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ARTICLE INFO ABSTRACT

Keywords: Icy rainfall and snowfall in 2024 Spring Festival struck the high-speed railway catenary systems and caused
Drone scheduling serious traffic disruptions in central and eastern China. Deicing drones are an effective method in response to
Catenary deicing these freezing events due to their fast speed and high environmental tolerance. However, the large disaster-
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affected area and the large scale and complexity of catenary networks make deicing drone scheduling a very
difficult problem. In this paper, we formulate two versions of deicing drone scheduling problem, one for single
drone scheduling and the other for multiple drone scheduling. Unlike most existing vehicle/drone routing
problems, our problem aims to minimize the total negative effect caused by the freezing events on train
operations, which reflects the prime concern of the decision-maker and is highly complex. To efficiently solve
the problem, we propose a reinforcement learning assisted memetic optimization algorithm, which integrates
global mutation and a set of neighborhood search operators adaptively selected by deep reinforcement learning.
Computational results on real-world problem instances demonstrate its significant performance advantages over
selected popular optimization algorithms in the literature.

1. Introduction the negative effect on the train operations. However, the affected area
is large and the deicing workload is high. Moreover, the catenary

January and February 2024 were the famous Chinese Spring Festi- network structure and its cascading effects on the train operations are
val travel rush, during which the railway transportation was subject to complex: when we complete the deicing work on a catenary line, the
heavy traffic. Unfortunately, from January 31 to February 5, a wave of  corresponding railway section can be opened; however, given a train
severe blizzards and freezing rain weather swept across 18 provincial- passing through the railway section, if any preceding railway section
level areas in central and eastern China. Icy rainfall and snowfall froze is not opened, the work does not take effect on the restoration of the
on wires of the catenary systems over the railway, obstructing power train operation. Given the large number of lines (i.e., edges/segments)

supply of the high-speed trains, forcing the trains to out of action or run
at lower speeds, and leaving millions of passengers stranded at railway
stations. Fig. 1(a) presents a picture of high-speed trains suspended in
Hankou Station due to the icing disaster.

Deicing drones (i.e., unmanned aerial vehicles, UAVs) are an ef-
fective method in response to power grid icing [1]. An illustrative
example is shown in Fig. 1(b), where a deicer hanged on a fixed-wing
drone slides along a wire to break the snow and ice on it. Compared
to human workers carrying deicing equipment, deicing drones have
many advantages including fast speed, high work efficiency, accessi-
bility to human-inaccessible or dangerous sites, tolerance under harsh
environments, and preventing humans from the danger of electric

of the catenary network to be deiced, the problem of deicing drone
scheduling is very difficult, especially when there are multiple drones
to be scheduled.

To address the above issues, in this study, we formulate two versions
of deicing drone scheduling problem, one for single drone scheduling
and the other for multiple drone scheduling. The objective of the
problem is to minimize the total negative effect caused by the freezing
events on train operations, which is evaluated based on the delay
or cancellation of trains under the scheduling solution. We propose
a memetic optimization algorithm, which integrates global mutation
search and a set of neighborhood search operators selected by deep

shock [2] reinforcement learning based on historical search knowledge to effi-
As a matter of course, the aim of deicing is to restore the catenary ciently solve the problem. We conduct extensive computational tests
network operations as soon as possible and, consequently, minimize on real-world problem instances, the results of which demonstrate the
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Fig. 1. (a) High-speed trains suspended due to the icing disaster. (b) A fixed-wing drone equipped with a deicer (from Hunan Daily).

performance advantages of our method over a number of selected pop-
ular optimization algorithms in the literature. The main contributions
of this paper can be summarized as follows:

» We formulate a practical problem of drone scheduling for rail-
way catenary deicing to minimize the total negative effect on
train operations. The objective function of the problem is signif-
icantly more complex that those of most existing vehicle rout-
ing/scheduling problems, as it not only calculates drone routes
and deicing times, but also evaluates the cascading effects on train
timetables, which is the prime concern of the decision-maker.
We propose a memetic algorithm integrating global mutation
search and neighborhood search to efficiently solve the problem,
where the neighborhood search is controlled by deep reinforce-
ment learning that predicts conditional selection probabilities
based on the states considering both solution fitness and diversity.
We validate the performance of the proposed algorithm through
extensive computational tests on real-world instances.

The remainder of this paper is organized as follows. Section 2
discusses related work, Section 3 presents the deicing drone schedul-
ing problem, Section 4 proposes the memetic optimization algorithm,
Section 5 presents the computational results, and Section 6 concludes
with a discussion.

2. Related work
2.1. Deicing scheduling

Deicing (written as de-icing in some literature) is one of the most
important techniques for restoring power networks stricken by icing
disasters. Current ice-melting and mechanical deicing are two most
widely used techniques. Current ice melting uses the thermal effect of
overcurrent/short-current on the wire to melt the ice. Although having
the advantages of high efficiency, current ice melting is power con-
suming and, more importantly, requires to cut the power transmission
during the deicing work [3]. Mechanical deicing, by contrast, uses
deicing devices attached to the conductors or wires to induce sustained
vibrations to shed ice, which is easier to use but more time-consuming
than current ice melting [4] when deicers are carried by human or
ground vehicles. The emerging drone technologies significantly im-
prove the applicability and efficiency of mechanical deicing by using
drones to carry deicers in high speed and to sites that are difficult to
access by human or ground vehicles.

For current ice melting scheduling, Huneault et al. [5] proposed
a dynamic programming method to determine deicing strategies by
minimizing ice buildup on power lines during ice storms over the set of
scenarios and over the time horizon spanning the anticipated duration
of the ice storm. Hou et al. [6] presented a multi-objective deicing
outage scheduling with the aim to minimize the ice thickness peak
value of icing lines and the expected energy not supplied of the system;

they used the non-dominated sorting genetic algorithm (NSGA-II) to
find the Pareto optimal solutions, from which the final deicing schedule
is chosen using a decision making method.

Nevertheless, few research works have been devoted to mechanical
deicing scheduling considering the use of drones, although there are
some studies on scheduling drones for power network failure detection
restoration. Deng et al. [7] proposed a multi-platform drone system,
in which different types of drones perform different functionalities
including long-distance and short-distance imaging and communica-
tion relay in power line inspection. Considering the use of industrial
Internet of drones for power line inspection, Zhou et al. [8] formu-
lated the energy consumption minimization as a joint optimization
problem involving trajectory scheduling, velocity control, relay se-
lection, and power allocation; they transformed the problem into a
two-stage suboptimal problem and solved it by combining dynamic
programming, auction theory, and matching theory. Zheng et al. [2]
studied a cooperative human-drone scheduling problem, where drones
are used to inspect faults, which are subsequently repaired by human
technicians; the authors proposed a cooperative evolutionary algorithm
that simultaneously evolves drone scheduling sub-solutions and human-
team scheduling sub-solutions to obtain an optimal or near-optimal
integrated solution. Atat et al. [9] proposed an optimization framework
for post-disaster drone-based damage assessment of overhead power
lines, which optimizes the drone flight paths to inspect the critical
loads in an efficient order to minimize the total inspection time while
considering drone battery recharging.

2.2. Vehicle and drone routing

Scheduling drones to perform deicing work on icing lines, from an
abstract perspective, can be regarded as a special version of vehicle
routing problem (VRP) by regarding drones as vehicles and icing lines
as customers. The special characteristics include that each customer
(line) has a service (deicing) time, the battery capacity of drones
should be explicitly considered, and the objective value should be
evaluated based on the train delay and cancellation under the deicing
solution rather than simply based on makespan. Dorling et al. [10]
presented two multi-trip VRPs for drone delivery integrating an energy
consumption model, one minimizing costs and the other minimizing
the overall delivery time, which were solved by a simulated annealing
heuristic for finding suboptimal solutions. Hong et al. [11] developed
a method for optimizing delivery routes of drones together with a
network of recharging station locations by integrating planar-space
routing, range-restricted flow-refueling location, and maximal coverage
location. Zheng et al. [12] proposed an evolutionary algorithm inte-
grating comprehensive learning, variable mutation, and local search
to solve a problem of collaborative human-drone search for escaped
criminals, the aim of which is to minimize the expected time of capture
rather than detection. Pachayappan and Sudhakar [13] presented a
problem of planning optimal pickup and delivery routes of a drone,
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which is synchronized with a docking station for recharging during the
services; they proposed a heuristic solution method for the problem.
Goémez-Lagos et al. [14] studied a pickup-to-delivery drone routing
problem for finding a drone scheduling such that a drone serves the
customer’s order from a set of available facilities, with the objective to
minimize the makespan associated with the drone fleet; they designed
a greedy randomized adaptive search procedure to find near-optimal
solutions. Wen and Wu [15] proposed a two-echelon heterogeneous
multi-drone routing problem for parcel delivery, which was solved by
a three-stage iterative optimization algorithm based on the divide and
conquer. Guo et al. [16] formulated a routing model of electric trackless
rubber-tyred vehicles to minimize the total energy consumption under
the constraint of vehicle avoidance, allowable load, and endurance
power; they proposed an improved artificial bee colony algorithm
integrating adaptive neighborhood search to solve the problem. Con-
sidering coverage path planning of heterogeneous drones to visit and
search multiple separated regions, Chen et al. [17] presented an ant
colony system based algorithm to seek approximately optimal solutions
and minimize the time consumption of tasks. Wang et al. [18] pre-
sented a problem of delivery route planning for a fleet of drones with
different capacities, speeds, and maximum flight ranges; they proposed
a modified, rescheduling-based genetic algorithm to search optimal or
near-optimal solutions. To coordinate ground vehicles and drones to
monitor urban road networks, Xu et al. [19] proposed a hybrid variable
neighborhood descent search and simulated annealing algorithm for
vehicle-drone arc routing. In [20], Zheng et al. studied a problem of
scheduling multiple vehicles to replace and recycle batteries to keep a
high operational efficiency of the shared e-bicycle system, which was
efficiently solved by an evolutionary algorithm based on variable local-
search-based mutation. To solve multiobjective VRPs, Fan et al. [21]
proposed a conditional neural heuristic trained by a reinforcement
algorithm that leverages stochastic preferences to further enhance the
training performance. The problems studied by the above work have
some characteristics similar to the problem considered in this paper,
but none of them shares most key characteristics with our problem.

2.3. Reinforcement learning assisted memetic algorithms

Reinforcement learning is a model-free, self-learning method that
obtains feedback information from the environment to select the op-
timal action through trial and error. Recently, researchers introduce
reinforcement learning into memetic algorithms for proper strategy
selection. To solve a real-time multirobot path-planning problem, Rak-
shit [22] proposed a memetic algorithm consisting of differential evo-
lution (DE) for global search and Q-learning for local refinement by
adaptively selecting memes from a meme pool of the scale factor
values for individual solutions, whose rewards/penalties depend on
the improvement/deterioration in fitness measures. Ozcan et al. [23]
proposed a steady-state memetic algorithm, which maintains a utility
score for each meme option within each individual in a population and
updates the score based on reinforcement Learning. Peng et al. [24] pre-
sented a memetic algorithm for a green vehicle routing problem, where
an adaptive procedure was utilized to manage multiple neighborhood
moves based on a reward and punishment mechanism inspired by rein-
forcement learning. For distributed assembly flow shop scheduling, Cai
et al. [25] proposed a shuffled frog-learning algorithm, which embeds
Q-learning composed of four actions based on the combination of global
search, neighborhood search and solution acceptance rule to dynami-
cally select search strategies for memeplex search. The work of Zhao
et al. [26] presented a knowledge-driven cooperative scatter search
method for distributed blocking flow shop scheduling, where the neigh-
borhood perturbation operator and Q-learning are combined to select
the appropriate perturbation operator during the search. In [27], the
authors proposed a cooperative metaheuristic algorithm based on Q-
learning for energy-efficient distributed no-wait flow shop scheduling,
where Q-learning is utilized in two neighborhood search mechanisms
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to determine the most appropriate search operator to generate neigh-
borhood solutions for two cooperative sub-populations. In [28], Zhao
et al. equipped a hyperheuristic with Q-learning to solve an energy-
efficient distributed blocking flow shop scheduling problem, where
Q-learning is employed to select an appropriate low-level heuristic from
a pre-designed heuristic set according to their historical performance.
For flexible job shop scheduling with finite transportation resources,
Pan et al. [29] studied a learning-based multi-population evolutionary
algorithm, where reinforcement learning is utilized for mating selection
to realize the cooperation of different subpopulations. In [30], the
authors studied an extended multi-objective green flexible job-shop
scheduling problem with fuzzy processing time, which is solved by a
learning-based reference vector memetic algorithm using reinforcement
learning-based parameter selection strategy to improve the diversity
of nondominated solutions. Considering a similar job shop scheduling
problem with dual resource constraints, Chang et al. [31] presented
a multi-objective memetic algorithm, which incorporates Q-learning
to perform variable neighborhood search and further strengthen the
exploitation capability. Recently, Zhao et al. [32] proposed an iter-
ative greedy algorithm with variable neighborhood descents, which
employs Q-learning to adapt the weighting coefficients of neighborhood
structures.

Classical Q-learning algorithm requires describing the state of solu-
tion distribution and the transition between states makes the Q-table
design challenging. Facing large solution spaces, deep reinforcement
learning adopts deep neural networks to better fit the state space
distribution. Zhang et al. [33] proposed a deep reinforcement learning-
based memetic algorithm for energy-aware flexible job shop schedul-
ing, where each solution from the elite archive is fed into the network
to output the conditional probabilities of the actions for performing
local search. In [34], Hu et al. presented a co-evolutionary DE to solve
constrained optimization problems, which uses reinforcement learning
to evaluate the population state so as to select suitable parent popula-
tions and corresponding archives for mutation. Qu et al. [35] proposed
a heuristic method for satellite range scheduling, which integrates deep
reinforcement learning to update the gradient information based on
the reward obtained by the scheduling method. For drone routing in
the presence of multiple charging stations, Fan et al. [36] presented
a deep reinforcement learning method, where a multi-head heteroge-
neous attention mechanism is designed to facilitate learning a policy for
constructing the drone route. The deep reinforcement learning method
proposed by Wang et al. [37] to solve traditional and improved VRP
with backhauls trains an encoder—decoder structured policy network
to sequentially construct vehicle routes, where a two-stage attention-
based encoder is designed to yield more informative representations
of the nodes so as to deliver high-quality solutions. Recently, Xiao
et al. [38] proposed a double-level deep reinforcement learning ap-
proach, which uses an encoder-decoder policy network in the upper
level to allocate tasks to UAVs and exploits another attention-based
policy network in the lower level to construct UAV routes. Motivated by
its power in discerning and utilizing the correlation between solutions
and algorithm actions, we employ deep reinforcement learning for
operator selection in our algorithm.

3. Problem formulation

The problem is schedule one or multiple deicing drones to remove
ices on wires of a railway catenary network. A catenary network hit
by ices can be represented by a graph G = (V, E), where V is the set
of vertices and E is the set of edges. Here, V' contains not only joints
connecting power grid lines, but also points dividing lines into segments
such that different segments in a line have different freezing conditions.
Typically, two segments can be separated according to obvious differ-
ences in altitude, temperature, humidity, wind force, etc. The set E can
be divided into two subsets: E where the edges (segments) need to be
deiced (otherwise the corresponding rail segments are impassable), and
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E\E" where the edges (such as segments in stations and tunnels) do not
need to be deiced. For each e € E, A(e) denotes the amount of deicing
work on the segment e (A(e) = 0 if e ¢ ET). For convenience, we also
use VT to denote the set of vertices of the edges in E*. For each pair of
vertices u;,u; € V, the distance of the shortest drone path from ; to ;
is known as d(u;,u;). In the following two subsections, we present the
two versions of the problem of deicing drone scheduling for removing
the ices on the catenary network G, one using a single drone and the
other using multiple drones.

3.1. Single-drone scheduling for catenary deicing

First we consider scheduling a single drone for catenary deicing. A
scheduling solution can be represented by a vector X = {x,,x,,...,X,},
where n = | E| is the number of segments that need to be deiced, each
component x; is a tuple (x‘i‘,x;’), where x{ € V1 is the starting vertex
of the ith segment to be deiced, and x? € {0, 1} is the direction (left
or right) towards which the drone will deice from x¥ (1 <i < n). From
each component x; = (x}, xf), we can obtain the corresponding segment
e(x;) to be deiced. Let u, be the initial location of the drone, B, be the
full battery power of the drone, v be the drone velocity, a be the amount
of deicing work the drone can complete per unit time, b be the amount
of battery power per unit mileage consumed by the drone in flying,
and b’ be the amount of battery power per unit work consumed by the
drone in deicing. It is assumed that the full battery power is sufficient
for the drone to fly to any segment and complete the deicing work on
it. The time at which the deicing work on the first segment e(x,) is
completed can be computed as

d(u, x‘l‘) . A(e(xl))

a

1.(xy) = (€8]

And the remaining battery power of the drone after the completion
of the work on e(x)) is

B(x)) = By — b-d(up, x") — b A(e(x,)) 2

After the completion of the work on each segment e(x;), the drone
is located at the other endpoint of e(x;), which is denoted by u(x;) here.
We also use D(u(x;)) to denote the battery depot closest to u(x;), and
the power required for the drone to fly from u(x;) to D(u(x;)) is

E(xi) = b~d(u(x,')y D(M(x,))) (3)

While the power required by the drone to directly fly to and
complete the work on the next segment is

B(xiy) = bed (u(x;), x¥, ) + b7 Ae(x,1))) 4)

At each u(x;), the drone can directly go to the next segment if the
remaining battery power is not below the safe level E(xl- +1)+ B ),
otherwise it should go to D(u(x;)) to replace the battery and then
continue the remaining tasks. Therefore, the time at which the deicing
task on each segment is completed can be iteratively computed as
follows (1<i<n):

B(x;) > B(x)+B(x;y1)

du(x;).x" A i
1.(x)+ ( 4 r+l)+ (6’(;&1»’

d (u). DGule) Jd ( D), )
v

feCem) = t.(x)+

Ale(xiy))

+R 4 ==, otherwise

)

where R denotes the time duration for replacing the battery, including
the time for landing and takeoff (we assume that the number of
fully-charged batteries is sufficient at each depot).

And the remaining battery power B(x;) of the drone after the
completion of the work on e(x;) can be iteratively computed as follows
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(l<i<n):

B(x;) - b-d(u(x,.),x’;H) — b Ae(xyy)),  B(x,) > B(xyy) +B(xy)

B(xyy) = .
By — b-d (D(u(x,)), x‘.:H) - bt-Ae(x,,)), otherwise

(6)

Based on the completion time of deicing work on each segment, we
can obtain the set of segments that have been deiced at time 7, denoted
by E*(), as follows:

E*(t,(x)) = {e(x)}
Ei(tc(xz)) Ei(tc(xl)) V] {e(x2)}

E*(t.(xy))) = E*(t,(x)) U {e(xy)}, 1<i<n @)

Then, for each block section s of the railway network affected by
ices, let @(s) be the set of power grid line segments along the section s,
that is, the section could not be opened unless all segments in @(s) have
been deiced; the earliest open time of s under the scheduling solution
X can be calculated as

1,05, X) = lrgign{tc(xi)lé(s) C E (1,(x)) } 8)

According to the train timetable, we have the set I'(s) of trains that
will enter the railway section s, the route of each train r represented as
a sequence of consecutive railway sections {s?, sg, ’5;9 }, and the time
1o(r,sp) at which the train r plans to enter the section s (Vr € I'(s), k =
1,2,...,K,), where K, is the number of sections in the route of train r.
Let 4t(s) denote the time duration for the train to pass through section
s; based on the timetable and deicing schedule, we can obtain the actual
time ti(r, s, X) at which the train r can enter each section s in its route
as

. max (t,(r, s"),t,(s", X)), k=1
st X) = (1o 501505, X0)

)]

max (1,(r. $§). 1,(sh, X). £5(sT_ | X)+Au(s7_ ), k> 1

»
k-1

Remark 1. Eq. (9) is a simplified equation that does not involve the
contradictions among the trains. In case that multiple trains need to
enter one section in a short period, we first determine the priority of
each train according to the grade of the train, the time duration that
the train has already delayed, and the cascading effect of the further
delay on other trains; then we arrange the trains to enter the section in
the order of priority, while keeping a minimum safe distance between
any two consecutive trains (see [39] for more details).

We use the following function to evaluate the negative effect of the
freezing events on each train r for traveling each railway section s in
its route under the scheduling solution X:

0, 15, X) < 1,(r,5)
w(r,s,X)=qw, (tg(r, 5, X) —t,(r, s)), t,(r,s) < tf(r, 5, X) < Tyose (10)

¥
PrsWrs» 1e(r, 5, X) 2 Tejose

where w, ; is the importance weight of the train r in the railway section
s, which is determined according to the grade of the train, the number
of the passengers on the train, and the number and importance of
the stations in the section, T, is the closing time of the current
operational duration (which is typically 24:00:00 of the current day,
but can be prolonged by the decision-maker under special conditions),
and p, , is the penalty coefficient regarding the cancellation of the train
r on the section s.

Remark 2. If a train is canceled on a section s, it is automatically
canceled on the subsequent sections along its route, but it can still
complete its operations on sections before s.



Y.-J. Zheng et al.

The aim of the problem is to minimize the total negative effect
evaluated in terms of the delay or cancellation of trains caused by the
freezing catenary network, which can be represented as follows:

min f(X) = D Y w(r.sX) an
seS rel(s)
s.t. ( U {e(x,.)}) —E (12)
1<i<n
e(x)Nelxy) =0, VI<i<i’<n 13)

Egs. (1)-(10)

where S is the set of railway sections affected by freezing segments, and
the constraints (12) and (13) indicate that each segment in E' should
be deiced once and only once.

3.2. Multi-drone scheduling for catenary deicing

Given m drones, a scheduling solution X = {xj,..., X} ,,, X315

X2y oo XL oo ,xmvﬂm} consists of m parts, where n; is the number of

segments assigned to the jth drone, satisfying (Z;":l n j) = n. For each

jth part {15 Xjm, }, we can use the procedure similar to Egs. (1)-
(6) to iteratively calculate completion time of the deicing work on each
segment e(x; ;), where 1 <i<n;. Then, by combining the results of the m
drone sub-schedules, we can calculate the open time for each freezing
segment and then evaluate the objective function for minimizing the
effect of delay or cancellation of trains using the procedure shown in

Algorithm 1.

Algorithm 1: Procedure of calculating the objective function
value of any scheduling solution X based on the m drone
sub-schedules.

1 Sort all completion times 7.(x;,) in non-decreasing order;
2 foreach completion time t.(x; ;) in the order do
3 Calculate E*(7,(x;,)) as the union of the set E* at the previous
time and {e(x; )}
foreach railway section s € S do
if &(s) € E¥(1,(x,,)) then
L Set 1,(s, X) = 1,(x,,);

N o s

Remove s from S;

8 Sort all trains in the timetable in non-increasing order of their

priorities;
o foreach train r in the timetable do
10 Set ti(r, sy, X) =1,(s;, X) for the first segment s, in the route of r;
11 foreach subsequent railway section s, in the route of r do
12 Set rE(r, 55 X) = max (1,(r, 5,).1, (5, X), 1505, _ 1, X)+4t(s,_,));
13 if tf(r, Sg. X) =1,(s, X) and there is already at least one train r’
prior to r enters s, at time t,(s,, X) then
14 set ti(r, s, X) to the time at which ' leaves the block
section s,;

Calculate the objective function value f(X) according to Egs. (10)
and (11).

-
o

4. Memetic optimization to solve the problem

The above single/multiple drone scheduling problems are essen-
tially single/multiple permutation optimization problems, which are
known as NP-hard. In addition, the objective function of minimizing
the effect of train delay or cancellation caused by the freezing cate-
nary network is expensive. Traditional exact optimization algorithms
cannot solve large or even medium problem instances within a rea-
sonable time. Population-based evolutionary algorithms are capable of
obtaining satisfactory solutions within an acceptable time, and memetic
algorithms can further improve solution accuracies by integrating with
adaptive local search [40]. Moreover, because catenary network deic-
ing requires fast response, we introduce learning-based optimization
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to utilize historical problem-solving knowledge to further improve
the problem-solving performance [41,42]. To this end, we propose a
memetic optimization algorithm integrating global search and vari-
able neighborhood search to solve the problem, where reinforcement
learning is introduced for selecting the most appropriate operator for
each neighborhood search operation. In the following two subsections,
we describe the algorithm versions for single drone scheduling and
multiple drone scheduling, respectively.

4.1. Memetic optimization for single drone scheduling

For single drone scheduling, each initial solution is first generated as
a random permutation of the set ET of freezing segments to be deiced.
Then, each solution has a probability of p; (a control parameter) of
being tentatively improved using the following procedure:

1. For the first segment e, in the permutation, let x{ be the endpoint
closer to the initial location u, and let x? towards the other
endpoint of e;.

2. For i =2 to n do:

(a) Calculate the remaining battery power of the drone at the
other endpoint u(x;_,);

(b) If the remaining battery power is sufficient for the drone
to complete the work on e¢;, let x} be the endpoint closer
to u(x;_,); otherwise, let x! be the endpoint closer to the
battery depot D(u(x;_;));

(c) let xf towards the other endpoint of e;.

Note that the above tentative improvement procedure does not
guarantee improving the solution fitness, because making x{ closer to
u(x;_;) may cause u(x;) farther from the next (i+1)th segment or farther
from the next depot. Nevertheless, it have a large probability of success:
according to our test, approximately 80% random solutions can be
improved by this procedure. Consequently, we set the initial value of p,
to 0.8. If the procedure successfully improves the solution, the updated
solution replaces the initial solution; otherwise, the initial solution is
kept in the population.

The global search is based on the water wave optimization meta-
heuristic [43] that assigns each solution a wavelength proportional to
the objective function value, i.e., inversely proportional to the fitness
of the solution, and mutates the solution with a degree proportional
to the wavelength, such that low-fitness solutions tend to explore in
large spaces while high-fitness solutions facilitate exploitation in small
regions to achieve a good dynamic balance between diversification and
intensification. The wavelength of each solution X is initialize to 0.5
and then updated at each generation as

A(X) = /‘L(X) . ﬂ_(f"‘“x_f(x)+e)/(fmax—fm;n+e) (14)

where f,.. and f;, are the maximum and minimum objective function
values among the population, respectively, f is the wavelength reduc-
tion coefficient which is suggested to be 1.0026, and ¢ is a very small
number to avoid division by zero.

The mutation on a solution X is performed as follows: for i = 1
to n, with a probability of A(X), reverse a random subsequence of X;
afterwards, with a probability of p,, use the tentative improvement
procedure described above to adjust the start point and direction of
each component. The value of p; decreases with generation number g
as follows (where g, is the maximum number of generations of the
algorithm):

. —0.5
pi(g) =S 28, ) as)

max
For a solution X whose fitness is not improved from the previous
generation or whose fitness is not in the first half of the population, the
mutation operator is deterministically applied. Otherwise, the solution
X is newly updated and relatively good, for which we select the



Y.-J. Zheng et al.

mutation operator or one of the following three neighborhood search
operators:

NS1. Continuously exchange two randomly selected components of X
until the fitness is improved or the number of exchange reaches
an upper limit n? /4.

NS2. Continuously select a randomly component and reinsert it into
another random position of X until the fitness is improved or
the number of reinsertion reaches an upper limit n% /4.

NS3. Continuously reverse a randomly selected subsequence of X
until the fitness is improved or the number of reversion reaches
an upper limit n.

Remark 3. NS3 differs from the global search in that, for neighborhood
search the solution is evaluated after each reversion, while for global
search the solution is evaluated once after all reversions.

The selection among the four operators is based on deep reinforce-
ment learning, that is, we utilize a deep Q-network (DQN) that com-
bines deep neural network and Q-learning [44] to estimate the Q-value
O(S,,1, A;) of each action (operator) 4; (1 < i < 4) as the conditional
selection probability in each state S. Here, a state of each solution X
is defined by a tuple of seven variables { f/ fyest» Af / fests Fank, dgiosests
daygs dpest- idop ), Where f is the objective function value of the so-
lution, fpes is the best objective function value found so far, Af is
the decrement of the objective function value of X from the previous
generation, rank is the rank of X in the population, dg s is the
distance between X and its closest solution, dy, is the average distance
between X and the other solutions in the population, dy.s is the
distance between X and the best known solution, and id,, is the index
of the operator last applied to X. Taking the state variables as inputs,
the DQN uses multiple hidden layers (two layers in this study) with
the ReLU activation function to perform forward calculation and finally
outputs the conditional probabilities based on softmax activation.

Then, we adopt the e-greedy strategy to determine the operator
to be applied to X, i.e., with probability 1—e we select the operator
with the maximum conditional probability, and with probability ¢ we
randomly select one of the four operators.

After applying the selected operator A to X, it is transferred to a new
state, and the reward r is calculated as Af/ fiesr is f(X) is decreased
(i.e., the fitness is improved) and is O otherwise.

The DQN parameters 0 is trained using the Adam optimizer [45] to
minimize the loss function:

Lo =Eg(r+ymIaxQ(S,+1,A,~)—Q(S,,A))z (16)

where y is the discount factor.

If a solution X has not been improved for consecutive K gener-
ations (where K;; is a control parameter typically set to 6), it will be
replaced by a new solution generated as follows:

1. Randomly select an exemplar solution X* from the first half of
the population.

2. For i = 1 to n do: with a probability of A(X), reverse a random
subsequence of X*.

3. With a probability of p;, use the tentative improvement proce-
dure to adjust the start point and direction of each component.

That is, the new solution is generated by mutating the exemplar
solution X*, but the mutation intensity is proportional to A(X) rather
of A(X*).

Algorithm 2 presents the pseudo-code of the memetic optimization
algorithm for single drone scheduling. In global mutation (Lines 10—
13), the operation of n subsequence reversion is significantly more
complex than tune the start point and direction tuning, and therefore
the time complexity of global mutation is O(n*/2) + O(f), where O(f)
denotes the complexity of the objective function (11), which is also
significantly higher than O(n?). The time complexities of NS1, NS2,
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and NS3 are O(n?/4), O(n*/4), and O(n?/2), respectively, and there-
fore the time complexity of neighborhood search is O(n?/2) + O(f).
Let Np be the population size, the complexity of each generation is
Np[O®*)+0(f)], and the complexity of Algorithm 2 with G generations
is G - Np[O(n?/2) + O(f)]. The overall framework of the algorithm is
illustrated in Fig. 2.

Algorithm 2: Proposed memetic algorithm for single drone
scheduling.

1 Randomly initialize a population of solutions;
2 while the stopping condition is not met do

3 Calculate the wavelengths of the solutions;

4 foreach solution X in the population do

5 if X is not improved or is in the second half of the population

then

6 L Choose the global mutation operator;

7 else

8 L Use the DQN to select the operator;

9 if the selected operator is global mutation then

10 for i=1tondo

1 if rand() < A(X) then

12 L Reverse a random subsequence of X;

13 Try to tune the start points and directions of the
components of X;

14 else

15 L Apply the selected neighborhood search operator to X;

16 if the operator is selected by the DQN then

17 Calculate the reward and add the transaction to the
training set;

18 if the fitness of X is improved then

19 L Update the solution in the population;

20 else if X has not been improved for K generations then

21 Randomly select an exemplar solution X* from the first
half of the population;

22 for i=1tondo

23 if rand() < A(X) then

24 L Reverse a random subsequence of X*;

25 Try to tune the start points and directions of the
components of X;

26 Replace X with the solution mutated from X*;

27 if the generation number reaches a predefined number then

28 Train the DQN using the samples accumulated during this

period;

29 return the best-known solution.

4.2. Memetic optimization for multiple drone scheduling

In this subsection, we extend the above algorithm for multiple
drone scheduling. To randomly initialize a solution, the algorithm first
randomly divides the set ET of freezing segments into m parts, each
being assigned to one drone; then, for each jth part, the algorithm
randomly generates a sub-schedule of the jth drone using the procedure
of solution initialization for single drone scheduling described in the
above subsection.

The global search (mutation) on a multiple drone scheduling so-
lution X consists of two steps, one for moving components among
sub-schedules and one for perform permutation within sub-schedules:

1. For j =1 to m?/4 do:

(a) Randomly select two drone sub-schedules, the indices of
which denoted by 1 and ,2;

(b) Randomly select a subset C of segments from the j1th sub-
schedule and move it into the j2th sub-schedule, where
the cardinality of subset is at most n;; /2;
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Fig. 2. Framework of the proposed memetic algorithm assisted by deep reinforcement
learning.

2. For j =1 to m do:

(a) For i = 1 to n;/2, with a probability of 4(X), reverse a
random subsequence of the jth sub-schedule;

(b) With a probability of p;, use the tentative improvement
procedure to the components of the jth sub-schedule.

Neighborhood search are extended to the following four operators
for multiple drone scheduling:

NS1. Randomly select m/2 sub-schedules and for each jth sub-
schedule, continuously exchange two randomly selected compo-
nents of the sub-schedule until the fitness is improved or the
number of exchange reaches an upper limit n/z. /4.

NS2. Randomly select m/2 sub-schedules and for each jth sub-
schedule, continuously select a randomly component and rein-
sert it into another random position of the sub-schedule until
the fitness is improved or the number of reinsertion reaches an
upper limit 7 /4.

NS3. Randomly select m/2 sub-schedules and for each jth sub-
schedule, continuously reverse a randomly selected subsequence
of the sub-schedule until the fitness is improved or the number
of reversion reaches an upper limit ;.

NS4. For i = 1 to m?/4, randomly select two sub-schedules, and con-
tinuously move a component from one sub-schedule to another
until the fitness is improved or the number of movement reaches
an upper limit min(n;;,n,).

Similar to that for single drone scheduling, we use a DQN to adap-
tively select among the four operators and the global mutation operator
for each newly updated solution in the first half of the population,
and replace any solution X that has not been improved for consecutive
K generations by a new solution generated by mutating an exemplar
solution randomly select from the first half of the population with an
intensity proportional to A(X).

Algorithm 3 presents the framework of the memetic optimization
algorithm for multiple drone scheduling. The time complexity of global
mutation is O(m?n/8) + O(f); the time complexities of NS1, NS2, NS3,
and NS4 are O(n?/4), O(n*/4), O(n*/2), and O(mn/4), respectively, and
therefore the time complexity of neighborhood search is O(n?/2)+O(f).
Consequently, and the complexity of Algorithm 3 with G generations
is G- Np[O(m*n/8) + O(n*/2) + O(f)].
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Algorithm 3: Proposed memetic algorithm for multiple drone
scheduling.

1 Randomly initialize a population of solutions;
2 while the stopping condition is not met do

3 Calculate the wavelengths of the solutions;

4 foreach solution X in the population do

5 if X is not improved or is in the second half of the population

then

6 L Choose the global mutation operator;

7 else

8 L Use the DQN to select the operator;

9 if the selected operator is global mutation then

10 Perform a global mutation on X with an intensity of
A(X);

11 else

12 L Apply the selected neighborhood search operator to X;

13 if the operator is selected by the DQN then

14 Calculate the reward and add the transaction to the
training set;

15 if the fitness of X is improved then

16 L Update the solution in the population;

17 else if X has not been improved for K generations then

18 Randomly select an exemplar solution X* from the first
half of the population;

19 Replace X with a new solution mutated from X* with an

intensity of A(X);

20 if the generation number reaches a predefined number then
21 Train the DQN using the samples accumulated during this
period;
22 Update the selection probabilities of the neighborhood search
operators;

23 return the best-known solution.

Table 1

Summary of the test instances of single deicing drone scheduling.
# Vi |E| |ET| 2 d(e) X d(e) I

e€E e€E"

1 16 35 32 37.1 28.6 39
2 18 50 42 44.9 35.6 37
3 21 77 65 72.3 66.1 45
4 27 124 103 115.8 98.5 42
5 26 158 149 142.0 122.7 49
6 36 211 188 185.4 156.5 51
7 48 406 356 340.6 314.0 54
8 60 673 512 590.8 486.6 73

5. Computational results

To test the performance of the proposed algorithm, we use eight
problem instances of single-drone scheduling and ten problem instances
of multiple deicing drone scheduling, all of which are constructed based
on real-world high-speed railway catenary networks in China. Tables 1
and 2 describe the basic information of the two sets of the instances,
respectively, where ) ., d(e) denotes the total length (in km) of the
whole catenary work, Y, .+ d(e) denotes the total length of segments
to be deiced (which represents the total workload of deicing), and |I'|
denotes the number of trains in the timetable of the considered railway
network.

5.1. Parameter tuning

We tune key parameters of the proposed algorithm on the first six
single-drone test instances and the first six multi-drone test instances.
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Fig. 3. Algorithm performance with different population sizes N,
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Fig. 4. Algorithm performance with different value combinations of learning rate a and discount factor y on (a) single-drone test instances; (b) multi-drone test instances.

Table 2

Summary of the test instances of multiple deicing drone scheduling.
# m V1 |E| IEY| X d(e) Y d 1T

eeE e€Ef

1 2 16 35 32 37.1 28.6 39
2 3 21 77 65 72.3 66.1 45
3 4 26 158 149 142.0 122.7 49
4 4 36 211 188 185.4 156.5 51
5 4 48 406 356 340.6 314.0 54
6 6 48 406 356 340.6 314.0 54
7 6 60 673 512 590.8 486.6 73
8 8 60 673 512 590.8 486.6 73
9 9 77 1453 1216 1289.5 997.7 90
10 12 77 1453 1216 1289.5 997.7 90

First, we tune the initial population size Np of the memetic opti-
mization algorithm without using reinforcement learning, where the
selection probability of each neighborhood search operator is initially
the same and then updated to be proportional to the number of success
(i.e., improvement of solution fitness) of the operator during the pre-
vious ten generations. Fig. 3(a) and (b) present the objective function
values obtained by the algorithm with 16 different N, values in the
range {20, 25, ..., 65, 70, 80, ..., 120} on the single-drone and multi-
drone test instances, respectively. As we can observe, for single drone
scheduling, the algorithm obtains the best results on when N is in the
range of [50,60]; for multiple drone scheduling, the algorithm obtains
the best results on four instances when Np = 60 and on two instances
when Np = 65. Thereby, we set Np = 60 in the experiments.

Next, we tune the parameters of the DQN by testing 11 values of the
learning rate « and 11 values of discount factor y, both in {0.5, 0.55,
..., 1}. The results of single-drone and multi-drone test instances are
presented in Fig. 4(a) and (b), respectively. On the single-drone test

instances, the algorithm exhibits the best performance when a = 0.6
and y = 0.85; on the multi-drone test instances, the algorithm exhibits
the best performance when a = 0.55 and y = 0.85. Therefore, we use
these two settings for the two test sets, respectively.

5.2. Computational results on single drone scheduling

On the test instance, we test our deep reinforcement learning as-
sisted memetic algorithm, denoted by Mem-DRL, with a set of popu-
lar metaheuristic and memetic optimization algorithms. The solution
structure of single deicing drone scheduling is similar to that of the
permutation flow-shop scheduling problem (FSP), except that our prob-
lem needs to determine an additional direction at each component and
arrange the drone to visit depots for battery replacement if its power is
insufficient. Therefore, we select the following 11 efficient metaheuris-
tic/memetic algorithms for FSP from the literature and adapt them to
our problem by adding the additional direction part to solution repre-
sentation as well as performing the tentative improvement procedure
for each new solution as our method:

An adaptive order-based GA (AGA) with multiple operators [46].
The population size N, is tuned to 40, crossover rate is 1.0,
mutation rate is 0.8, and basic utilizing ratio is 0.04.

A discrete PSO (DPSO) algorithm [47]. Np is 20, learning coeffi-
cient is 1.5, and maximum velocity is 10.

A discrete cuckoo search algorithm (DCSA) [48]. Np is 25, and
the minimum and maximum velocity are —4 and 4, respectively.
A teaching-learning-based optimization (TLBO) algorithm [49].
Np is 12, superior population size is 3, crossover rate is 0.2,
local search rate is 0.2, initial temperature is 1, iteration of
reconstruction is 10, and learning rate is 0.1.
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Fig. 5. Box plots of the results obtained by the 16 comparative algorithms on single drone scheduling instance #1.
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Fig. 6. Box plots of the results obtained by the 16 comparative algorithms on single drone scheduling instance #2.

+ A hybrid ant colony optimization (HACO) algorithm [50]. Np is
25, the importance coefficients of pheromone trail and visibility
are both 1, and the evaporation rate is 0.5.

A biogeography-based optimization (BBO) algorithm using
ecogeography-based migration [51] which outperforms other
BBO variants [52,53]. Np is 45, the maximum emigration and
immigration rates are both 1, and the mutation rate is 0.02.

A memetic algorithm combining GA using semi-constructive
crossover (MASC), simulated annealing, and Nawaz-Enscore—
Ham (NEH) [54]. Np is 100, crossover rate is 0.8, and muta-
tion/annealing rate is 0.05.

A discrete self-adaptive DE (DSADE) algorithm [55]. N is 50,
crossover rate generation parameter is 0.5, and mutation proba-
bility is 0.25.

A multi-local search-based variable neighborhood search (MVNS)
algorithm [56]. The strength of shaking is set to 1.

A shuffled frog-learning algorithm with Q-learning (QSFLA) [25].
Np is 60, number of memeplexes is 6, neighborhood size is 50,
learning rate is 0.1, discount factor is 0.9, and epsilon-greedy is
0.9.

A cooperative metaheuristic algorithm based on Q-learning
(CMAQ) [27]. Np is 100, neighborhood size is 20, number of
shared solutions is 3, learning rate is 0.9, discount factor is 0.9,
and epsilon-greedy is 0.7.

Moreover, to validate the effectiveness its adaptive neighborhood
search components, we implement four versions of our algorithm: the
first three versions use the wavelength-based global mutation, but each

uses a single neighborhood search operator of NS1, NS2, and NS3
and is denoted by Mem-NS1, Mem-NS2, and Mem-NS3, respectively;
the fourth version, denoted by Mem-AP, uses the success-rate-based
selection probability.

For a fair comparison, we set the same stopping condition that
the number of objective function evaluations reaches 300n for all al-
gorithms. Each algorithm is independently run 51 times with random
seeds on each instance. Figs. 5-12 present the box plots, including
the mean (shown in green triangle) median, maximum, minimum,
the first quartile (Q1) and the third quartile (Q3) objective function
values obtained by the comparative algorithms on the eight instances,
respectively. Any objective value below the lower limit Q1 —1.5(Q3 —
Q1) or above the upper limit Q3 + 1.5(Q3 — Q1) is considered as an
outlier. We conduct nonparametric Wilcoxon rank sum test on the
result obtained by our memetic algorithm and the result obtained by
each other algorithm on each instance, and present the resulting p-value
above the maximum value of the corresponding box and, if the value
is smaller than 0.05, mark a red ‘+’ before the p-value to indicate there
is a statistically significant difference at a confidence level of 95%. We
also summarize the ranking of the result obtained by each algorithm
on each test instance as well as the sum of ranking on the whole test
set in Table 3.

On the first two instances #1 and #2, the median values of AGA,
DCSA and TLBO is obviously larger, and the median values of the
other 13 algorithms are relatively close. According to the rank sum test
results, on instance #1, there are no significant differences between
the result of Mem-DRL and those of MASC, QSFLA, CMAQ, Mem-NS1,
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7. Box plots of the results obtained by the 16 comparative algorithms on single drone scheduling instance #3.
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Fig. 8. Box plots of the results obtained by the 16 comparative algorithms on single drone scheduling instance #4.
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Fig. 9. Box plots of the results obtained by the 16 comparative algorithms on single drone scheduling instance #5.

Mem-NS2 and Mem-AP, while the result of Mem-DRL is significantly
better than those of the other nine algorithms; on instance #2, there
are no significant differences between Mem-DRL and those of DSADE,
QSFLA, CMAQ, Mem-NS2, and Mem-AP, while the result of Mem-
DRL is significantly better than those of the other ten algorithms.
The remaining instances become larger and more difficult, and the

10

performance advantages of Mem-DRL become more obvious. On in-
stance #3, Mem-DRL significantly outperforms 12 algorithms except
QSFLA, CMAQ, and Mem-AP; on instances #4, #5, and #6, Mem-DRL
significantly outperforms 14 algorithms except CMAQ; on the last large-
size instances #7 and #8, the result of Mem-DRL is significantly better
than those of all other 15 algorithms.
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Fig. 10. Box plots of the results obtained by the 16 comparative algorithms on single drone scheduling instance #6.
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Fig. 11. Box plots of the results obtained by the 16 comparative algorithms on single drone scheduling instance #7.
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Fig. 12. Box plots of the results obtained by the 16 comparative algorithms on single drone scheduling instance #8.

In general, on relatively small-size instances, metaheuristic algo-
rithms such as DPSO, HACO, and DSADE exhibit relatively good per-
formance because their designs aim to achieve balance between global
search and local search. In particular, the self-adaptive differential
mutation mechanism of DSADE shows relatively strong search ability.
However, for more difficult instances, they lack strong local search abil-
ities to improve solution accuracies; in comparison, those algorithms
combining metaheuristic and neighborhood search exhibit higher per-
formance. In particular, MVNS and our Mem-AP algorithm using vari-
able neighborhood search exhibit significantly better performance than
the algorithms using a fixed neighborhood search operator.

11

Among the three versions of our algorithm with single neighbor-
hood search operators, the performances of Mem-NS1 and Mem-NS2
are generally better than that of Mem-NS3, which indicates that the
component swap and reinsertion operators are more effective than the
subsequence reversion operator for the considered problem. Never-
theless, by integrating the three neighborhood search operators in an
adaptive selection schema, Mem-AP and Mem-DRL exhibit significantly
better performance than all three versions with single neighborhood
search operators.

Except the first two relatively small-size instances, on the remain-
ing six middle- or large-size instances, QSFLA, CMAQ, Mem-AP, and
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Table 3
Ranking of the result (median objective function value) obtained by each algorithm on the test instances of single drone scheduling.
# AGA DPSO DCSA TLBO HACO BBO MASC DSADE MVNS QSFLA CMAQ Mem-NS1 Mem-NS2 Mem-NS3 Mem-AP Mem-DRL
1 16 13 14 15 10 11 6 8 12 7 2 4 5 9 1 3
2 14 7 16 15 8 13 9 6 11 3 2 12 5 10 4 1
3 14 12 16 13 6 15 11 5 8 3 1 10 7 9 4 2
4 15 12 13 16 9 14 10 11 6 8 2 5 4 7 3 1
5 15 11 16 14 10 12 13 9 5 3 2 7 8 6 4 1
6 15 12 13.5 16 10 11 13.5 9 7 3 2 5.5 5.5 8 4 1
7 15 10 16 14 12 13 11 9 7 3 2 6 5 8 4 1
8 15 13 16 14 11 12 10 8 5 4 2 6 7 9 3 1
Sum 119 90 120.5 117 76 101 83.5 65 61 34 15 55.5 46.5 66 27 11
Table 4
Median CPU time (in seconds) consumed by each comparative algorithm on the test instances of single drone scheduling.
# AGA DPSO DCSA TLBO HACO BBO MASC DSADE MVNS QSFLA CMAQ Mem-NS1 Mem-NS2 Mem-NS3 Mem-AP Mem-DRL
1 0.32 0.28 0.31 0.35 0.31 0.37 0.36 0.29 0.33 0.39 0.40 0.30 0.29 0.29 0.31 0.32
2 0.40 0.35 0.40 0.46 0.38 0.48 0.46 0.37 0.42 0.48 0.50 0.38 0.38 0.37 0.40 0.42
3 0.66 0.59 0.68 0.75 0.64 0.78 0.76 0.62 0.72 0.79 0.81 0.64 0.62 0.61 0.67 0.69
4 1.34 1.21 1.40 1.54 1.32 1.60 1.55 1.26 1.48 1.60 1.65 1.30 1.28 1.26 1.35 1.39
5 1.90 1.76 1.98 2.12 1.88 2.18 2.14 1.81 2.13 2.15 2.22 1.89 1.87 1.83 1.93 1.97
6 2.99 2.84 3.13 3.32 2.96 3.39 3.36 2.91 3.30 3.33 3.45 3.01 2.98 2.96 3.06 3.12
7 7.49 7.21 7.83 8.26 7.42 8.42 8.38 7.31 8.20 8.24 8.55 7.48 7.45 7.43 7.60 7.78
8 16.34 15.73 16.95 17.75 16.16 17.86 17.88 15.96 17.67 17.73 18.29 16.30 16.20 16.17 16.48 16.84

Mem-DRL obtain significantly better results than all of the first nine
algorithms from the literature. The performance advantages of Mem-
AP demonstrate the efficiency of the search operators of our algorithm.
QSFLA, CMAQ, and Mem-DRL are all reinforcement-learning-based
algorithms, and their performance advantages validate the effective-
ness of the learning mechanisms in selecting the most appropriate
operators for improving search efficiency and solution accuracy. The
results of Mem-DRL is significantly better than those of QSFLA on
five instances #4-#8 and better than CMAQ on instances #7 and
#8, which indicates that the DQN is more effective than the basic Q-
learning method for adaptive neighborhood search control, especially
on large-size instances.

Although we use the same number of objective function evaluations
as the stopping condition for all algorithms for the sake of fairness,
there are still slight differences among the running times of the different
algorithms, which are presented in Table 4. The maximum CPU time for
solving the largest instance does not exceed 19 s, which meets the re-
quirement of emergency response. The time costs of DPSO and DSADE
are the least among the 16 algorithms, because their frameworks are
comparatively simple and their search operators are time-efficient. The
CPU times consumed by Mem-NS1, Mem-NS2, and Mem-NS3, three
versions using single neighborhood search operators, are longer than
those of DPSO and DSADE, but are shorter than those of the remaining
algorithms in most cases. Compared to these three versions, Mem-
AP takes approximately 4% time overhead to calculate success rates
for neighborhood search operator selection; compared to Mem-AP,
Mem-DRL takes approximately 3% time overhead for DQN calculation.
Considering the significant improvement of the final solutions, the
additional time cost is trivial.

5.3. Computational results on multiple drone scheduling

The solution structure of multiple deicing drone scheduling is simi-
lar to that of the electric VRP where vehicles need to visit stations for
battery recharging or replacement, except that our problem needs to de-
termine an additional direction at each segment (similar to a customer
in VRP). For comparison, we adapt the following six electric vehicle or
drone routing algorithms from the recent literature to our problem by
adding the additional direction part to solution representation as well
as performing the tentative improvement procedure as our algorithm:

+ An iterative local search (ILS) algorithm [57].
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An adaptive large neighborhood search (ALNS) algorithm [58],
control parameters of which are set as suggested in the original
literature.

A hybrid GA and column generation (GA-CG) algorithm [59]. Np
is 75, crossover rate is 0.3, mutation rate is 0.01, elitism size is
5, and the number of column generation iterations is 10.

A bilevel ACO Algorithm [60]. N is 35, the evaporation rate is
0.98, and the coefficients of pheromone trail and visibility are 1
and 2, respectively.

A rescheduling-based GA (RBGA) [18] that integrates first-in-first-
out, task assignments, drone sub-route optimization. N is 40,
crossover rate is 1, and mutation rate is 0.02.

A diversity-enhanced memetic algorithm (DEMA) integrating new
genetic operators and tabu search [61]. Np is 10, the increased
scores of three crossover operators are 10, 5, and 1, respectively,
adaptive selection sensitive factor is 0.1, and the tabu search
neighborhood size is 3|V|.

We also implement five versions of our algorithms, including Mem-
NS1, Mem-NS2, Mem-NS3, and Mem-NS4 that use a single neighbor-
hood search operator of NS1, NS2, NS3, and NS4, respectively, and
Mem-AP that adaptively selects operators based on success-rate-based
probability.

For a fair comparison, we set the same stopping condition that
number of objective function evaluations reaches 100 mn for all algo-
rithms. Similarly, each algorithm is independently run 51 times with
random seeds on each instance, and nonparametric Wilcoxon rank
sum test is conducted on the result obtained by Mem-DRL and the
result obtained by each other algorithm. The computational results
are presented in Figs. 13-22, and the rankings of the comparative
algorithms are presented in Table 5.

On each of the ten instances, the proposed Mem-DRL obtains the
best median objective value among the ten comparative algorithms.
Compared to the first six popular algorithms from the literature, ac-
cording to the statistical tests, the result of Mem-DRL is not significantly
different from the results of RBGA and DEMA on instance #1 and the
result of ACO on instance #2; in all other cases, the result of Mem-
DRL is significantly better than the result of each other algorithm. On
these multiple drone test instances that are more difficult, the proposed
algorithm has more obvious performance advantages over the existing
algorithms. Comparatively, the performance of ISL is the worst because
of its global search ability is relatively weak; the performance of GA-CG
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Fig. 13. Box plots of the results obtained by the ten comparative algorithms on multiple drone scheduling instance #1.
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Fig. 14. Box plots of the results obtained by the ten comparative algorithms on multiple drone scheduling instance #2.
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Fig. 15. Box plots of the results obtained by the ten comparative algorithms on multiple drone scheduling instance #3.

is the second worst mainly due to its poor local search ability. Similar to
the case of single drone scheduling instances, the algorithms emphasiz-
ing local search exhibits better performance on more difficult instances.
Particularly, another memetic algorithm DEMA performs best among
these six existing algorithm, but still significantly worse than Mem-DRL
which is elaborately designed for the considered problem.

13

Compared to the four versions of our algorithm using single neigh-
borhood search and Mem-AP using success-rate-based adaptive neigh-
borhood search, the result of Mem-DRL is not significantly different
from the results of Mem-NS4 and Mem-AP on instances #1 and #2;
in all other cases, the result of Mem-DRL is significantly better than
the result of each other version. Using neighborhood search opera-
tors that share information among different sub-schedules of different
drones, Mem-NS2 and Mem-NS4 perform generally better Mem-NS1
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Fig. 16. Box plots of the results obtained by the ten comparative algorithms on multiple drone scheduling instance #4.
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Fig. 17. Box plots of the results obtained by the ten comparative algorithms on multiple drone scheduling instance #5.
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Fig. 18. Box plots of the results obtained by the ten comparative algorithms on multiple drone scheduling instance #6.

and Mem-NS3 that exchange information within sub-schedules. By inte-
grating the four neighborhood search operators in an adaptive selection
schema, Mem-AP exhibits significantly better performance than all four
versions with single neighborhood search. Using deep reinforcement
learning to better exploit historical information to adaptively select
the most appropriate operator for each neighborhood search operation,
Mem-DRL further outperforms Mem-AP significantly on the last eight
instances.

14

In summary, the proposed Mem-DRL exhibits the best performance
among the ten comparative algorithms on each instance; except the
relatively small-size instances #1 and #2, Mem-DRL performs signif-
icantly better than all other algorithms on all medium- and large-size
instances #3-#10. The performance advantages of the proposed algo-
rithm become more obvious on more difficult instances, i.e., instances
with larger number of segment to be deiced and larger number of
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Fig. 19. Box plots of the results obtained by the ten comparative algorithms on multiple drone scheduling instance #7.
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Fig. 21. Box plots of the results obtained by the ten comparative algorithms on multiple drone scheduling instance #9.

drones. The computational results demonstrate that the proposed algo-
rithm is effective and efficient for solving the considered deicing drone
scheduling problem, especially for complex instances.

Table 6 presents the average CPU times consumed by the compara-
tive algorithms on the multi-drone test instances. The time cost of ILS is
always the least, but its time-efficiency is at the expense of low solution
accuracy. The CPU times consumed by the four versions using single
neighborhood search operators are typically longer than those of ILS
and ALNS, but shorter than those of GA-CG, RBGA, and DEMA. Com-
pared to these four versions, Mem-AP takes an approximately 3% time
overhead; compared to Mem-AP, Mem-DRL takes an approximately 3%

15

time overhead, which is trivial considering the significant improvement
of the final solutions. The solution times do not exceed 10 s on the
first three instances, do not exceed 120 s on instances #4-#8, and are
approximately five to six minutes on the largest instances #9 and #10,
which are generally acceptable.

6. Conclusion and discussion

Deicing drones are an effective method in response to freezing
disasters striking railway catenary systems. In this study, we present a
deicing drone scheduling problem for restoring catenary systems with
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Fig. 22. Box plots of the results obtained by the ten comparative algorithms on multiple drone scheduling instance #10.

Table 5
Ranking of the result (median objective function value) obtained by each algorithm on the test instances of multiple drone scheduling.
# ILS ALNS GA-CG ACO RBGA DEMA Mem-NS1 Mem-NS2 Mem-NS3 Mem-NS4 Mem-AP Mem-DRL
1 12 11 10 8 3 2 9 4.5 6 7 4.5 1
2 12 6 7.5 3 5 9 11 7.5 10 4 2 1
3 12 10 11 6 8 5 7 4 9 3 2 1
4 12 9 11 7.5 7.5 3 10 6 5 4 2 1
5 12 9 11 10 8 4.5 6.5 4.5 3 6.5 2 1
6 12 10 11 8 9 3 6.5 5 6.5 4 2 1
7 12 9 11 10 8 3 7 5 6 4 2 1
8 12 7.5 11 10 9 3 7.5 5 6 4 2 1
9 12 9 11 8 10 6 7 5 3.5 3.5 2 1
10 12 9 11 8 10 3 7 6 4 5 2 1
Sum 108 80.5 94.5 70.5 67.5 38.5 71.5 46.5 55 40 20.5 9
Table 6
Median CPU time (in seconds) consumed by each comparative algorithm on the test instances of multiple drone scheduling.
# ILS ALNS GA-CG ACO RBGA DEMA Mem-NS1 Mem-NS2 Mem-NS3 Mem-NS4 Mem-AP Mem-DRL
1 0.52 0.57 0.69 0.60 0.66 0.64 0.65 0.64 0.62 0.62 0.70 0.74
2 1.87 2.10 2.38 2.12 2.31 2.27 2.27 2.24 2.19 2.20 2.36 2.48
3 7.32 8.18 9.45 8.38 9.17 9.02 9.06 8.99 8.93 8.97 9.30 9.68
4 12.51 13.97 16.16 14.23 15.69 15.44 15.40 15.38 15.30 15.34 15.79 16.26
5 31.73 34.80 41.25 36.22 40.07 39.44 39.21 39.18 39.01 39.04 39.69 40.67
6 42.23 46.48 55.86 48.27 52.99 52.46 52.20 52.21 51.90 52.02 52.89 54.24
7 73.25 80.48 97.55 84.25 92.96 89.72 89.46 89.57 88.89 89.05 90.45 92.75
8 97.52 105.00 128.65 111.22 124.88 116.64 116.30 116.45 115.67 116.07 117.55 120.27
9 266.42 286.50 349.98 302.51 339.76 318.63 316.36 317.14 316.22 315.71 319.36 323.71
10 322.86 346.96 433.46 376.37 421.21 386.40 382.80 383.97 382.66 382.00 386.06 390.89

the objective to minimize the total negative effect in terms of train
delay and cancellation due to the freezing catenary. To efficiently solve
the problem, we propose a memetic algorithm integrating global mu-
tation and variable neighborhood search controlled by reinforcement
learning, the performance of which is demonstrated by computational
results on real-world problem instances compared to selected popular
optimization algorithms in the literature.

Our future work considers extending this study in several aspects.
First, the current problem only considers stationary depots to provide
battery replacement, and ongoing study is integrating stationary depots
and movable depots (e.g., ground vehicles), the optimal deployment of
which should be combined with the scheduling problem [62]. Second,
when the icy rainfall and snowfall is continuing during the decision
period, it is required to incorporate the prediction of freezing condi-
tions and deicing workloads into the problem, for which we can use
a method integrating machine learning prediction and evolutionary
optimization [63,64]. Third, the current objective function evaluation
is based on the train delay and cancellation according to the predefined
train timetable, while a more challenging task is to enable the trains to

change their routes by selecting new railway sections whose catenary
lines have been or will be restored according to the deicing solution.
Such extensions will significantly improve the complexity of the prob-
lem, which is to be solved by more elaborately designed methods,
such as surrogate objective functions to reduce the computational
complexity.
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