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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.
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Chapter 1

Introduction

The growing use of IoT 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�c 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 Streams [64] and Flink [16], are opti-
mized for high-throughput event streams in cloud environments. However, while these systems can
be applied to IoT 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 demands [90].
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: MobilityFlink1 and
MobilityNebula. 2 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

1https://github.com/MobilityDB/MobilityFlink
2https://github.com/MobilityDB/MobilityNebula

1
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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 [117] 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
�ltering, 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:

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

ˆ 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.

ˆ 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.

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

ˆ 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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2. 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
�lters 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.

3. 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 IoT mobility applications. The
question ensures that our framework is not only theoretically expressive but also practically
usable.

4. 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:

ˆ 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.

ˆ We introduce the stsequenceand stsequencesetmodels, 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.

ˆ We present MobilityFlink, a prototype that integrates MEOS operations and our discrete
models (stinstant, stsequence, stsequenceset) into Flink to support mobility queries in the
cloud.
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ˆ 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 IoT nodes on edge, fog, and cloud. MobilityNebula provides a window-
aware trajectory type system, a lift{combine{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.

ˆ 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 Universit•at 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.

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

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

4. M. M. G. Duarte, D. Nugroho, G. Tod, E. Bevernage, P. Moelans, E. Tas, E. Zim�anyi,
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.

5. M. M. G. Duarte, D. P. A. Nugroho, G. Tod, E. Bevernage, P. Moelans, E. Saerens,
E. Zim�anyi, 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.

6. M. M. G. Duarte, D. P. A. Nugroho, G. Tod, E. Bevernage, P. Moelans, E. Saerens,
E. Zim�anyi, 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, I 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. Zim�anyi, 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:

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

ˆ 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.

ˆ 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.

ˆ 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.

ˆ 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 IoT 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
edge{to{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 [32] 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 �ltering and
aggregation. Building on the MapReduce paradigm [23], systems such as Apache Flink [16], Spark
Streaming [115], Google Data
ow [65], and Storm1 scaled-out stream processing to large clusters
in the cloud. Apache Kafka Streams [64] 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 RisingWave [106], LeanX-

1http://hortonworks.com/hadoop/storm/

9



10 CHAPTER 2. RELATED WORK

cale [52], Amazon Kinesis,2 and Apache Samza.3

RisingWave [106] 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 format.4

RisingWave uni�es continuous SQL execution, elastic scaling, and durable state management,
eliminating the need for separate stream engines with external storage.

LeanXcale [52] 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 IoT sensor deployments and the emergence of heterogeneous net-
work architectures have motivated the development of NebulaStream [117],5 a distributed stream
processing engine designed for the edge{to{cloud continuum. The system delivers performance
superior to large-scale engines such as Kafka Streams [64] and Apache Flink [16], yet consumes
far fewer resources, making it well-suited to devices with limited CPU or memory capacities [117].
NebulaStream can adapt to varying workloads [17], 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�c 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/
3https://samza.apache.org
4https://iceberg.apache.org
5https://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 SECONDO [41] 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]6 and Hadoop [107].7 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 [26] 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 an interval types to represent time ranges. ST-Hadoop
enables distributed range and join queries that consider both space and time.

Hermes [87] 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

6https://www.oracle.com/database/technologies/related/berkeleydb.html
7https://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 [80] between the updated and previous distributions. When this distance exceeds a
preset threshold, TrajSpark rebuilds its partitions using the latest decayed counts.

MobilityDB [ 90]8 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 astgeometry for moving
geometries,tgeography for moving geographies, and other temporal types such astint , 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-GiST) index access methods, as MGiST and MSP-GiST [93].
The sequence representation model used by MobilityDB enables linear interpolation between
consecutive timestamps, providing a way to handle continuous data representations [9, 126, 127].
Furthermore, MobilityDB supports distributed query processing using Citus,9 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].

MEOS10 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 PyMEOS library 11 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 [64], Flink [ 16], Pinot [50], and Presto [95] 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/

10 https://libmeos.org
11 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 queries,k-Nearest Neighbors (k-NN) searches, and spatial joins over static
geometries. TStream [96] 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 Storm12 to process
spatial-keyword streams with adaptive load balancing.

GeoEKuiper [47] enriches a lightweight IoT 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 representationmodel, 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 �ll 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
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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 �lters, 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 IoT
sensors and GPS devices [35, 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 [105]. 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 alsocontext-free, but their overlap allows continuous
temporal analysis.

A tumbling window is a special case of sliding windows, whereslide 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 calledwindow
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 areforward-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 /

punctuation
Deterministic start /
data-dependent end

Landmark (upper) No End �xed at landmark, starts at �rst
record

Deterministic end

evaluation rather than �xed intervals.
A landmark window �xes one edge of the window at a predeterminedlandmark 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 IoT 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 model [101, 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�c 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 windows from their physical placement
so that the same internal representation can be instantiated on sensors, fog nodes, and cloud
resources. Jointly with Disco's distributed window-merging strategies for unique, context-free,
and context-aware windows [10], NebulaStream can create and close windows independently on
many nodes and combine them along a tree topology, whereas Flink typically forms and evaluates
windows after the records have been collected inside the cluster.

Table 3.2: Comparison of windowing semantics and implementation support in Flink and
NebulaStream

Aspect Flink NebulaStream

Window types Tumbling and sliding win-
dows for time-based and
count-based measures, and
session windows for time-
based measures, on keyed
and non-keyed streams

Tumbling and sliding time-based
windows and predicate-based
threshold windows are expressed
in the query APIs and implemented
via the aggregation framework

Time domains Event-time, ingestion-time,
and processing-time. Con�g-
ured per stream or operator,
with event-time used for
out-of-order data

Event-time and ingestion-time win-
dows. Event-time windows are pa-
rameterized by explicit timestamp
attributes extracted from records.
Ingestion-time windows use the sys-
tem record-creation timestamp

Non-time windows Count-based windows and
custom windows via user-
de�ned assigners, support-
ing arbitrary partitioning of
unbounded streams

General window semantics realized
through slice-based aggregation
(for example, threshold windows),
although the NebulaStream API
primarily exposes time-based win-
dows

Keyed vs. non-keyed
windows

Keyed windows use per-key
state and partitioned paral-
lelism. Non-keyed windows
aggregate over the entire
stream within a task

Keyed and non-keyed windows sup-
ported. Window aggregation is de-
�ned over arbitrary keys and can be
distributed across devices along the
edge{to{cloud continuum

Distribution of aggre-
gation

Incremental combination
within operators (for ex-
ample, pre-aggregation in
keyed windows). Windowed
aggregates are computed
inside cluster TaskManagers

Slice-based aggregation can be
pushed to sensors and fog nodes,
forwarding only partial aggregates
towards the cloud and thereby re-
ducing network tra�c

3.1.4 Out-of-Order Data

Data originating from IoT devices often arrives late due to weak connectivity, device limits,
network delays, or environmental interference. Late data is de�ned inevent-time: a record is late
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if its event timestamp is earlier than the timestamps of records already processed or currently in
line for processing. To handle late arrivals, systems track event-time progress with measures of
progress, and use them to decide if late data should be discarded or processed [2].

Measures of Progress

Measures of progressoutline how far a stream has advanced according to an ordering attributeA,
such as the event-time. It is a lower bound on unseen values ofA among unprocessed tuples that
increases over time [68]. Measures of progress help operators deal with out-of-order arrivals, close
windows, and reset the state. Standard measures of progress include heartbeats, watermarks,
slack, punctuations, and frontiers [32]. Table 3.3 relates progress signals with origin, their scope,
semantics, and window �nalization based on this measure.

Heartbeats H are control records emitted by the source that assert no future event will arrive
with A � H. Operators treat H as a safe lower bound, and with this measure, can close windows,
�nalize results, and evict the state. Heartbeats advance logical time without sorting and therefore
deal with out-of-order streams [2].

Watermarks are a system estimate of progressW such that the system expects no future
event with A � W. Watermarks advanceA progress and trigger window �nalization. Watermarks
can be global, per stream source, or per-key. Watermarks are the standard mechanism in modern
engines such as Google Data
ow [65], Flink [ 16], and NebulaStream [102] to bound lateness and
�nalize computations [4, 2].

Slack, or Allowed Lateness, sets a grace period� beyond the end of a window. An operator
accepts inputs for a window until W � window end + � . Within � , engines emit updates or
retractions. After � , late data is dropped [32].

Punctuations are markers that assert that no future tuples satisfying a predicate, such as time
or key, will arrive. Operators use them to release a predicate state early, to improve memory use
and latency [32].

Frontiers are the set of minimal outstanding timestamps across inputs. It represents progress
when there are multiple inputs or partitions. Any timestamp less than the frontier is complete.
Therefore, operators can safely �nalize results for those times [32].

Systems Comparison

Flink manages out-of-order data using watermarks as its primary mechanism for progress tracking.
Sources periodically emit watermarks that serve as lower bounds for future event-time timestamps.
These in-band markers are propagated and aggregated across parallel operators by taking the
minimum watermark over all inputs [ 3, 4, 16]. When the watermark at a window operator
advances past the end of a window, Flink treats it as if all on-time elements have arrived and
emits the results. Allowed lateness and side outputs can be con�gured so that late elements
within a bounded lateness window can update previously emitted results.

NebulaStream also uses watermarks to reason about progress in the presence of out-of-order
processing and must propagate these signals across heterogeneous devices in the edge{to{cloud
continuum [101, 102, 116]. Event-time (and ingestion-time) windows in NebulaStream are de�ned
on explicit timestamp attributes, and the system builds on Scotty out-of-order aggregation model
to �nalize local window instances on sensors, gateways, and cloud workers once su�cient progress
has been observed [101, 102]. Because devices may be intermittently connected, NebulaStream
combines progress tracking with adaptive operator placement and fault-tolerance mechanisms,
enabling applications to adjust how they �nalize windows based on network conditions and
correctness requirements [101, 116].

Table 3.4 summarizes how both engines track progress and cope with out-of-order arrivals.
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Table 3.3: Progress signals used for out-of-order handling, summarizing who emits them, their
scope and semantics, and how they trigger window �nalization

Signal Emitted by Scope Semantics Window closes
when

Heartbeats Source Stream / key No more earlier
events will arrive

Heartbeat is later
than the window
end

Watermarks Processing System Global / source /
key

System assumes
earlier events are
done

Watermark
moves past the
window end

Slack Processing System Per operator Grace period for
late events

Incoming data
is later than the
grace period

Punctuations Processing System Predicate / key No more tuples
match the
predicate

A punctuation
that covers the
window arrives

Frontiers Processing System Multiple inputs All inputs have
advanced beyond
a time

Every input is
later than the
window end

Flink computes watermarks per operator as the minimum over its inputs and combines those
with con�gurable lateness bounds and side outputs, providing a cluster-level view of event-time
progress. NebulaStream also relies on watermarks, but aggregates them hierarchically across
edge, fog, and cloud workers and couples progress signals with delivery guarantees and operator
placement.

3.1.5 Stream Query Languages

Stream query languages extend standard query languages to unbounded inputs. They add
windows, track event-time, and de�ne measures of progress so operators can produce consistent
results as data arrives. We outline three query languages: stream relational algebra, Flink query
language, and NebulaStream query language.

Stream Relational Algebra and Continuous Query Language

Stream Relational Algebra (SRA) adapts relational operators to support continuous queries over
streams [6]. The Continuous Query Language (CQL) implements SRA by adding windows to
SQL [62]. Queries run continuously in event-time and join or aggregate over time-bounded views.
Code 1 computes the average train speed over a 5-second sliding window from data streamSNCB
with 1-second slide (Line 3). It �lters tuples whose compositenoise score (0:5� speed+0 :5� BP) >
2 (Line 4), then outputs per-window averages (Line 2) as an insertion stream viaISTREAM.

Code 1. CQL query for average train speed over a sliding window

1 SELECT ISTREAM
2 AVG(speed) AS avg_speed
3 FROM SNCB [RANGE 5 SECOND SLIDE 1 SECOND]
4 WHERE (0.5 * speed + 0.5 *BP) > 2;
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Table 3.4: Comparison of how Flink and NebulaStream track progress and handle out-of-order
events under event-time semantics

Aspect Flink NebulaStream

Progress mechanism Watermarks propagated with
the data
ow. Each operator
maintains a watermark equal
to the minimum over its
inputs and uses it to drive
window �nalization

Watermarks and progress metadata
propagated across distributed
operators, aggregated into a
global watermark that feeds into a
slice-based window aggregation model

Time semantics Event-time processing is the
default for out-of-order toler-
ant computations. Processing
and ingestion-time are also
supported

Event-time and ingestion-time
supported. Event-time windows use
explicit timestamp attributes from
sources, while ingestion-time windows
rely on system assigned timestamps

Handling out-of-
order records

Records arriving after the
watermark are considered
late. Allowed lateness is
con�gurable and determine
whether a late records trigger
updates or are dropped

Disorder introduced by parallel and
distributed execution is handled by
bu�ering records into slices. Window
aggregates are emitted once global
progress guarantees that no earlier
timestamps are pending

Scope of progress
aggregation

Cluster-level aggregation
across TaskManagers.
Progress is computed over
all partitions of each input
stream

Progress is aggregated using OriginId,
SequenceNumber, ChunkNumber,
and watermark timestamps, yielding
a global notion of progress across
intermediate devices in an edge{to{
cloud deployment

Trade-o� controls User-con�gurable watermark
strategies and lateness
bounds balance latency and
completeness of results

Deployments can trade o� latency,
bandwidth, and robustness by
choosing window parameters and
where to place windowed operators
along the edge{to{cloud topology

Flink Query Language

Flink implements the DataStream API, stateful streaming operators, watermarks, windowing,
and temporal joins. Code 2 sketches the same computation as Code 1 in Flink DataStream API.
The code �lters records by the noise score (Line 3), groups them into 5-second sliding event-time
windows with 1-second slide (Line 4), and aggregates average speed (Line 5).

Code 2. Flink DataStream API equivalent of the CQL average speed query

1 DataStream<SNCBEvent> sncb = env.addSource(sncbSource);
2

3 sncb.filter(e -> 0.5 * e.speed + 0.5 * e.BP > 2)
4 .windowAll(SlidingEventTimeWindows.of(Time.seconds(5), Time.seconds(1)))
5 .aggregate(new AverageSpeed());
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NebulaStream Query Language

NebulaStream implements a polyglot query engine with support for multiple query languages,
including C++ operator API and SQL-like language for heterogeneous deployments. The optimizer
places operators across edge, fog, and cloud and uses measures of progress to handle out-of-order
data. Code 3 expresses the same query as Code 1 by deriving anoise attribute (Line 2), �ltering
on noise > 2 (Line 3), applying a 5-second sliding event-time window with 1-second slide (Line
4), and averaging speed (Line 5).

Code 3. NebulaStream query language equivalent of the CQL average speed query

1 Query::from(SNCB)
2 .map(Attribute(noise) = Attribute(speed) * 0.5 + Attribute(BP) * 0.5)
3 .filter(Attribute(noise) > 2)
4 .window(SlidingWindow::of(EventTime(Attribute(ts)), Seconds(5), Seconds(1)))
5 .apply(Avg(Attribute(speed)));

3.1.6 Directed Acyclic Graph Data
ow

Stream processing systems such as Google Data
ow, Flink, and NebulaStream represent query
computations as DAG. In this representation, each query component, such as a �lter, join, or
window, is represented as a node, and edges illustrate how data 
ows between them. The system
builds a high-level operator graph to represent the query's logical plan. Following this, the
optimizer improves this plan by merging operators, de�ning join and aggregation strategies, and
reordering tasks. The outcome is a physical plan that executes operations in parallel as subtasks,
enabling independent processing of input partitions. These subtasks exchange records using
techniques such as partitioning, shu�ing, or broadcasting [3].

Systems Comparison

Flink translates the operator graph into several internal representations. Program work
ows are
�rst translated into a logical graph, represented as a StreamGraph for streaming applications, and
subsequently transformed into a JobGraph, enabling the chaining of operators into coordinated
tasks for e�cient execution. At deployment time, the JobManager derives an ExecutionGraph
with one vertex per parallel subtask. The scheduler assigns execution vertices to TaskManagers,
considering edges as pipelined or blocking, along with existing operator chains. This approach
reduces serialization and scheduling overhead while maintaining the data-parallel semantics of
the original DAG [ 3, 4, 16]. For instance, a map operator can expand into several subtasks, each
responsible for a fraction of the data. The operators are connected in a pipelined execution,
allowing records to 
ow continuously through the graph and reducing overall latency.

NebulaStream follows a similar multi-stage compilation pipeline and also incorporates knowl-
edge of the physical network topology and device capabilities across the edge{to{cloud continuum.
Queries are compiled into execution graphs that utilize diverse resources. The coordinator creates
a global logical plan, which can be optimized using rules for query merging and placement
strategies. This plan is then divided into execution fragments for individual nodes, which are
deployed to sensors, gateways, and cloud workers. The optimizer considers device capacity when
placing these operators, as well as the network topology [19]. In-network processing enables the
engine to push �lters and pre-aggregations toward the sources while keeping more complex joins
and analytics in the fog or cloud (see operator placement in Sect. 3.1.11).

Table 3.5 compares how Flink and NebulaStream materialize DAG data
ows. Flink re�nes
user programs into JobGraphs and ExecutionGraphs that target a homogeneous collection of
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Table 3.5: Comparison of how Flink and NebulaStream represent and execute queries as a DAG
data
ow

Aspect Flink NebulaStream

Graph layers User program ! StreamGraph
! JobGraph ! Execution-
Graph with one vertex per
parallel subtask

Logical query plan ! global
query plan ! global execution
plan ! per-node execution
fragments deployed across edge,
fog, and cloud

Optimization focus Operator fusion, join and
aggregation strategies,
selection of shu�e patterns,
and parallelism levels to
exploit cluster resources
e�ciently

Query merging into shared
query plans, operator place-
ment across sensors, fog, and
cloud, and reuse of common
subgraphs across queries to
minimize communication and
resource use

Operator chaining/merging Chains compatible operators
into a single task to reduce
overhead and improve
pipelining while respecting
data-parallel boundaries

Merges semantically equivalent
query fragments into shared
query plans and places shared
operators so that multiple
queries can reuse intermediate
results

Placement decisions Placement is primarily within
a homogeneous cluster of
TaskManagers under the
control of the JobManager and
resource manager

Placement explicitly considers
heterogeneous devices and
network links along the
topology

TaskManagers and exploits operator chaining to minimize overhead within the cluster. Nebula-
Stream splits the global plan into per-node fragments that are deployed on sensors, gateways,
and cloud servers.

3.1.7 Transactional Stream Processing

While many modern stream processors provide transactional building blocks, only a subset of
systems are explicitly designed as full Transactional Stream Processing (TSP) engines. TSP engines
unite continuous, low-latency ingestion and transformation of stream processing with Atomicity,
Consistency, Isolation, and Durability (ACID) guarantees of traditional transactions [ 119, 44].
Early stream engines based on publish-subscribe and data stream processing systems handled
high-volume, real-time data but lacked support for maintaining a consistent state. TSP systems
were developed by embedding ACID guarantees within the data
ow to prevent anomalies and to
reconcile distributed states across failures [119].

A TSP system comprises several components: transactions, operators, schedulers, and stor-
age [119]. Streaming events trigger transactions in TSP systems and can be executed individually
or in batches. The system ensures that these transactions adhere to the ACID properties. Opera-
tors in TSP systems process incoming data and perform operations such as �ltering, aggregation,
transformation, and joins. The scheduler manages the execution order of these operators to
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ensure that transactions are processed correctly and e�ciently, handling out-of-order events and
coordinating distributed execution. The storage component of TSP systems deals with both
temporary and permanent states. In-memory storage is used for fast access to mutable states and
intermediate results, while persistent storage ensures durability and recovery in case of failures.
TSP systems implement transactions using di�erent approaches, including uni�ed, embedded, and
state transactions. Uni�ed transactions integrate stream processing operations into a transactional
framework, treating both operations uniformly. Embedded transactions incorporate transaction
processing into the stream processing pipeline, allowing real-time processing with transactional
guarantees. State transactions manage shared mutable states through transactions, ensuring
consistency and isolation across the data
ow pipeline [119, 65].

TSP systems must provide strong delivery guarantees to handle failures and ensure data
integrity. Standard guarantees include at-most-once, at-least-once, and exactly-onceprocessing,
with exactly-once being the most desirable for ensuring each event is processed precisely once.
To achieve these guarantees, TSP systems employ fault-tolerance mechanisms such as state
replication, periodic checkpointing, and log-based recovery, enabling them to recover consistently
after crashes or network partitions [119].

A TSP system manages several interrelated components: a continuous stream of incoming
events, continuous queries de�ned by a windowing strategy, such as time-based, count-based, or
threshold-driven, and aggregation functions, such as sum, average, count, min, and max, that
operate within each window. By executing each windowed aggregation inside a transactional
context, TSP systems ensure that results re
ect a consistent snapshot of the stream even under
concurrent execution and failure conditions [119].

Systems Comparison

Flink provides exactly-once consistency for operator state via distributed snapshots and integrates
with transactional sinks. Checkpoints establish globally consistent recovery points for the data
ow.
When a checkpoint succeeds, all operators have persisted a consistent view of their state, and
two-phase-commit sinks either commit or roll back their external writes based on the checkpoint
outcome [3, 4, 16]. This mechanism approximates state transactions at the granularity of
checkpoints and sink commits, while isolation between distinct streaming jobs remains at the
level of independent data
ows [4, 119].

NebulaStream emphasizes snapshot-based state management and fault tolerance rather than
exposing a general-purpose ACID transaction interface. The platform focuses on coordinating
consistent processing across heterogeneous devices in the edge{to{cloud continuum by combining
stateful operators, window aggregation, and fault-tolerance mechanisms [101, 102].

Table 3.6 highlights the di�erent positioning of Flink and NebulaStream with respect to
transactional stream processing. Flink delivers exactly-once state via periodic checkpoints and
coordinates transactional sinks at checkpoint boundaries. NebulaStream, in contrast, is being
extended with a transaction-aware engine to orchestrate consistent processing across operators
and devices, aiming to achieve ACID-like guarantees in highly volatile IoT settings.

3.1.8 Just{in{Time Query Compilation

JIT query compilation creates code at runtime and avoids the execution overhead of the interpreted
code during query evaluation. In databases, JIT compilation replaces interpreted query operations
with specialized code for the current query. For example, instead of using a statistical function
to evaluate a predicate such asWHERE a.col = 3, the system generates a routine tailored to
the predicate and column type. Both PostgreSQL and NebulaStream use JIT in their execution
engines, but have di�erent objectives.
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Table 3.6: Comparison of transactional stream processing capabilities in Flink and NebulaStream

Aspect Flink NebulaStream

Primary consistency
mechanism

Distributed checkpoints
and exactly-once operator
state. Two-phase-commit
or idempotent sinks are
required for end-to-end
guarantees

Snapshot-based state management
combined with window aggregation
and operator replication in a
heterogeneous edge{to{cloud
deployment

Transaction
granularity

Implicit, checkpoint-level
state transactions

Consistency is managed at the
level of operator state and query
fragments

Isolation across
queries

Isolation is provided by
separate jobs and their
checkpointing

Queries share resources and may
reuse operators, but transactional
isolation between arbitrary query
combinations has not been a
primary focus in the literature

Integration with
external storage

Transactional or idem-
potent sinks are needed
to avoid duplicates on
recovery

Integrates with various brokers and
sinks. Research emphasizes reducing
data movement and managing
state at the edge rather than full
transactional integration with
external databases

Position with
respect to TSP

Provides strong processing
guarantees and building
blocks discussed in the
TSP survey, but is not a
dedicated TSP system

Shares many architectural concerns
with transactional stream processors
(for example, state management and
fault tolerance across a topology),
but publications do not yet present
NebulaStream as a full ACID TSP
engine

PostgreSQL introduced JIT [39] compilation to improve the performance of CPU-intensive
queries. The system uses a cost model to decide when JIT should be enabled. For example, in
expression evaluation, rather than walking expression trees row by row, PostgreSQL generates
code specialized to the query's conditions and evaluates them in tight loops.

Systems Comparison

Flink primarily relies on ahead-of-time compilation of the engine but augments this with runtime
code generation for user-de�ned operators. The planner generates specialized Java classes for
expressions, projections, and aggregations, which are then compiled on{the{
y using lightweight
Java compilers such as Janino and executed on the JVM. This approach inlines user logic,
eliminates virtual method calls, and reduces boxing overhead, allowing the underlying JVM JIT
to further optimize hot code paths while keeping compilation latency low [4, 16].

NebulaStream pushes JIT compilation further with Nautilus, a hybrid execution engine
that combines interpretation and trace-based compilation [40]. Queries initially execute in an
interpreter that records hot traces across operators. When a trace becomes su�ciently long-lived
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or expensive, Nautilus lowers it to an intermediate representation and compiles it to native code
using di�erent backends, ranging from an in-process assembler to LLVM [40]. Short-running or
rarely executed code paths remain interpreted. At the same time, compute-intensive sections
bene�t from optimized, hardware-conscious native code, enabling NebulaStream to adapt its
execution strategy to both workload characteristics and device capabilities.

Table 3.7 contrasts the JIT compilation strategies of the two systems. Flink generates Java
code for expressions and operators at planning time and relies on the JVM JIT to optimize
hot paths, which keeps compilation latency small but limits hardware-speci�c specialization.
NebulaStream Nautilus engine instead records hot traces across operators, lowers them to an
intermediate representation, and compiles them to native code using di�erent backends.

Table 3.7: Comparison of JIT compilation strategies in Flink and NebulaStream

Aspect Flink NebulaStream

Compilation unit Generated Java classes for
expressions, projections, and
operators in the Table/SQL
APIs, compiled and optimized
by the JVM

Hot traces across operators captured
by an interpreter and lowered to
an intermediate representation for
compilation

Compiler technology Lightweight Java compilers plus
JVM JIT optimization of the
generated bytecode

Trace-based JIT compiler with
interpreter, assembler backend, and
an experimental LLVM backend
for di�erent latency/throughput
trade-o�s

Execution modes Primarily compiled Java
execution with JVM-level JIT

Hybrid model: interpretation for cold
code paths and native compilation for
hot traces within the same engine

Hardware specializa-
tion

Exploits JVM optimizations.
Hardware-speci�c code
generation is limited

Generates hardware-speci�c code tai-
lored to di�erent CPU architectures
and, experimentally, for accelerators
such as GPUs

3.1.9 Consistency and Fault Recovery

Consistency and fault recovery are necessary mechanisms for stream processing systems. To
produce correct results despite failures, systems must de�ne how often each event is delivered
and how the state is recovered. Delivery guarantees specify if events may be lost, duplicated,
or processed. Fault recovery complements these guarantees by providing mechanisms to restore
operator states.

Delivery Guarantee

A delivery guarantee de�nes how a streaming system processes each event.At-most-once delivery
states that an event is processed zero or one time, i.e., some data may be lost, but no duplicates
appear. At-least-once delivery ensures that no data is lost, but events may be processed more
than once by the system. Exactly-once delivery is the strongest guarantee, in which every
event contributes to the results exactly-once, with no loss and no duplication [4]. Google Cloud
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Data
ow [ 3] supports exactly-once processing for internal state. The system deduplicates records
so that each event has an impact on the output only once. The system assigns sequence numbers
to records and performs a streaming shu�e to remove repeated records.

Flink [ 16] o�ers exactly-once semantics for stateful stream processing. Flink achieves this by
taking distributed snapshots across the execution graph when checkpoint barriers are reached.
When an operator receives a barrier, it snapshots its state and records input positions.

Exactly-once engine state does not imply end-to-end exactly-once. Sink outputs must be
written via transactional sinks (e.g., two-phase commit) or idempotent sinks to avoid duplicates
on recovery, otherwise the guarantee holds only within the data
ow [3, 4, 16].

Recovery and Snapshot

Recovery is the ability to recover all of its states and proceed with execution after a failure
without data loss. A standard technique employssnapshot, which is a �xed representation of the
state and position of the input for the operator at a given point in time. Snapshots record the
local state of operators, such as counters, aggregations, and window bu�ers, as well as placement
in the current position of each input stream. They pair with progress measures to enable fault
recovery without reprocessing �nalized windows [32].

Checkpoint is a consistent snapshot of a data
ow that captures states and is written to durable
storage so that, in the event of a failure, the job can resume from that snapshot without losing
data or reprocessing events inconsistently. For example, Flink [16] relies on consistent global
snapshots and restores the operator state, reverting to the last completed checkpoint. Events
processed after the checkpoint but before the failure are reprocessed.

Systems Comparison

Flink exposes its consistency model through con�gurable checkpoints and savepoints. Applications
select checkpoint intervals, state backends, and external storage for checkpoint data. During
execution, the engine injects barriers into all input streams, aligns them at stateful operators,
and persists operator state to durable storage when a checkpoint completes [4].

NebulaStream inherits snapshot-based techniques from modern data
ow engines but must
apply them in more volatile, resource-constrained environments. Its design targets consistent
processing across heterogeneous devices in the edge{to{cloud continuum and combines stateful
operators with research-proposed dynamic operator migration and recon�guration [17]. Nebula-
Stream prioritizes critical operators or pipeline segments, re
ecting the constraints imposed by
heterogeneous devices and intermittent connectivity.

Table 3.8 compares the consistency and recovery mechanisms o�ered by Flink and Nebula-
Stream. Flink provides exactly-once operator state through global checkpoints and exposes
savepoints for controlled upgrades and rescaling in stable cluster environments. NebulaStream
adopts snapshot-based techniques as well, but decouples delivery guarantees from where fault-
tolerance mechanisms are implemented, protecting only critical operators when resources are
scarce.

3.1.10 Common Architectures

Streaming systems are based on architectural designs that address latency, throughput, and
accuracy. Over time, three main architectures have emerged: Lambda, Kappa, and the edge{to{
cloud continuum.
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Table 3.8: Comparison of consistency guarantees and fault-recovery mechanisms in Flink and
NebulaStream

Aspect Flink NebulaStream

State consistency Exactly-once semantics for
operator state via consis-
tent global checkpoints and
barrier alignment

Combines window aggregation,
stateful operators, and snapshot-
based techniques

Recovery mechanism Restores operator state
from the latest completed
checkpoint and replays
input from recorded o�sets

Uses snapshot-based recovery, aims
to rely on recon�guration and
replication of operator fragments
across workers

Snapshot granularity Global checkpoints
covering all stateful
operators. Savepoints
for operational life cycle
management (upgrades,
rescaling)

Experimental 
exible placement
of fault-tolerance mechanisms,
potentially protecting only subsets
of operators or speci�c parts of the
edge{to{cloud pipeline

Environment
assumptions

Relies on stable clusters
with reliable storage
systems

Volatile edge and fog devices with
intermittent connectivity and
limited resources. Fault tolerance
must be aware of topology dynamics

Lambda Architecture

The Lambda architecture integrates batch and stream processing to support accurate and low-
latency analytics [59]. The architecture maintains two parallel pipelines, a batch path that
processes historical records in bulk, and a stream path that ingests and processes in real-time.
At query time, outputs from both paths are merged to produce complete results. Nevertheless,
Lambda architecture increases complexity, requiring the maintenance of two codebases for the
same logic and keeping them synchronized across distinct systems [3].

Kappa Architecture

The Kappa architecture reduces complexity by removing the batch path and relies on a single
pipeline for all processing [69]. Real-time updates and historical reprocessing are handled by
replaying event logs through the stream processor. Systems such as Flink [16] support this model,
as they include stateful operators that can consume real-time data as well as replayed data.
However, the architecture assumes durable event logs are available and may be less e�cient for
some large-scale o�ine analytics.

Edge{to{Cloud Continuum

The edge{to{cloud continuum extends processing from the cloud to the edge [56]. This architec-
ture distributes computation between IoT devices, fog, and cloud servers. Processing data at the
edge reduces latency and bandwidth usage by �ltering or aggregating streams locally, while the
cloud provides large-scale computation, coordination, and long-term storage. Summarized data
can be transmitted upstream for later analysis, balancing responsiveness with scalability. This ar-
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chitecture introduces several challenges, including coordinating computation across heterogeneous
environments and dynamically determining where queries should be executed. NebulaStream
implements a modular pipeline across sensors, fog, and cloud, placing operators according to
device capabilities and network conditions [116].

Systems Comparison

Flink is a cloud-focused cluster-based engine that can be used to implement Kappa architectures.
A JobManager accepts jobs, builds the ExecutionGraph, coordinates checkpoints, and manages
failure recovery, while TaskManagers execute operator subtasks and exchange records via network
shu�es [ 16]. Durable log systems, such as Kafka, and persistent �le systems, such as HDFS or
object stores, provide the replayable history required for both real-time processing and batch-style
reprocessing.

NebulaStream, by design, targets the edge{to{cloud continuum. A central coordinator
maintains metadata about logical and physical sources, the network topology of workers, and
running queries [116]. Workers can be deployed on sensors, gateways, or cloud servers and host
local execution engines that run operator fragments compiled by Nautilus [40]. The architecture
supports in-network processing, placing operators along the path from sensors to the cloud to
enable �ltering and pre-aggregation close to the data sources. Experimental adaptive resource
management in NebulaStream design allows the system to react to topology or workload changes
with minimal disruption to running queries [18].

Table 3.9 contrasts the architectural roles and deployment assumptions of the two engines. Flink
assumes a cluster or managed cloud setting with JobManagers and TaskManagers orchestrating
long-running streaming jobs over durable logs and distributed storage, which can support Kappa-
style architectures based on replay. NebulaStream instead organizes a coordinator and a large
number of workers that may run on sensors, gateways, or cloud machines, and explicitly targets
in-network processing.

3.1.11 Stream Operators

Stream operators are the fundamental building blocks of streaming programming. They de�ne
how to change, reduce, or summarize incoming records. Operators range from simple, stateless
transformations, such as �lters and maps, to complex, stateful computations, including aggrega-
tions and joins. They form the nodes of the data
ow graph that a streaming engine compiles and
executes.

Operator Placement

Operator placement is an optimization problem where the optimizer should decide on which
node an operator will be executed. The objective is to guarantee expected latency, throughput,
power consumption, and privacy under limited resources and unreliable connectivity. In such
deployments, placement is dynamic due to a varying number of mobile, unreliable nodes, changing
bandwidth, and the arrival of new query updates that may invalidate the previous mapping.

The ISQP approach in [17] views placement to be an iterative and concurrent optimization
process. Instead of recomputing a full plan, it batches changes such as query additions or topology
updates and identi�es only the operators whose placement is no longer valid. It then creates
deltas which are subgraphs bounded by �xed sources and sinks. Such deltas are re-optimized in
parallel with the concurrency control of shared topology resources.
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Table 3.9: Comparison of the deployment architecture assumptions and execution roles of Flink
and NebulaStream

Aspect Flink NebulaStream

Primary deployment
model

Cluster-based engine running in
data centers or cloud services,
often backed by Kafka and
distributed �le systems

Edge{to{cloud engine spanning
sensors, gateways, and cloud servers,
designed for heterogeneous IoT
deployments

Control components JobManager and Resource-
Manager coordinate job
execution, resource allocation,
and checkpointing

Central coordinator manages
topology, data sources, and query
optimization. Workers are lightweight
executors

Workers TaskManagers host operator
subtasks and manage state
backends. Each TaskManager
o�ers a set of task slots

Workers run on heterogeneous
hardware, including constrained
edge devices, and execute operator
fragments generated by Nautilus

Integration with
logs/storage

Relies on durable logs and
distributed �le systems for
replay and state backup

Integrates with message brokers
and custom sinks, but emphasizes
minimizing upstream data through
in-network �ltering and aggregation

Architectural style Can realize Kappa-style
architectures by using a single
streaming pipeline for both
real-time and reprocessing
workloads

Implements an edge{to{cloud
continuum architecture with modular
pipelines optimized at each hop and
adaptive operator placement

Stateful and Stateless Functions

Stateless functions, such asfilter , handle each record separately and do not keep the operator
state. Stateless code scales, as it can be executed in parallel and can be placed anywhere in the
topology. In addition, checkpointsdo not need to capture extra data for these functions.

Stateful functions keep data across records, read and update the operator state. Aggregation
functions such as counters and averages, joins, and windowed operations are examples. Stateful
code requires a placement strategy, as it should be located near its keys or sources to minimize
network costs.

Filter, Map, and Flatmap

Stream processors have core stateless operators that modify the data before it reaches stateful
operations, such as joins or aggregations. Thefilter operator keeps a record if a predicate
evaluates to true. The mapoperator returns one modi�ed record for each input record, providing
a one-to-one relationship. This transformation is generalized by theflatMap operator, which can
generate zero, one, or multiple output records from a single input.

Window Aggregation

Window aggregation is a necessary functionality for the computation of real-time data analysis
and data management. Aggregation functions play an integral role in the calculation of aggregated
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results derived over a particular time frame or speci�c events. Windowed aggregation functions
are performed within prede�ned windows using di�erent measure types, such as time and count.
Many operations are made possible by such aggregations: summation, averaging, counting, and
computation of the minimum and maximum values of the data.

The authors in the study [101], Scotty is introduced. The system is a framework designed for
aggregation and implemented in NebulaStream. Scotty distinguishes itself by its ability to apply
aggregate functions independently of the window type. In that sense, Scotty design aims to o�er
adaptable and scalable stream aggregation. This strategy guarantees that the same aggregation
functions are always applied in a way that allows the development and maintenance of stream
processing systems to be straightforward.

Aggregation Function

An aggregation function accesses all elements in the window or the data
ow and transforms
them into a result. These functions are stateful as they keep state, update it as records arrive,
and produce a �nal result. Examples of aggregation functions are sums, counts, and averages.
These functions can be keyed, windowed, or global. Keyed aggregation keeps one partial per key,
windowed aggregation keeps one partial per (key, window), and global aggregation keeps one
partial for all records.

NebulaStream de�nes its aggregation by splitting it into three functions, namely Lift ,
Combine, and Lower. This approach supports parallel execution and allows the engine to perform
incremental, distributed, and reusable aggregation independently of where (sensor/fog/cloud) and
how (global/keyed/windowed) the result is computed [17, 40]. In addition, it enables incremental
updates. As data is input, the whole aggregation does not need to be fully recomputed. An
example is the average aggregator, which NebulaStream expresses as three stages:

Lift (record) ! partial

Combine(partial A ; partial B ) ! partial

Lower(partial ) ! result

In Lift , one input record is mapped to an initial partial state. For example for computing
average, we uselift (x) = f sum : x; count : 1g. In Combine, two partial states are merged. For
average, we usef s1; c1g � f s2; c2g = f s1 + s2; c1 + c2g. Finally, Lower produces the �nal output
value from the partial state. We then use lower(f s; cg) = s=c.

Flink also implements aggregation functions and exposes windowed aggregation as a window
operator that takes an aggregate function and, optionally, a process window function. The Flink
aggregate function also separates the accumulator, update, merge, and �nalize, but the API is
presented via window contexts.

Systems Comparison

Flink implements stream operators as instances that wrap user-de�ned functions, such asMap-
Function , FlatMapFunction , or ProcessFunction . Each parallel operator subtask runs within
a task occupying a slot on a TaskManager and processes records one by one while interacting with
a pluggable state backend that stores keyed and operator state [16]. Stateless operators are often
chained together within the same task to reduce serialization and scheduling overhead. Stateful
operators, including windowed aggregations and joins, rely on operator state and timers to manage
per-key bu�ers and emit results when progress permits, using the checkpointing mechanisms to
preserve state across failures [4].
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NebulaStream implements its operators through an extensible C++ execution engine with a
plugin architecture [40]. Core operators such as �lters, maps, joins, and window aggregations are
expressed in an expression framework that models attribute access and predicate logic [24, 40].
New domain-speci�c operators can be implemented by extending these base classes and registering
them dynamically, for example, to expose MEOS functions in MobilityNebula [24](see Sect. 4.2.2).
Nautilus then interprets or compiles the resulting operator pipelines to native code, and the NES
optimizer decides where to place each operator instance along the pipeline [40].

Table 3.10 summarizes how stream operators are exposed and executed. Flink implements
user-de�ned function interfaces and Table/SQL operators. NebulaStream o�ers operators via
an extensible C++ execution engine and an expression framework that supports dynamically
registered, domain-speci�c operators, which Nautilus can interpret or compile to native code and
which the optimizer places across sensors, fog, and cloud.

The architectural di�erences in window implementation (see Sect. 3.1.3) are also re
ected in
how aggregation functions are expressed and executed in both systems. On the one hand, Flink,
windowed aggregation is implemented by user-de�ned functions that operate on the state of a single
window instance, either incrementally (for example, via ReduceFunction or AggregateFunction)
or as full-window operators (for example, ProcessWindowFunction) that can inspect all records
in a window at once. Aggregation proceeds in one logical stage per operator and relies on the
state backend for scalability and fault tolerance. NebulaStream, on the other hand, utilizes the
Lift , Combine, and Lower interface, which is derived from general stream slicing [102]. In this
approach, aggregation functions are structured in a decomposed format that enables incremental
updates to slice aggregates. When slices are combined, the aggregates are merged, and the
model leverages properties such as invertibility and commutativity whenever possible. Disco [10]
distributes these partial aggregates across the edge{to{cloud topology, sending compact aggregate
states for distributive and algebraic functions. Therefore, NebulaStream aggregation layer is
designed to share work across overlapping windows and push aggregation into the network. In
contrast, Flink primarily optimizes aggregation within a centralized cluster, where each window
is aggregated locally per operator.

3.2 Mobility Data

Spatiotemporal systems handle data from moving objects and allow queries over this data type.
This section provides the foundations for spatiotemporal data management, outlier detection,
and lifted operations, enabling the large-scale processing of such data.

3.2.1 Spatiotemporal Data and Mobility Data

Spatiotemporal data commonly originates from measurements taken by sensors in moving objects.
It integrates spatial attributes, latitude and longitude, with temporal information, timestamps.
E�ciently processing this data on a large scale necessitates models that can e�ectively represent
and manage spatial and temporal dimensions [90].

A spatiotemporal object represents an object whose spatial position changes over time, as
captured by sensors such as GPS. In this thesis, we implement point objects and trajectory
objects that trace continuous paths over time.

Mobility data is spatiotemporal data for moving objects related to the mobility domain. We
assume the path between observations is interpolable and that the object keeps a �xed shape
and size. For example, data from cars, aircraft, ships, and trains is considered mobility data.
Phenomena with changing extent or behavior, such as storms, are out of the scope of this thesis.
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Table 3.10: Comparison of how Flink and NebulaStream expose and execute core stream operators,
including extensibility and placement

Aspect Flink NebulaStream

Operator API User-de�ned functions (for
example,map, flatMap , process )
and declarative operators in the
Table/SQL APIs

C++ and Java query APIs with
operators such asmap, filter , join ,
and window operators expressed via
an expression framework

State manage-
ment

Keyed and operator state backed
by con�gurable state backends.
Integrated with checkpoints for
exactly-once recovery

Operator state managed by the
NES Engine. Fault-tolerance and
placement strategies are tuned for
IoT deployments across edge, fog, and
cloud

Extensibility User-De�ned Functions (UDFs)
and custom operators imple-
mented via function interfaces
and rich functions. Libraries can
wrap external systems

Plugin architecture and expression
framework allow dynamic registration
of new operators and functions

Execution Operators run inside TaskMan-
agers as chained tasks connected
by back pressure-aware channels

Operators are executed by local
engines on workers. Nautilus can
interpret or JIT-compile operator
pipelines to native code

Placement Placement within a homogeneous
cluster. Operators are scheduled
based on slot availability and
con�gured parallelism

Placement across sensors, fog, and
cloud nodes. The optimizer considers
latency, bandwidth, and resource
constraints when deciding where each
operator runs

3.2.2 Mobility Continuous Queries

Mobility data streams are continuous 
ows of spatial information capturing movements, events,
and changes of spatial objects over time [37]. Characterized by their real-time nature, these
streams integrate data from diverse sources, such as GPS receivers, mobile devices, and sensors.
E�ective management of mobility streams requires addressing challenges related to data integration,
spatial awareness, continuous query processing, and visualization, all of which are critical for
extracting actionable insights [12]. Applications leveraging mobility streams include real-time
urban planning, environmental monitoring, transportation management, and emergency response
systems, where timely spatiotemporal data analysis signi�cantly improves decision-making and
operational responsiveness.

Unlike generic event streams, mobility streams pairevent-time with location. Mobility streams
present both domain-speci�c challenges and opportunities [12]. This data type can have a
path-dependent state in many predicates that rely on the entire trajectory history, such as
average speed. Mobility streams can require expensive operators, such as calculating distance
and de�ning k-Nearest Neighbors (k-NN), which necessitate non-trivial geometric calculations
that are challenging to maintain at stream rates. When events are dependent but not identically
distributed, it is essential to consider spatial autocorrelation and locality. Nearby observations
exhibit a correlation that can be exploited through the use of bounding boxes or grid cells.
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Trajectories have continuity constraints and must respect temporal ordering and feasible motion,
such as maximum speed, which enables the safe discarding of impossible moves but also may
require preprocessing or bu�ering of the sequence. In particular, while stream systems can accept
late data, trajectory construction must explicitly account for late arrivals and cannot assume
strictly ordered input.

A mobility continuous query is initiated once on a system, logically persists, and continuously
operates on the data until explicitly terminated [ 35]. This type of query enables users to receive
real-time updates and new results from the system without repeatedly reissuing the same query.
Unlike traditional queries in databases, which are executed once and provide results based on the
data available at the time of execution. The key distinction is that continuous queries are not
limited to the data available at the time of execution [35].

3.2.3 Outlier Detection

Communication signals are widely used to collect mobility data on various systems. However, the
data collected through this system often needs to be revised due to various factors, including faulty
installation, message collisions, signal de�ciencies caused by limitations in the communication
equipment, transmission delays, or environmental issues. Detecting and correcting these errors is
crucial for obtaining correct results.

In the last few decades, the IoT has led to an unprecedented accumulation of data collected
daily from various sensors. Researchers have noted that approximately 60% of the data mining
process is devoted to data preparation, emphasizing the critical need for data cleaning [49].

Outliers Outliers are points that signi�cantly deviate from the others. In the context of
trajectory and spatiotemporal data, outliers could represent an abrupt and uncharacteristic
change in direction, speed, or heading. Outlier detection is an essential step in data preprocessing
to ensure the integrity and validity of data analyses [25].

Statistic-Based Methods

The essential concept of these techniques for identifying outliers relies on their alignment with
the statistical distribution model. These methods include the Kalman Filter (KF). KF is a
well-established method used to smooth point series. This algorithm estimates missing points
based on previously observed values that might have measurement errors. In [104], the authors
mention that the advantage of the KF and its derivatives is their recursive aspect, which can be
used in real-time. It is also widely used due to its capability to provide accurate estimations and
prediction results.

The KF is restricted to linear system models, which limits its applicability in multiple real-
world scenarios where system dynamics and measurements may be nonlinear. To address this
limitation, the Extended Kalman Filter (EKF) extends the capabilities of the Kalman �lter
by linearizing the nonlinear system model around the current estimate [53, 58]. The EKF is a
recursive and real-time estimation method that predicts the system's evolution, calculates the
expected observation, and then adjusts the prediction based on the actual measurement.

The EKF operates under the assumption of a nonlinear process model. Due to the nonlinearity
of the system, an exact optimal solution in the mean-square sense is not attainable. Instead,
the EKF approximates the evolution of the state by linearizing the functions around the current
estimate. The Jacobian matrices used in this process capture the local linear dynamics and the
sensitivities of the observations. Subsequently, the �lter employs a discrete predictor-corrector
recursion to re�ne its estimates.

Particle Filter (PF) use a set of randomly generated particles to represent the possible states
of the system and update the particles based on observed data. In contrast to KF, they are not
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restricted to the Gaussian distribution of errors, which makes them applicable to a broader range
of noisy data. PF can, however, be computationally intensive and thus not commonly implemented
in trajectory libraries. Additionally, as with KF, PF is sensitive to the �rst measurement in the
trajectory, and their accuracy can be reduced if the �rst point is an outlier [123, 67, 61].

The Hampel Filter (HF) detects and replaces outliers in trajectories with estimates via the
Hampel identi�er. The HF uses the median and the Median Absolute Deviation (MedAD) as
robust estimators, assuming that most observations lie withink � MedAD of the median [85].
For each trajectory, the method calculates the median of a sliding window and adjacent points
on each side of the trajectory. The HF estimates the standard deviation of each point about its
window median using the median absolute deviation. If a measurement di�ers from the median
by more than the threshold, the �lter replaces the sample with the median.

Autoregressive Integrated Moving Average (ARIMA) is a statistic-based method for modeling
and forecasting time series. The method incorporates temporal dependence by combining two
components: Autoregression (AR) and Moving Average (MA). The model depends on its past
values, applies di�erencing to remove non-stationary trends, and depends on past errors. ARIMA
is used for a single series with evenly spaced data in time.

Sliding Window Methods

The foundation of sliding window algorithms is calculating the distance between di�erent data
points in their neighborhood. An outlier is a data point that is signi�cantly distant from its
neighbors. When detecting an outlier inside a trajectory, the method compares each point in
the trajectory to its neighbors and selects the points substantially further away than expected.
Methods based on the mean or median �lters replace points compared to the measurements done
at preceding points in time. These algorithms are practical and straightforward for detecting
single outliers. Nonetheless, these techniques depend on the number of predecessors compared to
the mean. Multiple successive outlier points can a�ect the accuracy of the outcome trajectory.

The authors in [60] review a series of sliding window algorithms. They develop an optimized
cell-based algorithm that outperforms the existing methods. The cell-based methodology is built
on partitioning the multidimensional data space into a structured grid of cells. The dimensions of
these cells are contingent on the distance threshold established for detecting outliers. Subsequently,
each cell within the grid is searched to identify potential outliers. In experiments, the method
exhibits scalability with large datasets. However, the computational cost escalates signi�cantly
as the dimension increases. The optimization of the cell-based methodology entails a strategic
approach to minimize the number of cells that need examination. This is accomplished by
maintaining a register of active cells containing at least one object. In addition, only these active
cells are subject to examination.

The authors in [114] tackle identifying outliers within extensive trajectory streams. The paper
introduces a taxonomy of neighbor-based trajectory outlier de�nitions. The authors evaluate
their work on two real-world datasets, the Beijing Taxi trajectory data and the Ground Moving
Target Indicator data stream. The authors also utilize the synthetic dataset Moving Objects
Database (MOD) generated by a network-based moving object generator [14] using real road
networks. The Minimal Examination framework is central to their approach. It embodies three
optimization principles, such as point neighbor-based outliers, trajectory neighbor-based outliers,
and synchronized neighbor-based outliers that exploit spatiotemporal and predictability properties
of neighbor evidence to reduce detection costs signi�cantly. The framework has algorithms that
detect the outliers based on these classes of new outlier semantics. The testing shows that Minimal
Examination is scalable and can handle up to one million moving objects per second on a desktop.

The authors in [15] introduce a method for outlier detection in trajectory data streams,
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proposing two algorithms: trajectory outlier detection on trajectory data streams and an ap-
proximate trajectory outlier detection algorithm, which aims to reduce detection costs through a
space-approximate approach. The e�ectiveness of these methods is validated through experiments
with both real and synthetic data, demonstrating their capability to maintain accuracy while
reducing the computational load.

The authors in [98] present a framework, RUTOD, developed for the real-time detection of
outliers in urban tra�c data streams. Utilizing Flink, RUTOD integrates Individual Outlier
Detection (IOD) and Group Outlier Detection (GOD) to process streaming data. It employs a
street-based grouping method for data preprocessing, feature-based outlier detection for IOD,
and a density-based Local Outlier Factor (LOF) algorithm. The LOF algorithm [ 13] calculates a
score for each data point based on the density of its local neighborhood compared to its neighbors'
neighborhoods. Data points with a high LOF score are considered outliers. The processing
of incoming trajectory streams is organized within each time window. Experiments indicate
superior performance in throughput and latency compared to existing methods while maintaining
comparable accuracy. When there are duplicates in the data points, the Weighted Local Outlier
Factor (WLOF) algorithm can be used, as implemented for example in [99].

Clustering-Based Methods

Clustering-based techniques leverage standard clustering algorithms to distinguish outliers in
the data. These techniques leverage the data inherent structure and density characteristics to
di�erentiate outliers from regular data points. In these methods, data points that do not belong
to or lie close to large or dense clusters are considered outliers.

One such algorithm that employs this approach is Density-Based Spatial Clustering of
Applications with Noise (DBSCAN) [ 28]. DBSCAN is a density-based clustering algorithm that
identi�es clusters as high-density regions separated by regions of lower density. It is particularly
e�ective in detecting outliers as it does not require the speci�cation of the number of clusters,
and it can discover clusters of arbitrary shape, unlike many other clustering algorithms. Outliers
in DBSCAN are identi�ed as points that do not belong to any cluster.

Another algorithm that utilizes clustering-based techniques for outlier detection is Clustering
Large Applications on Randomized Search (CLARANS) [77]. CLARANS is an algorithm for
medoids (representative objects) based clustering, a partitioning-based clustering variant. The
algorithm identi�es outliers as points far from the medoids of any clusters. CLARANS has the
advantage of being more robust to noise and outliers than other partitioning-based clustering
algorithms.

Balanced Iterative Reducing and Clustering using Hierarchies (BIRCH) [120] is a hierarchical
clustering algorithm that can incrementally and dynamically cluster incoming multi-dimensional
data points to produce the best quality clustering with the memory available and time constraints.
In the context of outlier detection, BIRCH identi�es outliers while building the Clustering Feature
tree, a data structure used to summarize the information of data points in the dataset. Data
points that do not �t well into the structure of the Clustering Feature tree are considered outliers.

K-Means [51] is a partitioning method that divides N observations into K clusters, each
belonging to the nearest mean cluster. The algorithm operates iteratively and randomly selectsK
data points from the dataset. These points act as the initial partitions of the clusters. A Euclidean
distance to each centroid is computed for the remaining data points, and the point is assigned to
its nearest centroid. Once all points have been assigned to clusters, the partitions of the clusters
are recalculated. This process continues until the partitions no longer move signi�cantly or a set
number of iterations is reached. K-means is an e�cient and straightforward method, particularly
suitable for large datasets. However, the algorithm has few limitations with complex geometrically
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distributed data. It is also sensitive to the initial choice of partitions and can fall into local
minima. Furthermore, the number of clusters K needs to be speci�ed beforehand, which can be a
drawback if the data does not suggest a precise number of clusters.

Clustering-based methods could work with long trajectories with possibly sparse or irregularly
sampled locations. For example, in [27], the algorithm partitions a long trajectory into line
segments and summarizes those segments without a�ecting the spatial properties of the original
trajectory. In addition, in [ 122] the authors propose the Crowdsourcing Trajectory Outlier
Detection, which employs an adaptive spatial clustering algorithm to remove location o�set points
in trajectory sequences. Additionally, the paper introduces a 6-dimensional movement feature
vector for each trajectory point. It utilizes a Temporal Convolutional Network Autoencoder with
a Squeeze-and-Excitation channel attention mechanism to enhance detection.

Graph-Based Methods

Graph-based techniques are a set of methodologies that leverage the structure of graphs to capture
the relationships between interconnected data points. These techniques are e�ective in identifying
outliers. Points are constituted as nodes, and their relationships are represented as edges. The
weight of an edge typically represents the similarity or distance between two data points. The
graph thus formed encapsulates the data structure, and the properties of this graph are used to
identify outliers. Outliers are often identi�ed as nodes that have few connections or are connected
to other nodes with weak relationships. In other words, outliers are typically data points that do
not �t well into the graph structure.

One common graph-based technique for outlier detection is the Spectral Clustering algo-
rithm [ 76]. This algorithm uses the eigenvalues of the Laplacian matrix of the graph, a matrix
representation of the graph, to identify clusters of nodes. Outliers are often found as nodes that
do not belong to these clusters.

Heuristic-Based Methods

Heuristic-based techniques focus more on detection than correction. For instance, [123] does
not replace outlier points with estimated values but instead removes them from the trajectory.
Common heuristics are based on speed with the idea that if the speed change rate is signi�cantly
higher than a given threshold and a proportion of the points in the entire trajectory, the point is
removed. These methods have the advantage of not introducing any estimated values into the
trajectory, but they can lead to signi�cant data loss.

In [22], a new method category based on physical movement properties is introduced, such as
speed (Optimal Speed-bounded) and acceleration (Optimal Acceleration-bounded). This method
de�nes limits on the minimum and maximum allowed values for these properties and uses them
to determine whether a point in the trajectory is consistent with the model. The limits are
minimum v- and maximum speedv+ , minimum a-, and maximum accelerationa+ . It follows
the de�nition that from one point to its successor, there should always be inside [v-, v+] and
[a-, a+]. In addition, a trajectory T = <p1,..., pn > is consistent with the model if and only if
there exists at least one point in a path such that the measurement coincides with the point and
the speed and acceleration are inside the speed and acceleration bounds. The method de�nes a
reachable region as a cone, i.e., given the physical boundaries, reaching the cone from point pi
to pi+1 is possible. In contrast, it is not necessarily possible to construct a trajectory from the
concatenation of two consistent sub-trajectories: the concatenation<p1, ..., pn = q1, ..., qm>of
two consistent subsequences T =<p1,..., pn >and U = <q1,..., qm>with pn = q1 is not necessarily
consistent. Joining these sub-trajectories can reproduce inconsistent points, especially when
considering an acceleration-bound model. The speed of two points can infer two accelerations for
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the same position. The model is called concatenable if it is possible to join both sub-trajectories,
respecting the bounds.

We have implemented in MEOS an open-source C library for mobility analytics [90], which
utilizes a heuristic method for outlier detection by comparing maximum and minimum speeds.

Online Methods

Online methods are streaming methods that take into account the characteristics of systems that
work with unbounded data. Traditional batch methods such as LOF compute a density-based
score for each point by comparing its local density to that of its neighbors. LOF cannot meet the
latency requirements of high-rate streams because it recomputes the k-neighbor graphs on every
update.

The Incremental Local Outlier Factor (ILOF) algorithm, proposed by [ 88], addresses this issue
by updating only those reachability distances and density estimates that are a�ected by each
new point. ILOF achieves the same detection accuracy as repeated static LOF while reducing
computation, but its cost grows with stream volume and it remains sensitive to the choice ofk.
The ILOF extends the LOF method into an online setting by maintaining density-based outlier
scores as new observations arrive. Rather than recomputing LOF over the entire dataset for each
insertion, ILOF updates only the k-NN and Reversek-Nearest Neighbors (Rk-NN) relationships
a�ected by the new point. When new points arrive, the algorithm computes their distances to
existing instances, updates the neighbor lists for both directions, and identi�es the subset of
points whose local reachability distances and outlier scores require revision. It then recalculates
reachability distances from each new point to its neighbors and from reverse neighbors back to the
new point, propagates updates through the a�ected neighborhoods, and �nally updates the local
reachability densities and LOF scores only for those points that have changed. This incremental
strategy achieves the same detection accuracy as rerunning the static LOF after each insertion
but with far lower computational cost, since each update impacts only a small, locality-bounded
subset of the data rather than the entire dataset.

The authors in [46] propose the E�cient Incremental Local Outlier Factor (EILOF) algorithm
to manage the overhead of continuously recomputing LOF scores on streaming data. Unlike the
standard ILOF, which updates reachability distances and densities for every point a�ected by
each new record, EILOF computes LOF only for the incoming points and leaves existing scores
unchanged. This append-only update reduces computation and memory pressure, yet retains
detection accuracy under noise. In simulation and on real-world datasets, EILOF matches or
outperforms ILOF in F1 score as the stream grows, while signi�cantly reducing processing-time
by orders of magnitude.

Memory-bounded variants, such as MiLOF, cap storage by summarizing older points, trading
o� some accuracy to control resource use. More recent work in streaming outlier detection has
explored sliding window Isolation Forests and grid-based density methods. However, these often
lack formal guarantees or struggle with dynamic, heterogeneous mobility traces.

3.2.4 Lifted Operations

Lifting is a concept in mathematics and computer science in which a function de�ned in a
speci�c domain is extended to a more complex or higher-dimensional domain. In the context
of MEOS [90], lifting refers to extending traditional operations such as arithmetic, comparison,
and spatial functions to handle spatiotemporal data types. Lifted operations are essential, since
they allow existing operations from PostgreSQL, PostGIS, and GEOS [21]1 libraries to be used

1https://libgeos.org
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with spatiotemporal data. In addition, by lifting existing functions, MEOS can leverage the
robust and well-tested functionalities of PostgreSQL, PostGIS, and GEOS, ensuring reliability
and consistency in operations.

When an operation is lifted, it is adapted to accept temporal arguments, such as temporal
points and temporal intervals, and return results that are also temporal. For example, traditional
arithmetic operations such as addition and multiplication can be lifted to work on temporal
numbers. This means that instead of adding two static numbers, the operation can add two
temporal sequences of numbers, producing a temporal sequence of sums.

Comparison operations, such as equality and greater-than, can be lifted to work on temporal
data. For instance, one can check if one moving object was ever at the same location as another
object over time. Spatial functions such as distance and intersection from PostGIS can be lifted
to calculate distances and intersections over time, not just at a single point.

Lifting extends traditional static functions into the temporal domain. This process involves
adapting a static function to accept temporal types as arguments and return results as temporal
types. For instance, basic arithmetic operators addition (+), subtraction (-), multiplication (*),
and division (/) typically require each operand to be either an integer or a 
oat and return results
of the same type. When lifted, these operators can work where one or both operands are temporal
numbers, resulting in a temporal number as the outcome. Similarly, lifting the standard distance
function, commonly implemented in PostGIS as theST Distance function, enables it to accept
either temporal or static geometries as inputs and produce a temporal 
oat that quanti�es the
distance over time.

MEOS incorporates a comprehensive infrastructure that supports lifting various functions
and operators applied to temporal types, including arithmetic, boolean, comparison operators,
and spatial relationship functions. To lift a function, one must consider the number of arguments
the function accepts. Unary functions, which include operations such as converting degrees
on temporal 
oats or adjusting precision on temporal points, take a single argument. Binary
functions, which include arithmetic, comparison operators, such as= and <, and spatial functions,
such astintersects , require two arguments. In binary functions, the argument types can
combine a temporal and a base type, such as adding a temporal 
oat to a static 
oat or two
temporal types. This combination entails synchronization of the temporal instants before applying
the function.

Some functions may require additional parameters, such as spatial functions that require
parameters to de�ne proximity or containment. The result type, such as integer, 
oat, boolean,
can vary based on the function and whether the output is linear or stepwise. Additionally, whether
the function is symmetric, such as addition, or not symmetric, such as subtraction, a�ects how
arguments are handled.

For functions involving two temporal types or a temporal and a base type, it may be necessary
to add turning points at crossings or local maxima. Lifting a function, such as the temporal
distance operator, starts with de�ning the base function to be lifted, for instance the ST Distance
in PostGIS for geometrical points.

We utilize the temporal distance operator de�ned by the distance function to demonstrate the
methodology for function lifting. PostGIS provides this function with the signature ST Distance
(geo, geo):float , implemented to handle arguments of types geometry and geography. For
example, suppose we need to calculate the distance between one static point and one temporal
point. We can create additional functions, such asdistance tgeo point(tgeo, point):tfloat ,
suitable for both geometric and geographic point data. This approach demonstrates the need to
extend base functionality through lifting to accommodate spatial computations.

Once the base function is identi�ed for lifting, in this case, ST Distance , it becomes necessary
to de�ne additional functions to manage data where one of the arguments is temporal or all
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arguments are temporal. We focus on the �rst scenario, where one argument is temporal, and the
other is a base type. In this case, it is necessary to introduce a method for adding an instant
between the distances, known as a turning point (see Fig. 3.1). The method facilitates extending
non-temporal spatial functions into the temporal domain.

Figure 3.1: Turning-point insertion for a lifted distance computation when one argument is
temporal, adding an intermediate point q@t

The turning point is added at timestamp t when the distance between pointp and a segment
de�ned by the points p1 and p2 reaches its minimum. To e�ectively calculate this, the sequence
is represented by three distinct instants: ST Distance(p1, p)@t1 , ST Distance(p, q)@t , and
ST Distance(p2, p)@t2 . In MEOS, a specialized function namedtgeo geo min dist at
timestamptz is utilized to return the distance and timestamp at which a temporal geometry
segment and a point are at the minimum distance.

When both arguments are temporal points, a di�erent approach is required. The initial
step involves synchronizing the two temporal points to ensure their movements are aligned for
comparison. This synchronization allows for a meaningful computation of distance considering
both points' temporal evolution. Such synchronization often involves interpolating the positions
of the points at equivalent timestamps or adjusting the temporal resolution of one or both points
to match (see Fig. 3.2).

Figure 3.2: Two temporal points are synchronized by restricting them to a common time period
and aligning instants for comparison

Synchronization involves checking the alignment of two temporal points. This is accomplished
by �rst restricting the two arguments to their common period and �ltering out periods that do
not overlap between the two points. This step guarantees that the analysis focuses solely on
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the time intervals where both temporal points have de�ned values. Following this, MEOS adds
intermediate points to both arguments where necessary. The next step involves the addition of
turning points to the synchronized segments. Figure 3.3 shows how to add turning points to a
pair of synchronized segments. Here we have two objectso1 and o2. The �rst object moves from
p1@t1 to p2@t2, while the second object moves fromp3@t1 to p1@t2. The location of the two
objects de�nes the turning point at time t, at which point the distance between the two objects
is minimal. Therefore, the result of the temporal function for this segment would be composed of
three instants: [ST Distance(p1, p3)@t1 , ST Distance(p, q)@t , ST Distance(p1, p2)@t2] .

Figure 3.3: Turning points p@t and q@t are added after synchronization to capture the time of
minimum distance between two moving segments

The lifted operators introduced above are instantiated under event-time semantics through the
window-aware, sequence-based typesstinstant, stsequence, and stsequenceset, enabling trajectory
analytics to run over unbounded data streams. In our implementation, we use MEOS lifted
operations for temporal and spatiotemporal types and expose them inside the streaming engines
in MobilityNebula and MobilityFlink.

3.3 Chapter Summary

In this chapter, we introduced the background of stream processing and mobility data. We de�ned
the stream abstraction, event-time, processing-time, and windowing. We then explained why
out-of-order arrivals are intrinsic to mobility and IoT streams, and summarized the progress
mechanisms used to manage them, including watermarks and allowed lateness.

We explain stream query languages and operators, DAG-based execution models, and the
runtime mechanisms that provide correctness and performance. Throughout the chapter, we
contrasted how Flink and NebulaStream realize these concepts, clarifying the implications for
deployment: Flink typically assumes a homogeneous cloud setting, whereas NebulaStream
explicitly targets heterogeneous resources and operator placement across the edge{to{cloud
continuum.

We introduced mobility data and spatiotemporal streams. We summarized spatiotemporal
data types and mobility continuous queries, reviewed outlier-detection approaches for static and
streaming trajectory data, and explained lifted operations as the mechanism used by MEOS to
extend standard arithmetic and spatial functions to temporal and spatiotemporal types. These
concepts provide the foundation for Chapter 4, where we formalize a window-aware, sequence-based
spatiotemporal model and map mobility operators onto streaming run times.
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Chapter 4

Distributed Edge{to{Cloud
Mobility Data Stream Processing

Continuous spatiotemporal queries over mobility streams require data types and operators that
neither general stream processing engines nor spatiotemporal databases provide on their own.
Stream engines deliver the execution model, including windowing, event-time processing, and
distributed scheduling, but treat every record as a 
at tuple without spatial or temporal structure.
Spatiotemporal systems o�er trajectory representations and geometric predicates, but assume
�nite and historical datasets and cannot sustain unbounded ingestion with low latency. Bridging
this gap requires a formal model that embeds mobility semantics into the streaming execution
pipeline, along with an architecture that can run the resulting operators on hardware ranging
from edge devices to cloud nodes.

This chapter formally describes the main contributions of this work - MobilityNebula system.
It presents an approach to implementing distributed mobility data streams processing across the
edge{to{cloud continuum. We target scenarios where sensors on moving objects emit continuous
readings that must be processed with low latency and limited resources. Our goal is to provide
mobility operations within a streaming system that can function on constrained edge devices and
scale as needed. These operations include geofencing, proximity, trajectory creation, and derived
metrics.

We �rst formalize the data model implemented in our system. Building on the Moving
Objects Database (MOD) framework, we adopt the abstract model and a discrete, sequence-
based representation, then extend it with window-aware temporal types (stinstant, stsequence,
stsequenceset).

Instead of building a new stream processing engine from scratch, we adopt a systems-integration
approach. By leveraging established streaming runtimes for execution, scheduling, and distri-
bution, we introduce the necessary mobility layer for spatiotemporal stream processing. This
engineering decision enhances robustness and reproducibility, enabling us to concentrate research
e�orts on addressing the core technical challenge of reconciling streaming execution models with
spatiotemporal trajectory semantics through window-aware types, trajectory construction, and
operator mappings. We instantiate this approach on two representative systems (Sect. 4.2):
MobilityFlink 1 and MobilityNebula.2 We �rst implemented the proposed window-aware discrete
model in MobilityFlink, an open-source geospatial trajectory stream processing prototype built
on Apache Flink. MobilityFlink exposes MEOS spatiotemporal data types and operations inside

1https://github.com/MobilityDB/MobilityFlink
2https://github.com/MobilityDB/MobilityNebula
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Flink via JMEOS, an intermediate layer that bridges Java operators and the MEOS C API. The
system supports continuous queries over spatiotemporal point and trajectory streams, including
spatial �ltering and distance computations, in a cluster-based cloud setting.

MobilityNebula introduces the same spatiotemporal capabilities into NebulaStream and enables
operator placement at the edge, in the fog, or in the cloud. Next, we de�ne the spatiotemporal
operator set (map, �lters, joins, aggregations, and trajectory analytics). We specify event-time
semantics for windowed processing, including watermark-driven window �nalization and our
policy for handling late events.

This chapter evaluates the systems and methods we propose from a systems perspective. We
assess MobilityNebula under real deployment conditions, focusing on its ability to sustain real-time
spatiotemporal processing across edge and fog devices. We measure throughput, query selectivity,
latency, CPU and memory usage, and network tra�c for the continuous queries introduced.

We examine how operator complexity and output selectivity a�ect resource consumption and
performance. We study the behavior of MobilityNebula under strict resource caps and compare
it against related spatial streaming systems to understand the limits of edge deployability and
robustness in constrained environments. We stress-test MobilityNebula under network volatility
(jitter, bursts, and outages) to characterize robustness under edge connectivity disruptions.

4.1 Formal Model

The data types used in this thesis follow the model introduced in the MOD framework [42]. This
framework de�nes two layers: an abstract model that captures movement semantics and a discrete
model that implements it.

We adopt the MOD model with the abstract model from [43, 31] and the discrete model from
MobilityDB [ 90]. The streaming extensions to support real-time data are inspired by the model
introduced in [36].

4.1.1 Abstract Model

The abstract model proposed in [42, 43] introduces a type system for representing spatiotemporal
data. This system includes constructors designed to represent spatial, temporal, and base data
types, enabling their combination to model the evolution of values over time. For example, a
moving point represents a spatial location whose position continuously changes through time,
while a range captures time intervals or numeric values. This conceptual foundation e�ectively
describes object movements over time, although it does not de�ne methods for data storage or
query execution.

Table 4.1 summarizes the abstract type constructors for the type system, adapted from [42].
Each type is composed of a constructor and a category. Depending on the data type, it can also
have a signature input. For example, applying themoving constructor to a spatial data type and
a base type yields a temporal object whose spatial coordinates evolve continuously with time.

4.1.2 Discrete Model

The discrete model implements the abstract model by de�ning explicit strategies for storing,
updating, and querying spatiotemporal data. The discrete model decomposes the abstract
moving constructor into orthogonal dimensions of value domain and temporal representation.
Two representations are discussed in the literature: thesliced representationand the sequence
representation.
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Table 4.1: Abstract type constructors in the MOD framework, showing each constructor, its
signature, and its type category

Type Constructor Signature Type Category

integer, 
oat, text, bool ! BASE
geometry, geography ! SPATIAL
instant, interval ! TIME
moving BASE [ SPATIAL ! TEMPORAL
range BASE [ TIME ! RANGE

The sliced representation, as implemented in SECONDO [41] and MobyDick [36], decomposes a
trajectory into a series of units. Each unit stores the segment between two consecutive observations
together with an interval. Although this representation is conceptually straightforward, it
inadvertently duplicates boundary events, thereby contributing to elevated storage requirements
and increased I/O costs.

This thesis is based on the MobilityDB type model calledsequence representation[90]. The
sequence representationmodels the trajectory as a chain of instants, storing every observation
once and introducing a split only when there is a temporal gap. This method eliminates repeated
bounds embedded in sliced units. In addition, the sequence design inherently incorporates
temporal continuity within the type. As a result, operations can eliminate the continuity checks
that sliced algorithms require. MobilityDB implements the following constructors: tinstant ,
tsequence, and tsequenceset.

In the abstract MOD model, the constructor moving captures the semantics of a value
that evolves over time, for either base or spatial domains. The discrete model re�nes this
notion by introducing explicit representations for temporal values| tinstant , tsequence, and
tsequenceset|which materialize moving objects as sampled observations (instants) and their
organization into continuous segments (sequences) and sets of segments (sequence sets). These
representations apply uniformly to both base-typed and spatial-typed temporal values (e.g.,tint
and tgeometry).

To support continuous data ingestion, we extend this sequence representation with the concept
of temporal windows [36]. This extension results in windowed spatiotemporal sequences(see
Fig. 4.1), where each spatiotemporal sequence is coupled with its associated window. Consequently,
we introduce the stinstant, stsequence, and stsequencesettypes, binding each observed spatial
point or sequence to its corresponding time interval. Table 4.2 summarizes the type system,
function signature, and category. For example, we de�ne astsequenceby applying a window to a
temporal type, such as atsequenceof points.

Example

Consider the GPS measurements in Table 4.3 to demonstrate the discrete model in practice. Each
longitude, latitude, and timestamp tuple is lifted into a single value, following the tinstant and
tsequencediscrete models [90]. For example, a record with coordinates (4.3411, 50.8358) at a
timestamp 2024-09-22 22:29:03 becomes

Point(4.3411 50.8358)@2024-09-22 22:29:03

3 In MobilityDB, tinstant , tsequence, and tsequenceset are representations (subtypes) of temporal types over
base domains (e.g., tint ) and spatial domains (e.g., tgeometry ).
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Table 4.2: Discrete type system used in this thesis, including MobilityDB temporal types and the
proposed window-aware spatiotemporal types

Type Constructor Signature Type Category

integer, 
oat , text, bool ! BASE
geometry, geography ! SPATIAL
timestamptz, tstzset,
tstzspan, tstzspanset ! TIME
tinstant , tsequence, tsequenceset3 (BASE [ SPATIAL ) � TIME ! TEMPORAL
tbool, tint , t
oat , ttext BASE � TIME ! TEMPORAL
tgeometry, tgeography,
tgeompoint, tgeogpoint SPATIAL � TIME ! TEMPORAL
now, unbounded, range ! WINDOW
stinstant, stsequence, stsequenceset TEMPORAL� WINDOW ! STEMPORAL

stbool, stint , st
oat , sttext (BASE � TIME ) � WINDOW ! STEMPORAL
stgeometry, stgeography,
stgeompoint, stgeogpoint (SPATIAL � TIME ) � WINDOW ! STEMPORAL

Each input record is represented as a singletinstant , while a tsequenceconsists of multiple tinstant .
For example, tinstants such as

{Point(4.3411 50.8358)@2024-09-22 22:29:03,
Point(4.3431 50.8500)@2024-09-22 22:29:13,
Point(4.3410 50.8359)@2024-09-22 22:30:13}

Figure 4.1 shows how applying di�erent windowing schemes on these records producesstinstants
and stsequencevalues. We demonstrate this with time-based sliding window and tumbling window
strategies. The left side of Fig. 4.1 shows the creation ofstinstants. In the sliding-window
strategy, overlapping intervals capture a subset oftinstants : Window 1 contains the �rst three
stinstants. Window 2 contains an overlappingstinstant with Window 1 and the last two tinstants.
The tumbling window partitions the stream into non-overlapping intervals, grouping batches
of stinstants into separate groups with no overlap. The right side of Fig. 4.1 shows how each
window concatenates itstinstant to create stsequences. In the sliding-window strategy, Window 1
contains the sequence (p1; p2; p3) and Window 2 contains (p3; p4; p5). The instant p3 belongs to
both sequences because the windows overlap. However, within eachstsequenceevery observation
appears exactly once and no edge crosses a window boundary. In the tumbling-window strategy,
Window 1 produces (p1; p2) and Window 2 produces (p3; p4; p5), with no shared instants across
windows.

4.2 Representative Systems

To demonstrate the proposed window-aware mobility model without building a new streaming
runtime from scratch, we adopt a systems-integration approach and realize the mobility layer
on top of two representative systems. MobilityFlink serves as a cloud-oriented prototype that
validates the data model, the formal type system, and the mapping of spatiotemporal operators
onto a mature streaming engine. NebulaStream represents the edge{to{cloud setting and provides
the placement and resource-awareness needed to execute the same spatiotemporal operators close
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Table 4.3: Example of lifting raw GPS tuples (longitude, latitude, timestamp) into MobilityNebula
encoding (tinstant )

Longitude Latitude Timestamp
MobilityNebula

encoding ( tinstant )

4.3411 50.8358 2024-09-22
22:29:03

Point(4.3411 50.8358)
@2024-09-22 22:29:03

4.3431 50.85 2024-09-22
22:29:13

Point(4.3431 50.85)
@2024-09-22 22:29:13

4.341 50.8359 2024-09-22
22:30:13

Point(4.341 50.8359)
@2024-09-22 22:30:13

4.3413 50.8358 2024-09-22
22:30:43

Point(4.3413 50.8358)
@2024-09-22 22:30:43

4.3409 50.8359 2024-09-22
22:30:53

Point(4.3409 50.8359)
@2024-09-22 22:30:53

Figure 4.1: Sliding and tumbling windowing strategies for constructing stinstant and stsequence
values from points

to data sources. The MobilityNebula extension brings the mobility types and operators into this
environment. Together, these two systems ground the implementation choices made in the rest of
the chapter and provide the basis for the operator de�nitions and performance evaluation that
follow.

4.2.1 MobilityFlink

In this work, we have �rst implement the data model in MobilityFlink. 4 MobilityFlink is an
open-source geospatial trajectory data streaming platform based on Flink. It exposes the MEOS
spatiotemporal data types and operations into Flink runtime via JMEOS, an intermediate layer
between Java operators and the MEOS C++ library. MobilityFlink is designed to perform
continuous queries over trajectory streams, including �ltering and distance computations, on
large, high-velocity datasets.

Figure 4.2 shows the MobilityFlink system overview. MobilityFlink integrates MEOS into
Flink through multiple wrappers. JMEOS, a Java wrapper for MEOS, is composed of the outer
wrappers, function wrappers, and Java Abstracted Foreign Function Layer (JNR-FFI). A stream

4https://github.com/MobilityDB/MobilityFlink
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Figure 4.2: Overview of MobilityFlink, showing the integration of MEOS via JMEOS and the
Kafka-Flink execution pipeline

of data measurements is produced and stored in Kafka. MobilityFlink consumes this Kafka stream
and executes mobility queries on this data.

Adaptations and Implementations in MobilityFlink

MobilityFlink required an additional layer to reconcile Flink JVM-based operator runtime with
MEOS C API. We use JMEOS as the bridging layer to convert arguments into MEOS format and
return values from its operations in Java. This integration introduced deployment constraints, as
the native MEOS shared library needed to be packaged and made accessible to Flink TaskManagers.

An adaptation we made was the representation and conversion of event-time to ensure
that Flink records could be processed by MEOS. Flink uses timestamps as epoch milliseconds,
whereas MEOS temporal constructors require formatted timestamps consistent with the MEOS
input format. MobilityFlink introduces an explicit conversion step (from milliseconds to a
timestamp string) and standardizes the time zone at initialization (e.g., meosinitialize("UTC") )
to prevent inconsistencies arising from host-local defaults. We adopt MEOS point encoding
(such asPOINT(lon lat)@ts ), and we use JMEOS constructors (such asTGeomPointInst and
TGeomPointSeq) to parse these representations into temporal objects.

Translating MEOS functions into Flink operators required mapping static mobility semantics
to Flink's programming model, in which spatiotemporal operations are implemented as either
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stateless User-De�ned Functions (UDFs) (e.g., per-event �ltering), or as stateful windowed
operators (e.g., trajectory assembly and window-bounded analytics). In practice, point creation
is implemented as aMapFunction that transforms raw tuples into temporal instants. Spatial and
spatiotemporal predicates, such as intersection or containment into anSTBox, are implemented as
FilterFunction or as predicate checks within incremental aggregators. Trajectory construction
is achieved through keyed event-time windows that materialize aTGeomPointSeqfor each (key,
window) pair. For example, we implement a Flink AggregateFunction whose method invokes
the corresponding MEOS predicate via JMEOS, embedding spatiotemporal reasoning directly
into the aggregator update.

The primary implementation challenges originated from a mismatch between the JMEOS
research prototype and Flink's operational requirements. First, JMEOS was not updated to
MEOS version (1.3), necessitating iterative debugging of missing or outdated wrappers and
validation of function signatures. During early implementation, this led to segmentation faults
due to incorrect parameter number or improper null handling. Second, Flink may deliver events
out-of-order under event-time semantics, whereas MEOS sequence constructors require consistent
temporal ordering. To address this, watermark-driven window �nalization was used, and explicit
ordering was implemented at window �nalization to ensure that each sequence is ordered by
event-time, regardless of arrival order.

Containerized Testing Environment

To test the full MobilityFlink pipeline, we set up a containerized testing environment. The
pipeline consists of three Docker images with Kafka, Flink, and MobilityDB, deployed as a single
stack and connected internally via a Docker bridge network (see Fig. 4.3). The implementation
and scripts are available in the MobilityFlink query repository. 5

Figure 4.3: Containerized MobilityFlink test setup, showing Kafka ingestion, Flink processing,
and the mobility pipeline data
ow

Data is generated by a Kafka producer that reads a CSV �le and publishes records to a Kafka
topic. Flink consumes directly from the Kafka topic, deserializes each message into the internal
record representation, and then assigns the record based on event time using a watermark strategy.
We introduced a wait script during startup to avoid race conditions between Kafka and Flink,
using a readiness timer that delays launching the Flink job until Kafka starts producing tuples.

We exemplify this integration with a spatiotemporal aggregation query. We count the number
of distinct vessels in a speci�ed geographic area and period. We use spatial �ltering with
bounding boxes and temporal �ltering. This query is implemented as a windowed aggregation
over event-time. In our con�guration, we use a ten s sliding window and compute the count by

5https://github.com/marianaGarcez/FlikPointQueries/tree/main/2
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evaluating whether each point lies within the target spatiotemporal bounds, implemented as a
predicate insideCountAggregator() . The accumulator update calls the MEOS intersection test
(via JMEOS) to determine whether the incoming temporal point intersects the spatial bounding
box.

While MobilityFlink provides a stable environment for validating correctness and integration
overheads, it remains tailored to cluster-based deployments and does not directly address edge
constraints, such as bounded CPU/memory footprints, reduced network round-trips, and con-
tinuous low-latency results. To meet these requirements, we designed MobilityNebula on top of
NebulaStream, enabling distributed execution and operator placement along the edge{to{cloud
continuum.

4.2.2 MobilityNebula

The implementation of MobilityFlink validated the feasibility of MEOS spatiotemporal operators
in a cloud stream engine, but it did not meet our requirements for edge processing. In particular,
our target scenario requires executing continuous spatiotemporal queries close to the data source
under tight CPU and memory budgets, while sustaining low and predictable latency. This
motivated MobilityNebula, which integrates MEOS into NebulaStream to enable distributed
execution and explicit operator placement across edge, fog, and cloud nodes.

The goal of MobilityNebula is to support MOD trajectory stream processing under tight CPU
and memory budgets on edge devices. To realize this, the system integrates MEOS, a C library
for spatiotemporal data management, into NebulaStream, an edge{to{cloud streaming platform,
so that trajectory types and operators can run as streaming operators on constrained hardware
in IoT environments.

As illustrated in Fig. 4.4, MobilityNebula integrates MEOS into NebulaStream through
function bindings that extend NebulaStream expressions and operators with spatiotemporal
capabilities. MobilityNebula continuously executes mobility queries on this data before forwarding
the results to downstream sinks for persistent storage and later o�ine analysis.

MobilityNebula incorporates the discrete spatiotemporal type system de�ned in Sect. 4.1
into NebulaStream's execution framework [24]. The system exposes several MEOS functions as
NebulaStream operators. These functions are invoked through a NebulaStream plugin that wraps
the MEOS C API. Incoming records are arranged into stinstant, stsequence, or stsequenceset
objects, which are passed to MEOS by reference pointers. The results are then emitted back into
the data 
ow. Since MEOS functions appear as regular NebulaStream operators, queries can
combine them with windowing and operators such asmapand filter .

The main technical challenge is de�ning mobility data types and operators that can integrate
MEOS spatiotemporal types and functions into NebulaStream's low-latency engine while operating
under strict resource constraints. MobilityNebula must integrate mobility data functions and
operators into the streaming pipeline without incurring signi�cant overhead. Additionally, it must
not impact the dynamic distribution of operators across heterogeneous levels of the edge{to{cloud
continuum.

In MobilityNebula, spatiotemporal stsequenceand stsequencesetare produced by a trajectory
aggregator (see Sec. 4.4.2 for implementation). For each key, such as each train, incoming
records are assigned to windows and incrementally added into a window-bounded sequence using
NebulaStream's lift, combine, and lower functions. Lift creates atinstant by combining
longitude, latitude, and timestamp in one record. Combinemerges twotinstants by concatenating
them. Lower creates thestsequence/ stsequencesetand outputs it. Lower can also be used to
extract metrics from the stsequence, such as the average speed or minimum speed.
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Figure 4.4: High-level architecture of MobilityNebula, showing MEOS integration in NebulaStream
and the query data
ow

Adaptations and Implementations in MobilityNebula

Initial development of MobilityNebula was based on a NebulaStream version that separated
operations into expressions, scalar functions, and aggregations. MEOS functions were mapped
to these categories, enabling MEOS predicates to execute within map or �lter operators and
MEOS trajectory logic to operate within windowed aggregations. However, several mobility
routines require more than two inputs. For instance, point construction requires at least longitude,
latitude, and timestamp, and intersection functions require one or two points, resulting in three or
six parameters. Since the NebulaStream logical function layer was originally designed for unary
or binary functions, we have extended it to support higher-arity operators. The new signatures
were integrated into the logical planning layer to enable type checking and compilation, and into
the parser to accept these parameters and send them upstream.6

Build and deployment issues with the MobilityNebula were resolved. On macOS, we improved
library path handling ensuring NebulaStream could �nd MEOS during development. In addition,
to avoid making MEOS a core engine dependency, we packaged it as an optional plugin activated
through a CMake option (e.g., MEOS=ON). This kept the NebulaStream default build unchanged
while enabling MobilityNebula builds to use MEOS in several core components.

NebulaStream team later introduced a refactored code with a new interface that both made
operator integration more uniform and moved the development work
ow to Docker. We migrated
our bindings to the new plugin API, updated operator registrations to match the new interfaces,
and added MEOS to the development Docker image, ensuring reproducibility across machines.
This refactoring reduced the amount of core code we needed to touch, simpli�ed adding new
MEOS operators, and, while bene�cial, still required us to revalidate and reconstruct function
signatures, build 
ags, and native library loading in the containerized runtime.

6This code in available in my branch of NebulaStream-private project
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4.3 Spatiotemporal Stream Operations

Spatiotemporal stream operations specialize traditional streaming operators (�lter, map, window,
aggregate, join) to work on windowed spatiotemporal types, such asstinstant, stsequence, and
stsequenceset, under event-time semantics. In order to expose MEOS spatiotemporal functionality
as NebulaStream spatiotemporal stream operations, we implement in MobilityNebula a binding
work
ow across the engine's extension points. For each supported MEOS operations, we add
a C++ wrapper that encapsulates the MEOS C API call and performs conversions, a logical
function that integrates the operator into NebulaStream's logical plan (including typing and
expression semantics), a physical function that implements the runtime execution path, and
a parser entry that makes the function available in NebulaStream query language. Table 4.4
summarizes these additions for a representative subset of MEOS functions.

These layers de�ne the operator set that MobilityNebula makes available to users when writing
continuous queries. The resulting operator set combines stateless, point-level spatiotemporal
predicates overstinstant values with stateful, windowed operators that assemblestsequenceand
stsequencesetobjects and compute mobility-speci�c aggregates and analytics under event-time
semantics. The following taxonomy groups the available operators by their role in a query plan
from spatial and proximity checks to joins, trajectory construction, and post-aggregation analytics.

Mobility Operator Set

ˆ Map and derivation on data points (stateless) Generates spatiotemporal records by
computing derived features for eachstinstant. For example, speed and heading.

ˆ Spatial range and geofence �lter (stateless) Retain or discard points depending on
the spatial predicates with respect to static or dynamic regions. For example,tgeo at stbox ,
eintersects tgeo geo, edwithin tgeo geo, or nearest-approach distance (nad tgeo stbox ).
Common use: Location-based �ltering prior to stateful operators.

ˆ Proximity and distance thresholding (stateless) Keep points that are closer than a
certain threshold from the geometry or moving object. It is used in range and proximity
queries, for instance. Example usage: hazard-zone proximity.

ˆ Spatiotemporal joins (stateful) Stream-static polygons joins (e.g., points./ polygons),
and stream-stream joins (e.g., points./ weather) over a temporal window and spatial
predicate (within/intersects/distance). Common usages: collision detection of one or two
moving objects.

ˆ Trajectory assembly (stateful) Collect object points of stinstant in a window into a
stsequence.

ˆ Trajectory analytics (stateful) On stsequence: length, average and maximum speed,
stop and move segmentation, turn counts, bbox, similarity. Output can be scalars per
window or derived trajectories.

ˆ Windowed aggregations (stateful) Compute parameter variation and domain aggre-
gation, such as average speed and length traveled, overstinstant groups andstsequence,
grouped by object id and window.

ˆ Pattern and event detection (stateful) Detect enter/leave events, stay, crossing of
boundaries, or compound conditions. For example, high noise in a region, brake health,
using Geospatial Complex Event Processing predicates over windowed inputs.
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Table 4.4: Mapping of representative MEOS operations to MobilityNebula bindings (wrapper,
logical, physical, parser)

Operation Wrapper Logical Physical Parser

edwithin tgeo
geo

Geometry::
EdwithinStatic

EDWithin
Geometry
LogicalFunction

EDWithin
Geometry
PhysicalFunction

tedwithin tgeo
geo

eintersects
tgeo geo

Geometry::
EintersectsStatic

TIntersects
Geometry
LogicalFunction

TIntersects
Geometry
PhysicalFunction

eintersects
geometry

tgeo at stbox Geometry::AtStbox TAt
StBox
LogicalFunction

TAt
StBox
PhysicalFunction

tgeo at stbox

nad tgeo stbox Geometry::
NadStbox

NearestApproach
Distance
LogicalFunction

NearestApproach
Distance
PhysicalFunction

nad tgeo tgeo

variance agg N/A VarAggregation
LogicalFunction

VarAggregation
PhysicalFunction

variance

tsequence TSequence::
TSequence

TSequence
Aggregation
LogicalFunction

TSequence
Aggregation
PhysicalFunction

tsequence

ext kalman
filter

TSequence::EKF TEKF
Aggregation
LogicalFunction

TEKF
Aggregation
PhysicalFunction

ext kalman
filter

knn agg N/A KnnAggregation
LogicalFunction

KnnAggregation
PhysicalFunction

knn agg

ˆ Data cleaning (stateless/stateful) Outlier �ltering of points or trajectories, speed limits
and Kalman Filter before aggregation.

4.4 Implementations

In this section, we show the implementation of two queries: �ltering of data points based on
distance from a �xed geometry and trajectory stsequencecreation. We begin by demonstrating
its implementation in MobilityFlink, and then proceed to MobilityNebula.

4.4.1 Implementation in MobilityFlink

Code 4. Distance-based �ltering

1 DataStream<SNCB> source = rawStream
2 .map(new DeserializeAISDataMapFunction())
3 .assignTimestampsAndWatermarks(WatermarkStrategy.<SNCB>forBoundedOutOfOrderness(

Duration.ofSeconds(10))
4 .withTimestampAssigner(new AISDataTimestampAssigner()))
5 .filter(new NadToStboxFilter(minLon, minLat, maxLon, maxLat, 3.0));
6

7 DataStream<TGeomPointSeq> trajectories = source
8 .map(new SNCBDataToTuple4MapFunction())
9 .keyBy(t -> t.f0)
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10 .window(SlidingEventTimeWindows.of(Time.seconds(60), Time.seconds(3)))
11 .process(new TrajectoryWindowFunction());
12

13 trajectories.print();

The �rst part of Code 4 constructs the input stream and applies the distance-based �lter-
ing (Lines 1{5). Starting from the raw input stream, the DeserializeAISDataMapFunction
deserializes each binary message into anSNCBrecord. We then attach event-time semantics by
assigning timestamps and watermarks with a window of ten seconds, which tolerates slightly
delayed updates. TheNadToStboxFilter wraps the MEOS function nad tgeo stbox and com-
putes, for every incoming spatiotemporal point, the nearest-approach distance to a prede�ned
spatiotemporal box. Only records whose minimum distance is below three meters are retained.

The second part of Code 4 assembles trajectories from the �ltered points (Lines 7{13). We
�rst project each SNCBrecord into a tuple containing the object identi�er, longitude, latitude, and
timestamp. The stream is partitioned by identi�er using keyBy, so that each key maintains its
own independent state. Over each key, we then apply a sliding event-time window of 60 seconds
with a slide of 3 seconds, which produces overlapping windows capturing recent movement. The
TrajectoryWindowFunction (see Code 5) is invoked for every window to build aTGeomPointSeq
trajectory from the points in that window. The resulting trajectories are emitted to the sink via
print() .

Code 5. stsequenceconstruction in Flink by concatenating encoded points per window

1 public class TrajectoryWindowFunction extends
2 ProcessWindowFunction<Tuple4<Integer, Double, Double, Long>, TGeomPointSeq, Integer,

TimeWindow> {
3 @Override
4 public void process(Integer mmsiKey, Context context,
5 Iterable<Tuple4<Integer, Double, Double, Long>> elements,
6 Collector<TGeomPointSeq> out) {
7 StringBuilder trajbuffer = new StringBuilder();
8 trajbuffer.append("{");
9 for (Tuple4<Integer, Double, Double, Long> tuple : elements) {

10 String t = convertMillisToTimestamp(tuple.f3);
11 // Tuple: f0=mmsi, f1=lon, f2=lat, f3=timestamp
12 String str_pointbuffer = String.format("POINT(%f %f)@%s", tuple.f1, tuple.f2,

t);
13 trajbuffer.append("," + str_pointbuffer);
14 }
15 trajbuffer.append("}");
16 TGeomPointSeq trajectoryMEOS = new TGeomPointSeq(trajbuffer.toString());
17 out.collect(trajectoryMEOS);
18 }
19 }

Code 5 shows the implementation ofTrajectoryWindowFunction , which creates spatiotem-
poral stsequencetype from the points contained in a window. For each key-window pair, Flink
provides an iterable collection of tuples(mmsi, lon, lat, ts) . The function iterates over these
tuples and, for every element, converts the millisecond timestamp into a textual representation
and formats a point using the MEOS input syntax POINT(lon lat)@timestamp . All formatted
points are appended to a bu�er enclosed in braces, thereby constructing the textual representation
of a temporal geometry sequence in the MEOS format.
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Once the bu�er contains the whole sequence, it is passed to the JMEOS wrapper constructor
TGeomPointSeq, which parses the string into the corresponding MEOS object. The resulting
TGeomPointSeqencodes a windowed trajectory (stsequence) with temporally ordered instants
and is emitted via the collector. In this way, the window function bridges Flink native windowing
abstraction and the sequence-based spatiotemporal representation used by MEOS.

4.4.2 Implementation in MobilityNebula

Code 6 shows a sliding-window query that selects points within three meters of a spatiotemporal
box and prints any matches. Compared to the MobilityFlink implementation in Code 4, the
MobilityNebula query exposes MEOS functions directly in the logical plan. In MobilityFlink,
distance-based �ltering is realized as a user-de�nedNadToStboxFilter operator applied after de-
serialization and watermark assignment, and trajectory construction requires an explicit windowed
ProcessWindowFunction. In contrast, the MobilityNebula variant embeds the nad tgeo stbox
call as an expression inside thefilter operator and delegates window management to the
SlidingWindow abstraction over event-time.

Code 6. Distance-based �ltering

1 Query::from(SNCB)
2 .filter(nad_tgeo_stbox(Attribute("longitude"), Attribute("latitude"), Attribute("

timestamp")) < 3)
3 .window(SlidingWindow::of(EventTime(Attribute("timestamp")), Seconds(60), Seconds(3)))
4 .sink(PrintSinkDescriptor::create());

First, we specify the input stream in Code 7. In our deployment, SNCB refers to the real-time
stream of spatiotemporal points from trains, including GPS coordinates, timestamps, speed, and
pressure readings.

Code 7. Query source stream declaration

1 Query::from(SNCB)

We apply a distance-based �lter (see Code 8). Here, we call the MEOS functionnad tgeo stbox ,
passing the three attributes longitude , latitude , and timestamp. The function calculates the
distance (in meters) between each incoming temporal point and a prede�ned spatiotemporal
box. By using this expression, we retain only those points that are less than three meters away
from the spatiotemporal box. Points outside this threshold are dropped and never enter the
downstream processing.

Code 8. Distance to stbox predicate with a 3 m threshold

1 .filter(nad_tgeo_stbox(Attribute("longitude"), Attribute("latitude"), Attribute("
timestamp")) < 3)

We group the remaining points into overlapping time windows (see Code 9). We choose
event-time so that each point timestamp de�nes its window assignment. We then specify a
60-second window duration with a three-second slide. Therefore, every three seconds, a new
window is formed that overlaps the previous window by 57 seconds. All points whosetimestamp
lie within the current 60-second interval remain in that window until it closes.

Code 9. Sliding event-time window speci�cation (60 s size, 3 s slide)

1 .window(SlidingWindow::of(EventTime(Attribute("timestamp")), Seconds(60), Seconds(3)))
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We attach a print sink to emit the results whenever the window ends (see Code 10):

Code 10. Sink speci�cation for printing

1 .sink(PrintSinkDescriptor::create());

Trajectory Creation

For creating trajectories in MobilityNebula, we utilize the NebulaStream aggregation func-
tion. NebulaStream divides the aggregation computation into lift, combine, and lower (see
Sec. 3.1.11). In Code 11 we implement the lift function, where we create a record withlongitude ,
latitude , and timestamp for each element in the window. The lift phase executes three phys-
ical �eld functions ( lonFunction , latFunction , and timestampFunction ) over the incoming
Nautilus::Record and appends the resulting triple as a row into aPagedVector that stores a
per-key, per-window aggregation state.

Code 11. stsequenceconstruction in MobilityNebula (lift): append (lon, lat, ts) into per-
window state

1 void TemporalSequenceAggregationPhysicalFunction::lift(
2 const nautilus::val<AggregationState*>& aggregationState, ExecutionContext&

executionContext, const Nautilus::Record& record)
3 {
4 const auto pagedVectorPtr = static_cast<nautilus::val<Nautilus::Interface::

PagedVector*>>(aggregationState);
5 ...
6 // Create a record with all three fields for temporal sequence
7 Record aggregateStateRecord({
8 {std::string(LonFieldName), lonValue},
9 {std::string(LatFieldName), latValue},

10 {std::string(TimestampFieldName), timestampValue}
11 });
12

13 const Nautilus::Interface::PagedVectorRef pagedVectorRef(pagedVectorPtr,
memProviderPagedVector);

14 pagedVectorRef.writeRecord(aggregateStateRecord, executionContext.
pipelineMemoryProvider.bufferProvider);

15 }

In Code 12, we implement the combine function. In this phase, we work with two-by-two
aggregation states (e.g., produced by partial aggregation and merging across threads/operators).
We then store the second state into the �rst by copying the content of onePagedVector into the
other. In the implementation, copyFromperforms an append of all entries of the second vector
into the �rst, resulting in a single logical multi set of (lon,lat,ts) values for the window.

Code 12. stsequenceconstruction in MobilityNebula (combine): merge partial window states by
appending vectors

1 void TemporalSequenceAggregationPhysicalFunction::combine(
2 const nautilus::val<AggregationState*> aggregationState1,
3 const nautilus::val<AggregationState*> aggregationState2,
4 PipelineMemoryProvider&)
5 {
6 // Get paged vectors from the aggregation states
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7 const auto memArea1 = static_cast<nautilus::val<Nautilus::Interface::PagedVector*>>(
aggregationState1);

8 const auto memArea2 = static_cast<nautilus::val<Nautilus::Interface::PagedVector*>>(
aggregationState2);

9

10 // Combine two paged vectors
11 nautilus::invoke(+[](Nautilus::Interface::PagedVector* vector1, const Nautilus::

Interface::PagedVector* vector2) -> void { vector1->copyFrom(*vector2); },
memArea1, memArea2);

12 }

In Code 13, we �nalize the window and emit the trajectory. The lower phase �rst en-
sures that MEOS is initialized, then reads the accumulatedPagedVector and retrieves the
�eld indices for lon , lat , and timestamp. If the window is empty, the function directly re-
turns the sentinel string BINARY(0). Otherwise, it builds a temporal instants string in MEOS
input syntax after sorting the window contents by event-time. This ordering is executed in
buildSortedTemporalInstantSetString , which extracts all triples from the aggregation state
and sorts them by timestamp, making the resulting trajectory independent of arrival order.

Next, the implementation parses the sorted instants string into a MEOS temporal object and
converts it to a binary. For test compatibility with NebulaStream test environment, the operator
returns a BINARY(N)string (where N is the WKB byte size) rather than returning the raw WKB
bytes. The temporary MEOS objects and bu�ers are freed before returning.7

Code 13. stsequenceconstruction in MobilityNebula (lower): sort by event-time and emit MEOS
temporal sequence

1 Nautilus::Record TemporalSequenceAggregationPhysicalFunction::lower(
2 const nautilus::val<AggregationState*> aggregationState, PipelineMemoryProvider&

pipelineMemoryProvider)
3 { ...
4 MEOS::Meos::ensureMeosInitialized();
5 // Get aggregation state (PagedVector) and lon/lat/ts field indices
6 const auto pagedVectorPtr = static_cast<nautilus::val<Nautilus::Interface::

PagedVector*>>(aggregationState);
7 ...
8 if (numberOfEntries == nautilus::val<size_t>(0)) {
9 // Empty window: return sentinel

10 ...
11 return resultRecord; // "BINARY(0)"
12 }
13 // Build a sorted MEOS temporal instants string "{Point(lon lat)@ts,...}"
14 auto trajectoryStr = nautilus::invoke(
15 +[](const Nautilus::Interface::PagedVector* pagedVector,
16 const MemoryLayout* layout,
17 uint64_t lonFieldIndex,
18 uint64_t latFieldIndex,
19 uint64_t tsFieldIndex) -> char*
20 {
21 return MeosTrajectoryDetail::buildSortedTemporalInstantSetString(
22 pagedVector,
23 layout,

7For complete implementation see https://github.com/MobilityDB/MobilityNebula/blob/main/nes-physi
cal-operators/src/Aggregation/Function/Meos/TemporalSequenceAggregationPhysicalFunction.cpp
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24 MeosTrajectoryDetail::TrajectoryFieldIndices{lonFieldIndex, latFieldIndex,
tsFieldIndex});

25 },
26 pagedVectorPtr,
27 nautilus::val<const MemoryLayout*>(memoryLayoutPtr),
28 nautilus::val<uint64_t>(lonIndexOpt.value()),
29 nautilus::val<uint64_t>(latIndexOpt.value()),
30 nautilus::val<uint64_t>(tsIndexOpt.value()));
31 // Parse with MEOS and convert to WKB, then return "BINARY(N)"
32 ...
33 }

Event-Time Semantics and Trajectory Aggregation

The windowed queries use event-time semantics, i.e., windows are de�ned over the timestamp(ts)
attribute. In NebulaStream, each incoming tuple is assigned to windows based on its event
timestamp, and an event-time watermark determines when a window is considered complete.
Once the watermark has advanced beyond the window end time, that window is closed, and
the corresponding aggregations are �nalized. Late events that are received once this watermark
crosses the end time of a window are not allowed.

We implement trajectories as a windowed aggregation. For each time window, the aggregator
collects all data points into its internal state and, upon closing the window, sorts them by
timestamp before constructing the MEOS input. Per (key and time) window aggregation state,
we (1) extract all n points from the internal state into a vector in O(n) time and O(n) memory,
(2) sort the vector by event-time in O(n logn) time, and (3) emit the MEOS input in a single
pass inO(n) time. MEOS then normalizes the temporal sequence and enforces a standardized
time-ordered representation. If a point arrives out-of-order but before the watermark for its
window, it is added to all windows whose interval contains itsts , and the �nal trajectory segment
for that window is independent of arrival order. Once a window has been closed by the watermark,
the trajectory for that interval is no longer modi�ed.

4.5 Real-Time Queries

MobilityNebula processes mobility data streams across the edge, fog, and cloud layers. The system
can be utilized in various scenarios, including ship routing management and public transportation
monitoring. By pushing analytics to the edge, MobilityNebula enables the detection of emergency
events, such as sudden braking or unscheduled stops, directly on edge devices located aboard
trains. In this section, we present continuous queries implemented in MobilityNebula such as
point-based queries with geofencing, geospatial complex event processing (see Sect. 4.5.1). In
addition, we present trajectory-based queries, such as trajectory creation and trajectory smoothing
(see Sect. 4.5.2).

4.5.1 Point-Based Queries

Using MEOS spatiotemporal operations [125], we implement six point-based queries in Mobility-
Nebula that capture a part of the operational needs and challenges described by the SNCB/NMBS
maintenance team. These queries were chosen because they re
ect real-world tasks that SNCB/N-
MBS technicians perform when monitoring trains.
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Geofencing

A geofence is a boundary that limits a location. It can be created dynamically in a radius from the
center of the area or by setting the boundaries to perimeters, such as the edges of a neighborhood.
Geofencing supports analysis by establishing and monitoring the relevant geographical boundaries
within the operational area. Our integration enables four use cases in geofencing.

Query 1 performs location-based alert �ltering. It identi�es trains entering maintenance areas
by �rst �ltering for nonzero equipment codes (Lines 2 and 3). Instead of a �xed-duration window,
the query employs a threshold window that opens when theeintersects tgeo tgeo predicate
evaluates to true, i.e., when the train longitude (long ), latitude ( lat ), and timestamp (ts )
intersect the maintenance-zone polygon and closes as soon as the train leaves the monitored area.
Within each threshold-bounded interval, the query computes the average speed using theAvg
aggregation (Line 4), thereby capturing speed trends during maintenance periods and printing
the results (Line 5).

Query 1. Location-based alert �ltering

1 Query::from(SNCB)
2 .filter((Attribute("Code1") != 0 || Attribute("Code2") != 0))
3 .window(ThresholdWindow::of(eintersects_tgeo_tgeo( Attribute("long"), Attribute("lat"),

Attribute("ts")) == 1))
4 .apply(Avg(Attribute("speed")))
5 .sink(PrintSinkDescriptor::create());

Query 2 performs train speed and noise monitoring. It applies the MEOS functiontgeo at
stbox to keep only records whose geographic coordinates and timestamps fall within a speci�ed
spatiotemporal box (Line 2). From these points, it retains entries with valid readings of speed
and Brake Pressure (BP). Then it 
ags instances where the composite metric (speedÖ 0.5 + BP
Ö 0.5) exceeds two units, indicating elevated noise levels (Lines 3{4). A 500-millisecond tumbling
window on the event timestamp aggregates speed viaAvg, producing periodic summaries of the
train speed measurements (Lines 5{7).

Query 2. Train speed and noise monitoring

1 Query::from(SNCB)
2 .filter(tgeo_at_stbox(Attribute("long"), Attribute("lat"), Attribute("ts")) == 1 &&

Attribute("speed") > 0 && Attribute("BP") > 0)
3 .map(Attribute("noise") = (Attribute("speed") * 0.5 + Attribute("BP") * 0.5))
4 .filter (Attribute("noise") > 2)
5 .window(TumblingWindow::of(EventTime(Attribute("ts")),Milliseconds(500)))
6 .apply(Avg(Attribute("speed")))
7 .sink(PrintSinkDescriptor::create());

Query 3 performs high-risk zone proximity monitoring. It identi�es trains in proximity to
dangerous zones by invokingedwithin tgeo geo on the SNCB stream against high-risk area
polygons (Line 2). Any incoming temporal point within the speci�ed distance of two meters in
a ten-second tumbling window (Line 3) is immediately printed, generating real-time alerts for
trains near hazardous locations (Line 4).

Query 3. High-risk zone proximity monitoring

1 Query::from(SNCB)
2 .filter(edwithin_tgeo_geo(Attribute("long"), Attribute("lat"), Attribute("ts"), 2) == 1)
3 .window(TumblingWindow::of(EventTime(Attribute("ts")),Seconds(10)))
4 .sink(PrintSinkDescriptor::create());
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Query 4 performs severe weather monitoring. It joins a weather stream with the SNCB stream
(Lines 2{3) in a 30-second sliding window with a slide rate of one second (Line 4). The query uses
edwithin tgeo geo to correlate weather events, longitude, latitude, and timestamp with trains
located within a given radius (Line 5). It then �lters for adverse conditions (Lines 6{10). For
records matching these predicates, a subsequentmapoperation assigns anadjusted speed limit
value of 15, enabling dynamic speed recommendations under poor weather conditions (Lines
11{12).

Query 4. Severe weather monitoring

1 Query::from(SNCB)
2 .joinWith(Weather)
3 .where(Attribute("ts") == Attribute("weather $ts"))
4 .window(SlidingWindow::of(EventTime(Attribute("ts")), Seconds(30), Seconds(1)))
5 .filter((edwithin_tgeo_geo(Attribute("long"),Attribute("lat"),Attribute("ts"))==1)
6 &&(Attribute("temperature") < 12 ||
7 Attribute("temperature") > 16 ||
8 Attribute("snowfall") >= 0 ||
9 Attribute("wind_speed") > 15 ||

10 Attribute("precipitation") > 0.1 ))
11 .map(Attribute("adjusted_speed_limit") = 15)
12 .sink(PrintSinkDescriptor::create());

Geospatial Complex Event Processing

Geospatial Complex Event Processing (GCEP) is a paradigm that enables the detection and
analysis of patterns and relationships within spatiotemporal data streams. GCEP facilitates the
real-time processing of data generated by moving objects and enabling proactive decision-making.
The GCEP is extended from the work presented in [124]. The system o�ers an alternative to
existing GCEP systems, such as in [57], by integrating real-time spatiotemporal analytics and
pushing down computation to IoT devices. We show four queries with GCEP.

Query 5 performs passenger counting. It evaluates the train occupancy by �rst usingmap
to compute a passenger count attribute as the average of four pressure sensors (T1, T2, F1,
F2) (Line 2) and then �ltering for above 3.15 (Line 3). It further �lters the stream to a speci�c
region via tgeo at stbox and checks if the train is moving. The query then suggests an adjusted
temperature for air conditioning (Line 4). Finally, a 500-millisecond tumbling window on the
event timestamp computes the average speed and outputs it (Lines 5{7).

Query 5. Passenger counting

1 Query::from(SNCB)
2 .map(Attribute("passenger_count") = (Attribute("T1") + Attribute("T2") + Attribute("F1")

+ Attribute("F2")) / 4.0)
3 .filter(Attribute("passenger_count") > 3.15 || tgeo_at_stbox(Attribute("long"),Attribute

("lat"), Attribute("ts")) == 1 && Attribute("speed") > 0)
4 .map(Attribute("adjusted_temp") = 20)
5 .window(TumblingWindow::of(EventTime(Attribute("ts")), Milliseconds(50)))
6 .apply(Avg(Attribute("speed")))
7 .sink(PrintSinkDescriptor::create());

Query 6 performs brake-system monitoring. It �rst �lters the SNCB stream to include only
points that are not in a maintenance area, by applying the function eintersects tgeo geo
(Line 2). It then applies a ten-second sliding window with a 100-millisecond step over the event
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timestamp (Line 3). Within each window, the query computes the pressure variation for BP
and FF using the Variation operator (Line 4), naming the results varBP and varFF. The query
retains only those data points wherevarBP exceeds 0.6 bar, whilevarFF remains at or below 0.5
bar (Line 5), indicating a potential brake issue.

Query 6. Brake system monitoring

1 Query::from(SNCB)
2 .filter(eintersects_tgeo_geo(Attribute("long"), Attribute("lat"), Attribute("ts")) == 0)
3 .window(SlidingWindow::of(EventTime(Attribute("ts")), Seconds(10), Milliseconds(100)))
4 .apply(Variation(Attribute("BP")), Variation(Attribute("FF")))
5 .filter(Attribute("varBP") > 0.6 && Attribute("varFF")<= 0.5)
6 .sink(PrintSinkDescriptor::create());

4.5.2 Trajectory-Based Queries

Trajectory-based queries operate on windowed spatiotemporal sequences rather than individual
data points. While point-based queries focus on instantaneous predicates and local conditions,
trajectory-based queries reason about movement behavior over time, such as path construction,
movement characteristics, similarity, and interaction between moving objects. In MobilityNebula,
these queries are expressed overstsequenceand stsequencesettypes produced by windowed
aggregation. This subsection presents a set of continuous trajectory queries that demonstrate
how MobilityNebula constructs, �lters, aggregates, and analyzes trajectories within temporal
windows, enabling higher-level mobility analytics directly in the streaming engine.

Query 7 performs trajectory creation. It �rst applies a ten-second sliding window with a
100-millisecond step over the event timestamp (Line 2). Within each window, the query computes
the trajectory by using attributes longitude , latitude , and timestamp, and outputs (Lines 3
and 4).

Query 7. Trajectory creation

1 Query::from(SNCB)
2 .window(SlidingWindow::of(EventTime(Attribute("ts")), Seconds(10), Milliseconds(100)))
3 .apply(temporal_sequence(Attribute("long"), Attribute("lat"), Attribute("ts")))
4 .sink(PrintSinkDescriptor::create());

Query 8 performs trajectory creation in a restricted space. It applies the functiontgeo at
stbox to keep records whose coordinates and timestamps fall within a speci�ed spatiotemporal
box (Line 2). It then applies a 20-second sliding window with a 200-millisecond step over the
event timestamp (Line 3). Within each window, the query computes the trajectory by using
attributes longitude , latitude , and timestamp, and outputs (Lines 4 and 5).

Query 8. Trajectory creation in a restricted space

1 Query::from(SNCB)
2 .filter(tgeo_at_stbox(Attribute("long"), Attribute("lat"), Attribute("ts")) == 1)
3 .window(SlidingWindow::of(EventTime(Attribute("ts")), Seconds(20), Milliseconds(200)))
4 .apply(temporal_sequence(Attribute("long"), Attribute("lat"), Attribute("ts")))
5 .sink(PrintSinkDescriptor::create());

Query 9 performs geofenced, windowed trajectory extraction with slow-movement alerts. It
�rst keeps only records whoselongitude , latitude , and timestamp lie inside a given polygon
using edwithin tgeo geo (Line 2). It then groups by device id and applies a 45-second sliding
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window with a 5-second advance over the event timestamp (Lines 3{4). Within each window, it
computes the trajectory and aggregates avgspeed and minspeed (Lines 5{7). It �lters where
avg speed is less than 5 m/s or minspeed is less than 2 m/s (Line 8).

Query 9. Trajectory creation and slow-speed alert in a geofenced area

1 Query::from(SNCB)
2 .filter(edwithin_tgeo_geo(Attribute("long"), Attribute("lat"),Attribute("ts"),PolygonWKT

("SRID=4326;POLYGON((4.32 50.60, 4.32 50.72, 4.48 50.72, 4.48 50.60, 4.32 50.60))")
,1) == 1)

3 .groupBy(Attribute("device_id"))
4 .window(SlidingWindow::of(EventTime(Attribute("ts")), Seconds(45), Seconds(5)))
5 .apply(select(Attribute("device_id"),
6 temporal_sequence(Attribute("long"), Attribute("lat"), Attribute("ts")),
7 avg(Attribute("gps_speed")), min(Attribute("gps_speed"))))
8 .filter((Attribute("avg_speed") < 5) || (Attribute("min_speed") < 2))
9 .sink(PrintSinkDescriptor::create());

Query 10 computes a per-device positional divergence measure within each window. It
performs a join on device id (Line 2) and evaluates the join in ten-second tumbling windows.
Here, SNCB2denotes a second logical view of the SNCB stream. For each pair, it computes the
nearest approach distance between the two points (Line 3), retains only pairs where the left-side
latitude is positive ( lat > 0.0, Line 4), and emits the resulting mindist values.

Query 10. Positional divergence monitoring for a device

1 Query::from(SNCB)
2 .joinWith(SNCB2, Attribute("device_id") == Attribute("device_id2"))
3 .window(TumblingWindow::of(EventTime(Attribute("ts")), Seconds(10))) .apply(

nearest_approach_distance(Attribute("lon"),Attribute("lat"),Attribute("ts"),
Attribute("lon2"), Attribute("lat2"), Attribute("ts2")))

4 .filter(Attribute("lat") > 0.0)
5 .sink(PrintSinkDescriptor::create());

Query 11 computes the closest device pairs (top-k) per window. It performs a join, keeping
only pairs with device id < device id2 (Line 2). In each ten-second tumbling window (Line
3), it computes a distance score usingnearest approach distance (Line 4). Then it retains the
smallest k results per window via a top-k selection (Line 5), emitting them to the sink (Line 6).
The topK operator performs a per-window global ranking and selection. Given all candidates
result tuples in one window w with a numeric score attribute (here, mindist in meters), topK
keeps only thek tuples with the smallest scores.

Query 11. Global closest device pairs (Top-k closest pairs)

1 Query::from(SNCB)
2 .joinWith(SNCB2, Attribute("device_id") < Attribute("device_id2"))
3 .window(TumblingWindow::of(EventTime(Attribute("ts")), Seconds(10)))
4 .apply(nearest_approach_distance(lon, lat, ts, lon2, lat2, ts2))
5 .apply(topK(mindist, 10))
6 .sink(PrintSinkDescriptor::create());

Query 12 performs trajectory smoothing with an extended Kalman �lter. In each ten-seconds
window on event-time (Line 2), it �rst constructs a temporally ordered trajectory from raw GPS
measurements usingtemporal sequence (Line 3). It then applies temporal ext kalman filter
with parameters gate=3.0, q=0.01, and variance=1.0. The �nal boolean false turns o� �ll
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mode (Line 3) (see Sec. 5.3.2 for the implementation of Extended Kalman Filter). The cleaned
trajectory is then emitted.

Query 12. Trajectory smoothing with extended Kalman �lter

1 Query::from(SNCB)
2 .window(TumblingWindow::of(EventTime(Attribute("ts")), Seconds(10)))
3 .apply(temporal_ext_kalman_filter(temporal_sequence(Attribute("lon"), Attribute("lat"),

Attribute("ts")), 3.0, 0.01, 1.0, false))
4 .sink(PrintSinkDescriptor::create());

Query 13 performs a windowedk-Nearest Neighbors (k-NN). It forms pairs by joining the
stream and excluding device id == device id2 (Line 2). Within each ten-second tumbling
window (Line 3), it computes pairwise distances usingnearest approach distance (Line 4).
It then groups by device id and appliesknn agg( mindist, device id2, 3) to retain the 3
k-NN (Lines 5{6), emitting a neighbor summary (Line 7). The knn agg operator is a per-window,
per-device id aggregation that keeps thek-NN according to a pre-computed distance attribute.

Query 13. Windowed per-devicek-NN join

1 Query::from(SNCB)
2 .joinWith(GPS2, Attribute("device_id") != Attribute("device_id2"))
3 .window(TumblingWindow::of(EventTime(Attribute("ts")), Seconds(10)))
4 .apply(nearest_approach_distance(Attribute("lon"), Attribute("lat"), Attribute("ts"),

Attribute("lon2"), Attribute("lat2"), Attribute("ts2")))
5 .groupBy(Attribute("device_id"))
6 .apply(knn_agg(mindist, Attribute("device_id2"), 3))
7 .sink(PrintSinkDescriptor::create());

4.6 Performance Measurement

This section evaluates the performance of MobilityNebula under realistic deployment conditions.
Our aim is to assess whether the system can maintain continuous spatiotemporal processing when
deployed across various edge, fog, and cloud devices. Additionally, we seek to quantify the impact
of factors such as operator complexity, windowing behavior, and output selectivity on end{to{
end performance. To characterize the operational limits of the system and to understand how
MobilityNebula responds to varying resource budgets, thread parallelism, and network constraints,
we measure throughput, events per second, query selectivity, latency, CPU and memory usage,
and network tra�c across multiple hardware con�gurations, ranging from embedded edge devices
to more capable fog nodes.

4.6.1 Distributed Setting

We evaluated MobilityNebula in a fog{edge deployment. The NebulaStream coordinator ran on
an NVIDIA Jetson AGX Orin, while a Raspberry Pi 4 hosted the worker and the client. We run
six point-based queries from Sect. 4.5.1 (Queries 1{6).8

To evaluate the end{to{end performance, we measured theoretical throughput, sink throughput,
events per second, query selectivity, query latency, CPU usage, memory usage, and network
bandwidth in the fog{edge con�guration for the six queries (see Fig. 4.5). Each component
in the pipeline: the coordinator, the worker, and the Wi-Fi link between them contributes its

8This evaluation was done in NebulaStream-private previous version.



66CHAPTER 4. DISTRIBUTED EDGE{TO{CLOUD MOBILITY DATA STREAM PROCESSING

own processing throughput and bandwidth constraints. Theoretical throughput measurements
are obtained at runtime via the NebulaStream E2E Benchmark. In the distributed setting, the
sink throughput is determined by the slowest link, i.e., the minimum of NVIDIA throughput,
Raspberry Pi 4 throughput, and network bandwidth.

Across the six queries, the sink throughput varied depending on the complexity of the operator
and the selectivity (see Figs. 4.5a and 4.5c). Assuming a continuous payload is sent, each query
theoretical data rate, measured by E2E Benchmark, remained at 4.8 MB/s. However, the actual
data sent to the sink also depends on the selectivity. Queries with high emission rates (e.g.,
Query 5 at 32k events/s) sent nearly 4 MB/s upstream, while Queries 2 and 3 transmitted only
0.4 MB/s and 0.3 MB/s. Query 4, with a moderate selectivity, sent about 2.8 MB/s.

The events per second (see Fig. 4.5b) followed a similar pattern. Theoretical events per
second, computed as a continuous ingestion rate processed by the worker, remained around 13k
events per second for all queries. However, when measured at the sink, the delivered throughput
exceeded theoretical values for low-selectivity queries. Queries 1 and 4 emitted 6.8 % and 4.1 %
of incoming events, respectively, pushing around 20k events/s into the sink. However, Query 2
(11.3 % selectivity) and Query 3 (8.6 % selectivity) show moderate sink rates of around 8k and
10k events/s. Queries 5 and 6, with very low selectivity (2.6 % and 4.2 %), achieved nearly 32k
and 20k events/s at the sink despite similar theoretical processing rates.

The latency measurements (see Fig. 4.5d) demonstrate how the number of worker threads
a�ects the overall end{to{end latency. The latency of each query was measured using 8, 16, and
32 threads on the Raspberry Pi. It is possible to observe a trend that queries with heavier loads
bene�t most from additional parallelism. For Queries 3 and 4, both of which involve �ltering and
joins, latency decreases from roughly 50 ms (8 threads) to 37 ms (32 threads), as more threads
enable concurrent evaluation of window bu�ers and predicates. Queries 5 and 6, which produce
larger result sets, exhibit the most signi�cant improvement, with their latencies decreasing from
90 ms with eight threads to 68 ms with 32 threads. In contrast, the simplest queries (Queries 1
and 2) exhibit only marginal changes: Query 2 latency improves from 37 ms (8 threads) to 23 ms
(32 threads). In contrast, Query 1 latency increases slightly from 30 ms to approximately 37 ms.
Overall, these results demonstrate that scaling the number of worker threads signi�cantly reduces
latency for complex or high-volume queries. In contrast, simple queries may see only modest
gains or slight overhead when many threads contend for limited CPU resources.

The selectivity (see Fig. 4.5c) directly correlates with sink throughput and latency. Query
2, with the highest selectivity (11.3 %), incurs a greater downstream load compared to Queries
4 and 5, which emit only a small fraction of the incoming data (2.6 % and 4.1 %), and thus
achieve lower latency. Query 6, with moderate selectivity (4.2 %), results in moderate latency
and throughput.

Throughout all queries, CPU utilization, memory usage, and network tra�c demonstrate how
operator complexity and output selectivity impose varying demands on the distributed edge-fog
topology (see Fig. 4.5e, 4.5f, and 4.5g).

CPU usage in the Raspberry Pi worker averaged between 55 % and 65 % for spatiotemporal
�ltering (Queries 1, 2, 3, and 5) but increased above 98 % for Query 4, re
ecting its heavier join
workload and larger intermediate state. Query 6, which computes two BP variations, observed
moderate CPU usage around 53 %, indicating that although its logic is more complex, its
selectivity means fewer tuples are processed downstream.

Memory usage remained below 30 MB for �ve of the queries, with Query 4 being an exception
at approximately 92 MB. This increase is attributed to its larger window bu�ers and join state.
Queries 1, 2, 3, and 5 consumed 29 MB of RAM. Query 6 used slightly more memory (30 MB)
because tracking brake variations in parallel requires additional bu�ers for each window.

Network usage measured from the worker to the coordinator reveals how output selectivity
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(a) Query throughput (b) Events per second

(c) Query selectivity (d) Query latency

(e) CPU usage (f) Memory usage

(g) Network usage

Figure 4.5: Fog{edge deployment results for Queries 1{6, reporting throughput, events/s, selec-
tivity, latency, CPU, memory, and network usage
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impacts network tra�c. Queries 1, 2, 3, and 5 each sent about 0.56 MB of tuples per interval.
Query 4, with moderate selectivity, transmitted 1.13 MB, while Query 6 sent only 0.17 MB,
with a high deviation re
ecting that the query only emits data when a brake fault is detected.
Downstream acknowledgments, shown as the tra�c received from the coordinator, remained
under 0.071 MB for all queries.

Despite operating on resource-constrained hardware, MobilityNebula sustained thousands of
events per second in the distributed fog-edge setup, with sink events per second reaching 32k
events/s on low-selectivity queries. By increasing worker thread counts from 8 to 32, queries with
joins and large result sets experience a latency drop of up to 25 ms. Early �ltering and dynamic
thread-level parallelism enabled the system to balance latency and network usage, enabling
real-time spatiotemporal processing under variable Wi-Fi bandwidth and heterogeneous compute
capacities.

4.6.2 Single-Node Setting

In addition to the distributed fog-edge experiments, we evaluate MobilityNebula in a controlled
single-node environment to isolate the e�ects of operator complexity, windowing, and output
size on system performance.9 All components operate on a single machine, eliminating network
variability and concentrating exclusively on the computational behavior of the engine. This
setup also re
ects the SNCB/NMBS use case, where processing can be conducted entirely on the
onboard nROK device, without dependence on external nodes. To validate the edge deployability
of MobilityNebula, we test our implementation under strict container resource caps in Docker.

We implement nine queries (see Sect. 4.5 Queries 3 and 6{13) in TStream [96],10 GeoEKuiper [47],
11 and MobyDick [36]12 with the same TCP stream input workload of 20k events/s (see Table 4.5
for supported queries per system). We run each query for 30 seconds and measure CPU usage,
memory usage, throughput, and latency. We test with multiple con�gurations, in a single-node
core under three memory con�gurations: 512 MB, 2 GB and 8 GB of RAM. We utilize a con�gu-
ration of 4 vCPU and 8 GB of RAM to simulate a Raspberry Pi 5, and 2 vCPU and 8 GB of
RAM to simulate an nROK device. Furthermore, we evaluate the conditions under which the
queries were either terminated or timed out without producing any sink output.

Table 4.5 maps each query to the systems capable of expressing it without altering semantics
or requiring altering its core source code. For GeoEKuiper, Queries 10, 11, and 13 required code
adaptations to construct a trajectory-like structure. We chose GeoEKuiper for these adaptations
since it is edge-based, and it is the only non-Flink-based system.

TStream is executed in Flink's local environment under the same Docker cgroup limits
as MobilityNebula, with parallelism set to one and single-parallelism sinks. Checkpointing
and external state backends are disabled, and the job runs with Flink defaults under the
container budget. MobyDick is run as a single Flink job inside a Docker container with identical
CPU/memory caps, using a host-driven TCP source. We do not add explicit checkpointing and
we use single-parallelism sinks. GeoEKuiper runs a singleGeoEKuiper instance under the same
cgroup limits. The runner registers sncb stream and the query rule via the CLI, connects to a
local MQTT broker for input and output, and otherwise uses the engine defaults.

We classify a run assuccessfulif the system produces sink output within the timeout and is
not terminated ( oomkill ). We distinguish input throughput (events/s accepted at the driver-to-
system boundary) from sink throughput (window outputs/s) as de�ned by the authors in [ 54].

9We use the refactored NebulaStream available publicly at https://github.com/nebulastream/nebulastream .
10 https://github.com/marianaGarcez/SpatialFlink
11 https://github.com/marianaGarcez/GeoEkuiper
12 https://github.com/marianaGarcez/mobydick
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(a) Query throughput vs memory

(b) Query throughput vs vCPU

(c) Memory usage heat map

Figure 4.6: Single-node edge-constrained evaluation across Queries 3 and 6{13, showing through-
put, CPU usage, latency, and memory usage under varying resource caps
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(a) Latency vs memory

(b) CPU usage

(c) Success rate

Figure 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
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Table 4.5: Query coverage across systems, indicating which platforms can express each query
without changing its semantics or modifying the system's core code

Query MobilityNebula MobyDick TStream GeoEKuiper

Q3 X X X X
Q6 X X X X
Q7 X X X X
Q8 X X X X
Q9 X X X X
Q10 X { { X
Q11 X { X X
Q12 X { { {
Q13 X { X X

Since our workloads are windowed and often selective, sink throughput is in
uenced by window
emission frequency and selectivity, and therefore does not scale with the raw input rate. We
measure input throughput, success rate, average CPU and peak memory under the nROK and
Raspberry Pi 5 pro�les, and event-time latency p95 across successful windows, de�ned as the
host-side emission timestamp minus the corresponding window-end timestamp. Unsupported
queries are excluded, and success rate and throughput are computed over attempted runs only.
Figures 4.6 and 4.7 show the results as the mean of �ve runs.

Figure 4.6a shows the mean throughput in relation to memory usage. MobilityNebula scales
its ingestion rate when at least 2 vCPUs are available, with throughput increasing from 17k
events/s at 1 vCPU to 20k events/s at 2{4 vCPUs, indicating that operator execution and window
aggregation constitute the primary bottlenecks under strict CPU constraints. MobyDick shows
to be memory-bound, with throughput rising from 6k to 10k events/s as memory increases from
512 MB to 8 GB, indicating runtime pressure under limited memory. GeoEKuiper maintains
stable throughput despite failures and tail latencies, suggesting that bottlenecks originate from
memory usage limits and from query execution and window-�nalization operations under load.
TStream sustains near-target ingestion on its supported queries once memory is at least 2 GB,
maintaining 20k events/s across Queries 3,6{9 and the heavier Queries 11 and 13 even at 1 vCPU.
In contrast, under the 512 MB cap, it is largely non-viable as most queries are terminated by
oomkill (including Queries 3 and 8 and 11/13), indicating that its typical working set is closer
to 0.7{1.1 GB on these workloads (see Fig. 4.6c).

Figures 4.6c and 4.7b report peak memory and average CPU usage per query under the
8 GB/4 vCPU pro�le. MobilityNebula remains within the cap memory even in peak memory
for all queries, with peaks ranging from 148 MB (trajectory construction variants) to 545 MB
(windowed k-NN join, Query 13). CPU utilization similarly stays within limits, with the most
compute-intensive operators occurring in heavy workloads, such as Extended Kalman Filter
(EKF) smoothing Query 12 and k-NN Queries 11{13. In contrast, the baselines show increased or
more volatile resource footprints on trajectory-based workloads. GeoEKuiper peaks at 1,536 MB
in Query 6 alongside elevated CPU (130.2%), and MobyDick peaks at 1,501 MB with very high
CPU in Query 7 (207.6%). TStream and MobyDick exhibit higher memory footprints for join-
and trajectory-based workloads (0.8{1.1 GB for TStream and 1.0{1.5 GB for MobyDick), leading
to oomkill or stall-induced timeouts.

Figure 4.7a reports p95 event-time latency versus memory. For each emitted window result,
we record the emission timestamp, the window end timestamp, and the driver's last successful
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send time for that same window end to distinguish system-side delay from driver-side lag and
backpressure. In MobilityNebula, these latencies show large tails in Queries 7 and 9 under 1 vCPU
with 512 MB{2 GB: the system sustains 9{14k events/s and reaches p95 latencies of 15{24 s. At
8 GB/2 vCPU, throughput returns to 20k events/s with p95 � 1.1 s, consistent with reduced
driver lag and more timely watermark-driven window �nalization once ingestion approaches the
target rate. In contrast, GeoEKuiper and MobyDick exhibit stall/timeout behavior under the
same con�guration, where windows fail to �nalize within the timeout limit. MobilityNebula and
TStream remain at p95 4.9 s and 3.75 s, respectively.

Some queries show high backpressure, as indicated by driver-side blocking and the drop from
target injection to achieved input throughput, including zero post warm up ingestion in extreme
cases (see Fig. 4.6a). This e�ect depends on query type and is strongest for state-heavy windowed
operators (joins, k-NN, trajectory aggregation), where increased state and output volumes elevate
bu�ering pressure and delay watermark-driven window �nalization. We analyze the rate at which
queries run and produce output, and de�ne this as the success rate (see Fig. 4.7c). MobilityNebula
achieves the highest success rate throughout, with a success rate of 91.9%; on all queries, the
baselines achieve 73.3% (TStream), 70.6% (GeoEKuiper), and 54.5% (MobyDick) on supported
queries. When counting unsupported queries as failures, this corresponds to 57.9%, 63.2%, and
31.6%.

4.6.3 Mobility Computation Breakdown

We perform a time breakdown for mobility queries using our driver-separation measurement
setup. We measure host-side emission timestamp, the window end timestamp (event-time), and
the driver's last successful send time for that window end (wall clock). This procedure enables
monitoring of post-admission processing, watermark-driven window �nalization, and the capture
of backpressure residuals dominated by sender blocking. In MobilityNebula, for Queries 7 and 9:
under 512 MB{2 GB, throughput drops to 9{14k events/s and p95 rises to 15{24 s, whereas at
8 GB/2 vCPU throughput returns to 20k events/s with p95 � 1.1 s.

We measure the percentage of query time spent inside MobilityNebula MEOS wrapper and
MEOS functions. These percentages correspond to the function body, a thin wrapper around the
MEOS call in MobilityNebula and MEOS function computation. They therefore exclude operator-
level work such as state updates, windowing, sorting, building the MEOS input, aggregation
state, joins serialization, and downstream processing. Thus,temporal sequence and knn agg
appear small because most of their cost lies outside the MEOS call. At 512 MB{2 GB, MEOS
call time is still a secondary component for most queries, as for geometric predicates such as
edwithin tgeo geo and eintersects tgeo geo, the MEOS call share is about 10{16%, while
trajectory construction is nearly negligible inside the MEOS call (temporal sequence on the
order of 10� 4{10 � 2%). Distance queries place more work in proximity computation. For example,
nearest approach distance reaches 11{14% MEOS-call share in the windowed per-device kNN
join.

In addition, we measure the time rate of mobility operators in NebulaStream and report
the query time spent inside each operator inlift / combine/ lower , state updates, windowing,
sorting, MEOS input construction, and any MEOS call. Under the same 512 MB{2 GB caps,
most operators account for only a small fraction of end{to{end computation time (often 3{7%),
consistent with overhead being dominated by runtime-level window �nalization and backpressure.
The main outlier is the k-NN workload as the operator-level share ofnearest approach distance
dominates, reaching 64{86% depending on the memory cap, con�rming that this query is compute-
bound in the distance operation rather than in the surrounding windowing logic.

Table 4.6 quanti�es where time is spent under the 512 MB{2 GB resource caps by separating
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Table 4.6: Computation breakdown per query under 512 MB{2 GB caps, separating time spent
in the MobilityNebula wrapper/MEOS call from operator-level costs

Query Function / Component Wrapper /
MEOS (%)

Operator-
level (%)

Q3 edwithin tgeo geo 10.5841 / 10.3503 4.4688 / 4.5527
Q6 eintersects tgeo geo 13.4363 / 13.4841 5.2822 / 5.3026
Q7 temporal sequence 0.0265 / 0.0102 7.3059 / 7.5427
Q8 tgeo at stbox 8.7877 / 9.6641 3.2108 / 3.3192

temporal sequence 0.0003 / 0.0003 1.4968 / 1.4541
Q9 edwithin tgeo geo 13.0312 / 15.7236 5.2962 / 5.4723

temporal sequence 0.0004 / 0.0004 1.1764 / 1.2483
Q10 nearest approach distance 0.0019 / 0.0018 85.6369 / 63.7801
Q11 nearest approach distance 7.1835 / 5.5241 6.1240 / 5.9721
Q12 temporal ext kalman filter 3.5257 / 3.8194 3.0566 / 3.0308

temporal sequence 0.00003 / 0.00003 1.9370 / 1.9370
Q13 knn agg 0.0943 / 0.0695 0.0295 / 0.0282

nearest approach distance 13.8024 / 11.4642 3.8551 / 3.7323

the share inside MobilityNebula MEOS wrapper and the MEOS function body from the share
inside NebulaStream mobility operators.

4.6.4 Geospatial vs. Non-Geospatial Operator Latency

To quantify the latency overhead introduced by the geospatial operations, we execute an experiment
for three classes of operators with a representative geospatial query of each class and a scalar
query structurally identical, in which each geospatial operator is replaced by a scalar equivalent,
preserving source, schema, window, and grouping. We classify the queries into three operator
classes based on the type of geospatial computation each uses. Predicates that �lter tuples by
spatial relation are classi�ed aspredicate class, aggregators that construct trajectories from points
are classi�ed astrajectory class, and pair distance computations that calculate proximity between
moving objects are classi�ed asdistance/k-NN class. For thepredicate class, Q6G uses function
eintersects tgeo geo, and has the same window as the scalar query Q6S (see Query 14), which
evaluatesgps speed > 0.0.

Query 14. Query Q6S - Scalar predicate baseline for Q6

1 Query::from(SNCB)
2 .filter(Attribute("gps_speed") > 0.0)
3 .window(SlidingWindow::of(EventTime(Attribute("ts")), Seconds(10), Milliseconds(100)))
4 .apply(Variation(Attribute("BP")), Variation(Attribute("FF")))
5 .filter(Attribute("varBP") > 0.6 && Attribute("varFF") <= 0.5)
6 .sink(PrintSinkDescriptor::create());

For the trajectory class, we compared Q7G that uses function TEMPORALSEQUENCEin a sliding
window against Q7S (see Query 15), which uses functionVARIANCE(gpsspeed) to compute the
maximum speed variance.

Query 15. Query Q7S- Scalar trajectory baseline for Q7
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1 Query::from(SNCB)
2 .window(SlidingWindow::of(EventTime(Attribute("ts")), Seconds(10), Milliseconds(100)))
3 .apply(Variation(Attribute("gps_speed")))
4 .sink(PrintSinkDescriptor::create());

For classdistance/k-NN, Q13G computes thenearestApproachDistance by pair, joins with
tumbling window of 10 s, and calculates theVARIANCE(mindist) as an external aggregator. The
scalar query Q13S (see Query 16) computes the euclidean squared distance (�lat )2 + (� lon)2

with the same structure as the original query. We isolate the per-pair distance computation with
the substitution of KNNAGGby VARIANCE(mindist) from the original query Q13.

Query 16. Query Q13S - Scalar distance baseline for Q13

1 Query::from(SNCB)
2 .joinWith(GPS2, Attribute("device_id") != Attribute("device_id2"))
3 .window(TumblingWindow::of(EventTime(Attribute("ts")), Seconds(10)))
4 .apply((Attribute("lat") - Attribute("lat2")) * (Attribute("lat") - Attribute("lat2")) +

(Attribute("lon") - Attribute("lon2")) * (Attribute("lon") - Attribute("lon2")))
5 .groupBy(Attribute("device_id"))
6 .apply(Variation(Attribute("mindist")))
7 .sink(PrintSinkDescriptor::create());

The tests for the three classes use the single-node Docker setting from Sect. 4.6.2 at
4 vCPU/8 GB, TCP source, 30 s warm-up + 90 s measurement, and report driver-side processing
latency as the mean of 5 runs. The trajectory and predicate classes run at 200 events/s, the
distance/kNN class runs at 20 events/s, matching the query-speci�c input rates used in Sect. 4.6.6.

Table 4.7 compares the three operator classes by the MEOS call cost, which is the percentage
of time spent inside the MEOS function in relation to the total query processing time, and the
primary overhead source, which indicates if the cost is inside the MEOS call or in the stream
operator-level, such as state management, sorting, and input construction. For predicates, the
geometric test itself is the expensive part (10{16% inside MEOS). For trajectory construction,
the MEOS call is negligible, but the surrounding operator computation dominates, especially
for sorting the input. For distance/kNN, both the MEOS call (11{14%) and the operator-level
processing (64{86%) contribute to the overhead.

Table 4.7: 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

Class Examples MEOS call cost Primary overhead source

Predicate edwithin , eintersects ,
eintersects tgeo geo

10{16% MEOS functions

Trajectory temporal sequence 10� 4{10 � 2% Operator wrapping
Distance/kNN nearestApproachDistance ,

KNNAGG
11{14% Operator processing

Table 4.8 summarizes the results for the trajectory, predicate, and distance/kNN class. For
each pair we report the processing time latency at the 50th and 95th percentiles (proc-p50,
proc-p95), de�ned as the time interval between the moment the driver sends the last tuple of a
window and the moment the corresponding result appears at the sink, the average CPU utilization
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and peak memory of the worker container during the measurement interval, and the � between
the geospatial and scalar queries, expressed as absolute di�erence and relative percentage. For
the predicate class, Q6G adds 3.5 ms (+1.8%) in p50 and 3.6 ms (+1.1%) in p95, with similar
CPU usage. For the trajectory class, Q7G adds 7 ms (+3.4%) in p50 and 19 ms (+6.0%) in p95
over Q7S, with additional 3.0 percentage points (pp) CPU usage (+21.6% relative) and 9 MB
of additional memory peak. This result is signi�cant since the detailing in Sect. 4.6.3 reports
MEOS of temporal sequence as small (10� 4{10 � 2%), the 6% of p95 latency that we measure are
therefore overhead at the operator level, such as state management, sorting, and construction of
the MEOS input, that the pro�le by function cannot capture. For the distance/ k-NN class, Q13G
adds 4.3 ms (+0.9%) in p50 and 65 ms (+0.5%) in p95, with 0.6 pp more CPU. At the streaming
rate of 20 events/s with a 10 s tumbling window, the per-pair MEOS distance calculation cost is
masked by the join state management, which dominates the 12 s absolute p95.

Table 4.8: Geospatial vs. non-geospatial operator cost at 8 GB/4 vCPU

Class Query Proc-p50 (ms) Proc-p95 (ms) CPU% Mem peak (MB)

Predicate
Q6S (scalar) 197.5 311.1 12.1 385.8
Q6G (geo) 201.0 314.7 12.2 391.2
� +3.5 (+1.8%) +3.6 (+1.1%) +0.1 pp +5.4

Trajectory
Q7S (scalar) 204.6 319.8 13.9 396.4
Q7G (geo) 211.6 339.0 16.9 405.4
� +7.0 (+3.4%) +19.2 (+6.0%) +3.0 pp +9.0

Distance/kNN
Q13S (scalar) 461.9 11912.9 43.7 176.6
Q13G (geo) 466.2 11977.7 44.4 176.1
� +4.3 (+0.9%) +64.8 (+0.5%) +0.6 pp � 0.5

These three classes show that the participation by function in the MEOS call of Sect. 4.6.3,
when considered alone, is not a reliable predictor of the end-to-end cost. The trajectory class has
a small MEOS overhead but a measurable overhead of 6%, since most of the cost is outside the
MEOS call. The predicate class accounts for 10{16% of MEOS calls, but has negligible overhead,
since the cost per tuple is reduced in the windowing pipeline. The distance/kNN class has a
comparable 11{14% MEOS share but only 0.5% p95 overhead at the streaming rate since the
per-pair calculation cost is masked by the join state management. No individual class adds more
than 6% to end-to-end p95 latency, which is well within the margin required for the target edge
use case, for edge processing with 1 Hz ingestion rate.

4.6.5 Parameter Sensitivity

We measure parameter sensitivity across the nine queries (Queries 3 and 6{13) by varying the
window size and slide interval around the baselines in Sect. 4.5. Each query runs for 30 seconds
under 4 vCPU/8 GB, using the TCP workload of 20k events/s. We test both the sliding and
tumbling versions of each query. For originally tumbling queries (Queries 3, 10{13), we added
a sliding variant at the baseline size with a 1 s slide, and for sliding queries (Queries 6{9), we
added a tumbling variant at the baseline size. For tumbling queries (Queries 3, 10{13), we test
sizes 5/10/20 s and for sliding queries (Queries 6{9), we sweep window sizes (Query 6: 5/7/10/20
s; Queries 7 and 8: 5/10/20 s; Query 9: 15/45/90 s) and slide intervals (Queries 6{8: 10 ms/100
ms/1 s; Query 9: 1/5/10 s).

Sink throughput is primarily determined by emission frequency and selectivity, rather than
the input rate. For instance, Query 3 produces sparse outputs, and its sink rate decreases as
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Figure 4.8: Throughput sensitivity to window size and slide interval across Queries 3 and 6{13
(sliding vs. tumbling variants)

the window size increases (from 0.21 events/s at 5 s to 0.06 events/s at 20 s). Query 8 exhibits
a similar decline (0.21 to 0.06 events/s). In contrast, join tumbling queries generate numerous
results per window, sustaining high sink rates (e.g., Query 10 at 10k events/s and Query 11 at
29k events/s at 10 s). Among tumbling queries, Query 10 demonstrates the greatest sensitivity
to window size, as increasing the window to 20 s augments the join-state pressure, reducing input
throughput to approximately 13k events/s and increasing average CPU utilization from 27.1%
(10 s) to 63.3% (20 s), while memory usage rises from 224 MB to 266 MB. Converting originally
sliding queries to tumbling (see Fig. 4.8) reduces sink throughput to one emission per window
and decreases resource consumption accordingly. For Query 8, the tumbling variant produces
very sparse outputs (0.027 events/s), necessitating longer runs to observe results as the query
presents high selectivity.

Sliding windows show sensitivity to the slide interval, as increased overlap directly raises
recomputation and emission rates. For Query 6, reducing the slide from 1 s to 10 ms increases
sink throughput (0.98 to 100 events/s) while maintaining input throughput near 20k events/s
(see Fig. 4.8). Memory usage rises due to the greater number of concurrent overlapping windows
(248 to 435 MB). For Query 7 we see a similar behavior, at 10 ms slide intervals, trajectory
construction dominates, reducing input throughput to 4k events/s and increasing peak memory
to 2.7 GB. At 1 s slides, input throughput recovers to 20k events/s with lower memory usage
(611 MB on average). Queries 8 and 9, executed at 200 events/s, follow the same trend: decreasing
the slide interval increases sink rates (Query 8: from 0.06 events/s at 1 s to 4.89 events/s at 10
ms; Query 9: from 0.36 events/s at 10 s to 3.95 events/s at 1 s), while CPU and memory remain
relatively stable. Converting these queries to sliding increases overlap costs most signi�cantly for
join workloads. Queries 10 and 11 experience substantial input-throughput degradation under 1 s
slides, from 4k and 11k events/s, and the per-devicek-NN join also degrades to 11k events/s,
while increasing CPU utilization to 66.4%.
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4.6.6 Network Volatility Stress Evaluations

We evaluate the nine queries (Queries 3 and 6{13) under 4 vCPU/8 GB. Each run streams
the input dataset over TCP from a host-side driver into the system under test. To ensure
tests complete and to isolate timing perturbations rather than pure saturation, the driver uses
query-speci�c mean rates: Queries 3/6/10/11 at 1k events/s, Queries 7/8/9/12 at 200 events/s,
and Query 13 at 20 events/s. Runs include a 60-second �xed warm-up interval, and a 600-second
measurement. We compute event-time latency per window as the delay between window-end time
and the timestamp at which the corresponding window result is emitted at the sink. Latency
percentiles (p50/p95) are computed over completed windows only. Baseline scenario uses a steady
stream with no jitter, bursts, or outages. J1/J2/J3 add per-batch jitter of � 20/ � 80/ � 200 ms.
B1/B2/B3 create periodic burst cycles with on/o� durations of 2 s/2 s, 1 s/3 s, and 0.5 s/3.5 s,
respectively, keeping the same long-run mean rate. O1/O2/O3 inject periodic outages of 10/20/30
s every 60/90/120 s, respectively. Combined applies J2 + B2 + O1 simultaneously (� 80 ms jitter,
1 s on/3 s o� bursts, and a 10 s outage every 60 s).

All runs in this dataset completed successfully (PASS, no errors), with throughput closely
matching the intended levels. CPU usage oscillated between 1 and 2 percent, whereas memory
held steady at 160-220 megabytes (see Fig. 4.10a and 4.10b). As shown in Fig. 4.9b, incoming
event 
ow followed expected patterns throughout regular operation, timing variations, spikes,
dropouts, and mixed disruptions, with no lasting slowdown occurring despite changing network
behavior.

Figure 4.9a presents p50 latency. Jitter variants (J1-J3) cause only minor shifts in latency,
whereas bursts (B1-B3) result in increased response times. Outages (O1-O3) are disruptive, as
data pauses halt watermark progression and delay window �nalization. When multiple disruptions
occur, system performance remains superior to that observed during the most severe outage,
indicating that total downtime has a greater impact than processing load. Query 13 exhibits the
most pronounced lag among all queries. Its architecture requires substantial resources and is
highly dependent on window �nalization.

4.7 Chapter Summary

In this chapter, we presentedMobilityNebula, the main contribution of this thesis: a mobility-aware
system for continuous spatiotemporal processing that runs across the edge{to{cloud continuum.
We adopted the MOD framework's abstract model and instantiated it using MobilityDB sequence
representation. To enable streaming of temporal objects, we extended the discrete model with
event-time window awareness, resulting in thestinstant, stsequence, and stsequencesettypes.
These types couple spatiotemporal values with their window context and support trajectory
construction over unbounded streams.

Instead of developing a new engine, a systems-integration approach was adopted, instantiating
the proposed model on two representative systems:MobilityFlink (on Flink) and MobilityNebula
(on NebulaStream). The architecture of both systems was described, detailing how MEOS
operations are exposed to streaming operators.

The resulting system was evaluated using point-based and trajectory-based real-time queries
in single-node and distributed settings. These experiments characterized how operator complexity,
state size, and output selectivity a�ect throughput, latency, CPU and memory footprint, and
network tra�c under resource constrained edge deployments. Across the query set, MobilityNebula
achieved the highest completion and success rates (91.9%) compared to 73.3% (TStream), 70.6%
(GeoEKuiper), and 54.5% (MobyDick) for supported queries. The evaluation also identi�ed the
main pressure points for state-heavy workloads, such as windowed joins,k-NN, and trajectory
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(a) p50 latency per query

(b) Input throughput per query

Figure 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.

construction. For instance, under 1 vCPU and 512 MB to 2 GB, the most demanding workloads
sustain 9k to 14k events per second with p95 latencies of 15 to 24 seconds, while larger budgets
(8 GB/2 vCPU) workloads sustain 20k events per second with p95 latencies of 1.1 seconds.

Parameter-sensitivity experiments demonstrated how window size and slide interval in
uence
overlap, recomputation, and state pressure. Network-volatility stress tests indicated that jitter
and burstiness have a limited impact on sustained throughput, whereas outages primarily
a�ect latency by stalling watermark progress and delaying window �nalization. Overall, the
�ndings demonstrated that window-aware, trajectory semantics can be executed continuously on
constrained nodes and scaled along an edge{to{cloud topology. Chapter 5 presents the deployment
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(a) Avg. CPU usage per query

(b) Avg. memory usage per query

Figure 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.

of MobilityNebula in collaboration with the SNCB/NMBS, a study on trajectory outlier detection
and trajectory analytics.
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Chapter 5

Trajectory Processing
Applications

The previous chapter presented MobilityNebula and evaluated it from a systems perspective,
measuring throughput, latency, and resource consumption across a set of continuous spatiotemporal
queries. Those experiments demonstrated that the system can sustain real-time mobility processing
on constrained edge hardware. This chapter shifts the focus from system internals to application-
level validation. We examine whether the proposed architecture and operators deliver value in
operational and analytical settings that involve real mobility workloads.

The �rst section describes the SNCB/NMBS use case, detailing the train architecture, edge
devices, and real-world integration of MobilityNebula for operational monitoring and diagnostics.
The second section describes our work before trajectory stream processing. We have later used
our �ndings to implement Kalman �lter into MobilityNebula. It summarizes the methodological
and analytical elements that complement the systems-oriented approach of this thesis. We start
by examining trajectory outlier detection, reviewing static and streaming methods, and evaluating
their suitability for mobility datasets. We introduce a ground-truth construction method, based
on cross-referencing speed and bearing measurements from multiple sensors, enabling evaluation
across mobility domains. Using this ground-truth, we conduct an experimental study of ten
state-of-the-art outlier-detection libraries and systems across four real-world datasets. We then
present the theory and implementation of an Extended Kalman Filter (EKF) outlier detector
integrated into MEOS and exposed in MobilityNebula.

In addition, the chapter demonstrates how the MEOS spatiotemporal model supports expressive
trajectory analytics. Using the Grab-Posisi dataset from Singapore, we perform trip segmentation,
stop-based and geometry-based trip extraction, metric derivation (distance, average speed, travel
time, bearing), proximity detection, and heatmap construction with MEOS and PyMEOS. 1

5.1 SNCB Use Case

This section presents the deployment of MobilityNebula in collaboration with the SNCB/NMBS.
It describes the train architecture, the edge devices used, and the real-world integration of
MobilityNebula for operational monitoring and diagnostics. The section detail the context,
implementation, visualization, validation, and veri�cation of the system against previously
existing diagnostics.

1https://github.com/MobilityDB/PyMEOS
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