DEGREE PROJECT IN VEHICLE ENGINEERING
SECOND CYCLE, 30 CREDITS
STOCKHOLM, SWEDEN 2025

By,
FKTHS

VETENSKAP g}'
289 OCH KONST Q%

Be o

Q%X‘%b

Study on train driving strategies in virtual
coupling operation

DANLIN FANG







VETENSKAP
28 OCH KONST Q%

Boatt

Study on train driving strategies in virtual
coupling operation

DANLIN FANG

Master’s Programme, Vehicle Engineer

Supervisor: William Z. Liu

Examiner: Sebastian Stichel

MSc in Vehicle Engineering, School of Engineering Sciences
Swedish title: Strategier for att kora virtuellt kopplade tag

Date: 2025-12-05






Abstract

Virtual coupling (VC) is a promising train operation concept that uses
train-to-train communication and cooperative control to enable short
inter-train spacing and increase line capacity without major infrastructure
upgrades. Its application to heavy-haul railways, however, remains
challenging because of long train formations, complex track conditions, large
system inertia, and strict safety requirements. This thesis therefore
investigates driving strategies for heavy-haul trains operating under virtual
coupling.

A longitudinal simulation framework is developed for a two-train
leader—follower scenario. Based on a single-point dynamics model, a
multi-point treatment of track inputs is introduced to account for train-length
effects through equivalent gradient and equivalent curve radius.
Communication delay and actuation delay are included, and a predictive
safety layer is incorporated to constrain the admissible acceleration near the
safety limit. On this basis, a velocity-based artificial potential field (APF)
control strategy is proposed, and the control demand is mapped to traction,
regenerative braking, and mechanical braking commands.

Simulation results based on the LKAB heavy-haul line and IORE train data
show that the proposed method can reproduce the key longitudinal operating
characteristics of heavy-haul virtual coupling and maintain safe and stable
train following during start-up, cruising, stopping, and restart. Compared
with conventional feedback control, the APF-based strategy provides
smoother following behaviour, better suppression of speed oscillations, and
improved spacing stability. The parameter study further indicates that a
start-up delay of 30—60 s, an acceleration constraint of +0.3 m/s2, and an
initial/target spacing of around 200 m lead to favourable overall operating
performance.
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Sammanfattning

Virtuell koppling (VC) ar ett lovande koncept for tdgdrift som anvander
kommunikation mellan tdg och samverkande styrning for att mojliggora korta
avstand mellan tag och oka linjekapaciteten utan storre uppgraderingar av
infrastrukturen. Tillimpningen pa jarnvagar for tung godstrafik ar dock
fortfarande utmanande pa grund av langa tagsatt, komplexa sparforhallanden,
stor systemtréghet och strikta siakerhetskrav. Denna avhandling undersoker
darfor korstrategier for tunga godstag som framfors under virtuell koppling.

Ett longitudinellt simuleringsramverk utvecklas for ett scenario med tva tag i
en leader—follower-konfiguration. Med utgadngspunkt i en enpunktsmodell for
tdgdynamik infors en flerpunktsbehandling av sparindata for att ta hansyn till
taglangdens inverkan genom ekvivalent lutning och ekvivalent kurvradie.
Kommunikationsfordrojning och aktueringsfordrojning inkluderas, och ett
prediktivt sdkerhetslager infors for att begransa den tilldtna accelerationen
nara siakerhetsgransen. P4 denna grund foreslas en hastighetsbaserad
styrstrategi baserad pa artificiellt potentialfalt (APF), och styrsignalen mappas
vidare till kommandon for dragkraft, regenerativ bromsning och mekanisk
bromsning.

Simuleringsresultat baserade pa data fran LKAB:s bana for tung godstrafik
och IORE-tag visar att den foreslagna metoden kan aterge de viktigaste
longitudinella driftegenskaperna hos virtuell koppling for tung godstrafik och
uppratthalla saker och stabil tagfoljning vid igangkorning, fard i konstant
hastighet, stopp och aterstart. Jamfort med konventionell
aterkopplingsstyrning ger den APF-baserade strategin jamnare tdgf6ljning,
battre dampning av hastighetsoscillationer och forbattrad stabilitet i
tdgavstandet. Parameterstudien visar vidare att en startfordr6jning pa 30—60
s, en accelerationsbegransning pa +0.3 m/s2 och ett initialt/malsatt
tagavstand pa omkring 200 m ger gynnsam total driftprestanda.

Keywords

Virtuell koppling, Tungt godstag, Korstrategi, Samverkande styrning,
Artificiellt potentialfilt, Longitudinell tagdynamik
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1 Introduction

1.1 Background

Rail transport plays a central role in modern integrated transport systems for
long-distance, high-volume freight. In particular, it provides large capacity, low
cost, and reliable services for the long-term and stable movement of
commodities such as ore and coal, which are difficult to replace with road or
waterway transport. For heavy-haul corridors that primarily serve goods export,
transport capacity on existing infrastructure has become a key bottleneck for
regional logistics efficiency and industrial development. Therefore, studying the
operating characteristics and control methods of heavy-haul trains to increase

capacity is of clear engineering relevance and practical importance.

Compared with passenger trains, heavy-haul trains are generally longer and
heavier, and have more complex operating environments. They are highly
sensitive to gradients, curve radius, aerodynamic drag, and available traction.
Any speed variation is amplified by the large mass, leading to long braking
distances, large longitudinal force impacts, less room for corrective control
action, and greater control difficulty than short freight or passenger trains. At
the same time, heavy-haul lines often traverse mining areas, mountainous
regions, or coastal zones, where steep gradients, dense curves, and adverse
weather are common. As a result, train spacing typically requires a large safety

margin, which further restricts the usable line capacity.



To cope with increasing transport demand, railway operators have attempted to
enhance capacity on several levels. On the infrastructure side, they build or
densify lines, add sidings, and expand stations. On the train side, they extend
train length and increase axle load and operating speed. On the operations side,
they optimize timetables, improve dispatching, and apply flexible marshalling.
On the signaling and control side, they have evolved from fixed-block to
moving-block systems (such as CBTC and ERTMS Level 3) in order to shorten
the protection spacing between trains. Although these measures have eased
capacity pressure to some extent, factors such as investment cost, construction
time, line conditions, and safety margins mean that many of them are now
approaching their physical or economic limits. As a result, there is limited room

for further improvement if one relies only on traditional approaches.

Thanks to the development of communication and automatic control
technologies, the train operation modes can be further optimized. For instance,
with the improvement of train-to-train (T2T) communication capabilities,
trains can share key information such as speed, acceleration, and
traction/braking commands in real time, thus the following trains can actively
adjust their behavior based on the actual operating states of the leader train.
This is what we call Virtual Coupling (VC), a new operation mode that differs
from the traditional mechanical coupling. Specifically, this mode can make the
train group behave like one long train without physical coupler connections.
This new mode has the potential to significantly reduce train inter-train
spacings and enhance line capacity with little or no additional infrastructure,
thereby providing a breakthrough technical pathway for enhancing heavy-haul

railway capacity.

However, VC still faces numerous challenges, including strong dependence of
safety on T2T communication, complex signaling and cyber-security
architectures, and difficulties in coordinating heterogeneous trains. Existing
research mainly focuses on communication architectures, signaling systems,
and control-algorithm design. Less attention has been paid to the following
question in the heavy-haul train scenario: how to apply VC in the train

operation mode and realize longitudinal train control from the perspective of



automated driving strategies (coordinated traction/braking control), so that the
inter-train spacing is constrained while ensuring operational safety, and thus

supporting higher line capacity for a train group.

Based on this, this thesis focuses on VC operation of heavy-haul trains. It
systematically studies longitudinal train dynamics modeling, cooperative
control, and automated driving strategies, and conducts simulations under real
line conditions, aiming to provide theoretical and methodological support for

improving line capacity of next-generation heavy-haul railways.

1.2 Purpose

This study focuses on train control under VC operation. The core objective is to
develop driving strategies for multi-train cooperative operation, based on a
combination of train operating behavior, driving mode, and line characteristics.

Under this overall objective, the main work can be summarized as follows.

First, this study hopes to provide new technical ideas and methods support for
railway transportation through the discussion of the VC operation mode. As we
know, VC depends not only on communication and the control system, but also
on line gradients, curvature, and braking performance. Therefore, from a
driving strategy view, this thesis proposes a cooperative control method and
tests it with simulations on typical line conditions. The simulations use real-line
gradients, curves, and operating conditions, so the strategy is closer to practice

and can support future engineering implementation.

Second, VC reduces the inter-train spacing, so the driving strategy has to be
more accurate and robust. Based on longitudinal train dynamics, this thesis
studies how speed difference, acceleration difference, and gradient disturbances
affect cooperative operation in a train group. It then explores stable and safe
traction/braking force regulations to achieve steadier following control between
the leader train and the following train. This helps to explain how the VC
system works and provides a basis for future dispatch optimization and control

algorithm improvement.



Finally, this work also supports the author’s learning goals. Through these
dynamics modeling, control design, and simulation validation, the author
builds skills in vehicle dynamic modeling, automated control strategy
development, and data analysis. These experiences broaden research

understanding and lay a foundation for future engineering and research work.

1.3 Goals

To achieve the research aims outlined above, this study sets out the following

specific objectives:

e To review the current state of research on cooperative operation and
driving strategies for virtual coupling trains.

e To build a multi-point model for train longitudinal dynamics that
explicitly accounts for train length.

e To develop a train dynamics model suitable for virtual coupling
scenarios.

e To design cooperative control strategies tailored to the operating
characteristics of virtual coupling.

e To build a simulation environment based on real track information to
validate the proposed control strategies.

e To summarise the performance of the control strategies under different

track conditions and operating scenarios.

These objectives together form the core of this study. The dynamics models and
control strategies are the basis for VC operation, and simulation studies based
on real line data are an important step to verify the effectiveness of the
proposed methods. By completing these tasks, it aims to support further
application of VC in freight railways, and also reflects the author’s professional

capability in both engineering practice and academic research.

1.4 Delimitations

The scope of this study is mainly the longitudinal operating behavior of trains,

with a focus on speed, acceleration, and inter-train spacing. The dynamics are



modeled using a multi-point model. It accounts for the effect of train length on
how gradient and curvature inputs vary along the train, but it does not consider

lateral dynamics, vehicle vibration, or aerodynamic coupling.

For the control strategy, this study focuses on short inter-train spacing
cooperative operation, including the following logic between the trains, safety
constraints, and coordinated traction/braking control. It does not address
engineering details such as train control system architecture, communication
protocol implementation, or hardware deployment. Communication delay and
errors are represented by typical parameter values, rather than a full

communication system model.

The simulation environment is built from real-line gradients, curve radius, and
speed-limit data. The goal is to examine the dynamic behavior and feasibility of
the proposed strategy, not to fully simulate all real-world operating states. The
current work only considers two-train coupling; cases with three or more trains
in a train group require further study. In addition, there is no experimental
validation yet, such as hardware-in-the-loop, virtual demonstration, and field

tests are still needed.

1.5 Structure of the thesis

The structure of the remaining chapters in this thesis follows the research
objectives outlined in this chapter. Chapter 2 reviews the research progress on
virtual coupling and related fields, then summarizes the main features and
limitations of existing approaches. Chapter 3 presents the overall framework
adopted in this study, together with the simulation tools and data-preparation
process. Chapter 4 focuses on the methods for train dynamics modelling, track
data processing, communication-delay handling, and the construction of
cooperative control strategies, and also describes the case-study setup. Chapter
5 presents the simulation results and analyses how different models, control
strategies, and parameter settings affect train operating performance. Chapter 6
summarizes the work conducted in this thesis and outlines directions for future

research.



2 Literature Review

2.1 Virtual coupling in railway system

The core topic of this thesis is Virtual Coupling (VC), so we first review the
development of it.

The idea of VC can be traced back to the concept of “virtually coupled train
formations” proposed by Bock and Varchmin in 1999 [1]. Rather than just
improving the existing train control, they described a new operation mode
between highway vehicle formation and traditional railway formation. In this
mode, trains run continuously as a “fleet”. Each train has its own traction and
braking system, and the formation is logically coupled through continuous
regulation of speed and inter-train spacing. This approach can reduce the
spacing to nearly the mechanical coupling effect, significantly enhancing the
line utilization and line capacity [1].In addition, they proposed to realize the
operation mode of non-fixed block partition by dynamically calculating the
braking distance and safety distance, which can be regarded as the early

prototype of the subsequent concept of relative braking and moving block.

Based on this, Braun, Konig and Schnieder extended the research from the
operational aspect to the system engineering level, and proposed the overall
architecture of the “Future Railway Management System(RMS)” [2]. They



pointed out that the existing management structure is mainly based on
centralized scheduling. This structure cannot adequately support the high-
density and dynamic operational requirements of VC. Therefore, some
functions such as train path allocation, priority coordination and conflict
resolution should be jointly undertaken by the distributed information system
and the multi-agent mechanism [2]. Following this idea, some studies have
constructed workable control frameworks for virtual-coupled fleets in the
simulation, which makes VC technology gradually progress from abstract
concept to evaluable operation scheme. However, these simulations mainly
focused on freight scenarios, and it is necessary to assume that the

communication and positioning capabilities are extremely ideal [3].

Henke et al. further carried out physical verification work. They constructed an
autonomous train fleet on a 1:2.5 scale test line, and realized the dynamic
coupling and decoupling of the train during operation through fleet
communication and formation control [4]. Their experiments were the first
time to show the physical feasibility under the condition without mechanical
connection, but due to the limitation of platform scale and scene complexity,
they did not cover the many disturbances seen in real operations. At the same
time, Stander et al. also defined “virtual train-sets” from the perspective of
safety and train operation mode, and set out the corresponding safety concept
model [5].

So, early studies have basically outlined the main characteristics of VC: no
physical coupling, relying on high-precision positioning and train-to-
train/train-to-ground communication, and organizing the fleet with short inter-
train spacing under the relative braking distance framework. But at that time,
due to the limitations of communication, positioning and computing
capabilities, most work stayed in the stage of freight application, small-scale
tests or idealized simulation verification, and lacked deep integration with

mainstream signaling systems such as ERTMS/ETCS [6,7].

After that, the European Union Shift2Rail program and its subsequent Europe

's Rail joint venture made VC a rapid development. Shift2Rail has listed VC as
7



one of the key research directions, and set up many projects in moving block,
train-to-train communication, and train autonomous operation [6]. Gkoumas
et al. also found that VC has been regarded as a key innovation to improve

capacity, flexibility and network resilience [6].

Current research has proved the development potential of VC from various
perspectives once again. From the view of operational safety, Stander et al.
pointed out that if communication is reliable and control logic is guaranteed,
VC can reach at least the same safety standard as traditional control systems
[5], indicating that cancelling the physical linkages will not weaken the safety.
For capacity evaluation, Flammini et al. used a Petri net model to quantify VC
operation. The results show that compared with the conventional blocking
mode, VC can bring higher line capacity and more stable throughput
performance under various working conditions [8]. Di Meo et al. then carried
out numerical simulations within the ERTMS/ETCS framework to further
confirm the potential benefits of VC in capacity improvement, response speed
and operating efficiency [9]. These confirmed advantages provide a solid basis

and motivation for further development of VC.

Through the review above, it can be seen that most research focuses on the
cooperative control design of control algorithm and system level, such as model
predictive control, robust control, cooperative control, distributed control and
vehicle-following model, as shown in Figure 2.1 [77]. Such studies generally
assume that trains follow a given speed profile, and the function to generate
acceleration is often encapsulated within the controller as an “execution layer”
process. More specifically, the real-time allocation of traction and braking

forces is usually not treated as an independent decision variable.
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In traditional train control systems, this assumption is usually acceptable. But
in VC, without physical coupling, the following train maintains the inter-train
spacing mainly by updating traction and braking commands in real time based
on the leader train’s state. So, the traction and braking distribution at the
driving-strategy level acts as a dynamic distance regulator. But few studies take
this operational view and systematically explore how to adjust the traction or
braking level (or percentage) using line gradients, curves, speed-limit points,
stop points, and the leader train’s operating state to satisfy the required safety
distance. Therefore, developing a driving strategy that can adjust traction and
braking force distribution in real time is important for improving both the

safety and efficiency of VC operation.

2.2 Train safety tracking mode

Throughout the development of railway transportation, how to maintain the
safety distance between trains has always been one of the most crucial issues,
which results in the forming of the train block systems. Here, “block” refers to a
way of occupation management of the track section. This system ensures that
only one train can enter a certain section at the same time, and utilizes this
spatial isolation to ensure that trains will not collide. Current tracking modes
mainly include the fixed block system, quasi-moving block system, moving

block system, and virtual coupling.



Among them, the most widely used and most mature one is the Fixed Block
System (FBS), and it was also the first to be developed. It divides a line into
block sections of equal length, and trains must run in turn according to those
blocks. To further improve safety, the system usually sets up an additional
protection section, so that the following train can have a sufficient buffer
distance before entering the area occupied by the leader train. This structure is
indeed safe, but because of the fixed block length, the inter-train spacing is

largely fixed as well, so line capacity is limited to some extent.

Among FBS, the main types are manual block system, semi-automatic block
system, and automatic block system, and the fixed automatic block system is
the most widely used one [10]. This system uses track circuits to detect train
positions in real time. It then combines this information with block occupancy
information and signal displays to determine whether movement authority can
be granted to the train. In this mode, generally only one train is allowed to
occupy each section. But in some sections with clear one-way operation,
multiple trains can be permitted to enter in sequence through different signal

displays, so the system can improve efficiency to some extent.

Direction of Travel

Departure Signal Entry Signal
Green Aspect Yellow Aspect Yellow Aspect Red Aspect

Station Boundary @) OO O @
Train2 Trainl
| - —
o
Block Section Block Section Block Section Block Section

Station A : . Station B
Direction of Travel

Departure Signal ) Entry Signal
Bl Green Aspect Yellow Aspect Yellow Aspect Red Aspect n Eﬁrj

ﬂmn Boundary Train2 -O -. Trainl /—\
x - -
o
Block Section Block Section Block Section Block Section

Station A Station B

Figure 2.2 Schematic diagram of a four-aspect fixed block system

Later, the quasi-moving block system is proposed as a transitional scheme. It
allows the following train to start braking closer to the leader train, as long as it
can ensure a safe stop in the end. More specifically, the target braking point for
the following train is set at the start of the block section currently occupied by

the leader train, with just a certain safety distance reserved, so that the inter-

10



train spacing can be shortened, and the usage efficiency of the line can also be
improved. However, since the following train cannot stop within the block
occupied by the leader train, this approach still inherits the structural
constraints of fixed block sections.
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Figure 2.3 Schematic Diagram of a Quasi-Moving Block System

Next, the Moving Block System (MBS) appeared, which successfully broke
through the limitations of fixed blocks, as shown in Figure 2.4. In such systems,
the leader train continuously calculates and reports its own position and speed,
and the ground control center will calculate the safe braking distance in real
time and distribute the allowable operating envelope range to the following
train. Compared with FBS, since the safety distance of MBS changes
continuously over time, the following train can run closer to the leader train
while still meeting the braking safety requirements, thus significantly
shortening the inter-train spacing and improving the line capacity [11]. This can

also be considered as the basic idea of the next VC technology.
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Figure 2.4 Schematic Diagram of the Moving Block System Principle

MBS can be divided into two types based on the calculation method: absolute
moving block and relative moving block. They are also often described as the
“hard-wall” and “soft-wall” modes. The difference between them is that the

former only considers the current position of the leader train when calculating

11



the safety distance, and regards the leader train as a stationary obstacle, so that
the running boundary of the following train is the “hard wall”. The latter
incorporates dynamic information such as the speed and deceleration of the
leader train into the calculation. When the leader train brakes, the following
train needs to brake in advance to decelerate based on the movement trend of
the leader train [12]. Because of making full use of the dynamic information of
the leader train, the latter can further shorten the inter-train spacing and

further improve the capacity of the line.
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Figure 2.5 Speed-distance curve of two moving block mode

Figure 2.5 is a comparison of the speed-distance curves of the two modes,
where d is the minimum inter-train spacing, ds is the safety distance, dbrake: and
dbrake> represent the braking distances of the two trains, and d; represents the

shortened distance after the method improvement.

All of these modes essentially aim to compress the inter-train spacing as much
as possible under the safety constraints, in order to improve the line capacity.
VC goes one step further on the basis of relative moving block: trains are no
longer treated as independent tracking units, but are organized into a virtual
train group. The following train can use real-time information from the leader
train to continuously adjust its traction and braking commands, maintaining a
compact yet safe inter-train spacing. It also allows trains within the group to be
coupled or decoupled as needed. This new mode offers a technical path to
exploit existing line capacity and improve operational flexibility without major

infrastructure upgrades.

12



Before Virtual Coupling

After Virtual Coupling

Figure 2.6 Comparison before and after virtual coupling

2.3 Dynamic inter-train spacing in virtual coupling

In VC, dynamic inter-train spacing refers to the real-time distance between the
following train and the leader train during train-following, and it is a key
parameter affecting operation safety and capacity. It is not only limited by the
speed, acceleration and braking performance of two trains, but also affected by

communication delay, position accuracy and operation fluctuation.

Before performing the calculations, the safety braking model is introduced,
which provides the essential basis for constructing dynamic inter-train spacing
and operational constraints. According to the common performance
requirements of the IEEE for the CBTC system, the train does not immediately
enter the stable deceleration stage after the emergency braking, but undergoes a
series of processes. The researchers found that this process is usually divided
into the following stages: equipment response stage, traction interruption stage,
constant speed stage, braking establishment stage and final braking stage, as

shown in Figure 2.7 [13].

13
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In the equipment response stage (stage A), the following train is still under
traction, and there is a response delay between receiving the braking command
and the start of traction cut-off. Its duration is related to the system processing
time t, + t,,, where t, is the response time of the train control unit and ¢, is
the mechanism delay in braking message transmission and actuation. In the
traction interruption phase (stage B), traction is cut off very quickly, so the
acceleration change is negligible compared with the train’s inertia, and the
curve appears nearly linear. The train then enters the constant speed stage
(stage C). There is no traction and braking has not been built up, so it runs
briefly at a constant speed v; for a duration t;. In the braking establishment
stage (stage D), the braking system begins to establish pressure, and the
deceleration gradually transitions from zero to the designed emergency braking
level. The train then enters the braking stage (stage E) and brakes with a

constant deceleration a; until it comes to a full stop.

Also in this figure, Automatic Train Protection (ATP) monitors train speed and
ensures that the train can stop safely before the Mobile Authorization Endpoint.
The solid ATP curve defines the permitted speed boundary, and the dashed ATP
overspeed monitoring curve is the supervision trigger threshold. It is usually set
slightly above the profile to absorb measurement errors and tiny speed

fluctuations, so that the small overshoots do not trigger braking. Because the

14



delays in the braking process are already taken into account when the ATP
curves are defined, the braking curve does not fall below the ATP supervision

curves, and safety can still be ensured.

By accumulating the displacements of each stage, the total braking distance

from the trigger of braking to the complete stopping can be obtained:
dy =d, +d,+d.+d,+d, (2.1)

Each of them can be calculated as:

dA +dB :vﬂ(tr +tm)+%am(t) -’-tm)2

(2.2)
dC = vlti (2.3)
dp=wt, abtlf
(2.4)
P
E
24, (2.5)
The speed of each stage is given by the following formula:

vl = vO + am (lr +tm) (2.6)
R (2.7)

al,

v — —
T2 (2.8)

This model reflects the complete braking process of the train under the most
unfavorable conditions, and can be used to determine the maximum initial
speed and braking distance required for safe stopping, and it is also the basis for

analyzing dynamic inter-train spacing.

Reference [14] further extended the single train safety braking process to the VC
scenario, and established the minimum spacing model of two trains under
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emergency braking conditions. The basic idea is that in the case where two
trains have different initial speeds, different braking capabilities, and
communication delays, the minimum safety spacing is derived by comparing
the braking distances of the two extreme cases: the most favorable braking of
the leader train (direct deceleration) and the most unfavorable braking of the

following train (based on the typical safety braking model above, where delays

may cause the train’s speed to increase briefly before decreasing).

To this end, the concepts of extra distance, maximum/minimum braking

distance and safety margin are introduced. The spacing under the most

unfavorable conditions is expressed as:

d

min

=1

extra

-8

min stop

h
+ Zmax

+d

(2.9)

In the formula, [, represents the distance that the following train continues

to run during the period from when the leader train begins braking to when the

rear train also starts braking. [
train under the most unfavorable conditions. [

distance of the front train the most favorable conditions. dg,, isthe safety
margin reserved after the two trains stop completely. Figure 2.8 intuitively

shows the corresponding relationship of the distances mentioned above.
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Figure 2.8 Safety braking model in virtual coupling
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So if the typical safety braking mode is substituted into 1%, and 17, and
then simplified, the minimum spacing can be further simplified. After sorting
out the given typical Communication Based Train Control (CBTC) system

parameters, the empirical formulas are as follows:

1 (Vh)2 (Vg)Z Vh
= - + (T i F i) =+ C i
min 2ab ( 362 3.62 ( equiv deluy) 362 margin

(2.10)

Here, a; isthe emergency braking deceleration of the following train under
the most unfavorable conditions. T4, is the equivalent reaction time, which
integrates the delay of driver and equipment response, control operation and
braking establishment. Cp,qgin is the combination of parking spacing,

positioning error and other safety margins.

Once this derived formula is applied using the braking performance and
communication delay conditions relevant to this study, the resulting minimum
spacing can be regarded as the safety boundary and target spacing under VC
operation. It should be noted that this spacing is not used to directly limit the
fixed distance between the two trains along the entire route, but to provide a
quantifiable reference for the subsequent driving strategy design. Therefore,
when constructing the driving strategy of the following train in subsequent
chapters, the control will take this spacing as the constraint condition, which
means when the predicted spacing approaches the lower limit, the controller
will make adjustments through traction or braking to guide the train to achieve

safe and efficient following behavior.
2.4 Control architecture in virtual coupling

In real operation, maintaining a safe inter-train spacing over time also requires
an appropriate control architecture and communication topology, so that the
following train can respond promptly to the leader train’s state with limited
communication delay. Therefore, this section reviews these two aspects and,
with reference to a two-train heavy haul scenario, formulates the modelling

assumptions adopted in this study.
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In terms of longitudinal dynamic behavior, railway trains are similar to road
vehicles; consequently, many studies draw on vehicle platooning control and
vehicle-to-vehicle communication technologies [15,18-20,21], and further
extend the concept of VC to ultra-high-speed systems such as maglev trains and

Hyperloop [15,21].

At the control level, existing work generally classifies the control architecture

into two main categories: centralized and decentralized architectures [16].

Under a centralized control architecture, the entire VC train group is managed
by a single central control unit, typically a Centralized Traffic Control (CTC)
center. Each train periodically transmits its position, speed, acceleration and
braking status to the CTC via train-to-infrastructure (T2I) communication
links. The CTC then solves an optimization problem from a global information,
considering safety constraints and operating efficiency, and generates the speed
profiles and target spacing for all trains in the group [22]. The main advantage
of this scheme is that it can explicitly account for the cooperative behavior of
the entire train fleet, enabling globally optimal or near-optimal operating
strategies. However, it relies heavily on communication reliability and latency,

and is vulnerable to single-point failures.

i ™

Figure 2.9 Centralized control architecture

In contrast, a decentralized control architecture assumes that each train is
equipped with a local controller, and coordination through a leader—follower
relationship among the trains. In one typical scheme, each train uses predicted
trajectories and state information received from the train ahead to
independently determine its own traction and braking commands, thereby
realizing cooperative control based on local information [23]. In another
scheme, the leader train plans the reference speed profile and target spacing,

and then sends the following commands to the subsequent trains via train-to-
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train (T2T) communication links [24]. In both schemes, the control of multi-
train systems is usually modelled as a one-dimensional networked dynamical
system. Compared with centralized architecture, decentralized architecture
offers better structural scalability and is less prone to single-point failures,
making them suitable for scenarios with a small number of trains where the

trajectory of the leader train can be treated as an exogenous signal [25,26].

This study considers a two-train virtual coupling scenario. Since the number of
trains is small and each train can determine its own traction and braking
commands, a decentralized leader—follower architecture is more consistent
with engineering practice. The leader train is not affected by the control strategy
of the following train, while the following train receives the leader train’s state
and adjusts its own traction and braking using the safety braking model
developed in the previous section, so as to dynamically track the target inter-

train spacing.

After deciding the control architecture, it is still necessary to specify how
information is exchanged between trains, namely the communication topology.
The communication topology defines the direction and scope of information
flow among trains, affects the minimum achievable inter-train spacing, and
forms a key element in the stability analysis of multi-train systems. In existing
literature, the basic communication topologies most commonly adopted include

unidirectional, bidirectional and non-successive communication [25,26].

Followers Leader Followers Leader
Followers Leader Followers Leader

.4__‘__4__

Followers Leader Followers Leader

Figure 2.10 Communication topologies
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Figure 2.10 illustrates typical examples, where the left side is the unidirectional
topology and the right side is the bidirectional one. Considering the two-train
scenario investigated in this study and the engineering context of heavy-haul

railways, the discussion can be restricted to these two basic forms.

(1) Unidirectional communication topology

The key feature of this topology is that information flows only from the leader
train to the following train. In a multi-train formation, the leader train
broadcasts its speed, position, acceleration and other states to the following
train via wireless links, while no feedback is exchanged among the following
trains. In this two-train scenario, this topology reduces to one-way state
transmission from the leader train to the following train, and the leader train’s
control is independent of the following train’s operating state. This scheme is
simple and places modest demands on communication bandwidth and protocol
design [25,26].

(2) Bidirectional communication topology

This topology allows two-way information exchange: the leader train sends its
state to the following train, and simultaneously receives feedback from the
following train. For our two-train scenario, this means that the leader train
considers not only its own operating strategy, line conditions and dispatch
commands, but also the states of the following train during operation. The
bidirectional topology can suppress string instability, meaning that small speed
or spacing disturbances from the leader train are less likely to be amplified in
the response of the following train, improve disturbance attenuation, and
reduce fluctuations in longitudinal traction forces [25,26]. However, it imposes
stricter requirements on communication delay, synchronization accuracy and
control algorithm complexity, and is therefore more suitable for scenarios with

complex control objectives [23, 28,29].

In conclusion, the subsequent modeling and simulations adopt a decentralized
control architecture with a unidirectional communication topology as the basic
assumption: the leader train does not receive feedback from the follower, while
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the following train acquires the leader’s speed, position and other state
variables via one-way communication in real time, and designs and adjusts its
own traction and braking strategy under the constraints of the safety braking
model and the minimum safe spacing constraint, so as to dynamically track the

target inter-train spacing and optimize train operation performance.
2.5 Control methods for virtual coupling driving strategies

To meet the need for small inter-train spacing operation under VC, the control
methods can be grouped into four categories: classical feedback control,
predictive control, cooperative/distributed control and intelligent control. Each
category is associated with specific modelling assumptions and control
objectives, and they provide a methodological basis for designing driving

strategies under VC.

(1) Feedback control

In VC, feedback control is usually modelled using a standard block diagram
below: the desired state is compared with the measured state to form an error
signal, which is processed by a controller to generate the control input acting on
the longitudinal dynamics of the train (plant), while the resulting output is fed
back to close the loop.

Desired +
sata —_— Controller

Figure 2.11 Feedback control

A typical linear feedback law can be written as

de(t)

u(t) =K e(t)+ K, jo e(r)dr+K, (2.11)

Here, e(t) represents the speed error, the inter-train spacing error, or a
weighted combination of them [32-34]. In VC, many studies adopt nonlinear
mappings. For example, artificial potential fields (APF) based on hyperbolic

tangent functions are used to map the speed difference and its integral into
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“attractive/repulsive forces” to regulate the spacing [35,36]. In the remainder of
this work, both a linear PID feedback structure and an APF-based nonlinear

feedback structure are employed for comparative analysis

(2) Predictive control

Predictive control is often described as three components: model prediction,
constraints, and an optimizer. The model predicts the future output trajectory
based on the current state and a candidate control sequence, and the
constraints impose hard or soft limits such as safety spacing and
traction/braking forces. The optimizer then searches, over a finite prediction
horizon, for the control sequence that minimizes a given cost function

[22,28,29].

Cost function

Reference + Future errors
e

Optimizer
) Future
Predicted controls
outputs
Past inputs
and outputs
Figure 2.12 Model predictive control
A common form of the cost function can be written as:
Ny 2 2
Min, g, ey DoV (K +0) = y(k+ )| + A |ulk +1)| (2.12)
i=1

In this study, we adopt a structurally similar but simplified predictive controller
with a short prediction horizon. It predicts the inter-train spacing over a short
future window, and incorporates both inter-train spacing safety and
acceleration smoothness into the cost function, so that the predictive concept is

naturally integrated with the feedback potential field.
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(3) Consensus / Cooperative control

X = fi(x)+ D a,(x,—x,) (2.13)

JeN;

Here, x; is the state of the i-th train, N; is the set of its neighbours, and a;; is
the corresponding topology weights [37-39]. Such schemes can be applied to
scenarios in VC such as cooperative cruising, coupling and decoupling, and
arrival-departure sequencing. The two-train leader-follower system considered

in this paper can be viewed as a simplified cooperative structure.

(4) Intelligent control

Intelligent control methods mainly include strategy learning frameworks based
on machine learning and reinforcement learning, whose typical loop can be
described as “state—action—-reward—update”. In VC studies, some work employs
Long Short-Term Memory (LSTM) or deep neural networks to learn complex
resistance and the leader’s trajectory, and then embeds them into Model
Predictive Control (MPC) or Generalized Predictive Control (GPC) for
prediction. Other work adopts reinforcement learning to directly learn
acceleration and deceleration strategies in a simulation, where the reward
function jointly accounts for energy saving, inter-train spacing and time [40-
43]. This study is still mainly based on model-driven feedback—predictive
control and does not adopt such intelligent methods, but these approaches offer
promising directions for future work on learning-based parameter tuning and

multi-train strategy optimization.
2.6 Summary

This chapter reviews the main research lines on virtual coupling. It first traces
the development from the original VC concept and the evolution of block
systems, and it highlights that VC relies on high-accuracy positioning and
reliable communication to support small inter-train spacing and higher line
capacity. It then introduces the key components of dynamic inter-train spacing
and shows that the minimum safe spacing is jointly affected by the braking

capabilities of the leader and following trains, communication delay, and the
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staged response process. Next, the chapter summarizes centralized and
decentralized control architectures and their communication topologies, and it
clarifies the main trade-offs in achievable spacing, reliability, and engineering
applicability. Finally, it categorizes the commonly used control methods for VC,
outlines their key features, and identifies the methods needed for the
subsequent study. Overall, this chapter provides the basis for the control design

and modeling developed in the following chapters.
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3 Methodology

3.1 Overview of Research Framework

The study focuses on driving strategies for heavy-haul trains under virtual

coupling. As shown in Figure 3.1, the overall framework consists of four stages.

First, a single-train longitudinal dynamics model is developed from line

information. Second, key constraints such as safety margin and some delays are

introduced to extend the model to multi-train operation. Then the related

driving strategies are designed based on this model. Finally, the proposed

strategy is validated using data from a real railway line.

Track information
Train information

Track information (Acceleration
Train information speed limitation
(Acceleration Traction & Braking
Input speed limitation force
Traction & Braking safety margin,
force...) communication delay...)

Single train Multi-train
modelling modelling

l l

Relative position
Difference

Output Position

The real track and train
information of heavy
haul train from LKAB

Find the

— > best driving —— Case Study
Strategies

Find the driving strategy to operate.

Figure 3.1 Overall methodological framework
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Figure 3.2 Technical roadmap for modeling and control design

Figure 3.2 further develops a technical roadmap for modeling and control
design. In the left light-blue block of Figure 3.2, the study begins with single-
train longitudinal dynamics modeling. The model inputs are divided into two
groups: line information, including gradients, curve radius, and speed-limit
profiles; and train information, including mass, maximum traction/braking
force, allowable acceleration, and the operating profile. Based on these inputs, a
set of longitudinal dynamics equations is established to describe how traction,
braking, and running resistance jointly govern the change of train speed,
position, and acceleration over time. At this stage, a traditional single-point
model is used, which represents only the longitudinal motion of the train’s

center of mass.

The single-point model is enough for trajectory generation and macroscopic
operation analysis, but it remains too idealized for small-spacing following
under VC. Specifically, on the one hand, it does not consider the train-length
effect, which is at a given instant, different parts of a long train may occupy
different line sections, so the gradient and curvature inputs are not uniform
along the train. On the other hand, it cannot reflect delays in inter-train
information transmission or control execution. Therefore, the single-point
model should be extended to a multi-point model. In this model, the original
gradient and curve radius are converted into equivalent inputs by using a
sliding window matched to the train length. In this way, the effect of spanning

several line sections at the same time is represented by an equivalent gradient
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and an equivalent curve radius, which are then used as external inputs to the
dynamic equations, so that the length effect of heavy-haul trains can be

captured.

On this basis, the single-train multi-point model is further extended to a multi-
train multi-point model, with additional modules for safety margin, delay
handling, and key performance indicators (KPIs), as shown on the left side of
Figure 3.2. Here, multi-train means a model with several trains, which explicitly
accounts for the interaction between trains, including relative motion,
information exchange, and operational constraints within the train group. It
should be noted that conventional communication delay, together with delays
introduced by traction/braking actuation and signal feedback, is treated here as
a unified “delay” term. And for the key performance indicators, the mean value
and standard deviation of the inter-train spacing are used as the main
measures. They describe the stability and fluctuation of spacing during train-
following, and they also provide a quantitative basis for comparing different

driving strategies and assessing their reliability.

The outputs of the modeling stage in the left light-blue block include not only
the absolute position and speed profiles of each train, but also the relative
spacing between the two trains. The process then moves to the right dark-blue
block “Control Function Determination”. In this block, two control methods are
developed and compared: a difference-based linear feedback control, and a
nonlinear control that combines prediction with an artificial potential field
(APF).

The first linear feedback control is built from differences. Both single-
parameter and three-parameter feedback structures are considered. The single-
parameter form uses only one variable, such as speed difference, acceleration
difference, or spacing difference, while the three-parameter form combines all

three to regulate the inter-train spacing.
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The second one is nonlinear predictive control. Here, a short-horizon predictive
layer is first introduced as an initial spacing-regulation step. It predicts the
future instantaneous inter-train spacing over a short time window 7 , denoted
by gap(7), based on the current states of the leader and following trains. This
predicted spacing is then used to determine the maximum allowable safe
acceleration. When the predicted spacing is likely to approach or fall below the
safety threshold, the corresponding mechanism is activated to gradually reduce
traction and strengthen braking. Then an APF function is introduced to
generate the final acceleration command. It regulates spacing through an
attractive field and a repulsive field. When the spacing is too large, the
attractive effect encourages the following train to close the gap. When the
spacing approaches the lower safety bound, the repulsive effect becomes

stronger and suppresses further acceleration.

The controller output is finally mapped into percentage allocation across three
channels, namely traction, regenerative braking, and mechanical braking. Here,
percentage allocation means that the control command is expressed as the
relative share assigned to each channel, rather than as an absolute force value.
In this way, the controller determines how much of the required longitudinal
action should be provided by traction, regenerative braking, and mechanical

braking, thereby forming a dynamic force distribution model.

Finally, the above modeling and control modules are applied to real operating
data from the Swedish LKAB heavy-haul line. Simulations are carried out using
real line parameters and IORE heavy-haul train data, and different driving
strategies are compared in terms of safety margin, spacing fluctuation, and
related indicators to assess the applicability of the proposed control strategies

in engineering practice.

3.2 Simulation Tool

The whole study uses numerical simulation as the primary analysis tool. On the
one hand, it enables full use of the available real track data and train data; on

the other hand, it allows key parameters such as safety spacing, communication
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delay and driving strategy to be systematically varied, so that operating
scenarios which cannot yet be tested extensively in real service can be

investigated.

This work is built on the simulation tool STEC (Simulation of Train Energy
Consumption), originally developed jointly by KTH Royal Institute of
Technology and MiW Rail Technology AB [37]. The tool is adapted and
extended, and a new simulation platform is set up by using Excel and MATLAB.
On the Excel side, several worksheets are organized by function to enter and
pre-process the various input data required for simulation, and to represent
time-domain delay effects in an explicit form. MATLAB acts as the simulation
engine, importing the Excel files, performing time-domain integration, and
outputting the traction/braking percentage allocation together with the key
performance indicators. This setup gives the model good readability and
maintainability, while making it straightforward to change track conditions,

adjust the VC driving strategy, or incorporate additional control schemes.

3.3 Data Collection

The train and track models developed in this study, as well as the subsequent
model validation, rely on multiple sources of measured data and technical
documentation. Overall, these inputs can be grouped into three categories:

vehicle technical documents, train operation data and track data.

The train technical parameters required for model development are mainly
taken from technical specifications and design manuals, including total train
mass, axle load, traction performance and braking equipment. For parameters
that are not explicitly given in these documentations, such as the running
resistance curve, the numerical values used for modelling and simulations are
taken from the results reported in Reference [39]. Besides, the train operating
data mainly comes from several recording systems maintained by the operator
and installed on the locomotives. The operational database provides
information such as train ID, locomotive type, consist configuration and depot

entry/exit times, which are used to identify typical heavy-haul trains and
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representative operating conditions. The event recorders and selected high-
sampling-rate test data offer higher time resolution signals, including speed,
traction/braking effort and brake pressure, which are used to calibrate and
validate the details of the longitudinal dynamic model and the traction and

braking control behavior.

The track data required for the simulations are obtained from the infrastructure
manager’s database. For the sections located in Sweden, line data such as
gradient and curve radius are extracted directly from Trafikverket’s BIS
database. These data have a spatial resolution on the order of metres and are
continuously updated as the line is upgraded, so they can be regarded as a
reliable representation of the current track. For the Norwegian sections, the
longitudinal profile given in the locomotive tender technical specification is
used. Although this document predates some recent upgrades, its deviation
from the present track alignment is limited to a few newly added tunnels. In the
simulations, the trains are assumed to operate on the original alignment, and

the effect of these local differences on the overall behavior is negligible.

Overall, the data used in this study come from real operating lines and actual
train equipment, which provides a solid basis for the subsequent dynamic

simulations.

3.4 Key performance indicators (KPIs)

This study focuses the evaluation on the relative position relationship between
the two trains. To avoid introducing too many indicators that may distract from
the main objective, three simple but targeted key performance indicators are
selected around the core variable of inter-train spacing: the instantaneous
spacing between trains, the mean value of spacing, and the standard deviation

of spacing.

More specifically, the spacing curve formed by the instantaneous spacing values
between trains shows how close or far apart the two trains throughout the

whole operation process, and it is the most direct indication of safety and
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coordination. The mean value of spacing describes the general spacing level
maintained over a period, and it is used to judge whether a strategy is overall
conservative, with overly large spacing, or aggressive, with spacing too close to
the lower safety bound. The standard deviation of spacing measures how much
the spacing fluctuates around its mean level. In other words, it reflects how

strongly the spacing oscillates and whether it remains stable.

When comparing different driving strategies, the primary requirement is that
instantaneous inter-train spacing d(t) should never fall below the prescribed
safety spacing. Under this safety constraint, both the mean value and the
standard deviation of the inter-train spacing are evaluated. A control strategy
with a mean spacing closer to the target value and a smaller standard deviation
indicates that the inter-train spacing remains closer to the desired level and that

the train-following process is more stable over time.
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4 Modelling

Under the given tracking inter-train spacing and control objectives, train
motion under complex line conditions depends not only on control inputs such
as traction and braking, but also on the combined effects of line conditions,
delays, and the information-exchange pattern between trains. Therefore, this
chapter systematically presents the modeling framework and implementation
steps for the VC scenario, covering equivalent treatment of track geometry,
train longitudinal dynamics, time-domain discretization, and the cooperative
control structure of a two-train leader-follower system These provide the basis

for the subsequent analysis and simulation.

Since heavy-haul trains usually have a long train body, a single-point model,
which treats the whole train as a single mass point, cannot accurately capture
the force characteristics of the train on long gradients and continuous curved
sections. To address this, Section 4.1 extends the classical single-point model
and introduces the concept of a multi-point model to account for the effects
along the train length. Based on this, Section 4.2 further formulates the
longitudinal dynamics equations and the corresponding force model. Section
4.3 then proposes a time-domain treatment method for the problem that the
two trains occupy different positions on the track at the same instant. Section
4.4 incorporates communication and execution delays into the modeling to
describe the lag effects of information transmission and traction/braking

response. On this basis, Section 4.5 builds a cooperative control model for the
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two trains, which brings the above dynamics characteristics, line effects, and
delay factors into one framework. Finally, Section 4.6 describes the line data,

train parameters, and simulation conditions used in the case study.

4.1 Multi-point train modelling

In longitudinal train dynamics modeling, two simplified methods are
commonly used: the single-point model, in which the entire train is represented
as a single concentrated mass, and the multi-particle model, in which the train
is discretized into multiple vehicle bodies or nodes. To balance model accuracy
and computational efficiency, this study adopts a single-point dynamics
framework, while introducing a multi-point model for track geometry inputs.
Based on the line conditions along the train length, an equivalent curve radius

and equivalent gradient are constructed.

The multi-point train model used here is distinct from the traditional multi-
particle model. It does not introduce additional dynamic degrees of freedom,
but only accounts for the train-length effect in the external line inputs. The
following sections describe the determination of the equivalent curve radius

and equivalent gradient.
4.1.1 Equivalent curve radius processing

Horizontal alignment data are usually provided in segmented form, with each
segment defined by its starting mileage, segment type (straight line, circular
curve or transition curve) and design radius. For subsequent simulation, the
track is first divided by the given breakpoints into consecutive intervals
[sj,sj+1), where s; and s;,; denote the starting and ending mileage of the j-th
section, respectively. Here, breakpoints refer to the original mileage boundaries
between adjacent alignment sections, such as the transition locations between
straight lines and circular curves, and they are used to divide the track into
several original sections. They are different from the uniformly spaced
evaluation points generated later based on the fixed step length. Then, a
representative mean curvature k; is assigned to each section. For a straight
line, k; = 0. For a circular curve, x; = 1/R; based on the design radius R;. For

a transition curve, the representative curvature is approximated as the average
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of the endpoint curvatures, based on the starting and ending radii R;; and

R; ,, as follows:
it po
K; = E(R./,l + R./,z) (4.1)

In the multi-point train model, the train is represented by a sliding window of
length Li.;,. When the train head is located at mileage s, the train occupies the
interval [s — Lizain, S]- Because of the train-length effect, the train may
simultaneously cover multiple segments with different curvatures. For example,
the train head may already have entered a circular curve, while the train tail is
still on a straight line or a transition curve. Therefore, using only the curvature
at a single position cannot adequately reflect the horizontal alignment
experienced by the whole train. To address this, the curvatures of all sections
covered by the sliding window are combined through a length-weighted average

to obtain the equivalent curvature:

Z K, AL (s)
_
K, (s)= W (4.2)
j

Here, AL;(s) is the overlap length between the window [s — Liy,in, s] and the
j-th track segment [s;, s;,;). In numerical implementation, evaluation points
s, are generated along the track at a fixed step length, and the above equation
is applied at each s, to obtain the equivalent curvature sequence k., (sy). The
equivalent curve radius is then determined from k., (s). When «.,(s) is zero
or close to zero, the track can be regarded as approximately straight, and the
equivalent radius is taken as infinity. Otherwise, the equivalent radius is

defined as the reciprocal of the equivalent curvature:

+00, K,,(s)=0,
1

Koy (5)

R, (s)= (4-3)

, K, (s)#0.

Through this treatment, the stepwise variation in the original curve radius input
is converted into a smooth equivalent radius curve that varies continuously
along the track. This allows the horizontal alignment input to better reflect the
overall geometric conditions encountered by a long train spanning several curve
sections, while the underlying longitudinal dynamics remain within a single-

point modeling framework.
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Figure 4.1 Schematic illustration of equivalent curve radius calculation in the

multi-point train model

4.1.2 Equivalent gradient processing

Vertical profile data are usually provided in the form of mileage—elevation
pairs. For a long heavy-haul train, using only the instantaneous gradient at the
current reference position to calculate traction resistance and braking demand
ignores the fact that the head and tail may lie on different gradient sections. For
instance, when the train head has just passed the highest point of the ramp
while the tail is still on the upgrade, the effective gradient acting on the whole

train differs substantially from the local gradient at the head.

To account for this, the equivalent gradient is constructed using the same
sliding-window idea. When the train head is located at mileage s, the train
occupies the interval [s — Liin, S]- In the continuous case, the equivalent
gradient is defined as the elevation difference across the window divided by the
train length:

H(s)-H(s—-L,,,) %1000 (4.4)

G, (s)=

train
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Here, H(s) is the elevation of the track vertical profile at mileage s, and Geq(s)

is the equivalent gradient, expressed in per mille (%o). A positive value indicates
an upgrade, whereas a negative value indicates a downgrade. Its absolute value

represents the mean longitudinal gradient experienced by the whole train.

In practice, the original discrete mileage-elevation points of the vertical profile
are often unevenly spaced and may contain small local fluctuations. To improve
numerical stability, the elevation data are first interpolated at a fixed step
length to obtain a smoothed sequence H(s). The same head—tail elevation-
difference definition is then applied to the interpolated profile:

H(s)~H(s~L,y,)

G, (s)= x 1000 (4.5)

train

where H(s) is obtained by linear interpolation. For numerical implementation,
the calculation may be adjusted according to the relation between the
interpolation step length and the train length. When the step length is smaller
than the train length, the elevation differences of several adjacent interpolated
points within the window can be accumulated and divided by the total length to
obtain the mean gradient. When the step length is comparable to the train
length, the elevation difference between the train tail and head can be used

directly.

Hes)

H(s)-H(5-L, )

H(S'Ln'ain)

S S-L

train

Figure 4.2 Schematic illustration of equivalent gradient calculation in the multi-

point train model
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Through this treatment, a smoother equivalent gradient profile Gey(s) is

obtained, so that the vertical profile input can better capture the train-length

effect over multiple gradient segments.

4.2 Dynamic modelling

4.2.1 Model assumption

To simplify the problem while maintaining physical plausibility and improving
simulation efficiency, the following assumptions are introduced for the train

system and track conditions before establishing the model:

(1) The train is assumed to move only along the track direction; lateral and
vertical degrees of freedom are neglected. The entire train is abstracted as a
rigid body, without explicitly modeling coupler elasticity or the coupling

between aerodynamics and vehicle attitude.
(2) Environmental parameters are taken as constant.

(3) Track parameters are processed using the sliding-window method described

earlier.

4.2.2 Dynamic model assumption

Based on the above choice of a point-mass model, the longitudinal force

diagram of the train is shown in Figure 4.3.

Figure 4.3 Force analysis of the train during operation

The longitudinal dynamics of the train can be written as:

ma=F,—Fy,—F, —F,—F, (4.6)
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Here, F; is the traction force provided by the locomotive, Fy is the braking
force generated by the braking system, F. is the running resistance, F, is the
gradient resistance, F, isthe curve resistance, F, is the normal force exerted

by the track on the train, and G is the gravitational force acting on the train.
4.2.3 Traction force calculation

Traction force is the primary driving force that enables the train to overcome
resistance and sustain motion. Its magnitude depends on the locomotive drive
system, wheel—-rail adhesion and transmission efficiency. In this study, the
locomotive is an IORE AC electric locomotive, whose rated traction force is
approximately 1200 kN. During start-up, the maximum traction force can reach
1400 kN; however, this level is mainly used under special operating conditions,
such as low-speed operation on steep gradients, and is therefore excluded from
the present simulations. The traction characteristic is shown in Figure 4.3, and

the fitted relationship between speed v and traction force F; is given by:

1200 0<v<32
—16694.5407v*%** +20335.7893 32<v<79

FT (V) = (47)
—22.9091v +2052.727 79 <v <90
0 v>90

Here, F;(kN) isthe train traction force; v(km/h) is the locomotive running
speed.

Traction Curve
2000 T T T T T T

1500 — -1

1000 — -1

Traction Force [kN]

a
=]
S
T
1

1 | | | 1 | |
20 30 40 50 60 70 80 90
Speed [km/h]

o

o
B

Figure 4.3 Traction characteristic curve
4.2.4 Braking force calculation

The train braking force is jointly supplied by regenerative braking and
mechanical braking. Regenerative braking recovers part of the kinetic energy
through the traction motors operating in generating mode and is generally
more effective at higher speeds or under lighter loads. Mechanical braking is

generated by friction braking devices and plays a dominant role at low speed
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and during final stopping. In typical operation, regenerative braking
contributes more at high speed, whereas mechanical braking becomes
increasingly important at low speed, under heavy-haul conditions, or when the
regenerative braking capacity is limited. The braking characteristic used in this

study is shown in Figure 4.4.
FB = FBregen + FBmech (4’8)

Braking Curves
5000 T T T T T T T

Regen Brake
Mech Brake

4000 — -

3000 [~ -1

2000 [— -

Braking Force [kN]

1000 — =1

1 1 1 1 1 1 1
0 10 20 30 40 50 60 70 80
Speed [km/h]

Figure 4.4 Braking characteristic curve

4.2.5 Running resistance calculation

During operation, a train is subjected not only to traction and braking forces
but also to various external resistances, collectively referred to as running
resistance. The main components of running resistance include rolling
resistance, bearing friction, losses in the motors and transmission system, and
aerodynamic drag. All these forces act opposite to the direction of motion and
exhibit different growth patterns with increasing speed. The Davis model is
adopted to represent them in a unified form within the longitudinal dynamic
model. Accordingly, the running resistance is expressed as a polynomial

function of speed:
F.=C,+Cv+C)’ (4.9)

For the IORE heavy-haul train considered in this study, the running resistance
coefficients are taken from the literature, where they were determined using the
Transrail formula together with the train data [44]: C, = 51106, C; = 149.6
and C, = 102.62. Here, C, is the speed-independent constant term, mainly
accounting for rolling resistance, mechanical friction and the basic
consumption of fans and auxiliary equipment. C; is the coefficient of the term
proportional to speed, representing additional losses that increase moderately

with speed, such as magnetic losses in the motors and changes in lubrication
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conditions. C, is the aerodynamic resistance coefficient, which becomes
increasingly important at higher speeds and causes the resistance to grow with

the square of speed.

It can be seen that €, dominates at low speed, while the influence of the linear
term C;v becomes more pronounced in the medium speed range. At higher
speeds, aerodynamic resistance becomes dominant, making the quadratic term

C,v? the decisive component.
4.2.6 Gradient resistance calculation

Gradient resistance is the longitudinal force caused by the component of gravity
along the track when a train runs on a grade. When the train climbs, this
component acts opposite to the direction of motion and increases the resistance
to be overcome. When the train descends, it acts in the direction of motion and

therefore reduces the required traction effort.

Figure 4.5 Schematic diagram of gradient force decomposition

As shown in Figure 4.5, when a train with mass m runs on a track with
gradient angle 0, its weight mg can be decomposed into a component
mgcos 6 normal to the track and a component mgsiné along the track. The
latter corresponds to the gradient resistance F,. Railway gradient is usually
expressed in per mille (%o). For railway lines with small gradient, the
approximation sinf = tanf can be applied, so that:

N Gradient
1000

tan @ (4.10)

Substituting this relation into the above expression gives the gradient resistance

acting on the train along the track:
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Gradient

a1
1000 (4.11)

F, =mgsinf ~ mg

4.2.7 Curve resistance calculation

When a train passes through a curved track section, the geometric mismatch
between wheel and rail, together with the associated lateral interaction forces,
gives rise to additional wheel-rail friction and other curve-related losses. These
effects produce an additional longitudinal resistance, referred to as curve
resistance. Curve resistance is governed mainly by the curve radius: the smaller
the radius, the stronger the wheel—rail interaction and the larger the additional
resistance. By contrast, when the curve radius is sufficiently large, the track can
be regarded as approximately a straight line, and the curve resistance can be

neglected.

A commonly used expression for curve resistance is given by:

55 p300m

F =<R-55 (4.12)
0 R >300m

where R isthe curve radius (m) and m is the train mass (kg).
4.3 Time-domain treatment

In the VC simulation, both trains use a unified time step At to advance
synchronously on the same time grid, so that the system state is updated
synchronously at the instants t, = nAt. Let s;(t,) denote the longitudinal
position of train i at time t,(i = 1,2). Although the two trains share the same
simulation time, they generally occupy different locations on the track because
of their different initial positions and operating states. To describe the relative
spatial relationship between the two trains, let As..¢(t,) denote the prescribed
inter-train spacing used for track-input. Then the spatial position of train 2 can

be written as

$,(t,) = 8,(t,) = As, . (¢,) (4.13)
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This means that, at the same time instant, the two trains should read track

inputs from different locations on the same track. For any track input quantity
Q(s), such as the equivalent curve radius Rq(s), equivalent gradient G.q(s), or

speed limit Vj;, (s), the corresponding input for train i is defined by

Qi (tn) = Q(Si (tn ))a i= 13 2 (414)

and thus, for train 2:

0,(t,)=0(s,(t,)~As,., (1)) (4.15)

This relation can be interpreted as time-synchronized but space-shifted track
inputs, which is the two trains run on the same time axis, while each train reads
track information at its own spatial position. The concept is illustrated

schematically in Figure 4.6.

10km  simwem]emns,
6.30/00 7‘30/00 8.3%0

9%km JEEE|mEmEEEs, -
.
6.3%0 7.3%0 | 8.3%0

Figure 4.6 Schematic illustration of time-synchronized but space-shifted track

inputs

To enable Q(s), the track is discretized by breakpoints into intervals [sZ, s?, ),
where s? denotes the k-th breakpoint. Each interval is assigned to the
corresponding values of equivalent curve radius, equivalent gradient, speed
limit, and other track related inputs. At each time step, the input for each train
is obtained from the interval containing its current position. In this way, both
trains use the same underlying track description, but sample it at different

spatial locations determined by their relative positions, as shown in Figure 4.7.
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Figure 4.7 Schematic illustration of position dependent track input

It should be noted that the control laws developed in this study are formulated
in the time domain using variables such as speed and acceleration, rather than
absolute distance as a direct control input. Therefore, the present time-domain
treatment does not alter the control law itself. It only ensures that the track-
related inputs remain consistent with the actual spatial positions of the two
trains. This provides a unified time-space representation for the subsequent

simulation.

4.4 Communication and actuation delay processing

In VC operation, time delays arise inevitably from communication, on-board
processing, and actuator response. If all these delays were neglected, traction
and braking commands would be assumed to take effect instantaneously, which
would be overly idealized, but modelling every individual delay separately
would make the framework unnecessarily complicated. Therefore, the
dominant delay mechanisms are aggregated into a small number of equivalent

delay quantities.

Representative time constants used in this aggregation are listed in Table 4.1.
From a physical perspective, they can be grouped into two categories. The first

is communication and control delay, including the on-board equipment
response time tyesponse and the train communication delay tgejay, both

typically on the order of 0.1—0.2 s. The second is actuation delay, including the
traction or braking release time t,¢case, the emergency brake dead time ti,eptia,

and the brake build-up time ty,,;4, which are usually around 1 s. It is worth
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noting that the meaning of t;,j, is the dead time before the emergency brake
begins to generate effective braking force, and t,;4 is the time required for the

braking force to build up to its effective level.

Since the study focuses on train motion over time scales of tens to hundreds of
seconds, the short time 0.1 s is not modelled separately, but absorbed into
equivalent delays. Accordingly, two aggregate delay parameters are introduced,
namely the traction delay T,.,. and the braking delay T ,ke, which are taken
as approximately 1 s and 2 s, respectively, in the baseline simulation and are

further treated as tunable parameters in the analysis.

Table 4.1 Representative time constants used in delay modelling

Parameter Symbol (Unit) Value
On-board equipment response time tresponse(S) 0.2
Traction (or braking) release time trelease(S) 0.1
Emergency brake dead time tinertia(S) 1
Braking build-up time thuitd(s) 1
Train communication delay time tdelay(S) 0.1

To incorporate delay into the breakpoint-based track-input framework

established in Section 4.3, the time delay is converted into an equivalent spatial
lag. Here, we assume that Asy, is the spacing between two adjacent

breakpoints, and v(t) isthe current train speed. Under a delay T, the train

travels an additional distance

ASde]ay = V(t)T (4. 16)

The spatial lag can be converted to breakpoint row offset, that is
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. ASdelay _ v()T

N 0, T) = Bs,  As, (4.17)
Equation 4.17 gives a continuous relation between train speed and the row
offset. However, in the discrete implementation, breakpoint rows can only be
indexed by non-negative integers. Therefore, the continuous value of
Nogrser (v, T) must be quantized to an integer before it is applied to the
calculation. As a result, the speed—offset relation becomes piecewise constant
rather than continuous, which gives rise to the staircase curves shown in Figure

4.8.

Speed vs Offset Rows

I
Brake Offset
Traction Offset

o r
|

L

Offset Rows
n

0 5 10 15 20
Speed (m/s)

Figure 4.8 Speed-offset rows curves

This staircase representation is a consequence of breakpoint discretization and
integer row indexing. It also brings some advantages in the simulation. Since
the train speed is usually steady over the whole journey, small speed
fluctuations do not necessarily require the offset row number to change at every
instant. Using a piecewise row offset avoids frequent switching of the track
input, reduces unnecessary computational effort, and improves numerical

robustness.

Because the equivalent traction and braking delays are different, two separate
speed—offset mappings are defined, namely Ni...(v) and Ny axe(v). During

simulation, the current speed is used to determine the corresponding offset row
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number, which is then combined with the spatial shift introduced in Section
4.3. In this way, communication delay, actuation delay, and inter-train spacing

are represented within a unified breakpoint-based framework.
4.5 Two-train cooperative control model

Building on the modelling framework established above, a two-train
cooperative control model is further developed. In this thesis, the term “driving
strategy” refers specifically to the integrated cooperative control framework for
the following train within this model. It consists of five modules: track-
dependent preprocessing rules, finite-horizon inter-train spacing prediction,
predictive safety control, velocity-based APF control, and stop—restart control.

The following subsections introduce these modules in sequence.

4.5.1 Preprocessing rules

Before introducing the cooperative control of two trains, the longitudinal forces
are first preprocessed according to the track conditions. For a given locomotive,
the three longitudinal force generation channels, namely traction, regenerative
braking, and mechanical braking, each have their own speed-dependent force
characteristics, denoted by F; nax (v)(i € {T, R, M}). These curves are
determined by the locomotive and braking characteristics and describe the

maximum output available from each channel at a given speed.

However, in actual operation, the train does not always work at the maximum
traction or braking force allowed by the current speed. Instead, the force level
must be adjusted according to track-related factors such as gradient, curve
radius, speed limit, and safety margin. To incorporate these track effects in
advance, and thereby reduce the computational burden of the subsequent
control, the position-dependent percentage factors n;(s) € [0,1] are defined,

and the preallocated force of each channel is constructed as
F () = (), (V). i TR M (418)

where 7;(s) denotes the preprocessing percentage factor of channel i at
position s. Here, the term “channel” refers to a longitudinal force generation
channel, namely traction, regenerative braking, or mechanical braking. The
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equation above means that the speed-dependent maximum capability of each
channel is first determined from the traction and braking characteristic curves,
and is then scaled by the preprocessing factor n;(s) to obtain the preallocated

force at that location.

It should be noted that the preallocated force defined here represents a baseline
force level generated in advance from the track conditions, rather than the final
output of the subsequent cooperative control. In other words, the later control
does not solve the traction or braking force entirely from scratch, but performs
further correction and fine adjustment on the basis of these preallocated forces.
In this way, the part strongly related to the track environment and varying
relatively slowly is processed in the preprocessing stage, so that the follow-up
control can focus more on the fast dynamic coordination between the two

trains.

The preprocessing rules are established in two steps. First, based on the
equivalent gradient G.q(s) obtained in Section 4.1.2, the line is divided into

several gradient ranges, and baseline preallocation ratios are assigned to n;(s),
nr(s), and ny(s), as listed in Table 4.2. These ratios are not the actual output
forces. Instead, they provide initial channel preferences for the subsequent

simulations. Then, the baseline values are further corrected according to the

equivalent curve radius R.q(s)obtained in Section 4.1.1, as listed in Table 4.3.
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Table 4.2 Gradient-dependent preprocessing rules for force channels

. Mech  Regen
) Traction
Gradient ) Brake  Brake ..
ratio ) ) Description
(%o0) ratio ratio
(%)
(%) (%)
Long downbhill; strong forced
<-6 0] 70 100 deceleration, prioritize regeneration
+ mechanical supplement
Moderate downhill; mainly regen
-6 < Gradient < -3 25 50 100 ) ) y g
braking, with mech compensation
. Slight downhill; requires certain
-3 < Gradient < 0 50 30 100 )
braking balance
=0 100 0 0 Horizontal section; full traction
0 < Gradient < 3 100 0] 0] Slight uphill
3 < Gradient < 6 100 0 0 Moderate uphill; increases traction
Steep uphill; strong traction to
=6 100 0 0 pup 5

prevent excessive deceleration

Table 4.3 Curve-dependent preprocessing rules for force channels

Curve . . . .
. Revision Note Revision Strategy (Correction Factor)
Radius (m)
< 1600 Excessively sharp curve, If Traction > 0: increase by 10%; If Brake >
high resistance 0: increase by 10%
1000—- If Traction > 0: increase by 5%; If Brake >
Moderate curve )
3000 0: increase by 5%
Approximates straight
> 3000 PP 8

. No correction
line

It should be emphasized that nonzero preprocessing ratios in multiple channels
do not mean that traction and braking are necessarily applied simultaneously as
final commands. In the calculation, the final output of each channel is obtained
by scaling these ratios with the currently available channel capacity. Therefore,

if a given channel provides zero available force at the current speed or operating
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state, its final output remains zero after scaling. A further reason for retaining
nonzero traction and braking ratios simultaneously is that, in a mild downhill
section, both channels may need to remain available for different operating
demands. If the current operating condition requires deceleration, the final
traction output can still be zero after scaling, even when its baseline ratio is
nonzero. Conversely, if the trains are running on a downhill section but the
inter-train spacing is gradually increasing and the following train needs to catch
up, some traction output may still be required. In this case, retaining a nonzero

traction ratio helps preserve control flexibility for the subsequent allocation.

In the present simulation, these preprocessing rules are applied point by point
along the breakpoint-based track table, producing 7n:(s), ng(s), and ny(s) of
the whole line, together with the corresponding preallocated-force profiles.
These results are then written directly into the two-train cooperative control
model and serve as the basic inputs to the subsequent online control
calculation. Therefore, this preprocessing step is not merely a conceptual setup,

but an actual component of the simulation framework developed in this study.

4.5.2 Finite-horizon inter-train spacing prediction model

In cooperative train operation, the control decision of the following train
depends not only on the current inter-train spacing and relative speed, but also
on the relative motion in the short future. If the control reacts only to
instantaneous states, the response may lag behind the actual operation or
become overly conservative under uncertainty, thereby reducing overall
operating efficiency. Therefore, a finite-horizon inter-train spacing prediction
model is introduced to provide anticipatory information for the subsequent

cooperative control.

The basic idea of this model is to estimate the future evolution of inter-train

spacing over a finite prediction horizon 7. Here, 7 is a finite future prediction
horizon, namely the look-ahead time window over which the future spacing is
extrapolated from the current states. Within this horizon, the accelerations of

the two trains are assumed to remain constant. On this basis, the future spacing
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can be predicted from the current positions, speeds, and accelerations, and then

used to assess whether the future safety margin remains acceptable.

Let the positions, speeds, and accelerations of train 1 and train 2 at time t be

(syyvyraq) and (s, vy ay), respectively. The inter-train spacing is defined as
g(#)=s5,()-5,(t) (4.19)

Under the constant acceleration assumption, the predicted positions at time

t + t are given by

s,(t+7)=5/)+v, ()T + la1 (7’
21 (4.20)
s,(t+7)=5,(t)+v,()T + Eaz ()7’

Accordingly, the predicted inter-train spacing at time t + t can be written as
1
g(t+7)=g)+ (v, —VZ)T-FE(CZI —-a,)t’ (4.21)

The equation above provides a short-term estimate of the future inter-train
spacing over the finite prediction horizon. If the prediction indicates that the
spacing may decrease excessively within the horizon 7, the cooperative control
can reduce traction or strengthen braking in advance, thereby improving

anticipatory safety regulation.

The choice of the prediction horizon 7 should balance two requirements. On
the one hand, it must be long enough to capture potentially unsafe spacing
evolution in advance. On the other hand, it should not be excessively long,
otherwise the prediction may accumulate unnecessary error and make the
control strategy overly conservative. Based on the characteristics of the train in
different speed ranges, a piecewise definition of 7 is adopted. When the speed
is below 50 km/h, a shorter prediction horizon of 7 = 8 sis used, since the
braking distance is relatively short and the system response is faster. When the
speed exceeds 50 km/h, a longer prediction horizon of T = 15 sis adopted to

account for the larger inertia and braking demand at higher speed.
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4.5.3 Predictive safety control mechanism

In cooperative train operation, changes in the leader train motion or track
conditions may cause the inter-train spacing to decrease rapidly. Because the
following train cannot respond instantaneously to such changes due to
communication, computation, and actuation delays, a predictive safety control
mechanism is introduced on top of the finite-horizon inter-train spacing
prediction model. The purpose of this mechanism is to convert the requirement
that the future spacing must not fall below the prescribed safety distance into

an explicit constraint on the admissible acceleration of the following train.

To ensure that the inter-train spacing at the future time t + 7 does not fall

below the minimum safety distance s,;,, the predicted spacing must satisfy
glt+1)>s . (4.22)

Substituting the predicted spacing expression from Eq.(4.21) into this

constraint gives
1
g(z‘)Jr(v1 —vz)r+5(a1 —a2)12 > 8 (4.23)

Rearranging the above inequality yields the admissible upper bound of the
acceleration of the following train,

2
@i = 4+ [ 8 =805, + (4 =7)7] (4.24)

where a$if¢  is the maximum allowable acceleration of the following train

under the predictive safety constraint.

Accordingly, when the control computes the traction or braking command of
the following train, the resulting target acceleration must not exceed this
bound. In this way, the predicted inter-train spacing over the horizon 7 is
guaranteed to remain no smaller than the prescribed safety distance sy, SO
that the safety constraint acts in an anticipatory manner rather than only after

the spacing has already become critically small.
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4.5.4 Velocity-based artificial potential field control

The artificial potential field (APF) approach was originally developed for robotic
path planning and obstacle avoidance. The main idea is to construct an
attractive potential field around the target point and repulsive potential fields
around obstacles. When the controlled agent moves within the resultant field, it
is simultaneously subject to attractive and repulsive forces, and the direction of
their resultant indicates a safe and efficient motion trend. As shown in Figure
4.9, the attractive force dominates when the agent is far from the target, while
the repulsive force increases sharply as it approaches an obstacle, steering it
away from potential collision regions. Owing to its simple structure and low
computational burden, the APF method has been widely applied to multi-agent

obstacle avoidance, cooperative control and trajectory-keeping problems.

Goal

(a) Ilustration of the attractive force (b) Illustration of the repulsive force

Figure 4.9 Illustration of attractive and repulsive forces acting on the agent

during motion

In cooperative train operation, the APF concept can be used to handle the
dynamic train-following relationship between the leader and following trains.
The leader train is treated as the target, the following train as the controlled
agent, and the combined effect of their relative speed and inter-train spacing
determines the direction and magnitude of the potential field. When the leader
train runs faster or the inter-train spacing becomes too large, the attractive field
is strengthened and encourages the following train to accelerate and close the
gap; when the inter-train spacing is too small or the following train is too fast,
the repulsive field dominates, suppressing further acceleration and promoting
braking. The superposition of the two fields yields a composite potential field,
allowing the following train to realize stable train-following behavior around a

dynamic safety spacing.
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To make the control process consistent with the continuity and physical
constraints of railway systems, a velocity-based APF model is adopted, in which
the APF output acceleration a,pr is formulated as a nonlinear function of the
speed difference between the two trains and the integral error of this speed
signal. Assuming that at time ¢ the speeds of the leader and following trains
are v;(t) and v,(t), respectively. The instantaneous speed difference between

the two trains is then defined as
Av(t) = v, () —v,(2) (4.25)

To capture the accumulated effect of their relative motion over time, an integral

of the speed difference is introduced:
h(o)= [ Av(z)dr (4.26)

where h(t) is an integrated speed-difference term that serves as a spacing-
related variable, replacing the direct use of inter-train spacing as the control
input. In the numerical implementation, h(t) is updated by discrete-time
integration and is limited within a prescribed range to suppress long-term drift
of the integral.

During train-following, the safety interval should vary with speed. To this end, a
desired spacing-related reference linked to the speed of the leader train is

introduced as
Sref (t) = SO + 7;:)iasvl (t) (4'27)

Where s, is the minimum interval offset at low speed or standstill, and T, is
a safety time-interval parameter that represents the additional interval required
as speed increases. Based on these definitions, the error of the spacing-related

variable is written as
e,(t) = h(t) — 5, (1) = h(t) = (5o + T, v (1)) (4.28)

When e, (t) > 0, the spacing-related variable is larger than desired; when
e (t) < 0, the interval is insufficient. The control law must adapt the
acceleration of the following train differently in these two cases. However, using

only e, (t) would overlook the current trend of the relative speed, whereas
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relying solely on the instantaneous speed difference would not capture the long-
term behavior of the integrated interval. To account for both aspects, the speed
difference and the spacing-related-variable error are linearly combined into a

single potential-field variable:
S(1) = adv(1) + fe, (1) (4.29)

Where a and g are weighting coefficients that balance the relative influence
of the instantaneous speed difference and the spacing-related-variable error in
the controller. By tuning « and g, a trade-off can be achieved between

convergence speed and stability of the spacing-related variable.

Within the APF framework, this combined term can be regarded as a one-
dimensional potential-field variable that measures how far the system deviates
from the desired train-following state. To obtain an acceleration command that
is smooth and bounded in magnitude, the hyperbolic tangent function tanh (+)
is used to map the potential-field variable in a nonlinear way, leading to the

following velocity-based APF acceleration control law:
(1) = k, tanh (&(2)) = k, tanh (aAv(2) + Be, (1)) (4.30)

where k, is a gain determining the amplitude of the acceleration, that is, the
maximum adjustment strength of the controller in the saturation region of the
potential field.

When aAv(t) + Be,(t)is close to zero, tanh (-) behaves almost linearly and

aspr(t) responds approximately linearly, which is favourable for smooth fine-

tuning around the desired spacing-related reference. When «aAv(¢)+ fe, () has

a large absolute value, tanh () saturates naturally, and |a,pr(t)| is limited to

|k,|, thus preventing excessively large acceleration or deceleration commands.

In practical operation, the a,pr(t) cannot be used directly, and it must be
combined with the predictive safety constraint to ensure that the following train

does not approach the leader too aggressively or even collide with it.
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a,(t) = min{a,p, (1), a5, (1)} (4.31)
For a given admissible acceleration, the required net traction force is

F . (t) =ma,(t) (4.32)

where mgis the equivalent train mass, which accounts for the rotational inertia

of wheels and drivetrain components as an added mass so that the dynamics
can be represented with a single mass parameter. The net traction force is
obtained as the difference between the traction force and the total braking

force:
F. () =F.()-[F,(t)+ F,, ()] (4.33)

where Fr, Fp and F),, denote the traction force, regenerative braking force and
mechanical braking force, respectively. Each of these forces is determined by its
corresponding maximum available force and the percentage allocation

coefficients:

FT (t) = yT (t)FT,max (VZ (t))
Fo(0) = 70() Fy e (v, (©)) (4.34)
Fu ()= (DFy e (v2(0))

0<y,(0), 7, (), 7, () <1 (4.35)

During control, the percentage coefficients are adjusted so that equation (4.33)

satisfies the following relationship:
Fro(t) —[Fr (1) + Fy (D] = ma, (1) (4.36)

In this way, under the predictive safety constraint, the desired acceleration
generated by the artificial potential field is mapped to concrete traction and
braking allocations, so that stable train-following is achieved in the vicinity of

the dynamic safety distance.

The artificial potential field function based on speed difference is shown in
Figure 4.10. When Av < 0, the potential field operates in the repulsive region

and the system generates a negative acceleration to mitigate rear-end risk;
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when Av > 0, it lies in the attractive region and the system produces a positive
acceleration to let the following train catch up with the leader.

The corresponding potential-energy distribution is given in Figure 4.11. As the
speed difference between the two trains approaches zero, the potential-energy
function reaches its minimum and the system settles at a stable equilibrium,

indicating that the trains maintain a safe spacing with matched speeds.
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Figure 4.10 Artificial potential field function curve based on speed difference
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Figure 4.11 Potential energy distribution
4.5.5 Stopping and restart control

(1) Stopping
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During operation, the stopping control of the following train must be
determined from its current speed, remaining distance and track conditions,
when to initiate braking and with what braking intensity to decelerate to zero.
To avoid efficiency loss due to overly early braking, and insufficient safety
spacing due to delayed braking, a dynamic stopping trigger based on real-time
distance and speed is adopted, combined with the braking curve to achieve
smooth deceleration. Here, the stopping trigger refers to the decision logic that
determines whether the train should enter the braking phase according to the

current situation.

When the train approaches a predefined stop point, the system computes the

theoretical braking distance from the current speed v, as given by

2
v

S =
. 2 abrake (V)

(4.37)

Where a;,qx.(v) is obtained by interpolation from the braking characteristic
curve, representing the maximum effective deceleration that can be achieved at
that speed. At the same time, the actual remaining distance from the current

position to the next stop point is calculated as in equation:

dstop = Sstop - (4'38)

The stopping trigger condition is therefore defined by equation:
0< dstop < sreq + sbuffer (4’39)

Where sp,fer provides additional margin to prevent abrupt deceleration or

stopping too close to the target point.

Once the braking phase begins, the traction force is forced to zero, and the train
decelerates progressively with regenerative braking as the primary means and
mechanical braking as a supplement. The share of regenerative braking is set as
high as possible to maximize energy recovery, while the proportion of
mechanical braking is adjusted according to the gradient of the track to
compensate braking demand under different operating conditions. As the speed

gradually decreases, the stop is considered complete when the train speed
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reaches 0 km/h, thereby realizing a smooth and controlled soft-stopping
process. The stopping trigger and active braking region are illustrated in Figure
4.12, and the time evolution of the speeds of the leader and following trains is

shown in Figure 4.13.
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Figure 4.12 Illustration of stopping trigger and active braking spacing

In Figure 4.12, the black solid line represents the actual instantaneous inter-
train spacing between two trains, the grey shaded regions indicate the periods
when braking is active, and the triangular markers are the stopping trigger
points. The clear temporal correspondence between the trigger points and the
following braking intervals over multiple stop cycles shows that the stopping
mechanism determines the onset of braking in advance, rather than merely
reacting passively after the spacing has already decreased. Moreover, no spike-
like or abrupt shrinkage of the inter-train spacing is observed in the vicinity of
the trigger points. Instead, the spacing evolves smoothly throughout the
braking phases, and no chattering or oscillatory behavior caused by repeated
braking activation is evident. This indicates that the stopping trigger
mechanism provides stable and well-timed braking initiation, thereby ensuring

the temporal stability of the stopping control.

58



Train-1
7 ——Train-27]

o @
s ©
T T
= o
N
8
SN
1
e
N
A
@
}\\
| 1

Speed [km/h]
w -~
8 3
I I
\k__:_‘
== =
e
| 1

0 500 1000 1500 2000 2500 3000
Time [s]

Figure 4.13 Comparison of leader and following train speeds over time

As shown in Figure 4.13, the speed of Train-2 exhibits a continuous and smooth
decrease around each stopping point and quickly matches the speed of Train-1,
achieving synchronous stopping. This indicates that, under the imposed safety
constraints, the braking control strategy ensures a stable and well-coordinated

stopping behavior.

(2) Restart

After the stopping phase, the train enters a dwelling and waiting stage. To avoid
unintended departures caused by communication delay, incomplete departure
of the leader train, or unsatisfied track conditions, the system must incorporate
an adaptive restart control mechanism. During dwelling, the train keeps its
speed at zero while continuously monitoring the speed and position of the
Train-1, as well as their dynamic relative motion. Accordingly, the system
computes the integral of the speed difference from the stopping time to the
current time:

e, =] (n@)-v,(0))r (4.40)

stop

This quantity is used as a measure of how much the spacing has recovered, and
represents the effective relative displacement between the following and leader
trains. Once e, (t) satisfies a prescribed restart condition, the system regards

the departure criteria as fulfilled and initiates the restart process.
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(a) Train-1 has already started (v,(t) > 0), Train-2 has been dwelling for 30s,
and the integral of the speed difference has reached the threshold associated

with the safe spacing (e, (t) = 0.9 sq.z).

(b) Train-1 has already started (v;(t) > 0), and Train-2 has been dwelling for
60s.

The restart criterion and the recovery process of the safe spacing are illustrated
in Figure 4.14. When the integral of the speed difference e, (t) gradually
recovers over time and exceeds 90% of the safe spacing s,z (t), the system
judges that an effective relative spacing between two trains has been re-
established. Therefore, if the minimum dwelling time requirement is also
satisfied, the train enters the restart phase, enabling a safe and smooth

departure control.
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Figure 4.14 Illustration of restart criterion and recovery of safe spacing

The restart control mechanism works in coordination with the stopping
mechanism and together they form a complete start—stop logic for the trains.
By imposing constraints on both spacing recovery and minimum dwelling time,
the mechanism provides safety redundancy, so that operational reliability is
maintained even under communication disturbances or delayed departure of
the leader train. At the same time, the combined use of the integral of the speed
difference and the safe distance enables smooth reconnection with the leader

train and adaptive adjustment of the spacing.

60



4.6 Case study setup and description

4.6.1 Train

In the following case study, a typical heavy-haul iron-ore train operated by
LKAB on the Iron Ore Line/Ofoten Line in Sweden is used as the reference
case. The train consists of two IORE electric locomotives and 68 hopper
wagons, with a gross train mass of about 8600 t, an overall length of roughly
750m, and an axle load of approximately 30t, which makes it representative of a

typical long and heavy freight train. The detailed parameters are listed in Table
4.4.

Table 4.4 The main parameters of the train [44]

Parameter IORE (2 sections) Fanoo Train

Length (between couplers) [m] 45.8 10.3 746.2

Tare mass [t] 360 21.6 1828.8

Cargo load (STAX 30) [t] o) 98.4 6691.2
Gross mass (STAX 30) [t] 360 120 8520
Adhesive weight [t] 360 o) 360

Mass contribution

(rotational masses) [t] 52 1.64 163.52

Braked weight [t] 280 48 3544

POLCIRKELN

|ORE 101

Figure 4.15 IORE locomotive section [44]
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Figure 4.16 Fanoo iron ore wagon [44]

The train is powered by two coupled IORE electric locomotives, and the speed-
dependent traction and braking curves have been presented in Section 4.2. It
should be noted that these curves already account for engineering constraints
such as wheel-rail adhesion, locomotive rated power, and electric braking
capability. Therefore, the adhesion limit F < p,4,mg is not introduced
separately in this study, and the train is assumed to operate under nominal dry-
rail conditions. The running resistance has likewise been included in the unified

longitudinal dynamics model of Section 4.2.
4.6.2 Track

The case study is based on a standard operating segment of the Kiruna-Narvik
heavy-haul railway used by LKAB for iron-ore transport. Daily scheduling and
maintenance are carried out by LKAB’s operating subsidiary. The line passes
through highly undulating terrain with long gradients, short steep ramps, and
numerous curves and tunnels, making it a representative mountainous heavy-
haul freight corridor with strict requirements on traction capability and

longitudinal dynamic performance.

The track geometry and operating condition data used in this study are
consistent with the referenced work and originate from the same
measured/design database [44]. The raw track data are provided in terms of
mileage breakpoints, where each breakpoint stores the location, gradient, curve
radius, speed limit, station position and related attributes. These records form

the basis for computing the equivalent curve radius and equivalent gradient.
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The detailed procedure for the equivalent treatment of track geometry has been
presented in Section 4.1. Figure 4.17 shows the measured profile over the full
operating section of approximately 126 km, together with the corresponding

processed equivalent gradient profile.

15 Train Gradient 15Train Equivalent Gradient (Train length =746 m)
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(a) The measured gradient profile (b) The equivalent gradient profile

Figure 4.17 The gradient profile of the whole 126 km
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Figure 4.18 Equivalent gradient, equivalent curve-radius distribution, and

stopping-point locations of the whole 126 km

The original track data span approximately 126 km of the full operating section.
However, the simulation itself is not performed over the entire line. Because a
small step length is used for track discretization (with breakpoint spacing
reduced to the order of a few meters after preprocessing), a full 126km
simulation would lead to a substantial increase in computational load and
output data volume, without bringing proportional benefit to the comparison of
control strategies. Moreover, from the viewpoint of scenario representativeness,
it is unnecessary to include the whole line in order to capture the main
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operating regimes of heavy-haul trains. Therefore, this study selects only the
first four stations from the origin station as the simulation domain, with a total
track length of about 37.7 km.

This section includes several typical operating conditions, including start-up
acceleration, cruising, passing through speed-restricted curves, braking for
station entry, and stopping. It also contains various combinations of gradients
and curves. In this way, the simulation scale and computational burden are
significantly reduced while still preserving sufficiently rich track features within
a limited distance, thereby providing a representative scenario for the

subsequent comparison and evaluation of VC control strategies.
4.6.3 Representative simulation scenario and control activation timeline

Based on the train and track data described above, a representative simulation
scenario is constructed to examine how the cooperative control framework

established in Section 4.5 operates under the given case inputs.

The dynamic evolution of the inter-train spacing and the activation phases of
the different control strategies are shown in Figure 4.19, including Dynamic

stopping (DS) active, APF accel, APF brake, Predictive safety clamp, Pre-limit
deceleration, and the Restart window. In addition, the grey inverted triangles

indicate the Dynamic stopping trigger, and the green triangles denote Restart.
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Figure 4.19 Time history of inter-train spacing and control activation phases in

the representative simulation scenario

In the initial start-up phase (0—487 s), the inter-train spacing is almost zero and
far below the safety threshold, so the system classifies this as a high-risk period,
highlighted by the light-grey background (DS active). Because of the extremely
small spacing and large speed difference, the APF module switches frequently
between attractive and repulsive actions, shown by the alternating red (APF
accel) and blue (APF brake) bands, to regulate the speed difference while
preventing further spacing reduction. At the same time, the predictive safety
clamp is repeatedly activated, as indicated by the purple bands (Pred. clamp), to
softly limit the traction output whenever the predicted future spacing becomes

insufficient.

After this initial phase, the system repeatedly undergoes three-time dynamic
stop—dwell-restart cycles (487-598 s, 1241—1350 s and 1992—2101 s). In
operation, train 2 reaches the dynamic stopping point (grey inverted triangles,
DS trigger) and simultaneously enters the light-grey region (DS active). The
traction force is then cut off, while regenerative and mechanical braking are
allocated adaptively according to the gradient, yielding controlled deceleration
until the speed reaches zero. During deceleration, whenever the prediction

model indicates that the future interval may approach or fall below the safety
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limit, purple bands (Pred. clamp) appear intermittently, applying additional
soft clamping on the net traction to prevent overshoot before the stop.

Once the train has come to a complete stop, it enters a dwelling state. During
this period, both APF control and predictive clamping are temporarily disabled,
and the spacing remains approximately constant around the safety threshold.
When the minimum dwelling time has been satisfied and the restart criterion is
fulfilled, the restart phase begins. In the figure this is indicated by green vertical
bands (Restart window) and green triangle markers (Restart). At this point, the
traction channel is gradually restored, and the train accelerates back into the

next following phase.

In the intervals 598—-1241 s, 1350—1992 s and 2101—2644 s, the trains operate in
the normal following phase between a restart and the next dynamic stop. Each
restart is indicated by a green vertical band (Restart window) and a green
triangle (Restart), after which the system enters a safe running region
dominated by the light-grey background (DS active). Dynamic stopping
protection remains enabled but no longer enforces deceleration; it acts only as a
global safety constraint. During this stage, longitudinal control is mainly
governed by the combined action of the APF and the predictive safety module.
After each restart, the spacing is usually close to the safety threshold and the
speed of the following train is relatively low, so the attractive mode of the APF is
activated, appearing as red bands (APF accel) that drive train 2 to accelerate.
When the speed difference reverses sign or the integrated interval becomes too
small, the APF switches to the repulsive mode, shown as blue bands (APF
brake), to suppress overshoot. If the prediction model indicates that the future
interval may be insufficient, purple bands (Pred. clamp) are triggered to soften
the APF-induced acceleration and tighten the safety margin. Meanwhile, the
brown band at the bottom (Prelimit decel) adjusts the upper speed bound in
advance according to speed limits and gradients, preventing potential

overspeed during the closing process.

In the final stopping phase from 2644—2694 s, the trains gradually approach

the terminal stopping position. When train 2 reaches the last braking point
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computed by the system, grey inverted triangles (DS trigger) appear in the
figure and train 2 enters the dynamic stopping state indicated by the light-grey
background (DS active). The traction channel is closed, and regenerative and
mechanical braking are allocated as required to achieve controlled deceleration.
During this phase, the prediction model indicates that the future interval may
become insufficient, which is shown as purple vertical bands (Pred. clamp) that
further constrain the traction and braking outputs through soft clamping and
prevent overshoot before the final stop. Through the coordinated action of the
different mechanisms, the last stopping process remains smooth and
controllable, and train 2 eventually stops at about 200 m behind the leader

train.

The proposed multi-strategy cooperative control framework exhibits good
feasibility and consistency throughout the entire run. The APF provides real-
time regulation of the speed difference, the predictive safety clamp offers
forward-looking constraints, dynamic stopping guarantees enforced braking
under extreme conditions, and the pre-limit module adjusts the upper speed
bound in advance. Each mechanism plays a distinct role while complementing
the others, enabling the system to maintain a safe inter-train spacing and
prevent overshoot in all phases, thereby demonstrating the effectiveness and

robustness of the designed control strategy.

4.7 Summary

This chapter established the longitudinal dynamics and cooperative control
strategy for VC train operation. Under clearly stated modelling assumptions, a
unified longitudinal dynamics model was developed for the heavy-haul train,
including traction, braking, running resistance, gradient resistance, and curve
resistance. To account for the train-length effect while retaining the simplicity
of the single-point dynamics framework, an equivalent treatment of track
geometry was introduced, through which the horizontal alignment data and
vertical profile data were transformed into the equivalent curve radius and

equivalent gradient.
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On this basis, a time-domain description for the two trains was constructed,
and communication and actuation delays were represented as equivalent spatial
lag within the breakpoint-based track framework. These treatments enabled the
model to incorporate train data, track data, and delay effects in a consistent

manner under realistic operating conditions.

Building on the above framework, an integrated cooperative control strategy
was developed for the following train. As defined in Section 4.5, this driving
strategy consists of track-dependent preprocessing rules, a finite-horizon inter-
train spacing prediction model, a predictive safety control mechanism, a
velocity-based APF control law, and stop-restart control. These modules
operate at different levels but in a coordinated manner: preprocessing provides
baseline channel allocation, the prediction and predictive safety modules
impose anticipatory safety constraints, the APF law generates the main
following-control action, and the stop-restart logic handles special operating
phases. Together, they allow the following train to adjust its traction and
braking actions according to the state of the leader train, the evolution of inter-
train spacing, and the track conditions, while maintaining safety and smooth

operation.

Finally, the chapter introduced the case study description and setup, including
the train data, track data, and a representative simulation scenario for
illustrating the activation and coordination of the proposed control strategy.
This provides the basis for the result analysis and comparative evaluation of

different driving-strategy configurations in the following chapter.
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5 Results and discussion

Building on the previously established longitudinal train dynamics framework
and cooperative control architecture, this chapter further evaluates the
performance of different control strategies through numerical simulations.
First, the single-point model and the proposed multi-point model are compared
in terms of following performance, speed fluctuation, and inter-train spacing
stability, in order to assess how the level of dynamical modeling affects control
performance. The chapter then examines how different driving strategy
controls influence operational efficiency and safety, and investigates how
alternative control functions shape system behavior under the defined control
objectives. In addition, sensitivity studies are conducted for key parameters
such as start-up delay, maximum allowable acceleration, and initial inter-train
spacing, so as to reveal how these factors influence the dynamic coupling
between trains. The systematic analysis of these simulation results offers
targeted insights for refining control strategy design and assessing the

feasibility of engineering implementation.

5.1 Comparative analysis of the single-point model and multi-point

model

As mentioned before, in the traditional single-point model, a train is abstracted
as a single reference point, so that the influence of train length is neglected. In

this study, the proposed multi-point model introduces a sliding-window
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equivalent treatment based on train length while retaining the basic structure of
the single-point longitudinal dynamics model. A comparative analysis of the
single-point model and the proposed multi-point model is carried out, and the

results are shown in Figure 5.1.
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Figure 5.1 Inter-train spacing of single-point model and multi-point model

As illustrated in Figure 5.1, the two models exhibit clear differences in the
predicted inter-train spacing. Because the traditional single-point model
directly uses original point track inputs, it is more sensitive to abrupt changes in
speed limits, gradient, and curve radius, which leads to stronger local
fluctuations in the spacing. In sections with pronounced geometric variation,
the spacing may even become slightly negative. It should be noted that these
values should not be interpreted as physically meaningful negative spacing.
Their magnitude is very small (less than 10 m) compared with the total train
length of about 746 m, indicating that they are more likely caused by local
estimation bias of the single-point approximation in sections with strongly

varying track geometry, where train-length effects are neglected.

By contrast, the proposed multi-point model applies the equivalent treatment of
track geometry over the train length and therefore better reflects the combined

influence of the external conditions acting on different parts of the train. As a
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result, its predicted inter-train spacing is more continuous, with smaller
artificial fluctuations and without the slight negative values observed in the
single-point model. This indicates that the multi-point model can more
effectively suppress the local distortion introduced by the simplified point
representation and provide a more physically consistent description of relative

train motion.

Overall, the proposed multi-point model retains the computational simplicity of
the single-point model while significantly improving the physical consistency
and stability of inter-train spacing prediction. This makes it more suitable for
the subsequent prediction and cooperative control of relative train motion in

VC operation.

5.2 Impact of the proposed driving strategy on train operation

Having shown in the previous section that the multi-point model provides a
more physically consistent and stable description of train motion, this section
further examines how the proposed driving strategy affects cooperative train
operation. As defined in Section 4.5, the driving strategy in this thesis refers to
the integrated cooperative control framework for the following train. To clarify
the role of different control components, three configurations are compared: (1)
a baseline case without the proposed driving strategy; (2) a reduced strategy
including only track-dependent preprocessing and predictive safety control;
and (3) the full driving strategy, in which all control modules are activated. In
Figure 5.2 and Table 5.1, these three configurations are labeled as “without
using driving strategies”, “using driving strategies (only initial track and
predictive safety)”, and “using driving strategies”, respectively. The inter-train
spacing curves under these three configurations are shown in Figure 5.2, and

the corresponding statistical comparison is summarized in Table 5.1.
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Figure 5.2 Inter-train spacing under three control configurations

Table 5.1 Statistical comparison of inter-train spacing under three control

configurations
Mean Standard Maximum Minimum
Control mode o
(m) deviation (m) (m) (m)
Without driving strategies 418 212 890 224
Using strategies (Initial
o 200 100 507 203
track + predictive safety)
Using full driving strategies 277 101 476 200

As shown in Figure 5.2 and Table 5.1, the inter-train spacing exhibits
pronounced fluctuations when no driving strategy is applied. The maximum
deviation reaches approximately 0.89 km, with a mean spacing of 418 m and a
standard deviation as high as 212 m. This indicates that the following train has
difficulty maintaining stable following under the leader train’s speed

disturbances, and the overall system behaves passively.

After introducing the initial trajectory planning and predictive safety control,

the spacing fluctuations become noticeably smaller. The mean spacing
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decreases to 290 m, and the standard deviation is reduced to about 100 m. This
indicates that the predictive safety constraint effectively suppresses abrupt
variations in inter-train spacing and improves the dynamic response of the

following process.

When using the full driving strategy control, the performance improves further.
The mean spacing decreases to 277 m, corresponding to a reduction of
approximately 33.7% relative to the case without driving strategy. The standard
deviation remains around 101 m, which is about 52.4% lower than that of the
no-strategy case, indicating a substantial improvement in the stability of the
following process. Meanwhile, the maximum spacing is kept below 476 m, and
the minimum spacing remains close to 200 m, showing that the system
maintains the spacing within a relatively compact and safe range. The spacing
histories further show that the full strategy produces the smoothest operation,
with almost no large peaks or deep troughs. The overall simulation suggests
that the strategy can effectively suppress spacing oscillations caused by the
acceleration and deceleration of the leader train, thereby improving the

robustness, safety, and smoothness of train following.

5.3 Effects of different control function formulations on train operation

The effectiveness of cooperative train control depends not only on the selected
control strategy but also on the intrinsic form of the control function itself.
Different control functions exhibit distinct response characteristics when
processing spacing difference, speed difference, and acceleration difference.
These characteristics directly influence following stability, following speed, and
the overall smoothness of train operation. To systematically assess how control
function formulations influence train-following performance, this section
compares several representative linear control functions with the nonlinear

artificial potential field (APF) control function based on speed difference.

Before discussing the results, a brief description of these control functions is
given. Here, control function refers to the mathematical mapping from the

selected feedback variables to the commanded control output. Distance
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feedback, speed feedback, and acceleration feedback all belong to difference-
based linear feedback control, distinguished by the state variables they employ:

(1) Distance-feedback control generates commands solely from the spacing

difference. Its structure is simple, but it is more sensitive to disturbances.

(2) Speed-feedback control adjusts the commanded acceleration according to
the speed difference, enabling the system to anticipate and track the motion

trend of the leader train.

(3) Acceleration-feedback control further improves responsiveness to changes
in the acceleration and deceleration of the leader train, making the control
action more anticipatory.

The combination of these three feedback terms forms a three-parameter

feedback structure, whose mathematical form is given by
u=K e +K, e +K, -e, (5.1)

where e; isthe spacing difference, representing the deviation of the current
inter-train spacing from the desired safety spacing. e, is the speed difference
between the leader train and the following train. e, is the acceleration
difference, representing the discrepancy between their acceleration or
deceleration trends. Ky, K,,, and K, are the corresponding feedback gains.
Equation above (5.1) therefore represents a weighted linear combination of

spacing, speed, and acceleration differences.

Unlike the linear control functions described above, the APF control adopts a
nonlinear regulation structure, mapping the speed difference continuously

through an attraction and repulsion mechanism.

The inter-train spacing histories under different control functions are compared

in Figure 5.3, and the corresponding statistical results are listed in Table 5.2.
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Figure 5.3 Inter-train spacing histories under different control functions

Table 5.2 Statistical comparison of inter-train spacing under different control

functions
Control Mode Mean (m) Standard deviation (m)
Distance-based feedback 422 250
Velocity-based feedback 323 119
Acceleration-based feedback 201 100
Three-parameter feedback 365 109
APF driving strategies 277 101

As shown in Figure 5.3, different control functions produce clearly different
spacing responses. Distance-feedback control is the most sensitive to
disturbances, and the spacing even becomes negative over part of the trajectory.
These negative values should not be interpreted as physically meaningful
spacing. Instead, they indicate that, under the present gains and test scenario,
distance-feedback control used alone fails to maintain a feasible and safe
following state. In other words, the control does not provide sufficient dynamic
damping to cope with the leader train’s speed changes, and the resulting

spacing response loses physical admissibility.
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By contrast, speed-feedback control and acceleration-feedback control are both
significantly more stable, they can better decrease disturbances caused by the
leader train. Their spacing histories gradually converge as time progresses,
indicating effective suppression of oscillatory behavior. Among the two,
acceleration-feedback control gives the smallest standard deviation (100 m),
slightly lower than that of speed-feedback control (119 m), suggesting that
explicit use of acceleration difference improves responsiveness to changes in the

leader train’s motion.

Although the three-parameter feedback control incorporates more state
information, its performance is not uniformly better. The spacing history still
shows noticeable mid-frequency oscillations, and its standard deviation (109 m)
remains higher than that of acceleration-feedback control. This suggests that
adding more feedback terms does not automatically improve performance; if
the gain interaction is not properly balanced, the coupling among feedback

terms may instead introduce additional oscillatory behavior.

The APF control function exhibits the smoothest spacing. Its spacing history
remains well bounded throughout acceleration, deceleration, and cruising
phases, without the pronounced oscillations observed in distance-feedback
control or the visible mid-frequency fluctuations present in the three-parameter
linear case. Owing to the saturation property of the nonlinear APF function, the
commanded acceleration naturally weakens as the state approaches
equilibrium, thereby reducing repeated over-correction and limiting overshoot.
In terms of statistical indicators, the standard deviation of APF control (101 m)
is essentially the same as that of acceleration-feedback control, while its mean

spacing (277 m) is the lowest among the compared methods.

Table 5.2 supports the same conclusion. Distance-feedback control performs
worst, with the largest standard deviation (250 m) and the appearance of
negative spacing values, indicating poor following reliability. Speed-feedback
and acceleration-feedback control both achieve much smaller spacing
fluctuations, with acceleration-feedback giving the best performance among the

linear control functions. The three-parameter feedback control remains
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intermediate: it performs better than distance-feedback control, but does not
surpass the simpler acceleration-feedback function. APF control does not
produce the numerically smallest standard deviation, but it provides the most
balanced overall behavior by combining low fluctuation, bounded response, and

smooth temporal evolution.

In summary, the comparison shows that the control function has a strong
influence on train-following performance, and the nonlinear APF control offers
the most balanced overall response, owing to its smooth attraction-repulsion
mechanism and inherent saturation property. Although its standard deviation
is not strictly the smallest, it achieves the smoothest spacing evolution, avoids
severe oscillations, and offers the best overall trade-off among safety, stability,

and response smoothness.

5.4 Comparison of distance-based and speed-based driving strategies

The previous analysis has shown that the APF control function provides
balanced overall performance. However, in cooperative train operation, the
control objective may still be defined with respect to different state variables. In
the present study, two driving strategies are formulated within the APF
framework: a distance-based driving strategy, which regulates train following
directly through inter-train spacing, and a speed-based driving strategy, which
regulates the following process through speed difference. The inter-train
spacing histories under these two control objectives are compared in Figure 5.4,

and the corresponding statistical results are listed in Table 5.3.
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Table 5.3 Statistical comparison of inter-train spacing under distance-based

and speed-based driving strategies

Mean Star.ld:flrd Maximum Minimum
Control Mode deviation
(m) (m) (m)
(m)
Without driving strategies 418 212 895 226
Speed-based driving strategies 277 101 476 200
Distance-based driving

252 69 379 200

strategies

As shown in Figure 5.4 and Table 5.3, the distance-based control exhibits

overall smoother behavior. Its spacing history shows smaller fluctuations, with

no notable oscillations even during acceleration or deceleration phases, and the

corresponding standard deviation is lower. Its maximum spacing reaches only

379 m, smaller than the 476 m under the speed-based strategy, indicating

stronger spacing maintenance. This difference fundamentally arises from the

distinct sensitivity regions of the two strategies within the APF framework.

When spacing approaches the target value, the distance-based strategy

experiences a steeper APF gradient, allowing timely correction of small

deviations and thus maintaining a stable following state. In contrast, the speed-
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based strategy relies more heavily on speed differences. When the train speeds
are similar, but the spacing remains large, the adjustment is triggered later,

making local oscillations more likely during steady state operation.

Although the distance-based strategy performs better, its practical application
in railway operation is subject to several limitations. First, absolute inter-train
spacing typically relies on external measurement sources such as odometers,
track circuits, or Global Navigation Satellite System (GNSS). These signals can
be affected by track conditions, curve radius variation, gradient fluctuations,
and other external interferences. In long-train operation and complex track
environments, these effects may degrade the reliability of distance-based
feedback. Second, distance-based control is generally more sensitive to
information delay, because any lag in the transmitted or estimated position
information directly affects the spacing calculation and may lead to delayed

control action.

By contrast, speed-related information is generally easier to measure at high
frequency and with good robustness using onboard sensors. Moreover,
compared with absolute spacing, speed difference is less sensitive to cumulative
positioning error and is therefore better suited to real-time control under
rapidly changing operating conditions. For this reason, although the speed-
based driving strategy does not produce the tightest spacing regulation in the
present numerical comparison, it offers clear advantages in measurability,

implementation robustness, and engineering feasibility.

Overall, the comparison suggests that the choice of control objective has a clear
influence on train-following behavior. If the emphasis is placed purely on
compact spacing regulation, the distance-based strategy performs better.
However, if practical factors such as information availability, robustness to
measurement error, and suitability for real-time implementation are also taken
into account, the speed-based driving strategy is more consistent with the

engineering requirements of VC operation.
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5.5 Optimization and sensitivity analysis of driving strategy parameters

In practical operation, the performance of VC control depends not only on the
adopted driving strategy but also on several critical parameters, such as start-up
delay, acceleration constraints, and the initial inter-train spacing. These
parameters determine how rapidly and to what extent the following train
responds to changes in the motion of the leader train, and different parameter
combinations may lead to distinct outcomes in terms of stability, speed, and
safety margin. Therefore, a systematic sensitivity analysis of these key
parameters is necessary to evaluate the robustness of the proposed driving

strategy and its applicability under realistic engineering conditions.

5.5.1 Influence of start-delay settings

The start-delay is defined here as the time offset between the departure instant
of the leader train and that of the following train after a stop or restart. It is an
important external timing parameter affecting the following process in VC
operation. In practice, this delay may arise from differences in dwell-time
requirements, dispatching commands, signaling logic, and communication or
processing delays. Different start-delay settings directly affect the departure
timing of the following train and may therefore affect the inter-train spacing.
The inter-train spacing histories under different start-delay settings are

compared in Figure 5.5.
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Figure 5.5 Inter-train spacing histories under different start-delay settings

Here, “20-60 s” denotes that, according to the restart constrain, the minimum

dwell time of the following train is set to 20s, while the maximum allowable

» <«

dwell time is 60s. “30-60 s”, “40—60 s”, and “50—60 s” indicate that the

minimum dwell time is adjusted to 30 s, 40 s, and 50 s, respectively, while the
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maximum dwell time remains fixed at 60 s in all three cases. “60 s (Fixed
range)” means that both the minimum and maximum dwell times are set to

60s, so the following train always departs after a fixed 60s stop.

As shown in Figure 5.5(a), although different start-delay settings are imposed,
the inter-train spacing histories remain almost identical during the initial o-
600 s. During this stage, the two trains operate under similar track conditions,
and the resulting traction and braking commands remain close. As a result, the
influence of the start-delay has not yet accumulated sufficiently to produce
visible differences in inter-train spacing. As the operation continues and the
running conditions change, especially during pronounced acceleration or
deceleration phases and when different control constraints become active, the
effect of the start-delay gradually accumulates and begins to show differences in
the spacing evolution.

In particular, when the minimum dwell time increases from 40 s to 60 s, the
inter-train spacing grows markedly, reaching a maximum of approximately 1.4
km. This occurs because the following train remains stationary for a longer
period, while the leader train continues to operate normally, quickly generating
a substantial speed difference. After restarting, the following train adjusts its
motion mainly according to track-related constraints, but without an active
mechanism for compensating for the initial spacing increase caused by the
delayed departure of the following train. Consequently, the early spacing deficit
cannot be eliminated within a short time, and the discrepancy continues to
accumulate during the subsequent run. This leads to a large long-term spacing

and is unfavorable for cooperative operation.

In contrast, after the driving strategy is introduced in Figure 5.5(b), the spacing
histories under different start-delay settings coincide, and the inter-train
spacing no longer changes with varying delay values. That is because when a
larger start-delay produces an oversized spacing at departure, the attractive
potential in the APF framework increases and drives the following train to
accelerate. When the spacing becomes sufficiently small or the speed difference

reverses, the repulsive term suppresses further pursuit and prevents the safety
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spacing from being compressed. Through this mechanism, the spacing increase
caused by the delayed departure of the following train can be corrected rapidly,
so that the spacing trajectories under different delay settings converge to a

similar following pattern.

In real railway operation, start delays are often unavoidable and may vary over
time. The fact that the driving strategy maintains stable following performance
over a wide delay range of 20—60 s indicates that the system is robust to start-
delay variations. This reduces the dependence on strictly synchronized
departures and mitigates the operational risks caused by inconsistent platform
operations or timing mismatch, thereby improving the practical feasibility of VC

control in real-world applications.

5.5.2 Influence of acceleration limits

The acceleration limit is a key control constraint in longitudinal train operation
and is jointly affected by traction capability, braking capability, and track
conditions. Different upper bounds on allowable acceleration directly influence
how quickly the following train can respond to changes in the motion of the
leader train, thereby affecting the transient response and the long-term
following performance of cooperative operation. To evaluate the influence of
the acceleration limit on control performance, four representative limit level
(£0.2m/s2, £0.3 m/s2, +0.4 m/s2, and +0.5 m/s2) are considered, and the

corresponding inter-train spacing histories are compared in Figure 5.6.
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Figure 5.6. Inter-train spacing histories under different acceleration limits

As shown in Figure 5.6(a), the influence of the acceleration limit is mainly

concentrated in the initial 0—500 s interval. In this stage, a smaller acceleration

limit weakens the ability of the following train to compensate for the speed

difference created at departure. When the constraint is +0.2 m/s2, the inter-
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train spacing increases to about 0.56 km before 500 s. When the upper bound is
increased to +0.3, £0.4, and +0.5 m/s2, the maximum increased spacing in the
start-up phase decreases progressively. This indicates that a larger available
acceleration improves the catch-up capability of the following train and helps

reduce the spacing more rapidly in the early stage.

However, after approximately 500 s, the four curves gradually converge and
exhibit large oscillations in the 2000—2600s interval, with the maximum
spacing reaching nearly 0.9 km. This behavior indicates that, without driving
strategies, spacing variations in the later operation phases are mainly driven by
external factors such as track gradient, curve radius, and speed restrictions, and
the influence of the acceleration limits on stability is significantly reduced.
Regardless of the available acceleration level, the system ultimately exhibits

similar oscillation patterns and spacing divergence tendencies.

When the speed-based driving strategy is enabled, as shown in Figure 5.6(b),
the inter-train spacing under different acceleration limits is significantly
reduced, and the trajectories remain much closer than those in Figure 5.6(a),
but the curves do not fully coincide. This indicates that the speed-based driving
strategy suppresses the sensitivity to acceleration-limit settings, but does not
eliminate it. In particular, during restart and re-acceleration phases, a larger
acceleration limit still allows a stronger short-term response, so noticeable

differences can remain in some parts.

From an engineering perspective, these results suggest that the acceleration
limit mainly affects the transient adjustment capability of the following train. A
larger limit improves short-term responsiveness, but may also increase the risk
toward overshoot under complex operating conditions. After the speed-based
driving strategy is introduced, the overall system becomes less sensitive to the
exact value of the acceleration limit, although noticeable differences may still

persist when stronger acceleration demand is required.
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5.5.3 Effects of initial and target inter-train spacing settings

In VC train operation, the initial inter-train spacing and the target inter-train
spacing describe two related but functionally different aspects of the following
process. The initial inter-train spacing determines the starting condition when
the following train enters the control domain and mainly affects the early
transient adjustment, whereas the target inter-train spacing represents the
desired spacing level that the controller aims to maintain during subsequent
operation. In simple terms, the initial inter-train spacing specifies how far apart
the two trains are when control begins, whereas the target inter-train spacing
specifies how far apart the controller intends to keep them during stable
following. Together, they influence the convergence of train following, the

smoothness of spacing adjustment, and the overall safety margin of the system.

In the present tests, these two quantities are assigned the same prescribed value
in each case (100, 150, 200, 250, and 300 m). Therefore, each tested spacing
setting simultaneously defines both the starting spacing and the desired steady
following spacing. The inter-train spacing histories under different prescribed
spacing settings are compared in Figure 5.7, while the corresponding mean

values and standard deviations are shown in Figure 5.8.
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As shown in Figure 5.7(a), when the prescribed spacing setting increases from
100 m to 300 m, the inter-train spacing histories shift upward as a whole,
indicating that the system maintains a higher average spacing throughout the
run. This is expected, because a larger prescribed spacing directly raises the
desired operating level of the following process. At the same time, a larger
initial spacing also means that the following train must reduce a larger early
spacing deviation. However, its spacing-recovery capability is jointly limited by
the acceleration upper bound, track gradient, and traction characteristics.
Under a large prescribed spacing, the following train cannot fully reduce the
spacing deviation within a limited time, even with continuous acceleration.
Figure 5.8(a) further shows that the mean value increases monotonically with
the prescribed spacing setting, whereas the standard deviation exhibits a U-
shaped trend, with the minimum around 200 m, indicating the weakest spacing
fluctuation and the best stability at this setting.

In contrast, when the speed-based driving strategy is enabled, as shown in
Figure 5.7(b), the inter-train spacing histories under different prescribed
spacing settings become much closer to one another, and the fluctuation level is
clearly reduced compared with the case without strategy. This indicates that the
influence of the initial spacing difference is largely absorbed by the control
strategy during the following process. Figure 5.8(b) supports the same
conclusion: although the mean value still increases with the prescribed spacing
setting, both the mean level and the standard deviation are lower than those in
Figure 5.8(a), indicating that the strategy reduces the sensitivity of the system

to different spacing settings and maintains more consistent following behavior.

This improvement mainly results from the coordinated action of three
mechanisms within the strategy. First, speed-based strategy continuously
adjusts the motion of the following train according to the relative speed
between the two trains, helping the system gradually reduce the spacing
deviation. Second, the nonlinear APF structure strengthens the response when
the spacing deviation is large, but weakens the control action naturally as the
state approaches equilibrium, thereby improving convergence smoothness and

avoiding excessive correction. Third, the predictive safety constraint limits the
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control output when the spacing becomes too small or approaches the safety
threshold, preventing excessive compression of the inter-train spacing. Through
the combined effect of these mechanisms, the driving strategy exhibits strong
self-regulation capability under different prescribed initial and target spacing
settings, thereby maintaining stable and consistent train-following
performance.

5.6 Summary

This chapter systematically evaluated the proposed cooperative control
framework from the perspectives of model comparison, control-function
formulation, control-objective selection, and parameter sensitivity. The results
showed that the multi-point model provides a more physically consistent
description of relative train motion than the single-point model, while the
proposed driving strategy effectively suppresses inter-train spacing oscillations

and improves following smoothness.

Among the compared control functions, the APF-based method showed the
most balanced overall performance because of its smoother nonlinear
regulation. In addition, although the distance-based driving strategy produced
tighter spacing regulation in the present simulations, the speed-based driving
strategy was found to be more suitable for practical implementation in view of

measurability, real-time response, and engineering feasibility

Finally, the sensitivity analysis indicated that a start-delay range of 30-60 s, an
acceleration upper bound of +£0.3 m/s2, and an initial/target inter-train spacing
of around 200 m provide the most suitable overall parameter combination,
achieving a good balance between response capability, running smoothness,
and following stability.
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6 Conclusions and future work

6.1 Conclusions

This study addresses the requirements of cooperative control for virtual
coupling trains and develops a systematic driving strategy control framework.
Through numerical simulations, the framework is evaluated from the
perspectives of model formulation, control-function design, control-objective

selection, and parameter sensitivity. The main conclusions are as follows:

(1) A cooperative train-following simulation framework for VC operation is
established. By introducing the equivalent treatment of track geometry, the
framework can incorporate gradients, curve radius, speed limits, and start-stop
phases into a unified longitudinal modelling process, thereby providing a

reliable basis for the analysis and evaluation of cooperative control strategies.

(2) A speed-based APF control function is proposed using speed difference
together with the speed-integrated spacing-related variable, so that the control
formulation no longer depends directly on absolute inter-train spacing as its
primary input. Comparative analysis of different control functions shows that
the APF-based formulation provides the most balanced overall performance
under the present case settings, with smoother dynamic response, better

suppression of spacing oscillations, and improved following stability.
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(3) A cooperative control framework integrating the APF control function with
predictive safety constraints is constructed. This framework combines the
nonlinear regulation capability of the APF with the anticipatory effect of
predictive safety control, achieving a better balance among responsiveness,
robustness, and safety. Simulation results show that the proposed strategy can
effectively reduce inter-train spacing fluctuations, limit unnecessary
traction/braking switching, and maintain the trains within a safe following

region under varying operating conditions.

(4) A systematic sensitivity analysis further identifies the applicable parameter
ranges of the proposed strategy. Under the present simulation settings, a start-
delay range of 30—60 s, an acceleration upper bound of +0.3 m/s2, and an
initial/target inter-train spacing of around 200 m provide the most suitable
overall parameter combination, achieving a good balance between response
capability, running smoothness, and following stability. These results provide

quantitative guidance for practical parameter tuning.

In summary, the proposed modelling and control framework exhibits good
coordination, stability, and engineering applicability under the considered VC
scenarios, and provides a solid basis for further research and practical

implementation.

6.2 Future work

Although this study establishes a modelling framework for cooperative control
of VC trains and systematically evaluates the performance of multiple control

strategies, there are still several limitations that deserve further investigation.

(1) The finite-horizon inter-train spacing prediction model in this study is based
on a constant acceleration assumption, which limits prediction accuracy under
complex operating conditions. Future work may incorporate more refined
motion prediction models, including non-constant-acceleration models or data-

driven prediction approaches, so as to better capture train dynamics.
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(2) The present work focuses mainly on the cooperation between two trains and
does not yet provide an in-depth analysis of overall coordination and control
coupling in multi-train formations. Future studies may extend the framework to
multi-train scenarios, investigating how control commands propagate along

long train groups and how this affects overall operational safety.

(3) The validation in this study is primarily simulation-based and still lacks
experimental support. Future work should include hardware-in-the-loop tests,
virtual prototype validation, and line tests to further verify the proposed control

strategies and assess their implementability and stability in real systems.
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