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Abstract

The global cruise industry has demonstrated remarkable growth, with modern ships func-
tioning as large-scale floating resorts. Effective food provisioning is a critical operational
function that directly impacts both cost efficiency and passenger satisfaction. This task is
characterized by massive consumption scales and high demand uncertainty. To address
these challenges, this paper develops a two-stage stochastic optimization model for cruise
ship food provisioning. The first-stage decisions involve procurement quantities made
before the voyage under demand uncertainty, subject to the volumetric constraints of
different storage types. The second-stage decisions determine the optimal substitution
plan after the actual demand is realized, mitigating shortages by utilizing alternative avail-
able items. Solving stochastic programs with continuous distributions is computationally
challenging. Therefore, we employ the sample average approximation (SAA) method to
obtain tractable solutions, complemented by a full statistical evaluation of solution quality.
Numerical experiments using real-world data confirm that a scenario size of 80 achieves
an optimal balance with an optimality gap of 0.78%. Sensitivity analysis demonstrates the
model’s robust performance and provides valuable managerial insights: higher shortage
penalty coefficients significantly reduce stockouts; two-way substitution structures enhance
system flexibility; appropriate salvage value accounting reduces total costs; and imple-
menting a service level constraint of λi = 0.80 optimally balances operational resilience
with economic efficiency. These findings support the development of more resilient and
cost-effective provisioning strategies, offering cruise operators a practical decision-support
tool for managing food provisioning under uncertainty.

Keywords: two-stage stochastic optimization model; sample average approximation; cruise
operations; food provisioning; product substitution

MSC: 90C11

1. Introduction
Over the past two decades, the global cruise industry has demonstrated remarkable

growth dynamics, emerging as one of the most rapidly developing segments in the world-
wide tourism market [1–3]. Nevertheless, cruise tourism continues to receive limited
attention in academic research, representing a notably under-investigated area within
tourism studies [4,5]. The quantity of studies focusing on cruise tourism remains dispro-
portionately low, especially when contrasted with the extensive body of literature devoted
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to tourism in general [6]. Positioned as an applied discipline, research in this field has
predominantly concentrated on analyzing industry evolution and enhancing operational
frameworks [7,8]. Within this context, food provisioning management deserves particular
emphasis due to the massive scale of consumption and high demand uncertainty character-
istic of cruise operations. Optimized provisioning strategies not only substantially impact
operational profitability but also contribute significantly to waste reduction objectives [9].

Food and beverage provisioning represents a critical operational function that directly
impacts both cost efficiency and passenger satisfaction. Modern cruise ships have evolved
into “floating resorts”, where dining experiences constitute a fundamental component of
the overall vacation value proposition [10]. The scale of this challenge is substantial, as a
single large cruise vessel must provision thousands of diverse food items for thousands
of passengers and crew across extended voyages, all within the constraints of specialized
storage facilities with limited capacities [11,12].

Making plans for all kinds of consumption during the voyage is a critical support of
maritime operations [13–15]. A central aspect of this support involves the provisioning of
food and beverages, which requires meticulous planning prior to departure due to limited
onboard storage capacity and the inherent uncertainty in consumption patterns during
voyages. Traditional deterministic planning methods, which rely on average demand
forecasts, frequently result in either costly overstocking or problematic shortages [16,17].
The latter scenario is particularly critical, as it can adversely affect passenger satisfaction and
overall operational effectiveness. At the same time, it is essential to consider how potential
shortages of specific food categories during voyages should be proactively addressed
through contingency planning.

Several studies have investigated cruise ship provisioning and related inventory
management problems, employing various methodologies, as summarized in Table 1.
Erkoc et al. [18] developed a multistage inventory replenishment model for cruise ship
food and beverage provisioning, employing stochastic dynamic programming to optimize
a three-stage procurement strategy that includes advance contracting, pre-departure ex-
pedited replenishment, and mid-voyage restocking, while demonstrating that optimal
replenishment follows base-stock policies at each stage. However, its decision making
is based on realized demand values rather than simultaneously formulating recourse ac-
tions for multiple potential demand scenarios within a unified stochastic programming
framework, and it does not address effective response mechanisms—such as product sub-
stitution—for in-voyage stockouts. Véronneau and Roy [8] presented an empirical study of
global cruise operations, examining supply chain management practices and challenges
under dynamic supply point environments and summarizing key characteristics and man-
agerial experiences in strategic planning, procurement processes, and port turnaround
efficiency. Nevertheless, it primarily offers qualitative descriptions of managerial practices
and operational challenges without developing mathematical models to quantitatively ana-
lyze optimal decisions under uncertainty or systematically addressing demand fluctuation
and supply risks through stochastic optimization or inventory theory. Furthermore, while
several studies in the supply chain risk management literature have explored just-in-time
(JIT) replenishment strategies as potential solutions [19,20], they generally lack quantitative
optimization frameworks that provide actionable decision support under uncertainty.

To address these research gaps, we model the food provisioning problem as a two-
stage stochastic program. The first-stage decisions are made before the voyage under
demand uncertainty. They determine the optimal quantity of each food type to purchase.
These decisions are subject to the volumetric constraints of different storage facilities, such
as freezer, refrigerator, and ambient stores. The second-stage decisions are made after
the actual demand is realized. They determine the optimal substitution plan to minimize
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penalty costs. This plan mitigates the shortage of one food item by using alternative
available items. The overall objective is to minimize the total expected cost. This cost
includes procurement costs, shortage penalties, substitution penalties, and salvage values.
Solving stochastic programs with continuous distributions is computationally difficult.
Therefore, we apply the sample average approximation (SAA) method. This method uses a
finite set of generated demand scenarios to obtain tractable and high-quality solutions.

Table 1. Summary of the literature on cruise ship provisioning and related methodologies.

Study Methodology Limitations

Erkoc et al. [18]
Multistage inventory replenishment
model; Stochastic
dynamic programming

Decision-making based on realized demand; No
substitution mechanisms; No unified stochastic
programming framework

Véronneau and Roy [8] Empirical study; Qualitative analysis of
supply chain practices

No mathematical models; No quantitative
optimization under uncertainty

Zhou et al. [19] Supply chain risk management; Risk
typology classification

Lacks quantitative optimization; No specific
decision support tools

Meng and Wu [20] Risk analysis; Set pair analysis–Markov
chain model

Focuses on risk assessment rather than
operational optimization

Pasternack and Drezner [21] Stochastic inventory models;
Substitutable products

General inventory context; Not tailored to
cruise operations

Nagarajan and Rajagopalan [22] Inventory models;
Substitutable products

No cruise-specific constraints; Limited to moderate
substitution levels

Ahiska and Kurtul [23] Hybrid manufacturing-remanufacturing;
Markov decision processes

Manufacturing context; Not applicable to
cruise provisioning

Rao et al. [24] Multiproduct systems; Two-stage
stochastic programming

Industrial-scale focus; No
cruise-specific considerations

Kim and Bell [25] Joint pricing and production;
Inventory-driven substitution

General retail context; No storage
constraints consideration

This paper presents three primary contributions to cruise ship logistics and
stochastic optimization:

• We propose a two-stage stochastic optimization model for cruise ship food provision-
ing. It captures both demand uncertainty and food substitution. The model combines
first-stage procurement decisions with second-stage recourse actions. This allows
optimal substitution after demand is realized. Our approach minimizes expected costs
and offers a practical decision-support tool.

• We solve the stochastic program using the SAA method. Our solution includes a
full statistical evaluation of its quality. We establish a statistical lower bound by
solving multiple independent SAA problems. We also compute an upper bound by
evaluating candidate solutions on a large reference sample. The optimality gap is then
estimated from these bounds. This ensures computational tractability and reliability
for real-world, large-scale planning.

• We perform extensive sensitivity analyses to derive managerial insights. The results
reveal that a higher shortage penalty coefficient leads to a significant reduction in
stockouts, while accounting for food salvage value contributes to a reduction in the
total cost. Based on these findings, we recommend that cruise operators implement
two key strategies: first, adopt a substitution cost structure that permits two-way
substitution, as this enhances system flexibility and rationalizes procurement; second,
implement a service level constraint of approximately λi = 0.80, as this setting opti-
mally balances substitution flexibility with cost control, enhancing both operational
resilience and economic efficiency.

The remainder of this paper is organized as follows. Section 2 provides a compre-
hensive review of the relevant literature. Section 3 details the problem description and
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presents the two-stage stochastic programming formulation alongside its SAA counterpart.
Section 4 presents numerical experiments based on real-world data, including convergence
analysis and sensitivity analyses. Section 5 discusses the practical implications of our
research findings for cruise operators. Finally, Section 6 concludes with a summary of
findings and potential future research directions.

2. Literature Review
Effective food and beverage provisioning constitutes a critical operational function in

cruise management, characterized by distinctive storage constraints, substantial demand
uncertainty, and the essential requirement of reducing stock shortages. This literature
review synthesizes pertinent research from two interconnected domains. The analysis
first examines the operational specificities and documented challenges within cruise ship
food provisioning to establish the problem domain. Subsequent investigation focuses on
the methodological foundations of stochastic inventory models incorporating substitution
mechanisms, evaluating their potential applicability and inherent limitations for maritime
operational environments.

2.1. The Operation Management Related to Food Provisioning on Cruise Ships

Efficient food provisioning represents a critical operational function in cruise ship
management, directly impacting cost control and inventory control [26]. A fundamental
challenge in this context arises from the significant uncertainty in passenger demand for
various food items, which stems from multiple factors including fluctuating passenger
counts, diverse demographic profiles with differing culinary preferences, and external
variables such as itinerary changes and weather conditions [27,28].

Research on demand uncertainty reveals both seasonal patterns and risk factors that
affect provisioning. Bo et al. [29] investigated Mediterranean cruise port seasonality by
classifying temporal patterns into three distinct categories while demonstrating the crucial
influence of maritime factors such as multisea complementary cruising and port hierarchy.
Similarly, Fernández-Morales et al. [30] analyzed UK tourism seasonality using a decom-
position approach, revealing varying patterns across market segments and advocating for
disaggregated mitigation strategies. Beyond seasonal variations, Diabat et al. [31] identified
demand-side risks as major supply chain threats originating from volatile consumption and
sudden preference shifts, thereby necessitating provisioning strategies that address broader
uncertainty spectra. It is worth noting that our problem differs fundamentally from high-
dimensional transportation problems [32,33]. While the latter excel at optimizing spatial flows
in deterministic networks, our focus is on sequential decision-making under uncertainty.

Studies specifically addressing cruise food provisioning employ diverse methodologi-
cal approaches. Erkoc et al. [18] examined multistage replenishment through a stochastic
model that optimizes contracting and inventory policies by integrating advance purchasing
with expedited port replenishment, demonstrating base-stock policy optimality. In contrast,
Veronneau and Roy [8] adopted an empirical perspective through field study methodology,
identifying key operational characteristics and best practices in global service supply chains
while emphasizing resupply complexities.

The literature on cruise supply chain challenges further enriches our understanding.
Zhou et al. [19] developed a comprehensive risk typology that classifies vulnerabilities into
four categories—macro risks, safety–security–health risks, information risks, and supply
risks—providing a systematic framework for risk identification. Meng and Wu [20] em-
ployed a set pair analysis–Markov chain model to evaluate China’s cruise supply chain
risks, forecasting evolution trends and potential provisioning stability disruptions. Al-
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though Sun et al. [34] primarily focused on marketing optimization, they acknowledged
the persistent scarcity of operational research despite the industry’s rapid growth.

Complementing these perspectives, Li and Wang [9] investigated food waste among
Chinese cruise passengers through qualitative methodology, revealing how cultural fac-
tors, passenger demographics, and all-inclusive pricing models significantly drive waste
generation, thereby emphasizing the importance of avoiding excessive purchasing.

In summary, while the existing literature addresses individual aspects, including strate-
gic inventory replenishment, practical supply chain management, and post-consumption
analysis, it lacks a holistic approach. A unified optimization framework that simultane-
ously integrates demand uncertainty, operational constraints, and recourse actions such as
substitution remains undeveloped, representing a significant gap in current research.

2.2. Stochastic Inventory Models with Substitution

The literature on inventory management for substitutable products provides valuable
methodologies for handling demand uncertainty. Foundational work by Pasternack and
Drezner [21] established the concavity of the expected profit function for two substitutable
products, demonstrating that optimal order quantities are influenced by substitution rev-
enue. Building on this, Rao et al. [24] developed a two-stage stochastic programming
model for multiproduct systems with downward substitution and setup costs, providing
effective heuristics for industrial-scale problems. Nagarajan and Rajagopalan [22] further
analyzed optimal policies for substitutable products, showing that partially decoupled
base-stock policies perform well when substitution levels are moderate. More recent con-
tributions include Ahiska and Kurtul [23], who examined one-way substitution in hybrid
manufacturing–remanufacturing systems using Markov decision processes, revealing that
substitution remains profitable even with negative unit margins due to savings in lost sales.
Finally, Kim and Bell [25] integrated both price-driven and inventory-driven substitution,
developing joint pricing and production models that demonstrate how firms can leverage
substitution to increase profitability. While these models provide robust frameworks for
handling substitution in various contexts, their application to cruise ship food provision-
ing—with its unique combination of storage constraints, multiple substitution relationships,
and voyage-length planning horizon—remains unexplored.

On the methodological front, these existing models exhibit important limitations in
addressing the specialized requirements of cruise operations. Specifically, they fail to
account for the distinctive challenges of cruise ship food provisioning, particularly the
presence of specialized storage constraints and the need to manage complex substitution
networks simultaneously across extended voyage durations. These methodological gaps
motivate our research to develop a two-stage stochastic optimization model specifically
designed for cruise operations. Our proposed model explicitly incorporates volumetric
storage constraints and handles multiple substitution relationships, thereby providing a
tailored decision-support framework for cruise ship food provisioning under uncertainty.

2.3. Research Gap

The synthesis of the existing literature reveals several critical gaps that this research
aims to address in the domain of cruise ship food provisioning.

First, while prior studies have separately examined inventory replenishment and sup-
ply chain challenges in cruise operations, they often lack a holistic optimization framework.
There is a notable absence of models that can simultaneously integrate proactive procure-
ment decisions made under demand uncertainty with reactive recourse actions. Specifically,
the literature lacks a unified stochastic programming paradigm that effectively combines
first-stage purchasing decisions with the second-stage operational flexibility provided by
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product substitution strategies [35,36]. Although some stochastic optimization studies have
explored substitution in multiproduct inventory systems, they have not been extended
to the cruise provisioning context, where the combination of uncertainty, perishability,
and voyage constraints presents unique modeling challenges [37,38].

Second, although the theory of inventory management for substitutable products
is well established in general [22,39], existing models are not adequately tailored to the
unique operational environment of a cruise ship. These models typically fail to account
for the complex network of substitution relationships governed by nutritional value and
taste similarity. Furthermore, they overlook the distinct volumetric constraints of frozen,
refrigerated, and ambient storage, as well as the extended planning horizon of a voyage
without port calls. Consequently, the direct application of these generic models to the cruise
context inevitably yields suboptimal and impractical solutions [11,37].

Third, from a methodological standpoint, there is a clear need for a computationally
tractable and statistically rigorous solution approach tailored for this class of large-scale
stochastic optimization problems in maritime logistics. Many existing studies do not
provide sufficient quality guarantees for their obtained solutions, limiting their practical
utility. To bridge this gap, this paper employs the SAA method, which is complemented
by a comprehensive statistical evaluation procedure. This procedure establishes tight
lower and upper bounds on the optimal solution value, thereby ensuring the reliability
and practical applicability of the proposed provisioning strategy for real-world decision
making [36,40].

3. Problem Formulation
3.1. Problem Description

The operation of a large commercial cruise ship is characterized by extended voyages
far from port and the need to provide consistent, high-quality dining experiences for thou-
sands of passengers and crews. This imposes significant challenges for food provisioning,
as the ship must carry vast quantities of diverse food items to meet consumption demands
until the next port of call.

The notation used is shown in Table 2. The limited and specialized storage capacities
on board—categorized into frozen, refrigerated, and ambient stores—further complicate
logistics. Each storage type k ∈ K has a finite volumetric capacity Qk (cubic meters). Each
food item i ∈ N (e.g., beef, lettuce, milk) has a specific unit volume vi (cubic meters per kg)
and can only be stored in its compatible storage types Ki ⊆ K.

The provisioning manager faces a two-stage decision process. In the first stage,
before the voyage begins, the manager must determine the total quantity xi of each food
item i ∈ N to procure, considering the procurement cost ci per unit. These food items
are then allocated to specialized storage compartments on board, where xik denotes the
quantity of food i stored in compartment type k ∈ Ki.

The exact consumption (demand) for each food item during the voyage, denoted by the
random variable ξ̃i, cannot be known with certainty in advance. This uncertainty stems from
factors such as fluctuating passenger counts, changing weather conditions affecting appetites,
and varying menu preferences. We can obtain the distribution of the data by using statistical
methods such as drawing frequency distribution histograms based on historical data.

After demand realization in the second stage, the initial shortage S0
i = max(0, ξi − xi)

and initial surplus R0
i = max(0, xi − ξi) are observed. If the demand for a particular

food item i exceeds the loaded quantity, a shortage occurs. To mitigate the impact of
shortages, the cruise line has established a substitution protocol. For each food item i,
there exists a set of predefined substitute items Ni ⊆ N \ i. For example, if beef (i) is
unavailable, pork (j ∈ Ni) may be used as a substitute. However, this substitution is
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imperfect; it requires qij kilograms of substitute j to replace 1 kg of the original item i and
incurs a penalty cost dij, reflecting the perceived quality drop and potential passenger
dissatisfaction. The substitution amount is denoted by uij. It is important to emphasize
that substitution does not create additional inventory but serves as a risk response strategy
after shortages are identified, utilizing similar products as supplements. If a shortage is not
substituted, a penalty pi is incurred per unit of unmet demand S0

i − ∑j∈Ni
uij. A service

level parameter λi is introduced for each food item i to represent the minimum proportion
of demand that must be fulfilled by the original product, with the maximum allowable
substitution proportion thus being (1 − λi).

Table 2. Notations used in the model formulation.

Symbol Description

Sets

N Set of food types
K Set of storage capacity types (e.g., frozen, refrigerated, ambient)
Ki ⊆ K Set of storage types suitable for food item i ∈ N
Ni ⊆ N \ {i} Set of food items that can substitute for food item i ∈ N
Hk Set of foods that can be stored in storage capacity types k ∈ K

Parameters

ci Unit procurement cost for food i ∈ N
vi Unit volume of food i ∈ N
si Unit salvage value for surplus of food i ∈ N
pi Unit penalty cost for shortage of food i ∈ N
dij Unit penalty cost for substituting 1kg of i with j ∈ Ni
qij Quantity of food j required to substitute for 1kg of food i
Qk Total volume capacity of storage type k ∈ K
ξi Random variable representing demand for food i ∈ N
S0

i Initial shortage of food i before substitution i ∈ N
R0

i Initial surplus of food i before substitution i ∈ N
λi Service level parameter for food item i ∈ N

Decision Variables

First-Stage Variables
xi Total quantity of food i purchased i ∈ N
xik Quantity of food i to purchase and store in capacity type k ∈ Ki

Second-Stage Variables
uij Amount of shortage of food i fulfilled by substitute j ∈ Ni
wi Final leftover quantity (surplus) of food item i after substitution

After the voyage, any remaining food i, denoted by wi, has a salvage value si per unit,
which could be positive (if it can be used on the next voyage) or negative (if it requires
costly disposal).

The provisioning manager aims to minimize the total expected cost. This includes the
initial procurement cost at the home port and the expected costs arising during the voy-
age—namely, shortage penalties, substitution penalties, and negative salvage revenue (or plus
salvage income). Therefore, the decisions of how much of each food type to load must be made
wisely, considering the uncertain demand and the available recourse through substitution,
with the aim of ensuring supply continuity and cost-effectiveness for the cruise operation.

3.2. Model Formulation
3.2.1. Two-Stage Stochastic Programming Formulation

The problem is formulated as the following two-stage stochastic program.
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First-Stage Problem :

min ∑
i∈N

∑
k∈Ki

cixik +Eξ [C(x, ξ)] (1)

s.t. ∑
i∈Hk

vixik ≤ Qk, ∀k ∈ K (2)

xi = ∑
k∈Ki

xik, ∀i ∈ N (3)

xik ≥ 0, ∀i ∈ N, ∀k ∈ Ki. (4)

The mathematical model formulated above represents the first-stage problem of a
two-stage stochastic programming framework. The objective function (1) aims to minimize
the total expected cost. The C(x, ξ) represents the cost in the second stage when the random
variable takes the value of ξ. Constraint (2) ensures that the total volume of all food items
assigned to each storage type k does not exceed its respective capacity Qk. Constraint (3)
ensures that the storage quantity in different storage types is equal to the purchase quantity.
Finally, constraint (4) enforces the non-negativity of the first-stage decision variables xik.

Second-Stage Problem: For a given realization ξ = (ξ1, . . . , ξ|N|) of demand, we define
the initial shortage and surplus as parameters:

S0
i = max(0, ξi − xi), ∀i ∈ N (5)

R0
i = max(0, xi − ξi), ∀i ∈ N. (6)

The second-stage problem C(x, ξ) is

C(x, ξ) = min ∑
i∈N

pi(S0
i − ∑

j∈Ni

uij)− ∑
i∈N

siwi + ∑
i∈N

∑
j∈Ni

dijuij (7)

s.t. ∑
j∈Ni

uij ≤ S0
i , ∀i ∈ N (8)

∑
j:i∈Nj

qjiuji ≤ R0
i , ∀i ∈ N (9)

wi = R0
i − ∑

j:i∈Nj

qjiuji + ∑
j∈Ni

uij, ∀i ∈ N (10)

∑
j∈Ni

uij ≤ (1 − λi) · ξi, ∀i ∈ N (11)

uij ≥ 0, ∀i ∈ N, ∀j ∈ Ni (12)

wi ≥ 0, ∀i ∈ N. (13)

The second-stage model is defined after the observation of the specific demand re-
alization ξ. Constraints (5) and (6) calculate initial shortage and surplus. The objective
function (7) minimizes the total recourse cost. Constraint (8) guarantees that the total
amount of food i replaced by its substitutes cannot exceed its initial shortage. Constraint (9)
ensures that the total consumption of food i, when used as a substitute for other foods, does
not exceed its initial surplus. Constraint (10) defines the final surplus of food i, wi. To main-
tain service quality, Constraint (11) is introduced to limit the substitution quantity for each
food item i to a maximum proportion (1 − λi) of its demand ξi. Finally, constraints (12)
and (13) enforce the non-negativity of the decision variables uij and wi.
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3.2.2. SAA Model

Let ξs = (ξs
1, . . . , ξs

|N|) represent the demand vector in scenario s, for s = 1, . . . , S.
The SAA model is

min ∑
i∈N

∑
k∈Ki

cixik +
1
S

S

∑
s=1

Cs(x, ξs) (14)

s.t. Cs(x, ξs) = ∑
i∈N

pi(S0s
i − ∑

j∈Ni

us
ij)− ∑

i∈N
siws

i + ∑
i∈N

∑
j∈Ni

dijus
ij, ∀s ∈ S (15)

S0s
i = max(0, ξs

i − xi), ∀s ∈ S (16)

R0s
i = max(0, xi − ξs

i ), ∀s ∈ S (17)

∑
i∈Hk

vixik ≤ Qk, ∀k ∈ K (18)

∑
j∈Ni

us
ij ≤ S0s

i , ∀i ∈ N, ∀s ∈ S (19)

∑
j:i∈Nj

qjius
ji ≤ R0s

i , ∀i ∈ N, ∀s ∈ S (20)

ws
i = R0s

i − ∑
j:i∈Nj

qjius
ji + ∑

j∈Ni

us
ij, ∀i ∈ N, ∀s ∈ S (21)

∑
j∈Ni

us
ji ≤ (1 − λi) · ξi, ∀i ∈ N, ∀s ∈ S (22)

xik ≥ 0, ∀i ∈ N, ∀k ∈ Ki (23)

us
ij ≥ 0, ∀i ∈ N, ∀j ∈ Ni, ∀s ∈ S (24)

ws
i ≥ 0, ∀i ∈ N, ∀s ∈ S (25)

This formulation presents the SAA model, which is a deterministic equivalent of the original
two-stage stochastic program. The core idea is to approximate the expected value of the
second-stage cost by averaging over a finite set of S randomly generated demand scenarios.

The objective function (14) minimizes the total cost, comprising the first-stage pro-
curement cost and the average second-stage recourse cost across all sampled scenar-
ios. The second-stage function Cs(x, ξs) in (15) calculates the cost for each scenario,
including the shortage penalty, minus the salvage value, plus the substitution penalty.
Equations (16) and (17) define the initial shortage and surplus for each scenario. Con-
straint (18) ensures that the total volume of food stored in each capacity type does not
exceed its limit. Constraints (19) ensure that the total substitution for a food item does
not exceed its initial shortage in each scenario. Constraints (20) ensure that the total con-
sumption of a food item as a substitute does not exceed its initial surplus in each scenario.
Constraints (21) define the final surplus of each food item after substitution. Constraint (22)
is introduced to limit the substitution quantity for each food item i to a maximum propor-
tion (1 − λi) of its demand ξi. Constraints (23) to (25) are the non-negativity constraints for
the decision variables.

3.2.3. Linearized SAA Model

The max operators in (16) and (17) can be linearized using auxiliary binary variables
and big-M constraints. The linearized constraints are

S0s
i ≥ ξs

i − xi, ∀i ∈ N, ∀s (26)

S0s
i ≥ 0, ∀i ∈ N, ∀s ∈ S (27)

S0s
i ≤ ξs

i − xi + M(1 − αs
i ), ∀i ∈ N, ∀s ∈ S (28)
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S0s
i ≤ Mαs

i , ∀i ∈ N, ∀s ∈ S (29)

R0s
i ≥ xi − ξs

i , ∀i ∈ N, ∀s ∈ S (30)

R0s
i ≥ 0, ∀i ∈ N, ∀s ∈ S (31)

R0s
i ≤ xi − ξs

i + M(1 − βs
i ), ∀i ∈ N, ∀s ∈ S (32)

R0s
i ≤ Mβs

i , ∀i ∈ N, ∀s ∈ S (33)

αs
i + βs

i = 1, ∀i ∈ N, ∀s ∈ S (34)

αs
i , βs

i ∈ {0, 1}, ∀i ∈ N, ∀s ∈ S (35)

where M is a sufficiently large constant, and αs
i , βs

i are binary variables. This linearization
ensures that

- If ξs
i > xi then αs

i = 1, βs
i = 0, S0s

i = ξs
i − xi, R0s

i = 0
- If ξs

i ≤ xi then αs
i = 0, βs

i = 1, S0s
i = 0, R0s

i = xi − ξs
i thus exactly replicating the

behavior of the original max operators.

3.2.4. Lower Bound

Let z∗ denote the true optimal objective value of the original stochastic program,
and let L̃S be the optimal value of the SAA problem with sample size S. According to the
statistical properties of SAA, we have

E[L̃S] ≤ z∗. (36)

This establishes that the expected optimal value of the SAA problem provides a
statistical lower bound for the true optimal value.

In practice, we solve T independent SAA problems, each with sample size S, obtaining
optimal values L1, L2, . . . , LT. The sample average provides an estimate of the expected value:

L̄ =
1
T

T

∑
t=1

Lt. (37)

The sample standard deviation is calculated as

sL =

√√√√ 1
T − 1

T

∑
t=1

(Lt − L̄)2. (38)

By the central limit theorem, when T is sufficiently large (typically T ≥ 30), we can
construct a (1 − α) confidence lower bound:

LB = L̄ − tT−1,α
sL√

T
, (39)

where tT−1,α is the (1 − α)-quantile of the t-distribution with T − 1 degrees of freedom. We
are approximately (1 − α) confident that z∗ ≥ LB.

3.2.5. Upper Bound

For any feasible first-stage solution xSAA obtained from the SAA procedure, the true
expected cost provides an upper bound:

UB(xSAA) = ∑
i∈N

∑
k∈Ki

cixSAA
ik +E[C(xSAA, ξ̃)] ≥ z∗. (40)
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In practice, we estimate this upper bound using a large reference sample S′ with
|S′| ≫ S:

ÛB = ∑
i∈N

∑
k∈Ki

cixSAA
ik +

1
|S′|

|S′ |

∑
s′=1

C(xSAA, ξs′). (41)

Due to the law of large numbers and the large size of S′, ÛB provides a high-quality
estimate of the true upper bound.

3.2.6. Optimality Gap

The optimality gap of the SAA solution xSAA can be estimated as

Ĝap = max
(

0, ÛB − LB
)

. (42)

This gap provides a statistical guarantee on the quality of the obtained solution.
A small gap indicates that the SAA solution is close to the true optimum.

3.2.7. Common Random Numbers for Variance Reduction

To obtain sharper bounds for the optimality gap, we employ the common random num-
bers (CRN) technique in both lower and upper bound estimations. As a well-established
variance reduction method in simulation optimization, the CRN approach operates by
using the same stream of random numbers across different system configurations [41].
The fundamental principle relies on introducing positive correlation between performance
measures, thereby making their differences primarily reflect actual solution quality rather
than random noise [42]. Let ξts denote the demand scenarios used in solving the T SAA
problems (t = 1, . . . , T, s = 1, . . . , S). The stochastic upper bound is calculated as

Ū =
1

TS

T

∑
t=1

S

∑
s=1

[
∑
i∈N

∑
k∈Ki

cixSAA
ik + C(xSAA, ξts)

]
(43)

sU =

√√√√ 1
TS − 1

T

∑
t=1

S

∑
s=1

[
∑
i∈N

∑
k∈Ki

cixSAA
ik + C(xSAA, ξts)− Ū

]2

(44)

UBstoc = Ū + tTS−1,α
sU√
TS

. (45)

Using common random numbers ensures that UBstoc ≥ LB with high probability,
providing a more reliable optimality gap estimate.

4. Numerical Experiments
4.1. Parameter Settings

The parameter settings for this study are based on published data and official sources.
The foundational data for food types and quantities required for large-scale cruise ship
provisioning are derived from industry reports and journalistic investigations [43,44].
To ensure the accuracy of nutritional parameters, calorie and composition data are refer-
enced from the USDA Food Composition Database [45] and other authoritative nutritional
sources [46,47].

Table 3 presents the parameter settings for 14 major food items, including unit procure-
ment cost ci, unit volume vi, calorie content, and the average amount of weekly demand.

The parameter configuration follows these principles: The shortage penalty cost pi

is set at twice the procurement cost ci (pi = 2ci), reflecting customer dissatisfaction and
reputation impact caused by stockouts [48]. The salvage value si is set at negative 10% of
the procurement cost (si = −0.1ci), representing the disposal cost for leftover food [49].
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The service level parameter λi, which represents the maximum allowable proportion of
demand that can be fulfilled through substitution, is uniformly set to 0.80 for all food items.

Table 3. Food parameter settings.

Food Item Unit Cost ci ($) Unit Volume vi (m3/kg) Calories Weekly Demand (kg)

Eggs 8.10 0.0001 1310 1360.78
Chicken 20.67 0.0010 1825 1971.63

Beef 61.13 0.0010 1250 3089.44
Ice Cream 20.00 0.0005 2520 143.79
Potatoes 3.50 0.0008 805 4114.26

Flour 5.50 0.0006 3600 2592.80
Salmon 75.00 0.0012 2080 514.59

Lobster Tails 200.00 0.0020 970 432.22
French Fries 20.00 0.0008 2000 1028.73

Bacon 55.00 0.0010 2500 1088.89
Tortillas 10.00 0.0005 2370 2465.62

Chicken Wings 35.00 0.0010 2100 411.43
Coffee 125.00 0.0002 3200 308.59

Tea 200.00 0.0002 3300 308.59

Substitution relationships are established considering nutritional value and taste
similarity. The substitution cost dij is set at 10% of the procurement cost of the substituted
food item ci (dij = 0.1ci) [50,51]. The calorie substitution ratio qij is calculated based on
calorie content: qij =

Calories of food i
Calories of food j .

To ensure the economic rationality of substitution relationships within the optimiza-
tion framework, two essential constraints are implemented. The substitution economic
constraint, formulated as pi > dij, requires that the direct substitution cost remains lower
than the shortage penalty, thereby ensuring the economic advantage of substitution over
unmet demand. The substitution feasibility constraint, expressed as pj · qij + dij > pi,
prevents infinite arbitrage loops by ensuring that the total cost of substitution exceeds the
original shortage penalty. Together with the service level constraint (11), these relationships
prevent managers from obtaining erroneous optimization results due to inappropriate
parameter settings in practical decision making. These constraints collectively guarantee
that all permitted substitutions are both economically viable and operationally sound.
Table 4 presents the validated substitution relationships that satisfy these conditions.

Table 4. Substitution relationship settings and constraint validation results.

Substituted Food Substitute Food Calorie Ratio qij Substitution Cost dij ($)

Chicken Beef 1.460 2.07
Salmon 0.877 2.07

Salmon Beef 1.664 7.50
Potatoes French Fries 0.403 0.35

Chicken Wings Bacon 0.840 3.50
Coffee Tea 1.000 12.50

After constraint validation, six substitution relationships satisfy the economic ratio-
nality conditions. The validation process eliminated economically infeasible substitutions
where the total substitution cost (pj · qij + dij) does not exceed the shortage penalty pi of
the substituted food. This ensures that all remaining substitution decisions in the model
meet both nutritional requirements and economic significance.
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Notably, the validation results reveal asymmetric substitution patterns. For instance,
while chicken can be substituted by beef and salmon, the reverse substitutions (beef by
chicken, salmon by chicken) are eliminated due to economic infeasibility. If we maintain
these substitution relationships, ultimately all the demand for beef will be met by chicken.

Based on actual cruise ship storage conditions, capacity constraints for three types of
storage facilities are established [52,53]. Frozen storage provides 100 m3 capacity for ice
cream, frozen meats, and other frozen items. Refrigerated storage offers 80 m3 capacity
for fresh meats, dairy products, and other refrigerated items. Ambient storage maintains
50 m3 capacity for flour, potatoes, and other shelf-stable foods.

To ensure both numerical stability and computational efficiency in the large-M lin-
earization formulation, the parameter M is carefully calibrated. To ensure numerical sta-
bility in the linearized constraints, the big-M constant is set to M = 100 × maxi∈N(E[ξi]),
where E[ξi] is the mean demand for food item i. This unified calibration is justified as
both auxiliary variables S0s

i and R0s
i are bounded by demand deviations from procurement

quantities that are optimized around mean demands. The chosen M is sufficiently large to
maintain constraint correctness under all plausible demand realizations, while avoiding
numerical issues caused by excessively large values.

Passenger demand modeling is based on a cruise ship carrying 1500 passengers
during a 7-day voyage. The demand for each food item is modeled as a normal distribution,
an assumption supported by the central limit theorem given the large number of passengers
(1500) and the aggregation of individual consumption patterns [54–56]. While we employ
the normal distribution for computational tractability and scenario generation, the proposed
optimization framework is robust to alternative demand distributions, as the SAA method
relies only on demand scenarios rather than specific distributional assumptions [57,58].
The mean of the distribution is set equal to the historical weekly provisioning quantity
listed in Table 3. The standard deviation is set at 10% of this mean value.

A Monte Carlo simulation with 3000 randomly generated scenarios comprehensively
captures the demand uncertainty, ensuring the optimization model’s robustness and practi-
cal applicability to real-world operational environments.

4.2. Convergence Analysis

The algorithm uses Python 3.5 and runs on an x64-PC with a six-core Intel i7-12700H
2.3 GHz CPU and 16.0 GB of RAM. Gurobi 12 is used to solve the SAA model.

To determine the appropriate number of scenarios S for the SAA method, we conduct
a convergence analysis of the solution results under different scenario sizes. The number
of scenarios S is set to 10, 20, 30, 40, 60, 80, and 100, respectively. For each tested S,
the statistical evaluation procedure is rigorously applied: we solve T = 30 independent
SAA problems to estimate the lower bound, ensuring the robustness of our expected value
estimate. The upper bound is evaluated using a large reference sample of size S′ = 20 × S,
which guarantees that S′ ≫ S and provides a high-quality estimate of the true expected
cost. All reported lower bounds, upper bounds, and standard deviations are derived from
this procedure and are associated with a 95% confidence level, ensuring the statistical
reliability of the reported optimality gaps and solution quality metrics.

The SAA algorithm is executed to solve the two-stage stochastic programming model,
obtaining the upper and lower bounds of the objective value and statistical indicators,
as shown in Table 5. The optimality gap in is calculated as follows: Gap = UB−LB

LB × 100%.
According to the results in Table 5, as the number of scenarios S increases, both the

optimality gap and the standard deviations of the upper and lower bounds generally
show a decreasing trend, indicating that increasing the number of scenarios can effectively
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improve solution quality. However, excessively increasing the number of scenarios will
expand the problem scale, leading to increased computational time for the algorithm.

Table 5. Decision results under different numbers of scenarios.

Number of Scenarios Obj LB Obj UB Gap (%) LB Std. Dev. (%) UB Std. Dev. (%) Time(s)

10 1,443,787.71 1,475,263.39 2.13 1.18 0.25 0.12
20 1,449,177.39 1,477,495.90 1.92 0.82 0.21 0.30
30 1,453,118.39 1,471,652.35 1.26 0.81 0.20 1.06
40 1,456,864.13 1,474,720.78 1.21 0.54 0.13 1.59
60 1,456,997.59 1,474,842.91 1.21 0.55 0.10 4.15
80 1,459,413.71 1,470,951.34 0.78 0.64 0.07 9.39
100 1,459,431.67 1,471,970.30 0.85 0.39 0.07 17.62

Considering both solution quality and computational efficiency, we select S = 80
as the appropriate parameter setting for subsequent experiments. Although increasing
the number of scenarios from 40 to 80 leads to a moderate increase in computational
time (from 1.59 to 9.39 s), it provides a significant improvement in solution quality by
reducing the optimality gap from 1.21% to 0.78%. The selection of S = 80 offers an optimal
balance between computational tractability and statistical precision for cruise ship food
provisioning decisions. This scenario count provides robust protection against demand
uncertainty while maintaining reasonable computational requirements, making it well
suited for operational planning in maritime logistics contexts where both accuracy and
timeliness are critical considerations.

4.3. Sensitivity Analysis
4.3.1. Sensitivity Analysis of Demand Variance

A sensitivity analysis is conducted to evaluate the impact of demand variance, ex-
pressed as the ratio of standard deviation to mean. As illustrated in Figure 1a, the average
total cost and the average shortage cost both exhibit a clear upward trend as the variance
increases from 0.1 to 0.3, indicating that higher uncertainty exacerbates stockout situa-
tions. In contrast, the purchasing cost demonstrates a noticeable decline under the same
conditions. This phenomenon is clearly demonstrated in Figure 1b. As demand variance in-
creases, the total shortage quantity rises significantly. However, the substitution mechanism
effectively compensates for this by supplying additional items, offsetting approximately
12–17% of the shortage volume. Notably, as demand uncertainty increases, the substitution
compensation quantity decreases correspondingly, primarily because each food item needs
to reserve more inventory to cope with its own demand uncertainty, thereby reducing the
surplus available for substitution. This complementary relationship underscores that while
uncertainty increases costs and shortages, the adoption of a substitution strategy serves
as an effective mitigation measure, reducing the reliance on traditional purchasing and
enhancing model resilience against variability.



Mathematics 2025, 13, 3806 15 of 25

(a) (b)

Figure 1. Impact of demand standard deviation on costs and substitution effectiveness. (a) Cost
components under demand uncertainty. (b) Reduction in shortages achieved through substitution.

4.3.2. Sensitivity Analysis of Purchase Cost

The impact of procurement price fluctuations is analyzed by varying the purchase
cost coefficient from 0.8 to 1.2. The results are summarized in Table 6. A clear positive
correlation is observed between the purchase cost coefficient and the total cost. As the
coefficient increases from 0.8 to 1.2, the total cost rises from 1,399,396.28 to 1,927,393.49,
representing a 37.7% increase. This growth is primarily driven by the purchase cost
component, which increases from 1,149,321.61 to 1,491,940.08. Concurrently, shortage
cost shows a more pronounced upward trend, escalating from 230,791.79 to 424,120.86,
indicating that higher procurement prices significantly exacerbate shortage situations by
constraining purchasing capacity.

Table 6. Decision results under different purchase cost coefficients.

Purchase Cost
Coefficient Purchase Cost Shortage Cost Substitution Cost Total Cost

0.8 1,149,321.61 230,791.79 1519.69 1,399,396.28
0.9 1,265,398.26 258,653.29 1638.12 1,541,743.47
1.0 1,343,974.79 316,122.14 1759.14 1,674,964.78
1.1 1,427,816.21 365,622.20 1883.24 1,806,612.59
1.2 1,491,940.08 424,120.86 1859.91 1,927,393.49

The quantity analysis shown in Table 7 reveals the underlying operational dynamics.
As the purchase cost coefficient increases from 0.8 to 1.2, the total purchase quantity
decreases from 44,745.11 kg to 38,912.81 kg, reflecting a rational cost-control response. This
reduction in procurement has a direct consequence, leading to increased initial shortages
that rise from 4894.04 kg to 8006.57 kg. The substitution quantity demonstrates a decreasing
trend, declining from 843.22 kg to 653.52 kg, suggesting that higher purchase costs limit
the economic feasibility of certain substitution options. Consequently, the final shortage
exhibits a consistent increase, rising from 4050.82 kg to 7353.04 kg across the tested range.

These results demonstrate the system’s high sensitivity to procurement price fluctu-
ations. A 50% increase in the cost coefficient (from 0.8 to 1.2) leads to a 37.7% surge in
total cost, underscoring that rising food prices significantly inflate operational expendi-
tures. A notable finding is the amplified impact on shortage costs, which increase by 83.8%
compared to the 29.8% increase in purchase costs. This paradoxical effect occurs because
budget constraints limit optimal purchase quantities, leading to more severe shortages
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despite the substitution mechanism. The declining substitution rate (from 17.2% to 8.2%)
further indicates that the model’s flexibility diminishes as procurement costs rise. There-
fore, securing stable supply contracts and cost-effective sourcing strategies is crucial for
maintaining both financial performance and service quality in cruise operations.

Table 7. Shortage quantities under different purchase cost coefficients.

Purchase Cost Purchase Initial Shortage Substitution Final Shortage
Coefficient Quantity (kg) Quantity (kg) Quantity (kg) (kg)

0.8 44,745.11 4894.04 843.22 4050.82
0.9 44,043.24 5333.39 786.82 4546.57
1.0 42,202.85 6220.74 755.34 5465.40
1.1 40,706.49 6997.43 727.10 6270.33
1.2 38,912.81 8006.57 653.52 7353.04

4.3.3. Sensitivity Analysis of Shortage Penalty Coefficient

This section examines the model’s response to variations in the shortage penalty coef-
ficient, which represents the multiple of the purchasing cost incurred as a penalty for each
unit of shortage. The decision results are presented in Table 8, where the substitution rate is
calculated as follows: Substitution Rate = Total Substitution/Initial Shortage× 100%.

Table 8. Decision results under different shortage penalty coefficient pi.

Penalty Initial Shortage Total Substitution Final Shortage Substitution Total Cost
Coefficient Quantity (kg) Quantity (kg) Quantity (kg) Rate (%)

2.0 2490.08 306.50 2183.58 12.3 1,662,081.76
2.5 1871.74 327.45 1544.29 17.5 1,739,641.40
3.0 1582.72 343.60 1239.12 21.7 1,777,561.01
3.5 1305.95 348.52 957.43 26.7 1,823,454.27
4.0 1144.42 339.27 805.14 29.6 1,854,539.68
4.5 1026.66 339.61 687.05 33.1 1,874,298.57
5.0 987.19 336.92 650.27 34.1 1,902,127.36
5.5 874.04 324.04 550.00 37.1 1,924,294.48
6.0 859.37 329.66 529.71 38.4 1,945,550.17
6.5 748.00 305.84 442.16 40.9 1,952,583.75
7.0 681.33 296.44 384.89 43.5 1,975,310.33
7.5 666.30 296.04 370.26 44.4 1,974,891.41
8.0 622.23 298.68 323.54 48.0 2,009,200.58

As shown in Table 8 and depicted in Figure 2a, as the penalty coefficient increases
from 2.0 to 8.0, all shortage-related quantities demonstrate a consistent declining trend.
The initial shortage quantity decreases from 2490.08 kg to 622.23 kg (a 75.0% reduction),
while the final shortage quantity drops from 2183.58 kg to 323.54 kg (an 85.2% reduction).
Concurrently, the substitution rate shows a steady increase from 12.3% to 48.0%, indicating
enhanced utilization of the substitution mechanism under higher penalty pressures.

The cost dynamics illustrated in Figure 2b reveal a contrasting pattern. As the penalty
coefficient rises, both the purchase cost and total cost exhibit continuous growth. The total
cost increases from 1,662,081.76 to 2,009,200.58 (a 20.9% increase), reflecting the economic
trade-off between shortage mitigation and cost efficiency. This correlation demonstrates
that higher penalty coefficients drive the model to adopt more conservative procurement
strategies, significantly reducing shortage risks at the expense of elevated operational costs.

The analysis reveals three distinct phases in the model’s response to increasing penalty
coefficients: (1) In the low penalty range (2.0–4.0), substantial shortage reduction is achieved



Mathematics 2025, 13, 3806 17 of 25

with relatively moderate cost increases, indicating high marginal returns; (2) in the medium
range (4.0–6.0), diminishing returns become apparent as additional cost increments yield
progressively smaller shortage improvements; (3) in the high range (6.0–8.0), further short-
age reduction requires disproportionately high cost increases, highlighting the optimal
operational range for practical decision making where cost-effectiveness begins to de-
cline significantly.

(a) (b)

Figure 2. Impact of shortage penalty coefficient on key factors.(a) Shortage quantities. (b) Cost
components.

4.3.4. Sensitivity Analysis on Different Salvage Value Coefficient si

The salvage value coefficient si plays a crucial role in determining procurement strat-
egy. When si is negative, it represents disposal costs for leftover food, discouraging
over-purchasing as the food becomes unusable after the voyage. Conversely, a positive si

indicates residual value, encouraging larger procurement quantities.
As shown in Table 9, increasing si leads to higher procurement quantities, resulting

in increased purchase costs but reduced shortage costs. The higher procurement lev-
els also provide more available food for substitution, leading to increased substitution
costs. This trade-off reflects the fundamental balance between procurement strategy and
shortage management.

Table 9. Decision results under salvage value si.

si Purchase Cost Purchase Cost
Proportion (%) Shortage Cost Shortage Cost

Proportion (%) Substitution Cost Salvage Value

−0.3 1,344,943.95 91.40 114,414.84 7.78 865.96 −11, 311.58
−0.2 1,349,126.11 92.09 106,685.48 7.28 928.78 −8220.57
−0.1 1,356,786.32 92.80 99,875.77 6.83 949.55 −4463.27

0.1 1,373,900.92 94.43 85,280.72 5.86 1079.09 5353.01
0.2 1,378,209.37 95.36 77,725.26 5.38 1079.56 11,721.60
0.3 1,388,411.46 96.38 70,149.59 4.87 1088.94 19,060.90

Examining the three key meat products reveals interesting patterns. Figure 3a demon-
strates that both chicken and beef procurement quantities increase with higher si, while
salmon purchases show a slight decrease. This occurs because salmon’s relatively lower
demand can be effectively supplemented by other meat products through substitution.
The increased procurement of chicken and beef provides sufficient buffer to cover potential
salmon shortages.
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(a) (b)

Figure 3. Impact of salvage value coefficient on key factors. (a) Purchase quantities. (b) Initial
shortage quantities.

The benefits of higher si are clearly visible in Figure 3b, where initial shortage quantities
show significant reduction across all products. This improvement is further quantified in
Table 10 for the key meat products. As si increases from −0.3 to 0.3, chicken shortages
demonstrate a significant reduction from 268.11 to 102.87 units, while beef shortages show a
substantial decline from 232.45 to 140.98 units. Interestingly, salmon shortages remain relatively
stable throughout the salvage value range, fluctuating between 43.23 and 48.93 units with no
clear trend. The results demonstrate that positive salvage values encourage more strategic
procurement planning, particularly benefiting products with higher demand variability.

Table 10. Final shortage for key meat products.

Salvage Value Coefficient Chicken Beef Salmon

−0.3 268.11 232.45 46.60
−0.2 248.35 223.18 48.51
−0.1 209.04 215.67 43.23

0.1 162.57 167.66 48.93
0.2 144.92 154.53 48.66
0.3 102.87 140.98 48.80

The results suggest that cruise operators can strategically adjust their salvage value
assumptions based on their operational capabilities and food preservation technologies.
Higher salvage values encourage more aggressive procurement strategies, which signifi-
cantly reduce shortages but require careful management of substitution relationships and
storage constraints.

4.3.5. Sensitivity Analysis on Substitute Cost Coefficient dij

The results in Table 11 demonstrate how changes in the substitute cost coefficient dij

influence the provisioning system. As dij increases, the total substitution cost shows a direct
upward trend, while the total shortage cost generally decreases. To better understand this
relationship, we focus on three main meat products: beef, salmon, and chicken.

The economic feasibility of any substitution is determined by the condition
pj · qij + dij > pi. An increase in dij directly influences the satisfaction of this inequality.
As dij rises, the left-hand side of the inequality increases, making it easier to satisfy the
condition. Consequently, more substitution relationships that are previously economically
infeasible may become viable.
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Specifically, when dij increases to the threshold of 0.6, the condition pj · qij + dij > pi

is met for the case where salmon substitutes for beef. This activates a new substitution
pathway from salmon to beef, as a substitution from beef to salmon is already feasible
under lower dij values. This new pathway establishes a two-way substitution relationship
between beef and salmon, enhancing the flexibility within the provisioning system.

This structural change significantly impacts procurement patterns. Figure 4a illustrates
that when dij ≥ 0.6, beef purchases decline while salmon purchases increase. For dij < 0.6,
the system relies on beef as a buffer for potential shortages of both salmon and chicken.
However, as dij rises, this strategy becomes less economically viable, leading to increased
initial beef shortages, as shown in Figure 4b.

(a) (b)

(c) (d)

Figure 4. Impact of the substitute cost coefficient on key factors. (a) Purchase quantities. (b) Initial
shortage quantities. (c) Final shortage quantities. (d) Substitution quantities.

The activation of two-way substitution changes procurement strategies. Beef purchases
decrease as a result. Salmon purchases increase correspondingly. This leads to persistently
high beef shortages. Meanwhile, salmon shortages drop significantly, as shown in Figure 4b.
This pattern offers a key managerial insight: two-way substitution makes purchasing more
rational. The system no longer relies heavily on substitution as a primary solution. Instead,
it prioritizes sufficient procurement of each main food category. Substitution only serves
as a backup for unexpected shortages. This approach establishes a more robust and cost-
effective provisioning system.
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From a managerial perspective, establishing appropriate substitution costs to enable
two-way substitution relationships is crucial for optimizing procurement and shortage man-
agement strategies. Such bidirectional substitution mechanisms create more flexible and
resilient provisioning systems that can better adapt to demand fluctuations. More importantly,
two-way substitution relationships ensure more rational procurement decisions by prevent-
ing unreasonable one-way substitution patterns in the optimization results. This approach
guides managers to make balanced procurement plans for various food categories during
the decision-making process, rather than relying excessively on substituting one specific food
item for others. Managers should carefully calibrate substitution costs to activate economically
feasible two-way relationships, thereby achieving a more balanced and practical provisioning
strategy that maintains both operational efficiency and service quality.

Despite the observed changes, the substitution mechanism effectively controls overall
shortages, as demonstrated in Figure 4c,d. For products experiencing persistent shortages
such as chicken and beef, additional adjustments to their shortage penalty coefficients pi

could provide further improvements in shortage control performance.

Table 11. Decision results under different substitute cost coefficient dij.

Substitute Cost
Coefficient Purchase Cost Shortage Cost Substitution

Cost Salvage Value Total Cost

0.1 1,354,042.93 101,915.75 925.23 −4390.16 1,461,274.07
0.2 1,357,367.44 100,668.91 1867.38 −4429.70 1,464,333.44
0.3 1,353,940.29 99,636.84 2476.22 −4399.00 1,460,452.36
0.4 1,355,762.07 102,173.49 3117.38 −4392.40 1,465,445.34
0.5 1,354,269.72 103,916.41 4178.67 −4437.47 1,466,802.27
0.6 1,356,744.51 94,305.09 5693.65 −4578.71 1,461,321.96
0.7 1,353,703.05 97,497.01 6335.24 −4545.29 1,462,080.59
0.8 1,352,952.26 95,324.02 8097.53 −4625.46 1,460,999.28

4.3.6. Sensitivity Analysis of Service Level Coefficient λi

The impact of service level coefficients on the provisioning system is analyzed by
varying λi from 0.75 to 0.95, where λi represents the minimum proportion of demand that
must be fulfilled by the original product. As shown in Table 12, the substitution quantity
demonstrates an increasing trend as the service level coefficient decreases, rising from
191.20 kg to 338.76 kg when λi decreases from 0.95 to 0.75. This pattern is reflected in the
substitution rate, which is calculated as the ratio of substitution quantity to initial shortage
quantity, i.e., Substitution Rate =

Total Substitution Quantity
Initial Shortage Quantity × 100%. The substitution rate

increases from 9.5% to 15.6% over the tested range, with the highest value of 16.1% achieved
at λi = 0.80, indicating that lower service level constraints enable greater utilization of the
substitution mechanism.

Table 12. Decision results under different service level coefficients λi.

Service Level Initial Shortage Final Shortage Substitution Substitution
Coefficient Quantity (kg) Quantity (kg) Quantity (kg) Rate (%)

0.95 2003.73 1812.53 191.20 9.5
0.90 2103.52 1828.32 275.20 13.1
0.85 2090.99 1761.07 329.92 15.8
0.80 2132.21 1788.35 343.86 16.1
0.75 2165.67 1826.91 338.76 15.6
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Analysis of shortage patterns reveals that both initial and final shortage quantities
vary with service level changes. Initial shortages increase from 2003.73 kg to 2165.67 kg as
the service level coefficient decreases from 0.95 to 0.75, while final shortages show a similar
increasing pattern from 1761.07 kg to 1826.91 kg. This observation indicates that while the
service level constraint directly limits the maximum allowable substitution proportion to
(1−λi), the actual substitution utilization is predominantly determined by the optimization
model based on economic feasibility and resource availability. The variation in shortage
quantities across different service levels demonstrates the trade-off between service quality
requirements and shortage management effectiveness.

The cost analysis in Table 13 reveals that the total cost decreases from 1,469,343.53
to 1,460,076.78 as the service level coefficient decreases from 0.95 to 0.75, representing
a 0.6% overall cost reduction. This improvement is primarily driven by the decreasing
shortage cost, which drops from 105,953.05 to 102,306.58, despite a moderate increase
in substitution cost from 414.06 to 988.63. The purchase cost remains relatively stable
across different service levels, fluctuating between 1,352,452.37 and 1,358,386.85, demon-
strating that procurement decisions are largely independent of service level parameter
settings. These results collectively suggest that implementing moderately lower service
level coefficients enhances system flexibility and cost efficiency without compromising
operational stability. The optimal balance between substitution effectiveness and economic
performance is achieved at λi = 0.80, where the system maintains adequate service quality
while minimizing total operational costs.

Table 13. Shortage quantities under different service level coefficients λi.

Service Level Purchase Shortage Substitution Salvage Total
Coefficient Cost Cost Cost Value Cost

0.95 1,358,386.85 105,953.05 414.06 −4589.57 1,469,343.53
0.90 1,355,774.57 103,024.11 693.42 −4357.47 1,463,849.57
0.85 1,358,232.36 100,862.85 917.17 −4471.64 1,464,484.02
0.80 1,354,790.34 100,022.43 957.14 −4402.20 1,460,172.11
0.75 1,352,452.37 102,306.58 988.63 −4329.20 1,460,076.78

5. Practical Implications
The implementation of the two-stage stochastic optimization framework offers sub-

stantial practical value for cruise ship operators in managing food provisioning operations.
This research provides actionable insights that can directly enhance operational decision
making, cost management, and risk mitigation strategies.

For operational decision support, the model serves as an effective tool for provisioning
managers, enabling data-driven procurement planning under uncertainty. Cruise operators
can utilize this framework to move beyond traditional deterministic planning methods that
often lead to either costly overstocking or service-disrupting shortages. The scenario-based
approach provides specific guidance on optimal purchase quantities for each food category
while considering storage constraints and substitution possibilities.

Regarding cost management, the sensitivity analyses reveal crucial strategic insights.
The strong correlation between procurement prices and total costs underscores the im-
portance of securing stable supply contracts and implementing cost-effective sourcing
strategies. The identification of optimal service level coefficients (λi = 0.80) enables op-
erators to balance substitution flexibility with cost control, achieving approximately 0.6%
cost reduction compared to restrictive substitution policies. Furthermore, the salvage value
analysis demonstrates how strategic over-procurement with positive salvage assumptions
can effectively control shortage risks while maintaining cost efficiency.



Mathematics 2025, 13, 3806 22 of 25

In terms of risk mitigation, the framework provides robust mechanisms for handling
demand uncertainty. The substitution protocols establish resilient backup systems that
can compensate for 12–17% of shortage volumes during demand fluctuations. The penalty
coefficient analysis offers guidance on setting appropriate shortage penalties that balance
service quality objectives with cost considerations. Additionally, the storage capacity
constraints ensure that provisioning plans remain feasible within the physical limitations
of cruise ship facilities.

The practical implementation of this optimization framework can lead to more resilient
provisioning systems, reduced operational costs, and enhanced passenger satisfaction
through improved dining experience consistency. Cruise operators can adapt these findings
to develop more sophisticated inventory management systems that proactively address the
unique challenges of maritime food logistics.

6. Conclusions
Effective food provisioning is a fundamental requirement for cruise ship operations.

This process directly determines operational profitability and passenger satisfaction levels.
Modern cruise ships function as large floating resorts. They must provide consistent
dining experiences for thousands of people. These voyages often extend for weeks without
port calls. The scale of consumption creates significant logistical challenges. Demand
uncertainty remains a persistent issue in planning. Traditional planning methods based on
average demand often prove inadequate. They frequently lead to either overstocking or
problematic shortages. This operational reality underscores the urgent need for advanced
decision-support systems. Our research directly addresses this critical industry need.

We present a two-stage stochastic optimization framework. This model specifically
addresses the unique challenges of cruise food provisioning. The first-stage decisions
involve procurement planning before voyage departure. These decisions must account
for specialized storage constraints. The ship has freezer, refrigerator, and ambient storage
compartments. Each has distinct capacity limitations and compatibility requirements.
The second-stage decisions occur after observing actual demand. They determine optimal
substitution strategies to mitigate shortages. Our model incorporates realistic substitution
relationships between food items. Each substitution carries specific nutritional and cost
parameters. To solve this complex stochastic program, we employ SAA. This method uses
multiple randomly generated demand scenarios. We implement comprehensive statistical
validation procedures. These procedures establish reliable lower bounds. The lower
bounds are derived by solving multiple independent SAA problems. These procedures also
establish reliable upper bounds. The upper bounds are obtained by evaluating candidate
solutions against large reference samples. They also calculate precise optimality gaps.
These gaps provide solution quality assurance.

Our numerical experiments employ authentic cruise operational data encompassing
fourteen major food categories. The convergence analysis reveals that a scenario size of
80 achieves an optimal balance between solution quality and computational efficiency,
yielding an optimality gap of 0.78% while maintaining practical computational require-
ments for operational planning. The comprehensive sensitivity analysis provides valuable
managerial insights across multiple dimensions. First, increasing demand variance leads to
elevated total costs, while food price fluctuations demonstrate significant impact on overall
expenditure. Second, the shortage penalty coefficient substantially influences procurement
strategy, with higher coefficients driving increased purchase quantities and consequently
reducing final shortages by up to 85.2% when the coefficient rises from 2.0 to 8.0. Third, ap-
propriate substitution cost calibration facilitates the establishment of two-way substitution
relationships, such as between beef and salmon, thereby creating more resilient and flexible
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provisioning systems. Fourth, salvage value assumptions significantly affect procurement
behavior, where positive salvage values encourage strategic over-procurement, effectively
controlling shortage risks while maintaining cost efficiency. Furthermore, the service level
analysis demonstrates that moderate service level coefficients (around λi = 0.80) achieve
an optimal balance between substitution flexibility and cost control. Higher service levels
enhance system responsiveness to shortages through increased substitution capacity, while
lower levels maintain tighter control over substitution costs, with the optimal configura-
tion reducing total costs by approximately 0.6% compared to the most restrictive service
level setting.

Future research should pursue several promising directions.

• Enhanced demand modeling: Detailed passenger information should be incorporated,
including demographics and historical consumption patterns. Correlation analysis
between different food items should be conducted to improve forecasting accuracy.
Menu engineering principles could also be applied to refine demand projections.

• Algorithmic improvements: Advanced decomposition methods, such as Benders de-
composition, should be developed to handle larger problem instances more efficiently.
These methods would substantially improve computational performance.

• Machine learning integration: Predictive analytics should be employed to optimize
scenario generation processes. These techniques can generate more accurate demand
scenarios, thereby enhancing the stochastic optimization framework.
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