
Remote Asset Tracking
Management Information System

Master’s thesis in Computer Science and Engineering

BHARATH RAVICHANDRAN
VARUNPRASAD RAVI

Department of Computer Science and Engineering
CHALMERS UNIVERSITY OF TECHNOLOGY
UNIVERSITY OF GOTHENBURG
Gothenburg, Sweden 2025





Master’s thesis 2025

Remote Asset Tracking
Management Information System

BHARATH RAVICHANDRAN

VARUNPRASAD RAVI

Department of Computer Science and Engineering
Chalmers University of Technology

University of Gothenburg
Gothenburg, Sweden 2025



Remote Asset Tracking Management Information System
BHARATH RAVICHANDRAN
VARUNPRASAD RAVI

© BHARATH RAVICHANDRAN, 2025.
© VARUNPRASAD RAVI, 2025.

Supervisor: Ahmed Ali-Eldin Hassan, Computer Science and Engineering
Advisor: Pierre Louis Bullot, Alstom
Examiner: Ahmed Ali-Eldin Hassan, Computer Science and Engineering

Master’s Thesis 2025
Department of Computer Science and Engineering
Chalmers University of Technology and University of Gothenburg
SE-412 96 Gothenburg
Telephone +46 31 772 1000

Gothenburg, Sweden 2025

iv



Abstract

Modern freight railways operate at a scale and complexity that make continuous visi-

bility of assets indispensable. Trains cover vast distances, are constantly reconfigured

in yards, and move through environments where conventional monitoring tools cannot

provide precise or continuous information. In such conditions, the central challenge

lies not only in knowing where wagons are located, but in reliably determining which

wagons are attached to which locomotive at any given moment. This knowledge is

critical for ensuring safe braking performance, efficient use of power, proper cargo

delivery, and timely response to operational disruptions.Traditional tracking methods

focus primarily on presence detection within fixed segments of track. While effective

for basic occupancy monitoring, they fail to capture the dynamic and fine-grained

information required for modern operations, particularly when trains are frequently

rearranged or move in parallel on complex infrastructure. Emerging reliance on

digitalisation and autonomous or remotely controlled freight runs further heightens

the demand for real-time, accurate composition data, as human confirmation can no

longer serve as a fallback.

GPS appears to offer a solution but introduces its own difficulties: noisy position-

ing, asynchronous reporting, coverage gaps, and missing or delayed updates. Without

corrective mechanisms, these issues can obscure the true train composition, leaving

operators uncertain whether wagons are properly assigned, detached, or misplaced.

This thesis addresses these challenges by developing methods that clean and align

incoming data, group assets into coherent trains, and apply predictive logic to bridge

gaps when information is incomplete. By doing so, it transforms fragmented GPS

signals into a continuous and trustworthy picture of train composition. The outcome

is a proof-of-concept system that strengthens safety, enhances logistical reliability,

and establishes a digital foundation for the future of efficient, automated freight

railway operations.

Keywords: Railways, GPS, asset tracking, wagon–locomotive assignment, train
composition, Kalman filter, connected components, missing data recovery, streaming
data, logistics management
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1
Introduction

The global railway industry is entering a period of transformation driven by three
converging forces: efficiency, safety, and automation. Rail freight remains one of
the most sustainable modes of long-distance transportation, with trains capable of
carrying thousands of tonnes of cargo across national and international corridors. In
Europe alone, freight trains regularly extend over 400 to 750 meters, and in some
cases exceed one kilometer in length. Each train can haul dozens of wagons containing
mixed cargo types that must reach their destinations within tightly scheduled logistics
chains. Unlike passenger trains, which usually maintain fixed formations, freight
trains are highly dynamic. Wagons are attached, detached, or rearranged multiple
times during a journey depending on cargo flows, terminal operations, and routing
changes. This variability makes real-time visibility of train composition a critical
requirement for safe and efficient operations.

At present, most freight operators continue to rely on static departure manifests,
paper logs, and manual procedures to track wagon–locomotive assignments. Such
methods were sufficient in the past when trains operated on less congested networks,
turnaround times were slower, and safety margins were larger. However, in modern
operations these approaches are increasingly inadequate. Freight flows have grown
more complex, supply chains are time-sensitive, and networks are busier. Manual
reporting introduces delays and errors that propagate throughout the logistics chain.
When wagon compositions change in transit, updates are often slow or missing,
leaving operators with outdated information about what a train is actually pulling.

Technological advancements such as GPS and wireless communication have
made it possible to track rolling stock continuously, but location alone is not enough.
A GPS signal may confirm where a wagon is, but it does not inherently specify
which locomotive it belongs to. In yards with parallel tracks spaced just a few
meters apart, two trains may appear intermingled on location plots. Noise in GPS
signals, commonly fluctuating by 10–20 meters, can misrepresent positions and lead
to incorrect assignments. Additionally, GPS reception is not always reliable: tunnels,
deep cuttings, urban environments, and rural stretches with poor coverage frequently
produce missing or intermittent signals. In such cases, operators are left to infer
whether a wagon has been detached, delayed, or simply gone silent.

The situation becomes more urgent when viewed through the lens of safety.
Accurate knowledge of train composition directly affects braking distance calculations,
load distribution, and locomotive power requirements. A train pulling more wagons
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1. Introduction

than recorded may lack sufficient traction on gradients or safe braking capability on
descents. A wagon that detaches unnoticed during transit poses risks of collisions
or line blockages. For emergency responders, real-time digital manifests are critical:
hazardous material wagons require specific handling protocols, and any mismatch
between actual and reported composition can delay response during accidents.

Operationally, efficiency is compromised when wagon–locomotive assignments
are not clear. Logistics planners may misroute wagons, leading to costly delays or
missed deliveries. Shippers increasingly expect real-time visibility of cargo; without
reliable tracking, railway freight risks falling behind competing transport modes such
as road haulage. Maintenance scheduling also suffers, since accurate data on wagon
utilization and mileage is difficult to maintain if compositions are uncertain.

Looking ahead, automation and digitalization place even higher demands on
railway tracking systems. Trials of driverless or remotely operated freight trains are
already underway in several countries. In such systems, there is no onboard crew
to confirm wagon attachments visually or update manifests manually. Continuous,
automated, and reliable digital tracking becomes the foundation for safe autonomous
operations. Without it, autonomous freight runs would effectively be operating blind.

It is important to note that the work in this thesis approaches these challenges
from a software simulation perspective only. The system does not use real GPS
devices or physical sensors; instead, it simulates realistic train dynamics, generates
GPS-like signals, and processes them through a complete software pipeline. This
enables controlled testing of difficult scenarios such as tunnels, dropouts, and noisy
signals, without the need for costly field hardware. The choice of software simulation
makes it possible to focus on algorithm design, scalability, and system robustness
before considering deployment in live networks.

This background illustrates why wagon–locomotive assignment, though seemingly
a narrow technical issue, is in fact a cornerstone for modern freight railway safety,
logistics, and future automation. Current methods fail to deliver the level of accuracy
and continuity needed in today’s operating environment. Bridging this gap requires a
combination of predictive algorithms, deterministic assignment methods, and scalable
system design is the central focus of this thesis.

1.1 Problem Statements
The challenges surrounding wagon–locomotive assignment can be grouped into three
interconnected problem areas.

1. The Dynamic Nature of Freight Operations
Freight trains are reconfigured continuously as wagons are coupled or uncoupled
at intermediate yards. Departure manifests quickly become outdated, and in
busy marshalling yards wagons on parallel tracks can be easily misidentified. A
system capable of continuously updating wagon–locomotive linkages is therefore
required [1], [2].

2. The Limitations of Existing Tracking Technologies

2



1. Introduction

Conventional railway tracking methods, such as axle counters, RFID tags, and
track circuits [3], have proven reliable for detecting presence but fall short in
identifying wagon–locomotive relationships [4]. They confirm that a wagon is
on a track section, but not which locomotive it is attached to. In yards with
multiple parallel tracks, misidentifications are common. Furthermore, these
technologies are largely location-bound, meaning they provide data only at
fixed infrastructure points. Between those points, wagons remain “invisible.”
As trains may travel hundreds of kilometers between detection points, the lack
of continuous tracking creates blind spots [3]. For modern rail logistics, such
gaps are unacceptable.

3. The Challenges of Real-World GPS Data
While GPS [5] enables continuous tracking, it introduces noise, outages, and
asynchrony. Position errors of 10–20 meters are enough to confuse wagons
on adjacent tracks, and signals are often lost in tunnels, forests, or urban
environments. Locomotive and wagon data also arrive at different times,
making reliable real-time assignment difficult [6], [7].

Consequences and Scope of the Thesis The consequences of these problems
are wide-ranging. From a safety perspective, miscalculations in train length, weight,
and braking capacity increase the risk of accidents. A single wagon left behind
unnoticed can obstruct the network and cause collisions. From a logistics perspective,
wagons assigned to the wrong locomotive may end up at incorrect destinations,
disrupting cargo flows and eroding customer trust. From an operational perspective,
manual checks and corrections are costly, slow, and inconsistent with the demands
of digitalized and autonomous systems.

1.2 Purpose and Research Questions

The purpose of this thesis is to design, implement, and evaluate a fully software-
simulated framework for continuous and accurate wagon–locomotive assignment in
real time. The research explores how predictive filtering, deterministic grouping, and
distributed data processing can be combined to overcome the limitations of noisy,
asynchronous, and missing GPS-like data.

The key research questions are:

1. How can simulated noisy and incomplete GPS signals be processed to reliably
infer wagon–locomotive assignments?

2. What deterministic rules are required to ensure robustness in simulated complex
rail environments?

3. How can such a framework be scaled in software to model large railway net-
works?

3



1. Introduction

1.3 What to Expect in This Thesis
This thesis contributes a validated software framework showing how predictive filters
and deterministic assignment rules can achieve >90% accuracy in wagon–locomotive
assignment under simulated real-world conditions. A simulator generates GPS-like
signals of realistic train movements, including controlled errors such as signal noise,
dropouts, and asynchronous reporting. These data streams are ingested using Kafka,
corrected with predictive algorithms such as the Kalman filter, and processed through
deterministic methods including tick synchronization, gating rules, and rigid-body
drag modeling.

Results are stored in a PostgreSQL database and visualized with Flask and
Leaflet.js. The evaluation demonstrates how these techniques provide accuracy,
robustness, and scalability, bridging a critical gap in railway operations.
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2
Background and Related Work

This chapter presents an overview of the technologies, methods, and algorithms
relevant to modern railway asset tracking systems. It begins with the scale and
operational complexity of freight trains, followed by a discussion of traditional
infrastructure-based methods and their limitations. It then examines the challenges
of GPS-based systems, the operational risks of not knowing exact train composition,
and the necessity of predictive methods when data is missing. Finally, it outlines
computational approaches, comparing machine learning with deterministic algorithms
and explaining why the latter are significant in this thesis.

2.1 The Scale and Complexity of Freight Trains
Modern freight railways operate at a scale that makes real-time monitoring and
management exceptionally complex. In Europe, for example, the railway network
stretches across more than ten thousand kilometres, with several thousand kilometres
of double track and widespread electrification on main lines. Trains running on this
infrastructure often consist of dozens of wagons, reaching lengths between 400 and
750 metres, and in some cases exceeding a kilometre. These trains travels in highly
variable operating environments like long-distance corridors where they move at high
speed, local yards where they undergo shunting and reconfiguration, and industrial
sidings where they are loaded and unloaded. Each of these operational contexts
presents unique tracking challenges [8],[9].

In busy marshalling yards, wagons are frequently coupled or decoupled, with
their assignments changing several times within a single journey. On the mainline,
they may travel in parallel with other trains only a few metres apart, where even
small location errors can cause ambiguity. Environmental factors complicate the
scenario further. GPS signals are unreliable in tunnels, mountainous regions, and
urban areas with tall buildings, while in rural stretches, cellular coverage is often too
weak to provide reliable communication. For operators, these uncertainties make
it difficult to know at any given moment the precise composition of a train or the
exact position of its wagons [10].

This uncertainty is more than an inconvenience. Knowing which wagons belong
to which locomotive underpins safety calculations such as braking distance, load
management, and power requirements. It is also essential for efficient logistics,
ensuring that cargo reaches the correct destination without misassignment or delay.
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2. Background and Related Work

With trials in remote and autonomous operations already taking place, the need for
continuous, digital situational awareness has become urgent. Autonomous trains
cannot rely on human checks, they demand systems that provide minute-by-minute,
reliable consistant data. The scale and complexity of modern freight railways thus
set a high bar for tracking technologies, requiring approaches that combine accuracy,
resilience, and scalability [11].

2.2 Why Traditional Methods Fall Short
For decades, railway operators have relied on infrastructure-based technologies such
as track circuits, axle counters, and RFID tags to monitor trains . Track circuits are
simple and effective at detecting whether a section of track is occupied. They work
by using the train’s wheels and axles to complete an electrical circuit, confirming
presence. However, they cannot distinguish between locomotives and wagons or
provide detailed consist information. Axle counters improve granularity by counting
the number of axles crossing a point, which helps estimate train length, but they
too fail to provide real-time positional tracking between sensors and can suffer from
synchronization issues during shunting operations [3],[12].

RFID brought a step forward by enabling the unique identification of wagons
through tagged transponders. When wagons pass by fixed readers, their IDs are
logged automatically. Yet, this system still depends on infrastructure density and
placement, meaning updates are only available at discrete checkpoints, such as depots
or yard entrances. Continuous, network-wide visibility is not possible, and gaps
between readers can span hundreds of kilometres. Furthermore, in yards where
multiple tracks run side by side, RFID cannot resolve which locomotive a wagon is
physically attached to [12].

The limitations of these traditional methods are particularly evident in modern
freight operations. Trains are frequently reconfigured mid-journey, with wagons
added or removed multiple times. Conventional systems cannot update compositions
dynamically, leading to inconsistencies in databases and train manifests. This creates
risks in dispatching, routing, and maintenance scheduling. From an operational
perspective, the inability to maintain real-time visibility can result in misplaced
wagons, inefficient load distribution, and slower responses to anomalies. From a
safety point of view, wrong assumptions about train length or load can affect braking
calculations and fuel consumption. Traditional systems, while reliable in their narrow
function, fall short of delivering the continuous, integrated situational awareness
demanded by today’s railways.

2.3 The Challenge of GPS Data in the Real World
The emergence of GPS promised to overcome many limitations of infrastructure-
based methods by providing continuous, location-independent tracking. In principle,
GPS-equipped locomotives and wagons can be monitored across the entire network
without relying on fixed sensors [13],[5]. This allows operators to know where assets
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2. Background and Related Work

are at all times, even in remote or rural regions. However, practical deployments
reveal significant shortcomings.

Firstly, GPS signals are inherently noisy. Positional errors of 10 to 20 metres
are common, and in railway contexts, such deviations are large enough to cause
misassignments. For example, a wagon positioned on one track may appear closer
to a locomotive on a parallel track, leading the system to incorrectly group them
together. Secondly, GPS data arrives asynchronously. Different wagons report at
slightly different times, meaning locomotives and wagons may not have matching
timestamps. Without correction, this temporal mismatch leads to unreliable consist
determination [14].

Another major issue is the missing data. GPS devices frequently lose signal in
tunnels, under dense foliage, or in built-up urban areas with reflective surfaces causing
multipath interference. Hardware-level issues such as device reboots, antenna failures,
or power-saving modes add further disruptions. Network connectivity compounds the
problem: even if GPS data is collected, it must be transmitted back to the system,
and in many rural areas, mobile coverage is poor or intermittent.

These challenges mean that raw GPS data cannot be trusted in isolation.
Without corrective filtering, synchronization, and predictive methods, wagons appear
to jump across tracks, disappear in tunnels, or drift from their true positions. In a
system where safety and efficiency rely on precise consist information, these errors
are unacceptable [15]. Addressing them requires robust computational methods that
can smooth noisy signals, bridge gaps intelligently, and synchronize updates across
vehicles.

2.4 Consequences of Not Knowing Train Compo-
sition

The consequences of not having accurate wagon–locomotive assignments are far-
reaching. From a safety perspective, the risks are immediate. Freight trains are heavy,
sometimes weighing thousands of tonnes, and their braking distances depend directly
on total length and mass. If operators underestimate these parameters because of
missing or incorrect data, they may not allocate enough stopping distance, especially
in poor weather or on steep gradients. Locomotives may also be overloaded without
operators realizing, stressing mechanical systems or even leading to breakdowns [16].

The logistical risks are equally serious. Misplaced or misassigned wagons disrupt
supply chains, delay cargo deliveries, and cause significant financial losses. For
industries relying on just-in-time logistics, such as automotive manufacturing or
consumer goods distribution, even a single misrouted wagon can halt production
lines or delay exports. Customers lose confidence when tracking data is inconsistent,
undermining the competitiveness of rail transport compared to other modes.

There are also risks to network efficiency. A wagon that becomes detached
without detection can obstruct tracks until discovered, delaying multiple trains
and creating safety hazards. In emergency situations such as fires, derailments, or
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chemical spills, responders rely on accurate consist data to know which wagons are
involved and what cargo they carry. If the manifest is wrong, valuable response time
is wasted, and hazards may go unaddressed [17] , [6].

With the emergence of autonomous freight operations, the stakes rise even
further. In such systems, there is no crew onboard to visually check if wagons
are correctly attached or if any have been left behind. On long remote stretches,
failures may go unnoticed for hours. For this reason, continuous and accurate train
composition data is not just useful but essential. Without it, both operational safety
and logistics reliability are compromised.

2.5 Why Missing Data Must Be Predicted, Not
Ignored

In the real world, missing data is not an exception, it is a routine occurrence. Freight
trains travels vast regions where GPS and cellular coverage are poor or entirely
absent. Devices may fail temporarily due to reboots, battery-saving modes, or
antenna malfunctions. Network congestion can delay or drop transmissions. If a
tracking system simply waits for data to reappear, operators are left blind during
those intervals, unable to monitor train integrity or detect detachments.

Equally problematic is assuming that the last known position remains valid
until new data arrive. A wagon detached in a yard may still appear linked to a train
hours later if its GPS unit fails to report. Such errors create cascading risks, from
safety miscalculations to misrouted cargo. For this reason, prediction is not optional,
but necessary.

Predictive methods, such as Kalman filters [18], fill this gap by estimating
future positions based on recent motion history and velocity. Even when updates
are missing, the system projects a realistic trajectory, maintaining continuity of the
consist. This ensures that wagons remain coherently attached in the digital record
and that sudden detachments or anomalies are promptly flagged [19].

The prediction also addresses asynchronous data streams. By aligning vehicle
positions with fixed time ticks, the system avoids inconsistencies caused by lagging
or delayed messages. In effect, prediction transforms incomplete, noisy inputs into
a continuous, coherent data stream. This resilience is particularly important in
autonomous or remote operations, where no human is present to intervene when data
gaps occur. By intelligently bridging missing intervals, the system provides operators
with uninterrupted situational awareness, ensuring safe and efficient operations
throughout the network [19],[20].

2.6 Computational Methods in Rail Systems
To overcome the challenges of noisy, missing, and asynchronous data, computational
methods play a central role. Among these, the Kalman filter is particularly well-
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suited for railway applications. It models train movements under a constant-velocity
assumption and corrects estimates whenever new measurements arrive. This recursive
approach provides smooth trajectories, bridges short data gaps, and produces reliable
velocity estimates. Compared to more complex filters such as the Extended or
Unscented Kalman filter, the standard formulation offers a balance of accuracy and
computational efficiency, ideal for real-time systems [19],[20].

Clustering methods have also been studied, most notably DBSCAN, which
groups vehicles based on spatial density without requiring the number of clusters in
advance. DBSCAN [21] is attractive because it can handle variable train lengths and
detect outliers such as detached wagons. However, it is highly sensitive to parameter
choices and often unstable on curved tracks or in parallel-track situations, where
wagons from different trains can be mistakenly grouped together [22].

For this reason, the implementation in this thesis adopts a graph-based approach
using connected components. Vehicles are represented as nodes, and edges are
drawn between those within a specified distance. This structure reflects the physical
coupling of real trains, producing groupings that are both interpretable and reliable.
When locomotives are present, the wagons are linked directly to them; when absent,
the wagons remain in organized chains rather than being left unassigned [23].

This graph-based method integrates smoothly with other modules such as rigid-
body drag modeling, staleness checks, and tick synchronization. Together, these
components ensure that the train formations remain stable over time and resistant
to GPS noise. Unlike machine learning models, which require training data and
may act as black boxes, deterministic methods offer transparency and robustness.
They are lightweight enough for deployment on edge devices and scalable enough
to handle network-wide operations. In this way, computational methods bridge the
gap between noisy GPS signals and the operational need for reliable real-time train
composition data [24],[23],[25].
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3
System Architecture and Design

The architectural design of the proposed railway asset tracking system reflects the
need for real-time data handling, scalability, and modularity. The system integrates
multiple components that collectively simulate GPS-based wagon tracking, process
location data streams, apply signal recovery techniques, and present dynamic insights
through a web-based interface. This chapter offers an extensive summary of the
system architecture, component interactions, and the reasoning behind crucial design
choices.

3.1 High-Level Architecture Overview
The system incorporates an event-driven modular architecture with the seamless
data flow from simulated inputs and progressing to a visualization layer. The system
is fundamentally composed of five core parts: a GPS data simulator, a message
broker built on Kafka, a web-based Flask backend server, a PostgreSQL relational
database, and a web interface for user interaction.

The GPS data simulator generates synthetic coordinates for locomotives and
wagons, mimicking real train movements under varying speed, direction, and spac-
ing. It models acceleration, deceleration, and parallel train movements, while also
occasionally dropping wagon GPS signals to replicate real-world missing data. These
data points are published to Kafka topics, forming a continuous real-time stream.

The Flask backend acts as a consumer that subscribes to the Kafka stream and
processes each message. It applies a constant-velocity Kalman filter to smooth noisy
GPS signals and to predict missing ones. It then aligns all vehicles to fixed five-second
ticks to maintain temporal consistency. On each tick, the system groups vehicles
into connected components based on proximity and determines valid assignments
of wagons to locomotives. To ensure geometric stability across time, especially
during curves or GPS fluctuations, a rigid-body drag mechanism is applied, which
translates and rotates wagons according to locomotive displacement and heading.
The processed results are stored in PostgreSQL, where they can be queried for both
real-time and historical views.

The user interface retrieves this data to display locomotive and wagon positions,
validate train compositions, and highlight anomalies such as stale, provisional, or
unassigned wagons. The modular separation between simulator, broker, backend,
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3. System Architecture and Design

and visualization ensures high availability and extensibility, allowing individual com-
ponents such as filtering, clustering, or assignment logic to be refined independently
without affecting the rest of the pipeline.

3.2 Technology Stack Justification
The selection of technologies was driven by the project’s requirements for real-
time data streaming, lightweight server processing, scalable message handling, and
relational data persistence.

Flask was selected as the web framework for this project due to its simplicity
and minimalism. It offers all the functionality required to create RESTful APIs and
web applications without additional complexity. Its lightweight design facilitates
rapid prototyping and seamless integration with external systems, which makes
it particularly well-suited for academic and experimental implementations. While
alternatives such as Django exist, they tend to be more resource-intensive and overly
complex for straightforward applications [26].

Apache Kafka serves a vital function as the message broker, facilitating decoupled
interaction between the GPS data supplier and the client services. Kafka is ideal
for distributed event streaming with high throughput and fault tolerance, that
corresponds with the objective of continually managing GPS updates instantaneously.
Its design enables effective interaction among components without tight coupling,
thus improving scalability and maintainability. Other alternatives such as RabbitMQ
or Redis were considered, but they may not match Kafka’s efficiency in handling
large-scale, high-throughput data streams [27].

PostgreSQL serves as the primary data store due to its robustness, strong
support for relational modeling, and compliance with ACID (Atomicity, Consistency,
Isolation, Durability) properties. In the context of this tracking system, ensuring
reliable and consistent transactions is vital, as data accuracy and integrity are
paramount. PostgreSQL also offers advanced features such as table inheritance,
triggers, and indexing, along with support for spatial data types through PostGIS,
which is essential for querying and managing location data. While MySQL and
NoSQL databases were considered, they do not offer the same level of advanced
relational and transactional support as PostgreSQL [28],[29].

On the front end, the interface is built using Leaflet.js and Bootstrap, providing a
responsive and map-centric view of asset movements. Leaflet offers high-performance
map rendering capabilities, while Bootstrap ensures that the user interface remains
accessible, adaptable, and consistent across devices [30] ,[31].

3.3 Component Roles and Functional Design
Each component in the system fulfills a specific functional role within the end-to-end
data processing pipeline.
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• GPS Simulator:
The simulator emulates the behavior of one or more moving locomotives
and their associated wagons. It generates periodic location updates (every 5
seconds), assigns unique IDs to each asset, and mimics realistic train dynamics
such as acceleration, deceleration, and inter-wagon spacing. It can simulate
multiple trains running in parallel and occasionally introduces missing GPS
data for wagons to evaluate robustness against signal loss.

• Kafka Broker:
Kafka acts as the communication backbone, allowing the GPS data to be
streamed asynchronously. It ensures that the producer (simulator) and con-
sumer (Flask backend) remain decoupled and operate independently. Kafka
also supports message replay and partitioning features that are advantageous
for debugging and scaling [27].

• Flask Backend:
The Flask backend forms the core of the processing logic. It ingests messages
from Kafka, validates them, and stores them in a rolling buffer per vehicle. If
the data is noisy or incomplete, the Kalman filter reconstructs missing positions
by leveraging recent trajectories. Once filtered, all vehicles are synchronized to
common tick timestamps to ensure temporal consistency [26].

The system then applies a graph-based connected component approach to
group vehicles within 20 meters of one another, forming the structural basis
for consist detection. If locomotives are present, wagons are assigned to the
nearest one, subject to additional gates such as maximum distance (60 m),
heading angle, and cross-track offset. If no locomotive is close enough, wagons
are provisionally grouped into chains. To maintain realistic consist geometry
across ticks, a rigid-body drag mechanism adjusts wagon positions according to
locomotive displacement and heading, preserving spacing and alignment even
through curves or GPS noise.

• Database (PostgreSQL):
PostgreSQL stores the processed results in normalized tables. The assignments
table records wagon-level data, including positions, assigned locomotives, dis-
tances, validation states, and associated audit timestamps.

The locomotive_assignments table captures locomotive positions and their
wagon consist snapshots. These structures support efficient retrieval of both
current status and historical trends [28],[29].

• Frontend Interface:
The frontend connects to the Flask API and the PostgreSQL backend to
provide users with a live dashboard. It displays the current position of each
locomotive and wagon on a map, highlights anomalies such as stale or provisional
assignments, and allows users to filter and inspect asset metadata. The UI
supports both raw GPS views and processed assignment views for comparison.
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3.4 Data Flow and Interaction Design
The data flow in the system is designed as a unidirectional, continuous streaming
pipeline, ensuring that GPS data moves seamlessly from generation to visualization
without unnecessary feedback loops. Each stage in the pipeline performs a distinct
transformation, progressively enriching raw inputs into validated, structured, and
actionable outputs.

The pipeline begins with the GPS simulator, which emits JSON-formatted
messages at fixed intervals. Each message encodes the latitude, longitude, timestamp,
and vehicle identifier for a locomotive or wagon. These messages are pushed into an
Apache Kafka topic, where they are buffered and made available for downstream
processing. Kafka allows multiple consumers to subscribe, which means that addi-
tional modules (e.g., anomaly detection or analytics) could be integrated in parallel
without disturbing the core pipeline.

The next stage involves the Flask consumer, which subscribes to the Kafka topic
and reads each incoming message in real time. Each message undergoes validation
to check for missing, stale, or inconsistent data. For example, if a wagon reports
coordinates with a timestamp misaligned from the current tick window, the entry is
flagged in a dedicated validation field. When GPS coordinates are missing due to
signal loss, the Kalman filter uses historical motion dynamics to estimate the most
likely position. This ensures that vehicle trajectories remain smooth and continuous,
even when real GPS data is incomplete or noisy.

After filtering and synchronization, the system applies connected component
analysis to group vehicles based on spatial proximity. Each group is then analyzed to
determine locomotive-wagon relationships. Wagons are assigned to locomotives using
a combination of distance, angular orientation, and cross-track error criteria. In cases
where no locomotive is present, the wagons are chained together as a “wagon-only
consist.” To improve temporal stability, the system incorporates a rigid-body drag
mechanism that reduces fluctuations caused by GPS noise, ensuring that consist
structures remain stable across successive ticks, even when trains traverse curves.

Once these assignments are finalized, the processed results are stored in a
PostgreSQL database. The database schema includes tables for wagon-to-locomotive
assignments, consist history, and locomotive snapshots, enabling both real-time
monitoring and historical analytics. To support efficient visualization, the frontend
queries this database periodically. The map view is refreshed at regular intervals,
displaying locomotive and wagon positions, consist structures, and anomaly indicators
such as unassigned wagons.

Finally, the architecture accounts for scalability. Kafka inherently supports
horizontal scaling, allowing multiple consumer instances to be deployed across nodes.
This enables parallel ingestion and processing of GPS data, making the design
suitable for large-scale deployments involving hundreds of locomotives and thousands
of wagons. Thus, while the current prototype focuses on proof-of-concept validation,
the system can be extended to production scenario.
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The complete workflow is illustrated in Figure 3.1, which shows the sequential
flow of information from the GPS simulator through Kafka, Flask processing, Kalman
filtering, assignment logic, database storage, and finally visualization.

GPS Data Simulator
(JSON messages)

Apache Kafka
(Streaming Broker)

Flask Consumer
(Validation + Tick Alignment)

Kalman Filter
(Signal Recovery)

Connected Components + Assignment
(Distance, Angle, Rigid-body Drag)

PostgreSQL Database
(Assignments + Snapshots)

Frontend (Flask + Leaflet)
Live Map + Historical View

Figure 3.1: System data flow
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4
Implementation

This section outlines the detailed implementation strategy used in designing the
Real-time Asset Tracking and Management Information System (RATMIS). The
design focuses on ensuring accurate, real-time visibility of locomotives and wagons
by combining signal prediction, time synchronization, deterministic assignment logic,
and a visualization layer. The following subsections describe the backend modules
and their interactions, beginning from data simulation, ingestion and subscribing
Kafka topics, and progressing through Kalman filtering, tick alignment, wagon-to-
locomotive assignment, database persistence, and user interface integration.

4.1 GPS Data Simulation
In order to test and validate the asset tracking platform without requiring real GPS
data from physical trains, we developed a synthetic GPS simulation module using
Python. The primary objective was to model realistic movements of multiple trains
with multiple wagons across predefined coordinates, introducing variability in speed,
direction, spacing, and signal integrity.

Each simulated train (represented as a locomotive) was associated with three
wagons. The simulation logic mimicked the real-world behavior of a moving train
where wagons trail behind the locomotive with fixed longitudinal offsets of 10 m, 20
m, and 30 m. To create more complex scenarios, the simulator can also generate
two trains running in parallel, offset laterally by 25 m, testing how the assignment
system separates them.

Trains accelerate smoothly from rest, maintain cruise speed, and decelerate
toward the end of the journey. GPS coordinates are generated by incrementally
shifting the locomotive position using geospatial calculations, with each wagon’s
location derived by applying its fixed offset relative to the locomotive. To simulate
signal loss scenarios, wagons occasionally emit missing (NaN) latitude or longitude
values. These noisy readings are essential to test the robustness of the filtering and
assignment algorithms.

The simulated messages are serialized in JSON format and published to a Kafka
topic named gps_train_location topic to mimic live streaming from physical
assets. A CSV log of the generated data is also maintained to serve as ground truth
for evaluation.
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4.2 Kafka Producer and Consumer Workflow
Real-time data streaming in the system is powered by Apache Kafka. The GPS
data simulator, described previously, acts as a Kafka producer, continuously publish-
ing JSON-formatted messages to the gps_train_location topic. Each message
contains metadata such as vehicle ID, object type, timestamp, and geographic
coordinates, simulating the live signals one would expect from locomotives and
wagons.

On the backend, a Kafka consumer is embedded within a Flask application.
This consumer subscribes to the GPS topic and sequentially processes incoming
messages. Upon receiving a message, the system deserializes and validates its contents
before appending it to a rolling buffer that holds the most recent observations for
each vehicle. This sliding window allows the backend to access short-term history
for prediction and consistency checks. To avoid processing outdated or irrelevant
messages, a cleanup routine periodically removes entries older than forty seconds,
ensuring that all subsequent operations work on fresh and timely data.

4.3 Kalman Filter Prediction Logic
Railway environments often present challenges for continuous GPS tracking because
of tunnels, dense infrastructure, and other factors that lead to noisy or missing signals.
To address this, the system applies a Kalman filter, a mathematical framework for
estimating unknown variables from noisy data. The filter is particularly suitable here
because train movements can be described using relatively simple linear dynamics,
and the uncertainty in GPS readings can be modeled as Gaussian noise. This makes
the Kalman filter both efficient and accurate for real-time railway tracking.

The system represents each vehicle with a state vector that includes both its
position and velocity in a local planar coordinate system. By converting latitude
and longitude into projected coordinates in meters, the state becomes:

xk =


px

py

vx

vy


where px, py are the vehicle’s position components and vx, vy are the velocity

components. This formulation allows the filter not only to track where the vehicle
is but also to predict how it is moving, which is essential when GPS updates are
unavailable.

The prediction step advances the state forward in time using a constant-
velocity model. Assuming a time step ∆t, the state evolves as:

xk|k−1 = F xk−1|k−1 + wk
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with transition matrix

F =


1 0 ∆t 0
0 1 0 ∆t
0 0 1 0
0 0 0 1

 .

Here, wk is process noise, capturing small unmodeled accelerations or distur-
bances. The covariance of the state estimate is also updated in this step to reflect
growing uncertainty as time progresses.

Whenever a new GPS reading is available, the update step corrects the
predicted state. Observations are expressed as:

zk = Hxk + vk,

where zk contains the measured position, H is the observation matrix selecting
position components, and vk is the measurement noise. The Kalman gain is defined
as:

Kk = Pk|k−1H
T

(
HPk|k−1H

T + R
)−1

,

which determines how much the filter should trust the new GPS reading com-
pared to its own prediction. The corrected state is then computed as:

xk|k = xk|k−1 + Kk

(
zk − Hxk|k−1

)
,

and the covariance is reduced to reflect improved certainty.

The filter operates seamlessly even when data is incomplete. If a GPS reading
is missing or corrupted, the system simply skips the update step and continues with
prediction alone. This allows trajectories to remain smooth and uninterrupted, filling
in gaps where GPS would otherwise fail. Beyond providing estimated latitude and
longitude, the filter also yields an estimated speed, computed as:

v̂ =
√

v2
x + v2

y.

This velocity estimate is not only useful for consistency checks but also serves
as input to later modules such as tick synchronization and rigid-body drag modeling.

In summary, the Kalman filter enables the system to overcome one of the biggest
limitations of GPS tracking in railways: unreliability in harsh environments. By
combining predictions from a motion model with noisy GPS readings, it produces
reliable, continuous, and smooth position and velocity estimates. These estimates
ensure that locomotives and wagons remain trackable even when signals drop out,
which is crucial for building a robust, real-time railway asset tracking system.
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4.4 Tick Synchronization and Staleness Handling
A major improvement in the system is the introduction of time synchronization
through fixed ticks. Every vehicle update is aligned to a five-second tick, providing a
consistent temporal framework across the system. Since not all GPS messages arrive
exactly on tick boundaries, the system projects positions forward or backward to the
nearest tick using velocity and heading estimates. The result is a set of tick-aligned
coordinates that represent all vehicles at the same instant in time.

Alongside tick alignment, the system introduces staleness checks. Each vehicle’s
synchronized state records the original timestamp, the tick timestamp, and the age
difference between the two. If this age exceeds a tolerance (around three seconds), the
data is marked as stale. This ensures that outdated wagon readings are not paired
with fresh locomotive data, preventing false assignments. By anchoring all logic to
synchronized ticks and actively flagging stale information, the system guarantees
that spatial comparisons are both fair and temporally consistent.

Figure 4.1 illustrates the overall flow of tick synchronization and staleness
handling. Incoming GPS messages are first mapped to the nearest five-second tick. If
the projection is within the allowed tolerance, the adjusted coordinates are accepted;
otherwise, they are flagged as stale. The clean, synchronized data is then used for
subsequent assignment logic.

Incoming GPS Message

Project to Nearest 5s Tick Staleness Check
(Age > 3s?)

Mark as Stale DataTick-Aligned Coordinates

Consistent Data for Assignment

YesNo

Figure 4.1: Flow diagram of tick synchronization and staleness handling.
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4.5 Consist Formation with Connected Compo-
nents and Rigid-Body Drag

Once vehicles are synchronized, the system proceeds to form train consists by grouping
wagons and locomotives. Vehicles are treated as nodes in a graph, and an edge is
drawn between two vehicles if they are within 20 m of one another. The connected
component containing the current vehicle is then extracted and used to infer consist
structure.

If a locomotive is present in the component, wagons are assigned to the nearest
locomotive subject to multiple gates:

• Maximum distance of 60 m

• Heading alignment within an angular threshold

• Cross-track offset not exceeding 12 m

If no locomotive is present, the wagons are grouped together into a provisional
chain. To enhance stability, the system incorporates rigid-body drag, where wagons
inherit the locomotive’s displacement between ticks. This means that when the
locomotive moves forward, its wagons are carried along by the same translation, and
once a stable heading is available, wagons are also rotated around the locomotive’s
trajectory. The effect is that wagons follow smoothly through curves and maintain
realistic spacing, avoiding the jitter that can occur with raw GPS or clustering-only
methods.

Each assignment is annotated with a validation label that reflects its reliability.
Wagons with fresh, synchronized data are marked as “YES,” while those assigned
during early heading estimation are marked as “PROVISIONAL.” Stale readings
result in “STALE_WAGON” or “STALE_LOCO,” and wagon-only groups are
identified as “CHAIN” or “NO.” This classification gives operators a transparent
view of assignment quality at each tick.

Figure 4.2 illustrates the flow of consist formation and assignment. Vehicles
are first mapped into connected components, then validated against gating rules.
Depending on locomotive presence, wagons either attach to locomotives or form
provisional chains. Finally, rigid-body drag ensures smooth motion and reliability
labels classify the result.

4.6 PostgreSQL Schema and Data Persistence
To ensure durability and analytical capability, all processed results are stored in a
PostgreSQL database. Two main tables are maintained. The assignments table
records every wagon update with its filtered coordinates, assigned locomotive, dis-
tance, validation state, and associated audit timestamps, including which locomotive
and wagon readings were used in the calculation. The locomotive_assignments
table stores the latest locomotive position along with a JSON list of its assigned
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wagons, supporting efficient visualization queries.

PostgreSQL indexing is applied to frequently queried fields such as vehicle_id
and timestamp, ensuring that the system can efficiently retrieve both live and
historical data. The schema design balances relational consistency with flexibility,
supporting advanced queries such as anomaly detection and historical performance
analysis.

4.7 User Interface and Visualization Layer
The processed assignments are visualized through a web interface developed with
Flask and Leaflet.js. This interface provides operators with real-time situational
awareness of train movements across the network.

The All Train view displays all locomotives and wagons on a live map, updating
automatically every ten seconds. Locomotives are shown as triangles and wagons
as circles or squares, with color codes representing assignment. Trails depict recent
movements, and interactive popups provide metadata including vehicle ID, timestamp,
assigned locomotive, and validation status.

For deeper analysis, a per-wagon view allows users to track the trajectory of a
specific wagon. This view highlights anomalies, such as unassigned positions, and
provides historical logs of movements and assignments in tabular form. These insights
are delivered through dedicated Flask routes that query PostgreSQL for both raw
and processed data.

By combining tick-aligned backend logic with a map-centric visualization layer,
the system ensures that complex prediction and assignment decisions are communi-
cated in an intuitive and accessible manner. Operators can thus monitor, validate,
and analyze train compositions in real time without needing to engage with the
underlying algorithms.
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Start with
Synchronized Vehicles

Build Graph of Vehicles
(edges if within 20 m)

Extract Connected Component

Locomotive Present?

Apply Gating Rules:
• Distance ≤ 60 m

• Heading alignment
• Cross-track ≤ 12 m

Rigid-Body Drag:
Translate + Rotate wagons based on locomotive movement

Validation Labels:
YES / PROVISIONAL / STALE_WAGON / STALE_LOCO

Form Provisional Chain
(No locomotive)

Validation Label: CHAIN or NO

Yes

No

Figure 4.2: Detailed flow of consist formation with connected components, gating
rules, rigid-body drag, and assignment validation.

23



4. Implementation

24



5
Results

5.1 Evaluation of the System
The evaluation compares predicted wagon–locomotive assignments against ground
truth over a recent one-hour window. Predictions come from the assignments
table and include the wagon identifier, the predicted locomotive, the predicted
wagon position, a predicted distance to the locomotive, and a timestamp. Ground
truth locomotive labels are reconstructed deterministically from the wagon identifier
prefix (e.g., “1000-series → Locomotive_1”), which gives a true locomotive for each
(wagon_id, ts) pair. When a simulator CSV is present, true wagon positions are also
loaded, and timestamps on both sides are parsed and normalized to UTC with a
robust datetime parser to avoid time-zone or suffix issues. This ensures that time
alignment and downstream error calculations are fair and repeatable.

Predictions and ground truth positions are matched by a nearest-neighbor time
join that permits a tolerance of ±10 seconds, with an option to snap both streams to
a five-second grid before the merge. The join returns a per-row variable match_age_s,
so we know exactly how far each matched pair is apart in time. Position errors are
computed only for tight matches to avoid penalizing the model for clock drift. This
matching logic is implemented in the function nearest_time_join, which also sorts
and type-aligns inputs to make the as-of merge reliable.

Two distance-aware confidence scores are computed for each prediction. The
first is a simple exponential score, exp(−d/scale), which falls off smoothly with
distance. The second is a multi-wagon spacing score that becomes large when the
measured wagon–locomotive distance is close to an integer multiple of the effective
wagon spacing (≈ 10 m ×

√
2 ≈ 14.14 m in this simulator). The multi-spacing score

penalizes the residual distance from the nearest multiple, capturing the physical
layout of a train. It is particularly effective here because correct assignments line up
with that geometry. A threshold τ is selected by sweeping τ from 0.05 to 0.95 and
choosing the value that maximizes the F1 score on the evaluation set, which yields a
principled operating point that balances precision and recall.

Once a score and threshold are fixed, predictions are treated as “correct” or
“incorrect,” and standard classification metrics are computed. Accuracy is the overall
fraction of correct decisions. Precision measures what fraction of predictions labeled
“correct” truly are correct. Recall measures what fraction of all truly correct cases
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the system manages to capture. The F1 score is the harmonic mean of precision
and recall. Balanced accuracy is also reported to account for class imbalance. A
confusion matrix provides the raw counts of true negatives, false positives, false
negatives, and true positives. In addition, a precision–recall (PR) curve is traced
from the continuous scores to compute AUPRC, a threshold-free summary of ranking
quality. All of these calculations are performed with the same inputs used for the
confusion matrix, ensuring consistency.

Temporal behavior is assessed per wagon. The flip rate measures how often the
predicted locomotive changes between consecutive timestamps. The ID-switch rate
measures how often such a flip happens while the true locomotive stayed the same,
i.e., a spurious oscillation. These stability statistics are summarized across wagons to
reveal jitter that may be visually distracting in live dashboards even when accuracy
is high. Coverage is also reported when simulator truth is available, indicating the
fraction of rows that could be matched closely in time for spatial error calculations.

Table 5.1: Evaluation metrics.

Metric Value
Assignment Accuracy 88%
Classification Accuracy 94%
Precision 1.00
Recall 0.93
F1 Score 0.97
AUPRC 0.997

Table 5.1 shows the headline results for this run. Assignment accuracy is 88%
when measured as a direct label match without thresholding. After converting the
distance-based score to a decision, the system attains 94% classification accuracy.
Precision is 1.00, meaning the system made no false-positive acceptances—whenever
it said an assignment was correct, it was correct. Recall is 0.93, reflecting a small
number of misses, and the resulting F1 score is 0.97, confirming an excellent balance
between precision and recall. The AUPRC is 0.997, which indicates that the score
cleanly separates correct from incorrect assignments across thresholds, not only at
the chosen operating point. These numbers are consistent with a conservative system
that almost never accepts a wrong match, at the cost of occasionally rejecting a true
one.

The distance plots in Figures 5.1 and 5.2 are especially diagnostic. Correct
assignments cluster neatly around expected wagon spacing multiples, while incorrect
assignments fall at scattered, irregular distances. This geometric separation explains
why the distance-based scoring and thresholding produce such strong classification
results.

Figure 5.3 confirms this numerically. The absence of false positives explains the
perfect precision of 1.00, while the 11 false negatives account for the recall of 0.93.
If desired, the threshold τ could be tuned to slightly increase recall at the cost of
marginally reducing precision.
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Figure 5.1: Histogram of distances to locomotive for correct assignments.

Figure 5.2: Histogram of distances to locomotive for incorrect assignments.

Finally, Figure 5.4 shows the PR curve, where the AUPRC of 0.997 highlights the
robustness of the scoring method across thresholds, not just at the chosen operating
point. This curve indicates that the system can achieve different trade-offs between
precision and recall with very little degradation in overall decision quality.

Table 5.2: Stability results.

Statistic Value
Flip rate (per wagon) ≈ 10%
ID switch rate (per wagon) ≈ 10%

In summary, the evaluation pipeline loads predictions, reconstructs ground
truth, and aligns both streams in time. It then scores each row using geometry-
aware distance functions and selects an operating threshold to balance precision
and recall. With these settings, the system achieves 88% assignment accuracy, 94%
classification accuracy, perfect precision, 0.93 recall, 0.97 F1, and a near-perfect
AUPRC of 0.997. The figures corroborate the story: correct cases conform to physical
spacing, incorrect cases do not, and the PR curve indicates robust separability. The
principal improvement area is temporal steadiness, which can be addressed with
simple smoothing while preserving the model’s strong decision quality.
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Figure 5.3: Confusion matrix of predicted vs. true assignments.

Figure 5.4: Precision–Recall (PR) curve for the assignment system.
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6.1 Future Work
Although this thesis has demonstrated a software-simulated framework for wagon–locomotive
assignment, several important directions remain open for further investigation. A
primary next step is validation with real-world GPS data collected from locomotives
and wagons operating under true conditions. Such data would expose the algorithms
to multipath interference in dense cities, long GPS outages in tunnels, and the
device-specific behaviors of railway telematics units such as reporting delays or
power-saving modes. Testing against these operational realities would determine how
well the high accuracy achieved in simulation translates into practice.

Another avenue for future work is the integration of additional data sources
beyond GPS. While technologies such as axle counters, RFID tags, or track circuits
are insufficient as standalone solutions because they only provide point detections,
they can serve as valuable redundant inputs when fused with continuous GPS-based
tracking. For example, Digital Automatic Coupling telemetry could verify the
physical connections between wagons, RFID or axle counters at strategic nodes could
serve as cross-checks to increase reliability, and inertial measurement units could
offer dead-reckoning capability during GPS gaps. Combining these heterogeneous
sources would increase robustness in environments where GPS alone is ambiguous,
particularly in dense yards with many parallel tracks or during prolonged signal loss.

The current implementation has been demonstrated at the level of a few locomo-
tives and wagons, but railway operations involve hundreds of trains and thousands of
wagons moving simultaneously. Scaling the system to this level requires distributed
processing across Kafka partitions, optimized database schemas for long-term storage,
and careful latency management to guarantee that operators and dispatchers receive
timely results. Stress-testing at network scale would show whether the framework is
capable of supporting the demands of infrastructure managers.

It is also important to situate the framework within the broader landscape of
European railway digitalisation. Projects such as the European Rail Traffic Manage-
ment System and Digital Automatic Coupling will require live digital composition
data to manage traffic, automate yard operations, and optimise capacity. Future
research should examine how the methods developed in this thesis can be integrated
with these initiatives to contribute to the wider transformation of railways.

29



6. Conclusion

Finally, an especially promising direction is the application of this framework
to autonomous or remotely operated freight trains. In such cases there is no crew
onboard to confirm wagon attachments or update manifests manually, so continuous
and automated assignment becomes the foundation of safe operations. A validated
assignment pipeline that maintains accuracy and stability under GPS noise, dropouts,
and asynchronous updates would serve as the digital backbone for these emerging
autonomous systems.

6.2 Conclusion
This thesis has addressed the problem of real-time wagon–locomotive assignment
under the constraints of noisy, missing, and asynchronous GPS-like data. While the
railway industry has long relied on static departure manifests and infrastructure-
based detection technologies, these methods are no longer sufficient in modern freight
operations where train compositions change dynamically, signals are unreliable, and
supply chains require constant visibility.

The work presented here demonstrates that a software-only pipeline can over-
come these limitations. Using Kafka for streaming, Kalman filtering for predictive
smoothing, tick alignment for temporal synchronization, and graph-based determinis-
tic grouping for composition inference, the system was able to transform fragmented
GPS data into a coherent and continuous digital record of train composition. Sta-
bility was reinforced by distance and angle gating, stickiness rules, and rigid-body
drag modeling, all of which ensured that wagons remained consistently linked to the
correct locomotive even under noisy or incomplete conditions.

Evaluation results confirm the effectiveness of this approach. The system
achieved an assignment accuracy of nearly ninety percent in its baseline form, with
refined thresholds producing an F1 score of 0.97. Precision was perfect at 1.0,
meaning the system did not generate false assignments, while recall of 0.93 indicated
that the majority of true assignments were successfully recovered. Stability analysis
showed that assignments did not fluctuate excessively, with flip and ID-switch rates
around ten percent, and the precision–recall curve demonstrated robustness with an
area under the curve close to 0.997. Together, these results provide strong evidence
that the framework can deliver reliable real-time train composition even when GPS
data is incomplete or misaligned.

Although limited to a simulated environment, the thesis contributes a validated
proof of concept that predictive filtering combined with deterministic rules can
address a problem that existing GPS-only or infrastructure-only approaches have
not solved. The key contributions are the development of a simulation framework
for realistic GPS-like data generation, the integration of predictive and deterministic
methods into a complete processing pipeline, and the demonstration of high accuracy,
precision, and stability under controlled but challenging conditions.

In conclusion, the research shows that real-time digital train composition is both
achievable and necessary. By ensuring accurate wagon–locomotive assignments, the
framework supports safer braking distance calculations, more reliable logistics opera-
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tions, and greater readiness for the next generation of autonomous and digitalised
rail freight systems. While future validation on real-world data remains essential,
this work lays the foundation for reliable, scalable, and operationally meaningful
solutions to one of the central challenges of modern rail freight.
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A
Appendix

A.1 Algorithms and Mathematical Models

A.1.1 Kalman Filter Function
The Kalman filter is implemented in Python as:

def apply_kalman_filter(df_in: pd.DataFrame) -> pd.DataFrame:
if df_in is None or len(df_in) == 0:

return df_in

df = df_in.copy()
# Normalize and sort time
df['timestamp'] = pd.to_datetime(df['timestamp'], utc=True, errors='coerce')
df = df.sort_values('timestamp').reset_index(drop=True)

# Helpers: lat/lon <-> local meters (simple, accurate enough for city-scale)
R_EARTH = 6371000.0 # meters

# choose reference as first non-null lat/lon
if df['latitude'].notna().any() and df['longitude'].notna().any():

lat0 = float(df.loc[df['latitude'].notna().idxmax(), 'latitude'])
lon0 = float(df.loc[df['longitude'].notna().idxmax(), 'longitude'])

else:
# nothing valid, just return placeholders
df['latitude_pred'] = df['latitude']
df['longitude_pred'] = df['longitude']
df['speed_pred_mps'] = np.nan
return df

clat = math.cos(math.radians(lat0))

def ll_to_xy(lat, lon):
if pd.isna(lat) or pd.isna(lon):

return np.nan, np.nan
x = math.radians(lon - lon0) * clat * R_EARTH
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y = math.radians(lat - lat0) * R_EARTH
return x, y

def xy_to_ll(x, y):
lon = lon0 + math.degrees(x / (R_EARTH * clat))
lat = lat0 + math.degrees(y / R_EARTH)
return lat, lon

# Build observation arrays in meters
obs_x = []
obs_y = []
for lat, lon in zip(df['latitude'].tolist(), df['longitude'].tolist()):

x, y = ll_to_xy(lat, lon)
obs_x.append(x)
obs_y.append(y)

obs_x = np.array(obs_x, dtype=float)
obs_y = np.array(obs_y, dtype=float)

# time deltas
ts = df['timestamp'].values
tsec = (ts.astype('datetime64[ns]').astype(np.int64) / 1e9).astype(float)

dt_arr = np.maximum(1e-3, np.diff(tsec, prepend=tsec[0]))

# State: [x, y, vx, vy]^T
x = np.zeros((4, 1), dtype=float)

# Initial position from first available observation
if np.isnan(obs_x[0]) or np.isnan(obs_y[0]):

# if first is missing, try to find first non-nan
first_idx = int(np.where(~(np.isnan(obs_x) | np.isnan(obs_y)))[0][0])
x[0, 0] = obs_x[first_idx]
x[1, 0] = obs_y[first_idx]

else:
x[0, 0] = obs_x[0]
x[1, 0] = obs_y[0]

# Initial velocity from first displacement if possible (else 0)
if len(obs_x) >= 2:

j = 1
# find the next non-nan obs to estimate initial velocity
while j < len(obs_x) and (np.isnan(obs_x[j]) or np.isnan(obs_y[j])):

j += 1
if j < len(obs_x):

dt0 = max(1e-3, tsec[j] - tsec[0])
x[2, 0] = (obs_x[j] - x[0, 0]) / dt0

II



A. Appendix

x[3, 0] = (obs_y[j] - x[1, 0]) / dt0

# Covariance
P = np.eye(4, dtype=float) * 100.0

# Process/measurement models
H = np.array([[1, 0, 0, 0],

[0, 1, 0, 0]], dtype=float)

# Measurement noise (meters). Smartphone GNSS ~ 5–10 m typically.
sigma_meas = 6.0
Rm = np.array([[sigma_meas**2, 0],

[0, sigma_meas**2]], dtype=float)

# Acceleration (process) noise (m/s^2). Tuned conservative.
sigma_a = 1.5

lat_pred_list = []
lon_pred_list = []
spd_pred_list = []

for i in range(len(df)):
dt = float(dt_arr[i])
# State transition
F = np.array([[1, 0, dt, 0],

[0, 1, 0, dt],
[0, 0, 1, 0],
[0, 0, 0, 1]], dtype=float)

# Process noise Q for constant-acceleration white noise
dt2 = dt * dt
dt3 = dt2 * dt
q = sigma_a**2
Q = np.array([[dt3/3, 0, dt2/2, 0],

[0, dt3/3, 0, dt2/2],
[dt2/2, 0, dt, 0],
[0, dt2/2, 0, dt]], dtype=float) * q

# Predict
x = F @ x
P = F @ P @ F.T + Q

# Predicted speed (for gating + output)
spd_pred = float(math.hypot(x[2, 0], x[3, 0]))
# Adaptive gate: allow at least 100 m or ~4 seconds of motion
gate_m = max(100.0, 4.0 * spd_pred * dt)
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# Measurement update (if available & within gate)
zx = obs_x[i]
zy = obs_y[i]
z_valid = not (np.isnan(zx) or np.isnan(zy))
if z_valid:

# innovation
y_res = np.array([[zx - x[0, 0]],

[zy - x[1, 0]]], dtype=float)
# gate on Euclidean distance
if (y_res[0, 0]**2 + y_res[1, 0]**2) <= (gate_m * gate_m):

S = H @ P @ H.T + Rm
K = P @ H.T @ np.linalg.inv(S)
x = x + K @ y_res
I = np.eye(4)
P = (I - K @ H) @ P

else:
# reject as outlier, keep prediction only
pass

# Store outputs (predicted lat/lon always available)
lat_p, lon_p = xy_to_ll(x[0, 0], x[1, 0])
lat_pred_list.append(lat_p)
lon_pred_list.append(lon_p)
spd_pred_list.append(spd_pred)

df['latitude_pred'] = lat_pred_list
df['longitude_pred'] = lon_pred_list
df['speed_pred_mps'] = spd_pred_list
return df

A.1.2 Rigid-Body Drag Logic
The rigid-body drag logic is implemented as:

def _rigid_drag(prev_anchor, loco_lat_now, loco_lon_now):
lat_ref = float(prev_anchor['llat'])
lon_ref = float(prev_anchor['llon'])
wlat_prev = float(prev_anchor['wlat'])
wlon_prev = float(prev_anchor['wlon'])

m_per_deg_lat, m_per_deg_lon = _meters_per_deg(lat_ref)

# previous offset (meters) from loco->wagon in ENU
off_x = (wlon_prev - lon_ref) * m_per_deg_lon
off_y = (wlat_prev - lat_ref) * m_per_deg_lat
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# loco heading now (prev loco -> current loco)
hdg_now = _bearing_deg(lat_ref, lon_ref, loco_lat_now, loco_lon_now)
hdg_prev = prev_anchor.get('hdg_deg', None)

# loco translation in ENU (meters) relative to previous loco
dx = (loco_lon_now - lon_ref) * m_per_deg_lon
dy = (loco_lat_now - lat_ref) * m_per_deg_lat

if hdg_prev is None:
# first step: no rotation estimate yet; do pure translation
x_new = off_x + dx
y_new = off_y + dy

else:

dpsi_deg = ((hdg_now - hdg_prev + 540.0) % 360.0) - 180.0
# wrap to [-180,180]
dpsi = math.radians(dpsi_deg)
cosd, sind = math.cos(dpsi), math.sin(dpsi)
x_rot = cosd * off_x - sind * off_y
y_rot = sind * off_x + cosd * off_y
x_new = x_rot + dx
y_new = y_rot + dy

# back to lat/lon
wlat_new = lat_ref + y_new / m_per_deg_lat
wlon_new = lon_ref + x_new / m_per_deg_lon
return float(wlat_new), float(wlon_new), float(hdg_now)

This applies a rotation + translation to the wagon’s previous offset relative to
the locomotive, maintaining consist alignment.

A.2 Experimental Setup

• Simulator: Python-based, generating wagon/locomotive traces with config-
urable offsets and noise.

• Data Transport: Kafka (v3.5.0) used for distributed streaming.

• Backend: Flask (v2.2) consumer handling filtering and assignment.

• Database: PostgreSQL (v14) for persistence.

• Hardware: Intel r5 laptop with 16 GB RAM, Ubuntu 22.04.
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A.3 User Interface Snapshots

This appendix provides screenshots of the developed web frontend and system views.
The figures illustrate different components, including assignment tables, user interface
pages, and both raw and processed views.

Figure A.1: Wagon Assignments Table

Figure A.2: Locomotive Assignments Table
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Figure A.3: User Interface Webpage

Figure A.4: Raw View Webpage

Figure A.5: Processed Individual Wagon View
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Figure A.6: All Train View

A.4 Acronyms

Acronym Description
ACID Atomicity, Consistency, Isolation, Durability
API Application Programming Interface
AUPRC Area Under the Precision–Recall Curve
CSV Comma-Separated Values
DBSCAN Density-Based Spatial Clustering of Applications with Noise
GPS Global Positioning System
ID Identifier
JSON JavaScript Object Notation
PR Curve Precision–Recall Curve
RFID Radio-Frequency Identification
RATMIS Real-time Asset Tracking and Management Information System
UI User Interface
UTC Coordinated Universal Time

Table A.1: List of Acronyms used in this thesis.
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A.5 Glossary

Term Definition
Assignment Accuracy Percentage of correct wagon–locomotive assignments
Axle Counters Trackside devices counting wheel axles
Connected Components Graph-based grouping of vehicles by distance
Confusion Matrix Evaluation table comparing predictions vs. truth
Event-Driven Architecture Asynchronous design pattern used in the system
Evaluation Metrics Accuracy, precision, recall, F1, etc.
F1 Score Harmonic mean of precision and recall
Flask Lightweight Python web framework
Kalman Filter Estimation method for smoothing and prediction
Kafka Apache Kafka message broker for event streaming
Leaflet.js JavaScript library for interactive maps
Locomotive Assignments Table Database table for locomotive–wagon data
Multipath Interference GPS error from reflected signals
Noise (GPS) Random fluctuations in GPS accuracy
Parallel Tracks Problem Misassignments from GPS noise across nearby tracks
PostGIS Spatial extension for PostgreSQL
PostgreSQL Relational database used in the system
Precision Fraction of correct positive predictions
Recall Fraction of true positives captured
Rigid-Body Drag Consist modeling method that propagates locomotive

movement
Simulator (GPS Data Simulator) Module generating synthetic GPS signals
Staleness Handling Labeling outdated GPS data
Tick Synchronization Aligning all vehicles to fixed time steps
Wagon–Locomotive Assignment Core process of linking wagons to locomotives
Wagon Chain Group of wagons provisionally linked without locomo-

tive
Flip Rate Metric showing how often predicted locomotive changes

over time
ID-Switch Rate Metric showing spurious assignment flips when the true

locomotive remains unchanged

Table A.2: Glossary of key terms used in this thesis.

IX


	List of Figures
	List of Tables
	Introduction
	Problem Statements
	Purpose and Research Questions
	What to Expect in This Thesis

	Background and Related Work
	The Scale and Complexity of Freight Trains
	Why Traditional Methods Fall Short
	The Challenge of GPS Data in the Real World
	Consequences of Not Knowing Train Composition
	Why Missing Data Must Be Predicted, Not Ignored
	Computational Methods in Rail Systems

	System Architecture and Design
	High-Level Architecture Overview
	Technology Stack Justification
	Component Roles and Functional Design
	Data Flow and Interaction Design

	Implementation
	GPS Data Simulation
	Kafka Producer and Consumer Workflow
	Kalman Filter Prediction Logic
	Tick Synchronization and Staleness Handling
	Consist Formation with Connected Components and Rigid-Body Drag
	PostgreSQL Schema and Data Persistence
	User Interface and Visualization Layer

	Results
	Evaluation of the System

	Conclusion
	Future Work
	Conclusion

	Bibliography
	Appendix
	Algorithms and Mathematical Models
	Kalman Filter Function
	Rigid-Body Drag Logic

	Experimental Setup
	User Interface Snapshots
	Acronyms
	Glossary


