UNIVERSITY OF SALAMANCA

VNIVEP\SIDAD
P SALAMANCA

INTERNATIONAL DOCTORAL THESIS

A Platform for Smart Infrastructure
Monitoring with Unmanned Aerial
Vehicles and Deep Learning Techniques

Author: Supervisors:
Luis Augusto SILVA Dr. Juan Francisco DE PAZ
SANTANA

Dr. Gabriel VILLARRUBIA

GONZALEZ

A thesis submitted in fulfillment of the requirements
for the degree of Doctor of Philosophy
in Computer Engineering at the
University of Salamanca

September, 2023






111

Declaration of Content

This International Doctoral Thesis consists of a compendium of three scientific pa-
pers published in high impact factor international journals that are specified below.

1. An Architectural Multi-Agent System for a Pavement Monitoring System
with Pothole Recognition in UAV Images

Luis Augusto Silval?, Héctor Sanchez San Blas', David Peral Garcia!, André
Sales Mendes!, Gabriel Villarrubia Gonzélez!

!Computer and Automation Department, University of Salamanca, Salaman-
ca, Spain

2Laboratory of Embedded and Distribution Systems, University of Vale do Ita-
jai, Rua Uruguai 458, C.P. 360, Itajai 88302-901, Brazil

Sensors, 30 October 2020
DOI: 10.3390/s20216205

2. Active Actions in the Extraction of Urban Objects for Information Quality
and Knowledge Recommendation with Machine Learning

Luis Augusto Silva!, André Sales Mendes!, Héctor Sanchez San Blas!, Lia Cae-
tano Bastos?, Alexandre Leopoldo Gonc;alves2, André Fabiano de Moraes??

IExpert Systems and Applications Lab, Faculty of Science, University of Sala-
manca, Plaza de los Caidos s/n, 37002 Salamanca, Spain

?Department of Knowledge Engineering and Management, Federal University
of Santa Catarina, Florianopolis 88040-900, Brazil

3Department Information Technology, IT Institute Federal of Science Techno-
logy IFC, Camborit 88340-055, Brazil

Sensors, 23 December 2022
DOI: 10.3390/523010138

3. Automated Road Damage Detection Using UAV Images and Deep Learning
Techniques

Luis Augusto Silval, Valderi Reis Quietinho Leithardt®#, Vivian F. Lopez BatistaZ,
Gabriel Villarrubia Gonzélez!, Juan F. de Paz Santana’

!Expert Systems and Applications Lab, Faculty of Science, University of Sala-
manca, Plaza de los Caidos s/n, 37002 Salamanca, Spain

?Department of Computer Science and Automatics - University of Salamanca
- Salamanca, Spain

3Instituto Superior de Engenharia de Lisboa, Instituto Politécnico de Lisboa,
1959-007 Lisbon, Portugal

4VALORIZA, ESTG, Insituto Politécnico de Portalegre, 7300-555 - Portalegre,
Portugal

IEEE Access, vol. 11, pp. 62918-62931, 2023
DOI: 10.1109/ACCESS.2023.3287770






Declaration of Authorship

Dr. Juan Francisco DE PAZ SANTANA, full professor of the Computer Science and
Artificial Intelligence area at the University of Salamanca and Dr. Gabriel VILLA-
RRUBIA GONZALEZ, professor of the Computer Science and Artificial Intelligence
area at the University of Salamanca,

CERTIFY

That the present document, entitled “A Platform for Smart Infrastructure Monito-
ring with Unmanned Aerial Vehicles and Deep Learning Techniques” has been
prepared under their supervision at the Computer and Automation Department of
the University of Salamanca by Luis Augusto SILVA, and constitutes his thesis in the
modality of compendium of articles for the degree of Doctor of Philosophy in Com-
puter Engineering.

Dr. Juan Francisco DE PAZ SANTANA Dr. Gabriel VILLARRUBIA GONZALEZ
Date: DE PAZ Firmado digitalmente por DE PAZ Date: Vl LLARRU BIA Firmado digitalmente
AR JUAN FRANCISCO- por VILLARRUBIA
SANTANA L\J:Emsbrede reconocimiento (DN): GONZALEZ GONZALEZ GABRIEL -
JUAN g GABRIEL- ~ 7193257
— SANTANAUAN FRANCICO- 69 000"
20:26:22 +02'00

76125754D

76 1 2 5 754D izczr"g&zoz&oaws 20:54:55

Luis Augusto SILVA

Firmado digitalmente por
. SILVA LUlS SILVA LUIS AUGUSTO -
AUGUSTO - Y8119893X
Fecha: 2023.09.15 20:17:03

Y8119893X +0200'

Date






VII

Declaration of the Academic Commission

The academic committee of the Ph.D. program in computer engineering autho-
rizes Luis Augusto Silva with NIE Y8119893X to present the doctoral thesis entitled
“A Platform for Smart Infrastructure Monitoring with Unmanned Aerial Vehicles
and Deep Learning Techniques” through the compendium of articles modality.

Coordinator of the Ph.D. program in computer engineering

Date:






IX

«Si tif no trabajas por tu suefios, alguien te contratard para que trabajes por los suyos.»

Steve Jobs






XI

Abstract

A Platform for Smart Infrastructure Monitoring with Unmanned Aerial Vehicles
and Deep Learning Techniques

In recent years, with the evolution of artificial intelligence (AI) and machine lear-
ning techniques, the capture and processing of aerial images has been boosted, pro-
viding innovative solutions to social challenges, including road damage monitoring
and urban infrastructures. As a result of some recent economic crises, many coun-
tries have reduced the maintenance of their roads, which has increased pavement
defects, raising the risk of accidents and traffic complications. Various methods ha-
ve been proposed to solve this problem, ranging from vibration techniques to 3D re-
construction. However, the predominant use of manual inspections or specific vehi-
cles implies high costs. In urban contexts, the growth can be chaotic. It is essential
to monitor the expansion with environmental and urban planning criteria. In the
past, this task was done manually or with satellite images that were too complex to
process. This research focuses on the use of unmanned aerial vehicles to detect and
classify objects, using images and techniques based on artificial intelligence. The re-
sults of this work have taken the form of 3 publications in prestigious journals. This
research work is meeting the Sustainable Development Goals (SDGs), specifically
SDG-9 and SDG-11. The main contributions of this research include a comprehen-
sive review of the state of the art, the development of AI models for detection and
classification, an advanced image processing algorithm, and dataset creation. The
advances presented here justify the improvement of the new search for technolo-
gical solutions that pursue greater efficiency in the monitoring of roads and urban
areas, with the possibility of being applied in other domains such as rural areas,
agriculture, and public health.
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Resumen

Plataforma para la Monitorizacién Inteligente de Infraestructuras con Vehiculos
Aéreos No Tripulados y Técnicas de Aprendizaje Profundo

En los ultimos afios y con la evolucion de la inteligencia artificial (IA) y las téc-
nicas de aprendizaje automatico, se ha potenciado la captacién y procesamiento de
imagenes aéreas, brindando soluciones innovadoras a desafios sociales, pudiendo
destacar entre otros la monitorizacién de carreteras e infraestructuras urbanas. A
raiz de algunas crisis econémicas recientes, muchos paises han reducido el manteni-
miento de sus carreteras, lo que ha aumentado los defectos en el pavimento, elevan-
do los riesgos de accidentes y complicaciones en el trafico. Para dar solucién a esta
problematica, se han propuesto varios métodos, desde técnicas de vibraciéon hasta
reconstruccién 3D. Sin embargo, el uso predominante de inspecciones manuales o
vehiculos especificos implica altos costes. Actualmente, son numerosos los centros
de investigacién que buscan soluciones utilizando inteligencia artificial y procesa-
miento avanzado de imdgenes. En contextos urbanos, donde el crecimiento puede
llegar a ser algo cadtico, es fundamental monitorizar su expansién con criterios am-
bientales y urbanisticos particulares. Antiguamente, esta tarea se realizaba manual-
mente o con imagenes satelitales que resultaban muy complejas para su procesa-
miento. Esta investigacién se centra en la utilizaciéon de vehiculos aéreos no tripula-
dos para detectar y clasificar objetos, haciendo uso de imagenes y técnicas basadas
en inteligencia artificial. Los resultados de este trabajo se han plasmado en forma de
3 publicaciones en revistas de reconocido prestigio. Durante la elaboracién de este
trabajo de investigacion se ha prestado una especial atencién para cumplir con los
Objetivos de Desarrollo Sostenible (ODS), especificamente con el ODS-9 y ODS-11.
Las principales contribuciones de este trabajo de investigacion, incluye una revisién
exhaustiva del estado del arte, el desarrollo de modelos de IA para deteccién y cla-
sificacién, un algoritmo avanzado de procesamiento de imdagenes y la creaciéon de
un conjunto de imagenes para la comunidad cientifica. Los avances aqui plasma-
dos justifican la mejora la nueva busqueda de soluciones tecnolégicas que persiguen
una mayor eficiencia en la monitorizacién de carreteras y zonas urbanas, con la po-
sibilidad de ser aplicados en otros dominios como areas rurales, agricultura y salud
publica.
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Capitulo 1

Introduccion

Esta seccion justifica la necesidad de monitorizar infraestructuras, especialmente
vias de transporte y estructuras urbanas. Desde el &mbito de la ingenieria informéa-
tica, se realiza un profundo andlisis acerca de los recientes avances en la obtencién
y procesamiento de imagenes aéreas en combinacién con las innovaciones en inteli-
gencia artificial y aprendizaje profundo que se han realizado en los tiltimos afios.

El mantenimiento de las diferentes vias de transporte asi como el estado de las
estructuras logisticas es clave en la seguridad de los desplazamientos. Si el mante-
nimiento de una carretera es el adecuado y su estado es 6ptimo, la posibilidad de
accidente es inferior al de una via de transporte que se encuentra en mal estado [1].
Las principal solucién para minimizar la posibilidad de un accidente, es decremen-
tar los limites de velocidad, sin embargo esto no suele ser suficiente y es de vital
importancia analizar y mejorar las condiciones de las vias. Por estos motivos, y con
objeto de poder reducir la siniestralidad de las carreteras, es de vital importancia
determinar de una forma agil y precisa el estado de las mismas.

Estudios elaborados por la Asociacién Espafiola de la Carretera (AEC) sefialan
que el mal estado de las carreteras es la causa principal del 94 % de los accidentes
producidos por las condiciones de la via [2]. Segtin este organismo, uno de cada
trece kilémetros de la red de carreteras espafiola presenta dafios relevantes en més
del 50 % de la superficie del pavimento, como baches y grietas. Estos desperfectos
incurren en la seguridad del vehiculo, provocando una conduccién menos estable y
segura.

El informe de la AEC [2], también constata que Espafia suspende en la conserva-
cién del estado de las vias de transporte, ademds, el citado informe califica el estado
del asfalto como muy deficiente. Todo ello se traduce en un aumento del riesgo de
sufrir un accidente en el peor de los casos, pero también puede llegar a ocasionar
averias en los vehiculos. Si se quiere minimizar los riesgos de un posible accidente o
disminuir la posibilidad de apariciéon de una averia, es de vital importancia indagar
y economizar las técnicas que posibilitan la mejora de las infraestructuras de las vias
de transporte. Ademds, la dificil situacion econémica que se vive a nivel mundial
repercute en el estado de las carreteras, haciendo que la partida de mantenimiento
y mejora de las vias de transporte sea cada vez menor. Para poder determinar qué
vias son aquellas que requieren de algtin tipo de mejora o mantenimiento urgente, se
deben determinar las condiciones del pavimento de dicha via, por tanto, esta acciéon
puede ser llevada a cabo de una forma manual o automatica.

Actualmente, en Espafia estas revisiones se realizan de una forma manual, pro-
ceso que conlleva un alto coste debido a la necesidad de un experto humano que
identifique el estado de dichas carreteras. Esta labor acaba resultando muy costosa
y lenta. Adicionalmente, se debe destacar que la toma de decisiones por parte de un
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experto puede ser criticada debido a que la decisién sobre el estado final de un tra-
mo de carretera puede basarse en una opinién muy subjetiva del individuo a partir
de percepciones que pueden llegar a fallar generando informacién errénea.

Por otro lado, la evolucién de la ciencia y la tecnologia junto al abaratamiento
de los procesos de fabricacion de componentes electronicos ha permitido indagar en
nuevas técnicas a asi como en el desarrollo de herramientas que hagan que la detec-
cién pueda ser realizada de una forma objetiva y automatica. Debido a lo menciona-
do anteriormente, ser capaces de obtener una imagen de la carretera de forma clara
y detectar cualquier tipo de deterioro producido en una via de transporte supone un
reto en el cual muchas universidades y centros de investigacién estdn trabajando.

Actualmente, se han desarrollado diversas técnicas para detectar el deterioro en
el pavimento de las carreteras, tales como la utilizacién de laser [3], sensores de
vibracién [4] y técnicas basadas en imdgenes [5]. Con el auge de los métodos de
procesamiento de imagenes, ha crecido el interés en técnicas de Machine Learning
destinadas a identificar distintos tipos de deterioro en el pavimento. Sin embargo,
la implementacién de estas técnicas basadas en aprendizaje profundo enfrenta de-
safios significativos. En primer término, su precisiéon depende en gran medida de
que la configuracién de la cAmara sea dindmica, adaptdndose al contexto y a las con-
diciones luminicas. En segundo lugar, dichas técnicas conllevan una manipulacién
extensiva de los pixeles de las imagenes, lo que, computacionalmente hablando, re-
sulta ser un proceso complejo cuando se ejecuta en dispositivos con recursos limita-
dos, especialmente, cuando la eficiencia y la duracién de la bateria son cruciales [6].
Adicionalmente se pueden entrar la literatura diversas investigaciones que buscan
solucionar estos retos inherentes [7, 8].

Debido al avance producido en los tltimos afios en cuanto a la miniaturizacién
de sensores, se ha obtenido una gran cantidad de datos que amplian nuestra com-
prension del entorno, pero dificulta el andlisis no automaético tradicional. El aprendi-
zaje profundo, una rama emergente en el &mbito del aprendizaje automatico, utiliza
redes neuronales para extraer caracteristicas de estos datos a diferentes niveles de
abstraccion [9]. En el procesamiento de imagenes, estas técnicas demuestran ser efi-
cientes para diferentes propdsitos, como la clasificacién pixel a pixel lo que resulta
esencial para la monitorizacién urbana, donde la necesidad de un analisis rapido
y eficiente de grandes conjuntos de datos, como las imégenes satelitales, es crucial
para supervisar el crecimiento urbano [10, 11].

Al explorar métodos para automatizar la captacion de imédgenes geolocalizadas,
se pueden encontrar soluciones que utilizan vehiculos con cdmaras préximas al sue-
lo [12]. No obstante, esta técnica es lenta debido a que el vehiculo debe moverse
a velocidades reducidas para garantizar imagenes detalladas; el movimiento a ma-
yor velocidad decrementa la calidad de la imagen obtenida. En zonas amplias, se
requerirfa de multiples vehiculos y conductores, elevando los costes. Las imagenes
satelitales podrian constituir una alternativa, pero suelen ser antiguas y el acceso a
nivel econémico es elevado [13]. Conocidas las limitaciones expuestas anteriormente
y aprovechando los avances y el abaratamiento de los vehiculos aéreos no tripula-
dos, se propone su integracién en uno de los articulos presentados en este trabajo.

Los vehiculos aéreos no tripulados (UAV) han demostrado su versatilidad en di-
versas aplicaciones, incluidas las inspecciones urbanas de objetos y entornos. Cada
vez estos vehiculos son mads utilizados para inspeccionar carreteras, ya que ofrecen
varias ventajas sobre los métodos tradicionales [14]. Estos vehiculos estan equipa-
dos con camaras de alta resolucion y otros sensores que permiten captar imagenes
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de la superficie de la carretera desde multiples angulos, alturas y con una gran reso-
lucién, proporcionando una visién completa del estado de la calzada. Ademas, los
UAV pueden cubrir un 4rea extensa con relativa rapidez, lo que reduce la necesidad
de inspecciones manuales, que pueden resultar peligrosas para los operadores hu-
manos. Por todo ello, el uso de UAV para inspeccionar carreteras ha suscitado gran
interés entre los investigadores e ingenieros que profundizan en estos campos de
investigacion. La combinacién de UAV con técnicas de inteligencia artificial, como
el aprendizaje profundo, permite desarrollar enfoques eficientes y rentables para la
deteccién de desperfectos en las carreteras. Estos vehiculos son utilizados con mu-
cha frecuencia para inspecciones urbanas en construcciones e infraestructuras, tales
como piscinas [15], edificaciones [16], vegetaciones [17], y entornos urbanos [18, 19],
afiadido a eso hay una gran versatilidad también en la utilizacién para detecciéon de
manchas de aceite y control de epidemias como es el caso del mosquito en paises
endémicos [20].

Debido a lo mencionado anteriormente, se han realizado diferentes estudios uti-
lizando conjuntos de datos para entrenar modelos, incorporando imagenes adicio-
nales captadas por UAV, cdmaras montadas en automéviles e imédgenes satélites.
Para facilitar el proceso de aprendizaje, estos conjuntos de datos se suelen etique-
tar para identificar distintos tipos de desperfectos en la carretera, pudiendo destacar
baches y grietas entre otros. La anotacion de estas imdgenes permite al algoritmo
aprender a detectar y clasificar con precision distintos tipos de dafios en la carretera.
Utilizando un conjunto de datos amplio y diverso, los investigadores pueden mejo-
rar la precision y fiabilidad de sus modelos, asegurandose de que pueden identificar
y tratar eficazmente los distintos tipos de dafios en las infraestructuras.

1.1. Hipétesis y objetivos

En los dltimos afios, son numerosos los grupos de investigacion que han centra-
do sus esfuerzos en avanzar e indagar el desarrollo de nuevas herramientas para
la deteccién de iméagenes. A pesar de que el coste de los dispositivos aéreos no tri-
pulados ha descendido en los tltimos afios, nos enfrentamos a desafios tecnolégicos
como la integracion de sistemas de deteccién de imagenes con sistemas de vuelo o el
desarrollo de capacidades tecnolégicas que no dependan exclusivamente de un tni-
co sistema. Ante este panorama, resulta esencial investigar y disefiar arquitecturas
innovadoras que ofrezcan soluciones eficientes para la conservacion de infraestruc-
turas urbanas.

Dada esta premisa, la hipétesis que fundamenta este trabajo de investigacion es
la siguiente:

La utilizacién de técnicas basadas en inteligencia artificial en combinacién con
la obtencién y clasificacién de imédgenes aéreas, permite el desarrollo de solu-
ciones tecnoldgicas con capacidades de deteccion e identificacién de desper-
fectos sin intervencién humana, mejorando significativamente los sistemas de
mantenimiento y deteccién de estructuras que son empleados en la actuali-
dad.
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El objetivo principal de este trabajo es el disefio de una plataforma modular y
basada en agentes que permita mejorar el sistema de monitorizacion del estado de
las infraestructuras urbanas empleando para ello diferentes imagenes y técnicas ba-
sadas en vision artificial. Para validar la hip6tesis de esta investigacién, se han plan-
teado inicialmente los siguientes objetivos:

= Realizar una revisién exhaustiva del estado del arte sobre tecnologias de in-
teligencia artificial y aprendizaje profundo aplicadas al andlisis de imagenes
aéreas.

= Identificar nuevos desafios en el campo de la monitorizacién y el manteni-
miento de infraestructuras urbanas.

= Disefar, desarrollar y validar modelos de aprendizaje para la deteccién precisa
de dafios en infraestructuras urbanas a partir de imagenes aéreas.

» Explorar arquitecturas inteligentes que faciliten la integraciéon de tecnologias
de inteligencia artificial en sistemas de detecciéon de dafios en infraestructuras,
y que puedan adaptarse de manera dindmica ante cambios o anomalias.

= Disefiar una red de procesamiento de imagenes aéreas que, en combinacién
con el Edge Computing, permita una rapida identificacién y clasificacion de
potenciales dafios en las infraestructuras.

» Entrenar y evaluar un modelo de aprendizaje profunda, apto para ser integra-
do en dispositivos con limitaciones computacionales, que ayude en la toma de
decisiones durante la monitorizacién automaética de infraestructuras.

» Desarrollar y analizar al menos tres casos de estudio diferentes en los que se
empleen técnicas de inteligencia artificial y aprendizaje profundo para la de-
teccién, prevencion y reparacion de dafios en infraestructuras urbanas.

1.2. Metodologia de la investigacion

El proceso de investigacion y el método de trabajo en el que se ha fundamen-
tado esta tesis es la metodologia Action Research (AR) [21]. La metodologia AR ha
demostrado ser efectiva en numerosos proyectos de software de naturaleza similar.

La AR se orienta hacia la resolucién de problemas concretos a partir de una hip6-
tesis claramente definida. Una vez establecido el objetivo de investigacion, es esen-
cial recopilar y analizar informacion acerca del tema de estudio. Esta fase de anélisis,
facilita la concepcién de una propuesta 6ptima orientada a resolver el desafio iden-
tificado. Posteriormente, la solucién propuesta se somete a validacién a través de
diferentes casos de estudio. El planteamiento de los casos de estudios y su correc-
ta resolucion permitirdn corroborar la validez de la hipétesis y la pertinencia de la
solucién propuesta en su contexto. Si la solucién no respalda adecuadamente la hi-
potesis, la flexibilidad inherente a la metodologia AR permitird iterar en el proceso,
afinando propuestas hasta que la hipétesis se confirme o desestime.

La metodologia AR se caracteriza por emplear un método ciclico conformado
por las las siguientes fases:

= Definicién del problema: identificacién de los problemas y sus variables para
obtener la hipétesis de investigacién y los objetivos de la misma.
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= Revision del estado del arte: un revision del estado de la literatura y del es-
tudio de los conceptos y técnicas bésicas y fundamentales relacionados con la
hipétesis de investigacion.

= Andlisis y disefio de una propuesta: un andlisis profundo del estado del arte
para definir una propuesta que busque comprobar la hipétesis.

n Definiciéon de estudios de caso: una definicién de uno o varios estudios de
caso que buscan probar la propuesta disefiada.

= Pruebas y extraccién de resultados: se ejecutan los estudios de caso y se obtie-
nen los resultados para su posterior anélisis.

= Anilisis y discusién de resultados: se evaltian y explican en detalle los resul-
tados obtenidos para conocer la razén de los mismos.

= Definicién de conclusiones: se evaltan las conclusiones con el fin de aceptar
y/o refutar la propuesta y/o la hipétesis. Después de este paso, el ciclo puede
reiniciarse.

La utilizaciéon de esta metodologia de investigaciéon permite validar su estudio
aplicada a casos reales, facilitando asi su transferencia a la sociedad. Ademads, esta
metodologia busca comunicar los resultados obtenidos en la investigacion a través
de publicaciones en revistas o conferencias. Esta tiltima afirmacién es de gran impor-
tancia, ya que el objetivo principal de toda investigacion es transferir el conocimiento
adquirido al resto de la comunidad cientifica.

1.3. Estructura de la tesis

Una vez definida la hip6tesis de partida de este trabajo, es esencial profundizar
en su estudio. La exploracién y la biisqueda de una solucién que culmine los objeti-
vos iniciales de este trabajo, conformara los siguientes capitulos de este documento.
A continuacion, se presenta su estructura organizativa.

= Capitulo 2. Estado del arte: Este capitulo aborda tres pilares esenciales. Prime-
ro, examina la evolucién y aplicabilidad de los UAVs en la monitorizacién de
infraestructuras haciendo foco en vias de transporte y zonas urbanas. Segundo,
se adentra en la visién por ordenador y el impacto del aprendizaje profundo
en el procesamiento de imadgenes. Finalmente, se investigan las arquitecturas
y técnicas avanzadas de aprendizaje.

= Capitulo 3. Lista de articulos de revista: El tercer capitulo de la tesis docto-
ral estd conformado por los articulos que han dado lugar a que esta tesis sea
presentada en la modalidad de compendio de articulos. Primero, se presen-
ta una seccién que describe la relaciéon entre los articulos que conforman el
trabajo. Posteriormente, se incluyen los articulos originales, seguidos de un
resumen en espafiol de cada uno. Estos restimenes abarcan los objetivos de
investigacion, la metodologia empleada, la explicacién de los resultados y las
conclusiones derivadas del articulo.

= Capitulo 4. Conclusiones: Este capitulo encapsula las principales conclusio-
nes derivadas del trabajo de investigacién llevado a cabo durante el periodo
doctoral. En el se reflejan los hallazgos maés significativos, las implicaciones de
la investigacion llevada a cabo y las lineas futuras que podrian llevarse a cabo.






Capitulo 2

Estado del arte

Este capitulo detalla el conocimiento fundamental y los trabajos previos relacio-
nados con la hipétesis de investigacion y objetivos de esta tesis. El capitulo ha sido
segmentado en tres secciones esenciales: UAVs, algoritmos utilizados en el procesa-
miento de imédgenes y los sistemas de monitorizacion.

La primera seccién estd dedicada a los UAVs mds particularmente aquellos cu-
yo uso se encuentra orientado a la monitorizacién de infraestructuras. Esta seccion
muestra la evolucion de los UAVs, desde sus usos iniciales hasta los tltimos avances
que han permitido resolver retos de la sociedad actual mediante la resolucién de ta-
reas complejas. Adicionalmente, en esta parte se enfatiza en los diversos desafios y
ventajas de la utilizacién de UAVs para el anélisis de infraestructura, especialmente
en la monitorizacién de carreteras y espacios urbanos. Se explorard el alcance y las
capacidades y mejoras tecnolégicas de los UAVs a lo largo de los afios, preparando
el escenario para su integracion con los sistemas inteligentes.

La seccién siguiente profundiza en el procesamiento digital de imédgenes y la
visién por ordenador detallando los algoritmos existentes mas importante. Esta sec-
cién haré foco en la importancia de la inteligencia artificial en el reconocimiento y
procesamiento de imdgenes. Esta seccion clarifica los desafios especificos de la vi-
sién por ordenador y como los modelos de aprendizaje profundo, en particular las
Redes Neuronales Convolucionales, se adaptan para resolvernos. No tinicamente se
describird los algoritmos, sino que también se reflexionara sobre su eficacia, limita-
ciones y las dreas potenciales de mejora en el dominio de deteccion de objetos.

La dltima seccién profundiza en el &mbito de los sistemas multi-agente, resal-
tando las ventajas de uso, funcionalidad..etc. Se discutird sobre la aplicabilidad de
tales sistemas en la monitorizaciéon de infraestructuras, especialmente en combina-
cién con UAVs y aprendizaje profundo. También se hara foco en las implementa-
ciones punteras, estudios de caso novedosos y la evolucién prospectiva de sistemas
multi-agente en la monitorizacién de infraestructuras urbanas y carreteras.

2.1. Vehiculos aéreos no tripulados (UAV)

En la actualidad, el uso de drones se estid extendiendo cada vez mds a nuevos
campos de aplicacién, que van desde la agricultura hasta la seguridad. Una de es-
tas nuevas aplicaciones es la grabacién de sonidos en zonas de dificil acceso. El reto
que se plantea al utilizar drones con este fin es que hay que separar el sonido de las
fuentes grabadas del ruido producido por el propio dron. La intensidad del ruido
emitido por el dron depende de varios factores, como la potencia del motor, la velo-
cidad de rotacién de la hélice o el tipo de rotor. La reduccién del ruido es, por tanto,
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uno de los mayores retos para las préximas generaciones de UAV y sistemas aéreos
no tripulados (UAS).

Los vehiculos aéreos no tripulados, también conocidos como drones, son una
tecnologia emergente utilizada tanto por civiles como por militares. De hecho, la
popularidad de este tipo de vehiculos ha aumentado tanto, que ya no se utilizan
exclusivamente para el trabajo, sino también para el ocio. La utilizacién de los mis-
mos que es cada vez mayor, ha sido posible gracias a la fabricacién de drones mas
baratos, precisos y faciles de usar [22].

El mercado global de UAV comerciales tuvo un valor de 13.46 mil millones de
USD en 2020 y se espera que crezca hasta alcanzar una tasa compuesta anual del
57.3 % durante el periodo pronosticado. Los UAV comerciales son aeronaves auto-
nomas o pilotadas remotamente utilizadas en el sector comercial. Esto se debe princi-
palmente a dos razones. El sector de los vehiculos y sistemas aéreos no tripulados ha
crecido rdpidamente en los dltimos afios, haciendo tareas muy complejas de realizar
antes, por ejemplo, el control de los incendios forestales, la localizacién de personas
desaparecidas tras catdstrofes naturales, la agricultura [23], o incluso la vigilancia de
carreteras. La Figura 2 muestra el crecimiento de los ingresos en los continentes para
el mercado de UAV comerciales en diferentes sectores.

Commercial UAV (Unmanned Aerial Vehicle) Market Size, By Region, 2016- 2028
(USD Billion)

2016 2017 2018 2015 2020 2021 2022 2023 2024 2025 2026 2027 2028

o | o . l I

= North America Europe o Asia Pacific  mLatin America = Middle East & Africa

FIGURA 2.1: Mercado global de UAV comerciales

Existen diferentes tipos de UAV comerciales, incluidos los rotativos y de ala fija.
Los drones rotativos se usan en sectores como la agricultura o la supervisién de
infraestructuras, pero son maés lentos y de menor alcance que los de ala fija, que se
utilizan para tareas como la fotografia aérea debido a su capacidad de volar més
horas a velocidades con mayores exigencias de estabilidad.

El mercado esta experimentando un notable crecimiento debido al aumento en
las aplicaciones de UAVs en diversas industrias. Esta expansién es potenciada por
la creciente demanda de servicios basados en ubicacion. A su vez, los avances tec-
nolégicos en cdmaras y software refuerzan atin més esta tendencia ascendente. Las
mejoras tecnolédgicas y la miniaturizacién han incentivado a empresas para invertir
en UAV comerciales. Otros impulsores incluyen la demanda creciente de industrias
el uso de UAV en tareas de alto riesgo. Por el contrario, las preocupaciones de segu-
ridad y privacidad podrian obstaculizar el crecimiento. La demanda en economias
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emergentes y la creciente conciencia representan oportunidades de crecimiento para
el mercado de UAV comerciales en el futuro.

El uso de UAV como fines recreativos también ha tenido un gran aumento, en
particular, aquellos que son empleados para grabacién de fotos y videos, carreras
de drones, seguridad y tareas industriales. Debido a la gran variedad de usos que
pueden tener un dron existen dispositivos con diferentes tamarfios, tipos de hélices,
geometrias de brazos o potencia de motores.

Sin embargo, aunque son ttiles para muchas tareas, los aviones teledirigidos tie-
nen ciertos problemas que pueden restringir su funcionamiento. Uno de los mas
significativos es el ruido producido por las hélices. Este inconveniente puede hacer
que el dron sea inadecuado en situaciones en las que existen regulaciones sobre el
ruido o cuando las altas emisiones de ruido pueden afectar negativamente a la tarea
realizada [24, 25]. Por ejemplo, muchos aeropuertos de todo el mundo imponen li-
mitaciones estrictas al nivel de ruido permitido durante el dia o la noche, afiadido a
eso, la firma actstica producida por una aeronave militar influye considerablemente
en que pueda pasar desapercibida.

2.1.1. Clasificaciéon

Los vehiculos aéreos no tripulados pueden clasificarse en términos generales co-
mo dispositivos de ala fija y dispositivos de ala rotatoria. Los primeros UAV eran de
ala fija, una extension de las pequefias aeronaves controladas a distancia, equipados
con electrénica adicional para la navegacién y reconocimiento. Un gran ejemplo de
ala fija pesada UAV militar se ilustra en la Figura 2.2.

FIGURA 2.2: UAV de ala fija (MQ-9) con motor turbohélice

Los UAVs varian en especificaciones, equipamiento, tamafios, alcance y formas.
Estan disponibles en el mercado con diferentes ntimeros de rotores o hélices. Estos
vehiculos se han desarrollado con distintos motores y estructuras de alas y pueden
comunicarse usando tecnologias inaldmbricas de corto y largo alcance. Dependien-
do de su tamafio, se pueden clasificar como nano, micro o grandes. Gracias a avances
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continuos, son excelentes para proporcionar conectividad celular. Estan equipados
con gafas FPV (Vista en Primera Persona), GPS, sensores, estabilizadores y cdmaras.
En este estudio, se identifican cuatro categorias de UAVs:

= Ala fija: Estos UAVs se componen de alas, cuerpo principal, motor y hélice.
Requieren una formacién extensa basada en habilidades para operar y pueden
permanecer equilibrados verticalmente en el aire durante unas dieciséis horas.
Sin embargo, no pueden moverse hacia atrds, mantenerse en un punto en el
aire ni girar. No son ttiles para ciertas tareas, como la fotografia aérea. Son
comtnmente usados para inspecciones de lineas eléctricas y cartografia aérea.

= Hibrido de ala fija: Se basan en la automatizacién y el planeo manual. No son
buenos para el vuelo hacia adelante ni para mantenerse en un punto en el aire.
Se caracterizan por el despliegue vertical (Vertical takeoff and landing) VTOL.

= Rotor tinico: Son caros y requieren formacién para operar. Estos UAVs son
mecdnicamente complejos y susceptibles a desafios como vibraciones y ruido.

= Multi-rotor: Son los UAVs mds econémicos y faciles de fabricar, utilizados co-
munmente para imdgenes y vigilancia de video. Los multi-rotores pueden ser
tricépteros, cuadricopteros, hexacépteros u octocopteros. Los cuadricépteros
son los mas populares debido a su aterrizaje vertical, alta maniobrabilidad,
agilidad, capacidades de despegue, estructura simple, rentabilidad y tamafio
reducido.

La versatilidad de los multi-rotores es destacable, permitiendo un desplazamien-
to en todas las direcciones —tanto horizontal como verticalmente— y la habilidad
de permanecer estaticos en una posicion determinada. Existen diversas configura-
ciones populares de multi-rotores. Los cuadricépteros ligeros, dotados de cuatro ro-
tores, son de las variantes méas reconocidas, tal como se muestra en la Figura 2.3. Otra
configuracién innovadora se encuentra en los cuadricépteros con motores orienta-
dos hacia abajo, ilustrados en la Figura 2.4. Ademads, los hexacopteros, equipados
con seis rotores, presentan una configuracion robusta, representada en la Figura 2.5.

FIGURA 2.3: DJI Mavic Air

El DJI Mavic Air, ejemplificado en la figura anterior, es un dron comercial de
introduccién, pero que ha ganado una amplia aceptacion en el mercado. Pese a su
disefio compacto, ofrece una capacidad de vuelo que se extiende alrededor de 25
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FIGURA 2.5: Dron especializado en aplicaciones agricolas

minutos, limitado principalmente por la capacidad de su bateria. Este problema ya
se ha solucionado en las versiones mds actuales del dispositivo.

La dltima figura muestra un dron especializado en la aplicacién de insumos agri-
colas, destacando la versatilidad y adaptabilidad de estos dispositivos para diversas
aplicaciones.

Los cuadricopteros y hexacépteros son mds sencillos y comunes en su uso, so-
bre todo con la configuracién de cuadricoptero que se estd haciendo especialmente
popular para los pequefios vehiculos aéreos no tripulados. Tienen un disefio mucho
mas sencillo, pero son menos redundantes en caso de pérdida del motor. Los octa-
copteros, sin embargo, son maquinas mucho mas potentes que los cuadricépteros o
los hexacépteros. Lo que se diferencia es la carga ttil que estos vehiculos pueden
cargar. Determinados servicios de monitorizacién o inspeccién necesitan cdmaras
especificas que no tienen el mismo peso que una cimara comun.

2.1.2. Caracteristicas

Velocidad y tiempo de vuelo

Los UAVs més pequefios pueden volar a una velocidad inferior a 15 m/s, mien-
tras que los UAVs grandes pueden alcanzar velocidades de hasta 100 m/s. Es esen-
cial controlar adecuadamente la velocidad de cualquier UAV en diferentes puntos
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de giro de su trayectoria, especialmente cuando sigue una ruta especifica para mejo-
rar su eficiencia espectral o energética. Segin Azade, Ming y Mahbub [26] hay que
analizar el equilibrio entre la agilidad en los giros del UAV y su velocidad.

El tiempo de vuelo de un UAV se refiere al tiempo maximo que puede volar hasta
que se agote su bateria. Factores como el tamafio, peso y las condiciones climéticas
influyen significativamente en la vida ttil de la bateria de los UAVs. Los UAVs més
grandes pueden volar durante horas, mientras que los més pequefios tienen una du-
racién limitada de 20 a 30 minutos. El tiempo de vuelo también puede verse afectado
por el sistema de piloto automaético y el GPS. El tiempo de vuelo es crucial, al igual
que el costo y precio del UAV. Estas informaciones son esenciales para una investi-
gacion, en el caso de esta tesis, se necesitan soluciones innovadoras para superar la
limitada resistencia de los UAVs, ya que esto es esencial para su despliegue a gran
escala y el éxito de sus misiones.

Capacidad de carga

La capacidad de carga (payload) de un UAV se refiere a su habilidad para trans-
portar diferentes cargas. Esta capacidad puede oscilar entre unos pocos gramos has-
ta cientos de kilogramos. Un mayor peso de carga permite transportar mds acce-
sorios, pero suele resultar en un tiempo de vuelo reducido, un mayor consumo de
bateria y un tamafio mds grande del UAV. Los equipamientos mds comunes que los
UAVs transportan son sensores y cdmaras de video destinados a la vigilancia, re-
conocimiento o aplicaciones comerciales. Ademads, los UAVs pueden portar equipos
de usuario celular, como teléfonos méviles o tabletas, que pesen menos de 1 kg. Se
reconoce que cargas pesadas pueden disminuir el tiempo de vuelo de los UAVs. Sin
embargo, si un UAV tiene una mayor superficie y mas motores, puede almacenar
mas energia, lo que a la postre podria extender su tiempo de vuelo. Por lo tanto, la
calidad del equipo transportado puede ayudar a que el UAV recorra mayores dis-
tancias manteniendo la misma precisién y resolucién.

Alcance y altitud

El alcance de un UAV indica la distancia desde la cual puede ser controlado de
manera remota. Este alcance varfa: mientras que los drones pequefios pueden ser
controlados a unos pocos metros de distancia, los drones més grandes tienen un
alcance de cientos de kilémetros. Por otro lado, la altitud se refiere a la méxima
altura que un dron puede alcanzar en vuelo. Tipicamente, las plataformas aéreas se
dividen en dos categorias segtin su altitud:

= Plataformas de baja altitud (LAPs): Estas plataformas se despliegan comun-
mente para respaldar la comunicacién celular debido a su rdpida implemen-
tacién y rentabilidad. Ademads, las LAPs proporcionan una trayectoria visual
directa (LoS) que puede mejorar considerablemente el rendimiento de la co-
municacion.

= Plataformas de alta altitud (HAPs): Plataformas como globos se utilizan tam-
bién para la conectividad celular. Las HAPs brindan una cobertura méds amplia
en comparacion con las LAPs. Aunque el despliegue de HAPs es méds comple-
jo, generalmente se ven como medios para respaldar la conectividad a Internet.
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2.1.3. Areas de aplicacién de UAVs

Los avances en las capacidades de los sensores desplegados en UAVs han dado
lugar a la creacién de una nueva generacion de servicios y diversas aplicaciones para
operaciones no tripuladas. En esta seccién, hemos discutido brevemente algunas de
las aplicaciones mas destacadas de los UAVs.

Vigilancia y monitorizacién

Los UAVs se han convertido en herramientas esenciales para misiones de vigi-
lancia militar. Diversos paises han incorporado estos dispositivos voladores a sus
estrategias de defensa. Estos robots aéreos se emplean en la deteccién de enemigos,
combate a la caza furtiva, control fronterizo y supervision maritima de rutas criticas.
Debido a su bajo costo, confiabilidad y versatilidad, los UAVs han ganado relevancia
en la vigilancia aérea y el monitorizacion de dreas especificas para prevenir activida-
des ilegales. Por ejemplo, ante cualquier amenaza, los drones pueden identificarla y
monitorear movimientos en zonas restringidas. Los UAVs facilitan estos servicios al
generar alertas automadticas, reduciendo la necesidad de intervencién manual [27].

Gestion de emergencias

En situaciones de desastres, ya sean provocados por el hombre o fendmenos na-
turales como ataques terroristas, tsunamis o inundaciones, los drones pueden ac-
ceder a zonas peligrosas donde la presencia humana podria estar en riesgo. Estos
eventos catastréficos pueden causar graves dafios a infraestructuras como las tele-
comunicaciones, transportes y servicios basicos como el agua y la electricidad. Los
drones facilitan la recopilaciéon de informacién, permitiendo respuestas rapidas y la
navegacion entre escombros. Gracias a radares, sensores y cdmaras de alta calidad,
estos dispositivos pueden ayudar a los equipos de rescate a determinar el grado de
dafio y a iniciar rdpidamente operaciones de recuperacién, enviando recursos como
kits médicos y helicpteros tripulados. En situaciones como incendios forestales, un
grupo de drones equipados con extintores puede monitorizar y examinar dreas sin
poner en peligro vidas humanas. De esta forma, los drones permiten la cobertura
en tiempo real de extensas areas protegiendo al personal involucrado. Ademés, las
alertas tempranas mediante drones pueden ser cruciales para salvar vidas humanas
y de la fauna en peligro [28].

Remote sensing

La tecnologia de drones, incluso a nivel de amadores, esta siendo utilizada para
obtener imdgenes de alta resolucién de 4reas remotas, como islas, cimas de monta-
fas y costas. La tecnologia de drones sirve como puente entre la deteccién remota
desde el aire, el espacio y el suelo. Sus caracteristicas econémicas y ligeras permi-
ten observaciones de calidad con resoluciones temporales y espaciales elevadas. Las
capacidades de deteccién remota de los drones son ttiles en la deteccién de enfer-
medades, monitorizacion de calidad del agua, seguimiento de sequias, industria del
petrdleo y gas, estimaciones de rendimiento, modelado hidrolégico, conservaciéon de
la biodiversidad, estudios de desastres geoldgicos, mapeo de terrenos y bosques, y
monitorizacion de cultivos. Ademds, esta tecnologia se utiliza para el mapeo colabo-
rativo y la creacién de mapas ambientales en 3D, convirtiéndose en una herramienta
esencial para la arqueologia y la cartografia. Los drones econémicos ofrecen datos
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actualizados que se ajustan a los presupuestos de planificacion territorial sin depen-
der de fuentes de mapeo obsoletas. Las diversas aplicaciones de los drones en la
deteccion remota se ilustran en la Figura 2.6

Monitorizacién del
cambio climatico

Inventario forestal Mapeo topografico
Control de incendios Fumigacion agricola
forestales de precision

Monitorizacion de la
calidad del agua

FIGURA 2.6: Aplicaciones en remote sensing

Operaciones de biisqueda y rescate

Los drones son esenciales en situaciones criticas, como la gestiéon de desastres,
operaciones de rescate y seguridad publica. Su capacidad para brindar imdgenes
en tiempo real de ubicaciones especificas permite a los equipos de rescate identi-
ficar con precision dénde se necesita ayuda con urgencia. En situaciones adversas,
como la desaparicién de personas, aludes, incendios forestales o infiltraciones de
gas toxico, los drones aceleran las operaciones de btisqueda y rescate. Estos dispo-
sitivos pueden seguir a montafiistas perdidos o salvar vidas en desiertos o bosques
remotos. Asi, ayudan a localizar a las victimas en terrenos dificiles o condiciones
atmosféricas extremas. Antes de la llegada de ambulancias o equipos médicos, los
drones pueden suministrar productos médicos esenciales, equipados con kits médi-
cos, chalecos salvavidas y alimentos, proporcionando recursos esenciales a personas
aisladas en 4reas inaccesibles.

Inspeccién de infraestructuras

La cartografia de construcciones, el monitorizaciéon de obras y la inspeccién de
sitios se han vuelto mds eficientes y rdpidos gracias a los drones. Estos permiten
supervisar proyectos de construccién desde su inicio hasta su finalizacién, garan-
tizando un progreso de calidad en las obras. Los drones pueden proporcionar in-
formes con imégenes, videos y mapeo 3D a las partes interesadas. Su aplicacién ha
revolucionado la inspeccién de infraestructuras y construcciones. Hay un creciente
interés en su uso para la inspeccién de torres GSM, monitorizacién de gasoductos,
inspeccién de lineas eléctricas y supervision de proyectos de construccién [29].
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Agricultura de precision

La utilizacién de drones en la agricultura de precisién permite recopilar datos
de sensores terrestres (como calidad del agua, propiedades del suelo y humedad),
rociar pesticidas, detectar enfermedades, programar riegos, detectar malezas y mo-
nitorear y gestionar cultivos. Integrar drones en este sector es una técnica que aho-
rra tiempo y es eficiente en costos, potenciando la rentabilidad, la productividad y
el rendimiento de los cultivos. Ademds, estos dispositivos facilitan la detecciéon de
dafios causados por plagas, el monitorizacion de malezas, la fumigacién y la gestion
agricola, lo que resulta en un mejor rendimiento de los cultivos segtn las necesida-
des de produccién. Al combinar drones con sensores remotos, se estd revolucionan-
do la agricultura de precisién, proporcionando resoluciones temporales, espaciales
y espectrales avanzadas [30].

Monitorizacién en tiempo real del trafico vial

En el monitorizacién en tiempo real (RTM, por sus siglas en inglés), se puede
lograr la completa automatizacién del sector de transporte a través de drones [105].
Esto incluiria la automatizacion de equipos de rescate, topografos de carreteras, po-
licfa de trafico y equipos de apoyo en campo. Los drones confiables e inteligentes
pueden ayudar en la automatizaciéon de estos elementos. Los drones han surgido
como nuevas herramientas prometedoras para recopilar datos sobre las condiciones
del trafico en autopistas. A diferencia de los dispositivos de monitorizacién conven-
cionales, como sensores de microondas, cdmaras de vigilancia y detectores de bu-
cle, los drones rentables pueden monitorear grandes segmentos de carreteras [102].
Los drones pueden ser operados por la policia local para obtener una vision clara
de accidentes viales o grandes operativos de seguridad en actividades delictivas en
autopistas, como el robo de autos. Otras aplicaciones incluyen la identificacion de
vehiculos, redadas a vehiculos sospechosos, persecuciones a ladrones armados y se-
cuestradores, o cualquier persona que viole las normas de trafico. También pueden
detectar vehiculos que exceden los limites de velocidad, accidentes y ayudar a evitar
atascos y congestiones masivas [31]. En el caso de Espafa, la Direccién General de
Tréafico en cooperaciéon con la Guardia Civil ya hace uso de este tipo de dispositivos
en las carreteras y autopistas [32].

De manera general, los drones pueden ser utilizados para monitorizacion de con-
diciones de las autovias y autopistas, como indicar cualquier grieta y proporcionar
una advertencia temprana para evitar posibles accidentes y reducir dafios. Lo que
es la principal aportacién y discusion de esta tesis. Actualmente, la monitorizacién e
inspeccién de carreteras se llevan a cabo mediante vehiculos tripulados y su nivel de
automatizacion debe mejorarse. La integracion de la tecnologia de inspeccién vial y
los drones puede reducir significativamente los dafios en las superficies. Ademads, se
pueden implementar algoritmos de deteccién dafios utilizando imagenes tomadas
desde drones para una mejora eficiente [33].

Restauracion forestal automatizada

En recursos forestales, los drones son utilizados para monitorizacién y también
para la actan como agentes restauradores. Los drones pueden ser desplegados para
asistir en diversas tareas necesarias para la implementacién de la restauracion fores-
tal, como son el estudio del sitio, estrategia de restauracién, infraestructura del sitio,
suministro de semillas, gestion del sitio (fertilizaciéon, deshierbe, etc.), y el estudio
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de biodiversidad después de intervenciones de restauracién. Los drones ayudan a
llevar a cabo estudios preliminares del sitio previos a la restauracién y monitorear
varios aspectos de la recuperacion de la biodiversidad. Pueden monitorear cambios
en el clima, composicién del ecosistema y funciones de los bosques, asi como apoyar
en la inspeccién de restauraciones forestales [23]. Las cdmaras de alta resolucién ins-
taladas en los drones pueden proporcionar datos pertinentes sobre los ecosistemas
forestales para asistir en proyectos de restauracion forestal. La adecuada resolucién
de las camaras de los drones puede ayudar en la caracterizacién y andlisis de 4reas
forestales debido a su facilidad para adquirir datos y su versatilidad. Ademas, los
sensores Opticos en los drones también se utilizan para obtener caracteristicas geo-
métricas de los bosques, como el didmetro y la altura del dosel. De manera similar,
las operaciones de teledeteccion desde drones también son sustitutos fiables y efi-
cientes para las mediciones forestales tradicionales.

Inspeccién de lineas eléctricas

La deteccion y prevencién de fallos en las lineas eléctricas es crucial para la dispo-
nibilidad y fiabilidad del suministro eléctrico. Las desventajas de las técnicas tradi-
cionales incluyen alto costo, despliegue engorroso y riesgos peligrosos. Por lo tanto,
la inspeccién de lineas de distribucién y transmision eléctrica asistida por drones,
ha despertado un interés significativo entre los investigadores. La inspeccién de li-
neas eléctricas también se refiere a la seguridad de una red de transmisién eléctrica.
El uso de drones equipados con cdmaras digitales para tomar imdgenes de los co-
rredores de lineas eléctricas es un enfoque conveniente para apoyar estas tareas de
inspeccién [34]. Los drones pueden usarse para rastrear pilones eléctricos en busca
de pernos dafiados, corrosiéon o oxidacién y golpes de rayos. El cortocircuito de es-
tas lineas eléctricas suele ocurrir debido a condiciones climéticas adversas, incendios
forestales y caidas de arboles. En un estudio reciente [35], los autores discutieron la
instalacién de drones en las lineas eléctricas aéreas para identificar fallos. Tanto los
drones como los robots trepadores pueden usarse para localizar fallos. Los drones
pueden realizar estas operaciones de inspeccién a un costo menor que los helic6p-
teros y con un riesgo maés bajo en comparacién con las patrullas a pie tradicionales.
Entre los diferentes drones, los drones de ala fija que pueden volar mds rapido y
mas alto son los mas preferidos para inspecciones preliminares y monitorizacién
de vegetacion. En contraste, los drones multi-rotor se utilizan para obtener image-
nes al permanecer en el aire en una posicién més cercana a los objetos. Los drones
multi-rotores son adecuados debido a su alta maniobrabilidad en 3D. A pesar de
estos potenciales, el uso de drones multi-rotor requiere una planificacion y piloto de
mision especificos. Se deben investigar algoritmos avanzados de recopilacién, com-
particién y procesamiento de datos para redes cooperativas de drones para apoyar
inspecciones mas fiables, eficientes y rapidas.

2.1.4. Aprendizaje automdtico y aprendizaje profundo aplicados a UAV

Las técnicas de Machine Learning y Deep Learning juegan un papel prometedor en
diferentes aplicaciones relacionadas con los drones, como la programacién de bate-
rias, la planificacién de trayectorias, el seguimiento, la evitaciéon de obstdculos, de-
teccion de objetos y la asignacion de recursos. El desarrollo de nuevas herramientas
de ML y el aumento del poder computacional a bordo ayudan a desarrollar nue-
vos dispositivos més inteligentes, ligeros y pequefios, capaces de realizar cualquier
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operacion sin el riesgo de colision. Usando estas herramientas, los drones pueden
modificar auténomamente su movimiento, direccién y ubicacién para servir a los
usuarios en tierra. Ademds, la disponibilidad de datos precisos puede apoyar a los
drones en tareas inteligentes de control, planificacién de trayectorias y vision.

Al instalar diferentes cimaras en un drone, se pueden capturar varios tipos de
imagenes para su posterior procesamiento. La planificacién de un drone, incluyendo
trayectoria, navegacion y manipulacién, se puede realizar para encontrar un camino
deseado. De manera similar, el movimiento de los usuarios en tierra y la compar-
ticién de carga se pueden obtener para la planificacién de trayectorias de drones.
Aunque se han implementado métodos convencionales de aprendizaje automati-
co en drones, los métodos de aprendizaje profundo no se han explorado debido a
recursos de energfa limitados y capacidades de procesamiento. Por lo tanto, la co-
munidad investigadora ya investiga métodos de aprendizaje profundo eficientes y
de bajo consumo, especialmente para operaciones SAR (Bisqueda y Rescate).

Para ello, se deben emplear técnicas de procesamiento de imadgenes para encon-
trar objetos objetivo de manera rdpida y precisa. Los métodos de procesamiento de
imagenes pueden utilizarse en sistemas auténomos de drones, tanto individuales
como midiltiples, para localizar posibles objetivos en apoyo de las operaciones SAR.
Ademds, se puede aumentar la informacién de ubicacion en las imagenes aéreas de
objetos objetivo. Los drones pueden integrarse con tecnologias de deteccién de obje-
tivos, incluyendo cdmaras térmicas y de visién. Las cdmaras térmicas (por ejemplo,
camaras IR) pueden detectar el perfil térmico para localizar personas desaparecidas.
Las cdmaras de visién nocturna también pueden ayudar en el proceso de deteccién
de objetos y personas [36]. En la literatura, se han reportado métodos que utilizan
una combinacién de cdmaras térmicas y de visién nocturna, como en [37].

Técnicas de aprendizaje automatico pueden aplicarse a imadgenes capturadas por
drones para ayudar en operaciones de busqueda. En un estudio, utilizan una Red
Neuronal Convolucional (CNN) pre-entrenada junto con una Maquina de Vectores
de Soporte lineal (SVM) entrenada para determinar el fotograma exacto de la ima-
gen/video en el que potencialmente se detecta a una persona perdida. Un ejemplo
de como el proceso se encuentra en la Figura 2.7.
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FIGURA 2.7: Diagrama de bloques de un sistema de btisqueda utili-
zando UAVs con Machine Learning
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El flujo del proceso es similar para la mayoria de los algoritmos de procesamiento
de imdgenes captadas a distancia. En el caso de los algoritmos para Remote Sensing,
primero se utiliza el archivo log del UAV para proporcionar estimaciones iniciales
sobre la posicién y orientacion de cada imagen. Luego, el algoritmo implementa un
proceso de triangulacién aérea mediante el cual restablece las verdaderas posiciones
y orientaciones de las imdgenes de la misién aérea. Durante este proceso, el algo-
ritmo genera una gran cantidad de puntos de vinculacién autométicos para puntos
conjugados identificados en multiples imédgenes.
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A continuacién, un ajuste de paquete de imagenes utiliza estos puntos para op-
timizar las posiciones y orientaciones fotogréficas, generando una alta cantidad de
observaciones redundantes que se emplean para derivar una solucién eficiente me-
diante un ajuste de minimos cuadrados riguroso. Para ofrecer una comprobacién
independiente sobre la precision del ajuste, el algoritmo incluye varios puntos de
control. Posteriormente, las imdgenes orientadas se utilizan para crear un modelo
de superficie digital que ofrece una representacién detallada de la superficie del te-
rreno, incluyendo las elevaciones de objetos prominentes como érboles y edificios.
Este modelo genera una nube de puntos densa al emparejar caracteristicas en multi-
ples pares de imagenes [38].

En esta etapa, se puede generar un modelo digital del terreno, conocido como
modelo de terreno desnudo. Este modelo es mas 1til que el de superficie porque se
elimina el ruido de alta frecuencia asociado con la cobertura vegetal. Tras generar el
modelo digital del terreno, se puede realizar un proceso de ortorrectificacién para
eliminar las distorsiones de las imadgenes originales. Una vez concluido este proce-
so, el algoritmo fusiona las imagenes individuales en un mosaico, ofreciendo una
imagen continua del drea de misién con la resoluciéon deseada.

Tras la revision exhaustiva de las diversas aplicaciones y caracteristicas de los
UAVs, queda claro que estos dispositivos no se limitan meramente a la captura de
imagenes; en realidad, constituyen una herramienta primordial para la adquisicién
de extensos conjuntos de datos visuales. Ante este escenario, surge una cuestion fun-
damental: ;cudl es el siguiente paso tras la captura de tales imagenes? La solucién
se halla en el dominio del procesamiento de imagenes y del deep learning. Si bien
los UAVs acttian como instrumentos de recoleccién de datos desde una perspecti-
va aérea, es mediante estas avanzadas técnicas que se procede a la interpretacion y
andlisis detallado de la informacién captada, permitiendo asi la extraccién de cono-
cimientos relevantes.

2.2. Procesamiento de Imdgenes y Deep Learning

En la era digital actual, la cantidad de imédgenes y videos capturados diariamente
es colosal. Solo con UAVs, obtenemos terabytes de datos visuales que, si se procesan
adecuadamente, pueden revelar patrones, anomalias y caracteristicas esenciales que
el ojo humano podria pasar por alto. Aqui es donde el procesamiento de imdgenes
se vuelve crucial.

El procesamiento de imdgenes abarca una variedad de técnicas que permiten
mejorar, interpretar y transformar imdagenes. Estas técnicas pueden variar desde
simples ajustes de contraste hasta complejas operaciones que permiten identificar
objetos especificos dentro de una imagen.

Pero el verdadero avance en este campo viene con el Deep Learning. Esta subérea
del Machine Learning utiliza redes neuronales con mdltiples capas (conocidas como
redes neuronales convolucionales o CNNs, por sus siglas en inglés) para analizar
imdagenes. Estas redes pueden ser entrenadas para reconocer patrones, caras, objetos
y mucho mds, con un nivel de precisiéon que a menudo supera al del ojo humano.

Los beneficios son inmensos: desde la deteccion temprana de enfermedades en
imédgenes médicas hasta el reconocimiento de objetos para vehiculos autébnomos. En
el contexto de los UAVs, el Deep Learning puede permitir, por ejemplo, identificar
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automaticamente areas afectadas en una imagen post-desastre o detectar signos de
estrés en cultivos agricolas.

En esta seccién, nos adentraremos en los algoritmos clave y las aplicaciones del
procesamiento de imagenes y deep learning, ilustrando cémo estas tecnologias estan
redefiniendo lo que es posible en el andlisis de datos visuales.

2.21. Procesamiento de imagenes

Cada aplicaciéon de UAVs demanda técnicas especificas de procesamiento de
imédgenes y modelos de aprendizaje automatico para interpretar y enriquecer las
imagenes capturadas de acuerdo a su drea de aplicacion. En funcién de los objetivos
perseguidos con estas imdgenes, es factible clasificar de manera categoérica las aplica-
ciones de los UAVs. Estas finalidades pueden agruparse en segmentacion y analisis,
identificacién y prediccién, y reconstruccion 3D. La Tabla 2.1 presenta una propues-
ta de clasificacion categoérica de las aplicaciones de UAVs basadas en estos objetivos,
mientras que la Figura 2.8 ilustra las interrelaciones entre dichas categorias.

Categoria Definicién Aplicacién
Segmentaciéon y | Manipulacién directa o | -Seguridad en la construccién
andlisis segmentacién de la re- | -Deteccién de objetos

gion de interés (Rol) | -Cuidado de animales

en imagenes captura-
das por drones median-
te la aplicacion de téc-
nicas de procesamiento
de imédgenes

-Deteccién de vehiculos
-Deteccién de personas
-Operaciones de rescate

Deteccién y pre-
diccién

Reconocimiento de ob-
jetos o escenas segmen-
tadas o no segmentadas
y prediccién del futu-
ro mediante técnicas de
aprendizaje automatico

-Reconocimiento de objetos
-Identificacién de personas
-Estimacioén agricola
-Cuidado de animales

Reconstrucciéon
3D

Reconstruccién de ima-
genes 3D usando multi-
ples o una tinica escena
2D

-Procesamiento datos geoespaciales
-Mapeo ambiental

CUADRO 2.1: Aplicaciones de UAV propuestas segtin sus propoésitos.
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Segmentacion y
Analisis

Deteccion y Prediccion

Reconstruccion 3D

FIGURA 2.8: Relacién entre las categorias de UAV segtin técnicas y
aplicaciones

Segmentacién y andlisis

La fase de andlisis y segmentacion en el procesamiento de imagenes de UAV
suele incluir la binarizacién de imédgenes y operaciones morfolégicas para separar
la regién de interés de la imagen completa o para ofrecer una captura explicita de
dicha region.

Para ello se hace uso de procedimientos como la binarizacién de imagenes para
segmentar imégenes, filtros Canny y la transformada de Hough. Para finalizar una
segmentacion, las regiones segmentadas son identificadas mediante un clasificador
de andlisis discriminante lineal (LDA). Dependiendo de cada uso se puede tratar la
segmentacion de formas distintas.

La segmentacién juega un papel fundamental en el procesamiento de imagenes
al separar un objeto o regién de interés de su fondo o entorno. Esto facilita un ana-
lisis méas detallado del objeto en cuestién y es esencial para aplicaciones como la
medicina, donde la segmentacion de imagenes médicas permite identificar tumores
o anomalias.

» Técnicas Tradicionales: Métodos como el umbralizado, la segmentacién basa-
da en crecimiento de regiones y la segmentacién basada en bordes son técnicas
convencionales ampliamente utilizadas.

» Enfoques Modernos: El advenimiento del aprendizaje profundo ha llevado al
desarrollo de técnicas més avanzadas, como las redes neuronales convolucio-
nales (CNN) para la segmentacién semdntica y la segmentacién de instancias.

Deteccién y prediccion

La deteccién de objetos es esencial para identificar y localizar objetos especificos
dentro de imdgenes, mientras que la prediccion se centra en inferir comportamientos
futuros o estados de esos objetos.
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= Deteccién: La deteccién de objetos ha avanzado enormemente con el uso de
técnicas de aprendizaje profundo, como las Redes Neuronales Convoluciona-
les (CNN) y sistemas como YOLO (You Only Look Once) o SSD (Single Shot
Multibox Detector).

= Prediccién: Con el auge de la inteligencia artificial, la prediccién basada en
imagenes se ha vuelto més sofisticada. Las redes neuronales recurrentes, en
particular, las LSTM (Long Short-Term Memory), son esenciales para predecir
secuencias temporales basadas en datos visuales.

Reconstrucciéon 3D

La reconstruccién 3D transforma datos visuales 2D en modelos tridimensionales,
siendo fundamental en dreas como la arqueologia, la medicina y el disefio industrial.

» Fotogrametria: Es una técnica tradicional que utiliza imdgenes 2D para recons-
truir estructuras 3D, aprovechando la paralaje entre multiples fotos.

» Técnicas Modernas: Con el desarrollo de cdmaras de profundidad y la mejora
de algoritmos, técnicas como SLAM (Simultaneous Localization and Mapping)
y técnicas basadas en aprendizaje profundo estdn ganando popularidad en la
reconstruccién 3D.

El procesamiento de imédgenes es un campo en constante evolucién que se bene-
ficia enormemente de los avances tecnolégicos y algoritmicos, ofreciendo soluciones
innovadoras a desafios en diversos dominios.

2.2.2. Deep Learning

El Aprendizaje Profundo, o Deep Learning, es una subarea del Aprendizaje Au-
tomadtico. Aunque opera de manera similar a una Red Neuronal Artificial, se dis-
tingue por tener un mayor nimero de capas. En este tipo de redes, cada capa tiene
la funcién de extraer caracteristicas especificas de los datos ingresados. La informa-
cién fluye de capa en capa, donde la salida de una se convierte en la entrada de la
siguiente, creando una cadena de transformaciones y extracciones de caracteristicas

Aligual que en las Redes Neuronales Artificiales (RNAs), en una red neural pro-
funda, la primera capa se conoce como camada de entrada y la tltima como camada
de salida. Las camadas que se encuentran entre estas dos se denominan camadas
ocultas.

2.2.3. Arquitecturas de Redes Neurales Convolucionales

Las Redes Neurales Convolucionales (CNNSs, por sus siglas en inglés) son una
categoria especializada de redes neuronales disefiadas para procesar datos con una
estructura en forma de rejilla, como una imagen. Estas redes estan disefiadas para
reconocer patrones visuales directamente desde imagenes en bruto, siendo especial-
mente efectivas en tareas de procesamiento y clasificacion de imagenes. A conti-
nuacién, describiremos brevemente algunas de las arquitecturas mas destacadas de
CNNe .
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Red Neuronal Simple Red Neuronal Profunda

Il capa de entrada  [] Capa oculta Bl capa de salida

FIGURA 2.9: Representaciéon de una red neuronal simple y una red
neuronal profunda

= LeNet-5: Desarrollada en 1998 por Yann LeCun [39], esta fue una de las pri-
meras redes neuronales convolucionales y se utiliz6 principalmente para re-
conocimiento de digitos manuscritos. Consiste en dos series de capas convo-
lucionales, seguidas de capas de submuestreo (pooling) y finaliza con capas
completamente conectadas.

Aunque las redes neuronales ya existian antes de LeNet-5, esta red fue pionera
en demostrar que las CNN podian ser efectivas en tareas visuales. A partir
de aqui, las redes convolucionales se convirtieron en la arquitectura preferida
para el procesamiento de imédgenes.

= AlexNet: Presentada por Alex Krizhevsky en 2012 [40], esta arquitectura gan6
el desafio ImageNet ILSVRC. Es similar en disefio a LeNet pero mucho mas
grande y fue una de las primeras CNNs en hacerse uso de las unidades de
procesamiento grafico (GPU) para mejorar su rendimiento.

» VGG (Visual Geometry Group): Desarrollada en 2014 por el grupo VGG de
la Universidad de Oxford, se caracteriza por su uniformidad, utilizando sélo
convoluciones 3x3 y pooling 2x2. Se hicieron populares las versiones VGG-16
y VGG-19, que se refieren al nimero de capas ponderadas en la red.

= GoogLeNet/Inception: Desarrollada por Google en 2014, introduce el médulo
Inception, que permite a la red aprender representaciones a diferentes escalas.
GoogLeNet es significativamente méas profundo que VGG y utiliza menos pa-
rametros.

= ResNet (Red Residual): Propuesta por Kaiming He en 2015, esta arquitectura
introdujo conexiones residuales para permitir la formacién de redes mucho
mas profundas, superando el problema de desvanecimiento del gradiente. Con
estas conexiones, ResNet puede alcanzar arquitecturas de hasta 152 capas [41].

La red ResNet se alz6 como ganadora en el desafio ImageNet en el mismo afio
de su propuesta. Su innovacién radica en la capacidad para entrenar redes de
una profundidad extraordinaria, con mas de 150 capas. ResNet se caracteriza
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por dos aspectos clave: conexiones de atajo (conexiones directas de identidad)
y la normalizacién por lotes (batch normalization).

Estas conexiones de atajo abordan un problema comiin en redes profundas: el
esvanecimiento del gradiente. En contextos donde el gradiente se retropropa-
ga a capas anteriores, la multiplicacion repetitiva puede reducir drasticamente
su magnitud, haciendo que la red pierda capacidad de aprendizaje a medida
que se afiaden maés capas. Las conexiones de atajo, sin embargo, permiten que
ciertas sefiales se transmitan directamente a través de capas, evitando el pro-
ceso normal y potencialmente problemaético de propagacién. Especificamente,
en ResNet, una sefial puede ser producida a partir de la suma de la sefial de
dos capas convolucionales anteriores y la sefial que proviene directamente del
punto anterior a esas capas. Este método de combinar sefiales procesadas con
sefiales no procesadas de etapas previas es esencial para el funcionamiento de
ResNet.

La estructura de ResNet estd formada por bloques residuales, también conoci-
dos como bloques de conexiones de salto o skip-connection blocks. Cada uno de
estos bloques estd compuesto por mdltiples capas convolucionales apiladas.
Una de las ventajas de la arquitectura ResNet es su eficiente convergencia, de-
bido en gran parte a las conexiones residuales que aceleran la convergencia de
las capas més profundas [42].

= Darknet: arquitectura de red neuronal convolucional que destaca por su dise-
fio especifico orientado a la velocidad y eficiencia. Esta estructura fue conce-
bida por Joseph Redmon y ha ganado notoriedad gracias a su integracién con
YOLO (You Only Look Once) [43, 44], un método lider en deteccién de objetos
en tiempo real.

Una de las razones detrds de la eficacia de Darknet es su compromiso con la
eficiencia y velocidad. Esta arquitectura fue desarrollada para ser agil, lo que le
permite operar eficazmente en dispositivos con recursos limitados, un aspecto
esencial para aplicaciones en tiempo real. Ademads, Darknet se distingue por
su disefio modular, lo que facilita su adaptabilidad a distintas necesidades y
aplicaciones.

Desde el punto de vista técnico, Darknet fue escrito en C y CUDA, una com-
binacién que le permite beneficiarse de la aceleracién por GPU. En particular,
su implementacién en CUDA, una plataforma de NVIDIA, garantiza un ren-
dimiento 6ptimo en maquinas equipadas con GPUs de esta marca.

Pero, sin duda, uno de los logros mds notables de Darknet es su asociaciéon
con YOLO. Esta técnica de deteccién, que realiza la tarea en una tinica pasada,
contrasta con otras metodologias que dividen el proceso en varias etapas. Esta
singularidad otorga a YOLO una velocidad insuperable, consolidandolo como
un referente en deteccién en tiempo real.

Por dltimo, es esencial mencionar que Darknet es un proyecto de c6digo abier-
to. Esto implica que la comunidad tiene la libertad de usarlo, adaptarlo y distri-
buirlo segtin lo vea conveniente, lo que ha fomentado su adopcién y evolucion
continua.

En particular, el procesamiento de imagenes ha logrado integrar multiples tec-
nologias de IA no sélo para clasificar imagenes de manera automatica, sino también
para describir detalladamente los elementos que estas contienen. Los modelos de
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aprendizaje profundo, dadas sus estructuras de mdltiples niveles, demuestran ser
especialmente eficientes al extraer informacién de gran complejidad de las imagenes
procesadas. Adicionalmente, las redes neuronales convolucionales han optimizado
notablemente los tiempos computacionales, aprovechando la potencia de las GPU,
una caracteristica no siempre explotada por otras redes.

2.2.4. Arquitecturas de deteccion de objetos

En cuanto a la identificacién de objetos en imagenes, dos métodos destacan: los
algoritmos de Region Proposal y los algoritmos de deteccién de objetos por regre-
sion [45], el enfoque de Region Proposal busca pre-identificar posibles ubicaciones
del objeto a detectar en la imagen, garantizando asi una alta tasa de recuperaciéon
con menos ventanas de selecciéon. Cuando se procesa una imagen, tras una serie de
operaciones convolucionales, se obtiene un mapa de caracteristicas. Cada sector de
dicho mapa representa una porcién especifica de la imagen original. Dentro de es-
tos algoritmos de propuesta regional, se encuentran destacados exponentes como
R-CNN, Fast R-CNN [46], Faster R-CNN [47], y MASK-CNN [48].

R-CNN

Entre estos, Mask R-CNN merece una atencion especial. Se trata de una evolu-
cién del Faster R-CNN, enriquecido con una rama adicional que predice una object
mask en simultdneo con la determinacién del cuadro delimitador. Lo que diferencia a
Mask R-CNN es su precision en la alineacion a nivel de pixeles. Este algoritmo ope-
ra en dos fases: mientras que la primera fase se asemeja a RPN, la segunda no sélo
predice la clase y desplazamiento de la caja, sino que también produce una mdscara
binaria para cada Rol. Una de las grandes ventajas de Mask R-CNN es su facilidad
de implementacién y formacién, ofreciendo ademds una operatividad agil y versatil.
Un ejemplo gréfico de la segmentacion lograda por este algoritmo puede apreciarse
en la Figura 2.10.
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FIGURA 2.10: Mask R-CNN

Detectron

En la misma linea que las anteriores, encontramos Detectron, que es el sistema de
software de Facebook AI Research (FAIR) que implementa algoritmos de deteccién
de objetos de tltima generacién, incluyendo Mask R-CNN. El objetivo de Detectron
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es proporcionar una base de cédigo de alta calidad y alto rendimiento para la inves-
tigacion de la detecciéon de objetos. Ha sido disefiado para ser flexible, con el fin de
apoyar la rdpida implementacién y evaluacién de nuevas investigaciones. Sin em-
bargo, la versién con mads éxito se trata de Detectron2 [49], siendo una mejora de
Detectron. La gran diferencia entre versiones se basa en que la mds actual presenta
un disefio mas modular, més flexible y extensible, permitiendo un entrenamiento
mucho mds rdpido en ordenadores que presentan dispositivo GPU.

El Detectron2 incluye implementaciones de alta calidad de los algoritmos mas
avanzados de deteccion de objetos, como DensePose, redes de pirdmide de carac-
teristicas pandpticas y numerosas variantes de la pionera familia de modelos Mask
R-CNN, también desarrollada por FAIR. Los creadores del algoritmo reproducen las
lineas de base de ResNet-50-FPN junto al algoritmo Scale Jitter.

Single Shot Detector (SSD)

Por otro lado, tenemos los métodos de algoritmos de deteccion de objetos por re-
gresion. Los algoritmos anteriores utilizan la deteccién como un problema de clasi-
ficacion, es decir, primero se generan propuestas de objetos y luego estas propuestas
se envian a las regiones de clasificacién/regresion. Sin embargo, algunos métodos
abordan la deteccién como un problema de regresién basdndose en una operaciéon
similar. Dentro de este campo destacan los algoritmos de YOLO (You Only Look
Once) y SSD (Single Shot Detector).

El algoritmo SSD [50] consigue un buen equilibrio entre velocidad y precision.
SSD ejecuta una red convolucional en la imagen de entrada s6lo una vez y calcula un
mapa de caracteristicas. A continuacién, se ejecutas un pequefio niicleo convolucio-
nal de 3x3 en este mapa de caracteristicas para predecir los cuadros delimitadores
y la probabilidad de clasificacién. SSD también utiliza anchor boxes en varias rela-
ciones de aspecto, de forma similar a Faster-RCNN, y aprende el desplazamiento en
lugar de aprender la caja. Para manejar la escala, SSD predice los cuadros delimita-
dores después de miiltiples capas convolucionales. Como cada capa convolucional
opera a una escala diferente, es capaz de detectar objetos de varias escalas. Un ejem-
plo del funcionamiento del algoritmo SSD se puede observar en la Figura 2.11.
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FIGURA 2.11: Single Shot Detector [15]
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YOLO (You Only Look Once)

Se trata de una arquitectura de deteccién de objetos muy rapida y precisa, que
fue creada por Joseph Redmond como principal autor [51]. En el algoritmo, la detec-
cién es un simple problema de regresion que toma una imagen de entrada y conoce
las probabilidades de clase junto a las coordenadas de los bounding boxes. El YO-
LO divide cada imagen en una cuadricula de S x S y cada cuadricula predice N
bounding boxes junto a su confianza. La confianza refleja la precisiéon del cuadro
delimitador y si éste contiene realmente un objeto, independientemente de la clase.
YOLO también predice la puntuaciéon de clasificacion de cada bounding box para
cada clase en el entrenamiento. El algoritmo puede combinar ambas clases para cal-
cular la probabilidad de que cada clase esté presente en un cuadro predicho. Asi, se
predice un total de SxXSxN bounding boxes. Sin embargo, la mayoria de estas casillas
tienen puntuaciones de bajas confianza, por lo que si establecemos un umbral, por
ejemplo del 30 % de confianza, desde eso, se puede eliminar la mayoria de ellas con
el ajuste del umbral, como se muestra en la Figura 2.12.
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FIGURA 2.12: Flujo del algoritmo YOLO

YOLO es un algoritmo mds rdpido que el resto de los algoritmos de deteccion,
permitiendo ser ejecutado en tiempo real. Otra diferencia clave es que YOLO ve la
imagen completa de una vez, en lugar de mirar sélo las propuestas de una regién
generada en los métodos anteriores. Asi, esta informacién contextual ayuda a evi-
tar los falsos positivos. Sin embargo, una de las limitaciones de YOLO es que sélo
predice un tipo de clase en una cuadricula, por lo que tiene dificultades con objetos
muy pequefios. Hay varias versiones de YOLO como YOLOv2 [51], YOLOvV3 [52] y
YOLOv4 [53].

La evidencia en la literatura presenta como uno de los algoritmos maés utilizados
en el campo de deteccion de objetos. Es un algoritmo popular de deteccién de ob-
jetos, y se han lanzado varias versiones. Al comparar la evolucién de toda la serie
YOLO, podemos ver una evolucién significativa con respecto al tiempo de detec-
cién. En la primera versién publicada, se requiere solo una red neuronal convolucio-
nal para hacer una prediccién, YOLO estd hecho para funcionar en dispositivos con
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bajo poder de procesamiento. Dado que la versién inicial se basé en AlexNET, este
método ha pasado por varias iteraciones adicionales.

En la cronologia del algoritmo YOLO, aparecen YOLOV3 y la versiéon YOLOv4.
En resumen, YOLOv3 y YOLOv4 son algoritmos de deteccion de objetos basados
en aprendizaje profundo, pero YOLOvV4 es una mejora sobre YOLOv3. YOLOv4 ha
sido optimizado para la deteccién de objetos en tiempo real y entrenado en un gran
conjunto de imégenes y videos para mejorar su precisiéon. YOLOv4 también incluye
nuevas técnicas, como la ampliacién de datos Mosaic y DropBlock, mejorando su
rendimiento.

Hasta 2021, se considera que YOLOV4 es la version més precisa de YOLO. Es-
ta construido sobre una arquitectura de red neuronal disefiada a medida que utili-
za una combinacién de capas convolucionales y convolucionales transpuestas para
detectar objetos en imagenes y videos. Posteriormente, se lanz6 la quinta versiéon
del algoritmo, llamada YOLOVS5. Este algoritmo result6 ser un modelo perfecto, tra-
yendo mds opciones, destacdndose la segmentacion de imadgenes, pero atin necesita
acercarse a la quinta actualizacién principal. Los resultados son muy similares a YO-
LOv4, donde se realiz6 una cantidad considerable de trabajo y se tuvieron en cuenta
todos los matices. YOLOV5 es una mejora sobre YOLOv4. Se basa en una nueva
arquitectura SPADE, que utiliza informacién seméntica y espacial para mejorar la
precision de deteccion de objetos. YOLOvVS también utiliza un nuevo algoritmo de
entrenamiento llamado Mosaic Data Augmentation para mejorar la generalizaciéon
del modelo.

Mads recientemente, se lanz6 la séptima version del algoritmo, YOLOV7, la 1lti-
ma iteracién en el ciclo de vida de los modelos YOLO. YOLOV7 infiere mds rdpido y
con mayor precision que sus versiones anteriores (es decir, YOLOvV5). YOLOV7 es la
altima version de YOLO. Ha sido construido sobre una nueva arquitectura llamada
Efficient-YOLO, que utiliza EfficientNet como red principal. YOLOV7 ha sido entre-
nado en un gran conjunto de datos y ha sido optimizado para la deteccién de objetos
en tiempo real. Es mds preciso y rdpido que las versiones anteriores de YOLO. En la
Figura 2.13 es posible comparar la actual version con los predecesores.
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FIGURA 2.13: Comparativa entre versiones del algoritmo YOLO [54]



28 Capitulo 2. Estado del arte

En conclusion, YOLOV4 se considera la version més precisa de YOLO hasta 2021
y estd optimizado para la deteccion de objetos en tiempo real. YOLOV7 es la tltima
version de YOLO y se basa en una nueva arquitectura llamada Efficient-YOLO, que
es mds precisa y rdpida que las versiones anteriores.
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Capitulo 3

Lista de articulos de revistas

En este apartado se describe la coherencia de cada uno los articulos que confor-
man esta tesis doctoral presentada en formato de “Compendio de articulos”. A conti-
nuacion, se detallan los tres articulos ya publicados en revistas internacionales, todas
ellas indexadas en Jornal Citation Reports (JCR). Se debe mencionar que los articulos
han sido sometidos a un proceso de revisién ciega por pares de autores. Este capi-
tulo se encuentra estructurado de la siguiente forma: en primer lugar se explica la
coherencia y la relacion que tienen los articulos con la hipétesis de este trabajo. A
continuacion, se presenta cada uno los articulos en su formato original, incluyendo
para cada uno de ellos un breve resumen en castellano conformado por los objetivos
de la investigacion, la metodologia utilizada, los resultados obtenidos y conclusiones
en cada uno de ellos.

3.1. Coherencia y relacién entre los articulos

En esta seccion se describe la coherencia y relacién que existe entre los articu-
los y en relacién con la hipétesis de investigacion plateada en la seccion 1.1. Como
ya se ha mencionado anteriormente se trata de un total de tres articulos de inves-
tigacion cientificos publicados en revistas internacionales con factor de impacto, es
decir, indexadas en el JCR. Cada uno de estos articulos se alinea directamente con la
tematica de la hip6tesis propuesta. A continuacién, se enumeran las publicaciones
acompafiadas por un resumen muy breve:

» An Architectural Multi-Agent System for a Pavement Monitoring System with
Pothole Recognition in UAV Images: Dada la disminucién en el mantenimien-
to de rutas de transporte ptblico en diversos paises por situaciones econémi-
cas desfavorables, este articulo propone una plataforma distribuida que utiliza
drones para detectar desperfectos en las rutas de transporte. En particular, en
este articulo se hace uso de un sistema multi-agente basado en PANGEA ha-
ciendo uso de técnicas de computacion ubicua. Como uno de los resultados
principales, se presenta un caso de estudio que utiliza el clasificador You Only
Look Once (YOLO) v4, logrando una precision del 95 %. Las imagenes utiliza-
das que conforman el dataset han sido compartidas de forma abierta para un
uso gratuito y abierto por parte de la comunidad cientifica.

= Active Actions in the Extraction of Urban Objects for Information Quality
and Knowledge Recommendation with Machine Learning: Debido al creci-
miento urbanistico de la ciudad, la investigacién aborda la necesidad de ma-
pear zonas urbanas y rurales. Utiliza clasificadores basados en objetos junto
con GeoDMA vy algoritmos como OneR, NaiveBayes, J48, IBk, y Hoeffding
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Tree, ademds de una primera aproximacién con R-CNN vy el algoritmo YO-
LO. El propésito es caracterizar zonas de vegetacion, suelo expuesto, asfalto
y edificaciones. El estudio presenta una metodologia para identificar activa-
mente objetos geoespaciales y seleccionar el mejor clasificador, logrando una
precision del 85 % y un indice kappa del 0.76. Finalmente, ofrece una estrategia
préctica para extraer y recomendar informacion con relevancia cientifica.

= Automated Road Damage Detection Using UAV Images and Deep Learning
Techniques: Este articulo aborda la problemdtica de la recoleccién manual de
datos sobre dafios en carreteras, identificando su ineficiencia y riesgos para hu-
manos. Propone una solucién mediante el uso de UAVs y tecnologias de Inte-
ligencia Artificial para poder detectar dafios en carreteras con mayor eficiencia
y precision. Se explora el potencial de los algoritmos YOLOv4, YOLOV5, y YO-
LOv7, utilizando imégenes tomadas por UAVs. Los resultados experimentales,
basados en conjuntos de datos de China y Espafia, demuestran la efectividad
del enfoque, con un alto grado de precision en la deteccién automadtica de da-
Nnos en carreteras.

En la era actual de crecimiento acelerado de las ciudades y la evolucién constan-
te de la tecnologia, es imperativo abordar los desafios que surgen en la gestién y el
mantenimiento de las infraestructuras urbanas. Estos desafios no sélo estdn relacio-
nados con la expansion fisica de las ciudades, sino también con la garantia de seguri-
dad, calidad y sostenibilidad en los espacios que habitamos. La infraestructura vial,
en particular, se encuentra en el centro de esta discusién, dada su importancia critica
en el transporte, la economia y la seguridad publica. Es en este contexto, donde tres
investigaciones distintas, pero intrinsecamente relacionadas, emergen para ofrecer
soluciones innovadoras mediante la combinacién de vehiculos aéreos no tripulados
y técnicas de aprendizaje profundo.

Los tres articulos identifican problemas relacionados con la monitorizacién urba-
na. Mientras el primer y tercer articulo se centran en la deteccién de dafios en rutas
de transporte y carreteras, el segundo aborda el mapeo de zonas debido al desarrollo
urbano. Es evidente que existe una necesidad creciente de soluciones tecnoldgicas en
la monitorizacién y el mantenimiento de infraestructuras urbanas y rurales.

La utilizacién de UAVs y la deteccién de caracteristicas en imdgenes es una cons-
tante que se encuentra presente en los tres articulos. Los drones proporcionan de
forma eficiente y segura de recopilar datos desde una perspectiva aérea, ofreciendo
una vista amplia y detallada de las &reas bajo estudio. Ademads, todos los articulos
aprovechan el poder del machine learning, en particular, los algoritmos y sus va-
riantes, demostrando su eficacia en la deteccién y clasificacion de dafios y objetos
urbanos.

En la primera investigacion se propone un sistema multi-agente para coordinar
diferentes partes de la arquitectura, demostrando la potencia de los sistemas distri-
buidos en la gestion de grandes volimenes de datos. El la segunda investigacion,
por otro lado, explora diversos algoritmos y técnicas para identificar y clasificar
zonas urbanas, poniendo énfasis en la importancia de la precision y la relevancia
cientifica de la informacién extraida. El tercer articulo destaca la seguridad y eficien-
cia de usar UAVs en comparacién con los métodos tradicionales de recoleccién de
datos, a la vez que profundiza en la eficacia de diferentes versiones del algoritmo
una vez probado en un conjunto de datos més grande y con caracteristicas de paises
distintos.
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Otro punto en comuin que presentan los articulos que componen este compendio
de articulos es su contribucién a la comunidad cientifica. El conjunto de datos de
imégenes propias utilizado en el primer articulo ha sido puesto a disposicién de la
comunidad cientifica, contribuyendo con la ciencia abierta. Siguiendo con el enfoque
colaborativo y global en el tercer articulo se ha empleado un conjunto de datos tanto
de China como de Espafia. En la segunda contribucién, se pretende contrastar y ana-
lizar imagenes de satélite e imagines de UAVs, con el fin de evaluar la concordancia
y validez de los datos. Estas contribuciones facilitan la replicabilidad y extension de
los estudios, promoviendo avances futuros en el campo.

La confluencia de UAVs y machine learning estd redefiniendo el campo de la
monitorizacién urbana. Los tres articulos examinados en este informe destacan di-
ferentes facetas de esta revolucion, pero comparten una visién comun sobre la im-
portancia de la innovacién tecnolégica en la solucién de problemas urbanos criticos.
Al observar estos estudios conjuntamente, no sélo se identifican areas especificas de
aplicacién y avance, sino que también vislumbramos el potencial futuro de estas tec-
nologias en la construcciéon de ciudades més seguras, eficientes y bien mantenidas.

Para finalizar, aunque cada articulo aborda un problema especifico y particular,
todos convergen en la utilizacién de UAV que hacen uso de técnicas avanzadas de
machine learning para mejorar y optimizar la gestién y el mantenimiento de infraes-
tructuras urbanas. La recurrencia del uso del clasificador YOLO en los tres estudios
también indica la relevancia y eficiencia de este algoritmo en tales aplicaciones. Es-
tos trabajos no tnicamente subrayan la relevancia de la tecnologia en la solucién de
problemas urbanos actuales, sino que también sugieren un camino claro para futuras
investigaciones en este &mbito dindmico y esencial.
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Abstract: In recent years, maintenance work on public transport routes has drastically decreased in
many countries due to difficult economic situations. The various studies that have been conducted by
groups of drivers and groups related to road safety concluded that accidents are increasing due to the
poor conditions of road surfaces, even affecting the condition of vehicles through costly breakdowns.
Currently, the processes of detecting any type of damage to a road are carried out manually or are
based on the use of a road vehicle, which incurs a high labor cost. To solve this problem, many research
centers are investigating image processing techniques to identify poor-condition road areas using
deep learning algorithms. The main objective of this work is to design of a distributed platform that
allows the detection of damage to transport routes using drones and to provide the results of the most
important classifiers. A case study is presented using a multi-agent system based on PANGEA that
coordinates the different parts of the architecture using techniques based on ubiquitous computing.
The results obtained by means of the customization of the You Only Look Once (YOLO) v4 classifier
are promising, reaching an accuracy of more than 95%. The images used have been published in a
dataset for use by the scientific community.

Keywords: smart applications; drones; YOLOV4; crack detection; virtual organizations of agents

1. Introduction

Road safety is key to reducing the number of road accidents. The main solutions often focus on
reducing speed limits, but road conditions are also important in the increase in road accidents. A recent
study carried out by the AEC stated that the poor condition of roads is the main cause of 94% of
accidents [1]. According to this organization, 1 out of every 13 km of the Spanish road network shows
significant deterioration in more than 50% of the surface of the pavement as a result of accumulating
potholes, ruts, and cracks. This damage affects vehicle safety, creating a less stable and safe driving
environment. The report [1] also shows that Spain is failing to maintain its roads, and describes the
condition of the asphalt as very poor. This translates into an increased risk of an accident in the
worst-case scenario, but can also lead to vehicle breakdowns. To minimize the risks of a possible
accident or decrease the possibility of a breakdown, it is vitally important to investigate and develop
techniques that can be used to improve the road infrastructure. The difficult worldwide economic
situation has repercussions for the state of roads, making maintenance and improvement of transport
routes lower priorities.

Sensors 2020, 20, 6205; doi:10.3390/s20216205 www.mdpi.com/journal/sensors
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filtering, and coordinating the information handled by the platform. The multi-agent system, which is
used in the case study, is based on the use of the open-source platform PANGEA [16], allowing the
different elements of the system to behave dynamically according to the requirements of the platform
at any given moment. As a fundamental pillar in the identification of road damage, we customized the
YOLOV4 algorithm. Notably, the machine learning models depend on the quality of the data used
for their training; therefore, to obtain a robust model for this task, a new dataset was created for use
by deep learning algorithms. Using a UAV is proposed to obtain the images automatically using a
tracking road [17-19], thus minimizing the effort required for the sample collection process in terms of
both cost and time. Through the proposed multi-agent architecture, coordination and communication
between the different elements of the system are achieved so that the different classifiers that were
tested are transparent to the end users.

The article is organized as follows: Section 2 provides an in-depth review of the current literature
on crack and drone detection algorithms. Section 3 describes the architecture of the proposed system.
The experiments and results are outlined and explained in Section 4. Finally, the conclusions are
presented in Section 5. In addition, images of the pothole detection are provided in Appendix A.

2. Background

In this section, the different works in the different areas involved in this study are analyzed.
This section is divided into different sub-sections to provide a more detailed analysis of each of the
research areas. First, we begin by explaining the state-of-the-art technology used to capture the images
from our dataset (drones). Then, we analyze the different methods and algorithms of image detection.
We then focus on one of these image detection systems, YOLO, which is used in our framework,
as well as some of the most used datasets. Finally, we refer to the framework in which we include the
proposed system, the multi-agent system, highlighting its major advances and utilities.

2.1. Drones

The first step in determining the status of a pathway is to take images of it. To obtain images
with good quality and perspective, we chose to use a drone. UAVs are becoming an important tool
for surveyors, engineers, and scientists, as the number of cost-effective and easy-to-use systems
is increasing rapidly. These platforms offer an attractive alternative for mapping small areas with
centimeter resolution [20]. Drones are widely used today for tasks such as surveillance, monitoring,
and data collection in buildings, infrastructure, and hazardous environments [12], detection of
excessive vegetation growth [13], Internet of Things (IoT) systems [21], and in combination with
virtual reality devices for control [22]. The main reason for why we chose a drone to recognize the
terrain and obtain the data of the dataset was to acquire a large number of images in a short period
of time with an acceptable resolution. Using these images, it is possible to associate the cracks in the
recorded images with their real positions in the real world and to calculate their real sizes.

2.2. Pattern Detection in Images

Once we determined how to obtain the road image data, we focused on the area of object
detection—in our case, cracks and potholes—in the road. In recent years, demand has been growing
for analysis and recovery of large amounts of information from images on a network. The main purpose
of image processing is to separate relevant information (foreground) from non-relevant information
(background) [23].

Cracks are a common defect in structures, and they can cause serious structural failures. Surface
crack detection using image processing has emerged as an important topic in the last 20 years [24].
Most studies have targeted crack detection for concrete surfaces [25,26], glass fiber composite
laminates [27], solar cells [28], and different types of surfaces [29]. The use of the image detection
techniques, which involve the detection of cracks and potholes in the captured image, allowed
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us to extract relevant information without pre-processing the image in a reasonable time with
acceptable results.

2.3. YOLO

One of these systems used for image detection is YOLO. YOLO is an open-source application that
allows the classification of images in real time.

We selected YOLO because it has been tested and used for the detection of cracks in different
surfaces, such as defects in turbine propellers [30], cracks in cement surfaces [31,32], and in composite
panels [33]. YOLO has previously been used for the detection of cracks in roads [34-38].

To select the appropriate version of YOLO, we compare the main versions of YOLO in Table 1,
focusing on different aspects like the number of convolutional layers, activation function, calculation
function, and the specific characteristics of each version.

Table 1. You Only Look Once (YOLO) versions.

Version  Article Features

26 layers, SoftMax activation function,
sum-squared risk calculation function,
may not detect objects too close together,
non-maximal suppression to eliminate duplicates.

YOLOv1 [4,30,31,34,35,39,40]

30 layers, function of calculation of the risk of mean square error,
requires fewer training times,
batch normalization in the layers
(an increase in the mean average precision (mAP)).

YOLOv2 [3541].

106 layers, multi-label sorting,
SoftMax activation function with independent logistic sorters,
binary cross-entropy loss calculation function for each label,
small object enhancement.

YOLOv3  [37,42-45].

53 layers, FPN for greater accuracy,
SAM
allows focus on a specific part of the image,
SPP detects object deformations.

YOLOv4 [10].

Table 2 compares the mean average precision (mAP) and speed (FPS) for the PASCAL VOC2007
dataset made in [46]. The YOLOvV2 version has the highest FPS, and YOLOv3 + SPP obtains the
highest mAP.

Table 2. mAP and speed comparison.

Method mAP (%) Speed (fps)
Faster RCNN 76.4 5.0
SSD 74.3 46.0
DSSD 321 78.6 9.5
STDN 78.1 40.3
YOLO 63.4 45.0
YOLOvV2 76.8 67.0
YOLOvV3 79.3 37.9
DC-SPP-YOLO 78.4 55.7
YOLOV3(DC)+SPP 797 37.0

To improve YOLO'’s efficiency, it is used in combination with different algorithms and techniques,
as well as different variants of the original YOLO model.

The variants include the YSODA model for the detection of small objects [30], the DC-YOLO
model based on YOLOv3 [42], the Tiny-YOLO-V2 model, which has a lower computational cost,
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and pre-trained detection models, such as DarkNet [42]. The DarkNet model has pre-trained networks
that are capable of recognizing and detecting cracks in pavement, which is why we chose to use it in
our system.

For crack detection, there are two-phase and single-phase methods. Both have their disadvantages:
The first is too slow (low FPS) and the second is less accurate than the two-phase method. Xia et al. [36]
used the single-phase method, focusing on improving the accuracy of the method by incorporating a
new detection pipe (cumulative feature module and a smoothed loss function). This update of the
original algorithm was selected and added to our system because we needed high FPS and significantly
higher accuracy.

2.4. Multi-Agent

We placed the image detection algorithm in a multi-agent system platform framework to control
the drone movements and coordinate all the functions of the system. We selected the multi-agent
system because it is an ideal platform for improving communication between agents due to their
maneuverability and their ability to be deployed in a multitude of environments [47] due to the use
of the RL and Q-learning algorithms. They are useful for tasks in different areas, both in commercial
and industrial environments, such as search and rescue of people, sensorization, monitoring of the
environment, surveillance, and recognition, as well as in other scientific fields [47,48].

For our purpose, we selected the MARLsystem, which performs general-purpose tasks in a
coordinated and efficient manner [48]. After a detailed review of the literature, no reference or
knowledge was found of a crack detection application that makes use of distributed technological
capabilities adapted to the recognition of Spanish roads.

3. Proposed System
3.1. Proposed Architecture

The proposed architecture aims to provide a solution to the problem and can be adapted to the
introduction of new functionality in different environments. An architecture to deal with the proposed
problem must contain a series of well-defined characteristics to correctly operate. To this end, this
research project was designed to focus on a multi-agent architecture that allows for the automation
and detection of irregularities on roads by employing the detection of images captured by a drone.
The main characteristics that led to the decision to use this type of architecture are its distributed
architecture, the high level of communications, and the existence of message queues for information
processing. A multi-agent architecture also allows a functionality used by one system to be replaced
by another without having to modify the whole system, such as the image processing system or the
type of database. A multi-agent system, in addition to the characteristics described above, is mainly
characterized by each agent having a well-defined task and coordinating among themselves to achieve
a common goal.

For the construction of multi-agent systems, several systems have already been developed that
allow the process to be faster, including libraries such as SPADE, Python’s library [49], or more complex
systems, such as JADE [50], PANGEA [15,51], and osBrain [52]. In this architecture, we chose to use
the PANGEA multi-agent system as a starting point. This system allows the elements of the system
to dynamically enter and leave the platform, thus allowing the specific demands of the system to be
met. The MAS architectures have to perform services on demand, which means that each of the agents
has to report on the services they have available and can offer to other entities within the architecture.
PANGEA is based on organizational technology, which allows for visual representation and can be
applied to any type of system, allowing for human interaction within the system. Finally, PANGEA
can be distinguished from other systems by its rules engine that allows for the distribution of the
computational load. Figure 1 shows the proposed architecture using MAS PANGEA, the different
virtual organizations, and the main agents that form the architecture designed for this system.
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Figure 1. Proposed architecture using multi-agent system (MAS) PANGEA.

The designed architecture is divided into different parts. There are two well-defined parts:
The upper part of the image displays the minimum agents necessary for the functioning of the MAS
PANGEA system; the lower part shows the virtual organizations upon which the case study was based.

The organizations in the system are detailed below.

Job/Route Planning Organization: This organization refers to the generation of the routes to
be followed by the drones to capture the video of the roads. Its main functionality is based on
transforming data between two coordinates into a safe route that the drone can follow to capture
information. Communications between the agents of this organization and the central agent are
bi-directional. This agent is responsible for requesting services from each of the agents, and they
respond with data for each of the queries. This central agent is responsible for communicating with the
other organizations for the exchange of information. The agents found in this organization are listed

in Table 3.
Table 3. Agents of the job/route planning organization.
Agent Description
Allows iteration with maps to identify
Mapping the existence of high-voltage cables in the flying area, distances
to airports, etc.
Waypoint Calculator Calculates optimal waypoints from
route data.
Obtains a route from a road indicating two
Roads coordinates. This agent connects to external service APIs. One can use the
services of Google or Open-Street Maps to obtain this information.
Battery Estimation Estimates the battery life for the realization of a route.

Image Process Organization: This organization is responsible for processing images by applying
deep-learning techniques. To achieve the objective of this organization, it has several agents that can
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be replaced by agents of the same characteristics that apply different techniques for labeling, training
models, or detection. This architecture, which allows for exchanges of agents, makes it easy to conduct
tests or apply new techniques without making changes to the whole system. The main agents that can
be found in this organization are as follows:

e Image acquisition: Obtains the images from the source to perform pre-processing, training,
or detection tasks.

* Image pre-process: Performs pre-processing of the images, such as color adjustment, scaling,
and adaptation of each of the images to the inputs of the different models.

*  Model training: Takes the tagged images as input and performs training with different deep
learning algorithms.

®  Detection: Uses the deep learning models trained by the training model agent to detect cracks or
anomalies in the new images inserted into the system.

UAV Bridge/Link Organization: This organization refers to the application that is used as an
interface for communication and information exchange between the drone and the platform. It contains
several agents that obtain data from the drone sensors, such as the battery agent, the altimeter agent,
or the image monitoring agent. In this organization, we also have a navigation agent that is in charge of
the navigation of the drone. This agent uses the information from the other agents in the organization
and the coordinates of the waypoints from the job/route planning organization to make the drone
reach the indicated coordinates. The global positioning system (GPS) agent, apart from being useful
for navigation, is crucial for the whole system, since it allows tagging of the locations of the photos
and, thereby, locating where crack repairs are necessary.

Application Interface Organization: This organization can adapt the generated information to
the application layer. This organization is used as an interface; the applications that interact with this
interface can interact directly with the system. That is, the organization is responsible for converting
the system’s raw data to human-readable data. In this particular case, it is used for the user in charge of
monitoring and deciding which roads are to be inspected, the applications of the workers responsible
for carrying out repairs on these roads, the generation of reports, and sending notifications.

PANGEA Multi-Agent System Organization: This organization is composed of the minimum
agents necessary for PANGEA’s operation. The objective of this organization is to manage virtual
organizations and the agents in each of them. The agents of this organization include the following:

e Database Agent: The only agent with database access privileges, it stores the information present
within the organization. This agent is also in charge of performing backups and ensuring
consistency of information.

¢ Information Agent: Manages the services within the virtual organization by making the services
of each of the agents available to the other agents. When an agent joins the system, it indicates to
this agent the services it provides so that when another agent needs to use that service, it makes a
query to this agent.

e Normative Agent: Responsible for imposing and ensuring that the rules comply with the
communications they establish between agents.

*  Service Agent: Aims to distribute functionality through web services. It is used as a gateway that
allows the communication of external services with the organization’s agents. These web services
allow the easy construction of external agents in different programming languages.

*  Manager Agent: Responsible for checking the status of the system periodically. It is in charge of
detecting if there is any overloaded functionality and any possible failures in the agents of the
different organizations.

*  Organization Agent: Responsible for the verification of all the operations of the virtual
organizations, checking the security and the load balancing, and offering encryption of the
most important agents.
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The system uses two different databases for its operation: The PANGEA Database is used by
the PANGEA organization to store the available agents and the services available in each of them.
The APP Storage Database contains information about the specific system. In this case, this includes
the images obtained by the drone, their locations, the next inspections to be performed, routes, etc.

In the proposed architecture, three agents external to the system were designed. These represent
the users who interact with the system. Firstly, Road Monitoring is the main agent in charge of defining
the inspections of the roads to be carried out, labeling the images, and supervising of the results.
The second agent of the system is the Drone Pilot, which is in charge of conducting road inspections.
Its main task is to supervise the flying of the drone in case there is any incident and the drone needs
to be controlled manually. Finally, the Road Maintenance agent represents the person or company
responsible for completing road maintenance and resolving incidents.

The architecture is based on different modules and each one is specialized in a different task or
objective. The challenge of this type of architecture is focused on simplifying communication between
nodes or agents and allowing them to be decoupled from the system so that they can be replaced by
others with similar characteristics or services. To this end, when the system is initiated, we have a set
of agents from the PANGEA organization that are responsible for displaying the available services and
coordinating agents.

The protocol used in this architecture to achieve the objectives is the contract-net protocol,
where an external agent can search, find, and execute a required service. To do this, the agent
that requires a service sends a message to the Agent Manager indicating the type of service required
with the name of the service and the parameters for that service. This agent, with the help of the
Organization Agent, Information Agent, and Database Agent, responds with a list of available agents
that have the services and resources to carry out the required service. The agent accepts the proposal of
the Agent Manager by choosing an agent from the list to carry out the service. An example of requiring
a detection service is provided in Figure 2.

Figure 2. Image call service.

The architecture in the case study based on PANGEA allows the dynamic integration of new
functionality without affecting the other parts of the system. The second reason why PANGEA was
chosen is its user license, as it is open source can be used for commercial purposes.

3.2. Proposed Method

We evaluated the different forms of malfunctions and cracks in roads using deep learning for
detection. The aerial system consisted of a DJI Mavic Air 2 quadcopter (D]JI, Shenzhen, China), with a
maximum flight time of 34 min, combining a 4K digital camera and location information, which were
used for aerial imaging. The camera mounted on the UAV had a 24 mm lens with a field of view (FOV)
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of 84 degrees and a resolution of 4000 x 3000, and it was capable of shooting 48-megapixel photos;
the camera was three-axis stabilized by its gimbal drone https://www.dji.com.

The image data used for model training and testing of deep neural networks were collected using
the conventional UAV camera, since its resolution capacity was 3840 x 2160 pixels at a distance of
60 m from the ground. According to some authors [53], during this training process, images can be
used from third parties with different environments but following the same process. The general idea
of this proposed solution is illustrated in Figure 3.

Figure 3. Image data acquisition.

During the capture process, videos were created. From them, frames were made for use in
training. A total of 568 high-resolution images were generated, which were then classified and labeled
as potholes and cracks. Then, the data from the labeled images were used to train and evaluate the
convolutional neural net; the dataset used in this work is detailed in this section.

We first prepared of research data, followed by annotation and labeling. The prepared dataset was
divided into training and testing sets. The labeled training data were used to build a model using the
YOLOV4 architecture. The result of the modeling phase was a model, also called weight. To evaluate
the model’s performance, we detected the cracks found in the roads that were saved in the test data.
The proposed method is shown in Figure 4.

ﬁetection Algorithm \
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~ - - - - »Images Adquiredf - - - -
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\ Results J

Figure 4. Block diagram of the drone detection solution.
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3.2.1. Annotation and Labeling

The classification process is a manual process and must be performed by a person who knows
how to differentiate whether the object in question is in the image and where the object is located.
For this process, we used Labellmg software [54]. This graphic tool allows the annotation of images
and delimitation of boxes of labeled objects in images. During this process, more than one object can
be found, and each one must be delimited.

In this process of marking, we completed the annotations on all 568 images acquired.
The information was stored in text, starting with the identification or annotation, differentiating
potholes and cracks. In this case, a Class ID, the central position of the bounding box (x and y),
and width and height of the bounding box (w and h) were stored. The Class ID is an integer value,
starting at 0, and the bounding box information is a decimal format on a scale of 0-1. Each image in
jpg format has a file in .txt format with information about the holes, as shown in Equation (1).

00.365625 0.745370 0.020313 0.055556

1
0 0.665755 0.531481 0.048698 0.053704 o

3.2.2. Model Training

This work was based on the YOLOv4-tiny model, which follows the principle of prediction of
coordinates like YOLOv2 and YOLOV3. It is possible to multi-classify in YOLOv4 instead of classifying
only one class, as in the older versions. YOLOv4 adopts a cross-loss entropy function instead of the
multi-class loss function.

The network was configured to detect two classes. The filter number must be configured directly
in the layer of the convolutional network. Thus, the formula used to apply the filter number is
represented by Equation (2).

Filters = (Classes +5) x 3 2)

This number of filters must be replaced in the three convolutional layers before each YOLO layer,
which only has to be the last convolution before each of the YOLO layers. In the model used in this
work, the two last layers before each YOLO instance have 21 filters each. The networks used and
configured are presented in Figure 5, highlighting the YOLO instances in blue.

Rk
R

Conv. Layer
1x1 x 128

Figure 5. The network structure of the YOLOv4 pothole detection model.
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By using this model in a graphics processing unit (GPU), YOLOv4 can be used with real-time
images [55]. However, in devices with low processing capacity, such as the Nvidia Jetson,
the conventional YOLOv4 algorithm works slowly. As an alternative, the YOLOv4-tiny network
can be used, which satisfies the requirements in real time based on limited hardware resources.
Therefore, we chose to use the YOLOv4-tiny algorithm. The structure of the YOLOv4-tiny network

used is shown in Table 4.

Table 4. Network structure of YOLOv4-tiny.

Layer Type Filters  Size/Stride Input Output
0 Convolutional 32 3x3/2 416 x 416 x 3 208 x 208 x 32
1 Convolutional 64 3x3/2 208 x 208 x 32 104 x 104 x 64
2 Convolutional 64 3x3/1 104 x 104 x 64 104 x 104 x 64
3 Route 2
4 Convolutional 32 3x3/1 104 x 104 x 32 104 x 104 x 32
5 Convolutional 32 3x3/1 104 x 104 x 32 104 x 104 x 32
6 Route 5 4
7 Convolutional 64 1x1/1 104 x 104 x 64 104 x 104 x 64
8 Route 2 7
9 Maxpool 2x2/2 104 x104 x 128 52 x 52 x 128
10 Convolutional 128 3x3/1 52 x 52 x 128 52 x 52 x 128
11 Route 10
12 Convolutional 64 3x3/1 52 x 52 x 64 52 x 52 x 64
13 Convolutional 64 3x3/1 52 x 52 x 64 52 x 52 x 64
14 Route 13 12
15 Convolutional 128 1x1/1 52 x 52 x 128 52 x 52 x 128
16 Route 10 15
17 Maxpool 2x2/2 52 x 52x256 26 x 26 x 256
18 Convolutional 256 3 x3/1 26 x 26 x 256 26 x 26 x 256
19 Route 18
20 Convolutional 128 3x3/1 26 x 26 x 128 26 x 26 x 128
21 Convolutional 128 3x3/1 26 x 26 x 128 26 x 26 x 128
22 Route 21 20
23 Convolutional 256 1x1/1 26 x 26 x 256 26 x 26 x256
24 Route 18 23
25 Maxpool 2x2/2 26 x 26 x512 13 x 13 x 512
26 Convolutional 512 3x3/1 13 x 13 x 512 13 x 13 x 512
27 Convolutional 256 1x1/1 13 x 13 x 512 13 x 13 x 256
28 Convolutional 512 3x3/1 13 x 13 x 256 13 x 13 x 512
29 Convolutional 21 1x1/1 13 x 13 x 512 13 x 13 x 21
30 YOLO
31 Route 27
32 Convolutional 128 1x1/1 13 x 13 x 256 13 x 13 x 128
33 Upsample 2x 13 x 13 x 128 26 x 26 x 128
34 Route 33 23
35 Convolutional 256 3x3/1 26 X 26 x 384 26 x 26 x 256
36 Convolutional 21 1x1/1 26 x 26 x 256 26 x 26 x 21
37 YOLO

For the training, we used the 1362 images present in the dataset. An image could be reproduced
several times, increasing the training of our model. During the pre-processing stage, we manually
detected and recognized the holes in the road, as explained in Section 3.2.1. The model training
environment is composed of the DarkNet network. This neural network structure is written in C
and CUDA language and can be executed directly on the GPU. It is installed depending on the GPU;
we used it with Google Colab, which allowed us to perform calculations on a Tesla K80 GPU with
12 GB of memory.



An Architectural Multi-Agent System for a Pavement Monitoring System with Pothole

43
Recognition in UAV Images

Sensors 2020, 20, 6205 12 0f 23

4. Results

To evaluate our system, we first considered quantitative aspects, comparing the labeled dataset
images with the final images classified by the algorithm. Next, for the qualitative evaluation, a series
of applications were constructed to allow the user to carry out, in a centralized and unified way, all the
tasks of our system, from the definition and follow-up of routes to the visualization and verification of
the results.

4.1. Dataset

According to [34], the main objective in creating better roads is to avoid holes and cracks in the
track, which requires precise diagnosis and differentiation between the types of problems that can be
found in the pavement.

In the bibliographical research, we identified several datasets of holes and cracks in asphalt, but the
datasets were not adequate for the proposed method of using a drone in a multi-agent system to
capture pictures at a safe distance from the road. Therefore, we created of a new set of data to represent
the situation of Spanish roads. A total of 600 photos were taken at a resolution of 3840 x 2160 pixels.
The images were resized to 1200 x 900 pixels. Some images of the dataset are demonstrated in Figure 6.

Figure 6. Dataset.

After labeling, the dataset contained a total of 568 labeled images. During the pre-processing stage,
adjustments were made to the image orientation and resizing, as mentioned above. For each image in
the set, different versions of the image were created using magnification techniques. The images were
zoomed in and out, ranging from 0% to 15%. This process was repeated to increase the data set size
from N to 2N, repeating only the images that contained defects in the track.

The total number of images in the dataset was 1362 images. Of these images, 70% were for
training, 20% for validation, and 10% for testing the effectiveness of the trained model. The dataset is
composed of the images and their respective labels. An application (https://roboflow.ai) was used to
generate the dataset, according to Figure 7.
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Figure 7. Dataset.

The dataset used for the validation of the results of this scientific article has been published at
https:/ /github.com/luisaugustos /Pothole-Recognition for verifying the results or for testing new
algorithms by the community.

For the quantitative evaluation, we used the following metrics: accuracy, i.e., the relationship
between true positives (TPs) and true positives (TPs) along with false positives (FPs) (Equation (3));
recall, which is the probability that an image is classified as positive and the relationship between the
TPs and the TPs together with the false negatives (FNs) (Equation (4)); and F1, which is combination of
the two previous metrics (Equation (5)). We classified the speed measured in frames per second (FPS);
the mean average precision (mAP), calculated by the precision and recall curve; and the intersection
over union (IoU), which is the overlapping area between the area found the image and the detected
area. Lastly, we used the kappa metric (Equation (6)), which is the relationship between the relative
observed agreement among raters Pr(a), and the hypothetical probability of chance agreement Pr(e),
which is used to measure inter-rater reliability for qualitative items.

.. TP
Precision = TP+ FD 3)
TP
Recall = TP EN 4
Precision - Recall
F1=2 Precision + Recall ®)
Kappg = M (6)

1— Pr(e)

The training process of the model was evaluated in stages, alternating between iterations and
image resolution. The first stage was used for YOLOv4-tiny using a pre-trained weight model, altering
the convolution layers as needed. Every 1000 iterations during the training process, the model was
stored; the result of the success of each of the values is shown in Figure 8. In the image, the value
reached 6000 iterations and stabilized with an average success value of 94.6%.
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Figure 8. The result using 608 x 608 images with 6000 batches.
4.2. Detection

YOLOV4 has four data augmentation parameters provided by the author that were also used to
generate more training samples by rotating the angle and adjusting the saturation, exposure, and hue
of the images. YOLOvV4 uses a new method of data enhancement, which was explained earlier in
Section 2. The speed of image detection with YOLO initially averages 45 FPS. Its biggest failure is
inaccuracy with small objects in the image.

The bounding box (bbox) method, for each grid cell, predicts B (bbox) and C probabilities of
being one of the trained classes. A bbox prediction has five components: (x, y, w, h, and confidence).
The coordinates (x, y) represent the center of the bbox relative to the location of the cell. If the center of a
bbox is not in a cell, it will not be responsible for it and will not represent it. Cells only have a reference
to objects whose center falls inside them. These coordinates are normalized to [0, 1]. The dimensions
of the bbox (w, h) are also normalized to [0, 1] relative to the image size. Figures 9-11 depicts the result
in the detection of road defects. In addition, results in Appendix A and a video demonstration added
in Supplementary Materials.
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(a) (b)

Figure 9. Detection results with zoom. (a) Single detection. (b) Multiple detection.

@ (b)

Figure 10. Detection results in a large number of potholes. (a) Multiple detection. (b) Single pothole.

(a) (b)

Figure 11. Crack detection and a detection of a pothole inside other. (a) Detection of a crack in the
track. (b) Pothole inside another.
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In experiment 1 (Table 5), concerning the label that classifies the potholes, we observed an accuracy
of 96.25% and an AP of 98.46%. For the classification of the cracks, we obtained slightly worse accuracy
and AP than for potholes, at 90.38% and 90.89%, respectively. This decrease occurred due to the lower
number of images of cracks in the dataset. For all the images, the precision was 95.70%, the AP was at
94.67%, and the prediction time was 5.53 ms. We obtained a kappa metric of 0.73, which represents a
high concordance.

Table 5. Obtained results.

Label TP FP FN Precision (%) AP (%) Kappa Prediction Time (ms)

Pothole 977 38 - 96.25 98.46 - -
Crack 94 10 - 90.38 90.89 - -
Total 1070 48 62 95.70 94.67 0.73 5.53

In experiment 2 (Table 6), we obtained similar results to those in experiment 1. In the classification
of the potholes, we obtained a precision of 96.54% and an AP of 98.45%; however, in the classification
of the cracks, the precision was higher than in experiment 1, obtaining a similar AP of 92.00% and
90.68%, respectively. In all the images, the precision was 96.13%, the AP was 94.56%, and the prediction
time was 5.52 ms. We obtained a kappa metric of 0.72, which represents high concordance, as in the
first experiment.

Table 6. Obtained results.

Label TP FP FN Precision (%) AP (%) Kappa Prediction Time (ms)

Pothole 977 35 - 96.54 98.45 - -
Crack 92 8 - 92.00 90.68 - -
Total 1069 43 64 96.13 94.56 0.72 5.52

To achieve complete functioning of the system, three different applications were developed,
each with a well-defined objective, which can used by users with different roles within the system.

4.3. Application

The first application in Figure 12a refers to the application used by the Road Monitor. In this
application, the user is responsible for defining the routes where inspections should be performed,
preparing the data for training, and validating the data of the detection output for the generation of
reports and worksheets for the operators in charge of performing road maintenance. Although the
system allows automatic operation, we decided to use expert supervision to avoid possible
failures, identify the cracks or holes that need intervention, and assign these tasks to the operators.
This reclassification will allow feedback on the system to improve the algorithm in the future.

The second application we developed is the Road Maintenance users’ application, which is shown
in Figure 12b. In this application, the user has a list of incidents, for which details, the photo, and the
location of the incident are provided to enable its repair.

The last application is that used by the drone pilot. This application specifically uses the DJI
SDK, since the drone used for the case study is of this brand. In this application, a list of tasks to be
performed is provided and used by the pilot to know where the inspections are required and to perform
real-time monitoring of the route followed by the drone during the inspection. This application takes
the route coordinates calculated in the Road Monitor application to automatically create a route.

The main advantage offered by the development of the set of applications compared to the use
of applications that currently exist on the market is a complete system from the definition of routes,
to inspection, to the monitoring of results.
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(a) Road Monitor Application (b) Mobile App

Figure 12. Application details.
5. Conclusions

In this work, we designed a platform capable of detecting damage on transport routes using
drones and a multi-agent architecture. At the level of detection of anomalies, accurate results were
obtained, since the proposed system enabled the platform to achieve precision higher than 95%.
Despite the different crack detection techniques that were tested and analyzed during the literature
review phase, none of them produced a result higher than 47%. Notably, one of the key factors
producing this low performance was that the datasets found in different articles corresponded to
non-European roads or that cracks were too large, so they were not similar to the small cracks and
potholes that were detected in this work. The dataset for the verification of results in this work was
developed on a regional road in the province of Salamanca. The imaging was performed according to
the current legislation for the flight of drones in public locations. No variation was observed in the
results obtained by the predictive algorithm between images taken at 70 m and at 90 m. The results
were invariant regardless of the speed of the drone, which was 15-25 km /h during the tests.

The findings demonstrated how the procedures currently carried out by companies and regional
governments responsible for road maintenance can be improved. Our method saves time, costs,
and labor by establishing a more objective method for determining the road areas in need of repair as
soon as possible.

The design of the solution proposed in the case study and based on virtual organizations of
agents allows the testing of different techniques and the definition of parameters that are suitable
for the user’s final application, that is, without the final user detecting any kind of change during
the reprogramming. The PANGEA-based multi-agent architecture allows for parallelization of work
according to the requirements of the platform at any given time, thus adapting to the needs of the
context. The advantages of using an MAS include facilitating the development of case studies and
ensuring compatibility between the different entities that compose the platform. The communication
of the different agents implemented by means of the RFC 1459 Internet Relay Chat Protocol allows the
optimization of the energy consumption necessary for communication, thus optimizing the battery
of the drone as much as possible during the flight. To allow the scientific community to carry out
research, both the pre-trained model and the datasets have been made public in a repository.
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As future lines of this work, we plan to work on the coordination and distribution of works using
drones with the main goal of distributing or subdividing a sampling area among several UAVs with
different characteristics, such as weight, speed, and flight time. Due to this, we are currently studying
different techniques to optimize tasks and routes based on battery life, altitude, and distance from
the mapping zone to the initial point of takeoff using ardupilot as a flight controller. We also plan
to continue our research by incorporating new 3D cameras or a LiIDAR sensor in this drone or in a
custom-made drone that allows knowledge of the distance from the drone to the road to calculate the
size of the cracks or holes. Although we have started tests using techniques based on drone examples,
no important results are yet available for dissemination.

Supplementary Materials: The following are available online at http:/ /www.mdpi.com/1424-8220/20/21/6205/s1.
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FPN Feature Pyramid Network

GPS Global Positioning System

IoT Internet of Things

JADE Java Agent Development Framework
mAP Mean Average Precision

MAS Multi-Agent System

MARL Multi-Agent Reinforcement Learning
YOLO You Only Look Once
PANGEA  Platform for Automatic coNstruction of orGanizations of intElligent Agents
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FPN Feature Pyramid Network
SAM Spatial Attention Module
SPP Spatial Pyramid Pooling
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PANet Prototype Alignment Network
SPADE Smart Python Agent Development Environment
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Figure Al. Detection results.

Figure A2. Detection results.

Figure A3. Detection results.
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Figure A4. Detection results.

Figure A5. Detection results.
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3.2.1. Resumen en Espafiol

Esta subseccion muestra un resumen en castellano de los aspectos mas relevan-
tes del articulo cientifico titulado “An Architectural Multi-Agent System for a Pavement
Monitoring System with Pothole Recognition in UAV Images” que en castellano se po-
dria traducir a «Una arquitetura multiagente para monitorizacién de pavimentos
con reconocimiento de baches en imégenes de vehiculo aéreo no tripulado».

Objetivos de la investigacién

En los dltimos afios, las tareas de mantenimiento en las vias de transporte de uso
publico se han reducido drasticamente debido a la dificil situacién econémica que
presentan muchos paises. Los diferentes estudios que han sido realizados por agru-
paciones de conductores y colectivos relacionados con la seguridad vial, concluyen
que se estd experimentando un aumento de accidentes debido al mal estado del pa-
vimento de la carretera, afectando incluso, al estado de los vehiculos mediante la
aparicion de costosas averias. Actualmente, los procesos de deteccién de cualquier
tipo de desperfecto en la via, son llevados a cabo manualmente o se basan en la uti-
lizacién de un vehiculo de carretera, lo que conlleva un alto coste de mano de obra.
Para poder dar solucién a este problema, son muchos los centros de investigacion
que se esfuerzan en indagar sobre técnicas de procesamiento de imédgenes con el ob-
jetivo de identificar el mal estado de la calzada mediante la utilizacién de algoritmos
de aprendizaje profundo.

El objetivo de este articulo ha sido el desarrollo de una plataforma capaz de mo-
nitorizar el estado de las carreteras siendo capaz de detectar diferentes desperfectos
en la misma, de forma que todas las personas y organizaciones que forman parte del
proceso de identificacion se encuentren coordinadas y comunicadas. Con el objetivo
de coordinar y comunicar todas las entidades participes durante la realizaciéon de
esta tarea, se propone la utilizacién de un sistema multi-agente (MAS) que permite
una reconfiguracion dindmica del sistema. Ademas, el sistema multi-agente lleva a
cabo una distribucién de recursos y capacidades para evitar problemas que aconte-
cen a los sistemas centralizados tales como cuello de botella o el acceso recurrente a
recursos criticos.

Cabe destacar que, los modelos de machine learning dependen de la calidad de
los datos usados para su entrenamiento, por tanto, para poder obtener un modelo
robusto para esta tarea, se ha creado un novedoso dataset preparado para su uso
por algoritmos de deep learning. Ademéds, se ha propuesto el uso de un UAV para
la obtencion de las imagenes de forma automatica mediante el seguimiento de una
carretera, de forma que se reduzca el esfuerzo requerido para el proceso de capta-
cién de muestras, tanto a nivel econémico como de tiempo. Mediante la arquitectu-
ra multi-agente propuesta, se ha propuesto coordinacién y comunicacion entre los
distintos elementos del sistema de forma que los diferentes clasificadores que sean
probados sean transparente a los usuarios finales.

El objetivo principal de este trabajo es el disefio de una plataforma distribuida
que permita detectar desperfectos en las vias de transporte utilizando drones. Para
la consecucion exitosa de este trabajo, se ha conformado un caso de estudio haciendo
uso de un sistema multi-agente que coordine las diferentes partes de la arquitectura
mediante la utilizacién de técnicas basada en la computacién ubicua.
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El presente articulo establece varios objetivos de investigaciéon que buscan inno-
var en la deteccion de desperfectos en las vias de transporte. Estos objetivos son:

= Disefio de una plataforma distribuida que utilice drones para identificar im-
perfecciones en carreteras.

= Explorar algoritmos especializados en deteccion de patrones en imagenes, asi
como en técnicas de aprendizaje profundo.

= Compilar un repositorio de imagenes de carreteras espafiolas que muestren
desperfectos especificos, diferenciando entre agujeros y grietas, todas obteni-
das mediante drones.

» Entrenar y evaluar un modelo de inteligencia artificial basado en el repositorio
de imagenes creado.

= Implementar un sistema multi-agente que optimice y controle rutas de inspec-
cién para inspecciones automatizadas.

Metodologia

La metodologia utilizada durante la elaboracion de este articulo cientifico es la
misma que se ha explicado en la seccién 1.2.

= Revision del estado del arte: Para contextualizar y fundamentar la investiga-
cién presentada en este articulo, se realizé una exhaustiva revisién de traba-
jos previos en el campo de estudio. Esta revisién buscé comprender, ampliar,
mejorar y, en algunos casos, reutilizar investigaciones existentes, con el fin de
garantizar que los aportes de este trabajo sean relevantes y de calidad para la
comunidad cientifica. Tras una revisién detallada del estado de la literatura
no se ha encontrado referencia o conocimiento de que exista una aplicaciéon
de deteccion de grietas que haga uso de capacidades tecnoldgicas distribuidas
adaptadas para el reconocimiento de las vias espafiolas.

= Andlisis y disefio de la propuesta: analizando lo aprendido en el estado del ar-
te, se ha propuesto el disefio de subsistemas que interaccionan entre si. Dentro
de la propuesta disefiada, se desarrollaron tres aplicaciones interconectadas.
La primera, Aplicacién Road Monitor, permite al usuario definir rutas de ins-
peccién, preparar datos y validar detecciones, optando por una supervision
experta para garantizar precisién. La segunda, Aplicaciéon Road Maintenance,
estd destinada a operarios de mantenimiento, ofreciendo detalles y ubicaciones
de desperfectos. La tltima es para el piloto de drones, integrada con el SDK de
DJI, permitiendo supervision en tiempo real y navegacion automatica basada
en las rutas definidas previamente.

= Definicién del caso de estudio: Aunque se identificaron diversos conjuntos
de datos en investigaciones bibliogréficas sobre estos problemas en el asfalto,
ninguno se adapt6 al enfoque innovador de este estudio: usar un drone en un
sistema multi-agente para tomar fotografias desde una distancia segura. Los
conjuntos de datos tampoco se referian a carreteras y vias europeas. Por ello,
se cre6 un conjunto de datos especifico para reflejar la situacion de las carre-
teras en Espafia, compuesto por 600 fotos de 3840x2160 pixeles, que luego se
redimensionaron a 1200x900 pixeles. Estas imdgenes, capturadas por la cimara
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del UAV a 50 metros del suelo, sirvieron para entrenar y probar redes neuro-
nales profundas,

= Desarrollo: A lo largo del proceso de recopilacién de datos, se capturaron vi-
deos y se extrajeron fotogramas de estos para ser usados en el entrenamiento.
Este proceso dio lugar a un total de 600 imagenes de alta resolucion, las cuales
se categorizaron en dos clases: grietas y agujeros. Posteriormente, estas image-
nes fueron etiquetadas segtn su clasificacion. El estudio sigui6 distintas fases.
Se inici6 con la preparacion de los datos, seguida de la anotacion y etiquetado.
A continuacién, el conjunto de datos se dividi6 en datos para entrenamiento y
datos para pruebas. Utilizando la arquitectura YoloV4 y también una versién
adaptada del YoloV4-tiny, se emplearon los datos etiquetados de entrenamien-
to para construir un modelo. El resultado de esta fase de modelado se refiere
comuinmente como "ponderacién. Para valorar la eficacia del modelo, se pu-
sieron a prueba las detecciones de grietas en las imdgenes de prueba.

Resultados

Con el objetivo de evaluar el sistema, se ha centrado en primer lugar a aspectos
cuantitativos, comparando las imégenes del dataset etiquetadas con las imégenes fi-
nales clasificadas por el algoritmo. En segundo lugar para la evaluacién del aspecto
cualitativo se realizan una serie de aplicaciones que permiten al usuario realizar de
forma centralizada y unificada todas las tareas de nuestro sistema, desde la defini-
cién y el seguimiento de rutas hasta la visualizacién y verificacion de los resultados.

En la evaluacién cuantitativa, empleamos métricas como la precisién, definida
por la relacién entre verdaderos positivos (TP) y la suma de TP y falsos positivos
(FP). Tambien se ha considerado la velocidad de clasificacién en FPS, el mean avera-
ge precision (mAP) derivado de la curva de precisién y recall, y el intersection over
union (IoU), que mide el solapamiento entre dreas detectadas y reales.

Los resultados conseguidos mediante la adaptacién del clasificador YoloV4 han
alcanzado una precisiéon media de 95 %. En los experimentos se observaron tasas de
acierto para baches de 96.25% y 96.54 % respectivamente. En grietas, la precision
fue de 90.38 % en el primer experimento y aumento6 al 92.00 % en el segundo. Estas
variaciones estdn influenciadas por la cantidad de imédgenes de grietas en el conjunto
de dados. En general, las precisiones globales fueron del 95.70 % y 96.13 %, y los
valores AP de 94.67 % y 94.56 %, respectivamente.

Conclusiéon

Disefiamos una plataforma con drones y una arquitectura multi-agente para de-
tectar imperfecciones en vias, logrando una precision del 95 %. Aunque se analizaron
técnicas existentes, ninguna supero6 el 47 % en precision, en parte debido a datasets
no apropiados para carreteras europeas. El dataset creado se basé en carreteras de
Salamanca, respetando la legislacion de drones. Los resultados fueron consistentes
para imagenes tomadas desde diferentes altitudes y velocidades de drone entre 15-
25km/h. Por fin, como contribuicién, las imdgenes utilizadas han sido publicadas
en una dataset para que la comunidad cientifica pueda hacer uso de las mismas.
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Abstract: Due to the increasing urban development, it has become important for municipalities to
permanently understand land use and ecological processes, and make cities smart and sustainable
by implementing technological tools for land monitoring. An important problem is the absence
of technologies that certify the quality of information for the creation of strategies. In this context,
expressive volumes of data are used, requiring great effort to understand their structures, and
then access information with the desired quality. This study are designed to provide an initial
response to the need for mapping zones in the city of Itajai (SC), Brazil. The solution proposes to
aid object recognition employing object-based classifiers OneR, NaiveBayes, J48, IBk, and Hoeffding
Tree algorithms used together with GeoDMA, and a first approach in the use of Region-based
Convolutional Neural Network (R-CNN) and the YOLO algorithm. All this is to characterize
vegetation zones, exposed soil zones, asphalt, and buildings within an urban and rural area. Through
the implemented model for active identification of geospatial objects with similarity levels, it was
possible to apply the data crossover after detecting the best classifier with accuracy (85%) and
the kappa agreement coefficient (76%). The case study presents the dynamics of urban and rural
expansion, where expressive volumes of data are obtained and submitted to different methods
of cataloging and preparation to subsidize rapid control actions. Finally, the research describes a
practical and systematic approach, evaluating the extraction of information to the recommendation of
knowledge with greater scientific relevance. Allowing the methods presented to apply the calibration
of values for each object, to achieve results with greater accuracy, which is proposed to help improve
conservation and management decisions related to the zones within the city, leaving as a legacy the
construction of a minimum technological infrastructure to support the decision.

Keywords: machine learning; information extraction; object spatial; smart cities; gis detection

1. Introduction

Constant changes occur due to technological evolution in various areas of knowledge,
generating new evolutionary cycles, bringing demands, and presenting a large number
of still fragmented solutions. For example, the laws of fiscal responsibility, access to
information, the civil mark of the internet, and the general law of data protection, guarantee
the right to be well informed about what is produced in the public sector. They regulate
the implementation of general concepts on data protection, rules for active transparency,
and operational procedures. However, the provision of public data in an open format

Sensors 2023, 23, 138. https:/ /doi.org/10.3390/s23010138

https:/ /www.mdpi.com/journal/sensors



60

Capitulo 3. Lista de articulos de revistas

Sensors 2023, 23,138

30f23

To be able to make all the contributions, a methodology of standardization of the
steps is applied with the DSR (Design Science Research) proposed by [21], to add new
practices and build a literature review in parallel to the technological steps that help in
the implementation of the proposal. To this end, the processes of (a) classification in the
context of remote sensing (RS) are also reviewed; (b) text mining techniques with the
software Weka (workbench for machine learning) performing text analysis, quantifying
the words and extracting statistics with the TF-IDF method (Frequency-Inverse Document
Frequency). Through a case study carried out in the municipality of Itajai in the state of
Santa Catarina, Brazil. The results collected for the urban and regional planning evaluation
period are presented, considering the crossing of environmental and social data, referring
to territorial occupation.

For a better understanding of the research and results of this work, the paper is orga-
nized as follows: Section 2 presents the development; Section 3 describes the methodology,
in Section 4 the materials and methods used to apply the case study are detailed; in Section 5
we present the discussion of the results, and finally, in Section 6 are the final conclusions
and future work.

2. Development

To develop the project, actions were initially planned for the acquisition of spatial data
and satellite images. In the second stage, cataloging and standardization processes are
carried out for data interoperability. The third stage presents the technological solutions
adopted from GeoDMA and TerraView for remote sensing (RS). In the fourth step occurs
the Weka implementation applied to the spatial context. To orchestrate the processes,
the main methodology of the work aims from the experiments to define the best practices
for the classification process focused on the SR, enabling the integration of all processes
towards the active learning of objects. At the end, the case study is presented with specific
results and discussions.

2.1. Spatial Data Acquisition and Satellite Imagery

In particular for matrix data, [22] defines spatial data acquisition from images from
a few approaches, those being: input data definition, segmentation, detection cycles, cell
space (matrix) creation, and preliminary extraction features. From the proposals [23-25]
implemented through the GeoDMA framework (GEOBIA), in synthesis provides the re-
alization of the steps of segmentation of satellite images, extraction of attributes, creation
of classification rules, hierarchical classification and visualization of results. Additionally,
the works [19,26-29] describe in detail the precautions to be taken in image acquisition
and processing. In particular, according to [27,30], the monitoring of the interactions with
the terrestrial surfaces is very important, where each intensity of the solar radiation must
be observed. That is, the intensity of solar radiation received by the surface depends on
the solar zenith angle that is calculated, considering [27,31] the incident solar radiation,
the solar radiation intensity and the solar zenith angle. After acquiring the digital data from
the sources provided according to [32], new processes for cataloging emerge. However,
the extraction characteristics, initially present the need for specific module of resources
extraction and storage in a database. From this, it is possible to extract several features,
depending on the size of the scanning process and the amount of objects this task can be
very time consuming to complete. Therefore, cataloging guarantees that the features will
be extracted without losing original characteristics. Experiments conducted using the im-
ages collected by the CBERS-4 (China-Brazil Earth Resources Satellite) and the CBERS-4A
satellite, located in http:/ /www.dgi.inpe.br/documentacao/dgi/documentacao/satelites /
cbers/capa-cbers (accessed on 1 June 2021), considering different periods.

2.2. Machine Learning and Processing

The availability of images from satellites and aerial platforms over the Earth’s surface
in the most diverse resolutions has been enabling an unprecedented approach between
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technology and society, as [28] the processing of large volumes of data and geolocation
for the use of mobile devices in most different devices makes the insertion of various
technologies flexible. However, large volumes of data are generated, and for analysis, new
challenges arise involving interoperability, from those related to data collection and storage,
through ethics and privacy [33-35], to the development of efficient and robust algorithms
to extract the most unimaginable information.

However, processing large volumes of data requires technical expertise in remote sens-
ing, raw data processing, information extraction, a transformation of orthogonal models
and spectral mixing, calculation of physical indices, arithmetic operations, frequencies,
and statistical classification of data. However, all of these resources seek to assist in classify-
ing image pixels associated with the presence of observed spatial object characteristics. To
enable this, only with the use of consolidated technologies as [36,37], various classification
algorithms have been developed, as there is a growth in the data obtained by images.

Each classifier has its strengths and weaknesses. Hybridizing classifiers with each other
have the potential to combine the strengths and overcome the weaknesses by analyzing
level by level as per Figure 1.

setaof bands for
mage composition

Integration with Methods and Techniques for
Data Extraction at Information Levels

Elementary
Wil Standards and Rules

7 convolution
Active Machine Learning } Maximum Layer
Fully Connected

Final Layer

~.~ \Wave-length {(nm)
400

Figure 1. Architecture of the ecosystem adopted for active detection, extraction, and learning of
geospatial objects.

It is necessary to advance with new studies on the behavior of different algorithms for
hybrid classification as KNN (K-Nearest Neighbors) and SVM (Support Vector Machine)
addressed by [38], with genetic programming, decision trees with an artificial neural
network, Naive Bayes with decision trees and decision trees with K-means. Additionally,
in hybrid image processing, specifically for the segmentation process, basic procedures are
established according to the works of [22,39], and there are still procedures to be evaluated.

For the processing of images according to [29], together with the extraction of attributes
from the regions and their spectral characteristics, they must be previously identified, vali-
dated, and calculated. The attributes can be determinant in interpretations and classification
processes that involve many classes and some with little separability.

From this, the challenge arises to increase the amount of coherent information to facili-
tate the discrimination of spectrally similar classes. To this end, determining procedures
that help increase identification with greater accuracy provides a set of rules that can be
instrumental in identifying distributed objects.

For image processing according to [29], besides the extraction of attributes from the
regions and their spectral characteristics, they must be previously identified, validated and
calculated. The attributes can be determinant in interpretations and classification processes
that involve many classes and some with little separability. From this, the challenge arises
to increase the amount of coherent information to facilitate the discrimination of spectrally
similar classes.

To this end, determining procedures that help increase identification with greater
accuracy provides a set of rules that can be instrumental in identifying distributed objects.
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However, new attributes can be associated with the spectral attributes from new dimensions
attached to the original image. The spectral attributes refer to the color of the pixels and are
calculated separately for each band of the input image based on the pixels belonging to
the segment.

As per categorical data analysis [40], three standards of texture verification are still
evaluated: structural, statistical, and spectral approaches. A statistical approach is the
most widely used and considers the texture of an image as a quantitative measure of
the arrangement of intensities in a given region. In this context, the concurrency matrix
contemplates the numerical characteristics of the texture using similar shades of gray
between a pixel and its adjacencies determined by the N x N pixel quadrant. The main
formulations adopted to quantify the texture in digital images, in this case, obtained by (the
CBERS-4 satellite), are mean, variance and entropy. The mean, according to (1), corresponds
to the value of the arithmetic mean of the gray levels of a region in each band of the image.
Where, R(i) equals each element (i) segment R and N the total number of pixels.

N
Average = <Z .Ri) N (1)
i=1
N
Variance = <Z gi— M2> 2)

i=1

N
Entropy = (Z .Pi.InPI) 3)
i=1

The variance (2) is a measure of the dispersion of the gray level values of the pixels in
the region around the mean, and M is the mean of the gray levels of the segment. Entropy (3)
is calculated based on the distribution of pixel values in the region and is a measure
equivalent to the “distortion” of the values in the region. Where P(i) contains a normalized
histogram of the segment elements. The geometric attributes [29] are calculated based
on the polygon that defines the segment boundary, being: area, perimeter, compactness,
convexity, and elongation. In other words, the geometric metrics of a segment are defined in
advance for the behavior of the processing algorithm. The main considerations about image
segmentation refer to the selection of the optimal parameters for each application. However,
new active and adaptive processes have presented important results with machine learning,
such as GeoDMA.

2.3. GeoDMA and TerraVIEW for Remote Sensing

To analyze altered patterns [22,23], in large remote sensing datasets, GeoDMA was
created. Implemented in TerraView software, a tool to integrate the most essential image
analysis algorithms, ecology metrics, a scheme for multitemporal analysis [41] and data
mining techniques to automate the analysis of large databases. Addressing only imple-
mentation aspects of active extraction features, it seeks to provide new perspectives for
generating automaton functions for data collection, management, analysis, and representa-
tion, both for basic functionalities, and the integration extraction, and transformation of
geospatial objects [19].

2.4. Weka Applied to the Spatial and Geographic Context

Through the work environment for machine learning Weka, it is possible to perform
various analyses on a specific data set, or on several sets, provided that these sets have
the format in which it can perform the analyses. In this regard, several discussions about
GDPM (Geographic Data Preprocessing Module) [23,42,43] arise, extending the Weka Data
Mining Toolkit to support geographic data. Additionally, [22] presents discussions of
geographic data integration techniques, for example, the ID3, C4.5, and C5.0 algorithms for
rule generation. Improvements with Weka-3.9.3 (2019), operating through MOA (Massive
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Online Analysis) different types of datasets available at http://moa.cms.waikato.ac.nz/
downloads (accessed on 20 January 2022).

That is, types such as JSON, XML, SHP, DAT, TXT, CSV, PostgreSQL /PostGIS tables,
MySQL/MyGIS, ARFF and XRRE, among others, must necessarily be evaluated and format-
ted for machine learning processes. The discretization process of Weka is another interesting
way to enhance the processes and information extraction, considering the geospatial repre-
sentation. However, it is necessary to improve experiments for the automation of many of
the data transformation tasks for the generation of information with higher quality [44,45].

2.5. Deep Learning and Object Detection

The main problem that arises in the processes of acquiring knowledge from images
is that of relating the images collected by satellites or drones to object detection systems
and the corresponding verification of the same within the databases of local systems. One
approach may be to follow the advances in the machine learning algorithm literature,
with a focus on using Deep Learning (DL), which is a class of Machine Learning algorithms.
This type of algorithm uses multiple layers to progressively extract features from the input
images [46].

DL-based approaches are efficient when large datasets are available. The word deep
specifies more layers and deep neural networks. DL uses nonlinear functions. Thanks
to deep learning, Intelligent Document Processing (IDP) is able to combine various Al
technologies not only to automatically classify photographs, but also to describe the differ-
ent elements of images. Deep learning models, with their multi-level structures, are very
useful for extracting complicated information from input images. Convolutional Neural
Networks (CNN) are also able to dramatically reduce computational time by leveraging
the GPU for computation, something that many networks do not utilize. In the field of
object identification in images, two methods stand out: regional proposal algorithms and
regression object detection algorithms.

The first method is to discover in advance the possible target locations to be detected
in the picture. This can ensure that the highest retrieval rate is maintained when fewer
windows are selected. Suppose an image is input and, after a series of convolutions and
backbone clustering, a feature map of size M x N is obtained, which corresponds to the
division of the original image into areas M x N. The center of each area of the original
image is represented by the coordinates of a pixel in this feature map.

Region Proposition Algorithms are used to determine whether the k anchor boxes
corresponding to each pixel contain a target. The network must learn to classify the anchor
boxes as background or foreground. From this, it must calculate regression coefficients
to modify the position, width and height of the foreground anchor box. Within these
classifiers, we find algorithms such as R-CNN [47], Fast R-CNN [48], Faster R-CNN [49]
and MASK-CNN [50]. Of the algorithms mentioned above, Mask R-CNN stands out. This
algorithm is an extension of Faster R-CNN and works by adding a branch to predict an
object mask in parallel with the existing branch for bounding box recognition. The key
element of R-CNN Mask is pixel-to-pixel alignment, which is the main missing piece in
Fast/Faster R-CNN. The R-CNN mask adopts the same two-phase procedure with an
identical first phase (which is RPN). In the second phase, in parallel with class prediction
and box clearing, Mask R-CNN also produces a binary mask for each Rol. This is in contrast
to more recent systems, where classification depends on mask predictions. Furthermore,
Mask R-CNN is simple to implement and train thanks to the faster R-CNN framework,
which facilitates a wide range of flexible architecture designs. Furthermore, the mask
branch only adds a small computational overhead, allowing for a fast system and rapid
experimentation. Figure 2 shows a visual example of the segmentation performed by
the algorithm.
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Figure 2. Mask R-CNN framework.

The above algorithms use detection as a classification problem, i.e., object proposals
are first generated and then these proposals are sent to the classification/regression regions.
However, some methods approach detection as a regression problem based on a similar
operation. Within this field, the YOLO (You Only Look Once) and SSD (Single Shot
Detector) algorithms stand out. The SSD algorithm [51] strikes a good balance between
speed and accuracy. SSD runs a convolutional network on the input image only once and
computes a feature map. It then runs a small 3 x 3 convolutional kernel on this feature
map to predict bounding boxes and classification probability. SSD also uses anchor boxes
in various aspect ratios, similar to Faster-RCNN, and learns the offset instead of learning
the box. To handle scale, SSD predicts bounding boxes after multiple convolutional layers.
Since each convolutional layer operates at a different scale, it is able to detect objects of
various scales. An example of how the SSD algorithm works can be seen in Figure 3.

N o i

Figure 3. SSD framework.

For YOLO [52], detection is a simple regression problem that takes an input image
and learns the class probabilities along with the coordinates of the bounding box. YOLO
divides each image into an S x S grid, and each grid predicts N bounding boxes along with
their confidence. The confidence reflects the accuracy of the bounding box and whether
the bounding box actually contains an object, regardless of the class. YOLO also predicts
the classification score of each bounding box for each class in the training. It can combine
both classes to calculate the probability that each class is present in a predicted box. Thus,
a total of SxSxN bounding boxes are predicted. However, most of these boxes have low
confidence scores, so if we set a threshold, for example of 30% confidence, we can eliminate
most of them, as shown in Figure 4.
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Figure 4. Yolo framework example.

YOLO is a faster algorithm than all other detection algorithms, allowing it to be run
in real time. Another key difference is that YOLO sees the entire image at once, rather
than looking only at the proposals of a region generated in previous methods. Thus, this
contextual information helps to avoid false positives. However, one of the limitations of
YOLO is that it only predicts one type of class in a grid, so it has difficulties with very
small objects. There are several versions of YOLO such as YOLOv2 [53], YOLOV3 [54],
YOLOV4 [55], YOLOv4-tiny [56,57], YOLO-Fine [58] and recently YOLOv7 [59]. There
are also available versions of YOLO applied to Satellite Imagery, such as YOLT [60] and
MRFF-YOLO [61].

3. Methodology

From the concepts of DSR (Design Science Research) proposed by [21], whose study
considers it essential to also deepen the area of management. In this context, according
to [62], hierarchies are applied for knowledge-intensive tasks on each identified problem.
Added to the discussions of [24,63-66] allied to the classification methods being divided
according to the processing, into visual or digital, known as supervised, unsupervised and
hybrid as per [36].

Additionally, observing the metrics, in parametric or non-parametric and according
to the approach by pixel or by regions (objects), the methodology proposed in the work
aims, from the survey of satellite images and/or images obtained by RPAS and also by
crossing previously shared textual data, to identify through active learning the recognition
of geospatial objects with the generation of elementary rules. For this, an architecture
for systematic detection and extraction supported by machine learning is proposed, see
Figure 5.

In stage 1 meetings, interviews, surveys for questionnaires implementation, documen-
tation for support, and a survey of the prerequisites of the required project are planned.
The installation, testing, and homologation processes are also planned. This is where
different work platforms are made available for individual or collaborative use (groupware)
for integration and standardization. In stage 2, the requirements engineering processes
are carried out with the construction of artifacts using UML (Unified Modeling Language).
The important delimitation of the coverage area also takes place with the objective of project
execution. Data acquisition processes, images, and related documents. The cataloging
of data with centralized and shared storage. The processes of treatment, qualification,
and homologation of the collected data with due certification. In step 3, acquisitions are
made, such as contracting satellite image collection services with specific parameters. Scene
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processing for example (CBERS) and (LANDSAT-8). Definition of scenes imaged by the
satellites through date parameters, bands, and other relevant details, and also the survey
and integration of demands with the definition of the goals.

Information System Architecture (Design Science Research)

Access problem domain

Environment Include Knowledge
Domain / Datase
Technologies Practical Problem t\ )
Issues Knowledge V4 K:':vtlt:;agle

Engineering Cycle Analytical and Empirical

Research Method

- = .

p— Possible solutions /.
> > >
Implementation and

Preparation Process N S
\ Operationalization

Knowledge Extraction

< <] <
Data Data Data Data Qualit Model Machine Final Tuning
Acquisition Clean Up Homologation Y Validation Learning Storage
2 5
A
Y

Figure 5. Architecture of the ecosystem adopted for active detection, extraction and learning of
geospatial objects.

Step 4 is homologation and image processing, with the choice of the contrast method
chosen for the visualization of the objects to be evaluated. Optionally, the methods can
vary; for example, the linear method, histogram equalization, square contrast, square root
contrast, log contrast, mean and standard deviation, decorrelation enhancement, cumula-
tive 2% enhancement, composition and decomposition method, arithmetic operations of
image bands with NDBI (Normalized Difference Built-in Index), fusion method, and image
segmentation method.

In step 5, the homologation of each processing generated by the choice and application
of the methods is subsequently performed, the indexes are prepared, and the methods for
detecting and extracting spatial or textual objects are made specifically available. The data
structures generated in the previous step are necessarily reused, according to cataloging by
date, time, function, data sources, and coverage regions, enabling the import and centralized
integration for sharing, through specific infrastructure for networks and sensors.

In step 6, specifically different algorithms for adaptive rule generation are evaluated.
Adaptive rules are statistical patterns detected for representing the analyzed dataset. This
made it possible to combine them with the intersection of new attributes already stored
in the repository. In step 7, the optimization of the data structures for the repository and
subsequent reverse engineering is a priority. From known rules, it is possible to actively
generate learning about the experiences with the availability of large volumes of data
to support the other decision-support processes. To synchronize each step and process,
an infrastructure [67-69] computer network for remote communication between various
devices, data collectors, cameras, and sensors is implemented.

Furthermore, through the fruit of several research discussions comes the development
of the model for active knowledge extraction, presented by [45], intensifying the interoper-
ability of the data and the advancement of the implementation of the concepts in this work.
It also aims at improving the functions through the prototype as presented in Figure 6.
From the application architecture idealized by [22], the same also provides the opportunity
for the derivation of new experiments for machine learning, since the collection of data,
cataloging, discretization of data and application of algorithms is of great importance for
the detailing of each process and recording of operations for possible control.
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Figure 6. Adapted architecture for systematization and generation of recommendation cases.

This defines a process for detecting geographic patterns, urban and rural devices
through segmentation and other records for automatic observation and evaluation of
territorial expansion from the extraction of shared knowledge.

One of the main reasons is the difficulty of constantly processing a large volume of data,
due to satellite images collected periodically and which can present files with expressive
sizes (megabytes or gigabytes), fundamentally important for pattern recognition.

3.1. Remote Sensing Classification

In applications that require image classification, the availability of labeled samples
(training data) is closely associated with the choice the analyst will make for extracting in-
formation from the images. Two families of techniques are distinguished, called supervised
and unsupervised, according to the presence or absence of labeled samples, respectively.

In the context of SR, classification is the process that seeks to assign a label to certain
data described by a set of attributes. In digital terrestrial remote sensing imagery, this
process is equivalent to determining, for each pixel, which category is present on the
surface, such as water, soil, and forest, which is usually done by spectral attributes, such as
the gray level in each band.

They are commonly used over the radiometric indices as [70], arithmetic contrast
operations with NDBI, NDVI (Normalized Difference Vegetation Index), and NDWI (Nor-
malized Difference Water Index). Considering the processes of unsupervised classification
in (SR) and supervised classification, from data collected by (satellites) or unmanned air-
craft, these images can be analyzed in different scenarios, whether knowledgeable or not
about the observed area. The discussions of [29] describe in detail the implementation of
each process that can be adapted to different experiments.

3.2. Active Training and Machine Learning

We also consider using parametric classifiers that model the decision boundaries
between training classes with a fixed number of parameters, regardless of the number of
samples [71,72].

It is the simplest classifier in existence and therefore ends up having a more didactic
than operational role. The decision boundaries are positioned on lines equidistant between
midpoints of the various classes present.

The classification process by Euclidean minimum distance is performed by Figure 7A
the distribution of the sample elements of each class in two bands of a generic image and
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Figure 7B the averages calculated for each sample and respective distances to a pixel to be
classified.
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Figure 7. Representation of Euclidean distances.

Especially with the evolution of text mining techniques according to [36], the develop-
ment of the StringToWord Vector function can optionally assist in scanning large amounts
of text using TF-IDF concepts in Weka treated IDFTransform and TFTransform.

Additionally, when searching with textual data, a statistical measure is adopted that
is intended to indicate the importance of a word in a document relative to a collection of
documents or in a linguistic corpus. According to [73], it is possible to distinguish the
importance between different word features, and it is necessary to calculate the weights of
the prominent words. For this, the TF-IDF method is implemented and used to calculate
the weight according to (4).

TF — IDF = tfxid = (%)Xlog(%) @)

In the formula, a is the frequency of the resource in the document set, this is the total
number of times of all resources in the document set, b is the document number in the
document set, and t is the number of documents that contain the resource. Then, with the
use of the TF-IDF method, it is possible to select n resources with the maximum value of
TF-IDF as per the candidate resource set. Using IDFTransform and TFTransform, scans and
learning are performed on the datasets prepared for the textual data matching, as detailed
in the case study of Figure 8.

This enabled the cataloging of each geographic object properly identified from the
satellite image with the items found with IDF-TFTranform. In parallel, from the discussions
of [74], another viable strategy to relate and spatially represent different information can be
through a geographical matrix of spatial queries, being a two-dimensional representation of
intrinsic relationships between locations. To exemplify, implement the forest code and limits
of permanent preservation areas in each municipality. Many impasses arise, and although
this is not a complex task, it requires great human effort and skilled labor for permanent
monitoring. In this sense, the municipalities that make up the basin of the Itajai-Aca
River were mapped to generate the geographical matrix. Through the implementation,
the integration of data was carried out, resulting in a large volume of distinct information,
providing important relationships for the evolution of monitoring through the recognition
of spatial objects as explored in the case study.
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Figure 8. Integration in QGIS with CBERS4 satellite images and CTM data (Itajai-SC) for monitoring
the expansion on riverbanks.

4. Materials and Methods
4.1. Study Area

The study sites were located in the south of Brazil, in the Itajai Municipality along the
Itajai-Acu basin river, in Santa Catarina (SC) state, Brazil (Figure 9).
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Figure 9. Location of study sites: (a) in South America, Brazil, Santa Catarina state. (b) State of
Santa Catarina with the CBERS4A Panchromatic 2 m Image, including the Itajai-Acu River layer.
(c) Satellite image from the CBERS4A of the mouth of the Itajai-Acu River (d) Airborne from the
Itajai—SC Municipality.
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4.2. Materials

New challenges arise with updating a municipality’s land registry. According to [73],
a good cadastre contributes to the equitable distribution of tax resources, promotes property
security and creates bases for urban and regional planning. For this, bases for urban and
regional planning are created, using the Multifinality Technical Cadastre (Cadastro Técnico
Multifinalitdrio—CTM), available at https:/ / geoitajai.github.io/geo/plantacadastral.html
(accessed on 20 October 2022). And from the collection of images through the CBERS-4
and CBERS-4A satellite with spatial resolution of 5 and 2 m, respectively http://www.dgi.
inpe.br/catalogo (accessed on 20 October 2022). Additionally, the aerial photogramme-
try are obtained from the portal https:/ /arcgis.itajai.sc.gov.br/geoitajai/plantacadastral /
plantacadastral.html (accessed on 20 October 2022), they are used to identify spatial ob-
jects in the municipality of Itajai, state of Santa Catarina—Brazil. The map layouts were
generated using QGIS software [75].

4.3. Methods

With the advancement of technologies and the emergence of large volumes of data, it
is possible to cross data through automated processes and solutions with greater reliability
and precision. The policies are evaluated with the crossing of environmental and social
data, referring to territorial occupation, and considering traditional economic, physical,
and legal aspects, among others.

However, one of the limiting factors for updating base registers is still the high cost
of developing the entire cartographic framework. However, with the advancement of
collaborative technologies, more affordable alternatives should be considered, especially
for small and medium-sized cities. In this sense, we highlight the possibility of using pho-
togrammetric techniques, since the logistics involved in the operation of these systems are
more flexible and economical when compared to cartography by topographic or geodetic
techniques, or even conventional photogrammetry with UAV [76].

In the case study, image acquisition processes were carried out, and subsequently the
prior selection of the delimited perimeter for application of the present study. Figure 10
presents the result of this process and the application of the linear contrast method. Dur-
ing the investigation, the pixel transformation functions were evaluated from the image
contrast, and in the application of active object learning, the contrast presented a more
suitable visual result. From the transformation function (T) for a single pixel (r = original
pixel value), the resulting pixel value (S) is generated through different techniques to obtain
better processing and visualization of objects. Where, (s) = T(r). Table 1 shows the results
with the contrast method.

Figure 10. Image of the municipality of Itajai SC—Brazil, after the contrast method in the area chosen
for object detection and active learning.
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Table 1. Preparation for active learning experiments.
. . Generated
Satellit: Segmentation
aretiite & Records
CBERS CPU Time .
Sensor Contrast i76.5GB Similarity Object
Banda ? Method GNU/Linux Detection
327570 0.050 1,066,788
3905 46 0.045 1,345,492
PAN5M—Band . 4355 84 0.040 1,639,031
E -1 Linear
spec= 4645 94 0.035 2,158,357
5165 02 0.030 2,770,752
572511 0.025 3,760,484

7 Image acquisition criteria, e.g., (date, location, quality and others). b Software used for image processing, such as
TerraLib/TerraView (INPE) and Qgis.

The lower the degree of similarity threshold, the higher the generation of objects for
analysis processing and active learning. In other words, higher demand and availability of
hardware resources to support higher processing volumes are essential.

Additionally, the availability of a relational database management system, such as
PostgreSQL/PostGIS, is another important implementation due to the need of storage
for manipulation. The case study was designed to integrate public data with the main
objective of evaluating the existence of relationships, direct or indirect crossover. Different
data sources were considered for experiments of the algorithms.

After two comparative implementations, over the data set (49,325 occurrences) ob-
tained from the CTM. Where, initially in the first implementation was prioritized applica-
tion of the classification method to elaborate the decision tree with ID3 algorithm, using
the Weka tool (version 2). It generated 78.83% (38,885) correctly classified instances and
21.15% (10,436) incorrectly classified instances.

In the second implementation on the same dataset, a new tree structure was generated
with J48 algorithm using Weka tool (version 3.9.3). After visualizing the tree, it was possible
to detect the levels and the class (Conservation), with more information gain. For correctly
classified instances, it was obtained 85.2002% (42025) of success and 14.79% (7300) not
classified. The final kappa statistic of 76.11% also determined the classifier that obtained
the best learning. After the implementations with the software Weka, for the same area
investigated, another study was performed using the software TerraView /GeoDMA, where
the methods of segmentation, image vectorization and later extraction of the set of attributes
were applied, see Figure 10.

Subsequently, with GeoDMA for object classification, 212 attributes were generated.
From the identification of the characteristics of each pixel was performed the conference
of the generation of each polygon and definition of relations for characterization of basic
rules of each object. For a better understanding of the objects detected in the study, it was
important to evaluate the different types of scales.

5. Discussion

From the expected results are presented some reflections and discussions about the
development of the work, initially idealized and later obtained. That is, the results achieved
by the research and their implementation are presented.

Reflection 1: Through the studies presented, was it possible to detect the applicability
of knowledge extraction in CTM in conjunction with other areas? Clearly, and as is proven
through the case study presented in Figures 5 and 6, along with a comparison of the Weka
software in version 3.2 (2001) and version 3.9.3 (2019), both versions allowed for obtaining
models, enabling machine learning, and expansion of analysis with new processes of data
integration and information extraction.
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Reflection 2: Specifically in this paper, new performance tests were presented with
the Weka classifiers: OneR, IBk, NaiveBayes, and J48. All classifiers use the same CTM data
and under the same conditions. That is, at this point it is worth mentioning the inclusion of
analysis with the Weka “Hoeffding Tree” classifier, allowing the generation of a tree with
less criticality.

Reflection 3: Was it possible to use new satellite images and run GeoDMA for auto-
matic learning of new objects? Yes, in this regard, it is worth highlighting the specifications
adopted according to Table 1, enabling the correct acquisition of images through standards
for the next stage of segmentation, then the vectorization of objects. In particular, several
prodecures are performed for image segmentation, which not part of the scope of this work,
but will be detailed with new experiments.

Reflection 4: Did the development and discussion of the experiments occur with
other CTM databases integrated for the recommendation? Partially, some experiments use
static datasets successfully, but have not been evaluated by mining continuous stream data
using Weka-MOA.

Reflection 5: Were performance evaluations of the Weka software performed? Yes,
exhaustive performance experiments were conducted, as shown in Table 2 and made
available for online access. In all classifiers, the CTM dataset was analyzed with the
same parametrizations and specifications, such as the 10-fold cross-validation over the
“property conservation” class. The Weka classifiers performed well on a dataset containing
18 attributes and 49,325 instances. The OneR, NaiveBayes, 48, IBk, and Hoeffding Tree
classifiers showed satisfactory results. The results of the classifiers are explained one by
one below:

For Weka — OneR: OneR processing took 0.09 s to build and run the model. Addi-
tionally, with the application of OneR, a correct classification of the instances of (38,404)
records was obtained totaling an accuracy of 77.8591% by the algorithm. It also presented
satisfactory learning with 63.75% evaluated by the kappa statistic.

For Weka — NaiveBayes: Initially, the processing took 0.13 s to build and run the
model. Additionally, with the application of NaiveBayes, a correct classification of the in-
stances of (37,445) records was obtained, totaling an accuracy of 75.9149% by the algorithm.
It also presented satisfactory learning with 62.48% evaluated by the kappa statistic.

For Weka — J48: The processing took 2.45 s to build and run the model. Additionally,
with an application of J48, a correct classification of the instances of (42,025) records was
obtained, totaling an accuracy of 85.2002% by the algorithm. It also showed satisfactory
learning with 76.11% evaluated by the kappa statistic.

For Weka — IBk: Processing took 3 min 34 s to build and run the model. Additionally,
with an application of IBk, a correct classification of the instances of (40,042) records was
obtained, totaling an accuracy of 81.1799% by the algorithm. It also showed satisfactory
learning with 69.97% evaluated by the kappa statistic.

For Weka — Hoeffding Tree: Processing took 0.69 s to build and run the model.
Additionally, with an application of the Hoeffding Tree, a correct classification of the
instances of (39,203) records was obtained, totaling an accuracy of 79.48% by the algorithm.
It also presented satisfactory learning with 66.54% evaluated by the kappa statistic.

Experiments with Weka — IBk from the vector with 25 attributes and containing
(1,000,000) instances, generated after image segmentation Weka with the IBk classifier
built the classification model quickly, but presented a very large slowness (9 h) to measure
the distances of all instances. However, the alternative found to speed up the processing
was to retain in memory only a “window” of instances, instead of the complete dataset.
In Weka, the default parameter “window size = 0” allows you to set the maximum number
of instances allowed in the training pool, and adding additional instances simply removes
the old ones, freeing up memory to improve performance.

In addition, for a better understanding, analysis was performed on the datasets below,
being separated into three different sets to initially compare the training with 100 (objects),
1000 (objects), and 15,000 respective training results, it was possible to decide which
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algorithm to use first to be prioritized and adopted for further processing, as shown in
Table 2, containing the results obtained from training the different datasets and compared
with the performance of processing the entire set of objects. The final test was evaluated
with a total of 49,325 instances, and these instances are isolated from the training dataset.

Table 2. Training datasets (objects).

Training Training Training Performance
Algorithm (100 Objects) (1000 Objects) (15,000 Objects) Evaluation (Final)
% % % %

J48 52 779 80.4067 85.2002
1Bk 78 78.2 80.4467 81.1799
Hoeffding Tree 76 77.1 80.3733 79.4800
OneR 75 77.9 80.3600 77.8591
NaiveBayes 76 77.1 79.4133 75.9149

Training datasets and evaluation/tests are available in: http://sadpreaigeo.org/ufsc-egc/mtec2022/
(accessed on 15 December 2022).

With Weka — Hoeffding Tree, a Hoeffding tree (VFDT—Very Fast Decision Trees) is a
very fast decision tree algorithm for incremental decision tree induction at any time, capable
of learning from massive data streams, assuming the distribution generation instances
do not change over time. Hoeffding trees exploit the fact that a small sample can be
sufficient to choose an optimal splitting attribute. This idea is supported mathematically
by the Hoeffding limit, which quantifies the number of observations (examples) needed
to estimate some statistics within a prescribed precision (according to the goodness of
an attribute). A theoretically attractive feature of Hoeffding Trees not shared by other
additional decision tree learners is that it has good performance guarantees. Using the
Hoeffding boundary, one can show that its output is asymptotically nearly identical to
that of a non-incremental study using infinite examples proposed by [41]. This classifier is
a successful reference in dealing with large spatial representation datasets, for example,
the evaluated dataset (Weka— ConvtypNom), regarding spatial coverage of forests with
quadrants defined in 30 x30 m, 581,012 instances, and 54 attributes, elaborated the model
in 41 s and completed the evaluation processing with cross-validation 10 times in 6 min
and 49 s. All the results of Weka 3.9.3 performance are presented in Table 3.

Table 3. Performance comparison of Weka 3.9.3.

Weka 3.9.3 . Correct o e o
Nr Classifiers Time Instances % Hits %o Kappa
1° 48 0.30s 42.0250 85.2002% 76.11%
2° 1Bk 3m34s 40.0420 81.1799% 69.97%
R Hoeffding . o
3 Tree 0.69s 39.2030 79.4800% 66.54%
4° OneR 0.03s 38.4040 77.8591% 63.75%
5° NaiveBayes 0.04s 37.4450 75.9149% 62.48%

Results available in: http://sadpreaigeo.org/ufsc-egc/mtec2019/ (accessed on 20 January 2022).

In all classifiers, the CTM dataset was analyzed with equal parameterizations and with
the same specifications, such as the “k = 10 cross-validation” on the “property conservation”
class. For property conservation in the “good condition” category, from the confusion
matrix generated by the first classifier established, the true positives (TP) with 22,279 units,
and the true negatives (VN) with 19,746, totaling 42,025 units to be certified, were first
identified. Afterward, the false positives (FP) with 4002 units enabled the separation for
re-evaluation of each occurrence. However, unlike the IBk classifier, the other evalu-



74

Capitulo 3. Lista de articulos de revistas

Sensors 2023, 23, 138

17 of 23

ated classifiers had good performance regarding processing time using 18 attributes and
49,325 instances, over the same computational infrastructure provided.

With the satisfactory results obtained with OneR, NaiveBayes, J48, IBk, and Hoeffding
Tree, allows the use of GeoDMA for automatic learning of new objects to be positively
proven by Figure 10. Additionally, the fusion between textual classifiers and geospatial
classifiers made possible through this work, the verification of an innovative form of
knowledge extraction engineering.

From the use of GeoGMA [22], to perform the extraction of attributes, after exhaustive
performance tests on the hardware used Table 1, adjustments were applied opting for the
selection of all statistical methods, except “Percent of each class by area”, because this
method increases the consumption of processing and memory. Still in the process of
extraction of attributes, it was possible from this procedure to obtain a better response time
with a duration of up to 15 min of processing load.

Specifically, in Figure 11, it is shown how this made it possible to start the elaboration
of queries through the filter on the attribute “BOMean” > 0.4, especially to obtain the
selection of objects with the highest “vegetation index” in the image.

In the second query, it was possible through the filter on the attribute “B7Mean” > 300.0,
to obtain the selection of objects with the “shadow” characterization on the image. In this
particular case, the query changed the return color for the objects. However, it was not
rendered after processing, changing the color parameter set as “Yellow” to “Green”, but re-
maining the best identification of the color “yellow” for the recognition of the object
“shadow” in the image.
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Figure 11. Results after calibration of values and recognition of objects.

Still, for the definition and characterization of the objects, some queries were per-
formed, allowing, through the filter on the attribute “Band 5-Mean” using the GeoDMA [22],
us to obtain different values for the selection of objects and characterization, such as “ce-
ramic roofs”, as shown in Figure 12. Thus, for the tested objects, the following values were
obtained and are available in Table 4.
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Table 4. Obtained values.
ID Min Max Mean
2128 386.000000 511.000000 426.769231
2135 241.000000 724.000000 425.036585
2240 235.000000 631.000000 532.342541
2302 326.000000 692.000000 531.554622
2398 27.000000 556.000000 355.121339
2999 310.000000 664.000000 551.215962
3056 385.000000 645.000000 553.728000
3075 460.000000 650.000000 596.877160
3116 260.000000 526.000000 426.401042
3144 372.000000 529.000000 436.227848
3732 218.000000 638.000000 425.622951
3767 270.000000 521.000000 391.483974
3768 416.000000 584.000000 529.207207
3867 229.000000 555.000000 398.095023
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Figure 12. Results after calibration of values and recognition of objects with the results in the
historigram.

The choice of samples was made randomly within the dataset images used for training,
aiming initially to understand how the learning was performed, especially with the use of
GeoDMA, as in Figures 13 and 14. This provided an important experience in the choice of
classes. Specifically, the classes of investigation were: (a) asphalt, (b) roofs—light, dark or
ceramic, (c) swimming pools, (d) shadows, (e) exposed soil, and (f) vegetation. Figure 13
describes the calibration process to obtain the final result, detailed in Figure 14.
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Figure 14. Segmentation results of the recognized objects.

From this study, it was possible to carry out new experiments to acquire a larger
number of samples and improve the rule generation. For example, with respect to the
class “asphalt”, the rule was very broad, in which a greater number of representations were
obtained, as illustrated in Figure 14. On the other hand, for “dark ceramic roofs”, the rule
was generated with better results. However, for future work, new implementations will be
developed, aiming to train new classes.

Certainly, much still has to evolve computationally, especially with regard to constant
active machine learning. In particular, urban object recognition and monitoring is noted.
All documents related to the Weka training, datasets and other complementary documents
are available at http://sadpreaigeo.org/ufsc-egc/mtec2019 and http:/ /sadpreaigeo.org/
ufsc-egc/mtec2022 (accessed on 15 December 2022).

6. Conclusions

Finally, according to the initial objectives of this work, through extensive research, it
was possible to prove the applicability of the extraction of knowledge with the integra-
tion of data collected from the Cadastro Técnico Multifinalitdrio (CTM). Additionally, as
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References

prioritized, the research contemplated through investigation of the publications made in
the last 5 years. During the study, it was noted that there is a great involvement of the
academic and scientific community in the development of technologies that understand
the geospatial and earth phenomena.

Growth and strong trends were observed in the use of the SVM (Support Vector
Machine) method for evaluating large volumes of textual and geospatial data, as was the
use of data discretization to enhance the execution (performance) of classifiers (algorithms).
In this sense, the possibility of implementation and integration of the software Weka with
TerraView /GeoDMA was proven, and they were compatible and operationalized because
both complement each other from the collection to the structuring of textual and geospatial
data for the evaluation of datasets, as presented in the Section 5.

An important characteristic to highlight with the Weka software was experimention
with vectors that presented only numeric values, in which linear regression (Weka 3.9.3)
proved to be faster to deal with large volumes of data. Regarding linear regression, the J48
decision tree showed the best results with the best classifier with accuracy (85%) and the
kappa agreement coefficient (76%) in an average time of 0.30 s.

For future work, further studies to advance experiments from evolving data streams—
those generated by mechanisms that change or fluctuate over time, by implementing the
Weka/MOA package, designed specifically for data stream mining including new adapta-
tions with Deep Learning algorithms. Furthermore, we intend to advance the development
of a module for a pre-processing face as proposed [77], prioritizing data collection, transfor-
mation, and preparation of datasets and images. This is essential for the crossing of data
and construction of rules to ensure the quality of the information to the user and decision
maker. Another need concerns the improvement of models, being more or less robust and
that can be reusable through vectors for TF-IDF x TerraViewGeoDMA application.

Although great demands of work are generated, one must prioritize care for the
quality of data and information both for technical and operational issues, as well as for
strategic issues that require constant validations, allowing certifications to occur for each
step performed during all the extraction processes, generating a reliability indicator for
the quality of information. The continuity of actions to intensify the implementation
of processes for information quality, in this work, is indispensable so that all stages of
knowledge extraction are guaranteed and certified.

Importantly, our results provide evidence for an implementation of an innovative
practical, and systematic approach. The extraction of information and recommendation of
knowledge shows a greater scientific relevance. Allowing the methods presented to apply
calibration parameters for each object and achieve results with greater accuracy.
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3.3.1. Resumen en Espafiol

Esta subseccion muestra un resumen en castellano de los aspectos mas relevan-
tes del articulo cientifico titulado “Active Actions in the Extraction of Urban Objects
for Information Quality and Knowledge Recommendation with Machine Learning” que en
castellano se podria traducir a «Acciones activas en la extraccién de objetos urbanos
para la calidad de la informacion y la recomendacién de conocimientos con apren-
dizaje automatico».

Objetivos de la investigacion

Con el creciente uso del aprendizaje automatico impulsando la evolucién tec-
nolégica en varias dreas del conocimiento, surgen nuevas demandas para mapear
procesos especificos y soluciones. Esto es especialmente relevante para las ciuda-
des inteligentes y sostenibles, donde el monitorizacién territorial es una herramienta
esencial. Un desafio existente es la falta de tecnologias que garanticen la calidad de
la informacién necesaria para crear estrategias. En este escenario, se manejan gran-
des voliimenes de datos que requieren un esfuerzo considerable para comprender
sus estructuras y, posteriormente, acceder a la informacién con la calidad deseada.

Por lo tanto, se propone una solucién para ayudar en el reconocimiento de ob-
jetos, identificar patrones estadisticos y combinar el uso de métodos y técnicas para
extraer conocimiento. A través del modelo desarrollado para la identificacion activa
de objetos geoespaciales con niveles de similitud, se pudo cruzar datos tras detectar
el mejor clasificador con una tasa de acierto del 85% y un coeficiente de acuerdo
kappa del 76 %. En el estudio de caso, se muestran las dindmicas de expansién ur-
bana y rural, donde se obtienen grandes cantidades de datos, que son sometidos a
diferentes métodos de catalogacion y preparacion para respaldar acciones de control
répidas.

La investigacion ofrece un enfoque practico y sistemaético, evaluando la extrac-
cién de informacién para recomendar conocimientos. Los resultados se discuten en
relacién con la construcciéon de una infraestructura tecnolégica minima que respalde
la toma de decisiones.

El presente articulo tiene como propésito fundamental abordar, estudiar y pro-
fundizar en temas esenciales relacionados con el planeamiento urbano y regional,
y su interseccién con las tecnologias modernas de procesamiento y adquisicién de
datos. Especificamente, los objetivos se desglosan de la siguiente manera:

= Adquisicion de Datos Espaciales y Andlisis de Imagenes de Satélites: Estu-
diar y comprender las técnicas y herramientas actuales para la adquisicién de
datos espaciales y su significado en la toma de decisiones urbanas y regionales.

= Procesamiento de Imagenes y Aprendizaje Automatico: Analize y evaluacién
de metodologias vigentes en el procesamiento de imdgenes y cémo las técni-
cas de aprendizaje automético pueden mejorar la precision y eficiencia de este
proceso.

= Aplicacién de Tecnologias GeoDMA y TerraView para el Sensoriamento Re-
moto: Evaluar las funcionalidades y beneficios del uso de GeoDMA y Terra-
View, y su impacto en el sensoriamento remoto.

= Uso del Software Weka en Contextos Espaciales y Geograficos: Investigar las
aplicaciones del software Weka en el andlisis y tratamiento de datos espaciales
y geograficos, identificando sus ventajas y limitaciones.
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= Clasificacién en el Contexto del Sensoriamento Remoto (SR): Delimitar y
describir las técnicas actuales de clasificacion, particularmente en relacién con
el sensoriamento remoto.

» Técnicas de Mineria de Texto con Weka: Profundizar en el uso de Weka para
la mineria de texto, analizando en detalle técnicas como el método TF-IDF y su
aplicabilidad en el andlisis cuantitativo de textos.

» Estudio de Caso en Itajai, Santa Catarina, Brasil: Presentar y analizar un estu-
dio de caso concreto en Itajai, identificando patrones, resultados y conclusiones
en relacion con el planeamiento urbano y regional.

= Anilisis de Datos Ambientales y Sociales: Considerar la interseccién y el im-
pacto de datos ambientales y sociales en la ocupacién territorial, aportando
una vision holistica del desarrollo urbano.

Ademas de los objetivos mencionados, el articulo estructura su contenido en sec-
ciones especificas, desde el desarrollo y metodologia hasta la discusién de resultados
y conclusiones finales, con el fin de ofrecer una comprensién completa y detallada
del tema en estudio.

Metodologia

Esta seccion proporciona un esquema detallado de la metodologia utilizada para
desarrollar la investigacién presentada en este trabajo. La metodologia se divide en
tres subsecciones principales: Revision del estado del arte, Anélisis y disefio de la
propuesta, y Definicién del caso de estudio.

Revision del estado del arte: El estado del arte se basa en el marco de DSR (De-
sign Science Research). A través de DSR, se establecen jerarquias para tareas inten-
sivas en conocimiento especificas para cada problema identificado. Los métodos de
clasificacion se dividen segtin su modo de procesamiento, ya sea visual o digital.
Estos métodos se categorizan como supervisados, no supervisados e hibridos. En
adicion, las métricas se observan en dos tipos: paramétricas o no paramétricas y se-
gun el enfoque por pixel o por regiones (objetos). Se presta atencién especial a la
dificultad de procesar volimenes masivos de datos, especialmente con imédgenes sa-
telitales que pueden ser extensas en tamafio.

Anilisis y disefio de la propuesta: El enfoque propuesto en esta investigacion se
basa en el levantamiento de imagenes satelitales y/o obtenidas por RPAS. También
se aprovechan datos textuales compartidos previamente para identificar objetos geo-
espaciales a través del aprendizaje activo y la generacién de reglas elementales. La
propuesta incluye una arquitectura de deteccioén y extraccion sistemética con soporte
en aprendizaje automatico.

La implementacién de esta propuesta se desarrolla en varias etapas:

1. Planificacién: Se organizan reuniones, entrevistas y encuestas. Se implemen-
tan cuestionarios y se documentan los prerrequisitos del proyecto.

2. Ingenieria de Requisitos: Se construyen artefactos utilizando UML (Unified
Modeling Language).

3. Adquisiciones: Se contratan servicios de recoleccion de imégenes satelitales,
como (CBERS) y (LANDSAT-8), con parametros especificos.
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4. Procesamiento de Imagenes: Se realiza la homologacién y procesamiento de
las iméagenes, eligiendo métodos de contraste para visualizar los objetos de
interés.

5. Homologacién y Extraccién: Posteriormente se elaboran indices y se aplican
métodos especificos de deteccion y extraccién de objetos espaciales o textuales.

6. Generacién de Reglas Adaptativas: Se evaltan algoritmos para crear reglas
adaptativas, patrones estadisticos para representar el conjunto de datos.

7. Optimizacién y Ingenieria Inversa: Se prioriza la optimizacién de estructuras
de datos para el repositorio y la ingenieria inversa posterior.

Definicién del caso de estudio: El caso de estudio se enfoca en la deteccién de
patrones geogréficos en zonas urbanas y rurales. La segmentacion y otros registros
son vitales para observar y evaluar automaticamente la expansion territorial a partir
del conocimiento compartido extraido. Se utiliza la teledeteccion para clasificacion,
comunmente basada en indices radiométricos, operaciones de contraste aritmético
con NDBI, NDVI (Indice de Vegetacion de Diferencia Normalizada) y NDWI (Indice
de Agua de Diferencia Normalizada). Esto se integra con la planificacién urbana y
regional, utilizando el Catastro Técnico de Multifinalidad (Cadastro Técnico Multi-
finalitario—CTM) similar al Catastro de Espana.

La metodologia presentada busca combinar multiples técnicas y herramientas
para obtener un reconocimiento preciso de patrones, esencial para la planificacion y
gestion urbana y territorial.

Resultados

= Implementacién con Algoritmo ID3 (Weka):

Método: Clasificacién para elaborar la arbol de decisién. Resultados de la cla-
sificacién: Instancias clasificadas correctamente: (38.885) resultando en 78,83 %
de tasa de acierto. Instancias clasificadas incorrectamente: 21,15 % (10.436).

= Implementaciéon con Algoritmo J48 (Weka):

Se gener6 una nueva estructura de arbol. Se detectaron niveles y la clase Con-
servacdo”. Resultados de clasificacion: - Instancias clasificadas correctamen-
te: 85,2002 % (42.025). - Instancias no clasificadas: 14,79 % (7.300). - Estadistica
Kappa: 76,11 % (indicando el mejor aprendizaje del classificador).

= Uso de Software TerraView/GeoDMA: Se aplicaron técnicas de segmentacion,
vectorizacion de imagen y extraccién de atributos (ilustrado en la Figura 7).
Con GeoDMA, se generaron 212 atributos. Se identificaron caracteristicas de
cada pixel y se generaron y definieron poligonos y reglas basicas para cada
objeto. Se evaluaron diferentes tipos de escalas para comprender mejor los ob-
jetos detectados.

= Aplicabilidad de la Extraccién de Conocimiento: Integraciéon de imagenes de
satélite y otros datos como textos del CTM para el periodo 2001-2019. Softwa-
re Weka en sus versiones 3.2 (2001) y 3.9.3 (2019) permiti6 la construccién de
modelos y el aprendizaje de maquina.
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» Pruebas de Rendimiento con Weka: Classificadores evaluados: OneR, 1Bk,
NaiveBayes, J48. Todos los classificadores fueron probados en las mismas con-
diciones y con los mismos conjuntos de datos. Se destaca el uso del classifica-
dor "Hoeffding Tree"de Weka para una generacion de drbol menos critica.

= Uso de Imdgenes de Satélite y GeoDMA: Se ampli6 el espectro de informa-
cién extraida, especialmente ttil para proyectos que requieren monitoreo fre-
cuente. El satélite CBERS-4 facilit6 la rapida adquisicién de nuevas imégenes.

Conclusiones

A partir de la sexta etapa de la metodologia, se identific6 una marcada incli-
nacién hacia el uso del método SVM (utilizando la biblioteca LibSVM-Weka) para
evaluar grandes conjuntos de datos, tanto textuales como geoespaciales. La discre-
tizacion de estos datos ha demostrado ser una estrategia valiosa para optimizar la
performance de los clasificadores.

Asimismo, se confirmé de manera efectiva la integraciéon del software Weka con
TerraView /GeoDMA. Ambos programas se complementan en todas las fases, desde
la preparacién hasta la estructuraciéon de datos textuales y geoespaciales.

Para investigaciones futuras en esta linea, se planea perfeccionar el médulo de
preprocesamiento. Esta mejora se centrard en aspectos esenciales, como la recolec-
cién de datos de sensores, transformacion, preparacion de datasets y la extraccion de
informacion. Estos pasos son cruciales para el cruce de datos, construccién de reglas
y aseguramiento de la calidad de la informacién obtenida.
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ABSTRACT This paper presents a novel automated road damage detection approach using Unmanned
Aerial Vehicle (UAV) images and deep learning techniques. Maintaining road infrastructure is critical for
ensuring a safe and sustainable transportation system. However, the manual collection of road damage data
can be labor-intensive and unsafe for humans. Therefore, we propose using UAVs and Artificial Intelligence
(AI) technologies to improve road damage detection’s efficiency and accuracy significantly. Our proposed
approach utilizes three algorithms, YOLOv4, YOLOVS, and YOLOvV7, for object detection and localization
in UAV images. We trained and tested these algorithms using a combination of the RDD2022 dataset from
China and a Spanish road dataset. The experimental results demonstrate that our approach is efficient and
achieves 59.9% mean average precision mAP@.5 for the YOLOVS version, 65.70% mAP@.5 for a YOLOVS
model with a Transformer Prediction Head, and 73.20% mAP@.5 for the YOLOvV7 version. These results
demonstrate the potential of using UAVs and deep learning for automated road damage detection and pave
the way for future research in this field.

INDEX TERMS UAV, road damage detection, deep learning, object-detection.

I. INTRODUCTION cess of road damage detection. In recent years, there has been

Managing the maintenance of all the roads in a country is
essential to its economic development. A periodic assessment
of the condition of roads is necessary to ensure their longevity
and safety. Traditionally, state or private agencies have carried
out this process manually, who use vehicles equipped with
various sensors to detect road damage. However, this method
can be time-consuming, expensive, and dangerous for human
operators. To address these challenges, researchers and engi-
neers have turned to Unmanned Aerial Vehicles (UAVs) and
Artificial Intelligence (AI) technologies to automate the pro-

The associate editor coordinating the review of this manuscript and

approving it for publication was Halil Ersin Soken

a surge of interest in using UAVs and deep learning-based
methods to develop efficient and cost-effective approaches
for road damage detection.

Unmanned aerial vehicles have proven to be versatile in
various applications, including urban inspections of objects
and environments. They have been increasingly used for
road inspections, offering several advantages over traditional
methods. These vehicles are equipped with high-resolution
cameras and other sensors that can capture images of the
road surface from multiple angles and heights, providing a
comprehensive view of the condition of the road. Addition-
ally, UAVs can cover a large area relatively quickly, reducing
the need for manual inspections, which can be dangerous

This work is licensed under a Creative Commons Attribution-NonCommercial-NoDerivatives 4.0 License.
For more information, see https://creativecommons.org/licenses/by-nc-nd/4.0/
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real-time object detection and trained on a large dataset of
images and videos to improve its accuracy.

Subsequently, the fifth version of the algorithm, called
YOLOVS [17], was released. This algorithm turned out to
be a perfect model, bringing more options as we can high-
light the image segmentation, but it still needs to be closer
to the 5th major update. The results are very similar to
YOLOv4 which a considerable amount of work was done,
and all the nuances were taken into account. YOLOVS is an
improvement over YOLOv4. It is based on a new SPADE
architecture, which uses semantic and spatial information
to improve object detection accuracy. YOLOVS also uses a
new training algorithm called Mosaic Data Augmentation to
enhance the model’s generalization.

Later and more recently, the seventh version of the
algorithm was released [18], the latest iteration in the
life cycle of YOLO models. YOLOv7 infers faster and
more accurately than its previous versions (i.e., YOLOVS).
YOLOV7 is the latest version of YOLO. It has been built
on a new architecture called Efficient-YOLO, which uses
EfficientNet as the backbone network. YOLOvV7 has been
trained on a large dataset, and it has been optimized for
real-time object detection. It is more accurate and faster than
previous versions of YOLO.

In conclusion, YOLOV4 is considered the most accurate
version of YOLO until 2021 and is optimized for real-time
object detection. YOLOV7 is the latest version of YOLO,
and it is based on a new architecture called Efficient-YOLO,
which is more accurate and faster than previous versions.

C. OBJECTIVES AND STRUCTURE

This paper builds upon a previous project proposing an
architecture for a pavement monitoring system with pot-
hole recognition in UAV images [7]. In this new research,
we expand upon the previous solution by comparing it with
new algorithms and datasets, introducing new classes of dam-
age, and adopting data augmentation during training, which
promotes adapting to dramatic size changes of objects in
images. Finally, in this work, the YOLOv5 and YOLOvV7 are
compared, and an improvement was made in the YOLOVS
model using the Transformer Prediction Head for the UAV
use case.

We have used a merged dataset from previous work and
Crowdsensing-based Road Damage in this work. Detec-
tion Challenge, including new damage classes for a more
comprehensive understanding of pavement damage. Exper-
imental results demonstrate the effectiveness and efficiency
of our proposed solution, achieving more accuracy on the test
dataset.

The main objective of this project is to improve the
autonomous monitoring system for the state of roads using
images captured by drones and advanced artificial vision and
intelligence techniques. The proposed system will notify the
maintenance company about detected road damage, including
the ability to send messages with the geographical coordi-
nates of the damages found.
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(c) Alligator cracks (D20)

(d) Repairs

FIGURE 1. Road damage classes in the dataset.

Our team has made several contributions, including:

« Adding an extra prediction head to address the issue of
large variations in object scales.

Incorporating Transformer Prediction Heads (TPH) into
the YOLOVS model, resulting in improved object local-
ization in high-density scenes.

Providing a range of useful techniques and filtering out
ineffective approaches for object detection in drone-
captured scenarios.

Enhancing the classification accuracy of certain ambigu-
ous categories by utilizing a self-trained classifier.

o The project has introduced several new classes of pave-
ment damage, as depicted in Figure 1. These include
longitudinal cracks, alligator cracks, potholes, bumps,
and repairs. The project offers a more comprehensive
understanding of pavement damage by including these
additional classes, enabling more precise and efficient
road infrastructure monitoring.

In the overall project, convolutional neural networks detect
asphalt defects, allowing for operator overrides or sugges-
tions for improved accuracy over time. Additionally, we will
implement a feature for automatically planning routes to
cover the entire road, eliminating the need for manual oper-
ation by the pilot and utilizing PIX4D to automate the route
planning.

The structure of this paper is as follows: Section II
thoroughly analyzes existing literature on damage detection
methods and UAVs. Section III delves into the proposed
system’s architectural design, the dataset used, and its imple-
mentation. The experiments carried out, and their results are
discussed in Section IV. Finally, Section V concludes the

VOLUME 11, 2023



88

Capitulo 3. Lista de articulos de revistas

L. A. Silva et al.: Automated Road Damage Detection Using UAV Images and Deep Learning Techniques

IEEE Access

paper by presenting a summary of the findings and outlining
potential future work.

Il. RELATED WORKS
Imagery capture plays a crucial role in the initial assessment
of aroad or highway’s condition. A UAV, specifically a drone,
is an efficient and cost-effective way to capture high-quality
and detailed photographs of the road surface from various
perspectives. In this study, we have used the DJI Mavic Air
2S drone, a more recent drone version budgeted for this
project. This drone has advanced features such as a high-
resolution camera, GPS, and obstacle avoidance sensors,
enabling it to capture high-quality road surface images with
minimal distortion. Additionally, using a UAV allows for
more comprehensive coverage of the road surface, especially
in hard-to-reach areas, and can be done safely and quickly.
Related articles focus on improving existing algorithms
in deep learning and unmanned aerial vehicles (UAVs).
For example, autonomous UAVs have been used for struc-
tural health monitoring and real-time damage mapping using
deep learning methods and ultrasonic beacons with geo-
tagging [19], [20]. Deep learning techniques, such as CNNs,
have shown promising results in various domains, including
vehicle traffic monitoring [21], large population monitoring
[22], animal identification [23], wind generator inspection
[24], and electric component detection [25]. These techniques
can also be used to analyze images or video from cameras
mounted on vehicles to detect road potholes, making them an
effective approach for automated road damage detection.
The transportation industry is no exception, and the task of
road damage identification is ready to profit from the rapid
advancement and diffusion of deep learning technologies.
Using convolutional neural networks (CNNs) or other deep
learning techniques to analyze images or video from cameras
mounted on vehicles to detect road potholes is possible. One
of the fundamental approaches for automated road damage
detection is using deep learning algorithms. These algorithms
effectively detect a range of objects, including damage.
Standard deep learning methods in this area include the
implementation of Convolutional Neural Networks (CNNs).
In the paper [26], the authors proposed a deep convolu-
tional neural network (CNN) for road damage detection from
UAV images. The proposed CNN was trained and tested
on a dataset of UAV images, and the results showed that
it could detect road damage accurately. In [27] proposes a
novel approach for detecting concrete cracks using a deep
architecture of CNN without the need for image processing
techniques (IPTs) to extract defect features. The CNN is
trained on a large dataset of 40.000 images and achieves an
accuracy of about 98%. The proposed method is tested on a
different structure under various conditions and performs bet-
ter than traditional Canny and Sobel edge detection methods.
In another recent work [28], the authors proposed a deep
learning-based object detection method for automated road
damage detection using UAV images. They used the Faster
R-CNN algorithm as the object detector. Results reflected
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that the proposed method is superior to other methods of road
damage detection.

Also, with Regions with Convolutional Neural Network
(R-CNN) and their improvements called Faster R-CNN, the
authors in [29] and [30] proposes for structural visual inspec-
tion, which can detect multiple types of damages, including
concrete cracks, steel corrosion, bolt corrosion, and steel
delamination. The proposed method achieves an average pre-
cision rating of 87.8%. The proposed method provides a
remarkably fast test speed of 0.03 seconds per image and can
potentially be used for quasi-real-time damage detection on
video using the trained networks.

Finally, [31] proposes a crack detection and quantification
method using Faster R-CNN and modified TuFF and DTM
algorithms. The proposed method achieved high accuracy
with 95% average precision, 83% intersection over union, and
93% accuracy for crack length.

In [32], the authors developed a new sensor technol-
ogy for road damage detection using a deep learning-based
image processing algorithm with super-resolution and semi-
supervised learning methods based on GAN. Tested on
400 road images, the proposed method showed an average
recognition performance of 81.54% and 79.228% in terms
of mean intersection over union and F1-score, respectively.
The paper suggests that the proposed method can be used for
efficient road management in the future.

Nowadays, simply detecting damage in structural images is
not enough. To fully understand and assess the extent of the
damage, it is necessary to quantify it by measuring the size of
the detected defects. This requires a more advanced technique
known as pixel-level segmentation, which can accurately
delineate the boundaries of the damaged areas in the image.

Kang [33] proposes a novel semantic transformer rep-
resentation network (STRNet) for crack segmentation in
complex scenes, achieving high performance and fast pro-
cessing speed. The network was evaluated and compared with
other advanced networks, showing superior performance and
processing speed compared with other networks, including
attention on [34], which proposes a high-performance deep-
learning network for real-time pixel-level segmentation of
internal damages in concrete members using active thermog-
raphy. The attention-based IDSNet outperforms state-of-the-
art networks with a mean intersection over the union of 0.900,
a positive predictive value of 0.952, an F1-score of 0.941, and
a sensitivity of 0.942.

Single-Shot Detection (SSD) is another point-of-view
specifically for road or concrete damage detection. The
work [35] presents the SDDNet, a deep learning model for
real-time segmentation of concrete cracks in images, achiev-
ing high accuracy on a manually created dataset. The model
is compared with recent models and outperforms them while
processing images at 36 FPS, which is significantly faster
than previous works.

In another work, Arya et al. [36] reported a set of state-of-
the-art solutions in global road damage detection and clas-
sification tasks. For example, Pham et al. [37] experimented
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with a study with Detectron2, implementing Faster R-CNN.
Generally, these reviewed studies show that the Faster
R-CNN model provides better accuracy with the trade-off of
prediction time (8 frames per second) than the YOLO model
(40 frames per second). In contrast, SSD balances the two
concerning prediction accuracy and time.

A. YOLO IMPLEMENTATIONS

In [38], presents a deep learning approach to identifying pot-
holes on Indian roads using the YOLO algorithm to improve
road maintenance and reduce accidents. A new dataset of
1500 images of Indian roads is created and trained using
YOLOv3, YOLOV2, and YOLOV3-tiny, and the results are
compared in terms of accuracy. In contrast, the authors in [39]
present the M-YOLO, which uses a light network architecture
based on MobileNet V3 and YOLOVS5S to improve the detec-
tion efficiency of pavement oil repair using UAV images. The
results of experiments showed that the M-YOLO algorithm
has an accuracy of 98.3%, an average accuracy of 95.5%,
and a detection speed of 96.6fps, which is significantly better
than YOLOV3 in terms of accuracy, speed, and number of
parameters.

In addition, the authors in [12] present a novel automated
pavement distress detection framework that combines stereo
vision and deep learning. The proposed method is tested
on asphalt roads under various conditions. The results show
that it can achieve millimeter-level accuracy in the crack
and pothole segmentation and that the enhanced 3D crack
segmentation model is superior to other models in terms of
accuracy and inference speed. It also uses the high-resolution
pothole segmentation map to measure the pothole volume
accurately.

Another solution related to the literature is using multi-
spectral images to detect road damages [40]. Multispectral
imaging using UAVs is a powerful tool for detecting and ana-
lyzing road damage. Another approach is using hyperspectral
images to detect road pavement cracks. In the study [41],
an asphalt crack index is introduced and found to be effec-
tive for crack detection, with an average 21.37% increase in
F1-score compared to the existing metric in literature.

Convolutional Neural Networks (CNNs) and Transformer
can also be used for hyperspectral image classification [42].
CNNs can extract features from hyperspectral data by
learning spatial patterns in the spectral domain, while Trans-
formers can capture global contextual information by mod-
eling long-range dependencies. Both approaches have shown
promising results in hyperspectral image classification tasks.

In the literature, many works are connected to this field,
which is developing very fast, and more experiments should
be performed to find a better approach in this specific case.
In this work, we approached YOLO because it is the most
efficient technique. When we wrote the first article, the most
recent version was YOLOv4. YOLOV7 is the current version
of this algorithm, which has been tried extensively in this
work. Currently, the work of Wang et al. [18] is the official
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FIGURE 2. Design of the proposed method.

implementation, which some of the authors are the same as
the YOLOV4 version [16].

The speed and precision of YOLOV7 are between five and
160 frames per second. This project tested various hyperpa-
rameters (using the freebies) and models (adding modules
and custom configuration files) to train models for road dam-
age detection and classification tasks.

Ill. DESIGN AND IMPLEMENTATION

A. IMPLEMENTATION

The proposal’s main objective is the detention of deformi-
ties on street surfaces, roads, highways, and other vehicle
traffic surfaces. The initial proposal of this project, as seen
in Figure 2, uses a commercial drone integrated with a
high-resolution camera and, in its case, also the use of a
multispectral camera. The multispectral camera, as its name
suggests, is a camera that is capable of capturing several light
spectra. In the case of the dataset of this article, the use of
a multispectral camera is not involved and uses only images
from high-resolution cameras.

B. UAV IMAGE DATASET

First, we conducted a literature search to find a dataset of
potholes and cracks in asphalt at the outset of this study. How-
ever, the databases were different from the current suggestion
of utilizing an unmanned aerial aircraft to take photographs
at a safe distance from the road. Therefore, a new dataset
was required to depict the Spanish road situation accurately.
In total, 600 pictures with a resolution of 3840 x 2160 pixels
were taken. The images were taken from a DJI Air 2S drone
50 meters from the ground on roads in Spain and only had
two classes, potholes (D40) and cracks (D00).

Upon dataset creation and labeling of all photographs,
568 tagged photos were recovered. The photos’ orientation
was adjusted during the pre-processing stage and got a new
size (640 x 640). Different iterations of each image in the
collection were created utilizing augmentation techniques.

VOLUME 11, 2023
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TABLE 1. Spain roads dataset.

Class Spain Annotations
D00 (Crack) 327
D40 (Pothole) 3480

The zoom levels of the photographs ranged from 0% to 15%.
In total, 1362 images are included in the collection. 70% of
these photos were used for training, 20% for validation, and
10% for testing the trained model’s efficacy. This dataset was
used in previous work [7], and its repository is available.!
Table 1 shows how the classification is organized.

Continuing to compose the dataset, we approached the
previous datasets (Spain) as a reference for training deep
learning models to detect road damage from the collected
videos automatically. Added to this, we joined the dataset
provided in the CRDDC2022. This dataset is a dataset of road
damage in multiple countries [43].

This benchmark dataset is used for training and testing
machine learning models for automated pavement distress
detection. The dataset contains 47,420 road photos from five
countries (China, Japan, the Czech Republic, Norway, the
US, and India). We use these photos to train and test models
to identify four types of pavement damage: alligator cracks
(D20), transverse cracks (D10), longitudinal cracks (D00),
and pothole cracks (D40).

The training set of this dataset is used to train machine
learning models to recognize the four types of pavement
damage. The models learn to identify the characteristics of
each type of damage from the photos in the training set. The
testing set of this dataset is used to evaluate the performance
of the trained models. The models are applied to the photos
in the testing set, and their predictions are compared to the
actual labels to evaluate the model’s accuracy.

This dataset is useful for researchers and engineers work-
ing on automated pavement distress detection because it
provides a large and diverse set of images that can be used
to train and test models. Including images from different
countries ensures that the models trained using this dataset
can generalize well to different road conditions and environ-
ments.

These images were obtained from smartphones, high-
resolution cameras, and satellite images. All are obtained by
employing cars, motorcycles, and drones. The distribution of
damage types (of the four relevant damage types) by countries
is displayed explicitly in Table 2. For China, two datasets
were made available: Ch_M, which refers to images taken by
mobile phones, and Ch_UAYV, which refers to images taken
by drones.

To compose the dataset for this article, we used the first
dataset of roads in Spain and a small part of the images taken
by drones in China Ch_UAYV, as mentioned in the table above.
This dataset also includes two complementary classes Repair
that refers to some repair done on the road and Block Crack.

1 https://github.com/luisaugustos/Pothole-Recognition
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TABLE 2. Damage category-based data statistics for RDD2022.

JPN | India | CZ | NW US | Ch .M | Ch_UAV
D00 | 4049 1555 | 988 | 8570 | 6750 2678 1426
D10 | 3979 68 | 399 | 1730 | 3295 1096 1263
D20 | 6199 | 2021 | 161 468 834 641 293
D40 | 2243 3187 | 197 461 135 235 86

(a) Air 2S is DJI used to adquiry (b) The drone and camera set-up
images in Spain. used to capture China_Drone data in-
cluded in RDD2022.

FIGURE 3. UAV used to obtain images for the dataset.

TABLE 3. Damage category-based data statistics for the merged dataset.

Class China_Drone Spain Total
D00 1426 327 1753
D10 1263 0 1263
D20 293 0 293
D40 86 3480 | 3566
Repair 769 0 769
Block Crack 3 0 3

TABLE 4. Dataset split.

Number of Images | Percentage
Training Set 4000 82%
Validation Set | 584 12%
Testing Set 289 6%
TOTAL 4873 100%

We noticed that including the China_Drone data in the pro-
posed training set increased the dataset’s heterogeneity. They
were aligned with RDD2020 and this work, which focuses
on low-cost and affordable automatic road damage detection
considering feasible methods for the public.

The final dataset has 2893 images and comprises images
from both countries obtained by UAV detailed in Fig. 3(a)
and Fig. 3(b).

Table 3 provides an overview of the damage category-based
data statistics for the merged dataset, including the distri-
bution of classes and annotations for the China_Drone and
Spain datasets.

This dataset is augmented and preprocessed using
auto-orientation and also resized to 640 x 640. The aug-
mentation was performed on the images to increase the size
and diversity of the dataset artificially. Each training example
has been augmented to produce two outputs in this case.
The rotation has been applied to randomly rotate the images
between —15° and +15° to make the model more robust to
different orientations of the objects being detected. The final
dataset description was presented in Table 4.
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C. DATA PREPARATION

According to the previous table, the two data sets were com-
bined and divided into three versions formatted for YOLOv4,
YOLOVS, and YOLOV7. One directory is needed for training,
while the other is for validation. Additionally, these two
folders must have the label and image directories. The labels
would include a text file holding the image annotation for
each labeled image, while the images would contain the
actual photos. The text file’s name must match that of the
associated image. After producing new YOLO annotations,
the folder follows the YOLO dataset structure. Information
about the data set, including names and the number of classes,
is contained in the file “data.yaml”. All this was done thanks
to the platform Roboflow,? on which all datasets are stored.

D. MODEL TRAINING

The YOLOv4-tiny model served as the initial basis for this
work, which adheres to the coordinated prediction concept
just like YOLOvV2 and YOLOv3 did. Multi-class classifica-
tion is possible instead of single-class classification, as in the
older versions. This initial network was set up to detect two
classes within the 568 images. Later with the use of YOLOVS,
YOLOV5-Tranformer, and YOLOv7, the number of classes
increased to 6. Afterward, new training was performed with
the six classes and the 4000 images.

To train our YOLO models, we prepared our data and fed
them with the necessary data set. The model trained is capa-
ble of detecting the following sorts of cracks: longitudinal
cracks (D00), transverse cracks (D10), alligator cracks (D20),
pothole cracks (D40), and repair and block cracks. We used
4873 photos from the dataset generated by the roboflow
platform to train the model. The training and validation of
the models described in this research were carried out using
an Intel(R) Core(TM) i9-10940X CPU @ 3.30GHz computer
with 128GB of RAM and an RTX3090 GPU with 24GB
of integrated memory due to the availability of reasonably
priced GPUs.

E. IMAGE AUGMENTATIONS

Image augmentation is a technique to expand the training
dataset by applying various transformations to the existing
images. Image augmentation aims to introduce variability
and diversity in the training dataset, which helps improve the
model’s generalization ability. YOLOv7 and YOLOVS can
use various image augmentation techniques, such as:

« Random horizontal flipping: This technique randomly
flips the image horizontally, giving the model more
examples of the same object in different orientations.

« Random cropping: This technique randomly crops a
portion of the image, giving the model more examples
of the object in different scales and positions.

« Random rotation: This technique randomly rotates the
image, providing the model with more examples of
objects in different orientations.

2hltps://roboﬂow.ai
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FIGURE 4. YOLOVS5's default p ters on augmented imag
showcasing the potential for image distortion and inconsistencies.

« Random brightness and contrast: This technique ran-
domly adjusts the brightness and contrast of the image,
providing the model with more examples of the object
under different lighting conditions.

« Random color jitter: This technique randomly changes
the image’s color, giving the model more examples of the
object under different color variations.

YOLOVS and YOLOV7 are state-of-the-art algorithms that
enhance and upscale images to improve the robustness and
accuracy of the model. However, as seen in Figures 4 and 5,
several issues with the default parameters negatively impact
the results. Using these techniques, YOLOv7 and YOLOVS5
can increase the size and diversity of the training dataset.
This can help prevent overfitting and improve the model’s
generalization ability.

Three models were trained: the first using a YOLOv4
architecture, which replicated the experiment from the prior
study; the second with a YOLOVS design; and the third with
a YOLOV7 architecture. We will now go over each model’s
outcomes and guess how and why we came to those conclu-
sions to choose the ultimate design that is most appropriate
for the task at hand.

IV. EXPERIMENTAL RESULTS AND DISCUSSION

Intending to test our system, we compare the labeled dataset
photos with the final images identified by the algorithm,
paying attention to quantitative characteristics. In this case,
different experiments result in different models, and in the
case of using three different models, we must pay attention to
the evaluation process.

Therefore, we need a robust metric to select the best models
among all experiments. There are two standard evaluation
metrics used in this area. The first is the Mean Accuracy
(mAP) calculated in IoU (Intersection overlapping) limit of
0.5 (mAP@0.5). The second is the F1 score. The MAP is
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FIGURE 5. YOLOV7's default p ters on augmented imag
showcasing the potential for image distortion and inconsistencies.

a good measure when we must ensure the model is stable
at different confidence limits (robust) while the F1 score
is computed for a specific confidence limit. The common
practice is to use mAP@0.5 in the validation set to select
the best model and use the F1 score to report the model
performance in the test data set. This project also follows this
common practice (using mAP@0.5 to select the best models
and report the F1 scores in the test sets).

In terms of the quantitative assessment, we’ll employ the
following metrics: the precision, or the ratio of true positives
(TP) to true positives (TP) plus false positives (FP) Equa-
tion 1. Equation 2 combines the recall, the likelihood that a
picture will be categorized as positive, and the ratio of true
positives (TP) to true positives plus false negatives (FN). The
third and final metric is the F1 metric, which combines the
first two abovementioned metrics.

On the other hand, we also have the classification speed,
which is expressed in frames per second (FPS), the mean
average precision (mAP), which is determined by using the
precision and recall curve, and the IoU, or the overlap area
between the detected and imaged areas.

TP

Precision = ——— [€))]
TP + FP
TP
Recall = ——— 2)
TP + FN

Precision - Recall

Fl=2 3)

" Precision + Recall

The model training process was evaluated in 3 steps,
switching between iterations and image resolution. The mea-
sures mAP@0.5 are used to select the best models during
training based on the validation data.

Additionally, with the main evaluation process, we intro-
duced four ways to evaluate the comparative analysis and the
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TABLE 5. Performance metric for YOLOv4.

Label TP FP | AP (%)
Block crack 0 0 0.00%
D00 87 | 106 | 27.14%
D10 149 | 232 | 35.17%
D20 4 14 10.39%
D40 162 42 | 44.25%
Repair 63 69 | 44.24%

implementation. Using hyperparameter tuning (evolve), error
analysis, transfer learning, and ensemble methods.

o Hyperparameter tuning: This involves adjusting the set-
tings and parameters of a model or algorithm to find the
best configuration for a given task. By systematically
varying the values of different parameters, researchers
can determine which settings lead to the best perfor-
mance and gain insight into which factors are most
important.

o Error analysis: This involves examining the errors made
by a model or algorithm and identifying patterns or
trends. By analyzing the specific cases where a system
fails, researchers can better understand its limitations
and identify areas for improvement.

o Transfer learning: This involves using a pre-trained
model or algorithm as a starting point and fine-tuning
it for a specific task. By leveraging the knowledge and
experience encoded in a pre-trained model, researchers
can often achieve better results with less data and train-
ing time.

« Ensemble methods: This involves combining the pre-
dictions of multiple models or algorithms to improve
overall performance. By leveraging the strengths of dif-
ferent models and compensating for their weaknesses,
ensemble methods can often achieve better results than
any individual model.

A. YOLOv4 EXPERIMENTS

With YOLOv4, the first processing step was performed.
Convolutional layers were adjusted as necessary using a
pre-trained weight model. Compared to the earlier work, the
results of this training could have been better, implying that
the prior work involved overtraining or overfitting. In this
instance, we achieved a precision of 0.50, with a recall of
0.32 and an F1 score of 0.39. They chose a mean average pre-
cision (mAP@0.50) of 0.268638, or 26.86%, for this training,
in just three seconds of detecting time. The performance is
broken down per class in Table 5.

B. YOLOv5 EXPERIMENTS

Employing YOLOVS5 v7.0 for road damage detection showed
significant improvements compared to YOLOv4, as indi-
cated in Table 6. The mean average precision (mAP)
at an IoU threshold of 0.5 (mAP@.5) increased from
26.86% to 59.90%, indicating a substantial increase in the
model YOLOv5x ability to detect road damage accurately.
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TABLE 6. Performance metric for YOLOV5.

Class Imgs | Labels | P R mAP@.5 | mAP@.95
all 584 1447 0.787 | 0.561 | 0.599 0.344
Block | 584 1 1 0 0.0203 0.0142
D00 584 367 0.68 0.557 | 0.594 0.294

DI0 584 248 0.778 | 0.742 | 0.829 0.46

D20 584 65 0.702 | 0.507 | 0.566 0.299

D40 584 623 0.814 | 0.785 | 0.817 0.419
Repair | 584 143 0.745 | 0.776 | 0.766 0.578

Confusion Matrix

000

o010

Predicted
020
:

Repair 040

Block crack 000 oio 020 Dao Repair  background

FIGURE 6. Confusion matrix for the YOLOv5 model.

Additionally, the mAP at an IoU threshold of 0.5 and a recall
threshold of 0.95 (mAP@.5:.95) also showed a significant
improvement, with a boost of around 27%.

Furthermore, the recall percentage, which measures the
proportion of actual positive instances that are correctly
detected, also increased from 32% to 56.10%. These results
demonstrate the effectiveness of YOLOVS in detecting road
damage with high accuracy and recall. Additionally, the
inference time of YOLOVS is 17.2 milliseconds, with a
pre-processing time of 0.9 milliseconds, an inference time of
17.2 milliseconds, and a Non-maximal Suppression (NMS)
of 6.8 milliseconds per image at shape (1, 3, 640, 640).
These results show that YOLOVS is accurate and efficient
in processing time. As shown in Figure 6, the confusion
matrix for classifying six groups using test data and YOLOv5
revealed that the model correctly classified most classes.

The horizontal axis represents the ground truth, and the
vertical axis represents the predicted classes. The diagonal
elements, which represent the correctly classified classes, are
the highest among all elements in the matrix, indicating a
high level of accuracy. However, it can also be observed that
classes D10 and D40 have some misclassifications. These
classes are overrepresented in the dataset, which could have
made the model more sensitive to detecting these specific
classes. However, overall, the results demonstrate the effec-
tiveness of YOLOVS.

Additionally, we calculated the F1 score for each class,
as shown in Figure 7. Compared to accuracy, this is a more
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FIGURE 7. F1-Confidence curve.
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FIGURE 8. mAP@0.5 with the YOLOv7 versions implementing
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effective metric. The six groups differ in look and structure,
making the issue more challenging. The system successfully
got a 70% total F1 score. However, the percentage of the
F1 score allocated to each class varies from 50% to 80%.
The D20 class has the lowest F1 score due to weaker recall,
whereas the D40 class has a higher score. A conclusion that
the earlier-presented Confusion Matrix supports.

C. YOLOv7 EXPERIMENTS
The best experiment using the YOLOvV7 model was trained
using the YOLOv7x-W6 model with 300 epochs. A batch size
of 16 concluded after the grid research proving the accuracy
of prediction and classification try the other YOLO models,
YOLOv7-W6, YOLOvV7-E6, YOLOv7-D6, YOLOV7-EGE.
Figure 8 shows the ten performed trains with these models,
changing the batch size and hyperparameters.

Overall, YOLOv7 achieved an mAP of 0.737, indicating
that it performed reasonably well in detecting the different
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TABLE 7. YOLOV7 perf e on p damage d
Class Img | Labels | P R mAP@.5 | mAP@.95
all 584 | 1463 0.788 | 0.714 | 0.737 0.453
D00 584 | 349 0.735 | 0.573 | 0.590 0.259
DI0 584 | 247 0.751 | 0.708 | 0.731 0.348
D20 584 | 57 0.633 | 0.439 | 0.475 0.203
D40 584 | 627 0.814 | 0.769 | 0.802 0.395
Repair | 584 | 182 0.797 | 0.799 | 0.827 0.615

classes of pavement damage. The highest mAP was obtained
for the Repair class, which had an mAP of 0.827. The Block
crack class achieved perfect precision and recall, indicating
that the model could detect this type of damage accurately,
but with the low presence of this class in all the datasets, this
class was excluded.

However, some classes, such as D20, had lower preci-
sion and recall values, suggesting that the model struggled
to detect this damage accurately. Nonetheless, the model
achieved an overall precision of 0.788 and recall of 0.714,
indicating that it could detect pavement damage in general
accurately. The YOLOV7 is speedier, with an inference time
of only 11.4 ms, demonstrating all of this. Speed per 640 x
640 image: 11.4/6.7/18.1 ms inference/NMS/total at batch-
size 1

Table 7 shows the Precision (P), Recall (R), and mean
Average Precision (mAP) scores for different classes of pave-
ment damage.

In the Table, the detection effect of DOO and D20 is lower
than that of other classes. This could be because both D00
(potholes) and D20 (alligator cracks) share some similarities
in their visual appearance, which makes it more difficult for
the model to distinguish between them and other classes.

Some specific strategies could be employed to improve
the detection performance of YOLOvV7 on D00 and D20.
For example, data augmentation techniques could be used to
increase the diversity of the training data, including varia-
tions in lighting, angle, and distance. Additionally, transfer
learning could be applied to pre-train the model on a large
dataset of similar objects, such as road surface images, before
fine-tuning the specific classes.

Furthermore, the model architecture was adjusted in the
YOLOVS with Transformer Head to better handle the com-
plexities and variations of potholes and alligator cracks.
This improvement will be explained in the next subsections.
As shown in Figure 9, the confusion matrix for classifying
six groups using test data and YOLOvV7 shows that the model
accurately categorizes most classes. The horizontal axis rep-
resents the ground truth, and the vertical axis represents the
predicted classes. The diagonal elements, which represent
the correctly classified classes, are the highest among all
elements in the matrix, indicating a high level of accuracy.

Compared to the YOLOvS5 matrix, it can be observed
that there is an increase in the D10 and D40 classes, which
were overrepresented in the dataset. This could be due to
the improved capability of YOLOV7 to detect these specific
classes, even though they are overrepresented, which leads to
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FIGURE 9. Confusion matrix for the YOLOv7 model.
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FIGURE 10. F1-Confidence curve.

improved overall identification. Overall, the results demon-
strate the effectiveness of YOLOV7.

The performance of the YOLOvV7 algorithm is further ana-
lyzed by calculating the F1 score for each class, as shown in
Figure 10. The system achieved a total F1 score of 59%. The
individual classes have F1 scores ranging from 50% to 80%.
The D10, D40, and Repair classes have higher scores than the
others. Interestingly, the D00 class has a lower F1 score in
YOLOvV7 than in YOLOVS, as highlighted by the Confusion
Matrix previously presented.

D. YOLOv5 + TRANSFORMER PREDICTION HEAD
EXPERIMENTS

In our YOLOVS + Transformer Prediction Head experiments,
the transformer architecture has been used as the predic-
tion head of the YOLOVS model, replacing the conventional
CNN-based prediction head. The transformer head takes in
the features extracted by the YOLOVS5 backbone network and
generates predictions for object locations and class probabili-
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FIGURE 11. YOLOV5 + transformer prediction head model.

TABLE 8. YOLOv5 with Transformer Prediction Head performance on

P 5

Class Img | Labels P R mAP@.5 | mAP@.95
all 584 1462 0.71 | 0.672 0.657 0.35
D00 584 349 0.694 | 0.576 0.551 0.244
DI0 584 247 0.734 | 0.737 0.735 0.34
D20 584 57 0.53 | 0.439 0.375 0.177
D40 584 627 0.775 | 0.793 0.791 0.396
Repair | 584 182 0.818 | 0.816 0.832 0.594

ties. Figure 11 shows the YOLOVS + Transformer Prediction
Head model.

The transformer head consists of multiple layers similar to
those used in NLP tasks. Each transformer layer contains a
self-attention mechanism, which allows the model to attend
to different parts of the input features to make predictions.
The transformer head also includes fully connected layers and
sigmoid activation functions to produce the final output.

The Experiments have shown that the YOLOvVS + Trans-
former model can achieve higher accuracy than the standard
YOLOVS5 model while reducing the computational cost of
object detection. In the training process, the model takes
212 epochs completed in 6.121 hours, 10 hours less when
compared with YOLOv7x-W6. Table 8 shows the perfor-
mance metrics for object detection using a YOLOvS5 model
with a transformer head prediction.

The use of transformer architecture allows the model to
capture more complex spatial relationships between objects,
resulting in better localization and classification perfor-
mance. Additionally, the transformer-based prediction head
can be trained more efficiently, requiring fewer iterations to
converge to a good solution. Figures 12 and 13 shows the
perfomance of the model.

The YOLOVS + Transformer model achieved a mAP@.5
of 0.657 on all objects, with a precision of 0.71 and a recall
of 0.672. The model also achieved high mAP values for
individual classes. Overall, this experiment demonstrates the
high performance of the YOLOVS5 + transformer model with
the dataset.

E. VISUAL ANALYSIS

As shown in Figure 14, YOLOVS could accurately recog-
nize and identify road damage structures from UAV images.
The predicted model outcome closely reflects the initial test
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photographs, indicating high accuracy and performance. Sim-
ilarly, YOLOV7’s ability to identify road damage structures
can be observed in Figures 15, 16 and 17. The model correctly
detects the damages, even in cases where the images contain
minor flaws or unclear classes.

Visual analysis shows that both YOLOvS5 and YOLOV7 can
accurately identify and locate road damage structures in UAV
images. Specifically, when comparing Figures 14 and 15,
it can be seen that YOLOVS has a slightly more accurate
and precise bounding box placement around the damage,
whereas YOLOV7 tends to have slightly larger bounding
boxes that encompass more of the surrounding area. It can
also be observed that YOLOV7 tends to split the damage class
into smaller sub-regions, which can be seen in the increased
number of bounding boxes around the same area of damage
compared to YOLOVS. This is particularly noticeable for the
D40 category, which is overrepresented in the data.

In Figure 16, the bounding box around the recheck at
the center of the image may be inadequate, possibly due to
occlusion or a high box loss value. This highlights the need
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FIGURE 14. Validation YOLOV5.
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FIGURE 15. Validation YOLOv7.

TABLE 9. Performance comparison for YOLOv4, YOLOV5 and YOLOv7.

Imgs | P R @5 | .5:95 | Time
YOLOv4 584 0.50 [ 032 [ 026 | - 3s
YOLOv5x 584 0.78 | 0.56 | 0.59 | 0.895 | 17.2ms
YOLOv5 + TPH | 584 0.71 | 0.67 | 0.65 | 0.35 6.1ms
YOLOv7 584 0.65 [ 0.78 ] 0.73 | 0.289 | 11.4ms

for further improvement in the model’s ability to correctly
identify and draw bounding boxes around such instances of
damage.

F. COMPARISON

Table 9 compares the performance of the YOLOv4, YOLOVS5,
and YOLOV7 architectures for road damage identification.
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FIGURE 17. Validation YOLOV7X-W6.

The results show that YOLOv4 performed poorly in pre-
cision and detection speed, while YOLOv5 and YOLOv7
performed significantly better. Specifically, YOLOvV7 stood
out for its high accuracy and fast detection time. The table
also includes information on the number of images used for
testing, precision, recall, mean average precision (mAP), and
inference time for each model.

V. CONCLUSION AND FUTURE WORKS
In conclusion, this study compares the YOLOv4 from past
work, the YOLOvS5 and YOLOV7 architectures, and includes

62929



Automated Road Damage Detection Using UAV Images and Deep Learning Techniques 97

IEEE Access

L. A. Silva et al.: Automated Road Damage Detection Using UAV Images and Deep Learning Techniques

an implementation of the YOLOvVS with Transformer for
road damage identification using UAV images. The research
successfully achieved its goal of creating an architecture
capable of detecting road damage and demonstrated that new
architecture versions, such as YOLOv5 and YOLOV7, can
improve upon previous work.

A significant contribution of this study was the develop-
ment of a UAV image database tailored explicitly for training
the YOLO versions, which was further enhanced by merging
with the RDD2022 dataset. This improved detection of road
damage samples, particularly for Spanish and Chinese roads,
and helped reduce class imbalance for specific forms of road
damage, such as potholes and alligator cracks. The findings
of this study provide a valuable contribution to the field
and pave the way for future research in this area. As pre-
sented in the results section, our implementation achieved a
mAPS5 of 26.8% with YOLOv4, 59.9% with YOLOVS, and
73.20% with YOLOV7, finally the implemented Transformer
achieved 65.7%. There is still scope for improvement in our
work.

Future research can explore the different types of images,
such as multispectral images and LIDAR sensors, to further
enhance the performance. The fusion of such information is
potentially possible to yield better results using embedded
computer. Moreover, another approach to this work is the use
of fixed-wing UAV.
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3.4.1. Resumen en Espafiol

Esta subseccién muestra un resumen en castellano de los aspectos més relevantes
del articulo cientifico titulado “Automated Road Damage Detection Using UAV Images
and Deep Learning Techniques” que en castellano se podria traducir a «Comparacién
de algoritmos para la deteccién automética de dafios en carreteras mediante imége-
nes de vehiculos aéreos no tripulados».

Objetivos de la investigacién

Este articulo introduce un vanguardista método automatizado para detectar da-
fos en carreteras, empleando imédgenes capturadas por vehiculos aéreos no tripu-
lados (UAV) combinado con avanzadas técnicas de aprendizaje profundo. La pre-
servacion de la infraestructura vial es esencial para asegurar un transporte seguro
y sostenible. No obstante, el registro manual de dafios en carreteras es tedioso y
potencialmente peligroso.

De ahi que propongamos una innovadora alternativa que integra UAVs y tecno-
logias de Machine Learning para optimizar la eficiencia y precision en la identificacion
de deterioros viales. Aunque tradicionalmente este proceso se ha hecho manualmen-
te mediante vehiculos con sensores, esto puede ser lento, costoso y peligroso. Frente
a ello, la tecnologia de UAV, que emergen como soluciones automatizadas.

En apoyo a esto, el este trabajo propone el uso de un dataset proveniente del
Crowdsensing-based Road Damage Detection Challenge (CRDDC), un reto parad
deteccion de dafios en carreteras basado en ayuda de participantes de todo el mun-
do, se organiz6 dentro de la IEEE BigData Cup 2022. Este concurso global ofreci6
un dataset con 47,420 imagenes viales de seis paises, etiquetadas con 55,000 casos de
dafios, como grietas y baches. Muchas organizaciones trabajaron con el conjunto de
datos RDD2022, utilizando algoritmos como los de la serie YOLO y Faster RCNN.

El principal objetivo de este proyecto es mejorar el sistema auténomo de detec-
cién del estado de las carreteras mediante imdgenes captadas por drones. El sistema
propuesto notificard a la empresa de mantenimiento sobre los dafios detectados en
la carretera, incluyendo la capacidad de enviar mensajes con las coordenadas geo-
gréficas de los dafios encontrados.

Como objetivos especificos se plantean:
» Incorporacién de Transformer Prediction Heads (TPH) en el modelo YOLOVS5,

lo que da como resultado una mejor localizacién de objetos en escenas de alta
densidad (imagenes aereas)

» Ofrecer técnicas efectivas y descartar métodos ineficientes para la deteccion de
objetos en imagenes captadas por drones

» Introducir clases nuevas de dafios al pavimento. Estos incluyen grietas longi-
tudinales, grietas de cocodrilo, baches, golpes y reparaciones

= Eliminar la necesidad de operacién manual por parte del piloto y utilizando
PIX4D para automatizar la planificacion de rutas.
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Metodologia

El disefio inicial de este proyecto se basa en un dron comercial equipado con una
camara de alta resolucién, y potencialmente, una cdmara multiespectral, la cual, co-
mo sugiere su nombre, captura varios espectros de luz. Sin embargo, en este estudio
solo se utilizaron imégenes de cdmaras de alta resolucién.

Iniciamos con una bisqueda bibliogréfica intentando encontrar conjuntos de da-
tos sobre baches y grietas en el asfalto, sin resultados positivos. Por ello, creamos
un conjunto personalizado de 600 imagenes de 3840x2160 pixeles cada una. Estas se
obtuvieron desde un dron DJI Air 25, a una altura de 50 metros sobre carreteras en
Espania, clasificando los dafios en dos categorias: baches (D40) y grietas (D00).

Posteriormente, tras etiquetar las imdgenes se ha selecionado 568 de ellas, en
la etapa de preprocesamiento, ajustamos su orientacién y las redimensionamos a
640x640 pixeles. Se generaron multiples versiones de cada imagen aplicando técni-
cas de aumento. El zoom de estas imagenes vari6 entre 0 % y 15 %, totalizando 1362
imagenes en la coleccion. Del total, el 70 % se destiné a entrenamiento, 20 % a vali-
dacién y 10 % a pruebas.

Adicionalmente, incorporamos el conjunto de datos del CRDDC2022, con 47.420
imagenes sobre dafios en carreteras de diversos paises. Estas imadgenes sirvieron pa-
ra entrenar y evaluar modelos capaces de identificar cuatro tipos de dafios en el
asfalto. Decidimos incluir datos del conjunto China_Drone para enriquecer la hete-
rogeneidad del dataset. Este conjunto de datos, alineado con RDD2020, se enfoca en
técnicas econémicas de detecciéon automética de dafios viales. El conjunto de datos
consolidado contiene 2893 imagenes capturadas por UAVs de ambos paises. El pro-
cesamiento de datos se llev6 a cabo en Roboflow, combinando ambos conjuntos y
adaptandolos para YOLOv4, YOLOv5 y YOLOV?.

El entrenamiento del modelo se efectu6 en una computadora Intel(R) Core(TM)
19-10940X @ 3.30GHz con 128GB de RAM y una GPU RTX3090 de 24GB. Para enri-
quecer el conjunto de entrenamiento, aplicamos transformaciones como: volteado,
recorte, rotacion y ajustes aleatorios de brillo, contraste y color. Mediante estas técni-
cas, YOLOvV?7 y YOLOV5 pueden ampliar y diversificar el conjunto de entrenamiento,
evitando el sobreajuste y potenciando la generalizaciéon del modelo.

Resultados

Para discernir entre los modelos més 6ptimos en todos los experimentos, es im-
prescindible una métrica robusta. En este &mbito, se utilizan dos métricas de evalua-
cién estdndar. La primera es la Precision Media (mAP) calculada con un limite de
IoU (Interseccién sobre Unién) de 0.5 (mAP@0.5). La segunda es la puntuacién F1
score.

CUADRO 3.1: Comparacién de rendimiento para YOLOv4, YOLOv5

y YOLOv?.
Imgs | P R @.5 | .5:.95 | Time
YOLOv4 584 | 050|032 |026 | - 3s
YOLOv5x 584 | 0.78 | 0.56 | 0.59 | 0.895 | 17.2ms

YOLOv5 + TPH | 584 0.71 | 0.67 | 0.65 | 0.35 | 6.1ms
YOLOv?7 584 0.65 | 0.78 | 0.73 | 0.289 | 11.4ms
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En los experimentos se ha conseguido resultados prometedores: 59,9 % mAP@.5
para YOLOV5, 65,70 % mAP@.5 con un modelo YOLOvV5 mejorado con el Transfor-
mer Prediction Head y 73,20 % mAP@.5 con YOLOV?7.

Estos indicadores subrayan el potente potencial de los UAVs y el aprendizaje pro-
fundo en la identificacién automadtica de dafios carreteros, sentando las bases para
futuras exploraciones en esta drea. Las nuevas clases resultaron en una comprensién
mas completa de los dafios al pavimento al incluir clases adicionales, lo que permite
una monitorizacién més precisa y eficiente de la infraestructura vial.

Conclusions

En conclusién, el presente estudio contrasta las arquitecturas YOLOv4, YOLOvS
y YOLOvV7, incorporando ademds una variante del YOLOvV5 con Transformer para
detectar dafios en carreteras a través de imagenes obtenidas por UAVs. Esta investi-
gacioén destaca no solo por desarrollar una arquitectura robusta para la deteccion de
dafios, sino también por evidenciar cémo las versiones més recientes, como YOLOvV5
y YOLOV?7, superan a sus predecesoras.

Un logro destacable es la creaciéon de una base de datos especifica de imége-
nes UAV para entrenar las versiones YOLO, enriquecida con la adicién del conjunto
RDD2022. Esta integracién potenci6 la detecciéon de dafios en carreteras, con un enfo-
que particular en vias espafiolas y chinas, y contribuy6 a equilibrar las clases de da-
nos especificos como baches y grietas de cocodrilo. Segtin nuestra secciéon de resulta-
dos, logramos un mAP@0.5 de 26.8 % con YOLOV4, 59.9 % con YOLOVS5, 73.20 % con
YOLOV7, y con la implementacién de Transformer, alcanzamos un 65.7 %, indicando
oportunidades de optimizacién.

Las futuras lineas de investigacién podrian considerar la integracién de imége-
nes multiespectrales y el uso de sensores LIDAR para enriquecer el desempefio del
modelo. La combinacién de estas fuentes de informacién podria arrojar resultados
mas precisos con el apoyo de computadoras avanzadas. Adicionalmente, se sugiere
explorar el uso de drones de ala fija para abordar esta temdtica desde otra perspecti-
va.
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Capitulo 4

Conclusions

This last chapter of the doctoral thesis summarises the conclusions drawn from
the research carried out over the last few years and presented in the previous chap-
ters. The chapter reviews the results and contributions of the research and describes
the future lines of research for the coming years concerning the topic of the thesis.

4.1. Contributions

This section describes the main contributions made in this work and the most
noteworthy results of the research carried out in this investigation.

Originally, a comprehensive state-of-the-art review of monitoring applications
and protocols using aerial imagery, artificial intelligence, and deep learning was
conducted. This analysis has facilitated a deeper understanding of the merits and
challenges inherent in intelligent infrastructure monitoring and clarified the rela-
tionship between UAVs and deep learning methodologies. During the study;, a set of
images was created and subsequently made available to the scientific community.

During this research, an in-depth study of the existing protocols was carried out
to determine which of them were the most favorable to be employed to satisfy the
requirements of the case studies in the research articles. Additionally, multiple al-
gorithms were evaluated to identify the most effective techniques for each problem.
These identified algorithms have been tested with different datasets to evaluate their
performance in aerial image identification. In particular, the different versions of the
YOLOv5 and YOLOV? algorithms were examined, and the focus was on recommen-
dation algorithms and control systems to determine the best candidate for each case
study.

In the development of the three case studies considered in this work, different
image processing techniques have been employed for the improvement and effec-
tive implementation of the algorithms, with a notable focus on data augmentation
and enriching the dataset. It can also be highlighted, in one of our publications, that
a collective detection dataset has been used, validating the effectiveness of the plat-
form.

Based on the comprehensive reviews carried out in this research, a system was
developed that achieved the following milestones: (I) A comprehensive review of
the current state of the art of artificial intelligence and deep learning technologies
relevant to aerial image analysis. This review highlighted the main current opportu-
nities and challenges within the field of urban infrastructure monitoring and main-
tenance. (II) The design, development, and validation of deep learning models we-
re demonstrated to be effective in detecting damage to urban infrastructure using
aerial imagery. (IIT) Exploration and establishment of intelligent architectures were
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carried out. These architectures, adapted for infrastructure damage detection, reflec-
ted adaptability in responding to identified changes or anomalies. (IV) An advanced
network for aerial image processing was established. Together with Edge Compu-
ting, this network demonstrated the ability to quickly identify and classify potential
infrastructure damage. (V) A deep learning model was trained and evaluated. The
model became an essential resource for decision-making in automated infrastructu-
re monitoring. (VI) The research examined three different case studies covering road
damage datasets from Spain and China, as well as urban imagery from Brazil. This
analysis highlighted the practicality and potential of artificial intelligence and deep
learning techniques in the detection, prevention, and repair of urban infrastructure.

Estos caso de estudio ejemplifican las aplicaciones practicas y el potencial de las
metodologias y técnicas propuestas en esta investigacion. Las explicaciones detalla-
das de estos caso de estudio son expuestas en cada articulo cientifico que conforma
esta tesis doctoral.

These case studies exemplify the practical applications and potential of the metho-
dologies and techniques proposed in this research. Detailed explanations of these
case studies are presented in each scientific article that makes up this doctoral the-
sis.

During the development of this work, three different studies have been carried
out. The first article proposes a distributed platform using drones, which has been
designed to identify different damages in transport routes using a multi-agent sys-
tem with PANGEA and ubiquitous computing. This work has employed the YO-
LOvV4 classifier, achieving 95 % accuracy. The dataset from this study has been ma-
de openly and freely available to the scientific community. The second paper focu-
sed on classifying different urban and rural terrains using object-based classifiers,
GeoDMA, and multiple algorithms, resulting in the identification of vegetation, soil,
asphalt, and buildings. The methodology presented in this second paper achieved
85 % accuracy and a kappa coefficient of 0.76, providing an effective strategy for
extracting vital geospatial data. In the third case, addressing inefficiencies in the
manual collection of road damage data, in more detail, a solution has been propo-
sed using UAVs combined with Al technologies, including the YOLO suite of algo-
rithms. Results from the Chinese and Spanish datasets validated the high degree of
accuracy of the approach for auto-detection of road damage.

To complement my knowledge and disseminate my results, I have attended nu-
merous scientific events.
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4.2. Future work

This section reviews the future lines of research that could be pursued in the
future and constitutes the continuation of the studies developed.

First, all the initial objectives have been successfully achieved. However, it would
be interesting to test the proposed system in different areas with a larger number of
buildings.

In particular, the results of the first and third articles could easily be improved
by increasing the number of image sets in the training model. Additionally, the use
of a computationally more complex algorithm to identify patterns in the data could
increase the performance of the system and thus the user experience. Not only does
the result depend on the number of images alone, but also on the structural charac-
teristics of the country of origin.

The second study could be extended to other cities, focusing on the detection of
a different object, depending on the circumstances.

Furthermore, as this study is based on real data from two countries, it would be
very interesting to collaborate with a local public authority. To improve our work,
the possibility of testing other types of cameras, including multispectral cameras and
LiDAR-based cameras, has been raised.

The results of artificial intelligence models could also be validated on datasets
from underdeveloped countries, where the platform could have a crucial influence
on the country’s development. This technology could be applied not only to infras-
tructure control and maintenance but also to public health policies such as reservoir
control or environmental measures for agricultural control and deforestation.

As discussed throughout the thesis, the social and real-life focus of the research
application, together with the internationalization of the research, shows the poten-
tial of the contributions made.
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Apéndice A

Factor de impacto de las revistas

Al

A2

Sensors

Nombre de la revista: Sensors

Url: https:/ /www.mdpi.com/journal/sensors
Editorial: MDPI

ISSN: 1424-8220

Categorias: ENGINEERING, ELECTRICAL & ELECTRONIC,INSTRUMENTS
& INSTRUMENTATION, CHEMISTRY, ANALYTICAL

Factor de impacto 2020: 3,576
Quartil 2020:

¢ ELECTRONIC,INSTRUMENTS & INSTRUMENTATION: Q1
e ENGINEERING, ELECTRICAL: Q2
e CHEMISTRY, ANALYTICAL: Q2

Ranking 2020:

¢ ELECTRONIC,INSTRUMENTS & INSTRUMENTATION: 14/64
e ENGINEERING, ELECTRICAL: 82/273
e CHEMISTRY, ANALYTICAL: 26/87

Sensors

Nombre de la revista: Sensors

Url: https:/ /www.mdpi.com /journal /sensors
Editorial: MDPI

ISSN: 1424-8220

Categorias: ENGINEERING, ELECTRICAL & ELECTRONIC,INSTRUMENTS
& INSTRUMENTATION, CHEMISTRY, ANALYTICAL

Factor de impacto 2022: 3,9

Quartil 2022:
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e ENGINEERING, ELECTRICAL: Q2
¢ ELECTRONIC,INSTRUMENTS & INSTRUMENTATION: Q2
e CHEMISTRY, ANALYTICAL: Q2

= Ranking 2022:

e ENGINEERING, ELECTRICAL: 100/275
e ELECTRONIC,INSTRUMENTS & INSTRUMENTATION: 19/63
e CHEMISTRY, ANALYTICAL: 27/86

A.3. IEEE Access

= Nombre de la revista: IEEE Access
» Url: https:/ /ieeeaccess.ieee.org/

= Editorial: IEEE

= ISSN: 2169-3536

= Categorias: COMPUTER SCIENCE, INFORMATION SYSTEMS & ENGINEE-
RING, ELECTRICAL & ELECTRONIC & TELECOMMUNICATIONS

= Factor de impacto 2022: 3,9
= Quartil 2022:

e COMPUTER SCIENCE, INFORMATION SYSTEMS: Q2
¢ ENGINEERING, ELECTRICAL & ELECTRONIC: Q2
¢ TELECOMMUNICATIONS: Q2

= Ranking 2022:

e COMPUTER SCIENCE, INFORMATION SYSTEMS: 79/250
e ENGINEERING, ELECTRICAL & ELECTRONIC: 109/349
e TELECOMMUNICATIONS: 42/116
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Apéndice B

Conclusiones

Este ltimo capitulo de la tesis doctoral resume las conclusiones extraidas de la
investigaciéon desarrollada durante los tltimos afios y presentada en los capitulos
anteriores. El capitulo repasa los resultados y aportaciones de la investigacion y des-
cribe las futuras lineas de investigacién para los préximos afios en relacién con el
tema de la tesis.

B.1. Contribuciones

Esta seccién describe las principales contribuciones realizadas en este trabajo y
los resultados més destacables de la investigacion llevada a cabo en esta investiga-
cion.

Originalmente, se llevé a cabo una revision exhaustiva del estado del arte sobre
aplicaciones y protocolos de monitorizacién empleando imagenes aéreas, inteligen-
cia artificial y aprendizaje profundo. Este anélisis ha facilitado una comprensién mas
profunda de los méritos y desafios inherentes a la monitorizacién inteligente de in-
fraestructuras y ha aclarado la relacién entre los vehiculos aéreos no tripulados y
las metodologias de aprendizaje profundo. Durante el estudio llevado a cabo, se ha
creado un conjunto de datos especifico que posteriormente se ha distribuido de una
forma abierta a disposicién de la comunidad cientifica.

Durante esta investigacion se ha realizado un estudio profundo acerca de los
protocolos existentes para determinar cuales de ellos eran los mds favorables para
ser empleados y poder satisfacer los requerimientos de los casos de estudio de los
articulos de investigaciéon. Adicionalmente, se evaluaron multiples algoritmos con
el objetivo de identificar las técnicas mas efectivas para cada problemadtica. Estos
algoritmos ya identificados han sido testados con diferentes conjuntos de datos con
objeto de poder evaluar su comportamiento en la identificaciéon de imédgenes aéreas.
Especialmente, se examinaron las distintas versiones de los algoritmos YOLOV5 y
YOLOV7, y se hizo foco en los algoritmos de recomendacién y sistemas de control
con objeto de poder determinar el mejor candidato para cada caso de estudio.

En el desarrollo de los tres casos de estudio contemplados en este trabajo, se
han empleado diferentes técnicas de procesamiento de imdgenes para la mejora y
la aplicacion efectiva de los algoritmos, con un enfoque notable en la ampliacion de
datos (data augmentation) y con objeto de enriquecer el conjunto de datos. Se puede
destacar también, en una de nuestras publicaciones, que se ha utilizado un conjunto
de datos de deteccién colectiva, validando la eficacia de la plataforma.

Basandonos en las revisiones exhaustivas llevadas a cabo en esta investigacion,
se desarroll un sistema que alcanz¢ los siguientes hitos: (I) Un examen exhaustivo
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del estado actual de las tecnologias de inteligencia artificial y aprendizaje profun-
do pertinentes al andlisis de imagenes aéreas. Esta revision destaco las principales
oportunidades y desafios actuales dentro del &mbito de la monitorizacién y mante-
nimiento de infraestructuras urbanas. (II) El disefio, desarrollo y validacién de mo-
delos de aprendizaje profundo demostraron su eficacia en la detecciéon de dafios en
infraestructuras urbanas mediante imédgenes aéreas. (III) Se llev6 a cabo la explora-
cién y establecimiento de arquitecturas inteligentes. Estas arquitecturas, adaptadas
para la deteccién de dafios en infraestructuras, reflejaron adaptabilidad al respon-
der a cambios o anomalias identificados. (IV) Se estableci6 una red avanzada para el
procesamiento de imédgenes aéreas. Junto con Edge Computing, esta red demostré ha-
bilidad para identificar y clasificar rdpidamente posibles dafios en infraestructuras.
(V) Se entrené y evalué un modelo de aprendizaje profundo. El modelo se convirti6
en un recurso esencial para la toma de decisiones en la monitorizacién automatiza-
da de infraestructuras. (VI) La investigacion llevé a cabo el examen de tres casos de
estudio distintos que abarcan conjuntos de datos de dafios en carreteras de Espafia
y China, asi como imagenes urbanas de Brasil. Este andlisis subray6 la practicidad
y potencialidad de las técnicas de inteligencia artificial y aprendizaje profundo en la
deteccién, prevencion y reparacion de infraestructuras urbanas.

Estos casos de estudio ejemplifican las aplicaciones practicas y el potencial de las
metodologias y técnicas propuestas en esta investigacion. Las explicaciones detalla-
das de estos caso de estudio son expuestas en cada articulo cientifico que conforma
esta tesis doctoral.

Durante el desarrollo de este trabajo, se han llevado a cabo tres estudios diferen-
tes. El primer articulo, propone una plataforma distribuida utilizando drones que
ha sido disefiada para identificar diferentes desperfectos en rutas de transporte uti-
lizando un sistema multiagente con PANGEA y computacion ubicua. Este trabajo ha
empleado el clasificador YOLOvV4, consiguiendo un 95 % de precisién. El conjunto
de datos de este estudio ha sido puesto a disposiciéon de la comunidad cientifica de
una forma abierta y gratuita. El segundo trabajo, se centrd en clasificar diferentes
terrenos urbanos y rurales utilizando clasificadores basados en objetos, GeoDMA y
multiples algoritmos y cuyo resultado permiti6 identificar vegetacion, suelo, asfalto
y edificios. La metodologia presentada en este segundo articulo logré un 85 % de
precision y un coeficiente kappa del 76 %, ofreciendo una estrategia efectiva para
extraer datos geoespaciales vitales. El tercer caso, aborda las ineficiencias en la re-
copilacién manual de datos de dafios en carreteras, mds en detalle, se ha propuesto
una solucién utilizando UAVs combinados con tecnologias de IA, incluyendo la se-
rie de algoritmos YOLO. Los resultados de los conjuntos de datos de China y Espafia
permitieron validar el alto grado de precision del enfoque para la auto-deteccion de
dafos en carreteras.

Finalmente y con objeto de cumplimentar mis conocimientos y divulgar mis re-
sultados he asistido a numerosos eventos cientificos.
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B.2. Trabajos futuros

Esta seccién repasa las lineas futuras de investigacion que podria seguir en un
futuro y que constituye la continuacién de los estudios desarrollados.

En primer lugar, se han culminado de forma exitosa todos los objetivos plan-
teados inicialmente. Sin embargo, seria realmente interesante probar el sistema pro-
puesto en diferentes dreas con un mayor nimero de edificios.

En concreto, los resultados del primer y tercer articulo podrian mejorarse facil-
mente aumentando el nimero de conjuntos de imédgenes en el modelo de entrena-
miento. De forma adicional, el uso de un algoritmo computacionalmente mds com-
plejo para identificar los patrones en los datos podria aumentar los resultados del
sistema y, por lo tanto, la experiencia de los usuarios. El resultado esperado no de-
pende tnicamente del nimero de imagenes, sino también de las caracteristicas es-
tructurales del pais de origen.

El segundo estudio podria ampliarse extendiéndolo a otras ciudades centrando-
se en la deteccién de un objeto diferente, segtin la circunstancia.

Ademéds, dado que este estudio se basa en datos reales de varios paises, seria muy
interesante colaborar con una autoridad local ptblica. Para mejorar nuestro trabajo,
se ha planteado la posibilidad de probar otro tipo de cdmaras, incluyendo cdmaras
multiespectrales y cdmaras basadas en LiDAR.

También se podria validar los resultados de los modelos de inteligencia artificial
en conjuntos de datos de paises subdesarrollados, donde la plataforma podria tener
una influencia crucial en el desarrollo del pais. Esta tecnologia podria aplicarse no
s6lo al control y mantenimiento de infraestructuras, sino también a politicas de salud
publica como el control de embalses 0 medidas medioambientales para el control
agricola y la deforestacion.

Como se ha expuesto a lo largo de la tesis, el enfoque social y real de la aplica-
ciéon de la investigacion, junto con la internacionalizacién de la misma, muestra el
potencial de las contribuciones realizadas.
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