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a b s t r a c t

This study contains the process of developing a Mission Planning System (MPS) of an USV that can be
applied in real situations and verifying them through HILS. In this study, we set the scenario of a single
USV with limited operating time. Since the USV may not perform some missions due to the limited
operating time, an objective function was defined to maximize the Mission Achievement Rate (MAR). We
used a genetic algorithm to solve the problem model, and proposed a method using a 3-D population.
The simulation showed that the probability of deriving the global optimal solution of the mission
planning algorithmwas 96.6% and the computation time was 1.6 s. Furthermore, USV showed it performs
the mission according to the results of the MPS. We expect that the MPS developed in this study can be
applied to the real environment where USV performs missions with limited time conditions.
© 2021 Society of Naval Architects of Korea. Production and hosting by Elsevier B.V. This is an open access

article under the CC BY-NC-ND license (http://creativecommons.org/licenses/by-nc-nd/4.0/).
1. Introduction

This study contains the development of a Mission Planning
System (MPS) for securing the autonomy of Unmanned Surface
Vehicles (USVs) and verification of application to real mission sit-
uations through HILS.

According to the development of advanced science technology
and along with the changes of the increasingly complicated mari-
time environment, research on USV has been actively conducted.
After the September 11 attacks, the US Navy established a new
marine strategy called Sea Power 21, which uses innovative infor-
mation systems and networked advanced weapons systems to
effectively prepare for asymmetrical threats at sea. Furthermore, in
other countries, demand for USVs has been increased not only in
the military sector but also in the private sector, including marine
surveys, marine surveillance, search and rescue for distressed
people, and assistance in marine pollution control (Park et al.,
2017).

Research on MPS is required in order to secure the autonomy of
the USV. The autonomous MPS has been studied not only in the
f Naval Architects of Korea.
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marine field but also in the fields of ground-based robotics and
aerospace domains. Nevertheless, a study of MPS for USVs was less
focused and less invested than UAVs, UUVs, and UGVs (Zanoli et al.,
2012). To address the lack of study of MPS for USVs, we developed a
MPS that can be connected to USV's guidance and control system in
this study. The MPS in this study includes hardware systems, and
mission planning problem models and solvers as well.

This study is organized as follows. The optimization problem
model and assumptions are described in Section 2. The solver of the
mission planning algorithms based on genetic algorithms is
explained in Section 3. In this section, we proposed the method of
applying a 3-D population to a genetic algorithm for the MPS. The
configuration of the simulation system is covered in Section 4,
which contains the interaction of the MPS and USV systems, and
includes building a simulation environment. The simulation for
verification of the proposed mission planning algorithm and
developed MPS is described in Section 5. Finally, the conclusion is
contained in Section 6.

2. Optimization problem definition

2.1. Problem definition and assumption

In this study, the situation of mission planning optimization for
sevier B.V. This is an open access article under the CC BY-NC-ND license (http://
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a single USV agent with given multiple missions in the activity area
was assumed to be solved. In a real mission environment, the USV
has a limited operating time. Several factors affect to the operating
time limit such as endurance of USV, customer's demand, urgent
situation, etc.

The optimization problem for multiple missions of a vehicle can
be expressed as a Vehicle Routing Problem (VRP) model (Pisinger
and Ropke, 2007). For example, the Traveling Salesman Problem
(TSP) model has been mainly used for single vehicle operating
situations as described in this study (Little et al., 1963). The TSP is a
general optimization model for multi-mission sequencing
(Grefenstette et al., 1985). The main idea of the TSP is to minimize
the resource consumption to visit all given depot nodes (mission
points). However, the TSP model has a constraint: all depot nodes
must be visited. This constraint is in conflict with the scenario
assumed in this study. Due to the limited operating time, the USV
may encounter situations that some missions that must be aban-
doned. If there is no constraint about visiting all mission points in
the TSP, a solution is derived that the USV will not perform any
mission for cost minimization.

Therefore, in this study, operating time was regarded as a major
constraint. The problem was formulated to maximize the Mission
Achievement Rate (MAR) by performing as many missions as
possible within a given operating time. Prior to the formulation of
the problem, several situations were assumed. The distance of the
path between each mission point was given in the matrix form at
the beginning of the operation. The distance matrix was derived
through the path planning algorithm such as A* and RRT before the
missions planning algorithm (Noreen et al., 2016). In this study,
since it is assumed that there are no obstacles at sea level, the
Euclidean distance between each mission point is derived. The USV
was assumed to be sail with constant velocity, and the density of
the seawater in the mission area was assumed to be uniform. Thus,
it can be considered that the fuel consumption rate of USV is con-
stant. Through this, problem modeling was performed by
substituting all costs with time. In this study, we have focused on
the verification of the mission planning system by simplifying the
model as described above, and a future study will deal with a
problem model closer to reality.

2.2. Objective function

minimize J¼ �MAR ¼ �
Pn

i¼1
Pn

j¼1pjxijPn
j¼1pj

� 100 (1)

In this study, we set up an environment including given n-
mission points, starting point, and arrival point. The objective
function, MAR, consists of the product of the reward variable pj and
the binary variable xij, as shown in Eq. (1).

The subscript i and j are indices of mission points. pj is a reward
variable that is givenwhen performing a mission at a mission point
j. The reward variable of each mission is defined in advance. xij is a
binary variable that determines whether a path connecting the
previous mission point i to the current mission point j was passed
or not. If the USV does not cross this path, mission j is regarded as
not performed. The objective function is the MAR, which is
expressed as the ratio of the sum of the reward variables of the
mission points performed and the sum of the reward variables of all
the mission points.

2.3. Constraints
576
Xn
i¼1

Xn
j¼1

ðtmove;ij þ tperform;jÞ $ xij � Tlimit (2)

Eq. (2) is a constraint representing the relationship between the
Tlimit and the time consumption to perform the missions where
Tlimit indicates the operating time given to the USV. Tlimit is given as
an initial condition at the start of the mission planning. The time
consumption to perform the missions must not exceed the Tlimit as
shown in Eq. (2). The time consumption to perform the missions is
the sum of tmove,ij and tperform,j. tmove,ij is the time spent tomove from
mission point i to j which is related to the speed of the USV.
However, since the speed and fuel consumption rate was assumed
to be constant in this study, tmove,ij can be considered to be directly
proportional to the distance between mission points. tperform,j is the
time spent to perform the mission at mission point j. Owing to
unexpected factors that may occur during the mission, the tperform,j

at each mission point cannot be fixed as constant. Therefore, in this
study, the initial value of each mission point is assigned and
random errors in a certain range is applied to the initial value for
each simulation to consider the unexpected factors. However, in
the simulation of this study, the error is set to 0 to maintain the
same condition for each case.

Xn
j¼1

x0j ¼1 (3)

Xn
j¼1

xj0 ¼1 (4)

Xn
j¼1

xij � 1 (5)

Xn
j¼1; jsi

ðxij � xjiÞ¼0 (6)

tstart;j � tstart;i þ tperform;i þ tmove;ij � Tlimitð1� xijÞ (7)

In this study, the starting point and arrival points were regarded
as the same place, which is called the base point. At the start of the
mission, the USV must depart at the base point and return to the
base point for the next voyage after the mission is over. These
conditions are expressed as Eqs. (3) and (4). Eq. (5) is the constraint
that describes that one mission point must be connected to the
other. Eq. (6) is a constraint that prevents the selection of the past
path again. Through Eqs. (3)e(6), the solution is guaranteed one
circulation path. The constraint for avoiding sub-tours is expressed
by Eq. (7). This equation is an expression for tstart;j, whichmeans the
mission starting time at point j (Miller et al., 1960).

3. Solver design by applying genetic algorithm

The genetic algorithm is one of the meta-heuristic optimization
methods. It was proposed by Holland in 1975 and focused on the
evolution of living organisms (Holland, 1992). Living organisms can
survive by adapting to a given environment, with genetic diversity
through crossbreeding (crossover) or mutations. A genetic algo-
rithm is advantageous for modifying an objective function and
adding constraints, which makes the application more flexible. As
shown in Fig. 1, a genetic algorithm represents possible solutions in
the form of chromosomes. When a solution is viewed as a set, each
element constituting the solution can be expressed as a gene, and
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the set of possible solutions is called a population. The progress of
the genetic algorithm is shown in Fig. 2. After generating an initial
population, genetic operators such as selection, crossover, and
mutation are applied to each gene included in the population. And
then, the algorithm evaluates the fitness (the value of the objective
function) in the population and explores the best solution.
3.1. Encoding and decoding methods

3.1.1. Expression of solution
In this study, for the problem encoding, each solution was

expressed as a permutation vector. The permutation means the
sequence of missions, and each element in the permutation rep-
resents amission point. Fig. 3 gives an example of the encoding. The
permutation length is equal to the number of initially givenmission
points. Among them, mission points abandoned by the USV were
marked as 0 within the permutation.
Fig. 2. Sequence of GA.
3.1.2. Creating initial population for GA application
To apply the genetic operator, an initial population must be

created. In a general mission sequencing optimization problem, the
population is expressed as a 2-D matrix, a set of permutation vec-
tors. However, in this study, we propose a 3-D matrix representa-
tion method to encode Eqs. (1) and (2). The population is expressed
as a m � n*2 size matrix as shown in Fig. 4, and the matrix A cor-
responding to {m,n,1} is a set of m-permutation vectors of length n
representing the mission sequence. Here, n indicates the number of
mission points given and m indicates the size of the population,
which is a configurable parameter related to the convergence
performance of the genetic algorithm. Matrix B corresponding to
{m,n,2} is a binary matrix that determines whether to perform the
mission or not. Finally, missions sequence matrix S is determined
through the Hadamard product of A and B as the process is shown
in Fig. 5.

The initial population was created as follows. Generate a
random permutation vector consisting of natural numbers from 1
to n. This is repeatedly generated m-times to matrix form A. In the
case of matrix B, each element was created by generating 0 or 1
with a 50% probability.
3.1.3. GA operators for selection, crossover, and mutation
In this study, Tournament Selection, Partially Mapped Crossover

(PMX), and Swap Mutation were used for genetic operators. When
the solution is expressed as a permutation vector, repeated genes
occur in the crossover phase. To solve this problem, after the
crossover section exchange, the repeated genes are modified as
shown in Fig. 6 (Goldberg and Lingle, 1985).
Fig. 1. Concep
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3.1.4. Handling constraints
In this study, a penalty variable, g, is assigned to the infeasible

solution to obtain a solution that satisfies the constraints. To
implement this, the objective function, defined in Section 2 as Eq.
(1) can be derived into Eqs. 8e10.

minimize J¼ �MAR ¼ �
Pn

i¼1pixiPn
i¼1pi

� 100� gTtotal;i � Tlimit (8)

Ttotal;i ¼ Tmove;i þ Tperform;i (9)

Ttotal;i � Tlimit ¼
�
Ttotal;i � Tlimit ……ðTtotal;i > TlimitÞ
0 ……ðTtotal;i � TlimitÞ (10)

g is a constant variable that can be arbitrarily specified by the user.
If the total mission execution time, Ttotal,i, exceeds the time limit
Tlimit, it is proportionally added to the objective function. As a result,
the probability of survival of the solutions given a penalty variable
is reduced. An example was shown in Fig. 7.
4. Hardwareeineloop system configuration

The HILS environment was constructed to verify the mission
planning optimization algorithm proposed in this study. The entire
system consists of three sub-systems: MPS (Mission Planning Sys-
tem), AGCS (autonomous guidance and control system), and a
simulation environment. The interaction between each sub-system
t of GA.



Fig. 3. Expression of the solution.

Fig. 4. Concept of 3-D population.
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is illustrated in Fig. 8.
Fig. 5. Determination of sequence.
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Fig. 6. Crossover scheme for permutation vector.
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4.1. MPS (mission planning system)

MPS is a sub-system that operates a mission planning algorithm.
It determines the sequence of the given missions to the USV based
on the optimal solution of the mission planning algorithm and
generates the guidance inputs where the form of guidance input is
the coordinates of the mission points and it has been delivered to
AGCS in the form of latitude and longitude.

In this study, MPS is composed of a laptop PC, and the mission
planning algorithm is compiled in MATLAB. MPS uses one serial
port for communication with AGCS (Wu et al., 2013).
4.2. AGCS (autonomous guidance and control system)

This section describes the guidance and control algorithm for
the USV to perform missions according to the result of the mission
planning. The algorithm is shown in Fig. 9. The optimal solution
derived from the mission planning algorithm has a permutation
vector form. The USV performs multiple missions according to its
sequence (Hwang et al., 2017).

When the USV determines the current target mission, the
location information of the mission is also determined. This infor-
mation is transferred to the guidance algorithm shown in Fig. 10 in
the form of latitude and longitude. The guidance algorithm gen-
erates attitude and velocity commands for the USV to reach the
target point. The commands are transferred to the control algo-
rithm shown in Fig. 11. In this study, the USV plant has a catamaran
form, as shown in Fig. 12 inwhich attitude and speed are controlled
by two thrusters.

In this study, Mbed was adopted as the computational processor
for AGCS. Three serial ports are used for AGCS. First, one port is used
for communication with MPS. Second, another port is used to
communicate with GCS. The GCS console and AGCS are connected
by a wireless RF modem and the operator can monitor the status of
the USV in real-time. The last port is used to communicate with the
579
simulation environment. In a real sailing environment, this port
will be used to receive state feedback from the sensor module.

In this study, the state (position, velocity, attitude) of the USV
can be directly received from simulation software as a substitution
of the sensor measurements in the case of a real sailing environ-
ment. To exchange information between Mbed and the simulation
system, a protocol was defined. As shown in Fig. 13, each protocol
includes Start of Frame (SOF), End of Frame (EOF), a system ID, and
checksum. AGCS receives the state of the virtual USV from the
simulation system and transmits the control command value of
each thruster of the virtual USV.

4.3. Simulation environment using ROS

Each thrust derived from the automatic navigation system is
transferred to a virtual USV in the simulation environment, which
results in USV movement. In the simulation environment, the state
of the USV (speed, attitude, position, etc.) can be transmitted to the
AGCS. Therefore, it is possible to replace the sensor function in the
actual operation environment (Caccia et al., 2009).

The sailing simulation of the USV was performed using Robot
Operation System (ROS) and Gazebo simulator. ROS is an open-
source program that has several inter-processor communication
or high-performance algorithms that can be easily used with the
packages. The Gazebo is mainly used as a simulation program in
ROS, which provides a 3D simulation environment and is suitable
for collision avoidance or computer vision tests. It also provides
various platforms such as USVs, UUVs, UGVs, and UAVs. In this
study, a catamaran ship was selected as a USV platform because it is
more stable than a mono-hull ship. The USV model was selected as
the Heron model provided by Gazebo. The implementation in Ga-
zebo is shown in Fig. 14.

The state of the USV was used for topics that were used for
communication in ROS. ROS uses nodes, topics, and messages in
communication. Nodes are the least executable term in the pro-
cessor and communicate based on messages. Topics refer to this
method of message communication. The optimal mission sequence
is obtained through the control values by the generated genetic
algorithm through the control system. The control value is passed
to Gazebo via the ROS network and operated in Gazebo. The current
status is returned with a topic such as/imu/rpy/filtered and navsat/
fix.

5. Simulation and result

5.1. Verification of the mission planning algorithm

Fig. 15 shows the process to verify the optimality of the mission
planning algorithm proposed in this study. Since the genetic algo-
rithm is a probability-based optimization technique, we performed
2000 repetitions of the same problem to verify the optimization
performance of the proposed method and evaluated the perfor-
mance through the global optimal solution and the local minima
derivation frequency. The global optimal solution used for com-
parison was derived through Integer Programming (IP). The
comparative algorithm, IP always produces global optimal solutions
but has a limitation that, unlike the genetic algorithm, it requires a
long time for computation to approach problems mathematically.

The mission planning scenarios for the evaluation are config-
ured as follows. ⅰ) It is assumed that 20 mission points are given in
an area covered by one USV agent. (The corresponding coordinate
information of the mission points in this study is shown in Table 1.)
ⅱ) The limited operating time is set to 3000 s (50 min). ⅲ) According
to the IP, the global optimal solution was found to have a 70% MAR
(14 out of 20 missions) and this is shown in Fig. 16.



Fig. 7. Applying penalty variable.

Fig. 8. Entire system configuration.
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The results of executing the proposed algorithm 2000 times are
shown in Fig. 17 and Table 2. During the 2000 cases, the global best
solution (the case with 70%MAR) was derived 1932 times. The local
580
minimum (the case with 65% MAR) closest to the global optimal
solution was 68 times, and the remaining cases were not detected.
In other words, the optimization method presented in this study



Fig. 9. Autonomous guidance and control algorithm.

Fig. 10. Guidance algorithm.

Fig. 11. Control algorithm.

Fig. 12. USV plant in this study.

Fig. 13. Protocol between AGCS and simulation system.
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has a 96.6% global optimal solution probability. The average oper-
ation time of the 2000 cases was about 1.6 s, which is 300 times
faster than the IP method. Since the objective function of the
mission planning optimization problem is to maximize the MAR,
the order of execution may be different even for the same MAR
581
because we set equal importance for all mission points.
5.2. Verification of the mission planning system in HILS

Two scenarios were set to verify the applicability of the



Fig. 14. USV plant in Gazebo simulator.

Fig. 15. Process of optimality validation.

Table 1
Coordinates of mission points information in this study.

Chapter 5.1 Chapter 5.2

latitude longitude latitude longitude

BASE 49.9 8.9 49.9 8.9
Mission 1 49.90006 8.900054 49.900022 8.900905
Mission 2 49.90014 8.9 49.899614 8.900326
Mission 3 49.900155 8.900154 49.899745 8.901015
Mission 4 49.900189 8.900296 49.899711 8.899561
Mission 5 49.900254 8.90028 49.900232 8.900256
Mission 6 49.900268 8.900514 49.900191 8.899618
Mission 7 49.900225 8.900578 49.900022 8.900428
Mission 8 49.900212 8.900752 49.899987 8.899076
Mission 9 49.900115 8.900731 49.899372 8.899907
Mission 10 49.900028 8.900809 49.89959 8.899156
Mission 11 49.899996 8.90065 49.899369 8.900449
Mission 12 49.900065 8.900554 49.899545 8.900884
Mission 13 49.899994 8.900535 49.900364 8.900868
Mission 14 49.899951 8.900608 49.900326 8.898652
Mission 15 49.899916 8.900382 49.899787 8.898792
Mission 16 49.900041 8.900318 49.899334 8.89936
Mission 17 49.899959 8.900232 49.900139 8.898486
Mission 18 49.899939 8.900028 49.900592 8.900138
Mission 19 49.899973 8.899827 49.900561 8.89935
Mission 20 49.90006 8.899902 49.89998 8.901388
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proposed mission planning algorithm and system, as shown in
Table 3. There are 20 mission points within the area covered by the
USV, as shown in Fig. 18 and Table 1. The first scenario is mission
planning optimization in an environment without time constraints,
assuming that the operating time is sufficient to perform all mis-
sions. The optimization target is to minimize the resources (time or
fuel) required to perform all missions. The second scenario is
mission planning optimization with limited operating time, which
is a more realistic situation than the first scenario. In this scenario,
the limited operating time was given as 10,000 s.

The results of the first scenario are shown in Table 4 and Fig. 19.
USV sailed all mission points as a result of the optimal solution of
the mission planning algorithm calculated by MPS. The time to
complete the mission was 14,235.67 s. The results of the second
scenario are presented in Fig. 20 and Table 4. It shows that 14
582
missions specified in the optimal solution were performed. Within
the time limit of 10,000 s, 14 of 20 missions were selected. The time
to complete all selected 14 missions was 9699.83 s. Since the result
of HILS satisfies the optimal solution as derived from MPS, it was
proved that the developed MPS can be applied in a real environ-
ment with actual USV.



Fig. 16. Global optimum through IP.

Table 2
Result of GA.

GA: 2000 repetitions

Global optimum 1932 cases (96.6%)
Local minima (error within 5.56%) 68 cases (3.4%)
Other local minima 0%
Average computation time per one iteration 1.6 s
IP: optimality comparison
Computation time about 8 min

Table 3
Initial condition.

Scenario #1 Scenario #2

Obstacles none none
# of given

missions
20 20

Time limit inf 10,000s
Objective

function
Minimize resource
consumption

Maximize mission achievement
rate

Fig. 18. Initial condition.

Fig. 17. Global optimum through GA.
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6. Conclusion

6.1. Summary

This study contains the process of developing MPS and mission
planning algorithm for USV that can be applied in real situations
and verifying them through HILS. According to this, scenarios and
assumptions were set. Objective functions and constraints were
defined to maximize the MAR within a given operating time. The
genetic algorithm was adopted to solve the defined optimization
problemmodel and we proposed a method using a 3-D population.
This algorithm was implemented through MATLAB and was
implemented into MPS to perform calculations.

To verify the optimality of the algorithm, the simulation was
repeated 2000 times and the results were compared with the
global optimal solution obtained through IP. As a result, 1932 global
optimal solutions were derived (96.6%) out of 2000 executions, and
the remaining 68 cases (3.4%) were 5.56% off from the global
optimal solution. The computation time was 1.6 s, which was 300
times faster than the IP method. Through these results, it was
confirmed about strength in the calculation time.

After verifying the optimality of the algorithm, MPS was
installed on the actual USV platform. The Autonomous Guidance
and Control System (AGCS) was developed for USV operation, and a
guidance, navigation, and control algorithm was developed. The
simulation environment was built using Gazebo and ROS and in the
HILS environment, it was confirmed that the USV in the HILS per-
formed the mission according to the given scenario from MPS.

In conclusion, by installing the mission planning algorithm and
MPS developed in this study on the actual USV platform, we
secured autonomy in the USV's mission planning. In addition,
compared to the integer programming method, the calculation
time is only 1.6 s, but it shows the ability to derive more than 95% of
the global optimal solution, thus securing the possibility of real-
time application of the USV.
6.2. Future works

In this study, the simulation was performed without obstacles.
However, in real mission situations, several obstacles are fatal to
the USV. Therefore, path planning to avoid them is essential. In
addition, themodel for the USV's fuel consumption rate or variables
that occur during mission performance is simplified, and a more



Table 4
Results of case.

Case A: scenario #1 Case A: scenario #2

Optimal solution 6, 19, 14, 17, 15, 8, 4, 10, 16, 9, 2, 11, 12, 3, 20, 1, 13, 18, 5, 7 Optimal Solution 6, 8, 10, 16, 9, 2, 11, 12, 3, 1, 13, 5, 7 (14 missions, 70%)
Total time Inf. Time Limit 10,000 s
Total Time 14,235.67 s Total Time 9699.83 s

Fig. 20. Result of case: scenario #2.

Fig. 19. Result of case: scenario #1.
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realistic model expression method for this will be studied in future
works.

Themission planning algorithmwas executed on theMPSwith a
laptop PC, and the calculation timewas 1.6 s. However, to secure the
autonomy of the USV, it is essential to mount an on-board MPS. The
research team plans tomount the algorithm on a small on-board PC
for an actual sailing experiment.

When the same algorithm is executed on a small on-board PC,
the calculation time is longer than that on a laptop PC. To improve
584
this, it is necessary to maximize the calculation speed by parallel
operation through a GPGPU to secure real-time mission planning.
Ultimately, we intend to contribute to the advancement of USV
technology by conducting sailing experiments in a real
environment.
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