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ABSTRACT This paper introduces a novel Real-Time Model Predictive Control (MPC) framework for
automatic train regulation in complex metro lines featuring bifurcations, short-turning operations, and
continuous communication systems (CBTC or ERTMS), enabling real-time information exchange between
trains and control centers for traffic supervision and control. This framework addresses a critical gap in
existing approaches: enabling the restoration of nominal operations after moderate disruptions when the
line is not limited to a simple or looped infrastructure. The proposed approach operates in two stages:
first, a predictive mathematical algorithm generates running-time and dwell-time control actions, balancing
timetable adherence and headway regularity subject to topological constraints. Second, these actions are
processed by a module that generates real-time automatic driving commands. A key contribution is the incor-
poration of a granular optimization strategy that enhances energy efficiency while preserving operational
performance. The algorithm was validated on a simulation platform based on a real Spanish metro line and,
compared to traditional regulation, the results demonstrate a 30.00% improvement in headway adherence
and a 7.80% reduction in passenger waiting time in high-demand areas, along with a 10.37% reduction
in energy consumption. The computational efficiency of the proposed model confirms its suitability for
real-time application in large-scale, complex transit infrastructures.

INDEX TERMS Automatic train regulation, complex topology, energy efficiency, mass transit systems,
model predictive control, real-time optimization.

I. INTRODUCTION The use of ATO also allows for the creation of pre-designed

In recent decades, urban rail systems have become a key
component of sustainable mobility due to their high capacity,
energy efficiency, and low environmental impact. However,
increasing urbanization has intensified demand, requiring
more reliable and efficient operations. Automatic Train Oper-
ation (ATO) addresses this by executing driving commands
such as acceleration, braking, and platform stops, thereby
improving punctuality, capacity, and passenger comfort [1].
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schedules at the start of operations. In [2], a model based
on dynamic programming is proposed for designing such a
schedule through speed profiles specifically developed for
energy savings while meeting a predefined line travel time.

However, even with ATO, in high-frequency services,
minor and moderate disruptions such as boarding delays or
technical issues can cause cascading effects, impacting the
entire line and leading to delays and congestion [3]. In addi-
tion to these internal sources of disturbance, external factors
such as adverse weather conditions can also significantly
affect railway operations [4].
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To avoid these perturbations, it is necessary to perform
traffic corrections. Traditionally, they were managed by train
drivers, who modified train speed and platform dwell times to
make up for their own delays, as well as by line controllers,
who advanced or delayed train departures depending on the
overall traffic conditions. However, in lines equipped with
ATO systems, these corrections can be automated.

The corrections can be classified into two levels. On the
one hand, when a disruption is too severe, it becomes impos-
sible to maintain or return to the nominal timetable. For such
cases, various methods have been developed to generate a
new schedule and thus minimize the impact of the disruption
on service quality [5], [6]. Nowadays, rescheduling decisions
are made by operators, whose actions may be supported by
computational methods such as those mentioned above.

On the other hand, it is essential to have an Automatic
Train Regulation (ATR) layer when the disturbances on the
line are moderate enough to allow the system to maintain
or return to the nominal schedule and headway. The ATR
involves generating regulation commands to trains, indicating
adjustments to running and dwell times in order to meet the
current traffic needs. If the line is not equipped with ATR,
these regulation commands are sent to the trains by operators
who can be helped by decision support systems. For instance,
[7] proposes an off-line model to adjust train speed profiles by
implementing strategic speed limits in specific block sections
and reducing spatial headways between successive trains to
enhance the capacity of the line; and [8] presents a machine
learning algorithm that supports operators’ decision-making
by predicting delay recovery through the analysis of adjust-
ments in train dwell and running times. On the contrary, if the
line is equipped with ATR systems, the sending of regula-
tion commands to trains can be performed without human
supervision.

Nowadays, ATR systems have been developed and imple-
mented along with ATO, where ATR constantly supervises
the traffic performance and sends the regulation commands to
the trains to be executed by the ATO [9]. The predictive math-
ematical algorithm for complex line topologies proposed in
this paper focuses on this level of automatic train regulation,
as its objective is to send the optimal regulation commands to
trains for automatic regulation before a full rescheduling of
the system’s operation becomes necessary.

In the literature, several algorithms have been developed
to improve ATR. For instance, in [10], a distributed Adap-
tive Optimal Control (AOC) strategy is presented to manage
large-scale mass transit networks with transfer coordination
constraints, and [11] presents an approach that uses the
combination of multiple Al algorithms through an averaging
mechanism to adjust in real-time the dwell times, taking into
account sudden passenger fluctuations.

Focusing on the technique used for the proposed approach,
Model Predictive Control (MPC) has proven effective for
ATR in urban mass transit lines, offering a predictive
constraint-aware multivariable control. Studies show how
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MPC enhances urban railway performance and reliability (..)
[12]. For instance, [13] presents a stability-enhanced MPC
for a single train focused on optimizing speed tracking accu-
racy, platform stopping precision, passenger comfort, and
operational safety, considering distance and relative speed
between train cars and [14] proposes an off-line two-stage
optimization approach to optimize the train schedule and
circulation plan with consideration of passenger demand for a
simple-topology urban rail transit line that can also be applied
on-line by introducing the MPC framework and reducing
the optimization horizon. Additionally, robust MPC variants
address uncertainties in demand and disturbances, improving
schedule adherence [15].

Energy-management strategies can be developed too with
MPC. For instance, [16] proposes a distributed model pre-
dictive control (DMPC) strategy for energy-saving train
regulation, where the optimization is performed locally to
each train based on its immediate neighbors’ state. In [17],
an optimization of train trajectories is used to minimize
energy consumption while maintaining service quality for
a follow-up line with a simple topology. Reference [18]
presents a predictive model focused on minimizing the
substation peak power by avoiding multiple simultaneous
accelerations.

Passenger comfort and flow are also considered by using
an MPC to adjust operations to reduce waiting times and
overcrowding while maintaining service quality [19], [20].
Some approaches, like the nonlinear mixed-integer model
in [21], further refine train regulation strategies.

Recently, the advent of new technologies that enable
continuous communication between trains and the control
centers to regulate the traffic, such as CBTC for metro
lines and ERTMS for long-distance lines, has allowed for
improving the punctuality, regularity, and even the energy
consumption, among others. This is because trains can
receive regulation commands at any point along the line.

Several studies have presented models specifically
designed to take advantage of these systems. In [22] a model
based on predictive control to improve punctuality under
minor disruptions is developed; in [23] a distributed model
predictive control is used to handle the safety constraints
for a stable dynamic coupling of virtually coupled train set
to enhance the capacity of a follow-up section of a line
and with respect to computational efficiency; and the work
in [24] presents a recurrent neural network-based real-time
operation optimization model trained using data representing
the moments when the trains departed from the platforms to
reduce the energy consumption and passenger waiting time.

Focusing on the complex line infrastructure for which the
proposed model is designed, most of the literature studies
how to organize the traffic in non-real-time. For instance,
[25] presents a mathematical model and a genetic algorithm
to organize the traffic in the trunk and branches of a
line; [26] presents a train timetable optimization consider-
ing a line with short-turning; [27] proposes an integrated
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optimization approach for commuter metro lines by com-
bining train timetabling, passenger flow control, and
short-turning schemes to improve service efficiency; and [28]
introduces a service replanning model that integrates
express/local and short-turning strategies using a linearized
mixed-integer non-linear programming (MINLP) approach to
reduce total passenger travel time and operational costs.

Furthermore, in [29] it is proposed an offline traffic orga-
nization tool for unbalanced demand scenarios consisting
of an integrated optimization model for train timetabling
and rolling stock circulation that incorporates flexible
short-turning and energy-saving strategies; [30] proposes a
MPC-based model which minimizes the energy consumption
and the deviations with respect to the schedule in overtaking
maneuvers at junctions or stations; and [31] presents several
optimization problems to minimize operational costs and
passenger waiting time by obtaining a planning performing
short turning and skip-stop strategies.

Other studies have focused on developing models for
virtual coupling technology. For instance, [32] presents a
hierarchical control framework for virtual coupling in a
short section of a line, including a single junction to find
the optimal train sequence after the track convergence with
decentralized local train coordination; [33] presents an offline
strategic framework that optimizes train convoy compositions
for virtual coupling at junctions by maximizing bottlenecks
capacity; and [34] propose a RL-based MPC for the dynamic
decoupling of virtually coupled trains in throat areas, opti-
mizing spacing while ensuring safety and efficiency through
adaptive parameter fine-tuning.

Finally, the short-turning strategy has been used by several
projects, like the ones focused on a reduction of the utilization
of trains [35], on areduction in passengers’ waiting time [36],
and on a reduction of operational costs [37].

After reviewing the existing literature, a critical research
gap has been identified: enabling the restoration of nominal
operations after moderate disruptions when the line is not
limited to a simple or looped infrastructure. Consequently,
this paper presents a new centralized predictive train regu-
lation algorithm for complex topology lines, including short
turnings and bifurcations, under continuous communication
as part of the Europe’s Rail FP1-MOTIONAL project [38],
whose key contributions to the state of the art are:

o It is proposed a centralized real-time Automatic Train
Regulation (ATR) model for complex line topologies,
explicitly handling bifurcations and short-turning oper-
ations under moderate disturbances. Consequently, the
proposed model, taking into account passenger comfort
and operation efficiency, generates optimal regulation
commands on train running and dwell times to restore
the nominal timetable and headway.

o A novel theoretical approach that separates control
actions into positive and negative components has been
implemented to achieve an energy-efficient cost func-
tion decomposition. This multi-objective optimization
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strategy allows for granular penalization of energy-
intensive maneuvers, achieving significant efficiency
gains without compromising headway regularity.

o In addition to the typical operational and signalling
constraints, the proposed model includes additional
restrictions to represent maneuvers at switches and short
turns that can be found in complex metro topologies
within the predictive horizon. This ensures that the
generated control actions are technically feasible for
real-world signalling systems.

A simulator of a real railway line has been developed
to evaluate the performance of the proposed algorithm in
comparison with conventional regulation systems. The results
demonstrate that this approach effectively restores the line’s
scheduled timetable and nominal headway more efficiently,
aligned with the specific routes each train must follow. Addi-
tionally, the algorithm achieves a significant reduction in
energy consumption and the low computational delay ensures
the practical applicability of the controller for closed-loop
regulation in modern mass transit infrastructures.

With respect to the paper’s structure, Section II presents the
problem description, Section III details the traffic model, and
Section IV describes the model predictive control. Finally,
Sections V, VI and VII provide the case study, results and
conclusions, respectively.

Il. PROBLEM DESCRIPTION

A complex topology mass-transit line with one track per
direction and terminal stations is considered. It is worth
noting that each station is assumed to have one platform
per direction, and that, for this study, a node is defined as
a point where multiple tracks converge, thereby constituting
a potential bottleneck.

Two types of nodes may appear. On the one hand, there is
the node corresponding to the short-turning strategy, where
trains can turn around before reaching the terminal station of
the line. In railway operations, this maneuver consists of a
train reversing its direction at a designated turnback point,
so that its head and tail are effectively swapped, and the
train re-enters the line in the opposite direction. This is not
a geometric change of trajectory but an operational process
subject to signalling, routing, and infrastructure constraints,
including switch configurations, track availability, and con-
flict avoidance with other trains. On the other hand, there is
the node corresponding to a bifurcation, which consists of a
main trunk that splits into an upper branch and a lower branch.

In Figure 1, a diagram of the two types of nodes is shown,
where the key platforms are named with capital letters, since
it will be helpful in the following sections. To generalize,
it has also been marked the maneuvering point (P) where
trains that come from track 2 and make the intermediate
turnback stop to change the run direction. Nevertheless, this
point can coincide with platform C.

The terminal stations are modeled as turnback platforms.
Trains travel in both directions, stopping at platforms along
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FIGURE 1. Short turning (left side) and bifurcation (right side) nodes.

the route, each of which is equipped with a platform for each
direction.

Ill. TRAFFIC MODEL
As previously described, the traffic system is represented as a
set of N trains (i = 1 to N) operating along M platforms (k =
1 to M), where each train i follows train i — 1 and performs
scheduled stops at platforms to allow passengers to get on and
off.
In addition, the following assumptions are considered:
o Train overtaking is not allowed.
« Station skipping is not considered (no skip-stop opera-
tions).
« Each train has a predefined route that cannot be modified
by the model.

Previous assumptions are considered because the model
aims to manage moderate disturbances that do not require
major rescheduling, such as traffic reordering or rerouting.

The essential variables in the model are described in
Table 1.

Given a scheduled departure and arrival time (Tdfc and
Tay, respectively) for train i to platform k, the corresponding
nominal dwell time Sox at that platform is computed as:

Sox = Td: — Ta, )]

Under nominal operating conditions, a nominal headway
H is maintained between successive trains, such that train i
follows train i—1. This nominal headway is defined as:

H =Td, — Td]" )

The nominal running time Ry between platform k and
platform k + 1 is calculated as follows:

Ry = Taj, | — Td, (©)

At both the departure and arrival times of a train at a given
pl_atform, the actual (measured) times are denoted by td;, and
tay , respectively. The corresponding measured headway 7,
for train i at the departure from platform k is defined as:

P=tdl —td! 4

Thus, it can be deﬁned the deviation from the scheduled
departure time Xd;, of train i at platform & and the deviation
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TABLE 1. Variables description.

Notation Description

a Proportional constant involved in the extra dwell
k time at platform k due to delays.

@ Positive weighting factor of running-time control
pos action.

tneg Negative weighting factor of the running-time

control action.

Non-decision variable that indicates whether each
bt train i takes the upper branch or not at the
bifurcation node.

Positive weighting factor of dwell-time control

bpos action.
b Negative weighting factor of dwell-time control
neg action.
c Weighting factor of the slack variable.
) Non-decision variable that indicates whether train i
d* takes the diverging route at the short-turn switch or
not.
H Nominal headway between consecutive trains.
i Measured headway of train i at departure from
hi
platform k.
1 Minimum headway between consecutive trains.
Lnink Minimum headway at platform k arrival.
L Number of platforms in the optimization horizon.
M Number of platforms.
N Number of trains.
p Weighting factor of timetable deviation.
q Weighting factor of headway deviation.
Nominal travel time between platform k and
Ry
platform k + 1.
Sox Nominal dwell time at platform k.
st Dwell time of train i at platform k.
sol Positive slack variable that allows long running
Bk times for the train i from platform k to k + 1.
t Actual train time.
Tal, Nominal arrival time of train i at platform k.
tal, Actual arrival time of train i at platform k.
Td Nominal departure time of train i at platform k.
tdg, Actual departure time of train i at platform k.
Objective running time from platform k to platform
toy
k+1.
i Control action that modifies the nominal dwell time
Upg ini
of train i at platform k.
Control action that adds the maximum comfortable
UPmax;, time to the dwell time between the platform k and
k+1.
UPmin Control action that adds the minimum comfortable
k time to the dwell time at platform k.
i Negative control action that modifies the nominal
upnegy dwell time of train i at platform k.
i Positive control action that modifies the nominal
UPPOS dwell time of train i at platform k.
i Control action that modifies the nominal running
Ul time of train i from platform k to platform k + 1.
Control action that adds the maximum comfortable
URmax, time to the running time between the platform k and

k+1.

from the scheduled arrival time Xa}'{ of train i at platform k,
shown in (5) and (6), respectively

Xd; = td} — Td} ©)
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TABLE 1. (Continued.) Variables description.

Control action that adds the minimum comfortable

URmin, time to the running time between the platform k and
k+1.
Negative control action that modifies the nominal
urnegt, running time of train i from platform k to platform
k+1.
Positive control action that modifies the nominal
urpos; running time of train i from platform k to platform
k+1
Xt Current delay of train .
i Deviation from the scheduled arrival time of train i
Xay,
at platform k.
i Deviation from the scheduled departure time of train
Xdj, ;
i at platform k.
vi Deviation from the nominal headway for train i
k

measured at platform k departure.

Xa} = ta} — Ta} (©6)

Additionally, the deviation from the nominal headway,
denoted by Y/, for train i at the departure from platform k
is calculated as the difference between the actual measured
headway and the nominal headway, which can be expressed
as:

Y] = Xd, — Xdi™! (7

The signalling system is integrated into the traffic model by
the minimum headway constraints. The arrival time of train
i at platform k is constrained by the departure time of the
preceding train i — 1 from the same platform, according to
the following inequality:

ta;; - td;-(_l > Iink 3

where I, represents the minimum headway at the arrival to
platform k

By subtracting () and (4) from (8), the minimum headway
constraint is obtained:

Xal — Xdi™! > Dink + Sox — Hy )

Moreover, it is necessary to include the minimum headway
constraints that apply at each type of node in the complex
topology to take into account the restrictions imposed by the
maneuvers.

First, the minimum headway constraints in the short-
turning node are analyzed. On the left side of Figure 1, the
platforms involved in these constraints are referenced.

In this node, some trains run in the straight direction from
A to D and from C to B. Other trains perform the turn-back
maneuver in which the train running from platform A reaches
the maneuvering point P taking the divergent route in the
switch. Then it stops at that point, the time needed to move
the switch (that also includes the time to dissolve the previ-
ous route and establish the new one) and the inversion time
(needed to change the direction of the run). Finally, a second
movement is performed from the maneuvering point P to the
platform B.
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The following constraints are identified in this maneuver
to be added to the traffic model.

o Minimum headway between the departure of train i —

1 from platform B and the departure of train i from
platform P.

Igp — Hpp < Xdj, — Xdi;! (10)

where Hpp represents the scheduled headway between
the departure of the train i — 1 from platform B and the
departure of train i from point P (Hgp = Td!, — ngl),
and Ipp is the minimum headway between the departure
of a train i — 1 from platform B and the departure of
another train i from platform P (Ipp < td} — tdj;l).
Minimum headway between the departure of a train
from A to take the diverted track and the departure of
the posterior train from A to take the main track.

= Hy = Xdy =Xy M (1= (1-d')a™")
(11

where H| represents the scheduled headway between the
departure of the train i — 1 from platform A to take the
diverted track and the departure of train i from platform
A to take the main track (H; = Td{‘; — Tdi(l ), and Igp is
the minimum headway between the departure of a train
i — 1 from platform A to take the diverted track and the
departure of train i from platform A to take the main
track (/1 < tdﬁ1 — td;‘_1 ). M is a constant with a very big
value compared with the rest of the variables and d' is a
predefined-non-decision variable that indicates whether
train i takes the diverging route at A (d° = 1) or not
d' =0).

Minimum headway between the departure of a train
from A to take the main track and the departure of the
posterior train from A to take the diverted track.

I — Hy < Xdir' — Xd, + M(1 — (1 - df—l) "
(12)

where H» represents the scheduled headway between the
departure of the train i — 1 from platform A to take the
main track and the departure of train i from platform A
to take the diverted track (Hy = Tdix — Tdix_ ! ), and Igp is
the minimum headway between the departure of a train
i — 1 from platform A to take the main track and the
departure of train i from platform A to take the diverted
track (I < td — tdi™!).

Minimum headway between the departure of a train
from P and the departure of the posterior train from A
to take the diverted track.

Ipa — Hpy < Xdy —Xdo + M(1—d)  (13)

where j is the same train as i — (#¥~! — 1) and r is the
ratio of trains that perform a short-turning operation.
For instance, if r = 1/2, every second train turns
around. Hpy represents the scheduled headway between
the departure of the train j from P and the departure of
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train i from platform A to take the diverted track (Hps =
Tde — Td’P), and Ipy is the minimum headway between
the departure of a train j from P and the departure of
train 7 from platform A to take the diverted track (Ipa <
td’, — td)).

o Minimum headway between the departure of a train
from P and the departure of the posterior train from C.

Ip — Hp < Xdi» — Xd&'! (14)

where Hp represents the scheduled headway between the
departure of the train i — 1 from P to and the departure of
train i from platform C (Hp = de; — Td;;l), and Ip is
the minimum headway between the departure of a train
i — 1 from P to take and the departure of train i from
platform C (I, < td}; —td); 1.

Once the minimum headway constraints to be added to
the traffic model due to the short-turning node have been
explained, the minimum headway constraints to be incorpo-
rated due to the presence of a bifurcation node are presented.
It is recalled that the right side of Figure 1 shows a bifurca-
tion node with the representative platforms, so the platforms
involved in these equations are referenced to those ones.

To these new equations, the predefined-non-decision vari-
able b’ indicates whether each train takes the upper branch
(b' = 1) or not (b' = 0).

o Minimum headway between the departure of train i —

1 from platform E to take the upper branch and the
departure of train i from platform E to take the lower
branch.

Ly — Hyy < Xdi, — Xd=' 4+ M(1 — (1 - b") )
(15)

where Hy represents the scheduled headway between
the departure of the train i— 1 from platform FE to take the
upper branch and the departure of train i from platform
E to take the lower branch (H; y = ng — Tdfg_l), and
Iy is the minimum headway between the departure of a
train i — 1 from platform E to take the upper branch and
the departure of train i from platform E to take the lower
branch (I1y < tdi; — td ).

« Minimum headway between the departure of train i —
1 from platform E to take the lower branch and the
departure of train i from platform E to take the upper
branch.

by = Hay < Xdj; = Xdi' + M1 = (1-a") d)
(16)

where Hy represents the scheduled headway between
the departure of the train i— 1 from platform E to take the
lower branch and the departure of train i from platform
E to take the upper branch (Hoy = TdfE — Tdfg_l), and
Dy is the minimum headway between the departure of a
train i — 1 from platform E to take the lower branch and
the departure of train i from platform E to take the upper
branch (I1y < tdi — tdi ).
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« Minimum headway between the departure of train i —
1 from platform O and the departure of a train i from K.

Iok — Hox < Xdi — Xdj)'! (17)

where Hog represents the scheduled headway between
the departure of the train i — 1 from platform O and the
departure of train i from platform K (Hox = Td}, —
Tdé)_l), and Ipg is the minimum headway between the
departure of a train i — 1 from platform O and the
departure of train i from platform K (Ipx < td;( —td,, h.
o Minimum headway between the departure of train i —
1 from platform K and the departure of a train i from O.

Iokx — Hox < Xdi — Xdj)'! (18)

where Hko represents the scheduled headway between
the departure of the train i — 1 from platform K and the
departure of train i from platform O (Hgp = Td, —
Td;;l), and Ixp is the minimum headway between the
departure of a train i — 1 from platform K and the
departure of train i from platform O (Ixp < tdio —tdy h.

« Minimum headway between the departure of train i from
platform K towards J and the departure of a train j from
platform E to take the lower branch.

Ixg — Hyp < Xd, —Xdig + M -b) (19)

where j is the train that will pass through the crossing X
after the train i that departed from K passed through that
point. Hgg represents the scheduled headway between
the departure of the train i from platform K and the
departure of train j from platform E to take the lower
branch (Hxg = Td}, — Td%), and Ixg is the minimum
headway between the departure of a train i from platform
K and the departure of train j from platform E to take the
lower branch (Ixg < td]E — td§<).

o Minimum headway between the departure of train i from
platform E to take the lower branch and the departure of
a train j from K in the opposite direction towards J.

Igk — Hpx < Xdj —Xdi +M -6 (20)

where j is the train that will depart from K after train i
has passed through the crossing X in Figure 1.

Additionally, Hpx represents the scheduled headway
between the departure of the train j from platform E to take
the lower branch and the departure of train i from platform
K (Hgx = Tdi, — Td}), and Ik is the minimum headway
between the departure of a train j from platform E to take
the upper branch and the departure of train i from platform K
Upx < tdi — td)).

After defining the minimum headway constraints, which
constitute the signalling system, the running time and dwell
time expressions are presented.

Variable ur;'c denotes the control action applied to train i to
modify its nominal running time from platform k tok 4 1 and
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can be expressed as:
Xaj | — Xdj = ur} 1)

Additionally, the control actions are subject to bounds,
expressed as:

URminy < ur < URmax; (22)

It is worth noting that speed constraints are defined during
the infrastructure design stage, including both interstation
segments and nodes such as bifurcations and short-turning
points. These constraints determine the minimum feasible
running time (urmin;'( ), which is used as an input param-
eter in the model. In addition, speed limits are inherently
reflected in the signalling constraints governing safe train
operations. For interstations associated with diverging routes
(bifurcations and short-turning nodes), the lower bounds of
the running-time control actions are set to zero. This reflects
the reduced operational flexibility in these sections, where
low speeds required by the maneuver prevent further reduc-
tion of running times.

Finally, the dwell time at platforms is modeled as a lin-
ear function of the arrival-departure headway, based on the
premise that the time required for passenger boarding and
alighting increases with this headway, as considered in sev-
eral studies [39], [40]. Accordingly, the deviation between the
departure and the arrival of a train i at a platform k depends on
the dwell-time control action up}; (positive if the train is held
at the platform and if the dwell time is reduced), and an addi-
tional dwell delay Xs}; caused by passenger accumulation:

Xd, — Xal = Xsi + up} (23)

where Xs;; = a(Xa}; — Xd};‘l) being o a proportionality
constant.

Moreover, the control action is constrained within prede-
fined bounds, similarly to the control action ur,’c:

UPminy < up; < UPmaxy (24)

IV. AUTOMATIC TRAIN REGULATION MODEL

The proposed automatic train regulation model is composed
of two main modules, as can be seen in Figure 2. The first
module is a mathematical predictive control algorithm that
generates the running-time and dwell-time control actions
(ur,i and up;;) through an optimization model, which takes
into account the quantified train delays and the traffic model.
The second module translates these control actions into ATO
driving commands, which are then transmitted to the respec-
tive trains.

The new driving commands, resulting in new running times
and dwell times, and the new position and speed of the trains
are inputs of the ATR model in the next step of time to take
into account the updates in the traffic.

In addition, a multi-train simulation platform based on
a real mass transit line has been developed to evaluate the
effectiveness of the proposed approach. This simulator incor-
porates a realistic ATO model, which receives the regulation
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FIGURE 2. Predictive automatic train regulation model structure.

commands generated by the ATR system and processes them
to compute the traction force required from each train’s
motor.

A. MATHEMATICAL PREDICTIVE CONTROL MODEL

The mathematical predictive control algorithm (see Figure 2)
calculates the running time and dwell time control actions
(ur,i and up}'( respectively) by quantifying train delays through
a convex quadratic programming optimization framework
that will be solved using constrained least squares. It is
recalled that the resulting control actions consist of time
corrections to the nominal running and dwell times at each
platform.

It is recalled that the model addresses real-time train reg-
ulation under moderate disturbances and, as detailed in the
assumptions, with fixed routes, no overtaking and no skip-
stop operations.

To achieve this, the primary objective is to minimize devi-
ations from the scheduled timetable and headways over a
defined prediction horizon, which corresponds to the next L
platforms for each train.

1) FORMULATION OF THE MATHEMATICAL PREDICTIVE
CONTROL MODEL

The Automatic Train Protection (ATP) system, which is the
system responsible for enforcing safety constraints, has been
considered by including a non-negative slack variable sg}; that
permits extended running times when braking is required to
avoid ATP intervention because of the proximity to another
train. Consequently:

Xal_ ;| — Xd| = ur} +sg} (25)

This model leverages the continuous communication capa-
bilities provided by continuous communication systems to
enable real-time ATR based on current traffic conditions.
Consequently, the control actions can be generated at any
moment along the train’s journey, so the optimization process
can be initiated even while a train is running between plat-
forms. To accommodate this scenario, the model substitutes
the standard platform-based delay term Xd}; with the current
delay X' for the initial platform of the simulation horizon,
denoted by ko;. In this case, (25) would be substituted by (26).

Xap . — X' =ur} +sg; (26)

For these trains, it is necessary to update the control bounds
URming,, and URmaxy,,, since their ability to gain or lose
time while running between platforms is more limited than
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at departures. To compute these bounds, simulations are
run from the current space-speed state. One uses the fastest
allowable speed profile to find the minimum running time;
the other uses the slowest comfortable speed to find the
maximum. The bounds are the differences from the nominal
running time.

Consequently, for this case, (22) will be replaced by (27):

URming,, < urj < URmaxy,, (27)

Following the same reasoning, the optimization process
can be initiated when a train is stopped at a platform. In this
case, the bounds for the dwell-time control action UPming
and UPmax; must be updated at the first platform ko; within
the optimization horizon:

UPming, = max [UPmink, T — (Ta}'( + Sox + Xs}()]

(28)
UPmaxy, = max [UPmaxk, T — (Ta}'( + Sor + Xs}()]
(29)
As aresult, (24) is replaced by (30) when k = ko;:
UPminy,, < up}'q)i < UPmaxy,, (30)

It is important to note that the control actions up;; and
ur; directly impact the train’s energy consumption. Shorter
running times (urj, < 0) lead to higher energy usage, whereas
longer running times (ur; > 0) result in lower energy
consumption.

Therefore, the decomposition of the control actions into
their positive and negative components (urposf(, urneg};,
uppos;, and upneg; ) allows the formulation of an optimiza-
tion problem with a cost function that not only accounts for
ATR objectives and passenger comfort but also incorporates
energy efficiency considerations. For instance, giving more
weight to negative running time control actions penalizes
shorter running times that are the most energy-consuming
ones. Besides, by penalizing larger dwell times, the model
compensates by increasing running times, producing a lower
energy consumption.

Consequently, the control actions can be expressed as
follows:

ur}; = urposf{ - urneg;{ 3D
urj, . = urposj . — urneg . (32)
up;, = uppos; — upneg; (33)
up}'coi = uppos}'(ol, — upneg}'wi (34)

where
i i i i
{urpos;, urneg; , urpos; ., urneg; .
uppos;, upneg; , uppos;, , upneg; } > 0 (35)

A prediction horizon is established, comprising the follow-
ing L platforms for which the arrival and departure delays of
each train (Xa; and Xd} ) are determined, as well as the travel
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and stop control actions at each platform (ur}; and upj;) and
the slack variable sg; .

The cost function that minimizes regularity criteria during
the prediction horizon and the magnitude of control actions
and slack variables, taking into account energy efficiency
criteria, is defined as:

B N2 )2
J_p%:(Xd;) +q (X —xd")

ik

N\ 2 A\ 2
+ apos Z (urpos;() + dpeg Z (urneg}c)
ik

ik

+ bpos D (upp082)2 +bneg D (“pnegi)z
ik Lk
+c Z (Sgi)z (50)
ik

For each train i, with i : 1 <i < N, and for each platform
k, where k : ko; < k < ko; + L, with ko; being the next
departure platform of train i and L denoting the number of
platforms in the prediction horizon.

The first and second term stands for the deviation with
respect to the nominal schedule and nominal headway respec-
tively; the third and fourth term stands for the positive and
negative running-time control actions emitted, respectively;
the fifth and sixth term stands for the positive and negative
dwell-time control actions emitted; and, finally, the seventh
term stands for the non-negative slack variable sg}; that per-
mits extended running times when braking is required to
avoid ATP intervention.

Additionally, constants p and ¢ are used to weight the
deviation from the nominal schedule and from the nominal
headway, respectively. Similarly, constants aps, Gneg, bpos
and by, serve to weight the positive and negative control
actions for the running time and dwell time. Lastly, constants
¢ and d represents the weight of the slack variables, and it
is set high enough to ensure minimal intervention from the
signalling systems.

The initial conditions of the optimization problem are
determined by each train’s position along the line and its
current delay. For each train, two scenarios are distinguished:

If the train is stopped at a platform. The deviation from the
scheduled arrival time Xa};O at the first platform k9 must be
established as

Xaj, = Xaj, (37)

If the train is currently travelling between platforms: the
current delay X' relative to the nominal schedule at the train’s
current position must be defined as

X' =Xd, + AX (38)

where Xd};o represents the departure delay of train i from the
last platform ko, and AX represents the difference in running
time between the actual train movement and the nominal
movement from the last departure to the current train position.
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A positive AX indicates an increased delay since the last
departure, whereas a negative AX stands for delay recovery.

In lines equipped with continuous communication systems,
it’s possible to determine delays X’ at any point along the
train’s current position. This capability allows the ATR sys-
tem to immediately update control commands whenever a
delay occurs, improving how these disruptions are managed.
On the other hand, in lines that use signalling systems based
on discrete communications, these delays are only updated
and corrected when the train is at the platforms.

2) RESOLUTION OF THE OPTIMIZATION PROBLEM
The convex quadratic optimization control problem is defined
by its cost function described in (36); the initial conditions
defined in (37) or (38) depending on each train initial state;
the traffic model constraints for k > ko; outlined in (8),
(21), (22), (23), (24), (25), (31), (33), (35); the traffic model
constraints for k = kg; outlined in (26), (27), (30), (32), (34);
the minimum headway constraints due to the short-turning
node outlined in (10), (11), (12), (13), (14); and the minimum
headway constraints due to the bifurcation node outlined
in (15), (16), (17), (18), (19), (20) of which (19) and (20) can
be removed if the node is equipped with a flyover, since in
that situation the X -crossing in Figure 1 would no longer be
a conflict point. The constraints of the nodes will be applied
as many times as there are nodes of each type in the topology.

The optimization problem calculates the running-time and
dwell-time control actions for each platform in the hori-
zon simulation L. Nevertheless, each train will receive the
running-time and dwell-time control actions corresponding
to the first interstation of that simulation horizon L.

The optimization model is run at regular time intervals (the
control cycle) to determine the next control commands for the
dwell time up} and for the running time ur}.

B. ATO DRIVING COMMANDS GENERATOR

This subsection addresses the second module (Figure 2) of
the proposed ATR model, which translates the control actions
calculated by the mathematical predictive control algorithm
into specific driving commands to be sent to each train.

The traffic regulation model is designed around continuous
communication, allowing for constant regulation since trains
can receive control commands at any point along the route.
This approach improves operational efficiency and enhances
the system’s responsiveness to any disruptions.

It is worth noting that the algorithm has been designed to
handle lines with complex topology, including scenarios like
short-turning strategies or bifurcation nodes, so it is ensured
that the control actions and corresponding driving commands
remain valid and accurate even in lines where not all trains
follow the same route.

The running-time control actions calculated by the math-
ematical predictive control algorithm are used to compute
the Automatic Train Operation (ATO) driving commands for
the trains. The traditional ATO systems implemented in mass
transit lines for decades use driving commands based on
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either maintaining a constant target speed set by the speed
regulation command v, Or operating in coasting-remotoring
cycles controlled by the coasting speed v4 and the remotoring
speed v, [41]. These driving commands define the speed
profile to be performed by the train.

However, in new ATO developments, such as the standard
to work with ERTMS (European Rail Traffic Management
System), the driving commands are arrival, departure or pass-
ing times at specific locations (Timing Points). Then, the ATO
on board equipment is responsible for calculating a speed
profile to adhere to the received Timing Points.

The ATR model proposed in this paper can be applied
to both systems. In the case of traditional ATO systems,
the proposed model only needs to include a layer to cal-
culate the speed-based commands after obtaining the target
arrival/departure time.

This paper presents the application to traditional ATO sys-
tems where the driving commands generator modifies v, or
vq and v, to achieve different interstation running times.

When a train departs from a platform, the desired travel
time to the next platform is computed:

toky; = Riy; + urj,, (39)

where toy,, is the target running time for train i from the initial
platform ko; to platform ko; + 1, R, is the nominal running
time from the schedule, and urk is the correction for the
running time calculated by the predlctlve control algorithm
in its latest execution.

Once the target running time is calculated, thanks to the
high bandwidth, a speed profile will be chosen from a Pareto
front, ensuring that for every possible travel time there is
a corresponding profile that minimizes energy consumption
while also respecting comfort requirements [42]. This speed
profile sets the ATO driving commands.

On the other hand, if the train is running an interstation, the
target time tog,, from the current position of the train pos to
the next platform is calculated in every regulation cycle as:

tog,, = Ry + urj,, (40)

where R’,zgis is the nominal running time from the train’s
current position to the next platform.

If the train is in traction, both v, and v; will be reduced
by the same velocity increment until a minimum remotoring
velocity or until the target time is met. If the minimum
remotoring velocity is reached, it is possible to reduce the
coasting velocity until a minimum difference between v; and
Vr.

If the train is coasting, only the remotoring velocity will
be reduced until the target time is met or until the minimum
remotoring velocity is reached.

V. CASE STUDY
The proposed algorithm has been validated in scenarios
where trains run in a mass transit line with a complex

topology.
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Figure 3.a. Layout and traffic flow.
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FIGURE 3. Layout, traffic flow and initial disposition.

Figure 3 illustrates both the track topology and the cor-
responding train operation considered in this case study. For
clarity, the figure is divided into two parts. On the one hand
(Figure 3.a), the infrastructure layout is presented, 3 including
the main line, a bifurcation node without a flyover, and an
intermediate turnback located between platforms k = 6 and
k = 7. This turnback allows selected trains to reverse direc-
tion and re-enter the main line. The traffic flows are also
represented through green (straight route) and blue (diverged
route) arrows.

On the other hand (Figure 3.b), it is shown the initial
distribution of trains and their assigned routes. Trains are
labeled according to their destination: those assigned to the
upper branch are indicated with an upward arrow, while
those continuing towards the lower branch are represented
with a rightward arrow, as detailed in the legend. In addi-
tion, trains marked with an asterisk (*) correspond to ser-
vices performing short-turning operations at the intermediate
turnback.

At the bifurcation node, trains sharing the same track seg-
ment interact before being routed towards different branches.
Similarly, at the intermediate turnback, selected trains reverse
their direction without completing the full route. In this sce-
nario, a regular routing pattern is considered, where every
second train is assigned to the diverging route at both the
bifurcation and the turnback.
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Sequential maneuvers in these nodes are implicitly
enforced through signalling and operational constraints,
ensuring conflict-free and temporally consistent train move-
ments at bifurcations and short turns. The ATP-based slack
variable (sg};) further guarantees safe interactions.

These operational features generate interacting traffic
flows with heterogeneous routes over shared infrastructure,
significantly increasing the complexity of the regulation
problem and providing a representative scenario to evaluate
the performance of the proposed algorithm. Besides, it is
recalled that, as the model proposes a centralized real-time
ATR framework, all trains can receive regulation commands
at any time along the journey.

Finally, to validate the algorithm and prove its robustness,
it has been implemented in a simulator that replicates the
operation of a real complex topology Spanish mass-transit
line. This simulator (see Figure 2) models simultaneously
15 identical trains and calculates in every simulation step
every train position, velocity, and time.

To achieve this, the simulator takes into account train
dynamics, which are implemented through a physics-based
train model developed in this work is described in [41]. The
model depends on the traction force, running resistance, and
track gradient.

The ATO takes into account the control logic to accel-
erate and brake for maximum speed reduction and station
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approach, ensuring jerk limits for passengers’ comfort.
Finally, the ATP implemented takes into account the braking
due to the proximity to another train.

Additionally, passenger boarding and alighting delays are
simulated using lognormally distributed extra dwell times,
providing a realistic representation of operational variability.

The implementation of a real-based simulator enables a
detailed analysis of the algorithm’s behavior under dynamic
conditions, ensuring that the proposed approach can effec-
tively manage multi-train circulation and ensure a reliable
passenger service.

A. SCENARIOS CONSIDERED

For the evaluation of the proposed algorithm, three dif-
ferent scenarios have been considered, each progressively
increasing in complexity and realism to assess the algorithm’s
performance under a variety of operational conditions:

Synthetic open-loop scenario. Here, the algorithm is
tested in an open-loop setup, meaning it is not yet connected
to the simulator and only its traffic forecast is analyzed. This
configuration is particularly valuable for a detailed explana-
tion of the algorithm’s results since the algorithm’s outputs
can be analyzed in isolation. An initial delay is imposed on
one of the trains, and the evolution of the traffic over the
simulation horizon is studied. To facilitate the interpretation
of the results and the discussion of the system’s behavior,
the algorithm considers a synthetic railway line where all
the interstations have the same length and nominal running
time. The maximum and minimum limits of the dwell and
running-time control actions are the same across the entire
prediction horizon.

Synthetic closed-loop scenario. Here, the algorithm is
implemented within the simulator that models the same syn-
thetic railway line, and only a single train experiences an
initial delay, with no additional disturbances affecting the
other trains or the dwell times at platforms. The purpose of
this scenario is to study the transient behavior of the convoy
as it recovers from this single delay. The simulator models
a complex-topology mass transit line, where all interstation
distances are identical, and the same control actions limits
(buffers) are applied throughout the network. This unifor-
mity makes it easier to understand and interpret the convoy’s
recovery dynamics.

Realistic closed-loop scenario. Here, the simulator is
based on the real data of a Spanish mass transit line. In this
line, all the running times and control action limits are
different for each interstation because they are conditioned
by variable distance between platforms, grades and speed
limits. This scenario aims to evaluate the traffic evolution
under normal operating conditions, accounting for realistic
dwell time variations driven by stochastic passenger behavior,
which introduces natural perturbations at the stops. Here,
the algorithm’s adaptability and robustness are tested in a
more demanding and realistic environment, providing valu-
able insights into its effectiveness for real-world deployment.
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B. TESTING PHILOSOPHY

In the second and third scenarios, the performance of three
controllers is compared to demonstrate the effectiveness
of the proposed algorithm in two key aspects. Firstly, the
aim is to highlight the advantages of the algorithm when
applied to complex mass transit lines topologies equipped
with continuous communication and high bandwidth (which
allows the use of the generated Pareto curve described in
Section III.B.1). Secondly, the evaluation focuses on the
energy-saving benefits of the algorithm, which leverages the
separation of positive and negative control actions.

The three controllers considered are:

Controller (A): This controller implements the proposed
predictive mathematical model to generate control actions for
a line equipped with a discrete control center to train commu-
nication system. Delay tracking and control action emission
occur exclusively at platform stops. Furthermore, it operates
with low bandwidth, offering only four predesigned speed
profiles per each interstation. In this case, the weights for
positive and negative control actions in the cost function are
equal.

Controller (B): This controller also implements the pro-
posed predictive model but is designed for a line equipped
with a continuous radio communication signalling sys-
tem and high bandwidth, providing access to all speed
profiles generated along the Pareto curve. Unlike Con-
troller (A), delay tracking and control command emission
can be performed continuously, even between platforms.
As in the previous case, positive and negative control
actions are weighted in the cost function with the same
value.

Controller (C): This controller is identical to Controller
(B) except for the configuration of the algorithm’s weighting
scheme. Here, the weights assigned to negative running-time
control actions and positive dwell control actions are higher
than those for positive running-time control actions and nega-
tive dwell control actions. This configuration aims to achieve
more energy-efficient automatic train regulation.

The performance indicators for the proposed model will
be determined by the objectives in the cost function: devia-
tions from the nominal schedule, deviations from the nominal
headway, and the evolution of control actions throughout the
simulation scenario.

C. COMPUTATIONAL PERFORMANCE

The predictive optimization mathematical model has been
implemented using the MATLAB programming language.
The Isqlin solver is employed to solve the convex
quadratic program using constrained least squares with linear
constraints.

The problems have been solved using an Intel Core i7
processor with a base frequency of 2.6 GHz. The average
time elapsed in generating control actions is 0.86 seconds.
This time is sufficiently fast to be applied to a control
cycle of 1 second, which is a typical frequency at which
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continuous communication technologies recalculates train
velocity profiles based on the provided control actions.

VL. RESULTS
In this section, the results of the three scenarios are presented.

A. SYNTHETIC OPEN-LOOP SCENARIO. RESULTS OF THE
ALGORITHM IN OPEN-LOOP SIMULATION UNDER
DIFFERENT INITIAL CONDITIONS

In this first scenario, the proposed algorithm is tested in open-
loop mode, meaning it is not yet connected to the simulator,
and the traffic forecast of the algorithm is analyzed facing an
initial situation of train delay.

In this case, a synthetic railway line is considered where all
the runs between platforms are equal. The upper limit of the
running-time control action} (URmax};) has been set to 30 s
and the lower limit (URminy) to -10 s. The upper limit of the
dwell-time control actiqn (UPmax; ) has been set to 20 s, and
the lower limit (UPminy ) to -5 s.

As discussed in Section III, negative control actions reduce
dwell or running times with respect to the nominal values.
Consequently, the lower bounds of these control actions
must be negative. However, they must be correctly bounded
to allow passengers to board the train (in the case of
dwell control action) and to ensure compatibility with the
fastest available interstation speed profile (in the case of
running-time control action).

The schedule-related term in the objective function has
been weighted with a value of p = 0.25, while the term
related to headway quality has been weighted with g = 1. All
running-time and dwell-time control actions (both positive
and negative) have been weighted with a value of 0.1.

The weighting factors in the objective function p =
0.25 and g = 1) were selected to reflect standard operational
priorities in high-frequency metro systems. During peak peri-
ods, maintaining a stable headway is typically prioritized
over strict adherence to the nominal schedule to prevent
train bunching and ensure uniform passenger distribution.
Consequently, the weight assigned to schedule deviations has
been defined as 25% of the weight for headway deviations.
With respect to the control actions, the choice of applying
a uniform weight of 0.1 provides a neutral baseline for the
regulation strategy, ensuring that neither long nor short dwell
or running times are disproportionately penalized, which
allows for a clear validation of the algorithm’s fundamental
behavior before introducing the granular energy-efficiency
discretization discussed in subsequent sections.

Finally, the prediction horizon was set to L = 37 steps,
corresponding to a full round trip of the line. This hori-
zon ensures the proposed model captures delay propagation
across the entire topology, including all bifurcation and short-
turning nodes. While shorter horizons would reduce process-
ing time, L = 37 provides a comprehensive look-ahead
window that guarantees traffic stability. The average compu-
tation time is 0.85 s, confirming the model’s feasibility for
real-time regulation.
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In this initial evaluation, a deliberate initial delay is
imposed on one of the trains, and the algorithm’s response is
studied over the simulation horizon. For easier interpretation
and clearer discussion of the results, the algorithm is config-
ured so that the maximum and minimum limits of positive
and negative control actions for both running and dwell times
are identical across all track sections.

To analyze the behavior of the algorithm, an initial con-
dition has been designed in which Train 1 (Figure 3) is
assigned a delay of 65 seconds. It is important to recall that
the delays considered to test the performance of the math-
ematical predictive algorithm are moderate, as the objective
of the proposed algorithm is to regulate train traffic in the
presence of disturbances that do not require a complete traffic
rescheduling.

If the delays were too large, it would be necessary to replan
the traffic to ensure reliable operation.

The result for this initial condition is shown in Figure 4,
where it is represented the delay of the trains at the moment of
the departure of the platforms where those trains are going to
get through, which constitutes the optimization horizon. This
figure is divided between the trains that are going to take the
upper and lower branches, according to Figure 3.

Upper branch trains
30r PP

—8— Train 2

—+&——Train 4
Train 6

—+H&—Train 8
Train 10
Train 12

20

Delay (s)

—r=SEsmEecodan
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— & —Train 14
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FIGURE 4. Synthetic open-loop scenario. Initial condition 1.

First, the delay of train 1 triggers a signalling delay for
train 8 due to the minimum headway constraints between
the passage of an ascending train and a descending train at
the bifurcation node (constraint (20)) in the absence of a
flyover. To regulate the headway, this delay in train 8 con-
sequently propagates to subsequent trains operating on the
upper branch, in line with their order of circulation through
that branch: train 10, train 12, etc.

On the other hand, the same delay of train 1 causes an
additional signalling delay in train 2, driven by the minimum
headway restriction between the passage of a train through
the lower branch and the next one through the upper branch
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(constraint (16)). It is important to highlight that, as verified,
this delay in train 2 is recovered after the train passes the
switch. This is because, according to the train routes, the main
perturbations are confined to the lower branch, where the
significantly delayed train (train 1) is operating. Therefore,
no significant delays are induced in the trains circulating
along the main trunk line until reaching the platform imme-
diately before the node, as this is the only platform in that
main trunk line where the headway and schedule have not
been met.

This idea is reflected in the evolution of the delays of the
trains following train 2, but running along the opposite branch
to train 1 (trains 4 and 6). Here, it can be observed that
the delays are minimized and are precisely adjusted by the
algorithm to achieve an optimal balance between maintaining
their branch’s schedule and correcting the headway at the last
trunk line platform.

Consequently, following this same principle, the delays
experienced by the trains with the same route as train 1
(trains 3, 5, 7, 9, 11, 13, 14, and 15) are more pronounced.
These delays are expected to arise when the trains reach
either the platform where the significant delay occurred or the
preceding platform, as determined by the algorithm according
to the implemented model.

Finally, a second initial condition case is proposed in which
the same delay is applied to train 4, which is going to perform
amid-loop turn. Figure S presents the results. In this case, the
trains that will perform the short-turn are those that will go for
the upper branch, according to Figure 3.

Upper branch trains
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FIGURE 5. Synthetic open-loop scenario. Initial condition 2.

Similar to the previous case, the largest delays occur on the
trains that are closest to the perturbed train. An initial delay is
observed on train 3 to reduce the headway error because it will
be ahead of train 4. Similarly, train 5 experiences a significant
delay because, although it is coming from the low-demand
area, it will be behind train 4, propagating this delay to all
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the trains that will pass through the common trunk, either
because they will perform the short-turning or because they
are coming from the low-density area. These trains include
trains 5, 6, 7, 8, 9, and so on.

It is noted that the trains that use the common trunk but will
not perform the short turning (trains 11, 13, 14) also experi-
ence delays to regulate the headway at the end of the main
trunk, because the original delay was caused there. However,
once they enter the low-density area, they are instructed to
recover their delays as soon as possible, since this area is not
affected by the perturbation.

B. SYNTHETIC CLOSED-LOOP SCENARIO. SIMULATION OF
THE ATR ALGORITHM IN A COMPLETE LINE WHEN ONE
TRAIN IS INITIALLY DELAYED

In this scenario, a delay is applied to train 1 in Figure 3, and
the goal is to prove the algorithm’s effectiveness and to ana-
lyze the three controllers described in section V-B during the
transient period until the nominal schedule is recovered. This
scenario is particularly useful for evaluating the performance
of the algorithm in a closed-loop configuration, that is, when
the proposed algorithm has been implemented within the line
simulator.

Itis recalled that controller A has a low bandwidth, offering
only four predesigned speed profiles: a faster speed profile
that can recuperate 10 s and two slower profiles that can
lose 14.7 s and 28.4 s. Besides, delay tracking and control
action emission occur exclusively at platform stops, with a
nominal dwell time of 20 s. On the other hand, Controllers
B and C are designed for a line equipped with a continuous
radio communication signalling system and high bandwidth,
providing access to all speed profiles generated along the
Pareto curve, where the fastest speed profile can recover
14.7 s and the slowest speed profile can lose 28.4 s.

Consequently, for the three controllers, the upper and lower
running-time control action limits (URmax}; and URmin;'()
are set to 28.4 s and -14.7 s respectively. Additionally, also
for the three controllers, the upper and lower dwell control
action limits (UPmaX}; and UPmin};) have been set to 20 s
and -5 s respectively, resulting in a maximum dwell time of
20 s and a minimum dwell time of 15 s.

Unlike Controller A, delay tracking and control com-
mand emission are performed continuously, even between
platforms.

The execution of running-time and dwell-time control
actions has been designed in such a way that no additional
delays are generated. This is achieved by selecting the speed
profile that is equal to or immediately faster than the correc-
tion indicated by the algorithm.

It is important to note that in this scenario, no additional
perturbations are introduced at platform stops, nominal head-
way is 240 s and nominal interstation running time is 100 s.
Table 3 presents the weights assigned to each term in the cost
function for the three controllers tested.

It is worth noting that Controller C experiences a slight loss
in regulation capacity due to the more restrictive weighting of
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negative running-time control actions, which are the fastest
way to recover delays. For this reason, the deviation from the
schedule has been slightly more penalized in the cost function
with respect to the Controllers A and B.

Negative running-time and positive dwell control actions
are weighted at 5 for the selected weights for the deviation
with respect to the schedule and the headway. This value
has been identified as suitable for this study since simu-
lation results indicate that higher values, while increasing
energy savings, excessively compromise regulation capacity.
Although this configuration has been selected, it is worth
noting that it can be used if the operator prefers to adopt this
approach.

Conversely, lower values, closer to those in Controllers
A and B, make it difficult to assess the added value of the
proposed granular optimization to enhance energy efficiency.

This is demonstrated in Table 2, where it is represented, for
different weights of urneg and uppos and for this synthetic
closed-loop scenario, the absolute values and percentual
improvements of Controller C over Controller B of the devi-
ation from the nominal schedule (Sched), the deviation from
the nominal headway (HD) and the energy consumption (E).
As a reminder, Controller B uses equal weights of 0.1 for all
objective function terms associated with control actions.

TABLE 2. Sensitivity analysis of controller C.

Controller C weights: Schedule: 0.3; Headway: 1; urpos, upneg: 0.1

urneg, uppos: 2.5 urneg, uppos: 5 urneg, uppos: 10

Percentual

Percentual Absolute

Percentual

Term  Absolute Absolute

over Con. B over Con. B over Con. B
Sched 12707.31 0.03%  12641.72  0.55% 13962.22 -9.84%
()
HD
() 11002.33 0.85%  10689.60  3.67% 10640.63  4.11%
ﬁ(Wh) 2376.26 1.18% 2341.02 2.64% 2297.36 4.46%

As a general overview, Table 3 shows the cost function
weights selected for each controller.

TABLE 3. Cost function weights.

Term Controller A Controller B Controller C
Schedule 0.25 0.25 0.3

Headway 1 1 1

urpos 0.1 0.1 0.1

urneg 0.1 0.1 5

uppos 0.1 0.1 5

upneg 0.1 0.1 0.1

A delay of 65 seconds is applied to train 1, with both
the initial train arrangement and the line topology described
in Figure 3. To analyze the performance of the proposed
algorithm, the metrics used are the terms of the cost function
(), namely, the deviation from the nominal schedule (Sched),

VOLUME 14, 2026

the deviation from the nominal headway (HD), the positive
and negative run control actions (RCA+, RCA—) and posi-
tive and negative dwell-time control actions (SCA+, SCA—)
executed with all previous terms squared and summed for all
trains and all platforms. The slack variable has been zero for
the three controllers, so they will not be analyzed.

Additionally, two more KPIs have been considered: the
energy consumption (E) of the convoy to compare the
three controllers in terms of both operational and energy
consumption and the passenger waiting time (WT) to ana-
lyze the passenger experience and ensure that the proposed
energy-efficient regulation does not lead to unacceptable
delays.

This WT has been calculated using the formulation pro-
posed by Osuna and Newell, based on the random-incidence
principle and the assumptions described in [43]. The consid-
ered nominal headway for synthetic and realistic closed-loop
scenarios in the main trunk is 240 s and 480 s in each branch
and the demand-weighted approach, where 70% of boardings
occur in the common trunk and 30% are distributed across the
branches.

To see how the transient of the delays of the Controller C
evolves, Figure 6 shows the delay of the trains when they
arrive and depart from the platforms for that Controller C.
In Table 4, the results for the previously mentioned param-
eters and the energy consumption for the three controllers
are presented and Table 5 shows how much Controller B
has improved the performance over Controller A and Con-
troller C over B.

Upper branch trains

Train 2
Train 4
Train 6
Train 8
Train 10
Train 12

o ila Y TSN

S . L

1000 1500 2000 2500 3000 3500 4000
Horizon of optimization
Lower branch trains

Train 1
Train 3
Train 5
Train 7
Train 9
Train 11
L Train 13
‘,,1 — = —Train 14
V. m . — = —Train 15
VA = S S S g e e S N ]
0 500 1000 1500 2000 2500 3000 3500 4000
Horizon of optimization

Delay (s)

FIGURE 6. Synthetic closed-loop scenario. Controller C.

The results confirm that the proposed algorithm
autonomously regulates traffic in real-time on lines with
complex topology.

From the comparison of the three controllers, it can be
observed that the automatic train regulation achieved by
Controller A is not very precise and rather aggressive. This
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TABLE 4. Synthetic closed-loop scenario results.

Term Controller A Controller B Controller C
Sched (s?) 11586.67 12711.02 12641.72

HD (s?) 16002.91 11096.31 10689.60
RCA+(s?) 0.00 388.88 1135.60
RCA- (s?)  3600.00 766.98 385.49
SCA+(s?) 2750.88 471.68 17.88

SCA- (s?) 180.47 317.31 522.82

E (kWh) 2535.77 2404.57 2341.02

WT (s) 157.89 157.31 157.26

TABLE 5. Improvements in the synthetic closed-loop scenario.

Term Controller A Controller B
Sched (s?)  -9.70% 0.55%

HD (s?)  30.66% 3.67%
RCA+(s?) - -192.02%
RCA-(s?)  78.70% 49.74%
SCA+(s?)  82.85% 96.21%

SCA- (s?)  -75.82% -64.77%

E (kWh) 5.17% 2.64%

WT (s)  0.40% 0.03%

occurs because, according to the criterion of not introduc-
ing additional delays, when the running-time control action
is negative, the fastest speed profile is applied, regard-
less of the value of that control action. If the nominal
speed profile were to be used instead, it would introduce
delays larger than what the algorithm prescribes. Conse-
quently, this leads to an earlier recovery of delays, but at
the expense of significantly compromising the headway qual-
ity, which is especially critical in mass transit lines during
peak hours.

For the same Controller A, it is notable that no positive
running-time control actions are executed. This is because
the running-time control actions generated by the algorithm
are not large enough to execute the slower speed profile
than the nominal, given that it is aimed at avoiding intro-
ducing additional delays. As a result, the nominal speed is
executed. It is then the positive dwell-time control actions
that compensate for the discrepancies between the exe-
cuted running-time commands and those indicated by the
algorithm. This approach, however, can lead to a passenger
experience that is potentially uncomfortable.

However, since controllers B and C are equipped with
high bandwidth and the ability to adjust speed profiles in
real-time according to the running-time control actions issued
by the algorithm, their regulation is more energy-efficient and
significantly improves headway quality, which is essential
for this type of complex lines. As it is evident, improving
headway quality necessarily requires sacrificing schedule
adherence, but as can be seen, the improvement in head-
way quality outweighs the slight deterioration in timetable
adherence.
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Additionally, a comparative analysis of the three proposed
controllers reveals a synergetic relationship between energy
efficiency and service quality. As shown in Table 4 and
Table 5, Controller C achieves the highest energy savings
(7.68% over Controller A) while simultaneously yielding
lower passenger waiting time (157.21 s)

The proposed algorithm ensures that energy optimization
is achieved through a more intelligent automatic train regu-
lation rather than simply increasing dwell or running times,
maintaining a service regularity that is near-ideal and the
commercial speed of the line.

Finally, the study shows that the headway quality does not
strongly depend on the weights of the running-time control
actions; however, the schedule adherence can be somewhat
affected.

C. REALISTIC CLOSED-LOOP SCENARIO. SIMULATION OF
RANDOM DELAYS ON A REAL-WORLD COMPLEX
TOPOLOGY LINE

In this final scenario, the system’s evolution is analyzed start-
ing from the initial configuration shown in Figure 3, with no
initial delays, but incorporating random delays in dwell times
to simulate passenger-induced disturbances. To enhance the
realism of the experiment, the simulated line is based on an
actual Spanish mass transit line. That is, all the running times,
which are conditioned by the grades and speed limits, are
taken from real data and, therefore, are different for each
platform.

In this scenario, the nominal interstation travel times range
between 115.7 seconds and 47.4 seconds. The nominal dwell
time at platforms is 20 seconds, with the possibility of losing
up to 20 seconds (UPmaxfC = 20s) and recovering up to 5 sec-
onds (UPmin; = —5s). The upper and lower running-time
control action limits (URmax}'( and URmin}'() are consequent
to the fastest and slowest speed profile for each interstation.
The cost function weights are identical to those listed in
Table 3.

Random delays were generated using a log-normal distri-
bution with a mean of 2 seconds and a standard deviation
of 1.2 seconds, consistent with methodologies employed in
other studies, such as [44], to model the aleatory delays due to
passengers’ perturbations. To ensure a fair comparison among
the three controllers, a common random seed was used so that
the delay values remain identical across all cases.

Table 6 shows how much Controller B has improved the
performance over Controller A and Controller C over B.
Figure 7 illustrates the evolution of the average continuous
delay experienced by the trains.

The main result indicates that the proposed algorithm
is highly effective in real-world line operations. Although
severe random delays occur during the initial phase of the
journey, the average delays over the time horizon converge to
the statistical characteristics of the implemented distribution.

Since Controller A only permits speeds lower than the
nominal value and is constrained by the criterion of not
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TABLE 6. Improvements in real closed-loop scenario.

Term Controller A Controller B
Sched (s?) -18.99% 1.89%
HD (s?)  29.62% -0.77%
RCA+(s?) -67.49% -95.58%
RCA-(s?) 11.17% 68.39%
SCA+(s?)  37.18% 64.20%
SCA- (s?) -62.12% -59.22%
E(kWh)  4.77% 5.89%
WT (s) 5.72% -0,11%
Average of the continuous delays
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FIGURE 7. Scenario 3.

introducing additional delays, it understandably performs
better in maintaining schedule adherence. However, Con-
trollers B and C achieve approximately a 30% improvement
in maintaining the nominal headway, which is highly benefi-
cial for the operation of such lines.

As shown in Table 6, although Controller C is specifically
tuned for maximum energy efficiency, the proposed model
achieves a 5.61% global reduction in waiting time. However,
its impact is most significant in the common trunk, where
the improvement reaches 7.8 %. This localized efficiency is
critical for operational stability, mitigating train bunching and
station overcrowding in congested areas.

The fact that Controller C yields the highest energy savings
(10.37% over Controller A) while reducing passenger waiting
time confirms that the proposed model is resilient enough
to handle the inherent unpredictability of daily mass-transit
operations without compromising the passenger experience
or the commercial speed of the line.

VIi. CONCLUSION

This paper proposes a novel predictive Automatic Train
Regulation algorithm designed for complex mass transit
line topologies. Unlike previous approaches that focus on
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traffic scheduling or post-disruption traffic rescheduling,
this algorithm enables real-time automatic regulation of
train movement under moderate disturbances, specifically
tailored to urban lines with bifurcations and intermediate
short-turnings.

A central innovation of the algorithm lies in the model-
ing of short-turning and bifurcation nodes, which enables
issuing optimized regulation commands throughout the line,
even when not all trains follow the same route. By leverag-
ing continuous communication systems, the model adapts to
dynamic operational conditions, taking into account both sig-
nalling constraints and delay propagation. Furthermore, the
model decomposes control actions into positive and negative
components for both running and stopping phases, enabling
a detailed cost function that balances headway adherence,
schedule recovery, and energy consumption.

Simulation results highlight the practical advantages of
the approach under realistic operational conditions, including
stochastic dwell-time delays. Compared to traditional regu-
lation systems, the proposed algorithm improves adherence
to the nominal headway by almost 30%. Furthermore, it is
demonstrated that this increased regularity directly translates
into a 7.80% reduction in average passenger waiting time in
congested areas. This enhancement is especially relevant for
high-frequency railway systems where passenger satisfaction
and network stability depend on headway regularity. Fur-
thermore, the energy-efficient regulation strategy achieved
through asymmetric penalization of control actions results in
a 10.37% reduction in total energy consumption. These find-
ings prove that the proposed MPC framework successfully
harmonizes environmental impact with operational robust-
ness, ensuring that energy savings do not compromise the
passenger experience in complex topology lines.
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