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Abstract

Sensors proliferate in human daily life and has changed the lifestyle of human beings. As the
connection between human beings and digital devices, sensors not only bring new “ability” to
users, such as localization, but also benefit users, such as activity monitoring. Therefore, one
important research direction is to fully utilize the abilities of sensors built-in digital devices
to provide further help for users. Many emerging applications leverage the sensors embedded
in smart phones to provide service for users, e.g., indoor navigation, indoor/outdoor detection,
visible light communication. All these applications rely on the powerful built-in sensors on
smart phones. Analyzing the data generated by sensors during the daily usage of human beings
can also reveal the knowledge hidden behind, e.g., tracking the daily activity to evaluate the
health of users. Data collected from crowdsensing bring new opportunity to discover new
knowledge that cannot be revealed using a small set of data.

We observe that current navigation systems show digital maps rather than real world scene
to users. Thus we present Amateur, an augmented reality based vehicle navigation system us-
ing commodity smart phones. Amateur reads the navigation information from a digital map,
matches it into live road condition video captured by smart phone, and directly annotates the
navigation instructions on the video stream. The Amateur design entails two major challenges,
including the lane identification and the intersection inference so as to correctly annotate nav-
igation instructions for lane-changing and intersection-turning. In this project, we propose a
particle filter based design, assisted by inertial motion sensors and lane markers, to tolerate in-
complete and even erroneous detection of road conditions. We further leverage traffic lights as
land markers to estimate the position of each intersection to accurately annotate the navigation
instructions. We develop a prototype system on Android mobile phones and test our system in
a total number of more than 300 km travel distance on different taxi cabs in Singapore. The
evaluation results suggest that our system can timely provide correct instructions to navigate

drivers. Our system can identify lanes in 2s with 92.7% accuracy and detect traffic lights with

X1V



95.29% accuracy. Overall, the accuracy of the navigation signs placement is less than 105 pix-
els on the screen throughout the experiments. The feedback from 50 taxi drivers indicates that
Amateur provides an improved experience compared to traditional navigation systems.

When providing the navigation services to drivers, digital map plays a key role in navi-
gation. The completeness of maps is significantly important. Most digital maps are designed
for vehicles and miss a great number of walkways that can facilitate people’s daily mobil-
ity as pedestrians. Despite of such a fact, most existing map updating approaches only focus
on the motorways. To fill this gap, we present VitalAlley, a walkway discovery and verifica-
tion framework with mobility data from large scale crowdsensing. VitalAlley aims to identify
the uncharted walkways from the big but noisy personal mobility data and incorporate these
findings into existing incomplete road maps. The implementation of VitalAlley faces the ma-
jor challenges due to the unstructured nature of the walkways themselves and the noise from
crowdsensing data. VitalAlley leverages different aspects of individual mobility to model and
estimate the walkable areas, based on which representative walkways that connect known road
segments or points of interest are extracted. To verify the new-found walkways, we further pro-
pose image based auto-verification with the help of publicly accessible street image database
from GSV. VitalAlley is implemented and evaluated with real world crowdsensing data from
the Singapore National Science Experiment. As a result, 736 walkways (totaling 161 km in
distance) are identified from the mobility dataset collected from 108,337 students in Singa-
pore. We manually verify 224 walkways totaling 32.4km over a 9 km? district through on-site

inspection. The results suggest over 96% accuracy of VitalAlley in discovering the walkways.
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Chapter 1
Introduction

The emergence of sensors has changed and facilitated our daily life. Many kinds of sensors
make our life more convenient. Mobile devices with rich built-in sensors, such as smartphones,
tablets, and smart wearable-devices are becoming more and more popular in the world. One
reason is that those mobile devices could bring new “abilities” to users, such as localization
function using GPS sensor, playing a key role in daily life especially when users travel to new
places. Combined with the digital maps and route planning algorithms, drivers can drive to
wherever they are interested. For instance, with the help of sensors, anyone can be a taxi driver
even she/he does not know the road very well as long as s/he has a driving license. More
smartphone built-in sensors can be leveraged, such as accelerometer, camera sensor and GPS
sensor. During my PhD career, I focus on the improvement of navigation service which is a
key component in transportation system by exploiting a broad range of available sensors.
Modern navigation system consists of three main components: positioning, mapping and
route planning. Take Google Maps Application [37] as an example. It is one of the popular
navigation systems used by human beings living in modern cities. Google Maps can be in-
stalled on mobile phones and requires the permission to access the built-in sensors. In Google
Maps, mapping is provided by Google as they have their own digital maps and basic route
planning algorithms. The navigation system has to get the permission to access the GPS sensor
in order to realize the positioning function for navigation systems. It is possible for researchers
to improve the performance of navigation systems by enhancing the components individually
or jointly. In this thesis, we first try to provide our solutions to improve the whole performance

and experience of navigation systems by involving AR and to complete uncharted information
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Figure 1.1: (a) User interface of one conventional navigation system during usage. (b) Com-
parison between recommended route from Google Maps when querying the route from Pioneer
Roads North to BLK 941 and existed shortcut.

for existing digital maps by involving crowdsensing. We aim to provide a more user-friendly
navigation service based on current navigation framework. The screen shot of one of the cur-
rent navigation systems is shown in Figure 1.1 (a). It clearly illustrates that digital map is the
underlying assisted map when users are using the navigation service. Users have to transfer
the information shown on digital map to match with the real environment in front of vehicles,
which may lead to safety issues especially for driver novices. We involve AR into navigation
system and leverage video streaming to make underlying map and the real world identical.
Thus, the information transferring procedure can be eliminated. Driver users of our improved
navigation system can get what they see directly from the screen.

During the usage of navigation systems, we find that the digital map has uncharted routes
especially walkways for pedestrians. In Figure 1.1 (b), Google Map recommends a route which
is shown as blue dots when querying possible walking route plans from Pioneer North Road
to BLK 941 in Singapore. This recommended route will take pedestrians about 11 minutes
but there is a shortcut shown in red dashed line in Figure 1.1 (b). Such a shortcut walkway
only takes 2 minutes to travel from Pioneer North Road to BLK 941. One observation is that

pedestrians living nearly are quite familiar with those shortcuts while others are not. We try to



involve the power of crowdsensing to discover those uncharted walkways for pedestrians and
complement those newly-found walkways to existing digital maps.

In my PhD career, my research includes how to improve the traffic efficiency on the aspect
of navigation. Both vehicles and pedestrians use navigation service in daily life but they are
used in different situations. We try to improve the navigation service for both vehicles and
pedestrians. In project Amateur, we integrate augmented reality into the vehicle navigation
service to provide a more user-friendly service for drivers. Drivers could easily get the instruc-
tions shown on smartphones. It is a basic philosophy regarding of what you see is what you get
and what you need to do in our design. In project VitalAlley, we leverage the power of crowd-
sensing and the commutative dataset to discover walkways for pedestrians to provide a more
efficient and more cost-effective walking routes. Walkers are provided with shorter routes and

more walkable routes in the maps added with our new-found walkways.

1.1 Integrated Augmented Reality for Improved Vehicle Nav-
igation

Navigation service on vehicles or cars can be provided by vehicle-mounted navigators or smart
phones [18]. They display vehicle’s instant GPS location and overlay the navigation infor-
mation onto a digital map to assist the driving. The major limitation of existing navigation
systems is that the navigation information is displayed on the digital map, while the driver’s
focus is on the traffic condition through the front window — the navigation information is dis-
played in an indirect and inconvenient way to the driver. The driver thus has to understand the
navigation instructions presented on the device, and then map them to the front traffic view ob-
served. In many complicated road conditions, e.g., multiple entrances of nearby intersections
in front, drivers may take a wrong turn due to the misunderstanding of displayed instructions
or navigation errors. Concentration on translating the digital map and navigation instructions
to the real world view may also cause potential safety issues, especially for the unfamiliar road
conditions, long-term driving and novice drivers.

The major motivation of this project aims to improve the navigation service. To overcome
the above limitations, we propose Amateur, i.e., Augmented reality (AR) [19] based vehicular
navigation system, with the help of nowadays smart phones. Instead of displaying instructions

on a digital map, the smart phone directly displays the front traffic conditions, where all nav-



igation instructions are annotated as arrows on the live video stream to guide the driver, e.g.,
to keep going straight, to change to the right/left lane, to turn right/left at an intersection, efc.
Because the live video display is identical to the driver’s front window view and navigation
annotations are clearly marked on the video, such an augmented reality design minimizes the
display-understanding gap for drivers, and enhances the navigation experience. To precisely
place navigation instructions into the live video, the system, however, needs to continuously
track the lane-level and navigation status at a high granularity to ensure navigation accuracy,
e.g., unlikely missing a turn or making a wrong turn, as well as to improve the navigation relia-
bility with GPS errors. In particular, developing such a system in practice entails the following
challenges:

1) Amateur needs to precisely identify the host lane, i.e., the lane vehicle currently stays at.
GPS cannot reliably locate vehicles at a lane level, (e.g., 3 to 4 meters), due to high localization
errors especially in urban areas. In the literature, some existing works have studied the host
lane detection problem, but they mainly leverage extra sensors. For instance, the authors in [21]
utilize the extra module to communicate with other vehicles. Jiang et al. [49] deploy hundreds
of sensors on the vehicle to fulfill the design. High-definition map and dead-reckoning sensors
are required to achieve lane-level map matching in [95]. In computer vision, there are also
existing efforts made for the lane detection for the automatic driving. In [4], image processing
techniques are used to detect the lane markers and roads. A comprehensive computer vision
based algorithms are summarized in [42]. These solutions extract the complete lane informa-
tion from video frames, but they rely on non-trivial deployment of spinning cameras or camera
arrays around the vehicle, and incur high computation overhead which is not affordable by
mobile devices directly.

2) To place navigation instructions for the turn at an intersection, the accurate position of
the intersection needs to be identified in video frames. A straightforward solution is to use
GPS locations of the vehicle to estimate the distance to the intersection, and then translate
it to a proper position in the video frame. Such an approach is not a good choice due to
GPS errors. Amateur tries to leverage traffic lights that are normally nearby intersections as
indicators to place navigation instructions. Although some traffic light detection designs exist,
they mainly rely on expensive computer vision techniques, which cannot be afforded by smart
phones either, e.g., the design in [33] applying machine learning algorithms, the approaches

in [24] and [71] adopting expensive image processing techniques for detecting the traffic light’s



shape and edge respectively, efc.

To address above issues in Amateur, we make the following contributions.

1) We propose Amateur, an augmented reality based vehicle navigation system, which di-
rectly displays the navigation instructions on the live road condition video captured by the
smart phone. Compared with traditional methods that mainly display the navigation informa-
tion on a digital map, Amateur could provide a more convenient and user-friendly navigation
service.

ii) We propose effective techniques to address the lane identification and intersection in-
ference challenges. For the first challenge, our key insight is that identifying which lane the
vehicle currently stays on is sufficient for the Amateur design, so that the original lane detection
problem can be simplified to the host lane identification problem. For the second challenge,
we leverage traffic lights and a pin-hole model to estimate the position of the intersection for
correctly placing the navigation instructions in the video.

iii) With above designs, Amateur is lightweight enough to smoothly execute on the mobile
platforms, and we implement a prototype on Nexus 5X. We comprehensively evaluate its per-
formance over road segments totaling over a 300km distance and also conduct a user study on
50 different taxi cabs in Singapore. The results demonstrate the efficacy of the Amateur design,
which can improve the navigation service from four important aspects ease of use, perceived

distraction, navigation experience and user-friendliness.

1.2 Walkway Discovery from Crowdsensing for Improved

Pedestrian Navigation

Digital road maps are of significant importance for route planning and navigation in our daily
life. Existing road maps, however, are mostly vehicle oriented and do not contain the infor-
mation of many walkways that local pedestrians usually travel with. Many areas or walkways
(e.g., basement of buildings, interior of shopping malls, open fields, efc.) are used as shortcuts
by people who are familiar with the local area but are not included in the digital road maps.
These walkable areas or paths, although very useful, are uncharted on the maps and thus cannot
be made of use by the public [17].

In this project, we apply the idea of crowdsensing [65, 121] and make use of the mobility

data from a large number of local students to discover the uncharted walkways. Our study relies



on an ongoing crowdsensing project - Singapore National Science Experiment (NSE) [69]
- a city wide initiative that enrolls more than 250,000 local students carrying smart devices
that sense their surrounding environment and track their mobility [103] on daily basis. The
smart devices periodically log and upload the locations, IMU readings, and other environmental
parameters from participating students. Massive mobility data are collected from the students
across the entire city, which provides us the opportunity to study and discover the walkways.
The rationale of this study is that the local students are active users of the walkable areas or
paths in their neighborhood, and by following their footprints we will be able to discover and
summarize those walkways.

There have been existing efforts [61, 85, 98, 107] made to completing the digital road maps.
Most of such works, however, only mainly focus on discovering vehicle-oriented motorways
rather than the walkways for pedestrians. The motorways are structured where vehicles strictly
follow the lanes and directions with almost 1-dimensional uncertainty in mobility. On the
other hand, the walkable areas or paths are mostly unstructured where people travel with high
freedom of 2-dimensional uncertainty (e.g., lawns, shopping malls, open fields, efc.). Most
previous works for motorway discovery leverage the structured property of motorways to infer
missing road segments with the assumption that vehicle trajectories are constrained on the 1-
dimensional roads. Techniques like trace clustering [98, 107] and location point clustering [61,
85] are directly applied with the GPS trajectories of vehicles. Due to the unstructured and
pedestrian-oriented nature of walkways, neither previous map updating methods nor vehicle
trajectory data can be applied to discover the walkways.

In this project, we present VitalAlley that uses the crowdsensing mobility data from NSE
for walkway discovery. Unlike previous works for map completion, VitalAlley faces special
challenges arising from the unstructured nature of walkways as well as the imperfect quality
of the crowdsensing data. The location reports from participating students may scatter over a
wide area of freedom, making it difficult to estimate walkways through the area. The imperfect
quality of the crowdsensing data makes the situation more complicated - the smart device takes
the locations every 15 seconds (or even longer in certain circumstances) with errors that range
from tens to hundreds of meters (with WiFi hotspot based localization).

VitalAlley statistically looks at the big mobility data from many aspects, being able to tol-
erate errors and noise contained in the mobility data. With both the location reports and step

counts derived from IMU readings, VitalAlley builds an ellipse model to estimate the probabil-



ity of how the individual walks between consecutive reported locations. Putting together such
micro estimations from all students allows VitalAlley to statistically understand how likely dif-
ferent areas are walkable. With such knowledges, VitalAlley applies a two-phase clustering
method to discover how the potential walkable areas are connected with nearby known road
segments or points of interest and then identify walkways that are representative for people
who walk through such areas.

Vital Alley further employs an auto-verification method to verify the correctness of the new-
found walkways. By invoking the online Google Street View (GSV) APIs [35], VitalAlley is
able to access an extensive image library containing street images from most road segments.
VitalAlley retrieves the GSV images from where the discovered walkways join existing roads
or points of interest and analyzes the key image descriptors with reference to a library of tem-
plates to verify whether the identified walkways are true or not.

To the best of our knowledge, this is the first study for digital map completion with a
focus on walkways, which includes the ellipse based walkable area estimation and weighting,
representative walkway identification, and GSV image based auto-verification. The systematic
study with city scale mobility data from crowdsensing is of the largest scale. We extensively
evaluate the performance of VitalAlley with the mobility data collected from 108,337 students
in Singapore, which lasts 11 weeks. Based on the analysis of more than 400 million mobility
data records, we discover 736 walkways (totaling 161 km in distance) and verify 224 walkways
totaling 32.4 km through on-site inspection. Those verified walkways can be integrated into the
digital map of Singapore from OpenStreetMaps [73]. The results show that VitalAlley has a

96% accuracy in discovering the walkways.

1.3 Organization of This Thesis

This thesis has five chapters. The literature review is presented in Chapter 2. We introduce
a system named “Amateur” that involves AR into conventional navigation systems to provide
a remarkably improved user-friendly experience in Chapter 3. In Chapter 4, we introduce a
walkway discovery and auto-verification system that involves the power of crowdsensing to
construct the uncharted representative walkways for pedestrians. Last in Chapter 5, we present

the conclusion of this thesis and imagine our future work.



Chapter 2

Related Work

We review the related works of our projects. The related works are presented in NINE parts:
vehicle navigation, AR-based navigation, lane identification, traffic light detection, digital map
inference, digital map updating, map matching, geo-location data processing and crowdsens-

ing.

2.1 Vehicle Navigation

In general, majority of the vehicle navigation systems match the information from a GPS re-
ceiver with a digital map. The most likely position of the vehicle is estimated. In urban
environment, the satellite signals are blocked by skyscrapers, leading to a reduction of posi-
tion estimation. Adding more sensors to the GNSS receiver is a feasible direction of giving
navigation system higher accuracy [87]. The vehicle sensors provide more information such
as acceleration, roll and pitch, depending on which types of sensors are used. Typical update
rate of GNSSs receiver is less than 20 Hertz [1], while the sampling rate of modern low-cost
accelerometer and gyroscopes is hundreds of Hertz. Thereby, the fusion of information from
all sensors provides a better position estimation with a better accuracy for vehicles. In reality,
the performance of navigation systems depends not only on the characteristics of the sensors,
GPS receiver, vehicle model and map information but also on the trajectory dynamics and
surrounding environment.

Many commercial navigation softwares have been developed for the smart phones and the

most representative example is the Google Maps [37]. Although many of these products now



can support the “audio message reporting” function, drivers still need to manually understand
the navigation information. The authors in [53] find that the acoustic information is preferred
by the driver compared with the text and map. However, the research in [79] find that the long-
time audio messages may significantly distract drivers’ attention, causing the potential safety
issues, especially with long auditory messages [28]. The automobile manufactures propose
their own Al-based navigation, such as TESLA [94], but they have powerful sensors embed-
ded, providing the capability of sensing nearby environment. Those sensed information are
accumulated for the “brain” to make decisions in “auto-pilot” mode. Many companies give
their conceptual products, like Navion [99], Hudify [43] and Exploride [26], while they do not

have available devices currently.

2.2 AR-based Vehicle Navigation

Augmented Reality was proposed by Tom Caudell and David Mizell from Boeing to help
workers assemble wires and cable for an aircraft [19]. In AR, 3D virtual objects are integrated
into the real world [5]. AR is changing how humans interact with the digital contents [12].
So far, the AR technique has been used in many fields, such as game [76], medicine [57],
education [67], user interface [83], efc. [82] proposed a method to accelerate the rendering
process in a head-mounted-display (HMD). Researchers also employ AR-based indoor tour
system on smart phones [46]. Researchers in [75] developed a simulated AR environment to
study how virtual navigation cues help forklift operators locate pallets.

In the literature, AR [19] serves as a promising technique to advance the vehicle navigation
design. AR is a technology that overlays the digital information on objects or places in the real
world for the purpose of enhancing the user experience [8]. The existing attempts to utilize AR
in the vehicle navigation designs have been made in both academia and industry.

The study in [29] is a pioneer work to introduce the visualization technique to the vehicle
navigation designs, in which the authors compare three navigation modes (audio only, audio
plus map, and visualization) on a simulated platform and find that drivers watch less frequently
on the navigation screen with the visualization. The authors in [30] further examine an AR
based design on a simulated platform and achieve further improved user experience. The au-
thors in [50] report a user study also in a simulated environment to compare the driver’s behav-

iors in different environments. These prior studies suggest that using AR is a more effective



and safer way to design a navigation system [81]. Following this trend, the authors in [112]
build an in-vehicle navigation system using the AR idea. Vehicular AR is further proposed
in [27] using a special camera. However, both of them cannot provide the lane-level navigation
guidance. On the other hand, an LED array is introduced on the windshield of vehicles to
provide affordable AR instructions [74], which again requires dedicated hardware to support.
Some researchers combine the real world video with expensive computer graphical models to
provide AR navigation information [82]. Different from these works, we propose a mobile-
affordable AR navigation system, without installing dedicated hardware on the car, to provide
a fine-grained lane-level navigation service.

There are also existing attempts made from the industry. Sygic [91] overlays the navigation
information on a real or virtual environment, without the actual navigation provided. Other
products like Navdy try to integrate incoming calls, messages and navigation together and
project those information onto the windshield. Such AR services can only supplement the
navigation design. On May 9 2018, Google started to provide the AR function for their own
map application on the Google I/0 [36] event in the latest Android system. The captured scenes
by camera can be used to match the Google Street View so as to localize the user and provide
proper navigation instructions. While with such a design, it still cannot provide the lane-level
instructions due to the localization error. Meanwhile, if the driver’s Google Street View is not
the latest version, the matching error can be large or even the matching failure occurs. As far as
we know, Amateur is not the first work that introduces AR in the navigation system design but
it is the first system realizing this vision on commodity mobile devices by addressing unsolved

design challenges.

2.3 Lane Identification

Many approaches in the literature are proposed to extract lanes from the video streaming for au-
tomatic driving designs [42], which can be used to avoid the lane weaving or drifting [116], or
detect whether a remote object can potentially collide with the vehicle. As these existing works
aim to achieve a complete lane search, labeling entire lanes on the frame [93] by leveraging
the lane edge detection [16] involves excessive computations [22]. Generally, those methods
take each frame in video streaming as input. Every RGB frame is converted into gray scale

frame, after which an edge detection algorithm is used to identify high frequency components
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in the gray image. All the frames need to be transferred into bird-eye view to eliminate the
perspective effect from camera sensors, where the orientation information of camera should
be known. Thus, the corner and edge are detected as possible straight lines or corners of lane
markers. Hoffman transformation is used to find the points that are likely on same straight line.
The straight lines are identified by connecting those points, which are the straight edges of lane
markers in reality. The whole image processing progress involves too many computer vision
algorithms, causing too much computing overhead. So those methods cannot be afforded by
the mobile devices. Although the authors in [51] propose a down-sampling technique to re-
duce the number of frames to be processed, the computation overhead of image processing is
still beyond the capacity of mobile devices. Different from these existing works above, we
focus on the host lane identification problem in the Amateur design and explicitly address the

incomplete and erroneous input issue, which is not been solved yet.

2.4 Light Detection

Traffic light detection is a key technique in automatic driving designs, which can be grouped
into three categories [24], namely, color segmentation, shape detection and direct classifier.
The former two types of techniques involve extensive computer vision computations. The
study in [71] proposes to identify the traffic lights by detecting the edge of a circle and also the
colors of the lights. Authors in [92] determine the position of traffic lights in the video by their
colors and the central point. The extensive computer vision computations make these methods
not suitable for VitalAlley. The direct classifier technique, on the other hand, requires a large
volume of training data [54]. The researchers in [33] apply the machine learning algorithm to
detect traffic lights. Such a design is also computationally expensive and requires a training
phase. To avoid both the high computation complexity and training overhead, we observe that
traffic lights consist of LED bulbs, which are powered by alternating current. We thus propose
to utilize the flickering feature of LED bulbs to detect the position of traffic light on the frame,
and further leverage the pin-hole model to estimate the position of the intersection for correctly
placing navigation instructions in the video. The idea was inspired by the researchers in VLC
field, where they leverage the flickering feature of LED bulbs to transfer information. Before
the transferring, they use different frequencies to drive the LED bulbs, resulting in different

flickering frequencies that can carry diverse information in modulated phase. Receivers (cam-
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era sensors) can demodulate the signal by identifying the frequency due to the rolling shutter
effect of CMOS sensors. Although there are also some existing efforts made to identify visible
lights on images, e.g., [56], they strive to the indoor positioning designs, which requires an
off-line processing from servers to achieve a high-precision light location identification. Many
cities, such as Singapore, Shenzhen have the LED traffic lights and CMOS cameras domi-
nate the smart phone market currently, leveraging the flickering feature of LED bulbs to detect

traffic lights on smart phones is a feasible and low-cost solution.

2.5 Digital Map Inference

Map inference aims to automatically generate the whole map from the satellite images or lo-
cation trajectory data. The aerial imagery methods [84, 122] employ image processing tech-
niques to draw only the main roads due to the limit of image resolutions, and thus cannot be
used for discovering small trails like the walkways. Aerial imagery methods are labor-intensive
and low efficiency. There are three categories of methods proposed for the GPS trajectory data
based map inference, i.e., K-means [2, 105], Kernel Density Estimation [11, 90], trace merging
and clustering [52, 64]. The basic idea is to treat one piece of data (containing multiple geo-
location observations) as a high-dimensional point and cluster those points in high-dimensional
space. The distance measurement of different high-dimensional points may be diverse. Au-
thors of [85] proposed to leverage the Hausdorff distance, which can tolerant error to some
extent. Due to the definition of Hausdorff distance, however, it does not perform well when
there are identical points in the two trajectories. On the other side, to achieve the results for
different applications, most of these methods, however, build on various impractical assump-
tions of the GPS data, including low noise and high sampling frequency (e.g., 1 Hertz). They
perform poorly once the assumptions are not hold [10, 64]. In contrast, our method preserves
no assumption on the input data, and is more robust against noisy data like NSE mobility
data. Our method is fed with consecutive location observations and also general enough for all

geo-location datasets.
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2.6 Digital Map Updating

Map updating aims at completing a given road map by updating missing roads from geo-
location data. Several recent works, i.e., CrowdAtlas [98], COBWEB [85], and GLUE [107],
have been proposed to find missing roads, which are in particular the well-structured mo-
torways, based on GPS data collected from vehicles. Those GPS datasets are generated by
vehicles whose moving trajectories are constrained by motorways. These works extract new-
found roads mainly relying on trajectory clustering [98] or location point clustering [85, 107]
coupled with some well-tuned thresholds, which thus make them be prone to failure when
involving noisy data. Authors in [61] consider the moving direction of vehicles to identify dif-
ferent moving directions on the same route segment. The direction information is derived from
raw dataset containing locations and time information. In this paper, we consider to complete
a given road map by updating the missing walkways from personal mobility data, which are
noisy and random in nature. The unstructured and pedestrian-oriented characteristics of walk-
ways implicitly make the problem more difficult and essentially distinguish our work from
the existing map updating works. Walkers are moving in a two-dimension space compared to
vehicles moving in one-dimension following the curvature of motorways. To the best of our
knowledge, this is the first work to discover and update walkways from noisy mobility data at

large scale.

2.7 Map Matching

Map matching is a technique to match location data to existing road networks that mini-
mizes the influences of localization errors. There are plenty number of research papers on
matching geo-location observations to a digital map. Existing map matching methods can
be classified into three categories: local/incremental methods [20, 39, 100, 101], global meth-
ods [3, 14,70, 115] and statistical methods [44, 68, 77]. The local/incremental methods find the
local matching of geometries (candidate edges) in terms of similarity measurement between lo-
cation observations and edges. The global methods aim to match the whole trajectory with the
road networks, minimizing the distance between the trajectory and the matched road segments.
The authors in [77] propose to leverage Bayesian classifier and HMM to model topological
constraints of the connection between road segments. An enhanced method based on extended

Kalman filter and cubic spline interpolations is proposed [44]. In order to compensate for noise
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and gaps of individual trajectory, leveraging a collection of trajectories to do map matching has
been proposed in [62], which increases the density of trajectories, leading to a better matching
results, which is similar to [98]. Since the third one globally considers all location observations
and achieves the best accuracy [89], in this project we choose one representative algorithm in
[68] to perform map matching on the mobility data. We may adapt some of those works in our
paper to construct map matching phase. On the other hand, these works are parallel with our

work and can benefit from a full road map completed by our system.

2.8 Geo-location Data Processing

Geo-location data contains the location information of contributors, which is vitally valuable
information. Many researchers try to discover the hidden information behind the data leverag-
ing geo-location dataset. The data processing is usually target-oriented. Removing outliers is a
frequent target in data pre-processing. Taking the GPS data as an example, vehicles generating
the data should move at a reasonable speed, based on which one could remove the outliers that
are very far away from the reasonable range. [61] removes the outliers that are outside a pre-
defined threshold. Authors in [62] propose to concatenate trajectories from different vehicles
to form a more representative trajectories in order to figure out the frequently used and most
possible routes. Processing methods are differently designed in various situations. We also
define our own data pre-processing methods in VitalAlley project. Noisy data and sojourn data
are removed in our processing. The main reason is that those data may have negative effect
on our walkway discovery, leading to wrongly identified walkways areas which may result in
incorrect walkways. In our NSE dataset, sojourn data are generated when users are playing or

staying at some specific regions.

2.9 Crowdsensing

Crowdsensing, sometimes refereed as mobile crowdsensing, is a technique where a large group
of individuals having mobile devices capable of sensing and computing, such as smartphones,
tablet computers, wearables, collectively share data and extract information to measure, map,
analyze, estimate or infer any processes of common interest [102]. Authors in [31] have well

defined the idea of scrowdsensing. With the help of crowdsensing, the large project may be di-
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vided into small tasks for different individuals. A famous project built based on crowdsensing
is called OpenStreeMap [73], which is an open-sourced digital map made by millions of con-
tributors. The volunteers around the world contribute only part of the map in their residential
area. OSM combine all the data and form a world wide digital map.

How to motivate people to take part in a crowdsensing project has been discussed in [113]
where authors leverage game theory to analyze the relation of human behaviors and the propo-
sition of auction-based approaches for incentives. Koutsopoulos [55] inspired by game theory
and proposed the calculation of optimal payment for participants that minimizes the total cost
of compensation. However, compensations are not always available. For some specific research
applications [41] of crowdsensing rely on volunteers helping in the projects with non-financial
incentives. Many games are designed for participants to motivate their activities such as [45],
or the service quality can be improved when users provide the required data, such as a more
accurate navigation service [78].

When users are willing to contribute in a crowdsensing project, a energy-efficient scheme
would be better for users such that they have little effect on their normal utilization of tools,
such as mobile phones. This energy awareness problem has been discussed in [58]. Authors
proposed a piggyback mechanism to collect data when applications invoke the sensors. This
approach significantly reduces the usage of energy but the number of measurements is too
small to track the mobility. An energy-efficient location API in [25] predicts the location
assuming that the paths are repeatedly took every day. This decreases the accuracy and involves
large errors when users do not follow the routine paths. A method proposed in [72] allows to
enable GPS for localization based on accelerometers and could achieve a 27% energy saving.
In a series of works [97, 108—110, 120], authors discuss the energy usage when transferring
data in mobile crowdsensing system. There are methods optimizing participant selection in
crowdsensing projects so that the overall work is minimized while the coverage of geographic
area of interest is guaranteed. The authors also proposed to minimize the number of tasks
allocated to users. Authors in [111] propose to minimize the energy consumption by selecting
which portion of users should enable sensing tasks. Kyon-mo et al. [114] develop a context-
aware system leveraging Bayesian networks to lower the power consuming.

Researchers also leverage the power of crowdsensing to solve problems. In [65, 121], au-
thors leverage the crowdsensed data from the mobile phones of commuters on different buses to

provide a service estimating the bus arrival time. The mobility measurement involving crowd-
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sensing is proposed in [40], where reposting, tagging and sharing public information are used
in the FlierMeet project. In our project VitalAlley, the dataset are from mobile crowdsensing.

Students in NSE project wear a sensor named SENSg to sense the surrounding environment.
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Chapter 3

Augmented Reality based Vehicle

Navigation'

3.1 System Design

3.1.1 Design Overview

Fig. 3.1 illustrates the system architecture of Amateur. Supposing Alice plans to drive from
position A to position B, using Amateur. After Alice inputs the origin and the destination,
Amateur first launches the underlying navigation services, e.g., Google Maps [38] or Open-
StreetMap [73], to obtain detailed lane-level” navigation information from A to B. Note that
Amateur is not positioned to redesign the entire navigation stack. Instead, it reuses the existing
navigation functions and focuses on automatically matching the navigation information to the
live road condition video to achieve a much augmented user experience.

When Alice’s car is moving, Amateur periodically reads GPS to acquire a rough location
of the car for determining the road segment the car is currently on. According to the navigation
plan provided by the underlying navigation service, Amateur then knows which lane should
be taken and how many lanes on current road in total. On the other hand, Amateur executes
the Lane Identification module in Fig. 3.1 to determine the host lane. If the host lane differs

from the lane suggested by the navigation service, the Instructional Sign Placement module

I'This Chapter is partially published on IMWUT 2018, presented on UbiComp 2019 [17].

The lane-level road information is already available for most cities in commercial navigation products, like
Google Maps [38]. However, due to the limited resolution of GPS positioning, drivers cannot directly leverage
such detailed information in existing systems throughout the navigation procedure.
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Figure 3.1: System architecture of the Amateur design.

displays an annotation arrow on the live road condition video to inform drivers changing to the
correct lane. To fulfill above design, video frames first undergo a slicing operation to extract
the interested points from each frame. Amateur then executes peak detection to obtain all
lane markers (boundaries) on the road. The observed lane markers however can be incomplete
or mixed with detection errors. The lane detection module further adopts a particle filter to
statistically infer the most likely position of host lane through consecutive observations, by
matching the observed lane marker patterns and accelerometer readings with correspondingly
expected distribution.

When Alice needs to take a turn at one intersection, Amateur can specify the intersection’s
position in the video stream for displaying the corresponding turning instruction. To this end,
the Intersection Inference module first reads the GPS data. If the car gets close to the intersec-
tion, e.g., 50 meters in front, it conducts the frame subtraction operation to unveil the flicking
feature of traffic lights to identify the position of traffic lights in video frames, based on which
the module further applies a pin-hole model to estimate the position of the intersection, so that
the turning instruction arrow can be correctly placed.

With above visualized navigation design, Alice could simply follow the displayed anno-
tations to reach the destination. We detail the design of lane identification and intersection

interference modules in Amateur.
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Figure 3.2: Gray scale values of one row of pixels.

3.1.2 Lane Identification

To determine the lane markers on the road, we have the following key observation: as lane
markers are usually painted with bright colors, e.g., white and yellow, after we transform the
video frames to the gray scale, the pixels on the lane markers will exhibit large pixel values,
i.e., peaks. Fig. 3.2 illustrates the gray scale values of the pixels along a straight horizontal
line extracted from the frame in Fig. 3.3(a). After manually checking the ground truth of
the lane marker positions on the frame, we find that each highlighted peak in Fig. 3.2 indeed
corresponds to the boundaries of all the lanes.

Although we propose a design, in Section 18, to precisely quantify and extract each indi-
vidual peak from the converted gray scale pixel values, the obtained overall peak pattern is not

always reliable due to two types of unavoidable errors:

e False alarm peaks: bright reflections, paintings and objects from the road surface can

cause the detection of additional peaks, not corresponding the lane boundaries.

» Missing peaks: certain lane boundaries may also be miss-detected due to light conditions

or blocking by nearby cars.

If we directly use such noisy or erroneous peak patterns, host lane cannot be reliably de-
tected. In Amateur, we introduce a particle filter based host lane identification design to tackle

this issue.
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Particle filter based host lane identification

The core idea for the host lane identification, i.e., identifying the lane number of host lane on
the road, is to conduct a template matching based on the observed gray scale value peaks as in
Fig. 3.2.

To facilitate the discussion, we first introduce necessary notations used in the design.
Fig. 3.3(a) depicts the live video from the smart phone and we convert the pixels from the high-
lighted narrow stripe to the gray scale values for the peak detection (detailed in Section 18). For
all the detected peaks from one frame, we find that the two peaks that are closest to the center
line of the video frame are usually from the two markers of the host lane (yet the lane number
is still unknown), denoted as X,,;;. This is because smart phone is normally placed close to the
middle of the car. For the example in Fig. 3.3(a), the host lane is lane-3 (with respect to the
left). The two markers of this lane in Fig. 3.3(b) indeed enclose the frame’s center line. On
the other hand, because drivers need to keep a distance to the car in front, we find that the two
markers of the host lane can reliably be detected.

As a result, we can place an x-axis along the narrow stripe as in Fig. 3.3(b), where the
origin is the center of these two lane markers, denoted as [0]. In addition, we can treat these
two lane markers as a delimiter. The locations of other peaks detected on the left (and right)
hand side of this delimiter, denoted as X, can serve as an observation to infer the host lane’s
location. In Fig. 3.3(b), X,;s contains two peaks, whose coordinates along x-axis are -895 and
-526 respectively, on the left and other two, 407 and 614, on the right. Viewing X, as the

constraints, we can then guess the location of the host lane with the following design.

Particle filter framework. Supposing the current road segment has 4 lanes with 5 lane mark-
ers (obtained from the underlying digital map) illustrated in Fig. 3.4(a). The host lane, e.g.,
surrounded by the middle two lanes in X},;4, is one of these four. If the host lane’s lane num-
ber is one, the expected positions of other three lane markers or peaks are depicted as X
in Fig. 3.4(b), and we call it a template®. Similarly, we can generate different templates for
other three possible cases. In addition to the four templates, we also have a real observation
Xops = [—895,—526,407,614] with one extra peak detected, as shown in Fig. 3.4(c). We thus
want to know which template in Fig. 3.4(b) that X,;; matches best.

3We adopt a default width, e.g., 316 pixels, between two consecutive peaks in each template. As all templates
adopt the same width, even it is different from the actual width on the current road, it does not affect the matching
result.
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Figure 3.3: Illustration of peak detections from video frames. (a) Selected horizontal pixels
at the same position from one frame. (b) Peak positions along the x-axis. The ticks inside
brackets are the positions of lane markers.

If each peak in the observation X, corresponds to one lane marker, i.e., containing no
errors, the matching is trivial. However, as aforementioned, X,,; may contain the peaks from
other bright objects’ reflection, e.g., one more peak in X, in Fig. 3.4(c). X,;; may also miss
“legal” peaks due to the blocking from surrounding cars. To address this issue, we leverage
particle filter which can tolerate observation errors and statistically compute the possibility for
each template. After a series of consecutive observations, the probabilistic belief on the real
host lane could rapidly accumulate and lead to the highest confidence.

By this principle, we design a particle filter based method. Supposing there are M particles,
e.g., M = 100. We treat each lane on the current road (obtained from the digital map) as a
bucket and then throw particles into these buckets. Initially, the probability or weight into each
bucket is identical. Whenever one observation X, is generated from peak detection, we update
weight w; for particles into lane (i.e., bucket) /. The update is based on the similarity between
observed vector X,,; and each template. Due to the observation errors, the number of elements

in X,,s may be different from each template. To measure their similarity with variant lengths,
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Figure 3.4: Illustration of the particle filter design. (a) One road segment has four lanes with
five lane markers. (b) Four templates by assuming the host lane is at each of these four lanes.
(c) Template matching based on the observed peak pattern, e.g., X,»s matches X3 best.

we adopt the DTW technique [86]. Given two discrete sequences of different lengths, e.g., X,
and X;, DTW searches for the best alignment between these two sequences by minimizing the
mutual distance using dynamic programming. After the DTW computation for each template,

the weight updating can be expressed as:
w = e Yk (Eq. 3.1)

where d; is the DTW distance of X, to the /-th lane template and k is a scaling factor. From
(i)

each video frame i, we can calculate w;” by Eq. 3.1 and further conduct a weighted average
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with the previous wl(lfl) to tolerate peak pattern errors from individual observations:

wi = a4 (1—a)-wi Y, (Eq. 3.2)

where o is set as 0.5 in our current implementation to balance the contributions from both
the current and past observations for avoiding the sudden parameter changes caused by the
observation errors. The weight average will restart from the scratch after the car makes a
turn. After Eq. 3.2, we further normalize each wl(i) so that their summation equals to 1, i.e.,
Y wl(i) = 1. After the weight updating, all particles will be redistributed cross all possible lanes
with a new probability. After several rounds of updating, most particles will converge and we

select the lane occupied by particles whose weight is larger than 0.5 as the host lane.

Enhanced particle filtering. With this primary design, in Amateur, we also propose an en-
hancing technique to further improve the host lane identification performance, by detecting and
leveraging the event of car’s lane-changing. Supposing Amateur detects the car has changed to
the right lane. In this case, the left-most lane on the road is unlikely to be the current host lane,
as it contradicts to this lane-changing event. Therefore, the weights of particles in each bucket,
after the awareness of such an event, can be further adapted to speedup the convergence and
improve the reliability.

To leverage such an opportunity, we observe that if the car goes straight, the two markers
in X,,;4, enclosing the host lane, are on the different sides of the frame’s center line, as shown
in Fig. 3.3(b). When it starts to turn right, the right marker starts to move towards the center
line. After the car turns to the right lane, this marker will move cross the center line. The
same principle can be applied when the car turns to the left lane. Therefore, we can utilize
such a center line crossing phenomenon to detect the lane-changing event. On the other hand,
when a car changes its lane, it may change s lanes, where s can be equal or greater than 1. For
instance, if the car changes from lane 1 to lane 3, s equals to 2. With different s values, the
weights of particles should be adapted differently. However, when the car changes multiple
lanes, its heading direction becomes not parallel to the lane’s direction. We cannot determine
the exact value of s based on the center line crossing phenomenon. To this end, we find that
the IMU sensor readings from smart phone can facilitate to determine the value of s.

In Amateur, smart phone is tightly mounted on the car and its IMU sensor readings (along
the direction that is perpendicular to car’s moving direction) suffice to infer the car status, e.g.,

moving straight or making a turn. Fig. 3.5 illustrates such accelerometer readings when the
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Figure 3.5: Accelerometer readings when the car makes a right turn.

car makes a right turn. It clearly shows a convex bump. We conduct a moving average for
accelerometer readings. Normally, the readings are near zero. However, when the car turns
to a new lane, its readings exhibit an obvious change. The shape of such reading patterns
is highly related to the lane-changing details. More precisely, given the acceleration readings
(perpendicular to car’s moving direction) under the lane-changing event (detected by the center
line crossing phenomenon in the video), i.e., observation O, we aim to compute the posterior
distribution P(Lg|0O), where L represents the lane-changing event with s lane(s) being changed.

Therefore, the Bayesian inference can be expressed as:
P(L|0) = P(O|L,)-P(L;)/P(0). (Eq.33)

The likelihood for the occurrence of the lane-changing event P(Ly) and the observed sensor
readings P(0) can be estimated from the off-line analysis of the collected live video and sensor
data traces. But later we find that their exact values are not needed, and we denote Eq. 3.3 as
P(Ls|0O) = P(O|L;) - B, where B = P(L;)/P(0). To calculate P(O|Ls), we record different
IMU readings under the events L as templates in advance. Those templates can be utilized to
match the actual sensor readings during the driving to compute P(O|Ly). For this computation,
we further apply DTW to measure the similarity between the observed O and each template,
and compute P(O|L) as P(O|L) = ¢~%/¥ | when d’ is the cost of O to each template in DTW
match, and &’ is a scaling factor. Then we can incorporate P(Ly|O) = B - P(O|Ly) to update
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particle filter’s weights in Eq. 3.1 when the lane-changing event is detected:

= Y P(L0)-wi= Y B-P(O|Ly) w;, (Eq. 3.4)
s+i=l s+i=l

where P(Ly|0) is defined as 1. The rationale of Eq. 3.4 is: when s = 0, w; is the original weight
w; and only the peak observations contribute to the weight update in line 9 of Algorithm 1;
Otherwise, the term P(Lg|O) describes the likelihood that the car changes from the i-th lane to
the /-th lane by changing s lanes in total, i.e., s i = [. In this case, the peak observations and
accelerometer readings of the lane switching both contribute to the weight update in line 7 of
Algorithm 1. In other words, in addition to the original weight w;, Eq. 3.4 also considers the
transitions from other lanes. After Eq. 3.4, we further normalize all v;, so that their summation
equals to 1, and then apply the normalized w; in Eq. 3.2 to throw particles to identify host lane.
Note that the factor f will be canceled out during normalization and we do not need to know
its exact value because given the same observation, they are equal in different lane-changing
events.

A formal description of the weight updating is given in Algorithm 1. In particular, the algo-
rithm maintains a set of particles and each particle corresponds to a possible host lane. Then,
the algorithm considers to associate each pair of peak observation and accelerometer read-
ings with every particle to calculate how likely (probability) each lane could be the host lane
(line 7). When there is no lane-switching event, the corresponding probability is calculated in
line 9. After the probability contributed by new peak observations and accelerometer readings
is calculated, the algorithm updates the weight of each particle (line 11) and normalizes their
weights (line 15). The algorithm utilizes DTW function (Algorithm 2) to calculate the weight
of each particle, which finds the best match between two time sequences (line 11-16). In DTW,
the algorithm usually utilizes the Euclidean distance (line 13) as the cost function. Finally, the
DTW function returns the cost value (Euclidean distance under best match) of two input time

sequences (line 17), which is used in the weight updating in line 7 and 9 in Algorithm 1.

Lane-changing arrow placement. As stated before, after the weight update, all particles
will be redistributed cross all possible lanes with a new distribution. After several rounds
of updating, most particles will converge and we select the lane occupied by particles whose
weight is larger than 0.5 as the host lane. After the host lane is identified, if it differs from the

suggested lane by the navigation service, a lane-changing annotation is displayed in the live

25



Algorithm 1: Weight update for particles in the host lane identification

1 Input: peak template Xj,, peak observation X, accelerometer template L; and
observation O;

2 Output: updated weights for all the particles;

3 for each template X, do

4 for each template Lg do

5 for each particle p do

6 if L event happens then

7 Wity = ¢~ DTW Xy Xops| /k=DTW(Ls.O)/K ./ / Both peak patterns
and accelerometer readings contribute to the
weights of the particles

8 else
9 wy = e DTWXp Xopsl/k ./ Only peak patterns contribute
to the weights of the particles
10 end
1 Update the weight of particle p following equation Eq. 3.2 ;
// Updating of the weights

12 end
13 end
14 end
15 Normalize the weights of all particles ; // Normalization of the

weights. Function DTW is depicted in Algorithm 2

road condition video, where the annotation arrow design is introduced in Section 3.1.3.

Peak quality control

Although the particle filter could automatically tolerate observation errors, as a matter of fact,
many peak errors can be excluded before the particle filtering to speedup the host lane identi-
fication.

To this end, for any peak pattern as depicted in Fig. 3.2, peaks are empirically characterized

by three features:
* Height h: the gray scale value of a peak.
e Width w: the width of the detected peak.

e Prominence p: the prominence of a peak within range w.
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Algorithm 2: Function of DTW used in Algorithm 1

1 Input: series L and series O;
2 Output: cost under DTW matching;
3 Function DTW (T, O) :

4 for i = 1 to lenth(T) do

5 | DTW[i,0] = oo // Initialization
6 end

7 | for j=110lenth(0) do

8 | DTW[0,)] =oo; // Initialization
9 end

1 | DTW[0,0] =0;
11 for i = 1 to lenth(T) do

12 for j =1 to lenth(0O) do

13 cost =d(T[i],0[]]) ; // The cost is measured by the
Euclidean distance

14 DTW(i, j] = cost + min{DTW[i— 1, j, DTW[i, j — 1,DTW[i—1,j— 1]} ;
// DIW calculation

15 end

16 end

17 | return DTW(length(T),length(O)]; // Return the final DTW value
18 End Function

Supposing the width (pixel-wise) of one frame is N. Along a row extracted from one frame, the
gray scale values of the N pixels are denoted as G = {g,-}f.\': |- Through our extensive investiga-
tions, we find the following empirical criteria could well characterize the peaks corresponding

to lane markers:

1
h > E-max{gi}fy:l, (Eq. 3.5)
. kyy
p = h—mm{gi}f:g,f_%, (Eq. 3.6)
1
3P < p—Giom- (Eq. 3.7)

where G oy, is the 107 percentile in set {gi}fi;%i% and g* is the position of the k-th peak.
Eq. 3.5 ensures the detected peaks should be bright enough. Eq. 3.6 and Eq. 3.7 ensure that
the detected peak should be sharp enough. The three features, e.g., i, w and p, are carefully
investigated.

Due to the perspective effect in camera sensors, these parameter settings may vary if the
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Figure 3.6: Cropped parts of six continuous frames containing the traffic light from live video.

straight horizontal line in Fig. 3.3(a) is selected differently. To collect consistent observations,
we adopt a fixed offset in Amateur, e.g., 230 pixels to the frame bottom on our current devel-
opment platform Nexus 5X. The 230 pixels on Nexus 5X correspond to a horizontal line about
5 meters in front of the car. This distance is rarely blocked by the front car, as the driver needs
to keep certain distance to the front car during the driving. Therefore, the pixels from this po-
sition could provide a reliable lane marker detection on our current implementation platform.
In Section 3.3, we further discuss how to set this parameter on different smart phones. On the
other hand, as the pixels adopted to detect lane markers correspond to a horizontal line that is
not far away from the car, when a car moves along a curvy road, the observed bending of all the
lanes is also similar to each other. As a result, after we use DTW to find the similarity between
the observed peak pattern and the peak templates, the curve lanes have the same impact on
each template. The calculated similarity can still update the weights of the participle filter as

on a straight road.

3.1.3 Intersection Inference

With the host lane identification design in Section 3.1.2, the lane switching annotation arrow
can be displayed in the live road condition video. To further display an annotation arrow for the
intersection turning, the position of the intersection needs to be specified in the video frames

and we leverage traffic lights as an anchor to estimate this position for the arrow placement.

Traffic lights detection

To determine the position of traffic lights, we utilize the flickering feature of LED bulbs. As
traffic lights are powered by alternating current with a time varying intensity, i.e., of 50 or 60
Hz frequency, the light intensity varies accordingly, as shown in Fig. 3.6. Such a difference can

be unveiled by subtracting consecutive frames. According to the readings of GPS, Amateur
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can detect whether the car gets close to an intersection, e.g., 50 meters in front. If so, the
intersection inference module conducts the frame subtraction to unveil the flicking feature of
traffic lights to identify the position of traffic lights in video frames, based on which the module
further applies a pin-hole model (Section 3.1.3) to estimate the position of the intersection, so

that the turning instruction arrow can be correctly placed.
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Figure 3.7: The flowchart of traffic lights detection for the intersection inference in live video.

o
(o)
T

I
I
I
(84,0.5) :
1 .
|— Difference of grayscale value|

20 60 100 140 180
Grayscale Value

Figure 3.8: Statistical results of differences of pixel at traffic lights’ positions in gray scale
domain.

Fig. 3.7 illustrates the flow chart of the traffic lights detection. Frames are streamed into
a subtracter. It outputs the subtracted results of two consecutive video frames. As the camera
captures the real-time video with 30 FPS and the frequency of the traffic light’s intensity vary-
ing is 50 or 60 Hz, the area with significantly changed pixel values likely indicates traffic lights
due to the flickering feature of LED bulbs, while other areas will not exhibit such a high in-

tensity varying frequency because they reflect the sun light, which can be viewed as a constant
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approximately within a short time span. Fig. 3.8 shows that the statistic difference of pixels
representing traffic lights varies from 31 to 189 in the gray scale domain. In particular, 70% of
the pixels at traffic lights’ position is larger than 60 in the gray scale domain. On the contrary,
the pixel changing in the gray scale domain for other areas is rarely larger than 50. Therefore,
we use the threshold 50 to binarize the subtraction result in our current implementation.

After the binarization, the preserved area in the frame mainly indicates the traffic lights.
We then apply the color filter [54] to extract the positions of pixels representing the traffic
lights and use their averaged position to denote the traffic light. After the identification, the y
coordinate of the traffic light, i.e., its height, is passed to the pin-hole model, as illustrated in
in Fig. 3.9.

Pin-hole model

In Amateur, we utilize the position of traffic light y in the frame to infer the position of the
intersection. We observe that the supporting point of a traffic light, e.g., point A in Fig. 3.9,
could serve as a good reference to indicate the nearby intersection because it approximately
shares a similar depth as the intersection to the car in the video frame.

Therefore, we introduce a pin-hole model as shown in Fig. 3.9 to fulfill the calculation.
We first determine the position of the traffic light in the frame in Section 3.1.3 and denote this
position as i, i.e., iy = y in Fig. 3.9. When there are multiple traffic lights are detected, Amateur
selects the one with the largest y value (i.e., the highest one on the screen) as the indicator. This

is because when a car is approaching a crossroad, the traffic light that the driver needs to follow
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is in front of the car (maybe far away but the direction is almost upright). Therefore, according
to the perspective relation, such traffic light has the highest y value on the screen. On the other
hand, the physical height of traffic light is normally fixed in a city, which can be denoted as H.
After the smart phone is mounted to the car, we can also measure its distance to the ground 4.
With these three parameters, the position of the supporting point, denoted as i,, in the video

frame can be calculated by:
. h
“TH-n

After i, is obtained, the upper edge of the annotation arrow is aligned with this height to

* iy (Eq. 3.8)

indicate a turning at the intersection.

(a) (b) (c) (d)

7N

Figure 3.10: Instructional annotation arrows designed in Amateur. (a) Left-lane changing. (b)
Left turning. (c) Right turning. (d) Right-lane changing.

Annotation arrow design and display. The primary arrow set to navigate the driving consists
of four basic elements. The first two are turning left or right, as shown in Fig. 3.10 (b,c), which
inform the driver to turn left or right at the crossroad. The other two arrows are left- or right-
lane changing, as Fig. 3.10 (a,d) depicts. These two arrows inform the driver how to change
the lane, where the lane changing number also appears on the top of the arrow to facilitate the
driver to recognize. We show concrete use cases of these annotation arrows in the evaluation
part (Section 3.2). One more arrow might be included in Amateur, i.e., going straight. If there
is no turning or lane-changing event, the default operation is going straight. Therefore, we skip
this arrow to reduce the amount of arrows displayed that may distract the driver’s attention.
To display the annotation arrows, in addition to the smart phone’s screen, another possible
solution is to project them on the dashboard or windshield of the car. However, this may require
the car release the permission to let third-party navigation system access its dashboard, which
needs the car manufacturer’s cooperation and may also have security risk concerns. In addition,
displaying information on the dashboard or windshield requires the transparent windshield to

support as well, which is more expensive. Therefore, we provide a lightweight and easy-to-
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Figure 3.11: Experimental routes in the evaluation and their total length is about 96km.

deploy solution which is transferable regardless of car models and windshield types by using
the smart phone, due to its independence to car’s internal system and the wide availability to

most drivers.

3.2 Implementation and Evaluation

3.2.1 Experiment Methodology

We implement Amateur on Nexus 5X smart phone, which is equipped with the IMU sensors,
two cameras and a 1920 % 1080 resolution screen. It has a 1.8 GHz hexa core 64-bit ARMvS-A
processor and 2GB RAM. In the implementation, we invoke the OpenCV library for the image
processing. The sampling rate of GPS is set to be 14z during this experiment.

To evaluate the performance, we hire taxi cabs in Singapore and attach the mobile phone
to the windshield with a mobile phone holder. The phone is plugged with the USB power
and there is thus no energy concern to the usage of Amateur. Prior to the experiment on each
taxi, we measure the distance (one time effort for each taxi) from the phone holder to the
ground, i.e., h in the Eq. 3.8 used by the pin-hole model. The evaluation lasts several weeks
and covers 5 experimental routes (depicted in Fig. 3.11) cross the city with the total length

of over 96 km, where the connected markers are the expressway and isolated markers are the
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Table 3.1: Detailed information of the 5 experimental routes in Fig. 3.11.

Route | A| B | C | D]| E
Length (km) 12.7 | 174 | 36.8 | 12.5 | 16.8
Length of Expressway (km) | 8.73 | 15.35 | 36 | 4.46 | 14.28
Length of Highway (km) | 3.97 | 2.05 | 0.8 | 8.04 | 2.52
Number of Traffic Lights 15 19 5 18 17
Average Velocity (km/h) | 49.7 | 51.2 | 56.1 | 454 | 53.7

highway in reality. These five routes contain both the highways and expressways, which also
cover both the east-west and north-south directions in the city. Their more detailed information
is summarized in Table 3.1. In particular, the longest testing route (Route C denoted as l in
Fig. 3.11) lasts about 36.8 km and only 0.8 km of them is on the highway. The shortest route is
Route D of 12.5km, in which the length of its highway lasts longer than its expressway.

Throughout the experiments, each route is evaluated multiple times, in 1) different times
of a day, e.g., in the daytime, at night, at sunset and at nightfall with different traffic patterns
and light conditions on the road, and 2) also with different weather conditions, like sunny and
rainy, to achieve a comprehensive performance evaluation. The total traveling distance is more
than 300km in the evaluation, and we report Amateur’s performance from the following four
detailed aspects in this section.

As Amateur consists of two major modules, i.e., host lane identification and intersection
inference, in this section, we first evaluate the performance of these two modules individually
(Sections 3.2.2 and 3.2.3) as follows.

Host lane identification. For the host lane identification, we adopt the accuracy rate to eval-
uate its performance, which is defined as the ratio between the correctly placed lane-changing
arrows and the total number of such arrows displayed during the navigation. We check the
accuracy of host lane identification under different conditions. If host lanes are determined
correctly, lane switching arrows can be properly displayed. In addition to the accuracy, we also
investigate the parameter settings and the particle filter convergence speed for this module.

Intersection inference. For the intersection inference module, we also use the accuracy to
quantify its performance. As we record all the navigation videos for obtaining the ground
truth, we can manually check the traffic light detection accuracy for the evaluation. On the

other hand, we also examine the position difference between the placed turning arrows at each
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Figure 3.12: Investigation of the three features, i.e., 4, p and w in Fig. 3.2, to detect the gray-
scale pixel value peaks.

intersection, which reflects the effectiveness of the pin-hole model. Intersection inference is
evaluated on highways, since there are no traffic lights on expressways. On expressways,
identifying the correct lane alone is sufficient to navigate the driving.

In addition to the investigation of these two individual modules, we further evaluate the
overall instruction correctness performance of Amateur in Section 3.2.4 and also conduct a

concrete user study in Section 3.2.5.

Instruction correctness. We then test whether the pop-up instructions from Amateur are cor-
rect or not, comparing with the ground truth obtained from our manual investigation of the live
video off-line. For each trip in the experiment, all the annotation instructions from Amateur
can logically form a vector, in which each element is one of the four annotation arrows depicted
in Fig. 3.10.

User feedback. Finally, we conduct the survey from each taxi driver to get their feedback to
Amateur compared with the traditional navigation service.

In the following, we report the evaluation results for each of the four aspects above.

3.2.2 Host Lane Identification

In the host lane identification module (Section 18), we utilize three features, i.e., i, p and w
in Fig. 3.2, to detect the gray-scale pixel value peaks, which correspond to the candidate lane
boundaries. In this section, we first examine each of these features to verify the design efficacy.
In Fig. 3.12.a, the height of each detected peak, h, varies from 100 to 218. The difference
comes from the light intensities and we observe that the pixel value increases dramatically on
the lane boundary markers. Fig. 3.12.b further indicates that the prominence of a peak, p, is
also sharp, e.g., varying from 20 to 159. Finally, Fig. 3.12.c shows that the width of the peak,
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Figure 3.13: Latency to correctly identify the host lane on the roads with different numbers of
lanes.

w, is sufficiently wide enough, ranging from 12 to 49.

The host lane identification in Amateur is based on the particle filter. In Fig. 3.13, we first
investigate the latency spent by this particle filter design. In particular, we test this latency
performance for different types of roads (with two lanes up to five lanes). We record the time
until the particle filter correctly identifies the host lane by comparing with the ground truth.
From the result, we can see that the average latency varies from 0.74s to 3.83s when the number
of lane increases from 2 to 5. Fig. 3.13 implies that the host lane identification in Amateur is
reliable as long as enough time is given. However, in practice, it may not be possible to wait
for a relatively long time, e.g., up to 4.85s on the road of five lanes, to identify the host lane
for only once. We thus consider a more stringent setting to evaluate the host lane identification
next.

In Fig. 3.14, we further examine the host lane identification performance within a short
time window, e.g., 2s. In particular, after the particle filter starts a host lane identification, if
the weight is larger than 0.5 (according to the design in Section 3.2.1) on one lane within 2s,
it is reported as the current host lane. If the 2s time window is reached but there is no lane
accumulating a larger weight, the filter outputs the lane with the highest weight at this moment
as the host lane. Then for different types of roads (with two lanes up to five lanes on the x-axis),
we report the average latency for the host lane identification (left y-axis) and the identification
accuracy (right y-axis) in Fig. 3.14. When the number of lanes is small, e.g., 2, the particle

filter converges in nearly 0.5s and achieves 100% accuracy. As the number of lanes increases,
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Figure 3.14: Average delay to identify the host lane (left y-axis) and the identification accuracy
(right y-axis) on the roads with different number of lanes.

the accuracy decreases, e.g., for a road of five lanes, the accuracy is 92.7%. The performance
slightly degrades for more lanes because the distribution of particles is more dispersed and the
peak amount increases as well. In this case, the confidence of each peak is reduced (spreading
to other peaks). As a car normally stays on a road segment longer than 2 seconds, it explains

the good performance achieved by our host lane identification design in practice.

3.2.3 Intersection Inference

For the intersection inference module, we first examine the accuracy of the traffic light detec-
tion. Since there are no traffic lights on the expressway, the results in Fig. 3.15 are all from
the common roads. As the red light has the longest wave length than other two lights (green
and yellow), it has a better penetration and Amateur mainly detects the red light on the screen.
From the result, we can see that the detection rate for the red light is highly accurate, where
the precision and recall are 99.72% and 99.28%, respectively. As a comparison, if we detect
all other two lights at the same time, the precision and recall could slightly degrade to 99.61%
and 95.29%, respectively. The reason is that the vehicles are static when detecting red lights.
In fact, Amateur can tolerate certain miss-detected traffic lights. We only need to find out the
positions of traffic lights on screen when vehicles are distant to lights. Those lights locating at
the next intersection can be detected when cars are about 50 meters away from them, which is

enough for drivers taking actions and for Amateur displaying instructional annotations on the
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Figure 3.15: Precision and recall of the traffic light detection. We compare the detection for
red light only and the detection for all three lights together.

Figure 3.16: Illustration of the turning arrow placement offset.

screen.

After the traffic light is detected, Amateur applies the pin-hole model to determine the
position on the screen to display the turning arrow. In our current implementation, the end of a
turning arrow is displayed near the middle of the screen’s center line and its upper part should
ideally align with the intersection in front of the car. However, due to the measurement error,
the turning arrow may exhibit an offset with respect to the actual intersection position in the
screen, which is denoted as A in Fig. 3.16.

In Fig. 3.17, we plot the CDF of A for all the turnings encountered in our experiment. In
addition, we also compare with the performance achieved by the traditional navigation service

based on GPS (its result is computed for the evaluation only, not displayed on the screen).
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Figure 3.17: CDF comparison of the offsets of turning arrow placement on the scree between
Amateur and GPS readings in the unit of pixel.

Figure 3.18: Screen shots of Amateur and traditional navigation service. (a) Traditional nav-
igation service; (b) Turning arrows at night; (c) Turning arrows at rainy sunset; (d) Turning
arrow in rainy daytime; (e) Right 1-lane changing; (f) Right 2-lane changing; (g) Left 2-lane
changing; (h) Left 2-lane changing at sunset.

From the result, we can see that the average and maximum placement offsets of GPS are 49
(12m in terms of distance) and 127 (41.2m) pixels, respectively. Amateur could reduce them
to 44.7 (9.6m) and 105 (26.5m) pixels, respectively. After we analyze the captured video for
each turning, we find that two methods perform comparably when the GPS signals are strong,
while Amateur can leverage the pin-hole model to further improve the GPS’s performance in
the areas with more skyscrapers nearby.

In Fig. 3.18, we show a series of concrete Amateur’s navigation cases in different scenarios.
Compared with the traditional navigation service based on the digit map as in Fig. 3.18(a),

Amateur is more convenient and user friendly. We also find that Amateur performs well even
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in the rainy and dim environments. In particular, in the dim conditions, such as in Fig. 3.18(b),
(c) and (e), cameras automatically increase the exposure time to improve the frame quality.
However, the increased exposure time may affect the detection of flickering of LED bulbs. To
address this issue, we currently divide each second into two 0.5s parts — one for the flickering
capture and the other part after a longer exposure time for getting clear frames. We can also
utilize the latest smart phone like Samsung Galaxy S9, Huawei P20 Pro for better image quality
in dimmer environment. Fig. 3.18(e) to (h) further show the lane switching arrows after the
lane-changing event is detected. The number above the arrow indicates the number of lanes

that the car should change.

3.2.4 Instruction Correctness

To evaluate the overall instruction correctness, we leverage the Levenshtein distance metric
[60] to measure the difference between the ground truth vector and the generated vector by
Amateur. It counts how many instructions in the generated vector by Amateur need to be
modified, so that it becomes the same as the ground truth vector. Supposing the generated
vector is Ve, = {LC2,L,RC1,R} and ground truth vector is V;, = {LC1,L,RC1,R}. In these
two vectors, LC2 means “left changing by 2 lanes”; RC1 means “right changing by 1 lane”; L
and R mean “turning left” and “turning right”, respectively. The Levenshtein distance between
Vgen and V;;,, 18 1, which means editing one element in Vg, from LC2 to LC1, can make these
two vectors equal. In general, the smaller the Levenshtein distance indicates higher instruction
correctness.

Fig. 3.19 illustrates the statistical results of Levenshtein distance on each road and examine
its performance under different time slots when there are different traffic patterns, i.e., morning
peak, evening peak and off traffic peak. From the result, we observe that Route C has the largest
Levenshtein distance 9 when running Amateur during the evening peak, while the smallest
one is on Route A without the traffic peak. In Fig. 3.19, compared with the total number of
annotations made for each road, i.e., 43, 74, 101, 67 and 86 for Routes A to E respectively, the
instruction correctness of Amateur is high, ranging from 88.4% to 97.3%.

Even the accuracy may vary in different traffic conditions, we find that none of instruction
errors lead to the wrong navigation destination. To further understand the reason of these
annotation errors, we refer to the ground truth and observe that the errors are all caused by the

lane-changing event. When the current host lane is detected wrongly, Amateur will recommend
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Figure 3.19: Accuracy of arrow placement on the different routes with different traffics.

drivers to change the lane, which actually is not needed. However, Amateur keeps tracking the
host lane by our particle filter design and this unnecessary lane-changing can be corrected by
changing back to the real interested-lane, which is essentially error-tolerant. After we examine
the ground truth, we find that the reason to cause the host lane detection error is mainly due
to the shield of lane markers by nearby vehicles or some bright reflections on the road (i.e.,
noise). Fortunately, nearby cars do not cover the lane markers at the same position for very
long time. Their impact is thus temporary. Moreover, the error rate itself is not high, e.g.,
less than 10%. Therefore, we observe that such errors did not cause the navigation to a wrong
destination throughout our experiments. Please note that in case that Amateur made a wrong
navigation, similar as the existing navigation systems, it will re-calculate the route and treat
it as a new navigation from the current location to the destination. In summary, Amateur can

provide convenient and reliable navigation experience in practice.

3.2.5 User Study
Study design

Finally, we conduct a with-in subject user study with 50 taxi drivers to understand the user’s ex-
perience of Amateur in practice and we also compare it with the traditional navigation method,
e.g., Google Maps. In the user study, taxi driver uses one of two navigation systems (Ama-
teur or Google Maps) first on route D of Figure 3.11. After the taxi reaches the destination,

we ask the driver to come back to the origin and drive again using another one. For the first
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25 taxi drivers (Group A), they use Amateur first and then Google Maps. The other 25 taxi
drivers (Group B) switch the order of the system usage. This is a standard technique named
Latin Square [80] to counterbalance the order effect. After arriving the destination each time,
the taxi driver rates the system just used for the navigation. The questionnaire is detailed in
Table 3.2.

Table 3.2: Likert scale rating questions in our user study.

No. ‘ Rating Question Statement

QI | It was easy to navigate using this navigation service.

Q2 | Ineed to pay extra attention on this navigation service when driving.
Q3 | This navigation service provided user-friendly guidance.

Q4 | This navigation service was useful in helping me navigate properly.
Q5 | It was easy for me to learn how to use this navigation service.

Q6 | I paid most of my attention on driving using this navigation service.
Q7 | The guidance was user-friendly to interact with.

Q8 | This navigation service provided me with effective guidance.

1) Question design. For the question design, we consider the following four key points that

we believe are important to evaluate a navigation system.
* Ease of use: we propose QI and Q5 in Table 3.2.
e Perceived distraction: we propose Q2 and Q6 in Table 3.2.
* Navigation experience: we propose Q4 and Q8 in Table 3.2.
* User-friendliness: we propose Q3 and Q7 in Table 3.2.

In particular, “ease of use” and “navigation experience” have been adopted in a prior simu-
lated AR-based navigation design [50]. Since they have different survey targets, we only utilize
these two points instead of their exact questions. In addition, we further propose “perceived
distraction” and “user-frienliness” in our user study, which are closely related to our design.
Based on the theory from MIS (Management Information System) research domain, two ques-
tions for each aspect could improve the reliability and validity of the questionnaire [23].

2) Farticipants. Table 3.3 summarizes the detailed information of the participanting taxi

drivers. In Group A, there are 21 male and 4 female drivers. Their ages are from 32 and 61
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years old (Mean: 40.3 years old) and driving experiences are within 2 to 27 years. In Group B,

there are 19 male and 6 female drivers. Their ages are from 31 and 57 years old (Mean: 42.8

years old) and driving experiences are within 1 to 30 years.

Table 3.3: Detailed information of the participating drivers.

Property \ Description of Group A \ Description of Group B

Age 32-61 (Mean 40.3 Year) 31-57 (Mean 42.8 Year)

Driving Experience 2-27 (Mean 15.8 Year) 1-30 (Mean 17.6 Year)
Gender 21 Male (84%), 4 Female (16%) | 19 Male (76%), 6 Female (24%)

3) Rating methodology. For each question, we adopt the standard 7-point Likert scale rating

mechanism, where each question will be rated by a scaling score from 1 (strongly disagree) to

7 (strongly agree). The results from these 50 taxi drivers are summarized in Fig. 3.20.
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Figure 3.20: Results of Likert scale rating (1: strongly disagree ~ 7: strongly agree). On x-
axis, ‘A’ means Amateur; ‘G’ means Google Maps and the following number is the question
number in Table 3.2. Median is shown as a ®. The ratings for A4, A6 and A7 have different
means and standard deviations. However, due to the illustration, they look to be identical in

the figure.

4) Numeric analysis. With the 7-point Likert scale rating mechanism and the results in

the Fig. 3.20, we can then apply the standard method called Wilcoxon Signed Rank Tests to

mathematically analyze the user study, where the significance level is set as & = 0.05. The

results of inferential statistics analysis and the observations are detailed in the following.
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Results

With the 7-point Likert scale rating mechanism, we then apply the standard method to mathe-
matically analyze the user study and obtain the insight for each question design considerations.
In particular, the p-value results are summarized in Table 3.4 and we have the following obser-

vations.

Table 3.4: The p-values for the 7-point Likert scale rating questions.

Question No. Ql Q2 Q3 Q4
p —value 0.0016 < 0.0001 <0.0001 0.0003
Question No. Q5 Q6 Q7 Q8

p —value < 0.0001 <0.0001 <0.0001 <0.0001

* For the ease of use, the results show that there was a significant difference between
the two systems (p = 0.0016) for Q1. Fig. 3.20 depicts that Amateur is easier to use
comparing with Google Maps, where the mean of our system A5 (i.e., meany; = 5.78)
is larger than that of Google Maps G5 (i.e., meang; = 5.44) . In addition, there was a
significant difference between two systems (p < 0.0001) for Q5. The result indicates that
Amateur is easier for drivers to learn how to use the navigation system than the traditional

service Google Maps as in Fig. 3.20, where meanss = 6.08 and meangs = 5.42.

* For the perceived distraction, the result indicates a significant difference of two systems
for both Q2 and Q6 (p < 0.0001 for both). The drivers pay more attention on the tradi-
tional service (i.e., meangy = 5.5) than that of Amateur (i.e., meansr = 3.72). The rating
results also show that drivers focus more on driving when utilizing Amateur while they
might focus more on the navigation display when utilizing the traditional service. The
averaged ratings are meanaq = 5.9 and meangg = 4.26. Therefore, Amateur can cause

much less distractions than the traditional service.

 For the navigation experience, the results of Q4 and Q8 showed that there were signif-
icant differences between two systems, with p-value being p = 0.0003 and p < 0.0001
for Q4 and Q8 respectively. The drivers gave better ratings for Amateur (meansq = 5.94,

meansg = 6.2) than the traditional service (meangs = 5.44, meangg = 5.56).
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¢ For the user-friendliness, two systems also exhibit quite different results (Q3: p < 0.0001
and Q7: p < 0.0001). Compared to the traditional system (meangz = 4.76, meang; =
4.92), Amateur is more user-friendly, implied by rating results with meansz = 5.76 >
meangs and meany7 = 6 > meang;. The main reason is that the AR display is much

easier to understand for the drivers, which is also our original motivation.

In summary, the results indicate that Amateur can provide a better navigation service than
the traditional method for the ease of use, perceived distraction, navigation experience and

user-friendliness four aspects.

3.3 Limitations and Discussions

In this section, we discuss some limitations of our system and the potential future works.

1) Brightness requirement. The primary requirement of Amateur is that the environment
cannot be completely dark. We have tested Amateur at different time periods of a day. The
system works well in the daytime and dimmer environments. Since Amateur utilizes commod-
ity camera, if the environment is completely dark, Amateur cannot extract information from
the captured images. Nowadays, the camera advances rapidly on smart phones and one major
effort of smart phone companies is to improve the picturing performance in the dark. In the
near future, once camera can capture more meaningful contents in a dark environment, this
limitation can be alleviated and the performance of our system can be improved accordingly.

2) System setup. To deploy a smart phone with Amateur on a car, we need the following
two setups. First, the phone needs to be placed along the gravity direction, which is required by
the pin-hole model. Fortunately, the motion sensor (more precisely the gyroscope) on the smart
phone provides accurate measurement of the posture which we can leverage in the setup phase.
The phone posture may not strictly align with the gravity direction even after the setup phase.
Through our experiment, we find that the detected position of intersection on the screen could
differ from its real position on the screen in tens of pixels, which is still acceptable. Second,
we need to select the position of a narrow strip for Amateur to perform the lane boundary
detection. In our implementation on Nexus 5X, the current setting is 230 pixels, corresponding
to a horizontal line about 5 meters in front of the car. In the future, we plan to introduce a
narrow strip appearing on the Amateur’s Ul and let the driver drag this strip on the screen

and move to the appropriate position, which gives the driver freedom to configure this system
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parameter. We note that these setups are one-time overhead for installing Amateur.

3) Availability of traffic light information. In Amateur design, we leverage traffic lights
as an indicator of the position of intersection using a pin-hole model. This model needs the
traffic light height as one input. However we may lack the specification for this information in
some cities. In some scenarios, e.g., usually outside of the city, the traffic lights may even miss
at intersections due to lack of the infrastructure. In these cases, GPS always serves as a fall
back solution to provide the estimated distance to the front crossroad. Such a distance can also
help determine the arrow’s position in the video. As a matter of fact, our design incorporates
with GPS (instead of being independent with GPS) and takes the GPS reading as one system
input. However, GPS could become inaccurate in many urban areas, and the detection of the
traffic light essentially provides an opportunity to leverage the pin-hole model to improve the
distance estimation. To further improve the availability of the traffic light height information
for more cities, such a database could be constructed through crowdsourcing, which is one
feasible solution to overcome this limitation in the near future.

4) Camera’s field of view. For the commodity camera, we find that it can capture five lanes
at the same time. If a road has more than five lanes, as long as Amateur has detected one of the
left most or right most lanes initially (most likely since a car rarely starts at the center of one
road), the particle filter can continuously track the host lane. In case that the host lane tracking
is lost or inaccurate for a long time, the driver can explicitly change the lane to let Amateur
detect one of the left most or right most lanes to track the host lane again.

5) Camera sampling rate. In our current design, we set the sampling rate of the camera
sensor at 30 FPS. We find that the difference between consecutive frames is acceptably small
for the normal driving speed, e.g., < 30km/h. A larger speed may cause larger difference in
subtracted image, leading to longer time to detect the traffic light. Higher sampling rate (e.g.,
120 FPS or 240 FPS) can ensure a reliable detection even under a high speed, but it increases
the computing overhead. This is a trade-off between the efficiency and the computing overhead.
We believe that as smart phones have more powerful CPUs in near future, Amateur can support

higher sampling rates, which can further enhance the performance of Amateur.
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Chapter 4

Walkway Discovery from Crowdsensing

for Pedestrian Navigation'

4.1 Preliminary and Motivation

4.1.1 Objective

A road map can be represented as a directional graph G(V,E), where E refers to the set of
edges that correspond to roads for vehicles and/or pedestrians and V refers to the set of vertices
that correspond to intersection points or terminal points of road segments. We define a road

segment as follows.

Definition 4.1 Road segment. A road segment is a directed edge in graph G, that is associated

with a deterministic traveling direction and two terminal points.

Existing digital maps do not contain all the road segments and are thus incomplete. There
have been some recent efforts, e.g., CrowdAtlas [98], COBWERB [85], and GLUE [107], made to
complete such maps. By comparing the GPS trajectories of vehicles with an existing road map,
those works mainly focus on discovering those vehicle-oriented road segments. They mainly
perform clustering on the vehicle GPS data not matched to existing road segments based on
trajectory distance [98], moving direction [61, 107] or distance between location samples [85].
New-found road segments are constructed either by extracting the centric line of clustered

trajectories [98] or connecting the centric points of clustered location samples [61, 85, 107].

I'This Chapter is partially published on IPSN 2018 [18].
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Figure 4.1: The comparisons of motorway and walkway.

Those methods perform well with the motorways which are well structured and with vehicles
that strictly follow the directions of the road segments. Different from vehicle-oriented road
segments, the walkways for pedestrians are often unstructured and different people may travel
with very different trajectories even across the same walkable area. We define a walkable area

as follows.

Definition 4.2 Walkable area. A walkable area is an area bounded by nearby road segments
or points of interest (POIs, e.g., residential buildings, schools, etc.). Unconstrained movements

of people are allowed within the area.

Figure 4.1 presents an illustrative example to compare the motorways and walkways. Given
the origin of a trip (shown as the symbol B) and the destination (shown as the symbol A), a
user can either take the route on road segments (shown as the black solid line, i.e., route D)
or choose the walkways (shown as the black dash line, e.g., route A) for this travel. For route
D on road segments, she needs to strictly follow the directions of road segments. By contrast,
she owns high freedoms on the walkways. For example, she can take route A, B or C for this
travel, and even go with any walking path between the two buildings. Putting all these walking
paths together gradually forms a walkable area, where people can freely walk at any direction.
Such walkable areas widely exist, e.g., lawns, basement of buildings, floors of shopping malls,
open fields, etc., and they may provide significant convenience and save the walking time
when compared to using existing road segments on the map. Due to the high travel freedom

within such walkable areas, however, pedestrians’ movements could be irregular with high
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uncertainty. As a result, all existing map completion approaches based on direct clustering of
locations or trajectories will fail in obtaining the sketch of a walkable area.

For practical utility, discovering and identifying the entire walkable area is not necessary
and thus is not the final goal of this paper. We observe that although different pedestrians
may choose different paths when walking through the same walkable area, there are typical
walkways that connect certain existing road segments or POIs and are frequently used. We

thus define the representative walkway as follows.

Definition 4.3 Representative walkway. A representative walkway represents the connectivity
a walkable area serves between two known road segments/POIs. If we specify the intersection
points between the road segments/POls and the walkable area, the representative walkway can
be denoted as a polyline connecting the two intersection points and integrated into the road
graph G as an edge. There may be multiple representative walkways connecting different road

segments/POls adjacent to the same walkable area.

Therefore, instead of precisely discovering the entire walkable area which we may not have
sufficient mobility data to support, in this paper we aim at extracting representative walkways
that sketch the accessibility of walkable areas in facilitating pedestrians’ travel needs. The
representative walkways, once identified, are compatible with the current digital road map and

can be easily integrated into the map.

4.1.2 NSE Mobility Data

We make use of a crowdsensing mobility data from the National Science Experiment (NSE)
[69] of Singapore to support our goal of walkway discovery. NSE is a nationwide project
initiated by the National Research Foundation and supported by the Ministry of Education
of Singapore. This project involves more than 250,000 students from primary, secondary,
high school and junior colleges. Each student carries a smart device called SENSg [103] with
various sensors embedded to record their mobility and sense their surrounding environment
everyday. The SENSg device collects sensing data every 15 seconds when it is in active mode.
The sensor readings are uploaded to the server through nearby wireless hotspots whenever
there are (Wireless@SG [104] provides WiFi coverage with over 4,000 hotspots in Singapore
and offers free data bundle to the SENSg devices in NSE. WiFi deployed at schools also can be

used to upload sensor readings and are the most frequently used). All data used in the project
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Figure 4.2: CDF of localization error in NSE mobility data.

are anonymized to protect the students’ privacy.

Each uploaded record contains 16 attributes, including raw sensor readings and some de-
rived results. Specifically, each record contains the /D of the SENSg device, and two times-
tamps, i.e., ts referring the time the readings are taken at device side and rts referring the time

data are received at the server side. Each record has following mobility attributes:

+ Location. The location is represented as a pair of latitude and longitude, indicating the cur-
rent position when the sensing data is taken. The location is derived from the MAC ad-
dresses and RSSIs of nearby WiFi hotspots and through a third-party localization service
called SKYHOOK [88]. In addition to the location itself a localization error estimation
is also provided. As shown in Figure 4.2, the localization service based on WiFi hotspots
has varied localization error ranging from tens to hundreds of meters. The 50-percentile

and 90-percentile localization errors are 80m and 143 m, respectively.

* Step count. The step count is inferred from the IMU sensor readings in SENSg. The server

side keeps tracking the accumulated steps the SENSg user takes.

+ Travel mode. It indicates the mode of transportation (i.e., walking, bus, MRT train, or pri-
vate car) the SENSg user takes when the sensing data is taken, which is also inferred

from the IMU sensors through an online classification algorithm.

Besides the mobility attributes, each record includes other environmental attributes, e.g., tem-

perature, atmospheric pressure, relative humidity, sound pressure level, light intensity, efc.. In
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Figure 4.3: The system architecture of VitalAlley.

our study, we rely on mobility attributes from the records of each student which give the stu-
dent’s daily footprint in the city. This study utilizes the mobility data from a total number of
108,337 students for 11 weeks in 2016, which correspond to a distance of trajectories totaling
millions of kilometers.

As the natives, students are most familiar with the neighborhood around their home and
school. They often make use of the uncharted walkable areas or paths to save their commut-
ing time and their walkway choices contain novel knowledge to existing digital road maps
(e.g., open-sourced OpenStreetMaps [73] and commercial maps like Google Maps [34]). In
this paper, we primarily exploit the walking trajectories of students to discover the missing

walkways.

4.2 System Design

In this section, we present the system overview and then elaborate each component in the

following subsections.

4.2.1 System Overview

The system architecture of VitalAlley is illustrated in Figure 4.3. At a high level, VitalAlley
consumes the location and step count data from NSE mobility dataset and offers representa-
tive walkways to complete existing road maps. Due to localization errors and characteristics

of students’ mobility (e.g., mainly being active in school and home), not all location data are
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Figure 4.4: Illustration of location data classification on the mobility data of one student in a
typical school day.

useful for the walkway discovery. At the very beginning, VitalAlley filters out the location data
which are not in walking status according to the travel mode in the records. Then it invokes the
Location Data Classifier module to label the location data as “Noise”, “Sojourn”, “Matched”
and “Unmatched”. This module firstly labels the locations with large localization error esti-
mations (e.g., > 143m) as noise data, which are far away form the student’s trajectory. The
common sojourn places for students are schools, homes, shopping malls, efc., which leads to a
much higher data density than usual at a specific place. Thus the module labels such data taken
at some sojourn places as sojourn data by exploiting the HDBSCAN algorithm [15]. After
filtering out noise and sojourn data, this module classifies the remained data into “Matched”
and “Unmatched” through a map matching algorithm [68]. Matched data are those that can
well match with existing roads, while the unmatched data cannot well match with any road.
Only “Matched” and “Unmatched” locations are helpful for VitalAlley as they may contain
knowledges about the missing walkways.

Figure 4.4 illustrates the four types of location data. Figure 4.4(a) plots the raw mobility
data of one student in a typical school day, and Figure 4.4(b) shows the classification results.
The two clusters correspond to home (top left corner) and school (right bottom corner), respec-
tively. The noises are far away from the student’s actual trajectory, and the matched locations
are distributed near some existing road segments while the unmatched ones locate away from

the roads.
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Figure 4.5: (a) The ellipse model based walkable area estimation v.s. individual sample based
estimation; (b) Linear relationship between steps taken and sample distance.

Based on the results of Location Data Classifier, VitalAlley will identify and verify the
representative walkways through several modules. Specifically, the Walkable Area Estimation
module (in Section 4.2.2) approximates possible walkable areas, within which the Walkable
Path Identification module (in Section 4.2.3) extracts some representative walkways. Finally,
the Auto-Verification module (in Section 4.2.4) verifies the new-found walkways by analyzing
their images retrieved through GSV APIs. All discovered walkaways are integrated into current

road map for the public uses.

4.2.2 Walkable Area Estimation

A straightforward approach to deriving walkable area from coarse locations is to calculate the
possible coverage of each mobility sample given a typical WiFi hotspots based localization
error (e.g., 80m) in urban city and take the whole covered area as the walkable area estimation.
Such an approach simply treats mobility data and fails to exploit the multi-modality sensor
data and trajectory information between consecutive locations. Instead, we proposes an el-
lipse model to estimate the walkable area between any two consecutive mobility data, jointly
leveraging the location and step count data.

Benefits of step counts. When considering the total steps taken from one location to the
next, we can estimate the length of walking path between the two locations as the product of
total steps and stride length. Such an estimation of walking distance along with the locations

themselves together bound the possible walkable area, which form an elliptical region. Based
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Figure 4.6: (a) The step counts and accumulated traveling distance of one student over a school
day; (b) Fine-grained estimation derived from step count estimator, where () denotes locations
whose step counts remain and Bl denotes locations whose step counts increase.

on this observation, We thus propose an ellipse model to estimate the walkable area. In theory,
an ellipse is determined by two parameters: 1) positions of two focal points; and 2) sum of
distances d from every point on boundary of ellipse to the two focal points. The locations of
two consecutive mobility data indicate the focal points and we determine d using the step count
data in records. VitalAlley calculates d as As x A, where As is the total steps taken between
the two locations (i.e., difference of step counts in the two records) and A is stride length and
set as the average stride length of young as 0.78 m according to a recent report [6]. Though
the stride length can be accurately estimated for each individual, it requires extra efforts and
hardware [48], which is infeasible in the NSE project. With such settings, VitalAlley can pro-
duce an oval area to capture the walkable area between two locations. Figure 4.5.a presents an
example of the walkable area estimation from a series of unmatched mobility data. Compared
with the disjoint walkable area estimation (i.e., yellow area) derived from coverage of each
individual location, the ellipse model can provide more reasonable walkable area estimation
(i.e., grey area).

Step estimator. Although step counts benefit the walkable area estimation, they are not
perfect in the NSE mobility data. To reduce computation overhead of the SENSg device, step
counts as the derived results are updated with a longer period than the updating period of loca-
tions. Figure 4.6.a plots the step count data and accumulated travel distance of a student over

one typical school day, where travel distance is calculated from the locations. From this figure,
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we can see the travel distance keeps increasing while the step count data are discontinuously
updated, where flatten lines indicate that the step counts remain the same as previous one. Due
to this fact, we can only use the records, whose step counts and locations are simultaneously
updated, for walkable area estimation. As a result, the ellipse model can only provide coarser
estimations using a few valid records.

To improve the performance of the ellipse model, we propose a step estimator which can
estimate the total steps taken between two consecutive locations. We find an interesting rela-
tionship between the geographical distance of two consecutive locations and the total steps As
between them. We extensively study their relationship and plot the statistics in Figure 4.5.b,
which clearly shows that the distance of two consecutive locations and As are linearly corre-
lated. Therefore, we can build a step estimator for each student by training a linear regression
model based on her records with both step count data and location data available. Since the el-
lipse model is related to d which is determined by total steps As, we thus are able to determine
an ellipse only based on the locations of two consecutive records even when their step counts
are not updated. The step estimator enables us to derive more fine-grained walkable area es-
timation, just as demonstrated by gray region in Figure 4.6.b. We can only generate a large
oval area with two records having both updated locations and step counts, while a fine-grained
walkable area can be derived by exploiting the step estimator.

Weighting scheme. We further refine the walkable area estimation through a weighting
scheme. For an oval area derived from two consecutive records, different parts inside the re-
gion may be traveled by pedestrians with varying probabilities. For example, when someone
walks from one position to another, it is highly possible for her to walk along the straight
line. Based on this intuition, we propose a weighting scheme to assess the probability of being
traveled for different parts inside the oval area. To achieve that, we use a bivariate Gaussian
model [106], which has been frequently used for home range estimation of animal movements
in the biological domain [47]. Researchers in biological domain have limited periodical ob-
servations of where the animals are and they need to estimate the moving region of animals.
They adopt this model since it can provide the probability of being a part of home range for
a specific region. Similarly, we also have limited observations from pedestrians and need to
estimate their possible movement area. In our scenario, the bivariate Gaussian model measures
the probability density of an area being traveled by the pedestrians. We partition the space of

interest into small cells and assess the probability of each cell inside an ellipse. We set the

54



(a) (b)

[m——— .
: O Person A :
: O Person B |
A | A Person C | 0.027 =
' ® PersonD ! =
| ® PersonD bo2s - "
n
0.021 L] !
0.018
0.015 .h
0.012
[ S
0.009
0.006
0.003
0.000

Figure 4.7: (a) The walkable area estimation from multiple trajectories. (b) The corresponding
score map of (a).

cell size as 2.0m x 2.0m for a better resolution. The probability density of being traveled by

pedestrians for location X is measured by:

f(X) = exp( —lez 'X), (Eq. 4.1)

27r\/|f
where X = [x1,x,]" and ¥ € $% is the covariance matrix of X. X is calculated as ¥ =
[a/3,0;0,b/3], where a and b are major semi-axes and minor semi-axes of the ellipse edges.
The probability of each cell being passed by the pedestrians is the integral of Eq. 4.1 on the
cell’s area. The probabilities of cells outside ellipse are negligible.

We can easily extend the scheme to all mobility data collected from many students. For
any two consecutive records, VitalAlley generates an ellipse and assesses the probability of
each cell inside the ellipse. An area covered by more ellipses should be walkable with a higher
probability. In other words, these areas are “scored” by the mobility data via ellipses. For any
cell, its final score is the sum of probabilities assessed by oval areas covering on it. A cell with
larger score implies that it is more likely to be walkable. Finally we can derive a score map of
the space of interest. Figure 4.7(a) presents the ellipses derived from the mobility data of four
persons, and Figure 4.7(b) shows the corresponding score map based on the weighting scheme.

We can see that the cells covered by more oval areas have larger scores, i.e., in darker color.
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4.2.3 Representative Walkway Identification

We propose a two-phase clustering to identify some representative walkways from each esti-
mated walkable area. The representative walkways sketch the accessibility of a walkable area
and usually connect certain road segments or POIs at some intersections for convenient mo-
bility. Such intersections act as the entries/exits of a walkable area. Therefore, we conduct
location clustering on some matched location data to identify the intersections, and then run
trajectory clustering on unmatched location data to extract representative walkways that link
the derived intersections. In the following, we present the details of each clustering phase.

Phase 1: location clustering to identify the intersections. To derive the entries/exits
of a walkable area, we make use of the last matched locations collected near the walkable
area. A last matched location data is the data that can be well matched with known road
segments, after/before which other mobility data cannot be matched. We put the last matched
data matching with the same road segment (or POI) together, which may correspond to one or
several potential entries/exits. A walkable area may intersect with the same road segment/POI
at several points, resulting in multiple entries/exits. Thus location clustering firstly groups the
last matched data matching with the same road segment/POIs and then runs the HDBSCAN
algorithm [15] on each location group to further classify those locations into one or several
clusters, each of which indicates an intersection connecting one road segment/POI and the
walkable area. We calculate the position of an intersection through all locations in the same
cluster. It is the location on a road segment that has the minimum distance to all last matched
locations of the cluster; or just as the average location when the location cluster falls in a POI,
e.g., residential building.

Figure 4.8(a-e) illustrates the location clustering. Figure 4.8(a-d) plot the mobility data
collected from four persons A, B, C, and D, in the same area. Their unmatched locations are
denoted by O, [J, A and {, respectively. Meanwhile, their last matched locations are denoted
by @, B, A and ¢, and the corresponding matched locations are denoted by . Figure 4.8(¢e)
shows that location clustering groups the last matched data into three location clusters, i.e.,
“SC-17, “SC-27, and “SC-3”, which correspond to three entries/exits of the walkable area.
“SC-1” and “SC-3” locate on different road segments while “SC-2" locates on one residential
building. Through the location clusters, we can calculate the positions of intersections.

Phase 2: trajectory clustering to extract representative walkways. The trajectory clus-

tering takes advantage of the results from the first phase to group trajectories. In practice, each
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Figure 4.8: An illustrative example for representative walkway identification. (a-d) plot the
mobility data of person A, B, C, and D, respectively. (e) demonstrates the two-phase clustering.
(f) shows the covered area by ellipses of trajectory cluster <SC-1, SC-2>, and (g) presents the
searching space and derived representative walkaway of trajectory cluster <SC-1, SC-2>.

trajectory is associated with two last matched data, and we thus can use their corresponding
location clusters to annotate the trajectory. For example in Figure 4.8(b), location B1 and B2
are paired last matched data of trajectory B, and we annotate this trajectory as <SC-1, SC-3>.
We annotate all trajectories following the same rule, and thus can simply group trajectories
with the same annotation. Even for the same pair of intersections (i.e., entries/exits), differ-
ent trajectories exist and may correspond to different representative walkways. Thus we still
need to run a typical clustering algorithm [98] to further classify the trajectories in the same
group into different clusters according to the metric of Hausdorff distance. Each trajectory
cluster corresponds to a representative walkway, and we use its size (named as support) to
assess whether the potential walkway is frequently used or not. In Figure 4.8(e), there are two
trajectory clusters and their supports are 3 and 1, respectively.

In principle, the potential representative walkway of a trajectory cluster should be a polyline

on the score map of a walkable area, traversing the cells with high scores. To find the walkway
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most likely to be traveled in reality, we transform the score map into a weighted graph and
model our representative walkaway identification problem on this graph. For the score map
of a walkable area, we generate a graph, where cells are represented as the vertices and edges
are formed between any two immediately neighboring cells. In the graph, we set the weight
of each vertex as the reciprocal of the score of corresponding cell. For cells with zero score,
we set their weights as an maximum value, which implies that those cells are barely traveled
by the pedestrians. Each vertex also inherits the position of the corresponding cell. In such
a graph, we define a real-valued weight function f : V — R that returns the score of a given
vertex v;, and we will find a representative walkaway P = (vy, v, v2, -+ vy, vg) between the two
intersections vy and v, over all possible n vertices such that the total score of its constituent
vertices Y7, f(v;) is minimized. We can run the A* algorithm to find the optimal solution.
Finally, mapping vertices back to the cells on original map obtains the representative walkway.

Optimizations. VitalAlley also incorporates some optimizations to speedup the identifi-
cation of representative walkways. For each trajectory cluster, we extract a subgraph from
the original weighted graph by only keeping the vertices (and the associated edges) covered by
oval areas of records belonging to this cluster. We thus reduce the searching space for a specific
representative walkway. In addition, VitalAlley simply discards the trajectory clusters owning
small supports, e.g., < &, just because they are barely traveled by people. For the example in
Figure 4.8, we plot the covered area by ellipses of trajectory cluster <SC-1, SC-2> in Fig-
ure 4.8(f), which is derived from the unmatched trajectories of person A, C, and D. To identify
the representative walkway, VitalAlley shrinks the searching space by filtering out irrelevant
cells. The final searching space is shown as the dashed region in Figure 4.8(g). The black line
in Figure 4.8(g) is the representative walkway, connecting a road segment and a residential

building.

4.2.4 Auto-Verification

We propose an auto-verification method to verify the discovered walkways by invoking the
GSV APIs [35]. GSV offers panoramic street views from different positions along the streets
in a city, and we are able to retrieve images for a walkway at its entry/exit, which usually
locates at some main road. As an independent data source, GSV provides a complementary
angle to investigate new-found walkways.

We find that the entries/exits of walkways in a city are relatively regular and pertain a
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Figure 4.9: The illustrations of image processing on the GSV images of one discovered walk-
way.

limited number of types. Thus it is possible for us to collect images of typical entries/exits
from GSV in advance and treat them as the templates stored in a local library for the auto-
verification of walkways.

Retrieving images of walkways from GSV. For each candidate walkway, we project its
entry/exit (i.e., the intersection derived from location clustering) to the main road and retrieve
multiple images at the projected points by invoking GSV APIs, which need the parameters of
location (i.e., projected points), size (i.e., 640 x 640), field of view, and heading directions.
We take the projected point as the origin and generate two rays from this point to include all
location points of the last matched data that generate the intersection. The two rays form an
angle 6 and we retrieve [6/30°] images from GSV by varying the heading direction every
30° within the angle. As a concrete example, Figure 4.9.a presents a new-found representative
walkway that connects a road segment and a residential building, and Figure 4.9.b shows the
retrieved GSV image from the position where there is an eye in Figure 4.9.a. From this GSV
image, we can clearly see a walkway.

Image matching. For each walkway candidate, we extract the features (such as corner,
boundary) from GSV images as the key descriptor using conventional image processing tech-
niques [63]. For one GSV image, we first segment the image into k clusters based on the pixel
values, where we set Kk =5 for better performances. Second, we remove the upper part of the
segmented image because walkways usually locate at the bottom part of an image. Then from
the cut image, we extract the key points, which are around the borders of segmentations and
describe the image [66]. Then we calculate the image gradient magnitudes and orientations

of key points to form an image descriptor, which is denoted as a histogram. We match it with
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Figure 4.10: The matched template image in the library.

template images by comparing their image descriptors in x2 distance, which returns a mea-
sure of difference. Once the difference of at least one GSV image is lower enough, e.g., < p,
we declare that this candidate walkway is verified and mark it as “confirmed”; otherwise as
“suspicious”. We set p = 10 as the default setting in this work.

For the GSV image in Figure 4.9.b, we derive the image processing results shown in Fig-
ure 4.9.c and Figure 4.9.d. In Figure 4.9.c, the upper figure is the bottom part of one of the 5
clustered images and the bottom figure is the corresponding key points highlighted by circles.
Figure 4.9.d shows the image descriptor of one key point in Figure 4.9.c, where bins on x-axis
are the gradient orientations and y-axis indicates the amplitude of associated gradient. We
match this image with the templates in the library and find one template image shown in Fig-
ure4.10(a). Its clustered bottom part and key points are shown in Figure 4.10(b). Figure 4.10(c)
is a descriptor of one key point. After the calculations of their descriptors on the x? distance,
we find they have low difference with %2 < 10, which indicates that the new-found walkway is
verified and really exists.

Since GSV does not have images for the whole city, we may retrieve no image at some
locations. For such cases, we mark the candidate walkways as “suspicious” for prudent use by
the publics. We integrate all discovered walkways into existing road map and provide some
hints to remind the users whether a walkway is verified or not.

Building the template library. We can build a local template library in advance for the
auto-verification. Building a library containing all the templates is out of the problem due to
infinite cases. We argue that, however, the types of different walkways in a specific city are
limited so we only consider the most frequently used walkways. This library consists of four

categories of walkways in total. Each category has many template images and the correspond-
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ing image features, which describe the typical characteristics of entries/exits of walkways in a
city. Specifically, we review the images of intersections between walkways and main streets
from GSV and select some regular entries/exits to collect their images as the templates for
building the local library. For each typical intersection, we capture 3 images from the street
with heading directions at the medial axis of the walkaway and 30 degrees offset of the me-
dial axis. For each image, we extract its image descriptor using the same image processing
techniques. We can manually update this library by adding more GSV images of new kinds of

entries/exits.

4.3 Evaluation

In this section, we implement VitalAlley and extensively evaluate its performances using the

NSE mobility dataset. We make our source code publicly accessible through GitHub [96].

4.3.1 Experimental Setup

We implement VitalAlley in Python and run the system in a powerful HP Z440 workstation that
has 12 3.5GHz Intel Xeon CPU cores and 32GB memory. For data preprocessing, we realize
a custom HDBSCAN algorithm [15] to filter out the sojourn mobility data and implement
an hidden Markov model based map matching algorithm [68] to accurately match mobility
data with a base road map. We leverage some open-sourced Python libraries, e.g., matplotlib,
networkx, numpy, efc. to compute, visualize, and verify the results on a base road map, as well
as capture the screenshots in this paper. We also implement the automatic verification module
by invoking the GSV API [35]. We use the NSE mobility dataset and an open-sourced road
map for the evaluations of VitalAlley.

NSE mobility dataset. The dataset contains mobility data collected from 108,337 students
for 11 weeks in 2016 in the NSE project, containing more than 400 million records of totaling
millions of kilometers in distance. As mentioned in Section 4.1.2, each record in the dataset
includes 16 attributes about the mobility and environmental parameters during a student’s daily
activity. We mainly use the timestamps, step counts, and locations for walkway discovery.

Base road map. We obtain our base road map from the open-sourced OSM [73], which
is the largest crowdsourced mapping project with more than 2 million registered contributors.

In this paper, we use the OSM Singapore map of 20-August-2016 for map matching and eval-
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Figure 4.11: All new-found walkways discovered from the NSE mobility data.

uations, which already includes many passable roads in Singapore. We complete this map by
supplementing the missing walkways discovered from daily trajectories of local students. To
accelerate the walkway discovery for the whole city, we divide the OSM Singapore map into
four regions as shown in Figure 4.11, i.e., &7, %, ¢, and &, and run VitalAlley for each region

in parallel using the multi-threading technique.
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Figure 4.12: Statistics of data types in each region.

After the location data classification, VitalAlley divides mobility data into four types: so-
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journ data that are sampled when students are staying at some specific place, e.g., school or
home; noise data that are with large estimated localization errors and thus far away from the
student’s trajectory; matched data that can well match with the OSM road map; and unmatched
data that cannot well match with existing roads. Since the schools and homes of students are
non-uniformly distributed in Singapore, the records are dispersed in the map. Figure 4.12
presents the concrete proportions of each data type collected in each region. According to
our statistics, the average portion of the four data types (i.e., sojourn, noise, unmatched, and
matched) are 80.1%, 0.8%, 8.6%, and 10.5%, respectively. For all regions, the sojourn data oc-
cupy the largest portion, which is reasonable as students spend most of their time at school and
home. For VitalAlley, unmatched data are the most valuable input, which provides implicit
information about the missing walkways. The region & owns the most unmatched mobility
data, where we thus may discover more walkways.

Nirue Nnew

Performance metric. We define accuracy = where N;yyenew denotes the num-

bl
new

ber of new-found walkways that” truly exist and N,., means the total number of walkways

discovered by our system. The larger accuracy is, the better performances VitalAlley has.

4.3.2 Evaluation Results

In this subsection, we first present and analyze the overall results of walkway discovery on
the whole OSM Singapore road map, and then conduct a detailed evaluation in a study area to

carefully evaluate the accuracy of VitalAlley and the effects of system parameters.

Overall performances

Figure 4.11 depicts all the new-found walkways in Singapore by leveraging the NSE mobility
dataset. The discovered walkways scatter over the road map and connect the motorways and
POlIs. In total, we have discovered 736 walkways, with accumulated distance more than 150km.
The number of discovered walkways for region o, %, ¢, and Z are 110, 109, 147, and 370,
respectively. In principle, a region with more mobility data will probably have more discovered
walkways. In region & which is near the downtown area of Singapore, we have the most new-
found walkaways as we have the most mobility data there. From Figure 4.11, we see the
walkways are in different lengths, and we present the statistics of lengths of the new-found
walkways in Figure 4.13. Almost all of the new-found walkways are with lengths less than

1 km, and 90% of the walkways are shorter than 598m. This is reasonable as walkways usually
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Figure 4.14: Different types of all discovered walkways.

act as the small shortcuts between road segments/POIs. According to our statistics, the shortest
walkway is only 11m, while the longest walkway achieves 1829 m.

For each discovered walkway, we invoke the GSV APIs to retrieve its images for auto-
verifications, and also check the type each walkway belongs to. Among all the new-found
walkways, we mainly have four types of walkways, namely lawn, floor of HDB (the typical
residential buildings in Singapore), open field and shopping mall, which account for 17.6%,
55.8%, 23.6% and 3.0%, respectively, as the statistics shown in Figure 4.14.

Walkways derived from the floors of HDB account for the largest proportion mainly be-
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Figure 4.15: GSV images of the new-found walkways.

cause the HDB building widely exist in Singapore and many of such residential buildings have
the first floor empty where people can walk through. Besides, the lawns and open fields are
also frequently used by the local residents as the shortcuts for accessing to other neighborhood.
The interiors of shopping malls are also occasionally used as walkways by some students who
are familiar with the inner connectivities of those malls. Figure 4.15 shows the images of some
typical walkways we find in Singapore. Figure 4.15 (a) plot the walkways in the lawn, where
we can see some clear walking tracks used by the pedestrians. Figure 4.15 (b) shows the walk-
way around the HDB buildings, which is a small trail connecting a road segment and the HDB
residential building. Figure 4.15 (c) shows a walkway in an open field which is a flat ground,
and Figure 4.15 (d) shows a walkway within a shopping mall, which connects two parallel road
segments. Figure 4.15 (e-h) illustrate the key points of each type of walkways above. The fea-
tures of walkway in shopping mall are complicated, as shown in Figure 4.15 (h). We identify
walkways passing through shopping malls by exploiting additional information (e.g., positions
and names) from OSM. Such walkways widely exist in Singapore and facilitate people’s daily
mobility.

Accuracy evaluation in a study area.

To evaluate the accuracy of our system, we select a small region, as shown in Figure 4.16,
around the central area of Singapore (i.e., the rectangle region in Figure 4.11) covering about
9km? area to conduct a detailed study. Within this region, we have discovered 224 walkways

in total. For each new-found walkway in the study area, we manually investigate whether it
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Figure 4.16: The new-found walkways in study area shown as black box in Figure 4.11.

is true. If we are able to find a walkway according to the positions calculated by our system
and the walkway indeed connects two road segments/POIs indicated by our location clustering,
then we consider this walkway as true in reality; otherwise we think it is a false walkway and
cannot be practically used by the pedestrians. For this specific study area, we finally find 209
true walkways with manual verifications, with the accuracy as high as 93%.

We explore the accuracies for walkways of different lengths and present the results in Fig-
ure 4.17. Specifically, we classify all walkways into four groups according to their lengths
(in m), i.e., (0,200], (200,400], (400,600], and (600,%0). Among the four groups, we find a
large number of walkways are with short length, i.e., <200m. The distribution of walkways
on length is in accordance with the overall distribution in Figure 4.13. Most walkways are in
median lengths and there are few walkways too long, e.g., > 600. With respect to accuracy,
group (200,400] has the lowest accuracy as 88%, and group (0,200] has the highest accuracy
as 94%.

We also study the accuracies for different types of walkway, and present the results in Fig-
ure 4.18. For lawns and shopping malls, VitalAlley achieves 100% accuracy, which means that
all the new-found walkways on lawns and shopping malls are verified as truly “walkable” after

manual investigations. For walkways on lawns, the auto-verification module can accurately
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identify them as the features of lawns are prominent in images. Besides, our base road map
contains the information about shopping malls and once a walkway passing through a shop-
ping mall can be easily identified. As long as those features are extracted, it is highly possible
that the walkways endorsed by the GSV-based auto-verification module exist in reality. For
walkways belonging to types of “floor of HDB” and “open field”, VitalAlley still achieves
accuracies of as 91% and 93%, respectively.

Utility study of discovered walkways. The motivation for walkway discovery is that those
widely existing walkways can provide significant convenience and largely save the walking

time when compared to using existing road segments. Thus we conduct a utility study for the
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Figure 4.19: Utility of walkways for route planning.

discovered walkways in the study area. We initiate 100 travel demands with trip origins and
destinations being the students’ homes and schools. We implement a shortest path based route
planning algorithm, which will return a shortest walking route based on the available road map.
For each pair of trip origin and destination, we generate two routes based on the original OSM
road map and the new road map supplemented with our new-found walkways. We calculate
the distance difference between the two routes and adopt the saved walking distance when
compared to the one planned on the original road map as the measure of utility. The larger
the saved walking distance is, the more efficiency the walkways can provide. We calculate
the distance differences of the 100 trip queries, and plot the statistics in Figure 4.19. For all
trip planing queries, the routes derived from the completed road map are shorter than the ones
walking on existing roads. Among all queries, 50% can save walking distance than 174 m, and
the 90-percentile saved walking distance is 385m. The results in Figure 4.19 demonstrate that

it is necessary to discover those missing walkways as they really facilitate people’s mobility.

Parameter Setting

We evaluate the impacts of system parameters and design choices in the study area.

Impacts of support value. In the representative walkway identification module, we use
a threshold to filter out some trajectory clusters with small support. In fact, the support re-
flects how likely a trajectory cluster is to generate a representative walkway used by enough

pedestrians. Figure 4.20 shows the effects of choosing different supports as the threshold on the
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Figure 4.20: The impacts of support value on number of discovered walkways and accuracy.

number of discovered walkways and accuracy. The support value is ranged from 2 to 12. When
support = 2, nearly 224 walkways are correctly found in the specific region with an accuracy
of 93%. Larger support requires a walkway traveled by more pedestrians and thus leads to a
decreased number of discovered walkways. On the other hand, the accuracy increases along
with increase of support values. Only 31 walkways are found with a high accuracy as 97%
when we set support = 12. According to Figure 4.20, we find support = 3 can balance both
number of discovered walkways and the accuracy, and we thus set support = 3 as the default
setting.

Impacts of data amount used. The data amount used will also affect the effectiveness
of walkway discovery. With more data, we can collect the observations about more potential
walkways and it is more possible to accurately identify them. We vary the number of weeks
of mobility data used, and present the resulting number of discovered walkways and accuracy
in Figure 4.21. When we increase the amount of used mobility data, the number of discovered
walkways gradually increase as well. It is reasonable since more mobility data will include the
trajectories from more walking paths and we thus can identify more walkways. When we use
data more than 9 weeks, the benefit becomes negligible as the frequently used walkways have
been covered by existing data and extra data may provide little new knowledges. On the other
hand, the impact of data amount on the accuracy is less significant. More data lead to slight
increase on the accuracy. When we use more than 6 weeks of data, the accuracy becomes stable

around 98.5%. Extra data bring no increase on accuracy. Therefore, 9 weeks of mobility data
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Figure 4.21: Impacts of data amount used on the number of discovered walkways and accuracy.

seem to be a good amount for accurate and comprehensive walkway discovery in our situation.

Table 4.1: Effect of GSV based auto-verification on the accuracy of walkway discovery.

] Support ‘ 2 ‘ 4 ‘ 6 ‘ 8 ‘
w/ GSV | 93.2% | 94.8% | 95.7% | 96.0%
w/o GSV | 80.9% | 88.6% | 93.5% | 95.8%

Impacts of GSV based auto-verification. We invoke the GSV APIs to retrieve images of
the discovered walkways and automatically verify them based on computer vision techniques.
To evaluate the performance of this module, we conduct experiments with and without the
GSV-based auto-verification module. We use 9 weeks of mobility data during the comparison
and vary support from 2 to 8. The results are shown in Table 4.1. Note that for both with and
without this module, the system can find the same number of walkways. By enabling this mod-
ule, the system can always achieve higher accuracy than the case without this function, having
the largest performance gain of 12.3% on accuracy when support = 2. When we increase the
support value, the gain benefited from GSV becomes small as the parameter of support value
will filter out many invalid walkways.

Impacts of step estimator. In the system design, we propose a step estimator to enhance
the walkable area estimation. Thus we also run experiments based on only available step count
data (denoted as basic method) and enabling the step estimator (denoted as enhanced method).

Table 4.2 shows the comparison results. For both methods, they achieve similar accuracy while
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Table 4.2: Effect of step estimator.

\ # of walkways \ Accuracy ‘

Basic method 95 93%
Enhanced method 224 94%

the enhanced method still has a bit higher accuracy. On the other hand, VitalAlley can discover
much more walkways with the step estimator when compared using the step count data only,
i.e., 224 vs 95 with an improvement of 136%. Since the step count data in the NSE project may
not be continuously updated, thus some mobility data cannot be directly exploited by the basic
method. Once the step estimator is trained for a student, all the mobility data can be used by

the enhanced method and as a result more walkways are found.
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Chapter 5

Conclusion and Future Work

5.1 Conclusion

Smart city is an inevitable trend for city development, with more and more electrically mobile
devices being available on the market. Many countries have planned to build smart cities.
Among all the related components of a smart city, transportation is vitally important to a city.
In this thesis, we describe two possible directions to enhance the transportation systems from
the people’s points of view. For the navigation service, we provide an AR-based one which
could improve the user experience. We also leverage the crowdsensed mobility information to
complete the missing information for digital maps.

We propose Amateur in the first work. It is an augmented reality based vehicle naviga-
tion system, using commodity smart phones. Amateur can automatically display navigation
instructions as a series of annotative arrows on the live road condition video stream to assist
the driving. The system design encounters host-lane identification and intersection determi-
nation challenges. We observe that the lane markers are painted in yellow or white in reality,
leading to large values in gray scale domain. Taking those large values that look like peaks as
input to a customized particle filter, the host-lane is identified in a computing affordable way
for mobile platform. We leverage the flickering feature of LED bulbs to detect traffic lights in
video streaming. The position of traffic lights in the video is a good indicator of the position
of intersections in the real world. Our solution can comfortably work with lightweight smart
phone platforms. To demonstrate the efficacy of the Amateur design, we implement the system

on Android phones. The experimental results indicate that Amateur can improve the navigation
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service from four important aspects: ease of use, perceived distraction, navigation experience
and user-friendliness.

We build another system named VitalAlley for discovering and verifying the missing walk-
ways leveraging NSE mobility data. Compared to motorways where vehicles are constrained
by the road, walkways are not structured and pedestrians have higher freedom to move towards
any direction. VitalAlley proposes an ellipse model to estimate the range of walkable area and
anovel bivariate Gaussian model based weighting scheme to assess the workability of walkable
areas. We then identify representative walkways from each walkable area through a two-phase
clustering method. Another challenge for new-found walkways is the verification. No previ-
ous method has been proposed to evaluate the validity of new-found motorways or walkways.
We proposed to resort to the help of an independent data source — GSV. The GSV is involved
to automatically verify each new-found walkways by comparing the representative features of
intersections between walkways and main roads. Experimental results using the large-scale
NSE mobility data demonstrate that our system VitalAlley finds 736 valid walkways (totaling
161 km in distance) for the OSM Singapore road map. A detailed evaluation in a study area

shows that VitalAlley can achieve accuracy as high as 96%.

5.2 Future Work

Based on our studies about smart city and urban computing, we think we are going to keep
researching on the following directions.

Demand-oriented bus dispatch strategy. Our project focus on the improvement of user-
experience and digital maps of the city, which is one aspect of the smart cities. Bus dispatch
strategy is another critical aspect for smart cities with large population density. Usually, bus
company has a regularly planned time schedule to run buses but the travel demand is not con-
sidered in the time schedule, leading to bus bunching [7] phenomenon that two same buses run
together and one is almost empty. The main reason may be that the travel demand is less than
the carriage capacity of provided buses. The travel demand could be analyzed through EZ-link
cards that are the cards used to take public transportation in Singapore [13]. We may design
more efficient and cost-effective strategy to improve the usage of buses by taking account the
travel demand of commuters. In our vision, the bus scheduling should be adapted and matched

with the travel demand.
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Transportation efficiency analysis. Automatic fare collection devices are deployed in
the public transportation system, namely subway system [59], bus system [9] and taxi sys-
tem [119], each of which plays a key role in transportation efficiency. The performance of any
of the three systems has great impact on transportation efficiency. In normal situation, each
system takes corresponding travel demand but the travel demand may tremendously increase
when there are emergent events such as subway breakdowns as subway system carries majority
travel demand in daily commuting. We may resort to the bus system to take the extra travel
demand. Buses and subways have complementary characteristics of capacities, speeds and
costs [117] and for some important road segments, both bus line and subway line exist. Thus,
providing special-designed bus lines is a feasible solution for subway breakdowns. We wish
to analyze the effect of subway breakdowns at different stations. The breakdown will generate
new travel demand, based on which we have further optimized bus dispatch strategy. Thus the
breakdown effect may be weakened by proper bus arrangement, which will largely shorten the
waiting time of commuters affected by the breakdown.

Traffic monitoring through taxi information. In smart cities, we can provide better ser-
vice by combining more information from connected devices. For instance, we could provide
accurate waiting time for users if the traffic speed is known. Taxis are good “devices” equipped
with on-board GPS chips [32]. We can regard taxis as probing sensors of the traffic speed.
From the dataset of taxi, we could estimate the speed of taxis [65]. Thus, we have a sampling
of traffic speed for the whole city. We will derive methods to infer the traffic speed of the road
segments without taxis running on. The commuters may have a better plan and time schedule
before they are waiting at the picking spots or bus stops.

Multi-source datasets. We have involved multi-source datasets in the design of VitalAl-
ley. GSV dataset, as an independent dataset, is leveraged to verify the existence of new-found
walkways. Obviously, multi-source datasets could provide complementary information com-
paring single-source dataset. To infer the mobility of human beings, mPat [118] leverages
CDR data to compensate the missing part of transit dataset. We are going to leverage the in-
formation of EZ-link dataset, taxi dataset and NSE dataset to approximate the transaction of
commuters. Commuter transaction is essential for building efficient wireless protocols and mo-
bile applications. The EZ-link dataset, however, only covers partial commuters who take public
transportation systems: subway and bus system. Taxi dataset only covers the commuters taking

taxis. The transactions of human beings who driver their own vehicles cannot be estimated. We
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believe some of them driver their kids to school in the morning, resulting in a overlap with NSE

dataset. Using NSE dataset to infer the transactions of private vehicles is a feasible solution.
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Appendix A

Author’s Publications

®

(i)

(iii)

Chu Cao, Zhenjiang Li, Pengfei Zhou, Mo Li, “Amateur: Augmented Reality based Ve-
hicle Navigation System ”, in Proceedings of the ACM on Interactive, Mobile, Wearable
and Ubiquitous Technologies (IMWUT) Volume 2, Issue 4, December 2018. To be pre-
sented in ACM International Joint Conference on Pervasive and Ubiquitous Computing
2019 (UbiComp’19).

Chu Cao, Zhidan Liu, Mo Li, Wengiang Wang, Zheng Qin, “Walkway Discovery from
Large Scale Crowdsensing ”, in ACM/IEEE International Conference on Information
Processing in Sensor Networks (IPSN), 2018.

Chu Cao, Zhidan Liu, Mo Li, Wengiang Wang, Zheng Qin, “Demo: Walkway Dis-
covery from Large Scale Crowdsensing ”, in ACM/IEEE International Conference on

Information Processing in Sensor Networks (IPSN), 2018.
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