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RESUMEN 
 

La población mundial se prevé que pasará de 7.600 millones a 10.500 millones de 

personas en 50 años, mientras que la tierra apta para el cultivo per cápita disminuirá en 

un 25% (Britt et al., 2018). Durante la Cumbre Mundial sobre la Seguridad Alimentaria 

se declaró que en 2050 "el crecimiento en los países de ingresos bajos y medios, 

aceleraría la transición de la dieta hacia un mayor consumo de carne, frutas y hortalizas, 

en relación con el de cereales, lo que exigiría cambios proporcionales en la producción 

y aumentaría la presión sobre los recursos naturales" (Calicioglu et al., 2019).  

A este respecto, con la generalización en relación a la disposición de tecnologías de 

Agricultura de Precisión (AP), se han incorporado sensores y actuadores en la 

maquinaria agrícola que han permitido el aumento de los rendimientos en las cosechas 

y la reducción de los necesarios insumos. Esto ha significado además una ayuda 

significativa para los agricultores en las tareas de supervisión y ejecución de prácticas 

agrícolas a fin de superar los retos que plantea la perspectiva de alimentar al mundo de 

manera eficaz y sostenible. Además, la AP, cuyo crecimiento se ha visto reforzado por 

los extraordinarios avances tecnológicos, ha fusionado los mundos físico, digital y 

biológico. La cuarta revolución industrial tiene también su reflejo en la detección próxima 

gracias a las innovaciones tecnológicas, con más proyección en la AP debido a la 

disponibilidad de nuevas herramientas de adquisición de imágenes y al aumento de la 

capacidad de procesamiento de los dispositivos informáticos para su estudio. 

Según este contexto, esta Tesis Doctoral se ha centrado en la evaluación y el análisis 

de diferentes sensores ópticos para la reconstrucción geométrica de especies 

vegetales, ya que el modelado en tres dimensiones de los cultivos permite tomar 

decisiones para la gestión localizada y específica según las diferentes etapas evolutivas 

de dichos cultivos. En el primer estudio se realizó desde un enfoque bidimensional (a 

través de la obtención de perfiles) con el objetivo de establecer una metodología 

apropiada para la discriminación de plantas de maíz y diversas malas hierbas que 

infestaban el cultivo. La precisión y el rendimiento de un sensor de detección LiDAR 

(Light Detection and Ranging) se evaluó utilizando un doble índice de medición: 

considerando mediciones de distancia y reflexión con el objetivo de detectar y 

discriminar las plantas de maíz, malas hierbas y la superficie del suelo. Para tal fin se 

instaló un sensor LiDAR en un trípode que apuntaba a la zona entre las líneas de cultivo 

de maíz, con su eje horizontal y el campo de visión apuntando verticalmente hacia el 

suelo, escaneando un plano vertical perpendicular a dichas líneas de cultivo. 
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Inmediatamente después de la adquisición de los datos LiDAR (distancias y mediciones 

de reflexión), se estimaron las alturas reales de las plantas utilizando una metodología 

apropiada. A continuación, se tomaron imágenes digitales con una cámara RGB de cada 

zona muestreada con un sistema de referencia i.e. un marco físico de referencia 

graduado para la medición de los perfiles de la vegetación. Los datos mostraron una 

alta correlación entre la altura medida por el LiDAR y las alturas reales de las plantas 

(R2 = 0,75). A través de una regresión logística binaria tomando en consideración la 

dicotomía presencia/ausencia de malas hierbas y las lecturas del sensor (altura del 

LiDAR y valores de reflexión) se validó la precisión del sistema. Esto permitió discriminar 

la vegetación del suelo con una precisión de hasta el 95%. Además, mediante un 

análisis de discriminación canónica se discriminó eficazmente entre el suelo y la 

vegetación y, en menor medida, entre los cultivos y las malas hierbas. La metodología 

planteada surge como un buen sistema para la detección de malas hierbas, la cual, en 

combinación con otros principios, como las tecnologías basadas en la visión, podría 

mejorar la eficiencia y la precisión en el control de malas hierbas mediante la 

pulverización variable según la dosis a aplicar de forma específica. 

En vista de los prometedores resultados obtenidos en la reconstrucción geométrica en 

2D, en un segundo estudio, se acopló un sensor LiDAR a bordo de una plataforma móvil 

equipada con un receptor RTK-GNSS para el escaneo 2D de vides y la fusión 

automática de nubes de puntos para obtener un modelo tridimensional. Se evaluó su 

precisión y rendimiento para la caracterización de los cultivos de viñedos mediante 

mediciones de distancia, con el objetivo de obtener una reconstrucción en 3D. El sistema 

LiDAR se componía del propio sensor, un sistema gimbal que conectaba el dispositivo 

a la estructura y un GPS-RTK para registrar la posición de los datos del sensor. El sensor 

LiDAR, orientado de forma lateral, estaba instalado a bordo de un vehículo eléctrico de 

forma que se escanearon planos perpendiculares a la dirección de desplazamiento. Las 

medidas de distancia entre el LiDAR y los viñedos mostraban una alta resolución 

espacial, proporcionando nubes de puntos 3D de alta densidad. La nube de puntos 3D 

se obtuvo conteniendo todos los puntos donde el láser impactó. La fusión de los 

impactos del LiDAR y las posiciones de cada uno de ellos asociados al dispositivo RTK-

GPS permitieron la reconstrucción de la estructura de las vides en 3D. Aunque las nubes 

de puntos se filtraron adecuadamente, descartando los puntos fuera del área de estudio, 

el volumen de las ramas no podía ser calculado directamente, ya que se debía convertir 

primero en un clúster sólido 3D el cual encierra un volumen calculable. Para obtener la 

superficie del objeto tridimensional representado por el cultivo, y por tanto, poder 

calcular el volumen encerrado por esta superficie, se generó un sólido (según el 
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algoritmo alfa shape) apropiado como un contorno que envuelve los puntos exteriores 

de la nube de puntos. Las nubes 3D se obtuvieron durante el invierno, cuando sólo había 

ramas totalmente defoliadas, lo cual permitió extraer la información relacionada con la 

altura y el volumen de las ramas. Estos modelos podrían utilizarse en un futuro para la 

poda automática o relacionar este parámetro para evaluar el rendimiento en cada 

posición de forma localizada. A continuación, el mapa tridimensional se correlacionó con 

la verdad terreno, que se determinó posteriormente de forma manual, calculando el peso 

seco (biomasa seca) de los restos de poda. El número de escaneos realizados por el 

sistema LiDAR se relacionó con las mediciones reales de biomasa (verdad terreno) y 

respecto a cada uno de los distintos sistemas de manejo del cultivo estudiados 

(atendiendo a los diferentes tratamientos químicos y de la labores agrícolas 

correspondientes según cada sistema analizado). En lo que respecta a la relación entre 

la biomasa seca y el volumen calculado por el sistema LiDAR se alcanzó un buen grado 

de acuerdo. Sin embargo, el análisis de los sistemas de manejo al ser calculados de 

forma individual mostró una baja significancia. El modelo se mostró estable y los 

resultados mostraron grandes correlaciones con los valores reales de biomasa y 

volumen con R2 = 0,75 y al comparar los escaneos LiDAR con el peso, el R2 subió hasta 

0,85. Los valores obtenidos mostraron que esta técnica LiDAR también sería válida para 

la reconstrucción de este tipo de cultivo con grandes ventajas sobre otros tipos de 

sensores sin contacto, puesto que ofrecen una alta resolución y altas tasas de muestreo. 

Esto significó que incluso las ramas más finas se detectaron correctamente, lo que 

demuestra la precisión del sistema que funciona en contextos más difíciles como en este 

caso con el cultivo totalmente defoliado. 

En el mismo campo experimental, se implementó otra técnica de medición no destructiva 

para evaluar las principales características geométricas de la vid mediante detección 

cercana. En este experimento se utilizó una plataforma móvil adaptable para la 

adquisición de información geométrica para la evaluación no destructiva del volumen de 

las ramas (peso de poda) y el rendimiento de la uva en viñedos. La predicción del 

rendimiento del viñedo proporciona información útil sobre el rendimiento previsto para 

el viticultor, guiando las decisiones estratégicas para lograr una cantidad y eficiencia 

óptimas, apoyando al agricultor en la planificación. Se diseñó un sistema de adquisición 

mediante un sensor Kinect v2 instalado en un vehículo eléctrico capaz de producir nubes 

3D con gran precisión reconstruyendo filas de viñedo, respecto a lotes de hileras, 

cultivadas según seis sistemas de manejo diferentes. Los modelos generados 

demostraron una fuerte consistencia entre las imágenes 3D y las estructuras de la vid a 

partir de los parámetros físicos reales (verdad terreno) cuando se calcularon los valores 
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medios. Las correlaciones del volumen de las ramas (sarmientos) producidas por Kinect 

con el peso de poda (biomasa seca) mostraron altos coeficientes de determinación 

(R2=0,80). En el estudio de las correlaciones de rendimiento del viñedo, se encontró que 

el volumen medido tenía una fuerte correlación (R2=0,87). Sin embargo, debido a la 

incapacidad de la mayoría de las cámaras de profundidad para reconstruir 

correctamente pequeños detalles, los resultados para cada sistema de manejo cuando 

se calcularon por separado no fueron en muchos de ellos consistentes mostrando bajas 

correlaciones. Sin embargo, este sistema basado en el sensor Kinect v2 tiene un enorme 

potencial como sistema de reconstrucción 3D en aplicaciones agrícolas, especialmente 

por su alta velocidad de adquisición, gran robustez y bajo precio en comparación con 

otros sensores. 

Por último, respecto a la caracterización de la vegetación de forma remota o terrestre 

(i.e. la geometría de los cultivos), se llevó a cabo un experimento con tres sensores 

ópticos de forma independiente en un viñedo para comprobar la viabilidad económica 

de la aplicación de fertilizantes de forma localizada generando diferentes mapas de 

aplicación. Se comparó la capacidad de vehículos aéreos no tripulados (UAVs) y 

sistemas de detección terrestre utilizando cámaras de profundidad y sistemas LiDAR, 

respectivamente, a fin de obtener los mapas del volumen de los viñedos necesarios para 

la aplicación específica y localizada de fertilizantes. Se obtuvieron imágenes aéreas 

utilizando un dron equipado con una cámara RGB de alta resolución, reconstruyendo un 

modelo digital de la superficie mediante técnicas de fotogrametría. La reconstrucción de 

los cultivos según detección terrestre se realizó utilizando mediciones basadas en el 

sensor LiDAR tomadas con un receptor RTK-GNSS a lo largo de las líneas de cultivo. 

Además, se utilizó un sensor Kinect v2 como cámara de profundidad. Todos los 

sistemas se testaron en un campo experimental, bajo condiciones reales a plena luz del 

día. Cada técnica proporcionó una nube de puntos en 3D a partir de la cual se calculó 

el volumen del cultivo.  

Los resultados mostraron que los valores de volumen eran siempre consistentes y 

similares entre los sistemas estudiados. Las técnicas de detección terrestre 

proporcionaron los mejores detalles respecto a la geometría de las vides. Sin embargo, 

el costo de adquisición fue siempre mayor que el de las imágenes aéreas. En cuanto a 

la aplicación de fertilizantes, cabe señalar que los cambios en la forma y el tamaño de 

las plantas obtenidas en el viñedo indican que sería necesario ajustar continuamente la 

dosis aplicada para optimizar la aplicación realizada. Al pulverizar de forma específica y 

localizada basada en los mapas creados, la dosis se reducía hasta el 80% respecto a 
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la dosis total utilizada con una aplicación convencional. Un análisis detallado de los 

ahorros respecto a cada uno de los sistemas analizados indicó ciertas diferencias entre 

ellos, resaltando las características del sistema UAV equipado con una cámara RGB. El 

uso de técnicas de reconstrucción mediante imágenes aéreas dio como resultado 

retornos netos positivos, mientras que las técnicas terrestres necesitaban de tiempos de 

adquisición más rápidos para que fueran rentables. En cuanto a la eficacia, no se 

encontraron diferencias significativas entre las aplicaciones basadas en los mapas 

reconstruidos tridimensionalmente. Esta importante reducción de la aplicación de 

fertilizantes podría ir seguida de una reducción equivalente de los productos 

fitosanitarios (por ejemplo, fungicidas). Por tanto, el uso las tecnologías ópticas de 

caracterización tridimensional estudiadas ha demostrado ser rentable en la etapa actual 

de desarrollo, reduciendo al mismo tiempo los insumos y el impacto medioambiental de 

las tareas agrícolas.  
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SUMMARY 
 

The global population is expected to rise from 7.6 billion to 10.5 billion people in 50 years, 

while arable land per capita will decrease by 25% (Britt et al., 2018). The World Summit 

on Food Security declared that in 2050 “Income growth in low and middle income 

countries would hasten a dietary transition towards higher consumption of meat, fruits 

and vegetables, relative to that of cereals, requiring commensurate shifts in output and 

adding pressure on natural resources”  (Calicioglu et al., 2019).  

In this regard, due to the widespread availability of Precision Agriculture (PA) 

technologies, sensors and actuators in agricultural machinery have been incorporated to 

help farmers and scientists monitor and execute agricultural practices in order to 

overcome the prospective challenges to feed the world in an effective and sustainable 

manner. Furthermore, PA, whose growth is reinforced by extraordinary technology 

advances, has merged the physical, digital and biological worlds. The 4th industrial 

revolution has also its reflect on proximal sensing due to technological innovations, with 

more projection in PA due to the availability of new image acquisition tools and the rise 

in processing capacity of computer devices for their study. 

On this basis, this Doctoral Thesis has focused on analysing different optical sensors for 

crop reconstruction since crop 3D modeling allows site-specific management at different 

crop stages. On the earliest stage 2-Dimensional approach was carried out for crop 

discrimination in a maize field infested with various weeds. The evaluation of the 

accuracy and performance of a light detection and ranging (LiDAR) sensor for vegetation 

using distance and reflection measurements aiming to detect and discriminate maize 

plants and weeds from soil surface was done. A terrestrial LiDAR sensor was mounted 

on a tripod pointing to the inter-row area, with its horizontal axis and the field of view 

pointing vertically downwards to the ground, scanning a vertical plane with the potential 

presence of vegetation. Immediately after the LiDAR data acquisition (distances and 

reflection measurements) actual heights of plants were estimated using an appropriate 

methodology. For that purpose, digital images were taken of each sampled area. Data 

showed a high correlation between LiDAR measured height and actual plant heights (R2 

= 0.75). Binary logistic regression between weed presence/absence and the sensor 

readings (LiDAR height and reflection values) was used to validate the accuracy of the 

sensor. This permitted the discrimination of vegetation from the ground with an accuracy 

of up to 95%. In addition, a Canonical Discrimination Analysis (CDA) was able to 

discriminate mostly between soil and vegetation and, to a far lesser extent, between crop 



  SUMMARY 

- 9 - 
 

and weeds. The studied methodology arises as a good system for weed detection, which 

in combination with other principles, such as vision-based technologies, could improve 

the efficiency and accuracy of herbicide spraying. 

In view of the promising results obtained in terms of 2D geometry, in a second study, a 

LiDAR sensor was installed on-board. It was affixed to a mobile platform equipped with 

an RTK-GNSS receiver for crop 2D scanning in a vineyard. Its accuracy and 

performance were assessed for vineyard crop characterization using distance 

measurements, aiming to obtain a 3D reconstruction. The LiDAR system consisted of a 

2D time-of-flight sensor, a gimbal connecting the device to the structure, and an RTK-

GPS to record the sensor data position. The LiDAR sensor was facing sideways installed 

on a mobile electric platform. It scanned planes perpendicularly to the travel direction. 

Measurements of distance between the LiDAR and the vineyards had a high spatial 

resolution, providing high-density 3D point clouds. The 3D point cloud was obtained 

since it contains all the points where the laser beam impacted. The fusion of LiDAR 

impacts and the positions of each associated to the RTK-GPS allowed the creation of 

the 3D architecture. Although point clouds were already filtered, i.e., discarding points 

out of the study area, the branch volume cannot be directly calculated, since it turns into 

a 3D solid cluster that encloses a volume. To obtain the 3D object surface, and therefore 

to be able to calculate the volume enclosed by this surface, a suitable alpha shape was 

generated as an outline that envelops the outer points of the point cloud. The 3D scenes 

were obtained during the winter season when only branches were present and fully 

defoliated. The models were used to extract information related to height and branch 

volume. These models might be used for automatic pruning or relating this parameter to 

evaluate the future yield at each location. The 3D map was correlated with ground truth, 

which was manually determined, pruning the remaining weight. The number of scans by 

LiDAR influenced the relationship with the actual biomass measurements and had a 

significant effect on the treatments. A positive linear fit was obtained for the comparison 

between actual dry biomass and LiDAR volume. The influence of individual treatments 

showed a low significance. The results proved strong correlations with actual values of 

biomass and volume with R2 = 0.75, and when comparing LiDAR scans with weight, the 

R2 rose up to 0.85. The obtained values show that this LiDAR technique is also valid for 

branch reconstruction with great advantages over other types of non-contact ranging 

sensors, in terms of high sampling resolution and rates. Even narrow branches were 

properly detected, which demonstrates the accuracy of the system when working on 

difficult scenarios such as defoliated crops. 
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In the same experimental field, a non-destructive measuring technique was applied to 

test major vine geometric traits on measurements collected by a contactless sensor. 

Three dimensional optical sensors have evolved over the past decade, and these 

advancements may be useful in improving phenomics technologies for other crops, such 

as woody perennials. RGB-D cameras namely Microsoft Kinect have a significant 

influence on recent computer vision and robotics research. In this experiment an 

adaptable mobile platform was used for the acquisition of depth images for the non-

destructive assessment of branch volume (pruning weight) and related to grape yield in 

vineyards crops. Vineyard yield prediction provides useful insights about the anticipated 

yield to the winegrower, guiding strategic decisions to accomplish optimum quantity and 

efficiency, and supporting the winegrower with decision-making. A Kinect v2 system on-

board to an on-ground electric vehicle was capable of producing precise 3D point clouds 

of vine rows under six different management cropping systems. The generated models 

demonstrated strong consistency between 3D images and vine structures from the actual 

physical parameters when average values were calculated. Correlations of Kinect 

branch volume with pruning weight (dry biomass) resulted in high coefficients of 

determination (R2=0,80). In the study of vineyard yield correlations, the measured 

volume was found to have a good power law relationship (R2=0,87). However due to low 

capability of most depth cameras to properly build 3-D shapes of small details the results 

for each treatment when calculated separately were not consistent. Nonetheless, Kinect 

v2 has a tremendous potential as a 3D sensor in agricultural applications for proximal 

sensing operations, benefiting from its high frame rate, low price in comparison with other 

depth cameras and high robustness. 

Finally, a fourth study was conducted to test aerial and on-ground vegetation 

characterization, i.e., crop geometry. An experiment was conducted using three different 

measurement systems based on optical sensors in a vineyard field in order to test the 

economic feasibility of applying fertilizers site specifically based on different mapping 

systems. The capacity of UAV missions and on-ground systems was compared using 

depth cameras and LiDAR systems in order to provide the necessary vineyard volume 

maps for specific applications like fertilization. Aerial imagery was obtained using a UAV 

equipped with a high-resolution RGB camera, and a digital surface model was 

reconstructed using photogrammetry procedures. On-ground crop reconstruction was 

performed using LiDAR-based measurements taken with an RTK-GNSS along the crop 

rows. Furthermore, a Kinect v2 sensor was also used as a low-cost depth camera. All 
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systems were tested in a commercial field, under sunlight conditions. Every technique 

provided a 3D dense point cloud from which volume was calculated.  

The results showed that volume values were always consistent and similar between the 

studied systems. The on-ground techniques provided the best details of the plants. 

However, the cost of acquisition was always higher than that of aerial imagery. 

Concerning the fertiliser application, it should be noted that, the changes in shape and 

size of plants obtained within the vineyard indicate that continuous adjustment of the 

applied dose would be required to optimize the performed application. When using site-

specific spraying based on the created maps, the dose was reduced by up to 80% of the 

total dosage used with a conventional application. A detailed analysis of savings 

indicates differences between the systems. The use of aerial imagery techniques 

resulted in positive net returns, whereas the on-ground technologies needed a faster 

time of acquisition so that they are profitable. Regarding efficacy, no significant 

differences between applications based on the constructed maps were found. This 

important reduction in fertilizer application could be followed by an equivalent reduction 

in plant protection products (e.g., fungicides). Thus, the use of some 3D characterization 

technologies has shown to be profitable at the current stage of development while also 

reducing the inputs and the environmental impact of agricultural tasks. 
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Chapter 1: Introduction 
 

1. Social, economic and technical background 

1.1.  A delicate balance: Global food sustainability 

Nowadays, agriculture features much more in terms of economy than it did in the past, 

since food drives the world where access to adequate food is the primary concern. The 

exponential growth of the world’s population in the coming years poses an increased 

pressure to global food production systems. The global population is estimated to be 

some 9–11 billion by 2050 (Röös et al., 2017). It is expected that the number of urbanized 

areas will triple between 2000 and 2030 (Bren d’Amour et al., 2017), hence the arable 

land will decrease (Fig. 1). 

 

 

 

 

 

 

 

 

 

 

 

 

 

Unfortunately, due to various constraints such as temperature, climate change, 

topography, and soil quality, only a small portion of the earth's surface is suitable for 

Figure 1. Maps show where the projected urban expansion is expected to cause cropland loss until 

2030. Competing areas (red) retain croplands but have a high likelihood of being urbanized by 2030 

(> 75 percent; medium scenario) (Bren d’Amour et al., 2017). 
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agricultural purposes and additionally most appropriate areas are not even 

homogeneous. The United Nations, the international community according to the plan 

“The 2030 Agenda for Sustainable Development” set a target to end hunger by 2030. 

Nevertheless, recent estimates published by WHO (World Health Organization) do not 

seem incentivizing enough to endorse the agenda, as more than 800 million people 

worldwide confront shortages of food: one out of every nine people (Ayaz et al., 2019). 

Moreover, a growing demand of water for food has reached critical levels in many areas 

of the world, especially in countries with limited water availability. Despite the vast 

amount of water on earth, water scarcity constitutes a major issue due to the lack of 

infrastructures to supply water along with the neglected use of water resources and 

climate change. The Fourth Assessment Report of the Intergovernmental Panel on 

Climate Change (IPCC) states that as a result of climate change, future population 

growth and economic and land-use change, including urbanization, the magnitude of 

stress on water resources is expected to increase (Mancosu et al., 2015). The global 

food system needs to be resource efficient and sustainable at the same time.  

The aim is to use water efficiently, to keep soil erosion and deterioration to a minimum, 

to minimize energy input, pesticides, fertilizers and optimize yields under unpredictable 

natural conditions (Bach and Mauser, 2018). Hence, there will be a higher demand for 

available food, water, arable land and environmental impacts. In the light of these facts, 

the advent of engineering and technological breakthroughs, focusing on sensor systems, 

computational techniques, geopositioning and control systems for site specific 

application thought the implementation of site-specific farming and Precision Agriculture 

(PA) can help to lessen the aforementioned goals.  

 

1.2. Site-Specific Management 

Many new technologies have been developed or adopted for agricultural use over the 

past few decades. Along with low-cost positioning systems such as GNSS, a wide variety 

of geophysical sensors and contactless sensor techniques have been developed to 

enhance and implement site-specific management (SSM) and variable rate technologies 

(VRT). 

SSM is the management at a smaller spatial scale of agricultural crops than that of the 

entire field. Its economic advantage depends on the widespread adoption of SSM 
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practices by farmers. Three requirements to be met in order to justify SSM are (Torres-

Sánchez et al., 2018): 

1. There is a major spatial variation within the field in factors affecting crop yield. 

2. The causes of this heterogeneity are measurable and identifiable. 

3. It is possible to use the knowledge from these measurements to change crop 

management techniques to maximize profits or minimize environmental impact. 

Although it is essential to cope with this spatial variability, discerning the particular and 

individual necessities of a crop by using traditional techniques is fairly difficult. Thus, PA 

has been born to offer VRT in order to deal with the individual requirements of each crop 

easily and accurately, minimising human errors. Hence, adapting input parameters on a 

device so as to perform management tasks such as applying fertilizers, pesticides or 

seeding depends on actual situations in crops (Ahmad and Mahdi, 2018).    

Specifically, within SSM, site-specific crop management (SSCM) reduces the 

environmental impact and economic cost of agrochemicals. Nonetheless, the use of 

agricultural inputs at uniform rates is a common practice in most agricultural areas 

(Peteinatos et al., 2014). However, the growing period begins with no leaves, and the 

canopy increases gradually. Thus, plant protection plans should focus their efforts on 

adapting application rates to the changing canopies and not on the use of a fixed amount 

of active ingredient per hectare, which can lead to over-dosage or under-dosage. In 

addition, intra-plant variability is not considered, which leads to the use of an unadjusted 

dose rate. These facts demonstrate that the dose of applied products should be adapted 

to the growth stage at each location. Information about crop status is of high value for 

agricultural management. Productivity and efficiency can be improved by including 

spatial information in fieldwork processes and the use of plant models, which allow for 

site-specific management and yield estimation. In addition, modelling individual plants 

has a high value for research purposes. Models include information about structural 

parameters such as tree height and tree volume (Andújar et al., 2017). When phenology 

is used for on-field management, plant height is one of the most used criteria (Chéné et 

al., 2012). Thus, plant height derived from models allows plant protection products and 

fertilizer application to be applied in a differential manner. For example, (Muharam et al., 

2014) showed the relationship between plant height and nitrogen nutrition status, 

allowing the use of site-specific application of products. Similarly, plant height can be 

used in site-specific weed management, since different weed species could be 

discriminated based on height models in real time for patch treatments (Andújar et al., 

2012). This principle was also applied to determine the nitrogen status in cotton plants 
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(Sui and A. Thomasson, 2006). The authors combined plant reflectance measurements 

and plant height in an artificial neural network to predict nitrogen status in cotton plants 

based on data from sensing systems. Distance measurements are also used for tree 

characterization. Crop adapted dose of agrochemicals based on distance is a common 

method in which the distance to the tree is used to adjust a variable dose rate of plant 

protection products based on the variability of the crop canopy width. Some authors 

modify the spray flow rate from a multi-nozzle fruit tree air-blast sprayer according to 

distance sensor measurements (Rosell and Sanz, 2012). Although discrete 

measurements are successfully used in the application of products at a variable rate, the 

use of continuous models based on three dimensions show better resolution and allow 

more precise applications. The combination of various distance sensors allows the tree 

row volume (TRV) to be estimated. Additionally, continuous measurement methods 

create more realistic models adapted to real plants. 

With regard to the overuse of herbicides, current technologies, such as GIS and new 

technical equipment, enables the possibility of managing the spatial variability of weeds. 

The concept of site-specific weed management (SSWM) is an attempt to cope with the 

heterogeneity occurring within fields by treating only weed patches. Herbicides can be 

applied directly on patches where the weed density is above a previously established 

threshold (Heisel T., 1997), or the herbicide application rate can be adjusted to match 

the weed density. Using SSWM may result in substantial herbicide savings, depending 

on the weed infestation and its distribution in the field. Gerhards and Christensen (2003) 

in a four-year study with various grass weeds in cereals, showed herbicide reduction 

higher than 75%. Young et al. (2003) found an average decrease of 53% in the usage of 

grass herbicides in wheat. Ultimate commercial adoption of SSWM or just SSM 

techniques must be seen from the perspective of overall productivity of agricultural land 

crop production: sustainable crop production requires greater investment in new 

machinery and innovations. 

 

1.3. Precision Agriculture 

When the concept of managing a farm site-specifically is combined with technologies 

such as automation, communication, digital processing, data management and smart 

sensorics, a step forward is taken into the concept of modern Precision Agriculture. 
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The International Society of Precision Agriculture (Agriculture, 2019) adopted the 

following definition of Precision Agriculture (PA) in 2019:  “Precision Agriculture is a 

management strategy that gathers, processes and analyses temporal, spatial and 

individual data and combines it with other information to support management decisions 

according to estimated variability for improved resource use efficiency, productivity, 

quality, profitability and sustainability of agricultural production”. PA or Precision Farming 

involves a large number of elements that can be divided into three main stages (Skobelev 

et al., 2019): 

• collection of information on the farm, field, culture. 

• data analysis and decision making. 

• implementation of decisions - agrotechnical operation. 

Nowadays, it is increasingly recognized that PA has to deal with the current and future 

agricultural market as it is constantly demanding increased productivity and efficiency 

along with the goals of saving resources, higher yields, cutting costs, saving time and 

making it more competitive (Balafoutis et al., 2017). Thus, PA plays a key role for these 

purposes. Farming management strategies and a site-specific treatment are needed to 

help farmers on the grounds of decision-making policies to enhance production while 

being sustainable (Walter et al., 2017). Originally, PA was used to tailor the application 

of fertilizers across an agricultural field to varying soil conditions. Over the years many 

procedures and practices have advanced towards product traceability, automated 

guidance and implements, unmanned vehicles, on-farm research, software analysis, etc. 

The ultimate goal is to optimize production when using the available resources to 

increase crop yield, hence profitability in a sustainable manner (Gebbers and Adamchuk, 

2010). 

 

2. Optical sensors for crop monitoring 

2.1 Plant “phenotyping” 
In this scenario, a detailed characterization of plant structure leads to an optimum 

management of crops. The task of measuring plant attributes for analysing and 

assessing plant stage development and health is called “phenotyping”. In recent years, 

this term is commonly used in scientific production as a synonym of acquiring information 

of crop morphology (plant structure, dimensions, porosity, surface, colour, volume…) or 

even plant health status, frequently at a single plant level, using non-destructive, non-

contact sensors (or groups of them) for simultaneous gathering of vast amounts of digital 



  Chapter 1: Introduction 

- 18 - 
 

data so called “high-throughput phenotyping”, (Chawade et al., 2019). Also, phenotyping 

for breeding purposes implies very different strategies and constrains as opposed to 

phenotyping for precision agriculture, which has the need for immediate analysis of data, 

rapid decisions and fast action. 

Traditionally, phenotyping of large-scale fields is performed using manual labour, which 

is an expensive, laborious and also tedious task. Furthermore, it is also subjective bias 

and non-repeatability. Scientists frequently promote the use of automated phenotyping 

methods, depending on the use of sensors to make measurements since manual 

measurements implies a bottleneck for advancing in plant and crop research (Vit and 

Shani, 2018). In contrast to remote sensing technologies, proximal sensing systems 

seem to be more adequate since their spatial resolution is higher, allowing a more 

specific detection, hence assessment, of plants properties (Gebbers and Adamchuk, 

2010). 

Crop phenotyping is of high importance since the geometric characterization of 

vegetation is closely linked to growth status and productivity (Andújar et al., 2016a). A 

thorough knowledge of plant architecture allows an adequate application of pesticides, 

fertilizers, and water inputs; thus, it helps to reduce costs and to obtain a higher crop 

yield. Crop characterization can be done either manually or semi-automatically with the 

help of PA technologies. Over the past decades, there is a slow but gradual adoption of 

the extensive use of automatic methods related to PA to the detriment of manual 

measurements, since they are time-consuming, destructive, and often lead to inaccurate 

processes (Araus et al., 2018). Therefore, they are not economically viable to sample 

large crop areas. However due to the development of sensor technologies that can be 

easily installed on ground-based platforms combined with adequate procedures to 

connect mapped variables, PA can cope with large crop lands while considering the 

heterogeneity and spatial variability of plants.   

These sensors, either affixed to a vehicle or transported by hand, when connected to a 

GNSS receiver enable farming practices such as tillage, seeding, fertilization, application 

of herbicides, pesticides and harvesting in a precise and sustainable manner. Moreover, 

they can assess geometrical traits since information can be processed fast and easily 

without damaging crops, hence allowing repeatability and reproducibility. Most of 

agriculture practices require essential information that comprises the attributes or traits 

of agricultural systems and, in particular, how they differ and change in time and space. 

Traits in agricultural terms means a distinguishing quality or characteristic that varies 

from one plant or crop to another.  
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The nature of these agronomic traits can be (Nock et al., 2016): 

1. Typological (e.g. crop type) 

2. Physical (e.g. crop canopy temperature or soil moisture) 

3. Chemical (e.g. leaf nitrogen content) 

4. Biological (e.g. crop phenology) 

5. Structural (e.g. leaf inclination) 

6. Geometrical (e.g. plant density).  

It is worth noting that sensing instruments do not actually measure any of these traits, in 

terms of statistics they are considered variables since they vary in space and time. The 

correlation between what is assessed and the traits themselves requires to be analysed 

and calculated so as to conclude the latter from the former. For example, crop height 

and green area index are regarded as primary variables (directly involved) while crop 

yield is secondary (indirectly calculated from remote sensed measurements). 

Therefore, the aforementioned goals can be achieved due to the use of sensors since 

the physical characteristics of an object are identified and tracked by measuring its 

reflected and emitted radiation at a distance. This implies using sensors that typically 

measures electromagnetic radiation wavelengths initially centred on a number of key 

visible or near infrared bands. Electromagnetic wavelengths ranging from ultraviolet to 

microwave sections of the spectrum are used in specialized systems including light 

detection and ranging (LiDAR), fluorescence spectroscopy, and thermal spectroscopy, 

along with more conventional applications in the spectrum's visible and near-infrared 

segments. These sensors measure crop reflectance (either from reflected or emitted 

from the objects) that constitutes sensing data, which are increasingly being used in 

agriculture, with advancements regarding ground-based sensing. Among them, optical 

sensors such as LiDAR systems, depth cameras and RGB cameras have been widely 

adopted by researchers to calculate mainly plant hight, width and canopy volume, then 

for assessing more advanced traits such as plant biomass and yield (Andújar et al., 2019; 

Colaço et al., 2018; Jiang et al., 2016; Rosell and Sanz, 2012). They can accurately 

estimate geometrical and structural features of crops in order to undertake PA practices 

such as fertilizing, applying pesticides or in terms of irrigation.  

Using conventional techniques, structural and geometric parameters are usually 

calculated using high-cost and time-consuming methods, which are related to destructive 

manual processes. The use of new sensing devices can create more realistic models, 

which can then be used in decision-making processes (Rosell-Polo et al., 2015). 
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Electronic devices can rapidly characterize crops by non-destructive, accurate and 

repeatable methods, and several such methods have been tested in the field. For 

example, fluorescence sensors expose plants to a specific wavelength of visible or UV 

light, and the emitted fluorescent radiation is measured and related to leaf composition 

(Sankaran et al., 2010). Spectral reflectance sensors separate bare ground from plants 

and distinguish the values of green bands and thus are mainly used for nitrogen 

assessment (Zhou et al., 2018). However, visible imaging systems are the most common 

methods for crop characterization because they are fast, affordable and reliable while 

also acquiring images at a high resolution (Burgos-Artizzu et al., 2010). However, under 

uncontrolled illumination (i.e., under field conditions), the presence of shadows 

increases, while the information quality decreases.  

The use of visible imaging is not only for 2D characterization. The use of photogrammetry 

is a promising concept in crop scenarios of PA for applying 3D reconstruction to support 

agricultural management. The constructed models can be used in decision-making 

processes with high accuracy since they allow the quantification of several crop 

parameters, which can be combined to make the most suitable decision. Thus, emerging 

techniques based on sensors such as RGB-D cameras and proximal photogrammetry  

(Andújar et al., 2018) or photogrammetry from remote imaging such as information 

acquired from unmanned aerial vehicles (UAVs) (Torres-Sánchez et al., 2018) create 

vegetation models from which information can be extracted to make more informed 

decisions. 

In summary this wide range of optical sensors applied in agriculture offer technological 

approaches in order to increase productivity while reducing environmental impact by 

reducing agrochemical use and increasing the use of environmentally sustainable 

management practices. This is explained since fields have traditionally been treated 

uniformly from the perspective of machine operation, ignoring soil type, moisture 

conditions or weed populations. Yet with PA the farmer has the option to combine 

proximal sensors for more precise and finer implementation of farm operations, 

monitoring, measuring and adjusting to crop inter-and intra-field variation.  
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2.2. Sensors used in this work: state of the art and agricultural applications 

In this section, a bibliographic review has been done focused on the optical sensors that 

have been used in the different case studies of this thesis. Along with their operating 

principles, examples of their application in agriculture will be presented considering the 

following scheme: 

 

Range-sensing systems and devices 
 

Time of Flight (ToF) 

• Pulsed light (∆time) 

- LiDAR + rotating mirror (scanner) 

o 2D (1D single laser + rotating mirror) + platform 
motion = 3D reconstruction 
 

- 3D LiDAR  

 

• Continuous – Wave (∆phase or ∆frequency) 

 

Time of Flight (ToF) + RGB Depth camera (RGB-D) = Kinect v2 

 

RGB cameras in aerial approaches 

- Phantom 4 camera 

 

2.2.1. LiDAR Systems 

LiDAR (Light detection and raging) as a sensing device is simple to operate and can be 

considered inexpensive when compared to other optical sensors. It measures distances 

quickly and automatically. It has three basic elements: an emitter of a pulsed laser beam, 

a chronometer and a laser beam receiver. Its operation is based on determining the flight 

time of a pulsed laser beam from the point of emission to the point of detection after 

bouncing off an object. This technology potentially provides a tool for generating a unique 

and comprehensive quantitative description of plant structure. LiDAR is a non-

destructive remote sensing technique and a non-contact optical device that measures 

the distance to an object in a scanning field using a pulsed laser beam. The distance 
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between the sensor and the target (e.g. leaf, branch) can be measured by two alternative 

methods (Fig. 2):  

(i) measuring the time that a laser pulse needs to travel between the sensor and 

the target (time-of-flight, TOF), or  

(ii) measuring the phase difference between the incident and reflected laser 

beams (phase-shift measurement LiDAR).  

 

 

 

 

 

 

 

                                    (a)                  (b) 

 

 

 

Laser scanner technique based in the TOF principle has the following benefits for 

agricultural mechanization and automation: they are relatively stable, they provide 

accurate measurements, and readings are acceptable under harsh environmental 

conditions such as fog, dust, or smoke (Lee and Ehsani, 2008; Royo and Ballesta-

Garcia, 2019). The non-contact characteristic is essential from the perspective of non-

invasive measurement of phenotypic traits. As its basis, the technology of LiDAR shows 

a powerful potential as it does not imply destruction of plants which is indispensable for 

repeating measurements. For example, when assessing the leaf area index (LAI) which 

is a widely used index to characterize plant vigour (Arnó et al., 2013).  

LiDAR or other distance-measurement systems can be easily incorporated into current 

machinery in order to scan the field while doing other tasks such as tillage or fertilization. 

Figure 2. Schematic diagram of LiDAR measurement working principle. (a) represents the Time-of-

Flight measurement (the most commonly used for commercial purposes). (b) depicts the phase-shift 

calculation (Sohn and Park, 2014). 
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The use of a monitoring platform should not be necessary for a transition to real field 

applications. This would reduce the cost, since a specific monitoring would not be 

required. In addition, the use of LiDAR information is easy and fast to process, and it 

could be incorporated to PA applications in a short period of time. Many approaches 

have been already presented (Andújar et al., 2016a; Andújar et al., 2019; Arnó et al., 

2013; Colaço et al., 2018). Although the balance between cost/definition needs to be 

explored, some applications based on branch volume require a high definition. However, 

if that definition is reached in a fast and reliable manner, the systems could be used on 

real farming practices. Nevertheless, robotic automation is focused on optimizing 

workflow, minimizing manual labour, and producing more reliable information from crops 

along with the ability of analysing the spatial variability of the extracted parameters (such 

as leaf area index, crop height, or volume). Moreover, sustainable agriculture demands 

variable rate technologies to properly respond to inter and intra-field variability in crops, 

as they are heterogeneous and irregular. This advances toward site-specific 

management are aimed at reducing inputs (along with the impact of over-application on 

the environment), minimizing labour costs and maximizing productivity.  

 

2.2.1.1. 2D-LiDAR: discrimination between soil and weeds 

The final implementation of SSWM techniques at a commercial level needs to be seen 

from the standpoint of the overall increment of arable crop production: profitable crop 

production requires larger investment in new equipment and technologies for weed 

management. In this regard, mapping weeds in agricultural crops can be done by manual 

sampling, by remote sensing or by sensors located on ground vehicles. Discrete 

sampling methods have been used in the past for research purposes. However, they are 

not applicable for practical agriculture (Barroso et al., 2005). Continuous mapping 

systems based on visual assessment of weed infestations heavily rely on human 

perception and have various limitations and constrains. Ground-based sensor 

techniques have shown their potential for weed mapping. Most efforts focus on machine 

vision techniques to detect and identify plant species (Weis et al., 2008). Gerhards and 

Christensen (2003) using bi-spectral cameras combined with image analysis software, 

reported a successful differentiation between crops and grass and broad-leaved weeds. 

Discrimination between vegetation and soil can be accomplished using optoelectronic 

sensors (Andújar et al., 2011a). These sensors are not able to distinguish between 

weeds and crops; thus, they can only be operated in row crops or bare soil. However, 
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this does not represent a major problem if the sensor is operated within the inter-row 

area. The adoption of these tools highly depends on the cost of weed detection 

technologies, which is a major deterrent for their commercial introduction. From this point 

onwards, new approaches have been arising. The use of low-cost sensors could open 

the door for a reliable adoption of site-specific weed management technologies. Zaman 

et al. (2011) developed a real-time sprayer based on ultrasonic sensors. The sprayer 

was mounted on an ATV vehicle, and it sprayed agrochemicals by activating specific 

boom sections when weeds were detected. Andújar et al. (2011b) used a similar system 

to discriminate broad-leaved weeds from grass weeds according to their height in a 

mapping approach. These sensors were used for the evaluation of wild blueberries to 

measure plant height and fruit yield (Farooque et al., 2013). However, the use of these 

low-cost sensors has various limitations in relation to their narrow field of view or 

footprint. Several sensors are needed for scanning a representative proportion of the 

field. Indeed, a single sensor with a small footprint cannot scan row and inter-row areas 

at a time in row crops. In the case of ultrasonic sensors, the main advantages are their 

robustness and low price, and they have been proven to reliably scan vegetation (Llorens 

et al., 2011). Their main drawback is the large angle of divergence of the ultrasonic cone 

resulting in the largest footprints, which limit the resolution and accuracy of the 

measurements. Additionally, in this regard, a similar principle with wider scanning 

possibilities could improve the results. The use of LiDAR sensing technologies could be 

a powerful alternative. LiDAR sensors have been widely explored for the geometrical 

characterization and measurement of biophysical parameters obtained in fruit tree 

plantations (Rosell and Sanz, 2012). Together with ultrasonic sensors, they are a 

reasonably low cost, simple to operate solution (Llorens et al., 2011). LiDAR technology 

allows the scanning of any type of object. Compared to ultrasonic sensors, LIDAR 

sensors have a wider field of view, a lower divergence of the light beam and gather more 

data in each reading. They measure the distance between themselves and the objects 

around them, with a large spatial density of points (resolution) at a very high sampling 

frequency (thousands of points per second), reconstructing 2D (x, y) and 3D (x, y, z) 

structures (Pallejà et al., 2010; Rosell Polo et al., 2009). Moreover, LiDAR systems can 

be accomplished by mounting a source of ultraviolet (UV), visible (VIS) or near-infrared 

(NIR) light pulses to estimate distances to objects. Additionally, the reflected light pulse 

intensity together with the type of light could provide some more information on the 

detected target. The analysis of the reflection value when using NIR light pulses allows 

exploiting an effect that is well known in satellite image analysis: chlorophyll, which is 

found in living plants, strongly reflects near-IR light (Myneni et al., 1995). Moreover, the 
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colour of an object indicates the reflection value of a point. Bright colour shows strong 

reflectivity. According to this fact, green colours from vegetation could produce high 

reflection values in the returning laser beams of the LiDAR sensor. LiDAR technologies 

have been widely explored when aboard an aircraft or satellites for landscape scanning, 

but they reach their maximum potential in terrestrial systems (Hosoi and Omasa, 2009; 

Rosell Polo et al., 2009). Some of the major advantages of ground-based LiDAR sensors 

are that they are simple to operate, inexpensive and offer high density point clouds. On 

the other hand, airborne LiDAR scanners are much more expensive and produce data 

with lower resolution than terrestrial scanners, because of the different point of view and 

the different laser pulse and geometry used (Pallejà et al., 2010). In contrast, on-ground 

applications mainly focus on tree canopy technologies, among other applications. A good 

correlation was found between citrus canopy volume and the measurements of a laser 

scanner (Tumbo et al., 2002). Palacin et al. (2007) concluded that the foliage surface of 

fruit trees could be estimated by LiDAR sensing, considering a linear regression between 

actual and estimated values. On the other hand, Sanz et al. (2013) showed that both the 

leaf area and the leaf area density of different hedgerow fruit tree crops, such as apple 

and pear orchards, and hedgerow vineyards can be successfully inferred from the tree 

row volume deduced by LiDAR measurements by means of a common logarithmic 

regression. Andújar et al. (2013b) detected the presence of weeds in maize fields using 

a LiDAR sensor, allowing for the detection and discrimination of weed groups in the inter-

row area. Current study intends to improve those results, using a double index of height 

and reflection values. In addition, the detection system will work in the row and inter-row 

area to achieve discrimination between crop and weeds. The possibilities of these 

devices for object detection and discrimination make them a tool to be explored for weed-

crop discrimination.  

 

2.2.1.2. From a 2D to a 3D approach using LiDAR systems 

PA uses a wide variety of sensors to obtain geometric three-dimensional (3D) 

reconstructions of crops along with other distinctive architectural features. RGB cameras 

have been widely used to assess phenotypic traits for several purposes. Guan et al. 

(2018) estimated with accuracy soybean height. An image-based projected area helps 

to quantify shoot biomass and diameter as phenotype parameters in weeds (De Vylder 

et al., 2012). Naik et al. (2017) developed an automatic assessment of iron deficiency 

chlorosis based on canopy trait features using a smartphone app for rapid and real time 

severity rating in the field. Yamamoto et al. (2014) using a fixed-point camera calculated 
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the yield estimation of intact tomato fruits, including mature, immature, and young fruits 

with remarkable results. There is a wide variety of studies using camera-based systems 

for plant characterization. Although RGB cameras are inexpensive and quick to operate, 

along with presenting an easy processing system, they are not of high resolution for 3D 

modelling in planar mode. The need for an efficient and automatic phenotyping of traits 

across large populations is still a challenge.  

Given this scenario, ultrasonic and LiDAR sensors have been profusely researched over 

the past years, as they are adequate for rapid data acquisition when mounted on a 

vehicle. Ultrasonic sensors have been used for the geometrical characterization of plants 

and weed detection (Andújar et al., 2012; Rosell and Sanz, 2012). However, LiDAR 

sensors compared to ultrasonic sensors when attached to mobile platforms provide a 

higher 3D spatial resolution and measuring speed; i.e., it collects more data into each 

reading, and it has a broader field of view (Colaço et al., 2017; French et al., 2016; Lin, 

2015; Méndez et al., 2013). LiDAR sensors have made a significant contribution to plant 

structure characterization and crop modelling. Key geometrical features such as leaf 

area index, crop height or canopy volume, and plant biomass are directly related to 

health status and plant vigour; in this manner, unforeseen diseases can be indirectly 

detected in early stages. In this regard, there are many studies being conducted with 

LiDAR sensors, as it receives widespread support among researchers as a contactless, 

non-destructive, and relatively affordable technique for multiple and different purposes. 

Andújar et al. (2013b) used a tripod-mounted 2D-LiDAR to detect and discriminate 

weeds using distance and reflectance values. Nonetheless, the 2D LiDAR sensor 

technology allows 3D scanning of all types of objects when being displaced 

perpendicular to crop rows. From 3D clouds, structural variables can be extracted in a 

computer environment to provide useful information about plant architectural traits. 

Although 3D models constructed using 2D LiDAR are not as dense as using 3D LiDAR, 

they can help to achieve adequate results in terms of phenotyping analysis. 3D LiDAR 

can extract 3D morphometric parameters such as the distribution of branches, leaf angle 

or canopy architecture. However, they are expensive and noise can result from fog or 

wind. Although LiDAR is an active remote sensing technology capable of accurately 

acquiring three-dimensional (3D) data, and has enormous potential for crop phenotyping 

(Guo et al., 2018) in agricultural applications, it is possible to use two dimensional (2D) 

terrestrial LiDAR sensors, which are relatively inexpensive to use (Panjvani et al., 2019). 

2D LiDAR sensors collect a cloud of points that corresponds to a intersected plane or an 

object of importance although the main drawback of this technique is the impossibility of 
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measuring distances when elements are hidden behind others (Vicari et al., 2019). 

However, LiDAR 2D systems when are moved along the direction of the scanning plane 

are able to recreate 3D structural datasets with high point densities. Using technologies 

such as Time of Flight (ToF) facilitate 3D imaging which offers a comprehensive view of 

the vegetation and canopy structures above ground (Li et al., 2014).  

Andújar et al. (2013a) used techniques such as LiDAR to construct point clouds from the 

measured crops. The models can be analysed to obtain information such as height or 

TRV (Tree Row Volume), in order to adapt the tree volume to a specific dose. TRV is 

used to determine the amount of pesticides, nutrients or growth regulators to apply at 

each location (Bietresato et al., 2016). The construction of the desired models with the 

aforementioned techniques is rapidly emerging. LiDAR scanners have been the most 

widely used and promising techniques for tree characterization. 2D terrestrial laser 

scanners (TLSs) take 2D sweeps in just one measuring plane. The third dimension is 

obtained by moving the LiDAR in a direction perpendicular to the scanning plane. The 

device measures the distance to the impacted target with a laser beam by the phase-

shift or time-of-flight (ToF) method. This method has been tested and compared with 

other sensing devices (Llorens et al., 2011) . The authors concluded in a dual study that 

LiDAR measurements were more accurate than ultrasonic readings in the 

characterization of tree canopies. Similarly, Andújar et al. (2016a) showed the 

possibilities of using a LiDAR-based system to characterize poplar trees for biomass 

production. The relationship between the sensor readings and actual poplar biomass 

was presented, and the capability of the sensor to estimate tree biomass and tree volume 

was demonstrated. This method has also been widely used for the geometric 

characterization of vineyards (Gil et al., 2014). The results showed that precision 

spraying based on LiDAR measurements improves the application of agrochemicals, 

and LiDAR can even measure the spray drift. Martínez-Guanter et al. (2017) combined 

2D LiDAR measurements with the tractor movement to determine plant spacing for 

physical or chemical weed control on row crops. 3D maize plant reconstruction to support 

plant phenotyping and precision agriculture processes was proposed by (Garrido et al., 

2015).  

On-ground applications mainly focus on tree canopy geometric characterization for 

estimating canopy volume and height  (Pfeiffer et al., 2018) as key factors for site-specific 

management and implementing precision agriculture techniques. To assess 

improvements in the operating conditions of harvesters in order to minimize fruit damage 

in high-density olive groves. Pérez-Ruiz et al. (2018) attached two LiDAR sensing 
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devices to the front of a tractor to estimate volume and biomass losses during harvesting. 

Li et al. (2017) developed a system to estimate leaf area index and density (LAI and LAD 

respectively) to gain a better insight into Magnolia trees photosynthesis. A ground-based 

mechatronic LiDAR was utilized for porosity and crown surface estimation in several tree 

species as two important parameters in the characterization of crops for crop monitoring 

and precision agriculture tasks. Jimenez-Berni et al. (2018)  mounted a LiDAR along with 

other sensors to assess canopy height, ground cover, and above-ground biomass using 

a mobile platform with the aim of improving genotypes and agronomic interventions. This 

methodology was also used for the geometric characterization of vineyards (Gil et al., 

2014) . The authors proved that proper reconstruction can be achieved with the use of a 

LiDAR sensor. Those measurements can be used for precision spraying based on the 

information provided by the sensor. The results proved that this method improves the 

application of agrochemicals or pesticides. In addition, the distance measurement can 

also be related to the drift while applying agrochemicals. The system measures the 

distance between the sensor and the objects around, with a large spatial density of points 

(resolution) and a very high frequency (thousands of points per second). Two-

dimensional (2D) (x,y) and 3D cloud points (x,y,z) can be obtained by applying 

appropriate algorithms, which enable the reconstruction and description of the 

geometrical structure of the plants with high precision. The use of this sensor to create 

a point cloud corresponding to a plane with the associated position of each reading 

makes this device an appropriate tool to assess the crop structure in a digital format of 

massive data point clouds. Moreover, LiDAR sensors can measure the reflection value, 

which is a reflectivity index. This information could be used consistently in addition to 

distances to define density features (Andújar et al., 2013a). In summary, there is 

widespread support for LiDAR systems due to their high speed of measurement, 

resolution, and accuracy. Also, as it has been stated above, they can be used for 3D 

crop models to assess vegetative volume and other key geometric features such as the 

LAI or LAD (Gil et al., 2014). However, these phenotypic characteristics are not solely 

responsible for the development and health status of a plant. Also, assessing wood 

volume and specifically vineshoot volume can be taken into consideration as well for 

gaining a better insight into the vines’ development processes. In order to recapitulate 

table 1 presents a schematic summary of the LiDAR applications already mentioned: 
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Table 1. Summary of the LiDAR applications according to different reconstruction approaches and objectives 

Author/year LiDAR Reconstruction 
Approach Crop Highlights 

Llorens et 
al., 2011 2D 3D Tree crops and 

vineyards 

To characterize 
canopies as a key factor 

to improve pesticide 
application methods. 
Average crop width, 

height and volume were 
measured. 

Andújar et 
al., 2013 2D 2D Maize 

To detect and 
discriminate maize 

plants and weeds from 
soil surface. 

Arnó et al., 
2013 2D 3D Vineyard 

To estimate grapevine 
vigour. Parameters 
evaluated were the 

height of the vines, the 
cross-sectional area, the 
canopy volume and the 
TAI as surrogates of LAI 

Sanz et al., 
2013 2D 3D Apple and pear trees 

and vineyards 

To examine the 
relationship between 
TRLV and LAD. The 

LAD can be estimated 
from the TRLV. 

Gil et al. 
2014 2D 3D Vineyard 

To improve vineyard 
spraying and make it 

more sustainable 

Garrido et 
al., 2015 2D 3D Maize 

To reconstruct 3D  plant 
geometry to support 

plant phenotyping and 
precision agriculture 

processes. 

Andújar et 
al., 2016 2D 3D Poplar trees 

To characterize poplar 
trees for biomass 
production. LiDAR 

height and volume were 
assessed from the 3D 

point cloud. 

French et al., 
2016 2D 3D Cotton plants 

Scanning data mapped 
the canopy heights and 

widths, and detected 
cotton bolls. 

Martínez-
Guanter et 

al. 2017 
2D 3D Tomato plants 

To determine plant 
spacing for physical or 
chemical weed control 

on row crops. 

(cont. Table 1) 



  Chapter 1: Introduction 

- 30 - 
 

Table 1. Summary of the LiDAR applications according to different reconstruction approaches and objectives 

Author/year LiDAR Reconstruction 
Approach Crop Highlights 

Colaço et al., 
2017 2D 3D Orange groves 

Estimation of canopy 
volume and height as 
key factors for site-

specific management 
such as variable rate 

technology. 

Li et al., 
2017 3D 3D Magnolia Trees 

To estimate leaf area 
index and density (LAI 

and LAD respectively) to 
gain a better insight into  

photosynthesis. 

Jimenez-
Berni et al. 

2018 
2D 3D Wheat 

To estimate of canopy 
height, ground cover 
and above -ground 
biomass to improve 

genotypes and 
agronomic interventions 

Guo et al., 
2018 3D 3D Rice, Sorghum and 

maize  

Extraction of crop 
phenotypic parameters. 
Height, leaf inclination 

angle, plant area density 
and tillers. 

Pérez-Ruiz 
et al. 2018 2D 3D Olive trees 

To 3D reconstruction of 
trees so as to assess 
improvements in the 

operating conditions of 
harvesters in order to 

minimise fruit damage. 

Pfeiffer et al., 
2018 2D 3D Avocado trees 

To estimate porosity and 
crown surface 

estimation for crop 
monitoring (precision 

agriculture 
tasks/applications) 

(Andújar et 
al., 2019) 2D 3D Vineyard 

To estimate grapevine 
yield and biomass. 

Then, LiDAR results 
were compered with 

RGB and RGB-D 
cameras. 

Panjvani et 
al., 2019 2D 3D Orchid and canola Leaf traits (length, width, 

and area) extraction 

 

 

2.2.2. Depth Cameras: Kinect V2 – automatic reconstruction systems 

RGB cameras have been widely used to assess phenotypic traits for several purposes. 

Some approaches have differentiated vegetation from vineyard crops. For example, 

automatic methods were combined for different vegetation indexes and elevation models 

(Pádua et al., 2018). In this regard, the use of RGB information is valid from ground-
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based and aerial visible imaging data. The acquired images are analyzed using 

algorithms able to segment the set of RGB channels that have been proposed for quick 

and simple description of plant growing dynamics (Peteinatos et al., 2014). However, 

data assessment from RGB images is sometimes limited due to constraints such as leaf 

overlapping or plant shadows, making important plant parameters difficult to assess 

(Rueda-Ayala et al., 2019). In addition, RGB cameras can create three-dimensional 

models using photogrammetry procedures. Andújar et al. (2016b) adapted low-cost 

techniques, Structure from Motion (SfM) and MultiView Stereo (MVS), to create 3D 

models for reconstructing plants from single RGB images. Similarly, the use of remote 

sensing can create 3D models based on the RGB information. Colour model imagery 

acquired with an unmanned aerial vehicle can be used to describe the vineyard 3D 

macro-structure (Weiss and Baret, 2017). 

Amongst RGB cameras, depth cameras such as the Microsoft Kinect sensor (Redmond, 

WA, USA) due to their distinctive appealing characteristics (Vázquez-Arellano et al., 

2018) has met with widespread approval in precision agriculture (Rosell-Polo et al., 2017; 

Vit and Shani, 2018). Interestingly (Vit and Shani, 2018) measured maize stems width 

using four different RGB-D cameras Microsoft Kinect v2, Orbbec Astra S, Intel SR 300, 

and Intel D435 concluding that Intel D435 is more suitable for outdoor agricultural-

oriented tasks. The following development, Kinect, is a motion device to enable users to 

have a contactless interaction with computers and game consoles mainly through 

gestures. The first version was highly used indoors such as applications in greenhouses. 

The device Kinect v1 is based on a structure light triangulation method i.e. the projection 

of a speckle pattern for depth sensing. Unlike its predecessor, Kinect v2 works on the 

basis of the concept of time of flight (ToF) being more accurate and precise when 

detecting depth (Guzsvinecz et al., 2019). Although the Kinect sensors were design to 

work indoors under controlled light conditions, particularly low, the Kinect v2 in contrast 

to the structure light sensor Kinect v1 (Rosell-Polo et al., 2015) seems to be less affected 

by daylight (Lachat et al., 2015). Andújar et al. (2017) assessed the potential of 3D depth 

imaging systems when exploring the possibilities of the Kinect v2 sensor to characterize 

two trees species with contrasting architecture under different wind conditions. They 

established a limit of 18 km∙h-1 as a threshold for good estimations of height and LA as 

a major determinant of nutrient application. Concerning woody crops, (Bengochea-

Guevara et al., 2018) developed a mobile platform to explore the use of 3D modelling 

technology in the Kinect v2. They concluded that the system was sufficiently accurate 

for large areas at different times of the year under uncontrolled daytime light. The 

assessment of key geometric, i.e. hence phenotypic traits, using contactless optical 
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technologies help to take the best strategies so that they lead to a higher crop yield. Over 

the past two decades, they have been profusely used within the discipline of precision 

viticulture (Santesteban, 2019) so that vineyards are being benefiting from advances and 

breakthroughs in the study of site-specific management (Andújar et al., 2019).  

 

2.2.3. RGB cameras in aerial approaches 

Triangulation-based UAV approaches have been thoroughly researched. As these aerial 

vehicles are very cost-effective compared to aircraft and the images are of higher 

resolution compared to satellites, so further scientific and industrial applications can be 

envisaged. In this regard, Structure from motion (SfM) has great potential in aerial 

applications comprising UAVs, which will be gradually incorporated into future farming 

practices, replacing technologies such as satellite or manned aircraft (Vázquez-Arellano, 

2019). 

Although terrestrial sampling can describe crop shape, methods based on UAVs also 

create high-resolution 3D models. In the last decade, several studies have shown the 

possibilities of UAVs beyond those of airborne or satellite imaging. UAVs cover large 

spatial extents and operate independently of soil conditions. Bendig et al. (2015) 

calculated the vegetation indexes from hyperspectral data and derived plant height from 

UAV-based RGB imaging. They showed that the parameters were directly related to dry 

biomass across all growth stages. The UAVs can create high-spatial resolution images 

at low altitudes with large overlaps. The data can be processed by structure from-motion 

reconstruction for 3D reconstruction. The use of SfM from UAVs creates three-

dimensional point clouds. The accuracy can be increased using Ground Control Point 

that uses automatically identified points in the point cloud to generate the Digital Terrain 

Model (Turner et al., 2012). The potential of this technique has been already tested in 

the field of Photogrammetry and Remote Sensing. Colomina and Molina (2014) showed 

the possibilities of this method in different scenarios. Some specific cases in trees have 

been tested. (Wallace et al., 2016) compared the most promising tools for 3D 

reconstruction. Airborne laser scanning and SfM were tested to capture three-

dimensional structural information. Both techniques described the terrain surface and 

canopy properties in areas of relatively low canopy closure. However, the SfM 

photogrammetric technique underperformed airborne laser scanning in capturing the 

terrain surface under increasingly denser canopy cover. 3D models from UAV data have 

already been tested in olive trees, with promising results (Torres-Sánchez et al., 2018). 
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The authors calculated canopy area, tree height and crown volume by generating digital 

surface models and an object-based image analysis (OBIA) algorithm, which showed up 

to 97% accuracy with the actual values. The use of created 3D structural maps through 

aerial or terrestrial methods can allow the site-specific application of inputs within the 

fields. Site specific spraying would reduce both the risk of chemical contamination and 

the residues in the grapes due to over-dosing.  
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Chapter 2: Objectives 

The general objective of this thesis is to assess the performance and capability of some 

of the most promising optical sensors, namely: LiDAR, Kinect v2 and RGB cameras in 

terms of crop reconstruction and plant discrimination. They allow to know the spatial 

distribution of plants in maize crops and 3D reconstruction of vineyard crops for their 

subsequent site-specific management. 

From the following viewpoints the specific objectives of this work are set out:  

1. To propose an approach for detecting and discriminating between maize plants, 

weeds and soil surface. It was hypothesized that LiDAR sensors could be used 

for vegetation detection and discrimination, looking for an improvement by using 

a double measurement index. For this purpose, LiDAR heights and reflection 

measurements were considered: 

1.1. to evaluate the accuracy and performance of a LiDAR sensor for 

vegetation detection in maize fields;  

1.2. to assess the possibilities of distance and reflection measurements on 

vegetation from soil discrimination; and  

1.3. to evaluate the capabilities of a LiDAR system for weed-crop-soil 

discrimination. 

 

2. To characterize the geometrical attributes of vineyard crops using a 2D LiDAR 

sensor mounted on a mobile platform: 

2.1. The main objective is to map large crop areas in order to evaluate the 

structural characteristics of vines.  

2.2. Moreover, the aim is to assess phenotypic traits such as height and 

vineshoot volume as surrogates of plant dry biomass. In this way, a proper 

3D model of crop biophysical parameters would allow to implement 

techniques such as automated pruning, irrigation programs, and variable rate 

technology. 

 

3. To implement a non-destructive measuring technique to assess major 

geometrical traits of vines on measurements recorded by a Kinect v2 mounted 

on a mobile platform. The overall goal was to test the performance of RGB-D 
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cameras as a reliable system to reconstruct 3D architecture of vines according 

to different treatment practices.  

3.1. The 3D models are used to extract branch volume then compared with 

ground truth values i.e. vineshoot weight, plant dry biomass and vineyard 

yield. This non-invasive methodology leads to a better approach in order to 

obtain detailed morphological parameters of vines.  

 

4. To simulate the reliability of 3D models by using large maps of vineyards. The 

capacities of UAV missions and on-ground systems based on LiDAR and depth 

cameras to provide vineyard volume maps are compared. The specific goals are: 

4.1. To construct maps from the studied methods in order to perform a 

comparison between methods. 

4.2. To simulate a full process of fertilizer application based on the extracted 

values of plant volume. Economical aspects are considered in the 

constructed model to assess the advantages and disadvantages of each 

method when being used in vineyard crops. 
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Chapter 3: Materials and Methods 
 

3.1. Study Cases 

To address these objectives, a number of field-based studies have been considered. The 

sampled area corresponds to experimental fields located in Germany and Spain 

belonging to the University of Hohenheim and CSIC (Spanish Research Council) 

respectively. In these fields, a wide range of variables, both ecological and inherent in 

crop management, have been considered to obtain a sufficient data set to discriminate 

the different populations of maize weeds and to perform the crop reconstruction of 

vineyard crops. Similarly, it has been necessary to have an experimental farm with 

adequate surface and the guarantees provided by a qualified support personnel, to test 

and validate the systems created; in particular, in terms of ground truth validation. 

Information on geometric and structural characteristics of crops (such as height, width, 

distance, leaf density or leaf area) can help improve numerous agricultural activities, 

including pruning and crop training techniques, as well as, irrigation and fertilization. 

However optimising crop yield is also about site specific treatment and management of 

competitors of plants, in this regard, particularly: weed-crop competition for nutrients and 

water. Such competitive interactions usually result in reduced crop yield quantities and/or 

efficiency. Hence, competition between weeds and crops is generally regarded as 

undesirable. Therefore, considerable resources have been dedicated to mitigating the 

potential for weed-crop competitiveness, mainly by minimizing the concentration of 

weeds existing in a crop field throughout crop growth. 

For the first study carried out, focused on weed identification previous research was 

considered: 

1. A ground-based ultrasonic system was used to determine plant heights for weed 

detection in a maize field (Andújar et al., 2012). Ultrasonic readings allowed 

distinguishing between weed-infested zones and non-infested areas with up to 

92.8% success in the maize field. The ultrasonic sensors used in the experiment 

were relatively inexpensive and simple to incorporate into real-time applications. 

However, minor readings discrepancies between infested and non-infested areas 

required more tests before market acceptance can be accomplished. 

 

2. Andújar et al. (2013a) characterised four major weed species in the inter-row area 

of a maize field. Ground truth was considered when correlating actual height 
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values with sensor readings (R2=0.88). The high potential of the system to 

distinguish from shorter weeds was quantified performing a canonical 

discriminant analysis. Those findings showed that LiDAR sensors could become 

an effective method for weed detection and discrimination, offering significant 

advantages over other forms of non-contact sensors, such as higher sampling 

resolution at hight sampling rates. 

The conclusions drawn from these experiments highlighted the following distinctive 

features of LiDAR sensors: 

- Compare to ultrasonic sensors, LiDAR sensors have a wider field of view, a lower 

divergence of the light beam and gather more data in each reading. Ultrasonic 

sensors key drawbacks are their poor spatial resolution, extremely divergent 

sonic cones, lack of scanning devices, and possible interference with proximal 

sensors. 

- LiDAR sensors can measure the distance between themselves and the objects 

around them, with a large spatial density of points (resolution) at a very high 

sampling frequency (thousands of points per second). 

Furthermore, LiDAR sensors allowed to store the reflection values of the detected pulse 

apart from recording the precise time to calculate the delay, hence the distance. In 

addition to the 2D or 3D coordinates of the mapped points, LiDAR sensors can record 

the strength of the backscattered laser beam. Based on this evidence, together with the 

results obtained in those previous works and given the capabilities of LiDAR sensors, a 

new approach was undertaken to improve previous research using a double index of 

height and reflection values. Therefore, in the first case study LiDAR technologies were 

applied to explore the capabilities for object detection, focused on discrimination of 

weeds in maize fields in a more robust approach. A study was carried out at Ihinger Hof 

(48º70 N, 8º90 E; altitude 450 m a.s.l.), in Renningen (University of Hohenheim).  

Due to the promising results achieved, and with the aim to keep evaluating the LiDAR 

capabilities but this time in a 3D environment a second study was conducted in vineyard 

crops in order to assess the vineshoots geometry. It was hypothesized that a 2D stage 

could be implemented in 3D since multiple scans can be acquire from different points. In 

this second study, instead of installing a 2D LiDAR on a tripod it was mounted on a 

ground vehicle. The sensor could be constantly moved in conjunction with an inertial 

measurement unit or a RTK-GPS system to account for vehicle movements and 

georeferencing. Although the sensor used was a 2D scanner, this forward movement at 
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constant speed would allow to create a 3D profile. The experiment was carried out in a 

2 ha vineyard field located at research station of “El Socorro” (IMIDRA, Colmenar de 

Oreja, Madrid, Spain, 40°8′ N, 3°22′ W). The high concordance of 3D structural 

information with actual parameters proved the accuracy of the system for evaluating 

pruning remains of biomass using a non-contact sensor.  

Given this evidence, encouraged further research that was undertaken to test other light 

sensors such as RGB-D cameras. The third study used a Kinect v2 camera as another 

non-invasive and contactless method based on the concept of ToF instead of its 

predecessor on structured light. Major architectural traits were measured by a Kinect v2 

installed on a mobile platform to test the performance of RGB-D cameras as a reliable 

system to 3D reconstruction of vines. The experiment was carried out at the same 

vineyard field located at research station of “El Socorro”.  

In order to characterize and compare the distinctive features of the optical sensors 

previously studied and along with RGB cameras a fourth study was undertaken. This 

fourth study was conceived in the context of elucidating the dichotomy between the 3D 

reconstruction of crops in terms of performance, either from ground-based systems or 

air-based systems. This is explained given the fact that technologies characterizing aerial 

and on-ground vegetation are constantly evolving. In this study a vineyard field located 

at research station of “El Socorro” (IMIDRA, Colmenar de Oreja, Madrid, Spain) was 

conducted to test the economic feasibility of applying fertilizers site specifically based on 

different mapping systems.  The ability of UAV missions and on-ground systems using 

depth cameras and LiDAR systems were assessed to provide the required maps for 

specific applications such as fertilization. Using photogrammetry techniques, a digital 

terrain model was reconstructed using a high-resolution camera installed on a UAV. 

LiDAR and Kinect based measurements were taken with an RTK-GNSS for on-ground 

reconstruction of the same plot of vines for later comparison. 
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3.1.1. Study case 1. Discriminating Crop, Weeds and Soil surface with a Terrestrial 
LiDAR 

Sampling system 

A general-purpose laser scanner model LMS-111 (SICK AG, Germany) was used in the 

data collection system. The measurement principle is based on a 2D divergent laser 

scanner with a maximum field of view of 270º, with a selectable angular resolution of 

0.25º to 0.50º. The emitted laser beams are deflected using a spinning mirror and scan 

the surroundings in a circular manner. The measurements are triggered at regular 

angular steps using an angular encoder. The accuracy of the device is ±30 mm in a 

single-shot measurement, and the standard deviation is 12 mm. The source of light is a 

pulsed infrared laser of 905 nm wavelength. The distance between the laser scanner 

and the object of interest is determined according to the time-of-flight principle, by 

measuring the time delay between an outgoing laser pulse and the returned beam 

reflected by the impacted object. Moreover, the reflected intensity value was used as the 

reflectivity. After the laser beam hits the object, it is reflected and travels back to the 

LiDAR photoreceptor, and an energy loss is incurred. The reflection value returned by 

the sensor depends on the material of the scanned surface, on the distance at which it 

is hit and on the angle of incidence. The signal received from a perfectly diffuse reflecting 

white surface corresponds to a reflection of 100%. Consequently, surfaces that reflect 

the light as bundled (mirrored surfaces, reflectors) can be assigned a reflection value 

higher than 100%  

The device was positioned to ensure that the 2D point cloud was contained in a vertical 

plane perpendicular to the crop row, obtaining vertical slices of the crop and weeds. The 

measurement configuration was set to an angular resolution of 0.25º and a sampling 

frequency of 25 Hz (40 ms period). The horizontal distance between consecutive 

measurements in the same scanning plane lied within a range of 2.5–5 mm, depending 

on the distance between the LIDAR sensor and the scanned object. The minimum object 

size (Min(∅ object)) was 20 mm as a function of the beam diameter (∅ beam), Equation 

(1), where d is the distance in mm between the LiDAR and the object and Dp−p, the 

distance between the measured points, Equation (2): 

 

 

 

(1) 

(2) 

∅𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏 = (𝑑𝑑(𝑚𝑚𝑚𝑚) · 0.015𝑟𝑟𝑟𝑟𝑑𝑑) + 8𝑚𝑚𝑚𝑚 

𝑀𝑀𝑀𝑀𝑀𝑀�∅𝑜𝑜𝑏𝑏𝑜𝑜𝑏𝑏𝑜𝑜𝑜𝑜� = ∅𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏 + 𝐷𝐷𝑝𝑝−𝑝𝑝 
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Readings were obtained by positioning the sensor 60 cm above the ground pointing to 

the centre of the sampled area. Data were acquired from the same stationary location 

for a 10-s time interval; each sample consisted of approximately 250 scans. The field of 

view of the LiDAR sensor was set to be from 45º to 135º with respect to the horizontal, 

which represented a scanned ground width of 1.20 m. Data from the sensor were 

transferred to the computer via an Ethernet communication port. SOPAS software (SICK 

Open Portal for Applications and Systems Engineering Tool) was used to control the 

sensor and store data in the computer. Raw data collected by the LiDAR sensor were 

configured in dual mode output: distance and reflection. The sensor provided the radial 

distance corresponding to each angular direction of laser beams (polar coordinates) and 

the respective reflection value, i.e., each point was characterized by the distance and an 

angle referred to as 0º, corresponding to the centre of the LiDAR. By the distance 

extraction, a height profile was obtained containing all the points where the laser beam 

impacted. Each profile was composed of the points of intersection between the laser 

beam and the vegetation or soil present in the row and inter-row sampled area. From the 

sensor return, a second profile contained the reflection values at each point. 

 

Location and Data Processing 

Field measurements were conducted on June 5th and 6th, 2012, on maize. The field trial 

was located in SW Germany, at the experimental station, Ihinger Hof (48º70 N, 8º90 E; 

altitude 450 m a.s.l.), in Renningen, University of Hohenheim. This place has around 715 

mm mean annual precipitation and a mean temperature of 9.3Cº; the soil is of a loam 

type (loess weathered soil). Precipitation is approximately equally distributed over the 

year with a peak in summer and a minimum in winter. Maize was planted on April 12th at 

a 0.75 m inter-row distance and a density of 90,000 plants · ha−1. The measurements 

were carried out on a maize growth stage BBCH12–14. The maize field was infested 

with Echinochloa crus-galli (L.) P.Beauv., Lamium purpureum L.and Galium aparine L., 

but also included weed-free areas. The field was sprayed with a pre-emergence 

treatment of S-metolachlor and mesotrione.  

Residual weed patches were abundant; thus, 16 samples were chosen, looking for 

different weed density ranges in order to assess representative measurements. 

Densities ranged from 0 (bare soil) to > 100 plants · m−2. The number of samples were 

previously calculated according to (CSIC, 2013). In some cases, it was necessary to 

hand-weed the plots, in order to obtain a representative number of samples for the 
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statistical analysis. Immediately after the LIDAR sensor data collection, the actual height 

of plants was assessed. For that purpose, RGB images were taken of each sampled 

area following the procedure proposed by (Andújar et al., 2013a), frontally pointing a 

camera held at a height of 20 cm. The camera was a Canon digital EOS 5D (Canon Inc, 

Tokyo, Japan) with a 6.1 megapixel DXFormat CCD image sensor equipped with an 18–

70 mm lens. A frame with a graduated scale in centimetres was located on the back of 

the sample and placed with its vertical plane perpendicular to the LiDAR axis (Figure 3). 

The collected images were processed in advance in the lab. 

 

 

 

 

 

 

 

 

Figure 3. Schematic design of the sampling methodology at scanning 

 

Raw data were processed off line in an application developed in Matlab® 2010 (The Math 

works Inc., Natick, MA, USA). The software was able to manage and plot the stored data, 

creating a plane with the associated values of LIDAR heights and reflection. The scan 

data included the scan angle, range and reflection values. Thus, a plane of heights was 

created with the associated values of reflection. The data, transformed from polar to 

Cartesian coordinates, were exported to AUTOCAD 2010 (Autodesk Inc., Mill Valley, 

CA, USA). As a result, two 2D point clouds per sample (geometrical profile and reflection 

profile) were plotted. Afterwards, the frontal images were projected into the same file. 

This procedure allowed for manually drawing the actual profiles over the RGB images, 

as they were scaled. This methodology was repeated for each sample. Consequently, 

three 2D profiles were visible for each sample: actual height, LiDAR height and reflection 

values. Each profile was graduated in centimetres and cropped, obtaining a database 

with values for these three parameters. Then, a matrix for each file was created, 

containing all values related to actual height, LiDAR height and reflection values. 
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Statistical Analysis 

Regression analyses were applied to identify the capabilities of the system to 

discriminate between vegetation and soil. For that purpose, two cases were considered: 

(i) the geometrical reliability of the LiDAR, considering a linear relationship between the 

actual plant heights and the height values measured with the LiDAR sensor; and (ii) the 

ability of the system to discriminate the presence/absence of vegetation. Due to the fact 

that presence/absence is a dichotomous variable, a logistic binary regression was used. 

Logistic regression is able to predict the presence or absence of a characteristic based 

on values of a set of predictor variables. The coefficients can be used to estimate odds 

ratios for each of the independent variables in the model. Logistic regression does not 

make many of the key assumptions of linear regression that are based on ordinary least 

squares algorithms regarding linearity, normality, homoscedasticity and measurement 

level. It does not need a linear relationship between the dependent and independent 

variables, which do not need to be multivariate normal. In addition, the residuals do not 

need to be multivariate normally distributed, and homoscedasticity is not needed. 

However, some other assumptions, like a binary-dependent variable and an ordinal 

independent variable, are needed. The errors need to be independent (SPSS, 2011). 

This analysis employs binomial probability theories, in which there are only two values 

to predict: that probability (p) is 1 rather than 0, i.e., the event (vegetation/soil) belongs 

to one group rather than to the other. A backward stepwise logistic regression was 

carried out. The parameters for predicting the outcome of a dependent variable, 

presence/absence (vegetation or soil), was based on two predictor variables: LiDAR 

height and reflection values. After testing the normal distribution of the two independent 

variables, LiDAR heights and reflection values, analyses were performed to assess the 

capability of independent variables to discriminate significantly between vegetation and 

soil. Indeed, the possibility of weed type-crop-soil discrimination was tested with 

Canonical Discriminant Analysis (CDA). Discriminant analysis builds a predictive model 

for group membership. The model is composed of a discriminant function or a set of 

discriminant functions based on linear combinations of the predictor variables that 

provide the best discrimination between the groups. The functions are generated from a 

sample of cases for which group membership is known, and the functions can then be 

applied to new cases that have measurements for the predictor variables (SPSS, 2011). 

This methodology is used for pattern recognition to find a linear combination of features, 

which can separate two or more groups based on the variables characterizing the 

dependent variable. This method expresses the dependent variable as a linear 
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discriminant combination of the other features (Kenkel et al., 2002). Due to overlapping 

in the multivariate space, Monte Carlo permutation was used to calculate the probability 

of occurrence of a point into a certain class. Monte Carlo permutation is a Bayesian 

method that uses pseudo-random (computer simulated) values to estimate the 

probability of occurrence, using a large set of random samples of state variable values 

(Makowski et al., 2010). In this study, two cases were analysed: (I) the possibilities of 

the method to separate vegetation areas from bare soil; and (II) the possibilities of the 

discrimination of four types of situations: (a) monocots; (b) dicots; (c) crop; and (d) soil. 

Analyses were carried out with the software SPSS v20 (IBM SPSS Statistics). 

 

3.1.2. Study case 2. On-Ground Vineyard Reconstruction Using a LiDAR-Based 
Automated System 

Site location 

Field measurements were conducted in a vineyard field located in central Spain on the 

experimental station of “El Socorro” (IMIDRA, Colmenar de Oreja, Madrid, Spain). 

Experimental data were obtained during the winter–spring season of 2018 at several 

stages. Measurements were carried out in the vineyards of the Experimental Station on 

25th January. The site (40º 80 N, 3º 220 W; altitude 750 m a.s.l.) is characterized by 436 

mm mean annual precipitation and a mean temperature of 13.5º C. Vines were planted 

at an inter-row distance of 2.5 m. The experiment was carried out in a 2 ha vineyard field. 

The field was divided into five different treatments with three plots per treatment. Each 

plot was formed by 10 vines. In total,150 vines were cut and analysed separately. The 

vineyard plot was segmented into 10-vine batches according to different ways of 

cultivating. This implies a wide variety of tillage systems, fertilizing and pesticide 

treatments, and pruning techniques that have the potential to conserve soil and water by 

reducing their loss along with increasing the crop yield. These ways of cultivating are 

aimed at preserving and improving the physical and chemical characteristics of the soil 

together whilst improving plant production. In this manner, the area studied was divided 

into five different cultivating techniques, and each of them features three rows, i.e., 

replications, in different locations within the same vineyard. (A) It is defined as intensive 

with chemical treatment. It aims to maximize yield (S1). (B) It is considered a low-input 

or mixed technique, since it combines treatments with pesticides (herbicides and 

fungicides) and mechanical work, which ends up having a lower yield (S2). (C) It is based 

on an intensive mechanical weed control (using an in-row weeder). This system rotates 
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the vegetal cover every three years. The last rotation began in 2015, at the beginning of 

the series under study(S3_1andS3_2). (D) Harrowing is done in the inter-row areas 

(S4_1). (E) A vegetal cover is left in the inter-row areas (S4_2). The pruning of the areas 

under study was carried out on 20th and 21st February. Immediately, the pruning 

branches were taken to the laboratory for dry biomass determination. The dry branches 

were weighed manually within the vineyard and after the drier treatment. Branches were 

characterized for a diameter lower than 1 cm. Thus, the end details of branches were 

sometimes missing due to their low diameter. Thus, an underestimation of the real 

branch volume was observed. This effect was mainly observed on those parts of 

branches with a diameter of less than 2 mm. 

 

Sampling System  

Readings were taken using a mobile platform based on a Twizy Urban 80 model 

(Renault), which is a plug-in electric vehicle. Sensors were installed on a height-

adjustable instrument boom attached to the front of the platform (Figure 4). This mobile 

platform allows very low speeds, below 3 km/h−1, which is a key factor to acquire high-

quality information, since data resolution is significantly affected by the speed of the 

mobile platform. The mobile platform comprised the following instrumentation: 

(1) A general-purpose laser scanner (model LMS-111; SICK AG, Waldkirch, Germany) 

was used for the measurement system. A gimbal was installed to dynamically stabilize 

the LiDAR. The sensors had an operating range: from 0.5 to 20m LiDAR Class: 

1(IEC60825-1) with an angular resolution of 0.5”. The statistical error is 12 mm, and the 

light spot size at optics cover/18 m: 8 mm/300 mm. The measurement principle is based 

on a 2D divergent laser scanner with a maximum scanning angle of 270 with a selectable 

lateral resolution of between 0.25º and 0.50º. During this process, a laser pulse and 

therefore a measurement is triggered after an angular step of 0.25º or 0.50º. The emitted 

laser beams are deflected using a mirror and scan the surroundings in a circular manner. 

The measurements are triggered at regular angular steps using an angular encoder. The 

accuracy of the device is ± 30 mm in a single-shot measurement and a 12 mm standard 

deviation (SICKAG 2008). The frequency was set up at 25 Hz. The source of light is a 

pulsed infrared laser of 905 nm. The distance between the laser scanner and the object 

of interest was determined according to the time-of-flight method by measuring the time 

interval between an outgoing laser pulse and the return signal reflected by the target 

object. By distance extraction, a 3D point cloud was obtained containing all the points 
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where the laser beam impacted. The point cloud model was a composition of vertical 

slices of the vineyard reconstruction. The distance between consecutives planes of scan 

was about 10 ± 2 mm depending the platform speed. The fusion of LiDAR impacts and 

the positions of each associated to the RTK-GPS allowed the creation of the 3D 

structure. For each scan, the points that intersected the vineyard created a plane 

corresponding to a full 180º LiDAR scan. The sensor was located at a height of 1.20 cm 

above the ground level and laterally (facing sideways) pointing perpendicularly toward 

the vineyard rows (at a distance of approximately 1 m from the crop row).  

(2) An RTK-GPS receiver (R220, Hemisphere, Scottsdale, AZ, USA) was also mounted 

in the vehicle on the top of the aluminium structure and aligned with the centre of the 

sensor. It can provide geospatial position according to the NMEA (National Marine 

Electronics Association) standard at a 20 Hz sample rate with an accuracy capability of 

20 mm precision + 2 ppm (in kinematic mode).  

(3) An on-board computer (Intel Core i7-4771@3.5 GHz processor, 16 GB of RAM, and 

a NVIDIA GeForce GTX 660 graphic card) was used to register sensors readings, which 

were transferred via Ethernet communication port. 

 

 

 

 

 

 

 

 

 

Figure 4. Electric mobile platform comprising light detection and ranging (LiDAR) laser scanner and GPS-

RTK receiver mounted on a lightweight extruded aluminium with adjustable height. Data is captured on an 

on-board computer. 

 

The LiDAR was installed to obtain the lateral projection of the vines because it provided 

the best information on the structure of the vines. Depth data was collected by setting 
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the field of view to 270° at 0.5° angular steps and a sampling frequency of 50 Hz (every 

20 ms). LiDAR readings were acquired and processed by a developed LabVIEW 

programme (National Instruments Co., Austin, TX, USA) (Pérez-Ruiz et al., 2018). Height 

profiles of the vines were obtained by distance extraction, generating a high-density point 

cloud containing all points where the laser beam impacted. The vehicle travelled in a 

straight line parallel to the row through the centre of the inter-row area, so the raw data 

consisted of vertical slices of the vine surface. In this way, each cross-section comprised 

the intersection points between the laser beam and the vine. The distance between slices 

was about 5 mm. Three-dimensional (3D) points are possible since the 2D LiDAR is 

displaced along the rows, and vertical transects are made up of beam impacts on each 

side of the crop row. Thereby, by scanning, the transversal sections’ branch volume 

referred to pruning remains is estimated, and it is later related to dry branch biomass. 

Therefore, the RTK-GNSS receiver was set at 10 Hz to integrate the LiDAR raw data 

into a local system to obtain a 3D structure of the vines. Since the mobile platform 

travelled in the direction of the X-axis (parallel to the vineyard rows), a Cartesian 

coordinate system was set by projecting the vine cross-sections along the Y-axis (in the 

direction of the crop depth) and Z-axis (in the direction of the crop growth). In this manner, 

the LiDAR sensor is the origin of the local coordinate system, and every scan had a 

distinct GNSS position; therefore, a 3D point cloud is generated though the LiDAR is a 

2D laser scanner. The data were saved separately for each vineyard row and area of 

study. 

 

Data Processing 

LiDAR raw data was pre-processed using the RTK-GNSS receiver information for the 

discretization of the X-axis (direction of movement). In this way, vertical slices (cross-

sections of the vines) of the areas studied were obtained within the ZY-plane, calculated 

branch volume, and compared to ground truth-values (plant dry biomass). It was 

necessary to pre-process the data as a prerequisite for calculating branch volume, since 

LiDAR densely sample the structure of the vines, producing massive datasets along with 

the high complexity of its data.  

LiDAR data provide a 3D representation of the vine canopy, which can be processed in 

multiples forms, offering a wide range of measurements from the same original raw data. 

Key traits that are relevant in phenotyping and plant physiological structure: ground cover 

and above-ground biomass (focusing on vine shoot volume) were extracted. The pre-
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process of the voluminous LiDAR raw data was performed using a Matlab R2017b 

(MathWorks, Natick, MA, USA) algorithm described in (Martínez-Guanter et al., 2017). 

Laser scans were converted from polar coordinates (angles and distances) to 

rectangular (Cartesian) coordinates using a horizontal reference direction. For this 

purpose, data were transformed according to the angles of roll, pitch, and yaw to 

integrate the scans from LiDAR into the mobile platform coordinate system. After 

applying a 3D affine transformation, next, a translation was performed by shearing along 

over the X-axis (the direction of movement) for the actual LiDAR orientation. For this 

purpose, RTK-GNSS data and LiDAR data were time-stamped to adjust the actual 

orientation of the LiDAR. According to this approach, the local LiDAR point cloud was 

converted into a relative coordinate system, since NMEA data from the RTK-GNSS were 

used as an encoder for the vehicle advance. Therefore, homogeneous coordinates were 

obtained for the subsequent 3D calculations. To properly obtain branch (vine shoot) 

volume, it is fundamental to accurately represent the 3D point cloud in order to assess 

its key geometric features. The output data from MATLAB can be visualized in the form 

of a 3D point cloud using Cloud Compare (CloudCompare 2.9.1 GNU License, Paris, 

France). The data comprise a matrix whose dimension is three columns (x, y, and z) and 

n rows where n is the number of scans. The scanned rows were marked out with physical 

references to assess and extract the geometrical features of 10-vine batches (Figure 5a). 

In order to eliminate those points that did not belong to the vine shoots (either they 

appear isolated or represent the stump, cordon, or the soil), they were delimited in the 

point cloud representation by manually projecting a cross-section (within the XY-plane) 

set at the average height of the buds (Figure 5b). Training structures were later removed 

by subtracting their volume from the totality (horizontal wires were discarded as they 

have a negligible effect in the volume calculations).  

Finally, data points that were considered outliers (those whose average distance to its 

64 neighbours is greater than the standard deviation of the distance to the neighbours of 

all the points) were removed automatically from the point cloud using (Bengochea-

Guevara et al., 2018). After filtering, the output data represented only the vine shoot 

geometry for every 10-vine batch. 
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Figure 5. Fixed physical references (white sphere) were placed within the row to delimit the studied area 

(a). Section cloud points projected onto Y-axis (the depth of the crop). (b) The horizontal line depicts the XY-

plane cross-section (with regard to the direction of movement). 

 

The resulting point clouds representing the vine shoots were strictly woody structures, 

since at that maturity stage, there were no leaves due to the winter season. Although 

point clouds were already filtered, discarding points out of the study area, branch volume 

cannot be directly calculated since it turns into a 3D solid clusters that encloses a volume 

(Figure 6). For that purpose, the alpha shape (α-shape onwards) algorithm 

(Edelsbrunner and Mücke, 1994) was employed, as it had a proper performance in other 

studies in agriculture (Andújar et al., 2017; Colaço et al., 2017; Rueda-Ayala et al., 

2019).To obtain the 3D object surface, and therefore, to be able to calculate the volume 

enclosed by this surface, a suitable alpha shape was generated as an outline that 

envelops the outer points of the point cloud. The degree of fit is defined by the index α. 

The more the α value decreases, the tighter the outline fits the points, producing a 

smaller surface to enclose a set of 3D points (loose shapes correspond to high α values). 

The most suitable α index would be the one that encloses the smallest volume whilst 

maintaining a solid surface free from voids. To calculate the αshape of the branches of 

each section, thus to compute the volume enclosed, a 3D algorithm available in the 

alphashape3d package from R (Lafarge et al., 2014) based on the original work of 

(Edelsbrunner and Mücke, 1994) was used. 

 

(a) (b) 
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Figure 6. (a) Scanned point cloud of the branches of a section, (b) Alpha shape of the point cloud showed 

in (a) with alpha = 0.1, (c) with alpha = 0.3, (d) with alpha = 0.5, (e) with alpha = 0.7, and (f) with alpha = 0.9. 
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The choice of a proper value for α is completely decisive for the volume estimation. 

Several tests with different values of α were performed, finding that the α-shape 

generated using an α of 0.1 was the most faithful to the real outline of the branches. 

Examples of the α-shapes generated with different values of α for the same point cloud 

section can be seen in Figure 6. The entire process can be seen at Figure 7. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 7. Data processing block diagram. 

 

 

Statistical Analysis 

Regression analyses were performed to identify the potential abilities of the system 

proposed to quantify the weight of the pruning remains. Therefore, the output data 

acquired from CloudCompare were processed statistically to assess the capabilities of 

the system for crop phenotyping, hence the key geometrical features for this study, i.e., 

vine shoots volume. In this manner, the actual parameters of pruning remains (ground 



  Chapter 3: Materials and Methods 

- 53 - 
 

truth) were weighed in order to be compared with the structural parameters coming from 

the 3D models created. A linear approach was applied to model the geometrical reliability 

of the LiDAR for estimating branch volume and hence dried biomass. ANOVA was 

applied to the number of scans and volumes assessed with the LiDAR to test their effect 

on the vineyard shoot weights, i.e., to identify the relation between the LiDAR readings 

and the actual parameters of volume and dry biomass. Further regression analyses were 

performed in order to determine the correspondence of structural parameters from the 

3D models and the actual data measured on the field, thereby testing the crop 

phenotyping capabilities of the system. For this purpose, the LiDAR scans and output 

volume data from CloudCompare were contrasted with the vineyard shoot weights (dry 

biomass) and fitting linear models to all data, as well as to data by treatment. 

 

3.1.3. Study case 3. Evaluation of vineyard cropping systems using on-board RGB-
Depth perception 

Site location 

The experiment was carried out in a 2 ha vineyard field located at research station of “El 

Socorro” (IMIDRA, Colmenar de Oreja, Madrid, Spain, 40°8′ N, 3°22′ W). Data collection 

was done during winter of 2018 during three consecutive days. The climate of the site is 

characterized as Mediterranean Continental, i.e. cold winters and hot summers with low 

precipitation (over 400 mm/year). 

The field was divided in six management treatments according to a variety of tillage and 

herbicide application systems. In addition, management cropping systems varied in 

order to study the influence of those different techniques on final yield. The rest of 

applications were kept constant. Fertilization, pesticide treatments and pruning were the 

same on the research field. Every type of management area was replicated four times. 

Thus, the whole studied field was divided into six different cultivating techniques, and 

each of them had four replications of three rows, i.e. replications, in different locations 

within the same vineyard. Each sample consisted on 10-vine batches according to 

different ways of cultivating: (a) Traditional system with intensive agronomical pressure 

and herbicide treatments. (b) Low-input or mixed systems combining treatments with 

pesticides (herbicides and fungicides) and mechanical work. (c) Mechanical weed 

control (using an in-row weeder) in combination with field rotation of the vegetal cover 

every three years. The last rotation began in 2015, at the beginning of the series under 

study. (d) Same treatment as in (c) but including fertilization. (e) Harrowing treatment in 
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the inter-row area. (f) A vegetal cover is left in the inter-row areas and intra-row 

harrowing. Every treatment was scanned during January 2018. The studied plots were 

pruned the February 20th and 21st. Later, the corresponding sheaves of pruning remains 

were manually collected and the pruning branches were taken to the laboratory for dry 

biomass determination. The dry branches were dried during 48 hours at 80ºC in order to 

weigh the dry biomass after drying treatment. 

 

Sampling System 

A self-developed electric mobile platform was used for data acquisition. The vehicle 

travelled in a straight line parallel to the vine row along the centre of the inter-row area. 

Sensors were installed on a height-adjustable bar in front of the platform. This platform 

is based on a compact commercial electric car, Twizy Urban model (Renault, Boulogne-

Billancourt, France) with a compact dimension suitable for sampling most crops, also 

adapted to vineyard conditions. The dimensions are characterized by a length of 2.32 m, 

width of 1.19 m, height of 1.46 m. The unladen weight is of 450 kg. The platform 

incorporates a 13 kW electric motor which allows sampling at 5 km/h noticing barely 

insignificant vibrations at the speed. This sampling speeds ensures a high-quality 

information acquisition for 3D data modelling. This sampling system was equipped with 

the necessary instrumentation for data collection and teleoperation mode. A Microsoft 

Kinect v2 RGB-D sensor-based system was set up for data acquisition. The Microsoft 

Kinect v2 supplies RGB images (1920 × 1080 pixels) together with depth information 

(512 × 424 pixels), up to 30 fps. Figure 8 shows same recorded section of the vine row 

in the vineyard during the tests. The functioning range of the sensor fulfils the inspection 

criteria of the vineyard rows, while the non-interesting items, such as those that are 

exceptionally near and those in remote areas that usually include other vineyard rows, 

are avoided. The Time of Flight principle is used for Depth data acquisition. This system 

is included inside the sensor, which calculates the distances according to the time that a 

light pulse takes to travel from the light source to the object and back to the sensor. The 

operating principle is as follows: the distance to be measured is proportional to the time 

required to travel the light from the IR laser diode i.e. the emitter, back and forth to the 

target i.e. impacted object. Therefore, the reflected beam is collected by the depth 

sensor. The phase shift between the source of light and the bounced light is used to 

calculate the depth of each pixel so that a distance value is assigned to each of them. 

Thus, depth maps with a high frame rate can be acquired by measuring every single 

pixel of the nearest objects.  
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The field of view (FOV) for the depth acquisition is 70 degrees horizontally and 60 

degrees vertically with a range from 0.5 m to 4.5 m, with a lower range when working 

outdoors (Fankhauser et al., 2015). The Kinect v2 sensor was connected to an on-board 

computer (Intel Core i7-4771@3.5GHz processor, 16 GB of RAM, NVIDIA GeForce GTX 

660 graphic card). The Kinect v2 sensor was installed on the aluminium support structure 

to obtain the lateral projection of the vines (Figure 9). 

 

 

 

 

 

 

 

 

 

Figure 9. Electric platform with on-board computer and Kinect v2 sensor installed on an adjustable height 

structure. 

Figure 8. Images supplied by the Kinect v2 sensor. (a) Corresponds to the RGB channel (b) RGB depth 
image in a false colour scale where orangish colours represents the foreground and greenish colours the 
background vines architecture. 
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Data Processing 

The acquired information was processed following the procedure described in (Nießner 

et al., 2013). The algorithm reconstructs large regions using the fusion of different 

overlapped depth images, storing information only on the voxels closest to the detected 

object (Curless and Levoy, 1996). Since the camera position is known, following input 

images that arrive are properly located using the ray-casting method (Roth, 1982). The 

method determines the voxels related to the depth information. This information is used 

to estimate the position and orientation of the camera. A ray is projected from the camera 

focus for each pixel of the input depth image to define the voxels in the 3D world that 

cross each ray. Iterative closest point (ICP) algorithm on a modified version (Chen and 

Medioni, 1992) was set up to estimate the position and orientation of the Kinect sensor 

with six degrees of freedom from the previous information to the new input image. This 

procedure used a desktop computer (Intel Core i7-6900K@3.2GHz processor, 64 GB of 

RAM, NVIDIA GeForce GTX Titan X graphics card) that generated the 3D models of the 

vineyard plots. The next stage was to perform an automatic process for data filtering to 

remove isolated points. Those points with an average distance to its 64 nearest 

neighbours that was greater than the standard deviation of the distance to the neighbours 

of all the points were considered outliers and removed from the model. This process of 

calculation allowed the creation of the 3D representation. Fig 10 depicts a chosen 

random sample of a 3D reconstruction of a vine row that includes a 3D mesh.  

 

 

 

 

 

 

 

 

 

Figure 10. Detailed view and a close-up of a 3D reconstruction of a vine row that shows the triangular mesh 

obtained from a point cloud. 
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From the created models of every plot, volumes could be estimated. The first step 

allowed to obtain the volume that enveloped the set of 3D point by an alpha shape 

(Edelsbrunner and Mücke, 1994). The alpha-shape represents the outline that surrounds 

a set of 3D points (Bengochea-Guevara et al., 2018; Colaço et al., 2017; Rueda-Ayala 

et al., 2019) and it specifies how tight the body fits the points. The index α defines the 

degree of fitness. The more the α value decreases, the tighter the outline fits the points, 

producing a smaller surface to enclose a set of 3D points. Various analyses were carried 

out with different values of α, showing that the α-shape produced using 0.1 was the most 

appropriate to the actual outline of the vineshoots (Fig. 11). Thus, the study sought the 

α that enclosed the smallest volume whilst maintaining a solid surface free from voids. 

The R package alphashape3d (Lafarge and Pateiro-López, 2017) was used for the α 

calculation. The final branch volume was calculated by using the same library.  

 

 

 

 

(a) 

 

 

 

(b) 

 

 

 

Statistical Analysis 

Regression analyses were used to quantify the capability of the studied system to 

evaluate and quantify the weight of pruning remains from 3D models and its relationship 

with different cropping systems. In addition, the relation between those cropping systems 

was compared with grape yield.  

Figure 11. (a) Scanned point cloud of a vineyard row. (b) Alpha shape of the point cloud showed in (a) with 

alpha = 0.1. 
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The output information obtained from the 3D models was processed and statistically 

compared in order to stablish and predict the capabilities of the system to assess branch 

volume as a key feature of actual pruning remains weight and final yield. The ground 

truth parameters of pruning remains were weighed and dried in order to be compared 

with the volume from the 3D models. A preliminary linear approach was used to quantify 

the geometrical reliability of the Kinect v2 sensor for estimating branch volume and yield. 

Separate regression analysis of every plot with yield and branch weight were performed 

in order to stablish the correspondence of the parameters obtained from the model and 

actual data obtained on the field. These protocols allowed to test the phenotyping 

capabilities of this procedure at different management systems. Thus, model volume was 

contrasted with actual values of dry branch biomass and yield, by fitting linear regression 

models on every management system.  

 

3.1.4. Study case 4. Aerial imagery or on-ground detection? An economic analysis 
for vineyard crops. 

Site location and modelling systems 

Two ground-based systems and a UAV-based system combining sensor data and 

location information were used to map grapevines in a field located at “El Socorro” 

(Colmenar de Oreja, Madrid, Spain). A vineyard field of 1 ha was monitored. The 

vineyard was planted in 2010. The variety used was Tempranillo (clone 771/pattern 

110R), cultivated in espalier of formation in Cordón Royat, with a frame of a plantation 

of 2 m (street) × 1,1m (between plants). Natural cover crops were used to suppress 

weeds between the vineyard rows. They were composed for the traditional weeds 

present in the area. The climate of the site is characterized as Mediterranean Continental 

with hot summers, cold winters and a low precipitation. The field was drip irrigated. 

Fertilization and the other standard agricultural operations (such as the application of 

herbicides, fungicides and insecticides) were commonly used in these crops. Field 

assessments were conducted simultaneously for the three systems in May 2017 when 

leaves were fully developed. 
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Data acquisition  

RGB-D Microsoft Kinect© v2-based systems 

The first system was a RGB-D Microsoft Kinect® v2 based system. The sensor has a 

1080p RGB camera, an infrared (IR) camera and an array of microphones. The distance 

calculation is based on the ToF principle. The distance is calculated simultaneously for 

every pixel captured from the scene. This new Kinect model can automatically adapt the 

exposure time of the RGB, allowing it to obtain brighter images than the previous version 

could. The RGB has a resolution of 1920 × 1080 pixels, while the IR camera resolution 

is 512 × 424pixels.The sensor in the IR camera uses a field of view of 70° horizontally 

and 60° vertically to obtain depth information, and it can process information from 0.5 m 

to 4.5 m. The frame rate can be set to up to 30 fps, which guarantees the overlap 

between frames needed for reconstruction processes. The Kinect-based system 

consisted of a platform operated from a Renault Twizy adapted to field conditions (Fig. 

12). The electric engine minimized the vibrations during data collection. A frontal 

structure was installed to simplify plugging in the sensor at different locations. The 

platform was operated at 3km · h−1 during day with sunlight. The constant speed 

guarantees the acquisition of similar information at every location within the field. The 

autonomy of the vehicle was of 8h at a constant speed. It needs 3.5 h to a full charge 

from 0% to 100%. The data acquisition system was developed to simulate the conditions 

of real-time operations, storing only the RTK-GNSS information for the starting and the 

ending points of each crop row. The electric platform provided electricity for the sensor 

and the on-board computer, which is in charge of controlling the acceleration, braking 

and steering systems and the algorithms of the acquisition information system. 

 

 

 

 

 

 

 

 

Figure 12. Field platform based on a Twizy vehicle from Renault with the Kinect ® v2 



  Chapter 3: Materials and Methods 

- 60 - 
 

LiDAR-based mobile terrestrial laser scanner 

A LiDAR-based sampling system was also assessed (Fig.13). It was set up with a laser 

scanner LMS-111 (SICK AG, Germany). The laser beam creates a 2D plane with a 

maximum field of view of 270° with a selectable angular resolution of 0.25-0.50°. The 

sensor was placed on the aforementioned Renault Twizy adapted mobile platform, so 

that the scanned plane was vertical and perpendicular to the row axis. The ToF principle 

was applied to calculate the distance to the vineyard. SOPAS software (SICK Open 

Portal for Applications and Systems Engineering Tool) was used to operate the sensor 

and store data in the computer. The combination of the vertical slices consisting of the 

intersection points on the vegetation and the accurate location of the sensor allows a 3D 

point cloud to be created by moving the sensor in a direction parallel to the row. The 

sensor provided the radial distance corresponding to each angular direction of laser 

beams (polar coordinates), i.e., each point was characterized by the distance and an 

angle referred to as 0°. An R220 GPS receiver (Hemisphere, Scottsdale, AZ, USA) real-

time kinematic global positioning system (RTK-GNSS) was used to georeference every 

reading. The platform travelled along the rows at a constant speed of 3km h−1. 

 

 

 

 

 

 

 

 

 

Figure 13. Field platform equipped with the LiDAR systems. 

 

UAV-based system 
In addition, a UAV-based system was tested and compared with the on-ground systems 

(Fig. 14). A quadcopter (Phantom 4, SZ DJI Technology Co., Ltd., Shenzhen, China) 
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was used for data acquisition. The Phantom 4 camera has a 1-inch CMOS sensor with 

a resolution of 12 megapixel. A 3-axis gimbal provide on the UAV provided a steady 

platform to keep the camera pointed close to nadir. The UAV can fly autonomously 

following the programmed route by an internal GPS receiver. The route was set up to 

take images at an interval of 1s, which creates a minimum of 90% forward overlap and 

60% side overlap when flying at an altitude of 50 m. 

 

 

 

 

 

 

 

 

 

Figure 14. The quadcopter UAV equipped with the visible-light camera. 

 

Data processing and vegetation parameters calculation 

The LiDAR data were transformed from polar to Cartesian coordinates with the origin at 

the centre of the sensor. Only one LiDAR sensor was used for data acquisition. As the 

location of the sensor was determined by the RTK-GNSS receiver, absolute coordinates 

were calculated for all points. The result was a 3D point cloud. The accuracy of the RTK-

GNSS receiver was approximately ± 0.02 m. By the distance extraction, a distance profile 

was obtained containing all the points where the laser beam impacted. Those impacts 

were the intersection between the laser beam and the vegetation. Subsequently, an 

algorithm was applied to determine the crop height and the canopy volume along the 

crop row. Regarding the Microsoft Kinect® v2 RGB-D a point cloud was generated by the 

fusion of different consecutive and overlapped depth images. The RTK-GNSS location 

of the starting point was used to properly locate the first depth image while the method 

of construction properly positioned the rest of the points of the cloud, taking the first frame 

as a reference. Furthermore, the RTK-GNSS location of the ending point of the sampled 
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row was used to remove the distortions due to drift (Bengochea-Guevara et al., 2018). 

The generation of an accurate 3D point cloud is fully automatic and is composed of the 

following three steps: (1) generating the point cloud for large areas by the fusion of 

different overlapping depth images using a method based on the algorithm described in 

(Nießner et al., 2013), with a variant of the iterative closest point (ICP) algorithm (Chéné 

et al., 2012) integrated to improve the accuracy of the point cloud; Outliers and noise 

were filtered. Points were removed using statistical filters and points out of the grid by 

more than 0.5cm were automatically removed. (2) splitting the point cloud into same-

length sections; and (3) changing the coordinate system of each section. The UAV flight 

mission was configured to take photos continuously every 1s to ensure the correct 

overlap between images to create the 3D models. Mosaicking and digital surface model 

(DSM) generation were performed using Agisoft PhotoScan Professional Edition 

software (Agisoft LLC, St. Petersburg, Russia). The software allows a fully automatic 

process for aligning images, building field geometry, and generating ortho-photos. The 

DSM represents a 3D model of the overflown fields and shows the geometry of the 

ground and vineyards. The DSM and the ortho-mosaics are then joined to create a 4 

band multi-layer file of the RGB bands and the DSM. An algorithm allowed image 

segmentation into objects using the multi-resolution segmentation algorithm and image 

classification by certain vegetation indexes such as the excess green index followed by 

discrimination using Otsu’s automatic thresholding method. The next step allows the 

automatic computation of the 3D features such as height or volume of the selected slices 

by integrating the volume of all of the individual pixels below the top of the vineyard (De 

Castro et al., 2018). 

 

Economic analysis 

An analysis of cost was performed for each system considering the sensors used, the 

platforms to transport the sensors and the positioning systems (Table 2). The costs of 

mapping are associated with the platform, sensing devices, operating personnel for data 

acquisition and data processing and the depreciation and maintenance of the operating 

devices. The LiDAR technology could cover the two sides of vineyard rows while facing 

the alleyway due to its wide field of view. The Kinect devices must be oriented to one 

side of each row, which increases the acquisition time. The simultaneous use of two 

Kinect devices would reduce the acquisition time since both sides of the row could be 

measured at the same time. However, operational capacity is not sufficient with a single 

computer. On the other hand, the use of a UAV greatly reduces the acquisition time since 
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it can cover several hectares during a single flight. The on-ground systems have similar 

system costs, and the most expensive devices are those involving RTK-GNSS. 

Regarding on-ground systems, Kinect-based system is less expensive than the LiDAR-

based system. The system cost of the UAV is the cheapest. However, they also need of 

RTK-GNSS for ground reference. It also can cover larger areas than the rest of the 

systems, which reduces the sampling cost per hectare.  

The material depreciation is higher in the systems with a higher cost of acquisition. A 

total of 0.1% of the system cost was established for every studied system. Regarding 

maintenance, the cost is low in all studied cases and should not have a high impact on 

the profitability of site-specific management when compared to traditional management. 

The other associated cost is the human labour during field sampling and data processing. 

A cost of 22 € · h−1 was established according to institutional costs. The potential 

economic benefits of site-specific fertilizer application also require the use of variable-

rate applicators, which increases the cost of application compared with that of the 

traditional methods. The amount of fertilizer application was regulated according to the 

prescription map following the position of an RTK-GNSS. Usually, smaller or immature 

plants need less fertilizer than fully developed ones do. 

 

Table 2. Economic cost for the use of autonomous systems for field scouting. 
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Because plant volume is related to yield, fertilizers can be applied site specifically 

following a sensor-based map. Additionally, spaces with missing vegetation are never 

fertilized, thus reducing the fertilizer cost, contamination and emergence of weeds, which 

would limit the growth in adjacent vineyards. Different treatments were compared. The 

first one corresponded to a conventional fertilizer application with a constant rate of 300 

kg · ha−1. The rest of the treatments were simulated according to the volume models 

previously created with the aforementioned systems. The application rate was modified 

according to the crop volume every 0.5 m along the vineyard row. For the calculation of 

the dose rate to be applied, the TRV concept was used (Walklate et al., 2006). The total 

volume of vegetation (m3 · ha−1) was calculated according to fixed crop dimensions (2.1 

m crown height, 0.82 m width and 2.8 m inter-row space) by applying the TRV formula 

(1). The TRV is the total vegetation volume per ground unit (m3 · ha−1) in relation to 

vineyard crown height (h), vineyard width (w) and inter-row distance (ir). The obtained 

value of TRV (6150 m3 · ha−1) was transformed to a constant application rate per 

vineyard volume (i = 0.049 kg · m−3) of 300 kg · ha−1 of the conventional treatment (2) 

(Gil et al., 2007). 

 

 

 

 

In the formula, i is the established rate per unit vineyard volume (kg · m−3), and the 

application rate is the standard rate of a conventional treatment. The obtained ratio of 

0.049 kg · m−3 was the value applied in the site-specific treatments according to the 

volume maps. The profitability of site-specific management of different sensing systems 

compared to the traditional system was assessed by using Eq. (3), which considers the 

associated cost per ha during a fertilization process: 

 

 

where S is the saving cost; Cts is the cost of a traditional system when using a commercial 

applicator; and Css is the cost of a site-specific treatment. Ct is the cost of application 

with a commercial applicator, and Cai is the cost of the active ingredient. Cm is the cost 

of mapping, which differs for every system according to Table 1 (cost per ha). Ctd is the 

(3) 

(2) 

(1) 
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cost of the treatment with a variable-rate applicator; V is the vineyard volume of every 

0.5 m section; and i corresponds to the constant application rate per vineyard volume (i 

= 0.049 kg · m−3). The parameters used for the simulation were a Ct of 9.3 € · ha−1 at a 

3.46 ha · h−1 work capacity (Andújar et al., 2011d). Cai  is assumed to be 0.6 € · kg−1 for 

an NPK ratio of 15–15–15. Cm is considered only in the site-specific treatment that varied 

for every mapping system. Ctd is 29.6 € · ha−1 for a variable-rate applicator (Timmermann 

et al., 2003). In addition, fertilizer reduction was assessed according to an application 

based on volume estimation through the different 3D characterization systems in relation 

to overall application at a constant dose. 

 

  



  Chapter 4: Results and Discussion 

- 66 - 
 

 

 
 

 

CHAPTER 4 

RESULTS AND DISCUSSION 
 

 

 

 

 

 

 

 

 

Chapter 4: Results and Discussion 
 

 

 

  



  Chapter 4: Results and Discussion 

- 67 - 
 

Chapter 4: Results and Discussion 
 

4.1. Study case 1. Discriminating Crop, Weeds and Soil surface with a Terrestrial 
LiDAR 

A linear relationship between LiDAR measured heights and actual plant heights was 

found, proving the accuracy of the method for plant height determination. The results 

showed a strong correlation between actual heights and LiDAR heights, with an R2 = 

0.75 (Figure 15). However, actual height, as well as weed densities were not well 

correlated with LiDAR reflection values (data not shown). Although there flection values 

did not show a high relationship with heights (LiDAR and actual heights), the values could 

reproduce the vegetation profile (Figure 15), and its use could improve the accuracy. 

Furthermore, this study proves that bright colours (green colour from vegetation) belong 

to high reflection values accentuated by the chlorophyll activity. Thus, the reflection value 

represents object information close to the intensity of colour. 

The reflection values used to reinforce the distance measurements improved the 

vegetation prediction. From a total of 1,558 sampling units, the predicted values showed 

an accuracy of 95.3% for vegetation and 82.2% for soil (or non-vegetation), with an 

overall accuracy of 92.7% (Table 3). Thus, the results from the logistic binary regression 

showed that the procedure was highly accurate for plant detection. The ANOVA test 

showed that there were significant differences between groups. 

 

 

 

 

 

 

 

 

 

Figure 15. Linear regression between actual plant height (m) and LiDAR measured height. 
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Figure 16. Reflection measurement for soil, weeds and maize. A continuous line () represents soil 

presence. A dotted line (- - -) represents vegetation presence.  

 

Table 3. Binary logistic regression values showing the percentages of classification using light detection and 

ranging (LiDAR) height and reflection values.  

 

 

 

 

The CDA could separate between vegetation areas from bare soil with a lower success 

than the logistic regression. However, the analysis proved that the discrimination 

between four types of situations, (a) monocots; (b) dicots; (c) crop and (d) soil, was 

possible, with an overall success of 72.2%. The cases of soil (d) were correctly classified 

with 92.4% of accuracy. Dicots (b) were properly classified in 64.5% of the analysed 

cases, with all misclassified cases distributed between the other groups. The presence 

of monocots (a) was poorly classified, mainly because it was identified as crop. In 

addition, the predictions for crop (c) presence showed good results, with 74.3% of cases 

integrated in the right group (Table 4).  
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Table 4. Percentages of the original classes correctly classified by the Canonical Discrimination Analysis 
(CDA) in four predefined groups based on LiDAR measurements. 

 

 

 

 

 

The canonical discriminant function plot (Figure 17) identified differences between 

groups. The centroid of soil (d) was clearly separated from the rest of the centroids. In 

addition, the centroid of dicots (b) was clear from the rest of the groups, with some 

overlapping with crop (c) and monocot (a) groups. The centroid of these two groups, crop 

(c) and monocots (a), presented some discrimination. However, some overlapping was 

present between them, containing some of the misclassified samples. 

 

 

 

 

 

 

 

 

 

 

 

Figure 17. Canonical discriminant function plot of LiDAR measurements representing four groups: 

monocots, dicots, crop and soil. 

According to the observed frequency in the measured data, most of the points 

corresponded to maize plants (50.64%). Soil represented 20.15% of the points, 

dicots19.7% and monocots 9.5%. Table 5 shows the results based on Monte Carlo 



  Chapter 4: Results and Discussion 

- 70 - 
 

simulation of 10,000 iterations. The obtained values were quite similar to the observed 

ones. It was concluded that these samples were sufficient to make a robust inference, 

and as such, it was not necessary to run the chain for longer. 

 

Table 5. Observed and simulated Monte Carlo occurrence of monocots, dicots, crop and soil, including 95%-

confidence intervals (95%-CI). 

 

 

 

 

 

According to the results of this system for weed and crop detection, we can state that 

905-nm wavelength LiDAR is a reliable principle for plant detection. The readings from 

the sensor and the actual height of the vegetation were quite similar, these values being 

highly correlated. A similar conclusion was reached in a study using ultrasonic sensors 

to discriminate broad-leaved weeds from grass weeds (Andújar et al., 2011c). A 

significant correlation between the actual heights of different weed species and ultrasonic 

measurements was found. Although ultrasonic devices can measure plant heights with 

high accuracy, they are not able to create a plane in a single reading, because their 

output is a unique value corresponding to the field of view (FOV). A LiDAR sensor creates 

a continuous plane containing multiple values for weed and crop height. In the case of 

row crops, such as maize, crop rows would be easily identified by using the crop position 

in the plane, and more efforts could be focused on weed discrimination in the inter-row 

area. In addition, the resolution of LiDAR sensors is higher than the one of ultrasonic 

sensors, because of its smaller laser beam footprints, high angular resolution and wider 

field of view.  

The logistic regression showed promising results, with more than 92% of the cases 

properly classified. This shows the high capabilities of the system for discrimination 

between crop and weeds with a double index. In the previous study by (Andújar et al., 

2013a), the discrimination system was focused on the inter-row area, and crop plants 

had to be manually removed from the sample. The use of the double index allowed us 

to discriminate crop and weeds. The errors could be due to the structural complexities 
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and variations of maize and weeds and the size of the laser beam. The bigger the size 

of the laser beam footprint, the lower the resolution. Hence, a higher accuracy would 

decrease the field of view, which would limit the applicability of the method. In the current 

method, the use of reflection improved the results. Compared to machine vision 

techniques, the reflection information could be used more reliably than colour intensity, 

because the value is hardly affected by outdoor weather or brightness conditions (Saitoh 

and Kuroda, 2010). Unfortunately, the reflection values returned by the scanner depend 

on the material of the scanned surface, on the distance at which it is hit and on the angle 

of incidence (Lee and Ehsani, 2008), with a non-linear relationship (Wurm et al., 2009).  

The brightest colours (vegetation) cause higher reflection values. However, some soil 

components could have high reflection values, as well, which make the process of 

vegetation extraction much more challenging than the ideal case. One of the reasons 

can be the breeze while measuring, as it affects LiDAR measurements, because of the 

change that the crop and weed leaves pose. This implies that the laser beam, instead of 

aiming at the leaves, is hitting the soil surface. As a result, the measurement is wrong. 

The height of 60 cm over the soil was chosen in order to minimize the error in the 

measurement (minimum object size: 20 mm), e.g., the laser beam spot can hit half leaves 

and the other half, soil. Consequently, the signal received by the LiDAR is the average 

reflection value of the soil and the plant. Nevertheless, this situation can be overcome, 

since some LiDAR sensors are able to provide different echoes for partially occluded 

laser beams, so that the data collection system would know if the beam partially hit a leaf 

and continued to another leaf or to the ground. In this way, the reflection value could be 

corrected or removed from the analysis. In addition, when the laser beam is 

perpendicularly incident on a surface, the energy is optimal. In some cases, the reflection 

values from vegetation and soil were really close. Therefore, reflection data together with 

LiDAR height measurements were used to robustly distinguish between soil and 

vegetation.  

The capability of weed discrimination was proven by the CDA analysis, with a success 

of 72.2%. The proportion of properly classified cases was 92.4% for bare soil, with 

misclassified cases belonging mainly to dicots, which were shorter than the crop and 

grasses. This result shows the influence of the reflection index to improve the 

discrimination. In (Andújar et al., 2013a), the CDA could not discriminate correctly among 

groups. In addition, maize crop was well classified in 74.3% of the studied cases, with all 

misclassified data distributed within the other categories. Although, the crop 

discrimination reached a good prediction value, the crop identification could be improved 
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by a positioning algorithm, because crop rows remain at a constant distance between 

them. This could be used for a double purpose: in the first instance, for weed 

identification and, secondly, for robot guidance in the case of autonomous vehicles, 

which could follow the crop row. A similar device was explored in three crops as an 

auxiliary element used to provide feedback on the steering angle, with an average error 

of 2.5 cm (Subramanian et al., 2006), which shows the accuracy of these systems.  

The case of weed discrimination showed poor results for monocots, due to its similarity 

to maize plants. However, this effect would be easy to avoid if the sensor readings are 

exclusively analysed in the inter-row area. In addition, the possibility of multiple sensors 

data fusion should be explored. A double output could lead to an on-line system for weed-

crop-soil identification. The use of low-cost cameras could solve the row identification 

process (Sainz-Costa et al., 2011), and LiDAR measurements could be used exclusively 

for weed detection purposes. This new approach of high accuracy, stationary 

measurements for weed discrimination in a 2D stage could be implemented in 3D 

following the principles established for tree crops characterization, i.e., multiple scans 

from different points (Llorens et al., 2011; Pallejà et al., 2010; Rosell and Sanz, 2012; 

Rosell Polo et al., 2009). The sensor could be mounted on a ground vehicle scanning in 

a continuous way in combination with an inertial measurement unit, to compensate for 

the vehicle movements. Although the sensor used is a 2D scanner, this displacement in 

the forward direction at a constant speed would allow us to build up a 3D profile of the 

field. 

 

4.2. Case study 2. On-Ground Vineyard Reconstruction Using a LiDAR-Based 
Automated System 

The number of scans by LiDAR influenced the relationship with the actual biomass 

measurements and had a significant effect on treatments. The remaining parameters 

assessed by the system, namely, shoot volume and shoot volume without the tutoring 

prob, did not have a significant effect when contrasted with the actual biomass dry 

weights (p > 0.05). The linear regression model fitted well all data (averaged by 

treatment) for the total LiDAR scans compared with the vineyard dry biomass, indicating 

that the increasing number of scans corresponded to the increasing biomass values with 

an R2 = 0.85 (Figure 18). In addition, a positive linear fit was obtained for the comparison 

between actual dry biomass and LiDAR volume, both total volume and volume without 

tutoring prob, and both cases with an R2 = 0.75 (Figure 19). 
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Figure 18. LiDAR scans versus weight (vineyard biomass) 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

(a)           (b) 
 

Figure 19. (a) LiDAR volume versus average value for vineyard biomass. (b) LiDAR volume without training 

structures versus average value for biomass. 

 

When analysing data by treatment, it was found that the linear models fit well with some 

relationships where R2 > 0.60, while some treatments showed a poor correspondence of 

the LiDAR measurements and the actual biomass values, with R2 < 0.40 and even close 

to 0.006. Moreover, some relationships showed a negative slope, which does not 

correspond to the expected assessing function of the system, especially for treatments 

S2 and S4_1 (Figure 20). 
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Figure 20. LiDAR scans versus vineyard biomass when analysing data by treatment. 

 

However, the influence of individual treatments was insignificant (p > 0.1, Table 6), which 

still supports the hypothesis that increasing LiDAR measurement values correlate with 

increasing vineyard biomass measured in the field, as seen above with the data 

averaged by treatment (Figures 19 and 20). The negative relationships may suggest that 

many more sampling plots should be acquired in order to satisfy the requirements to 

validate the system. The high concordance between 3D structural information with actual 

parameters proved the accuracy of the method for evaluating pruning remains biomass 

using a non-contact sensor. Thus, the estimated branch volume was calculated 

accurately enough since the vine geometry reconstructed was of high fidelity (Figure 21). 

Therefore, a high degree of agreement between branch biomass and volume was found. 

In accordance with the results of this methodology for volume estimation, hence 

biomass, it can be stated that the LiDAR sensor for capturing 3D geodata is a reliable 

remote-sensing method due to its capability to scan large crops in high geometric detail. 

High detail is necessary when a precision management decision needs to be taken. The 

majority of branches that should be pruned are of low diameter. The use of other systems 

such as depth cameras or low-cost photogrammetry methods are not able to capture 
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such small detail. Thus, small branches are not properly reconstructed. Then, some 

management decisions (such as pruning) need to be made using high-resolution models 

created through LiDAR systems or other high-resolution devices. In this context, branch 

volume was calculated from computed point clouds from vines and indirectly estimated 

plant biomass (as a surrogate for pruning remains weight).  

 

Table 6. Intercepts and estimates of the linear regression analysis by treatment with their corresponding 

standard error (SE) and significance levels (p-value).  

 

 

 

 

 

 

 

 

 

 

 

The extracted volume values showed that the 3D models were able to properly estimate 

vine pruning weight in a fast and reliable manner. The obtained maps showed at high 

detail the spatial variation of the pruning weight along the vineyard rows. The created 

models can be of high value for the machinery developers and the wine industry. The 

low cost and fast assessment of the crop vigour can be translated to decision support 

systems. The information can be translated to automatic pruning systems or site-specific 

fertilization. In further studies, a higher computer performance is needed, since the data 

acquisition system was sometimes overloaded, resulting in scan loss; hence, some 

areas remained under sampled. This is due to the large datasets acquired by LiDAR 

sensors causing long processing times (Pérez-Ruiz et al., 2018). In addition, a R-

squared value of 0.85 was found for the arithmetic mean of the number of scans and 
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volumes. This could be explained by the training system used in the crop plantation. 

Although branches are relatively thin-stemmed, a vertical trellising helps vines to develop 

a regular and quasi-symmetric structure. This architectural structure allowed only one 

side of the crop to be scanned; thus, outliers would be minimized, and hence, they would 

have an insignificant effect on the volume calculation. Besides, there were no leaves 

helped as well in the regular plant geometry. This effect could lead to improvements in 

data processing, as branch biomass could be estimated indirectly only, considering the 

number of scans and the number of impacts of the laser beam. Measurements were 

taken from a defoliated vineyard, which is a major advantage to scan the vine structure, 

particularly vineshoots and cordons. Nonetheless, non-defoliated vines can affect the 3D 

model due to the effect of foliage occlusion, since the impossibility of measuring non-

visible parts is an inherit limitation in any optical measurement (Bailey and Mahaffee, 

2017). 

 

 

 

 

 

 

 

Figure 21. LiDAR data 3D point cloud. The crop row is divided into a 10-vine length. Note that training 

structures were rule out during branch volume calculation.  

Regardless of the crop stage, there are some sources of error that can be minimized 

such as the non-linearity of the mobile platform trajectory (uneven surface) along the 

crop alleys, since the sensor is free to rotate in three dimensions (roll, pitch, and yaw). 

As aforementioned, the LiDAR resolution is greatly affected by the vehicle speed, so it 

travelled throughout the readings at constant speed below 3 Km · h-1, maintaining a 

steady course without manoeuvrings to follow a straight path. This is a key factor for 

obtaining accurate measurements (Bengochea-Guevara et al., 2018). Low speed in 

conjunction with its electric motor enables a vibration-free motion, which is highly 

convenient for high-quality information acquisition. Implementing an inertial 

measurement unit (IMU) would be a solution to encode angular displacements and 
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correct the position of the LiDAR scans. (Del-Moral-Martínez et al., 2016) corrected 

deviations using an IMU working at 100 Hz installed on a mobile terrestrial laser scanner 

to obtain LAI maps; however, the major source of error is linked to the distance between 

scans when overestimating LAI in areas where vines are less vigorous. However, some 

embodied errors in the LiDAR sensor, i.e., laser footprint (30.5 mm beam diameter in 1.5 

m) and the accuracy of the kinematic mode (±20 mm) can also contribute to the 

propagation of uncertainty when reconstructing the crop architecture. A further 

alternative approach is to scan both sides of the chosen batches in order to improve 

vineshoot volume estimation. A fused GPS/IMU can help unify the scans in the same 

coordinate system; thereby, matching them with the scanning crop accuracy can be 

improved, as well as 3D reconstruction, hence making random errors negligible. The 

transition from traditional farming to digital solutions is demanded on several directives. 

A smarter, more modern, and sustainable agriculture is close. The agricultural policy 

must be opened up to research and innovation in support of the various roles played by 

agriculture and forestry by investing in technological development and digitization and 

by improving access to new knowledge. The use of a Farm Information System should 

be included in new farming procedures. It would lead to higher yields while minimizing 

the environmental impact of agriculture. Monitoring systems in combination with site-

specific applications can reach these requirements. The use of monitoring procedures 

has shown the possibilities of reducing agrochemicals or minimizing water consumption. 

Application maps for site-specific application, variable rate, tillage, or pruning can be 

integrated on new machinery that is able to perform precise and differential treatments. 

Although the transition to Precision Farming is slow, a continuous evolution to the 

integration of new tools is demanded by farmers and consumers demanding safer and 

high-quality food. This methodology is a promising tool as a remote sensor with the 

capability for the non-destructive and accurate high-throughput measurement of branch 

volume. The integration on real fields can be easily done. However, consulting services 

and service companies could help with the adoption of this and other monitoring and site-

specific management tools. Ongoing research is looking for improved tools for branch 

volume estimation, since the mobile platform can accommodate additional instruments. 

Moreover, a precise localization would be available from fused IMU/GNSS geodata to 

improve 3D reconstruction, as the two scanned sides (chosen vine batches) when 

georeferenced can be matched. The potential combination between LiDAR and other 

devices along with artificial intelligence could enable the development of new systems 

for estimating aboveground biomass that could feature stronger 3D models. 
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4.3. Study case 3. Evaluation of vineyard cropping systems using on-board RGB-
Depth perception 
 

A differential behaviour was observed on the evolution of the data based on the different 

management systems. The ground management affected in a different manner the 

relationship with the studied parameters. This difference was not directly perceptible from 

human eye. Thus, the use of digital systems is clearly justified. The branch volume after 

removing the tutoring system did not have a significant relation when contrasted with the 

dry biomass. However, the behaviour was different when the management treatments 

were analysed separately. The regression models fitted differentially for every treatment 

when fitting the branch volume compared with the vineyard branch dry biomass. 

Similarly, yield show a behaviour that was in a different manner according to every of the 

six crop management methods. Positive or negative relationships were obtained with a 

differential level of agreement and fitness. When every information was analysed as a 

whole, a significant linear relationship was obtained. The linear regression model fitted 

well all data (averaged by treatment) for the total Kinect v2 volume compared with the 

vineyard dry biomass, indicating that a higher branch volume corresponded to the 

increasing biomass values with an R2 = 0,80. In addition, a positive linear fit was obtained 

for the comparison between vineyard yield and Kinect v2 volume (without tutoring prob) 

with an R2=0,87 (Figure 22). 

 

 

 

 

 

 

 

Figure 22. (a) Kinect volume versus vineyard dry biomass (average per treatment). (b) Kinect volume versus 
value for grape yield (average per treatment). 

 

The separated analysis of the data by each treatment showed that the linear models 

fitted properly with fitness values of R2 higher than 0,8 and other cases with poor 

agreement in the case of Kinect measured volume related to dry vineyard biomass. 
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Moreover, some relationships were characterized by a negative slope, which is an 

unexpected tendency as showed in figure 23. However, the number of plots could 

influence this tendency. A higher number of sampling points, such a division of the 

measurement per vineyard instead of a whole plot may fit the requirements to validate 

the system. The influence of individual treatments was nonsignificant (p>0.1) which can 

be connected with the hypothesis that increasing measurements correlate with 

increasing vineyard biomass measured in the field (Moreno et al., 2020).  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 18. (cont.) 
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Figure 23. Kinect branch volume versus vineyard dry biomass by separated treatment. 

 

Similarly, yield followed the same tendency with a high R2 in some management systems 

while others did not show a proper relationship. Traditional systems based on the 

application of herbicides and tillage systems showed a great relationship between branch 

estimated volume with the Kinect system and final grape yield (Figure 24). An R2 of 0,88 

was obtained. However, the regression models fitted differentially for the rest of the 

treatments when adjusting the branch volume compared with the vineyard branch dry 

biomass. 

 

 

 

 

 

 

 

 

Figure 24. Kinect branch volume versus vineyard yield by separated treatment. 
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Figure 25 (cont.). Kinect branch volume versus vineyard yield by separated treatment. 

 

Although each treatment was related in a different manner with the actual parameters, 

the high concordance in most of the cases proved the accuracy of low-cost sensors for 

a rapid reconstruction for evaluating pruning volume and its relation with yield. The use 

of high detailed models is usually demanded for precision operations. The availability of 

digital information improves decision making processes when precision management 

decision needs to be taken. The majority of branches that should be pruned are of low 

diameter and most of low-cost sensors are not able to reconstruct end-details. The 

proposed approach was available in the market for gaming. Three-dimensional LiDAR 

could be an alternative in terms of accuracy and robustness, however this system is fairly 
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costly (Jiao et al., 2017). The accuracy of depth sensors is sometimes low for 

reconstruction of end details. Kinect v2 in 2014, was initially conceived as commercial 

videogame controller device for the Xbox game console (Pagliari and Pinto, 2015). Due 

to their popularity in the market this RGB-D camera has attracted the attention of many 

researches to apply its functioning principle to a wide array of fields beyond video gaming 

(Lun and Zhao, 2015). Thus, it allows researchers to gather information about plant 

phenotyping in such a way that plant management can be more comprehensive (Li et 

al., 2014). The use of other systems such as depth cameras or low-cost photogrammetry 

methods are not able to capture such small details (Lachat et al., 2015). Furthermore, 

the fact that Kinect v2 depth measurement quality is poorer at longer distances, where 

usually end parts of the vines have a small diameter, could explain the discordant 

agreement when each treatment is assessed separately. Thus, small branches are not 

properly reconstructed, as a result when the statistical analysis was performed for each 

separate treatment the results were not consistent in some cases, showing subhorizontal 

slopes. Although Kinect v2 shows low sensitivity to the lighting conditions (Vit and Shani, 

2018), since the measurements were carried out around mid-day and sunlight is 

strongest, it could lead to a slight decrease in performance worsening the proper 

reconstruction of end details of the vines. The previous version v1, at increasing 

distances, its precision and accuracy were lower. By comparison, Kinect v2 accuracy is 

almost constant over various distances, while precision also decreases. This could result 

in some inconsistencies over the separated treatment analysed, which could be minimize 

by lowering the speed of the vehicle, hence acquiring more redundant data, allowing 

fusing subsequent depth images. Furthermore, other constrains such as variations in 

temperature or differences in colours with different reflectivity might make depth 

measurements less reliable (Wasenmüller and Stricker, 2017). This fact was minimised 

since during the field trials the studied vines were defoliated; thus, just woody parts were 

only present showing a homogeneous scene colour.  

 

4.4. Study case 4. Aerial imagery or on-ground detection? An economic analysis 
for vineyard crops. 

The volume of grapevines varied within the vineyard; however, every system showed a 

similar volume estimation. The created models were quite similar to reality with 

unconnected areas due to the small branch diameter that were not reconstructed (Fig. 

25). Consequently, the application rate can be adapted to the vineyard volume instead 

of using a constant rate, which is the traditional application method. An initial outcome of 
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this study shows that most of the automatic characterization systems are more flexible 

than conventional systems and may increase efficacy while reducing labour cost and 

chemical inputs. In addition, the cost of some additional equipment such as the RTK-

GNSS, which is the most expensive part of the system, can be avoided if real-time 

applications are performed. Furthermore, trivial working routines such as driving or 

application could be substituted with autonomous vehicles to reduce labour cost. At this 

point in development, the investment cost and operational cost are higher than those of 

commercial systems. The evolution of the systems will reduce cost and make the use of 

an automatic characterization system in combination with autonomous application 

systems more attractive.  

 

 

 

 

 

Figure 26. Point clouds created by different systems: (a) LiDAR-based systems; (b) RGB-D Microsoft 

Kinect® v2-based systems; (c) UAV-based systems.  

 

The volume measured with the three studied systems was lower than the volume 

estimated with the TRV method for conventional application. UAV flights showed lower 

volume values than did other methods. Although the reconstruction with aerial images 

produced realistic projections, the details of terminal parts of the plants were sometimes 

missing. The total volume of the sampled field was slightly higher than 4000 m3 · ha−1. 

The on-ground methods showed a higher vineyard volume per hectare than did the other 

method. The Kinect systems produce volume values of 4783 m3 · ha−1. The LiDAR 

system reconstructed almost every plant detail and produced the highest volume value 

of 5025 m3 · ha−1 (Table 7). However, all the obtained volumes were lower than the 

traditional estimation of 6150 m3 · ha−1. When using the volume values calculated from 

the point clouds, the net returns of site-specific application were positive in some of the 

automatic characterization systems. The balance between costs and benefits varied 

depending on many factors (Table 7). The Kinect and LiDAR based systems had a higher 

operational cost than UAV system, and the systems needed more than 1h to scan a 

(a) (b) (c) 
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hectare. However, software optimization would lead to a strong reduction in sampling 

time.  

Compared with the cost of the UAV, the cost of the on-ground based system is higher 

since the UAV operational cost is much lower than that of on-ground technologies. UAVs 

can also cover larger areas and map more fields during a cropping season than on-

ground technologies can. The high capacity to scan large areas in a short period of time 

reduces operational cost. Specifically, in a short flight time, the area covered is eight 

times larger than on-ground systems. Further, UAVs have a lower cost of fuel that can 

even be almost null. The use of a battery-powered platform reduced the cost of on-

ground sampling. Increasing speeds would not greatly affect Kinect v2 reconstruction 

when a homogeneous ground surface is present avoiding vibrations and fast orientation 

changes. This could reduce the sampling costs. However, the higher capacity of the UAV 

makes the cost of an on-ground battery-powered system higher when obtaining aerial 

imagery. In fact, the cost of UAVs is always lower than that of on-ground methods, and 

the high range of data acquisition reduces costs significantly. Depreciation costs were 

calculated by assuming a loss of 0.1% of the total value of the equipment used while 

data sampling. The values were similar among all systems. By reducing the cost of the 

platforms or using other operations needed during the crop growth period, the 

depreciation of the cost can be reduced or can be null if the platform is not used. For 

example, the on-ground systems could be installed on tractors or all-terrain-vehicles 

(ATVs) to scan crops while performing other cropping tasks. This setup would also 

eliminate fuelling, maintenance and sampling costs.  

The balance of input savings and processing costs differed among the studied 

procedures. This study shows greater theoretical applications and savings for site-

specific application than for traditional applications, and the use of site-specific 

applications also reduces the amount of applied fertilizers considerably. When uniform 

application is performed, the applied fertilizer is not well adapted to the site-specific 

needs of the crop, and a high percentage of the inputs is wasted. Traditional 

homogeneous fertilizer applications consider the maximum volume of a plant to occur in 

every location of the field. Thus, the use of fertilizer is much higher than the amount 

needed. When plant architecture is measured, the areas with low growth or even no 

plants are avoided during fertilizer applications. This practice significantly reduces the 

required amount of fertilizer. In this study, the use of fertilizer was reduced to almost 80% 

of that for a homogenous application rate in every studied system. Although the cost of 

mapping is sometimes high, even at this current stage of development, there are still 
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economic benefits of using site-specific application rates. However, differences in 

economic savings were found. The most significant parameter was the data acquisition 

time. It led to larger differences due to the cost of human labour. The processing costs 

were similar for every system. The costs of mapping were the highest for the on-ground 

systems. These systems were experimentally tested for high fidelity. Thus, the cost of 

human labour associated were high, making the application economically almost 

unprofitable. Since the speed of the platform while collecting data is the limiting factor, 

the use of the current systems was not profitable compared with traditional management. 

The use of aerial detection provided the most significant economic savings. The results 

showed that considering every cost at the current stage of development, the use of aerial 

imagery from UAVs is the most profitable strategy. The application of UAV mapping was 

economically beneficial when compared to traditional agriculture. The use of this aerial 

mapping technique showed economic benefits of 6.1 € · ha−1 (Table 7). Thus, aerial 

imagery yielded the best economic results. The use of more precise tools produced the 

worst economic savings, as labour costs significantly increased. 

 

Table 7. Volumes and estimated savings according to Eq. (3) for the studied systems. 

 

 

 

 

The difference in resolution of the detection techniques is a key factor when adopting 

these methods for extensive agriculture. High resolution and model fidelity are important 

for plant breeders in phenotyping processes. However, when covering large surfaces, 

high detail is not necessary in 3D models. The differences in height in the current 

experiments showed small variations between the heights estimated by the studied 

systems and the actual values of height. From a total of 10 height samples, differences 

smaller than 4cm were found. This difference does not affect the target of the experiment. 

In other words, when applying fertilizers, this variation is not significant. (Madec et al., 

2017) showed similar results in a wheat experiment using water stress. They obtained a 

root-mean-square error (RMSE) of 3.5cm in height when compared with the manual 

measurements. The accuracy of plant height measurement has been reported in several 

studies (Virlet et al., 2016). In addition, the UAV imagery slightly underestimated the 
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height values while also having coarser spatial resolution. In comparison with on-ground 

techniques, LiDAR always produced more consistent values of height. On-ground 

systems have greater capacity to penetrate vegetation. The use of LiDAR in combination 

with GPS has been widely explored for 3D reconstruction. A similar study assessed 

aerial and on-ground methods for pasture characterization. UAV-based procedure 

required significantly less time for data acquisition and elaboration of 3D models. The 

use of an UAV facilitated operability and coverage of large surfaces, compared with on-

ground systems. However, the on-ground sensing captured fine details of plants, 

producing measurements that were more accurate (Rueda-Ayala et al., 2019). (Arnó et 

al., 2006) used a LiDAR sensor to estimate the leaf area index in vineyards, and a 

comparison of these values with those obtained by manual measurements showed good 

correlation between the sets of values, which allowed the creation of canopy maps for 

subsequent applications. In addition, LiDAR has a higher capacity to penetrate foliage 

(Chasmer et al., 2006). The sensor resolution is high, and the fast data acquisition can 

reduce mapping costs significantly. However, the mapping system requires a GNSS with 

RTK correction. The sensor must be moved over a long distance to scan larger areas 

with a platform equipped with a GNSS. This combination of LiDAR and GNSS 

significantly increases the cost. Other on-ground sensing devices such as depth cameras 

can avoid the continuous use of GNSS by fusing images. An algorithm can reconstruct 

large regions by fusing different overlapped depth images, storing information only on 

the voxels closest to the detected object and accessing the stored information by using 

a hash table (Curless and Levoy, 1996). Given a newly inputted depth image and known 

camera position, the ray-casting technique projects a ray from the camera focus for each 

pixel of the input depth image to determine the voxels in the 3D world that cross each 

ray. Thus, the voxels related to the depth information are determined (Roth, 1982). The 

next estimation is conducted with a variant of the ICP algorithm and provides a point 

cloud as the output (Peteinatos et al., 2014). Similarly, the UAV can avoid the continuous 

use of GPS. The images used to reconstruct the digital surface model can be aligned 

without the use of a fixed position. The use of GPS facilitates model processing. 

However, since the model generation is an automatic process, the cost of not using GPS 

would not greatly influence the results.  

The use of autonomous vehicles would also reduce the cost significantly (Bengochea-

Guevara et al., 2016). By reducing the cost of RTK-GNSS, the price of the system is 

reduced by almost half. The use of real-time operations or algorithms able to reconstruct 

the field without the GPS sensor can be a good solution for the adoption of site-specific 

management technologies. Using an autonomous mobile robot to inspect a crop field 
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with full coverage would reduce human labour, which is related to the highest cost of 

mapping. The use of autonomous platforms would also have significant advantages in 

terms of flexibility, adaptability and environmental benefits compared to traditional 

agricultural machinery and can be adapted to many of the advances in machine vision, 

decision support and application (Pedersen et al., 2017). Every on-ground system used 

in this study was manually operated. However, the platforms can operate autonomously, 

thereby reducing the cost of sampling. The used platforms present the main 

characteristics of agricultural robots, which are being relatively light-weight, having a 

small size and exhibiting energetic autonomy (Fountas, 2007). 

Although agricultural robots are not affordable for most operations because of their high 

investment and maintenance costs compared to cheap labour in many countries, 

robotics systems will become cheaper, whereas labour costs will increase. (Goense, 

2003) compared autonomous with conventional vehicles, showing that if the autonomous 

vehicles can be utilized 23 h a day, then they will be economically feasible. Similarly, 

(Pedersen et al., 2006) showed that robotic applications are more economically feasible 

than conventional systems in every scenario. Thus, the use of robotic platforms would 

reduce operational cost and increase economic savings. They are also more flexible than 

conventional systems and may reduce restrictions on the number of daily working hours. 

Moreover, using visual guidance would avoid the use of GPS, further reducing the 

operational cost. However, additional research is still needed for the development of 

viable autonomous robotic systems. 
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Chapter 5: Conclusiones generales 
 

Esta Tesis Doctoral enmarcada en el ámbito de la Agricultura de Precisión ha contribuido 

a generar conocimiento para lograr el objetivo general centrado en la evaluación de 

sistemas basados en sensores ópticos para la reconstrucción y caracterización de 

cultivos: LiDAR, cámaras de profundidad (Kinect v2) y cámaras RGB. Se han estudiado 

en términos de capacidad, rendimiento, coste y precisión al tiempo que integrados a 

bordo de plataformas móviles, vehículos aéreos o como sistemas sencillos de manejo 

manual. A continuación, se describen las principales conclusiones, vinculadas a los 

objetivos, que se desprenden del conjunto de los cuatro estudios que componen esta 

tesis: 

 

1. La tecnología NIR LiDAR ha sido probada por su capacidad para la discriminación 

entre malas hierbas y el suelo con resultados prometedores, por sí sola o en 

combinación con otros sensores (objetivo 1.2 y 1.3.). De acuerdo con los resultados 

de este sistema de detección de malas hierbas y cultivos, podemos afirmar que el 

LiDAR de 905 nm de longitud de onda es un método fiable para la detección de 

plantas utilizando un método de medición de doble índice (objetivo 1.1.). Además, la 

información proporcionada por el sensor podría utilizarse para un doble propósito: 

detección y guiado, si el sensor LiDAR fuese instalado en un vehículo autónomo. 

 

2. La reconstrucción de modelos tridimensionales (3D) fue posible puesto que el 

sistema de escaneo 2D del LiDAR se desplazó a lo largo de las líneas de cultivo 

para obtener una estructura 3D del cultivo (objetivo 2.1.). Los valores de volumen 

extraídos mostraron que los modelos 3D eran capaces de estimar correctamente el 

peso de poda de forma rápida y fiable. El número de scans obtenidos por el LiDAR 

influyó en la relación con las medidas de biomasa real lo cual tuvo un efecto 

significativo en los diferentes tratamientos. La influencia del sistema manejo del 

cultivo de forma individualizada fue de baja significancia respecto a los resultados 

obtenidos. En relación con el objetivo 2.2. los modelos se ajustaron bien a todos los 

datos para el total de escaneos LiDAR comparados con la biomasa seca de las viñas 

(restos de poda), lo que indica que el creciente número de escaneos correspondió 

al aumento de los valores de biomasa. La alta concordancia entre la información de 

la estructura tridimensional con los parámetros reales validó la precisión del método 
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para evaluar la biomasa de restos de poda. La tecnología LiDAR ha demostrado su 

capacidad para la reconstrucción de viñedos defoliados con resultados 

prometedores.  

 

3. El sistema Kinect v2 es capaz de reconstruir formas 3D de la vid con el fin de 

evaluar y separar el volumen de las ramas susceptibles de poda (madera vieja y 

nueva). De acuerdo con el objetivo 3.1. los resultados muestran que el volumen de 

las ramas (sarmientos) medido por el sistema propuesto tiene una buena relación 

lineal con las mediciones de referencia (i.e. el peso de poda), para la biomasa seca 

y el rendimiento del viñedo cuando se tuvieron en cuenta los valores medios. El 

sistema propuesto puede obtener reconstrucciones muy precisas de las vides en 3D 

sin embargo el sistema no fue capaz de medir estructuras finas, es decir, las partes 

finales de las vides de menos de 1 cm de diámetro. Sin embargo, esta limitación no 

afecta a la identificación de aquellas ramas susceptibles de ser podadas. El sistema 

se muestra como un método fiable y sencillo que podría ser integrado en sistemas 

de poda automática. 

 

4. Actualmente, el uso de los vehículos aéreos no tripulados es asequible desde el 

punto de vista económico, ya que son más fáciles de operar y pueden cubrir una 

superficie mayor que los sistemas terrestres. El principal coste asociado según la 

generación de mapas está relacionado con la intervención de un operario cualificado 

(objetivo 4.2.). Los vuelos de UAVS pueden abarcar más superficie que las cubiertas 

por cualquier plataforma terrestre en la misma cantidad de tiempo en las condiciones 

de desarrollo actuales (objetivo 4.1.). Se debe tener también en cuenta que la 

resolución necesaria para la mayoría de las operaciones agrícolas no necesita en 

su mayoría reconstruir los detalles terminales de los cultivos estudiados. El aumento 

de la velocidad de las plataformas terrestres reduciría los costes de explotación y 

acercaría su beneficio económico al del uso de sistemas basados en UAVs. 

Además, el uso de plataformas autónomas para la adquisición de información 

reduciría las diferencias entre los sistemas aéreos y terrestres para la modelización 

3D de cultivos de viñedo. 
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Chapter 6. General conclusions 
 

This Doctoral Thesis has contributed to generating knowledge to achieve the overall 

objective focused on the assessment of optical sensors, namely LiDAR, Depth Cameras 

(Kinect v2) and RGB-Cameras in terms of capability and performance when aboard of 

mobile platforms, aerial vehicles or just mounted on a tripod. The framework in the 

context of precision agriculture is to optimize the management of woody crops of great 

socio-economic relevance (vineyard) and maize fields.  

The key conclusions, linked to the objectives, which originate from the collection of 

studies that comprises this thesis are described below: 

 

1. NIR LIDAR technology has been proved for its capability for weed-crop-soil 

discrimination with promising results by itself or in combination with other sensors 

(objectives 1.2. and 1.3.). According to the results of this system for weed and crop 

detection, we can state that 905-nm wavelength LiDAR is a reliable principle for plant 

detection using a double measurement index (objective 1.1.). In addition, the 

information provided by the sensor could be used for a double purpose: detection 

and guidance, if the LIDAR sensor is mounted on an autonomous vehicle. 

 

2. Three-dimensional (3D) models were possible, since the 2D LiDAR divide was 

displaced along the rows to obtain a 3D structure of the crop (objective 2.1.). The 

extracted volume values showed that the 3D models were able to properly estimate 

vine pruning weight in a fast and reliable manner. The number of scans by LiDAR 

influenced the relationship with the actual biomass measurements and had a 

significant effect on treatments. According to objective 2.2. the models fitted well all 

data for the total LiDAR scans compared with the vineyard dry biomass, indicating 

that the increasing number of scans corresponded to the increasing biomass values. 

The high concordance between 3D structural information with actual parameters 

proved the accuracy of the method for evaluating pruning remains biomass using a 

non-contact sensor. LIDAR technology has been proved for its capability for 

defoliated vineyard reconstruction with promising results.  
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3. The Kinect v2 system is capable of reconstructing 3-D vine shapes in order to 

assess branch volume. With regard to objective 3.1. the result shows that the branch 

volume measured by the proposed system has a good linear relationship to the 

reference measurements (i.e. pruning weight), for dry biomass and vineyard yield 

when average values were taken into account. Although the proposed system can 

obtain fine 3D vine reconstructions. However, the system was unable of measuring 

thin structures i.e. end parts of the vineshoots less than 1 cm in diameter. However, 

this limitation does not affect the identification of those branches that can be pruned. 

The system is shown as a reliable and simple method that could be integrated into 

automatic pruning systems. 

 

4. Currently, the use of UAVs is affordable from an economic point of view since they 

are easier to operate and can cover a larger surface than on-ground systems. The 

main cost associated with mapping is related to human labour (objective 4.2). UAV 

missions cover more surface than the covered by any on-ground platforms in the 

same amount of time (objective 4.1.) In addition, the resolution for agricultural 

operations does not need to cover the details of the terminal parts of plants. 

Increasing speeds for on-ground platforms would reduce the operating cost and 

would bring their economic benefits closer to those of UAVs. Additionally, the use of 

autonomous platforms for data acquisition would reduce the differences between 

aerial and on-ground systems for vineyard 3D modelling. 
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Chapter 7. Outlook 

In the last 12.000 years, human beings gradually have used agriculture and animal 

domestication-based technologies and culture (Stock, 2008) to meet the growing need 

for food worldwide but at a cost of overwhelming the planet and changing the natural 

world. These days, we are at the dawn of the fourth industrial revolution that is rapidly 

and drastically changing the way we live and our relationship with the environment. 

Nonetheless over the last decades there is a growing environmental awareness since 

our overpopulated planet has its limits in terms of natural resources and capacity to host 

an exponential increase in the number of inhabitants. Currently, mankind is immersed in 

a dystopic pandemic: COVID19 disease that poses a real threat to human existence. 

However, the solution is on our side, the disruptive global pandemic effects might be 

lessened as a result of the way we interact with nature. This process of environmental 

degradation has to come to an end since we now live in an overexploit and globalized 

planet. Unless we change radically this trend and our socio-economic model more 

pandemics might arise in the near future. 

In this context it is crucial that worldwide current agriculture practices change since the 

global food system needs to be resource efficient and sustainable at the same time. In 

this regard, agriculture in Europe has undergone substantial change since the creation 

of the CAP (Common Agriculture Policy). Although food safety is now assured in most 

parts of Europe, there is evidence that increased production has resulted in major 

adverse environmental impacts in terms of water pollution, greenhouse gas emissions 

and degradation of the environment (Aldaya et al., 2020; Geiger et al., 2010; Kleijn et al., 

2011). Food issues related to safety, nutrition deficiencies, postharvest losses, regulation 

inconsistencies and customer attitudes are all putting challenges that should be met in 

maintaining food security and sustainability. Attainable solutions embrace advancements 

in food process technologies, engineering, innovative food formulations and also the use 

of genomic approaches (Tian et al., 2016). 

The approach to address fundamental and applicable food production problems has to 

be sustainable since it has to be done in an environmentally friendly manner (Lal, 2008). 

In this regard modern technologies in terms of agriculture management can help to cope 

with the aforementioned issues, hence Precision Agriculture (PA) has to play a key role.  

Thus, it is of paramount importance the need to be sustainable in terms of agriculture 

not only because of the scarcity of natural resources and the demographic change, but 

also due to the increasing concern on welfare and environmentally friendly lifestyles. 
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Agricultural trends need to have innovative responses to future major challenges and 

incorporate and implement knowledge from other disciplines. Given this scenario, PA 

has the potential to allow cropping systems to be more sustainable, while contributing 

significantly to improve farm efficiencies, the environment (Shah and Wu, 2019) and 

ultimately to come up with solutions for the grand challenges our planet is currently 

facing.   

Worldwide weeds are the major constraint in most fields since they represent the most 

important pest complex threat to global food security (Council, 2012).  In this regard site-

specific weed management targets weed control according to the spatial and temporal 

heterogeneity of weeds. In study case 1, the assessment of the accuracy and efficiency 

of a light detection and range sensor (LiDAR) for vegetation using measurements of 

distance and reflection aimed at detecting and distinguishing maize plants and weeds 

from the soil surface was carried out. For that purpose, a terrestrial LiDAR sensor was 

mounted on a tripod pointing to the inter-row area. The system demonstrated the ability 

to discriminate between four types of situations, monocots; dicots; crop and soil in a 

maize field. However, the presence of monocots was poorly classified, mainly because 

it was identified as crop. Due to its resemblance to maize plants, the analysis showed 

weak results for monocots. A combination with other detection approach could improve 

this effect. Machine learning or other budget solutions working on-line, such us ultrasonic 

devices would improve classification. Since monocots are not often detected by LiDAR 

pulses, ultrasonic reads in a wider FOV. Thus, a combination could help on the detection 

of small spots.   

Yet this low-cost LiDAR system show good results in terms of weed discrimination, 

particularly and exclusively working in the inter-row area. This means a significant 

advancement since these characteristics are not present in any commercial system. In 

future applications, the sensor could be mounted on a ground vehicle scanning in a 

continuous way in the inter-row area so as to map the field in order to georeference the 

weeds. The geospatial information could be processed and analysed for discriminating 

monocot and dicot weeds. Accordingly, the algorithm could prescribe for a later 

application of site-specific treatment, hence applying the specific dose pertinent to the 

weed species. Another approach, instead of applying the herbicide with the 

corresponding active agent for each type of weed, the geo map could be used for 

mechanical removal in situ. The studied system is fast and reliable. Thus, it can be 

implemented for an on-line weed spraying using a site-specific sprayer boom.  
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In study case 2, since the goal was to find more integrated and efficient systems (contrary 

to case study 1(the data acquisition was static since the sensor was mounted on a tripod) 

the system consisted of a mobile platform equipped with a laser scanner, an RTK-GPS 

receiver, and an on-board computer. The study reconstructed vineyard crops using light 

detection and ranging (LiDAR) technology. Its accuracy and performance were assessed 

for vineyard crop characterization using distance measurements, aiming to obtain a 3D 

reconstruction of the vines architecture, focusing on vine shoots. The presented method 

is of high accuracy and fast response at a low cost.  Ongoing research seeks improved 

methods to estimate branch volume as additional sensors and instrumentation can be 

managed by the mobile device. The possible integration of LiDAR and other devices with 

artificial intelligence could enable new systems to be developed to estimate aboveground 

biomass with improved 3D models. This could be applied to have a detailed record series 

description over the years. This could help establishing a relationship between pruning 

weights and crop vigour aimed at finding out the best management treatment, hence 

inferring the future yield at each location. In addition, the LiDAR sensors could be used 

for other purposes while scanning. The same sensor could be used for obstacle detection 

while navigating. 

Furthermore, LiDAR reflectance values could be measured in order to distinguish tissue 

types (e.g. wood, leaf, and also leaves at different phenological stages). Identifying tissue 

types makes it an enticing choice for further development to provide breeders and 

farmers quantified trait measurements which would otherwise be difficult to assess. This 

would be particularly important during different crop stages in order to assess crop vigour 

through photosynthesis activity, hence to assess the incidence of disease in the vineyard 

while monitoring senescence. Future research could be based on optimizing algorithms 

to assess growth parameters from the LiDAR point cloud, although the drawback would 

be the large amount of ground truth data about vine architecture.  

The study case 3 study case followed the same research line in terms of 3D crop 

reconstruction as in study case 2 and in the same vineyard using a low-cost D-RGB 

camera to assess plant volume and yield. This non-destructive measuring technique was 

applied to test major vine geometric traits. In this experiment an adaptable mobile 

platform was used for the acquisition of depth images for the non-destructive assessment 

of branch volume (pruning weight) and related to grape yield in vineyards crops. 

Knowledge of the expected yield helps the wine - growing manager to control the vines 

in order to produce the optimal grape features and offers an appropriate usage schedule 

throughout the winemaking cycle. In this regard, a plausible application would be to have 
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accurate yield predictions help to schedule both before and after harvest, for example, 

the amount to be collected, where to store the grapes and the expected market price. 

The estimation of the yield of the vineyard advises winegrower of the expected 

production, encourages management decisions for optimum quantity and quality and 

helps the vineyard with logistical assistance (Cunha et al., 2010). In this approach the 

information could be used in future applications for automatic pruning systems or site-

specific fertilization. Furthermore, the information provided by the sensor may be used 

for a dual purpose, not just for the characterisation of crops. The distance measurements 

in object detection and guidance may be used to boost the autonomous platforms. 

In study case 4, since aerial and on-ground vegetation characterization technologies are 

continuously evolving a deep understanding of the optical sensor was relevant in order 

to perfume future integrations. In this study, accordingly remote and proximal sensors 

were compared in order to test the economic feasibility of applying fertilizers site 

specifically based on different mapping systems. In order to provide the necessary 

vineyard volume maps for specific fertilization, the capacity of UAV missions and ground 

systems were compared using depth cameras and LiDAR systems. The application of 

aerial imaging techniques produced positive net returns, whereas ground-based 

technology needed a faster scanning time to make them profitable. 

In future works, efforts should be addressed to achieve higher speeds for on-ground 

platforms since it will lower maintenance costs and put their economic advantages closer 

to UAVs. In addition, on-ground platforms can achieve on-line treatments. Thus, the 

creation of the maps would be avoided. Furthermore, UAV flights cover more surface 

than any on-ground vehicle in the same period of time. Another asset is the fact that in 

most agricultural operations is not of crucial importance to cover the end parts of the 

branches in a hight detail (i.e. less than 1 cm). In addition, using autonomous data 

acquisition platforms would assist in reducing variations between aerial and on-ground 

systems for 3D vineyard modelling.  

The studies demonstrated the potential of PA applications to reduce inputs in most of 

agricultural operations, from herbicides to fertilizers. Also, other high complex practices 

such as automatic pruning can be achieved. The studies have therefore helped further 

development sensor-based PA applications, encouraging future studies and research to 

highlight the importance of PA. Currently the number and resolution of proximal sensing 

techniques has grown owing to the time and cost-effective benefits of non-invasive 

techniques. These sensors create vast quantities of data to be capture, store, exchange, 

process, evaluate, fuse and decode for the conversion of data into new information and 
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implementation. Furthermore, sensor data produced by a single sensor does not include 

the details necessary to a thorough understanding of the situation. Therefore, in further 

studies, sensor data obtained from multiple sensors may later be compiled, analysed 

and understood in order to improve the study cases presented in this thesis. However, 

the introduction of a multitude of sensors in farm machinery has led to a huge amount of 

data, also increasing the monitoring and complexity of the application of crop cultivation 

interventions.  Nonetheless, in the near future with the advenement of more technological 

breakthroughs, such as computing processing capacity, storing or scanning rates, it 

could be possible to process, fusion and analyse a large amount of sensor data to 

facilitate smart solutions to provide decision support.  

 

 

 

 

 

 

 

 

 

 

 



  Chapter 8. References 

- 100 - 
 

 

 

 

CHAPTER 8 

REFERENCES 

Chapter 8. References 

 
 

 

 

 

 

 

 

 
 

 



  Chapter 8. References 

- 101 - 
 

Chapter 8. References 
 

Agriculture I.S.o.P. (2019) Precision Agriculture Definitions. Available online: 

http://www.grap.udl.cat/en/presentation/pa_definitions.html (accessed on 12 

June 2020). 

Ahmad L., Mahdi S.S. (2018) Variable Rate Technology and Variable Rate Application, 

in: L. Ahmad and S. S. Mahdi (Eds.), Satellite Farming: An Information and 

Technology Based Agriculture, Springer International Publishing, Cham. pp. 67-

80. 

Aldaya M.M., Rodriguez C.I., Fernandez-Poulussen A., Merchan D., Beriain M.J., 

Llamas R. (2020) Grey water footprint as an indicator for diffuse nitrogen 

pollution: The case of Navarra, Spain. Science of The Total Environment 

698:134338. DOI: https://doi.org/10.1016/j.scitotenv.2019.134338. 

Andújar D., Calle M., Fernández-Quintanilla C., Ribeiro Á., Dorado J. (2018) Three-

Dimensional Modeling of Weed Plants Using Low-Cost Photogrammetry. 

Sensors 18:1077. 

Andújar D., Dorado J., Bengochea-Guevara J.M., Conesa-Muñoz J., Fernández-

Quintanilla C., Ribeiro Á. (2017) Influence of Wind Speed on RGB-D Images in 

Tree Plantations. Sensors 17:914. 

Andújar D., Escolà A., Dorado J., Fernández-Quintanilla C. (2011a) Weed discrimination 

using ultrasonic sensors. Weed Research 51:543-547. DOI: 10.1111/j.1365-

3180.2011.00876.x. 

Andújar D., Escolà A., Rosell-Polo J.R., Fernández-Quintanilla C., Dorado J. (2013a) 

Potential of a terrestrial LiDAR-based system to characterise weed vegetation in 

maize crops. Computers and Electronics in Agriculture 92:11-15. DOI: 

https://doi.org/10.1016/j.compag.2012.12.012. 

Andújar D., Escolà A., Rosell-Polo J.R., Sanz R., Rueda-Ayala V., Fernández-Quintanilla 

C., Ribeiro A., Dorado J. (2016a) A LiDAR-Based System to Assess Poplar 

Biomass. Gesunde Pflanzen 68:155-162. DOI: 10.1007/s10343-016-0369-1. 

Andújar D., Moreno H., Bengochea-Guevara J.M., de Castro A., Ribeiro A. (2019) Aerial 

imagery or on-ground detection? An economic analysis for vineyard crops. 

Computers and Electronics in Agriculture 157:351-358. DOI: 

https://doi.org/10.1016/j.compag.2019.01.007. 

https://doi.org/10.1016/j.scitotenv.2019.134338
https://doi.org/10.1016/j.compag.2012.12.012
https://doi.org/10.1016/j.compag.2019.01.007


  Chapter 8. References 

- 102 - 
 

Andújar D., Ribeiro A., Fernandez-Quintanilla C., Dorado J. (2011b) Accuracy and 

Feasibility of Optoelectronic Sensors for Weed Mapping in Wide Row Crops. 

Sensors (Basel, Switzerland) 11:2304-18. DOI: 10.3390/s110302304. 

Andújar D., Ribeiro A., Fernández-Quintanilla C., Dorado J. (2016b) Using depth 

cameras to extract structural parameters to assess the growth state and yield of 

cauliflower crops. Computers and Electronics in Agriculture 122:67-73. DOI: 

https://doi.org/10.1016/j.compag.2016.01.018. 

Andújar D., Ribeiro Á., Fernández-Quintanilla C., Dorado J. (2011c) Accuracy and 

Feasibility of Optoelectronic Sensors for Weed Mapping in Wide Row Crops. 

Sensors 11:2304-2318. 

Andújar D., Ribeiro Á., Fernández-Quintanilla C., Dorado J. (2011d) Reliability of a Visual 

Recognition System for Detection of Johnsongrass (Sorghum halepense) in 

Corn. Weed technology : a journal of the Weed Science Society of America 

25:645-651. DOI: 10.1614/wt-d-10-00082.1. 

Andújar D., Rueda-Ayala V., Moreno H., Rosell-Polo J.R., Escolá A., Valero C., Gerhards 

R., Fernández-Quintanilla C., Dorado J., Griepentrog H.-W. (2013b) 

Discriminating Crop, Weeds and Soil Surface with a Terrestrial LIDAR Sensor. 

Sensors 13:14662-14675. 

Andújar D., Weis M., Gerhards R. (2012) An Ultrasonic System for Weed Detection in 

Cereal Crops. Sensors 12:17343-17357. 

Araus J.L., Kefauver S.C., Zaman-Allah M., Olsen M.S., Cairns J.E. (2018) Translating 

High-Throughput Phenotyping into Genetic Gain. Trends in Plant Science 

23:451-466. DOI: 10.1016/j.tplants.2018.02.001. 

Arnó J., Escolà A., Vallès J.M., Llorens J., Sanz R., Masip J., Palacín J., Rosell-Polo J.R. 

(2013) Leaf area index estimation in vineyards using a ground-based LiDAR 

scanner. Precision Agriculture 14:290-306. DOI: 10.1007/s11119-012-9295-0. 

Arnó J., Vallès J., Llorens J., Blanco R., Palacín J., Sanz R., Masip Vilalta J., Ribes-Dasi 

M., Rosell J.R. (2006) Ground laser scanner data analysis for Leaf Area Index 

(LAI) prediction in orchards and vineyards, International Conference on 

Agricultural Engineering. 

Ayaz M., Ammad-Uddin M., Sharif Z., Mansour A., Aggoune E.M. (2019) Internet-of-

Things (IoT)-Based Smart Agriculture: Toward Making the Fields Talk. IEEE 

Access 7:129551-129583. DOI: 10.1109/ACCESS.2019.2932609. 

Bach H., Mauser W. (2018) Sustainable Agriculture and Smart Farming, in: P.-P. Mathieu 

and C. Aubrecht (Eds.), Earth Observation Open Science and Innovation, 

Springer International Publishing, Cham. pp. 261-269. 

https://doi.org/10.1016/j.compag.2016.01.018


  Chapter 8. References 

- 103 - 
 

Bailey B.N., Mahaffee W.F. (2017) Rapid measurement of the three-dimensional 

distribution of leaf orientation and the leaf angle probability density function using 

terrestrial LiDAR scanning. Remote Sensing of Environment 194:63-76. DOI: 

https://doi.org/10.1016/j.rse.2017.03.011. 

Balafoutis A., Beck B., Fountas S., Vangeyte J., Wal T.V.d., Soto I., Gómez-Barbero M., 

Barnes A., Eory V. (2017) Precision Agriculture Technologies Positively 

Contributing to GHG Emissions Mitigation, Farm Productivity and Economics. 

Sustainability 9:1339. 

Barroso J., Ruiz D., Fernandez-Quintanilla C., Leguizamon E.S., Hernaiz P., Ribeiro A., 

Diaz B., Maxwell B.D., Rew L.J. (2005) Comparison of sampling methodologies 

for site-specific management of Avena sterilis. Weed research 45:165-174. DOI: 

10.1111/j.1365-3180.2005.00451.x. 

Bendig J., Yu K., Aasen H., Bolten A., Bennertz S., Broscheit J., Gnyp M.L., Bareth G. 

(2015) Combining UAV-based plant height from crop surface models, visible, and 

near infrared vegetation indices for biomass monitoring in barley. International 

Journal of Applied Earth Observation and Geoinformation 39:79-87. DOI: 

https://doi.org/10.1016/j.jag.2015.02.012. 

Bengochea-Guevara J.M., Andújar D., Sanchez-Sardana F.L., Cantuña K., Ribeiro A. 

(2018) A Low-Cost Approach to Automatically Obtain Accurate 3D Models of 

Woody Crops. Sensors 18:30. 

Bengochea-Guevara J.M., Conesa-Muñoz J., Andújar D., Ribeiro A. (2016) Merge Fuzzy 

Visual Servoing and GPS-Based Planning to Obtain a Proper Navigation 

Behavior for a Small Crop-Inspection Robot. Sensors 16:276. 

Bietresato M., Carabin G., Vidoni R., Gasparetto A., Mazzetto F. (2016) Evaluation of a 

LiDAR-based 3D-stereoscopic vision system for crop-monitoring applications. 

Computers and Electronics in Agriculture 124:1-13. DOI: 

10.1016/j.compag.2016.03.017. 

Bren d’Amour C., Reitsma F., Baiocchi G., Barthel S., Güneralp B., Erb K.-H., Haberl H., 

Creutzig F., Seto K.C. (2017) Future urban land expansion and implications for 

global croplands. Proceedings of the National Academy of Sciences 114:8939. 

DOI: 10.1073/pnas.1606036114. 

Britt J.H., Cushman R.A., Dechow C.D., Dobson H., Humblot P., Hutjens M.F., Jones 

G.A., Ruegg P.S., Sheldon I.M., Stevenson J.S. (2018) Invited review: Learning 

from the future-A vision for dairy farms and cows in 2067. J Dairy Sci 101:3722-

3741. DOI: 10.3168/jds.2017-14025. 

https://doi.org/10.1016/j.rse.2017.03.011
https://doi.org/10.1016/j.jag.2015.02.012


  Chapter 8. References 

- 104 - 
 

Burgos-Artizzu X.P., Ribeiro A., Tellaeche A., Pajares G., Fernández-Quintanilla C. 

(2010) Analysis of natural images processing for the extraction of agricultural 

elements. Image and Vision Computing 28:138-149. DOI: 

https://doi.org/10.1016/j.imavis.2009.05.009. 

Calicioglu O., Flammini A., Bracco S., Bellù L., Sims R. (2019) The Future Challenges 

of Food and Agriculture: An Integrated Analysis of Trends and Solutions. 

Sustainability 11:222. 

Chasmer L., Hopkinson C., Treitz P., Larsees. (2006) Investigating laser pulse 

penetration through a conifer canopy by integrating airborne and terrestrial lidar. 

J. Remote Sensing 32:116-125. DOI: 10.5589/m06-011. 

Chawade A., van Ham J., Blomquist H., Bagge O., Alexandersson E., Ortiz R. (2019) 

High-Throughput Field-Phenotyping Tools for Plant Breeding and Precision 

Agriculture. Agronomy 9:258. 

Chen Y., Medioni G. (1992) Object modelling by registration of multiple range images. 

Image and Vision Computing 10:145-155. DOI: https://doi.org/10.1016/0262-

8856(92)90066-C. 

Chéné Y., Rousseau D., Lucidarme P., Bertheloot J., Caffier V., Morel P., Belin É., 

Chapeau-Blondeau F. (2012) On the use of depth camera for 3D phenotyping of 

entire plants. Computers and Electronics in Agriculture 82:122-127. DOI: 

https://doi.org/10.1016/j.compag.2011.12.007. 

Colaço A.F., Molin J.P., Rosell-Polo J.R., Escolà A. (2018) Application of light detection 

and ranging and ultrasonic sensors to high-throughput phenotyping and precision 

horticulture: current status and challenges. Horticulture Research 5:35. DOI: 

10.1038/s41438-018-0043-0. 

Colaço A.F., Trevisan R.G., Molin J.P., Rosell-Polo J.R., Escolà A. (2017) A Method to 

Obtain Orange Crop Geometry Information Using a Mobile Terrestrial Laser 

Scanner and 3D Modeling. Remote Sensing 9:763. 

Colomina I., Molina P. (2014) Unmanned aerial systems for photogrammetry and remote 

sensing: A review. ISPRS Journal of Photogrammetry and Remote Sensing 

92:79-97. DOI: https://doi.org/10.1016/j.isprsjprs.2014.02.013. 

Council N.R. (2012) National Summit on Strategies to Manage Herbicide-Resistant 

Weeds: Proceedings of a Workshop The National Academies Press, 

Washington, DC. 

CSIC. (2013) Introducción  al  Muestreo  (Introduction to   sampling), in: C. S. I. 

Cientificas (Ed.). 

https://doi.org/10.1016/j.imavis.2009.05.009
https://doi.org/10.1016/0262-8856(92)90066-C
https://doi.org/10.1016/0262-8856(92)90066-C
https://doi.org/10.1016/j.compag.2011.12.007
https://doi.org/10.1016/j.isprsjprs.2014.02.013


  Chapter 8. References 

- 105 - 
 

Cunha M., Marçal A.R.S., Silva L. (2010) Very early prediction of wine yield based on 

satellite data from VEGETATION. International Journal of Remote Sensing 

31:3125-3142. DOI: 10.1080/01431160903154382. 

Curless B., Levoy M. (1996) A volumetric method for building complex models from 

range images, Proceedings of the 23rd annual conference on Computer graphics 

and interactive techniques, Association for Computing Machinery. pp. 303–312. 

De Castro A.I., Jiménez-Brenes F.M., Torres-Sánchez J., Peña J.M., Borra-Serrano I., 

López-Granados F. (2018) 3-D Characterization of Vineyards Using a Novel UAV 

Imagery-Based OBIA Procedure for Precision Viticulture Applications. Remote 

Sensing 10:584. 

De Vylder J., Vandenbussche F., Hu Y., Philips W., Van Der Straeten D. (2012) Rosette 

Tracker: An Open Source Image Analysis Tool for Automatic Quantification of 

Genotype Effects. Plant Physiology 160:1149. DOI: 10.1104/pp.112.202762. 

Del-Moral-Martínez I., Rosell-Polo J.R., Company J., Sanz R., Escolà A., Masip J., 

Martínez-Casasnovas J.A., Arnó J. (2016) Mapping Vineyard Leaf Area Using 

Mobile Terrestrial Laser Scanners: Should Rows be Scanned On-the-Go or 

Discontinuously Sampled? Sensors 16:119. 

Edelsbrunner H., Mücke E.P. (1994) Three-dimensional alpha shapes. ACM Trans. 

Graph. 13:43–72. DOI: 10.1145/174462.156635. 

Farooque A.A., Chang Y.K., Zaman Q.U., Groulx D., Schumann A.W., Esau T.J. (2013) 

Performance evaluation of multiple ground based sensors mounted on a 

commercial wild blueberry harvester to sense plant height, fruit yield and 

topographic features in real-time. Computers and Electronics in Agriculture 

91:135-144. DOI: https://doi.org/10.1016/j.compag.2012.12.006. 

Fountas S.B., B. S.; Vougioukas, S.; Tang, L.; Sorensen, C. G.; Jorgensen, R. (2007) 

Decomposition of Agricultural Tasks into Robotic Behaviours. International 

Commission of Agricultural Engineering (CIGR, Commission Internationale du 

Genie Rural) E-Journal IX. 

French A., Gore M., Thompson A. (2016) Cotton phenotyping with lidar from a track-

mounted platform SPIE. 

Garrido M., Paraforos D.S., Reiser D., Vázquez Arellano M., Griepentrog H.W., Valero 

C. (2015) 3D Maize Plant Reconstruction Based on Georeferenced Overlapping 

LiDAR Point Clouds. Remote Sensing 7:17077-17096. 

Gebbers R., Adamchuk V.I. (2010) Precision Agriculture and Food Security. Science 

327:828. DOI: 10.1126/science.1183899. 

https://doi.org/10.1016/j.compag.2012.12.006


  Chapter 8. References 

- 106 - 
 

Geiger F., Bengtsson J., Berendse F., Weisser W.W., Emmerson M., Morales M.B., 

Ceryngier P., Liira J., Tscharntke T., Winqvist C., Eggers S., Bommarco R., Pärt 

T., Bretagnolle V., Plantegenest M., Clement L.W., Dennis C., Palmer C., Oñate 

J.J., Guerrero I., Hawro V., Aavik T., Thies C., Flohre A., Hänke S., Fischer C., 

Goedhart P.W., Inchausti P. (2010) Persistent negative effects of pesticides on 

biodiversity and biological control potential on European farmland. Basic and 

Applied Ecology 11:97-105. DOI: https://doi.org/10.1016/j.baae.2009.12.001. 

Gerhards R., Christensen S. (2003) Real-time weed detection, decision making and 

patch spraying in maize, sugarbeet, winter wheat and winter barley. Weed 

Research 43:385-392. DOI: 10.1046/j.1365-3180.2003.00349.x. 

Gil E., Arnó J., Llorens J., Sanz R., Llop J., Rosell-Polo J.R., Gallart M., Escolà A. (2014) 

Advanced Technologies for the Improvement of Spray Application Techniques in 

Spanish Viticulture: An Overview. Sensors 14:691-708. 

Gil E., Escolà A., Rosell J.R., Planas S., Val L. (2007) Variable rate application of plant 

protection products in vineyard using ultrasonic sensors. Crop Protection 

26:1287-1297. DOI: https://doi.org/10.1016/j.cropro.2006.11.003. 

Goense D. (2003) The economics of autonomous vehicles. , VDI-MEG conference on 

agricultural engineering, Hannover, Germany. 

Guan H., Liu M., Ma X., Yu S. (2018) Three-Dimensional Reconstruction of Soybean 

Canopies Using Multisource Imaging for Phenotyping Analysis. Remote Sensing 

10:1206. 

Guo Q., Wu F., Pang S., Zhao X., Chen L., Liu J., Xue B., Xu G., Li L., Jing H., Chu C. 

(2018) Crop 3D—a LiDAR based platform for 3D high-throughput crop 

phenotyping. Science China Life Sciences 61:328-339. DOI: 10.1007/s11427-

017-9056-0. 

Guzsvinecz T., Szucs V., Sik-Lanyi C. (2019) Suitability of the Kinect Sensor and Leap 

Motion Controller—A Literature Review. Sensors 19:1072. 

Heisel T. C.S., Walter A. (1997) Validation of Weed Patch Spraying in Spring Barley: 

Preliminary Trial. . Precision Agriculture '97. Vol. 1. BIOS Scientific Pub:879–886. 

Hosoi F., Omasa K. (2009) Estimating vertical plant area density profile and growth 

parameters of a wheat canopy at different growth stages using three-dimensional 

portable lidar imaging. ISPRS Journal of Photogrammetry and Remote Sensing 

64:151-158. DOI: https://doi.org/10.1016/j.isprsjprs.2008.09.003. 

Jiang Y., Li C., Paterson A.H. (2016) High throughput phenotyping of cotton plant height 

using depth images under field conditions. Computers and Electronics in 

Agriculture 130:57-68. DOI: https://doi.org/10.1016/j.compag.2016.09.017. 

https://doi.org/10.1016/j.baae.2009.12.001
https://doi.org/10.1016/j.cropro.2006.11.003
https://doi.org/10.1016/j.isprsjprs.2008.09.003
https://doi.org/10.1016/j.compag.2016.09.017


  Chapter 8. References 

- 107 - 
 

Jiao J., Yuan L., Tang W., Deng Z., Wu Q. (2017) A Post-Rectification Approach of Depth 

Images of Kinect v2 for 3D Reconstruction of Indoor Scenes. ISPRS International 

Journal of Geo-Information 6:349. 

Jimenez-Berni J.A., Deery D.M., Rozas-Larraondo P., Condon A.T.G., Rebetzke G.J., 

James R.A., Bovill W.D., Furbank R.T., Sirault X.R.R. (2018) High Throughput 

Determination of Plant Height, Ground Cover, and Above-Ground Biomass in 

Wheat with LiDAR. Frontiers in plant science 9:237-237. DOI: 

10.3389/fpls.2018.00237. 

Kenkel N.C., Derksen D.A., Thomas A.G., Watson P.R. (2002) Multivariate analysis in 

weed science research. Weed Science 50:281-292. DOI: 10.1614/0043-

1745(2002)050[0281:RMAIWS]2.0.CO;2. 

Kleijn D., Rundlöf M., Scheper J., Smith H.G., Tscharntke T. (2011) Does conservation 

on farmland contribute to halting the biodiversity decline? Trends in Ecology & 

Evolution 26:474-481. DOI: 10.1016/j.tree.2011.05.009. 

Lachat E., Macher H., Landes T., Grussenmeyer P. (2015) Assessment and Calibration 

of a RGB-D Camera (Kinect v2 Sensor) Towards a Potential Use for Close-

Range 3D Modeling. Remote Sensing 7:13070-13097. 

Lafarge T., Pateiro-López B. (2017) alphashape3d: Implementation of the 3D Alpha-

Shape for the Reconstruction of 3D Sets from a Point Cloud. 

Lafarge T., Pateiro-López B., Possolo A., Dunkers J. (2014) R Implementation of a 

Polyhedral Approximation to a 3D Set of Points Using the α-Shape. 2014 56:19. 

DOI: 10.18637/jss.v056.i04. 

Lal R. (2008) Soils and sustainable agriculture. A review. Agronomy for Sustainable 

Development 28:57-64. DOI: 10.1051/agro:2007025. 

Lee K.-H., Ehsani R. (2008) Comparison of two 2D laser scanners for sensing object 

distances, shapes, and surface patterns. Computers and Electronics in 

Agriculture 60:250-262. DOI: https://doi.org/10.1016/j.compag.2007.08.007. 

Li L., Zhang Q., Huang D. (2014) A Review of Imaging Techniques for Plant Phenotyping. 

Sensors 14:20078-20111. 

Li S., Dai L., Wang H., Wang Y., He Z., Lin S. (2017) Estimating Leaf Area Density of 

Individual Trees Using the Point Cloud Segmentation of Terrestrial LiDAR Data 

and a Voxel-Based Model. Remote Sensing 9:1202. 

Lin Y. (2015) LiDAR: An important tool for next-generation phenotyping technology of 

high potential for plant phenomics? Computers and Electronics in Agriculture 

119:61-73. DOI: https://doi.org/10.1016/j.compag.2015.10.011. 

https://doi.org/10.1016/j.compag.2007.08.007
https://doi.org/10.1016/j.compag.2015.10.011


  Chapter 8. References 

- 108 - 
 

Llorens J., Gil E., Llop J., Escola A. (2011) Ultrasonic and LIDAR sensors for electronic 

canopy characterization in vineyards: advances to improve pesticide application 

methods. Sensors (Basel) 11:2177-94. DOI: 10.3390/s110202177. 

Lun R., Zhao W. (2015) A Survey of Applications and Human Motion Recognition with 

Microsoft Kinect. International Journal of Pattern Recognition and Artificial 

Intelligence 29:1555008. DOI: 10.1142/s0218001415550083. 

Madec S., Baret F., de Solan B., Thomas S., Dutartre D., Jezequel S., Hemmerlé M., 

Colombeau G., Comar A. (2017) High-Throughput Phenotyping of Plant Height: 

Comparing Unmanned Aerial Vehicles and Ground LiDAR Estimates. Frontiers 

in Plant Science 8. DOI: 10.3389/fpls.2017.02002. 

Makowski D., Chauvel B., Munier-Jolain N. (2010) Improving a weed population model 

using a sequential Monte Carlo method. Weed Research 50:373-382. DOI: 

10.1111/j.1365-3180.2010.00786.x. 

Mancosu N., Snyder R.L., Kyriakakis G., Spano D. (2015) Water Scarcity and Future 

Challenges for Food Production. Water 7:975-992. 

Martínez-Guanter J., Garrido-Izard M., Valero C., Slaughter D.C., Pérez-Ruiz M. (2017) 

Optical Sensing to Determine Tomato Plant Spacing for Precise Agrochemical 

Application: Two Scenarios. Sensors 17:1096. 

Méndez V., Catalán H., Rosell-Polo J.R., Arnó J., Sanz R. (2013) LiDAR simulation in 

modelled orchards to optimise the use of terrestrial laser scanners and derived 

vegetative measures. Biosystems Engineering 115:7-19. DOI: 

https://doi.org/10.1016/j.biosystemseng.2013.02.003. 

Moreno H., Valero C., Bengochea-Guevara J.M., Ribeiro Á., Garrido-Izard M., Andújar 

D. (2020) On-Ground Vineyard Reconstruction Using a LiDAR-Based Automated 

System. Sensors 20:1102. 

Muharam F.M., Bronson K.F., Maas S.J., Ritchie G.L. (2014) Inter-relationships of cotton 

plant height, canopy width, ground cover and plant nitrogen status indicators. 

Field Crops Research 169:58-69. DOI: https://doi.org/10.1016/j.fcr.2014.09.008. 

Myneni R.B., Hall F., Sellers P., Marshak A. (1995) The interpretation of spectral 

vegetation indexes. IEEE Trans. Geosci. Remote Sens. Geoscience and Remote 

Sensing, IEEE Transactions on 33:481-486. DOI: 10.1109/36.377948. 

Naik H.S., Zhang J., Lofquist A., Assefa T., Sarkar S., Ackerman D., Singh A., Singh 

A.K., Ganapathysubramanian B. (2017) A real-time phenotyping framework 

using machine learning for plant stress severity rating in soybean. Plant Methods 

13:23. DOI: 10.1186/s13007-017-0173-7. 

https://doi.org/10.1016/j.biosystemseng.2013.02.003
https://doi.org/10.1016/j.fcr.2014.09.008


  Chapter 8. References 

- 109 - 
 

Nießner M., Zollhöfer M., Izadi S., Stamminger M. (2013) Real-time 3D reconstruction at 

scale using voxel hashing. ACM Trans. Graph. 32:Article 169. DOI: 

10.1145/2508363.2508374. 

Nock C., Vogt R., Beisner B. (2016) Functional Traits. 

Pádua L., Marques P., Hruška J., Adão T., Bessa J., Sousa A., Peres E., Morais R., 

Sousa J.J. (2018) Vineyard properties extraction combining UAS-based RGB 

imagery with elevation data. International Journal of Remote Sensing 39:5377-

5401. DOI: 10.1080/01431161.2018.1471548. 

Pagliari D., Pinto L. (2015) Calibration of Kinect for Xbox One and Comparison between 

the Two Generations of Microsoft Sensors. Sensors 15:27569-27589. 

Palacin J., Pallejà T., Tresanchez M., Sanz R., Llorens Calveras J., Ribes-Dasi M., Masip 

J., Arnó J., Escolà A., Rosell J. (2007) Real-Time Tree-Foliage Surface 

Estimation Using a Ground Laser Scanner. Instrumentation and Measurement, 

IEEE Transactions on 56:1377-1383. DOI: 10.1109/TIM.2007.900126. 

Pallejà T., Tresanchez M., Teixido M., Sanz R., Rosell J., Palacin J. (2010) Sensitivity of 

tree volume measurement to trajectory errors from a terrestrial LIDAR scanner. 

Agricultural and Forest Meteorology - AGR FOREST METEOROL 150:1420-

1427. DOI: 10.1016/j.agrformet.2010.07.005. 

Panjvani K., Dinh A.V., Wahid K.A. (2019) LiDARPheno – A Low-Cost LiDAR-Based 3D 

Scanning System for Leaf Morphological Trait Extraction. Frontiers in Plant 

Science 10. DOI: 10.3389/fpls.2019.00147. 

Pedersen S.M., Fountas S., Have H., Blackmore B.S. (2006) Agricultural robots—system 

analysis and economic feasibility. Precision Agriculture 7:295-308. DOI: 

10.1007/s11119-006-9014-9. 

Pedersen S.M., Fountas S., Sørensen C.G., Van Evert F.K., Blackmore B.S. (2017) 

Robotic Seeding: Economic Perspectives, in: S. M. Pedersen and K. M. Lind 

(Eds.), Precision Agriculture: Technology and Economic Perspectives, Springer 

International Publishing, Cham. pp. 167-179. 

Pérez-Ruiz M., Rallo P., Jiménez M.R., Garrido-Izard M., Suárez M.P., Casanova L., 

Valero C., Martínez-Guanter J., Morales-Sillero A. (2018) Evaluation of Over-

The-Row Harvester Damage in a Super-High-Density Olive Orchard Using On-

Board Sensing Techniques. Sensors 18:1242. 

Peteinatos G.G., Weis M., Andújar D., Rueda Ayala V., Gerhards R. (2014) Potential use 

of ground-based sensor technologies for weed detection. Pest Management 

Science 70:190-199. DOI: 10.1002/ps.3677. 



  Chapter 8. References 

- 110 - 
 

Pfeiffer S.A., Guevara J., Cheein F.A., Sanz R. (2018) Mechatronic terrestrial LiDAR for 

canopy porosity and crown surface estimation. Computers and Electronics in 

Agriculture 146:104-113. DOI: https://doi.org/10.1016/j.compag.2018.01.022. 

Röös E., Bajželj B., Smith P., Patel M., Little D., Garnett T. (2017) Greedy or needy? 

Land use and climate impacts of food in 2050 under different livestock futures. 

Global Environmental Change 47:1-12. DOI: 

https://doi.org/10.1016/j.gloenvcha.2017.09.001. 

Rosell-Polo J.R., Auat Cheein F., Gregorio E., Andújar D., Puigdomènech L., Masip J., 

Escolà A. (2015) Chapter Three - Advances in Structured Light Sensors 

Applications in Precision Agriculture and Livestock Farming, in: D. L. Sparks 

(Ed.), Advances in Agronomy, Academic Press. pp. 71-112. 

Rosell-Polo J.R., Gregorio E., Gené J., Llorens J., Torrent X., Arnó J., Escolà A. (2017) 

Kinect v2 Sensor-Based Mobile Terrestrial Laser Scanner for Agricultural 

Outdoor Applications. IEEE/ASME Transactions on Mechatronics 22:2420-2427. 

DOI: 10.1109/TMECH.2017.2663436. 

Rosell J.R., Sanz R. (2012) A review of methods and applications of the geometric 

characterization of tree crops in agricultural activities. Computers and Electronics 

in Agriculture 81:124-141. DOI: https://doi.org/10.1016/j.compag.2011.09.007. 

Rosell Polo J.R., Sanz R., Llorens J., Arnó J., Escolà A., Ribes-Dasi M., Masip J., Camp 

F., Gràcia F., Solanelles F., Pallejà T., Val L., Planas S., Gil E., Palacín J. (2009) 

A tractor-mounted scanning LIDAR for the non-destructive measurement of 

vegetative volume and surface area of tree-row plantations: A comparison with 

conventional destructive measurements. Biosystems Engineering 102:128-134. 

DOI: https://doi.org/10.1016/j.biosystemseng.2008.10.009. 

Roth S.D. (1982) Ray casting for modeling solids. Computer Graphics and Image 

Processing 18:109-144. DOI: https://doi.org/10.1016/0146-664X(82)90169-1. 

Royo S., Ballesta-Garcia M. (2019) An Overview of Lidar Imaging Systems for 

Autonomous Vehicles. Applied Sciences 9:4093. 

Rueda-Ayala V.P., Peña J.M., Höglind M., Bengochea-Guevara J.M., Andújar D. (2019) 

Comparing UAV-Based Technologies and RGB-D Reconstruction Methods for 

Plant Height and Biomass Monitoring on Grass Ley. Sensors 19:535. 

Sainz-Costa N., Ribeiro A., Burgos-Artizzu X., Guijarro M., Pajares G. (2011) Mapping 

Wide Row Crops with Video Sequences Acquired from a Tractor Moving at 

Treatment Speed. Sensors (Basel, Switzerland) 11:7095-109. DOI: 

10.3390/s110707095. 

https://doi.org/10.1016/j.compag.2018.01.022
https://doi.org/10.1016/j.gloenvcha.2017.09.001
https://doi.org/10.1016/j.compag.2011.09.007
https://doi.org/10.1016/j.biosystemseng.2008.10.009
https://doi.org/10.1016/0146-664X(82)90169-1


  Chapter 8. References 

- 111 - 
 

Saitoh T., Kuroda Y. (2010) Online road surface analysis using laser remission value in 

urban environments, 2010 IEEE/RSJ International Conference on Intelligent 

Robots and Systems. pp. 15-21. 

Sankaran S., Mishra A., Ehsani R., Davis C. (2010) A review of advanced techniques for 

detecting plant diseases. Computers and Electronics in Agriculture 72:1-13. DOI: 

https://doi.org/10.1016/j.compag.2010.02.007. 

Santesteban L.G. (2019) Precision viticulture and advanced analytics. A short review. 

Food Chemistry 279:58-62. DOI: 

https://doi.org/10.1016/j.foodchem.2018.11.140. 

Sanz R., Rosell J.R., Llorens Calveras J., Gil E., Planas de Martí S. (2013) Relationship 

between tree row LIDAR-volume and leaf area density for fruit orchards and 

vineyards obtained with a LIDAR 3D Dynamic Measurement System. Agricultural 

and Forest Meteorology s 171–172:153–162. DOI: 

10.1016/j.agrformet.2012.11.013. 

Shah F., Wu W. (2019) Soil and Crop Management Strategies to Ensure Higher Crop 

Productivity within Sustainable Environments. Sustainability 11:1485. 

Skobelev P.O., Simonova E.V., Smirnov S.V., Budaev D.S., Voshchuk G.Y., Morokov 

A.L. (2019) Development of a Knowledge Base in the “Smart Farming” System 

for Agricultural Enterprise Management. Procedia Computer Science 150:154-

161. DOI: https://doi.org/10.1016/j.procs.2019.02.029. 

Sohn H., Park B. (2014) Laser-Based Structural Health Monitoring, in: M. Beer, et al. 

(Eds.), Encyclopedia of Earthquake Engineering, Springer Berlin Heidelberg, 

Berlin, Heidelberg. pp. 1-14. 

SPSS. (2011) Statistical Product and Service Solutions (SPSS) 20.0 User’s Guide, in: 

SPSS (Ed.). 

Stock J.T. (2008) Are humans still evolving? Technological advances and unique 

biological characteristics allow us to adapt to environmental stress. Has this 

stopped genetic evolution? EMBO Rep 9 Suppl 1:S51-4. DOI: 

10.1038/embor.2008.63. 

Subramanian V., Burks T., Arroyo A.A. (2006) Development of machine vision and laser 

radar based autonomous vehicle guidance systems for citrus grove navigation. 

Computers and Electronics in Agriculture 53:130-143. DOI: 

10.1016/j.compag.2006.06.001. 

Sui R., A. Thomasson J. (2006) Ground-Based Sensing System for Cotton Nitrogen 

Status Determination. Transactions of the ASABE 49:1983-1991. DOI: 

https://doi.org/10.13031/2013.22279. 

https://doi.org/10.1016/j.compag.2010.02.007
https://doi.org/10.1016/j.foodchem.2018.11.140
https://doi.org/10.1016/j.procs.2019.02.029
https://doi.org/10.13031/2013.22279


  Chapter 8. References 

- 112 - 
 

Tian J., Bryksa B.C., Yada R.Y. (2016) Feeding the world into the future – food and 

nutrition security: the role of food science and technology. Frontiers in Life 

Science 9:155-166. DOI: 10.1080/21553769.2016.1174958. 

Timmermann C., Gerhards R., Kühbauch W. (2003) The Economic Impact of Site-

Specific Weed Control. Precision Agriculture 4:249-260. DOI: 

10.1023/A:1024988022674. 

Torres-Sánchez J., López-Granados F., Borra-Serrano I., Peña J.M. (2018) Assessing 

UAV-collected image overlap influence on computation time and digital surface 

model accuracy in olive orchards. Precision Agriculture 19:115-133. DOI: 

10.1007/s11119-017-9502-0. 

Tumbo S., Salyani M., Whitney J., Wheaton T., Miller W. (2002) Investigation of laser 

and ultrasonic ranging sensors for measurements of citrus canopy volume. 

Applied Engineering in Agriculture 18. DOI: 10.13031/2013.8587. 

Turner D., Lucieer A., Watson C. (2012) An Automated Technique for Generating 

Georectified Mosaics from Ultra-High Resolution Unmanned Aerial Vehicle 

(UAV) Imagery, Based on Structure from Motion (SfM) Point Clouds. Remote 

Sensing 4:1392-1410. 

Vázquez-Arellano M. (2019) Crop plant reconstruction and feature extraction based on 

3-D vision, Fakultät Agrarwissenschaften, Hohenheim Universität, Stuttgart. pp. 

119. 

Vázquez-Arellano M., Reiser D., Paraforos D.S., Garrido-Izard M., Burce M.E.C., 

Griepentrog H.W. (2018) 3-D reconstruction of maize plants using a time-of-flight 

camera. Computers and Electronics in Agriculture 145:235-247. DOI: 

https://doi.org/10.1016/j.compag.2018.01.002. 

Vicari M.B., Disney M., Wilkes P., Burt A., Calders K., Woodgate W. (2019) Leaf and 

wood classification framework for terrestrial LiDAR point clouds. Methods in 

Ecology and Evolution 10:680-694. DOI: 10.1111/2041-210x.13144. 

Virlet N., Sabermanesh K., Sadeghi-Tehran P., Hawkesford M. (2016) Field Scanalyzer: 

An automated robotic field phenotyping platform for detailed crop monitoring. 

Functional Plant Biology 44:143-153. DOI: 10.1071/FP16163. 

Vit A., Shani G. (2018) Comparing RGB-D Sensors for Close Range Outdoor Agricultural 

Phenotyping. Sensors 18. DOI: 10.3390/s18124413. 

Walklate P.J., Cross J.V., Richardson G.M., Baker D.E. (2006) Optimising the 

adjustment of label-recommended dose rate for orchard spraying. Crop 

Protection 25:1080-1086. DOI: https://doi.org/10.1016/j.cropro.2006.02.011. 

https://doi.org/10.1016/j.compag.2018.01.002
https://doi.org/10.1016/j.cropro.2006.02.011


  Chapter 8. References 

- 113 - 
 

Wallace L., Lucieer A., Malenovský Z., Turner D., Vopěnka P. (2016) Assessment of 

Forest Structure Using Two UAV Techniques: A Comparison of Airborne Laser 

Scanning and Structure from Motion (SfM) Point Clouds. Forests 7:62. 

Walter A., Finger R., Huber R., Buchmann N. (2017) Opinion: Smart farming is key to 

developing sustainable agriculture. Proceedings of the National Academy of 

Sciences 114:6148. DOI: 10.1073/pnas.1707462114. 

Wasenmüller O., Stricker D. (2017) Comparison of Kinect V1 and V2 Depth Images in 

Terms of Accuracy and Precision, Springer International Publishing, Cham. pp. 

34-45. 

Weis M., Gutjahr C., Rueda Ayala V., Gerhards R., Ritter C., Schölderle F. (2008) 

Precision farming for weed management: techniques. Gesunde Pflanzen 60:171-

181. DOI: 10.1007/s10343-008-0195-1. 

Weiss M., Baret F. (2017) Using 3D Point Clouds Derived from UAV RGB Imagery to 

Describe Vineyard 3D Macro-Structure. Remote Sensing 9:111. 

Wurm K.M., Kümmerle R., Stachniss C., Burgard W. (2009) Improving robot navigation 

in structured outdoor environments by identifying vegetation from laser data, 

2009 IEEE/RSJ International Conference on Intelligent Robots and Systems. pp. 

1217-1222. 

Yamamoto K., Guo W., Yoshioka Y., Ninomiya S. (2014) On Plant Detection of Intact 

Tomato Fruits Using Image Analysis and Machine Learning Methods. Sensors 

14:12191-12206. 

Young D.L., Kwon T.J., Smith E.G., Young F.L. (2003) Site-Specific Herbicide Decision 

Model to Maximize Profit in Winter Wheat. Precision Agriculture 4:227-238. DOI: 

10.1023/A:1024517624527. 

Zaman Q., Esau T., Schumann A., Percival D., Chang Y., Read S., Farooque A. (2011) 

Development of prototype automated variable rate sprayer for real-time spot-

application of agrochemicals in wild blueberry fields. Computers and Electronics 

in Agriculture - COMPUT ELECTRON AGRIC 76:175-182. DOI: 

10.1016/j.compag.2011.01.014. 

Zhou Z., Jabloun M., Plauborg F., Andersen M.N. (2018) Using ground-based spectral 

reflectance sensors and photography to estimate shoot N concentration and dry 

matter of potato. Computers and Electronics in Agriculture 144:154-163. DOI: 

https://doi.org/10.1016/j.compag.2017.12.005. 

 

https://doi.org/10.1016/j.compag.2017.12.005

	RESUMEN
	SUMMARY
	Chapter 1: Introduction
	Chapter 1: Introduction
	1. Social, economic and technical background
	1.1.  A delicate balance: Global food sustainability
	1.2. Site-Specific Management
	1.3. Precision Agriculture

	2. Optical sensors for crop monitoring
	2.1 Plant “phenotyping”
	2.2. Sensors used in this work: state of the art and agricultural applications
	2.2.1. LiDAR Systems
	2.2.1.1. 2D-LiDAR: discrimination between soil and weeds
	2.2.1.2. From a 2D to a 3D approach using LiDAR systems

	2.2.2. Depth Cameras: Kinect V2 – automatic reconstruction systems
	2.2.3. RGB cameras in aerial approaches



	Chapter 2: Objectives
	Chapter 2: Objectives
	Chapter 3: Materials and Methods
	Chapter 3: Materials and Methods
	3.1. Study Cases
	3.1.1. Study case 1. Discriminating Crop, Weeds and Soil surface with a Terrestrial LiDAR
	Sampling system
	Location and Data Processing
	Statistical Analysis

	3.1.2. Study case 2. On-Ground Vineyard Reconstruction Using a LiDAR-Based Automated System
	Site location
	Sampling System
	Data Processing
	Statistical Analysis

	3.1.3. Study case 3. Evaluation of vineyard cropping systems using on-board RGB-Depth perception
	Site location
	Sampling System
	Data Processing
	Statistical Analysis

	3.1.4. Study case 4. Aerial imagery or on-ground detection? An economic analysis for vineyard crops.
	Site location and modelling systems
	Data acquisition
	RGB-D Microsoft Kinect© v2-based systems
	LiDAR-based mobile terrestrial laser scanner
	UAV-based system
	Data processing and vegetation parameters calculation
	Economic analysis


	Chapter 4: Results and Discussion
	Chapter 4: Results and Discussion
	4.1. Study case 1. Discriminating Crop, Weeds and Soil surface with a Terrestrial LiDAR
	4.2. Case study 2. On-Ground Vineyard Reconstruction Using a LiDAR-Based Automated System
	4.3. Study case 3. Evaluation of vineyard cropping systems using on-board RGB-Depth perception
	4.4. Study case 4. Aerial imagery or on-ground detection? An economic analysis for vineyard crops.

	Chapter 5: Conclusiones generales
	Chapter 5: Conclusiones generales
	Chapter 6. General conclusions
	Chapter 6. General conclusions
	Chapter 7. Outlook
	Chapter 7. Outlook
	Chapter 8. References
	Chapter 8. References

