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—— Abstract

This work proposes a Constraint Programming (CP)-based methodology for estimating the max-
imum freight capacity of railway junctions serving industrial areas with multiple terminals, where
minimum per-destination service frequencies must be guaranteed as hard constraints to preserve
commercial competitiveness among terminal operators. The problem is formulated as a scheduling
problem with optional interval variables: the solver decides which candidate services to execute and
when, maximising completed round-trips within a 24-hour horizon while satisfying track-occupancy
exclusivity, turnout conflicts, buffer-capacity limits, a mandatory maintenance window, and a fixed
passenger timetable. The approach is implemented in OptalCP and evaluated on five scenarios
covering the current and a planned upgraded infrastructure of the Port of Trieste, Italy. Satisfiability
queries are answered in under 13 seconds; maximisation queries establish that the as-is network
sustains at least 35 freight services per day against the 11 currently operated, rising to at least 38
after the planned upgrade, with both authority service targets confirmed feasible on their respective
infrastructures.
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1 Introduction

Railway capacity estimation is a fundamental challenge in both infrastructure planning and
operational management, as networks become increasingly congested and the pressure to
accommodate heterogeneous traffic grows. Capacity, however, cannot be reduced to a single
fixed value: it depends on infrastructure layout, signalling systems, traffic composition, and
operational rules, making its estimation inherently complex [4, 6]. Methods developed to
address this problem are generally classified into three categories: analytical approaches,
simulation-based models, and optimisation techniques [1, 7].

Analytical methods such as UIC 406 and the CUI method estimate capacity by compressing
the railway timetable to measure infrastructure utilisation [6]. While computationally
inexpensive, these methods rely on restrictive assumptions, most notably traffic homogeneity,
that limit their applicability to heterogeneous systems [1, 2]. Microscopic simulation overcomes
these limitations by providing a detailed representation of infrastructure, signalling, and
rolling stock dynamics, and is frequently used to verify the feasibility of proposed timetables
or infrastructure modifications [1]. However, its high computational cost makes it ill-
suited to the systematic generation and exploration of optimal scenarios. Optimisation
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approaches, typically based on Mixed Integer Linear Programming (MILP), allow operational
constraints to be modelled explicitly and support the identification of timetables that
maximise infrastructure utilisation [3, 12, 19], though they are more commonly applied to
train scheduling or rescheduling than to capacity estimation directly [7].

The limitations of all three approaches become particularly significant at complex railway
nodes, including junctions, freight yards, and intermodal terminals, which concentrate the
interactions between multiple routes and competing operational processes and represent the
primary bottlenecks of railway networks. Analytical methods often fail to capture interaction
effects between a node and its surrounding network [8]; simulation is costly to apply at node
level for scenario exploration; and optimisation-based saturation approaches, while more
suitable, remain limited in their ability to model differentiated operational requirements.
Pascariu et al. [14] addressed this challenge by applying a MILP-based timetable saturation
approach to the Novara freight node (Italy), iteratively adding train paths until infrastructure
saturation was reached. Similarly, Russo et al. [17] proposed a MILP-based saturation model
for evaluating the practical capacity of a transshipment yard, accounting for physical resources,
operational time windows, and timetable constraints. Kianinejadoshah and Ricci [8] compared
several analytical and simulation methods at the mixed passenger-freight node of the the Port
of Trieste, Italy, demonstrating that analytical methods systematically overestimate capacity
by failing to capture network interaction effects, and that simulation remains necessary for
in-depth analyses while analytical methods are appropriate only for strategic assessments.

In nodes serving industrial or logistics areas with multiple demand points, complexity
increases further due to the need to guarantee minimum service levels to each destination, a
requirement that existing capacity models do not explicitly address. Ensuring a minimum
train frequency per terminal is a prerequisite for the commercial competitiveness of the node,
yet no methodology has, to our knowledge, incorporated such constraints within a capacity
estimation framework.

Constraint Programming (CP) offers a natural framework to address this gap. Its ability
to represent complex combinatorial constraints flexibly, combined with the expressive power
of optional interval variables, makes it possible to model the activation of each candidate train
path as a direct scheduling decision. In the railway sector, CP has been applied to junction
regulation by Rodriguez [16], to real-time traffic management via conditional interval variables
by Marliére et al. [13], and to network-level capacity modelling for large freight networks
by Harabor and Stuckey [5]. More recently, Schutt et al. [18] addressed in-station train
dispatching using a CP-based approach, demonstrating the superiority of this approach over
planning-based methods, and highlighted the flexibility of CP in accommodating multiple
optimisation criteria. In complex logistics settings, Perez et al. [15] demonstrated the
effectiveness of CP for scheduling train unloading operations at a bulk terminal. However,
the application of CP to railway node capacity estimation with minimum per-destination
service constraints remains unexplored.

This paper proposes a CP-based methodology for estimating the maximum capacity of a
railway node serving an industrial area with multiple terminals, incorporating minimum train
frequencies per destination as hard constraints. The model accounts for track-occupancy
exclusivity, intersection conflicts, buffer-capacity limits, and two classes of fixed trains:
timetabled passenger services enforced as hard temporal constraints, and pre-committed
freight trains representing an established operational baseline. The output is twofold: a
capacity estimate measured as the maximum number of schedulable trains, and a concrete
operational schedule demonstrating practical feasibility, directly supporting what-if analyses
for infrastructure and policy decisions. The methodology is validated on the railway network
of the Port of Trieste, Italy.
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The remainder of the paper is organised as follows. Section 2 describes the CP model,
covering the infrastructure representation, decision variables, constraints, and objective
function. Section 3 presents the experimental setup, the five evaluation scenarios, and
the results obtained on the railway network of the Port of Trieste, Italy. Section 4 draws
conclusions and outlines directions for future work.

2 Problem Model

In this work, the railway capacity estimation problem is formulated as a scheduling problem
with optional activities and solved with OptalCP [20]. A train is defined as a single path
traversal, either inbound (from an external endpoint to a terminal) or outbound (from a
terminal back to an external endpoint); a service is defined as a complete freight round-trip
consisting of an inbound train, a loading interval at the terminal, and an outbound train.
Trains are assumed to operate on left-hand running, following the convention of the case study
network; adapting the model to right-hand running would require only minor modifications.
The model takes as input a description of the railway infrastructure (specified in a JSON
configuration file) and a set of candidate freight train services, some of which are optional; the
solver decides which optional services to execute and when, subject to operational constraints,
while maximising the number of executed services.

2.1 Infrastructure

The physical network is represented as an undirected graph G = (N, E) whose nodes N are
infrastructure objects and whose edges E are blocks (see Figure 1). Although the graph is
undirected, meaning that each block can be traversed in either direction, the direction of
traversal is determined by the train path 7y and is therefore a property of the service, not
of the infrastructure itself. The nodes N comprise five types of infrastructure objects; the
edges F are blocks, described below together with the node types for completeness.

Endpoint (£P). An entry or exit point of the network (e.g., a connection to the main line
or to a railway station) that acts as a source or sink for services. Each endpoint is
assigned a fixed, nominally small transit duration d°P, introduced to enforce sequentiality
of movements through the node.

Block (B). A track segment connecting two adjacent infrastructure objects, traversable in
either direction; the direction of traversal is determined by the train path my and is
therefore a property of the service, not of the infrastructure itself. The physical layout of
the railway is reflected by the graph structure: each turnout node is incident to exactly
three blocks, and signal nodes are always inserted between two blocks. Each block b € B is
characterised by its travel time 7, = [(dp/vp) - 60] (minutes), where dy, is the block length
in km and v, the permitted speed in km/h. It is further characterised by the number
of parallel tracks k;, € {1,2}, and an optional clearance time ¢, > 0 that must elapse
between two consecutive train passages in the same direction on a single-track segment.
Long connections (distance > 2 - fyin, where £, is a minimum block length, usually
1.35km) are automatically subdivided into shorter segments separated by intermediate
signals.

Signal (S). A subdivision point inserted within a long block to enable finer-grained mutual
exclusion. Signals carry no explicit dwell time and are transparent to the timetable
representation.
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Endpoint: network entry/exit
Turnout: switch: transit 7, clearance ¢
Block: travel time 73, clearance ¢y

p

(single track)
S Buffer: capacity k.,
(double track)

| Signal: headway control Terminal: load/unload: capacity x¢

Figure 1 Node types (Endpoint, Signal, Turnout, Buffer, Terminal) and edge type (Block, shown
as track segments) of the infrastructure graph G.

Turnout (7). A railway switch connecting one main block to exactly two diverging blocks.
Each turnout ¢ € 7 has a transit time 7; and a clearance time ¢;. Two simultaneous
train movements through the same turnout are compatible if and only if they traverse
disjoint blocks and do not use the same physical rail (formally characterised by the
compatible_at_turnout predicate in the implementation, see Section 2.4).

Buffer (4). A set of holding tracks (sidings) adjacent to a terminal, with capacity
(number of trains it can hold simultaneously).

Terminal (£). A loading/unloading facility with capacity k; (number of trains that can be
served simultaneously).

2.2 Decision Variables

The core modelling primitive is the interval variable [9]: a variable = representing a contiguous
time window [s(x),e(z)) of size p(z) = e(x) — s(x), used here to model the occupation of
a resource r by a train §. We write x4, for the occupation slot of train # on resource r,
decorated with a type superscript when needed. Optional interval variables additionally carry
a presence logical variable: if absent (—pres(x)), all temporal constraints involving = are
trivially satisfied [11]. This modelling choice is deliberate: by jointly deciding which services
to schedule and when, the solver can exploit constraint propagation more effectively than if
selection and timing were decoupled via binary variables, which would weaken propagation
and potentially miss interactions between scheduling decisions and resource constraints. The
structural primitives used throughout this section, namely span, noOverlap, alternative,
sequence variables, and the cumulative pulse(z, h) function, which contributes h units to a
resource profile over [s(z), e(x)), are standard constructs of the interval-variable framework;
we refer the reader to [10] for a comprehensive treatment. Interval variable domains are
initially unbounded, with the exception of service span variables, which are constrained to
lie within the generation horizon H'; domain tightening is then performed automatically by
the solver’s constraint propagation.

Train paths and occupation slots

Each (candidate) train 6 is associated with a simple path mg = (01, 02,...,0m) in G, where
consecutive nodes are connected by a block. For every node o; and every block b; = (0;,0;41)
on the path, an occupation slot os; is introduced, defined as a set of one or more interval
variables that together capture the time during which train 6 occupies that infrastructure
object. For a path of n nodes, this yields 2n — 1 occupation slots in total: n slots for the
nodes and n — 1 slots for the connecting blocks. The following slot types are distinguished:



L. Di Gaspero, A. Grosso, and G. Longo

Block interval xgb: size in [rp, 7p + MAX_WAITING_TIME]. The size is thus flexible,
allowing the solver to model brief halts or slow downs. MAX_WAITING_TIME is the maximum
time a train may wait at a signal or before a turnout; it reflects operational practice,
as extended waiting is not permitted since it would block the infrastructure for other
movements. It is exposed as a configurable parameter in the JSON infrastructure file.

Turnout interval :cg’t: fixed size 7, encoding the total time from the moment train 6
begins traversing turnout ¢ until the turnout has been reset to its neutral position and is
available for the next movement.

Buffer stay interval xgu: free size (the dwell time at a buffer is determined by the
solver).
Endpoint interval xfi : fixed size d¥P (a sentinel marking network entry /exit).

Terminal marker z},: zero-size marker(used as a synchronisation anchor between
inbound and outbound legs).

When a long connection is subdivided by signals, multiple block intervals are created
and grouped into an occupation slot span 555 p Via the span constraint, which enforces that
the span interval covers all sub-intervals exactly. Sub-intervals are further forced to be

consecutive (e(x;) = s(x;41)) and, for optional trains, co-present (pres(z;) <= pres(z;t1)).

The overall occupation of train 6 is captured by a global span
span(ig, {osi | 0; € ’/Tg}) ,

which enforces s(Zg) = min; s(os;) and e(Zg) = max; e(os;).
For infrastructure objects that require mutual exclusion between trains (namely blocks,
turnouts, and endpoints) a dedicated sequence variable

o" = {ag?" | remy},r e BUTUEP

is defined over the occupation slot spans of all trains whose candidate path includes r. The
constraint noOverlap(c”) enforces that no two trains occupy r simultaneously, and that their
passages are ordered consistently. Buffers and terminals are instead governed by capacity
constraints (see Section 2.4) and do not require sequence variables.

All occupation slots are encapsulated in a TrainPathModel instance, which exposes: the
global span variable %y, the individual occupation slot intervals indexed by infrastructure
object, and the sequence variables o”.

In the following, to ease the notation, we will use x¢, or even xy when the resource is
clear from the context.

Alternative trains

When the routing of a service between an endpoint p and a terminal ¢ admits multiple simple
paths through G, the model constructs an alternative train to capture this routing choice
efficiently. Rather than introducing one independent optional TrainPathModel per candidate
route in full, the construction first identifies the longest common prefix 7P™ and the longest
common suffiz 7" shared by all candidate paths. A single, mandatory TrainPathModel is
built for 7P and for 75, so the occupation slots on the shared infrastructure segments are
introduced only once and participate in mutual-exclusion constraints exactly once. Only the
diverging middle segments {m{", ... ,W;“"}, i.e., the portions that differ across routes, give
rise to separate optional interval variables igf}f’, one per route variant. These are linked by
the alternative constraint:

alternative(23", {2§,...,287}) .
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which enforces that exactly one diverging variant is selected when the service is present. The
overall span of the alternative train is then assembled as:

span (&g, [25", zalt ch“f]),
with the chaining constraints e(£)®) = s(23) and e(#3"*) = s(23) ensuring temporal
contiguity between the shared and diverging segments. This construction reduces the
number of interval variables and mutual-exclusion constraints compared to a naive per-route
enumeration, while preserving full modelling accuracy on the shared infrastructure.

The resulting structure is encapsulated in an AlternativeTrainPathModel instance,
which exposes the same interface as TrainPathModel and can therefore be used transparently
in all higher-level constructs.

2.3 Service Generation Strategy

Given the infrastructure graph G and a planning scenario, candidate services s € F are
generated automatically before the CP model is built. The procedure is driven by a designated
set of source/sink endpoints EP* C EP, which represent the external connection points
relevant to freight traffic (e.g., industrial gates or connections to the main line). Note that
not all endpoints need be available to freight: some may be reserved exclusively for passenger
trains (e.g., a passengers station) and are therefore excluded from EP*.

For each pair (p,¢) with p € EP* and ¢ € L, all simple paths from p to £ in G are
enumerated. The enumeration remains tractable for the port railway topologies considered
here, which are typically hierarchical or linear: trains flow from one or two external endpoints
through a small number of buffers to reach the terminals, with limited branching. As a result,
the number of simple paths between any endpoint—terminal pair is small. In more complex,
reticulated topologies, the number of simple paths could grow combinatorially, requiring
pruning based on operational feasibility criteria; we leave this extension to future work. Each
such path becomes a candidate inbound train route. Because multiple simple paths may
exist between the same endpoint and terminal, due to alternative turnout routing or parallel
tracks, the collection of inbound routes is wrapped in an AlternativeTrainPathModel: the
solver selects at most one concrete route per service execution, as enforced by the alternative
constraint. This construction naturally captures routing flexibility without requiring the
modeler to enumerate route choices manually.

For the outbound leg, a single route per service is generated by computing the shortest
path (by travel time) from the terminal ¢ back to the originating endpoint p. The rationale
is that, once a train has completed loading/unloading, it should vacate the terminal area as
quickly as possible to minimise resource occupation; routing flexibility on the return leg is
therefore less critical than on the inbound leg. In a real-world railway network an outbound
path always exists by construction; nonetheless, the model performs a topological consistency
check at initialisation to verify that every terminal is reachable from every freight endpoint,
and raises an error if this precondition is violated.

The two legs are joined by a service, which pairs the inbound AlternativeTrainPath
Model #!" with the outbound TrainPathModel U and introduces a loading interval z'°ad
of minimum duration A4 interposed between them:
load)’

S

e(Zoim) = s(x e(z*) = 5(Zgout).
The loading interval represents the time during which the train is stationary at terminal £
for loading or unloading operations; its duration is bounded below by A; and left free above,

allowing the solver to delay departure as needed. A service can be declared optional; in
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that case all constituent interval variables, including z'°24

The entire structure is encapsulated in a ServiceModel instance, which exposes the loading
interval as the primary handle for capacity counting and terminal-capacity constraints.

The complete set of optional services, together with any mandatory (pre-scheduled)
passenger or freight trains, is then handed to the RailwaySchedulingModel, which builds
the CP model as described in Sections 2.2 and 2.4.

2.4 Constraints
Path contiguity

For any two consecutive occupation slots os; and os;41 on the path of train 6:
s(0s;41) = e(0s;).

This enforces that a train moves continuously without unexplained gaps. In addition, for
block-to-block transitions and for movements before a turnout, a maximum size constraint
prevents excessive waiting:

p(08;) < Tos, + MAX_WAITING_TIME.

Block mutual exclusion

For every pair of trains (6;,6;) sharing an incompatible block b (i.e., k, = 1 or both trains
use the same track of a double-track block):
If ¢, = 0: noOverlap(xg, b, To,5)-
If ¢, > 0: a binary order variable 8 ;; € {0,1} is introduced and the following conditional
constraints are posted:

pres(zg, ) Apres(zg, ) Adpij =1 = e(xg, ) + o < s(, 1),
pres(zg, p) A pres(zg, 5) Adpij =0 = ey, p) +cp < 5(29,5)-

The clearance time models the headway required between trains using a single-track block in
the same direction (e.g., the approach track to a terminal).

Turnout mutual exclusion

A turnout ¢ connects one main block to one or more diverging blocks. When a train
traverses t, it occupies a specific physical rail of the switch depending on its movement
direction (main—diverging, diverging—main, or through). Two simultaneous movements
through the same turnout are compatible, and therefore allowed to overlap in time, if and
only if they use disjoint physical rails of the switch. This can only occur when the blocks
adjacent to the turnout are double-track: in that case, one train may travel on track 0 of
the incoming block while a second train simultaneously travels on track 1 of the outgoing
block (or vice versa), without any physical conflict at the switch geometry, as illustrated in
Figure 2(a). Conversely, if any of the blocks involved is single-track, the two trains would be
forced onto the same rail and their occupations must be mutually exclusive (Figure 2(b)).

Formally, for every pair of trains (6;,6;) whose movements through a shared turnout ¢
are determined to be incompatible by the compatible_at_turnout predicate, which checks
movement directions and the track count of adjacent blocks, the following constraint is
posted:

noOverlap(xe, ¢, To; t)-

, inherit the same presence status.

19:7

CP 2026



19:8

A Scheduling-Based Approach to Railway Capacity Estimation

v/ compatible X collision

(a) (b)

Figure 2 Compatible vs. incompatible movements at a double-track turnout: (a) each train takes
a different branch or not sharing the stem; (b) opposing movements in the shared stem cause a
head-on collision.

Pairs for which the predicate returns compatible are left unconstrained at the turnout level,
though they may still be separated by block-level mutual exclusion constraints on the adjacent
single-track segments.

Terminal capacity

Analogously, the number of trains simultaneously being loaded or unloaded at terminal ¢ is
bounded:

Z pulse(z!°* 1) < ky.
s:ls={

The pulse(z, h) function contributes h units to a cumulative resource profile over the interval
[s(x), e(x)); summing pulses and bounding the result enforces a capacity limit at every point
in time [11].

Buffer capacity

The number of trains simultaneously held in buffer u is bounded by its capacity x.,:

Z pulse(zgy, 1) < Ky.

6: uEmy

Interaction with passenger timetable

Scheduled passenger trains are modelled as mandatory (non-optional) TrainPathModel
instances with fixed time windows. Their occupation intervals participate in the same block
and turnout mutual-exclusion constraints as freight trains, so the solver automatically avoids
conflicts with the pre-existing timetable.

Symmetry breaking

Since the model includes multiple optional trains sharing the same destination terminal,
symmetric solutions arise naturally: any permutation of selected train paths over a given
terminal yields a solution of equal objective value. Symmetry breaking is therefore applied
independently to each group of optional trains assigned to the same terminal; trains serving
different terminals are never grouped together, ensuring that no valid solution is excluded.
Within each group, trains are indexed arbitrarily {61,...,60,} and two classes of symmetry-
breaking constraints are imposed. First, presence variables are chained according to

pres(Zg,,,) = pres(Lg,), i=1,...,n—1
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so that only the first £ trains in the ordered sequence can be active in any feasible solution,

effectively fixing the identity of the selected trains and removing permutation symmetry.

Second, a temporal ordering constraint

s(Za,) < s(Zy,

)y t=1,...,n—1,

is enforced among present trains, ensuring that the sequence reflects a canonical chronological
order and preventing the solver from exploring solutions that differ only in the assignment
of identical time slots to interchangeable interval variables. Together, these two constraints
select a canonical ordering among structurally identical services targeting the same terminal,
substantially reducing the search space without excluding any feasible solution. Correctness
follows from the observation that any two feasible solutions differing only in the assignment
of time slots to trains within the same group are related by a permutation of indices; the
temporal ordering constraint selects exactly one canonical representative from each such
equivalence class.

2.5 Objective

Let H = 1,440 min (24 hours) denote the capacity horizon and H' = H + 360 min (30 hours)
the generation horizon. Services are generated with the end constraint e(#,) < H'. The
extended horizon H' = H + 360 min serves two purposes. First, it captures trains entering
the network within H whose outbound leg extends beyond it: truncating the horizon would

prevent these services from being generated as candidates, underestimating the true capacity.

Second, and more subtly, trains entering late in the day occupy shared infrastructure objects
(blocks, turnouts, buffers) and may interfere with the outbound legs of other services; modeling
these interactions explicitly, even beyond H, ensures that the schedule computed within H
is not artificially optimistic.

Only services that are fully completed within the capacity horizon contribute to the
objective:

max Z pres(zi®d) - [e(2,) < HJ,
seFopt

where [-] denotes the Iverson bracket. This ensures that the capacity estimate reflects only
services whose entire round-trip falls within the operative day.

No-movement window

A mandatory no-movement window [Wy, W] models the nightly maintenance closure of the
external network. During this window, no inbound or outbound train movement is permitted
on the shared infrastructure (blocks, turnouts, and the external endpoint); however, trains
that have already reached a buffer or terminal may continue their loading or unloading
activity uninterrupted. Formally, a fixed interval variable ™ with s(z™) = Wgtart and
e(z™) = Wenq is introduced, and for every service s € F the following non-overlap constraints
are imposed:

noOverlap(igisn, xnw) , noOverlap (iggut, z“w) .

These constraints ensure that the inbound and outbound legs of every service are entirely
load

disjoint from the maintenance window, while leaving the loading interval x 2*¢ unconstrained
with respect to it, since loading operations at a terminal are not affected by track closures

on the external network.
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national railway network

passenger station

|

| | 2

bufl buf2
T1 T2 T3 T4

Figure 3 Railway Infrastructure of the Case Study.

The model is implemented in Python using the OptalCP API [20]; the output is a concrete,
feasible timetable for the selected services, which can be inspected directly without the need
for post-hoc simulation.

3 Case study

The proposed model is validated on a railway network serving the Port of Trieste, Italy,
located along a core TEN-T corridor connecting Central Europe to the Mediterranean basin.
The port is one of the principal freight gateways in the region, with rapidly growing traffic
volumes and an increasing rail modal share; rail connectivity is a critical enabler for future
port development, as the surrounding road network is already heavily congested.

Given the complexity of the full port infrastructure, which encompasses nine terminal
areas operated by distinct companies, the study focuses on a representative portion of the
network. From an infrastructure perspective, this sub-network branches off from the main
national line into a dedicated freight sub-network comprising two operational buffers that
regulate train flows between the main line and the terminal areas, and four terminals handling
intermodal, rolling highway, and conventional freight services (see Figure 3).

The coexistence of frequent passenger traffic on the shared main line and heterogeneous
freight movements creates a complex scheduling environment. The multi-terminal structure
introduces a distinctive requirement: since terminals are managed by competing operators,
a minimum number of rail services must be guaranteed to each, ensuring fair access and
market competitiveness. This requirement, combined with the bottleneck effect of frequent
passenger services at the junction, makes this case study both representative for the proposed
methodology and practically relevant for infrastructure planning.

3.1 Experimental Setup

All experiments were conducted on a server equipped with two Intel® Xeon® Platinum 8368
processors (76 physical cores, 152 logical threads, 2.40 GHz base clock, 3.40 GHz max boost)
and 512 GB of RAM. OptalCP was configured with nbWorkers= 76 to exploit the available
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parallelism. A time limit of 3600s was imposed on maximisation runs (Scenarios 3 and 5);
satisfiability runs (Scenarios 1, 2, and 4) were assigned a time limit of 600s. Each scenario
was solved three times independently to estimate solve-time variance, given the stochastic
nature of the solver’s search procedure; reported times are medians.

The planning horizon H spans 24 hours. A mandatory wunavailability window from 00:00
to 04:00 prohibits freight movements on the external network during nightly maintenance; in
practice, this window is binding only for services whose scheduling extends into the generation
horizon H' beyond H. The loading time at each terminal is set to 240 minutes, representing
the minimum time required for a complete train loading or unloading cycle. Passenger trains
are included as mandatory, timetabled constraints in all scenarios.

Solver configuration

OptalCP supports the following search strategies, available in workers: Large Neighbourhood
Search (LNS), Failure-Directed Search (FDS), Failure-Directed Search Dual (FDSDual).

LNS is a destroy-and-repair metaheuristic that iteratively fixes a subset of variables
to their values in the current best solution, solves the resulting sub-problem to find an
improvement, and restarts from the new incumbent; it finds good feasible solutions quickly
but provides no optimality guarantee on its own.

FDS is a systematic search strategy based on the fail-first principle: it maintains a rating
for each branching choice reflecting how often that choice has led to failures, and preferentially
explores branches most likely to prune the search space; it is the primary driver of dual
bound improvement and optimality proofs.

FDSDual is a variant of FDS focused exclusively on tightening the dual bound by
iteratively proving infeasibility of successively better objective values, without searching for
a complete solution.

Parallel cooperative search

When multiple workers are available, each worker runs its own independent search thread,
and all workers share information about the best solution found so far: whenever a worker
improves the incumbent, the new solution is immediately broadcast and the other workers
restart from it. This cooperative scheme allows different search strategies to be combined
across workers, typically pairing LNS workers (for rapid primal improvement) with FDS
and FDSDual workers (for bound tightening), so that both solution quality and proof of
optimality are pursued simultaneously.

3.2 Scenarios

Five scenarios are evaluated, differing in infrastructure configuration, minimum per-terminal
service requirements, and solver objective. Table 1 summarises the instance parameters.

Scenario 1 — As-Is Baseline (Satisfiability)

The current as-is infrastructure is used, with minimum and maximum service counts set
equal to the number of trains presently operated at each terminal (T1: 3, T2: 6, T3: 1,
T4: 1, total 11). The solver is run in satisfiability mode: the question is whether the existing
timetable is reproducible within the model, and whether the model correctly captures the
current operational constraints. This scenario serves as a correctness validation of the CP
model against known operational data.
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Table 1 Scenario parameters: N™** are the upper bound on the allowed terminal services; Ky, ,
Kb, are the buffer capacities.

TiT T2 T3 T4 &k Mode

gp mim=max 36 Lo,y tisRability
Nmax 3 6 1 1

S2 mlrfllaxz max 3 1 5 ! 12 2 satisfiability
N 3 11 5 1

S3 mln' 3 6 ! ! 12 2 maximisation
Nmax 12 24 6 6

Sq = max 6 16 12 2 20 10 satisfiability
Nmax 6 16 12 2

ss 5063 190 10 maximisation
Nmax 12 24 12 6

Scenario 2 — As-Is, Authority Target (Satisfiability)

The authority has set a target of 20 freight services per day (T1: 3, T2: 11, T3: 5, T4: 1) on
the as-is infrastructure. Minimum and maximum are set equal, so the solver must find a
feasible schedule achieving exactly the target or declare infeasibility. This scenario assesses
whether the authority’s short-term target is achievable without any infrastructure investment.

Scenario 3 — As-Is, Maximisation

The same as-is infrastructure is retained. The minimum service floor equals the current
traffic levels (T1: 3, T2: 6, T3: 1, T4: 1), while the upper bound on generated services is set
well above any plausible infrastructure limit (T1: 12, T2: 24, T3: 6, T4: 6), ensuring that the
model budget does not artificially cap the result. The solver maximises the total number
of executed services within the capacity horizon. This scenario quantifies the true residual
capacity of the existing infrastructure above the current operating point.

Scenario 4 — To-Be, Authority Target (Satisfiability)

A planned infrastructure upgrade is modelled: buffer b; capacity is increased from 12 to 20
and buffer by from 2 to 10 trains. The minimum and maximum service counts are set equal
to the authority’s long-term target (T1: 6, T2: 16, T3: 12, T4: 2, total 36). The solver checks
feasibility. This scenario verifies whether the planned infrastructure upgrade is sufficient to
meet the authority’s future service objectives.

Scenario 5 — To-Be, Maximisation

The same to-be infrastructure is used. The minimum service floor is set to a conservative
demand estimate (T1: 3, T2: 6, T3: 3, T4: 1), and the upper bound on generated services
is set well above any expected limit (T1: 12, T2: 24, T3: 12, T4: 6). The solver maximises
the total number of executed services. This scenario quantifies the potential capacity gain
brought by the infrastructure improvement.
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3.3 Results

Table 2 reports the outcome of all five scenarios. All scenarios yield a feasible solution,
confirming the practical tractability of the model across a range of infrastructure config-
urations and service requirements. In each scenario, the min column of Table 1 specifies
the mandatory service floor: the minimum number of services per terminal that must be
guaranteed to preserve commercial competitiveness among terminal operators. When min
= magx, all services are mandatory and the solver operates in pure satisfiability mode. The
upper bound N™%* on generated services per terminal is set to a sufficiently large value to
ensure that the pool of candidates does not artificially cap the result.

Model size and solve time

The number of presolved interval variables grows from 1,097 in Scenario 1 to 2,473 in
Scenario 5, reflecting the increasing number of candidate services generated. The number of
constraints follows the same trend, rising from 18,061 to 54,644. Despite this growth, solve
times for the three satisfiability scenarios (S1, S2, S4) are remarkably low: 0.52s, 5.22s, and
12.04 s respectively, all well within the allotted 600s limit. This confirms that the CP model
scales gracefully with network and service complexity for feasibility queries.

Scenario 1 — correctness validation

The solver reproduces the current operational timetable of 11 services feasibly and near-
instantaneously, validating the model against known real-world data.

Scenario 2 — short-term authority target

The authority’s short-term target of 20 freight services per day is confirmed feasible on the
as-is infrastructure in just 5.22s. No physical investment is therefore required to meet the
near-term demand target.

Scenario 3 — as-is capacity

The solver finds a best solution of N* = 35 services (median over three independent runs)
within the 3600s time limit, with a remaining gap of 23.4% against the best dual bound
of 46. The true maximum capacity of the as-is infrastructure therefore lies in the interval
[35,46]. The current operating level of 11 services thus represents only a fraction of what the
infrastructure can sustain, suggesting that significant capacity margin is available without
any physical investment.

Scenario 4 — long-term authority target

The authority’s long-term target of 36 freight services per day is confirmed feasible on the
to-be infrastructure in 12.04 s, well within the time limit. The planned buffer upgrade is
therefore sufficient to sustain the projected traffic growth.

Scenario 5 — to-be capacity

With the planned buffer expansion (kp, raised from 12 to 20 and &g, from 2 to 10), the
best solution found is N* = 38 services (median), with a remaining gap of 25.5% against
a dual bound of 51. The estimated capacity range for the to-be infrastructure is [38,51].
The upgrade thus yields a measurable increase over the as-is case, with the lower bound
improving by at least 3 additional services.
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Table 2 Experimental results (medians over three runs). N*: services within the 24-hour horizon;
Bound/Gap: dual bound and relative gap at termination (maximisation only); Ivars/Ctrs: presolved
interval variables and constraints; Mem: peak memory.

Status N* Bound Gap (%) Time(s) Ivars Ctrs Mem (MB)

S1  Feasible 11 - - 0.52 1,097 18,061 1,551
S2  Feasible 20 - - 5.22 1,385 23,241 2,042
S3  Feasible 35 46 23.4 3600 2,281 48,471 5,467
S4  Feasible 36 - - 12.04 1,897 35,017 2,653
S5 Feasible 38 51 25.5 3600 2,473 54,644 4,794
S3 — as-is maximisation S5 — to-be maximisation
50 |- ‘ ‘ ‘ i ‘ ‘ ‘ obj run 1
_____________________ 55 - obj run 2
45 |- e ‘ . obj run 3
50: __________ - -=--bnd run 1
40 |- N - -~ bnd run 2
|95} 0
@ € 45l B bnd run 3
2 35— £
g g
30 - 8 40 - N
|
I
25 || 8 35 N
20 i B
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Figure 4 Convergence of best objective (solid) and dual bound (dashed) over time for Scenarios 3
and 5, across three independent runs.

Convergence analysis

Figure 4 shows the evolution of the best objective value and dual bound over time for
Scenarios 3 and 5, across all three independent runs.

In Scenario 3, the solver locates an initial solution of 22-24 services between 56 and 90s,
then steadily improves through LNS to reach 35-36 services by the end of the horizon. The
dual bound descends slowly: it drops from 48 to 47 within the first two seconds, but then
requires over half an hour to reach 45-46, leaving a gap that cannot be closed within 3600 s.

This asymmetry between primal improvement and dual bound tightening is characteristic
of problems where LNS quickly saturates the timetable but global optimality requires
reasoning about the entire combinatorial structure. In Scenario 5, the behaviour is markedly
different: the first solution (37 services) is found much faster (14-38s), reflecting the additional
buffer capacity that relaxes the most constrained resource. However, improving beyond
38 services proves difficult, and the dual bound stagnates at 51 for most of the solve, leaving a
gap of approximately 25% at termination. The inter-run variability is moderate for Scenario 3
(best solutions range from 35 to 36) and low for Scenario 5 (best solutions range from 37 to
38), consistent with the stochastic nature of parallel LNS.



L. Di Gaspero, A. Grosso, and G. Longo

4 Conclusions

This paper proposed a CP-based methodology for estimating the maximum freight capacity
of a railway node serving an industrial area with multiple terminals, incorporating minimum
per-destination service frequencies as hard constraints alongside track-occupancy exclusivity,
intersection conflicts, buffer-capacity limits, and a mandatory passenger timetable. The
model is implemented using optional interval variables and sequence variables in OptalCP,
and produces as output both a capacity estimate and a concrete, verifiable timetable that
can be inspected directly without any post-hoc simulation step.

Experimental evaluation on the railway network of the Port of Trieste, Italy yielded
several practically relevant findings. For the satisfaction scenarios (S1, S2, S4), solve times
are uniformly low (under 13s), demonstrating that feasibility queries can be answered in
near real-time, a property directly useful for interactive infrastructure planning tools. For
the maximisation scenarios (S3 and S5), the upper bound on generated services was set well
above any plausible infrastructure limit to prevent the model budget from artificially capping
the result; the solver makes strong primal progress via LNS, establishing that the as-is
infrastructure sustains at least 35 freight services per day against the 11 currently operated,
rising to at least 38 after the planned buffer expansion. A dual gap of approximately 23-25%
remains at the 3600s time limit, indicating that closing the gap for this class of problems
remains an open challenge that calls for tighter problem-specific bounds. The authority’s
short-term target of 20 services (S2) is confirmed feasible on the as-is infrastructure without
any physical modification, and the long-term target of 36 services (S4) is confirmed feasible on

the upgraded infrastructure, directly informing investment prioritisation and policy decisions.

A direct comparison with MILP-based approaches and microscopic simulation is not
pursued in this work. To the best of our knowledge, no MILP formulation exists in the
literature that operates at the same level of operational detail as the proposed model; existing
formulations require simplifications, such as traffic homogeneity or relaxed infrastructure
constraints, that do not guarantee equivalent solution quality. Simulation-based approaches,
on the other hand, require a pre-specified timetable as input and are designed to verify
feasibility rather than to optimise capacity, and are therefore not directly comparable to an
optimisation-based capacity estimation framework.

Several directions for future work emerge from these results. Extending the model to the
full port infrastructure, including the additional terminals and buffer areas planned in the
to-be layout, would refine the capacity estimates and broaden the scope of the what-if analysis
to a larger and more representative network. On the solving side, tighter dual bounds through
problem-specific reasoning and additional symmetry-breaking constraints could reduce the
optimality gap within the available time budget. Finally, the framework opens a natural
path towards systematic sensitivity analysis, quantifying how capacity responds to changes in
passenger traffic intensity, terminal loading times, or buffer configurations, thereby directly
supporting infrastructure investment decisions.
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