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Resumen 

La viticultura de precisión permite mejorar la calidad y producción de la 
uva, al mismo tiempo que optimiza el uso de los recursos, reduciendo el 
impacto ambiental. Para su correcta implementación es necesaria la 
medida precisa y georreferenciada del estado del viñedo, de forma que se 
represente la variabilidad intra e inter parcela. Los recientes progresos en 
sistemas de geo-posicionamiento y sensores capaces de monitorizar el 
viñedo de forma rápida, no invasiva y precisa han impulsado el desarrollo 
e implementación de la viticultura de precisión, aunque su uso comercial 
es limitado. Entre los diferentes tipos de sensores disponibles, destacan 
los basados en análisis de imagen, que están experimentando un fuerte 
desarrollo en los últimos años gracias a su bajo coste y amplio rango de 
aplicaciones. Debido a sus características, el análisis de imagen es una 
tecnología clave para la viticultura de precisión y su implantación 
comercial. 

El objetivo principal de este trabajo es el desarrollo de nuevas 
metodologías de monitorización del viñedo mediante el análisis de 
imagen. Con esta finalidad se han desarrollado y evaluado nuevas técnicas 
para: i) estimación del número de flores por inflorescencia; ii) predicción 
de la cosecha; y iii) evaluación del estado de la “canopy”. Para ello se han 
utilizado diferentes métodos de adquisición de imagen, incluyendo la 
captura manual, el uso de “smartphones” y la utilización de plataformas 
móviles que realizan la adquisición de forma automática. 

La precisión del algoritmo para el conteo de flores por inflorescencia fue 
superior al 90% en todas las variedades evaluadas. Con el fin de facilitar el 
uso de esta metodología en el viñedo, se desarrolló una versión mejorada 
del algoritmo compatible con “smartphones“ de sistema operativo 
Android. La aplicación fue capaz de identificar correctamente el 84% de las 
flores presentes por imagen, obteniendo una precisión del 94% y un error 
cuadrático medio (RMSE) de 37,1 en la estimación del número total de 
flores por inflorescencia. 

La predicción de la cosecha se realizó mediante dos enfoques distintos: a 
partir de imágenes capturadas de forma manual utilizando un fondo 
blanco o con una plataforma móvil capaz de realizar la captura de forma 
automatizada. En el primer caso se logró la clasificación correcta del 98% 
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y 92% de los píxeles correspondientes a racimos y hojas respectivamente, 
obteniéndose la estimación de la producción con alta precisión (R2=0,73). 
En el segundo caso se utilizó el modelo Booleano para mejorar la precisión 
de la estimación frente a oclusiones y errores de segmentación, 
obteniéndose un error (RMSE) de 203g por cepa. 

La capacidad de medida del estado de la “canopy” mediante análisis de 
imagen se ha evaluado con experimentos ejecutados en Nueva Zelanda, 
Croacia, y España, de forma que se pudo valorar la robustez del sistema 
frente a diferentes variedades y sistemas de manejo. Se obtuvo un 
coeficiente de determinación superior a 0,90 para la relación entre el 
método de referencia (“point quadrat analysis”) y el algoritmo de análisis 
de imágenes (capturadas manualmente utilizando un fondo blanco) para 
cada uno de los experimentos y de R2=0,93 cuando todos los datos se 
analizaron de forma conjunta. Para aumentar la aplicabilidad comercial de 
la metodología, se modificó un “quad” de forma que la captura de las 
imágenes se realizara de forma automática y continua a una velocidad en 
torno a 7 km/h. Con esta metodología se pudo evaluar la porosidad del 
viñedo (R2>0,85) y hojas expuestas (R2>0,71), y gracias a la alta densidad 
de muestreo se pudieron realizar mapas representativos de la variabilidad 
del viñedo. Finalmente, también se evaluó la capacidad de estimar el peso 
de la madera de poda, que es un indicador del vigor del viñedo. Mediante 
el análisis de las imágenes capturadas de manera manual se obtuvo una 
estimación (R2=0,91) con un error (RMSE) de 87,7g por cepa. Cuando la 
captura de imágenes se realizó de forma automatizada y en continuo, la 
precisión descendió ligeramente (RMSE=115,7; R2=0,85), pero con una 
importante reducción en el esfuerzo requerido para la obtención de las 
imágenes. 

Los resultados obtenidos muestran que el análisis de imagen es una 
tecnología de gran interés para la viticultura de precisión. El bajo coste de 
los sensores, la captura rápida y no destructiva y la alta precisión y 
variedad de los parámetros que pueden ser medidos representa 
importantes ventajas frente a los métodos clásicos. Los algoritmos 
desarrollados permiten la estimación del número de flores por 
inflorescencia, predicción de la producción y evaluación de la “canopy” 
con gran precisión. La posibilidad de captura de imágenes desde 
plataformas móviles reduce el esfuerzo de captura y permite la generación 
de mapas, facilitando el uso de estas técnicas a nivel comercial en el sector 
vitícola. 
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Abstract 

Precision viticulture is a technique that aims at improving grapevine 
production and quality while reducing the environmental impact by 
optimising resource use. For its implementation, the correct, 
georeferenced, precise measurement of the vine status which represent 
the inter- and intra-field variability is mandatory. The development of the 
geo-positioning systems and sensing technologies, capable of monitoring 
vine status in a non-invasive, fast and reliable way has stimulated the 
development and implementation of precision viticulture. Image analysis 
techniques are currently of increased interest to agricultural monitoring. 
Their low costs and wide range of applications make them ideal for crop 
status evaluation. 

The main goal of this PhD thesis is to provide new reliable, objective and 
simple methodologies for vineyard status monitoring using image analysis. 
To this end, different procedures have been developed to do so: i) 
assessment of flower number per inflorescence; ii) estimation of the yield 
before harvest; and iii) evaluation of canopy status. The use of different 
capturing procedures (manual, smartphone based and on-the-go) was also 
taken into account, tested and analysed. 

The algorithm developed for the assessment of flower number per 
inflorescence provided estimations with over 90% precision for all the 
studied varieties. When an improved version of this algorithm was 
implemented for use in an Android smartphone, the precision rose to the 
94%. The new version identified 84% of the flowers present in the image 
correctly. The number of flower that were visible per image (not all the 
flowers are visible in the image due to occlusions) was used to estimate 
the total flower number using a non-lineal model with a root mean square 
error (RMSE) of 37.1.  

The yield assessment before harvest was carried out using two 
approaches: firstly, a series of vine images were captured manually using 
a white screen as background, resulting in a classification performance of 
98% for clusters and 92% for leaves, this allowed the assessment of the 
yield with R2 = 0.73. Not all the berries are visible in a vine image due to 
occlusion from clusters or other parts of the vine. Secondly, the use of a 
Boolean model was used to reduce the error associated to the occlusion 
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and segmentation errors, resulting in an error in the yield estimation of 
RMSE = 203g per vine from images captured on-the-go. 

Canopy status assessment was carried out with a multi-site experiment 
conducted in New Zealand, Croatia and Spain. The comparison between 
the reference method (point quadrat analysis) and the results obtained by 
analysis of manually captured images (taken on the field using a white 
screen as background) yielded a determination coefficient over 0.90 on 
every evaluated site and R2=0.93 when all the data was analysed together. 
The following experiment was carried out using a modified all-terrain 
vehicle (ATV) for the automatic image capture at a speed of approximately 
7 km/h. This setup permitted high sampling rate data capture and thus 
vine status map generation. The correlations obtained for the canopy 
porosity and exposed leaves showed a R2>0.85 and R2>0.71 respectively. 
Finally, the pruning wood weight is a classic vine vigour indicator. The use 
of manually captured images (with white screen as background) resulted 
in RMSE=87.7g and R2=0.91. When the images were captured with a 
modified ATV the precision slightly dropped to RMSE=115.7 and R2=0.85 
but with a significant reduction in the capturing effort. 

The results show how computer vision can provide valuable information 
on vineyard status for precision viticulture. The low cost of the sensor, its 
non-destructive and fast capturing process offers a great advantage over 
classical manual reference methods. Image analysis showed high precision 
in the assessment of flower number per inflorescence, yield estimation 
and canopy status assessment. The possibility to capture the images on-
the-go greatly increases its applicability reducing the effort for data 
capturing and allowing map generation. 

 

Keywords: image analysis, non-invasive sensing technologies, flower 
number estimation, yield estimation, canopy status assessment, 
grapevine, Vitis vinifera L. 
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1 Introduction 

1.1 Precision viticulture 

1.1.1 Definition and origin 

Precision agriculture is a new term used for a technique that has been 
applied since the early stages of agriculture, and one of the first references 
of intra-field heterogeneity can be read in the Parable of the Sower1 from 
the Bible (Matthew 13 v 8). Subsistence farmers noticed that the 
development of cultivars was not uniform in a given plot. To increase 
productivity, they divided their lands into smaller areas with 
heterogeneous characteristics that are more appropriate to the farming of 
a particular crop. In this sense, precision agriculture was encouraged by 
the need to get enough food to ensure the survival of the family (Oliver, 
2010). In the second half of the XIX century the introduction of 
mechanization and intensive production drove the change of merging 
small fields into larger ones. This increase in plot area was motivated by 
the use of tractors that allow managing wider areas, which were also 
preferred to avoid the need for continuous manoeuvre. This resulted in an 
increase of the intra-plot variability and complexity with the management 
of new bigger plots. 

The term precision agriculture appears to be first used in 1990 in a seminar 
held in Montana State University, but the same techniques were 
previously referred to as “site specific crop management” (Oliver, 2010). 
The modern concept of precision agriculture has been boosted by the 
development of new sensors, GPS technology and the use of differential 
corrections (DGPS), which has allowed for precise geo-localization. 
Furthermore, the development of geographical information systems (GIS), 
software used to combine the data obtained and generate maps, has 

                                                           
1Hearken; Behold, there went out a sower to sow: And it came to pass, as he sowed, some 
fell by the way side, and the fowls of the air came and devoured it up. And some fell on 
stony ground, where it had not much earth; and immediately it sprang up, because it had 
no depth of earth: But when the sun was up, it was scorched; and because it had no root, 
it withered away. And some fell among thorns, and the thorns grew up, and choked it, and 
it yielded no fruit. And other fell on good ground, and did yield fruit that sprang up and 
increased; and brought forth, some thirty, and some sixty, and some a hundred. And he 
said unto them, He that hath ears to hear, let him hear. 
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made possible the practical implementation of precision agriculture 
(Zhang et al., 2002). 

Precision viticulture is a branch of precision agriculture and is stimulated 
by vineyard variability. The management of this variability in a uniform 
way reduces the quality of berries and increases management costs 
(Proffitt et al., 2006). Even though the results of applying precision 
viticulture have become quite obvious, it is a only field of study despite the 
fact that in the coming years a huge increase in the use of these techniques 
is foreseen (Schrijver, 2016). 

Due to ever growing competition in the wine market, increasing grape 
quality and yield have become of utmost importance while reducing 
production costs. In this way, the viticulturist can compete better in such 
an environment. These objectives require a revision of the classic 
viticulture techniques and the application of new ones, which allows an 
increase in the quality and sustainability of the agricultural procedures. 
The optimization of field/crop inputs such as water, fertilizers and 
chemicals to reduce costs and ensure environmental preservation 
(Matese & Di Gennaro, 2015). The concept of precision viticulture pursues 
these objectives, providing the required information to meet the existent 
needs of each homogeneous and non-homogenous area within the 
vineyard. 

Vineyards are considered to be a high value crop with an important focus 
on quality. Over 3 million hectares of vineyards were managed in EU 
during 2017 of which almost 80% were for quality wine. In 2015 Spain 
contained the largest area of all the EU countries devoted to grapes for 
wine (941,000 ha or 30% of EU total area), followed by France (803,000 ha 
or 25%), Italy (610,000 ha in 2010 or 19%) and, at a distance, Portugal 
(199,000 ha or 6%) (Eurostat, 2017). The grape production is mainly 
dedicated to quality, governmentally certified wine. Spain and France 
together accounted for about two-thirds of the total quality wine area in 
the EU (Eurostat, 2017). 

Spatial variability of the vineyard is linked to many causes such as the 
heterogeneity of the field (topography elevation, slope, aspect, proximity 
to plot boundary and streams), soil (soil fertility, depth, water holding 
capacity, texture, electrical conductivity or pH), crop variability (crop 
density, height), anomalous factors (weed infestation, plagues, diseases, 
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wind or other weather event damage) and management variability (tillage, 
fertilizer application, cultural practices) (Zhang et al., 2002), which 
determines the differential response of the vineyard (Ferreira et al., 2010; 
Proffitt et al., 2006). However, understanding the iterations between the 
different factors generating this variability and the vineyard is a difficult 
task, which depends on the specific conditions of each plot. This can be 
perceived not only in the different characteristics found in wines produced 
in different regions, but also can be observed at the intra-plot scale 
(Proffitt et al., 2006). Figure 1 shows an image of a vineyard located in La 
Rioja’s appellation (Spain) at the beginning of the season. A zone with 
lower vine vigour can be observed in the centre of the image, also affecting 
the under-vine vegetation cover. Without the information about this 
heterogeneity, the viticulturist has to treat the variability as “noise” (Cook 
& Bramley, 1998) and manage the vineyard as an homogeneous field 
resulting in inadequately covering the needs of all the vines or in a waste 
of inputs. 

 

 
Figure 1: Image of vineyard at the beginning of the season located in La Rioja’s appellation 
(Spain) where the spatial variability is visible: a low vigour zone in the centre of the image 
surrounded by vines with stronger vegetative development. 
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The re-parcelling processes carried out in developed countries has led to 
larger plots resulting in the rise in intra-plot variability due to different soil 
or topographic properties that were intrinsic to the same plot. Because of 
the management necessities and the development of the available 
technologies, the concept of precision viticulture has evolved into intra-
plot management. This site-specific management (SSM) requires two 
components to be deployed (Proffitt et al., 2006): firstly, the development 
of sensors that can obtain dense sampling of the variables in a non-
invasive way as not to alter the normal development of the vineyard 
during the season; and secondly: the geo-localization of the data under 
study to allow the creation of maps or zoning of the vineyard. 

Precise positioning of the data obtained by means of global navigation 
satellite systems (GNSS) has been available since 1999. GNSS technology 
(of which GPS is the most widely used at present) provides current, highly 
accurate 3D position (x, y, z) information. The available precisions is to the 
centimetre when differential correction techniques are applied using a 
network of fixed ground-based reference stations (Matese & Di Gennaro, 
2015). 

The first applications of precision viticulture were conducted in the USA 
(Wample et al., 1999) and Australia (Bramley & Proffitt, 1999) almost 
simultaneously. This initial test was based on the use of load cells installed 
in automated harvesters to generate yield maps. The increased interest in 
precision viticulture techniques spurred more research works in Australia 
(Bramley et al., 2000; Bramley, 2001; Bramley & Lamb, 2003), France 
(Tisseyre et al., 2001; Ojeda et al., 2005), Italy (Matese et al., 2009) and 
Spain (Arnó et al., 2005; Arnó, 2005). 

Research in precision viticulture is currently being performed around the 
world, Australia being the most advanced country (Hall et al., 2011; Liu et 
al., 2015, 2017), followed by USA (Nuske et al., 2011a, 2014). New world 
wine regions are also contributing to the development of precision 
viticulture: Canada (Reynolds, 2010; Marciniak et al., 2017); Chile 
(Sepúlveda-Reyes et al., 2016; Poblete-Echeverría et al., 2017); and South 
Africa (Smit et al., 2010). In Europe, the main contributions were made by 
France (Cerovic et al., 2012), Italy (Palliotti et al., 2011; Matese & Di 
Gennaro, 2015), Germany (Roscher et al., 2014; Kicherer et al., 2015a) and 
Spain (Bellvert et al., 2014; Diago et al., 2016a). 
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Apart from the first studies using load cells, other sensors utilised at the 
beginning of precision viticulture were soil sensors (Adamchuk et al., 
2004), radiometric sensors (Zhang et al., 2002), and remote sensing 
(Montero et al., 1999; Flexas et al., 2000). In 2006 Proffitt et al. published 
a book summarising the application of these new technologies. A review 
article containing the techniques used for the implementation of precision 
viticulture was released by Arnó et al. (2009) and more recently by Matese 
& Di Gennaro (2015).  

Image analysis techniques are especially applicable to viticulture, because 
of the high crop value in addition to the quality being the key to obtain a 
high sale price (Zarco-Tejada et al., 2014). Moreover, due to its consumer 
use, there is a strong interest in the development of high quality image 
sensors at a reduced price. Capturing good images is the first step, but it 
is also necessary to create algorithms that can analyse them to extract 
useful data. This task is known as image analysis. The applications of image 
analysis in precision viticulture include yield prediction at different vine 
development stages: pre-flowering (Liu et al., 2017); flowering (Millan et 
al., 2017); pre-veraison (Nuske et al., 2014; Aquino et al., 2017); and at 
harvest (Diago et al., 2012b; Font et al., 2015). Other applications currently 
being developed are canopy status assessment (Gatti et al., 2016; Kicherer 
et al., 2017) and plague/pest assessment (Kole et al., 2014). 

The information obtained by sensors must be used for designing a 
management plan. Thus aiming at satisfying the specific requirements of 
the crop in relation to the spatial variability within the vineyard (Proffitt et 
al., 2006). The integration of the management plan and modern machinery 
create the concept of site specific vineyard management (SSM) allowing 
the application of inputs according to the needs of the vines instead of 
average quantities per hectare (Matese & Di Gennaro, 2015). This 
management is carried out by specialised machinery, identified as 
variable-rate technologies (VRT), that can be applied for the regulation of 
input usage such as water (Matese et al., 2009), fertilizers and pesticides 
(Berenstein et al., 2010).  

The use of robotics in farming has become a strong development field, 
with many agricultural robots (agbots) already in the final stage of 
development, and some of which have already been put on the market 
(Matese & Di Gennaro, 2015). Agbots will be autonomous and able to 
perform various task via a reconfiguration of its structure (Schrijver, 2016). 
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The research on these devices is not only limited to arable land crops, but 
includes robots for monitoring vineyard status as VineRobot (Diago et al., 
2016b), which can be seen in Figure 2, vineyard pruning robots (Botterill 
et al., 2016) and vineyard spraying robots (Ogawa et al., 2006).The use of 
such devices will have huge impact in a high value crop as vineyards, and 
thus the development of these technologies is expected to increase in 
future years. The use of agbots will transform agriculture practices, 
speeding up the energy transition to electricity as a power source for the 
machinery, minimizing soil compaction and erosion thanks to the use of 
lighter equipment that will be used only where and when needed. Labour 
requirements and resource inputs will be reduced at the same time as 
yield and quality are increased, resulting not only in cost optimization but 
also in reduced environmental impact (Schrijver, 2016). 

 

 

Figure 2: VineRobot prototype for autonomous vineyard monitoring. 

 

1.1.2 Implementation and benefits 

The application of precision agriculture permits optimisation of the 
production steps. It is widely accepted that better decision making in 
agriculture practices should provide an array of benefits (Zarco-Tejada et 
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al., 2014). From the economic point of view, a review of 234 studies 
published from 1988 to 2004 revealed that the implementation of 
precision agriculture was profitable in an average of 68% of the cases 
(Griffin et al., 2004). The wine market is very competitive, and the 
opportunity to increase benefits provides an important advantage to the 
grape-growers. In contrast to other crops, quality is key in grape 
production. For example, in the EU, 80% of grapes produced are 
designated to quality wine elaboration (Eurostat, 2017). 

The environmental degradation associated with agriculture is reduced by 
the application of precision agriculture (Zarco-Tejada et al., 2014). 
Environmental impact reduction was assessed by Schrijver (2016), and will 
include the reduction of the soil erosion (from 17 T/ha per year to 1 T/ha 
per year) and fuel consumption (10%) due to the use of automatic machine 
guidance. Schrijver (2016) also pointed out that inputs usage will be 
optimised, including a reduction in the cost of pesticides (up to 30%). 
When the vine architecture is used to optimise treatments, there can be a 
reduction up to 84.5% if early and localised pest or disease detection is 
combined with VRA. The fine tuning in the use of fertilizers will also 
decrease environmental impact with a reduction of the residual nitrogen 
in soils up to 50%, along with a reduction in soil and fertilizers run-off by 
controlled irrigation and soil texture maps. The use of patch herbicide 
spraying instead of homogeneous application can reduce herbicide needs 
to 20% of their current usage. 

The combination of precision agriculture and the inclusion of IT in 
agriculture production will also contribute to food safety by improving 
tracking, tracing and documenting (Schrijver, 2016). The food chain will be 
easier to monitor by authorities, producers and consumers.  

The implantation of precision agriculture also presents benefits for society 
and working conditions, reducing work fatigue and labour requirements 
(Zarco-Tejada et al., 2014). 
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Figure 3: Producers use of precision agriculture technologies over time in USA. Data 
elaborated from that of Erickson & Widmar (2015). Data for 2018 is estimated. 

 

A survey by Erickson & Widmar (2015) on the use of precision agriculture 
in EEUU showed an increase especially associated to VRT technologies 
(Figure 3). The implantation of yield monitoring systems, which are 
expected to be used by 60% of the producers is important to note.  

The precision farming market is also expected to rise (Figure 4) up to 4.5 
billion euros in 2020. The increase in the market is currently sustained, and 
there are no evidences of a plateau in the market size in the coming years. 
This is associated to a stage of introduction/growth in the product life cycle 
that agrees with the current stage of development of precision agriculture.  
The leaders in market sales are currently North America and Europe as 
shown in Figure 5. This leadership is expected to drive the development of 
new technologies these regions (Dressler et al., 2015). 
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Figure 4: Estimated global precision farming market size from 2014 to 2020 (in billion 
euros). Data elaborated from that of Dressler et al. (2015). 

 

 

 

Figure 5: Estimated global precision farming market size in 2016 by region (in billion euros). 
Data elaborated from that of Dressler et al. (2015). 

 

Even though the application of precision agriculture is increasing, there 
are barriers to its use. A report from the European Commission (Zarco-
Tejada et al., 2014) identified a lack of technical expertise and knowledge, 
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deficiency in the infrastructures and institutional restrictions as well as 
high investment costs. Meanwhile, the principal impediments identified 
by Erickson & Widmar (2015) from the final users point of view are shown 
in Figure 6. The economic cost greatly limits the application, along with the 
stabilization in confidence by farmers over time, showing how the results 
of the precision agriculture are not obvious to farmers. It must be noted 
that this survey does not only focus on precision viticulture, but on 
precision agriculture as a whole. The demand for high quality in the case 
of grape production will probably induce the expansion of the application 
of precision viticulture in the future. 

 

 
Figure 6: Barriers to the expansion of precision agriculture over time in USA. Data 
elaborated from that of Erickson & Widmar (2015). 

 

On the other hand, an evaluation of the barriers faced by dealers (Figure 
7), found the inadequate costs or fees to customers to be the prominent 
cause (related to the excessive cost perceived by the clients) and the rapid 
change of technologies that require constant investment. This is 
associated to the phase of development that is experimenting precision 
agriculture, which has not yet reached the plateau associated to other 
well-established technologies (Erickson & Widmar, 2015). 
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Figure 7: Dealer barriers to the expansion of precision agriculture over time in USA. Data 
elaborated from that of Erickson & Widmar (2015) 

 

1.1.3 Vegetative status and yield assessment 

Grapevine, as a perennial ligneous plant, has an annual growth cycle 
composed of vegetative and reproductive cycle (Keller, 2015). It begins 
with bud break (buds are the small part of the vine that rest between the 
vine's stem and the petiole) in the spring and ends with the leaf fall in 
autumn followed by winter dormancy. The fruit production cycle is 
comprised of 2 years: the buds that sprout in the first year give rise to 
shoots bearing buds which will fruit during the second season. 

The transition from winter dormancy to active growth is marked by the 
exude of xylem sap from pruned surfaces and others wounds. This sap flow 
or “bleeding” is associated with the restoration of the metabolic activity in 
the root system and it seems to be related to soil temperature, starting 
when it rises above 7 ºC (Keller, 2015). The initial growth of the shoots 
depends on the reserves stored in the roots and the wood of the vine from 
the previous season until the leaves start to develop, allowing the energy 
and the carbohydrate to be obtained from photosynthesis. In warm 
climates, after about 4 weeks shoots growth starts to rapidly accelerate 
with the shoots growing in length an average of 3 cm a day (Robinson & 
Harding, 2015). The shoot growth continues as the temperature rises until 
the onset of fruit ripening at which time the lignification occurs, 
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transforming shoots into canes. During this period the latent buds that will 
evolve into shoots during the next season enter a dormant state. 

The flowering stage takes place 40-80 days after bud break. The vines, as 
other woody perennials, have a juvenile phase of 2 to 4 years before they 
are able to produce flowers. This phase guarantees that the reserves of 
the plant will be enough to support fruit production (Keller, 2015). The 
inflorescences are formed during the bloom the year that precedes the 
flowering, so the future number of inflorescences is determined the year 
before. 

The fruit set takes place after the flowering stage. The fertilized flowers 
begin to develop the berry and seeds. Not every flower becomes fertilized, 
and the non-fertilized fall from the inflorescence. After fruit set, the grape 
berries are green with low sugar content; they grow until near half its final 
size when they enter in the veraison phase. The colour of the grape evolves 
to red/black or yellow/green depending on the grape varieties. This colour 
change corresponds to the chlorophyll in the skin being replaced by 
anthocyanin (red varieties) or carotenoids (white varieties) (Robinson & 
Harding, 2015) and marks the change from partly photosynthetic to wholly 
dependent on the vine for nutrient generation (Keller, 2015). After the 
complete ripeness of the grapes, the clusters can be harvested.  

Accurate yield prediction is essential for successful yield regulation and 
thus to improve and maintain wine quality (Martin et al., 2003; Dunn, 
2010). Traditional yield components determination is carried out by 
counting the number of clusters per vine and then detaching and counting 
the berries in the lab. This method is destructive and labour demanding, 
so it is difficult to increase the number of data points to accurately 
represent the vineyard variability. Also, the manual sampling procedure is 
subjective and prone to errors in yield forecasting (Clingeleffer, 2001). 

The yield components are defined as the number of clusters per vine 
(representing 60% of yield variation), number of berries per cluster (30% 
of yield variation) and berry size (10% of yield variation) as studied by 
(Clingeleffer, 2001). The average yield can be obtained by combining these 
three components. 

It must be noted that the 60% of the yield variability is associated to the 
number of cluster per vine, and this is determined during the previous 
season and is clearly visible during the flowering stage. The measurement 



Introduction 

25 

of the number of inflorescences during the flowering phase will account 
for a high variability; moreover, if the number of berries can be estimated 
from the flower number, 90% of the variation in yield is accounted for at 
the flowering stage, providing data with plenty of time to perform 
corrective management practices on the vine, if necessary. 
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1.2 Sensing technologies in precision viticulture 

Traditional vineyard monitoring requires a lot of man-work and labour, 
because of the use of manual procedures (Smart & Robinson, 1991). For 
example, evaluation of vine vigour and vegetative growth has been 
traditionally done using indicators as shoot length, pruning weight, leaf 
area and porosity that are manually measured. Similar problems are 
encountered when the soil characteristics are measured, requiring labour 
intensive sampling as ground pits (Rossi et al., 2013). Moreover, for the 
assessment of plant status, the measurement of chemical compounds 
such as nitrogen or chlorophyll require the destructive processing of some 
samples and its analysis using wet chemistry, high performance liquid 
chromatography (HPLC) or near-infrared spectroscopy (NIRS) (Ghozlen et 
al., 2010). These laboratory analyses are expensive, require trained 
personnel and specialized equipment and are limited by the concern of 
the representativeness of the samples. Conversely, the use of non-invasive 
sensing require less time and workforce than the reference methods 
(Tregoat et al., 2001), thus is ideal for precision agriculture purposes. 

The spatial variability associated to the vineyard requires site-specific 
management to obtain the best quality and yield from the vineyard. The 
use of fast, non-invasive sensors that can be mounted on mobile platforms 
for continuous measurements on-the-go (Arnó et al., 2009; Zerger et al., 
2010; Matese & Di Gennaro, 2015) allows the accurate measurement of 
intra-vineyard variability. The next step in vineyard monitoring will be the 
use of robots for autonomous monitoring.  

There are two basic sensor types that can be applied from a distance: 
active and passive sensors. Active sensors emit some sort of energy and 
its reflection from the surface is perceived by the sensor (Jones & 
Vaughan, 2010). Passive sensors measure the reflected energy originated 
from an external source as the sun and can measure in many ranges of the 
electromagnetic spectrum depending on the application. Passive sensor 
applications include visible range (Nuske et al., 2011a; Kicherer et al., 
2017), near infrared (Fernandes et al., 2014) and short wave infrared for 
thermal measurements (Bellvert et al., 2014; Pou et al., 2014). Active 
sensors have more wide application and technologies, such as ultrasonic 
sensors (Palleja & Landers, 2017), LIDAR (Grocholsky et al., 2011; Mack et 
al., 2017; Tagarakis et al., 2017), soil sensors (Rossi et al., 2013), 
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fluorescence sensors (Rey-Caramés et al., 2016) or active spectral sensors 
(Rossi et al., 2013; Fernández-Novales et al., 2017). 

The continuous advances in sensor devices, data processing and 
information technologies have facilitated the measurement of diverse 
plant status indicators. Different reviews of their application in precision 
viticulture have been published. It is worth mentioning the ones by Arnó 
et al., (2009), Zerger et al. (2010) and more recently Matese & Di Gennaro 
(2015).  

The data obtained by using sensors must be associated to their 
geographical position to be able to establish vineyard variability. The geo-
referencing of the data can be achieved by using the Global Navigation 
Satellite Systems (GNSS) technology. The GPS is the most widely used 
(Zarco-Tejada et al., 2014), but the European geostationary navigation 
overlay service (EGNOS) from the EU, Russian GLONASS or Chinese BeiDou 
can also be used to increase accuracy. 

The analysis of the geo-referenced data recorded by different sensors is 
carried out using geographic information systems (GIS). GIS is a computer 
software that associates a database with its position, allowing for the 
analysis, display and storage of spatially referenced data (Proffitt et al., 
2006). This software is used for mapping information in different layers, 
including terrain data such as slope or altitude, climatic variables, or data 
acquired by sensors. The layers can be represented alone or combined to 
determine the different management zones within a vineyard and thus 
enabling the use of precision viticulture. 

Described and discussed below are some of the more prominent sensor 
technologies that are applied in precision agriculture and more specifically 
in precision viticulture. 

1.2.1 Fluorescence sensors 

Fluorescence is the rapid re-emission of absorbed radiative energy, usually 
at characteristic wavelengths, which corresponds to energy transitions of 
pigments (Jones & Vaughan, 2010). Chlorophyll fluorescence is one of the 
most widely used indicators of the plant health. Two types of pigments can 
be assessed with fluorescence sensors when applied to grapevines: leaf 
chlorophyll content (Rey-Caramés et al., 2016) and epidermal flavonols 
(Diago et al., 2012a). The Multiplex 3 (Force A) is a device composed by 
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light emitters and sensors and is able to measure the fluorescence without 
direct contact in the field (Ghozlen et al., 2010). This device can be used 
manually operated or vehicle mounted (Figure 8) for on-the-go monitoring 
(Diago et al., 2016b). 

 

 
Figure 8: Multiplex sensor (Force A) mounted on an ATV. 

 

1.2.2 Spectral sensors 

The electromagnetic spectrum provides information about the chemical 
characteristics of an object. Certain chemical compounds have unique 
spectral “fingerprints” known as spectral signatures, which can be 
identified using spectral sensors. The applications include alterations in 
photosynthetic activity, nutritional status, plant health and vigour (Matese 
& Di Gennaro, 2015). 

There are two principal sensor types: punctual radiometers and spectral 
cameras. The first provide spectral information for one sample point, while 
the cameras measure the spectrum of every pixel in the image. 

The principal descriptors of these sensors are the wavelength resolution 
(also known as radiometric resolution) and range defining the compounds 
that can be identified. 
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Figure 9: Manually operated punctual radiometer. 

 

There are commercial handheld radiometer devices (Figure 9) and vehicle 
mounted versions have recently become available on the market (Figure 
10). 

 

 
Figure 10: Adjustment of an ATV mounted experimental spectrometer for non-destructive 
assessment of berry composition. 

Spectral cameras generate a hypercube containing the spectra 
corresponding to every pixel in the image. This hypercube can be 
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visualized also as composed by multiple images, each one corresponding 
to one waveband. The advantage of these sensors in contrast to 
radiometers is that dimensional information is also acquired, every pixel 
spectra can be easily compared with its neighbourhood, allowing the 
comparison between different regions. A spectral camera designed for  
unnamed aerial vehicle (UAV) integration is showed in Figure 11. 

 

 
Figure 11: Multispectral camera with four spectral bands (Red, Green, Red edge and NIR), 
RGB camera, solar light spectra calibration and GPS designed for UAV integration. 

 

1.2.3 Thermal sensors 

Thermal sensors have also been used in precision viticulture to assess 
plant water status in the vineyard. Thermal sensors assess the surface 
temperature of an object from the emitted infrared radiation in a non-
invasive fast way.  

Leaf temperature increases with stomatal closure, interrupting the cooling 
effect of evapotranspiration, which occurs as a result of water stress in an 
attempt to reduce water consumption (Costa et al., 2010). As a result, the 
canopy temperature can be used as an indicator of plant water status 
(Jones & Vaughan, 2010; Baluja et al., 2012) and thus to regulate irrigation 
scheduling  optimising water usage (Jones, 1999). 
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Figure 12: Thermal camera mounted on an ATV for on-the-go canopy temperature 
measurement. The thermal image of the canopy is shown on the tablet screen. 

 

Applications in viticulture include punctual sensors, which only provide 
one value per measurement (Sepúlveda-Reyes et al., 2016), and thermal 
cameras (Figure 12), where temperatures corresponding to every pixel are 
visualised  (Pou et al., 2014). 

1.2.4 Electrical resistivity soil sensors  

There is quite a lot of research on the relationship between soil properties, 
topography, vigour and plant and grape composition (Arnó, 2005; 
Reynolds, 2010; Tardaguila et al., 2011). 

Electrical resistivity soil and inductive sensors are used to find the depth 
of bed rock, thickness of bands of clay, groundwater and to evaluate soil 
salinity. These sensors measure the electrical conductivity of the soil that 
is determined by the relative amounts and types of clay, salts, rock and 
water (Proffitt et al., 2006). The use in the vineyard includes on-the-go 
sensors (Figure 13) that permit fast and extensive soil mapping for site 
specific management (Rossi et al., 2013). 
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Figure 13: A resistivity soil sensor for on-the-go operation in a vineyard located in La Rioja 
appellation. The four rolling electrodes enabled measurements on approximately 0.5, 1 and 
2 m depths. 

 

1.2.5 RGB sensors 

RGB sensors are increasingly being used in precision viticulture, mainly 
because of their reduced cost as a consumer technology, availability and 
range of applications. As opposed to other sensors, the image does not 
provide information by itself and must be analysed to extract it. Image 
analysis consist of a set of techniques that allows extracting meaningful 
information from images and it is a field of pertinent research and 
development. 

RGB sensors can be operated manually, mounted in agricultural vehicles 
(Grocholsky et al., 2011; Gatti et al., 2016) or UAVs (Arnó et al., 2009; 
Matese et al., 2015). Moreover, the increase in the use of smartphones 
with high quality cameras and processing capabilities has permitted the 
development of apps that can not only take images in the field, but also 
analyse them (Fuentes et al., 2012b, 2012a; Aquino et al., 2015a). 

A revision of the applications of RGB sensors in precision viticulture is 
provided in section 1.3.4. 
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1.3 Computer vision 

1.3.1 Origin and evolution 

Computer vision is a set of techniques associated to artificial intelligence, 
whose objective is to allow a computer to “understand” an image or more 
precisely “the construction of explicit, meaningful description of physical 
objects from images” (Ballard & Brown, 1982). It is a relatively new field 
with its origins back in the late 1960s. At the beginning, it was believed by 
some pioneers of artificial intelligence and robotics, that solving the 
“visual-input” problem will be an easy step to go forward with more 
complicated problems such as higher-level reasoning and planning 
(Szeliski, 2011). An anecdote that corroborated with this perception took 
place in MIT in 1966: the artificial intelligence group proposed a summer 
project for his undergraduate students. The objective was to link a camera 
to a computer and get the computer to describe what “it” saw (Papert, 
1966). 

Computer vision tries to resolve an inverse problem, attempting to 
discover some unknowns given insufficient information to fully identify 
the solution (Szeliski, 2011). Humans and animals can solve this problem 
effortless, while computer vision algorithms are unable to reach the 
performance of a two-year old baby (Szeliski, 2011). The difficulties of the 
“vision problem” are analysed in the next section. 

David Marr created a paradigm of how vision work in his posthumous book 
“Vision” (Marr, 1982). In image analysis this work was probably the most 
influential ever produced (Huang, 1996); it set up a bottom-up approach 
for scene understanding (Cipolla et al., 2014): the application of low-level 
image processing algorithms generates the “primal sketch”; from this 
sketch a 2.5D one is obtained using binocular image; and, finally, high-level 
techniques are used to obtain 3D representation of the scene (Huang, 
1996). The inherent ambiguities of optical structure greatly limit the 
applicability of the bottom-up representation. The generation of complete 
3D models of the objects in an image is not necessary for most of the 
computer vision applications, therefore algorithms should be goal driven, 
and in many cases, can be qualitative. 

In recent years, computer vision has become key technology in a wide 
variety of real world applications (Szeliski, 2011), which include (but is not 
limited to): medical imaging; photogrammetry; optical character 
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recognition (OCR); in-line quality inspection and control; surveillance; 
fingerprint recognition/biometrics; and autonomous driving. 

Even when the design of computer vision algorithms is highly application 
dependant, there are some typical functions which are common to many 
setups (Sonka et al., 2008; Szeliski, 2011): 

 Image acquisition: many types of sensors and capturing setups 
(i.e.: illumination, scene control, optics) can be used depending on 
the application. 

 Pre-processing: includes noise reduction, contrast enhancement 
and other transformations to enhance the image and simplify its 
processing. 

 Detection/segmentation: some parts of the image are selected as 
relevant for further processing. 

 Feature extraction: different features such as lines, edges, interest 
points or shape/texture can be extracted.  

 High-level processing: this processing is limited to segmented 
objects and includes the estimation of specific parameters or 
recognition of parameters. 

 Decision making: the final decision required for the application 
can be generated from the extracted data. 

1.3.2 Complexity of the computer vision problem 

The vision problem is a very complicated task. Almost no research problem 
has been properly solved, and the solutions are brittle: the application of 
an algorithm for solving a problem can be successful in one situation but 
not in other (Huang, 1996). As stated in the previous section, the lack of 
information prevents the obtention of a solution; an overview of the 
problem is given below. A revision of the complex landscape of the 
computer vision can be viewed in Sonka et al. (2008) 

The first simplification is associated to the representation of a 3d scene on 
a 2d image (Sonka et al., 2008). A small object close to the camera is 
represented in same way as a big one positioned far away, so it is not 
possible to solve this problem without extra information as binocular 
cameras or active sensors (i.e. time of fly or structured light). Also, the 
image capturing process is not precise and noise is inherently present in 
the images. Mathematical tools can be used to attenuate the effect of the 
noise, but at the cost of the use of more complex analysis. 
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In general, the analysis of images corresponds to the analysis of a huge 
amount of data (Sonka et al., 2008), which is increased if video is used. 
Even though technical advances in memory and computer power over the 
last decades has been spectacular, the amount of data limits the 
possibilities of real time analysis and limits the imposed use of algorithms, 
which utilise local windows to process the image. The analysis of regions 
of the image limits the capacity of context establishing and thus image 
understanding (Sonka et al., 2008). 

The expectations of the performance of a computer vision are high 
because of the comparison with that of the human visual system. The 
human vision complexity is usually underestimated, but it is comprised by 
a very complex image acquisition system associated to the capacity to 
apply previous knowledge and experience (Huang, 1996). For example, 
face recognition is a task that humans can realise under all kinds of 
variations in illumination, viewpoint, face expression or even when the 
reference image was taken many years ago. Also, the “faces databank” 
seems also to have no limit in our brain. There appears to be little hope in 
building a computer vision system that can get close to this performance 
(Huang, 1996). 

Perceptual psychologist have studied the anthropological visual procedure 
for decades and a complete solution to this problem was not founded yet 
(Szeliski, 2011). The human vision system is indeed very complex and the 
mind perceives more information than the raw stimulus, which is 
somehow processed. A clue of how the system works was tested using 
optical illusions. Figure 14 left shows the Kanizsa’s Triangle (Kanizsa, 1997). 
In this illusion, a white triangle that does not exist is seen. The mind seems 
to perceive forms from edges and then visualises the white triangle. The 
Müller-Lyer optical illusion is shown in Figure 14 right, in this illusion the 
perceived length of the lines appears different, probably due to 
perspective corrections of the human visual system. 
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Figure 14: Left: Kanizsa's Triangle (Kanizsa, 1997) in this optical illusion an inexistent white 
triangle is perceived over the rest of the figures. Right: The Müller-Lyer optical illusion where 
equal segments look bigger or smaller depending on whether the  arrow ends point inwards 
or outwards. Fibonacci / Wikimedia Commons / CC-BY-SA-3.0 / GFDL. 

 

Optical illusions prove that the human vision system is very complex and 
that the image analysis has a great weight in human image understanding. 

1.3.3 Computer vision in precision agriculture 

Computer vision-based systems are being increasingly applied to 
automate inspection tasks in agriculture and food processing. The use of 
this technology makes it feasible to monitor plant and crop development 
in a much faster way than any manual non-destructive procedure, allowing 
supervising with objectivity and repeatable criteria. The growing interest 
in this research topic is represented by the increase in the number of 
publications related to the field (Figure 15). 
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Figure 15: Number of publications listed in the web of science for the terms “computer vision 
and agriculture” during the last two decades. Data elaborated from that of the Web of 
Science. 

 

One of the most important applications of computer vision in agriculture 
is the post-harvest in-line inspection and classification of fruit and 
vegetables. These measurements were usually done manually, in 
subjective, slow, expensive and tedious procedures, which was 
undoubtedly prone to human errors (Paulus et al., 1997). Nowadays, 
several manufacturers around the world produce sorting machines 
capable of pre-grading fruits by its characteristics, such as size, colour, 
texture and weight. Machine vision systems can automate these tasks 
increasing the repeatability, the inspection speeds, while decreasing costs. 
An extensive study of the different technologies and techniques was made 
by Sun (2016) showing not only their actual and current use, but also 
depicting their future challenges.  

Contrary to the quality inspection of manufactured goods, vegetable and 
fruit inspection has great variability in its characteristics due to its 
biological nature. Moreover, the colour and texture of goods can evolve 
during time. It is necessary to generate computer vision algorithms 
capable of working with this variability and at the same time produce 
precise and repeatable measurements. 



Introduction 
 

38 

Infield monitoring also is a current field of research where computer vision 
can be applied to measure the status of plants. These applications added 
the difficulties of uncontrolled illumination and scene when compared to 
in-line inspection. The light conditions may change (e.g. from direct 
sunshine to cloudy sky) during the same capturing stage altering the 
colours and conditions for image formation. One of the first applications 
of infield computer vision was weed control and a prototype is described 
in Lee et al. (1996). The detection of weeds will help reduce the use of 
herbicides, optimising cost and environmental impact. The automatic and 
real-time detection of weeds is the foundation for VRA herbicide 
application. 

Infield and pre-harvest fruit detection is another major application of 
computer vision. Manual yield predictions are coarse, imprecise, labour 
demanding and destructive. Rapid, accurate and infield fruit crop yield 
predictions based on computer vision will allow for managing crops, 
optimising harvest operations and will help growers with storing, selling 
and shipping decision-making.  

Apart from the previous considerations and limitations with infield 
operations, in the case of fruit detection, the partial occlusion of fruits 
from other parts of the vegetation or other fruit is common; therefore, 
algorithms must be able to detect the fruit even when it is partially visible. 
Fruit detection has been applied to numerous cultivars such as mangos 
(Qureshi et al., 2017), apples (Wang et al., 2012), citrus fruits (Bansal et al., 
2013; Sengupta & Lee, 2014), tomatoes (Schillaci G et al., 2012) and 
pineapples (Chaivivatrakul et al., 2010). 

Given the rapid development of plant genomic technologies, the manual 
determination of plant phenotype limits the possibility to dissect the 
genetics of quantitative traits. Computer vision, as a fast and reliable tool 
for monitoring a high number of samples is perfect for the quantification 
of plant phenotypes. The development of new genotype editing 
techniques has driven the development of numerous applications, many 
of which are listed in a recent review by Li et al. (2014). 

1.3.4 Computer vision in precision viticulture 

The use of computer vision in viticulture is increasing owing to the 
advantages of vine monitoring over manual assessment. Vine status 
evaluation is a requisite for applying precision viticulture, whose use 
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improves the economic profitability, fruit quality and environmental 
sustainability. Although image analysis and computer vision have the 
potential of enhancing the speed and accuracy of many parameters 
assessment in precision viticulture, the task is challenging, mainly for the 
unstructured environment and the scarcity of stable features, which can 
be applied collectively in grapevines. The terrain, vegetation, visibility, 
illumination and atmospheric conditions are not well defined, 
unpredictable and variable over time. Furthermore, indicators to be 
measured correspond to objects with variable and non-uniform 
characteristics such as size, colour, shape, texture and location. 

The use of inspection chambers allows obtaining images under controlled 
and defined conditions, including uniform illumination and structured 
background. Images of clusters in an inspection chamber (Figure 16) were 
used for the assessment of cluster yield components (berry weight, berry 
number and cluster weight) (Diago et al., 2015; Liu et al., 2015; Ivorra et 
al., 2015), and cluster compactness (Cubero et al., 2015). Individual berry 
weight and size can also be estimated using image analysis algorithms 
(Cubero et al., 2014; Kicherer et al., 2015b), reducing considerably the 
measuring time in some experiments such as plant phenotyping. 

 
Figure 16: Inspection chamber for berry image acquisition. The berries were placed in a 
plate for proper image acquisition, the camera and the illumination were positioned in top 
of the chamber. 
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 The assessment of vineyard infection and diseases is a very subjective 
task, greatly affected by operator bias. Image processing of in-lab captured 
pictures has a great potential in the objective assessment of plant 
resistance and phenotype. Boso et al. (2004) conducted an experiment 
evaluating infection severity and evolution over leaf disks in different cv. 
Albariño clones. In a similar study, Peressotti et al. (2011) developed a 
semi-automatic image analysis algorithm for assessing of downy mildew 
sporulation on vine leaf disk to perform quantitative trait locus (QTL) 
analysis of infection resistance. A fully automated methodology based on 
fuzzy set theory was presented by Kole et al. (2014), obtaining a success 
rate of over 87% for the infected area segmentation. Although these 
methods offer important advances in plant health monitoring, they 
require cutting the leaves to be processed in the laboratory. A step further 
on this procedure was presented in Meunkaewjinda et al. (2008). They 
developed a methodology able to work in field, but with some restrictions 
in the scene (no complex background and only one leaf being examined 
with controlled light, orientation and size), for the analysis of manually 
acquired images using hybrid intelligent system.  

The application of infield computer vision techniques to monitor vineyard 
status is an important step for site specific management. One of the most 
interesting techniques associated with on-site monitoring is VRA 
technique, which can be applied for fertilizer, pesticide and herbicide 
dosage optimisation. An automated vineyard foliage analysis algorithm 
was developed by Braun et al. (2010). The system is composed of a wide-
angle camera and a distinctively coloured canvas placed behind the 
vineyard row, both mounted on a vehicle. The canopy is segmented using 
a Bayesian colour classifier and the spray flow is adapted to the canopy 
surface.  A similar system was developed by Berenstein et al. (2010) with 
the advantage of not needing to place a canvas behind the vineyard row. 
The proposed methodology was capable of segmenting grape and foliage 
to guide the application of hormones and pesticides precisely. Nutritional 
deficiencies can also be monitored and quantified using image analysis. 
Potassium deficit was assessed by Rangel et al. (2016) on vine leaves using 
KNN-based image segmentation. The proposed methodology consisted of 
the analysis of images of leaves taken under controlled conditions.  

Canopy monitoring is used not only for VRA but also as an indicator of 
vineyard status and variability. The detection of non-productive vine is a 
key factor in reducing the drain on infrastructure and was addressed by 
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green pixel thresholding in video frames by Tang et al. (2016). The 
assessment of manually captured images (Figure 17) to segment clusters, 
gaps, canes and leaves (Diago et al., 2016c) is currently being employed. 

 

 
Figure 17: Manual vine imager acquisition using a tripod mounted digital camera, 
controlled background and semi-controlled illumination (use of a diffuser to avoid direct-
sunlight). 

 

Recently, thanks to the advance in the computing capabilities and the use 
of improved imaging sensors in smartphones, the development of 
applications for precision viticulture has become an option(Fuentes et al., 
2012a, 2013; De Bei et al., 2015; Aquino et al., 2015a). Figure 18 shows the 
image capturing process with one of these smartphone applications. 
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Figure 18: Infield image capture and analysis using a smartphone app (VitisFlower) for 
number of flower per inflorescence estimation. 

 

Cluster detection is one of the main applications of computer vision in 
precision viticulture, as it allows yield forecasting and quality assessment. 
One of the first research projects in this field was carried out by Dunn & 
Martin (2004). In this study, a series of images of the canopy from 
Cabernet Sauvignon grapevines were manually captured, using a white 
screen as background. Threshold values were manually set over the RGB 
components to segment the fruit pixels from the images. Different image 
analysis techniques have been applied to grape and cluster detection: 
Zernike moments and SVM (support vector machine) were used by 
Chamelat et al. (2006) to detect grapes on images captured manually in 
the field. Reflection points on grapes surface generated by the artificial 
illumination on images captured at night was used to identify the berries 
by (Font et al., 2014). 3D reconstruction of bunches from images captured 
manually was tested by Herrero-Huerta et al. (2015).  
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Figure 19: Modified ATV for on-the-go RGB image capture. The vehicle is equipped with 
automatic triggering, camera and GNSS receiver. 

  

The use of automated and on-the-go capturing platforms (Figure 19) 
reduces labour requirements and allows dense vineyard sampling. One of 
the first use of this capturing devices is described in Nuske et al. (2011 & 
2014), who developed a computer vision algorithm based on a set of 
descriptors for shape, texture and colour to detect grape berries and 
estimate the yield from berry number. Automated image capture was also 
used by Font et al. (2015) to estimate the yield from the area of the 
segmented clusters, Liu & Whitty (2015) used it to segment cluster using 
SVM combining colour and texture information.  

Vineyard yield can also be estimated in early stages of vine development 
providing more time to adjust the managing practices. Liu et al. (2017) 
used a shoot detection system to estimate yield from images captured 
with a vehicle mounted low cost camera. Manually captured images of 
inflorescences in conjunction with mean berry weight and berry set were 
also tested for yield estimation by Millan et al. (2017). 

Due to the perennial nature, the acquisition of phenotypic data is mainly 
realized infield and by manual methods. The application of computer 
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vision for field phenotyping offers the advantage of the objective 
evaluation of the descriptors and reduces the necessary time for data 
acquisition. Initial research in this field was documented in Herzog et al. 
(2014), highlighting the importance of this field to meet the fast 
development of genotyping method to support grapevine breeding. A 
method for grapevine growth assessment using dense reconstruction was 
presented by Klodt et al. (2015). The presented algorithm allows 
monitoring leaves, stems and grapes. Winter canes also provided 
information about the vigour of the plant, e.g., Kicherer et al. (2017) used 
RGB cameras to manually capture infield images with a white screen as 
background to measure the potential vine balance. Other descriptors can 
be assessed using computer vision, such as winter grapevine buds (Pérez 
et al., 2017), berry number per cluster (Aquino et al., 2017) or flower 
number per inflorescence (Diago et al., 2014; Aquino et al., 2015b). 
Moreover, the automation of the image acquisition procedure to measure 
more than 250 vines per hour was presented in Kicherer et al. (2015a).
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2 Objectives 

The main objective of this PhD Thesis was to develop and apply new 
sensing technologies and algorithms based on computer vision to assess 
vineyard status (Vitis vinifera L.) in the scope of precision viticulture. 

Along with this main goal, other specific objectives have been pursued: 

 To assess flower number per inflorescence  
 To estimate yield components before harvest under field 

conditions. 
 To evaluate on-the-go canopy status, including cluster exposure, 

porosity and pruning weight within a vineyard.  
 To develop a mobile platform for on-the-go vineyard status 

assessment using RGB sensors. 
 To map yield components and canopy status of the vineyard. 
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3 Experimental section 

3.1 Assessment of flower number per inflorescence 

 

The assessment of flower number per inflorescence is a great example of 
the applicability of image analysis techniques to precision viticulture. The 
first article included in this section describes a computer vision algorithm 
that is capable of automating this task, with a process that does not 
destroy the inflorescence, and avoids interferences in the flowering 
process that permits studying the reproductive performance. 

The applicability of image analysis algorithms for flower count has greatly 
increased with the development of an Android-based smartphone 
application. This application, reviewed in the second article included in this 
section, allows for rapid, non-destructive and on-the-field flower number 
per inflorescence assessment. 

The relation between the number of flowers that are visible in an image, 
and the total number of flowers per inflorescence was assessed using 
linear and non-linear models in a wide number of varieties. Moreover, the 
number of flowers, as the first visible indicator of yield, was tested for yield 
estimation, obtaining a R2=0.79 when combined with the fruit set value 
and if the average berry weight is available, the coefficient of 
determination rises to 0.91.
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3.1.1 Number of flower per inflorescence assessment 

 

Título de la publicación: Assessment of flower number per inflorescence 
in grapevine by image analysis under field conditions 

Autores: DIAGO, M.P., SANZ-GARCIA, A., MILLAN, B., BLASCO, J., 
TARDAGUILA, J. 

Publicado en: Journal of the Science of Food and Agriculture, 94(10), 1981-
1987 (2014) DOI: 10.1002/jsfa.6512 

 

Resumen: 

El número de flores y la tasa de cuajado son factores clave que determinan 
la producción de la vid. Actualmente, los métodos prácticos utilizados para 
la determinación del número de flores por inflorescencia (un proceso 
necesario para el cálculo de la tasa de cuajado) son muy laboriosos y 
lentos. El trabajo que se presenta a continuación propone el uso de una 
metodología basada en el análisis de imágenes RGB para la estimación del 
número de flores por inflorescencia de forma automática. 

Se adquirieron un total de noventa imágenes de inflorescencias de Vitis 
vinifera L. correspondientes a las variedades Tempranillo, Graciano y 
Mazuelo utilizando una cámara compacta. Estas imágenes se utilizaron 
para ajustar y evaluar los algoritmos de análisis de imagen para el conteo 
del número flores. 

El algoritmo desarrollado fue capaz de estimar el número total de flores 
por inflorescencia con una precisión superior al 90% para todas las 
variedades evaluadas. 

 

  



Experimental section 
 

50 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Contribución del autor de la Tesis: 

La contribución de Borja Millán fue determinante para la realización del 
artículo, e incluye el diseño experimental y la generación de los algoritmos 
de análisis de imagen que permiten la estimación del número de flores por 
inflorescencia. Además, Borja Millán realizó el análisis de los resultados y 
la generación de modelos para el documento final. 
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The Publisher and copyright holder corresponds to Journal of the Science 
of Food and Agriculture. The online version of this journal is the following 
URL: 

http://onlinelibrary.wiley.com/journal/10.1002/(ISSN)1097-0010 
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3.1.2 Smartphone app for number of flower assessment 

 

Título de la publicación: vitisFlower® Development and testing of a novel 
android-smartphone application for assessing the number of grapevine 
flowers per inflorescence using artificial vision techniques 

Autores: AQUINO, A., MILLAN, B., GASTON, D., DIAGO, M.P., 
TARDAGUILA, J. 

Publicado en: Sensors 15(9), 21204-21218 (2015) DOI: 
10.3390/s150921204 

 

Resumen: 

La floración y la tasa de cuajado de la vid son los factores más 
determinantes de la producción. En esta investigación se presenta una 
aplicación desarrollada para “smartphones” que permite el conteo de 
flores por inflorescencia de forma no invasiva a partir de imágenes 
capturadas en el viñedo. 

La aplicación, llamada vitisFlower, guía al usuario durante la captura de la 
imagen, que se realiza con la cámara del propio dispositivo. La fotografía 
es analizada para identificar y contar las flores presentes. La aplicación es 
compatible con “smartphones” con sistema operativo Android y está 
implementada utilizando las librerías OpenCV. 

VitisFlower ha sido evaluada en 140 imágenes de inflorescencias 
correspondientes a 11 variedades de Vitis vinifera L., siendo capaz de 
identificar correctamente más del 84% de las inflorescencias con una 
precisión superior al 94%. También se evaluó el rendimiento en cuatro 
“smartphones” que representan un amplio rango en de capacidad de 
procesamiento. Los análisis mostraron diferencias importantes en el 
tiempo necesario para el análisis de las imágenes, pero sin ser excesivo en 
ningún caso, por lo que la aplicación puede usarse con dispositivos de 
gama baja.   
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Contribución del autor de la Tesis: 

El autor de esta Tesis realizó el diseño experimental, implementación de 
los algoritmos de la aplicación vitisFlower y testeo con datos de campo. 
Además, participó en la redacción del documento final.
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3.1.3 Image based modelling for flower number assessment 

 

Título de la publicación: Image analysis-based modelling for flower 
number estimation in grapevine 

Autores: MILLAN, B., AQUINO, A., DIAGO, M.P., TARDAGUILA, J. 

Publicado en: Journal of the Science of Food and Agriculture 97(3), 784-
792 (2017) DOI: 10.1002/jsfa.7797 

 

Resumen: 

El número de flores por inflorescencia proporciona información que puede 
ser usada para la estimación de la cosecha. En trabajos previos de 
investigación, se ha conseguido desarrollar algoritmos basados en análisis 
de imagen que permiten estimar el número de flores por inflorescencia. 
Sin embargo, es necesario evaluar la dependencia de los modelos con 
respecto a la variedad para que esta herramienta pueda ser usada de 
forma fiable. Asimismo, en el presente trabajo también se ha cuantificado 
la capacidad predictiva del número de flores para la estimación de la 
producción, y la influencia de información adicional como la tasa de 
cuajado o el peso medio de baya. 

Se capturaron imágenes de 11 variedades de Vitis vinifera L. en el viñedo, 
extrayendo el número de flores visibles por imagen de forma manual y 
automática (mediante un algoritmo de análisis de imagen). Los datos 
obtenidos se utilizaron para entrenar y evaluar modelos independientes 
de la variedad, lineales (de una variable y multivariable) y no lineales. La 
herramienta compuesta por el algoritmo de análisis de imagen y el modelo 
no lineal proporcionó el mejor resultado (RPD=8,32, RMSE=37,1) en la 
estimación del número de flores por inflorescencia. Con respecto a la 
estimación de la producción, el coeficiente de determinación (R2) entre el 
número de flores y el peso final del racimo durante la cosecha fue de 0,79 
utilizando el valor de la tasa de cuajado y llegando a 0,91 cuando se 
combinó con el peso medio de baya. 

Este estudio demuestra que la estimación del número de flores por 
inflorescencia utilizando análisis de imagen es generalizable a diferentes 
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variedades de vid y puede proporcionar una estimación de la producción 
en fases muy tempranas de desarrollo. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Contribución del autor de la Tesis: 

La aportación de Borja Millán incluye el diseño experimental, toma de 
datos en campo y generación de los algoritmos de análisis de imagen. 
También redactó el documento final. 
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The Publisher and copyright holder corresponds to Journal of the Science 
of Food and Agriculture. The online version of this journal is the following 
URL: 

http://onlinelibrary.wiley.com/journal/10.1002/(ISSN)1097-0010 
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3.2 Yield estimation 
There is a high level of demand from the wine industry for tools that can 
provide yield forecasting. The principal motivation is the economic benefit 
(Wolpert & Vilas, 1992; Martin et al., 2002; Dunn, 2010), but it will also 
help optimise wine production and enable the management of the vines 
to reach the desired quality and yield goals.  

The first study of this section describes an algorithm for yield estimation 
from images manually captured on the field. This methodology provided a 
good performance (>90%) for the segmentation of different vine organs 
(clusters, wood, leaves and gaps) allowing precise yield estimation 
(R2=0.73). 

The segmentation process of images captured on the field is challenging, 
mainly because of the uncontrolled scene characteristics and the lack of 
uniformity in the colouration of the berry surface caused by the pruine 
(Diago et al., 2015). Also, it must be noted that not all the berries in a 
cluster are visible due to occlusions from other berries or vegetal material 
from the vine. To improve the results of yield estimation, the second 
article included in this section presents the application of Boolean models 
as a methodology that can overcome these problems (occlusions and 
segmentation errors). When Boolean model were applied on images 
captured automatically and on-the-go, the yield was precisely estimated 
(R2=0.78) and with low error per vine (RMSE=200g). 
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3.2.1 Yield estimation from manually captured images 

 

Título de la publicación: Grapevine yield and leaf area estimation using 
supervised classification methodology on RGB images taken under field 
conditions 

Autores: DIAGO, M.P., CORREA, C., MILLÁN, B., BARREIRO, P., VALERO, C., 
TARDAGUILA, J. 

Publicado en: Sensors 12, 16988-17006 (2012) DOI: 10.3390/s121216988 

 

Resumen: 

Este trabajo tiene como objetivo la caracterización de la “canopy”, 
estimación de la superficie foliar y producción por cepa mediante un 
algoritmo de clasificación supervisada basado en la distancia de 
Mahalanobis. El algoritmo propuesto analiza automáticamente conjuntos 
de imágenes, calculando el área (número de píxeles) correspondiente a 
siete clases (racimo, madera, porosidad y cuatro tipos de hoja en función 
de su edad). Cada una de las clases es inicializada por el usuario mediante 
la selección de un conjunto representativo de píxeles que se utilizan como 
semilla para la clasificación. 

El algoritmo se ha evaluado utilizando 70 imágenes correspondientes a 10 
vides (Vitis vinifera L. cv Tempranillo) capturadas en un viñedo comercial, 
situado en La Rioja. Las cepas fueron progresivamente deshojadas y 
aclareadas para aumentar la variabilidad de los datos. Los resultados de la 
segmentación mostraron un porcentaje de clasificación correcta del 92% 
para las hojas y del 98% para racimos, permitiendo la estimación precisa 
de la superficie foliar (R2=0,81; p<0,001) y la producción (R2=0,73; 
p<0,002). 

La metodología propuesta se basa en un sistema de adquisición de 
imágenes simple y económico y proporciona información de gran interés 
para facilitar la toma de decisiones del viticultor en la gestión del viñedo. 
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Contribución del autor de la Tesis: 

El autor de la presente Tesis doctoral, participó en todas las fases de este 
trabajo de investigación, incluyendo la implementación y ajuste de los 
algoritmos de análisis de imagen que permiten la estimación de la 
producción y de la superficie foliar. También participó en la redacción del 
documento final.  
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3.2.2 On-the-go grapevine yield estimation using image 
analysis and Boolean model 

 

Título de la publicación: On-the-go grapevine yield estimation using image 
analysis and Boolean model 

Autores: MILLAN, B., VELASCO-FORERO, S., AQUINO, A., TARDÁGUILA, J. 

Publicado en: En proceso de revisión 

 

Resumen: 

En este trabajo se describe una metodología para la estimación de la 
producción de forma no invasiva utilizando análisis de imagen y modelos 
Booleanos. 

El análisis de imagen se ha utilizado para la estimación de la producción de 
uva anteriormente, pero el efecto de los errores de segmentación y las 
oclusiones por parte de los racimos u otros órganos de la vid afectan a la 
precisión obtenida. Con el fin de mejorar la estimación de la producción, 
se propone el uso del modelo Booleano, como alternativa para la 
estimación del número de bayas mediante análisis de imagen. 

Se han utilizado tres conjuntos de datos diferentes para evaluar la 
metodología propuesta: imágenes de racimo, imágenes de cepa e 
imágenes de cepa capturadas automáticamente y en movimiento 
utilizando un vehículo agrícola. La estimación del número de bayas por 
racimo se obtuvo con un error cuadrático medio (RMSE) de 20 y R2=0,80, 
mientras que en el caso de las imágenes de cepa capturadas manualmente 
los resultados fueron RMSE=310g y R2=0,81. Finalmente, las imágenes 
capturadas en movimiento permitieron la estimación de la cosecha con 
una precisión de R2=0,78 y RMSE=610g para segmentos compuestos por 
tres cepas (error de 200g por cepa). 

La robustez del método frente a las oclusiones y los errores en la 
segmentación lo hacen ideal para la estimación de la producción, 
mejorando los resultados obtenidos frente a una estimación basada 
únicamente en el área del racimo. 
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Contribución del autor de la Tesis: 

La contribución de Borja Millán fue determinante para la generación del 
artículo, e incluye el diseño experimental, coordinación del trabajo, 
captura de datos en campo y generación de los algoritmos de análisis de 
imagen. Además, Borja Millán escribió el artículo y realizó el análisis de los 
resultados. 
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Figure 1
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Figure 3 
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Figure 4 
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Figure 5 
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Figure 6 

 

Figure 7 
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3.3 Canopy status assessment 

The management of the canopy affects grape quality, diseases incidence 
and yield. This is why canopy management is such an important part of 
vineyard management (Smart & Robinson, 1991). 

Automated canopy assessment methodologies are key for precision 
viticulture, because the canopy management influences yield and quality 
intricately. The first study of this section describes an image analysis-based 
algorithm that can provide canopy porosity estimation with high precision 
(R2>0.90) for gap assessment from images manually acquired. 

The second study analysed images captured automatically and on-the-go 
providing high correlations when compared with the reference method for 
gap (R2

 
>0.85); exposed leaves (R2

 
>0.71); and exposed cluster (R2=0.65) 

assessment. Moreover, the analysis of images captured on-the-go allows 
effortless massive sampling and map generation. 

Finally, the third study focus on the assessment of pruning weight using 
computer vision algorithms. The proposed methodology is simple and 
provides a precise estimation (R2>0.85) from images captured 
automatically on-the-go. 
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3.3.1 Assessment of vineyard canopy porosity from manually 
captured images 

 

Título de la publicación: Assessment of vineyard canopy porosity using 
machine vision 

Autores: DIAGO, M.P., KRASNOW, M., BUBOLA, M., MILLAN, B., 
TARDAGUILA, J. 

Publicado en: American Journal of Enology and Viticulture 67, 229-238 
(2016) DOI: 10.5344/ajev.2015.15037 

 

Resumen: 

La porosidad de la “canopy” es un parámetro de gran interés vitícola, ya 
que favorece la exposición de los racimos y su aireación, facilitando la 
maduración, sanidad y calidad de la uva. El método estándar para la 
evaluación de la porosidad es el PQA (point quadrat analysis), pero es 
laborioso y lento, limitando su aplicabilidad en viñedos comerciales. 

En el presente trabajo se expone una alternativa al PQA mediante análisis 
de imagen. Este método es objetivo, rápido, no invasivo y ha sido evaluado 
en viñedos de diferentes variedades y características localizados en Nueva 
Zelanda, Croacia y España. El coeficiente de determinación (R2) entre el 
PQA y el análisis de imagen es superior a 0,90 (p<0,05) en cada uno de los 
experimentos, siendo el R2

 
obtenido en la regresión global 0,93 (p<0,05). 

La hora del día y el lado de la “canopy” no fueron factores determinantes 
en la precisión del método. 

La utilización de esta nueva herramienta permite evaluar el estado de la 
“canopy” y llevar a cabo las practicas vitícolas necesarias para la mejora 
de la calidad y sanidad de la uva. 
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Contribución del autor de la Tesis: 

Borja Millán participó en el diseño experimental y su labor incluye la 
generación, testeo con datos de campo y ajuste de los algoritmos de 
análisis de imagen que permiten la estimación de la porosidad de la 
“canopy”. También participó en la redacción del artículo.  
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3.3.2 Assessment and mapping of vineyard canopy porosity 
from on-the-go captured images 

 

Título de la publicación: On-the-go assessment and mapping of vineyard 
canopy porosity, bunch and leaf exposure by image analysis 

Autores: DIAGO, M.P., AQUINO, A., MILLAN, B., TARDÁGUILA, J. 

Publicado en: En proceso de revisión 

 

Resumen: 

La evaluación de la “canopy” es necesaria para una gestión correcta del 
viñedo. En este artículo se presenta un sistema de determinación de la 
porosidad de la “canopy” automático y no invasivo basado en análisis de 
imagen. La captura de imágenes se realizó de forma automatizada desde 
un vehículo en movimiento a 7 km/h, reduciendo de forma importante el 
esfuerzo necesario para la toma de datos. 

Los resultados obtenidos se compararon con los generados por el método 
de referencia (PQA), obteniéndose altas correlaciones para el porcentaje 
de huecos (R2

 
>0,85; p<0,001) y hojas expuestas (R2

 
>0,71; p<0,001) por 

ambas caras de la “canopy” (defoliada y no defoliada), mientras que la 
exposición de racimos obtuvo una mejor relación para la cara expuesta 
(R2=0,65; p<0,001). 

Con los datos obtenidos con el algoritmo de análisis de imagen se pudieron 
generar mapas que representaban la variabilidad del estado de la 
“canopy”. Estos mapas son de gran valor para el viticultor, ya que permiten 
delimitar zonas del viñedo con distintas necesidades y características. En 
el futuro, estos datos podrían combinarse con maquinaria automatizada 
para la defoliación o la aplicación de fito-sanitarios en función del vigor. 

 

 

  



Experimental section 
 

128 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Contribución del autor de la Tesis:  

Borja Millán participó en el diseño experimental y su labor incluye la 
captura de datos de campo, la generación y ajuste de los algoritmos de 
análisis de imagen que permiten la estimación de la porosidad de la 
“canopy”. También participó en la redacción del artículo.  
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3.3.3 Assessment of vineyard pruning weight from on-the-go 
captured images 

 

Título de la publicación: Development of an image-based method to 
appraise the grapevine pruning weight on-the-go 

Autores: MILLAN, B., DIAGO, M.P., AQUINO, A., TARDÁGUILA, J. 

Publicado en: En proceso de revisión 

 

Resumen: 

El peso de la madera de poda es un indicador del crecimiento vegetativo y 
el vigor. Tradicionalmente se ha determinado durante la poda, separando 
y pesando los sarmientos correspondientes a cada cepa, un proceso lento 
y que interrumpe el flujo de trabajo. En el siguiente artículo se presenta el 
uso de un algoritmo de análisis de imagen para la determinación del peso 
de madera de poda, como método automático, no invasivo y de bajo 
coste.  

El estudio se ha realizado en un viñedo comercial en tres etapas: en la 
primera los sarmientos ya podados se colocaron encima de un fondo 
blanco para ser fotografiados en condiciones de luz semi-controladas; en 
la segunda, la captura se realizó de forma manual en el viñedo, utilizando 
un fondo de color blanco y con la cámara situada sobre un trípode; 
finalmente, se utilizó un “quad” modificado para la captura automática de 
imágenes a una velocidad de 7 km/h. 

Las imágenes capturadas manualmente se analizaron y evaluaron  
mediante validación cruzada (“leave-one-out”), proporcionando una 
estimación con un coeficiente de determinación (R2) de 0,91 (p<0,001), 
RMSE=87,7g y RPD (“ratio of performance to deviation”) de 3,4. Las 
imágenes capturadas de forma automática generaron resultados 
similares, con un coeficiente de determinación (R2) de 0,85 (p<0,001), 
RMSE=115,7g y RPD=2,6. Estos resultados demuestran que la estimación 
del peso de la madera de poda puede realizarse de manera rápida y no 
invasiva en el viñedo, proporcionando una herramienta de gran valor para 
el viticultor al permitir la evaluación del vigor y facilitar la generación de 
mapas.  
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artículo, e incluye el diseño experimental, coordinación del trabajo, 
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imagen. Además, Borja Millán escribió el artículo y realizó el análisis de los 
resultados. 
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4 Conclusions 

This PhD Thesis has established the usefulness of computer vision to 
assess vineyard status in the scope of precision viticulture.  

The research presented here in provided the following main findings: 

 

4.1 Assessment of flower number per inflorescence 
1. The analysis of digital images captured under field conditions provides 

a useful estimation of the number of flowers per inflorescence at early 
stages of flowering. 

2. The development of an innovative smartphone Android application, 
called vitisFlower is a powerful tool for easy and automatic flowering 
assessment in the vineyard. 

3. The flower number per inflorescence estimation using image analysis 
and a non-linear model was generally applied to different grapevine 
varieties. 

 

4.2 Yield components estimation 

4. Image analysis methodology has proved to be a useful and reliable tool 
for yield assessment in the vineyard. The proposed setup for manual 
image acquisition is simple, inexpensive and non-destructive requiring 
only a commercial RGB camera. 

5. Yield assessment can be performed by computer vision using images 
captured automatically on-the-go at a speed comparable to other 
agricultural equipment. 

6. The use of Boolean models allowed overcoming two of the major 
difficulties in visual yield estimation: this technique is robust against 
segmentation errors and partial occlusions, situations that are normal 
in the case of cluster images taken under natural field conditions.  
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4.3 Canopy status assessment 

7. The grapevine canopy status including cluster exposure, canopy 
porosity and exposed leaves within a vineyard was successfully 
assessed using manually captured images. 

8. Canopy status assessment can be obtained from images captured on-
the-go, reducing the effort necessary to carry out dense vineyard 
sampling.  

9. The grapevine pruning weight can be accurately estimated using 
image analysis. The methodology was developed and validated under 
different illumination and image acquisition conditions ranging from 
manual static capture to automated on-the-go imaging.  

 

4.4 On-the-go vineyard assessment and mapping 

10. The development of an autonomous capture platform including a 
system for automatic camera triggering, geo-positioning information 
capturing from GNSS receiver and illumination system greatly reduces 
the man power necessary for infield image acquisition. 

11. All the viticultural parameters determined by image analysis were geo-
referenced, allowing map generation. These maps can be used to 
delineate zones of homogeneous management in the context of 
precision viticulture. 

 

4.5 Global conclusion 

Computer vision has been found to be a promising alternative to the 
traditional methods for vineyard monitoring. Flower number assessment, 
yield estimation and canopy status are key viticultural parameters. This 
information can be used by the vineyard manager in the scope of precision 
viticulture to reduce costs and environmental impacts, and increase fruit 
quality.
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