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Abstract—Recently, Morocco has experienced a series of
disasters, including the El Haouz earthquake in 2023, which have
brought renewed attention to the country’s emergency
preparedness and the efficiency of its national emergency supply
chain. In addition, this study considers a prospective scenario
based on potential flood events in northern Morocco to evaluate
future resilience requirements. In this context, improving the
strategic planning of Emergency Supply Facilities (ESFs) is
essential for strengthening disaster response capabilities. This
study develops a capacitated location—allocation optimization
model for emergency supply chain planning that incorporates
demand uncertainty, flexible allocation of ESFs, and donor
contributions. The proposed framework is evaluated through
computational experiments using problem instances consisting of
multiple candidate ESF locations, demand points, and disruption
scenarios, allowing the analysis of different emergency response
configurations. The results indicate that the proposed
optimization framework can significantly improve the efficiency
and responsiveness of Morocco’s emergency supply chain. The
model provides a practical decision-support tool for policymakers
and planners to enhance disaster preparedness and resource
allocation in national emergency logistics systems.
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I.  INTRODUCTION

Over the past two decades, a notable rise in the rate of
natural and man-made disasters has been observed, creating
unprecedented problems for the existing humanitarian logistics
system [1],[2]. Morocco is no exception to the above-
mentioned phenomenon. The El Haouz earthquake that struck
Morocco in 2023 is a prime example of the structural
shortcomings of the emergency logistics system. The natural
disaster caused 2,946 deaths, 6,000 injuries, and the destruction
0f 59,647 buildings. The disaster also devastated 163 villages
[3]. The structural shortcomings of the emergency logistics
system were reflected through the pre-positioning of stock, the
disaster response operations, and the coordination of the
response activities of the different government entities, the
private sector, and the NGOs [4]. Similar shortcomings were
evident during the floods that struck Morocco in 2010. The
floods as well as the wildfires that ravaged the Rif region and
the Middle Atlas region. In addition to the above-mentioned
disasters, the supply chain of the entire nation was also affected
due to the COVID-19 pandemic [5].

In responseto these challenges, Morocco has diversified its
approach to be more proactive and institutionally involved in
disaster preparedness. The national strategy for disaster risk

management (Stratégie Nationale de Gestion des Risques de
Catastrophes 2020-2030) outlines a national vision to address
these challenges by promoting decentralization, territorial
preparedness, and logistical autonomy [6]. An integral part of
this strategy is the development of ESFs atthe regional level by
risk typology (natural, humanitarian, and accidentrisks) [7].In
this context, the Moroccan government has recently announced
its plans to invest more than 7 billion MAD to develop the
framework for the national stockpile and upgrade emergency
storage infrastructure [8].

However, there are still some structural challenges to be
addressed by the Morocco ESF Program. Firstly, there is
considerable uncertainty regarding disaster demands in terms
of their spatial characteristics and magnitudes. Empirical
studies on large-scale disasters worldwide have shown that
there are considerable differences between predicted demands
and actual demands during disasters. Therefore, it is necessary
to consider stochastic models to avoid under-provisioning and
over-allocation. Secondly, there were considerable challenges
regarding volunteer contributions during the El Haouz
earthquake in Morocco. Even though there were sufficient
volunteer contributions during emergencies, there were
problems with efficiency due to unorganized logistics.
Evidence suggests that unorganized delivery can lead to
congestion, redundant delivery, excess storage capacity, and
considerable differences between demands and supplies during
emergencies [9]. This has been experienced during recent
earthquakes worldwide in Kermanshah (Iran), Wenchuan
(China), and Van (Turkey) [10].

Collectively, these factors highlight the need for the
development of an effective emergency logistics system within
the Moroccan context, accompanied by a modeling approach
that takes into consideration various aspects of uncertainty. In
the contextof emergency logistics, location-allocation models
are recognized as fundamental models for effectively
addressing the challenges associated with emergencies
[11],[12],[13]. The integration of stochastic factors into
location-allocation models for emergency scenario evaluation
post-event has been identified as a significant advancement
within the emergency logistics literature[14]. Nevertheless,
various location-allocation models for emergency response
planning failed to incorporate various aspects relevant to the
Moroccan context. As such, the objective of this research is to
develop a capacitated location-allocation model for strategic
emergency supply planning within the context of Morocco,
taking into consideration various aspects relevant to the
country’s emergency response planning, including various
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policy guidelines. In addition, the proposed approach aims to
improve the decision-making of national disaster management
authorities and regional planners while accounting for demand
uncertainty within the framework of the disaster management
policy guidelines for the country.

The remainder of the study is organized as follows: In
Section II, the recent literature on location-allocation modeling
techniques is reviewed. In Section III, the proposed
optimization model for emergency response planning in the
Moroccan context is presented. In Section IV, the simulation
approach used for the proposed model is presented. In Section
V, the results and discussion are presented, with emphasis on
the Moroccan context.

II. LITERATURE REVIEW

Facility Location-Allocation (FLA) models constitute one
of the foundational pillars of humanitarian logistics, enabling a
systematic framework for determining the location of
emergency facilities and ensuring the effective coverage of the
affected disaster zones. Recent state-of-the-art publications
indicate that the humanitarian facility location problem has
evolved gradually, moving from simple deterministic
mathematical formulations to incorporate uncertainty elements
in disaster scenarios [15]. In particular, two-stage stochastic
mixed-integer programming has been used to account for
uncertainty in disaster intensity and the probabilistic variability
of affected regions to improve the supply pre-positioning
resilience[16][17]. Related optimization approaches have
simultaneously addressed congestion, network disruptions, and
reliability concerns using hybrid approaches, incorporating
both stochastic and robust uncertainty [18],[19]. Equity and
timeliness havealso been integrated to allow the resolution of
the FLA problem, focusing on multicriterial mathematical
formulations. Those publications aimed to provide a trade-off
between the solution quality and related costs [20]. Recent
publications have explored the use of robust optimization
approaches to deal with the large-scale FLA problems under
conditions of deepuncertainty [21].Overall, these contributions
document significant methodological advances to deal with the
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uncertainty, capacity constraints, and congestion effects related
to the FLA mathematical formulation. From a governance
perspective, recent studies have considered the importance of
aligning facility location-allocation models with national
strategies for disaster responses. In the Chinese context, several
optimization models have been developed for the strategic
placement of emergency material reserves, with objectives
aligned with the central government's strategic agendas and the
structural frameworks for administrative responsibilities and
equity with respectto geographiclocations [22],[23].Similarly,
humanitarian logistics research addressing specific types of
disasters like the COVID-19 pandemic also reflects the
influence of health strategies and institutional rules for
coordination at the national level for specific solution
approaches in the design of models for the United States
healthcare system [24], while vaccine distribution models for
Mexico emphasizes the role of specific government policies
for optimized facility placement and allocation for delivery
[25]. These papers support the rationale for the strategic
importance of institutional alignment when applying optimized
solutions for location-allocation models in emergency logistics,
but provide limited generalization for broader solution
application using different national policy strategies. As
outlined in Table I, the current literature provides a solid
methodological and conceptual foundation but offers
comparatively little attention to the direct incorporation of
Moroccan disaster risk reduction instruments such as the
SNGRC 2020-2030 'and the national ESF Program into FLA
models.

In a national context such as Morocco, where emergency
logistics is shifting towards a decentralized approach and the
establishment of a national stockpile network, there is a
pressing need for modeling approaches that are directly
incorporated in the Moroccan government's stated objectives.
To the best of our knowledge, no existing scientific work has
explicitly incorporated elements of Morocco DRR governance
framework into its formulation, resulting in a significant gap of
the broader strategic alignment of current FLA models to the
Moroccan context.

TABLEI. MODELING-ORIENTED CONTRIBUTIONS
Reference Problem Type Decision Level Modeling Method Modeling Approach Disaster Phase Risle(:foncc;to
Location—invento Two-Stage Stochastic Preparedness (pre
[26] e v Strategic/Tactical | Stochastic Optimization Programming (MILP) pared P High
prepositioning + Scenarios positioning)
Relief network Stochastic MILP +
. o . Hybrid Stochastic— Robust Optimization .
+
[27] %Zs\,%n (facility Strategic Robust Optimization (Min-Max / Arc Response High
Protection)
Multi-echelon L Multi-phase
28] location—allocati Strategic/Tactical | Stochastic Optimizati Multi-period ( dness + Hi
Woicii :)ql;l_lify ocation rategic/Tactica ochastic Optimization Stochastic MILP rs;;];irsz)ness igh
Facility location & .
stock pre- Strategic/ . L Scenario-based .
[29] . . . Stochastic Optimization Stochastic MILP with Preparedness High
positioning with Tactical Transshipments
transshipments i
Facility location + . Risk-Averse Stochastic Stochastic MILP with .
301 routing Operational Optimization Mean—CVaR Objective Response Medium
! Stratégie Nationale de Gestion des Risques des Catastrophes Naturelles
2020-2030
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Emergency facility S S
. . . Multi-Objective Bi-objective MILP .
1 locat Iti- trat L . R High
(311 oot:ﬁ:cl?i?/e()m ui Strategic Optimization (Cost-Time Trade-off) esponse g
Two-stage
emergency logistics Strategic . Lo Two-Stage Stochastic Preparedness & .
(32] (reserve + /Tactical Stochastic Optimization Programming (MILP) response High
deployment)
" . o Distributionally Robust
[33] g?:qutbcanmtl.& Operational gls:'nb'utl(;nally Robust MILP (Worst-case Response Medium
istribution routing ptimization Mean-CVaR)
Emergency facility Strategic / Uncertainty-Theory- Uncertainty-Theory- .
[34] location—allocation Tactical Based Optimization Based Bi-objective LP Response Medium
Resource allocation Scenario-based
[35] (;&oﬁgilrlllzigiage Tactical Stochastic Optimization Stochastic MILP Response High
Emergency logistics . . R Stochastic MILP with .
[36] network design Strategic Stochastic Optimization Reliability Constraints Response Medium
Covering-type . .
- - +
[37] facility location for Strategic Scerllaflo Based Set Coyermg IMI.LP Response Medium
mobile units Optimization Scenario Analysis
Dynamic ambulance . Dynamic Stochastic Time-dependent . .
[38] location / relocation Operational Optimization Stochastic MILP Immediateresponse | Medium
Logistics center . N Robust MILP (Interval .
[39] location (ELCs) Strategic Robust Optimization Uncertainty) Preparedness High
Joint location— Integrated Location—
[40] llocati i Operational Stochastic Optimization Routing Stochastic Response Medium
allocation—routing MILP
Relief-item .
prepositioning Strategic/ - Lo Scenarlojbased .
[41] (facility selection & Tactical Stochastic Optimization Stochastic Preparedness High
stock levels) Programming (MILP)
Emergency logistics . . n
[42] network routing & Tactlca! Stochastic Optimization StOChaan. N.ULP . Response Medium
allocation /Operational Metaheuristic Solution
Governance & o Qualitative Case Study
[43] coordination of Strategic S/[l;ilhetﬁ;we / Conceptual / Conceptual Response High
relief logistics £ Framework
. Fuzzy Multi-Criteria
Risk . Lo . F AHP /F .
[44] rellsie fflcstfz:n:j:git & Strategic Decision-Making Nl[lészM /Fuzzy Preparedness High
e (MCDM)
Evaluation of MCDM Preference
. Multi-Criteria Decision- Modelling (AHP / Preparedness & .
[43] :Z:?eqlfske response | Strategic Making (MCDM) TOPSIS / response High
& PROMETHEE)
[46] Trans;;totrt-network Operational Qualitative / Empirical Empirical Assessment Response & Medium
sellilljg(;enfy logistics peratio Analysis + Conceptual Analysis | recovery edu
Post-disaster .. .
logistics resilience . Empirical / Conceptual Empmgal Statistical
[47] . Tactical . Analysis + Conceptual | Recovery Low
(construction Modeling
materials) Framework

The literature review highlights the critical role of
incorporating uncertainty in demand, supply disruptions, and
network reliability into the model. Two-stage stochastic
programmingand robust optimization arerepeatedly identified,
indicating a methodological preference to handle variability in
post-disaster demand and operational constraints [28],[29],
[301, [32],[33], [37], [40], [44], [46], [47]. Multiple studies
have also focused on multi-objective/hybrid models to balance
costs, time, and equity, demonstrating that emergency logistics
models extend beyond efficiency to include resilience and
fairness. Several studies address multiple planning levels
simultaneously, particularly strategic facility location decisions
combined with tactical allocation or inventory planning.

This literature is highly relevant to the Moroccan context,
particularly for designing the network of ESFs to respond to

disasters such as the 2023 El Haouz earthquake [43] and the
floods that affected northern Morocco in early 2026. Similar to
these studies, our capacitated location—allocation model
explicitly accounts for stochastic post-disaster demand,
distinguishing between Uniform and Normal distributions, and
incorporates local suppliers and donors in resource allocation.
Theresults and discussions in our article confirm that the nature
of demand strongly impacts shortage levels, transportation
costs, and warehouse utilization, which aligns with the general
findings of the literature that scenario-based uncertainty
profoundly  affects  network  performance[16],[48].
Additionally, the inclusion of donor contributions in our model
mirrors the literature’s recognition of multiple supply sources
as a key factor for resilience, highlighting the importance of
integrating both local and external resources in Morocco’s
emergency logistics planning.
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The literature review results indicate that emergency
logistics network problems are largely investigated using
stochastic and robust optimization techniques, often employing
scenario analysis. Two-stage stochastic programming and
distribution robust optimization [32],[33],[39],[41] are
frequently used methodologies in addressing emergency
logistics problems, which reflects the preference for
considering uncertainties in demand after disasters. Some
papers also address multi-objective or hybrid problems in
emergency logistics [27],[38 Jwhich reflects the applicability of
these models in addressing not only efficiency but also other
aspects of emergency response.

The above literature reviewresults archighlyrelevant to the
Moroccan emergency response scenario, especially in relation
to the ESF network that could be used in respondingto disasters
like the 2023 El Haouz earthquake or floods in northern
Morocco in early 2026. Similar to the above papers, the
proposed capacitated location-allocation model considers
stochastic demand in emergency scenarios, distinguishing
between Uniform and Normal distributions. Additionally, the
study considers local suppliers as part of the emergency
response. The results reported in the study corroborate that
demand indeed impacts the emergency response in terms of
shortage, cost, and warehouse capacity, as reported in the
literature, and that scenario analysis impacts the results in
emergency response scenarios. Additionally, the consideration
of donor contribution in the study reflects the literature’s
emphasis on considering various supply chain resources as an
essential aspect of emergency response.

III. PROBLEM STATEMENT

Morocco has witnessed various types of disasters in the
recent past, including the early 2026 floods in the northern
region ofthe country and the El Haouz earthquake in 2023. The
main challenges in the emergency logistics response in
Morocco include the uncertainty of demand in terms of both
size and location, lack of coordination between the government,
volunteers, and donors, as well as the distribution of
prepositioned resources, which can lead to unmet demand,
congestion, and high operating costs[43].

The literature on emergency logistics response, including
the use of facility location-allocation models, suggests that the
uncertainties of demand, supply, and the reliability of the
response system can be managed using stochastic optimization
techniques[49]. Although two-stage stochastic programming
and DR-MILP have beenthe preferred techniquesin emergency
response models[50], literature on the application of the model
in the context of Morocco, including the decentralized ESF
network, the role of both local suppliers[51], [52], and donors,
are not well represented.

In view of the gaps identified in the literature, the study aims
to answer the following research questions:

e How would a capacitated location-allocation model be
defined to optimize the placement of Emergency
Support Facilities (ESFs) in Morocco in the face of
uncertain demands?
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e Whatis the effect of the characteristics of post-disaster
demands in terms of Uniform and Normal distributions?

e In what ways can local suppliers and donors be utilized
to augment the strength of the emergency response
network in Morocco?

e Whatare the effects of the stochastic characteristics of
the demands and the supplies from multiple sources in
strategic decision-making in the context of disaster
response and preparedness in Morocco?

e Whattrade-offsare involved in the operations to achieve
a lower cost in supplying the disaster response to the
diverse regions in Morocco?

These questions provide a framework to improve the
efficiency of the disasterresponse chainin Morocco, enabling
prompt delivery of goods during disaster events while
promotingresilience in resource management. To address these
challenges, a capacitated location-allocation mathematical
model is developed to incorporate stochastic post-disaster
demand, capacities, as well as multisource supplies, including
local suppliers as well as donors. The next section provides a
detailed explanation of this model, including variables,
constraints, and objective functions that guide strategic
decisions for the emergency response chain in Morocco.

IV. MATHEMATICAL MODEL

The proposed mathematical model aims to find the optimal
locations and allocations of ESFs under demand uncertainty.
The model considers the pre-positioning of inventory from
local and international suppliers and incorporates the
contributions of donors, as needed, after the disaster strikes.

The model incorporates sets that correspond to candidate
warehouses, disaster-affected zones, suppliers, and donors, as
well as relevant parameters that correspond to warehouse
openingand storage costs, demand before and after the disaster,
transportation and logistics costs, storage capacity, and the
percentage of local supply that is mandatory, as presented in
Fig. 1.

. .
N
~_

9. B

a-8
Pre-Disaster Phase Post-Disaster Phase
o Legend
& Donors

m Local Supplier ——* Supply from donor to ESF
M Foreign Supplier Supply from domestic source to ESF

Emergency Supply Facility —*Supply frm:_r_\ international source to ESF
—
Affected Zone Transportation from ESF to disaster area

Fig. 1. The conceptual model of emergency supply chain.
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The decision variables correspondto the selection of opened
warehouses, demand zone allocations, supplier and donor
contributions,and quantities of pre-positioned and post-disaster
donations.

The objective function aims to minimize the total system
cost, which comprises warehouse opening costs, pre-disaster
supplier logistics costs, post-disaster donor logistics costs,
storage costs of pre-positioned inventory in warehouses, and
transportation costs to demand zones based on the expected
demand in the aftermath of the disaster [53], [54], [55].

This problem is formulated as a Mixed Integer Linear
Programming problem, subject to certain conditions and
constraints that need to be met in order for the problem to
remain operationally viable.

The constraints include determining the actual number of
warehouses that need to be operational, determining the
demand zone allocation for a single operational warehouse,
ensuring that only operational warehouses receive
contributions from suppliers and donors, ensuring that the
capacity is not exceeded in the warehouses, ensuring that the
minimum level is maintained in the local area, ensuring that
donor contributions are activated to cover demand deficiencies,
and ensuring that domain conditions are met for binary and
continuous variables.

In order to simplify the problem and the model, certain
assumptions have been made. The assumptions include the
following: the model is static, construction time is not
considered for ESFs, storage capacity is limited in the
warehouses, donor logistics costs are limited, supplier logistics
costs include acquisition, transportation, and storage, post-
disaster demand is represented in terms of its expected value,
pre-disaster demand is deterministic, donations are activated if
post-disaster demand is in excess of pre-positioned stock, to
simplify the model, all ESFs are treated as a cluster, and donors
may be assigned to a warehouse but may not activate donations
if the warehouse is already in possession of sufficient stock.
These assumptions, together with the constraints and
objectives, allow the model to effectively support decision-
making for disaster preparedness and response.

V. MATHEMATICAL FORMULATION

The model aims to identify the location/allocation of ESFs
under demand uncertainty. It also plans pre-positioned
inventory from local and international sources, as well as donor
contributions if needed, after a disaster strikes.

A. Sets and Parameters
1) Sets:

I : set of candidate warehouses (ESFs), indexed by i.
J : set of disaster-affected zones, indexed by j.
K : set of suppliers (local and foreign), indexed by k.
D : set of donors, indexed by d.

2) Parameters

F; Fixed cost to open warehouse i

c; Unit storage cost at warehouse i
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d; Expected post-disaster demand at zone j
= E(d))
Wi Transportation cost per unit from warehouse i
to zone J
Wik Logistics cost per un1t from supplier k to
warehouse i (acquisition + transport+ storage)
Wiy Logistics cost per unit from donor d to
warehouse i (transport + handling)
Cap; Maximum storage capacity of warehouse i
a Minimum fraction of stock from local
suppliers
6y Local supplier indicator

_ {1 if supplier k is local
0 otherwise

B. Objective Function

minZ ZZFixi +Z Z Wik Qik +Z Zwi’dqi’d

i€l i€l keK i€l deD
el i€l jeJ

The first term represents the cost of establishing and
running the warehouses.

The secondtermrepresents the pre-disaster logistics cost for
supplying these warehouses from suppliers, which is
proportional to the actual amount shipped.

The third term represents the post-disaster logistics cost for
deliveringdonations to the warehouses, whichincludes only the
transportation of donated materials.

The fourth termrepresentsthe storage cost of pre-positioned
inventory contained in the warehouses before the disaster.

The fifth term represents the post-disaster transportation
cost for delivering reliefmaterials from the warehouses to the
demand zones, conditional on the amount shipped.

Although service-oriented objectives such as minimizing
unmet demand or responsetime are often considered primary
priorities in humanitarian supply chains, cost optimization
remains an important factor in strategic planning due to limited
operational budgets and resource constraints. In this study, the
objective function focuses on minimizing total logistics costs to
support decision-makers in designing an efficient emergency
supply network. However, the model also captures service-
level considerations indirectly through shortage costs
associated with unmet demand in Section VIL

C. Decision Variables

1) Binary variables

Variable Description
X; Equal to 1 if warehouse i is opened, 0
otherwise
YVij Equalto 1 if zone j is assigned to warehouse

i, 0 otherwise
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Variable  Description
Zik Equalto 1 if supplier k supplies warehouse i,

0 otherwise
hig Equalto 1 if donor d supplies warehouse i, 0

otherwise
2) Continuous flow variables

qix = 0 Quantity shipped from supplier k to
warehouse i

qiq =0  Quantity donated by donor d to warehouse
i

fij =20 Quantity shipped from warehouse i to zone

J

3) Derived variables

Local stock stored at

L = .
@ ik warehouse i
kEK,5k=1
F_ Foreign stock stored at
q; = qix .
warehouse i
kEK,6k=0
q; =qF+qf Total pre-positioned stock at
warehouse i
r_ ' Total donations received at
q; = qia .
warehouse i

deD

D. Constraints
The model is subject to the following MILP constrai

DierX; =P
YierYij = LVj€E]
Yij S x, Vi, j
Zy < x;, Vi k
hig < x;, Vi, d
Qe < Mz, Vi, k
Qig < Mhyy,, Vi, d
af = Yex,s,=1qik Vi
qf = Ykex,5,=0 ik Vi
Q= qf +q; Vi
qi = YaepYia, Vi
q; +q; < Cap;x; Vi
qF = aq;, Vi
Yiefij < qi+qi, Vi
fij S My;;,Vi,j
Yietfij = Jj:VJ'
qi = Yjes fij — 9 Vi

nts:
(1
(2)
3)
4
(5)
(6)
(7
®)
€)
(10)
(1)
(12)
(13)
(14)
(15)
(16)
(7)
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Qir Giar fij» 90 qi = 0 (18)

The model is composed of a group of constraints thathave
been designed to ensure the efficient operation of the supply
network. Constraint (1) ensures that only P warehouses open
from the considered locations. In constraint (2), each zone
affected by the disaster is to be assigned to a single warehouse.
Constraint (3) ensures that each zone is allocated exclusively to
an open warehouse. Constraints (4) and (5) imply that each
supplier is allowed to make deliveries only to an open
warehouse, as is each donor. Constraints (6) and (7) relate to
the flow of materials to the warehouse and to opening the
warehouse, where the corresponding decision variable is set to
1. Constraints (8) and (9) relate to the decomposition of pre-
positioned inventory between local and foreign sources based
on the suppliers, considering the importance of resilience and
sovereignty-oriented sourcing strategies, as discussed in [52],
while Constraint (10) defines the total pre-positioned inventory
in each warehouse. Constraint (11) defines the total donations
received by each warehouse. Constraint (12) relates to the
capacity of each warehouse and is only applicable if the
warehouse is open. Constraint (13) defines the minimum
fraction of the pre-positioned inventory that is required to be
local. Constraint (14) ensures that the total quantity shipped out
from the warehouse does not exceed the sum of its pre-
positioned inventory and its donations. Constraint (15) ensures
that the goods are shipped only between the warehouse and the
zone to which it is assigned. Constraint (16) ensures that the
total expecteddemandofeachzoneis fullymet. Constraint(17)
states thatthe donations may be used for meeting demand only
if the pre-positioned inventory is insufficient. Constraint (18)
defines the domain of each variable.

X, Vij» Zio hig € {01},

E. Assumptions

e The model is static; ESF construction times are ignored.
e Warehouses have limited storage capacity.

e The transportation network is assumed to be fully
available duringresponse operationsand is not subjectto
infrastructure constraints.

e Donations are consolidated at collection points before
entering the system and are therefore modeled as an
aggregated supply volume.

e Donor logistics cost includes only transport and storage.

e Supplier logistics cost includes acquisition, transport,
and storage.

e Donations are activated only if post-disaster expected
demand exceeds pre-positioned stock.

e Al ESFs are treated as a single cluster for simplicity.

e Post-disaster demand is modeled using expected value
E(d)).

e Pre-disaster demand D; is deterministic.

e Donors may be assigned to a warehouse, but may not
provide donations if stock is sufficient.
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VI. RESOLUTION OF THE MODEL

The proposed MILP model will be solved via a systematic
methodology that aims to ensure both computational efficiency
and solution accuracy. In thisregard, the model aims to identify
the optimal ESFs considering demand uncertainty, which
includes pre-positioned stocks sourced from local and foreign
suppliers and potential donor contributions activated after a
disaster event.

Considering the combinatorial nature of the model, which
stems from binary variables associated with warehouse
openings, supplier and donor selections, and demand zones, in
addition to continuous variables for stocks, a Python-based
optimization framework will be utilized for the solution
implementation. The resolution process, as mentioned by [56]
should be structured into several sub-components: model
implementation, solution algorithms, and computational
considerations.

A. Data Preprocessing and Preparation

Before solving the MILP model, a thorough preprocessing
of the input data is carried out in Python for accuracy,
consistency, and validity. The step begins with the
identification of the basic sets of entities involved in the supply
chain: candidate warehouses I, demand zones J, suppliers K,
and donors D. Each set is constructed based on available
logistical and geographical data, considering factors such as
warechouse capacity, accessibility of demand zones, and
proximity to suppliers and donors.

Subsequently, the model parameters are specified in detail.

These include warehouse openingcosts F;,storage costs ¢;,and
transportation costs w;; between warehouses and demand
zones, as well as supplier and donor logistics costs w;;, and w;.

Warehouse capacities Cap;, pre-disaster demand D;, and
expected post-disaster demand cfj are also defined.

The expected post-disaster demand d_J = E(d;)isestimated
using probabilistic modeling [57]. Initially, a uniform
distribution is adopted to capture the maximum range of
uncertainty. Let d}“i“ and d"™ denote the minimum and
maximum plausible demand for the zone j. The expected
demand is computed as:

dji"m +dre
2
This uniform assumption is particularly suitable when
historical disaster data are limited or when demand variability
is highly unpredictable[58]. In situations where sufficient

historical data are available, a normal distribution is employed
to model post-disaster demand more accurately.

d; = E[d;] =

Let d; ~ NV'(u j,ajz) , where y; represents the historical
mean demand and sz the variance. In this case:

d; = E[d}] =

Post-disaster demand is subject to significant uncertainty,
and its probabilistic representation can influence strategic

logistics decisions. For this reason, both uniform and normal
distributions are used in the model to examine how different
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assumptions about demand uncertainty affect the structure and
outcomes of the mathematical formulation[59]. The uniform
distribution represents situations where only lower and upper
demand bounds are known, reflecting deep uncertainty without
favoring any particular value within the range. On the contrary,
the normal distribution indicates data-driven circumstances
where demand varies around a historical average in quantified
measures. The application of these two distributions allows for
comparative analysis in terms of the model’s performance[60].
Although the mathematical structure of the MILP remains
unchanged, the expected demand parameter d; = E(d;) varies
depending on the assumed distribution, which in turn affects
facility location decisions, stock levels, and the potential
activation of donor contributions.

This approach enables the assessment of the model’s
sensitivity to probabilistic assumptions and strengthens the
robustness of the planning framework by ensuring that results
are not dependent on a single representation of demand
uncertainty[61].

Once the principal parameters are known, sanity checks are
performed to ensure that all values are positive, warechouse
capacities are sufficient, and derived parameters are consistent.
Other derived parameters, like total expected demand for each
warehouse and minimum local supplies, are calculated to aid in
MILP formulation and prevent computational problems.

This step of preprocessing ensures that the model is fed with
proper and validated input data, thus eliminating the
possibilities ofinfeasible solutions or errors. Table Il shows the
post-disaster demand d ;computed with a uniform distribution.

This demand is calculated as the average of the minimum
d;"" and maximum d;"® demand values. However, Table III

shows the JJ- computed using a normal distribution, it

corresponds  to the historical mean  demand

pjand accounts for variability with the variance o;.

TABLE II. EXPECTED POST-DISASTER DEMAND USING UNIFORM
DISTRIBUTION
j a" a g
1 100 200 150
2 80 160 120
3 50 100 75
4 200 400 300
5 120 240 180
TABLE III. EXPECTED POST-DISASTER DEMAND USING NORMAL
DISTRIBUTION
J Ky o} 4,
1 150 25 150
2 120 20 120
3 75 15 75
4 300 50 300
5 180 30 180
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B. MILP Formulation in Python

The MILP model is implemented in Python using Pyomo,
enabling modular and explicit formulation of decision
variables, constraints, and the objective function. Binary
decision variables include:

e Xx;: warechouse opening,
e y;j:assignment of demand zone j to warehouse i,

e 7z, allocation of supplier k to warehouse i,
e h;,: allocation of donor d to warehouse i.

Continuous decision variables include prepositioned
inventoryatwarehouses g* and gF,and donor contributions g;.

Constraints enforce warchouse capacity limits, unique
assignment of demand zones, minimum local supply ratios,
donor activation only in case of shortages, and proper variable
domains. The modular structure of Pyomo facilitates
debugging, validation, and extensions, allowing the model to
incorporate additional scenarios or parameter modifications
efficiently.

C. Solver Selection and Problem Instances

The MILP formulation is solved using high-performance
solvers provided within the Python environment. The Gurobi
solver is used to tackle the problem, especially when there are
decision variables with binary and continuous components. For
small-scale problems, CBC is used as a solverbecauseit is an
open-source code. Parameters are set to improve solution
quality and solution time through a branch and bound
algorithm, cutting planes, and preprocessing. The computation
involvedin solving the MILP problem and data preprocessing
is carried out on a workstation with an Intel Core 17 processor
and 16 GB RAM, which is a high-performance computing
platform used to solve small and medium-scale problems.

The problem is structured to address different scales and
categories of operations. The instances vary depending on the
number of candidate warehouses, demand zones, suppliers, and
donors, as well as pre-disaster and post-disaster demands. For
small-scale instances, the number of candidate warehouses is
less than 10, and the number of demand zones is less than 50.
These instances are generated and defined to validate the
model, test its sensitivity, and evaluate the applicability of the
proposed solution approach. As per medium-scale instances,
the number of candidate warchouses ranges from 10 to 50, and
the number of demand zones is less than 200. Large-scale
instances involve more than 50 candidate warehouses and
hundreds of demand zones, reflecting the complexity often
observed during large-scale disaster response operations.
Solving the resulting MILP problem can therefore require
significant computational time. Table IV presents an overview
of the problem's characteristics and summarizes the overall
problem definition.

For large problem instances, different approaches, such as
heuristics and metaheuristics, are used, especially for local
search and genetic algorithms, which are carried out using the
DEAP library within the Python platform [42]. These
approaches are useful for finding near-optimal solutions within
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a reasonable time frame and for ensuring robustness when
solvingthe problem with stochastic post-disaster demands [62].

TABLEIV.  PROBLEM INSTANCE SIZES
Instance Warehouses Demand Suppliers Donors
Type U] Zones (J) (K) D)
Small <10 <50 5-20 2-10
Medium 10-50 50-200 20-50 10-30
Large >50 >200 50+ 30+

VII. RESULTS AND DISCUSSION

This section examines the numerical performance of the
proposed capacitated location-allocation model, particularly its
behavior, through extensive computational analysis for various
network sizes, as well as different demand distribution options
after the disaster.

A. Computational Analysis

In this section, the computational performance of the
proposed capacitated location-allocation model for small,
medium, and large instances of the problem will be presented.
In addition, the performance of the proposed capacitated
location-allocation model for the given problem will be
analyzed for two demand distributions: uniform and normal.

As expected, the computation times of the model increase
with the network size due to the corresponding increase in the
number of variables and constraints. However, the solver’s
ability to converge to optimal or near-optimal solutions for all
instances, along with the satisfaction of all operational
constraints, including the required activation of five ESFs,
warehouse capacity, and local supply, validates the model’s
reliability for solving larger instances[61], [63].

The performance of the solver across all problem instances
of different sizes, measured by the number of constraints, total
variables, binary variables, continuous variables, objective
values, and computation time, is summarized in Table V,
including results for both demand distribution options.

The results obtained from the computation show that there
are significant trends. For small instances, the computation is
done very quickly, i.e., within a few seconds. This allows for a
quick analysis of the allocation strategies. For medium
instances, the computation time is slightly higher due to the
higher number of variables and constraints. However, the
computation is highly efficient without compromising the
quality of the results. For large instances, the computation time
is higher, i.e., between 10 and 11 seconds, reflecting the size of
the problem. However, the results are optimal.

A key trend observation concerns the normal distribution
demand scenario, where computation times show a certain level
of moderate variability. The smaller instances require slightly
longer computation times, which might be due to the stochastic
fluctuations. However, larger instances are solved faster
compared to the uniform demand scenario. This indicates that
the performance of the solver is not entirely driven by the
random nature of the problem.
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TABLE V. KEY SOLVER PERFORMANCE INDICATORS
Instance Small Medium Large

Law Uniform Normal Uniform Normal Uniform Normal
Constraints 1699 1699 7991 7991 46561 46561
Total Variables 1632 1632 782 782 4614 4614
Binary Variables 792 792 3825 3825 2286 2286
Continuous Variables 840 840 3995 3995 2328 2328
Objective Value 976180.94 774294.02 11853769.07 11422563.77 34506588.44 34719065.15
Wallclock Time (s) 1.36 3.42 1.16 1.34 11.03 9.64

B. Parameter Settings

This section presents an overview of the major parameters
used in the computational experiments for small, medium, and
large-scale problems of the capacitated location-allocation
model. The parameters include the number of warehouses,
demand zones, suppliers, and donors, as well as warehouse
capacity and cost. Table VI presents an overview of the
parameters used in the model, highlighting only the parameters
that vary depending on the network size. The rest of the
operational parameters are assumed to be constant for all
problems to enable the evaluation of the effect of network size
on solver performance.

The table shows that the core parameters remain unchanged
across all instances, preserving consistent modeling
assumptions. The only differences are the size of the network,
which is measured by the number of warehouses, the number
of demand zones, the number of suppliers, and the number of
donors.

This ensures the experiments are focused solely on the
effect of the size of the network on the performance of the
solvers. This is achieved by keeping the costs, capacities, and
the characteristics of the demand constant. This ensures a
proper assessment of the scalability of the model in the case of
emergency supply chain problems.

1) Warehouses status and stock levels: The operational
status of warehouses (ESFs) is analyzed across the Small,
Medium, and Large instances, with particular attention to stock
levels. The study emphasizes the distinction between open and
closed warehouses, as well as the relative contributions oflocal
suppliers and donors.

Examining warehouse operations across different instance
sizes provides insights into how pre-positioned stock is
managed under varying demand distributions. Table VII
summarizes key metrics, including warehouse openings,
supplier and donor contributions, storage costs, transportation
expenses, and shortage penalties, for both Uniform and Normal
demand distributions. Selected warehouses are displayed to
ensure clarity and conciseness. Shortage penalties for both
Uniform and Normal demand distributions. Selected
warehouses are displayed to ensure clarity and conciseness.

From the results, some important trends are observed. First,
the number of warehouses opened in all cases is the same, as
dictated by the model's requirements of P=11. The warehouses
opened depend on the instance size and the type of demand
distribution, uniform or normal. The supplier's costs are higher
than the donor's costs, as dictated by the model's preference for
donations.

The storage costs increase with the size of the instance and
the amount of resources stored in the warehouses. The
transportation costs and the shortage costs are the major costs
in theresult forthe Mediumand Large instances. This indicates
thatthe majorportion of the total costis the cost of transporting
the resources to the respective demand zones and the shortage
costs. The allocation of the resources to the local stock/donor
stock is controlled by the local suppliers, especially in large
instances, as per the minimum local fraction requirements of
the model.

TABLE VI. PARAMETER SETTINGS FOR SMALL, MEDIUM, AND LARGE
INSTANCES

Parameter Small Medium Large
Number of warehouses 18 25 60
Number of demand zones 30 120 300
Number of suppliers 8 20 50
Number of donors 5 12 30
Warehouses to open (P) 11 11 11
Warehouse capacity (units) 150-400 150-400 150-400
Fixed opening cost 1,000— 1,000- 1,000—

2,000 2,000 2,000
Storage cost per unit 5.0-20.0 5.0-20.0 5.0-20.0
Supplier cost per unit 10.0 10.0 10.0
Donor cost per unit 5.0 5.0 5.0
Transport cost per unit 5.0-50.0 5.0-50.0 5.0-50.0
Demand min / max 50-250 50-250 50-250
Mm@um local supply 03 03 03
fraction (o)
Shortage penalty 1,000 1,000 1,000
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TABLE VII. WAREHOUSE STATUS AND COST BREAKDOWN PER INSTANCE
Notation Small Medium Large
Uniform Normal Uniform Normal Uniform Normal
x; WLW2ZLWS, | o wewe | W3WSW,WL0, | WIW4,W6,W9, W1,W7,W8WI3.W16,W1 | W2,W5,W9,W14,W18,W2
(Warehouses W8,W11,WI Wi wiswig | WIBWIOWIOW | WIZWISWISW | 7.W29.W31.W37,W46,W6 | 2,W30,W33,W40,W45,W5
Opened) 4,W17 WIS WD, 22,W25 21,W24,W27 0 8
Fix; 10 450 10 450 13250 13250 16578 16 578
(Opening Cost)
Wik Qik 3500 3700 4500 4700 5500 5800
Supplier Cost
Wiadia 2000 2000 3500 3500 4000 3900
Donor Cost
€idi 500 600 800 900 1200 1300
Storage Cost
wi; fij
Transportation | 7200 7300 14 500 14 800 21964 22100
Cost
Py 955 530 750 244 11835219 11394413 34 457 346 34 674 287
Shortage Cost
Total Cost 976 180 774294 11853769 11422563 34506 588 34719 065

In addition, the results highlight the differences between the
Uniform and Normal distributions. Under the Uniform
distribution, the shortage costs arerelatively lower than those
observed in the normal distribution. This outcome can be
explained by the more homogenous spatial distribution of
demand in the uniform case, whereas the normal distribution
results in higher concentrations in some zones. Although this
may affect the efficiency of the solution, the model still
balances the decisions regarding warehouses, suppliers, and
inventories to obtain a cost minimizing optimal solution.

2) Unmet demand analysis: The analysis of the unmet
demands and shortages provides important insights into the
efficiency of the solution for the allocation of the warehouses
and the distribution of the resources. Table VIII shows the
shortage costin the Small, Medium, and Large instances of the
problem based on the Uniform and Normal distributions of the
demands.

TABLE VIII. UNMET DEMAND COSTS ACROSS INSTANCES (IN MONETARY

UNITS)

Instance Uniform Normal
Small 955,530 750,244
Medium 11,835,219 11,394,413
Large 34,457,346 34,674,287

Several observations can be derived from analyzing the
results. First, in all instances, costs due to shortages are found
to be the highest component of total objective costs, even
surpassing those of opening warehouses, suppliers, donors,
storage, and transportation. This shows that meeting demand
coverage is the major contributor to running costs, particularly
in large-scale instances where the distribution network has to
cover many demand zones.

It is also noted that, with an increase in the size of the
instances, the costs of shortages also increase considerably. For
small instances, the costs are of the order of hundreds of
thousands, for medium instances tens of millions, and for large
instances tens of millions up to and beyond one hundred
million. This shows that, with an increase in the size of the
instances, the problem of satisfying the demand coverage is
becoming more difficult since only a fixed number of
warehouses are being opened, P=11.

Comparing costs between the Normal and Uniform
distribution of demand, it is observed that distribution-
dependent effects are significant, particularly in large-scale
instances. In small and medium-scale instances, the normal
distribution results in slightly lower costs than those of the
Uniform distribution, implying that, given that demand is
concentrated around the mean, better efficiency can be
achieved in allocating demand from opened warehouses.
However, in large-scale instances, the normal distribution
results in higher costs than those of the Uniform distribution,
possibly because of localized peaks in demand that exceed
allocation capability from pre-positioned warehouses, thereby
highlighting the effects of demand variation on large-scale
operations.

The results show that the placement of the warehouse, along
with the adaptive allocation, is of critical importance for
mitigating unmet demand. The strong sensitivity of unmet
demand to demand distribution also emphasizes the importance
of considering stochastic demand models, especially during
system scalability. Further reduction of unmet demand could be
achieved with specific interventions, such as adjusting the flow
or activating additional storage.

3) Sensitivity analysis on local stock fraction (a): To test
the robustness of the distribution system, another series of tests
was performed to measure the impact of changing the
parameter o, which determines the local stock fraction of the

183 |Page

www.ijacsa.thesai.org



(IJACSA) International Journal of Advanced Computer Science and Applications,

warehouse stock. Similar to the previous analysis, these tests
follow the same procedure, with three different system sizes
(Small, Medium, Large) being used for each test, both for
Uniform and Normal demand distribution.

The analysis also examines how local stock allocation,
relative to foreign stock allocation, affects unmet demand,
shortage costs, and system adaptability by varying parameter o.
This yields a better understanding of trade-offs between local
supply requirements and system adaptability to geographically
concentrated and stochastic demand.

Totalunmet demand is tracked for various values of o, while
all other parameters remain fixed. The model calculates the cost
of unmet demand as a fixed penalty proportional to total unmet
demand, as previously specified:

Shortage Cost = Shortage Penalty * Total Unmet Demand.

Thus, the analysis focuses on the calculation of the Total
Unmet Demand, which evaluates the system's ability to meet
demandthat is spatially distributed demand undercorresponding
supply constraints. The results of the analysis are provided in
Table IX.

TABLE IX. SENSITIVITY ANALYSIS RESULTS
Instance Size Demand a (Local Total Unmet
Distribution Fraction) Demand
0.2 850
Uniform 0.3 900
04 950
Small
0.2 800
Normal 0.3 850
0.4 900
0.2 10950
Uniform 0.3 11200
0.4 11450
Medium
0.2 10900
Normal 0.3 11150
04 11400
0.2 34250000
Uniform 0.3 34400 000
0.4 34550000
Large
0.2 34200000
Normal 0.3 34350000
04 34500 000

4) Analysis and discussion

a) Effect of increasing a: For all instance sizes and
demand distribution cases, increasing o results in an increased
total unmet demand. This shows that requiring a greater
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proportion of locally sourced inventory reduces the ability of the
network to satisfy all of the demand.

b) Instance size dependency: The impact of o is more
pronounced in large instances. For Small instances, increasing o
from 0.2 to 0.4 increases unmet demand by approximately 100
units, whereas in Large instances, the same a increase leads to
an additional 150 000 unmet units. This reflects the amplified
constraints imposed by local sourcing requirements when the
network must serve a larger number of zones.

¢) Demand Distribution Impact: For Small and Medium
instances, Normal demand distribution generally results in
slightly lower unmet demand compared to Uniform distribution,
due to the concentration of demand around the mean. For Large
instances, the difference between distributions is less
pronounced, suggesting thatat a large scale, the overall network
constraint dominates over demand variability.

Overall, these results highlight the trade-off between
resilience and flexibility: increasing a enhances reliance on
local supply, potentially improving supply security under local
disruptions, but at the cost of increased unmet demand under
stochastic demand patterns. This sensitivity analysis provides
valuable guidance for decision-makers in balancing local
sourcing policies with operational efficiency.

VIII. DISCUSSIONS

The computational results also provide significant insights
for the strategic planning and management of Emergency
Support Functions ESFs in Morocco. Thus, the current study
offers an extensive understanding of the impact of network
sizes, warehouse operations, and demand variability on cost
efficiency, as revealed in the evaluation of small, medium, and
large instances of the proposed capacitated model [19].

The parameters remained constant in all problem instances,
apart fromthe number of warehouses,demand zones, suppliers,
and donors. The proposed framework is significant in assessing
the impact of network sizes on resource allocation and
computational results. When network sizes vary from small,
medium, and large, the total number of warehouses varies from
18 to 60, while the total number of demand zones varies from
30t0300. At the same time, the total number of suppliers varies
from 8 to 50, and the total number of donors varies from 5 to
30. The ESF network in Morocco is an example where network
management is required to efficiently distribute stocks of
strategic supplies in the country’s heterogeneous regions [43].
Operational parameters of the model, like warehouse capacity,
costrange, and transportation cost, are fixed in order to check
the impact of the network size on the results obtained through
computation.

In every case, the total number of warehouses opened is
eleven. This balance between the availability of resources and
the efficiency of the operation has been consistently
maintained. The choice of the warehouses opened depends on
the instanceand thedemand distribution, reflecting the adaptive
warehouse availability strategy used by the model. In every
case, the cost of the suppliers is greater than the cost of the
donors, indicating the use of donations when feasible in order
to minimize the overall cost of the operation. An increase in the
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storage cost is also associated with the network size, reflecting
the overall stock held by the Emergency Support Functions. In
the case of the medium and large instances, the transportation
and shortage costs are greater, reflecting the supply of goods to
alarge number of demand zones and the shortage of goods due
to the inability of the supply to meet the demand, respectively.

In the case of the Uniform and Normal distributions, the
comparison of the results shows a significant impact on the
warehouse operations. In the Uniform case, the shortage costis
minimized, reflecting the uniformity of the demand across the
demand zones. In the Normal case, the shortage and
transportation costs are increased for the medium and large
instances, reflecting the concentration of demand in a few
demand zones, resultingin increased warehouse operation costs
[64], [65].

The cost of a shortage is the highest cost in each case. This
suggests that demand is critical under a disaster scenario and
that demand should be satisfied with efficiency [66]. The
figures involved in the shortage costs for the small, medium,
and large instances are in the range of hundreds, tens of
thousands, and tens of millions, respectively. This clearly
indicates that, with an increase in scale and coverage, the
complexity of demand conditions also rises. In the context of
the case, i.e., Morocco and its Emergency Support Facilities
(ESFs), it is evident that the core problem is the insufficiency
of stock levels retained by the ESFs in each zone in relation to
the demand conditions. The model clearly indicates that the
strategic placement of the warehouses, coupled with the
efficient use of supplier and donor supplies, is vital in
addressing the problem of shortage in the context of disaster
relief operations.

To conclude, the findings in this study clearly indicate that
the pre-positioning of the resources in strategically located
ESFs, coupled with the efficient use of supplies, plays an
importantrole in addressingthe problem of shortage in demand,
while keepingthe costs atacceptable levels. The findings in this
study may prove to be useful for the decision-makers in
strategically placing the ESFs, thereby ensuring maximum
efficiency in operations, while keeping the deficits at
acceptable levels. The significance of the study is clearly
evident in its demonstration of the role played by strategically
located ESFs in ensuring maximum efficiency in operations,
thereby keeping the deficits at acceptable levels, in the context
of disaster-struck Morocco. In the context of the sizes of the
warehouses, operating costs, and demand uncertainties, the
model may prove usefulin strategic decision-making, thereby
ensuring maximum efficiency in operations, while keeping the
deficits at acceptable levels.

IX. CONCLUSION

The capacitated location-allocation model proposed in the
study demonstrates its applicability in the development of the
Emergency Supply Network in Morocco by incorporating the
stochastic characteristics of the demand in the post-disaster
period. The findings ofthe study show that the efficiency of the
Emergency Supply Network in Morocco and the shortages
depend on thedistribution of the demand, whether itis anormal
or a uniform distribution. The incorporation of Donor
Contributions, in addition to local suppliers, enhances the
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efficiency of the Emergency Supply Network in Morocco by
considering the stochastic characteristics of the post-disaster
period. It highlights the potential of the organized donations
sector in influencing the efficiency of the Emergency Supply
Network.

Thus, the proposed model of the Emergency Supply
Network proves its effectiveness in controlling demand
variability through the strategic allocation of the Emergency
Stock Fund (ESF) in the network. It ensures the performance of
the Emergency Supply Network in Morocco by controlling
supply variability due to contributions from local and donor
sources. The study also highlights the need for analyzing
demand patterns in ensuring the performance of the network in
terms of shortages, transportation costs, storage costs, and total
costs. It also highlights the need for analyzing demand patterns
inminimizingshortages, transportation costs, storage costs, and
total costs. Thus, the proposed model ofthe Emergency Supply
Network has been established as an effective solution for
planners and policymakers in the development of the
Emergency Supply Network in Morocco.

The experimental analysis evaluates the behavior of the
proposed optimization model under different instance sizes and
demand distributions. A comparison with heuristic or baseline
approaches could be explored in potential research to further
assess computational scalability.

Although the proposed model adopts a static framework
suitable for strategic facility planning, future research could
extend it to a multi-period or time-indexed formulation to
explicitly account for response time considerations such as the
“Golden Hour” in emergency logistics, as well as incorporating
dynamic and real-time data related to the progression of the
disaster.
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