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Abstract. Barge transport presents a sustainable alternative to road transport, offering 
the potential to reduce costs. However, increasingly frequent and severe drought 
seasons, attributed to climate change, challenge the resilience of this mode of transport. 
Decreased water levels restrict navigation, impact vessel size, and reduce vessel 
capacity. This study introduces a novel and integrated modeling framework for tactical 
planning in consolidation-based barge freight transportation. By examining the 
relationship between water levels and vessel load capacity, with a specific focus on 
vessel dimensions, the framework aims to evaluate possible impacts on the efficiency 
and profitability of inland waterway transport. We introduce two stochastic Water-
Level- Constrained Scheduled Service Network Design with Resource and Revenue 
Management models to address uncertainties in resource capacities caused by water 
level variations, each addressing a distinct tactical plan adjustment strategy. These 
models aim to establish a tactical plan, given predicted water levels, that maximizes the 
expected carrier’s revenue while accounting for future adjustments to the plan when 
information is revealed and predictions are reliably updated, to fulfill the demands of 
shippers and optimize the utilization of the carrier’s resources. Through extensive 
experimentation using commercial software and a novel decision-based scenario 
clustering algorithm, we assess the quality of the solutions obtained with the different 
model variants and analyze the impact of the water level on the results. 
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1 Introduction

Barge transportation, a key component of intermodal freight transportation, is known
for its cost-effectiveness and environmental sustainability and plays a crucial role in fa-
cilitating the exchange of freight between maritime ports and their hinterlands, as well
as among river ports. Carriers in this sector often use consolidation strategies to com-
bine small and large shipments, enhancing operational efficiency and cost-effectiveness.
However, this requires precise coordination of shipping schedules, freight specifications,
and service requirements. To deliver shipments at low cost and with high punctuality,
carriers need effective planning of transportation activities—detailing the service net-
work, resource utilization, shipment handling and transport operations—in a way that
ensures efficiency, profitability, and effective consolidation, while maintaining the desired
level of service quality that is crucial for shipper satisfaction. This problem, addressed at
the tactical level, is supported by the Service Network Design (SND) methodology. This
tactical planning problem is typically addressed using the Scheduled Service Network De-
sign (SSND) model, which defines an optimized transportation plan that specifies which
services and schedules to operate, and how shipments are routed across the network for
a given schedule length (e.g., a week), executed repeatedly over a medium-term horizon
(e.g., a season), with the objective of maximizing profit.

Most service network design cases, including SSND models, often overlook environ-
mental factors that can directly impact the capacity of transportation resources, which
are used for operating scheduled services efficiently across land-, air-, and water-based
modes. Beyond disregarding infrastructure conditions, these models are predominantly
deterministic, operating under the assumption that there are no significant variations in
the system’s state—whether on the supply or demand sides—throughout the planning
horizon (Crainic and Hewitt, 2021; Crainic and Rei, 2025). SSND models generally pre-
sume that the capacity offered by each resource supporting the service over the designed
network remains known and constant throughout the planning horizon. This is often not
the case, however. Hence, our research centers on the uncertainty in infrastructure and
resource capacity, particularly relevant for inland waterway transportation, where water-
level fluctuations can significantly impact vessel capacity. Lower water levels can decrease
vessel capacity due to increased grounding risks, while higher water levels might allow
for greater freight capacity but could introduce navigational challenges under bridges
and through certain canal sections (Prandtstetter et al., 2023). These fluctuations result
from transient weather conditions, such as rainfall and short dry spells, and are char-
acterized as randomness—foreseeable variations that can be described through random
variables with known probability distributions (Christodoulou et al., 2020; Zheng and
Kim, 2017). Expert-generated forecasts provide probability distributions for water lev-
els at critical river segments and ports, specifying the expected variation in a vessel’s
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loading capacity based on its type. Such predictions are made for the next season at a
fairly high aggregation level and are later repeatedly updated during operations for short
(e.g., the schedule length) horizons. When the updated predicted water levels are lower
than initially anticipated, carriers face reduced vessel capacities, forcing them to either
reject part of the demand to be transported and pay any associated penalties or adapt
their transportation plans through costly re-optimization. These dynamic adjustments,
which deterministic SSND models are unequipped to handle, underscore the need for a
stochastic service network design framework that integrates infrastructure uncertainty
and enables flexible, informed decision-making under environmental variability. While
there is a substantial body of literature on SSND models for consolidation-based trans-
portation, most studies focus on demand-side uncertainty, with only a few addressing
supply-side uncertainty and even fewer considering uncertainties in infrastructure and
resource capacity. To the best of our knowledge, no existing work has jointly tackled
both the design of an efficient service network and the impact of water level uncertainty
on vessel-supported service capacity. The practical consequences of this gap are increas-
ingly evident. In 2022, European inland waterway freight volumes declined by 5.5%,
and total transport performance dropped by 10.6% to 122 billion ton-kilometers. The
Rhine alone recorded a 6.8% decrease in cargo traffic, a 12.2% reduction in container
volumes, and a 42.5% surge in dry cargo freight rates driven directly by reduced vessel
capacity under low-water conditions. On the Middle Danube, grain transport capacity
collapsed by 80% due to prolonged drought, underscoring the system’s acute vulnerability
to environmental fluctuations (Eurostat, 2023).

We aim to fill this gap by introducing the Water-Level-Constrained Scheduled Service
Network Design with Resource and Revenue Management(WL-SSND-RRM) problem,
which addresses the challenges of integrating water-level variability into tactical plan-
ning for barge transportation systems. We propose two models, formulated within a
two-stage stochastic programming framework, each defined by a specific strategy to han-
dle the impact of randomly changing water-level conditions. Both models aim to establish
a tactical operations plan, given predicted water levels, that maximizes the expected car-
rier’s revenue while accounting for future possible adjustments to the plan as information
is revealed and forecasts are updated—thereby fulfilling shipper demand and optimizing
resource utilization.

In the proposed stochastic models, water level uncertainty is represented through a
scenario set that captures random variations in service capacities. To reflect this variabil-
ity accurately, the scenario set must be sufficiently comprehensive, which often requires
a large number of scenarios and, consequently, increases the amount of contextual infor-
mation that must be integrated into the optimization process. However, incorporating
all scenarios into the stochastic WL-SSND-RRM models can significantly increase com-
putational complexity, rendering them intractable in practice. To address this challenge,
we adopt a decision-based scenario clustering approach inspired by Hewitt et al. (2022).
However, our use of this approach differs from the original method in a meaningful way.
Whereas Hewitt et al. (2022) cluster scenarios based on traditional sources of operational
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uncertainty (e.g., demand), we cluster water-level scenarios according to the tactical de-
cisions they induce through capacity changes. In Step 1, we form clusters of water-level
scenarios that lead to similar tactical decisions, thereby reducing redundancy in the sce-
nario set while minimizing information loss. At the same time, we also form clusters of
scenarios that lead to dissimilar tactical decisions, ensuring that the reduced set captures
diverse, decision-relevant information. In Step 2, the resulting scenario clusters are used
to apply a series of bounding techniques. These techniques yield alternative feasible so-
lutions whose objective values provide lower bounds for the stochastic models, while also
producing an upper bound that serves as a certificate for evaluating the optimality gaps
of the obtained solutions.

The contributions of this paper are the following: (i) We introduce the WL-SSND-
RRM problem, which explicitly accounts for uncertainties in resource capacities caused by
random water-level variations—a critical factor that directly impacts vessel capacity and
service feasibility and has not been addressed in the literature; (ii) This work proposes
two stochastic models, each defined by a specific approach to handling the impact of
observed randomly changing water-level conditions on the execution of the tactical plan.
The first model allows demand itinerary adjustments at a cost, enabling shipment flows
to dynamically adapt to realized water-level conditions. The second model introduces
penalties for unmet demand, maintaining a fixed tactical plan even when water levels
deviate from expectations ; (iii) We complement the proposed stochastic models with a
solution approach that makes them computationally tractable in practice. Specifically,
we employ a decision-based scenario clustering analysis approach to reduce redundancy
in the scenario set while preserving decision-relevant variability and limiting information
loss. This reduction allows us to solve the models using a commercial solver such as
Gurobi to generate bounds, without the need to develop problem-specific algorithms.
Although the clustering method was originally proposed in the context of stochastic
service network design, its effectiveness for the WL-SSND-RRM problem illustrates how
large-scale stochastic models of this type can be solved and applied in realistic inland
waterway planning settings; (iv) We conduct extensive computational experiments to
evaluate the performance of our stochastic models compared to the deterministic model.
Also, we analyze how different strategies to handling the impact of randomly changing
water levels influence the structural characteristics of tactical plans. Additionally, we
assess the impact of water-level fluctuations on the efficiency and profitability of the
resulting tactical plans.

The paper is organized as follows: Section 2 presents the barge transportation sys-
tem, including the physical network, supply side, and demand side. Section 3 provides a
comprehensive review of the relevant literature, encompassing discussions on both deter-
ministic and stochastic service network design, and examines various solution methods
proposed in this field. Section 4 outlines the problem setting and introduces the proposed
stochastic WL-SSND-RRM formulations for the barge transportation system. Section 5
explains the solution approach adopted in this research. Section 6 reports the experimen-
tal results. Finally, Section 7 summarizes the main findings and outlines future research

3

Service Network Design with Uncertainty on Water Levels for Intermodal River Transport

CIRRELT-2026-07



directions.

2 Barge transportation system description

Freight transportation via inland waterways involves the movement of shipments from
their point of origin to their destination using vessels that operate along rivers, canals,
and related infrastructure (Bilegan et al., 2022). A detailed description of the physical
infrastructure involved in barge transportation, including waterways and terminals, will
be provided in Section 2.1. The key stakeholders in this system are carriers and shippers,
representing the supply and demand sides, respectively, which will be further explored
in Sections 2.2 and 2.3.

2.1 Physical network

Similar to land- and air-based transportation modes, which require a certain set of in-
frastructure components, water-based transportation has its own physical network, which
consists of waterways and ports. Waterways are corridors characterized by their length,
width, and depth, connecting ports and allowing vessels to navigate between them to
transport freight from one terminal to another. Depending on their geographic location,
waterways are categorized as deep sea, short sea, coastal, or inland. In contrast to the
deep sea, the coastal and inland waterways studied here are shallower, narrower, and
shorter. Due to these physical characteristics, smaller vessels, such as barges, are used
to navigate these waterways. These attributes limit not only the size of vessels but also
the number of vessels that can travel simultaneously in both directions on a given sec-
tion of the waterway within a specific time frame. While the width and length of rivers
remain relatively constant over time, the depth—defined as the distance between the wa-
ter surface and the highest point of the riverbed—fluctuates. Water depth is influenced
by various factors over short, medium, and long-term periods, such as extreme weather
events, seasonal changes, and annual warming and cooling cycles, making navigation
more challenging at times.

Ports, the other key component of water-based transportation, are facilities located
along coasts or rivers where vessels dock to load and unload freight. Ports are composed
of one or more quays and terminals. A quay is the structure along the edge of the water
where vessels are moored, and its length is often considered to match that of the terminal,
especially in simplified terminal layouts. A terminal is a specialized facility within a
port designed for handling freight. Terminals are equipped with cranes, warehouses,
storage areas, and other infrastructure necessary for loading and unloading vessels and
transferring freight to and from trucks, trains, or other modes of transportation. The
main physical constraints of each terminal are the water depth at the berth, the number
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Figure 1: Schematic view of the most relevant measurements related to vessel’s draught
and water level

of load-handling machines, and the available storage space. The berthing capacity—the
number of vessels that can dock simultaneously—is limited by the terminal’s length. The
water depth limits the maximum submerged vertical dimension of a loaded vessel, defining
the safe docking depth at the terminal, while storage capacity limits the volume of freight
that can be stored at the terminal for a given period. Therefore, each terminal’s capacity
is measured based on several dimensions, such as the volume of freight that can be loaded
or unloaded per time unit (i.e., handling capacity), the number of vessels that can be
docked at the terminal in a given length unit (i.e., berthing capacity), and the volume of
freight that can be stored at the terminal per time unit (i.e., storage capacity). Carriers
using the port have to pay the costs associated with each terminal. Load handling,
load storage, and vessel holding costs are all included in the costs associated with each
terminal. The first two costs—load handling cost and load storage cost—vary depending
on the type of container used, while the vessel holding cost for each terminal depends on
the type of the vessel.

2.2 The barge transportation system’s supply side

Carriers in the barge transportation system offer scheduled services to transport freight
between terminals. These services are designed to meet a variety of shipping needs by
offering flexible routes and schedules to ensure shipments are delivered from origin to
destination within a specified time window. Each potential scheduled service follows
a specific waterway route within the network, which may be either a single-leg service
(traveling directly from origin to destination without stops) or a multi-leg service (stop-
ping at multiple terminals to load and unload freight). Each service is defined by its
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origin, destination, intermediate terminals (if any), and scheduled arrival and departure
times at each terminal. The total duration of any service, whether single-leg or multi-leg,
is determined by the cumulative travel times for each leg and any waiting times at ter-
minals(Crainic and Hewitt, 2021). Carriers offer a range of fare classes, which are price
categories designed to reflect different levels of service quality that may vary in terms
of delivery time and flexibility. These fare classes allow shippers to choose between dif-
ferent service quality options. For delivery time, shippers can opt for standard delivery,
which involves longer transit times, or express delivery, which offers faster transit times.
Overall, fare classes enable carriers to provide tailored quality of service levels that meet
the varying needs of shippers.

Services are performed by vessels of various types in the barge transportation system.
Each vessel type has specific technical specifications: length, typically measured in meters
or feet; speed, measured in knots; and critical depth characteristics, such as maximum
and minimum draught (See Figure1). The maximum draught refers to the deepest point a
fully loaded vessel can safely reach below the waterline, determining the maximum load it
can carry without compromising safety. Conversely, the minimum draught represents the
shallowest depth the vessel reaches when empty (Prandtstetter et al., 2023). These last
two predefined specifications establish the safe loading range, or loading capacity, of each
vessel, which can be measured in terms of weight (tons), volume (TEUs), or a combination
of both. When a vessel is partially loaded (i.e., carrying less than its maximum capacity
but not empty), its submerged depth—referred to as the actual draught—naturally falls
between the minimum and maximum draughts, as illustrated in Figure 1. The actual
draught can be described as an incremental function, where each added unit of load results
in a proportional increase in draught (van Dorsser et al., 2020). In this context, the load-
draught coefficient signifies how sensitive the draught is to changes in load, capturing this
relationship whether it follows a simple linear progression or a more complex pattern.

2.3 The barge transportation system’s demand side

Shippers generate the demand for transportation services in the barge transportation
system. These shippers include manufacturers, distributors, wholesalers, retailers, and
other businesses that require the movement of shipments from one port to another. The
shipments may consist of finished products, intermediate goods, raw materials, or other
types of freight, which can be packaged in various forms such as boxes, bags, drums, bales,
and rolls. In the intermodal barge transportation system, loads transported by vessels
are typically placed into containers, offering several advantages, including improved load
safety, reduced handling costs, and standardization (Bektaş and Crainic, 2008). Standard
containers come in two lengths—20 feet and 40 feet. The Twenty-foot Equivalent Unit
(TEU) is the standard measure of container volume, where a 20-foot container equals 1
TEU, and a 40-foot container equals 2 TEUs.

Shippers on the demand side of the barge transportation system can be categorized
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based on their business relationship with carriers as regular or spot shippers; Regular
shippers: have long-term contracts with carriers, ensuring consistent and predictable
transportation demands and benefiting from guaranteed capacity. Spot shippers: on the
other hand, request transportation services only when needed, without engaging in long-
term contractual commitments (Bilegan et al., 2022). Regardless of whether a shipper
is regular or spot, each shipper’s demand has several defining characteristics: the origin
and destination of the shipment, specifying the pickup and delivery ports; the demand
size, measured by volume (TEUs) and weight (total tonnage); and the type of container,
such as open-top, open-side, or refrigerated. Additionally, shippers choose fare options
based on their delivery needs, opting for either standard delivery or express delivery.

3 Literature Review

This section reviews the relevant literature on planning problems in intermodal barge
transportation systems. The discussion emphasizes three interconnected aspects: plan-
ning studies related to service network design in barge transportation, the influence of
infrastructure and environmental limitations on tactical decisions, and the development
of optimization-based models and solution techniques proposed to support intermodal
barge transportation at the tactical planning level.

Service network design problems have been extensively studied in the literature to ad-
dress tactical planning issues for consolidation-based carriers (Crainic and Hewitt, 2021;
Crainic and Rei, 2025). The reader may refer to reviews on this field for long-haul trans-
portation by (Crainic, 2003), for rail by (Cordeau et al., 1998), for maritime transporta-
tion (Christiansen et al., 2007), for motor carriers (Bakir et al., 2021) and for intermodal
transportation by (Crainic and Kim, 2007; Agamez-Arias and Moyano-Fuentes, 2017;
SteadieSeifi et al., 2014). Despite the breadth of research on service network design,
studies specifically targeting tactical planning in the context of barge transportation are
relatively scarce. In intermodal barge transportation, tactical planning has been studied
with a focus on service route selection, service frequency and capacity definitions, and
in some cases, the repositioning of empty containers (Caris et al., 2012; Braekers et al.,
2013; Riessen et al., 2015; Ypsilantis and Zuidwijk, 2019). Nevertheless, most of these
studies concentrate on barge routing and repositioning without incorporating broader
operational challenges, particularly those related to water depth variability and bridge
height limitations—key factors that directly affect the feasibility of barge operations.
Only a few studies explicitly consider these infrastructure-related constraints. A notable
contribution is by Zhang et al. (2020), who propose the use of foldable containers to
address height and depth limitations in river–sea intermodal transport. Their mixed-
integer linear programming model optimizes empty container repositioning under these
structural constraints in a deterministic setting. Müllerklein and Fontaine (2025) also
work on integrating disruption risks into transportation planning by proposing a two-
stage stochastic model that optimizes the selection and combination of resilience strate-
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gies—such as rerouting, inventory positioning, and sourcing flexibility—under transport
uncertainty. Although their work focuses on general supply chain networks, the ap-
proach highlights the importance of incorporating tactical and operational responses to
infrastructure-related disruptions. This perspective is relevant for barge transportation
systems, where fluctuating water levels can significantly impact route feasibility and ves-
sel capacity, yet remain largely overlooked in the existing tactical planning literature.

A significant share of the literature on tactical planning for consolidation-based car-
riers leverages time-dependent service network design models, commonly referred to as
Scheduled Service Network Design (SSND) models. These models incorporate the tem-
poral dimensions of both demand and service through time-space networks, which are
constructed by extending the network along the dimension of time for the duration of the
schedule length. SSND models have been extensively applied in deterministic frameworks
across transportation modes. Comprehensive overviews of SSND models are presented
in (Crainic and Hewitt, 2021) and (Crainic and Rei, 2025), including model structures,
applications, and solution strategies. SSND has recently been adapted to the context
of intermodal barge transportation. Bilegan et al. (2022) developed a model tailored
for inland waterway networks, enhancing the classical SSND framework by integrating
resource and revenue management—resulting in the Scheduled Service Network Design
with Resource and Revenue Management (SSND-RRM). This model jointly optimizes
service selection, resource utilization, and demand routing to maximize carrier profitabil-
ity while selecting high-value spot shipments and accommodating varied service quality
requirements. Building on these contributions, our work develops a tactical planning
framework that explicitly incorporates the stochastic nature of vessel-supported service
capacity, which is affected by unavoidable water level fluctuations due to environmental
and weather-related variability. We formulate two-stage stochastic programming mod-
els to capture this uncertainty—an aspect rarely addressed in SSND literature despite
its operational significance. While demand uncertainty has been the primary focus of
stochastic SSND models (Bai et al., 2014; Hewitt et al., 2019; Hoff et al., 2010; Lium
et al., 2009; Wang et al., 2019; Wang and Qi, 2020), other sources of uncertainty re-
main underexplored. Most models are typically structured as the two-stage stochastic
programming framework, with service selection in the first stage under probabilistic de-
mand, and recourse actions such as rerouting or outsourcing in the second stage once
actual demand is revealed (Crainic et al., 2011, 2014). Some contributions, such as (He-
witt et al., 2019), further extend this framework by including resource acquisition and
allocation decisions in the first stage. In comparison, travel time uncertainty has received
limited attention. Lanza et al. (2021) proposed using penalties for lateness as a recourse
strategy, while Lanza et al. (2024) proposed a more adaptive approach involving de-
parture rescheduling, flow rerouting, and outsourcing. In contrast, capacity uncertainty
remains largely overlooked in the SSND literature. To date, (Sun et al., 2018) is the only
study that explicitly models this aspect, using fuzzy chance constraints within a Mixed
Integer Linear Programming (MILP) framework to capture rail capacity limitations in
intermodal routing, ensuring feasibility with a certain probability. Notably, the model
does not incorporate recourse decisions to address capacity shortfalls, leaving a significant
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gap in adaptive planning under resource capacity uncertainty.

As mentioned, two-stage stochastic programming is the most commonly used formu-
lation to model uncertainty in SSND problems. In these models, uncertainty is cap-
tured through a set of scenarios representing random variations, which must be large
enough to provide an accurate and detailed representation of uncertainty. However, a
larger scenario set significantly increases computational complexity in the optimization
process. To address this challenge, various solution methods have been explored, includ-
ing metaheuristics (Hoff et al., 2010), progressive-hedging-based meta-heuristic (Lanza
et al., 2021), matheuristics that utilize column generation (Hewitt et al., 2019), and par-
tial Benders decomposition methodology (Crainic et al., 2021). The complexity of these
stochastic combinatorial optimization problems has led to the adoption of scenario clus-
tering, where meta-heuristics first cluster scenarios and then apply progressive hedging
to solve the subproblems within these clusters, demonstrating computational success in
stochastic network design (Crainic et al., 2014; Jiang et al., 2021). Recently, (Hewitt
et al., 2022) proposed a solution approach consisting of two steps: first, scenarios are
grouped based on their similarity or dissimilarity in the solutions they induce; second,
the scenario cluster information is leveraged to compute efficient bounds for stochastic
two-stage service network design models.

4 Problem setting and modeling approach

This section presents two stochastic formulations of the Water-Level-Constrained Sched-
uled Service Network Design with Resource and Revenue Management (WL-SSND-RRM)
problem developed for the tactical planning of barge transportation, where the plan is
established for a schedule length and repeated over the planning horizon, referred to as
a season. The WL-SSND-RRM problem involves designing a scheduled service network,
managing resources to support services, optimizing profit through revenue management
via capacity management, and routing demand under fluctuating water levels, ensuring
demand fulfillment while maintaining profitability and operational efficiency. First, we
introduce the physical system, demand, potential service network, and economic ele-
ments that apply to both stochastic variants of the WL-SSND-RRM problem in Section
4.1. This is followed by a detailed explanation of the specific aspects and mathematical
formulations for each variant in Section 4.2.

4.1 Problem Setting and Notation

Physical System. The physical infrastructure system is represented by a physical
network, Gph = (N ph,Aph), where N ph denotes the set of geographical ports and Aph

represents the set of physical links. Each port η ∈ N ph has a specific berthing capacity,
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measured in length units and denoted by Qη. Each physical link a ∈ Aph is characterized
by a specific water level at each time period, denoted by pa, which can be represented
either by a point estimate in the deterministic case or by a probability distribution in
the stochastic case. The point estimate is typically derived statistically from historical
data, often using the mode or average to represent the most likely water level on each
physical link over the planning horizon. In contrast, water levels in the stochastic case
are modeled using probability distributions to capture variability and uncertainty. These
distributions reflect both the likelihood of water levels falling within a typical range and
the less probable extreme values, providing a comprehensive representation of water level
fluctuations over time.

Demand. We define the set of shipping demands K = KR ∪ KP ∪ KF, where KR

(regular shippers) includes demands that must be fully served, KP (partial-spot shippers)
includes demands that may be partially met, and KF (full-spot shippers) includes de-
mands that can either be fully met or not met at all. Each demand k ∈ K is characterized
by its volume d(k) in TEUs. The conversion factor from TEUs to tonnage, denoted by
ω, relates the volume d(k) to the corresponding weight. Each demand is further defined
by its origin terminal O(k) ∈ N ph, destination terminal D(k) ∈ N ph, release time α(k)
at the origin terminal, and due time β(k) at the destination terminal. Shippers are as-
sumed to request either standard or express delivery, indicated by class(k), regardless
of their category. Obviously, express deliveries are charged a higher fare than standard
deliveries. The parameter ϕ(k) specifies the unit fare for each demand, corresponding to
its fare class class(k). Let Γ denote the set of container types, with γ(k) ∈ Γ representing
the container type for each demand. The type of container affects the handling, storage,
and transportation costs, due to differing requirements and handling complexities.

Service Network. Let V denote the set of vessel types, and let Fv represent the
maximum number of vessels of type v ∈ V available. Each vessel v ∈ V , pre-assigned
to a service, follows a circular sequence of services, starting and ending at the same
port. Vessels are characterized by their nominal speed and nominal capacity, measured
as capw(v) in tonnage and capvol(v) in TEUs. Additional characteristics include length
len(v), maximum draught dh+(v), minimum draught dh−(v) and the load-draught co-
efficient θ(v), measured in meters per tonnage, which quantifies how changes in loaded
weight affect the vessel’s draught. The set of potential services the carrier may operate
to meet transportation demand is denoted by Σ. Each potential service σ ∈ Σ is defined
by its route in the physical network, by its schedule, and by its vessel type. The route of
a potential service σ is specified as an ordered set of consecutive stops, including the ori-
gin, destination, and intermediate stops, denoted as N ph(σ) = {ηi(σ) | i = 0, . . . , n(σ)}.
Here, n(σ) = |N ph(σ)| − 1 and i indicates the ith stop of the service, with η0(σ) = O(σ)
and ηn(σ) = D(σ) as the origin and destination of the service, respectively. These ser-
vices are characterized by schedules that specify the departure and arrival times, α(ηi(σ))
and β(ηi(σ)), respectively, at each terminal ηi(σ) in N ph(σ). Each service has a total
duration δ(σ), which includes the time spent at each stop as well as the travel time for
each leg. A leg li(σ) is defined as the segment between each pair of consecutive stops and
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is expressed as (ηi−1(σ), ηi(σ)) for i = 1, . . . , n(σ).

The WL-SSND-RRM problem is formulated on a time-space network G = (N ,A).
This network is based on time discretization over the schedule length T , divided into
equal-length time periods, t ∈ {0, 1, . . . , T − 1}. The node set N is defined as {(η, t) |
η ∈ N ph, t = 0, . . . , T−1}, representing all terminals in the physical network at each time
instant. The arc set A is the union of moving arcs and holding arcs, A = AM ∪AH . The
set AM represents movements between nodes and is defined as: AM = {((η, t), (η′, t′)) |
η, η′ ∈ N ph, t, t′ ∈ {0, . . . , T − 1}, t < t′} This indicates movements between nodes η
and η′, departing at time t and arriving at time t′. The set AH is defined as: AH =
{((η, t), (η, t + 1)) | η ∈ N ph, t ∈ {0, . . . , T − 1}}. These represent a one-time period
waiting at terminal η at time t for vessels, demand, and services. According to the
definition of moving arcs in the time-space network, each service leg corresponds to a
moving arc. Specifically, a moving arc standing for service leg li(σ) = {(ηi−1(σ), ηi(σ)) |
i = 1, . . . , n(σ), σ ∈ Σ}, is defined as ali(σ) = ((ηi−1(σ), α(ηi−1(σ))), (ηi(σ),
β(ηi(σ))). This arc indicates the departure of the service leg from terminal ηi−1(σ) at
time α(ηi−1(σ)) and its arrival at terminal ηi(σ) at time β(ηi(σ)). The second type of arc
referred to as a holding arc, is thus defined as aηt = ((η, t), (η, t + 1)), where (η, t) ∈ N .
As we formulated the problem on a time-space network, the characteristics of nodes and
arcs in the physical network are represented in the time-space network. The water levels,
which are defined for each physical link over different periods, can be directly mapped
onto moving arcs in the time-space network. Specifically, the water level for a physical
arc, denoted as pa, is represented as pali(σ)

for moving arcs ali(σ) ∈ AM . Similarly, the

berthing capacity Qη for nodes is represented as Qaηt for holding arcs aηt ∈ AH .

In this setting, we consider the following information revelation and decision-making
process. At the tactical planning stage, a transportation plan is developed that encom-
passes the establishment of a network of scheduled services operated by assigned vessels
and the determination of itineraries for regular and profitable spot shippers’ demand.
Since each service is directly linked to a vessel, the planning process implicitly manages
vessel scheduling as part of resource management. However, it also explicitly includes
additional resource management decisions, such as determining the number of temporar-
ily idle vessels awaiting their next service departure and the total number of vessels
utilized in the service plan. These decisions—encompassing the establishment of a net-
work of scheduled services, the determination of demand itineraries, and explicit resource
management—are made during the planning stage, before observing actual water level
realizations, and are based solely on statistical distributions of water levels. Once these
decisions are made and just before service operations begin (i.e., at the start of the sched-
ule length), we assume that more precise water level forecasts become available. This as-
sumption is consistent with the scope of the paper: incorporating multiple updates within
the schedule length would correspond to operational planning, which involves short-term
adjustments during execution and lies outside the scope of this study. Such forecasts may
be obtained through specialists’ interpretation of updated short-term weather and hydro-
logical data, and they are expected to be highly accurate because the schedule length is
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sufficiently short to maintain predictive precision and reflect observed weather and hydro-
logical patterns. Thus, improving the accuracy of water level estimations shortly before
transportation services begin is both feasible and highly advantageous, as it enables car-
riers to incorporate the latest data into their decision-making processes, refine tactical
plans, and adjust them based on updated water level information. This ensures better
alignment with operational realities and helps address limitations caused by fluctuating
water levels, which can lead to partial or total reductions in vessel capacity, directly
affecting the feasibility of demand itineraries by restricting the amount of demand that
can be transported over planned services. Specifically, carriers might re-plan demand
itineraries by modifying itineraries or selectively mitigating demand over planned de-
mand itineraries by paying penalties. These adjustments ensure that the transportation
plan remains feasible, efficient, and adaptable to dynamic conditions.

Costs. The following unit costs are defined: Let h(η, v) denote the holding cost
associated with each vessel type at the terminal for one time period, and µ(v) the cost
associated with each vessel type that is not used in the optimal plan. Let f(σ) denote
the fixed cost of setting up and operating the service σ, and let ci(γ(k), v(σ)) represent
the transportation cost of a container of type γ(k) by a vessel of type v(σ) on the ith

leg of service σ. Here, γ(k) ∈ Γ denotes the container type for demand d, and v(σ) ∈ V
specifies the type of the vessel assigned to service σ. Let c(η, γ(k)) denote the cost of
holding a container of type γ(k) at terminal η for one period and κ(ηi(σ), γ(k)) represent
the loading/unloading cost of a container of typeγ(k) on the ith leg of service σ. Finally,
b(k) represents the penalty cost incurred when failing to meet demand k ∈ K.

4.2 Two-stage Stochastic WL-SSND-RRM Model

Building on the previously described information revelation and decision-making process,
we adopt a two-stage stochastic programming framework to establish a tactical plan that
maximizes the carrier’s overall profit. This plan is enriched by the expected adjustment
(recourse) costs incurred at the operational level in response to realized water-level con-
ditions, which impact vessel-supported service capacities. These recourse costs depend
not only on the specific water-level realizations and their resulting impact on capacity
availability but also on the type of adjustment strategy implemented. They form the
foundation for two distinct two-stage stochastic models: Two-Stage Stochastic Program-
ming with Demand Flow Adjustment Recourse (2-SPDFA) and Two-Stage Stochastic
Programming with Selective Demand Mitigation Recourse (2-SPSDM).

In the 2-SPDFA model, the first-stage tactical plan includes selecting services and
managing resources, while the second-stage decisions determine itineraries for both reg-
ular and selected spot shippers in response to the updated capacity conditions. This
recourse strategy (Demand Flow Adjustment Strategy) emphasizes flexibility by adjust-
ing demand itineraries after water levels are realized, aiming to minimize routing costs
while ensuring demand fulfillment across the service network under all water-level realiza-
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tions. To guarantee feasibility, the model introduces artificial origin–destination arcs that
represent outsourcing options, ensuring that all regular and selected spot demand can
be fulfilled even when vessel capacity is insufficient because of extremely low water-level
conditions.

In contrast, some carriers may prefer stability over flexibility when reacting to capacity
reductions. For these carriers, the 2-SPSDM model may represent a more suitable option.
The 2-SPSDM model establishes a complete tactical plan in the first stage—including
service selection, resource management, and itineraries for both regular and selected spot
shippers—and addresses capacity shortfalls through the Selective Demand Mitigation
Strategy. In this case, lower-priority or less profitable demands are selectively refused,
while high-priority shipments are prioritized even if penalties are incurred for unfulfilled
demands. The objective of this recourse strategy is to mitigate the impact of capacity
constraints on critical shipments while balancing the penalties associated with unmet
demands.

These two models therefore represent fundamentally different ways in which carriers
may respond to water-level uncertainty—one emphasizing flexibility through flow ad-
justments, and the other emphasizing stability through selective demand control. The
objective of each model is to maximize the carrier’s overall profit across the two stages
by considering the costs associated with tactical-level decisions in the first stage and
the expected adjustment (recourse) costs in the second stage. The recourse costs in the
2-SPSDM model consist of penalty costs for unmet demand, whereas in the 2-SPDFA
model they encompass adjustment costs for demand itineraries, including demand rout-
ing costs (e.g., moving, loading, and unloading) and demand holding costs. In these
stochastic models, a finite scenario set S is used to approximate the underlying proba-
bility space, where each scenario s ∈ S represents a possible realization of water levels
on each service leg. Each scenario is assigned a probability ρs, with

∑
s∈S ρ

s = 1. The
detailed formulations are presented in the following sections.

4.2.1 The 2-SPDFA model

To formulate the 2-SPDFA model, we define four sets of decision variables. The first
three belong to the first stage, while the fourth is associated with the second stage. The
decision variables are defined as follows:

• Service Selection

– y(σ) ∈ {0, 1}: Equals 1 if transportation service σ ∈ Σ is selected in the
tactical plan, and 0 otherwise.

• Shipper Selection
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– ξ(k) ∈ [0, 1]: Proportion of the volume of partial-spot shipper demand k ∈ KP

that is selected and serviced.

– ζ(k) ∈ {0, 1}: Equals 1 if full-spot shipper demand k ∈ KF is serviced, and 0
otherwise.

• Resource Management

– z(v, aηt) ∈ Z≥ 0: Number of temporarily idle vessels of type v waiting at
holding arc aηt for the departure of the next service they support.

– B(v) ∈ Z≥ 0: Total number of vessels of type v used in the service plan. Due
to the circular nature of the schedule, B(v) remains constant across all time
periods, although vessels may be moving or idle in ports at any given time.

• Demand Flow Distribution (Recourse Decisions)

– x(k, ali(σ))
s ≥ 0: Volume of demand k ∈ K transported on the ith leg of

service σ under scenario s.

– xout(k, ali(σ))
s ≥ 0: Volume of demand k ∈ K unloaded from the ith leg of

service σ under scenario s.

– xin(k, ali(σ))
s ≥ 0: Volume of demand k ∈ K loaded onto the ith leg of service

σ under scenario s.

– xhold(k, aηt)
s ≥ 0: Volume of demand k ∈ K held at terminal η during the

time interval (t, t+ 1) under scenario s.

Mathematical formulation. The problem is formulated as follows:

max
∑
k∈KR

ϕ(k)d(k) +
∑
k∈KP

ϕ(k)ξ(k)d(k) +
∑
k∈KF

ϕ(k)ζ(k)d(k)

−
∑
v∈V

µ(v)(Fv −B(v))−
∑
σ∈Σ

f(σ)y(σ)−
∑

aηt∈AH

∑
v∈V

h(η, v)z(v, aηt)

−
∑
s∈S

ρsGs(χ)

(1)

Subject to

B(v) =
∑

η∈Nph

z(v, aη0) +
∑
σ∈Λ0l

y(σ), ∀v ∈ V (2)

B(v) ≤ Fv, ∀v ∈ V (3)∑
σ∈Σ−

ηtv

y(σ) + z(v, aηt−1) =
∑

σ∈Σ+
ηtv

y(σ) + z(v, aηt), ∀v ∈ V , aηt−1 , aηt ∈ AH (4)

∑
v∈V

len(v)(
∑

σ∈Σ−
ηtv

yσ + z(v, aηt−1)) ≤ Qaηt , ∀aηt ∈ AH (5)
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y(σ) ∈ {0, 1} ∀σ ∈ Σ (6)

ξ(k) ∈ [0, 1] ∀k ∈ KP (7)

ζ(k) ∈ {0, 1}∀k ∈ KF (8)

z(v, aηt) ≥ 0 ∀v ∈ V , aηt ∈ AH (9)

B(v) ≥ 0, integer ∀v ∈ V (10)

where Gs(χ) is the optimal value of the second-stage problem, and χ is the vector of the
first-stage decisions.

Gs(χ) = min
∑

ali (σ)∈A
M

∑
k∈K

ci(γ(k), v(σ)) x(k, ali(σ))
s +

∑
aηt∈AH

∑
k∈K

c(η, γ(k)) xhold(k, aηt)
s

+
∑

ali (σ)∈A
M

∑
k∈K

κ(ηi(σ), γ(k))
(
xin(k, ali(σ))

s + xout(k, ali(σ))
s
)

(11)

Subject to

xhold(k, aηt)
s +

∑
ali (σ)∈A

M ,(ηi−1=η,α(ηi−1)=t)

xin(k, ali(σ))
s (12)

=


d(k), ∀k ∈ KR, η = O(k), t = α(k)

ξ(k)d(k), ∀k ∈ KP, η = O(k), t = α(k)

ζ(k)d(k), ∀k ∈ KF, η = O(k), t = α(k)

∑
α(k)<t≤β(k)

∑
ali (σ)∈A

M ,(ηi=η,β(ηi)=t)

xout(k, ali(σ))
s =


d(k), ∀k ∈ KR, η = D(k),

ξ(k)d(k), ∀k ∈ KP, η = D(k)

ζ(k)d(k), ∀k ∈ KF, η = D(k)

(13)

xhold(k, aηt−1)
s +

∑
ali (σ)∈A

M (ηi=η,β(ηi)=t)

xout(k, ali(σ))
s − xhold(k, aηt)

s

−
∑

ali (σ)∈A
M ((ηi−1=η,α(ηi−1)=t)

xin(k, ali(σ))
s = 0

∀(η, t) ̸= (O(k), α(k))∀η ̸= D(k), ∀k ∈ K

(14)

xin(k, ali(σ))
s − x(k, ali(σ))

s = 0, ∀ali(σ) ∈ AM , ηi−1(σ) = O(σ), k ∈ K (15)

x(k, ali(σ))
s − xout(k, ali(σ))

s = 0, ∀ali(σ) ∈ AM , ηi(σ) = D(σ), k ∈ K (16)

x(k, ali−1
(σ))s − xout(k, ali−1

(σ))s + xin(k, ali(σ))
s − x(k, ali(σ))

s = 0,

∀σ ∈ Σ, ηi−1 ̸= O(σ), ηi ̸= D(σ), k ∈ K
(17)
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ω
∑
k∈K

x(k, ali(σ))
s ≤ capw(v(σ))y(σ), ∀σ ∈ Σ, ali(σ) ∈ AM (18)

∑
k∈K

x(k, ali(σ))
s ≤ capvol(v(σ))y(σ), ∀σ ∈ Σ, ali(σ) ∈ AM (19)

θ(v(σ))ω
∑
k∈K

x(k, ali(σ))
s + dh−(v(σ)) ≤ p′sali (σ)

∀σ ∈ Σ, ali(σ) ∈ AM
(20)

x(k, ali(σ))
s ≥ 0 ∀k ∈ K, ali(σ) ∈ AM (21)

xout(k, ali(σ))
s ≥ 0 ∀k ∈ K, ali(σ) ∈ AM (22)

xin(k, ali(σ))
s ≥ 0 ∀k ∈ K, ali(σ) ∈ AM (23)

xhold(k, aηt)
s ≥ 0 ∀k ∈ K, aηt ∈ AH (24)

The mathematical formulation is presented in Eqs. (1)-(24). The objective func-
tion (Eq. (1)) maximizes profit by considering the revenue from satisfying demand
across three categories, represented by the first three terms. From this, we subtract
the costs associated with first-stage decisions, such as resource management and service
selection, as well as the expected second-stage costs, which are captured in the final
term—specifically, the cost of demand flow over the scheduled network design across
all scenarios Eq. (11). Constraints (2)-(5) ensure the feasibility of the first-stage deci-
sions, while constraints (6)-(10) define the boundaries for these decisions.Equation (2)
computes the number of vessels used in the plan as the sum of vessels idling in ports
or moving between them performing services. Due to the resource management con-
cerns and the resulting circular vessel routes, B(v) is the same at all periods, only
the relative proportion of idle versus active vessels being different at different time
periods. We therefore compute this number for the first period, i.e., t = 0, the set
Λ0l = {σ ∈ Σ, v(σ) = v|(αn(σ) mod T ) < β0(σ) and β0(σ) ≥ 0} ⊆ Σ containing
all services, of the appropriate vessel type, that operate one of its legs during the first
period. Constraints (3) enforce the fleet size for each vessel type, while Equations (4)
are the so-called design-balance constraints, enforcing the vehicle-flow conservation at
terminals (the number of services and vessels entering a node equals the number exiting
the node), where sets Σ−

ηtv and Σ+
ηtv

Σ−
ηtv = {σ ∈ σ | D(σ) = η, βn(σ) = t, v(σ) = v} (25)

Σ+
ηtv = {σ ∈ Σ | O(σ) = η, α0(σ) = t, v(σ) = v} (26)

group the services with a vessel type v that arrive at their destination or depart from
their origin, respectively. Finally, Constraints (5) enforce the terminal berthing capacity
at each time period. Constraints (12)–(20) ensure the feasibility of the second-stage
decisions. In particular, flow conservation is enforced for containers of all shipper types
at their origins, destinations, and intermediate terminals through (12), (13), and (14),
respectively. Similarly, container flow is conserved along each service route at its origin,
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destination, and intermediate legs via (15), (16), and (17). Eqs. (18) and (19) ensure
that the weight and volume of demand k ∈ K transported by service σ on leg i do not
exceed the nominal capacity of the vessel v operating service σ. Constraint (20) ensures
that the vessel’s draught does not exceed the available water level under each scenario
s ∈ S. Finally, constraints (21)–(24) define the non-negativity domains of the associated
recourse variables.

4.2.2 The 2-SPSDM model

To formulate the 2-SPSDM model, we define five sets of decision variables. The first-
stage variables are identical to those in the 2-SPDFA model and include service selection,
shipper selection, resource management, and the demand flow variables. The second-
stage variable λ(k, ali(σ))

s ≥ 0 represents the volume of demand k ∈ K that cannot be
transported on leg i of service σ under water-level scenario s ∈ S.

Mathematical formulation. The problem is defined as follows:

max
∑
k∈KR

ϕ(k)d(k) +
∑
k∈KP

ϕ(k)ξ(k)d(k) +
∑
k∈KF

ϕ(k)ζ(k)d(k)

−
∑
v∈V

µ(v)(Fv −B(v))−
∑
σ∈Σ

f(σ)y(σ)−
∑

aηt∈AH

∑
v∈V

h(η, v)z(v, aηt)

−
∑

ali (σ)∈A
M

∑
k∈K

ci(γ(k), v(σ))x(k, ali(σ))−
∑

aηt∈AH

∑
k∈K

c(η, γ(k))xhold(k, aηt)

−
∑

ali (σ)∈A
M

∑
k∈K

κ(ηi(σ), γ(k))
(
xin(k, ali(σ)) + xout(k, ali(σ))

)
−
∑
s∈S

ρsGs(χ)

(27)

Subject to

constraints defined in Eqs. (2)–(10), (12)–(19), and (21)–(24).

where Gs(χ) is the optimal value of the second-stage problem, and χ is the vector of the
first-stage decisions.

Gs(χ) = min b(k)
∑

ali (σ)∈A
M

∑
k∈K

λ(k, ali(σ))
s (28)

Subject to:

θ(v(σ))ω
∑
k∈K

(x(k, ali(σ))− λ(k, ali(σ))
s) + dh−(v(σ)) ≤ p′sali (σ)

, ∀σ ∈ Σ, ali(σ) ∈ AM

(29)
λ(k, ali(σ))

s ≤ x(k, ali(σ)), ∀k ∈ K, ali(σ) ∈ AM (30)
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λ(k, ali(σ))
s ≥ 0, ∀k ∈ K, ali(σ) ∈ AM (31)

The 2-SPSDM model, formulated in Eqs. (27)–(31), aims to maximize net profit.
The first three terms of the objective function represent revenues generated from regular
shippers, partial-spot shippers, and full-spot shippers, respectively. The first-stage costs
include both fixed and variable components. Fixed costs comprise penalties for unused
vessels, fixed costs for establishing and operating services, and the cost of vessels idling
at ports while awaiting their next departure. Variable costs are associated with the dis-
tribution of demand flows, including moving, holding, loading, and unloading containers.
These costs are driven by tactical decisions made prior to the realization of water-level
scenarios. The final term in the objective function represents the expected second-stage
cost, specifically penalties incurred for unmet demand across all scenarios, each corre-
sponding to a potential water-level realization (Eq. (28)). The model constraints ensure
the feasibility of the first-stage decisions. These include flow conservation constraints
(Eqs. (12), (13), (14)), flow balance across services (Eqs. (15), (16), (17)), service capac-
ity limitations (Eqs. (18), (19)), and constraints on fleet size, fleet balance, and terminal
berthing capacity (Eqs. (2), (3), (4), (5)). The remaining constraints define the bound-
aries of first-stage decisions. It is important to note that the structure of these constraints
remains consistent with the previous model; however, in the present formulation, they
are defined independently of any scenario. Second-stage feasibility is ensured through
constraints (29), (30), and (31). Specifically, constraint (29) ensures that the vessel’s
draught does not exceed the available water level for each scenario s ∈ S. Constraints
(30) and (31) define the feasible region for second-stage decisions.

5 Solution Approach

In our proposed models, the effects of water level uncertainty are captured using a set of
scenarios that represent how service capacities vary randomly. This scenario set must be
representative, providing a sufficiently high level of confidence in capturing the variability
of observed service capacity values. Generating such a comprehensive set may require a
large number of scenarios and, consequently, the incorporation of substantial contextual
information into the optimization process to achieve a detailed and accurate representa-
tion of the uncertainty. Therefore, processing and utilizing this information effectively in
decision-making can place significant demands on computational resources. Incorporat-
ing all scenarios into stochastic WL-SSND-RRM models often renders them numerically
intractable, requiring impractical amounts of time and computational power to solve
them. This dual challenge—managing the large volume of information while ensuring
computational feasibility—represents significant obstacles to the practical application of
these models. To address this general challenge, we adopt the two-step approach intro-
duced by Hewitt et al. (2022) and apply it to our problem setting. Details of both steps
are presented in the following subsections.
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5.1 Step 1: Scenario Clustering Analysis

Given scenario set S = {s1, s2, . . . , sn}, which represents possible realizations of water
levels, the primary objective of this step is to interpret these scenarios in terms of the
decisions or plans they induce. This analysis aims to better understand how each scenario
influences the decisions to be made. We begin by considering the vector of first-stage
decisions X , as introduced in Section 4.1 for the 2-SPSDMmodel and in Section 4.2 for the
2-SPDFA model. These decisions are constrained by a feasible region FX , which includes
all possible solutions that satisfy the model’s constraints, as specified in their respective
sections. To assess the performance of these decisions, we solve a restricted single-scenario
version of the 2-SPSDM and 2-SPDFA models, using the objective function, g, where
g : FX × S → R+. In this context, g(χ, sj) represents the objective value (total profit)
for a given combination of first-stage decisions χ ∈ FX and scenario sj ∈ S. Among all
feasible first-stage decisions in FX , the optimal first-stage decision for a specific scenario
sj is denoted by χ∗

sj
and is defined as: χ∗

sj
= argmaxχ∈FX g(χ, sj). The opportunity

cost is then defined as θ(si | sj) = g(χ∗
sj
; sj) − g(χ∗

si
; sj), where θ(si | sj) measures the

dissimilarity between decisions optimized for scenario si when evaluated under scenario
sj. Since each scenario si is compared against every other scenario sj (j ̸= i), the
opportunity cost matrix Θ is formed, where each entry θ(si | sj) reflects the relative
performance of the decisions across different scenarios. However, the opportunity cost
can be asymmetric (θ(si | sj) ̸= θ(sj | si)), and this asymmetry can introduce biases in the
clustering process. To address this, we construct a symmetric dissimilarity matrix D by
summing the opportunity costs: D(si, sj) = θ(si | sj)+θ(sj | si). This symmetric matrix
provides a balanced and mutual measure of dissimilarity between any two scenarios,
ensuring its suitability for clustering. We use the symmetric matrix D and apply the
K-means Spectral Clustering method, as described in (Hewitt et al., 2022), to form
clusters of scenarios based on their decision impact. This process can be approached in
two ways: one that seeks to minimize dissimilarity among grouped scenarios and another
that aims to maximize dissimilarity. To clearly distinguish between these two approaches,
we introduce the following notations.

• Let Cmin
k , k = 1, . . . , Kmin, represent the set of clusters obtained by minimizing

dissimilarity. This approach allows us to form clusters of scenarios that lead to
similar decisions, thereby reducing redundancy in the scenario set and simplifying
it while minimizing information loss.

• Let Cmax
k , k = 1, . . . , Kmax, represent the set of clusters obtained by maximizing

dissimilarity. This approach enables us to cluster scenarios that result in different
decisions, ensuring that each cluster captures diverse, decision-relevant information,
thus preserving the richness of uncertainty.

Notably, the number of clusters is determined using the Silhouette Score (Rousseeuw,
1987), a widely used metric for assessing clustering quality.
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5.2 Step 2: Bounds Computation

In this section, we present the second step of the solution approach, which focuses on
leveraging the scenario clusters obtained in the previous step to apply a series of bounding
techniques. These techniques, based on the use of scenario clusters, provide both:

1. A set of alternative feasible solutions, whose objective function values define alter-
native lower bounds for the stochastic models under consideration.

2. An upper bound value, which serves as a bounding certificate for evaluating the
optimality gaps of the obtained feasible solutions.

The Medoid Lower Bound is derived using Cmin
k , k = 1, . . . , Kmin. This approach is

based on the idea of using clusters to reduce the size of the scenario set utilized in the
optimization process, thereby retaining a representative subset of scenarios while keep-
ing computational complexity manageable. This representative subset, denoted as M ,
consists of the medoid of each cluster, denoted as Mk. The medoid Mk is defined as the
scenario within each cluster that has the smallest average dissimilarity to all other scenar-
ios in that cluster. The probability assigned to each medoid, denoted as pMk

, is calculated
as the sum of the probabilities of all scenarios within the same cluster. Formally, if ρsi

represents the probability of scenario si, then the probability of the medoid for cluster
Cmin

k is given by pMk
=

∑
si∈Cmin

k
ρsi . Given the representative scenarios (medoids) and

their corresponding probabilities, the optimal decision χ̄ for the 2-SPSDM and 2-SPDFA
models is then determined by maximizing the expected profit over the representative
scenario set. Formally, this is given by χ̄ = argmaxχ∈FX

∑
Mk∈M g(χ,Mk) × pMk

. The
lower bound is then computed by evaluating this solution over all scenarios, expressed as∑

si∈S g(χ̄; si)ρ
si , where g(χ̄; si) represents the objective value for scenario si ∈ S given

χ̄.

In contrast, the other two bounds, namely the Cluster Lower Bound and the Cluster
Upper Bound, are derived using clusters Cmax

k , k = 1, . . . , Kmax. For these bounds, the
clustering process partitions the original scenario set in such a way as to produce a repre-
sentative subset within each cluster that preserves the overall structure of the scenario set.
For each cluster Cmax

k , we define the total probability PCmax
k

as: PCmax
k

=
∑

si∈Cmax
k

ρsi . The

optimal decision χ̄Cmax
k

for each cluster is then determined by maximizing the expected
profit over the scenarios within that cluster, with scenario probabilities normalized within
the cluster. Formally, this is given by: χ̄Cmax

k
= argmaxχ∈FX

∑
si∈Cmax

k
g(χ, si) × ρsi

PCmax
k

.

The upper bound is calculated by aggregating the results from all clusters and is repre-
sented as

∑Kmax

k=1

∑
si∈Cmax

k
g(χ̄Cmax

k
; si) × ρsi . The lower bound is derived by comparing

results across clusters and is represented as mink=1,...,Kmax

∑
si∈Cmax

k
g(χ̄Cmax

k
; si)× ρsi .
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6 Numerical experiments

In this section, we present a set of computational experiments and analyses. These serve
two main objectives. The first is to assess the performance of the proposed solution
approach and validate its ability to balance computational efficiency and solution qual-
ity. The second objective is to explore the impact of explicitly considering water level
uncertainty on the tactical planning process. Section 6.1 presents the characteristics of
the instances used in the computational experiments, which are based on realistic case
scenarios. We then begin by evaluating the performance of the solution approach in
Section 6.2. We also investigate several critical managerial questions in the remainder
of the section. Section 6.3 examines how incorporating the effects of stochastic water
levels within the tactical planning process can improve upon the traditional approach of
relying on predictions and applying a deterministic optimization model based on those
predictions. In this study, we further propose two recourse strategies to account for the
impact of reacting to randomly changing water levels. These strategies both aim to gen-
erate more profitable tactical plans (i.e., plans that can lead to higher profits for carriers
by better adapting to uncertainty) yet they may result in plans with different structural
characteristics. Section 6.4 assesses the effectiveness of these alternative recourse strate-
gies. Finally, Section 6.5 investigates the impact of water level fluctuations on metrics
such as the number of vessels used, consolidation, cost, and profit.

All implementations are conducted using the Pyomo software package and the Gurobi
solver on a machine equipped with an Intel(R) Xeon(R) CPU E5-2630 v4 @ 2.20GHz
and 256 GB of memory.

6.1 Test instances

The test instances are designed to reflect operational conditions commonly observed
in Canadian and European inland waterway systems, where major ports are aligned
along linear corridors. Representative examples include the Saint Lawrence River corri-
dor (Montréal–Québec City–Sept-̂Iles–Port-Cartier) and the Rhine River system (Upper,
Middle, and Lower Rhine). Accordingly, our network consists of four connected major
terminals (Figure 2a) with berthing capacities between 700 and 1000 meters, enabling
multiple vessels to operate simultaneously. Costs associated with terminal operations
are considered as follows: the loading and unloading of containers incur a cost of 2 units
per operation, terminal activities such as storage are charged to carriers at a rate of 3
units per container per period, and vessel holding costs at terminals are set at 5 units
per period. Water levels are monitored at critical river points, ranging between 150 and
350 cm, consistent with historical observations reported in Christodoulou et al. (2020).
To capture realistic variability, we adopt the copula-based method of Kaut (2014), which
preserves observed marginal distributions and correlations across terminals. A Beta(2,5)
distribution is used to reproduce the right-skewed behavior typically seen in drought con-
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(a) Physical network (b) Correlation matrix

Figure 2: Physical network and correlation matrix

ditions, with distance-based correlations (0.75 for adjacent nodes, 0.25 for the farthest).
Scenarios are then sampled to represent distinct realizations of water-level conditions,
each assigned equal probability.

The schedule is defined over a one-week horizon divided into 14 half-day periods,
consistent with operational practice in inland waterway transportation in which depar-
tures and arrivals typically occur in morning and afternoon slots. Potential services are
designed over the linear network and include all possible non-stop and one-stop routes be-
tween the four terminals. In total, 6 non-stop and 4 one-stop routes are considered, each
available in both directions, yielding 20 routes. These routes are assigned selected depar-
ture times within the 14-period weekly cycle, resulting in 180 potential services—sufficient
to ensure diversity in the service network. Each service can be operated by either a large
or a small vessel, producing 360 service alternatives overall. Service durations depend
on the travel time between terminals (ranging from a minimum of one day to a maxi-
mum of two days) and the time spent at each stop (one half-day period for every origin,
destination, or intermediate terminal). Large vessels (200 m, 500 t, 50 TEUs, draught
135 cm) and small vessels (100 m, 200 t, 20 TEUs, draught 100 cm) are both assumed
to be able to navigate the entire network when empty, even under minimum water-level
conditions. We generate five distinct demand sets, totaling 298 demands (55–66 per
set), to ensure diversity and reduce instance-specific bias. Demands are defined on the
linear network using random origin–destination pairs, with volumes between 5 and 25
TEU units. Each demand is characterized by shipper type (regular, partial spot, or full
spot) and delivery-time requirements (express or standard), where express shipments are
assigned unit fares twice those of standard shipments to reflect real-world tariff struc-
tures. Pickup time windows are uniformly distributed across the 14 half-day periods in
the one-week horizon. Express deliveries require 1–3 periods, whereas standard deliveries
require twice the express time for the same route.
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Finally, we introduce the instance categories labeled Instance-1 through Instance-7.
Each category consists of three demand instances selected from the five demand sets de-
scribed above and includes the corresponding recourse parameters: the penalty cost b(k)
in the 2-SPSDM model (ranging from 5 to 60 units), and the per-leg transportation cost
ci(γ(k), v(σ)) in the 2-SPDFA model (ranging from 3 to 7 units). Using a single instance
could lead to biased or unrepresentative results due to specific parameter realizations.
By averaging performance across multiple instances, we obtain a more robust comparison
that mitigates the effects of randomness in the data.

6.2 Performance of the solution approach

Preliminary experiments revealed a clear distinction in tractability between the two mod-
els. All instances of the 2-SPSDM model could be solved within a reasonable time using
Gurobi, whereas none of the 2-SPDFA instances reached optimality within acceptable
computational limits. These observations motivated the adoption of a scenario cluster-
ing–based analysis to evaluate model performance under limited computational resources.
Importantly, the objective of this analysis is not to establish superiority over general-
purpose solvers such as Gurobi, but rather to assess the ability of the proposed approach
to provide high-quality bounds and meaningful performance insights in settings where
solving the proposed stochastic models to optimality is computationally impractical or
not attainable.

This section describes the experimental setup used to assess the performance of the
proposed solution approach. The experimental analysis follows the procedure outlined in
Section 5 and consists of two main steps. In Step 1, the dissimilarity matrix is constructed
and the clustering analysis is performed. In Step 2, several bounds are computed using
both the medoid-based and the cluster-based approaches. The total computational time
required for the solution approach is recorded, including the time spent on computing
the dissimilarity matrix, performing the clustering, and calculating the different bounds
(namely, the medoid lower bound as well as the cluster-based lower and upper bounds).
The recorded runtimes indicate that, while the cluster-based approach is computation-
ally efficient, it remains slower than the medoid-based alternative. Focusing first on the
2-SPSDM model, the experiments are designed to evaluate the behavior of the proposed
solution approach for large-scale tactical planning problems under limited computational
resources. Although optimal solutions can be obtained for this model by directly solving
it with Gurobi when sufficient time is available, we intentionally restrict Gurobi’s max-
imum runtime to match the average runtime of the cluster-based approach. This setup
allows us to assess how the proposed scenario-based approach performs when the model
remains solvable in principle, but computational resources are constrained. For the more
complex 2-SPDFA model, optimal solutions cannot be obtained using Gurobi within rea-
sonable computational limits. As a result, the proposed scenario-based approach serves
as the primary means of analyzing model performance. Gurobi is nevertheless allocated
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a substantially larger time limit of 7200 seconds to serve as a reference and to confirm
that the problem remains computationally intractable even when additional computa-
tional effort is allowed. This experimental design highlights the ability of the proposed
approach to produce informative bounds and performance insights in such challenging
settings.

Table 1 and Table 2 present the performance evaluation of the proposed solution ap-
proach on the 2-SPSDM and 2-SPDFA models, respectively, across instance categories
labeled Instance-1 through Instance-7. The ”Gap (%)” columns show the average opti-
mality gaps (in percentage) achieved by Gurobi, the Medoid method, and the Cluster
method over the three sub-instances associated with each main instance, indicating how
closely each method approximates the optimal solution. The optimality gap for the
cluster-based approach is calculated as the relative difference between the cluster upper
bound and the cluster lower bound obtained through this method. For the medoid-based
approach, the optimality gap is determined by calculating the relative difference between
the medoid lower bound and the cluster upper bound. The ”Time (s)” column under the
Cluster method represents the average computational time (in seconds) required to ap-
ply the cluster method to solve each problem instance. Rows labeled ”Mean,” ”Median,”
”Std Dev,” ”Max,” and ”Min” summarize the performance metrics across all instances,
providing insights into the variability and efficiency of each method.

Table 1: Performance Evaluation of the Proposed Solution Approach on the 2-SPSDM
Model

Instance Gurobi Medoid Cluster

Gap (%) Gap (%) Gap (%) Time (s)

Instance-1 4.99 2.67 1.71 19.97
Instance-2 17.3 0.51 1.56 22.05
Instance-3 2.74 5.29 2.74 25.41
Instance-4 3.77 7.34 2.44 23.81
Instance-5 4.72 5.15 0.97 21.15
Instance-6 10.1 9.50 2.73 20.23
Instance-7 5.74 1.22 2.02 20.74

Mean 7.05 4.38 2.03 21.34
Median 4.99 5.15 2.02 21.15
Std Dev 5.18 3.14 0.60 2.07
Max 17.30 9.50 2.74 25.41
Min 2.74 0.51 0.97 19.97

The performance evaluation for the 2-SPSDMmodel (Table 1) shows that the Cluster-
based approach is able to generate tight and stable bounds within short computation
times. Across all instances, the observed optimality gaps remain consistently small,
with an average value of 2.03% and a maximum of 2.74%, indicating that the proposed
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approach provides reliable and informative performance indicators under limited com-
putational resources. Gurobi is used solely as a reference under the same restricted
computational conditions. Under this setting, Gurobi exhibits larger and more variable
gaps, with an average gap of 7.05% and a maximum gap of 17.30%. These results reflect
the difficulty of extracting high-quality information from the stochastic model when com-
putation time is limited. When the time restriction is removed, Gurobi is able to solve the
instances to optimality, confirming that the model is solvable in principle and reinforcing
the relevance of evaluating alternative approaches in resource-constrained computational
settings. The Medoid-based approach also produces useful bounds in several instances;
however, its performance shows greater variability across cases, with an average gap of
4.38%, a maximum gap of 9.50% (Instance-6), and a minimum gap of 0.51% (Instance-2).
This variability suggests that while the Medoid method can be effective, its performance
is less consistent compared to the Cluster method. In particular, the medoid bound is
based on applying scenario reduction, which effectively eliminates information when solv-
ing the optimization problem. This reduction simplifies the problem but also introduces
a trade-off, as removing scenarios inherently limits the model’s ability to fully capture
the variability in the uncertainty representation. In contrast, the cluster bounds leverage
the full original scenario set, preserving all information contained within it.

Table 2: Performance Evaluation of the Proposed Solution Approach on the 2-SPDFA
Model

Instance Gurobi Medoid Cluster

Gap (%) Gap (%) Gap (%) Time (s)

Instance-1 5.88 7.53 0.19 140.05
Instance-2 11.1 6.70 0.30 104.55
Instance-3 5.43 2.83 1.19 300
Instance-4 42.9 18.53 11.54 255.88
Instance-5 3.03 6.40 1.24 399.58
Instance-6 9.38 10.50 0.53 203.65
Instance-7 6.25 4.22 0.01 268.70

Mean 11.28 8.24 2.29 238.21
Median 6.25 6.70 0.53 255.88
Std Dev 13.53 5.32 4.11 109.91
Max 42.90 18.53 11.54 399.58
Min 3.03 2.83 0.01 104.55

Table 2 reports the performance evaluation of the proposed solution approach for
the 2-SPDFA model across multiple instances. The results summarize the quality of the
bounds and computation times obtained using the Medoid-based and Cluster-based ap-
proaches, with Gurobi used solely as a reference under a fixed runtime of 7200 seconds.
For this more complex model, the Cluster-based approach is able to generate informative
and stable bounds across all instances. The observed gaps remain relatively small, with
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(a) Comparison of SS and EVS for 2-
SPSDM model

(b) Comparison of SS and EVS for 2-
SPDFA model

Figure 3: Value of the Stochastic Solution

an average value of 2.29%, a minimum gap of 0.01% (Instance-7), and a maximum gap of
11.54% (Instance-4). These results indicate that the proposed approach can effectively
extract meaningful performance information from the model in settings where direct so-
lution methods face substantial computational challenges. When used as a reference with
a substantially longer runtime, Gurobi still exhibits wide variability in the resulting gaps,
ranging from 3.03% (Instance-5) to 42.9% (Instance-4), with an average gap of 11.28%.
This behavior confirms the intrinsic computational difficulty of the 2-SPDFA model and
motivates the use of alternative approaches capable of providing reliable bounds within
practical time frames. The Medoid-based approach also produces useful bounds for the
2-SPDFA model, achieving an average gap of 8.24% and substantially reducing the vari-
ability of the results, as reflected by a decrease in standard deviation from 13.53 to 5.32.
This reduction in variability is consistent with the scenario reduction mechanism under-
lying the medoid approach, which simplifies the problem and improves computational
stability, albeit at the cost of discarding part of the uncertainty representation.

6.3 Importance of modeling uncertainty

The Value of Stochastic Solution (VSS) is a measure used in stochastic programming
to quantify the overall benefit of using a stochastic model over a deterministic model
when making decisions under uncertainty. VSS measures the expected improvement in
performance—here profit maximization—achieved by basing decisions on a stochastic
model rather than a deterministic approximation that instead uses a prediction for the
stochastic parameters.

To calculate the VSS, two key values need to be determined. Expected Value Solution
(EVS): This is the outcome of applying the solution from a deterministic model that
does not account for uncertainty and instead uses expected values of uncertain water
levels. Stochastic Solution (SS): This represents the best upper bound obtained using the
proposed solution approach for the stochastic model, which incorporates a set of possible
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scenarios and their associated probabilities for water levels. Figure 3a and Figure 3b
present the VSS results for the 2-SPSDM and 2-SPDFA models, respectively. In these
figures, the blue line with square markers represents the EVS, derived from a deterministic
model that uses average water levels without accounting for uncertainty. The red line
with square markers represents the SS, which explicitly accounts for random fluctuations
in water levels.

Figure 3a, we observe that, in most instances (except for Instance 2), the SS performs
better or similarly to the EVS. In Instance 2, the SS performs marginally worse because
the stochastic model is not solved to optimality for one of the three instances included
in Instance 2. In Instance 6, both models exhibit nearly identical performance, while
in Instances 4, 5, and 7, the SS significantly outperforms the EVS, with the greatest
improvement seen in Instance 5. This pattern highlights the importance of solving the
2-SPSDM stochastic model when the infeasibilities in the tactical plan due to varying
water levels are penalized by applying a cost to the amount of demand that cannot be
transported. A similar pattern is observed in Figure 3b, which compares the SS and
EVS values for the 2-SPDFA model. As shown, the SS consistently outperforms the EVS
across all instances, underscoring the effectiveness of the 2-SPDFA model in providing a
tactical plan that is better suited to deal with uncertainty in water levels.

6.4 Model Evaluation

This section includes a set of comparative tests designed to evaluate the performance of
the proposed models for the WL-SSND-RRM problem in a stochastic environment. The
objective is to assess the models’ ability to generate profitable tactical plans and to ana-
lyze how different recourse strategies lead to plans with distinct structural characteristics.
To provide a more accurate basis for evaluating the obtained solutions with a higher level
of confidence as to their actual value (the so-called ground truth), we define a Ground
Truth set consisting of 500 scenarios sampled from the same distribution described in
Section 6.1. Each test begins by independently solving each model to obtain its tactical
plan. Subsequently, the performance of each solution is evaluated by applying it either
to a different model or within its own framework using the Ground Truth scenarios. To
facilitate this evaluation, we define two types of benchmarks: Cross-Model Benchmark
and Internal Model Benchmark:

• Cross-Model Benchmark: This benchmark includes the Deterministic-in-2-SPSDM,
Deterministic-in-2-SPDFA, and 2-SPSDM-in-2-SPDFA frameworks. These frame-
works involve fixing certain decisions derived from one model (e.g., the determin-
istic solution or 2-SPSDM) as input to another stochastic model framework (e.g.,
2-SPSDM or 2-SPDFA). The resulting restricted stochastic models are then solved
by exploring the remaining decision subspace to complete the full solution using
the ground truth scenarios.
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• Internal Model Benchmark: This benchmark includes the 2-SPSDM Baseline
and 2-SPDFA Baseline frameworks. In these frameworks, each model’s optimized
solution is evaluated within its original framework using the ground truth scenar-
ios, establishing a baseline for that model’s optimal performance under its specific
recourse strategy.

Based on these benchmarks, four comparative tests are performed. The first two
tests, ∆1: Deterministic-in-2-SPSDM vs. 2-SPSDM Baseline and ∆2: Deterministic-in-
2-SPDFA vs. 2-SPDFA Baseline, are designed to validate the VSS analyses previously
conducted by performing out-of-sample assessments for the two stochastic models. The
third test, ∆3: 2-SPSDM-in-2-SPDFA vs. 2-SPDFA Baseline, assesses whether a tac-
tical plan obtained using a model that applies itinerary infeasibility penalty costs can
serve as a good proxy for a plan obtained using a model that applies the more involved
and complex flow optimization recourse costs. Specifically, this test seeks to determine
if there is additional value, from a tactical planning perspective, in solving the more
complex 2-SPDFA stochastic model. The final test, ∆4: Deterministic-in-2-SPSDM vs.
Deterministic-in-2-SPDFA, compares the effectiveness of two stochastic models, each de-
fined by a distinct approach to handling the impact of randomly changing water level
conditions.

Table 3: Comparison tests

Test Benchmark RD 1 to 2
(%)

RP 1 to
2(%)

∆1
1: Deterministic-in-2-SPSDM

47.21 -3.04
2: 2-SPSDM Baseline

∆2
1: Deterministic-in-2-SPDFA

-25.23 -2.03
2: 2-SPDFA Baseline

∆3
1: 2-SPSDM-in-2-SPDFA

-19.86 1.90
2: 2-SPDFA Baseline

∆4
1: Deterministic-in-2-SPSDM

-39.73 -8.81
2: Deterministic-in-2-SPDFA

In Table 3, we compare the performance of two stochastic programming models across
four tests (∆1, ∆2, ∆3, and ∆4), focusing on two key metrics: Relative Difference in
Recourse Decision Value (RD) and Relative Difference in Profit Value (RP). These met-
rics evaluate each model’s adaptability and profitability when subjected to uncertainty.
The RD column represents the percentage difference in recourse decision values between
the two benchmarks, illustrating each model’s effectiveness in meeting demand under
variable conditions. RD in ∆1 is computed as the relative difference in the total amount
of unmet demand, highlighting how each model manages demand satisfaction under un-
certainty. RD in ∆2 and ∆3 capture the relative difference in the total amount of met
demand, providing a direct comparison of the models’ performance in fulfilling demand.
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RD in ∆4 is calculated by first determining the total met demand in the first benchmark
as the difference between total demand and unmet demand, and then comparing this
value to the total met demand in the second benchmark. The RP column, on the other
hand, measures the relative difference in profit between the two benchmarks.

The RD values for ∆1 and ∆2 highlight that when service selections and demand
itineraries are planned without accounting for variability, these plans become less reli-
able under fluctuating water conditions. In contrast, the tactical plans obtained using
the 2-SPSDM model and the 2-SPDFA model demonstrate better performance in ful-
filling demand, with 47.21% less unmet demand and 25.23% more transported demand,
respectively. Similarly, the RP values for ∆1 and ∆2 highlight the overall benefit of us-
ing the two stochastic models over a deterministic model when making decisions under
uncertainty, with an improvement in profit of 3.04% and 2.03%, respectively.

∆3 highlights the tactical plans obtained using the 2-SPSDM model can nonetheless
lead to higher profitability when itineraries are adjusted based on the revealed water lev-
els. This can be explained by the fact that the plans obtained tend to select fewer services.
Here, an average profit increase of 1.90% is observed across all results obtained. On the
other hand, the plans obtained by solving the 2-SPDFA model include a higher number of
services, allowing for more transportation paths when defining itineraries. However, these
additional options come with higher fixed costs, which are adverse to profit maximiza-
tion. Nevertheless, having access to a greater number of potential itineraries significantly
decreases the amount of unmet demand, with an observed average reduction of 19.86%
in serviced demands when using the 2-SPSDM model instead of the 2-SPDFA model.
Second, the difference in profits can be attributed to the fact that the instances are not
guaranteed to be solved to optimality. Thus, additional profit-maximizing benefits could
still be gained from using the 2-SPDFA model by further improving the quality of the
solutions through additional computational efforts. Lastly, this comparison illustrates
a general trade-off between prioritizing profit maximization and the amount of serviced
demand. Solving the 2-SPSDM model can produce tactical plans conducive to profit
maximization, even when such plans are implemented in a different setting where trans-
portation itineraries are allowed to be adjusted based on revealed water levels. However,
such plans are not necessarily set up to easily adjust the flows according to varying water
level conditions, leading to a reduction in the amount of serviced demand. Considering
that there may be significant opportunity losses in not servicing demands, the 2-SPDFA
model can provide additional value by leading to plans that accommodate more alterna-
tive demand itineraries.

In ∆4, the goal is to compare the efficiency of different recourse strategies in stochastic
models in terms of profit maximization and the amount of serviced demand when dealing
with changing water levels. As shown in the table, when the carrier adopts a more flexible
recourse strategy, such as demand flow adjustment in the 2-SPDFA model, it achieves
a higher profit (8.81%) and can transport significantly more demand (39.73%). These
results highlight the substantial benefits of adjusting itineraries in response to water level
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variations.

6.5 Water Level Impact

In this section, we analyze the performance, efficiency, and structural characteristics of
solutions obtained by solving the deterministic WL-SSND-RRM model under three fixed
and a priori known water-level settings—maximum, mean, and first-quarter—ranging
from 150 to 350 cm, as defined by Christodoulou et al. (2020). Rather than modeling
stochastic water-level uncertainty through probability distributions, these experiments
rely on point forecasts of water levels, while keeping the demand set and the service
network identical to those used in the previous experiments. These water levels serve as
the basis for evaluating how fluctuations impact key metrics such as overall system per-
formance, customer satisfaction, and whether any systematic structural changes emerge
as the water levels vary. Our goal is to measure the relationship between water level
fluctuations and the level of multi-service usage, a critical factor in barge transporta-
tion network design for minimizing operational costs and optimizing resource use. A
decrease in the number of demands using multiple paths (services) to reach their desti-
nations typically indicates reduced flexibility and efficiency in the network. Additionally,
we investigate the relationship between water levels and the distribution of small and
large vessels, as vessel deployment is directly influenced by water depth. Changes in
water levels affect vessel draught, which in turn impacts the types of vessels that can
be effectively deployed under varying conditions. We also assess the impact of water
levels on operational costs, driven by changes in the network structure—specifically, the
shifts in multi-service usage and vessel size. Furthermore, we investigate the proportion
of spot shippers that are satisfied at each water level, as customer satisfaction directly
influences the network’s profitability. We also examine capacity usage as a measure of
how efficiently the deployed transport capacity is utilized under different water levels.
This comprehensive analysis aims to provide a clearer understanding of how water level
fluctuations affect the network’s performance, cost-efficiency, and financial outcomes.

6.5.1 Performance Indicators (PIs)

To evaluate the experimental results, we use the following performance indicators for
each water level (maximum, mean, and first quarter):

Structural Impact PIs

• Multi-path Usage: For each solution, we record the number of services used
by each demand across all instances. We then produce a histogram to show the
distribution of path usage frequencies across all demands. For example, if a demand
uses two paths, it is counted as such.
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• Vessel Size: We record the different sizes of vessels used to transport demands
for each solution and produce a histogram showing the distribution of vessel sizes.
This allows us to assess how water levels influence the deployment of small and
large vessels.

Performance PIs

• Profit: A reflection of the overall system’s performance, considering revenue ob-
tained and total costs.

• Demand Flow Costs: The costs incurred for moving, loading, and unloading
demands through the network.

• Service Costs: The expenses associated with the transport services used.

• Shipper Satisfaction (TEUs): Measured as the percentage of the volume of
spot shippers who are fully or partially met under each water level condition.

• Capacity Usage: Defined as the ratio of total volume-kilometers moved to total
capacity-kilometers operated.

6.5.2 Results and analysis

In the figures presented, we examine multi-path usage and vessel usage at different wa-
ter levels—350 cm, 250 cm, and 200 cm—highlighting how the transportation network
responds to fluctuating water conditions. These figures provide important insights into
the operational challenges and adaptations the system may make as water levels change.

(a) Water level = 350 cm (b) Water level = 250 cm (c) Water level = 200 cm

Figure 4: Multi-path usage at different water levels: 350 cm, 250 cm, and 200 cm.

Figure 4 illustrates the multi-path usage at the three water levels. At 350 cm, the
network satisfies 207 total demands, with 157 of those demands satisfied by a single
service and 50 demands requiring multiple services. This suggests that at higher water
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(a) Water level = 350 cm (b) Water level = 250 cm (c) Water level = 200 cm

Figure 5: Vessel usage at different water levels: 350 cm, 250 cm, and 200 cm.

levels, most demands are transported via one service, showing less need for alternative
services. As we move to 250 cm, the total number of satisfied demands decreases slightly
to 200, and the distribution of service usage shifts. 127 demands now use a single service,
while 73 demands (61 using two services, 12 using three) require more than one service to
reach their destination. This increase in multi-path usage reflects the growing operational
challenge as the water level drops, forcing the network to rely on more services to maintain
service levels. At 200 cm, the system is under more strain, satisfying only 185 demands.
The number of single-service demands decreases to 104, while 70 demands require two
services, 10 demands need three, and 1 demand uses four services. In total, 81 demands
rely on multiple paths, which is a 62% increase compared to the 350 cm level. This shows
that as water levels decrease, the network faces greater operational pressure, leading to
more fragmented routing and less efficient transportation.

Figure 5 highlights the vessel usage at the same water levels. At 350 cm, the net-
work operates with 40 large vessels and 90 small vessels, indicating that 130 services are
activated to meet demand. As the water level drops to 250 cm, the number of large
vessels decreases to 34, while the number of small vessels increases to 113, resulting in
147 total services being activated. This shift shows that as the water becomes shallower,
the system compensates by deploying more small vessels, which are capable of operating
under these conditions but require more services due to their limited capacity. At 200
cm, this trend becomes even more pronounced, with only 18 large vessels in operation
and a significant increase in the number of small vessels to 132, resulting in a total of
150 activated services—20 more than at the 350 cm water level. This reflects the severe
limitations imposed by low water levels on the network’s ability to use larger vessels.
Small vessels become the primary means of transportation, but their lower cargo capac-
ity necessitates higher numbers of activated services. This leads to increased operational
costs (as highlighted in Table 4).

Overall, the figures show that multi-path usage increases as water levels drop, with
more demands requiring multiple routes. This indicates a more fragmented and less
efficient system at lower water levels. Additionally, vessel usage indicates a clear shift
towards smaller vessels as water levels decrease, leading to an increased number of ac-
tivated services. The total number of services rises from 130 at 350 cm to 150 at 200
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cm, reflecting the system’s need to compensate for reduced capacity by deploying more
smaller vessels. This combination of increased multi-path usage and reliance on smaller
vessels at lower water levels results in higher operational costs, reduced profitability, and
lower shipper satisfaction, as shown in the table 4.

The table reveals noticeable variations in profit, costs, and shipper satisfaction as
water levels decrease. At 350 cm, the profit is 568,140. However, as water levels drop
to 250 cm, the profit decreases by 0.42% to 565,725, and at 200 cm, it drops further by
1.46% to 559,936. While the absolute change might appear small, the decline is consistent
and shows that lower water levels negatively impact profitability. This reduction in profit
reflects the system’s increasing inefficiency, where higher operational costs are driven by
the need to compensate for reduced capacity by using more small vessels and increasing
multi-path usage.This is further evidenced by the decline in capacity usage, which drops
from 61.28% at 350 cm to 56.31% at 250 cm, and then to 51.47% at 200 cm. Despite
deploying a higher number of vessels and services, the system transports less freight per
unit of available capacity, indicating rising inefficiency under lower water levels. The
demand flow cost, although it decreases slightly from 134,506 at 350 cm to 132,518 at
200 cm (a 1.48% reduction), masks the real inefficiencies in the system. The marginal
reduction in flow cost likely results from fewer demands being met, as indicated by
the drop in shipper satisfaction, rather than an improvement in operational efficiency.
In contrast, service costs exhibit more noticeable fluctuations. From 11,900 at 350 cm,
service costs increase by 6.48% to 12,670 at 250 cm, reflecting the increased use of smaller
vessels that are less efficient and require more frequent services. By 200 cm, service costs
drop slightly to 11,760 (a 7.18% drop compared to 250 cm). This reduction at 200 cm
may indicate reduced activity in the network due to fewer overall demands being satisfied,
but it does not imply improved operational efficiency. The drop in shipper satisfaction is
stark, particularly in the full spot shippers category, which declines from 57.61% at 350
cm to 51.09% at 200 cm, representing an 11.32% decrease. Similarly, partial spot shipper
satisfaction falls by 8.65%, from 62.39% to 57.00%. These declines reflect the system’s
increasing inability to fully meet demand as water levels decrease. The reduced capacity,
due to the shift towards smaller vessels, directly limits the number of shipments that can
be satisfied, causing a significant drop in customer satisfaction.

Table 4: Performance Evaluation of Solutions at Different Water Levels

Water level Profit Costs Shipper Satisfaction (%)
Capacity
Usage (%)

Demand Flow Cost Service Cost Partial Spot Full Spot

350 cm 568140 134506 11900 62.39 57.61 61.28
250 cm 565725 133927 12670 59.43 53.18 56.31
200 cm 559936 132518 11760 57.00 51.09 51.47

In summary, the drop in water levels from 350 cm to 200 cm leads to a cumulative
reduction in profit by 1.46%, driven by increased operational inefficiencies. Although de-
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mand flow costs appear stable, the 6.48% spike in service costs at 250 cm highlights the
significant inefficiencies that arise as the network compensates by using smaller vessels
more frequently. Additionally, the drop in shipper satisfaction—particularly the 11.32%
decline in full spot shippers—illustrates the growing challenges in meeting demand. Over-
all, these results underscore the direct impact of lower water levels on profitability and
customer satisfaction, driven by higher service costs and reduced network capacity.

7 Conclusions

In this study, we introduced the Water-Level-Constrained Scheduled Service Network
Design with Resource and Revenue Management (WL-SSND-RRM) problem, which ad-
dresses the challenges of integrating water-level uncertainty into tactical planning for
barge transportation systems. To explicitly account for the effects of water level uncer-
tainty in tactical planning for barge transportation, we propose two alternative stochastic
models, each defined by a specific approach to handling the impact of randomly changing
water level conditions. The first stochastic model assumes that demand itineraries can be
adjusted based on observed water levels, allowing for flows to dynamically adapt to fluc-
tuating conditions. The second one, instead, relies on the application of penalties directly
tied to the amount of demand that cannot be routed under the established tactical plan.
To address the stochastic models, we apply a general decision-based scenario cluster-
ing analysis approach, which enables the computation of a series of alternative bounding
techniques. Through numerical experiments, these techniques are shown to provide high-
quality bounds and meaningful performance insights within practical computation times,
particularly in settings where solving the full stochastic models is computationally chal-
lenging. This study also presented a set of comparative tests designed to evaluate the
performance of the proposed models. Compared to the deterministic model, these tests
highlight the importance of explicitly accounting for uncertainty in tactical planning.
Moreover, the results compare the two stochastic models to assess the structural differ-
ences introduced in the tactical plan and their varying effectiveness in handling water
level uncertainty. Finally, the study highlighted the significant influence of water levels
on key tactical decisions (specifically, service selection and demand routing), as well as
profitability and operational efficiency.

Several avenues for future research remain open. One direction is the development of
novel exact solution methods to solve the proposed stochastic WL-SSND-RRM model.
Additionally, future studies could extend the problem by incorporating other sources of
uncertainty, such as variability in travel times, to enhance the robustness and applica-
bility of the proposed methodologies. Another promising direction involves exploring
alternative recourse strategies. For instance, explicitly managing the vessel fleet could
enable dynamic reassignment of vessels to services, allowing the recourse strategy to
effectively address infeasibilities caused by random fluctuations in water levels.
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Appendix. Stability test

While increasing the number of scenarios improves the representation of the water level
distribution, it also complicates the process of obtaining an optimal solution. Our sce-
nario generation method is inherently random, meaning that if the procedure is rerun
with the same inputs, the resulting scenario tree varies. To ensure robustness, we use the
approach proposed by (Kaut et al., 2007). We solve our two-stage stochastic models with
a specific number of scenarios across 10 different randomly generated scenario trees with
Gurobi. We then calculate the average and standard deviation of the objective function
values. By repeating this process for different scenario counts, we study the effect of the
number of scenarios on the stability of the results.

Table 5: Stability Results for 2-SPSDM model

Scenario Size Overall Average Overall SD

10 178943.86 4788.49
20 174989.42 5576.04
30 172455.44 3950.13
40 170642.14 3138.39

Table 6: Stability Results for 2-SPDFA model

Scenario Size Overall Average Overall SD

10 113088.30 2315.56
20 110212.41 1651.58
30 109274.73 1311.68
40 108167.22 1308.50

Table 5 presents the optimal results obtained from the 2-SPSDM model, indicating
that as the number of scenarios increases, the Standard Deviation (SD) decreases, which
translates to an increase in in-sample stability. As the number of scenarios rises, the
Coefficient of Variation (CV)—the ratio of the standard deviation to the average—drops
to 2.29%. However, when the number of scenarios increases from 30 to 40, the CV
further decreases to 1.83%. Considering the computational cost of using 40 scenarios
compared to 30, alongside the slight reduction in the CV value, we determine that 30 is
the appropriate choice for the following experiments.

In Table 6, the best-known solutions for the 2-SPDFA model are presented. We set a
runtime limit of 6 hours and obtain these results. The results indicate a similar trend to
the first stochastic model. Based on these findings, we identify 20 scenarios as the best
option for this model, achieving a CV of 1.49%.
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