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ABSTRACT
Inland waterway transportation plays a crucial role in Europe’s transporta-
tion network and economy. It is an efficient and sustainable mode of trans-
portation,with lower emissions andenergy consumption thanothermodes
of transportation, such as road and air. However, the services provided
by inland waterway transport can be significantly impacted by adverse
weather conditions such as heavy rain, strong winds, and flooding. These
disruptions can cause delays, cancellations, or even damage to vessels
or infrastructure. To improve the system reliability, we propose a set of
revenue management based (demand itinerary) rerouting mechanisms
for intermodal barge transportation optimisation. Revenue Management
policies including several customer categories and fare differentiation are
applied. Sequential accept/reject decisions aremadebased on a probabilis-
tic mixed integer programming model maximising the expected revenue
of a carrier. A booking framework is defined over a rolling horizon and
capacity allocation/reallocation decisions are made for a set of demands
including the current and relevant past and potential future transportation
requests. Several (demand) rerouting mechanisms are defined and imple-
mented on different service network configurations. The service network
status is regularly updated, in particular with respect to barge capacity vari-
ations due to changing water levels. An extensive set of experiments is
performed and numerical results are analysed. The study results emphasise
the added valuebut also theneed for data availability and information shar-
ing between the different stakeholders of Inland Waterway Transportation
systems.
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1. Introduction

Inland waterway transportation (IWT) is a vital component of Europe’s transportation network and
economy. Its efficiency, sustainability, and economic benefits make it an essential mode of transport,
and as Europe continues to pursue its climate changegoals, IWTwill become increasingly important as
stressed in European Commission (2011, 2021). The goal of the European IWT for the years to come is
to further increase its economic and ecologic performances. The European Union has thus set several
targets for IWT, as part of its overall transport policy (European Commission 2021; Kinga et al. 2022;
Muench et al. 2022). The core objectives are to shift more cargo over Europe’s rivers and canals, and
facilitate the transition to zero-emission barges by 2050. This is in line with the European Green Deal1

and the Sustainable and Smart Mobility Strategy,2 which set the goal of increasing transport by inland
waterways and short sea shipping up to 25% by 2030, and up to 50% by 2050.
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However, IWT can be unreliable due to several factors, including weather conditions, water lev-
els, infrastructure limitations, and lack of investment in the sector (Christodoulou, Christidis, and
Bisselink 2020; Maciulyte-Sniukiene and Butkus 2022).

• Weather conditions: IWT can be affected by weather conditions such as storms, heavy rainfalls and
flooding, which can cause delays, damages to vessels and infrastructure, and even accidents.

• Water levels: the depth of water in rivers and canals is also a significant factor that affects the reli-
ability of IWT. Low water levels can make navigation difficult or even impossible for vessels, while
high water levels can cause flooding and disrupt traffic (Prandtstetter et al. 2022).

• Infrastructure limitations: the reliability of IWT is also influenced by the infrastructure available to
support it, such as the quality and capacity of locks, dams, bridges and ports. Inadequate or poorly
maintained infrastructure can cause delays and increase the risk of accidents.

• Lack of investment: in many countries, IWT is an underdeveloped sector, and there has been lim-
ited investment in improving the infrastructure and services. This lack of investment can lead to
outdated or insufficient equipment, low levels of safety and security, and inadequatemanagement
of human resources.

However, it is worth noting that the reliability of IWT varies depending on the region, country, and
even the specificwaterway. In some cases, IWTmaybe reliable and offer significant benefits over other
modes of transport such as in The Netherlands, Belgium, or Germany.

To answer the needs for innovation and increased attractiveness within IWT, as described in Euro-
pean Commission (2021), more reliable transportation systems are to be developed. In an attempt
to contribute in this direction, our research focuses on proposing a revenue management (RM)
based online booking framework, defining and implementing demand reroutingmechanisms for IWT
networks, designed to improve the system’s efficiency following two main perspectives:

• Increase economic performance: RM-based optimisation with demand rerouting may help IWT
operators to improveoperational decisions andprofitability throughoptimal vessel capacity utilisa-
tion, thus better managing their inventory of assets; this can lead to amore efficient and profitable
business, benefiting both operators and their customers (Bilegan, Gabriel Crainic, andWang 2022);

• Maintain service reliability: demand itinerary re-planning allows operators to identify alternative
routes that can help minimising delays and disruptions; by using advanced decision-making tools,
operators can make more informed decisions resulting into more efficient transportation systems
(Liu, Cats, and Gkiotsalitis 2021; Sharma and Kumar Awasthi 2022).

Revenue management (RM) can play an important role in IWT by fostering market segmentation,
demand forecasting, and optimal dynamic capacity allocation techniques to maximise revenue and
profitability. RM involves analysing demand patterns and market conditions to determine differenti-
ated fares and optimal allocation of vehicle capacities. In IWT, RM can help operators balance supply
and demand by adjusting the allocation of offered services to reflect changes in network status con-
ditions. RM can also help operators improve capacity utilisation by filling residual empty space on
vessels or barges. Based on demand forecasts and capacity availability, operators can ensure that their
vessels are optimally utilised, maximising revenue and profitability. These techniques are very often
usedwhen planning transportation activities on the short-term (on a daily basis), at the so called oper-
ational decision level. Additionally, RM can help IWT operators to better manage their inventory of
vessels, barges, and other assets, this type of decisions being often recognised as tactical network
planning (Elbert, Philipp Müller and Rentschler 2020; Taherkhani et al. 2022), where the transport ser-
vicesdesignedareusually fixed for a relatively long schedulingperiod (severalmonths, a season) (Caris,
Macharis, and Janssens 2008, 2013). By analysing demand patterns and adjusting offered services and
capacity utilisation accordingly, operators can make informed decisions about when to invest in new
assets, retire old ones, or modify existing ones.
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At the operational decision level, unforeseen data fluctuations stemming from disruptions or other
incidents often lead to congestion, delays, and financial loss. Rerouting is recognised in the literature
(Ke 2022; Liu, Cats, and Gkiotsalitis 2021; Sharma and Kumar Awasthi 2022) as crucial for ensuring
safety, improving efficiency, reducing environmental impact, and achieving economic benefits in any
transportation system. However, demand itinerary rerouting in IWT, particularly in the context of fac-
ing synchromodal transport challenges (ALICE 2017; Ambra, Caris, and Macharis 2019), is a critical
aspect for improving the efficiency, sustainability, and reliability of the entire logistics and supply
chain network. The concept of synchromodal transportation was introduced in 2010 by Tavasszy
et al. (2010). It represents an expansion of intermodal transportation, incorporating the dynamic
rerouting of cargo units in response to disruptions and tomeet operational or customer requirements
(Verweij 2011). The synchromodal concept holds the potential to outperform intermodal transporta-
tion in terms of flexibility, reliability, and various modal choice criteria. This process involves altering
the pre-planned transportation routes or modes to adapt to changing circumstances, such as conges-
tion, weather events, infrastructure maintenance, or shifts in demand in a short scheduling period
(one or several days), in order to conduct a real-time and dynamic itinerary re-planning and asset
management (Ghiani et al. 2003; Giusti et al. 2019; Li, Negenborn, and Schutter 2015; SteadieSeifi
et al. 2014).

Throughout this paper, ‘Demand routing/rerouting’ typically refers to the process of dynamically
directing or rerouting demand for goods or containers in response to changing conditions or con-
straints. In transportationand logistics contexts, demand routeing involves adjusting the flowofgoods
or passengers to optimise efficiency, minimise costs, or accommodate disruptions such as changes in
capacity, weather conditions, or other factors affecting transportation routes or modes. However, it is
important to emphasise that the vast majority of transportation rerouting discussions in the literature
primarily focus on vehicles (Dua and Sinha 2019; Hrušovskỳ et al. 2021; Kumar and Anbanandam 2019)
rather than the demand itself, especially in vehicle routeing problems (Ghiani et al. 2003; Heggen
et al. 2019; Tan andYeh 2021). For example, in the context of applications involving inlandbarge trans-
portation, Gumuskaya et al. (2020) and Gumuskaya et al. (2021) introduced a dynamic barge planning
system, taking intoaccount stochastic container arrivals andaddressing the impactof anuncertain and
dynamic environment. Real data from an inland terminal was utilised, and the problem was solved
through an approach that combines optimisation techniques with machine learning to enhance
capacitated barge planning. Additionally, Aghalari, Nur, and Marufuzzaman (2021) addressed an
inland waterway port management problem, incorporating the selection of barges, based on scenar-
ios considering stochastic commodity supply and water level fluctuations. This problem was tackled
using a tailored parallelised hybrid decomposition algorithm, as discussed in the corresponding pub-
lication. Another study, conducted by Larsen, Negenborn, and Atasoy (2023), introduced a real-time
co-planning approach, named ‘departure learning’, using model predictive control. In this method, a
barge operator takes into account the joint cost involving both its own operations and those of a truck
operator when making decisions regarding barge departures within a synchromodal transportation
system. However, transportation demand, which refers to the number of trips and the volume of peo-
ple or goods being transported (Fenyk 2002), plays a significant role in shaping transportation systems
(Black and Schreffler 2010). It is often overshadowed by discussions on infrastructure development,
technology advancements, and mode-specific strategies (Hrušovskỳ et al. 2021). This oversight can
lead to incomplete and ineffective solutions that fail to address the root causes of congestion, pollu-
tion, andother transportation-related challenges. Byneglecting thedemand sideof transportation,we
miss out onopportunities for comprehensive and sustainable solutions. Understanding andmanaging
transportation demand are crucial for achieving long-term success in creating efficient, environmen-
tally friendly, and equitable transportation systems (Wachsmuth and Duscha 2019). Strategies such
as promoting alternative travel modes, encouraging carpooling and ride-sharing, implementing con-
gestion pricing, improving public transportation services, and fostering smart urban planning all
contribute to effectively managing transportation demand (Zijm and Klumpp 2017). To ensure that
transportation systems are truly optimised and resilient, it is imperative to shift the focus from purely
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vehicle-centric approaches to a more holistic perspective that encompasses both vehicle planning
and demand management. For example, in Bock (2010), the author presents a real-time-focussed
control strategy for the effective consolidation, transshipment, and adaptive management of disrup-
tions, such as vehicle breakdowns and accidents. In this study, the simulation generates a forthcoming
temporary optimisation problem. The solutions to this problem are used to determine the subse-
quent transportation routes for each demand and vehicle at the end of the current time interval. In
Goel (2010), the author explores the advantages of incorporating radio frequency identifiers (RFID)
technology and shipment visibility in a multimodal transportation system encompassing both road
and fixed-scheduled rail modes, where transit times can vary. This transportation network involves
two key decision-makers: a transportation manager tasked with shipment planning and a terminal
operator responsible for addressing unforeseen disruptions. If the manager fails to promptly detect
and adapt to these disruptions, the terminal operator must step in to make decisions regarding ship-
ment flows. In Goel (2010) study, four levels of visibility are examined: no visibility, daily snapshots,
departure/arrival tracking, and checkpoint monitoring and it concludes that on-time delivery perfor-
mance can be significantly improved by increasing the level of visibility. With the advancements in
RFID technology and the emergence of the Physical Internet (PI) concept, the advantages of demand
rerouting have becomemore evident, as demonstrated by the research of Pan and Ballot (2015). Their
work illustrates the benefits of tracking asset positions through a framework designed to optimise the
repositioning of open containers using RFID. Readers seeking a comprehensive review of PI and its
integration into synchromodal transport may refer to Ambra, Caris, and Macharis (2019).

As information technologies anddigitalisation advance in the container industry, there is a growing
focus among researchers and industries on dynamic models. These models offer a suitable represen-
tation of the time dimensionwithin decision-making processes like, for instance, online transportation
requests booking. For example, Wang et al. (2016) developed a probabilistic mixed integer pro-
gramming optimisation model for demand acceptance decisions, aiming to maximise the expected
revenue of a barge carrier within a specified planning horizon, based on future demand forecasts.
Guo et al. (2021) explored a dynamic and stochastic shipment matching problem, where a platform
seeks to make online decisions regarding the acceptance or rejection of newly received shipment
requests and thematching of shipments to services in global synchromodal transportation. The prob-
lem is regarded as stochastic due to the uncertainty associated with transport demands and barge
travel times. To address this problem, a rolling horizon framework is implemented tomanage dynamic
events, a hybrid stochastic approach is employed to tackle uncertainties, and a preprocessing-based
heuristic algorithm is used to generate timely solutions at each decision epoch. However, to the best
of our knowledge, demand rerouting methodologies have not been reported in the literature related
to barge transportation systems and IWT so far.

IWT is subject to various environmental and operational factors that can affect the initial planning
of demand itineraries, such as weather conditions, water levels, and lock operations. These factors
can cause delays or disruptions in vessel schedules and impact the efficiency and effectiveness of
transportation operations. In intermodal barge transportation, demand rerouting involves changing
the planned itinerary of a demand to take into account factors such as changing weather patterns,
port congestion, or unexpected delays. In this article, we follow the footpath of the work initiated
in Wang et al. (2016), by focussing on the development of a new demand rerouting framework to
be applied at the operational level of decision-making in particular with respect to barge capacity
variations due to changing water levels. To be more precise, a demand booking framework is estab-
lished, running over a rolling horizon. Decisions on capacity allocation and reallocation are assessed
and executed, for a range of demands encompassing current, pertinent past, and potential future
transportation requests. Several reroutingmechanisms are formulated and applied to different service
network configurations. The status of the service network is consistently updated, when new informa-
tion becomes available, especially concerning changes in barge capacities, as a result of fluctuating
water levels. A comprehensive set of experiments is conducted, and numerical results are thoroughly
analysed.
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TRANSPORTMETRICA B: TRANSPORT DYNAMICS 5

The remainder of the paper is organised as follows. We describe the dynamic demand rerouting
problem and the online RM-based booking framework in Section 2 and its mathematical formulation
in Section 3. The experimental settings and numerical results are discussed and analysed in Section 4.
We conclude in Section 5.

2. Problem characterisation

In this section, we briefly present the general problem of Dynamic Capacity Allocation (DCA) for
barge transportation. The mechanisms of the booking system are then discussed, together with the
proposed RM and reroute strategies.

Dynamic Capacity Allocation (DCA) for barge transportation is a strategy used to optimise the
allocation of transportation capacity on barges dynamically based on demand fluctuations and oper-
ational considerations. Traditionally, transport booking requests are answered on a first-come first-
served (FCFS) basis. A transport request is generally accepted provided the network currently has the
capability to satisfy both the volume and the due date specified by the customer. Nevertheless, this
may result into unwanted consequences, since requests coming at a latter time during the booking
horizon might get rejected due lack of available transport capacity, even though they present the
potential to generate higher revenues. This loss in additional revenue for the carrier could be avoided
if rerouting of already accepted requests is allowed in the booking mechanism, such that part of the
network resources may be reallocated and used in amore efficient way. This type of booking is meant
to contribute to increasing global request acceptance rates and resource utilisation. Moreover, the
reroutingmechanisms once in place, this could also yield better performanceswhen the inlandwater-
way and the network capacities are affected by weather conditions and variations in water levels
predicted on a short or very short term.

RM based rerouting booking systems operate according to principles and techniques allowing to
overcome the above shortcomings of a basic FCFS booking strategy. The booking mechanisms pro-
posed in this paper manage the network transport capacity and the time constraints specified by the
customers, yielding an optimal decision to accept or reject the current transport demand. This is per-
formed by integrating in the decision-making process all relevant potential future demands as well as
some of the already accepted demands thatmight be rerouted. The transportation demands are char-
acterised by different fare classes, different origin-destination pairs, different volumes and different
time constraints. The final decision to accept or reject an incoming demand is based on themaximisa-
tion of the expected total revenue generated by past (not yet transported to destination), current and
potential future demands. On the onehand, in a RMbasedbookingprocess setting, a current transport
request may be rejected if it appears less profitable compared with the estimated revenue of future
demands competing for the same transport capacities, within the same time window. In the case of
rejection, the resource is saved for the expected future high-contribution demands, instead of allo-
cating the capacity corresponding to the volume of the current demand. On the other hand, the use
of rerouting mechanisms in the booking process may generate better capacity allocation plans and
offer good quality alternative solutions when facing network status changes, without necessarily tak-
ing future demands into consideration. It appears then very interesting to combine these twodifferent
booking policies into a single dynamic capacity allocationmechanismwith revenuemanagement and
rerouting capabilities, and thus solving a so called dynamic capacity allocation problem with reroute
and revenue management (DCA-RRM).

In this study, each barge within the inland barge transportation system is regarded as a distinct
service. We assume these services to be fixed in terms of barge type and operating periodically along
the inlandwaterway.We do not account for the rescheduling/rerouting of a service under any circum-
stances. Rerouting of a demand entails redistributing demand across various services to ensure timely
delivery to destinations. This operational adjustment accounts for complex and realistic factors like
service disruptions and fluctuations in water levels.
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2.1. Transport network representation and notations

In the current study, and in line with the previous work, the dynamic capacity allocation problem is
formulated using a time-space network representation. Typically, the time horizon is represented by
a discrete time interval composed of T time periods (1, . . . , T). The time-space network is cast as the
directed graph G = (NIT ,A) where I and T are respectively the sets of terminals and time intervals. A
node n(i, t) ∈ NIT specifies the physical terminal i at the time period t. The set of arcs A is made up of
the sets AL and AH representing the transport and holding arcs, respectively. The set AL is composed
of all the transportation arcs, representing the legs of all the services planned to operate over the
network, while the set AH contains all holding arcs defined on the time-space network. Each holding
arc is linking two nodes representing the same terminal at two consecutive time periods. Holding arcs
thus represent the possibility for demand flows to wait at their respective origins or at intermediate
terminals during their journey, to be picked up by services passing by at later periods.

A set of services S, each with a given schedule, route and capacity, provides transportation among
the nodes in NIT . The nominal capacities of scheduled services are fixed since vehicles are already
assigned to services and no extra-vehicles are considered to be available upon request. However, the
actual capacities of the scheduled services may vary due to the environmental status changes, as, for
instance, weather conditions, and consequently water level changes along the waterway.

2.2. RM based rerouting strategies

RM in IWT sector involves a range of different price levels (fares), customer categories and demand
types, jointly used with dynamic capacity allocation techniques to maximise expected revenues for
transportation companies operating on the waterway network. The utilisation of these concepts
implies understanding customer demand patterns to accurately forecast potential future demands.
Then, the purpose is to identify the most profitable match between the residual capacity on the net-
work and current and future customer demands. The key objective of RM is to ensure that the available
capacity is utilised effectively to accommodate different fare-products belonging to different cus-
tomer categories in order to optimise the total revenue generated by operating the planned services
over the network.

Customers are classified into three categories according to the business relationship: regular cus-
tomers (R), who sign long-term contracts with the carrier or whom the carrier trusts and engages to
transport all their demands with no exception; partially-spot customers (P), who contact the carrier
infrequently and do accept their demand volumes to be partially accepted; fully-spot customers (F),
who also require service irregularly but whom demand volumes must be accepted either entirely or
completely rejected.

Let k̃ be the current booking request. Let D(̃k) be the set of demands already accepted before the
arrival of k̃, and K (̃k) the set of potential future demands with direct possible interactions in time with
k̃. A transport demand k ∈ D(̃k) ∪ k̃ ∪ K (̃k) is defined by a set of attributes, as listed in Table 1.

Table 1. Transport demand attributes.

Attributes Definition

vol (k) Volume (TEU3)
o(k) Origin terminal
d(k) Destination terminal
tres (k) Reservation/booking time
tavl (k) Time of availability at its origin
tdue (k) Due time at destination
cat (k) Customer category (R, P, F)
f (k) Unit tariff (per TEU) according to the fare class
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We assume and denote as VMAX (k) themaximum volume a demand request may take. Regarding
the set of potential future demands (K (̃k)), we assume that for any k ∈ K (̃k) there is a discrete proba-
bility distribution function, denoted Pk(x), associated to the volume (x) of a demand, where x stands
for a discrete random variable such as 0 ≤ x ≤ VMAX (k).

The proposed RM based rerouting mechanism is intended to deal with each new incoming trans-
port request, k̃, and compute the optimal decision of acceptance/rejection based on the following
elements: feasibility of the demand, profitability of the demand, the current status of the network, the
set of potential future demands, and eventually the possibility to reroute already accepted demands.
The feasibility criterion stands for the existence of sufficient capacity on the time-space network to sat-
isfy the current demand k̃ when considering updated residual capacities on each leg. The profitability
criterion indicates that the expected total revenue computed in case of acceptance of k̃ is higher than
the one corresponding to rejection, while taking into account all relevant potential future demands
and rerouting some of the already accepted ones.

In the DCA-RRMmodel proposed in the current study, the routeing plan of any incoming demand
k̃ is decided and fixed at reservation time tres(̃k). Regarding the already accepted transport requests
k ∈ D(̃k) existing in the booking system and not delivered yet, their itineraries are already fixed aswell,
such that at time tres(̃k) the set of past demands D(̃k) is known and fixed.

However, rerouting an already accepted demand k ∈ D(̃k)means the itinerary of that demand can
be modified after its reservation time tres(k). On the one hand, better revenues can be obtained by
taking more information under consideration: at tres(̃k) there is more information in the system than
at tres(k); thus, re-optimising the resources already allocated may generate better solutions. On the
other hand, the rerouting process may contribute to recover from network service failure when inci-
dents occur, by locally determining recourse routeing solutions and eventually suggesting alternative
transportation modes.

3. Mathematical formulation

The proposed rerouting mechanisms are all based on the general RM booking model formalised
below. The decision consists in accepting or rejecting the current customer demand k̃, given the cur-
rent status of residual capacities on the network, and, depending on the chosen routeing type, the
past – already accepted – demands and/or the potential future demands (Table 2 ). Q1

Both already accepted requests and potential future requests play an important role whenmaking
the final decision. Indeed, regarding already accepted requests, k ∈ D(̃k), the decision value ξ(k) is
not supposed to change, since this demand is already accepted (a contractual agreement with the
customer has already been concluded). Nevertheless, when using rerouting, the updated available

Table 2. Decision variables.

Current request k̃:
ξ (̃k) Acceptance value for k̃, where ξ (̃k):

– Fixed to 1 when cat(̃k) = R
– Continuous value [0, 1] when cat (̃k) = P
– Binary value 0 or 1 when cat(̃k) = F

v(̃k, a) Volume of current demand k̃ to be transported on arc a

Future requests k ∈ K (̃k):
maxvol(k) Maximum volume that future demand k could book on the

Network (at decision time of k̃)
ykj Binary variable used to identify the maximum volume j that

Future demand k could book on the network
v(k, a) Volume of future demand k to be transported on arc a

Already accepted requests k ∈ D(̃k):
ξ(k) Acceptance value for demand k, already computed, fixed
v(k, a) Volume of already accepted demand k to be transported on arc a

Author query
Deleted Text
Table 2 was not cited in the text so a citation has been inserted. Please correct if this is inaccurate.
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resources on the network are to be reallocated and the already accepted demands are all treated as
regular (R) customer type demands, regardless of their initial customer category.

For the RMbased RerouteDCAmodel, we assume the customer agrees to change the routeing plan
of ademandas longas the transport requesthasnot yet reached its final destinationon thenetwork. To
this purpose, for each transport request k, an additional characteristic is stored for rerouting purposes
only, namely tarr(k), which indicates the latest allowed arrival time of any fragment of k.

When the booking decision for the current transport request k̃ is computed, if some fragments of k
havenot yet reached their destination terminal, theseparticular fragments of kwill have tobe rerouted
and so the corresponding values of v(k, a) variables have to be calculated again.

The formulation of the RM based dynamic capacity allocation with reroute (DCA-RRM) model is:

max f (k̃) · ξ(k̃) · vol (k̃)

+
∑

k∈K(k̃)

f (k)
∑

1≤j≤VMAX (k)

ykj

j∑

x=0

(xPk(x))

−
∑

k∈D(̃k)∪̃k
pen (k) · vol(k) (1)

Subject to:
Capacity restrictions constraints for each service leg, ∀ a ∈ AL:

∑

k∈D(k̃)∪k̃∪K(k̃)

v(k, a) ≤ cap_avl (a) (2)

Flow conservation constraints for each terminal node, ∀ n(i, t) ∈ NIT :

∑

a∈A+(n(i,t))

v(k̃, a) −
∑

a∈A−(n(i,t))

v(k̃, a) =






ξ(k̃)vol (k̃) if (i, t) = o(k̃)

−ξ(k̃)vol (k̃) if (i, t) = d(k̃)

0 else

(3)

∀ k ∈ K(k̃) :
∑

a∈A+(n(i,t))

v(k, a) −
∑

a∈A−(n(i,t))

v(k, a) =






maxvol (k) if (i, t) = o(k)

−maxvol (k) if (i, t) = d(k)

0 else

(4)

∀ k ∈ D(k̃) :
∑

a∈A+(n(i,t))

v(k, a) −
∑

a∈A−(n(i,t))

v(k, a) =






ξ(k) vol (k) if (i, t) = o(k)

−ξ(k) vol (k) if (i, t) = d(k)

0 else

(5)

maxvol (k) =
∑

1≤j≤VMAX (k)

jykj , ∀ k ∈ K(k̃) (6)

∑

1≤j≤VMAX (k)

ykj ≤ 1, ∀ k ∈ K(k̃) (7)

where A+(n(i, t)) and A−(n(i, t)) stand for the sets of outgoing and incoming arcs of node n(i, t) ∈ NIT .
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Range and type of the decision variables:

v(k, a) ≥ 0, ∀ k ∈ D(k̃) ∪ k̃ ∪ K(k̃), ∀ a ∈ A (8)

ykj ∈ {0, 1}, ∀ k ∈ K(k̃), ∀ j ∈ {0, . . . , VMAX (k)} (9)

ξ(k̃) =






1, if cat (k̃) = R

[0, 1], if cat (k̃) = P

{0, 1}, if cat (k̃) = F

(10)

The objective function (1) is the sum of the revenue obtained from the current demand, if accepted,
and the total revenue expected from future potential demands; it also includes the penalty costs
incurred in case of shifting demand volumes from barge to trucks when using rerouting mechanisms.

4. Experimental setting, numerical results and analysis

Abasic Dynamic Capacity Allocation (DCA) algorithm is derived from theDCA-RMmodel by not taking
into account any future potential demand (in the model, K(k̃) is assumed to be the empty set). The
numerical results provided by this mechanism will be used as reference values in all our experiments.

To validate the proposed RM based Reroute DCA model, we use computer simulation. We sim-
ulate the sequential arrival of current demands as an iterative process. For each randomly generated
demand, we run and solve the optimisation problem and use the optimal decision to accept/reject the
demand based on the current network conditions, and update accordingly the status of the network
in terms of remaining available capacity. Then, a new iteration is performed. The demand forecasts
are considered to be given at the beginning of the simulation process. The two rerouting perspec-
tives highlighted in the Introduction (Section 1) will be examined and discussed within the following
subsections using twodifferent simulation scenarioswheredifferent fares are introduced, correspond-
ing to different classes of anticipation of booking and delivery delays required by the customers. To
define the two simulation scenarios, here we recall a barge service status within the inland barge
transportation system refers to the current operational condition or situation of a barge within the
transportation system. It typically includes information such as whether the barge is in operation,
undergoing maintenance, experiencing delays, or encountering disruptions. The status of a barge
serviceprovides stakeholderswith crucial information about its availability and readiness to fulfil trans-
portation requirements. This information is essential for planning and decision-making in logistics and
supply chain management, helping to optimise the allocation of resources and ensure efficient cargo
movement. The description of the two simulation scenarios is as follows:

• Reroutewithout service status change: In this scenario,we assumeno service failures occur in the net-
work. In otherwords, themaximumservice capacity remains fixedwith the service status remaining
stable, and the remaining capacity within a service can only be adjusted by incoming or outgoing
demand. Under this problem assumption, we analyse how different booking mechanisms used in
barge transportation system can impact the global total revenue (see Table 3);

• Reroute with service status change: In this scenario, the service status within the network is periodi-
cally modified with new forecasts for water levels. In this problem setting, we analyse how demand
rerouting responds to changing conditions and optimises carriers’ operations to achieve a reliable
and efficient transportation system.

All models and solution methods utilising different booking and rerouting policies have been
implemented in Python 3.8 on a desktop equipped with an Intel Core i7 3.6 GHz processor and
64.0 GB RAM. The optimisation solver utilised throughout the solution process was CPLEX Optimizer
version 22.1.1, running on the same equipment.
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Table 3. Booking policies used in barge transportation system.

DCA Dynamic Capacity Allocation
The model is solved for each new demand k̃
The future demands are not known, i.e. K(k̃) = ∅
DCA-RM RM based Dynamic Capacity Allocation
The model is solved for each new demand k̃
The potential future demands follow a probability distribution function

DCA-Reroute Dynamic Capacity Allocation with Reroute
The model is solved for each new demand k̃ and for all demands k already
accepted, i.e. with k ∈ D(̃k) and tres (̃k) < tarr(k)
The future demands are not known, i.e. K(k̃) = ∅
DCA-RRM RM based Dynamic Capacity Allocation with Reroute
The model is solved for each new demand k̃ and for all demands k already
accepted, i.e. with k ∈ D(̃k) and tres (̃k) < tarr(k)
The potential future demands follow a probability distribution function

4.1. Experimental setting

The experiments are cast with respect to different customer categories, different service densities,
different levels of transportation capacity on the network, as well as different booking policies.

For all the scenarios, a physical network with five consecutive terminals, i.e. A, B, C, D and E, is con-
sidered. The number of nodes used in our experiments is representative to a large extent of the river
and canal networks in Europe (Danube or the Northern France and Belgium). Without loss of general-
ity, the terminals are assumed to be located along the inland waterway such that the travel times for
barges between any two consecutive terminals to be the same.

The experimental time unit is half a day, and the barge services are predefined on a weekly basis.
In other words, these services will repeat every week, which corresponds to every 14 time units. It’s
worth noting that all the attributes of a service mentioned in Section 2.1 remain consistent through-
out each week. While the maximum capacity of services remains consistent within a particular set of
experiments, it is subject to variation across different scenarios. The remaining capacities of service
segments are systematically adjusted based on the accepted demands and their optimal routeing.
Note that holding arcs for containers at terminals are assumed unlimited in capacity.

We recall that any demand k is characterised by its vol (k), o(k), d(k), tres(k), tavl(k), tdue(k), cat (k),
and f (k) as in Table 1. Then the volume vol (k), is represented by a realisation of a random discrete
value ranging from 0 to VMAX (assuming a unique maximum volume for all demands), and following
a specific probability distribution. The origin-destination (OD) pair, specifically the values of o(k) and
d(k), are uniformly generated from the set of possible OD pairs corresponding to a given scenario.
The anticipation"(k) and delivery time#(k) are randomly chosen from a predefined pool of possible
values, and these selections follow a uniform distribution. The generation of these values is associated
with the distance between the origin o(k) and destination d(k) of the demand. Subsequently, tavl (k)
and tdue (k) are computed based on these values. Anticipation and delivery time thresholds are pre-
defined to classify demands into categories of early/late reservation and standard/express delivery,
respectively. For a specific OD distance, a basic fare p is predetermined. The unit transportation price,
f (k), per container (per TEU), is then defined as f (k) = p × r"(k) × r#(k), where r"(k) and r#(k) repre-
sent the anticipation price rate and delivery price rate, respectively. In this context, the price rates for
early reservation and standard delivery are set to 1, while the other values are strictly greater than one,
reflecting higher fares charged for high contribution demands that request higher quality-of-service
transportation. Lastly, the category cat (k) is randomly assigned from the options R, P, and F, follow-
ing a uniform distribution. In our experimental setup, the demand instances are characterised by a
density of 10. This density indicates the frequency of demand occurrences within each time unit. In
simpler terms, a demand density of 10 implies that for every half-day, 10 demand requests will enter
the system, and their acceptance will be determined based on various booking policies.
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In conclusion, the general characteristics of the experimental setting are:

• five consecutive terminals (A, B, C, D and E), located along a corridor network structure, with equal
travel times between any two consecutive terminals;

• a simulated rolling-time horizon of a duration of 400/800 time instants (nearly 28/57weeks);
• two sets of services, defined with different service frequency, the first with two services (Service

no.1), defined in both directions, repeating every 14 time units (oneweek), and the second (Service
no. 2) with four services, defined in both directions, repeating every 14 time units;

• different capacities of services: 10, 15, 20, 30, 40 (TEU);
• different reductions in water levels: 1, 0.9, 0.8, 0.7, where 1 stands for the standard water level, and

0.9, 0.8, 0.7 represent 10%, 20% and 30% reduction in water levels, respectively. A lower water level
will result into lower capacity of a service vessel;

• different routeing mechanisms: DCA, DCA-Reroute, DCA-RM, DCA-RRM.

4.2. Numerical results and analysis

In this subsection, we examine the outcomes based on the two scenarios introduced earlier in this
section. First, in the scenario labelled as ‘Reroute without service status change’, we assume no service
failures occur in the network. Here, we delve into the analysis of how various booking mechanisms
employed in the barge transportation system can influence the overall revenue on a global scale.

Second, in the scenario termed as ‘Reroute with service status change’, the service status, namely
capacity, within the network is periodically modified with new forecasts for water levels. In this sce-
nario, we investigate how demand rerouting adapts to these changing conditions and optimises
carriers’ operations to establish a reliable and efficient transportation system. Variants of Revenue
Management (RM) mechanisms involving future expected demands do not have a direct impact on
the performances of rerouting when the network status is subject to changes. This is particularly true
when less than nominal capacity is available on the network and the entire set of already accepted
demands, regardless of their category, needs to be rerouted and transported to destination, even-
tually by truck. Therefore, RM policies based on future demand forecasts are not integrated in the
experiments deployed for the second scenario.

4.2.1. Reroute without service status change
Within this section, we make the assumption that external factors will not affect the capacities of the
services. However, we acknowledge that the residual capacities of the services will be updated at each
time instant following the booking and allocation of resources. In the experiments, when the rerout-
ing procedure is executed for each new demand entering the system, it is referred to as Full-Reroute.
Conversely, if the rerouting procedure is performed at predetermined intervals (e.g. every half-day,
daily, weekly, etc.), it is referred to as Partial-Reroute. In this subsection, the Full-Reroute technique
is assumed to be applied without allowing any volume of demand to be shifted to an alternative
transport mode, even if it has the potential to generate higher revenue.

The computational results obtained when running the experiments are illustrated in Table 4. The
term improvement ratio (IR) refers to the improved ratio between the total revenue (or volume) gener-
ated by using the DCA-RM, DCA-Reroute, or DCA-RRMmechanisms, and the total revenue (or volume)
generated by using the base DCA procedure alone. The results are calculated for various service sets
with different service capacities. The Total Revenue IR indicates the revenue increase rate achieved
with the same level of transportation network capacities; the same applies for the Total Volume IR,
which stands for an indicator of resource utilisation improvement, i.e. more demand volumes trans-
ported, using the same level of transportation network capacities. Additionally, these improvement
ratios provide insights into the enhancements in demand acceptance and consolidation and the
opportunities for optimising transportation network capacity organisation and utilisation.
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Table 4. Revenue and volume improvement ratio (IR) without service status change.

Total revenue IR (%) Total volume IR (%)

Service no. Service capacity Booking policy Avg. Min. Max. Avg. Min. Max.

1 10 DCA 0 0 0 0 0 0
DCA-RM 15 0 42 1 0 7
DCA-Reroute 23 7 55 8 7 14
DCA-RRM 24 4 66 10 7 14

15 DCA 0 0 0 0 0 0
DCA-RM 7 3 15 1 0 5
DCA-Reroute 8 3 12 6 4 10
DCA-RRM 9 3 19 5 0 10

20 DCA 0 0 0 0 0 0
DCA-RM 6 3 8 2 0 4
DCA-Reroute 10 6 13 5 4 8
DCA-RRM 10 6 14 5 4 8

2 10 DCA 0 0 0 0 0 0
DCA-RM 8 3 13 3 0 4
DCA-Reroute 16 9 22 9 3 14
DCA-RRM 18 10 28 11 3 19

15 DCA 0 0 0 0 0 0
DCA-RM 9 4 15 3 0 7
DCA-Reroute 15 10 23 10 7 15
DCA-RRM 15 10 24 10 7 15

20 DCA 0 0 0 0 0 0
DCA-RM 11 8 12 5 4 8
DCA-Reroute 15 11 17 10 8 12
DCA-RRM 15 10 18 9 8 12

The results indicate that in our experiments of 120 problem instances (with five demand sets,
four routeing mechanisms, three values for service capacities, and two families of services), the
DCA-RM, DCA-Reroute, andDCA-RRM consistently outperformed the basic DCAbooking policy. More-
over, when comparing the average outcomes of DCA-RM, DCA-Reroute, and DCA-RRM, the DCA-RRM
reroutingmechanismproves to be superior to both DCA-Reroute andDCA-RMpolicies across all cases
(highlighted in red in the table).

We may also observe that the DCA-RM policy outperforms DCA in all tested situations. Our results
suggest that the performance of RM is highly dependent on the demand structure, service capacity,
and the accuracy of demand forecasting. As an intuition, better outcomes from RM based booking
policies would require inextricably intertwined interactions between the current and future demands,
as well as more limited service capacity resources. This is indeed the case in our experiment setting
corresponding to the Service Family No. 1 with a very low level of capacity (10 TEUs).

When keeping the same set of demands for different experiment settings, with a higher level of
capacity with respect to the level of total demand volumes (like in the case of Service Family No. 1 and
No. 2, for capacities 15 and 20) the Total Revenue IRwhen using DCA-RM increases with Service Family
No.2. This is due to the fact that within this Service Family, service frequency is twice higher than in the
first one, thus more demands can be accommodated on the network.

The implementation of RM policies allows the acceptance of an increased rate of high-valued
demands. This leads to an overall improvement in yield, defined as Total Revenue IR/Total Volume
IR (Improvement Ratio), through better consolidation of all accepted demands (high-valued and low-
valued ones). Even in cases where there is no improvement in Total Volume IR, better revenues are
often found, indicating the effectiveness of the RM policy. The implementation of rerouting mecha-
nisms aims at a better utilisation of the network capacities and transportingmore demand volume on
the IWTnetwork, leading to an improvement in accepted demand volumes. It is important to note that
both approaches have resulted in high-quality solutions, as the Total Revenue IR is consistently higher
than the Total Volume IR.
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Figure 1. IR trend in demand quality with respect to different capacities.

Whenwe enhance the service capabilities (increased service capacities) of the two different service
families, the average Total Revenue IR and Total Volume IR indicators for DCA-Reroute, DCA-RM and
DCA-RRM policies decrease. The same decreasing trend is observed for the accepted demand quality
or yield, see Figure 1. This implies that the policies we propose are more effective when the resources
are scarce.

Although the results show that, on an average, the DCA-Reroutemechanismoutperforms theDCA-
RMone, it is important to note that the aimof the study is not to compare the revenue results obtained
with these two policies, as they are both designed to improve the system efficiency using different
approaches. Our focus, instead, is on evaluating the performance of each policy in improving revenue
outcomes, and identifying the factors that influence their effectiveness. By comparing the perfor-
mances of these policies in different experimental settings, we aim at providing insights that can
help IWT network service providers optimise their resource allocation strategies. Overall, our analy-
sis suggests that both the DCA-Reroute and DCA-RM policies can offer significant benefits in terms of
improving system efficiency and generating higher revenues. This is particularly true when they are
jointly used, as it is the case for the DCA-RRM booking mechanism.

4.2.2. Reroute with service status change
To address changes in service status, namely capacities of different transportation legs on thenetwork,
we assume that variations on nominal vessel capacities are computed based on regularly updated
forecasts of weather conditions and, consequently, water levels. These updates are integrated in the
system via two parameters:

• updates frequency: the forecast updates frequency determines how often new forecasts are aggre-
gated and provided to the system; this may range from daily, weekly, to monthly intervals.

• forecast reliability: the forecast reliability provides information about the accuracy of the predicted
data; for instance, when it comes to inland waterways, one can consider a two-day period for
predicting highly accurate water level estimates.

For the experiments in this paper, we make the following assumptions:

• Water level forecasts are updated every n days;
• Water level accuracy holds overm days;
• rerouting is performed at every new forecast update;
• changes in water levels induce proportionally modified vessel capacities.
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The process thus involves using updated forecasts on the network conditions every n days, having
an impact on all transportation leg capacities assumed highly reliable over the next m days. Using
the updated transportation capacities of vessels, the rerouting procedure is executed to find a new
optimal routeing solution for demand itineraries.

Different values for n andm lead to different scenarios. When n is smaller thanm, it indicates more
accurate information available for the decision-maker, since forecasts are more frequently updated
and new values are used; this would naturally result into better solutions. When n is larger than m,
the information would become outdated before a new rerouting procedure execution takes place,
leading to planning periods where less accurate information might be used. However, the analysis of
these different scenarios will not be discussed in this paper.

Our objective is to demonstrate that the rerouting techniques proposed are able to effectively han-
dle incidents that may occur during execution of planned transportation activities within the system.
We aim at addressing these problems promptly while maintaining a high level of resource utilisation.
Thus, in this subsection, we assume that n = m = 2 days (i.e. four time-periods of half-a-day), allowing
us to make new planning and rerouting decisions before the previous forecasts become obsolete.

To guarantee that a feasible solution is consistentlymaintained, it is crucial to execute the rerouting
procedure at least once after each new forecast update. To that purpose, alternative transport modes,
such as trucks, are assumed to be available as an ad-hoc solution to accommodate fragments of the
demand volumes that eventually cannot be transported by barge when facing very low water levels.
A penalty is assumed to be payed by the carrier in such cases.

The rerouting procedure may be repeated multiple times between two forecast updates. To eval-
uate the proposed mechanisms, we run experiments on a range of decreasing water levels, resulting
into a series of decreasing capacities for services. We compared the utilisation rates of the services
(measured by the fill rates of the barges), total revenue, and total volume of demandmoved to trucks
due to lower water levels.

We performed the experiments based on various simulation settings, using two different familiesQ2
services, four types of vessels (and thus four levels of nominal capacities), four water levels, and a set
of 800 demands, with origin-destinations evenly distributed over the five-terminal waterway network.
The numerical results obtained are displayed in Tables 5 and 6. A set of service performance indicators
(see Table 7) are used to evaluate the proposed rerouting mechanisms.

As already mentioned, trucks are assumed to be available as an alternative transport mode to
integrate the intermodal transportation system. We conduct comparisons using three approaches:
Dynamic Capacity Allocation (DCA), DCA with Partial-Reroute (PR), and DCA with Full-Reroute (FR).
These comparisons are performed assuming standard water level conditions, with no variation. As a
result, the actual average fill rate (AFR) is identical to the nominal average fill rate (NFR). Additionally,
we introduce the solving time (ST) as a measure to evaluate their computational time. It is important
to note that, on one hand, the Partial-Reroute (PR) approach calls the rerouting procedure at each
forecast update (every two days, i.e. four time periods, in our experimental setting); during four time
periods, 40 demand requests are assumed to occur. On the other hand, the Full-Reroute (FR) approach
triggers the rerouting procedure at each new incoming demand. The results indicate that rerout-
ing outperforms the base DCA mechanism in all aspects. Indeed, the Full-Reroute approach provides
not only higher fill rates of the barges (AFR), but also improved demand acceptance for both orig-
inal barge transportation (VOB) and overall acceptance (VOA). Additionally, it significantly increases
the total revenue (TR). Moreover, with the advantage of having access to an alternative transporta-
tion mode (trucks), even if penalty costs are incurred for shifting some demand volumes to truck,
the solution will still guarantee a favourable revenue outcome. Nevertheless, Full-Reroute (FR) mech-
anisms require more time to solve the problem. However, the main focus of this subsection is to
emphasise how rerouting mechanisms can be applied to address variations in water levels or other
incidents that would decrease the capacities of barges within the system. With lower computational
times, Partial-Reroute (PR)mechanisms also yield competitive resultswhen compared to the baseDCA
approach.
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Deleted Text
Tables are renumbered to appear sequential order. Please correct if it is inaccurate.



715
716
717
718
719
720
721
722
723
724
725
726
727
728
729
730
731
732
733
734
735
736
737
738
739
740
741
742
743
744
745
746
747
748
749
750
751
752
753
754
755
756
757
758
759
760
761
762
763
764
765

TRANSPORTMETRICA B: TRANSPORT DYNAMICS 15

Table 5. Different service indicators for three methods.

Service no. Service capacity Booking policy AFR(%) VTR(%) VFB(%) VOB(%) VOA(%) TR ST (s)

1 10 DCA 100 – 35 35 42 716 18
PR 98 2 35 37 44 746 40
FR 100 37 25 62 53 1735 788

20 DCA 97 – 57 57 53 2184 18
PR 96 3 56 59 56 2320 64
FR 98 35 43 78 66 3681 1380

30 DCA 90 – 70 70 62 3570 19
PR 90 1 70 71 63 3659 84
FR 97 25 59 83 73 5191 1975

40 DCA 83 – 77 77 69 4667 19
PR 855 1 78 79 71 4875 89
FR 92 13 73 86 78 6112 2555

2 10 DCA 99 – 56 56 53 2054 20
PR 98 9 52 61 56 2572 78
FR 100 46 38 84 72 4211 2240

20 DCA 93 – 81 81 72 5034 22
PR 93 6 76 83 75 5492 128
FR 98 29 65 94 86 7716 4007

30 DCA 82 – 92 92 83 7641 23
PR 84 2 91 93 85 7986 160
FR 90 17 82 98 93 9502 5057

40 DCA 71 – 97 97 91 9292 22
PR 75 1 97 98 92 9363 175
FR 78 6 93 99 96 10115 4122

Therefore, Partial-Reroute is implemented for each tested problem instance and the correspond-
ing results computed and displayed (Table 6). The numerical values presented in Table 6 show
that when the network status changes, specifically when there are fluctuations in water levels
over time, it becomes essential to carry out necessary network operations in order to sustain the
network service system. Our observations revealed that, for each problem instance, a large vol-
ume of demand initially intended for transportation by barge should be shifted to trucks due to
decreasing water levels. Thanks to the demand rerouting mechanisms, it is possible to devise a
new plan with changed demand itineraries, but keep most of the already accepted demands on
barge.

In all the tested scenarios, the demand rerouting mechanisms result into optimised utilisation of
service network resources, as demonstrated by the consistently high actual average fill rate (AFR).
Despite the need to shift some demand volume to trucks when water levels decrease, the IWT net-
work utilisation remains remarkably high, with the majority of AFR surpassing 90%. When the vessel
capacities are limited (e.g. in Service No. 1 with capacities of 10 and 20, and Service No. 2 with a capac-
ity of 10), the AFR remains close to or at 100% across all testedwater levels. This indicates the necessity
of redirecting demand volumes to trucks at certain terminals, while still striving for an optimal alloca-
tion of resources across all IWT services. Conversely, when the barge capacities are sufficient (such as in
ServiceNo. 2with a capacity of 40), there is guarantee thatmost of the originally accepteddemandvol-
umes for transportation by barge (VOB) may still be accommodated without the need for redirection
to trucks (VFB), if water levels decrease.

In conclusion, when comparing the results of different mechanisms, we demonstrate that full
rerouting consistently outperforms partial rerouting. Although full rerouting may require more com-
putational time, it proves to be superior in terms of various aspects. On the contrary, the base DCA
policy performs poorly in multiple aspects, including lower revenue, sub-optimal resource utilisation,
reduced flexibility, and difficulties in adapting to system status changes. This is particularly true when
incidents occur with barges, requiring rapid identification of alternative demand routeing plans.
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Table 6. Different service indicators with service status change.

Service no. Service capacity Water level AFR (%) NFR (%) VT (%) VFB (%) VOB (%)

1 10 1 98 98 2 35 37
0.9 99 89 7 31 37
0.8 100 80 11 26 37
0.7 99 69 16 22 38

20 1 96 96 3 56 59
0.9 97 87 9 49 59
0.8 98 79 16 43 59
0.7 98 69 22 37 59

30 1 90 90 1 70 71
0.9 94 84 7 62 69
0.8 96 76 15 54 69
0.7 96 67 22 47 69

40 1 85 85 1 78 79
0.9 89 8 7 71 78
0.8 93 75 13 64 77
0.7 95 67 22 54 77

2 10 1 98 98 9 52 61
0.9 99 90 10 48 58
0.8 100 80 15 42 57
0.7 99 69 20 38 58

20 1 93 93 6 76 83
0.9 96 87 9 72 81
0.8 99 79 14 64 79
0.7 99 69 24 55 79

30 1 84 84 2 91 93
0.9 91 82 5 87 92
0.8 94 75 13 78 91
0.7 97 68 20 70 90

40 1 75 75 1 97 98
0.9 82 73 2 95 97
0.8 87 70 7 89 96
0.7 92 65 16 79 95

Table 7. Service performance indicators.

Performance indicator Definition

1. AFR Actual Fill Rate of the services in average
2. NFR Nominal Fill Rate of the services in average
3. VTR Volume rate of demand on Truck due to Reroute
4. VFB Volume rate of demand Finally allocated on Barge
5. VOB Volume rate of demand Originally accepted on Barge
6. VOA Volume rate of demand Originally Accepted
7. TR Total Revenue
8. ST Solving Time

5. Conclusions

Based on the analysis presented in this paper, it can be concluded that the implementation of RM-
based rerouting mechanisms in intermodal barge transportation networks can significantly improve
the overall efficiency and profitability of the system. These mechanisms can effectively manage and
allocate resources, and improve reliability by dynamically rerouting demands in response to changing
waterway network operating conditions and levels of available capacities.

As expected, the rerouting mechanisms consistently generate better revenues than a basic
dynamic capacity allocation (DCA), as it allows demand itineraries to be modified in real-time to
respond to new, more accurate information available in the system. Therefore, the proposed rerout-
ing policies may help inlandwaterway carriers to improve their service network by optimising vessels’
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capacity utilisation and reallocating demands on the network services. By being more flexible and
responsive to changes in demand and capacity constraints, this approach can help achieve better
revenue and offer better quality-of-service to the market, ultimately driving growth and profitability.

The study highlights the importance of considering both operational and economic factors when
designing and implementing such mechanisms, as well as the need for effective communication and
collaboration between different stakeholders in the transportation network. The findings of this paper
provide valuable insights into the potential benefits of online RM-based reroutingmechanisms in IWT
networks, and suggest that further research in this area could lead to significant improvements in the
efficiency and sustainability of intermodal and synchromodal barge transportation.

Notes

1. https://commission.europa.eu/strategy-and-policy/priorities-2019-2024/european-green-deal_en.
2. https://transport.ec.europa.eu/transport-themes/mobility-strategy_en.
3. The twenty-foot equivalent unit (abbreviated TEU or teu) is an inexact unit of cargo capacity, often used for container

ships and container ports.
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