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Abstract

In disaster preparedness, strategically placing relief supplies is crucial to guarantee time-
ly and adequate relief efforts. Important decisions in this process include determining
optimal warehouse locations, assessing logistical resources, and strategically allocating
critical supplies to distribution points. The inherent uncertainty surrounding a potential
disaster amplifies the complexity of these decisions. We formulate a scenario-based multi-
objective optimization model that integrates the advanced placement and allocation of
relief supplies, extending the general form of a cooperative covering location problem.
The proposed model maximizes demand coverage while minimizing underlying storage
and logistics costs. Furthermore, the model accounts for diverse disruption scenarios us-
ing stochastic programming, treating the disaster impact of individual factors as random
variables. Given large-scale disaster situations, our model evaluates the effect of potential
disruptions, enabling the assessment of optimal network solutions. Based on an empirical
case study focusing on the German national food stockpiling system, we demonstrate the
feasibility of the introduced methodology in developing efficient stockpiling and prepared-
ness strategies while facilitating the identification of vulnerabilities to enhance overall
resilience. Our results show that incorporating stochastic factors, such as warehouse avail-
ability and operability, route failure, coverage radius limitations, and demand volatility,
can significantly impact the optimal network configuration and influence demand coverage
and total costs. Furthermore, the methodology proves to be both scalable and feasible
when applied to a large-scale scenario.

Keywords Network analysis - Disaster preparedness - Location problem - Supply chain
resilience - Uncertainty

P4 Katharina Eberhardt
katharina.eberhardt@kit.edu

Institute for Industrial Production (IIP), Karlsruhe Institute of Technology (KIT), Hertzstrafle
16, 76187 Karlsruhe, Germany

@ Springer


http://orcid.org/0000-0002-3580-0951
https://doi.org/10.1007/s10479-025-06909-w
http://crossmark.crossref.org/dialog/?doi=10.1007/s10479-025-06909-w&domain=pdf&date_stamp=2025-10-27

910 Annals of Operations Research (2026) 357:909-944

1 Introduction

The efficient management of supply chains is a critical component of logistics affecting
various industries, governments, and stakeholders. However, the importance of resilient
supply chains becomes even more pronounced in the face of potential disasters. Every year,
extreme weather events, earthquakes, droughts, diseases, and other disasters disrupt vari-
ous regions worldwide, resulting in significant economic and social impacts. In addition,
climate change, coupled with factors like population growth, urbanization, and deficient
infrastructure planning and management, not only heightens the likelihood of disasters but
also accentuates the growing vulnerability of developed countries to such events (WMO,
2021). For example, the COVID-19 pandemic exposed weaknesses in global supply chains,
leading to widespread disruptions due to border closures, lockdown measures, and changes
in consumer behavior (Sharma et al., 2021; Kumar et al., 2022). A closer examination of the
disruptions caused by the COVID-19 pandemic reveals that even more severe disasters can
significantly disrupt commercial supply chains, highlighting the need for resilient strategies
and adaptive approaches (Seuring et al., 2022).

As aresult, disaster preparedness has become more prominent than ever, driving govern-
ment agencies to actively enhance their preparedness measures to ensure the continuous
flow of critical goods and services during disasters. These efforts include proactively pre-
positioning essential relief supplies in predetermined locations to improve overall disaster
response capabilities. For instance, within the United States, notable research focuses on
optimizing the placement of strategic national stockpiles and analyzing critical hubs for
food delivery (Shaheen et al., 2023). According to Verma and Gaukler (2015), the national
stockpile contains substantial quantities of medicine and medical equipment, protecting the
American public in a severe disaster that exhausts local supplies. Likewise, German authori-
ties are engaged in maintaining emergency stocks of food supplies to address large-scale
disasters that may result in dysfunctional commercial supply chains (BMEL, 2024). Conse-
quently, authorities are responsible for identifying the most efficient storage sites, determin-
ing distribution points, and formulating resource allocation strategies to mitigate potential
shortages. This task becomes complicated when pre-positioning occurs well before a disas-
ter, due to the significant uncertainty surrounding the affected areas, available resources, and
the potential severity.

A comprehensive understanding of supply chain network performance is essential,
particularly when evaluating design alternatives under disruption scenarios. As noted by
Roshani et al. (2024), a significant gap remains in thoroughly assessing network strate-
gies and their relative performance. Furthermore, Pires Ribeiro and Barbosa-Povoa (2018)
emphasize that traditional risk management approaches often overlook high-impact, low-
probability disruptions. They highlight the importance of drawing insights from existing
strategies to address such events. Failing to anticipate or accurately evaluate the effects
of specific disruptions can severely impair operational efficiency. Consequently, further
research is needed to develop robust quantitative models that evaluate existing networks and
potential alternatives. These models offer critical insights to aid decision-makers in iden-
tifying requirements, setting objectives, and mitigating the adverse impacts of disruptions.

In light of these challenges and research gaps, this study seeks to examine the issues in
greater depth, providing valuable insights into the analysis of disruptions and the strategic
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location and allocation of critical goods. The main contributions of this study can be sum-
marized as follows:

1. We introduce a multi-objective capacitated cooperative covering location model
designed to assist decision-makers in formulating strategic preparedness plans tailored
for large-scale disaster scenarios, considering diverse disruption factors and inherent
uncertainties.

2. Our model addresses crucial decisions related to the strategic placement of facilities for
critical supplies and the allocation and distribution of these supplies to various demand
locations in the aftermath of a disaster.

3. The model specifically addresses uncertainties surrounding the availability and oper-
ability of pre-positioned warehouses, route failure, coverage radius limitations, and
demand variations. By incorporating multiple objectives, the model facilitates a com-
prehensive analysis of potential trade-offs between cost considerations and the extent
of supply coverage, providing decision-makers with a tool for optimizing resource
allocation.

4. To validate the practical applicability and assess managerial implications, we conduct a
detailed case study of Germany’s national food stockpiling system, covering 150 poten-
tial storage locations and 431 distribution points. We evaluate the system’s performance
through six scenarios, providing valuable insights for optimizing network strategies
that ensure resilience and adaptability in disaster preparedness.

The paper is structured as follows. Section 2 reviews the state-of-the-art literature on disas-
ter preparedness, strategic pre-positioning, and covering models. Section 3 outlines the
methodology developed to address the identified research gaps. In Sect. 4, we apply the
proposed model to a case study focused on optimizing Germany’s national food stockpiling
strategy. Sections 5 and 6 present the results, provide a detailed analysis of the findings, and
include a sensitivity analysis to assess the model’s robustness. Finally, Sect. 7 summarizes
the key findings, discusses theoretical and managerial implications, and suggests directions
for future research.

2 Theoretical background and related work
2.1 Disaster preparedness and strategic pre-positioning

The unpredictable nature of disasters, including their timing, location, and intensity, high-
lights the importance of thorough preparation, which significantly impacts disaster response.
The pre-positioning of supplies plays a vital role in disaster preparedness and can accelerate
response activities by proactively siting essential resources, such as food, water, medication,
and technical equipment, in strategic locations before a disaster occurs (Rawls & Turnquist,
2011; Akbarpour et al., 2020; Lei et al., 2016). However, maintaining excessive stocks can
lead to financial losses if supplies go unused, while insufficient stockpiling may result in
human suffering and loss of life during disasters. Striking the optimal balance is imperative
for an effective and responsive preparedness system. The literature addresses various issues
related to pre-positioning relief supplies.
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For instance, Aslan and Celik (2019) examine the design of a multi-echelon humanitarian
response network. They address pre-disaster decisions regarding warehouse locations and
item pre-positioning, considering uncertainties in demand and the vulnerability of roads and
facilities after a disaster. Additionally, they conduct computational experiments on a poten-
tial earthquake scenario in Istanbul, Turkey, employing a sample average approximation for
heuristic solutions. Rothkopf et al. (2023) analyze the impact of transportation capacity in
pre-positioning humanitarian supplies. Therefore, they develop a stochastic linear program
that optimizes the delivery of essential relief items using a scenario approach. Contributing
to pre-disaster relief network design, Erbeyoglu and Bilge (2020) present a two-echelon
model that selects facility locations and stockpiles to ensure the right mix of supplies for
various disaster scenarios. Their approach aims to balance adequacy and fairness of services
while minimizing costs. The model accounts for potential damages to cities and facilities by
incorporating a random variable correlated with the disaster’s location through a distance-
damage function. Likewise, Verma and Gaukler (2015) incorporate distance-dependent
damages to disaster response facilities and population centers, providing a deterministic and
stochastic approach. In addition to addressing transport and network disruptions, several
studies, such as those by Paul and Batta (2008), Campbell and Jones (2011), and Shehadeh
and Tucker (2022), specifically address supply uncertainties. These studies assume that a
disaster results in the capacity reduction of a facility or the destruction or isolation of a
supply point, incorporating variability in the usable post-disaster fraction of pre-positioned
relief items.

While extensive literature on pre-positioning problems exists, a notable gap remains
in adopting a macro-focused perspective that integrates multiple disruption factors while
incorporating long-term strategic decisions. Sabbaghtorkan et al. (2020) underscore the lim-
ited availability of papers that explore uncertainty in asset and supply quantities, along with
challenges related to infrastructure disruptions.

2.2 Facility location and covering models

Strategic pre-positioning and facility location models are closely linked in disaster manage-
ment contexts (Boonmee et al., 2017). Location models aim to determine optimal facility
placements to minimize the cost of meeting demand under specific constraints (Hale &
Moberg, 2003). Depending on the application, various types exist, such as static, determin-
istic, covering, and center problems, each with distinct objectives and assumptions (Owen
& Daskin, 1998).

In general, covering problems focuses on determining the optimal placement of facilities
to provide coverage or service to a set of demand points or regions (Laporte et al., 2015).
Farahani et al. (2012) classify the works concerning the traditional Location Set Cover-
ing Problem (LSCP) and the Maximum Covering Location Problem (MCLP), considering
specific extension-related characteristics, solution methods, and applications. Berman et al.
(2010) further expand on covering objectives, discussing classic, gradual, cooperative, and
variable models. Table 1 reviews essential models related to our study comprising the model
objective, type, considered uncertainty parameters, coverage approach, and their application
in disaster scenarios.

Using a deterministic approach, Alizadeh and Nishi (2020) propose a hybrid model com-
bining set covering and maximal covering formulations to locate first aid centers in Japan.
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Bakker et al. (2023) address public food supply through a mixed-mode capacitated set cov-
ering model, allowing distribution via public centers and mobile trucks. Barzinpour and
Esmaeili (2014) develop a location-allocation model for earthquake response, integrating
humanitarian and cost objectives using goal programming. Eligiizel et al. (2023) analyze
the UN’s distribution plan, optimizing depot placement and travel distances using MCLP
and LSCP formulations. Lastly, Rancourt et al. (2015) examine food aid distribution under
weather-induced shocks, proposing a stakeholder-inclusive model that minimizes social
welfare costs.

Due to the inherent variability of disaster scenarios, deterministic models often fall
short of capturing uncertainties such as population demand and network functionality. As
a result, many covering models incorporate stochastic elements. For instance, Balcik and
Beamon (2008) extend the MCLP by modeling disaster location and demand uncertainties
through scenario-based disaster-impact pairs. Similarly, Salman and Yiicel (2015) and Li
et al. (2018) use scenario-based approaches to address uncertain parameters. Salman and
Yiicel (2015) model random link failures and their dependencies using a distance-based
failure model. Li et al. (2018) capture demand uncertainty across varying disaster severities
within a maximum covering framework. Robust optimization is another technique to handle
uncertainty, ensuring solution feasibility across various conditions. Park et al. (2022) apply
this method to emergency medical logistics using UAVs, modeling demand uncertainty with
a cardinality-constrained set. Razavi et al. (2021) also uses robust optimization to manage
uncertain demand, return rates, and cost parameters in disaster settings. Other approaches
include fuzzy logic (Shaw et al., 2022; Sheikholeslami & Zarrinpoor, 2023), outer-approxi-
mation (Liu et al., 2021), chance-constrained programming (Murali et al., 2012), and proba-
bilistic modeling (Jia et al., 2007), each offering alternative ways to incorporate uncertainty
into covering models.

Moreover, the models in Table 1 incorporate various coverage objectives, including
binary, cooperative, gradual, and variable methods. Binary coverage, the most common,
assumes each demand point is either fully covered or not at all, as seen in Bakker et al.
(2023), Liu et al. (2021), Salman and Yiicel (2015), Shaw et al. (2022), Sheikholeslami
and Zarrinpoor (2023), and Zhang et al. (2017). Cooperative models, by contrast, allow
multiple facilities to jointly cover a demand point, as in Rancourt et al. (2015), Razavi et
al. (2021), and Li et al. (2011). Gradual models, often linked to cooperative ones, relax the
binary constraint by considering partial coverage based on distance (Alizadeh & Nishi,
2020; Bagherinejad et al., 2018; Balcik & Beamon, 2008; Barzinpour & Esmaeili, 2014; Jia
et al., 2007; Murali et al., 2012). Less common are variable coverage models, which adjust
the coverage radius based on conditions such as demand intensity or resource availability
(Park et al., 2022).

In summary, the review of the literature reveals several gaps in current research regard-
ing pre-positioning strategies and covering models. For instance, cooperative covering
models are still scarce, particularly those considering the possibility of varying coverage
radii. Specifically, of the reviewed works, only Sheikholeslami and Zarrinpoor (2023) adopt
varying coverage radii depending on the operability of facilities. Additionally, many mod-
els focus on deterministic approaches, such as those by Alizadeh and Nishi (2020) and
Eligiizel et al. (2023), rather than incorporating stochastic considerations. Studies address-
ing disruptions, such as those by Balcik and Beamon (2008) and Park et al. (2022), often
focus on single types of disruptions, such as demand fluctuations, overlooking the complex
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interactions among multiple disruption factors. This gap underscores the need for models
incorporating probabilistic parameters and leveraging stochastic programming techniques.
Moreover, Roshani et al. (2024) advocate for network strategies that balance monetary and
non-monetary objectives within multi-objective frameworks. According to our research,
only a limited number of studies, such as those by Razavi et al. (2021), Shaw et al. (2022),
and Sheikholeslami and Zarrinpoor (2023), consider these objectives in combination with
disruptions.

Regarding real-world case studies, there remains a significant gap in applying developed
models to practical scenarios, particularly within humanitarian logistics and the national
level. Among the reviewed literature, only Jia et al. (2007) and Murali et al. (2012) pres-
ent comprehensive large-scale case studies, though their focus is limited to the effects of
demand disruptions. Additionally, most existing case studies in covering models concen-
trate on sudden-onset disasters, such as hurricanes or earthquakes, that typically affect local
or regional areas, as demonstrated in the works of Barzinpour and Esmaeili (2014), Salman
and Yiicel (2015), and Liu et al. (2021). These findings are in line with the results of Pires
Ribeiro and Barbosa-Povoa (2018) and Katsaliaki et al. (2022), stating that research on
supply chain resilience has yet to thoroughly assess performance across various disruptive
scenarios, particularly in real-world cases involving high-impact, low-probability events.
This aspect represents a critical area for further research, as a deeper understanding of such
scenarios is vital for effective decision-making and advancing knowledge of overall supply
chain dynamics.

Our work aims to bridge the identified gaps in covering and multi-objective models by
explicitly addressing the impact of diverse disruption factors and failure probabilities on
various resources. Unlike the reviewed literature, our model integrates multiple objectives
and various uncertainty factors, individually and in combination. These factors include sup-
ply disruptions due to warehouse failures and operational losses, route failures, varying cov-
erage radii, and demand variability. Additionally, we incorporate a cooperative approach to
facilitate joint coverage. Furthermore, our study introduces a novel and comprehensive case
study with a national scope, specifically addressing high-impact disruptions. It leverages
the country’s network infrastructure, incorporating decisions related to facility openings
and allocations while accounting for resource constraints under uncertain conditions. This
broader perspective yields valuable insights, especially given Germany’s diverse logistical
complexities. In this context, our work contributes to a deeper understanding of supply
chain network performance and significantly enhances the practical relevance of the pro-
posed model.

3 Methodology
3.1 Problem setting

When preparing for a disaster and strategically placing relief supplies, decision-makers such
as authorities or companies must consider several critical factors. These include identifying
optimal warehouse locations to maximize demand coverage, assessing logistical resources,
and strategically allocating relief supplies to demand points. In addition, they should bal-
ance the overall cost of stockpiling with the need to meet demand effectively while account-
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ing for the inherent uncertainty of disasters that may impact the planned network. With
thorough analysis and well-established contingency plans, decision-makers can sustain the
supply system’s efficiency during disasters, ensuring that investments in pre-positioned
stocks yield the intended benefits.

We formulate the described setting in a multi-objective capacitated cooperative covering
location model under disruption risks to support decision-makers in strategically placing
warehouses for critical supplies. Subsequently, these supplies are allocated and distributed
to various demand points called Points of Distribution (PoDs) following a disaster. Our
model incorporates cooperative delivery options within the operational radii of warehouses,
enabling multiple warehouses to supply a PoD, as illustrated in Fig. 1. In addition, a PoD
can be fully, partially, or not covered, depending on the capacities of the warehouses.

Besides incorporating cooperative supply options and capacity constraints, we specify
the coverage formulation by addressing transportation considerations and various disrup-
tion factors. Furthermore, the model incorporates two primary objectives: (1) maximizing
demand coverage and (2) minimizing operational costs. Within this work, we make the
following assumptions:

1. Warehouse pre-positioning: All supply nodes are potential candidates for locating
warehouses. However, pre-positioning numerous facilities until a disaster occurs may
be impractical due to budget constraints. Hence, the total number of potential ware-
house locations is restricted. Additionally, all warehouses maintain a consistent cover-
age radius unless operational disruptions such as limited fuel supply or technical defects
constrain the coverage range.

2. Node demand coverage: PoDs within a warehouse’s coverage radius are served based
on the facility’s capacity level. If a warehouse reaches its capacity limit or disruptions
occur, constraints may affect the complete coverage of a node’s demand, resulting in
either partial or no coverage. In cases where a PoD falls within the overlapping range of
multiple radii, cooperation between warehouses allows for joint coverage.

3. Demand fulfillment and prioritization: A service level is implemented, which denotes
the minimum percentage of demand that must be fulfilled at a given PoD. The service
level compels the model to extend its supply network to distant locations irrespective
of costs, promoting a more equitable distribution of resources. In aiming to meet the

Fig. 1 Schematic representation
of a capacitated cooperative O
covering approach
@ ) -
@)
A @ A o
®
O
) @}
O
~ Warehouse A
~ Covered PoD @
~ Partially covered PoD [0}
Uncovered PoD O
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required service level at PoDs, the model acknowledges and penalizes any shortfalls
arising from potential limitations in warehouse availability and capacity.

4. Constraints on operations and vehicles: The number of available vehicles is limited at
the individual warehouse level. This restriction considers the operational capacity of
each warehouse and vehicle availability. In addition, there are also explicit limitations
on the transport capacity of each vehicle.

5. Scenario analysis and disaster impact: We assume the system can encounter various
disruption scenarios, including warehouse failures, operability losses, route failures,
coverage radius limitations, and demand volatility. To address these, we define a set of
discrete scenarios with probabilistic parameters and employ a Monte Carlo Simulation
approach. Additionally, the system may face different disaster durations, which we ana-
lyze by aggregating daily demand over multiple time horizons.

6. Multiple objectives: As we are looking at a setting in humanitarian logistics, the pri-
mary objective is alleviating the population’s suffering. Although costs are less criti-
cal, they cannot be disregarded entirely. Therefore, using a lexicographic approach, we
prioritize providing sufficient supplies over financial costs. Consequently, the optimiza-
tion process adheres to this hierarchy, addressing the highest priority objective before
proceeding to the next.

3.2 Notation and model formulation

The mathematical formulation of the model includes the sets /, representing potential ware-
house locations, and J denoting the PoDs. Each PoD j requires a supply of d; goods, ensured
by a service level ¢, and can be assigned to one or more warehouses based on the maximum
coverage radius R and supply capacity s of warehouse i. Supplies are transported from
warehouse i to PoD j under the constraint of a limited number of processable truckloads
per warehouse during working hours, described by M,,, ... Each loaded truck has a capacity
of O units and operating costs of c;;. Additional parameters include the disaster duration
T, warehousing costs c*, travel time 7;;, and a large coefficient M. The primary objective
is to maximize demand coverage while minimizing costs, though unmet demand quantities
denoted by ;; are possible. The binary parameter 7;; indicates if a PoD is within the radius
of a warehouse.

Moreover, various probabilistic factors are integrated into the model to account for poten-
tial disruptions. Thus, scenario parameters include binary matrices ¢}, ©7,, i, 5, and go‘j,
which indicate the functionality of individual warehouses, the ability to process a certain
amount of truckloads, route allocation possibility of PoDs, disrupted coverage radius, and
demand variations, respectively. The value for the limited coverage radius of each ware-
house i is defined by R¢, and ¢ comprises the increase in demand level at certain hotspots.

Decision variables include the binary variable y;, indicating if a warehouse is located,
v;;, determining as binary variable if a PoD can be supplied, z;;, the amount of transported
relief items from warehouse i to j, n;;, the number of required truckloads, 17, the amount of
unmet demand, and h;;, an auxiliary variable for linearization. An overview of the imple-
mented sets, parameters, and decision variables is provided in Table 2.

L: lexmin (—f1, fa2) 0
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Table 2 Notation of sets, parameters, and decision variables

Sets
1 Set of candidate locations for warehouses (¢ € 1)
J Set of PoDs (j € J)
Mmax Maximum truckloads m processed per warehouse during working hours (m € Mpaz)
Parameters
T Disaster duration
dj Demand of PoD j
Si Supply capacity of warehouse location i
c¥ Warehousing costs
Cij Operating costs from 7 to j
Tij Travel time from i to j
0 Capacity limit of truck
¢ Service level
Tij { 1, if PoD j is in radius R of warehouse ¢
0, otherwise
M Large coefficient M
Scenario parameters
(7t { 1, if warehouse i is functional
0, otherwise
o { 1, if truckload m is processed
0, otherwise
SOZT]» { 1, if PoD j can be allocated to warehouse i
0, otherwise
pf { 1, if coverage radius R; of warehouse ¢ is unrestricted
0, otherwise
go? { 1, if demand of PoD j is stable
0, otherwise
RY Limited coverage radius of warehouse i
¢h Increase in demand level at certain hotspots
Decision variables
Yi { 1, if warehouse i is located
0, otherwise
Vij { 1, if warehouse i can supply PoD j
0, otherwise
Tij Relief items transported from warehouses i to PoD j
Ngj Number of truckloads being transported from warehouse i to PoD j
1%} Quantity of unmet demand at PoD j
hij Auxiliary variable

fr=2_2 @i n

iel jeJ
o=+ Y o
el el jeJ
s.t. ZQ%Ugsi-cp;” Viel

jeJ
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D Q hij=(C+") - U=¢))dj - T—p; VjeJ 3)

iel

Znij < Z 3031 Viel (4)

jeJ MEMymas
vij <rijopi oy Viel,jed (5)
Q hij=w; VieljeJ (6)
hij <vi;-M YieljeJ %)
hij>—vy-M Vieljeld ®)
hiy <ng+(1—vy)- M Yiel,jeJ ©)
hij >ni —(1—v)- M Viel,jed (10)
Zij, hij i, py >0 Viel,jed (11)
yivi; €{0,1} Viel jeJ (12)

Objective (1) aims to maximize the demand coverage in f; while minimizing total costs in
f2 employing a lexicographic approach. This method prioritizes objectives by first address-
ing the highest priority objective of maximizing coverage and maintaining its optimal value
while optimizing the subsequent objective of costs. Although more complex and time-
consuming than single-objective optimization, the lexicographic approach is widely used
to prioritize competing goals. In our model, this approach ensures that the humanitarian
objective of maintaining an adequate supply takes precedence, while cost considerations,
though secondary, are still incorporated. Constraint (2) limits the deliveries from a ware-
house to its capacity s; and its operational efficiency ¢;’. If the probability of disruption is
zero, all warehouses remain fully operational. Constraint (3) ensures demand fulfillment
at every PoD, given that sufficient resources are available. Otherwise, unmet demand p;
occurs. In case of demand disruptions, specific locations undergo spikes in demand denoted
by an increase in the service level ¢ by ¢". Constraint (4) restricts the processable number
of truckloads to the parameter M,,,4,. In case of a disruption in operability, the number of
trucks departing from the warehouse is limited, constraining the supply. Hence, the summa-
tion of binary values from the parameter (¢, places a constraint on the number of trucks.
Constraint (5) specifies that a warehouse can supply a PoD only if it is within the designated
coverage radius, as defined in Equation 13.

_ [ 0 ifry; > Ry, RS depending on ¢f
Tij { 1 otherwise (13)

In cases where the radius is disrupted, denoted by ¢, the radius I?; is reduced to R based
on a specific probability affecting the value of 7;; as described in more detail in Sect. 4.3.
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Additionally, the route must be functional, meaning the allocation is not restricted by ¢;;
due to disruptions in allocation routes. Constraint (6) ensures that the delivered quantity
x;; from a warehouse to a PoD equals the available capacity Q of a truckload. Constraints
(7)-(10) linearize the product of the decision variables n;;, which represents the number
of truckloads, and v;;, which indicates the ability of warehouse i supplying PoD ;. This
linearization, achieved using an auxiliary variable and the big M method, is a common opti-
mization technique to handle nonlinearities, providing simplification and increased com-
putational efficiency (Asghari et al., 2022). Finally, constraints (11) and (12) restrict the
decision variables to their respective domains.

3.3 Incorporation of scenario parameters

The model addresses uncertainty by developing specific disruption scenarios that impact
crucial supply chain components, such as warehouse availability and operability, route
failure, coverage radius limitations, and demand variations. We employ the Monte Carlo
approach to model the probability of failures in these instances. As outlined by Klibi and
Martel (2012), this computational technique thoroughly explores potential outcomes by
introducing random variations in input parameters, fostering a nuanced understanding of the
model’s behavior in diverse settings. Specifically, we define disruption probabilities in 10%
increments, ranging from no disruption (0%) to complete disruption (100%). This discrete
probabilistic framework captures varying levels of disaster severity and provides a robust
basis for scenario analysis. Furthermore, this method ensures high flexibility and applica-
bility, particularly in national-level disaster preparedness planning by avoiding reliance on
sparse or unrepresentative historical data for low-frequency, high-impact events. Additional
details on the implemented disruption scenarios are provided in Sect. 4.3.

4 Case study
4.1 Background

We apply the model to a case study examining a large-scale disaster in Germany, resulting in
a complete collapse of the commercial food supply chain. This scenario necessitates a stra-
tegic response to ensure the provision of essential food supplies from the national stockpile
to the population. The national stockpiling system in Germany maintains approximately 150
warehouses distributed across the country, storing diverse food supplies such as wheat, rice,
lentils, and peas (Eberhardt et al., 2024). These reserves aim to alleviate supply shortages
for several weeks during large-scale disasters, including widespread and prolonged power
outages, pandemics, extensive radioactive releases, or defense scenarios (BMEL, 2024).
However, the strategic process during a disaster has yet to be comprehensively examined,
necessitating detailed specifications regarding the supply network, logistical processes, and
the allocation of warehouses to distribution points. Our detailed analysis will shed light on
the system’s performance, enabling the identification of vulnerabilities and offering practi-
cal recommendations for decision-makers to optimize the current network strategy, ensuring
resilience and responsiveness to diverse disruptions.
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4.2 Parameter settings

The required data input and the different scenario settings are detailed in the following
subsections. The descriptions provide information on data sources, calculations, and the
parameters for simulating diverse disruption scenarios.

4.2.1 Warehouse parameters

Warehouse locations: Information regarding storage locations in Germany is not publicly
accessible in order to prevent looting during disasters. Therefore, we incorporate and model
the geographical and boundary conditions set by the German Government using ArcGIS Pro
to simulate a realistic system (Esri, 2021). According to BRH (2019) guidelines, the restric-
tions for storage locations involve:

Proximity to urban areas while remaining outside city centers,
ensuring geographical dispersion,

avoiding proximity to military facilities, and

avoiding proximity to large-scale industrial installations.

Ealb el e

We generate feasible locations according to the specified criteria, utilizing the pre-estab-
lished number of approximately 150 storage locations. Figure 2 provides a comprehensive
illustration of the process flow.

The initial step involves mapping the population density in Germany (Fig. 2a) based on
a dataset from Statista (2023b). To adhere to the requirement of situating warehouses on the
outskirts of metropolitan areas but not within city centers, we excluded areas with a popula-
tion density exceeding 1250 per km? from the dataset based on a definition by Haas (2024).
We also exclude areas near nuclear plants, military or power facilities, and fuel stations
(Fig. 2b), using data from OpenStreetMap (OSM, 2024). Next, we perform a multivariate
cluster analysis, focusing on population density within adjacent areas. This analysis gener-
ates 150 clusters, representing the estimated number of storage locations in Germany while
ensuring geographical dispersion (Fig. 2¢). Finally, we align the identified cluster centers
with nearby industry warehouse locations from OpenStreetMap using the Overpass API

A
10 0 100 200Kdomters

772, Metropolitan area BX2 Nuclear power plant 5] Power station Military area  — Fuel station A Warehouse
a) Population density b) Restricted zones ¢) Clustering d) Warehouse locations

Fig. 2 Process steps for identitying potential warehouse locations
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(OSM, 2024). According to the specifications, this process results in 150 warehouse loca-
tions fitting the requirements (Fig. 2d).

Warehouse capacities: According to BRg (2022), the total quantity stored ranges from
a minimum of 618,000 tons to a maximum of 823,000 tons. To ensure that the total stor-
age quantity in the case study falls within this specified range, discussions with experts
established maximum and minimum storage quantities ranging from 1,500 to 9,500 tons
per warehouse. The actual storage quantity for each warehouse is then randomly selected
within this capacity range. As a result, the 150 locations can store an amount of goods total-
ing 820,069 tons.

4.2.2 Points of distribution

Location of PoDs: Public buildings such as schools and parking lots are widely recognized
as effective supply distribution points, as demonstrated by Bakker et al. (2023). Taking
advantage of the strategic establishment of vaccination centers during the COVID-19 pan-
demic, we selected these sites based on their status as public buildings, central geographical
location, and accessibility. Consequently, we incorporated the centers into our case study,
assuming their suitability for food distribution. Therefore, data from 431 district-level
centers (NUTS 3 level) was collected from various health authorities and processed for
representation.

Demand of PoDs: When assessing the demand at each PoD, we assume that residents
within a district consistently visit their designated distribution point. In cases where mul-
tiple PoDs are within a district, we evenly distribute the population among these centers,
facilitating the computation of residents per PoD. We subsequently determine the demand
per resident by establishing the fundamental survival-calorie requirement based on Miil-
ler (2021). This assumption aligns with the Federal Government’s objective of covering
essential needs (BMEL, 2024). Next, we identify the number of residents per age group
and federal state and compute an average calorie requirement per federal state based on
the distribution (Statista, 2023a). On average, this value amounts to 1395 kcal per person.
Subsequently, we calculate the calorie content per gram of the products stored in the food
reserves, resulting in the average quantity of goods required per person to meet the demand
according to Equation 14. In the last step, we multiply the calculated demand per person by
the number of beneficiaries n assigned to the corresponding PoD and the considered disaster
duration T, resulting in the overall demand d; in tons at PoD j over the given period.

1,395kcal’
i~ Feal n
3,507 i 1,000, 000

(14

4.2.3 Transport parameters

Vehicle type and capacity: Given that the PoDs are exclusively accessible by trucks, the
distribution of relief supplies depends on this mode of transportation. The daily number of

'Sample value for the respective calorie requirements of the federal states, determined by age structure and
gender.
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trucks departing from each warehouse is contingent upon vehicle availability and the effi-
ciency of the loading process. Based on consultations with experts, we estimate each truck’s
capacity to be 27 tons, with the entire process—from arrival and loading to departure—taking
approximately one hour per vehicle. With warehouses operating for 16 h a day and assum-
ing workers operate in two shifts, we anticipate that up to 16 trucks can depart from a ware-
house daily, provided there are no disruptions.

Distance calculation and coverage radius: The distances and travel times calculation for
trucks driving from warehouses to designated PoDs is based on Openrouteservice using a
Python API (ORS, 2022). Regarding the coverage radius, we assume the presence of truck
drivers during the loading and unloading processes, with a maximum daily working time
of ten hours (BKat, 2024). Allocating two hours specifically for loading and unloading, we
assume the coverage radius is constrained to a maximum of eight hours in the baseline sce-
nario and an average travel speed of a vehicle of 60 km/h.

4.2.4 Cost parameters

Warehouse and storage costs: The model’s warehouse costs are tailored to conform to the
specifications outlined in the federal budget. As per the 2023 budget, the allocated storage
costs for food reserves in Germany amount to €27 million (BMF, 2024). Consequently, a
total storage quantity of 820,069 tonnes generates an annual cost of €32.92 per tonne.

Transport costs: Data from a logistics service provider indicates that the expenses for
a 27-tonne truck are approximately €2.05 per kilometer (Sommer & Elso, 2024), aligning
with the average industry data reported by BMEnet (2023). These costs are then used with
the calculated distance matrix to determine route expenses.

4.2.5 Summary of data

Table 3 provides a detailed summary of the case study’s relevant input parameters, assump-
tions, and data sources, forming the basis for scenario development and subsequent result
analysis.

4.3 Scenario analysis
4.3.1 Simulation of scenario parameters

This study examines various disruption scenarios, each affecting critical components of the
supply chain, such as warehouse failures, operability losses, route failures, coverage radius
limitations, and demand uncertainties. We employ a Monte Carlo approach to model the
probability of these failures using a simulation with 10,000 iterations. Each iteration ran-
domly assigns a binary operational status based on a predefined disruption probability, sim-
ulating whether the considered component remains functional. A fixed random seed ensures
the reproducibility of results across all simulations. Preliminary tests indicated that output
metrics, such as average operational availability per warehouse, stabilized after approxi-
mately 5,000 iterations. Therefore, 10,000 iterations were deemed sufficient to ensure rep-
resentative outcomes.
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Table 3 Data summary of relevant case study parameters

Parameters Description Value Data source
Warehouse Locations  Fictitious storage locations are mod- 150 Locations ArcGIS Pro based
eled to match governmental criteria on: BRH (2019),
and distribution patterns Statista (2023b),
Haas (2024),
OSM (2024)
Capacities  Capacities are randomly assigned 1,500 to BRg (2022),
within the expert range to match the 9,500 tons per experts from BLE
system total warehouse and BMEL
PoDs Locations  Public buildings are selected based on 431 Locations Bakker et al.
COVID-19 vaccination sites (2023), district
health authorities
Demand Demand is based on caloric needs, Equation 14 Miiller (2021),
scaled by beneficiaries and disaster BMEL (2024),
duration Statista (2023a)
Transport ~ Vehicle PoDs are exclusively accessible by Type: Truck Expert opinions
type and trucks Capacity: 27 tons from BLE and
capacity Processing time: BMEL
lh

Work shift: 16 h
Max. truckloads/

day
per warehouse:
16
Distance Truck distances and times to PoDs Distance and ORS (2022),
calculation were calculated via ORS using road travel time python API
network data matrices
Coverage  Radius is determined assuming a 10- 8 h BKat (2024)
radius hour workday with 2 h for handling
Cost Warehouse Warehouse costs are aligned with the ~ Annual cost: BMF (2024)
and storage specifications set forth in the federal €32.92
budget
Transport  Transport costs are based on logistics ~ €2.05 per km Sommer and Elso
provider rates and industry data (2024), BMEnet

(2023)

4.3.2 Scenario implementation

The following section briefly describes the analyzed disruption scenarios, as outlined in
Table 4. The baseline scenario, denoted as Sy, provides a comparative baseline without
disruptions. Scenarios S; through S5 introduce targeted disruptions to critical components
of the supply network, namely warehouses, transportation, and demand. Table 4 specifies,
for each scenario and component, whether the network operates without restrictions (as in
the baseline scenario), is subject to probabilistic disruptions, or, regarding demand, follows
a deterministic pattern (as in Sg) or exhibits stochastic behavior. In addition, scenario Sg
considers multiple simultaneous disruptions affecting the supply network.

The analysis focuses on scenarios that reflect realistic and policy-relevant disruptions,
streamlining the assessment and avoiding redundancy. Although additional combinations
are theoretically possible, the chosen set provides a structured comparative framework, with
each scenario evaluated against the defined baseline Sy. This approach enables the isola-
tion of specific disruption effects, supports the identification of targeted mitigation strate-
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Table 4 Summary of the ana- Scenario Affected processes in the network
lyzed disruption scenarios (Sp to

Name Code Warehouse Transport Demand
Se) and the affected parameters - u P - —

Baseline So Unrestricted Unrestricted Deterministic

Warehouse  S; Disrupted Unrestricted Deterministic

failure

Operability S Unrestricted Disrupted Deterministic

loss

Route S3 Unrestricted Disrupted Deterministic

failure

Cover- S4 Unrestricted Disrupted Deterministic

age radius

limitation

Demand S5 Unrestricted Unrestricted Stochastic

uncertainty

Combined Sg Disrupted Disrupted Stochastic

disruptions

gies, reduces computational complexity, and enhances the clarity and interpretability of the
results.

Baseline scenario (Sp):

In the Baseline Scenario, all critical elements of the supply chain, including warehouses,
transport, and demand, operate under unrestricted conditions. Hence, the scenario assumes a
relief chain under optimal conditions, where all critical parameters are known. The purpose
is to establish a foundational context for evaluating the impact of disruptions in contrast to
a standard operational state.

Warehouse failure (S1):

In the Warehouse Failure Scenario, the analysis focuses on situations where disruptions
specifically target warehouse locations within the supply chain. Employing a Monte Carlo
approach, particular warehouses may encounter functional failures resulting from attacks,
power outages, or natural disasters affecting designated locations. The result of the simula-
tion process is a binary matrix, where the disruption probability p* signifies the likelihood
of failure. In this context, the binary matrix " represents the operational status of each
warehouse 7, defined as:

w _ [ 1, if warehouse ¢ is operational
i = 0, if warehouse ¢ experiences a failure

Operability loss (S2):

The Operability Loss Scenario involves disruptions affecting operational efficiency, par-
ticularly within the loading process at warehouses. These disruptions, triggered by person-
nel shortages or power outages, necessitate manual truck loading and limit the number of
trucks departing from the warehouse, constraining the supply. Like in the warehouse fail-
ure scenario, the likelihood of experiencing operability loss during the loading process is
labeled as p°. Hence, the summation of binary values ) - M,,.. Pm Places a constraint on
the number of trucks that can be loaded at a warehouse during labor shifts.

Route failure (S3):
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In the Route Failure Scenario, specific routes connecting warehouses and PoDs experi-
ence disruptions, such as road blockages. The disruption probability p” is introduced, creat-
ing a binary matrices ¢":

Y11 P12 ... Py

, P21 P22 ... P25
Pij = . . .

Yit Y2 .. Pij

where

r _ [ 1, if PoD j can be allocated to warehouse i
#ij =1 0, otherwise

This matrix is designed to model allocation failures between warehouses i and demand loca-
tions j, explicitly limiting the solution to available routes.

Coverage radius limitation (Sy):

In the Coverage Radius Limitation Scenario, specific warehouses may face constraints
on their coverage radius due to potential vehicle limitations, such as fuel supply issues,
based on the disruption probability p¢. If a warehouse’s coverage radius is affected, it
reduces the coverage range. Equation 15 defines the adjusted coverage range RS for a spe-
cific warehouse i. This adjustment depends on the binary matrix value ¢f, which indicates
the operational status of the warehouse. If the warehouse is affected (¢§ = 0), a random
factor between zero and one drawn from a uniform distribution, denoted as ¢, is introduced
to add variability and simulate the dynamic nature of the coverage radius adjustment:

Ri =i - Ri + (1 - ¢7) - 0) (15)

Furthermore, we integrate the assumption that a significant disruption reduces the coverage
radius of a specific warehouse to less than one hour. This modeling approach is intended
to reflect the severe operational impacts of critical bottlenecks. We justify this assumption
by acknowledging that specific constraints, such as fuel shortages, driver unavailability, or
scenario-specific limitations (e.g., during pandemics), can severely restrict the operational
reach of distribution networks, even when physical infrastructure remains intact. Insights
from expert consultations further reinforce this assumption, as practitioners recommended
focusing on short-distance scenarios (i.e., under one hour) to capture the most critical and
disruptive conditions realistically.

Demand uncertainty (Ss):

The Demand Uncertainty Scenario comprises specific locations that undergo spikes
in demand, referred to as demand hotspots. These hotspots extend beyond the essential
survival-calorie requirements, encompassing the necessity to fulfill nutritional needs for
prolonged physical exertion based on the PAL (Physical Activity Level) 2.0 index (Brooks
et al., 2004). The probability p? is introduced to factor in the occurrence of probabilistic
hotspots at PoDs, addressing uncertainties in demand patterns. Based on Equation 16, the
demand value d; is adjusted based on the disruption status at a PoD j. In instances where
gojd- is equal to zero at particular locations, the service level ¢ experiences an increase of ¢".
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€+ - (1= -d; (16)

Combined disruptions (Sg): In the case of the Combined Disruption Scenario, we evalu-
ate the simultaneous occurrence of multiple disruptions, encompassing warehouse failures,
operational losses, route failures, coverage limitations, and demand uncertainty. This sce-
nario represents a worst-case assessment, providing a comprehensive perspective on the
potential challenges that may arise when the selected disruptions converge.

5 Results
5.1 Baseline scenario

The model is implemented in Python and solved using the Gurobi solver on a 3.8 GHz
computer with 64 GB memory. Table 5 provides a comprehensive overview of the solved
instances for the scenario Sy within our case study, spanning disaster durations ranging from
atime of 7 (T7) to 56 (T56) days.

Initially, the system’s inventory meets demand for at least 21 days, maintaining a cover-
age level of 100%. However, as the disaster duration extends, demand coverage decreases,
resulting in shortages of nearly 55% after 56 days. This trend is also reflected in the rising
warehouse costs, which continue to increase until week four (T28) when the system reaches
the maximum capacity of 150 locations and utilizes all available warehouse locations. Con-
sequently, with prolonged duration, only transport costs fluctuate due to altered allocations,
slightly decreasing after T28. Further analysis shows that this shift towards larger transport
volumes over shorter distances occurs because not all demands can be met. Hence, the
system preferentially delivers to closer PoDs when resources are insufficient, as evident in
Fig. 4d.

Furthermore, Fig. 3 visually represents the required costs and resources. Total costs,
including storage and transport, rise steadily over longer durations as new warehouses are
opened and additional stock is required, reaching the capacity limit at T28 (Fig. 3a). At this
point, coverage begins to fall below 100%, indicating that despite increasing costs, the sys-
tem struggles to maintain supply levels during prolonged disasters.

Figure 3b illustrates the relationship with the required resources. The number of ware-
houses used increases until T28, after which it plateaus at the maximum capacity of 150.
The required average number of truckloads per warehouse rises with the duration of the

Table 5 Overview of baseline scenario results depending on the disaster duration

Disaster duration T7 T14 T21 T28 T35 T42 T49 T56
Coverage [Mt] 0.03 0.45 0.68 —1235 —46.39 —80.44 —11449 —148.53
Demand covered [%] 100 100 100 90.33 72.26 60.22 51.62 45.26
Shortage value [Mt] 0 0 0 0.09 0.32 0.54 0.77 0.99
Shortage value [%] 0 0 0 9.67 27.74 39.78 48.38 54.84
Total costs [m€] 11.09 17.53 2494 30.21 29.32 28.99 28.76 28.59
Warehouse costs [m€]  10.13 1588 2245  27.00 27.00 27.00 27.00 27.00
Transport costs [m€] 096 1.65 2.49 3.21 2.32 1.99 1.76 1.59
Number of warechouses 84 108 130 150 150 150 150 150

Number of truckloads 8,406 16,812 25,218 30,373 30,372 30,371 30,371 30,369
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Fig. 3 Objective values and required resources depending on the disaster duration
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Fig. 4 Decisions on warehouse locations and their allocation to PoDs

disaster as more truckloads are needed. Interestingly, this number slightly decreases after
T28 due to trucks’ higher transport capacity utilization.

5.1.1 Warehouse location and allocation

Figure 4 illustrates the spatial distribution of warehouses, PoDs, and their allocation across
different disaster durations of 7, 21, 28, and 56 days in Germany.

The figure shows that the existing network evolves and adapts to the increasing demand
throughout the disaster. The network remains relatively sparse at the shortest duration,
requiring only a limited number of warehouses to meet the existing demand. Additionally,
the system prefers longer transport distances over implementing more warehouses due to
lower costs. As the disaster duration extends, the system introduces additional warehouses
(colored triangles) to address growing demand and geographical coverage needs. The net-
work becomes denser, with more allocation routes established until the logistics system
reaches its capacity limit at T28. At this point, shortages occur, and the system serves fewer
PoDs with higher demand quantities, resulting in fewer and shorter allocation routes.
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5.1.2 Occurrence and spatial distribution of shortages

Figure 5 depicts the spatial distribution and density of PoDs experiencing shortages, high-
lighting their proximity.

The disaster duration expands progressively, from 7 to 28, 42, and 56 days. At a disaster
duration of seven days (T7), shortages are non-existent, according to the values in Table 5.
During this period, the distribution network is sufficient to meet demand, with warehouses
having adequate capacity to handle requests. However, shortages begin to cluster between
21 and 28 days in certain regions, particularly in areas distant from warehouse locations or
where warehouse capacities are strained due to high population density, as shown in Fig. 2a.
By 56 days, shortages become widespread and densely clustered in regions with high popu-
lation density, particularly in cities like Berlin, Cologne, Frankfurt, Stuttgart, and Munich.
This progression highlights a systemic failure due to the prolonged strain on warehouse
capacities.

5.2 Disruption scenarios

The heat maps in Fig. 6 reveal the results of the impact analysis of the six disruption scenar-
i0s (57 to Sg) described in Sect. 4.3.2. These results show the level of coverage under differ-
ent failure probabilities p for various disaster durations, ranging from 7 days (T7) to 56 days
(T56). The demand coverage rate [%] represents the percentage of the population’s demand
that the logistics network successfully fulfills. The baseline scenario, with a failure prob-
ability of 0%, serves as a reference point for performance without additional disruptions.

5.2.1 Results of warehouse failure scenario

Scenario S7 examines the failures of individual warehouse locations becoming non-func-
tional according to a certain probability p. The heatmap for S; in Fig. 6a shows that demand
coverage declines rapidly as the failure probability p increases, even with short disaster
durations (T7-T28). With a failure rate of 50%, shortages occur after just seven days due to
the reduced number of available warehouses. As the failure probability rises, a correspond-
ing proportion of warehouses becomes non-operational. Hence, the failure of warehouses

0 100 200 Kilometers

Sparse

A Warehouse @ PoD with shortage PoD with shortage .

Dense

a)T7 b) T28 ) T42 d) T56

Fig.5 Development and spatial distribution of PoDs with shortages
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Fig. 6 Heat maps illustrating the scenario-dependent coverage rate of population demand as a function of
disaster duration 7 and failure probability p
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Fig. 7 Warehouse failure and spatial distribution of PoDs with shortages in S7 and p = 0.5

leads to a steady decline in the network’s capacity to meet demand, resulting in an evenly
distributed decrease in coverage. In addition, Fig. 7 emphasizes that the failure probability
impacts all warehouses uniformly, eliminating any region-specific bias in the failure pattern.

Compared to Fig. 5, shortages are more severe and widespread, even at earlier stages
(e.g., T28). Additionally, the effects over extended disaster durations are more pronounced,
disrupting previously well-supplied areas. Shortages become more dispersed and less pre-
dictable, with hotspots emerging near regions with scarce operational warehouses. The clus-
tering now depends on the random failure of warehouses rather than solely on geographic
distance, population density, and demand. Consequently, the network’s ability to serve PoDs
deteriorates rapidly and unpredictably.
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5.2.2 Results of operability loss scenario

Scenario Sy addresses transportation failures by assuming fewer trucks can be loaded daily
due to personnel bottlenecks. The impact on supply efficiency is less severe than in Sy,
as the heatmap in Fig. 6b illustrates, but additional shortages still occur at higher failure
probabilities and within the first few weeks. As an example, Table 6 indicates the effect of
a 70% disruption probability of operability on the coverage level, total costs, number of
warehouses, and average number of truckloads in S; compared to the baseline scenario Sp.

The restrictions are particularly noticeable in the first few weeks. Warehouses can pro-
cess significantly fewer truckloads compared to the baseline scenario. For instance, in T7,
the limit is approximately 34 truckloads per warehouse instead of 112, with a 70% failure
probability and some fluctuations due to the Monte Carlo simulation. Hence, the average
of 31 loads indicates full utilization of all warehouses. Different from the baseline sce-
nario, the restricted number of truckloads cannot supply all PoDs, leading to shortages after
seven days. From T28 onward, the coverage levels and the number of truckloads begin to
converge as the issue shifts from truckload availability to the availability of goods and the
limited capacity of the warehouses.

However, another challenge is that some warehouses can only dispatch a limited daily
amount of supplies with the available truckloads, resulting in lower demand coverage. Fur-
thermore, overall costs increase significantly because all 150 warehouses must be opera-
tional from T7 onward (compared to 84 in the baseline scenario) to compensate for the
reduced operability per warehouse. However, in S, the total cost remains lower between
T28 and T56, as no additional warehouses are available and the number of feasible trans-
ports is reduced, thereby lowering transportation costs. The results show that reduced opera-
bility can significantly impact the supply level once a certain failure probability is exceeded.
While additional warehouses can partially compensate for reduced operability, there is a
threshold beyond which coverage significantly decreases since the warechouses reach their
capacity limits.

5.2.3 Results of route failure scenario

Scenario S3 considers the failure of individual routes, affecting the assignment options of
warehouses to PoDs. Given the numerous assignment options and short distances in Ger-
many, this disruption has no measurable effect on the coverage level compared to the base-

line scenario, as evidenced by the similar pattern in the corresponding heatmap Fig. 6c.

Table 6 Comparison of baseline and operability loss results with p = 0.7

Baseline scenario Sp T7 T14 T21 T28 T35 T42 T49 T56
Demand covered [%] 100 100 100 90.33 7226 6022 51.62 4526
Total costs [m€] 11.09 17.53 2494  30.21 2932 2899 2876 28.59
Number of warehouses 84 108 130 150 150 150 150 150
() Truckloads per warehouse 101 157 196 205 203 203 203 203
Operability loss S T7 T14 T21 T28 T35 T42 T49 T56
Demand covered [%] 5530  59.50 57.6 49.83 52,10 52.04 4324 3442
Total costs [m€] 2725 2757 2783 27.86 2820 2847 2824 2841
Number of warehouses 150 150 150 150 150 150 150 150
( Truckloads per warehouse 31 67 97 112 146 175 170 192
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However, total costs, particularly transportation costs, increase as the network must adapt
to the altered allocation. For instance, in T7, with a failure probability of 0.9 and approxi-
mately 90% of the allocation routes restricted, costs rise by 18.61%.

5.2.4 Results of coverage radius limitation scenario

The effects of limited and varying coverage ranges, such as those caused by fuel supply
shortages, are analyzed in scenario S4. Significant impacts are observed depending on the
duration of the disaster, as goods can only be transported within a restricted radius. The
heatmap Fig. 6d shows a relatively even decrease in the coverage level over the period con-
sidered, with minor fluctuations between the failure probability values. Furthermore, Fig. 8
illustrates the impact of coverage limitations for a disaster duration of 21 days, considering
failure probability values p of 20%, 50%, 80%, and 100%. The black triangles indicate
unaffected warehouses with an 8-hour delivery radius, ensuring coverage across all regions
of Germany. In contrast, black-and-white triangles represent warehouses constrained by the
coverage limitation.

The figure demonstrates that variations in the coverage radius of specific warehouses sig-
nificantly impact allocation and delivery capabilities. This effect is particularly noticeable
compared to the baseline scenario for T21, where warehouse capacities are sufficient. In Sy,
with lower failure probabilities such as 20%, changes in coverage radius can be compen-
sated by other warehouses whose radii remain unaffected, as Fig. 8a illustrates. However,
the baseline scenario shows that the allocation of PoDs to warehouses differs, as illustrated
in Fig. 4b. The difference highlights that even minor changes in radius necessitate adjust-
ments to the allocation. Interestingly, the model utilizes fewer warehouses, 128 compared
to 130 in the baseline scenario, but overall costs increase by 4.60%. This increase occurs
because the model selects warehouses with higher storage capacities, and transportation
costs rise by 40.84% due to the modified allocation.

At higher failure probabilities, such as 50%, some warehouses may become nonfunc-
tional due to their severely constrained service range, reflecting the conditions of scenario
S1. Specifically, Fig. 8b shows that 17 affected warehouses cannot serve PoDs. Additionally,
despite having PoDs within their range, three warehouses remain unused because nearby
warehouses can cover the same points. However, while this redundancy saves warehouse

0 100 200 Kilometers

A\ Affected warehouse () Coverage radius A Warehouse e PoD @ PoD with shortage --- Allocation

a) Failure probability 20% (p = 0.2) b) Failure probability 50% (p = 0.5) c) Failure probability 80% (p = 0.8) d) Failure probability 100% (p = 1)

Fig. 8 Impact of coverage radius variations on allocation and supply of PoDs
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costs, it results in supply shortages, as these unused warehouses would be necessary to meet
overall demand.

Furthermore, specific warehouses are restricted to transporting goods over short dis-
tances, which limits their ability to address capacity shortages at other locations. Conse-
quently, even PoDs within a warehouse’s radius may experience unmet demand due to the
capacity constraints of individual warehouses, as indicated by the red dots representing
PoDs with demand shortages. Therefore, areas with a low density of warehouses are par-
ticularly vulnerable, leading to shortages that tend to occur first in the northern and eastern
regions of the country. In contrast, the southern and western regions are relatively better
served.

In addition, the random impact on radius size can result in varying numbers of PoDs being
covered. Consequently, the heatmap shows low fluctuations across instances. For example,
coverage levels slightly increase at T28 with a failure probability of 80% compared to the
previous 70%, even though more warehouses are affected by the coverage limitation. If
100% of the warehouses are affected by radius modifications, only points within the respec-
tive radii can be supplied, as depicted in Fig. 8d. This restriction significantly limits delivery
options and results in over 50% shortages. However, these effects are relatively minor com-
pared to scenario S; and manifest, as in scenario S, at higher failure probabilities or during
extended disaster durations.

5.2.5 Results of demand uncertainty scenario

Scenario S5 examines the impact of higher demand at PoDs compared to the baseline sce-
nario, revealing that shortages occur earlier, exacerbating the supply situation (Fig. 6e).
Further analysis of the distribution of shortages indicates that the concentration shifts with
the emergence of hotspots, leading to a reallocation of PoDs to different warehouses. Addi-
tionally, the occurrence of these hotspots necessitates opening more warehouses to compen-
sate for the increase in demand. For instance, at T7, with a failure probability of 70%, 138
warehouses are required compared to 84 in the baseline scenario. This significant increase
underscores the strain on the supply chain infrastructure. At higher values of p, the solu-
tion reaches the limit of 150 warehouses as early as T7, resulting in shortages despite the
increased capacity. Furthermore, the rise in the number of warehouses leads to higher over-
all costs, emphasizing the need to balance preparedness for potential demand surges with
maintaining cost efficiency.

5.2.6 Results of combined disruptions scenario

Scenario S simulates the extreme case where all disruptions from .S; to Sy co-occur, sig-
nificantly impacting the coverage rate, as demonstrated by the heatmap in Fig. 6f. When the
disruption probability exceeds 40%, maintaining supply to the population becomes nearly
impossible. The results clearly illustrate the severe consequences of not preparing for these
disruptions, rendering the system ineffective and negating the investment in pre-positioning
stocks.
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6 Sensitivity analysis
6.1 Trade-offs between cost and coverage

The study’s methodology is grounded in a multi-objective optimization model compris-
ing two objective functions based on a lexicographic approach. Since this approach solves
multi-objective problems by strictly prioritizing objectives, it does not explore the Pareto
Front or provide a spectrum of trade-off solutions. To facilitate a more nuanced analysis of
the trade-offs between cost and coverage objectives, we employ the e-constrained method,
which is widely used for problems involving conflicting objectives (Mesquita-Cunha et al.,
2023). This scalarization technique optimizes one objective while converting the others into
constraints bounded by e-values (Ehrgott & Ruzika, 2008). Specifically, we incorporate
f1, the maximization of coverage, as a constraint and minimize the cost objective f> as
defined in Equation 17. We then evaluate the outcomes across varying e-values, progres-
sively increasing the required coverage to the maximum achievable value Covyy, 4.

min fa(x) st fi(z) > (1 —¢)- Covmax (17)
Figure 9 presents the resulting trade-off curve, which shows a monotonic trend where slight
decreases in coverage lead to consistent cost reductions. Each point reflects a Pareto-opti-
mal solution, where improving one objective requires compromising the other.

The analysis indicates that full coverage (100%) can be achieved for €24.938 million
with a disaster duration of T21. Allowing up to a 10% reduction in coverage leads to only
marginal cost savings, less than 1% of the total cost. This curve offers practical insights
for decision-makers comparing full and partial coverage. In the case study, especially in
humanitarian logistics, full coverage is often essential and may justify the additional cost.
If small reductions in coverage are acceptable, the potential savings in this case remain
limited. These findings support using a lexicographic approach, especially when coverage
is considered a non-negotiable priority, providing a clear and policy-consistent basis for
strategic decisions.
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Fig. 9 Trade-off curve between objective functions fi (coverage) and fo (cost) using the e-constraint
method
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6.2 Impact of variations in storage capacity

The case study results highlight storage capacity as a frequent bottleneck in system perfor-
mance. To assess its impact, warehouse capacities were incrementally increased by 5% to
25% to evaluate potential gains in coverage and cost efficiency that could justify additional
investments. Table 7 presents the results for both the baseline scenario (Sy) and the ware-
house failure scenario (S7), assuming a 28-day disaster duration (T28).

The results show that increasing warehouse storage capacity significantly improves sys-
tem performance, particularly regarding coverage. In the baseline scenario, full coverage is
achieved with a 15% increase in capacity, after which additional increases yield no further
coverage gains. After 15%, costs begin to decline, indicating that the model leverages the
extra capacity to optimize the network, serving the same demand with fewer strategically
located warehouses. Initially, the system prioritizes coverage but shifts toward cost effi-
ciency once coverage is maximized. A similar trend is observed in the warehouse failure
scenario (p = 0.1), though a 20% increase in storage is needed to achieve full coverage.
Because failures are random and can affect any warehouse, the impact of added capacity
varies slightly. While both scenarios benefit from increased capacity, the improvements are
more pronounced and cost-intensive under failure conditions. The decision to increase stor-
age capacity depends on the decision-maker’s risk tolerance, budget priorities, and a careful
evaluation of the associated investment costs.

6.3 Computational performance

The multi-objective capacitated cooperative covering location model belongs to the class
of NP-hard problems known for their computational complexity. As a result, solving such
models can be resource-intensive, especially at larger scales. Table 8 presents key perfor-
mance indicators across selected scenarios and parameter settings to assess the model’s
computational efficiency under varying conditions.

In the baseline scenario (Sy) and under low failure probabilities, the model exhibits
substantial computational demands, requiring significant CPU time, memory, and solver
iterations. However, as failure probability (p) increases (e.g., in Sg), the model becomes
significantly easier to solve due to reduced feasible solutions.

Despite the inherent computational complexity, the model demonstrates robust perfor-
mance even when applied to a large-scale setting involving 150 potential storage locations
and 431 distribution points. Nevertheless, scaling to even larger instances will depend

Table 7 Impact of increased storage capacity on baseline and warehouse failure scenario (T28)

Increase Baseline (Sp, p = 0) Warehouse failure (S1, p = 0.1)
Storage [%]  Cov.[%] A Cov. Cost[EM] A Cost Cov.[%] A Cov. Cost[EM] A
[%] [%] [%] Cost
[%]

90.33 0 30.21 0 81.46 0 26.85 0

5 94.85 5.00 32.16 6.48 84.87 4.19 28.06 4.53

10 99.37 10.00 34.35 13.70 92.87 14.01 31.72 18.16

15 100 10.71 34.29 13.51 93.87 15.23 31.88 18.76

20 100 10.71 33.87 12.14 100 22.76 34.69 29.23

25 100 10.71 33.55 11.08 100 22.76 34.64 29.02
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Table 8 Computational performance across selected scenarios, disaster duration 7, and failure probabilities p

T p Gap [%] CPU Time [s] Iterations Memory [MB]
So T7 0 0 16,727.20 13,194,059 18,976.75
T21 0 0 13,289.59 9,855,467 15,326.63
T28 0 0 159.86 69,725 155.15
Sa T21 0.2 0 15,321.97 11,795,927 17,730.29
T21 0.5 0 121.50 54,946 119.82
T21 0.8 0 16.97 40,612 13.10
Sy T21 0.2 0 11,242.28 10,130,377 12,513.99
T21 0.5 0 58.96 46,731 63.27
T21 0.8 0 3.82 8,029 2.66
Se T21 0.2 0 16.45 19,043 17.03
T21 0.5 0 1.37 2,011 0.92
T21 0.8 0 0.59 51 0.29

on the specific characteristics of the case and may require the integration of algorithmic
enhancements or heuristics.

7 Discussion and conclusion
7.1 Findings

In this paper, we introduce a multi-objective capacitated cooperative covering location
problem to optimize logistics networks. The model emphasizes the strategic placement of
warehouses to enhance the distribution of critical supplies, focusing on preparedness mea-
sures and mitigating disaster effects. Furthermore, our work considers multiple disruption
scenarios with specific failure probabilities, accounting for stochastic conditions. A case
study on the national food stockpiling system in Germany illustrates the effectiveness of the
proposed model. Given a large-scale disaster, the model assesses the impact of warehouse
failure, operability loss, route failure, coverage limitations, demand uncertainty, and com-
bined disruptions, enabling the evaluation of optimal network solutions.

The baseline scenario results indicate the system is initially robust, maintaining full cov-
erage for the first 21 days. However, as the disaster duration extends, the system’s abil-
ity to meet demand decreases significantly, leading to substantial shortages at PoDs. This
decline in coverage is accompanied by rising costs, particularly in transportation and later
in storage, until the system reaches its maximum capacity of 150 warehouses after 28 days.
Once this capacity is reached, the model solution prioritizes deliveries to closer PoDs when
resources are insufficient. This shift results in increased transport volumes over shorter dis-
tances, optimizing the use of available resources and reducing transportation costs, even
though shortages cannot be avoided. Despite these adjustments, the system struggles to
maintain adequate supply levels during prolonged disasters, as evidenced by the steady rise
in costs and a decline in coverage.

In addition to the baseline scenario, the analysis of disruption scenarios clearly shows
that disturbances to the network significantly impair supply efficiency. Scenario .S; under-
scores the critical impact of warehouse failures on the overall network’s performance.
Failures across multiple warehouses lead to a more unpredictable and widespread shortage
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pattern. Scenario So examines operational failures, where fewer trucks can be loaded daily
due to staffing shortages or technical issues. Although the impact is less severe than ware-
house failures in .57, transportation bottlenecks still result in significant demand shortages,
particularly at higher failure probabilities and during the early stages of a disaster. The find-
ings indicate that while the supply network can partially adapt to reduced operability, there
are critical thresholds beyond which supply efficiency is compromised.

Nevertheless, Scenario S3 demonstrates that disruptions do not invariably result in sig-
nificant declines in the coverage rate. Due to multiple allocation options and an extensive
supply radius, the parameters in this scenario predominantly influence operational costs
rather than the extent of demand coverage. In contrast, the analysis of the coverage con-
straint in Scenario S; underscores the substantial influence of limited and variable cover-
age ranges on supply transportation and warehouse allocation. The results reveal that even
minor reductions in warehouse radii can significantly increase costs and lead to shortages,
particularly under higher failure probabilities. The variability in coverage range poses an
elevated risk to regions with limited warehouse access. The demand uncertainty analysis
in Scenario S5 highlights the critical importance of flexibility and scalability in supply
chain systems. When demand surpasses baseline projections, the infrastructure can quickly
become overburdened, necessitating rapid adjustments in inventory allocation and driv-
ing up overall costs. Similarly, scenario S demonstrates that if disruptions co-occur, their
adverse effects can be significantly amplified. This analysis underscores the importance
of comprehensive preparedness strategies to mitigate the severe consequences of extreme
scenarios. Without adequate contingency planning, the effectiveness of the supply system is
likely to deteriorate, and investments in pre-positioned stocks may not deliver the expected
benefits. Moreover, the sensitivity analysis reveals that permitting up to a 10% reduction in
coverage yields only marginal cost savings, whereas expanding storage capacity can signifi-
cantly improve both coverage and cost efficiency under specific conditions.

7.2 Implications for theory and practice

Theoretically, the model advances existing approaches by enabling a comprehensive assess-
ment of network design, resource requirements, supply duration, and system performance
across various disruption scenarios. Understanding how supply networks behave in such
conditions is essential for evaluating design alternatives and formulating effective mitigation
strategies. The model offers a quantitative framework to support decision-makers in iden-
tifying system requirements, setting priorities, and minimizing the impact of disruptions.

In terms of practical relevance, the model offers actionable insights for decision-makers,
emphasizing the need for comprehensive strategic planning that accounts for diverse disrup-
tion scenarios while ensuring flexibility and scalability in pre-positioning critical supplies.
The baseline scenario highlights the importance of capacity planning and adaptive logistics
in maintaining supply levels during prolonged disruptions. Strategically locating facilities
and optimizing resource allocation are essential for operational continuity and system effi-
ciency. The analysis advises determining warehouse number and capacity based on clear
supply objectives, supported by appropriate safety stock to buffer against uncertainty. The
sensitivity analysis further shows that increasing storage capacity can significantly enhance
coverage and cost efficiency. Additionally, disruption scenarios S; through Sg provide a
robust framework for identifying and mitigating systemic bottlenecks.
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In this context, Scenario S7, characterized by warehouse failure, demonstrates that such
disruptions severely impact system performance, often resulting in unpredictable and wide-
spread shortages. This finding highlights the critical need for robust warehouse resilience
strategies. Recommended measures include the implementation of backup power systems,
integration of solar energy solutions, enhancement of physical security, maintenance of
safety stock reserves, and the optimization of warehouse operations to safeguard continuity
and responsiveness. Scenario S3, which involves operability loss at specific warehouses,
also significantly impacts supply chain efficiency at certain probability levels. These dis-
ruptions underscore the necessity of securing labor, optimizing and automating logistics
processes, and maintaining adequate reserves of fuel and electricity to prevent operational
setbacks such as the need for manual loading.

Additionally, the analysis of Scenario S4, which examines constraints on warehouse
coverage radii, reveals that reductions in coverage range can lead to increased costs and
supply shortages. This finding highlights the importance of accounting for fluctuating trans-
portation distances during crises. Recommended measures include maintaining sufficient
fuel reserves, securing transport routes, and strategically distributing warehouses to better
absorb localized disruptions and offset potential constraints on other facilities. Moreover,
Scenario S5 demonstrates the relevance of securing high-demand areas. Placing additional
warehouses in regions with high population density, planning for a surge in demand, and
maintaining excess capacity in resources and safety stocks are essential strategies. These
measures enhance the system’s ability to respond to demand spikes and ensure the avail-
ability of critical supplies in densely populated regions.

Scenario Sg illustrates how simultaneous disruptions can trigger cascading effects,
severely amplifying supply shortages and potentially leading to total system collapse. This
aspect underscores the vulnerability of networks with tightly coupled supply processes and
the need to address both individual and compound disruptions. While isolated failures may
be managed through ad hoc responses, multiple disruptions require proactive, pre-planned
strategies. Strengthening systemic resilience involves integrated mitigation measures, such
as enhancing redundancy in storage and transport infrastructure, pre-positioning reserves
in high-demand areas, and deploying decentralized storage units to improve coverage in
remote regions. Adaptive mechanisms, such as dynamic rerouting, flexible resource alloca-
tion, and real-time monitoring, might improve responsiveness during evolving crises.

Beyond the scenario-specific findings, several broader implications emerge. Planning
for rising operational costs is critical to ensure financial preparedness and to prevent sup-
ply shortfalls driven by budgetary constraints. The results also indicate that PoDs in remote
or high-demand areas are particularly vulnerable to shortages when demand exceeds sup-
ply. This aspect underscores the importance of ethical decision-making in resource alloca-
tion, especially when prioritizing critical facilities such as hospitals or retirement homes.
Implementing needs-based or vulnerability-oriented allocation frameworks can help ensure
timely support for at-risk populations. In addition, while the primary focus of the case study
is on public authorities and governmental decision-makers, the model is equally applicable
to private-sector contexts. For instance, it can be adapted to global corporate supply chains
or tailored to regional networks facing uncertainty. Companies and managers can identify
targeted mitigation strategies depending on the use case. Similarly, public authorities may
collaborate with key private actors to establish security agreements, address bottlenecks,
and strengthen disaster preparedness.
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However, decision-makers should consider the practical implementation challenges of
the proposed methodology. Key challenges include scalability, availability of technical
resources, and financial limitations. Additional barriers, such as limited data availability,
legal and regulatory constraints, insufficient coordination between public and private stake-
holders, and the need for specialized expertise to operate and interpret the model, may also
hinder adoption. Overcoming these challenges calls for investment in data infrastructure
and interoperability, strengthened collaboration, and the development of accessible, practi-
tioner-oriented decision-support tools.

7.3 Limitations and future research

While our study offers significant contributions, some limitations warrant further explo-
ration. First, further works can extend the scenarios to incorporate additional constraints,
such as varying levels of infrastructure damage, cost uncertainties, stochastic occurrences
of disaster locations and affected areas, or other supply chain-related disruptions. Moreover,
real-time data, such as population movement, infrastructure conditions, or transport avail-
ability, supports more responsive and adaptive planning. Incorporating dynamic adjustment
mechanisms based on current network status would further strengthen the model’s ability to
respond to evolving crisis conditions.

Second, the assumption of uniform coverage radii in the baseline scenario is simplis-
tic, chosen due to Germany’s well-maintained and dense infrastructure. However, in other
contexts, terrain, infrastructure, and logistical constraints can significantly affect coverage.
Addressing these variables enables the model to reflect real-world conditions and enhance
its applicability.

Third, in the case study, warehouse capacities are randomly allocated within the pre-
defined minimum and maximum ranges, validated by experts, due to the confidentiality of
sensitive data. Future research could refine this approach by incorporating warehouse siz-
ing decisions based on population density, proximity to disaster-prone areas, infrastructure
accessibility, and other logistical considerations. Integrating these spatial and demographic
criteria enables more targeted, data-driven preparedness planning. Similarly, the underly-
ing demand estimation may not fully capture real-world heterogeneity. While the current
method accounts for demographic variation through age-specific calorie requirements at
the federal-state level, the assumption of evenly distributed residents among PoDs in one
district oversimplifies spatial dynamics. A more accurate approach could allocate residents
using high-resolution population data and accessibility metrics, such as proximity or travel
time to each PoD. Incorporating district demographic data and socioeconomic indicators
further enhances the precision of demand estimates by reflecting geographic and demo-
graphic variability.

Fourth, future research should explore algorithmic enhancements, such as decomposition
methods or meta-heuristics, to improve scalability as network complexity increases with
additional disruption scenarios, commodities, and potential locations. These techniques
enable more efficient optimization and support detailed modeling of dynamic factors like
daily demand fluctuations and uncertain crisis durations, offering a more realistic and fine-
grained analysis. In addition, increased computation efficiency enables the integration of
prioritization strategies when demand exceeds supply. Such approaches could comprise a
lexicographic minimax approach to enhance fairness while focusing on the distribution of
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relative shortages across PoDs. The method sequentially minimizes the largest, second-
largest, and subsequent relative shortages, with each step proceeding after the larger short-
ages have been minimized and held constant.

Fifth, future research should implement stochastic scenario generation to capture a wider
range of disruption patterns beyond the predefined cases, enabling a more robust assessment
of model performance under uncertainty. In addition, evaluating the impact of specific pre-
paredness and post-disaster measures on network performance, cost efficiency, and cover-
age can support more effective system design and response strategies.

Finally, while our case study specifically focuses on Germany’s national food stockpil-
ing system, the proposed model can be adapted to other contexts, such as different coun-
tries or other critical supply chains. In conclusion, this work provides valuable insights
for decision-makers, enabling them to anticipate and mitigate supply disruptions, enhance
the system’s adaptability to changing circumstances, sustain operational effectiveness, and
optimize resource allocation.
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