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RESUMEN 
 

El objetivo de este trabajo es la localización de anomalías en vallas fronterizas.  

 

Una frontera representa el límite a la actuación soberana de un país; se utiliza como punto 

para el registro y el control de mercancías y personas en tránsito internacional. Así, una 

frontera es una línea diferencial que separa, por lo general, dos situaciones sujetas a 

posibles tratamientos diferenciados, bien sean estos políticos, militares o socio – 

económicos. Por lo tanto, la vigilancia y control de las mismas no pueden ser objeto de 

improvisación, sino que, por el contrario, la vigilancia y control deben ser permanentes. 

 

En este sentido, los gobiernos han empleado hasta ahora técnicas tradicionales de 

vigilancia y prevención, incluyendo despliegues policiales y militares en las fronteras y 

vallas con las que evitar el paso al país. Sin embargo, estas estrategias se han demostrado 

no sólo poco efectivas, sino también con un alto coste económico. Debido a esto, uno de 

los mayores retos es la capacidad de realizar esta inspección de la forma más rápida y 

eficaz, utilizando, en este caso, aeronaves no tripuladas o drones.  

 

Los drones equipados con cámaras prometen ser una herramienta de gran utilidad a la 

hora de vigilar los tramos desiertos, en los que no hay puestos de control, o en aquellas 

zonas de difícil acceso por tierra. También permitirán patrullar los mares con un coste 

significativamente menor que otros medios y con menores tiempos de reacción. 

 

En este trabajo se aplica esta técnica. De esta forma, tras el vuelo de los drones, un 

software especializado detecta los cambios y anomalías más pequeños que se hayan 

producido en las imágenes recogidas durante el vuelo. En la Figura I se puede observar 

un fotograma que forma parte de un vídeo de vigilancia grabado por un dron en una valla 

fronteriza y que ha sido utilizado para la realización de este trabajo. 

 

 
 

Figura I. Fotograma de video de valla fronteriza grabada por un dron 
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La detección de anomalías (Detección de valores atípicos) es la identificación de 

elementos inesperados, observaciones o eventos que generan sospechas al diferenciarse 

de forma significativa de la mayoría de los datos. Normalmente, los datos anómalos se 

pueden relacionar con a algún tipo de problema o evento extraño como, por ejemplo y en 

este caso, defectos estructurales. También pueden representar un fraude bancario, 

problemas médicos, anomalías en la inspección de mercancía, un equipo defectuoso, etc. 

Esta conexión hace que sea muy interesante poder elegir qué datos pueden considerarse 

anomalías, ya que identificar estos eventos suele ser muy interesante desde una 

perspectiva empresarial. 

 

En este caso concreto, la detección de anomalías se realiza mediante visión artificial, una 

de las ramas de la inteligencia artificial que ha experimentado mayor crecimiento en los 

últimos años. La visión por computador o visión artificial es el conjunto de herramientas 

y métodos que permiten obtener, procesar y analizar imágenes del mundo real con la 

finalidad de poder ser tratadas por un ordenador, tal y como los humanos usamos nuestros 

ojos y cerebro para comprender el mundo que nos rodea. Esta comprensión se consigue 

gracias a distintos campos como la geometría, la estadística, la física y otras disciplinas. 

 

La visión artificial permite automatizar una amplia gama de tareas, al aportar a las 

máquinas información que necesitan para la toma de decisiones en cada una de las tareas 

a las que han sido asignadas. Estas técnicas tienen aplicaciones en muchos ámbitos, como 

la seguridad, la medicina, la navegación automática, y como en este caso, la inspección 

automática. 

 

En la Figura II se pueden observar dos fotogramas de ejemplo, obtenidos durante la 

inspección de una valla fronteriza. En la imagen superior se muestra la valla sin presentar 

anomalías y en la imagen superior la valla con anomalías. 
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Figura II. Fotograma de la valla sin y con anomalías 

 

Los fotogramas correspondientes a estos videos serán los utilizados para la programación 

de un algoritmo de detección de anomalías, su entrenamiento y su verificación. 

 

El aprendizaje automático o machine learning es un campo de la computación que 

desarrolla algoritmos que hacen que las máquinas puedan aprender por su cuenta y 

responder a determinas preguntas con bastante certeza. Una de las ventajas que se obtiene 

del aprendizaje automático es que se consigue llevar a cabo la distinción de forma 

automática de los patrones haciendo uso de algoritmos matemáticos. Este tipo de técnicas 

se usan para la clasificación de las imágenes o de la toma de decisiones y, a grandes 

rasgos, se pueden dividir en dos tipos principales: 

 

▪ Aprendizaje supervisado: Se trata de un tipo de aprendizaje que permite al 

ordenador aprender mediante patrones que le han sido proporcionados de forma 

previa. Se entrena al algoritmo otorgándole las preguntas, denominadas 

características y las respuestas, denominadas etiquetas. Esto se hace con la 

finalidad de que el algoritmo las combine y pueda hacer predicciones 

 

▪ Aprendizaje no supervisado: A diferencia del aprendizaje supervisado, en el no 

supervisado solo se le otorgan características, sin proporcionarle al algoritmo 

ninguna etiqueta. Su función es la de agrupación, por lo que el algoritmo debería 

catalogar por similitud y poder crear grupos, sin tener la capacidad de definir 

cómo es cada individualidad de cada uno de los integrantes del grupo. Este tipo 

de aprendizaje implica un mayor esfuerzo, pero permite al ordenador identificar 

los patrones por sí mismo en el futuro. 

 

Un problema significativo y más desafiante es el caso de detectar una anomalía 

desconocida o invisible. Para lo cual se debería usar un aprendizaje semi – supervisado, 

es decir se utilizan datos de entrenamiento tanto etiquetados como no etiquetados, 

normalmente una pequeña cantidad de datos etiquetados junto a una gran cantidad de 

datos no etiquetados. Este tipo de algoritmos han sido utilizados en este proyecto. En 

concreto, GANomaly, que se trata de un detector de anomalías semi – supervisado. 

 

Para la extracción de estas muestras ha sido necesario llevar a cabo un trabajo previo que 

consiste en los siguientes pasos: 

 

1. Comprobar los diferentes videos grabados por el dron para determinar de cuál de 

ellos se puede extraer un modelo que permita obtener más tarde las muestras 

necesarias para el entrenamiento del algoritmo de detección 

 

2. Extracción de un modelo en 3D, consistente en una nube de puntos, a partir del 

video grabado por el dron. Este modelo es extraído con la ayuda de la técnica 

Structure from motion 

 

3. Creación de una máscara en 2D a partir del modelo 3D, la cual será completada 

realizando un mapeo de la imagen original. Esta máscara servirá para parcelar y 

obtener muestras normales de 32x32 pixeles. Estas muestras se utilizarán tanto en 

el entrenamiento como el testeo de la red neuronal.  
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4. Utilizar estas muestras para entrenar el algoritmo GANomaly, el cual permitirá la 

detección automática de anomalías en las vallas. 

 

La grabación del video seleccionado para la extracción debe cumplir una serie de 

características, para que la extracción del modelo en 3D sea de la mayor calidad posible. 

Alguno de esos requisitos son que el dron recorra la valla en una dirección y sentido 

constante, donde no haya movimientos bruscos de la cámara, y que lo haga a una 

velocidad constante y relativamente lenta. 

 

Estos pasos se repetirán para diferentes videos, donde la valla se encuentra a diferentes 

distancias para que las muestras que se obtengan cubran las distintas características que 

tiene una valla vista desde distintos puntos del espacio. 

 

Como se ha mencionado anteriormente, para la extracción del modelo 3D se utiliza la 

técnica Structure from motion (SfM). SfM es una técnica fotogramétrica de bajo coste 

computacional en relación con otras técnicas. Tiene sus orígenes en la comunidad de la 

visión por computador. Es un método fácil de utilizar, para la obtención de datos de alta 

resolución en un rango de escalas, capaz de representar un objecto 2D en 3D con sólo 

unas cuantas fotografías desde diferentes puntos de vista. En este caso, las diferentes 

fotografías serán los diferentes fotogramas del video elegido. 

 

Este método se basa en los mismos principios que la fotogrametría estereoscópica clásica, 

es decir, que la estructura en 3D se puede resolver a partir de una superposición de 

imágenes ópticas obtenidas desde diferentes puntos de vista. Sin embargo, el SfM al tener 

sus orígenes en el campo de la visión artificial y en el desarrollo de algoritmos 

automáticos de correlación automática de imágenes, difiere fundamentalmente de la 

fotogrametría convencional, en que la geometría de la escena, las posiciones de cámara y 

la orientación y deformaciones de la misma se resuelven mediante cálculos 

computacionales. La técnica SfM permite obtener un conjunto de coordenadas XYZ, o 

una nube de puntos 3D, con información adicional de los canales RGB. Dicha 

información geométrica y óptica puede ser empleada para la extracción supervisada de 

parámetros. 

 

Para llevar a cabo esta tarea se ha utilizado el software VisualSFM, con el cual no es 

necesario establecer puntos de referencia entre imágenes ni calibrar la cámara con la que 

se han captado las imágenes. Esto permite agilizar el proceso y permite trabajar con 

grandes cantidades de imágenes, como los fotogramas que componen un video, sin mucha 

dificultad. El proceso de funcionamiento de VisualSFM, como muchas herramientas de 

SfM se fundamenta en los siguientes pasos: 

 

1. Aplicación de un método SIFT (Scale – Invariant feature transform) o detección 

de puntos claves (coincidentes) entre múltiples imágenes. 

 

2. Bundle Ajustment o ajuste de contenido: Crea la nube de puntos dispersa a partir 

de puntos clave detectados en el paso anterior. En este paso es posible intuir la 

forma del modelo y la posición de las cámaras. 

 

3. Multi – View Stereo: Es el proceso que genera la nube de puntos densa a partir de 

todos los datos anteriores. De este proceso se encargan las herramientas CMVS y 

PMVS2 de Yasutaka Furukawa 
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En la Figura III se puede observar un ejemplo de la utilización de este software sobre la 

reconstrucción de la valla tras el Bundle Ajustment, donde se muestra la nube de puntos 

dispersa y la posición de la cámara a lo largo de la valla correspondiente a los diferentes 

fotogramas tomados 

 

 

 

 
Figura III. Nube dispersa de puntos correspondientes al modelo 3D de la valla 

En la Figura IV se puede observar esta misma nube tras ejecutar por el tercer proceso del 

programa, generando una nube de puntos densa. 

 
Figura IV. Construcción de la nube densa de puntos 

Como se puede observar en el resultado, la recreación 3D es un poco tosca, ya que se 

forma mucho ruido entorno al objeto inicial, fruto de los fondos de las imágenes, por lo 

que será necesario “limpiar” la imagen para obtener una buena recreación de la misma. 

De forma similar se pueden observar diversos agujeros provocados por la falta de 

información o densidad de puntos comunes que dificulta la reconstrucción exacta de la 

estructura. Esos agujeros tendrán que ser tratados después en la reconstrucción de la 

máscara 2D a partir de la nube 3D 
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Para solucionar el problema del ruido en el modelo, se utiliza el software CloudCompare 

que ofrece diversas herramientas para la eliminación del mismo. 

 

A partir de este modelo en 3D se creará la máscara 2D. Para conseguir este objetivo es 

necesario quedarse solo con aquellos puntos que forman parte de la valla, eliminando 

aquellos que pertenezca al suelo y al fondo. Para ello, se ha desarrollado en Matlab un 

programa que permite la segmentación de la nube de puntos, pudiendo obtener una nueva 

nube de puntos que contenga aquellos puntos objetivo, es decir, que formen parte de la 

estructura de la valla. 

 

Para realizar este programa en Matlab se ha utilizado la librería de funciones de visión 

por computador desarrolladas por Peter Kovesi [1], en concreto aquellas relacionadas con 

el ajuste de modelos y la estimación robusta. La solución propuesta utiliza el algoritmo 

Random sample consensus (RANSAC). 

 

RANSAC es un método iterativo para calcular los parámetros de un modelo matemático 

de un conjunto de datos observados que contiene valores atípicos. Los datos consisten en 

“inliers”, es decir, los datos cuya distribución se explica por un conjunto de parámetros 

del modelo, aunque pueden estar sujetos a ruido, y pueden incluir “valores atípicos”, que 

son datos que no encajan en el modelo. En la Figura V se muestra una representación 

gráfica de una solución (línea) creada a partir del algoritmo RANSAC 

 

 
Figura V. Representación gráfica de la resolución del algoritmo RANSAC sobre un conjunto de puntos 

A partir de este algoritmo, la nube de puntos se dividirá en puntos pertenecientes al suelo 

y puntos pertenecientes a la estructura de la valla. Donde, en el suelo se ajusta el modelo 

de un plano y en la valla se ajusta el modelo de un elipsoide. 

 

En la Figura VI se muestra la obtención de estos modelos sobre la nube de puntos.  
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Figura VI. Representación de los modelos obtenidos mediante RANSAC sobre la nube de puntos 

A partir de la obtención de estos modelos, se recorren todos los puntos pertenecientes a 

la nube y se eliminan aquellos que por proximidad al plano pertenezcan al suelo. A 

continuación, se recorren de nuevo los puntos restantes y se seleccionan aquellos que sean 

lo suficientemente cercanos al elipsoide como para pertenecer al mismo, formando estos 

puntos una nube que compone la estructura de la valla, esta nube está representada en la 

Figura VII. 

 

 
Figura VII. Nube de puntos pertenecientes a la estructura de la valla 

A partir del modelo en 3D con la localización XYZ de los puntos que forman el modelo   

y de la información obtenida a partir de los archivos generados por VisualSFM, de los 

cuales se obtiene la distancia focal de la cámara, se obtendrá el modelo en 2D. 

 

Los archivos de extensión “.nvm” son los generados por VisualSFM, los cuales contienen 

todas las variables de configuración, así como toda la información que describe el modelo 

3D. En ellos se encuentra: 

 

▪ Número de cámaras: Número de fotogramas utilizados para la reconstrucción del 

modelo 

▪ Características de cada cámara, incluyendo la distancia focal, la posición y 

rotación expresada en cuaternos, la distorsión radial, y la posición del centro de la 

cámara en coordenadas cartesianas. 

▪ Número de puntos en 3D que componen el modelo. 

▪ Características de cada punto, incluyendo la posición en coordenadas cartesianas 

y el valor RGB 
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La distancia focal es una característica de cada cámara, se trata de la distancia que existe 

ente el sensor y el centro óptico de la lente. Esta distancia focal varía dependiendo del 

zoom, cuanto mayor sea la distancia focal, mayor zoom se obtendrá y por lo tanto menor 

parte de la escena se captará. En este caso, la distancia a la valla se mantiene constante en 

los videos utilizados para la extracción del modelo y, por lo tanto, la distancia focal de 

los fotogramas en el archivo “.nvm” permanece aproximadamente constante. 

 

El valor de la distancia focal para cada modelo se obtiene a partir del valor de la moda 

estadística de todos los datos de distancia focal del archivo “.nvm”, uno por cada 

fotograma. 

 

Para conseguir las coordenadas de la proyección de los puntos en 3D en 2D, se utilizarán 

las siguientes ecuaciones: 

 

𝑥 = 𝑓
𝑋

𝑍
 

 

𝑦 = 𝑓
𝑋

𝑌
 

 

Donde xy son las coordenadas en 2D, XYZ son las coordenadas en 3D y f es la distancia 

focal en pixeles. 

 

Finalmente, el modelo 2D obtenido es el representado en la Figura VIII: 

 

 
Figura VIII. Modelo 2D obtenido 

El modelo obtenido en 2D como se ha descrito con anterioridad contiene ciertas partes en 

que no hay pixeles definidos, provocado por la falta de información o densidad de puntos 

comunes, que dificulta la reconstrucción exacta de la estructura. Esto se debe al paralaje 

de movimiento, el cual es el cambio de posición de los objetos en relación con su 

profundidad cuando se desplaza el observador. Los objetos que están más cercanos se 

mueven rápidamente, mientras que las imágenes de objetos distantes permanecen 

prácticamente inmóviles. Debido a la naturaleza de la técnica SfM, se pierde información 

de aquellos pixeles que representan el fondo de la imagen. 

 

Para la obtención de aquellos pixeles sin información se realiza un mapeo de estos pixeles 

a los fotogramas originales que componen el video, formando el nuevo modelo en 2D 

mostrado en la Figura IX 

 

 
Figura IX. Modelo 2D obtenido tras mapeo de los fotogramas originales 

El proceso de obtención del modelo 3D y a continuación, de la máscara 2D es lo permite 

extraer del video la localización de la valla. 
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Este modelo en 2D se parcela para obtener muestras normales, es decir, muestras de 

32x32 pixeles pertenecientes a la valla. Estas muestras pertenecientes a varias máscaras 

2D serán necesarias para entrenar la red neural, el algoritmo GANomaly. En la Figura X 

se muestran algunas de esta muestras. 

 

 
Figura X. Muestras normales obtenidas para el entrenamiento del algoritmo 

Adicionalmente, es necesario obtener muestras “anormales” de los fotogramas de 

distintos videos. Algunas de las imágenes de las cuales se extraen las muestras anormales 

son las mostradas en la Figura XI 

 

 
 

Figura XI. Elementos de los fotogramas de los cuales se extraen muestras anormales 

 
El algoritmo GANomaly [2] es la solución para un problema clásico en la visión por 

computador, la determinación de muestras normales o anormales cuando los datos de 

entrenamiento están muy sesgados hacia una clase (normal) debido a que el tamaño de la 

muestra de la otra clase (anormal) es insuficiente. En este caso, el algoritmo solo es 

entrenado con muestras normales. 

 

En la realización de este trabajo se han utilizado: 

 

▪ 25453 muestras normales para entrenamiento 

▪ 7064 muestras normales para testeo 

▪ 964 muestras anormales para testeo 

 

 

Tras el entrenamiento de la red neuronal, se realiza el testeo de la misma. El conjunto de 

datos utilizados para ese proceso es independiente al conjunto de datos utilizado en el 

proceso de entrenamiento. 
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Para medir y evaluar el modelo, se utilizan distintos métodos estadísticos: AUPRC y 

AUROC 

 

▪ AUPRC: Área bajo la curva de recuperación de precisión. Es una herramienta 

muy útil a la hora de medir el rendimiento para datos desequilibrados en un 

entorno en el que es muy importante encontrar ejemplos positivos. En este caso, 

los ejemplos positivos son las anomalías, es decir, las muestras anormales. Será 

el método que nos aporte más información sobre el desempeño del modelo creado. 

En este tipo de métrica la línea de base varía dependiendo del número de datos 

utilizados para el testeo del algoritmo, en este caso la línea de base obtenida es 

0.12. 

 

▪ AUROC: Área bajo la curva de la característica de operación del receptor. Es una 

de las métricas más utilizadas para evaluar las actuaciones de un clasificador, es 

útil para evaluar el rendimiento para datos equilibrados. Este método no es el más 

indicado para este proyecto, debido a que el conjunto de datos aportados esta 

desequilibrado. En este tipo de métrica la línea de base siempre es 0.5 

 

Los resultados obtenidos sobre el rendimiento del algoritmo con ambas métricas son 

buenos, es decir, superan la línea de base para ambos métodos. Siendo AUPRC igual a 

0.296 y AUROC igual a 0.67. 

 

Finalmente, es posible concluir que los objetivos inicialmente propuesto para la creación 

de un pretratamiento de imágenes y obtención de muestras para el entrenamiento y 

verificación del algoritmo de detección de anomalías han sido alcanzados. El modelo 

creado ha sido correctamente validado y además ha demostrado ser una herramienta 

eficaz para llevar a cabo la detección automática de anomalías, consiguiendo un ahorro 

efectivo de tiempo respecto a los sistemas clásicos de vigilancia. 
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SUMMARY 
 

The objective of this project is the location of anomalies in border fences.  

 

So far, governments have used traditional surveillance techniques to avoid entering the 

country. However, these strategies have proven useless and excessively expensive. Due 

to this, one of the biggest challenges is the ability to perform this inspection more quicky 

and efficiently using, in this case, unmanned aerial vehicles (UAV) or drones. 

 

Drones promise to be a very useful tool when it comes to monitoring sections of deserts 

where there are no checkpoints, at an infinitely lower cost that other means and with 

shorter reaction times. In real time or after the drone flight, the results of the video are 

checked and compared with a specialized software that detects the smallest changes and 

anomalies in the images. 

 

The detection of anomalies is the identification of rare elements or events that generate 

suspicions by significantly differentiating themselves from the rest, as in this case, 

structural defects.  

 

In this project, the detection of anomalies is carried out is using computer vision, one of 

the branches of artificial intelligence that allows obtaining, processing, and analysing 

images of the real world in order to be able to be treated by a computer, just like humans 

use their brain and eyes to understand the world around us. This allows automating a wide 

range of task by providing the machines with the information they need to make correct 

decisions in each of the task in which they have been assigned, such as automatic 

inspection. 

 

For the correct operations of the anomaly detection algorithm, its training and 

verification, that is, its learning, is necessary. Machine learning is a field of artificial 

intelligence that makes computers learn to think, that is, it develops algorithms that allow 

machines to learn on their own and answer certain questions with considerable certainty. 

This type of technique can be divided into two main type: supervised learning and 

unsupervised learning. 

 

In a supervised learning model, the algorithm learns on a labelled dataset, providing an 

answer key that the algorithm can use to evaluate its accuracy on training data. An 

unsupervised model, in contrast, provides unlabelled data that the algorithm tires to make 

of by extracting features and patterns on its own. There is also the semi – supervised 

learning that takes a middle ground, it uses a small amount of labelled data bolstering a 

larger set of unlabelled data.  

 

While this project can be addressed as a supervised learning problem, a significantly more 

challenging problem is that of detecting the unknown/unseen anomaly case that takes the 

problem into a semi – supervised learning paradigm, instead into the space of a one class. 
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To extract the database that the algorithm uses in the learning process, a preliminary work 

is necessary. This work consist of: 

 

▪ Checking the different videos recorded by the drone and determining from which 

of them a model, that allows obtaining necessary data to train the algorithm, can 

be extracted. 

 

▪ Extraction of a 3D model, consisting of a point cloud, from the selected video, 

this model will be extracted with the help of the Structure from Motion (SfM) 

technique 

 

▪ Creation of a 2D mask form the 3D model which will be completed by mapping 

the original frames that compose the video. This mask will be used to divide and 

obtain normal samples of 32x32 pixels, these samples will be used both in 

training and testing the neural network. 

 

▪ Finally, this data is used to train the GANanomaly algorithm [2], which will allow 

the automatic detection of anomalies in fences. 

 

Various videos are selected to create different models where the different characteristics 

of the fence are shown (The samples change depending on the distance to the fence). 

These videos have to ensure that the drone travels the fence in a constant direction and 

relatively low speed and there are no sudden movements of the camera or zoom. 

 

Regarding the extraction of the 3D model, the previously mentioned SfM technique is 

used. SfM is an easy-to-use technique capable of representing an object in 3D from a few 

photographs, in this case the different photographs will be the different frames of each 

video. The SfM technique allows to obtain a set of XYZ coordinates or a 3D point cloud, 

with additional information from the RGB channels. 

 

To carry out this task, the VisualSFM software is used which it is not necessary to 

establish reference points between images or calibrate the camera with which the images 

have been captured, this allows to speed up the process and allows working with large 

numbers of images, like the frames that make up a video. 

 

From the 3D model, the 2D mask is created. To achieve this objective, it is necessary to 

keep only those points that are part of the fence, eliminating those that belong to the 

ground and the background. To do this, a program is created in MATLAB that allows the 

segmentation of the point cloud, able to obtain a new point cloud that contains only target 

points, that is, the ones that are part of the fence structure. 

 

To carry out this program in MATLAB, the library of functions for Computer Vision and 

Image Processing developed by Peter Kovesi [1] has been used,  specifically those related 

to model fitting and robust estimation. The proposed solution uses the Random sample 

consensus (RANSAC) algorithm. 

 

After obtaining the new point cloud, the 2D mask is obtained from the equations of the 

Geometric Camera Model, the coordinates of the points in 3D and the focal length of the 

camera. The 2D model obtained contains undefined pixels due to the lack of information 
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or density of common points that makes reconstruction difficult. To obtain the 

information about the empty pixels, these pixels are mapped to the original frames. 

 

The complete 2D mask is split up to obtain normal samples, that is, belonging to the fence, 

of 32x32 pixels. These samples will be used for training and testing of the GANomaly 

algorithm. In addition, abnormal samples are obtained from the frames of the different 

videos that contains elements that are where the fence is but are no fence. These samples 

are only used in the algorithm testing process. 

 

To measure the performance of the algorithm, different metrics have been used: AUPRC 

and AUROC. The obtained results regarding the performance of the algorithms with both 

metrics are good, so it is possible to conclude that the objectives initially proposed for the 

creation of an image pre-processing method that allows the automatic detection of 

anomalies has been achieved. 
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Chapter 1 

 

INTRODUCTION 
 
In this chapter the intended objectives, the background, the thesis overview, the State of 

the Art of this work are presented. 

 

1.1 Thesis overview 
 

Through this chapter the reader can find useful information about the context in which 

this work is placed in, as well as a revision of the state of the art, from the available 

methods in the field of computer vision to the mathematical approach taken in this field. 

The objectives are also presented to the reader with the purpose of declare the guidelines 

of this work.  

 

The theoretical explanation of the different elements of study in this thesis are described 

in Image processing and Anomaly detection chapters. In Methods chapter the methods 

used and implemented both in MATLAB and in other software specialized in Computer 

vision are explained in detail. The most relevant outcomes are presented in Results and 

conclusions in which the measuring performance of the testing process is carried out with 

different metrics and the main reflections of the work are gathered. Finally, in Time 

planning and budget the planning and development of this work in chronological order 

and the estimation of its budget are exposed. 

 

1.2 Background 
 

Surveillance is the close observation of a person, group of people, behaviours, activities, 

infrastructure, building etc. for the purpose of managing, influencing, directing, or 

protecting. There are several different methods of surveillance, including GPS tracking, 

camera observation, data mining, among others. 

 

Until now, governments have used traditional surveillance techniques to avoid entering 

the country. In case of cameras, these methods are typically limited by the stationary 

nature of the camera, which is usually handled manually or fixed upon a tripod or other 

structure. Aerial surveillance can be performed using a helicopter; whilst this achieves 

the desired result, it is also very costly. [3] 

 

Because of that, these strategies have proven useless and excessively expensive and one 

of the biggest challenges is the ability to perform this inspection more quicky and 

efficiently using, in this case, unmanned aerial vehicles (UAV) or drones. 

 

By using a drone to collect visual data on the condition of an asset, drone inspections help 

inspectors avoid having to place themselves in dangerous situations. In many instances, 

a drone inspection will be a visual inspection, a careful review with the naked eye of every 

part of an asset. But, using a drone, visual data is collected, and it can be reviewed in 

detail later by the inspector [4] 
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UAV provide the ideal solution to the problems and limitations faded by other 

surveillance methods. Drone surveillance presents an easier, faster, and cheaper method 

of data collection, and a number of other key advantages. Drones planes can enter narrow 

and confined spaces, produce minimal noise, and can be equipped with night vision 

cameras and thermal sensors, allowing them to provide imagery that the human eye is 

unable to detect. [3] 

 

Drones promise to be a very useful tool when it comes to monitoring sections of deserts 

where there are no checkpoints, at an infinitely lower cost that other means and with 

shorter reaction times. In real time or after the drone flight, the results of the video are 

checked and compared with a specialized software that detects the smallest changes and 

anomalies in the images. 

 

In this work, the use of these drones is proposed to carry out the detection of anomalies 

using computer vision, one of the branches of artificial intelligence that allows obtaining, 

processing, and analysing images of the real world in order to be able to be treated by a 

computer, just like humans use their brain and eyes to understand the world around us. 

 

This allows automating a wide range of task by providing the machines with the 

information they need to make correct decisions in each of the task in which they have 

been assigned, such as automatic inspection. 

 

1.3 Objectives 
 

Tree principal objectives constitute the main outcome of this thesis: creating a solution 

that allows anomaly detection in a wire fence; to develop a pre-processing method of the 

images to remove unnecessary information, which is necessary to help the anomaly 

detection algorithm to learn the characteristics of the images that it has to process; and 

conducting statistical methods to measure the performance of the anomaly detection 

model. 

 

Addressing the first two objectives, to develop an accurate pre-processing method of the 

images be before it is ingested into model training process is needed to get a good 

performance of the anomaly detection model. Hereby, different computer vision 

techniques such us image registration, automated feature detection and matching, video 

stabilization using point feature matching or structure from motion must be studied and 

implemented.  

 

To carry out these objectives and after studying various computer vision techniques, the 

following steps have been performed: checking the different videos recorded by the drone 

and determining from which of them a model, that allows obtaining necessary data to 

train the algorithm, can be extracted; extraction of a 3D model, consisting of a point cloud, 

from the selected video, this model will be extracted with the help of the Structure from 

Motion (SfM) technique; creation of a 2D mask form the 3D model which will be 

completed by mapping the original frames that compose the video. This mask will be 

used to divide and obtain normal samples of 32x32 pixels, these samples will be used 

both in training and testing the neural network. Finally, this data is used to train the 

GANanomaly algorithm [2], which will allow the automatic detection of anomalies in 

fences. 
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Regarding the third objective, the performance measurement will be necessary to check 

if the pre-processing method of the images carried out has been a proper approach. 

 

Among the other main objectives, it is intended to use other methods such as RANSAC 

that helps to remove needless information from the original data, as well as, designing 

own methods for the same purpose. 

 

1.4 State of the Art 
 

1.4.1 Anomaly detection 

 

There is a large volume of studies proposing anomaly detection model within various 

application domains [5-9]. Besides, a considerable amount of work taxonomized the 

approaches within the literature [10-14]. In parallel to the recent advances in this field, 

Generative Adversarial Networks (GAN) have emerged as a leading methodology across 

both unsupervised and semi – supervised problems where the datasets are highly 

imbalanced, Goodfellow et al. [15] first proposed this approach. Several approaches 

followed this work to improve the training and inference stages [16,17]. As reviewed in 

[8], adversarial training has also been adopted by recent work within anomaly detection.  

 

Anomaly detection has long been a question of great interest in a wide range of domains 

including but not limited to biomedical [9], financial [6] and security such as video 

surveillance [8], network systems [19] and fraud detection [7].  

 

The vast majority of the reconstruction-based approaches have been employed to 

investigate anomalies in video sequences. Sabokrou et al. [18] investigate the use of 

Gaussian classifiers on top of autoencoders (global) and nearest neighbour similarity 

(local) feature descriptors to model non-overlapping video patches. A study by Medel and 

Savakis [22] employs convolutional long - short term memory networks for anomaly 

detection. Trained on normal samples only, the model predicts the future frame of 

possible standard example, which distinguishes the abnormality during the inference. In 

another study on the same task, Hasan et al. [23] considers a two-stage approach, using 

local features and fully connected autoencoder first, followed by fully convolutional 

autoencoder for end-to-end feature extraction and classification. Experiments yield 

competitive results on anomaly detection benchmarks. To determine the effects of 

adversarial training in anomaly detection in videos, Dimokranitou [24] uses adversarial 

autoencoders, producing a comparable performance on benchmarks. 

 

The approach used in this work is GANomaly algorithm proposed by Akcay et al. [2] that 

consist in the Semi – Supervised Anomaly Detection via Adversarial Training motivated 

by [9, 20, 21] and based on the work described in this section. 

 

1.4.2 Datasets 

 

The real-world abnormal data is both scarce and possibly hard to define since it appears 

in real words scenarios much less frequently than normal data, datasets are usually highly 

imbalanced. This represents significant obstacle for the collection of challenging datasets 

for evaluation of anomaly detection methods [25] 
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A standard approach is to use one of the standard object classification datasets, where one 

or more categories are arbitrarily designated to be anomalous. Such approach has been 

used in performance analysis of the GANomaly algorithm [2], where CIFAR10 [26] and 

MNIST [27] datasets are used. In this work, they also used another two datasets, where 

the anomalies were dangerous objects in bags and firearms, the number of samples with 

anomalies was very low respect the number of normal samples. 

 

Next possibility to produce an anomaly dataset without huge amount of manual work, is 

construction of the synthetic dataset, such as [28]. Finally, in some cases researchers 

actually went through challenging task of gathering images of anomalies and provided 

fully dataset, as for example [29]. 

 

1.4.3 Model evaluation 

 

Based on Provost et al. [30] True Positive Rate (TPR) (True Positives/ Total Positives) 

and False Positive Rate (FPR) (False Positives/Negatives) should be monitored 

separately.  

 

Through a systematic study Sokolova et al. [31] show that precision should be favoured 

over AUC (Area under the ROC - Receiver Operating Characteristic - curve).  

 

Buda et al. [32] and Daskalaki et al. [33] prove that AUC and AP (Mean of precision 

scores over the various recall levels anomalies) calculation is in strong correlation with 

the number of minority samples 

 
According to Kotsiantis et al. [34] and Chawla [35] models’ performance on imbalanced 

data should be summarized with the ROC curve, where the most optimal operation point 

is chosen considering the trade-off between TPR and FPR 
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Chapter 2 

 

IMAGE PROCESSING 
 
In this chapter a general description of computer vision techniques corresponding to  

image formation and image registration are presented. 

 

2.1 Computer vision 
 

Computer Vision, often abbreviated as CV, is defined as a field of study that seeks to 

develop techniques to help computers “see” and understand the content of digital images 

such as photographs and videos. It is a multidisciplinary field that could broadly be called 

a subfield of artificial intelligence and machine learning, which may involve the use of 

specialized methods and make use of general algorithms.  

 

From the perspective of engineering, it seeks to automate tasks that the human visual 

system can do. The problem of computer vision appears simple, because it is trivially 

solved by people, even very young children. Nevertheless, it largely remains an unsolved 

problem based both on the limited understanding of  biological vision and because of the 

complexity of vision perception in a dynamic and nearly infinitely varying physical 

world. 

 

“Computer vision is concerned with the automatic extraction, analysis and understanding 

of useful information from a singles image or a sequence of images. It involves the 

development of a theorical and algorithmic basis to achieve automatic visual 

understanding” [36].  

 

The goal of computer vision is to understand the content of digital images. Typically, this 

involves developing methods that attempt to reproduce the capability of human vision. 

Understanding the content of digital images may involve extracting a description from 

the image, which may be an object, a text description, a 3D model, and so on. 

 

“Computer vision is the automated extraction of information from images. Information 

can mean anything from 3D models, camera position, object detection and recognition to 

grouping and searching image content” [37] 

 

As a scientific discipline, computer vision is concerned with the theory behind artificial 

systems that extract information from images. The image data can take many forms, such 

as video sequences, views from multiple cameras, or multi-dimensional data from 

medical scanner. 

 

As a technological discipline, computer vision seeks to apply its theories and models for 

the construction of computer vision systems. 
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Sub – domains of computer vision include scene reconstruction, event detection, video 

tracking, object recognition, 3D pose estimation, learning, indexing, motion estimation, 

3D scene modelling and image restoration. 

 

2.1.1 Computer vision challenges 

 

Computer Vision as a field of research is notoriously difficult. One main reason of this 

difficulty is that the human visual system is simply too good for many tasks, so that 

computer vision systems suffer by comparison. A human can recognize faces under all 

kinds of variations in illumination, viewpoint, expression, etc. In most cases humans have 

no difficulty in recognizing a friend in a photograph taken many years ago. Also, the 

appears to be limit on how many faces humans can store for future recognition.  

 

“The goal of computer vision is to extract useful information from images. This has 

proved a surprisingly challenging task; it has occupied thousands of intelligent and 

creative minds over the last four decades, and despite this we are still far from being able 

to build a general – purpose seeing machine” [38] 

 

Computer vision seems easy, perhaps because it is so effortless for humans. Initially, it 

was believed to be a trivially simple problem that could be solved by a student connecting 

a camera to a computer. After decades of research, computer vision remains unsolved, at 

least in terms of meeting the capabilities of human vision. 

 

“Making a computer see was something that leading experts in the field of Artificial 

Intelligence thought to be at the level of difficulty of a summer student’s project back in 

the sixties. Forty year later the task is still unsolved and seems formidable” [39] 

 

One of the reasons is that it is not strongly known how human vision works. Studying 

biological vision requires an understanding of the perception organs like the eyes, as well 

as the interpretation of the perception within the brain. Much progress has been made, 

both in charting the process and in terms of discovering the tricks and shortcuts used by 

the system, although like any study that involves the brain, there is a long way to go. 

 

Another reason why it is such a challenging problem is because of the complexity inherent 

in the visual world. A given object may be seen from any orientation, in any lightning 

conditions, with any type of occlusion from other object, etc. A true vision system must 

be able to see in any of an infinite number of scenes and still extract something 

meaningful, but computers work well for tightly constrained problems, not open 

unbounded problem like visual perception. 

 

2.1.2 Computer vision applications 

 

Nevertheless, there has been progress in the field, especially in recent year with 

commodity systems for optical characters recognition and face detection in cameras and 

smartphones. 

 

“Computer vision is at an extraordinary point in its development. The subject itself, has 

been around since the 1960s, but only recently has it been possible to build useful 

computer systems using ideas from computer vision” [40] 
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Szeliski in the 2010 textbook on computer vision “Computer Vision: Algorithms and 

Applications” [47] provides a list of some high – level problems that have been achieve 

in this field such as optical character recognition, machine inspection, 3D model building, 

medial imaging, automotive safety, match mode, motion capture, surveillance and 

fingerprint recognition and biometrics. 

  

It is a broad area of study with many specialized task and technique. “Computer vision 

has a vide variety of applications, both old (e.g., mobile robot navigation, industrial 

inspection, and military intelligence) and new (e.g., human computer interaction, image 

retrieval in digital libraries, medical image analysis, and the realistic rendering of 

synthetic scenes in computer graphics)” [40] 

 

Applications range from tasks such as industrial machine vision systems which inspect 

bottles speeding by on a production line, to research into artificial intelligence and 

computers or robots that can comprehend the world around them. The computer vision 

and machine vision fields have significant overlap. Computer vision covers the core 

technology of automated image analysis which is used in many fields. Machine vision 

usually refers to a process of combining automated image analysis with other methods 

and technologies to provide automated inspection and robot guidance in industrial 

applications. In many computer vision applications, the computer are pre – programmed 

to solve a particular task, but methods based on learning are now becoming increasingly 

common. 

 

Some of the computer vision applications are: 

 

▪ Medicine is one of the most prominent application fields in computer vision, also 

called medical image processing, characterized by the extraction of information 

from image data to diagnose a patient. An example of this is detection of tumours 

or other malign changes. It also supports medial research by providing new 

information (e.g., structure of the brain, quality of medical treatments), 

applications of computer vision in the medical are also includes enhances of 

images interpreted by human such us ultrasonic images or X – ray images to 

reduce the influence of noise. 

 

▪ Industry is a second application area in computer vision sometimes called 

machine vision, where information is extracted for the purpose of supporting a 

manufacturing process. One example is quality control where details or finals 

products are being automatically inspected in order to find defects. Machine 

vision attempts to integrate existing technologies in new ways and apply them to 

solve real world problems in a way that meets the requirements of industrial 

automation and similar application areas. 

 

▪ Autonomous vehicles is one of the newer applications areas which include 

submersibles, land – based vehicles, aerial vehicles, and unmanned aerial vehicles 

(UAV). The level of autonomy ranges from fully autonomous vehicles to vehicles 

where computer vision based systems supports a driver or a pilot in various 

situations. Examples of supporting systems are obstacle warning systems in cars, 

and systems for autonomous landing of aircraft. Several car manufacturers have 

demonstrated systems for autonomous driving of cars, but this technology has still 

not reached a level where it can be put on the market. 
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▪ Military applications are probably one of the largest areas for computer vision. 

The obvious examples are detection of enemies and missile guidance. Other 

military application is the use of fully autonomous drones for visual analysis, 

drones can capture large amounts of visual data using high-definition cameras and 

this currently requires significant work by human operators for analysis, but 

computer vision can be used to quicky examine visual data and extract important 

information. 

 

The content of this work focuses on this last application. 

 

2.1.3 Computer vision tasks 

 

Each of the application areas described above employ a range of computer vision tasks, 

more or less well – defined problems, which can be solved using a variety of methods. 

 

Computer vision tasks include methods for acquiring, processing, analysing, and 

understanding digital images, and extraction of high-dimensional data from the real world 

in order to produce numerical or symbolic information. Understanding in this context 

means the transformation of visual images into descriptions of the world that can interface 

with other thought processes and elicit appropriate action. This image understanding can 

be seen as the disentangling of symbolic information from image data using models 

constructed with the aid of geometry, physics, statistics, and learning theory. 

 

Some of these tasks are presented: 

 

▪ Recognition: The classical problem in computer vision, image processing, and 

machine vision is that of determining whether or not the image data contains some 

specific object, feature, or activity: 

o Object recognition: One or several pre – specified or learned objects or 

objects classes can be recognized, usually together with their 2D positions 

in the image or 3D poses in the scene. 

o Identification: Individual instance of an object is recognized. Examples 

include identification of a specific person’s face or fingerprint, 

identification of handwritten digits, or identification of specific vehicle. 

o Detection: The image data are scanned for a specific condition. Examples 

include detection of possible abnormal elements. 

 

▪ Motion analysis: Several tasks relate to motion estimation where an image 

sequence is processed to produce an estimate of the velocity either at each points 

in the image or in the 3D scene, or even of the camera that produces the images. 

Example of such tasks are: 

o Egomotion: Determining the 3D rigid motion, rotation and translation, of 

the camera from an image sequence produced by the camera. 

o Tracking: Following the movements of a set of interest points or objects 

in the image sequence. 

o Optical flow: Determine, for each point in the image, how that point is 

moving relative to the image plane. 
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▪ Scene reconstruction: Given one or more images of a scene, or a video, scene 

reconstruction aims at computing a 3D model of the scene. In the simplest case 

the model can be a set of 3D points. More sophisticated methods produce a 

complete 3D surface model. The advent of 3D imaging not requiring motion or 

scanning, and related processing algorithms is enabling rapid advances in this 

field. Grid-based 3D sensing can be used to acquire 3D images from multiple 

angles. Algorithms are now available to stitch multiple 3D images together into 

point clouds and 3D models. 

 

▪ Image restoration: The aim of image restoration is the removal of noise from 

images. The simplest possible approach for noise removal is various types of 

filters such as low-pass filters or median filters. More sophisticated methods 

assume a model of how the local image structures look, to distinguish them from 

noise. By first analysing the image data in terms of the local image structures, 

such as lines or edges, and then controlling the filtering based on local information 

from the analysis step, a better level of noise removal is usually obtained 

compared to the simpler approaches. 

 

In the Methods section, a more detailed description will be made of the specific tasks used 

during the realization of this work. 

 

2.1.4 System methods 

 

The organization of a computer vision system is highly application dependent. Some 

systems are stand-alone applications that solve a specific measurement or detection 

problem, while others constitute a sub-system of a larger design. The specific 

implementation of a computer vision system also depends on whether its functionality is 

pre-specified or if some part of it can be learned or modified during operation. Many 

functions are unique to the application. There are, however, typical functions that are 

found in many computer vision systems. 

 

▪ Image acquisition: A digital image is produced by one or several image sensors, 

which, besides various types of light-sensitive cameras, include range sensors, 

tomography devices, radar, ultra-sonic cameras, etc. Depending on the type of 

sensor, the resulting image data is an ordinary 2D image, a 3D volume, or an 

image sequence. The pixel values typically correspond to light intensity in one or 

several spectral bands (Gray images or colour images), but can also be related to 

various physical measures, such as depth, absorption or reflectance of sonic or 

electromagnetic waves, or nuclear magnetic resonance. [41] 

 

▪ Pre – processing: Before a computer vision method can be applied to image data 

in order to extract some specific piece of information, it is usually necessary to 

process the data in order to assure that it satisfies certain assumptions implied by 

the method.  

 

▪ Feature extraction: Image features at various levels of complexity are extracted 

from the image data [41]. Typical examples of such features are: 

o Lines, edges and ridges. 

o Localized interest points such as corners, blobs or points. 

More complex features may be related to texture, shape, or motion. 

https://en.wikipedia.org/wiki/Image_sensor
https://en.wikipedia.org/wiki/Rangefinder
https://en.wikipedia.org/wiki/Magnetic_resonance_imaging
https://en.wikipedia.org/wiki/Computer_vision#cite_note-Davies-2005-25
https://en.wikipedia.org/wiki/Edge_detection
https://en.wikipedia.org/wiki/Ridge_detection
https://en.wikipedia.org/wiki/Interest_point_detection
https://en.wikipedia.org/wiki/Corner_detection
https://en.wikipedia.org/wiki/Blob_detection
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▪ Detection/segmentation: At some point in the processing a decision is made about 

which image points or regions of the image are relevant for further processing. 

[41]. Examples of this method are: 

o Selection of a specific set of interest points. 

o Segmentation of one or multiple image regions that contain a specific 

object of interest. 

 

▪ High – level processing: At this step, the input is typically a small set of data, for 

example a set of points or an image region which is assumed to contain a specific 

object [41]. Some of these process are: 

o Image recognition: classifying a detected object into different categories. 

o Image registration: comparing and combining two different view of the 

same object. 

o Verification that the data satisfy model based and application specific 

assumptions. 

o Estimation of application specific parameters, such as object pose or 

object size. 

 

▪ Decision making: Making the final decision required for the application [41]. For 

example: 

o Pass – fail on automatic inspection applications 

o Match – no match in recognition applications. 

o Flag for further human review in medical, military, security, and 

recognition applications. 

 

Some of this steps or methods are used in this project, in the Methods chapter a further 

description will be made. 

 

2.2 Image formation 
 

The study of image formation encompasses the radiometric and geometric processes by 

which 2D images of 3D objects are formed. In the case of digital images, the image 

formation process also includes analog to digital conversion and sampling. 

 

The imaging process is a mapping of an object to an image plane. Each point on the image 

corresponds to a point on the object. An illuminated object will scatter light toward a lens 

and the lens will collect and focus the light to create the image. The ratio of the height of 

the image to the height of the object is the magnification. The spatial extent of the image 

surface and the focal length of the lens determine the field of view of the lens. 

 

A camera projects light from surfaces onto a two-dimensional sensor. Two aspects of this 

projection are of interest here: where light goes is the geometric aspect, and how much of 

it lands on the sensor is the photometric, or radiometric. 
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Figure 1. Image formation of digital images [42] 

 

The result of the process in the Figure I is a digital image, which is a mapping of a 3D 

scene (world) onto a 2D plane that consist in a matrix of number, 2D matrix of brightness 

values for grayscale images or 3D array of RGB brightness values for colour images. 

 

2.2.1 Geometric camera model 

 

The idealized model for the optics of a camera is the so – called pinhole camera model, 

for which is defined the geometry of perspective projection. All rays in this model go 

through a small hole, and therefore form a star of lines. 

 

For ever more distant scenes of fixed size, the rays of the star become more and more 

parallel to each other, and the perspective projection transformation performed by a 

pinhole camera tends to a limit called orthographic projection, where all rays are exactly 

parallel. Because orthographic projection is mathematically simpler than perspective, it 

is sometimes a more convenient and more reliable model to use.  

 

 
Figure 2. Perspective and Orthographic projection [43] 
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In the calculations carried out during the execution of this work, only the perspective 

projection has been considered. 

A pinhole camera is a box with five opaque faces and a translucent one. A very small hole 

is punched in the face of the box apposite to the translucent face. With the pinhole, on the 

other hand, an inverted image of the visible world is formed on the screen, when the 

pinhole is reduced to a single point,  this image is formed by the star of rays through the 

pinhole, intersected by the plane of the screen. Nevertheless, a pinhole reduced to a point 

is an idealization, no power would pass through such a pinhole, and the image would be 

infinitely black. 

 

The fact that the image on the screen is inverted is mathematically inconvenient. It is 

therefore customary to consider instead the intersection of the star of rays through the 

pinhole with a plane parallel to the screen and in front of the pinhole as shown in the 

Figure 3.b and 3.c 

 

 
Figure 3. (a) Projection geometry for a pinhole camera. (b) Screen placed in front of the pinhole, rather 

than behind, without blocking the projection rays. Image is upside - up. (c) Pinhole camera model [44] 

In this model, the pinhole is called more appropriately the centre of projection. The front 

screen is the image plane. The distance between centre of projection and image plane is 

the focal distance, and is denoted with f. The optical axis is the line through the centre of 

projection that is perpendicular to the image plane. The point where the optical axis 

pierces the sensor plane is the principal point.  

 

In keeping with standard conventions in computer graphics, the origin of the image 

coordinate system (xi, yi) is placed in the bottom left corner of the image. The camera 

reference system (x, y, z) axes are respectively parallel to xi, yi, and the optical axis, and 

the z axis points towards the scene. The z coordinate of a point in the world is called the 

point’s depth. 

 

The units used to measure point coordinates in the camera reference system (x, y, z) are 

often different from those used in the image reference system (xi, yi). Typically, metric 

units (meters, centimetres, millimetres) are used in the camera system and pixels in the 

image system. As we will see in the Section on sensing below, pixels are the individual, 

rectangular elements on a digital camera’s sensing array. Since pixels are not necessarily 

square, there may be a different number of pixels in a millimetre measured horizontally 

on the array than in a millimetre measured vertically, so two separate conversion units 

are needed to convert pixels to millimetres in the two directions. 
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Being x0 and y0 the coordinates in pixels of the principal point of the image in the image 

reference  system (xi, yi). Then an image point with coordinates (x, y, f) in millimetres in 

the camera reference frame has image coordinates (in pixels) 

 

𝑥𝑖 =  𝑠𝑥𝑥 + 𝑥0 and  𝑦𝑖 =  𝑠𝑦𝑦 + 𝑦0    (1) 

 

Where sx and sy are scaling constants expressed in pixels per millimetre. 

 

The projection equations (2) relate the camera-system coordinates P = (X, Y, Z) of a point 

in space to the camera-system coordinates p = (x, y) of the projection of P onto the image 

plane and then, in turn, to the image-system coordinates pi = (xi , yi) of the projection. 

These equations can be easily derived for the x coordinate from the top view of Figure 4. 

From this Figure 4 it is possible to see that the triangle with orthogonal sides of length X 

and Z is similar to that with orthogonal sides of length x and f. 

 
Figure 4. A top view of Figure 3.c [44] 

Under perspective projection, the world point coordinates (X, Y, Z) projects to the image 

point with coordinates. 

 

𝑥 = 𝑓 
𝑋

𝑍
 

           (2) 

𝑦 = 𝑓 
𝑌

𝑍
 

 

One way to make units of measure consistent in these projection equations is to measure 

all quantities in the same unit, say, millimetres. In this case, the two constants sx and sy in 

equation (1) have the dimension of pixels per millimetres. However, it is sometimes more 

convenient to express x, y, and f in pixels (image dimensions) and X, Y , Z in millimetres 

(world dimensions). The ratios x/f, y/f, X/Z, and Y/Z are dimensionless, so the equations 

(2) are dimensionally consistent with this choice as well. In this case, the two constants 

sx and sy in equation (1) are dimensionless as well. 
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2.3 Image registration 
 

Image registration is the process of aligning two or more images of the same scene. This 

process involves designating one image as the reference image, also called the fixed 

image, and applying geometric transformations or local displacements to the other images 

so that they align with the reference. Images can be misaligned for a variety of reasons. 

Commonly, images are captured under variable conditions that can change the camera 

perspective or the content of the scene. Misalignment can also result from lens and sensor 

distortions or differences between capture devices. [45] 

 

Image registration is often used as a preliminary step in other image processing 

applications. For example, you can use image registration to align satellite images or 

medical images captured with different diagnostic modalities, such as MRI (Magnetic 

Resonance Imaging) and SPECT (Sigle photon emission computed tomography). Image 

registration enables you to compare common features in different images. For example, 

it is possible discover how a river has migrated, how an area became flooded, or whether 

a tumour is visible in an MRI or SPECT image. [45] 

 

Registration is necessary in order to be able to compare or integrate the data obtained 

from these different measurements. 

 

In image registration or image alignment algorithms, one of the images is referred to as 

the moving or source and the others are referred to as target, fixed, or sensed images. 

Image registration involves spatially transforming the source/moving image(s) to align 

with the target image. The reference frame in the target image is stationary, while the 

other datasets are transformed to match to the target. [46] 

 

The algorithms used in this process can be classified into intensity – based and feature – 

based. Intensity-based methods compare intensity patterns in images via correlation 

metrics, while feature-based methods find correspondence between image features such 

as points, lines, and contours.[46]  

 

▪ Intensity-based methods register entire images or sub-images. If sub-images are 

registered, centres of corresponding sub images are treated as corresponding 

feature points. [46] 

 

▪ Feature-based methods establish a correspondence between a number of 

especially distinct points in images. Knowing the correspondence between a 

number of points in images, a geometrical transformation is then determined to 

map the target image to the reference images, thereby establishing point-by-point 

correspondence between the reference and target images. [46]  

 

Methods combining intensity-based and feature-based information have also been 

developed. 

 

2.3.1 Automated Feature Detection and Matching 

 

The algorithms used throughout this work are part of the Automated Feature Detection 

and Matching method. 
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Automated Feature Detection and Matching is a Feature – based method that detects 

features such as corners and blobs, matches corresponding features in the moving and 

fixed images, and estimates a geometric transform to align the matched features.  

Local features and their descriptors are the building blocks of many computer vision 

algorithms. Their applications include image registration, object detection and 

classification, tracking, and motion estimation. These algorithms use local features to 

better handle scale changes, rotation, and occlusion. [48] 

 

A feature is a piece of information which is relevant for solving the computational task 

related to a certain application. Features may be specific structures in the image such as 

points, edges, or objects. Features may also be the result of a general neighbourhood 

operation or feature detection applied to the image. The features can be classified into 

two main categories: 

 

▪ The features that are in specific locations of the images, such as mountain peaks, 

building corners, doorways, or interestingly shaped patches of snow. These kinds 

of localized features are often called key point features (or even corners) and are 

often described by the appearance of patches of pixels surrounding the point 

location. 

 

▪ The features that can be matched based on their orientation and local appearance 

(edge profiles) are called edges and they can also be good indicators of object 

boundaries and occlusion events in the image sequence. 

 

The main component of Feature Detection and Matching are Detection, Description and 

Matching.  

 

The Detection consist in identify the Interest Point which is the point that is expressive in 

texture, the point at which the direction of the boundary of the object changes abruptly or 

intersection point between two or more edge segments. The Interest Point it has a well-

defined position image space or well localized, it is stable under local and global 

perturbations in the image domain such as illumination or brightness variations and 

should provide efficient detection. 

 

The Description is the local appearance around each feature point that is describe (ideally) 

invariant under changes in illumination, translation, scale and in – plane rotation. Each 

feature point has a descriptor vector. 

 

Matching is the process in which the descriptors are compared across the images, to 

identify similar features. For two image a set of pairs (Xi, Yi) and (Xi’, Yi’) is obtained, 

where (Xi, Yi) is a feature in one image and (Xi’, Yi’) its matching feature in the other 

image. 

 

Some of the possible approaches are based on the brightness of an images, usually by 

image derivative, or based on boundary extraction, usually by edge detection and 

curvature analysis. 

 

In the Figure 5, an example of Feature Detection and Matching in shown. 
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Figure 5. Feature detection and matching example [49] 

Some of the algorithms used for identification of features are: 

 

▪ Harris Corner: Is a corner detection operator that is commonly used in computer 

vision algorithms to extract corner and infer features of an image, and it is rotation 

invariant . It was first introduced by Chris Harris and Mike Stephens in 1988 upon 

the improvement of Moravec’s corner detector. Compared to the previous one, 

Harris’ corner detector takes the differential of the corner score into account with 

reference to direction directly, instead of using shifting patches for every 45-

degree angles and has been proved to be more accurate in distinguishing between 

edges and corners. Since then, it has been improved and adopted in many 

algorithms to pre-process images for subsequent applications. 

 

▪ SIFT (Scale Invariant Feature Transform): SIFT stands for Scale-Invariant 

Feature Transform and was first presented in 2004, by D.Lowe, University of 

British Columbia. SIFT is invariance to image scale and rotation. Lowe's method 

for image feature generation transforms an image into a large collection of feature 

vectors, each of which is invariant to image translation, scaling, and rotation, 

partially invariant to illumination changes and robust to local geometric distortion. 

Interesting points are defined as maxima and minima of the result of difference of 

Gaussians function applied in scale space to a series of smoothed and resampled 

images. Low-contrast candidate points and edge response points along an edge 
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are discarded. Dominant orientations are assigned to localized Interesting points. 

These steps ensure that the Interesting points are more stable for matching and 

recognition. 

 

▪ SURF (Speeded Up Robust Features): Is a fast and robust algorithm for local, the 

main interest of the SURF approach lies in its fast computation of operators using 

box filters, thus enabling real-time applications such as tracking and object 

recognition.  The image is transformed into coordinates, using the multi-resolution 

pyramid technique, to copy the original image with Pyramidal Gaussian or 

Laplacian Pyramid shape to obtain an image with the same size but with reduced 

bandwidth. This achieves a special blurring effect on the original image, called 

Scale-Space and ensures that the points of interest are scale invariant. The SURF 

algorithm is based on the same principles and steps as SIFT; but details in each 

step are different. 

 

▪ FAST (Features from Accelerated Segment Test): A corner detection method, 

which could be used to extract feature points and later used to track and map 

objects in many computer vision tasks. The FAST corner detector was originally 

developed by Edward Rosten and Tom Drummond and was published in 2006. 

The most promising advantage of the FAST corner detector is its computational 

efficiency. Moreover, when machine learning techniques are applied, superior 

performance in terms of computation time and resources can be realized. The 

FAST corner detector is very suitable for real-time video processing application 

because of this high-speed performance. 

 

A feature descriptor is an algorithm which takes an image and outputs feature vectors. 

Feature descriptors encode interesting information into a series of numbers and act as a 

sort of numerical “fingerprint” that can be used to differentiate one feature from another. 

Ideally, this information would be invariant under image transformation, so it is possible 

to find the feature again even if the image is transformed in some way. After detecting 

interest point, the next step is to compute a descriptor for every one of them. Descriptors 

can be categorized into two classes: 

 

▪ Local Descriptor: It is a compact representation of a point’s local neighbourhood. 

Local descriptors try to resemble shape and appearance only in a local 

neighbourhood around a point and thus are very suitable for representing it in 

terms of matching. 

 

▪ Global Descriptor: A global descriptor describes the whole image. They are 

generally not very robust as a change in part of the image may cause it to fail as it 

will affect the resulting descriptor. 

 

Features matching or generally image matching, a part of many computer vision 

applications such as image registration, camera calibration and object recognition, is the 

task of establishing correspondences between two images of the same scene/object. A 

common approach to image matching consists of detecting a set of interest points each 

associated with image descriptors from image data. Once the features and their descriptors 

have been extracted from two or more images, the next step is to establish some 

preliminary feature matches between these images. 
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Generally, the performance of matching methods based on interest points depends on both 

the properties of the underlying Interest points and the choice of associated image 

descriptors. Thus, detectors and descriptors appropriate for images contents shall be used 

in applications. For instance, if an image contains bacteria cells, the blob detector should 

be used rather than the corner detector. But, if the image is an aerial view of a city, the 

corner detector is suitable to find man-made structures. Furthermore, detectors and 

descriptors are selected depending on the requirements of the application. 

 

Some of the common applications that use this methods and are: 

 

▪ Automate object tracking 

 

▪ Point matching for computing disparity 

 

▪ Stereo calibration 

 

▪ Motion – based segmentation 

 

▪ Recognition 

 

▪ 3D object reconstruction 

 

▪ Robot navigation 

 

▪ Image retrieval and indexing 

 

One of the objectives of this work consists in the detection of the border fence in the 

frames of the video for the study of anomalies in it. Therefore, two techniques have been 

used which are part of Automated Feature Detection and Matching methods. A detailed 

description of both techniques will be made in the following sections. 

 

2.3.2 Point Feature Matching 

 

Point feature matching is an effective method to detect a specified target in a cluttered 

scene. This method detects single objects rather than multiple objects. For instance, by 

using this method, one can recognize one specific person in a cluttered scene, but not any 

other person.  

 

The algorithm is based on comparing and analysing point correspondences between the 

reference image and the target image. If any part of the cluttered scene shares 

correspondences greater than the threshold, that part of the cluttered scene image is 

targeted and considered to include the reference object there. 

 

Among the application fields that drive development in this area, robotics especially has 

a strong need for computationally efficient approaches, as autonomous systems 

continuously have to adapt to a changing and unknown environment, and to learn and 

recognize new objects. For such time-critical applications, point feature matching is an 

attractive solution because new objects can be easily learned online, in contrast to 

statistical-learning techniques that require many training samples. 
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This method of object detection works best for objects that exhibit non-repeating texture 

patterns, which give rise to unique feature matches. This technique is not likely to work 

well for uniformly – coloured objects, or for objects containing repeating patterns. [50] 

 

To have the best chance that these the extracted Interest points in one frame will have 

corresponding points in the other frame, FAST algorithm will be used, described in 

section 2.3.1,  which implements one of the fastest corner detection algorithms. 

 

Next, the correspondences between the points are calculated. For each point, the Fast 

Retina Keypoint (FREAK) descriptor is extracted. FREAK is a feature descriptor inspired 

by the human visual system and more precisely the retina, in it a cascade of binary strings 

is computed by efficiently comparing image intensities over a retinal sampling pattern. 

 

Figure 6 shows an example of Point Feature Matching in MATLAB which presents a red 

– cyan colour composite with the Interest points from the first frame of a video sequence 

in red, and the Interest points from second frame in green. Yellow lines are drawn between 

points to show the correspondences selected. 

 

 
Figure 6. Example of Point Feature Matching in MATLAB 

2.3.3 Structure from Motion 

 

Humans perceive a lot of information about the three-dimensional structure in their 

environment by moving around it. When the observer moves, objects around them move 

different amounts depending on their distance from the observer. This is known as motion 

parallax, and from this depth information can be used to generate an accurate 3D 

representation of the world around them. [51] 

 

Structure from motion is a very popular technique for obtaining three-dimensional point 

cloud-based reconstructions of objects from unorganised sets of images by analysing the 

correspondences between feature points detected in those images. [52] 

 
To find correspondence between images, features such as corner points (edges with 

gradients in multiple directions) are tracked from one image to the next. One of the most 

widely used feature detectors are SIFT and SURF, both descriptors are described in 

section 2.3.1. 

https://en.wikipedia.org/wiki/Motion_parallax
https://en.wikipedia.org/wiki/Motion_parallax
https://en.wikipedia.org/wiki/Speeded_up_robust_features
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There are numerous algorithms for feature detection in the literature, each adapted to 

different needs; in the case of 3D reconstruction, it is desirable that the detected features 

be reasonably invariant to changes of scale, rotation, and perspective distortion (none 

actually succeeds at the latter, hence the need for a dense image coverage of the subject 

to be reconstructed). It is also necessary that the interest point associated with the detected 

feature is precisely located at the projection of the point that originated the image feature; 

in other words, feature detectors for this task are necessarily very local, whereas in other 

higher – level tasks other feature detectors may be more desirable. Arguably the most 

widely used feature detector for many tasks, including 3D reconstruction, is Scale-

Invariant Feature Transform (SIFT) [55]. 

 

Indeed, SIFT is the built – in option for well – known state of the art SfM frameworks 

such as Bundler [56] and VisualSfM [57]. SIFT features are robust, leading to reliable 

camera pose estimations, but not very numerous; therefore, the point clouds obtained 

frequently present the disadvantage of being too sparse for realistic visualisation and, 

besides, provide insufficient support for a surface reconstruction. One possible solution 

to the sparsity of the SIFT-based point clouds may be using a patch-based point cloud 

densification algorithm based on photo-consistency constraints such as PMVS/CMVS 

[58], these algorithms will be explained in section 2.3.4 

 

Moreover, sometimes some of the matches features are incorrectly marched, this is why 

matches should also be filtered. RANSAC (Random sample consensus) is the algorithm 

that is usually used to remove the outlier correspondences. Further description of this 

algorithm will be made in section 2.3.5.  

 

In Figure 7 a 3D reconstruction build in VisualSFM is shown. 

 

 

 
Figure 7.  3D point cloud built in VisualSFM [58] 
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2.3.4 PMVS and CMVS  

 

Many multi – view stereo (MVS) algorithms do not scale well to a large number of input 

images (lack of computational and memory resources). Clustering Views for Multi – view 

Stereo (CMVS) takes the output of a SfM software as input, the decomposes the input 

images into a set of image cluster of manageable size. An MVS software can be used to 

process each cluster independently and in parallel, where the union of reconstructions 

from all the clusters should not miss any details that can be otherwise obtained from the 

whole image set. CMVS should be used in conjunction with an SfM software Bundler 

and an MVS Software PMVS. [59] 

 

Patch – based Multi – view Stereo Software (PMVS) is a multi – view stereo software 

that takes a set of images and camera parameters, then reconstructs 3D structure of an 

object or a scene visible in the images. Only rigid structure is reconstructed, in other 

words, the software automatically ignores non-rigid objects such as pedestrians in front 

of a building. The software outputs a set of oriented points instead of a polygonal (or a 

mesh) model, where both the 3D coordinate and the surface normal are estimated at each 

oriented point. [60] 

 

These software have been developed by Yasutaka Furukawa. 

  

2.3.5 Random sample consensus (RANSAC)  

 

RANSAC algorithm proposed by Fischler and Bolles [53] is a general parameter 

estimation approach designed to cope with large proportion of outliers in the input data. 

Unlike many of the common robust estimation techniques such as M-estimators and least-

median squares that have been adopted by the computer vision community from the 

statistics literature, RANSAC was developed from within the computer vision 

community. 

 

RANSAC is a resampling technique that generates candidate solutions by using the 

minimum number observations (data points) required to estimate the underlying model 

parameters. Unlike conventional sampling techniques that use as much of the data as 

possible to obtain an initial solution and then proceed to prune outliers, RANSAC uses 

the smallest set possible and proceeds to enlarge this set with consistent data points [53]. 

 

The basic algorithm is summarized as follows: 

 

1. Select randomly the minimum number of points required to determine the model 

parameters 

2. Solve for the parameters of the model 

3. Determine how many points from the set of all points fit with a predefined 

tolerance є 

4. If the fraction of the number of inliers over the total number points in the set 

exceeds a predefined threshold τ , re – estimate the model parameters using all the 

identified inliers and terminate. 

5. Otherwise, repeat step 1 through 4, maximum of N times 

 

The number of iterations N is chosen high enough to ensure that the probability p that at 

least one of the sets of random samples does not include an outlier. Let u represent the 
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probability that any selected data point is an inlier and v = 1 − u the probability of 

observing an outlier. N iterations of the minimum number of points denoted m are 

required, where 

 

1 − 𝑝 = (1 − 𝑢𝑚)𝑁     (3) 

 

And thus, with some operations 

 

𝑁 =  
log(1−𝑝)

log(1−(1−𝑣)𝑚)
     (4) 

 

 

In Figure 8, a graphic representation of RANSAC algorithm is shown. 

 

 
Figure 8. Graphic representation of RANSAC. In the picture above a generic iteration of the RANSAC 

algorithm, in the image below subset with the largest consensus (best subset) [54] 
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Chapter 3 

 

ANOMALY DETECTION 
 
In this chapter a general description of anomaly detection techniques used in this work 

are presented which are part of the Machine Learning and Data mining field. 

 

3.1 Machine Learning 
 

Machine learning (ML) is the study of computer algorithms that improve automatically 

through experience [61]. It is seen as a subset of artificial  intelligence. Machine Learning 

algorithms build a model based on sample data, known as training data, in order to make 

predictions or decisions without being explicitly programmed to do so.  

 

It involves computers learning from data provided so that they carry out certain tasks. For 

simple tasks assigned to computers, it is possible to program algorithms telling the 

machine how to execute all steps required to solve the problem at hand; on the computer's 

part, no learning is needed. For more advanced tasks, it can be challenging for a human 

to manually create the needed algorithms. In practice, it can turn out to be more effective 

to help the machine develop its own algorithm, rather than having human programmers 

specify every needed step.  

 

Machine learning algorithms are used in a wide variety of applications, such as computer 

vision, where it is difficult or unfeasible to develop conventional algorithms to perform 

the needed tasks. 

 

3.1.1 Machine learning approaches 

 

Machine learning approaches are traditionally divided into three broad categories, 

depending on the nature of the signal or feedback available to the learning system: 

 

▪ Supervised learning: Machine learning task of learning a function that maps an 

input to an output based on example input – output pairs. [62] 

 

▪ Unsupervised learning: No labels are given to the learning algorithm, leaving it 

on its own to find structure in its input. 

 

▪ Reinforcement learning: A computer program interacts with a dynamic 

environment in which it must perform a certain goal. As it navigates its problem 

space, the program is provided feedback that is analogous to rewards, which it 

tries to maximize. [63] 

 

Other approaches have been developed which do not fit neatly into this three-fold 

categorisation, and sometimes more than one is used by the same machine learning 

system. One of these approaches that is used during the realization of this work is Semi – 
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supervised learning which combines a small amount of labelled data with a large amount 

of unlabelled data during training, semi – supervised learning falls between unsupervised 

learning and supervised learning. 

 

3.2 Data mining 
 

Data mining is a process of discovering patterns in large data sets involving methods at 

the intersection of machine learning, statistics, and database systems. Data mining is an 

interdisciplinary subfield of computer science and statistics with an overall goal to extract 

information (with intelligent methods) from a data set and transform the information into 

a comprehensible structure for further use. [64] 

 

The actual data mining task is the semi-automatic or automatic analysis of large quantities 

of data to extract previously unknown, interesting patterns such as groups of data records 

(cluster analysis), unusual records (anomaly detection), and dependencies (association 

rule mining, sequential pattern mining). 

 

The manual extraction of patterns from data has occurred for centuries. Early methods of 

identifying patterns in data include Bayes’ theorem and regression analysis. The 

increasing power and multiplication of computer technology have dramatically increased 

data collection, storage, and manipulation ability. As data sets have grown in complexity 

and size, direct data analysis has been substituted with indirect, automated data 

processing, helped by other discoveries in computer science, especially in the field of 

machine learning, such as, neural networks, cluster analysis, decision trees and rules, or 

genetic algorithms. 

 

3.2.1 Knowledge Discovery in Databases (KDD) 

 

Knowledge discovery in Databases (KDD) is the process of discovering useful 

information from a collection of data. This widely used data mining technique is a process 

that includes data preparation and selection, data cleansing, incorporating prior 

knowledge on data sets and interpreting accurate solutions from the observed results. 

 

KDD process is commonly defined with the stages: Selection, Pre – processing, 

Transformation, Data mining and Validation. It exist, however, many variations on these 

stages. One of these variations is a simplified process such as:  

 

1. Pre – processing: Before data mining algorithms can be used, a target data 

set must be assembled. As data mining can only uncover patterns actually 

present in the data, the target data set must be large enough to contain these 

patterns while remaining concise enough to be mined within an acceptable 

time limit. 

 

2. Data mining which involves six common classes of tasks such as Anomaly 

detection, Association rule learning, Clustering, Classification, Regression 

and Summarization. In section 3.3 a detailed description of Anomaly 

detection will be made, as this is the main task of this work. 

 

3. Result validation: The final step of KDD is to verify that the patterns 

produced by the data mining algorithms occur in the wider data set. Not all 
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patterns found by data mining algorithms are necessarily valid. It is common 

for data mining algorithms to find patterns in the training set which are not 

present in the general data set. To overcome this, the evaluation uses a test 

set of data on which the data mining algorithm was not trained. The learned 

patterns are applied to this test set, and the resulting output is compared to 

the desired output. Several statistical methods may be used to evaluate the 

algorithm, such as ROC curves. Further description on Model validation 

techniques will be made in section 3.4. 

 

3.3 Anomaly detection 
 

Anomaly detection, also called outlier analysis, is a step-in data mining that identifies 

data points, events, and/or observations that deviate from a dataset’s normal behaviour. 

Anomalous data can indicate some kind of problem such as bank fraud, a structural defect, 

medical problems, or errors in a text. Anomalies are also referred to as outliers, novelties, 

noise, deviations, and exceptions.[11] 

 

When data has to be analysed in order to find relationship or to predict known or unknown 

data mining techniques are used. These include clustering, classification, and machine-

based learning techniques. Hybrid approaches are also being created in order to attain 

higher level of accuracy on detecting anomalies. [65] 

 

Due to the increasing demand and applications in broad domains, such as risk 

management, compliance, security, financial surveillance, health and medical risk, and 

AI safety, anomaly detection plays increasingly important roles, highlighted in various 

communities including data mining, machine learning, computer vision and statistics. In 

recent years, deep learning has shown tremendous capabilities in learning expressive 

representations of complex data such as high-dimensional data, temporal data, spatial 

data, and graph data, pushing the boundaries of different learning tasks. Deep learning 

for anomaly detection aim at learning feature representations or anomaly scores via neural 

networks. A large number of deep anomaly detection methods have been introduced, 

demonstrating significantly better performance than conventional anomaly detection on 

addressing challenging detection problems in a variety of real-world applications. [66] 

 

Three broad categories of anomaly detection techniques exist: [67] 

 

▪ Unsupervised anomaly detection techniques detect anomalies in an unlabelled test 

data set under the assumption that the majority of the instances in the data set are 

normal by looking for instances that seem to fit least to the remainder of the data 

set.  

 

▪ Supervised anomaly detection techniques require a data set that has been labelled 

as "normal" and "abnormal" and involves training a classifier (the key difference 

to many other statistical classification problems is the inherent unbalanced nature 

of outlier detection).  

 

▪ Semi-supervised anomaly detection techniques construct a model representing 

normal behaviour from a given normal training data set, and then test the 

likelihood of a test instance to be generated by the learnt model. 

 

https://en.wikipedia.org/wiki/Receiver_operating_characteristic
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In Figure 9, an outline of the anomaly detection methodology is shown where:  

 

▪ Parametrization is pre-processing data into a pre – established formats such that it 

is acceptable or in accordance with the targeted systems behaviour. 

 

▪ Training stage is the phase where a model is built on the basis of normal (or 

abnormal) behaviour of the system. There are different ways that can be opted on 

the type of anomaly detection considered. 

 

▪ Detection stage. Once the model for the system is available, test data is compared 

with the parameterized observed data. 

 
Figure 9. Methodology of Anomaly detection [65] 

 

3.3.1 Anomaly detection challenges 

 

Owing to the unique nature, anomaly detection presents distinct problem complexities 

from the majority of analytical and learning problems and tasks. Unlike the problems and 

tasks on majority, regular or evident patterns, anomaly detection addresses minority, 

unpredictable and rare events, leading to some unique problem complexities to all 

detection methods: [66] 

 

▪ Unknowingness. Anomalies are associated with many unknows, e.g., instances 

with unknown abrupt behaviours, data structures, and distributions. They remain 

unknown until actually occur, such as novel terrorist attacks, frauds, and network 

intrusions. 

 

▪ Heterogeneous anomaly classes. Anomalies are irregular, and thus, one class of 

anomalies may demonstrate completely different abnormal characteristics from 

another class of anomalies. For example, in video surveillance, the abnormal 

events robbery, traffic accidents and burglary are visually highly different. 
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▪ Rarity and class imbalance. Anomalies are typically rare data instances, 

contrasting to normal instances that often account for an overwhelming proportion 

of the data. Therefore, it is difficult, if not impossible, to collect a large amount of 

labelled abnormal instances. This results in the unavailability of large-scale 

labelled data in most applications. The class imbalance is also due to the fact that 

misclassification of anomalies is normally much more costly than that of normal 

instances. 

 

▪ Diverse types of anomaly. Three completely different type of anomaly have been 

explored [68]. Point anomalies are individual instances that are anomalous with 

respect to the majority of other individual instances. Conditional anomalies, also 

called contextual anomalies, also refer to individual anomalous instances but in a 

specific context, in other words, data instances are anomalous in specific context 

otherwise normal. Group anomalies or collective anomalies are a subset of data 

instances anomalous as a whole with respect the other data instances; the 

individual members of the collective anomaly may not be anomalies. 

 

3.3.2 Deep neural networks 

 

Deep neural networks leverage complex compositions of linear/non-linear functions that 

can be represented by a computational graph to learn expressive representations [68]. 

Two basic building blocks of deep learning are activation functions and layers. Activation 

functions determine the output of computational graph nodes, in other words, neurons in 

neural networks, given some inputs. They can be linear or non-linear functions. Some 

popular activation functions include linear, sigmoid, tanh, ReLU (Rectified Linear Unit) 

and its variants. A layer in neural networks refers to a set of neurons stacked in some 

forms. Commonly used layers include fully connected, convolutional & pooling, and 

recurrent layers. These layers can be leveraged to build different popular neural networks. 

For example, multilayer perceptron (MLP) networks are composed by fully connected 

layers, convolutional neural networks (CNN) are featured by varying groups of 

convolutional & pooling layers; and recurrent neural networks (RNN), gated recurrent 

units (GRU) and long short-term memory (LSTM), are built upon recurrent layers. 

 

3.3.3 Autoencoders 

 

An autoencoder is a type of artificial neural network used to learn efficient data coding in 

an unsupervised manner.[69] The aim of an autoencoder is to learn a representation 

(encoding) for a set of data, typically for dimensionality reduction, by training the 

network to ignore signal “noise”. Along with the reduction side, a reconstructing side is 

learnt, where the autoencoder tries to generate from the reduced encoding a representation 

as close as possible to its original input, hence its name. Several variants exist to the basic 

model, with the aim of forcing the learned representations of the input to assume useful 

properties.[68] Autoencoders are effectively used for solving many applied problems, 

from face recognition [70]  to acquiring the semantic meaning of words.[71][72] 

 

The simplest form of an autoencoder is a feedforward, non-recurrent neural network 

similar to single layer perceptron that participate in multilayer perceptron (MLP) – having 

an input layer, an output layer and one or more hidden layers connecting them – where 

the output layer has the same number of neurons as the input layer, and with the purpose 

of reconstructing its inputs (minimizing the difference between the input and the output) 
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instead of predicting the target value Y given inputs X. Therefore, autoencoders are 

unsupervised learning models, do not require labelled inputs to enable learning. 

 

Autoencoder networks (AE) are the commonly used techniques in anomaly detection An 

AE is composed of an encoding network and a decoding network. The encoder maps the 

original data onto low-dimensional feature space, while the decoder attempts to recover 

the data from the projected low-dimensional space. The parameters of these two networks 

are learned with a reconstruction loss function. A bottleneck network architecture is often 

used to obtain lowdimensional representations than the original data, which forces the 

model to retain the information that is important in reconstructing the data instances. To 

minimize the overall reconstruction error, the retained information is required to be as 

much relevant as possible to the dominant instances. As a result, the data instances such 

as anomalies that deviate from the majority of the data are poorly reconstructed. The data 

reconstruction error can therefore be directly used as anomaly score. [66] 

 

AEs are easy to implement and have straightforward intuitions in detecting anomalies. As 

a result, they have been widely explored in the literature. AEs are also widely leveraged 

to detect anomalies in data other than tabular data, such as sequence data, graph data and 

image/video data. 

 

The advantages of this artificial neural network are:  

 

▪ The idea of AE is straightforward and generic to different types of data. 

 

▪ Different types of powerful AE variants can be leveraged to perform anomaly 

detection. 

 

On the other hand, the disadvantages are: 

 

▪ The learned feature representations can be biased by infrequent regularities and 

the presence of outliers or anomalies in the training data. 

 

▪ The objective function of the data reconstruction is designed for dimension 

reduction or data compression, rather than anomaly detection. As a result, the 

resulting representations are a generic summarization of underlying regularities, 

which are not optimized for detecting irregularities. 

 

3.3.4 Generative Adversarial Networks 

 

A generative adversarial network (GAN) is a class of machine learning frameworks where 

two neural networks contest with each other in a game (in the form of a zero-sum game, 

where one agent's gain is another agent's loss). 

 

Given a training set, this technique learns to generate new data with the same statistics as 

the training set. For example, a GAN trained on photographs can generate new 

photographs that look at least superficially authentic to human observers, having many 

realistic characteristics. Though originally proposed as a form of generative model for 

unsupervised learning, GANs have also proven useful for semi-supervised learning, 

supervised learning, and reinforcement learning. 
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The generative network generates candidates while the discriminative network evaluates 

them. The contest operates in terms of data distributions. Typically, the generative 

network learns to map from a latent space to a data distribution of interest, while the 

discriminative network distinguishes candidates produced by the generator from the true 

data distribution. The generative network's training objective is to increase the error rate 

of the discriminative network, in other words, "fool" the discriminator network by 

producing novel candidates that the discriminator thinks are not synthesized (are part of 

the true data distribution).[15] 

 

A known dataset serves as the initial training data for the discriminator. Training it 

involves presenting it with samples from the training dataset, until it achieves acceptable 

accuracy. The generator trains based on whether it succeeds in fooling the discriminator. 

Typically, the generator is seeded with randomized input that is sampled from a 

predefined latent space. Thereafter, candidates synthesized by the generator are evaluated 

by the discriminator. Independent backpropagation procedures are applied to both 

networks so that the generator produces better images, while the discriminator becomes 

more skilled at flagging synthetic images. [74] The generator is typically a 

deconvolutional neural network, and the discriminator is a convolutional neural network. 

GANs often suffer from a mode collapse where they fail to generalize properly, missing 

entire modes from the input data. 

 

GAN – Based anomaly detection emerges quickly as one popular deep anomaly detection 

approach after its early use in [73] 

 

The advantages of this artificial neural network are:  

 

▪ GANs have demonstrated superior capability in generating realistic instances, 

especially on image data, empowering the detection of abnormal instances that 

are poorly reconstructed from the latent space. 

 

▪ A large number of existing GAN-based models and theories [32] may be adapted 

for anomaly detection. 

 

On the other hand, the disadvantages are: 

 

▪ The training of GANs can suffer from multiple problems, such as failure to 

converge and mode collapse, which leads to large difficulty in training GANs-

based anomaly detection models. 

 

▪ The generator network can be misled and generates data instances out of the 

manifold of normal instances, especially when the true distribution of the given 

dataset is complex, or the training data contains unexpected outliers. 

 

▪ The GANs-based anomaly scores can be suboptimal since they are built upon the 

generator network with the objective designed for data synthesis rather than 

anomaly detection. 

 

 

 

 



3. ANOMALY DETECTION 

 

30                             ESCUELA TÉCNICA SUPERIOR DE INGENIEROS INDUSTRIALES (UPM) 

 

3.3.5 GANomaly algorithm 

 

GANomaly algorithm is a Semi – Supervised Anomaly Detection method via Adversarial 

Training, the objective of this algorithm is to train an unsupervised network that detects 

anomalies using dataset that is highly biased towards a particular class, in other words, 

comprising normal non – anomalous occurrences only for training. [2] 

 

This approach is based on Autoencoders and Generative Adversarial Networks previously 

explained in the sections 3.3.3 and 3.3.4 respectively. 

 

Given a large dataset D comprising only M normal images, D = {X1,… ,XM} and smaller 

testing dataset �̂� of N normal and abnormal images, �̂� = {(X1, y1),…, (XN, yN)}, where yi 

∈ [0,1] denotes the image label. In the practical setting, the training set is significantly 

larger that the test set such that M >> N. [2] 

 

Given the dataset, the goal is first model D to learn its manifold, then detect the abnormal 

samples in �̂� as outliers during the inference stage. The model f learns both the normal 

data distribution and minimizes the output anomaly score A(x). For a given test image �̂�, 

a highly anomaly score of A(�̂�) indicates possible anomalies within the image. The 

evaluation criteria for this is to threshold (φ) the score, where A(�̂�) > φ indicates anomaly. 

[2] 

 

Figure 10 illustrates the overview of the GANomaly algorithm, which contains two 

encoders, a decoder, and discriminator networks, employed within three sub – networks.  

 

 
Figure 10. Pipeline of GANomaly algorithm for anomaly detection [2] 

First sub-network is a bow tie autoencoder network behaving as the generator part of the 

model. The generator learns the input data representation and reconstructs the input image 

via the use of an encoder and a decoder network, respectively. The formal principle of 

the sub – network is the following: The generator G first reads an input image x, and 

forward – passes it to its encoder network GE. With the use of convolutional layers 

followed by batch-norm and leaky ReLU activation, respectively, GE downscales x by 
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compressing it to a vector z, z is also known as the bottleneck features of G and 

hypothesized to have the smallest dimension containing the best representation of x. The 

decoder part GD of the generator network G adopts the architecture of a Deep 

Convolutional Generative Adversarial Network (DCGAN) [74] generator, using 

convolutional transpose layers, ReLU activation and batch-norm together with a tanh 

layer at the end. This approach upscales the vector z to reconstruct the image x as �̂�. Based 

on these, the generator network G generates image �̂� via �̂� = GD(z), where z = GE(x). [2] 

 

The second sub-network is the encoder network E that compresses the image �̂� that is 

reconstructed by the network G. With different parametrization, it has the same 

architectural details as GE. E downscales �̂� to find its feature representation �̂�  = E(�̂�). 

The dimension of the vector �̂� is the same as that of z for consistent comparison. This sub-

network is one of the unique parts of the GANomaly algorithm. Unlike the prior 

autoencoder – based approaches, in which the minimization of the latent vectors is 

achieved via the bottleneck features, this sub-network E explicitly learns to minimize the 

distance with its parametrization. During the test time, moreover, the anomaly detection 

is performed with this minimization. [2] 

 

The third sub-network is the discriminator network D whose objective is to classify the 

input x and the output �̂� as real or fake, respectively. This subnetwork is the standard 

discriminator network introduced in DCGAN. [75] 

 

3.4  Model validation 
 
In many supervised learning applications, there is a significant difference between the 

prior probabilities of different classes. This situation is known as the class imbalance 

problem. The hitch with imbalanced datasets is that standard classification learning 

algorithms are often biased towards the majority class, known as the "negative" class, and 

therefore there is a higher misclassification rate for the minority class instances, called 

the "positive" examples. 

 

3.4.1 Evaluation in imbalanced domains 

 

The evaluation criteria is a key factor in assessing the classification performance and 

guiding the classifier modelling. In a two – class problem, the confusion matrix shown in 

Table 1 records the results of correctly and incorrectly recognized examples of each class. 

 

 Positive prediction Negative prediction 

Positive class True positive (TP) False Negative (FN) 

Negative class False positive (FP) True Negative (TN) 
Table 1. Confusion matrix for a two - class problem. 

In imbalanced domains, the evaluation of the classifiers' performance must be carried out 

using specific metrics in order to consider the class distribution. Concretely, we can obtain 

four metrics from Table 1 to measure the classification performance of both, positive and 

negative, classes independently: 

 

▪ True positive rate:  𝑇𝑃𝑟𝑎𝑡𝑒 =  
𝑇𝑃

𝑇𝑃+𝐹𝑁
         (5) 

Is the percentage of positive instances correctly classified. 
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▪ True negative rate:  𝑇𝑁𝑟𝑎𝑡𝑒 =  
𝑇𝑁

𝐹𝑃+𝑇𝑁
         (6) 

Is the percentage of negative instances correctly classified. 

 

▪ False positive rate:  𝐹𝑃𝑟𝑎𝑡𝑒 =  
𝐹𝑃

𝐹𝑃+𝑇𝑁
         (7) 

Is the percentage of negative instances misclassified. 

 

▪ True negative rate:  𝐹𝑁𝑟𝑎𝑡𝑒 =  
𝐹𝑁

𝑇𝑃+𝐹𝑁
         (8) 

Is the percentage of positive instances misclassified. 

 

In binary classification, accuracy (9) can be used to evaluate models. 

 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =  
𝑇𝑃+𝑇𝑁

𝑇𝑃+𝑇𝑁+𝐹𝑃+𝐹𝑁
    (9) 

 

Other two diagnosis tools that help in the interpretation of binary classification predictive 

models are ROC (Receiver operating characteristic) Curves and Precision – Recall 

curves. 

 

3.4.2 Area under the receiver operating characteristic (AUROC) 

 

The area under the receiver operating characteristic (AUROC) is a performance metric 

that is used to evaluate models. AUROC is a common summary statistic for the goodness 

of a predictor in a binary classification task. It is equal to the probability that a predictor 

will rank a randomly chosen positive instance higher than a randomly chosen negative 

one. 

 

AUROC curve is a performance measurement for classification problem at various 

threshold settings. ROC is a probability curve and AUC represents degree or measure of 

separability. It tells how much model is capable of distinguishing between classes. Higher 

the AUC, better the model is at predicting 0s as 0s and 1s as 1s. The ROC curve is plotted 

with TPrate against the FPrate where TPrate is on y-axis and FPrate is on the x-axis. 

 

 
Figure 11. ROC curve representation [78] 
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The Figure 11 shows some example ROC curves. The AUROC for a given curve is the 

area beneath it. The worst AUROC is 0.5 (area under random line), AUROC of 0.7 – 0.8 

is good performance, AUROC greater than 0.8 is excellent performance and AUROC of 

1 corresponds to a perfect classifier. 

 

The AUROC is more informative than accuracy for imbalanced data. It is a very 

commonly reported performance metric. The limitations of AUROC are also important, 

AUROC can be excessively optimistic about the performance of models that are built for 

data sets with much larger number of negative examples than positive examples (Many 

real-world data sets fit this description). An alternative performance metric in this cases 

is the area under precision recall curve (AUPRC) 

 

3.4.3 Area under the precision – recall curve (AUPRC) 

 

The area under the precision – recall curve (AUPRC) is a useful performance metric for 

imbalance data in a problem setting where finding the positive examples, in this work the 

anomalous data, is very important. If the model achieves perfect AUPRC, it means that 

the model found all the positive examples without accidentally marking any negative 

examples as positive (perfect precision).  

 

It is more complex to interpret AUPRC than it is to interpret AUROC. That is because 

the baseline for AUROC is always going to be 0.5, but with AUPRC, the baseline is equal 

to (10) 

 

𝐴𝑈𝑃𝑅𝐶𝑏𝑎𝑠𝑒𝑙𝑖𝑛𝑒 =  
𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒 𝑠𝑎𝑚𝑝𝑙𝑒𝑠

𝑇𝑜𝑡𝑎𝑙 𝑠𝑎𝑚𝑝𝑙𝑒𝑠
             (10) 

 

That means that different classes have different AUPRC baselines. A class with 12% 

positives has a baseline AUPRC of 0.12, so obtaining an AUPRC of 0.4 in this class is 

excellent performance. However, obtaining an AUPRC of 0.4 in a class with baseline 

AUPRC of 0.98 is a bad performance. 

 

For many real-world data sets, the fraction of positives (anomalous data) is often less than 

0.5, meaning that AUPRC has a lower baseline value than AUROC. AUPRC is thus 

frequently smaller in absolute value than the AUROC. AUPRC is a critical metric to 

calculate in problems where properly classifying the positives is important. 
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Chapter 4 

 

METHODOLOGY 
 

In this chapter a description of the methodology, including the software used, the different 

implementations in Matlab and the 3D reconstructions in VisualSFM. 

 

4.1 Software 
 

Throughout this work, different software tools have been used to carry it out, in sections 

4.1.1, 4.1.2 and 4.1.3 a brief introduction of them is made. 

 

4.1.1 Matlab 

 

MATLAB is a proprietary multi – paradigm programming language and numeric 

computing environment develop by MathWorks. MATLAB allows matrix, 

manipulations, plotting of functions and data, implementation of algorithms, creation of 

user interfaces, and interfacing with programs written in other languages. 

 

A toolbox in MATLAB is a package of functions and/or classes designed for a related 

purpose and sold as a package. They provide the user with tools, generally for a specific 

topic, like signal analysis or image processing. During this work, the Computer Vision 

Toolbox [77] has been used. 

 

Computer Vision Toolbox provides algorithms, functions, and apps for designing and 

testing computer vision, 3D vision, and video processing systems. It is possible to perform 

object detection and tracking, as well as feature detection, extraction, and matching. For 

3D vision, the toolbox support single, stereo, and fisheye camera calibration; stereo 

vision; 3D reconstruction; and lidar and 3D point cloud processing. Computer vision apps 

automate ground truth labelling and camera calibration workflows. [77] 

 

4.1.2 CloudCompare 

 

CloudCompare is a 3D point cloud processing software. CloudCompare provides a set of 

basic tools for manually editing and rendering 3D point clouds and triangular meshes. It 

also offers various advanced processing algorithms.  

 

The user can interactively segment 3D entities (with a 2D polyline drawn on screen), 

interactively rotate/translate one or more entities relatively to the others, interactively pick 

single points or couples of points or triplets of points. 

 

4.1.3 VisualSFM 

 

VisualSFM is a GUI application for 3D reconstruction created by Changchang Wu using 

Structure from Motion (SfM). The reconstruction system integrates several of Wu 

previous projects such as SIFT on GPU, Multicore Bundle Adjustment, and Towards 
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Linear – time Incremental Structure from Motion. VisualSFM runs fast by exploiting 

multicore parallelism for feature detection, feature matching and bundle adjustment. [78] 

 

For dense reconstruction, this program integrates the execution of Yasutaka Furukawa’s 

PMVS/CMVS tool chain. The SfM output of VisualSFM works with several additional 

tools, including CMP-MVS by Michal Jancosek, MVE by Michael Goesele's research 

group, SURE by Mathias Rothermel and Konrad Wenzel, and MeshRecon by Zhuoliang 

Kang. [78] 

 

4.2 Location of the wire fence 
 

This project is divided into 2 main parts: Image processing of the frames that are part of 

the recorded videos of the wire fence to obtain the samples that will form the datasets 

used in GANomaly algorithm and the detection of anomalies with this algorithm. 

 

In this section, the different methodologies used to achieve the first part of this work will 

be explained, that is, the procedures carried out to obtain samples. 

 

4.2.1 Recorded videos 

 

To carry out this project, a series of recorded videos have been provided. The videos 

contain high – quality (HD) recordings of a fence in the desert from different distances, 

viewpoints, and speeds. The videos are recorded with an UAV, specifically with a drone.  

 

These videos can be divided into two types: 

 

▪ Normal border fence: Contains recordings of the fence in normal conditions, in 

other words, without anomalies. 

 

▪ Broken  border fence: Contains recordings of the fence in poor conditions, this 

may be broken or covered by sand. 

 

The videos that contain normal border fence will be those that will be used later for the 

extraction of normal, and also some abnormal samples. While those containing broken 

fence will be used to obtain abnormal samples, 

 

In Figure 12,  examples frames of these two types are shown. 

 
Not all the recordings containing normal fence are suitable for sample extraction. Videos 

have to meet a series of conditions for the image processing algorithms to be effective, 

some of these characteristics are: 

 

▪ Drone speed: The speed at which the drone travels should not be very high, 

because if this happened the differences between one frame and the next would 

be very large and therefore, the detection and reconstruction algorithms of the 

fence would have greater difficulties to find the matching point between them. 

 

▪ Video stability: The recording should not have sudden movements since, in the 

same way as in the previous point, it would make it difficult to match points. 
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▪ Point of view: The video must be recorded in such a way that the fence is seen 

form the front and all the details can be appreciated without perspective. A wrong 

perspective of the fence could cause the loss of some important data. The video 

cannot be recorded very close to fence either, since not showing it in its entirety 

would also lose information. 

 

In  Figure 12 as well, the upper image shows a perfect example of a frame that can be 

used by the image processing algorithms for the correct detection of the fence. In Figure 

13, an example of a series of frames belonging to a video that does not meet the necessary 

specifications. 

 

 

 
 

Figure 12. Frames of the different videos. Above a normal fence, below a broken one. 

 
 
 
 



4. METHODOLOGY 

 

38                             ESCUELA TÉCNICA SUPERIOR DE INGENIEROS INDUSTRIALES (UPM) 

 

 
 

Figure 13. Video frames that do not meet the necessary characteristics for obtaining samples. 

Therefore, the prior step to detect the fence from the videos is to review them to select 

those that meet the conditions. Once this step has been carried out, the different 

approaches proposed for the location of the fence will be performed. 

 
4.2.2 Point Feature Matching 

 

The first approach that has been made in this work is Point Feature Matching. This 

technique is based in Video Stabilization using Point Feature Matching in MATLAB [79] 

 

The code of these approach is divided in three steps: 

 

1. Read frames from a movie file. 

 

2. Collect salient points from each frame. 

 

3. Select correspondences between points. 

 

In the first step, the first frame of the video sequence will be read. The frames of the video 

will be read as intensity images (black and white) since colour is not necessary for the 

uses of the computer vision algorithms in this approach. Once the first frame is read it 

would be necessary to mark in MATLAB the area of one rectangle of the fence (repeating 

pattern), for this task imcrop or ginput functions can be used to cut out the image. This 

template will be used to find the fence in all other frames. 

 

Then, manually (using imcrop or ginput), the user will mark the area where you expect 

the fence to appear in all frames, the height of this area depends on how much the fence 

moves up and down in the video, but it can be assumed that this should be maximum one 

third of the image height in this case. 

 

In Figure 14, an outline of these steps are shown. 
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Figure 14. Matlab crop for point feature matching. In blue, part of the fence used as a template. In yellow, 

part of the image where is expected to appear the fence in all other frames. 

 

After this, on each new frame, the MATLAB code will use the yellow area determined in 

previous step to cut out everything except the area between the yellow lines (it is not 

expected to find the fence anywhere else).  

 

This resulting frames after the cut will be divided, this division is made using the template. 

The image will be cut in stripes, where each stripe is the result of cutting vertically 

approximately to the width that is 1.5 x width of the template. The outline of this step is 

show in Figure 15, and the resulting of this process is show in Figure 16. 

 

 
 

Figure 15. Outline of the dividing process 
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Figure 16. Resulting image of the dividing process 

For each of those small images like the one in Figure 16, the Steps 2 and 3 of the process 

will be executed; collect salient points from each frame and calculate the correspondences 

between points respect the image template. So, it is possible to know the position of the 

fence in each segment and find out where the fence lies. 

 

The final goal is to determine a transformation between two frames. To achieve that, it is 

necessary to find a set of point correspondences between two frames, in step 2 candidate 

points for each frame are produced. To have the best chance that these candidate point 

will have corresponding points in the other frame, points around salient image features 

such as corners are the ones that are wanted. For this aim it is used the 

detectFASTFeatures function, which implements one of the fastest corner detection 

algorithms. 

 

The detected point from two images is shown in the Figure 17. 

 

 
 

Figure 17. Detected point with FAST algorithm in template and image 
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The third step of this approach is to pick correspondences between the point derived from 

the step 2 like the ones in the Figure 17. For each point, a Fast Retina Keypoint (FREAK) 

descriptor is extracted centred around it. The matching cost used between the points is 

the Hamming distance. The points in template frame and the other frame are matched 

putatively. 

 

Figure 18 shows a red – cyan colour composite to illustrate the pixel wise difference 

between the images, where the red image is the template, and the cyan image is the image 

extracted in the step 1. Calculated points in step 2 from the template image are the red 

ones and the calculated points from the other image are the green ones. Yellow lines are 

drawn between points to show the correspondences. 

 

 
 

Figure 18. Red – cyan colour composite to illustrate difference between images. 

In Figure 18 is an example where some of these correspondences are correct, but there is 

also a significant number of these matches that are not correct, too many for an effective 

fence location. This may be due to the large number of feature points extracted in the Step 

2 and to the repetitive pattern of the fence. Besides, for other images the FREAK 

descriptor is not working, not being able to calculate the correspondences between two 

images. 

 

In the Results section further description and analysis of the results will be made. In the 

Appendix A.1, the MATLAB code of this approach can be consulted. 

 

4.2.3 Structure from Motion 

 

The second approach that has been made in this work is the reconstruction in 3D of the 

wire fence using the technique Structure from Motion. To carry out this method it is 

necessary to use three software: MATLAB, CloudCompare and VisualSFM 

 

This method will be divided in three steps: 

 

▪ 3D dense reconstruction of the wire fence using VisualSFM. 

 

▪ Remove noise from the resulting 3D model using Cloud Compare and MATLAB. 
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▪ Create from the 3D model a 2D mask in MATLAB that will be used for the 

extraction of normal samples.  

 

In the first step, using the SfM technique and the software specialized in this method 

VisualSFM, the 3D model of the fence is obtained. This section will explain the 

configuration options chosen to obtain the best possible model of the fence. 

 

First of all, VisualSFM has as input the frames of the video to be analysed. To have this 

input the video must be divided into frames, in this works it is used a batch file containing 

a command line that uses the FFMPEG tool, a solution for recording and converting audio 

and video. The command line used in this file is: 

 
ffmpeg -i DJI_0115.MP4 -filter:v "[in]select='between(t,10,60)'[out]" -vsync 0 
imgseq\out%%5d.jpg 

 

After obtaining the video frames, VisualSFM can be used. The first thing is to add the 

frames to the program using the option Open Multiple Images shown in Figure 19. 

 

 
 

Figure 19. VisualSFM GUI with the most commonly used short – cuts highlighted. 

Once loaded the parameters must be adjusted for better reconstruction, in this case the 

option Compute Sequence Match will be used. This option is used for video sequences, 

where you want to match every two frames in a certain range. In this work the range is 

40 frames. This step is illustrated in Figure 20. 

 

The range chosen will depend on each video to be analysed. The higher the range the 

longer it will take to rebuild the fence, but the better the reconstruction. It is suggested to 

start in low ranges and then increase the value until the reconstruction is adequate. 
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Figure 20. Compute Sequence Match with range 40 

After adjusting the parameters, the 3D reconstruction can begin. To do this, first the 

option Compute Missing Matches and after finished the option Compute 3D 

Reconstruction which can be seen in Figure 19 will be used.  The time used for 

reconstruction will depend on the following factors: 

 

▪ Number of frames: The more frames, the longer it takes for the programme to run. 

The number of frames obtained from the video can be changed in the batch file. 

In videos where the drone travels at slow speed, the number of frames obtained  

may be less because the differences between consecutive frames will be very 

small. 

 

▪ Frame size: The larger the frame size (more pixels) the longer it will take the 

programme to compute missing matches. For a reconstruction where the 

consecutive frames have small differences it is possible to give as input a cut 

frame, i.e., one that does not contain all the information like the one in Figure 21. 

This solution is good for saving execution time, but information is lost from the 

ends of the fence. 

 

▪ Range in Compute Sequence Match: The lower the range, the fewer frames are 

compared to each other and the faster the run time. This range must be adjusted 

based on a compromise between runtime and accuracy in fence reconstruction. 
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Figure 21. Cut frame. 

Once the 3D reconstruction is finished, the result will appear on the screen and an .nvm 

file is generated which specifies all the details of the reconstruction such as the number 

of cameras, the properties of each one, the number of 3D points and their characteristics. 

 

Figure 22 shows the reconstruction of the fence and the cameras associated with this 

reconstruction in their relative positions to the fence. It is possible to explore the 3D space 

by rotating, panning, and zooming to see the topography of the area. 

 

 

 
Figure 22. Reconstruction of the 3D fence and camera positions 

The sparse point cloud is a good approximation of the fence model, but it is possible to 

get a denser cloud by using the PMVS/CMVS tool. This can be done selecting the option 

Run Dense Reconstruction shown in Figure 19. With more and larger images this step 

can take a long time, this time will depend on the same factors mentioned before for the 

sparse 3D reconstruction.  

 

Once it is complete, VisualSFM automatically saves the point cloud. As a result, a .ply 

out file is generated, this file contains both XYZ location values as well as RGB colour 

values for each point in the dense point cloud. To open this file a free point cloud editing 

software can be used such as CloudCompare, the resulting 3D model of the fence open in 

this software can be seen in Figure 23. 
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Figure 23. Dense 3D reconstruction of the fence in CloudCompare 

After importing the resulting point cloud into CloudCompare, the second step of this 

approach will take place, remove noise from the resulting 3D model using Cloud 

Compare and MATLAB. 

 

In CloudCompare the Segmentation tool is used to roughly choose the part of the model 

that is not noise. After the segmentation, the resulting model will look like the one shown 

in Figure 24. 

 

 
 

Figure 24. 3D point cloud after removing noise in CloudCompare 

This noise removal is not enough. Since the samples needed should only belong to the 

fence, there should be no point belonging to the ground, nor to the background. For this 

reason, a program has been developed in MATLAB that adjusts the model of a plane to 
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the floor of the 3D model for its removal and the model of a quadratic surface to the fence 

for its conservation. 

 

Firstly, the model of a plane has been adjusted to the ground, for this purpose it has been 

located where the ground is approximately (place with the highest density of points in the 

y axis) and the function of the RANSAC algorithm developed in MATLAB by Peter 

Kovesi [1]  has been used to adjust the model to these points. Once achieved, all the points 

that were close enough to the plane have been eliminated, based on a threshold value. 

 

Secondly, a model of a quadratic surface, specifically an ellipsoid has been adjusted to 

the other point after removing the ground. Contrary to what was done in the case of the 

plane, all those points which were sufficiently close to the ellipsoid based on a threshold 

values have been preserved and the rest of the points have been eliminated. 

 

Figure 25 shows the graphic representation of the model fittings and the resulting 3D 

point cloud. The code for this process can be consulted in Appendix A.2 

 

Once the 3D model of the isolated fence is obtained, it is possible to execute the third step 

of this process, create from the 3D model a 2D mask in MATLAB that will be used for 

the extraction of normal samples.  

 

For this purpose, the equations of the Geometric Camera Model will be used to map the 

3D points to 2D points. This equations (2) are the ones explained in section 2.2.1. In order 

to use these equations, it will be necessary to know the focal length which is a property 

of the camera. The focal length value for each model is obtained from the statistical mode 

value of all focal length data in the .nvm file, one for each frame/camera. 

 

Figure 25. Graphic representation of the model fitting and the resulting 3D point cloud 
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The obtained 2D model is shown in Figure 26. 

 

 
 

Figure 26. 2D model of the fence 

The resulting 2D model contains certain parts in which there are no defined pixels caused 

by the lack of information or density of common points which makes it difficult to 

accurately reconstruct the structure. This is due to the parallax effect, which is the change 

of position of objects in relation to their depth when the observer moves, objects that are 

closer move quickly, while images of distant objects remain practically immobile. And 

due to the nature of the SfM technique, it causes information to be lost from those pixels 

that represent the background of the image. 

 

In order to obtain those pixels without information, a mapping of these pixels to the 

original frames that compose the video is made using the 2D mask as a guide, forming 

the new model in 2D reflected in Figure 27. 

 

 
 

Figure 27. 2D model obtained after mapping to the original frames. 

Once the 2D image is obtained, the necessary samples to train the neural network can be 

created, these procedures will be explained in detail in section 4.3.  In Appendix A.3 the 

code developed in MATLAB for the creation of the 2D mask can be consulted. 

 

4.3 Anomaly detection 
 

In this section, the procedures carried out for the detection of anomalies, the second part 

of this work, are presented.  

 

4.3.1 Creating datasets  

 

After obtaining the 2D image of the entire fence, the necessary samples need to be 

obtained to train and test the GANomaly algorithm. Therefore, it will be two datasets: 

 

▪ Training dataset: Contains only normal samples. In this work, this dataset contains 

25453 normal samples. 

 

▪ Test dataset: Contains both normal and abnormal samples. In this work, this 

dataset has 7024 normal samples and 964 abnormal samples. 

 

Both normal and abnormal samples from both datasets are 32x32 pixel images, these have 

been obtained using a program develop in MATLAB that allows the division of images 

into 32x32 pixel images. This code can be consulted in Appendix A.4 
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The normal samples in the training dataset have been obtained from the 2D models 

obtained. The models used are different, at varying distances from the fence, allowing the 

samples obtained to be diverse and to detect the fence even if the drone records at different 

distances. In Figure 28 some examples of normal samples in the training dataset. 

 

 
 

Figure 28. Examples of normal samples 

The normal samples for the test dataset will be obtained again from the 2D models 

generated ensuring that the samples correspond to the fence but must be different from 

the 2D models used to obtain training normal samples to get a real measure of the 

performance of the neural network. 

 

Finally, the abnormal samples for the test database will be obtained manually from the 

different frames that compose the videos. These samples should be taken from entities in 

the images that are abnormal such as signs, people, vehicles, broken fences, sand covering 

a fence, etc. Some of this abnormal entities are shown in Figure 29. 

 

 
 

Figure 29. Examples of abnormal entities 

4.3.2 GANomaly 

 

Once the databases have been obtained, the training dataset will be used to train 

GANomaly. After this process, the test dataset will be used to evaluate the model using 

the AUROC and AUPRC metrics mentioned in sections 3.4.2 and 3.4.3 
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The results obtained are quite promising, and it can be said that the approach used is 

appropriate, it is true that the results obtained are far from perfect, but they establish a 

path to follow in the processing of images to obtain anomalies. The results with AUPRC 

will be more significant than the ones obtained with AUROC, due to the imbalanced of 

the dataset. 

 

These results will be explained in detail in the Results and conclusions section, as well as 

the main reflections of the work. 
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Chapter 5 

 

RESULTS AND CONCLUSIONS 
 

In this chapter the main results of the performance of the GANomaly algorithm from the 

solutions obtained from the image processing algorithms proposed in this work are 

analysed as well as the main reflections of the work. 

 

5.1 Results 
 

5.1.1 Point Feature Matching 

 

One of the methods proposed for the location of the fence in image processing is the Point 

Feature Matching in MATLAB. As seen in section 4.2.2, this approach has been discarded 

because the algorithm used does not match features correctly in most of the images. 

 

To check the performance of the algorithm, a series of statistical measures have been 

taken: 

 

▪ Total frames that have been processed: 90. 

 

▪ Good frames that have been processed (At least 2 good stripes): 0. 

 

▪  Total stripes that have been processed: 450. 

 

▪ Good stripes that have been processed (More than 50 matching points): 5. 

 

Being the stripes the division of the frames with the width equal to 1.5 x width of the 

template. 

 

As the statistical parameters show 0% of the frames have 2 stripes where there are 

correspondences and only 1% of the total number of bands has feature matching with the 

template. Therefore, this approach does not work and that is why it has been discarded. 

 

One of the reasons the FREAK descriptor does not work is that the detectFASTFeatures 

function detects as features points that are not relevant to the matching. This may be due 

to the similarity at all points in the fence, since the pattern that compose the structure of 

the fence is constantly repeated and there are no points that stand out from the rest. This 

effect can be seen in Figure 17 and 18 in section 4.2.2 

 

5.1.2 Structure from Motion 

 

The other approach used and explained in section 4.2.3 is SfM, this approach has been 

successful as it is the method used for the subsequent detection of anomalies.  
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The success and time used in the reconstruction of the fence depends on the factors 

already explained, such as the number of frames used, the size of the frames or the range 

used in compute sequence match. A compromise must therefore be found between the 

two factors. 

 

To analyse this compromise, two reconstruct models will be taken as examples. The time 

of each process and each model is shown in Table 2, running times will also depend on 

the computing power. 

 

 
 Model 1 Model 2 

Length of video 1 min 32 s 36 s 

No. of frames 1499 783 

Range 40 20 

Size in pixels 1920x1080 246x1080 

Pairwise matching 266 min 17 min 

3D sparse reconstruction 74 min 12 min 

3D dense reconstruction 59 min 1 min 

Total time 399 min 30 min 
 

Table 2. Characteristics and run time of each model. 

The dense reconstruction of each one are shown in Figure 30. 

 

 

 
 

Figure 30. 3D dense reconstruction. In the upper picture the model 1, in the lower picture the model 2. 

As can be seen, all parameters affect the quality of the fence reconstruction. The time in 

model 1 is much longer than in model 2 but the characteristics of the reconstructed model 

are not much better. For example, in both cases, there are missing pixels, therefore the 

original image must be mapped in either models.  

 

Thus, the reconstruction of models with characteristics similar to those of model 2 will 

be sufficient to obtain the 2D model of the fence.  

 

It is true that VisualSFM takes 30 minutes to reconstruct a 36 second video. But this 

process could be done simultaneously on several powerful machines, achieving several 

models even in less time. Moreover, a human operator would take much longer to isolate 

the fence from each of the frames to obtain the normal samples and could even skip some 

anomalies. 
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5.1.3 GANomaly 

 

As explained in sections 3.4 and 4.3.2, the AUROC and AUPRC metrics are very useful 

tools when evaluating binary classification models. In particular, the value of AUPRC is 

very significant for imbalanced data. 

 

It must be considered that the positive samples in this case are the anomalies (abnormal 

samples) , since they are the ones of which we have the least information and the ones 

that should be detected. 

 

Firstly, the baseline of each metric will be calculated, in the case of AUROC it will be 

0.5, and in the case of AUPRC it will be calculated using equation (10). Therefore: 

 

▪ AUROCBL = 0.5 

▪ AUPRCBL = Positive Samples/Total Samples = 964/(7064+964) = 0.12 

 

The positive sample being normal test samples and the total samples the sum of the 

normal test samples and the abnormal test samples. 

 

Knowing the baselines, the performance of GANomaly can be evaluated from the value 

of AUPRC and AUROC. These values are provided by GANomaly itself: 

 

▪ AUROC 

 
 >> Training model Ganomaly. 
 >> Training model Ganomaly. Epoch 1/15 
    Avg Run Time (ms/batch): 3.904 AUC: 0.570 max AUC: 0.570 
 >> Training model Ganomaly. Epoch 2/15 
    Avg Run Time (ms/batch): 4.036 AUC: 0.550 max AUC: 0.570 
 >> Training model Ganomaly. Epoch 3/15 
    Avg Run Time (ms/batch): 3.905 AUC: 0.500 max AUC: 0.570 
 >> Training model Ganomaly. Epoch 4/15 
    Avg Run Time (ms/batch): 3.873 AUC: 0.627 max AUC: 0.627 
 >> Training model Ganomaly. Epoch 5/15 
    Avg Run Time (ms/batch): 3.854 AUC: 0.671 max AUC: 0.671 
 >> Training model Ganomaly. Epoch 6/15 
    Avg Run Time (ms/batch): 4.016 AUC: 0.514 max AUC: 0.671 
 >> Training model Ganomaly. Epoch 7/15 
    Avg Run Time (ms/batch): 3.891 AUC: 0.572 max AUC: 0.671 
 >> Training model Ganomaly. Epoch 8/15 
    Avg Run Time (ms/batch): 3.967 AUC: 0.618 max AUC: 0.671 
 >> Training model Ganomaly. Epoch 9/15 
    Avg Run Time (ms/batch): 4.232 AUC: 0.558 max AUC: 0.671 
 >> Training model Ganomaly. Epoch 10/15 
    Avg Run Time (ms/batch): 4.116 AUC: 0.588 max AUC: 0.671 
 >> Training model Ganomaly. Epoch 11/15 
    Avg Run Time (ms/batch): 3.942 AUC: 0.546 max AUC: 0.671 
 >> Training model Ganomaly. Epoch 12/15 
    Avg Run Time (ms/batch): 3.886 AUC: 0.527 max AUC: 0.671 
 >> Training model Ganomaly. Epoch 13/15 
    Avg Run Time (ms/batch): 4.016 AUC: 0.571 max AUC: 0.671 
 >> Training model Ganomaly. Epoch 14/15 
    Avg Run Time (ms/batch): 3.908 AUC: 0.512 max AUC: 0.671 
 >> Training model Ganomaly. Epoch 15/15 
    Avg Run Time (ms/batch): 4.013 AUC: 0.521 max AUC: 0.671 
 >> Training model Ganomaly.[Done] 
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▪ AUPRC 

 
 >> Training model Ganomaly. 
 >> Training model Ganomaly. Epoch 1/15 
    Avg Run Time (ms/batch): 3.847 AUC: 0.228 max AUC: 0.228 
 >> Training model Ganomaly. Epoch 2/15 
    Avg Run Time (ms/batch): 3.874 AUC: 0.225 max AUC: 0.228 
 >> Training model Ganomaly. Epoch 3/15 
    Avg Run Time (ms/batch): 3.906 AUC: 0.237 max AUC: 0.237 
 >> Training model Ganomaly. Epoch 4/15 
    Avg Run Time (ms/batch): 4.162 AUC: 0.296 max AUC: 0.296 
 >> Training model Ganomaly. Epoch 5/15 
    Avg Run Time (ms/batch): 3.921 AUC: 0.288 max AUC: 0.296 
 >> Training model Ganomaly. Epoch 6/15 
    Avg Run Time (ms/batch): 3.958 AUC: 0.265 max AUC: 0.296 
 >> Training model Ganomaly. Epoch 7/15 
    Avg Run Time (ms/batch): 3.917 AUC: 0.271 max AUC: 0.296 
 >> Training model Ganomaly. Epoch 8/15 
    Avg Run Time (ms/batch): 3.963 AUC: 0.274 max AUC: 0.296 
 >> Training model Ganomaly. Epoch 9/15 
    Avg Run Time (ms/batch): 3.980 AUC: 0.281 max AUC: 0.296 
 >> Training model Ganomaly. Epoch 10/15 
    Avg Run Time (ms/batch): 3.919 AUC: 0.276 max AUC: 0.296 
 >> Training model Ganomaly. Epoch 11/15 
    Avg Run Time (ms/batch): 3.886 AUC: 0.264 max AUC: 0.296 
 >> Training model Ganomaly. Epoch 12/15 
    Avg Run Time (ms/batch): 3.937 AUC: 0.271 max AUC: 0.296 
 >> Training model Ganomaly. Epoch 13/15 
    Avg Run Time (ms/batch): 3.939 AUC: 0.264 max AUC: 0.296 
 >> Training model Ganomaly. Epoch 14/15 
    Avg Run Time (ms/batch): 4.230 AUC: 0.284 max AUC: 0.296 
 >> Training model Ganomaly. Epoch 15/15 
    Avg Run Time (ms/batch): 3.946 AUC: 0.232 max AUC: 0.296 
 >> Training model Ganomaly.[Done] 
 

Therefore, the values obtained are AUROC = 0.67 and AUPRC = 0.296. Both values are 

above their baselines respectively, this means that these are not poor values.  

 

In this case, AUROC = 0.67 means that the performance is suboptimal, which means that 

is not a useless model, but it is below the quality standards. This value, as has been said 

on many occasions, it is not too accurate due to imbalanced datasets. On the other hand, 

AUPRC = 0.296 with a baseline of 0.12 can be considered a good performance, the kind 

of performance that works but is not perfect. 

 

Therefore, it can be said that the image processing method is good for obtaining samples 

since the GANomaly algorithm obtains good results from them. 

 

5.2 Conclusions 
 

In this section the significance of the results found in the previous section is assessed, 

indicating if the proposed initial objectives are fulfilled or not. 

 

The main objective of this work was to be able to develop a tool capable of automatically 

locating the position of the wire fence for the subsequent detection of anomalies with the 

GANomaly neural network. The main problem is that the fence comes in all shapes and 

dimensions. 
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There are several ways to locate the fence: 

 

▪ By manually marking the location of the fence in all frames, this solution is 

conventional and therefore not useful, no automation mechanism is necessary and 

is the one to be avoided. 

 

▪ Use the point featuring matching algorithm, the results of which as seen in the 

previous section, have not been good due to the repetitive pattern of the fence. 

 

▪ Create a panorama stitching with VisualSFM. As has been seen, this method 

achieves very good results due to the removal of anything that is not a fence, such 

as bushes, signs, or pylons. This last method has been finally chosen to locate the 

fence in the frames for the subsequent execution in GANomaly.  

 

For this purpose, the last two types of approaches have been developed to obtain the fence, 

one of them being the one finally used due to its good results compared to the other one. 

The process of studying the different image processing algorithms has yielded interesting 

results on the efficiency of each one of them, as well as revealing the different limitations. 

 

First of all, for the chosen method, a set of parameters has been determined for the 

VisualSFM software, which has as its main objective the 3D reconstruction and 

consequently the localisation of the fence. VisualSFM is an easy to use and very didactic 

tool once the correct parameters have been explained, which allows any user to be able 

to use it. 

 

The main limitation in the reconstruction of the fence is the time to obtain it, this time as 

we have seen in the chapter Results can be solved by using several computers with more 

power and adjusting the parameters of VisualSFM. 

 

In order to obtain better results in obtaining subsequent anomalies, a tool has been 

developed capable of eliminating unnecessary noise in the 3D model obtained from the 

fence. The RANSAC algorithm, widely used in the world of computer vision, has been 

used for this purpose. The results obtained and described in section 5.1 show that a good 

noise elimination has been achieved and therefore have been satisfactory. 

 

Secondly, a program has been developed for the transformation of the 3D model to a 2D 

model from the equations of the camera geometry. Again, it is a very easy to use tool to 

obtain a 2D image file of the fence with very good results.  
 
Finally, the obtaining of samples by means of a programme that allows the image obtained 

in the previous step to be divided into 32x32 pixel images automatically, fulfilling the 

objectives without any problems. These samples will have to be classified by the user to 

train and test the neural network. GANomaly has been previously programmed, so its 

execution and results have not involved any work within this project. 

 

Based on the above and on the statistical results obtained after the classification of 

GANomaly test samples, it can be concluded that the objectives of the work have been 

met, and therefore, a suitable method of locating and extracting samples from the fence 

that produces good classification results has been achieved.  
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Finding a good anomaly detection method allows for a compression of the input data and 

therefore an automation of the fence monitoring process, which brings benefits in terms 

of time and cost savings. 

 

5.3 Social impact 
 

This project focuses on border surveillance needs, a border represents the limit to a 

country's action and is therefore used as a checkpoint for goods and people in international 

transit.  

 

The surveillance of these borders is a reality that cannot be subject to improvisation and 

must be permanent, which until now has been carried out in the traditional way, with 

police or army, and which is therefore a necessity that will not disappear.  

 

Traditional strategies have in many cases proved to be useless and excessively expensive, 

hence the need to have the capacity to carry out inspections more quickly and efficiently. 

 

Automatic anomaly detection will be a great tool when it comes to monitoring desert 

areas where access is difficult or areas where there are no checkpoints. The automation 

of this process will allow more police or military personnel to be assigned to other types 

of tasks that require human attention, for example, emergency situations such as rescues, 

fires, natural disasters, or occasions where the safety of citizens is compromised. 

 

5.4 Legal, ethical, and professional responsibility 
 

The control of external borders is undoubtedly a highly topical issue that poses a number 

of challenges, covering both security and human rights protection issues. As population 

mobility is an unstoppable process in an increasingly globalised world, it is essential for 

receiving countries to achieve intelligent, effective, and orderly management of external 

borders, i.e., one that is capable of strengthening surveillance, preventing irregular 

immigration and cross-border crime, but at the same time ensuring respect for human 

rights. 

 

In relation to this issue, the Sustainable Development Goals (SDGs), in particular Goal 

10: Reduce inequalities, should be considered. Inequality within and among countries is 

a persistent cause for concern. Despite some positive signs toward reducing inequality in 

some dimensions, such as reducing relative income inequality in some countries and 

preferential trade status benefiting lower-income countries, inequality still persists. 

Therefore, a Global Pact has been proposed by UN member states to enable safe, orderly, 

and regular migration, in specific objective 10.7: Facilitate orderly, safe, regular, and 

responsible migration and mobility of people, including through the implementation of 

planned and well-managed migration policies. 

 

On the other hand, UAVs, commonly known as drones, are eco-friendly gadgets that 

allow to reduce the amount of carbon dioxide emission which would have been produced 

if the surveillance was made by other means of transport and they are also time and cost 

efficient. Drones have proven to be a very useful tool for performing long – range aerial 

inspections of infrastructure, including fences. These inspections can be very expensive 

and the use of drones to transmit pictures and information can facilitate working on 

https://unstats.un.org/sdgs/report/2019/goal-10/
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solutions more quickly, hence ensuring the achievement of sustainable development thus 

fulfilling Goal 13, which aims to combat climate change. 

 

Another important goal set forth by the UN is to ensure sustainable economic growth, full 

and productive employment, and decent work for all (Goal 8). In this respect, the drone 

technology promises diverse and attractive possibilities and is bound to reshape a number 

of business sectors whilst creating enormous employment opportunities. 

 

Finally, and in general terms, this work presents a solution that is part of Goal 9 of the 

SDGs: Promote sustainable industrialization and foster innovation. Inclusive and 

sustainable industrialization, together with innovation and infrastructure, can unleash 

dynamic and competitive economic forces that generate employment and income. They 

play a key role in introducing and promoting new technologies, facilitating international 

trade, and enabling the efficient use of resources. Innovation and technological progress 

are key to finding lasting solutions to both economic and environmental challenges, such 

as increased resource and energy-efficiency. 
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Chapter 6 

 

TIME PLANNING AND BUDGET 
 

This chapter sets out the planning and development of the work in chronological order 

including an estimate of the project budget. 

 

6.1 Work phases 
 

This project has been carried out during 2020 and 2021. The idea of this thesis is proposed 

by the supervisor by the end of February 2020 and is finished in February 2021. 

 

6.1.1 General preparation 

 

Although the realisation of the project does not start until the end of February, a 

preliminary study of the most important theoretical contents of computer vision was 

carried out during the Computer Vision course taught by the supervisor of this work, 

Janez Perš, at the University of Ljubljana from October 2019 to February 2020.  

 

The study of this subject and the bibliography consulted for its preparation served as a 

theoretical introduction to the field of computer vision. In addition, the website 

Mathworks, which is the developer of the Matlab software, was also consulted in order 

to carry out the laboratories associated with this course. This was a training for the future 

use of algorithms and development tools in Matlab during this work. 

 

The information obtained during this period was supplemented later at the start of the 

project by reading up on those methods that had not been covered during the Computer 

Vision course, this was complemented by the material and help provided by the 

supervisor. 

 

In addition to all the theoretical documentation consulted, the viewing and supervision of 

the videos that would be used for the realisation of the work was carried out; and the 

necessary software tools were installed for the realisation of the following stages of the 

thesis. 

 

6.1.2 Specific preparation 

 

In this second phase, an in-depth understanding of the methods and algorithms for the 

location of the fence in the different frames, as well as the Matlab functions and the use 

of the software associated with these methods was carried out. 

 

Firstly, the conditions of the project were studied in order to choose the most suitable 

methods for the project. Secondly, we proceeded to implement these methods using the 

different computer programmes for the localisation of the fence and obtaining the 

samples, as well as reading the bibliography associated with the neural network used, 

GANomaly.  
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This phase has been the most complex and extensive, combining both the study of the 

theory of computer vision and anomaly detection methods, as well as the functions and 

programmes for their use and correct operation. 

 

Finally, a study of the results obtained in the different methods for the frame processing 

and the results of the performance of the GANomaly algorithm with the samples obtained 

in these processes has been carried out. 

 

This process has been carried out simultaneously with the development of the work at all 

times, with both processes complementing each other.  

 

6.1.3 Development 

 

As explained above, the development and the theoretical study of the project have been 

carried out simultaneously, following the following phases of the elaboration: 

 

1. Viewing and supervision of the videos provided. 

 

2. Development of the algorithm in Matlab based on the Point Feature Matching 

method. 

 

3. Study of the Structure from Motion method as a solution, consisting of the use of 

VisualSFM and the development of Matlab tools for the subsequent processing of 

the point cloud for transformation into a 2D image and sampling. 

 

4. Use of the GANonmaly algorithm and the study of the results obtained with 

different metrics, being able to define whether the chosen approaches have been 

successful in the anomaly detection. 

 

6.1.4 Drafting 

 

After fulfilling the objectives of the project, the drafting of this document began, 

complying with the conditions and recommendations for style, composition, titles, 

headings and binding according to the document [80] 

 

In addition, the already developed code was cleaned up and optimised. 

 

6.2 Time planning: Gantt Chart 
 

A table with the start and end dates of each of the stages, as well as the duration of each 

stage, is attached below. The number of days is not significant, as not all days were 

worked during this period. The Gantt chart of the project is also included. 
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Figure 31. Thesis Gantt Chart 
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Work phases  Start Date End Date Duration (days) 

General preparation 02/10/2019 18/03/2020 168 

Specific preparation 19/03/2020 29/12/2020 285 

Development 19/03/2020 29/12/2020 285 

Drafting 02/01/2021 01/03/2021 58 

 

Table 3. Start and end date of the thesis phases. 

 

6.3 Budget 
 

In order to estimate the economic dimension of the master’s thesis, it should be considered 

the resources used for its realisation, hardware and software purchased for use in this 

project, as well as the time dedicated by the student and the supervisor. 

 

The first step is to analyse the cost of human resources, calculated on the basis of the 

number of hours spent on the project. On the one hand, the dedicated time on this work 

is estimated at approximately 330 hours. Having into account that this works covers 12 

ETCS, the estimated time is considered as suitable according to the requirements by the 

European Higher Education Area. The dedicated time by the supervisor of this thesis is 

estimated as 20 hours. 

 

Assuming that the annual price for a newly qualified engineer including direct and 

indirect costs is  30000€/year, and assuming that this price is determined for a year with 

208 working days and 8 hours of work per day. The cost of the student is approximately 

18€/hour.  On the other hand, and based on [81][82], the cost of the supervisor again 

considering direct and indirect costs is 33000€/year, which translates to approximately 

20€/hour. The total staff cost is therefore 6340€. 

 

The cost of the hardware equipment is accounted for according to the equipment used, its 

price, its lifespan, and the length of time each piece of equipment has been used. The 

equation used is: 

 

𝑇𝑜𝑡𝑎𝑙 𝑐𝑜𝑠𝑡(€) =  
𝐸𝑞𝑢𝑖𝑝𝑚𝑒𝑛𝑡 𝑐𝑜𝑠𝑡

𝐿𝑖𝑓𝑒𝑠𝑝𝑎𝑛
× 𝑇𝑖𝑚𝑒 𝑖𝑛 𝑢𝑠𝑒        (11) 

 

Table 4 shows a summary of the hardware equipment and software used during this 

project and the total cost involved. 

 

Equipment Equipment cost (€) Time in use (h) Lifespan (h) Total (€) 

Personal computer 800 330 43800 4.5 

Windows 10 Home 145 - - 145 

Microsoft Office 13 70 - - 70 

Matlab 70 - - 70 

Total    289.5 
 

Table 4. Cost of the project according to the equipment used. 
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Indirect costs related to electricity, water and other utilities are already included in the 

staff costs and will therefore not be considered. The total cost of the project is as follows: 

 

Total cost 

Human resources 6340 

Equipment (Software and Hardware) 289.5 

Total 6629.5 
 

Table 5. Total project cost 
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Chapter 7 
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Appendix A 
 

A.1 Point Feature Matching code 
 

% LOCATION OF THE FENCE. POINT FEATURE MATCHING 

clear; 

close all; 

clc; 

 

% Video object reader (input) 

OriginalVideo = VideoReader('DJI_0069.MP4'); 

 

% Initialize counters for stadistics 

good_s = 0; 

total_s = 0; 

good_frame = 0; 

frame = 0; 

frame_check = 0; 

% Initialize parameters, from first frame 

I2 = rgb2gray(im2single(readFrame(OriginalVideo))); 

I2p = I2; 

% Hcumulative: describes all camera motion since the first frame 

Hcumulative = eye(3);                                                       

% Select templates - Template use for finding the fence in all other images 

template = imcrop(I2); 

%Area where is expected to be the fence, height: max 1/3 of the image height                                                     

[~,fence_y] = ginput(2);                                                    

fence_y = round(fence_y); 

 

% Process all frames in the video 

while hasFrame(OriginalVideo) 

    % Read new frame 

    I2 = rgb2gray(im2single(readFrame(OriginalVideo))); 

    %Count new video frame 

    frame_check = frame_check + 1; 

    if frame_check == 10 

%       % First frame now is I1 (z^-1) 

%       I1 = I2; 

%       I1p = I2p; 

        % Get the ROI of the new frame (Area where fence is expected) 

        I2_ROI = I2(fence_y(1):fence_y(2),:); 

 

        % Get the stripes in the ROI 

        % Initialize parameters 

        width_stripe = round(1.5*size(template,2)); 

        col = 0; 

        w = 1; 

 

        % Get stripes 

        while (col+width_stripe) < size(I2_ROI,2) 

            stripe(:,:,w) = I2_ROI(:,(col+1):(col+width_stripe)); 

            col = col+width_stripe; 

            w = w + 1; 

        end 

        last_stripe = I2_ROI(:,((col+1):end)); 

 

        %Initialize parameters for stadistics for one frame 

        frame_total_s = 0; 

        frame_good_s = 0; 

 

        % Point matching with template of first frame 

        for w = 1:size(stripe,3) 

        % Estimates transform from frame A to frame B, and fit s-R-t as matrix 

    %a: Number of matching points between images 
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            a = AffTForm(template,stripe(:,:,w);                        

            total_s = total_s + 1; 

            frame_total_s = frame_total_s + 1; 

            % Check if it is a good detection 

            if a > 50 

                good_s = good_s + 1; 

                frame_good_s = frame_good_s + 1; 

            end 

        end 

 

        %Point matching from last_stripe 

        a = AffTForm(template,last_stripe); 

        total_s = total_s + 1; 

        frame_total_s = frame_total_s + 1; 

 

        % Check if it is a good detection 

        if a > 50 

            good_s = good_s + 1; 

            frame_good_s = frame_good_s + 1; 

        end 

 

        % Check if frame is good 

        if frame_good_s >= 2 

            good_frame = good_frame + 1; 

        end 

 

        frame = frame + 1; 

        frame_check = 0; 

    end 

end 

 

%Stadistics 

fprintf('Total frames that we process: %d\n',frame); 

fprintf('Good frames that we process (At least 2 good stripes): 

%d\n',good_frame); 

fprintf('Total stripes that we process: %d\n',total_s); 

fprintf('Good stripes that we process (More than 50 points): %d\n',good_s); 

 

%% Stabilization - Get affine Matrix between two images 
 

function a = AffTForm (I1,I2,ContThr)                                        

% ContThr --> Value of MinConstrast, DEFAULT: 0.1. Bigger, less point.  

% Set default parameters 

if nargin < 3 || isempty(ContThr) 

    ContThr = 0.1; 

end 

% Collect Salient Points from Each Frame 

% Uses the Features from Accelerated Segment Test (FAST) algorithm to find 

feature points 

Spoints1 = detectFASTFeatures(I1, 'MinContrast', ContThr);                  

Spoints2 = detectFASTFeatures(I2, 'MinContrast', ContThr); 

 

% figure; 

% imshow(I1); 

% hold on; 

% plot(Spoints1); 

% title('Corners in template'); 

% figure; 

% imshow(I2); 

% hold on; 

% plot(Spoints2); 

% title('Corners in image'); 

 

% Select correspondences between points 

% Extract FREAK descriptors (extracted feature vectors) for the corners. 

% FREAK descriptors are binary 

[features1, Points1] = extractFeatures(I1, Spoints1); 

[features2, Points2] = extractFeatures(I2, Spoints2); 
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% Match features which were found in the current and the previous frame 

indexPairs = matchFeatures(features1, features2);                          % 

Returns indices of the matching features in the two input feature sets 

Points1 = Points1(indexPairs(:, 1), :);                                    % 

First colum <> First Frame 

Points2 = Points2(indexPairs(:, 2), :);                                    % 

Second colum <> Second Frame 

 

% Return the quantity of matching points 

a = size(Points1,1); 

 

end 

 

A.2 Model fitting in 3D point cloud. 

 

%MODEL FITTING IN 3DPOINTCLOUD 

clear; 

close all; 

clc; 

 

%% READ THE POINT CLOUD 

RCloud = pcread('12cut.ply');                                               

%Object pointCloud from .ply 

figure(); 

pcshow(Cloud);                                                             

%Show the point cloud 

xlabel('X(m)') 

ylabel('Y(m)') 

zlabel('Z(m)') 

title ('Point Cloud'); 

XYZ = Cloud.Location';                                                     

%Location of the point row: XYZ, column: each point 

 

%% LOCATE THE FLOOR AND FIT PLANE 

%Histogram to check where the points are 

% X histogram 

temp=XYZ(1,:); 

[N1,edges1] = histcounts(temp); 

% Y histogram 

temp=XYZ(2,:); 

[N2,edges2] = histcounts(temp); 

% Z histogram 

temp=XYZ(3,:); 

[N3,edges3] = histcounts(temp); 

 

%Locate the floor: The interval with more bins in Y 

FloorBins = max(N2); 

FloorIndex = find(N2 == FloorBins); 

%Clean all points, except floor 

YFloor = [edges2(FloorIndex) edges2(FloorIndex+1)]; 

XFloor = [edges1(1) edges1(end)]; 

ZFloor = [edges3(1) edges3(end)]; 

ROI_Floor = [XFloor YFloor ZFloor]; 

indices_floor = findPointsInROI(Cloud,ROI_Floor); 

FloorCloud = select(Cloud,indices_floor); 

 

%Fit plane 

XYZ_Floor = FloorCloud.Location'; 

t = 0.1; 

%Call RANSAC 

[B, P, inliers] = ransacfitplane(XYZ_Floor, t); 
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FloorPlane = @(x,y,z) x.*B(1) + y.*B(2) + z.*B(3) + B(4) 

 

%% DELETE POINTS THAT BELONG TO THE FLOOR: CLOUD POINT FENCE – CLOUD 

POINT FLOOR 

d = zeros(1,length(XYZ)); 

for i=1:length(XYZ) 

    d(i) = 

point_plane_shortest_dist_vec(XYZ(1,i),XYZ(2,i),XYZ(3,i),B(1),B(2),B(3),B(4)); 

end 

d = abs(d); 

% figure(); 

% histogram(d); 

% Check which point are far enough to the plane to not belong to the floor 

t_d = 0.5; 

j = 1; 

q = 1; 

for i=1:length(d) 

    if d(i) < t_d 

        index_fl(j) = i; 

        j = j+1; 

    else 

        index_fe(q) = i; 

        q = q+1; 

    end 

end 

 

%Separate Floor and Fence cloud 

FloorCloud = select(Cloud,index_fl); 

FenceCloud = select(Cloud,index_fe); 

% % Show results 

% figure(); 

% pcshow(FloorCloud); 

% xlabel('X(m)') 

% ylabel('Y(m)') 

% zlabel('Z(m)') 

% title ('Floor Point Cloud'); 

% figure(); 

% pcshow(FenceCloud); 

% xlabel('X(m)') 

% ylabel('Y(m)') 

% zlabel('Z(m)') 

% title ('Fence Point Cloud'); 

 

%% FIT ELLIPSOID INTO FENCE 

XYZ_Fence = FenceCloud.Location; 

[center, R, evecs, v, chi2] = ellipsoid_fit(XYZ_Fence,'xyz'); 

FenceQuadratic = @(x,y,z)v(1).*x.^2 + v(2).*y.^2 + v(3).*z.^2 + 2*v(4).*x.*y + 

2*v(5).*x.*z + 2*v(6).*y.*z + 2*v(7).*x + 2*v(8).*y + 2*v(9).*z + v(10); 

XYZ_Fence = XYZ_Fence'; 

 

%%PLOT FITTING FIGURE 

interval_floor = [FloorCloud.XLimits FloorCloud.YLimits FloorCloud.ZLimits]; 

interval_fence = [FenceCloud.XLimits FenceCloud.YLimits FenceCloud.ZLimits]; 

%With point cloud 

figure(); 

pcshow(Cloud); 

hold on 

fimplicit3(FloorPlane,interval_floor); 

fimplicit3(FenceQuadratic,interval_fence); 

title ('Point Cloud with fitting figures'); 

xlabel('X(m)'); 

ylabel('Y(m)'); 
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zlabel('Z(m)'); 

 

% %Only the fitting figures 

% title ('Fitting Figures'); 

% figure(); 

% fimplicit3(FloorPlane,interval_floor); 

% hold on 

% fimplicit3(FenceQuadratic,interval_fence); 

% xlabel('X(m)'); 

% ylabel('Y(m)'); 

% zlabel('Z(m)'); 

 

%% CHECK WHICH POINT BELONG TO THE FENCE (CLOSE ENOUGH TO THE 

ELLIPSOID) 

e = zeros(1,length(XYZ_Fence)); 

for i=1:length(XYZ_Fence) 

    e(i) = 

point_ellipsoid_shortest_dist_vec(XYZ_Fence(1,i),XYZ_Fence(2,i),XYZ_Fence(3,i)

,v); 

end 

e = abs(e); 

% Check which point are far enough to the ellipsoid to not belong to the floor 

t_e = 0.02; 

j = 1; 

for i=1:length(e) 

    if e(i) <= t_e 

        IN(j) = i; 

        j = j+1; 

    end 

end 

%New Fence cloud 

FenceCloud = select(FenceCloud,IN); 

figure(); 

pcshow(FenceCloud); 

title ('Fence Cloud'); 

xlabel('X(m)'); 

ylabel('Y(m)'); 

zlabel('Z(m)'); 

%Save new pointcloud 

pcwrite(FenceCloud,'FenceCloud'); 

 

%% DISTANCE PLANE TO POINT FUNCTION 

function d = point_plane_shortest_dist_vec(x, y, z, a, b, c, d) 

% Point to plane shortest distance vector 

% The plane is defined by: ax+by+cz+d = 0 

% The point is defined by: x, y, and z 

dist = (a*x+b*y+c*z+d) / sqrt(a^2+b^2+c^2); 

N = [a; b; c]/norm([a; b; c]); 

v = N.*dist; 

d = sqrt(v(1)^2+v(2)^2+v(3)^2); 

end 

 

%% FUNCTION THAT CALCULATES THE ERROR OF A POINT BELONGING TO 

ELLIPSOID 

function e = point_ellipsoid_shortest_dist_vec(x, y, z, v) 

e = v(1)*x^2+v(2)*y^2+v(3)*z^2+v(7)*2*x+v(8)*2*y+v(9)*2*z+v(10); 

end 
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A.3 Creation of a 2D images from a 3D point cloud 

 

% CREATE A MASK IN 2D FROM THE 3D POINT CLOUD 

clear; 

close all; 

clc; 

 

%% READ 3D POINT CLOUD 

ptCloud = pcread('FenceCloud.ply'); 

XYZ = ptCloud.Location; 

RGB = ptCloud.Color; 

RGB = cast(RGB,'double')/255; 

 

%% DEFINITION OF THE VARIABLES 

f = 800;                    %Focal length in pixels 

npoints = length(XYZ);      %Number of 3D points 

X = XYZ(:,1); 

Y = XYZ(:,2); 

Z = XYZ(:,3); 

 

%% CALCULATION OF POINTS IN 2D 

uv = zeros(npoints,2); 

for i=1:npoints 

    uv(i,1)= f*(X(i)/Z(i)); 

    uv(i,2)= f*(Y(i)/Z(i)); 

end 

%Resize the pixels 

uv = uv+(abs(min(uv)))+1; 

%Round pixels 

uv = ceil(uv); 

 

%% CREATE IMAGE 

u_vector=uv(:,1); 

v_vector=uv(:,2); 

C=zeros(max(v_vector),max(u_vector),3)+1;         %Background white 

for i=1:npoints 

    u=u_vector(i); 

    v=v_vector(i); 

    C(v,u,1)=RGB(i,1); 

    C(v,u,2)=RGB(i,2); 

    C(v,u,3)=RGB(i,3); 

end 

figure(); 

imshow(C); 

imwrite(C,'FenceModel.tiff') 
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A.4 Division of 2D images in 32x32 pixel samples 

 

%% DIVISION OF THE 2D MASK in samples (32x32 pixel) 

clear; 

clc; 

 

I = imread('FenceModel.jpg'); 

I = cast(I,'double')/255; 

P = zeros(32,32,3); 

i = 1; 

cont = 963; 

while (i+31<size(I,1)) 

    j = 1; 

    while (j+31<size(I,2)) 

        P(:,:,:) = I(i:i+31,j:j+31,:); 

        s=strcat('E:\ETSII\Master\2º 

Máster\TFM\TFM\Codes\Patches32px\DataSet\train\0.normal\normal_train_img_',num

2str(cont)); 

        im_s = strcat(s,'.png'); 

        imwrite(P,im_s); 

        cont = cont + 1; 

        j = j+32; 

    end 

    i = i+32; 

end 
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