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ABSTRACT

Earthquakes are sudden, unpredictable disasters that
disrupt transportation infrastructure while generating
surges in medical demand, posing critical challenges to
last-mile pharmaceutical logistics. Existing
humanitarian logistics models rarely integrate
heterogeneous transportation modes, time-dependent
mode switching, and operational constraints within a
unified framework. This study develops a cost-optimised
pharmaceutical distribution model based on a
heterogeneous vehicle routing problem (VRP) that
incorporates post-disaster infrastructure disruption,
time-based mode switching, and overtime penalties.
Using the 2022 Cianjur Earthquake (Indonesia) as a case
study, three strategies are evaluated: a baseline, a Mixed-
Integer Linear Programming (MILP) optimisation
model, and a two-phase heuristic combining a savings
algorithm with local search. The model distributes 550
pharmaceutical packages to 47 primary healthcare
centres (PHCs) under a 480-minute daily operating
constraint. The MILP model reduces total cost by 5.89%

relative to the baseline (IDR 430,052,945), while the two-
phase heuristic achieves the lowest cost (IDR 391,811,960;
—8.89%) at a 100% service level. Sensitivity analysis
indicates a four-day emergency duration gives the most
cost-efficient transition from fast-response modes to
consolidated truck distribution. The findings provide a
practical optimisation framework and decision-support
insights for efficiency, responsiveness, and resilience in
disaster pharmaceutical logistics.

Keywords: pharmaceutical logistics, disaster preparedness,
heterogeneous vehicle routing problem (VRP), heuristic
optimisation, mode switching, cost efficiency

1. INTRODUCTION

Earthquakes are highly uncertain natural disasters with
extensive destructive impacts, posing a global threat,
particularly to countries located along the Pacific Ring of
Fire. Approximately 90% of the world's earthquakes occur in
this region, placing Indonesia, one of the most seismically
active countries, at significant risk (Guha-Sapir & Vos, 2011;
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Figure 1 Structural Framework of the Multimodal Medicine Distribution Model

Roque et al, 2024). Such events frequently disrupt
transportation systems, healthcare infrastructure, and the
supply chains of essential medical commodities,
underscoring the strategic importance of effective health
logistics during emergency response.

Post-earthquake transportation networks are often
severely constrained by debris and infrastructure damage,
limiting road accessibility and disrupting multimodal
logistics systems (Dukkanci et al., 2023). Rapid restoration
is critical to accelerating resource flows and community
recovery (Blagojevié et al.,, 2022). Under such conditions,
adaptive and time-sensitive transportation strategies are
essential to ensure the continuity of emergency supply chains,
particularly during the early response period (Mukherji et al.,
2014; Zhao et al., 2024).

Disruptions to transportation networks directly affect
the timely distribution of medicines and medical equipment.
Delays in the delivery of medical aid within the first 12-24
hours have been shown to significantly increase disaster-
related mortality (Bobdey, 2012; Shabaninejad et al., 2014).
Pharmaceuticals are strategic commodities, and even minor
supply chain disruptions can lead to severe health crises
(Goodarzian et al, 2020). Distribution systems must
therefore be efficient, infrastructure-adaptive, and time-
responsive.

Vehicle Routing Problem (VRP)-based approaches
have been widely applied in humanitarian logistics
optimisation (Goodarzian et al., 2020). However, most
existing models assume homogeneous vehicle fleets and
stable infrastructure, conditions rarely observed in post-
disaster environments. In practice, damaged road networks
necessitate the use of heterogeneous transportation modes,
including land and aerial vehicles such as trucks,
motorcycles, and drones (Dukkanci et al., 2023; Cheng et al.,
2024; Chen et al., 2022; Escribano Macias et al., 2020).
Despite these developments, integrated models that

simultaneously consider heterogeneous fleets, time-based
mode switching, and overtime penalties remain limited in the
literature.

In Indonesia, a standardised Earthquake Emergency
Health Kit (EEHK) comprising 171 essential pharmaceutical
and medical items for emergency response has been
developed (Ikaditya et al., 2025). While this innovation
enhances national pharmaceutical preparedness, the study
does not address how EEHK can be distributed efficiently
under damaged infrastructure and strict time constraints,
revealing a critical gap in disaster pharmaceutical logistics
research. Such distribution forms a two-echelon system,
emergency supplies move from the National Health Crisis
Center Warehouse to a regional depot, then to affected
primary healthcare facilities. As routing and allocation
decisions occur mainly in the second echelon, this stage is
the primary focus of optimisation.

This gap is particularly evident in the context of the
2022 Cianjur Earthquake, where road accessibility evolved
dynamically. Several major roads became operational within
the first 24 hours, and most road segments were restored
within 72 hours, corresponding to the recognised golden
rescue period (Ministry of Public Works and Public Housing,
2022; Feng & Wang, 2003). Previous studies have similarly
emphasised that early road accessibility is a strategic
determinant of effective humanitarian logistics (Sakuraba et
al,, 2016). Unlike prior studies, this model explicitly
integrates time-phased mode switching and labour
constraints into a single operational decision framework,
which remains largely absent in the humanitarian logistics
literature. To address this gap, this study develops an HVRP-
based pharmaceutical distribution model (Figure 1). It uses
time-based mode switching and overtime penalties as control
mechanisms and a dynamic fleet of trucks, motorcycles, and
drones in the first 72 hours. The model is demonstrated on
the 2022 Cianjur Earthquake.
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Table 1 Conceptual Framework of Disaster Logistics Distribution Models

No Study Disaster Tﬁgzzzn Objective Method Key Findings  Strengths Limitations
1 Romero- Earthquake Truck, van, Cost & time  MILP + ¢- Efficient for Pareto optimal No motorcycle;
Mancilla et drone optimisation  constraint small-medium solutions Mexico-focused
al. (2024) (3-echelon) cases
2 Maetal. Earthquake Road, rail, air Network CMSTAC, logit Route-based  Strong network Not logistics-
(2024) resilience model recovery focus delivery oriented
evaluation superior
3 (Chen et al., Earthquake Road, rail, air Cost-efficient Multi-objective Cost-efficient Considers No small-scale
2022) interregional + ACO routing disruption &  modes
logistics uncertainty
4 (Ramadhan Flood Truck, drone, Multimodal MILP + RRT  Efficientin Robust Not suitable for
et al., 2025) boat routing urban flooding matheuristic  mountainous
optimisation terrain
5 (Shietal, Earthquake Truck, drone, Emergency  MIP + heuristic Suitable for Multi-modal No motorcycle
2024) /landslide helicopter scheduling extreme terrain coverage integration
6 Dukkanci et Earthquake Truck, drone Stochastic Stochastic Handles Efficient 2- Limited transport
al. (2023) routing programming uncertainty well echelon diversity
system
7 Cheng et al. Wildfire Truck, drone, Collaborative LRP + robust Effective in Unique Not earthquake-
(2024) motorcycle  delivery optimisation  constrained multimodal specific
optimisation areas integration
8 This study Earthquake Truck, drone, Adaptive MILP + two-  Dynamic Context- Limited prior
motorcycle pharmaceutic phase heuristic routing & specific & comparable
al logistics improved flexible studies
access

2. LITERATURE REVIEW

Earthquakes are highly destructive events that
significantly disrupt healthcare systems and critical
infrastructure. Previous studies highlight that earthquakes
are among the disasters most severely affecting healthcare
facilities, with damage severity increasing alongside seismic
intensity (Van Berlaer ef al., 2017; Sakarya et al., 2024;
Pinzén et al, 2023). Systematic evaluation of damage
severity and structural failure is critical (Khanmohammadi
et al., 2023). Damaged roads, limited access, and disrupted
services hinder timely medical aid, so effective logistics
planning is essential for equitable, rapid distribution (Najafi
etal., 2013).

Infrastructure networks link supply points to affected
populations, so efficient logistics requires targeted, adaptive
strategies under disrupted multimodal conditions
(Goodarzian et al., 2020; Parker & Maynard, 2015) .
However, earthquakes frequently damage transport
networks, leading to route failures and delivery delays,
which necessitate flexible and resilient logistics systems
(Zhao et al., 2024; Dukkanci et al., 2023).

Recent studies have addressed these challenges by
integrating multi-depot vehicle routing problems with
heterogeneous fleets, enabling adaptive routing under
uncertainty and disruption (Ma et al., 2024; Chen et al.,
2022). In particular, drones have emerged as a promising
solution for last-mile delivery in inaccessible areas, while
motorcycles provide flexibility in narrow or damaged roads.
Hybrid systems combining trucks, drones, and motorcycles
have demonstrated improved efficiency and responsiveness
in complex disaster scenarios (Cheng et al., 2024; Romero-
Mancilla et al., 2024).

Most humanitarian logistics networks adopt a multi-
echelon structure, where large vehicles operate between
depots and distribution centres, and smaller modes handle
last-mile delivery (Chen et al, 2022). While multimodal
integration improves performance, existing studies remain
limited in three aspects: (i) insufficient inclusion of flexible
small-scale transport such as motorcycles, (ii) lack of focus
on pharmaceutical logistics, and (iii) limited consideration
of dynamic infrastructure availability in disaster settings. A
comparative summary of relevant studies is presented in
Table 1 highlighting existing approaches, strengths, and
research gaps.

3. METHODOLOGY AND ANALYSIS

This study proposes a MILP model to optimise post-
earthquake pharmaceutical distribution, formulated as an
integrated location-routing problem accounting for
heterogeneous road accessibility, mode capacities, and
operational constraints. The distribution network is two-
echelon: in the upstream echelon, supplies are shipped from
the National Health Crisis Center Warehouse to the Cianjur
district pharmaceutical depot; in the downstream echelon,
they are distributed from this depot (Cianjur District Health
Office) to 47 PHCs. As routing and allocation decisions
occur mainly in the second echelon, optimisation focuses on
downstream distribution from the depot to the 47 PHCs.
Reflecting post-disaster conditions, roads are classified into
three levels: fully accessible (trucks), moderately damaged
(motorcycles), and severely damaged (drones). The
classification derives from BMKG earthquake hazard
mapping of the Cugenang Fault (Figure 2), delineating
Prohibited (Grey), Restricted (Purple), and Conditional
(Blue) zones.
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The methodological framework integrates
mathematical modelling and algorithmic experimentation.
Three distribution strategies were evaluated:

(1) A baseline scenario without optimisation;

(2) a savings matrix—based approach to improve routing
efficiency through distance and cost reduction; and

(3) a two-phase heuristic combining a savings algorithm,
greedy feasibility checks, and local search refinement.

The heuristic further incorporated time-based mode

switching after 72 hours to represent progressive

infrastructure recovery.

The research had three phases (Figure 3). In model
development, primary and secondary data (road networks,
facility demand, vehicle capacities, response guidelines)
were compiled and metrics total cost, delivery time, 72-hour
service level defined. In mathematical formulation, the
problem was formalised as a MILP model with explicit
objectives and constraints, then validated through
consistency checks and comparison with heuristic solutions.
In model application, it was parameterised with 2022 Cianjur
Earthquake data, the three strategies tested, and a sensitivity
analysis of emergency-phase duration conducted.

4. MODEL DEVELOPMENT
4.1 Conceptual Model

The conceptual model captures real-world post-disaster
conditions from the 2022 Cianjur Earthquake. An influence
diagram provides a structured representation of the causal
relationships ~ among  key  variables, illustrating

interdependencies between decisions, operational constraints,
and performance outcomes within the emergency logistics
system.
4.1.1 Model Components

The influence diagram was constructed around the
economic objective of minimising total distribution cost. As
shown in Figure 4, the model integrates transportation and
overtime costs to represent the overall cost structure of
pharmaceutical distribution under emergency conditions.
4.1.2 Problem Description

The core problem is minimising total distribution cost,
comprising  transportation and  overtime  costs.
Transportation cost depends on road accessibility, modes,
vehicle operating costs, depot—PHC distances, demand,
routing, and shipment quantities. Overtime costs include
hourly wages and daily meal allowances, determined by
overtime occurrence and duration, which in turn depend on
available operating hours and total travel time (a function of
speed, distance, service time, capacity, and routing).
4.1.3 Decision Variables

The model has six decision variables for distribution
allocation, route selection, and overtime: packages delivered
to each PHC per day per mode; binary route-execution
decisions; overtime duration at PHCs; overtime indicators at
PHCs; route-level overtime duration; and route-level
overtime indicators. These are classified as binary (yes—no
decisions such as route execution and overtime occurrence)
and discrete (quantities such as shipments and overtime
durations), distinguishing strategic decisions from numerical
allocations.
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4.1.4 Performance Criteria
The primary criterion is total distribution cost (the

objective function), comprising mode-specific transportation

costs, overtime costs from exceeded hours, and meal
allowances. Two secondary criteria—total distribution time
and service level (proportion of PHC demand fulfilled)—are
also considered, so solution quality is evaluated by
timeliness and service fulfilment alongside cost. The two
cost components are not independent; they interact through
a trade-off governed by route consolidation. Consolidating
multiple PHCs into one truck route lowers transportation cost
by reducing depot round-trips and improving vehicle
utilisation, but lengthens route duration, when duration
exceeds the 480-minute daily limit (L), the excess is charged
as overtime (2 and 4). Decisions that reduce transportation
cost thus tend to raise overtime cost, so the two components
move in opposite directions with respect to the routing
variables. Total cost is therefore quasi-convex in the degree
of consolidation, with a minimum at the interior point where
the marginal transportation saving from an additional stop
equals the marginal overtime penalty. This is confirmed in

Table 4, where transportation cost falls while overtime cost

rises across Scenarios A—C, and underlies the U-shaped

sensitivity curve in Section 5.1.7.

4.1.5 Constraints
Model constraints are defined for three distribution

scenarios.

1) Baseline Model. Constraints ensure full demand
satisfaction at all PHCs, fix mode selection by road
accessibility (trucks for class 1, motorcycles for class
2, drones for class 3), cap daily operating time with
optional overtime, and enforce non-negativity and
binary overtime indicators.

2) Optimisation Model. Constraints allow demand at
motorcycle- or drone-accessible PHCs to be met
directly via fast modes or indirectly via consolidated
truck routes, and govern candidate-route execution,
vehicle-capacity limits on consolidated routes, route-
level time feasibility within daily hours (with optional
overtime), and non-negativity and binary overtime
indicators at the route level.

3) Heuristic Model. Constraints distinguish  the
emergency phase (<72 h) from the post-emergency
phase (>72 h). In the emergency phase, a portion of
demand at motorcycle- or drone-accessible PHCs is
served by fast modes; remaining demand is fulfilled
post-emergency via consolidated truck routes. Truck-
accessible PHCs are served by truck throughout.
Vehicle-capacity and route-duration constraints apply,
allowing overtime when necessary.

4.2 Mathematical Model

Based on the conceptual framework and model
components described above, this section presents the formal
mathematical formulation of the problem. The formulation
includes explicit mathematical notation, an objective
function, and constraints for the baseline, optimisation, and
heuristic scenarios.

4.2.1 Notation

This section defines the mathematical notation used in
the proposed model. Three categories of variables are
employed: sets, parameters, and decision variables. Table 2
presents the notations for the data sets used in the model.

Table 2 Notations and Definitions

Notation Description

P Set of primary healthcare centers
(PHCs)

(0] Central pharmaceutical depot

M = {T,M,D} Set of transportation modes: truck (T),
motorcycle (M), drone (D)

K Set of candidate truck routes
(generated by savings matrix)

T={1,.,H} Set of days (3-month planning horizon)

Tore Pre-72-hour period (t=1,2,3)

Tpost Post-72-hour period (t = 4)

ij€eP PHC indices

k eK Candidate route index

teT Day index

Based on the problem definition, the following parameters

are used.
Parameters:
Pop;

qi

w; €{1,2,3}
fw

Tk

PP
Tim

tSUC

T

ar, Ay, Ap
L

Por
Pmeal
Wpkg
Vpkg
Ve
vm
Va

Ct

Cm

Ca

Q¢
Qm

Qq
0
Ce, C.Ca

Cbase: Copt' Cheur

Population in area i

Pharmaceutical package demand at
PHC i
Road accessibility category to PHC i

Mapping function from road class to
transportation mode

Total distance of route &

Distance between PHCs 7 and j
Saving value: doi + dgj— dy

Distance from depot to PHC i
Number of stops on route &

Travel time of route k£ (excluding
service time)

Baseline round-trip time to PHC i using
mode m

Service (loading/unloading) time

Total route time

Travel time per km by mode
Daily operating time limit (480
minutes)

Overtime wage per hour

Overtime meal allowance
Package weight
Package volume

Speeds of truck (km/hour)

Speeds of motorcycle (km/hour)
Speeds of drone (km/hour)

Operating costs of truck (per km)
Operating costs of motorcycle (per km)
Operating costs of drone (per hour)
Vehicle capacities (truck)

Vehicle capacities (motorcycle)
Vehicle capacities (drone)

Proportion of demand served in the
emergency phase

Total operating cost of truck,
motorcycles and drones

Total operational costs for baseline,
optimisation, and heuristic scenarios
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Dec1s10n Variables:

xt : Number of packages delivered to PHC i on day ¢
using mode m

Ykt . Binary variable indicating whether route k is
executed on day ¢

0t :  Overtime minutes at PHC i using mode m

zt :  Overtime indicator at PHC i

ok :  Overtime minutes on route k

Zxt - Route-level overtime indicator

4.2.2 Objective Function and Constraints

The formulation comprises an objective function
minimising total distribution cost (transportation and
overtime) and constraints governing demand fulfilment,
mode accessibility, operating time, vehicle capacity, and
mode switching. Equations (1)—(10) define the shared
overtime, cost, saving, route-time, and upstream-cost
components. For each scenario the objective is presented
first, followed by its constraints: baseline objective (11) with
constraints (12—15); optimisation objective (16) with (17—
21); and heuristic objective (22) with (23-25), where the
capacity and route-time constraints (19-21) are shared with
the optimisation scenario. All experiments used Gurobi
Optimiser v12.0.2 with Python 3.9; configurations, scripts,
and dependencies are documented in the supplementary
repository for reproducibility.

The distribution network is modelled as a two-echelon
system. The upstream echelon covers the deterministic
single-truck shipment from the central crisis warehouse to
the Cianjur district warehouse, while the downstream
echelon covers the optimised distribution to the 47 PHCs.
The upstream cost is fixed and identical across all scenarios,
and therefore is not subject to optimisation. It enters each
objective function as a constant term equal to the upstream
cost per EEHK package, IDR 311,260 (Table 3), multiplied
by the package demand at each PHC. Because this term takes
the same value across scenarios, it shifts all total costs
equally and does not affect which solution is optimal. It is
retained so that the reported costs reflect the full two-echelon
chain, consistent with Indonesian disaster-logistics practice.

oMt = tfP(m) — L, 07} = 0,07} < Mz} Ot > ezt (1)
Ort 2T —LOge 20,0, < Mzyy,Opr = €2t 2
it = (0 )p + Pmear X 2 3)
kt — 60 ot meal it
Ot
( )pot + Pmeat X Zi.¢ 4
- Qdyi) )Wk aC
L= oi/)"Wpkg“t (5)
Q¢
- 2d,;)c
Cm’i — ( Ol) m (6)
Qm
AW
. 60 | @ @)
Crim=n 1
a Qq
Sij =do; +doj —dyj (®)
Ty = Z(Si,kaﬁ )+ My tspe ©9)

iep

_ Cirip
Cup = 10
up = O (10)
min Cpase = CupZ‘ﬂ"’ZZ Z Cltxlt+ClotT an
iepP teT iEP meM
Constraints:
Z Z xl"; = qi, Vi P (12)
tET meM
xt =0 jikam= f(wy) (13)
h <L+ 0M,Vit, €M (14)
0{"@ >0, Z{,'; €{0,1},vi,t, EeM x,"} >0,Vi,t, EM (15)
min Cop;

CL txl t

2 = 16
Cupqu-l' i k,t ( )
+ z ltxlt+ E thy}ct

iepP teT
iw;=3 kEK
constraints:
Z(xl”ﬁ +xP) + Z Z Sik Ykt = qi Vi € P 17)
ter teT kek
Vie € {01, VkEK, t €T (18)
Z qi Six < QT,Vk EK (19)
ieP
Te <L+oy,Vk€EK tET (20)
Ok,t > 0, Zk,t € {0,1}, vk,t (21)
min Cpeyyr = Cup Z qi+ Z Z CL th t
ieP t€Tpre LW 22)
+ Z Chxp + Z CrtYre) + Z Z CrtYier + Cot
iwi= kek t€Tpost kEK
constraints:
z (xft +xD) = 0.9, vi: wy €{1,2,3} 23)
t€Tpre
Z Sik Ve = (1—0) q;, Vi: w; € {2,3} (24)
tE€T oy KEK
Z Sik Ykt = qu Viiw; =1 (25)
teT kek

Constraints (1) and (2) ensure each mode operates at
most 480 minutes per day at the point and route levels,
respectively; excess round-trip time is recorded as overtime.
Overtime cost combines hourly overtime duration and a daily
meal allowance, defined for point-level deliveries in (3) and
consolidated truck routes in (4).

Distribution costs are formulated in (5)—(7). Truck cost
is the round-trip depot—PHC distance times package weight
and truck cost per km per ton (5). Motorcycles and drones
need multiple trips per demand point: motorcycle cost is
round-trip distance times 16 units per package and cost per
km (6); drone cost divides total drone travel time by 60
(minutes to hours), times 35 trips per package and hourly
operating cost (7).

The route-saving method builds a saving matrix in
which the saving value (8) evaluates consolidation efficiency
under the 480-minute daily limit. Candidate truck routes and
their total travel time are given in (9), and (10) computes the
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Table 3 Parameter Values Used in the Experiments

No Parameter Value Unit/Source
1 Ct 577.08 IDR per km per ton (truck)(Ministry of Transportation RI, 2019)
2 Cm 385.66 IDR per km (motorcycle)
3 cq 20,304 IDR per hour (drone)(Rahadian, 2020)
4 Wpkg 2.359 Ton per package
5 Vpkg 7.52 m3
6 L 480 Daily operating limit (minutes)
7 Por 13,000 Overtime wage (IDR/hour)
8 Pmeal 30,000 Meal allowance per overtime day (IDR)
9 [ 60 Service time per stop (minutes)
10 v 30 Truck speed (km/h)
11 U 15 Motorcycle speed (km/h)
12 Vg 40 Drone speed (km/h)
13 Q; 1 Truck capacity (package)
14 Qm 1/16 Motorcycle capacity (package)
15 Q4 1/35 Drone capacity (package)
Proportion of total pharmaceutical demand required during the emergency
16 0 0.033 response phase, estimated using a time-based allocation approach (3-day
emergency period / 90-day planning horizon).
17 ctrip 1245.038 Truck tre.ms.portation cost p_ertrip from the National Health Crisis Center Warehouse
up S to the District Pharmaceutical Warehouse (IDR)
18 Qup 4 ;I;]ruck. cgpacity (packag_es) from the National Health Crisis Center Warehouse to
e District Pharmaceutical Warehouse
19 Cup 311,260 Transportation cost per EEHK package from the National Health Crisis Center

Warehouse to the District Pharmaceutical Warehouse (IDR/package)

per-parcel upstream cost from the Central Crisis Warehouse
to the District Warehouse, included in all objective functions.

In the baseline (objective 11), total cost—truck (with
overtime), motorcycle, and drone—is minimised without
consolidation, so services are direct via the feasible mode.
Constraints require full demand satisfaction over the 90-day
horizon (12); (13) assigns each mode by road class (1: truck,
2: motorcycle, 3: drone), restricting switching; (14) caps
round-trip time at 480 minutes unless compensated by
overtime; and (15) enforces non-negative overtime with
binary indicators and non-negative quantities.

In the optimisation scenario (objective 16), total cost is
minimised while accounting for consolidation from the
saving matrix. Constraints satisfy class-2/3 PHC demand by
motorcycle/drone and/or trucks on consolidated routes k (17);
(18) determines route execution; (19) limits packages to
route capacity; (20) caps route duration at 480 minutes unless
overtime applies; and (21) sets non-negative overtime with
binary indicators.

In the heuristic scenario (objective 22), total cost is
minimised under consolidation with mode switching after 72
hours, as motorcycle/drone services shift to trucks with
improving roads. Constraints require a proportion (0) of
truk/motorcycle/drone-accessible demand served by fast
modes in the first 72 hours (23); the remaining (1-0)
reassigned to consolidated truck routes post-72-hour (24);
and class-1 PHCs served by truck throughout (25). Capacity
and route-time constraints are identical to the optimisation
scenario (19) — (21).

4.2.3 Model Verification

The model was verified for logical consistency through
dimensional-consistency checks across equations and
boundary tests, confirming that the formulation behaves as
intended before computational experiments.

5. RESULTS AND DISCUSSION
5.1 Application of the Model

This section presents the parameterisation and
computational experiments evaluating the approach under
three scenarios: (A) baseline, (B) optimisation, and (C) two-
phase heuristic.

5.1.1 Parameterisation

Table 3 summarises the experimental parameters,
obtained from relevant references and, where necessary,
derived through intermediate calculations.

Vehicle operating costs were computed from the round-
trip depot-PHC distance. Demand at each PHC was
estimated from its service population, assuming one package
per 1,000 residents over a 90-day horizon. Each package
weighs 2.359 tons and occupies 7.52 m?, constraining
feasibility; a truck carries one package per trip, motorcycles
and drones 1/16 and 1/35 of a package per trip. Mode-
specific costs follow (5) — (7).

Truck:

A (Zdoi)kag Ct

Cei = 0, ®)
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Table 4 Comparison of Cost Components, Service Level, and Total Cost Across Scenarios.

. Total Total Service Truck Cost  Motorcycle Drone Transportation Overtime Total Cost
No Scenario piites Packages '€ (IDR) Cost (IDR)  Cost (IDR) Cost Cost (IDR) (IDR)
(%) (Subtotal)

1 A 47 550 100 145,314,230 77,916,292 30,891,224 254,121,746 4,738,199 430,052,945
2 B 24 550 100 118,572,769 77,916,292 30,891,224 227,380,285 6,150,250 404,723,535
3 C_Pre72 23 69 100 5,221,971 986,004 3,952,898 10,160,873 135,400 10,296,273
C_Post72 24 481 100 195,992,360 - - 195,992,360 14,330,327 210,322,687
C_(Total)  23+24 550 100 201,214,331 986,004 3,952,898 206,153,233 14,465,727 391,811,960

The Transportation Cost (Subtotal) column reports downstream costs only (truck + motorcycle + drone) and equals the sum of the three mode columns. The
fixed upstream cost (IDR 171,193,000, central crisis warehouse to Cianjur district warehouse) is invariant and added once in Total Cost. Thus, Total Cost =
Transportation Subtotal + Overtime + Upstream for full-horizon rows (4, B, C Total), while the C Pre- and Post-72-hour rows decompose downstream cost

only, the upstream constant added once in C (Total).

Motorcycle:

~ (Zdoi)cm

Cm,i = 0. (6)

m
Drone:
<£) .
co_\60) ™
e Qq

Overtime costs arise when daily operating time exceeds 480
minutes, mainly for trucks serving remote PHCs.
Motorcycles and drones are constrained by daily fleet
availability (16 motorcycles/day and 35 drones/day) and do
not generate overtime in the baseline. Overtime cost
combines hourly wages and a daily meal allowance,
computed as:
oT Ok,t
Cee = (E)pot t Pmeat X Zi,t 4)
5.1.2 Comparative Performance of Distribution Scenarios

Comparing Scenarios A, B, and C shows a clear
progression in cost efficiency as decision integration
increases. As summarised in Table 4 (comparison of total
cost across scenarios). Scenario A has the highest cost (IDR
430,052,945), reflecting inefficient routing without
consolidation consistent with findings that uncoordinated
routing yields duplicated trips and low utilisation (Balcik &
Beamon, 2008; Wohlgemuth ef al., 2012).

The improvement in Scenario B, where routes decrease
from 47 to 24, confirms the role of consolidation in routing
efficiency: combining multiple service points into fewer trips
reduces redundant travel and improves vehicle utilisation,
lowering transportation cost and total cost by approximately
5.89%. This is consistent with studies identifying route
consolidation as a key mechanism for operational efficiency
in vehicle routing problems (Wohlgemuth ef al., 2012).

Scenario C achieves the lowest cost (IDR 391,811,960;
—8.89%) via a time-based adaptive strategy: higher pre-72-
hour cost is offset by post-72-hour savings, showing
efficiency depends not only on route optimisation but on
aligning modes with evolving infrastructure building on
Balcik and Beamon (2008) on phase-dependent
humanitarian operations.

Disaggregated analysis (Table 4) shows key trade-offs.
Scenario A has high transportation cost with minimal
overtime (inefficient). Scenario B cuts transportation cost via
consolidation but raises overtime from longer routes—a
cost-versus-intensity trade-off. Scenario C further cuts
transportation cost while substantially increasing overtime,
yet attains the lowest total cost, indicating controlled

overtime is economically justified; consistent with disaster-
logistics studies (Balcik & Beamon, 2008), it reflects
necessary operational intensification, not inefficiency.

5.1.3 Routing Structure and Trip Efficiency

The comparison of routing structures reveals a clear
shift in trip organisation across scenarios. The route
reduction achieved by Scenario B (Section 5.1.2) provides
empirical support for the role of minimising redundant trips
in improving routing efficiency, consistent with
humanitarian ~ vehicle-routing studies showing that
coordinated strategies reduce trip duplication and improve
vehicle utilisation (Wohlgemuth et al., 2012), and with
multimodal-routing research demonstrating that integrating
transport modes reduces redundant trips (Masmoudi et al.,
2022). In the present study these gains are further reflected
in lower total distribution costs through time-dependent
mode switching. Scenario C, however, presents a different
pattern: being phase-dependent (23 routes pre-72-hour and
24 post-72-hour), it shows that a lower route count does not
necessarily imply higher efficiency. Instead, efficiency
arises from the interaction between consolidation and the
temporal structuring of trips: by distributing trips across
phases and aligning modes with infrastructure conditions,
Scenario C attains superior cost performance despite more
routes. This is consistent with recent emergency-logistics
studies in which truck—drone coordination and hybrid
heuristics improve routing efficiency and solution quality
(Weng et al., 2024).

Routing efficiency should therefore be judged not by
route reduction alone but by how trips are organised and
coordinated over time. Time-dependent vehicle-routing
research shows that travel times, operational costs, and
service conditions vary dynamically across periods, shaping
routing decisions and system performance (Luo et al., 2023;
Menares et al., 2023). In particular, Luo et al. (2023) shows
that time-dependent travel speeds significantly affect route
selection and cost optimisation, highlighting the importance
of incorporating temporal variability into routing models.
Similarly, Menares et al. (2023) add that service conditions
and failure probabilities are likewise time-dependent. In
disaster pharmaceutical logistics this variability extends
beyond traffic to evolving infrastructure accessibility, so
routing efficiency emerges from the coordinated interaction
of consolidation and time-dependent mode selection, as
Scenario C illustrates.

To illustrate consolidation's effect on response time and
cost, Table 5 compares routing before and after consolidation
for a representative northern cluster (P20, P22, P23, P34).
Before, each PHC is served by an independent depot round-
trip (four routes); after, these merge into one multi-stop truck
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Table S Comparison of Routes Before and After Consolidation (Illustrative Northern-Cluster Example)

Metric

Before (4 Direct Trips)

After (1 Consolidated Route)

Number of Routes/Trips
PHCs Served

Route Duration

Within 480-min Limit?
Vehicle Capacity Utilisation

Effect on Transportation Cost

4 separate depot round-trips
P20, P22, P23, P34 (separately)
4 independent round-trips

Yes (each trip)

Low (one demand point per trip)

Higher (redundant depot travel)

1 multi-stop route
P20-P22-P23-P34 (single route)
400 min (160 travel + 240 service)
Yes — no overtime triggered

High (load aggregated over 4 stops)

Lower (redundant travel removed)

Route Network Before vs. After Consolidation
Pharmaceutical distribution from the Cianjur district pharmacy warehouse to 47 primary healthcare centres (PHCs). Node colour encodes the assigned transport mode; node size is proportional to package demand
(a) Before — Scenario A - Baseline (b) After — Scenario B - Optimisation
47 direct depot round-trips - one PHC served per trip Savings-based multi-stop truck routes (R010-R022) - 47-24 routes
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CONSOLIDATED TRUCK ROUTES — SCENARIO B DIRECT (SINGLE-DESTINATION) ROUTES
1 multi-stop + 13 single-stop = 24 rout
Motorcycle direct — P33, P35, P38
— RO10 P10-P16 — RO11 P11-P15 R O ——
R014 P14-P17 RO1S P18.P19.P21 Direct truck round-trip — remote PHCs
RO16 P20-P22-P23-P34 —  RO17 P24.P36-P45 NODE — ASSIGNED MODE
* Depot (district pharmacy warehouse)
——— RO18 P25.P26.P27-P28 ——— RO19 P29.P32-P33.P35
@  Tuck-accessible PHC (Class 1)
o= RO20 P30-P31-P43 e RO21 P37-P39-P40-P41 Motorcycle-accessible PHC (Class 2)
am— RO22 P38-P42-P44 @ Drone-only PHC (Class 3)

Figure 5 Route Network Before (Scenario A, 47 Routes) vs. After Consolidation (Scenario B, 24 Routes)

route of about 80 km—160 minutes of travel plus 240
minutes of service (4 X 60), totalling 400 minutes, within the
480-minute limit, so no overtime is triggered. Aggregated
across all PHCs, this reduces the active route count from 47
(Scenario A) to 24 (Scenario B) and lowers total cost from
IDR 430,052,945 to IDR 404,723,535 (—5.89%).
5.1.4 Spatial Configuration and Routing Strategy

The spatial configuration of distribution reflects the
interaction between road-accessibility zones and the savings-
based routing structure. Figure 5 shows the assignment of
transport modes to each PHC according to the BMKG hazard
classification: trucks serve fully accessible (class 1) roads,

motorcycles serve moderately damaged (class 2) roads, and
drones serve severely damaged (class 3) roads, with node
sizes scaled to package demand. The corresponding route
network, generated using the Clarke—Wright savings
algorithm, is shown in Figure 5b, where two dominant
routing patterns can be identified. First, clustered multi-stop
routes emerge in areas with high densities of healthcare
facilities and relatively short inter-facility distances, thereby
enhancing vehicle utilisation and reducing overall travel
costs. This pattern is particularly observable in the northern
region, where multiple PHCs are consolidated into
interconnected truck routes over short distances. This pattern
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is consistent with established vehicle routing principles,
whereby savings-based heuristics facilitate efficient route
consolidation (Laporte, 2009; Golden et al., 2008).

Second, direct routes are predominantly assigned to
remote or geographically isolated primary healthcare centres
(PHCs), where accessibility constraints and urgency
necessitate  prioritising  delivery  timeliness  over
consolidation efficiency. This is reflected in the long, radial
routes extending towards the southern and peripheral areas
in Figure 5, indicating direct connections from the depot to
isolated PHCs. This finding aligns with prior studies in
humanitarian logistics, which emphasise that minimising
response time is critical to reducing human suffering in
disaster contexts. Consequently, direct delivery strategies are
often required to minimise response delays, particularly in
disaster-affected and hard-to-reach areas (Balcik & Beamon,
2008; Holguin-Veras et al., 2013).

The prevalence of direct, single-destination routes in
the southern and peripheral areas is a direct consequence of
the vehicle capacity constraint (19) and the 480-minute
route-duration limit (20), rather than an absence of routing
decisions. Each pharmaceutical package weighs 2.359 tons
and occupies 7.52 m? (Table 3), and a single truck carries one
package per trip; a consolidated route is feasible only when
the combined load of its stop’s respects vehicle capacity and
the combined duration respect the daily operating limit. For
isolated PHCs, a single round-trip already approaches the
daily time budget once the 60-minute service time per stop
is included, leaving no feasible slack to append additional
stops without incurring substantial overtime. Consequently,
the savings algorithm retains these locations as direct routes.
Such routes exhibit lower vehicle capacity utilisation than
consolidated multi-stop routes, because the vehicle returns to
the depot after serving a single demand point. This represents
a deliberate trade-off: where geographic dispersion makes
consolidation infeasible, the model accepts reduced

utilisation to preserve delivery feasibility and responsiveness.

In contrast, the dense northern cluster permits multi-stop
consolidation over short inter-facility distances, yielding
markedly higher utilisation. This pattern explains why route
reduction in the optimisation scenario (from 47 to 24 routes)
is concentrated in the northern cluster, while southern PHCs
remain served by direct routes.

5.1.5 Cross-Scenario Routing Logic

The route counts across all scenarios follow directly
from the savings-based construction of candidate truck
routes rather than from any preset value. The Clarke—Wright
algorithm initialises with n = |P| separate routes, each serving
one demand point (Clarke & Wright, 1964; Laporte, 2009)—
mathematically equivalent to the baseline (47 PHCs, 47
direct round-trips). It then computes the saving value
Si=doit+do—dij for every pair (Eq. 8), sorts these values in
descending order, and merges routes only while the capacity
(Eq. 19) and route-duration (Eq. 20) constraints remain
satisfied; otherwise, the pair is skipped. The final route count
is thus an emergent outcome of how many merges are
feasible.

Scenario B applies full consolidation, reducing the 47
baseline trips to 24 routes (11 multi-stop and 13 single-stop).
The efficiency gain arises through two mechanisms:
improved capacity utilisation, with the mean number of stops

per route rising from 1.00 in Scenario A to 1.96 in Scenario
B, and reduced aggregate travel distance, as depot—point—
depot segments are replaced by shorter inter-facility legs
(Laporte, 2009). Together these lower truck transportation
cost by 18.4% and yield the 5.89% total-cost reduction.
Consolidation simultaneously raises overtime from IDR 4.7
million (A) to IDR 6.2 million (B), but the transportation
saving far exceeds this increase, consistent with the quasi-
convex cost structure described in Section 4.1.4.

Scenario C adds time-based mode switching to
Scenario B's consolidated structure; the two differ in their
phase-dependent mode schedule, not in their underlying
route set. In the pre-72-hour phase, four access-constrained
PHCs (P33, P35, and P38 by motorcycle, P37 by drone) are
served individually by fast modes while the remaining PHCs
already operate on consolidated truck routes, giving 23
active routes. Once roads recover within the golden period,
these four PHCs switch to truck after 72 hours and the
network reverts to Scenario B's 24-route structure (Table 6).
The most heavily used consolidated truck routes after the
transition are summarised in Table 7. The additional saving
in Scenario C (8.89% versus 5.89%) therefore originates
from substituting cheaper modes early in the response, not
from adding or removing routes, consistent with phased
disaster-response models in which early operations prioritise
speed and later phases emphasise cost (Balcik & Beamon,
2008; Holguin-Veras et al., 2013).

A notable structural finding is that Scenario C and
Scenario A share the same total route count of 47, yet the
equality is not coincidental and does not imply identical
routing. In Scenario A, all 47 routes are independent single-
destination depot round-trips (depot — one PHC — depot)
operating with a fixed mode and a static schedule over the
entire 90-day horizon. In Scenario C, the 47 routes are
distributed across two temporal phases (23 pre-72-hour plus
24 post-72-hour; Table 4): the pre-72-hour routes are direct
single-destination trips by fast modes that temporarily
reverse  Scenario B's consolidation to  prioritise
responsiveness, while the 24 post-72-hour routes are
consolidated multi-stop truck routes identical in construction
to those of Scenario B. Scenario C is thus a dynamic, two-
phase strategy incorporating time-based mode switching that
is entirely absent from the static baseline, consistent with
phased disaster-response frameworks that separate a
responsiveness-oriented relief phase from an efficiency-
oriented recovery phase (Balcik & Beamon, 2008; Holguin-
Veras et al., 2013).

The two scenarios therefore differ fundamentally in
cost and responsiveness despite their identical route count:
Scenario C attains the lowest total cost (IDR 391,811,960;
—8.89% relative to baseline) because efficiency is gained
through temporal phasing and mode adaptation rather than
route reduction alone. Had the route structures been identical,
the total costs would coincide. This indicates that, in disaster
pharmaceutical logistics, the route count alone is not a
reliable proxy for system performance; the organisation and
timing of trips matter more than their absolute number—a
view echoed in time-dependent routing research where
temporal coordination, not trip count, drives efficiency (Luo
et al., 2023; Menares et al., 2023).
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Pre-72 hours — emergency phase

Mode assignment (47 PHCs)

Time-based transport-mode switching at the 72-hour threshold (Scenario C)
As road accessibility recovers after 72 hours, motorcycle- and drone-served PHCs transition to consolidated truck routes.

Motorcycle 3
l Drone 1
e
PHCs by fast mode: P33, P35, P38 (motorcycle); P37 (drone) All 47 PHCs served by consolidated truck routes.

Post-72 hours — recovery phase

Mode assignment (47 PHCs)

Figure 6 Mode Transition Scheme

Table 6 Mode Switching of the Four Transitioning PHCs at the 72-Hour Threshold

PHC Pre-72 H Mode Post-72 H Mode
P33 Motorcycle — Truck
P35 Motorcycle — Truck
P38 Motorcycle — Truck
P37 Drone — Truck

Table 7 Highest-Volume Consolidated Truck Routes over the 3-Month Horizon
Route Service sequence Stops Trips
R017 P24-P36-P45 3 80
R019 P29-P32-P33-P35 4 75
R021 P37-P39-P40-P41 4 73
R016 P20-P22-P23-P34 4 69

Note: 11 multi-stop and 13 single-stop truck routes operate after the transition.

This finding aligns with the established humanitarian-
logistics principle that the first 72 hours of disaster response
prioritise speed and responsiveness over strict cost
minimisation (United Nations Office for the Coordination of
Humanitarian Affairs [UNOCHA], 2017; Feng & Wang,
2003), deliberately accepting a degree of operational
redundancy— such as a higher number of direct, single-
destination  trips—while  transportation infrastructure
remains compromised. As the emergency phase transitions
to recovery and road accessibility improves, the strategy
shifts toward efficiency through consolidation. The two-
phase structure of Scenario C, in which the route count
expands during the emergency phase and consolidates
thereafter, is therefore aligned with established phased-
response frameworks that distinguish a responsiveness-
oriented relief phase from an efficiency-oriented recovery
phase (Wohlgemuth et al, 2012), reflecting a deliberate,
theoretically grounded trade-off rather than a modelling
artefact.

5.1.6 Time-Based Mode Switching

A key contribution is time-dependent mode switching
(Figure 6). In Scenario C, most PHCs are already served by
truck during the first 72 hours, while a small number of
access-constrained PHCs rely on motorcycles and drones

under infrastructure constraints; after this period, these too
switch to truck as roads recover—reflecting real disaster
response, where early phases prioritise speed and access and
later phases emphasise cost. Multi-modal routes
(motorcycle—truck, drone—truck) further show the system's
adaptivity. Unlike studies assuming static modes, this offers
a more realistic representation of post-disaster operations.

This reflects the dynamic nature of post-disaster
logistics: routing must adapt over time while coordinating
multiple modes (Huang et al., 2026). The proposed model
reflects this perspective by enabling adaptive and
coordinated distribution across different operational phases,
thereby capturing both temporal variability and multimodal
integration in post-disaster environments.

The spatial counterpart is Figure 7, mapping Scenario
C's two-phase network. Panel (a) shows the pre-72-hour
phase, where four access-constrained PHCs use fast modes
(motorcycle: P33, P35, P38; drone: P37), giving 23 routes;
panel (b) shows the post-72-hour phase, where these switch
to truck and the network reverts to Scenario B's 24-route
consolidated structure. The figure makes explicit that
Scenario C's route structure is phase-dependent and that the
extra saving comes from early-phase mode substitution, not
changes to the route set.
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Scenario C — Two-Phase Route Network with 72-Hour Mode Switching
Spatial route k of the two-phase heuristic for distribution to 47 PHCs. N colour the transport mode in each phase; black rings mark the four PHCs that switch mode at the 72-hour threshold.
’(a) Pl;e-72 h — Emergeqcly phase (b) Post-72 h — Recovery phase
ast modes serve access-constrained PHCs - 23 routes All access restored - fas PHCs switch to truck - 24 routes (= Scenario B)
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Figure 7 Two-Phase Route Network of Scenario C with 72-Hour Mode Switching
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Figure 8 Sensitivity Analysis of Emergency Response Duration
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5.1.7 Sensitivity Analysis of Emergency Duration

Emergency duration's impact on total cost is shown in
Figure 8. A sensitivity analysis varied the duration from 3 to
7 days, solving the model independently for each.

Total cost follows a U-shape, falling from IDR
391,811,960 at 3 days to a minimum of IDR 390,583,200 at
4 days, then rising to IDR 396,005,711 at 7 days. This
reflects a trade-off: longer emergency durations increase
reliance on costly rapid modes, while shorter durations limit
consolidation benefits. The optimal duration aligns with
Balcik and Beamon (2008) on the speed—efficiency trade-off
in humanitarian logistics.

The emergency response duration (3—7 days), denoted
T*, is an exogenous parameter varied one value at a time, not
a decision variable; for each fixed T* the model is solved
independently and the heuristic total cost is recorded. The U-
shape arises from two opposing components. As T*
lengthens, the pre-72-hour cost rises because the system
relies longer on fast but costly modes (the "speed" end),
whereas the post-72-hour cost falls as a larger share of
demand is eventually served by cheaper consolidated trucks
(the "efficiency" end). Below the optimum, extending the
emergency phase lowers total cost because the post-phase
saving outweighs the pre-phase increase; beyond four days,

the rising pre-72-hour cost dominates and total cost increases.

The minimum at four days is therefore the point where the
marginal pre-phase increase equals the marginal post-phase
saving—the same transportation—overtime trade-off
described in Section 4.1.4, now seen through the duration
parameter. In Figure 8, the horizontal axis denotes the
parameter T* (in days); the left vertical axis denotes the
stacked pre-72-hour and post-72-hour cost components
(IDR); the right vertical axis denotes the heuristic-based total
cost (IDR); the dashed lines denote the linear trends of the
two cost components (pre-72-hour rising, post-72-hour
falling); and the circled marker denotes the optimal duration
at T* = 4 days.

5.1.8 Model Validation and Implications

The model was wvalidated through computational
optimisation using the Gurobi solver, which was executed
until the optimality gap reached 0%, indicating that the
obtained solution satisfies the numerical optimality criteria
of mixed-integer linear programming (MILP). In addition to
solver-based validation, the model was evaluated using a
scenario-based validation approach, consistent with
established recommendations in simulation and optimisation
studies (Sargent, 2013). The results demonstrate the
optimisation  scenario's responsiveness to  strategic
changes—reflected in the route reduction and cost saving
reported in Section 5.1.2—thereby supporting its structural
validity.

The heuristic approach produces solutions close to the
optimal results while better capturing real-world operational
constraints such as time-dependent accessibility and
multimodal flexibility. Benchmarking the heuristic against
the exact solver solution thus provides external validation
through a reference solution, reinforcing the model's
applicability for pharmaceutical logistics optimisation (Law,
2015).

The division of operations into pre-72-hour and post-
72-hour phases aligns with widely recognised emergency-
response practices in humanitarian logistics (UNOCHA,
2017), enhancing the model's practical relevance. During the

emergency phase, the distribution cost amounts to IDR
10,296,273 for 69 priority packages, whereas the post-
emergency phase yields 24 consolidated routes at a total cost
of IDR 210,322,687. The service level, defined as the
proportion of total pharmaceutical demand successfully
delivered, reaches 100% in all three scenarios, each
delivering the full 550 packages to all 47 PHCs (Table 4).
For Scenario C, the 550 packages are fulfilled across both
phases (69 in the pre-72-hour phase and 481 in the post-72-
hour phase), so the 100% service level is preserved while
distribution cost is minimised. This outcome is guaranteed
by the constraint set, since full demand satisfaction at every
PHC is imposed as a hard constraint in all three models
(Equation 12), making the 100% service level a feasibility
requirement rather than an emergent result.

Overall, the validation results demonstrate that the
model is consistent across scenarios, adheres to operational
logic, achieves substantial cost reductions, produces results
comparable to those of exact optimisation solvers, and adapts
effectively to emergency time constraints. Based on the
validation criteria proposed in the literature, the model can
therefore be considered operationally and methodologically
valid and suitable for simulation-based decision support in
post-disaster pharmaceutical logistics planning (Sargent,
2013; Law, 2015)

5.2 Strengths and Limitations of the Research

The study's strengths are threefold: it integrates
heterogeneous VRP modelling, time-based mode switching,
and overtime penalties in a unified framework; its
application to the 2022 Cianjur Earthquake enhances
external validity; and its sensitivity analysis of emergency
duration provides novel insight into the speed—cost trade-off
rarely quantified in disaster pharmaceutical logistics.

However, several limitations should be noted.
Transportation mode selection is based on pre-disaster risk
maps and does not fully capture the dynamic evolution of
infrastructure conditions, where road recovery rates may
vary across regions (Hsieh & Feng, 2018). The model also
does not yet incorporate real-time GIS data, which could
improve responsiveness under rapidly changing conditions,
although its structure is inherently compatible with such
integration and thus provides a foundation for future
dynamic, real-time decision-support systems in disaster
logistics. Despite these limitations, the proposed approach
contributes to the advancement of efficient, adaptive, and
data-driven pharmaceutical logistics in disaster contexts.

6. CONCLUSION

This study confirms the model improves route
efficiency and significantly reduces distribution costs.
Relative to baseline, route and mode optimisation cut total
cost by 5.89%, while the integrated heuristic with adaptive
mode switching achieved up to 8.89% reduction without
compromising 100% service coverage. During the critical
pre-72-hour phase, the model prioritised affected areas with
few routes and minimal cost. Sensitivity analysis indicates a
four-day emergency duration is most cost-efficient before
full transition to trucks. These findings demonstrate the value
of combining route optimisation, multimodal transport, and
adaptive mode switching in disaster pharmaceutical logistics.
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