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Abstract

After large-scale disasters, swift and robust humanitarian logistics are crucial to provide
timely assistance to injured people and displaced individuals. This study proposes a bi-
objective optimization model for humanitarian logistics network design to simultaneously
consider the facility location-allocation decisions, along with the transportation operation
issues under uncertainty. The framework addresses the needs of both severely and mildly
injured casualties and homeless populations. A hybrid robust optimization approach is
accordingly developed that incorporates scenario-based, box-type, and polyhedral uncer-
tainty representations to handle the uncertainty of factors such as casualty volume, travel
times, facility failures, and demands for resources. More recently, machine learning meth-
ods have been applied to classify casualties and displaced individuals with respect to their
geographic distribution and severity, further improving demand estimates and operational
efficacy. This study seeks to develop a data-driven and robust optimization framework for
designing humanitarian logistics networks under uncertainty, enabling decision-makers
and emergency planners to gain insights into enhancing casualty evacuation, medical treat-
ment, and shelter allocation in disaster response operations. The case of the Kermanshah
earthquake in Iran is used for assessing the applicability of the model. The computational
experiments and comparative analyses conducted show that the developed model exhibits
high efficiency and robustness. The results are useful for guiding disaster preparedness
and strategic decisions in humanitarian logistics. Besides operational performance, the
model optimizes sustainability in the area of emergency response based on cost efficiency
and social fairness, as underlined by SDGs 3 and 11.

Keywords: humanitarian logistics; machine learning; uncertainty; casualty evacuation;
robust optimization

1. Introduction

The growing occurrence and intensity of disasters caused by nature or human activity—
ranging from earthquakes and floods to armed conflicts—have placed immense pressure
on humanitarian logistics systems [1]. Disasters not only result in human casualties but
also leave large numbers of individuals homeless and in urgent need of shelter, food, and
medical care [2]. For instance, recent large-scale disasters have highlighted the challenges
of providing coordinated relief to both the injured and displaced populations, particularly
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under conditions of infrastructure disruption and high uncertainty [3]. Traditional logistics
planning approaches often fall short in such unpredictable environments [4]. In such
scenarios, the design of an efficient and resilient humanitarian logistics network becomes
essential [5].

This includes the strategic location of emergency facilities, effective allocation and
transportation of medical supplies, and the evacuation and accommodation of both casual-
ties (light and severe) and homeless individuals. However, several sources of uncertainty—
including the number of casualties and homeless people, demand, transportation delays,
and the potential disruption of critical facilities—complicate this task. Also, the probability
of facility disruptions, which are common in disaster environments [6], is considered since
it has a significant impact on network functionality and resource accessibility [7]. Each
of these parameters has a different sort of uncertainty, so a specific approach should be
applied to deal with each of them.

The injury severity score (IJS) system [8] is utilized to assess the casualties and catego-
rize them as either severe or light casualties, each of whom has different ways of transporta-
tion and medical treatment. In addition to injured populations, the model incorporates
homeless individuals who require immediate access to temporary shelters. Moreover,
warehouses are located and used to store and distribute medical products to clinics.

To address these challenges, this study presents a bi-objective model for humanitar-
ian logistics management. The model integrates location-allocation and transportation
planning and aims to minimize both the total operational cost and the medical risk due to
the delays in treatment. To handle the wide range of uncertainties, the model employs a
hybrid robust optimization framework, including SCB, box, and polyhedral uncertainty
set methods. These allow decision-makers to assess trade-offs between robustness and
solution conservatism across different planning conditions [9].

1.1. Dealing with Uncertainties

Since historical data are not available, it is impractical to estimate probability distri-
butions for uncertain parameters. Therefore, instead of stochastic programming, robust
optimization is used to handle parameter uncertainty. Robust optimization uses an uncer-
tainty budget as a control over the level of conservatism in solutions.

Since decisions made in humanitarian logistics directly affect human lives, the decision-
maker must consider worst-case scenarios [10]. Therefore, robust optimization with a box
uncertainty set is applied to manage uncertainties in casualty and homeless numbers and
transportation times, which will make certain that the logistical plans are reliable and
resilient under extreme conditions.

Demand uncertainty is handled in a different way. The medical demand relies on the
uncertain number of casualties and the capacity of clinics. In addition, many real disaster
scenarios usually involve a scarcity of medical supplies, such that some resources need to
be shared or dosages reduced for temporary treatment. A robust optimization model based
on polyhedral uncertainty sets is used in order to capture such flexibility while avoiding
over-conservatism.

Unlike the box method, this approach allows decision-makers to adjust the level of
conservatism according to situational needs, offering greater flexibility and potentially
higher or lower conservatism than the box approach [11].

1.2. Questions This Study Seeks to Answer

Despite the volume of research on humanitarian logistics, several crucial gaps persist.
For instance, many studies have independently addressed facility location, casualty evac-
uation, or relief distribution without taking real response to disasters into consideration.
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Again, since post-disaster environments naturally involve uncertainty, most models still
depend on using a single approach to handle uncertainty, which seriously restricts flexi-
bility when different parameters manifest fundamentally different uncertainty structures.
Thirdly, facility disruptions, especially the failure of clinics, are often ignored or handled
simplistically, distorting the realism of the proposed solution.

Meanwhile, recent advances in machine learning have also held promise for enhancing
demand estimation and prioritization in humanitarian operations. However, the integration
of data-driven learning techniques with robust optimization models has been limited so
far, especially in comprehensive network design problems that simultaneously consider
casualties with different injury severities and homeless populations.

The study addresses key questions, including;:

e  Determining optimal locations for emergency facilities and the efficient way of allocat-
ing medical products.

e  Analyzing how casualty deterioration and injury severity influence transportation and
medical care strategies.

e  Evaluating the role of integrating ML with an optimization model in humanitarian logistics.

e  Addressing various types of uncertainty by using proper hybrid methods.

This research proposes a bi-objective humanitarian logistics network design model
that jointly optimizes facility location-allocation, casualty evacuation, and medical supply
distribution under multiple sources of uncertainty. A hybrid robust optimization frame-
work is developed that combines scenario-based, box-type, and polyhedral uncertainty
sets to appropriately model different uncertain parameters. This research also embraces
machine learning-based clustering to enhance demand estimation and spatial decision-
making. Additionally, besides solving humanitarian logistics challenges, this research
contributes to global sustainability efforts through alignment across several United Nations
Sustainable SDGs. Notably, it supports SDG 3 (Good Health and Well-being) through
minimized medical risks and improved casualty treatment, and SDG 11 (Sustainable Cities
and Communities) through added city disaster response infrastructure resilience.

The remainder of this paper is structured as follows. Section 2 presents a comprehen-
sive review of the related literature in humanitarian logistics under uncertainty. Section 3
introduces the problem definition and model. Section 4 describes the proposed methodol-
ogy. Section 5 discusses the computational results. Section 6 provides the conclusion of
the paper.

2. Literature Review

The design of humanitarian logistics networks has attracted significant attention
due to its critical role in disaster response [12]. Facility placement, casualty evacuation,
resource assignment, and the distribution of medical and relief supplies are the most
critical issues. In the early stages of this field, many studies adopted deterministic models
(e.g., [13-16]), which provided foundational insights but lacked the flexibility to address
real-world uncertainty.

To overcome these limitations, researchers have increasingly adopted uncertainty-
aware approaches. Stochastic programming has been widely used to handle uncertainties.
Jamali et al. [17] introduced a stochastic multi-objective model for sustainable humanitarian
logistics using an improved multi-choice goal programming method, and showed trade-offs
among economic, social, and environmental objectives. Nezhadroshan et al. [18] proposed
a SCB possibilistic-stochastic programming approach for designing a resilient humanitarian
logistics network, addressing both operational and disruption uncertainties. A real case
study validated the model, emphasizing the importance of route availability and facility
resilience after disasters. Jin et al. [19] proposed a multistage stochastic programming model
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for planning drone-supported last-mile humanitarian logistics, addressing uncertainty
across pre- and post-disaster phases. Benders decomposition was used to solve the model
efficiently, outperforming standard solvers in an earthquake case study. Huang et al. [20]
introduced a bi-objective two-stage stochastic programming model to balance efficiency
and equity in emergency supply allocation under demand uncertainty. Using a Gini-based
equity index and an accelerated branch-and-cut L-shaped algorithm, the model improved
both computational performance and distribution fairness.

On the other hand, the reliance on probabilistic distributions limits stochastic program-
ming in data-scarce disaster settings. As a result, robust optimization has gained attraction
as a more practical alternative. Stienen et al. [21] applied robust optimization to determine
the most efficient depot placements for organizations involved in humanitarian logistics,
minimizing transportation costs and response time under disaster uncertainty. Using the
UNHRD case, the results highlighted the value of robust solutions in reducing cost vari-
ability in worst-case situations. Faiz et al. [22] proposed a two-stage robust optimization
for post-disaster two-echelon routing using trucks under demand uncertainty. A column-
and-constraint generation approach was developed to determine robust delivery routes,
validated through a Hurricane Maria-inspired case study. Li et al. [23] proposed a two-
stage robust model for critical care service facility placement under demand uncertainty,
incorporating cost, deprivation, and environmental impact. A column-and-constraint
generation algorithm was used to solve the model, validated through a COVID-19 case in
Wuhan. Chen [24] developed a robust multi-period relief supplies distribution model that
incorporates transportation delays, donation uncertainty, and both vertical and horizontal
fairness. Using a Wenchuan earthquake case, the model demonstrated improved reliability
and equitable distribution outcomes.

Another important dimension in humanitarian logistics is facility disruption modeling,
which reflects the vulnerability of infrastructure in disaster zones. While many models
assume full facility operability [6], others incorporate facility failure scenarios to improve
realism (e.g., [7,25-27]). Nevertheless, this area remains underexplored, especially in
conjunction with integrated logistics operations involving shelters and warehouses.

ML techniques have recently emerged as powerful tools for supporting data-driven
logistics decisions. Shakibaei et al. [28] investigated a bi-objective humanitarian supply
chain model integrating ML for patient prioritization and multi-criteria decision-making for
area risk assessment. A Tehran case study demonstrated the model’s effectiveness in mini-
mizing human and financial losses. Soykan and Rabadi [29] proposed a deep reinforcement
learning approach to solve the multi-commodity network flow problem in humanitarian
logistics. Their method was enhanced by digital twins, and the results showed a better
performance in relation to traditional methods under dynamic and uncertain conditions.
Taouktsis and Zikopoulos [30] developed a decision-making tool based on a combination
of heuristic algorithms with supervised deep learning for selecting distribution center
locations in humanitarian logistics.

A summary of the literature is provided in Table 1. The contributions of this study to
the literature are mentioned below:

e Addressing a bi-objective location-allocation and transportation problem by consid-
ering medical facilities, shelters for homeless individuals, and supply distribution
from warehouses.

e Applying a hybrid robust optimization approach using SCB, box, and polyhedral
uncertainty sets to manage different types of uncertainties.

e Utilizing ML to cluster casualties and homeless populations based on location
and condition.

e  Considering facility disruption and its effects on logistics performance.
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Table 1. A summary of literature review.
Paper FC* AC* TR * CT* FP* FOP * CAM * MT * CST*
Hamdan and Ambulance, .
Diabat [31] v v v hospital, blood Stochastic v
. Blood center,
Haghjoo et al. [32] 4 v blood Robust
Severe Ambulance,
Gharib et al. [33] v v licht ! hospital, Deterministic v
& helicopter
Distribution
Ghasemi et al. [34] v v centet, relllef Game theory v
commodity,
hospital
Severe Ambulance,
Sun et al. [35] v v licht ! medicine, Robust v
& helicopter
Medical center,
Zhang et al. [36] v v relief commaodity Robust
Medical center,
. relief commodity,
Ehsani et al. [37] v v Distribution 10T Fuzzy v
center
Hospital,
Sun et al. [27] v v Seyere, v medicine, Robust (box), v
light . SCB robust
medical center
Medical center,
Yang et al. [38] v v relief commaodity Robust
Severe Hospital,
Zhang et al. [39] v v . ! medicine, Robust v
light .
medical center
Medical center, .
Gao et al. [40] v v 4 relief commodity, Distributionally
robust
road
e
Severe, helicPc)) te,r robust (box),
This paper 4 v v light, v me dicinep cli’nic ML robust v
homeless shel t,er (polyhedral),
’ SCB robust
warehouse

* Note: FC = Facility location, AC = Allocation, TR = Transportation, CT = Casualty type, FP = Facility disruption,
FOP = Features of problem, CAM = Combination of artificial intelligence and mathematical model, MT = Method,
CST = Case study, IOT = Internet of things.

The review of studies evidences a clear trend of increasing applications of robust

and stochastic optimization in humanitarian logistics problems, while machine learn-

ing enters into the field for data-driven decisions. Unfortunately, most of the existing

works focus on limited population groups, single uncertainty representations, or par-

tial logistics functions. This study bridges these gaps in the literature by integrating a

bi-objective location-allocation and transportation model with hybrid robust optimiza-

tion and machine learning, with explicit consideration of facility disruption and multiple

affected populations.
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3. Problem Definition

This study investigates the design of a comprehensive humanitarian logistics network
in the aftermath of a disaster, aiming to ensure timely medical services and shelter provision
to affected populations while minimizing total costs and medical risks. The population
in need of assistance is classified into three categories: severely injured casualties, lightly
injured casualties, and homeless individuals. The proposed logistics network comprises
hospitals, temporary clinics, shelters, and warehouses. Medical products are supplied
from warehouses to clinics, while casualties and homeless individuals are transported from
affected areas to the appropriate facilities. Seriously injured casualties need more treatment
supplies than the others, and there are two ways for them to access treatment services,
including being transported by helicopter directly to hospitals and transferred to clinics by
vehicles, then to hospitals. Furthermore, lightly injured casualties were first transferred to
clinics to receive medical services, and then moved to shelters.

The core of the model is a bi-objective mathematical formulation that jointly optimizes
two objectives. The first objective is to minimize the total health risk, which accounts for
injury severity, deterioration rates due to delays in treatment, and penalties associated
with untransported individuals. The other one seeks to minimize the total cost, including
facility establishment, transportation, procurement of medical supplies, and penalties for
unmet demand.

Uncertainty is a critical aspect of disaster logistics and is incorporated into the model
through multiple robust optimization frameworks. SCB robust optimization is used to
manage facility disruption and disaster intensity uncertainties. Additionally, box-based
robust optimization is employed for uncertain parameters with known bounds, such as
travel times and casualty numbers. To address uncertain medical demand—where overly
conservative assumptions may reduce efficiency—the model uses a polyhedral uncertainty
set, which allows flexible control over solution conservatism.

To better understand the spatial distribution of needs, ML techniques are integrated
into the model. Specifically, clustering algorithms are used to group casualties and home-
less individuals based on geographical coordinates and injury severity. This data-driven
clustering not only enhances the accuracy of demand estimation but also improves the
allocation and transportation decisions.

Overall, the problem is formulated as a bi-objective mixed-integer optimization model
that integrates casualty and homeless evacuation, facility placement, and supply distribu-
tion under uncertainty. An illustration of the problem is provided in Figure 1.
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Figure 1. Proposed logistics network.
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The following section presents the mathematical formulation and the solution method-

ology in detail.

3.1. Modeling Assumptions and Symbol Definitions

This study is based on the following key assumptions:

Disruption of Temporary Medical Centers: It is assumed that aftershocks may cause
disruptions in temporary medical centers, with at most two centers affected in each
scenario [41].

Scenario and Robust Optimization Approach: Based on sulfficient historical, geograph-
ical, and expert data, SCB modeling is used for medical center disruptions. However,
due to insufficient historical information for other uncertainties, the robust optimiza-
tion approaches using box and polyhedral uncertainty sets are adopted to address
them [42].

Vehicle and Helicopter Characteristics: All rescue vehicles and helicopters are homoge-
neous, with fixed and identical capacities. Vehicles maintain a constant speed during
transportation. Both vehicles and helicopters are limited in quantity and operational
time [43].

Capacity Constraints: Hospitals and temporary medical centers have limited capacities
for accommodating medical supplies and casualties [43].

Differentiated Medical Supply Needs: Each type of casualty requires different amounts
of medical products for medical care.

Emergency Treatment Time: Rapid treatment is assumed for severely injured individ-
uals at temporary medical centers [27].

IJS Trends: For both mild and severe casualties differs over time as patients
are transported.

In Table 2, we present the sets, parameters, and decision variables employed in the

formulation of the mathematical model.

Table 2. Indices, parameters, and variables of the model.

Indices

light injured individuals cluster

j serious injured individuals cluster

u homeless people cluster

q candidate temporary clinic

n candidate hospitals

t candidate shelter

g candidate warehouse

v evacuation vehicles

h evacuation helicopters

k relief commodity

s scenarios

Parameters

IN ]is Count of injured people at light wounded cluster 7 in scenario s
IN ];S Count of injured people at serious wounded cluster j
INTY Count of homeless people at homeless people cluster u
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Table 2. Cont.

Ct Swift medical intervention time
D;mqks Demand for relief commodity k at clinic q
ﬁy” Capacity for casualties at clinic g
BCM™ Capacity for serious wounded at hospital n
oM Capacity for homeless people at shelter ¢
Et];ﬁ”x Capacity for treatment supplies k at clinic g
@gk Supply for treatment supplies k at warehouse g
o Total number of available helicopters
B Total number of available vehicles (medical center and casualties)
0 Total number of available vehicles (hospital and medical center)
0 Total number of available vehicles (shelter and homeless people)
60 Total number of available vehicles (medical center and Warehouse)
Avej, Capacity for severe wounded of helicopter h
Avel Capacity for light wounded of vehicle v
Ave;, Capacity for serious casualties of vehicle v
Avel Capacity for homeless people of vehicle v
Aveffkc Capacity for relief commodity k of vehicle v
Wy Accessible flight hours of helicopter 1 within the response window
WV, Usable working hours of vehicle v within the response window
Wiks Quantity of treatment supplies k exist in shelter ¢
¥ hjns Flight duration from severe injured cluster j and hospital n by helicopter &
ﬁ;qs Driving time between mild injured cluster i and clinic g by vehicle v
tNtzqu Driving time between severe injured cluster j and clinic q by vehicle v
’;fzjtqs Driving time between shelter t and clinic g by vehicle v
Eg:}u o Driving time between homeless people cluster u and shelter ¢ by vehicle v
toeqs Driving time between warehouse g and clinic g by vehicle v
tmogns Driving time between clinic q and hospital n by vehicle v
Pen! Penalty factor applied to untransported light wounded
Pen® Penalty factor applied to untransported severe wounded
Pen® Penalty factor applied to untransported homeless people
SCk Penalty cost for unfulfilled demand for treatment supplies k
peg Purchasing expense of treatment supplies k
ocy, Operational cost of helicopter &
0Cy Operational cost of vehicle v
f c;lh Rental cost of helicopter
feb Rental cost of vehicle v
f cs Fixed cost for building up clinic q
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Table 2. Cont.

f cf Fixed cost for building up shelter ¢

feb, Fixed cost for building up warehouse g

A%{ Required amount of treatment supplies k for a light wounded

AL Required amount of treatment supplies k for a serious wounded

AY Required amount of treatment supplies k required for a homeless person

dr' Deterioration factor of light wounded

dr® Deterioration factor of severe wounded before arriving at clinic

dr* Deterioration factor of severe wounded after arriving at clinic

dr" Deterioration factor of severe wounded after arriving at hospital by helicopters

dr® Deterioration factor of homeless people

inm! Starting mean IJS of the light wounded cluster i

z'nmjsi Starting mean IJS of the serious wounded cluster j

inmg Starting mean IJS of the homeless people cluster u
inméw Starting mean IJS of the light wounded cluster i at a clinic after treatment

Vs Binary parameter set to 1 if disruption occurs at clinic 4 in scenario s, 0 otherwise

0s Probability of scenario s

Binary Variables

Z,7 1 if clinic g is assigned, 0 otherwise

727 1 if temporary shelter ¢ is assigned, 0 otherwise

Gq 1 if warehouse g is assigned, 0 otherwise

Y, 1 if hospital n is assigned, 0 otherwise

Phns 1 if helicopter / in hospital # is deployed, 0 otherwise
BLygs 1 if vehicle v in clinic 4 is deployed, 0 otherwise

Tons 1 if vehicle v in hospital n is deployed, 0 otherwise

Sots 1 if vehicle v in shelter t is deployed, 0 otherwise

SSugs 1 if vehicle v in warehouse g is deployed, 0 otherwise

Integer Variables

xéj gs Count of injured individuals evacuated from light wound cluster i to clinic g by vehicle v

. jas Count of injured individuals evacuated from serious wound cluster j to clinic g by vehicle v
X9 4 Count of homeless people transported from homeless people cluster u to shelter t by vehicle v
v jns Count of injured individuals evacuated from severe injured cluster j to hospital # by helicopter &
fogns Count of injured individuals evacuated from clinic g to hospital # by vehicle v

hogts Count of homeless people carried from clinic g4 to shelter t by vehicle v
Wygqks Amount of treatment supplies k carried from warehouse g to clinic g by vehicle v

Df jns Count of trips from hospital n to serious injured cluster j by helicopter

DE]. s Count of trips from serious wounded cluster j to hospital n by helicopter k

LE jas Count of trips from clinic g to serious wounded cluster j by vehicle v

ng gs Count of trips from serious wounded cluster j to clinic g by vehicle v
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Table 2. Cont.

TE gs Count of trips from clinic g to mild wounded cluster i by vehicle v
T8 gs Count of trips from mild wounded cluster i to clinic g by vehicle v
quts Count of trips from shelter ¢ to clinic g by vehicle v
quts Count of trips from clinic g to shelter ¢ by vehicle v
RE . Count of trips from shelter ¢ to homeless cluster u by vehicle v
RE . Count of trips from homeless cluster u to shelter ¢ by vehicle v
OFyq¢s Count of trips from warehouse g to clinic g by vehicle v
OByggs Count of trips from clinic g to warehouse g by vehicle v
quns Count of trips from clinic g to hospital n by vehicle v
quns Count of trips from hospital # to clinic g by vehicle v
Ufs Count of light wounded not evacuated at light wounded cluster
U]?s Count of serious wounded not evacuated at serious wounded cluster j
us; Count of homeless people not evacuated at homeless people cluster z
UD g Amount of unfulfilled demand for treatment supplies k at clinic g
I1]S; Cumulative IJS of the light wounded who were evacuated
I ]Sé Cumulative IJS of the severe wounded who were evacuated
IJSY Cumulative IJS of the homeless people who were evacuated

Based on the introduced indices, parameters, and variables, the mathematical model
is formulated in the next subsection.

3.2. Optimization Model

The mathematical model for the proposed problem is presented below, integrating
evacuation, facility location, transportation, and uncertainty considerations.

MinZy =Y ps (1}53 +IJSL+ 1]SY + ) Pen'Uj, + Y PenUs, + ) Penwuf,"s> 1)
ses i€l j€j] z€Z

MinZy = ¥ faiZ + ¥ f{ZZ,+ ¥ feb,Gq
7€Q T teT g€G °

+Ep| £ EsqUD + ¥ T T T potggis+ ¥ X L 00 Enjns( Dfjs + Dfe)
s€S keK qeQ gks veV geGqeQkekK heH je]neN

~s N
(1F. LB (E 5
+U€ZV jgf qgQ 0Cottyjas (Lv]qs + Lv]qs) + vgv igl q)e:Q 0Cyttyigs <Tvzqs + qus>

~W ~TW
+X X X OCvttqu (Ozquts + Oeqs) + L Y X ocottyu (Rzljuts + Rgltts)
veV teT qeQ veVuelteT

+ Y Y ¥ ocpttl, s (OFyges + OB + octm SF 4 gB n oh
eV teT g0 v qub( vqgs 0‘735) UEEVqEEQn)e:N v vqns( vqns vqns) heEHneZNf h Phns
+X X fC;v”vns+ Y X fC;vBqusﬁL Y X fC;vSvter Y ¥ fcgvssvgs)
veVneN veV geQ veV teT veV geG
! ol 17 !
Z Z Z xviqs <lnmi +dr ttviqs) < I]Ss VseS (3)
veyiclqeQ s N
Max{ Y ¥ Y ¥ x3; (inms-+drbs (tt ; —Ct) + drtm >, LY Ly (inms.+drhth' )
<U€Vj61quneN s\ o o ) i e e s\ s (4)
< IJS; VseS
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~W
YY) xl (inmff + drwttwts) <IJS¥ VseS (5)
veVuelteT
Max
szvzqs—'_ szv]ms— vqu’ Ses (6)
veViel veVje]
M
Zzyh]ns+ Z vaqns_ ~ VneN,seS (7)
heH je] veV qeQ
w Max
szvuts+zzthtsfct VteT,se8§ (8)
veVuel veV geQ
Y Y wogqrs < Cop VgeQ keK seS )
veV geG
Zzwvqusgﬁgk VgEG,kGK,SGS (10)
veV geQ
Y Y A+ Y Y AR vigs = 2 X Waggks VgeQ keK seS (11)
veViel veVjeJ veV geG
Yo Y Al + Y Y AVxY < wy VteT, keK seS (12)
veV geQ veVuel
ZZPhnsS“ Vses§ (13)
neN jej
Y Y BLys <P Vses (14)
veV geQ
Yo ) rms< 0 VseS (15)
veV neN
Yo ) sus <6 VseS (16)
veVteT
Z Z SSygs < 60 VseSsS (17)
veV geG
y;jns < Avej Djyys VheH,je],neN,seS (18)
Xhias < Avey T VoeV,ielgeQ seS (19
X5 < AvES Ly YoeV,je],qeQ,s€S (20
foqns < AVESS]os VoeV,geQ neN,scS (21)
thts < Avel quts Voe V,q €Q, teT,seSs (22)
x84 < Avel ths VoeV,uel,teT,seS (23)
Wogqhs < Avel OBoggs VoeV,geQ g€G seS  (24)
> thjns(ijns n D,’f]-ns) < Wippe VheH neN,seS (25
3]6] e B
Zttws( et qus) n Zttvqu< Fost LW) W0,BLogs VO EV, €Q, sES (26)
i€l j€l
Z ttvuts (Rvuts vuts) Z ttvtqs (quts + quts) < mvsvts VoeV,teT,seS (27)
uel q€Q
ZQ Hipeas (OFuggs + OBoggs) < W0ySsygs VoeV,¢geG,s€S (28)
q€
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icl,geGkeK

The objective function in Equation (1) aims to minimize the IJSs of transported mild
and severe casualties, as well as the penalty associated with untransported casualties. The
other objective function, presented in Equation (2), is designed to reduce transportation
costs and time. The total IJSs of transported mild and severe casualties and homeless indi-
viduals are calculated in Constraints (3), (4), and (5). Constraints (6), (7), and (8) ensure that
the total number of transported casualties and homeless individuals does not exceed the ca-
pacity of emergency healthcare centers, hospitals, and shelters. The capacity constraints of
these centers for each specific resource are defined in Constraints (9) and (10). Constraints
(11) and (12) state that the quantity of goods delivered to medical centers and shelters must
be greater than or equal to the needs of the casualties and homeless individuals at those
centers. Constraints (13) to (17) limit the number of available vehicles, ambulances, and
helicopters. Constraints (18) to (24) define the relationship between the transportation
of casualties and homeless individuals, the number of ambulance and helicopter trips,
and the capacities of these vehicles. Constraints (25) to (29) ensure that ambulances and
helicopters are only available during working hours. Constraints (30) and (32) establish
the relationships between different variables. Constraints (33) to (41) control the inbound
and outbound flow of helicopters, ambulances, homeless individuals, and casualties from
warehouses, hospitals, shelters, and emergency centers. Constraints (42) and (44) guarantee
that all or part of the casualties and homeless individuals are transported. Constraint (45)
guarantees that the delivered goods are not less than the resources needed by emergency
medical centers. Finally, Constraints (46) to (52) establish relationships among variables.

4. Materials and Methods

The approaches employed to address the issue are outlined in this section. An
overview of the proposed methods is presented in Figure 2.

Each of these steps will be explained comprehensively in the following subsections,
providing a clear and systematic description of their purpose and implementation.

4.1. Transformation of the Original Model

As the model includes two opposing objectives, optimizing them at the same time is not
feasible. Therefore, multi-objective solution methods must be employed to obtain a set of Pareto-
optimal solutions. Common approaches include the weighted metric method, e-constraint
method, weighted sum technique, lexicographic method, and goal programming [44].

In this study, the e-constraint method is employed, a widely used approach for solving
multi-objective problems [45]. This method retains one objective function while converting
the others into constraints. The corresponding formulation is provided in Equation (55),
where the value of ¢; is determined by the managers.

Min Uy, (y)

Ui(y) < €, ¥j #n (55)
yEY
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| Presenting a bi-objectives model |

| Considering uncertain parameters |

| the probability of facility disruption '7" Demand |
| The nn:nberl of c;es:;::les and | Transportation time |

Transforming the bi-objective model into a single-
objective form using the £-constraint approach

Implementing a combined scenario-based and robust
approach to address uncertainties

Robust based on the box and
polyhedral uncertainty sets

The scenario-based robust method |

Utilizing K-means algorithm for clustering

Determining the optimal cluster count parameter for
the machine learning model

Silhouette score method

Training the clustering models for casualties and
homeless people based on their coordinates

Estimating specific parameters of the robust
counterpart formulation using ML techniques

Applying the model to the Kermanshah earthquake
case study

Figure 2. Solution approach.

In the introduced model, the objective presented in Equation (1) is picked as the
primary objective, while the other one is transformed into a constraint. Consequently, the
reformulated model by considering Equation (1) as the objective is expressed as follows:

Y chZ + z fhzz, + z feb Gy
7€Q q

+rpes| X LsqUD + X L Y L PCWoggks

seS keKqeQ gks veV geGgeQkekK
+Yy Y X ochth (D + DB )

heH je] neN jns \ = hjns hjns

B
“EE Ocvtt””s< fis + L)
B
~w 56

+ Z Z Z Ocvttvtqs <quts vqts) ( )

veV teT geQ

~W

=+ Z Z Z Ocvttvuts (Rvuts vuts)

veVuelteT
+ Y Y ¥ ocpttl, o (OFypes + OB

veV teT geQ ’ quS( o8 vng)
+Y X X 0CytMopgns (quns + Syqns) + Y X fch Phns

veV geQneN heHneN
+Y X fC Tons + L L fcrvBqus+ )y ch Suts

veV neN veV qeQ veV teT
+ L ¥ fcssugs | < €

veV geG

(3)-(54)

4.2. Hybrid Model

Mulvey et al. [46] introduced a SCB robust optimization approach, which is applied to
the stochastic model. This method aims to reduce the model’s sensitivity to data variations,
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thereby producing solutions that remain effective across all scenarios. When applied to the
objective function of the proposed model, the reformulated version is as follows:

2
Min Fobjl = Y psZ1s+ v Y. ps (le - X ps/ZlS/>
sesS s€S s'es’

(57)
+w Y ps| & Penlll}s + ¥ Pen®Us, + Y Pen®U;
s€S iel j€J zeZ
s.t.
Z1s = 1]S5 + IJSL + I]S¥ VseS  (58)

In Equation (57), v and w are two weighting parameters. The initial component
denotes the anticipated value of the objective function; the second one reflects model
robustness—quantified by the variance of the objective across different scenarios—and the
third component imposes a penalty to control infeasibility. Notably, the second term
is quadratic in form, which increases the complexity of the solution process. Leung
et al. [47] introduced an approach to make the equation more straightforward and re-
duce computational complexity.

Min Fobjl = Y. psZ1s+7v Y ps (le — Y psZly +205>
seS seS

s'es! (59)
+w Y ps| & PenlU}s + ¥ Pen®Us, + Y Pen®U;
ses  \iel iel B ez
21— Y poZly+6; >0 ,¥seS  (60)
s'es!
8, >0 ,VseS 61)

Furthermore, Equation (4) must also be linearized. Since the objective is formulated as
a minimization task, it can be transformed into a linear form as follows:

~S
Yo XY Y g (immi + drbs(ttv]-qs — Ct) 4+ dr®®timygns) < 1JS;  VseS (62)
veV je] qeQneN

Yo D Yijus(inm; +drh?hjns> <IJS; VseS (63)
hehje]neN

In the following subsection, the way of dealing with the other uncertainties will
be discussed.

4.3. Addressing Uncertainties

In the proposed model, several parameters are considered uncertain within each
scenario. These include the number of light and serious injured individuals, the de-
mand for products, the transit times between casualty clusters and temporary medical
centers, as well as the travel times for transporting severe casualties by helicopter from
clusters to hospitals. To address these uncertainties, a box-based robust optimization
approach is applied. Under this technique, and by setting ¥ = 1, uncertain parameters
are represented as intervals centered around their nominal values with specified maxi-

—~

mum deviations. For example, the uncertain parameter Dem ;s is expressed within the

interval | Demgys — Demgys, Demges + Demmgy ], where Dem s denotes the nominal value

and @mks represents the maximum deviation. Also, to handle the uncertainty of de-
mand, the robust method based on polyhedral uncertainty sets is utilized, expressed
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constraints involving uncertain parameters, the constraints can be reformulated as follows:
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[, Vj € Ji}. Accordingly, after applying this method to the
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Yo Y st Y Y Yiws + UL = INTi + 9 INT VjieJ], se€S (75)
veV qeQ heHneN
Y Y s + Uik 2 INTys + ¢ INJ Vuel, seS (76)
veVteT
Y ) Woggks + UDgis > Zgx (1 —y4s) % Y Demgs +Tpr Vqg€Q, seS  (77)
veV geG keK
Zy (1 —ygs) * Demges < pr VgeQkeK seS (78)

(6)—(24), (30)—(41), (46)—(52), (58), (60) and (61)

4.4. Application of ML Technigues

K-means is a widely used unsupervised ML algorithm, commonly applied in various
fields such as data mining [48]. The algorithm partitions n observations into c distinct
clusters, ensuring that each observation is assigned to the cluster with the nearest mean.
Each cluster is represented by a centroid, and these centroids are required to be distinct.
Once the initial k centroids are established, each data point is assigned to the nearest
centroid. Subsequently, a new set of centroids is computed as the barycenter (i.e., geometric
centers) of the newly formed clusters. This process is repeated in an iterative loop, where
centroids are updated and data points reassigned accordingly. The algorithm continues
until the centroids stabilize and no further changes occur [49].

The number of clusters obtained through the K-means algorithm determines the
sets of mild-wounded clusters (i), severe injured individuals clusters (j), and homeless
individuals clusters (1). Additionally, the count of injured people within each cluster
is identified, providing the nominal values for the count of light casualties in cluster i
and severe casualties in cluster j. The latitude and longitude of each cluster’s centroid
are also derived, serving as practical approximations for estimating distances between
casualties and medical facilities rather than treating each individual casualty as a separate
node, which would significantly increase computational complexity. The formula used to
calculate distances between two geographic points based on their coordinates is provided
in Appendix A. Finally, based on the given distances and average vehicle speeds—40 km/h
for ambulances and 200 km /h for helicopters—the expected travel durations are computed.
These values are then incorporated into the model as the nominal transportation times.

Silhouette score serves as a common metric for assessing the effectiveness of clustering
techniques [50]. This score measures how well each data point fits within its assigned
cluster compared to other clusters, with values ranging from —1 to 1. A score close to
1 indicates that the object is well matched to its own cluster and poorly matched to neigh-
boring clusters, suggesting a well-formed clustering structure. Conversely, a score near
0 implies overlapping clusters, and a negative score indicates potential misclassification.
The Silhouette score is particularly useful for assessing the effectiveness of clustering and
identifying the optimal number of clusters for the data.

5. Results

In this section, the problem was addressed, and the numerical results were presented
using GAMS 24.1.2, Python 3.8, and the scikit-learn library.

5.1. Case Study and Data

Iran is among the most earthquake-prone countries in the world, having experienced
numerous destructive earthquakes over the years [51]. Between 1990 and 2013, earthquakes
caused significant human and financial losses across various Iranian cities. One of the
most devastating events occurred on 12 November 2017, when a 7.3-magnitude earth-
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Number of cluster

C=2
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quake struck the Kermanshah province near the Iran-Iraq border. The disaster resulted in
approximately 600 to 700 fatalities, about 70,000 homeless, and more than 6000 injuries.
Additionally, around 30,000 residential units were severely damaged, with some areas
reporting total destruction in both rural and urban zones [52].

5.2. Grouping Injured and Homeless Individuals Using ML

Injured and homeless individuals are clustered according to their IJSs and geograph-
ical positions (latitude and longitude). Although approximately 6000 individuals were
reported injured in the Kermanshah earthquake, detailed coordinate data for these casual-
ties is not publicly available. To address this, geographic coordinates were synthetically
generated. Specifically, a shapefile of Kermanshah province was mapped using Python,
and random points were generated within the province boundaries. Any points located
outside the provincial borders were discarded. A higher density of generated points is con-
centrated in areas associated with higher earthquake severity. The synthetic data generation
procedure for homeless people and casualties is depicted in Supplementary Material file
(See Figures S1 and S2).

The Silhouette score analysis results for the homeless individuals and casualties are
presented in Figure 3. As shown in the first subplot of Figure 3, the silhouette score—
indicated by the red dashed line—is highest when the number of clusters is four. Addi-
tionally, the cluster widths are relatively uniform at this value, supporting the selection of
four clusters for mild casualties. Similarly, subplots b and c of Figure 3 demonstrate that
four clusters yield the most appropriate performance for grouping severe casualties and
homeless people.

5.3. Numerical Findings from the Suggested Model

The nominal transportation times for routes between all members of this network are
detailed in the Supplementary Material (see Tables S1-56).

After solving the model, the Pareto-optimal outcomes are illustrated in Figure 4. At an
epsilon value of 5,250,000, humanitarian objectives—such as the evacuations of all injured
and homeless individuals and the provision of healthcare services—are fulfilled, resulting
in decreased IJS and losses. Given that the choice of epsilon greatly influences the process
of evacuating and providing care to casualties, it is crucial for decision-makers to select
it carefully. An analysis examining the impact of different epsilon values is provided in
Section 5.5.3.
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Figure 3. Silhouette score. (a) Light injured individuals. (b) Severe injured individuals. (c¢) Homeless

individuals.
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5.4. Assessment of the Suggested Approach
5.4.1. Evaluating the Introduced Technique Against a Combination of Robust and
Stochastic Models

To examine the model’s robustness, the results of two approaches are compared side
by side: the Combined Robust-Stochastic (CRS) method, which merges robust optimization

https:/ /doi.org/10.3390/a19020104


https://doi.org/10.3390/a19020104

Algorithms 2026, 19, 104

20 of 27

with stochastic programming, and the hybrid SCB robust approach introduced in this
study, which combines robust optimization with SCB robust rather than SCB stochastic pro-
gramming. The comparative analysis outcomes are summarized in Table 3 and visualized
in Figure 5.

Table 3. Comparison between methods.

Method Objective * 81 S2 S3
Proposed method 521,889.305 521,173.851 521,244.9 521,061.165
*CRS 521,172.18 524,416.842 521,973.291 513,522.052

* Note: S = Scenario, CRS = Combined robust-stochastic approach.

524,000
522,000

520,000 -

B
518,000

516,000 -

—e— CRS
514,000 - —e— PM

s1 2 s3
Figure 5. Evaluation of the proposed method.

As shown in Table 3 and Figure 5, the proposed method produces solutions that are
significantly more robust and consistent across all scenarios, even though its total objective
value is just 0.137% higher than that of the CRS approach.

5.4.2. A Comparative Analysis Between the Robust and Deterministic Models

The model is also evaluated against a deterministic model using the realized values
of uncertain parameters, with the results shown in Table 4. The findings indicate that
the proposed model performs well, while the deterministic model is inefficient and often
unable to generate feasible solutions under actual conditions. The cause of this is that
the deterministic model allocates resources and plans facilities based only on nominal
parameter values, ignoring the 5% to 20% uncertainty range associated with each param-
eter. Consequently, when applied to real-world data, the deterministic model’s resource
allocations are insufficient to meet demand. Furthermore, although the proposed model
takes slightly more time to solve due to the presence of auxiliary variables, it still achieves
this within a reasonable computational timeframe.

Table 4. Comparison of outcomes between the proposed hybrid robust model and the deterministic model.

OF *
DAV * (%) Utilizing Nominal Value (DAV = 0%) Utilizing Realized Data
DM * Time(s) PHRM * T (s) DM PHRM Time (s)
5 519,612.848 1.74 520,548.015 2.93 NS* 521,889.305 3.71
10 NS 531,371.451 8.42
15 NS 554,297.62 194.92
20 NS 575,726.821 1028.33

* Note: OF = Objective function, DAV = Data variation, DM = Deterministic model, PHRM = Proposed hybrid
robust model, NS = No solution.
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5.5. Analysis of Parameter Influence
5.5.1. Link Between the Uncertainty in Injured and Homeless Individuals and the
Objective Value

Analysis of parameters impact was performed on key parameters using five distinct
levels along with four sets of varying data. As shown in Figure 6, the outcomes for
casualties and homeless people are presented, respectively. As the uncertainty in the
numbers of casualties and homeless individuals increases, the objective function value rises.
Notably, the increase in the objective value is greater for severe casualties than for the others.
Therefore, it is crucial for planners to emphasize timely evacuation and treatment efforts of
severely injured individuals, as this approach is vital for optimizing resource distribution
and providing prompt medical attention to those with the greatest need. Integrating
these considerations into response protocols can lead to notable improvements in disaster
management performance.
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Figure 6. Injured and homeless individuals. (a) Light injured individuals. (b) Severe injured
individuals. (¢) Homeless individuals.
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5.5.2. Impact of Clinic Capacity on the Objective Value

A sensitivity analysis on clinic capacity was performed. As illustrated in Figure 7,
increasing clinic capacity results in a decrease in the objective value, indicating that capacity
has the potential to improve the efficiency of the system.

520,000
510,000
‘3 500,000
490,000

480,000 1

0 5 10 15 20 25 30
Increasing the capacity (%)

Figure 7. Clinic capacity.

5.5.3. Impact of Cost on the Casualty Evacuation

As illustrated in Figure 8, the analysis of cost and casualty transport indicates that
with a budget of 4,550,000, all except 36 casualties can be evacuated and treated. However,
considering the importance of saving lives in humanitarian logistics, we recommend in-
creasing the budget by 15.38% to 5,250,000, which would allow the transfer of all casualties.
This extra funding ensures that everyone receives emergency medical care, emphasizing
the crucial balance between financial limits and moral obligation to preserve human life.
Additionally, this increased investment can contribute to a more resilient and effective
medical care system.

(e I NUC:Number of unevacuated casualties
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Figure 8. Cost and unevacuated casualties.

6. Discussion
This study provided valuable insights, which are beneficial for the strategic and
operational decisions in humanitarian logistics planning under uncertainty. The re-

sponse efficiency was improved by utilizing the proposed hybrid robust optimization and
ML model.
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The computational results showed that ML clustering significantly enhances the
efficiency of decision-making. By clustering casualties and homeless individuals based on
geographical location and injury severity score, the targeted allocation of medical resources
and shelter capacity can be implemented. This is particularly important in real disaster
problems because the timely provision of treatment supplies and evacuation of casualties
are critical.

Another important insight stems from the comparative analysis between the hy-
brid robust model and traditional deterministic or single-set robust models. The hybrid
approach outperforms the others by offering more balanced solutions that are neither
overly conservative nor too optimistic. The decision-makers can deal with different
types of uncertainties by utilizing the integration of SCB, box, and polyhedral uncertainty
sets method.

Clear trade-offs between operational cost, medical risk, and solution robustness are
demonstrated in the results. We observe a trend of increasing total cost—especially due
to polyhedral and SCB uncertainty sets—by increasing robustness. This is expected, as
the model prepares against facility disruptions and demand surges. But an increase in
such costs yields significant drops in medical risk, especially due to severely injured casual-
ties, highlighting that conservative planning directly improves treatment timeliness and
survival outcomes.

The superiority of the performance of the hybrid robust approach can be explained by
its ability to fit uncertainty modeling to parameter characteristics. Box uncertainty effec-
tively protects against bounded variations in travel times and numbers of casualties, but
when modeling medical demand, polyhedral uncertainty prevents excessive conservatism.
Such a balance explains why the results demonstrate that a hybrid model attains lower risk
levels compared to single-method robust models without incurring disproportionate costs.

Incorporating machine learning-based clustering further enhances the system perfor-
mance: it reduces the dispersion of spatial demand and allows for more accurate decisions
of facility allocation and routing. This leads to shorter transportation times and better
medical resource utilization, especially in densely affected areas.

The results show that focusing on equitable allocation and reduced medical risk might
increase the operational costs slightly but increases the health outcomes and accessibility of
services considerably, hence underpinning the importance of social sustainability in disaster
response planning while supporting resilient and equitable urban disaster management.

The managerial implications of the findings are that decision-makers adopt hybrid ro-
bust strategies in large-scale disasters where sources of uncertainty are heterogeneous. This
can substantially reduce medical risk at moderate additional cost with investments in data-
driven demand estimation and flexible facility planning, serving to make humanitarian
response operations more resilient and equitable.

The study also highlights the importance of multimodal transportation. By using
helicopters, the evacuation of severely injured individuals would be faster, which helps to
reduce the deterioration in IJSs.

Several recommendations for managers and policymakers are proposed as follows:

e  Prepositioning facilities and resources based on data analysis methods, such as ML
clustering, can improve readiness to deal with the problems.

e Investment in flexible infrastructure, such as mobile clinics and shelters, can mitigate
the impact of disruptions.

e  Hybrid robust planning should be adopted to account for different types of uncertain-
ties rather than relying on deterministic or single-method robust models.
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e Integrated data systems that combine historical disaster data, population vulnerabil-
ity, and geographic information are essential for training clustering algorithms and
improving model input quality.

In summary, the proposed hybrid robust and data-driven framework enhances both
operational efficiency and solution robustness in humanitarian logistics. The findings show
the value added by incorporating uncertainty modeling and machine learning for making
more reliable and information-based decisions in disaster responses.

7. Conclusions

This study presents a comprehensive and robust approach to the design of human-
itarian logistics networks. A model was developed to minimize total operational costs
and the health risks faced by injured individuals. The model integrated critical logis-
tics decisions such as facility location, casualty and homeless evacuation, and treatment
supplies distribution.

Furthermore, the model incorporates multiple robust optimization methods to capture
the different types of uncertainties. SCB robust optimization is employed to address the
disruption of medical facilities, while box and polyhedral uncertainty sets are used to
manage the other uncertainties. Moreover, ML method is utilized to group casualties
and homeless individuals based on their geographic positions, enabling more effective
logistics planning.

The proposed model was tested by utilizing a real-world case study of the Kermanshah
earthquake, and its performance was evaluated. The results of comparison with the
deterministic model and the other combined robust-stochastic approach demonstrated that
the model produced efficient solutions under various uncertainty scenarios.

Beyond being robust and effective, this study reveals how cutting-edge humanitarian
logistics design contributes to global sustainability. Specifically, it contributes to SDG 3
(Good Health) and well-being in reducing medical treatment delays and to SDG 11 (Sus-
tainable Cities and Communities) in urban resilience improvement through streamlined
facility and shelter planning.

For future research, the dynamic or multi-period extensions of the model can be
investigated. Also, applying deep learning techniques and other methods for dealing with
uncertainties can be beneficial. Also, future research can extend this by incorporating
other SDG indicators, such as minimizing waste or employing renewable energy sources in
humanitarian operations. Finally, considering new technologies such as drones to allocate
the products can be explored.
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Appendix A

The formula for deriving the distances between two points based on the latitude
and longitude:

D = 6371.1 arccos|(sin(lal) sin(la2)) + cos(lal) cos(la2) cos (102 — 1o1)] (A1)

where D is the distance (Km), la (latitude), and lo (longitude) are based on radians.
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