 2D key points between images and calculating the rigid-body transformation
between the images. COLMAP uses SIFT features [39] by default, which are hand-
crafted features. Recent research has used learned features and learned matching
between images [13, 58, 59]. The scene is reconstructed in the form of 3D point clouds
by triangulating points between different images, and the reconstruction error is the
distance between the 2D key point and the 2D projection as shown in Figure 2.3.
This error is further optimized using bundle adjustment. The complete process is

shown in Figure 2.4.

2.4 Crowd-sourcing

Crowd-sourced photographs have recently shown success in mapping and displaying
changes in the environment [3, 41, 42]. [41] illustrates changes across billboards
in Times Square and reconstructs the scene from noisy images taken from internet
collection of photos. Both [42] and [3] use images taken by the public in order to
reconstruct 3D point clouds of the scene at large scales. These advances are necessary
in mapping large areas like road networks and changes across time. The benefit is that
many of the photographs are being captured for other purposes such as phototourism
or providing visual evidence for accidents, in the case of dash-cams. Groups like Karta,
GoogleStreetView, and Mapillary already have been using streetview images to build
a database to improve mapping. This thesis extends the work and seeks to extract
changes across time with footage from vehicle-mounted cameras and bus-mounted

security cameras.
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2.5 Edge-Cloud Computing

Edge computing is the deployment of computing resources at the location where
data is produced. Because of bandwidth, time, and storage constraints, computing
cannot be done on the cloud with low-latency results. However, since smart devices
deployed in the world lack the necessary computing resources to often run complicated
vision algorithms, the heaviest computation is often offloaded to the cloud. One such
division of labor is such that the on-device computing acts as a filter for live data
and sends only relevant information back to the server for fine-grained analysis and
can devote more time and resources to the filtered data. [22] implements real-time
processing of image capturing and sensing on wearable devices. The system integrates
a token-based flow control mechanism that gracefully maintains low latency even
during large compute volumes. [11, 70| apply this framework to map traffic signs,
traffic cones, and potholes. This thesis uses an edge-computer located on a bus to
filter out irrelevant images that have low chances of having a crosswalk and uses the

[22]’s system for sending the data to a server to analyze images with crosswalks.
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Related Work

3.1 Online Map Generation

Some recent works attempt to use deep learning networks to generate maps or road
semantics on the fly [34, 54]. With online map generation, change detection would
simply become a map comparison between two different time points.

(34, 54] both use surround view cameras and predict a bird’s-eye view (BEV)
of the road semantics directly. This is in contrast to the indirect approach by first
learning features in the image space and then transforming them into BEV space
through an inverse perspective mapping [2]. Although directly learning the map is
ideal, training data for this are particularly limited. At the moment, NuScenes [8]
and Argoverse [9] are the only datasets that contain 3D annotations of drivable areas,
crosswalks, and lanes. Because these datasets are only labelled for a few cities, the

map generation results are difficult to generalize to other locations and environments.

3.2 Change Detection

3.2.1 2D Change Detection

Various groups tackle change detection through a learned approach. [57] uses aligned
omnidirectional images of a scene to perform change detection before and after a

natural disaster. It uses superpixel segmentation and uses the features encoded
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by a convolutional neural network for change comparison. [4] uses deconvolutional
networks to perform pixel-wise change detection, where they train a model that
detects relevant structural changes such as construction, building demolition and
traffic signs between coarsely registered image pairs, while ignoring irrelevant changes
such as seasonal and lighting variations and dynamic object changes like vehicles and
pedestrians. They rely on monocular cameras, GPS, and inertial odometry sensors to
perform SLAM and densely reconstruct the scene. Aligned image pairs are generated
by projecting the dense reconstruction into another camera. One drawback of [57]
and [4] is that they only perform change detection at the image level. The methods
would perform poorly if a relevant scene change is obstructed from the viewpoint of
the image. Furthermore, if multiple images are taken of the same scene, there are no
consistency guarantees between images if changes are detected differently.

[6] detect and catalogue tree changes in a city and use both street view and aerial
images from 2006 to 2016. While the approach of taking RGB images from aerial or
satellite cameras provides a bird’s-eye view of the scene with a larger field of view of
the ground, the precision is coarser and scans of the scene are at a lower frequency,
which can lead to a significant lag between a change and a detection. Additionally,
the farther the aerial camera is from the object, the higher the likelihood that vehicles

or buildings will occlude the map environment, which can further delay a detection.

3.2.2 3D Change Detection

[41] illustrates changes across billboards in Times Square and performs accurate
structure-from-motion and grouping of 3D points in time, based on temporal and
spatial clustering. They reconstruct the scene from noisy images taken from a large,
crowd-sourced internet collection of photos.

[33] uses sensor inputs as well as current map information to predict if change
has occurred. They use LIDAR and RGB data and experiment with ego-view and
BEV viewpoints and make a binary classification for a given drive. The drawback
of this approach is that it relies on an expensive autonomous vehicle’s sensor suite
for change detection, which would be difficult to crowd-source, and assumes precise
localization of the vehicle. Another drawback is that the method does not provide

localization of the changes, except for activation heat maps from the neural network.
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Change detection using 3D models has also been explored by [47, 48]. Such
3D methods typically require a model as a prior, which is difficult to generate and
error-prone. Any error in 3D model building will affect downstream performance of

the change detection algorithm.

3.2.3 Reporting Change Detections on Maps

Crack formation on roads is an important change that often needs to be reported.
In [64], the authors propose a super-pixel-based over-segmentation method to detect
cracks on the road from the single image obtained from a windshield-mounted camera.
Descriptors are later extracted for classification. While detections are made at the
image level, severity of crack formations is reported along the road network of a
general map.

Similarly, [11] addresses change detection in terms of detecting hazards like traffic
cones and potholes on the road. The system reports each detection on a “LiveMap”
where detections are reported in real time as a vehicle sees the objects. However, one
issue is that each image corresponds to a detection and is plotted on the map. There
is not an intuitive way to cluster them without tuning distance parameters for each

category and adjusting for different frame rates.

3.3 Summary

In summary, this thesis adopts aspects of each of the above sections to perform online
change detection of crosswalks in 3D. With respect to generating online maps, this
thesis is similar in that it generates a top down map of crosswalks from a single pass
of a vehicle through an area. The difference is that generating online maps is not
learned directly because labelled data at the image level is far easier to access, which
means a better ability to adapt to different vehicles, cameras, and environments.
With respect to 2D change detection, this thesis similarly focuses only on camera
images and extracts features from images, except this thesis produces features as
instance segmentations as opposed to only pixel-wise classifications. This approach
adds more meaning and interpretability of detected changes. Furthermore, this thesis

hopes to translate these features into 3D in order to aggregate and summarize results
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across frames for a more holistic output when changes are reported to an end user.
With respect to works in 3D change detection, this thesis aligns closely with [41]
where streets are represented as planes. However, the application is different and this
thesis’s approach is more proactive in collecting images and identifying changes of
interest as opposed to general scene changes. With regards to [33], this thesis does
not use LiDAR and estimates image poses using multi-view geometry, which makes

the task more challenging but enables crowdsourcing.
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Chapter 4

CARLA Simulated Data for
Object Detection

This section of the thesis builds upon past work on synthetic image generation and
domain randomization, by using the open-source CARLA simulator, with its active
community of developers, to create a diverse dataset of custom objects|7]. Simulators
like CARLA have the advantage of preserving geometric consistency and providing
a large variety of domains. Developed object detection models in this chapter can
be used in Chapter 5, by filtering for relevant image queries from the bus and using

them to bootstrap models for further fine-tuning.

4.1 Approach

Following the strategy of other domain randomization methods, we try to create a
variety of random renderings with the CARLA simulator, with the idea that the real
world will be interpreted as part of the synthetic data distribution. Randomization
properties include lighting, precipitation, and actor parameters that can be changed
to allow for different appearances of our objects. We evaluate our crosswalk model on
the Mapillary Vistas Dataset (MVD) [43] and our fire hydrant model on the MVD
dataset, MS COCO dataset [37], and a locally collected Pittsburgh dataset. MVD
[43] is a large-scale street-level dataset of 25K images with instance-level annotations
of 100 object categories. MS COCO [37] has 200K images and 80 object categories.
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The Pittsburgh dataset has 1,358 images of Pittsburgh fire hydrants. The reason
we evaluate the fire hydrant model on three different datasets is that we sought
to evaluate the generality of our trained models on different images collected from
different environments and with different methodologies, since models trained on one
dataset generally will perform the best when evaluated on the same dataset. However,
to explore the effectiveness in detecting local fire hydrants, some of our 3D models
of fire hydrants are generated from images of Pittsburgh fire hydrants as described
in Section 4.1.1, which biases the CARLA synthetic dataset but also makes the 3D
models more realistic. To compare our method with another synthetic data approach,

we use Cut-Paste synthetic images as a baseline.

scale
rotate
blur
brighten
etc.

Figure 4.1: Example of a fire hydrant pasted on a background image using the
Cut-Paste method.

4.1.1 Baseline: Cut-Paste

Our Cut-Paste method is based on [17]. We started with their code and made it
compatible with Python 3.x, modified it to avoid some edge artifacts, and added a
3D reconstruction method to speed up the creation of cutout examples. Usually one
takes several pictures from different vantage points of the object and then cuts the
object out from each image. This can be tedious, and it does not scale well. Instead,
we took many images of a fire hydrant and used COLMAP [60] to create a 3D model
of it. After cleaning the model we took virtual snapshots of the fire hydrant on a

white background to produce the cutouts. Fig. 4.1 shows such a snapshot pasted onto
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some background. Before pasting, the snapshot was manipulated by scaling, rotating,
blurring, and changing contrast and intensity. We produced additional varieties of
fire hydrants by changing texture and shading. Our code and detailed instructions

are publicly available!.

4.1.2 CARLA

The simulator we use is CARLA [14], an open source simulator for urban driving built
on the Unreal Engine rendering platform. CARLA was developed to support training,
experimenting, and validation of autonomous driving models, including perception
and control, and includes 8 urban layouts and a flexible setup of sensor suites that
can be used to collect RGB images and ground-truth semantic segmentations. A wide
range of environmental conditions can be specified, including 9 independent weather

parameters and 2 sun angles.

We constructed large-scale and diverse synthetic datasets using publicly available
3D CAD models of fire hydrants and crosswalks and our own set of 3D reconstructed
models of fire hydrants. We specifically chose objects that are not in CARLA’s default
object semantic segmentation labels to show the ease of creating annotated datasets
of new objects. We manually placed each 3D model into the CARLA map and
duplicated the same model in different locations. We then used Unreal Engine’s ray
tracing to generate semantic segmentations of the captured image. Photos were taken
from the perspective of a virtual vehicle-mounted camera and were saved whenever
the area of the object met a certain area threshold in the frame. Because we make the
assumption that the objects have minimal occlusion and do not overlap, bounding
box annotations were then created by performing a closing morphological operation
on the segmentation image and by taking the minimum and maximum positions of
each disconnected object segmentation. Detailed instructions, code, and data are

made publicly available?34.

"https://github.com/chrmertz/synth_train_data
’https://www.github.com/xinhez/simulation-for-detection
3https://www.kaggle.com/xinhez/synthetic-fire-hydrants
‘https://www.kaggle.com/buvision/synthetic-crosswalks
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CARLA cut-paste

Figure 4.2: Synthetic image examples. CARLA-generated images are shown in the
first two columns, where we illustrate domain randomization of fire hydrants and
crosswalks from camera positioning, weather, vehicle-pedestrian obstacles, and styles.
In the third column, we show Cut-Paste images for fire hydrants with different poses,
styles, and background images.

4.1.3 Domain Randomization

CARLA provides a variety of parameters for generating diverse images, as shown in
Fig. 4.2.

e Content Variation: CARLA provides eight pre-built maps with different build-
ings and environments. Not only is each map unique, but different locations
within each map provide interesting and valuable variation to allow for at least
20 object placements. Furthermore, random actors can be placed in the maps
using some of the default blueprints. As of this writing, 30 vehicle and 26
pedestrian blueprints exist. These actors can add more uniqueness to each
snapshot of a particular object and can also provide occlusion of the object,
forcing the model to learn how to ignore these distractors. Also, CARLA makes
it easy to select all target objects and modify the material style in bulk, such

as going from white to yellow crosswalks.
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Viewpoint Variation: CARLA allows users to change the positioning and
orientation (6 DoF) of the virtual camera within the vehicle. These parameters
are initialized at the start of each simulation. Driving varies x, y, and heading

of the vehicle and thereby of the virtual camera.

Weather Variation: For each map, the weather parameters are continuous
random variables with ranges as follows: cloudiness € [0, 100], precipitation
deposits (i.e., rain puddles) € [0, 100], sun altitude angle € [-90, 90], sun azimuth
angle € [0, 360], precipitation (i.e., falling rain) € [0, 100], wind intensity €
[0, 100], fog density € [0, 180], fog distance € [0, 180], and road wetness € [0,
100]. For every frame of the simulation, we increment one parameter with a
step size of 25, and if the value exceeds the parameter’s upper bound, we set

the parameter to the modulus after dividing by the parameter’s upper bound.

4.1.4 Detection Network
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Figure 4.3: Detectron2 implementation of Faster RCNN with a feature pyramid
network as the backbone [28]

We use the Detectron2 [67] library, which provides high-quality implementations
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of state-of-the-art object detection algorithms, including Faster R-CNN [52], as seen
in Figure 4.3, which is used here. In this work, we used the ResNet network with
a depth of 101 layers [25] combined with a Feature Pyramid Network (FPN) [36],
which extracts features of the input image at different scales. The decoder of the
network consists of output heads for bounding-box recognition, i.e., classification and
regression, with a loss function of L = Lyass + Lppor- Lopor uses an Ly loss, and Legss
uses a cross-entropy loss. This model is chosen because Faster R-CNN is one of hte
most used detectors, and this architecture showed the highest performance among
Detectron2’s models. The crosswalk detector is trained for 20 epochs on the synthetic
data and has a learning rate of 0.001, while the fire hydrant detector is trained for
200 epochs with a learning rate of 0.005.

4.2 Results and Analysis

We benchmark our methodology on the MVD dataset [43] for the tasks of fire hydrant
and crosswalk detection. And for the fire hydrant, we additionally evaluate on the
MS COCO dataset[37] and a locally collected Pittsburgh dataset.

We filter the MVD and COCO datasets to search for our target objects. Because
the MVD dataset images range from eight to forty megapixels in size, we resize and
crop the images for memory purposes so that the shortest side is 600 pixels. Because
some objects seen at high resolution become unrecognizable after resizing to a low
resolution, for crosswalks, we remove bounding boxes that are below 10 pixels in
height. For fire hydrants, we cropped the original images to 800 by 600 resolution. In
Tables 4.1 and 4.2, we specify the instance counts from each dataset used to train

and test models for crosswalk and fire hydrant detectors, respectively.

4.2.1 Synthetic and Real World Training Image

Comparison
We evaluate our detectors on real world images. For crosswalks, because very few
small instances exist, we remove all small instances in the training and test sets,

and balance the number of medium and large instances in CARLA and low-shot

experiments as indicated in Table 4.1. The different crosswalk models we train are
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Table 4.1: Instance distribution of crosswalks for the CARLA, MVD low shot,
and MVD full and test datasets, where the column headings, S (pixel area<32?),
M (322 <pixel area <96%) and L(96% <pixel area), refer to the size of the object
instances, according to COCO standards, respectively and low shot refers to anything
other than the full dataset. The superscript st indicates that the number of instances
at each size either uses all available images, except for small, which is excluded due
to the limited real-world annotations.

Dataset ‘ S ‘ M ‘ L ‘ total
MVDg 0| 348 282 630
CARLAsE . 10 ]10,000 | 10,000 | 20,000
MVD20st . | 0 10 10 20
MVD120 .. |0 60 60 120
MVD600:t .. | 0| 300 300 600
MVD2000:,. | 0| 1000 | 1000 | 2000
MVDFullf,.. | 0| 2817 | 2305 | 5122

indicated below:

CARLA: trained with domain-randomized synthetic data.

N-Shot: trained with N randomly sampled, real-world images.

CARLA + N: trained with domain-randomized synthetic data and N real-world

images.

Full: trained with all available real-world images.

CARLA + Full: trained with CARLA and all available real-world images.
For fire hydrants, we noticed that the MVD and MS COCO datasets are unbalanced

in different ways (see Table 4.2). MVD has more small and medium examples, whereas

MS COCO has more large examples in their standard dataset. We will later see
that this has a significant effect on the evaluation. We therefore created additional
“medium” training and testing sets. For medium training, we balance the set so
that the numbers of small, medium, and large instances are in a 1:2:1 ratio. For
medium testing, there are only medium-sized instances. We perform these balances
to accurately assess the performance of these models across the different datasets.
In addition, we also trained the same model on synthetic data generated by the
Cut-Paste method and CARLA without domain randomization. The different models

we train are indicated below:
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Table 4.2: Instance distribution of fire hydrants for the MVD, MS COCO, Pitts-
burgh, CARLA, and Cut-Paste datasets for standard (a) and medium-sized (b) object
training and testing, denoted by the superscript st and M, respectively. Standard
training uses all available instances of the object for training, while medium-sized
training uses twice as more medium-sized instances than other sizes. The column
headings S, M, and L refer to small, medium, and large object instances, respectively.
The / in (b) is to indicate separate datasets.

(a) Standard training and testing

‘ S ‘ M ‘ L \total
MVDY,, 66 | 85 | 28 | 179
coCost, | 126 | 172 | 352 | 650
Pittst, 0 | 337 | 1021 | 1358
MVDsL | 657 | 738 | 242 | 1637
cocos.. | 268 | 329 | 719 | 1316
CARLAZ,. | 10000 | 10000 | 10000 | 30000
Cut-Pastes’.. | 10000 | 10000 | 10000 | 30000
(b) Medium-sized object training and testing
‘ S ‘ M ‘ L ‘ total
COCOM, JMVDM™, /Pitt’., | 0 | 200 | 0 | 200
CARLAM ./ Cut-PasteM . | 5000 | 10000 | 5000 | 20000
COCO20M . /MVD20M .~ | 5 | 10 | 5 | 20
COCO120M ./ MVD120™. | 30 | 60 | 30 | 120
COCO600M ./ MVD600M. . | 150 | 300 | 150 | 600

images.

e Full: trained with all available real-world images.

CARLA: trained with domain-randomized synthetic data.

Cut-Paste: trained with Cut-Paste method-generated synthetic data.
NON-DR-CARLA: trained with synthetic data without domain randomization.

N-Shot: trained with N randomly sampled, real-world images.

CARLA + N: trained with domain-randomized synthetic data and N real-world

The crosswalk model was pretrained on the MS COCO dataset for 37 epochs. For the
fire hydrant model, because the MS COCO dataset contained fire hydrants, we used a
pretrained model with ResNet 101 weights trained on ImageNet data [12]. Pretrained
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models were provided by the Detectron2 library [67]. We used the standard MS
COCO evaluation metrics as described in [1] and recorded the mean average precision
(AP), averaged for intersection over union (IoU) € [0.5 : 0.05 : 0.95], AP5q (IoU
= 0.5), APz (IoU = 0.75), APg,ay for small objects (pixel area < 32%), AP, cdium
for medium objects (32% < pixel area < 96%), AP, for large objects (962 < pixel
area). For crosswalks, the quantitative results are shown in Table 4.3 with qualitative
results shown in Fig. 4.5. We show the precision-recall curve in Fig. 4.4. For fire
hydrants, the quantitative and precision-recall curve results for standard test sets are
shown in Table 4.4 and Fig. 4.6, respectively. The same for medium test sets are
shown in Table 4.5 and Fig. 4.7, respectively, where the precision-recall curve is for
detections of the models on the Pittsburgh dataset. We show the qualitative results
of the CARLA-trained model in Fig. 4.8. In the discussions below we will consider a

few % (absolute) differences in AP as not significant.

4.2.2 Crosswalks

Crosswalks are more challenging objects than fire hydrants because they are flat
objects mostly viewed at an oblique angle, which results in large perspective distortions.
Table 4.3 shows that the various APs of the MVD (full) trained model are more than
twice the value of those of the CARLA-trained model. One trend that is similar to
the fire hydrants is that the CARLA-trained model performs relatively better for
large-sized objects.

The comparison with various levels of low- to medium-shot models shows tendencies
similar to those seen with fire hydrants. The CARLA model performs better than a
20-shot model and roughly similarly to a 120-shot model. Adding the CARLA images
to those of the low- to medium-shot generally increases the performance but has little
effect when added to those models with many real images.

Correct, missed, and false detections of crosswalks by the CARLA-trained model
can be seen in Fig. 4.5. The model is able to find crosswalks in different states of
repair, with various illuminations, and from different perspectives. Many of the missed
crosswalks are from the perspective of a pedestrian standing on the sidewalk. This
perspective is underrepresented in the CARLA dataset because we took the images

from a virtual camera mounted on a vehicle. A frequently occurring false detection is
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Table 4.3: Average Precision (%) table for crosswalk detection on the MVD test set.

Model ‘ AP ‘AP50 ‘ AP75 ‘ APM ‘ APL

CARLAY 11.7] 25.4 | 10.6 | 4.8 [214
MVD20;t,. 12| 38 | 03] 02|23
CARLAS .+ MVD20;,. [16.2| 33.8 | 16.3 | 7.3 |27.7
MVD120;t,. 144|355 | 84 | 59 |25.0
CARLASt .+ MVD120g,19.1] 39.5 | 182 | 9.0 |32.2
MVD600;t, . 25.9| 53.6 | 21.6 | 13.2 | 42.1
CARLASL .+ MVD600:,. |26.3| 52.6 | 23.6 | 15.1 | 40.4
MVD2000;,,. 34.4 | 63.6 | 32.2 | 19.6 | 52.0
CARLAS .+ MVD2000s,, [35.5| 63.9 | 34.2 | 21.5 | 53.1
MVDFullst, 41.7]71.3 | 43.4 | 27.6 | 58.1
CARLAS .+ MVDFullst, . |40.1| 67.9 | 39.7 | 24.1 | 58.7

train

that of a car. Cars, like people in the case of fire hydrants, might be underrepresented
and not well simulated in CARLA. One category that is not simulated at all in
CARLA is snow. A mixture of snow and slush is prone to cause a false detection;

one example is shown in the bottom left corner under the “false” column in Fig. 4.5.
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Figure 4.4: Precision recall curves for crosswalk models evaluated on the MVD
dataset.

correct

Figure 4.5: Qualitative results from crosswalk predictions: CARLA-trained model
tested on MVD dataset. Shown are correct, missed and false detections.
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4.2.3 Fire Hydrants

In the following discussion, we notice two intermixed tendencies. One is that the
models trained on synthetic data perform best for large-sized objects. The second is

that any model performs worse when tested outside its primary domain.

The fire hydrant 3D models we used for the synthetic training data mimicked
Pittsburgh fire hydrants. It is therefore expected that the CARLA and Cut-Paste-
trained models perform well on the Pittsburgh dataset. As shown in Table 4.4c, they
are indeed competitive with the standard models trained on MVD or COCO for
large objects (APy). They are worse for medium-sized objects (APy;). In contrast,
when the synthetic-trained models are tested in different domains (MVD or COCO
standard test sets), they generally perform worse than the standard models trained
on the corresponding MVD or COCO. The CARLA performance is especially bad for
small-sized objects. This can be seen in Table 4.4a and 4.4b. A similar performance
drop when changing domains can be observed when comparing MVD and COCO
datasets with each other. COCO-trained models perform best when tested on the
COCO test set, but worse when tested on MVD, and vice versa. This emphasizes
the importance of the domain that is tested. MVD are all images taken on streets,
whereas COCO are more general. Another significant difference is that COCO has
many more large objects and MVD has more medium- and small-sized objects. This
explains why the COCO-trained model is good at detecting large objects and the
MVD-trained model is good at detecting small objects.

To remove the bias in object size, we created the “medium” test and training sets

as described above. In Table 4.5, the differences between the MVD and COCO results
are less pronounced than before. Such curated datasets are more appropriate for a
detailed study. The first question we wanted to investigate was: at what point does
the CARLA model perform similarly to the MVD or COCO models? The numbers
in Table 4.5 indicate that MVD or COCO models trained with 120 images perform
similarly to the CARLA model. The second thing we wanted to find out is how much
a low-shot model improves when adding CARLA images. In Table 4.5, the COCO
models get mostly better and sometimes stay the same when adding CARLA data.
For MVD models, adding CARLA images gives inconsistent results.

Fig. 4.8 shows correct, missed, and false detections. The correctly detected fire
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Table 4.4: Average Precision (%) table for fire hydrant detection on the COCO, MVD,

and Pittsburgh standard test sets.

(a) COCO standard test set
| AP | APy | APy, | AP | APy | AP,

305 47.8 | 334 | 6.3 | 205 | 448

st 1349 | 55.6 | 39.4 | 2.8 | 26.3 | 50.7
MVDst | 40.2 | 71.0 | 43.9 | 19.9 | 47.4 | 439
COCO,. | 60.2 | 83.0 | 69.1 | 25.9 | 56.3 | 74.1

Cut-Paste??

train

CARLAS

(b) MVD standard test set

| AP | APsy | AP5s | APs | APy | AP,

Cut-Pastes! 15.0 | 28.2 | 12.1 | 4.8 | 19.1 | 354

train

CARLAS . | 252 | 44.8 | 264 | 6.9 | 325 | 49.2
MVDst | 46.4 | 81.9 | 49.7 | 20.7 | 55.6 | 58.0
COCOsL,,. | 39.5| 66.9 | 44.9 | 16.8 | 49.3 | 62.8

(c) Pittsburgh standard test set

| AP | APsy | AP7s | APg | APy | APy,

Cut-Pastesl . [ 248 | 644 | 134 | - | 14.0 | 325
CARLAS .| 215|614 | 76 | - | 11.3 | 325
MVDst . | 283 | 757 | 132 | - | 27.8 | 334
COCOs,, | 341 | 87.9 | 164 | - | 23.1 | 39.3

hydrants are in a variety of environments, including snow and poor illumination.
Some of the missed fire hydrants have unusual shapes, are surrounded by clutter, or

are blurred. Among the false detections, people are the most common objects. This

points to the problem that in CARLA people are not very well simulated.
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Table 4.5: Average Precision (%) table for fire hydrant detection on the MVD, MS
COCO, and Pittsburgh medium test set.

‘AP]\C/[OCO ‘ AP%VD ‘ APf/[ITT

Cut-Paste;” . 18.7 14.8 10.7
MVD20} . 32.6 32.3 20.5
MVD120M . 39.2 39.6 23.5
MVD600M. ... 46.2 52.5 26.2
CcOoCco20M . 22.9 14.3 18.8
COCO120M . 40.4 34.1 19.8
COCO06007 .. 51.4 47.6 22.7
CARLAM . 28.2 37.5 16.5
CARLAM .+ MVD20} .. 29.5 39.9 20.2
CARLAM .+ MVD120M . 39.7 49.2 30.3
CARLAM .+ MVD600},,. 40.8 54.1 28.3
CARLAM .+ COCO20M .|  36.9 36.1 20.9
CARLAM .+ COCO120M . | 41.8 44.8 24.0
CARLAM .+ COCOG600M .. | 49.8 48.7 27.1
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Figure 4.6: Precision recall curves for fire hydrant standard models evaluated on the
COCO, MVD, and Pittsburgh standard test sets.
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Figure 4.7: Precision recall curves for fire hydrant medium models evaluated on the
medium Pittsburgh dataset.
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correct missed false

Figure 4.8: Qualitative results from fire hydrant predictions: CARLA-trained model
tested on all three data sets. Shown are correct, missed and false detections.
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4.2.4 Other Observations

We compared the CARLA-generated synthetic dataset with the Cut-Paste [17] strategy.
In the Cut-Paste strategy, we take virtual snapshots of 7 3D fire hydrant meshes,
while rotating them 360° and randomly placing them on 596 background images for
training. As shown in Tables 4.4 and 4.5, CARLA performs better than Cut-Paste
in the medium test case and the standard test case in COCO and MVD. However,
Cut-Paste performs better than CARLA on the Pittsburgh dataset, likely because
the 3D fire hydrant meshes used in Cut-Paste were from Pittsburgh fire hydrants.

To test the importance of domain randomization, we tested one model that was
trained on CARLA images without domain randomization. The AP was only a third
of the AP from a CARLA model with domain randomization. This clearly shows
how important domain randomization is to decrease the sim-to-real gap.

On a standard desktop PC with one Nvidia graphics card it took CARLA about
4 hours to produce 1000 training images. The Cut-Paste method is much faster; it

does not require a GPU and takes about 20 minutes to create 1,000 training images.

4.3 Summary

In this chapter, we show that synthetic data generated in CARLA can be an effective
way to generate data for rare, novel, or ignored objects. It works best if the model
is well adapted to the tested domain while at the same time domain randomization
is applied. We further observe that the best performance is on large-sized objects.
We apply our method to two object classes in MVD to show the ease of generating
novel classes in CARLA and our method’s wide applicability for augmenting existing
datasets and training detectors with zero to few-shot real image labels. Our method
of using CARLA is a promising tool for the expanding need of data collection and is
especially helpful for improving the performance of models trained on small datasets.

There are several avenues for future steps. One is to create more realistic sim-
ulations in CARLA by improving the simulations of vehicles and people and the
incorporation of snow. Better renderings can decrease the domain gap between
synthetic and real world images and lead to fewer false detections. Another avenue

is to improve the network architecture and training method to better adapt to real
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world images. For example, an adversarial loss could be incorporated in training
to penalize significant differences between predicting on real and synthetic images.
Another example is to take advantage of the abundant real-world images and use
self-supervision like constrastive learning to train a better backbone.

Applications of this work include monitoring of city-specific objects that are
poorly represented in public datasets, such as a new crosswalk style or novel traffic
equipment. In the case of autonomous driving, it would be important to be aware
of any additions or removals of these rare objects that could change the meaning
of traffic rules, and synthetic data can allow engineers to train detection models

preemptively.
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Chapter 5

Bus Platform for Crosswalk

Detection and Monitoring

This chapter uses the experience in training 2D object detectors in Chapter 4 to
detect crosswalk changes across time with vehicle-mounted cameras. In order to
use crosswalk detections for change prediction, the crosswalk detections need to be
spatially aligned across different times. Because of challenges in performing change
detection from the perspective view, this chapter explores methods to map crosswalk
detections out of the image plane and onto a global 3D ground plane to perform
crosswalk change detection from the bird’s-eye view. Not only does working in
a ground plane avoid the need to have aligned images, it allows for detections in
sequential dash cam images to be composited into a single coordinate frame to better
represent the scene. An example is when one image captures the front crosswalk of an
intersection well while the image after moving forward ten meters captures the back
crosswalk well. In this chapter, two datasets are introduced: one that uses safety
cameras from a single bus that regularly passes the same locations and another that
consists of images from dash cams from multiple vehicles. Our proposed method
shows robustness in high-traffic areas and is able to localize changes to a specific
crosswalk at an intersection. Detailed instructions, code, and data are made publicly
available®®.

Shttps://github.com/tom-bu/crosswalk_change_detector
Shttps://www.kaggle.com/datasets/buvision/crosswalkchange
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CHAPTER 5. BUS PLATFORM FOR CROSSWALK DETECTION AND
MONITORING

5.1 Approach

Figure 5.1: The left four images show the commuter bus, an image of the computer,
the cabinet that contains the computer and electronics, and one of the cameras. The
right diagram shows the field of view of each installed camera, where one faces forward
and four side cameras face opposite directions from each other.

5.1.1 Vehicle-mounted Camera Data

This thesis evaluates change detection on two datasets. The primary dataset is derived
from a metro commuter running between downtown Pittsburgh and Washington,
Pennsylvania. A photo of the transit bus is shown in Figure 5.1. As of this writing,
the bus has collected more than a year’s worth of data and continues to collect data
daily, and is therefore a valuable means to deploy the proposed method for live change
detection. The bus makes at least two round-trips every weekday and contains a
computing and storage device to acquire data from multiple sensors and to carry
out the preliminary data processing. Four waterproof cameras are installed on the
exterior four corners of the bus and one on the interior behind the windshield. On the
exterior, two front cameras look backwards while two rear cameras look forwards, as
seen in Figure 5.1. Data are transmitted from the bus through two cellular antennas
and two dual-band WiFi antennas. There are also a GPS and an IMU on the bus. To

manage data acquisition, communication, and storage, the Robot Operating System
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(ROS) [62] is used. The advantages of using ROS are that it provides convenient data
preprocessing packages and uses a modular publisher-subscriber-based messaging
protocol. There are seventeen scenes with zebra crosswalks, as seen in Figures 5.2
and 5.3. There are six instances of change where five scenes have removed crosswalks
and one scene where one crosswalk is transformed from a plain crosswalk into a zebra

crosswalk, as shown in Figure 5.4. The remaining eleven scenes have no changes.

Figure 5.2: Locations of 17 zebra crosswalk scenes regularly observed by the bus.
Most occur in downtown Pittsburgh with one occurring in Washington County.
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Crosswalks per Scene

Figure 5.3: Images of the 17 crosswalk scenes and the diversity of each. They are
grouped by the number of crosswalks at each scene.

Scene Before After Scene Before After

S3

Figure 5.4: Here are six examples of changes that are observed on the bus. There
exist many crosswalk removals due to a repaving of the road but one instance of a
crosswalk transformation from a plain-to-zebra crosswalk in scene S6.
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Another dataset exists that contains a collection of dash cam footage from different
cameras and vehicles, as shown in Figure 5.5. The data sources are not actively
collecting data, but this dataset is valuable in evaluating the ability to use the
proposed methods to crowd-source data from multiple vehicles, since a single bus
often takes a fixed route and has limited coverage of the road network. Crosswalks in
this dataset mostly lie beyond the bus route, and the scenes add variety in terms of
scenery and pedestrian and vehicle traffic. Another note is that most of the scenes in
this dataset occur outside of downtown Pittsburgh, which is where many of the bus
scenes are recorded. In this dataset, there are eight scenes where change occurred.
But because recordings exist before the change occurred, each scene can be evaluated

for no change as well, making a dataset of sixteen examples.

Scene Before After Scene Before After

S1

S4

Figure 5.5: Here are four examples of changes that are observed. The left two scenes
show added crosswalks, while the right shows plain-to-zebra crosswalk transformations.

5.1.2 2D Crosswalk Detector

The thesis uses the Detectron2 [67] library, which provides high-quality implemen-
tations of state-of-the-art object detection algorithms, to train a Mask R-CNN [26]
model for instance segmentation of crosswalks. Mask R-CNN was chosen because it
is a popular model architecture for instance segmentation and well recognized. In
this work, we used the ResNet network with a depth of 50 layers [25] combined with
a Feature Pyramid Network (FPN) [36], which extracts features of the input image
at different scales. The decoder of the network consists of output heads for instance
segmentation, i.e., classification, bounding box regression, and segmentation, with

a loss function of L = LRPNclass + LRPNbbox + Lclass + Lbbox + Lmask- LRPNclass and
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Lrpnwror are the losses for the region proposal network. Lo, and Lgpnpes Use an
Ly loss, while Lrpneciass; Letass and Ly,qs, use a cross-entropy loss. The crosswalk
detector is pre-trained on the MS COCO dataset and then fine-tuned on the Mapillary
Vistas Dataset [43], and the model with the highest validation accuracy is kept.

Fine-tuning the Detector on Pittsburgh Data

The model trained on the Mapillary Vistas Dataset is a general purpose detector.
This detector is used for the second dataset with multiple camera sources. However,
for the bus dataset, because the bus runs along the same route multiple times, many
examples of the same crosswalk instance can be acquired in a variety of lighting
and scene conditions, as shown in Figure 5.6. This can be used to improve the
performance of the detector through fine-tuning. It is observed that the Mapillary
Vistas Dataset-trained detector performs worse than the fine-tuned model because
the Mapillary Vistas Dataset is collected from around the world and thus has some
domain differences. In an iterative fashion, the model can inference on the latest data
and poor detections can be annotated using the VGG Image Annotator [15, 16] and

added to the dataset to retrain the model. The process is shown in Figure 5.7.

Figure 5.6: Crosswalks captured in different conditions. From left to right on the top
row are winter, rainy, and overcast weather. On the bottom are different times of a
sunny day.
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Mask R-CNN

/ Model y New Images

Finetune Predict

..

Annotate

Figure 5.7: This demonstrates the fine-tuning process of Pittsburgh crosswalk detec-
tion where the cycle begins with an off-the-shelf Mask R-CNN model that predicts
on new images collected in the wild. Incorrectly confident predictions are annotated
while leaving accurate predictions. The process of efficiently fine-tuning the model on
these labels led to improved results, as shown by the detection on the left.
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Crosswalk Type: Zebra vs. Plain

Crosswalks can be split into two main categories: plain and zebra. In this thesis,
zebra crosswalks are the primary focus for the following reasons: plain crosswalks
have lower visibility compared to zebra crosswalks; plain crosswalks can easily be
confused with lane markings depending on the viewpoint angle; plain crosswalks
deteriorate more quickly due to wheel tracks; and plain crosswalks are more easily
occluded by cars and road debris like snow. Thus, plain crosswalks are left for future

analysis.

Instance Segmentation vs. Bounding Box

One design choice is the use of an instance segmentation model over a pure bounding
box model, i.e., Mask R-CNN[26] over Faster R-CNN[52]. Mainly, an instance
segmentation model provides a tighter bound on an object compared to a bounding
box. This is the case for crosswalks that are parallel to the bus and appear diagonal
in the front camera. In this configuration, corners of the bounding box would be
non-crosswalk areas. For change detection, where intersection over union is used for

comparison, a loose bounding box would produce frequent false positives.

5.1.3 BEYV Crosswalk Change Detector

Previously, crosswalk detections existed in the 2D image plane. This section describes
how to map 2D crosswalk detections onto a ground plane. To do so, COLMAP
[60, 61] software is required to perform structure-from-motion, to reconstruct the 3D

scene and estimate poses of the images taken. The steps are as follows.

1. Camera Calibration

All cameras are expected to be calibrated or have low distortion. If cameras are
not calibrated, a checkerboard grid can be used to estimate radial and tangential
parameters or COLMAP can be used to estimate the parameters automatically. For
successful COLMAP calibration, many images have to be taken from each uncalibrated

camera and the camera ID for each image must be specified.
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Figure 5.8: Pipeline of the image plane to ground plane mapping of the crosswalk

detector.

For example, the raw images from the bus contain large radial distortion, with

distortion being most severe at the corners of the image. This can lead to poorly

estimated camera poses because many key points exist on the perimeter of the

image where static objects like buildings are seen and provide localization. Using a

checkerboard calibration method resolves large parts of the distortion in the center of

the image. However, the top corners are poorly calibrated, as seen in Figure 5.9. By

performing structure-from-motion at a single intersection where the bus has recorded

images driving in both directions, as seen in Figure 5.10, COLMAP can provide a

better estimate of the camera intrinsic and distortion parameters.
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raw

checker-
board
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Figure 5.9: Camera calibration from the raw image to the checkerboard to the sfm
estimated.
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Figure 5.10: Sparse reconstruction and image pose calibration of the bus at an
intersection driving in both directions. Each red triangle represents one image. All
five cameras of the bus are used. The left track is the bus driving down while the
right track is the bus driving up, as indicated by the arrows. Images of the center
camera from each drive are shown.
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2. Dynamic Objects

Because street view scenes often contain dynamic objects such as people, vehicles,

and the sky, it is necessary to exclude their key points in the structure-from-motion
process. The reasons are as follows:

¢ Oftentimes dynamic objects will not be consistent between scenes taken on

different days. An example is one set of cars parked on the side of the road

one day and another set of cars parked on another day. In this case, the

structure-from-motion will create separate scene graphs and models of the

scene.

e Another situation occurs when vehicles drive at the same speed as the ego-
vehicle. If a vehicle in front of the ego-vehicle maintains the same distance from
the ego-vehicle as the ego-vehicle drives forward, the estimated distance of the
front vehicle will approach infinity.

In order to address these issues, an off-the-shelf panoptic segmentation model [30]
trained on MS COCO [37] is used to output masks for dynamic objects to determine
whether a key point lies within the mask and should be excluded as seen in Figure
5.11. One thing to note is that if much of the image is masked, it can also lead to

poor localization of that image.
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original

mask

keypoints

Figure 5.11: Masking key points for dynamic objects. The top image shows the
original image from the scene. The middle image shows a binary mask of dynamic
objects in the scene such as vehicles and the sky. Key points that lie in these areas
are not used in the structure-from-motion process. The bottom image shows detected
key points in the image, but none exist where the vehicles and sky are.
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3. Ground Plane Estimation

While working at small scales, the road can be considered a flat surface. Even though
roads are curved downwards on the sides, this planar road assumption is a practical
and effective assumption in helping map detections between the 2D image plane and
the 3D ground plane. The ground plane is thus estimated in the 3D reconstruction.
Structure-from-motion provides a list of correspondences between 2D pixels and their
3D counterpart. Using a panoptic segmentation model [30] trained on MS COCO
[37], parts that belong to the road are segmented. With the 2D-to-3D point pairing,
a 3D point cloud segmentation of the road can be obtained. Because the road has
repeated textures, the key point matching can be imprecise and because images are
taken from a camera with only forward motion, the depth for some ground points can
be poorly estimated. These outliers are removed using k-Nearest Neighbors, where
the distance to 5 nearest neighbors is calculated. Points with distances below the
mean of distances are kept. From then, three points are randomly selected to estimate
a plane and RANSAC is performed to find the plane that fits the most number of
ground points. The ground plane is shown in Figure 5.12, where the green points are

points on the ground plane.

Figure 5.12: Structure-from-motion of images aligned across time. The left shows
a reconstruction with images from a bus and dash cam photos. The right shows
multiple dash cam photos aligned, where the green points indicate the ground plane
estimation.
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4. Coordinate Frame Adjustment

The reconstructed scene from COLMAP’s structure-from-motion treats the coordinate
frame of the first registered image as the global coordinate frame. To generate an
accurate bird’s-eye-view, the 3D reconstruction and the camera poses are translated
and rotated such that the z-axis of the global coordinate frame aligns with the normal
of the ground plane. The translation is given by the location of the ground plane
and the rotation is calculated by using Rodrigues’s formula for finding the rotation
between the ground plane normal vector and the current z-axis vector. Lastly, the
y-axis is aligned with the direction of one of the camera sequences, by applying a 2D

rotation of the reconstruction.

5. Homography Transformation

The crosswalk Mask R-CNN model, described in Section 5.1.2, is used to detect
each instance of a crosswalk in each image, while a homography transformation
between each image plane and the 3D ground plane is estimated. This homography
transformation will be used to map each 2D detection out of the image plane and onto
the 3D ground plane. Because the z-axis of the world frame is aligned with the ground
plane, the x and y coordinates provide the positions in the BEV representation.
To estimate the homography transformation, the ground plane is represented by
a uniform grid of 3D points. When these points are projected into each image,
they can be used as correspondences between the two planes. The homography
transformation can be calculated with at least 4 correspondences using the Direct

Linear Transformation algorithm.

6. Postprocessing

Now that crosswalk detections are compiled into one global coordinate system, some

useful postprocessing steps are used.
¢ Non-maximum Suppresion: First, non-maximum suppression is performed
such that for detections that overlap by an IOU of 0.10 or more, the higher-

confidence detection is kept.

e Multi-frame Consistency: To avoid false positive crosswalk detections,
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detection consistencies are checked across multiple frames. The intuition is that
the same crosswalk should appear in multiple frames and be detected each time
as the vehicle moves towards it. Therefore, if the same crosswalk detection on
the ground plane is not seen in more than one frame, it is likely a false positive
and should be removed. Cases of this occur when certain angles or shadows give
the false impression of a crosswalk to the detector, but at another frame the
detector predicts correctly. Therefore, for each crosswalk in BEV, a minimum
of three detections, depending on the camera frame rate, are needed with an
IOU of 0.10 or greater to be used for downstream change comparison. An IOU

of 0.10 is used because experiments shown in Table 5.3.

7. BEV Comparison

Once all detections are compiled into a single global frame and postprocessed, com-
parisons can be made between detections from the reference images and the query
images. Detections that have an IOU greater than 0.10 are matched. Those that are
not matched are classified as either added or removed crosswalks as seen in Figure
5.13. Though an IOU of 0.10 is relatively low, it allows for flexibility in the detection
since small inaccuracies in the 2D to 3D mapping can exist and since some crosswalks

may be occluded by vehicles and the detection only partially covers the crosswalk.

Figure 5.13: BEV output of the fine change detector. The left image is taken in 2017
and the right image is taken in 2021. Both come from dash cam recordings.

5.1.4 Live Data Pipeline with Gabriel BusEdge

The previous section described the change detection method when before and after

images are provided at a given scene. This section describes how the change detector
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Figure 5.14: Major Components of the BusEdge Platform [22, 70]

— > Sinks

Brand Safety Vision
Model RoadRecorder 9000
CPU Intel Core i7-8700t @ 2.40GHz
RAM 16 GB
Storage 5 TB
Power Input 9-48V DC
Dimensions 289 x 118 x 250 mm

Table 5.1: Technical specifications of the bus computer.

can be integrated with a bus using Gabriel [22] and why edge computing is needed.
The main idea is that the previous section’s method works on small spatial scales
such as an intersection, and a method is needed to extract from city-scale image
streams to images from local scenes. Otherwise, not only would performing structure-
from-motion on the city scale take significant time and computational resources, but
also many of the data are irrelevant and can be discarded, such as highways, where
crosswalks do not exist. Sections 5.1.5 to 5.1.8 describe how the Gabriel-BusEdge

system developed by [22, 70] is adapted to create a low-latency system for near-

CPU | Intel Core i7-7700 CPU @ 3.60GHz
OS Ubuntu 18.04
GPU 2 GeForce GTX 1070
RAM 32 GB
Storage 10 TB

Table 5.2: Technical specifications of the cloudlet server.
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daily change prediction results. The Gabriel-BusEdge system abstracts the data
pipeline into four parts: Sensors and Filters that exist on the “client” bus and the
Cognitive Engines and Sinks that live on the “cloudlet” server. Figure 5.14 shows
the abstraction. The client computer has the specifications listed in Table 5.1 and
lives on the bus reading the live sensor data. Meanwhile, the cloudlet server has
specifications listed in Table 5.2.

Sensors are the data sources on the bus, mainly the video streams from multiple
cameras and GPS data. The data often need preprocessing and engineering before
being sent to the filters next.

Filters represent the data reduction components running on the in-vehicle computer.
Multiple applications can exist for filtering the data, and each application can send
its outputs to the specific cognitive engine on the cloudlet server for further analysis.
Cognitive Engines are modules on the server that analyze data received from the
filters in greater detail, and the processes often carry heavier compute requirements
than those of the filters.

Sinks represent the final components on the cloudlet server to collect all of the
results from different cognitive engines and summarize the results through analytics
or visualizations. This can take the form of an OpenStreetMap [23] server or an email

notification.

5.1.5 Client Sensor

On the client side, as the sensor data are read, the following preprocessing and feature
engineering steps are taken before sending the data to the client filter.

Data Sync

Because the camera sensors are read at a different frame rate from the GPS sensor,
data need to be matched. Binary search is used to find the GPS data with the closest
time stamp as the camera data.

Heading Calculation

With some engineering, another piece of information that is recorded is the bus

heading. Using the history of the bus GPS, the geographic heading of the bus is
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calculated. Formally, given the GPS location x € R? at time ¢, the heading of the

bus is given by dirt = 2* — 2'71%, where dir € R2.

Redundant Images

As the bus picks up passengers or waits at a traffic light, the bus will generate
redundant information where there is little change between the current image and
the last. These redundant ones are filtered out by measuring if the distance in the
corresponding GPS coordinate exceed a given threshold from the previously recorded
GPS coordinate.

Buffer

A buffer of data is created of the sensor data. This ensures that no data are dropped

while the data are being preprocessed.

5.1.6 Client Filter

The client filter reads the preprocessed data stored in the buffer and releases the
buffer memory as it is read. The data undergo the following steps and then useful

data are sent to the cloudlet server’s cognitive engine.

Filter Type

Multiple use-cases exist for what is relevant information and what should be sent to
the server. Two examples are as follows:

¢ Proximity to known crosswalk GPS locations: If the GPS locations of

some crosswalk scenes are known, images from the bus that are close to the

known GPS locations can be extracted to verify if the known crosswalks still

exist. Because some noise is present in the GPS data, a wide radius is used to

capture multiple frames close to each scene’s GPS coordinate. Note that because

the GPS is the location of the bus, when the GPS is closest to the known GPS,

the crosswalk scene is no longer viewable by the bus, but rather, the crosswalk

may lie underneath the bus. To address this issue, the current GPS location is

dir

offset by a multiple of the bus’ heading vector: & = x + 0.001 % TaarT] where 7 is

57



CHAPTER 5. BUS PLATFORM FOR CROSSWALK DETECTION AND
MONITORING

the viewed GPS. If this viewed GPS is within the proximity of an intersection,

the image is assigned to that known crosswalk.

¢ Detected objects of interest: Besides verifying known crosswalks, new
crosswalks outside of the known crosswalk locations can also found. In this case,
an instance segmentation model should exist on the edge computer of the bus to
be used as a classifier for the presence of a crosswalk in each image. Though an
instance segmentation model is a larger model than a typical classification model,
the instance segmentation predictions can be used to explain classification results
if needed. Note that a detection that only occurs in one image but not in the
neighboring images is a sign of a false positive detection because the scene is
continuous as the bus moves forward. Positive classifications that persist over
multiple sequential images indicate a high chance of a crosswalk detected and

indicate these images are worth sending to the cloudlet server.

Image Cluster vs. Single Frame

In the original formulation of the Gabriel-BusEdge system presented in [22, 70], a
single image frame is sent to the cloudlet server. This formulation emphasizes low
latency and detecting objects on the latest images. This would be necessary if the
detection result is time-critical, but because the bus is driven manually, the latest
image requirement can be relaxed and images can be sent to the cloudlet server as
clusters. Clusters are beneficial in this situation because the structure-from-motion
on the server side performs better when more images are provided. It also means
that more consistency checks across frames can be made to reason whether crosswalk
detections are real or false positives. Figure 5.15 illustrates the data pipeline on the

client side.

5.1.7 Server Cognitive Engine

The cognitive engine on the cloudlet server then receives the data packet. The packet
contains images for each scene, the crosswalk scene assignment, and the corresponding
GPS and bus heading of each image. Multiple cognitive engines can exist, but in this
thesis the primary cognitive engine is the BEV crosswalk change detection pipeline

described in section 5.1.3. The following changes are made to the BEV change
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Figure 5.15: Diagram illustrating the preprocessing and filtering steps that occur on
the client side before sending data to the cloudlet server.

detection pipeline to work with incoming bus data. The output of the pipeline will be
the type of change that has occurred. However, in cases where the data are unsuitable
for structure-from-motion or have heavy occlusion, the scene can be discarded until
the next time the bus passes it. After a decision is made, the result can be sent to
the cloudlet sink.

Reference Image Bank

In the BEV change detection pipeline, there are current “query” images and past
“reference” images. The search for “reference” images is automated by searching by
the crosswalk scene assignment, the GPS location, and the heading. The heading is
necessary because images facing in the same direction as the query images are needed
in structure-from-motion. Feature matching between images uses image features such
as SIFT are only robust to 30-40° rotations. Therefore, images taken at a greater
angle will create broken structure-from-motion models. Formally, the direction dir

between the query images query and the reference images ref should have a cosine
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dirquery dirre s
[|dirqueryl|-||dirres||
good threshold because it means # = 60° and provides some flexibility in case the

similarity greater than some threshold, i.e. > cosfl. cosf =0.51s a
GPS direction is not accurate. If the images are not assigned a crosswalk scene,
then the GPS is needed, so that relevant images with a GPS "¢/ are within some
threshold to the query image’s GPS, x@uery ||z — xauery||, < a

where a can be tuned. For known crosswalks, the reference images are pregrouped
and labelled with their heading. Pregrouping the images ensures that the images
capture the scene well for structure-from-motion, i.e., there is ambient lighting and

there are few obstructions for crosswalk detection.

Start and End Image Alignment

Even though the BEV change detector does not need images to be taken from the
exact same location, some alignment is needed to make sure that the reference images
and the query images start and end close to each other. If not, then if the query
images go beyond the reference images and see the next intersection’s crosswalks,
the BEV change detector will incorrectly predict added crosswalks, only because the
reference images are unable to see as far as the query images. The reverse could
also happen. Thus, after the image poses are estimated from structure-from-motion,
the start and end images from both the reference and query images are aligned so
that both have intersecting trajectories. This alignment is performed by finding the
nearest neighbor between reference and query image poses in R3. Both reference
and images are ordered with respect to the time they are taken. Thus, for the start
and end reference images, the closest query images are found. This will determine
the start and end images for valid query images. With new start and end of query
images, the opposite is performed, where the closest reference images are found. This
produces valid start and end images for reference images. This nearest neighbor
search produces an intersection of query and reference images that start and end

close to each other.

5.1.8 Server Sink

After the data packet is processed by the BEV change detector, the results can be

sent to a sink described as follows.
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Data for Training

One type of sink can be the images and predictions of each image from the cognitive
engine. Poor detections can indicate where the detector is weak, and the images can
be used for further fine-tuning, while building a more diversified dataset. Similarly,
images can be queried by GPS for a specific crosswalk in different lighting and weather

conditions to make the model more robust.

Summary for the Day and Week

Change results can be summarized in an email on a daily or weekly basis. If one scene
is evaluated multiple times because the bus has passed by the scene more than once,
a probability of change can be given, where the number of times change is detected is
summed and divided by the total number of bus passes at the scene. A probability

threshold of 0.5 can be used for an overall decision.

Live Map

Lastly, the results can be visualized on a map display, as seen in Figure 5.16. It
shows the qualitative result from the live bus data, where the blue line on the map
illustrates the entire route of the bus. The icons of crosswalks are marked along the
bus trajectory according to the GPS information of the images. Users can click on
the icon to view the image to verify detection results. Figure 5.17 illustrates the data

pipeline on the server side.
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Figure 5.17: Diagram illustrating where the BEV change detector is inserted into the
cloudlet server and how to query for reference images.
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5.2 Results

5.2.1 Evaluating the Crosswalk Detector

Because a change detector is only as good as its object detector, the trained instance
segmentation crosswalk detector is evaluated in three different ways: binary classifica-
tion of each image, binary classification of image clusters, and instance segmentation.
A round trip recording of the bus with 8622 images taken at one image per second was

used. The first metric is with binary classification of whether any crosswalk is detected
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Figure 5.18: Precision-recall curve when evaluating the crosswalk detector with binary
classification per image.

in an image. The classification accuracy is useful because images sent by the bus
client are only those with crosswalks detected. Even though the crosswalk detector is
an instance segmentation model and provides more information than is needed for
the task, the results are more interpretable than a classification alone in the case
of false classifications. In other words, the instance segmentation model’s accuracy

is evaluated at an IOU of 0. The average precision is 0.86, and the precision-recall

63



CHAPTER 5. BUS PLATFORM FOR CROSSWALK DETECTION AND
MONITORING

curve is shown in Figure 5.18.

Because images are sent to the bus in image clusters to represent intersections
or scenes with crosswalks, it is also useful to measure the classification accuracy of
whether these clusters contain crosswalks. In this case, clusters of 5 images are used
taken at 1 fps. Clusters that have crosswalks in all images are given a positive ground
truth label, and clusters with no crosswalks in all images are given a negative label.
The score given by the model to each cluster is the number of frames with crosswalks
detected with a confidence > 0.5 divided by the number of frames in the cluster (5).

The average precision is 0.91, and the precision-recall curve is shown in Figure 5.19.
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Figure 5.19: Precision-recall curve when evaluating the crosswalk detector with binary
classification on image clusters.

Lastly, for the instance segmentation model, the standard MS COCO evaluation
metrics [1] are provided, where the mean average precision is recorded by average
intersection over union (IoU) € [0.5 : 0.05 : 0.95], AP5, (IoU = 0.5), APz (IoU =
0.75), AP e for small objects (pixel area < 322), AP, cdium for medium objects
(322 < pixel area < 96%), APy, for large objects (96% < pixel area). Because the

downstream task is to compare detections from query images against detection from
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reference images, the IOU = 0.1 is a useful metric since the matching criteria for
crosswalk verification is at IOU = 0.1. Another consideration is that because image
sequences are used, crosswalks get larger as the vehicle approaches them. A low
AP nqn can be compensated with a high APj4.¢. because it means that the crosswalk
will eventually be detected. The evaluation results are shown in Table 5.3. Even
though by the MS COCO metrics, the accuracy is average, having standards as
strict as MS COCO is not representative in demonstrating the detector’s usefulness,
especially in this application where an IOU = 0.1 and using predominantly large

instances is fine.

Table 5.3: Detection accuracy for instance segmentation. The first six lines are metrics
used in the MS COCO evaluation. Additional metrics are recorded to show that high
average precision (AP) is achieved at smaller IOU and for larger objects, which is
more indicative of the detector’s utility in this application. AP, p represents the
AP achieved from training on the Mapillary Vistas Dataset, and AP;,,.q represents
the AP achieved from fine-tuning the model on locally collected data. As shown,
fine-tuning shows significant improvements to the model.

‘ IOU ‘ Area ‘ APMVD ‘ APtuned

=1 0.50:0.95 All 9.6 22.8
g 0.50 All 33.3 59.8
5 0.75 All 0 0

@) 0.50:0.95 | Small 3.4 6.5
S 0.50:0.95 | Medium | 11.1 18.0

0.50:0.95 | Large 10.6 32.9
0.10 All 48.5 72.6
0.10 Small 28.6 27.4
0.10 Medium 51.2 68.1
0.10 Large 54.9 83.8
0.50 Small 16.7 26.8
0.50 Medium 38.3 51.3
0.50 Large 33.6 75.3
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5.2.2 Evaluating the BEV Change Detector

As mentioned in Section 5.1.1, a change dataset exists for both images recorded
by a bus and images from multiple sources. The bus dataset contains 17 different
intersection scenes, six of which contain changes. Since intersections may have
multiple crosswalks, the total number of crosswalks across the 17 intersections is 50.
The images from the bus dataset are prefiltered by weather, lighting, and start and
end frames to represent the ideal input for both detection and structure-from-motion.
Under these optimal conditions, the BEV change detector is able to show strong
results in classifying whether each scene and crosswalk has a change or not. However,
deployment of the methods live on the bus have not shown consistent results like
these, and the reasons are addressed in Section 5.3. Moreover, while 17 scenes is not
representative of all crosswalks in a city, these are the crosswalk intersections that
exist on the bus route that the bus passes on a regular basis. Qualitative results of
six of the 17 changes are shown in Figure 5.20, where many crosswalks have been
removed due to road repaving. Each crosswalk is represented by a polygon, and
the color indicates the type of change. If any crosswalk experiences a change, the
change prediction for the scene is positive. For the change dataset collected from
multiple sources, eight changes and eight no changes exist. The accuracy is 0.88 for
change detection and 0.63 for no change detection. Because the images are taken
from multiple sources, image quality, size, distortion, and view points are different.
This leads to different data distributions of how crosswalks appear in the image. As

a result, the detection accuracy suffers and causes poor change detection results.
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Figure 5.20: For six different scenes, one image each from the query and reference
sequences is shown along with the change prediction. In each of the six scenes, one
or more crosswalks have changed. Scenes 1-5 have crosswalks removed, while scene 6
has one plain crosswalk transformed into a zebra crosswalk.
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5.2.3 Data Filtering

A round trip of the bus takes approximately four hours, and the bus will often make
two round trips per day. Using the trip from June 28, 2022 as an example, the
trip generated 133,357 images from a single camera alone at 5 frames per second.
Because the bus will be stationary at parking lots, bus stops, and traffic lights, it
generates many redundant images. After filtering for movement using the GPS,
17,067 images are left, which is a 90% data reduction. There are two additional filters
that can be independently applied on the bus. The first is the GPS filter that uses
known crosswalk intersection locations to filter for images. This filter reduces the
non-stationary images to 984 images, which presents another 94% data reduction.
The second filter is a crosswalk filter. Using a Mask R-CNN model with a confidence
threshold of 0.50 for detections, the non-stationary images can also be reduced to 609
images, which represents a 96% reduction. The crosswalk filter detects both new and
old crosswalks, but the reason why the crosswalk filter extracts fewer images than
the GPS filter is that the crosswalk filter can only detect crosswalks when there is
good visibility, such as crosswalks 5-10 meters in front of the bus or when there are
no occlusions, unlike the GPS filter. This data reduction shows the necessity for an

edge computer to reduce the amount of data that need to be sent to the cloud.

5.2.4 Self-Correction

If the BEV change detector is performed on the same location across multiple days,
the majority vote is potentially able to eliminate false positives. Because Pittsburgh
weather is mostly overcast, days with strong lighting that can cause these situations
can be overruled by evaluating the scene at other time points, as seen in Figure 5.21.
An example of false detection is at t3 where shadows and reflections on the road

confuse the detector.
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Figure 5.21: We examine how the change detector performs over four time steps,
where ty is the reference. Each row represents a different location. In these three
locations, the detector determines there is change at t3 due to false detections due to
lighting, but because of the correct detections in the other three time steps, the final
determination is that there is no change.

5.2.5 Live Deployment

The methods were deployed live over 7 workdays across two weeks, where two
intersections were monitored. One human intervention was required to reset the
wireless connection between the bus and the server and some image clusters were
dropped by the Gabriel system, but each intersection was able to be evaluated
each day. Because the bus performed multiple trips per day, the intersections were
evaluated multiple times per day. The results are shown in Figure 5.22 for the number
of correct and incorrect evaluations. The reasons for errors are further discussed in
Section 5.3.
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Figure 5.22: Two intersections were monitored with the live change detection system
over two weeks. These two intersections exhibited changed crosswalks, and the system
was able to provide correct predictions the majority of the time. The number of
incorrect predictions and the corresponding reasons are shown, with GPS errors
contributing the greatest number of errors, followed by structure-from-motion (SFM)
errors and detection errors. The difference in the number of evaluations for each
intersection is due to dropped image clusters by the Gabriel system.
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5.3 Analysis and Limitations

As the performance shows, the BEV change method provides accurate and inter-
pretable results on both single and multiple sourced images. We have been able to
deploy the system in the real world. Here are the issues that need to be addressed to
make it better. From a study of over 66 change determinations across the 17 different

scenes received from the bus, there are three main sources of error preventing 100

Detection Zrror

9 (13.6%)

Success

S8 1%

8 (12.1%)

GPE Error

[

Figure 5.23: Sources of error from applying the change detector on replayed bus data
at 66 scenes across four days. Sources of error can be separated into structure-from-
motion (SFM), GPS, and detection errors. Success means a correct determination of
change or no change at the scene.

5.3.1 GPS Failure

For known crosswalk scenes, the bus client relies on accurate GPS information in
order to cluster images and send them to the cloudlet server. There is one particular

street in downtown where both sides of the street are lined with skyscrapers. GPS
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is already known to only be accurate up to 10 meters, but the GPS signal when
surrounded by skyscrapers can bounce off of buildings, causing greater noise and
an error up to 20 meters. Because image clusters are assigned to each crosswalk
scene based on the closest known GPS; if the GPS for one scene is off, the error can
propagate to succeeding crosswalk scenes. This can cause images with crosswalks to
appear at the beginning or at the end of the cluster, cutting off individual crosswalks
that need to be verified and leading to false positive detections of crosswalk changes,

as shown in Figure 5.24. This can be improved by using a Kalman Filter and visual

odometry.

Em added
mmm unchanged
mmm removed

Figure 5.24: An example of GPS error. Two image sequences that are supposed to
describe the same scene. The query images actually start after the crosswalk scene
due to GPS errors and do not have any images of the crosswalks. Therefore, when
comparing query and reference detections in BEV, the prediction shows a crosswalk
removal prediction.

5.3.2 Structure-from-motion Failure

The BEV change detection method relies on accurate reconstruction of the scene

and localization of images through structure-from-motion. Fundamental challenges
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exist in the problem formulation of performing structure-from motion with dash cam
images for change detection. First, because roads are uniformly textured surfaces and
make up large portions of the image, images often must rely on key points found on
the top of the image where static buildings exist for key point matching. This can be
problematic when few structures exist besides the road. Second, because the task uses
dash cam footage, there is a risk of motion blur because the vehicle can travel at high
speeds. Blurring can affect the ability to obtain good feature descriptors for key points.
Third, the forward motion of the vehicle can be problematic for structure-from-motion
because accurate triangulation can only occur along the line of motion. Triangulation
perpendicular to the line of motion can have high uncertainty. Lastly, because the
goal is to detect change, convergence problems can occur if the reference and query
images are too spread apart in time and significant environment changes occur. If
small parts of the environment change, such as crosswalks, the changed areas ideally
are excluded from the structure-from-motion as outlier points. Otherwise, the process
will have difficulty reconciling points that look different but exist in the same location
and cause either camera poses or the scene reconstruction to be inaccurate. The
downstream effect is that with inaccurate scene reconstruction, the ground plane will
not be estimated correctly, and with inaccurate image localization, 2D detections
will be mapped onto the 3D ground plane incorrectly, as shown in Figure 5.25. One
possible solution is to use several runs for the reference images or use images from

third party sources.

5.3.3 Detection Failure

The third main source of error is failed detection. The following examples are the
most common reasons for failed detections.
e False detections: other nearby road markings can be confused for crosswalks
because of the elongated font. Examples are “stop” or “school”. If these are
falsely detected as crosswalks in the scene, then the change detector will output

these as added crosswalks.

e Limited view: there are several cases where limited view of the scene inhibits
accurate BEV change detection results. For example, the camera may not

capture the entire sidewalk at large intersections, like when crosswalks lie on the
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Figure 5.25: An example of structure-from-motion error. Two images from different
locations are estimated to be close to each other in the reconstruction. This causes
two planes of the ground to form and the plane estimator aligns only to one of them.
An elevated ground plane causes misaligned detections on the ground plane and
therefore false predictions of change.

left or right side of the intersection but the vehicle is driving on the other side.
Another case is when crosswalks are occluded by vehicles. The BEV change
detector is able to deal with temporary occlusions like when a car drives across
a crosswalk, blocks the view, but then drives away, but when vehicles stop at a
traffic light on top of a crosswalk and occlude the crosswalk at every frame, the
detection of the crosswalk is not guaranteed and a crosswalk removal may be
reported. This error may be self-corrected as mentioned in Section 5.2.4, but it

will depend on the traffic amount on average.

¢ Difficult lighting conditions: object detectors work best when there is ambient

light. Special optimization is necessary in difficult lighting conditions, which this
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work leaves for future work. This includes night time vision and rain weather.
Wet roads can cause vehicle reflections and bright specular reflections of vehicle
headlights that can simulate the whiteness of markings. On the other hand,
even on dry days when it is bright, strong lighting can cause oversaturation in
parts of the image, making detection of that region impossible, as shown in
Figure 5.26. This is not a big problem for our application because runs with

bad weather or lighting can be skipped.

E added
mmm unchanged
E removed

Figure 5.26: An example of a detection error due to difficult lighting conditions. The
crosswalk on the left hand side is not captured well due to oversaturation of the image
pixels and is therefore not detected by the model. This triggers a false crosswalk
removal in the change detector.
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5.3.4 Other Considerations

Ground Plane Assumption

The BEV change detector uses a mapping of detections from 2D images onto a 3D
ground plane with a homography transformation. The assumption is that the ground
is flat. To be more faithful to the 3D environment, more rigorous work can be done.
For example, instead of using a ground plane, a ground surface could be estimated
with a 3D mesh. Such a task can be more difficult because the structure-from-motion
output can be noisy, but it would represent the environment more accurately. The 3D
mesh could account for the slight curvature that roads have on the edges and could
better represent curves of the road on hills. The road curves in three of the seventeen
crosswalk scenes observed by the bus, where the angle between the true ground and
the estimated plane are off by four degrees as shown in Figure 5.27. Furthermore,
instead of a homography transformation of the 2D detections, ray tracing can be done
to project each detection onto the ground surface mesh. Depending on how reliably

the 3D ground mesh can be created, this approach could lead to more stable results.

Figure 5.27: An example where the estimated plane (green) deviates from the true
ground points due to changing slopes of the road.

Deteriorated Crosswalks

Many road markings experience heavy deterioration and may remain so for a significant
portion of the time. Humans can often deduce upon closer inspection that a crosswalk
exists by looking at the yellow mats set in place by the Americans with Disabilities

Act as seen in Figure 5.28, but an object detector usually relies on the existence
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of white markings for visual cues. This problem presents a challenge for the BEV
change detector, since meaning exists at a location but the visual signs are not present.
Currently, the detection model is not expected to accurately detect such deteriorated
crosswalks, but in the future, for situations like these, it may be recommended to only
perform semantic segmentations of road markings rather than classifying if certain
road markings are crosswalks. This problem of detecting deteriorated crosswalks also

suggests further collaboration with local municipalities to maintain road infrastructure.

Figure 5.28: An example of where paint from a plain crosswalk has eroded over time,
presenting a challenge for object detectors.

Unknown Categorization

There are instances where even an experienced driver might not know how to interpret
the road. One instance is where the road is repaved and there has not been enough
time to draw crosswalks. The situation is ambiguous since there is no indication that

the crosswalk will be redrawn or not, as shown in Figure 5.29.
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Figure 5.29: An example of an ambiguous case where no crosswalk is painted but
there are other indications of a crosswalk from traffic signs. This occurs after a
recent road repaving, and more time is needed to determine if the traffic signs will be
removed or if a crosswalk will be repainted.

5.4 Summary

In this chapter, we show that BEV crosswalk change detection can be performed with
vehicle-mounted cameras. The methods work best when there is ambient light, few
occlusions, and a flat road surface. We apply our method to two different scenarios,
one where images are collected from different vehicles and cameras and another where
images are collected from a single bus camera. Furthermore, the method was deployed
live on a bus for daily feedback. Instruments that were necessary in obtaining low-
latency feedback were access to an edge computer that removes more than 95% of
the irrelevant images and a cellular connection between the edge computer and the
server. Our methods are a significant step in scaling detections of map changes using

crowd-sourced data and a cost-effective sensor suite.
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Conclusions

This thesis develops an approach to produce scalable methods for crosswalk detection

and crowd-sourced and camera-only methods for crosswalk change detection.

6.1 Summary of Contributions

Chapter 4: CARLA Simulated Data for Object Detection The CARLA
simulator is used to provide automatic annotations for street-view objects, crosswalks
and fire hydrants. Images captured by a simulated vehicle-mounted camera can be
used to train and deploy models for real world application such as object detection and
data filtering, especially if objects have limited publicly available data. Experimental
results also show that models trained on CARLA-generated annotations perform as
well as those trained on 200 real-world images and CARLA-generated data can be
used to supplement existing datasets for improved performance.

Chapter 5: Bus Platform for Crosswalk Detection and Monitoring A
cost-effective sensor platform that enables ordinary vehicles to perform sophisticated
scene analysis and change detection and reduce reliance on manual monitoring and
expensive mapping vehicles is presented. The approach accumulates the same object
appearing in multiple frames and compactly represents the scene in the bird’s-eye-
view. It also accounts for 3D information by taking advantage of multi-view geometry
rather than relying on LiDAR sensors. The approach is evaluated on data collected

at multiple locations in Pittsburgh with images collected from multiple vehicles and
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a single bus vehicle that actively collects data. The method is customized to live
bus data and automates search for reference images based on GPS, direction, and

crosswalk detection and provides same-day feedback.

6.2 Future Work

Future work includes strengthening the robustness of the BEV change detector and
expanding its capabilities. For example, in the open world, the bus will observe
intersections at non-optimal times. Situations include when crosswalks are heavily
occluded by vehicles or are poorly imaged by the camera on rainy or sunny days.
A classifier is needed to discard these situations to prevent false positive reports
of change. Furthermore, more analysis needs to be done on how the methods can
perform on other objects. The most logical step is to apply the method to text
markings on the road and then to lane markings, though lane markings can be more
challenging because they are markings with no bounds. More longitudinal analysis is
also needed of this system’s change prediction at more crosswalk intersections on the
bus route. Lastly, the goal is to expand the system to multiple buses to expand the

coverage of map change detection.
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