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 A B S T R A C T

The Physical Internet (PI) paradigm, which has gained attention in research and academia in recent years, 
leverages advanced logistics and interconnected networks to revolutionise the way goods are transported and 
delivered, thereby enhancing efficiency, reducing costs and delays, and minimising environmental impact. 
Within this system, PI-hubs function similarly to cross-docks, enabling the splitting of PI-containers into smaller
modules for delivery through a network of interconnected hubs. This allows dynamic routing optimisation and 
efficient consolidation of PI-containers. However, the impact of system parameters and relevant uncertainties 
on the performance of this innovative logistics framework is still unclear. For this reason, this work proposes 
a robustness analysis to understand how the PI logistics framework is affected by the handling, consolidation, 
and processing of PI-containers at PI-hubs. To this end, the considered PI logistics system is represented via 
a mathematical programming model that determines the best allocation of PI-containers in an intermodal 
setting with different transportation modes. In doing so, four Key Performance Indicators (KPIs) are separately 
considered to investigate different aspects of the PI system’s performance, and the relevant robustness is 
assessed with respect to the PI-hub processing times and the number of modules per PI-container. In particular, 
a Global Sensitivity Analysis (GSA) is performed to evaluate, through a case study, the individual relevance 
of each input parameter on the resulting performance.
1. Introduction

Intermodal transportation integrates various modes, including rail, 
inland waterways, deep-sea shipping, and road to provide seamless 
freight movement across regions. Each mode plays a crucial role in 
facilitating efficient and sustainable logistics networks [1]. In the last 
decades, intermodal rail-road transportation has emerged as one of the 
crucial solutions to enhance the efficiency and sustainability of modern 
logistics networks [2]; inland waterways are essential for transporting 
bulk goods, and deep-sea shipping is critical for intercontinental lo-
gistics [3]. Additionally, road and rail offer significant flexibility and 
connectivity in regional and national freight systems [4]. Despite the 
broader spectrum of intermodal options, this study focuses on rail-
road intermodal systems, which are critical components of sustainable 
logistics frameworks.Over the past decades, rail-road intermodal trans-
portation has attracted researchers’ attention to address key economic, 
social, and environmental issues. In this context, on one hand, the inter-
dependency between road freight and socioeconomic systems has been 
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demonstrated [5]. On the other hand, the need to reduce traffic con-
gestion and shift freight from road transportation to environmentally 
friendly alternatives (e.g., rail transportation) to minimise negative 
environmental impacts has clearly emerged [6]. These motivations 
have driven carriers and terminals to optimise road transportation 
and integrate it with other modes to achieve an optimised and more 
sustainable freight delivery [7]. Road freight transportation contributes 
significantly to greenhouse gas emissions and is the largest emitter 
among the different transportation options [8]. Therefore, one of the 
main strategies to improve sustainability is the optimisation of freight 
transportation, with a particular focus on shifting the transportation 
process from road to rail.

The Physical Internet (PI), proposed in [9], is an innovative logistics 
concept that aims to enhance efficiency and sustainability in global 
supply chains. By adopting open, modular, and standardised systems, 
PI promotes seamless collaboration, better resource utilisation, and 
reduced environmental impacts, driven by intelligent integration and 
optimised decision-making across interconnected networks [9,10].
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Fig. 1. Example of a PI-container split into different modules with different volumes.

The PI represents a solid example of digital transformation in sup-
ply chain operations, integrating advanced technologies such as real-
time tracking, automation, and data analytics to optimise logistics, 
streamline transportation, and improve overall operational efficiency. 
Addressing inefficiencies through digital tools, the PI reduces the envi-
ronmental impact of logistics operations, including pollution caused by 
heavy traffic. The main innovation in the logistics sector provided by 
PI is related to the freight transportation perspective, as it can optimise 
shipping operations, particularly in terms of capacity exploitation and 
reduction of the number of circulating trucks, thereby reducing CO2
emissions and traffic congestion [11], since freight operations play 
a crucial role in addressing sustainability goals and environmental 
challenges in logistics networks. The growth of integrated intermodal 
transportation in logistics and supply chains, including urban environ-
ments, is evident in the development of urban distribution systems 
and passenger transportation. Today, intermodal rail-road terminals are 
optimising traffic flow to facilitate accessibility in rail transit systems 
for regional mobility.

Intermodal transportation can also enhance shipping quality across 
modes on a global scale. Predictions indicate that the throughput of 
intermodal transportation is increasing [5], creating favourable condi-
tions for the adoption and growth of modular concepts in shipping and 
delivery logistics. Furthermore, the PI logistics framework is designed 
to integrate advanced automation technologies and intelligent systems, 
enabling dynamic decision-making and fostering real-time adaptability 
across interconnected logistics networks. One of the fundamental con-
cepts of the PI is the modularisation of a single PI-container, as depicted 
in Fig.  1. These modular PI-containers can be transported using various 
transportation modes and along different paths. This feature allows 
for better exploitation of existing capacities in pre-planned services 
(e.g., trains or trucks) that lack the capacity to transfer an entire PI-
container. The main advantage of this approach is the optimisation of 
transportation mode capacities and the reduction of the number of half-
filled commuting vehicles. Nevertheless, a PI-container is considered 
delivered only if all its modules have reached the destination.

As the Physical Internet is a complex, distributed logistics network 
whose performance depends on the effectiveness of routing operations 
performed at intermodal nodes across a large set of modular units, iden-
tifying the factors that significantly affect its reliability and efficiency 
is fundamental. To address this, and based on the optimised PI scheme 
introduced in [12], this study proposes a robustness analysis to evaluate 
the system’s capability to maintain performance under uncertainties.

Specifically, the objective of this analysis is to assess the extent 
to which the system’s performance is influenced by key PI-related 
parameters, such as the number of modules making up PI-containers 
and the travel times between nodes or processing times within PI-hubs. 
The results will provide insights into the behaviour of the PI logistics 
framework and help identify the most influential parameters affecting 
2 
system performance. These findings will guide further analyses or even 
support their direct integration into the optimisation models governing 
PI dynamics.

The remainder of this paper is structured as follows: Section 2 
reviews the literature on the Physical Internet (PI) and robustness 
evaluation. Section 3 describes the considered optimisation-based PI 
network, including its structure and routing methodology. Section 4 
summarises the theoretical aspects of the robustness analysis, focus-
ing on the impact of uncertain parameters using global sensitivity 
analysis. The proposed methodology is applied to a case study in 
Section 5, with results analysed under both deterministic and uncertain 
conditions. Finally, Section 6 summarises the findings and provides 
recommendations for future research.

2. Literature review

This section reviews the current knowledge on the Physical In-
ternet concept (Section 2.1) and robustness evaluation methodolo-
gies (Section 2.2). It concludes with a summary of the paper’s main 
contributions (Section 2.3).

2.1. Physical internet

The Physical Internet is an innovative concept aimed at improving 
the efficiency of logistics systems through automation perspective [9]. 
In this context, PI is commonly defined as ‘‘a global logistics system that 
connects networks using standardised rules, modular containers, and 
smart interfaces for improved efficiency and sustainability’’ [13], high-
lighting its foundation on principles borrowed from the Digital Internet, 
from which it also derives its name. Just as the Digital Internet consists 
of a vast network of servers and computers that exchange data using 
standardised protocols and efficient pathways, PI operates through PI-
containers, which function like ‘‘data packets’’ and PI-hubs, which 
serve as ‘‘routers’’ directing goods through interconnected logistics 
networks [14–16]. In this context, an essential characteristic of the PI 
system is the possibility of splitting PI-containers into smaller, modular 
units during transportation, which are, for PI, analogous to data packets 
in Digital Internet [9,17]. This feature allows for significant flexibility 
in utilising available transportation capacities and optimising delivery 
routes, thereby enhancing the adaptability and efficiency of the PI 
system, particularly in cases of disruptions or capacity constraints.

Numerous studies have examined various aspects of PI, including 
infrastructure design [18], technological advancements [19], and busi-
ness models [20], paving the way for its practical implementation. 
The significance of PI is further emphasised by the Alliance for Lo-
gistics Innovation through Collaboration in Europe (ALICE), which has 
developed road-maps for PI’s global adoption from 2020 to 2050 [21].

Concerning PI-containers’ transportation and delivery, many stud-
ies have tackled the problem of optimising routing. These challenges 
include determining the most efficient routes for PI-containers across 
the networks, minimising transportation costs, balancing load distribu-
tion, and mitigating delays caused by bottlenecks at PI-hubs. In this 
context, optimisation models for routing PI-containers between cross-
docks were proposed in [22,23], whereas a freight routing problems 
incorporating virtual transfer points to enhance platoon reconfiguration 
in PI systems was explored in [24].

Scheduling and resource allocation in PI-hubs are crucial for overall 
system efficiency. Inefficient scheduling or improper resource alloca-
tion can cause delays in PI-container processing, leading to suboptimal 
routing decisions. For example, if a PI-hub fails to process containers 
on time, re-routing or waiting strategies must be applied, affecting 
the overall network performance. Numerous studies have addressed 
these challenges using queuing models, optimisation techniques, and 
inventory control models [25–32]. However, since this study does not 
focus on these aspects, random performance values are assumed for 
PI-hubs and PI-containers.
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2.2. Global sensitivity analysis for robustness evaluation

Robustness is a widely studied concept in statistics, with differ-
ent definitions tailored to specific applications. In this context, GSA 
analysis was first introduced in [33], where an approach based on 
generating input–output Monte Carlo samples was proposed. These 
samples were analysed using statistical techniques to estimate variance-
based sensitivity indexes, providing a systematic approach to evaluate 
the relative importance of input parameters. Since Wagner’s founda-
tional work, GSA methods have significantly diversified. Among them, 
it is worth mentioning non-parametric regression methods [34] and 
moment-independent techniques [35]. Other advancements include 
value-of-information techniques [36,37] and the application of Shapley 
values to sensitivity analysis [38].

Furthermore, GSA has been widely applied across engineering and 
applied sciences, including the transportation and logistics sector. Ex-
amples are the performance robustness of different traffic light opti-
misation approaches with respect to parameter uncertainty and vari-
ability [39], the identification of the most relevant origin–destination 
pairs for planning demand-responsive railway services [40], and un-
certainty assessment in transport emission models [41]. Regarding the 
aim of this work, GSA is considered to address the uncertainty that 
arising from the variability of the system inputs or parameters [42]. 
In particular, when the system under analysis operates according to the 
solutions of optimisation problems, the unpredicted variability in inputs 
and parameters can significantly degrade the expected performance if 
not adequately considered. To address this issue, GSA assesses how 
inputs and parameters affect the output. By identifying a ‘‘sensitivity 
pattern’’, GSA ranks parameters based on their contribution to overall 
uncertainty, highlighting those that must be carefully calibrated or, 
where possible, explicitly incorporated into the optimisation process, 
potentially through stochastic programming [43].

2.3. Paper contributions

From the literature discussed in Section 2.1, it is evident that 
intermodal freight transportation in the PI sector has been extensively 
studied. However, the impact of key PI characteristics, such as the 
processing of PI-containers at PI-hubs and the splitting of PI-containers 
into modules, on freight transportation performance remains unclear, 
particularly regarding delivery times and transportation costs. This 
issue becomes even more critical under uncertainty. For instance, the 
exact processing time for a PI-container at a PI-hub may be unknown 
at the time of routing decisions. Ignoring such uncertainties can de-
grade system performance and reduce the effectiveness of optimised 
PI-container routing.

To address this gap, this paper performs a robustness analysis based 
on the PI logistics framework proposed by the authors in [12], and 
recalled in Section 3 of this paper. Specifically, it evaluates how system 
performance is affected by the division of PI-containers into modules 
and their processing times at PI-hubs.

The analysis follows a two-step approach. First, system performance 
variability is assessed using four Key Performance Indicators (KPIs), 
each reflecting a different aspect of the PI framework: (1) utilisation 
of trucks from origin to destination (𝐾𝑃𝐼1), (2) total delivery time 
(𝐾𝑃𝐼2), (3) transportation costs (𝐾𝑃𝐼3), and (4) delivery time gap 
between PI-container modules (𝐾𝑃𝐼4). These KPIs capture crucial di-
mensions of operational efficiency, cost-effectiveness, and reliability 
in intermodal logistics. Second, a Global Sensitivity Analysis (GSA) 
is conducted to quantify the impact of each PI parameter on system 
performance, providing a robustness assessment. The results offer valu-
able insights into which parameters require more precise estimation or 
should be directly incorporated into the optimisation model.

3. The considered optimisation-based physical internet network

This section describes the Physical Internet network and the corre-
sponding optimisation problem considered in this paper.
3 
3.1. The considered PI network scheme

Let consider the PI network scheme depicted in Fig.  2. This
schematic represents the structure of the PI network analysed in this 
paper, consisting of a graph where nodes represent distribution centres, 
terminals, and PI-hubs, while links represent connections between these 
nodes. In this logistic network, PI-containers are initially transferred 
from the origin distribution centres to an origin terminal. At the 
terminal, PI-containers are disaggregated into smaller modules, which 
are then transported to destination terminals based on available trans-
portation services. These modules can be transferred via trains or trucks 
through the PI-hub network, or by ‘‘direct’’ truck connections between 
terminals. Upon arrival at the destination terminal, the modules are 
aggregated into a single PI-container and delivered to the destination 
distribution centre.

In further detail,  distribution centres are the starting and ending 
points of the PI-containers and are directly connected to suppliers 
and customers. Terminals are linked to both distribution centres and 
PI-hubs and play a central role within the network. At these nodes, PI-
containers are either disassembled into modules or reassembled into a 
single PI-container for delivery. Terminals can hence function as both 
origin and destination points, depending on the specific PI-container.
PI-hubs are the nodes where modules are transferred between different 
transportation modes (i.e., from train to truck, from truck to train, 
from one truck to another, or from a train to another). These hubs are 
exclusively dedicated to PI operations and enable routing optimisation 
within the PI logistics framework. PI hubs are assumed to employ rapid 
switching systems between incoming and outgoing vehicles (trains and 
trucks), with fully automated operations and minimal storage capacity.

In Fig.  2, the rail and road links are operated by scheduled and 
capacitated trains and trucks, each with a specified departure time.

Regarding operations, the PI network operates according to the 
solution of a centralised optimisation problem that determines the 
optimal routing for each module, also indicating the specific train or 
truck for transportation.

The following assumptions hold throughout the paper:

• The travel times of each transportation mode on each link are 
fixed and known;

• Holding modules at destination terminals due to arrival time gaps 
between the first and last modules incurs inventory costs. These 
costs are assumed to be proportional to the module size and the 
arrival gaps. For simplicity, the model minimises the gap between 
the arrival times of the first and last modules.

These assumptions are intended to simplify the computational effort 
of robustness analysis, enabling a focus on the key aspect of the Physical 
Internet (PI): the modularity of PI-containers and operations within PI-
hubs. In fact, while it is well known that variability in travel times and 
inventory costs affect the effectiveness of all logistics schemes, these 
specific characteristics are unique to the PI framework.

3.2. PI centralised optimisation model

In this section, the centralised optimisation problem that determines 
the routing and assignment of the modules is presented. It is worth 
noting that the presented model was previously proposed by the au-
thors in [12], with slight differences that will be highlighted below. 
For clarity, it is summarised here. The detailed notation is provided in 
Tables  1, 2, and 3.

In this paper, the mathematical programming model determining 
the optimal assignment and routing of modules is formulated as the 
minimisation of a single KPI 

min 𝐽 , 𝑖 = 1,… , 4 (1)
𝑖
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Fig. 2. Schematic of a generic PI network, illustrating the breakdown and routing of a PI-container using trucks (green), trains, and direct truck connections between origin and 
destination terminals (red).
Table 1
Sets.
 Symbol Meaning  
  Set of PI-containers  
 𝑠 Set of origin terminals of the PI-container 𝑠 ∈   
 𝑠 Set of destination terminals of the PI-container 𝑠 ∈   
  Set of the PI-hubs  
  Set of all nodes, i.e.,  = 𝑠 ∪𝑠 ∪   
  Set of all links (𝑗, 𝑘), ∀𝑗, 𝑘 ∈   
 𝑠 Set of the modules corresponding to the generic PI-container 

𝑠 ∈ 
 

 𝑗 Set gathering all the nodes 𝑘 ∈  such that a link (𝑘, 𝑗) exists 
  𝑗 Set gathering all the nodes 𝑘 ∈  such that the link (𝑗, 𝑘)

exists
 

 𝑗𝑘 Set of trains operating on the link (𝑗, 𝑘) ∈   
 𝑗𝑘 Set of trucks operating on the link (𝑗, 𝑘) ∈   
  𝑗𝑘 Set of direct trucks connecting two generic nodes 𝑗 ∈ 𝑠 and 

𝑘 ∈ 𝑠

 

 𝑗𝑘 Set of all the vehicles operating on the link (𝑗, 𝑘) ∈ , i.e., 
𝑗𝑘 = 𝑗𝑘 ∪ 𝑗𝑘 ∪  𝑗𝑘

 

Table 2
Parameters.
 Symbol Meaning  
 𝑛𝑠 Number of modules in which a PI-container 𝑠 ∈  is divided  
 𝑉𝑖𝑠 Volume of module 𝑖 ∈ 𝑠 in PI-container 𝑠 ∈   
 𝑐𝑗𝑘𝓁 Unitary cost per distance and module for the link (𝑗, 𝑘) and 

transportation mode 𝓁 ∈ 𝑗𝑘
 

 𝛤 𝑗𝑘𝓁 Capacity of a generic vehicle 𝓁 ∈ 𝑗𝑘 operating on the link (𝑗, 𝑘)  
 𝑡𝑗𝑘𝓁 Travel time of the vehicle 𝓁 ∈ 𝑗𝑘 operating on the link (𝑗, 𝑘)  
 𝑡𝑘 Travel time from the terminal 𝑘 ∈  to the destination distribution 

terminal
 

 𝜏𝑝 Average operation time of the PI-hub (unloading, sorting, and 
reloading time for each module) 𝑝 ∈ 

 

 𝑑𝑝𝑗𝑘𝓁 Departure time of the vehicle 𝓁 ∈ 𝑗𝑘 connecting the nodes 𝑗 ∈ 
and 𝑘 ∈ 

 

 𝜃𝑠 Priority associated with PI-container 𝑠 ∈   
 𝑎𝑘𝑖𝑠 Arrival time of module 𝑖 ∈ 𝑠 of PI-container 𝑠 at node 𝑘 ∈ 𝑠  
 𝑑𝑗𝑘𝓁 Length of the link (𝑗, 𝑘) ∈  when the freight is transferred by 

vehicle 𝓁 ∈ 𝑗𝑘
 

4 
where 
𝐽1 =

∑

𝑠∈

∑

𝑖∈𝑆

∑

𝑗∈𝑠

∑

𝑘∈𝑠

∑

𝓁∈ 𝑗𝑘

𝑧𝑗𝑘𝓁𝑖𝑠 (2)

represents the total usage of the direct trucks for the shipping opera-
tions between terminals; 
𝐽2 =

∑

𝑘∈𝑆

∑

𝑠∈
𝜃𝑠 ⋅𝐷𝑇 𝑘

𝑠 (3)

represents the total delivery time for each PI-container;

𝐽3 =
∑

𝑖∈𝑠

∑

𝑠∈

(

∑

𝑗,𝑘∈

(

∑

𝓁∈𝑗𝑘

𝑐𝑗𝑘𝓁 ⋅ 𝑉𝑖𝑠 ⋅ 𝑑
𝑗𝑘𝓁 ⋅ 𝑦𝑗𝑘𝓁𝑖𝑠 +

+
∑

𝓁∈𝑗𝑘
𝑐𝑗𝑘𝓁 ⋅ 𝑉𝑖𝑠 ⋅ 𝑑

𝑗𝑘𝓁 ⋅ 𝑥𝑗𝑘𝓁𝑖𝑠

)

+

+
∑

𝑗∈𝑠

∑

𝑘∈𝑠

∑

𝓁∈ 𝑗𝑘

𝑐𝑗𝑘𝓁 ⋅ 𝑉𝑖𝑠 ⋅ 𝑑
𝑗𝑘𝓁 ⋅ 𝑧𝑗𝑘𝓁𝑖𝑠

)

(4)

represents the total cost of the transportation of the PI-container in the 
network; 
𝐽4 =

∑

𝑠∈
𝜔𝑠 − 𝛼𝑠 (5)

represents the total temporal difference between the delivery times of 
the last arrived module of PI-containers (𝜔𝑠) and the delivery times of 
the first one (𝛼𝑠).

Note that the cost function in Eq. (1) represents a significant dif-
ference compared to [12], where all the KPIs 𝐽𝑖 were considered in a 
weighted sum. The aim of this choice, which will be further clarified in 
the robustness analysis, is to separate the effects of the different param-
eters on each KPI. Furthermore, unlike [12], parametric transportation 
costs (i.e., costs per travelled distance and volume of the PI-container) 
and an additional KPI (𝐽4) are considered here.

As regards the constraints, they are formulated as:
𝐷𝑇 𝑘

𝑠 ≥ 𝜑𝑘
𝑖𝑠, ∀𝑖 ∈ 𝑠, 𝑠 ∈  , 𝑘 ∈ 𝑠 (6)

𝐷𝑇 𝑘
𝑠 ≥ 𝜌𝑘𝑖𝑠, ∀𝑖 ∈ 𝑠, 𝑠 ∈  , 𝑘 ∈ 𝑠 (7)

which define the delivery time of each PI-container at the destination 
terminal as the delivery time of the latest of its modules; 
𝐷𝑇 ≥ 𝐷𝑇 𝑘 + 𝑡𝑘, ∀𝑠 ∈  ,∀𝑘 ∈  (8)
𝑠 𝑠 𝑠
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Table 3
Variables.
 Decision variables
 Symbol Meaning  
 𝑧𝑗𝑘𝓁𝑖𝑠 Binary variable equal to 1 if module 𝑖 of the PI-container 𝑠 is 

assigned to direct truck 𝓁 ∈  𝑗𝑘 from origin terminal 𝑗 ∈ 𝑠 to 
destination terminal 𝑘 ∈ 𝑠, and 0 otherwise, ∀𝑖 ∈ 𝑠 , 𝑠 ∈ 

 

 𝑦𝑗𝑘𝓁𝑖𝑠 Binary variable equal to 1 if module 𝑖 of the PI-container 𝑠 is 
assigned to train 𝓁 ∈ 𝑗𝑘 connecting the nodes 𝑗 ∈  and 𝑘 ∈  , 
and 0 otherwise, ∀𝑖 ∈ 𝑠 , 𝑠 ∈ 

 

 𝑥𝑗𝑘𝓁𝑖𝑠 Binary variable equal to 1 if module 𝑖 of the PI-container 𝑠 is 
assigned to truck 𝓁 ∈ 𝑗𝑘 connecting the nodes 𝑗 ∈  and 𝑘 ∈  , 
and 0 otherwise, ∀𝑖 ∈ 𝑠 , 𝑠 ∈ 

 

 Other variables
 Symbol Meaning  
 𝐷𝑇 𝑠 Delivery time of PI-container 𝑠 ∈   
 𝐷𝑇 𝑘

𝑠 Delivery time of PI-container 𝑠 ∈  to destination terminal 𝑘 ∈ 𝑠  
 𝜌𝑘𝑖𝑠 Delivery time of module 𝑖 ∈ 𝑠 of PI-container 𝑠 ∈  at the node 

𝑘 ∈  ∪𝑠

 

 𝜑𝑘
𝑖𝑠 Delivery time of module 𝑖 ∈ 𝑠 of PI-container 𝑠 ∈  sent entirely 

by truck to destination terminal 𝑘 ∈ 𝑠

 

 𝛼𝑠 Delivery time of the first module of PI-container 𝑠 ∈  delivered to 
the destination terminal

 

 𝜔𝑠 Delivery time of the last module of PI-container 𝑠 ∈  delivered to 
the destination terminal

 

which define the delivery time of each PI-container at the destination 
distribution centre as the maximum delivery time at the destination 
terminal, where the modules are reassembled, plus the travel time 
required to reach the destination distribution centre;

𝑎𝑗𝑖𝑠 ≤ 𝑑𝑝𝑗𝑘𝓁𝑥𝑗𝑘𝓁𝑖𝑠 +𝑀
(

1 − 𝑥𝑗𝑘𝓁𝑖𝑠

)

, ∀𝓁 ∈ 𝑗𝑘, 𝑗 ∈ 𝑠, 𝑘 ∈  , 𝑖 ∈ 𝑠, 𝑠 ∈ 

(9)

𝑎𝑗𝑖𝑠 ≤ 𝑑𝑝𝑗𝑘𝓁𝑦𝑗𝑘𝓁𝑖𝑠 +𝑀
(

1 − 𝑦𝑗𝑘𝓁𝑖𝑠

)

, ∀𝓁 ∈ 𝑗𝑘, 𝑗 ∈ 𝑠, 𝑘 ∈  , 𝑖 ∈ 𝑠, 𝑠 ∈ 

(10)

𝑎𝑗𝑖𝑠 ≤ 𝑑𝑝𝑗𝑘𝓁𝑧𝑗𝑘𝓁𝑖𝑠 +𝑀
(

1 − 𝑧𝑗𝑘𝓁𝑖𝑠

)

, ∀𝓁 ∈  𝑗𝑘, 𝑗 ∈ 𝑠, 𝑘 ∈ 𝑠, 𝑖 ∈ 𝑠, 𝑠 ∈ 

(11)

which state that the departure time of each module from an origin 
terminal must be greater than or equal to its arrival time at that 
terminal;

𝜌𝑘𝑖𝑠 ≥ 𝑑𝑝𝑗𝑘𝓁 + 𝑡𝑗𝑘𝓁 −𝑀
(

1 − 𝑥𝑗𝑘𝓁𝑖𝑠

)

, ∀𝓁 ∈ 𝑗𝑘, 𝑘 ∈  ∪𝑠, 𝑗 ∈ 𝑘,

𝑖 ∈ 𝑠, 𝑠 ∈  (12)

𝜌𝑘𝑖𝑠 ≥ 𝑑𝑝𝑗𝑘𝓁 + 𝑡𝑗𝑘𝓁 −𝑀
(

1 − 𝑦𝑗𝑘𝓁𝑖𝑠

)

, ∀𝓁 ∈ 𝑗𝑘, 𝑘 ∈  ∪𝑠, 𝑗 ∈ 𝑘,

𝑖 ∈ 𝑠, 𝑠 ∈  (13)

which define the arrival time at the nodes for each module trans-
ferred from the origin terminals to the PI-hubs by trucks and trains, 
respectively;

𝜌𝑗𝑖𝑠 ≤ 𝑑𝑝𝑗𝑘𝓁𝑥𝑗𝑘𝓁𝑖𝑠 + 𝜏𝑝 +𝑀
(

1 − 𝑥𝑗𝑘𝓁𝑖𝑠

)

, ∀𝓁 ∈ 𝑗𝑘, 𝑗 ∈  , 𝑘 ∈ 𝑘,

𝑖 ∈ 𝑠, 𝑠 ∈  (14)

𝜌𝑗𝑖𝑠 ≤ 𝑑𝑝𝑗𝑘𝓁𝑦𝑗𝑘𝓁𝑖𝑠 + 𝜏𝑝 +𝑀
(

1 − 𝑦𝑗𝑘𝓁𝑖𝑠

)

, ∀𝓁 ∈ 𝑗𝑘, 𝑗 ∈  , 𝑘 ∈ 𝑘,

𝑖 ∈ 𝑠, 𝑠 ∈  (15)

stating that modules cannot depart from PI-hubs towards the destina-
tion terminals by trucks or trains before arriving;

𝜑𝑘
𝑖𝑠 ≥ 𝑑𝑝𝑗𝑘𝓁 + 𝑡𝑗𝑘𝓁 −𝑀

(

1 − 𝑧𝑗𝑘𝓁𝑖𝑠

)

, ∀𝓁 ∈  𝑗𝑘, 𝑗 ∈ 𝑠, 𝑘 ∈ 𝑠,

𝑖 ∈ 𝑠, 𝑠 ∈  (16)
5 
which define the delivery time of each module at the destination 
terminal transferred by means of direct trucks;
∑

𝑠∈

∑

𝑖∈𝑆

𝑉𝑖𝑠𝑥
𝑗𝑘𝓁
𝑖𝑠 ≤ 𝛤 𝑗𝑘𝓁 , ∀𝓁 ∈ 𝑗𝑘,∀𝑗, 𝑘 ∈  , 𝑖 ∈ 𝑠, 𝑠 ∈  (17)

∑

𝑠∈

∑

𝑖∈𝑠

𝑉𝑖𝑠𝑦
𝑗𝑘𝓁
𝑖𝑠 ≤ 𝛤 𝑗𝑘𝓁 , ∀𝓁 ∈ 𝑗𝑘,∀𝑗, 𝑘 ∈  , 𝑖 ∈ 𝑠, 𝑠 ∈  (18)

∑

𝑠∈

∑

𝑖∈𝑠

𝑉𝑖𝑠𝑧
𝑗𝑘𝓁
𝑖𝑠 ≤ 𝛤 𝑗𝑘𝓁 , ∀𝓁 ∈  𝑗𝑘, 𝑗 ∈ 𝑠, 𝑘 ∈ 𝑠, 𝑖 ∈ 𝑠, 𝑠 ∈  (19)

which guarantee that the modules assigned to each transportation mode 
do not exceed their capacity;
∑

𝑜∈𝑠

∑

𝑘∈𝑜

(

∑

𝓁∈𝑜𝑘
𝑥𝑜𝑘𝓁𝑖𝑠 +

∑

𝓁∈𝑜𝑘

𝑦𝑜𝑘𝓁𝑖𝑠 +
∑

𝓁∈ 𝑜𝑘

𝑧𝑜𝑘𝓁𝑖𝑠

)

= 1,

∀𝑖 ∈ 𝑠,∀𝑠 ∈  (20)

∑

𝑑∈𝑠

∑

𝑘∈𝑑

(

∑

𝓁∈𝑘𝑑
𝑥𝑘𝑑𝓁𝑖𝑠 +

∑

𝓁∈𝑘𝑑

𝑦𝑘𝑑𝓁𝑖𝑠 +
∑

𝓁∈ 𝑘𝑑

𝑧𝑘𝑑𝓁𝑖𝑠

)

= 1,

∀𝑖 ∈ 𝑠,∀𝑠 ∈  (21)

which guarantee that each PI-container starts (resp., ends) its trip from 
an origin (resp., at a destination) terminal by means of a train, a truck 
directed to a PI-hub, or a direct truck directed to a destination terminal. 
For each module, the variable 𝑥𝑜𝑘𝓁𝑖𝑠 , 𝑦𝑜𝑘𝓁𝑖𝑠 , or 𝑧𝑜𝑘𝓁𝑖𝑠  set to 1 in the optimal 
solution indicates, for the module 𝑖 of the PI-container 𝑠, the assigned 
origin terminal 𝑜. Analogously, the variable 𝑥𝑘𝑑𝓁𝑖𝑠 , 𝑦𝑘𝑑𝓁𝑖𝑠 , or 𝑧𝑘𝑑𝓁𝑖𝑠  set to 1 
in the optimal solution indicates the assigned destination terminal 𝑑;
∑

𝑗∈𝑠

(

∑

𝓁∈𝑗𝑝
𝑥𝑗𝑝𝓁𝑖𝑠 +

∑

𝓁∈𝑗𝑝
𝑦𝑗𝑝𝓁𝑖𝑠

)

=
∑

𝑘∈𝑠

(

∑

𝓁∈𝑝𝑘
𝑥𝑝𝑘𝓁𝑖𝑠 +

∑

𝓁∈𝑝𝑘

𝑦𝑝𝑘𝓁𝑖𝑠

)

,

∀𝑖 ∈ 𝑠,∀𝑠 ∈  , 𝑝 ∈  (22)

which guarantees that any PI-container passes through only one PI-hub, 
unless it is delivered by direct truck;

𝛼𝑠 ≤
∑

𝑗,𝑘∈

(

∑

𝓁∈𝑗𝑘

(

𝑑𝑗𝑘𝓁 + 𝑡𝑗𝑘𝓁
)

⋅ 𝑦𝑗𝑘𝓁𝑖𝑠 +
∑

𝓁∈𝑗𝑘

(

𝑑𝑗𝑘𝓁 + 𝑡𝑗𝑘𝓁
)

⋅ 𝑥𝑗𝑘𝓁𝑖𝑠

)

+

+
∑

𝑗∈𝑠

(

∑

𝑘∈𝑠

∑

𝓁∈ 𝑗𝑘

𝑡𝑗𝑘𝓁 ⋅ 𝑧𝑗𝑘𝓁𝑖𝑠 +
∑

𝑘∈

∑

𝓁∈𝑗𝑘∪𝑗𝑘
𝜏𝑝 ⋅ (𝑦

𝑗𝑘𝓁
𝑖𝑠 + 𝑥𝑗𝑘𝓁𝑖𝑠 )

)

,

∀𝑖 ∈ 𝑠,∀𝑠 ∈  (23)

𝜔𝑠 ≥
∑

𝑗,𝑘∈

(

∑

𝓁∈𝑗𝑘

(

𝑑𝑗𝑘𝓁 + 𝑡𝑗𝑘𝓁
)

⋅ 𝑦𝑗𝑘𝓁𝑖𝑠 +
∑

𝓁∈𝑗𝑘

(

𝑑𝑗𝑘𝓁 + 𝑡𝑗𝑘𝓁
)

⋅ 𝑥𝑗𝑘𝓁𝑖𝑠

)

+

+
∑

𝑗∈𝑠

(

∑

𝑘∈𝑠

∑

𝓁∈ 𝑗𝑘

𝑡𝑗𝑘𝓁 ⋅ 𝑧𝑗𝑘𝓁𝑖𝑠 +
∑

𝑘∈

∑

𝓁∈𝑗𝑘∪𝑗𝑘
𝜏𝑝 ⋅ (𝑦

𝑗𝑘𝓁
𝑖𝑠 + 𝑥𝑗𝑘𝓁𝑖𝑠 )

)

,

∀𝑖 ∈ 𝑠,∀𝑠 ∈  (24)

which define, respectively, the delivery time of the first and last module 
of a PI-container.

Constraints in Eqs. (23) and (24), which were not considered 
in [12], have been introduced here to determine the arrival time at the 
destination distribution centre of the first module and the last module, 
respectively, thus enabling the calculation of the delivery gap in Eq. (5).

4. Robustness analysis

In the model described in Section 3.2, the values of the operational 
times at the PI-hubs (𝜏𝑝) and the number of modules (𝑛𝑠) in which a 
PI-container is divided are assumed to be known in advance. However, 
such a condition does not always hold in real cases, where these values 
may be affected by uncertainty. Therefore, it is important to assess the 
variability introduced by the uncertainty of the parameters within the 
PI logistics framework considered.
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To this end, a robustness analysis is performed, with the goal of 
understanding how the considered PI framework (and the related opti-
misation model) reacts to a variation of the PI related input parameters; 
in doing so, the parameters having the highest influence on the solution 
found are also identified. With respect to these parameters, the PI 
framework is less robust than with respect to parameters that have 
lower influence on the solution.

To achieve that, in this work a variance-based GSA has been con-
ducted; its main theoretical concepts are summarised in the following 
section. For further details on this topic, the reader can refer to [44].

4.1. Variance-based global sensitivity analysis

Variance-based GSA aims at decomposing the variance of a consid-
ered model output into fractions that can be attributed to the uncertain 
input parameters that may vary.

From a formal point of view, the input–output dependence can 
be expressed as a scalar function 𝑓 ∶ R𝑛 → R that produces a 
scalar random output 𝑌  given a vector of 𝑛 random inputs 𝑋 =
{

𝑋1, 𝑋2,… , 𝑋𝑛
}

.
Then, let 𝑉𝑌  be the total variance of the output 𝑌  when all the 

random inputs 𝑋 are allowed to vary, and let 𝑉∼𝑋𝑖
(𝑌 |𝑋𝑖) be the 

variance when all the random inputs in 𝑋 except for 𝑋𝑖, are allowed to 
vary. With these definitions, E𝑋𝑖

(𝑉∼𝑋𝑖
(𝑌 |𝑋𝑖)) represents the expectation 

of the residual variance 𝑉∼𝑋𝑖
(𝑌 |𝑋𝑖) ‘‘weighted’’ by the distribution of 𝑋𝑖

and can be considered a measure of the influence of the variable 𝑋𝑖 on 
𝑌 . Specifically, if E𝑋𝑖

(𝑉∼𝑋𝑖
(𝑌 |𝑋𝑖)) is small, meaning that the variance of 

𝑌  is small when 𝑋𝑖 is fixed, then the variability of 𝑋𝑖 has a significant 
influence on 𝑉𝑌 . In fact, since 
𝑉𝑌 = E𝑋𝑖

(𝑉∼𝑋𝑖
(𝑌 |𝑋𝑖)) + 𝑉∼𝑋𝑖

(E𝑋𝑖
(𝑌 |𝑋𝑖)), (25)

if 𝑋𝑖 is greatly influential, then 𝑉∼𝑋𝑖
(E𝑋𝑖

(𝑌 |𝑋𝑖)) tends to coincide with 
the total variance 𝑉𝑌 . Thus, it is possible to define the sensitivity index 

𝑆𝑖 =
𝑉∼𝑋𝑖

(E𝑋𝑖
(𝑌 |𝑋𝑖))

𝑉𝑌
, (26)

which is known in the literature as the Sobol first-order index, main 
effect, or importance measure. This index represents the expected reduc-
tion in the variance of the output that could be obtained if an individual 
factor 𝑋𝑖 were fixed. 𝑆𝑖 is scaled in the range [0, 1] and approaches 1 
as 𝑋𝑖 becomes more influential on 𝑌 .

Note that, given its definition, 𝑆𝑖 describes only the individual effect 
of a single input on the output variance. However, it may happen that a 
given input is relevant to the output (e.g., it determines extreme output 
values) only when it is combined with a specific value of another input. 
These combined effects, called interactions, describe the synergistic 
effects that could be associated with particular combinations of two or 
more model inputs. Interactions become relevant if all the first-order 
indices are very small and thus are not able to explain the majority of 
the output variance. Such interactions can be evaluated by calculating 
the so-called total-effect terms, which, however, are more complex and 
computationally hard to determine.

It is important to note that different values of the indices must be 
calculated separately for each different output. In addition, the values 
of the first-order index are typically estimated numerically by gener-
ating an appropriate number of input parameter samples using Monte 
Carlo methods and approximated formulas. However, these methods 
require evaluating the function 𝑓 (i.e., running the optimisation model) 
multiple times, which becomes a limitation when the model takes a 
significant amount of time for a single run. Additionally, if more than 
one KPI is considered as output, the number of required executions in-
creases proportionally to the number of outputs considered. To address 
this issue, in this paper the values of the first-order index are estimated 
using a more advanced method that applies the same basic GSA idea 
by combining Random Balance Design with the Fourier Amplitude 
6 
Sensitivity Test, as described in [45]. Moreover, this method has been 
adapted to compute the values of the sensitivity indices without having 
to run the model a proportional number of times. Consequently, the 
number of required model runs is always equal to 𝑁 , where 𝑁 is 
the number of samples of the inputs generated, independently of the 
number of outputs considered in the analysis.

5. Case study and results

The robustness analysis is applied to a case study, described in 
Section 5.1, which includes both realistic and assumed data. The results 
of the optimisation model for the deterministic case, i.e., without vari-
ability in inputs and parameters, are presented in Section 5.2. Finally, 
Section 5.3 discusses the results of the robustness analysis.

5.1. Case study description

The considered case study consists of a PI logistic network with 
|| = 5 origin terminals, || = 13 PI-hubs, and || = 2 destination 
terminals, along with one origin and one destination distribution cen-
tre, as depicted in Fig.  3. The origin and destination distribution centres 
are located in Nantes and Moscow, respectively. The origin terminals, 
depicted in green, are situated in Rotterdam, Paris, Lyon, Brussels, and 
Bern. The PI-hubs are located in Hamburg, Mannheim, Berlin, Munich, 
Stuttgart, Milan, Turin, Genoa, Naples, Prague, Zurich, Vienna, and 
Warsaw. Additionally, there are two destination terminals in Budapest 
and Kyiv.

Regarding the freights to be delivered, || = 20 PI-containers 
are considered, each consisting of a fixed number of modules in the 
range [1, 10]. Then, concerning the transportation modes available in 
the considered network, the PI-containers can be transferred from the 
origin terminals to the destination terminals either by direct trucks or 
via the PI-hubs using a combination of trains and trucks. In this context, 
|𝑗𝑘

| = 3 trains and |𝑗𝑘
| = 15 trucks are considered for each link 

(𝑗, 𝑘) ∈ , and | 𝑗𝑘
| = 20 direct trucks are available to transport 

modules from the origin terminals to the destination terminals. The 
network extension (i.e., number of nodes) and fleet size were chosen 
as a compromise between case study representativeness and computa-
tional efficiency, to allow the computation of the sensitivity indexes in 
reasonable times and with the optimal solution values.

Finally, the departure times and the available capacities for all 
transportation modes are reported in Tables  4, 5, and 6.

The price for shipping one container by truck or train in Eu-
rope varies depending on several factors, including country, fuel costs, 
container size, etc. Based on scholarly references, like [46], the trans-
portation cost of one 20ft PI-container is estimated at 1.2 e/km for 
trucks and 0.62 e/km for trains. Additionally, the cost is estimated 
at 3.78 e/km for direct trucks. Similarly, travel times were estimated 
using Google Maps, with the ‘‘transit mode’’ applied for trains and the 
‘‘driving mode’’ for trucks and direct trucks. These estimates account for 
the specific network configuration and typical travel conditions across 
Europe.

Finally, the operation times required at the PI-hubs for transferring 
modules from the incoming vehicles to the outgoing ones are provided 
in Table  7.

5.2. Optimal results in deterministic case

In order to test the optimisation model and provide evidence of its 
effectiveness, the problem in Eqs. (1)–(24) was first solved under the 
assumption that all the parameters introduced in the previous section 
were constant and known. The problem was solved using CPLEX′  on 
a workstation equipped with an IntelTM Core i7-CPU (3.30 GHz) and 
16.00 GB of RAM, providing the solution in approximately 4 min.

For the sake of brevity, the main characteristics of the obtained 
solution are reported in Table  8 for the case of 𝐽  minimisation, which 
2
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Fig. 3. Location of the terminals and PI-hubs in Europe: distribution centres (black), origin terminals (green), PI-hubs (blue), and destination terminals (red). Map source: 
OpenStreetMap.
Table 4
Data regarding trains that commute daily between terminals and PI-hubs.
 Train Train in link (𝑗, 𝑘), 𝑗 ∈ 𝑠 , 𝑘 ∈  Train in link (𝑗, 𝑘), 𝑗 ∈  , 𝑘 ∈ 𝑠

 1 2 3 1 2 3  
 Departure time (𝑑𝑝𝑗𝑘𝓁 ) 9:00 13:00 20:00 9:00 13:00 20:00  
 Capacity (𝛤 𝑗𝑘𝓁 ) in 𝑚3 21 18 26 25 21 27  
Table 5
Data regarding trucks that commute daily between terminals and PI-hubs.
 Truck 𝓁 ∈ 𝑗𝑘 in link  
 (𝑗, 𝑘), 𝑗 ∈ 𝑠 , 𝑘 ∈  1 2 3 4 5 6 7 8 9 10 11 12 13 14 15  
 Capacity (𝛤 𝑗𝑘𝓁 ) in 𝑚3 8 9 6 8 7 8 11 10 12 10 9 10 6 15 11  
 Departure time (𝑑𝑝𝑗𝑘𝓁 ) 6:30 7:30 8:30 9:30 11:30 12:30 13:30 14:30 16:00 17:30 18:30 19:30 20:30 21:30 23:30 
 Truck 𝓁 ∈ 𝑗𝑘 in link  
 (𝑗, 𝑘), 𝑗 ∈  , 𝑘 ∈ 𝑠 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15  
 Capacity (𝛤 𝑗𝑘𝓁 ) in 𝑚3 8 7 5 9 6 8 8 7 9 7 8 10 11 12 10  
 Departure time (𝑑𝑝𝑗𝑘𝓁 ) 6:30 7:30 8:30 9:30 11:30 12:30 13:30 14:30 16:00 17:30 18:30 19:30 20:30 21:30 23:30 
Table 6
Capacity of the direct trucks in each link (between terminals) that can commute daily (𝛤 𝑗𝑘𝓁 ).
 Direct truck 𝓁 ∈  𝑗𝑘 1 2 3 4 5 6 7 8 9 10 
 Capacity (𝛤 𝑗𝑘𝓁 ) of direct truck in link (𝑗, 𝑘), 𝑗 ∈ 𝑠 , 𝑘 ∈ 𝑠 10 9 6 12 7 8 6 8 4 5  
 Direct truck 𝓁 ∈  𝑗𝑘 11 12 13 14 15 16 17 18 19 20 
 Capacity (𝛤 𝑗𝑘𝓁 ) of direct truck in link (𝑗, 𝑘), 𝑗 ∈ 𝑠 , 𝑘 ∈ 𝑠 10 9 6 12 7 8 6 2 4 5  
Table 7
Average operation time (𝜏𝑝) of each PI-hub for transferring the modules from the incoming section to the outgoing one.
 PI-hub 𝑝 ∈  Hamburg Mannheim Milan Berlin Prague Munich Zürich 
 Average operation time (𝜏𝑝) (hr) 2 1 1 2 2 1 2  
 PI-hub 𝑝 ∈  Stuttgart Turin Genoa Naples Vienna Warsaw  
 Average operation time (𝜏𝑝) (hr) 2 3 1 1 2 1  
7 
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Table 8
PI-containers and modules transferred through PI-hubs and via direct trucks.
 PI-container 𝑠 𝑠 = 1 𝑠 = 2 𝑠 = 3 𝑠 = 4 𝑠 = 5 𝑠 = 6 𝑠 = 7 𝑠 = 8 𝑠 = 9 𝑠 = 10  
 Number of modules 𝑛𝑠 𝑛1 = 3 𝑛2 = 5 𝑛3 = 2 𝑛4 = 6 𝑛5 = 7 𝑛6 = 8 𝑛7 = 8 𝑛8 = 9 𝑛9 = 10 𝑛10 = 5  
 Routed via PI-hub  
 Train/Train 1, 2, 3 – 1, 2 4 2, 3 4, 6 1, 3, 5 2 1, 2, 8 2  
 Train/Truck – 1, 4 – 2, 5 1, 7 5 – – – 3  
 Truck/Train – 2 – 3 6 8 7 1, 8 3, 5, 7 4, 5  
 Truck/Truck – – – – 4 2 – – – 1  
 Routed via Direct trucks – 3, 5 – 1, 6 5 1, 3, 7 2, 4, 6, 8 3, 4, 5, 6, 7, 9 4, 6, 9, 10 –  
 PI-container 𝑠 𝑠 = 11 𝑠 = 12 𝑠 = 13 𝑠 = 14 𝑠 = 15 𝑠 = 16 𝑠 = 17 𝑠 = 18 𝑠 = 19 𝑠 = 20  
 Number of modules 𝑛𝑠 𝑛11 = 6 𝑛12 = 4 𝑛13 = 3 𝑛14 = 7 𝑛15 = 5 𝑛16 = 4 𝑛17 = 6 𝑛18 = 9 𝑛19 = 10 𝑛20 = 8  
 Routed via PI-hub  
 Trains/Trains 2, 4 1, 2, 4 1, 2, 3 5 5 1 5, 6 1, 9 2, 3, 4, 5, 6, 8 –  
 Trains/Trucks – 3 – 7 1, 4 2, 3 – – 10 2  
 Trucks/Trains 1, 3, 6 – – 6 3 – – 5 – 1, 5, 7  
 Trucks/Trucks – – – 1 – – 4 – 7 –  
 Routed via Direct trucks 5 – – 2, 3, 4 2 4 1, 2, 3 2, 3, 4, 6, 7, 8 1, 9 3, 4, 6, 8 
Fig. 4. Modal split of modules leaving the origin terminal. Legend: ■ Direct trucks; ■ Trucks; ■ Trains.
is the most common objective in logistics optimisation [7,47]. This 
table shows the modules of each PI-container transported from the 
origin terminals to the destination terminals using either direct trucks 
or various combinations of vehicles (trains/trucks) through PI-hubs.

To assess the individual effect of each objective on the solutions 
obtained, the optimisation problem was solved by considering one of 
the four objectives at a time. The resulting ratio of transportation modes 
(modal split) varies with the different objectives, as expected, thus 
validating the effectiveness of the problem formulation considered.

The modal split, depicted in Figs.  4, 5, and 6, was derived from 
the optimisation problem described in Section 3.2. The optimisation 
model was solved by separately minimising each objective, resulting 
in a different allocation of modules across the available transportation 
modes. These objective-specific allocations explain the variations in the 
modal split across different scenarios. In more detail, Fig.  4 shows the 
modal split of the PI-containers when they leave the origin terminal. In 
such graphs, it can be observed that the direct truck usage is effectively 
minimised, as expected, when it is the main optimisation goal (𝐽1) and 
when the transportation costs are minimised (𝐽3). Therefore, these two 
optimisation goals result in similar modal splits. In contrast, minimising 
the delivery time (𝐽2) or the delivery gap (𝐽4) leads to an increase in 
the use of direct trucks, as they are faster than the passage through the 
PI-hubs.

Figs.  5 and 6 show, respectively, the modal split of modules arriving 
at the PI-hubs and leaving them. In particular, trains are always the 
most utilised mode, with 31%–39% of modules arriving by train and 
33%–42% departing by the same mode. However, similarly to the 
previous case, truck usage decreases when transportation costs are min-
imised (𝐽3) and increases when the delivery time (𝐽2) or the delivery 
gap (𝐽4) is minimised.

5.3. Robustness analysis results

This section presents and discusses the results of the robustness 
analysis conducted on the network shown in Fig.  2, whose optimised 
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dynamics are dictated by the mathematical programming model in 
Eqs. (1)–(24). In particular, the global variability of the system per-
formance, when all input parameters vary, is first investigated (Sec-
tion 5.3.1). Secondly, the results of the GSA, which analyses the indi-
vidual sensitivity of each input parameter, are presented (Section 5.3.2).

In this analysis, the uncertain input parameters are the processing 
times 𝜏𝑝 at each of the PI-hubs and the number of modules in each 
PI-container 𝑛𝑠. Specifically, this analysis evaluates how robust the PI 
logistics framework is with respect to the division of PI-containers into 
modules and their processing times at the PI-hubs.

The input parameters are assumed to be stochastic, independent 
variables with the following uniform distributions, which were chosen 
to represent a situation of complete uncertainty. Specifically:

• 𝜏𝑝 ∼ [1,3], ∀𝑝 ∈  , i.e., the processing time for each module 
at the PI-hubs is modelled as a random variable with a uniform 
distribution in the range [1, 3] hours;

• 𝑛𝑠 ∼ [1,10], ∀𝑠 ∈ , i.e., the number of modules per PI-container 
is modelled as a random variable with a uniform distribution in 
the range [1, 10].

Regarding the output variables for the GSA, four KPIs are consid-
ered, each corresponding to one of the objective functions to min-
imise (i.e., 𝐾𝑃𝐼𝑖 ∶= 𝐽𝑖, 𝑖 = 1,… , 4). Each KPI represents a different 
performance measure of the PI logistics framework considered.

Additionally, four different configurations of the problem are con-
sidered, as follows:

• C1: In the first configuration, the use of direct trucks (𝐽1) is 
minimised;

• C2: In the second configuration, the total delivery time (𝐽2) is 
minimised;

• C3: In the third configuration, the total transportation costs (𝐽3) 
are minimised;

• C4: In the fourth configuration, the total delivery gap (𝐽4) is 
minimised.
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Fig. 5. Modal split of modules arriving at the PI-hubs. Legend: ■ Trucks; ■ Trains.
Fig. 6. Modal split of modules leaving the PI-hubs. Legend: ■  Trucks; ■ Trains.
The goal of these four configurations is to assess the impact of 
the selected objective function on the robustness of the PI logistics 
framework. It is important to emphasise that, while each configuration 
optimises only a single KPI, all KPIs are evaluated. For instance, config-
uration C1 represents the scenario in which the effect of uncertainties 
is analysed for all KPIs when the PI framework operates with the sole 
objective of minimising the number of direct trucks.

5.3.1. Analysis of the KPIs variability
As discussed in Section 4, the GSA aims to evaluate the fraction of 

variance associated with the variation of an input parameter. In other 
words, it provides a ranking of the most influential input parameters 
but does not provide information about the magnitude of the variance. 
For example, an input parameter may be among the most influential, 
but if the total variance is small, the system is still sufficiently robust, 
as the performance would not change significantly. Additionally, the 
magnitude of the output variance should also be related to the output 
mean values, as high variance on low mean values indicates greater 
variability compared to high variance on very high mean values. There-
fore, to fully evaluate the robustness of the PI logistics framework, 
a preliminary analysis is performed to assess the ratio between the 
standard deviation and the mean (hereafter indicated as the relative 
standard deviation) of the above-mentioned KPIs. This measure is 
chosen as representative of the output variability. In this context, 
Fig.  7 shows the results for each KPI and configuration. The values 
shown have been calculated from the results obtained from several 
executions of the model (each performed with a different sample of 
PI input parameters, generated according to the uniform distributions 
previously introduced); in particular, 1000 executions were found to be 
sufficient for achieving convergence of the KPI variability.

Regarding the results, 𝐾𝑃𝐼1 (direct trucks usage) exhibits very high 
variability when minimised (configuration C1), and relatively high 
variability when any of the other objectives are minimised. This result 
suggests that variations in input parameters can significantly impact 
the usage of direct trucks.

As for 𝐾𝑃𝐼2, i.e., the total delivery time of the PI-containers, its 
variability is significantly lower than that of the other KPIs, especially 
in configurations C2 and C3. This indicates that the delivery time 
exhibits higher variability when the direct truck usage or the delivery 
gap is minimised.

The total transportation costs, addressed by 𝐾𝑃𝐼3, are characterised 
by high variability across all configurations.
9 
Lastly, 𝐾𝑃𝐼4 exhibits very high variability in configuration C4, 
when the total delivery gap is minimised, and high variability in 
configuration C1, when direct truck usage is minimised.

Therefore, by examining the effects of the different minimisation 
goals (i.e., the different configurations) on the KPIs, it can be observed 
that minimising direct truck usage (C1) leads to high variability in the 
model outputs for delivery time, total cost, and the delivery gap (blue 
bars in Fig.  7). In contrast, minimising the delivery time (orange bars) 
or the transportation costs (yellow bars) leads to lower variability in 
the model output, especially in delivery time.

In conclusion, the analysis of KPI variability shows that the consid-
ered optimised PI logistics framework is quite robust for the delivery 
time (𝐾𝑃𝐼2) across all the optimisation goals (i.e., in each configura-
tion), and for the delivery gap (𝐾𝑃𝐼4) when either the delivery time or 
transportation costs are minimised.

The above general analysis shows the variability of the model 
outputs when all the selected model inputs vary. To isolate the effect 
of individual inputs, the output variability was further investigated by 
analysing the results obtained when either the number of modules per 
PI-container, 𝑛𝑠, or the processing time, 𝜏𝑝, of a single PI-hub 𝑝 was 
allowed to vary at a time. This additional analysis was performed only 
for configuration C2, as the total delivery time was found to have the 
lowest output variability in the previous analysis. The relevant results 
are reported in Fig.  8, where the ratios between the standard deviation 
and the average values of the four KPIs are depicted. In this figure, it 
can be observed that all KPIs, except 𝐾𝑃𝐼2, exhibit higher variability 
when 𝑛𝑠 varies and 𝜏𝑝 is fixed, compared to the opposite case. This 
highlights the importance of the number of PI-container modules with 
respect to the processing times in the PI logistics framework optimised 
as per the model in Eqs. (1)–(24). Regarding 𝐾𝑃𝐼2, it is worth noting 
that its output variability is lower because it is the minimisation goal.

5.3.2. GSA results
The last analysis performed on the considered PI network consists 

of the application of the GSA tool, briefly introduced in Section 4.1. 
Based on the results discussed in Section 5.3.1, the objective of this 
analysis is to identify the input parameters that contribute most to the 
observed variability and to estimate the relevant sensitivity indexes. 
To this end, the function 𝑓 , mentioned in Section 4.1, is provided by 
the optimisation model defined in Eqs. (1)–(24), which governs the 
considered PI logistics framework. Regarding inputs and outputs, the 
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Fig. 7. Ratio between the standard deviation and the mean (calculated over 1000 samples) of the KPI values for the four considered configurations. Legend: ■ C1 (min 𝐽1); ■ C2 
(min 𝐽2); ■ C3 (min 𝐽3); ■ C4 (min 𝐽4).
Fig. 8. Ratio between the standard deviation and the mean (computed over 1000 
samples, for configuration C2) by varying only the number of modules 𝑛𝑠 (■) or the 
processing time 𝜏𝑝 at one PI-hub (■).

vector 𝑋 gathers the operational times 𝜏𝑝 at the PI-hubs and the number 
of modules 𝑛𝑠 in each PI-container, while 𝑌  consists of one of the KPIs 
𝐽𝑖, 𝑖 = 1,… , 4, at a time.

The first step of this analysis consisted of the identification of the 
number of samples needed to compute the sensitivity indexes, which 
depends on the number of selected inputs, their probability distribu-
tion, and the model. In this regard, consider the graph in Fig.  9, where 
the sensitivity index values are plotted as a function of the number of 
samples. All indexes converged after 300–400 samples, so 1000 samples 
were considered sufficient to estimate the sensitivity index values for 
all the input parameters.

Next, regarding the resulting sensitivity index values, consider the 
radar graph in Fig.  10, where the rows correspond to the configurations 
and the columns correspond to the KPIs.

In particular, attention is given to the cases where the PI system 
performance exhibited more variability in the analysis performed in 
the previous section, namely, for 𝐾𝑃𝐼1 (first column), 𝐾𝑃𝐼3 (third 
column), and 𝐾𝑃𝐼4 (fourth column), with the latter only in configu-
rations C1 and C4. In these cases, the sensitivity of the number 𝑛𝑠 of 
modules per PI-container is significantly higher compared to the other 
parameters. This indicates that 𝑛𝑠 plays a key role in determining the 
performance of the PI system, or, in other words, that the system is 
less robust with respect to variations of this parameter. Specifically, 
𝑛𝑠 accounts for nearly all the variability in direct truck usage and 
transportation costs when the delivery time is minimised (Fig.  10e–g). 
Therefore, this analysis suggests that 𝑛𝑠 should be considered a variable 
to be optimised within the model.

Conversely, the sensitivity values are significantly low for the oper-
ational times at the PI-hubs, indicating that the considered optimised 
PI scheme is robust with respect to individual variations of these pa-
rameters, regardless of the objective being minimised. However, there 
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are some cases (e.g., 𝐾𝑃𝐼4 for C1) where the sum of all the indexes is 
significantly lower than 1. This means that, in such cases, the perfor-
mance variability is driven by second- or higher-order effects, i.e., by 
interactions between the PI parameters, which cannot be captured by 
the computed first-order sensitivity indexes.

From a practical point of view, this implies that a single PI-hub 
can be characterised by high variability in processing time without 
significantly impacting the overall PI network performance. In other 
words, if the processing time of a single PI-hub is affected by high 
uncertainty (e.g., due to regional or national conditions), assuming its 
average processing time in the network’s optimal programming would 
not significantly affect overall logistics operations. On the other hand, 
if, for example, all the PI-hubs in the network were affected by high 
uncertainties, fixing all their processing times to average values would 
not be recommended. In this case, it cannot be concluded that the 
PI system is sufficiently robust with respect to their interactions. This 
result suggests that, even with a centralised optimisation approach, a 
rolling horizon approach to module delivery should be considered. For 
example, split and routing decisions could be periodically revised to 
incorporate the most up-to-date information on the problem inputs.

5.3.3. Summary of results and practical implications
To summarise, the results present several strengths: the first is the 

determination of the PI logistics framework’s robustness with reference 
to the total delivery time (𝐾𝑃𝐼2). This outcome, derived from the KPIs 
variability analysis discussed in Section 5.3.1, shows that, regardless of 
the objective being minimised, the total delivery time in the system is 
not significantly affected. This is an interesting result since low delivery 
times are among the most common goals in logistics.

The second strength is the clear determination of the high relevance 
of the number of modules 𝑛𝑠 into which PI-containers are divided. This 
is derived from the high sensitivity associated with this parameter, 
especially in determining direct truck usage (𝐾𝑃𝐼1) and transportation 
costs (𝐾𝑃𝐼3). From a practical perspective, this suggests that optimising 
𝑛𝑠 within the model (instead of treating it as a given parameter) could 
further reduce KPI values.

The third strength lies in the determination of the systems’ robust-
ness with respect to processing times at single PI-hubs, derived from 
the low sensitivity associated with these parameters. From a practical 
perspective, this result guarantees that the performance of the system 
would not be compromised if a PI-hub experienced processing times 
higher than those considered when solving the optimisation model 
(e.g., due to a peak in demand or a failure). In other words, if the PI-
hubs are sufficiently reliable in terms of processing times, their average 
values can be considered in the optimisation problem without signif-
icantly affecting the system’s performance if one of them encounters 
non-forecasted higher values.

On the other hand, the weakness of the results lies in the inability to 
conclude that the PI framework is robust with respect to the interaction 
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Fig. 9. Sensitivity of the 14 inputs for the 4 KPIs in configuration C2 as a function of the number of samples. Legend: ■ 𝜏1; ■ 𝜏2; ■ 𝜏3; ■𝜏4; ■ 𝜏5; ■ 𝜏6; ■ 𝜏7; ■ 𝜏8; ■ 𝜏9; ■
𝜏10; ■ 𝜏11; ■ 𝜏12; ■ 𝜏13; ■ 𝑛𝑠.
of processing times at many PI-hubs. This is due to the fact that the 
computed sensitivity indexes only describe first-order effects. From a 
practical perspective, this means that, in cases of low reliability in 
the PI-hubs, uncertainties in processing times should be modelled, or 
decentralised routing approaches would be needed.

6. Conclusions

In this paper, a robustness analysis was conducted on the optimised 
PI logistics framework to better understand its behaviour and assess 
the impact of the processing times at each PI-hub and the number of 
modules in each PI-container. Specifically, after analysing the variabil-
ity of the system’s performance, summarised by four KPIs, sensitivity 
indexes were computed to quantify the relative influence of each input 
parameter on the PI logistics framework.

According to the analysis of the variability in system performance, 
the PI logistics framework was found to be quite robust with respect 
to all input parameters when the total delivery time was optimised. 
This is a notable result, as delivery time is one of the most common 
performance goals in logistics.

According to the GSA, the sensitivity indexes of the processing times 
at each PI-hub were very low, indicating that the considered PI logistics 
framework is robust to individual variations in these parameters across 
all the considered KPIs. On the contrary, the sensitivity index for the 
number of modules per PI-container was significantly greater than 0. 
This indicates that this parameter plays a crucial role in determining 
performance and that the considered PI logistics scheme is not robust 
with respect to how the PI-containers are divided into modules. Hence, 
this parameter should be carefully considered in real applications and, 
possibly, included as an optimisation variable.

The main limitation of this study is that, due to the required 
intractable computational effort, GSA was applied to evaluate only the 
individual (first-order) effects of each PI parameter. However, there 
are some cases (e.g., 𝐾𝑃𝐼4 in C1) where the interactions (second- or 
higher-order effects) among PI parameters dominate, making it difficult 
to conclude that the PI logistics framework is robust with respect to 
these interactions. In such cases, all PI parameters should be treated as 
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relevant, and further analysis should be conducted to evaluate the total 
effects.

The outcomes of this research align with those outlined in the PI 
roadmap [10], which anticipates significant benefits for all stakeholders 
in the freight and transport industry operating within the PI framework. 
Leveraging opportunities such as utilising existing idle capacities by 
adopting open and interconnected logistic services increases efficiency 
across the logistic network. The findings of this study are valuable to 
a wide range of stakeholders. Logistics service providers and freight 
operators can leverage these insights to identify potential sources of 
operational inefficiencies and reduce costs by optimising module con-
figurations and routing strategies while considering the most relevant 
variables. Policymakers and environmental agencies can benefit from 
the demonstrated environmental advantages, such as reduced carbon 
emissions, which align with sustainability goals. Additionally, busi-
nesses relying on logistics networks will able to better estimate the 
average delivery times and the cost-effectiveness, thus enhancing their 
market competitiveness. In all cases, the proposed robustness analysis 
provides a framework for assessing the reliability of the results. There-
fore, these findings lay the foundation for the development of robust, 
adaptable logistics systems that can meet future demands with greater 
efficiency and sustainability.

To conclude, from a research perspective, future studies will ex-
plore incorporating the way PI-containers are divided into modules 
as a decision variable in the optimisation model. This approach holds 
promise for further reducing direct truck usage and transportation 
costs, as the PI framework exhibits lower robustness concerning the 
number of modules in each PI-container, with variations significantly 
impacting KPI values. Therefore, optimising this variable is expected to 
enhance overall KPI performance. Additionally, rolling-horizon strate-
gies will be investigated to dynamically update module-splitting and 
routing decisions based on real-time system conditions. Furthermore, 
a heuristic solution approach will be developed to efficiently solve 
larger problem instances within a reasonable timeframe, enabling a 
more comprehensive evaluation of the overall impacts.
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Fig. 10. Sensitivity indexes of the model inputs for the four KPIs (columns) and model configurations (rows).
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