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Abstract

Map services such as routing, travel time estimation, and nearby facility search have
become integral to a broad range of transportation applications including ride-sharing,
food delivery, last-mile logistics, and emergency response. Consequently, significant re-
search efforts have focused on developing algorithms for map service queries, commonly
under the implicit assumption that the underlying road network is accurate. As a result,
these efforts primarily focus on algorithmic efficiency (i.e., execution time). Unfortu-
nately, this assumption is not true, as road network data suffer from various inaccuracies
such as missing roads, incorrect edge weights, and inaccurate traffic information, all of
which severely degrade the accuracy of query results. No matter how efficient a short-
est path algorithm is, or how accurate the map topology may be, the end result will
be only as accurate as the edge weights it relies on. Thus, the primary bottleneck in
map services today is no longer the efficiency, but rather the accuracy, which heavily
depends on the quality of the underlying road network used for these services.

The goal of this dissertation is to significantly boost the accuracy of map services and
shift the research focus from merely developing more efficient algorithms to improving
the accuracy of the underlying map itself. We consider a broader definition of a map that
goes beyond traditional topology to a richer one that includes traffic related metadata,
without which, most map services would suffer from low accuracy. To this end, we
introduce a set of innovative techniques geared towards building the most comprehensive
and accurate maps. This dissertation does not aim to develop new algorithms for map
services or modify existing ones. Instead, it aims to improve the accuracy of the map
itself to provide more accurate input to query systems. This significantly boosts the
accuracy of all existing (and future) algorithms without changing their internal logic.

This thesis makes the following contributions: First, we introduce RASED, an
open-access map analysis tool that we developed to help researchers monitor map up-
dates across the world and gain deeper insights into map quality. Second, we present
QARTA, a full-fledged machine learning-based system for accurate map services. It

leverages machine learning to (i) learn accurate edge weights for the map from sparse
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trip data, and (ii) learn and model the map error margins, which are then used to cali-
brate query answers based on contextual information, including transportation modality,
location, and time of day/week. Third, we introduce our vision, “Let’s Speak Tra-
jectories”, which enables the execution of most (if not all) trajectory analysis tasks
essential for constructing accurate maps via one unified framework. We draw a novel
analogy between trajectories and natural language statements and innovatively adapt
the BERT language model to perform these tasks within a single, model-based frame-
work. Lastly, we present KAMEL, a novel system for the trajectory imputation task
inspired by our vision. It accurately infers missing points along sparse trajectories, gen-
erating dense, high-quality trajectories that enable more reliable map inference for any
algorithm using this data as input. In summary, the research contributions in this the-
sis lay the foundation and provide the means for building comprehensive, high-quality

maps that elevate the accuracy of all map-based applications.



Contents

Acknowledgements i
Dedication iii
Abstract iv
List of Figures b'q
1 Introduction 1
1.1 Map Services in Modern-Day Mobility . . . . .. .. .. ... ... ... 1
1.2 Accuracy is the Bottleneck in Map Services . . . . . ... ... ... .. 2
1.3 Thesis Contributions . . . . . . . . .. . ... .. 2
1.3.1 Full-fledged ML-based System for Highly Accurate Map Services 3
1.3.2 A Novel Unified Framework for Trajectory Analysis Tasks . . . . 4
1.4 Thesis Outline . . . . . . . .. . 6
2 RASED: A Scalable Dashboard for Monitoring Road Network Up-
dates in OSM
2.1 Introduction. . . . . . . . . . . . .
2.2 Background . . . . . ...
2.2.1 OSM Conceptual Data Model . . . . . . ... ... ... ..... 10
222 OSM Map Updates . . . . . ... ... .. ... ... ... .... 10
2.3 RASED Architecture . . . . . . . . . . ... 11
2.4 RASED Queries . . . . . . . .. 12
2.4.1 Analysis Queries . . . . . .. ... 12

vi



2.4.2 Sample Update Queries . . . . . . ... ... ... .. 16

2.5 Data Collection and Processing . . . . . .. .. ... ... .. ...... 17
2.6 Storage and Indexing . . . . . . . ... o 18
2.6.1 Supporting Analysis Queries . . . . . ... ... ... 18
2.6.2 Supporting Sample Update Queries. . . . . . . . ... ... ... 20
2.7 Query Execution . . . .. ... L Lo 20
2.7.1 Caching Strategy . . . . . . . . . ... o 21
2.7.2 Level Optimization . . . . . . . . . . ... ... ... ....... 21
2.8 User Interface . . . . . . . .. . L 22
2.8.1 Query Input Parameters . . . . . . . ... ... L. 22
2.8.2  Output Visualizations . . . ... ... .. ... ... ....... 24
2.9 Experiments. . . . . . ... L 26
2.9.1 Setting RASED Parameters . . . . . . ... .. ... ....... 27
2.9.2 RASED Query Execution Strategies . . . . . ... ... ... .. 28
2.9.3 Overall Performance . . . . ... ... ... ... ... ...... 28
2.10 Conclusion . . . . . . .. L 29
QARTA: An ML-based System for Accurate Map Services 30
3.1 Introduction . . . . . . .. .. L 30
3.2 QARTA Architecture . . . . . . . .. ... 32
3.3 DataLayer . ... .. . . . 34
3.3.1 Data Cleaning . . . . . . . . . . ... 34
3.3.2 Data Crawling . . . . ... . ... .. 35
3.4 Map Making Layer . . . . .. .. .. .. . 36
341 MatchorMake . . . . .. ... ... L oo 36
3.4.2 Edge Weight Inference . . . . . . .. ... ... ... ....... 39
3.4.3 Metadata Inference . . . . . . .. ... 41
3.5 Query Calibration Layer . . . . . ... ... ... ... .. ... 43
3.6 Experimental Evaluation . . . . . .. .. ... ... .. 0L 45
3.6.1 Setting QARTA parameters . . . . . . ... ... ... ...... 45
3.6.2 Travel Time Accuracy . . . . . . . . . . . . . .. ... .. 46
3.6.3 Kk-NN Accuracy . . . . . . . . o o it 48

vil



3.6.4 Query Performance and Training time . . . . . . . ... .. ... 49
3.7 Related Work . . . . . . . . . . . . . 51
3.8 Conclusion . . . . . . . . . ... 53

Let’s Speak Trajectories: A Vision To Use NLP Models For Trajectory

Analysis Tasks 54
4.1 Introduction . . . . . . . . . . . L 54
4.2 Points in Trajectories vs Words in Statements . . . . . . . . ... .. .. 57
4.2.1 Limited Domain . . . . . .. .. .. ... .. .. . 57
4.2.2 Domain Constraints . . . . . . . .. ... ... ... ... ..., 58
4.2.3 Intra-Relationship Constraints . . . . . ... ... ... ... .. 59
424 Clear Context . . . . . . . . . . 59
4.3 BERT for Trajectory Analysis Tasks . . . . . .. ... ... ... .... 60
4.3.1 BERT For Trajectory Imputation. . . . . . ... ... ... ... 60
4.3.2 BERT For Trajectory Prediction . . .. .. ... ... ... ... 62
4.3.3 BERT For Trajectory Classification . . .. ... ... ... ... 64
4.3.4 BERT For Trajectory Simplification . . . . ... ... ... ... 66
4.3.5 BERT For Trajectory Similarity . . . ... ... ... .. .... 68
4.4 Challenges in using BERT for Trajectory Analysis . . ... ... .. .. 71
4.5 The Vision: A BERT-like Model for Trajectory Analysis . . . . . .. .. 73
4.6 Initial Results . . . . . . . . .. 76
4.7 Related Work . . . . . . ..o 78
4.8 Conclusion . . . . . . . . 80

KAMEL: A Scalable BERT-based System for Trajectory Imputation 82

5.1 Introduction . . . . . . . . .. L 82
5.2 KAMEL Architecture . . . . . . . . . . ... 85
5.3 Tokenization . . . . . .. . ... 87
5.3.1 Hexagonal Space Partitioning . . . . . . . ... ... ... .... 88
5.3.2 Cell Size Optimization . . . . . . . . ... ... ... ... .... 89
5.4 Partitioning . . . . . . . ... 90
5.4.1 Models Repository Structure and Retrieval . . . . .. ... ... 91
5.4.2 Models Repository Maintenance . . . .. ... ... ... .... 92

viii



5.5 Spatial Constraints . . . . . . .. ... L Lo 93

5.5.1 Physical Movement Constraints . . . . . . . ... ... ... ... 94

5.5.2 Cycles Prevention . . . ... .. ... ... ... .. ....... 95

5.6  Multipoint Imputation . . . . . . .. .. Lo L 95
5.6.1 TIterative BERT Calling . . ... ... ... ... ......... 96

5.6.2 Bidirectional Beam Search . . . . . . .. ... ... ... 97

5.7 Detokenization . . . . . . . ... . L L 101
5.8 Experimental Evaluation. . . . . . . ... ... ... ... . ... ... 103
5.8.1 Impact of Data Sparseness . . . . . .. ... ... ... ..... 104

5.8.2 Impact of Accuracy Threshold . . . .. ... ... ... .. ... 106

5.8.3 Training and Imputation Time . . . . ... ... ... ... ... 107

5.8.4 Impact of Road Type . . .. ... ... ... .. ... ... .. 108

5.8.5 Impact of Training Data Properties . . . .. ... ... ... .. 109

5.8.6 Impact of Grid Type . . . . . . . . .. ... L. 110

5.8.7 Ablation Analysis . . . . .. ... ... oL 110

5.9 Related Work . . . . . ..o oo 112
5.10 Conclusion . . . . . . . . 114

6 Thesis Conclusion 115
References 117

ix



List of Figures

21
2.2
2.3
24
2.5
2.6
2.7
2.8
2.9
2.10
2.11
2.12
2.13
2.14
2.15
2.16
3.1
3.2
3.3
3.4
3.5
3.6
3.7
3.8

RASED Architecture . . . . . . . . ... 11
Visualized Results for Country Analysis Example in Bar Chart Format . 14
Results for Country Analysis Example in Table Format . . . .. .. .. 14
Visualized Results for Road Type Analysis Example . . . . .. ... .. 15
Visualized Results for Comparative Time-Series Analysis Example . . . 16
Hierarchical Temporal Index for Data Cubes . . . . ... ... ... .. 19
User Interface of RASED (https://rased.cs.umn.edu) . . . . . . . .. 23
Country View . . . . . . . .. e 24
Choropleth View . . . . . .. .. .. . 24
Road/Feature Types View . . . . . . . . .. .. o o oo 25
Time Series View . . . . . . . . . . e 25
Metadata View . . . . . . .. oL Lo 26
Setting Cache Size . . . . . . . . . . . 27
Setting Number of Levels . . . . . ... ... ... ... ... ... 27
Effect of Each Component . . . . . . . . .. ... ... ... ... . 29
RASED Overall Performance . . . ... ... ... ... ......... 29
QARTA Architecture . . . . . . . . . .. 33
Match or Make . . . . . . .. . .. L 37
QARTA Spatial and Temporal Zoning . . . . . . . .. ... ... .... 46
QARTA vs Other Map Services . . . . . . . . ... ... ... ..... 47
Accuracy vs Training Size . . . . . . . . . ... Lo 48
Accuracy by Hour of Day and Trip Distance . . . . . . . ... ... ... 49
K-NN Accuracy . . . .« . v v v i it e e e 50
Performance of QARTA . . . . . . . . . .. ... ... ... 50


https://rased.cs.umn.edu

4.1
4.2
4.3
4.4
4.5
4.6
5.1
5.2
5.3
5.4
9.5
5.6
5.7
5.8
5.9
5.10
5.11
5.12
5.13
5.14
5.15
5.16
5.17

Trajectory Imputation Using BERT Model . . .. ... ... ... ... 62

Trajectory Prediction Using BERT Model . . . . ... ... ... .... 64
Trajectory Classification Using BERT Model . . . .. ... ....... 66
Trajectory Simplification Using BERT Model . . . . . . ... ... ... 68
Trajectory Similarity Using BERT Model . . . ... ... ... ..... 70
Performance Results . . . . . .. .. .. . o o oL 77
KAMEL Architecture . . . . . . . . . .. 86
Example Output of the Tokenization Module . . . . ... ... ... .. 88
Selection Between Different Cell Sizes . . . . . . . .. ... .. .. ... 89
Pyramid Data Structure for Models Repository . . . . . . .. ... ... 91
Spatial Constraints Using Different Road Examples . . . . . . . .. . .. 94
Iterative BERT Calling . . . . . .. ... ... ... ... .. ...... 97
Bidirectional Beam Search . . . . . . .. .. ... ... ... ... 100
Three Outcomes for Clustering Points in a Token . . . . . . ... ... 102
Impact of Data Sparseness on Recall, Precision, and Failure Rate . . . . 105
Impact of Accuracy Threshold on Recall and Precision . . . . . . . . .. 106
Timing Analysis . . . . . . . . . . 107
Performance Analysis on Straight Segments . . . . . .. ... ... ... 108
Performance Analysis on Curved Segments . . . . . .. ... ... ... 108
Performance Analysis Using Different Training Size . . . . . . . . . . .. 110
Performance Analysis Using Different Training Density . . . . . . . . .. 110
Performance Analysis Using Different Grid Types . . . . . . . . ... .. 111
Ablation Study on KAMEL System . . . . . ... ... ... .. ..... 111

xi



Chapter 1

Introduction

1.1 Map Services in Modern-Day Mobility

The proliferation of GPS-enabled devices has enabled a myriad of essential map services
such as finding the shortest or fastest route between two locations, searching for nearby
facilities such as restaurants or gas stations, and estimating travel times to plan trips
and deliveries. Such map services are widely used by all transportation sectors, includ-
ing individuals, taxis, logistics and freights. In fact, map services become an integral
component of many contemporary transportation services, including ride-sharing (e.g.,
Uber [246] and Lyft [162]), food delivery (e.g., Uber Eats [247] and Doordash [66]),
and last-mile delivery (e.g., Amazon [8], UPS [250], and FedEx [74]). In emergency
response systems, where travel time is critical for saving lives, map services are uti-
lized to estimate travel times and efficiently navigate responder vehicles to incident
locations [158, 224]. The great demand for map services can also be seen through the
competition between enterprises which resulted in having a variety of commercial map
products (e.g., Google Maps [88], Bing Maps [20], HERE [103], and Waze [264]) that are
ubiquitously used worldwide. Consequently, map services has a direct and significant

impact on the reliability of transportation systems and applications.



1.2 Accuracy is the Bottleneck in Map Services

The last few decades have witnessed extensive research in academia and industry for
developing efficient algorithms for various map services queries (e.g., shortest path [137,
136, 268, 289], range [38, 120, 255, 304], and k-NN [15, 45, 110, 201, 283] queries).
These algorithms have an implicit assumption that the underlying road network is
accurate, and therefore, their primary focus was the efficiency. Unfortunately, such an
assumption is not always true as road network data suffer from all sorts of inaccuracies
that significantly degrade the query result accuracy. For example, Microsoft recently
announced that it has found more than one million kilometers of roads missing from
current maps [174]. Additionally, a recent independent report on the logistics industry
in USA found out that 99% of delivery company drivers believe they would be more
efficient if they had better maps [170]. Specifically, they pointed out several issues such
as maps are outdated, recommending longer routes, showing wrong drop-off points.
While these accuracy issues might seem minor on an individual level—perhaps only
causing someone a few minutes of delay—they quickly accumulate at scale and their
cumulative impact becomes substantial, especially for fleet-based, governmental, and
commercial applications that rely on map services to support large volumes of users
and operations. For example, map inaccuracies cost delivery companies US $6 billion
annually [243], due to the significant amount of wasted time that translates into wasted
wages, delayed deliveries, customer dissatisfaction, increased service costs, and high
vehicle pollutants. This negative impact is expected to grow with the rising number
of online shoppers and riders, as traffic shifts from casual users to delivery companies
and ride-sharing services. This poses a real challenge for current research because no
matter how efficient an algorithm one can develop, it will always fall inaccurate if the

underlying road network map is inaccurate.

1.3 Thesis Contributions

The goal of this dissertation is to exploit a new direction by pointing out that the
bottleneck in map services queries is no longer the efficiency (i.e., their execution time).
Instead, it is the accuracy, which heavily depends on the quality of the underlying road

network used to answer these queries. Hence, we develop a set of innovative techniques
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geared towards boosting the accuracy of the map itself, which will ultimately boost the
accuracy of existing (and future) algorithms without any need to modify their internals.

This dissertation introduces two main research contributions. The first contribution
presents a full-fledged, machine learning-based system that identifies key components
essential for building accurate maps. It encapsulates various proposed techniques into
an end-to-end system to enable highly accurate map services. The second contribu-
tion introduces a novel framework to efficiently analyze trajectory data, which is an
important data source for constructing accurate maps. This contribution enables the
execution of most (if not all) trajectory analysis tasks via one unified framework. These

two research contributions are briefly described in the rest of this section.

1.3.1 Full-fledged ML-based System for Highly Accurate Map Services

In this contribution, we architect and build QARTA [3, 184], a full-fledged machine
learning-based system for highly accurate map services. QARTA builds and maintains
its own map, which is the system’s main asset, and uses it to empower map services.
Beyond constructing accurate map topology, QARTA focuses on two main aspects:
(1) Learning accurate map metadata, such as edge weights, which are vital for the
accuracy of services like routing and ETA queries. (2) Learning and modeling error
margins, which are used to calibrate query results and improve their accuracy.

To achieve this, QARTA architecture is composed of three layers: The Data layer
prepares and cleans various datasets to support accurate map construction. The Map
Inference layer builds and maintains the map, including the inference of edge weights and
other map metadata. The Query layer incorporates existing state-of-the-art methods
to process map services queries and calibrate their results. Notably, QARTA does not
develop new map service algorithms. Instead, it boosts the accuracy of existing ones
by: (1) supplying them with a high accuracy map built by the data and map inference
layers, and then (2) calibrating their output through the query calibration layer. This
is a key advantage of QARTA over existing systems, as it enables more accurate and
reliable services without the need to change the internals of existing algorithms.

Our experiments show that QARTA reduces the error in estimated time of arrival
(ETA) queries by more than 25% compared to state-of-the-art open-source methods,

demonstrating its effectiveness in enhancing the accuracy of map services.



1.3.2 A Novel Unified Framework for Trajectory Analysis Tasks

The widespread use of location-tracking devices has made available a plethora of tra-
jectory datasets (set of consecutive location points for moving objects, represented by
their coordinates) [211, 112, 113, 84, 16, 81, 309, 240, 23, 294]. These datasets have
become a vital source for data-driven mapping applications [301, 261, 40, 79, 291, 184]
including accurate map inference [9, 19, 37, 99, 232, 219]. However, there are two major
obstacles that hinder the full utilization of trajectories: (1) Lack of a unified tra-
jectory analysis system: working with trajectories often requires executing a myriad
of analysis tasks on the dataset such as similarity search, clustering, and classification.
This is a major burden when there is no single unified system capable of carrying out
these tasks. (2) Trajectory sparsity: due to bandwidth, battery, and storage limita-
tions, trajectories often have large spatial and temporal gaps between observed points.
This negatively impact the accuracy of the inferred maps. To address these obstacles,

we provide the following research contributions:

e Unified Model-based System for Trajectory Analysis Tasks. We intro-
duce a vision of a unified, model-based system for most (if not all) trajectory tasks,
titled “Let’s Speak Trajectories” [183, 189, 190]. Inspired by the tremendous suc-
cess of BERT [63] deep learning model in various Natural Language Processing
(NLP) tasks, our vision is to develop a BERT-like system for trajectory tasks.
When trained, BERT core is equipped with the necessary NLP infrastructure to
solve various NLP tasks, and only needs to be externally tuned with minimal over-
head for each one. Similarly, we envision a model-based system that provides the
necessary infrastructure for all trajectory analysis tasks. Whether it is trajectory
imputation, similarity, clustering, or any other task, it would be one system that
researchers and practitioners can deploy, with a minimal tuning for its BERT-
customized model to support the required task. In this vision, we draw a strong
analogy between trajectories in a space and statements in a language. We present
analogies for several trajectory tasks to their corresponding NLP tasks. We also
identify key challenges to realizing this vision and propose potential directions to
address them. Finally, we outline a roadmap and research directions to advance

this vision toward a practical and high-impact trajectory analysis system.
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e Map-less Trajectory Imputation. To address the trajectory sparsity issue,
we introduce KAMEL [185, 188], a novel trajectory imputation framework that
accurately infers the missing points along sparse trajectories. KAMEL is the first
realization of our vision to have a unified, model-based system for trajectory anal-
ysis. Leveraging a BERT model trained on large volumes of trajectories, KAMEL
accurately predicts missing trajectory points, just as BERT in NLP can accu-
rately predict missing words in a sentence after being trained on large textual
corpora. Most existing imputation techniques [24, 157, 305, 135] assume the map
is accurate and therefore rely on matching trajectories to the underlying road
network. In contrast, KAMEL does not require any knowledge of the road net-
work, as it performs imputation solely based on the input trajectories. This is
directly inherited from the map-agnostic foundation of our vision, where trajec-
tory tasks are solved using data-driven models. Therefore, beyond being a step
toward our broader vision, KAMEL is particularly indispensable for accurate map
construction applications where maps are unavailable or suffer from various inac-
curacies [174, 170, 243]. Additionally, KAMEL does not require prior highly dense
trajectories, distinguishing it from other imputation techniques and making it es-
pecially useful for real-world, commonly available trajectory datasets. Towards
this goal, KAMEL system identifies and tackles three major challenges in adapt-
ing BERT to trajectory data: small training data ratio, spatial awareness, and
large trajectory gaps. Our extensive experiments show that KAMEL achieves a
recall score of over 89%, even with large trajectory gaps of up to 1 km. This sets
a new state-of-the-art, significantly outperforming the latest map-less trajectory
imputation technique [69]. With KAMEL generating denser and significantly more
accurate trajectories, not only does map inference become more reliable, but all
other downstream applications that rely on trajectory data as input also benefit

seamlessly from the improved input quality.



1.4 Thesis Outline

The subsequent chapters delve into the research contributions discussed above. We

summarize the thesis organization as follows:

e Chapter 2 introduces RASED [186, 187], a map stability and quality analysis tool
that we developed to monitors map updates across the world, and offered as an

open-access web service to help researchers gain deeper insights into the map.

e Chapter 3 introduces QARTA [3, 184], a full-fledged machine learning-based sys-

tem for highly accurate map services.

e Chapter 4 presents our “Let’s Speak Trajectories” [183, 189, 190] vision of a uni-
fied, BERT-like system for trajectory analysis tasks.

e Chapter 5 introduces KAMEL [185, 188], a novel trajectory imputation framework
that accurately infers the missing points along sparse trajectories without relying

on the underlying road network.

e Chapter 6 highlights the key contributions of our work and concludes the thesis.



Chapter 2

RASED: A Scalable Dashboard
for Monitoring Road Network
Updates in OSM

2.1 Introduction

It used to be the case that accurate digital maps are only built and sold by major
industry, e.g., HERE [80] and TomTom [90]. However, the high cost and proprietary
nature of commercial maps along with their inherent inaccuracy due to not being able
to be frequently updated, made researchers, developers, practitioners, and enterprises
turn their attention towards open-source maps [21, 85, 178, 235]. A prime example of
such maps is OpenStreetMap (OSM) [196], known as the Wikipedia of maps. OSM is a
platform for crowdsourcing-based maps that has recently replaced commercial providers
in various sectors of academia, government, and industry [181, 191]. For example, Ama-
zon Logistics [8] is using OSM data in their delivery programs [195], Apple Maps [11]
have been using OSM since i0S 6 [194], Facebook uses OSM as its backbone mapping
support [71], Lyft has described OSM as the ”Freshet Map for Rideshare” [164], while
Tesla [241] uses OSM for its routing [242]. All these companies, and many others in-
cluding Mapbox, Microsoft, and Uber, are not only using OSM, but are also extensively
contributing to it [10, 65, 286].
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Meanwhile, though there is extensive research in academia and industry for devel-
oping efficient algorithms for a myriad of road network queries (e.g., shortest path [137,
136, 268, 289], range [38, 120, 255, 304], and k-NN [15, 45, 110, 201, 283] queries), all
algorithms have the implicit assumption that the underlying road network is accurate.
Unfortunately, such an assumption is not always true as road networks suffer from all
sorts of inaccuracy that significantly degrade the query result accuracy. While this may
be acceptable for casual users where inaccuracy may only mean few minutes of delay, it
is not the case for governmental or commercial applications that support map services
for large numbers of users. For example, in USA, 99% of delivery company drivers say
that they would be more efficient if they had better maps [170]. Problems, identified
by those drivers, include: maps recommend longer routes and are not updated. This
wastes significant time that translates into wages and high gas consumption, costing
delivery companies $6B annually [243]. This trend is just going to increase with the
increase of online shoppers and riders, which shifts traffic from casual users to delivery
companies and ride sharing services.

Though OSM is deemed more accurate and up-to-date than commercial maps, its
accuracy is still far from being acceptable for high-demand map services [72, 163, 165,
176, 248]. This has triggered several research efforts, mostly led by the transportation
community, to study the quality of the underlying road network, represented by OSM
(e.g., [83, 117, 295]). Unfortunately, all such quality assessment studies have very limited
scope and scale, where the focus is only to study a certain city or country road network
with heavy manual operations. Up to our knowledge, there is no comprehensive global-
scale study for the quality of OSM road network. This is mainly due to its large scale,
which makes researchers limit their studies to small regions. For example, OSM road
network has more than 180M road segments and 2B nodes, which account for 500GB
worth of raw data.

This chapter introduces RASED (https://rased.cs.umn.edu); a publicly available
scalable dashboard to interactively monitor and analyze all OSM road network updates
worldwide. RASED is the first-ever attempt to quantify and visualize all OSM world-
wide changes on a daily basis, which gives an idea about road network stability anywhere
in the world. RASED provides the necessary infrastructure immensely needed by map

analyzers to understand and assess the map quality. Using RASED, map analyzers can
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query and visualize various map statistics, including number and percentage of OSM
updates per country, comparison between countries, types of updated roads, and tem-
poral evolution of updates. All queries can have several filters including temporal (e.g.,
time of update), spatial (e.g., country or state), road types, and update types, which
would all give a better understanding of map status globally.

RASED is a highly interactive system, where all its analysis queries are supported
in milliseconds allowing interactive visualization of the results. This makes RASED a
convenient and highly important dashboard for road network map analyzers worldwide.
To achieve its scalability and interactivity, the RASED backend employs: (1) offline
daily aggregation, where the daily crawled OSM updates are analyzed offline to form all
sorts of required precomputations, stored in data cubes [92], (2) hierarchical indexing,
where the offline daily aggregation cubes form a hierarchical index of weekly and monthly
updates to support analysis queries over longer time periods, and (3) caching, where
some of the daily /weekly /monthly data cubes are prefetched in memory for faster access.
All together, achieve a milliseconds response time when querying all OSM road network
updates during the past 15 years.

The rest of this chapter is organized as follows: Section 2.2 gives a brief background
about OSM. Section 2.3 gives RASED system architecture. Section 2.4 shows the queries
supported by RASED. RASED three main modules, namely, Data Collection, Indexing,
Querying, and User Interface are described in Sections 2.5, 2.6, 2.7, and 2.8, respectively.

Section 2.9 experimentally evaluates RASED. The chapter is concluded in Section 2.10.

2.2 Background

OpenStreetMap (OSM) [196], launched in 2004, is a collaborative community project to
create a free editable map of the world. Known as the Wikipedia of maps, OSM has 8.5
Million users, with 300K active users per year (users who made at least one edit during
the year) [199]. OSM supports 400+ public free open-source OSM-based services [150],
80+ OSM-based commercial services [51], and receives API requests at the rate of 800
requests per second, for only one OSM data center [197]. This section gives a brief and

necessary background about OSM data and update representation.



10
2.2.1 OSM Conceptual Data Model

OSM data is all stored in one big XML file (Plant.osm) presenting a massive list of
elements, where each element is one of the following three types: (1) Node, which
represents a certain point in the space with node identifier and its latitude and longitude
coordinates. Objects represented by Nodes include intersection points, traffic lights,
stop signs, bus stations, and other Points of Interest (Pol). (2) Way, which represents
an ordered list of node identifiers making connected road segments. (3) Relation, which
represents the relations between one or more elements of any type. Relations are used to
model complex roads that may contain multiple parts (e.g., multiple Ways). Currently,
OSM Planet.osm file is 1.6TB, and includes more than 7.5B nodes, 800M ways, and 9M

relations.

2.2.2 OSM Map Updates

OSM is based on crowdsourcing where mappers voluntarily upload geographical data
for their surroundings, which results in updating the map by creating new elements
or modifying existing ones. OSM stores such updates in three different sets of files,
described below:

Diff (https://wiki.openstreetmap.org/wiki/Planet.osm/diffs.) OSM creates such
a file every minute, day, and hour such that any created or modified element is added
(and replicated) to these three files. Only the element’s after-image is stored in these
files. Currently, OSM has 5M, 82K, and 3.5K minute, hourly, and daily Diff files,
respectively, with sizes that range from a few megabytes to a few gigabytes per file.
Changesets (https://wiki.openstreetmap.org/wiki/Changeset.) A set of files
that provide metadata information about map updates, e.g., user information, bounding
box, comments, and sources, described for each changeset; a term used to represent all
updates submitted by a particular user in one session (maximum of 24 hours). OSM
provides two sources to download such data: (a) A single large file created every week
with a dump of all changesets in OSM lifetime, currently of size 50GB. (2) A series of
sequentially numbered small files (tens of kilobytes), such that a new file is created for
every 1K new changesets. Currently, OSM approximately creates a new such file every

minute and has created 5M files.
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Figure 2.1: RASED Architecture

Full History (https://wiki.openstreetmap.org/wiki/Planet.osm/full.) One huge
file dumped every few weeks for entire OSM updates. Unlike Diff files, the full history
includes the previous state of each update. Currently, this file size is 3+TB and has

12+ Billion elements of all versions.

2.3 RASED Architecture

Figure 2.1 depicts the architecture of RASED, composed of the following four main
modules:

Data Collection and Processing. This module is responsible for daily and monthly
crawling of the OSM updates and preparing them for consumption by the Storage and
Indezing module. The output of this module is a long list of daily/monthly updates,
termed UpdateList, where each update has eight attributes: <FElementType, Date, Coun-
try, Latitude, Longitude, RoadType, UpdateType, ChangesetID>. FElementType is the
type of the updated element (i.e., node, way, relation), Date, Country, Latitude, Longi-
tude represent the date and location of the update, RoadType is the type of the updated
road (e.g., highway, service, residential), UpdateType is the type of the update (e.g.,
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new road, update geometry, deletion), ChangesetID is a reference to the changeset (Sec-
tion 2.2.2) that contains this update. Details are in Section 2.5.

Storage and Indexing. This module takes the output of the Data Collection module
as its input. Then it goes through two main operations: (a) computing various sorts
of precomputations in a form of data cubes [92] and using it to populate its own hi-
erarchical temporal index structure of daily, weekly, monthly, and yearly precomputed
statistics, and (b) dumping the input to a traditional data warehouse indexed by both
ChangeSetID and a spatial index. Details are in Section 2.6.

Query Execution. This module receives RASED queries submitted through the User
Interface module, and answers them in an interactive way. Internally, it employs two
main ideas: (a) Caching, where a selected set of aggregate data cubes are cached in
memory to efficiently support incoming queries, and (b) Level optimization, where it
smartly decides which level(s) in the index hierarchy would be better exploited for more
efficient query support. Details are in Section 2.7.

User Interface. This module presents the Web Graphical User Interface (GUI) for
RASED. It receives a set of interactive online queries from RASED users and sends it
to the Query Fxecution module, which responds back with the answer in an interactive
way. The query result is then visualized in various ways that allow map analyzers and
domain experts to assess OSM stability and changes anywhere in the world. Details are

in Section 2.8

2.4 RASED Queries

This section describes the various queries supported by RASED, presented in a SQL
format. The most important queries fall under the category of analysis queries, described

in Section 2.4.1. Update sample queries are described in Section 2.4.2.

2.4.1 Analysis Queries

RASED analysis queries aim to provide detailed statistics about road network updates.
Examples of such queries include: “finding the number or percentage of road network
updates over the last two years for a particular set of countries’, “finding the number

of updates for each road type for a certain country over a certain time period’, and
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“compare the road network evolution for a particular set of countries”. The results of
RASED analysis queries can be presented as either absolute numbers or percentages of
the country’s road network size, and can be visualized as: (a) tabular format sorted on
any column, (b) various charts (bar, choropleth, time series), or (c) a timelapse video
showing the road network evolution.

Generally speaking, RASED analysis queries are aggregate queries on a subset of
the fields from the UpdateList relation, namely, ElementType, Date, Country, RoadType,
and UpdateType, described in Section 2.3. In particular, RASED queries would have
the following SQL signature:

SELECT
U .ElementType, U.Date, U.Country,
U .RoadType, U .UpdateType, COUNT(*)
FROM UpdateList U
WHERE
U .ElementType IN ListofElementTypes
AND U .Date BETWEEN datel AND date2
AND U .Country IN ListofCountries
AND U .RoadType IN ListofRoadTypes
AND U .UpdateType IN ListofUpdateTypes
GROUP BY
U .ElementType, U.Date,

U .Country, U.RoadType, U .UpdateType

Below are few examples of RASED analysis queries and their visualized answer,
based on the above query signature:
Example 1: Country Analysis. “Find the number of newly created or modified
element types (node, way, relation) for each country road network in 2021”: Out of the
five attributes in the query signature, we would need to group on only two of them
(Country and ElementType) as we need the answer for each country and each element
type. We have conditions on both the Date and UpdateType. No group or constraints
on the fifth attribute, RoadType. Figures 2.2 and 2.3 give RASED visualization for that

query in both bar chart and table formats, respectively.
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Figure 2.2: Visualized Results for Country Analysis Example in Bar Chart Format

country All Ways Created  Ways Modified | Relations Cri Relations Mc Nodes Cr¢ Nodes Moc
United States 9,142,858 3,559,417.0  5,483,190.0  43.0 92.0 19,295.0 80,821.0
India 4,299,546 2,525,864.0 1,771,880.0 3.0 104.0 210.0 1,485.0
Germany 3,302,925 641,372.0 2,639,701.0 79.0 143.0 4,383.0 17,247.0
Brazil 2,847,160. 857,852.0 1,971,562.0 4.0 9.0 4,068.0 13,665.0
Mexico 2,432,545 751,154.0 1,677,685.0 0.0 3.0 526.0 3,177.0
France 2,293,375 521,512.0 1,755,216.0 54.0 60.0 4,267.0 12,266.0
Vietnam 2,223,752 1,117,416.0 1,106,088.0 0.0 25.0 157.0 66.0

Figure 2.3: Results for Country Analysis Example in Table Format

SELECT U .Country,U .ElementType, COUNT (*)
FROM UpdateList U
WHERE U .Date BETWEEN 2021-01-01

AND 2021-12-31

AND U .UpdateType IN [New,Update]
GROUP BY U .Country, U .ElementType

Example 2: Road Type Analysis. “Find the number of newly created or modified
elements types (node, way, relation) for each road type in USA since 2018": We group
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Figure 2.4: Visualized Results for Road Type Analysis Example

on two attributes (RoadType and ElementType) and have filters on the remaining three
attributes, Date, Country, and UpdateType. Figure 2.4 gives RASED visualization for

the query answer.

SELECT U .RoadType,U .ElementType,COUNT (%)
FROM UpdateList U
WHERE U .Date AFTER 2018-01-01

AND U .Country = USA

AND U .UpdateType IN [New,Update]
GROUP BY U .RoadType, U .ElementType
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Figure 2.5: Visualized Results for Comparative Time-Series Analysis Example

Example 3: Comparative Time-Series Analysis. “Compare the percentage of daily
changes in road network in Germany, Singapore, and Qatar over 2020 and 2021”. We
group and have conditions on Country and Date. Nothing is needed for the remaining

three attributes. Figure 2.5 gives RASED visualization for the query answer.

SELECT U .Country, U.Date, Percentage (*)
FROM UpdateList U
WHERE U .Date BETWEEN 2020-01-01
AND 2021-12-31
AND U .Country IN [Germany,
Singapore, (atar]
GROUP BY U .Country, U .Date

2.4.2 Sample Update Queries

RASED users may want to see a sample of the updates that represent a given analysis
query. Hence, RASED provides a query interface that visualizes a sample of N (default
= 100) such updates on the map based on their latitude and longitude information.
RASED also uses the ChangesetID of the samples to call a third-party application that

visualizes the details of the sample update.
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2.5 Data Collection and Processing

This module crawls OSM update files, described in Section 2.2 to produce the Up-
dateList of eight-attributes tuples: <FElementType, Date, Country, Latitude, Longitude,
RoadType, UpdateType, ChangesetID>. One way to realize this module is to deploy
a monthly crawler of OSM full history file. However, this would mean that RASED
would have stale statistics, only updated on a monthly basis. Hence, we opt to have
daily crawlers of the daily diff and changesets files, and use them to construct as much
as possible of the UpdateList. Then, use the monthly crawler to complete the missing
information. This ensures the accuracy of most RASED analysis queries.

Daily Crawler. The daily crawler mainly constructs seven out of the eight attributes
of the UpdateList. For the eighth attribute (UpdateType), we can only infer whether an
update is a new or updated tuple, but would not know whether this is an update for
geometry or for metadata. Hence, we would defer these details to the monthly crawler.
For each update record, four out of the seven attributes (in addition to the Update Type)
are obtained in a straightforward way from the diff files, namely, ElementType, Date,
RoadType, and ChangesetID attributes. The remaining three attributes, Country, Lati-
tude, Longitude, can only be easily obtained for the node elements, but not for the way
and relation elements. To find out such information for each update tuple, we use its
ChangesetID to retrieve its bounding box from the changesets file. We then map the
bounding box to its country, and assign latitude and longitude coordinates based on the
center point contained in the bounding box.

Monthly Crawler. The monthly crawler is made to go through the full history file to
compare every two consecutive versions of an element and classify the update type as
either create, delete, metadata update, or geometry update. Newly created elements will
always be their first version, while deleted ones are the last version. Geometry updates
occur when there is a change in the latitude/longitude attributes or the list of members
of a way or relation element, while metadata update occurs by changing the element

tags.
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2.6 Storage and Indexing

The Storage and Indexing module takes the daily and monthly UpdateList: <ElementType,
Date, Country, Latitude, Longitude, RoadType, UpdateType, ChangesetID>, produced
from the Data Collection module (Section 2.5) as its input. Then, it builds and main-
tains a storage infrastructure that can be efficiently accessed by the Query Execution
module (Section 2.7) to support RASED queries. This section describes such storage

infrastructure per the type of supported queries.

2.6.1 Supporting Analysis Queries

To support RASED analysis queries (Section 2.4.1), we build and maintain a hierarchical
temporal index structure that ensures that all queries will be supported with very few
I/Os. This gives an interactive user experience navigating through various analysis
queries. We describe below the index hierarchy, index nodes, index size, and index
maintenance.

Index Hierarchy. Figure 2.6 depicts the hierarchical temporal index structure, em-
ployed by RASED. The index does not index the OSM updates itself. Instead, it indexes
precomputed statistics (i.e., aggregates) about the OSM updates. These precomputed
statistics basically cover everything one could ask for from any RASED analysis query.
The index has four levels that represent yearly, monthly, weekly, and daily statistics
with one dummy root node at the top that points to the various yearly statistics. All
statistics are presented in the form of data cubes [92], each is stored in one-page index
node. Each yearly statistics is basically an aggregation of twelve monthly statistics.
In turn, the monthly statistics are aggregates of four weekly and zero to three daily
statistics, and so on.

Index Nodes. Each index node at any level is basically a four-dimensional data
cube [92], where the dimensions correspond to four attributes from the UpdateList,
namely, ElementType, Country, RoadType, and UpdateType. In RASED, we have the
following possible values for each dimension: (1) ElementType. Three possible values,
presenting node, way, and relation elements. (2) Country. 300+ values presenting all
countries plus some selected zones of interest (e.g., continents and US states). (3) Road-

Type. 150 possible road types, including highway, residential, service, and truck roads.



19

oo ' Daily Cubes
! Hierarchical ] ]
' < Yearly Cubes
i Indexer Y, Yy )
Monthly Cubes
M, M, My ) '
« Weekly Cubes
Wy W W, Wy w) :
“— Daily Cubes
Dy D, Dg D, Dy (D)
e.g., Jan01
2021

Figure 2.6: Hierarchical Temporal Index for Data Cubes

(4) UpdateType. Four kinds of update operations, namely, newly created roads/nodes,
deleted roads/nodes, road geometry update, and road metadata update. This means
that each cube maintains 540,000 precomputed values. Each cube cell is basically the
count of OSM updates that happen in the time window of the cube (year, month, week,
day) and match the corresponding value for each of the four dimensions.

Index Size. All nodes at all levels are of fixed size. With 540K values per node,
each node takes ~4MB of storage, which directly fits in one disk page. Considering
all the OSM updates since its inception in 2004, we have 6,000+ daily nodes, 850+
weekly nodes, 200+ monthly nodes, and 16 yearly nodes. So, the total required storage
is ~28GB, which accommodate close to 7,000 nodes with 4 billion aggregate values.
Though we store all index nodes on disk, the query executor caches some of them in
memory for faster processing.

Index Maintenance with Daily Updates. Once the daily UpdateList is received
from the daily crawler process in Section 2.5, we scan all the updates (10~20MB), and
construct a new data cube of 540,000 aggregate values as described above. Notice that
with the daily crawlers, we would have only two possible values for the UpdateType

dimension, so, in fact, we would calculate only 270,000 aggregate values, while putting
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zeros in the rest of the data cube cells. The cube is then stored in a newly allocated
disk page and linked to last day cube. If this day is the end of the week, we construct
the parent weekly cube by reading the six previous cubes and summing up their corre-
sponding values to build a newly weekly cube. We do so recursively for monthly and
yearly cubes, if this day is the end of the month and year, respectively. This process
is performed offline, and takes up to 30 minutes. The time is mainly spent in scanning
the UpdateList, and hence it depends on the number of updates of each day. The pro-
cess does not consume much I/Os. Normally, we would need only one I/O for daily
cubes. If it is the end of the week/month/year, we would need up to 8, 6, and 13 1/Os,
respectively.

Index Maintenance with Monthly Updates. Once the monthly UpdateList is
received from the monthly crawler process in Section 2.5, we scan all the updates and
reconstruct all the daily and weekly data cubes in that month. The main reason is that
by now we have more detailed information about the UpdateType with four possible
values. This would be a bit costly operation that would take a few hours due to the
size of the monthly UpdateList and the number of I/O operations. Yet, the process is

completely done offline, and copied to the index structure only when done.

2.6.2 Supporting Sample Update Queries

To support sample update queries (Section 2.4.2), we dump the whole UpdateList into a
standard database table indexed by: (a) a hash index on ChangesetID, which is needed
to retrieve a single update for RASED users to see the change that took place for a
specific object, and (b) a spatial index on < Latitude, Longitude>, which is needed to

retrieve the sample updates located in a certain spatial region.

2.7 Query Execution

The Query Execution module supports RASED queries through efficient data retrieval
from the index infrastructure laid out by the Storage and Indexing module. This section
only focuses on supporting RASED analysis queries (Section 2.4.1), as sample update
queries are supported through a straightforward index-based retrieval from a traditional

DBMS. RASED query execution goes through two main phases: The first phase is
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mostly disk-based as it retrieves the data cubes that include the answer for a given
query. The second phase is completely in-memory, where some computations may still
be needed to aggregate values within the cube. For example, a query that asks about
the number of updates in each country in a certain time window ¢, would first retrieve
the data cubes that satisfy ¢. Since each cell in each cube represents one value of the four
dimensions, Country, ElementType, RoadType, and UpdateType), we would then need
to aggregate the values across three dimensions as we are only interested in the sum of
updates for each country. The first phase is actually the bottleneck of this module, as
the second phase is executed all in-memory. To reduce the overhead of the first phase,
we employ two optimization techniques, caching (Section 2.7.1) and level optimization

(section 2.7.2), geared towards reducing the number of retrieved data cubes from disk.

2.7.1 Caching Strategy

The idea of caching is to preload into memory some of the very recent data cubes,
such that queries over recent data would be either fully or partially answered from
in-memory cubes. This would significantly save from the query response time as we
reduce the number of disk retrieval of data cubes. The rationale is that RASED is
more likely to receive inquiries about recent updates than older ones. The challenge is
from which index level we should pick our preloaded data cubes. Hence, we formulate
our caching strategy as follows: Given N available memory slots and the sets Y, M,
W, D of yearly, monthly, weekly, and daily cubes, we preload the following cubes into
memory: {Dp|—; }525 U {Wiw|—i}ioo U {Mar—i 1120 U {¥jy i} where a, B, v, and 6
has a total sum of 1 and present the ratio of the N memory slots that will be allocated
to each daily, monthly, weekly, and yearly levels, respectively. Such parameters present
a trade-off between aggregation granularity and time coverage. For example, higher «
would cache more daily details but less covered period, while higher v and 6 would favor

longer period queries.

2.7.2 Level Optimization

A given analysis query could be answered from a mix of data cubes at different temporal

levels. For example, an aggregate query for the period Jan 1, 2022 to Feb 15, 2022 can
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be answered using either: (a) 46 daily cubes, (b) six weekly cubes (weeks of Jan 2, 9,
16, 23, 30, and Feb 6) and four daily cubes (Jan 1 and Feb 13-15), or (c¢) one monthly
cube (January), one weekly cube (week of Feb 6), and eight daily cubes (Feb 1 to 5
and 13-15). The objective of the level optimization is to find the query plan that would
retrieve from disk the least number of data cubes, taking into consideration that some
of the data cubes are already in memory due to the deployed caching strategy. For
example, trying to reduce the number of data cubes in the previous example would
directly advise using either plan (b) or plan (c) as both plans would only require 10
data cubes. However, if the caching strategy is set with a high value of «, then it could
be that the last 60 daily cubes are in memory, and none of the other higher temporal
level cubes. Hence, plan (a) would be favored here as it has zero disk access, while plans

(b) and (c) would require six and two disk cubes, respectively.

2.8 User Interface

The User Interface module is where users can interact with RASED to perform interac-
tive and comprehensive analysis, and navigate through all map updates worldwide. In
particular, RASED interactive interface makes the system highly engaging where audi-
ence would not feel about the huge scale of data that the system maintains. Interested
readers can refer to the live RASED system and interact with its friendly user interface
at https://rased.cs.umn.edu. Figure 2.7 presents RASED landing page which is or-
ganized into two main sections: Query Input Parameters, located primarily on the top
and left sides of the page, and Output Visualizations, which occupy the remaining area.

We explain these components in details.

2.8.1 Query Input Parameters

As depicted in Figure 2.7, users can specify the following query parameters in RASED
user interface: (1) temporal range to specify the dates of interest, (2) road types of
interest (e.g., road networks, bus or cyclists routes), (3) type of OSM data (e.g., nodes,
ways, or relations), and (4) nature of updates (e.g., create or modify). Furthermore,
users can customize the view of the query results using two main options: (a) abso-

lute/percentage statistics, which is crucial to see the amount of map updates relative to
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Figure 2.7: User Interface of RASED (https://rased.cs.umn.edu)

road network size of each country, and (b) the geographical regions to focus on, which
could be the whole world or a specific region such as Furope. RASED users will be
able to notice that no matter how large is the query temporal range or spatial region,
the query response and all visualizations are highly interactive. This is mainly due to

RASED efficient storage and querying techniques.
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v Countries View Y Choropleth View

Data For: All road/feature type(s).  Selected: None. Data For: All road/feature type(s).
Table: click+ctrl(cmd) to select/deselect entries. Chart: click+shift for multiple selection; click on empty

area (or ESC) to clear.
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Vietnam 4,760,506.0 2,433,976.0 2,326,185.0 186.0 159.0

France 3,854,089.0 910,422.0 2,915,446.0 6,982.0 21,239.0

Figure 2.8: Country View Figure 2.9: Choropleth View

2.8.2 Output Visualizations

Users can see the query results via the followig six output visualizations:

(1) Statistics per Country. Figure 2.8 depicts the Table view of all updates per
country. Users can toggle this view as Table or Chart, and can sort entries based on
the number/percentage of road changes per country. This helps road network analyzers
to understand which countries have more changes in their road network either as an
absolute number or percentage, and according to the input query parameters (temporal
range, road type, and update type). The Chart view of this visualization is categorized
by both the road type and nature of updates. Finally, users can use this view as an
additional parameter to filter the results of all other visualizations. For example, one can
click on one or more countries in the Table view, which will limit all other visualizations
to show only the statistics of the selected countries.

(2) Time-lapse Choropleth View. Figure 2.9 gives a bird view of all map updates
according to the query parameters and geographic region selected in the input query
parameters. The view is presented as a Choropleth chart, where users can run a time-
laps video of it, which helps in understanding the evolution of road network updates
through the temporal range of interest.

(3) Statistics per Road/Feature Type: Figure 2.10 shows the Chart view for the

update activity for every single road type (e.g., service and residential roads) for the
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Figure 2.10: Road/Feature Types View Figure 2.11: Time Series View

input query parameters set and the countries selected in the Country View. Users can
toggle this view as Table or Chart, and can sort entries based on various statistics.
The Bar Chart view is split into different colors indicating different map elements and
different types of updates. This helps map analyzers understand which roads are being
updated more than others in which country. In the Table view, selecting one or more
road types will reflect on all other visualizations as filters.
(4) Comparison between Countries: Figure 2.11 shows a scenario where users
can compare the road network update activities between multiple countries per certain
query parameters and road/features types. Users can continue to add/remove countries
or scroll to zoom in/out of the chart to inspect the values at different points of the time-
line. Users will be able to witness the system scalability through the highly interactive
analysis over the large scale data maintained by RASED.
(5) Inspection of Sample Updates: With the Sample View panel, users can retrieve
a sample of map updates that satisfy the parameters set in all other visualizations
combined. The samples are plotted on the map as pins showing their locations. Clicking
on any of these pins would show the “before” and “after” status of this specific update.
(6) Metadata Completeness Check: Figure 2.12 depicts a view where users can
check the percentage of roads annotated with certain metadata (e.g., maximum speed,

number of lanes) in a tabular view, which can be sorted based on any of the columns.
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v Metadata View

Metadata information are currently available for United States only, and represent a snapshot
of the current status not the history.
Data For: All U.S. states; and All road/feature type(s). Roads: 30,928,794

Metadata group Search
Basic v Type and hit enter to search for metad:
Metadata Available Missing Missing %
service 8,748,338.0 22,180,456.0 7.7
oneway 3,742,196.0 27,186,598.0 87.9
surface 3,326,394.0 27,602,400.0 89.24
lit 172,576.0 30,756,218.0 99.44
width 170,345.0 30,758,449.0 99.45
smoothness 156,367.0 30,772,427.0 99.49

Figure 2.12: Metadata View

Users can also select certain road types (e.g., primary) or specific regions (e.g., Wash-
ington State) from other views to evaluate the coverage percentage only against these

selected regions and road types.

2.9 Experiments

This section provides experimental evaluation of RASED to: (a) setup RASED param-
eters in terms of cache size and number of index levels (Section 2.9.1), (b) understand
the performance gain from employing caching and level optimization strategies (Sec-
tion 2.9.2), and (c¢) compare RASED overall performance against a traditional DBMS
implementation (Section 2.9.3). All experiments are done on an actual deployment of
RASED as a publicly available web service at: https://rased.cs.umn.edu. For eval-
uation, we use the OSM full history dump which contains more than 12 billion updates
with a total size of 3 TB of raw data. We run the whole dataset through RASED
Data Collection module to come up with the full UpdateList as: <FElementType, Date,
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Country, Latitude, Longitude, RoadType, UpdateType, ChangesetID>, then bulk load
the list into RASED temporal hierarchical index structure. We focus our experiments
only on analysis queries (Section 2.4.1), as sample update queries (Section 2.4.2) are
executed in a traditional DBMS way, so, there is nothing much to report about it. Our
main performance measure is the query response time, which needs to be in order of
milliseconds to ensure an interactive user experience of RASED analysis queries. Each
point reported in all performance experiments is an average of 100 query execution.
Unless mentioned otherwise, each query retrieves only one data cube cell to focus our
performance results on the disk retrieval time, the default cache size N is 2GB, with
a, B3, v, and 6 are set to 0.4, 0.35, 0.2, and 0.05 respectively. All experiments are done
using an Ubuntu system running on 8-core Intel(R) i7-4790 CPU @ 3.60GHz and 32GB

of memory.

2.9.1 Setting RASED Parameters

This experiment aims to set the parameters of RASED index structure, namely the
cache size and the number of levels in the hierarchical index. Figure 2.13 gives the
query response time of RASED when varying the cache size from 128MB to 4GB, which
can fit from 32 to 1,000 data cubes. We perform this experiment using various query
loads with a time span of 1, 3, 6, and 12 months, which would reflect on the number of
data cubes needed to answer each query. Clearly, the larger the cache size, the better
the performance as higher numbers of data cubes can be retrieved from memory. For

each query temporal window, there is a saturation point where increasing the cache
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size will not have significant enhancement, e.g., 512MB, 1024MB, and 2048MB for the
queries with 3, 6, and 12 months, respectively. Since RASED supports queries with large
time windows, we opt to choose 2048MB cache size in RASED deployment. Figure 2.14
gives the size needed for each additional hierarchy level for RASED index when varying
the covered period from one to 16 years, where a flat index means one level of daily
cubes, while extra levels are for weekly, monthly, and yearly cubes. Apparently, the
extra levels do not add much beyond the storage already needed for the first daily level.
In particular, a four-levels index for a 16-years period would only take 1.15 of storage
taken by a flat index for the same period. Hence, we opt to have our hierarchical index

with four levels.

2.9.2 RASED Query Execution Strategies

This section aims to understand the performance gain from employing caching and level
optimization strategies in RASED. In particular, Figure 2.15 gives the performance of
three variants of RASED when varying the query time window from one to 16 years.
The first variant (RASED-F) is a one-level flat index with neither caching nor level
optimization. The second variant (RASED-O) is the full RASED index with level
optimization, but no caching. The third variant is the full RASED system with both
level optimization and caching. The more than two orders of magnitude performance
gain from RASED-F to RASED-O shows the impact of having the index hierarchy, along
with the level optimizer. Meanwhile, the order of magnitude performance gain from
RASED-O to RASED shows the impact of deploying the caching strategy. Overall, both
index hierarchy and caching boost RASED performance by three orders of magnitude.

2.9.3 Overall Performance

This section evaluates RASED against PostgreSQL implementation of the RASED anal-
ysis queries. To ensure fairness, we set PostgreSQL buffer size to 2GB similar to RASED
cache size. Figure 2.16 gives the performance of RASED and PostgreSQL when varying
the query time window from one to 16 years. PostgreSQL constantly takes around 1000
seconds to answer the analysis queries regardless of the query period or the aggregation

size. This is mainly because it requires scanning the whole data since the query involves
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Figure 2.15: Effect of Each Component Figure 2.16: RASED Overall Performance

multiple attributes in the Group By clause. Meanwhile, RASED consistently achieves
five to six orders of magnitudes better performance, reaching up to 10 milliseconds in

its longest query period, which is due to its powerful index structure.

2.10 Conclusion

This chapter presented RASED; a publicly available scalable dashboard to interactively
monitor and analyze all OpenStreetMap (OSM) road network daily updates worldwide.
RASED supports a myriad of analysis queries that provide detailed statistics about road
network daily updates activity, e.g., finding the number or percentage of road network
updates over the last two years for a particular set of countries, finding the number of
updates for each road type for a certain country over a certain time period, and com-
paring the road network evolution for a particular set of countries. RASED is equipped
with a hierarchical temporal index structure and caching strategy that efficiently re-
trieve precomputed statistics needed for analysis queries. Results of RASED queries
are visualized as either tabular format, various charts, or a timelapse video. RASED is
highly interactive with milliseconds response to all its analysis queries. Realization of
RASED has orders of magnitudes better performance than realizing similar ideas using
traditional PostgreSQL DBMS.



Chapter 3

QARTA: An ML-based System

for Accurate Map Services

3.1 Introduction

The proliferation of GPS-enabled devices and the need for basic map services (e.g.,
routing, store finding, and traffic information) result in having a variety of commercial
map services (e.g., Google Maps, Bing Maps, HERE, and Waze) that are ubiquitously
used worldwide. On top of this, mapping services have become an integral component
of other widely used services, including ride-sharing (e.g., Uber and Lyft), food delivery
(e.g., Uber Eats and Doordash), and last-mile delivery (e.g., Amazon, UPS, and FedEx).
All these services rely on the basic functionality of routing, which recommends the best
route from one location to another. Hence, several research efforts were dedicated to
come up with more efficient execution of shortest path queries [137, 136, 202, 262, 268,
289]. However, practically speaking, the execution time is no longer the bottleneck of
these queries. The real challenge is accuracy, which heavily depends on the quality of the
underlying map. If a company runs the most efficient algorithm on top of an inaccurate
map, the result will not be acceptable. Another company with a more accurate map
would offer better services even if it has a less efficient algorithm, yet still within an

acceptable real-time response.

30
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As aresult, recent work has focused on building and updating the road network map,
especially for regions in the world where maps are not easily available. Examples of such
work include constructing the road network from drivers’ GPS traces [19, 37, 219, 232]
or satellite images [17, 44, 237]. Unfortunately, these attempts did not solve the routing
problem mentioned earlier as the focus is mainly on having a more accurate topology
of the map, while routing services rely more on the weights of the network edges (i.e.,
road segments). An accurate topological road network without accurate edge weights
will be of no use to basic map services, routing, range queries, and others. Due to their
direct dealing with customers, commercial map services have realized this fact, and have
focused their recent efforts on building maps with accurate edge weights, which can be
seen in the traffic layer in Google, Bing, or Apple maps. However, unfortunately, com-
mercial map services suffer from two main issues: (a) the map accuracy is dramatically
degraded in areas that either lack enough data or where maps are frequently updated,
and (b) beyond a certain limit of API usage, customers have to pay a considerable cost
for using map services, which is a major burden to small and medium enterprises.
This chapter presents QARTA ! : an open-source full-fledged system that employs
machine learning to provide highly accurate map services. QARTA is currently respond-
ing to hundreds of thousands of daily API calls coming from its actual deployment in:
(a) all Taxis in the State of Qatar (around 4K vehicles), and (b) a food delivery company
(around 3K motorbikes). In both cases, QARTA has successfully replaced commercial
map services that were in use for long. QARTA was triggered by a real need from the
Taxi and delivery companies that not only the commercial service is expensive, but
more importantly, is outdated in both topology and traffic metadata. The main reason
for having such stale maps is that the underlying map is rapidly changing due to major
country-wide constructions [4]. QARTA goes beyond supporting basic routing service to
accommodating other important queries such as range and k-nearest neighbor queries.
All such queries need to report an Estimated Time of Arrival (ETA) along with each
returned result. The ETA accuracy highly depends not only on the accuracy of the
underlying map but also on the understanding of the contextual error margins of the

query result. QARTA takes such error margin into account before returning the answer.

! QARTA comes from both the Arabic word Kharta (map in Arabic) and the Latin word Cartog-
raphy. We then replaced the first letter by Q as a reference for the State of Qatar.
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QARTA is built with two principles in mind: (1) Map-centric. QARTA believes
that a key point to the success of all map services is having an accurate map. Hence,
a major part of the system is geared towards constructing an accurate road network in
terms of both topology and edge weights. (2) Query Calibration. QARTA believes that
the answer of any map service would still need to be calibrated based on contextual
information (e.g., transportation modality, time of the day/week). QARTA employs
machine learning techniques to calibrate its query answer. QARTA feeds its machine
learning models with real data obtained from the running vehicles and motorbikes that
use it.

QARTA completely separates map construction from query processing, where up-
dating or constructing the map is a background process that does not affect the query
response time. Map construction digests input live GPS traces through a light process
that continuously and accurately updates the map. Meanwhile, query calibration relies
on models built offline. Hence, it does not put any overhead on the underlying query
processing, making QARTA response time as real time and scalable as the underlying
query processor. A resilient feature of QARTA is that it does not come up with new
query processing or indexing techniques. Instead, it significantly boosts the accuracy of
these techniques by feeding them with an accurate map, and calibrating their answers.
Experimental evaluation of QARTA, based on real data and actual deployment, shows
that QARTA has significantly higher accuracy than currently available open-source so-
lutions, and has a comparable to slightly better performance than commercial map
services. All comes with a real-time response time.

Section 3.2 describes QARTA system architecture. The three layers of QARTA,
data layer, map making, and query calibration, are described in Sections 3.3-3.5. Ex-
perimental evaluation is in Section 3.6. Related work and conclusion are in Sections 3.7
and 3.8.

3.2 QARTA Architecture

Figure 3.1 depicts the map-centric QARTA system architecture, where the map lies in
the center of the architecture, indicating that map construction is: (a) a major part

of QARTA, and (b) isolated from the query processing. QARTA is composed of three
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Figure 3.1: QARTA Architecture

layers, namely Data layer, Map Making layer, and Query Calibration layer, described
briefly below. The gray modules in Figure 3.1 represent the new components designed

only by QARTA, while other modules employ off-the-shelf solutions.

Data Layer. This layer is responsible for all data collection and preparation procedures
as well as the infrastructure storage for all such data. The layer takes various forms
of input data, including maps, Points of Interest (Pol), trips, trajectories, and the
QARTA map itself. The input goes through data cleaning and sampling procedures,
where cleaned and sampled data are all internally stored and indexed in typical spatial
data warehouses. The data layer feeds the map making and query calibration layers by
the data needed to construct the map and build the calibration models, respectively.

Details are in Section 3.3.
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Map Making Layer. This layer is responsible for building QARTA map, which is the
main asset that QARTA has, and is the main reason behind its accuracy. To QARTA,
building a map goes beyond finding the map topology, as it also includes finding the road
edge weights and metadata. In addition, this layer makes a clear distinction between
whether the trajectory data should be matched to the map or used to correct the map.

Details are in Section 3.4.

Query Calibration Layer. This layer supports user queries, including shortest-path,
range, and k-nearest-neighbor queries. It significantly boosts the accuracy of existing
spatial query algorithms by: (a) feeding the algorithms with a highly accurate map, and
(b) calibrating answers by understanding the error margin of the deployed algorithms
under various contexts, including transportation modality and time of the day/week.

Details are in Section 3.5.

3.3 Data Layer

The data layer is responsible for data digestion and collection efforts while laying out
the storage infrastructure. Some of QARTA input data are already rich and clean (e.g.,
official maps or sanitized list of Points of Interest (Pol)), hence we just store it in off-
the-shelf spatial data warehouses. Meanwhile, a major part of QARTA input is noisy
(e.g., inaccurate GPS readings, missing data, or misinterpreted data), hence QARTA
develops its own Data Cleaning module that produces a cleaned version. For parts of

the map that is short in data, QARTA employs its own Data Crawling module.

3.3.1 Data Cleaning

Though trajectory data is crucial for inferring road and traffic information, collecting
them in the wild results in corrupted data that would harm the machine learning models.
Although there is a plethora of techniques for general data cleaning [116], they all fall
short when dealing with spatial and trajectory data, mainly due to the spatial data
distinguishing characteristics [98]. Recent attempts to trajectory data cleaning [73, 138]
mainly focus on map matching trajectory data, which is another spectrum of problems
that will be addressed in the Map Making layer. Hence, QARTA employs its own rule-

based data cleaning module that addresses specific trajectory problems that came out
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from its actual deployment. Examples of such problems and rules include:
Rule 1: Trajectories with a stop. If a trajectory T encounters significant speed
reduction, while other trajectories on the same time and road reported normal speed, split
T into Ty and Ty by removing the segment(s) form T that include the speed reduction.
If the number of points in T; is under a certain threshold, remove T;. The rationale
is that we have observed a nontrivial fraction of raw trajectories collected by our fleet
contain traffic-unrelated stops, e.g., a passenger asks the driver for a quick stop by a
store. Including such trajectories in our dataset would give wrong traffic information,
hence we had to either completely remove it, or just remove the erroneous segments.
We go with the latter.
Rule 2: Unrealistic points. For a point P; in trajectory T, if the speed from the
previous point P;_1 is above a certain threshold, remove P; from T, and connect P;_1 to
P;41 directly. The rational is that an unrealistically high speed between two consecutive
points is an indication of a wrong GPS reading. So, we simply remove this point.
Rule 3: Missing points. If there is a significant time difference (above a certain
threshold) between two consecutive points P; and P11 in the same trajectory T, split
T into Th and Ty by removing the segment (P;,Piy1). If the number of points in T; is
under a certain threshold, remove T;. The rationale is that a significant time difference
between points is an indication of a missing point in between. Ignoring this would result
in an inaccurate trajectory.

All rules rely on setting various threshold parameters. Higher thresholds get higher
data quality but would miss real non-ideal scenarios. We currently set these thresholds
manually. Finding the best tuning parameters is in the plan for next release of QARTA,

and beyond the scope of this chapter.

3.3.2 Data Crawling

QARTA crawls several governmental and open-access sites to enrich its repository of
maps and Pols, which is a straightforward development process. For trajectories and
trip information, QARTA collects it continuously through its real deployment. In cases
where QARTA is newly deployed or there is shortage of trip information, we may acquire

traffic information either from UBER-movement-like platforms [246] that provide access
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to limited datasets or explicitly from commercial services [231] by sending API routing
calls with (origin, destination, timestamp). In case of commercial map services, it is
crucial to optimize the number of API calls to accommodate low-budget enterprises.
Hence, QARTA employs its own smart crawler that utilizes the limited API budget as
follows: (1) Weekday/Weekend future days. To ensure that crawled data is not affected
by any transient congestion of road closures, we issue all our API calls for someday a
few weeks ahead in the future. To ensure good coverage throughout the week, we assign
a ratio of our calls to be during the weekend. (2) Different times of the day. To get good
temporal coverage, we split API calls over different times of the day based on missing
data. (3) Short trips. A large majority of our API calls are for short trips because
long trips usually involve main roads, in which we usually have enough coverage. Short
trips give more information about secondary and tertiary roads, which are most needed.
(4) POI trips. A fraction of our API calls starts or ends at a Pol, as these are more

likely to be trip destinations.

3.4 Map Making Layer

The Map Making layer is responsible for building QARTA map, including road net-
work, edge weights, road metadata, and Pols. The layer is also equipped with a map
fusion module that merges map updates to an existing map [233]. Since there is already
a plethora of techniques for building the road network and map matching (see Sec-
tion 3.7), QARTA just employs state-of-the-art of these techniques. Meanwhile, QARTA
identifies and addresses three main bottlenecks that have the most impact on accuracy,
though largely overlooked by current research efforts,. These modules are Match or
Make (Section 3.4.1), which smartly decides whether we need to deploy map-making or
map-matching, Edge Weight Inference (Section 3.4.2), which finds road segments edge

weights, and Metadata inference (Section 3.4.3), which finds road segments metadata .

3.4.1 Match or Make

Map making techniques [1] have an implicit assumption that GPS traces is ground truth,
and use it to create/update the road network. Meanwhile, map matching techniques [33]

have an implicit assumption that the underlying road network is ground truth, and
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Figure 3.2: Match or Make

match GPS traces over it. Both approaches may produce inaccurate results as both GPS
traces and road network may suffer a high degree of uncertainty [32, 119]. Figure 3.2a
gives a real example of a roundabout in Doha, Qatar, that was recently converted to
a bridge, yet the map is still not updated, along with vehicle GPS traces. Figure 3.2b
gives the result of applying a map matching technique, where point groups A and C are
mistakenly classified as wrong points as they do not match the stale underlying map.
Figure 3.2c gives the result of applying a map making technique, where point group
B mistakenly produces non-existed road exits. QARTA avoids such problems through
its Match or Make module. Given a road network R and GPS points P, this module
decides on the part(s) of the map where R is more accurate than P and vice versa. For
parts where R is more accurate, we call map matching to match P on R, otherwise,
we call map making to update R based on P. Figure 3.2d gives the result of applying
QARTA Match or Make module. It identifies that: (a) Points A and C are accurate
and uses them to update the map, (b) Points B are inaccurate and matches them to

the map. The module is composed of the following four steps:
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Step 1: Finding accurate points and roads. We find Psa.. € P and Ra.. € R
in three iterations: (1) Map match P and R and initialize Py.. and R to points
and roads that (almost) match perfectly. (2) Remove from Ry4.. those roads with low
number of matching points. (3) Remove from Py, those points that were matched on
any of the removed roads. The final Pg.. and R4.. present points and road segments
that we are highly confident of their accuracy.
Step 2: Error injection. We aim to understand how does it look to have good points
on bad roads and bad points on good roads. We select a representative set (with various
road types and length) from R 4.. and inject various sorts of errors, including removing
a road segment, shifting road coordinates, and reducing the road resolution, which will
impact the accuracy of U-turns, highway exits, and sharp turn roads. We extract the
set of good points on bad roads Pgeeq from Pa.. as the points that are in proximity of
the roads with injected errors. Among the remaining Pa.. points, we extract Ppqq; a
representative subset based on various factors (e.g., trajectory start/middle/end point,
different matching scores, and type of matching road). We then introduce various kinds
of inaccuracies (e.g., shifting point coordinates with a Gaussian error) into all points in
Ppga4, making it a list of bad points.
Step 3: Feature extraction & model building. We match all points in Pacc, Pgood,
and Pp,q on R and record several kinds of features for each point, including number
of good/bad points within a certain distance, distance from (and type of) previous and
next points in the same trajectory, matching roads of the few previous/next points
on the same trajectory, and matching scores with other road segments. We then run
Random Forest Classifier [104] using the scikit-learn Python library [206] to build and

train a model that maps the set of features for any point P to how good/bad it is.

Step 4: Match or Make. For each point P not in Pa.., we know that P did not
match well with any road segment, but we are not sure if this is because P is inaccurate
or because the road it should match to is either missing or inaccurate. We go through
two iterations: (1) we run all such points against the model built earlier to classify P as
either bad or tentatively good point, (2) For tentatively good points, we check if they
form some clusters, where we consider them definitely correct and use them to update
the underlying map. For all other points, we add them to the list of bad points, for

which we run a map matching algorithm.
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3.4.2 Edge Weight Inference

Unlike edge length and maximum speed, that are static road edges attributes, and can
be publicly available, accurate edge weights are usually inferred either through loop de-
tectors [49], plate recognition [123], private GPS traces [114], or cell phone data [50], and
are considered proprietary information. In addition, edge weights are usually presented
as multiple values per edge (a.k.a time-dependent [61] or time-aggregated [82] graphs),
where each value corresponds to a certain time interval. As existing research efforts
for edge weight inference suffer from lack of scalability and overfitting (see Section 3.7),
QARTA develops its own scalable and accurate Fdge Weight Inference module. Given a
road network topology, we find 168 weights for each edge, as one value for each hour of
the week. Our module only needs very basic trip information, location and timestamp of
origin and destination points of each trip 7, which is the ‘lowest common denominator’
of publicly available trajectory datasets. Then, we find the trip path P, = [eg, ..., €]
as a sequence of edges e; by issuing a routing query to the off-the-shelf routing engine
deployed in QARTA. For each edge e, with given length [, (in meters) and unknown
edge weight W, (in sec/meter), the time to travel through e is W, x l.. Hence, the time
to travel through Pr is Y .cp We X le.

Main idea. The main idea of our Fdge Weight Inference module is to find the edge
weights W per unit length that would make the time to go through each trip path P, as
close as possible to the time difference between the origin and destination timestamps
d; [230]. Formally, given a set of trips I' for a road network R, find the weights W, of

all edges in R that would minimize:

Z ( Z Wele - 57’)27 (31)

7€l ecPr

A direct solution to optimize this equation may result in zero or negative weights
and/or suffer from over-fitting. Additionally, given hundreds of thousands of edges
with unknown W’s that need to be optimized for millions of trajectories, scalability
is a major issue. Hence, we go through the following three tuning steps to come up
with an alternative equation that we can solve using Constrained Ridge Regression
analysis [105].

Tuning Step 1: Heavy edges inference. The main problem in equation 3.1 is that
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it allows each edge in the graph, regardless of its popularity, to act as a regression
feature, which may lead to over-fitting as well as unnecessarily expensive computations.
To avoid this, we distinguish between heavy (popular) edges, covered by a large number
of trajectories and for which it is important to get highly accurate weights, and light
edges covered by fewer trajectories, where we can afford having less accurate weights.
We define the set of heavy edges H as the top k edges (default is 10K) in terms of the
number of trips covering them. Our objective becomes finding the weights W of all
edges in H. All other edges would have the same weight W, per unit length [. Hence,

Equation 3.1 becomes:

SO Wele+Wo > le—6,)% (3.2)

Tell eePrNH ee P, \H

In addition to fixing the over fitting problem, this new formulation reduces the
number of regression features by up to two orders of magnitude, which enables higher
scalability.

Tuning Step 2: Heavy road detection. Many simplified map formats represent long
(few hundred meters) roads by only their nodes that involve intersections with other
roads. Then, one set of weights is needed for each edge between two intersection nodes.
This is pretty inaccurate and does not fit our applications, where: (a) different parts of
the same road could have different set of weights based on road curvature and width,
(b) it is a common practice that passengers are dropped off in the middle of the road as
many stores and houses lie on the road. Hence, QARTA uses very detailed map formats
with large number of edges, which is also available in OpenStreetMap [196], where long
roads are represented by a sequence of edges and nodes without intersections. Starting
from that fine granularity, we find those subsequent edges that share road properties.
To scale up Equation 3.2, we group each of such edges together as one heavy road with
one weight W,. Formally, we split the set of heavy edges H into r disjoint sets H, ...
H,, where each H, includes a set of connected edges with the same weight . Hence,

Equation 3.2 becomes:

SO Welg+Wo > L—6,)% (3.3)

Tel' g:PrNHy#0 eeP,\H
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where L, = ZeeHg le is the length of the heavy road H:

This reduces the number of unknowns to r + 1 (one weight for each of r heavy roads
and one weight for all other light edges) and the number of model features by 75%,
allowing higher scalability.

Tuning Step 3: Enforcing physical constraints. To avoid having zero or negative
weights, we add a physical constraint that, for any heavy road g, wy, > 1/mazspeed,,
where maxspeed, is the publicly available maximum speed of g. To ensure that this
constraint holds for all edges, we use Ridge regression regularization, where we tune
Equation 3.3 by adding a regularization term that penalizes weights deviating from

average speed:

SO Y WeLg+Wo Y le—6) +ad (W, —0)2 (3.4)
7€l g:PrNHy#0 eeP-\H g

o is the inverse of average speed of all trips. « is the regularization strength. A small
a allows large weight variability and physical constraints violations. A very large «
may put too much emphasis on the regularization term neglecting errors we strive to
minimize.

Inferring edge weights. We divide all our trips based on their starting timestamp
into a specified time granularity (default 168 hours/week). For each time granularity,
we use scikit-learn Python library [206] for constrained ridge regression to find W that
minimizes Equation 3.4. From our experiments, more than 99% of edge weights satisfy
physical constraints. For the rest, we set edge weights to the minimum possible value

1/maxspeed.

3.4.3 Metadata Inference

Several real-life applications, e.g., traffic modeling, driver behavior analysis, road safety,
and telematics, heavily rely on map metadata such as the number of lanes, maximum
speed, directions, and road types (e.g., highway, service road, bridge). Unfortunately,
the availability of such metadata is very poor in most cities around the world [296].
One way to fill in missing data is to model the metadata inference as a Graph Convo-
lutional Network [47, 108, 126], or any other ML technique. However, there are three

challenges to address here: (1) feature engineering of metadata is crucial, regardless



42
of the underlying ML model, (2) The variety of metadata types calls for going beyond
a one-size-fits-all model, as each metadata type may need a different model /ML tech-
niques, and (3) scalability is a major issue and may hinder the applicability of some
models.

QARTA addresses these issues by framing metadata inference as a supervised learn-
ing problem, in which the task is to first find the best models that map road features
to each metadata, then use these models to predict the metadata values for each road
segment. To build such models, we go through two steps: (a) Feature engineering. For
each road segment, we compute two sets of features: structural features that include
road length, numbers of in/out junctions, and road curvatures, and functional features
that include speed average and standard deviation, GPS points density, and distance to
centerline. While structural features are computed as one value per edge, functional fea-
tures are computed as one value per time granularity (e.g., hour) per edge. According to
our comprehensive validation and testing, all these features affect metadata inference.
(b) Learning Kernel. Given a target metadata L, for all road segments with known
L, we form a set of annotated examples {(v1,11) ... (vm, L)} where v; and I; represent
the feature vector and metadata value of road segment 7. The annotated data is then
partitioned into three separate datasets: training, validation, and testing. We experi-
ment with different machine learning techniques, including logistic regression, support
vector machines, random forests, boosting gradients, and deep neural networks, which
are fine-tuned using training and validation datasets, to find the best performing model
for each algorithm. The testing dataset is used to compare the inference accuracy of
each algorithm and select the best one with its best parameters. Once we set on the best
machine learning model (algorithm and parameters) to use for a given metadata, the
model is stored in a database of models along with its key performance indicators, which
can be used later for refinement or retraining purposes. The models can be deployed
in batch or streaming modes. In the streaming mode, the machine learning model is

wrapped in a RESTFUL API that users can query via different endpoints.
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3.5 Query Calibration Layer

The query calibration layer is responsible for responding to query APIs from QARTA
users. Our earlier version of QARTA only had the query part of this layer, which
included off-the-shelf algorithms for shortest path, range, and k-NN queries. Yet, we
had numerous users’ complaints for inaccurate Estimated Time of Arrival (ETA), which
is crucial for several applications, e.g., deciding on trip fares, scheduling multiple trips,
dispatching a driver to a customer, finding k-NN or within a range Pols. Hence, we
equipped QARTA with the calibration process to fix the ETA issue, which is what sets
QARTA apart from other map services.

The main idea is to continuously monitor, understand, and model the error margins
of all deployed algorithms, and then use the model to calibrate the results [2]. Given a
set of historical trips I', where each trip 7 is (origin, destination, start time, end time),
we send the first three attributes of each trip to our spatial query processor to estimate
the arrival time (ETA). We then record the offset time ¢, as the difference between ETA
and ground truth end time. Then, we build a model M that maps each trip features to
its €. For a new trip T, we get its ETA from an off-the-shelf shortest path algorithm,
then apply M to T features to predict € and add it to ETA to produce a more accurate
result.

It is important to note that M maps a trip to its € not to its ETA. Having M
for ETA would mean that for a network with N nodes, M would need to consider N2
possible alternatives within its feature vector. This is not practical nor accurate for
large networks (100+K edges), not only in terms of computations, but also in terms
of datasets that cover every pair of nodes under various features. Hence, we opt to
use spatial zoning, where the map is divided to Z zones (e.g., zip codes), where Z is
usually 2-3 orders of magnitude less than N. Though this is manageable in terms of
computations and datasets, reporting ETA between pair of zones would not be accurate.
Hence we only report e for the pair of zones. Finally, QARTA builds a separate model for
each transportation modality and underlying algorithm, e.g., a model M, for a fleet of
vehicles, used by our Taxi company partner, and model M,, for a fleet of motorbikes,
used by our food delivery partner. It is important to have this distinction, as they

encounter different error distributions. We also build a model for each shortest path
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algorithm we have. Our query calibration process is composed of the below phases:

Model Building: Feature Engineering. For each trip 7; with offset ¢;, we build a
feature vector v; composed of several features including: (a) spatial zoning. The origin
and destination locations are mapped to a set of non-overlapped spatial zones. We have
observed that € highly varies per source and destination zones. (b) temporal zoning. The
start and end times of the trip are mapped to non-overlapped temporal zones across
a whole week, as there is a significant change in € based on the time of the day/week.
(¢) Trip characteristics. This includes the distance and duration of trips generated by

the routing algorithm we want to calibrate.

Model Building: Training. The output of feature engineering is a feature vector v;
and offset ¢; for each trip 7; € |T'|. Our objective now is to find a model function M that
maps v; to €; while minimizing: ITll X > er L(ei, M(v;)), where L is a loss function for
the reported travel time. This ends up being a classical supervised regression framework,
where we use the Gradient Boosting [77] tree-based method to solve it. We set L to be
least-squares and fine-tune the Gradient Boosting Regressor to find the best combination
of its hyperparameters, i.e., the number of trees and max depth of each tree. The output
is a model M that is capable of predicting accurate traffic congestion offsets ¢; for any

trip feature vector v;.

Query Calibration. Whenever QARTA receives a shortest path query, we pass it
to two simultaneously working modules: (1) Query processing, where an off-the-shelf
shortest path algorithm is applied to get the query answer with ETA. (2) Calibration,
where we extract the feature vector v from the query parameters, pass it to the model
M that corresponds to the transportation modality and algorithm to get a calibration
offset € that we add to the query answer to report the final ETA. In this case, the
calibration overhead is negligible. For range and K-NN queries, the calibration process
would remain idle until the query processor computes the result items. We then create
one feature vector for each result item and pass them in-bulk to our model M to adjust
the ETA of each result item. The adjusted ETA may call for changing the ranking of

the result items, or even calling the query algorithm again, if needed.
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3.6 Experimental Evaluation

All experiments are done using an actual deployment of QARTA server that daily re-
ceives 235K API calls and 977K GPS points, supporting all Taxis in Qatar (~ 4K
vehicles) and a food delivery company (~ 3K drivers) [3]. For evaluation, we use the
following three datasets: (1) Doha. 250K trips collected by us over a one month pe-
riod through our taxi partner driving in the city of Doha (64K nodes and 148K edges),
(2) Porto. 426K Taxi trips over three months in the city of Porto (35K nodes and 82K
edges) [211], (3) NYC. 1.5M Taxi trips for a period of 6 months in New York City
(250K nodes and 644K edges) [193]. For the three datasets, we only use the (Origin,
Destination, Start time, End time) to represent each trip, which is the least common
denominator for all publicly available datasets. We run all datasets through our data
cleaning module (Section 3.3), which reduces the number of trips for Doha, Porto, NYC,
to 195K, 360K, 1.2M, respectively, that we are highly confident about their accuracy.
Since we have the ground truth travel time for each trip, we use the absolute/relative
travel time errors as our accuracy measure. Unless mentioned otherwise, (a) we use
the first 75% of our cleaned trajectories in chronological order to train QARTA for
both edge weights and query calibration, and then test with the last 25% of the data,
(b) edge weights and temporal zoning are built for 168 hours per week, while spatial
zoning uses publicly available administrative zoning with 92, 79, and 2055 zones for
Doha, Porto, and NYC, respectively [198], (c) QARTA uses the Open Source Routing
Engine (OSRM) [200] for its off-the-shelf query library.

3.6.1 Setting QARTA parameters

This section aims to study and set the query calibration parameters in terms of the tem-
poral and spatial zoning granularity. Figure 3.3 gives the effect of a finer granularity on
the median relative travel time error (Figure 3.3(a)) and the model training time (Fig-
ure 3.3(b)) for Doha dataset. We make the granularity finer by increasing the number of
temporal zones per week with values: 28, 42, 56, 84, and 168 (i.e., grouping the trips ev-
ery 6, 4, 3, 2, 1 hour(s)). We also do the experiments for the two spatial zoning: (a) our
default administrative zoning of 92 zones, and (b) a fine-grained transportation zoning

of 1,839 zones defined by the Ministry of Transport and Communication in Qatar. It is
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Figure 3.3: QARTA Spatial and Temporal Zoning

clear from the figures that finer spatial and temporal zoning yield the highest accuracy,
though suffer from higher training time. Since the training time is still manageable,
we opt to use the finest temporal resolution (168 zones per week) as QARTA default
value. For spatial zoning, though transportation zoning gives much higher accuracy, we
decided to opt for using the administrative zoning in the rest of experiments, as it is

more publicly available and accessible for other datasets.

3.6.2 Travel Time Accuracy

Figure 3.4 compares the overall accuracy of QARTA, Google Maps [89], and OSRM [200]
in terms of the median/mean of relative/absolute error in predicting the trip travel time
(with respect to the ground truth) for Doha, Porto, and NYC. For Google Maps, to
ensure a fair comparison, we project each trip on the next month with a time that
falls on the same hour/day/week as the actual trip. This is to make sure that Google
Maps utilizes the right historical traffic information in its predictions. For OSRM,
this does not matter as there is no traffic information. To test the impact of various
QARTA components, we evaluate three versions of QARTA; Q-Map, which includes only
the Map Making layer without any calibration (i.e., OSRM on QARTA map), Q-Calib,
which includes only the Query Calibration layer with a map from OpenStreetMaps [196]
(i.e., calibrating OSRM results), and the full QARTA. It is clear that OSRM has the

worst performance in all datasets, mainly due to lack of traffic information, and hence its
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Figure 3.4: QARTA vs Other Map Services

routing engine is based on road maximum speed. This shows how much the community
needs open-source engines that are traffic-aware like QARTA, as routing with no traffic
information encounters high errors that are close to 50% of the trip time. Meanwhile,
Google Maps has way much better performance than OSRM with a median relative
error of 17%, 17%, 24% for Doha, Porto, NYC. This is mainly due to the detailed
traffic information that Google has access to. Q-Map, which basically injects QARTA
traffic-aware map to OSRM engine results in a relative accuracy of 19%, 20%, 26%
for Doha, Porto, NYC, which shows the great impact of having an accurate map in
Open Source Routing Engines. Q-Calib, which just adds the calibration layer to OSRM
engine achieves accuracy of 16%, 18%, 19% for Doha, Porto, NYC, making it almost
as good as Google Maps. This also shows the great accuracy boost that QARTA can
do to off-the-shelf routing engines. Finally, the overall QARTA, which includes both
trafficcaware map and query calibration achieves an accuracy of 15%, 17%, 19% for
Doha, Porto, NYC, making it even better than Google Maps. This positions QARTA
as a strong candidate to replace commercial maps, which happened to our local Taxi
and food delivery partners.

Figure 3.5 gives the effect of training data percentage of the whole dataset on the
accuracy of QARTA for Doha, Porto, and NYC. OSRM is plotted as a straight line as it
does not have training. QARTA has a very slight increase in accuracy, mainly because
traffic is naturally periodic. So, training on one week is very similar to training over
multiple weeks. Figure 3.6 gives the impact of the hour of the day and trip distance on
the accuracy of OSRM, Google, and QARTA for our three datasets. For the hour of the
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Figure 3.5: Accuracy vs Training Size

day, OSRM dramatically fails during daytime, in which traffic has the most effect on
trip duration. Meanwhile, QARTA consistently has a comparable or better performance
to Google Maps throughout the day. This shows that QARTA was able to accurately
infer traffic data in all traffic conditions. For trip distance up to 25km, QARTA and
Google Maps have consistently comparable accuracy across all short and long distances.
The shorter the trip the worse is OSRM, as short trips are more dependent on traffic

information than long trips.

3.6.3 k-NN Accuracy

Predicting time of arrival does not only impact shortest path queries, but it also impacts
K-NN and range queries looking for Pols that are either k£ nearest to or within a range
from a certain reference point. Figure 3.7(a) shows k-NN precision, i.e., number of
items in the k-NN list that overlaps with the ground truth, of OSRM, Google, and
QARTA using Doha dataset. Each point is computed as the average precision of 200
queries with diverse geographic locations, hours of the day/week. Unsurprisingly, they
all achieve similar results. Given the Pol sparsity, we end up with very similar lists,
even if Pol travel times are reported differently. However, the quality of k-NN answer
is not only measured by what is in the list, but more importantly by the ranking of the
results in the list. Hence, Figure 3.7(b) uses the Normalized Discounted Cumulative

Gain (NDCGQG), as the quality measure of the K-NN list. NDCG [118] is a widely used
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Figure 3.6: Accuracy by Hour of Day and Trip Distance

ranking quality measure that takes into account not only the k results but also their
relative positions within the list. For all values of k, QARTA consistently outperforms
Google and OSRM. The accuracy of all methods increases with &, as the more Pols we
include, the farthest they are from the reference point, hence, their ranking is dominated

by driving distance over driving duration.

3.6.4 Query Performance and Training time

Figure 3.8(a) gives the training time needed for weight inference and query calibration
for 75% of Doha, Porto, and NYC datasets. As weight inference is mainly about solving
Equation 3.4, which depends on both the number of edges and number of trips, NYC
needs the most time. Overall, the time to solve Equation 3.4 is acceptable, given that
it is a one time process. One can think of running this procedure once a month or so to
update the model. Meanwhile the time taken for query calibration is much less by two
orders of magnitude. Query calibration only relies on the number of trips and zones we
use to build our model. Clearly, NYC dataset suffer the most, but again, this is one

time process.
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Figure 3.8: Performance of QARTA

Figure 3.8(b) gives the average end-to-end shortest path query latency over 25% of
the trips for Doha, Porto, and NYC. Google has less performance (100+ ms), mainly
due to the fact that it is an API call for a cloud service, which encounters network
latency. Meanwhile, both QARTA and OSRM are locally installed in our taxis, so,
calling them does not encounter any network delay, and hence has more than an order
of magnitude better performance than Google APIs. OSRM has a slightly unnoticeable
better latency due to QARTA calibration process.
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3.7 Related Work

This section positions QARTA contributions with respect to its related work in various
system components.

Trajectory data cleaning. Research efforts in trajectory cleaning have focused either
on trajectories map matching [73, 138, 293] or densifying trajectory points (a.k.a trajec-
tory interpolation [156, 305], trajectory completion [144], trajectory restoration [135],
or trajectory imputation [36]). QARTA can employ any of these techniques in its data
layer. In addition, QARTA adds its own rule-based trajectory cleaning module that ad-
dresses cases came out of real deployment and is not addressed by existing techniques.
Map making/matching. Several research efforts have exploited two orthogonal ap-
proaches to increase the accuracy of available maps and GPS points: (1) Map Making [1],
where the goal is to use GPS traces to either build or update current inaccurate maps.
This implicitly assumes that GPS traces are truly accurate [19, 29, 37, 68, 99, 219, 232,
260]. (2) Map Matching [33], where the goal is to increase the accuracy of GPS points by
matching them to the underlying road network. This implicitly assumes that the road
network is truly accurate [24, 31, 107, 143, 215, 265]. Unlike map making/matching
techniques, QARTA does not have any underlying implicit assumption for the accuracy
of road network or GPS points. Hence, QARTA deploys its own match or make module
that decides on which parts of the map or GPS points we should trust.

Edge weight inference. Research efforts on weight inference are either edge-centric,
where the objective is to find static [115, 182, 301], time-dependent [276, 303|, or
stochastic [108] weights for each edge, or path-centric [56, 275], where the objective
is to find weights for a set of paths, which is more accurate in modeling driving turn
costs. QARTA opts to develop its own time-dependent edge-centric approach over a
path-centric approach for three reasons: (1) path-centric approaches mainly support
shortest path queries, while QARTA supports various sorts of map services, many of
them require having edge costs (e.g., heat maps, traffic visualization, kNN queries),
(2) As query processing in QARTA is off-the-shelf, we had to go with the more classi-
cal/common edge-based shortest path algorithms aiming for wider adoption of QARTA.
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(3) QARTA needs to be highly scalable. With detailed maps of 644K edges, the num-
ber of paths that one would need to compute cost for is prohibitive. Current path-
centric [56, 275] approaches were evaluated on networks that are order of magnitude
less than QARTA.

All current edge-centric approaches suffer from two main drawbacks: (1) Scala-

bility. Existing technique were only applied to small road networks (few thousands
edges [115, 303, 301] or tens of thousands edges [108, 182, 276]). Meanwhile, QARTA
develops its own tuning steps to scale up Equation 3.1 to support hundreds of thou-
sands edges. (2) owverfitting.. Existing techniques treat all road segments similarly,
which results in overfitting for very large networks. QARTA distinguishes popular road
segments from less popular ones. Finally, while some of the existing techniques suf-
fer from zero/negative edges weights [182, 301], static edge weights [115, 182, 301],
and/or limited number of time-dependent weights [276, 303], QARTA ensures positive
fine-granularity 168 weights per edge.
Spatial queries. Significant efforts were dedicated to various forms of classical shortest
path-queries including static routing [137, 268], time-dependent routing [202, 262, 289,
batch routing [136, 208], personalized routing [95, 141}, and eco-routing [6, 93], where
the input is (time-dependent) edge weights and the output is a recommended route
with its total cost. Recent attempts that use machine learning for spatial queries [221]
are mainly geared towards replacing existing algorithms with machine learning mod-
els (e.g., [94, 108, 161, 142, 244, 279]). All these algorithms would fit in the Query
Processing module of the Query Calibration layer, marked as white box in Figure 3.1,
indicating that any existing algorithm can be used there. This is orthogonal from our
main contribution in this layer (calibration), marked as gray boxes in Figure 3.1. Cal-
tbration complements existing classical or ML-based algorithms by understanding and
fixing their error margins, hence significantly boosting their accuracy. Our calibration
currently supports queries that report ETA values. Stochastic queries [109, 203, 205]
that return probabilistic result distribution is planned for next QARTA release.
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3.8 Conclusion

This chapter presented QARTA; an open-source full-fledged system that employs ML
techniques to provide highly accurate map services. QARTA’s success is due to two main
features: (1) QARTA learns its own highly accurate map, with accurate edge weights
that reflect detailed traffic throughout the week, (2) QARTA calibrates the result of map
services through its built-in ML modules that continuously understand the error margin
of various query processors, and use it to adjust the result. State-of-the-art spatial query
and indexing techniques can be injected in QARTA, where their performance will be
significantly boosted, taking advantage of QARTA highly accurate map and calibration
process. Experimental results based on actual deployment of QARTA show that QARTA
is significantly more accurate than open-source mapping services and as accurate as or

better than commercial ones.



Chapter 4

Let’s Speak Trajectories: A

Vision To Use NLP Models For
Trajectory Analysis Tasks

4.1 Introduction

Enabled by location tracking technologies, there have been a vast amount of trajectories
collected by industry and academia. Many of such datasets have been publicly released
for various cities around the world, including Athens [16], Beijing [281], New York [193],
Porto [211], Rio de Janeiro [64], Rome [23], San Francisco [84], Shenzhen [254], and
Singapore [113]. This has enabled a myriad of trajectory analysis techniques that have
been the focus of the spatial community for years (e.g., see [236, 259, 306] for surveys).
Such techniques have empowered numerous applications with high impact across many
sectors. For example, in transportation, trajectory analysis has been vital in data-
driven routing [204, 292], traffic monitoring [128, 172], and traffic forecasting [106, 251].
In location-based services, trajectory analysis was used in trip planning [25, 310], route
recommendations [40, 79], and map services [184]. In urban planning, trajectory analysis
has been a key to map inference [99, 232], deciding on the locations of bike lanes and EV
charging stations [100, 145], and understanding human mobility [149, 272]. In the health

domain, trajectory analysis has played an important role in contact tracing [7, 177, 271]
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and understanding the pandemic spread [30, 238].

All such applications have to tackle a wide range of trajectory problems, includ-
ing: (a) trajectory similarity search, where the objective is to find those trajectories
that are considered similar to each other according to some predefined similarity mea-
sure [39, 140, 210, 60, 290, 278, 151], (b) trajectory imputation, where the objective
is to add artificial points to a trajectory as a means of filling in the gaps between ac-
tual trajectory points [156, 135, 144, 267, 258, 305], (c) trajectory classification and
clustering, where the objective is to cluster or classify trajectories either based on their
modality, similarity, location, or other characteristics [234, 180, 217, 253, 307, 308],
(d) trajectory prediction, where the objective is to predict the next few locations of
the current trajectory points [75, 121, 152, 257, 288], and (e) trajectory simplification,
where the objective is to sample some of the trajectory points without losing its main
characteristics [122, 131, 154, 155, 263, 300].

However, with all of these techniques, there is an apparent lack of full-fledged systems
that provide the infrastructure support for trajectory analysis tasks. Existing attempts
to build such systems (e.g., see [5, 54, 132, 227]) are limited to providing the underlying
index and retrieval storage, but did not reach to the stage for providing complete data
analysis functionality. The main reason is that the focus of trajectory analysis techniques
is mainly on the algorithmic part of the analysis, which gives much less weight to the
need of having a solid system infrastructure. Hence, despite the fact that all of trajectory
analysis techniques deal with the same trajectory data, each of the proposed solutions is
entirely designed to solve one problem of interest. This makes it hard and not practical
to have a unified efficient system that is capable of supporting most (if not all) trajectory
problems, if each solution is entirely different.

Trying to learn from other communities, the research landscape of Natural Language
Processing (NLP) was very recently in a similar situation. There have been decades of
research in pushing the accuracy and efficiency of various NLP tasks, e.g., text similarity,
text classification, sentence completion, and sentiment analysis. This has led to a myriad
of different solutions for each of these problems, even though all tasks are for the same
textual data. This is mainly for the same reasons that trajectory analysis techniques
are entirely different from each other. Yet, most recently, in 2018, the BERT deep

learning model [63] (Bidirectional Encoder Representations from Transformers), is
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proposed by Google to act as a unified solution infrastructure for a wide variety of NLP
tasks. BERT, at its core, is equipped with the necessary NLP infrastructure to solve
various NLP tasks, which only needs to be externally tuned with minimal overhead
for each task. Examples of NLP tasks that used the BERT model include sentiment
analysis [67], question answering [43], spell checking [297], text classification [53], text
generation[41], text summarization [212], among others [134, 207]. BERT has also been
used for similar problems with respect to speech processing, where the words are spoken
instead of written [130, 245]. As a testimony to the importance and ubiquity of BERT
to NLP research, the main BERT paper [63] has been cited 60+K times within five
years.

This chapter presents our vision towards using the same idea of BERT to magically
deal with almost all trajectory analysis tasks. The goal is that BERT (or a customization
of it) will do for trajectory analysis what it did already for NLP tasks. Should we be
able to do so, various trajectory analysis ideas will be just about how to tune that
BERT customized model to support the required analysis. Such vision will lead to a
long-waited-for full-fledged trajectory data management system that does not only store
and index trajectory data, but natively supports all its analysis needs. Our vision is
grounded by the fact that we can actually think of trajectories as statements. In a
nutshell, a statement is composed of a set of words drawn from a set of limited words
(language), while a trajectory is represented by a set of GPS points, which is also drawn
from a set of possible points (space). Statements follow rules imposed by the underlying
language, while trajectories follow rules imposed by both the underlying road network
and the physical world. Words in a statement should be semantically related, while
points in a trajectory should be spatially and temporally related.

While it is theoretically possible to think of trajectories as statements, and hence
trajectories can be fed to BERT as is to support various trajectory analysis tasks, this
may not practically work due to various inherent limitations in both the BERT model
structure and the nature of trajectory data. Hence, our vision is composed of two
orthogonal directions. The first direction is to overcome the limitations coming from
the nature of trajectory data, where we can customize trajectory data to be fit for
BERT, and then use BERT as is. The second direction is to overcome the limitations

of the BERT model itself, and make it spatially- and temporally-aware in a way that
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it can support trajectory data. Both directions can be sought after together for the
best performance. In all cases, the outcome of the vision is a BERT-like model that is
not specific to one trajectory problem. Instead, it will act as a Swiss army knife that
supports a myriad of diverse trajectory operations.

The rest of this chapter is organized as follows: Section 4.2 outlines the similari-
ties between trajectories and statements, which presents the solid ground of our vision.
Section 4.3 presents how BERT can be applied as is to five widely used trajectory analy-
sis tasks, namely, trajectory imputation, trajectory prediction, trajectory classification,
trajectory simplification, and trajectory similarity. The challenges that face our vision,
which emerge from our attempts to use BERT as is for various trajectory analysis tasks,
are outlined in Section 4.4. Section 4.5 presents our vision with its two orthogonal but
complementary directions to use BERT for trajectories. Initial exploratory experimen-
tal results that show the promise of our vision are presented in Section 4.6. Section 4.7

presents the related work to our vision. Finally, Section 4.8 concludes the chapter.

4.2 Points in Trajectories vs Words in Statements

This section presents the rationale behind our vision, where we see that points in trajec-
tories follow very similar properties to words in statements. Hence, tools and techniques
that are being used in NLP tasks (e.g., BERT) can be employed to support trajectory
analysis tasks. We outline four such common properties, namely, limited domain, do-

main constraints, intra-relationship constraints, and clear context.

4.2.1 Limited Domain

Both words in a statement and points in trajectory are drawn from a limited domain
defined by the underlying language or space, respectively. In particular, a statement
is composed of an ordered set of words drawn from a finite pool of words (domain)
per the underlying language. Similarly, a trajectory is composed of an ordered set of
points drawn from a finite pool of points (domain) per the underlying space. This
particular property is key to BERT functionality when dealing with statements. In
particular, when using BERT for a certain language, it is first fed with large numbers of

statements from that language as training examples, which could be coming from any
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set of online documents, e.g., Wikipedia articles. Then, BERT uses these documents
to learn the domain of all possible words in the given language. That domain is then
used to control BERT internal operations allowing it to understand any given set of
statements, and hence perform NLP operations over it. Our vision is based on the fact
that trajectories exhibit the same limited domain property as statements. Hence, one
can feed BERT with large number of trajectories in a certain city instead of statements
in a certain language. Then, BERT can use these trajectories to learn the domain of
all possible points in the city and use that knowledge to understand any given set of

trajectories and perform various analysis tasks on it.

4.2.2 Domain Constraints

Although statements and trajectories must pick their words and points from their cor-
responding domains, the order of such words and points must adhere to some domain
constraints. In particular, words in a statement must adhere to the constraints imposed
by the underlying language grammar. Similarly, points in a trajectory must adhere to
the constraints imposed by the underlying road network and physical space. BERT is
taking advantage of this to guide its operations. For example, when fed by large number
of documents, BERT would understand the grammar by knowing that the verb ”are” is
only used with plural nouns. Hence, when given a new statement that does not follow
this constraint, BERT may raise a flag of grammatical error. Also, BERT can use this
knowledge to predict the next word. Our vision is based on the analogy that along
the same lines, when fed by large number of trajectories, BERT can understand several
constraints. Examples include understanding that the speed of movement never exceeds
a certain limit or that the change of speed from one trajectory segment to another is
within a certain range. Even further, it can infer parts of the underlying road network
from the large set of trajectory GPS points it has. Hence, when receiving a new set of
trajectories, BERT can validate it against its learned constraints and flag for errors if
any. Also, it can predict the next point or impute missing points accordingly without

invalidating the trajectory domain constraints.
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4.2.3 Intra-Relationship Constraints

Both words in a statement and points in a trajectory must be intra related. In particular,
words in a statement are semantically related, where random words cannot make a
statement. Similarly, points in a trajectory are spatially and temporally related, where
random points cannot make a trajectory. For example, the statement ” John is drinking
steak” satisfies the domain constraints (i.e., correct grammar), however, it does not
satisfy the intra relationship constraint, where ”drinking” is not semantically related
to "steak”. BERT takes advantage of such constraints as it learns them from its input
documents. Hence, when used to check typos, find missing words or predict the next
words, BERT will use its learnt intra relationship constraint and suggest the use of
the word ”eating” instead of ”drinking” as it is more semantically related to the word
7steak”. Our vision is based on the analogy of the intra relationship constraint to the
case of trajectories. A sequence of GPS points that still match the domain constraints
(i.e., road network and physical) may not satisfy the intra relationship constraint, where
one point of such sequence could be either from a nearby road or from the same road
but in a different direction. When fed by trajectories, BERT should be able to learn

such constraints and use them for various trajectory analysis tasks.

4.2.4 Clear Context

There is always a clear context that impacts the sequence of words in a statement
or points in a trajectory. In particular, the words used in a statement would differ
based on the topic of discussion (context). Similarly, the points used in a trajectory
would differ based on the driving modality (context). For example, the words used in a
medical document are pretty different than those words used in a political document,
even though both documents are in the same language. BERT uses this property to
learn the underlying context of statements in a document and uses this knowledge to
perform various NLP tasks. If BERT can identify that a certain statement or document
is coming from a medical context, it will act differently (in terms of looking at different
vocabulary) from the case where the statement is coming from a political context. With
a similar analogy, our vision is based on the fact that trajectories also follow a clear

context. For example, the driving modality (e.g., vehicles, buses, motorbikes, bikes)
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impact the sequence of points used in a trajectory in terms of different speeds, different
driving patterns, and even different lanes and roads. Hence, when fed by trajectories,
BERT could understand the underlying context of these trajectories, and then use this
knowledge to understand the context of any new given trajectory and perform various
tasks on it. For example, if BERT can identify that a certain trajectory belongs to a

bike, it will act differently from the case if the trajectory is coming from a bus.

4.3 BERT for Trajectory Analysis Tasks

This section discusses the first step towards our vision, by showing that five different
widely used trajectory analysis tasks are pretty analogous to corresponding five widely
NLP analysis tasks. In particular, we show that trajectory imputation is analogous
to find the missing word problem (Section 4.3.1), trajectory prediction is analogous
to next sentence prediction (Section 4.3.2), trajectory classification is analogous to text
classification (Section 4.3.3), trajectory simplification is analogous to text summarization
(Section 4.3.4), and trajectory similarity is analogous to text similarity (Section 4.3.5).
Since BERT is widely used to solve all these five NLP tasks, with the same analogy we
also show that BERT can potentially be used to solve their corresponding five trajectory
analysis tasks. We use the word potentially here as this may not practically work right
away. This is due to many challenges that we will outline later in Section 4.4 and need to
address to realize our vision of a BERT-like model to execute various trajectory analysis

tasks.

4.3.1 BERT For Trajectory Imputation

This section presents the analogy between the ”trajectory imputation” problem and

? Finding the missing word” NLP task, which is commonly solved using BERT.

Trajectory Task: Imputation. Trajectory data are inherently sparse, with large and
frequent spatial and temporal gaps between every two consecutive GPS readings. This is
mainly either due to low GPS sampling rate to preserve the bandwidth, battery, and/or
storage in location tracking devices, or due to loss of GPS signal in some areas such as
tunnels and near high-rise buildings. Such gaps present an inherent uncertainty of the

object’s whereabouts between each two GPS readings, which affects all applications that
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rely on trajectory data. The higher the sparsity (i.e., the larger and more frequent such
gaps spatially and temporally), the lower the accuracy and quality of both trajectory
data and the applications that rely on it. To address the sparsity issue, and as a
means of boosting the accuracy of trajectories and their applications, several recent
efforts were dedicated to insert artificial location points between each two consecutive
trajectory points. The promise is that these artificially imposed points are as accurate
as if they were obtained by actual GPS readings of trajectory data. Such a process had
various names, including trajectory interpolation [156, 305], trajectory completion [144],
trajectory data cleaning [293], trajectory restoration [135], trajectory map matching [24,
157], trajectory recovery [267, 258], and trajectory imputation [36]. Without loss of
generality, we will use the term “trajectory imputation” in this chapter. With the
exception of few techniques [69, 144, 185], the large majority of existing trajectory
imputation techniques rely on matching the trajectories on the underlying road network,
and hence they have an implicit assumption that the underlying road network is available
and reliable, which is not always true. Road networks, like any other data, suffer from
all sorts of inaccuracy, and may not be even available in many places [186, 170, 243, 174].
This calls for developing new imputation techniques that do not require the knowledge

of the underlying road networks.

NLP Task: Finding the Missing Word. Consider, for example, the incomplete
English statement ”Paris, the ... of France, is ... Summer Olympics in 2024”, where
each blank ”...” represents a missing word. Finding the missing word problem (a.k.a
cloze test) aims to infer the words that are replaced by a blank. In this case, the first
missing word would be ”capital” and the second missing word is "hosting”. This is
one of the main and very common tasks in NLP, as there are several practical scenarios
behind having missing words in a statement. For example, speech and image recognition
techniques may partially recognize a statement, with some (missing) words that could
not be recognized and left as blank. A translation task may miss translating some words
and leave them as blank or mark them as low confidence. A typo in a text could be
replaced by a blank if it was not corrected b a spell checker. In such scenarios, finding
the missing word problem aims to fill in the blanks. BERT has been used to solve
finding the missing world problem, where it is first trained by hundreds of thousands of

true statements that will make it able to understand the context of any sentence and
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Figure 4.1: Trajectory Imputation Using BERT Model

accurately find out its missing words.

The Analogy. Figure 4.1 shows the analogy between trajectory imputation and finding
the missing word problems. Instead of the blanks ”...”  we circle the segments that have
significant gaps between their end points. For clarity, the example aligns the statement
and trajectory together where the statement is composed of 11 words (including two
punctuation marks) with two more words marked as blank, while the trajectory is
composed of 11 points with two segments identified as need to be imputed. The question
that we are asking in our vision here is that: If BERT, when trained with large number of
statements, can identify the two missing words as ” Capital” and ”Hosting”, can BERT
be trained with large number of trajectories, and then used to impute a trajectory by
identifying its missing points. Should we be able to do so, we would be solving the
trajectory imputation problem, without the need for the knowledge of the underlying

road network, making the solution applicable to much wider set of problem settings.

4.3.2 BERT For Trajectory Prediction

This section presents the analogy between the ” trajectory prediction” problem and ” next

sentence prediction” NLP task, which is commonly solved using BERT.

Trajectory Task: Prediction. Trajectory prediction is the task of predicting the next
few points of a current trajectory. This is one of the very common tasks in trajectory

analysis as it is a cornerstone to many practical applications. For example, knowing
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where current vehicle trajectories are heading to enables traffic monitoring and fore-
casting where congestions can be expected ahead of time, and hence an appropriate
action can be taken [125, 120]. It also enables events forecasting where one can predict
expected gathering events at certain locations [251, 124]. Wireless communications can
strengthen cellular connectivity by preparing the next few predicted cell towers to ad-
mit mobile devices based on the predicted workload [58, 192, 229]. Personalized services
and recommendations, which include offering location-based information or advertise-
ments, benefit from predicting vehicle trajectories to personalize their offering [57, 239].
Overall, the ability to do trajectory prediction has enabled a whole area of research in
spatio-temporal predictive query processing, where the objective is to support spatio-
temporal queries asking about a future time rather than the current state [102, 101].
Due to its importance, significant efforts have been dedicated to support various forms
of trajectory prediction including short-term prediction (next few minutes) [75], long-
term prediction (next 20-30 minutes) [288, 121], or prediction for extended periods (e.g.,
the rest of the day) [222]. These solutions are based on several frameworks including
statistical patterns [87, 179], machine and deep learning [152, 121, 75], and Markov
models [14, 171].

NLP Task: Next Sentence Prediction. Consider, for example, the English state-
ment ”Paris is hosting Summer Olympics in 2024, the next sentence prediction aims to
predict, with probability, what would be the next sentence among a set of options. For
example, if the following three statements are potential ones: ”Biden announced a Tax
Relief program”, ”Milan is hosting Winter Olympics in 20267, and ” Paris is the capital
of France”, a next statement prediction algorithm may give probabilities 1%, 70%, and
29% for these statements, respectively, which recommends that the second statement
is the most likely one to come next after the input statement. This has practical ap-
plications including sentence auto completion and text generation. The nezt sentence
prediction problem is usually solved using a BERT model. To do so, BERT is first
trained and fine-tuned using pairs of jinput, target; sentences. It gets such pairs from
its input training data, composed of hundreds of thousands of statements in documents.
This will make BERT understand a target statement, given an input one, and hence is

able to accurately predict that next target statement.

The Analogy. Figure 4.2 shows the analogy between trajectory prediction and next
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Figure 4.2: Trajectory Prediction Using BERT Model

statement prediction problems. For the latter one, we plot the three candidate next
statements in three different colors. For the case of trajectory prediction, we plot the
three potential trajectories in the same three colors to their corresponding statements.
For clarity, each (potential) trajectory has the same number of points as the number of
words of its corresponding statement. Hence, one way to solve the trajectory prediction
problem is to train a BERT model with real trajectories. Then, BERT can split these
trajectories into large numbers of pairs of sequence trajectories in the form of input and
target trajectories. In a way analogous to what BERT is doing for the next sentence
prediction, it can use its trajectory-based trained model to predict (with probability)
the next trajectory among the three possible options. Similar to the case of trajectory
imputation, a great advantage of using BERT for trajectory prediction is that it can do
so without the need to know the underlying road network, which would distinguish it

from all existing trajectory prediction approaches.

4.3.3 BERT For Trajectory Classification
This section presents the analogy between the ”trajectory classification” problem and
"text classification” NLP task, which is commonly solved using BERT.

Trajectory Task: Classification. Trajectory classification is the process of associat-

ing a trajectory with one class from a predefined set of classes. A prime example of such
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operation is associating a trajectory with a driving modality that could be either bike,
bus, vehicle, or even a walking trajectory [180, 217, 234, 253, 307, 308]. Such classifica-
tion is crucial in many practical applications. For example, to infer an accurate travel
time estimation (ETA) out of a large set of trajectories, a pre processing step needs
to separate vehicle, bus, and motorbike trajectories from each other. Then, use each
set of trajectories separately to have a modality-based ETA. Map inference algorithms
that are used to infer the underlying vehicle, bus, and bike routing maps would need
to first classify a given set of trajectories based on their modality, and use them sepa-
rately to discover the corresponding map. Another example of trajectory classification
is associating a trajectory with its travel purpose that could be either work commute,
shopping, education, or recreation [22, 166, 167, 228, 59, 270]. This has a direct ap-
plication in urban planning as a means of helping decision makers understand travel
demands and relationships among neighborhoods. Existing approaches for trajectory
classification rely on either hand-crafted rules for each class, heavily engineered features

to train supervised machine learning models, or customized deep learning models.

NLP Task: Classification. Text classification is one of the widely used analysis
tasks in NLP for a large number of important and practical applications. The objective
is that given a set of text, associate each text with one class from a predefined set of
classes. A prime example would be classifying social media posts (e.g., tweets) into their
topic category, e.g., sports, politics, news, technology, and health. This is an important
preprocessing operation for various data analysis procedures that need to have the
analysis based on only posts that belong to a certain category. Another example is
sentiment analysis, where social media posts are classified per their sentiment category,
e.g., happy, angry, sarcastic, and lukewarm. This is important in market study to
understand the reaction of users to a certain product, advertisement, or article. The
problem of text classification is usually solved using a BERT model. To do so, BERT
is first trained on a large number of unlabeled sentences to learn about words in general
and how they relate to each other. Then, it is fine-tuned using relatively smaller labeled
sentences as jtweet, category;. Such trained model is then used to decide on the category

of a given tweet.

The Analogy. Figure 4.3 shows the analogy between trajectory classification and text

classification problems, where text classification is used to classify tweets into politics,
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Figure 4.3: Trajectory Classification Using BERT Model

sports, business, and technology, while trajectory classification is used to classify tra-
jectories into trucks, buses, vehicles, and bikes. Hence, one way to solve the trajectory
classification problem is to go through a similar procedure of using BERT for the text
classification problem. In particular, we start by training a BERT model using large
numbers of unlabeled trajectories. Then, fine-tune the model using a relatively smaller
set of labeled trajectories of the form jtrajectory, modality;. Finally, use the refined

model to infer the modality of a given trajectory.

4.3.4 BERT For Trajectory Simplification

This section presents the analogy between the ” trajectory simplification” problem and

" text summarization” NLP task, which is commonly solved using BERT.

Trajectory Task: Simplification. Trajectory simplification, sometimes seen as the
opposite of trajectory imputation, is the task of reducing the number of trajectory GPS
points while preserving their essential information. Trajectories can be vast and com-
plex, making it costly and challenging to transmit (e.g., bandwidth in cellular phones
is limited), store (e.g., managing and storing these large datasets can become pro-
hibitively expensive), and process (e.g., executing queries on such datasets becomes
more complex). Trajectory simplification lowers the number of points and thus signifi-
cantly reduces the cost of query processing, storage, and data transmissions of complex

trajectories. It can be employed either in online or offline mode. In online mode, during
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data collection, trajectory simplification helps tracking devices transmit only the most
important points in real time. In offline mode, a simplified trajectory is obtained from
the full trajectory and used either for storage or as a filter step during query process-
ing, with refinements done using the full trajectory data. Due to the importance of
trajectory simplification problem, significant research efforts were dedicated to solve it
(e.g., see [122, 131, 154, 155, 263, 300]). Most of these approaches aim to maintain a
certain distance or direction error threshold when dropping some of the original points.
Some of these approaches aim to match trajectories to the underlying road network,
and then simplify each trajectory by selecting representative road network points (e.g.,
intersections) [127, 280, 139].

NLP Task: Text Summarization. Consider, for example, the verbose English state-
ment ”Paris, the capital of France, is hosting the Summer Olympics in 2024”. A text
summarization procedure would make a shorter version of this statement to be: ”Paris
is hosting 2024 Olympics”. Given a document of words, a text summarization anal-
ysis task aims to summarize the document by a short description which can be used
for newsletters, video descriptions, or brief highlights. Such short description uses less
number of words while preserving the main ideas of the original text and minimizing
the information loss due to the removed text. The outcome summary can be either
extractive, i.e., uses only words from the original text, or abstractive, i.e., can come
up with entirely new words and phrases that were not present in the original text. In
our example, we used an extractive summarization as all the words are taken from the
original statement. BERT has been widely used for the text summarization problem.
To do so, similar to the case of text classification, BERT has to be first trained on large
number of documents to build its initial model. Then, the model is fine-tuned using
another smaller set of document and summary pairs to learn what would be the words
to use or omit to come up with a document summary. Finally, given a document, BERT

would use its learnt model to produce the summary.

The Analogy. Figure 4.4 shows the analogy between trajectory simplification and text
summarization problems. For clarity, we plot the trajectory before and after simplifi-
cation with the same number of points that corresponds to the statement before and
after summarization. Same like the case of text summarization where the summary

still preserves the full meaning of the statement, the simplified trajectory still preserves
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Figure 4.4: Trajectory Simplification Using BERT Model

the characteristics and overall structure of the full trajectory where main turns are still
kept. As BERT is used for text summarization, one way to solve the trajectory simpli-
fication problem is to train a BERT model with large number of real trajectories, and
then fine tune the model using pairs of the form jraw trajectory, simplified trajectory,.
Though our example shows an extractive simplification, where the simplified trajectory
uses only points from the full trajectory, but the idea can also be applied to abstractive
simplification. Similar to previous trajectory analysis tasks, using BERT would allow
trajectory simplification to be done without the need to be aware of the underlying road

network.

4.3.5 BERT For Trajectory Similarity

This section presents the analogy between the " trajectory similarity” problem and ” text

similarity” NLP task, which is commonly solved using BERT.

Trajectory Task: Similarity. Trajectory similarity is the process of computing a
similarity score between two trajectories based on their sampled GPS points. This is
one of the commonly performed tasks in trajectory analysis as it is a fundamental step
to many practical applications. For instance, in routing and navigation applications,
given a historical dataset of trajectories, a source point, and a destination point, it is
often needed to compute the estimated travel times (ETA) for a certain route between
source and destination points [184, 261]. Such information is highly valuable to help

plan routes more efficiently, or to add travel time information to the map. In this case,
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trajectory similarity is utilized to find trajectories that closely resemble the given route,
then use these trajectories to help estimate the route travel time. In addition, several
other trajectory analysis tasks rely on trajectory similarity. For example, in clustering
and classification tasks (Section 4.3.3), computing the similarity score between two or
more trajectories is essential. In particular, such tasks use the similarity scores to
correctly assign each trajectory to an appropriate cluster based on its similarity to the
other trajectories in each cluster. The higher the score to a certain cluster, the closer
the trajectory to it and the higher the trajectory probability to belong to it. Another
example of analysis tasks that utilize trajectory similarity is outlier detection. This is a
very important preprocessing step for any downstream application that uses trajectories
as it can help in cleaning such trajectories and ensure the application receives high-
quality input data. In this task, given a dataset of trajectories, similarity scores are
computed for each trajectory with respect to the reset of trajectories in the dataset.
Then, those trajectories that are significantly less similar to the majority of the data
are flagged as outliers, which then can be eliminated or processed independently via data
cleaning tools. Due to the importance of trajectory similarity in various applications,
significant research efforts have been devoted to it (e.g., see [140, 151, 60, 278]). Many
of these approaches rely on pairwise computations between the sampled GPS points to
find the similarity score, which may become prohibitively expensive with large datasets

and large numbers of GPS points.

NLP Task: Text Similarity. Consider, for example, an input English statement
such as ”The capital city of France”, the text similarity aims to compute how similar
(or relevant) this statement is to a set of available statements or documents. For exam-
ple, if the following three statements are the available ones: ”Paris is the largest city
in France”, ”Marseille is the second largest city in France”, and ”Paris is France’s cap-
ital city”, a text similarity algorithm may find the similarity scores between the input
statement and the three available statements as 0.12, 0.03, and 0.85, respectively, which
recommends that the last one is the most similar statement to the input. This has many
practical applications including search and information retrieval, results ranking, and
question answering. This is in addition to clustering applications, e.g., categorizing a
set of tweets into topics where tweets in each cluster are highly similar to each other.

Similar to many other NLP tasks, text similarity is usually solved using a BERT model.
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Figure 4.5: Trajectory Similarity Using BERT Model

Given two statements, BERT represents them as two vectors of the same size, regardless
of the number of words in each statement. The vectors then go through a mathematical
similarity measure, e.g., cosine similarity or Euclidean distance, to measure their sim-
ilarity. The similarity score is then used to represent how both statements are similar
to each other. To do so, BERT is first trained on large datasets of statements so it can
learn relationships between words and then be able to represent similar statements by

similar vectors.

The Analogy. Figure 4.5 shows the analogy between trajectory similarity and text
stmilarity problems. For the latter one, we have an input statement and three other
available ones, which we plot in different colors. Similarly, for trajectory similarity, we
have an input trajectory and three available ones. For clarity, each of the three tra-
jectories has the same number of points as the number of words of its corresponding
statement. We also plot the three trajectories in the same three colors to their corre-
sponding statements. The goal is to compute their similarity to the input. Hence, one
way to solve the trajectory similarity problem is to train BERT on a large trajectory
dataset so it can learn how to represent similar trajectories by similar vectors. Then, we
can use these vectors to easily compute the similarity between their corresponding tra-
jectories. This has the potential to scale up since the vector size is constant regardless
of the number of GPS points, which would distinguish it from other existing pairwise

similarity approaches.
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4.4 Challenges in using BERT for Trajectory Analysis

The clear analogy between trajectories and statements, and hence between their corre-
sponding tasks calls for applying state-of-the-art NLP models, e.g., BERT, for trajectory
operations. The hope is that given the apparent analogy, BERT will be as successful
for trajectory analysis as it is already successful for NLP tasks. However, this may
not be practically applicable. In fact, if we apply BERT as is to trajectory analysis
tasks, it will yield highly inaccurate results, and may not even work in most cases. This
is mainly due to several fundamental differences between trajectories and statements,
which hinder the applicability of BERT to trajectory operations. This section presents
the below three main challenges that stem out from these differences, which need to
be addressed first to pave the way for our vision of a BERT-like model for a myriad of

trajectory analysis tasks.

Challenge I: Ratio of Training Datasets To Possible Words. BERT is designed
to be used for languages, where: (a) the number of possible words is of limited size,
and (b) there is an abundance of publicly available data, including Wikipedia pages,
news articles, and various websites. In fact, BERT was actually trained on ~3.3B
word corpus (2.5B of them are from Wikipedia and 800M from Books Corpus [314])
composed of ~30K distinct words [63]. This means that, on average, each English word
appears ~100K times in the BERT training set. This gives BERT the ability to see each
word in various contexts, and hence would be able to understand various context-based
meanings of each word as well as linking words together when they co-occur often. This
is basically due to the law of large numbers that BERT heavily relies on. Meanwhile,
trajectory datasets exhibit a very different behavior. First, the number of possible points
that can patriciate in a trajectory is huge and highly depends on the resolution of the
GPS tracking devices. For example, assuming a 5 meters accuracy of a GPS device,
then a 1km? area would have 40,000 GPS points. Considering a state like Minnesota,
which has an area of around 225,000km?, we would have 9B possible GPS points in
only one state. Of course, the numbers would be much less if we only focus on roads,
biking trails, and sidewalks, which are the ones that appear in trajectory datasets, yet,
still the numbers would be orders of magnitudes large than language datasets where

the English word has only around 30K words (points). Second, due to many factors,



72
including privacy and proprietary ownership, trajectory data are not widely publicly
available like language data. With such limited data, distinct GPS points would hardly
appear in training datasets. For example, a trajectory dataset from Oregon State,
obtained from UCR STAR [249] has ~1.3M distinct GPS points with ~1.75M total
points. This means that, on average, each trajectory point appears only once in the
training datasets, which is five orders of magnitude less than what English words appear
in their training datasets (100K times). Apparently, such low ratio of training datasets
to possible words is not suitable for BERT. In its core, BERT heavily relies on having
each word appears hundreds of thousands of time in the training data, which would
allow BERT to understand various contexts and witness different scenarios of each
word. This makes BERT able to support various NLP tasks that all rely on the context
understanding of BERT for each word in a statement. Hence, applying BERT as is to
trajectory data, with its scarce data availability and large numbers of possible words,

is not practical.

Challenge II: Ratio of Noisy Data. Language data is subject to noise that takes
place in typos, grammatical errors, words that could not be extracted from images,
or words that were not well translated from another language. Overall, noisy data is
considered as outliers in the whole language dataset. BERT is kind of used to this, as
given its large numbers of training datasets, it can identify the outlier noisy parts of
the data and act accordingly. Meanwhile, noise in trajectory data is inherent, and it
could be even more than accurate data. This is due to the inherent inaccuracy and
the low sampling rate of GPS tracking devices as a means to accommodate bandwidth
and battery limitations. Such high ratio of noisy data makes it very hard for BERT to
learn from its own training set. Noisy data will increase the number of distinct points
in a dataset, which will decrease the number of times that each point appears in the
training set. Besides affecting BERT training process, noisy data significantly impacts
the applicability of BERT to some trajectory analysis tasks. For example, consider
the trajectory imputation task, which is analogous to finding the missing word NLP
problem (Section 4.3.1). In the NLP problem, BERT is usually deployed to find only
one missing word. Yet, errors that lead to trajectory imputation are usually coming from
low sampling rates, which would drop out several points between each two consecutive

points. Applying BERT as is to trajectory imputation will end up having only one point
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between the two segment end points. While this would increase the trajectory accuracy,
but it is not enough as, practically speaking, we would need to fill in multiple points in

between two segment end points.

Challenge III: Long and Unrelated Consecutive Trajectories. Statements are
usually composed of few words, typically 15-20 words per statement. Then, paragraphs
are composed of a set of related statements, typically 5-8 statements per paragraph.
Meanwhile, a trajectory may include hundreds of points, and subsequent trajectories
may be unrelated, e.g., a series of taxi trips. BERT, by design, has a limit on the input
length of each statement it can process, mainly due to its computationally expensive
attention mechanism that exponentially grows with the number of words it needs to
take into account. That limit for BERT is usually big enough to cover most language
statements. In the case of long statements, BERT truncates them to keep only a window
of the last N words, where N is the maximum input length. Apparently, the number
of points in a trajectory is mostly above the limit that BERT can accommodate in its
attention mechanism. Hence, it may not be practical for BERT to be applied as is for
trajectories that are already long enough without splitting these trajectories into short
ones, and hence reduce their context information. Along the same lines, BERT takes
full advantage of the fact that subsequent statements are related to each other. Hence,
using its training set, BERT is able to understand the relations between subsequent
statements, and use it for various NLP tasks, including predicting the next statement
task (Section 4.3.2). Since subsequent trajectories may not be that related, it would be
harder for BERT to perform trajectory tasks that link a trajectory to its next one, e.g.,

trajectory prediction.

4.5 The Vision: A BERT-like Model for Trajectory Anal-
ysis

Our vision is that the spatial community would work together towards a full-fledged
BERT-like system for a myriad of trajectory tasks. We envision that, in a few years,
we will have such system, where no one needs to worry again about each specific tra-
jectory analysis operation. Whether it is trajectory imputation, similarly, clustering,

or whatever, it would be one system that researchers, developers, and practitioners can
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deploy to get high accuracy for their tasks. The system would always be extensible in a
way that can accommodate new operations contributed by the community at large.

This envisioned system does not have to be a completely new one built from scratch.
Instead, it can be an adaptation of the current BERT system to make it more amenable
to trajectory data analysis. Towards our vision, we believe that the community needs
to explore two orthogonal, but complementary, directions. The first direction is to
customize both trajectory data and BERT usage to match each other, without the need
to change the core of BERT itself. This will produce a quicker system solution that is
way more accurate than using BERT as is as in Section 4.3, but still does not exploit
the full power of BERT for more accurate results and system extensibility. The second
direction is to inject spatial- and temporal-awareness inside the core of BERT itself.
This will make BERT deals with spatial data in general and trajectories in particular as
first-class citizens and support their special characteristics. As a result, this direction
will produce a more accurate system as it exploits the full potential of BERT at its core.
However, significant efforts would need to be put in to realize such system. Exploiting
and applying both directions together would produce a system with the ultimate desired
performance for trajectory applications. Below are our initial thoughts on how to tackle

each direction:

Direction I: Customized Trajectories and BERT. This direction aims to cus-
tomize either the trajectories or the use of BERT or both together, without changing
BERT core, in a way that can potentially overcome some of the challenges listed in Sec-
tion 4.4. Here are three examples of trajectory dataset customizations that belong to
this direction: (1) Partition the space into a set of fine-grained hexagons, using Uber’s
H3 Hexagonal Hierarchical Spatial Index [26]. This way, all points within the same
hexagon will be assigned to the same GPS value, which is the hexagon centroid. Then,
trajectories become a sequence of hexagons instead of points, and the hexagons become
the words to BERT. This customization brings the number of possible words/points in
the example Oregon State dataset mentioned in Challenge I in Section 4.4 down from
~1.3M to ~18K, where now each point appears ~100 times on average during training.
This is a two-order of magnitude improvement compared to the original dataset where
each trajectory point appears only once in the training data. Such customization can

potentially overcome both Challenge I and Challenge II, while still preserving accuracy
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due to the fine-grained nature of the hexagons. (2) Generate synthetic trajectories to
enrich our corpus. To do so, we can employ existing trajectory simulation techniques
(e.g., [214, 302]), which basically take our available real trajectory data to generate
additional trajectories that resemble the behavior of existing trajectories over different
parts of the road network. The will enrich our corpus, which can be then used to train
BERT, while avoiding more noisy data. Hence, this can potentially overcome both Chal-
lenge I and Challenge II. (3) Split long trajectories into a set of shorter subtrajectories.
This will ensure that consecutive trajectories are both short and related, which would
overcome Challenge III in Section 4.4. In other words, with this, trajectories would be
actually analogous to paragraphs rather than statements. Recall that a paragraph is a
collection of subsequent short and related statements. With splitting, a trajectory too
becomes a collection of subsequent short and related subtrajectories.

Meanwhile, customizing the use of BERT may be task-specific. So, we give an
example for the trajectory imputation task (Section 4.3.1). Since BERT is designed to
find only one missing word in a statement, it may not be suitable as is for trajectory
imputation, where we would need to impute several points between each two GPS
readings. A possible customization to overcome this issue is to call BERT iteratively.
For example, in the second trajectory gap in Figure 4.1, we first call BERT to predict one
missing point, which is the one shown in the figure corresponding to the word ”hosting”.
Then, if we need an additional imputed point, we can call BERT again for the same
gap by including the point/word that we just found (”hosting”) in the input as if it was
originally there. This is to get an additional imputed point for the same gap after the
word ”hosting”. Once we get a new point, we can use it again in the input to call BERT
for a third imputed point. We can iteratively repeat the process until reaching sufficient
granularity. This customized usage helps overcome Challenge 1I, which is related to

GPS noise and low sampling rates.

Direction II: Spatially- and Temporally-Aware BERT. This direction aims to
inject spatial- and temporal-awareness inside BERT core engine, as a means of a better
and more accurate support for trajectory analysis tasks. One of the components that
could be a key to injecting spatial- and temporal- awareness into BERT is the loss
function. This function is responsible for evaluating BERT predictions during training

along with penalizing or rewarding the model accordingly. BERT is typically trained
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by randomly masking or covering one word in a statement and attempting to guess it.
The current loss function that BERT is using is a kind of binary, where only predictions
that exactly match the masked word are considered correct and rewarded, while all
other predictions are considered incorrect and penalized. There is no notion that some
words are closer to the correct answer than others. The model adjusts its parameters
towards the correct one and hopefully comes back in the next iteration and guesses it
correctly. Applying this training procedure in the case of trajectories using GPS points
instead of words means that predicting a GPS point that does not exactly match the
masked /covered point is treated as a completely wrong prediction. This also means
that predicting a point that is a few feet away from the actual point is as wrong as
predicting a point that is miles away because both penalize the model the same way.
This is mainly because the loss function (and BERT') has no spatial awareness and hence
there is no sense of being almost close to the correct answer. As a result, this makes it
hard for the model to learn unless it guesses correctly, which is almost impossible given
the trajectory characteristics such as the presence of noisy data and the small ratio of
training examples compared to the number of possible GPS points. To overcome this
issue, we can adjust the loss function via an additional spatial penalty component that
correlates with this distance. In particular, it ensures that the further the prediction
from the actual point the higher the penalty. By implementing this approach, the model
is encouraged to closely match the actual points and receives cues about its proximity
to the correct answer. Such spatial guidance helps the model to overcome the noisiness
and lack of large training examples as it would help in converging with good accuracy

even with small training data.

4.6 Initial Results

This section provides initial results that show the promise of our vision. In particular, we
are doing exploratory evaluation for only the first direction of our vision, i.e., customizing
trajectories and BERT (Section 4.5), and for one particular trajectory analysis task,
namely, trajectory imputation (Section 4.3.1). For the training and evaluation dataset,
we use a real trajectory dataset from the city of Porto, Portugal [211], composed of 1.7M

trajectories for real taxi trips covering ~83M GPS points, driven for a total length
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Figure 4.6: Performance Results

of ~8.8M km spanning an area of ~500 km?. We use 80% of these trajectories for
training and 20% for testing. Then, we sparsify the testing trajectories by keeping
the first point in the trajectory, then, removing all points within distance Sparsegqp,
then, keep the next point, and so on. Hence, all testing trajectories have gap distance
Sparsegqp between each two consecutive GPS points. We compare our initial technique
for trajectory imputation, termed TrajBERT, against a base line approach, termed
linear interpolation, that will just impute each trajectory segment by a straight line
between its two end points.

Figure 4.6 gives our initial experiments showing the impact of varying Sparsegqp
from 500 to 4,000 meters on both TrajBERT and linear interpolation with respect to
three performance measures, recall, precision, and failure rate. To measure the recall
and precision, for each imputed segment, we discretize the ground truth path into G
artificial points, by placing one point each 100m. Similarly, we discretize the imputed
path into I artificial points, by placing one point each 100m. Hence, the recall is
computed as the ratio of points in G that are correctly recovered/recalled, within an
accuracy threshold § = 25m from the imputed path. The higher the recall the more
accurate is the algorithm. The precision is computed as the ratio of points in I that are
within an accuracy threshold § = 25m from the ground truth. The higher the precision
the more accurate is the algorithm. For the failure rate, when TrajBERT fails to finish
the process of imputing a trajectory segment, we resort to linear interpolation between
the two segments end points, and count this as one failure for TrajBERT. Hence, the
failure rate is the ratio of trajectory segments that TrajBERT could not properly impute.
With this, the baseline linear interpolation method has a 100% failure rate as it always

resorts for linear line between each two segment end points.
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Figure 4.6(a) gives the recall ratio of both TrajBERT and linear interpolation. Tra-
JBERT consistently outperforms the linear interpolation baseline with 2x to 7x better
recall. For example, at a sparsity gap of 1000m, the TrajBERT recall is 0.7 which is
three time better than the recall for linear interpolation. The performance increase is
getting higher with large sparse gaps, where for a 4,000m gap, TrajBERT recall is 0.43
while linear interpolation recall is only 0.06. This shows that TrajBERT is more resilient
to larger gaps. Figure 4.6(b) gives the precision ratio of both TrajBERT and linear in-
terpolation. The results for the precision exhibits similar performance to that of the
recall, where TrajBERT consistently outperforms linear interpolation in both short and
large sparsity gaps. Figure 4.6(c) gives the failure rate of TrajBERT compared to the
100% linear interpolation basesline. TrajBERT failure rate is almost 0% regardless of
the sparseness, meaning that it is always capable of finding imputation points between
the two segment end points. This is mainly because our training dataset is kind of more
dense than typical trajectory data. TrajBERT failure rate would definitely go up if the
dataset is more sparse. However, the experiment shows that if given a good trajectory
dataset, TrajBERT can have almost 0% failure rate.

Though the experiments here are initial and not conclusive as it is made for only
one trajectory operation, one data set, and not trying to vary many parameters, yet,
it shows the promise of our vision. The objective here is to show that there is a road
to our vision, and even a strawman implementation of some initial ideas would achieve

highly promising results.

4.7 Related Work

This section discusses related work to our vision. Since we have already discussed related
work to each trajectory operation in Section 4.3, we are limiting the discussion in this
section to those studies that aim to deploy ideas from the NLP domain to spatial data.

We are classifying such work into the two below categories:

Pre-BERT Era: Embedding and Representation Learning. Many researchers
in the spatial domain were inspired by the discovery of Word Embedding in NLP, with
its classical and popular Word2Vec approach, proposed in 2013 [175]. The main idea of

Word2Vec is to map each vocabulary word to a numerical vector that represents it and
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thus enables computations and mathematical operations on words. Hence, several ef-
forts in the spatial community have taken similar approaches for various spatial datasets
(e.g., see [78, 151, 169, 256, 285, 284, 298, 312, 311]). Many of these approaches have
even named their techniques in an analogous way to Word2Vec, e.g., GPS2Vec [287],
Loc2Vec [225, 266], Location2Vec [313], Place2Vec [274], and POI2Vec [76]. The main
goal of these studies is to learn and obtain embedding (i.e., vectors or numerical rep-
resentations) for a wide range of spatial elements such as GPS points [287], points
of interest Pol(s) [169, 225, 266, 274, 312], trajectories [78, 151, 311], road network
nodes and edges [42], geographical areas and regions such as neighborhoods, cities, or
zones [256, 285, 313, 298]. The term embedding refers to the fact that some of the
hidden information about the element (e.g., meaning and semantics in the case of a
vocabulary word, or location type in the case of a Pol or GPS point) are discovered
and learned via deep neural networks and then embedded/encoded in a numerical form
in the vector representation. Despite the importance of the embedding process, it is
limited to basic element-wise operations such as computing the difference or similarity
between two words or locations. Embedding alone is not sufficient for more complex
tasks such as the next sentence prediction or next trajectory prediction. This is why
all the efforts for spatial data embedding are mainly concerned with a very specific task
and can not be extended to other tasks. For example, Place2Vec is only concerned with
place type similarity [274], SERM and Loc2Vec [225, 284] are only concerned with next

point prediction, while another work [151] is only concerned with activity similarity.

The BERT era: Language Models for Spatial Data. Due to the limitations of
the word embedding approach, the NLP community came up with the idea of BERT
as a language model that is able to process complete documents and sentences. Then,
learning the embedding becomes only one component among many other components of
BERT. Research efforts in employing language models for the spatial domain are mainly
geared towards utilizing it, as a pretrained model, in its lingual form by verbally asking it
questions of spatial nature [111, 209, 273]. The main idea is to use language as a medium
to make the model perform certain tasks such as correcting an address or forecasting
the name of the next Pol from an input sentence. This is the opposite of utilizing the
model architecture only and then training it from scratch on spatial data. Hence, this

approach is limited by the ability to verbally represent the data. It is also subject to
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the model ability to understand and comprehend geospatial semantics from the text.
To overcome these limitations, a follow up work proposed to add external supervised
training [111, 209]. For example, use existing spatial datasets and spatial knowledge
graphs to artificially generate new sentences about places, Pols, distances between them,
their locations, types, and add these new sentences to the training corpus in an effort to
increase the language model ability to do spatial reasoning from language. A more recent
work has investigated using language models for spatial data of multiple forms [168].
In particular, it looks at how to combine multiple datasets of multiple forms (e.g.,
satellite images, graphs, text) that contain spatial data and then use this combination
to train a geospatial model for various spatial tasks. With respect to trajectory analysis,
few research efforts have recently considered using a language model like BERT as is for
various operations, including similarity [62, 140], prediction [28, 86, 148], imputation [52,
213], and classification [146].

Our Vision: BERT-like Models for Trajectory Analysis Our vision goes beyond
the word embedding and focuses more on BERT and similar language models. Unlike
all existing work, our vision is not only concerned with only one specific trajectory
operation. Instead, our vision aims to build a BERT-like model that can support a
wide variety of trajectory analysis tasks. This goes along with the spirit of BERT itself
that was not designed for one specific NLP task. Instead, it is made to support a wide

variety of NLP tasks.

4.8 Conclusion

We have presented our vision to utilize state-of-the-art language models in Natural Lan-
guage Processing (NLP), e.g., BERT, to support trajectory analysis operations. The
promise is that doing so will pave the way towards a long-waited-for full-fledged trajec-
tory data management system that natively supports all trajectory analysis operations.
We show that trajectories in a space exhibit a very similar behavior to statements in
a language, and hence many of the NLP tasks on statements are analogous to spatial
analysis tasks on trajectories. However, we also point out several challenges that hinder
the applicability of BERT as is to trajectory analysis. This helps in outlining the road to

realizing our vision by exploiting two orthogonal, but complementary, directions. The
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first direction is to customize both trajectory data and BERT usage to match each other,
without the need to change the core of BERT. The second direction is to inject spatial-
and temporal-awareness inside the core of BERT itself to achieve better results. Initial
exploratory results for one trajectory operation and one dataset confirm the promise

and possibility of our vision.



Chapter 5

KAMEL: A Scalable BERT-based
System for Trajectory Imputation

5.1 Introduction

Numerous important applications heavily rely on trajectory data generated from GPS
devices. Such applications include path finding (routing) [292, 99, 40, 184], traffic moni-
toring and forecasting [128, 172, 251, 106], location-based services [25, 79, 310]), contact
tracing [271, 177, 7], map inference [19, 37, 219, 232], and urban planning [145, 147, 100].
Unfortunately, due to bandwidth, battery, and storage limitations, trajectory data are
inherently sparse, i.e., there are frequent spatial and temporal gaps between every two
consecutive readings. Such gaps present an inherent uncertainty of the object’s where-
abouts between each two GPS readings. The higher the sparsity (i.e., the larger such
gaps spatially and temporally), the lower the accuracy and quality of all applications
that rely on trajectory data.

As a means of boosting the accuracy of trajectory data and hence their applications,
several techniques have been proposed to impute trajectory data by trying to predict the
trajectory whereabouts within the gaps (e.g., see [24, 135, 157, 305]). The large majority
of such techniques rely on matching the trajectories on the underlying road network,
where the imputation process becomes mainly about finding the road network shortest
path between each two consecutive trajectory points. Unfortunately, all such techniques

have the implicit assumption that the underlying road network is available and reliable,

82
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which is not always true. Road networks, like any other type of data, suffer from all sorts
of inaccuracy, and may not be even available in many places [186, 170, 243]. In fact,
Microsoft has recently announced that it has found more than one million kilometers of
roads missing from current maps [174], Amazon has its own map inference techniques [9],
Uber and Lyft build their own map on top of OpenStreetMaps [163, 248], while Apple
has recently completely rebuilt its map [12].  This is a very practical problem that
triggered a multi-billion dollars industry for constructing accurate maps [48, 91] and a
whole area of industrial and academic research of map inference, which aims to infer
(all or missing parts) of a road network from trajectory data [19, 37, 219, 232]. This
calls for new trajectory imputation techniques that do not rely on the underlying road
network, and hence can generate accurate trajectories that can be used to infer the
road network. This chapter is concerned with imputing trajectories under this setting,
which is when the road network is not used as an input in any way. There are only
a couple of such approaches [144, 69], but, they are only applicable for small road
networks and assume abundance of trajectory data. This makes them not applicable to
large-scale road networks.

In this chapter, we present KAMEL; a new framework for scalable trajectory impu-
tation that is the first to combine the following distinct features: (1) does not require
the knowledge of the underlying road networks as it makes its imputations solely based
on input trajectories, (2) does not require prior highly dense trajectory data (i.e., large
number of trajectories in a small area), (3) scales up to support large geographical ar-
eas beyond junction or small city areas, and (4) supports trajectory imputation in both
offline bulk mode and online mode for incoming streams of trajectories.

The main idea of KAMEL is to map the trajectory imputation to the ”finding the

”»

missing word” in Natural Language Processing (NLP), which is usually solved using

the widely used BERT model [63]. Given a statement like ”Paris is the ... of France”,

where ”...”

represents a missing word (due to speech recognition, translation, or typo),
BERT finds out that the missing word is ”capital”. To do so, BERT is first trained
by large numbers of statements. KAMEL deals with trajectories as statements, where
a trajectory/statement is composed of an ordered set of points/words drawn from a
finite pool of possible points/words. Also, points/words in a trajectory/statement are

spatially /semantically related and are constrained by rules imposed by the underlying



84
road network/language grammar. Hence, at its core, KAMEL is equipped with a BERT
model trained by a set of trajectories, and then used to impute sparse trajectories.

However, using BERT as is within KAMEL is not straightforward and results in
a very poor accuracy and performance. This is mainly due to three main challenges:
(1) Spatial awareness. BERT is not spatially aware, where it may poorly train its model
by including datasets that are not spatially related and/or produce results that are not
spatially feasible. (2) Training Data factor. This is the average number of times each
word appears in the training dataset. The original BERT [63] is trained on ~3.3B
word corpus composed of ~30K distinct words, so each word appears ~100K times
on average in the training set. Meanwhile, trajectory data is no where close to these
numbers. A typical trajectory dataset (e.g., Portland dataset [249]) would have ~2M
GPS points with ~1.5M distinct points, so each point appears only once on average
in the training dataset. Such very low training data factor significantly degrades the
quality of BERT to be almost useless. (3) Multiple missing points. BERT usually aims
to find one missing word in a statement, while trajectory imputation may need to find
several missing points between two known points. Applying BERT repetitively to do so
would significantly degrade the imputation quality and performance.

KAMEL overcomes all the challenges of using BERT through an architecture com-
posed of five main modules, Tokenization, Partitioning, Spatial Constraints, Multipoint
Imputation, and Detokenization. The Partitioning and Spatial Constraints modules ad-
dress the spatial awareness challenge by injecting spatial awareness into both BERT
training process and output result, respectively. The Tokenization and Detokenization
modules address the training data factor challenge by clustering points into tokens to
increase their appearance in the training dataset. The Multipoint Imputation module
addresses the multiple missing points challenge by estimating the probability of multiple
points together to form an imputed segment.

Our goal is to show that NLP models (e.g., BERT), trained with trajectory data,
have the potential to push the state-of-the-art in trajectory imputation. We do not aim
to find the best NLP model suited for trajectories. We have chosen BERT as it is one
of the most commonly used models. Yet, other BERT variants or language models can
be also used with different adaptations. We opted for a design that employs BERT

as is as an architecture, trained on trajectories, rather than language, which makes
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KAMEL attractive for industrial and open-source market that are already familiar with
it and would need less disturbance to their systems.  The experimental evaluation
based on system deployment of KAMEL and real datasets shows that KAMEL achieves a
high recall score of 89% of the missing points from the ground truth trajectories, with
high precision. Comparison with other approaches shows that KAMEL achieves nearly
three times the score of the baselines and the state-of-the-art methods, and can work
on various straight and curved trajectories, with gaps as large as 2.5 km.
The rest of this chapter is organized as follows: Section 5.2 presents KAMEL archi-
tecture. The five modules of KAMEL are described in Section 5.3 to 5.7. Experimental
results are presented in Section 5.8. Section 5.9 discusses related work. Section 5.10

concludes the chapter.

5.2 KAMEL Architecture

Figure 5.1 depicts the architecture of KAMEL, where it takes two types of input:
(1) training data; new trajectory datasets which does not produce any output, instead
KAMEL uses it to enrich its models. (2) sparse trajectories; the trajectories that the
users wants to impute. KAMEL receives such data either in bulk offline mode or as
a stream of incoming trajectories. In both cases, KAMEL outputs the set of imputed
dense trajectories that correspond to the sparse input. KAMEL is a BERT-based sys-
tem, where BERT is used as a core component and is depicted as a black box at the
bottom of Figure 5.1. However, as mentioned earlier, using BERT as is results in a poor
accuracy and performance, due to three main challenges, spatial awareness, training
data factor, and multiple missing points. Hence, internally, KAMEL is composed of five
main modules to address these challenges, namely: Tokenization, Partitioning, Spatial
Constraints, Multipoint Imputation, and Detokenization, described briefly below:

Tokenization. This module is a gateway to KAMEL, where all input go through it
first. It addresses the training data factor challenge by converting each input point to
a token that covers a specific spatial area. This reduces the number of distinct items
and increases their appearance in the training set. The output of this module is a set

of tokens sent to the Partitioning module. Details are in Section 5.3.
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Figure 5.1: KAMEL Architecture

Partitioning. This module addresses the spatial awareness challenge as it builds var-
ious BERT models based on the spatial coverage of the input data. It takes its input
as a set of tokens produced from the Tokenization module. In case these tokens repre-
sent training data, the Partitioning module stores such data in its raw trajectory store.
Then, it decides whether to enrich or expand one of its existing models, or even build a
new model, and calls BERT accordingly. The new or updated models will be stored in a
dedicated model repository. In case the input tokens represent sparse trajectories that
need to be imputed, the Partitioning module finds out which BERT model needs to be
used to impute each trajectory. For each trajectory gap represented by two end tokens,
it calls the selected BERT model to impute one token between the two end tokens. The
output of BERT is a set of candidate tokens (with probabilities) sent to the Spatial

Constraint module. Details are in Section 5.4.
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Spatial Constraints. This module addresses the spatial awareness in BERT output.
Its input is the set of candidate tokens produced from BERT. Then, it drops off some
of these tokens that do not satisfy a set of spatial constraints. Remaining tokens are
passed to the Multipoint Imputation module. Details are in Section 5.5.
Multipoint Imputation. This module addresses the multiple missing points chal-
lenge. It converts its input from a candidate imputed token to a sequence of tokens
through calling BERT iteratively. It outputs the most likely sequence of tokens for each
trajectory gap and sends it to the Detokenization module. Details are in Section 5.6.
Detokenization. This module addresses the training data factor challenge, and to some
extent it reverses the Tokenization module. The input to this module is the imputed
trajectory, represented as tokens. The output is the imputed trajectory represented as

points, which is the final output of KAMEL. Details are in Section 5.7.

5.3 Tokenization

This module is the gateway for KAMEL where all input data (training data or sparse
trajectories) have to go through before any other KAMEL module. A typical trajectory
input is composed of points, each represented by its latitude and longitude coordinates.
With the high precision of such coordinates, a certain point does not often appear more
than once or twice in a training dataset, which is not enough to train a BERT model.
Contrast this to the language that BERT is used to work with, where each word may
appear 100+K times during the training. This module aims to address this challenge
by partitioning the whole space into a set of non-overlapping cells, where all points
located in the same cell are given the same token, which is the cell ID. This means that
a trajectory dataset will be presented as a set of tokens (cell IDs) instead of a set of
points. So, different points will have the same token, and hence they can appear more
often in the training dataset, which is also composed of tokens. To increase accuracy
and efficiency, the tokenization module has to decide on how to partition the space into

cells (Section 5.3.1) and the optimal cell size for each dataset (Section 5.3.2).
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Figure 5.2: Example Output of the Tokenization Module

5.3.1 Hexagonal Space Partitioning

For its tokenization scheme, KAMEL uses a flat hexagonal grid structure based on Uber’s
H3 Hexagonal Hierarchical Spatial Index [26, 96]. In this index, the whole world geo-
graphical area is divided into a set of non-overlapping hexagons, where each hexagon
has a unique ID h;. Figure 5.2 shows an example of the tokenization process using a
hexagonal grid. The upper part of the figure shows an input trajectory that consists of
five points P; to Ps, and the bottom part shows the output tokenized trajectory which
consists of five tokens ¢1 to t5, where each token corresponds to one of the input points.
It is important to note that the road network in the background is shown only for illus-
tration, but the imputation process does not rely on (or even know about) it. Other
tokenization alternatives such as Google S2 squares [220] partitioning, which is basically
a form of a grid structure is also a possible alternative. However, hexagons help achieve
more accurate imputations as confirmed by our experiments in Section 5.8.6.

The rationale of using hexagons over common traditional square or rectangular par-
titioning is that: With a hexagonal grid, all the six neighbors of each cell C' have the
same exact properties in terms of distance to C centroid and the length of the shared
border with C'. This is in contrast to rectangular partitioning, where each cell would

have four corner neighbors sharing a point, two neighbors sharing the length, and two
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other neighbors sharing the width. Ensuring that all neighbors have the same proper-
ties makes it more suitable for BERT as going from one token (hexagon) to its neighbor
would not be influenced by our partitioning. Meanwhile, we acknowledge that unlike
rectangles, hexagons are not hierarchical, where we cannot fit a set of neighbor hexag-
onal cells into one bigger hexagonal cell. Yet, this is not a concern to KAMEL, as there
is no need for such hierarchy. Hexagons are needed only to tokenize points to cells,
and later to detokenize cells to points (Section 5.7). The cost of mapping a point to its
hexagonal cell has a constant time, as it is done through a series of coordinate system

conversions [97].

5.3.2 Cell Size Optimization

Deciding on the right cell size would significantly impact KAMEL accuracy. Figures 5.3(a)-
(c) depict three different sizes, with edge length H = 25, 75, and 200 meters, respectively,
laid on top of the same part of a road network. The cell size is inversely proportional to
the number of distinct cells (tokens); the larger the size the less the number of distinct
tokens, and hence token will appear more in the training set. Hence, large sizes would
address the training data factor challenge and push for better imputation accuracy.
Meanwhile, with large sizes, each cell becomes not really representative of the points
inside it, as too many points would map to the same cell, which would negatively affect
the accuracy of both the tokenization and detokenization modules (Section 5.7). In ad-
dition, large sizes make it difficult for BERT to learn distinguishable contexts between
trajectories since a large cell would capture trajectories from many roads and directions.

This may call for having small sizes, which would highly increase the number of distinct
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tokens in the dataset. This makes the decision on the right cell size an optimization
problem, as illustrated in Figure 5.3(d), where both ends of the spectrum lead to low
accuracy. KAMEL is shipped with a default cell size obtained from our exhaustive exper-
iments in Section 5.8. However, KAMEL acknowledges that the optimal cell size might
be different for each dataset, as it depends on both the trajectories and area charac-
teristics. Hence, KAMEL is equipped with an auto tuning module that sets the system
cell size for a given training dataset. When the input to the tokenization module is a
training dataset, we sample the input data and try training BERT models for various

cell sizes, and then pick the size that achieves the highest accuracy.

5.4 Partitioning

The original BERT is trained separately for each language. For example, the BERT
model used for English is pretty different from the BERT model used for Korean, as each
is trained by different datasets. While the boundaries between languages are clear, it is
not the case for spatial areas. Trajectory datasets may come from nearby, overlapping, or
far spatial areas. The Partitioning module in KAMEL is responsible for having spatial-
awareness in BERT models by maintaining various models for various spatial areas
even though their boundaries are not well defined. One can look at each BERT
model in KAMEL as a model for a different language. Hence, we maintain two data
stores: A simple trajectory store [55, 227] that maintains the set of tokenized trajectories
that KAMEL received as input training dataset and a model repository that maintains
all BERT models that KAMEL has built for various spatial areas.  Building and/or
updating such models is completely done offline, where it may take hours depending
on the number of models and trajectories. However, this does not affect the scalability
of the imputation process itself, which is done online and only usees the precomputed
models in its process. This way, KAMEL scales to support large geographical areas. The
tokenized input trajectories received by the Partitioning module either represent a set of
sparse trajectories that need to be imputed or training trajectories. In the former case,
the Partitioning module basically consults its model repository (Section 5.4.1) to retrieve
the BERT model that is best suited for the imputation process. For training trajectories,

the Partitioning module uses it to update its model repository (Section 5.4.2).
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5.4.1 Models Repository Structure and Retrieval

KAMEL maintains its model repository in a disk-based hierarchical pyramid data struc-
ture of H levels [13], where each level h is decomposed to 4" equal cells. The pyramid
root is of height zero and has only one cell that covers the whole space. The pyramid
is built bottom up, and not all levels have to be maintained. In fact, we only maintain
the lowest L levels of the pyramid, because there is usually not enough trajectory data
to build models for higher levels. The number of levels H and L are parameters that
balance between the high resolution of the model and the maintenance overhead of the
pyramid structure. Figure 5.4 gives an example of such structure with H = 5 and L = 3.
Shaded cells are the ones that have models, while blank ones have nothing to maintain.

We maintain two kinds of models: (1) Single-cell models, which are built based on
the contents of a single cell, and (2) Neighbor-cells models, which are built based on the
contents of two neighboring cells sharing an edge, and stored in either the north or west
cell of the two neighbors. The goal of neighbor-cell models is to help in boundary cases,

where we need a model to cross the contents of two neighboring cells, especially, if they
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do not share a parent, or if their parent cell does not have a model. To ensure the model
accuracy, we build a model at cell C at level [ only if there are at least k x 4=1 tokens
in that cell, where k is a system parameter (default 20K) and H is pyramid height. This
means that we need at least k tokens to build a model at a leaf node and 4k tokens to
build a model at a cell just above the leaf level. For the neighbor cell models, we double
that threshold. Each cell C' contains one or more of the following: (1) The number of
tokens in the trajectory store that lie within C, (2) A single-cell BERT model for the
contents of C, along with its metadata, which include model statistics and last update
date, (2) Up to two neighbor-cell BERT models (with their metadata) for the contents
of C' and its east and/or south neighbor cells, and (3) Up to two pointers to neighbor-cell
BERT models stored at the north and/or west neighbor cells.

When the input to the Partitioning module is a sparse trajectory to be imputed,
we find the smallest cell C' or pair of neighbor cells C; and C; that fully enclose the
trajectory minimum bounding rectangle, and pick BERT model accordingly for the
imputation process. Calling the model does not scan or read any trajectory data after
it has been trained offline, which makes KAMEL highly scalable. In case there is no
single or pair of cells with models to cover the trajectory, we split it into sub-trajectories
that can be enclosed within a model. For those sub-trajectories that cannot fit in any

of our models, we just impute them by a simple straight line.

5.4.2 Models Repository Maintenance

Whenever a new training trajectory dataset T is received, we first add it to our trajec-
tory store. Then, we find the pyramid cell C' as the smallest cell that fully encloses the
minimum bounding rectangle of all trajectories in 7. Then, we enrich 7 by adding to it
the set of trajectories in our trajectory store that are fully enclosed in C. With C, we do
the following four steps: (1) If the number of tokens in 7 is above the model threshold,
we build a BERT model and store it at C', which will either update an existing model
or create a new one. (2) For each cell C; among the four neighbors of C, if the total
number of tokens in C' and Cj is above our model threshold, we retrieve all trajectories
in C; and use it with T to build a neighbor-cell model. The model is stored in the north
or west cell of C' and C;, with a pointer to it from the other cell. (3) If the total number
of tokens in C' and its three siblings is above the threshold to build a model at their
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parent, we do so. This would be done recursively for C’s ancestors till we reach the
lowest maintained level. (4) If C is a non-leaf node, we split the trajectories in 7 among
the four children cells of C, and check if this would warrant building a new model at
any of these children cells. We do so recursively till there are not enough tokens to build
a model. Note that this does not need to happen for every single trajectory. Instead,
it is scheduled as a background process when needed for a batch of new trajectories,

without causing any downtime to the system.

5.5 Spatial Constraints

The original BERT does not have any restrictions in its output as any word in the
vocabulary can be the answer as long as it is the most likely one. However, in case of
trajectory imputation, we would need to impose some constraints, due to two main rea-
sons: (1) Imputed points have to respect physical movement constraints. For example,
an imputed point p between two segment end points S and D should be within a spatial
range that respects the locations and timestamps of both S and D. Unfortunately,
BERT as is, may end up in predicting p outside that range as BERT may have seen
that point following S for another segment that does not end at D. Moreover, unlike
the original BERT that imputes only one point, and hence only picks the top possibility,
we impute multiple points, and hence we pick the top k possible candidates (details in
Section 5.6). With large value of k, it is more likely to have candidate imputed points
that do not respect the physical movement constraints. (2) Cycles. As we aim to im-
pute multiple points for each segment, BERT may end up producing points that go into
cycles and hence do not converge to the segment end point.

The Spatial Constraints module takes the output from BERT as its input and fil-
ters out those tokens that (a) do not respect the physical movement constraints (Sec-
tion 5.5.1), or (b) result in cycles in the imputed segment (Section 5.5.2). The output

of the Spatial Constraints module is passed to the Multipoint Imputation module.
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Figure 5.5: Spatial Constraints Using Different Road Examples

5.5.1 Physical Movement Constraints

The physical movement constraints mainly specify an area where any imputed token ¢
between the two segment end tokens .S and D must be located in. Figure 5.5 gives exam-
ples for applying such constraints for four road cases, namely, right turn, roundabout,
U-turn, and overpass exit. In all cases, we need to impute a trajectory segment between
tokens S and D, where t; and to are the tokens that just come before S and after D,
respectively. There are two types of physical movement constraints: speed and direction
constraints. In all four road cases in the figure, the blue dashed ellipse presents an area
computed per the speed constraints, where physically, a token cannot take place outside
such area. The set of red hexagons (tokens) are picked per the direction constraints,
where none of them can be an imputed token between S and D. This makes the set
of green tokens are the only acceptable ones for any imputed token between S and D,
where they present the set difference between the tokens within the blue ellipse and the
red tokens. Below are the details of how to compute the area of each constraint.

Speed Constraints Area. The rationale behind such area is that travel distance
correlates with duration, and a vehicle has a physical limit on where it can travel to,
given a time span. This area is depicted as a blue dashed ellipse in the four cases
of Figure 5.5, where the centers of tokens S and D are the ellipse foci points. The
maximum total sum of distances from foci points to any point p in the ellipse is speed;nqaz
x TimeDiff (S,D), where TimeDiff is the timestamp difference between S and D. While
the token timestamps are already given as part of the input data, there are several ways
to compute the maximum speed. One way is to use a fixed speed limit based on the
city we are trying to impute trajectories in. Another way is to consider the speed of the

preceding imputed segment multiplied by a conservative factor. KAMEL currently uses
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a fixed speed inferred from its training trajectory data. In the four cases of Figure 5.5,
token t4 would be rejected as it is outside the dashed ellipse, and hence it is physically
impossible to reach there.
Direction Constraints Area. The rationale behind such area is that an imputed
token should respect the direction from .S to D, and not jump ahead of D towards to or
before S towards ¢;. This area is depicted as a set of red hexagonal tokens in Figure 5.5,
where it is computed as all tokens deviated within a certain angle (default 45°) from S
towards its previous token t; and from D towards its next token ty. In the four cases

of Figure 5.5, token t5 is rejected as it is within 45°angle from the direction of D to ts.

5.5.2 Cycles Prevention

It is important to note that when imputing a gap between two tokens S and D, it
is most likely that we will need to insert multiple tokens in between. Hence, during
the imputation of one segment, BERT will be called many times, which may result in
having cycles. A cycle is formed if the sequence of the last x tokens are repeated. A
trivial cycle would take place when x=1, which means that BERT has returned the
same token as the last imputed token. In this case, the Spatial Constraints module
would just reject this outcome. For a non-trivial case of z > 1, the Spatial Constraints
module always checks the last  imputed tokens, and rejects all of them together if a
cycle is detected. KAMEL uses a default value of x=6, which is very reasonable to detect
almost all possible cycles.

Figure 5.5(d) gives an interesting case for an overpass route, where four imputed
tokens tg, tg, t7, tg are added between S and D. Although tg appears twice, but this is
not considered a cycle as there is no repeated sequence of any length x. This shows the

ability of KAMEL to impute such non-trivial trajectory.

5.6 Multipoint Imputation

For each trajectory segment, the input to this module is a set of candidate tokens re-
turned from BERT and filtered out from the Spatial Constraints module. Each token is
associated with a probability indicating how likely it is to be the imputed token. Since

BERT is designed to predict only one missing word in a statement, it just picks the
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Algorithm 1 Iterative BERT Calling
Procedure IterativeBERT (SourceToken S, DestinationToken D)

Segment < {S, D}; GapPointer < S

while GapPointer is not null do
CandTokens < BERT(Segment, GapPointer)
CandTokens < SConstraints( GapPointer, CandTokens)
Segment + Insert(Segment, Top(CandTokens), GapPointer)
GapPointer < FindFirstGap(Segment)

end while

return Segment

token with the highest probability. However, in case of trajectories, one token is not
enough to impute a segment. Hence, the goal of the Multipoint Imputation module is
to adapt BERT to support imputing multiple tokens between each two consecutive tra-
jectory tokens, such that the distance between any two consecutive tokens is less than
a certain maximum gap distance, mazqqp. KAMEL employs two approaches: (1) itera-
tive BERT calling (Section 5.6.1), which resembles calling BERT, as is, iteratively and
(2) Bidirectional beam search (Section 5.6.2), which employs a spatially modified ver-
sion of the classical Beam search algorithm [216] to guide multiple BERT calls. In both
approaches, we put a hard limit on the maximum number of times that BERT can be
called. If exceeded, we declare failure and resort to linear line imputation between the
segment end points. For each segment, the output of the Multipoint Imputation module

is a complete imputed trajectory segment as a sequence of hexagonal tokens.

5.6.1 Iterative BERT Calling

This approach calls BERT iteratively to fill in multiple imputed tokens between the
segment end tokens S and D, such that the distance between any two consecutive tokens
is less than a certain gap distance, mawgqp. Algorithm 1 gives the pseudo code for this
approach, where it starts by initializing the output segment to its two end tokens, and a
GapPointer variable to the starting token, indicating where to insert our next imputed
token. Then, it calls BERT, which returns a set of candidate tokens to pick one of them
as the next imputed one. The candidate tokens are passed by the Spatial Constraints

module (SConstraints) to filter out tokens that do not satisfy the speed and direction



97

Iteration 1 Iteration 2 Iteration 3 Result

. ; [::f Input: S... D r@ Input: St; ... Input: Stz .. t13 D P=0.02
1 5/ "tz

ta g F ity Output: - z; ¢ >t it Output: 0 4 x (3 Output: () 04 x
60 J@"Q @fx
H[ tig “t1e Token P [4 Zm t‘n Token P f4 "t Token P
7 14
€ t, 04 fis to

ti3

Figure 5.6: Iterative BERT Calling

constraints as described in Section 5.5. Then, we insert the candidate token with the
highest probability just after S. Finally, we call the function FindFirstGap to find the
first gap in the segment with a length more than mawy.p. If such gap exists, we repeat
the cycle by calling BERT to find the next imputed token and so on. The algorithm
concludes when there is no such gap, and returns the complete imputed segment.

Example. Figure 5.6 gives an example of the iterative BERT calling approach to impute
the trajectory segment between tokens S and D with maximum allowed gap distance
matgqp=2. In the first iteration, token ¢, is returned from BERT as the candidate token
with highest probability (0.4) and passed all spatial constraints. Hence, it is inserted
as the first imputed point between S and D. Then, we try to find if there is still any
gap in the segment. Apparently, S and to are within two tokens from each other, which
means that there is no gap in between to fill. However, t5 and D are still of distance
more than two tokens from each other. Hence, the FindFirstGap function will return to
as the token that we still need to add (at least) one more point after it. This means that
we need to go through a second iteration, which returns token 13 as the top candidate
valid token to be inserted between to and D. Then, calling the FindFirstGap function
will again return ¢5 as the distance between to and t;3 is still within two tokens. Then,
in a third iteration, tg will be added between t and ¢13. Then, FindFirstGap will return
null as all tokens are within a distance less than two tokens from each other. Hence,

the algorithm returns the imputed segment as S, ts, t9, t13, D.

5.6.2 Bidirectional Beam Search

The iterative calling approach is kind of a greedy approach as it only considers the
topmost probable token in each iteration. That may not be the right decision as it may
lead to less probable later options. Hence, we introduce the bidirectional beam search
approach that aims to pick the most probable sequence of tokens between the source

and destination tokens.
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Main Idea. Our main idea is to adapt the classical Beam Search [216], designed for
searching graphs, to work for trajectory imputation. Instead of searching all possible
paths in a graph, beam search limits its search to only the top B promising paths, where
a higher B gives more accurate results, but more expensive search. We then employ
the following to adopt the beam search idea for trajectory imputation: (1) Instead of
searching in only one direction, we make the beam search bidirectional, as trajectory
imputation could go in several directions to impute a given segment. So, we keep track
with the most probable B sequence of tokens of all directions that can contribute to
the final imputed segment. (2) As the probability of a sequence of tokens is computed
by multiplying each token probability, longer segments are penalized by having smaller
probabilities. Since we are looking for the most probable path, not the shortest one, we
counterweight this penalty via length normalization [269]. In particular, a segment S
with a probability P would have its normalized probability as P x |S|* where 0<= «
<=1 is the normalization strength, which we set to 1 as a default, and |S| is the number
of tokens in segment S.
Algorithm. Algorithm 2 gives the pseudo code for our bidirectional beam search ap-
proach. It starts by initializing the list AllGaps by one gap for the source and destination
tokens and a pointer to the source token, indicating where we need to insert our next
token. Unlike the case for iterative calling, the gap segment is associated with a prob-
ability, initialized by 1. Then, for each gap in AllGaps, we call BERT followed by the
Spatial Constraints module to get the list of candidate tokens, along with their proba-
bilities. Unlike the case of iterative calling where we only care about the top token, here
we care about the top B probable tokens (Line 8 in Algorithm 2). Hence, for each such
token T, we construct a new segment by inserting 7" in the gap, along with updating
the segment probability. Among all such new segments constructed for all gaps, we
pick only the top B of them according to their probability, bounded by an upper limit
(initially set to oo) (Line 13 in Algorithm 2). For each of the remaining B segments,
we aim to find all the gaps that are still there to address in the next iteration. If any of
such segments has no gaps, we add it to our answer set with its normalized probability
score, and use that score to adjust our upper limit of considering any further segments.
Once there are no gaps in any of the segments, we conclude by returning the segment

with the highest probability.
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Algorithm 2 Bidirectional Beam Search
Procedure BeamBERT (Token S, Token D, BeamSize B)

1. Gap.Segment < {(S, D), 1}; Gap.Pointer < S
2: AllGaps < {Gap}; ProbLimit < oo; AnswerSet < ¢;
3: while AllGaps is not null do

4 NewSegments < ¢

5 for each Gap in AllGaps do

6: CandTokens < BERT(Gap.Segment, Gap.Pointer)

7: CandTokens <— SConstraints( Gap. Pointer, Cand Tokens)

8 for each token T in Top(CandTokens,B) do

9 Segment < Insert( Gap.Segment, T, Gap. Pointer,Prob(T))
10: NewSegments <+ NewSegments U Segment

11: end for

12: end for

13: NewSegments < TopB(NewSegments,B,ProbLimit)
14: AllGaps <+ ¢

15: for each Segment in NewSegments do

16: Gaps <+ FindGaps(Segment)

17: if Gaps is empty then

18: AnswerSet <— AnswerSet U Normalized(Segment)
19: ProbLimit < Min(ProbLimit, Segment. Probability)
20: else

21: AllGaps < AllGaps U Gaps

22: end if

23: end for

24: end while
25: return Top(AnswerSet)

Example. Figure 5.7 gives an example of the bidirectional beam search algorithm
to impute the gap between S and D with beam size B = 3. In the first iteration,
we call BERT to get the top-B probable tokens, which returns to, t11, and t13, with
probabilities 0.4, 0.3, and 0.2, respectively. Having to between S and D leaves one gap
between to and D as the distance between them is more than our maxy,, threshold.
Meanwhile, having t1; leaves two gaps between S and t1; and between ¢1; and D. Then,
having t13 leaves only one gap between S and t13. So, in total, we have four gaps to
consider further. Hence, in the second iteration, we make four BERT calls, one for each

gap. The first returns three tokens tg, t13, and t15 with a probability of 0.1 each. The
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Figure 5.7: Bidirectional Beam Search

segment probability is 0.04 as they will be multiplied by 0.4, which is the probability of

the previous iteration. The second gap (between S and ¢;;1) returns t4, tg, and t7 with

probabilities 0.1, 0.1, and 0.6, respectively. Multiplied by 0.3, the segment probability

for these tokens are 0.03, 0.03, and 0.18, respectively. Similarly, The third call returns
tokens t13 t15, t16 With segment probabilities 0.24, 0.03, 0.03, and the fourth call returns
tokens t9 tg, t15 with segment probabilities 0.04, 0.06, 0.04. Out of the 12 new segments,

we only pick the top 3 probable ones, namely, segments {S, t7, t11, D}, {S, t11, t13, D},

and {S, t6, t13, D}

In the third iteration to find if there are still gaps in the three segments we still have.

The first segment has a gap between ¢;; and D. Similarly, the second segment has a

gap between S and ¢1;. Meanwhile, there are no gaps in the third segment, and hence

it is concluded as one possible complete imputed segment, with an updated normalized

probability 0.06x2'=0.12. We then use this probability as a lower limit of any segment

to be considered further. Hence, we call BERT for only two gaps. The first call suggests

t13, t15, and t1g with probabilities 0.2, 0.1, and 0.2. To get the segment probabilities, we

multiply each by 0.18 as the probability given from the previous iteration. To get the
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normalized probability, we multiply each segment probability by three as each segment
would have three imputed tokens. This makes the normalized segment probabilities for
these tokens are 0.11, 0.05, and 0.11. Similarly, the second call suggests tokens t7, t3,
and tg with normalized probabilities 0.36, 0.14, 0.07. Among these six segments, we
pick only the top three ones that are above our lower limit of 0.12. There are only two
such segments, namely, {5, t7, t11, t;1, D} with probability 0.36 and {S, t7, t11, t13, D}
with probability 0.14. In the fourth iteration, we find out that the first segment has no
more gaps, hence we add it to the answer set with its probability 0.36. We call BERT
for the second segment to get a concluded one with a normalized score of 0.15. Finally,
among the three concluded segments, we return the one with the highest probability
of 0.36. Contrast this to what we get from the Iterative Calling approach (Figure 5.6),
where we end up with a segment with a normalized probability of 0.06, which shows

how powerful is our bidirectional beam search approach.

5.7 Detokenization

The output of the Multipoint Imputation module is an imputed trajectory presented as a
set of hexagonal tokens. Then, the objective of the Detokenization module is to take this
output and convert each of its tokens to be a point. The output of the Detokenization
module is a complete imputed trajectory presented as a sequence of GPS points. The
functionality of the Detokenization module is composed of the below offline and online
operations:

Offline Operations. When training data is uploaded to KAMEL and passed through its
Tokenization module, KAMEL triggers the classical DBSCAN clustering algorithm [70]
to spatially cluster the contents of each token, based on each point’s direction. Since
we do not have any information on the underlying road network, the clustering would
help in understanding where the points in each token are usually located within the
token. Figure 5.8 gives three outcome cases of running a DBSCAN clustering algorithm
on a hexagonal token where the road network within the hexagon has a right turn. It is
important to note that the road network here is just drawn for illustration, but it is not
actually available to KAMEL. In the first case (Figure 5.8(a)), there were enough data

points that made the clustering algorithm identify two separate clusters, one going in a
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(a) Cluster Centroid (b) Data Centroid (c) Hexagon Centroid

Figure 5.8: Three Outcomes for Clustering Points in a Token

horizontal direction, and one in a vertical direction. In the second case (Figure 5.8(b)),
there was not enough data to get two clusters, so, all data in the hexagon is considered
as one cluster. In the third case (Figure 5.8(c)), there were almost no data in the
token to run a clustering algorithm. In the first two cases, the centroid of each cluster
is presented by a solid dot. In the third case, the solid dot represents the hexagon
centroid. The information for all clusters along with their centroids are stored per each
token as its metadata, to be used later in the online part.

Online Detokenization. When receiving the output of the Multipoint Imputation
module, the Detokenization module goes through each token, and replaces it with a
centroid point using the following procedure: If the token 7" has multiple clusters (Fig-
ure 5.8(a)), we first compute the token direction angle as the average of the incoming
angle between T and its preceding token and the outgoing angle between T' and its next
token. Then, we pick the cluster that has a closer direction angle to 7', and return its
centroid point. If the token has only one cluster (Figure 5.8(b)), we just return the cen-
troid point of that cluster. Finally, if there are no clusters in the token (Figure 5.8(c)),
we just return the hexagon centroid. It is important to note that this latter case is
unlikely to take place, as BERT is very unlikely to recommend a hexagon token that

has not appeared much in its training data, due to the lack of points there.
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5.8 Experimental Evaluation

Baselines. KAMEL is designed as a pre-processing step for map inference applications,
a practical case where the road network is not used as input either because it is not
available or not trusted. Hence, we compare KAMEL, based on a real system imple-
mentation [185] against TrImpute [69] as the state-of-the-art and the only trajectory
imputation technique that does not rely on an underlying map and scale up to large
networks. For a baseline, we also compare against linear interpolation, where trajec-
tories are imputed by a simple linear line. For complete analysis, we include Map
Matching [277] results as an example of techniques that rely on road networks.
Datasets. (1) Porto, Portugal [211]: 1.7M trajectories for real taxi trips, composed of
~83M GPS points, driven for a total length of ~8.8M km spanning an area of ~500 km?2,
and (2) Jakarta, Indonesia [112]: 56K trajectories for real ride-sharing trips, composed
of ~56M GPS points, driven for a total length of ~500K km spanning an area of ~660
km?2. For each dataset, we use 80% for training and 20% for testing. We sparsify testing
trajectories by imposing gaps where we keep the first trajectory point, then, remove all
points within distance Sparseg;stance, keep the next point, and so on.

Performance metrics. (1) Recall. We discretize ground truth trajectories by placing
points P as one point every maxgq, distance (same threshold used in the imputation
process). The Recall is the ratio of points in P that the algorithm has correctly recalled
within the accuracy threshold § from the imputed trajectory. (2) Precision. We dis-
cretize imputed trajectories by placing points () as one point every mawgy,, distance.
Precision is the ratio of points in ) that are within accuracy threshold § from the
ground truth. (3) Failure Rate. An imputation technique fails to impute a trajectory
segment when it just inserts a linear line between the segment end points. Fuailure rate
is the ratio of segments imputed by a linear line. (4) Time Overhead. Training and
imputation time overhead of each algorithm.

Default values and parameter tuning. Unless mentioned otherwise, we set the
maximum allowed gap mawyqp to 100m, the accuracy threshold ¢ to 50m for Porto and
25m for Jakarta, and the imposed sparsity distance Sparseg;stance to 1km. For KAMEL
parameter tuning, our experiments for both datasets (omitted for space constraints)

show that setting hexagon size H to 75m, beam size B to 10, and pyramid levels L and
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H to 3 and 10 give the best trade-offs between accuracy and overhead. For Porto, we
only needed to build three single-cell models, as one in each of the lowest three pyramid
levels. For Jakarta, we had to build 20 models as 7 single-cell and 7 neighbor-cells
models in the lowest level, two single-cell and one neighbor-cell models in each of the
other two levels. We use BERT original architecture as described in [63] and its open-
source implementation [18], with 768 hidden dimensions, 12 attention heads, and 12
hidden layers. The average vocabulary size in our experiments is ~80K, which creates
~165M trainable parameters.
Experiments Design. Sections 5.8.1 and 5.8.2 study the impact of sparse distance
Sparsegistance and accuracy threshold &, respectively. The overhead of training and
imputation time is discussed in Section 5.8.3. Section 5.8.4, 5.8.5, and 5.8.6 study the
impact of road type, training data properties, and grid type, respectively. Section 5.8.7
performs an ablation study for KAMEL components. Training was conducted using
a single Google Cloud TPU. All other experiments were conducted using an Intel(R)
Xeon(R) Silver 4112 CPU running @ 2.60GHz, with 196GB of memory and 1TB of SSD

storage.

5.8.1 Impact of Data Sparseness

Figure 5.9 gives the impact of data sparseness on the recall, precision, and failure rate
of KAMEL and its competitors for both datasets. For reference, we also report the per-
formance of map matching techniques that have the knowledge of the full underlying
network, however, we do not consider map matching as a competitor, as KAMEL, and its
competitors, work on the environments where road network is not reliable. For all ex-
periments, we vary Sparsegistance from 500 to 4,000m. For Porto data in Figures 5.9(a)
and 5.9(b), KAMEL consistently achieves much higher accuracy than competitors. It
is even very close to the performance of map matching, which shows how powerful is
KAMEL where it acts as if it knows the underlying road network, while it really has no
knowledge about it.

For lower gaps (e.g., 500m), KAMEL gives the best performance, but other tech-
niques, even linear interpolation, still give acceptable performance, as it is not that
hard to impute small gaps. For medium gaps (e.g., 1,500 - 2,500m), KAMEL is 1.5 to

3 times better than its competitors. Trlmpute was unable to cope with such gaps as it
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Figure 5.9: Impact of Data Sparseness on Recall, Precision, and Failure Rate

only works when there are highly dense prior trajectories, which is not practical. It is
important to note that these medium gap sizes are the most practical ones, given the
current sampling rates of location-tracking devices. We stretched our experiments to
very large sparse gaps for up to 4km, which is analogous to asking BERT to predict a
full 200 words paragraph given only the first and last words. Even with this, KAMEL
still gives more than 50% recall and precision, while TrImpute and linear interpolation
gives around 25% and 10% recall, respectively. This shows that KAMEL is still able to
do some useful imputation even for unusually very large gaps.

Figures 5.9(c) and 5.9(d) repeat the same experiments for Jakarta. Similarly, KAMEL
consistently outperforms its competitors. However, KAMEL has a better performance
than Porto, both in terms of absolute recall and precision and in its relative performance
to its competitors. The main reason is that even though Jakarta dataset has significantly
less number of trajectories than Porto, each trajectory, on average, has 1,000 points
compared to 50 points in Porto. Longer trajectories give more semantics on what
points could come after others, and only KAMEL takes full advantage of this.

Figures 5.9(e) and 5.9(f) give the impact of data sparseness on the failure rate for

both datasets. By definition, linear interpolation has a 100% failure rate. KAMEL
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Figure 5.10: Impact of Accuracy Threshold on Recall and Precision

significantly outperforms TrImpute in both datasets and for all sparse gaps. For Porto,
KAMEL has consistently less than 1% failure rate, compared to up to 2.5% for TrImpute.
For Jakarta, as the data is more sparse, failure rate is higher for both with up to 3% for
KAMEL and 6% for TrImpute. In all cases, failure rate is still within 2% for KAMEL for

the medium practical gaps, which is highly acceptable for the trajectory imputation.

5.8.2 Impact of Accuracy Threshold

Figure 5.10 gives the impact of varying the accuracy threshold § from 5 to 100m on
the recall and precision of KAMEL and its competitors for both Porto and Jakarta
datasets. We also plot the performance of map matching as a point of reference. The
objective is to understand the accuracy of each method when used for either relaxed

applications that can entertain large thresholds or sensitive applications that require few
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Figure 5.11: Timing Analysis

meters of accuracy. For Porto dataset, KAMEL consistently achieves higher accuracy
than its competitors, with a performance that is almost identical to map matching.
For high ¢ (e.g., 75-100m), though KAMEL gives higher recall and precision than its
competitors, the difference is not that much. The main reason is that by increasing 9,
lower accuracy techniques like TrImpute would still be able to catch. However, a 100m
accuracy threshold may not be practical to consider, especially in dense cities where
100m distance may just lead to a different road. For medium ¢ (e.g., 25-50m), which are
more practical and acceptable by the large majority of trajectory applications, KAMEL
has ~80% recall and precision, which is significantly higher than that of TrImpute and
linear interpolation. We stretched our experiments to very tight accuracy threshold less
than 10m. While TrImpute and linear interpolation become almost useless, KAMEL is
still able to cope with ~40% recall and precision. For Jakarta dataset, we get a similar
analysis and conclusion. The only difference is that all techniques give higher accuracy
for the corresponding ¢ for Porto. The main reason is that Jakarta spans a large area,
hence a higher value of 4 would be acceptable as roads are not as close to each other as

in Porto. However, for lower §, KAMEL has significantly higher accuracy.

5.8.3 Training and Imputation Time

Figure 5.11 gives the training and imputation time for Porto and Jakarta datasets. For
training time, apparently KAMEL takes more time than TrImpute, with 680 minutes for

Porto and 780 minutes for Jakarta. This is mainly because KAMEL inherits the complex
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Figure 5.12: Performance Analysis on Straight Segments
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Figure 5.13: Performance Analysis on Curved Segments

training model from BERT, while TrImpute training basically computes a simple set of
stats and lookup indices. However, we do not see this as a major issue since training
is an offline process and only happens periodically whenever a bulk of new trajectories
is received, and without affecting the imputation or causing any system downtime.
Figure 5.11(b) gives the average imputation time for trajectories. KAMEL takes longer
with 540 seconds for Porto and 220 seconds for Jakarta, which is mainly due to the
Multipoint Imputation module that trades-off accuracy with imputation time. Since
our main goal in KAMEL is higher accuracy, we tune our modules to achieve higher

accuracy, while accepting the imputation time overhead.

5.8.4 Impact of Road Type

This section aims to understand the behavior of KAMEL and its competitors for straight
and curved road segments.Hence, as we have the ground truth for our test trajectories,
we classify each test trajectory segment into two types: straight and curved. A segment
is identified as straight if the Euclidean distance between its two end points is within a
very small threshold (5m by default) from their road network distance, otherwise, the
segment is identified as curved. Figures 5.12 and 5.13 repeat the same experiments of
Sections 5.8.1 and Section 5.8.2, when only focusing on straight and curved segments,
respectively. Experiments are only shown for Jakarta dataset. Porto dataset gives a

similar analysis and conclusion.
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For straight segments (Figure 5.12), KAMEL outperforms its competitors in all
measures, sparsity gaps, and accuracy thresholds. For sparsity gaps (Figures 5.12(a)-
5.12(b)), TrImpute gives the worst performance, as it gets distracted with various di-
rections of surrounding GPS points and misses the easiest case of going in a straight
direction. KAMEL outperforms linear interpolation, mainly due to our definition of a
straight segment, which allows for a bm threshold. For failure rate (Figure 5.12(c)),
KAMEL significantly outperforms others. For various thresholds ¢ (Figures 5.12(d)-
5.12(e)), both KAMEL and linear interpolation exhibit similar high performance, while
TrImpute has a much worse performance for lower 4.

For curved segments (Figure 5.13), KAMEL consistently has the highest performance
in all measures. For the most practical medium gaps, KAMEL significantly outperforms
TrImpute, which shows the resilience of KAMEL towards curved segments. For failure
rates (Figure 5.13(c)), KAMEL consistently outperforms its competitors. For various
thresholds ¢ (Figures 5.13(d)-5.13(e)), it is expected that the performance of TrImpute
and linear interpolation catch with KAMEL for large §, which is a very relaxed value
that is not practical in most applications. For practical medium §, KAMEL is clearly
better, showing its applicability to most trajectory applications. For very tight values
of § < 10m, both TrImpute and linear interpolation are useless, while KAMEL has more

than 50% recall and precision.

5.8.5 Impact of Training Data Properties

Figure 5.14 studies the impact of the training data size for Jakarta dataset (Porto
dataset gives similar behavior), where we compare four variants of KAMEL trained on
100%, 75%, 50%, and 25% of the available training trajectories. In all metrics, the
three variants 100%, 75%, and 50% perform almost identically with only some minor
differences. Only the 25% variant shows a noticeable reduction in performance. This
shows that KAMEL can still achieve its good results even with as little as half of the data
it has. Figure 5.15 studies the impact of the density of training data. We train KAMEL
using four variations of Jakarta dataset, all have the same number of trajectories but
differ in their GPS density. Those variants include the original dense dataset which has
a sampling rate of 1 second, and three other sparse variants with sampling rates 15, 30,

and 60 seconds. For all metrics, KAMEL still achieves almost the same performance for
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Figure 5.14: Performance Analysis Using Different Training Size
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Figure 5.15: Performance Analysis Using Different Training Density

the 1 and 15 seconds sampling rates. It is important to note that the 15 seconds sampled
data is basically 15 times less (7%) of the original data. While having dense data is
much better for training, this experiment shows that KAMEL can still work perfectly

fine with only 7% of its available data for Jakarta.

5.8.6 Impact of Grid Type

Figure 5.16 compares two tokenization alternatives for KAMEL, namely, Uber H3 Hexagons [96]
and Google S2 Squares [220]. For S2, we set the edge length to 120m to ensure a similar
area coverage as that of hexagons with edge length of 75m. In all measures, a hexagonal
grid gives better performance due to its unique properties. In particular, all neighbors
of a certain hexagonal cell have identical properties in terms of the length of shared
borders and the distance between their centroids, which makes the transition patterns

between cells more consistent and easier to learn.

5.8.7 Ablation Analysis

Figure 5.17 performs an ablation study of KAMEL using Jakarta dataset, to understand
the impact of each of its components by disabling them one at a time and then measure

all performance metrics. In particular, we compare four system variants: (a) KAMEL:
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Figure 5.16: Performance Analysis Using Different Grid Types
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Figure 5.17: Ablation Study on KAMEL System

our full system as explained in this chapter, (b) No Part.: disables the Spatial Parti-
tioning module (Section 5.4) by training one BERT model for the entire data, (c) No
Const.: disables the Spatial Constraints module (Section 5.5) by accepting any BERT
prediction, and (d) No Multi.: disables the Multipoint Imputation module (Section 5.6)
by calling BERT only once to get a single imputation point.

For recall and precision across various Sparsegistance (Figures 5.17(a) and 5.17(b)),
removing any of KAMEL components significantly reduces its accuracy. For the recall,
removing the multipoint imputation affects the performance the most because the sys-
tem now predicts only one point for each gap and leaves the rest of it, hence reduces
the recall. In contrast, removing the spatial constraints affects the precision the most
while affecting the recall the least. This is because removing these constraints does not
prevent the system from still predicting some accurate imputations, but will allow it
to predict so many noisy points. For the failure rate (Figure 5.17(c)), removing any
module causes KAMEL to fail more except when removing the spatial constraints, which
causes less failure rate. This is because BERT is now allowed to make any prediction
regardless of how imprecise it is. Removing the multipoint imputation module causes
KAMEL to fail the most as this makes KAMEL predict only one point for each gap. Sim-
ilarly, in Figures 5.17(d) and 5.17(e), the recall and precision for the full KAMEL for all

accuracy thresholds ¢ is higher than it is when removing any of its components. For the
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recall, one observation here is that the variant with no spatial partitioning starts lower
than other variants at lower thresholds §, but then outperforms them with the increase
of 9. This shows the maximum effect of the spatial partitioning is at lower thresholds.
This is where the locally trained models are mostly needed to improve the accuracy.
For precision, without the spatial constraints module, the precision is consistently low

around 10% or less regardless of §.

5.9 Related Work

Trajectory Imputation with Road Network. The immense need for high reso-
lution trajectories motivated the efforts to insert points between each two consecutive
trajectory points. Such a process had various names, including trajectory interpola-
tion [156, 305], completion [144], cleaning [293], restoration [135], recovery [267, 258],
and imputation [69, 185]. The large majority of such work mainly rely on matching
trajectory points on the underlying road network [24, 157], followed by a shortest path
algorithm between consecutive points. Unfortunately, none of this work is applicable to
us as they all rely on an underlying road network. In our case, we aim for imputation
without road network knowledge as our target applications include map inference, which
needs to infer the unknown road network.

Trajectory Imputation without Road Network. Motivated by the unreliability
of road networks [48, 91] and the need to develop trajectory-based map inference tech-
niques [1], it becomes highly important to develop trajectory imputations techniques
that do not rely on the road network, and hence can be used as a preparation step before
any map inference technique [19, 37, 219, 232]. Unfortunately, existing techniques suffer
from one or more of the following: (1) only impute one or two points between each two
trajectory points [258], (2) only applicable to impute high granularity zones [129, 213],
(3) only applicable to junction-level road network [144]. Our proposed KAMEL system
overcomes all of these issues as it scales up to impute tens of points between each two
trajectory points, applicable to a very fine granularity of GPS points, and applicable to
a city-scale road network. The closest work to ours is TrImpute [69], which uses histor-
ical data to find the most likely imputed points for each trajectory segment. However,

it only works when there are significant amounts of highly dense historical data, which
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is not a practical case. We consider Trlmpute as our direct competitor and compare
against it in our experiments.

NLP Models and Trajectories. The BERT language model was introduced in
2018 [63] as an infrastructure for a myriad of complex linguistic tasks, including sentence
completion. It utilizes the Transformer neural network [252], trained on vast textual
corpora by removing random words from sentences and tasks the model with predicting
each missing word based on surrounding context (left and right words). Since then, sev-
eral new models and variations were proposed, including XLNet [282], RoBERTa [153],
DistilBERT [223], ALBERT [133], and GPT [27], each focusing on a certain aspect such
as training size, objectives, and masking procedures. Research efforts in employing
language models for the spatial domain mainly utilize it as a pretrained model in its
lingual form by verbally asking it questions of spatial nature [111, 209, 273]. Our system
KAMEL does not use a pretrained BERT model. Instead, it trains BERT with trajectory
data through its system architecture and five components built around BERT. We have
chosen the BERT model as it is the first and most commonly used language model, yet
other BERT variants can be also used. Our goal is not to find which language model is
best suited for trajectories. Instead, our goal is to show that language models, in gen-
eral, trained with trajectory data, can be adopted to solve trajectory imputation with
higher accuracy than state-of-the-art techniques. We opted for a design that employs
BERT as is. Another design alternative would be to embed spatial awareness inside
the core of each internal BERT component, as outlined in our recent vision paper [190].
Our rationale is that our design is more attractive to a large sector of systems that
already deploy the BERT model and would need less disturbance to their systems. Fu-
ture work would explore the second design option by carefully looking into the internal
components of BERT one by one.

Time-series Imputation. In the same way we have mapped the trajectory imputation
problem to the missing word problem and used NLP models to solve it, one can also
consider mapping it to the multivariate time series imputation problem, and use any of
its solutions that are based on Generative Adversarial Networks [159, 160, 226], Gen-
erative Learning Models [35, 173, 218], Recurrent Neural Networks [34], Graph Neural
Networks [46], or attention mechanisms [299]. Similar to the case of language models,

solutions to the multivariate time series imputation: (a) assume only few missing data
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points, hence to support trajectory imputation, it would need to go through a multipoint
imputation module similar to that of Section 5.6, (b) mainly impute sensor readings,
which have a very limited domain of values, hence to support trajectory imputation,
it would need Tokenization and Detokenization modules similar to that of Sections 5.3
and 5.7, (¢) are not spatially-aware, hence to support trajectory imputation, it would
need spatial partitioning and spatial constraints modules similar to that of Sections 5.4
and 5.5. In essence, an orthogonal approach to ours is to start from a multivariate
time series imputation algorithm and adopt it in a similar way to what we have done

in KAMEL for NLP models.

5.10 Conclusion

This chapter has presented KAMEL; a scalable BERT-based system for trajectory im-
putation. KAMEL maps the trajectory imputation problem to finding the missing word
problem in natural language processing (NLP). Hence, KAMEL starts from using BERT,
the widely used language model for NLP problems. However, BERT, as is, does not
lend itself to the special characteristics of the trajectory imputation problem. Hence,
KAMEL architecture is composed of five main modules to make BERT applicable for
trajectory imputation. These modules adapt the nature of trajectory data to be more
fit for BERT, and inject the spatial-awareness in both the input and output of BERT.
Experimental results based on real system implementation and real datasets show that
KAMEL significantly outperforms its competitors. In addition, unlike all related ap-
proaches, KAMEL was able to impute city-scale trajectories, large sparse gaps that need

tens of imputed points, all within tight accuracy thresholds.



Chapter 6

Thesis Conclusion

The widespread availability of GPS-enabled devices has fueled the demand for various
essential map services such as routing, travel time estimation, and nearby facility search.
While there exists a plethora of efficient algorithms to process these services, the output
accuracy remains the primary bottleneck in map services. The key reason lies in the
quality of the underlying road network data, which includes not only the map topology
but also traffic metadata such as edge weights and travel times. Unfortunately, recent
findings and independent studies have shown that current maps suffer from a variety of
inaccuracies that directly degrade the accuracy of map services. In this thesis, we laid
the foundation and provided the means to significantly improve the accuracy of map
services by improving the accuracy of the map data itself. In particular, we presented
two main research directions.

The first research direction focuses on architecting a novel end-to-end system for ac-
curate map services. We introduced QARTA (Chapter 3); which achieves the following;:
(1) learns its own highly accurate map, with accurate edge weights that reflect detailed
traffic throughout the week, and (2) calibrates the result of map services through its
built-in machine learning modules that continuously understand the error margin of
various query processors, and use it to adjust the results. Our experiments show that
QARTA reduces the error in estimated time of arrival (ETA) queries by more than 25%
compared to state-of-the-art open-source methods, demonstrating its effectiveness in

enhancing the accuracy of map services.
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The second research direction focuses on providing novel frameworks to efficiently
analyze trajectory data, which is an important data source for constructing accurate
maps. We presented our vision “Let’s Speak Trajectories” (Chapter 4), which lever-
ages state-of-the-art natural language processing (NLP) models like BERT to support
trajectory analysis via a single unified framework. We showed that trajectories in a
space exhibit a very similar behavior to statements in a language, and hence many of
the NLP tasks on statements are analogous to spatial analysis tasks on trajectories. We
also highlighted key challenges that limited the direct application of BERT and pro-
posed two paths forward: customizing trajectory data to fit BERT, and injecting the
BERT core with spatial and temporal awareness. As a case study, we presented KAMEL
system (Chapter 5), which maps the trajectory imputation problem to finding the miss-
ing word problem in NLP. We defined the main modules that make BERT applicable for
trajectory imputation. Specifically, these modules adapt the nature of trajectory data
to be more fit for BERT, and inject spatial awareness in both the input and output
of BERT. Experimental results based on real system implementation and real datasets
show that KAMEL significantly outperforms its competitors.
In summary, the research contributions presented in this thesis established the foun-
dation and offered practical tools for constructing detailed, high-quality maps, thereby
improving the accuracy of map services and enhancing the quality of all derived map-

based applications.
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