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A B S T R A C T   

In the early days of the COVID-19 pandemic in Wuhan, there was an unreasonable allocation 
between hospitals and a lack of timely transportation of medical supplies, which reduced the cure 
rate of infected cases. To solve the problem, this research proposes a method for scheduling 
medical supplies in major public health emergencies to develop a rapid and accurate supply 
scheme for medical materials, including the allocation of medical materials per vehicle to each 
hospital and the supply sequence per vehicle to each hospital. Specifically, this paper solves the 
following two sub-problems: (1) calculating the shortest transportation times and the corre
sponding routes from any distributing center(s) to any hospital(s); (2) calculating the medical 
supplies per vehicle transporting to each hospital. The method of solving sub-problem 1 is per
formed by multiple iterations, each of which calculates the shortest route from a distributing 
center, through one or more hospitals, and back to the distributing center. According to sub- 
problem 2, this research proposes a distribution model of medical supplies in major public 
health emergencies. A multiple dynamic programming algorithm which is a combination of some 
separated dynamic programming operations is proposed to solve this model. This algorithm also 
realizes the rapid updating of the scheme in the context of the changing number of vehicles. The 
first sub-problem can be solved in normal times, while the second one should be solved on the 
premise of obtaining the corresponding data after the occurrence of a major public health 
emergency. In the case study section, the whole method proposed in this research is employed in 
the medical supplies scheduling in the early stage of the COVID-19 outbreak in Wuhan, which 
proves the availability of the method. The main innovation of the method proposed in this 
research is that the problems can obtain the optimal solution while the time complexity is within 
an acceptable range.   

1. Introduction 

COVID-19 was discovered in Wuhan, China, in late 2019 and quickly spread around the world. In the early stage of the pandemic, 
there was a shortage of medical materials, as well as hospital beds and medical workers, which resulted in the situation that the 
hospitals were overwhelmed and the serious cross-infection between the patients. To maximize the utilization efficiency of the 
extremely limited medical supplies, the government designated only 5 hospitals to treat the infected cases. Several weeks later, with 
the arrival of medical supplies from all over the country or even the world, the number of designated hospitals had increased to over 50 
in March 2020. The medical supplies gathered at the distributing centers, such as Wuhan airport and railway station, and then were 
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transported from the distributing centers to the hospitals (Zhou et al., 2020; Li et al., 2020). However, although the quantity of the 
medical supplies had increased sharply, the medical system was in such chaos that the medical supplies were not well scheduled in the 
first few weeks. There were serious problems, such as unreasonable distribution and not timely transportation of the supplies, which 
caused needless deaths of the infected cases and were reported (or criticized) by the media (Zhu et al., 2020). 

To improve the cure rate of patients in such major public health emergencies, medical supplies scheduling must achieve the goal of 
celerity and precision simultaneously. Consequently, the research question of this paper is how to schedule medical supplies in major 
public health emergencies within a short time, including the supply sequence of the vehicles to each hospital and the quantity of 
medical supplies on the vehicles that should be allocated to each hospital. The main contribution of this research is that it proposes the 
distribution and transportation models and algorithms of the medical supplies in major public health emergencies which can obtain the 
optimal solution with acceptable time complexity. The models and algorithms can be utilized to determine the optimal scheduling 
scheme of the medical supplies with the shortest transportation time which involves the allocation of medical supplies per vehicle to 
each hospital and the supply sequence per vehicle to each hospital. 

2. Literature review 

The recent research on emergency supplies mainly focuses on their preparation, supplement, scheduling, and transportation. Some 
researches aim to increase the operating efficiency of the whole system of emergency materials preparation, supplement, and 
scheduling (Kumar and Havey, 2013). For example, Liu and Xie (2015) proposed a workflow simulation system on emergency ma
terials preparation and scheduling based on the Petri network by which the impact factors of emergency materials supply are figured 
out. By contrast, more scholars focus on one aspect of emergency materials preparation, supplement, or transportation. The prepa
ration and supplement of the emergency materials are the important prerequisites of emergency rescue efforts (Liu et al., 2012). Many 
scholars have studied the optimal routine reserve of emergency materials for different types of emergencies. For example, (Ai et al., 
2015) solved the location problem of the maritime emergency supplies reserve bases; Wu et al. (2015) proposed an emergency re
sources prediction and preparation model based on system dynamics; Liu et al. (2016) proposed an emergency material reserve 
optimization model in response to environmental accidents. In another aspect, there is also literature on the allocation and supplement 
of emergency materials after the occurrence of the disaster (Sheu, 2007). Liu and Xie (2016) proposed the emergency supplies 
requisition scheme and the negotiation principle of the government in disasters. In the response to major public health emergencies, 
Jacobson et al. (2012) proposed the model and algorithm to determine the medical supplies distribution considering the severity 
degree of the patients based on the sample-path methods and stochastic dynamic programming. 

In the COVID-19 pandemic, the supply and demand disruptions significantly affect the supply chain network, which can also reduce 
the efficiency of medical materials supply in response to the pandemic (Li et al., 2021; Aldrighetti et al., 2021). In this context, 
Nikolopoulos et al. (2021) proposed an approach forecasting the excess demand for products and services during the COVID-19 
pandemic based on statistical, epidemiological, machine- and deep-learning models. Govindan et al. (2020) developed a decision 
support system for demand management in healthcare supply chains in the pandemic. Naderi et al. (2021) proposed a generalized 
operating room planning and scheduling method in the context of limited resources. Mehrotra et al. (2020) proposed a stochastic 
optimization model for allocating and sharing a critical resource in the case of a pandemic. Corominas (2021) proposed a permanent 
reserve model to immediately meet the demand for equipment at the beginning and throughout a pandemic. Additionally, the traffic 
situation in the COVID-19 pandemic is significantly different from normal situations due to the strict control by the government (Chen 
et al., 2020). Therefore, optimizing the medical supplies transportation scheme in such major public health emergencies is a new 
research question. However, the research on medical materials allocation and transportation in major public health emergencies, such 
as COVID-19, is insufficient. 

The scheduling of emergency materials is essentially a vehicle routing problem (VRP). The heuristic algorithms are commonly 
utilized to solve this type of problem, including the ant colony algorithm (Bullnheimer et al., 1999), tabu search algorithm (Gendreau 
et al., 1999), genetic algorithm (Ardjmand et al., 2015), symbiotic organism search (Yu et al., 2017), etc. In the aspect of emergency 
materials scheduling, Zhang et al. (2011) established an adaptively mutate genetic algorithm to solve the problem. Liu and Xie (2017) 
established an emergency materials scheduling model and its solution method based on the dynamic programming and ant colony 
algorithm considering the continual alteration of material demand and vehicle amount. However, the algorithm complexity proposed 
by the research is high. While solving the problems with many demand areas and vehicles, the application of heuristic algorithms may 
save time but can only obtain satisfactory solutions but not the optimal solution. Therefore, this research aims to propose a method to 
obtain the optimal medical supplies scheduling scheme in major public health emergencies. 

One of the most important sub-problem in emergency supplies scheduling is the shortest path problem. The Dijkstra algorithm and 
the improved algorithms based on it are important methods to solve the problem (Wang et al., 2009; Ciesielski et al., 2018). Yuan and 
Wang (2009) proposed an improved Dijkstra algorithm to calculate the shortest transportation time of emergency supplies considering 
the chaos, panic, and congestion in the disaster. In the pre-planning phase, the shortest transportation routes are calculated and can be 
invoked in an emergency. Wang et al. (2020) proposed a two-level method based on the Dijkstra algorithm and ant colony algorithm 
and established an emergency material scheduling system based on the Internet of Things. However, the Dijkstra algorithm has a high 
time complexity and is only suitable for solving complex problems in non-urgent cases (Kou et al., 2020). Compared with the literature 
above, we improve the Dijkstra algorithm in this research to calculate the shortest route from a distributing center, through one or 
more hospitals, and back to the distributing center. This method can be employed before the occurrence of a major public health 
emergency. 

The dynamic programming approach can be utilized to obtain the optimal solution to the vehicle routing problem (Baldacci and 
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Mingozzi, 2009; Shapiro, 2017). Dynamic programming is essentially a modeling idea that divides the complex problem into several 
simple ones to solve successively (Bertsekas, 2017; Ben Ticha et al., 2019). Novoa and Storer (2009) solved the single-vehicle routing 
problem with stochastic demands by the integrated application of approximate dynamic programming and Monte Carlo cost-to-go 
estimation. Munari et al. (2019) employed the dynamic programming approach to solve the robust vehicle routing problem with 
time windows. Tikani and Setak (2019) proposed a restricted dynamic programming algorithm to solve the emergency materials 
scheduling problem. While it is unrestricted, the algorithm can reach an optimal solution. Otherwise, a satisfactory solution is obtained 
by a heuristic algorithm. By comparison, we propose a multiple dynamic programming algorithm in this research that can simulta
neously work out optimal solutions and control the calculation time based on the improved Dijkstra algorithm. 

The remainder of this paper is organized as follows. Section 3 defines the research problem. Section 4 proposes the models and their 
solutions that obtain the optimal transportation routes of medical supplies and the optimal distribution scheme of medical supplies. 
Section 5 is the case study on the medical supplies scheduling in Wuhan in the COVID-19 pandemic. 

3. Problem definition 

After a major public health emergency occurs, medical supplies are first gathered at the distributing centers, such as airports and 
railway stations, and then transported from the distributing centers to the medical centers (hospitals). This research proposes several 
models and algorithms which are utilized to obtain the medical supplies scheduling scheme from the distributing centers to the 
hospitals in major public health emergencies. This scheme involves the following items: the allocation of medical supplies per vehicle 
to each hospital and the supply sequence per vehicle to each hospital. The information which should be available to the decision- 
makers in prior to performing the models and algorithms includes: the total amount of medical supplies in each distributing center, 
the medical materials demand of each hospital, the maximum capacity of each vehicle, and the minimum transportation time between 
each two distributing centers or hospitals. 

Unlike other major disasters, such as earthquakes and tsunamis, the distributing centers, medical centers, and the routes among 
them would not be destroyed in major public health emergencies. Therefore, if the distributing centers and medical centers in a 
country or region in major public health emergencies are determined previously in the emergency plan, then the expected trans
portation time and the path between each two distributing centers or hospitals can be calculated in advance based on the GIS. 
Consequently, the complex vehicle routing problem of medical supplies scheduling in major public health emergencies can be divided 
into the following two sub-problems to solve. 

Sub-problem 1: Calculating the shortest transportation times and the corresponding routes from any distributing center(s) to any 
hospital(s). The data needed to solve this problem are the expected transportation time and path between each two distributing centers 
or hospitals. This problem can be solved in advance rather than in an emergency scenario. The calculation results are stored in the 
database for invocation while solving sub-problem 2. 

Sub-problem 2: Calculating the quantity of medical supplies per vehicle transporting to each hospital. The data needed to solve the 
problem include the total amount of medical supplies at each distributing center, the medical materials demand of each hospital, and 
the maximum capacity of each transport vehicle. Therefore, this problem should be solved on the premise of obtaining the data above 
after the occurrence of a major public health emergency. 

The following section of this paper will give models and solutions to the two sub-problems. 

4. Modeling and solution 

4.1. Medical supplies optimal transportation routes in major public health emergencies 

This section solves the “Sub-problem 1” introduced previously that calculating the optimal transportation routes of medical sup
plies from any distributing center(s) to any hospital(s). Specifically, the shortest transportation time between each two distributing 
centers or hospitals is collected first in which the loading and unloading time is included. A vehicle starts from a distributing center, 
supplies several hospitals (hereinafter referred to as the “target hospitals”) in sequence, and then returns to the distributing center. 
Therefore, this research proposes the method to obtain the supply sequence of the target hospitals with the shortest total transportation 
time (hereinafter referred to as the “optimal transportation route”). 

A network is constructed in which a node represents a distributing center or hospital, an arc denotes the path between every two 
nodes, and the weight of the arc is the shortest time that a vehicle passes through the path. Since all the hospitals are connected to the 
outside world by roads, the network is connected. Then, the key to solving sub-problem 1 is to solve the shortest route problem (refers 
to the shortest time in this research) that a vehicle departs from the starting point, passes through several intermediate nodes, and then 
returns to the starting point in the network. The calculation of this method is performed by multiple iterations, each of which calculates 
the shortest route from a specific distributing center, through the specific hospital(s), and back to the distributing center (hereinafter 
referred to as the “center-hospital-center combination”). In one iteration, all the target hospitals should be the intermediate nodes, but 
an intermediate node may not always be the target hospital. Solving sub-problem 1 is not subject to time constraints strictly because 
the problem need not necessarily be solved in the scenario of a major public health emergency. Therefore, this research proposes a 
method to obtain the exact optimal solution to sub-problem 1 by improving the Dijkstra algorithm. The notations of this method are as 
follows: N- Total number of hospitals; n- Quantity of target hospitals; M- Number of distributing centers; Hi- Hospital i; Di- Distributing 
center i. 

The key steps of the method are as follows. 
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(1) Construct the matrix CP of target hospital selection. The elementary events of target hospital selection are stored in the matrix. 
Each column represents the possible elementary events that selecting n hospitals from a total of N hospitals. Then, the number of 
columns in CP is 

∑N
n=1Cn

N. Each row represents the elementary events that a hospital is selected as a target hospital or not. Then, 
the number of rows in CP is N. The elements of the matrix are either 0 (indicating that the corresponding hospital is not selected 
as a target hospital) or 1 (indicating that the corresponding hospital is selected as a target hospital). The matrix CP is represented 
as follows: 

H1
H2
H3
⋮

HN− 2
HN− 1
HN

⎡

⎢
⎢
⎢
⎢
⎢
⎢
⎣

1 0
0
0
⋮ ⋱

0
0
⋮

0 0
0 0
0 1
⏟̅̅̅̅̅̅̅̅̅⏞⏞̅̅̅̅̅̅̅̅̅⏟
1 Target Hospital

1 0
1
0
⋮ ⋱

0
0
⋮

0 0
0 1
0 1
⏟̅̅̅̅̅̅̅̅̅⏞⏞̅̅̅̅̅̅̅̅̅⏟
2 Target Hospitals

⋯

1
1
1
⋮
1
1
1

⏟̅̅̅̅̅̅ ⏞⏞̅̅̅̅̅̅ ⏟
n Target Hospitals

⎤

⎥
⎥
⎥
⎥
⎥
⎥
⎦

in which the first column represents the elementary event that selecting only hospital H1, while the last column represents that 
selecting all the N hospitals.  

(2) Build the target hospital sequence set HP. The set includes the full permutation of the selected target hospitals in which each 
permutation (hereinafter referred to as the “target hospital sequence”) is regarded as an element in this set. Every column of CP 
has one Corresponding HP. For example, according to the column [1, 1, 1, 0, …, 0]T of CP, the Corresponding HP has 6 ele
ments which are “H1, H2, H3”, “H2, H1, H3”, “H1, H3, H2”, “H3, H1, H2”, “H2, H3, H1”, and “H3, H2, H1”. The number of el
ements in HP is n!. Consequently, in sub-problem 1, the total amount of the target hospital sequences is 

∑N
n=1An

N.  
(3) Calculate the shortest route in the target hospital sequence. For each target hospital sequence, the shortest route of vehicles 

passing through all the target hospitals is calculated. In this process, the Dijkstra algorithm is utilized to solve the shortest route 
between every two adjacent target hospitals.  

(4) Calculate the shortest route from the starting point to the target hospital sequence. Specifically, the Dijkstra algorithm is 
employed to calculate the shortest route from each distributing center to the first target hospital in the target hospital sequence.  

(5) Calculate the shortest route from the target hospital sequence to the endpoint. Specifically, the Dijkstra algorithm is used to 
calculate the shortest route from the last target hospital in the target hospital sequence to each distributing center. 

Fig. 1 is a schematic network of the hospitals and distributing centers. According to the first element “H1, H2, H3” of HP, the 
calculation procedure of steps (3), (4), and (5) is shown by the colored parts in Fig. 1.  

(6) Determine the optimal transportation route for the center-hospital combination. Specifically, for every distributing center, the 
shortest route of each target hospital sequence can be obtained by connecting, in turn, the shortest routes in steps (4), (3), and 
(5). Multiple shortest routes can be obtained for a center-hospital combination. Then, the route with the shortest transportation 
time in the shortest routes is the optimal transportation route of the center-hospital combination. 

H1 D1

H3

HN

H2

DM

D3

D2

Step (3)

Step (4)

Step (3)

Step (5)

Fig. 1. Calculation procedure on a schematic network.  
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The solution process of sub-problem 1 is shown in Fig. 2. 
The running time of the algorithm program of sub-problem 1 is determined only by the total amount of nodes in the network 

(namely the total number of hospitals) and the maximum number of intermediate nodes that must pass through (hereinafter referred to 

Build the target hospital sequence set HP

Calculate the shortest 
route in the target 
hospitals sequence

Calculate the shortest route 
from the starting point to 

the target hospitals sequence

Calculate the shortest route 
from the target hospitals 
sequence to the end point

Determine the optimal transportation route 
for each center-hospital combination

Construct the matrix CP of target 
hospitals selection

Access a column of matrix CP

Access an element of set HP

Are all the elements in HP traversed?

Are all the rows in CP traversed?Operation 
ends

Dijkstra
algorithm

No

No

Yes

Operation 
begins

Yes

Fig. 2. Solution process of sub-problem 1.  

Fig. 3. Running time of solving Sub-problem 1 in different data sizes.  
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as the “number of target hospitals”). The time complexity of this algorithm is O(N2 × n!). Therefore, compared with the increase in the 
total number of hospitals, the increase in the number of target hospitals can prolong the running time of the algorithm more signif
icantly. By testing in a microcomputer (CPU: Intel Core i5-4210H, RAM: 4 GB), the average running time of the algorithm while the 
total number of hospitals is within the range of [10, 500] and the number of target hospitals is within the range of [1, 10] is 
demonstrated in Fig. 3. It can be seen from this figure that the running time of the algorithm program is only 112 s while the total 
number of hospitals is 500 and the number of target hospitals is 10. Consequently, the time complexity of this algorithm meets the 
practical requirements. 

4.2. Medical supplies optimal distribution scheme in major public health emergencies 

This section proposes the distribution model and algorithm of medical supplies in major public health emergencies to solve the 
“Sub-problem 2” introduced previously which is the allocation of medical supplies among the hospitals and the vehicles. In practice, if 
different kinds of medical supplies need to be transported in a certain proportion, then the whole after collocation is regarded as a new 
kind of supplies that can be analyzed in the model. Consequently, this section focuses on the distribution of the same category of 
medical supplies. Let the amount of the medical supplies be a non-negative integer. There are one or more distributing centers, each of 
which has one or more vehicles that can be used to transport the medical supplies. A vehicle belonging to a distributing center set out 
from the center to supply medical materials to the hospitals and then return to the center. Additionally, one transportation round of a 
vehicle refers that it sets out from the distributing center to supply medical materials to the hospitals and then return to the distributing 
center. Due to the continuous flow of medical supplies from all over the country and the world at the distributing centers, the total 
supply of medical materials is uncertain. Therefore, considering the timely loading of newly arrived medical materials and the 
reduction of transportation costs, we assume that the vehicles should be loaded as fully as possible. Considering the urgency of hospital 
demand for medical supplies decreases with the increase of supply quantity and the humanitarian factors, we suppose that the medical 
materials on a vehicle should be supplied to as few hospitals as possible in one transportation round. We continue to use the notations 
in the previous section in this distribution model and propose the other notations utilized in this model as follows: Ui- Total medical 
materials quantity in distributing center i; Qij Carrying capacity of vehicle j belonging to distributing center i; Rh- Demand for medical 
supplies of hospital h; xijkh- Quantity of medical materials that vehicle j belonging to distributing center i supplies hospital h in round k; 
Tijk- Transportation time needed by vehicle j belonging to distributing center i in round k; V- Total number of vehicles. To represent 
whether vehicle j belonging to distributing center i supplies hospital h in round k, we use Boolean yh which is 

{
yh = 1, xijkh > 0
yh = 0, xijkh = 0 . 

Therefore, whether the vehicle j belonging to distributing center i in round k supplies each hospital can be represented as Yijk = [y1,

y2,…,yN]. If Yijk matches a column of the target hospital selection matrix CP given previously, the corresponding transportation time 
and the route can be obtained. This transportation time is denoted as Tijk(xijk1,xijk2,⋯). Consequently, the transportation time needed 
by vehicle j belonging to distributing center i is 

∑
kTijk(xijk1,xijk2,⋯). 

The total time required to complete the transportation of all medical supplies is the maximum transportation time for all the 
vehicles. Consequently, the objective is to minimize the maximum transportation time. Moreover, the quantity of medical materials 
that vehicle j belonging to distributing center i supplies in each transportation round should not exceed the carrying capacity of this 
vehicle. The quantity of medical materials supplied by distributing center i does not exceed its total quantity of medical materials. 

If the total supply of medical materials is greater or equal to the total demand, then the actual quantity of supply should be the 
demand of the hospitals. Meanwhile, the surplus medical supplies should be stored at the distributing center in case of emergency extra 
demand scenarios. At this point, the quantity of medical supplies obtained by hospital h is equal to its demand. In this case, the 
distribution model is proposed as follows: 

minT = max
i

[max
j

∑

k
Tijk(xijk1, xijk2,⋯)]

s.t.

⎧
⎪⎪⎪⎪⎪⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎪⎪⎪⎪⎪⎩

∑

h
xijkh⩽Qij

∑

j

∑

k

∑

h
xijkh⩽Ui

∑

i

∑

j

∑

k
xijkh = Rh

xijkh,Qij,Ui,Rh⩾0
i = 1,2,⋯; j = 1, 2,⋯; k = 1, 2,⋯; h = 1,2,⋯

. 

If the total supply of medical materials is less than the total demand, then the actual supply of medical materials for hospital h is set 

as 
∑

i
Ui∑

h
Rh
× Rh based on the fairness principle. In this case, the distribution model is proposed as follows: 
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minT = max
i

[max
j

∑

k
Tijk(xijk1, xijk2,⋯)]

s.t.

⎧
⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎩

∑

h
xijkh⩽Qij

∑

j

∑

k

∑

h
xijkh⩽Ui

∑

i

∑

j

∑

k
xijkh =

∑

i
Ui

∑

h
Rh

× Rh

xijkh,Qij,Ui,Rh⩾0

i = 1,2,⋯; j = 1, 2,⋯; k = 1, 2,⋯; h = 1,2,⋯

. 

We propose a “multiple dynamic programming algorithm” to solve this model. This algorithm is a combination of some separated 
dynamic programming operations that is utilized to calculate the optimal solution under the reasonable hypotheses given previously in 
this section. The process of this algorithm is divided into several phases, while one transportation round of a vehicle is regarded as one 
phase. Specifically, “phase i j k” represents the transportation of vehicle j belonging to distributing center i in round k. The notations in 
this algorithm are as follows: nijk- Number of hospitals that need to supply (or target hospital) in phase i j k; ud

ijk- Quantity of medical 

materials that have already been supplied from distributing center d; rh
ijk- Quantity of medical materials that have already been ac

quired by hospital h; tab
ijk- Transport time of vehicle b belonging to distributing center a from the end of phase i j k to the end of the final 

phase; Sijk- Quantity of medical materials that have already been supplied from each distributing center and medical materials that 
have already been acquired by each hospital at the beginning of phase i j k; Xijk- Quantity of medical materials supplied to each 
hospital by vehicle j belonging to distributing center i in round k at the beginning of phase i j k; T(S′

ijk)- Minimum total transport time 
from the end of phase i j k to the end of the final phase; t(Sijk,Xijk)- Expected transport time of vehicle j belonging to distributing center i 
in round k while decision Xijk is implemented in the state of Sijk; V(Sijk,Xijk)- Total transport time from the beginning of phase i j k to the 
end of the final phase while decision Xijk is implemented in the state of Sijk; T(Sijk)- Minimum value of V(Sijk,Xijk) in phase i j k. 

In the dynamic programming operations, the state variable is Sijk which is defined as 
Sijk = (u1

ijk,u
2
ijk,⋯; r1

ijk, r
2
ijk,⋯). 

The decision variable is Xijk which is defined as 
Xijk = (xijk1,xijk2,⋯). 
Additionally, we can easily obtain 

∑
hxijkh⩽Ui − ui

ijk, 
∑

hxijkh⩽Qij, and xijkh⩽Rh − rh
ijk. 

In phase i j k, the amount of the medical materials that are supplied from distributing center i is 
∑

hxijkh, while medical materials 
that are acquired by hospital 1,2,… are xijk1,xijk2,⋯, respectively. Therefore, the state at the end of the phase is 

S′

ijk = (u1
ijk,⋯,ui

ijk +
∑

hxijkh,⋯; r1
ijk + xijk1, r2

ijk + xijk2,⋯). 

T(S′

ijk) can be considered as the longest total transport time of the vehicles from the end of phase i j k to the end of the final phase, 
that is, 

T(S′

ijk) = max(t11
ijk , t

12
ijk ,⋯, t21

ijk , t
22
ijk ,⋯). 

Then, the phase indicator in the dynamic programming operations is t(Sijk,Xijk) which can be obtained based on the calculation 
results of sub-problem 1. Therefore, the transport time of vehicle j from the beginning of phase i j k to the end of the final phase is tijijk +

t(Sijk, Xijk). 
The process indicator in the dynamic programming operations is V(Sijk, Xijk) which is defined as 
V(Sijk, Xijk) = max[T(S′

ijk), tijijk + t(Sijk, Xijk)]. 
Thus, in phase i j k, we should find out the optimal decision X*

ijk implemented in the state of Sijk which minimizes the V(Sijk,Xijk). 
This shortest time,T(Sijk), is the optimal indicator in the dynamic programming operations which is defined as 

T(Sijk) = min
Xijk

{max[T(S′

ijk), tij
ijk + t(Sijk, Xijk)]}. 

The initial state of the whole algorithm process is (0, 0, ⋯, 0, 0, ⋯), while the final state is (U1, U2⋯, R1, R2⋯, ). We make a 
backward deduction from the final state to the initial state. Additionally, if phase i′ j′ k′ is the final phase, then the boundary condition 
of the dynamic programming algorithm above is T(S′

i′ j′ k′ ) = 0. 
While determining the decisions that can be chosen, the first consideration is to supply all the medical materials on the vehicle to 

only one hospital; otherwise, consider supplying only two hospitals, and so on. During the transportation process, the number of 
transportation rounds of each vehicle would be different. There may be multiple possible cases for a phase, each of which considers the 
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transportation of a vehicle. Each case for the former phase is the premise of the corresponding case in the latter phase. After the 
calculation of a case, if the remaining supplies in the distributing centers is not 0, then each vehicle belonging to this distributing center 
should be considered in the next phase; otherwise, the vehicles belong to the distributing center are set “unavailable”, that is, they are 
not considered in any of the cases for the following phases. If the demand of each hospital is 0, then the current case is set “un
available”, that is, each case in the following phases is not premised on the current case. Therefore, the permutation and combination 
of the probable cases for each phase form many single dynamic programming problems. By calculating the total time of each problem 
one by one, the shortest total time which is also the optimal solution can be obtained. In summary, the process of the multiple dynamic 
programming algorithm is shown in Fig. 4. Additionally, there is only one case for the first phase which has only one end state, namely, 
the final state. All the vehicles on standby at the distributing centers are available in this phase. 

In the practical process of medical materials transportation in major public health emergencies, the number of vehicles that are 
used to transport the medical materials may change over time. In this scenario, the multiple dynamic programming algorithm pro
posed in this research allows considering the new information in the corresponding phases in the calculating process and accom
plishing the subsequent process without a complete recalculation. Specifically, the condition that vehicle j’ belonging to distributing 
center i’ joins the transportation effort of medical materials after time ti′ j′ can be regarded as that the vehicle has the first round of 
transportation of which the time consuming is ti′ j′ . Consequently, the vehicle can be added to the operation process from the second 
round. 

The running time of the multiple dynamic programming algorithm program is determined by the total number of vehicles and the 

Enter a new phase

Choose an available vehicle

Choose an available case of the 
previous phase

Determine  all the states at the 
end of the phase

Determine all the optional 
decisions

Determine  all the states at 
the beginning of the phase

Obtain the phase indicator 
of each decision

Calculate the process indicators

Determine the optimal indicator 
and corresponding decision

Have all the 
available vehicles been 

calculated? 

Is the 
remaining demand of each 

hospital 0?

Form the transportation 
schemes and total times by 
tracing back all the phases

Determine the optimal 
transportation scheme and 

shortest total time

Is the remaining 
supplies in the distributing

 center 0?

Set the current case unavailable 
in the following phases 

Have all the 
cases obtained optimal 

indicators?

Are all the 
cases unavailable in  following 

phases?

Set the vehicles belonging to the 
distributing center unavailable 

in following phases

Y

Y

N

N

The first phase

N N

Y N

Y Y

Fig. 4. Multiple dynamic programming algorithm process.  
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maximum number of hospitals that need to supply in each phase. The time complexity of this algorithm is O(2max{nijk}V4). Therefore, 
compared with the increase in the number of vehicles, the increase in the maximum number of hospitals that need to supply in each 
phase would lengthen the running time of the algorithm more significantly. By testing on the microcomputer in the previous section, 
the average running time of the algorithm program while the total number of vehicles is within the range of [1, 60] and the number of 
target hospitals in each phase is within the range of [1, 10] is demonstrated in Fig. 5. 

As can be seen in Fig. 5, the running time of the program increases with the number of target hospitals. By contrast, with the 
increase of the number of vehicles, the running time first increases slowly, then decreases slowly, and finally increases rapidly. The 
reason is that the increase in the number of vehicles contributes to the fast outbound transportation of the medical supplies, which may 
reduce the iteration times of the calculation program. In most cases, the running time of the program is within 80 s. Compared with the 
other similar materials scheduling algorithms (Chang et al.,2014; Wang et al.,2014), the time complexity of this algorithm is 
acceptable. Practically, it meets the requirement of emergency response to major public health emergencies. 

5. Case study and managerial insights 

5.1. Case overview 

In the early stage of the COVID-19 outbreak in Wuhan, many medical supplies were gathered from all over the country and the 
world at the Wuhan airport (distributing center 1, hereinafter referred to as “○”) and Wuhan railway station (distributing center 2, 
hereinafter referred to as “●”). Meanwhile, the government designated five hospitals to treat critically ill patients infected, including 
Wuhan Jinyintan Hospital (hereinafter referred to as “①”), Wuhan Pulmonary Hospital (hereinafter referred to as “②”), Renmin 
Hospital of Wuhan University (hereinafter referred to as “③”), Wuhan Union Hospital (hereinafter referred to as “④”), Wuhan Tongji 
Hospital (hereinafter referred to as “⑤”). The shortest transportation times between each two of these hospitals and the airport and 
railway station that are shown in Table 1 can be obtained by GIS (such as AMAP) (if there is no road directly connecting the two places, 
then it is expressed as “∞”). 

There were supposed to be 110 and 100 tons of medical materials in the Wuhan airport and Wuhan railway station, respectively. 
There were 2 vehicles in Wuhan airport which can be used in medical materials transportation, in which one vehicle with the carrying 
capacity of 30 tons (hereinafter referred to as “V1”) was on standby at the airport while the other one with the carrying capacity of 20 
tons (hereinafter referred to as “V2”) was able to join the transportation effort in 60 min. The medical materials demand of hospital ①, 

Fig. 5. Running time of solving Sub-problem 2 in different data sizes.  

Table 1 
Shortest transportation times between each two places.   

● ① ② ③ ④ ⑤ 

○ 40 19 27 ∞ 39 40 
① 25 0 14 37 27 26 
② 22 14 0 32 15 16 
③ 23 37 32 0 32 41 
④ 36 27 15 32 0 15 
⑤ ∞ 26 16 41 15 0  
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Table 2 
Matrix CP in this case.   

I II III IV V 

① 1 0 0 0 0 1 1 1 1 0 0 0 0 0 0 1 1 1 1 1 1 0 0 0 0 1 1 1 1 0 1 
② 0 1 0 0 0 1 0 0 0 1 1 1 0 0 0 1 1 1 0 0 0 1 1 1 0 1 1 1 0 1 1 
③ 0 0 1 0 0 0 1 0 0 1 0 0 1 1 0 1 0 0 1 1 0 1 1 0 1 1 1 0 1 1 1 
④ 0 0 0 1 0 0 0 1 0 0 1 0 1 0 1 0 1 0 1 0 1 1 0 1 1 1 0 1 1 1 1 
⑤ 0 0 0 0 1 0 0 0 1 0 0 1 0 1 1 0 0 1 0 1 1 0 1 1 1 0 1 1 1 1 1  
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②, ③, ④, and ⑤ was 120, 100, 80, 60, and 60 tons, respectively. The approach proposed in this paper is applied to calculate the 
optimal scheduling scheme for medical supplies in this section. Specifically, the optimal transportation route of medical supplies is first 
calculated; then, the optimal distribution scheme of the medical supplies is obtained. 

5.2. Medical supplies optimal transportation routes in Wuhan COVID-19 pandemic 

This section calculates the optimal transportation routes of medical supplies in the COVID-19 pandemic in Wuhan based on the 
method proposed in this research. The work can be completed in normal time and the results can be stored for invocation.  

(1) Construct the matrix CP of target hospital selection. Since the total number N of hospitals is 5, CP has 31 columns and 5 rows. 
Moreover, all the target hospital combinations can be divided into five categories. Category I, II, III, Ⅳ, and Ⅴ represent the 
situations that there are 1, 2, 3, 4, and 5 target hospitals, respectively. The matrix is shown in Table 2. For example, the last 
column of Table 2 indicates that all hospitals are selected as the target hospitals.  

(2) Access cyclically each column of the matrix CP and construct the target hospital sequence set HP one by one. Take the 10th 
column in category III as an example, namely, choose hospital ③, ④, and ⑤ as the target hospitals. Therefore, the number of 
elements in the set HP is 6, and we obtain 

HP = {(3)(4)(5), (3)(5)(4), (4)(3)(5), (4)(5)(3), (5)(3)(4), (5)(4)(3)}

(3) Visit every element in the set HP and calculate the shortest route in the target hospital sequence, the shortest route from the 
starting point to the target hospital sequence, and the shortest route from the target hospital sequence to the endpoint, and then 
determine the optimal transportation route for the center-hospital combination. Take the HP given in step (2) as an example. For 
the first target hospital sequence, namely, the element “③④⑤” in HP, the shortest transportation time and the corresponding 
route is calculated based on the Dijkstra algorithm which is 47 min and ③④⑤, respectively. The shortest transportation time 
from Wuhan airport or Wuhan railway station to the target hospital sequence is 56 min (the route is ○①③, which means the 
vehicle must pass the hospital ①) or 23 min (the route is ●③), respectively. The shortest transportation time from the target 
hospital sequence to Wuhan airport or railway station is 40 min (the route is ⑤○) or 38 min (the route is ⑤②●, which means the 
vehicle must pass the hospital ②), respectively. For each target hospital sequence in HP, if the distributing center is the Wuhan 
airport, then the shortest transportation time of this target hospital sequence is 143 min and the corresponding route is 

Table 3 
Optimal transportation routes and corresponding transportation times.  

No. Target hospitals combinations Airport-hospital Station-hospital 

Optimal Routes Time (min) Optimal Routes Time (min) 

1 1 0 0 0 0 ○①○ 38 ●①● 50 
2 0 1 0 0 0 ○②○ 54 ●②● 44 
3 0 0 1 0 0 ○①③①○ 112 ●③● 46 
4 0 0 0 1 0 ○④○ 78 ●④● 72 
5 0 0 0 0 1 ○⑤○ 80 ●②⑤②● 76 
6 1 1 0 0 0 ○①②○ 60 ●①②● 61 
7 1 0 1 0 0 ○①③①○ 112 ●①③● 85 
8 1 0 0 1 0 ○①④○ 85 ●①④● 88 
9 1 0 0 0 1 ○①⑤○ 85 ●①⑤②● 89 
10 0 1 1 0 0 ○②③①○ 115 ●②③● 77 
11 0 1 0 1 0 ○②④○ 81 ●②④● 73 
12 0 1 0 0 1 ○②⑤○ 83 ●②⑤②● 76 
13 0 0 1 1 0 ○①③④○ 127 ●③④● 91 
14 0 0 1 0 1 ○①③⑤○ 137 ●③⑤②● 102 
15 0 0 0 1 1 ○④⑤○ 94 ●④⑤②● 89 
16 1 1 1 0 0 ○②③①○ 115 ●①②③● 94 
17 1 1 0 1 0 ○①②④○ 87 ●①②④● 90 
18 1 1 0 0 1 ○①②⑤○ 89 ●①⑤②● 89 
19 1 0 1 1 0 ○①③④○ 127 ●③④①● 127 
20 1 0 1 0 1 ○①③⑤○ 137 ●③⑤①● 115 
21 1 0 0 1 1 ○①④⑤○ 101 ●①⑤④● 102 
22 0 1 1 1 0 ○②③④○ 130 ●②④③● 92 
23 0 1 1 0 1 ○②③⑤○ 140 ●②⑤③● 102 
24 0 1 0 1 1 ○④⑤②○ 97 ●②⑤④● 89 
25 0 0 1 1 1 ○①③④⑤○ 143 ●③④⑤②● 108 
26 1 1 1 1 0 ○①③④②○ 130 ●①②④③● 109 
27 1 1 1 0 1 ○①③⑤②○ 140 ●①②⑤③● 119 
28 1 1 0 1 1 ○④⑤②①○ 103 ●①⑤④②● 103 
29 1 0 1 1 1 ○①③④⑤○ 143 ●①⑤④③● 121 
30 0 1 1 1 1 ○②③④⑤○ 146 ●②⑤④③● 108 
31 1 1 1 1 1 ○②③④⑤①○ 151 ●③④⑤②①● 125  
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○①③④⑤○; if the distributing center is the Wuhan railway station, then the shortest transportation time of this target hospital 
sequence is 108 min and the corresponding route is ●③④⑤②●. Therefore, by the analysis of each element in HP, we obtain 
that the optimal transportation route for the “airport-hospital” combination and the “station-hospital” combination is 
○①③④⑤○ and ●③④⑤②●, respectively.  

(4) Return to step (2) until all the columns in matrix CP have been accessed. Finally, the optimal transportation routes and the 
corresponding transportation time of all “airport-hospital” combinations and “station-hospital” combinations are obtained. 
Additionally, the transportation time of a route in the forward direction and reverse direction is equal. For example, the 
transportation time of routes ○①②○ and ○②①○ are the same. Consequently, we only list one route representing both the 
forward direction and reverse direction as the result which is shown in Table 3. 

Table 3 includes the optimal transportation routes for the vehicles and the corresponding transportation times in all cases. These 
data are the basis for formulating the optimal distribution scheme for medical supplies. 

5.3. Medical supplies optimal distribution scheme in Wuhan COVID-19 pandemic 

This section calculates the optimal distributing scheme of medical supplies in the COVID-19 pandemic in Wuhan based on the 
method proposed in this research. The work should be completed after the occurrence of the pandemic. Firstly, the distribution model 
of medical supplies is established based on the relevant data of this case. Since the total supply and demand of medical materials is 210 
and 420 tons, the actual supply quantity of medical materials for hospital ①, ②, ③, ④, and ⑤ should be 60, 50, 40, 30, and 30 tons, 
respectively. Moreover, all the vehicles must transport for the first round. The brief solving process of the problem based on the 
multiple dynamic programming algorithm is as follows. 

There are two possible cases for the first phase including “1 1 1” (i = 1,j = 1,k = 1) which represents the transportation of vehicle 
V1 belonging to Wuhan airport in round 1, and 2 1 1 (i = 2,j = 1,k = 1), which represents the transportation of vehicle V3 belonging 
to Wuhan railway station in round 1. The state at the end of this phase is that of the final phase which is (110,100;60,50,40,30,30). 
Because the remaining supplies of the airport and the remaining demand of each hospital are greater than the carrying capacity of the 
vehicles, the vehicles can supply to any one of the hospitals in this phase. The supply quantity is the carrying capacity of the vehicles. 
Additionally, the corresponding transport time t(S111,X111) and t(S211,X211) can be obtained in Table 3. Moreover, this phase has 
T(S′

111) = 0, t11
111 = 0, or T(S′

211) = 0, t21
211 = 0. Consequently, the calculation results of each variable in the first phase are listed in 

Table 4. 
Corresponding to the two cases for the first phase, there are also two cases for the second phase, which are 2 1 1 and 1 1 1. The 

state at the end of this phase is the state at the beginning of the first phase which has 5 possible conditions. After the calculation of the 
second phase is accomplished, the first round of transportation for all the vehicles is completed. Moreover, the vehicle V3 and V4 are 
considered as having made the first round of transportation, but not loaded with medical materials, for 60 and 120 min, respectively. 

The third and its subsequent phases are analyzed based on the calculation results of the second phase. There are 4 possibilities for 
the third phase, which is choosing any one of the 4 vehicles. In the subsequent phases, if the remaining medical materials in a 
distributing center are 0, then the vehicles belonging to this distributing center are not considered in the subsequent phases. Overall, 
the supplies transportation from the airport consists of 4 or 5 phases, and there are 12 possible permutations from the third phase to the 
final phase; the supplies transportation from the railway station consists of 3 or 4 phases, and there are 5 possible permutations from 
the third phase to the final phase. Thus, the total number of phases is 7, 8, or 9, while the number of possible permutations of the phases 
is 504. By calculating the total time of each permutation, the minimum value, namely the shortest time of medical supplies trans
portation, can be obtained. 

The optimal solution for this case is as follows. Vehicle V1 transports for 3 rounds consuming 156 min. It supplies 30 tons of medical 
materials each to hospital ① for 2 rounds, and hospital ⑤ for 1 round. Vehicle V2 transports for 1 round consuming 138 min, in which 
it supplies 20 tons of medical materials to hospital ④. Vehicle V3 transports for 2 rounds consuming 88 min, in which it supplies 25 
tons of medical materials each to hospital ②. Vehicle V4 transports for 1 round consuming 181 min, in which it first supplies 40 tons of 
medical materials to hospital ③ and then 10 tons to hospital ④. In summary, the minimum time required for all the medical supplies to 
be transported is expected to be 181 min. 

Table 4 
Calculation results of each variable in the first phase.  

Case State at the beginning Decision State at the end Phase indicator Process indicator Optimal indicator Optimal decision 

1 80,100;30,50,40,30,30 30,0,0,0,0 110,100;60,50,40,30,30 38 38 38 30,0,0,0,0 
80,100;60,20,40,30,30 0,30,0,0,0 110,100;60,50,40,30,30 54 54 54 0,30,0,0,0 
80,100;60,50,10,30,30 0,0,30,0,0 110,100;60,50,40,30,30 112 112 112 0,0,30,0,0 
80,100;60,50,40,0,30 0,0,0,30,0 110,100;60,50,40,30,30 78 78 78 0,0,0,30,0 
80,100;60,50,40,30,0 0,0,0,0,30 110,100;60,50,40,30,30 80 80 80 0,0,0,0,30 

2 110,75;35,50,40,30,30 25,0,0,0,0 110,100;60,50,40,30,30 38 38 38 25,0,0,0,0 
110,75;60,25,40,30,30 0,25,0,0,0 110,100;60,50,40,30,30 54 54 54 0,25,0,0,0 
110,75;60,50,15,30,30 0,0,25,0,0 110,100;60,50,40,30,30 112 112 112 0,0,25,0,0 
110,75;60,50,40,5,30 0,0,0,25,0 110,100;60,50,40,30,30 78 78 78 0,0,0,25,0 
110,75;60,50,40,30,5 0,0,0,0,25 110,100;60,50,40,30,30 80 80 80 0,0,0,0,25  
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Fig. 6. Running time comparison.  
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5.4. Discussion and managerial insights 

The running times of the two sub-problems solution in different numbers of target hospitals, in this case, are demonstrated in Fig. 6. 
A comparison is made between the running time while integrating the two sub-problems (hereinafter referred to as “time 1”) and that 
of sub-problem 2 only (hereinafter referred to as “time 2”). It can be seen from this figure that time 1 is longer than time 2 if the number 
of target hospitals is equal. Moreover, the growth rate of time 1 is larger than that of time 2 with the increase of the number of target 
hospitals. The difference value between time 1 and time 2 is the running time of sub-problem 1 which can be solved in advance rather 
than in an emergency scenario. Consequently, the separation of the whole medical supplies scheduling problem into two sub-problems 
is effective in response to major public health emergencies. 

To ensure the medical supplies scheduling methods proposed in this research employed in the management practice, several 
important management actions should be implemented. Routine preparation of medical supplies scheduling should be made before the 
occurrence of major public health emergencies; emergency response to the major public health emergencies should be made after the 
occurrence. The management actions for logistics operations managers in response to major public health emergencies are demon
strated in Fig. 7. 

In the routine preparation, the first step is to collect the expected transportation time and path between each two distributing 
centers or hospitals. Afterward, a new calculation of medical supplies optimal transportation routes is performed by solving sub- 
problem 1. The results are stored in the database. While the relative information or data is updated, the optimal transportation 
routes should be revised timely. 

In the emergency response, the first step is to collect the total amount of medical supplies at each distributing center, the medical 
materials demand of each hospital, and the maximum capacity of each transport vehicle. Based on these data and the calculation 
results in the routine preparation, the medical supplies optimal distribution scheme can be obtained by solving sub-problem 2. While 
the relative information or data is updated, the optimal distribution scheme should be revised timely. Based on the calculation results, 
the managers can make the final decision of medical supplies scheduling in major public health emergencies. 

6. Conclusions 

The current research on the scheduling of relief materials in major emergencies is mainly based on the models and algorithms for 
the vehicle routing problem. However, this NP-Hard problem can only obtain satisfactory solutions after a long-time operation based 
on the data acquired after the occurrence of the emergency. Compared with other major emergencies, the characteristics of medical 
materials scheduling in major public health emergencies lie in the fact that the demand places (i.e. the hospitals) and the expected 
transportation time can be determined in advance. Therefore, this research divides the medical supplies scheduling in major public 
emergencies into two stages which are solved at normal times and after the occurrence of the emergency, respectively. On this basis, 
the optimal emergency supplies scheduling scheme can be obtained within a short time in emergency scenarios. Specifically, this 
research first proposes the calculation approach of the optimal transportation route of medical supplies based on the improved Dijkstra 
algorithm. Afterward, it proposes the distribution model of medical supplies and its multiple dynamic programming algorithm. 
Moreover, in the context of the changing number of vehicles, new solutions can be obtained by slight revisions of the calculating 
process of the algorithm without a complete recalculation. The main innovation of this research is that the optimal solutions for the 
problems in the two stages under reasonable assumptions can be obtained. Moreover, the analysis of time complexity implies that the 
algorithms proposed in this research can solve practical problems within a short time. The limitation of the methods proposed by this 
research is that they are possibly not fit for the scenarios with too many hospitals because the running time would be relatively long in 
these situations. Consequently, the possible research direction is to improve the methods and reduce the running time according to 
these scenarios. 
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Nikolopoulos, K., Punia, S., Schäfers, A., Tsinopoulos, C., Vasilakis, C., 2021. Forecasting and planning during a pandemic: COVID-19 growth rates, supply chain 

disruptions, and governmental decisions. Eur. J. Oper. Res. 290 (1), 99–115. 
Li, Y.H., Chen, K.D., Collignon, S., Ivanov, D., 2021. Ripple effect in the supply chain network: Forward and backward disruption propagation, network health and 

firm vulnerability. Eur. J. Oper. Res. 291 (3), 1117–1131. 
Naderi, B., Roshanaei, V., Begen, M.A., Aleman, D.M., Urbach, D.R., 2021. Increased Surgical Capacity without Additional Resources: Generalized Operating Room 

Planning and Scheduling. Prod. Operat. Manag.. (Early Access). 
Aldrighetti, R., Battini, D., Ivanov, D., Zennaro, I., 2021. Costs of resilience and disruptions in supply chain network design models: A review and future research 

directions. Int. J. Prod. Econ. 235, 108103. https://doi.org/10.1016/j.ijpe.2021.108103. 
Mehrotra, S., Rahimian, H., Barah, M., Luo, F.Q., Schantz, K., 2020. A model of supply-chain decisions for resource sharing with an application to ventilator allocation 

to combat COVID-19. Nav. Res. Logist. 67 (5), 303–320. 
Corominas, A., 2021. A model for designing a procurement-inventory system as a defence against a recurring epidemic. Int. J. Prod. Res. 

J. Liu et al.                                                                                                                                                                                                              

http://refhub.elsevier.com/S1366-5545(21)00227-1/h0005
http://refhub.elsevier.com/S1366-5545(21)00227-1/h0010
http://refhub.elsevier.com/S1366-5545(21)00227-1/h0015
http://refhub.elsevier.com/S1366-5545(21)00227-1/h0020
http://refhub.elsevier.com/S1366-5545(21)00227-1/h0020
http://refhub.elsevier.com/S1366-5545(21)00227-1/h0025
http://refhub.elsevier.com/S1366-5545(21)00227-1/h0025
http://refhub.elsevier.com/S1366-5545(21)00227-1/h0030
http://refhub.elsevier.com/S1366-5545(21)00227-1/h0030
http://refhub.elsevier.com/S1366-5545(21)00227-1/h0035
http://refhub.elsevier.com/S1366-5545(21)00227-1/h0035
http://refhub.elsevier.com/S1366-5545(21)00227-1/h0040
http://refhub.elsevier.com/S1366-5545(21)00227-1/h0045
http://refhub.elsevier.com/S1366-5545(21)00227-1/h0050
http://refhub.elsevier.com/S1366-5545(21)00227-1/h0055
http://refhub.elsevier.com/S1366-5545(21)00227-1/h0060
http://refhub.elsevier.com/S1366-5545(21)00227-1/h0060
http://refhub.elsevier.com/S1366-5545(21)00227-1/h0065
http://refhub.elsevier.com/S1366-5545(21)00227-1/h0065
http://refhub.elsevier.com/S1366-5545(21)00227-1/h0070
http://refhub.elsevier.com/S1366-5545(21)00227-1/h0070
http://refhub.elsevier.com/S1366-5545(21)00227-1/h0075
http://refhub.elsevier.com/S1366-5545(21)00227-1/h0075
http://refhub.elsevier.com/S1366-5545(21)00227-1/h0080
http://refhub.elsevier.com/S1366-5545(21)00227-1/h0085
http://refhub.elsevier.com/S1366-5545(21)00227-1/h0085
http://refhub.elsevier.com/S1366-5545(21)00227-1/h0090
https://doi.org/10.1016/j.tre.2020.101886
http://refhub.elsevier.com/S1366-5545(21)00227-1/h0100
http://refhub.elsevier.com/S1366-5545(21)00227-1/h0100
http://refhub.elsevier.com/S1366-5545(21)00227-1/h0105
http://refhub.elsevier.com/S1366-5545(21)00227-1/h0110
http://refhub.elsevier.com/S1366-5545(21)00227-1/h0115
http://refhub.elsevier.com/S1366-5545(21)00227-1/h0120
http://refhub.elsevier.com/S1366-5545(21)00227-1/h0120
http://refhub.elsevier.com/S1366-5545(21)00227-1/h0125
http://refhub.elsevier.com/S1366-5545(21)00227-1/h0125
http://refhub.elsevier.com/S1366-5545(21)00227-1/h0130
http://refhub.elsevier.com/S1366-5545(21)00227-1/h0130
http://refhub.elsevier.com/S1366-5545(21)00227-1/h0135
http://refhub.elsevier.com/S1366-5545(21)00227-1/h0135
http://refhub.elsevier.com/S1366-5545(21)00227-1/h0140
http://refhub.elsevier.com/S1366-5545(21)00227-1/h0140
http://refhub.elsevier.com/S1366-5545(21)00227-1/h0145
http://refhub.elsevier.com/S1366-5545(21)00227-1/h0145
http://refhub.elsevier.com/S1366-5545(21)00227-1/h0150
http://refhub.elsevier.com/S1366-5545(21)00227-1/h0150
http://refhub.elsevier.com/S1366-5545(21)00227-1/h0155
http://refhub.elsevier.com/S1366-5545(21)00227-1/h0155
https://doi.org/10.1016/j.chaos.2020.110123
http://refhub.elsevier.com/S1366-5545(21)00227-1/h0165
http://refhub.elsevier.com/S1366-5545(21)00227-1/h0165
https://doi.org/10.1016/j.ssci.2020.104938
http://refhub.elsevier.com/S1366-5545(21)00227-1/h0175
http://refhub.elsevier.com/S1366-5545(21)00227-1/h0175
http://refhub.elsevier.com/S1366-5545(21)00227-1/h0180
http://refhub.elsevier.com/S1366-5545(21)00227-1/h0180
http://refhub.elsevier.com/S1366-5545(21)00227-1/h0185
http://refhub.elsevier.com/S1366-5545(21)00227-1/h0185
https://doi.org/10.1016/j.ijpe.2021.108103
http://refhub.elsevier.com/S1366-5545(21)00227-1/h0195
http://refhub.elsevier.com/S1366-5545(21)00227-1/h0195
http://refhub.elsevier.com/S1366-5545(21)00227-1/h0200

	Medical supplies scheduling in major public health emergencies
	1 Introduction
	2 Literature review
	3 Problem definition
	4 Modeling and solution
	4.1 Medical supplies optimal transportation routes in major public health emergencies
	4.2 Medical supplies optimal distribution scheme in major public health emergencies

	5 Case study and managerial insights
	5.1 Case overview
	5.2 Medical supplies optimal transportation routes in Wuhan COVID-19 pandemic
	5.3 Medical supplies optimal distribution scheme in Wuhan COVID-19 pandemic
	5.4 Discussion and managerial insights

	6 Conclusions
	CRediT authorship contribution statement
	Declaration of Competing Interest
	Acknowledgments
	References


