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Abstract

This research optimizes the use of drones, alongside
other transport modes, for delivery of routine childhood
vaccines subject to cold chain requirements. We focus
on the value of drones to improve vaccine deliveries for
hard-to-reach regions. This paper first briefly describes
optimization of country-level vaccine distribution from
national depots to local health zone distributions centers
(DCs) using both large and small drones, along with
boats, trucks and planes. Then we focus on research
on optimizing local vaccine delivery within one health
zone, from the DC to remote aid posts, using small
drones, along with walking, boats and trucks. Results
using data for the island nation of Vanuatu show that
drones can be very useful for vaccine delivery to replace
current transportation options, and to resupply health
workers with fresh vaccines at remote sites to allow
more efficient health worker outreach trips.

Keywords: Drone delivery, multi-modal vaccine
distribution, hard-to-reach regions, optimization.

1. Introduction

Vaccines are one of the most successful health
interventions in history, and childhood vaccinations play
an important role in the quality of life for populations
around the world. However, in “hard-to-reach” regions
getting viable vaccines to children is a major challenge.
Ozawa et al. (2019) defines “hard-to-reach” populations
as those facing supply-side barriers to vaccination,
especially caused by distance, terrain and inadequate
vaccination systems. Typical vaccine cold chains
require vaccines to be maintained at 2-8° C, in storage
or in transit, and place a limit on the vaccine transport
time. For example, the U.S. Centers for Disease Control

and Prevention (CDC) recommends the total time for
vaccine transport be less than 8 hours (United States
Centers for Disease Control, 2021). Thus getting
viable vaccines to populations in remote geographic
locations or with difficult-to-traverse terrain can be a
huge challenge. Maintaining the vaccine cold chain
may require using expensive planes for long-distance
transport and having short local health worker outreach
trips. The seasonality of travel barriers is also important,
as from flooding, snow, heavy rain, extreme cold, etc.

Drones (uncrewed aerial vehicles) offer new
opportunities to transport vaccines to hard-to-reach
regions. Drones have two important capabilities that
may be exploited for improving vaccine delivery.
First, they can fly quickly over large regions that are
difficult to traverse, whether by foot or in ground or
water vehicles. Second, they can deliver payloads to
locations with minimal or no infrastructure. This may
be accomplished by landing the drone, by lowering
packages on a tether or by parachuting items to the
ground. Also, larger drones that use runways for takeoff
and landing can move larger payloads of vaccines and
medical supplies. While our research has focused on
maintaining the cold chain for childhood vaccines, our
models can easily be adapted for delivery of other
vaccines and medical supplies.

Our research explores how drones can reduce
costs and improve vaccination in hard-to-reach regions.
In particular, we design minimum cost flexible
multi-modal delivery networks for vaccines that require
maintaining the cold chain. Ozawa et al. (2021) reported
that the costs to access hard-to-reach vaccination
sites were 1.3-2 times higher than in other regions.
But research has documented significant economic
and health benefits from vaccinating all children in
hard-to-reach regions (Lee et al., 2019).
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Our research centers on hard-to-reach regions with
low vaccination rates, found not only in less-developed
countries but also in rural regions of developed
nations. Our optimization modeling approach provides
a general tool for designing vaccination networks with
drones that can be applied in any region, although
the benefits of drones are likely to be strongest
where other transport modes are slow, expensive or
non-existent. In our research case studies, we use
data from Vanuatu, an island nation with a population
of over 300,000 stretching across about 1,100 km
of the South Pacific. Vanuatu is an ideal setting
to explore drone use as it hosted UN-sponsored
vaccine drone delivery trials in 2018 (UNICEF, 2019),
and it presents a very challenging combination of
remoteness, limited infrastructure and low vaccination
rates. Vanuatu presents unique challenges compared to
other less-developed regions like sub-Saharan Africa, as
it is an island nation heavily reliant on boat and plane
transport, with limited ground transportation options.

In this paper, we give an overview of our
optimization modeling and provide results using data
from Vanuatu for improving vaccine delivery with
drones. We have split our modeling of the in-country
vaccine supply chain into two parts. Part 1 briefly
addresses a strategic network design problem for
monthly vaccine distribution from one or more national
depots to a set of distribution centers (DCs), where each
local health zone contains one DC. Here we model the
use of trucks, boats, planes and two types of drones:
(i) small drones, with a payload of 4 kg and a range
of 150 km, and (ii) large drones that use runways
(often grass airstrips), with a payload of 230 kg and a
range of 500 km. Part 2 of our research addresses a
tactical location and routing problem for local vaccine
delivery within one health zone from the vaccine DC
to remote aid posts. In this problem, a health worker
travels on monthly outreach trips (by foot, truck, boat,
etc.) from a permanent clinic to visit remote aid posts,
where they perform vaccinations as well as other health
care. Currently, vaccines are carried in cold boxes by
the health worker, so the cold chain time limit (e.g., 8
hours) and the size and weight of cold boxes limit these
outreach trips. We model the use of small drones, with a
payload of 4 kg, that travel 70 km./hr and have a range of
150 km, which can resupply the health worker with fresh
vaccines at remote aid posts. Drone delivery of vaccines
allows for more efficient health worker outreach trips,
but requires synchronization of the drone deliveries
with multi-stop health worker routes. We present our
mathematical programming model for this problem, and
results using data for Vanuatu.

The remainder of this paper is organized as follows.

Section 2 provides a brief literature review and Section
3 describes the setting in Vanuatu. Section 4 briefly
describes our research for distribution from national
vaccine depots to local DCs, with results showing the
benefits of serving combinations of provinces. Section
5 addresses local vaccine distribution within one health
zone from its DC to remote aid posts. Section 6
concludes the study and outlines limitations and future
research.

2. Literature

There is strong research showing the benefits
of re-designing global health vaccine supply chains
using simulation and optimization modeling in several
less-developed countries (e.g., Brown et al., 2014, Aina
et al., 2017, VillageReach, 2017, Thomas et al., 2021,
Lim et al., 2022). For surveys on optimizing of
vaccine supply chains more generally, see De Boeck
et al. (2020), Duijzer et al. (2018), and Lemmens et al.
(2016). There is also recent research on distribution of
Covid vaccines in developed countries (different than
for routine childhood vaccines in hard-to-reach regions)
including Rastegar et al. (2021), Xu et al. (2021), and
Georgiadis and Georgiadis (2021). However, none of
these works above use drones in vaccine delivery; nor
do they include a cold chain limit on the travel time for
paths with multiple modes of transport.

Yet drones are now being integrated into global
health vaccine delivery systems, especially in Africa
(Stokenberga and Ochoa, 2021). Haidari et al. (2016)
uses simulation modeling with vaccine delivery by
drones in Mozambique. Scott and Scott (2017) present
an idealized facility location model with drone delivery
of healthcare supplies, with truck transport from a
central depot to a “drone nest”, from which drones make
one-stop trips to demand points. AMPL/MINOS was
used to solve the nonlinear continuous space location
problems. Prosser et al. (2021) analyzes the limited
use of small drones in Madagascar and Guinea using
commercial supply chain network design software.
There is also important evidence on the benefits of
drone delivery in global health from the many projects
collected in the Medical Drone Delivery Database
(UPDWG, 2021). Finally, drone delivery in emergency
response (e.g., urban delivery of defibrillators) has
become a popular research topic (e.g., Boutilier and
Chan, 2022; Chauhan et al., 2019; Krey, 2018).

Our research, in contrast to the literature above,
includes longer and more complex multi-modal vaccine
paths with a cold chain time limit, where each
transportation mode as well as facility locations (for
DCs, drone bases, drone recharging stations, permanent
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clinics) are selected optimally. The key features of
our research, compared to prior optimization models
for vaccine distribution, are that we: (i) focus on the
use of drones of different types without artificially
prescribing where they may be used, (ii) include a cold
chain travel time limit (i.e., the maximum time that
a vaccine can be out of refrigeration), (iii) optimize
multi-modal vaccine transportation with transshipments
between modes, rather than assuming all vaccines are
sent through a hierarchical set of facilities (e.g., from
national depot to provincial depot to regional depot,
to local depot, etc.), (iv) optimize facility locations
and travel modes along vaccine paths, and (v) consider
the complete vaccine distribution path from national
depot(s) to remote aid posts. To fit our setting, we use
data from global health drone delivery field experiences
(JSI Research & Training Institute Inc. and Llamasoft,
2019). The objective of our optimization models is
to minimize cost, but one can also evaluate service
measures for vaccine travel time and health worker
availability (see Enayati et al., 2023b; Pan, 2021).

3. Vaccine Distribution in Vanuatu

Our focus is on drone use for hard-to-reach regions
and Vanuatu provides an excellent example. Vanuatu
includes about 63 inhabited volcanic islands, with steep
terrain, long distances between islands and few roads
and airports. Over 70% of the population lives in
rural areas, most in small villages, and many aid posts
are reachable only by boat (CIA.gov, 2023). Vanuatu
consists of six provinces divided into 48 health zones
(HZs) for administering health care, where a HZ may be
part of one large island, or a set of neighboring islands.
The national vaccine depot is at the capital city of Port
Vila, near the center of the country.

Vanuatu has a typical administrative organization for
health care, where each HZ has one or more hospitals or
medical centers, a designated vaccine distribution center
(DC), and many dispensaries, clinics and remote aid
posts for the local provision of healthcare. Facilities in
a HZ that have permanent staff and reliable refrigeration
to maintain the cold chain are “permanent clinics”
(PCs), and facilities without permanent staff are “aid
posts” (APs). Electricity may be provided by the
electricity grid, generators, or solar power, but the
absence of consistent electricity limits vaccine storage
locations. People can visit a PC at its designated hours,
while the APs are staffed only during scheduled monthly
outreach trips when the health worker visits. Some APs
are in very remote regions that can only be reached after
long travel by foot or boat. The vaccine DC in a HZ is
typically resupplied monthly and it stores vaccines for

periodic delivery to the PCs and APs within its HZ.
The recommended childhood vaccinations for a

child’s first year in Vanuatu (one “fully immunized
child” or FIC) amount to 17 doses of nine different
vaccines, which total 123.3 cc of vaccine (and diluent)
weighing 178 grams. Other regions have different
requirements for a FIC based on local conditions and
disease status (WHO, 2021). To maintain the cold chain,
vaccines are transported with ice packs totaling about
250 grams for each 100 grams of vaccine (Ministry of
Health Vanuatu, 2018). There are drones that provide
cooling of payloads, but in both parts of our research,
we model the typical case in global health settings
where ice packs are used to maintain the cold chain,
so the drone payload includes ice packs at the rate
of 2.5 grams per every gram of vaccine and diluent.
Thus, the average monthly vaccine demand for each FIC
requires transportation of 52 grams (178 × 3.5/12) of
vaccine and icepacks. For example, a remote aid post
with 19 children less than one year old would require
delivery of about one kg of vaccine (with ice packs)
each month (19 × 52 = 988 grams). Thus, drone
delivery of vaccines from a health zone DC to remote
APs seems well suited to small drones with a limited
payload, as in our Part 2 problem. However, aggregating
the monthly vaccine needs (including ice packs) over
many HZs or an entire province, creates shipments too
large for a small drone. For example, the monthly
demand for vaccines (with ice packs) in Sanma Province
averages 89.1 kg. Therefore, in our Part 1 modeling
of national-level vaccine distribution, we consider both
small drones and large drones (like small airplanes) that
can travel long distances with large amounts of vaccines.

4. National-Level Vaccine Distribution
with Drones

This section briefly reviews our research on
multi-modal national-level vaccine distribution
optimization with both long-range high payload
drones, and smaller shorter-range drones. We focus
here on new results that exploit the synergies from
serving multiple provinces together. Enayati et al.
(2023a) introduced two optimization models for
strategic network design to distribute vaccines from
national depots to DCs in the health zones. These
models considered transportation by plane, boat, truck,
large fixed-wing drones (LFW) and small fixed-wing
drones (SFW). The small capacity SFW drones are
allowed to make multiple trips on an arc, so they can
transport more than their payload capacity during a
month. Vaccine paths (i.e., a set of connected arcs in
the network design) can use many arcs with different
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transport modes to reach the destination (a health zone
DC), and drones could fly on multi-stop paths using
recharging stations to reset their flight range. The
models selected optimal locations for the DCs (one in
each HZ) and the optimal travel mode on each arc of the
vaccine path, all while ensuring the cold chain time limit
was not violated. Enayati et al. (2023b) extended this
work with a refined cost model for drone travel, analysis
of limiting the number of deliveries on drone trips, and
a case study for Vanuatu. This used a mixed integer
linear programming (MILP) layered network model
with binary decision variables for the transportation
mode on each arc, the locations of vaccine DCs, the
locations of drone bases required at the start of a drone
trip, and the locations of drone recharging stations.
The model used continuous decision variables for
the vaccine flows on arcs and integer variables for
the number of drone trips on an arc. For details on
model formulations and solutions using Gurobi, see
Enayati et al. (2023b), Enayati et al. (2023a). Both
studies considered each province independently, so
distribution to farther provinces involved plane or boat
travel through (or over) provinces closer to the national
depot. In the remainder of this section, we provide
results when serving multiple provinces together, to
show the benefits of distribution synergies from more
efficient networks.

To assess the benefits of optimally serving
combinations of provinces, we consider the central
province Shefa (She), which includes the national
vaccine depot, along with the four northern Provinces:
Malampa (Mal), Penama (Pen), Sanma (San) and Torba
(Tor). We use the MILP model of Enayati et al. (2023b)
to design the optimal (cost-minimizing) distribution
system for serving single or multiple provinces. Table 1
summarizes results for four scenarios. Row 1 is
when drones are not allowed, indicated with “ND”,
while the other rows are results with the LFW and
SFW drones being optimally deployed (limited to
two stops per drone trip), The “% Savings” column
shows that optimally serving combined provinces saves
17-37% depending on the provinces, versus serving
each province separately. The first three rows are for
combining the northernmost province Torba (which
is more than 500 km from the national depot) with
a neighboring province. Row 2 (with drones) versus
row 1 (without drones) shows the large benefits from
allowing drones to replace expensive plane transport, as
the “Combined Cost” decreases 56%. Detailed results
show that when serving Torba separately, 74.8% of the
cost is for plane transport, but in the row 2 Tor+San
solution with drones, 99% of the cost is for drones
(65.9% for LFW, 33.1% for SFW and 1% is for truck).

Comparing rows 2 and 3 of Table 1 (both with
drones) shows similar cost savings relative to serving
these provinces separately. Row 4 of Table 1 shows
a 17.4% savings from optimizing service to the
combination of three provinces. Unfortunately, we are
not yet able to solve the problem when combining
more provinces due to excessive solution run times.
In summary, these results show that (i) combining
provinces can reduce cost, (ii) the optimal multimodal
distribution networks may use drones very heavily, (iii)
complementary types of drones are useful, and (iv)
the additive combination of separate optimal networks
for each province may not be the optimal mix of
transportation and location options .

Table 1. Cost for distribution to provinces treated

separately or combined. ND = Drones not allowed.
Province Combined Separate %

Cost ($) Cost ($) Savings
ND: Tor+San 1121 1775 36.8
Tor+San 492 650 24.3
Tor+Pen 468 623 25.0
She+Mal+San 538 651 17.4

5. Local Delivery with Drones in One
Health Zone

This section addresses the problem of local delivery
of vaccines within one health zone (HZ). For this
problem, vaccines originate at the local HZ DC and
the challenge is to design routes for health workers to
visit all remote aid posts (APs) with synchronized drone
vaccine deliveries when needed, while ensuring the cold
chain and daily work time limits of the health worker are
maintained. The health worker can carry vaccines in a
cold box (i.e., with them on the boat or truck, or while
walking), or fresh vaccines can be delivered by drone,
but only when a health worker is present. When visiting
an AP, the health worker provides both vaccinations
and other health care to the children and adults that are
present.

5.1. Modeling Local Delivery with Drones in
One Health Zone

Each HZ includes one designated vaccine DC, which
is also a permanent clinic (PC), possibly other PCs to
be located, and a set of APs with specified monthly
demands for vaccine to be delivered (in kg), as well as
given times for vaccinations and for other health care
(in minutes). We use a fixed duration of 5 minutes per
FIC for each vaccination, and the time at an AP for
the other care is based on the population in the area,
and prior visits to the AP. The goal is to design both
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health worker routes and drone deliveries of minimum
total cost, so that health workers with viable vaccines
visit each AP. A health worker outreach trip begins and
ends at a PC, where there are inventories of vaccines
(and other health supplies). When health worker travel
is slow (as for walking) or distances are long, then only
a few APs can be visited by the health worker within
the cold chain time limit. However, if a drone resupplies
the health worker in the field with fresh vaccines, then
the health worker may use a more efficient (and longer)
outreach trip with overnight stays at APs. Because
vaccine demand at remote APs is generally small, we
consider only a single drone delivery to any AP. Drone
trips must begin from a drone base located at the DC,
and each travel mode (walk, boat, truck, drone, etc.)
has a travel time, cost and capacity for each travel arc.
The health workers’ routes are restricted by a daily work
time and the vaccine cold chain time limit, and drones
have a limited range (endurance) and payload capacity.

We formulate this problem as a mixed integer linear
programming (MILP) model, similar to a synchronized
location-routing problem, where drone deliveries are
synchronized with the health worker arrival at an AP.
The model objective is to minimize the sum of the health
worker travel cost, drone travel cost, the cost for health
worker overnight stays at APs, and the cost of vaccine
shipments from the DC to PCs. This problem combines
features of facility location problems and capacitated
“vehicle” routing problems, with synchronization of the
health worker and drone schedules, and limits on route
length. We use a monthly time frame so each AP is
visited every month, but the vaccine demands, time
for other health care, and travel time and cost could
change from month-to-month. Thus, our model could be
used each month to design optimal routes for changing
circumstances and demands. We use a network model
with relevant travel arcs connecting the DC, PCs and
APs. Each travel arc has a given travel time and cost, and
there may be multiple arcs between a pair of nodes to
reflect different modes (e.g., boat, drone and walking).

To formulate the MILP we let N0 be the set of
candidate nodes for opening PCs and Nc be the set of
APs to visit, where N = N0 ∪ Nc. There are three
cost parameters: co is the cost for a health worker to
spend overnight away from home, cijm is the cost of
using transport mode m from node i to node j and cdki is
the cost of using a drone for supplying AP i from the DC
at node k. There are four time parameters: tijm is the
travel time for using mode m from node i to node j, tdki
is the drone travel time from the DC at node k to node
i, tv is the vaccination time per unit of vaccine and ttr

is the time for other treatment per unit of vaccine. There
are five “limit” parameters: T d is the maximum drone

Table 2. Decision variables.

ak 1 if a PC is opened at node k, 0 otherwise, k ∈ N0

uklm 1 if mode m is used for vaccine shipment from PC k to PC l,
0 otherwise, k, l ∈ N0, m ∈ M

xijm 1 if mode m is used to transport vaccines between nodes i and j,
0 otherwise, i, j ∈ N , m ∈ M

Xij 1 if node j is visited immediately after node i, 0 otherwise,
i, j ∈ N

zik 1 if AP i is assigned to PC k, 0 otherwise i ∈ Nc, k ∈ N0

yi 1 if a drone visits AP i, 0 otherwise, i ∈ Nc

oi 1 if a health worker stays overnight at AP i, 0 otherwise, i ∈ Nc

gi amount of vaccine carried by drone to AP i, i ∈ Nc

Gik amount of vaccine carried by drone to AP i assigned to PC k,
i ∈ Nc, k ∈ N0

Lklm vaccine flow from PC k to PC l using mode m ∈ M , k, l ∈ N0,
Dk total amount of vaccine brought to PC k, k ∈ N0

τd,a
i remaining daily work time when the drone arrives at AP i, i ∈ Nc

τh,dep
i remaining daily work time of health worker when leaving AP i,

i ∈ Nc

τcc
i remaining cold chain limit when leaving AP i, i ∈ Nc

vijm health worker payload when leaving AP i, i ∈ Nc

πi auxiliary variable

travel time, Th is the health worker daily work time,
T cc is the cold chain time limit, Cm is the capacity of
transport mode m and Cd is the capacity of the drones.
The final parameters are for the system: di is the demand
of node i, p is the number of PCs that can be opened, and
P is the index of the DC.

There are several sets of decisions variables as
shown in Table 2 to account for the locations of PCs, use
of transport modes (arcs), health worker routes, drone
flights, flows of vaccines, and the times for vaccines and
health workers. The MILP formulation is as follows.

min
∑
i∈N

∑
j∈N

∑
m∈M

cijmxijm +
∑
i∈Nc

cooi (1)

+
∑
k∈N0

∑
l∈N0

∑
m∈M

cklmuklm +
∑

k=P,i∈Nc

2cdkiyi

subject to:∑
k∈N0

ak ≤ p (2)

aP = 1 (3)

2tdPiyi ≤ T d ∀i ∈ Nc (4)

gi ≤ Cdyi ∀i ∈ Nc (5)

τd,ai − τh,depi ≤ Th(1− yi) + (tv + ttr)di ∀i ∈ Nc

(6)

− Th(1− yi) + tvdi ≤ τd,ai − τh,depi ∀i ∈ Nc (7)∑
m∈M

∑
l∈N0

LPlm +
∑
i∈Nc

gi +DP =
∑
i∈Nc

di (8)
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∑
k∈N0:k ̸=l

∑
m∈M

(Lklm − Llkm) = Dl ∀l ∈ N0 : l ̸= P

(9)

Lklm ≤ Cmuklm ∀k, l ∈ N0,m ∈ M (10)
tklmuklm ≤ T cc ∀k, l ∈ N0,m ∈ M (11)

Dk =
∑
i∈Nc

dizik −
∑
i∈Nc

Gik ∀k ∈ N0 (12)

− Cd(1− zik) + gi ≤ Gik ≤ gi + Cd(1− zik)

∀i ∈ Nc, k ∈ N0 (13)

Gik ≤ Cdzik ∀i ∈ Nc, k ∈ N0 (14)
uklm ≤ ak ∀k, l ∈ N0,m ∈ M (15)
uklm ≤ al ∀k, l ∈ N0,m ∈ M (16)∑
k∈N0

zik = 1 ∀i ∈ Nc (17)

zik ≤ ak ∀i ∈ Nc, k ∈ N0 (18)∑
j∈N

Xij = 1 ∀i ∈ Nc (19)

∑
j∈N

Xij =
∑
j∈N

Xji ∀i ∈ N (20)

Xik ≤ zik ∀i ∈ Nc, k ∈ N0 (21)
Xki ≤ zik ∀i ∈ Nc, k ∈ N0 (22)

Xij + zik +
∑

m∈N0:m̸=k

zjm ≤ 2 ∀i, j ∈ Nc : i ̸= j,

∀k ∈ N0 (23)∑
m∈M

xijm = Xij ∀i, j ∈ N (24)

πi − πj − |Nc|Xij ≥ −|Nc|+ 1 ∀i, j ∈ Nc (25)∑
i∈Nc

∑
m∈M

vijm −
∑
i∈Nc

∑
m∈M

vjim = dj − gj

∀j ∈ Nc (26)
vijm ≤ Cmxijm ∀i, j ∈ Nc,m ∈ M (27)∑
i∈Nc

∑
m∈M

vijm ≤ djoj +
∑
m∈M

Cm(1− oj)

∀j ∈ Nc (28)

tikmxikm ≤ τh,depi ∀i ∈ Nc, k ∈ N0,m ∈ M (29)

τh,depi + tijmxijm ≤ Th ∀i, j ∈ Nc,m ∈ M (30)

τh,depi + tkimxkim ≤ Th − (tv + ttr)di

∀i ∈ Nc,∀k ∈ N0,m ∈ M (31)

τh,depi − τh,depj − Thxijm + Thoj ≥ (tijm+

(tv + ttr)dj − Th ∀i, j ∈ Nc,m ∈ M (32)

τ cci + tkimxkim ≤ T cc − (tv + ttr)di

∀i ∈ Nc,∀k ∈ N0,m ∈ M (33)

τ cci − τ ccj − T ccxijm + (T cc − tdPj)yj ≥ (tijm

+ (tv + ttr)dj − T cc ∀i, j ∈ Nc,m ∈ M (34)
ak ∈ {0, 1} ∀k ∈ N0 (35)
uklm ∈ {0, 1}, Lklm ≥ 0 ∀k, l ∈ N0,m ∈ M (36)
xijm ∈ {0, 1}, vijm ≥ 0 ∀i, j ∈ N,m ∈ M (37)
Xij ∈ {0, 1} ∀i, j ∈ N (38)
zik ∈ {0, 1}, Gik ≥ 0 ∀i ∈ Nc,∀k ∈ N0 (39)
Dk ≥ 0 ∀k ∈ N0 (40)

yi ∈ {0, 1}, oi ∈ {0, 1}, gi ≥ 0, τd,ai ≥ 0,

τh,depi ≥ 0, τ cci ≥ 0, πi ≥ 0 ∀i ∈ Nc (41)

The objective function (1) minimizes the total cost
which consists of (i) vaccination cost, (ii) overnight cost,
(iii) distribution cost, and (iv) drone cost. Constraint (2)
limits the number of open PCs to p, and Constraint (3)
forces the DC to be a permanent clinic. Constraints (4)
ensure the drone travel time (in both directions) is within
the drone range. Constraints (5) enforce the drones’
payload capacity. Constraints (6) and (7) synchronize
the drone delivery to ensure the health worker is present
when the drone delivery arrives.

Constraints (8)-(16) are for vaccine shipments from
the DC to the PCs. Constraint (8) ensures that the
total vaccine demand is supplied from the DC using
the various travel modes (walk, boat, or truck) or
drones. Constraints (9) are flow balance constraints
for each PC, except the DC. Constraints (10) restrict
the flow between PCs by the capacity of mode m, and
Constraints (11) ensure the cold chain is not violated for
shipments between two PCs. Constraints (12) calculate
the required vaccines for the PC at node k that should
be shipped by modes (except drone). Constraints (13)
and (14) ensure that Gik = gi when the AP at node i
is assigned to the PC at node k and Gik = 0 otherwise.
Constraints (15) and (16) guarantee that there are PCs at
nodes k and l if any vaccine is shipped between nodes k
and l.

Constraints (17)-(25) are for assigning APs to PCs
and health worker routing. Constraints (17) guarantee
that each AP is assigned to one PC, and Constraints (18)
ensure that if AP i is assigned to the PC at node k, then
there is a PC at node k. Constraints (19) and (20) are
degree constraints. Constraints (21)-(23) forbid illegal
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routes, i.e., routes that do not start and end at the same
PC. Constraints (24) form the health worker routes using
any modes, and Constraints (25) correctly find the order
of nodes that the health worker visits.

Constraints (26) are flow balance constraints for each
AP. Constraints (27) limit the payload carried by the
health worker according to the travel mode. Constraints
(28) guarantee that if the health worker stays at AP
j, the vaccines carried to AP j should not exceed the
demand at AP j. Constraint (29) ensures a health
worker departing a node can reach their PC within the
daily work time limit. Constraints (30)-(32) enforce the
health worker daily time limit constraint. Constraints
(33) enforce the cold chain requirement by ensuring all
vaccine delivered to a node is viable. Constraints (34)
track the remaining cold chain time for vaccines for
drone and non-drone deliveries to an AP. Constraints
(35)-(41) are the variable domain constraints.

5.2. Results

To illustrate the results of local delivery with drones
in one health zone (HZ), we use the HZ consisting of
Erromango Island in Tafea Province, which was used
in the prior drone tests (Ministry of Health Vanuatu,
2018). The PCs and APs are shown as locations 1-10
in Figures 1-3. The DC is node 1, which is also a
PC. PCs Nodes 5 and 7 are candidate locations for
PCs. Non-DC nodes that are not selected as PCs are
APs. The APs and PCs are split between the east and
west coasts of Erromango and the only transportation
from one side to the other is via long boat trips or
one rough dirt road (shown in yellow on the maps).
Average monthly demands (vaccines with ice packs) at
a node range from 0.71 kg to 1.96 kg. Currently, the
outreach trips in Vanuatu are not scheduled analytically,
and health workers generally visit only one AP per day
on an outreach trip in order to keep the vaccines viable.
This is the “Base Case”.

We provide illustrative results from the optimal
solutions using our MILP model for the following cases:
(i) Base Case (single-stop health worker trips and no
drone deliveries); (ii) Optimal multi-stop health worker
trips with no drone deliveries; (iii) Optimal multi-stop
health worker trips with drone deliveries allowed, but
no overnight stays; and (iv) Optimal multi-stop health
worker trips with drone deliveries and overnight stays
allowed. Table 3 provides results for these four cases
with one and two PCs. All MILP models are solved
using CPLEX for a given number of PCs. These
are small problems for Erromango (10 nodes) and the
average CPU time for the cases explained in this section
is around 10 seconds.

Table 3. Results for optimizing local delivery in one

health zone’ “-” = not allowed.
# of Drone # of Cost HW

Case PC rtes Del. OV ($) min.
i 1 9 - - 1171.6 1839
ii 1 5 - 0 626.1 1222
iii 1 5 1 - 611.5 1314
iv 1 1 3 2 370.2 434
i 1,7 8 - - 614.4 1570
ii 1,7 4 - 0 418.7 830
iii 1,7 4 3 - 381.7 893
iv 1,7 3 3 2 340.7 887

In the column labels of Table 3 “PC” shows the
nodes selected as permanent clinics, “# of rtes” is
the number of health worker routes, “Drone Del.” is
the number of drone vaccine deliveries, “# of OV” is
the number of overnight stays at an AP by a health
worker, and “HW min.” is the total time in minutes for
all the health worker trips. Note that a shorter “HW
min.” means the health worker can spend more time at
their permanent clinic providing health care (or other
activities). The two rows for case (i) show that the Base
Case has a high cost and the health worker spends a long
time traveling back-and-forth to each AP. The two rows
for case (ii) show that allowing multi-stop health worker
trips provides considerable cost and time savings, and
also that there are no overnight stays, since there is no
refrigeration at APs to maintain the cold chain. The
two rows for case (iii) show a relatively small benefit
from allowing drone delivery without overnight stays
(compare row 4 to row 3, or row 8 to row 7), while the
rows for case (iv) show large benefits from allowing both
drones and overnight stays. The cost savings in case (iv)
relative to the Base Case are 68.4% and 44.5% with one
and two permanent clinics, respectively.

The optimal delivery plan for case (ii) with one PC
is in Figure 1. Figures 2 - 3 show the delivery plans
for case (iv) with 1 and 2 PCs, respectively. The DC
is shown with a rectangle and other PCs are shown by
a triangle. The yellow lines show the roads, which are
mainly a rough dirt road across the island. Blue, orange,
and black arcs show boat, walking, and truck travel,
respectively. A drone delivery (from the DC) is shown
by a “D” and a health worker overnight stay is shown by
an “S”.

The Figure 1 solution (without drones) has 5 health
worker outreach trips, with two long boat trips to the
west side of the island, one 7.5 hour walking trip on
the east side, and two other boat trips for the east side.
Figure 2 shows how allowing drones and overnight stays
allows much less health worker travel; in this case is
a reduction of 788 minutes (see Table 3). Figure 3
shows the optimal routes with drones when there are
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two PCs (row 8 of Table 3). Here drones provide a
cost savings of 18.6% over the optimized routes without
drones with two PCs. However, the health worker travel
time actually increases with the use of drones, as there
is more use of (slow, but inexpensive) walking! Having
two PCs with drone delivery leads to shorter outreach
trips, so the health workers use more low cost walking,
in contrast to when there is only one PC (Figure 2).
(Walking is 75% of the HW min for Figure 3, but only
5% of the HW min for Figure 2.) We also note in
Figure 3 that vaccine can be supplied from the DC to
PC 7 “just-in-time” (i.e., when the health worker starts
her route), which eliminates the need to keep vaccine
inventories at the node 7 PC. Finally, Figures 2 and
3 (the two rows for case (iv) in Table 3) illustrates a
cost-service tradeoff as using two PCs reduces cost 8%,
but increases the health worker time away from their
home base (PC) by about 7.5 hours.

Figure 1. Case (ii); One permanent clinic, No

drones. Cost = 626.1.

To summarize our results for local delivery with
drones: (i) drones can be important to deliver fresh
vaccines and thereby allow fewer, more efficient health
worker routes, and (ii) allowing drones and overnight
health worker stays can create large differences
in the optimal network (health worker routes and
drone deliveries). These results show the tight
interrelationships between health worker travel, drone
deliveries, and the number of permanent clinics, and
illustrate the complexities in designing synchronized
routes with time constraints.

Figure 2. Case (iv); One permanent clinic, Drones

and overnight allowed. Cost = 370.2.

Figure 3. Case (iv); Two permanent clinics; Drones

and overnight allowed. Cost = 340.7.

6. Conclusion

This paper describes our research on optimizing
vaccine delivery with drones for hard-to-reach regions.
Drones provide new opportunities to improve vaccine
distribution, as they can provide low cost, high speed
vaccine deliveries, including to very remote locations.
Our research setting includes multiple possible modes
of transportation as well as a vaccine cold chain time
limit. Our models for national-level vaccine distribution
with both large and small drones optimally locate
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drone bases, drone recharging stations and vaccine
DCs in each health zone, as well as determine the
optimal vaccine paths (using multiple transport modes),
all while obeying the vaccine cold chain time limit.
Our models for local delivery of vaccines with small
drones within one health zone determine the health
worker multi-modal outreach trips, drone deliveries, and
locations for permanent clinics, again while maintaining
the cold chain. For both problems, introducing drones
is shown to reduce delivery cost, while changing the
optimal network substantially in some cases.

A limitation of our study is that we do not explicitly
address potential operational challenges related to
drones, such as their performance in adverse weather
conditions. We acknowledge that these operational
aspects could impact the vaccine delivery chain and,
consequently, our model and its results. Our study
assumes a stable and ideal operating environment to
evaluate the potential benefits from drone delivery of
vaccines. Future research should include more detailed
operational models to address daily issues of scheduling
and inventory.

We note that drone utilization is rather low
when considering childhood vaccines alone, so that
using drones for delivery of other healthcare (and
non-healthcare) products may be needed to create a
solid business case. Introducing drones also impacts
vaccine inventory management plans and practices, as
fast “just-in-time” drone deliveries can replace vaccine
inventories in some cases. Future research can consider
extending vaccine drone delivery models in several
ways: (i) considering inventory issues for vaccines
(including wastage and expiration), (ii) incorporating
variability and uncertainty (e.g., in demand, and
transportation availability), and (iii) modeling costs for
different drone system operators (e.g., the Ministry of
Health, a drone manufacturer or a third party drone
service provider). Other areas for future research
include considering drones with different capabilities,
such as onboard temperature control, and optimizing
the delivery frequency (instead of using a monthly time
frame), and considering other settings and case studies
where costs and transport options differ.
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