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FAIR UAV EMERGENCY SUPPLY DEPLOYMENT BASED ON AN IMPROVED
GENETIC ALGORITHM

Wei Hong1,2,* , Shuaichen Liu1, Pengfei Da1, Wengjing Yin1,
Xujin Pu1 and Shuling Xu1

Abstract. Unmanned aerial vehicles (UAVs or drones) are widely used in postdisaster material deploy-
ment as professional equipment for emergency relief systems. When emergency supplies are deployed
to disaster-affected sites, not only the cost and efficiency of rescue should be considered, but also the
fairness of material deployment should be given attention. Based on the consideration of fairness, this
study investigates the problem of drone emergency supply deployment with dynamic energy consump-
tion constraints. Relative deprivation cost is also used to measure the difference in the psychological
trauma of victims at each disaster-affected site to ensure the fairness of supply deployment. A mix
integer programming (MIP) model is established, and an improved genetic algorithm, HRGA, is de-
signed to minimize the cost of drone distribution. A heuristic rule is proposed to find an appropriate
initial solution quickly by combining the characteristics of the model-related constraints. Compared
with the accurate solution of small-scale studies obtained by CPLEX, HRGA reduces the solution time
by 68.76% on average while ensuring the accuracy. Compared with the traditional GA, HRGA has
certain advantages in solving quality compared with traditional GA with a maximum improvement of
11.55%, and the experimental results verify the feasibility and effectiveness of HRGA. Moreover, the
research results can provide useful references for building a fair and efficient drone emergency rescue
system.
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1. Introduction

After the occurrence of a natural disaster, such as earthquakes and floods, air transport is often a direct
and effective way of reaching disaster-affected sites, given that ground transportation, such as trucks, cannot
reach these sites because of the obstruction of traffic. In China, the 13th Five-Year Plan for the Construction of
the National Emergency Response System proposes to use drones as professional equipment for the emergency
response system [12], with decision makers relying on ground control systems to monitor drone flights, plan routes
for them, and achieve precise positioning in a small area to deliver emergency supplies to disaster victims [34,35].
Deploying emergency supplies in disaster areas is vital in humanitarian relief, and the psychological trauma of
victims in the face of disaster events while waiting for supplies to be rationed cannot be ignored [18]. A fair
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and effective decision to ration supplies has a positive effect on relieving the suffering of victims [16]. The fair
allocation of postdisaster emergency supplies via drones can effectively solve the problem of the “last mile” in
humanitarian relief.

The payload limitation of drones must be considered for emergency material distribution tasks. Mur-
ray et al. [30] studied the problem of collaborative distribution between a single drone and a single truck. On the
basis of the traveling salesman problem (TSP) model, they constructed the flying sidekick TSP (FSTSP) model
and the parallel drone scheduling TSP (PDSTSP) model. The load level of the drone plays a vital role in both
models. Wang et al. [44] expanded the model based on Murry’s models. The path planning model of multi-drone
and multi-truck collaborative distribution was constructed as the vehicle routing problem with drone (VRPD)
model. Given a specific number of drones and drone speed, they investigated the critical impact of drone load
capacity on flight path decision-making. Given that drones are usually battery powered, the endurance limita-
tions of drones should be considered when tasked with emergency material delivery. Dorling et al. [8] proposed
the first experimental energy-payload consumption estimation model for drones. This model links the dynamic
load data of drones to endurance time. The impact of factors, such as drone battery weight, load weight, and
number of drones, on total delivery cost and total delivery time was investigated. Jeong et al. [22] proposed
the FSTSP-ECNZ (FSTSP that implements energy consumption and no-fly zone) model based on Dorling’s
experimental approach to investigate further the effect of no-fly zones on drone delivery paths while considering
the role of drone weight on energy consumption.

In the early stage of natural disaster events, the demand for emergency supplies increases dramatically at
each disaster-affected site. Thus, the psychological trauma of victims increases in varying degrees during the
emergency supply delivery via drones. Holgúın-Veras et al. [17] systematically studied the relative deprivation
theory in humanitarian relief. They pointed out that the relative deprivation of victims at each disaster-affected
site should be considered in the decision of emergency supply deployment. Moreover, the cost of the trauma of
victims at each disaster-affected site due to untimely receipt of emergency supplies was measured by deprivation
cost. Deprivation cost is a measure of the cost of the psychological trauma suffered by the victims at each disaster-
affected site due to untimely receipt of emergency supplies. Gutjahr et al. [15] further found that pursuing the
minimization of deprivation cost in the affected area often leads to inequity. Zhu et al. [51] proposed relative
deprivation cost to pursue the fairness of emergency supply deployment by measuring the degree of psychological
trauma suffered by victims in different disaster areas due to untimely receipt of emergency supplies. Reducing
the total relative deprivation costs in the disaster area was also considered to reflect the principle of equity in
humanitarian relief.

In summary, the research on the equitable deployment for the emergency supply path planning problem involving
drones in distribution tasks is rare at this stage and needs to be studied in depth. Thus, this study investigates
the drone routing problem considering equity (DRPE) with drone dynamic energy constraints by combining the
energy-payload estimation model of drones. The following are the contributions of the study: (1) a comprehensive
consideration of drones carrying multiple emergency supplies at a time to achieve multidisaster distribution and
regional material rationing equity based on the dynamic energy consumption constraint of drones; (2) a mixed
integer programming model MIP considering equity threshold constraint, energy consumption constraint, and load
constraint; and (3) an improved genetic algorithm on a heuristic rule namely, HRGA, proposing a heuristic rule
considering the constraints related to the DRPE, thereby enabling the initial solution of good quality to be found
at the early stage of algorithm operation. Through a series of example experiments, compared with the accurate
solution of small-scale cases obtained by CPLEX, HRGA reduces the solution time by 68.76% on average while
ensuring the accuracy, and compared with the traditional GA, HRGA has certain advantages in solving quality
compared with traditional GA, and the solution quality is improved with a maximum improvement of 11.55%, and
the experimental results verify the feasibility and effectiveness of HRGA.

The remainder of this paper is organized as follows. A review of the related literature is provided in Section 2.
Section 3 describes the problem under consideration, including a mixed integer programming formulation. The
proposed solution approach is described in Section 4, while numerical analysis of the solution procedure is
provided in Section 5. The paper concludes in Section 6 with a summary and opportunities for further research.
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2. Literature review

In this study, we mainly consider two parts. Firstly, we examine the decision objectives for post-disaster
emergency logistics routing optimization, with emphasis on fairness. Secondly, we provide an overview of the
intelligent algorithm for solving the combined optimization problem.

2.1. Decision objectives for post-disaster emergency logistics routing optimization

The decision objectives of traditional commercial logistics routing optimization generally hinge on reducing
financial expenditures or minimizing distribution distance costs, etc. However, based on the humanitarianism of
postdisaster relief, the routing decision also requires careful consideration of relief efficiency, relief effectiveness,
and relief fairness in the related literature [20]. Relief efficiency is a traditional decision objective based mainly
on the economic costs of relief. For example, disaster relief entails consideration of resource deployment costs
and transportation costs [29, 36], which are easier to understand as relief efficiency is relatively similar to the
performance evaluation indicators of general commercial logistics.

Relief effectiveness refers to a significant criterion of the quality or effectiveness of routing optimization, which
mainly involves response time, plan feasibility, and the extent of casualty reduction in the disaster-affected sites.
For example, Xiang et al. [45] proposed reducing the total waiting time of victims and the expected death rate
as the benchmarks for effectiveness evaluation to assess the deployment effectiveness of medical vehicle relief
routing in suffering areas. Sun et al. [40] considered minimizing the severity of both minor and severe injures
following a disaster and minimizing the total system cost of the relief process as common goals for relief decisions.
Perez-Rodriguez et al. [33] first introduced the concept of “deprivation cost” to quantify the physical injuries
and mental trauma people suffer due to a lack of relief supplies or services. In terms of emergency logistics
after disaster, the total cost is minimized as the objective function, including logistics cost, deprivation cost,
and other costs. Wang et al. [43] proposed “deprivation level” based on theory of deprivation cost and obtained
data through an empirical study. His study developed a quantitative numerical scale method by transforming
the results into a curve function to estimate the deprivation level.

In the postdisaster emergency logistics routing optimization decision, the significance of relief fairness has been
increasingly highlighted. To evaluate the fairness of relief decisions, decision-makers should focus on whether
emergency resources can be used or allocated in a well-balanced manner during the relief activities so that victims
in the suffering area can be treated equally with others [47, 48]. Existing literature takes different quantitative
approaches, such as min-max fairness value, numerical proportional fairness, absolute deprivation, and the Gini
index to measure equity in different aspects [28, 31]. Balcik et al. [3] suggests that minimizing unmet needs
is a significant decision objective for post-disaster emergency routing optimization. Najafi et al. [32] suggests
that supplies satisfaction rate can also be used to measure the equity of the routing decision because it is
easy to be quantified. Kilic et al. [24] used the treatment priority to reflect the differences in the health status
of disaster victims, as the standard of treatment fairness in emergency path decision-making. After reviewing
decision objectives for postdisaster emergency logistics routing optimization, this study analyzes the reason of
considering fairness factor in constructing the model. Different from traditional commercial logistics, emergency
logistics should consider not only economic cost of the relief program, but also fairness about the social factor.
In the process of emergency management and rescue, victims’ psychological state has an important impact on
the efficiency of rescue operations. Therefore, adding fairness can better depict the realistic problems.

2.2. Intelligent algorithms for solving combinatorial optimization

Drone routing for postdisaster emergency supplies deployment considering fairness is a combinatorial opti-
mization problem based on the traditional Vehicle Routing Problem (VRP). Zhang et al. [49], by studying
the traditional VRP and its related variants (CVRP, VRPTW, SDVRP, DVRP), summarized two general
approaches to solving VRP-like problems: exact algorithm and metaheuristic algorithm. The metaheuristic
algorithm includes the genetic algorithm [23], simulated annealing algorithm [21], particle swarm search algo-
rithm [50], ant colony algorithm [10], tabu search algorithm [5], etc.
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Genetic algorithm has the characteristics of the multidirectional global search and has been widely used.
Tasan et al. [41] proposed a genetic algorithm to solve the vehicle scheduling distribution for simultaneous pickup
and delivery in reverse logistics. Kim et al. [25] uses a genetic algorithm to solve the pollution path optimization
problem considering the greenhouse gas emissions, which takes into account not only vehicle travel distance but
also driving speed, payload, road slope, and driver habits. Ghezavati et al. [13] developed the traditional single-
objective problem and used the non-dominated sorting genetic algorithm (NSGA-II) to solve the dual-objective
routing optimization considering time windows in reverse logistics. Abbasi Tavallali et al. [1] proposed a routing
optimization problem to minimize the customer order delivery cost, delay cost, storage cost, and cross-docking
cost based on the consideration of the cross-docking process when importing perishable products, which was
solved by NSGA-II, considering the uncertainty of customer demand for perishable products. Gao et al. [11] use
multiple vehicles for reverse logistics recovery by considering the diversity of reverse logistics recycling types.
Considering reducing fixed costs of transportation, carbon emissions, time windows, time penalty, and the
constraints of multiple vehicles, the study adopted an improved genetic algorithm based on the greedy strategy
to enhance the advantages of the initial swarm.

Generally, the literature on postdisaster emergency logistics routing optimization tends to be limited to
quantifiable numerical indicators or economic cost levels as a measure of fairness. However, the poverty, suffering,
and negative emotions of victims in suffering areas have been ignored. The suffering perception of the victims is a
key factor affecting the allocation of emergency resources and logistics. The psychological trauma victims suffer
while waiting for relief may be a good measure of fairness. Simultaneously, new studies have shown that merely
minimizing deprivation costs will lead to great inequality [15]. This body of literature provided a new perspective,
and explores the influence of fairness on rescue efficiency when considering the psychological trauma of victims.
While widely used, genetic algorithm is prone to fall into local solutions. The main reason is that the initial
solution of national genetic algorithm is generated too randomly and cannot be uniformly distributed throughout
the space of feasible solutions affecting the global search capability. Thus, this paper studies the deployment
of emergency materials using drones, considering fairness with dynamic energy consumption constraints and
uses relative deprivation cost to measure the different degrees of the psychological trauma of victims in each
disaster site to ensure fairness of material deployment. When constructing the mathematical model, we add the
fairness of material distribution, which not only considers the psychology of the victims, but also conforms to
the realistic background of emergency rescue. The model is solved by an improved genetic algorithm, so that it
can represent the complexity of the problem in a fidelity more in line with the empirical reality. To solve the
problem, an improved genetic algorithm based on heuristic rules considering the characteristics of constraints
is proposed, which avoids the premature convergence from the aspect of initial solution generation.

3. Problem description and mathematical model

This study investigates the drone emergency supply distribution problem with dynamic energy consumption
constraints by considering the payload level and energy consumption of drones as well as the principle of fairness
in deploying emergency supplies. The truck carries all the drones and supplies to the emergency distribution
center. Then, the drones carry the emergency supplies to the disaster-affected sites. The schematic diagram
of the drone distribution path is shown in Figure 1. For ease of expression, the sets, parameters, and decision
variables in the model are defined as shown in Table 1.

The model assumptions are as follows: (1) The drones are small multirotor drones with a limited number, and
all drones are homogeneous [8]; (2) The demand for emergency supplies at each disaster-affected site is known
and served only once by one drone; (3) The weight of emergency supplies required at each disaster-affected point
does not exceed the maximum safe payload of the drone; (4) The drones are launched from and retrieved by the
truck. The service is suspended when they return to the truck after completing a delivery; (5) The service time
of the drone at the disaster-affected site is not considered. The drone flies at a stable speed, with a presumed
fixed fluid density of air and gravity; (6) The victims of each disaster site will be psychologically traumatized
by injustice, and the psychological trauma can be quantified through economic losses [33].
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Figure 1. Example diagram of drone delivery.

Table 1. Notations for the mathematical model.

Variable Description

𝑁 Set of disaster-affected sites 𝑁 = {1, 2, . . . , 𝑛}
𝑁

′
Set of drones’ start and end sites 𝑁

′
= {𝑂, 𝑂

′
}

𝑉 Disaster-affected sites and the truck stop 𝑉 = 𝑁
⋃︀

𝑁
′

𝐾 Set of drones 𝐾 = {1, 2, . . . , 𝑢}
𝐷 Set of emergency supplies 𝐷 = {1, 2, . . . , 𝑠}
𝑔𝑑 Unit weight of emergency supply 𝑑, ∀𝑑 ∈ 𝐷
𝑄𝑖𝑑 Demand of emergency supply 𝑑 at a disaster-affected site 𝑖, ∀𝑖 ∈ 𝑁, 𝑑 ∈ 𝐷
𝑞𝑖𝑑 Distribution of emergency supply 𝑑 to a disaster-affected site 𝑖, 𝑞𝑖𝑑 ≤ 𝑄𝑖𝑑,∀𝑖 ∈ 𝑁, 𝑑 ∈ 𝐷
𝑤𝑖 Total weight of emergency supplies distributed at a disaster-affected site 𝑖, 𝑤𝑖 =

∑︀
𝑑∈𝐷 𝑔𝑑𝑞𝑖𝑑,∀𝑖 ∈ 𝑁

𝑊 Maximum safe payload of the drone
𝐶 Unit path cost of the drone
𝐿 Launch cost incurred after every drone is employed
𝑅 Receiving cost incurred after every drone is employed
𝐸 Battery capacity of the drone
𝜂 Battery energy consumption parameter of the drone
𝑀 An extremely large positive number
𝑢𝑖𝑘 Auxiliary decision variables, avoiding drone sub-loop, ∀𝑖 ∈ 𝑉, 𝑘 ∈ 𝐾
𝑤𝑖𝑗𝑘 Payload of drone 𝑘 on the way from 𝑖 to 𝑗, ∀𝑖, 𝑗 ∈ 𝑉, 𝑘 ∈ 𝐾
𝑡𝑖𝑗 Time required for a drone flying from 𝑖 to 𝑗, ∀𝑖, 𝑗 ∈ 𝑉
𝑏𝑖𝑘 Remaining battery capacity when drone 𝑘 arrives at 𝑖, ∀𝑖 ∈ 𝑉, 𝑘 ∈ 𝐾
𝑠𝑖𝑘 Point of time when drone 𝑘 arrives at 𝑖, ∀𝑖 ∈ 𝑉, 𝑘 ∈ 𝐾
𝑥𝑖𝑗𝑘 Binary variable such that 𝑥𝑖𝑗𝑘 = 1 if drone 𝑘 flies from 𝑖 to 𝑗, ∀ 𝑖, 𝑗 ∈ 𝑉 , 𝑘 ∈ 𝐾; 𝑥𝑖𝑗𝑘 = 0, otherwise
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Jeong et al. [22] assumed that the “energy-payload consumption” estimation model of small multirotor drones
is a quasi linear function of power 𝑃 and load 𝑤. On the basis of Jeong’s assumption, we construct a power
consumption estimation formula for the drone emergency supply distribution mission in the humanitarian relief
scenario. The flight time of the drone between the disaster-affected sites is also introduced. Then, the electrical
power 𝑒𝑖𝑗 consumed by the drone while flying from 𝑖 to 𝑗 can be expressed as:

𝑒𝑖𝑗 = 𝑃 (𝑤𝑖𝑗𝑘)𝑙𝑖𝑗𝑘/𝑣 = (𝛽0 + 𝛽1𝑤𝑖𝑗𝑘)𝑙𝑖𝑗𝑘/𝑣 (3.1)

where 𝛽0 and 𝛽1 are the relevant parameters after the linearization of the power function, 𝑤𝑖𝑗𝑘 is the total
weight of the remaining supplies carried by the drone 𝑘 on the distribution route from 𝑖 to 𝑗, 𝑙𝑖𝑗 is the distance
between 𝑖 and 𝑗, and 𝑣 is the steady flight speed of the drone.

We referred to the linearization of the deprivation cost function by Biswal et al. [4] to approximate the
psychological trauma induced by the lack of unit emergency supplies among the victims at each disaster-affected
site. Thus, the deprivation cost function 𝐷𝐶𝑖 incurred by the disaster-affected site 𝑖 with the unit penalty cost
𝜔 can be expressed as:

𝐷𝐶𝑖 =
∑︁
𝑑∈𝐷

∑︁
𝑘∈𝐾

[𝜔𝑞𝑖𝑑𝑠𝑖𝑘 + 𝜔(𝑄𝑖𝑑 − 𝑞𝑖𝑑) * 𝑇 ] , ∀𝑖 ∈ 𝑁 (3.2)

where 𝑠𝑖𝑘 indicates the time point after drone 𝑘 arrives at the disaster-affected site 𝑖, and 𝑇 is the whole
process time for the completion of the distribution task. The cost of deprivation at the disaster-affected sites
is composed of two parts: one is the cost of the trauma suffered by the victims from waiting for emergency
supplies 𝜔𝑞𝑖𝑑𝑡𝑖𝑘, and the other is the cost of the psychological trauma obtained by the victims who have not
received the required emergency supplies after the completion of the whole distribution process 𝜔(𝑄𝑖𝑑−𝑞𝑖𝑑)*𝑇 .
Relative deprivation cost is proposed to reflect the principle of fairness in humanitarian relief by measuring the
degree of psychological trauma suffered by victims at different disaster-affected sites due to untimely receipt of
emergency supplies. This psychological trauma degree is used as an indicator to measure the fairness difference
of distribution schemes. The relative deprivation cost 𝑅𝐷𝐶𝑖 incurred by the disaster-affected site 𝑖 can be
expressed as

𝑅𝐷𝐶𝑖 = 𝐷𝐶𝑖 −min(𝐷𝐶𝑖), ∀𝑖 ∈ 𝑁. (3.3)

Therefore, the total relative deprivation costs incurred at all affected sites at the end of the distribution
should be maintained within an appropriate upper limit 𝜉 (𝜉 is a real number) to ensure that the regional
distribution scheme for drones is sufficiently equitable. The fairness threshold 𝜉 constrains the feasibility of the
solution. Thus, we combine the model of postdisaster humanitarian logistics inventory distribution considering
deprivation costs proposed by Perez-Rodriguez et al. [33]. Then, the feasible fairness thresholds 𝜉 of the upper
and lower bounds can be expressed as:

𝜉max =
∑︁
𝑖∈𝑁

∑︁
𝑑∈𝐷

𝜔𝑄𝑖𝑑𝑇 − 𝑛 *min(𝜔𝑄𝑖𝑑𝑇 ) (3.4)

𝜉min =
∑︁
𝑖∈𝑁

∑︁
𝑑∈𝐷

𝜔𝑄𝑖𝑑𝑙𝑂𝑖/𝑣 − 𝑛 *min(𝜔𝑄𝑖𝑑𝑙𝑂𝑖/𝑣). (3.5)

If 𝜉 < 𝜉min, then the fairness is too strong; if 𝜉 > 𝜉max, then the fairness is too weak. The mix integer
programming model MIP constructed in this study is as follows:

MinC
∑︁
i∈V

∑︁
j∈V

∑︁
k∈K

lij xijk + L
∑︁
j∈N

∑︁
k∈K

xOjk + R
∑︁
j∈N

∑︁
k∈K

xiO′k . (3.6)

Equation (3.6) indicates that the objective is to minimize the total cost in the whole system. The total cost
includes the drone path cost and the fixed cost comprising the launch and receiving costs. The constraints are
formed into different equations.
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Equation (3.7) indicates that the total relative deprivation costs of all sites in the affected area are within
a set threshold 𝜉 to ensure the fairness of supply deployment; if the total relative deprivation costs generated
by the distribution scheme exceeds 𝜉, the scheme incurs the penalty cost caused by unfairness. Equation (3.8)
indicates the relative deprivation cost of each disaster-affected site. Equation (3.9) indicates the deprivation cost
of each affected site. ∑︁

𝑖∈𝑁

𝑅𝐷𝐶𝑖 ≤ 𝜉 (3.7)

𝑅𝐷𝐶𝑖 = 𝐷𝐶𝑖 −min(𝐷𝐶𝑖), ∀𝑖 ∈ 𝑁 (3.8)

𝐷𝐶𝑖 =
∑︁
𝑑∈𝐷

∑︁
𝑘∈𝐾

[︀
𝜔𝑞𝑖𝑑𝑠𝑖𝑘 + 𝜔(𝑄𝑖𝑑 − 𝑞𝑖𝑑) * 𝑇

]︀
, ∀𝑖 ∈ 𝑁. (3.9)

Equations (3.10) and (3.11) ensure that each affected site can be rescued by the drone, ruling out the case that
the drone starts from a site and returns directly to the same site.∑︁

𝑗∈𝑉

∑︁
𝑘∈𝐾

𝑥𝑖𝑗𝑘 = 1, ∀𝑖 ∈ 𝑁, 𝑖 ̸= 𝑗 (3.10)

∑︁
𝑖∈𝑉

∑︁
𝑘∈𝐾

𝑥𝑖𝑗𝑘 = 1, ∀𝑗 ∈ 𝑁, 𝑖 ̸= 𝑗. (3.11)

Equation (3.12) ensures that the drone starts from the truck at the beginning of the distribution and returns
to the truck at the end. Equation (3.13) guarantees the standard flow balance of the drone path.∑︁

𝑗∈𝑉

𝑥𝑂𝑗𝑘 =
∑︁
𝑖∈𝑉

𝑥𝑖𝑂′𝑘, ∀𝑘 ∈ 𝐾 (3.12)

∑︁
𝑗∈𝑉

𝑥𝑖𝑗𝑘 −
∑︁
𝑗∈𝑉

𝑥𝑗𝑖𝑘 = 0, ∀𝑖 ∈ 𝑁, 𝑘 ∈ 𝐾. (3.13)

Equation (3.14) guarantees that no subloop exists in the drone delivery path. Equation (3.15) represents the
residual load after the drone leaves 𝑖.

𝑢𝑗𝑘 ≥ 𝑢𝑖𝑘 + 𝑤𝑗 −𝑀(1− 𝑥𝑖𝑗𝑘), ∀𝑖, 𝑗 ∈ 𝑉, 𝑘 ∈ 𝐾 (3.14)
𝑤𝑖 ≤ 𝑢𝑖𝑘 ≤ 𝑊, ∀𝑖 ∈ 𝑉, 𝑘 ∈ 𝐾. (3.15)

Equation (3.16) represents the load of drone on the way from 𝑖 to 𝑗. Equation (3.17) ensures that the weight of
the material carried by the drone is conserved.

𝑤𝑖𝑗𝑘 ≤ 𝑊 *
∑︁
𝑘∈𝐾

𝑥𝑖𝑗𝑘, ∀𝑖, 𝑗 ∈ 𝑉, 𝑖 ̸= 𝑗 (3.16)∑︁
𝑗∈𝑉

𝑤𝑗𝑖𝑘 −
∑︁
𝑗∈𝑉

𝑤𝑖𝑗𝑘 = 𝑤𝑖, ∀𝑖 ∈ 𝑁, 𝑘 ∈ 𝐾. (3.17)

Equation (3.18) represents the remaining power of each drone when it arrives at 𝑗. Equation (3.19) ensures that
the drones to be used are fully charged at the beginning of the distribution.

0 < 𝑏𝑖𝑘 ≤ 𝜂𝐸, ∀𝑖 ∈ 𝑉, 𝑘 ∈ 𝐾 (3.18)

𝑏𝑂𝑘 = 𝜂𝐸 *
∑︁
𝑗∈𝑉

𝑥𝑂𝑗𝑘, ∀𝑘 ∈ 𝐾 (3.19)
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Equations (3.20) and (3.21) represent the energy consumed by the drone flying from 𝑖 to 𝑗.

𝑏𝑗𝑘 ≤ 𝑏𝑖𝑘 − 𝑒𝑖𝑗 + 𝜂𝐸(1− 𝑥𝑖𝑗𝑘), ∀𝑖, 𝑗 ∈ 𝑉, 𝑖 ̸= 𝑗, 𝑘 ∈ 𝐾 (3.20)
𝑏𝑗𝑘 ≥ 𝑏𝑖𝑘 − 𝑒𝑖𝑗 − 𝜂𝐸(1− 𝑥𝑖𝑗𝑘), ∀𝑖, 𝑗 ∈ 𝑉, 𝑖 ̸= 𝑗, 𝑘 ∈ 𝐾. (3.21)

Equation (3.22) indicates the start time of medical material distribution by drone. Equation (3.23) indicates that
the end time of rescue is the delivery time for the last disaster-affected site that received rescue. Equation (3.24)
indicates the time of the drone flying from 𝑖 to 𝑗.

𝑠𝑂𝑘 = 𝑇𝑠𝑡𝑎𝑟𝑡, ∀𝑘 ∈ 𝐾 (3.22)
𝑇 = max(𝑠𝑖𝑘), ∀𝑖 ∈ 𝑁, 𝑘 ∈ 𝐾 (3.23)

𝑡𝑖𝑗 = (𝑙𝑖𝑗/𝑉 ) *
∑︁
𝑘∈𝐾

𝑥𝑖𝑗𝑘, ∀𝑖, 𝑗 ∈ 𝑉, 𝑖 ̸= 𝑗, 𝑘 ∈ 𝐾 (3.24)

Equations (3.25) and (3.26) denote the arrival time of the drone at 𝑗.

𝑠𝑗𝑘 ≥ 𝑠𝑖𝑘 + 𝑡𝑖𝑗 −𝑀(1− 𝑥𝑖𝑗𝑘), ∀𝑖, 𝑗 ∈ 𝑉, 𝑖 ̸= 𝑗, 𝑘 ∈ 𝐾 (3.25)
𝑠𝑗𝑘 ≤ 𝑠𝑖𝑘 + 𝑡𝑖𝑗 + 𝑀(1− 𝑥𝑖𝑗𝑘), ∀𝑖, 𝑗 ∈ 𝑉, 𝑖 ̸= 𝑗, 𝑘 ∈ 𝐾. (3.26)

Equations (3.27) and (3.28) indicate the range of the decision variables.

𝑥𝑖𝑗𝑘 ∈{0, 1} , 𝑤𝑖𝑗𝑘 ≥ 0, 𝑡𝑖𝑗 ≥ 0, ∀𝑖, 𝑗 ∈ 𝑉, 𝑘 ∈ 𝐾 (3.27)
𝑢𝑖𝑘 ≥ 0, 𝑏𝑖𝑘 > 0, 𝑠𝑖𝑘 > 0, ∀𝑖 ∈ 𝑉, 𝑘 ∈ 𝐾. (3.28)

4. Improved GA: HRGA

The path planning problem considering the capacity constraint of the delivery vehicle is NP-hard [7,39]. The
DRPE in this study considers the drone load capacity constraint, the dynamic energy consumption constraint
of the drone, and the complex fairness threshold constraint. Therefore, the DRPE is also NP-hard. The genetic
algorithm based on a heuristic rule, namely, HRGA, is designed in this study to solve the DRPE in large-scale
situations well.

4.1. Initial solution

The following heuristic rule is designed in HRGA to construct the initial solution with good quality.

Step 1: Randomly generate a TSP path

A TSP path is randomly generated for a single drone without considering the drone load, energy consumption,
and fairness threshold 𝜉. The TSP path traverses all disaster-affected points. Then, Step 2 is executed. The
pseudocode for randomly generating a TSP path is shown in Algorithm 1.

Algorithm 1. Function for randomly generating a TSP path.
Input: Disaster Affected Site 𝑁 ; Algorithm Popsize 𝑝𝑜𝑝
Output: Tsp Path; Tsp Path Sol
1: 𝑇𝑠𝑝𝑃𝑎𝑡ℎ = 𝑁 , 𝑇𝑠𝑝𝑃𝑎𝑡ℎ𝑆𝑜𝑙 = ∅ // Initialization parameters
2: for 𝑖 in range(𝑝𝑜𝑝) do
3: 𝑆𝑒𝑒𝑑 = 𝑖𝑛𝑡(𝑟𝑎𝑛𝑑𝑜𝑚.𝑟𝑎𝑛𝑑𝑖𝑛𝑡(0, 10))
4: 𝑅𝑎𝑛𝑑𝑜𝑚.𝑠𝑒𝑒𝑑(𝑆𝑒𝑒𝑑)
5: 𝑅𝑎𝑛𝑑𝑜𝑚.𝑠ℎ𝑢𝑓𝑓𝑙𝑒(𝑇𝑠𝑝𝑃𝑎𝑡ℎ) // Randomly generate a set of TSP path
6: 𝑇𝑠𝑝𝑃𝑎𝑡ℎ𝑆𝑜𝑙.𝑎𝑝𝑝𝑒𝑛𝑑(𝑇𝑠𝑝𝑃𝑎𝑡ℎ) // Generate a set of paths that match the population
7: end for
8: return 𝑇𝑠𝑝𝑃𝑎𝑡ℎ, 𝑇𝑠𝑝𝑃𝑎𝑡ℎ𝑆𝑜𝑙
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Figure 2. Schematic diagram of the split TSP path. (a) Initially randomly generated complete
TSP path (0-2-4-6-3-5-7-1-0), where “0” denotes the truck stop and “1-7” denote disaster-
affected sites. (b) Split UAV delivery routes (0-2-4-6-0 and 0-3-5-7-1-0), which are split into
two feasible routes based on the UAV’s maximum safe payload.

Step 2: Split TSP path
For the TSP path obtained from Step 1, the cumulative weight of the emergency supplies assigned to each

disaster-affected site is judged according to the greedy strategy [27] to determine whether the maximum payload
capacity of the drone is satisfied in turn. If the weight of the allocated supplies for the next disaster-affected site
exceeds the drone’s remaining load capacity, a new path is split from the current site to increase the number of
drones enabled; if the generated paths meet the payload capacity of the drones and the number does not exceed
the truck capacity, Step 3 is executed. At this time, each drone returns to the initial site after completing the
allocation of supplies at the last disaster point. If the number of drones required after the completion of the
split TSP path exceeds the truck capacity, the operation is terminated in advance, and no solution is output.
The pseudocode for splitting TSP path is shown in Algorithm 2. The following example is given to facilitate
the understanding of the split TSP path operation. The affected area presumably has seven affected points,
labeled 1, 2, 3, 4, 5, 6, and 7. The truck stopping point is labeled 0. The randomly generated TSP route is
“0-2-4-6-3-5-7-1-0” (Fig. 2a). If the payload capacity of one drone cannot take up the distribution work of seven
disaster-affected sites, the route is split into two routes from one path. Moreover, the number of drones enabled
is increased to two. The routes obtained are “0-2-4-6-0” and “0-3-5-7-1-0” (Fig. 2b).

Algorithm 2. Function for splitting TSP path.
Input: Tsp Path; Drone Payload 𝑊 ; Load Matrix 𝑞
Output: Drone Routes Num; Drone Routes
1: 𝐷𝑟𝑜𝑛𝑒𝑅𝑜𝑢𝑡𝑒𝑠𝑁𝑢𝑚 = 1, 𝐷𝑟𝑜𝑛𝑒𝑅𝑜𝑢𝑡𝑒𝑠 = ∅, 𝑅𝑜𝑢𝑡𝑒 = ∅, 𝑅𝑒𝑚𝑎𝑖𝑛𝑒𝑑𝐶𝑎𝑝 = 𝑊 // Initialization parameters
2: for 𝑖 in 𝑇𝑠𝑝𝑃𝑎𝑡ℎ do
3: if 𝑅𝑒𝑚𝑎𝑖𝑛𝑒𝑑𝐶𝑎𝑝− 𝑞(𝑖) ≥ 0 then
4: 𝑅𝑜𝑢𝑡𝑒.𝑎𝑝𝑝𝑒𝑛𝑑(𝑖)
5: 𝑅𝑒𝑚𝑎𝑖𝑛𝑒𝑑𝐶𝑎𝑝 = 𝑅𝑒𝑚𝑎𝑖𝑛𝑒𝑑𝐶𝑎𝑝−𝑄(𝑖) // The weight of the material of i is less than the remaining load of the

drone, that is, it is delivered by the drone
6: end if
7: if 𝑅𝑒𝑚𝑎𝑖𝑛𝑒𝑑𝐶𝑎𝑝− 𝑞(𝑖)<0 then
8: 𝐷𝑟𝑜𝑛𝑒𝑅𝑜𝑢𝑡𝑒𝑠.𝑎𝑝𝑝𝑒𝑛𝑑(𝑅𝑜𝑢𝑡𝑒)
9: 𝑅𝑜𝑢𝑡𝑒 = 𝑖

10: 𝐷𝑟𝑜𝑛𝑒𝑅𝑜𝑢𝑡𝑒𝑠𝑁𝑢𝑚 = 𝐷𝑟𝑜𝑛𝑒𝑅𝑜𝑢𝑡𝑒𝑠𝑁𝑢𝑚 + 1 // The weight of the material at i exceeds the remaining load of
the drone, that is, a new drone is used for distribution

11: 𝑅𝑒𝑚𝑎𝑖𝑛𝑒𝑑𝐶𝑎𝑝 = 𝑊 −𝑄(𝑖)
12: end if
13: 𝐷𝑟𝑜𝑛𝑒𝑅𝑜𝑢𝑡𝑒𝑠.𝑎𝑝𝑝𝑒𝑛𝑑(𝑅𝑜𝑢𝑡𝑒)
14: end for
15: return 𝐷𝑟𝑜𝑛𝑒𝑅𝑜𝑢𝑡𝑒𝑠𝑁𝑢𝑚, 𝐷𝑟𝑜𝑛𝑒𝑅𝑜𝑢𝑡𝑒𝑠
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Figure 3. Schematic diagram of the adjustment strategy of the execution solution.

Step 3: Calculate the dynamic load of the drone
The dynamic load data of the drone in each route are calculated when it reaches each disaster-affected site

according to the set of paths split by Step 2. The weights of the supplies assigned to each disaster point in
the path are [𝑤1, 𝑤2, 𝑤3, . . . , 𝑤𝑛]. They are accumulated in reverse order to obtain the cumulative weight of
emergency supplies carried by the drone when it arrives at the current disaster-affected site: [𝑤𝑛 + 𝑤𝑛−1 +
𝑤𝑛−2 + . . . + 𝑤1, 𝑤𝑛 + 𝑤𝑛−1 + 𝑤𝑛−2 + . . . + 𝑤2, . . . , 𝑤𝑛 + 𝑤𝑛−1, 𝑤𝑛]. Then, Step 4 is executed. The pseudocode
for calculating the dynamic load of the drone is shown in Algorithm 3.

Algorithm 3. Function for calculating the dynamic load of the drone.
Input: Drone Routes; Load Matrix 𝑞
Output: All Routes Load
1: 𝑆𝑢𝑚𝑅𝑜𝑢𝑡𝑒𝑠𝐿𝑜𝑎𝑑 = ∅, 𝑅𝑜𝑢𝑡𝑒𝑠𝐿𝑜𝑎𝑑 = ∅ // Initialization parameters
2: for 𝑅𝑜𝑢𝑡𝑒 in 𝐷𝑟𝑜𝑛𝑒𝑅𝑜𝑢𝑡𝑒𝑠 do
3: 𝐷𝑦𝑛𝑎𝑚𝑖𝑐𝐿𝑜𝑎𝑑 = 0
4: for 𝑖 in 𝑖, 𝑅𝑜𝑢𝑡𝑒 do
5: 𝐷𝑦𝑛𝑎𝑚𝑖𝑐𝐿𝑜𝑎𝑑+ = 𝑞(𝑖) // The dynamic load of the drone at i is accumulated
6: 𝑅𝑜𝑢𝑡𝑒𝑠𝐿𝑜𝑎𝑑.𝑎𝑝𝑝𝑒𝑛𝑑(𝐷𝑦𝑛𝑎𝑚𝑖𝑐𝐿𝑜𝑎𝑑)
7: end for
8: end for
9: return 𝐴𝑙𝑙𝑅𝑜𝑢𝑡𝑒𝑠𝐿𝑜𝑎𝑑

Step 4: Calculate the energy consumption of the drone and adjust the solution

The energy consumption of each drone is calculated from the dynamic cumulative weight sequence obtained
by Step 3. If the total energy consumption

∑︀
𝑖∈𝑉

∑︀
𝑗∈𝑉 (𝛽0 + 𝛽1𝑤𝑖𝑗𝑘)𝑙𝑖𝑗)/𝑣 *𝑥𝑖𝑗𝑘 does not exceed the maximum

releasable energy of each drone battery, the route is established; if the total energy consumption exceeds the
maximum releasable energy of each drone battery, the route is not established. According to the “tail customer
judgment method” [6,37], the rejected nodes are placed into a new path to reject the nodes for an unestablished
route. The number of drones is increased. Step 3 is performed again, and the operation in a cycle is updated until
all the paths meet the power limit. Then, we judge whether the number of drones exceeds the truck capacity. If
the number of drones enabled meets the truck capacity, we execute Step 5; if not, we terminate the operation
in advance and output no solution. The pseudocode for calculating the energy consumption of the drone and
adjusting the solution is shown in Algorithm 4. For example, as shown in Figure 3, the two routes are tested for
the drone endurance constraint to understand the operation of adjusting the solution. The energy consumption
of route “0-2-4-6-0” is within the drone battery capacity and is retained. The energy consumption of route
“0-3-5-7-1-0” exceeds the drone battery capacity. The node at the end of the route is removed and placed into
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a new route until the generated new path passes the test of the endurance constraint. The route “0-3-5-7-1-0”
generates two new routes, “0-3-5-0” and “0-7-1-0”, after removing nodes.

Algorithm 4. Function for calculating the energy consumption of the drone and adjusting the solution.
Input: Drone Routes; All Routes Load; Distance Matrix 𝐿; Max Battery 𝐸
Output: Drone Routes Num, Drone Routes
1: 𝑆𝑢𝑚𝐷𝑟𝑜𝑛𝑒𝐸𝑛𝑒𝑟𝑔𝑦 = ∅, 𝐷𝑟𝑜𝑛𝑒𝐸𝑛𝑒𝑟𝑔𝑦 = 0, 𝑁𝑒𝑤𝑅𝑜𝑢𝑡𝑒 = ∅ // Initialization parameters
2: for 𝑅𝑜𝑢𝑡𝑒 in 𝐷𝑟𝑜𝑛𝑒𝑅𝑜𝑢𝑡𝑒𝑠 do
3: 𝑅𝑜𝑢𝑡𝑒𝑠𝐿𝑜𝑎𝑑 = 𝐴𝑙𝑙𝑅𝑜𝑢𝑡𝑒𝑠𝐿𝑜𝑎𝑑(𝑅𝑜𝑢𝑡𝑒)
4: for 𝑖 in 𝑅𝑜𝑢𝑡𝑒 do
5: 𝐷𝑟𝑜𝑛𝑒𝐸𝑛𝑒𝑟𝑔𝑦+ = ((𝛽0 + 𝛽1 *𝑅𝑜𝑢𝑡𝑒𝑠𝐿𝑜𝑎𝑑(𝑖)) * (𝐿(𝑖, 𝑖 + 1)𝑣)
6: end for
7: 𝑆𝑢𝑚𝐷𝑟𝑜𝑛𝑒𝐸𝑛𝑒𝑟𝑔𝑦.𝑎𝑝𝑝𝑒𝑛𝑑(𝐷𝑟𝑜𝑛𝑒𝐸𝑛𝑒𝑟𝑔𝑦) // Calculate the energy consumption of the drone
8: end for
9: for 𝑅𝑜𝑢𝑡𝑒, 𝐷𝑟𝑜𝑛𝑒𝐸𝑛𝑒𝑟𝑔𝑦 in 𝐷𝑟𝑜𝑛𝑒𝑅𝑜𝑢𝑡𝑒𝑠, 𝑆𝑢𝑚𝐷𝑟𝑜𝑛𝑒𝐸𝑛𝑒𝑟𝑔𝑦 do

10: if 𝐷𝑟𝑜𝑛𝑒𝐸𝑛𝑒𝑟𝑔𝑦 > 𝐸 then
11: 𝑁𝑒𝑤𝑅𝑜𝑢𝑡𝑒.𝑎𝑝𝑝𝑒𝑛𝑑(𝑅𝑜𝑢𝑡𝑒(−1))
12: 𝐷𝑒𝑙(𝑅𝑜𝑢𝑡𝑒(−1))
13: 𝐷𝑟𝑜𝑛𝑒𝑅𝑜𝑢𝑡𝑒𝑠.𝑎𝑝𝑝𝑒𝑛𝑑(𝑁𝑒𝑤𝑅𝑜𝑢𝑡𝑒)
14: 𝐷𝑟𝑜𝑛𝑒𝑅𝑜𝑢𝑡𝑒𝑠𝑁𝑢𝑚 = 𝐷𝑟𝑜𝑛𝑒𝑅𝑜𝑢𝑡𝑒𝑠𝑁𝑢𝑚 + 1 // Adjust the solution
15: end if
16: end for
17: return 𝐷𝑟𝑜𝑛𝑒𝑅𝑜𝑢𝑡𝑒𝑠𝑁𝑢𝑚, 𝐷𝑟𝑜𝑛𝑒𝑅𝑜𝑢𝑡𝑒𝑠

Step 5: Determine whether the supply deployment program is fair

The fairness of the scheme is judged by calculating the total value of the relative deprivation cost generated
by the material deployment scheme obtained from Step 4. The pseudocode for calculating the total value of
relative deprivation cost is shown in Algorithm 5. The default state of relative fairness is reached when the
total value of relative deprivation cost is less than the set fairness threshold 𝜉; thus, a penalty factor 𝜌 [46]
is introduced to make the algorithm actively seek feasible solutions and interfere with the calculation of the
deployment scheme cost. The feasible solution with the best possible fairness can be quickly screened to a great
extent during the subsequent iterations of GA to obtain a good deployment scheme for the drone material in the

Algorithm 5. Function for calculating total relative deprivation cost.
Input: Drone Routes; Demand Matrix 𝑄; Load Matrix 𝑞; Time Matrix 𝑠; Punishment Cost 𝜌; Equity Value 𝜉;
Output: Sum Relative Deprivation Cost 𝑅𝐷𝐶; Sum Punishment Cost 𝑃𝐶
1: 𝑅𝐷𝐶 = 0, 𝑃𝐶 = 0 // Initialization parameters
2: for 𝑅𝑜𝑢𝑡𝑒 in 𝐷𝑟𝑜𝑛𝑒𝑅𝑜𝑢𝑡𝑒𝑠 do
3: for 𝑖 in 𝑅𝑜𝑢𝑡𝑒 do
4: 𝑅𝑒𝑙𝑎𝑡𝑖𝑣𝑒𝐷𝑒𝑝𝑟𝑖𝑣𝑎𝑡𝑖𝑜𝑛𝐶𝑜𝑠𝑡 = 𝜔𝑞 (𝑖) 𝑠 (𝑖) + 𝜔(𝑄(𝑖) − 𝑞(𝑖)) * 𝑇 // Calculate the relative deprivation cost of each

disaster-affected site
5: 𝑅𝐷𝐶+ = 𝑅𝑒𝑙𝑎𝑡𝑖𝑣𝑒𝐷𝑒𝑝𝑟𝑖𝑣𝑎𝑡𝑖𝑜𝑛𝐶𝑜𝑠𝑡 // Calculate the total relative deprivation costs
6: end for
7: end for
8: if 𝑅𝐷𝐶 > 𝜉 then
9: 𝑃𝐶 = 𝜌 *( 𝑅𝐷𝐶 - 𝜉)

10: // Calculate penalty cost
11: end if
12: return 𝑅𝐷𝐶, 𝑃𝐶
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fair state. The penalty strategy, the most common technique in solving constrained optimization problems [42],
uses a penalty factor to deal with the fairness constraint. The solution space can be approximated purposefully
during the iterations of GA.

4.2. Fitness function

The drone distribution schemes with sufficient population size are constructed by the heuristic rule. The
fitness corresponding to each delivery scheme can be calculated separately. The model’s objective function for
the DRPE is the minimum problem. Thus, the fitness of each drone delivery scheme 𝑆𝑜𝑙 in the algorithm is
equal to the difference between the maximum of 𝐶(𝑆𝑜𝑙) value in all schemes and the current distribution scheme
𝐶(𝑆𝑜𝑙), which can be expressed as

𝐹𝑖𝑡𝑛𝑒𝑠𝑠(𝑆𝑜𝑙) = max(𝐶(𝑆𝑜𝑙))− 𝐶(𝑆𝑜𝑙) (4.1)

where 𝐶(𝑆𝑜𝑙) is the total cost of the distribution scheme 𝑇𝑜𝑡𝑎𝑙𝐶𝑜𝑠𝑡 plus the penalty cost due to noncompliance
with the fairness threshold constraint 𝑃𝐶. The smaller the value 𝐶(𝑆𝑜𝑙) is, the greater the fitness degree of the
corresponding scheme is. The 𝐶(𝑆𝑜𝑙) is expressed as:

𝐶(𝑆𝑜𝑙) = 𝑇𝑜𝑡𝑎𝑙𝐶𝑜𝑠𝑡 + 𝑃𝐶. (4.2)

4.3. Genetic operator

The real number encoding method is used to encode the drone delivery scheme. The 𝑛 disaster-affected sites
in the whole area are designed as substrings with 𝑛 genes, randomly arranged from the natural numbers of
1–𝑛 to represent the random delivery order of the drone to each affected point. For all the affected sites, the
distribution scheme is a set of routes encoded by real numbers. All the routes in the set traverse all the affected
sites. The schematic diagram of the drone delivery scheme in Figure 3 shows that the number of affected points
in the region is 7, that is, 𝑛 = 7. Moreover, the feasible solution shown in the diagram can be expressed as
(|246|35|71|) by real number encoding. The “|” represents the flight routes of different drones. The truck stop
(drone launch point or receiving point) 0 does not need to participate in the real number encoding during the
encoding process, which simplifies the encoding step to some extent and does not affect the initial solution
result. The specific genetic operation of HRGA is as follows:

1) Selection operator. The binary tournament selection method is adopted to improve the accuracy of the
solution and guarantee the convergence of HRGA as soon as possible by selecting the best individuals in
the population into the offspring population. The operation is repeated until the size of the new population
reaches the same size as the parent one.

2) Crossover operator and mutation operator. Order crossover (OX) operator and binary mutation operator
are used to perform crossover and mutation operations on individuals in the population. The operation
of the OX operator is shown in Figure 4a. Any two chromosomes in the population are selected as a pair
of chromosomes involved in the crossover operation, taking (|246|35|71|) and (|246|35|71|). For example,
Figure 4a shows that the fourth to the sixth gene in the chromosome is taken as the fixed gene sequence
(as shown in the red numerical part of the figure). The rest of the gene sequence is cleared as the crossover
sequence for the complementation operation. The gene complementation is performed according to the gene
order of the other chromosome. Thus, the duplicated genes are omitted until all genes are inserted to form
the complete chromosomal offspring.

The generated two chromosomal offspring have a certain probability of undergoing a binary mutation oper-
ation, as shown in Figure 4b. The third gene of the two chromosomes is mutated and exchanged. Thus, the
corresponding sixth gene also undergoes a mutation exchange operation to form a completely mutated chro-
mosomal offspring. This mutation operation changes the traditional mutation method, effectively overcomes
premature convergence, and improves the optimization speed of GA.
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Figure 4. Schematic diagram of the OX operator operation and the binary mutation operation.

5. Numerical experiments and analysis

A series of arithmetic cases was designed and tested for numerical experiments to verify the effect of HRGA.
The results of HRGA were compared with those of the MIP model and traditional GA. HRGA was implemented
with Python programming. The compiler is Python 3.8, and the computer configuration is an Intel Core i5-
7200U CPU running at 2.50 GHz and 4 GB. The MIP model was implemented by CPLEX 12.8.

5.1. Cases and parameter settings

The experimental cases were selected from the open-source data of Augerat [2] in the CVRP standard case
library. They were improved as follows to adapt to the realistic situation of the model. The emergency material
type, which was not heterogeneous, was set to 1. The unit weight of the material was set to 0.1kg to adapt to
the drone weight. The horizontal and vertical coordinates of the nodes were multiplied by 0.5 to be controlled
within 50. The unit used was kilometers to meet the realistic situation of the affected sites. The stable flight
speed of the drone was set to 10 km/h, and the parameters in the energy consumption function and deprivation
cost function of the drone were set to 𝛽0 = 1.58 [51], 𝛽1 = 0.217 [51], and 𝜔 = 100 [4].

Algorithm parameters have a certain impact on the performance of the algorithm, and excellent parameters
can improve the performance of the algorithm to a certain extent, so it is very important to determine the
reasonable parameter value. Taguchi design is a parametric design method that originated in the field of quality
management and aims to determine the optimal horizontal combination of parameters with the least number
of tests, and has been widely used for its superior reliability, reproducibility, and simple analysis [38]. The
Taguchi method mainly measures the advantages and disadvantages of parameters through the signal-to-noise
ratio, and the larger the signal-to-noise ratio, the more reasonable the corresponding parameter setting. The
objective function of the DRPE problem is to minimize the system cost of drone delivery, and the corresponding
signal-to-noise ratio formula is selected as follows:

𝑆/𝑁 = −10 * log10

(︃∑︁
𝑡∈𝑛

(︁
𝐹 2

𝑡 /𝑛
)︁)︃

(5.1)

where 𝑛 is the number of executions of the algorithm at each parameter level, and 𝐹𝑡 is the response value, that is,
the objective function value of the 𝑡th experiment. The parameters of traditional GA and HRGA mainly include:
population size, crossover ratio, and mutation ratio. The optimization was carried out by the Taguchi analysis
method to determine its optimal value. Considering the optimization of orthogonal experimental design, four
levels were taken for each parameter, the population size was taken from {100, 200, 300, 400}, the crossover rate
was taken from {0.5, 0.6, 0.7, 0.8}, and the mutation rate was taken from {0.1, 0.2, 0.3, 0.4}. The L16 orthogonal
test table was used for the analysis, and the experiment was repeated five times for each horizontal combination.
Tables 2 and 3 show the orthogonal test results of the Taguchi analysis, the experimental values of the total
cost under each scheme, and the corresponding signal-to-noise ratio and mean value.
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Table 2. HRGA Taguchi design analysis.

No.
Population
size

Crossover
rate

Mutation
rate

Run-1 Run-2 Run-3 Run-4 Run-5 Avg. S/N

1 100 0.5 0.1 412.17 412.41 401.91 405.83 423.06 411.08 −52.280
2 100 0.6 0.2 345.30 344.20 336.44 338.98 358.51 344.69 −50.751
3 100 0.7 0.3 365.89 365.20 356.60 359.56 404.61 370.37 −51.382
4 100 0.8 0.4 365.59 364.90 356.31 359.27 424.24 374.06 −51.479
5 200 0.5 0.2 307.91 306.07 299.83 301.60 307.91 304.67 −49.677
6 200 0.6 0.1 343.31 342.18 334.49 336.99 343.31 340.06 −50.632
7 200 0.7 0.4 387.25 386.99 377.51 380.92 387.25 383.98 −51.687
8 200 0.8 0.3 311.08 309.30 302.93 304.77 311.08 307.83 −49.767
9 300 0.5 0.3 300.44 298.45 292.51 293.13 375.34 311.98 −49.927
10 300 0.6 0.4 363.56 362.83 354.32 356.24 355.01 358.39 −51.088
11 300 0.7 0.1 317.61 315.96 309.32 310.30 391.88 329.02 −50.384
12 300 0.8 0.2 324.55 346.08 327.04 309.22 289.90 319.36 −50.101
13 400 0.5 0.4 360.05 359.25 350.88 352.72 313.58 347.29 −50.825
14 400 0.6 0.3 352.48 351.53 343.47 345.16 350.72 348.67 −50.849
15 400 0.7 0.2 315.95 314.27 307.70 308.64 293.57 308.02 −49.775
16 400 0.8 0.1 349.65 348.65 340.70 342.33 305.63 337.39 −50.573

Table 3. GA Taguchi design analysis.

No.
Population
size

Crossover
rate

Mutation
rate

Run-1 Run-2 Run-3 Run-4 Run-5 Avg. S/N

1 100 0.5 0.1 434.21 432.89 435.18 434.09 419.34 431.14 −52.693
2 100 0.6 0.2 427.02 410.56 413.14 396.91 373.55 404.24 −52.141
3 100 0.7 0.3 435.74 434.45 436.67 435.62 435.74 435.64 −52.783
4 100 0.8 0.4 466.95 466.29 478.24 466.82 481.57 471.97 −53.479
5 200 0.5 0.2 320.52 346.93 303.86 310.44 320.52 320.45 −50.124
6 200 0.6 0.1 324.67 313.16 327.91 324.58 324.67 323.00 −50.185
7 200 0.7 0.4 451.66 454.89 442.06 437.54 452.34 447.70 −53.021
8 200 0.8 0.3 389.22 397.00 381.12 389.12 432.64 397.82 −52.003
9 300 0.5 0.3 335.11 341.81 328.13 335.02 318.03 331.62 −50.415
10 300 0.6 0.4 448.03 456.99 438.71 447.91 420.75 442.48 −52.921
11 300 0.7 0.1 319.32 325.70 312.67 319.23 327.25 320.83 −50.127
12 300 0.8 0.2 337.04 343.78 330.03 336.95 431.54 355.87 −51.075
13 400 0.5 0.4 428.29 436.86 419.38 428.18 432.06 428.96 −52.649
14 400 0.6 0.3 419.68 418.07 421.95 419.57 383.61 412.58 −52.315
15 400 0.7 0.2 324.55 341.04 310.80 321.47 366.77 332.93 −50.462
16 400 0.8 0.1 369.42 370.81 355.74 369.32 310.74 355.21 −51.028

The following figures show the main effect plots of the average signal-to-noise ratio and the mean main effect
plots of each parameter of the two algorithms at different levels. As can be seen in Figure 5, the population size
of the HRGA is 200, the crossover ratio is 0.8, and the mutation ratio is 0.2, and the corresponding signal-to-
noise ratio is the largest, and the corresponding mean of the total cost is correspondingly smallest, as shown in
Figure 6. Similarly, the population size of the GA is 300, the crossover ratio is 0.5, and the mutation ratio is
0.2, and the corresponding signal-to-noise ratio is the largest, and the corresponding mean of the total cost is
also correspondingly smallest, as shown in Figures 7 and 8.

Based on the above analysis, the parameters of the algorithms are set as shown in Table 4.
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Figure 5. Main effect plot of signal-to-noise ratio of HRGA orthogonal test.

Figure 6. HRGA orthogonal test mean principal effect plot.

Figure 7. Main effect plot of signal-to-noise ratio of HRGA orthogonal test.

Figure 8. GA orthogonal test mean principal effect plot.

5.2. Comparing experiments for solving CPLEX and HRGA

In this paper, CPLEX is used to obtain the exact solution of small-scale cases, and the effectiveness and
accuracy of HRGA are compared and verified. The experimental results of small-scale cases are shown in
Table 5. In the experimental results, 𝐴 stands for the abbreviation of Augerat, 𝑛 denotes the number of affected
points, 𝑘 denotes the number of available drones, 𝑅𝑁 denotes the number of path strips, 𝑇𝐶 denotes the total
cost, 𝑅𝑇 denotes the running time, and 𝐺𝑎𝑝𝐶𝑃𝐿𝐸𝑋 = (𝑇𝐶(𝐻𝑅𝐺𝐴) − 𝑇𝐶(𝐶𝑃𝐿𝐸𝑋))/𝑇𝐶(𝐶𝑃𝐿𝐸𝑋) * 100%.
The value with an asterisk means that the optimal solution is not obtained by CPLEX in the specified time,
and only a feasible solution can be obtained.
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Table 4. Parameter settings for GA and HRGA.

Algorithm Parameter Parameter range Final parameter
value

HRGA Population size {100, 200, 300, 400} 200
Crossover rate {0.5, 0.6, 0.7, 0.8} 0.8
Mutation rate {0.1, 0.2, 0.3, 0.4} 0.2

GA Population size {100, 200, 300, 400} 300
Crossover rate {0.5, 0.6, 0.7, 0.8} 0.5
Mutation rate {0.1, 0.2, 0.3, 0.4} 0.2

Table 5. Comparison results of HRGA and CPLEX for solving small-scale cases.

Case name
CPLEX Best Sol. HRGA Best Sol.

𝐺𝑎𝑝𝐶𝑃𝐿𝐸𝑋 Reduction rateRN TC RT RN TC RT

A-n8-k5 3 142.01 3.88 3 144.56 8.31 1.77% –
A-n9-k5 3 146.83 1.37 3 147.29 8.94 0.31% –
A-n10-k5 3 147.49 2.57 3 151.20 9.10 2.45% –
A-n11-k5 3 152.00 3.30 3 153.65 9.61 1.08% –
A-n12-k5 3 155.47 11.38 3 155.90 10.23 0.27% 10.12%
A-n13-k5 3 156.47 16.28 3 159.15 11.00 1.68% 32.42%
A-n14-k5 3 161.90 41.59 3 164.48 12.18 1.57% 70.71%
A-n15-k5 4 199.29 59.10 4 205.31 17.05 2.93% 71.16%
A-n16-k5 4 202.32 52.74 4 208.84 17.88 3.12% 66.10%
A-n17-k5 4 206.42* 14400 4 209.67 18.57 1.55% 99.87%
A-n18-k5 4 210.49* 14400 4 214.66 18.25 1.94% 99.87%
A-n19-k5 4 220.24* 14400 4 224.59 24.35 1.94% 99.83%
Average – 175.07 3616.02 – 178.27 13.79 1.72% 68.76%

Notes. These values represent feasible solutions output by CPLEX, as CPLEX failed to find the optimal solution within
the specified time (14400 s, i.e., 4 h). All other values without asterisks are exact optimal solutions obtained by CPLEX.

The difference between the solutions obtained by HRGA and the satisfactory solutions obtained by the
CPLEX solver is only 0.27%–3.12%. The running time of HRGA is within 25 s, which is a few times less than
the computation time consumed by CPLEX. Meanwhile, HRGA corresponds to fewer paths than the solution
of CPLEX. This finding indicates that it effectively optimizes the drone number of routes and reduces the
drone fixed cost. The DRPE is an NP-hard problem. Thus, the solution time of the CPLEX solver increases
exponentially with the increasing size of the cases. Therefore, finding a good solution for large cases is difficult for
the CPLEX. HRGA can continuously find good feasible solutions in large population iterations, preserve good
solutions by using the binary tournament method, and generate good new solutions with certain probability
through selection and variation operators. Thus, the algorithm is prevented from falling into the local optimum
quickly. Therefore, HRGA can effectively solve such problems.

5.3. Comparing experiments for solving GA and HRGA

For large-scale cases, this paper compares and analyzes with traditional GA to further verify the advancement
and universality of HRGA. For each case, the two algorithms are run independently 20 times under two different
fairness thresholds (𝜉), 𝜉𝑚𝑎𝑥 is obtained by equation (3.4), and 𝜉 is set to 0.9𝜉𝑚𝑎𝑥 and 0.8𝜉𝑚𝑎𝑥 respectively.
The experimental results are shown in Tables 6 and 7, 𝐵𝑒𝑠𝑡 represents the optimal solution of 20 operations,
𝑊𝑜𝑟𝑠𝑡 represents the worst solution of 20 operations, 𝐴𝑣𝑒𝑟𝑎𝑔𝑒 represents the average result of 20 operations,
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Table 6. Comparison results of GA and HRGA for solving large-scale cases under high fairness
threshold.

Case name 0.9𝜉𝑚𝑎𝑥

GA HRGA
𝐺𝑎𝑝𝐺𝐴RN Worst Best Average RDC RN Worst Best Average RDC

A-n30-k8 21497.93 6 389.40 384.54 386.97 18839.91 6 407.42 322.76 373.26 20348.30 −3.54%
A-n32-k8 25430.23 7 488.06 390.86 438.35 22508.96 7 428.79 367.70 403.18 22042.76 −8.02%
A-n34-k8 27992.63 7 487.88 387.93 457.58 23989.56 7 449.59 383.51 422.98 23488.77 −7.56%
A-n40-k10 33943.15 9 620.07 546.04 592.74 29079.67 9 593.96 510.80 551.43 29411.16 −6.97%
A-n42-k10 36377.33 9 634.95 567.94 594.79 32822.85 8 576.65 463.93 527.03 34508.31 −11.39%
A-n45-k10 36725.89 9 730.61 624.94 660.58 34931.51 9 720.07 584.42 618.33 34792.03 −6.40%
A-n50-k12 43053.70 11 865.16 687.14 791.20 39410.47 11 757.47 753.23 754.29 38301.80 −4.67%
A-n55-k12 52084.42 10 800.64 709.31 752.91 49485.82 10 783.65 676.96 703.63 49354.67 −6.54%
A-n70-k16 71220.50 12 1185.43 942.83 1074.78 70877.61 13 1037.39 981.99 995.88 67548.69 −7.34%
A-n74-k16 75058.81 14 1107.79 1007.72 1082.77 70144.13 14 1053.60 1031.67 1042.64 70013.62 −3.71%
A-n90-k18 93539.44 16 1353.30 1254.02 1317.45 88278.22 16 1260.37 1255.08 1258.73 86731.05 −4.46%
A-n95-k18 104718.88 17 1392.79 1347.61 1358.90 95644.28 17 1364.54 1159.21 1273.41 93570.83 −6.29%
Average – – 838.01 737.57 792.42 48001.08 – 786.12 707.61 743.73 47509.33 −6.14%

𝑅𝑁 represents the average number of drones that are run 20 times, 𝑅𝐷𝐶 is the average of the total relative
deprivation cost of 20 operations, and 𝐺𝑎𝑝𝐺𝐴 = (𝑇𝐶(𝐻𝑅𝐺𝐴) − 𝑇𝐶(𝐺𝐴))/𝑇𝐶(𝐺𝐴) * 100%, when 𝐺𝑎𝑝𝐺𝐴 is
negative, it means that the solution result of HRGA is better than that obtained by GA.

In the case of 30 or more disaster points, the advantage of HRGA is considerable, with a solution quality
improvement of 0.68%–11.55%. The satisfactory solutions obtained by HRGA running in all cases are generally
better than those of GA. The 𝑅𝐷𝐶 of the solutions of both algorithms are not greater than the fairness threshold
based on the total value of relative deprivation cost set by the model operation. However, the 𝑅𝐷𝐶 in the optimal
solutions obtained by HRGA are generally lower than those obtained by GA because HRGA guarantees the
lowest total system cost with the highest fairness under the condition of a given fairness threshold. During
the operation of the algorithm, the total relative deprivation costs were reduced by increasing the drone path
and reducing the disaster points on each route to ensure the fairness of the distribution process. The solutions
corresponding to the total value of relative deprivation cost obtained by HRGA do not exceed the given fairness
threshold when the fairness threshold 𝜉 based on the total value of relative deprivation cost is gradually reduced.
This finding fully illustrates the feasibility of the algorithm, as shown in Tables 6 and 7. For each case, the 𝑇𝐶
increases with the decreasing 𝜉 when the drone battery capacities are the same. This scenario verifies that the
fairness threshold based on the total value of relative deprivation cost has a constraining effect on the solutions
obtained by the algorithm.

5.4. Convergence analysis

Taking the case “A-n45-k10” as an example, the efficiency of the heuristic rule in HRGA for generating
initial solutions proposed in this paper is tested. The average optimization total cost 𝐶(𝑆𝑜𝑙) using random
initial solutions in the GA algorithm is 660.58. The average optimization total cost 𝐶(𝑆𝑜𝑙) of HRGA using
the heuristic rule is 618.33, and the average running time is 8.4 seconds, which is better than GA. Figure 9a
shows the iterative convergence curve when HRGA uses the heuristic rule to construct the initial solution of the
drone distribution route, and Figure 9b shows the iterative convergence curve when GA generates the initial
solution randomly. HRGA uses a greedy strategy to maximize drone capacity and construct initial solutions,
which is different from the random generation method of the original GA algorithm. This greatly saves delivery
costs and reduces drone capacity waste, in order to optimize the total cost of the drone allocation system to
an approximate optimal solution in the early stages of iteration. Although GA converges quickly, there is still a
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Table 7. Comparison results of GA and HRGA for solving large-scale cases under low fairness
threshold.

Case name 0.8𝜉𝑚𝑎𝑥

GA HRGA
𝐺𝑎𝑝𝐺𝐴RN Worst Best Average RDC RN Worst Best Average RDC

A-n30-k8 19109.27 7 452.75 383.30 411.73 17643.97 6 423.44 374.94 388.13 18430.57 −5.73%
A-n32-k8 22604.65 8 510.93 416.74 480.97 21049.66 7 435.89 417.04 425.43 21281.82 −11.55%
A-n34-k8 24882.34 7 457.97 400.39 441.79 23454.78 7 483.75 417.62 434.15 23378.29 −1.73%
A-n40-k10 30171.69 10 644.50 583.09 613.79 26706.58 9 570.97 566.67 568.82 27486.85 −7.33%
A-n42-k10 32335.40 9 632.94 563.09 615.48 31345.55 9 619.03 588.48 596.12 30479.43 −3.15%
A-n45-k10 32645.24 10 750.32 704.83 716.20 32193.13 10 672.25 655.94 660.02 32443.79 −7.84%
A-n50-k12 38269.96 11 824.12 791.43 815.95 37557.50 11 824.12 785.56 802.96 37987.14 −1.59%
A-n55-k12 46297.26 11 837.46 788.86 801.01 44956.69 11 821.74 786.87 795.59 45288.82 −0.68%
A-n70-k16 63307.11 15 1291.73 945.27 1142.42 62486.54 14 1106.77 955.99 1029.14 61615.56 −9.92%
A-n74-k16 66718.95 14 1176.90 1040.91 1118.01 65623.05 14 1060.50 1040.91 1052.79 63546.57 −5.83%
A-n90-k18 83146.17 16 1368.25 1264.26 1336.70 82204.98 17 1368.82 1217.69 1276.71 81347.71 −4.49%
A-n95-k18 93083.44 18 1448.41 1396.88 1421.92 91399.66 . 17 1439.87 1229.58 1290.72 90559.85 −9.23%
Average – – 866.35 773.25 826.33 44718.51 - - 818.93 753.11 776.71 44487.20 −6.00%

Figure 9. Convergence curves of 𝐶(𝑆𝑜𝑙) function values for HRGA and GA.

gap from HRGA. HRGA quickly optimizes the solution space of the drone’s route and speeds up the algorithm
convergence rate by judging the drone capacity as well as the battery for several times at the beginning of the
algorithm operation, which is better than GA. GA is too blind searching in each iteration to make any judgment
on the impractical solution in solution space, so that the optimization effect is not obvious. The HRGA proposed
in this paper can effectively improve the convergence efficiency and effect of the solution.

5.5. Sensitivity analysis

In order to identify the influence of key parameters, sensitivity analysis was performed on the maximum
drone payload (𝐶𝑎𝑝𝑎𝑐𝑖𝑡𝑦), drone battery capacity (𝐸𝑛𝑒𝑟𝑔𝑦) and fairness threshold (𝜉) based on the total value
of relative deprivation cost. Each parameter is set at 6 levels, based on case A-n30-k10, a total of 18 scenarios are
generated, and each scenario is run independently for 20 times. The average results are shown in Tables 8–11,
in which the changes of the total system cost 𝑇𝐶 and the total relative deprivation cost 𝑅𝐷𝐶 with parameter
fluctuations are shown in Figure 10.
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Table 8. Effect of different drone payload on path decision objectives.

No. Capacity RN TC RDC Optimal route solution

1 5 9 472.48 16242.15
0-6-7-20-9-1-0, 0-8-17-16-4-0, 0-30-18-27-0,

0-12-26-0, 0-13-5-0, 0-10-11-19-0, 0-28-2-14-0, 0-15-23-3-0,
0-21-22-25-24-29-0

2 6 8 435.91 16667.55
0-30-20-11-19-0, 0-26-24-29-9-1-0,

0-22-23-25-0, 0-4-16-17-18-0, 0-12-28-0, 0-5-10-27-0, 0-3-21-13-6-0,
0-2-7-8-14-15-0

3 7 6 345.74 18968.92
0-11-18-5-6-27-0, 0-13-15-14-16-0,

0-4-17-8-7-19-10-0, 0-30-20-9-29-24-1-0, 0-28-2-12-26-21-0,
0-3-25-23-22-0

4 8 6 335.23 20046.07
0-16-14-15-13-0, 0-10-11-19-7-8-17-4-0,

0-18-22-23-21-0, 0-3-25-24-29-9-20-30-0, 0-28-26-2-5-6-0,
0-12-1-27-0

5 9 5 297.41 18261.60
0-8-19-11-10-7-18-0, 0-13-14-4-5-0,

0-21-23-22-15-16-17-6-0, 0-1-30-20-9-2-27-0,
0-28-12-26-3-25-24-29-0

6 10 5 302.13 18275.8
0-6-5-4-16-14-15-0, 0-13-2-1-30-20-9-29-24-0,
0-21-12-10-11-19-27-0, 0-28-26-3-25-23-22-0,

0-7-8-17-18-0

Figure 10. The impact of the parameters on 𝑇𝐶 and 𝑅𝐷𝐶.

Change the value of the maximum payload 𝐶𝑎𝑝𝑎𝑐𝑖𝑡𝑦 of the drone and observe the change of the target value
of the decision, and the results are shown in Table 8. With the increase of the maximum payload of the drone,
the total cost of the system 𝑇𝐶 will be reduced as shown in Figure 10a, and even the reduction of the number
of 𝑅𝑁s enabled by the drone, which indicates that the increase of the maximum payload of the drone will
affect the reduction of the total cost of the system 𝑇𝐶, and the improvement of the payload of the drone is an
important factor to reduce the total distribution cost of the drone. When the maximum payload level of the
drone gradually increases, the drone will tend to rescue more disaster points if the fairness threshold based on
the relative deprivation of the total cost value allows, which may lead to a decrease in the number of drones
used (see Figs. 11a and 11b), so the overall cost of the system is reduced.

The change in the target value of the decision was observed by changing 𝐸𝑛𝑒𝑟𝑔𝑦 of the drone battery capacity.
Table 9 shows that the total system cost 𝑇𝐶 increases with the decrease in the 𝐸𝑛𝑒𝑟𝑔𝑦 of the drone battery
capacity. The increase in the 𝑅𝑁 is also affected. This finding indicates that reducing the 𝐸𝑛𝑒𝑟𝑔𝑦 of drone
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Table 9. Effect of different drone battery capacities on path decision objectives.

No. Energy RN TC RDC Optimal route solution

1 1500 9 515.90 17705.90
0-4-16-17-8-7-0, 0-22-15-14-0, 0-2-5-6-13-10-0,

0-28-9-30-1-12-0, 0-27-25-24-26-0, 0-23-21-0, 0-19-29-0,
0-20-3-0, 0-11-18-0

2 1600 9 503.36 17530.12
0-30-24-29-12-0, 0-27-7-19-11-10-20-0,

0-21-15-22-23-0, 0-28-16-6-4-2-0, 0-5-14-8-1-0, 0-3-13-0, 0-9-25-0,
0-18-17-0, 0-26-0

3 1700 8 481.32 18008.23
0-10-19-13-0, 0-4-14-16-18-2-0,

0-5-26-29-24-12-6-0, 0-28-15-3-21-0, 0-27-1-20-9-7-8-0, 0-25-17-0,
0-11-30-0, 0-22-23-0

4 1800 6 367.33 19058.70
0-26-24-29-23-0, 0-28-5-6-4-21-3-25-0,

0-12-13-14-16-17-0, 0-30-20-9-1-10-27-0, 0-18-8-19-11-7-2-0,
0-15-22-0

5 1900 6 354.53 21289.66
0-20-30-11-10-1-0, 0-5-8-18-19-7-28-0,

0-4-17-16-14-13-27-0, 0-6-15-22-23-3-21-0, 0-26-2-12-25-24-29-0,
0-9-0

6 2000 5 332.74 21911.52
0-27-28-21-1-30-10-0,

0-14-15-5-6-18-8-0, 0-13-2-16-4-7-17-0, 0-23-22-3-25-24-26-0,
0-12-29-9-20-11-19-0

battery capacity affects the increase in the 𝑇𝐶 of the total system cost as shown in Figure 10(b). Moreover,
the improvement of the drone endurance capacity is an important factor in the reduction of the total delivery
cost of drones. When the drone battery capacity decreases, the drone tends to rescue a few disaster-affected
sites. This scenario is allowed by the fairness threshold 𝜉. Moreover, the implementation of material rationing is
accelerated to some extent, and the trauma of disaster victims can be alleviated. The deployment path of each
drone is shortened, leading to an increase in the number of drones to be used and the emergence of a single
drone dedicated to a single disaster-affected site (see Figs. 11c and 11d). The total cost of the system as a whole
increases because each drone has a short deployment route.

The change in the decision target value is observed by changing the value of the fairness threshold 𝜉. Table 11
shows that the total system cost 𝑇𝐶 increases gradually with the gradual decrease in the 𝑅𝐷𝐶. This scenario
also leads to an increase in the number of drones to be used (see Figs. 11e and 11f). If the number of drones to be
used increases, the number of disaster-affected sites where each drone is responsible for distribution decreases.
This scenario can lead all sites to receive supplies ahead of time to a certain extent. Thus, the victims suffering
trauma weaken, and the rescue fairness is high as shown in Figure 10c. This finding suggests that reduced
𝑅𝐷𝐶s affect the time of receiving emergency supplies for all affected sites, thereby increasing the total cost of
the system. Therefore, the fairness threshold based on the total relative deprivation costs is an important factor
for measuring regional equitable rescue. The early time point of receiving emergency supplies at the affected
site means that the victims at the affected site do not have to tolerate a long waiting time to receive emergency
medical supplies. Thus, each drone may tend to rescue fewer affected sites, depending on the battery capacity.
Therefore, the number of drones to be used increases, and the time for emergency medical supply deployment to
and from the truck stop is saved. In summary, based on the total value of relative deprivation cost, the impact
of drone battery capacity and the fairness threshold must be considered in drone emergency supply deployment
path planning.

The sensitivity analysis indicates that the number of drones and the total cost of the system can be controlled
well if the decision to deploy emergency supplies is based on the minimum economic cost. However, good results
may not necessarily be achieved in terms of relieving the psychological trauma of the victims, which is important
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Figure 11. Some best solutions by HRGA for A-n30-k10 in different scenarios

Table 10. Effect of different fairness thresholds on path decision objectives.

No. 𝜉 RN TC RDC Optimal route solution

1 16000 8 506.02 15971.80
0-13-5-27-28-1-17-0,

0-12-9-8-18-0, 0-4-16-2-25-0, 0-26-21-3-29-7-6-0, 0-19-11-20-24-0,
0-10-30-15-0, 0-23-22-0, 0-14-0

2 17000 7 425.60 16680.26
0-5-13-2-28-26-21-0,

0-27-4-16-14-18-7-0, 0-3-23-22-17-6-0, 0-12-1-30-20-15-0,
0-11-19-8-10-0, 0-9-29-24-0, 0-25-0

3 18000 6 383.57 17934.78
0-27-13-2-28-18-7-17-0,

0-1-9-8-4-0, 0-5-16-14-15-25-24-0, 0-26-21-22-3-29-12-6-0,
0-30-20-11-19-10-0, 0-23-0

4 19000 6 421.62 18808.16
0-13-5-16-4-15-0,

0-28-21-3-9-7-18-0, 0-23-25-24-29-6-1-0, 0-26-12-2-22-8-0,
0-27-30-11-10-20-17-0, 0-14-19-0

5 20000 6 382.12 19348.84
0-1-9-8-4-0,

0-28-12-3-25-2-5-18-0, 0-13-6-17-16-14-15-21-0, 0-26-29-30-10-7-0,
0-27-19-11-20-24-0, 0-22-23-0

6 21000 6 377.70 19483.68
0-5-13-3-26-2-21-0,

0-28-18-15-16-7-0, 0-22-23-25-29-24-0, 0-12-20-1-10-11-19-0,
0-27-6-4-8-17-14-0, 0-9-30-0
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Table 11. Effect of different disaster severity weight on path decision objectives.

{𝛼𝑖} 𝜉 RN TC RDC Route

{ 1,1,1,1,1,1,1,1,1,1, 30000 3 189.722 14715.487 7-16-4-5-1-11-2, 12-14-13-15-3,
1,1,1,1,1,1,1,1,1,1} 17-6-18-10-9-19-8-0
{1,1,1,1,1,1,1,1,1,1, 30000 3 208.97 27921.796 2-1-5-3-7-16-15-12, 11-8-19-10-9-0,
1,1,1,1,1,1,1,1,1,3} 4-14-13-17-18-6

in humanitarian relief. We should not pursue the improvement of the battery capacity of drones in developing
the decision-making scheme. Although drones with high range levels can distribute supplies to many disaster-
affected sites, unfair phenomena may appear. Within the range of economic costs allowed, the smaller the
threshold of fairness is based on the total value of relative deprivation costs, the more equitable the scheme will
be. Moreover, considering the deployment plan of drones as an essential decision indicator can obtain equitable
results.

5.6. Results of additional experiments

In the aftermath of a disaster, the heterogeneity in the severity of affected areas significantly impacts the
perceived fairness of resource distribution. Traditional models often overlook the varying degrees of disaster
impact, leading to potential disparities in aid effectiveness. By incorporating the heterogeneity of affected sites
into the logistics planning, it can achieve a more equitable distribution of resources that better aligns with
real-world needs. This method is conducive to delivering aid that meets the specific situation and urgency
of each location, thereby improving the overall efficiency and fairness of rescue work. Therefore, this article
extends the model and modifies the fairness constraint in the model by simply summing up 𝑅𝐷𝐶𝑖 for different
disaster-affected sites. Each disaster-affected site is assigned a disaster severity weight 𝛼𝑖 (𝛼𝑖 ∈ [1, +∞]), where
a larger 𝛼𝑖 indicates a greater degree of disaster. The modified fairness constraint is shown in equation (5.2).
Subsequently, a case study with 20 disaster-affected sites was selected. Assuming that the 20th disaster-affected
site was severely affected. Therefore, modify the 𝛼𝑖 of the 20th disaster point, determine the appropriate value
of 𝜉, and run the HRGA algorithm 20 times to obtain the optimal path scheme as shown in Tabel 11∑︁

𝑖∈𝑁

𝑅𝐷𝐶𝑖 * 𝛼𝑖 ≤ 𝜉. (5.2)

6. Conclusions

In this study, we investigate the drone emergency material deployment problem with a dynamic energy
consumption constraint. We also construct the corresponding mixed integer programming model MIP and
design HRGA to obtain a satisfactory solution. The analysis of the case results shows that the drone battery
capacity and the fairness threshold based on the total relative deprivation cost affect the total cost of distribution
by influencing the drone flight time and the number of drones activated, thereby considerably impacting the
planning decision of emergency material deployment. HRGA performs well in small-scale cases. It is also stable
in large-scale cases.

The research results of this study indicate that the follow-up research will build a realistic distribution model
for drones that can participate in humanitarian rescue. The follow-up research will further consider the allocation
of emergency materials in the disaster-stricken areas within a wide range, classify the disaster-stricken areas, and
use the two-stage material allocation model of Truck-drone to carry out the rescue work at the disaster-stricken
areas. It will further provide a reference for the formulation of a deployment scheme in actual rescue scenarios.
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