ECOLE |
POLYTECHNIQUE
DE BRUXELLES

Distributed Edge-to-Cloud
Mobility Data Stream Processing

Thesis presented by Mariana MACHADO GARCEZ DUARTE

in fulfilment of the requirements of the PhD Degree in Engineering and
Technology ("Doctorat en Sciences de I’ingénieur et technologie”™)
Année académique 2025-2026

Supervisor : Professor Mahmoud SAKR
Co-supervisor : Professor Esteban ZIMANYI1
Computer and Decision Engineering Department

Thesis jury :

Prof. Dr. Jan Tobias Miihlberg (Université libre de Bruxelles)

Prof. Dr. Mahmoud Sakr (Université libre de Bruxelles)

Prof. Dr. Esteban Zimdnyi (Université libre de Bruxelles)

Dr. Moaad Yacoubi (Bruxelles Mobilité (SPRB))

Prof. Dr. Eleni Tzirita Zacharatou (Hasso Plattner Institute (HPI), Universitit Potsdam)






Abstract

The propagation of Internet-of-Things (IoT) sensors aboard moving objects has led to continuous
spatiotemporal data streams that demand on-device and low-latency analysis. The underlying
systems for processing this streaming data, however, are ill-prepared. On the one hand, standard
stream processing engines lack support for spatiotemporal operations. On the other hand, existing
libraries for spatiotemporal data are optimized for historical data rather than real-time processing.

Spatiotemporal streaming workloads are intrinsically more demanding than relational event
processing. Spatial predicates require geometry-specific algorithms rather than scalar comparisons,
while spatiotemporal reasoning adds temporal constraints to these computations. Moreover,
trajectory construction requires ordering, buffering, and interpolation under tight latency budgets,
and motion features (e.g., speed, heading, stops) require sub-trajectory processing, which increases
CPU, memory, and synchronization costs.

To address these challenges, two systems were implemented: MobilityFlink and MobilityNebula.
MobilityFlink, an extension of Flink for spatiotemporal stream processing in the cloud, served as
the initial prototype to validate spatiotemporal stream operators within a well-established cloud
engine. Building on these insights, MobilityNebula was designed by migrating to NebulaStream
to leverage distributed edge—to—cloud execution and support continuous, low-latency processing
in constrained, intermittently connected deployments. MobilityNebula is a mobility stream
processing system designed for the edge—to—cloud continuum. We introduce a window-aware
trajectory type system, a lift-combine-lower aggregation pattern for trajectory construction at
stream rate, and a lightweight operator integration that enables Moving Objects Database (MOD)
trajectory semantics to operate on constrained edge devices. MobilityNebula was evaluated
by deploying the system on fog and edge devices and ingesting data from the Belgian Railway
Operator/Société Nationale des Chemins de fer Belges (SNCB/NMBS) trains, executing real-time
mobility queries such as brake system monitoring and high-risk zone proximity monitoring directly
at the edge. In our evaluation, MobilityNebula sustained near real-time latencies for queries while
ingesting a 20k events/s stream on an edge device such as a Raspberry Pi 5.

Additionally, we survey outlier detection as it is an essential step in data preprocessing that
ensures the integrity and validity of data analyses. We focus on outlier points within individual
trajectories, i.e., points that deviate significantly within a single trajectory. We experiment with
ten open-source libraries to comprehensively evaluate available tools, comparing their efficiency
and accuracy in identifying and cleaning outliers. The experiment considers the libraries as they
are offered to end users, with real-world applicability. We compare existing outlier detection
libraries and introduce a method for establishing ground-truth. Furthermore, we use our findings
to implement Kalman filter into MobilityNebula.



ii

ABSTRACT



Acknowledgments

I dedicate this thesis to Bisa Acy, my great-grandmother. Without you, I would not be writing
these pages.

I also dedicate it to my grandparents, who inspired me and supported my decision to follow
an academic path.

To my mother, who has always stood by me, no matter how different my ideas sounded. I
treasure the countless conversations we shared about this thesis and about life during my journeys
home from the lab.

I am deeply grateful to Rafael, whose patience and support are invaluable. Most of all, I
thank him for his willingness to move so that I could pursue my dreams.

I also thank Dwi Nugroho for his help and support in implementing in earlier versions of
NebulaStream.

Nevertheless, I owe special thanks to my advisors, Esteban Zimanyi and Mahmoud Sakr, for
their guidance, both academically and personally, and for always pushing me forward.

iii



iv

ACKNOWLEDGMENTS



Contents

Abstract i
Acknowledgments iii
1 Introduction 1
1.1 Context and Motivation . . . . . . . . . ... 2
1.2 Problem Statement . . . . . . . .. 3
1.3 Objectives . . . . . . e 4
1.4 Contributions . . . . . . . L 5
1.5 Thesis Structure . . . . . . . . e 7
1.6 Disclaimer . . . . . . . e 7
2 Related Work 9
2.1 Data Stream Processing Systems . . . . . . . ... 9
2.2 Systems for Managing Spatiotemporal Historical Data . . . . ... ... ... .. 11
2.3 Systems for Managing Spatiotemporal StreamingData . . . . . ... ....... 12
2.4 Chapter SUMMaAry . . . . . . . o i e e e e e e e e e e e 14
3 Background 17
3.1 Data Stream Processing Systems . . . . . . . ... 17
3.1.1 DataStream . . . . . . .. 18
3.1.2 Conceptof Time . . . . . . . . . . . . 18
3.1.3 Windows . . . . 18
3.1.4 Out-of-OrderData . . .. ... ... ... . 20
3.1.5 Stream Query Languages . . . . . . . ... 22
3.1.6 Directed Acyclic Graph Dataow . . . . . . ... ... ... ... ..... 24
3.1.7 Transactional Stream Processing . . . . . . . . .. ... . . ... 25
3.1.8 Just{in{Time Query Compilation . . . . . . ... ... ... .. ...... 26
3.1.9 Consistency and Fault Recovery . . . .. ... ... ... ......... 28
3.1.10 Common Architectures . . . . . . . . . . . . ... 29
3.1.11 Stream Operators . . . . . . . . o e 31
3.2 Mobility Data . . . . . . . 34
3.2.1 Spatiotemporal Data and Mobility Data . . . . ... ... ......... 34
3.2.2 Mobility Continuous Queries . . . . . . . . . ... . . 35
3.2.3 OutlierDetection . . . . . . . . . . . . e 36
3.2.4 Lifted Operations . . . . . . . . . . . 40
3.3 Chapter SuUMmary . . . . . . . e e e e e 43



vi CONTENTS
4 Distributed Edge{to{Cloud Mobility Data Stream Processing 45
4.1 Formal Model . . . . . .. 46
4.1.1 Abstract Model . . . . . .. ... 46
4.1.2 Discrete Model . . . . . . .. 46
4.2 Representative SyStems . . . . . ... 48
4.2.1 MobilityFlink . . . . . ... 49
4.2.2 MobilityNebula . . . . . . ... 52
4.3 Spatiotemporal Stream Operations . . . . . . . . . . . .. . 54
4.4 Implementations . . . . . . . . L e 55
4.4.1 Implementation in MobilityFlink . . . . ... ... ... ... .. ... . 55
4.4.2 Implementation in MobilityNebula . . . . . . ... ... .......... 57
4.5 Real-Time QUEries . . . . . . . . 60
45,1 Point-Based QUEries . . . . . . .. e 60
4.5.2 Trajectory-Based Queries . . . . . . ... 63
4.6 Performance Measurement . . . . . . . . ... e e e 65
4.6.1 Distributed Setting . . . . . . . ... 65
4.6.2 Single-Node Setting . . . . . . . . . .. 68
4.6.3 Mobility Computation Breakdown . . . . .. .. ... .. ......... 72
4.6.4 Geospatial vs. Non-Geospatial Operator Latency . . . . . ... ... ... 73
4.6.5 Parameter Sensitivity . . . . . .. L 75
4.6.6 Network Volatility Stress Evaluations . . . .. .. .. ... ... ..... 77
4.7 Chapter SUMMAry . . . . . . . . 77
5 Trajectory Processing Applications 81
51 SNCBUSE Case. . . . . . o it e e e e e e e 81
511 Context . . . . . . . e 82
5.1.2 EdgeDevices . . . . . . . . 83
5.1.3 Implementation . . . . . . . . . ... 84
5.1.4 Query Visualizations . . . . . . . . .. . 85
5.1.5 Programmable Logic Controller (PLC) Logic Verication . ... ... .. 85
5.1.6 Deployment Lessons Learned . . .. .. ... .. .. ... ... . ..... 88
5.2 Outlier Detection . . . . . . . . . e 90
5.2.1 Static Outlier Detection . . . . . . . . .. ... ... ... 90
5.2.2 Streaming Outlier Detection. . . . . . . . . .. . ... ... .. ... 93
5.3 Real-Time Outlier Detection . . . . . . . .. .. ... ... . . ..., 94
5.3.1 Theory and Implementation . . . . . . .. .. ... ... L. 94
5.3.2 Integration and Workow . . ... ... ... ... ... .. ... 96
5.3.3 Outlier Detection in Historical Data and Real-Time Data . . . .. .. .. 97
5.4 Experimental Evaluation . . . . . . ... ... 97
5.4.1 Constructing The Ground-Truth . . . . . .. ... ... ... ....... 97
5.4.2 Experimental Study . . ... ... ... 104
5.4.3 Interpreting Extended Kalman Filter (EKF) Results . . . . ... ... .. 112
5.5 Trajectory Functions . . . . . . . . L 115
5.5.1 Implementation in Mobility Engine Open Source (MEOS) . . . . ... .. 116
5.5.2 Implementation in Python Binding for MEOS (PyMEOQOS) . . . . ... .. 118
5.5.3 Metric Extraction . . . . .. .. .. ... 124
554 AreaofinterestHeatmap . .. .. ... ... ... ... . ......... 124
55,5 Close Carsldentication. . . . . ... ... ... .. ... ... ... 125
5.6 Chapter Summary . . . . . . . . . . e e 126



CONTENTS

6 Conclusions and Future Work
6.1 Summary of Contributions
6.2 Future Work . ... ...

Vii



viii CONTENTS



List of Figures

1.1 Research gap addressed by this thesis, positioning MobilityFlink and Mobility-
Nebula across stream processing, spatiotemporal analytics, and edge{to{cloud

deployment . . . . . . . L 3
3.1 Turning-point insertion for a lifted distance computation when one argument is

temporal, adding an intermediate pointg@ . .. ... .. ... ... ....... 42
3.2 Two temporal points are synchronized by restricting them to a common time

period and aligning instants for comparison . . . .. ... ... ... ....... 42
3.3 Turning points p@ and q@t are added after synchronization to capture the time

of minimum distance between two moving segments . . . .. ... ... ... .. 43

4.1 Sliding and tumbling windowing strategies for constructing stinstant and stsequence

values from points . . . . . . . 49
4.2 Overview of MobilityFlink, showing the integration of MEOS via Java Binding for

MEOS (JMEOS) and the Kafka-Flink execution pipeline . . . . . ... ... ... 50
4.3 Containerized MobilityFlink test setup, showing Kafka ingestion, Flink processing,

and the mobility pipeline dataow . . . . . . ... ... ... ... . ... ... 51
4.4 High-level architecture of MobilityNebula, showing MEOS integration in Nebula-

Stream and the query dataow . . . . . . .. .. ... o 53
4.5 Fog{edge deployment results for Queries 1{6, reporting throughput, events/s,

selectivity, latency, CPU, memory, and network usage . . . . ... ... ... .. 67

4.6 Single-node edge-constrained evaluation across Queries 3 and 6{13, showing

throughput, CPU usage, latency, and memory usage under varying resource caps 69
4.7 Single-node edge-constrained evaluation across Queries 3 and 6{13, showing laten-

cy/memory, CPU usage and success rate under varying resource caps . . . . . . . 70
4.8 Throughput sensitivity to window size and slide interval across Queries 3 and 6{13

(sliding vs. tumbling variants) . . . . . . . . ... L 76
4.9 Network-volatility stress-test results under controlled jitter (J), burst loss (B),

outage (O), and combined scenarios, reporting per-query p50 end-to-end latency

and sustained input throughput. . . . . . . . ... ... Lo 78
4.10 Network-volatility stress-test results under controlled jitter (J), burst loss (B),

outage (O), and combined scenarios, reporting per-query average CPU utilization

and average memory consumption. . . . . . ... Lo e e e 79

5.1 GPS trajectories of six monitored SNCB trains over six months, as observed from

onboard GPS readings . . . . . . . ... 82
5.2 Previous SNCB diagnostic architecture, in which onboard measurements are trans-
mitted to the cloud without edge-side processing . . . . . ... ... ....... 83

iX



LIST OF FIGURES

5.3 The SNCB M6 double-deck rolling stock used in the deployment and evaluation of
MobilityNebula . . . . . . . . . 84
5.4 The nROK 1030 onboard edge device used to execute MobilityNebula queries on
rains . . . . 85
5.5 SNCB use-case architecture, showing onboard edge processing on the nROK device
and MQTT-based alert delivery to the central monitoring backend . . . . . . .. 86
5.6 Dashboard visualizations of point-based streaming queries on SNCB data, including
alerting, noise/speed monitoring, weather-based zones, and brake diagnostics . . 87
5.7 Examples of trajectory anomalies targeted by the ground-truth procedure, showing
deviations in speed and/or bearing . . . . . . ... 98
5.8 Visualization of the AIS dataset before applying the ground-truth ltering procedure 100
5.9 Visualization of the AIS dataset after applying the ground-truth Itering procedure 100
5.10 Visualization of the OpenSky dataset before applying the ground-truth lItering

procedure . . . . .. e e 101
5.11 Visualization of the Jakarta Grab-Posisi GPS dataset before applying the ground-

truth ltering procedure . . . . . . . . . .. 101
5.12 Visualization of the Singapore Grab-Posisi GPS dataset before applying the ground-

truth ltering procedure . . . . . . . .. 102
5.13 Sensitivity of AIS ground-truth to the speed and bearing thresholds {S;tH) . . 104
5.14 Sensitivity of Jakarta ground-truth to di erent speed and bearing threshold con g-

urations (tS;tH) . . . . . 105
5.15 Runtime comparison of outlier-detection libraries across the Jakarta, Singapore,

OpenSky, and AlS datasets . . . . . . . . . . . .. . e 106
5.16 Aggregated runtime across all datasets for the evaluated Python libraries . . . . 107
5.17 Aggregated runtime across all datasets for the evaluated R libraries. . . . . . .. 107

5.18 Precision of each library measured against the ground-truth across the four datase198
5.19 Recall of each library measured against the ground-truth across the four datasets 109
5.20 F1 score of each library measured against the ground-truth across the four dataset40
5.21 F0.5 score of each library measured against the ground-truth (precision-weighted) 111

5.22 F2 score of each library measured against the ground-truth (recall-weighted) . . 111
5.23 Comparison of removed point patterns on AIS trajectories for MovingPandas and

the MEOS EKF . . . . . . . e 113
5.24 Jakarta example comparing points rejected by the MEOS EKF against the ground-

truth outlier labels . . . . . . . . . . . . . 114
5.25 Visualization of the raw STIB trajectories used in the qualitative removal-pattern

COMPANISON . . . o v e e e e e e e e e e e e e e e e e 115
5.26 Overlay of STIB trajectories with points removed by MovingPandas (OutlierCleaner

and KalmanSmootherCV) and the MEOS EKF . . . . . . ... ... ....... 116
5.27 Spatial distribution of points removed by the two MovingPandas stages (Outlier-

Cleaner and KalmanSmootherCV) on STIB . . . . . .. ... .. ... ...... 117
5.28 Counts of removed points per MovingPandas stage on the STIB dataset . . . . . 118
5.29 Comparison of removed point patterns on STIB for MovingPandas KalmanS-

mootherCV and the MEOS EKF . . . . . . ... ... . .. ... ... ..... 119

5.30 Example trajectories from the Singapore Grab-Posisi dataset used for o ine analytics20
5.31 Trajectories overlaid with spatiotemporal bounding boxes for Singapore Airport

and Gardensbythe Bay . . . . . . . . . . . .. .. . ... e 120
5.32 Spatial density heatmap of trips between Singapore Airport and Gardens by the Bay21
5.33 Filtering outcomes for trip selection, showing trajectories that intersect none, one,

or both areas of interest (with zoomed views) . . . ... ... .. ... ...... 122



LIST OF FIGURES Xi

5.34 Single-leg trip geometries segmented between Singapore Airport and Gardens by

the Bay using the geometry-based method . . . . . . . .. ... ... ... .... 123
5.35 Speed and bearing pro les of geometry-based single-leg trip segments. . . . . . . 123
5.36 Speed and bearing pro les of stop-based single-leg trip segments . . . . . .. .. 124
5.37 Trajectory-density heatmap of trips between Singapore Airport and the Gardens

bytheBayarea. . . . . . . . . . . . . e 125

5.38 Example proximity event where two vehicles are detected within 10 m of each othet25



Xii LIST OF FIGURES



List of Tables

2.1

2.2

2.3

3.1
3.2
3.3
3.4
3.5
3.6
3.7
3.8

3.9

Comparison of general stream processing systems by real-time support, distributed
execution, spatiotemporal support (points/trajectories), and deployment scope
(edge, cloud, edgefto{cloud) . . . . . . .. ... ... . 11
Comparison of spatiotemporal systems for historical data by distributed execution,
support for point and trajectory types, and deployment scope (edge, cloud, edge{
tofcloud) . . . .. e e 13
Comparison of spatiotemporal stream processing systems by real-time support,
distributed execution, point/trajectory support, and deployment scope (edge, cloud,
edge{tofcloud) . . . . . . . ... 14

Summary of standard window types, indicating whether they overlap, how their
bounds are de ned, and whether their boundaries are deterministic or data-dependentl9
Comparison of windowing semantics and implementation support in Flink and
NebulaStream . . . . . . . . . . e 20
Progress signals used for out-of-order handling, summarizing who emits them, their
scope and semantics, and how they trigger window nalization . .. .. ... .. 22
Comparison of how Flink and NebulaStream track progress and handle out-of-order
events under event-time semantics . . . . .. .. ..o 23
Comparison of how Flink and NebulaStream represent and execute queries as a
Directed Acyclic Graph (DAG) dataow . . . . . . . . ... ... ... ...... 25
Comparison of transactional stream processing capabilities in Flink and NebulaStream27
Comparison of Just{in{Time (JIT) compilation strategies in Flink and NebulaStream 28
Comparison of consistency guarantees and fault-recovery mechanisms in Flink and

NebulaStream . . . . . . . . . . 30
Comparison of the deployment architecture assumptions and execution roles of
Flink and NebulaStream . . . . . . . . . . ... ... .. 32

3.10 Comparison of how Flink and NebulaStream expose and execute core stream

operators, including extensibility and placement. . . . . ... ... ... ... .. 35

4.1 Abstract type constructors in the MOD framework, showing each constructor, its

4.2

4.3

4.4

signature, and its type category . . . . . ... a7
Discrete type system used in this thesis, including MobilityDB temporal types and

the proposed window-aware spatiotemporal types . . . . . . ... ... .. .... 48
Example of lifting raw GPS tuples (longitude, latitude, timestamp) into Mobility-

Nebula encoding €instant) . . . . . ... ... ... . 49
Mapping of representative MEOS operations to MobilityNebula bindings (wrapper,
logical, physical, parser) . . . . . . . . . .. 55



Xiv

4.5

4.6

4.7

4.8

5.1

5.2

53

5.4

LIST OF TABLES

Query coverage across systems, indicating which platforms can express each query

without changing its semantics or modifying the system's core code . . . . . . .. 71
Computation breakdown per query under 512 MB{2 GB caps, separating time
spent in the MobilityNebula wrapper/MEOS call from operator-level costs . . . . 73

Geospatial operator classes, classi ed by class, the per-function call cost as the
percentage of time spent in the MEOS function compared to the total query
processing time, as measured by the per-function pro ling of Sect. 4.6.3. Primary
overhead source indicates where the overhead is more prominent: inside the MEOS

call or at the operator-level . . . . . . . .. . .. ... 74
Geospatial vs. non-geospatial operator cost at 8GB/4vCPU . . . . . . .. .. .. 75

Overview of static trajectory outlier-detection libraries, listing each library, its

detection technique, method category, and implementation language . . . . . . . 92
Overview of streaming outlier-detection libraries and systems, listing each method,
its category, and implementation language . . . . ... .. ... ... ... ... 94
Summary of the evaluated datasets, including source, total number of points,
number of detected outliers, and outlier percentage. . . . . . ... ... ... .. 103

Single-leg trip counts produced by geometry-based and stop-based segmentation 124



List of Acronyms

k-NN k-Nearest Neighbors. 4, 13, 35, 40, 65, 71{77, 93, 94, 129, 130

ACID Atomicity, Consistency, Isolation, and Durability. 25{27
ADT Abstract Data Type. 12
AR Autoregression. 37

ARIMA  Autoregressive Integrated Moving Average. 37, 93

BIRCH Balanced lIterative Reducing and Clustering using Hierarchies. 38

BP Brake Pressure. 61, 63, 66, 82{85, 89, 128

CLARANS Clustering Large Applications on Randomized Search. 38
CQL Continuous Query Language. 22
CTE Common Table Expressions. 85

CV Constant-Velocity. 95

DAG Directed Acyclic Graph. xiii, 17, 24, 25, 43
DBSCAN Density-Based Spatial Clustering of Applications with Noise. 38, 90, 91, 94, 97

DSP Data Stream Processing. 17

EILOF E cient Incremental Local Outlier Factor. 40

EKF Extended Kalman Filter. vi, 36, 71, 81, 94{97, 103{105, 111{115, 126, 128, 129

GAB Acceleration-Bounded. 91

GCEP Geospatial Complex Event Processing. 5, 62, 129
GiST Generalized Search Tree. 12

GOD Group Outlier Detection. 38

GSB Speed-Bounded. 91

XV



XVi List of Acronyms

HF Hampel Filter. 37, 91

ILOF Incremental Local Outlier Factor. 40
IOD Individual Outlier Detection. 38
IoT Internet-of-Things. i, 1, 5, 6, 9, 10, 13, 18{20, 26, 30, 32, 35, 36, 43, 52, 62, 127, 128

JIT Just{in{Time. xiii, 7, 10, 17, 26{28, 35, 130
JMEOS Java Binding for MEOS. ix, 46, 49{52, 57, 127

KF Kalman Filter. 36, 37, 90, 92, 112{115

LGSB Local Greedy Speed-Bounded. 91
LOF Local Outlier Factor. 38, 40, 90, 97
LRD Local Reachability Density. 90

MA Moving Average. 37
MedAD Median Absolute Deviation. 37
MenAD Mean Absolute Deviation. 113

MEOS Mobility Engine Open Source. vi, ix, X, Xiii, xiv, 2, 4{7, 10, 12{15, 34, 40{43, 45, 46,
49{57, 59{61, 72{75, 77, 81, 94{97, 104, 105, 111{116, 119, 124{130

MOA Massive Online Analysis. 93, 94
MOD Moving Objects Database. i, 6, 11, 37, 45{47, 52, 77, 128

NIS Normalized Innovation Squared. 95, 97

PCA Principal Component Analysis. 93

PF Particle Filter. 36, 37

PLC Programmable Logic Controller. vi, 6, 7, 82, 83, 85, 86, 88, 89, 129
PyMEOS Python Binding for MEOS. vi, 12, 81, 115, 118, 121, 124, 126
PySAD Python Streaming Anomaly Detection. 93, 94

RK-NN Reversek-Nearest Neighbors. 40
RDDs Resilient Distributed Datasets. 13

SAMOA Scalable Advanced Massive Online Analysis. 93, 94
SGAB Smart Greedy Acceleration-Bounded. 91
SGSB Smart Greedy Speed-Bounded. 91



List of Acronyms XVii

SNCB/NMBS  Belgian Railway Operator/Socete Nationale des Chemins de fer Belges. i, 2,
5{7, 60, 68, 79, 81{86, 88, 89, 126{129, 132

SP-GiST Space Partitioning Generalized Search Tree. 12
SRA Stream Relational Algebra. 22

TSP Transactional Stream Processing. 25{27
UDFs User-De ned Functions. 2, 5, 35, 51

WLOF Weighted Local Outlier Factor. 38



Xviii List of Acronyms



Chapter 1

Introduction

The growing use of l0T sensors in moving objects, such as ships and trains, generates large amounts
of streaming data that include spatiotemporal information. These data streams can support
applications including real-time accident detection and maintenance prediction. Nevertheless,
achieving e cient in situ spatiotemporal processing poses challenges due to high data rates,
varying network conditions, and the limited CPU and memory capabilities of edge devices [78].

As moving objects are increasingly equipped with sensors, the demand for continuous spatial
and temporal reasoning increases correspondingly, creating requirements that traditional streaming
systems were not designed to meet. Beyond architectural limitations, spatiotemporal data
introduce intrinsic computational challenges that make them signi cantly more demanding than
relational data [90]. Spatial predicates require geometry-speci ¢ algorithms rather than scalar
comparisons, and spatiotemporal predicates require the addition of the space dimension in these
computations. Trajectory construction requires ordering, bu ering, and interpolation under tight
latency constraints. Motion features, such as speed, acceleration, heading, and stop detection,
require sub-trajectory processing and stateful computation, intensifying CPU, memory, and
synchronization costs. These properties fundamentally di erentiate mobility analytics from the
stateless or scalar workloads for which most streaming engines were initially designed.

General stream processing frameworks, such as Kafka Strean®4] and Flink [16], are opti-
mized for high-throughput event streams in cloud environments. However, while these systems can
be applied to I0T data pipelines, they are not tailored for resource-constrained edge deployments
and intermittent connectivity. In addition, these systems often lack spatiotemporal functionality,
requiring users to implement such operations. In contrast, existing spatiotemporal systems
primarily target historical datasets and are not designed to cope with real-time workloads charac-
terized by continuous streams, low-latency requirements, and uctuating processing demand<9).
Recent research and system development have begun to address trajectory processing within
streaming pipelines. However, this topic is still emerging. Integrating trajectory construction
at a stream rate, continuous low-latency querying, and operations within the strict CPU and
memory constraints of edge devices remains insu ciently addressed by current approaches.

To address these challenges, two complementary systems were developed: MobilityFlinknd
MobilityNebula. > Rather than constructing a new stream processing engine from scratch, we
follow a systems-integration approach, leveraging established platforms and extending them with
mobility-aware abstractions and operations. This engineering decision enhances robustness and
reproducibility, while focusing research e orts on the core technical challenge: reconciling the

Lhttps://github.com/MobilityDB/MobilityFlink
2https://github.com/MobilityDB/MobilityNebula



2 CHAPTER 1. INTRODUCTION

mismatch between streaming execution models and spatiotemporal trajectory semantics, and
implementing window-aware types and operators that operate e ciently under edge constraints.
MobilityFlink integrates Flink with MEOS operators to enable spatiotemporal stream processing

in the cloud. Initially, MobilityFlink served as a prototype to validate spatiotemporal stream
operators within a mature cloud engine. Building on these insights, MobilityNebula was designed
to utilize NebulaStream for distributed edge{to{cloud execution and continuous low-latency
processing in constrained and intermittently connected environments. MobilityNebula is an
integrated system for spatiotemporal stream processing across the edge{to{cloud continuum. It is
based on the distributed NebulaStream platform [L17] and the MEOS library for spatiotemporal
data processing 125, supporting both point-based and trajectory-based functions on constrained
edge and fog devices. Extending spatiotemporal processing from a database context to an
unbounded stream requires more than systems integration. Speci cally, spatiotemporal types and
operations must become stream-aware, associating these types with window bounds and enabling
trajectories to be constructed and queried at stream rate. Furthermore, mobility functions
originating in the database domain must be mapped and translated into streaming operators that
compose with windowing, grouping, and incremental execution.

We have implemented our data model and executed our queries in MobilityFlink and Mobility-
Nebula. MobilityFlink serves as a proof of concept, while MobilityNebula has been tested in
a real-world setting for the SNCB/NMBS use case. We evaluated the use of MobilityFlink
and conclude that it would be unsuitable, as we aim to reduce data transfer and latency while
processing data on an edge device. In MobilityNebula, we perform queries directly on an edge
device, maintaining low latency and enabling on-demand data gathering, even when connectivity
is unstable. While generic engines can represent similar spatiotemporal predicates as User-De ned
Functions (UDFs), MobilityNebula's edge{to{cloud streaming architecture provides near real-time
response times by eliminating the cloud round-trip. The system reduces bandwidth requirements
by transmitting only windowed trajectories and alerts rather than raw measurements.

The distributed design of our system is a result of the inherent characteristics of mobility
data. Information is produced simultaneously by multiple devices, including onboard sensors and
monitoring stations, across a large geographic area. Processing these data streams on a single-node
would create a computational bottleneck and would limit scalability. Instead, distributing the
computation across multiple nodes allows queries to be executed near where the data is generated,
while still enabling coordination across the network. This distributed setup reduces latency,
balances the workload among heterogeneous devices, and enables the combination of local insights
into a global view of system behavior.

The edge{to{cloud continuum re ects how computation can be dynamically placed along
the architecture, from constrained edge devices to fog and cloud nodes, depending on device
capabilities, network conditions, and data locality. For example, running a query directly on
an edge node avoids transmitting raw data over the network and leverages local processing
for real-time analysis. Conversely, when a broader context or historical correlation is required,
computation can be o oaded to fog or cloud nodes. This exibility provides a trade-o between
latency, accuracy, and communication costs. It also enhances privacy by performing ltering and
aggregation at the source, thereby sharing only derived or summarized data with the cloud.

1.1 Context and Motivation

Real-time spatiotemporal data has become central to modern mobility applications, including
autonomous eet coordination, railway maintenance monitoring, and maritime navigation. These
workloads pose unique challenges as they generate large volumes of irregularly sampled obser-
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vations, require immediate reaction to anomalous behavior, and are deployed on heterogeneous
hardware ranging from embedded sensors to fog nodes and cloud servers.

On the one hand, traditional streaming systems focus on throughput and scalability but
lack awareness of spatial and temporal semantics. On the other hand, spatiotemporal databases
provide mobility operators but cannot sustain continuous low-latency ingestion. This contrast
shows a signi cant need for systems that e ectively integrate the responsiveness inherent in
distributed streaming engines and the expressiveness o ered by spatiotemporal models.

Processing mobility data at the network edge introduces additional constraints. Onboard
devices must operate with limited CPU, memory, and energy budgets, while maintaining pre-
dictable latency even under unstable network conditions. Sending all raw measurements to the
cloud is often impractical due to limited bandwidth and latency overheads. Instead, performing
Itering, aggregation, and event detection near the data source ensures timeliness and resilience.
This motivates the need for a mobility-aware distributed system capable of dynamically adjusting
computation across edge, fog, and cloud layers based on device capabilities, network stability,
and data locality.

Figure 1.1 illustrates the positioning of our proposed systems. MobilityFlink lies at the
intersection of stream processing and spatiotemporal analytics in the cloud. MobilityNebula
covers the intersection of low-latency stream processing and spatiotemporal data analytics across
the edge{to{cloud continuum, addressing a gap not lled by existing systems.

Figure 1.1: Research gap addressed by this thesis, positioning MobilityFlink and MobilityNebula
across stream processing, spatiotemporal analytics, and edge{to{cloud deployment

1.2 Problem Statement

Despite ongoing advancements in streaming and spatiotemporal data management, no existing
system satis es the combined requirements of:

" Expressive mobility analytics , including geometric predicates, trajectory creation, and
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movement-based reasoning.

Trajectory construction at stream rate , building and analyzing window-bounded
trajectories in real-time while preserving the semantics of discrete moving objects and their
window bounds.

Low -latency mobility operators on constrained hardware , implementing distance,
containment, intersection, and k-Nearest Neighbors k-NN) predicates over windowed
trajectories as streaming operators that t within the CPU and memory budgets of edge
devices.

Reduced communication overhead , by in-network ltering and aggregation rather than
shipping raw data.

Data quality safeguards , including online detection and treatment of noisy or faulty
mobility measurements.

This thesis addresses the following problem:

How can we design data models, operators, and a distributed system that enable expressive,
real-time spatiotemporal analytics for mobility data streams on heterogeneous hardware across the
edge{to{cloud continuum?

This question drives the design and implementation of MobilityFlink and MobilityNebula,
the development of window-aware spatiotemporal data types, and the integration of data-quality
techniques necessary for reliable mobility processing. The main approach we take in this work is
to integrate existing systems, that combined together converge to our goal and ful lls the design
requirements. The main technical challenge of this work is the model mismatch between stream
processing systems, e.g., NebulaStream, and spatiotemporal trajectory processing systems, e.g.,
MEOS.

1.3 Objectives

The goal of this thesis is to enable low-latency spatiotemporal processing and analysis for mobility
data streams across the edge{to{cloud continuum. We build models and tools that support
mobility processing on heterogeneous hardware in a distributed deployment. This objective is
divided into the following research questions.

Research Questions

1. RQ 1 - Data Model
How can we de ne abstract and discrete window-aware spatiotemporal types that enable
mobility operations in streaming environments? This question concerns the foundations
of representing mobility data in a system that processes information incrementally. We
require an abstract data model that captures the semantics of movement, such as points,
trajectories, windows, and temporal bounds, and a discrete streaming data model that
materializes these concepts as atomic units in a continuous pipeline. The challenge is twofold
as abstract types must de ne behavior for spatiotemporal objects, while discrete types must
encode these objects e ciently so they can be created and processed at stream runtime.
This includes handling ordering, interpolating, windowing, and dealing with dynamic arrival
patterns. The resulting model must therefore be expressive for complex mobility reasoning
while being light to operate under edge and fog resource constraints.
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RQ 2 - System Integration

How can general streaming engines be extended with mobility awareness so that spatiotempo-
ral queries run end-to-end with low overhead? This question addresses the systems challenge
of embedding spatiotemporal logic into engines built initially for relational or event-based
processing. Mobility workloads require geometry operations, trajectory assembly, stateful
windowing, and motion-based predicates that are fundamentally more complex than scalar
Iters or joins. We aim to incorporate these capabilities into existing architectures without
sacri cing throughput or latency. This requires exploring operator design, data ow schedule,
state management, and language bindings for mobility-aware UDFs. Ultimately, we must
show that a general-purpose streaming engine can support mobility semantics without
restructuring its core.

. RQ 3 - Expressiveness for Real Use Cases

Can real-world mobility operations, such as geofencing, Geospatial Complex Event Process-
ing (GCEP), trajectory construction, stop detection, speed/bearing analytics, and railway
diagnostics, be expressed as continuous queries and executed on constrained edge devices?
This question concerns the applicability of the proposed models and systems to operational
mobility scenarios. Real deployments require more than simple spatial predicates as op-
erators must support dynamic windows, event correlation, temporal joins, sub-trajectory
extraction, anomaly detection, and safety-critical logic. The challenge is to demonstrate
that a complete pipeline from raw sensor readings to detection of mobility events can be
expressed and executed continuously. This includes validating expressiveness for railway
operations SNCB/NMBS, transport analytics, and generic loT mobility applications. The
guestion ensures that our framework is not only theoretically expressive but also practically
usable.

. RQ 4 - Data Quality and Outliers

Which trajectory outlier detection methods are most e ective and practical for mobility
datasets, and how can such methods be incorporated into real-time pipelines? Mobility
data is notoriously noisy and inconsistent, with errors arising from GPS drift, sensor
desynchronization, and network-induced uctuation. This question investigates both the
methodological challenge of evaluating trajectory cleaning techniques across heterogeneous
datasets and the systems challenge of incorporating such methods into streaming environ-
ments. We assess the trade-o s of classical distance-based, clustering-based, and incremental
anomaly detection methods. In addition, we quantify accuracy through a ground-truth, and
suggest which methods are suitable for real-time deployments.

1.4 Contributions

This thesis provides the main contributions, listed below:

We introduce the stinstant model, a discrete model for point streaming instances that
encodes each data point and its window as a single atomic type for streaming analytics.

We introduce the stsequenceand stsequenceseimodels, discrete models for trajectory
streaming sequences and sequence sets that encode each trajectory and its window bounds
as a single atomic type for streaming analytics.

We present MobilityFlink, a prototype that integrates MEOS operations and our discrete
models (stinstant, stsequencestsequencesgtinto Flink to support mobility queries in the
cloud.
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" We design and implement MobilityNebula, a mobility stream processing system that

supports Moving Objects Database (MOD) trajectory stream processing under tight CPU
and memory budgets on edge devices and can perform real-time spatiotemporal analytics
across distributed 10T nodes on edge, fog, and cloud. MobilityNebula provides a window-
aware trajectory type system, a lift{fcombine{lower aggregation pattern for trajectory
construction, and an operator integration that keeps MEOS temporal geometries and passes
them by reference between NebulaStream operators while running on constrained edge
nodes.

We evaluate a real-world use case SNCB/NMBS, implementing geofencing and geospatial
complex event queries on edge devices installed on trains. We translate and validate the
Programmable Logic Controller (PLC) diagnostic logic into declarative streaming queries
using MEOS and NebulaStream operators, and show functional equivalence between the
PLC and SQL implementation and our trajectory-based streaming queries.

MobilityNebula research and development was conducted in close collaboration with the
NebulaStream team at Technische Universitat Berlin. Several resulting publications emerged
from this partnership and therefore include co-authors from the joint work.

The following publications, listed chronologically, collectively form the foundation of this

thesis:

1.

M. M. G. Duarte and M. Sakr. \Outlier detection and cleaning in trajectories: A
benchmark of existing tools.” In Proceedings of the Workshops of the 26th International
Conference on Extending Database Technology (EDBT '23)2023.

E. Zimanyi, M. M. G. Duarte, and V. Div. \MEQOS: An open-source library for
mobility data management.” In Proceedings of the 27th International Conference on
Extending Database Technology (EDBT '24) 2024.

M. M. G. Duarte and M. Sakr. \An experimental study of existing tools for outlier
detection and cleaning in trajectories." Geolnformatica, 2025.

M. M. G. Duarte, D. Nugroho, G. Tod, E. Bevernage, P. Moelans, E. Tas, E. Zimanyi,
M. Sakr, S. Zeuch, and V. Markl. \Mobility stream processing on NebulaStream and
MEOS." In Companion of the 2025 International Conference on Management of Data
(SIGMOD/PODS '25) , 2025.

M. M. G. Duarte, D. P. A. Nugroho, G. Tod, E. Bevernage, P. Moelans, E. Saerens,

E. Zimanyi, M. Sakr, and S. Zeuch. \Mobility data stream processing beyond the
cloud." In Proceedings of the 33rd International Conference on Advances in Geographic
Information Systems (SIGSPATIAL '25) , 2025.

M. M. G. Duarte, D. P. A. Nugroho, G. Tod, E. Bevernage, P. Moelans, E. Saerens,
E. Zimanyi, M. Sakr, and S. Zeuch. \Mobility trajectory data stream processing beyond
the cloud.” Revision submitted to the 29th International Conference on Extending
Database Technology (EDBT '26)

In addition to the main papers, | have also co-authored the following publication, as part of
the Horizon EU project MobiSpaces, and it is not included in this thesis.

1.

C. Doulkeridis, G. Santipantakis, N. Koutroumanis, G. Makridis, V. Koukos,
G. Theodoropoulos, Y. Theodoridis, D. Kyriazis, P. Kranas, D. Burgos,
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R. Jimenez-Peris, M. M. G. Duarte, M. Sakr, E. Zinanyi, A. Graser, C. Heistracher,
K. Torp, I. Chrysakis, T. Orphanoudakis, E. Kapassa, M. Touloupou, J. Neises,

P. Petrou, S. Karagiorgou, R. Catelli, D. Messina, M. Compagnucci, and M. Falsetta.
\MobiSpaces: An architecture for energy-e cient data spaces for mobility data.” In
Proceedings of the 2023 IEEE International Conference on Big Data (BigData '23)
2023.

1.5 Thesis Structure

The remainder of the thesis is organized as follows:

Chapter 2. Related Work
This chapter surveys general stream processing systems, spatiotemporal systems, and
spatiotemporal streaming systems.

Chapter 3: Background

This chapter introduces fundamentals of data stream processing systems, query languages,
direct acyclic graph execution, transactional stream processing, Just{in{Time (JIT) com-
pilation, delivery guarantees and recovery, architectures, core operators, and the mobility
foundations.

Chapter 4. Distributed Edge{to{Cloud Mobility Data Stream Processing

This chapter formally describes the main contributions of this work - MobilityNebula
system. It formalizes the abstract and discrete models with windowed temporal types.
It presents MobilityFlink and MobilityNebula, de nes the spatiotemporal operator set,
and demonstrates implementations on real-time point and trajectory queries. Evaluates
execution on edge setups and under edge-constrained resources.

Chapter 5: Trajectory Processing Applications

This chapter explains the main use case used to validate the proposed system. It describes
the SNCB/NMBS railway deployment devices and architecture on trains, query deployment
at the edge, visual dashboards, and PLC validation. The chapter also presents our work
before trajectory stream processing. We later used our ndings to implement data cleaning in
MobilityNebula. The chapter introduces a ground-truth construction method for validating
trajectory quality and then evaluates ten state-of-the-art static trajectory outlier-detection
libraries across four datasets. It then demonstrates how MEOS supports o ine mobility
analytics, including trajectory segmentation, metric extraction, heatmap generation, and
proximity detection.

Chapter 6: Conclusions and Future Work
This chapter summarizes contributions and ndings, then outlines future work directions.

1.6 Disclaimer

We would like to acknowledge that this thesis is written by combining new material and using
part or complete content from the papers listed in Sec. 1.4. We used standard writing-support
tools such as Grammarly to improve readability.
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Chapter 2

Related Work

Moving objects, such as trains, ships, and cars, are increasingly equipped with 10T sensors that
generate continuous streams of mobility data. Processing these streams in real-time is valuable for
applications such as maintenance monitoring, emergency event detection, and routing. However,
processing mobility data streams in real-time on resource-constrained edge devices requires a
combination of mobility semantics, continuous low-latency ingestion, and lightweight execution.
These are requirements that no existing system jointly satis es. General stream processing engines
are optimized for scalar and relational workloads and lack support for mobility semantics, such as
trajectory creation and spatial predicates. Spatiotemporal database systems implement expressive
mobility operators, but are built for batch and historical workloads and cannot sustain continuous
ingestion with low latency.

In this chapter, we survey prior work in continuous data processing and spatiotemporal data
management, focusing on three domains: stream processing systems, spatiotemporal systems,
and spatiotemporal stream processing systems. First, we examine general data stream processing
frameworks, focusing on scalability, low-latency execution, and their suitability for emerging
edgefto{cloud deployments. Then, we survey spatiotemporal systems and libraries designed
to manage and analyze historical mobility data. Afterward, we review existing stream-based
systems that incorporate spatiotemporal operators. Throughout the chapter, we emphasize the
limitations of existing systems, speci cally their lack of support for spatiotemporal analytics
across resource-constrained edge{to{cloud deployments, to motivate our proposed approach.

2.1 Data Stream Processing Systems

The authors of the survey B2] review several stream processing systems that support continuous
data handling. Early stream engines such as STREAM 37] and Aurora [1] introduced continuous
SQL queries and sliding windows within database systems, enabling real-time Itering and
aggregation. Building on the MapReduce paradigm 23], systems such as Apache Flink16], Spark
Streaming [115, Google Data ow [65], and Storm! scaled-out stream processing to large clusters
in the cloud. Apache Kafka Streams p4] decouples producers and consumers, creating durable,
replayable queues that form the backbone of many modern pipelines, as exempli ed by Uber's
real-time architecture [34].

In addition, other approaches include distributed databases such as RisingWavelpg], LeanX-

Lhttp://hortonworks.com/hadoop/storm/
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cale [52], Amazon Kinesis’ and Apache Samza

RisingWave [10€] is a cloud streaming database that uni es real-time processing, SQL querying,
and long-term storage. RisingWave decouples compute and storage with stateless compute nodes
that perform incremental joins, aggregations, and windowed queries with exactly-once semantics.
At the same time, states and results persist in object storage using the Apache Iceberg formét.
RisingWave uni es continuous SQL execution, elastic scaling, and durable state management,
eliminating the need for separate stream engines with external storage.

LeanXcale p2] is a distributed, transactional SQL database and provides linear horizontal
scalability across clusters. The database architecture combines a log-structured key-value storage
layer with a SQL execution engine, enabling a combination of historical and streaming data. By
decoupling storage and compute and using ne-grained sharding, LeanXcale scales performance
as nodes are added.

Amazon Kinesis is an AWS service suite for ingesting and processing large-scale real-time
data streams. Flink applications, implemented in Java or Scala, can be deployed via the Managed
Service for Apache Flink, which automates resource provisioning, scaling, and maintenance.

Apache Samza is a stream processing framework designed for stateful applications. The
framework integrates with messaging systems such as Apache Kafka, Amazon Kinesis, and HDFS,
and supports deployment on YARN or as a standalone library. Samza has been employed at
LinkedIn for production-scale, stateful stream processing [79].

More recently, the growth of 10T sensor deployments and the emergence of heterogeneous net-
work architectures have motivated the development of NebulaStream{17,° a distributed stream
processing engine designed for the edge{to{cloud continuum. The system delivers performance
superior to large-scale engines such as Kafka Stream&4] and Apache Flink [16], yet consumes
far fewer resources, making it well-suited to devices with limited CPU or memory capacities117].
NebulaStream can adapt to varying workloads 7], such as unexpected variations in the frequency
of data measurement readings. The system minimizes the dependency on reliable or continuous
network connections by processing data at the edge. This strategy reduces latency since events
do not have to be transmitted to a cloud environment for processing. At the same time, the
system can scale the execution across multiple nodes in the cloud, fog, and edge when available.
NebulaStream uses Nautilus, a hybrid query execution engine that combines interpreted and
compiled execution, employing a trace-based Just{in{Time (JIT) compiler [40]. NebulaStream
execution engine features a versatile plugin architecture that allows for the addition of function-
alities, facilitating the incorporation of third-party libraries [ 40]. The plugin system loads and
registers specialized components dynamically via CMake. The system includes an expression
framework that enables users to create custom operators and functions using inheritance and
composition. This framework also allows for de ning operators at runtime through dynamic
registration, facilitating the incorporation of domain-speci ¢ operator logic, such as invoking
MEOS functions [40, 24].

Table 2.1 summarizes systems by four capabilities: (1) real-time processing, (2) distributed
execution, (3) spatiotemporal types (points and trajectories), and (4) deployment scope (edge,
cloud, edge{to{cloud continuum). Cloud stream engines (STREAM, Aurora, Flink, Spark
Streaming, Storm, Kafka Streams, RisingWave, LeanXcale, Kinesis, Samza) concentrate on
the rst two columns: they provide real-time, distributed processing in the cloud, but none
of the surveyed systems integrates spatiotemporal support with edge{to{cloud deployment. In
addition, among surveyed systems, NebulaStream is the only entry that marks edge, cloud, and

2https://aws.amazon.com/kinesis/
Shttps://samza.apache.org
4https:/liceberg.apache.org
Shttps://nebula.stream
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Table 2.1: Comparison of general stream processing systems by real-time support, distributed
execution, spatiotemporal support (points/trajectories), and deployment scope (edge, cloud,
edge{to{cloud)

Name Real-time Distrib. Spatiotemporal Deployment
Point Traj. Edge Cloud Edge{to{Cloud

STREAM X { { { { X {
Aurora X { { { { X {
Flink X X { { { X {
Spark Streaming X X { { { X {
Storm X X { { { X {
Kafka Streams X X { { { X {
RisingWave X X { { { X {
LeanXcale X X { { { X {
Kinesis X X { { { X {
Samza X X { { { X {
NebulaStream X X { { X X X

the edge{to{cloud continuum, but it does not implement spatiotemporal modeling.

2.2 Systems for Managing Spatiotemporal Historical Data

Database extensions such as SECONDMX]] and Parallel SECONDO [70] introduce moving
object support for point and trajectory data representation into a generic Database Management
System, o oading parallel execution to Berkeley DB [82]® and Hadoop [L07.” SECONDO utilizes
an abstract model that captures movement semantics and implements the discrete model as
a sliced representation from the Moving Objects Database (MOD) framework de ned by the
authors in [43].

HadoopTrajectory [7] enhances Hadoop with a global grid and 3D-R tree indexing to prune
spatiotemporal data before distribution, outperforming Distributed SECONDO on spatial lters.

ST-Hadoop [5] builds on SpatialHadoop R6] to o er spatiotemporal queries across a cluster.
The system augments the grid-and-tree indexes with time support so that new data can be
appended without repartitioning existing blocks. ST-Hadoop's data model adds a temporal
attribute to each point and introduces aninterval types to represent time ranges. ST-Hadoop
enables distributed range and join queries that consider both space and time.

Hermes B7] integrates trajectory support into Oracle 10g by implementing an object-relational
database extension with moving-object types and functions. Hermes de nes new PL/SQL types,
such as those for moving points and moving polygons, alongside methods to compute entry and
exit points, traveled distance, and trajectory similarity. Built in C++ on top of the Oracle Spatial
option and the TAU Temporal Literal Library, Hermes exposes these capabilities through Oracle's
extensibility API, allowing users to issue SQL queries over moving objects.

TrajSpark [121] reduces repartitioning overhead by combining dynamic spatial partitions with
a time-decay scoring mechanism. The system divides the area into a grid, computes new point

6 https:/iwww.oracle.com/database/technologies/related/berkeleydb.html
https://hadoop.apache.org
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counts per cell, and groups cells into equally loaded partitions. The system applies a decay factor
to past counts, incorporates counts from the current batch, and computes the Jensen-Shannon
distance BQ] between the updated and previous distributions. When this distance exceeds a
preset threshold, TrajSpark rebuilds its partitions using the latest decayed counts.

MobilityDB [ 90J® is an open-source extension of PostgreSQL and PostGIS designed to manage
spatiotemporal data e ciently. The system extends PostgreSQL and PostGIS type system with
Abstract Data Type (ADT) to represent moving objects and their trajectories. MobilityDB
implements a wide range of temporal and spatiotemporal types, such ageometry for moving
geometries,tgeography for moving geographies, and other temporal types such asnt , tfloat
tbool , and ttext , which represent temporal integers, oats, booleans, and text, respectively.
These temporal types are constructed from pairs of base types and time types, allowing for the
continuous mapping of values over time 127, 8]. The core functionality of MobilityDB includes the
ability to store and query moving object trajectories through SQL e ciently. MobilityDB supports
spatiotemporal indexing by extending the Generalized Search Tree (GiST) and Space Partitioning
Generalized Search Tree (SP-GIiST) index access methods, as MGIST and MSP-GiS1PJ.
The sequence representation model used by MobilityDB enables linear interpolation between
consecutive timestamps, providing a way to handle continuous data representation®9[ 126 127).
Furthermore, MobilityDB supports distributed query processing using Citus,® a PostgreSQL
extension for horizontal scalability. Citus enables MobilityDB to handle large-scale data sets by
distributing data and queries across multiple nodes [9, 8].

MEOS0 is a C library designed to manipulate and manage temporal and spatiotemporal
datasets, focusing on mobility data. MEOS can run on both edge and cloud environments,
enabling spatiotemporal processing in resource-constrained applications as well as in cloud
backends. MEOS architecture separates storage from processing, enhancing exibility when
managing data. MEOS can be integrated into various programming environments and languages,
including Python and SQL, with the PyMEQS library ' and MobilityDB. PYMEOS enhances
functionalities by enabling data visualization and integrating data frames, which support advanced
analytics and visualization of mobility data. MEOS was demonstrated using real-world datasets,
including Singapore's Grab-Posisi GPS trajectory dataset 48]. This demonstration exempli ed
MEOS capabilities in trajectory manipulation, bounding box creation, and trip metric extraction,
including distance, speed, and bearing calculations, as described in [125].

Table 2.2 compares systems by four capabilities: (1) real-time processing, (2) distributed exe-
cution, (3) spatiotemporal types (points and trajectories), and (4) deployment scope (edge, cloud,
edge{to{cloud continuum). Spatiotemporal databases and Hadoop extensions (SECONDO/Paral-
lel SECONDO, HadoopTrajectory, ST-Hadoop, Hermes, TrajSpark, MobilityDB) support point
and trajectory processing, but they are not built for low-latency streaming and target cloud
deployments. MEOS implements spatiotemporal types that can be deployed either at the edge or
in the cloud, yet it is neither a distributed system nor a streaming engine. None of the surveyed
spatiotemporal systems natively supports continuous stream processing over unbounded streams.

2.3 Systems for Managing Spatiotemporal Streaming Data

Uber's real-time analytics stack [34] federates Kafka p4], Flink [ 16], Pinot [50], and Presto P5] to
ingest readings and produce geo-aware dashboards, but it lacks trajectory types and operators.
Sedona 113 extends Apache Spark with distributed spatial data types and operators, adding

8https://mobilitydb.com
9https://www.citusdata.com/
10https://libmeos.org
1 https://github.com/MobilityDB/PyMEOS
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Table 2.2: Comparison of spatiotemporal systems for historical data by distributed execution,
support for point and trajectory types, and deployment scope (edge, cloud, edge{to{cloud)

Name Real-time Distrib. Spatiotemporal Deployment
Point Traj. Edge Cloud Edge{to{Cloud

SECONDO { X X X { X {
HadoopTrajectory { X X X { X {
ST-Hadoop { X X X { X {
Hermes { { X X { X {
TrajSpark { X X X { X {
MobilityDB { X X X { X {
MEOS { { X X X X {

Spatial Resilient Distributed Datasets (RDDs), spatial indexing, and spatial joins to Spark SQL
for batch and micro-batch workloads. Sedona supports common geometry types (e.g., points,
polygons, and line strings) and enables trajectory analytics by representing movement paths as
line-string geometries and applying spatial predicates and joins over them.

GeoFlink [97] adds spatial types and a grid index to Flink's streaming engine, enabling
continuous range queriesk-Nearest Neighbors k-NN) searches, and spatial joins over static
geometries. TStream P6] builds on GeoFlink by introducing window-bounded grid indexes and
trajectory operators. This extension allows TStream to handle real-time path queries over moving
objects, complementing GeoFlink's support for points, polygons, and line strings with windowed
trajectory processing.

Tornado [71] layers an augmented grid and FAST keyword index on Storm? to process
spatial-keyword streams with adaptive load balancing.

GeoEKuiper [47] enriches a lightweight 10T engine with spatial SQL, supporting range, join,
k-NN, and predicate queries at the edge.

MobyDick [36] is a Flink extension that adds support for spatiotemporal data. The extension
de nes types such asmobilePoint , temporalPoint , and temporalPolygon as Scala classes on
the DataStream API. Each object uses asliced representationmodel, where linear motion segments
cover discrete time intervals. The library provides operators for spatial distance, nearest-approach
detection, and trajectory queries, such as total distance traveled. It runs on event-time semantics
to handle out-of-order events correctly. MobilityFlink draws on the MobyDick type system but
replaces its sliced based view with MEOSsequence representatiormodel, where objects appear
as ordered instants or intervals with optional interpolation semantics.

Table 2.3 relates spatiotemporal streaming systems along four dimensions: real-time processing,
distributed execution, support for point and trajectory types, and deployment scope (edge, cloud,
edge{to{cloud continuum). The table reveals several trends. Spatial libraries that extend stream
engines (Sedona, GeoFlink, TStream, Tornado) add streaming spatial queries and, in some cases,
trajectory support, but they do not provide a full mobility-aware spatiotemporal type system
with temporal trajectory semantics (e.g., moving-object temporal types) across the edge{to{cloud
continuum. GeoEKuiper brings spatial processing to the edge but lacks a distributed cloud
backend. MobyDick and MobilityFlink demonstrate that spatiotemporal types and operators can
be implemented in a streaming system, yet their deployments are cloud-centric.

The table highlights a gap among surveyed systems. These systems implement either streaming

12 http://hortonworks.com/hadoop/storm/
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Table 2.3: Comparison of spatiotemporal stream processing systems by real-time support, dis-
tributed execution, point/trajectory support, and deployment scope (edge, cloud, edge{to{cloud)

Name Real-time Distrib. Spatiotemporal Deployment
Point Traj. Edge Cloud Edge{to{Cloud

Uber X X { { { X {
Sedona X X X X { X {
GeoFlink X X X { { X {
TStream X X X X { X {
Tornado X X X { { X {
GeoEKuiper X { X { X { {
MobyDick X X X X { X {
MobilityFlink X X X X { X {
MobilityNebula X X X X X X X

scale in the cloud or spatiotemporal support, but not both across the edge{to{cloud continuum.
MobilityNebula is positioned to Il that gap by combining low-latency streaming with point and
trajectory types and explicit support for edge{to{cloud execution.

2.4 Chapter Summary

In this chapter, we have surveyed three categories of systems that are relevant to continuous
mobility analytics: general-purpose stream processing engines, spatiotemporal database systems
and libraries, and spatiotemporal streaming systems. Cloud-centric stream processors such as
STREAM, Aurora, Flink, Spark Streaming, Storm, Kafka Streams, RisingWave, LeanXcale,
Kinesis, and Samza provide scalable, low-latency data ow execution and fault tolerance except
for NebulaStream, which explicitly targets heterogeneous edge{to{cloud deployments. However,
these engines do not support trajectory types and operators.

Spatiotemporal systems such as SECONDO and Parallel SECONDO, HadoopTrajectory,
ST-Hadoop, Hermes, TrajSpark, MobilityDB, and MEOS enrich database kernels and Hadoop-
based stacks with moving-object models, trajectory representations, and spatiotemporal indexing.
These systems excel at o ine analysis of historical mobility datasets. Nevertheless, they are not
designed to support data streams.

Spatiotemporal streaming systems such as Sedona, GeoFlink, TStream, Tornado, GeoEKuiper,
MobyDick, and MobilityFlink demonstrate that spatial and, in some cases, trajectory operations
can be embedded into streaming frameworks. However, existing solutions either focus on spatial
point processing without full trajectory semantics, restrict execution to the cloud, or omit explicit
support for edge{to{cloud deployments. GeoEKuiper operates at the edge but lacks a scalable
distributed backend, whereas cloud-oriented systems, including TStream, assume more powerful
infrastructure and do not address strict edge resource budgets.

Spatiotemporal trajectory processing in streaming engines remains an emerging research area,
and current systems do not yet meet essential deployment requirements, such as edge execution,
stream-rate trajectory construction, and continuous low-latency querying under strict CPU and
memory constraints. Collectively, the tables demonstrate a signi cant gap: no current system
provides (1) real-time spatiotemporal processing with trajectory types and mobility operators, (2)
distributed execution, and (3) deployability across the edge{to{cloud continuum under stringent



2.4. CHAPTER SUMMARY 15

CPU, memory, and network constraints. This thesis addresses this gap by integrating MEOS-
based spatiotemporal types and operators into NebulaStream. Speci cally, Chapter 4 introduces
MobilityNebula, formalizes its data models and operator sets, and evaluates its ability to enable
distributed, low-latency mobility stream processing on resource-constrained edge devices and fog
nodes, while leveraging existing NebulaStream support for cloud deployment.
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Chapter 3

Background

Designing a system for continuous spatiotemporal processing requires foundations from two
traditionally separate areas: stream processing and mobility data management. Stream processing
engines contribute to the execution model, including unbounded data ows, windowing, event-time
semantics, and fault recovery. In parallel, mobility systems contribute to the data model, with
temporal types, trajectory representations, spatial predicates, and lifted operations.

We begin with Data Stream Processing (DSP) systems and abstractions, including streams,
time semantics, windows, and out-of-order handling. We further explore query languages for
streams, SQL dialects, and operator APIs. We explain Directed Acyclic Graph (DAG) execution
models, transactional stream processing, and Just{in{Time (JIT) compilation techniques that
support both consistency and performance in modern systems. Because our systems, MobilityFlink
and MobilityNebula, are built on top of Flink and NebulaStream, respectively, we devote particular
attention to these two engines. For each concept, such as windows, progress tracking, DAG
data ow, transactional guarantees, JIT compilation, consistency and fault recovery, architectures,
and core operators, we describe how Flink and NebulaStream realize it and summarize their
capabilities and di erences in comparative tables. This comparative background clari es the
space in which our contributions operate and explains why MobilityFlink targets cloud-centric
deployments while MobilityNebula focuses on the edge{to{cloud continuum. In addition, we
survey the mechanisms for consistency and fault recovery. We introduce Lambda and Kappa
architectures, the edge{to{cloud continuum, and stream operators. Furthermore, we transition
to spatiotemporal systems and discuss spatiotemporal and mobility data. We survey outlier
detection for this data type and explain lifted operations.

3.1 Data Stream Processing Systems

DSP systems, such as Flink 16], run continuous queries over unbounded data streams. They can
accept out-of-order events and track progress in real-time. These systems de ne windows to limit
the scope of computation. Additionally, DSP systems support stream query languages, enabling
the execution of continuous queries. They ensure consistency and can recover state after failures
through the use of checkpoints and transactional stream processing. Furthermore, DSP systems
balance the load across workers and adapt the workload dynamically at runtime. Their set of
operators includes Iters, maps, joins, aggregations, and pattern detection for event processing.

17
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3.1.1 Data Stream

A data stream is an unbounded ow of data elements produced by external sources such as loT
sensors and GPS devices3, 20, 4]. Unlike static datasets that are fully available before querying,
stream data arrives incrementally and requires immediate processing upon arrival.

3.1.2 Concept of Time

In data streams, there are two intrinsic temporal domains to consider:event-time and processing-
time [35]. Event-time represents the timestamp at which the data was generated in the real world.
Processing-time in contrast, refers to the timestamp of the system clock at the moment when an
element is processed.

3.1.3 Windows

Windows are abstractions used to process unbounded data by limiting the data processed.
Several methods exist to de ne and manage these windows. The frequency and manner in
which windows are updated and elements discarded are handled by window types and eviction
policies [L05. Windows can be categorized by size ( xed or variable), overlap (overlapping or
non-overlapping), and measurement criteria (element-count or time-based). Additionally, windows
may be deterministic or non-deterministic, and can also be classi ed by context awareness into
context-free, forward-context-free, and forward-context-aware types 105, 35]. Table 3.1 relates
window types, if the window can overlap, how the window's bounds are de ned, and whether
boundaries are deterministic or data-dependent.

A time-based windowgroups stream elements whose timestamps fall within a xed-duration
interval. The window size represents a maximum period, for example, ve minutes, after which
the window advances according to its eviction policy.

A tuple-based windowincludes a xed number of elements, independent of their timestamps.
The window size is speci ed by element count, for example, 100 elements. Once this count is
reached, the window nalizes according to its eviction policy.

A sliding window is de ned by two parameters: its xed size and a slide interval. With each
slide interval, a new window of equal size is emitted, causing overlapping intervals that share
common elements. Sliding windows are alsgontext-free, but their overlap allows continuous
temporal analysis.

A tumbling window is a special case of sliding windows, wherslide is equal to size These
windows produce consecutive intervals of equal size without overlaps. Each window interval
starts immediately after the previous one ends, resulting in distinct, independent batches. Thus,
tumbling windows are context-free.

A session windowgroups elements into intervals of activity separated by periods of inactivity.
Unlike tumbling or sliding windows, session windows neither overlap nor have xed boundaries.
A session ends after a speci ed inactivity period, known as the duration of agap

A snapshot windowis a non-overlapping, time-based window with dynamically varyingduration
based on a de nedinterval. For example, each incoming element can have a eld calleevindow
length that speci es the duration of the current interval. We can de ne a snapshot window
whose duration is directly derived from this attribute. Snapshot windows are forward-context-free,
meaning each snapshot depends exclusively on data within the current interval, independently of
previous states.

A threshold window also known aspredicate window opens or closes based on whether a
speci ed attribute of incoming elements crosses a de ned threshold. These windows are variable
length, non-overlapping, and forward-context-aware, as their boundaries depend on runtime
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Table 3.1: Summary of standard window types, indicating whether they overlap, how their bounds
are de ned, and whether their boundaries are deterministic or data-dependent

Type Overlap Bounds Determinism
Tumbling No Fixed size Deterministic
Sliding Yes Fixed size and slide Deterministic
Session No Variable with inactivity closures Data-dependent
Snapshot No Time-based Deterministic
Threshold/Predicate No Variable opens/closes on predicate Data-dependent
Landmark (lower) No Start xed, ends on next landmark /  Deterministic start /
punctuation data-dependent end
Landmark (upper) No End xed at landmark, starts at rst Deterministic end
record

evaluation rather than xed intervals.

A landmark window xes one edge of the window at a predeterminedandmark timestamp
and lets the other edge move with the stream. In its lower-bounded form, the window starts at
the landmark and grows forward as new records arrive. It remains open until a punctuation or
user event de nes the nextlandmark, at which point the current window closes and a new one
begins. Because its start time is known in advance, this variant is deterministic and context-free.
In the upper-bounded form, the window opens on the rst record and closes once the stream
reaches the landmark. Its end time is xed in advance, so the window has a constant duration
and does not change after closing.

Systems Comparison

Flink implements the window abstractions described above through its DataStream and Table
APIs. It is possible to specify a window assigner (for example, tumbling, sliding, or session), a
time domain (event-time, ingestion-time, or processing-time), and optional triggers and evictors.
Windows can be de ned on keyed and non-keyed streams. For keyed windows, Flink maintains
per-key, per-window state and performs incremental aggregation to avoid bu ering all records in
a window [3, 4, 16].

NebulaStream provides a similar set of window operators but is explicitly centered on event-
time and loT workloads. Its C++ and Java query APIs support time-based tumbling, threshold,
and sliding windows parameterized by an event-time attribute, which are implemented using
the Scotty window aggregation framework and its general stream-slicing modellp1, 102, 116.
These window types can be applied to keyed or non-keyed streams, and the optimizer can insert
pre-aggregation operators close to sources to distribute window aggregation across multiple
nodes in the edge{to{cloud continuum. This design reduces network tra ¢ while retaining the
expressiveness of general windowing semantics [101, 102, 116].

Table 3.2 contrasts how Flink and NebulaStream implement the window abstractions intro-
duced in this section. Flink exposes time-based and count-based window assigners over multiple
time domains and focuses on per-key, per-window state within a homogeneous cluster. Overlapping
windows are evaluated within an operator, with limited sharing via incremental combiners and
optimizations such as panes. NebulaStream, in contrast, builds its windowing layer on Scotty's
general stream-slicing model 102}, which represents diverse window types (for example, tumbling,
sliding, session, landmark, and predicate windows) as unions of non-overlapping slices that are
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shared across queries, measures, and time domains, and that automatically adapt to workload
characteristics such as stream order and window measures. This slice abstraction decouples
the logical de nition of context-free and context-aware wind