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estos v́ınculos que hemos creado y viajando juntos por muchos años.



VIII

I would also like to acknowledge Sanaz Mostaghim for receiving and tutoring me
during my stay at Magdeburg University. Her idea of using Knee Points for focusing
the search of MOEAs has been one key point in my thesis. I would also like to
thank her and her group for attending me so well and being so kind. Heiner, Palina,
Christoph, Ruby, Christian, Katrin, vielen Dank für alles, I will not forget our PiP
weekend.

Para finalizar, quisiera agradecer la financiación de este trabajo por parte de Air-
bus Defence & Space bajo el proyecto SAVIER (FUAM-076915), aśı como la infor-
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Y por último, me gustaŕıa dar las gracias al Departamento de Informática de la
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Resumen y conclusiones

Resumen

Los veh́ıculos aéreos no tripulados (UAVs) se han vuelto muy populares en la última
década debido a algunas ventajas tales como una fuerte adaptación al terreno, bajo
costo, cero v́ıctimas, etc. Este auge de las capacidades de los UAVs ha abierto
las puertas a nuevas aplicaciones comerciales para la industria, incluyendo dominios
como la vigilancia, la gestión de crisis, la agricultura o la silvicultura, entre otras.

Uno de los avances más interesantes en este campo es la automatización de la planifi-
cación de misiones (asignación de tareas) y la replanificación en tiempo real, que son
muy útiles para aumentar la autonomı́a del veh́ıculo y reducir la carga de trabajo
del operador. La planificación de misiones para veh́ıculos aéreos no tripulados es el
proceso de planificación de las ubicaciones a visitar y las acciones a realizar (car-
gar / dejar caer una carga, tomar v́ıdeos / imágenes, adquirir información) por los
veh́ıculos, generalmente durante un peŕıodo concreto de tiempo. Hoy en d́ıa, estos
veh́ıculos son controlados de forma remota por operadores humanos desde estaciones
de control en tierra (GCSs), utilizando sistemas de planificación rudimentarios, como
el seguimiento de planes proporcionados de antemano o creados manualmente. Por
otro lado, muchos cambios en el entorno pueden afectar el plan precargado durante su
ejecución, y los operadores tienen que volver a planificar manualmente la misión, lo
que genera una gran carga de trabajo en los operadores humanos dada la complejidad
del proceso de replanificación.

Estos problemas son NP dif́ıciles, lo que hace que el espacio de búsqueda sea enorme
en comparación con el espacio de soluciones válidas. En problemas de alta comple-
jidad, que implican varias tareas, UAVs y GCSs, se requiere un método rápido que
permita resolverlos en un tiempo razonable. Además, existen varios objetivos que
deben optimizarse en este tipo de problemas, incluyendo el makespan o tiempo de
finalización de la misión, el consumo de combustible o el coste, entre otros. Esto
puede generar una gran cantidad de soluciones no dominadas (es decir, no existe
otra solución con una mejor optimización de todos los objetivos juntos) para mi-
siones complejas, por lo que se necesita un sistema de soporte a la decisión (DSS)
que permita ayudar al operador en la selección del mejor plan.

Esta disertación se ha centrado en resolver el problema de planificación de misiones
(MPP) para múltiples UAVs y un conjunto de GCSs. Con este fin, el problema ha
sido modelado como un problema de satisfacción de restricciones (CSP) considerando
sus diferentes asignaciones y restricciones. Debido a la complejidad y múltiples crite-
rios conflictivos, se ha diseñado un nuevo algoritmo evolutivo multiobjetivo (MOEA)
para optimizar el problema, en el que la codificación consiste en alelos diferentes que
representan las variables del problema, mientras que la función de aptitud comprueba
que se cumplan todas las restricciones, minimizando los criterios de optimización del
problema. Este mismo enfoque se ha aplicado al problema de replanificación de mi-
siones (MRP), donde un plan previo (el que se está ejecutando) se usa para crear la
población inicial del algoritmo, y el tiempo de ejecución se limita para proporcionar
la mejor solución encontrada en un tiempo razonable para el operador.
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En trabajos sucesivos, este algoritmo se ha modificado con diferentes mejoras cen-
tradas en la reducción del tiempo de ejecución y la mejora de las soluciones obtenidas.
En un primer enfoque, se han considerado algunas restricciones simples del modelo
de CSP, usado como función de penalización, en la inicialización y reproducción de
individuos, reduciendo aśı el espacio de búsqueda de soluciones.

En un segundo enfoque, para reducir la tasa de convergencia del MOEA, se ha prop-
uesto un generador aleatorio ponderado para la creación y mutación de nuevos indi-
viduos. Usando diferentes estrategias aleatorias ponderadas, la búsqueda se centra
en regiones potencialmente mejores del espacio de soluciones.

A continuación, y con el objetivo de reducir el espacio de soluciones y centrar la
búsqueda en las soluciones más importantes, se ha utilizado dominación cónica
en el MOEA para encontrar soluciones de puntos de rodilla, que representan las
soluciones más importantes del problema, dejando de lado otras soluciones donde
una pequeña mejora de algunos objetivos conduce a un gran deterioro de los demás.
Este enfoque representa un primer paso en el proceso de toma de decisiones (DM),
ya que reduce la cantidad de soluciones devueltas al operador.

Para facilitar la selección del plan, se ha propuesto un DSS multicriterio. Este sistema
consiste en una función de ranking que ordena las soluciones obtenidas y una función
de filtrado que evita presentar soluciones similares, es decir, una función de filtrado
basada en la distancia. Se han probado varios métodos de ranking en escenarios
de misión reales con diferentes perfiles de operador. Los operadores expertos han
evaluado las soluciones devueltas para comparar los diferentes sistemas de ranking y
demostrar la utilidad del enfoque propuesto.

Finalmente, estos sistemas automatizados de planificación de misiones, replanifi-
cación y soporte a la decisión requieren una interfaz humano-maquina (HCI) que fa-
cilite la visualización y selección de los planes que ejecutarán los veh́ıculos. QGround-
Control, un entorno de simulación de código abierto para el control de vuelo de varios
veh́ıculos, ha sido extendido añadiendo un diseñador de misiones, que permite al op-
erador construir misiones complejas con tareas y otros elementos del escenario; y
una interfaz para planificación automática de misiones, replanificación y soporte a
la decisión, que funciona como banco de pruebas para diferentes algoritmos.
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Conclusiones y Trabajos Futuros

La principal contribución de esta tesis doctoral puede resumirse en el diseño e im-
plementación de algoritmos de planificación y replanificación de misiones
basados en evolución multiobjetivo con restricciones para misiones complejas
con varias tareas, UAVs y GCSs. Se han estudiado diferentes heuŕısticas, incluidas
estrategias aleatorias ponderadas y búsqueda de puntos rodilla. Además,
se ha desarrollado un DSS para la selección del plan basado en las preferencias del
operador, y se han estudiado diferentes métodos de toma de decisiones multi-criterio
(MCDM). Finalmente, se ha implementado una interfaz de banco de pruebas para la
planificación y replanificación autónoma de misiones dentro de un sistema de estación
de control de tierra (QGroundControl).

Para alcanzar el objetivo principal de esta disertación, relacionado con el diseño de
los nuevos algoritmos de planificación y replanificación de misiones que combinan los
conceptos de satisfacción de restricciones con algoritmos evolutivos multiobjetivos,
se han implementado varias generaciones de algoritmos:

1. El primer algoritmo para planificación de misiones usa NSGA-II, un MOEA
basado en un algoritmo genético con clasificación de Pareto, y el modelo CSP
es usado como penalización en la función de aptitud.

2. El segundo enfoque extiende el primero considerando las restricciones de sen-
sores, GCS y dependencias en la inicialización y reproducción del algoritmo,
con lo que el espacio de búsqueda se reduce.

3. El tercer enfoque extiende el anterior usando funciones ponderadas aleatorias
en el proceso de generación de soluciones. Con esto, se optimiza el número de
UAV usado para una tarea, la selección de UAV se basa en la distancia entre
el veh́ıculo y la tarea, y la selección del GCS que controla el UAV se basa en la
distancia entre el veh́ıculo y la estación. Esto reduce el tiempo de convergencia,
pues se encuentran buenas soluciones al restringir el espacio de búsqueda.

4. El cuarto enfoque limita la búsqueda del MOEA en puntos de rodilla, centrándose
en soluciones que obtuvieron el mejor hipervolumen con el menor número de
soluciones. Este algoritmo se denominó KPNSGA-II.

5. El quinto enfoque extiende el anterior para misiones de replanificación. En este
enfoque, la inicialización del MOEA se realiza usando un plan previo, con lo
que las tareas asignadas en este plan se mantienen inmutadas mientras que
las nuevas tareas son asignadas aleatoriamente. Además, el criterio de parada
también tiene en cuenta un tiempo ĺımite.

Por otro lado, se ha propuesto un DSS con una función de ranking y una función de
filtrado basado en similitud. Se han estudiado diferentes métodos MCDM para la
ordenación de soluciones, siendo Fuzzy VIKOR el que obtuvo mejores resultados.

Además, se ha diseñado e implementado una interfaz de banco de pruebas para
planificación de misiones, replanificación y soporte a la decisión dentro de QGround-
Control, permitiendo probar los diferentes algoritmos propuestos en escenarios ge-
ográficos y simular los planes obtenidos. La extensión de esta herramienta permite a
operadores expertos probar y validar los planes de misión obtenidos por los diferentes
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algoritmos desarrollados en esta disertación, y su comparación con futuros algoritmos
que resuelvan los mismos problemas.

Teniendo en cuenta todos los análisis experimentales llevados a cabo para cada algo-
ritmo propuesto en la tesis, es posible proporcionar una respuesta a las principales
preguntas de investigación que han sido brevemente presentadas en la sección 1.3. A
continuación, se lleva a cabo una revisión de estas preguntas de investigación, y se
discuten las respuestas sobre la base de las conclusiones experimentales presentadas
en esta disertación:

� P1: ¿Es posible combinar técnicas de restricciones con enfoques evolutivos mul-
tiobjetivo para resolver de forma eficiente el problema de planificación de mi-
siones para múltiples UAVs?

El problema MPP para Multi-UAV se puede modelar como un CSP, con varias
variables (asignaciones de tareas, ordenes, asignaciones de GCSs, etc.) y re-
stricciones (restricciones de sensores, restricciones temporales, restricciones de
combustible, etc.) relacionados con el problema. Además, se han indicado siete
objetivos en el problema que deben ser minimizados: el makespan o tiempo
de finalización de la misión, el coste, el riesgo, el consumo de combustible, el
tiempo de vuelo, la distancia recorrida y el número de UAVs usados.

Para resolver este problema, se ha presentado un algoritmo h́ıbrido MOEA-
CSP. En un primer enfoque, se ha extendido NSGA-II para usar un modelo
CSP del problema como penalización en la función de aptitud. En el segundo
enfoque, se comprueban algunas de las restricciones en la inicialización y en
los operadores genéticos, con el objetivo de reducir el espacio de búsqueda del
problema.

Para el primer enfoque, se ha realizado una evaluación comparativa del uso de
las variables y las restricciones, comparando diferentes aproximaciones del prob-
lema usando algunas variables y restricciones espećıficas. Estos experimentos,
realizados con varias misiones, muestran que el problema escala bastante rápido
con el número de variables, mientras que las restricciones reducen el espacio de
soluciones válidas.

Para el segundo enfoque, se ha realizado un experimento usando diferentes
restricciones en la inicialización y en los operadores genéticos del algoritmo, que
demostró que añadir estas restricciones mejora la convergencia del algoritmo.

No obstante, está claro que a medida que aumenta la complejidad de la misión,
el número de soluciones de la frontera óptima de Pareto (POF) se vuelve enorme.
Esto implica que el tiempo necesario para obtener el POF completo se vuelve
intratable. Para mejorar esta situación, el tercer enfoque propuso un generador
aleatorio ponderado para guiar la creación de nuevos individuos. Este generador
mejora la selección del número de UAVs para tareas Multi-UAV, la selección
del UAV basado en la distancia a la tarea y la selección de la GCS en función
de la distancia al UAV. Para cada selección, se han propuesto tres estrategias
(aritmética, armónica y geométrica) para utilizarlas como funciones aleatorias
ponderadas.

Los experimentos realizados en este tercer enfoque en varias misiones mostraron
que este nuevo enfoque supera los resultados obtenidos anteriormente en términos
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de una mayor tasa de convergencia. Las mejores estrategias obtenidas son las
geométricas para la selección del número de veh́ıculos aéreos no tripulados, y las
armónicas para las selecciones basadas en la distancia. Por otra parte, cuando
el escenario de la misión no es favorable para el enfoque aleatorio ponderado
propuesto, obtenemos resultados similares al enfoque anterior. Además, este
enfoque ha resultado muy útil para problemas de gran complejidad donde la
convergencia es dif́ıcil.

En conclusión, este enfoque es capaz de resolver eficientemente el MPP com-
binando técnicas MOEA y CSP, además de otras heuŕısticas. A medida que
crece la complejidad de la misión, lleva más tiempo encontrar el POF completo,
pero el tercer enfoque fue capaz de encontrar algunas buenas soluciones en un
tiempo razonable.

� P2: ¿Son estos algoritmos capaces de encontrar soluciones óptimas en un
tiempo limitado para problemas complejos?

Mirando los tres primeros enfoques, la principal carencia es la gran cantidad de
soluciones que se obtienen cuando la misión es compleja, lo que hace que sea
dif́ıcil encontrar todas en un tiempo razonable. Por otro lado, en este problema,
el operador seleccionará al final una solución concreta para ser ejecutada, por
lo que obtener tantas soluciones complicará en gran medida el proceso de toma
de decisiones. Además, algunas de estas soluciones no dominadas pueden no
ser lo suficientemente óptimas, por ejemplo, una pequeña mejora en algunos
objetivos puede suponer una gran pérdida en los restantes.

Para solucionar este problema, el cuarto enfoque, KPNSGA-II, propone centrar
la búsqueda en las soluciones más importantes. Este enfoque ampĺıa el algoritmo
anterior usando la dominación cónica, que sustituye el concepto de dominación
en NSGA-II, y enfoca la búsqueda en los puntos rodilla. El ángulo del cono
utilizado se autoadapta en el algoritmo utilizando el método de búsqueda de
secciones doradas y la métrica HDist, que tratan de maximizar el hipervolumen
y al mismo tiempo reducir el número de soluciones.

KPNSGA-II se probó con las misiones anteriores, donde las más complejas
tienen una gran cantidad de soluciones no dominadas. Los resultados mostraron
que la cantidad de soluciones devueltas se reduce de forma considerable, mien-
tras que la mayor parte del hipervolumen se mantiene en comparación con el
tercer enfoque. Además, los experimentos mostraron que el número de genera-
ciones necesarias para converger en el nuevo enfoque es mucho menor que en
las anteriores. En los problemas más complejos, KPNSGA-II pudo converger,
mientras que los enfoques anteriores no lo hicieron.

Por lo tanto, se puede concluir que KPNSGA-II se puede utilizar para encontrar
las soluciones más importantes para una misión compleja en un tiempo limitado.

� P3: ¿Es posible usar estos algoritmos para el la replanificación de misiones en
tiempo real?

El quinto enfoque propuesto en esta disertación extiende los anteriores para la
replanificación de misiones. En este enfoque, el plan anterior que se está ejecu-
tando se usa para inicializar la población del MOEA, manteniendo las asigna-
ciones anteriores e inicializando aleatoriamente las nuevas. Además, el tiempo
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de ejecución es limitado, para evitar ejecuciones largas, que son inaceptables en
un escenario en tiempo real.

Este nuevo enfoque se probó brevemente con una misión que agrega un número
creciente de tareas (simulando de esa forma la aparición de nuevas tareas du-
rante la ejecución de un plan), demostrando que el enfoque es capaz de encontrar
buenas soluciones en el tiempo ĺımite espećıfico, pero la convergencia del prob-
lema se vuelve más dif́ıcil a medida que aumenta la cantidad de nuevas tareas
consideradas. Por lo tanto, se requiere un estudio más profundo para probar el
rendimiento de este enfoque con misiones complejas.

Sin embargo, se puede concluir que el enfoque es capaz de resolver problemas
de replanificación de la misión dentro del tiempo ĺımite.

� P4: ¿Cómo pueden los métodos de toma de decisiones multicriterio ayudar al
operador de GCS en el proceso decisivo de selección del mejor plan entre las
soluciones no-dominadas obtenidas?

La selección del plan a ejecutar puede convertirse en una tarea dif́ıcil para los
operadores cuando el número de soluciones es alto. Para esto, se propuso un
DSS para ordenar y filtrar estas soluciones, para permitir reducir la carga de
trabajo del operador.

En primer lugar, se llevó a cabo un estudio del rendimiento de diferentes al-
goritmos MCDM para ordenar las soluciones de un MPP, de acuerdo con un
conjunto de 11 criterios del problema. En este estudio, varios operadores fueron
modelados en un perfil, donde a cada criterio se le asignó un grado de impor-
tancia (muy alto, alto, medio, bajo o muy bajo). Con esto y los resultados de
las misiones obtenidas con KPNSGA-II, se probaron 10 algoritmos MCDM y 6
versiones difusas de algoritmos MCDM.

Estos algoritmos fueron calificados utilizando la evaluación de operadores ex-
pertos, que seleccionaron la mejor solución de acuerdo con su perfil para cada
misión. Los resultados muestran que Fuzzy VIKOR supera al resto de los algo-
ritmos en la mayoŕıa de los casos.

Por otro lado, se propone una función de filtrado basada en similitud en esta
disertación. Esta función utiliza una función de distancia que compara las
soluciones de acuerdo con sus variables de asignación. Cuando dos soluciones
tienen una similitud por debajo de un umbral espećıfico, se puede omitir el que
tiene la posición más baja en el ranking obtenido con el algoritmo MCDM.

Para decidir el valor del umbral, se realizó una evaluación comparativa del hiper-
volumen y el número de soluciones restantes con diferentes valores de umbral, y
finalmente se seleccionó el mejor valor de umbral que mantiene la mayor parte
del hipervolumen pero omite un alto número de soluciones.

Por tanto, en términos generales, el DSS propuesto ayuda al operador en el
proceso de decisión para seleccionar el mejor plan, reduciendo en gran medida
su carga de trabajo.

� P5: ¿Pueden estos, y otros algoritmos, ser probados y simulados en una her-
ramienta de estación de control de tierra?

En la última parte de la disertación, se amplió la herramienta QGroundControl
para el comando de vuelo y control de múltiples veh́ıculos aéreos no tripulados,
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agregando algunas funcionalidades nuevas que permiten el uso de algoritmos
autónomos de planificación y replanificación de misiones, aśı como sistemas de
soporte a la decisión.

En primer lugar, se desarrolló un diseñador de misiones dentro de QGround-
Control. Este diseñador proporciona un entorno interactivo para la creación
y visualización de misiones, incluidos sus objetivos/tareas, veh́ıculos, GCSs,
NFZs, etc.

A continuación, se integró una interfaz para la planificación automática de
misiones y DSS con QGroundControl. Esta interfaz, que usa Apache Thrift
y se comunica a través de mensajes JSON, permite que cualquier planificador
de misión y DSS con los mismos requisitos de entrada y salida definidos en el
caṕıtulo 2 interactúen con QGroundControl.

Esta extensión de QGroundControl también permite visualizar los planes de-
vueltos, incluida una representación gráfica de las rutas para cada veh́ıculo y
una compilación de la información relacionada con la optimización y los riesgos
del plan. Durante la simulación del plan, el operador es informado sobre los
puntos de referencia ya pasados y sobre las tareas ya realizadas.

Finalmente, la misma interfaz utilizada para la planificación se reutiliza para
la replanificación, donde los nuevos objetivos/tareas que aparecen durante la
ejecución de la misión se env́ıan a través de la misma interfaz junto con un
ĺımite de tiempo que el algoritmo de planificación debe tener en cuenta.

Por lo tanto, se puede concluir que este entorno de trabajo extendido es útil
para probar y validar diferentes algoritmos de planificación, replanificación y
toma de decisiones.

Finalmente, hay varias ĺıneas de trabajo que podŕıan extenderse en el futuro cer-
cano relacionadas con los diferentes algoritmos y aplicaciones presentados en esta
disertación:

� Extensión del problema MPP y del modelo CSP para permitir repostaje en
vuelo y traspasos de GCS.

� Podŕıa ser interesante ampliar los algoritmos diseñados en esta tesis utilizando
nuevas heuŕısticas y metodoloǵıas que podŕıan mejorar la convergencia. Por
ejemplo, usar autoadaptación en el MOEA, especialmente en la tasa de mu-
tación, podŕıa mejorar la búsqueda al aumentar la mutación cuando se encuen-
tran pocas soluciones y reducirla cuando se encuentran muchas soluciones.

� En relación con el enfoque de replanificación, se debe realizar un estudio pro-
fundo sobre el rendimiento de los algoritmos propuestos cuando existen limita-
ciones temporales para la obtención de soluciones.

� Respecto al DSS, seŕıa interesante mejorar el sistema considerando las selec-
ciones finales de los operadores. Para ello, algunas técnicas de aprendizaje
automático o de recuperación de información podŕıan utilizarse para actualizar
el perfil del operador, con el objetivo de obtener mejores resultados en futuras
decisiones.

� La interfaz de banco de pruebas incorporada en QGroundControl podŕıa usarse
para comparar nuevos algoritmos de planificación de misiones que podŕıan de-
sarrollarse en el futuro. Por ejemplo, NSGA-III o un SPEA2 basado en puntos
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de rodilla se podŕıan comparar con el NSGA-II basado en puntos de rodilla
presentado en este trabajo.

� Como última ĺınea de trabajo futuro, seŕıa interesante la aplicación de los al-
goritmos desarrollados sobre otros dominios de aplicación, por ejemplo, plan-
ificación de transportes, planificación tuŕıstica, fabricación de automóviles o
generación procedimental de contenido en videojuegos, entre otros.



Abstract

Unmanned Aerial Vehicles (UAVs) have become very popular in the last decade due
to some advantages such as strong terrain adaptation, low cost, zero casualty and so
on. This boom of UAV capabilities has opened up new commercial applications for
the industry, including domains such as surveillance, crisis management, agriculture
or forestry, among others.

One of the most interesting advances in this field is the automation of mission plan-
ning (task allocation) and real-time replanning, which are highly useful to increase
the autonomy of the vehicle and reduce the operator workload. Mission planning for
UAVs is the process of planning the locations and actions (loading/dropping a load,
taking videos/pictures, acquiring information) for the vehicles, typically over a time
period. Nowadays, UAVs are controlled remotely by human operators from Ground
Control Stations (GCSs), using rudimentary planning systems, such as following pre-
planned or manually provided plans. On the other hand, many changes can affect
the pre-loaded plan during its execution, and the operators have to manually re-plan
the mission again, which generates a great workload in the human operators due to
the complexity of the replanning process.

These problems are NP-hard, making the space of search huge compared to the
space of valid solutions. In problems of high complexity, involving several tasks,
UAVs and GCSs, a fast method is required to solve them in a reasonable time. In
addition, there are several objectives to optimize in these kind of problems, including
makespan, fuel consumption or cost, among others. This leads to a large number of
non-dominated solutions (i.e. there is no other solution with better optimization
values of all the objectives together) for complex missions, so a Decision Support
System (DSS) is required to help the operator in the selection of the best plan.

This dissertation has been focused on solving the Mission Planning Problem (MPP)
involving a team of UAVs and a set of GCSs. For this purpose, the problem has
been modelled as a Constraint Satisfaction Problem (CSP) considering its different
assignments and constraints. Due to the complexity and multiple conflicting crite-
ria, a new Multi-Objective Evolutionary Algorithm (MOEA) has been designed to
optimize the problem, where the encoding approach consists of different alleles rep-
resenting the variables of the problem, whereas the fitness function checks that all
constraints are fulfilled, minimizing the optimization criteria of the problem. This
same approach has been applied to the Mission Replanning Problem (MRP), where
a previous plan (the one being executed) is used to create the initial population of
the algorithm, and the runtime is limited in order to provide the best solution found
in a reasonable time for the operator.

In successive works, this algorithm has been upgraded with different improvements
focused on the reduction of the runtime and the improvement of the solutions ob-
tained. In a first approach, some simple constraints of the CSP model have been
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used as a penalty fitness, while others have been considered in the initialization and
reproduction of individuals, hereby reducing the search space of solutions.

In a second approach, in order to reduce the convergence rate of the MOEA, a
weighted random generator for the creation and mutation of new individuals has
been proposed. Using different weighted random strategies, the search is focused on
potentially better regions of the solution space.

Then, in order to reduce the solutions space and focus on the most significant so-
lutions, cone-domination has been used in the MOEA in order to find the knee
point solutions. These solutions represent the most significant solutions of the prob-
lem, leaving aside other solutions where a small improvement of some objectives leads
to a big deterioration of others. This approach represents a first step in the Decision
Making (DM) process, as it reduces the number of solutions returned to the operator.

To facilitate the plan selection, a Multi-Criteria DSS has been proposed. This system
consists of a ranking function that sorts the solutions obtained and a filtering func-
tion that avoids presenting similar solutions, i.e. a distance-based filtering function.
Several ranking functions have been tested in real mission scenarios with different
operator profiles. Expert operators have evaluated the solutions returned in order
to compare the different ranking systems and demonstrate the usefulness of the pro-
posed approach.

Finally, these automated mission planning, replanning and decision support sys-
tems require a Human Computer Interface (HCI) that facilitates the visualization
and selection of plans that will be executed by the vehicles. QGroundControl, an
open-source simulation environment for flight control of multiple vehicles, has been
extended by adding a mission designer, that permits the operator to build complex
missions with tasks and other scenario items; and an interface for automated mis-
sion planning, replanning and decision support, which works as test bed for different
algorithms.
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Chapter 1

Introduction

“What we know is a drop,
what we don’t know is an ocean.”

- Isaac Newton

This chapter presents the motivation and overview of this dissertation. Firstly, Section 1.1
motivates the research questions that are addressed later. Section 1.2 briefly describes the
Mission Planning Problem (MPP) for Multiple Unmanned Aerial Vehicles (UAVs), as main
research focus of this work, and the Constraint Satisfaction Problem (CSP), Multi-Objective
Evolutionary Algorithm (MOEA) and Decision Support System (DSS), in order to provide a
basic framework for the research questions that are described in Section 1.3. Next, the disserta-
tion structure is described in Section 1.4 and, finally, the main contributions and the associated
publications related to the this thesis are presented in Sections 1.5 and 1.6.

1.1 Motivation of the dissertation

Unmanned Aircraft Systems (UASs), also referred as drones, UAVs, and Remotely Piloted Air-
craft Systems (RPASs), can be defined as aircrafts without a human pilot on-board. Instead,
the UAV is controlled from an operator on the ground. The fast technological improvements
in UAVs capabilities in the last decades has opened up new commercial applications for the in-
dustry, since they avoid risking human lives while their manageability permits to reach areas of
hard access. Some of these applications include traffic monitoring [KMRV15, CDO07], surveil-
lance of coast borders [CKBM06, THD16], infrastructure inspection [MB15], agriculture [ZK12]
or forestry [MCD+06], firefighting [BDSSCM15], flight training [RFMC17] or disaster and crisis
management [WZ06, EN16], among others (see [VV14] for a comprehensive survey).

In this context, the systems developed to increase the autonomous capabilities of a UAS can
be mostly organized into three main categories: Guidance, Navigation, and Control (GNC) [Ken12].
The Guidance System (GS) is in charge of the planning and decision-making functions to achieve
assigned missions or goals. Mission planning is the process of generating tactical goals, a com-
manding structure, coordination, and timing for a team of UAVs. The mission plans can be
generated either in advance or in real time, manually by operators or by onboard software sys-
tems, and in either centralized or distributed ways. Decision making, on the other hand, relates

3



4 Chapter 1. Introduction

with the UAS ability to select a course of actions and choices among several alternative scenar-
ios based on available analysis and information. The decisions reached are relevant to achieving
assigned missions efficiently.

Nowadays, UAVs are controlled remotely by human operators from Ground Control Stations
(GCSs), using rudimentary planning systems, such as following preplanned or manually provided
plans. Although most GCS consider a relation between N operators and 1 UAV due to the high
complexity of a mission, in the near future, when this complexity is reduced, this relation could
be swapped, so a single operator could control multiple vehicles.

Classical planners are based on a graph search or resort to a logic engine. Remarkably, this
kind of planners usually undergo severe practical limitations, which add to the high computa-
tional resources demanded by their underlying solvers [PJGH15]. When undertaking complex
coordinated missions, planning systems demand more efficient problem-solving capabilities to
cope with conflicting objectives and stringent constraints over both spatial and time domains.
Therefore, the so-called MPP has lately gained momentum in the research community, propelled
by a notable increase in the scales and number of applications foreseen for UAVs in the near
future.

The main goal of this dissertation is to provide a new degree of high-level autonomy to
guidance systems including new mission planning and decision-making capabilities. Making
these systems autonomous implies reducing the operator workload, which is the long-term goal
of this dissertation.

On the other hand, many changes can affect the pre-loaded plan during its execution, and the
operators have to manually re-plan the mission again. This elicits the necessity of an autonomous
replanning system which could provide in real-time new plans taking into account the incidences
of the mission, such as a vehicle or sensor failure or a new task arrival.

Finally, all the new techniques that are being developed to solve the mission planning and
replanning problems, must be properly tested by expert operators in a simulated environment
before they are considered apt for real UAV missions. For this, a communication interface for
these algorithms with a GCS simulation framework is required, so this framework can work as a
test bed for mission planning and replanning algorithms, and also for decision making methods.

1.2 Problem statement

The MPP for multiple UAVs has been formulated in different ways in the past. Some ap-
proaches [LSM07, PL08] just consider the path planning problem, which is similar to the Vehicle
Routing Problem (VRP), where the order of the waypoints (stopping points at which the course
of the route is changed) for each vehicle is selected. Other approaches [BTRH03] take into
account the task allocation, so the problem turn into a scheduling problem. In this dissertation,
a more realistic and complex problem is considered, where apart from task assignments and
orders, the sensors and the flight profiles used in the paths are also considered. In addition, for
complex missions, several GCSs are required to control the multiple vehicles involved, so these
vehicles must also be assigned the GCS controlling them.

In addition, there exists several constraints implied in this problem, such as temporal con-
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straints, fuel constraints or path constraints. For this, the MPP is modelled as a CSP [BS11,
Tsa14], where each assignment of the variables of the problem define a candidate solution that
must fulfill all the constraints in order to be a valid solution.

In this context, there are several variables that influence the selection of the most appropriate
plan, such as the makespan of the mission, the cost or the risk, i.e. the MPP is a Multi-Objective
Optimization Problem (MOP). In a MOP, several objectives (usually conflicting between them)
must be optimized simultaneously. This kind of problem can be solved using MOEAs [VBB14],
obtaining the optimal set of non-dominated solutions or Pareto Optimal Frontier (POF), where
there is no other solution with better optimization values of all the objectives together. The
goal of MOEAs is to find non-dominated objective vectors which are as close as possible to the
POF (convergence) and evenly spread along it (diversity). In a first approach [RABORMC17,
RARMC17], the MPP is solved using a MOEA combined with a CSP, which works as a penalty
fitness function in the algorithm. Several experiments with missions of increasing complexity
are performed to evaluate the scalability of the algorithm, which is exponential.

In another approach [RAC18a], some constraints are considered in the setup and reproduc-
tion of the algorithm, so the search space is reduced and the convergence is improved. Unfor-
tunately, in some problems of high complexity involving several tasks, UAVs and GCSs, where
the space of search is huge compared to the space of valid solutions, this approach is unable to
converge in a reasonable time. Therefore, in order to improve it and guide the algorithm to valid
solutions, a new approach [RADSC18] takes a step further by proposing a novel weighted random
generator for the formation of new individuals. This generator is applied in three different parts
of the encoding:

� First, we use a weighted random function that assigns lower probability to individuals with
higher number of UAVs for performing the tasks.

� Second, the selection of the UAV(s) performing the task at hand is done by using a weighted
random function driven by the distance of the UAV(s) to the task.

� Third, GCS controlling a UAV is selected by means of a weighted random function de-
pending on the distance of the GCS to the UAV.

To test this approach, several weighted strategies have been designed and assessed over
a number of realistic scenarios with varying scales. The obtained results are promising and
encourage the adoption of the proposed simple heuristics in MOEA applied to other multi-
criteria mission planning scenarios.

As mentioned before, one critical point in this problem is that sometimes the entire POF
comprises a large number of solutions. In this situation, the process of decision making to
select one solution among them becomes a difficult task for the operator. In these cases, even
before considering the operator preferences, some filtering of little significant solutions must
be performed. In a novel approach [RAMC17], a new MOEA based on knee points has been
developed to look for the most significant solutions in the POF. In this algorithm, the concept of
domination is changed to cone-domination, where a larger portion (or a cone) region is considered
when generating the solution frontier. The experimentation performed over this problem shows
the efficiency of KPNSGA-II.
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On the other hand, these same approaches can be extended to solve the Mission Replanning
Problem (MRP). In this problem, some events that require a new plan of the current mission
could happen during its execution, such as sensor failure or UAV malfunction, a new task arrival
or cancellation, or some changes in tasks priorities. This process of Mission Replanning implies
real-time rescheduling and re-routing of each UAV involved. Besides, this process requires to be
fast enough so the status of the mission being executed does not change before the re-routing of
the vehicles. In this approach [RABORMC16], the MOEA considers the previous mission plan
being executed and one or more new tasks that must be performed, so the initial population
of the MOEA will be generated fixing the tasks already set in the previous plan and randomly
setting the new tasks for each individual. On the other hand, a time limit of 2 minutes is set
for the algorithm execution, as suggested by Airbus Defence & Space experts.

Looking at the decision making capabilities, a Multi-Criteria DSS is needed to guide the
operator in the process of selecting the best plan among the ones returned by the MOEA. This
DSS consists of a ranking and a filtering system. The ranking system sorts the solutions based
on some fuzzy preferences given by the operators, that decide which criteria is more important.
The filtering system reduces the number of solutions based on the similarity between them,
using a distance-based filter. To test this approach, several Multi-Criteria Decision Making
(MCDM) [Tri00] algorithms have been assessed over a number of realistic mission scenarios
with different operator profiles. Expert operators have evaluated the solutions provided for each
mission through an evaluation application. With this evaluation, the MCDM algorithms have
been scored.

Finally, all of these techniques developed to solve the mission planning and replanning prob-
lems, must be properly tested by expert operators in a simulated environment before they are
considered apt for real UAV missions. In this dissertation, QGroundControl [qgr], an open-
source ground control station simulator, has been extended by adding an automated planning
interface [RAC18b], so this framework can work as a test bed for mission planning and re-
planning algorithms, and also for decision making methods. This extension allows operators
to automatically plan a mission, simulate this plan and then perform a replanning during the
execution.

1.3 Research Questions

This PhD Thesis aims to analyse, and study, the possible combination of CSP techniques and
MOEAs in order to find new approaches to efficiently solve the MPP and MRP, defined in
complex scenarios with multiple tasks, UAVs and GCSs. In addition, a detailed study of MCDM
methods for selecting the best plan based on the operator preferences has been carried out.
Moreover, a test-bed interface for these algorithms with a ground control station framework is
implemented. To achieve these main objectives, the main research questions of this thesis can
be described as follows:

� Q1: Is it possible to combine constraint techniques with multi-objective evolutionary
approaches to efficiently solve the mission planning problem for multiple UAVs?

� Q2: Are these algorithms able to find optimal solutions in a limited time for complex
problems?
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� Q3: Is it possible to use these algorithms for real-time mission replanning?

� Q4: How can multi-criteria decision making methods help the GCS operator in the decision
process of selecting the best plan among the non-dominated solutions obtained?

� Q5: Can these, and other algorithms, be tested and simulated inside a ground control
station framework?

1.4 Structure of the thesis

This PhD dissertation has been divided into two parts (Part I and Part II). The first one is
devoted to the statement of the MPP and the methods employed for its resolution, in addition
to the presentation, analysis and discussions of the work developed. The second one collects the
main scientific publications obtained as a result of the work developed.

Part I has been structured in six chapters. A brief description of the chapter contents are
given as follows:

� Chapter 1: Introduction. It provides a general context and motivations related to the
dissertation. In addition, the main objectives and research questions are introduced, as
well as the main contributions and publications generated in this work.

� Chapter 2: Mission Planning for UAVs. It defines the variables and constraints of
the MPP and MRP considered in this work. The CSP modellization of the problem is also
presented.

� Chapter 3: Multi-Objective Evolutionary Approaches for Multi-UAV Mission
Planning. This chapter presents the algorithms developed based on a MOEA and CSP
to solve MPPs and MRPs. These new algorithms optimize the search of plans using
different encodings, fitness functions and operators, which are focused on obtaining the
best non-dominated solutions in the least possible runtime. Finally, all the new algorithms
implemented have been experimentally evaluated using a dataset of designed missions with
an increasing complexity.

� Chapter 4: Decision Support System for Plan Selection. It presents the MCDM
problem for the selection of the best plan among the solutions obtained, based on the
operator preferences. Several ranking methods are presented and tested with the solutions
obtained in the previous section, according to different operator profiles.

� Chapter 5: Test bed environment for Mission Planning and Decision Support.
This chapter presents an extension of the QGroundControl framework for simulation and
flight control of UAVs, where a test bed interface for automated mission planning, re-
planning and decision support has been designed. This interface allows to connect the
algorithms developed in Chapters 3 and 4, as well as any other algorithm solving the MPP
and MRP presented in Chapter 2, with the simulation environment of QGroundControl.

� Chapter 6: Conclusions and Future Works. The Research Questions described in
Chapter 1 are addressed in order to provide some answers, based on the results obtained
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from this research. Finally, taking into account all the analysis carried out, a summary of
the possible future works is presented.

Part II details the work developed to accomplish the objectives stated before by assem-
bling three scientific publications. These publications and their contributions are stated in next
section.

1.5 Publications of the compendium and Contributions

The publications that make up the compendium of this dissertation, along with the contribution
of the PhD candidate and their general contributions to this thesis, are the following:

(IJ-1) Cristian Ramirez-Atencia, David Camacho: Constrained Multi-objective Optimization for
Multi-UAV Planning. Journal of Ambient Intelligence and Humanized Computing, Ed.
By Springer-Verlag. In Press, 2018. DOI: 10.1007/s12652-018-0930-0.
Impact factor = 1.588 (JCR, 2016) [Q3].

– Contribution: The contribution of this paper is presented in Section 2.1, which intro-
duces the MPP problem and the CSP modelling, and Section 3.2, which presents the
algorithm developed with the constraints consideration, and sums up the experiments
performed.

– Contribution of the PhD candidate:

* First author of the article.

* Co-authoring in the conception of the presented idea.

* Definition of the CSP model for UAV mission planning.

* Design and implementation of the algorithm.

* Co-authoring in the design of datasets.

* Design and execution of the experiments.

* Co-authoring in the interpretation and discussion of results.

* Writing of the manuscript with inputs from all authors, and design of the figures.

(IJ-2) Cristian Ramirez-Atencia, Javier Del Ser, David Camacho: Weighted strategies to guide a
multi-objective evolutionary algorithm for multi-UAV mission planning. Swarm and Evolu-
tionary Computation, Ed. By Elsevier. In Press, 2018. DOI: 10.1016/j.swevo.2018.06.005.
Impact factor = 3.893 (JCR, 2016) [Q1].

– Contribution: The contribution of this paper is presented in Section 3.3, which
presents the proposed algorithm and the weighted random strategies considered, and
sums up the experiments performed.

– Contribution of the PhD candidate:

* First author of the article.

* Co-authoring in the conception of the presented idea.

* Co-authoring in the definition of the CSP model for UAV mission planning.

* Design and implementation of the algorithm.
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* Co-authoring in the design of datasets.

* Design and execution of the experiments.

* Co-authoring in the interpretation and discussion of results.

* Writing of most of the manuscript and design of the figures.

(IJ-3) Cristian Ramirez-Atencia, David Camacho: Extending QGroundControl for automated
mission planning of UAVs. Sensors, Ed. By MDPI. Vol. 18 Issue 7, Number 2339, pp.
1-23, 2018. DOI: 10.3390/s18070000.
Impact factor = 2.677 (JCR, 2016) [Q1].

– Contribution: The contribution of this paper is presented in Chapter 5, where the
extension of QGroundControl for mission planning and replanning is presented.

– Contribution of the PhD candidate:

* First author of the article.

* Co-authoring in the conception of the presented idea.

* Design of the model and the computational framework.

* Implementation of the extension in QGroundControl and the communications
interface.

* Design and simulation of the use cases.

* Co-authoring in the interpretation and discussion of results.

* Writing of the manuscript with inputs from all authors, and design of the figures.

1.6 Other Publications and Contributions

Besides from the three main publications of the compendium, other contributions have been
generated during the development of this thesis which support the research hypothesis of this
work. These publications have been organized by journals and conferences, and sorted by year.

International Journals

(IJ-4) Cristian Ramirez-Atencia, Gema Bello-Orgaz, Maria D. R-Moreno, David Camacho: Solv-
ing complex multi-UAV mission planning problems using multi-objective genetic algorithms.
Soft Computing. Ed. By Springer-Verlag. Vol. 21 Issue 17, pp. 4883-4900, 2017.
Impact factor = 2.472 (JCR, 2016) [Q2].

� Contribution: This contribution is related to Section 2.1, which presents the MPP
and the CSP model, and Section 3.1, which presents the first MOEA-CSP approach.

(IJ-5) Cristian Ramirez-Atencia, Maria D. R-Moreno, David Camacho: Handling swarm of UAVs
based on evolutionary multi-objective optimization. Progress in Artificial Intelligence. Ed.
By Springer-Verlag. Vol. 6, Issue 3, pp. 263-274, 2017.

� Contribution: This contribution is related to Section 3.1, which presents the MOEA-
CSP approach considered in this article.
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International Conferences

(IC-1) Cristian Ramirez-Atencia, Gema Bello-Orgaz, Maria D. R-Moreno, David Camacho: Solv-
ing UAV Mission Planning based on Temporal Constaint Satisfaction Problem using Ge-
netic Algorithms. In Proceedings of Doctoral Program of the 20th International Conference
on Principles and Practice of Constraint Programming (CP 2014). Springer International
Publishing. Lyon, France, September 8-12, 2014. Core-ERA A.

� Contribution: This contribution is related to Section 2.1, which presents the MPP
and the CSP model, and Section 3.1, which presents the first MOEA-CSP approach.

(IC-2) Victor Rodriguez-Fernandez, Cristian Ramirez-Atencia, David Camacho: A multi-UAV
Mission Planning videogame-based framework for player analysis. In 2015 IEEE Congress
on Evolutionary Computation (IEEE CEC 2015), pp. 1490–1497. Sendai, Japan, May
25-28, 2015. Core-ERA B.

� Contribution: This contribution is related to Section 2.1.2, which presents the CSP
model for UAV mission planning.

(IC-3) Cristian Ramirez-Atencia, Gema Bello-Orgaz, Maria D. R-Moreno, David Camacho: A
hybrid MOGA-CSP for multi-UAV mission planning. In Companion Publication of the
2015 Annual Conference on Genetic and Evolutionary Computation (GECCO 2015), pp.
1205–1208. Ed. by ACM. Madrid, Spain, July 11-15, 2015. Core-ERA A.

� Contribution: This contribution is related to Section 3.1, which presents a MOEA-
CSP approach. This article justifies the use of a permutation for the order variables
in the encoding.

(IC-4) Gema Bello-Orgaz, Cristian Ramirez-Atencia, Jaime Fradera-Gil, David Camacho:
GAMPP: Genetic Algorithm for UAV Mission Planning Problems. In Intelligent Dis-
tributed Computing IX: Proceedings of the 9th International Symposium on Intelligent
Distributed Computing (IDC 2015), Vol. 616 pp. 167-176. Ed. by Springer, Cham.
Guimaraes, Portugal, October 7-9, 2015.

� Contribution: This contribution is related to Section 3.1, which presents a combina-
tion of evolutionary algorithms and CSP techniques for UAV mission planning.

(IC-5) Cristian Ramirez-Atencia, Gema Bello-Orgaz, Maria D. R-Moreno, David Camacho:
MOGAMR: A Multi-Objective Genetic Algorithm for Real-Time Mission Replanning. In
2016 IEEE Symposium Series on Computational Intelligence (IEEE SSCI 2016). Athens,
Greece, December 6-9, 2016. Core-ERA C.

� Contribution: This contribution is related to Section 2.2, which presents the MRP,
and Section 3.5, where the MRP is solved using a MOEA and the experiments of the
article are presented.

(IC-6) Cristian Ramirez-Atencia, Sanaz Mostaghim, David Camacho: A Knee Point based Evo-
lutionary Multi-objective Optimization for Mission Planning Problems. In Genetic and
Evolutionary Computation Conference (GECCO 2017), pp. 1216–1223. Ed. by ACM.
Berlin, Germany, July 15-19, 2017. Core-ERA A.
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� Contribution: This contribution is related to Section 3.4, which presents the KPNSGA-
II algorithm.

(IC-7) Cristian Ramirez-Atencia, Victor Rodriguez-Fernandez, Antonio Gonzalez-Pardo, David
Camacho: New Artificial Intelligence Approaches for Future UAV Ground Control Sta-
tions. In 2017 IEEE Congress on Evolutionary Computation (IEEE CEC 2017), pp.
2775–2782. Donostia - San Sebastián, Spain, June 5-8, 2017. Core-ERA B.

� Contribution: This contribution is related to Chapter 5, which presents the integra-
tion of the mission planner, replanner and decision support system on a simulation
framework.

(IC-8) Cristian Ramirez-Atencia, Victor Rodriguez-Fernandez, David Camacho: A Multi-Criteria
Decision Support System for Multi-UAV Mission Planning. In the 13th International
FLINS Conference on Data Science and Knowledge Engineering for Sensing Decision Sup-
port (FLINS 2018). Ed. by World Scientific. Belfast, UK, August 21-24, 2018. Core-
ERA B.

� Contribution: This contribution is related tto Chapter 4, which presents the DSS
considered along with the experiments performed on the ranking system.

Submitted International Journals

(SIJ-1) Cristian Ramirez-Atencia, Sanaz Mostaghim, David Camacho. KPNSGA-II: Knee point
based MOEA for Mission Planning Problems. IEEE Transactions on Evolutionary Com-
putation –TEC. Submitted 2018.
Impact factor = 10.629 (JCR, 2016) [Q1].

� Contribution: This contribution is related to Section 3.4, which presents the KPNSGA-II
algorithm and sums up the experiments of the article.

(SIJ-2) Cristian Ramirez-Atencia, Victor Rodriguez-Fernandez, David Camacho. Comparing Fuzzy
Multi-Criteria Decision Making Methods for Multi-UAV Mission Planning. Knowledge-
Based Systems –KBS. Submitted 2018.
Impact factor = 4.529 (JCR, 2016) [Q1].

� Contribution: This contribution is related to Chapter 4, which presents the DSS considered
in this article along with the experiments performed on the ranking and filtering systems.
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Chapter 2

Mission Planning for UAVs

“One never notices what has been done;
one can only see what remains to be done.”

- Marie Curie

This chapter presents and formulates the Mission Planning Problem (MPP) for multiple
UAVs. The problem is formulated as a Constraint Satisfaction Problem (CSP), presenting the
variables and constraints considered. In addition, a review on the literature analyzing some
approaches for UAV mission planning is provided.

In the second section, the Mission Replanning Problem (MRP) is presented as an exten-
sion of the MPP, and the literature on previous approaches is reviewed. Finally, the third
section presents the missions designed that have been used in the different experiments of this
dissertation.

2.1 Mission Planning Problem

2.1.1 Problem Definition

The MPP can be defined as a T-sized set of tasks T
.
= {T1, T2, . . . , TT} to be performed by a

swarm of U UAVs U = {U1, U2, . . . , UU} within a specific time interval. In addition, G GCS
G
.
= {G1, G2, . . . , GG} control the swarm of UAV.

The set T can collect very diverse tasks, from photographing to escorting a target, monitoring
a zone or providing support for on-site communications. Some of such tasks can be performed by
several UAVs (Multi-UAV), hence reducing the time needed to accomplish them, e.g. mapping
an area or the so-called step & stare. Each task must be performed over a particular geographic
area and within a specific time interval.

A basic mission planning comprises the assignment of each task Tt (with t ∈ {1, . . . , T})
to some specific UAV Uu (corr. u ∈ {1, . . . , U}), as well as each UAV to a specific GCS Gg
(g ∈ {1, . . . , G}), ensuring that the mission can be successfully performed within a time frame.
Such a solution can be mathematically formulated as two mapping functions λTU : {1, . . . , T}×

13
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{1, . . . , U} 7→ {0, 1} and λUG : {1, . . . , U} 7→ {1, . . . , G} such that λTU (t, u) = 1 and λUG(u) = g
denotes that task Tt is assigned to UAV Uu, which in turn is commanded by GCS Gg.

Furthermore, tasks require the use of sensors installed on every UAV (i.e. Electro-optical
or Infra-red (EO/IR) cameras, Synthetic Aperture Radar (SAR), Inverse Synthetic Aperture
Radar (ISAR) Maritime Patrol Radar (MPR), water tank, etc.) participating in the mission.
The set of sensors able to perform a specific task Tt is represented as XT(t). To perform a
specific task, the UAV(s) assigned to perform it must use one specific sensor while on operation.
Although in real scenarios, some complex task may precise the use of several sensors of the same
vehicle at the same time, this special case has been omitted in this problem. This poses further
constraints to the mission planning, as it might be the case that not all UAV in the swarm have
all type of sensors installed on board, hence not being eligible to undertake any task within
T. This being said, UAV performing the mission have some features that must be taken into
account in order to check if a mission plan is correct:

� The initial position,in terms of latitude (LAT) and longitude (LONG), of the UAV Uu
(with u ∈ {1, . . . , U}), denoted as Posu(τ)

.
= (LATu(τ),LONu(τ)), with τ denoting time.

� The fuel of the UAV during the mission plan, denoted as FUELu(t) (in kilograms).

� The cost per hour of usage of a UAV, Cu (in monetary units per hour).

� The maximum flight time and range of UAV Uu, measured as the Tmaxu and Dmax
u .

� The available sensors at every UAV Uu, represented as XU(u). Clearly, for any task Tt,
λTU (t, u) = 0 whenever XU(u) ∩ XT(t) = ∅ (i.e. no UAV should undertake any task for
which it is unqualified). When there is more than a sensor on-board capable of performing
a given mission, the selection of which sensor to use should be included as another design
criterion for the plan due to the direct involvement of this variable in the cost and the
maximum flight time of the UAV.

� F ≥ 1 flight profiles F
.
= {F1, . . . , FF}, each specifying speed Sf (τ), fuel consumption rate

in kilograms per hour RFUEL
f (τ) and flight altitude Af (τ) in feet (or equivalently, ascen-

t/descent angle) during the different time instants τ of the profile. Since these operational
parameters have direct implications on most of the above features (e.g. fuel consumption
of the UAV, its maximum flight time and the range or maximum flight distance), flight
profiles are also optimization variables to be assigned to complete the mission plan suc-
cessfully. In this problem, four flight profiles have been considered for each UAV: a climb
profile, used for every altitude rise; a descent profile, used for every descent of altitude; a
minimum consumption profile, where the speed is low and the altitude is high, so the fuel
consumption is at its minimum; and a maximum speed profile, where the speed is at its
maximum value, the altitude low, and so the fuel consumption is high.

Additionally, there could exist vehicle and time dependencies between different tasks in a
mission. Vehicle dependencies reflect whether two tasks can be assigned to the same UAV or
instead must be mapped to different UAVs. Time dependencies pose restrictions on the start
and end times of related tasks so they are performed simultaneously, consecutively or in any
other mutual relation of dependency along time. Such temporal relations can be expressed in
terms of the Allen’s interval algebra [All83], as shown in Table 2.1.
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Table 2.1: Allen’s interval algebra

Relation Illustration Interpretation

Tt < Tt′
Tt

Tt′
Tt takes place before Tt′

Tt m Tt′
Tt

Tt′
Tt meets Tt′

Tt o Tt′
Tt

Tt′
Tt overlaps Tt′

Tt s Tt′
Tt

Tt′
Tt starts Tt′

Tt d Tt′
Tt
Tt′

Tt during Tt′

Tt f Tt′
Tt

Tt′
Tt finishes Tt′

Tt = Tt′
Tt
Tt′

Tt is equal to Tt′

Similarly, the set of GCS controlling the deployed UAV also feature several aspects to be
considered when checking a mission plan:

� The geographical position where each GCS is located, defined as Posg
.
= (LATg,LONg)

for g ∈ {1, . . . , G}.

� The maximum number of UAV that every GCS Gg can control, given by 1 ≤ Umaxg ≤ U.

� The permitted types of UAV that every GCS can command.

� The coverage or within range of the communications equipment of every GCS, which is
assumed to be circularly shaped with radius Rmaxg (in nautical miles).

In addition, the zone of the mission may contain several No Flight Zones (NFZs). These
zones must be avoided in the planned trajectories of the UAV during the mission, impacting
on the duration of routes traced over the scenario and ultimately, on the fuel consumption,
maximum flight time, range and other parameters related to the dynamics of the application
scenario.

When a task is assigned to a vehicle, it is necessary to compute the total time taken for
the UAV to complete the path between its departure location and the area where the task is
to be performed. If a task Tt is the last one assigned to a vehicle Uu, the time taken to return
from this last task to the base must be also calculated. In order to compute these times, it is
necessary to know which of the set of UAV’s flight profiles F will be used, providing the fuel
consumption ratio, speed and altitude as previously mentioned.
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In Figure 2.1, an assignment of a UAV Uu to two tasks Tt and Tt′ is represented, and the
different times computed in the process can be observed. These variables include the departure
time DT when a UAV starts going to the task area, the path duration PDurT since the UAV
departs until it reaches the task area, the start time ST of the task, the task duration TDurT,
the end time ET of the task, the loiter duration LDurT (i.e. the time elapsed between the end
of the previous task performed by the UAV and the departure for the next task, which is higher
than 0 when there exist some time dependencies that impede the immediate execution of the
task), the return duration RDurU since the UAV finishes its last task until it returns to the
base, and the return time RU of the UAV.

Figure 2.1: Example of assignment of a UAV to two tasks.

Furthermore, the assignment of tasks to UAVs is also subject to the order in which such
tasks are accomplished during the mission plan, always in compliance with the time constraints
between tasks. In mathematical terms we will define the mapping function ΓTU : {1, . . . , T} ×
{1, . . . , U} 7→ {0, . . . , T−1}, which establishes an order for every UAV Uu ∈ U to accomplish any
given task Tt ∈ T. It should be clear that ΓTU (t, u) exists iff (if and only if ) λTU (t, u) = 1, i.e.
UAV Uu is assigned to perform task Tt. For UAV Uu ∈ U the subset of its assigned tasks will
be given by ΓUu = {ΓTU (t, u) : λTU (t, u) = 1}, such that ∪Vu=1ΓUu = Perm(|T|), where Perm(a)
denotes a permutation of the integer set {0 . . . , a − 1}. In addition, these orders must satisfy
the time constraints between any pair of tasks Tt and Tt′ (with t 6= t′). For example, if UAV U1

performs tasks T1 → T5, we could define ΓU1 = {4, 5, 1, 3, 2} such that T5 < T1 and T3 < T2.

Given the above definitions, a mission plan Φ can be defined as

Φ
.
= [λTU ,ΓTU , λUG, λTUF , λTUS ], (2.1)

where λTUF : {1, . . . , T + 1} × {1, . . . , U} 7→ {1, . . . , F} is a mapping function that establishes
flight profiles to any UAV/task combination (including task TT+1 = ReturnToBase); and λTUS :
{1, . . . , T} × {1, . . . , U} 7→ {1, . . . , S} similarly indicates the sensor selection (if any) for UAV
Uu ∈ U to accomplish any given task Tt ∈ T.

The quality of a given mission plan Φ is driven by the Pareto optimality of a set of conflicting
objectives to be simultaneously optimized:

1. The total cost of the mission CT (Φ), given by CT (Φ) =
∑U

u=1CuTu(Φ), where Tu(Φ) is
the total flight time of UAV u along its routes in plan Φ.

2. The end time of the mission or makespan Tmax(Φ), i.e. the time at which the last UAV
u ∈ U returns to the base.
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3. The risk of the mission δ(Φ) ∈ R[0, 100], which is computed as an average percentage
indicating how risky the mission is. We consider four risk factors in this problem: UAVs
that finish the mission with low fuel (with respect to a given threshold FUELth), UAVs
that fly near to the ground (depending on the route and the altitude Af (τ) of the adopted
flight profile through the choice of λTUF ), UAVs that fly out of the coverage or Line of
Sight (LOS) of the GCS controlling them; and UAVs that fly close between them, which
intuitively depends on the time constraints between concurrently performed tasks and
eventual spatial overlaps among routes/flight profiles. The risk considered in the mission
relates to safety by means of factors whose values are enforced to lie within an admissible
numerical range that does not interfere with the performance of the mission.

4. The number of UAV Ueff ≤ U used in the mission plan, given by Ueff (Φ)
.
=
∑U

u=1 I(Tu(Φ) >
0), where I(·) is a binary function taking value 1 if its argument holds (and 0 otherwise).

5. The total fuel consumption FUEL(Φ), given by the difference between the initial fuel
load

∑U
u=1 FUELu(0) in the UAV prior to the start of the mission and that remaining∑U

u=1 FUELu(Tmax(Φ)) once the mission is over.

6. The total flight time T (Φ), given by
∑U

u=1 Tu(Φ).

7. The total distance D(Φ) traversed, given by
∑U

u=1Du(Φ), where Du(Φ) is the total dis-
tance traversed by UAV u along its routes in mission plan Φ.

Using the previous definitions, the MPP problem can be then formulated as follows:

Min
Φ

CT (Φ), Tmax(Φ), δ(Φ), Ueff (Φ),FUEL(Φ), T (Φ), D(Φ), (2.2)

s. t. λTUS(t, u) = s ∈ XT(t) ∩XU(u) and λTU (t) = u, (2.3)

U∑
u=1

I(λUG(u) = g) ≤ Umaxg , ∀g ∈ G, (2.4)

||Posu(τ)− Posg||F < Rmaxg if λUG(u) = g, ∀τ ∈ [0, Tmax(Φ)], (2.5)

f : λTUF (t, u) = f if λTU (t) = u are feasible, (2.6)

Af (τ) ≥ 0 ∀τ and ∀f ∈ F : λTUF (t, u) = f if λTU (t) = u, (2.7)

||Posu1(τ)− Posu2(τ)||F > 0, ∀u1 6= u2 ∈ U, ∀τ ∈ [0, Tmax(Φ)], (2.8)

FUELu(τ) > 0, ∀τ ∈ [0, Tmax(Φ)] if λTU (t) = u for some t ∈ T, (2.9)

Tu(Φ) ≤ Tmaxu , ∀u ∈ U, (2.10)

Du(Φ) ≤ Dmax
u , ∀u ∈ U, (2.11)

Φ (through λTU (·) and ΓTU ) fulfills time and vehicle constraints (2.12)

where Expression (2.3) denotes sensor constraints, i.e. a UAVs assigned to a task should have
the sensors needed to perform it installed on board; inequality (2.4) constraints the maximum
number of UAVs allowed by a GCS; the inequality (2.5) stands for a guaranteed coverage of
every UAV to the GCS to which it is allocated; the notion of feasibility in Expression (2.6)
ensure that the UAV perform their paths for every task and in its return to the base without
any incident; a positive distance to the ground, between different UAVs and fuel loaded at the
UAV at every time τ are reflected in inequalities (2.7), (2.8) and (2.9), respectively; Expressions
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(2.10) and (2.11) assure that the flight time and distance traversed, respectively, for each UAV do
not overpass their maximum flight time and range; and time and vehicle dependency constraints
are accounted in Expression (2.12).

2.1.2 Mission Modelling as a Constraint Satisfaction Problem (CSP)

One alternative to model the MPP problem is by resorting to CSP [Bar99], since we seek the
optimal schedule of resource-task assignments satisfying a set of imposed constraints. Thereby,
a CSP is defined as:

� A set of variables X = {x1, . . . , xL}.

� For each variable, a finite set Dl of possible values (its domain).

� And a set of constraints C = {C1, . . . , CK} restricting the values that variables can simul-
taneously take.

A solution to a CSP is an assignment of a value dl ∈ Dl to xl ∈ X that satisfies all the
imposed constraints. If all the variables have a value, then we deal with a complete instantiation
of the variables. Otherwise, the variables are partially instantiated. If we assign a value to an
uninstantiated variable in a partial instantiation, then we extend the partial instantiation. We
will refer to an instantiation of a variable as < x, v >. The projection of a constraint Ck on
the variables {x1, . . . , xL′}, denoted as P (Ck, {x1, . . . , xL′}), is the set of all {v1, . . . , vL′} values
for which it holds that the partial instantiation < x1, v1 >, . . . , < xL′ , vL′ > can be extended to
hold the constraints. When we add time to the problem, then we have a Temporal Constraint
Satisfaction Problem (TCSP). It is a particular class of CSP where variables represent times
(time points, time intervals or durations) and constraints establish allowed temporal relations
between them [SV98].

The most widely used representation of a CSP is a graph where the pairs <Variable,Value>
are the nodes and the constraints are the edges. There exists several methods to search the
space of solutions of a CSP, including Backtracking (BT) [Nil80, RABORMC14a], Backjumping
(BJ) [Gas79] or Forward Checking (FC)[Nad88], among others. Most methods have a prop-
agation phase where the constraints of the problem are checked. These methods are usually
combined with consistency techniques (domain consistency, arc consistency or path consis-
tency) [Mac77] to modify the CSP and ensure its local consistency conditions. In addition,
some stochastic and heuristic methods have become popular for solving CSPs over the last
decade, including Min-Conflicts (MC) [MJPL92] and Tabu Search (TS) [GL13].

Many real-life applications aim to find a good solution, and not the complete space of pos-
sible solutions. For this purpose, the CSP incorporates an optimization function, becoming
a Constraint Satisfaction Optimization Problem (CSOP) [Tsa14]. This optimization function
maps every solution (complete labelling of variables) to a numerical value measuring the quality
of the solution. The most widely used algorithm for finding optimal solutions is called Branch
& Bound (B&B) [LW14, RABORMC14b], which performs a depth first search pruning the sub-
trees that exceed the bound of the best value so far. In the case of multi-objective optimization,
an extension of this method, known as Multi-Objective Branch & Bound (MOBB) [RFRAC15]
can be used to find the non-dominated solutions of the problem. Other methods for solving
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CSOP include Russian Doll Search (RDS) [RL07], Bucket Elimination (BE) [RL06], Genetic
Algorithms (GAs) [FF98] and Swarm Intelligence (SI) [GPC13].

In this dissertation, the MPP has been modelled as a CSP[RABORMC15b, RABORMC17],
where a graph representation of the problem is presented in Figure 2.2. For this problem,
two types of variable are used: the variables of the mission plan (represented in blue in the
graph), given by the previous definition of Φ; and several auxiliary variables (represented in
green in the graph) that are computed during the CSP propagation process and employed to
ease the formulation of the constraints of the problem, especially those referred to time points
and intervals. The different constraints of the problem are represented in yellow boxes, and the
optimization objectives are represented in red ovals. A detailed explanation of this model is
presented in Publication 1 [RAC18a]. The variables of the CSP are:

� Task Assign: this variable corresponds to λTU .

� Orders: this variable corresponds to ΓTU .

� GCS Assign: this variable corresponds to λUG.

� Sensor Assign: this variable corresponds to λTUS .

� Path FP : this variable corresponds to the first T · U variables {1, . . . , T} × {1, . . . , U} of
λTUF , i.e. it represents the flight profiles used in all the paths perform by UAV for going
to tasks, but not the return path.

� Return FP : this variable corresponds to the last U variables of λTUF , i.e. it represents the
flight profiles used in the ReturnToBase paths (i.e. the (T + 1)-th task) for every UAV
used in the mission.

On the other hand, the auxiliary variables used in the CSP model are:

� Departure: This variable represents the time point for each UAV/task combination when
the UAV departs from its position to go to the task zone.

� Start : This variable represents the time point for each UAV/task combination when the
UAV arrives to the task zone and starts the performance of the task.

� End : This variable represents the time point for each UAV/task combination when the
UAV finishes the task performance.

� Return: This variable represents the time point for each UAV when it has returned and
landed into its base position, and consequently finished its duties in the mission.

� Duration Path, Distance Path, Fuel Cons. Path and Path Waypoints: These variables
represent, respectively, the time elapsed, the distance traversed, the fuel consumed and
the waypoints followed between the departure and the start of each UAV/task combination.

� Duration Task, Distance Task, Fuel Cons. Task and Task Waypoints: These variables
represent, respectively, the time elapsed, the distance traversed, the fuel consumed and
the waypoints followed between the start and the end of each UAV/task combination.
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Figure 2.2: Graph representation of the CSP model. Variables of the CSP are represented in blue,
constraints in yellow, auxiliary variables in green and objectives in red.
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� Duration Return, Distance Return, Fuel Cons. Return and Return Waypoints: These vari-
ables represent, respectively, the time elapsed, the distance traversed, the fuel consumed
and the waypoints followed between the end of the last task performed and the return for
each UAV.

� Duration Loiter : This variable represents the time elapsed for each UAV/task combination
between the end of the previous task performed by the UAV and the departure for the
present task. This variable is higher than 0 when there exists some time dependencies that
impede the immediate performance of the task.

� UAV Paths: This variable represents the waypoints followed by each UAV for the whole
mission.

� Fuel Consumptions: This variable represents the fuel consumed by each UAV in the whole
mission, i.e. FUELu(0)− FUELu(Tmax).

� Flight Times: This variable represents the flying time of each UAV during the whole
mission, i.e. Tu.

� Distances: This variable represents the distance traversed by each UAV in the whole
mission, i.e. Du.

� Costs: This variable represents the cost spent for each UAV in the mission, i.e. CuTu.

� Min Distance To Ground : This variable represents the minimum altitude of each UAV to
the ground (given by an elevation file) during its mission flight, i.e. minτ∈[TClimb

u ,TDescent
u ]Au(τ),

where TClimbu and TDescentu represent, respectively, the climb point when the UAV has
reached the flight profile altitude after the take-off, and the descent point when the UAV
starts the landing.

� Min Distance Between UAV : This variable represents the minimum distance between each
pair of UAV in the mission (lowest distance in all temporal points), i.e. minτ∈[0,Tmax]||Posu1(τ)−
Posu2(τ)||F .

� Out of GCS Coverage: This variable represents the accumulated time for each UAV where
LOS is not maintain with the GCS in the mission.

Finally, the constraints of the CSP considered are:

1. Order constraints: they check that the orders for two different tasks assigned to the same
UAV are different, and lower than the number of tasks assigned to that UAV.

2. Temporal constraints: they assure the consistency of all the times and durations involved
in the mission planning. This includes that start = departure+ durPath, end = start+
durTask, return = end+ durReturn and durLoiter = departure− endPrev.

3. Allen Temporal Dependencies and UAV Dependencies: these constraints are related to the
time and vehicle dependencies mentioned previously and represented in Equation (2.12)
in the MPP definition.

4. Sensor constraints: they check if a UAV has the sensors needed to perform its assigned
tasks. They are equivalent to Equation (2.3) in the MPP definition.
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5. GCS constraints: they assure that the GCS assignments are correct, UAV are assigned to
GCS able to control them (GCS-UAV Type); GCS do not overpass their maximum number
of UAV(Max Num of UAV per GCS ) expressed in Equation (2.4); and they are located
within the GCS coverage area (Line of Sight), expressed in Equation (2.5).

6. Checking constraints: they assure that all the different feature limitation of the UAV are
accomplished. This includes fuel constraints, assuring that the fuel consumed by each
vehicle is less than its initial fuel (Equation (2.9)); flight time constraints, assuring that
the total flight time for each vehicle is less than its vehicle maximum flight time (Equation
(2.10)), and distance constraints, assuring that the distance traversed by each vehicle is
less than its range (Equation (2.11)).

7. Path constraints: these constraints assure that the UAV perform its path for every UAV/-
task combination without any incident. In this sense, a Theta* algorithm [DNKF10] is
used to assure that the vehicle avoids the NFZ (Theta* Path NFZ Avoid), and that every
climb/descent needed for the change of altitude (Climb/Descent Path) is attainable (see
Figure 2.3). These constraints are part of the Equation (2.6) in the MPP definition.

Figure 2.3: Climb/Descend situation in path computing.

8. Return constraints: they assure that each UAV perform its return to the base without any
incident, including NFZ avoidance (Theta* Return NFZ Avoid) and climb/descent routes
(Climb/Descent Return). These constraints are part of the Equation (2.6) in the MPP
definition.

9. Step&Stare or Task Perform: they compute the task performance waypoints, distances,
durations and fuel consumptions according to the specific task, e.g. Mapping tasks perform
a Step&Stare (see Figure 2.4) over the task zone.

10. Overaltitude and Overspeed : these constraints assure that the waypoints for each UAV
(Final Path with Loiter) do not overpass the speed and altitude limit of the vehicle.

11. Distance to ground > 0: these constraints assure that the vehicle does not collide with the
terrain. This is equivalent to Equation (2.7) in the MPP definition.

12. Distance between vehicles > 0: they assure that UAV do not collide during the mission.
This is equivalent to Equation (2.8) in the MPP definition.

2.1.3 State of the Art in Mission Planning

Automated planning and scheduling has been an area of research in artificial intelligence for
over four decades, and its application in UAV missions is a known problem. One concept that
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Figure 2.4: Step & Stare Path.

relates with mission planning and that is sometimes confused with it, is path planning. In path
planning, the vehicles are assigned a set a waypoints which compose their route, i.e. it is similar
to Travelling Salesman Problem (TSP) or VRP. On the other hand, mission planning is more
related with task and resource allocation, being more similar to scheduling problems. Anyway,
once mission planning is performed, path planning must also be performed on each vehicle (with
their assignments) to create the final route.

The MPP is a big challenge in actual NP-hard optimization problems. Classic planners
based on graph search or logic are not suitable for this problem due to the high computational
cost that these kind of algorithms need to solve a mission. For this reason, there has been some
research in the last decade proposing novel methods to solve this problem:

� Sakamoto [Sak06] proposed a linear programming formulation of the MPP as an extension
of the VRP with time windows for the tasks, and solved it using robust optimization.
Evers et al. [EDBM14] presented a similar approach with robust optimization, but they
extended from the orienteering problem.

� Tian et al. [TSZ06] solved a reconnaissance cooperative mission aiming to minimize the
travel distance of the vehicles. In this approach, a GA was used, where the chromosome
representation consisted of subsequences, where each one represent a reconnaissance target
sequence for a UAV.

� Bethke et al. [BVH08] proposed an algorithm for cooperative task assignment that extends
the Receding-Horizon Task Assignment (RHTA) algorithm to select the optimal sequence
of tasks for each UAS.

� Kvarnstrom et al. [KD10] combines ideas from forward-chaining planning with partial-
order planning, leading to a new hybrid Partial-Order Forward-Chaining (POFC) frame-
work.

� Karaman et al. [KF11] extended the VRP with lineal temporal logic, formulated it using
network flows and solved it using Mixed-Integer Linear Programming (MILP).
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� Leary et al. [LDB11] compared the performance of MILP, Simulated Annealing (SA) and
Auction Algorithm (AA) for the MPP as an extension of the VRP with NFZ avoidance.

� Wang et al. [WLTL14] represented the task scheduling of UAVs as a MILP and used TS
to solve this problem.

� Shang et al. [SKF+14] proposed a combination of GA and Ant Colony Optimization (ACO)
for solving the UAV team oriented problems.

� Guerriero et al. [GSLN14] proposed a multi-objective approach for the MPP defined as an
extension of the VRP. This approach optimizes the travel distance, the number of vehicles
used and the customer satisfaction. The problem was solved using constraint techniques.

� Pohl et al. [PL08] compared the performance of Non-dominated Sorting Genetic Algorithm-
III (NSGA-II) and Strength Pareto Evolutionary Algorithm 2 (SPEA2) for the MPP de-
fined as an extension of the VRP with time windows and minimizing the path length, the
number of vehicles used and the wait time.

� Other works focus on distributed approaches for solving mission planning of a swarm of
UAVs, using the Belief–Desire–Intention (BDI) model [PVA13a], Dynamic Data Driven
Applications Systems (DDDASs) [MBP+12] and other kind of multi-agent systems [HL17,
MÇE17].

Most of the above contributions assume that UAVs are commanded by a single GCS, but
in practice multi-UAV missions require the use of several GCSs for controlling all the vehicles
involved in the mission scenario. Moreover, the literature is scarce in what refers to multi-criteria
solvers for the MPP. This is the main difference in the present dissertation, where the MPP
proposed is a multi-task, multi-UAV and multi-GCS Multi-Objective Optimization Problem
(MOP).

2.2 Mission Replanning Problem

2.2.1 Problem Definition

An essential concept in UAV planning is mission replanning. Generally, the mission replanning
process is event-driven. In this case, an executing mission plan becomes invalid due to some
unexpected incidences. These replanning factors could be:

� UAV or sensor failure.

� Urgent (rush) task arrival.

� Task cancellation.

� Due date change (delay or advance).

� Change in task priorities or position of the targets.
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The process of mission replanning implies real-time rescheduling and re-routing of each UAV
involved. Besides, this process requires to be fast enough so the status of the mission being
executed does not change before the re-routing of the vehicles. Due to this, it is one of most
challenging problems in command and control of UAVs.

The MRP is focused on a plan being executed where some incident occurs (e.g. new tasks,
like a fire extinguishing, appear). Being the MPP described, the MRP can be extended from it.
The MRP considers the same scenario as the MPP. The main difference lies in the status of the
tasks:

� some tasks would have finished when replanning is called, so they will be erased from the
problem

� some tasks would have not started yet

� some tasks would have started but still not ended

On the other hand, it is also necessary to consider the position of the UAV when replanning.
Some UAVs could be in flight to the task zone, and others could be performing a task when the
replanning is required.

When solving the MRP, a new assignment of the tasks, sensors used and the rest of variables
must be made according to the new circumstances of the scenario. In addition, the runtime spent
by the algorithm to solve the MRP must be taken into account, as the status of the mission
could have changed when the new solutions are returned. In this case, the future position of
the UAVs after the specified runtime limit is considered, as well as the status of the mission in
general.

2.2.2 State of the art in Mission Replanning

There exist two types of strategies to handle a replanning problem:

� Dynamic strategy [PI77]. In this strategy no schedule is made, and the UAVs act using
dispatching rules or control-theoretic models.

� Predictive-reactive strategy [JRR96]. In this strategy a plan schedule is generated and
updated in the UAVs. This type of strategy can be periodic, event-driven or a hybrid of
both.

When generating a schedule for a replanning problem, there exists two types of replanning
methods:

� Robust schedule generation [BWS98]: A robust plan is generated, so when an incident
occurs, the plan can continue its execution easily.

� Schedule repair : The plan is repaired according to the incident. This type of methods
include:
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– Right-shift rescheduling [AS97]: The plan is just shifted so a new assignment for the
tasks is obtained.

– Partial rescheduling [BBMN91]: A replanning is performed only on the new tasks or
tasks and UAVs affected by the incident. The most common method used here is
Iterated Local Search (ILS) with Min-Conflicts.

– Complete regeneration [BM99]: All the plan is generated again. This approach is
usually slower.

Due to the requirements of the online problem, the algorithm must be very fast. Thus, the
most common approaches are partial repair methods. Nevertheless, due to the complexity of
the problem, a partial repair of the mission plan may not be the optimal option in many cases.
For example, a new task may appear next to a UAV that has many other tasks assigned. Then,
this task could not be assigned to this UAV due to fuel or time constraints unless this UAV
deallocates some of its previously assigned tasks.

There exist few works in this field given the high complexity of the problem and its consequent
hardness to get an efficient real-time algorithm. Most of them focus on single-UAV missions,
while this work focuses on Multi-UAV and Multi-GCS missions. Some of these works are:

� Chien et al. [CKS+99]. In this work, they studied the use of iterative repair search for
spacecraft operations planning in the ASPEN System.

� Fukushima and Mita [FM11]. They proposed an algorithm for onboard mission replanning
using the orthogonal array experiment design approach to solve the problem of repairing
of the original mission plan without human interactions.

� Chen et al. [CTL11] developed a real-time planner for Multi-UCAV, where the initial plan
is obtained by a GA and an utility function is used to check and reschedule the task
assignments.

� Pascarella et al. [PVA13b] uses an agent-based approach with a formal model to infer from
real-time constraints, by which mission planning is dynamically scheduled.

2.3 Test Missions

In order to test the different algorithms developed in this dissertation for the MPP, a dataset
consisting of 16 missions of different complexity has been designed. These missions are presented
in Table 2.2, where the different number of tasks (and Multi-UAV tasks), UAVs, GCSs, NFZs
and time dependencies are shown.

In addition, a snapshot of the geographic scenario for each mission is represented in Figure
2.5. In these figures, the green zones represent tasks, while the red zones represent NFZs. There
are also some patrol tasks represented with green paths, and some point tasks represented with
an icon, such as photographing, tracking or fire extinguishing.
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Table 2.2: Features of the different missions designed.

Mission
Id.

Tasks Multi-UAV
Tasks

UAVs GCSs NFZs Time
Dependencies

1 5 0 3 1 0 0
2 6 1 3 1 1 0
3 6 1 4 2 2 1
4 7 1 5 2 1 2
5 8 2 5 2 3 1
6 9 2 5 2 0 2
7 9 2 6 2 2 2
8 10 2 6 2 3 3
9 11 3 6 2 3 2
10 12 3 7 3 0 2
11 12 3 8 3 2 3
12 13 4 7 3 4 4
13 14 4 8 3 0 3
14 15 4 9 3 5 4
15 16 4 9 3 4 4
16 16 5 10 3 5 5

(a) Mission 1. (b) Mission 2.

(c) Mission 3. (d) Mission 4.
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(e) Mission 5. (f) Mission 6.

(g) Mission 7. (h) Mission 8.

(i) Mission 9. (j) Mission 10.
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(k) Mission 11. (l) Mission 12.

(m) Mission 13 (n) Mission 14

(o) Mission 15 (p) Mission 16

Figure 2.5: Mission Scenarios considered.
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Chapter 3

Multi-Objective Evolutionary
Approaches for Multi-UAV Mission

Planning

“Look deep into nature, and then
you will understand everything better.”

- Albert Einstein

This chapter introduces four Multi-Objective Evolutionary Algorithms (MOEAs) combined
with CSP techniques to tackle the MPP, and a fifth algorithm for the MRP, which is an extension
of these algorithms. In the first algorithm, a CSP model is used as penalty fitness function. The
second algorithm checks some constraints in the initialization and reproduction. Using this
approach, the search space of the algorithm is reduced. On the other hand, the third algorithm
proposes a weighted random generator to be used in the initialization and reproduction for some
of the assignments. In order to focus the search on the most significant solutions, the fourth
algorithm looks for the knee point solutions. Then, the fifth algorithm presents an extension
of the previous algorithm for mission replanning. Finally, all these new algorithms have been
experimentally evaluated using the mission defined in Section 2.3.

3.1 MOEA with CSP as penalty fitness

In the last decades, many bio-inspired algorithms have arisen to obtain fast solutions for opti-
mization problems. These algorithms are included in some categories, where the most known
are evolutionary algorithms, swarm intelligence and artificial immune systems. Evolutionary
algorithms are population-based metaheuristic optimization algorithms inspired by biological
evolution, where mechanisms such as reproduction, mutation, recombination or selection are
imitated. The most common type of evolutionary algorithms are GAs [Hol92], which are in-
spired by natural evolution and genetics. Other common methods are Evolution Strategy (ES),
Differential Evolution (DE) and Genetic Programming (GP).

GAs have been successfully used in many optimization problems, demonstrating to be ro-
bust and capable of finding satisfactory solutions in highly multidimensional problems. These
algorithms generate an initial population of individuals (or possible solutions), where each one

31
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has a chromosome representation, which is directly related to the variables of the problem.
This population is evolved during a number of generations, where each generation reproduces,
crosses, mutates and selects the best individuals of the population, which are finally evaluated
by a fitness function.

Most real-life problems, often require the solutions to meet multiple performance criteria (or
objectives) simultaneously, for which they are referred to as MOP. Such objectives are often
conflicting, wherein an improvement in one objective cannot be achieved without detriment
to another objective. In this case, there is no single solution to a MOP that can be selected
objectively; rather a set of solutions exists, representing different performance trade-offs between
the considered criteria. A minimization MOP can be mathematically defined as follows:

Min
x

f(x) = (f1(x), f2(x), ..., fm(x))T subject to x ∈ Ω ⊆ Rn (3.1)

where x = (x1, x2, ..., xn)T is a vector of n decision variables from the decision space Ω;
f : Ω → Θ ⊆ Rm consists of a set of m objective functions, and a mapping from the n-
dimensional decision space Ω to the m-dimensional objective space Θ.

Definition 3.1.1. Given two decision vectors x,y ∈ Ω, x is said to Pareto dominate y, denoted
by x ≺ y, if:

∀i ∈ {1, 2, ...,m} fi(x) ≤ fi(y)

∃j ∈ {1, 2, ...,m} fj(x) < fj(y) (3.2)

Definition 3.1.2. A decision vector x∗ ∈ Ω, is Pareto optimal if @x ∈ Ω, x ≺ x∗.

Definition 3.1.3. The Pareto set PS, is defined as:

PS = {x ∈ Ω|x is Pareto optimal} (3.3)

Definition 3.1.4. The Pareto front PF , is defined as:

PF = {f(x) ∈ Rm|x ∈ PS} (3.4)

MOEAs usually focus on finding the Pareto Optimal Frontier (POF), i.e. the set of all non-
dominated solutions of the problem, PF . The goal of MOEAs is to evolve the non-dominated
objective vectors towards PF (convergence), and also generate a good distribution of these
vectors over the PF (diversity).

The most used algorithm over the last decade in this field has been the NSGA-II [DPAM02].
Other popular algorithms are SPEA2 [ZLT02], Multi-Objective Evolutionary Algorithm based
on Decomposition (MOEA/D) [ZL07] and Non-dominated Sorting Genetic Algorithm-II (NSGA-
III) [JD13]. NSGA-II achieves convergence and diversity by relying on two measures when
comparing individuals (e.g. for selection and deletion): The first is the non-domination rank,
which measures how close an individual is to the non-dominated front. An individual with a
lower rank (closer to the front) is always preferred to an individual with a higher rank. If two
individuals have the same non-domination rank, as a secondary criterion, a crowding measure is
used, which prefers individuals which are in rather deserted areas of the front. More precisely,
for each individual the cuboid length is calculated, which is the sum of distances between an
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Figure 3.1: NSGA-II overview of multiobjective strategies.

individual’s two closest neighbours in each dimension. The individuals with greater cuboid
length are then preferred. Figure 3.1 shows an overview of these strategies.

The MPP proposed in Section 2.1 is a quite complex problem with a large amount of con-
straints involved, and a huge number of solutions might be generated. For this, a MOEA has
been used to solve this problem, as they consider a mutation operator in the evolving process,
which may lead to new solutions avoiding local optima. In this approach, a hybrid of NSGA-II
with CSP is proposed. The CSP model is used as a penalty function in the evaluation phase
of the algorithm. The NSGA-II implementation was developed using ECJ framework [Luk13],
while the CSP model was developed using Gecode [STL10].

This section describes this algorithm [RABORMC14c, RABORMC15a, RABORMC17]
[RARMC17], including the encoding, the fitness function designed, the genetic operators imple-
mented and the stopping criteria considered.

3.1.1 Encoding

The encoding of the MPP has been based on the variables of the CSP model. Therefore, this
encoding consists of six different alleles representing the features to be assigned in the MPP, as
can be seen in Figure 3.2. Next, a short description for each allele is given:

1. UAVs assigned to each task. This allele corresponds to the Task Assign variable of the
CSP model. If the Ti task is Multi-UAV, then this cell contains a vector representing the
different UAV assigned to this task, as shown in Figure 3.2 for tasks T1, T3 and T4. The
number of combinations, or space size, for this allele is, considering TMU the number of
Multi-UAV tasks, UT−TMU × (2U − 1)TMU .
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Figure 3.2: Example of an individual that represents a possible solution for a problem with 5 tasks,
3 UAVs and 2 GCSs.

2. Permutation of the task orders. This allele corresponds to the Orders variable of the CSP
model. These values indicate the absolute order of the tasks. It is only used if there are
several tasks assigned to the same UAV (e.g. in Figure 3.2, UAV 1 performs tasks 1, 4 and
5 in this order). In [RABORMC15a], it was proved that this representation, although it
is not injective, is more efficient than using the orders for each pair task-UAV. The space
size for this allele is T!.

3. GCS controlling each UAV. What GCS is assigned to monitor what UAV. This allele
corresponds to the GCS Assign variable of the CSP model. The space size for this allele
is GU.

4. Flight profiles used for each UAV in the path to an assigned task. This allele corresponds
to the Path FP variable of the CSP model. As in the first allele, some of the cells could
contain a vector if the corresponding task is performed by several UAV. The possible values
considered in this approach are min (minimum consumption profile) and max (maximum
speed profile). The space size for this allele is 2T−TMU × (2U+1 − 2)TMU .

5. Sensors used for the task performance by each UAV. This allele corresponds to the Sensor
Assign variable of the CSP model. These variables are necessary when the vehicle per-
forming the task has several sensors that could perform that task. The values considered
in this approach are eiS (EO/IR sensor), sR (SAR radar), iR(ISAR radar), mR (MPR
radar) and wt (water tank). The space size for this allele depends on the number of sen-
sors for each vehicle. Considering that all vehicles have s sensors, then the space size is
sT−TMU × (

∑U
i=1 s

i)TMU .

6. Flight Profiles used by each UAV to return to the base. This allele corresponds to the
Return FP variable of the CSP model. The space size for this allele is 2U.

Multiplying the different sizes for each allele and reducing the resultant formula, the total
space size of the problem is as follows:

T!× UT−TMU × GU × 2T+U × (2U − 1)2×TMU × sT
× (sU − 1)TMU × (s− 1)−TMU (3.5)

In the example of this representation shown in Figure 3.2, using together the UAV assign-
ments allele (1) and the order allele (2), we have that UAV 1 performs tasks 1 and 3 in this order;
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UAV 2 performs task 4; and UAV 3 performs tasks 5, 2, 1 and 4 in this order. On the other
hand, according to the allele of GCSs information (3), we have that UAV 3 is controlled by GCS
1, while UAVs 1 and 2 are controlled by GCS 2. Furthermore, in the allele of Flight profiles per
task (4), we can see that UAV 1 uses the maximum speed flight profile for all its assigned tasks;
UAV 2 uses the minimum consumption flight profile, and UAV 3 uses the maximum speed flight
profile for task 5, and the minimum consumption flight profile for the rest of tasks. Regarding
the sensors used (5), it can be seen that task 1 is performed by UAV 1 using MPR radar (mR)
sensor, while UAV 3 uses an SAR radar (sR); task 2 is performed using SAR radar; task 3 uses
MPR radar; task 4 is performed by UAV 2 using ISAR radar (iR) sensor, while UAV 3 uses
an SAR radar, and task 5 uses EO/IR sensor (eiS). Finally, the last allele (6) represents that
UAVs 1 and 3 use maximum speed profile for their return path, while UAV 2 uses minimum
consumption profile.

3.1.2 Operators

As the encoding presented has been specifically developed for this problem, so are the operators
used in the algorithm. The crossover operator developed is used to combine the chromosomes
of each pair of parents to generate a new pair of children. This operator consists of a specific
crossover operation for each of the alleles of the representation. The first allele performs a 2-
point crossover, and the same cross points used for this allele are reused for the fourth and fifth
allele in order to maintain the size for Multi-UAV tasks and the consistency of the sensors used.
On the other hand, in the second allele, as it is a permutation, is applied a Partially-Matched
Crossover (PMX) [Pel10]. This passes a chunk of values from one parent to the other and then
performs a replacement of the invalid values of the new child based on its previous parent.
Finally, in the third and sixth alleles are applied another 2-point crossover (with different points
than the previous). Figure 3.3 shows an example of this crossover operation, where the first,
fourth and fifth allele have selected points 2 and 4 for the 2-point crossover. In the second allele
a chunk composed of tasks T2..T3 has been selected for the PMX crossover, and finally, the third
and sixth allele have selected points 1 and 2 for the 2-point crossover.

Once the new pair of individuals has been generated from crossover operation, a mutation
operator is required. This genetic operator helps to avoid that the obtained solutions stagnate
at local minimums. This mutation operator is designed to perform a uniform mutation over
the same genes for the first, fourth and fifth allele in order to maintain the size of Multi-UAV
tasks and avoid invalid solutions accomplishing sensor constraints. On the other hand, the
second allele is applied an Insert Mutation, which will select two random positions from the
permutation and move the second one next to the first one. Finally, the third and sixth allele
are updated using another uniform mutation. Figure 3.4 presents an example of this mutation,
where T4 has been mutated for the first, fourth and fifth allele, the insert mutation has moved
the value of T4 next to T1, and the third and sixth allele have mutated the value of U1.

3.1.3 Fitness Function

The evaluation phase of the MOEA is performed using a fitness function composed of two steps:

1. Given a specific solution, the CSP model handles that all constraints are fulfilled. If not,
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Figure 3.3: Example of crossover of two parents with 5 tasks, 3 UAVs and 2 GCSs. Each allele
applies a different type of crossover: UAV, FpPath and SensUsed are performed a 2-point crossover;
Order is applied a PMX crossover, and GCS and FpReturn are applied another 2-point crossover.

Figure 3.4: Example of Mutation for an individual with 5 tasks, 3 UAVs and 2 GCSs. Each allele
applies a different type of mutation: UAV, FpPath and SensUsed are performed a uniform mutation;
Order is applied an Insert Mutation, and GCS and FpReturn are applied another uniform mutation.

it returns the number of unfulfilled constraints, and these solutions are not considered
when other valid solutions were found. For complex problems, valid solutions take much
runtime as all constraints are checked.
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2. If all constraints are fulfilled, a multi-objective function minimizing the objectives of the
problem is applied. The objectives considered were presented in section Section 2.1.

In the case when all the individuals of the population are invalid, those with the fewer
number of invalid constraints are selected for reproduction. As in NSGA-II approach, after the
evaluation of the solutions, the Pareto front is extracted and the solutions are ordered according
to the crowding distance.

3.1.4 Algorithm and stopping criteria

Algorithm 1 shows the new approach presented so far. First, an initial population is randomly
generated (Line 1). Then, the evaluation of the individuals is performed using the fitness function
(Lines 6-14) explained in section 3.1.3.

After that, the buildArchive process of NSGA-II (Line 15) is performed, generating a set
of ranked vectors, where the first one represents the Pareto front of the solutions ranked by
crowding distance. Then, an elitist selection is performed, where the µ best individuals in the
population are retained (Line 20). Afterwards, a tournament selection over these µ individuals
(Line 22) selects those that will be applied the crossover (Line 23) and mutation (Lines 24-25)
operators explained in section 3.1.2.

Finally, some stopping criteria [WTM11] is required to decide when the algorithm has reached
a good approximation of the POF, and therefore it must stop. The stopping criteria designed
for this algorithm compares the Pareto front obtained so far with the Pareto front from the
previous generations (Lines 17-19). The algorithm stops when the front remains unchanged
during a specific number of generations stopGen.

3.1.5 Experimental phase

In order to test the functionality of the new NSGA-II-CSP approach for MPP, some experiments
have been carried out. First, a study of the performance of the algorithm considering different
variables of the CSP model in the MPP is performed (e.g. a first approach only takes into
account task assignments and orders, another approach adds flight profiles, another adds GCS
assignments, etc.).

Then, a second experiment studies the performance of the algorithm with an increasing
number of constraints considered (e.g. a first approach only considers temporal constraints,
then checking constraints are added, then path constraints, etc.).

3.1.5.1 Experimental setup

In these experiments, the first 6 missions proposed in Section 2.3 are used. Then, in order
to evaluate the performance of the algorithms, there are some metrics that can be taken into
account. The hypervolume indicator [ZBT07], which has been considerd in these experiments,
consists of the volume enclosed by the Pareto front approximation and a reference point. The
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Algorithm 1: Hybrid NSGA-II-CSP model for Mission Planning Problems

Input: A mission problem P , the set of m-objectives O and their upper bounds
M = {Mi >> avg(oi)}, and positive numbers elitism µ, population size λ,
mutprobability, stopping criteria limit stopGen and maximum number of generations
maxGen

Output: Pareto Front obtained with best solutions
1 S ← randomly generated set of λ individuals
2 i← 1
3 convergence← 0
4 pof ← ∅
5 while i ≤ maxGen ∧ convergence < stopGen do
6 for j ← 1 to |S| do
7 [valid, numInvalidC]← CSPCheck(Sj)
8 Fit← newFitness()
9 Fit.valid← valid

10 if valid then
11 Fit.obj ←MultiObjectiveF itness(Sj , O)

12 else
13 Fit.numInvalid← numInvalidC)

14 Sj .F it← Fit

15 S ← buildNSGA2Archive(S, λ)
16 newpof ← createPOF (S)
17 if newpof = pof then
18 convergence← convergence+ 1

19 pof ← newpof
20 newS ← SelectElites(S, µ)
21 for j ← µ to λ do
22 p1, p2← TournamentSelection(S)
23 i1, i2← Crossover(p1, p2)
24 i1←Mutation(i1,mutprobability)
25 i2←Mutation(i2,mutprobability)
26 newS ← newS ∪ {i1, i2}
27 S ← S ∪ newS
28 i← i+ 1

29 return pof

higher the hypervolume, the better the approximated POF. Other known metrics are the Gener-
ational Distance (GD) [VL00] and the Inverted Generational Distance (IGD) [IMTN15], which
are based on the Euclidean distance between a solution and a reference point.

In these experiments, the number of solutions, the number of generations needed to con-
verge, the runtime spent and the hypervolume of the solutions obtained are extracted. The
hypervolume has been computed using the normalized values of the objectives variables. Every
experiment is run 30 times, and the mean and standard deviation for every metric are computed.

Every execution of NSGA-II uses a selection criteria µ+λ = 10+100, where λ is the number
of offspring (population size), and µ the elitism size (i.e. the number of the best parents that
survive from current generation to the next). The mutation probability is 10%, the maximum
number of generations is 300 and the number of generations for the stopping criteria is 10. The
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experiments have been run in a Intel Xeon CPU E5-2650 v3 2.30GHz with 10 cores and 250GB
DDR4 RAM.

3.1.5.2 Experiment with different variables

In this first experiment, we consider five approaches with different variables of the CSP:

1. Only task assignments. In this approach, only task assignments and orders are considered
in the encoding. In addition, order and temporal constraints are considered.

2. Using Flight Profiles. This approach extends the first one by adding flight profile variables
and constraints.

3. Using Sensors. This approach extends the first one by adding sensor variables and con-
straints.

4. Using GCSs. This approach extends the first one by adding GCS variables and constraints.

5. Complete encoding. This approach comprises all the previous ones, including all the
variables of CSP model for the MPP.

Each approach is executed with NSGA-II, and the results obtained are presented in Figure
3.5. This figure presents bar graphs with the mean and error bars with the standard deviation
for the every metric considered. It can be noticed that for the first missions, the flight profile
is most significant than the sensors and the GCSs, as more solutions are obtained and more
runtime is spent. Obviously, the complete encoding presents the higher number of solutions,
hypervolume and runtime. As the complete encoding approach considers much more variables
and constraints than the rest, the runtime is always higher than any other approach.

For the most complex missions, it can be seen that the problems do not converge within
the 300 generations considered. This can also be noticed as the standard deviation is quite
large, specially for the number of solutions and the runtime. The main conclusion that can be
extracted here is that adding variables makes the complexity of the problem grow exponentially,
and it becomes quite hard for the algorithm to find the POF.

3.1.5.3 Experiment with increasing number of constraints

The second experiment consists of four approaches with increasing number of constraints of the
CSP:

1. Basic constraints. This approach considers the complete encoding approach of the pre-
vious experiment, where temporal, order, GCS, sensor and flight profile constraints are
considered.

2. Adding checking constraints. This approach adds to the first one the checking constraints,
i.e. flight time, fuel and distance constraints.
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Figure 3.5: Hypervolume, number of solutions, number of generations and runtime obtained with
NSGA-II for MPPs considering different approaches using different variables of the CSP.

3. Adding path constraints. This approach adds to the previous one the path constraints,
including the climb and descent consideration, the NFZ avoidance and the distance to
ground computation.

4. Adding LOS. This approach adds the LOS constraints to the previous one, resulting in
the complete CSP model for MPP.

Each approach is executed with NSGA-II, and the results obtained are presented in Figure
3.6. These results show that adding more constraints does no affect the less complex missions,
as the results obtained for all metrics are similar.

On the other hand, for the most complex mission, it is appreciable that the number of
solutions and the runtime decrease as the number of constraints increase. This is due to many
solutions becoming invalid due to the new constraints.

It is curious that the complexity of the path and LOS constraints, which should highly
increase the runtime of the algorithm, is not appreciated in the results (only Mission 2 shows
a low increase in the runtime). This is because valid solutions take much more runtime to be
checked, but as the number of solutions has been highly reduced, most solutions checked are
invalid, which do not take so much time to be checked.
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Figure 3.6: Hypervolume, number of solutions, number of generations and runtime obtained with
NSGA-II for MPPs considering different approaches with increasing number of constraints.

3.2 MOEA-CSP with constraint consideration in the generation of indi-
viduals

In order to increase the convergence of the problem, this approach takes some constraints from
the CSP model and adds them into the GA setup, crossover and mutation operators. This way,
the search space is reduced, and the GA will avoid assigning some invalid solutions due to these
constraints [RAC18a]. The constraints considered have been:

� Sensor constraints: As a sensor must be assigned after the assignment of a UAV to a
task, it is pretty convenient to avoid selecting the sensors required by the task that are not
available by the UAV. To take advantage of this, the setup and the mutation operation
have been changed, following the next steps:

1. Every time a task Tt is assigned a UAV Uu,

2. The domain of its corresponding sensor gene is updated to XU(Uu) ∩XT(Tt).

� GCS constraints: When assigning a UAV to the GCS controlling it, it is possible to
check that this GCS can control this type of UAV. In addition, it is possible to check how
many vehicles have been assigned to a GCS when performing a new GCS assignment, in
order to avoid overpassing the maximum number of vehicles that the GCS can handle. For
this, both the setup and mutation operators have been changed, following the next steps;

1. The domain of each GCS assignment for a UAV Uu is set to {Gg ∈ G|type(Uu) ⊂
typeUG(Gg)}.
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2. When performing a new GCS assignment, the previous assignments are taken into
account, and the domain for this assignment is reduced to the GCSs capable of
controlling that vehicle: {Gg ∈ G|]{Uu ∈ U|AG[Uu] = Gg} < maxUG(Gg)}.

� Dependency constraints: UAV dependencies are directly checked when task assign-
ments are done in setup and mutation. On the other hand, the Path Consistency algo-
rithm used to check the time dependencies, so order assignments are correct, can be used
in the GA setup and operators before generating a new solution. With this, both setup
and mutation have been changed, following the next steps:

1. When performing task assignments, if two task Tt, Tt′ must be performed by the same
vehicle (i.e. sameUAV (Tt, Tt′)), the second task is directly assigned the same UAV,
i.e. ∀Uu ∈ U, AT[Tt′ , Uu] = AT[Tt, Uu].

2. If two task Tt, Tt′ must be performed by different vehicles (i.e. diffUAV (Tt, Tt′)),
the domain of the second task is reduced by deleting the UAVs used in the first one:
{Uu ∈ U|AT[Tt′ , Uu] = 0}.

3. Finally, once the order assignments have been set, the Path consistency algorithm for
time dependencies is used to check if the solution is valid. If not, all the task and
order assignment process is repeated.

3.2.1 Experimental phase

In this experiment, we compare the performance of the algorithm when no constraints are
checked inside the GA process against the final approach considering the sensor, GCS and
dependency constraints in the setup and genetic operators.

The experimental setup for this experiment is the same used in Section 3.1.5. Five approaches
related with the consideration of constraints in the GA process have been considered:

1. CSP Penalty Fitness. In this approach, no constraint is considered in the GA setup nor
the genetic operators, so the complete CSP model works as a penalty function.

2. Sensor constraints in GA. This approach considers the sensor constraints in the setup and
mutation of NSGA-II, constraining the generation of solutions to those with valid sensors.

3. Dependency constraints in GA. This approach considers dependency constraints in the
setup and genetic operators of NSGA-II, so a solution not fulfilling the task dependencies
of the problem will not be generated.

4. GCS constraints in GA. This approach considers the GCS constraints in the setup and
genetic operators of the algorithm, avoiding invalid types of vehicles and surpassing of the
maximum number of UAVs supported by the GCS.

5. Sensor, GCS and Dependency constraints in GA. This approaches combines the three
types of constraints considered in the previous approaches.

All these approaches are run 30 times by the new approach, and the results obtained are
presented in Figure 3.6, representing the mean and standard deviation for each metric considered.
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Figure 3.7: Hypervolume, number of solutions, number of generations and runtime obtained with
NSGA-II for MPPs considering different approaches using constraints in the GA process.

The results obtained show that the number of solutions obtained increase when adding
constraints to the GA process, specially for the most complex missions. As the algorithm
reached its maximum number of generations, it is clear that using these constraints in the GA
setup accelerates the search of valid solutions, leading to a higher number of solutions in the
end.

As can be seen, the runtime highly increases when using these constraints are used. This
is because these approaches, specially the last one, find more valid solutions, which take much
more time to be checked by the CSP model than the invalid ones.

Regarding at concrete constraints, it cannot be concluded if some constraint helps more than
other in the search of valid solutions, as each mission got better results with different constraints.
The less complex mission got better results just using sensor constraints, mission 4 got better
results with dependency constraints, and the most complex obtained better results with GCS
constraints.

On the other hand, it is also appreciable that, although the number of solutions increase,
the hypervolume obtained when using constraints in the GA setup remains pretty similar to
the one in the CSP penalty fitness approach. To study this, the solutions obtained for mission
6 have been plotted using a parallel visualization plot (see Figure 3.8). In order to ease the
visualization and interpretation of the interplay between the different objectives, z-scores are
used in these parallel plots, where each objective value is subtracted the mean of the values for
the same objective in other solutions, and divided by the standard deviation of these values.
With this, changes are smoother depending on the standard deviation of the values for each
objective.
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(a) CSP Penalty Fitness. (b) Sensor constraints in GA.

(c) Dependency constraints in GA. (d) GCS constraints in GA.

(e) Sensor, dependency and GCS constraints in GA.

Figure 3.8: Parallel Visualization Plots of solutions obtained in Mission 6 with NSGA-II-CSP
approach considering different constraints in the generation of individuals in the GA process.

In this representation it can be clearly seen, comparing Figure 3.8a with the rest, that the
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new solutions appearing when using constraints in the GA setup are close to the already obtained
in the first approach. These solutions are similar to other solutions already computed in the
first approach that just slightly increases one objective and slightly reduces another one. With
this, the new solutions contribute very little to the hypervolume.

In conclusion, it can be said that using constraints in the GA setup and operators helps in
the convergence of the POF. But this POF becomes pretty large with complex problems, so it
is difficult to obtain it entirely with the current approach; and sometimes unnecessary as the
new solutions obtained are not very relevant.

3.3 MOEA-CSP with a weighted random generator

In order to deal with the huge search space of the problem and guide the algorithm to find valid
solutions, a weighted random generator has been designed for the formation of new individuals
in the algorithm [RADSC18]. This generator is applied in three parts of the encoding: assigning
lower probability to individuals with higher numbers of UAV for performing the tasks, assigning
a higher probability in task assignments to UAV(s) with lower distance to the task area, and
assigning a higher probability in GCS assignments to GCSs with lower distance to the UAV.
To test this approach, several weighted strategies are proposed and assessed over a number of
realistic scenarios.

3.3.1 Weighted strategies for weighted random generator

Usually, the first population for a MOEA is generated randomly. But sometimes, in order to
reduce the convergence time, if some knowledge about the problem is provided, it can be used
to guide the search of solutions.

This information can be expressed as a high probability but not absolute certainty of (e.g. in
the VRP with multiple vehicles [IKR15, NKSK13], it is highly probable that the best vehicle for
going to a waypoint is the nearest to it in the space; but this is not always true as sometimes it
implies other waypoints far from this but also near to the vehicle to remain unassigned due to fuel
or flight time constraints). In order to consider this kind of information appropriately, weighted
strategies can be used. These strategies are used instead of the typical random generator inside
the MOEA, in both creation and mutation, and assigns different probabilities for each of the
possible values of the genes.

In this dissertation, three strategies are proposed to be studied:

� Arithmetic strategy: This strategy gives a lower probability to less probable values fol-
lowing an inverse arithmetic progression (i.e. N−i

N , with N the biggest value and i the
value considered). For an integer set of N values where the bigger the value, the lower its
probability, the weight for each value using the arithmetic strategy will be as follows:

∀i ∈ 1..N, weight[i] =
N − i
N

(3.6)
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� Harmonic strategy: This strategy gives a lower probability to less probable values following
a harmonic progression (i.e. 1

i , with i the value considered). For an integer set of N values
where the bigger the value, the lower its probability, the weight for each value using the
harmonic strategy will be as follows:

∀i ∈ 1..N,weight[i] =
1

i
(3.7)

� Geometric strategy: This strategy gives a lower probability to less probable values following
an inverse geometric progression (i.e. 1

2i
, with i the value considered). For an integer set

of N values where the bigger the value, the lower its probability, the weight for each value
using the geometric strategy will be as follows:

∀i ∈ 1..N,weight[i] =
1

2i
(3.8)

These different strategies are represented in Figure 3.9 for a case with a maximum of 5
integer values with decreasing probability. In this figure, the constant strategy represents the
typical random generator, where all values have the same probability.
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Figure 3.9: Weighted strategies considered with 5 integer values of decreasing probability.

Here, we can see that with the geometric approach, it is more likely to select value 1,
while the harmonic and the arithmetic approach have lower probabilities. With the arithmetic
approach, the decrease in the probabilities is linear, while in the geometric approach the decay
is exponential. On the other hand, the harmonic approach provides a larger decrease for the
first values, but lower for the last ones. Based on this, the use of the arithmetic approach is
more suitable when the certainty of selecting the most likely value is not very high, so other
less probable values could be easily selected. The harmonic approach should be instead used
when the certainty of selecting the most probable value is high and selecting the less probable
values is indifferent for the final result. Finally, the geometric approach becomes useful when
the certainty of selecting the most probable value is very high, and the less certain any other
value is, the less likely is to obtain good results using this weight distribution.

In this approach, we have implemented a weighted random generator for the formation of
new individuals. This weighted random generator is applied in three parts of the encoding:

� Number of UAV Selection (NUS): for Multi-UAV tasks, the selection of the number of
UAVs is performed using a weighted strategy. In the previous hybrid approach, most of
the optimization objectives (except for the makespan) used as fitness function, obtained
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better results when the number of UAVs assigned for these tasks is low. For this reason,
the new weighted random function provides a lower probability for higher numbers of
UAVs.

� Distance-based UAV Selection (DUS): for any task, the selection of the UAV(s) to perform
it, is done through a weighted strategy dependant on the distance from the UAV(s) to the
task. In each mission, there are different vehicles that can perform the same task. Due
to this, the selection of the UAV(s) commanded to perform a specific task could hinge on
the distance of every UAV(s) to the task at hand. UAV(s) closer to the task would spent
less time to arrive to the location where the task must be performed, and therefore obtain
better solutions with less fuel consumption, flight time, etc. So, the closer the UAV is to
the task, the higher the probability of being selected.

� Distance-based GCS Selection (DGS): for any UAV, the selection of the GCS controlling
it, is done through a weighted strategy dependant on the distance from the UAV to the
GCS. The closer the GCS is to the UAV, the higher the probability of being selected.

In order to assume different orders of consistency for the selection of the UAV number,
several strategies have been proposed for the NUS weighted random function:

� Arithmetic: ∀i = 1..U, weight[i] = U−i
U

� Harmonic: ∀i = 1..U, weight[i] = 1
i

� Geometric: ∀i = 1..U, weight[i] = 1
2i

These different strategies are represented in Figure 3.9 for a case with a maximum of 5 UAV.
Here, we can see that with the geometric approach, it is more likely to select just 1 UAV, while
the harmonic and the arithmetic approach have lower probabilities. The constant approach
(uniform random function) gives the same probability to every possible number of UAV to be
used.

On the other hand, the same strategies have been implemented for the DUS weighted random
function. However, in this case instead of the number of UAV, the distance from each one to
the task is used:

� Arithmetic: ∀t ∈ T, ∀u ∈ U, weight[t, u] =
maxj∈U ||Posu(0)−Posj ||F−||Posu(0)−Post||F

maxj∈U ||Posu(0)−Posj ||F

� Harmonic: ∀t ∈ T,∀u ∈ U, weight[t, u] = 1
||Posu(0)−Post||F

� Geometric: ∀t ∈ T,∀u ∈ U, weight[t, u] = 1
2||Posu(0)−Post||F

Finally, in a similar way, these strategies are used with the DGS weighted random function:

� Arithmetic: ∀u ∈ U, ∀g ∈ G, weight[u, g] =
maxj∈G ||Posu(0)−Posj ||F−||Posu(0)−Posg ||F

maxj∈G ||Posu(0)−Posj ||F

� Harmonic: ∀u ∈ U,∀g ∈ G, weight[u, g] = 1
||Posu(0)−Posg ||F

� Geometric: ∀u ∈ U,∀g ∈ G, weight[u, g] = 1
2||Posu(0)−Posg ||F
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3.3.2 The WRNSGA-II Algorithm

The Weighted-Random NSGA-II (WRNSGA-II) is presented in Figure 3.10. It extends the
previous algorithm using a weighted random generation of the initial population and combining
the mutation operator with the weighted random generator in order to produce new individuals
based on the weighted random functions previously explained.
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Figure 3.10: Overview of WRNSGA-II algorithm for mission planning.

The population weighted random initialisation generates a set of λ weighted random individ-
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uals, each one generated using the function presented in Algorithm 2. First, the number of UAV
to be used when tasks are Multi-UAV is selected (Lines 4-8) using the provided NUS strategy.
Then, the concrete UAVs to be used are selected (Lines 10-14) according to the provided DUS
strategy. After that, the permutation orders, path flight profiles and sensors used are selected
randomly as usual. In Lines 20-23, it is shown how the GCS controlling the vehicles are selected
according to the DGS strategy. In this algorithm, the costs computed for strategies are repre-
sented as cNUS, cDUS and cDGS. In both DUS and DGS, the geodesic distance function used
to compute the distances between tasks, vehicles and ground stations is represented as d.

Algorithm 2: WeightedRandomIndividual(M ,NUS,DUS,DGS)

Input: A mission M = (T,U,G) where T is a set of tasks to perform denoted by {t1, . . . , tT}, U
is a set of UAV denoted by {u1, . . . , uU} and G is a set of GCSs denoted by {g1, . . . , gG}.
And weighted strategies for NUS, DUS and DGS

Output: A Weighted random individual
1 ind← ∅
2 for ti ∈ T do
3 numUAV ← 1
4 if isMultiUAV(ti) then
5 cNUS ← [Strategy(j, U, NUS)]Uj=1

6 numUAV ← weightedRandomV alue([1,2,...,U], cNUS)

7 tassign ← ∅
8 while |tassign| < numUAV do
9 cDUS ← [Strategy(d(ti, uj),maxuk∈U d(ti, uk), DUS)]uj∈U

10 tassign ← tassign ∪ weightedRandomV alue(U, cDUS)

11 ind.UAV [ti]← tassign

12 assignPermutationOrders(ind,M)
13 assignFPPaths(ind,M)
14 assignSensors(ind,M)
15 for ui ∈ U do
16 cDGS ← [Strategy(d(ui, gj),maxgk∈G d(ui, gk), DGS)]gj∈G
17 ind.GCS[ui]← weightedRandomV alue(G, cDGS)

18 assignFPReturns(ind,M)
19 return ind

For all these selections, a general strategy function returning the cost for each value has
been designed (Algorithm 3), as well as a weighted random function which returns a weighted
random value according to the costs provided (Algorithm 4).

3.3.3 Experimental Phase

In these experiments, the main goal is to test which of the strategies proposed best fits for
each weighted random functions (NUS, DUS and DGS) used in a particular set of mission
planning problems. The experiments are divided in two parts: first, the different NUS, DUS
and DGS strategies are applied and compared independently, i.e. the different NUS strategies are
compared between them to get the best one, as well as the different DUS and the different DGS
strategies. These strategies are compared against the previous approach, which is represented
as the constant strategy. Then, the best of these strategies for each part are selected and joined



50 Chapter 3. Multi-Objective Evolutionary Approaches for Multi-UAV Mission Planning

Algorithm 3: Strategy(value,max,strategy)

Input: A value to which the concrete strategy must be applied, and the maximum value max
between all possible values.

Output: The concrete cost for the value
1 switch strategy do
2 case Arithmetic do
3 return max−value

max

4 case Harmonic do
5 return 1

value

6 case Geometric do
7 return 1

2value

8 case Constant do
9 return 1

Algorithm 4: weightedRandomValue(values,costs)

Input: Vectors V (integer values considered) and C (double costs for each value) of size d
Output: A weighted random value based on the costs

1 total← sum(C)
2 randomV alue← randomDouble() · total
3 for i← 1 to d do
4 randomV alue← randomV alue− Ci
5 if randomV alue ≤ 0 then
6 return Vi

to obtain the best combination of strategies. This combination is tested and compared against
the previous results.

For this purpose, the missions defined in Section 2.3 are used. The setup parameters of the
WRNSGA-II are as follows: the selection criteria (µ + λ) used was 30 + 300, where λ is the
offspring size, and µ the elitism size, i.e. the number of the best parents that survive from the
current generation to the next one. The mutation probability has been set to 10%, and the
number of generations used in the stopping criteria has been set to 10. Each problem is run 10
times, and the average and standard deviation of the hypervolume of the obtained solutions and
the number of generations needed to converge are extracted for each case.

For the sake of validating the statistical significance of the obtained results, the distributions
of the metric values obtained by the different methods on each dataset have been compared by
means of a nonparametric Kruskal-Wallis test [HWC14]. This test represents the nonparametric
version of the classical one-way ANOVA and is an extension of the Wilcoxon rank sum test to
groups larger than 2. To this end, the test compares the medians of the group, and returns
the P value for the null hypothesis that all samples are drawn from the same population (or
equivalently, from different populations with the same distribution). If the P value is lower than
a predefined α, we can infer that the null hypothesis does not hold, that is, at least one sample
median in the group is significantly different from the others, with (1 − α) level of confidence,
then to determine which sample medians are statistically different,we have applied this multiple
comparison procedure with α = 0.05 (thus, with a 95% level of confidence).
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These experiments have been presented in Publication 2 [RADSC18]. The first experiment
with each individual weighted random function concluded that the best strategy for NUS is
the geometric, and the best for DUS and DGS is the harmonic. In the final experiment, these
best strategies are used all together in the algorithm. The results obtained are shown in Table
3.1, where the average, standard deviation and p-value obtained in the Kruskall-Wallis test (in
comparison with the common NSGA-II approach with no strategies applied) are presented for
both the hypervolume obtained and the number of generations needed to converge.

Table 3.1: Results (average / standard deviation / Kruskall-Wallis p-value) obtained for WRNSGA-
II with the best combination of strategies (geometric NUS, harmonic DUS and harmonic DGS),
compared against the MOEA-CSP approach from Section 3.2.

Id. NSGA-II-CSP WRNSGA-II
Hypervolume No. Generations Hypervolume No. Generations

1 0.80± 1e−6 41± 6 0.80/1e−6/0.76 39/7/0.31

2 0.72± 1e−3 253± 19 0.71/4e−3/0.56 203/12/0.06

3 0.69± 0.01 395± 26 0.69/0.03/0.65 274/21/0.03

4 0.74± 0.02 593± 46 0.74/0.02/0.54 486/24/0.04

5 0.68± 0.04 408± 32 0.68/0.05/0.48 334/29/0.03

6 0.63± 0.04 697± 38 0.63/0.02/0.45 519/37/0.03

7 0.57± 0.08 865± 41 0.56/0.10/0.54 703/41/0.04

8 0.40± 0.10 968± 31 0.48/0.09/0.41 808/34/0.04

9 0.26± 0.12 1000± 1 0.51/0.08/0.36 876/31/0.03

10 0.15± 0.08 1000± 0 0.36/0.09/0.09 916/26/0.04

11 0.05± 0.06 1000± 0 0.28/0.12/0.05 987/9/0.02

12 1e−3 ± 2e−3 1000± 0 0.31/0.07/0.04 998/3/4e−3

13 2e−5 ± 3e−5 1000± 0 0.26/0.03/0.04 1000/1/7e−5

14 0± 0 1000± 0 0.29/0.01/0.04 1000/0/1.0

15 0± 0 1000± 0 0.16/5e−3/0.04 1000/0/1.0

16 0± 0 1000± 0 0.06/5e−3/0.04 1000/0/1.0

These results show a notable improvement in the reduction of the number of generations
needed to converge for complex datasets, which reflect an increased convergence rate. In addi-
tion, some valid solutions were obtained for datasets 14, 15 and 16, where the previous approach
did not reach any solution. As the stopping criteria used for convergence checks that the non-
dominated solutions obtained remain unchangeable for 10 generations, it is common that for
the most complex datasets, with a lot of solutions in the POF, the algorithm did not reach the
complete POF before the 1000 generations limit.

In conclusion, this new approach outperforms the results obtained previously in terms of
increased convergence rate. In addition, when the scenario of the mission is not favourable for
the proposed weighted random approach, we obtain similar results to the previous approach.
Moreover, this approach has resulted very helpful for problems of big complexity where conver-
gence is difficult. The main lack in this approach is the huge number of solutions obtained when
missions are complex, which makes it difficult to select the final solution to be executed by the
operator.
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3.4 Knee Point NSGA-II Approach

In some complex missions, the number of non-dominated solutions obtained could be really big,
and the decision making becomes a hard process for the operator. If the operator gives some
a priori information about the decision making, this could be used in the optimization process.
Nevertheless, most times the operator does not provide this information, and it is necessary to
consider other approaches for filtering the number of solutions.

In order to find favourable solutions without a priori knowledge, the concept of finding ”knee
points” [DZJ03, BDDO04] can be used. When distinct knee points are present in the Pareto
front, most decision makers would prefer solutions near these points. This is because a small
improvement of any objective from the knee point leads to a large deterioration of at least in
one of the other objectives. An example of a Pareto front with several knee points is shown in
Figure 3.11.

f2

f1

A

B
C D E

F G

H

I

Knee Points
Non-knee Points

Figure 3.11: An illustration for determining knee points for a bi-objective minimization problem.
In this example, B, D and E provide little information respect to C; and G provides little information
respect to F.

Following this concept, a new algorithm based on knee points has been developed to look
for the knee point solutions in the POF [RAMC17]. In this new algorithm, the concept of
domination is changed to cone-domination, where a bigger portion or cone region is considered
when generating the solution frontier. For this, a weighted function of the objectives is defined
as follows:
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(b) Cone Dominated Region.

Figure 3.12: Regions dominated and cone-dominated by solution A in a 2-objectives problem

Ωi(f(x)) = fi(x) +
m∑

j=1,j 6=i
aijfj(x), i = 1, 2, ...,m (3.9)

where aij is the amount of gain in the j-th objective function for a loss of one unit in the
i-th objective function. The above set of equations require fixing the matrix a, which has a 1
value in its diagonal elements.

Definition 3.4.1. A solution x is said to cone-dominate a solution y, denoted by x ≺c y, if:

∀i ∈ {1, 2, ...,m} Ωi(f(x)) ≤ Ωi(f(y))

∃j ∈ {1, 2, ...,m} Ωj(f(x)) < Ωj(f(y)) (3.10)

Figure 3.12b shows the contour lines corresponding to the cone-domination with two objec-
tives. All solutions in the hatched region are dominated by A according to the above definition
of domination. It is interesting to note that when using the usual definition of domination (see
Figure 3.12a), the region marked by a horizontal and a vertical line will be dominated by A.
Thus, it is clear from these figures that the modified definition of domination allows a larger
region to become dominated by any solution than the usual definition. Since a larger region is
now dominated, the complete Pareto optimal front (as per the original domination definition)
may not be non-dominated according to the new definition.

If the problem has N optimization variables, it is clear that a hypercone region will be

generated, where the number of faces (and therefore, angles) defining it are

(
N
2

)
, i.e. the number

of pair-combinations of the N objective functions. Here, the cone domination is expressed as:
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Ω =


1 a12 . . . a1n

a21 1 . . . a2n
...

...
. . .

...

an1 an2 . . . 1

 f (3.11)

where each value aij with i 6= j, i, j ∈ {1, 2, ..., N} is related with and angle φij so tanφij =
aij . Besides, the angle φij of the face fi-fj of the hypercone region, is related with this angle so
φij = 90 + φij + φji.

Supposing that the values of the objectives are normalized, to make the cone dominated
region symmetric for every objective, so the angles of every face of the hypercone region are the
same (e.g. φ), then all the values aij of matrix a must be set to:

aij = tan
φ− 90

2
, ∀i, j ∈ {1, 2, ..., N}, i 6= j (3.12)

Taking this into account, and using the previous WRNSGA-II approach, we change the
Pareto-domination function used by NSGA-II with the Cone-domination function explained
with an specific angle φ, which will be passed as a parameter of the algorithm.

3.4.1 The KPNSGA-II Algorithm

The Knee-Point based NSGA-II (KPNSGA-II) is presented in Algorithm 5 [RAMC17]. In this
new approach, the maximum and minimum values for each objective is initialized to a vector q
of zeros (line 5) and to the vector M of maximum objective values (Line 6), respectively. These
values are updated with each evaluation of the solutions generated (Lines 12-13), and their aim
is to be used in the normalization of the objective values.

Based on the NSGA-II approach, the new population is created using the modified Buil-
dArchive function (Line 18). This new function creates an array of vectors containing the
solutions grouped by their level of non-conedominance. In order to create the array of ranked
fronts, a front function is used to generate the Pareto front from a population. Nevertheless,
it has been changed, so instead of the non-dominated solutions, the function will consider the
non-cone-dominated solutions. This new approach of cone domination is shown in Algorithm
6. This function requires a θ value indicating the angle of the cone-domination. First, the
objective vectors are normalized with the maximum and minimum values. Then, the cone-
domination function is computed using the Equations 3.9 and 3.12 for each objective; and the
function checks if the second solution is cone-dominated by the first.

Once the array of vectors containing the ranked solutions is created, similarly to NSGA-II,
a sparsity value based on the crowding distance is given to each solution at every vector.

Then, in order to evaluate the solutions obtained with a specific cone angle, and considering
that the best outcome of the algorithm should be a small set of solutions maintaining as large
as possible value for the Hypervolume (HV), the hypervolume-distribution (HDist) metric has
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Algorithm 5: Knee-Point based NSGA-II.

Input: A problem P . The set of m-objectives O and their upper bounds
M = {Mi >> avg(oi)}. And positive numbers: elitism µ, population size λ,
mutprobability, stopping criteria limit stopGen and maximum number of generations

maxGen. φ =
√
5+1
2 is the golden ratio.

Output: Knee-Point Frontier obtained
1 S ← randomly generated set of λ individuals
2 i← 1
3 convergence← 0
4 kpof ← ∅
5 maxP ← [0, ..., 0]q

6 minP ←M
7 θ, θA, θC ← 90
8 θB , θD ← 180
9 while i ≤ maxGen ∧ convergence < stopGen do

10 for j ← 1 to |S| do
11 f.objectives←MultiObjectiveF itness(Sj , O)
12 maxP ← maxPerElem(maxP, f.objectives)
13 minP ← minPerElem(minP, f.objectives)
14 Sj .fit← f

15 S ← buildArchive(S, λ, θ,maxP,minP )
16 newkpof ← kneeFront(S, θ,maxP,minP )
17 if newkpof = pof then
18 convergence← convergence+ 1

19 goldenSection(newkpof, θ, θA, θB , θC , θD)
20 kpof ← newkpof
21 newS ← SelectElites(S, µ)
22 for j ← µ to λ do
23 p1, p2← TournamentSelection(S)
24 i1, i2← Crossover(p1, p2)
25 i1←Mutation(i1,mutprobability)
26 i2←Mutation(i2,mutprobability)
27 newS ← newS ∪ {i1, i2}
28 S ← S ∪ newS
29 return kpof

been defined. This metric requires the POF, P , to normalize the number of solutions and
hypervolume of the set S ⊂ P of non-dominated solutions to be evaluated.

HDist(S, P ) =
](P )− ](S)

](P )
× HV (S)

HV (P )
(3.13)

Now, in order to self-adapt the cone angle according to the HDist metric, the Golden
Section Search has been used (Line 19). This technique is used to find the maximum of the
HDist metric iteratively as the main algorithm evolves. It is described in Algorithm 7. This
technique is similar to the bisection search for the root of an equation. Specifically, if in the
neighbourhood of the maximum we can find three points xA < xC < xB corresponding to
f(xA) > f(xC) < f(xB), then there exists a maximum between the two points xA and xB. To
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Algorithm 6: ConeDom(A,B, θ,maxP,minP )

Input: Solutions A and B to check for cone-domination. The angle θ (in degrees) for every face
of the cone. Vectors maxP and minP containing the actual maximum and minimum
values for all m objectives.

Output: TRUE if A dominates B, FALSE otherwise.
1 x← A.fit.objectives−minP

maxP−minP
2 y← B.fit.objectives−minP

maxP−minP
3 dominates← FALSE
4 for i← 1 to m do
5 cone1← x[i]
6 cone2← y[i]
7 for j ← 1 to m do
8 cone1← cone1 + tan( θ−902 ) · x[j]

9 cone2← cone2 + tan( θ−902 ) · y[j]

10 if cone1 < cone2 then
11 dominates← TRUE

12 else
13 return FALSE

14 return dominates

search for this maximum, we can choose another point xD between xC and xB as shown in the
figure 3.13. Then, depending on the value of f(XD), the new triplet may become xA < xC < xD
if f(XD) = fD2 < f(XC), or xC < xD < xB if f(XD) = fD1 > f(XC). And so, the process is
repeated iteratively until an error tolerance is reached.

Figure 3.13: Diagram of the Golden Section Search.

Following Algorithm 5, the golden section search starts working once the front has a large
number of solutions or the hypervolume does not show a considerable increase with respect to
previous generations. Then, the θC cone angle value is tested in the following generation, and
then the θD in the next one. After testing both, they are compared as previously described, the
triplet is updated and the process continues until the stopping criteria is met.
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Algorithm 7: goldenSection(S, θ, θA, θB, θC , θD)

Input: Vector S containing the actual knee front. Angle θ being used. Angles used in the
golden section search θA, θB , θC and θD.

1 hyp← HV (newkpof)
2 minHyp← min(hyp,minHyp)
3 maxHyp← max(hyp,maxHyp)
4 minPOF ← min(|newkpof |,minPOF )
5 maxPOF ← max(|newkpof |,maxPOF )
6 if θ = 90 then
7 if |newkpof | > µ ∨ HV (newkpof)−HV (kpof) < 10−5 then

8 θC ← θB − θB−θA
φ

9 θD ← θA + θB−θA
φ

10 θ ← θC
11 testC ← true

12 else
13 if testC then

14 HDistC ← hyp−minHyp
maxHyp−minHyp ×

maxPOF−|newkpof |
maxPOF−minPOF

15 θ ← θD
16 testC ← false

17 else

18 HDistD ← hyp−minHyp
maxHyp−minHyp ×

maxPOF−|newkpof |
maxPOF−minPOF

19 if HDistC > HDistD then
20 θB ← θD

21 else
22 θA ← θC

23 θC ← θB − θB−θA
φ

24 θD ← θA + θB−θA
φ

25 θ ← θC
26 testC ← true

3.4.2 Experimental phase

In these experiments, we tested the newly implemented KPNSGA-II with 12 different scenarios
from Section 2.3. In order to test the self-adaptation of the algorithm for the cone angle, the
missions were also solved using the previous NSGA-II approach and a cone-angle-dependant
implementation of KPNSGA-II where the angle is fixed, using 120, 135 and 150 degrees angles
(which we called KPNSGA-II-120, KPNSGA-II-135 and KPNSGA-II-150, respectively).

Each experiment has been executed 30 times, and the mean and standard deviation are
presented for all the tables. On the other hand, the population of the algorithm has been set to
200, the maximum number of generations to 300, the stopping criteria to 10 and the mutation
probability to 5%.

To compare the results obtained, we computed the hypervolume with the normalized ob-
jectives for each solution set, taking as reference point the maximum point (1, 1, 1, ...). These
results are shown in Table 3.2. On the other hand, Table 3.3 shows the number of solutions
obtained for each approach.
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Table 3.2: Mean and standard deviation of the hypervolume obtained from the solutions given the
different approaches for the different mission problems.

Id. NSGA-II KPNSGA-II-120 KPNSGA-II-135 KPNSGA-II-150 KPNSGA-II

1 0.826± 0.003 0.79± 0 0.783± 0.002 0.782± 0 0.785± 0.003
2 0.861± 0.002 0.72± 0.036 0.699± 0.019 0.693± 0 0.728± 0.045
3 0.892± 0.001 0.79± 0 0.78± 0.025 0.78± 0.025 0.793± 0.031
4 0.952± 0.003 0.889± 0.063 0.887± 0.031 0.886± 0.029 0.935± 0.02
5 0.839± 0.004 0.741± 0.062 0.636± 0.11 0.605± 0.091 0.688± 0.085
6 0.107± 0.008 0.095± 0.002 0.092± 0.004 0.088± 0.004 0.089± 0.006
7 0.227± 0.012 0.209± 0.006 0.203± 0.012 0.195± 0.018 0.201± 0.014
8 0.161± 0.015 0.14± 0.005 0.136± 0.004 0.132± 0.006 0.138± 0.004
9 0.122± 0.013 0.095± 0.008 0.091± 0.007 0.087± 0.007 0.091± 0.003

10 0.147± 0.017 0.123± 0.017 0.104± 0.015 0.107± 0.013 0.114± 0.017
11 0.161± 0.020 0.138± 0.011 0.124± 0.008 0.117± 0.01 0.134± 0.014
12 0.151± 0.022 0.132± 0.011 0.118± 0.016 0.11± 0.016 0.123± 0.008

Table 3.3: Mean and standard deviation of the number of solutions obtained from the different
approaches for the different mission problems.

Id. NSGA-II KPNSGA-II-120 KPNSGA-II-135 KPNSGA-II-150 KPNSGA-II

1 89.316± 5.457 2± 0 1.048± 0.218 1± 0 1.3± 0.47
2 432.125± 10.506 1.438± 0.512 1.133± 0.352 1.062± 0.25 2.706± 2.519
3 517.529± 29.923 1± 0 1± 0 1± 0 1.364± 0.953
4 322.611± 42.695 2.7± 0.923 1.55± 0.51 1.5± 0.513 1.056± 0.236
5 342.238± 55.425 3.3± 1.559 1.95± 0.999 1.5± 0.827 2.647± 1.656
6 792.213± 83.122 4.042± 0.806 2.24± 0.723 1.6± 0.764 2.429± 2.924
7 1191.246± 116.743 4.083± 1.792 2.84± 1.214 2.08± 0.759 3.667± 3.937
8 692.976± 78.846 3.875± 3.893 1.8± 1.19 1.24± 0.523 2.071± 1.269
9 822.935± 115.236 7.583± 3.599 3.72± 2.821 1.8± 1.155 4.75± 1.5

10 579.246± 98.829 11.75± 7.714 3.84± 3.037 3.12± 1.81 4.5± 4.95
11 967.647± 126.792 17.833± 13.659 8.4± 5.795 3.8± 1.555 8.75± 9.069
12 484.524± 76.598 6.333± 3.841 3.52± 2.452 1.84± 1.214 1.357± 0.497

In these results, it is appreciable how the hypervolume decreases with bigger angles, as well
as the number of solutions. On the other hand, it is appreciable how NSGA-II gets worse
results as the complexity of the problem grows (the difference of hypervolume with respect to
KPNSGA-II decreases), due to the big number of solutions composing the POF.

In order to measure these hypervolume and number of solutions together, the HDist metric
is used. The values of this metric for each result are presented in Table 3.4. With this, we can
clearly appreciate that KPNSGA-II gets the best results for this metric in simple problems, as
it has been optimized during the evolutionary process.

The results also show that the HDist metric presents a bigger standard deviation in KPNSGA-
II than in the rest of approaches. This can be better seen in the HDist graphic in Figure 3.14.
This is specially appreciable in the most complex problems, and it is due to the early start of
the golden section search algorithm due to the condition of the high number of solutions (see
Algorithm 7, Line 7). Erasing this condition, will outperform the convergence of the approach,
but at the expense of increasing the number of generations needed to converge and, consequently,
the runtime of the algorithm.

Table 3.5 shows the number of generations needed to converge for the different missions and
algorithms. Here, it is shown that the runtime of the algorithm is also reduced with KPNSGA-
II compared to NSGA-II, which in most cases was not even able to converge in the maximum
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Table 3.4: Mean and standard deviation of the HDist metric obtained from the solutions of the
different approaches for the different mission problems.

Id. NSGA-II KPNSGA-II-120 KPNSGA-II-135 KPNSGA-II-150 KPNSGA-II

1 0.046± 0.059 0.631± 0 0.587± 0.01 0.585± 0 0.599± 0.022
2 0.02± 0.024 0.16± 0.213 0.035± 0.113 0± 0 0.207± 0.261
3 0.095± 0.052 0.397± 0 0.337± 0.145 0.337± 0.145 0.413± 0.181
4 0.201± 0.103 0.777± 0.205 0.773± 0.098 0.771± 0.094 0.93± 0.065
5 0.194± 0.126 0.702± 0.161 0.428± 0.288 0.346± 0.241 0.564± 0.223
6 0.102± 0.098 0.801± 0.035 0.737± 0.067 0.678± 0.076 0.692± 0.095
7 0.088± 0.106 0.807± 0.064 0.735± 0.135 0.653± 0.197 0.711± 0.156
8 0.064± 0.056 0.534± 0.115 0.447± 0.092 0.355± 0.137 0.492± 0.085
9 0.078± 0.043 0.387± 0.146 0.299± 0.134 0.233± 0.135 0.31± 0.053

10 0.054± 0.026 0.701± 0.183 0.499± 0.17 0.535± 0.156 0.607± 0.198
11 0.021± 0.013 0.714± 0.131 0.552± 0.101 0.469± 0.118 0.668± 0.17
12 0.009± 0.012 0.818± 0.1 0.692± 0.15 0.617± 0.144 0.736± 0.069
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Figure 3.14: Comparison of hypervolume, number of solutions obtained, HDist metric and number
of generations needed to converge for the different approaches in each problem.

number of generations fixed. On the other hand, the runtime of KPNSGA-II is bigger than
the approaches where the angle is fixed. Concretely, the higher the cone angle, the faster the
algorithm.

In order to observe how KPNSGA-II evolves, Figure 3.15 shows the evolution of Cone Angle,
Hypervolume, Number of solutions obtained and HDist Metric by generation in Mission 4, and
compares them with the fix angle approaches. Here, it is appreciable how the cone angle critically
varies when the golden section search starts but rapidly converge to the optimum value. In the
HDist graphic, it is shown how KPNSGA-II starts with worse HDist than the other approaches
as it has not determined its cone angle yet, but once it does, it gets the better result.
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Table 3.5: Mean and standard deviation of the number of generations needed to converge in the
different approaches for the different mission problems.

Id. NSGA-II KPNSGA-II-120 KPNSGA-II-135 KPNSGA-II-150 KPNSGA-II

1 64.789± 14.273 16.048± 1.244 15.762± 1.091 15.571± 1.207 21.75± 13.78
2 271.875± 49.295 25.688± 3.737 23.267± 2.712 24.188± 2.664 29.941± 10.802
3 298.124± 2.54 24.25± 6.008 23.9± 2.936 23± 2.974 27.909± 8.717
4 300± 0 33.75± 5.466 29.15± 4.38 30.6± 3.47 28.722± 4.812
5 300± 0 53± 18.061 44.1± 12.732 44.8± 10.665 48.176± 8.465
6 300± 0 68.917± 19.64 55.4± 13.292 49.12± 10.035 60.286± 29.508
7 300± 0 67.5± 14.347 58.6± 9.341 52.84± 7.867 54.111± 9.752
8 300± 0 83.125± 53.161 57.84± 13.243 61.88± 17.302 65.071± 16.074
9 300± 0 94.167± 21.908 74.96± 17.155 66± 13.279 84.5± 13.077

10 300± 0 169.958± 63.995 106.12± 29.914 100.44± 21.389 93.5± 27.577
11 300± 0 160.792± 65.543 134.48± 59.178 101.2± 20.114 110.5± 36.189
12 300± 0 146.917± 63.827 99.32± 27.436 97.12± 28.642 92.714± 15.339
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Figure 3.15: Evolution of metrics by generation for mission 4.

−3

−2

−1

0

1

2

3

makespan cost risk numuavs fuel flighttimedistance
Variable

z−
sc

or
e

Algorithm
KPNSGA−II
KPNSGA−II−120
KPNSGA−II−135
KPNSGA−II−150
NSGA−II

(a) Parallel plot.

makespan

cost

risk

numuavs

fuel

flighttime

distance

Algorithm
KPNSGA−II
KPNSGA−II−120
KPNSGA−II−135
KPNSGA−II−150
NSGA−II

(b) Radial plot.

Figure 3.16: Visualization of solutions for mission 4.

On the other hand, Figure 3.16 shows the parallel and radial plot of the solutions obtained
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by each approach. Here, it can be seen how the solutions obtained by KPNSGA-II are spread
with all the optimization variables, proving that the solutions obtained are a significant sample
of the solutions of the POF.

3.5 Replanning Approach

In this section, an extension of the previous algorithm has been performed in order to tackle
the MRP [RABORMC16]. In this case, the future position of the UAVs and the status of the
mission in general after a specific maximum time maxTime is considered. This is the time
required to finish the execution of the replanning algorithm.

Due to the complexity of the problem, a partial repair of the mission plan may not be the
optimal option in many cases of mission replanning. For example, a new task may appear next
to a UAV that is assigned many other tasks, and so this task could not be assigned to this UAV
due to fuel constraints or time constraints unless this UAV is deallocated some of its previously
assigned tasks. For this reason, a complete regeneration method is employed.

Figure 3.17 shows a diagram of the new algorithm for mission replanning. This algorithm
receives a new problem considering the new tasks that have not been performed yet and the
new position of the vehicles, the previous plan that has been executed by the operator, and the
time limit maxTime, among other parameters.

The initializer of the population used in this approach receives the previous plan, which
consists of an individual with the same encoding explained, but with some empty assignments.
The initializer will clone this individual as many times as the size of the population. Then, for
each individual, the empty genes are assigned random values. In the case of the permutation,
the new tasks are inserted in a random position of the permutation.

3.5.1 Experimental phase

In order to test this approach, Mission 2 from section 2.3 has been considered. Using one
of the plans obtained in the previous planning approach, 5 replanning problems are proposed
considering for each problem a higher number of new tasks to be replanned, from 1 to 5. These
new tasks, which will consist of Photographing targets, are spread along the mission scenario.

For each one of these problems, the new algorithm is used to find an approximated set
of solutions within a time limit of 2 minutes1. In order to compare the results obtained, the
algorithm is used a second time with no time limit. Then, the hypervolume between these two
set of solutions is computed, i.e. the solutions obtained in the unlimited approach are used as
reference points for the calculation of the hypervolume of the solutions in the limited approach.

On the other hand, the setup of the algorithm is presented in Table 3.6. The size of the
initial population will be based on the number of new tasks added to the mission (nnew), the
number of UAVs (m) and the number of GCSs (l).

1This time restriction of 2 minutes was suggested by several experts from Airbus Defence & Space.
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Figure 3.17: Multi-Objective Evolutionary Algorithm for Mission Replanning.

Now, the algorithm is run with the two approaches, with the time limit of 2 minutes and with
the unlimited time approach. With the solutions obtained from each approach, we compute the
hypervolume difference comprised between these two sets of solutions. When the hypervolume
difference is 0, it means the solutions are equal, so the 2 minutes approach obtains the optimal
solutions despite the time limit. Otherwise, if the hypervolume difference is positive, it means
some optimal solutions have not been found in the 2 minutes approach. Table 3.7 presents
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Table 3.6: Experimental setup for the Replanning Approach.

Mutation probability 0.1

Time Limit 2 min

Population size (λ) n2new ∗m+m2 ∗ l
Elitism size (µ) 0.1*λ

Stopping criteria generations 10

the results obtained for these experiments, including the hypervolume difference, the number of
generations needed by each approach and the execution time needed by the unlimited approach.
The experiments have been run in an Intel Core i5-6200 2,3 GHz with 8 cores and 16GB DDR3
RAM.

Table 3.7: Results obtained using the MOEA-CSP algorithm for MRP, adding 1-5 new tasks to
the plan from Mission 2.

New tasks
Hypervolume

Diff.
No. Generations
2-min approach

No. Generations
Unlimited
approach

Time Unlimited
approach

1 0 15 16 0min 54s

2 0 43 43 1min 45s

3 0 52 67 3min 24s

4 1.58 43 64 5min 44s

5 6.43 32 79 8min 12s

As can be observed in the table, for 1 and 2 new tasks, the algorithm converges in less than
2 minutes, so the results obtained by the two approaches are the same. For 3 new tasks, it can
be seen that the algorithm does not converge in 2 minutes, but the results obtained in this time
are not outperformed when the algorithm converges. On the other hand, it can be appreciated
that for 4 and 5 tasks, better solutions have been obtained in the unlimited approach. So it can
be concluded that the new approach is appropriated with a time limit of 2 minutes for 3 or less
new tasks.
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Chapter 4

Decision Support System for Plan
Selection

“Imagination is the discovering faculty, pre-eminently.
It is that which penetrates into the unseen worlds around us,

the worlds of Science.”

- Ada Lovelace

Decision Support Systems (DSSs) [SWC+02, Fül05] are information systems used in decision
making and problem solving. Research on DSS is focused on the efficiency of user decision
making and how to increase the effectiveness of that decision. In DSSs based on optimization,
the decision making process is divided into these three stages: problem formulation, which will
generate a model in an appropriate language for the resolver; the model resolution using several
algorithms, which have been traditionally Operational Research (OR), although nowadays any
kind of optimization algorithms are used; and finally the analysis and interpretation of the
solution, or set of solutions, for the model.

One of the most common fields in DSS is Multi-Criteria Decision Making (MCDM) [Tri00],
where multiple criteria must be met. In this context, there exist several methods for MCDM
resolution, such as the Analytic Hierarchic Process (AHP) [BR04], Goal Programming [Lee72]
or Evolutionary Multi-Objective Optimization (EMO) [AJG08]. One of the most common cases
in this kind of problems is when we have a set of possible solutions given by an algorithm, and
it is necessary to rank these solutions according to several criteria [TS01].

In this chapter, a DSS for mission planning is presented [RARFC18]. In this context, the
decision making process consists of selecting the best plan for the mission among the plans
returned by the mission planner. To do that, the DSS consist of two modules: ranking and
filtering.

The ranking module sorts the plans returned by the algorithm so the first one should be the
best according to the criteria considered, but the rest are also returned to the user so he/she can
take the final decision. The filtering module, on the other hand, reduces the number of solutions
returned by omitting similar solutions.

65
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4.1 Ranking

Once the set of plans is obtained, it is necessary to rank them before they are presented to
the operator in order to ease the selection process, assuring that most times the final solution
selected by the operator is the first in this ranking. In order to do that, several criteria are
considered:

1. The makespan, i.e. the end time of the mission. We have computed it as the maximum
of the return times of the UAVs, which must be minimized.

2. The total cost of the mission, an objective that must always be minimized. To compute
it, it is necessary to sum the cost of each UAV usage, which is computed as the flight time
of each UAV multiplied by the cost per hour of the UAV.

3. The total fuel consumed, i.e the sum of the fuel consumed by each UAV at performing
the tasks of the mission. This is the main objective in most UAV mission planning problems
that we need to minimize.

4. The total distance traversed, i.e the sum of the distances traversed by each UAV
at performing the tasks of the mission. In most UAV mission planning problems, this
objective is minimized.

5. The total flight time, i.e. the sum of the flight time of each UAV at performing the
tasks of the mission. We have computed it as the sum of the flight times of all the UAVs,
which must be minimized.

6. The risk factor for the maximum Percentage of Fuel Usage per UAV. It is
computed as the maximum of the fuel consumed divided by the initial fuel for all UAVs,
which must be minimized.

7. The risk factor for the minimum distance to the ground, i.e. the minimum of the
minimum distances to the ground of each UAV at performing the tasks of the mission.
A percentage indicating the risk is computed with a given risk value, which indicates the
maximum risky altitude to the ground. This objective is usually minimized.

8. The risk factor for the minimum between UAVs, i.e. the minimum of the minimum
distances between each pair of UAVs at performing the mission. A percentage indicating
the risk is computed with a given risk value, which indicates the maximum risky distance
between UAVs. This objective is usually minimized.

9. The risk factor for the time when UAV leave GCSs coverage zones. It is computed
as the maximum sum of durations in which a UAV is not covered by the GCS, and using
a given risk value, a percentage is obtained a in the previous risk factors. This variable
must be minimized.

10. The number of UAVs used in the mission. A mission performed with a lower number
of vehicles is usually better because the remaining vehicles can perform other missions at
the same time. Therefore, this objective must be minimized.



4.1. Ranking 67

11. The number of GCSs used in the mission. When we have a Multi-GCS mission, using
a lower number of GCSs is usually better in order to use as less resources as possible.
Therefore, this objective must be minimized.

There exists several MCDM algorithms that have been developed for this purpose. In this
dissertation, we have considered the following:

� Weighted Sum Model (WSM) [Tri00]. This approach consists of an utility function
with weight values wf (in the interval [0, 1]) for each criteria or factor f , according to their
importance. Given the values vf (s) for each factor in a solution s, the utility function for
WSM can be expressed as a weighted sum:

rankvalue(s) =
∑
f∈F

wf × vf (s)

maxs′∈S vf (s′)
(4.1)

� Weighted Product Model (WPM) [Tof14]. This method is similar to WSM, but
instead of addition, each decision alternative is compared with the others by multiplying
a number of ratios, one for each decision criterion. Each ratio is raised to the power
equivalent to the relative weight of the corresponding criterion. In order to compare two
solutions si and sj , whose criteria values are vf (si) and vf (sj), then the following product
is considered:

P (si/sj) =
∏
f∈F

(
vf (si)

vf (sj)
)wf (4.2)

where the ratio P (si/sj) indicates which alternative is better.

� AHP [Saa01]. This method allows individuals or groups to make complex decisions.
The core concept of AHP is that alternatives are always compared pairwise, instead of
sorting (ranking), voting (e.g. assigning points) or the free assignment of priorities. The
procedure of AHP firstly decomposes the decision problem into a hierarchy of more easily
comprehended sub-problems, and then analyse each of them independently, comparing
each pair of elements of the hierarchy. These evaluations are converted to numerical
values, providing a numerical weight or priority for each element of the hierarchy, and
based on these, numerical priorities are calculated for each of the decision alternatives.

� VIKOR [OT04]. This method solves decision problems with conflicting and noncom-
mensurable (different units) criteria. Assuming that compromise is acceptable for conflict
resolution, the decision maker looks for a solution that is the closest to the ideal, and the
alternatives are evaluated according to all established criteria. VIKOR ranks alternatives
and determines the solution named compromise that is the closest to the ideal.

� Technique for the Order of Prioritisation by Similarity to Ideal Solution (TOP-
SIS) [GCL12]. It is a method of compensatory aggregation that compares a set of al-
ternatives by identifying weights for each criterion, normalising scores for each criterion
and calculating the geometric distance between each alternative and the ideal alternative,
which is the best score in each criterion. An assumption of TOPSIS is that the crite-
ria are monotonically increasing or decreasing. The normalisation can be performed using
different procedures, such as vectorial normalisation or linear transformation of maximum.
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� ELECTRE [Roy91]. It is an outranking method that compares all feasible alternatives
by pair building up some binary relations, crisp or fuzzy, and then exploit in appropri-
ate way these relations in order to obtain final recommendations. The original method
evolved into ELECTRE I (electre one) and the evolutions have continued with ELECTRE
II, ELECTRE III, ELECTRE IV, ELECTRE IS and ELECTRE TRI (electre tree), to
mention a few. These methods construct one or several outranking relations, which aims
at comparing in a comprehensive way each pair of actions, and then an exploitation proce-
dure elaborates on the recommendations obtained. Criteria in ELECTRE methods have
two distinct sets of parameters: the importance coefficients and the veto thresholds.

� Multiplicative Multi-Objetive Optimization by Ration Analysis (MOORA) [BZ10].
This method starts with a decision matrix showing the performance of different alterna-
tives with respect to various attributes (objectives). Then a ratio system is developed in
which each performance of an alternative on an attribute is compared to a denominator
which is a representative for all the alternatives concerning that attribute.

� Reference Ideal Method (RIM) [CLV16]. This method evolves a value or set of values
(the reference ideal), that is always maintained between a maximum value and a minimum
value. This method is characterized to be independent of the type of data, and does not
present rank reversal, an aspect that is not present in other MCDM.

� Weighted Aggregated Sum Product ASsessment (WASPAS) [ZTAZ12]. It is an
aggregation method that applies a joint criterion based on WSM and WPM, supposing
the increase of ranking accuracy and, respectively, the effectiveness of decision making.

On the other hand, the weights of the criteria needed in the algorithms are expressed accord-
ing to their importance for the operator. This leads to the definition of operator profiles, where
each criterion is ranked in five degrees of importance using linguistic terms: Very low (1), Low
(2), Medium (3), High (4) and Very high (5). This linguistic scale is converted into numeric
weights to be used in the different MCDM methods presented above, except for AHP, where
a pairwise comparison matrix is created based on the different scales for each criterion on the
operator profile.

In addition, as these linguistic terms define a fuzzy degree of importance, they could be
expressed as fuzzy numbers, and the fuzzy version of the MCDM methods could be employed.
Designing ranking for each option is difficult for a decision maker under operational conditions,
but fuzzy methods enable a decision maker to use fuzzy numbers in place of accurate ones. In
this dissertation, Triangular Fuzzy Numbers (TFNs)[Bor14] are employed, which are useful to
handle imprecise numerical quantities. A TFN can be defined as a triplet (a1, a2, a3), where a2 is
the value of maximum membership to the fuzzy set and a1 and a3 are the limits of membership
to the fuzzy set.

In order to convert the linguistic terms to TFNs, a conversion scale is used (see Figure 4.1),
where both the performance score and membership function are in the range [0, 1]. Since in the
membership function provided in Table 4.1, the distance between numbers is too big and the
logical values obtained from the table are critical for the decision maker, it can be said that it
is a beginning for all calculations. The fuzzy MCDM methods that have been employed in this
dissertation are Fuzzy AHP [KPT17], Fuzzy VIKOR [Opr11], Fuzzy TOPSIS [Che00], Fuzzy
Multiplicative MOORA [BB13] and Fuzzy WASPAS [TZAK15].
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Figure 4.1: Linguistic scales and fuzzy weights numbers adopted.

Table 4.1: Transformation of linguistic scales for fuzzy membership functions.

Linguistic scale (Rank) TFN Membership function

Very low (0.00, 0.10, 0.25)
Low (0.15, 0.30, 0.45)
Medium (0.35, 0.5, 0.65)
High (0.55, 0.70, 0.85)
Very high (0.75, 0.90, 1.00)

4.1.1 Experimental phase

In order to evaluate the proposed algorithms for ranking of solutions, the plans obtained in
Section 3.4 are used. Then, six UAV operators were asked to assign their importance degree on
each optimization criterion (very low, low, medium, high, very high). Using these evaluations,
six operator profiles were defined and used as weights on the algorithms. These profiles are
shown in Table 4.2. For fuzzy approaches, the transformation to TFNs defined in Table 4.1 is
used.

Table 4.2: Operator Profiles used in this experiment.

Balanced Cost Time Risk Resources RiskCost

Cost Medium Very High Medium Low High Very High
Distance Medium Medium Medium Low Medium Medium
Flight Time Medium Low High Medium Low Low
Fuel Medium High Medium Medium High High
Makespan Medium Low Very High Medium Low Low
Num GCSs Medium Medium Medium High Very High Medium
Num UAVs Medium High Medium High Very High High
Risk Distance Ground Medium Medium Low Very High Medium Very High
Risk Distance UAVs Medium Medium Low Very High Medium Very High
Risk Fuel Usage Medium Medium Low Very High Medium Very High
Risk Out of Coverage Medium Low Low Very High Medium Very High

In order to perform an external evaluation of the quality of a ranking, and to compare
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different ranking algorithms objectively, we have created a “ground truth” dataset based on
collective human judgement. In this dissertation, the evaluation (or ground truth) data is
created by asking expert UAV operators to decide, given a set of unranked mission plans of the
same scenario, which of them is the best, i.e., which of them they would choose to be executed
in a real environment. These operators are the same that created the operator profiles of Table
4.2, and so each evaluation is related with the corresponding profile.

With the evaluation dataset created, we can give a score to the ranks created by the MCDM
algorithm in the context of this work. Let a be a ranking algorithm, m a mission scenario and
op an operator profile, then L(a,m, op) denotes the ordered list of solutions (plans) returned by
the algorithm in that context. Having an ordered list L, r(L, p) denotes the rank position of
plan p in the list L, where 1 means “best”. On the other hand, let op be an operator profile, we
refer to S(op,m) as the selection of best plan made by the profile op in the context of mission
m. This selection is retrieved from the evaluation dataset. With this, we can define the score
of an algorithm for a given operator profile and a given mission as follows:

Score(a, op,m) =
num solutions(m)− r(L(a,m, op), S(op,m))

num solutions(m)− 1
, (4.3)

As it can be seen, the value of the score is bounded on [0, 1], where 1 represents the best
possible matching (the selected plan is the first listed by the algorithm) and 0 the worst. The
experiments have been performed in three steps:

1. Each algorithm has been executed for every mission with the different operator profiles as
weights of the optimization criteria.

2. The operators have selected the best plan using an evaluation app.

3. The score metric is applied to every triplet 〈mission, profile, algorithm〉 obtained after
finishing the previous steps.

In order to give a global score for an algorithm, we take the average value of Equation
4.3 over every mission scenario available in the evaluation dataset and every operator profile.
The comparative for all the algorithms can be seen in Figure 4.2. In this Figure, the standard
deviation of the results obtained is also represented. Two versions of TOPSIS based on differ-
ent normalisation procedures were used in this experiment, one using the vector normalisation
(TOPSISVector) and the other using the linear transformation of maximum (TOPSISLinear).

It is clearly appreciable that VIKOR and Fuzzy VIKOR obtained the best results, being the
second one a little bit better. VIKOR method provides a compromise solution that maximizes
the best values for every criteria at the same time that minimizes the worst values. This approach
proves to be the most suitable to apply in the context of this dissertation. In general, it can be
seen that the fuzzy methods obtained similar results to their non-fuzzy versions.

In order to check the statistical significance of these results, the Wilcoxon signed-rank test
was used, comparing Fuzzy VIKOR with the rest of algorithms. The p-value obtained was
less than 0.05 for most algorithms, except for VIKOR, with a result of 0.82, proving that they
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Figure 4.2: Average scores and standard deviation of the different MCDM algorithms applied to
the plan selection for MPP with the solutions obtained from the experimental evaluation carried out
(see Section 3.4).

are quite similar, and Fuzzy WASPAS and Fuzzy TOPSISLinear, where a p-value of 0.08 was
obtained.

Now, in order to see if some operator profile was harder for the MCDM methods, the median
of the scores aggregated by operator profile are presented in Figure 4.3. It is clearly appreciable
that Balanced is the most difficult profile to evaluate, followed by the Time profile. This could
be due to the different conception of what balance means to an expert operator and to an
algorithm based on fuzzy weights.

In conclusion, the ranking of solutions of the MPP can be done using Fuzzy VIKOR, which
obtained the best performance with the smallest variance in the experimental results. An optimal
result is obtained with most operator profiles, except for balanced profiles, which are harder to
solve for most MCDM algorithms.

4.2 Filtering

The filtering of the solutions is performed in order to remove very similar solutions from the final
list presented to the operator. In order to know the similarity of the solutions, a distance function
has been designed. This distance function computes the proximity between two solutions by
looking at the different values for each variable of the solution, as shown in Figure 4.4, where
the different values in the solution below are represented in green.
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Figure 4.3: Median scores for the different operator profiles used in the plan selection of the MPP
with the solutions obtained from the experimental evaluation carried out (see Section 3.4).

Figure 4.4: Representation of two similar solutions and the filtering values used when applying the
distance function

The filter distance function needs to define a set of filtering values for each variable, which
should be given according to the degree of importance of that variable. For example, the less
important variables are those related with flight profiles (fvpathFP and fvreturnFP ) and sensors
used (fvsensor), so they should be given a low value (e.g. 0.1), while task assignments (fvassign)
are the most important variables when differentiating two solutions, so they should be given a
high value (e.g. 1.0). To complete the example, Order variables can be given a filtering value of
fvorder = 0.6 and GCS variables, not so important, a filtering value of fvgcs = 0.2.
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So, once we got for each variable the diff values, as shown in Figure 4.4, we can compute
the planning distance dplan between two solutions as:

dplan(s1, s2) = fvassign × diffassign(s1, s2) + fvorder × difforder(s1, s2)+
fvgcs × diffgcs(s1, s2) + fvpathFP × diffpathFP (s1, s2)+

fvreturnFP × diffreturnFP (s1, s2) + fvsensor × diffsensor(s1, s2) (4.4)

Then, a threshold value is used to decide when two solutions are too similar and one of them
must be removed from the set of solutions. The removed solution will be the one with the lowest
ranking value. The selection of the threshold value must provided the biggest deletion of similar
solutions but maintaining the quality of the POF.

4.2.1 Experimental phase

In order to decide which is the best possible threshold value for the MPP, the ranked plans
obtained in Section 4.1.1 were used. With this, we apply the similarity function dplan(s1, s2) to
each pair of solutions s1 and s2.

Then, different threshold values are tested, and the remaining solutions after the filtering
are used to compute the hypervolume of these filtered sets. The results obtained are shown in
Figure 4.5, where each plot represents a mission of the problem, were the threshold is presented
in the horizontal axis and the hypervolume in the vertical axis.
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Figure 4.5: Hypervolume of the remaining solutions after the similarity filtering with different
threshold values.
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In addition, the number of solutions remaining after the filtering with the different threshold
values is also studied, as shown in Figure 4.6. With this and the hypervolume graphic, it can
be concluded that the best threshold value to be used is 1, since missions 1 and 2 have a great
loss of hypervolume for bigger values than 1. Looking at the rest of missions, this value could
be bigger, e.g. 3, since the hypervolume does not highly decrease before this value, but neither
does the number of solutions, which are pretty similar between threshold values of 1 and 3.
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Figure 4.6: Number of remaining solutions after the similarity filtering with different threshold
values.

4.3 Discussion and conclusions

In this chapter, a DSS for plan selection in the context of the MPP has been designed and tested.
This DSS requires the solutions obtained by the mission planner presented in Chapter 3, and
the operator profiles, which are directly specified by the operators, where each criterion of the
decision problem is given a degree of importance using a linguistic term.

The DSS presented is composed of two modules: the ranking module and the filtering module.
In the first module, the solutions are ranked based on the operator profiles using a MCDM
algorithm. Several MCDM algorithms were tested with the solutions obtained in Section 3.4,
and it was concluded that Fuzzy VIKOR was the fittest one for this problem.

On the other hand, the filtering module uses the ranked solutions returned by the ranking
module and filters those which are more similar based on a distance function. This function
compares each variable of the CSP model of the MPP, providing a specific weight depending on
the importance of the variable. In order to decide the threshold value of the filtering function,
different thresholds were tested, and it was concluded that the value 1 was the fittest value in
terms of highest hypervolume and lowest number of remaining solutions.
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This DSS highly decreases the operator workload since it facilitates the operator decision
process, which is pretty hard when the number of solutions returned is large. In any case,
although the operator is provided with the final list of ranked and filtered solutions, the final
selection that must be eventually made, depends on his/her decision. For this, it is necessary to
provide a well-designed environment that allows the operator to visualize the ranked alternatives
and select the most appropriate. This is described in the following chapter.

In future works, it would be interesting to improve the system by considering the final
selection made by the operators. Using this and some machine learning or information retrieval
techniques, the operator profile would be updated, aiming to perform better in future decisions.
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Chapter 5

Test bed environment for Mission
Planning and Decision Support

“Work gives you meaning and purpose
and life is empty without it.”

- Stephen Hawking

All of the techniques developed in this dissertation to solve the mission planning and replan-
ning problems, must be properly tested by expert operators in a simulated environment before
they are considered apt for real UAV missions.

In the last years, some works have proposed UAV simulation environments for supervisory
flight control [SCA+16], coordination [GB10] or training [RFMC15]. When working with sim-
ulation and control of UAVs, there are two type of software that must be differentiated: the
autopilot software and the GCS software. The autopilot controls automatically the trajectory
of the UAV, and can provide the telemetry of the vehicle. The most known autopilot simulators
are ArduPilot [ard] and PX4 [px4].

On the other hand, GCS software focus on the operator side, providing flight control and
manual path planning of one or multiple vehicles. In order to communicate these GCSs with
the autopilots, a communication protocol is required. The most used protocol, able to provide
communication with both ArduPilot and PX4 is MAVLink. This protocol is used in the most
known GCS tools, such as MAVProxy [mavb], Mission Planner [mis], APM Planner 2 [apm],
UgCS [ugc] and QGroundControl [qgr]. QGroundControl is the only one of them that permits
the control of multiple UAVs simultaneously, although UgCS provides a much more proficient
interface with many features such as NFZs and immersive 3D simulation.

QGroundControl is an open source tool, and provides full ground station support and flight
control and configuration for multiple UAVs through MAVLink communications [mava], allowing
to control both ArduPilot and PX4 vehicles. The main power of QGroundControl is that it
provides easy and straightforward usage for beginners, while still delivering high end feature
support for experienced users. It has an easy-use path planning interface (through waypoint
insertion) for autonomous flight. It also allows flight map display showing vehicle position, flight
track, waypoints and vehicle instruments, and video streaming.

Nevertheless, QGroundControl, as well as the rest of GCS tools, only permits to create man-
ual plans by waypoint insertion for each UAV, i.e. no automated planning algorithm is provided
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within the framework. It does not allow to create tasks nor NFZs in order to create a mission
which could be automatically planned. On the other hand, QGroundControl only permits to
see the waypoint plan of one UAV at a time, so for multi-UAV missions it is complicated to
monitor all vehicles at once.

In this chapter, QGroundControl [qgr] has been extended by adding an automated plan-
ning interface, so this framework can work as a test bed for mission planning and replanning
algorithms, and also for decision making methods. This extension [RAC18b] allows operators
to automatically plan a mission, simulate this plan and then perform a replanning during the
execution.

A test bed interface (that has been used in many works specially for providing different
artificial intelligence algorithms for games [BF03], and also for flight control [OCMa11]) for
automated mission planning and replanning is a novel requirement that has not been so far
implemented inside GCSs. This interface must allow through a communications protocol, the
use of different automated mission planning and replanning algorithms.

Additionally, in order to ease the entry of the definition of the mission and the scenario, a
graphical mission designer has been built in QGroundControl. This designer permits to create
a mission with all its elements (UAVs, tasks, GCSs, NFZs, ...). After that, the mission can be
automatically planned and the generated plans can be visualized. Finally, one of these plans
can be executed and the UAVs are monitored all together. The architecture of the proposed
framework is presented in Figure 5.1. This extended tool is not publicly accessible at this
moment due to confidential issues.

Figure 5.1: Architecture of the framework extended from QGroundControl, including mission
(re)planning and decision support.

The following sections present the extensions applied in QGroundControl, including a mission
designer, the test bed interface for mission planning and decision support, and some additional
support for autonomous mission replanning.
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5.1 Mission Designer

In order to allow the operators to create new missions and fulfill them with all the elements
involved in the mission (see Section 2.1), a mission designer has been developed (see Figure 5.2).
The integration of these new functionalities into QGroundControl requires the modification of
this software in order to extend its functionality. For this, a new tab has been added in the
main menu of the QGroundControl (represented in Figure 5.2 with a looped path in the top
bar). This tab is used both for the Mission Designer and the rest of functionalities added in the
following sections.

Figure 5.2: Mission Designer in the QGroundControl for adding new elements.

The mission designer allows to create new missions or read already created ones, and provides
a set of tools for adding different elements to the mission scenario. The mission designer is
represented with a pencil in Figure 5.2.

The different elements of the mission can be added using the buttons in the top of the
scenario, including UAVs (the first button, represented as a plane), GCSs (the second button,
represented as an antenna), objectives or tasks (the third, fourth and fifth buttons, depending
on whether the location of the objective is a polygon zone, a path or a point, respectively)
and NFZs (the sixth button). All these elements can be dragged, and thus their positions and
vertices updated. In addition, each vertex can be also dragged. On the other hand, any element
of the mission scenario can be deleted by just right clicking over it.

To facilitate the creation of the mission, GCSs can show a translucent orange circle centred
on the station and with radius its within range, graphically representing the range of the GCS.

Finally, using the general Mission Info panel on the right, dependencies between objectives
can also be added with the Add Dependency button.
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5.2 Test bed interface for autonomous mission planning and DSS

For the entire mission planning and decision making process, from the moment the mission is
provided until the ranked and filtered solutions are returned, a test bed interface has been de-
signed. The communication interface between QGroundControl and the planning and decision
algorithms has been implemented using Apache Thrift1. This framework permits an easy com-
munication with most known programming languages. The interface sends the mission and the
operator profile extracted from QGroundControl as a JSON message. This message includes
the different parameters of each element of the mission. On the other hand, the message re-
turned by the algorithm must contain a ranked list of solutions, where each solution defines the
assignments for each task, including the flight profile and sensors used; the GCS assignment,
final path and performance variables (fuel consumption, flight time, etc.) for each UAV, and
the values of the optimization objectives and risk factors of the problem. The architecture of
these modules is represented in Figure 5.3.

Figure 5.3: Architecture of the Test Bed Interface for Mission Planning and Decision Support.

Every operator using the QGroundControl has a profile defining the different constraints,
fitness and ranking variables predefined. On the other hand, the operator must also define the
importance (very low, low, medium, high or very high) of the ranking variables to be used by
the DSS (see Section 4.1).

Once a mission is defined, the mission planner (button “P” on the left panel in Figure 5.2)
can be executed in order to find plans for this mission. All the information related to the mission
planning, including the mission and the operator profile and preferences, is encoded as a JSON
message, and sent through the Thrift interface to the autonomous mission planner, which must
detect it as preplanning and deal with multiple objectives.

1https://thrift.apache.org/
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After the mission planner finishes, the DSS will take the solutions obtained and rank them
according to the ranking criteria defined by the operator using some MCDM method. Then, the
DSS will filter the solutions that are very similar (only differ in the flight profile used in some
path, the sensor employed, ....).

After this, the new set of ranked-filtered solutions will be returned as a JSON message to
QGroundControl, which decodes this message and presents the set of plans in a table in the
bottom of the scenario (see Figure 5.4). This table shows the different objectives optimized in
a percentage bar, where more green bars represent better values for the variable, whereas more
red bars represent worse values for the variable.

Figure 5.4: Mission Plan Solutions.

Once the plans have been computed, it is possible to view the paths and some information
about a specific plan by clicking on it. The path for each UAV used in the mission is represented
with a different color (see Figure 5.4). On the other hand, the right pop-up shows three tabs
with different information about the plan.

By left clicking one of the UAVs used in the mission plan, only the path for this UAV will
be represented. In addition, if there exist some out of coverage points for the route of the UAV,
these will be represented in red. The tables of the right panel will also adapt to this selection
and only show the concrete UAV and its tasks assigned.

When clicking the Coordinates tab in the bottom, a table with the different waypoints of
the route of the selected UAV will show every specific parameter of each waypoint, such as the
speed, time, the task associated to it, etc.

On the other hand, when clicking the Altitude Graph tab on the bottom, an altitude profile
for the selected UAV will appear, including the ground altitude.
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5.3 Mission Execution and Replanning

After visualizing the ranked plans, the operator selects the best one according to its criteria
(should be usually the first one) and this plan will be simulated by clicking the play button on
the left panel (see Figure 5.2).

Then, several instances of the ArduPilot program will be executed (as many as UAVs used
in the mission). Each instance will be connected with the QGroundControl through a MAVLink
connection, and the different UAV figures will be associated with the position of the related
ArduPilots. So the UAVs will start departing according to the plan.

As the waypoints in the path for each vehicle are passed by, they will turn into a darker
color, and their border will become black. The current waypoint where the UAV is going is
highlighted in green. On the other hand, the tasks that finish their performance become more
translucent.

During the execution of the mission, if the operator receives any external notification about
an event involving a new objective, he/she can enter in edit mode and add new objectives, as
was explained in Section 5.1.

Once the new tasks are added, the mission planner can be executed similarly as in preplan-
ning. As a previous plan is being simulated, the JSON message sent to the mission planner
must contain this previous plan, so the planner knows that it must work in replanning mode. In
addition, the operator introduces a concrete time for the planning process. This time will not
only limit the planning process, but also will be considered as the moment where the replanning
process is performed (i.e. the status of the mission passed to the replanner will be the one taking
place those seconds after the actual moment).

Then, as in the planning process explained in previous section, the DSS ranks and filters the
solutions and these are returned to the operator, where the different paths and assignments can
be seen as before.

Finally, once the operator selects the new plan to be updated, the paths and assignments
for the actual executing mission plan will be updated.

5.4 Discussion and conclusions

This new extension of QGroundControl has allowed expert UAV operators to test the different
algorithms presented in Sections 3 and 4 through a graphical interface that they can get used to
easily. They have been able to study the different solutions obtained for the missions designed in
Section 2.3 with the different algorithms of this dissertation, and thereby evaluate their quality.

This interface was crucial for the experiments performed over the DSS, where expert op-
erators have to select the best solution for a mission in order to evaluate the performance of
the different ranking methods. This selection process was performed using the QGroundControl
interface, where the selected solution for each operator was stored in a database for its later
evaluation.
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On the other hand, the automated replanning system implemented in this framework has
allowed the operators to experience a new way of commanding and controlling the UAVs, where
the workload is clearly reduced, as they avoid manually planning the mission again when an
incident occurs during the execution of the mission plan. This new feature has been very
satisfactory for them, and it is a key feature for future GCSs.

In future works, when new algorithms for mission planning and replanning, and for DSS
are developed, this framework will become a very useful tool for their comparison, testing and
validation by expert operators.
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Chapter 6

Conclusions and Future Works

“We can only see a short distance ahead,
but we can see plenty there that needs to be done.”

- Alan Turing

6.1 Conclusions

The main contributions of this PhD Thesis are the design and implementation of constraint
multi-objective evolutionary-based mission planning and replanning algorithms for
complex missions with several tasks, UAVs and GCSs. Different heuristics have been studied,
including weighted random strategies and knee point search. In addition, a DSS for
the plan selection based on the operator preferences has been developed, and different MCDM
methods have been studied. Finally, a test-bed interface for autonomous mission planning and
replanning has been implemented inside a ground control station framework (QGroundControl).

To achieve the main objectives of this dissertation, related to the design of the new mission
planning and replanning algorithms combining the concepts of constraint satisfaction with multi-
objective evolutionary algorithms, several generations of algorithms have been implemented:

1. The fist algorithm for mission planning uses NSGA-II, a MOEA based on a genetic algo-
rithm with Pareto ranking, and the CSP model is used as penalty in the fitness function.

2. The second approach extends the first one by considering the sensor, GCS and dependency
constraints in the setup and reproduction of the algorithm, so the search space is reduced.

3. The third approach extends the previous by using weighted random functions in the as-
signment process. With this, the number of UAVs used for a task is optimized, the UAVs
selected are based on the distance between the vehicle and the task, and the GCS control-
ling a UAV is selected based on the distance between the vehicle and the station. This
reduces the convergence time, as good solutions are early found.

4. The fourth approach limits the search of the MOEA to knee points, focusing on the
solutions that obtained the best hypervolume with the fewest number of solutions. This
algorithm was named KPNSGA-II.
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5. The fifth approach extends the previous one for mission replanning. In this approach, the
setup of the MOEA is done using a previous plan, so the tasks assigned in this plan remain
the same while the new tasks are randomly assigned. In addition, the stopping criteria
also takes into account a time limit.

On the other hand, a DSS has been proposed with a ranking function and a similarity-based
filtering function. Different MCDM methods have been studied for the ranking of solutions,
where Fuzzy VIKOR got the best results.

In addition, a test-bed interface for mission planning, replanning and decision support was
designed and implemented inside QGroundControl, allowing to test the different algorithms pro-
posed in geographic scenarios and simulate the plans obtained. The extension of this framework
allows expert operators to test and validate the mission plans obtained by the different algo-
rithms developed in this dissertation, and their comparison with future algorithms for the same
problems.

Taking into account all the experimental analysis carried out for each algorithm proposed
in this thesis, it is possible to provide an answer to the main research questions that have been
briefly presented in the Introduction section. Next, a revision of these research questions is
carried out, and the answers are discussed on the basis of the experimental conclusions reported
in this dissertation:

� Q1: Is it possible to combine constraint techniques with multi-objective evolutionary ap-
proaches to efficiently solve the mission planning problem for multiple UAVs?

The Multi-UAV MPP can be modelled as a CSP, with several variables (task assignments,
orders, GCS assignments, etc.) and constraints (sensor constraints, temporal constraints,
fuel constraints, etc.) related to the problem. In addition, seven objectives that must be
minimized have been pointed out in the problem: makespan, cost, risk, fuel consumption,
flight time, distance traversed and number of UAVs used.

To solve this problem, a hybrid MOEA-CSP algorithm has been presented. In the first
approach, NSGA-II was extended to use the CSP model of the problem as a penalty in
the fitness function. In the second approach, some of the constraints are checked in the
setup and genetic operators, aimed to reduce the search space of the problem.

For the first approach, a comparative assessment of the use of variables and constraints
is performed, comparing different approaches of the problem using some specific variables
and constraints. These experiments, performed over several missions, showed that the
problem scales quite fast with the number of variables, while the constraints reduce the
space of valid solutions.

For the second approach, an experiment using different constraints in the setup and genetic
operators of the algorithm proved that adding these constraints improves the convergence
of the algorithm.

Nevertheless, it is clear that as the complexity of the mission increases, the number of
solutions in the POF become huge. This implies that the time needed to obtain the com-
plete POF becomes intractable. To improve this situation, the third approach proposes a
biased random generator to guide the creation of new individuals. This generator improves
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the selection of the number of UAVs for Multi-UAV tasks, the selection of the UAV based
on the distance to the task, and the selection of the GCS based on the distance to the
UAV. For each selection, three strategies (arithmetic, harmonic and geometric) have been
proposed to be used as weighted random functions.

The experiments performed in this third approach over several missions showed that this
new approach outperforms the results obtained previously in terms of increased conver-
gence rate. The best strategies obtained where the geometric for the selection of the
number of UAVs, and the harmonic for the distance-based selections. In addition, when
the scenario of the mission is not favourable for the proposed weighted random approach,
we obtain similar results to the previous approach. Moreover, this approach has resulted
very helpful for problems of big complexity where convergence is difficult.

In conclusion, this approach is able to efficiently solve the MPP combining MOEAs and
CSP techniques, apart from other heuristics. As the complexity of the mission grows, it
takes more time to find the complete POF, but the third approach was able to find some
good solutions in a reasonable time.

� Q2: Are these algorithms able to find optimal solutions in a limited time for complex prob-
lems?

Looking at the three first approaches, the main lack is the large number of solutions
obtained when mission are complex, which makes it difficult to find them all in a reasonable
time. On the other hand, in this problem the operator will in the end select one concrete
solution to be executed, so getting so many solutions will highly increase the decision
making process. Moreover, some of these non-dominated solutions may not be optimal
enough, e.g. a little improvement in some objectives may suppose a big lost in the rest of
objectives.

To get rid of this problem, the fourth approach, KPNSGA-II, proposes to focus the search
on the most significant solutions. This approach extends the previous algorithm using cone-
domination, which substitute the domination concept in NSGA-II, and focus the search on
knee points. The cone angle used is self-adapted in the algorithm using the golden section
search and the HDist metric, which aim to maximize the hypervolume while reducing the
number of solutions.

KPNSGA-II was tested with the previous missions, where the most complex ones have a
huge amount of non-dominated solutions. The results showed that the number of solutions
returned is quite small while most of the hypervolume is maintained compared to the third
approach. In addition, the experiments showed that the number of generations needed to
converge in the new approach is much less than in the previous ones. In the most complex
problems, KPNSGA-II was able to converge, while the previous approaches were not.

Therefore, it can be concluded that KPNSGA-II can be used to find the most significant
solutions for a complex mission in a limited time.

� Q3: Is it possible to use these algorithms for real-time mission replanning?

The fifth approach proposed in this dissertation extends the previous ones for mission
replanning. In this approach, the previous plan being executed is used to initialize the
population of the MOEA, maintaining the previous assignments and randomly initializing
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the new ones. In addition, the execution time is limited, in order to avoid long executions,
which are unacceptable in a real-time scenario.

This new approach was briefly tested with a mission adding an increasing number of tasks,
proving that the approach is able to find good solutions in the specific limited time, but
the convergence of the problem becomes harder as the number of new tasks considered
increase. Therefore, a deeper study is required in order to test the performance of this
approach with complex missions.

Nevertheless, it can be concluded that the approach is able to solve mission replanning
problems within the limited time.

� Q4: How can multi-criteria decision making methods help the GCS operator in the deci-
sion process of selecting the best plan among the non-dominated solutions obtained?

The selection of the plan to be executed can become a hard task for operators when the
number of solutions is high. For this, a DSS was proposed to rank and filter these solutions,
reducing the operator workload.

First, a study of the performance of different MCDM algorithms for ranking the solutions
of a MPP, according to a set of 11 criteria, was carried out. In this study, several operators
were modelled into a profile, where each criteria was assigned a degree of importance (very
high, high, medium, low or very low). With this and the results of the missions obtained
with KPNSGA-II, 10 MCDM algorithms and 6 Fuzzy MCDM algorithms were tested.

These algorithms were scored using the evaluation of expert operators, who selected the
best solution according to their profile for every mission. Results show that Fuzzy VIKOR
outperforms the rest of the algorithms in most cases.

On the other hand, a similarity-based filtering function is proposed in this dissertation.
This function uses a distance function that compares solutions according to their assign-
ment variables. When two solutions have a similarity below a specific threshold, the one
with the lowest rank position can be omitted.

In order to decide the value of the threshold, a comparative assessment of the hypervolume
and the number of solutions remaining with different threshold values is performed, and
the best threshold value which maintains most of the hypervolume but omitting a high
number of solutions is finally selected.

So, in general terms, the DSS proposed helps the operator in the decision process of
selecting the best plan, highly reducing his/her workload.

� Q5: Can these, and other algorithms, be tested and simulated inside a ground control sta-
tion framework?

In the last part of the dissertation, the QGroundControl framework for flight command
and control of multiple UAVs has been extended, adding some new functionalities that
allow using autonomous mission planning and replanning algorithms, as well as decision
support systems.

First, a mission designer has been developed inside QGroundControl. This designer pro-
vides an interactive environment for the creation and visualization of missions, including
its objectives/tasks, vehicles, GCSs, NFZs, etc.
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Then, an interface for automated mission planning and DSS has been integrated with
QGroundControl. This interface, working with Apache Thrift and communicating through
JSON messages, allows any mission planner and DSS with the same input and output
requirements defined in chapter 2 to interact with QGroundControl.

This extension of QGroundControl also permits to visualize the plans returned, including
a graphic representation of the paths for every vehicle and a compilation of the informa-
tion related to the optimality and risks of the plan. During the simulation of the plan,
the operator is informed about the waypoints already passed by and the tasks already
performed.

Finally, the same interface used for planning is reused for replanning, where new ob-
jectives/tasks appearing during the execution of the mission are sent through the same
interface along with a time limit that the planning algorithm on the other side must take
into account.

Therefore, it can be concluded that this extended framework is useful to test and validate
different planning, replanning and decision making algorithms.

6.2 Future Works

Finally, there are several lines of work that could be extended in the near future related to the
different algorithms and applications presented in this dissertation:

� Extension of the MPP and the CSP model to support in-flight refuelling and GCS han-
dover.

� It could be interesting to extend the algorithms designed in this thesis using new heuristics
and methodologies that could improve the convergence. For instance, using self-adaptation
in the MOEA, specially in the mutation rate, could improve the search by augmenting the
mutation when few solutions are found and reducing it when many solutions are found.

� Related to the replanning approach, a deep study on the performance of the algorithms
proposed with the time limitation should be done.

� On the side of the DSS, it would be interesting to improve the system by considering the
final selections of the operators. Some machine learning or information retrieval techniques
could be used to update the operator profile, aiming to perform better in future decisions.

� The test-bed interface incorporated into QGroundControl could be used to compare other
new mission planning algorithms that could be developed in the future. For example,
NSGA-III or a knee point based SPEA2 could be compared with the knee point based
NSGA-II presented in this work.

� Finally, an extension of the developed algorithms could be adapted and tested over other
application domains, e.g. transportation planning, tourism planning, car manufacturing
or procedural content generation for videogames, among others.
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Abstract
Over the last decade, developments in unmanned aerial vehicles (UAVs) has greatly increased, and they are being used in 
many fields including surveillance, crisis management or automated mission planning. This last field implies the search of 
plans for missions with multiple tasks, UAVs and ground control stations; and the optimization of several objectives, includ-
ing makespan, fuel consumption or cost, among others. In this work, this problem has been solved using a multi-objective 
evolutionary algorithm combined with a constraint satisfaction problem model, which is used in the fitness function of the 
algorithm. The algorithm has been tested on several missions of increasing complexity, and the computational complexity 
of the different element considered in the missions has been studied.

Keywords Unmanned air vehicles · Mission planning · Multi-objective optimization · Constraint satisfaction problems

1 Introduction

The potential applications of unmanned aircraft system 
(UAS) are varied, including infrastructure inspection (Máthé 
and Buşoniu 2015), surveillance of coast borders (Turner 
et al. 2016) and road traffic (Chen et al. 2007), disaster and 
crisis management (Wu and Zhou 2006), and agriculture or 
forestry (Merino et al. 2006), among others. Therefore, over 
the past 20 years, a large number of UAS research works 
have been carried out applying varied techniques and algo-
rithms (Kendoul 2012).

The systems developed to increase the autonomous 
capabilities of a UAS can be mostly organized into three 
main categories: guidance, navigation, and control (GNC). 
The guidance system (GS) is in charge of the planning and 
decision-making functions to achieve assigned missions or 
goals. Mission planning is the process of generating tactical 
goals, a commanding structure, coordination, and timing for 
a team of unmanned aerial vehicles (UAVs). The mission 
plans can be generated either in advance or in real time, 
manually by operators or by onboard software systems, and 
in either centralized or distributed ways.

Currently, UAVs are operated remotely by human opera-
tors from ground control stations (GCSs), using rudimentary 
guidance systems, such as following preplanned or manually 
provided waypoints. There is an active research topic that 
tries to outperform guidance systems to achieve more com-
plex tasks and missions, in order to provide a new degree of 
high-level autonomy to guidance systems including mission 
planning and decision-making capabilities.

In this work, the mission planning problem (MPP) is 
modelled as a constraint satisfaction problem (CSP) and 
solved using a multi-objective evolutionary algorithm 
(MOEA) optimizing several variables of the problem, such 
as the makespan, the cost of the mission or the risk.

In the following section a state of the art on mission plan-
ning, CSPs and MOEAs is presented. Section 3 presents the 
MPP aimed to solve and its modelization as a CSP. Section 4 
presents the MOEA designed to solve the MPP. Then, in 
Sect. 5, a set of experiments is performed to prove the effi-
ciency of the MOEA and show complexity of the problem as 
the number of variables and constraints considered increase. 
Finally, Sect. 6 brings some conclusions and propose future 
works with this approach.
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2  State of the art

In this section, an overview of the state of the art of the 
problem and techniques used in this paper is presented. 
First, a general introduction to the mission planning prob-
lem for UAVs and some research studies on this topic is 
presented. After this, an overview of CSPs is presented, 
showing the different methods used in the literature to solve 
them. Finally, a description of multi-objective optimization 
problems (MOPs) and the use of MOEAs to solve them is 
carried out.

2.1  Mission planning

Automated planning and scheduling has been an area of 
research in artificial intelligence for over four decades, and 
its application in UAV missions is a known problem. A mis-
sion consists of as a set of goals that must be achieved by 
performing some tasks with a group of resources (the sen-
sors possessed by the UAVs) over a period of time. The 
whole problem can be summed up in finding the correct 
schedule of resource-task assignments that satisfies the 
proposed constraints. In addition, when several UAVs are 
involved, they usually require several GCSs for controlling 
all the vehicles involved. This generates a new Multi-GCS 
approach that makes the problem even harder to solve.

One concept that relates with mission planning and that 
is sometimes confused with it, is path planning. In path 
planning, the vehicles are assigned a set a waypoints which 
compose their route, i.e. it is similar to travelling salesman 
problem (TSP) or vehicle routing problem (VRP). On the 
other hand, mission planning is more related with task and 
resource allocation, being more similar with scheduling 
problems. Anyway, once mission planning is performed, 
path planning must also be performed on each vehicle (with 
their assignments) to create the final route.

The MPP is a big challenge in actual NP-hard optimiza-
tion problems. Classic planners based on graph search or 
logic are not suitable for this problem due to the high com-
putational cost that the algorithms need to solve these mis-
sions. For this reason, there has been some research in the 
last decade proposing novel methods to solve this problem.

Sakamoto (2006) proposed a linear programming formu-
lation of the MPP as an extension of the VRP with time 
windows for the tasks, and solved it using robust optimiza-
tion. Evers et al. (2014) presented a similar approach with 
robust optimization, but they extended from the orienteering 
problem.

Karaman and Frazzoli (2011) extended the VRP with 
lineal temporal logic, formulated it using network flows and 
solved it using mixed-integer linear programming (MILP). 

Fabiani et al. (2007) modelled the problem using Markov 
decision process (MDP) and solve it with dynamic program-
ming algorithms. Another approach by Kvarnström and 
Doherty (2010) combines ideas from forward-chaining plan-
ning with partial-order planning, leading to a new hybrid 
partial-order forward-chaining (POFC) framework.

Other works focus on distributed approaches for solving 
mission planning of a swarm of UAVs, using the BeliefDe-
sireIntention (BDI) model (Pascarella et al. 2013), driven 
applications systems (DDDASs) (Madey et al. 2012), etc.

Finally, there are other approaches that formulate the 
MPP as a CSP (Leary et al. 2011), using constraint tech-
niques to solve it. Moreover, some modern approaches use 
bio-inspired algorithms. These methods will be discussed in 
the following sections.

2.2  Constraint satisfaction problems

A CSP (Barták 1999) consists of a set of variables, each 
one with its own set of possible values or domain, and a 
set of constraints restricting the values that variables can 
simultaneously take. This formulation is quite appropriate 
for the MPP, where a set of assignments (variables) must be 
done while assuring some constraints given by the different 
components and capabilities of the UAVs involved.

CSPs are usually represented as graphs where the vari-
ables are the nodes and the constraints are the edges. There 
exists several methods to search the space of solutions of 
a CSP, including backtracking (BT), backjumping (BJ) or 
forward checking (FC), among others. Most methods have 
a propagation phase where the constraints of the problem 
are checked. These methods are usually combined with con-
sistency techniques (domain consistency, arc consistency or 
path consistency) to modify the CSP and ensure its local 
consistency conditions.

When CSPs treat with time variables (time points, time 
intervals or durations), as with the MPP, these type of prob-
lems are usually called temporal constraint satisfaction prob-
lem (TCSP) (Schwalb and Vila 1998). In these problems, 
the temporal constraints are characterized by the underlying 
set of basic temporal relations (BTR). Depending on the 
nature of the time variables and the constraints used, BTR 
can be represented using different types of algebra, such as 
point algebra (PA), interval algebra (IA) or, the most known, 
Allen’s interval algebra (Allen 1983), in which the BTR is 
composed of the relations presented in Table 1.

Finally, many real-life applications aim to find a good 
solution, and not the complete space of possible solutions. 
For this purpose, the CSP incorporates an optimization 
function, becoming a constraint satisfaction optimization 
problem (CSOP). This optimization function maps every 
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solution (complete labelling of variables) to a numerical 
value measuring the quality of the solution. The most widely 
used algorithm for finding optimal solutions is called branch 
and bound (B&B), which performs a depth first search prun-
ing the sub-trees that exceed the bound of the best value so 
far. In the case of multi-objective optimization, an exten-
sion of this method, known as multi-objective branch and 
bound (MOBB) (Rodriguez-Fernandez et al. 2015) can be 
used to find the non-dominated solutions of the problem. 
Other methods for solving CSOP include Russian doll 
search, bucket elimination, genetic algorithms and swarm 
intelligence.

2.3  Evolutionary algorithms and multi‑objective 
optimization

In the last decades, many bio-inspired algorithms have arisen 
to obtain fast solutions for optimization problems. These 
algorithms are included in some categories, where the most 
known are evolutionary algorithm, swarm intelligence and 
artificial immune systems. Evolutionary algorithms are 
population-based metaheuristic optimization algorithms 
inspired by biological evolution, where mechanism such as 
reproduction, mutation, recombination or selection are imi-
tated. The most common type of evolutionary algorithms are 
genetic algorithms (GAs) (Holland 1992), which are inspired 
by natural evolution and genetics. Other common methods 
are evolution strategy (ES), differential evolution (DE) and 
genetic programming (GP).

GAs have been successfully used in many optimization 
problems, demonstrating to be robust and capable of finding 

satisfactory solutions in highly multidimensional problems. 
These algorithms generate an initial population of individu-
als (or possible solutions), where each one has a chromo-
some representation, which is directly related with the vari-
ables of the problem. This population is evolved during a 
number of generations, where each generation reproduces, 
crosses, mutates and selects the best individuals of the popu-
lation, which are evaluated using a fitness function.

Some works have dealed with the MPP using GAs, such 
as Tian et al. (2006), where they solve a reconnaissance 
cooperative mission aiming to minimize the travel distance 
and time of the vehicles. In this approach, the chromosome 
representation of the GA consist of subsequences, where 
each one represent a reconnaissance target sequence for a 
UAV. Other approach by Geng et al. (2013) proposed a graph 
based representation for a MPP constrained with flight pro-
hibited zones and enemy radar sites.

Most real-life problems, including the MPP, aim to opti-
mize several conflicting criteria at the same time. These 
MOPs have no single optimal solution that can be selected 
objectively; rather there is a set of solutions representing 
different performance trade-offs between the criteria. In 
these cases, algorithms usually focus on finding the Pareto 
optimal frontier (POF), i.e. the set of all non-dominated 
solutions of the problem. The goal of MOEAs is to find 
non-dominated objective vectors which are as close as pos-
sible to the POF (convergence) and evenly spread along the 
POF (diversity). Non-dominated sorting genetic algorithm-II 
(NSGA-II) has been one of the most popular algorithms over 
the last decade in this field (Deb et al. 2002). This algorithm 
extends the common GA using non-dominated ranking for 
the convergence and crowding distance for the diversity 
of the solutions (see Fig. 1). Other popular algorithms are 
strength Pareto evolutionary algorithm 2 (SPEA2) (Zitzler 
et al. 2001), multi-objective evolutionary algorithm based on 
decomposition (MOEA/D) (Zhang and Li 2007) and non-
dominated sorting genetic algorithm-III (NSGA-III) (Jain 
and Deb 2013).

In order to evaluate the performance of MOEAs, there 
are some metrics that can be taken into account. The 

Table 1  Allen’s interval algebra
Relation Illustration Interpretation

T1 < T2
T1

T2

T1 takes place
before T2

T1 m T2
T1

T2

T1 meets T2

T1 o T2
T1

T2

T1 overlaps T2

T1 s T2
T1

T2

T1 starts T2

T1 d T2
T1

T2

T1 during T2

T1 f T2
T1

T2

T1 finishes T2

T1 = T2
T1

T2

T1 is equal to T2

Parent
population

Offspring
population

Fronts

Non-dominated 
sorting

Crowding distance 
sorting

1

2

3

4

5

6

Rejected

N

Fig. 1  NSGA-II overview of multiobjective strategies
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hypervolume indicator (Zitzler et al. 2007) consists of the 
volume enclosed by the Pareto front approximation and a 
reference point. The higher the hypervolume, the better the 
approximated POF. Other known metrics are the genera-
tional distance (GD) and the inverted generational distance 
(IGD) (Ishibuchi et al. 2015), which are based on the Euclid-
ean distance between a solution and a reference point.

There exists some approaches of MOEA for the MPP. 
Pohl and Lamont (2008) compared the performance of 
NSGA-II and SPEA2 for the MPP defined as an extension 
of the VRP with time windows and minimizing the path 
length, the number of vehicles used and the wait time. In 
a previous approach (Ramirez-Atencia et al. 2015a), the 
MPP was considered as a task allocation problem aim to 
minimize the makespan and the fuel consumption of the 
mission. In this approach, a multi-objective genetic algo-
rithm (MOGA) combined with a CSP model was used, and 
different encodings for the order of the performance of the 
task were considered.

3  Description of the multi‑UAV mission 
planning problem

In this work, a more complex MPP, with more variables and 
constraints, than those in the state-of-the-art is considered. 
As was mentioned earlier, the MPP is modelled as a CSP 
(Ramirez-Atencia et al. 2015b). In this section, the variables 
and constraints are defined increasingly, starting with a sim-
ple approach and then adding more variables and constraints 
related with a new complexity element of the problem.

3.1  Task allocation

Initially, a mission is defined as a �-sized set of tasks 
 ≐ {T1,T2,… ,T

�
} that must be performed by a swarm of 

� UAVs  = {U1,U2,… ,U
�
} . Some of these tasks can be 

performed by several vehicles at the same time (e.g. map-
ping a zone or surveillance).

The first variables of the CSP that must always be con-
sidered in the MPP are:

– Task assignments A  These variables are assigned a UAV 
or several if the task is multi-UAV. These variables are 
represented as a binary � × � matrix. An assignment 
A [Tt,Uu] = 1 means that task Tt is assigned to UAV Uu.

– Orders O  These variables define the order in which each 
vehicle performs the tasks assigned to it. They are rep-
resented as an � × � matrix, where the domain for each 
value of the matrix is [0⋯ � − 1].

Associated with these variables, there are some order con-
straints that are defined to assure that tasks performed by 

the same vehicle have different orders and these order values 
are less than the number of tasks assigned to the UAV.

3.2  Temporal relations

As tasks are performed within a specific time interval, there 
exist some temporal constraints that must be taken into 
account. These constraints require the use of some extra 
variables that are computed in the propagation phase of the 
CSP:

– Departure time D  when a UAV starts going to the task 
area.

– Path duration PDur  since the UAV departs until it 
reaches the task area.

– Start time S  of a task.
– Task duration TDur  Depending on the type of task, this 

variable is directly provided with the mission definition 
(e.g. monitoring a zone) or is computed (e.g. tracking a 
target in a concrete path or mapping a zone using a step 
and stare pattern).

– End time E  of a task.
– Loiter duration LDur  This variable represents the time 

elapsed between the end of the previous task performed 
by the UAV and the departure for the next task, which is 
higher than 0 when there exists some time dependencies 
that impede the immediate performance of the task.

– Return duration RDur  since the UAV finishes its last 
task until it returns to the base.

– Return time R  of a UAV.

With these, some temporal constraints relating each variable 
are considered:

(1)

∀Tt ∈  ∀Uu ∈  A [Tt,Uu] = A [Tt� ,Uu] = 1

⇒ O [Tt,Uu] ≠ O [Tt� ,Uu]

< ♯
{
T𝜏 ∈  |A [T𝜏 ,Uu] = 1

}

(2)
∀Tt ∈  ∀Uu ∈  A [Tt,Uu] = 1

⇒ D [Tt,Uu] + PDur [Tt,Uu] = S [Tt,Uu],

(3)
∀Tt ∈  ∀Uu ∈  A [Tt,Uu] = 1

⇒ S [Tt,Uu] + TDur [Tt,Uu] = E [Tt,Uu],

(4)

∀Tt, Tt� ∈  ∀Uu ∈  A [Tt,Uu] = A [Tt� ,Uu] = 1

∧ O [Tt,Uu] = O [Tt� ,Uu] − 1

⇒ LDur [Tt� ,Uu] = D [Tt� ,Uu] − E [Tt,Uu],
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In addition, it is also necessary to assure that two tasks that 
collide in time are never assigned to the same vehicle:

On the other hand, a mission can have some task depend-
encies. These task dependencies trigger some dependency 
constraints in the problem. There exist two types of task 
dependencies: vehicle dependencies and time dependencies.

Vehicle dependencies impose if two tasks must be per-
formed by the same or by different UAVs, triggering the 
following constraints:

Time dependencies constraint the relation of the 
time intervals of two tasks using Allen’s inter-
val algebra (see Table  1). Henceforth, we assume 
∀Tt, Tt� ∈  ∀Uu ∈  A [Tt,Uu] = A [Tt� ,Uu] = 1, 
and so the following dependency constraints are defined:

(5)

∀Tt ∈  ∀Uu ∈  A [Tt,Uu] = 1

∧ O [Tt,Uu] = ♯
{
T𝜏 ∈  |A [T𝜏 ,Uu] = 1

}
− 1

⇒ R [Uu] = E [Tt,Uu] + RDur [Uu].

(6)

∀Tt, Tt� ∈  ∀Uu ∈  A [Tt,Uu] = A [Tt� ,Uu] = 1

∧ O [Tt,Uu] < O [Tt� ,Uu]

⇒ E [Tt,Uu] ≤ D [Tt� ,Uu].

(7)
∀Tt, Tt� ∈ sameUAV(Tt, Tt� )

⇒ ∀Uu ∈  A [Tt,Uu] = A [Tt� ,Uu],

(8)
∀Tt, Tt� ∈ diffUAV(Tt, Tt� )

⇒ ∀Uu ∈  A [Tt,Uu] ≠ A [Tt� ,Uu].

(9)Tt < Tt� ⇒ E [Tt,Uu] ≤ S [Tt� ,Uu],

(10)Tt m Tt� ⇒ E [Tt,Uu] = S [Tt� ,Uu],

(11)Tt o Tt� ⇒

⎧
⎪⎨⎪⎩

S [Tt,Uu] ≤ S [Tt� ,Uu]

E [Tt,Uu] ≥ S [Tt� ,Uu]

E [Tt,Uu] ≤ E [Tt� ,Uu],

(12)Tt s Tt� ⇒

{
S [Tt,Uu] = S [Tt� ,Uu]

E [Tt,Uu] ≤ E [Tt� ,Uu],

(13)Tt d Tt� ⇒

{
S [Tt,Uu] ≥ S [Tt� ,Uu]

E [Tt,Uu] ≤ E [Tt� ,Uu],

(14)Tt f Tt� ⇒

{
S [Tt,Uu] ≥ S [Tt� ,Uu]

E [Tt,Uu] = E [Tt� ,Uu],

(15)Tt = Tt� ⇒

{
S [Tt,Uu] = S [Tt� ,Uu]

E [Tt,Uu] = E [Tt� ,Uu].

3.3  Flight profiles

UAVs usually fly with a different speed and different altitude 
depending on the situation. For this, each vehicle have a 
set of flight profiles that define the speed, fuel consumption 
ratio and altitude of the UAV on a path. Henceforth, the set 
of flight profiles of a UAV Uu is expressed as FP(Uu) , and 
given a flight profile fp, its speed is expressed as sFP(fp) , its 
fuel consumption ratio as fFP(fp) , and its altitude as aFP(fp) . 
In this work, four flight profiles are considered, being two of 
them used for changes of altitude and the other two for route 
flight at a specific altitude:

– Climb profile This profile is used by the vehicle when 
the altitude must be increased. Instead of the altitude, it 
defines the climb angle used.

– Descent profile This profile is used by the vehicle when 
the altitude must be decreased. Instead of the altitude, it 
defines the descent angle used.

– Minimum consumption profile This profile defines the 
speed and altitude that permit the least fuel consumption 
of the vehicle.

– Maximum speed profile This profile is used when the 
vehicle must flight at its maximum speed.

With these profiles, new variables of the CSP must be 
considered:

– Path flight profiles PFP  This variable sets the flight pro-
file that the vehicle must use in its path to the task area. 
These variables are represented as a � × � matrix, and 
their domains are the flight profiles of the UAV in the 
column: PFP [Tt,Uu ∈ FP(Uu).

– Return flight profiles RFP  This variable sets the flight 
profile that the vehicle must use in its return to the base. 
There are � variables of this type, and their domain is the 
same as the previous variables: RFP [Uu ∈ FP(Uu).

With these variables, and knowing the distances traversed 
for every path (geodesic distance), which are expressed 
PDist  for the path distance and RDist  for the return 
distance; it is possible to compute the path and return dura-
tion using the speed of the assigned flight profiles:

(16)
∀Tt ∈  ∀Uu ∈  A [Tt,Uu] = 1

⇒ PDur [Tt,Uu] =
PDist [Tt,Uu]

sFP(PFP [Tt,Uu]),

(17)∀Uu ∈  RDur [Uu] =
RDist [Uu]

sFP(RFP [Uu]).
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3.4  Sensors

The different types of tasks considered in this work require 
different sensors carried by the UAVs to be performed. 
Henceforth, the set of sensors that a UAV Uu has are 
expressed as X  , and the set of sensors that are capable 
to perform a task Tt are expressed as X (Tt) . The sensors 
considered in this work are electro-optical or infrared (EO/
IR) sensors, synthetic aperture radar (SAR), inverse syn-
thetic aperture radar (ISAR), maritime patrol radar (MPR) 
and water tanks.

In addition, the different types of task considered are 
defined in Table 2. Each sensor has specific values of speed 
and altitude for its optimal use. Henceforth, the optimal 
speed of a sensor x is expressed as sX(x) , and the optimal 
altitude is expressed as aX(x).

When a UAV has more than one sensor capable of per-
forming a task assigned to it, it is necessary to select a spe-
cific sensor for performing that task. For this, new variables 
of the CSP are defined: the task sensors TX  , which set the 
sensor of the UAV used for the task performance. These 
variables are represented as a � × � matrix, being the differ-
ent sensors their domain.

These sensor assignments come hand in hand with some 
sensor constraints. These constraints check that the UAV 
has the sensors assigned to perform the task:

3.5  GCS assignments

When there are many UAVs in a mission, most times an 
only GCS is not capable of controlling all of them. In this 
approach, a number � of GCSs  ≐ {G1,G2,… ,G

�
} are con-

sidered for controlling the UAVs.
This consideration leads to the last variables of the CSP: 

the GCS assignments A . There are � variables of this type, 

(18)
∀Tt ∈  ∀Uu ∈  A [Tt,Uu] = 1

⇒ TX [Tt,Uu] ∈ X (Uu) ∩ X (Tt) ≠ �.

one per vehicle, and their domain is [−1⋯ � − 1] , where −1 
is only assigned when the UAV does not perform any task.

Each GCS Gg supports a maximum number of vehi-
cles being controlled at the same time maxU(Gg) , and is 
only capable of controlling some specific types of UAV 
typeU(Gg) . In addition, it has a within range of communi-
cations wr(Gg) , being not able of control the vehicles out 
of this range.

With these features, some GCS constraints have to be 
considered. These constraints assure that the UAVs assigned 
to the GCS are of a supported type, and the maximum num-
ber of vehicles that the GCS can handle is not overpassed:

Finally, in order to check that the UAVs are inside the 
range of the GCS at every moment, we define the posi-
tion Pos(Gg) of the GCS Gg , and the position Pos,� of 
the UAV Uu at time � . Also, the geodesic distance function 
GeoDist(p1, p2) is defined for each pair of (latitude, longi-
tude, altitude) points p1, p2 . With this, the GCS constraint 
is defined:

3.6  Checking constraints

The UAVs of a mission have some features that must be 
considered when checking if a plan is correct. These features 
include the already explained sensors and flight profiles of 
the vehicle, and also the type of the vehicle. In this work, 
the types considered are unmanned reconnaissance aerial 
vehicle (URAV), medium altitude long endurance (MALE), 

(19)
∀Uu ∈  ∀Gg ∈  A[Uu] = Gg

⇒ type(Uu) ⊂ typeU(Gg),

(20)∀Gg ∈  ♯
{
Uu ∈  |A[Uu] = Gg

}
< maxU(Gg).

(21)

∀Uu ∈  ∀Gg ∈  A[Uu] = Gg ⇒ ∀� ∈ ℝ

GeoDist(Pos (Uu, �),Pos(Gg)) ≤ wr(Gg).

Table 2  Type of tasks and the 
sensors capable of performing 
them

Name Description Multi-UAV Sensors needed

Mapping a zone Travel a zone performing a step and stare pattern Yes – EO/IR sensor
Monitoring a zone Fly circling in a zone during a specific time No – EO/IR sensor
Patrol a path Follow a path No – SAR radar

– ISAR radar
Target photographing Go to a point and take a photo No – EO/IR sensor
Tracking a target Cycle around a target during a specific time No – SAR radar

– ISAR radar
Surveillance Explore a zone during a specific time Yes – EO/IR sensor

– SAR radar
– ISAR radar
– MPR radar

Fire extinguishing Put out a fire in a point No – Water tank
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high altitude long endurance (HALE) and unmanned combat 
aerial vehicle (UCAV), which are described in Table 3.

Apart from these, there are some features that constraint 
the use of the vehicle: the maximum flight time maxFT (Uu) 
that the UAV can stay in flight, the maximum distance 
maxDist (Uu) that the UAV can traverse during a mission, 
the cost per hour cost (Uu) of the UAV, the maximum speed 
maxS (Uu) that the UAV can attain, the maximum altitude 
maxA (Uu) that the UAV can reach in flight and the maxi-
mum fuel maxF (Uu) in the UAV tank.

Other features that must be considered are the initial set-
tings of the UAV Uu at the start of the mission: its initial 
position Pos (Uu) and its initial amount of fuel F (Uu).

With these, there are some checking constraints that 
must be met to assure the correct functioning of the UAV.

– Flight time constraints They assure that the total flight 
time for each vehicle is less than its maximum: 

– Distance constraints They assure that the distance tra-
versed by each vehicle is less than its maximum. To 
compute these constraints, the path distance PDist  , 
the task distance TDist  , the Loiter distance LDist  
and the return distance RDist  are needed. 

 Path and return distance are computed as the sums of 
distances between the points of the path employed in 
each case. Task distance is computed similarly in the case 

(22)

∀U
u
∈  FT[U

u
] =

∑

T
t
∈ 

A [Tt,Uu
] = 1

(PDur [Tt,Uu
] + TDur [Tt,Uu

] + LDur [Tt,Uu
]) + RDur [U

u
] < maxFT (U

u
).

(23)

∀U
u
∈  Dist[U

u
] =

∑

T
t
∈ 

A [Tt,Uu
] = 1

(PDist [Tt,Uu
] + TDist [Tt,Uu

] + LDist [Tt,Uu
]) + RDist [U

u
] < maxDist (U

u
).

of tasks with no specific duration. If the task has a spe-
cific duration, then the task distance of task Tt performed 
by UAV Uu can be computed using this duration and the 
optimal speed given by the sensor used: 

 When a loiter is needed, the minimum consumption 
flight profile is used. Then the loiter distance of task Tt 
performed by UAV Uu can be computed as: 

– Fuel constraints They assure that the fuel consumed by 
each UAV is less than its initial fuel. To compute these 
constraints, the path fuel consumption PF  , the task 

(24)
TDist [Tt,Uu] = TDur [Tt,Uu] × sX(TX [Tt,Uu]).

(25)
LDist [Tt,Uu] = LDur [Tt,Uu] × sFP(MINC(Uu)).

Table 3  Different types of UAVs considered and their features

Name Max. distance 
(NM)

Max. flight 
time (h)

Cost/h Max. speed (kt) Max. altitude (ft) Max. fuel (kg) Available sensors

URAV 1000 20 5 120 20,000 500 – EO/IR sensor
– Water tank

MALE 5000 30 10 250 40,000 2500 – EO/IR sensor
– MPR radar

HALE 15,000 40 15 400 65,000 6000 – EO/IR sensor
– ISAR radar

UCAV 1500 15 25 450 35,000 9000 – SAR radar

fuel consumption TF  , the Loiter fuel consumption 
LF  and the return fuel consumption RF  are needed. 

(26)

∀U
u
∈  F[U

u
] =

∑

T
t
∈ 

A [Tt,Uu
] = 1

(PF [Tt,Uu
] + TF [Tt,Uu

]

+ LF [Tt,Uu
]) + RF [U

u
] < F (U

u
).
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  Each one of these fuel consumptions is computed as 
the product of its associated duration and the fuel con-
sumption ratio specified by the flight profile or the sen-
sor, or the minimum consumption in the case of loiter.

  When checking the fuel consumption for each UAV, 
a risk can be considered when the remaining amount of 
fuel at the end of the mission is low. For this, the remain-
ing fuel is used along with a risked fuel usage value pro-
vided by the operator to compute the risk of the mission.

3.7  Path constraints

In realistic UAV MPPs, paths are not usually a straight line, 
but instead UAVs have to perform some climb or descent in 
order to reach the altitude specified by the flight profile or 
the optimal altitude for the use of the sensor. In the case of 
both the path of the UAV to the task area and the return to 
the base, the UAV departs with an initial altitude that could 
be bigger than the flight profile altitude (and so a descent 
must be done) or smaller than it (so a climb must be done). 
So the climb or descent is performed, the UAV flies heading 
to the task area (or the base) and before arriving, another 
change of altitude is needed to reach the optimal altitude of 
the sensor used in the task (or the terrain altitude in order to 
land). This situation is represented in Fig. 2.

On the other hand, some missions may have no flight 
zones (NFZs) and terrain obstacles (a DTED file is used to 
define the terrain) that could be in the trajectory of the UAV 
and that must be avoided. For this, Theta* Nash et al. (2007) 
is used, returning a set of waypoints which define the route. 
These computations are time consuming, so when they are 
used, the runtime may increase significantly.

So now, the distance, duration and fuel consumption 
variables defined previously (see Eqs. 16 and 17) must be 
updated considering the climb and descent performed, and 
the waypoints obtained by Theta*.

On the other hand, when considering these more realistic 
paths, it is necessary to take into account the distance of the 
UAVs to the ground, in order to avoid collision risks. So, for 
each UAV Uu , the minimum distance to ground minDG [Uu] 
is computed. This variable will be used along with a risked 
distance to ground value provided by the operator to com-
pute the risk of the mission.

Similarly, to avoid collision risks, the distance between 
UAVs must also be computed. With the time route for each 

pair of vehicles, the position of both vehicles at the same 
time is checked, storing the minimum distance obtained 
so far. With this, the minimum distance minD (Uu,Uu� ) 
between two vehicles Uu and Uu′ is obtained. Similarly as 
with the minimum distance to ground, a risked distance 
between UAVs value is provided by the operator, and the 
risk of the mission is updated.

3.8  LOS constraints

Apart from checking the within range of a GCS, it is also 
necessary to assure that the GCS and the UAV being con-
trolled are in Line of Sight (LOS). This means that there 
is no obstacle in the line of communications joining them. 
These LOS constraints are quite important when missions 
are carried out in mountainous terrains.

The LOS function used to compute the line of sight between 
two points, uses the DTED terrain file to check if there any 
terrain in the line joining both points. This function is quite 
time consuming, so the runtime of the algorithm used may 
increase significantly when considering these constraints.

3.9  Optimization variables

Apart from the variables and constraints considered in the 
CSP mode, the MPP is a MOP, and several objectives must 
be considered when optimizing the problem:

1. The makespan or time when the mission ends (all the 
vehicles have returned): 

2. The total cost of the mission, computed as the sum of 
the individual cost of each UAV: 

3. The risk of the mission, computed as an average of risk 
percentages of low distance to ground RGround , low dis-
tance between UAVs RUAVs and low fuel RFuel at the end 
of the mission. 

4. The number of UAVs used in the mission: 

(27)
∀Uu ∈  ∀Gg ∈  A[Uu] = Gg

⇒ ∀� ∈ ℝ LOS(Pos (Uu, �),Pos(Gg)).

(28)M = max
Uu∈

R (Uu).

(29)C =
∑
Uu∈

cost (Uu) × FT[Uu].

(30)R =
RGround + RUAVs + RFuel

3
.

(31)N = ♯
{
Uu ∈  |∃Tt ∈  A [Tt,Uu] = 1

}
.

Fig. 2  Climb/descend situation in path computing
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5. The total fuel consumed by all UAVs during the mission: 

6. The total flight time of all UAVs during the mission: 

4  MOEA‑CSP algorithm for multi‑UAV 
mission planning problems

The MPP designed in the previous section is a quite complex 
problem with a large amount of constraints involved, and 
a huge number of solutions may be generated with classic 
methods. Using classic constraint methods or local search 
for multiple objectives, such as MOBB, multi-objective 
Tabu search (MOTS) or multi-objective simulated annealing 
(MOSA), usually takes too much time for complex missions, 
or stop before convergence due to stagnation at local optima, 
because of their neighboured-based nature.

For this, a MOEA has been used to solve this problem, as 
they consider a mutation operator in the evolving process, 
which may lead to new solutions avoiding local optima. In 
this approach, an extension of NSGA-II is proposed. A CSP 
model is used as a penalty function in the evaluation phase 
of the algorithm. In a second approach, in order to increase 
the convergence of the problem by reducing the search 
space, some of the constraints of the CSP are considered in 
the setup and operators of the algorithm.

This section describes this algorithm, including the 
encoding, the fitness function designed, the genetic operators 
implemented and the constraints considered in the assign-
ment and mutation.

4.1  Encoding

The encoding of the MPP has been based on the variables 
of the CSP model, taking into account the chromosome 
representation of the orders presented in a previous work 
(Ramirez-Atencia et al. 2015a). This encoding consist of 
six alleles (see Fig. 3):

(32)F =
∑
Uu∈

F[Uu].

(33)FT =
∑
Uu∈

FT[Uu]

1. UAV assignments for each task. Based on the task 
assignments, each cell contains the identifier of the UAV 
assigned to that task. When some task is Multi-UAV, its 
cell contains a vector representing the different vehicles 
assigned to it. The number of combinations, or space 
size, for this allele is, considering �MU the number of 
Multi-UAV tasks, ��−�MU × (2� − 1)�MU.

2. Permutation of the task orders. These values indicate 
the absolute order of the tasks. When several tasks are 
assigned to the same vehicle, the ones with a lower order 
value start first, while the tasks with higher values go 
last. The space size for this allele is �!.

3. GCSs controlling each UAV. This is the same as the 
GCS assignments of the CSP model. The space size for 
this allele is ��.

4. Flight profiles used for each UAV in the path to the task 
area. The flight profiles considered in this problem are 
the minimum consumption profile (min) and the maxi-
mum speed profile (max). As in the first allele, some of 
the cells could contain a vector if the corresponding task 
is performed by several vehicles. The space size for this 
allele is 2�−�MU × (2�+1 − 2)�MU.

5. Sensors used for the task performance by each UAV. The 
values considered in this approach are eiS (EO/IR sen-
sor), sR (SAR radar), iR(ISAR radar), mR (MPR radar) 
and wt (water tank). Some of the cells contain a vector 
because of the Multi-UAV nature of the task. Consider-
ing the worst where all vehicles have all s sensors, then 
the space size is bounded by s�−�MU × (

∑�

i=1
si)�MU.

6. Flight profiles used by each UAV to return to the base. 
This allele corresponds to the Return Flight profiles vari-
able of the CSP model. The space size for this allele is 
2�.

Multiplying the different sizes for each allele and reducing 
the resultant formula, the total space size of the problem is 
as follows:

(34)
�! × �

�−�MU × �
� × 2

�+� × (2� − 1)2×�MU × s�

× (s� − 1)�MU × (s − 1)−�MU .

Fig. 3  Example of an indi-
vidual that represents a possible 
solution for a problem with 
five tasks, three UAVs and two 
GCSs
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4.2  Fitness function

The evaluation phase of the MOEA is performed using a 
fitness function composed of two steps:

1. Given a specific solution, the CSP model handles that 
all constraints are fulfilled. If not, it returns the number 
of unfulfilled constraints, and these solutions are not 
considered when other valid solutions were found. For 
complex problems, valid solutions take much runtime as 
all constraints are checked.

2. If all constraints are fulfilled, a multi-objective function 
minimizing the objectives of the problem is applied. The 
objectives considered were presented in Sect. 3.9.

In the case when all the individuals of the population are 
invalid, those with the fewer number of invalid constraints 
are selected for reproduction.

As in NSGA-II approach, after the evaluation of the 
solutions, the Pareto front is extracted and the solutions are 
ordered according to the crowding distance.

4.3  Genetic operators

As the encoding presented has been specifically developed 
for this problem, so are the operators used in the algorithm. 
The crossover operator developed is used to combine the 
chromosomes of each pair of parents to generate a new 
pair of children. This operator applies a specific crossover 
operation at each of the alleles. The first, fourth and fifth 
allele, i.e. the task assignments, path flight profiles and sen-
sor assignments, are applied a 2-point crossover, using the 
same cross points in all alleles so the size for multi-UAV 
tasks is maintained. The second allele, as it is a permuta-
tion, is applied a partially-matched crossover (PMX). This 
passes a chunk of values from one parent to the other and 
then performs a replacement of the invalid values of the 
new child based on its previous parent. Finally, the third 
and sixth alleles are applied another 2-point crossover with 
different points.

Once the new pair of individuals has been generated 
from crossover, a mutation operator is required. This genetic 
operator helps to avoid that the obtained solutions stagnate 
at local minimums. This mutation operator is designed to 
perform a uniform mutation over the same genes for the first, 
fourth and fifth allele in order to maintain the size of Multi-
UAV tasks. On the other hand, the second allele is applied 
an Insert Mutation, which will select two random positions 
from the permutation and move the second one next to the 
first one. Finally, the third and sixth allele are updated using 
another uniform mutation.

4.4  Adding constraints to the GA process

In order to facilitate the convergence of the problem, some 
constraints have been taken from the CSP model and added 
into to the GA setup and mutation operator. This way, some 
invalid solutions due to these constraints are avoided in the 
assignments, and therefore the search space is reduced. The 
constraints considered are:

– Sensor constraints As a sensor must be assigned after the 
assignment of a UAV to a task, it is pretty convenient to 
avoid selecting the sensors required by the task that are 
not available by the UAV. To take advantage of this, the 
setup and the mutation operation have been changed, fol-
lowing the next steps:

1. Every time a task Tt is assigned a UAV Uu.
2. The domain of its corresponding sensor gene is 

updated to X (Uu) ∩ X (Tt).

– GCS constraints When assigning a UAV to the GCS con-
trolling it, it is possible to check that this GCS can con-
trol this type of UAV. In addition, it is possible to check 
how many vehicles have been assigned to a GCS when 
performing a new GCS assignment, in order to avoid 
overpassing the maximum number of vehicles that the 
GCS can handle. For this, both the setup and mutation 
operators have been changed, following the next steps;

1. The domain of each GCS assignment for a UAV Uu 
is set to {Gg ∈ |type(Uu) ⊂ typeU(Gg)}.

2. When performing a new GCS assignment, the 
previous assignments are taken into account, 
and the domain for this assignment is reduced 
to the GCSs capable of controlling that vehicle: 
{Gg ∈ |♯{Uu ∈  |A[Uu] = Gg} < maxU(Gg)}.

– Dependency constraints UAV dependencies are directly 
checked when task assignments are done in setup and 
mutation. On the other hand, the Path Consistency algo-
rithm used to check the time dependencies, so order 
assignments are correct, can be used in the GA setup and 
operators before generating a new solution. With this, 
both setup and mutation have been changed, following 
the next steps:

1. When performing task assignments, if two task 
Tt , Tt′ must be performed by the same vehi-
cle (i.e. sameUAV(Tt, Tt� ) ), the second task is 
directly assigned the same UAV, i.e. ∀Uu ∈   , 
A [Tt� ,Uu] = A [Tt,Uu].

2. If two task Tt , Tt′ must be performed by different 
vehicles (i.e. diffUAV(Tt, Tt� ) ), the domain of the sec-
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ond task is reduced by deleting the UAVs used in the 
first one: {Uu ∈  |A [Tt� ,Uu] = 0}.

3. Finally, once the order assignments have been set, 
the Path consistency algorithm for time dependen-
cies is used to check if the solution is valid. If not, all 
the task and order assignment process is repeated.

4.5  Algorithm

The new approach is presented in Algorithm 1. First, an 
initial population is randomly generated (Line 1) taking into 
account the constraints of Sect. 4.4. Then, the evaluation of 
the individuals is performed using the fitness function (Lines 
6–14) explained in Sect. 4.2.

Algorithm 1: NSGA-II with CSP model for Mis-
sion Planning Problems
Input: A mission problem P . The set of m-objectives

O. And positive numbers elitism µ, population
size λ, mutprobability, stopping criteria limit
stopGen and maximum number of generations
maxGen

Output: Pareto Front obtained with best solutions
1 S ← randomly generated set of λ individuals
2 i ← 1
3 convergence ← 0
4 pof ← ∅
5 while i ≤ maxGen ∧ convergence < stopGen do
6 for j ← 1 to |S| do
7 [valid, numInvalidC] ← CSPCheck(Sj)
8 Fit ← newFitness()
9 Fit.valid ← valid

10 if valid then
11 Fit.obj ← MultiObjectiveF itness(Sj , O)

12 else
13 Fit.numInvalid ← numInvalidC)

14 Sj .F it ← Fit

15 S ← buildNSGA2Archive(S, λ)
16 newpof ← createPOF (S)
17 if newpof = pof then
18 convergence ← convergence+ 1

19 pof ← newpof
20 newS ← SelectElites(S, µ)
21 for j ← µ to λ do
22 p1, p2 ← TournamentSelection(S)
23 i1, i2 ← Crossover(p1, p2)
24 i1 ← Mutation(i1,mutprobability)
25 i2 ← Mutation(i2,mutprobability)
26 newS ← newS ∪ {i1, i2}
27 S ← S ∪ newS
28 i ← i+ 1

29 return pof

After that, the buildArchive process of NSGA-II (Line 15) 
is performed, generating a set of ranked vectors, where the 
first one represents the Pareto front of the solutions ranked 
by crowding distance. Then, an elitist selection is performed, 

where the � best individuals in the population are retained 
(Line 20). Afterwards, a tournament selection over these 
� individuals (Line 22) selects those that will be applied 
the crossover (Line 23) and mutation (Lines 24–25) opera-
tors explained in Sect. 4.3 considering the constraints of 
Sect. 4.4.

Finally, the stopping criteria designed for this algorithm 
compares the Pareto front obtained so far with the Pareto 
front from the previous generations (Lines 17–19). The 
algorithm stops when the front remains unchanged during a 
specific number of generation stopGen.

5  Experiments

In this section we explain the experiments carried out to 
test the functionality of the new NSGA-II-CSP approach 
for MPP.

The first experiment studies the performance of the algo-
rithm considering different variables of the CSP model in 
the MPP (e.g. a first approach only takes into account task 
assignments and orders, another approach adds flight pro-
files, another adds GCS assignments, etc.).

Then, a second experiment studies the performance of 
the algorithm with an increasing number of constraints 
considered (e.g. a first approach only considers temporal 
constraints, then checking constraints are added, then path 
constraints, etc.).

Finally, the last experiments compares the performance of 
the algorithm when no constraints are checked inside the GA 
process against the final approach considering the sensor, 
GCS and dependency constraints in the setup and genetic 
operators.

5.1  Experimental setup

In these experiments, six missions of increasing complex-
ity have been designed to test the performance of the algo-
rithm. These missions are described in Table 4, showing the 
number of tasks, UAVs, GCSs, NFZs and task dependen-
cies for each mission. Figure 4 shows the scenario of each 
mission, where the green zones represent tasks and the red 
zones represent NFZs. There are also some point tasks rep-
resented with an icon, such as photographing, tracking or 
fire extinguishing.

In the experimental phase, the number of solutions, the 
number of generations needed to converge, the runtime spent 
and the hypervolume of the solutions obtained are extracted. 
Every experiment is run 30 times, and the mean and standard 
deviation for every metric are computed.

Every execution of NSGA-II use a selection criteria 
� + � = 10 + 100 , where � is the number of offspring (popu-
lation size), and � the elitism size (i.e. the number of the best 
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parents that survive from current generation to the next). 
The mutation probability is 10% , the maximum number of 
generations is 300 and the number of generations for the 
stopping criteria is 10. The experiments have been run in 
a Intel Xeon CPU E5-2650 v3 2.30GHz with 10 cores and 
250GB DDR4 RAM.

5.2  Experiment with different variables

In this first experiment, we consider five approaches with 
different variables of the CSP:

1. Only task assignments. In this approach, only task 
assignments and orders are considered in the encoding. 
In addition, order and temporal constraints are consid-
ered.

2. Using flight profiles. This approach extends the first one 
by adding flight profile variables and constraints.

3. Using sensors. This approach extends the first one by 
adding sensor variables and constraints.

4. Using GCSs. This approach extends the first one by add-
ing GCS variables and constraints.

5. Complete encoding. This approach comprises all the 
previous ones, including all the variables of CSP model 
for the MPP.

Each approach is executed with NSGA-II, and the results 
obtained are presented in Fig. 5.

This figure presents bar graphs with the mean and error 
bars with the standard deviation for the every metric consid-
ered. It can be noticed that for the first missions, the flight 
profile is most significant than the sensors and the GCSs, 
as more solutions are obtained and more runtime is spent. 
Obviously, the complete encoding presents the higher num-
ber of solutions, hypervolume and runtime. As the com-
plete encoding approach considers much more variables and 

Table 4  Features of the 
different missions designed

Mission Id. Tasks Multi-UAV 
tasks

UAVs GCSs NFZs Time 
depend-
encies

1 5 0 3 1 0 0
2 6 1 3 1 1 0
3 6 1 4 2 2 1
4 7 1 5 2 1 2
5 8 2 5 2 3 1
6 9 2 5 2 0 2

Fig. 4  Mission scenarios considered
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constraints than the rest, the runtime is always higher than 
any other approach.

For the most complex missions, it can be seen that the 
problems do not converge within the 300 generations con-
sidered. This can also be noticed as the standard deviation 
is quite large, specially for the number of solutions and the 
runtime.

The main conclusion that can be extracted here is that 
adding variables makes the complexity of the problem grow 
exponentially, and it becomes quite hard for the algorithm 
to find the POF.

5.3  Experiment with increasing number 
of constraints

The second experiment consists of four approaches with 
increasing number of constraints of the CSP:

1. Basic constraints. This approach considers the complete 
encoding approach of the previous experiment, where 
temporal, order, GCS, sensor and flight profile con-
straints are considered.

2. Adding checking constraints. This approach adds to the 
first one the checking constraints, i.e. flight time, fuel 
and distance constraints.

3. Adding path constraints. This approach adds to the pre-
vious one the path constraints, including the climb and 
descent consideration, the NFZ avoidance and the dis-
tance to ground computation.

4. Adding LOS. This approach adds the LOS constraints to 
the previous one, resulting in the complete CSP model 
for MPP defined in Sect. 3.

Each approach is executed with NSGA-II, and the results 
obtained are presented in Fig. 6. These results show that add-
ing more constraints do no affect the less complex missions, 
as the results obtained for all metrics is similar.

On the other hand, for the most complex mission, it is 
appreciable that the number of solutions and the runtime 
decrease as the number of constraints increase. This is due to 
many solutions becoming invalid due to the new constraints.

It is curious that the complexity of the path and LOS 
constraints, which should highly increase the runtime of the 
algorithm, is not appreciated in the results (only Mission 2 
shows a low increase in the runtime). This is because valid 
solutions take much more runtime to be checked, but as the-
number of solutions has been highly reduced, most solutions 
checked are invalid, which do not take so much time to be 
checked.
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approaches using different variables of the CSP
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5.4  Experiment with different constraints in the GA

In this last experiment, we consider five approaches related 
with the consideration of constraints in the GA process (see 
Sect. 4.4):

1. CSP penalty fitness. In this approach, no constraint is 
considered in the GA setup nor the genetic operators, so 
the complete CSP model works as a penalty function.

2. Sensor constraints in GA. This approach considers the 
sensor constraints in the setup and mutation of NSGA-
II, constraining the generation of solutions to those with 
valid sensors.

3. Dependency constraints in GA. This approach considers 
dependency constraints in the setup and genetic opera-
tors of NSGA-II, so a solution not fulfilling the task 
dependencies of the problem will not be generated.

4. GCS constraints in GA. This approach considers the 
GCS constraints in the setup and genetic operators of 
the algorithm, avoiding invalid types of vehicles and sur-
passing of the maximum number of UAVs supported by 
the GCS.

5. Sensor, GCS and dependency constraints in GA. This 
approaches combines the three types of constraints con-
sidered in the previous approaches.

All these approaches are run 30 times by the algorithm pre-
sented in Sect. 4, and the results obtained are presented in 
Fig. 7, representing the mean and standard deviation for each 
metric considered.

The results obtained show that the number of solutions 
obtained increase when adding constraints to the GA pro-
cess, specially for the most complex missions. As the algo-
rithm reached its maximum number of generations, it is clear 
that using these constraints in the GA setup accelerates the 
search of valid solutions, leading to a higher number of solu-
tions in the end.

As can be seen, the runtime highly increases when using 
these constraints are used. This is because these approaches, 
specially the last one, find more valid solutions, which take 
much more time to be checked by the CSP model than the 
invalid ones.

Regarding at concrete constraints, it cannot be concluded 
if some constraint helps more than other in the search of 
valid solutions, as each mission got better results with differ-
ent constraints. The less complex mission got better results 
just using sensor constraints, mission 4 got better results 
with dependency constraints, and the most complex obtained 
better results with GCS constraints.

On the other hand, it is also appreciable that, although 
the number of solutions increase, the hypervolume obtained 
when using constraints in the GA setup remains pretty 
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similar to the one in the CSP penalty fitness approach. To 
study this, the solutions obtained for mission 6 have been 
plotted using a parallel visualization plot (see Fig. 8). In 
order to ease the visualization and interpretation of the inter-
play between the different objectives, z-scores are used in 
these parallel plots, where each objective value is subtracted 
the mean of the values for the same objective in other solu-
tions, and divided by the standard deviation of these values. 
With this, changes are smoother depending on the standard 
deviation of the values for each objective.

In this representation it can be clearly seen, comparing 
Fig. 8a with the rest, that the new solutions appearing when 
using constraints in the GA setup are close to the already 
obtained in the first approach. These solutions are similar 
to other solutions already computed in the first approach 
that just slightly increases one objective and slightly reduces 
another one. With this, the new solutions contribute very 
little to the hypervolume.

With this, it can be said that using constraints in the GA 
setup and operators helps in the convergence of the POF. But 
this POF becomes pretty large with complex problems, so 
it is difficult to obtain it entirely with the current approach; 
and sometimes unnecessary as the new solutions obtained 
are not very relevant.

6  Discussion

In this work, the Multi-UAV MPP has been presented and 
modelled as a CSP. Different variables and constraints of 
the CSP model defined the high complexity of this problem.

To solve this problem, a hybrid MOEA-CSP algorithm 
was presented for the MPP, where seven objectives of the 
problem must be minimized. NSGA-II was extended to deal 
with constraints both in the fitness function and some of 
them in the setup and genetic operators, aimed to reduce the 
search space of the problem.

Three experiments were performed using varied datasets 
of different complexity. First, a comparative assessment of 
the variables is performed using different approaches of the 
problem using some specific variables. This experiment 
showed that the problem scales quite fast with the number 
of variables, becoming quite much difficult to optimize the 
problem with all the variables.

The second experiment used different approaches with an 
increasing number of constraints. Here, it was proved that 
the constraints reduce the space of valid solutions, making 
it faster.

Finally, the third experiment proved that adding con-
straints to the setup and genetic operators of the algorithm 
to reduce the search space of the algorithm, makes it con-
verge better.
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Nevertheless, it was concluded that as the complexity of 
the mission increases, the number of solutions in the POF 
become huge. This implies that the time needed to obtain 
the complete POF becomes intractable. On the other hand, in 
this problem the operator will in the end select one concrete 
solution to be executed, so getting so many solutions will 
highly increase the decision making process.

In future works, some new methods will be applied to 
outperform the convergence of the algorithm. In addition, 
the Multi-Objective approach will be changed to focus the 
search on the most significant solutions, avoiding unnec-
essary solutions that are not likely to be selected by the 
operator.

Finally, a decision support system (DSS) will be provided 
to rank and filter the solutions obtained in order to help the 
operator decide the final solution to be executed.
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A B S T R A C T

Management and mission planning over a swarm of unmanned aerial vehicle (UAV) remains to date as a chal-
lenging research trend in what regards to this particular type of aircrafts. These vehicles are controlled by a
number of ground control station (GCS), from which they are commanded to cooperatively perform different
tasks in specific geographic areas of interest. Mathematically the problem of coordinating and assigning tasks to
a swarm of UAV can be modeled as a constraint satisfaction problem, whose complexity and multiple conflicting
criteria has hitherto motivated the adoption of multi-objective solvers such as multi-objective evolutionary algo-
rithm (MOEA). The encoding approach consists of different alleles representing the decision variables, whereas
the fitness function checks that all constraints are fulfilled, minimizing the optimization criteria of the problem.
In problems of high complexity involving several tasks, UAV and GCS, where the space of search is huge com-
pared to the space of valid solutions, the convergence rate of the algorithm increases significantly. To overcome
this issue, this work proposes a weighted random generator for the creation and mutation of new individuals. The
main objective of this work is to reduce the convergence rate of the MOEA solver for multi-UAV mission plan-
ning using weighted random strategies that focus the search on potentially better regions of the solution space.
Extensive experimental results over a diverse range of scenarios evince the benefits of the proposed approach,
which notably improves this convergence rate with respect to a naïve MOEA approach.

1. Introduction

Unmanned aircraft system(UASs), also referred to as drones,
unmanned aerial vehicle (UAV), and remotely piloted aircraft system
(RPAS), can be defined as an aircraft without a human pilot on-board.
Instead, the UAS is controlled from an operator on the ground. The
main difference between UAV and RPAS resides on the fact that UAV
are basically planes that do not have a pilot, and no human interven-
tion is made during the flight plan. UAV rely on a pre-programmed
flight plan, and it is the on-board computer of the aircraft what actu-
ally controls it and reacts to changing conditions in order to reach the
desired location. However, in case of RPAS, the need for a pilot is not
really overridden but the pilot is just relocated to a remote location.
The RPAS still operates as a typical airplane: the pilot controls it from
a cockpit with all the necessary controls, and the inputs provided by
the pilot are transmitted to the remote remotely piloted aircraft (RPA).

* Corresponding author.
E-mail addresses: cristian.ramirez@inv.uam.es (C. Ramirez Atencia), javier.delser@tecnalia.com (J. Del Ser), david.camacho@uam.es (D. Camacho).

This paper will focus on UAV, so the aircraft control will rely on a pre-
programmed flight plan.

The advent of pilot-less aerial vehicles and rapid development of
their capabilities have paved the way towards new military and com-
mercial applications. UAV have become very popular in many applica-
tions including surveillance [1], training [2], disaster and crisis man-
agement [3] and firefighting [4], since they avoid risking human lives
while their manageability permits to reach areas of hard access. Pos-
sibilities for UAV span further towards the last-mile delivery of goods
[5] and support for wireless communications [6,7], among many others
(see Ref. [8] for a comprehensive survey).

The process of mission planning for a collaborative swarm of UAV
involves generating tactical goals, commanding vehicles, risk avoid-
ance, coordination and timing. Currently, UAV are controlled remotely
by human operators from GCS, using rudimentary planning systems,
such as pre-configured plans, classical planners that are not able to
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cope with the entire complexity of the problem, or manually provided
schedules. Classical planners are based on a graph search or resort to a
logic engine. Remarkably, this kind of planners usually undergo severe
practical limitations, which add to the high computational resources
demanded by their underlying solvers [9]. When undertaking com-
plex coordinated missions, planning systems demand more efficient
problem-solving capabilities to cope with conflicting objectives and
stringent constraints over both spatial and time domains. Therefore,
the so-called mission planning problem (MCMPP) have lately gained
momentum in the research community, propelled by a notable increase
in the scales and number of applications foreseen for UAV in the near
future.

Nowadays most GCS consider a relation between N operators and 1
UAV due to the high complexity of a mission. The purpose of this work
is to present a novel approach to reduce this complexity, so this relation
can be swapped, first to one between N operators and UAV, and in a
near future to a single operator controlling multiple vehicles.

In the literature several algorithmic approaches have been explored
and reported for UAV mission planning. Fabiani et al. [10] modelled
the problem for search and rescue scenarios using markov decision pro-
cess (MDP) and solve it with dynamic programming algorithms. Leary
et al. [11] compared the performance of mixed-integer linear program-
ming (MILP), simulated annealing (SA) 49 and auction algorithm (AA)
for mission planning problems with multiple UAV. Wang et al. [12]
represented the task scheduling of UAV as a MILP and used tabu search
(TS) to solve this problem. Shang et al. [13] proposed a combination of
genetic algorithm (GA) and ant colony optimization (ACO) for solving
the UAV team oriented problems.

An essential concept in mission planning is cooperation or collabo-
ration, which occurs at a higher level when various UAV work together
in a common mission sharing data and controlling actions together.
There are few contributions that deal with Multi-UAV problems in a
deliberative paradigm (cooperative task assignment and mission plan-
ning). Bethke et al. [14] proposed an algorithm for cooperative task
assignment that extends the receding-horizon task assignment (RHTA)
algorithm to select the optimal sequence of tasks for each UAS. Another
approach by Kvarnstrom et al. [15] proposes a new mission plan-
ning algorithm for collaborative UAV based on combining ideas from
forward-chaining planning with partial-order planning. This approach
led to a new hybrid partial-order forward-chaining (POFC) framework
that meets the requirements on centralization, abstraction, and distri-
bution found in realistic emergency services settings. Other works have
been focused on distributed approaches for solving collaborative mis-
sion planning. Pascarell et al. [16] proposed a core paths graph (CPG)
algorithm for trajectory planning. Finally, other approaches formulate
the mission planning problem as a constraint satisfaction problem (CSP)
[17], where the tactic mission is modelled and solved using CSP tech-
niques [18], in combination with genetic algorithms [19] or repre-
sented inside a distributed multi-agent system [20,21].

Most of the above contributions assume that UAV are commanded
by a single GCS, but in practice multi-UAV missions require the use of
several GCS for controlling all the UAV involved in the mission sce-
nario. This multi-GCS approach makes the underlying problem even
more complex. Besides, several criteria can be adopted to quantify the
quality of a solution, such as the fuel consumption, the makespan, the
cost of the mission, or the number of UAV or GCS to employ and dif-
ferent risk factors that could compromise the mission, among others. In
these cases, the problem is considered as a multi-objective optimization
problem (MOP), for which an estimation of the pareto optimal frontier
(POF) must be inferred so as to get a portfolio of solutions (mission
plans) differently albeit optimally balancing the considered conflicting
objectives. To this end, an algorithmic option is to use MOEA, which
are inspired from evolutionary reproduction and mutation mechanisms
to efficiently construct an estimation of the POF for a given MOP. The
literature is scarce in what refers to this family of multi-criteria solvers
when applied to multi-GCS MCMPP, with references dealing with path

planning rather than mission scheduling (see e.g. Ref. [22] and refer-
ences therein).

The vehicles considered in this work are based on Airbus Defence
& Space UAV,1 as part of the SAVIER project. Four types of UAV have
been considered: medium altitude long endurance (MALE), high alti-
tude long endurance (HALE), unmanned combat aerial vehicle (UCAV)
and unmanned reconnaissance aerial vehicle (URAV), this last one is
based on the EADS ATLANTE model.2 All utilized vehicles have 6
degrees of freedom (DoF). In addition, the definition of the missions,
the flight profiles and the following procedures have been specified by
Airbus engineers involved in this project according to realistic standards
in aerial simulations.

This manuscript extends and improves a previous approach deal-
ing with a MOEA to tackle this family of problems [19]. In this new
approach, the encoding consists of different alleles representing the fea-
tures of the problem, whereas the fitness function builds upon several
conflicting objectives of the application scenario, which are to be mini-
mized subject to a number of constraints. Unfortunately, in some prob-
lems of high complexity involving several tasks, UAV and GCS, where
the space of search is huge compared to the space of valid solutions,
this approach is unable to converge in a reasonable time. Therefore,
in order to improve it and guide the algorithm to valid solutions, this
work takes a step further by proposing a novel weighted random gener-
ator for the formation of new individuals. This generator is applied in
three parts of the encoding:

• First, we use a weighted random function that assigns lower proba-
bility to individuals with higher numbers of UAV for performing the
tasks.

• Second, the selection of the UAV(s) performing the task at hand is
done by using a weighted random function driven by the distance
of the UAV(s) to the task.

• Third, GCS controlling a UAV is selected by means of a weighted
random function depending on the distance of the GCS to the UAV.

To test this approach, several weighted strategies are proposed and
assessed over a number of realistic scenarios with varying scales. The
obtained results are promising and encourage the adoption of the pro-
posed simple heuristics in MOEA applied to other multi-criteria mission
planning scenarios.

The rest of the paper is structured as follows. Section 2 provides
a baseline mathematical formulation of the considered UAV mission
planning problem, including an overview of the CSP modelling of the
problem. Section 3 presents the designed solver to efficiently tackle
the aforementioned problem, providing details on its encoding, con-
straint handling strategy and the weighted strategies used for produc-
ing and evolving individuals. Section 4 discusses the results obtained
from several computer experiments using realistic data. Finally, the last
section draws conclusions and outlines future research lines related to
this work.

2. System model and problem formulation

The MCMPP can be defined as a T-sized set of tasks  ≐

{T1,T2,… ,TT} to be performed by a swarm of U UAV  =
{U1,U2,… ,UU} within a specific time interval. Each mission should
be performed in a specific geographic zone. In addition, G GCS  ≐

{G1,G2,… ,GG} control the swarm of UAV. A basic mission plan-
ning comprises the assignment of each task Tt (with t ∈ {1,… ,T})
to a specific UAV Uu (corr. u ∈ {1,… ,U}), as well as each UAV
to a specific GCS Gg (g ∈ {1,… ,G}), ensuring that the mission can
be successfully performed within a time frame. Such a solution can
be mathematically formulated as two many-to-one mapping functions

1 http://www.airbus.com/defence/uav.html.
2 http://www.airforce-technology.com/projects/atlante-uav/.
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𝜆TU ∶ {1,… ,T} ↦ {1,… ,U} and 𝜆UG ∶ {1,… ,U} ↦ {1,… ,G} such
that 𝜆TU(t) = u and 𝜆UG(u) = g denotes that task Tt is assigned to
UAV Uu, which in turn is commanded by GCS Gg.

The set  can collect very diverse tasks, from photographing to
escorting a target, monitoring a zone or providing support for on-site
communications. Some of such tasks can be performed by several UAV
(Multi-UAV), hence reducing the time needed to accomplish them, e.g.
mapping an area or the so-called step & stare. Each task must be per-
formed over a particular geographic area and within a specific time
interval. Furthermore, tasks require the use of sensors installed on
every UAV (i.e. electro-optical or infra-red (EO/IR) cameras, synthetic
aperture radar (SAR), inverse synthetic aperture radar (ISAR) maritime
patrol radar (MPR), etc.) participating in the mission. To perform a spe-
cific task, the UAV(s) assigned to perform it must use one specific sensor
while on operation. Although in real scenarios, some complex task may
precise the use of several sensors of the same vehicle at the same time,
this special case has been omitted in this problem. This poses further
constraints to the mission planning, as it might be the case that not all
UAV in the swarm have all type of sensors installed on board, hence not
being eligible to undertake any task within  . This being said, UAV per-
forming the mission have some features that must be taken into account
in order to check if a mission plan is correct:

• The initial position, in terms of latitude (LAT) and longitude
(LONG), of the UAV Uu (with u ∈ {1,… ,U}), denoted as
Posu(𝜏) ≐ (LATu(𝜏), LONu(𝜏)), with 𝜏 denoting time.

• The fuel of the UAV during the mission plan, denoted as FUELu(t)
(in kilograms).

• The cost per hour of usage of a UAV Cu (in monetary units per hour).
• The maximum flight time and range of UAV Uu, measured as the

Tmax
u and Dmax

u .
• The available sensors at every UAV, by which a binary correspon-

dence 𝜉 ∶ {1,… ,U} × {1,… ,T} ↦ {0,1} can be built such that
𝜉(u, t) = 1 if UAV Uu ∈  has all sensors required to perform
task Tt ∈  installed on board, and 𝜉(u, t) = 0 otherwise. Clearly,
𝜆TU(t, u) = 0 whenever 𝜉(u, t) = 0 (i.e. no UAV should undertake
any task for which it is unqualified). When there is more than a sen-
sor on-board capable of performing a given mission, the selection of
which sensor to use should be included as another design criterion
for the plan due to the direct involvement of this variable in the
cost and the maximum flight time of the UAV. Sensors can be non-
cooperative (such as the cameras used in a target photographing
task) or cooperative (correspondingly, radars working together in
a surveillance task). These cooperative sensors are used in Multi-
UAV tasks, where different vehicles cooperate and their sensors
coordinate among themselves to achieve the best performance when
undertaking the specific task.

• F ≥ 1 flight profiles  ≐ {F1,… , FF}, each specifying speed Sf(𝜏),
fuel consumption rate in kilograms per hour RFUEL

f (𝜏) and flight
altitude Af(𝜏) in feet (or equivalently, ascent/descent angle) during
the different time instants 𝜏 of the profile. Since these operational
parameters have direct implications on most of the above features
(e.g. fuel consumption of the UAV, its maximum flight time and
the range or maximum flight distance), flight profiles are also opti-
mization variables to be assigned so as to complete the mission plan
successfully. In this problem, four flight profiles have been consid-
ered for each UAV: a climb profile, used for every altitude rise; a
descent profile, used for every descent of altitude; a minimum con-
sumption profile, where the speed is low and the altitude is high,
so the fuel consumption is at its minimum; and a maximum speed
profile, where the speed is at its maximum value, the altitude low,
and so the fuel consumption is high.

Additionally, there could exist vehicle and time dependencies
between different tasks in a mission. Vehicle dependencies reflect
whether two tasks can be assigned to the same UAV or instead must be

mapped to different UAV, i.e. whether the task-to-UAV mapping func-
tion 𝜆TU(t) as defined above is not injective. Time dependencies pose
restrictions on the start and end times of related tasks so they are per-
formed simultaneously, consecutively or in any other mutual relation
of dependency along time. Such temporal relations can be expressed in
terms of the Allen’s interval algebra [23] as follows:

• Tt < Tt′ : Tt takes place before Tt′ .
• Tt m Tt′ : Tt meets Tt′ (i.e. Tt′ starts right after Tt).
• Tt o Tt′ : Tt overlaps Tt′ .
• Tt s Tt′ : Tt starts jointly with Tt′ .
• Tt d Tt′ : Tt starts and ends while Tt′ is performed.
• Tt f Tt′ : Tt finishes together with Tt′ .
• Tt = Tt′ : Tt is equal to Tt′ .

Similarly, the set of GCS controlling the deployed UAV also feature
several aspects to be considered when checking a mission plan:

• The geographical position where each GCS is located, defined as
Posg ≐ (LATg, LONg) for g ∈ {1,… ,G}.

• The maximum number of UAV that every GCS Gg can control, given
by 1 ≤ Umax

g ≤ U.
• The permitted types of UAV that every GCS can command.
• The coverage or within range of the communications equipment of

every GCS, which is assumed to be circularly shaped with radius
Rmax

g (in nautical miles).

Fig. 1 presents a mission scenario with T = 16 tasks (represented as
green squares and lines, and symbols as photo or tracking that denote
a specific task to be done in that area), U = 8 UAV and G = 3 GCS.
As shown in this figure, the zone of the mission contains several no
flight zone (NFZ) shaded in red. These zones must be avoided in the
planned trajectories of the UAV during the mission, impacting on the
duration of routes traced over the scenario and ultimately, on the fuel
consumption, maximum flight time, range and other parameters related
to the dynamics of the application scenario.

When a task is assigned to a vehicle, it is necessary to compute the
total time taken for the UAV to complete the path between its departure
location and the area where the task is to be performed. If a task Tt is
the last one assigned to a vehicle Uu, the time taken to return from this
last task to the base must be also calculated. In order to compute these
times, it is necessary to know which of the set of UAV’s flight profiles 
will be used, providing the fuel consumption ratio, speed and altitude
as previously mentioned.

Furthermore, the assignment of tasks to UAV is also subject to
the order in which such tasks are accomplished during the mission
plan, always in compliance with the time constraints between tasks.
In mathematical terms we will define the mapping function ΓTU ∶
{1,… ,T} × {1,… ,U} ↦ {0,… ,T − 1}, which establishes an order
for every UAV Uu ∈  to accomplish any given task Tt ∈  . It should
be clear that ΓTU(t, u) exists iff (if and only if ) 𝜆TU(t, u) = 1, i.e. UAV
Uu is assigned to perform task Tt. For UAV Uu ∈  the subset of its
assigned tasks will be given by ΓUu

= {ΓTU(t, u) ∶ 𝜆TU(t, u) = 1}, such
that ∪V

u=1ΓUu
= Perm(| |), where Perm(a) denotes a permutation of the

integer set {0… , a − 1}. In addition, these orders must satisfy the
time constraints between any pair of tasks Tt and Tt′ (with t ≠ t′).
For example, if UAV U1 performs tasks T1 → T5, we could define
ΓU1

= {4,5,1,3,2} such that T5 < T1 and T3 < T2.
Given the above definitions, a mission plan 𝚽 can be defined as

𝚽 ≐ [𝜆TU ,ΓTU , 𝜆UG, 𝜆TUF , 𝜆TUS], (1)

where 𝜆TUF ∶ {1,… ,T + 1} × {1,… ,U} ↦ {1,… ,F} is a
mapping function that establishes flight profiles to any UAV/task
combination (including task TT+1 = ReturnToBase); and 𝜆TUS ∶
{1,… ,T} × {1,… ,U} ↦ {1,… ,S} similarly indicates the sensor
selection (if any) for UAV Uu ∈  to accomplish any given task Tt ∈  .
It should be clear that 𝜆TUS(t, u) exists iff (if and only if ) 𝜉(u, t) = 1, i.e.
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Fig. 1. Snapshot exemplifying a mission with T = 16 tasks (4 of them comprising multiple UAV), U = 8 UAV and G = 3 GCS.

UAV Uu is qualified to undertake task Tt.
The quality of a given mission plan 𝚽 is driven by the Pareto opti-

mality of a set of conflicting objectives to be simultaneously optimized:

1. The total cost of the mission CT(𝚽), given by CT(𝚽) =∑U
u=1 CuTu(𝚽), where Tu(𝚽) is the total flight time of UAV u along

its routes in plan 𝚽.
2 The end time of the mission or makespan Tmax(𝚽), i.e. the time at

which the last UAV u ∈  returns to the base.
3. The risk of the mission 𝛿(𝚽) ∈ R[0,100], which is computed as an

average percentage indicating how risky the mission is. We consider
four risk factors in this problem: UAV that finish the mission with
low fuel (with respect to a given threshold FUELth), UAV that fly near
to the ground (depending on the route and the altitude Af(𝜏) of the
adopted flight profile through the choice of 𝜆TUF), UAV that fly out
of the coverage or line of sight (LOS) of the GCS controlling them; and
UAV that fly close between them, which intuitively depends on the
time constraints between concurrently performed tasks and eventual
spatial overlaps among routes/flight profiles. The risk considered in
the mission relates to safety by means of factors whose values are
enforced to lie within an admissible numerical range that does not
interfere with the performance of the mission.

4. The number of UAV Ueff ≤ U used in the mission plan, given by
Ueff (𝚽) ≐ ∑U

u=1 𝕀(Tu(𝚽) > 0), where 𝕀(·) is a binary function taking
value 1 if its argument holds (and 0 otherwise).

5. The total fuel consumption FUEL(𝚽), given by the difference
between the initial fuel load

∑U
u=1 FUELu(0) in the UAV prior to the

start of the mission and that remaining
∑U

u=1 FUELu(Tmax(𝚽)) once
the mission is over.

6. The total flight time T(𝚽), given by
∑U

u=1 Tu(𝚽).
7. The total distance D(𝚽) traversed, given by

∑U
u=1 Du(𝚽), where

Du(𝚽) is the total distance traversed by UAV u along its routes in
mission plan 𝚽.

Before proceeding with the formal problem statement, some intu-
ition must be given on the confluence of the above criteria in a many-
objective design problem. On one hand, using many UAV is beneficial
for minimizing the total distance traversed, the makespan of the mis-
sion, yet incurs a penalty in terms of cost. On the other hand, opting for
a few UAV would yield reduced costs for the mission, but at the cost
of increasing the risk of the mission. Likewise, the interplay between
a moderate number of selected UAV with the above fitness measures
is unclear and stringently subject to a proper choice of the number of
sensors, the order in which tasks are performed and the number of UAV
assigned to the task at hand, among many other decisions. Therefore,
it is crucial to pose all these metrics in a many-objective optimization
problem so as to assess their Pareto-optimal interactions.

The MCMPP problem can be then formulated as follows:

Min
𝚽

CT(𝚽),Tmax(𝚽), 𝛿(𝚽),Ueff (𝚽), FUEL(𝚽),T(𝚽),D(𝚽), (2)

s. t. 𝜆TUS(t, u) = s iff 𝜉(u, t) = 1 and 𝜆TU(t) = u, (3)

U∑
u=1

𝕀(𝜆UG(u) = g) ≤ Umax
g , ∀g ∈ , (4)

‖Posu(𝜏) − Posg‖F < Rmax
g if 𝜆UG(u) = g, ∀𝜏 ∈ [0,Tmax(𝚽)], (5)

f : 𝜆TUF (t, u) = f if 𝜆TU(t) = u are feasible, (6)

Af (𝜏) ≥ 0 ∀𝜏 and ∀f ∈  : 𝜆TUF (t, u) = f if 𝜆TU(t) = u, (7)

‖Posu1
(𝜏) − Posu2

(𝜏)‖F > 0, ∀u1 ≠ u2 ∈  , ∀𝜏 ∈ [0,Tmax(𝚽)], (8)

FUELu(𝜏) > 0, ∀𝜏 ∈ [0,Tmax(𝚽)] if 𝜆TU(t) = u for some t ∈  , (9)
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Tu(𝚽) ≤ Tmax
u , ∀u ∈  , (10)

Du(𝚽) ≤ Dmax
u , ∀u ∈  , (11)

𝚽 (through 𝜆TU(·) and ΓTU) fulfills time and vehicle constraints (12)

where Expression (3) denotes sensor constraints, i.e. a UAV assigned to
a task should have the sensors needed to perform it installed on board;
inequality (4) constraints the maximum number of UAV allowed by a
GCS; the inequality (5) stands for a guaranteed coverage of every UAV
to the GCS to which it is allocated; the notion of feasibility in Expres-
sion (6) ensure that the UAV perform their paths for every task and in
its return to the base without any incident (as will be later detailed,
a Theta∗ algorithm [24] is used to assure that the vehicle avoids the
NFZ, and that every climb/descent needed for the change of altitude is
attainable); a positive distance to the ground, between different UAV
and fuel loaded at the UAV at every time 𝜏 are reflected in inequalities
(7), (8) and (9), respectively; Expressions (10) and (11) assure that the
flight time and distance traversed, respectively, for each UAV do not
overpass their maximum flight time and range; and time and vehicle
dependency constraints are accounted in Expression (12).

2.1. CSP modeling of the mission planning problem

One alternative to model the above MCMPP problem is by resorting
to CSP, since we seek the optimal schedule of resource-task assignments
satisfying a set of imposed constraints. Thereby, we define:

• A set of variables  = {x1,… , xL}.
• For each variable, a finite set l of possible values (its domain).
• And a set of constraints  = {C1,… ,CK} restricting the values that

variables can simultaneously take.

A solution to a CSP is an assignment of a value dl ∈ Dl to xl ∈ 

that satisfies all the imposed constraints. If all the variables have a
value, then we deal with a complete instantiation of the variables. Oth-
erwise, the variables are partially instantiated. If we assign a value to
an uninstantiated variable in a partial instantiation, then we extend the
partial instantiation. We will refer to an instantiation of a variable as
< x, v >. The projection of a constraint Ck on the variables {x1,… , xL′ },
denoted as P(Ck, {x1,… , xL′ }), is the set of all {v1,… , vL′ } values for
which it holds that the partial instantiation < x1, v1 >,… , < xL′ , vL′ >

can be extended to hold the constraints. When we add time to the prob-
lem, then we have a temporal constraint satisfaction problem (TCSP). It
is a particular class of CSP where variables represent times (time points,
time intervals or durations) and constraints establish allowed temporal
relations between them [25].

The most widely used representation of a CSP is a graph where the
pairs <Variable, Value> are the nodes and the constraints are the edges.
The main techniques to solve CSP are:

• Search algorithms: cross the space of partial instantiations, building
a complete instantiation that satisfies all the constraints, or deter-
mine that the problem is inconsistent.

• Propagation algorithms: infer new constraints that are added to the
problem without loosing any information. The worst case time com-
plexity is polynomial in the size of the problem. They are fast in
discovering local inconsistencies.

• Structure-driven algorithms: is a mix of the two above techniques.

The MCMPP is modelled as a CSP, where a graph representation of
the problem is presented in Fig. 2. For this problem, two types of vari-
able are used: the variables of the mission plan (represented in blue in
the graph), given by the previous definition of 𝚽; and several auxiliary
variables (represented in green in the graph) that are computed during
the CSP propagation process and employed to ease the formulation of

the constraints of the problem, especially those referred to time points
and intervals. The different constraints of the problem are represented
in yellow boxes, and the optimization objectives are represented in red
ovals.

The variables of the CSP are then:

• Task Assign: this variable corresponds to 𝜆TU in the MCMPP.
• Orders: this variable corresponds to ΓTU in the MCMPP.
• GCS Assign: this variable corresponds to 𝜆UG in the MCMPP.
• Sensor Assign: this variable corresponds to 𝜆TUS in the MCMPP.
• Path FP: this variable corresponds to the first T · U variables
{1,… ,T} × {1,… ,U} of 𝜆TUF in the MCMPP, i.e. it represents the
flight profiles used in all the paths perform by UAV for going to
tasks, but not the return path.

• Return FP: this variable corresponds to the last U variables of 𝜆TUF
in the MCMPP, i.e. it represents the flight profiles used in the
ReturnToBase paths (i.e. the (T + 1)-th task) for every UAV used
in the mission.

On the other hand, the auxiliary variables used in the CSP model
are:

• Departure: This variable represents the time point for each UAV/task
combination when the UAV departs from its position to go to the
task zone.

• Start: This variable represents the time point for each UAV/task
combination when the UAV arrives to the task zone and starts the
performance of the task.

• End: This variable represents the time point for each UAV/task com-
bination when the UAV finishes the task performance.

• Return: This variable represents the time point for each UAV when
it has returned and landed into its base position, and consequently
finished its duties in the mission.

• Duration Path, Distance Path, Fuel Cons. Path and Path Waypoints:
These variables represent, respectively, the time elapsed, the dis-
tance traversed, the fuel consumed and the waypoints followed
between the departure and the start of each UAV/task combination.

• Duration Task, Distance Task, Fuel Cons. Task and Task Waypoints:
These variables represent, respectively, the time elapsed, the dis-
tance traversed, the fuel consumed and the waypoints followed
between the start and the end of each UAV/task combination.

• Duration Return, Distance Return, Fuel Cons. Return and Return Way-
points: These variables represent, respectively, the time elapsed, the
distance traversed, the fuel consumed and the waypoints followed
between the end of the last task performed and the return for each
UAV.

• Duration Loiter: This variable represents the time elapsed for each
UAV/task combination between the end of the previous task per-
formed by the UAV and the departure for the present task. This
variable is higher than 0 when there exists some time dependencies
that impede the immediate performance of the task.

• UAV Paths: This variable represents the waypoints followed by each
UAV for the whole mission.

• Fuel Consumptions: This variable represents the fuel consumed by
each UAV in the whole mission, i.e. FUELu(0) − FUELu(Tmax).

• Flight Times: This variable represents the flying time of each UAV
during the whole mission, i.e. Tu.

• Distances: This variable represents the distance traversed by each
UAV in the whole mission, i.e. Du.

• Costs: This variable represents the cost spent for each UAV in the
mission, i.e. CuTu.

• Min Distance To Ground: This variable represents the minimum alti-
tude of each UAV to the ground (given by an elevation file) dur-
ing its mission flight, i.e. min

𝜏∈[TClimb
u ,TDescent

u ]Au(𝜏), where TClimb
u and

TDescent
u represent, respectively, the climb point when the UAV has

reached the flight profile altitude after the take-off, and the descent
point when the UAV starts the landing.
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Fig. 2. Graph representation of the CSP model. Variables of the CSP are represented in blue, constraints in yellow, auxiliary variables in green and objectives in red.
(For interpretation of the references to color in this figure legend, the reader is referred to the Web version of this article.)

• Min Distance Between UAV: This variable represents the minimum
distance between each pair of UAV in the mission (lowest distance
in all temporal points), i.e. min𝜏∈[0,Tmax]‖Posu1

(𝜏) − Posu2
(𝜏)‖F .

• Out of GCS Coverage: This variable represents the accumulated time
for each UAV where LOS is not maintain with the GCS in the mis-
sion.

Finally, the constraints of the CSP considered are:

• Sensor constraints: they check if a UAV has the sensors needed to
perform its assigned tasks. They are equivalent to Equation (3) in
the MCMPP definition.

• Order constraints: they check that the orders for two different tasks
assigned to the same UAV are different, and lower than the number
of tasks assigned to that UAV, i.e. ΓTU(t1, u) ≠ ΓTU(t2, u), ∀t1 ≠ t2 ∈
 ∀u ∈  .
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• Allen Temporal Dependencies and UAV Dependencies: these constraints
are related to the time and vehicle dependencies mentioned previ-
ously and represented in Equation (12) in the MCMPP definition.

• GCS constraints: they assure that the GCS assignments are correct,
UAV are assigned to GCS able to control them (GCS-UAV Type); GCS
do not overpass their maximum number of UAV(Max Num of UAV
per GCS) expressed in Equation (4); and they are located within the
GCS coverage area (Line of Sight), expressed in Equation (5).

• Path constraints: these constraints assure that the UAV perform
its path for every UAV/task combination without any incident.
In this sense, a Theta∗ algorithm [24] is used to assure that the
vehicle avoids the NFZ (Theta∗ Path NFZ Avoid), and that every
climb/descent needed for the change of altitude (Climb/Descent
Path) is attainable. These constraints are part of Equation (6) in the
MCMPP definition.

• Return constraints: they assure that each UAV perform its return
to the base without any incident, including NFZ avoidance (Theta∗
Return NFZ Avoid) and climb/descent routes (Climb/Descent Return).
These constraints are part of Equation (6) in the MCMPP definition.

• Step&Stare or Task Perform: they compute the task performance way-
points, distances, durations and fuel consumptions according to the
specific task, e.g. Mapping tasks perform a Step&Stare over the task
zone.

• Temporal constraints: they assure the consistency of all the
times and durations involved in the mission planning. This
includes that start = departure + durPath, end = start + durTask,
return = end + durReturn and durLoiter = departure − endPrev.

• Overaltitude and Overspeed: these constraints assure that the way-
points for each UAV (Final Path with Loiter) do not overpass the
speed and altitude limit of the vehicle.

• Distance to ground > 0: these constraints assure that the vehicle does
not collide with the terrain. This is equivalent to Equation (7) in the
MCMPP definition.

• Distance between vehicles > 0: they assure that UAV do not collide
during the mission. This is equivalent to Equation (8) in the MCMPP
definition.

• Fuel constraints (fuel(u) < u.fuel): they assure that the fuel con-
sumed by each vehicle is less than its initial fuel. This is equivalent
to Equation (9) in the MCMPP definition.

• Flight time constraints (flighttime(u) < u.maxFlightTime): they assure
that the total flight time for each vehicle is less than its vehicle max-
imum flight time. This is equivalent to Equation (10) in the MCMPP
definition.

• Distance constraints (distance(u) < u.range): they assure that the dis-
tance traversed by each vehicle is less than its range. This is equiv-
alent to Equation (11) in the MCMPP definition.

3. Proposed weighted-random multi-objective evolutionary
algorithm for mission planning

Real-world decision problems often require the solutions to meet
multiple performance criteria (or objectives) simultaneously, for which
they are referred to as MOP. Such objectives are often conflicting,
wherein an improvement in one objective cannot be achieved without
detriment to another objective. In this case, there is no single solu-
tion to a MOP that can be selected objectively; rather a set of solutions
exists, representing different performance trade-offs between the con-
sidered criteria. A minimization MOP can be mathematically defined as
follows:

Min
𝐱

𝐟(𝐱) = (f1(𝐱), f2(𝐱),… , fm(𝐱))T subject to 𝐱 ∈ Ω ⊆ ℝn (13)

where 𝐱 = (x1, x2,… , xn)T is a vector of n decision variables from the
decision space Ω; 𝐟 ∶ Ω → Θ ⊆ ℝm consists of a set of m objective func-
tions, and a mapping from the n-dimensional decision space Ω to the

m-dimensional objective space Θ.

Definition 1. Given two decision vectors x,y ∈ Ω, x is said to Pareto
dominate y, denoted by x ≺ y, if:

∀i ∈ {1,2,… ,m} fi(𝐱) ≤ fi(𝐲)

∃j ∈ {1,2,… ,m} fj(𝐱) < fj(𝐲) (14)

Definition 2. A decision vector x∗ ∈ Ω, is Pareto optimal if ∄x ∈ Ω,
x ≺ x∗.

Definition 3. The Pareto set PS, is defined as:

PS = {𝐱 ∈ Ω ∣ 𝐱 is Pareto optimal} (15)

Definition 4. The Pareto front PF, is defined as:

PF = {𝐟(𝐱) ∈ ℝm ∣ 𝐱 ∈ PS} (16)

The goal of evolutionary multi-objective optimization (EMO) algo-
rithms is to evolve the non-dominated objective vectors towards PF
(convergence), and also generate a good distribution of these vectors
over the PF (diversity). The most used algorithm over the last decade
in this field has been the nondominated sorting genetic algorithm-III
(NSGA-II) [26]. NSGA-II achieves convergence and diversity by relying
on two measures when comparing individuals (e.g. for selection and
deletion): The first is the non-domination rank, which measures how
close an individual is to the non-dominated front. An individual with a
lower rank (closer to the front) is always preferred to an individual with
a higher rank. If two individuals have the same non-domination rank, as
a secondary criterion, a crowding measure is used, which prefers indi-
viduals which are in rather deserted areas of the front. More precisely,
for each individual the cuboid length is calculated, which is the sum
of distances between an individual’s two closest neighbours in each
dimension. The individuals with greater cuboid length are then pre-
ferred. Fig. 3 shows an overview of these strategies.

In this approach, a previous hybrid approach based on MOEA and
CSP [27] for the MCMPP is extended to consider the characteristics of
the problem. The CSP is computed inside the fitness function of the
MOEA, checking that solutions fulfill all the constraints. In addition, to
deal with the huge search space of the problem and guide the algorithm
to find valid solutions, a biased random generator has been designed for
the initializer and mutation operator.

3.1. Encoding

The encoding of this new approach consists of six different alleles
representing the features to be assigned in the MCMPP (presented in
Section 2.1), as can be seen in Fig. 4:

1. UAV assigned to each task. This allele corresponds to the Task Assign
variable of the CSP model. If the Ti task is Multi-UAV, then this cell
contains a vector representing the different UAV assigned to this
task, as shown in Fig. 4 for tasks T1, T3 and T4. The number of
combinations, or space size, for this allele is, considering TMU the
number of Multi-UAV tasks, UT−TMU × (2U − 1)TMU .

2. Flight profiles used for each UAV in the path to an assigned task. This
allele corresponds to the Path FP variable of the CSP model. As in
the first allele, some of the cells could contain a vector if the cor-
responding task is performed by several UAV. The possible values
considered in this approach are min (minimum consumption pro-
file) and max (maximum speed profile). The space size for this allele
is 2T−TMU × (2U+1 − 2)TMU .

3. Sensors used for the task performance by each UAV. This allele cor-
responds to the Sensor Assign variable of the CSP model. These vari-
ables are necessary when the vehicle performing the task has several
sensors that could perform that task. The values considered in this
approach are eiS (EO/IR sensor), sR (SAR radar), iR(ISAR radar) and
mR (MPR radar). The space size for this allele depends on the num-
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Fig. 3. NSGA-II overview of multiobjective strategies.

Fig. 4. Example of an individual that represents a possible solution for a prob-
lem with 5 tasks, 3 UAV and 2 GCS.

ber of sensors for each vehicle. Considering that all vehicles have s
sensors, then the space size is sT−TMU × (∑U

i=1 si)TMU .
4. Permutation of the task orders. This allele corresponds to the Orders

variable of the CSP model. These values indicate the absolute order
of the tasks. It is only used if there are several tasks assigned to
the same UAV (e.g. in Fig. 4, UAV 1 performs tasks 1, 4 and 5 in
this order). In a previous publication [28], it was shown that this
representation, although it is not injective, is more efficient than
using the orders for each pair task-UAV. The space size for this allele
is T!.

5. GCS controlling each UAV. What GCS is assigned to monitor what
UAV. This allele corresponds to the GCS Assign variable of the CSP
model. The space size for this allele is GU.

6. Flight Profiles used by each UAV to return to the base. This allele
corresponds to the Return FP variable of the CSP model. The space
size for this allele is 2U.

The multiplication of the space sizes for each allele provides the
total search space size of the problem, which shows the high complexity
of adding a task, UAV or GCS to the problem.

In order to reduce this huge search space, some constraints have
been used within the initialization and the mutation operator in order
to assure that the solutions generated are more likely to be valid. These
constraints considered are:

• Sensor constraints: In the task assignments, a UAV is selected if and
only if it has the appropriate sensor to perform the task.

• GCS-UAV type constraints: In the GCS assignments, a GCS is selected
for controlling a UAV if and only if the GCS is able to handle that
type of vehicle.

• Allen Temporal Dependencies: In the order permutation, when gener-
ating the permutation, if there is some precedence or meets depen-
dency, then this precedence is checked, and if not satisfied, these
values are swapped in the permutation.

3.2. Weighted strategies for biased random generator

Usually, the first population for a MOEA is generated randomly. But
sometimes, in order to reduce the convergence time, if some knowledge
about the problem is provided, it can be used to guide the search of
solutions.

This information can be expressed as a high probability but not abso-
lute certainty of (e.g. in the vehicle routing problem (VRP) with multi-
ple vehicles [29,30], it is highly probable that the best vehicle for going
to a waypoint is the nearest to it in the space; but this is not always true
as sometimes it implies other waypoints far from this but also near to
the vehicle to remain unassigned due to fuel or flight time constraints).
In order to consider this kind of information appropriately, weighted
strategies can be used. These strategies are used instead of the typi-
cal random generator inside the MOEA, in both creation and mutation,
and assigns different probabilities for each of the possible values of the
genes.

In this paper, three strategies are proposed to be considered:

• Arithmetic strategy: This strategy gives a lower probability to less
probable values following an inverse arithmetic progression (i.e.
N−i
N , with N the biggest value and i the value considered). For an

integer set of N values where the bigger the value, the lower its
probability, the weight for each value using the arithmetic strategy
will be as follows:

8
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∀i ∈ 1‥N, weight[i] = N − i
N

(17)

• Harmonic strategy: This strategy gives a lower probability to less
probable values following a harmonic progression (i.e. 1

i , with i the
value considered). For an integer set of N values where the bigger
the value, the lower its probability, the weight for each value using
the harmonic strategy will be as follows:

∀i ∈ 1‥N,weight[i] = 1
i

(18)

• Geometric strategy: This strategy gives a lower probability to less
probable values following an inverse geometric progression (i.e. 1

2i ,
with i the value considered). For an integer set of N values where
the bigger the value, the lower its probability, the weight for each
value using the geometric strategy will be as follows:

∀i ∈ 1‥N,weight[i] = 1
2i (19)

These different strategies are represented in Fig. 5 for a case with a
maximum of 5 integer values with decreasing probability. In this figure,
the constant strategy represents the typical random generator, where all
values have the same probability.

Here, we can see that with the geometric approach, it is more likely
to select value 1, while the harmonic and the arithmetic approach have
lower probabilities. With the arithmetic approach, the decrease in the
probabilities is linear, while in the geometric approach the decay is
exponential. On the other hand, the harmonic approach provides a
larger decrease for the first values, but lower for the last ones. Based
on this, the use of the arithmetic approach is more suitable when the
certainty of selecting the most likely value is not very high, so other
less probable values could be easily selected. The harmonic approach
should be instead used when the certainty of selecting the most proba-
ble value is high and selecting the less probable values is indifferent for
the final result. Finally, the geometric approach becomes useful when
the certainty of selecting the most probable value is very high, and the
less certain any other value is, the less likely is to obtain good results
using this weight distribution.

In this approach, we have implemented a biased random generator
for the formation of new individuals. This biased random generator is
applied in three parts of the encoding:

• Number of UAV Selection (NUS): for Multi-UAV tasks, the selection
of the number of UAV is performed using a weighted strategy. In
the previous hybrid approach, most of the optimization objectives
(except for the makespan) used as fitness function, obtained better
results when the number of UAV assigned for these tasks is low. For
this reason, the new weighted random function provides a lower
probability for higher numbers of UAV.

• Distance-based UAV Selection (DUS): for any task, the selection of the
UAV(s) to perform it, is done through a weighted strategy depen-
dant on the distance from the UAV(s) to the task. In each mission,
there are different vehicles that can perform the same task. Due to
this, the selection of the UAV(s) commanded to perform a specific

task could hinge on the distance of every UAV(s) to the task at hand.
UAV(s) closer to the task would spent less time to arrive to the loca-
tion where the task must be performed, and therefore obtain better
solutions with less fuel consumption, flight time, etc. So, the closer
the UAV is to the task, the higher the probability of being selected.

• Distance-based GCS Selection (DGS): for any UAV, the selection of the
GCS controlling it, is done through a weighted strategy dependant
on the distance from the UAV to the GCS. The closer the GCS is to
the UAV, the higher the probability of being selected.

In order to assume different orders of consistency for the selection
of the UAV number, several strategies have been proposed for the NUS
weighted random function:

• Arithmetic: ∀i = 1‥U,weight[i] = U−i
U

• Harmonic: ∀i = 1‥U,weight[i] = 1
i

• Geometric: ∀i = 1‥U,weight[i] = 1
2i

These different strategies are represented in Fig. 5 for a case with a
maximum of 5 UAV. Here, we can see that with the geometric approach,
it is more likely to select just 1 UAV, while the harmonic and the
arithmetic approach have lower probabilities. The constant approach
(uniform random function) gives the same probability to every possible
number of UAV to be used.

On the other hand, the same strategies have been implemented for
the DUS weighted random function. However, in this case instead of
the number of UAV, the distance from each one to the task is used:

• Arithmetic: ∀t ∈  ,∀u ∈  ,weight[t, u] =
maxj∈ ‖Posu(0)−Posj‖F−‖Posu(0)−Post‖F

maxj∈ ‖Posu(0)−Posj‖F

• Harmonic: ∀t ∈  ,∀u ∈  ,weight[t, u] = 1
‖Posu(0)−Post‖F

• Geometric: ∀t ∈  ,∀u ∈  ,weight[t, u] = 1
2‖Posu(0)−Post ‖F

Finally, in a similar way, these strategies are used with the DGS
weighted random function:

• Arithmetic: ∀u ∈  ,∀g ∈ ,weight[u, g] =
maxj∈‖Posu(0)−Posj‖F−‖Posu(0)−Posg‖F

maxj∈‖Posu(0)−Posj‖F

• Harmonic: ∀u ∈  ,∀g ∈ ,weight[u, g] = 1
‖Posu(0)−Posg‖F

• Geometric: ∀u ∈  ,∀g ∈ ,weight[u, g] = 1
2‖Posu(0)−Posg ‖F

3.3. Algorithm

The weighted-random NSGA-II (WRNSGA-II) is presented in Fig. 6.
In this new approach, firstly a weighted random generation of the ini-
tial population is performed. Then this initial population evolves using
a multi-objective evolutionary algorithm based on NSGA-II approach
[26].

The population weighted random initialization generates a set of 𝜆
weighted random individuals, each one generated using the function
presented in Algorithm 1. First, the number of UAV to be used when
tasks are Multi-UAV is selected (Lines 4–8) using the provided NUS
strategy. Then, the concrete UAV to be used are selected (Lines 10–14)

Fig. 5. Weighted strategies considered with 5 integer values of decreasing probability.
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Fig. 6. Overview of WRNSGA-II algorithm for mission planning.

according to the provided DUS strategy. After that, the permutation
orders, path flight profiles and sensors used are selected randomly as
usual. In Lines 20–23, it is shown how the GCS controlling the vehicles
are selected according to the DGS strategy. In this algorithm, the costs
computed for strategies are represented as cNUS, cDUS and cDGS. In
both DUS and DGS, the geodesic distance function used to compute the
distances between tasks, vehicles and ground stations is represented
as d.

For all these selections, a general strategy function returning the cost
for each value has been designed (Algorithm 2), as well as a weighted
random function which returns a weighted random value according to
the costs provided (Algorithm 3).

The evaluation of the individuals is performed by a fitness function
that first checks that all the constraints of the MCMPP are fulfilled for
a given solution. For this, a CSP solver is used to check if the con-
straints are satisfied for a concrete solution. When the solution is not
valid according to the CSP, then the number of unfulfilled constraints is
returned, and used as the optimization criteria with other invalid solu-
tions. On the other hand, if all constraints are fulfilled, the fitness works
as a multi-objective function minimizing the objectives of the problem
presented in Section 2.

A tournament selection is used to provide the individuals that will
be chosen to apply the genetic operators. The crossover operator con-
sists of an extension of the 2-point crossover and the partially-matched
crossover (PMX) independently applied to each allele of the chromo-
some, where a 2-point crossover is applied to the 3 first alleles of size
T · U, PMX is applied to the fourth allele (the permutation of orders),
and another 2-point crossover is applied to the fifth and sixth alleles of
size U. The mutation operator is also an extension of the uniform and
the insert mutation applied to each allele using the same criterion as in

the crossover. This mutation operator is combined with the biased random
generator in order to produce new individuals based on the weighted
random functions previously explained.

Finally, the stopping criteria designed for this algorithm compares
the non dominated solutions obtained so far at each generation with
the solutions from the previous one. If the solutions from a previous
generation remains unchangeable for a number of generations, then
the algorithm will stop and return these solutions as an approximation
of the POF.

4. Experimental results

In these experiments, the main goal is to test which of the strate-
gies proposed (and previously defined in Section 3.3) best fits for each
weighted random functions (NUS, DUS and DGS) used in a particular
set of mission planning problems. The experiments are divided in two
parts: first, the different NUS, DUS and DGS strategies are applied and
compared independently, i.e. the different NUS strategies are compared
between them to get the best one, as well as the different DUS and the
different DGS strategies. These strategies are compared against the pre-
vious approach, which is represented as the constant strategy. Then, the
best of these strategies for each part are selected and joined to obtain
the best combination of strategies. This combination is tested and com-
pared against the previous results.

For this purpose, a set of 16 missions of different complexity has
been designed. These datasets are presented in Table 1, where the dif-
ferent number of tasks (and Multi-UAV tasks), UAV, GCS, NFZ and time
dependencies are shown.

The setup parameters of the WRNSGA-II are as follows. The selec-
tion criteria (𝜇 + 𝜆) used was 30 + 300, where 𝜆 is the offspring size,
and 𝜇 the elitism size, i.e. the number of the best parents that survive
from the current generation to the next one. The mutation probability
is 10%, and the number of generations used in the stopping criteria is
10. Each problem is run 10 times, and the average and standard devia-
tion of the hypervolume [31] of the obtained solutions are calculated.
The hypervolume has been computed using the normalized values of
the objectives variables. Moreover, the number of generations needed
to converge are extracted for each case. Instead of studying the compu-
tation time directly, which depends on the hardware and programming
language used, the number of generations needed to converge, (which
are proportional to the computation time) are studied in these experi-
ments.

For the sake of validating the statistical significance of the obtained
results, the distributions of the metric values obtained by the different
methods on each dataset have been compared by means of a nonpara-

Table 1
Features of the different datasets designed.

Dataset Id. Tasks Multi-UAV
Tasks

UAV GCSs NFZs Time
Dependencies

1 5 0 3 1 0 0
2 6 1 3 1 1 0
3 6 1 4 2 2 1
4 7 1 5 2 1 2
5 8 2 5 2 3 1
6 9 2 5 2 0 2
7 9 2 6 2 2 2
8 10 2 6 2 3 3
9 11 3 6 2 3 2
10 12 3 7 3 0 2
11 12 3 8 3 2 3
12 13 4 7 3 4 4
13 14 4 8 3 0 3
14 15 4 9 3 5 4
15 16 4 9 3 4 4
16 16 5 10 3 5 5

10
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Algorithm 1 WeightedRandomIndividual (M, NUS, DUS, DGS).

Algorithm 2 Strategy (value, max, strategy).

Algorithm 3 WeightedRandomValue (values, costs).
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Table 2
Comparative assessment of the different weighted strategies used in NUS. Results show the average ± standard deviation for the hypervolume and
the number of generations. For each dataset the best obtained result is marked in bold.

Id. Constant Strategy Arithmetic Strategy Harmonic Strategy Geometric Strategy

Hypervol. No. Gen. Hypervol. No. Gen. Hypervol. No. Gen. Hypervol. No. Gen.

1 0.80 ± 1e−6 41 ± 6 0.80 ± 1e−6 46 ± 7 0.80 ± 1e−6 41 ± 5 0.80 ± 1e−6 44 ± 7
2 0.72 ± 1e−3 253 ± 19 0.72 ± 2e−3 243 ± 25 0.72 ± 1e−3 231 ± 23 0.72 ± 3e−3 233 ± 17
3 0.69 ± 0.01 395 ± 26 0.68 ± 0.03 382 ± 27 0.69 ± 0.01 368 ± 30 0.69 ± 0.02 363 ± 25
4 0.74 ± 0.02 593 ± 46 0.74 ± 0.03 578 ± 35 0.73 ± 0.04 543 ± 37 0.74 ± 0.01 537 ± 21
5 0.68 ± 0.04 408 ± 32 0.67 ± 0.06 393 ± 36 0.68 ± 0.03 376 ± 29 0.69 ± 0.02 370 ± 31
6 0.63 ± 0.04 697 ± 38 0.63 ± 0.04 654 ± 39 0.63 ± 0.05 626 ± 36 0.63 ± 0.03 601 ± 38
7 0.57 ± 0.08 865 ± 41 0.57 ± 0.07 812 ± 39 0.57 ± 0.08 777 ± 36 0.57 ± 0.07 759 ± 37
8 0.40 ± 0.10 968 ± 31 0.42 ± 0.08 928 ± 35 0.43 ± 0.10 880 ± 33 0.43 ± 0.08 846 ± 26
9 0.26 ± 0.12 1000 ± 1 0.31 ± 0.14 998 ± 3 0.33 ± 0.13 976 ± 15 0.33 ± 0.11 951 ± 18
10 0.15 ± 0.08 1000 ± 0 0.23 ± 0.14 1000 ± 1 0.26 ± 0.10 997 ± 2 0.28 ± 0.09 992 ± 4
11 0.05 ± 0.06 1000 ± 0 0.12 ± 0.10 1000 ± 0 0.19 ± 0.09 1000 ± 0 0.24 ± 0.04 1000 ± 0
12 1e−3 ± 2e−3 1000 ± 0 0.03 ± 0.01 1000 ± 0 0.05 ± 0.01 1000 ± 0 0.11 ± 0.06 1000 ± 0
13 2e−5 ± 3e−5 1000 ± 0 3e−3 ± 3e−4 1000 ± 0 0.01 ± 6e−3 1000 ± 0 0.06 ± 0.01 1000 ± 0
14 0 ± 0 1000 ± 0 0 ± 0 1000 ± 0 2e−3 ± 7e−4 1000 ± 0 0.01 ± 2e−3 1000 ± 0
15 0 ± 0 1000 ± 0 0 ± 0 1000 ± 0 0 ± 0 1000 ± 0 0 ± 0 1000 ± 0
16 0 ± 0 1000 ± 0 0 ± 0 1000 ± 0 0 ± 0 1000 ± 0 0 ± 0 1000 ± 0

metric Kruskal-Wallis test [32]. This test represents the nonparamet-
ric version of the classical one-way ANOVA and is an extension of the
Wilcoxon rank sum test to groups larger than 2. To this end, the test
compares the medians of the group, and returns the P value for the null
hypothesis that all samples are drawn from the same population (or
equivalently, from different populations with the same distribution). If
the P value is lower than a predefined 𝛼, we can infer that the null
hypothesis does not hold, that is, at least one sample median in the
group is significantly different from the others, with (1 − 𝛼) level of
confidence, then to determine which sample medians are statistically
different, we have applied this multiple comparison procedure with
𝛼 = 0.05 (thus, with a 95% level of confidence).

In the first experiment, a comparative assessment of the different
strategies for the NUS weighted random function has been carried out,
as shown in Table 2. These results show that the new strategies for
the NUS weighted random function help reducing the number of gen-
erations needed to converge while maintaining the hypervolume of the
solutions. Concretely, the effects of these strategies are specially appre-
ciated in datasets with a bigger number of Multi-UAV tasks. The statis-
tical significance of the results could be checked through the Kruskal-
Wallis test, showing a significant relevance (p < 0.05) for the results
obtained in terms of number of generations needed to converge for
datasets 4–9, while a significant relevance is provided for datasets

10–14 in terms of hypervolume. In datasets 1, the results are quite the
same for the different strategies, so they are irrelevant, as datasets 2 and
3, which did not reach a significance relevance through the Kruskall-
Wallis test. Datasets 15 and 16, on the other hand, did not reach any
solution. It can be also appreciated as dataset 14, which did not find
any solution using the common NSGA-II (constant strategy), could find
solutions in some of the executions with the harmonic and geomet-
ric strategies. In general, the geometric strategy got better results in
terms of number of generations needed to converge (it was the fastest
approach), so we selected this strategy for the NUS weighted random
function.

We next proceed by analyzing the results of the experiments per-
formed with the different strategies for the DUS weighted random func-
tion, which are presented in Table 3.

As can be seen, these results show that applying any of the strate-
gies highly outperformed the convergence of the algorithm due to the
guidance of the search. The Kruskal-Wallis test confirmed the signif-
icance relevance of the different strategies compared to the common
NSGA-II (constant strategy) in either terms of number of generations
and/or hypervolume, except for dataset 16, which did not converge in
any case. In the first datasets it can be appreciated that the geometric
strategy attains the best results, but as the complexity of the problem
increases, the hypervolume for this strategy gets lower, probably due to

Table 3
Comparative assessment of the different weighted strategies used in DUS. Results show the average ± standard deviation for the hypervolume and the
number of generations. For each dataset the best obtained result is marked in bold.

Id. Constant Strategy Arithmetic Strategy Harmonic Strategy Geometric Strategy

Hypervol. No. Gen. Hypervol. No. Gen. Hypervol. No. Gen. Hypervol. No. Gen.

1 0.80 ± 1e−6 41 ± 6 0.80 ± 2e−6 40 ± 6 0.80 ± 1e−6 39 ± 5 0.80 ± 2e−6 39 ± 6
2 0.72 ± 1e−3 253 ± 19 0.72 ± 2e−3 249 ± 25 0.72 ± 1e−3 240 ± 23 0.72 ± 3e−3 238 ± 17
3 0.69 ± 0.01 395 ± 26 0.69 ± 0.02 366 ± 24 0.69 ± 0.01 354 ± 18 0.68 ± 0.03 345 ± 17
4 0.74 ± 0.02 593 ± 46 0.73 ± 0.04 566 ± 29 0.74 ± 0.02 531 ± 33 0.73 ± 0.02 519 ± 25
5 0.68 ± 0.04 408 ± 32 0.68 ± 0.05 365 ± 30 0.67 ± 0.03 351 ± 26 0.64 ± 0.02 342 ± 25
6 0.63 ± 0.04 697 ± 38 0.62 ± 0.03 621 ± 29 0.63 ± 0.04 572 ± 41 0.61 ± 0.03 539 ± 63
7 0.57 ± 0.08 865 ± 41 0.57 ± 0.07 789 ± 40 0.56 ± 0.08 751 ± 34 0.51 ± 0.11 710 ± 72
8 0.40 ± 0.10 968 ± 31 0.43 ± 0.08 879 ± 37 0.44 ± 0.10 848 ± 32 0.40 ± 0.13 825 ± 69
9 0.26 ± 0.12 1000 ± 1 0.40 ± 0.10 975 ± 15 0.42 ± 0.09 929 ± 45 0.38 ± 0.15 903 ± 89
10 0.15 ± 0.08 1000 ± 0 0.29 ± 0.09 996 ± 3 0.33 ± 0.10 972 ± 12 0.29 ± 0.15 921 ± 78
11 0.05 ± 0.06 1000 ± 0 0.19 ± 0.10 1000 ± 0 0.25 ± 0.08 1000 ± 0 0.21 ± 0.13 956 ± 98
12 1e−3 ± 2e−3 1000 ± 0 0.12 ± 0.12 1000 ± 0 0.19 ± 0.07 986 ± 69 0.15 ± 0.13 936 ± 123
13 0 ± 3e−5 1000 ± 0 0.04 ± 0.01 1000 ± 0 0.10 ± 0.02 972 ± 54 0.06 ± 0.01 902 ± 92
14 0 ± 0 1000 ± 0 5e−3 ± 4e−3 997 ± 25 0.02 ± 0.01 982 ± 68 0.03 ± 4e−3 897 ± 142
15 0 ± 0 1000 ± 0 0 ± 0 1000 ± 0 1e−3 ± 4e−3 967 ± 101 0.01 ± 2e−3 902 ± 168
16 0 ± 0 1000 ± 0 0 ± 0 1000 ± 0 0 ± 0 1000 ± 0 0 ± 0 1000 ± 0
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Table 4
Comparative assessment of the different weighted strategies used in DGS. Results show the average ± standard deviation for the hypervolume and
the number of generations. For each dataset the best obtained result is marked in bold.

Id. Constant Strategy Arithmetic Strategy Harmonic Strategy Geometric Strategy

Hypervol. No. Gen. Hypervol. No. Gen. Hypervol. No. Gen. Hypervol. No. Gen.

1 0.80 ± 1e−6 41 ± 6 0.80 ± 2e−6 44 ± 5 0.80 ± 1e−6 42 ± 6 0.80 ± 1e−6 45 ± 5
2 0.72 ± 1e−3 253 ± 19 0.72 ± 1e−3 256 ± 15 0.72 ± 3e−3 251 ± 18 0.71 ± 2e−3 255 ± 20
3 0.69 ± 0.01 395 ± 26 0.68 ± 0.01 390 ± 20 0.69 ± 0.02 388 ± 17 0.69 ± 0.02 383 ± 18
4 0.74 ± 0.02 593 ± 46 0.74 ± 0.01 591 ± 40 0.74 ± 0.02 573 ± 38 0.74 ± 0.01 560 ± 31
5 0.68 ± 0.04 408 ± 32 0.68 ± 0.03 398 ± 34 0.68 ± 0.04 385 ± 36 0.67 ± 0.04 379 ± 27
6 0.63 ± 0.04 697 ± 38 0.63 ± 0.03 676 ± 38 0.63 ± 0.04 641 ± 36 0.62 ± 0.02 620 ± 43
7 0.57 ± 0.08 865 ± 41 0.57 ± 0.06 812 ± 35 0.57 ± 0.06 795 ± 40 0.55 ± 0.07 778 ± 55
8 0.40 ± 0.10 968 ± 31 0.41 ± 0.10 938 ± 36 0.43 ± 0.09 901 ± 40 0.42 ± 0.10 889 ± 47
9 0.26 ± 0.12 1000 ± 1 0.30 ± 0.09 983 ± 9 0.32 ± 0.08 962 ± 15 0.30 ± 0.10 946 ± 30
10 0.15 ± 0.08 1000 ± 0 0.26 ± 0.09 998 ± 2 0.29 ± 0.08 986 ± 9 0.26 ± 0.11 942 ± 56
11 0.05 ± 0.06 1000 ± 0 0.17 ± 0.10 1000 ± 0 0.21 ± 0.09 1000 ± 0 0.19 ± 0.11 976 ± 89
12 1e−3 ± 2e−3 1000 ± 0 0.09 ± 0.06 1000 ± 0 0.13 ± 0.08 1000 ± 0 0.10 ± 0.10 967 ± 102
13 0 ± 3e−5 1000 ± 0 0.02 ± 8e−3 1000 ± 0 0.07 ± 0.01 1000 ± 0 0.03 ± 5e−3 938 ± 103
14 0 ± 0 1000 ± 0 0 ± 0 1000 ± 0 0 ± 0 1000 ± 0 0 ± 0 1000 ± 0
15 0 ± 0 1000 ± 0 0 ± 0 1000 ± 0 0 ± 0 1000 ± 0 0 ± 0 1000 ± 0
16 0 ± 0 1000 ± 0 0 ± 0 1000 ± 0 0 ± 0 1000 ± 0 0 ± 0 1000 ± 0

local minima. For this purpose the harmonic strategy gets better results,
so it will be regarded as the best-performing strategy for the final exper-
iment.

Then, we consider the DGS weighted random function. The results of
the experiments performed with the different strategies for this function
are presented in Table 4.

In this case, the behaviour is similar to DUS strategies, where the
geometric strategy is better for the first datasets, but for more com-
plex datasets, it gets stuck in local minima. The Kruskal-Wallis test is
once more applied to confirm the significance relevance of the different
strategies compared to the common NSGA-II in either terms of num-
ber of generations and/or hypervolume, showing relevance in datasets
5–13. So, as before, the harmonic strategy gets better results for more
complex datasets, so it will be taken as the better strategy for the final
experiment.

In the final experiment, we took the best strategies obtained in the
previous experiments (geometric for NUS, harmonic for DUS and har-
monic for DGS) and used the all together in the algorithm. The results
obtained are shown in Table 5, where the average, standard deviation
and p-value obtained in the Kruskall-Wallis test (in comparison with the
common NSGA-II approach with no strategies applied) are presented for
both the hypervolume obtained and the number of generations needed
to converge.

Table 5
Results (average∕standard deviation∕Kruskall-Wallis
p-value) obtained with the best combination of strategies
(geometric NUS, harmonic DUS and harmonic DGS).

Id. Hypervolume No. Generations

1 0.80∕1e−6∕0.76 39∕7∕0.31
2 0.71∕4e−3∕0.56 203∕12∕0.06
3 0.69∕0.03∕0.65 274∕21∕0.03
4 0.74∕0.02∕0.54 486∕24∕0.04
5 0.68∕0.05∕0.48 334∕29∕0.03
6 0.63∕0.02∕0.45 519∕37∕0.03
7 0.56∕0.10∕0.54 703∕41∕0.04
8 0.48∕0.09∕0.41 808∕34∕0.04
9 0.51∕0.08∕0.36 876∕31∕0.03
10 0.36∕0.09∕0.09 916∕26∕0.04
11 0.28∕0.12∕0.05 987∕9∕0.02
12 0.31∕0.07∕0.04 998∕3∕4e−3

13 0.26∕0.03∕0.04 1000∕1∕7e−5

14 0.29∕0.01∕0.04 1000∕0∕1.0
15 0.16∕5e−3∕0.04 1000∕0∕1.0
16 0.06∕5e−3∕0.04 1000∕0∕1.0

These results show a notable improvement in the reduction of the
number of generations needed to converge for complex datasets, which
reflect an increased convergence rate. In addition, some valid solutions
were obtained for dataset 16, where other approaches did not reach any
solution. As the stopping criteria used for convergence checks that the
non-dominated solutions obtained remain unchangeable for 10 gener-
ations, it is common that for the most complex datasets, with a lot of
solutions in the POF, the algorithm did not reach the complete POF
before the 1000 generations limit.

As there are 7 objectives to optimize, in order to visualize the form
of the Pareto fronts obtained for each dataset, a parallel coordinates
visualization [33] has been used to represent the solutions obtained.
In order to ease the visualization and interpretation of the interplay
between the different objectives, z-scores are used in these parallel
plots, so changes are smoother depending on the standard deviation
of the values for each objective.

For instance, in Fig. 7, the parallel coordinates visualization for
dataset 4 is presented, where we can clearly distinguish several sets
of solutions that have been clustered in different colors. In blue, it is
appreciable that there are some solutions that have a high makespan,
but instead have low values for the rest of variables. The red solutions
are similar, but decreasing the makespan value while increasing the
others except for the risk, fuel and number of UAV, which remain the
lowest. Green solutions have the highest values for cost, flight time and
distance, while preserving a medium value for makespan, fuel, risk and
number of UAV. Purple solutions present the highest values for fuel
and risk, but have the lowest values for makespan. Orange solutions
also have low values for makespan and high values for risk and number
of UAV, while the rest of variables have medium-high values. Finally,
brown and yellow solutions have medium values for most variables,
except for risk in some cases.

As the complexity of the problem increases, there are more non-
dominated solutions and most times they are more scattered, so the
visualization becomes harder. For example, Fig. 8 shows the paral-
lel coordinates visualization for dataset 9. Here, it is more difficult
to appreciate sets of solutions. In blue, some solutions with low cost,
fuel and distance, but high risk and medium number of UAV are repre-
sented. Green solutions present a high value for fuel, while maintaining
low values for flight time and number of UAV. Yellow solutions present
a low number of UAV but a high risk. Purple solutions have high cost,
flight time and distance, but low risk. Red solutions have the highest
makespan, while orange solutions have the lowest, but the rest of vari-
ables are very scattered for these solutions.
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Fig. 7. Parallel Coordinates Visualization of the solutions obtained for dataset 4.

Fig. 8. Parallel coordinates visualization of the solutions obtained for dataset 9.

In these cases, sometimes is useful to use another type of visualiza-
tion, such as radial visualization (RadViz) [34], in order to visualize
the clusterization of the solutions. The RadViz plot for dataset 9 can be
seen in Fig. 9, maintaining the same colors used in Fig. 8. In this plot,
we can see that the same solutions clustered in the parallel coordinates
approach are grouped together in RadViz (except for pink solutions,
which represent the remaining solutions that were not clustered). In this
visualization, we can appreciate how some sets of solutions approach to
some objectives (when they have higher values) while they keep away
from others (when they have lower values), e.g. blue solutions are very
close to risk and number of UAV, because these solutions are worse
for these variables, while they stay far from the rest of variables, were

they performed better. In this sense, the solutions more centered in the
graph, represent the ones having middle values for most variables, e.g.
some pink solutions and the purple solutions. On the other hand, the
yellow solutions keep away from the number of UAV, which are bet-
ter optimized, but we can appreciate how some of them stay close to
the cost, while other approach to the makespan, because they get dif-
ferent results in these two variables. Besides, the red solutions clearly
approach the makespan, were they have the biggest value for this vari-
able. It can be noticed that some color/solution pair sets are merged
together, such as yellow and green solutions, or orange and brown solu-
tions. This is due to the big similarities between these groups, were only
one or two variable behave differently, and usually these variables still
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Fig. 9. Radial visualization (RadViz) of the solutions obtained for dataset 9.

remain close, with no big numeric difference between them, e.g. green
and yellow are mostly similar except for some yellow solutions that get
better results in terms of fuel and cost, while green solutions do not.

With the combination of these two visualization methods, we can
conclude that for complex datasets, as dataset 9, where there is a big
number of solutions and they are highly sparsed, it is possible to appre-
ciate some behaviors in terms of clustering of solutions, although most
of these clusters are merged between them.

5. Conclusions

In this paper we have presented a new weighted random MOEA-
CSP approach for solving the Multi-UAV mission planning problem. The
presented approach considers missions consisting of several tasks to be
performed by several UAV using a specific sensor. Each UAV is con-
trolled by a GCS and use specific flight profiles. The problem has been
modelled as a CSP where the encoding of the MOEA considers the same
variables as the CSP. Thereby, the fitness function can use the CSP to
check if solutions are valid, and then a multi-objective fitness function
optimizing several objectives is considered.

In addition, a biased random generator has been designed in order
to guide the generation of new individuals. This generator improves the
selection of the number of UAV for Multi-UAV tasks, and the selection
of the UAV based on the distance to the task. For each selection, three
strategies (arithmetic, harmonic and geometric) have been proposed to
be used as weighted random functions.

The experiments performed over several missions show that this
new approach outperforms the results obtained previously in terms of
increased convergence rate. In addition, when the scenario of the mis-
sion is not favourable for the proposed weighted random approach, we
obtain similar results to the previous approach. Moreover, this approach
has resulted very helpful for problems of big complexity where conver-
gence is difficult.

The main lack in this approach is the huge number of solutions
obtained when missions are complex, which makes it difficult to select
the final solution to be executed by the operator. Future works will
focus on developing a decision 838 support system (DSS) for this prob-
lem, in order to select a few solutions among those obtained by the
algorithm according to some quality metrics and the GCS operator pro-
file.
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Abstract: Unmanned Aerial Vehicles (UAVs) have become very popular in the last decade due to
some advantages such as strong terrain adaptation, low cost, zero casualties, and so on. One of
the most interesting advances in this field is the automation of mission planning (task allocation)
and real-time replanning, which are highly useful to increase the autonomy of the vehicle and
reduce the operator workload. These automated mission planning and replanning systems require a
Human Computer Interface (HCI) that facilitates the visualization and selection of plans that will
be executed by the vehicles. In addition, most missions should be assessed before their real-life
execution. This paper extends QGroundControl, an open-source simulation environment for flight
control of multiple vehicles, by adding a mission designer that permits the operator to build complex
missions with tasks and other scenario items; an interface for automated mission planning and
replanning, which works as a test bed for different algorithms, and a Decision Support System (DSS)
that helps the operator in the selection of the plan. In this work, a complete guide of these systems
and some practical use cases are provided.

Keywords: decision support system; ground control station; mission planning; multi-objective
optimization; QGroundControl; unmanned aerial vehicles

1. Introduction

The use of Unmanned Aerial Vehicles (UAVs), also referred to as drones, has highly increased
in the last decade, becoming very popular in many applications including traffic monitoring [1],
agriculture [2] or disaster and crisis management [3], since they avoid risking human lives while their
manageability permits reaching areas that are hard to access. These vehicles are usually controlled by
a number of operators inside one or more Ground Control Stations (GCSs), depending on the size of
the mission.

Automated mission planning over a swarm of UAVs remains to date a challenging research
trend in regards to this particular type of aircraft. This problem involves generating tactical goals,
commanding vehicles, risk avoidance, coordination and timing. Currently, UAVs are controlled
remotely by human operators using rudimentary planning systems, such as pre-configured plans,
classical planners that are not able to cope with the entire complexity of the problem or manually
provided schedules. Some recent works [4,5] have provided more efficient approaches to solve the
Multi-UAV Cooperative Mission Planning Problem (MCMPP) considering several features of the
problem such as time constraints, fuel constraints, sensor constraints, etc. Due to its complexity and
multiple conflicting criteria (e.g., makespan, cost or risk of the mission), multi-objective solvers such as
Multi-Objective Evolutionary Algorithms (MOEAs) have been used in these works.

One of the most challenging problems in this field is mission replanning, which implies a new
planning for the previous mission plan due to certain incidences, such as a vehicle or sensor failure or
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a new task arrival, during the real-time execution of the mission. A few recent works have developed
systems that deal with automated mission replanning, based on a repair of the previous plan [6],
or performing a full replanning of the mission in a limited runtime [7].

Due to the complexity and multiple conflicting objectives of this problem, several non-dominated
solutions (i.e., the Pareto Optimal Frontier (POF)) are obtained. This situation hinders the process of
decision making for the operator when selecting the final plan. In order to reduce his/her workload,
a Decision Support System (DSS) can be provided to help the operator in the plan selection. This DSS
can work in two steps: first, inside the mission planning algorithm, focusing the search of solutions on
the most relevant ones, which can be made using a knee point-based MOEA [8]. Secondly, once the
most relevant solutions are returned, the solutions are ranked using some Multi-criteria Decision
Making (MCDM) technique based on the operator preferences and filtered based on the similarity of
the obtained solutions.

All of these techniques developed to solve the mission planning and replanning problems must be
properly tested by expert operators in a simulated environment before they are considered apt for real
UAV missions. In this work, QGroundControl [9], an open-source ground control station simulator,
has been extended by adding an automated planning interface, so this framework can work as a
test bed for mission planning and replanning algorithms, and also for decision making methods.
This extension allows operators to automatically plan a mission, simulate this plan and then perform a
replanning during the execution.

Additionally, in order to ease the entry of the definition of the mission and the scenario, a graphical
mission designer has been built inside QGroundControl. This designer permits creating a mission
with all its elements (UAVs, tasks, GCSs, No Flight Zones (NFZs), etc.). After that, the mission can be
automatically planned and the generated plans can be visualized. Finally, one of these plans can be
executed, and the UAVs are monitored all together. The architecture of the proposed framework is
presented in Figure 1. This extended tool is not publicly accessible at the moment due to confidential
issues (if the reader is interested in testing the current version of the framework, please contact the
corresponding author).

Figure 1. Architecture of the framework extended from QGroundControl, including mission
(re)planning and decision support.

The following sections are as follows: Section 2 provides a background and related works on
ground control station frameworks and test bed interfaces. Section 3 describes the mission designer
and its components. Section 4 explains the mission planning problem and how the automated mission
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planner and the DSS have been integrated within QGroundControl. Section 5 explains the mission
replanning problem and how it has been integrated in the simulation environment. Section 6 presents
some use cases that have been performed to prove the functionalities developed by creating, planning,
simulating and replanning a mission. Finally, Section 7 draws some conclusions and future work.

2. Related Work

In the last few years, some works have proposed UAV simulation environments for supervisory
flight control [10], coordination [11] or training [12].

When working with simulation and control of UAVs, there are two types of software that must
be differentiated: the autopilot software and the GCS software. The autopilot automatically controls
the trajectory of the UAV and can provide the telemetry of the vehicle. The most known autopilot
simulators are ArduPilot [13] and PX4 [14].

On the other hand, GCS software focuses on the operator side, providing flight control and manual
path planning of one or multiple vehicles. In order to communicate these GCSs to the autopilots,
a communication protocol is required. The most used protocol, able to provide communication with
both ArduPilot and PX4, is MAVLink [15]. This protocol is used in the most known GCS tools, such
as MAVProxy [16], Mission Planner [17], APM Planner 2 [18], UgCS [19] and QGroundControl [9].
QGroundControl is the only one of them that permits the control of multiple UAVs simultaneously,
although UgCS provides a much more proficient interface with many features such as NFZs and
immersive 3D simulation.

One of the most popular open-source software for small drones is Paparazzi UAV [20],
which provides both the autopilot and the GCS tools. It is a very complete framework and also
allows control of multiple vehicles simultaneously.

QGroundControl is open source and provides full ground station support and flight control
and configuration for multiple UAVs through MAVLink communications, allowing one to control
both ArduPilot and PX4 vehicles. The main power of QGroundControl is that it provides easy and
straightforward usage for beginners, while still delivering high-end feature support for experienced
users. It has an easy-to-use path planning interface (through waypoint insertion) for autonomous
flight. It also allows flight map display showing vehicle position, flight track, waypoints, vehicle
instruments and video streaming.

Nevertheless, QGroundControl, as well as the rest of the GCS software, only permits one to create
manual plans by waypoint insertion for each UAV, i.e., no automated planning algorithm is provided
within the framework. It does not allow one to create tasks, nor NFZs in order to create a mission,
which could be automatically planned. On the other hand, QGroundControl only permits one to see
the waypoint plan of one UAV at a time, so for multi-UAV missions, it is complicated to monitor all
vehicles at once.

A test bed interface (which has been used in many works especially for providing different
artificial intelligence algorithms for games [21] and also for flight control [22]) for automated mission
planning and replanning is a novel requirement that has not been so far implemented inside GCSs.
This interface must allow, through a communications protocol, the use of different automated mission
planning and replanning algorithms. This paper provides an extension of QGroundControl, providing
this test bed and all the lacking capabilities mentioned.

3. Mission Designer

A mission is composed of a set of objectives to be performed by a swarm of UAVs. These objectives
are composed by one or more tasks, where a task is indivisible and must be performed within a specific
time interval using some sensors carried by the vehicle. These tasks may have some dependencies
between them, restricting the order of the tasks. Each mission should be performed in a specific
geographic zone or scenario, where there could be some NFZs that must be avoided by the vehicles.
In addition, one or more GCSs control the swarm of UAVs.



Sensors 2018, 18, 2339 4 of 23

In order to permit the operators to create new missions and fulfill them with all the elements
involved in the mission (tasks, vehicles, GCSs, etc.), a mission designer has been developed (see
Figure 2). The integration of these new functionalities into QGroundControl requires the modification
of this software in order to extend its functionality. For this, a new tab has been added in the main
menu of the QGroundControl (represented in Figure 2 with a looped path in the top bar). This tab is
used both for the mission designer and the rest of functionalities added in the following sections.

Figure 2. Mission designer in QGroundControl for adding new elements.

The mission designer permits one to create new missions or read already created ones and
provides a set of tools for adding different elements to the mission scenario. In the following
subsections, we explain how to create a new mission and how to add the different elements to it
using the mission designer (represented with a pencil in Figure 2).

3.1. Creating New Missions

To create a new mission, there are several parameters of the mission that must be provided by
the operator:

• The name of the mission: This name will be used later to identify this mission when reading it.
• The bounds of the mission scenario: The upper-right and bottom-left bounds that identify the

limits of the mission, given in latitude and longitude degrees.
• The arc-seconds of the elevation map to be used by the mission planner. The possible values are

30, 15 and 7.5 arc-seconds.
• The start time of the mission (optional), expressed as date and time. If not provided, the time will

be taken from the CPU clock when the simulation starts.

After fulfilling these values, the mission will be created, and an empty scenario inside the defined
bounds will be presented.

3.2. Adding a New UAV

To add a UAV, the first button in the top of the scenario, represented as a plane in Figure 2, is used.
When adding a new vehicle, some properties must be considered:

• The name of the UAV.
• The initial amount of fuel of the UAV, expressed in kg.
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• The position of the UAV (latitude, longitude and altitude in ft).
• The (optional) end position for the departure runway of the UAV, where it must go when

taking off.
• The (optional) start position for the landing track of the UAV, where it must first go when landing.
• The (optional) end position of the UAV, where it must land when the mission ends.
• The (optional) start and end times of use of the UAV. These are expressed as a date and time and

can only be used when the start time of the mission has been defined.
• The type of the UAV. This property defines the type of vehicle used (e.g., HALE, MALE, URAV,

UCAV, etc.). This property is comprised of a set of characteristics of the UAV:

– The mass of the vehicle (in kg).
– The maximum fuel capacity (in kg).
– The cost per hour.
– The maximum altitude limit (in ft).
– The maximum speed limit (in knots).
– The maximum flight time (in hours).
– The maximum range or distance (in NM).
– A set of flight profiles, defining the performance of the vehicle in terms of speed (in knots),

fuel consumption (in kg/h) and altitude (in ft) or angle of climb/descent (in degrees). In this
work, the flight profiles considered for every vehicle are a minimum consumption profile,
a maximum speed profile, a climb profile and a descent profile.

• The configuration of the UAV. This property defines the configuration of the vehicle, specifically
the set of sensors carried by it.

3.3. Adding a New GCS

This function is represented by the second button in the top of the scenario in Figure 2. When
adding a new GCS, some properties must be fulfilled:

• The name of the GCS.
• The position of the GCS (latitude, longitude and altitude in ft).
• The type of GCS. This property defines the type of station used, which is comprised of a set of

characteristics:

– The range of communications (in NM).
– The maximum number of vehicles that the station can control simultaneously.
– The type of vehicles that the station can control.

To facilitate the creation of the mission, GCSs can show a translucent orange circle centered on
the station and with a radius within its range, graphically representing the range of the GCS. This is
shown in Figure 3.
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Figure 3. Range of Ground Control Stations (GCSs) represented as translucent orange circles.

3.4. Adding an Objective or Task

Adding objectives is performed through the third, fourth and fifth buttons at the top of
the scenario, depending on whether the location of the objective is a polygon zone, a path or a
point, respectively.

When adding a polygon objective, the operator will mark in order the vertices of the zone.
This works similarly for the path objective, where the operator marks in order the points of the path.
Point objectives, on the other hand, just need to select the single location on the map. Depending on
the type of objective, a different figure will be used to represent the point objective (a fire flame for fire
extinguishing, a camera for target photographing or an eye for target acquisition).

Objectives have different properties, including:

• The name of the objective.
• The (optional) start and end times of the objective. These are expressed as a date and time and

can only be used when the start time of the mission has been defined.
• The (optional) duration of the objective. This can only be used with zone and point objectives.

When provided, loitering around the zone or the point will be performed during the
specified duration.

• Whether the objective is mandatory or not.
• Whether Line of Sight (LOS) must be maintained during the objective performance or not.
• The (optional) entry and exit points of the zone objective (expressed in latitude and longitude).

These can only be used in zone objectives.
• The vertices of the zone or the path (expressed in latitude and longitude).
• The position of the point (expressed in latitude and longitude). Whether this or the previous

property is used, but not both.
• The type of objective. This property defines the type of objectives (e.g., target photographing,

escorting an individual, fire extinguishing, etc.). Depending on this type, an objective may
comprise one or more tasks, each one needing a specific sensor for its performance. Depending
on the type of task, it must be performed by just one vehicle (e.g., tracking or photographing)
or could be performed by several (e.g., mapping or surveillance). In addition, some time or
vehicle dependency may be established between the tasks of the objective. These dependencies
are discussed in Section 3.6.
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3.5. Adding an NFZ

An NFZ can be added using the sixth button at the top of the scenario. When adding a new
NFZ, the operator will mark in order the vertices of the zone. This element and the rest of the
elements explained in previous sections can be dragged and, thus, their positions and vertices updated.
In addition, each vertex can be also dragged. On the other hand, any element of the mission scenario
can be deleted by just right clicking over it.

3.6. Adding Objective Dependencies

When first entering edit mode, a general Mission Info panel appears on the right, where the
initial definition of the mission (bounds, start time, etc.) can be modified. In this panel, dependencies
between objectives can also be added with the Add Dependency button.

A dependency will consist of the following elements:

• First objective involved in the dependency.
• The type of dependency. The different types are defined in Allen interval algebra (see Table 1).
• Second objective involved in the dependency.
• UAV relation between objectives. This value may be undefined or provided if both objectives

must be performed by the same UAV or by different UAVs.
• Time offset. This property defines the time offset applied between both objectives when considering

the dependency (e.g., if an objective precedes another one, then the time offset sets the minimum
duration that must pass between the end of the first objective and the start of the second).

Table 1. Allen’s interval algebra.

Relation Illustration Interpretation

T1 < T2

X
Y T1 takes place before T2

T1 m T2

X
Y T1 meets T2

T1 o T2

X

Y T1 overlaps T2

T1 s T2

X

Y T1 starts T2

T1 d T2

X

Y T1 during T2

T1 f T2

X

Y T1 finishes T2

T1 = T2

X

Y T1 is equal to T2

4. Automated Mission Planner and DSS

The MCMPP consists of assigning each task of the mission to the vehicle(s) performing it and
the order of performance and to each vehicle the GCS controlling it. In addition, it is also necessary
to specify the flight profiles used by the UAVs in each path, as well as the sensor used in each task,
as there could be several sensors on the UAV able to perform the task.

On the other hand, there exists a set of constraints that must be fulfilled to assure the validity of
the solutions. These constraints include temporal constraints implying the start and end times of tasks,
path constraints assuring that vehicles avoid NFZs in their paths, coverage constraints assuring that



Sensors 2018, 18, 2339 8 of 23

the UAV is inside the range of the GCS controlling it, LOS is maintained, etc. More information about
this problem is presented in [5].

In addition, the MCMPP is a Multi-Objective Optimization Problem (MOP), as there are multiple
variables that must be optimized, including the makespan or end time of the mission, the cost of
the mission, the risk, the total fuel consumption of vehicles in the mission, the distance traversed,
the flight time, the number of UAVs used and the number of tasks performed. When solving this
problem, most of the existing algorithms focus on the approximation of the POF. Nevertheless,
when the entire POF comprises a large number of solutions, the process of decision making to select
one appropriate solution becomes a difficult task for the Decision Maker (DM). Sometimes, the DM
provides a priori information about his/her preferences, which can be used in the optimization process.
However, very often, the DM does not provide this information, and it is necessary to consider other
approaches for filtering the number of solutions.

Moreover, a DSS is necessary to help the operator in the process of selection of the final plan.
This system should provide at least a ranking system and a filtering system. The ranking system
considers the operator profile, which provides for each decision variable an intensity factor: very low,
low, medium, high or very high. Different MCDM methods have been developed over the years for
this purpose [23].

Once the solutions are ranked, a filtering system based on the distance between the solutions
(i.e., the variables of the encoding: the assignments, orders, etc.) is used to erase similar solutions.
This distance function must consider the importance of each variable, where assignments are the most
important variable, while flight profiles are the least important.

For all this process, since the mission is provided until the ranked and filtered solutions
are returned, a test bed interface has been designed. The communication interface between
QGroundControl and the planning and decision algorithms has been implemented using Apache
Thrift (https://thrift.apache.org/). This frameworks permits an easy communication with most known
programming languages. The interface sends the mission and the operator profile extracted from
QGroundControl as a JSON message. This message includes the different parameters of each element
of the mission explained in Section 3. On the other hand, the message returned by the algorithm
must contain a ranked list of solutions, where each solution defines the assignments for each task,
including the flight profile and sensors used; the GCS assignment, final path and performance variables
(fuel consumption, flight time, etc.) for each UAV and the values of the optimization objectives and
risk factors of the problem. The architecture of these modules is represented in Figure 4.

Figure 4. Architecture of the test bed interface for mission planning and decision support.
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4.1. Operator Profile

Every operator using the QGroundControl has a profile defining the different constraints, fitness
and ranking variables predefined. This profile includes the following settings:

• Whether all tasks must be performed or not.
• Minimum and risk factor distance from the ground: These variables define the interval for the

risk factor distance from the ground, where the minimum represents a risk of 100% and values
higher than the risk represent a 0% risk.

• Maximum and risk factor percentage of fuel usage: These variables define the interval for the risk
factor of fuel usage per UAV, where the maximum represents a risk of 100% and values lower
than the risk represent a 0% risk.

• Minimum and risk factor of distance between vehicles: These variables define the interval for
the risk factor distance between UAVs, where the minimum represents a risk of 100% and values
higher than the risk represent a 0% risk.

• Minimum and maximum risky factor of time out of GCS coverage: These variables define the
interval for the risk factor of time out of GCS coverage, where the minimum represents a risk of
0% and the maximum risk represents a 100% risk.

On the other hand, the operator must also define the importance (very low, low, medium, high or
very high) of the ranking variables to be used by the DSS. These variables include:

• Makespan or end time of the mission.
• Total cost of the mission.
• Total fuel consumption of vehicles in the mission.
• Total flight time of the vehicles in the mission.
• Total distance traversed by the vehicles in the mission.
• Risk of high fuel usage. This considers the UAVs that finish the mission with low fuel.
• Risk of low distance from the ground. This considers the vehicles that fly near the ground

(depending on the route and the altitude of the adopted flight profile).
• Risk of GCS coverage loss. This considers UAVs that fly out of the coverage or LOS of the GCSs

controlling them.
• Risk of UAV closeness. This considers vehicles that fly close to each other, which intuitively

depends on the time constraints between concurrently-performed tasks and eventual spatial
overlaps among routes/flight profiles.

• Number of UAVs employed in the mission.
• Number of tasks performed. This is considered when some tasks or objectives are not mandatory.
• Number of GCSs employed in the mission.

4.2. Mission Planning

Once a mission is defined, the mission planner (button “P” on the left panel in Figure 2) can be
executed in order to find plans for this mission. Additionally, the operator preferences defined in
Section 4.1 can be adapted for this concrete mission. Apart from the preferences explained before,
the operator can also specify some constraints for the mission:

• Maximum makespan: The maximum valid makespan. Plans with higher makespan will be
rejected from the solutions.

• Maximum cost: The maximum valid cost. Plans with higher cost will be rejected from the solutions.
• Maximum flight time: The maximum valid flight time. Plans with higher flight time will be

rejected from the solutions.
• Maximum fuel consumption: The maximum valid fuel consumption. Plans with higher fuel

consumption will be rejected from the solutions.
• Maximum distance traversed: The maximum valid distance traversed. Plans with a higher

distance traversed will be rejected from the solutions.
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Once this information is completed, it is encoded as a JSON message and sent through the
Thrift interface to the automated mission planner, which must detect it as pre-planning and deal with
multiple objectives.

4.3. DSS Ranking and Filtering

After the mission planner finishes, the DSS will take the solutions obtained and rank them
according to the ranking criteria defined by the operator using some MCDM method. Then, the DSS
will filter the solutions that are very similar (only differ in the flight profile used in some path,
the sensor employed, etc.).

After this, the new set of ranked-filtered solutions will be returned as a JSON message to
QGroundControl, which decodes this message and presents the set of plans in a table at the bottom
of the scenario (see Figure 5). This table shows the different objectives optimized in a percentage bar,
where greener bars represent better values for the variable while redder bars represent worse values
for the variable.

Figure 5. Mission plans.

4.4. Plan Visualization

Once the plans have been computed, it is possible to view the paths and some information about
a specific plan by clicking on it. The path for each UAV used in the mission is represented with a
different color (see Figure 5). On the other hand, the right pop-up shows three tabs with different
information about the plan. The info tab shows the different values for the objective variables and risk
factors of the mission plan.

The UAVs tab shows, for every UAV used in the mission (represented in columns), information
about the UAV assignments and performance:

• The assigned tasks (in order) that the UAV performs.
• The GCS assigned to the UAV in the mission.
• The departure time for the UAV in the mission.
• The return time for the UAV in the mission and the return flight profile (FP) used.
• The cost of use of the UAV in the mission.
• The flight time of the UAV in the mission.
• The distance traversed by the UAV in the mission.
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• The fuel consumed by the UAV in the mission.
• The percentage of fuel usage of the UAV.
• The minimum distance to the ground of the UAV during the mission.
• The time spent by the UAV out of the GCS coverage during the mission.

On the other hand, if clicking on the Tasks tab, a table will appear showing the task assignments
in files, where each file provides:

• The objective considered
• The task of the objective considered (at least one)
• The UAV assigned to the task.
• The departure time for the UAV when it starts going to the task zone.
• The flight profile used in the path to reach the task zone.
• The wait loiter duration in case the task has some time restriction and the vehicle must wait until

its start.
• The start time of the task.
• The sensor used for the performance of the task.
• The duration of the task.
• The end time of the task.

By left clicking one of the UAVs used in the mission plan, only the path for this UAV will be
represented. In addition, if there exist some out-of-coverage points for the route of the UAV, these will
be represented in red. The tables of the right panel will also adapt to this selection and only show the
concrete UAV and its tasks assigned.

When clicking the Coordinates tab in the bottom, a table with the different waypoints of the route
of the selected UAV will show every specific parameter of each waypoint, such as the speed, time,
the task associated with it, etc.

On the other hand, when clicking the Altitude Graph tab on the bottom, an altitude profile for the
selected UAV will appear, including the ground altitude.

5. Mission Execution and Replanning

After visualizing the ranked plans, the operator selects the best one according to its criteria
(should be usually the first one), and this plan will be simulated by clicking the play button on the left
panel (see Figure 2).

After this, several instances of the ArduPilot program will be executed (as many as UAVs used in
the mission). Each instance will be connected to the QGroundControl through a MAVLink connection,
and the different UAV figures will be associated with the position of the related ArduPilots. Therefore,
the UAVs will start departing according to the plan.

As the waypoints in the path for each vehicle are passed by, they will turn into a darker color, and
their border will become black. The current waypoint where the UAV is going is highlighted in green.
On the other hand, the tasks that finish their performance become more translucent.

During the execution of the mission, if the operator receives any external notification about an event
involving a new objective, he/she can enter edit mode and add new objectives, as explained in Section 3.

Once the new tasks are added, the mission planner can be executed similarly as in pre-planning.
As a previous plan is being simulated, the JSON message sent to the mission planner must contain this
previous plan, so the planner knows that it must work in replanning mode. In addition, the operator
introduces a concrete time for the planning process. This time will not only limit the planning process,
but also will be considered as the moment where the replanning process is performed (i.e., the status of
the mission passed to the replanner will be the one taking place those seconds after the actual moment).

Then, as in the planning process explained in the previous section, the DSS ranks and filters the
solutions, and these are returned to the operator, where the different paths and assignments can be
seen as before.

Finally, once the operator selects the new plan to be updated, the paths and assignments for the
actual execution of the mission plan will be updated.
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6. Use Cases on the Extended QGroundControl

In this section, we design two use cases to prove the new functionalities added to QGroundControl.
In the first one, a general walk through of the different tools developed is done, creating a mission,
planning, simulating and replanning it. In the second one, a mission that is impossible to solve is
presented, in order to show how the planner informs the operator in this situation.

In order to use the test bed interface, a novel mission planning algorithm [8] has been used.
This algorithm extends Non-dominated Sorting Genetic Algorithm-II (NSGA-II) [24] to focus the search
on “knee point” [25], thereby looking for the most significant solutions in the POF. This approach
checks the validity of solutions through a Constraint Satisfaction Problem (CSP) model developed using
Gecode [26], which is connected to the fitness function of the algorithm. Moreover, the replanning
algorithm used [7] is the same approach as mission planning, but taking into account the previous
plan and the limited time for the algorithm.

On the other hand, for the DSS, VIKOR [27] has been used to rank the solutions returned by the
MOEA, using the factors defined by the operator profile as the weights of the criteria. The VIKOR
method uses the Manhattan distance and the Chebyshev distance and provides a compromise solution,
considering the maximum utility and the minimum individual regret. Finally, the filtering is performed
through a distance function that assigns a weight to each variable based on its importance. When two
solutions are separated less than a filter threshold, the one with the lower rank value is omitted.
The resultant set of ranked and filtered solutions is then returned through the Thrift interface.

6.1. First Use Case: A Walk through the Framework

First, to create a new mission, we use the “M” button in the left panel to access the read or create
mission panel (see Figure A1). Here, we must provide the parameters mentioned in Section 3.1. In this
case, the bounds are latitude between 36.76◦ and 36.85◦ and longitude between −2.396◦ and −2.174◦,
and 7.5 arc-seconds are used in the elevation map. The start time of the mission is not specified. Then,
by clicking the Create Mission button (it will be available as long as all the mandatory values are
fulfilled and correct), the mission will be created, and an empty scenario inside the defined bounds
will be presented.

Now, to recreate the mission presented in Figure 2, it is necessary to add the objectives, UAVs,
GCSs and NFZs. These instances are added using the Mission Designer, selecting the Edit button
represented with a pencil in the left panel. Then, the set of icons at the top of the scenario is used to add
each of the elements of the mission. In this case, we consider 4 UAVs, 1 GCS, 1 NFZ and 5 objectives
(monitoring, surveillance, patrol, tracking and target photographing). To add the vehicles, just clicking
on the corresponding icon at the top and then on the desired position in the scenario, the elements
will be positioned, and a pop-up will appear to specify the mandatory properties of these elements
(e.g., Figure A2 shows this pop-up for a UAV, where a name for this vehicle must be provided, as well
as its type and configuration). For the GCSs and the objectives, this pop-up will require a name and
the type of the station or the objective, while NFZs do not require any parameter, so no pop-up will
appear when creating them. As was mentioned in Section 3.4, when adding zone and path objectives
and also when adding NFZs, after clicking the corresponding icon for these elements, a set of points in
the scenario must be clicked in order to create the desired zone or path.

If the elements created are not properly positioned, all of them can be dragged and, thus,
their positions and vertices updated. In addition, each vertex for path and zone objectives can
be moved using the orange points that appear at each vertex in edit mode. The entry point (yellow)
and exit point (red) for zone objectives can also be dragged. On the other hand, any element of the
scenario can be deleted by just right clicking over it.

Once the elements have been created, to modify their different properties, just left clicking on
them will trigger a panel in the right, showing the properties of the element (e.g., Figure A3 shows the
properties of the monitoring objective, where entry and exit points have been added and a duration of
15 min has been established). Once these properties are modified, the Save button must be clicked



Sensors 2018, 18, 2339 13 of 23

and a message “Saved successfully” must appear or an error message indicating the possible error.
The tracking objective has a duration of 10 min, and the rest of the objectives have not been modified.
On the other hand, the UAVs considered are a HALE (with Electro-optical or Infra-red (EO/IR)
camera and Synthetic Aperture Radar (SAR) radar) two URAV (with EO/IR camera) and a MAlE(with
Maritime Patrol Radar (MPR) and SAR radars).

When first entering edit mode, a general Mission Info panel appears on the right, where the
initial definition of the mission (bounds, start time, etc.) can be modified. In this panel, dependencies
between objectives can also be added by clicking the Add Dependency button and deleted with the
“X” button above the concrete dependency. As can be seen in Figure 2, we consider two dependencies
for this mission, establishing that the surveillance objective (search area) must precede the target
photographing and tracking objectives, and the tracking objective must be performed by the same
UAV that performs the surveillance. To save the new dependencies added or deleted, the Save button
of the panel must be clicked.

Once the entire mission has been defined, in order to save it in the database, the Save button on
the left (the one with the floppy disk) is used.

Once the mission is defined, the mission planner can be executed in order to find solutions for
this mission. This is done by clicking the “P” button on the left (see Figure A4). Then, a pop-up will
appear showing previous executions of the mission planner at the top and a button for executing the
planner (including a box for indicating the maximum runtime) at the bottom.

Additionally, the Change Configbutton permits one to change the operator preferences defined in
Section 4.1 for this concrete mission (see Figure A5). In this case, the ranking values are assigned a
very high value for the makespan; high values for cost, fuel consumption, flight time, distance and
number of tasks performed; a medium value for the number of vehicles used; and a low value for the
risk factors and the number of stations used. When clicking the Plan Mission button, the automated
mission planner starts running with the mission designed.

After the mission planner gets the solutions, and the DSS ranks and filters them, they are presented
in a table at the bottom of the scenario (see Figure A6). Each row of the table represent a solution,
and each column represents the value of an optimization variable. The cells are filled as a percentage
bar, where the greener a cell is, the better the optimization variable for that solution with respect
to the others. When clicking one of the rows of this table, the paths for each vehicle will be shown,
and a panel on the right will appear presenting some information about the plan, including the risk
factors. This panel has two extra tabs: the UAVs tab presents information about the performance of
every specific UAV, including the departure time of the vehicle, the fuel consumed, the assigned tasks,
etc.; while the Tasks tab presents information about every task, including the vehicles performing it,
the flight profile used by them, the sensor employed, etc.

When selecting one of the UAVs used in the plan, only the path for this UAV will be represented
(see Figure A7). In this situation, the Coordinates tab in the bottom will present a table with the
different waypoints of the selected vehicle, including parameters such as the speed, estimated time of
arrival, etc.

On the other hand, when clicking the Altitude Graph tab on the bottom (see Figure A8), an altitude
profile for the selected UAV (in yellow) will appear, including the ground altitude (in brown).

Now that the returned plans have been studied, we select the best one, which usually should
be the first one as in this case. Then, to simulate this plan, we click the play button on the left
panel (see Figure A9). Then, a pop-up indicates that the ArduPilots simulating the vehicles are being
initialized and the paths are being loaded to them.

Once the simulation starts, it can be seen how the vehicles in the scenario start moving and the
waypoints where they are going are marked in green. Once these waypoints are traversed, their color
becomes darker and their border turns black. Meanwhile, when tasks are completed, they become
more translucent (see Figure A10). When the exact moment comes, in our case it is represented in
Figure A10, we simulate that two new tasks must be performed as soon as possible, so we add them to
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our current mission. To do that, we select the Edit button and add new objectives. In this case, oil leaks
monitoring and new photo objectives have been added.

After the online editing, we click the Planner button and introduce a concrete time for the mission
planning process (usually 1 or 2 min). Then, by clicking the Plan Mission button, the mission replanner
will be executed during the specified time. When this process finishes, new solutions will be returned
in the form of a table (see Figure A11), where the different paths and assignments can be seen as before.

In this case, the optimization process has returned one solution. This new plan involves a new
vehicle to perform the oil leaks monitoring objective and the re-routing of URAV 2 for performing
the new photo objective. Now, we click the Re-Execute button (see Figure A12), and the paths and
assignments for the actual executing mission plan will be updated.

6.2. Second Use Case: Working with Unresolvable Missions

In this case, we consider a new mission, represented in Figure A13, with 3 UAVs, 1 GCSs, 1 NFZ
and 6 objectives. As can be seen, the mission cannot be performed because the range of the GCS does
not cover all the objectives of the mission.

In this case, when performing the planning process, following the same steps as in the previous
case, the mission planner will not return any solution. Instead, a pop-up will appear (see Figure A14),
informing that no solution was found, as well as the errors that occurred most frequently during
the checking in the CSP model, so they represent the most probable problem that presents this
mission, so the operator can reformulate the mission to make it feasible. As can be seen in Figure A14,
the planner informs that the main problem is that the vehicles spent too much time out of the coverage
of the GCS, as was pointed out before. Furthermore, it is appreciable that the fuel of the vehicles may
be insufficient in some plans.

7. Conclusions

In this work, we have extended the QGroundControl framework, adding the functionalities
defined in Figure 1. The contribution of this work consists of:

1. The design and development of a mission designer, which provides an interactive environment
for the creation and visualization of missions, including its objectives/tasks, vehicles, GCSs,
NFZs, etc.

2. Integration of an interface for an automated mission planner and DSS, in order to test
different mission planning and DSS algorithms, which generate, rank and filter plans for the
missions designed.

3. Design and development of a plan visualizer, which permits one to graphically represent the
plans, including the paths for each UAV and the information related to the optimality and risks
of the plan.

4. Design and development of a mission monitoring system, which informs the operator about the
waypoints already passed by and the tasks already performed.

5. Design and development of a replanning system and integration of the automated mission
replanner inside the QGroundControl by reusing the interface for automated mission planning.
This permits the operator to inform the system about new objectives/tasks or incidents during
the execution of the mission and call the mission replanner in order to obtain new plans for the
updated mission.

In future works, this framework will be outperformed adding other novel techniques that are
being developed for UAVs, such as a training system for operators, the use of new controlling
devices (e.g., virtual reality glasses or motion sensing devices) or the inclusion of augmented reality in
the simulation.
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Appendix A. Use Cases (Screenshots)

Here, we provide the different screenshots from the simulator execution, used in the use cases
presented in Section 6.

Figure A1. Panel in the QGroundControl for reading or creating missions.

Figure A2. Adding a new UAV in the mission designer.
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Figure A3. Modifying zone objective properties in the mission designer.

Figure A4. Using the automated mission planner.
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Figure A5. Changing the operator settings for the mission.

Figure A6. Mission plan routes and info.
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Figure A7. Route for URAV 2, including the waypoint table and UAV info.

Figure A8. Altitude Profile for URAV 2 and the task table.
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Figure A9. Mission execution.

Figure A10. Mission online edition. Adding new objectives during execution.
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Figure A11. Solution of the mission replanning.

Figure A12. Mission update with the replanned solution.
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Figure A13. Mission considered in the second use case.

Figure A14. No solutions obtained for the mission in the second use case.
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[MÇE17] Branko Miloradović, Baran Çürüklü, and Mikael Ekström. A Genetic Mission
Planner for Solving Temporal Multi-agent Problems with Concurrent Tasks.
In Y. Tan, H. Takagi, Y. Shi, and B. Niu, editors, Advances in Swarm Intel-
ligence. ICSI 2017. Lecture Notes in Computer Science, volume 10386, pages
481–493. Springer Cham, 2017.

[mis] Mission Planner. Available online: http://ardupilot.org/planner/ (ac-
cessed on 31st July 2018).

[MJPL92] Steven Minton, Mark D Johnston, Andew B. Philips, and Philip Laird. Mini-
mizing Conflicts : A Heuristic Repair Method for Constraint-Satisfaction and
Scheduling Problems. Artificial Intelligence, 58(1-3):161–205, 1992.

[Nad88] Bernard A Nadel. Tree search and arc consistency in constraint satisfaction
algorithms. In Laveen Kanal and Vipin Kumar, editors, Search in artificial
intelligence, Symbolic Computation, pages 287–342. Springer, 1988.

[Nil80] Nils J. Nilsson. Principles of Artificial Intelligence. Morgan Kaufmann Pub-
lishers Inc., 1980.

[NKSK13] Koushik Venkata Narasimha, Elad Kivelevitch, Balaji Sharma, and Manish
Kumar. An ant colony optimization technique for solving min–max multi-
depot vehicle routing problem. Swarm and Evolutionary Computation, 13:63
– 73, 2013.

[OCMa11] T. Oliveira, G. Cruz, E. R. B. Marques, and P. Encarnaç ao. A test bed for
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