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SUMMARY
Unmanned aerial vehicle (UAV) was introduced for nondeterministic traffic monitoring, and a real-
time UAV cruise route planning approach was proposed for road segment surveillance. First, critical
road segments are defined so as to identify the visiting and unvisited road segments. Then, a UAV
cruise route optimization model is established. Next, a decomposition-based multi-objective evolu-
tionary algorithm (DMEA) is proposed. Furthermore, a case study with two scenarios and algorithm
sensitivity analysis are conducted. The analysis result shows that DMEA outperforms other two
commonly used algorithms in terms of calculation time and solution quality. Finally, conclusions
and recommendations on UAV-based traffic monitoring are presented.

KEYWORDS: Unmanned aerial vehicle; Traffic monitoring; Route planning; Multi-objective
optimization; Road segment.

1. Introduction
Due to its unique advantages of wide view, flexibility, and mobility, unmanned aerial vehicle (UAV)
(a.k.a. drone) has been widely used in the fields of environmental monitoring, meteorology, power
facility inspection, traffic monitoring, and so on.1 In recent years, some countries have deregulated
its flight policy. For example, in 2016, the Civil Aviation Administration of China approved that
UAV indoor fights, UAV flights within visual line of sight, and UAV flights at the areas of few
population were exempted from flight regulation and flight application permission.2 In addition, the
drone operations have become easier, and the drone sensing technology is maturing with a significant
decrease in its price, which have promoted its applications in the fields of commercial business and
scientific research.
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In the field of traffic monitoring, UAVs can be loaded with different sensors (e.g., infrared cameras,
radars, and high-resolution cameras) to collect traffic information and monitor traffic infrastructure,
such as road condition monitoring, traffic incident detection, bridge inspection, traffic information
acquisition, and so on.3–6 Besides the traditional manual observation, computer vision technology
has been gradually used to conduct traffic monitoring, owing to its high accuracy and traffic analysis
speed. Coifman et al. proposed a real-time computer vision system for vehicle tracking and traffic
surveillance.7 Puri stated a survey of UAV traffic surveillance and summarized its worldwide devel-
opment situation.8 Romanoni et al. compared two Monte Carlo algorithms for 3D vehicle trajectory
reconstruction in roundabouts.9 Liu et al. used a UAV to take pictures of the traffic accident scene
and then adopted multi-stereo technology to reconstruct 2D and 3D traffic accident scene.10 These
studies put forward the UAV applications in the field of intelligent transportation systems.

In urban areas, most roads are installed with traffic detectors (e.g., loop detectors, video cam-
eras, infrared cameras, and automatic vehicle identification readers) to conduct traffic monitoring.
However, due to limited budget, some urban roads and several rural roads are not installed with any
traffic detectors; thus, it is difficult to collect traffic information and conduct effective traffic manage-
ment. In this context, UAVs are introduced to conduct traffic surveillance for these roads in this study.
In real-life traffic monitoring, the number of UAVs available and UAV maximum flight distance are
always limited; moreover, the number of monitored roads may be large, and UAV monitoring task is
uncertain due to the unexpected traffic accident or congestion. Therefore, it is necessary to conduct
real-time UAV cruise route optimization so as to find the optimal routes as soon as possible. Previous
studies mainly focused on deterministic UAV cruise route planning and paid more attention to the
modeling and optimization algorithms.

As for UAV cruise route optimization model, some studies extend and improve some optimiza-
tion models such as traveling salesman problem,11 multiple traveling salesman problem,12 integer
linear programming (ILP),13 vehicle routing problem (VRP),14 Voronoi diagram,15 artificial poten-
tial field method,16 partially observable Markov decision processing.17 In ref. [14], UAV cruise route
optimization problem was formulated as a VRP with time window and time precedence require-
ments, which has better ability to describe the complicated traffic monitoring problem. Moreover,
non-dominated sorting genetic algorithm II (NSGA-II) was selected for optimization. In ref. [18], an
optimization method combining VRP and ILP was proposed to conduct different UAV cruise tasks
of various time windows for a fleet of UAVs. In ref. [19], the temporal relationship among UAV
scheduling constraints and different UAV cruise tasks was considered, and a cooperative multi-task
allocation problem model was proposed to describe more complex UAV cruise route planning.

As for UAV cruise route optimization algorithm, they are mainly grouped into two categories, that
is, the centralized algorithms and the distributed algorithms. The most used centralized algorithms
include dynamic programming, enumeration method, and branch-and-bound method. Moreover,
more interests have been paid on heuristic and intelligent optimization algorithms such as genetic
algorithm,11 Tabu search,12 particle swarm optimization,20 and ant colony optimization.21 It is easy
to understand the centralized algorithms, and they can acquire the optimal UAV cruise routes theoreti-
cally. However, there is a huge computational challenge for them when the number of nodes increases
obviously. Moreover, the self-adaptation and cooperative competition of the centralized algorithms
are not good enough, and the obtained results by them may be ordinary in the dynamic condition.22

While the distributed algorithms can grasp the information interaction among different UAVs, which
is beneficial for solving the large size and dynamic UAV cruise route optimization problem. There
are two types of distributed algorithms, the first type decomposes the original optimization prob-
lem into several sub-problems and optimizes these sub-problems simultaneously through adaptation
and cooperation among each other; the second type emphasizes the individual’s local awareness and
response interaction to achieve the global self-organization. The main distributed algorithms include
auction algorithm, contract net, dynamic distributed constraint optimization, and multi-objective
evolutionary algorithm based on decomposition (MOEA/D). The distributed algorithms have some
advantages, such as simple calculation, low calculation complexity, and good robustness; therefore,
they are usually adopted to solve large size and complex task allocation problems.23

There are three important parts of real-time UAV cruise route optimization for road segment
surveillance: (1) the road segment should not be simplified as a node, and it is a link which has a
length from its start point to its end point. (2) The traffic monitoring task is uncertain, and traffic

https://doi.org/10.1017/S0263574720000867 Published online by Cambridge University Press

https://doi.org/10.1017/S0263574720000867


Real-time unmanned aerial vehicle cruise route optimization 1009

accident or congestion may occur on some road segments randomly, and thus there are some unex-
pected/new monitoring targets. Therefore, it is essential to adjust UAV cruise routes in real time for
quick surveillance response. (3) Optimization speed is important for real-time UAV cruise route plan-
ning. Most studies do not consider the length of road segment and always simplify it as a node, which
is far away from the real-life situation. Few studies take this into account. Liu et al. proposed a UAV
route planning optimization approach for road segment surveillance, and NSGA-II was adopted to
find optimal UAV cruise routes.24 However, the surveillance task is static and deterministic. In addi-
tion, NSGA-II is one of the centralized algorithms, which has high computational complexity; thus,
it is difficult to acquire the optimal UAV cruise routes quickly.

In summary, previous studies have focused on static or deterministic UAV cruise route optimiza-
tion problem, and centralized algorithms are always used for optimization, which is not helpful to
obtain the optimal solutions as soon as possible. Therefore, this study aims at the real-time UAV
cruise route planning problem for road segment surveillance, with the objectives of minimizing the
number of UAVs used and minimizing the total cruise distance. Then, a decomposition-based evo-
lutionary algorithm is proposed to find the optimal routes as soon as possible. The contributions of
this research include the modeling of the real-time UAV rerouting for road segment surveillance,
which considers the length of road segment, and the decomposition-based multi-objective evolution-
ary algorithm (DMEA), which improves the solution quality and optimization speed. Specifically,
DMEA proposes an insertion comparison method to generate feasible UAV cruise route chromo-
some for road segment; additionally, DMEA adopts the order-based crossover operator and inverse
mutation operator, to enhance the algorithm search ability.

The remainder of this study is organized as follows: In Section 2, the real-time UAV cruise
route optimization problem for road segment surveillance is described, and the mathematical
modeling is stated. Section 3 proposes a DMEA to conduct optimization. In Section 4, a case
study is implemented, and the effectiveness of the proposed algorithm is verified through several
simulated scenarios and algorithm comparisons. Finally, Section 5 presents the conclusions and
recommendations.

2. Modeling

2.1. Problem description
For the sake of traffic surveillance, UAVs take flights according to the planned cruise routes, to
acquire the traffic information and detect traffic incident/accident. Suddenly, traffic incident or traf-
fic congestion occurs on some road segments, and these segments need aerial surveillance. In this
condition, new/unexpected road segments appear and initial UAV cruise routes should be adjusted in
real time. To better demonstrate the problem, Fig. 1 is presented. In Fig. 1, a road segment is denoted
as a link, and each link has its start and end nodes. In this study, the critical link is defined as the
link in which a UAV is currently monitoring, or a link which a UAV is heading to. When new links
appear, critical links should be identified immediately, and their nodes are denoted as critical nodes.
The goal of this optimization problem is to acquire the optimal routes as soon as possible.

As Fig. 1 shows, at initial time t0, the road network has six links and a base, and several UAVs
are available in this base. In addition, there are three possible UAV routes, that is, 0-4-3-1-2-5-6-0,
0-7-8-0, and 0-11-12-10-9-0. At time t1, a new link from node 13 to node 14 appears. Meanwhile,
the route 0-7-8-0 is finished, and the remaining routes are not finished. At time t1, a UAV is flying
from node 12 to node 10, and the other one is monitoring the link from node 4 to node 3. At this
time, the link from node 10 to node 9 and the link from node 4 to node 3 are critical links. At time
t2, new UAV cruise routes are generated. In Fig. 1, at time t1, the visited nodes are {7, 8, 11, 12}, the
unvisited nodes are {1, 2, 5, 6, 13, 14}, and the critical nodes are {3, 4, 9, 10}. It should be noted
that the possible UAV route (e.g., 0-4-3-1-2-5-6-0) cannot be reversed for flight navigation in the
above model due to two reasons. The first reason is that a UAV sub-route (e.g., 0-4-3) of route 0-
4-3-1-2-5-6-0 may have been visited at designated time (e.g., t = 0.1 h); in other words, the route
direction cannot be changed. The second reason is that if the possible UAV route (e.g., 0-4-3-1-2-
5-6-0) can be reversed for navigation, that is, 0-6-5-2-1-3-4-0, the critical link of this reversed route
may change at designated time (e.g., the link from node 6 to node 5, not the link from node 4 to
node 3); thus, the possible optimized UAV routes will be different after optimization. Generally, the
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Fig. 1. Diagram of link re-routing.

visited, unvisited, and critical links should be considered together when planning UAV cruise routes.
Since each link has its start and end nodes, UAV cruise route planning problem can be converted
into a node-visiting optimization problem. As for the new optimized routes, they must originate from
UAV base or critical nodes, go through unvisited nodes, and return to UAV base.

2.2. Model definition
At the time of new link(s) appearing, some nodes have been visited, and they must be deleted before
modeling (e.g., node 7 and node 8 in Fig. 1). Then, the remaining ones are grouped as three cat-
egories: visited, unvisited, and critical nodes. Suppose that the set of critical and unvisited nodes
is denoted as Ncu; the set of UAV base, critical and unvisited nodes are denoted as N0cu; the set of
critical, unvisited, and visited nodes is denoted as Ncuv; the set of UAV base, critical, unvisited, and
visited nodes is denoted as N0cuv; the set of UAVs is denoted as K; and the set of start and end nodes
of road segments is represented by an integer number sequence, and they are denoted as Ns and NE,
respectively, additionally, NE = Ns + 1; node pair (i, j) of each UAV route has flight distance and
flight time, which are denoted as dij and tij, respectively. The number of UAVs available is denoted
as N, and UAV maximum flight distance is denoted as D.

In real-life UAV flight, wind disturbance may have impact on the use of UAV energy and the UAV
maximum flight distance. For idealized modeling, two optimization objectives are stated. The first
objective is to minimize the total cruise distance, and the second objective is to minimize the number
of UAVs used.

Min f1 =
∑
k∈K

∑
i∈Nocuv

∑
j∈Nocuv

xkijdij (1)

Min f2 =
∑
k∈K

∑
j∈Ncuv

xkoj (2)

The constraints are listed as follows:∑
j∈Ncuv

xkoj = 1, ∀k ∈ K (3)

∑
i∈Ncuv

xkio = 1, ∀k ∈ K (4)
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Equations (3)–(4) state that UAVs depart from and return to the base.
∑
k∈K

∑
j∈Nocu

xkij = 1, ∀i ∈ Ncu (5)

Equation (5) ensures that for each critical or unvisited node, only one UAV leaves it.
∑
k∈K

∑
i∈Nocu

xkij = 1, ∀j ∈ Ncu (6)

Equation (6) ensures that for each critical or unvisited node, only one UAV arrives at it.∑
k∈K

∑
i∈Nocu

xkih =
∑
k∈K

∑
j∈Nocu

xkhj, ∀h ∈ Ncu (7)

Equation (7) ensures that for each critical or unvisited node h, its entering UAV must leave it.
∑

k∈K,j=i+1

xkij = 1, ∀i ∈ Ns (8)

∑
k∈K,j=i−1

xkij = 1, ∀i ∈ NE (9)

Equations (8)–(9) ensure that the start and end nodes of one road segment are linked directly in
one UAV cruise route. ∑

i∈Nocuv

∑
j∈Nocuv

xkij × dij � D, ∀k ∈ K (10)

Equation (10) states that UAV maximum flight distance should not be exceeded.
∑
k∈K

∑
j∈Ncuv

xkoj � N (11)

Equation (11) states that the number of UAVs available should not be exceeded.
The decision variable is given by

xkij =
{

1, route(i, j) is cruised by UAV k
0, otherwise (12)

Equation (12) states that the decision variable equals to 1 when route (i, j) is cruised by UAV k;
otherwise, it equals to 0.

The major contributions of the model include Eqs. (7) and (8)–(9). Equation (7) considers each
critical or unvisited node and states that its entering UAV must leave it. Equation (7) guarantees
that the new road segments, which have unvisited nodes, will be visited by UAVs. Equations (8)–(9)
consider the length of a road segment and guarantee that one road segment will be visited in one
UAV cruise route. In addition, it should be noted that the proposed model is not only applicable for
UAV traffic surveillance but also suitable for other surveillance tasks, for example, vehicle allocation
for logistics distribution, vessel deployment for maritime search, and so on.

3. Algorithm
The proposed model is a multi-objective optimization problem, and the commonly used solving
methods include weighted sum and Pareto optimization. The weighted sum method assigns different
weights to different objective functions and then linear combination is adopted to convert the multi-
objective optimization problem into a single-objective optimization problem. However, it is difficult
to determine the weights. Pareto optimality is widely used to solve the multi-objective optimiza-
tion problem, and several evolutionary algorithms have been developed, such as the NSGA,25 the
Pareto archived evolutionary strategy,26 and the strength Pareto evolutionary algorithm (SPEA).27

These algorithms use archive or tournament pool to keep population diversity and adopt Pareto
optimality to search an optimization front set for objective functions. As for SPEA, the overall
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population is consisted of an internal and external population, and the external population is pro-
posed to store non-dominated solutions at each generation. Then, all non-dominated solutions in
the overall population are assigned fitness according to the number of solutions they dominated;
moreover, the dominated solutions are assigned fitness worse than the worst fitness of any non-
dominated solution. As for NSGA, it is criticized for specifying the sharing parameter, lacking
the elitism and high computational complexity.28 To overcome these disadvantages, NSGA-II is
proposed, which conducts fast non-dominated sorting and crowded distance evaluation to choose
elitist chromosomes, and uses tournament population to improve the diversity. Due to these advan-
tages, NSGA-II is the most popular algorithm to solve the multi-objective optimization. In recent
years, MOEA/D,29, 30 sub-population genetic algorithm II,31 and hypervolume-based optimization32

are developed. Additionally, some swarm intelligence algorithms are developed,33–35 such as hybrid
particle optimization algorithm, hybrid ant colony algorithm, and flower pollination algorithm.

Since the research is dynamic and multi-objective based, calculation time and solution quality are
important. As for the calculation time, there is a huge computational challenge for the centralized
algorithms, especially when the size of links is large, and it is preferred to use distributed algorithms
for obtaining the optimized solutions as soon as possible. Compared with other algorithms, MOEA/D
is one of the distributed algorithms and decomposes the optimization problem into several single opti-
mization sub-problems and optimizes these sub-problems simultaneously; thus, MOEA/D algorithm
has the advantages of solving complicated Pareto set shapes and low computational complexity,36

which is beneficial to plan UAV cruise routes in real time. As for multi-objective optimization and
solution quality, it is preferred to adopt Pareto technique and elitist strategy to approach the solu-
tion Pareto Fronts. Therefore, both the decomposition strategy, Pareto technique, and elitist strategy
are adopted in this study, and a decomposition-based multi-objective optimization algorithm is pro-
posed. As for the multi-objective decomposition, Tchebycheff approach is one of the commonly
used methods, it can alter the weight vectors to deal with nonconcave Pareto Fronts.29, 36 Therefore,
Tchebycheff approach is used to implement the decomposition strategy.

3.1. Tchebycheff approach
In Tchebycheff approach, a single objective optimization sub-problem is described as follows.

Minimize g(x|λ, z∗) = max
1≤i≤m

{λi|fi(x) − z∗
i |} (13)

Subject to x ∈ � (14)

where m is the number of objective functions, λ = (λ1, . . . , λm) is the set of weight vectors, f (x)
is the objective function, z∗ is the reference point, and � is the decision space. For all i = 1, . . . , m,

λi � 0,
m∑

i=1
λi = 1, and z∗

i = min{ fi(x)|x ∈ �}. When the optimal solutions of these sub-problems are

obtained, this approach can provide a good approximation to the Pareto Front of the optimization
problem.

3.2. Algorithm framework
The proposed algorithm consists of feasible UAV cruise route chromosome generation, UAV
sub-route division for each chromosome, Tchebycheff value calculation for each chromosome, chro-
mosome crossover and mutation, and neighborhood chromosome updating. The framework of this
proposed algorithm is shown in Fig. 2. The main contributions of the proposed algorithm include
feasible UAV cruise route chromosome generation, UAV sub-route division, and Tchebycheff value
calculation for chromosomes, which are marked in gray in Fig. 2.

As Fig. 2 shows, the algorithm procedure can be summarized as follows. First, the algorithm
generates initial UAV cruise route chromosomes and designates a reference point and the set of
weight vectors. In this set, each weight vector corresponds to one chromosome. Second, the algo-
rithm chooses T closest weight vectors for each weight vector, that is, each weight vector has T
closest weight vectors or neighborhood chromosomes. The selection of closest weight vectors or
neighborhood chromosomes is illustrated in Table I. In Table I, there are five UAV route chromo-
somes, and each chromosome has a weight vector and a neighborhood set, both of them are generated
randomly so as to keep the search diversity. In addition, each chromosome has two objective values
{f1, f2}. Taking the first UAV route chromosome as an example, the size of neighborhood set is three,
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Table I. Selection of closest weight vectors or neighborhood chromosomes.

Fig. 2. Framework of the proposed algorithm.

and its neighborhood set is {1, 2, 5}. Once T is supposed to be two, the algorithm will select two
neighborhood numbers from this set randomly, that is, 2 and 5 in the first row of Table I. This means
that number “2” corresponds to the second chromosome, and number “5” corresponds to the fifth
chromosome. In other words, the second and fifth chromosomes are the neighborhoods of the first
weight vector or chromosome. Third, the algorithm conducts crossover and mutation operation for
chromosomes so as to improve the population diversity and algorithm local search ability. Fourth,
the algorithm conducts UAV sub-route division for chromosomes and calculates their Tchebycheff
values. Then, the algorithm updates the new reference point and selects the elitist chromosome. Next,
the algorithm compares the Tchebycheff values of elitist chromosome and its neighborhood chromo-
somes one by one. If the value of neighborhood chromosome is greater, it is substituted by the elitist
chromosome so as to renew the chromosome population. Meanwhile, each weight vector’s neigh-
borhood chromosomes are updated. Finally, the algorithm implements the iteration optimization and
outputs the optimized solutions.

Detailed steps of the proposed algorithm are given as follows.

Step 1: Initialization
Step 1.1 Generate an initial UAV cruise route chromosome population {x1, x2, . . . , xN} (see

Section 3.3) and calculate the objective values (i.e., the total cruise distance and
the number of UAVs used) of chromosome xi, which is denoted as FVi = F(xi).

Step 1.2 Set initial reference point z = (z1, z2, . . . , zm) where zj = min
1≤i≤N

fj(xi).

Step 1.3 Generate initial weight vectors {λ1, . . . , λi, . . . , λN}, calculate their Euclidean
distances, and select T closest weight vectors for each weight vector λi. The neigh-
borhood set of λi is denoted as B(i) = {i1, . . . , iT}, and its closest weight vectors
is denoted as {λi1, . . . , λiT }.
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Step 2: Optimization
For i = 1, . . . , N, do

Step 2.1 Conduct chromosome crossover. Choose two random numbers in B(i) = {i1, . . . ,

iT}, and each number corresponds to one chromosome; thus, two chromosomes
are selected. Then, order-based crossover is conducted to generate two new
chromosomes (see Section 3.5).

Step 2.2 Conduct chromosome mutation. Choose one random number in B(i) = {i1, . . . ,

iT}, and this number corresponds to one chromosome; thus, one chromosome is
selected. Then, inverse mutation is conducted to generate a new chromosome (see
Section 3.5).

Step 2.3 Update the objective values of the new population, and the chromosome with min-
imum objective values is selected as the elitist chromosome, which is denoted as y.
Next, update the reference point z.

For each j = 1, . . . , m, if zj > fj(y), then zj = fj(y).
Step 2.4 Update the neighborhood chromosomes.

For each j ∈ B(i), if g(y|λj, z)� g(xj|λj, z), then set xj = y and FVj = F(y).
Step 3: Output optimization result

When the number of maximum iterations is reached, output the optimized UAV cruise routes and
their objective values.

3.3. Feasible UAV cruise route chromosome generation
For satisfying the constraints of Eqs. (5)–(9), the start and end nodes of a link must be connected
directly in one UAV cruise route. Moreover, integer-based target arrangement method37 is adopted
to represent the feasible UAV cruise route chromosome, which uses an integer number sequence to
represent the sequence of unvisited links/nodes. Suppose that the number of unvisited links is M,
an odd number sequence is used to represent the start nodes of unvisited links, and it is denoted
as S (e.g., 5 and 7). Then, each number of this sequence is added with 1, and this new sequence is
denoted as E to represent the end nodes (e.g., 6 and 8). Based on S and E, an intermediate matrix
R is first introduced to store the initial start nodes of unvisited or new links, so as not to change the
node structure of S. Then, R is used to store the optimized feasible UAV cruise route chromosome.
An insertion comparison method is proposed to generate feasible chromosome, which is shown as
follows.

R = S;
For i = 1:1:M
S1 = [];S2 = [];

In set R, insert E(i) in the front of S(i), then a new set S1 is generated;
In set R, insert E(i) behind S(i), then another new set S2 is generated;

Calculate the route lengths of S1 and S2; if the former is shorter than the latter, R = S1;
otherwise, R = S2;

End
Output the feasible UAV cruise route chromosome R.

To better demonstrate the method, an unvisited link “5-6” and a new link “7-8” are presented as an
example. Suppose that the start and end node sets are denoted as S = {5, 7} and E = {6, 8}, respec-
tively. First, “6” is inserted in the front of “5” and behind “5,” respectively, and then we get two UAV
routes, that is, 6-5-7 and 5-6-7. If the route length of 6-5-7 is shorter, the selected route is denoted
as 6-5-7. Then, “8” is inserted in the front of “7” and behind “7,” respectively, and we get two UAV
routes, that is, 6-5-8-7 and 6-5-7-8. If the route length of 6-5-7-8 is shorter, the selected route is
denoted as 6-5-7-8, and 6-5-7-8 is used to represent the feasible chromosome. This method ensures
that the start and end nodes of each link are connected directly, and the length of the selected route
is small, which is beneficial to generate feasible UAV cruise route chromosome.
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3.4. UAV sub-route division
To obtain the objective values of a UAV route chromosome, a link insertion method is proposed to
conduct UAV sub-route division, and its steps are presented as follows.

Step 1: At time t1, some UAV routes have been finished and then delete them. Next, determine
the unfinished UAV routes and the new links. Then, generate a UAV route chromosome
according to Section 3.3.

Step 2: Select one link of the chromosome generated in Step 1 and insert it into an unfinished
UAV route. Then, a new UAV sub-route is generated, and its length should not exceed UAV
maximum flight distance. If the length constraint is satisfied, select another link of the above
chromosome and insert it into the abovementioned unfinished UAV route. Otherwise, insert
the link into another unfinished UAV route.

Step 3: If all the unfinished UAV routes are inserted and there are some links still remaining in the
chromosome, these remaining links are used to generate new UAV sub-routes.

To better demonstrate the proposed method, two unfinished UAV routes (e.g., 0-10-9-3-4-15-16-0
and 0-2-1-12-11-14-13-0) and two new links (e.g., 6-5 and 7-8) are given as an example. Suppose that
in the unfinished UAV routes, 10-9 is the visited link and 3-4 and 2-1 are the critical links. Therefore,
the unvisited nodes are {15, 16, 12, 11, 14, 13, 6, 5, 7, 8}. In this condition, a random UAV route
chromosome can be denoted as 11-12-5-6-8-7-13-14-15-16. Then, it begins to conduct UAV sub-
route division. First, link 11-12 is inserted into 0-10-9-3-4, and a new UAV route 0-10-9-3-4-11-12-0
is generated. If the route length does not exceed UAV maximum flight distance, link 5-6 is inserted,
and a new UAV route 0-10-9-3-4-11-12-5-6-0 is generated. If the route length does not exceed UAV
maximum flight distance, the feasible UAV route is 0-10-9-3-4-11-12-0. Second, link 5-6 is inserted
into 0-2-1, and a new UAV route 0-2-1-5-6-0 is generated. If the route length does not exceed UAV
maximum flight distance, then link 8-7 is inserted, a new UAV route 0-2-1-5-6-8-7-0 is generated,
if the route length exceeds UAV maximum flight distance, the feasible UAV route is 0-2-1-5-6-0.
Third, nodes 8, 7, 13, 14, 15, and 16 are remaining. If these nodes are used to generate a new UAV
route 0-8-7-13-14-15-16-0 and the route length does not exceed UAV maximum flight distance, then
0-8-7-13-14-15-16-0 is another feasible UAV route. Therefore, there are three feasible UAV routes,
that is, 0-10-9-3-4-11-12-0, 0-2-1-5-6-0, and 0-8-7-13-14-15-16-0. Hence, the number of UAVs used
is three, and the total cruise distance can be acquired.

3.5. Crossover and mutation
Crossover is used to keep the population diversity. Order-based crossover operator is adopted to
generate new chromosomes. First, the mated section of two chromosomes is designated, and a link’s
start and end nodes must be connected directly in this mated section. Second, the mated section of
one chromosome is put in the front of the other chromosome. Third, the repeated numbers in the
rear are deleted, to ensure that one link is cruised only once. For example, there are two parent UAV
cruise route chromosomes, 12345678 and 56872143. Suppose that the matched sections are 3456
and 8721, respectively. Then, 8721 is put in the front of the first chromosome, and 3456 is put in the
front of the second chromosome, and two new chromosomes are generated, that is, 8721||12345678
and 3456||56872143. Next, the repeated numbers in the rear are deleted; therefore, two children
chromosomes are represented as 87213456 and 34568721, respectively.

Mutation is used to improve the algorithm local search ability. Inverse mutation is adopted to
generate new chromosome. First, the inverse section is designated, and the start and end positions of
the inverse section must be an odd number and an even number, to ensure that one link is cruised only
once. Second, the numbers in this section are inversed. For example, a chromosome is represented
as 123456, and the start and end positions of inverse section are “3” and “6,” respectively, then the
mutation chromosome can be represented as 126543.

4. Case Study

4.1. Description of case study
A road network is used to simulate the UAV cruise route rerouting optimization, which is shown
in Fig. 3. For verifying the effectiveness of the proposed approach, two scenarios are presented as
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Fig. 3. Distribution of road segments.

follows: (1) there are 14 links, and UAVs need to monitor the traffic situation of these links based on
the optimized cruise routes at time t = 0 h; (2) there are an exhibition center and a high school near
link 15 and link 16, respectively, traffic congestion is likely to occur on these links; therefore, link 15
and 16 are selected. Moreover, there are a park, an intersection, and a bridge near links 17, 18, and
19, respectively, traffic congestion or accident is also likely to occur on these links; therefore, links
17, 18, and 19 are selected. In addition, links 15, 16, 17, 18, and 19 are supposed to appear at time
t = 0.4 h, and the road network has 19 links in this scenario. At time t = 0.4 h, there are several links
appearing simultaneously; thus, UAV cruise route scheme should be adjusted in real time in scenario
2. For the sake of clarity, the geographical positions of 19 links are extracted and their coordinates
are listed in Table II, in which each link has two points, that is, the start point and end point, and
each point has a point ID. In addition, UAV maximum flight distance is set at 20 km, and UAV flight
speed is set at 30 km/h.

4.2. Optimization analysis
The optimization was implemented at the MATLAB platform, and the parameters of the proposed
algorithm were set as follows: the population size was 100, the iteration number was 300, the
crossover rate was 0.8, the mutation rate was 0.1, the number of inverse mutation was 1, and the
number of neighborhood weight vectors was 5. The proposed algorithm was optimized for 15 times
to avoid algorithm randomness. The optimized UAV cruise routes of scenario 1 are shown in Fig. 4.

Fig. 4 shows that there are two UAV cruise routes in scenario 1, the first route is 0-13-14-16-15-
10-9-8-7-6-5-4-3-2-1-11-12-0, and the second route is 0-18-17-23-24-26-25-28-27-22-21-19-20-0.
At time t = 0.4 h, one UAV is flying from node 1 to node 11, and the other UAV is flying from
node 27 to node 22; therefore, link 11-12 and link 22-21 are critical links. Since link 11-12 is the
critical link, and link 11-12 will be visited in the first route. In addition, the length of the route 0-
13-14-16-15-10-9-8-7-6-5-4-3-2-1-11-12-0 is 18.79 km, and no more links can be inserted into this
route; otherwise, UAV maximum flight distance (i.e., 20 km) will be exceeded. In this condition, it
is thought that the first route has been finished.

At time t = 0.4 h, the visited nodes are {13, 14, 16, 15, 10, 9, 8, 7, 6, 5, 4, 3, 2, 1, 11, 12, 18, 17,

23, 24, 26, 25, 28, 27}, the critical nodes are {21, 22}, and the remaining nodes are used to generate
feasible UAV cruise route chromosome. Fifteen best solutions were selected from the solutions of
initial population, and these initial solutions were compared with the optimized solutions, which are

https://doi.org/10.1017/S0263574720000867 Published online by Cambridge University Press

https://doi.org/10.1017/S0263574720000867


Real-time unmanned aerial vehicle cruise route optimization 1017

Table II. Coordinates of different links and UAV base.

Link ID X axis/km Y axis/km Point ID Link ID X axis/km Y axis/km Point ID

1 −4.823 4.173 1 11 −0.296 −3.655 21
−4.608 3.733 2 −0.146 −4.095 22

2 −4.697 2.821 3 12 2.465 3.463 23
−5.157 2.981 4 2.935 3.563 24

3 −5.681 2.387 5 13 2.009 1.564 25
−5.551 1.927 6 2.509 1.564 26

4 −5.004 0.141 7 14 2.263 0 27
−4.944 −0.349 8 2.763 0 28

5 −3.831 0 9 15 −2.625 4.473 29
−3.331 −0.09 10 −2.314 4.201 30

6 −1.353 2.858 11 16 7.348 1.213 31
−0.863 2.898 12 7.792 1.476 32

7 −1.629 −0.292 13 17 0.512 −3.421 33
−1.669 −0.772 14 0.924 −2.914 34

8 −3.313 −0.665 15 18 4.312 −1.023 35
−2.883 −0.775 16 4.813 −1.023 36

9 0.329 3.18 17 19 2.794 −3.855 37
0.569 2.75 18 2.853 −3.321 38

10 0.391 −1.165 19 UAV base 0 0 0
0.631 −0.745 20

Fig. 4. Optimized UAV cruise routes of scenario 1.

listed in Table III. Based on the optimization result of scenario 1, the dynamic UAV cruise route
optimization was conducted, and the optimized routes of scenario 2 are shown in Fig. 5.

It can be seen from Table III that the optimized solutions of the proposed algorithm are better than
the initial optimal solutions. Compared with the optimal total cruise distances of initial solutions,
optimized solutions of two scenarios decrease by −41.28% and −1.23%, respectively. In addition,
compared with the average total cruise distances of initial solutions, optimized solutions of two sce-
narios decrease by −42.00% and −5.79%, respectively. Furthermore, compared with the maximum
total cruise distances of initial solutions, optimized solutions of two scenarios decrease by −41.77%,
and −7.71%, respectively. This demonstrates that the proposed algorithm is feasible and effective for
UAV cruise route planning.

To demonstrate the real-time UAV route adjustment, Fig. 6 is presented to describe the UAV re-
routing. In Fig. 6(a), UAV route 1 is finished at time t = 2255 s, and UAV route 2 is finished at time
t = 2340 s. In Fig. 6(b), new links 15, 16, 17, 18, 19 appear at time t = 0.4 h (i.e., 1440 s), and the
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Table III. Optimization result comparison of two scenarios.

Optimal Optimal Average Average Maximum Maximum
total cruise number of total cruise number of total cruise number of

Scenario Parameter distance/km UAVs used distance/km UAVs used distance/km UAVs used

1 Initial solutions 66.03 4.00 71.50 4.40 77.71 5.00
Optimized 38.77 2.00 41.47 2.80 45.25 3.00

solutions
Decrease degree −41.28% −50.00% −42.00% −36.36% −41.77% −40.00%

2 Initial solutions 58.65 4.00 61.67 4.00 63.91 4.00
Optimized 57.93 4.00 58.1 4.00 58.98 4.00

solutions
Decrease degree −1.23% 0.00% −5.79% 0.00% −7.71% 0.00%

Fig. 5. Optimized routes of scenario 2.

second, third, and fourth UAV routes begin at time t = 1440 s. It should be noted that the start time
of these routes does not consider the optimization calculation time and the transmission delay time
to acquire the information of new links.

In order to verify the effectiveness of the proposed algorithm (DMEA), NSGA-II, and SPEA
are selected, which are the most popular benchmark algorithms for optimization comparison.27, 28

Therefore, DMEA is compared with the most commonly used NSGA-II and SPEA. The proposed
algorithm parameters are the same as mentioned earlier. The parameters of SPEA were set as follows:
the internal population size was 80, the external population size was 20, the iteration number was 300,
the crossover rate was 0.8, and the mutation rate was 0.1. The parameters of NSGA-II were set as
follows: the population size was 100, the iteration number was 300, the crossover rate was 0.8, the
mutation rate was 0.1, the tournament population size was 50, and the number of tournament UAV
routes was 2. A computer with windows 8 operation system, Intel Core i7-4870HQ CPU 2.50GHz,
and RAM 16.0GB was used, and the optimization comparison was implemented at the MATLAB
R2014b platform for 15 times. The optimized solutions of different algorithms are compared and
shown in Table IV.

It can be seen from Table IV that these three algorithms can find the optimal solutions in two
scenarios, the optimal total cruise distances of two scenarios are 38.77 and 57.93 km, respectively,
and the optimal number of UAVs used of two scenarios are 2 and 4, respectively. On the other hand,
the proposed algorithm outperforms SPEA and NSGA-II in terms of the percentage of finding opti-
mal solutions and calculation time. Compared with the percentage of finding optimal solutions using
SPEA, the values of the proposed algorithm increase by 50.04% and 9.10%, respectively. Compared
with the calculation time using SPEA, the values of the proposed algorithm decrease by 61.27% and
54.33%, respectively. Compared with the percentage of finding optimal solutions using NSGA-II,
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Table IV. Optimized solution comparison of different algorithms.

Optimal Optimal Percentage of
total cruise number of finding optimal Calculation

Scenario Algorithm distance/km UAVs used solutions time/s

1 SPEA 38.77 2.00 13.33% 40.87
NSGA-II 38.77 2.00 13.33% 40.54
Proposed algorithm 38.77 2.00 20.00% 15.83
Improvement degree 0.00%;0.00% 0.00%;0.00% +50.04%; +50.04% −61.27%; −60.95%

2 SPEA 57.93 4.00 73.33% 53.54
NSGA-II 57.93 4.00 80% 52.80
Proposed algorithm 57.93 4.00 80% 24.45
Improvement degree 0.00%; 0.00% 0.00%; 0.00% +9.10%; 0.00% −54.33%; −53.69%

Note: There are two numbers in the row of improvement degree, they are the improvement percentages compared with SPEA and
NSGA-II, respectively.

Fig. 6. The sequence diagram of UAV re-routing: (a) scenario 1; (b) scenario 2.

the values of the proposed algorithm increase by 50.04% and 0.00%, respectively. Compared with
the calculation time using NSGA-II, the values of the proposed algorithm decrease by 60.95% and
53.69%, respectively. There are three factors accounting for the good performance of the proposed
algorithm, the first factor is that neighborhood strategy is adopted, which is helpful to find optimal
solutions; the second factor is that the proposed algorithm can alter weight vectors to approach the
nonconcave Pareto Front; the third factor is that the proposed algorithm has lower computational
complexity. The computational complexities of the proposed algorithm, NSGA-II and SPEA are
O(mNT), O(mN2), and O(mN2), respectively, in which m is the number of objective functions, N is
the population size, and T is the number of neighborhood weight vectors. If the number of objective
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Table V. Sensitivity analysis of T .

Average total Average number Average computation
Parameter cruise distance/km of UAVs used time/s

T = 3 58.21 4.00 23.19
T = 5 58.10 4.00 24.44
T = 7 58.28 4.00 24.49

Table VI. Sensitivity analysis of N and G.

Percentage of Average
Total cruise distance/km Number of UAVs used

finding optimal computation
Parameter Max Mean Min Max Mean Min solution (%) time/s

N = 50, G = 150 58.98 58.28 57.93 4.00 4.00 4.00 66.67 5.98
N = 50, G = 300 58.98 58.21 57.93 4.00 4.00 4.00 73.33 11.77
N = 100, G = 150 58.98 58.10 57.93 4.00 4.00 4.00 73.33 12.00
N = 100, G = 300 58.98 58.10 57.93 4.00 4.00 4.00 80.00 24.44

functions and the population size are the same, the computational complexity ratio among the pro-
posed algorithm and other two algorithms is O(T)/O(N). Commonly, T is much less than N (e.g.,
T and N equal to 5 and 300, respectively, in this case study). Therefore, the proposed algorithm has
faster optimization speed.

Generally, the average computation time of two scenarios decreases significantly, and this is
helpful to acquire the optimal UAV cruise routes as soon as possible. The good algorithm per-
formance helps to find the best solutions in real time. Moreover, the computation time is closely
related to the amount of links and the computer performance. Larger amount of links will increase
the computation time.

4.3. Sensitivity analysis
Sensitivity analysis was conducted to test three algorithm parameters, that is, the number of neigh-
borhood weight vectors (T), the population size (N), and the iteration times (G). T was set at 3, 5,
and 7, respectively, G was set at 200 and 300, respectively, and N was set at 50 and 100, respectively.
Based on scenario 2, sensitivity analysis was implemented for 15 times to avoid algorithm random-
ness. Analysis result of T is shown in Table V, and analysis result of N and G is shown in Table VI.
It can be seen from Table V that when T equals to 5, the average total cruise distance is minimum;
additionally, the average computation time increases gradually with T increasing. Table VI shows
that the computation time increases significantly and the solution quality becomes better when N
increases from 50 to 100, or G increases from 150 to 300.

5. Conclusions and Recommendations
This study proposes a real-time UAV cruise route planning approach for road segment surveillance.
The model considers the real-time road segment surveillance and multi-objective optimization, which
is more suitable for real-life UAV traffic monitoring problem. A case study with two scenarios is
conducted, and the proposed algorithm (DMEA) is compared with the commonly used NSGA-II
and SPEA. The study results show that all of them can find the optimal solutions; moreover, DMEA
outperforms NSGA-II and SPEA in terms of computation time and the percentage of finding optimal
solutions. This indicates that the proposed model and algorithm are promising for real-time UAV
cruise route planning in the context of road segment surveillance. Furthermore, sensitivity analysis of
three algorithm parameters (i.e., the number of neighborhood weight vectors, the population size, and
the iteration times) is conducted, and the analysis results indicate that the number of neighborhood
weight vectors has certain impacts on optimized solutions, and increasing the population size and
iteration times will improve the quality of optimization solutions. Meanwhile, greater population
size and iteration times will increase computation time significantly.
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In real-life UAV traffic monitoring, there are some limitations. First, UAV flight height is always
constrained due to the consideration of public safety. For example, without flight approval, UAVs
less than 7 kg can only take flights below the altitude of 120 m in China.2 Second, the video quality
of UAV cameras depends on weather conditions (e.g., rainy, foggy, windy weather) and the technical
performances of cameras. Third, most UAV maximum flight distance is limited; thus, it is difficult
for a UAV to cover the whole road network. It is necessary to use multiple UAVs to work together
for traffic monitoring; therefore, how to implement the cooperation surveillance of multiple UAVs is
an emerging problem. Fourth, there are many high buildings and other infrastructures in the urban
downtown area, there are potential collision risks for UAV flights. Flight collision avoidance and the
cooperation of multiple UAVs are two concerned issues in the future.

As for the practical applications, the proposed approach can be used to collect the real-time traffic
information of large-scale road segments, which is the foundation data of traffic congestion dissem-
ination analysis. In addition, UAVs can carry on some environmental sensors to collect air pollution
data of different road segments at different altitudes, these data can describe the air pollution devel-
opment of road network, and the analysis result will provide important support for making traffic
regulation policies. Furthermore, UAVs can be loaded with cameras and 3D radar systems to col-
lect the image and point cloud data of traffic accident scene, then image processing technology and
multi-stereo technology can be used to reconstruct the traffic accident scene, which will provide great
conveniences for traffic accident investigation in terms of traffic interruption and accident analysis.
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