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Abstract

As ports evolve to meet sustainability targets, seamless coordination between road and
rail operations becomes fundamental to success. This study addresses the Train Loading
Planning Problem (TLPP) which focuses on assigning outbound containers to train wagons
under slot, weight, and pattern constraints aiming to examine its broader systemic impli-
cations. A compact mixed-integer programming formulation is developed and enhanced
through a column-generation approach that efficiently prices feasible wagon plans. The
optimization module is embedded within a discrete-event simulation of terminal pro-
cesses including yard handling, gate operations, and train timetables. The study tests a
TLPP-based rail planning algorithm within a DES of terminal and hinterland operations
to quantify the impact under realistic variability. Using operational data from the Port of
Valencia, realistic planning scenarios are evaluated across varying demand mixes and train
frequencies. Results indicate that integrating rail capacity with optimized wagon loading
reduces set-up time by 20%, delivery lead time by 54%, container dwell time by 80%, and
greenhouse gas emissions by 54% compared with a trucking forwarding baseline, while
maintaining throughput and alleviating congestion at terminal gates and yards. From a
computational perspective, the column-generation approach achieves improved runtimes
to the compact MIP and scales linearly to the number of variables. The proposed framework
delivers ready to use load plans and practical insights for the deployment of additional rail
capacity, supporting sustainable logistics in port environments.

Keywords: port logistics; MIO; sustainable logistics; rail operations; multimodality

1. Introduction

Maritime transportation plays a crucial role in global supply chains, with over 90%
of international freight transport involving the shipping industry [1]. At the global level,
according to UNCTAD, maritime trade volumes reached 12.3 billion tons in 2023, marking
a 2.4% growth compared to 2022 [2]. This dominance is particularly evident in Europe,
where the total weight of goods transported to and from main EU ports via short sea
shipping reached 1.6 billion tons in 2023, with projections indicating steady growth [3].
Despite their economic importance, ports represent a significant environmental challenge,
contributing approximately 3% of global greenhouse gas (GHG) emissions [4] and roughly
11% of transport-sector CO, emissions [5]. The concentration of emissions is particularly
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pronounced within port areas, where shipping activities account for 5% of total shipping
GHG emissions yet represent approximately 50% of all port-related emissions [6]. This en-
vironmental impact is exemplified by major port-city complexes such as Rotterdam, where
annual CO, emissions can reach 13.7 million tons [7], representing 2% of the Netherlands’
total freight transport CO, emissions [8].

Concurrently, mounting global and regional policy pressures are driving the maritime
transport sector toward decarbonization. Key initiatives include the International Maritime
Organization’s (IMO) revised GHG Strategy, which mandates net-zero shipping emissions
by approximately 2050, and the European Union’s Green Deal, targeting a 55% emission
reduction by 2030 to achieve climate neutrality by 2050. Furthermore, the 2011 EU White
Paper on Transport established modal shift targets to transfer 30% of freight journeys over
300 km from road to rail or waterways by 2030, increasing to 50% by 2050, as part of a
comprehensive strategy for sustainable logistics [9]. These policy frameworks recognize
that ports often located adjacent to densely populated urban areas must substantially
reduce their carbon and pollution footprints to align with climate objectives and protect
local air quality. This imperative creates additional pressure on both seaports and inland
ports, which already face the ongoing challenge of handling increasing cargo volumes
while maintaining operational speed and efficiency [10].

Port operations from ship berth to inland delivery present substantial opportunities
to reduce delays, energy consumption, and GHG emissions through optimization and
technology. Inefficiencies in berth scheduling, yard storage, and intermodal transfers
cause vessel idling and truck queuing, increasing fuel use and emissions. Approximately,
vessels spend 4-6% of their yearly operations, equivalent to 15-22 days/year, waiting at
anchor [11] leading to unnecessary fuel consumption and emissions. Improved vessel
scheduling can reduce ships’ port-area emissions by 8-12% [12], while automated mooring
systems save approximately 33 tons of CO, annually per installation [4]. Digitizing cargo
flows and optimizing yard equipment yields significant pollution reductions, with idling
time cuts delivering fuel savings of 7-19% depending on efficiency gains [13]. Integrated
operational measures can decrease peak CO, and NOx emissions by over 30%, while
strategic compact terminal designs could cut intra-terminal CO, emissions up to 70%
by minimizing transport distances [14]. Equipment electrification and renewable energy
integration prove effective. Valencia Port reduced carbon emissions by 30% between 2008
and 2019 despite a 42% growth in cargo through combined electrification, renewable energy,
and operational improvements [15].

Enhanced port-hinterland connectivity is generally associated with rapid and efficient
transfer of cargo [2]. Optimizing port-hinterland connections is fundamental to achieving
landside efficiencies and modal shift targets, particularly through rail integration. Rail
freight emits 34 times less CO, per ton-km than road transport, accounting for under 1%
of EU transport GHG emissions [16]. European ports like Rotterdam and Valencia demon-
strate success through on-dock rail terminals and inland connections, with intermodal
expansion reducing heavy truck traffic by 20-30% and associated emissions. Maximizing
benefits requires efficient port-rail interfaces including automated cranes and digital co-
ordination platforms to prevent bottlenecks and ensure rail integration simultaneously
enhances throughput and sustainability [9,17].

Central to creating this efficient port-rail interface is the complex task of planning
how containers are loaded onto train wagons. This challenge, known as the Train Load-
ing Planning Problem (TLPP), involves strategically assigning containers to maximize
the capacity and value of the train while adhering to strict weight, balance, and safety
constraints. As a critical step in the intermodal chain, the TLPP has been the subject of
extensive academic research focused on developing sophisticated optimization models to
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solve this intricate puzzle [10]. However, while the optimization of the TLPP itself has
seen significant progress, a comprehensive review of this research reveals three critical
limitations that prevent a holistic evaluation of the true benefits of rail integration [18].
First, optimization models are typically evaluated in isolation without considering their
interaction with broader terminal operations such as yard handling, gate processing and
train scheduling, a narrow focus that overlooks how loading decisions affect system-wide
performance metrics including throughput, dwell times, and congestion patterns. Second,
sustainability assessments remain superficial, often limited to theoretical container counts
without quantifying actual environmental impacts such as truck-kilometers saved, CO,
emission reductions, or air quality improvements. Third, operational realism is insuffi-
cient in existing studies, which typically assume deterministic conditions and ignore the
stochastic nature of port operations, a simplification that limits the practical applicability of
proposed solutions and their performance under real-world uncertainty.

This study addresses these gaps by developing an integrated optimization and simu-
lation framework that embeds a strengthened train loading formulation within realistic
terminal operations. Rather than focusing on isolated research questions, the paper is
structured around three key contributions that jointly advance the existing literature in
TLPP modeling, solution approaches, and system-level assessment:

e Cl: We propose a new mixed-integer formulation of the Train Loading Planning
Problem that explicitly models per-slot weight limits and admissible container combi-
nations at the wagon-pattern level. The model supports realistic loading patterns, and
their associated weight configurations, by merging size-forcing rules and slot weight
caps in a unified framework. The pattern and weight catalog is derived directly from
the detailed loading requirements and safety rules provided by the Port of Valencia.
To the best of our knowledge, this configuration of slot-level weight constraints and
pattern-based container layouts has not been studied in the TLPP literature. At the
same time, the formulation remains sufficiently generic so that other ports can apply
it by inserting their own wagon types and pattern rules, enabling straightforward
replication and comparative analysis across different terminals.

o  (C2: We design a column-generation-inspired solution approach that combines heuristic
plan generation with a restricted master problem over a pool of wagon plans. Instead of
full pricing, fast-greedy, sampled-greedy, and local-search operators generate diverse,
high-quality loading plans per wagon, which are then selected through a compact
0-1 master problem. This hybrid approach preserves the Dantzig—Wolfe “one-plan-
per-wagon” structure and achieves near-MIP solution quality, while substantially
accelerating computational times and maintaining scalability across different instance
sizes and wagon configurations.

e  (C3: We embed the proposed TLPP formulation and plan-pool solution method into
a discrete-event AnyLogic simulation of the Port of Valencia, covering vessel ar-
rivals, yard handling, gate operations, and train/truck dispatching. This approach
is used to evaluate the asymptotic impact of optimized train loading on port-wide
sustainability and performance indicators, including truck-kilometers, GHG emissions,
container dwell times, and gate congestion, under varying demand scenarios and rail
capacity configurations. In this way, the TLPP is assessed not only as an isolated opti-
mization problem but as a sustainability enabler within the broader port-hinterland
logistics system.

The paper is organized as follows. Section 2 provides a comprehensive litera-
ture review of train loading optimization, port sustainability initiatives, and simulation-
optimization approaches in maritime logistics. Section 3 presents our methodological
framework, detailing the mixed-integer programming formulation for the TLPP, the column-
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generation enhancement, and the discrete-event simulation model of terminal operations.
Section 4 describes the case study set-up at the Port of Valencia, including data collection,
scenario design, and performance metrics. In addition, Section 4 presents and analyzes the
computational performance of the TLPP model in terms of execution time and benchmark
analysis compared to the exact MIP model. Finally, Section 5 concludes with a summary of
key contributions, limitations of the current study, and directions for future research.

2. Literature Review

The Train Loading Planning Problem (TLPP) is a critical operational challenge in
optimizing port-rail integration, focused on assigning outbound containers to a train’s
wagons to maximize utility while adhering to numerous constraints. At its core, the problem
is a highly complex variant of the 3D Bin Packing Problem, where “items” (containers) must
be optimally placed into “bins” (the wagons of the train). This classification is important
because bin packing problems are NP-hard, meaning that finding the single best solution
becomes computationally intractable as the number of containers and wagons grows. The
TLPP is further complicated by multiple layers of real-world operational rules that go
beyond simple spatial fitting. These include strict adherence to individual wagon slot and
overall weight capacities, managing a mix of container sizes and weights, and ensuring a
balanced weight distribution across the train for safety [10,19,20]. The primary objectives
are to maximize the number of loaded containers and minimize unproductive container
re-handling in the yard.

Early research approached the TLPP using integer programming (IP) with significant
simplifications, such as considering only one container type and ignoring wagon weight
limits [21]. Methodologies quickly evolved to incorporate greater realism. Bruns and Knust
(2012) [22] introduced three distinct ILP formulations that maximized train utilization by
considering multiple container types, various wagon configurations, and detailed weight
and stability constraints. Other models introduced objectives like fuel efficiency [23] and
accounted for operational uncertainty through robust optimization techniques [24].

In parallel with TLPP advances, the Physical Internet (PI) has emerged in port and in-
termodal logistics as a paradigm for modular, open, and networked cargo exchange (using
standardized 7-containers, interoperable nodes and routings that enable synchromodal,
real-time switching across modes). Positioning a TLPP optimization within a Pl-oriented
corridor invites loading patterns that are not only wagon-feasible but also routing-aware
and mode-switch-ready, so that yard moves, train paths, and hinterland services co-evolve
under shared protocols; this aligns with the roadmap vision of ALICE for scalable, sus-
tainable port-centric intermodal hubs and corridors, and with operational policies that
induce low-carbon modal shifts without sacrificing service quality [25]. This framing opens
a concrete avenue for future research: designing TLPP matheuristics whose objectives and
constraints are explicitly coupled to PI primitives (container modularity, hub openness,
and service composability) and synchromodal control rules [26-28].

A pivotal shift occurred when research began tailoring models specifically for seaport
terminal environments. Ambrosino et al. (2011) [29] were pioneers in this area, developing
mathematical formulations and heuristics with a biobjective: maximizing train throughput
while minimizing unproductive yard moves or rehandles. Their work highlighted that
in space-constrained ports, the time spent on rehandles is a crucial component of the
total operation time, especially under the common assumption of a sequential loading
process [29]. Subsequent studies by this group further explored the trade-offs between
packing density and yard logistics by comparing different loading sequences and solution
methods on real port data [20,30].
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Given the TLPP’s computational complexity, heuristic and metaheuristic algorithms
are widely used to find high-quality solutions in a practical timeframe. Approaches such
as Lagrangian relaxation have been employed to tackle multi-train planning and mini-
mize container travel distance from the yard to the train [31]. More recent studies have
successfully applied advanced metaheuristics like adaptive large neighborhood search
(ALNS) to efficiently schedule automated cranes for train loading under various opera-
tional modes [17]. Another study by Ambrosino et al. (2021) [32] introduced a matheuristic
approach that combines randomized heuristic techniques with mixed-integer program-
ming to test the effectiveness of each method in finding good solutions in an acceptable
computation time.

Simultaneously, researchers have refined exact optimization methods to make them
more tractable for real-world applications. A key innovation is the use of column generation
and branch-and-price, where instead of assigning individual containers, the algorithm
generates feasible loading patterns for each wagon. This approach reduces problem size
and symmetry, enabling efficient solutions for complex scenarios [33]. Models have also
become more sophisticated in capturing physical constraints; for instance, Ambrosino
and Caballini (2019) [10] proposed ILP models that embed detailed weight distribution
principles to ensure axle loads are not exceeded, demonstrating their effectiveness on
real-world data from Italian terminals. This focus on computational efficiency has yielded
dramatic results. Ng and Lin (2022) [34], by developing a tailored three-stage algorithm
for U.S. double-stack trains, reduced solution times from over two hours to mere seconds,
making real-time, on-the-fly optimization feasible.

To summarize the evolution and scope of research on the TLPP, Table 1 presents a
comparative analysis of the reviewed studies. The table categorizes these works based
on three key dimensions: the train and container characteristics considered (e.g., weight
limits, container types), the primary optimization objectives (e.g., maximizing loaded con-
tainers, minimizing rehandles), and the solution methodologies employed (e.g., integer
programming, heuristics). This synthesis highlights a clear progression from early, sim-
plified models toward more comprehensive formulations that incorporate a wide range
of operational constraints such as wagon-specific weight limits, diverse container types
and container priority. Furthermore, it illustrates the growing emphasis on objectives
directly relevant to terminal operations, such as minimizing unproductive moves and the
corresponding shift toward heuristic and metaheuristic methods to achieve computational
efficiency for real-world applications.

Table 1. TLPP approaches comparison.

Ref. Number

[21] [23] [18] [22] [24] [29] [30] [20] [17]1 [31] [33]1 [10] [32] [34]

Train Component Characteristics

Train weight limit . . . . . . . . .

Wagon slot weight limit ° . . . . . . . .
Container type or length (20, 40 ft) e o e o o o ) . . . .

Container weight ° o e o o o ) . . .
Double-stack train o .

Container Priority . . . . . . .
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Table 1. Cont.

Ref. Number [21] [23] [18] [22] [24] [29] [30] [20] [17]1 [31] [33] [10]1 [32] [34]
Objectives

Optimal weight distribution on
wagon
Maximize number of loaded
containers

Minimize the number of wagons . .

Minimize unproductive moves ° ° ° ° . ° °
Minimize handling cost e o o
Minimize handling time . .
Energy /Fuel efficiency .

Model Method

Integer Programming (IP) ° ° ° ° ° ° °

Mixed Integer Programming (MIP) . . . .
Heuristic / Metaheuristic

Focus on computational efficiency . . ° . . . . . .

3. Problem Description and Methods
3.1. System Description and Simulation Environment

The generalized problem studies modal swift strategies at the Port of Valencia that
aim to evaluate rail forwarding as a complement to trucking for outbound containers.
Train integration in the port’s terminal operations is crucial for transporting cargo to
destinate warehouses and raises concerns related to the port’s operational performance
and sustainability.

The idea behind rail integration is to use two types of routes in parallel to deliver
containers to customers. The first type of multimodal route refers to rail transport from
port to dry port followed by truck delivery to a warehouse. The second option refers to
direct delivery only by truck from a port to a warehouse Figure 1. The Valencia-Madrid
corridor corresponds to approximately 365 km by road and about 420 km by rail.

Port Sphere Hinterland Sphere
Tt
i
Railway ;! Dry port of
facilities (VLC) ; ! Coslada (MAD)
P}
i
1 ' 1
1 ' 1
/\ 1 ' 1
é-;g’, Container ! !
i DHL Warehouse i
;: ?_\ yard (VLC) o (MAD area) :
Port of ' !
Valencia 4 N
1
1
1
1
1

Truck loading 1 -

areas (VLC) -
|

Figure 1. System overview of the container flow from vessel arrival at the Port of Valencia to the final
destination warehouse in Madrid.

To evaluate this integration in the port’s terminal operations, we decided to conscript
a custom simulation model to fully understand the impact of this integration by providing
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related metrics and KPIs. Our holistic approach was to develop an end-to-end simulation
model to assemble each individual process of the Port of Valencia. The whole process
includes complete container transport from vessel arrival at Port of Valencia to the delivery
to a specific warehouse.

Specifically, the simulation model flowchart design, divided in three smaller phases,
provides a virtual replica of port operations (Figure 2). Phase 1 includes vessel arrivals,
containers unloading, and yard storage. Phase 2 includes transport decision, yard handling,
and train/truck loading. The embedded connection of the simulation model with opti-
mization algorithms (integration of “Transport Decision” and “TLPP” algorithms) provides
efficiency in the train/truck loading process. First, the optimization algorithm decides the
“transport mode” based on train and truck fleet capacities. Second, the algorithm faces the
TLPP and allocates containers to wagon slots based on container parameters (size, weight,
etc.) and wagon constraints. Within the integrated framework, the TLPP optimization mod-
ule is invoked once per simulated operational day at the beginning of the day, consistent
with day-ahead planning practices in real terminals. At each request, the AnyLogic model
extracts the set of rail-eligible containers (including size type, weight, destination, and
availability time) and assembles them into an input instance that follows exactly the same
data structure as the TLPP formulation described in Sections 3.2-3.5. The optimization
module returns a detailed loading plan, specifying the assignment of containers to wagons
and slots, which is then executed as a sequence of loading and departure events in the
simulation. Data exchange and parameter updating thus occur only at these daily decision
points, with no additional sub-daily synchronization between simulation and optimization.
Phase 3 includes the transport of containers to the destinated warehouse. For the multi-
modal route (train + truck), a modal shift takes place in a specific hinterland (dry) port. For
each individual route, measurement of CO, emissions provide, according to parameters
such as vehicle type, emissions factors and cargo weight. CO, emissions are computed by
multiplying the truck and train kilometers generated by the simulation with mode-specific
emission factors provided by the Port of Valencia. These factors embed the port’s inter-
nal assumptions on fleet composition and loading, so the reported environmental results
reflect corridor level performance for the Valencia—-Madrid services under the simulated
conditions. After the simulation experiments, based on objective and measurable criteria,
we provide some useful KPI values (Table 2). These KPI values directly support both oper-
ational and sustainable perspectives. The quantitative calculation is provided directly from
the simulation model developed on AnyLogic Software (https://www.anylogic.com/)
by the relevant statistics extraction modules. Table 2 provides in the KPI description the
definition of what each KPI refers to.

Table 2. Simulation experiments collected KPIs.

KPI Name KPI Description Category

Process since we receive the transport
request from customer and we
Set-up time arrange the transport to be carried Operations
out (incl. optimal decision between
truck/train)
Time since we receive the transport
request from customer to arrival at

Deli lead ti . o . ti
chivery lead time final destination, also includes the Operations
transit time
. . M i i isch: f .
Container dwell time easuring time between discharge o Operations

the container and terminal gate’s exit
Average GHG emissions of each
GHG emissions transport mode per route Sustainability
in [kgCO; eq]
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Customer

Transport Request

Vessel Unloading / Container
Vessel Arrival Yard Capacity CHECK cing Temporary Stay at
Yard Loading Yard

Phase 1

|

|

|

|

|

| Transport Decision Yard Unloading / Train,
| algorithms (Train OR Truck) Truck Loading
|

|

|

|

|

|

|

Optimization

J
Phase 2

Dry Port Modal
Shift »
(Train to Truck)

Rail Transport
(Train)

Road Transport
(Truck)

Warehouse Arrival

Road Transport
(Truck)

Figure 2. Simulation process diagram.

The time-based KPIs (set-up time, delivery lead time, and container dwell time)
were calculated using a consistent procedure within the discrete-event simulation model.
In AnyLogic simulation software, time measurements were collected through pairs of
TimeMeasureStart and TimeMeasureEnd blocks, which record the time each agent spends
between two defined points in the process flow (Figure 3). In this study, each container is
treated as an individual agent.

container customer transport transport ready to terminal gate warehouse

discharge request arrange exit arrival :
] | | 1 ] > time

[ | I | | [hour]

Figure 3. Events nodes that KPIs estimations use over simulation time.

For each KPI, the elapsed time can be described through a pair of time t variables
according to the next formula. For each agent i, the elapsed time is given by

AT; = TimeMeasureEnd; — TimeMeasureStart; = to,q() — tspari(i)

agenti=1,...,N

where N denotes the total number of containers processed in a single simulation experiment.
After executing a total of K experiments (samples), and considering trequest variable as the
time the transport request was received from the customer and tarrange as the time when
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the transport is ready to be carried out (just after truck/train loading finish), the overall
mean Set-up time KPI value is obtained as

TP ~ Erequest(i)
Set-u tzme _ armnge l TL’qMES
ptime = & Z Z

j=1i=1

Similarly, considering twy 4rriva1 Variable as the actual time that each container reaches the
warehouse, the overall mean Delivery lead time KPI is obtained as

t —t
Delivery lead time = Z Z WH mwal(l)\] request (i)
] li=

Similarly, considering t4ischarge as the moment of container discharge from the vessel and
teate exit s the time that the loaded truck/train exits the terminals exit, the overall mean
Container dwell time KPI is obtained as

t: :
Container dwell time = Z Z gm exit(i) N discharge(i)

]11

This calculation approach for the three time-related KPIs ensures that the reported
results represent the mean performance across all simulated operational days.

Greenhouse gas (GHG) emissions were calculated separately for each transport seg-
ment and then aggregated per transport chain. For each route, emissions were computed
using the standard formulation:

Kg C02 e

u .. K = EF
GHG emZSSZUT’lSroute[ 8 CO, E] Lons *km

} x Cargo Weight[tons| * Distance [km]
The total GHG emissions were aggregated across all containers per simulation experiment
and then averaged over 30 simulation experiment samples. The reported KPI percentage
of change is shown in Table 3. Selected KPIs collected from the simulation experiments
compare the average (per route) GHG emissions between the traditional direct delivery
route and the proposed multimodal (rail + truck) route.

Table 3. Selected KPIs collected from the simulation experiments.

KPI Name Percentage of Change
Set-up time —20%
Delivery lead time —54%
Container dwell time —80%
GHG emissions —54%

3.2. Train Loading Planning Problem Description

In this section, we present a deterministic Train Loading Model that assigns containers
with given attributes to train wagons so as to maximize the number of containers forwarded
by rail during a planning period. The model captures constraints at physical limitation
level (per-position weight limits and size admissibility) and pattern-specific rules (e.g.,
mandatory (20, 20, 40) layouts). We then describe a decomposition that reformulates the
model into a set-partitioning master and solves it by column generation. We consider a
fixed train composition with a set of wagons. Each wagon admits one of a finite set of
patterns (slot layouts). A pattern exposes discrete positions (slots), each with a weight limit
and, optionally, a set of admissible sizes. Containers are indivisible items characterized by
size (e.g., 20/40) and weight. The valid loading patterns provided by the port authority are
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fixed and limited to {(20, 20, 20, 20), (20, 20, 40), (40, 40)}, with eight permissible weight
combinations for the first pattern, four for the second, and one for the third. The loading
patterns shown in Figure 4 represent the admissible slot combinations provided by the
Port of Valencia’s engineering team for the Valencia-Madrid service. These patterns reflect
the operational rules used in practice and form the constraints that the TLPP optimization
must satisfy, rather than a physical model of a specific wagon type.

Configuration: Four 20’ Containers

20' Load = 5T 20' Load 27T 20' Load £ 27T 20" Load £ 5T

Configuration: Two 20’ & One 40’ Container

20' Load < 26T 20' Load = 36T 40' Load = 25T

Figure 4. Wagon configuration patterns.

To support the model developed, let I = {i: 1,...,n} denote the set of containers
and T = {t:1,...,|T|} the set of wagons. For each wagon, let t € T, let J; be the set of
acceptable loading patterns for each (t,j) with j € J;, and let K;; be the set of positions
(slots) in that pattern (f,). Let S = {20,40} be the size setand I; = {i € I : size(i) = s}
the containers of size s. For each option j and slot k € K;, define a required size map
Mmjx € S if that slot is forced to a size, and let P] - Kj be the set of forced slots. Data include
container weights w; > 0, slot limits constraints Ltjk > 0, and eligibility flags eligitjk €0,1
(size/handling/time feasibility).

For decision variables, let x;;x € {0,1} equal 1 if container i occupies position k of
pattern j on wagon £; let z;; € {0, 1} indicate that pattern j is selected on wagon ¢; and let
yi € {0,1} denote whether container i is loaded by rail (served). Equivalently, an unserved
indicator #; = 1 — y; can be used in place of y;.

max Zyi. (O-1)
iel
S.t.
Y zi=1, vt e T. 1)
JET
Y xijk < zij, Vt,j €, k€K @)

iel

Yo Y xik =i Vi€l (3)

teT je]; keKt]-
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Zwi Xitik < Lyjkzij, Vt,j €, ke€K; 4)
icl

Xitjk < elig; i, Viel, VteT, Ve, VkeK; (5)
Y wi Xitik < Lijkzij,s vt je ], kEK; (6)
i€l

The objective (O-1) counts how many containers are forwarded by rail, aligning
directly with the operational goal to maximize the number of containers forwarded with
the most sustainable alternative. Constraint (1) selects exactly one option j for each wagon.
Constraint (2) allows at most one container per slot and activates a slot only if its option is
chosen while (3) ensures each container appears in at most one slot overall (and defines ;).
The constraint (4) enforces the per-slot cap from the tables. (5) screens infeasible placements.
(6) is the size-forcing rule: for every wagon, pattern, slot, and triple, exactly one container
of the required size occupies that slot, if the option is chosen together with (2) it excludes
wrong-size placements.

3.3. Solution Approaches and Complexity

The train-loading problem couples a per-wagon, slot-level packing decision respecting
size-forcing and per-slot weight limits with a global exclusivity constraint that each con-
tainer can be used at most once across wagons. Modeling each wagon option as a pattern
and each feasible slot assignment as a plan yields a maximum set-packing structure over
an exponential plan set, so the problem is NP-hard (even with fixed option catalogs) and
quickly becomes not tractable for exact strategies. We introduce a baseline greedy myopic
approach of wagon-by-wagon heuristic that assigns containers to wagons sequentially
on the residual pool of containers. This approach is very fast and easy to implement,
but it is order-dependent, performs no backtracking, and fails to price the opportunity
cost of scarce containers (e.g., a 40’ that fits only tight caps), so it can block better global
combinations. An exact compact MIP activates one option per wagon and uses binary slot
variables with size-forcing and weight constraints; it delivers probably optimal solutions
(or optimality-gap certificates) on small/medium instances, but its size scales with the
number of eligible containers—slot pairs (and patterns), leading to many binaries and po-
tentially large branch-and-bound trees. A column-generation (Dantzig-Wolfe) formulation
mitigates this by treating each feasible wagon plan as a column so that the master problem
selects one plan per wagon and enforces container uniqueness, while pricing subproblems
(one per wagon) generate improving plans by solving a small assignment/MIP that already
embeds all slot physics. This yields strong LP bounds, generates only useful plans, scales
well to larger instances, and can be made exact with branch-and-price or by solving a small
integer master over the generated columns, retaining clear, implementable load plans.

To fully utilize trains’ loading capacity we update the objective accordingly so that
it maximizes the number of containers loaded on the train while it also maximizes slot-
level weight utilization. In practice, we implement this via a single scalar surrogate

maxa) y;+pY. Z(w,« / Ltjk) X tjk with a > p > 0. To streamline the model, we eliminate
i tik i
explicit eligibility constraints: containers are time-filtered before optimization (arrival

< departure < lead time) and only those in the time-feasible set enter the model. Size
feasibility is enforced structurally by the slot-size equalities (6), and weight feasibility by
per-slot limits (4). No other eligibility predicates are modeled as it is considered redundant.

3.4. The Greedy Myopic Wagon-by-Wagon Baseline Method

As a fast benchmark we solve wagons sequentially so, for a fixed order of wagons, we
choose the best feasible pattern for the current wagon and fill all of its slots. After each as-
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signment we remove those containers from the pool and proceed to the next wagon, similar
to [10,20]. This produces a feasible, often high-quality, solution quickly, but it is order-
dependent, lacks backtracking, and does not account for the opportunity cost of allocating
scarce containers that may be critical for later wagons. Therefore, the decision variable
xitjk € {0,1} can drop the wagon t index and become a three index formulation Xij €
{0,1} while the z;; € {0,1} is not nessesary, thus the size of the problem decreases sig-
nificantly. The challenge is to see how this model, and under which conditions, per-
forms better than the original. In any case, this can serve as a good baseline for other
semi-exact methods.

3.5. Column-Generation Approach

This section describes the columns-generation approach [35] that aims to speed up
the exact MIP solution while it also captures the full problem rather that the greedy sub-
optimal. We consider a plan p € P; where P; is the set of all feasible plans for wagon t
selects one option j(p) € J; and assigns exactly one container to each k € K;,), satisfying

(1)—(3) locally. Let af’p € {0,1} indicate whether i is used in p. We also define ¢'? = ¥ af’p

i€l
and util'’? = Y Wi(k,p)/ Lt j(p) k- The restricted master problem (RPM) chooses one plan
per wagon: "
max Y 3 (wc? o+ putil” ) Ay @)
teT pEPt
s.t.
ZpePt Ap =1 ,VteT ®)
£ .
zteT Zpept a’ Ay <1 Viel ©)

with At > 0. Let 0t and 71; > 0 be duals of (8) and (9).
The reduced cost that serves as a criterion for insertion of a new plan of p for the
wagon t is
re(t,p) = ac? + Butil”? — Y " m; alt.’p — 07 (10)
iel
For a fixed wagon t, pricing generates a feasible plan by selecting one option j € J;
and assigning time-feasible, correct-size containers to each forced slot k € K; under the slot
weight caps L. The result is a feasible loading (i, j, k). Because each option has only a few
forced slots, this per-wagon problem is a tiny assignment/MID, letting us return one or
several best plans per call and rapidly enrich the restricted master.

max) Y, ), [(w— ;) +/%L“:f'k] Vijk — 0t (11)
]

j€lrkeK;ic IAmj,k

s.t.
Y si=1 (12)
S
Z Yijk = 8j V] S ]t/ Vk € Fj (13)
i Imj,k
Yovije<1Viel (14)

ik

Zwiyi,j,k < Lt]'ij , V] S ]t ,k S F] (15)
i
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with binaries s;, y; ; x defined only for correct-size pairs. Especially, s; takes the value 1 if j
container selected elsewhere is 0. Similarly to the original problem, y; ; s indicates whether
i container assigned under pattern j in slot k. If max (11)> o; + ¢, we append the resulting
plan to the master. When no wagon yields positive reduced cost, the RMP is optimal for
the full master LP; an implementable solution is obtained by solving a small integer master
over the generated columns (A € {0,1}).

After time-filtering [ and building the option catalog { Je, Kj, mj, Ltjk}/ we seed each
wagon with one feasible plan obtained by pricing at 7r = 0 to guarantee master feasibility.
We then iterate solve the restricted master to obtain (¢, 7r) and run pricing independently
for every t to generate one or more improving plans, append any plan with positive reduced
cost, and repeat until no improvements arise. Each generated plan is stored as an immutable

record holding ¢, j(p), the explicit slot map (j, k) + i, its incidence vector (af’p ) o and
IS

util"?. Master variables At,p are created in the same index order as the per-wagon plan lists,
so reconstruction is direct: once the final integer master selects one column per wagon,
we read off z;; = 1 for j = j(p), set x;;jx = 1 from the stored slot map, and set y; = 1 for
all containers used by the chosen columns. This “MIP-and-store” workflow keeps local
wagon physics in the pricing problems, keeps the master compact, and produces auditable,
slot-by-slot load plans aligned with the notation.

3.6. The Dantzig—Wolfe Inspired Plan-Pool Heuristic

The column-generation approach is tractable when the compact model explodes in size
(e.g., millions of slot-level variables) so the problem is re-expressed with a few high-level
plans found on demand. In our train-loading setting, the compact MIP is already modest
and solver-friendly (~4 slots per wagon, 10-15 wagons per assignment). The optimization
loop then becomes pure overhead: solve an LP master, run many pricing problems (per
wagon/option, sometimes K-best), and re-optimize a degenerate master that keeps adding
near-duplicate columns. Consequently, we have one well-engineered branch-and-cut on
the compact model that often outpaces thousands of tiny solves plus repeated re-solves
similar to [36]. CG remains useful here only when the option catalog or side-constraints
balloon (e.g., long trains, many special patterns, etc.), so pricing is much cheaper than
handling all variables upfront.

We keep the Dantzig-Wolfe master but replace pricing with fast generation. For each
wagon t, a plan p € P; chooses an option and assigns slots to containers where its value is

orp = alp | +B g C;;itk' We build a pool on three stages:
ik)ep !

(1) a global greedy baseline assigns wagons one-by-one while removing used containers

(2) per wagon, sampled greedy generates ~M alternatives from a ST% sample of containers

(8) fast LNS perturbs existing plans by destroying 1-2 slots and greedy repair to add ~+M
synthetic plans. Given pools {P;}, we solve a small 0-1 master once per iteration:

maxz Z Ut,p )\t,ps.t. Z At,p =1 Vt,ZZ)\W <1YVi, )\t,p S {0,1}
AT pEP; peP; t pai

We then eliminate SL% of the weakest plans (protecting the current master-optimal
and the baseline), refresh with new sampled-greedy/LNS plans, and iterate N times.

This metaheuristic preserves DW’s “one-plan-per-wagon + packing” structure but
deletes the slowest piece that is pricing. It ensures an always feasible baseline, along
with fast and scalable sampling combined with LNS to reduce degeneracy. Complexity is
roughly linear in the number of pooled plans, which we collect per wagon, so runtime is
predictable. The most suitable way is to utilize when the compact MIP is solvable, but for
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better utilization than greedy with tight time limits, switch to full CG only when option
complexity explodes and true pricing becomes cheaper than enumerating rich plan pools.

4. Results and Discussion

This section presents the results of the use case derived from simulation experiments,
which assess process improvements enabled by the introduction of a train-based alternative,
as well as the computational performance of the TLPP under multiple instance sizes. The
objective is to propose implementation guidelines according to the size and complexity of
the problem.

4.1. Simulation Experiments Set Up and Results Discussion

The dataset employed in the simulation consists of historical vessel arrivals (Figure 4),
TEU drop-offs per vessel (Figures 5 and 6), train schedules, and truck and train cost and
time parameters. The simulation incorporates certain simplifications and blind spots,
particularly with respect to yard capacity, as it excludes demand generated by other port
operators and considers only the reference company. Following Valencia Port guidance
that available yard space is almost always sufficient, the yard capacity is therefore assumed
to be unlimited. This assumption implies that congestion effects inside the yard are not
represented and that the reported dwell times should be interpreted as lower bound
estimates. Detailed sensitivity analysis under explicit yard capacity constraints was not
conducted due to lack of reliable occupancy data, although introducing rail as an additional
forwarding mode is expected to reduce yard pressure rather than create new bottlenecks.

Daily Vessel Arrivals Timeseries

—e—April

—e—May

Number of Vessel Arrivals

Month Day

Figure 5. Daily vessel arrivals for the Port of Valencia in April and May 2025.

Movements of containers to and from the yard are approximated using probability
distributions provided by the port rather than empirical data samples fitted directly to
statistical distributions. Distribution fitting techniques were applied exclusively to vessel
arrival processes and the number of container demand generators. For each container, the
dataset included information on weight, size category (20 ft or 40 ft), arrival time, transport
request, and contractual lead time, as extracted from the port management system.

The simulation experiments were conducted over a two-month period (April-May
2025). Each scenario is simulated over a finite horizon of 30 operational days. For each
scenario, 30 independent replications are run in AnyLogic, with the random number
generator configured to use different random seeds across replications while keeping the
experiment settings reproducible. The KPIs reported in Table 3 correspond to the mean
values over these 30 runs, and standard deviations are used to verify that the results are
statistically stable. No separate warm up period is defined, because the 30 day horizon
represents a finite planning period and the start-up phase is part of the operational behavior
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that the study seeks to capture. These experiments were used to generate critical KPIs for
the Port of Valencia to support investment assessment and strategic planning. The publicly
available KPIs of the case study are summarized in Table 3. These KPIs are mobilized to
provide to the Port of Valencia managerial insights, evaluation of results, and strategic
improvement guidelines.

Containers per Vessel Arrival - April

2100
1800
1500
1200
900
600

300
0 I ||I|-|III|.III lIIIIIII_ll II.I

1 3 5 7 9 11 13 15 17 19 21 23 25 27 29 31 33 35
Arrival S/N

Number of Containers

Containers per Vessel Arrival - May

2400
2100
1800
1500
1200
900
600
300

0 1.1, -|III. ||I ||I|-I .II||I||-| |Il

1 3 5 7 9 11131517 19 21 23 25 27 29 31 33 35 37 39 41
Arrival S/N

Number of Containers

Figure 6. Distribution of containers handled per vessel arrival during April 2025 (above) and May
2025 (below).

The simulation results, benchmarked against baseline values from port data, clearly
demonstrate the operational and environmental benefits of incorporating the train option
into hinterland transport operations. Set-up time decreased by 20%, indicating smoother
and more efficient coordination of resources. Delivery lead time was reduced by 54%, high-
lighting the capacity of rail services to absorb container flows and accelerate throughput.
Container dwell time exhibited the most significant reduction, at 80%, confirming that
the additional transport resource alleviates bottlenecks in the yard and expedites cargo
turnover. From a sustainability perspective, greenhouse gas emissions decreased by 54%,
reflecting the lower per-unit carbon intensity of rail compared to road transport.

4.2. Train Loading Plan Problem Experiments Set-Up and Results Discussion

The computational efficiency of the TLPP was evaluated through controlled experi-
ments. A synthetic dataset was constructed using probability distributions derived from
historical vessel arrival data recorded at the Port of Valencia for April and May 2024.
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For each configuration, 10 independent samples were generated, resulting in a broad set
of test cases to evaluate algorithmic performance across computational time and weight
distribution efficiency.

The experiments were executed using PuLP, gurobipy and Gurobi 13. All tests were
performed on a machine equipped with an Intel(R) Core (TM) i9-14900KF processor and
128 GB of RAM. The performance results provide insights into both the computational
scalability and the practical efficiency of the TLPP solution approaches.

The computational experiments, conducted across instances of 100, 200, 500, and
1000 containers with wagon fleet sizes of 10, 12, and 15 (which is also the maximum of
available wagons), reveal important insights into the comparative performance of the
exact MIP formulation and the column generation plan-pool heuristic. Table 4 presents the
results in terms of solution time, relative weight maximization, and wagon utilization ratios.
Notably, the two approaches achieve broadly comparable computational times across all
problem sizes, removing runtime as a differentiating factor in this experimental setting.

Table 4. Computational results of comparing exact MIP formulation solved by GUROBI solver
compared to Dantzig—Wolfe column generation plan-pool heuristic. Time measured in seconds
and the total container weight and utilization ration percentages consider exact MIP as baseline.
(0« = 1000, B = 10, € = 0.001, M =150, ST% = 30%).

. Time CG o

N A\l Time MIP (Mean, Std) (Mean, Std) Gap %
100 10 0.944 + 0.1685 0.197 + 0.0206 —0.76%
100 12 1.553 £ 1.1590 0.195 £ 0.0268 —4.13%
100 15 1.859 + 0.4281 0.208 £+ 0.0123 —5.18%
200 10 1.756 £ 0.1124 0.452 £+ 0.0294 —0.00%
200 12 2.093 £ 0.1050 0.491 £ 0.0223 —0.00%
200 15 3.034 4+ 0.1473 0.566 £ 0.0306 —0.00%
500 10 4.747 + 0.2699 1.128 £ 0.0637 —0.00%
500 12 6.191 + 0.3754 1.355 + 0.0409 +0.00%
500 15 8.572 £ 0.2781 1.627 £ 0.0538 +0.00%
1000 10 11.742 £ 0.6786 2.307 £+ 0.0529 +0.00%
1000 12 15.572 £ 0.6750 2.826 £ 0.0875 —0.00%
1000 15 20.908 + 0.9332 3.480 + 0.1745 +0.00%

The updated computational results reported in Table 4 and illustrated in Figure 7
demonstrate a consistent and significant advantage of the proposed column generation
(CG) plan-pool heuristic method over the exact MIP solved with Gurobi at a strict optimality
gap of 1 x 107°. Across all instance sizes, CG achieves solution times that are significantly
lower than the MIP benchmark. For instance, while the MIP model requires between 1 and
21 s depending on the number of containers and wagons, the CG approach solves the same
instances in approximately 0.2 to 3.5 s. This confirms the strong scalability of the method,
with the performance gap widening as the number of variables grows.

In terms of optimality, the gap values relative to the proven MIP optimum remain
essentially zero for all medium and large instances. This behavior reflects the structure of
the TLPP, where multiple near-optimal train loading configurations exist once the prob-
lem becomes sufficiently large as the size of wagons cannot expand linearly to the size
of containers. In such cases, the CG mechanism efficiently navigates the solution space
and identifies high-quality plans without requiring exhaustive enumeration. The only
meaningful deviations appear in the smallest instance with 100 containers and 15 wagons,
where the search space is structurally limited and precise methods are required. With
relatively few feasible combinations to fill all wagons, the method encounters fewer alter-
native near-optimal plans, which moderately affects its ability to match the exact optimum



Future Transp. 2025, 5, 196

17 of 20

with the same precision observed in larger instances. However, such problem sizes can be
effectively addressed by exact methods as the size remains moderate.

Computational Runtime over Number of Variables

MIP
CcG
20

151

10F

Time (seconds)

2,000 4,000 6,000 8,000 10,000 12,000 14,000
Problem Size (Number of containers x Number of wagons)

Figure 7. Computational scalability of column generation inspired heuristic across different problem
instances compared to exact solution.

5. Conclusions

This study examined how optimized train loading can support the wider adoption
of rail forwarding in port logistics by developing a new formulation of the train load-
ing problem and evaluating its performance in a realistic operational setting. The work
demonstrated that the physical constraints governing wagon loading can be integrated
into a structured assignment model without compromising computational tractability. By
explicitly modeling slot weight limits, size-forcing, and pattern admissibility, the formu-
lation provides a detailed and adaptable representation of real wagon physics that is not
addressed in existing literature.

Computational experiments showed that a purely classical column generation strategy
is not scalable for this problem, because generating new plans requires solving many small
MIP pricing problems and repeatedly reoptimizing a degenerate master. This process
becomes an overhead that grows with instance size. The results also showed that the
most effective strategy is to avoid full pricing and instead generate plans through fast
heuristics that reflect the structure of the wagon patterns. This approach maintains almost
the same solution quality as the exact model while reducing computation times by an
order of magnitude. It also scales well when more constraints or richer pattern catalogs are
added, which means that the model can easily be extended to other terminals or to more
detailed operational rules.

Another important finding concerns the behavior of the model under different
container-to-wagon ratios. When the number of containers is low relative to the available
wagon slots, there are very few feasible loading combinations. In these instances, the search
space is small and modern MIP solvers are able to solve the exact formulation efficiently.
The results suggest that exact methods remain the preferred option in this case, while the
heuristic plan-pool approach becomes the most effective for medium and large instance
sizes where many near optimal assignments exist.

Integrating the optimization model with a discrete event simulation provided quan-
titative results about the impact of improved train loading on terminal operations in the
Valencia case study. Under the modeled demand profile, service schedules and yard capac-
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ity assumptions, introducing rail as an additional transport mode produced substantial
improvements in both operational efficiency and environmental performance. The simula-
tion showed reductions of 20% in set-up time, 54% in delivery lead time, 80% in container
dwell time, and 54% in greenhouse gas emissions relative to the trucking-only baseline.
These values should be interpreted as scenario-specific indicators of the potential bene-
fits of TLPP-based rail forwarding on the Valencia-Madrid corridor, rather than general
benchmarks for all ports.

Moreover, the plan-pool approach can generate high-quality loading plans in a frac-
tion of the time required by exact methods, it becomes feasible to execute hundreds of
experiment runs and evaluate large numbers of operational scenarios. This computa-
tional efficiency is essential for revealing process-level gains that only emerge when many
days, vessel arrivals, and demand profiles are simulated. It also enables us to capture
the cumulative impact of rail adoption on container dwell times, gate congestion, and
environmental indicators. The ability to run extensive scenario analyses would not be
possible with slower optimization methods, and this confirms that tractable algorithms
are a prerequisite for understanding how train loading strategies translate into system
performance improvements.

Despite these contributions, the study is subject to limitations that drive directions
for future research. First, the models were evaluated under simplified assumptions of
unlimited yard capacity and deterministic handling processes. Incorporating stochasticity
and competitive yard demand would yield a more realistic assessment. Future extensions
should explicitly consider the randomness of handling times and yard service rates to better
capture operational uncertainty. Second, while the optimization approaches proved effec-
tive, there is scope for developing more advanced algorithmic strategies such as adaptive
large neighborhood search or reinforcement learning-based heuristics that could further
improve scalability and robustness under real-time conditions. In addition, the influence
of competition between carriers and terminal operators was not modeled, although it can
significantly affect slot allocation, scheduling priorities, and resource utilization. Finally,
the static nature of the present analysis should be extended to a dynamic setting, where de-
cisions adapt to online events such as vessel delays, train rescheduling, and the movement
of straddle carriers for container stacking, loading, and unloading as well as truck arrival
delays. In the current implementation, this uncertainty is represented only in the discrete
event simulation, while the TLPP is solved as a deterministic day ahead planning problem
based on the realized container set at each departure decision. Future work should first
assess whether propagating this uncertainty into stochastic or robust TLPP variants yields
material benefits, compared with extending the scope of the model toward joint planning
of train loading, yard stacking, and straddle carrier routing. Embedding the TLPP within a
real-time digital twin of port operations represents a promising direction to bridge tactical
planning with operational execution; however, more feature-rich and scalable models are
required to achieve valuable action plans.

The findings indicate that, for the modeled Valencia-Madrid corridor, integrating rail
transport in outbound port operations with advanced optimization and simulation tools
can deliver tangible operational and sustainability benefits. Applying this framework to
other ports or corridors would require re-calibration of the models and validation under
local operational, regulatory, and demand conditions, which defines a clear agenda for
further research in dynamic, data-driven, and algorithmically advanced decision-making
for sustainable multimodal transport.
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