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Abstract 

A single vineyard block can consist of significant spatial variability for several grape-growing 

attributes. The ability to detect and subsequently respond to this variation can lead to improved vineyard 

management, a growing practice termed precision viticulture. The overall goal of this research study was to 

determine if remote-sensing technologies could be used to detect Riesling vineyard variability, thus enhancing 

precision viticulture implementation. Approximately 80 grapevines in a grid pattern were geo-located within 

each of six commercial Riesling vineyards across the Niagara Peninsula in Ontario. From these grapevines the 

following variables were measured to determine their vineyard variation: soil and vine water status, vine 

size/vigor, winter hardiness, virus titer, yield components, and berry composition. Subsequently, remote-

sensing technologies collected thermal [by unmanned aerial vehicle (UAV)] and multispectral (by UAV and 

ground-based proximal sensing technology GreenSeeker™) data from each block. Multispectral data were 

transformed into the Normalized Difference Vegetation Index (NDVI). Vineyard UAV NDVI maps were 

further used for selective harvesting of areas corresponding to low vs. high NDVI and wines made from these 

two zones were compared chemically and sensorially. The hypothesis was that remote and proximal sensing 

technologies could accurately detect vineyard variation for manually collected variables and further implicate 

differences in wine attributes upon zonal harvesting. 

Direct positive correlations were observed between remotely and proximally sensed NDVI vs. vine 

size, leaf stomatal conductance, leaf water potential, virus infection, yield, berry weight, and titratable acidity 

and inverse correlations with Brix and potentially-volatile terpene concentration. Maps created from remotely 

and proximally sensed data demonstrated similar spatial configurations to interpolated maps of these variables. 

In general, GreenSeeker NDVI demonstrated the most significant relationships with measured variables 

compared to UAV NDVI and UAV thermal data. Wines created from areas of low vs high NDVI differed 

inconsistently in their wine pH. Sensorially, in certain sites and vintages, panelists were able to distinguish 

between wines made from low vs high NDVI zones. Overall, remote sensing demonstrates the ability to detect 

vineyard areas differing in measures of vine health, size, yield, berry composition, and wine attributes, though 

more research is needed to understand the inconsistent results observed between vineyard sites and vintages. 
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Figure A1. Locations of six Riesling study sites in the Niagara Peninsula in Ontario as indicated by red 

triangles. Map created in ArcMap10.6.1 with the World Light Grey Canvas basemap Copyright © 

ESRI (ESRI 2011). 
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acquired from OMAFRA Soil Survey Complex, 2013). Scale 1:4000 all maps. Polygons 

representing various soil types are separated by black lines and labeled within. Soil series codes: 

ALU= Alluvium, BVY= Beverly, CGU= Chinguacousy, TLD= Toledo, TVK= Tavistock, JDD= 

Jeddo, VLD= Vineland. Numbers beside each soil series indicate the percentage of that soil series 

(i.e. BVY 50= 50% Beverly). Legend: A: Buis (Niagara-on-the-Lake); B: PondView (Niagara-

on-the-Lake); C: Château des Charmes (St. Davids); D: Cave Spring (Beamsville); E: Hughes 

(Vineland); F: George (Vineland). 

Figure A3. The GPS located grapevines (white circles) used for manual data collection. Outer circles 
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Buis (Niagara-on-the-Lake); B: PondView (Niagara-on-the-Lake); C: Château des Charmes (St. 

Davids); D: Cave Spring (Beamsville); E: Hughes (Vineland); F: George (Vineland). 
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Abbreviations: SWC= Soil water content, Leaf Ψ= Leaf water potential, Gs= Stomatal 

conductance, UAV= Unmanned aerial vehicle, NDVI= Normalized difference vegetation index, 

LT50= Lethal temperature for 50% of primary buds, TA= Titratable acidity, FVT= Free volatile 

terpenes, PVT= Potentially volatile terpenes, GLRaV-3= Grapevine leafroll associated virus-

strain 3. Units included for all variables. 

Figure A5. Maps of all variables (water status, remote sensing, yield components, vine size, and berry 

composition) from Buis vineyard (Niagara-on-the-Lake, ON) 2017. Abbreviations: SWC= Soil 

water content, Leaf Ψ= Leaf water potential, Gs= Stomatal conductance, NDVI= Normalized 

difference vegetation index, TA= Titratable acidity, FVT= Free volatile terpenes, PVT= 

Potentially volatile terpenes. Units included for all variables. 

Figure A6. Maps of all variables (water status, remote sensing, winter hardiness, yield components, vine 

size, and berry composition) from PondView vineyard (Niagara-on-the-Lake, ON) 2016. 

Abbreviations: SWC= Soil water content, Leaf Ψ= Leaf water potential, Gs= Stomatal 

conductance, UAV= Unmanned aerial vehicle, NDVI= Normalized difference vegetation index, 

LT50= Lethal temperature for 50% of primary buds, TA= Titratable acidity, FVT= Free volatile 

terpenes, PVT= Potentially volatile terpenes. Units included for all variables. 

Figure A7. Maps of all variables (water status, remote sensing, yield components, vine size, and berry 

composition) from PondView vineyard (Niagara-on-the-Lake, ON) 2017. Abbreviations:  SWC= 

Soil water content, Leaf Ψ= Leaf water potential, Gs= Stomatal conductance, NDVI= Normalized 

difference vegetation index, TA= Titratable acidity, FVT= Free volatile terpenes, PVT= 

Potentially volatile terpenes. Units included for all variables. 

Figure A8. Maps of all variables (water status, remote sensing, winter hardiness, yield components, vine 

size, berry composition, and virus titer) from Château des Charmes vineyard (St. Davids, ON) 



 
 

2016. Abbreviations: SWC= Soil water content, Leaf Ψ= Leaf water potential, Gs= Stomatal 

conductance, UAV= Unmanned aerial vehicle, NDVI= Normalized difference vegetation index, 

LT50= Lethal temperature for 50% of primary buds, TA= Titratable acidity, FVT= Free volatile 

terpenes, PVT= Potentially volatile terpenes, GLRaV-3= Grapevine leaf roll associated virus-

strain 3. Units included for all variables. 

Figure A9. Maps of all variables (water status, remote sensing, yield components, vine size, and berry 

composition) from Château des Charmes vineyard (St. Davids, ON) 2017. Abbreviations: SWC= 

Soil water content, Leaf Ψ= Leaf water potential, Gs= Stomatal conductance, NDVI= Normalized 

difference vegetation index, TA= Titratable acidity, FVT= Free volatile terpenes, PVT= 

Potentially volatile terpenes. Units included for all variables. 

Figure A10. Maps of all variables (water status, remote sensing, winter hardiness, yield components, vine 

size, berry composition, and virus titer) from Cave Spring vineyard (Beamsville, ON) 2016. 

Abbreviations: SWC= Soil water content, Leaf Ψ= Leaf water potential, Gs= Stomatal 

conductance, UAV= Unmanned aerial vehicle, NDVI= Normalized difference vegetation index, 

LT50= Lethal temperature for 50% of primary buds, TA= Titratable acidity, FVT= Free volatile 

terpenes, PVT= Potentially volatile terpenes, GLRaV-3= Grapevine leafroll associated virus-

strain 3. Units included for all variables. 

Figure A11. Maps of all variables (water status, remote sensing, yield components, vine size, and berry 

composition) from Cave Spring vineyard (Beamsville, ON) 2017. Abbreviations: SWC= Soil 

water content, Leaf Ψ= Leaf water potential, Gs= Stomatal conductance, NDVI= Normalized 

difference vegetation index, TA= Titratable acidity, FVT= Free volatile terpenes, PVT= 

Potentially volatile terpenes. Units included for all variables. 

Figure A12. Maps of all variables (water status, remote sensing, winter hardiness, yield components, vine 

size, and berry composition) from Hughes vineyard (Vineland, ON) 2016. Abbreviations: SWC= 

Soil water content, Leaf Ψ= Leaf water potential, Gs= Stomatal conductance, UAV= Unmanned 

aerial vehicle, NDVI= Normalized difference vegetation index, LT50= Lethal temperature for 

50% of primary buds, TA= Titratable acidity, FVT= Free volatile terpenes, PVT= Potentially 

volatile terpenes. Units included for all variables. 

Figure A13. Maps of all variables (water status, remote sensing, yield components, vine size, and berry 

composition) from Hughes vineyard (Vineland, ON) 2017. Abbreviations: SWC= Soil water 

content, Leaf Ψ= Leaf water potential, Gs= Stomatal conductance, NDVI= Normalized difference 

vegetation index, TA= Titratable acidity, FVT= Free volatile terpenes, PVT= Potentially volatile 

terpenes. Units included for all variables. 

Figure A14. Maps of all variables (water status, remote sensing, winter hardiness, yield components, vine 

size, berry composition, and virus titer) from George vineyard (Vineland, ON) 2016. 

Abbreviations:  SWC= Soil water content, Leaf Ψ= Leaf water potential, Gs= Stomatal 

conductance, UAV= Unmanned aerial vehicle, NDVI= Normalized difference vegetation index, 

LT50= Lethal temperature for 50% of primary buds, TA= Titratable acidity, FVT= Free volatile 

terpenes, PVT= Potentially volatile terpenes, GLRaV-3= Grapevine leafroll associated virus-

strain 3. Units included for all variables. 

Figure A15. Maps of all variables (water status, remote sensing, yield components, vine size, and berry 

composition) from George vineyard (Vineland, ON) 2017. Abbreviations: SWC= Soil water 

content, Leaf Ψ= Leaf water potential, Gs= Stomatal conductance, NDVI= Normalized difference 



 
 

vegetation index, TA= Titratable acidity, FVT= Free volatile terpenes, PVT= Potentially volatile 

terpenes. Units included for all variables. 

Figure A16. UAV NDVI zonal maps used for the harvesting of Riesling wine NDVI treatments and 

replicates. Legend: A: Buis (Niagara-on-the-Lake); B: PondView (Niagara-on-the-Lake); C: 

Château des Charmes (St. Davids); D: Cave Spring (Beamsville); E: Hughes (Vineland); F: 

George (Vineland). 

Figure A17. Comparison of mean pH from 2016 Low vs High NDVI Ontario Riesling wines. Separate 

bar-charts represent different sites. Legend: A: Buis (Niagara-on-the-Lake); B: PondView 

(Niagara-on-the-Lake); C: Château des Charmes (St. Davids); D: Cave Spring (Beamsville); E: 

Hughes (Vineland); F: George (Vineland). p-values of significantly different treatments are 

included.  

Figure A18. Comparison of mean pH from 2017 Low vs High NDVI Ontario Riesling wines. Separate 

bar-charts represent different sites. Legend: A: Buis (Niagara-on-the-Lake); B: PondView 

(Niagara-on-the-Lake); C: Château des Charmes (St. Davids); D: Cave Spring (Beamsville); E: 

Hughes (Vineland); F: George (Vineland). p-values of significantly different treatments are 

included.  

Figure A19. Comparison of mean titratable acidity (TA) from 2016 Low vs High NDVI Ontario Riesling 

wines. Separate bar-charts represent different sites. Legend: A: Buis (Niagara-on-the-Lake); B: 

PondView (Niagara-on-the-Lake); C: Château des Charmes (St. Davids); D: Cave Spring 

(Beamsville); E: Hughes (Vineland); F: George (Vineland). p-values of significantly different 

treatments are included.  

Figure A20. Comparison of mean titratable acidity (TA) from 2017 Low vs High NDVI Ontario Riesling 

wines. Separate bar-charts represent different sites. Legend: A: Buis (Niagara-on-the-Lake); B: 

PondView (Niagara-on-the-Lake); C: Château des Charmes (St. Davids); D: Cave Spring 

(Beamsville); E: Hughes (Vineland); F: George (Vineland). p-values of significantly different 

treatments are included.  

Figure A21. Comparison of mean ethanol from 2016 Low vs High NDVI Ontario Riesling wines. 

Separate bar-charts represent different sites. Legend: A: Buis (Niagara-on-the-Lake); B: 

PondView (Niagara-on-the-Lake); C: Château des Charmes (St. Davids); D: Cave Spring 

(Beamsville); E: Hughes (Vineland); F: George (Vineland). p-values of significantly different 

treatments are included.  

Figure A22. Comparison of mean ethanol from 2017 Low vs High NDVI Ontario Riesling wines. 

Separate bar-charts represent different sites. Legend: A: Buis (Niagara-on-the-Lake); B: 

PondView (Niagara-on-the-Lake); C: Château des Charmes (St. Davids); D: Cave Spring 

(Beamsville); E: Hughes (Vineland); F: George (Vineland). p-values of significantly different 

treatments are included.   
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AHC: Agglomerative hierarchical clustering 

°Brix: Soluble solids  

CA: Correspondence analysis 

DGPS: Differential global positioning system 
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RS: Remote sensing 

SWC: Soil water content 

TA: Titratable acidity 
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ΙNTRODUCTION AND HYPOTHESES  
Individual vineyard blocks can consist of a significant amount of spatial variation for several 

agriculturally significant variables such as vine water status (Hubbard et al. 2002, Tisseyre et al. 2005, 

Acevedo-Opazo et al. 2008, Taylor et al. 2010), winter hardiness (Bourne & Moore 1991, Reynolds et al., 

2014), virus infection (Cabaleiro & Segura 1997, Habili & Nutter 1997, Cabaleiro et al. 2008, Jones & 

Nita 2016, Arnold et al. 2017), vine vigour (Debuisson et al. 2010), and berry composition and yield 

(Bramley & Hamilton 2004, Bramley 2005, Cortell et al. 2007, Reynolds et al. 2007, Pagay & Cheng 

2010, Tardáguila et al. 2011, Baluja et al. 2013, Urretavizcaya et al. 2014). The application of uniform 

management to vineyard blocks consisting of significant variation can lead to underperforming vineyard 

areas and an inability to maximize vineyard health, sustainability, and economic profits (Proffitt & Pearse 

2004, Bramley et al. 2005). The term precision agriculture, and more specifically precision viticulture, 

refers to the practice of identifying and then responding to within-field variation. This can be 

implemented in the form of additional irrigation to areas displaying water stress (Valdés-Gómez et al. 

2009), removal of vines with virus infection (Maree et al. 2013), managing vine size for overly vigorous 

areas (Reynolds & Vanden Heuvel 2009), and harvesting grapes separately that demonstrate differences 

in yield and berry quality (Bramley et al. 2005). Furthermore, zonal wines made from areas within 

individual vineyard blocks have demonstrated significant differences in their chemical and sensory 

attributes (Johnson et al. 2001, Bramley & Hamilton 2007, Bramley, Ouzman and Boss 2011, Bramley, 

Ouzman and Thornton 2011, Priori et al. 2013). Thus, precision viticulture applications can lead to 

environmental and economic benefits for grape-growers and wine-makers. However, a large barrier in 

implementing precision viticulture is the requirement to first determine the underlying vineyard variation 

and identify vineyard zones differing in their grape-growing attributes (Arnó Satorra et al. 2009).  

The adoption of geospatial technologies has enabled a better understanding of the spatial 

variability, patterns, and relationships occurring within agricultural settings (Cox 2002). The use of highly 

accurate Differential Global Positioning Systems (DGPS) to geo-locate vines within smaller geographic 

areas, combined with the use of Geographic Information Systems (GIS) for the spatial analyses of these 

data, enabled a better understanding of the many variables that displayed spatial variation within single 

vineyard blocks (Cox 2002, Matosevic et al. 2006). Furthermore, these technologies led to the production 

of vineyard maps that clearly identified areas within a vineyard where precision viticulture actions would 

be optimized. However, these geospatial technologies still required the data collection from sampled 

vines for all target variables such as measures of vine health, yield, and berry composition. Collection of 

these data can be time consuming and costly. Therefore, remote sensing, which allows measurements 

from an object or area without direct contact, has become a growing field of agricultural research (Lamb 
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et al. 2001, Arnó Satorra et al. 2009, Matese et al. 2015). Remote-sensing technologies aim to take 

measurements over an entire vineyard block which can relay accurate information about the spatial 

variability occurring within the vineyard. Remote sensors measure the reflection and/or emittance of 

electromagnetic energy from plants (in this case grapevines) for specific wavelengths. These can then be 

mathematically manipulated to create vegetation indices (VIs), providing information about the plant 

health, size, and structure (Bannari et al. 1995, Roberts et al. 2016). Recent technological advancements 

enabled remote sensing data collection in closer proximity to the study area, cheaper costs, and improved 

data accessibility (Arnó Satorra et al. 2009, Matese et al. 2015). These advancements in geospatial 

technologies, including the recent expansion in remote-sensing technologies, can enable the adoption of 

precision viticulture in a cost-effective and time-efficient manner, maximizing the benefits of this form of 

vineyard management. However, determining the agricultural significance of remotely sensed data is first 

required and can vary due to several factors such as vineyard site features, temporal variation within and 

across growing seasons, the cultivated variety being studied, and the remote-sensing technology and data 

processing used (Mulla 2013, Matese et al. 2015, Ledderhof et al. 2016, Roberts et al. 2016). 

The overall goal of this study was to determine the efficacy of recently introduced remote-sensing 

technologies in detecting Riesling vineyard variation. Two forms of sensing technology were used in this 

study: an unmanned aerial vehicle (UAV) to which two sensors were mounted [multi-spectral (visible and 

near-infrared) and thermal], and the proximal sensing technology GreenSeeker™ mounted on a four-

wheel drive unit and utilizing multi-spectral sensors. The UAV and GreenSeeker multi-spectral 

reflectance data from the red and near-infrared wavebands was further transformed into the Normalized 

Difference Vegetation Index (NDVI), while the thermal sensor recorded the thermal–infrared energy 

emitted from the study area. Remote sensing data were collected from six commercial Riesling vineyards 

across the Niagara Peninsula in Ontario in 2016 and 2017. Furthermore, approximately 80 grapevines in a 

grid-like pattern were geo-located within each vineyard block to determine the vineyard variation for 

several viticulturally important variables. From these geo-located vines: soil and vine water status, vine 

size, virus infection, winter hardiness, yield components, and berry composition were measured. Using 

statistical and spatial data analyses we aimed to determine if remotely sensed data would correspond with 

the vineyard variation for manually measured variables. Furthermore, UAV NDVI vineyard maps were 

categorized into two zones; low and high NDVI, and these maps were used for the zonal harvesting and 

winemaking of NDVI-based wines. Sensory sorting tests and basic chemical analyses were performed on 

the wines to determine if remote sensing could be used for the production of multiple wine products from 

within individual vineyard blocks that differ in their sensory and chemical attributes. 
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We hypothesized that variation in NDVI and thermal data would correspond to the spatial variation 

in soil and vine water status, winter hardiness, and virus infection as grapevine stresses can affect canopy 

pigmentation, size, and structure which further impacts electromagnetic reflectance and emission. 

Furthermore, changes in vine health and size can significantly affect yield components and berry 

composition, and thus we hypothesized that NDVI and thermal data would also indirectly detect 

differences in yield variables and berry composition. We further hypothesized that remotely sensed NDVI 

maps could be used to produce notably different wine products from within an individual vineyard block, 

as NDVI data would correspond with vineyard variation in berry composition which would then translate 

into differences between NDVI zonal wines. Specifically, we predicted that remote sensing data 

corresponding to individual grapevines would correlate with agriculturally significant variables manually 

measured from these same vines. We also predicted that maps produced from remote and proximal 

sensing technologies would show similar spatial patterns and configurations to maps created for 

agriculturally significant variables. Lastly, we predicted that if vineyard blocks were harvested separately 

based on zones corresponding to low and high NDVI, resulting wines would differ in their chemical and 

sensory attributes. Overall, this research study aimed to determine the efficacy of recently introduced 

remote and proximal sensing technologies in detecting Riesling vineyard variation. Providing scientific 

and evidence-based support for these new technologies can benefit vineyard management, increase the 

health and sustainability of Niagara vineyards, and lead to a possibly more accurate pricing of Niagara 

Riesling grapes and wines. 
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CHAPTER 1: LITERATURE REVIEW 

1.1 Cool climate viticulture: important stresses and vineyard variability 

1.1.1 Grapevine water requirements and vineyard variation in water metrics 

A single vineyard block can range in size from < 1 ha to > 10 ha in total area (Taylor et al. 2010, 

Marciniak et al. 2015, Willwerth et al. 2018). Within these spatial scales a significant amount of 

variability can exist that substantially influences grape production and vineyard management. One of the 

major sources of vineyard variability is differences in soil properties within a vineyard (Bramley & Lamb 

2003). Significant within-vineyard variability has been demonstrated for several important soil variables 

such as % sand, silt, and clay, topsoil depth, organic matter, soil temperature, as well as concentrations of 

several cations such as potassium (K), calcium (Ca), magnesium (Mg), boron (B) and sodium (Trought et 

al. 2008, Bramley, Ouzman & Boss 2011, Rodríguez-Pérez et al. 2011). Furthermore, variation in land 

topography and slope can highly influence several soil properties, erosion, and soil hydrology (Battany & 

Grismer 2000, Bramley, Ouzman, & Boss 2011, Rodrigo Comino et al. 2016). In the Niagara Region 

specifically, significant glacial activity left behind extremely variable soils (Haynes 2000) and thus 

significant soil variability is common within Niagara vineyard blocks. Reynolds & Hakimi Rezaei 

(2014a) demonstrated significant within-vineyard soil variation for 10 Niagara Cabernet franc vineyards. 

Significant vineyard variation was seen in % clay, % organic matter, cation exchange capacity, soil pH, 

base saturation, and soil Ca, K, Mg and B. 

Variability in vineyard soils can directly influence grapevine water access, as soil texture and 

composition directly influence soil hydrology (Saxton & Rawls 2006). Soil drainage and water holding 

capacities largely impacts viticulture, and the importance of water supply for grapevines has been well 

established and is mostly a function of the water availability of the soil, rootstock and rooting depth, and 

land cover (Williams & Ayars 2005). Water is required not only for photosynthesis, but also to maintain 

temperature balance and bring nutrients up from the soils (Aroca et al. 2011). Water stress can negatively 

impact the photosynthetic efficiency and growth of individual grapevines (Escalona et al. 2000, 

Pellegrino et al. 2005) decreasing the photosynthetic rate, deteriorating the photosystem II reaction 

centres, and decreasing leaf chlorophyll concentration (Maroco et al. 2002). Thus, water stress can lead to 

stunted shoot growth and smaller leaves (Reynolds & Naylor 1994), changes in leaf primary and 

secondary metabolites (Griesser et al. 2015), and decreases in the diameter of xylem vessels (Lovisolo et 

al. 2010). The requirement for sufficient water supply is well understood by vineyard mangers and grape 

growers and irrigation is often used, especially in viticultural areas susceptible to drought-like conditions 

(Valdés-Gómez et al. 2009). However, in temperate environments such as Ontario, there can also be 

concern associated with too much water supply, causing many vineyards to incorporate drainage tiles. 
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The inherent ability of the soil to provide drainage is important, as highly compacted soils and soils with 

high clay content can experience significant pooling of water after precipitation events (Koundouras et al. 

2006). Soils with high water content can negatively impact grapevine health, as poorly drained soils lead 

to higher disease pressure (Halleen et al. 2006), restricted root penetration and development (Myburgh & 

Moolman 1991), and leaching of plant nutrients (Lambert et al. 2008). Thus, in order to sustain healthy 

grapevines it is important to maintain a balanced water supply by understanding both the soil water 

content (SWC) and grapevine water status within one’s vineyard.  

Understanding vineyard water status can be difficult due to the high variability in soil and plant 

water content demonstrated within single vineyard blocks. Hubbard et al. (2002) created high resolution 

maps of soil volumetric water content in a 1 ha vineyard that demonstrated significant variability, with 

water content varying more than two-fold across the vineyard block and displaying high temporal 

consistency in the spatial patterns of SWC. Tisseyre et al. (2005) demonstrated significant intra-vineyard 

(1.2 ha) variation in the direct measures of vine water status and also demonstrated high temporal stability 

of the spatial distribution of vine water status across the growing season for two vintages. Acevedo-Opazo 

et al. (2008) demonstrated vineyard zones that consisted of higher soil moisture led to higher vine vigor 

and later season expression of water stress due to higher energy demands. Taylor et al. (2010) further 

demonstrated zonal variation in the water status of grapevines detectable at the sub-block (~1 ha) scale. 

Furthermore, they found that soil type and vegetative growth were determinants of the variation in water 

status during water-restricted conditions and that as water was increasingly restricted the spatial variation 

in water status increased. Overall, vineyard SWC and vine water status can be highly variable in 

vineyards as small as 1 ha in size. The ability to identify these spatial distributions can enable improved 

vineyard management, whereby highly water stressed areas can receive extra irrigation and highly water-

logged areas can implement further soil drainage techniques such as planting of cover crops (Dabney et 

al. 2001). Furthermore, if within-vineyard spatial patterns of water stress are temporally consistent, then 

data acquisition to understand these spatial distributions is required less often and remedial actions can be 

applied at a more consistent rate. 

1.1.2 Importance of grapevine cold tolerance and its vineyard variation  

Another important viticultural factor influencing the health and sustainability of vineyards is that of 

winter hardiness. Winter hardiness refers to the ability of a grapevine to survive sub-zero winter 

temperatures (Janská et al. 2010). The winter hardiness of grapevines is highly important in viticultural 

areas at Northern latitudes where grapevines must survive cold winter temperatures, such as those 

experienced in Ontario. Winer hardiness is often associated with cool-climate viticulture, which has been 

variably defined based on factors such as growing degree days, climatic factors, latitude and temperature, 
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and fruit ripening conditions (Shaw 1999). When grapevines experience sub-zero temperatures without 

the proper physiological preparations winter injury and damage can occur, which depending on severity, 

can cause a decrease in subsequent vine growth, increased disease pressure, and even total vine death 

(Fennell 2004). Winter injury varies across tissues, where the least injury is seen in roots, followed by 

trunks and canes, and is mostly seen in overwintering buds, with apical buds being more susceptible to 

injury compared to basal buds (Fennell 2004). Winter injury occurs when water molecules cluster to form 

an ice-like structure either extracellularly or intracellularly. Extracellular ice causes a significant drop in 

osmotic potential outside of cells, drawing water out of the cell leading to cellular dehydration and cell 

membrane injury (Brush et al. 1994, Xin & Browse 2000). Intracellular ice can cause further dehydration, 

membrane destruction, cell rupture, and cell death throughout the stages of ice formation, 

recrystallization, and melting (Muldrew & McGann 1990). Cane and trunk tissues can tolerate a certain 

level of ice formation and cellular desiccation, whereas buds supercool - removing the ice nucleation sites 

thus experiencing freezing temperatures without any ice crystallization (Fennell 2004).   

Grapevines achieve winter hardiness through a process of cold acclimation, which occurs alongside 

winter dormancy (Fennell 2004). Cold acclimation is triggered by decreasing photoperiod and 

temperatures, often taking three weeks to reach maximum winter hardiness when temperatures are 

consistently at or below -5°C, which is maintained until the end of winter. The onset of warmer 

temperatures then promotes deacclimation, and budburst is promoted by temperatures above >10°C. Vitis 

vinifera can survive temperatures as low as -25°C in their maximum state of hardiness (Fennell, 2004). 

Cold acclimation is a complex process involving plant hormone changes, accumulation of various 

cryoprotectants and osmolytes, increased antioxidant concentrations, cell wall and membrane 

modifications, and reduced water content (Xin & Browse 2000). Due to the severity of winter injury, 

many viticultural management practices are utilized to prevent winter injury and maximize vine health 

and survival over winter months. These include methods such as pruning and cropping strategies shown 

to improve winter hardiness, utilization of wind machines to bring warmer ambient air down towards the 

grapevines, and providing insulation to the graft union and lower trunk with hilling of soil or mulch 

(Zabadal et al. 2007). Utilizing these management techniques to minimize winter injury in extremely cold 

temperatures requires a thorough understanding of the winter hardiness of one’s vineyard. Understanding 

the spatial variability of winter hardiness can lead to targeting management strategies to less cold-hardy 

areas, maximizing the effectiveness and response of the vineyard. Few studies have aimed to understand 

the spatial variation in winter hardiness within individual vineyard blocks, however, research has shown 

strong correlations between winter hardiness and other vineyard factors that can be spatially variable such 

as vine water status (Basinger & Hellman 2007, Reynolds et al. 2014), vine size/vigor (Howell et al. 

1978), and crop level (Howell et al. 1978, Dami et al. 2005). Reynolds et al. (2014) demonstrated 
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significant within vineyard variation for winter hardiness in six Ontario Cabernet franc vineyards. 

Variability in the lethal temperature of 50% bud death varied as much as 5 °C between grapevines within 

an individual block. Furthermore, winter hardiness was correlated with soil and vine water status, 

however, the nature of these relationships varied across sites and years. Bourne & Moore (1991) found a 

similar variation in freeze tolerance of 5 to 6°C from buds sampled throughout a single cultivar planting. 

Though various factors influence winter hardiness and significant spatial variation can exist, further 

research is required to understand the extent of this variability and the spatial patterns of winter hardiness 

within individual vineyard blocks.  

1.1.3 Impacts of grapevine leafroll associated virus-3 infection and its vineyard spatial patterns 

Another grapevine stress demonstrating spatial variability within vineyards is infection with 

various viruses and their associated diseases. Grapevines suffer from many viruses, with > 80 virus 

species being identified thus far (Martelli 2017, Xiao et al. 2018). Virus infection can lead to significant 

economic loss for grape growers due to decreases in yield, crop quality, and vineyard sustainability 

(Atallah et al. 2012). Grapevine leafroll disease (GLD) is one of the most detrimental diseases affecting 

wine grape production world-wide (Rayapati et al. 2008, Naidu et al. 2015). Though GLD etiology 

includes several Closteroviridae viruses, grapevine leafroll-associated virus 3 (GLRaV-3) is considered 

the main agent, being widely distributed occurring in Europe, South and North America, Middle East, 

northern and southern Africa, Asia, and Oceania (Maree et al. 2013). In Ontario specifically, a survey of 

17 grapevine viruses across 137 Ontario commercial vineyard blocks demonstrated that GLRaV-3 was 

the second most prevalent virus, with an overall infection rate of 47.9% and a Riesling specific infection 

rate of 53.0% (Xiao et al. 2018). GLRaV-3 spreads through two modes identified to date: propagation of 

infected plant material, which enabled large global spread, and further local spread by insect vector. Thus, 

if a clean vineyard is planted, insect vector transmission is the only known source of GLRaV-3 

contraction. The complex nature of these insect vector-virus interactions are poorly understood (Charles 

et al. 2006, Tsai et al. 2010, Maree et al. 2013), appearing non-specific with multiple insect species 

transmitting GLRaV-3 and some insect vectors also transmitting multiple other GLRaV viruses (Tsai et 

al. 2010). Several species of mealybugs (Pseudococcus spp.), as well as a few species of soft scale insects 

(Coccidae spp.) are documented vectors for GLRaV-3 (Fuchs et al. 2009, Douglas-Smit & Kruger 2013). 

Specifically, 10 species of mealybugs (Charles et al. 2006) and two species of soft-scale insects have been 

identified as natural GLRaV-3 vectors (Douglas-Smit & Kruger 2013). Mealybugs and soft scale insects 

are phloem-feeders, feeding on leaves, shoots, fruit and occasionally roots of grapevines, while also 

excreting honeydew - which can lead to subsequent growth of fungi (Charles et al. 2006, Tsai et al. 2010, 

Camacho & Chong 2015). 
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Due to the feeding nature of GLRaV-3 insect vectors, GLRaV-3 is restricted to the phloem of 

infected vines (Maree et al. 2013). This can lead to degeneration of phloem cells in leaves, stems, and 

petioles (Charles et al. 2006), and changes in important plant physiological processes such as 

photosynthesis and nutrient transport, decreasing photosynthesis by up to 65% (Bertamini et al. 2004, 

Charles et al. 2006, Maree et al. 2013). GLRaV-3 can impact the photosynthetic rate and photosystem II 

activity and reduce the chlorophyll and carotenoid concentration in infected leaves (Bertamini et al. 

2004). This in turn has detrimental effects on both plant growth and health (Naidu et al. 2014), reducing 

cane weight, stem girth, and root growth (Charles et al. 2006), and reducing the number of shoots per 

vine, shoot growth, shoot leaf area, internode length, vine size, and cane lignification (Endeshaw et al. 

2014). GLD symptoms, however, are highly variable across cultivars and environmental conditions, and 

symptoms depend on a variety of factors such as rootstocks, climate, soil, and viticultural practices 

(Maree et al. 2013). Symptoms of GLD include delayed budburst, delayed shoot development, and 

changes in leaf colour and shape, with chlorosis of interveinal areas in white varieties and the downwards 

turning of leaf margins in some varieties (Maree et al. 2013). Leaf symptoms become increasingly 

detectable towards late autumn, progressing from the base to shoot tips (Maree et al. 2013). GLD 

vineyard management consists of planting certified clean vines, removal of any infected vines, pesticide 

applications to manage insect vectors, using shelterbelts to minimize movement of insect vectors from 

natural lands and surrounding vineyards, and pheromone bio-controls for certain species of mealybug 

vectors (Charles et al. 2006). To properly manage GLD, early detection of infected vines within the 

vineyard is required. Unfortunately, the identification of GLRaV-3 infected vines is difficult due to the 

high rates of grapevine infection with multiple viruses, unrelated viruses with similar disease symptoms, 

uneven distribution of symptoms in infected vines, subtle visual symptoms in white cultivars, and the low 

virus titer of new infections (Maree et al. 2013, Xiao et al. 2018). The current methods used in accurate 

GLRaV-3 detection include biological indexing, serology, nucleic acid-based methods, and next-

generation sequencing (Maree et al. 2013), which are expensive and time-consuming, and thus new 

technologies to readily detect GLRaV-3 infection are critical in its management.  

The spatial distribution and patterns of GLD, and specifically GLRaV-3 infection, have been well 

documented. Habili & Nutter (1997) planted GLRaV-3 infected vines randomly throughout a commercial 

Pinot noir vineyard in Nuriootpa, South Australia. They monitored the disease spread over 10 years and 

found that as infection rate significantly increased, the spatial distribution of infected vines became highly 

aggregated. Thus, GLRaV-3 spread is often associated with its insect vector transmission, resulting in a 

clustered pattern of virus distribution as infection spreads outwards from infected vines to surrounding 

vines within close proximity (Cabaleiro & Segura 1997). This is consistent with the expected patterns of 

movement of both Pseudococcidae and Coccidae (Sether et al. 1998). Insect vector management 
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strategies such as insecticide spray can influence the spatial spread and rate of disease incidence increase 

over time by controlling the movement and abundance of virus vectors (Wallingford et al. 2015, Jones & 

Nita 2016). Furthermore, infection spread can demonstrate a gradient from vineyard borders inwards, 

often when an adjacent vineyard is neighboring, indicating disease spread from outside vineyards inside 

the studied block (Cabaleiro & Segura 1997). However, spatial patterns depend on whether spread is 

solely by insect vectors or if any newly introduced/re-planted vines are infected from vegetative 

propagation - in which case spatial spread can appear more random (Cabaleiro et al. 2008). Arnold et al. 

(2017) ran a large analysis on the epidemics of GLRaV-3 spatial and temporal infection from previously 

published and historical unpublished data from vineyards spanning Spain, New Zealand, and Napa 

Valley. They found that the average maximum disease incidence increased at 11% per year with high 

variability across locations. They also found a high degree of spatial aggregation in vineyards above a low 

level of infection, where the degree of aggregation varied as a function of mean disease incidence. 

Overall, a high rate of spatial aggregation is expected in vineyards with an infection rate above a certain 

threshold. However, factors such as re-planting of infected vines, proximity to surrounding vineyards with 

virus infection, application of insecticides and other insect vector management techniques, and the 

variation in the rate of disease spread seen across vineyards will all influence the spatial pattern and 

spread of GLRaV-3 throughout a vineyard block. The key to proper management of GLRaV-3 spread is 

efficient removal of infected vines, thus minimizing the availability of infected material to be spread by 

insect vectors (Arnold et al. 2017). To remove infected vines however, one must first be able to readily 

identify infected vines without incurring the economic costs often associated with current virus detection 

methods. 

1.1.4 Influence of grapevine health on vineyard variation in yield and berry composition  

Variation in grape growing conditions leads not only to variability in vine size and health but also 

to variability in yield and berry quality. It is well established that vine size/vigor can greatly influence 

berry composition and yield. Vine canopy greatly alters the microclimate of the vine which considers the 

sunlight levels, temperature, humidity, wind speed, and evaporation directly surrounding and within the 

canopy (Smart 1985). A balanced vine aims to maintain balance between crop size and canopy size, 

where unbalanced vines with large leaf canopies have higher water requirements and a shaded 

microclimate, decreasing fruit quality and yield (Terry & Kurtural 2011). Vine size impacts yield due to 

the influence of canopy microclimate on cluster development, whereby a low number of clusters per shoot 

and a high incidence of primary bud necrosis is associated with high shoot vigor and canopy shading (Dry 

2000), and low sunlight exposure can decrease the flowers per inflorescence and bunches per shoot 

(Buttrose 1969, Morgan et al. 1985). Low sunlight exposure during late spring has the greatest influence 
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on fruitfulness (Srinivasan & Mullins 1981, Vasconcelos et al. 2009). Differences in microclimate not 

only impacts yield but also greatly impacts fruit quality and berry composition. Exposed fruit can have 

higher concentrations of sugars, anthocyanins, phenolics, and lower malic acid (Dokoozlian & Kliewer 

1996) and higher flavonols and skin proanthocyanidins compared to shaded fruit (Cortell & Kennedy 

2006). Important aroma compounds are also highly affected by sunlight exposure, increasing both the free 

and bound forms of monoterpenes (Reynolds & Wardle 1989) where exposed fruit have higher 

concentrations of glycosides of terpenols, phenols, and C13-norisoprenoids (Bureau et al. 2000) as well as 

higher free terpenols, with linalool showing the greatest sensitivity to sunlight levels (Belancic et al. 

1997). Many grape growers are aware of the impacts of vine size and vigor on yield and berry quality and 

thus employ various canopy management techniques to control vine growth such as various training 

systems, pruning styles, shoot thinning and hedging, and leaf removal (Smart et al. 1990, Reynolds & 

Vanden Heuvel 2009). 

It is also well understood that water stress highly affects both yield and berry composition. Water 

stress decreases yield (Kliewer et al. 1983, Ginestar et al. 1998) mainly due to water stress effects on 

photosynthesis (Medrano et al. 2003), which decreases the carbohydrate content influencing the induction 

of cluster primordia (Buttrose 1969, Li-Mallet et al. 2015). Water stress can decrease the number of 

primordia per bud and primordia weight (Buttrose 1974) and lead to lower yields, cluster number, cluster 

weight, and berry size (Shellie 2006). Decreases in yield are also greater with higher intensity water stress 

and longer exposure to water stress conditions (Salón et al. 2005). Timing of water stress also matters, as 

water stress experienced earlier, from flowering to pre-véraison, can have the greatest impact on 

decreased berry weight (Reynolds & Naylor 1994, McCarthy 1997). Furthermore, it has been well 

documented that water stress can highly influence berry composition, where water stressed vines 

produced berries with higher soluble solids (hereinafter, Brix) and lower acidity (Koundouras et al. 2006, 

Shellie 2006) and higher anthocyanins, phenolics, and skin tannins (Roby et al. 2004, Koundouras et al. 

2006). Free and bound terpene concentrations were highest in Gewurztraminer vines that experienced the 

shortest duration of water stress (Reynolds et al. 2005). Berry quality, measured as a factor of berry 

weight, Brix, TA, and polyphenol and anthocyanin concentrations, decreased linearly with increasing 

water stress at pre-véraison, and increased when light‐to‐mild levels of water stress were experienced 

post-véraison (Girona et al. 2009). Due to the known influence of water stress on yield and berry quality, 

some growers implement deficit irrigation, where restricted irrigation is utilized to maintain a mild level 

of water stress (Chaves et al. 2007, Acevedo-Opazo et al. 2010). 

Though less studied, winter injury can influence yield and potentially berry composition due to 

damage incurred by the buds, canes, and trunks and the subsequent impacts on vegetative growth, 
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fruitfulness, and disease vulnerability. Buds are the most susceptible to winter injury and the 

overwintering bud contains a primary, secondary, and tertiary bud, where the primary and secondary buds 

contain both leaf and flower primordia and the tertiary bud is often solely vegetative (Fennell 2004). Of 

the three bud types, the primary bud is the most susceptible to winter injury, followed by the secondary 

and tertiary buds (Fennell 2004), thus if the primary and secondary buds are highly injured then 

subsequent fruiting ability will be impacted. However, Wolf & Warren (2000) demonstrated that cultivars 

that lost up to 40% of their primary buds had minimal impacts on subsequent yields when the damaging 

freeze event occurred before pruning was performed. Winter injury can also reduce yield due to increased 

susceptibility to diseases such as crown gall (Agrobacterium tumefaciens). Crown gall infections often 

begin at plant injury sites such those from winter injury to trunk tissue (Burr & Otten 1999). Crown gall 

infection can then impact yield, as Zinfandel vines with >50% crown gall coverage had 20-40% lower 

total yields than healthy vines and yielded fewer berries than vines with no galls (Schroth et al. 1988). 

Thus, winter injury can reduce vine fruitfulness and resistance to disease pressure, all of which can 

adversely impact vine balance and crop size in subsequent seasons. 

GLRaV-3 can adversely impact berry composition and yield, causing decreases in yield and berry 

weight, delayed berry ripening, and lower Brix and higher titratable acidity (TA). In both Vidal blanc and 

St. Vincent grapevines, GLRaV-3 virus infected vines had higher TA and lower berry weights (Kovacs et 

al. 2001). Furthermore, GLRaV-3 infected vines of Dolcetto had lower yield and juice Brix (Mannini et 

al. 2012). Similarly, GLRaV-3 infected Cabernet franc vines also demonstrated lower yields and Brix, 

which decreased by 40% and 43% respectively, though no differences were seen in the berry phenolic and 

anthocyanin concentrations (Endeshaw et al. 2014). Date of grape ripeness was affected by virus infection 

in a Sauvignon blanc commercial vineyard, with GLRaV-3 infected vines having significantly slower 

ripening to 20.4 °Brix (Montero et al. 2016). Differences between infected and clean vines is also 

apparent in young vines, as GLRaV-3 infected Albarino grapevines produced lower must Brix, higher 

TA, and lower pH compared to healthy vines during the first three productive years (Cabaleiro et al. 

1999). Differences in berry composition between uninfected and infected Cabernet Sauvignon vines 

demonstrated that GLRaV-3-infection led to decreased Brix and anthocyanins, consistent with differences 

in their gene expression (Vega et al. 2011). Overall, GLRaV-3 infection can significantly impact 

grapevine yield components and fruit quality. 

Within-vineyard variation for berry composition and yield have been well documented and related 

to multiple factors of vineyard variation. Reynolds et al. (2007) demonstrated significant vineyard 

variability in berry composition and yield in a Niagara Riesling vineyard over 4 years. Vineyard variation 

in soil texture and soil composition influenced berry weight and potentially volatile terpenes, while vine 
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size positively correlated with TA and potentially volatile terpenes in some years. Reynolds & Hakimi 

Rezaei (2014b,c) demonstrated significant within-vineyard variation for measures of yield and berry 

composition within ten Cabernet franc Ontario vineyards. Vineyard areas corresponding to low soil 

moisture and vine water status often had higher Brix, colour intensity, anthocyanins and phenols, and 

lower titratable acidity (Reynolds & Hakimi Rezaei 2014b) as well as smaller vine size, lower yield, and 

lower berry weight (Reynolds & Hakimi Rezaei 2014c). Cortell et al. (2007a) showed significant within 

vineyard variation in Pinot noir anthocyanins, berry weight, Brix, and TA in two vineyard blocks across 2 

years. Furthermore, vineyard areas with larger vines had lower Brix, anthocyanin concentrations, and 

higher TA. Tardáguila et al. (2011) demonstrated significant within vineyard variation for yield in a 5 ha 

Tempranillo vineyard, where spatial variability in yield was associated with variability in vine size and 

soil composition. Baluja et al. (2013) demonstrated significant within vineyard variability in a 2.2 ha 

Tempranillo vineyard block over 3 years for berry composition. Grape phenolic variables and TA varied 

the most compared to Brix and pH, and all variables displayed spatial clustering, though only Brix and 

TA had stable spatial patterns across years. Spatial variability has also been linked to temporal variability, 

where the ripening and maturation of grape berries within a Concord and Cabernet franc vineyard showed 

the highest variability early in fruit development and decreased considerably by harvest (Pagay & Cheng 

2010). Bramley (2005) demonstrated significant spatial variability in various indices of wine-grape 

quality over several vintages of Cabernet Sauvignon and Ruby Cabernet. Variation in berry weight, Brix, 

TA, pH, phenolics and colour demonstrated distinct spatial structure and these spatial patterns were 

mostly consistent across years. Urretavizcaya et al. (2014) demonstrated that grape sampling post-

véraison enabled the development of zones differing in their grape composition and quality at harvest in a 

4.2 ha Tempranillo vineyard. Thus, it has been well documented that individual vineyard blocks can vary 

significantly in many important grape growing variables such as vine health and size, which further 

impacts yield and berry composition. This has led to increased interest in precision viticulture and 

determining enhanced methods to accurately detect vineyard variability.  

1.2 Remote sensing and precision viticulture 

1.2.1 Precision viticulture, geographic information systems, and remote-sensing technologies  

Precision agriculture refers to the appropriate management of the inherent variability of crops, 

leading to economic benefits and a reduction in environmental impact (Arnó Satorra et al. 2009). 

Precision viticulture refers to this same concept, specifically applied to within-vineyard variability. 

Research regarding precision viticulture can be divided into three major aspects: determination of within-

field variability, designation of spatial zones pertaining to the variability, and opportunities for zonal 

management (Arnó Satorra et al. 2009). This type of vineyard management, which inevitably entails 
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increased efforts to both understand the variability within one’s vineyard and how to best manage it, must 

therefore be economically beneficial to be sustainable for grape growers. Research has demonstrated 

significant economic benefits from the harvesting and selling of grapes based on zonal differences in 

yield and berry quality within an individual vineyard block (Bramley et al. 2003, Proffitt & Pearse 2004, 

Bramley et al. 2005). Furthermore, both economic and environmental benefits have been associated with 

decreased fertilizer use (Schumann 2010) and pesticide use (Lescot et al. 2011) due to precision 

viticulture applications enabling eco-taxes and green subsidies as well as significant decreases in input 

costs, pollutants, and run-off. Though precision viticulture can be both economically and environmentally 

beneficial, technological advancements are required to carry out precision viticulture for both the 

detection of vineyard variation and the implementation of spatial management. One of the major 

challenges facing precision viticulture is the difficulty associated with developing an accurate 

understanding of the variability and spatial patterns within a vineyard. Variability can be attributed to 

multiple sources and thus detecting this variation and determining its agricultural significance is 

imperative.  

Measuring and understanding spatial patterns of vineyard variability requires the application and 

use of geospatial technologies. Mainly, Global Positioning Systems (GPS) for precise and accurate 

location-based data acquisition and Geographic Information Systems (GIS) for spatial data analyses and 

interpretation. GPS uses a constellation of satellites to obtain accurate location-based information that is 

associated with measured variables in the field (Cox 2002). Typical GPS systems have highly variable 

spatial accuracy often ranging from < 1 m to > 50 m (Matosevic et al. 2006). When working in small 

geographic areas, such as those of individual vineyard blocks, highly accurate and precise coordinate 

systems are necessary. Use of modern Differential GPS (DGPS) technologies enables more precise and 

accurate spatial information, down to the sub-metre range (Matosevic et al. 2006), by using ground-based 

stations with known fixed-locations to correct for positioning errors (Cox 2002). Once spatially-

associated data are acquired, interpretation and usability of these data requires geospatial analyses and 

visualization. GIS systems enable storage, management, manipulation, analyses, and displaying of 

geospatial data (Arnó Satorra et al. 2009). Using GPS and GIS systems, data can be collected from 

grapevines throughout a vineyard and subsequent maps produced that highlight the spatial distribution of 

vineyard variability, which can then be used to target precision viticulture management actions. However, 

collecting vineyard variability data is yet another major challenge associated with precision viticulture. 

Vineyard variability has been attributed to several agriculturally significant variables and thus data 

collection for each variable would be expensive, time consuming, and often unfeasible (Arnó Satorra et 

al. 2009). For this reason, remote sensing has become a growing area of research and commercial interest, 
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aiming to develop an accurate technology that can quickly and affordably detect and measure vineyard 

variability.  

Remote sensing in its broadest sense is the measurement of reflected/emitted electromagnetic 

energy from an object or area without direct contact (Lamb et al. 2001). In agricultural applications, 

remote sensing often refers to the use of crop sensors which measure electromagnetic (EM) energy from 

the vegetative structure and biochemistry of the crop (Arnó Satorra et al. 2009). Remote sensing was 

initially limited to satellite imagery and aircraft imagery, which were expensive and had lower quality 

data (Matese et al. 2015). However, modern commercial technologies have enabled data collection in 

closer proximity to the studied area, easier data access, lower costs, and higher spatial resolution imagery 

(Mulla 2013, Matese et al. 2015). These local sensors can be attached to tractors, four-wheel drive units, 

unmanned aerial vehicles (UAVs), or any self-propelled equipment which then take continuous readings 

of the studied field - sampling large areas in short time periods compared to manual data collection (Arnó 

Satorra et al. 2009). The type of equipment propelling the remote sensor for data acquisition will 

influence the data quality and subsequent processing requirements. Ground-based sensors, which are 

often referred to as proximal sensing due to their close proximity to the studied vines (Mulla 2013), 

collect data from the sides of the vine canopy, whereas aerial imagery (such as UAV and aircraft) and 

satellite imagery are taken from above the vineyard canopy. Imagery acquired above the canopy often 

require delineation of vine rows through the removal or masking of between-row soil/ground cover 

reflectance (Ledderhof et al. 2016). Furthermore, aerial and satellite remote sensors often require ground-

truthing to ensure spatial accuracy (Delenne et al. 2010), specific climatic/weather environments for flight 

performance and image acquisition (Matese et al. 2015), and the determination of ideal spatial resolutions 

(Lamb et al. 2001, Ledderhof et al. 2016). Sensor spatial resolution refers to the pixel size per unit area in 

the sensor’s field of view, where a low spatial resolution has large pixel sizes compared to the object of 

interest (Blaschke 2010). In viticulture applications, low spatial resolution can mean that multiple 

grapevines and between-row areas are included in a single pixel, these are often referred to as mixed 

pixels (Hall et al. 2008). Mixed pixels can be removed based on a spectral reflectance value threshold in 

vineyards with between-row soil or low-density vegetation (Hall et al. 2003). However, a low spatial 

resolution can still be useful, especially in vineyards with uniform between-row coverage and spacing 

(Lamb et al. 2001). Increasing the pixel size of aerial imagery through pixel re-sampling (by averaging 

groups of pixels) at a resolution similar to the vine-row spacing, thus including both vine and inter-row 

space, can be most effective at detecting differences in canopy size and density (Lamb et al. 2001) and 

grape colour and total phenolics (Lamb et al. 2004). However, Ledderhof et al. (2016) found that in a 

densely cover-cropped vineyard an intermediate pixel re-sampling size equivalent to that of individual 

canopies was preferential for detecting correlations with berry composition, vine size, and soil variables.  
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Many of the complications associated with aerial remote sensing and satellite imagery are avoided 

when using ground-based (proximal) sensors, often attached to a tractor or four-wheel-drive unit. These 

sensors enable higher spatial resolutions due to their close proximity to studied vines, do not have the 

issue of accounting for between-row soil and ground-cover reflection, do not require intensive post-

acquisition image processing, and thus can provide real-time usable data (Debuisson et al. 2010, 

Wójtowicz et al. 2016). Furthermore, these sensors are often supplemented with their own light source 

and thus are less reliant on perfect weather/climatic conditions (Debuisson et al. 2010). Lastly, these 

sensors can be used to target the exposed cluster zone (Bramley, Le Moigne, et al. 2011) or the vine 

canopy (Debuisson et al. 2010). However, depending on the size of vineyard area being studied ground-

based remote sensing data acquisition can take longer than that of aerial remote sensing (Wójtowicz et al. 

2016). 

In agricultural settings, spectral reflectance is often measured in wavebands, mainly the blue, green, 

red, and near infrared bands, which are then mathematically manipulated into spectral vegetation indices 

(VIs), also referred to as crop vigor indices (Arnó Satorra et al. 2009). Radiation is absorbed by plant 

pigments and the different bio-pigment molecules in the vine canopy absorb and utilize different 

wavelengths of light from the visible spectrum of 400-700 nm, which differ in their energy potentials. The 

radiation reflected is thus the inverse of that which is absorbed by the plant. Vascular plants, such as V. 

vinifera, incorporate two chlorophyll molecules; a and b. Chlorophyll a having a blue-green colour 

(absorption maxima at 430-433 nm and 660-663 nm) and chlorophyll b a yellow-green colour (absorption 

maxima at 450-455 nm and 643-645 nm) (Palta 1990). Chlorophyll a concentration is approximately 3x 

higher than that of chlorophyll b (Palta 1990). Other important groups of accessory pigment molecules 

include carotenoids (red - yellow pigments) which light-harvest in the spectral region of 450–550 nm the 

blue-green range (Frank & Cogdell 1996) as well as phenolic compounds such as flavonoids and 

anthocyanins (pink, purple, and red pigments) (Chalker‐Scott 1999). Furthermore, vascular plants 

strongly reflect NIR wavelengths (700-1300 nm) mainly due to their leaf density and canopy structure 

(Mulla 2013). Thus, the large difference in reflectance of plants from the red and NIR portions of the EM 

spectrum led to the development of VIs based on the reflectance from these two spectral regions (Mulla 

2013). Though many VIs have been studied and utilized (Bannari et al. 1995) the Normalized Difference 

Vegetation Index, NDVI, is the most commonly used VI in precision viticulture (Arnó Satorra et al. 

2009). NDVI = (NIR-red)/(NIR+red), utilizing the reflectance in the NIR and red wave-bands (Rouse et 

al. 1974, Mulla 2013), gives a value between -1 and +1 where a higher value indicates greener tissue, 

higher vigor and canopy density, and often lower stress (Arnó Satorra et al. 2009). Lastly, the use of 

thermal sensors to measure the thermal energy emitted from plants has also been investigated in precision 

viticulture, mainly in the detection of water stress due to leaf temperature increases with increasing water 
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stress (Zia et al. 2010). This results from the stomatal closure that occurs under water stressed conditions 

which reduces evaporative cooling (Berni et al. 2009). With the recent advancements in geospatial 

technologies, and the benefits associated with precision viticulture, many studies have aimed to use 

remote-sensing technologies to detect vineyard variation for several agriculturally significant variables.  

1.2.2 Remote sensing and the detection of vineyard variability 

Remote-sensing technologies have been increasingly studied to determine their usefulness in 

detecting vineyard variation. Remotely sensed thermal imagery and thermal-infrared sensors have been 

studied in the detection of vineyard water stress (Bellvert et al. 2015), through detection of vineyard 

variation in stomatal conductance (Baluja et al. 2012), leaf water potential (ψ) (Bellvert et al. 2014), SWC 

(Soliman et al. 2013), and ability to optimize deficit irrigation (Bellvert et al. 2016). In an Ontario Merlot 

vineyard, aircraft-based thermal imagery was correlated to SWC and was a better indicator of soil 

moisture compared to a hand-held thermal sensor (Soliman et al. 2013). When Bellvert et al. (2015) used 

aircraft based thermal imagery to detect water stress, canopy temperature was extracted from thermal 

imagery pixels associated with grapevines in which manual measurements of leaf ψ was taken. These 

canopy temperature values were then input into the Crop Water Stress Index (CWSI), which is based on 

relating canopy–air temperature differences to the air-vapor pressure deficit of a plant transpiring at its 

maximum stomatal conductance (Moran 1994). The resulting CWSI values were negatively correlated to 

leaf ψ in all four varieties (Chardonnay, Tempranillo, Syrah, and Pinot noir), however correlations 

between CWSI and leaf ψ were least significant in Chardonnay; a variety with lower control over 

stomatal closure under water stress. In another study, a thermal camera mounted on a UAV demonstrated 

the ability to detect vineyard variation in leaf ψ in an 11 ha Pinot noir vineyard, where remotely sensed 

CWSI was negatively correlated with leaf ψ (Bellvert et al. 2014). Furthermore, pixel size and time of 

flight/thermal data acquisition influenced their results. Thermal data extracted from imagery with a pixel 

size of 0.3 m had the highest correlation with leaf ψ values due to inclusion of canopy-only values. 

Furthermore, thermal flights performed at solar noon had the highest correlations compared to data 

collected at 0730 and 0930h. Lastly, thermal imagery has shown promise in its use for application of 

deficit irrigation (Bellvert et al. 2016). Aircraft-based thermal imagery was used to determine the 

irrigation scheduling of sub-plots within a 16 ha Chardonnay vineyard receiving either the control (full 

water requirements) or one of three levels of deficit irrigation. Thermal imagery detected similar 

differences in leaf ψ across a growing season in all treatments and control. Image acquisition performed 

5-6 times throughout a season was most useful in deficit irrigation monitoring and application. However, 

thermal data acquisition early in the season before the canopy was fully developed, as well as image 
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acquisition on days following a rainfall or with low vapor pressure deficit, were less correlated with leaf 

ψ. 

Significant research has also investigated the efficacy of remotely sensed NDVI in detecting 

vineyard variation for many viticulturally important variables. High-resolution satellite NDVI imagery 

was positively correlated with measured Leaf Area Index (LAI) in six California vineyard blocks, 

showing high temporal consistency across several time-points throughout the growing season (Johnson 

2003). Ground-based proximal NDVI (GreenSeeker ™) measurements from three vineyard blocks in 

Champagne, France demonstrated positive correlations with total leaf area and yield, however, were 

unable to detect differences in pruning weights (Debuisson et al. 2010). Airborne NDVI measurements 

were also able to detect vineyard zones corresponding to water stress, vegetative expression, and yield in 

nine vineyard plots in Gruissan, France (Acevedo-Opazo et al. 2008), however, NDVI-based zones were 

not associated with differences in berry composition (Brix, TA, pH, and phenols). Higher NDVI was 

associated with higher vegetative expression (canopy height, canopy thickness, trunk growth rate), higher 

yield, and lower leaf ψ (absolute values - lower water stress). NDVI was less able to determine 

differences in leaf ψ for blocks growing on soils with higher water storage capacity, where water was not 

a limiting factor for vegetative growth. It should be noted that 15 fields were removed from analyses due 

to their spatial structure and magnitude of NDVI variation following Pringle et al. (2003). Fields 

consisting of less variation (using the coefficient of variation, the ratio of the standard deviation to the 

mean) and less spatial structure (proportion of total variance explained by a trend surface) were 

considered less useful in precision viticulture applications and removed from the study, thus only 

selecting fields consisting of large spatial zones with pronounced differences in NDVI values. Lastly, 

aircraft NDVI temporal patterns were determined for 17 individual vineyard blocks in Gruissan (Aude), 

France (Kazmierski et al. 2011). Temporally stable NDVI spatial patterns were demonstrated across all 10 

seasons, where the most stability was seen in the first 3-5 years and in vineyard blocks with minimal 

changes to vineyard management (such as changes in irrigation or many replanted vines). Furthermore, 

stability was also seen in NDVI imagery sampled across growing seasons, where the strength of the 

correlation between time-points decreased with increasing time between data acquisition. 

Relationships between NDVI and berry composition have been demonstrated, though these 

relationships are often inconsistent across sites and/or vintages. González-Flor et al. (2014) demonstrated 

correlations between NDVI and berry composition in seven Chardonnay blocks in Catalonia, Spain, 

where NDVI was calculated using a tripod boom ~0.75 m above each sampled vine. NDVI negatively 

correlated with berry Brix and harvest maturity index and positively correlated with yield, however only 

in blocks experiencing water deficits before véraison (there were no correlations in blocks experiencing 
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water deficits post-véraison). Several airborne VIs (NDVI, NDVI-green, and Greenness ratio) which were 

significantly correlated with measures of vine size were also correlated to measures of berry composition 

in an Ontario Riesling vineyard (Marciniak et al., 2015). These VIs were often positively correlated with 

vine size and monoterpene concentration whereas relationships with basic berry composition varied 

across years. In drier growing seasons VIs were positively correlated with measures of fruit maturity 

(higher Brix and pH and lower TA) whereas in a wet year the opposite was observed. Differences in berry 

composition were also seen in a 4.2 ha Tempranillo vineyard from low vs high satellite based NDVI 

grapevines (Urretavizcaya et al. 2014), though these differences varied across years. Lastly, Ledderhof et 

al. (2016) studied the efficacy of airborne multispectral imagery in detecting variation in four Ontario 

Pinot noir vineyard blocks over two years. NDVI values were positively correlated with vine size and soil 

sand content and negatively correlated with berry pH, Brix, anthocyanins, colour, and soil clay content in 

the first year; however, in the following year NDVI was only positively correlated with anthocyanins and 

soil silt content and negatively with soil moisture and soil clay content.  

Technological advancements in remote sensing are constantly being developed and have led to 

studies determining the efficacy of, and comparisons between, multiple forms of remote sensing in 

vineyard variation detection. Matese et al. (2015) compared the resulting NDVI imagery obtained from 

UAV, aircraft, and satellite-based platforms and found that they all demonstrated similar results for 

vineyards with coarse vegetation gradients and large vegetation patches. However, the low spatial 

resolution of satellite imagery was less useful in detecting variability in vineyards with small vegetation 

gradients and highly patchy patterns. Furthermore, in their cost analysis considering data acquisition, 

corrections, and image processing they concluded that UAV remote sensing is the most cost-efficient 

platform for vineyards up to ~5 ha in size, in which beyond this size airborne and then satellite imagery 

have lower costs. Beyond differences in the remote sensing platforms used, differences in the specific 

portions of the EMS utilized such as visible light, NIR, and thermal wavebands transformed into several 

vegetation indices have also been compared. Baluja et al. (2012) found that both UAV thermal data and 

many UAV thermal indices such as CWSI were negatively correlated to both stomatal conductance and 

stem ψ. Furthermore, several UAV multispectral indices such as Greenness Index (i.e green/red) and 

NDVI positively correlated to stomatal conductance (gs) and stem ψ, and thus both thermal and 

multispectral UAV data showed capability in detecting vineyard water stress. Rey-Caramés et al. (2015) 

summarized several of the most commonly studied VIs used in viticulture aiming to detect several 

vegetation properties including pigment concentrations, leaf area index, plant health status, and nutrient 

stress. When comparing several VIs as well as two newly developed VIs, NDVI, Greenness Index, and 

the two newly developed normalized indices from the combination between NIR and green reflectance 

showed the most correlations with measures of vine vegetation (pruning weight, shoot length, leaf area), 
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cluster weight, and berry weight, although relationships were not seen with berry composition, cluster 

number, and yield.  

Comparisons between sensor capabilities have also been made, as there is a compromise between 

the spatial and spectral resolutions due to the sensors’ maximum data that can be processed and stored in 

real-time (Hall et al. 2002). The terms multispectral and hyperspectral sensors distinguish the number of 

wavebands recorded for each image pixel, where hyperspectral (or narrow-band) sensors use smaller 

(<10-20 nm) and more numerous (>10) wavebands compared to multi-spectral (~50-100+ nm, 2-10 

bands) (Hall et al. 2002). Hyperspectral imagery, thus, enables the introduction of new VIs and 

enhancements of broad-band/multispectral VIs (Roberts et al. 2016). Hyperspectal imagery enables 

highly specific spectra to be analyzed which can correspond more precisely to spectral signatures, which 

are the spectral properties for a specific species under a specific stress (Naidu et al. 2009). Naidu et al. 

(2009) compared the spectral signature between GLRaV-3 infected and uninfected Cabernet Sauvignon 

and Merlot grapevines using a manual spectrometer clamped directly onto a tested leaf. They recorded the 

spectral reflection of infected and uninfected grapevine leaves over a spectrum from 350 nm to 2500 nm 

at 1 nm increments. They found that uninfected and infected leaves differed the most in the green peak 

(near 550 nm), the near infrared (near 900 nm), and in the mid-infrared (near 1600 nm and 2200 nm). 

These specific spectral differenes from infected and uninfected grapevines were then utilized by 

MacDonald et al. (2016) for the remote sensing detection of GLRaV-3 infected grapevines using 

hyperspectral imagery. By using the spectral signatures determined by Naidu et al. (2009), they developed 

a customized GIS method which provided the relative probability that a given pixel contains the GLRaV-

3 signature. Through comparison with their ground-sampling of grapevines for GLRaV-3 infection, they 

found a detection sensitivity of 94.1%, with a range of 88% to greater than 99% per vineyard. Thus, 

hyperspectral imagery in vineyards has shown promise in the detection of important vineyard stresses, 

including the ability to detect Cabernet Sauvignon GLRaV-3 infection (MacDonald et al. 2016), 

phylloxera infestation (Vanegas et al. 2018), and differences in nutrient status and uptake (Gil-Pérez et al. 

2010). Meggio et al. (2010) used airborne hyperspectral remote sensing to determine differences in must 

composition within Tempranillo vineyards affected by iron (Fe) deficiency chlorosis. NDVI was less 

correlated with measures of must composition, only showing a positive correlation with Brix and total 

phenols, however, hyperspectral VIs sensitive to leaf carotenoid and anthocyanin concentration were 

much more correlated with measures of must quality, being correlated with berry weight, Brix, tartaric 

and malic acid, pH, total phenols, colour intensity, and hue. They conclude that in Fe-deficient vineyards, 

VIs sensitive to leaf area and canopy structure, such as NDVI, are less capable of detecting vineyard 

variation in must quality compared to biochemical VIs sensitive to leaf anthocyanin and carotenoid 

concentrations.  
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Although several remote-sensing technologies exist, and modifications and enhancements continue 

to expand, remote sensing detection of vineyard variation is still not fully understood. Inconsistencies are 

still seen in the ability to detect vineyard variation by remote sensing across sites, vintages, and variety 

being studied. Furthermore, discerning between the multiple abiotic and biotic variables experienced by a 

vineyard leads to increased complexity in understanding the viticulturally relevant meaning for remotely 

sensed vineyard variation. Remote sensing relationships with measures of berry composition and yield 

have demonstrated the least consistency across studies. Other variables, such as measures of vine size and 

water status, demonstrated highly consistent relationships with remote sensing across studies. However, 

many studies highlighted several factors that influenced the efficacy of detection by remote sensing such 

as timing of data acquisition, cultivated variety being studied, influences of soil variables and weather 

events, and impacts of vineyard management practices. Lastly, remote sensing detection of some highly 

important variables in cool climate viticulture, such as winter hardiness and GLRaV in white cultivars, is 

lacking in the literature. Thus, more research is needed regarding variety- and site-specific remote sensing 

capacities and expanding the current knowledge beyond measures of vine size and water stress to include 

other viticulturally important factors.  

1.3 Vineyard variation and wine production 

1.3.1 Selective harvesting and zonal wines  

Terroir, a term used to describe the “interactive cultivated ecosystem, in a given place, including 

climate, soil and the vine” (van Leeuwen 2010, pp 273) greatly influences wine chemical and sensory 

attributes. Terroir encompasses a variety of plant and physical factors such as local climatic conditions, 

soil properties, yield and vigor, environmental stresses, and management practices, and thus, the study of 

a wine’s terroir is both multi-disciplinary and occurring at multiple spatial scales (Bramley & Hamilton 

2007, Spielmann & Gélinas-Chebat 2012). As demonstrated in section 1.1.4, significant variation in 

measures of yield and berry composition have been demonstrated within individual vineyard blocks. 

However, winemakers often require uniform batches of fruit in terms of composition, quality, and often 

resulting from a specified yield threshold (Bramley 2005). Thus, vineyard variation in yield and fruit 

composition can be used to either alter vineyard management in attempt to homogenize the resulting crop, 

or, the variability in crop quality can be used to make multiple wine products targeting different price 

brackets and consumer preferences. The latter option is often referred to as selective or zonal harvesting 

(Bramley 2005), where differences in berry composition and yield are used in harvesting decisions. 

Harvesting areas of differing crop quality to be used for winemaking can lead to significant differences in 
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the final wine product, which can be economically viable and beneficial (Bramley et al. 2005; Bramley, 

Ouzman & Thornton 2011).  

Sensory analysis of wines produced from zones of differing leaf ψ in four Ontario Pinot noir 

vineyard blocks were often distinguishable from one another through sensory sorting (Ledderhof et al. 

2014). Descriptive analysis demonstrated differences in several aroma, taste, and mouthfeel descriptors 

between water status zones such as black currant, beet root, earthy, acidity, floral, and spicy, although the 

differences varied between vintages (Ledderhof et al. 2014). Furthermore, wines made from vineyard 

zones differing in water status within a 10 ha Ontario Riesling vineyard demonstrated that wines 

produced from areas with high soil moisture and high leaf ψ had higher intensity ratings of peach/apricot 

aromas and honey flavor whereas wines produced from areas with low soil moisture and leaf ψ were rated 

more acidic with higher citrus and apple/pear flavor intensities (Marciniak et al. 2013). Wine sensory 

differences associated with water status zones were also demonstrated in smaller vineyards; within 10 

Ontario Riesling vineyards ranging from 0.81-3.39 ha, where sensory sorting and descriptive analysis 

demonstrated significant differences in sensory attributes between wines made from low vs high leaf 

water potential zones (Willwerth et al. 2018). Wines produced from vines with leaf ψ > -1.0 MPa had 

higher vegetal aromas whereas those with leaf ψ < -1.3 MPa were highest in honey, petrol and tropical 

fruit flavors (Willwerth et al. 2018). Agiorgitiko wines from water stressed vineyard zones had increased 

glycoconjugates of many volatile compounds (terpenes, norisoprenoids, and volatile phenols) and were 

preferred to wines from less water-stressed and not water-stressed areas in their global appreciation note 

sensory trials (Koundouras et al. 2006). Moreover, Cabernet Sauvignon wines made from vineyard zones 

receiving differing irrigation treatment levels (and thus demonstrating differences in leaf water potential) 

resulted in significant differences in several sensory attributes, where water deficits led to wines described 

as fruitier and less vegetal compared to vines with high vine water status (Chapman et al. 2005). In two 

Pinot noir vineyards in Oregon, wines made from zones of differing vine vigour differed in their 

anthocyanin and pigmented polymer composition (Cortell et al. 2007b) and descriptive analysis 

demonstrated different intensity ratings for several attributes such that wines from low vigor zones had 

higher astringency, earthy, chemical, and heat/ethanol attributes than those from higher vigor zones 

(Cortell et al. 2008). In an Ontario Riesling vineyard, wines were made from grapevines classified by 

large or small vine-size and whether they were growing on clay or sand soil textures (Reynolds et al. 

2007). Wines were analysed by descriptive analysis and sensory differences were seen between 

classifications in some vintages and sites, such as decreased mineral and citrus aroma and increased apple 

aroma from higher vine vigor wines and higher mineral and citrus aroma and less apple aroma from wines 

from clay soil vines. However, ultimately, vine size and soil texture had less influences on sensory 

attributes compared to vintage and wine age. Overall, research has demonstrated that vineyard variation 
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attributed to aspects such as water stress, soil composition, and vine size can all influence wine chemistry 

and sensory attributes.   

1.3.2 Remotely sensed zonal wines  

Awareness of the influence that zonal/selective harvesting has on wine production has led to 

increased efforts aiming to determine the ability of remote-sensing technologies to determine vineyard 

zonation pertaining to differences in wine sensory and chemistry. Remote sensing has demonstrated 

capacity in detecting vineyard zones pertaining to differences in wine attributes. Johnson et al. (2001) 

determined the efficacy of remotely sensed vigor zonation for winemaking in a 3 ha Chardonnay block 

with multi-spectral aerial imaging. The remotely sensed NDVI map was separated into low, medium, and 

high vigor zones, where mean pruning weight, number of shoots, canopy light transmittance, and leaf ψ 

also differed, mainly between the low and high zones. Duo-trio sensory tests demonstrated that wines 

from the low vigor zone differed from the medium and high vigor zonal wines, though medium and high 

vigor wines were not different. Furthermore, the chief wine-maker categorized each wine as high, 

medium, or low quality. Both low and medium vigor wines were high quality, while the high vigor zonal 

wine was considered as medium quality. Priori et al. (2013) aimed to use both multispectral remote 

sensing imagery (NDVI) with proximal soil electrical conductivity sensing (EM38- MK2) to determine 

zonation of two Sangiovese 3.5 ha vineyards. Two zones per vineyard were obtained based on the 

combined imagery from the soil sensing and NDVI. Wines produced from these zones differed in their 

chemistry in terms of colour intensity, dry extract, and anthocyanin concentration, as well as their sensory 

ratings for colour intensity, structure, and total score. However, wines did not differ for several 

descriptors, namely flavor intensities and properties such as bitterness, astringency, persistence, and 

acidity. 

Bramley & Hamilton (2007) aimed to determine the usability of remote-sensing technology in 

detecting the sensory and chemistry differences of fruit and wines derived from zones within one 8.2 ha 

Cabernet sauvignon vineyard and one 4.3 ha Shiraz vineyard. Multispectral remote sensing imagery was 

used for mapping of vine vigour designated by the Plant Cell Density index: which is the reflected near-

infrared:red light (PCD = NIR/Red). Both vineyards varied spatially in PCD as well as yield (measured 

by a mechanical harvester equipped with a dGPS and a HarvestMaster™ or Farmscan™ yield monitor). 

Vines were then sampled based on zonation of low vigor/ low yield and high vigor/high yield areas and 

differences were seen in the berry composition (berry weight, Brix, TA, pH, colour and phenols) between 

these two zones. Winemaker sensory assessment of the Shiraz fruit sampled immediately before harvest 

demonstrated that low vigor/low yield grapes were graded much higher compared to the high yield/high 

vigor grapes. Furthermore, Cabernet Sauvignon wines produced from the two zones demonstrated sensory 
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differences resulting from a descriptive analysis. Low yield/low vigor wines were perceived to have 

greater colour intensity, aroma impact, pepper, spice, and tobacco flavors and a stronger aftertaste 

compared to wines from the high vigor/high yield zone which were rated as earthier with a weaker 

aftertaste. Winemaking samples were harvested at 24 °Brix, and thus sampling of the high vigor/high 

yield zone took place ~one week after sampling of the low vigor/low yield zone.  

This study was expanded upon using the same methods (PCD and yield mapping) to make small-lot 

wines from fruit sourced from zones of low or high yield/vigor for three vintages (2005-2007) (Bramley, 

Ouzman & Boss 2011). Both sensory and chemical analysis (solid phase microextraction-gas 

chromatography-mass spectrometry, SPME-GC-MS) of these wines demonstrated them to be different. 

Duo–trio testing indicated that the zonal wines were different from each other in each year of the study. 

Descriptive analysis demonstrated that zonal wines differed in five aroma and 10 flavor attributes, 

representing half of the sensory attributes identified by the panel. In general, low zone wines were fruitier 

in both flavor and aroma, including higher intensity of red berry and floral aromas, and fresh berry and 

dried fruit flavors. The high zone wines had more green attributes, such as stalky flavor and olive aroma, 

and meaty aromas. Lastly, when comparing the volatile concentrations in the headspace of the wines 

using SPME-GC-MS, 21 compounds had different concentrations between zonal wines, 10 of which these 

differences were stable across the three vintages. This study was then further expanded on, where large 

quantities of fruit from the low vs high vigor zones based on the PCD map were harvested for commercial 

scale vinification in 75 t fermentation tanks (Bramley, Ouzman & Thornton 2011). Duo-trio tests of the 

commercial-scale wines by untrained panelists determined no differences between the two high vigor 

wines and one of the high vigor wines was different from the low vigor wine. Low vigor wines had 

fruitier aroma, fuller body, and less astringency compared to high vigor wines. This highlights the 

usability of zonal harvesting and its feasibility at a commercial scale, where authors discuss the 

importance of understanding that large scale commercial zones should not be considered homogenous but 

that zonal harvesting should be based on areas where the captured variability is less than that of the entire 

block. 

Though research has shown the implications for selective harvesting on the chemical and sensory 

differences between zonal wines, more research is required to determine the efficacy of remote-sensing 

technologies for zonal winemaking. This is especially needed for white wine varieties as well as in 

smaller vineyard blocks such as those often seen in Ontario. Understanding the implications of zonal 

harvesting on wine attributes and thus wine quality will provide a better understanding of whether 

differences in berry composition within vineyard blocks are best managed by aiming to homogenize and 

minimize this variation, or by utilizing this variation to produce multiple wine products. 
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1.4 Conclusions 

Many biotic and abiotic stresses are experienced by grapevines and contribute to changes in vine 

health and size as well as differences in yield and berry composition. Among these stresses, water 

availability, winter hardiness, and GLRaV infection are of high importance and relevance in cool climate 

viticultural regions and highly influence crop production and quality. It has been demonstrated that a 

significant amount of vineyard variation can be seen in individual cultivar blocks as small as <1 ha in 

total area for these stresses, vine size/vigor, yield, and berry composition. The ability to detect this 

vineyard variation enables the implementation of precision viticulture and spatially targeted management, 

where vineyard zones experiencing stress, low productivity, or differences in yield and berry composition 

can receive targeted management actions. Furthermore, variation in yield and berry composition can be 

used for the implementation of selective harvesting, where wines produced from sub-block zones have 

demonstrated significant chemical and sensory differences. Thus, zonal harvesting can lead to enhanced 

wine production and grape pricing. Though economic and environmental benefits have been associated 

with precision viticulture, an efficient, affordable, and accurate way to detect vineyard variation is 

necessary for its widespread adoption. Remote-sensing technologies have shown promise in their ability 

to detect vineyard variation for several agriculturally significant variables and determining the spatial 

distribution and patterns occurring within a single vineyard block. Still, more research is needed to 

understand the efficacy of modern technologies and their usability in cultivar- and region-specific 

manners. The overall goal of this research was to enhance the current understanding of remote sensing 

and its efficacy in precision viticulture applications for both vineyard-management and wine-production 

opportunities. By studying a wide-variety of factors shown to be variable in individual vineyard blocks, 

from detrimental plant stresses, variation in yield and berry quality, and differences in the final wine-

product, this research aims to provide scientific- and evidence-based understanding of modern remote-

sensing technologies and their use in Ontario Riesling vineyards. 
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CHAPTER 2: REMOTE SENSING AND VINEYARD VARIATION DETECTION 

2.1 Introduction 

Individual vineyard blocks can consist of significant spatial variation that substantially influences 

grape production and vineyard management. Soils within a single vineyard block can vary significantly in 

variables such as soil texture, temperature, composition, and nutrients (Trought et al. 2008, Bramley et al. 

2011, Rodríguez-Pérez et al. 2011). In the Niagara Region specifically, significant glacial activity has led 

to extremely variable soils (Haynes 2000, Reynolds & Hakimi Rezaei 2014). Variability in vineyard soils 

can directly influence grapevine water access through differences in soil hydrology (Saxton & Rawls 

2006). Water stress can negatively impact the photosynthetic efficiency and growth of individual 

grapevines (Escalona et al. 2000, Pellegrino et al. 2005) and too much water supply can lead to higher 

disease pressure (Halleen et al. 2006), restricted root penetration and development (Myburgh & Moolman 

1991), and leaching of plant nutrients (Lambert et al. 2008). Vineyard soil water status (SWC) can be 

highly variable, where SWC can vary more than two-fold within vineyard blocks (Hubbard et al. 2002) 

and vine water status can vary significantly amongst vines within individual vineyard blocks throughout 

the entire growing season (Tisseyre et al. 2005). These differences in vineyard water status have been 

linked to variation in soil type and vine vegetative growth (Acevedo-Opazo et al. 2008, Taylor et al. 

2010).   

Vineyards can also vary in their winter hardiness - their ability to survive sub-zero winter 

temperatures (Janská et al. 2010). Winter injury can impact vine growth, yield, disease pressure, and even 

cause total vine death (Fennell 2004). Thus, grapevines avoid this injury through a process of cold 

acclimation, triggered with decreased photoperiod and colder temperatures, leading to maximum winter 

hardiness (Fennell 2004). There is minimal literature on the spatial variation in winter hardiness within 

individual vineyard blocks. However, variability in the lethal temperature can vary as much as 5°C 

between grapevines within an individual block (Bourne & Moore 1991, Reynolds et al. 2014), and can be 

related to other vineyard and environmental factors such as vine water status (Basinger & Hellman 2007, 

Reynolds et al. 2014), vine size (Howell et al. 1978), and crop level (Dami et al. 2005). Furthermore, 

grapevines must deal with stress imposed from viruses and their subsequent diseases. Grapevine leafroll-

associated virus 3 (GLRaV-3) is the main cause of grapevine leafroll disease (GLD), one of the most 

detrimental diseases affecting wine grape production world-wide (Rayapati et al. 2008, Naidu et al. 2015). 

GLRaV-3 spreads through propagation of infected plant material and the subsequent local spread by 

insect vectors (Charles et al. 2006, Tsai et al. 2010, Maree et al. 2013), specifically, species of mealybugs 

Pseudococcus spp. and soft scale insects Coccidae spp. (Fuchs et al. 2009, Douglas-Smit & Kruger 

2013). GLRaV-3 causes changes in important plant physiological processes such as photosynthesis and 
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nutrient transport (Bertamini et al. 2004, Maree et al., 2013) impacting plant growth, crop yield and 

quality (Charles et al. 2006, Naidu et al. 2014). The spatial distribution and patterns of GLRaV-3 

infection have been well documented. Infection radiates outward from infected vines due to the 

movement of insect vectors (Habili & Nutter 1997), thus highly aggregated patterns are seen in vineyards 

over a threshold infection incidence (Cabaleiro & Segura 1997, Arnold et al. 2017). Furthermore, 

infection can spread into vineyard blocks from surrounding infected vineyards (Cabaleiro & Segura 1997) 

or can appear random when infected plant material is planted throughout vineyards (Cabaleiro et al. 

2008).  

Variation in grape growing conditions leads not only to variability in vine size and health but also 

to variability in yield and berry quality. It is well established that vine size/vigor can greatly influence 

berry composition and yield (Reynolds & Wardle 1989, Dokoozlian & Kliewer 1996, Dry 2000, Cortell 

& Kennedy 2006). Water stress also significantly impacts yield (Kliewer et al. 1983, Ginestar et al. 1998, 

Shellie 2006) and berry composition (Roby et al. 2004, Reynolds et al. 2005, Koundouras et al. 2006, 

Shellie 2006). Winter injury can also impact yield due to damage incurred by the fruiting buds (Fennell 

2004) and increased susceptibility to diseases (Schroth et al. 1988, Burr & Otten 1999). Lastly, GLRaV-3 

can negatively impact berry composition and yield (Cabaleiro et al. 1999, Kovacs et al. 2001, Vega et al. 

2011, Mannini et al. 2012, Endeshaw et al. 2014, Montero et al. 2016). Within-vineyard variation for 

berry composition and yield has been well documented and related to multiple factors of vineyard 

variation (Reynolds et al. 2007, Baluja et al. 2013). Tardáguila et al. (2011) demonstrated significant 

vineyard variation in berry composition and yield, which were influenced by variation in soil texture, soil 

composition, and vine size. Cortell et al. (2007) showed significant within vineyard variation in 

anthocyanins, berry weight, soluble solids (hereinafter Brix), and titratable acidity (TA), which were also 

associated with variation in vine size. The ripening and maturation of grape berries is also highly variable 

within vineyards (Pagay & Cheng 2010) and variation in berry composition can be zonal in nature 

(Urretavizcaya et al. 2014). Thus, it has been well documented that individual vineyard blocks can vary 

significantly in many important grape growing variables such as vine health, vine size, yield, and berry 

composition. This scientific evidence has led to an increased interest in precision viticulture and 

determining enhanced methods to accurately detect vineyard variability.  

Precision viticulture refers to the appropriate management of within vineyard variability, leading to 

economic and environmental benefits (Arnó Satorra et al. 2009). Understanding the spatial patterns of 

vineyard variability requires geospatial technologies, mainly accurate Global Positioning Systems (GPS) 

for location-based data acquisition and Geographic Information Systems (GIS) for spatial data analyses 

and interpretation. Using GPS and GIS systems, maps can be made that demonstrate the spatial 
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distribution of vineyard variability, which can then be used to target precision viticulture management 

actions. However, data acquisition of measured variables is still costly and time consuming. Therefore, 

remote-sensing technologies aim to accurately, quickly, and affordably detect and measure vineyard 

variability. Remote sensing in its broadest sense is the collection of information from an object or area 

without direct contact (Lamb et al. 2001). Remote sensing utilizes sensors which measure electromagnetic 

(EM) energy emitted and/or reflected from the vine canopy (Arnó Satorra et al. 2009). These sensors can 

be attached to self-propelled equipment taking continuous readings of the studied vineyard (Arnó Satorra 

et al. 2009). Spectral reflectance is often measured in the blue, green, red, and near infrared bands, which 

are then mathematically manipulated into spectral vegetation indices or VIs (Arnó Satorra et al. 2009). 

Radiation is absorbed by plant pigments at different wavelengths and the radiation that is reflected is thus 

the inverse of that which is absorbed by the plant. Though many VIs have been studied and utilized 

(Bannari et al. 1995), the Normalized Difference Vegetation Index (NDVI) is the most commonly used 

VI in precision viticulture (Arnó Satorra et al. 2009), measuring the reflectance in the near infrared and 

red wave-bands with the following formula: (NIR-R)/(NIR+R). Higher NDVI values indicate greener 

tissue, higher vigor and canopy density, and lower stress (Arnó Satorra et al. 2009). Lastly, the use of 

thermal sensors measuring thermal-infrared emission have been used to detect canopy temperature 

changes, which often results from stomatal closure under water stress (Berni et al. 2009).  

Remote-sensing technologies have been increasingly studied to determine their usefulness in 

detecting vineyard variation. Remotely sensed thermal sensors have been sufficiently studied in the 

detection of vineyard water stress (Bellvert et al. 2014) through detection of variation in stomatal 

conductance (Baluja et al. 2012), leaf water potential (ψ) (Bellvert et al., 2014), SWC (Soliman et al. 

2013), and their ability to optimize deficit irrigation (Bellvert et al. 2016). Others have investigated the 

efficacy of remotely sensed NDVI in detecting vineyard variation for a variety of viticulturally important 

variables such as soil texture (Ledderhof et al. 2016), Leaf Area Index (LAI) (Johnson 2003), yield 

(Debuisson et al. 2010), water stress and vegetative expression (Acevedo-Opazo et al. 2008), and berry 

composition (González-Flor et al. 2014, Urretavizcaya et al. 2014, Ledderhof et al. 2016). New remote-

sensing technologies and advancements are constantly being developed and research continues to 

compare multiple forms of remote sensing in vineyard variation detection. This includes comparing 

various platforms (Matese et al. 2015), VIs used (Baluja et al. 2012, Rey-Caramés et al. 2015), and 

comparisons between sensor capabilities (Hall et al. 2002, Meggio et al. 2010, Roberts et al. 2016). 

Though several studies have demonstrated the use of remote-sensing technologies for detection of 

vineyard variation, literature is lacking regarding the use of remote sensing in detecting some highly 

important variables for cool climate viticulture regions such as winter hardiness and GLRaV-3 infection 

in white cultivars. Furthermore, the ability of remote sensors to discern between multiple stresses and 
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grape-growing variables makes interpretation of results difficult. Lastly, remote sensing relationships with 

measures of berry composition and yield have been inconsistent across studies, sites, and vintages. 

Overall, more information is needed regarding variety- and site- specific remote sensing and the spatial 

and temporal stability of these relationships. 

2.2 Materials and methods 

2.2.1 Study sites 

i. Niagara Peninsula region overview  

This research study was conducted on six commercial Riesling vineyards across the Niagara 

Peninsula located in southern Ontario, Canada (Fig. A1). The Niagara Peninsula is bordered by Lake 

Ontario to the North, the Niagara River to the East, and includes the Niagara Escarpment, a north-facing 

cliff formation running east-west throughout a significant portion of the south-western Peninsula. These 

geographic attributes lend to the grape-growing success of this Region. Within the Niagara Peninsula 

exists several sub-appellations of viticultural importance, determined by the wine and grape regulatory 

body of Ontario, the Vintners Quality Alliance (VQA). These sub-appellations vary slightly from one 

another in several variables such as growing degree days, average precipitation, frost free days, soil type, 

and physical geography/topography (VQA Ontario 2019). The six commercial vineyards of this study 

covered a variety of Niagara sub-appellations and soil types (Table A1, A2) and vary in several 

management techniques such as irrigation, floor management, pruning and training, as well as overall 

block shape and size (Table A1, A3). Block management information was acquired directly from 

vineyard managers and soil data were acquired from Kingston & Presant (1989) using the OMAFRA Soil 

Survey Complex [computer file] generalized soil map overlaid with the geo-located boundary polygons 

for each vineyard block in ArcMap 10.6.1 (ESRI 2011). The geoprocessing intersect tool was used to 

extract the soil type (s), texture (s), and other qualities from the soil survey map layer for each individual 

research block. Though this provides insights into the soil profiles within each research block, the soil 

survey data were acquired on a scale of 1:25,000. All vineyard sites consist of N-S running rows and are 

on nearly level topography. 

ii. Buis Vineyards  

Buis Vineyards Riesling block used in this study is in the Niagara Lakeshore sub-appellation 

(Table A1) near Lake Ontario (Fig. A1). This block consisted of Tavistock, Vineland, Chinguacousy, and 

Jeddo soils (Fig. A2) that range in textures from loam, clay loam, silt loam, and very fine sandy loam 

(Table A2). The drainage at this site is imperfect and water transmission rates vary from slow to moderate 

with drainage tiles under every second row (Table A2). This block is 3.39 ha in area, with 73 research 
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vines, representing our largest block in total area. This vineyard block is the only one in this study with 

Scott-Henry training system and produces plateau priced grapes, thus maintaining high yields. 

iii. PondView Estates Winery 

PondView Estates Winery is in Niagara-on-the-Lake within the Four Mile Creek sub-appellation 

(Table A1, Fig. A1). The Riesling vineyard block is 0.87 ha in area, consisting of 77 research vines, and 

is very narrow in shape, consisting of only 15 rows that are ~35 postlength panels in length. The Riesling 

block is growing on imperfectly to poorly drained Chinguacousy and Jeddo soils with textures ranging 

from clay loam to silt loam (Table A2, Fig. A2). This block is drained every second row, uses sod for 

between row management, and is the youngest block in this study, planted in 2008.  

iv. Château des Charmes (CDC) 

The CDC vineyard is in Niagara-on-the-Lake within the St. David’s Bench sub-appellation (Fig. 

A1). The CDC Riesling block selected for this study was 1.68 ha in size, encompassing 75 study 

grapevines (Table A1). This block is located on silty-clay loam textured Toledo, Beverly, and Alluvium 

soils with imperfect to very poor drainage (Table A2; Fig. A2). Drainage tiles are in every row; however, 

the between row management is purely soil cultivation. This vineyard block is the only spur-pruned 

vineyard in this study, using the bi-lateral cordon training system (Table A3).  

v. Cave Spring Cellars 

Cave Spring Cellars vineyards are in the Beamsville Bench sub-appellation (Table A1; Fig. A1) on 

imperfect-poorly drained Chinguacousy and Jeddo soils (Table A2; Fig. A2). The block selected for this 

study was the second largest in total area (2.22 ha) with the most study vines (88). This block is also the 

only one that was significantly longer E-W than it is N-S, consisting of ~90 rows (running N-S) that are 

relatively short in length with only ~15 panels per row. Although this block does not contain wind 

machines (Table A3), it is bordered directly to the south by the Cave Spring Conservation Area, a 

densely-treed protected area within the Niagara escarpment (Fig. A1), providing protection from high 

winds that are especially damaging in the winter. 

vi. Hughes Vineyards 

This Riesling block is one of two located in the Lincoln Lakeshore sub-appellation; located south 

of George Vineyards (Fig. A1) and growing on similar soils (imperfectly-poorly drained Chinguacousy-

Jeddo soils, Table A2; Fig. A2). The block is rectangular, longer N-S than E-W, consisting of 18 rows of 

which there are ~40 panels in length. This block consisted of 72 research vines and is 1.22 ha in area 

(Table A1). This block is the only irrigated block in this study, using drip irrigation. This block also 



44 
 

consists of alternate sod between row management and drainage tiles running every second row (Table 

A3). 

vii. George Vineyards 

George Vineyards are in close proximity to Lake Ontario (Fig. A1), and the block for this study is 

1.23 ha in area consisting of 70 research vines (Table A3). This block is located within the Lincoln 

Lakeshore sub-appellation (Table A1) growing on Chinguacousy and Jeddo soils of clay loam and silt 

loam textures (Table A2; Fig. A2). These soils are imperfectly to poorly-drained with slow to very slow 

water transmission rates. This block contains drainage tiles running every second row, no wind machines, 

and uses sod for between row management (Table A3). 

2.2.2 Manual data collection 

i. Plot design 

Manually collected vine-specific data were limited to grapevines occurring in a ~8m x 8m grid 

pattern (Fig. A3). These grapevines were flagged with orange flagging tape and geolocated using Global 

Positioning System (GPS) technology with an Invicta 115 GPS Receiver (Raven Industries, Sioux Falls, 

SD), which provides a 1 to 1.4 m accurate geolocation. This was improved by performing a post-

differential correction with the Port Weller, ON base station, providing a final accuracy of ~30-50 cm. 

Geolocation of the study vines for each vineyard site was performed in 2015, however, each subsequent 

year the grapevines were re-flagged to ensure consistency in grapevine sampling. The GPS coordinates 

associated with each study grapevine were then entered into a spreadsheet (Microsoft Excel, 2010), with a 

separate spreadsheet for each site and vintage. Spreadsheets were used for the compilation of all variables 

collected and further data analyses. However, several variables that were manually collected from the 

study grapevines are expensive, laborious, and time consuming and thus could not be sampled on all ~70-

90 study grapevines per site. These variables were instead sampled from a subset of the grid-pattern vines 

on only ~20 of these grapevines. These vines were flagged using blue flagging tape for identification in 

the field and thus will be further referred to as “blue vines” for simplification purposes. 

ii.  Data collection timing 

This research study involved no manipulations or treatment applications as one major goal was to 

determine the natural variation occurring within individual vineyard blocks. The geo-located grapevines 

selected for data collection were representative of the vineyard block and all data collection was 

performed on the same vines for both vintages (2016 and 2017). Throughout the growing season, SWC, 

leaf ψ, and stomatal conductance (gs) were measured at three significant phenological stages; berry set, 
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lag phase, and véraison. This was done to ensure measurements were indicative of water status across the 

entire growing season and minimize any influence of recent weather events. In 2017 these data were only 

collected at lag phase and véraison. Throughout the duration of this study, regular vineyard management 

was carried out across the entire vineyard block by each site’s vineyard management operations. Pruning 

weight was measured from all study grapevines following the pruning style of the vineyard management.  

2.2.3 Measures of water status 

i. Soil water content (SWC) 

SWC was collected from the ~70-90 study vines in each site using time-domain reflectometry 

(TDR) with the Field Scout TDR 300 Soil Moisture Meter (Spectrum Technologies, East Plainfield, IL) 

in volumetric water content mode (VWC) with 20 cm long stainless-steel probes. This methodology is 

based on the frequency-dependent electric and dielectric properties of soil, where controlled energy pulses 

are sent down and reflected back through the soil probes and the travel speed is inversely related to the 

moisture content of the soil. This technology provides a reading of the volumetric SWC within the soil as 

the percentage of water volume to the total soil volume. TDR measurements are a common measure of 

SWC as it is instantaneous, non-destructive, and accurate among several soil types, depths, and 

environments (Guimarães et al. 2019). Measurements were taken ~10 cm from the base of each vine trunk 

on both the north and south sides of the vines under the vine row. The mean of these measurements was 

used, and for data analyses the mean reading from the three (2016) and two (2017) phenological stages 

was used. 

ii. Leaf water potential (LWP, ψ) 

Midday leaf ψ was collected as a direct measure of vine water status, using the pressure bomb 

technique following Scholander et al. (1965) expanded by Turner (1988). As leaf cells transpire and water 

evaporates from the stomata, resistance forces faced by water travelling from the soil to the leaf leads to a 

build up of negative hydrostatic pressure in the xylem. Pressurizing a cut leaf until water just returns to 

the cut surface of the xylem tissue gives a measure of the hydrostatic pressure in the xylem. Midday leaf 

ψ was measured from only the “blue” study vines, ~20 vines per block. Midday leaf ψ requires that 

readings are taken in consistent weather conditions, as stomatal opening can fluctuate based on weather 

conditions. Thus, measurements were taken around solar noon (1000-1400h) in full sun conditions 

(Williams & Araujo 2002). A leaf and attached petiole were cut from the vine and immediately the leaf 

was placed into a pressure chamber while the petiole tip remained fully exposed (Model 3015G4 Plant 

Water Status Console, Santa Barbara, CA). Nitrogen gas was then slowly released into the chamber, 
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leading to a steady increase in pressure inside the chamber. The pressure required to cause visible sap 

from the exposed petiole tip was recorded in negative bar units (10 bars = 1 MPa).  Due to possible 

variation among the leaves of a single grapevine, a mean reading from a minimum of three leaves per 

vine were used, and more leaves were sampled if a large variation existed between readings (> 15% 

variation). Leaves sampled were primary shoot, mature, mid-canopy, fully exposed, un-damaged leaves to 

ensure consistency and accuracy of readings. 

iii. Stomatal conductance (gs) 

Stomatal conductance was also measured from only the “blue” study vines, using a hand-held 

porometer. Stomatal conductance was measured to indicate plant water status, however, is also highly 

influenced by the photosynthetic capacity of the plant as it is the direct measure of the rate of passage of 

CO2 and water vapor through the stomata of a leaf. Stomatal conductance is a function of photochemical 

processes, light intensity, temperature, vapor pressure deficit, turgor pressure, and ambient CO2 

concentration (Jarvis 1976). Porometers measure the rate of water and CO2 passage by using calibrated 

humidity sensors clamped onto a fully attached leaf and measuring the gs as a function of the distance 

between humidity sensors, temperature, and the two relative humidity readings at each sensor. The 

resulting gs is in mmol/m ² s. Stomatal conductance was measured using the Leaf Porometer Model SC-1 

(Decagon Devices Inc., Pullman, WA). The porometer was calibrated following manual protocol using 

the manufacturer provided calibration kit. A mean reading was taken from three fully attached leaves per 

vine following the same protocol as leaf ψ sampled leaves (primary shoot, mature, mid-canopy, fully 

exposed, un-damaged leaves to ensure consistency and accuracy of readings). 

2.2.4 Vine health and physiology 

i. Virus titer (GLRaV -1, -2, and -3) 

Virus titer was measured for three strains of GLRaV-1, 2, and 3. Three leaves (primary shoot, 

mature, fully exposed) from the top, middle and lower canopy of the vine were collected in September 

2016. These samples were then combined into three samples for virus assay, which were ground into fine 

powder in liquid nitrogen and stored at -80°C. Virus titer was measured by Mehdi Shabanian, Dept. of 

Molecular and Cellular Biology, University of Guelph, Guelph, ON, using the relative quantification 

method. Total RNA was extracted from samples using the RNA isolation method and RNA concentration 

and quantity were measured using Nanodrop spectrophotometry. RNA samples were stored at -80°C and 

were standardized to a concentration of 50 ng/μL. cDNA was prepared using a High-capacity cDNA 

Reverse Transcription Kit. Random hexamers from the coat protein gene were used as primers, the most 
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conserved portion of the genome available in GenBank through sequence alignment using MegAlign 

program of DNASTAR software (Table A5, A6). All samples were tested with two sets of primers for 

data reliability. First, all samples were scanned by conventional reverse transcription polymerase chain 

reaction (RT-PCR) using the first pairs of primers for GLRaV-1, GLRaV-2, and GLRaV-3 (Table A5). 

Later, they were tested with the second pairs of primers (Table A6) which have been combined with two-

steps SYBR Green real-time RT-PCR assay to achieve a quantitative comparison of virus titer in leaves 

from plant to plant. The comparison of virus titer for GLRaV-3 in different samples was determined 

based on qRT-PCR titer results (quantification cycle (Cq)), where a higher value indicates lower virus 

titer and confirmed by the intensity of RT-PCR products. The reference gene used was actin, a commonly 

used stable reference gene for Vitis under various abiotic stresses (Coito et al. 2012). 

ii. Vine size 

Vine size was measured via pruning weights during the dormant season on dates close to 

commercial pruning for each site. Pruning weight is a commonly used indicator of vine size (Trought et 

al. 2008) measuring the total weight of all canes per vine. All study vines were hand pruned according to 

commercial pruning style for each site, and all pruned canes per vine were immediately weighed in the 

field with a digital hanging scale giving a vine pruning weight in kg.  

iii. Winter hardiness: differential thermal analysis 

Winter hardiness was measured only in 2016 for “blue” vines, ~20 vines per site. In 2016, two 

representative canes per vine were pruned for subsequent differential thermal analysis, a common method 

used to measure cold hardiness of tissues that supercool to avoid freezing (Wolf & Cook 1994). Bud LT50 

was measured, which is the temperature of 50% primary bud death due to artificial freezing. Bud LT50 

was performed at three time points throughout the winter season, in January, February, and March, 

roughly corresponding to full acclimation, partial deacclimation, and full deacclimation. From each 

sampled cane, five undamaged buds near the base of the cane were removed by cutting along the leaf scar 

and near the bud scale, keeping some woody tissue attached to the bud to avoid damaging the barrier 

between bud and cane (Wolf & Cook 1994). These buds were individually placed into wells (40 x 40 x 15 

mm) of a 33 x 23 x 7 cm tray and supplemented with distilled-water-moistened filter paper (Wolf & Cook 

1994). Trays included a thermistor that records the mean tray temperature (Mills et al. 2006) and each 

well contained a silicon thermocouple device that records the exothermic release which occurs when a 

bud dies, due to the fusion’s latent heat released when supercooled buds freeze (Wolf & Cook 1994). 

Filled trays were then loaded into two programmable freezers, which began at 4°C and every hour 

dropped another 4°C until ultimately reaching the minimum temperature of -40°C. The temperature of 
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bud death was recorded for each well and the median lethal temperature value at which 50% of the buds 

died was determined (LT50). 

2.2.5 Harvest: yield and cluster number 

Harvest dates were based on the timing of commercial harvest for each site, with sampling being as 

close to commercial harvest as possible (Table A26). All study vines were hand harvested into individual 

plastic harvest bins and the total cluster number per vine was recorded. Harvest bins from each grapevine 

were then weighed using a portable field scale to determine total yield in kg. A subset of three 

representative clusters per vine were brought to the lab and stored at -25 °C for subsequent berry 

composition analysis, with three extra clusters (six in total) being sampled from “blue” vines, ~ 20 vines 

per site, for use in monoterpene analysis. 

2.2.6 Berry composition 

i. Berry weight, Brix, pH, and titratable acidity 

Exactly 100 frozen berries were removed from the sampled clusters and weighed to determine 

mean berry weight (g). These 100 berry samples were placed into 250 mL beakers for basic berry 

composition analyses. The 250 mL beakers were placed into a hot-water bath (Isotemp 228, Fisher 

Scientific, Mississauga, ON) at 80°C for one hour. Samples were then left to cool to room temperature, at 

which time they were pressed using a hand-held manual juicer. The juice was then passed through a mesh 

sieve to remove seeds, skins, and any debris from the juicing process. Filtered juice was then used to 

measure pH with an Accumet pH meter (Model 25; Denver Instrument Company, Denver, CO) and 

soluble solids (hereinafter, Brix) using a desktop refractometer (Abbé refractometer, model 10450; 

American Optical, Buffalo, NY). The remaining filtered juice was then centrifuged at 4000 rpm for 10 

minutes in an IEC Centra CL2 (International Equipment Company, Needham Heights, MA) to remove 

any remaining debris. This centrifuged juice was then used to measure titratable acidity (TA) using a PC 

automatic titrator (Man-Tech Associates, Guelph, ON) titrated to an endpoint of pH 8.2 with 0.1 NaOH. 

Three samples of distilled water and three samples of tartaric acid (4, 7, and 9 g/L) were placed at the start 

and end of the titration run to ensure reliability of the titration. The titrator was calibrated using pH 

standards of 4 and 7. 

ii. Berry monoterpenes: free and bound  

Berry monoterpenes are important aroma compounds for many white grape varieties including 

Riesling, imparting their aroma and flavor attributes readily to the final wine product (Skinkis et al. 
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2008). Total monoterpene concentration was measured from 100 g thawed berry samples, thawed at 4°C 

overnight and then to room temperature the following morning. Monoterpene concentration was 

measured using a distillation method from Dimitriadis & Williams (1984), as modified by Reynolds & 

Wardle (1989). Thawed samples were homogenized in a commercial blender and two separate 100 g 

samples per vine were then adjusted to pH 6.7 with 20% NaOH. Samples were than added to two separate 

steam-distillation apparati and the first 25 mL fractions were collected as free-volatile terpenes (FVT). 

Immediately following, acidification of the samples occurred using 10 mL of 50% H3PO4 added into the 

sample arm of the distillation apparatus, and the next 50 mL distillates collected were used to measure 

potentially-volatile monoterpenes (bound terpenes, PVT). Distillate samples were capped and refrigerated 

at 4°C before analysis. Monoterpene concentration was determined by the addition of reactive vanillin 

solution and heating in a water bath of 60°C, after which absorbance was read within 5-20 minutes on an 

Ultrospec 2100 pro UV/visible light spectrophotometer at 608 nm. Monoterpene values were recorded as 

mg/L from a standard curve of 1-20 mg/L linalool standards.  

2.2.7 Remote-sensing technologies 

i. GreenSeeker™ 

A pair of commercially available GreenSeeker RT100 (Trimble Navigation, Englewood, CO) 

sensors were mounted onto the frame of a four-wheel drive vehicle (John Deere Gator™ Utility Vehicle) 

and driven throughout each vineyard block collecting spectral reflectance from the sides of the vine-rows 

in real time. The GreenSeeker sensor height was adjusted to mid-canopy height prior to data acquisition 

for each site. GreenSeeker readings were taken at the same phenological stages as the measures of water 

metrics (SWC, leaf ψ, and gs), thus in 2016 were collected at berry set, lag phase, and véraison and in 

2017 at lag phase and véraison. GreenSeeker active optical sensors use electroluminescent diodes (LED) 

that pulse high intensity electromagnetic (EM) radiation at 100 Hz for both 660 ± 10 nm (Red) and 770 ± 

15 nm (NIR) wavebands. These wavebands are reflected back from the vine canopy and reflectance 

values are used to calculate the NDVI with the formula: (NIR-red)/(NIR+red). The GreenSeeker uses 

electronic and optical systems that differentiate between natural light and the generated pulsed light, thus 

avoiding any influence of environmental light conditions. The GreenSeeker sensors are supplemented 

with a high-performance dGPS double frequency receiver with real-time kinematic correction (AgGPS® 

162, Trimble Navigation, Englewood, CO) to associate accurate geographic coordinates with each 

reading. The GreenSeeker sensors receive 100 readings per second and use a 60 cm field of view (± 0.1-

12 cm). The vehicle was driven down each row and the GreenSeeker sensors recorded the geo-referenced 

NDVI values. It has been shown that the direction of driving does not impact the resulting shapefile 

(Mazzetto et al. 2010). Row spacing was relatively consistent across sites (2.5-2.8 m, Table 1) and thus 
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proximity to the canopy was relatively similar across sites. Shapefiles were downloaded from the 

GreenSeeker technology and uploaded to Farmworks software (Trimble Navigation, Englewood, CO) for 

removal of non-vine readings or readings taken outside of site boundaries. This was performed with two 

steps; first being the removal of maneuvering data collected outside of the site georeferenced boundary 

polygon and secondly the application of a threshold value of 0.40 which filtered out any non-vine 

readings (Mazzetto et al. 2010). Edited shapefiles were then imported to ArcMap 10.6.1 (Environmental 

Systems Research Institute (ESRI) Redlands, CA) for further statistical and spatial data analyses. 

ii. Unmanned aerial vehicle (UAV) multispectral and thermal sensors 

Flights were performed in 2016, near véraison, using the eBee Classic (senseFly, The Parrot Group, 

Switzerland), a UAV supplied by Air-Tech Solutions, Inverary, ON. The UAV was powered by an 

electric motor providing 50 min of endurance and was equipped with an autopilot system allowing a 1000 

m visual range and 5 km radio line of sight. The UAV was flown at an altitude of 90 m with a 60 km/h 

maximum speed. Two sensors were used for image acquisition. The first: Parrot Sequoia multispectral 4 x 

monochrome sensor global shutter (senseFly, The Parrot Group, Switzerland) operated in the visible and 

near-infrared portions of the electromagnetic spectrum (EMS) using four spectral bands (green: 530-570 

nm, red: 640-680 nm, red edge: 730-740 nm, and the near infrared: 770-810 nm). This was equipped with 

an incident light sensor. Acquisition occurred at a resolution of 1.2 megapixels (1280 x 960 pixels), pixel 

size of 3.75 μm, representing a spatial resolution of 8.47 cm at an altitude of 90 m. The second sensor, 

Parrot Sequoia thermoMap, operated in the thermal–infrared (TIR) portion of the EMS (senseFly, The 

Parrot Group, Switzerland). Imagery was collected in the TIR range covering 7000 to 16000 nm at a 

resolution of 0.3 megapixels (640 X 512 pixels), pixel size of 17 μm, which represents a spatial resolution 

of 17 cm at an altitude of 90 m. Equipment onboard also consisted of a GPS unit, sunshine sensor 

measuring incoming radiation, and an inertial station to correct anomalies in flight attitude (i.e., yaw, 

pitch, and roll) ensuring the verticality and orientation of imaging. This equipment was complemented by 

a ground control station that provided real-time feedback on the position of the aircraft and its imaging. 

Image acquisition was performed over each vineyard block by Air-Tech Solutions, Inverary, ON. Data 

were stored onboard and retrieved after flights. Geometric correction was performed to correct the image 

geometry and bidirectional reflectance. Geometric distortions caused by changes in UAV attitude and 

altitude were corrected using the information provided by the inertial station. Radiometric correction was 

performed to correct effects of vignetting. Data were also adjusted for the input of the sunshine sensor 

before VI generation. The series of images acquired during each flight was assembled into mosaics by 

selecting the overlapping areas near nadir to limit the viewing angle and the problems of directional 
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effects. Once assembled and corrected, NDVI was calculated on mosaics. Furthermore, thermal images 

were created in °C. 

2.2.8 Statistical and spatial analyses 

i. Mapping and data extraction 

Maps were created in ArcMap 10.5-10.6 (ESRI 2011. ArcGIS Desktop: Release 10. Redlands, CA: 

Environmental Systems Research Institute) to visualize the spatial patterns of each variable within each 

vineyard block using interpolation techniques. Interpolation spatial methods enable the estimation of 

values at unsampled locations using values from surrounding sampled data. For all manually collected 

variables, data were imported into ArcMap 10.5-10.6 from Microsoft Excel sheets in which each study 

vine was associated with its dGPS coordinate points (latitude, longitude) as well as values from all 

manually collected variables. Data were then displayed in ArcMap using the horizontal geographic 

coordinate system: World geodetic system 1984 and projected in the Universal Transverse Mercator zone 

17N. The resulting point data were interpolated using the inverse-distance weighted (IDW) interpolation 

technique. IDW works on the assumption that the variable being mapped decreases in influence with 

distance from its sampled location (ESRI 2011). IDW determines a cell’s value using a linearly weighted 

combination of a set of sample points, where the weight of sampled data points decreases as the distance 

to the unsampled cell increases. The IDWs utilized the mathematical power of 2 and the fixed search 

radius of four standard sectors with 45° offset; minimum neighbors: 10, maximum: 15. These parameters 

were selected after several attempts to determine parameters that created accurate maps while still 

maintaining readability and interpretability. Once the interpolated maps were created, the graduated 

symbology was set to quantile breaks, six breaks, using a red to green colour ramp- where deep red 

represents the lowest values and deep green the highest. Quantile breaks separates the data so that each 

class contains an equal number of features, thus there are no empty classes or disproportionate class sizes. 

This classification method was chosen as it created interpretable maps with easy comparisons across maps 

for all variables. The above IDW methodology was performed on all variables for each site and each year. 

For all “blue vine” sampled variables, values were extracted from the interpolated maps for the ~60 

unsampled vines using the extract values to point tool, for use in further statistical analyses. 

Remote sensing maps were also made with an interpolation technique to create a smooth contour 

map with the same colour ramp and classification method as the IDW manual maps. This was done using 

the Diffusion Interpolation with Barriers tool in ArcMap 10.5-10.6 (ESRI 2011) which follows the heat 

equation describing how heat particles diffuse with time in a homogeneous medium. For this method, a 

default bandwidth is calculated that minimizes the root-mean-square cross-validation error, where larger 
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bandwidths decrease the quality of predictions however have smaller areas containing no data. Due to the 

high density of remote sensing data points, a smaller bandwidth can be used to maintain interpolation 

quality. This interpolation technique enabled the input of an absolute feature barrier, which in this study 

was the perimeter of each study block, and the resulting interpolated data frame was clipped to the 

boundary polygon of each vineyard block. Lastly, to obtain remote sensing values corresponding to the 

individual geo-located grapevines for use in statistical analyses the extract values to point tool was used. 

ii. Spatial autocorrelation: Global Moran’s Index 

To determine the spatial association of each collected variable, spatial autocorrelation was run in 

ArcMap 10.5-10.6 (ESRI 2011) for each variable. Global Moran’s Index, a spatial autocorrelation tool, 

evaluates whether the pattern expressed is clustered, dispersed, or random, where the null hypothesis is 

that features are randomly dispersed. Using the z-score and p-value one can either reject or accept the 

null-hypothesis, z score + = clustered, z-score - = dispersed (competitive interactions). The Moran’s Index 

reported is a value between -1 and +1, where a larger positive value indicates that higher values tend to 

neighbor higher values and lower values neighbor lower values (ESRI, 2011). The Moran’s Index was run 

using the inverse distance conceptualization. It is important to note that Moran’s Index was performed on 

data from all ~80 vines per site, which means for variables only sampled from ~20 vines per site (“blue 

vines”), the interpolated values were included in the Moran’s Index. This was done due to the statistical 

limitations in running Moran’s Index for less than 30 features.  

iii. Correlation-based analyses 

All statistical analyses were performed using XLSTAT statistical software (v. 2017, Addinsoft, 

New York, NY). Normality of each variable was checked using The Shapiro-Wilk tests followed by 

histograms to visually inspect the nature of data spread. Furthermore, any outliers were detected upon 

visual inspection of data spread using box-plots. Following this, Pearson’s correlations were run on all 

data, for each site and vintage, at p < 0.05 to determine significant correlations. Correlations were 

reported for all variables against remote sensing data - the focus of this study. Furthermore, due to the 

large number of variables included in this research, scatter-plots were reported only for variables with 

significant correlations with GreenSeeker NDVI to demonstrate the nature and strength of these 

relationships. Pearson’s correlation matrices and scatter plots were also used to determine: a) the linearity 

of relationships, an assumption for principal components analyses (PCA) and; b) any highly correlated 

variables (p<0.001), which, when included in a PCA, can lead to over representation of these 

relationships and under-representation of other potential relationships.  
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Principal component analysis was performed, which is a dimension-reduction tool that can be used 

to reduce a large set of variables to a small set that still contains most of the information in the large data 

set (Addinsoft 2017). PCAs transform a number of possibly correlated variables into a smaller number of 

uncorrelated variables called principal components (PCs); where the first PC accounts for as much of the 

variability in the data as possible, and each succeeding component accounts for as much of the remaining 

variability as possible. From the PCAs, correlation circles were reported, which are the projection of the 

initial variables in the factors’ space. All data were standardized before performing the PCAs. The first 

two factors, which explained the most variation in the data, were used, however the first three factors 

were checked prior. Furthermore, to ensure proper interpretation of the PCA, the square cosine of each 

variable across the first two factors was checked to confirm how well each variable is linked with each 

axis. A square cosine value close to 0, as well as a short vector in the correlation circle, indicates that 

variable is not well explained by the chosen factors/PCA model. The correlation circle can then be used to 

visually demonstrate correlations among many variables, where variables far from the center and close to 

each other are positively correlated, far from the center but at a right angle are not correlated, and far from 

the center but opposite/180 ° are negatively correlated. 

2.3 Results 

2.3.1 Relationships between sensing technologies  

In 2016, when UAV data were collected, GreenSeeker NDVI was correlated to UAV data in most 

sites (Table 2.1); however, more correlations were seen with UAV thermal data compared to UAV NDVI 

data. GreenSeeker NDVI positively correlated with UAV NDVI in four sites: Buis (r= 0.611, Fig 2.1a), 

PondView (r= 0.353, Fig. 2.3), CDC (r= 0.851, Fig 2.5a), and Cave Spring (r= 0.494, Fig. 2.7a). 

Interestingly, in Hughes, a negative correlation was found (r= -0.391, Fig. 2.9a). GreenSeeker NDVI and 

UAV thermal data were correlated in all six sites demonstrating inverse correlations (r= -0.390 - -0.682, 

Table 2.1, Figures 2.1-2.11). Lastly, when comparing UAV NDVI and UAV thermal data, a negative 

correlation occurred in four of six sites: Buis (r= -0.491), PondView (r= -0.358), CDC (r= -0.447), and 

George (r= -0.371). Furthermore, overall site variation in sensing data differed between sites (Tables A7-

A12) with some sites consisting of more variation in NDVI than others, focusing on the variation in 

GreenSeeker NDVI which was collected in both years.  

The three largest sites in total area (Table A1; Buis, Cave Spring, and CDC) contained the highest 

GreenSeeker NDVI variation (CV%) and had the lowest mean NDVI values (Tables A7-A12). In 2016, 

CDC contained the largest NDVI variation (2.97%), with a mean of 0.818 ± 0.024. The second most 

variable site, with the second lowest mean NDVI was Cave Spring (1.63%), with a mean of 0.811 ± 

0.013. Buis had the third most NDVI variation (1.32%), and the lowest mean: 0.780 ± 0.010. The three 
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smallest sites in total area (Table A1; Hughes, George, PondView) had the lowest NDVI variation and the 

highest means. George had a NDVI variation of 0.74% and a mean of 0.857 ± 0.006. PondView NDVI 

variation was 0.69% with a mean of 0.843 ± 0.006. The site with the least variation in NDVI was Hughes 

(0.53%), with a mean of 0.857 ± 0.005. 

In 2017, similar results were observed for variation (CV%) in GreenSeeker NDVI between sites 

(Tables A7-A12). CDC again consisted of the most NDVI variation (2.36%), with a mean of 0.779 ± 

0.018. The site with the second most variation was again Cave Spring (1.34%), with a mean of 0.842 

±0.011. The site with the third most variation again was Buis (1.12%), with a mean of 0.777 ± 0.009. For 

the three sites with the least variation, George (0.72%) had a mean NDVI of 0.842 ± 0.006. This site was 

followed by PondView (0.52%), with a mean of 0.804 ± 0.004. As in 2016, Hughes displayed the least 

variation in NDVI (0.31%) with a mean of 0.876 ± 0.003. 

2.3.2 Relationships between remote/proximal sensing and water status variables  

i. Remote/proximal sensing and soil water content (SWC) 

In 2016, NDVI was correlated to SWC in three sites (CDC, George, and PondView; Table 2.1). 

GreenSeeker NDVI was negatively correlated to SWC in CDC (r= -0.722, Fig. 2.5b) and positively 

correlated in George (r= 0.273, Fig. 2.11a). UAV NDVI was negatively correlated to SWC in CDC only 

(r= -0.591). UAV thermal data was positively correlated to SWC in CDC (r= 0.462) and PondView (r= 

0.420). Mean SWC and its variation differed between sites (Tables A7-A12). The site with the highest 

SWC (%) was Hughes (26.43 ± 3.0), the only irrigated site, followed by George (24.4 ± 1.9), Cave Spring 

(22.6 ± 2.7), CDC (21.1 ± 4.3), PondView (19.1±4.9), with a large drop seen in Buis (13.5 ± 2.3). In 

2016, the growing season was hot and dry (Table A4), and thus low SWC was expected in non-irrigated 

sites. Two of the three sites that had correlations between NDVI and SWC; CDC and PondView, also 

contained the most variation (CV%) in SWC within their sites (CDC=20.15%; PondView=25.91%). 

Interestingly, the third site, George, had the lowest variation in SWC (7.83%).  

In 2017, which provided typical and above average growing season precipitation (Table A4), 

GreenSeeker NDVI only correlated to SWC in one site (Table 2.1); CDC (r= -0.433, Fig. 2.6a). Mean 

SWC varied across sites slightly (Tables A7-A12), with PondView having the highest mean SWC (%) 

(29.03 ± 6.31), followed by CDC (26.87 ± 5.34), Cave Spring (26.75 ± 4.24), Hughes (24.647 ± 3.54; 

Table A11), George (20.42 ± 1.58; Table A12), and similar to 2016, Buis had lower SWC than in other 

sites (17.29 ± 2.38). Again, CDC (CV=19.88%) and PondView (CV=21.74%) consisted of the most 

variation in SWC of all sites. 
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Overall, remote and proximal sensing were more sufficient in detecting variation in SWC in a year 

with drought conditions 2016 (three sites), compared to a year with typical growing season weather, 2017 

(one site). Furthermore, the only temporally consistent relationship occurred in CDC, which consisted of 

consistently high variation in SWC.  

ii. Remote/proximal sensing and leaf water potential (Ψ) 

In 2016, NDVI data were correlated to leaf ψ in three sites (Hughes, George, and Buis; Table 2.1). 

GreenSeeker NDVI was positively correlated to LWP in George (r= 0.308, Fig. 2.11a) and Hughes (r= 

0.238, Fig. 2.9a). UAV NDVI was positively correlated to leaf ψ in George (r= 0.367) and Buis (r= 

0.237). UAV thermal was only correlated to leaf ψ in one site; with a negative correlation in Hughes (r= -

0.708). Variation existed between sites in their mean leaf ψ (Tables A7-A12), where a midday leaf ψ < -

1.5 indicates severely water stressed vines, -1.5 - -1.2 being moderately stressed, -1.2 - -0.9 being mildly 

water stressed, and higher than -0.9 being not water stressed (Williams & Araujo 2002). Buis had the least 

water stressed vines with the highest mean leaf ψ MPa (-0.98 ± 0.06), followed by PondView (-1.03 ± 

0.04), George (-1.08 ± 0.08), Hughes (-1.08± 0.04), Cave Spring (-1.13 ± 0.03) and CDC (-1.30 ± 0.04). 

The one site where leaf ψ was correlated to both UAV NDVI and GreenSeeker NDVI, George, was also 

the site with the highest variation in leaf ψ (CV=7.23%). Buis, where leaf ψ was correlated to UAV 

NDVI, had the second most variation in leaf ψ (CV=5.84%). However, Hughes, where leaf ψ was 

correlated to UAV thermal and GreenSeeker NDVI, had only a mid range of leaf ψ variation 

(CV=4.07%). Both Cave Spring and CDC, which had no relationship between NDVI and leaf ψ, had the 

most water stressed vines in 2016; with all vines occurring in a state of mild to moderate water stress 

(Cave Spring leaf ψ range: -1.32 - -1.07 MPa; CDC leaf ψ range: -1.47 - -1.17 MPa). PondView, which 

also had no correlation with leaf ψ and NDVI, had majority of vines fall within a uniformly mildly 

stressed range of -0.88 - -1.17 MPa. Thus, the lack of relationship with NDVI data seen in these sites 

could be due to a more uniformly stressed vineyard. All three of these sites; Cave Spring, CDC and 

PondView, also had low variation in leaf ψ (CV =2.72, 3.43, and 4.20%, respectively). 

In 2017, GreenSeeker NDVI positively correlated to leaf ψ in three sites again; CDC (r= 0.502; 

Fig. 2.6a), George (r= 0.399; Fig. 2.12a), and Cave Spring (r= 0.383; Fig. 2.8a). In 2017, all sites except 

for CDC had a mean leaf ψ > -0.9 MPa, indicating no water stress, and all sites also had a higher mean 

leaf ψ (less water stress) compared to 2016, which is consistent with the significantly higher precipitation 

that occurred in the 2017 growing season (Table A4). Still, variation did occur across sites (Tables A7-

A12). Similar to 2016; Buis contained the least water stress and highest mean leaf ψ MPa (-0.643 ± 0.042; 

CV=6.56%), followed by PondView (-0.713 ± 0.030; CV=4.20%), Hughes (-0.787 ± 0.120; CV=15.3%), 

Cave Spring (-0.887 ± 0.083; CV=9.33%), George (-0.906 ± 0.121; CV=13.35%) and CDC (-1.178 ± 
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0.145; CV=12.35%). Notably, the three sites with correlations between leaf ψ and GreenSeeker NDVI 

(CDC, George, Cave Spring) were also the three sites with the most water stress (lowest leaf ψ mean: -

0.89- -1.18) and had high leaf ψ variation (CV 9.33-13.35%). On the other hand, the three sites with no 

correlation between NDVI and leaf ψ (Buis, PondView, and Hughes) consisted of vines that were almost 

all considered not water stressed (leaf ψ > -0.9), although Hughes did have a high variation in leaf ψ 

(CV=15.3%). 

Overall, RS could detect leaf ψ variation in both years only in George, which was the site with the 

most consistent variability in leaf ψ. In a normal growing season with ample precipitation (2017), sites 

displaying the most water stress (lowest leaf ψ) and high variation in water stress (CV%) were the sites 

with significant correlations between NDVI and leaf ψ (CDC, George, Cave Spring). These vineyards 

consisted of vines ranging from not stressed to mildly and moderately stressed, however, sites that 

consisted of vines that were all within a non water-stress range (>-0.9 MPa) had no correlation between 

leaf ψ and NDVI data. On the contrary, in a drought year (2016), sites with potentially water stressed 

vines (lowest leaf ψ) were not the sites with correlations with NDVI data, potentially due to the uniformly 

stressed vineyard. In the drought year, sites with high leaf ψ variation (%CV) occurring over biologically 

relevant categories (not stressed-mild/moderate stress) had the most correlations with NDVI data 

(Hughes, George, Buis).  

iii. Remote/proximal sensing and stomatal conductance (gs) 

In 2016, NDVI data correlated to gs data in five of six sites (Table 2.1), CDC excepted. UAV 

thermal demonstrated the most correlations and was negatively correlated in four sites: Hughes (r= -

0.653), PondView (r= -0.368), Buis (r= -0.345), and George (r= -0.275) and positively correlated at one 

site, Cave Spring (r= 0.304). GreenSeeker NDVI correlated to gs in four of six sites: positively in Hughes 

(r= 0.447, Fig. 2.9a), PondView (r= 0.324, Fig. 2.3), George (r= 0.255, Fig. 2.11a), and Buis (r= 0.241, 

Fig. 2.1a). UAV NDVI, however, was only correlated in two sites: George (r= 0.384) and Buis (r= 0.312). 

Mean gs varied across sites (Tables A7-A12) with the highest mean gs in PondView (851.4 ± 68.9), 

followed by Buis (664.9 ± 60.5), George (611.6 ± 82.1), Hughes (524.8 ± 66.8), CDC (475.9 ± 61.2), and 

Cave Spring having the lowest (325.79 ± 25.9). The sites with correlations with UAV thermal and 

GreenSeeker NDVI (Hughes, PondView, George, and Buis) had the highest mean gs. However, the 

magnitude of variation in gs did not appear to be NDVI-related; e.g. variation (CV%) was highest in 

George (13.42%), followed by CDC (12.85%), Hughes (12.73%), Buis (9.10%), PondView (8.09%), and 

Cave Spring (7.96%). The site with no correlations between gs and NDVI, CDC, had the second most 

variation in gs. 
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In 2017, GreenSeeker NDVI positively correlated to gs in three of the six sites; CDC (r= 0.615, Fig. 

2.6a), Cave Spring (r= 0.384, Fig. 2.8a), and Buis (r= 0.374; Fig. 2.2). Ranking of sites in order of highest 

to lowest mean gs (mmol/m²s) (Tables A7-A12) is as follows: George (672.184 ± 37.7), Cave Spring 

(661.1 ± 58.3), Hughes (621.2 ± 39.4), Buis (615.326 ± 62.5), CDC (587.4 ± 43.3), and PondView (457.4 

± 20.9). Sites with correlations between gs and GreenSeeker NDVI also consisted of high variation 

(CV%) in gs; Cave Spring (8.82%), Buis (10.16%), and CDC (7.37%). Both PondView and George had 

no relationship between gs and NDVI and consisted of the least variation in gs across vines—PondView 

(CV=4.58%) and George (5.61%); however Hughes also had no relationship between gs and NDVI and 

had higher variation in gs (7.48%). 

Overall, in a drought year, gs could be associated with NDVI and thermal data in most sites (5/6), 

with UAV thermal demonstrating the most correlations with gs followed by GreenSeeker NDVI. In a 

normal growing season, sites with high variation in gs demonstrated correlations between gs and NDVI 

data, whereas, sites that were more uniform in their gs had no relationship with NDVI. Site-based gs was 

not consistent across years, with sites that had the highest or lowest mean gs varying across years and sites 

consisting of relationships with NDVI data varying across years, with Buis being the only site with a 

relationship between gs and NDVI in both years. 

2.3.3 Relationships between remote/proximal sensing and vine health and physiology 

i. Remote/proximal sensing and Grapevine Leafroll associated Virus (GLRaV) infection (GLRaV-1,-2,-3) 

Across all sites, only a few vines were found infected with GLRaV-2 and no samples were infected 

with GLRaV-1, therefore all statistical analyses only included GLRaV-3 titer. Additionally, two sites, 

PondView and Hughes, had a GLRaV-3 infection rate < 12% (Hughes two of 18 sampled vines were 

infected and at PondView 0 of 21 were infected), and thus virus infection was not included in analyses for 

these sites. To run correlation-based analyses and create interpolated maps for virus data, designated clean 

vines by qRT-PCR were assigned a Cq value of 40; which was the upper limit of the qRT-PCR cycles run 

(Bester et al. 2014). Furthermore, virus titer is also discussed in terms of negative Cq units due to Cq 

being inversely related to virus titer, thus, negative Cq units enabled the demonstration of direct 

relationships with virus titer (correlations, PCA models, and maps). Lastly, virus titer data from 2016 was 

included in the 2017 analyses as the vines were not re-sampled for virus in 2017 under the assumption 

that relative virus titer and virus spatial patterns would be relatively similar across years (Arnold et al. 

2017).  

NDVI data correlated to virus titer in three of the four sites (Buis, Cave Spring, and George; Table 

2.1), however, the nature of these correlations varied between sites. Virus titer was negatively correlated 
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to GreenSeeker NDVI in Buis in both 2016 (r= -0.261, Fig. 2.1b) and 2017 (r= -0.278, Fig. 2.2). 

Furthermore, in 2016 when UAV data was also collected, Buis virus titer was negatively correlated to 

UAV NDVI (r= -0.292) and positively correlated to UAV thermal data (r= 0.278). Oppositely, in Cave 

Spring 2016 and 2017, virus titer was positively correlated to GreenSeeker NDVI (r= 0.332, Fig. 2.7c; r= 

0.223, Fig. 2.8b respectively) and an inverse correlation with UAV thermal data was found in 2016 (r= -

0.338). In George, virus titer was positively correlated with GreenSeeker NDVI (r= 0.363, Fig. 2.12b) in 

2017 only.  

Two sites, CDC and George, had the highest infection rates. Of the 19 sampled vines at CDC, 16 

were infected with virus (84.2% infection), and the mean -Cq among infected vines was -31.9 ± 1.2 with 

an overall site mean -Cq of -33.5 ± 2.11, CV= 6.35% (Table A9). George, with 16 of the 20 sampled 

vines showing virus infection (80% infection), had a mean -Cq among infected vines of -16.2 ± 4.2, and 

an overall site infection of -20.79 ± 6.67 -Cq, CV= 32.06% (Table A12). On the other hand, Cave Spring 

and Buis had lower rates of infection. Cave Spring had eight infected vines of the 22 sampled (36.4% 

infection) and a mean titer (-Cq) of the infected vines being -27.2 ± 8.9 with an overall site titer of -35.23 

± 4.90 -Cq, CV= 13.92% (Table A10). Of Buis' 16 sampled vines, nine were infected (47% infection), 

with a mean -Cq among infected vines of -20.3 ± 6.1 and a site mean of -31.08 ± 7.32, CV=23.6% (Table 

A7). The lack of correlation between virus and remote sensing data in George (2016) and CDC (2016 and 

2017) could be due a more uniformly infected vineyard, with high infection rates among the sampled 

vines (~80-85% infection). Furthermore, in CDC, where no correlation with virus was found in either 

year, the mean titer (-Cq) in this site was the lowest (-31.9 ± 1.2), suggesting that virus titer was the least 

severe in this site and CDC also consisted of the least variation in virus titer (CV=6.35%).  

ii. Remote/proximal sensing and winter hardiness (LT50) 

Winter hardiness was only analyzed in 2016 and was not associated with NDVI. GreenSeeker 

NDVI was correlated to LT50 in only one of six sites (Table 2.1). There was a positive correlation in 

Hughes with GreenSeeker NDVI (r= 0.530; Fig. 2.9a) and a negative correlation in Hughes with UAV 

NDVI (r= -0.538), consistent with the inverse correlation between UAV NDVI and GreenSeeker NDVI in 

this site. UAV thermal was not correlated to LT50 in any sites (Table 2.1). The detection of LT50 variation 

in only one site does not appear to be due to Hughes containing more variation in LT50 than other sites, as 

Hughes had the lowest range and CV% in LT50 compared to the other sites (Table A7-A12). This also is 

not assumed to be due to this site having a lower winter hardiness than all other sites, as winter hardiness 

was relatively consistent across sites, with the mean LT50 ranging from -21.1 - -22.6 °C across all sites 

(Tables A7-A12).  
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iii. Remote/proximal sensing and vine size 

Vine size was the most consistently correlated variable with NDVI in both years (Table 2.1). In 

2016, vine size was correlated with NDVI data in all six sites. Vine size was positively correlated with 

GreenSeeker NDVI in five sites; CDC (r= 0.627; Fig. 2.5b), George (r= 0.492; Fig. 2.11b), Cave Spring 

(r= 0.472; Fig. 2.7b), Hughes (r= 0.397; Fig. 2.9b), and PondView (r= 0.338; Fig. 2.3). UAV thermal data 

was also correlated with vine size in five sites, being negatively correlated in Hughes (r= -0.565), CDC 

(r= -0.392), Cave Spring (r= -0.345), Buis (r= -0.280), and PondView (r= -0.255). Lastly, regarding UAV 

NDVI correlations with vine size, there were correlations in three sites, with CDC (r= 0.705) and 

PondView (r= 0.269) showing positive correlations, and Hughes (r= -0.259) demonstrating a negative 

correlation. In 2016, mean vine size varied across sites (Tables A7-A12) with Buis having the largest vine 

size (0.778 ± 0.11), followed by George (0.730 ± 0.17), CDC (0.602 ± 0.27), Cave Spring (0.595 ± 0.09), 

Hughes (0.414 ± 0.13), and PondView (0.353 ± 0.09).  

In 2017, GreenSeeker NDVI was again positively correlated to vine size in five sites (Table 2.1). 

Like 2016; CDC (r= 0.460; Fig. 2.6a), Buis (r= 0.371; Fig. 2.2), PondView (r= 0.320; Fig. 2.4), Cave 

Spring (r= 0.276; Fig. 2.8b), and Hughes (r= 0.264; Fig. 2.10) all had positive correlations, with George 

demonstrating no relationship in 2017 despite the strong correlation that occurred in 2016. Vine size again 

varied across sites (Tables A7-A12) with the largest vines in Buis (0.974 ± 0.29), followed by CDC 

(0.728 ± 0.30), Hughes (0.698 ± 0.15), George (0.598 ± 0.18), Cave Spring (0.532 ± 0.19), and PondView 

(0.327 ± 0.09).  

Both GreenSeeker NDVI and UAV thermal showed similar promise in detection of vine size in 

2016. Vine size was consistently positively correlated with GreenSeeker NDVI and inversely correlated 

with UAV Thermal. Temporal consistency was seen in the positive correlations of vine size and 

GreenSeeker NDVI across both years. There does not appear to be an impact of a site’s overall vine vigor 

and the ability to be detected by remote or proximal sensing, as the one site (George) that was not 

detected in 2017 had mid-ranged vine size. Furthermore, sites with correlations with NDVI did not seem 

to be based on overall variation in vine size, as sites with the lowest variation (lowest CV% and range), 

PondView, Hughes, and Cave Spring, had noteworthy relationships with NDVI in both years.  

2.3.4 Relationships between remote/proximal sensing and yield components 

i. Remote/proximal sensing and total yield and cluster number 

NDVI was not associated with cluster number in either year, with only one site displaying 

correlations in each year (2016 George, 2017 Buis; Table 2.1). In 2016, GreenSeeker NDVI negatively 
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correlated with cluster number in George (r= -0.284; Fig. 2.11b) and UAV thermal also correlated 

positively in George (r= 0.375). In 2016, mean cluster number (Tables A7-A12) was highest in Buis (57 ± 

15), followed by Hughes (49 ± 10), PondView (41 ± 10), Cave Spring (41 ± 9), George (35 ± 12), and 

lowest in CDC (33 ± 9). Furthermore, variation in cluster number (CV%) was highest in George 

(38.18%), followed by CDC (27.03%), Buis (25.88%), PondView (23.10%), Cave Spring (21.75%), and 

Hughes (19.93%). In 2017; a negative correlation was seen with cluster number and GreenSeeker NDVI 

in Buis (r= -0.356; Fig. 2.2). In 2017, similar to 2016, the mean cluster number (Tables A7-A12) was 

highest in Buis (85 ± 13), followed by Hughes (59 ± 9), Cave Spring (50 ± 11), PondView (45± 13), 

George (44 ± 9), and lowest in CDC (35 ± 12). Variation in clusters (CV%) was highest in CDC 

(34.29%), followed by PondView (27.56%), Cave Spring (21.71%), George (19.41%), Buis (15.40%), 

and Hughes (14.64%).  

Although NDVI was not associated with cluster number in most sites, more relationships were seen 

between NDVI and total yield. In 2016, NDVI correlated to yield in five sites, with the only site 

demonstrating no correlations being PondView (Table 2.1). GreenSeeker NDVI was positively correlated 

to yield in Cave Spring (r= 0.477, Fig. 2.7b), CDC (r= 0.382, Fig. 2.5b), and Buis (r= 0.311, Fig. 2.1a). 

UAV NDVI was positively correlated to yield in the same three sites: CDC (r= 0.310), Buis (r= 0.295), 

and Cave Spring (r= 0.253). UAV thermal was negatively correlated to yield in Cave Spring (r= -0.343) 

as well as in Hughes (r= -0.389) and was positively correlated to yield in George (r= 0.250). Variation 

occurred across sites in the mean yield (Tables A7-A12), with the largest mean yield per vine (kg) being 

in Buis (5.3 ± 1.7), followed by Hughes (5.2 ± 1.2), PondView (4.0 ± 1.0), Cave Spring (3.9 ± 1.3), 

George (3.1 ± 1.3), and CDC (3.1 ± 1.0). Total site variation in yield (CV%) also differed between sites 

with the most variation occurring in George (42.33%), followed by Cave Spring (33.53%), CDC 

(33.09%), Buis (32.6%), PondView (24.77%), and the least in Hughes (22.84%). 

In 2017, GreenSeeker NDVI correlated to yield in only two sites (Table 2.1), with a positive 

correlation in Cave Spring (r= 0.279, Fig. 2.8a) and a negative correlation in CDC (r= -0.231, Fig. 2.6a). 

In 2017, the site with the highest total yield in kg (Tables A7-A12) was again Buis (8.9 ± 2.0), followed 

by Hughes (8.2 ± 1.1), Cave Spring (7.3 ± 1.8), George (6.2 ± 1.4), PondView (4.2 ± 1.2), and CDC (3.9 

± 1.3). Site variation in yield (CV%) was highest in CDC (32.45%), PondView (27.44%), Cave Spring 

(23.84%), George (23.15%), Buis (22.03%), and the least in Hughes again (13.64%). 

In both 2016 and 2017, there were some consistencies across years, with NDVI positively 

correlated with Cave Spring yield in both years and no correlation between NDVI data and yield in 

PondView in both years. However, although a correlation occurred between NDVI and yield in CDC in 

both years, in 2016 this relationship was positive and in 2017 it was negative. There did not seem to be an 
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impact of overall site variation in yield (CV%) on relationships with NDVI or thermal data, as Hughes 

had the least variation in yield compared to other sites yet yield was correlated to UAV thermal in this site 

in 2016. Furthermore, though PondView showed no relationship with NDVI and yield in both years, this 

site had a mid-range variation in yield in both years.  

iii. Remote/proximal sensing and berry weight 

NDVI data correlated to berry weight in four sites in 2016, and no sites in 2017 (Table 2.1). In 

2016, berry weight correlated to NDVI in Cave Spring, George, Hughes, and CDC (Table 2.1). Of the 

sensing technologies, GreenSeeker NDVI had the most relationships; being positively correlated in four 

sites; George (r= 0.524, Fig. 2.11b), Hughes (r= 0.426, Fig. 2.9b), CDC (r= 0.346, Fig. 2.5b), and Cave 

Spring (r= 0.268, Fig. 2.7b). UAV NDVI was only positively correlated to berry weight in one site, CDC 

(r= 0.263). UAV thermal was negatively correlated to berry weight in three sites: Hughes (r= -0.506), 

CDC (r= -0.374), and Cave Spring (r= -0.286). The highest mean berry weight (g) (Tables A7-A12) was 

seen in George (1.64 ± 0.28), followed by Buis (1.53 ± 0.13), PondView (1.46 ± 0.12), Cave Spring (1.43 

± 0.14), Hughes (1.35 ± 0.13), and the lowest in CDC (1.25 ± 0.23). Site variation in berry weight (CV%) 

was highest in CDC (17.98%), followed by George (16.94%), Hughes (9.86%), Cave Spring (9.85%), 

Buis (8.66%), and PondView (7.93%). Notably, the two sites with no relationship between berry weight 

and NDVI was Buis and PondView, the two sites with the lowest variation. Furthermore, the one site with 

a correlation between berry weight and all three VIs, CDC, had the highest variation in berry weight. In 

2017, no correlations occurred between GreenSeeker NDVI and berry weight (Table 2.1). Interestingly, 

the three sites with the lowest mean berry weight in 2016 had the highest mean berry weight (g) in 2017 

(Tables A7-A12); CDC (1.77 ± 0.21), Hughes (1.75 ± 0.19), Cave Spring (1.74 ± 0.15), followed by 

George (1.68 ± 0.18), Buis (1.63 ± 0.15), and PondView (1.55 ± 0.12). Again, highest variation in berry 

weight (CV%) was in CDC (11.78%), followed by Hughes (10.90%), George (10.60%), Buis (9.35%), 

Cave Spring (8.50%), and PondView (7.48%). 

Overall, in 2016 majority of sites displayed positive relationships between NDVI and berry weight, 

and sites with the most variation in berry weight were the sites with relationships between berry weight 

and RS data. However, in 2017 there were no relationships seen.  

2.3.5 Relationships between remote/proximal sensing and berry composition 

i. Remote/proximal sensing and Brix 

In 2016, RS data was correlated to Brix in 4/6 sites (Table 2.1); George, Cave Spring, CDC, and 

Buis. GreenSeeker NDVI was negatively correlated to Brix in Buis (r= -0.250, Fig. 2.1b), CDC (r= -
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0.569, Fig. 2.5b), and Cave Spring (r= -0.371, Fig. 2.7b). UAV NDVI was also negatively correlated to 

Brix in Buis (r= -0.289) and CDC (r= -0.511). UAV thermal was positively correlated to Brix in CDC (r= 

0.321), Cave Spring (r= 0.302), and negatively correlated in George (r= -0.292). The three sites with the 

highest Brix (°Brix) (Table A7-A12) in 2016 were PondView (20.7 ± 1.1), Cave Spring (20.5 ± 1.3), 

CDC (20.1 ± 1.4), and the three sites with the lowest were Buis (18.1 ± 1.1), Hughes (17.8 ± 1.1), and 

George (17.5 ± 1.4). Furthermore, variation in site Brix (CV%) was highest in George (8.01%), followed 

by CDC (6.78%), Cave Spring (6.31%), Hughes (5.99%), Buis (5.88%), PondView (5.14%).  

Although GreenSeeker NDVI was negatively correlated with Brix in three sites in 2016, 

GreenSeeker NDVI was only correlated to Brix in one site in 2017- with a negative correlation in George 

(r= -0.455, Fig. 2.12b). In 2017, the same three sites had the highest Brix (°Brix) (Table A7-A12) again; 

PondView (20.4 ± 1.3), CDC (19.3 ± 1.6), Cave Spring (18.4 ± 1.6), followed by Hughes (18.1 ± 1.3), 

Buis (16.4 ± 1.5), and George (15.6 ±1.7). Furthermore, variation in Brix (CV%) was highest in George 

(11.07%), followed by Buis (9.12%), Cave Spring (8.46%), CDC (8.11%), Hughes (7.17%), PondView 

(6.58%).  

Overall, a negative correlation between berry Brix and NDVI was seen; however, temporal stability 

of this relationship was not found. Sites that had a correlation with GreenSeeker NDVI in 2016 did not in 

2017 and the one site correlated to GreenSeeker NDVI in 2017 (George) was not correlated to 

GreenSeeker NDVI in 2016. The only consistency was that both PondView and Hughes had no 

correlation in either year. There was a potential influence of overall site variation in Brix and its 

estimation by remote and proximal sensing, with more uniform sites in terms of Brix having no 

correlation in both years. Furthermore, the one site in 2017 with a correlation with Brix and NDVI, 

George, had the highest variation in Brix in both years.  

ii. Remote/proximal sensing and pH  

In 2016; pH correlated to NDVI data in three sites: Cave Spring, Buis, George (Table 2.1). 

GreenSeeker NDVI was negatively correlated to pH in Cave Spring (r= -0.23, Fig. 2.7b), and UAV NDVI 

was negatively correlated to pH in Buis (r= -0.43). UAV thermal was negatively correlated to pH in 

George (r= -0.320). In 2016, mean pH was lowest (Tables A7-A12) in Buis (3.25 ± 0.06), followed by 

George (3.39 ± 0.07), Hughes (3.39 ± 0.07), Cave Spring (3.47 ± 0.08), PondView (3.48 ± 0.09), and 

CDC (3.50 ± 0.09). Variation in pH (CV%) was highest in PondView (2.64%), followed by CDC 

(2.54%), Cave Spring (2.22%), George (2.09%), Buis (1.97%), Hughes (1.92%). In 2017, pH was 

correlated to GreenSeeker NDVI in three sites; George, CDC, and Buis (Table 2.1), however, two sites 

showed a positive correlation; CDC (r= 0.27, Fig. 2.6b), Buis (r= 0.44, Fig. 2.2), and one site a negative 
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correlation; George (r= -0.44, Fig. 2.12b). In 2017, pH was lowest (Table A7-A12) in Buis (2.95 ± 0.12), 

followed by Cave Spring (3.21 ± 0.12), George (3.21 ± 0.11), CDC (3.23 ± 0.15), Hughes (3.24 ± 0.09), 

and PondView (3.32 ± 0.14). Variation (CV%) in pH was highest in CDC (4.65%), followed by 

PondView (4.15%), Buis (3.99%), Cave Spring (3.66%), George (3.42%), and Hughes (2.83%).  

Though there were correlations between pH and NDVI in both years; the nature of the relationships 

varied between sites and years, and temporal consistency in relationships was not seen. In 2016, pH was 

negatively correlated to NDVI (GreenSeeker and UAV), yet in 2017 most pH relationships with 

GreenSeeker NDVI were positive. Furthermore, Cave Spring had a correlation in 2016 and did not the 

following year, whereas CDC had a correlation in 2017 and not in 2016. The two sites that had 

correlations in both years, Buis and George, still did not exhibit temporally stable relationships. Buis had 

a negative correlation with UAV NDVI in 2016 and a positive correlation with GreenSeeker NDVI in 

2017. George, which had a negative correlation with UAV thermal data in 2016 and no correlation with 

either NDVI (UAV or GreenSeeker) had a positive correlation with GreenSeeker NDVI in 2017. There 

did not appear to be an impact of site mean pH or amount of variation in pH on relationships with NDVI. 

iii. Remote/proximal sensing and titratable acidity (TA) 

In 2016 TA correlated to NDVI in four sites (Table 2.1): Buis, PondView, Cave Spring, and 

Hughes. GreenSeeker NDVI was positively correlated in three sites; Buis (r= 0.386, Fig. 2.1b), PondView 

(r= 0.224, Fig. 2.3), and Cave Spring (r= 0.287, Fig. 2.7c), interestingly, there was a negative correlation 

seen in Hughes (r= -0.329, Fig. 2.9b). UAV NDVI was only correlated to TA in two sites; both with a 

positive correlation; Hughes (r= 0.273) and Buis (r= 0.408). UAV thermal was only correlated with TA in 

one site, with a negative correlation in Buis (r= -0.239). In 2016, the highest mean TA (g/L) (Tables A7-

A12) was in George (9.30 ± 1.03), followed by Buis (9.04 ± 0.60), Hughes (8.26 ± 0.63), Cave Spring 

(7.75 ± 0.66), PondView (7.78 ± 0.62), and CDC (6.88 ± 0.75). Variation in site TA (CV%) was highest 

in George (11.06%), followed by CDC (10.89%), Cave Spring (8.52%), PondView (7.93%), Hughes 

(7.60%), Buis (6.67%). In 2017, GreenSeeker NDVI was correlated to TA in three sites (Table 2.1); with 

a positive correlation in CDC (r= 0.331, Fig. 2.6b) and Cave Spring (r= 0.421, Fig. 2.8b) and a negative 

correlation in George (r= -0.278, Fig. 2.12b). In 2017, the highest mean TA g/L (Tables A7-A12) was in 

Buis (9.05 ± 1.05), followed by George (8.59 ± 0.85), Cave Spring (7.55 ± 0.91), Hughes (6.77 ± 0.66), 

PondView (5.88 ± 0.90), CDC (5.71 ± 0.87).  Site variation in TA (CV%) was highest in PondView 

(15.31%), followed by CDC (15.15%), Cave Spring (12.00%), Buis (11.57%), George (9.88%), Hughes 

(9.75%).  
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There seemed to be an overall trend of a positive correlation between NDVI and TA, however, 

temporal stability of these relationships was not found. The only site with a consistent relationship across 

years was Cave Spring, with both years showing positive correlations between TA and GreenSeeker 

NDVI. CDC had no correlation in 2016 and yet in 2017 a positive correlation was found. Furthermore, 

George displayed no relationship in 2016 and yet a negative correlation was seen in 2017. Buis, which 

was positively correlated with NDVI (UAV and GreenSeeker) in 2016 had no correlation in 2017, and 

Hughes which was negatively correlated with GreenSeeker NDVI in 2016 had no correlation in 2017. 

There did not appear to be an influence of mean site TA or the overall site variation in TA on whether a 

relationship was seen with NDVI. 

iv. Remote/proximal sensing and terpenes: free volatile terpenes (FVT) and potentially volatile terpenes 

(PVT) 

In 2016, FVT correlated with NDVI data in only two sites: Cave Spring and Hughes (Table 2.1). 

GreenSeeker NDVI was positively correlated to FVT in Cave Spring (r= 0.403, Fig. 2.7c) and Hughes (r= 

0.391, Fig. 2.9b); however, UAV NDVI was negatively correlated to FVT in Hughes (r= -0.329). UAV 

thermal was also correlated to FVT in both Hughes and Cave Spring with a negative correlation in both; 

Cave Spring (r= -0.347) and Hughes (r= -0.324). In 2016, sites with the highest FVT (mg/L) (Tables A7-

A12) was George (0.50 ± 0.07) and Hughes (0.49 ± 0.09), followed by Buis (0.43 ± 0.15), Cave Spring 

(0.42 ± 0.10), CDC (0.41 ± 0.06), and PondView (0.37 ± 0.09). Variation in site FVT (CV%) was highest 

in Buis (33.33%), followed by PondView (24.36%), Cave Spring (23.73%), Hughes (18.55), George 

(14.26%), CDC (13.55%). In 2017, FVT was correlated with GreenSeeker NDVI in two sites, again a 

positive correlation in Cave Spring (r= 0.288, Fig. 2.8b) and a positive correlation in PondView (r= 0.228, 

Fig. 2.4). In 2017, the site with the highest FVT (mg/L) (Tables A7-A12) was again George (0.93 ± 0.11), 

followed by PondView (0.91 ± 0.12), CDC (0.60 ± 0.11), Hughes (0.51 ± 0.07), Cave Spring (0.47 ± 

0.10), Buis (0.38 ± 0.07). Variation in site FVT (CV%) was highest in Cave Spring (20.60%), followed 

by CDC (19.06%), Buis (18.71%), Hughes (14.58%), PondView (13.14%), George (11.62%). There did 

not seem to be an impact of variation in FVT on whether a correlation with NDVI data was seen. 

In 2016, PVT correlated to NDVI data in four sites: Buis, Hughes, Cave Spring, and George (Table 

2.1). GreenSeeker NDVI was negatively correlated to PVT in Buis (r= -0.362, Fig. 2.1b) and George (r= -

0.239, Fig. 2.11b) and positively in Hughes (r= 0.452, Fig. 2.9b). UAV NDVI was negatively correlated 

to PVT in Cave Spring (r= -0.450), Buis (r= -0.290), and Hughes (r= -0.329). No correlations were seen 

with PVT and UAV thermal. In 2016, the highest mean PVT (Tables A7-A12) was in Hughes (0.178 ± 

0.24), followed by Buis (1.69 ± 0.32), George (1.54 ± 0.25), PondView (1.45 ± 0.17), Cave Spring (1.45 

± 0.19), and CDC (0.144 ± 0.15). Site variation in PVT (CV%) was highest in Buis (18.94%), followed 
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by George (16.22%), Hughes (13.48%), Cave Spring (13.28%), PondView (11.84%), CDC (10.62%). In 

2017, GreenSeeker NDVI correlated to PVT in three sites; George, Cave Spring, and CDC (Table 2.1). 

Similar to 2016, there was a negative correlation in George (r= -0.472, Fig. 2.12b) as well as a negative 

correlation in CDC (r= -0.283, Fig. 2.6b) and a positive correlation in Cave Spring (r= 0.390, Fig. 2.8b). 

In 2017, the highest mean PVT (mg/L) (Tables A7-A12) was PondView (2.69 ± 0.22), followed by 

George (2.39 ± 0.28), CDC (2.30 ± 0.35), Hughes (2.16 ± 0.24), Cave Spring (1.61 ± 0.32), Buis (1.19 ± 

0.23). Site variation in PVT (CV%) was highest in Buis (19.58%), followed by Cave Spring (19.56%), 

CDC (15.38%), George (11.75%), Hughes (11.19%), PondView (8.04%).  

Overall, FVT was not often correlated with NDVI data, with only two sites having significant 

correlations in both years. There was consistency in these relationships however, where GreenSeeker 

NDVI and FVT were positively correlated in both sites in both years. Although FVT and NDVI were 

consistently positively correlated, PVT and NDVI was much more often negatively correlated. PVT was 

more often correlated with NDVI in both years, with four significant correlations in 2016 and three in 

2017, however, there was much less consistency in these relationships and their temporal stability. NDVI 

was negatively correlated to PVT in most sites, however, one site had a positive correlation between 

GreenSeeker NDVI and PVT in both years. Furthermore, the only temporally consistent relationship was 

seen in George, with a negative correlation with NDVI in both years. Interestingly, Cave Spring showed a 

negative correlation with UAV NDVI in 2016 and a positive correlation with GreenSeeker NDVI in 2017. 

Other sites; Buis, Hughes, and CDC, were only correlated in one of the two years. There also appeared to 

be an impact of overall site PVT variation and its estimation by remote and proximal sensing, where sites 

with higher PVT variation had correlations with NDVI data compared to more uniform sites. In 2016, 

sites where PVT correlated with NDVI were also those with the highest variation in PVT, as correlations 

were seen in Buis, Hughes, Cave Spring, and George, which consisted of the highest PVT variation. In 

2017; George, Cave Spring, and CDC had correlations and high variation in PVT, though Buis consisted 

of the overall highest PVT CV% and showed no correlation. 

2.3.6 PCA models: PCA correlation circles 

PCA models for all sites and years used the first two factors, which explained between 34-46% of 

the data (Figs 2.13-2.18). PCA models visually demonstrated similar relationships between variables as 

seen in Pearson’s correlation matrices and scatter plots. In Buis 2016 (Fig. 2.13), the model explained 

40.55 % of the data and demonstrated positive correlations between UAV NDVI and GreenSeeker NDVI, 

which were both positively correlated to yield, clusters, and TA. These were inversely correlated to UAV 

thermal, Brix, and pH. In 2017 (Fig. 2.13), the model explained 38.01% of the data and showed 

GreenSeeker NDVI was positively correlated to Brix, pH, vine size, and berry weight and was inversely 



66 
 

correlated to TA and FVT. PondView 2016 PCA (Fig. 2.14) explained 34.34% of the data and 

demonstrated positive correlations between UAV NDVI and GreenSeeker NDVI, which were positively 

correlated to vine size and LT50 and inversely correlated to UAV thermal. Berry weight, yield, and 

clusters all had short vectors and thus were not well explained by the first two PCAs. In PondView 2017, 

the PCA model explained 37.16% of the data (Fig. 2.14)). The vector for GreenSeeker NDVI was 

relatively short and thus relationships were difficult to determine visually. GreenSeeker NDVI appears 

positively correlated to berry weight (also a short vector), gs, FVT, PVT, and pH. These were inversely 

related to leaf ψ (short vector) and SWC. However, based on scatter plots and Pearson’s correlations, 

PondView 2017 GreenSeeker NDVI only correlated with vine size and TA (both positive relationships). 

Thus, this PCA model was not a strong representation of significant relationships with GreenSeeker 

NDVI. The CDC 2016 PCA (Fig. 2.15) explained 39.45% of the data. GreenSeeker NDVI was positively 

correlated to UAV NDVI which were both positively correlated to yield and vine size. These were 

inversely correlated to SWC and UAV thermal. FVT, PVT, GLRaV-3 titer, and cluster numbers all had 

relatively short vectors and were not explained well by the model. CDC 2017 PCA (Fig. 2.15) explained 

40.67% of the data. GreenSeeker NDVI was positively correlated to leaf ψ, gs, and vine size and 

negatively correlated to SWC. 

Cave Spring 2016 PCA (Fig. 2.16) explained 35.91% of the data. GreenSeeker NDVI and UAV 

NDVI were positively correlated, and both were positively correlated to vine size, yield, and cluster 

numbers. These were inversely correlated to Brix, pH, UAV thermal and gs. As seen by the short vectors, 

berry weight and leaf ψ were not well explained by the model. Cave Spring 2017 PCA (Fig. 2.16) 

explained 39.07% of the data. GreenSeeker NDVI was positively correlated to leaf ψ, gs, and vine size. 

No clear inverse relationships with GreenSeeker NDVI were seen. Berry weight and SWC were not well 

explained by the model. Hughes 2016 PCA (Fig. 2.17) explained 46.09% of the data. GreenSeeker NDVI 

was positively correlated to berry weight and inversely correlated to UAV NDVI. UAV NDVI positively 

correlated with TA. UAV thermal inversely correlated with vine size, leaf ψ, and gs. Hughes 2017 PCA 

(Fig. 2.17) explained 38.05% of the data and GreenSeeker NDVI was positively correlated to vine size 

and inversely correlated to all water status variables (leaf ψ, gs, and SWC). The George 2016 PCA (Fig. 

2.18) explained 41.94% of the data. GreenSeeker NDVI and UAV NDVI were positively correlated, and 

these positively correlated with vine size and SWC and inversely correlated with yield, cluster number, 

and UAV thermal. George 2017 PCA (Fig. 2.18) explained 34.33% of the data and GreenSeeker NDVI 

positively correlated with GLRaV-3 and inversely correlated with Brix, pH, and PVT. The vectors for 

SWC, FVT, gs and TA were all relatively short and not explained well by the first two factors. 
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Overall, PCA models were representative of majority of significant Pearson’s correlations seen 

between variables. However, due to some variables being not well explained by the first two factors, as 

seen by their short vectors and thus low square cosines, relationships for these variables should be 

confirmed with Pearson’s correlations and scatter plots. The similarities between remote sensing 

relationships with other variables seen in the PCA models and the Pearson’s correlations highlights the 

strength of these relationships. In general, UAV NDVI and GreenSeeker NDVI were positively correlated 

with one another, and these were inversely correlated with UAV thermal. NDVI tended to be associated 

positively with vine size, yield, and water status measures. Relationships with berry composition were 

seen, however the nature of the relationships varied across sites and years. 

2.3.7 Spatial distributions and relationships 

i. Global Moran’s I 

Global Moran’s I was used to determine spatial autocorrelation of variables (Tables 2.2-2.7), where 

spatially clustered variables may be more appropriate for precsion viticulture applications due to the ease 

of targeting management to larger vineyard clusters/zones rather than sporadically thoughout the vineyard 

(Pringle et al. 2003, Acevedo-Opazo et al. 2008). All remote sensing variables were highly clustered 

across the six sites: UAV thermal and UAV NDVI were clustered in all six sites (2016 only) and 

GreenSeeker NDVI was clustered in all sites in 2016 and in five sites in 2017. Vine size was mostly 

clustered in 2016, in four sites, however was only clustered in two sites in 2017. Measures of water status 

were mainly clustered across sites, with SWC clustered in five sites in both years, leaf water potential was 

clustered in all six sites in 2016 and 5/6 sites in 2017, and gs was clustered in all six sites in 2016 and four 

sites in 2017; being dispersed in PondView 2017. Virus infection was also highly clustered, in 2016 when 

virus was measured, GLRaV-3 titer was clustered in all four sites where virus was present. Winter 

hardiness was also highly clustered in 2016 when bud LT50 was analyzed, being clustered in all six sites. 

Yield was mostly randomly distributed, being only clustered in two sites in 2016 and in no sites in 2017. 

Cluster number was also mostly randomly distributed, being clustered in only one site in each year. Berry 

weight was slightly clustered, being clustered in three sites in 2016 and two sites in 2017. Basic berry 

composition was slightly clustered overall, with Brix being clustered in three sites in 2016 and no sites in 

2017, berry pH was clustered in two sites in both years, and TA was clustered in three sites in 2016 and 

two sites in 2017. TA was also dispersed in one site, in Hughes 2016. Berry terpene concentration, 

however, was highly clustered overall, with FVT being clustered in five sites in both years and PVT 

clustered in all sites in both years. In general, remote sensing, water status, virus titer, winter hardiness, 

and berry terpene concentration were highly clustered variables, whereas yield, and cluster number were 

mostly randomly distributed. Vine size, berry weight and basic berry composition were slightly clustered, 
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with spatial patterns depending greatly on the site and year. It should be noted that Moran’s Index for gs, 

leaf ψ, virus titer, winter hardiness, and terpene concentration was run on the entire ~80 vines; the ~60 

unsampled vines were given values based on spatial interpolation (see methods for details). 

ii. Spatial analysis of maps: comparing spatial patterns and configurations  

In 2016, vineyard maps of GreenSeeker NDVI were like those of UAV NDVI in five sites (Figures 

A4-A15) except in Hughes, and furthermore, in all sites, NDVI spatial maps showed opposite spatial 

patterns compared to UAV thermal, where areas with high NDVI had low UAV thermal data (°C) and 

vice versa. When comparing the spatial patterns of remote sensing maps to those of agriculturally 

significant variables, comparisons will focus on NDVI maps, which were created in both years 

(GreenSeeker NDVI), and to avoid redundancy as patterns of thermal data were often opposite to those of 

NDVI. 

In Buis 2016 (Fig. A4), NDVI maps both showed similar spatial patterns to those of leaf ψ, gs, vine 

size, and TA; with low values in the northwestern zone of the block and high values in the southeastern 

zone. NDVI maps showed inverse spatial patterns with UAV thermal, Brix, pH, FVT, PVT and GLRaV 

infection, where these variables had higher values in the northwestern zone and lower values in the 

southeastern zone. In Buis 2017 (Fig. A5), the GreenSeeker NDVI map was more spatially dispersed 

compared to 2016, however, still showing a spatial distribution of lower values in the western end of the 

block compared to the eastern side. This map showed similar spatial patterns to those of gs, vine size, and 

pH and inverse spatial patterns compared to cluster numbers and GLRaV infection. 

In PondView 2016 (Fig. A6), NDVI maps both showed similar spatial patterns to those of gs, vine 

size, and TA, with low values in the northwestern and southwestern areas and higher values in a central-

eastern zone. Opposite spatial patterns were seen with UAV thermal, where lower temperatures were seen 

in the central eastern area, and higher temperatures along the north and southeastern areas. PondView 

2017 (Fig. A7) GreenSeeker NDVI map demonstrated a north-south striped pattern with low NDVI 

values running along the eastern and western edge of the block as well as down the centre of the block. 

Variables that showed similar spatial patterns to GreenSeeker NDVI were vine size and an inverse pattern 

compared to Brix. 

In CDC 2016 (Fig. A8), NDVI maps both showed similar spatial patterns to those of yield, vine 

size, and berry weight, with lower values in the northwestern and southeastern areas of the block and 

higher values in the southwestern and northeastern edge and the center of the block. Inverse spatial 

patterns were seen in maps of UAV thermal, SWC, Brix, and pH, where lower values were seen in the 

southwestern, northeastern, and center of the map and higher values in the northwestern and southeastern 
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areas of the block. In CDC 2017 (Fig. A9), the GreenSeeker NDVI map was spatially distributed similar 

to that of GreenSeeker 2016 and showed similar spatial patterns to those of gs, leaf ψ, vine size, pH, and 

TA and inverse patterns to those of SWC, yield, cluster numbers, and PVT. 

In Cave Spring 2016 (Fig. A10), NDVI maps were similar and showed highly patchy spatial 

patterns with high and low values seen throughout the entire site. However, similar spatial patterns were 

seen in maps of yield, cluster numbers, vine size, berry weight, TA, FVT, and GLRaV infection and 

inverse patterns to those of UAV thermal, Brix, and pH. In Cave Spring 2017 (Fig. A11), GreenSeeker 

NDVI maps showed lower NDVI in the western portion of the block and higher NDVI in the eastern zone 

of the block. Similar spatial patterns were seen in maps of leaf ψ, gs, yield, vine size, TA, FVT, and an 

inverse pattern seen in the map of berry pH. 

In Hughes 2016 (Fig. A12), the UAV NDVI map was not similar to that of GreenSeeker NDVI. 

Interestingly, the UAV NDVI map in this site displayed an unexpected and unusual diagonally striped 

pattern. This was also seen by Lamb et al. 2001, where they described this pattern as a form of aliasing 

due to the nature of vine rows along with the lines of image pixels and is perhaps a consequence of the 

spatial resolution used. Aside from the diagonally striped pattern, the UAV NDVI map showed low 

NDVI along the western edge of the block and higher NDVI in the eastern portion of the block. This was 

quite spatially opposite to the GreenSeeker NDVI map, which had higher NDVI in the northeastern area 

and low NDVI in the south and western end of the block. The UAV Thermal map was almost identically 

inverse to the GreenSeeker NDVI map, with lower temperature in the northeastern area and higher 

temperature in the south and western ends of the block. The GreenSeeker NDVI 2016 map showed 

similar spatial patterns to that of leaf ψ, gs, berry weight, vine size, winter hardiness, FVT and PVT. 

Inverse spatial patterns were seen in the map of TA. Map of Hughes 2017 (Fig. A13) GreenSeeker NDVI 

was highly N-S striped, with low NDVI along the outer western edge of the block and down the center-

eastern portion and high NDVI along the outer eastern edge of the block and down the center-western 

portion of the block. Spatial patterns of other variables were difficult to compare with the GreenSeeker 

NDVI map as no other variable displayed the highly N-S striped pattern, though the yield map showed 

some similar spatial patterns and the gs map showed a slightly opposite spatial distribution.  

In George 2016 (Fig. A14), NDVI maps showed similar spatial patterns with lower NDVI in the 

eastern side of the block and along the western edge of the block and higher values in the central and 

central-western areas of the block. Similar spatial patterns were seen in maps of leaf ψ, gs, berry weight, 

vine size, TA, GLRaV infection, and inverse patterns in maps of UAV thermal, yield, cluster numbers 

and PVT. In George 2017 (Fig. A15), the GreenSeeker NDVI map demonstrated a highly zonal spatial 

pattern, with low values in the central and eastern portion of the block and high values in the western 
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portion of the block. Similar spatial patterns were seen in maps of GLRaV infection and inverse patterns 

seen in maps of Brix, pH, TA, and PVT. 

Temporal consistency of spatial patterns was difficult to determine with only 2 years of data and 

such large differences in weather across both years (Table A4). Furthermore, ability to compare spatial 

patterns and relationships across variables varied by site and year. Sites where maps of remote sensing 

variables displayed highly patchy or striped spatial patterns such as Buis 2017, PondView 2017, Cave 

Spring 2016, and Hughes 2017 were difficult to visually compare to maps of other variables. Sites with 

more clear zonal separations of remote sensing variables, such as Buis 2016, PondView 2016, CDC 2016 

and 2017, Cave Spring 2017, Hughes 2016, and George 2016 and 2017 were easier to visually compare 

and interpret, and subsequently would be more readily useable by a grower for precision viticulture 

applications. In general, maps of UAV NDVI and GreenSeeker NDVI were highly similar to one another 

and opposite to those of UAV thermal. Remote sensing maps often showed similar or directly opposite 

spatial patterns with variables that demonstrated significant correlations. This highlights the applicability 

of remote sensing maps in delignating target areas within a vineyard for precision viticulture applications. 

2.4 Discussion 

Remote sensing demonstrated the capacity to detect vineyard variation in each of the six studied 

vineyards for several agriculturally important variables including measures of vine health, size, yield, and 

berry composition. Primarily, when comparing the various remote-sensing technologies used in 2016, 

GreenSeeker NDVI demonstrated the most promise in detecting vineyard variation for most variables, 

except for gs, which was correlated to UAV thermal data in the most sites (Table 2.1). This is consistent 

with previous literature demonstrating the capacity of thermal imagery to correlate strongly with vineyard 

gs, due to the direct measure of canopy temperature and its relation to stomatal closure (Baluja et al. 

2012). Furthermore, in 2016, yield was correlated to UAV thermal in four sites and to GreenSeeker NDVI 

in only three sites, indicating an increased sensitivity of thermal imagery for yield as well, though 

previous literature has focused on the use of multispectral and hyperspectral sensors in yield detection 

(Acevedo-Opazo et al. 2008, Rey-Caramés et al. 2015). In contrast, UAV NDVI data was the least 

correlated remote-sensing technology for all variables, despite it being correlated to UAV thermal and 

GreenSeeker NDVI data in most sites. Regardless, the lower number of correlations seen between 

measured variables and UAV NDVI can be due to a variety of factors. First, no data processing was 

performed to remove between-row spectral reflection, thus, between row soil and/or vegetation 

reflectance values could have influenced the UAV NDVI data and the resulting NDVI values extracted 

from the geo-located vines (Lamb et al. 2001, Hall et al. 2008, Ledderhof et al. 2016). With the UAV 

NDVI spatial resolution of 8.47 cm, and the accuracy of the dGPS located grapevines being ~30-50cm, 
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NDVI data corresponding to each geo-located grapevine should have been extracted from pixels near the 

centre of the canopy. Presumably, these pixels would be less influenced by ground-based reflection due to 

the canopy thickness near the centre of the vine. Interestingly, the high spatial resolution of these data 

may have been a detriment due to NDVI being highly related to differences in canopy size (Johnson 2003, 

Acevedo-Opazo et al. 2008), where aerial NDVI measurements using lower spatial resolutions can 

capture the differences in canopy area more readily compared to higher spatial resolutions (Lamb et al. 

2001, Hall et al. 2008). Perhaps by resampling the UAV NDVI data through averaging values across 

pixels to create a lower spatial resolution, data would reflect differences in entire canopy area and more 

relationships would have been seen with measured variables. The influence of spatial resolution on the 

resulting relationships with manual data may have been less relevant for UAV thermal imagery, which 

showed higher success compared to UAV NDVI, due to the requirement of determining canopy 

temperature from canopy-only pixels, where a higher spatial resolution may be ideal and information on 

canopy area less relevant. This is consistent with Bellvert et al. (2014) who determined that airborne 

thermal data extracted from imagery with a pixel size of 0.3 m had the highest correlation with leaf ψ 

values due to inclusion of canopy-only values, compared to lower spatial resoultions.  

Furthermore, UAV NDVI may have been less correlated with measured variables compared to 

GreenSeeker NDVI because UAV NDVI measurements are taken from above the canopy, which may not 

reflect canopy size and structure as well as measurements taken from the side of the canopy, as is the case 

of GreenSeeker NDVI. NDVI being deemed a canopy-structure based VI (Roberts et al. 2016) may be 

highly influenced by vineyard management techniques such as training systems, hedging, tucking, shoot 

thinning and positioning, which can all influence the canopy structure and the representative comparison 

of an aerial view compared to a side-view. Training systems with stronger vertical profiles, such as the 

Scott Henry training system used in Buis, may be more conducive to GreenSeeker measurements 

compared to horizontal training systems such as those used in the remaining sites (Double Guyot, 

Pendlebogen, and Bilateral Cordon) which may be more conducive to aerial measurements. More 

research would be needed to determine the influence of training system on the efficacy of aerial vs side-

view remote sensing. Moreover, in this study UAV flights were performed only once, near véraison, 

whereas GreenSeeker NDVI was measured three times over the growing season, thus having a more 

thorough demonstration of the vineyard status across the entire growing season compared to UAV data. 

Timing and frequency of remotely sensed data acquisition has been shown to influence the resulting 

relationships with measured variables (Bellvert et al. 2016; Kazmierski et al. 2011) and is also predicted 

to depend on the variable being study, where, for example, GLRaV-3 displays the highest symptomology 

late in the season (Maree et al. 2013) whereas water stress measurements may need to monitored 

throughout the entire growing season (Bellvert et al. 2016). Lastly, due to GreenSeeker NDVI being the 
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only remote sensing data collected in both years, temporally stable relationships between measured 

variables and remote sensing can only be determined when comparing relationships with GreenSeeker 

NDVI. Temporal consistency, however, is difficult to determine due to the drastic differences in growing 

conditions between the two years, where 2016 experienced extremely low precipitation over the entire 

growing season and oppositely 2017 consisted of average and higher than average precipitation across the 

growing season (Table A4). Though the drastic differences in weather between years will impact the 

ability to compare relationships with remote sensing across years, this will also highlight the strength of 

those relationships that do demonstrate temporal consistency – where significant correlations were seen 

regardless of the changing weather conditions. This can further indicate the use of remote-sensing 

technologies in viticulture applications over-time, as weather patterns are predicted to become less typical 

and consist of more extreme weather events due to climate change across viticultural regions globally 

(Pickering et al. 2015).  

Primarily, the variable that most correlated with GreenSeeker NDVI (in terms of number of sites) 

and was the most temporally stable was vine size, being positively correlated in five sites each year. This 

is consistent with the literature supporting the use of remotely sensed NDVI in detecting measures of vine 

size and structure such as leaf area index (Johnson 2003), total leaf area (Debuisson et al. 2010), and 

vegetative expression as measured as canopy height, canopy thickness, trunk growth rate (Acevedo-

Opazo et al. 2008). This high correlation of GreenSeeker NDVI with pruning weights, our proxy for vine 

size, indicates that GreenSeeker can be used to detect vineyard variation in vine size even in highly 

variable growing seasons, which can potentially be expanded to indicate usability in various grape-

growing regions. Though literature has demonstrated that vine size and vine vigour can significantly 

influence berry composition and yield (Smart 1985, Terry & Kurtural 2011), relationships between 

GreenSeeker NDVI and measures of yield and berry composition were less common and exhibited less 

temporal stability. Cluster number was not often correlated to GreenSeeker NDVI in either year, showing 

a negative correlation in only one site each year. Yield, however, was positively correlated to 

GreenSeeker NDVI in three sites in 2016, however in only one site in 2017. Interestingly, berry weight 

was positively correlated to GreenSeeker NDVI in four sites in 2016, however had zero correlations in 

2017. Thus, in 2016 there was a trend that higher NDVI vines had higher yield and higher berry weights, 

consistent with Acevedo-Opazo et al. (2008) and Rey-Caramés et al. (2015). However, this relationship 

was not seen in 2017, a year with average growing season precipitation. The influence of water 

availability conditions on the detection of yield by NDVI is consistent with González-Flor et al. (2014) 

which demonstrated positive correlations between yield and NDVI only in sites experiencing water 

deficits before véraison (correlations were not significant in blocks experiencing water deficits post-

véraison). These results could indicate that relationships between remote sensing and berry weight and 
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yield might only be seen in vineyards experiencing water stress, such as in 2016, as it has been shown that 

water deficit at phenologically significant times can significantly impact berry weight (McCarthy 1997) 

and yield (González-Flor et al. 2014). 

When determining the efficacy of GreenSeeker NDVI in detecting berry composition, variation 

was again seen between sites and years. A trend for a negative correlation between Brix and GreenSeeker 

NDVI was seen, in three sites in 2016 and in only one site in 2017. This negative relationship between 

Brix and NDVI is consistent with González-Flor et al. (2014) and Ledderhof et al. (2016), and again, the 

decrease in relationships seen in 2017 is consistent with González-Flor et al. (2014) who demonstrated 

that negative correlations between NDVI and berry Brix was only seen in vineyard blocks experiencing 

water stress before véraison. Correlations with berry pH were less clear, demonstrating a negative 

correlation with GreenSeeker NDVI in one site in both years and a positive correlation in two sites in 

2017. However, TA was generally positively correlated with GreenSeeker NDVI, in three sites in 2016 

and in two sites in 2017. The general trend of positive correlations between NDVI and TA could be due to 

the higher vine size occurring in higher NDVI zones, where greater shading of clusters can lead to higher 

TA in grape berries (Rojas-Lara & Morrison 1989). Lastly, relationships between GreenSeeker NDVI and 

monoterpenes was also variable across sites and years. FVT were only correlated to GreenSeeker NDVI 

in two sites each year, though all correlations were positive, and the relationship was temporally stable in 

one site, Cave Spring. However, this is opposite to the trend seen for PVT, which exhibited mostly 

negative correlations with GreenSeeker NDVI. PVT was negatively correlated with GreenSeeker NDVI 

in two sites in both years and positively in one site in both years. The negative correlations between 

NDVI and PVT could be attributed to the negative impacts of cluster shading on PVT, as seen in 

Gewurztraminer berries (Reynolds & Wardle 1989), due to the positive correlations between NDVI and 

vine size demonstrated in most sites. The lacking temporal stability of the relationships between berry 

composition and remote sensing data seen in this study could have been influenced by the differences in 

harvest dates between studied blocks and years, which were at the discretion of growers and highly 

variable across sites and vintages (Table A26). However, this lacking consistency seen in remote sensing 

detection of berry composition variables is consistent with Acevedo-Opazo et al. (2008) who found that 

NDVI vineyard zones were not associated with differences in berry composition such as Brix, TA, pH, 

and phenols. Urretavizcaya et al. (2014) also found differences in Tempranillo berry composition from 

low and high NDVI zones that were not temporally stable, and Ledderhof et al. (2016) found that 

relationships between Pinot noir berry composition and NDVI varied across years. Usability of NDVI to 

determine vineyard variation in berry composition is not well established and may be highly influenced 

by the multiple underlying sources of vineyard variation in canopy size and structure detected by NDVI. 
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Detection of vineyard variation in measures of vine health and stresses by GreenSeeker NDVI was 

much stronger than measures of yield and berry composition. GreenSeeker NDVI was able to detect 

variation in water status measures and virus infection in several sites for both years. Though GreenSeeker 

NDVI was not often correlated to SWC, one site, CDC, displayed a strong negative correlation in both 

years. This site consisted of very high variation in SWC in both years (CV%) and also visually 

demonstrated significant pooling of water in certain areas, most likely due to the silty clay loam textured 

soil with imperfect to very poor drainage coupled with the use of cultivation as between row 

management. This can indicate the use of remote sensing in detecting SWC in sites with concerns of 

water drainage issues or knowingly high clay content or soil compaction issues (Koundouras et al. 2006), 

where water logged soils can negatively impact vine health and growth (Myburgh & Moolman 1991, 

Halleen et al. 2006, Lambert et al. 2008). This finding is consistent with Ledderhof et al. (2016) who 

showed significant negative correlations between aerial NDVI measurements and soil clay content over 

two years of study and negative correlations with soil moisture in one year of the study. The paucity of 

relationships between NDVI and SWC in other sites may be due to a limitation in the depth (20 cm) of 

the soil moisture probes used in this study. Grapevines can reach rooting depths of 3.5 m and deeper 

(Acevedo-Opazo et al. 2010) and thus, perhaps more correlations would have been seen with SWC by 

taking measurements at deeper soil depths. However, it is noteworthy that soil drainage tiles in Ontario 

vineyards are normally placed at 60 cm depths, which restricts grapevine root-systems to this depth. 

Although correlations between NDVI and SWC were less common, leaf ψ often correlated with 

GreenSeeker NDVI, showing a positive correlation with two sites in 2016 and three sites in 2017. This 

positive correlation of NDVI and leaf ψ is consistent with Acevedo-Opazo et al. (2008), though they also 

determined that NDVI was less correlated to leaf ψ in vineyard blocks on soils with higher water storage 

capacity where water was not a limiting factor for vegetative growth. This could explain the differences in 

relationships across sites, as sites that had correlations between leaf ψ and GreenSeeker NDVI were also 

the sites consisting of the highest leaf ψ variation – where vines ranged across levels of no water stress to 

mild and moderate water stress. This requirement of high vineyard variation in water stress for detection 

by remote sensing was further seen in relationships with gs, where four sites had a positive correlation 

with GreenSeeker NDVI in 2016 and three sites in 2017. In 2016, a hot, dry growing season, sites with 

correlations with GreenSeeker NDVI had the lowest average gs, indicating the most stress. In 2017, a 

normal growing season, sites with the highest variation in gs (CV%) consisted of correlations with 

GreenSeeker NDVI. The overall trend of a positive correlation between NDVI and leaf ψ and gs is 

consistent with Baluja et al. (2012). Although differences in leaf ψ and gs were detectable by remote 

sensing in both years, the determination of vineyard variation in water stress by measures of leaf ψ and gs 

may depend on variety. Varieties that are isohydric- where stomatal activity changes in response to SWC 
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and leaf ψ remains more constant, compared to anisohydric varieties-where less stomatal control occurs in 

response to soil water availability and thus leaf ψ is more variable, may impact the relationships seen with 

remote sensing data. This was seen when Bellvert et al. (2015) used aircraft based thermal imagery to 

detect water stress, where thermal imagery was correlated to leaf ψ in all four studied varieties though 

correlations were least significant in Chardonnay, a variety with lower control over stomatal closure 

under water stress. Overall, remote sensing demonstrated the ability to detect variation in water stress 

within individual blocks in both a drought-like growing season and an average growing season. Though 

remote sensing was often correlated with water metrics as well as vine size in this study, the winter 

hardiness of grapevines was not often correlated with GreenSeeker NDVI, showing a positive correlation 

in only one site. Cold acclimation can be influenced by water supply (Basinger & Hellman 2007) and vine 

size (Howell et al. 1978), though the lacking relationships seen with remote sensing in this study may be 

due to the low vineyard variation in winter-hardiness seen (CV% ranged from 1.3-3.6% across sites). 

Furthermore, winter hardiness was only tested in 2016, making it difficult to form conclusions with only 

one year of data. 

Lastly, GreenSeeker NDVI correlated to GLRaV-3 infection in two of four infected sites in 2016 

and in three sites in 2017. Interestingly, GLRaV-3 infection was negatively correlated to GreenSeeker 

NDVI in only one site and positively correlated in two sites. The prediction was that GLRaV-3 infection 

would be negatively correlated with NDVI due to the negative impacts on photosynthesis (Cabaleiro et al. 

1999, Bertamini et al. 2004), the reduction in chlorophyll concentration in infected leaves (Bertamini et 

al. 2004), and the decrease in plant growth and vine size (Endeshaw et al. 2014). However, a positive 

correlation between NDVI and GLRaV-3 titer was seen in two sites, which may be due to the inherent 

sensitivity of the VI used in this study. The use of biochemical VIs, those more sensitive to plant pigment 

changes, may be a preferred method of virus infection detection compared to NDVI. This was 

demonstrated in an Fe-deficient vineyard, which causes chlorosis of vines (Meggio et al. 2010) a 

symptom also experienced by GLRaV-3 infected white varieties (Maree et al. 2013). Hyperspectral VIs 

sensitive to leaf carotenoid and anthocyanin concentrations were preferred over NDVI in detecting 

vineyard variation (Meggio et al. 2010). Furthermore, no difference in NDVI was seen when comparing 

the spectral reflectance of GLRaV-3 infected and uninfected leaves from two red varieties (Naidu et al. 

2009). Other VIs such as the modified chlorophyll absorption in reflectance index and the photochemical 

reflectance index showed differences between infected and uninfected leaves and may be preferred for 

detecting GLRaV-3 infection over NDVI (Naidu et al. 2009). Lastly, detection by GreenSeeker NDVI 

may be most useful when data acquisition is performed closer to harvest, when GLRaV-3 symptoms are 

most severe (Maree et al. 2013). Naidu et al. (2009) demonstrated that differences in the spectral 

reflectance between infected and uninfected red-variety leaves was influenced by whether there were 
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visible symptoms in the leaves sampled. More research is still needed focusing on white varieties, which 

may be asymptomatic, and thus the spectral signatures can greatly differ compared to red varieties. 

Interestingly, the two sites in this study with minimal GLRaV-3 infection, Hughes and PondView, were 

also the youngest vineyard sites in this study (Table A1), being planted in 2006 and 2008 respectively, 

where all other sites were more than 20 years old. This is consistent with Xiao et al. (2018) finding that 

older vineyard plantings had higher GLRaV-3 infection rates when comparing Ontario vineyards planted 

in 1974-1990 (71.1% infection), 1991-2005 (55.7% infection), and 2006-2016 (37.8% infection). The 

higher incidence in older vineyards indicates that the use of remote sensing in detecting GLRaV-3 

vineyard variation may only be useful in older vineyards which have a higher disease incidence. 

Furthermore, the one infected site in this study which demonstrated no correlation between GLRaV-3 and 

remote sensing data was also the site with the least variation in virus titer (CV%), the lowest overall 

GLRaV-3 titer (-Cq), and the highest infection rate with 84% of sampled vines being infected. Thus, the 

use of remote sensing in detecting vineyard variation in GLRaV-3 infection may be more useful in 

vineyards with a mid-range disease incidence.  

Sites differed in both the magnitude and spatial distribution of their vineyard variation. In both 

years, the three largest sites in total area (Buis 3.39 ha, Cave Spring 2.22 ha, CDC 1.68 ha) contained the 

highest GreenSeeker NDVI variation and had the lowest mean NDVI values. Sites with the highest 

variation in NDVI may indicate an inherent higher variation in other vineyard factors and thus a higher 

capacity in detecting vineyard variation for measured variables. This was seen in 2017, where the two 

smallest sites, Hughes and PondView, had the least correlations with measured variables, only being 

correlated to one and two variables respectively. When determining the usability of remote-sensing 

technology in detecting vineyard variability, the production of interpretable and accurate maps that 

display areas of significant variation is imperative to the subsequent application of precision viticulture 

management. Maps of UAV NDVI and GreenSeeker NDVI were highly similar to one another and 

opposite to those of UAV thermal. Overall, interpolated maps of measured variables that significantly 

correlated to sensing data often displayed similar spatial patterns to the remotely sensed maps, 

highlighting the use of remotely sensed maps to detect spatial areas corresponding to variation in 

agriculturally significant variables. Furthermore, the application of precision viticulture treatments to the 

areas detected by remote sensing, such as selective harvesting or targeted irrigation applications, is often 

more feasible when the vineyard variation is zonal in nature rather than occurring in small patches spread 

across the vineyard (Arnó Satorra et al. 2009). In general; remote sensing, water status, virus titer, winter 

hardiness, and berry terpene concentration were highly clustered variables as determined by Moran’s I 

analyses, whereas yield and cluster number were mostly randomly distributed. Thus, yield management 

such as cluster thinning, or selective harvesting based on differences in yield components alone, may be 
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less feasible due to the random spatial distribution throughout the vineyards for these variables. However, 

vineyard spatial patterns also differed between sites, where remotely sensed maps from some sites 

demonstrated more patchy or striped spatial patterns, which were difficult to visually compare to maps of 

other variables. Sites with more clear zonal separations of remote sensing variables were easier to visually 

compare and interpret, and subsequently would be more readily useable by a grower for precision 

viticulture applications. The requirement for spatial clustering in precision viticulture applications is 

consistent with Pringle et al. (2003) who developed an Opportunity Index for site-specific crop 

management based on the magnitude and spatial structure of within-field variation. This Opportunity 

Index was used by Acevedo-Opazo et al. (2008) where they removed 15 vineyard blocks from their 

analysis due to their spatial structure and magnitude of NDVI variation. The Opportunity Index can be 

used in precision viticulture applications to select fields consisting of large zones with significant 

differences in NDVI values, leading to selecting the most ideal sites for remote sensing zonal 

management and the removal of fields with low variation and randomly distributed patterns. If the 

Opportunity Index was utilized in this study, it may have involved removing sites that consisted of lower 

Moran’s I values across variables, sites that demonstrated highly patchy and striped NDVI patterns that 

were difficult to interpret, and sites with lower overall variation in NDVI (lower %CV). 

Not only was NDVI variation different between sites, but the variation in NDVI (CV%) in each site 

was less in 2017 than in 2016. This demonstrates that site variation is more pronounced in a more 

stressful year (2016). This is consistent with Taylor et al. (2010), who found that as water was 

increasingly restricted in a vineyard, the spatial heterogeneity in water status increased and was less 

influenced by stochastic variation. Therefore, in drought conditions, water status becomes increasingly 

variable and the percentage of variance that is manageable also increases (Taylor et al. 2010). This could 

explain the higher variation and more relationships between variables and NDVI data seen in 2016, a 

drought year, compared to 2017, a growing season with ample precipitation. Lastly, determining 

correlations between remote sensing and measured variables is challenging when vineyards have multiple 

sources of variation, for example, vineyards can have variation in soil composition and quality (Reynolds 

& Hakimi Rezaei 2014), topography (Battany & Grismer 2000), infection from multiple viruses and 

diseases (Xiao et al. 2018), water stress (Taylor et al. 2010), differences in nutrient status and availability 

(Schreiner 2005), and other factors. Plant biotic and abiotic stresses are often not experienced in an 

isolated manner in field conditions, rather, plants often experience multiple stress conditions at once 

(Atkinson & Urwin 2012). These stresses can act synergistically, increasing and altering the severity of 

symptoms and stress responses, and the further impacts on plant health and productivity (Atkinson & 

Urwin 2012, Suzuki et al. 2014). Cui et al. (2016) demonstrated that the synergistic effect of drought and 

GLRaV-3 infection on in-vitro grown plantlets of V. vinifera was more severe than the effects of either 
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stress individually for variables of grapevine health such as vegetative growth, cell membrane damage 

and death, and various hormone levels such as abscisic acid. Furthermore, water stress might influence 

susceptibility to winter injury; although Basinger & Hellman (2007) did not find an impact of deficit 

irrigation on bud cold hardiness, deficit irrigation led to earlier and quicker development of periderm on 

shoots. Jasinski (2013) found strong correlations between grapevine winter hardiness and water stress in 8 

of 12 vineyard blocks. Winter hardiness might also be influenced by virus infection, as V. amurensis 

plant–pathogen interaction pathways were linked to cold acclimation, where genes associated with 

signaling events in pathogen triggered immunity were upregulated after cold acclimation (Wu et al. 

2014). Thus, determining direct correlations between remote sensing measures of vine canopy structure 

and size, such as NDVI, and measures of grapevine stress and crop quality will be highly influenced by 

the multiple abiotic and biotic factors that all act together to influence grapevine health and growth. More 

research is needed to determine how remote sensing detection of these variables is influenced when 

grapevines are experiencing multiple stresses at once - as is often the case in field conditions.  

2.5 Conclusions 

The results of this study demonstrate that the use of remote-sensing technologies for the detection 

of vineyard variation is possible for several agriculturally significant variables in cool-climate Riesling 

vineyards. Comparing the technologies used, GreenSeeker NDVI demonstrated the most promise in 

vineyard variation detection in 2016. General trends across sites indicate the use of remote sensing in 

detecting vineyard variation for vine water status, GLRaV-3 infection, vine size, yield, and to a lesser 

extent berry composition. Higher NDVI was generally associated with higher gs and leaf ψ (and thus less 

water stress), higher vine size, higher GLRaV-3 infection, higher yield and berry weight (especially in a 

year with water stressed conditions), higher TA, and lower Brix and PVT. Furthermore, PCA models 

from each site and vintage further demonstrated these relationships, highlighting the strength of these 

correlations. Lastly, maps produced from variables that were significantly correlated with remote sensing 

data demonstrated similar spatial patterns to remotely sensed maps. This demonstrates the usability of 

remote sensing to create meaningful maps that can determine the vineyard areas where precision 

viticulture actions should be targeted. Still, ground truthing of sampled vines should be incorporated in 

current precision viticulture practices to understand the biological relevance of remote sensing data on a 

per-site and per-vintage basis. Differences were often seen between sites and vintages in the detection of 

agriculturally significant variables by remote sensing, except for detecting variation in vine size which 

was consistently correlated with NDVI in five sites for both years. Overall, sites that were larger in total 

area tended to have higher variation in remote sensing data (NDVI) and consisted of more relationships 

between remote sensing and measured variables in a typical growing season (2017). Furthermore, 
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remotely sensed maps produced from sites demonstrating very patchy or striped spatial distributions, 

rather than larger zonal patterns, were difficult to interpret and compare to maps of agriculturally 

significant variables. Thus, remote-sensing technology for precision viticulture applications may be most 

useful in larger sites consisting of larger zonal areas corresponding to vineyard variation. Lastly, some 

variables demonstrated detection by remote sensing only in sites where high variation in that variable 

occurred (water stress, virus infection, berry Brix, PVT), thus remote sensing may be more useful in sites 

where known variation and areas of concern have been noted. In summary, modern remote-sensing 

technologies show promise in their ability to detect Riesling vineyard variation for a variety of important 

vineyard attributes including measures of vine health and size as well as yield components and berry 

composition. More research is required to understand the differences seen between sites and years before 

the widespread adoption of these technologies in Ontario vineyards.  
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2.7 Tables and Figures 

2.7.1 Tables 
Table 2.1. Pearson's correlation coefficients for significant relationships between remote sensing data and 

all other variables in six Ontario vineyards, 2016 and 2017. Only variables with significant (p< 0.05) 

relationships were included, and empty cells represent no relationship. Abbreviations:  SWC= Soil water 

content, Leaf Ψ= Leaf water potential, Gs= Stomatal conductance, GS= GreenSeeker, UAV= Unmanned 

aerial vehicle, NDVI= Normalized difference vegetation index, LT50= lethal temperature for 50% of 

primary buds, TA= Titratable acidity, FVT= Free volatile terpenes, PVT= Potentially volatile terpenes, 

GLRaV-3= Grapevine leafroll associated virus-strain 3.   

 

 

  

2017 2017 2017

Variables UAV °C UAV NDVI GS NDVI GS NDVI UAV °C UAV NDVI GS NDVI GS NDVI UAV °C UAV NDVI GS NDVI GS NDVI

SWC 0.420 0.462 -0.591 -0.722 -0.433

Leaf Ψ 0.237 0.502

Gs -0.345 0.312 0.241 0.374 -0.368 0.324 0.615

GS NDVI -0.455 0.611 1 1 -0.638 0.353 1 1 -0.630 0.851 1 1

UAV °C 1 -0.491 -0.455  -- 1 -0.358 -0.638  -- 1 -0.447 -0.630  --

UAV NDVI -0.491 1 0.611  -- -0.358 1 0.353  -- -0.447 1 0.851  --

LT50  --  --  --

Clusters -0.356

Yield 0.295 0.311 -0.330 0.310 0.382 -0.231

Vine Size -0.280 0.371 -0.255 0.269 0.338 0.320 -0.392 0.705 0.627 0.460

Berry wt -0.374 0.263 0.346

Brix -0.289 -0.250 0.321 -0.511 -0.569

pH -0.429 0.444 -0.428 0.273

TA -0.239 0.408 0.386 -0.277 0.224 0.331

FVT 0.228

PVT -0.290 -0.362 -0.283

GLRaV-3 0.278 -0.292 -0.261 -0.278  --  --  --   --

Buis Château des CharmesPondView

2016 20162016

2017 2017 2017

Variables UAV °C UAV NDVI GS NDVI GS NDVI UAV °C UAV NDVI GS NDVI GS NDVI UAV °C UAV NDVI GS NDVI GS NDVI

SWC 0.273

Leaf Ψ 0.383 -0.708 0.238 0.367 0.308 0.399

Gs 0.304 0.384 -0.653 0.447 -0.275 0.384 0.255

GS NDVI -0.682 0.494 1 1 -0.488 -0.391 1 1 -0.390 1 1

UAV °C 1 -0.682  -- 1 -0.488  -- 1 -0.371 -0.390  --

UAV NDVI 1 0.494  -- 1 -0.391  -- -0.371 1  --

LT50  -- -0.538 0.530  --  --

Clusters 0.375 -0.284

Yield -0.343 0.253 0.477 0.279 -0.389 0.250

Vine Size -0.345 0.472 0.276 -0.565 -0.259 0.397 0.264 0.492

Berry wt -0.286 0.268 -0.506 0.426 0.524

Brix 0.302 -0.371 -0.292 -0.455

pH -0.250 -0.320 -0.437

TA 0.287 0.421 0.273 -0.329 -0.278

FVT -0.347 0.403 0.288 -0.324 -0.329 0.391

PVT -0.450 0.390 -0.329 0.452 -0.239 -0.472

GLRaV-3 -0.338 0.332 0.223  --  --  --  -- 0.363

20162016 2016

HughesCave Spring George
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Table 2.2. Spatial autocorrelation (Moran's I) results for Buis vineyard (Niagara-on-the-Lake, ON) 2016-

2017. Patterns are expressed as clustered, dispersed, or random (indicated by ✓), which is determined by 

Moran's Index value, z-score and p-value. “--" represents variables not collected in that year. 

 

  

Variable Year
Moran's 

Index
z-score p-value Dispersed Random Clustered

2016 0.632 5.069 0.000 ✓

2017 0.488 3.945 0.000 ✓

2016 0.518 4.170 0.000 ✓

2017 —— —— —— —— —— ——

2016 0.540 4.324 0.000 ✓

2017 —— —— —— —— —— ——

2016 0.257 2.104 0.035 ✓

2017 0.029 0.337 0.736 ✓

2016 0.531 4.240 0.000 ✓

2017 0.444 3.567 0.000 ✓

2016 0.665 5.326 0.000 ✓

2017 0.849 6.767 0.000 ✓

2016 0.564 4.571 0.000 ✓

2017 0.861 6.992 0.000 ✓

2016 0.745 5.872 0.000 ✓

2017 —— —— —— —— —— ——

2016 0.396 3.427 0.001 ✓

2017 —— —— —— —— —— ——

2016 0.127 1.099 0.272 ✓

2017 0.183 1.543 0.123 ✓

2016 -0.002 0.094 0.925 ✓

2017 0.068 0.635 0.525 ✓

2016 0.170 1.426 0.154 ✓

2017 0.195 1.633 0.102 ✓

2016 0.289 2.355 0.019 ✓

2017 0.118 1.036 0.300 ✓

2016 0.305 2.469 0.014 ✓

2017 0.552 4.435 0.000 ✓

2016 0.250 2.052 0.040 ✓

2017 -0.095 -0.640 0.522 ✓

2016 0.835 6.799 0.000 ✓

2017 0.700 5.609 0.000 ✓

2016 0.942 7.398 0.000 ✓

2017 0.656 5.263 0.000 ✓

pH

Titratable Acidity (g/L)

Free Volatile Terpenes (mg/L)

Potentially Volatile Terpenes (mg/L)

Vine Size (kg)

Virus Titer (-Cq)

Bud LT50 (°C)

Yield (kg)

No. of Clusters

Berry Weight (g)

Soluble Solids (°Brix)

Stomatal Conductance (mmol/m²s)

GreenSeeker NDVI

UAV NDVI

UAV Thermal (°C)

Soil Water Content (%)

Leaf Water Potential (MPa)
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Table 2.3. Spatial autocorrelation (Moran's I) results for PondView vineyard (Niagara-on-the-Lake, ON) 

2016-2017. Patterns are expressed as clustered, dispersed, or random (indicated by ✓), which is 

determined by Moran's Index value, z-score and p-value. “--" represents variables not collected in that 

year. 

  

  

Variable Year
Moran's 

Index
z-score p-value Dispersed Random Clustered

2016 0.447 3.625 0.000 ✓

2017 0.527 4.227 0.000 ✓

2016 0.325 2.641 0.008 ✓

2017 —— —— —— —— —— ——

2016 0.523 4.188 0.000 ✓

2017 —— —— —— —— —— ——

2016 0.050 0.495 0.621 ✓

2017 0.128 1.111 0.266 ✓

2016 0.917 7.280 0.000 ✓

2017 0.749 5.955 0.000 ✓

2016 0.227 1.927 0.054 ✓

2017 -0.068 -0.441 0.660 ✓

2016 0.559 4.563 0.000 ✓

2017 -0.296 -2.284 0.022 ✓

2016 —— —— —— —— —— ——

2017 —— —— —— —— —— ——

2016 0.312 2.600 0.009 ✓

2017 —— —— —— —— —— ——

2016 0.236 1.958 0.050 ✓

2017 0.077 0.700 0.484 ✓

2016 0.235 1.941 0.052 ✓

2017 0.267 2.198 0.028 ✓

2016 -0.029 -0.125 0.900 ✓

2017 -0.031 -0.140 0.888 ✓

2016 0.082 0.751 0.453 ✓

2017 -0.114 -0.810 0.418 ✓

2016 0.457 3.670 0.000 ✓

2017 0.112 0.985 0.325 ✓

2016 0.117 1.024 0.306 ✓

2017 0.591 4.718 0.000 ✓

2016 0.370 3.075 0.002 ✓

2017 0.324 2.688 0.007 ✓

2016 0.388 3.192 0.001 ✓

2017 0.554 4.529 0.000 ✓

pH

Titratable Acidity (g/L)

Free Volatile Terpenes (mg/L)

Potentially Volatile Terpenes (mg/L)

Vine Size (kg)

Virus Titer (-Cq)

Bud LT50 (°C)

Yield (kg)

No. of Clusters

Berry Weight (g)

Soluble Solids (°Brix)

Stomatal Conductance (mmol/m²s)

GreenSeeker NDVI

UAV NDVI

UAV Thermal (°C)

Soil Water Content (%)

Leaf Water Potential (MPa)
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Table 2.4. Spatial autocorrelation (Moran's I) results for Château des Charmes vineyard (St. Davids, ON) 

2016-2017. Patterns are expressed as clustered, dispersed, or random (indicated by ✓), which is 

determined by Moran's Index value, z-score and p-value. “--" represents variables not collected in that 

year. 

 

  

Variable Year
Moran's 

Index
z-score p-value Dispersed Random Clustered

2016 0.848 7.098 0.000 ✓

2017 0.830 6.938 0.000 ✓

2016 0.756 6.289 0.000 ✓

2017 —— —— —— —— —— ——

2016 0.786 6.543 0.000 ✓

2017 —— —— —— —— —— ——

2016 0.534 4.474 0.000 ✓

2017 0.267 2.315 0.021 ✓

2016 0.619 5.161 0.000 ✓

2017 0.527 4.422 0.000 ✓

2016 0.806 7.021 0.000 ✓

2017 0.758 6.341 0.000 ✓

2016 0.558 4.766 0.000 ✓

2017 0.890 7.484 0.000 ✓

2016 0.821 7.013 0.000 ✓

2017 —— —— —— —— —— ——

2016 0.803 6.860 0.000 ✓

2017 —— —— —— —— —— ——

2016 -0.008 0.042 0.966 ✓

2017 0.172 1.518 0.129 ✓

2016 0.016 0.243 0.808 ✓

2017 -0.142 -1.059 0.290 ✓

2016 0.134 1.213 0.225 ✓

2017 0.307 2.629 0.009 ✓

2016 0.370 3.149 0.002 ✓

2017 -0.184 -1.406 0.160 ✓

2016 0.074 0.719 0.472 ✓

2017 0.117 1.070 0.285 ✓

2016 0.147 1.325 0.185 ✓

2017 0.284 2.450 0.014 ✓

2016 0.876 7.562 0.000 ✓

2017 0.847 7.077 0.000 ✓

2016 0.731 6.180 0.000 ✓

2017 0.833 6.968 0.000 ✓

pH

Titratable Acidity (g/L)

Free Volatile Terpenes (mg/L)

Potentially Volatile Terpenes (mg/L)

Vine Size (kg)

Virus Titer (-Cq)

Bud LT50 (°C)

Yield (kg)

No. of Clusters

Berry Weight (g)

Soluble Solids (°Brix)

Stomatal Conductance (mmol/m²s)

GreenSeeker NDVI

UAV NDVI

UAV Thermal (°C)

Soil Water Content (%)

Leaf Water Potential (MPa)
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Table 2.5. Spatial autocorrelation (Moran's I) results for Cave Spring vineyard (Vineland, ON) 2016-

2017. Patterns are expressed as clustered, dispersed, or random (indicated by ✓), which is determined by 

Moran's Index value, z-score and p-value. “--" represents variables not collected in that year. 

 

  

Variable Year
Moran's 

Index
z-score p-value Dispersed Random Clustered

2016 0.349 3.214 0.001 ✓

2017 0.506 4.607 0.000 ✓

2016 0.436 3.990 0.000 ✓

2017 —— —— —— —— —— ——

2016 0.426 3.909 0.000 ✓

2017 —— —— —— —— —— ——

2016 0.082 0.842 0.400 ✓

2017 0.088 0.887 0.375 ✓

2016 0.268 2.503 0.012 ✓

2017 0.460 4.221 0.000 ✓

2016 0.517 5.187 0.000 ✓

2017 0.841 7.612 0.000 ✓

2016 0.664 6.164 0.000 ✓

2017 0.782 7.114 0.000 ✓

2016 0.687 6.413 0.000 ✓

2017 —— —— —— —— —— ——

2016 0.712 6.526 0.000 ✓

2017 —— —— —— —— —— ——

2016 0.097 0.966 0.334 ✓

2017 -0.006 0.051 0.960 ✓

2016 -0.112 -0.898 0.369 ✓

2017 -0.125 -1.009 0.313 ✓

2016 0.209 1.967 0.049 ✓

2017 -0.036 -0.221 0.825 ✓

2016 0.069 0.717 0.474 ✓

2017 0.023 0.310 0.757 ✓

2016 0.081 0.828 0.408 ✓

2017 0.424 3.896 0.000 ✓

2016 0.228 2.456 0.014 ✓

2017 0.049 0.541 0.589 ✓

2016 0.936 8.428 0.000 ✓

2017 0.774 7.005 0.000 ✓

2016 0.804 7.322 0.000 ✓

2017 0.680 6.369 0.000 ✓

pH

Titratable Acidity (g/L)

Free Volatile Terpenes (mg/L)

Potentially Volatile Terpenes (mg/L)

Vine Size (kg)

Virus Titer (-Cq)

Bud LT50 (°C)

Yield (kg)

No. of Clusters

Berry Weight (g)

Soluble Solids (°Brix)

Stomatal Conductance (mmol/m²s)

GreenSeeker NDVI

UAV NDVI

UAV Thermal (°C)

Soil Water Content (%)

Leaf Water Potential (MPa)
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Table 2.6. Spatial autocorrelation (Moran's I) results for Hughes vineyard (Vineland, ON) 2016-2017. 

Patterns are expressed as clustered, dispersed, or random (indicated by ✓), which is determined by 

Moran's Index value, z-score and p-value. “--" represents variables not collected in that year. 

 

  

Variable Year
Moran's 

Index
z-score p-value Dispersed Random Clustered

2016 0.407 3.346 0.001 ✓

2017 -0.191 -1.434 0.152 ✓

2016 0.548 4.403 0.000 ✓

2017 —— —— —— —— —— ——

2016 0.736 5.866 0.000 ✓

2017 —— —— —— —— —— ——

2016 0.476 3.859 0.000 ✓

2017 0.200 1.681 0.093 ✓

2016 0.622 4.967 0.000 ✓

2017 0.558 4.455 0.000 ✓

2016 0.629 5.112 0.000 ✓

2017 0.888 7.064 0.000 ✓

2016 0.899 7.271 0.000 ✓

2017 0.162 1.441 0.150 ✓

2016 —— —— —— —— —— ——

2017 —— —— —— —— —— ——

2016 0.195 1.677 0.093 ✓

2017 —— —— —— —— —— ——

2016 0.365 2.971 0.003 ✓

2017 0.017 0.239 0.811 ✓

2016 0.016 0.234 0.815 ✓

2017 0.170 1.439 0.150 ✓

2016 0.380 3.092 0.002 ✓

2017 0.088 0.806 0.420 ✓

2016 0.148 1.282 0.200 ✓

2017 0.026 0.317 0.751 ✓

2016 0.138 1.201 0.230 ✓

2017 -0.022 -0.063 0.950 ✓

2016 -0.271 -2.016 0.044 ✓

2017 0.010 0.188 0.850 ✓

2016 0.113 1.032 0.302 ✓

2017 0.003 0.133 0.894 ✓

2016 0.516 4.251 0.000 ✓

2017 0.302 2.506 0.012 ✓

GreenSeeker NDVI

UAV NDVI

UAV Thermal (°C)

Soil Water Content (%)

Leaf Water Potential (MPa)

pH

Titratable Acidity (g/L)

Free Volatile Terpenes (mg/L)

Potentially Volatile Terpenes (mg/L)

Vine Size (kg)

Virus Titer (-Cq)

Bud LT50 (°C)

Yield (kg)

No. of Clusters

Berry Weight (g)

Soluble Solids (°Brix)

Stomatal Conductance (mmol/m²s)
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Table 2.7. Spatial autocorrelation (Moran's I) results for George vineyard (Vineland, ON) 2016-2017. 

Patterns are expressed as clustered, dispersed, or random (indicated by ✓), which is determined by 

Moran's Index value, z-score and p-value. “--" represents variables not collected in that year. 

 

  

Variable Year
Moran's 

Index
z-score p-value Dispersed Random Clustered

2016 0.202 1.730 0.084 ✓

2017 0.558 4.518 0.000 ✓

2016 0.879 58.762 0.000 ✓

2017 —— —— —— —— —— ——

2016 0.637 5.189 0.000 ✓

2017 —— —— —— —— —— ——

2016 0.265 2.215 0.027 ✓

2017 -0.028 -0.107 0.915 ✓

2016 0.131 1.154 0.249 ✓

2017 0.109 0.989 0.323  ✓

2016 0.601 4.977 0.000 ✓

2017 0.846 6.888 0.000 ✓

2016 0.660 5.451 0.000 ✓

2017 0.596 4.932 0.000 ✓

2016 0.548 4.555 0.000 ✓

2017 —— —— —— —— —— ——

2016 0.576 4.735 0.000 ✓

2017 —— —— —— —— —— ——

2016 0.144 1.274 0.203 ✓

2017 0.158 1.379 0.168 ✓

2016 0.140 1.254 0.210 ✓

2017 0.136 1.214 0.225 ✓

2016 0.472 3.860 0.000 ✓

2017 0.196 1.681 0.093 ✓

2016 0.203 1.737 0.082 ✓

2017 0.153 1.326 0.185 ✓

2016 0.106 0.961 0.336 ✓

2017 0.092 0.851 0.395 ✓

2016 0.568 4.671 0.000 ✓

2017 -0.030 -0.127 0.899 ✓

2016 0.805 6.704 0.000 ✓

2017 0.437 3.699 0.000 ✓

2016 0.570 4.705 0.000 ✓

2017 0.532 4.382 0.000 ✓

GreenSeeker NDVI

UAV NDVI

UAV Thermal (°C)

Soil Water Content (%)

Leaf Water Potential (MPa)

pH

Titratable Acidity (g/L)

Free Volatile Terpenes (mg/L)

Potentially Volatile Terpenes (mg/L)

Vine Size (kg)

Virus Titer (-Cq)

Bud LT50 (°C)

Yield (kg)

No. of Clusters

Berry Weight (g)

Soluble Solids (°Brix)

Stomatal Conductance (mmol/m²s)
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2.7.2 Figures 
 

 

Figure 2.1a. Buis vineyard (Niagara-on-the-Lake, ON) 2016 GreenSeeker NDVI vs. variables with 

significant (p < 0.05) Pearson’s correlations. 
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Figure 2.1b. Buis vineyard (Niagara-on-the-Lake, ON) 2016 GreenSeeker NDVI vs. variables with 

significant (p < 0.05) Pearson’s correlations.  
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Figure 2.2. Buis vineyard (Niagara-on-the-Lake, ON) 2017 GreenSeeker NDVI vs. variables with 

significant (p < 0.05) Pearson’s correlations.   
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Figure 2.3. PondView vineyard (Niagara-on-the-Lake, ON) 2016 GreenSeeker NDVI vs. variables 

with significant (p < 0.05) Pearson’s correlations.  
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. 

Figure 2.4. PondView vineyard (Niagara-on-the-Lake, ON) 2017 GreenSeeker NDVI vs. variables 

with significant (p < 0.05) Pearson’s correlations. 

 

Figure 2.5a. Château des Charmes vineyard (St. Davids, ON) 2016 GreenSeeker NDVI vs. variables 

with significant (p < 0.05) Pearson’s correlations. 
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Figure 2.5b. Château des Charmes vineyard (St. Davids, ON) 2016 GreenSeeker NDVI vs. variables 

with significant (p < 0.05) Pearson’s correlations.   
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Figure 2.6a Château des Charmes vineyard (St. Davids, ON) 2017 GreenSeeker NDVI vs. variables 

with significant (p < 0.05) Pearson’s correlations.   
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Figure 2.6b Château des Charmes vineyard (St. Davids, ON) 2017 GreenSeeker NDVI vs. variables 

with significant (p < 0.05) Pearson’s correlations. 

 

Figure 2.7a. Cave Spring vineyard (Beamsville, ON) 2016 GreenSeeker NDVI vs. variables with 

significant (p < 0.05) Pearson’s correlations.  
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Figure 2.7b. Cave Spring vineyard (Beamsville, ON) 2016 GreenSeeker NDVI vs. variables with 

significant (p < 0.05) Pearson’s correlations. 
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Figure 2.7c. Cave Spring vineyard (Beamsville, ON) 2016 GreenSeeker NDVI vs. variables with 

significant (p < 0.05) Pearson’s correlations. 

 

Figure 2.8a. Cave Spring vineyard (Beamsville, ON) 2017 GreenSeeker NDVI vs. variables with 

significant (p < 0.05) Pearson’s correlations. 
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Figure 2.8b. Cave Spring vineyard (Beamsville, ON) 2017 GreenSeeker NDVI vs. variables with 

significant (p < 0.05) Pearson’s correlations. 
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Figure 2.9a. Hughes vineyard (Vineland, ON) 2016 GreenSeeker NDVI vs. variables with significant 

(p < 0.05) Pearson’s correlations. 
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Figure 2.9b. Hughes vineyard (Vineland, ON) 2016 GreenSeeker NDVI vs. variables with significant 

(p < 0.05) Pearson’s correlations. 
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Figure 2.10. Hughes vineyard (Vineland, ON) 2017 GreenSeeker NDVI vs. variables with significant 

(p < 0.05) Pearson’s correlations. 

 

Figure 2.11a. George vineyard (Vineland, ON) 2016 GreenSeeker NDVI vs. variables with 

significant (p < 0.05) Pearson’s correlations. 

y = 14.062x - 11.614
R² = 0.0696

0.4

0.5

0.6

0.7

0.8

0.9

1

1.1

1.2

0.868 0.87 0.872 0.874 0.876 0.878 0.88 0.882

V
in

e
 s

iz
e
 (

k
g

)

GreenSeeker NDVI

y = -12.101x + 36.147
R² = 0.1518

25.4

25.6

25.8

26

26.2

0.835 0.84 0.845 0.85 0.855 0.86 0.865 0.87

U
A

V
 T

h
e

rm
a
l 
(°

C
)

GreenSeeker NDVI

y = 82.237x - 46.054
R² = 0.0743

20

22

24

26

28

0.835 0.84 0.845 0.85 0.855 0.86 0.865 0.87

S
o

il
 w

a
te

r 
c
o

n
te

n
t 

(%
)

GreenSeeker NDVI

y = 3.8022x - 4.3407
R² = 0.0947

-1.4

-1.3

-1.2

-1.1

-1

-0.9

0.835 0.84 0.845 0.85 0.855 0.86 0.865 0.87

L
e

a
f 

w
a
te

r 
p

o
te

n
ti

a
l 

(M
P

a
)

GreenSeeker NDVI

y = 3302.8x - 2218.6
R² = 0.0651

300

400

500

600

700

800

900

0.835 0.84 0.845 0.85 0.855 0.86 0.865 0.87

S
to

m
a
ta

l 
c
o

n
d

u
c
ta

n
c

e
 

(m
m

o
l/

m
²s

)

GreenSeeker NDVI



108 
 

 

Figure 2.11b. George vineyard (Vineland, ON) 2016 GreenSeeker NDVI vs. variables with 

significant (p < 0.05) Pearson’s correlations. 

 

Figure 2.12a. George vineyard (Vineland, ON) 2017 GreenSeeker NDVI vs. variables with 

significant (p < 0.05) Pearson’s correlations. 
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Figure 2.12b. George vineyard (Vineland, ON) 2017 GreenSeeker NDVI vs. variables with significant (p 

< 0.05) Pearson’s correlations. 
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Figure 2.13. Principal component analysis for Buis vineyard (Niagara-on-the-Lake, ON): a) 2016 and b) 2017. 

Variables include remote sensing data, vine water status, berry composition, yield variables, winter hardiness, virus 

titer, and vine size. Abbreviations: SWC= Soil water content, Leaf Ψ= Leaf water potential, Gs= Stomatal 

conductance, GS= GreenSeeker, UAV= Unmanned aerial vehicle, NDVI= Normalized difference vegetation index, 

LT50=Temperature at 50% bud death, TA= Titratable acidity, FVT= Free volatile terpenes, PVT= Potentially 

volatile terpenes, GLRaV-3= Grapevine leafroll associated virus-strain 3. 

Figure 2.14. Principal component analysis for PondView vineyard (Niagara-on-the-Lake, ON): a) 2016 and b) 

2017. Variables include Remote sensing data, vine water status, berry composition, yield variables, winter hardiness, 

virus titer, and vine size. Abbreviations: SWC= Soil water content, Leaf Ψ= Leaf water potential, Gs= Stomatal 

conductance, GS= GreenSeeker, UAV= Unmanned aerial vehicle, NDVI= Normalized difference vegetation index, 

LT50=Temperature at 50% bud death, TA= Titratable acidity, FVT= Free volatile terpenes, PVT= Potentially 

volatile terpenes, GLRaV-3= Grapevine leafroll associated virus-strain 3. 
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Figure 2.15. Principal component analysis for Château des Charmes vineyard (St. Davids, ON): a) 2016 and b) 

2017. Variables include Remote sensing data, vine water status, berry composition, yield variables, winter hardiness, 

virus titer, and vine size. Abbreviations: SWC= Soil water content, Leaf Ψ= Leaf water potential, Gs= Stomatal 

conductance, GS= GreenSeeker, UAV= Unmanned aerial vehicle, NDVI= Normalized difference vegetation index, 

LT50=Temperature at 50% bud death, TA= Titratable acidity, FVT= Free volatile terpenes, PVT= Potentially 

volatile terpenes, GLRaV-3= Grapevine leafroll associated virus-strain 3. 

Figure 2.16. Principal component analysis for Cave Spring vineyard (Beamsville, ON): a) 2016 and b) 2017. 

Variables include Remote sensing data, vine water status, berry composition, yield variables, winter hardiness, virus 

titer, and vine size. Abbreviations: SWC= Soil water content, Leaf Ψ= Leaf water potential, Gs= Stomatal 

conductance, GS= GreenSeeker, UAV= Unmanned aerial vehicle, NDVI= Normalized difference vegetation index, 

LT50=Temperature at 50% bud death, TA= Titratable acidity, FVT= Free volatile terpenes, PVT= Potentially 

volatile terpenes, GLRaV-3= Grapevine leafroll associated virus-strain 3. 
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Figure 2.17. Principal component analysis for Hughes vineyard (Vineland, ON): a) 2016 and b) 2017. Variables 

include Remote sensing data, vine water status, berry composition, yield variables, winter hardiness, virus titer, and 

vine size. Abbreviations: SWC= Soil water content, Leaf Ψ= Leaf water potential, Gs= Stomatal conductance, GS= 

GreenSeeker, UAV= Unmanned aerial vehicle, NDVI= Normalized difference vegetation index, LT50=Temperature 

at 50% bud death, TA= Titratable acidity, FVT= Free volatile terpenes, PVT= Potentially volatile terpenes, GLRaV-

3= Grapevine leafroll associated virus-strain 3. 

 
Figure 2.18. Principal component analysis for George vineyard (Vineland, ON): a) 2016 and b) 2017. Variables 

include Remote sensing data, vine water status, berry composition, yield variables, winter hardiness, virus titer, and 

vine size. Abbreviations: SWC= Soil water content, Leaf Ψ= Leaf water potential, Gs= Stomatal conductance, GS= 

GreenSeeker, UAV= Unmanned aerial vehicle, NDVI= Normalized difference vegetation index, LT50=Temperature 

at 50% bud death, TA= Titratable acidity, FVT= Free volatile terpenes, PVT= Potentially volatile terpenes, GLRaV-

3= Grapevine leafroll associated virus-strain 3. 
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CHAPTER 3: REMOTE SENSING AND ZONAL WINES 

3.1 Introduction 

Terroir refers to the complete grape-growing environment and surrounding factors including 

climate, soils, topography, and the vine, which impart characteristics to the resulting wine product (van 

Leeuwen 2010). The terroir of wines can then be influenced by differences in these factors corresponding 

to areas as small as within individual vineyard blocks, which influences the corresponding grape-growing 

parameters (Bramley & Hamilton 2007, van Leeuwen 2010, Spielmann & Gélinas-Chebat 2012). It has 

been demonstrated that significant variation for measures of berry composition and yield can occur within 

individual vineyard blocks, which can then impact the resulting wines. Vineyard variation has been 

demonstrated for total yield (Tardáguila et al. 2011), berry weight (Cortell et al. 2007a; Reynolds et al. 

2007), soluble solids (°Brix) (Cortell et al. 2007a, Reynolds et al. 2007, Baluja et al. 2013), titratable 

acidity (TA) (Cortell et al. 2007a, Baluja et al. 2013), pH (Baluja et al. 2013), potentially volatile terpenes 

(PVT) (Reynolds et al. 2007), anthocyanins (Cortell et al. 2007a), and phenolics (Baluja et al. 2013), as 

well as the general ripening and maturation of berries (Pagay & Cheng 2010), and indices of wine-grape 

quality (Bramley 2005, Urretavizcaya et al. 2014). This variation that can exist within individual vineyard 

blocks opposes the common winemaker requirement of uniform batches of fruit in terms of composition, 

quality, and yield thresholds (Bramley 2005). Thus, growers can choose to alter vineyard management in 

attempt to homogenize the resulting crop, or, harvest grapes at the sub-block level according to the 

demonstrated variation in berry and yield variables.  

The second option, termed selective or zonal harvesting, can enable the production of multiple 

wine-products from a singular vineyard block, which has demonstrated significant economic benefits 

(Bramley et al. 2003, Proffitt & Pearse 2004, Bramley et al. 2005). The concept of selective or zonal 

harvesting has been increasingly studied over recent years, as the adoption of geospatial technologies has 

enabled a deeper understanding of the spatial distribution and patterns within vineyard blocks (Cox 2002). 

Zonally harvested wines have been attributed to multiple grape-growing factors. Wines made from zones 

of differing water status were sensorially distinguishable and had different intensity ratings for several 

aroma, taste, and mouthfeel descriptors (Ledderhof et al. 2014). Furthermore, water stressed wines were 

rated with a higher global appreciation note in a sensory trial compared to wines from low water stress 

zones (Koundouras et al. 2006). Zonal wines from differing vine vigor areas also showed differences in 

their anthocyanin and pigmented polymer composition (Cortell et al. 2007b) and different sensory 

intensity ratings for several attributes such as astringency, earthy, chemical, and heat/ethanol attributes 

(Cortell et al. 2008). Selective harvesting and vinification based on different vine-size and soil textures 

revealed significant wine sensory differences such as decreased mineral and citrus aroma and increased 
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apple aroma from higher vine vigor wines, and higher mineral and citrus aroma and less apple aroma 

from wines from clay soil vines (Reynolds et al. 2007). Thus, wines produced from sub-block zonal 

harvesting have shown significant differences in their wine attributes, where zonation based on 

differences in water stress, vine size/vigour, and soil texture have all influenced the resulting wine 

sensory. 

Although zonal wines can significantly differ and lead to economic benefits to grape-growers, 

determining this vineyard variation and the identification of these zones can be costly and time 

consuming. Thus, with the recent developments in remote-sensing technologies, remote sensing studies 

have aimed to determine the efficacy of using remotely sensed vineyard zones for selective harvesting 

and winemaking. Wines made from aerial NDVI maps separated into zones of low, medium, and high 

NDVI were distinguishable in sensory difference testing and both low and medium NDVI wines were 

deemed of higher quality than the high NDVI zonal wine as judged by the chief winemaker (Johnson et 

al. 2001). Furthermore, wines made from zones pertaining to differences in remotely sensed NDVI and 

proximally sensed soil electrical conductivity differed in their chemical analyses of colour intensity, dry 

extract, and anthocyanin concentration, and their sensory ratings for colour intensity, structure, and total 

score (Priori et al. 2013). Wines also differed when made from zones of differing vigor and yield, as 

measured by multispectral remote sensing imagery of Plant Cell Density index (PCD = NIR/Red) and 

yield measured by a mechanical harvester equipped with a yield monitor (Bramley & Hamilton 2007, 

Bramley, Ouzman & Boss 2011). Berry composition from zonation of low vigor/low yield and high 

vigor/high yield areas differed (berry weight, Brix, acidity, pH, colour and phenols). Furthermore, 

difference sensory testing demonstrated that the zonal wines were notably different from each other in 

each year of the study, and descriptive analysis demonstrated that low yield/low vigor wines were fruitier 

with higher intensity red berry aromas, floral aromas, fresh berry and dried fruit flavours. The high 

vigor/high yield wines had more green attributes, such as stalky flavour and olive and meaty aromas. 

Chemical analysis (solid phase microextraction-gas chromatography-mass spectrometry, SPME-GC-MS) 

of these wines demonstrated them to be different for 21 compounds, 10 of which the differences were 

stable across the three vintages. Lastly, when zonal harvesting of remotely sensed low vigor and high 

vigor zones was implemented for commercial scale vinification, commercial-scale zonal wines were 

distinguishable by untrained panelists, however only from certain areas within the vineyard (Bramley, 

Ouzman & Thornton 2011).  

Research to date has demonstrated that not only do individual vineyard blocks demonstrate 

significant variability in their berry composition and yield, but that the harvesting of sub-block zones for 

vinification leads to wines that differ in their chemical and sensory attributes. Though significant research 
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has aimed to determine the usability of remote sensing for detection of vineyard variation for several 

grapevine and crop variables, less research has aimed to determine the use of remote sensing for selective 

harvesting and wine-production.  Furthermore, most current research has documented remote sensing 

capabilities in red grape cultivars and red wine production and thus more research is needed for white 

grape varieties. Lastly, majority of studies have occurred in vineyard blocks of 3 ha or larger, thus, more 

research is needed to determine the efficacy of zonal harvesting and detection by remote sensing in 

smaller vineyard blocks, such as those often seen in Ontario. This research aims to determine the efficacy 

of remote-sensing technologies, namely UAV NDVI, for zonal harvesting and vinification in Ontario 

Riesling vineyards. By comparing the chemical and sensory attributes of wines produced from remotely 

sensed zones, a greater understanding of the breadth and scope of this technology for winemaking 

opportunities will be developed. 

3.2 Materials and methods 

3.2.1 Harvesting and winemaking 

i. Harvesting and processing 

The 2016 UAV NDVI interpolated maps created for each vineyard site were used to create zones of 

high and low NDVI, with each zone separated into three field replicates (Fig. A16). The same maps were 

used (UAV NDVI 2016 maps) for the harvesting template in both years (2016 and 2017) to maintain 

temporal consistency. Upon measurement of yield per vine, harvest bins were combined based on 

treatment and replicate, labelled, and transported back to Brock University CCOVI pilot winery for 

immediate crushing/destemming using an electric crusher/destemmer (Criveller, Niagara Falls, ON). 

Crushed/destemmed products were stored in 40-L plastic bins at 7 °C overnight with the addition of 

5g/hL of β-split Endozyme (AEB Group, USA) and 40 ppm sulfur dioxide (SO2) using potassium 

metabisulfite. The following day, grapes were pressed with a small water bladder press to a maximum of 

200 kPA into multiple 20 and 11-L glass carboys. Juice was then allowed to settle at room temperature 

for 24-48 hours and subsequently racked into 20-L and 11-L glass carboys.  

ii. Fermentation, clarification, filtering, and bottling  

Settled and racked juice was inoculated with Saccharomyces cerevisiae v. cerevisiae using Fermol 

Arôme Plus (AEB Group, USA) at a dosage of 30 g/hL following the manufacturer's recommended 

rehydration procedure, with FermoPlus Energy GLU (AEB Group, USA) yeast nutrition for rehydration 

following the manufacturer’s recommended ratio of 1:4 nutrition:yeast. Yeast nutrition for fermentation 

Fermoplus Integrateur (AEB Group, USA) was added to each carboy following the manufacturer’s 

recommended rate of 45 g/hL. Carboys were then transferred to a temperature-controlled fermentation 
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chamber set to 16°C until dryness. The wines were then removed, racked into clean carboys, 40 ppm SO2 

added, and transferred to -2°C to undergo cold stabilization and lees contact for ~3 months. Due to the 

high acidity and subsequent sensory implications, sucrose was added to wines in 2016 at a rate of: 10-

15g/L per site based on a bench trial tasting of each site as follows: 10 g/L for Cave Spring, Château des 

Charmes (CDC), PondView, Hughes and 15 g/L for Buis and George. In 2017, sugar additions were 

added at a standard rate of 10 g/L per site. 150 mg/L potassium sorbate and 30 ppm of SO2 were also 

added. Wines were then sterile filtered using EK 0.45 μm filter pads (Scott Laboratories Ltd.). Within 24 

hours, filtered wines were bottled using a hand-held bottle-filler with tubing and subsequently closed with 

an automated corker (model ETSILON-R, Bertolaso; San Vito, Italy) using © DIAM 5 closure (DIAM 

Bouchage, SA). During bottling, 250 mL wine samples were taken for subsequent wine chemical 

analyses. Bottled wines were stored in the CCOVI controlled cellar at 17.5 °C and 74.5% relative 

humidity for 12 months for 2016 wines and 3 months for 2017 wines, prior to sensory analysis. 

3.2.2 Basic wine chemistry: ethanol, titratable acidity, and pH 

Wine pH was measured using an Accumet pH/ion meter (model 25; Denver Instrument Company, 

Denver, CO), and titratable acidity (TA) using a ManTech PC-Titrate auto-titrator (Man-Tech Associates 

Inc., Guelph, ON) titrated to an endpoint of pH 8.2 with 0.1 N NaOH. Three samples of distilled water 

and three samples of tartaric acid (4, 7, 9 g/L) were placed at the start and end of the titration run to 

ensure reliability of the titration. The titrator was calibrated using pH standards of 4 and 7. Ethanol 

measurements were performed by CCOVI’s analytical services lab using a gas-chromatograph (GC) 

(Hewlett-Packard 6890 series, Agilent Technologies Incorporated, Santa Clara, CA) equipped with a 

flame ionization detector (FID), split/split-less injector, and Chem Station software (version E.02.00.493). 

A Carbowax - DB®-WAX (30 m, 0.25 mm, 0.25 µm) column (122-7032 model; Agilent Technologies, 

Santa Clara, CA) was used for separation with helium as the carrier gas (flow rate of 1.5 mL/min). Two 

0.5 μL wine samples were injected for each wine replicate, spaced at the beginning and end of the run to 

account for possible variation across the run. A 5% CV between both samples was considered acceptable, 

if above this level of variation, samples were re-run. An internal standard (2% 1-butanol) six-point 

calibration curve was used. 

3.2.3 Sensory evaluation: Labelled sorting 

Statement of Ethics: Informed consent was received from all panelists prior to participation in this 

study. Ethics was approved by Brock University’s Research Ethics Board (REB 17-013). 
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Sensory sorting tests are a well documented form of sensory analysis used across a variety of food 

and beverage products such as beer and wine (Ballester et al. 2005, Parr et al. 2007, Chollet et al. 2011). 

A sorting task was the preferred method as it produces similar results to other profiling techniques 

without the associated training requirements (Cartier et al. 2006, Chollet et al. 2014). Sorting results with 

untrained panelists have proven similar to those of conventional profiling methods in visual comparison 

of plastics (Faye et al. 2004) and textures of yogurt (Saint-Eve et al. 2004) and results have shown to be 

reproducible when comparing different drinking waters (Falahee & MacRae 1997) and grape jellies (Tang 

& Heymann 2002). A labelled sorting task was initially carried out in September 2018 to determine if 

sensory differences could be detected between wines from low vs high NDVI vineyard zones. Both 2016 

and 2017 wines were analyzed within the same week. A total of 19 untrained panelists, 7 males and 12 

females, were recruited from CCOVI staff and students as well as vineyard growers and management. 

Panelists were given no training prior to wine sorting, however, all participants are directly involved in 

the wine industry and thus were considered highly educated wine consumers. Both 2016 and 2017 wines 

were analyzed within the same week, with each vintage representing a separate session using the 

following schedule: 2016 wines were analyzed by panelists on either day 1 or 2, followed by a one-day 

break, and 2017 wines were analyzed on day 3 or 4. Panelists selected from one of four time slots that 

best suited their schedule for each vintage. The same panelists were used for both 2016 and 2017 wines to 

minimize any influence of differences in panel composition when comparing vintage results. The order of 

site presentation was randomly selected for each vintage with the 2016 order being: George, CDC, 

PondView, Buis, Hughes, Cave Spring and the 2017 order being: Cave Spring, PondView, CDC, George, 

Buis, Hughes. Panelists were informed that they would be participating in a wine sorting study and 

provided with an approximate time-line of each session. Panelists had no knowledge of the study design 

including the nature of and number of treatments and replicates, they were only informed that the study is 

looking into the impacts of remote sensing on Riesling wine sensory attributes. Sensory sessions were 

carried out in CCOVI’s sensory laboratory using computers equipped with Compusense ® Cloud 

(Compusense Inc., Guelph, ON). The Compusense sorting template was used and each separate sorting 

task consisted of six wines per site, with six sites total. Each site consisted of the two treatment wines 

(high and low NDVI) and their associated three field replicates. Wines were presented in a randomized 

incomplete block design, ensuring each panelist experienced the wines in a different order. International 

Standards Organisation (ISO) clear wine glasses were coded with three-digit numbers, poured at 40 mL 

per wine, served at room temperature, and covered with plastic petri-dishes to prevent the loss of aromatic 

intensity. 

Panelists were each assigned a private booth equipped with individual computers using the 

Compusense Cloud program. Each booth was prepared with the first three flights of wines, clearly 
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separated from one another and further verbally explained to each panelist, thus ensuring no confusion as 

to the order of the flights in front of them. The panelists were then prompted by Compusense to start with 

the first flight and were asked to sample the wines left to right and subsequently sort them based on 

similarities and differences using any attributes of the wines. There were no specifications as to the 

attributes they could use, and no list of attributes was provided, however, red ambient lighting was used 

which disabled the use of visual factors in the sorting task. The only specification of the sorting task was 

that a minimum of two groups and a maximum of five groups needed to be made, thus ensuring all wines 

were not put into one group (all identical) or each in its own group (all completely different). Once wines 

were sorted into groups, panelists were instructed that each wine-group required labeling with 

descriptor(s) based on their sorting criteria. The labels could be as long or short as needed by individual 

panelists. Between each of the first three flights a mandatory 2-minute break was incorporated, in which 

panellists were provided water and plain crackers to cleanse their palettes. After the sorting of the first 

three flights was completed, a mandatory 20-minute break was included, to both minimize mental fatigue 

associated with sorting, as well as to provide researchers time to prepare the next three flights of wines. 

The presentation design of the first three flights was repeated for the last three flights. Each session lasted 

approximately 1-2 hours for each panelist. The same sensory session design was then repeated for the 

2017 wines after a two- to four-day gap per panelist.   

3.2.4 Data analyses 

i. Basic wine chemistry 

Two independent sample two tailed t-tests were run on the basic wine chemistry data (pH, TA, 

ethanol) comparing the high and low NDVI wines per site and per vintage using XLSTAT (version 2019, 

Addinsoft, New York, NY). Bar charts of the treatment means with their standard deviation were used to 

visualize differences between sites. 

ii. Sorting group data 

Sorting data analyses followed (Chollet et al. 2014) and (Alegre et al. 2017) analyzing each site and 

vintage separately. Co-occurrence matrices were created for each individual panelist, using a wines x 

wines matrix with each cell encoded by a binary representation of whether two wines belonged to the 

same group or different groups (1=same group, 0=different groups). These individual panelist co-

occurrence matrices were then summed giving a total similarity matrix where wines that were grouped 

together more often are considered more similar than wines less frequently grouped together. This final 

similarity matrix was then input into a Multi-dimensional scaling (MDS) using XLSTAT (Addinsoft, 
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New York, NY) to create a visual representation of the wines in a 2-D space. A metric MDS was used as 

the similarity matrix is equivalent to a squared Euclidean metric (Abdi 2007). Acceptability of the 

resulting MDS was based on the Kruskal’s stress Value, which utilizes the sum of the squares of distances 

between objects (wines) observed in the original data compared to the objects (wines) observed in the 

MDS space. A lower stress value means the initial and final matrices are more similar, and a commonly 

used stress value standard is 0.2 (Chollet et al. 2014, Alegre et al. 2017). 

The resulting configuration of each MDS was further analyzed by inputting the MDS coordinates 

into an Agglomerative hierarchical clustering (AHC) in XLSTAT (Addinsoft, New York, NY) using the 

Ward’s criterion. AHC is an iterative classification method which calculates the dissimilarity between all 

objects/wines and then creates classes based on two objects/wines which when clustered together 

minimize the agglomeration criteria (Ward’s method), continuing until all objects are clustered. The 

Ward’s method aims to minimize the total within-cluster variance based on a classical sum-of-squares 

criterion (Murtagh & Legendre 2014). This results in a dendrogram, which is a clustering tree rooted in 

the class that contains all objects and then the successive hierarchal separating of classes.  

iii. Sorting descriptor data 

Descriptor data were analyzed separately from sorting data following (Chollet et al. 2014). To 

begin, a contingency table was created with the columns corresponding to each wine and the rows 

corresponding to each descriptor. The values in each cell represent the frequency in which that descriptor 

was designated to that wine (panelist frequency). When multiple descriptors were used for a group of 

wines by an individual panelist, each descriptor was weighted by 1/N, where N is number of descriptors 

used in that group, therefore, the weight for each participant was equal to 1. Due to the panelist freedom 

to use any descriptors during their sorting tasks, a large variation in descriptors was used across panelists. 

Therefore, to reduce the size of the contingency table, descriptors that were only used by one panelist 

were removed and descriptors with similar meanings were combined following white wine aroma and 

mouthfeel wheels as guides (Noble et al. 1987, Pickering & Demiglio 2008). The contingency table was 

then used in a correspondence analysis (CA) (Picard et al. 2003, Soufflet et al. 2004, Chollet et al. 2014) 

creating a Chi-square metric map that displays the wines and their descriptors on a descriptor-based 

space. The symmetric plot was used where the row and column profiles are overlaid in a joint display, 

where both row and column points are equally spread out. Confidence ellipses (95%) were not included in 

symmetric plots as they overlapped for all wines and were thus not different. These CA maps, though not 

significant, provide insights into the attributes associated with wine products. 
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3.3 Results 

3.3.1 Basic wine composition: low vs high NDVI wines 

In general, basic wine composition did not differ between treatments, except for pH, which differed 

between low and high NDVI wines in multiple sites in both years. In 2016, pH differed between treatment 

wines in two sites and in 2017 in four sites, however the nature of the differences varied between years. In 

2016, both Buis and PondView had a higher pH in low NDVI wines compared to high NDVI wines 

(Table 3.1, Fig. A17). In 2017, both Buis and PondView again, as well as CDC and Cave Spring, had 

different pH values, however, a higher pH in high NDVI wines compared to low NDVI wines (Table 3.1, 

Fig. A18). TA differed at a significance of 0.058 in Buis 2016, with a higher TA in the high NDVI wines 

(Table 3.2; Fig. A19). Ethanol did not differ between treatment wines in any site or year (Table 3.3; Fig 

A21-A22). 

3.3.2 Sensory sorting results 
i. Multidimensional scaling (MDS) and agglomerative hierarchal clustering (AHC) 

All MDS Kruskal stress values were below the acceptable value of 0.2 (Figs 3.1-3.6). Kruskal 

stress values tended to be slightly lower (better fit of data) in 2016 compared to 2017, except for in 

PondView which did not differ much between years (2016=0.160, 2017=0.158), and George, which was 

slightly higher in 2016 (2016=0.198, 2017=0.184). For Buis (Fig. 3.1, Fig. 3.7), the 2016 wines were not 

sorted based on NDVI treatment; however, in 2017, two replicates of each NDVI treatment were sorted 

together: low 1 and low 2 vs. high 1 and high 2. In PondView (Fig. 3.2; Fig. 3.8), for 2016 wines 

panelists again did not sort wines based on treatments; however, for 2017 wines, panelists sorted low 1 

and low 2 together and to a lesser extent sorted high 1 and high 3 together. CDC was the most 

consistently sorted site in both years (Fig 3.3; Fig. 3.9) with 2016 panelists sorting two replicates per 

treatment together: high 2 and high 3 vs. low 2 and low 3 (Fig. 3.3; Fig. 3.9). For 2017 wines, panelists 

ultimately sorted all three replicates of each treatment together, with low 1 and low 2 vs. high 1 and high 

3 being the most similar within each treatment according to the AHC (Fig. 3.9). In Cave Spring (Fig. 3.4; 

Fig. 3.10), for 2016 wines panelists were unable to sort the treatments; however, for 2017 wines panelists 

sorted two replicates of each treatment together; low 3 and low 1 vs. high 3 and high 2. In Hughes (Fig. 

3.5; Fig. 3.11), 2016 wines were fully separated based on the two treatments, with replicates 1 and 2 for 

both low and high treatments being the most similar within each treatment according to the AHC (Fig. 

3.11). However, for 2017 wines, treatments were not sorted separately. Lastly, George (Fig. 3.6; Fig. 

3.12) 2016 wine treatments were not sorted separately, however, wines were sorted based on field-

replicate instead (low 1 and high 1, low 2 and high 2, low 3 and high 3). Here, field replicates were 

located on a N-S gradient, with replicate 1 being most south and replicate 3 being the most north (Fig. 
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A16). For George 2017 wines, two replicates per treatment were slightly sorted together with low 2 and 

low 3 vs. high 1 and high 3 being sorted together after the 1st AHC node (Fig. 3.12). Overall, panelists 

were able to sort at least two replicates per treatment in 2017 for five of six sites; however, in 2016 in 

only two sites. Perfect sorting of all replicates and treatments was seen in CDC 2017 and Hughes 2016, 

where all three replicates per treatment were sorted together and separate from one another. 

ii. Sensory descriptor data  

The results of each correspondence analysis varied from representing 62.74 % of the data to 85.53 

% depending on the site and vintage (Figs 3.13-3.18). In Buis 2016, though wine replicates were not 

sorted based on treatments in the AHC, in the CA low 1 and low 2 were located near each other and 

occurred near descriptors of sweet, neutral, and vegetal aromas (Fig 3.13). In Buis 2017, similar to the 

sorting AHC results, low 1 and low 2 were grouped together with descriptors of citrus, acidic, tree fruit, 

and neutral and high 1 and high 2 were grouped together near the floral descriptor (Fig. 3.13). In 

PondView 2016, data were not well described by the model (64.14%), and all replicates and treatments 

were quite clustered together, which is consistent with the AHC sorting results that did not separate 

treatments (Fig. 3.8). In the CA projection (Fig. 3.14), low 2 and low 3 were slightly grouped together in 

quadrant 1 and were near neutral, smooth/soft, and vegetal descriptors. In PondView 2017, the AHC had 

sorted low 2 and low 1 together, and in the CA, low 2 and low 1 were the only wines near descriptors of 

vegetal, petrol, and citrus (Fig. 3.14). In the CDC 2016 CA projection, similar to the AHC sorting results, 

high 3 and high 2 were grouped together and near descriptors of honey/caramel, citrus, vegetal, soft, and 

low 3 and low 2, though not as close together, were near descriptors of acidic, sweet, and neutral/muted 

(Fig. 3.15). In CDC 2017, similar to the AHC sorting results, treatments were grouped separately on the 

CA map with all three high replicates near descriptors of tropical fruit, fruity, floral, and acidic, and all 

three low replicates near vegetative, lower acidity, sweet, unpleasant, and citrus (Fig. 3.15). 

In Cave Spring 2016, similar to the AHC sorting results, no replicates of the same treatment were 

grouped together (Fig. 3.16). However, in 2017, similar to the AHC sorting results, treatments were 

separated on the CA map with high NDVIs near descriptors of vegetal, fruity, tree fruit, tropical fruit, and 

acidic, and low NDVIs near neutral/muted, lower acidity, citrus, and sweet (Fig. 3.16). In Hughes 2016, 

although the AHC sorting results fully separated the two treatments, only two replicates per treatment 

were located together in the CA map, with high 3 and high 2 near stone fruit and low 1 and 2 near apple 

(Fig. 3.17). In Hughes 2017, although the AHC sorting results did not group any replicates per treatment 

together, high 2 and high 3 were grouped together near floral and stone fruit descriptors in the CA map 

(Fig. 3.17). In George 2016, similar to the AHC sorting results, no two replicates were grouped together 

(Fig. 3.18). Interestingly, the AHC sorting results had sorted the wines by replicate instead; however, in 
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the CA map; separation of wines by replicate was less clear; with low 3 and high 3 being far apart, 

although low 2 and high 2 were very close together and near apple, fruity, and floral (Fig. 3.18). In 

George 2017; the CA projection differed from the MDS/AHC sorting results. Specifically, in the 

AHC/MDS, high 2 and low 3 and high 3 and low 1 were sorted together, yet in the CA map they are quite 

far apart (Fig. 3.18). Furthermore, in the CA map, high 2 and high 3 were close together, yet they were 

very distant wines in the AHC (Fig. 3.12). In the George 2017 CA map; high 2 and high 3 were grouped 

together near descriptors of sweet, fruity, and smooth (Fig. 3.18).  

Due to the untrained nature of the panelists and the freedom to use any descriptors, there was low 

consistency in the descriptors used for describing low vs high NDVI wines across sites. However, a few 

common descriptors were seen in the groupings of at least two replicates/treatment. Overall, there was a 

trend for groupings of low NDVI wine replicates being described as neutral (Buis 2016 & 2017, 

PondView 2016, CDC 2016, Cave Spring 2017), vegetal/vegetative (Buis 2016, PondView 2016, 2017, 

CDC 2017), and citrus (Buis 2017, PondView 2017, CDC 2017, Cave Spring 2017). Groupings of high 

NDVI wines were described as fruity/stone fruit/tropical fruit (CDC 2017, Cave Spring 2017, Hughes 

2016 & 2017, George 2017) and floral (Buis 2017, CDC 2017, Hughes 2017).  

3.4 Discussion 

This study tested the hypothesis that wines produced from NDVI zones would differ both 

chemically and sensorially. Grapevines associated with higher NDVI, a measure of canopy structure and 

size (Rey-Caramés et al. 2015), have been associated with larger leaf area index (Johnson 2003), higher 

vine vigor (Acevedo-Opazo et al. 2008), higher yield (Debuisson et al. 2010), and higher water status 

(Acevedo-Opazo et al. 2008). Vines with higher vine vigor and less exposed clusters tend to have lower 

fruity quality, Brix, aroma compounds, and higher TA (Reynolds & Wardle 1989, Cortell et al. 2007a). 

Furthermore, the benefits of deficit irrigation and mild-moderate water stress on grapevine berry 

composition has been demonstrated (Koundouras et al. 2006, Acevedo-Opazo et al. 2010), mainly when 

experiencing water-stress post-véraison (Girona et al. 2009). Lastly, higher yielding vines have been 

associated with decreased berry quality (Nuzzo & Matthews 2005), though factors like vine balance, the 

ratio of vegetative growth to yield, may be more important than total yield alone (Kliewer & Dokoozlian 

2005). Overall, we predicted that remotely sensed NDVI zones would be associated with vines of 

differing grape growing attributes such as vine vigor, water stress, and yields, and thus would have 

differences in their berry composition ultimately leading to differences in NDVI zonal wines.  

Primarily, comparison of wine TA, pH, and ethanol between low and high NDVI wines 

demonstrated that only pH differed between treatment wines. However, in 2016, wine pH was higher in 

low NDVI wines compared to high NDVI wines in two sites, yet in 2017 wine pH was lower in low 



123 
 

NDVI wines compared to high NDVI wines in four sites. These differing results seen in 2016 compared 

to 2017 is consistent with Reynolds et al. (2007) finding that Riesling wine pH only differed between 

vines of differing vine vigor and soil composition in certain years and not others. Though differences in 

wine pH, TA, and ethanol are useful in winemaking and can strongly influence wine sensory, sensory 

differences between zonal wines have been associated primarily with volatile aroma compounds over 

their differences in basic wine chemical attributes (Chapman et al. 2005, Koundouras et al. 2006). 

Furthermore, differences in basic berry composition that influence the resulting basic wine chemistry can 

be minimized upon implementation of selective harvesting, where zonal harvesting can occur on different 

dates based on differences in Brix and TA levels, the often-used determinants of harvest maturity. This 

was seen when Bramley & Hamilton (2007) implemented zonal harvesting of remotely sensed vineyard 

zones, where the low vigor/low yield zones were harvested one week earlier than the high yield/high 

vigor zones based on their decided harvest maturity of 24 °Brix. 

Though the differences in basic wine chemistry between NDVI-wines were not strong, the sensory 

sorting of wines from high and low NDVI zones was more common, and similar to the wine chemistry 

results, the sorting of NDVI treatment wines was much stronger in 2017 compared to 2016. In 2016, only 

two sites demonstrated sorting based on NDVI treatment, with one site, Hughes, sorting all three 

replicates per NDVI treatment together and CDC sorting two replicates per NDVI treatment together. In 

2017, however, three sites sorted two replicates per NDVI treatment together, Buis, PondView, and Cave 

Spring, and one site (CDC) sorted all three replicates per NDVI treatment together. Differences in sorting 

task success could be attributed to the often strong vintage variations that have been demonstrated in 

regards to the aroma potential of wines (Araujo et al. 2004). Glycoconjugates of aroma compounds in 

Agiorgitiko wines were higher in 1998 than in 1997 (Koundouras et al. 2006), particularly for the 

glycosides of volatile phenols, monoterpenes, and norisoprenoids, increasing by more than 50% in 1998, 

which influenced the sensory properties of the vintage wines. The difference in sorting task success 

between years could be further explained due to the severe vintage variations in growing seasons, as the 

2016 growing season had extremely below average precipitation while 2017 consisted of average to 

above average growing season precipitation (Table A4). Interestingly, the assumption would then be that 

stronger differences would be seen in a more stressful growing season, as wines made from zones of 

different levels of water stress have demonstrated significant differences in both wine sensory and 

composition variables (Koundouras et al. 2006, Ledderhof et al. 2014). However, the consistently low 

precipitation seen in 2016 may have led to more uniformly stressed vineyards, thus minimizing the 

differences in wines associated with water status. Another possible reason for the difference in results 

between vintages could be due to the differences in wine bottle aging before sensory analysis. The 2016 

wines were stored in bottle significantly longer than the 2017 wines prior to sensory analysis due to the 
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sensory analysis being performed within the same week for both vintages. González‐Viñas et al. (1998) 

demonstrated the impact of bottle aging on the organoleptic properties of a white variety, Airén, after 

storage of 6, 18, 30, and 42 months in bottle. Younger wines had a moderately strong fresh-citric, floral, 

and apple aroma while wines stored longer in the bottle had a sweet-raisin and a spicy-green pepper 

aroma. The wines from the different storage age were also sensorially distinguishable from one another 

due to the disappearance of the fresh-citric aroma and the appearance of a spicy-green pepper flavor 

(González‐Viñas et al. 1998). One of the most common descriptors used in the sorting of our Riesling 

wines by panelists was citrus, being used in each site and vintage. Thus, any loss in the aroma compounds 

responsible for the citrus descriptors over time could strongly impact distinguishability between treatment 

wines.  

Lastly, another potential reason for the difference in results seen between years could be due to a 

temporal influence of UAV NDVI map usability, as the 2017 wine treatments and replicates were based 

on the 2016 UAV NDVI maps. Though several studies have demonstrated the temporal stability of 

within-vineyard NDVI spatial patterns (Johnson 2003, Kazmierski et al. 2011), when visually comparing 

our UAV NDVI 2016 maps to GreenSeeker™ NDVI 2017 maps (Figures A4-A15) some sites were more 

similar/temporally stable than others. CDC was the most similar between years, which was also the site 

with the most consistent sorting of NDVI wines, followed by George, Cave Spring, and Buis. Hughes and 

PondView showed the least similarity between the 2016 UAV NDVI and 2017 GreenSeeker NDVI maps, 

which could explain why in 2016 panelists sorted all three replicates/treatment together in Hughes yet in 

2017 panelists were unable to sort treatments separately for any replicates. However, although the 

PondView maps were quite different between years, PondView was one of the four sites where panelists 

were able to sort two replicates/treatment together in 2017 and no replicates/treatment were sorted 

together in 2016. Another possible factor influencing the sorting task success could be that UAV NDVI 

was not strongly associated with the manually measured variables of vineyard variation in this study. 

Though UAV NDVI and GreenSeeker NDVI were positively correlated in most sites in 2016 (Table 

A13), relationships between measures of vine health, size, yield, and berry composition with NDVI 

occurred more often with GreenSeeker NDVI compared to UAV NDVI. Thus, zonal harvesting and 

winemaking of NDVI zones may have shown stronger chemical and sensory differences if GreenSeeker 

NDVI maps were used over UAV NDVI maps. 

The descriptor-based grouping/sorting results were not strong, as 95% confidence ellipses for all 

wines overlapped in each site and each year, and thus were not included in the final figures. However, the 

descriptor-based CA results demonstrated a slight trend for low NDVI wines being described as neutral, 

vegetal, and citrus and high NDVI wines as fruity, stone fruit, and floral. Two sites were an exception to 
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this trend: CDC 2016 described high wines with vegetal and citrus and Cave Spring 2017 describing high 

wines with vegetal. Reynolds et al. (2007) found that Riesling wines from higher vigor zones had higher 

intensity ratings of apple aroma and lower intensity of citrus aroma in certain years, however differences 

in grassy/vegetal were not seen. Due to the strong correlation seen between NDVI and vine vigor (Table 

A13), Reynolds et al. (2007) findings of high vigor zonal wines being higher in apple and lower in citrus 

intensity is consistent with our general trend for high NDVI wines being rated as fruity and low NDVI as 

citrus. Furthermore, the trend of high NDVI wines having more floral and fruity aroma descriptors is 

consistent with the positive correlation seen between free volatile terpenes in grape berries and 

GreenSeeker NDVI in the correlation-based analyses for two sites each year. However, these positive 

correlations were not seen with UAV NDVI data, which was the imagery used for the zonal winemaking. 

Monoterpenes are characterized as fruity and floral aroma compounds and are found in 1-4 mg/L 

concentrations in Riesling grapes (Skinkis et al. 2008), thus, it makes sense that wines made from high 

NDVI vines, which tended to have higher odor-active terpenes, are more often described as fruity and 

floral. Interestingly, UAV NDVI was negatively correlated to PVT in berries (Table A13), which are non-

odor-active monoterpenes, in multiple sites. The quantitation of free and bound monoterpene 

concentration in the treatment wines by GC-FID (Vilanova & Sieiro 2006) would enable a more thorough 

understanding of how the correlations between berry terpene concentration and NDVI translates into the 

final wine product. Furthermore, there are several non-terpene compounds associated with fruity 

descriptors, as associated with high NDVI wines, such as ethyl esters, C13-norisoprenoids, and certain 

sulfur compounds such as thiols (Schüttler et al. 2015). Moreover, vegetal descriptors associated with low 

NDVI wines might be attributed to several green and vegetal associated aroma compounds such as higher 

alcohols and pyrazines (Blake et al. 2010, Kalua & Boss 2010). Thus, the comparison of the volatile 

chemical composition of wines from NDVI zones would enable a more thorough understanding of the 

underlying chemistry behind the different descriptors associated with low and high NDVI wines.  

To further understand the differences in aroma and flavor attributes of NDVI zonal wines, a more 

thorough sensory analysis should also be performed. Though labeled sorting can provide an indication to 

the different descriptors associated with various wine products (Chollet et al. 2014), multiple factors can 

influence the descriptor results of this study. Inconsistencies were seen between the grouping of wines 

based on the sorting task co-occurrence matrix and the grouping of wines based on the descriptor 

frequency data. One reason for this is the removal of descriptors cited by only one panelist, thus, the 

sorting results of those panelists were not included in the descriptor-based analysis (Chollet et al. 2014). 

Secondly, the freedom to use any descriptor(s) led to a high number of descriptors covering a variety of 

wine attributes such as mouthfeel, preference/enjoyment, aromas, and flavors, each with minimal 

statistical power (Chollet et al. 2014), often only being referenced by two to four other panelists. This, 
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coupled with the lack of training for the descriptors used, leads to a potential inability to determine 

descriptors that are an accurate representation of the differences between wine products. Though free 

sorting tasks have become common in sensory profiling of food and beverage items, their use in complex 

products such as beer (Lelièvre et al. 2008) have demonstrated discrepancies in the descriptors generated 

between trained and untrained panelists, despite the similarities in the grouping of beers performed by 

each group. Thus, the sorting/grouping results of this research should be considered more readily than 

those of the descriptor data. The inclusion of a list of descriptors for panelists to choose from may have 

enabled more uniform results across panelists, however, Lelièvre et al. (2008) demonstrated that 

providing panelists with a list of descriptors for beer products did not assist in the accuracy of descriptors 

used. To fully obtain an accurate list of descriptors for the wines from each treatment, conventional 

profiling/descriptive analysis should be carried out, which can produce similar product configuration 

maps compared to sorting data (Cartier et al. 2006, Campo et al. 2008).  

An interesting result seen in the sorting of treatment wines was that of George 2016, which 

displayed sorting of wines based on field replicates over sorting by high vs low NDVI treatment. Panelists 

sorted high 1-low 1, high 2-low 2, and high 3-low 3 together. The field replicates for this site were located 

within the vineyard on a north-south gradient with replicate 1 being the most northern and replicate 3 

being the most southern. This replicate-based sorting of the wines, which was not seen in any other site or 

vintage, could be due to the direct proximity to Lake Ontario in this site where even minor differences in 

distance from the lake could greatly impact the microclimate conditions in the vineyard. When looking at 

the interpolated maps of all variables measured in this site from individual grapevines (Figure A14), maps 

of GLRaV-3 infection, FVT concentration, leaf ψ, and yield all demonstrated a more distinct north to 

south pattern compared to the remotely sensed maps. The northern end of the vineyard had higher yield, 

less FVT concentration, less water stress (higher leaf ψ), and higher GLRaV-3 infection. Thus, the sorting 

of these wines may be due to differences in these variables, whose spatial patterns are not highly similar 

to that of the UAV NDVI map. It has been thoroughly demonstrated that water stress (Koundouras et al. 

2006; Shellie 2006) and GLRaV-3 infection (Kovacs et al. 2001; Montero et al. 2016) strongly impact 

berry composition. These two variables have also been shown to act synergistically in their negative 

impact on grapevine growth and health (Cui et al. 2016). Thus, in George 2016, the sorting of wines may 

be due to GLRaV infection and water stress influences on the final wine product, rather than an 

association with UAV NDVI in this site and vintage.  

Though the pattern of sorting wines by replicate was only seen in the one site and one vintage, the 

overall sorting of NDVI wines may have provided more distinct treatment sorting if the use of field-

replicates was removed. As seen in the George 2016 wines, field replicates may still be viticulturally 
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relevant and influence the final wine product. Some berry composition variables measured were not as 

readily detectable by NDVI in certain sites and years, and these variables may have been more spatially-

associated with the different field-replicates compared to the NDVI zonation. Furthermore, inclusion of 

field replicates increases the number of wines being tested from three using a duo/trio test or triangle test, 

to six wines in a sorting task. Sorting of more products requires more memory retention, often leading to 

increased re-sampling of products which increases risk of confusion (Chollet et al. 2014). This is even 

more enhanced when products are similar to one another (Patris et al. 2007, Chollet et al. 2014) as would 

be the case for tasting wines from within one individual vineyard block. It has also been demonstrated 

that sensory sorting studies are less useful when sorting a low number of samples, where 9-20 samples is 

ideal (Chollet et al. 2014). The sorting results from eight beer samples was demonstrated to be weaker 

than the results from the sorting of 12 beers (Nava Guerra et al. 2004). For all these reasons, only having 

two wine products: high and low NDVI wines, followed by the use of a sensory triangle test or duo-trio 

test may have led to more conclusive results (Bramley, Ouzman and Boss 2011). These results would also 

be more representative of the wines that would be produced from this form of selective harvesting: where 

all grapevines from the high NDVI zone and all grapevines from the low NDVI zone would be harvested 

separately and processed to form two final wine products (Bramley, Ouzman and Boss 2011).  

Lastly, implementing selective harvesting in vineyard blocks of this size (~1-3 ha) may only be 

economically beneficial with zonation above a certain geographic area threshold. Previous research 

demonstrating the economic benefits from zonal harvesting and wine production have occurred in larger 

blocks in total area, such as producing multiple wine products from a vineyard block of 12 ha in size 

(Bramley, Ouzman and Thornton 2011) and an 8.47 ha block using two zones; one 2.47 ha and one 6 ha 

(Proffitt & Pearse 2004). Smaller geographic areas of zonation, as seen in this study, as well as the use of 

multiple zonal categories (in this case field replicates) which decreases the considered area further, can 

lead to less distinct differences between zonal wines. This was seen when (Johnson et al. 2001) separated 

a vineyard into three zones of low, medium, and high NDVI for selective harvesting and winemaking. 

Wines from the low and high NDVI zones were sensorially distinguishable from one another, though they 

were not consistently considered different from the medium NDVI wine. Furthermore, (Bramley, 

Ouzman and Thornton 2011) found that in duo-trio tests of commercial vinification scale wines produced 

from multiple high and low vigor zones, panelists were only able to distinguish one of the “high” zones 

from the “low” zone wine. Overall, more research is required to determine at which spatial scales 

selective harvesting and zonal winemaking is economically feasible and sensorially detectable. This study 

indicates that zonal wines can be distinguishable from one another at very small geographic areas (< 1 ha 

in area), and by including field replicates in this study the strength of sensory differences between low 

and high NDVI wines is further highlighted. 
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3.5 Conclusions 

Remote sensing has demonstrated the ability to determine within-field zones that can produce 

significantly different wine products in Niagara Riesling vineyards. Basic wine chemistry between NDVI 

zonal wines differed in their wine pH, however vintage and site variations were seen in the pH differences 

between zones. Sensory differences between zonal wines were clearer, as high and low NDVI wines were 

sorted separately in multiple sites in both years. However, only one site showed temporally consistent 

success in the sorting of high and low wines across years. This one site also had the most temporally 

stable NDVI patterns across years and highly spatially-aggregated patterns of NDVI. Descriptors 

produced from the wine sorting task did not statistically differ across the wine products. This is most 

likely due to the untrained nature of panelists, their ability to use any descriptor(s), and the inclusion of 

field-replicates which involved sorting many highly similar wine products with increased memory fatigue 

throughout the sorting task. However, a slight trend was seen across sites and years where high NDVI 

wines were described as floral and fruity and low NDVI wines as neutral, citrus, and vegetal. This 

research study is unique in its use of UAVs in the production of zonal wines from vineyards of small 

geographic areas (1-3 ha) growing a white variety. More research is required to develop a thorough 

understanding of the sensory differences demonstrated between zonal wines through sensory conventional 

profiling and subsequent chemical analysis of the volatile aroma from the two zonal wines. Lastly, more 

research is required to understand the temporal stability of remotely sensed zonation and its impacts on 

the final wine quality. The results of this study indicate that remote sensing has the potential to be used 

for the selective harvesting of Niagara Riesling vineyards and the production of zonal wine products that 

are sensorially distinguishable from one another, however, more research is required to understand the 

differences observed across sites and years. 
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3.7 Tables and figures 

3.7.1 Tables 
Table 3.1. Mean wine pH for each treatment (Low and High NDVI) for six Riesling sites and two 

vintages in Ontario. Significant p-values (95% confidence) from a two-sample t-test are in bold. 

  pH 

  

Low 

NDVI st. dev 

High 

NDVI st. dev. p-value 

Buis 
2016 2.87 0.02 2.81 0.03 0.03 

2017 2.82 0.00 2.86 0.02 0.01 

PondView 
2016 3.00 0.04 2.92 0.02 0.04 

2017 3.07 0.03 3.15 0.01 0.02 

Château des Charmes 
2016 2.94 0.04 2.99 0.02 0.12 

2017 2.97 0.02 3.11 0.03 0.003 

Cave Spring 
2016 2.97 0.02 2.95 0.03 0.40 

2017 3.00 0.01 3.04 0.03 0.05 

Hughes 
2016 2.89 0.02 2.91 0.03 0.54 

2017 2.98 0.01 2.98 0.03 0.84 

George 
2016 2.86 0.06 2.97 0.05 0.07 

2017 2.98 0.01 2.98 0.04 1.00 

 

Table 3.2. Mean wine titratable acidity (TA) for each treatment (Low vs High NDVI) for six Riesling 

sites and two vintages in Ontario. Significant p-values (95% confidence) from a two-sample t-test are in 

bold. 

  TA (g/L)  

  

Low 

NDVI st. dev High NDVI st. dev p-value  

Buis 
2016 9.18 0.28 9.62 0.06 0.05  

2017 10.59 0.24 10.72 0.17 0.49  

PondView 
2016 8.60 0.23 8.51 0.40 0.75  

2017 6.94 0.47 6.80 0.29 0.68  

Château des Charmes 
2016 7.49 0.26 7.91 0.30 0.14  

2017 7.93 0.38 8.05 0.31 0.69  

Cave Spring 
2016 8.53 0.26 8.83 0.12 0.14  

2017 9.58 0.27 9.53 0.60 0.90  

Hughes 
2016 8.57 0.48 8.84 0.10 0.40  

2017 8.56 0.27 8.39 0.26 0.49  

George 
2016 9.88 0.10 10.22 0.25 0.09  

2017 9.12 0.06 9.01 0.32 0.60  
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Table 3.3. Mean wine ethanol for each treatment (Low vs high NDVI) for six Riesling sites and two 

vintages in Ontario.  Significant p-values (95% confidence) from a two-sample t-test are in bold. 

  Ethanol (%) 

  

Low 

NDVI st. dev High NDVI st. dev. p-value 

Buis 
2016 10.04 0.25 9.75 0.11 0.14 

2017 9.31 0.05 9.16 0.39 0.55 

PondView 
2016 11.72 0.33 11.21 0.09 0.06 

2017 12.06 0.27 11.48 0.61 0.21 

Château des Charmes 
2016 11.02 1.54 11.08 0.12 0.96 

2017 11.52 0.21 11.66 0.34 0.57 

Cave Spring 
2016 12.50 0.15 12.61 0.17 0.44 

2017 10.35 0.05 10.56 0.31 0.31 

Hughes 
2016 10.68 0.26 10.36 0.16 0.15 

2017 10.40 0.46 10.24 0.49 0.70 

George 
2016 9.70 0.37 9.84 0.03 0.53 

2017 8.94 0.12 9.18 0.26 0.22 
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3.7.2 Figures 

 

Figure 3.1.  Multi-dimensional scaling 2-dimensional configuration and associated Kruskal’s stress values for 

Riesling wines from Buis vineyard (Niagara-on-the-Lake, ON). Left: 2016 and right: 2017 wines. 

Configurations are based on the co-occurrence matrices from the sensory sorting of two wine treatments and 

three field replicates (n=19). 

 

Figure 3.2.  Multi-dimensional scaling 2-dimensional configuration and associated Kruskal’s stress values for 

Riesling wines from PondView vineyard (Niagara-on-the-Lake, ON). Left: 2016 and right: 2017 wines. 

Configurations are based on the co-occurrence matrices from the sensory sorting of two wine treatments and 

three field replicates (n=19). 
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Figure 3.3. Multi-dimensional scaling 2-dimensional configuration and associated Kruskal’s stress values for 

Riesling wines from Château des Charmes vineyard (St. Davids, ON). Left: 2016 and right: 2017 wines. 

Configurations are based on the co-occurrence matrices from the sensory sorting of two wine treatments and 

three field replicates (n=19). 

 

 

Figure 3.4.  Multi-dimensional scaling 2-dimensional configuration and associated Kruskal’s stress values for 

Riesling wines from Cave Spring vineyard (Beamsville, ON). Left: 2016 and right: 2017 wines. 

Configurations are based on the co-occurrence matrices from the sensory sorting of two wine treatments and 

three field replicates (n=19). 
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Figure 3.5.  Multi-dimensional scaling 2-dimensional configuration and associated Kruskal’s stress values for 

Riesling wines from Hughes vineyard (Vineland, ON). Left: 2016 and right: 2017 wines. Configurations are 

based on the co-occurrence matrices from the sensory sorting of two wine treatments and three field replicates 

(n=19). 

. 

 

Figure 3.6. Multi-dimensional scaling 2-dimensional configuration and associated Kruskal’s stress values for 

Riesling wines from George vineyard (Vineland, ON). Left: 2016 and right: 2017 wines. Configurations are 

based on the co-occurrence matrices from the sensory sorting of two wine treatments and three field replicates 

(n=19). 
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Figure 3.7.  Agglomerative hierarchical clustering dendrogram for Riesling wines from Buis vineyard 

(Niagara-on-the-Lake, ON). Left: 2016 and right: 2017 wines. Clustering trees are rooted in the class that 

contains all objects and thereafter shows the successive hierarchal separating of classes based on dissimilarity.  

 

 

Figure 3.8.  Agglomerative hierarchical clustering dendrogram for Riesling wines from PondView vineyard 

(Niagara-on-the-Lake, ON). Left: 2016 and right: 2017 wines. Clustering trees are rooted in the class that 

contains all objects and then shows the successive hierarchal separating of classes based on dissimilarity.  
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Figure 3.9.  Agglomerative hierarchical clustering dendrogram for Riesling wines from Château des Charmes 

vineyard (St. Davids, ON). Left: 2016 and right: 2017 wines. Clustering trees are rooted in the class that 

contains all objects and then shows the successive hierarchal separating of classes based on dissimilarity.  

 

 

Figure 3.10.   dendrogram for Riesling wines from Cave Spring vineyard (Beamsville, ON). Left: 2016 and 

right: 2017 wines. Clustering trees are rooted in the class that contains all objects and then shows the 

successive hierarchal separating of classes based on dissimilarity.  
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Figure 3.11.  Agglomerative hierarchical clustering dendrogram for Riesling wines from Hughes vineyard 

(Vineland, ON). Left: 2016 and right: 2017 wines. Clustering trees are rooted in the class that contains all 

objects and then shows the successive hierarchal separating of classes based on dissimilarity.  

 

 

Figure 3.12.  Agglomerative hierarchical clustering dendrogram for Riesling wines from George vineyard 

(Vineland, ON). Left: 2016 and right: 2017 wines. Clustering trees are rooted in the class that contains all 

objects and then shows the successive hierarchal separating of classes based on dissimilarity.  
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Figure 3.13.  Correspondence analysis (CA) symmetric plot for Riesling wines from Buis vineyard (Niagara-

on-the-Lake, ON). Left: 2016 and right: 2017 wines along with their sensory descriptors. The Chi-square 

metric map displays the wines and their descriptors on a descriptor-based space. 

 

 

Figure 3.14.  Correspondence analysis (CA) symmetric plot for Riesling wines from PondView vineyard 

(Niagara-on-the-Lake, ON). Left: 2016 and right: 2017 wines along with their sensory descriptors. The Chi-

square metric map displays the wines and their descriptors on a descriptor-based space. 
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Figure 3.15.  Correspondence analysis (CA) symmetric plot for Riesling wines from Château des Charmes 

vineyard (St. Davids, ON). Left: 2016 and right: 2017 wines along with their sensory descriptors. The Chi-

square metric map displays the wines and their descriptors on a descriptor-based space. 

 

 

Figure 3.16.  Correspondence analysis (CA) symmetric plot for Riesling wines from Cave Spring vineyard 

(Beamsville, ON). Left: 2016 and right: 2017 wines along with their sensory descriptors. The Chi-square 

metric map displays the wines and their descriptors on a descriptor-based space. 
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Figure 3.17.  Correspondence analysis (CA) symmetric plot for Riesling wines from Hughes vineyard 

(Vineland, ON). Left: 2016 and right: 2017 wines along with their sensory descriptors. The Chi-square metric 

map displays the wines and their descriptors on a descriptor-based space. 

 

 

Figure 3.18.  Correspondence analysis (CA) symmetric plot for Riesling wines from George vineyard 

(Vineland, ON). Left: 2016 and right: 2017 wines along with their sensory descriptors. The Chi-square metric 

map displays the wines and their descriptors on a descriptor-based space. 
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CHAPTER 4: GENERAL DISCUSSION AND CONCLUSIONS 

The overall goal of this research study was to determine if remote-sensing technologies could be 

used to detect within-vineyard variability for several viticulturally important factors such as measures of 

vine health, yield, berry composition, and wine attributes. Two forms of sensing were used, a ground-

based (proximal) commercially available multispectral sensor, GreenSeeker™, and an unmanned aerial 

vehicle (UAV) with a thermal sensor and multispectral sensor attached. Remote sensing of individual 

Riesling vineyard blocks, combined with the manual data collection from geolocated grapevines for 

measures of vine health, size, yield components, and berry composition, enabled the comparison of 

remote sensing data and vineyard variation for several agriculturally significant variables. Pearson’s 

correlations, scatter plots, and principal component analyses were used to elucidate direct relationships 

between remote sensing data and these agriculturally significant variables. Furthermore, interpolated 

maps of measured variables and maps from remotely sensed imagery enabled the comparison of the 

spatial distribution and patterns of all variables. This, coupled with Global Moran’s Index spatial 

autocorrelation analyses, enabled an understanding of the clustering and dispersion of each variable and 

the determination of which variables produced similar spatial configurations compared to remotely sensed 

imagery. By combining statistical and spatial analyses we aimed to determine if remote sensing could be 

used to detect vineyard areas where precision viticulture actions should be implemented.  

Results of this study demonstrated that in general, both sensing technologies were often correlated 

with one another and demonstrated similar spatial configurations. GreenSeeker NDVI and UAV NDVI 

were often positively correlated and inversely correlated with UAV thermal data. Surprisingly, 

GreenSeeker NDVI and UAV thermal data were correlated in more sites than GreenSeeker NDVI and 

UAV NDVI. This could be due to a variety of factors including the potential influence of ground-based 

reflection values being included in the UAV NDVI data and the high spatial resolution of UAV NDVI 

imagery being unable to capture canopy area differences. In general, GreenSeeker NDVI demonstrated 

the most correlations with measured variables compared to UAV NDVI and UAV thermal imagery, 

though UAV thermal demonstrated the most correlations with yield and stomatal conductance (gs). When 

comparing GreenSeeker NDVI with measured variables, several relationships were seen. NDVI was 

positively correlated with vine size in most sites and years, with measures of water status (leaf ψ and gs) 

in three to four sites each year, with yield in some sites each year (especially in a drought-like growing 

season), and with GLRaV-3 in half of the infected sites each year (Table A13). Furthermore, relationships 

were seen between NDVI and berry composition, however, they were less consistent across sites and 

years. An overall trend was seen with NDVI being inversely correlated with PVT and berry Brix, and 

positively correlated with berry TA. Spatial autocorrelation determined by Moran’s I of all variables 
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demonstrated that all forms of remote sensing, measures of water status, virus titer, winter hardiness, and 

berry terpene concentration were highly clustered variables, whereas yield and cluster number were 

mostly randomly distributed. Vine size, berry weight and measures of berry composition were sometimes 

clustered, with spatial autocorrelation depending greatly on the site and year. Though relationships were 

seen between remote sensing data and several important variables, more research is required to 

understand the inconsistent results demonstrated across sites and years, where vine size was the only 

consistent variable correlated with remote sensing. The consistent relationship between remote sensing 

and vine size is consistent with previous studies and the delineation of NDVI as a canopy structure-based 

VI (Johnson 2003, Acevedo-Opazo et al. 2008, Rey-Caramés et al. 2015). Relationships between remote 

sensing data and agriculturally significant variables may depend on the inherent variability within an 

individual vineyard block, as not all vineyard blocks will consist of significant variability for all measured 

variables. For example, a site (CDC) with poor soil drainage, clay-like soils, and high variation (%CV) in 

soil water content (SWC) had a strong negative correlation between NDVI and SWC in each year, 

although no other site demonstrated this relationship. Furthermore, stomatal conductance and leaf water 

potential relationships with remote sensing were seen in sites with highly variable water status (%CV) 

consisting of vines ranging from no stress to mild/moderate stress in both years. Moreover, in a typical 

growing season (2017), the two smallest sites which consisted of the lowest variation in NDVI (CV%) 

demonstrated the least relationships between measured variables and remote sensing, with only 1 and 2 

correlations being seen. Lastly, an NDVI vs. GLRaV-3 relationship was not seen in the one vineyard site 

that consisted of a very high rate of infection (85%), where all infected vines had a similar level of virus 

titer. Thus, remote sensing may be less able to detect vineyard variation in sites that are more uniform in 

nature, whether that is uniformly stressed/infected or uniformly healthy/clean. The differences between 

sites in their vineyard variability may determine the efficacy of remote sensing and precision viticulture 

on a site-specific manner. 

This study, among others, has demonstrated that NDVI can be correlated with measures of berry 

composition which can then impact the wine quality potential of the vineyard. Most previous studies 

determining the use of remote sensing in zonal wine making occur in larger vineyards, often >10 ha, and 

primarily focus on red varieties. For this study, UAV NDVI maps were used to separate vineyards into 

low and high NDVI zones and each zone was further segregated into three field replicates. Treatment and 

replicate wines were made with identical winemaking procedures and basic wine chemistry as well as 

labelled sorting tasks were performed. Differences in wine basic chemistry between low and high NDVI 

wines were not common, though wine pH did differ between treatments in some sites each year, the 

nature of these differences was not temporally stable. The sensory sorting of both treatments and their 

three replicates demonstrated that panelists were sometimes able to group least two replicates/treatment 
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together. However, only one site showed temporal consistency in the sorting task (CDC), and only two 

sites demonstrated the complete sorting of all three replicates/treatment together (Hughes 2016, CDC 

2017). Lastly, descriptors associated with sorted wines did not demonstrate significant differences 

between wine products. However, configuration maps demonstrated a trend of high NDVI wines being 

described as floral and fruity and low NDVI wines as citrus, neutral, and vegetal. Differences in the 

sorting task success between sites and vintages could be due to the strong differences in growing season 

weather across years, the different time each vintage was stored in bottle before sensory analysis, the 

efficacy of using the same UAV NDVI maps for selective harvesting in both years, and the influence of 

including field replicates in sorting task success and panelist memory fatigue. 

Overall, the results of this research study support the use of remote sensing in vineyard variability 

detection in Ontario Riesling vineyards, though more research is required before ground-truthing of 

sampled vines is not needed. With the growing interest in sustainable agriculture and precision viticulture 

applications, this research supports the use of within-field targeted management for several variables that 

can lead to environmental and economic benefits. Primarily, GreenSeeker NDVI was consistently able to 

detect differences in vine size in each site and year. The impacts of vine size and vigor on disease 

incidence (Smart 1985), vine balance (Terry & Kurtural 2011), and berry composition (Cortell et al. 

2007) are well established and the use of GreenSeeker NDVI maps to target vine size management such 

as altered pruning, training, hedging, and leaf removal can enhance vineyard production. Secondly, 

consistent correlations of UAV thermal with gs, and of GreenSeeker NDVI with both gs and leaf ψ 

underscores the possibility for the use of remote sensing in irrigation applications applied to smaller 

vineyard areas, which can lead to decreased run-off and increased water-use efficiency (Medrano et al. 

2015). Detection of GLRaV-3 infected vines is difficult as accurate testing is often expensive and 

symptoms are difficult to visualize in white varieties such as Riesling (Maree et al. 2013). A major virus 

management strategy in vineyards is the quick detection and removal of infected vines, which minimizes 

spread throughout the vineyard by insect vectors (Arnold et al. 2017). Thus, a rapid and affordable 

technology to detect infected vines within the field can economically benefit vineyard management and 

slow down the current rate of GLRaV-3 infection spread throughout the entire Niagara Region (Xiao et 

al. 2018). However, more research is required in detecting GLRaV-3 vineyard infection in white varieties, 

as a relationship between NDVI and GLRaV-3 was not seen in one site, and the nature of NDVI - 

GLRaV-3 relationships differed between sites. Future research should determine if vegetation indices 

more sensitive to leaf biochemistry are able to consistently detect this virus in white varieties (Meggio et 

al. 2010). Lastly, although less temporally stable and consistent, relationships between NDVI and yield 

components and berry composition in some sites each year indicate that remote sensing can determine 

areas of differing crop quality within the vineyard. This can enable management actions to homogenize 
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the final crop such as cluster thinning and yield management practices, or, the demonstrated vineyard 

differences in yield and berry quality can be utilized through the adoption of selective harvesting 

(Bramley et al. 2011). However, more research is required to understand the nature of these relationships 

and their temporal inconsistencies. Although temporal inconsistencies existed, the importance of the 

relationship between NDVI and berry composition was further highlighted by the sensory differences 

detected by panelists from wines produced from low and high NDVI zones. These findings provide 

further support for the benefits of selective harvesting and zonal winemaking for final wine production 

from individual vineyard blocks (Bramley et al. 2003, Proffitt & Pearse 2004). Like the differences in 

relationships seen between berry composition and remote sensing across sites and years, more research is 

required to understand differences seen in the wine sorting task success and wine chemistry between sites 

and years. This should involve the use of more in-depth sensory and chemical analyses, such as 

conventional profiling and determining volatile aroma composition. In conclusion, this research supports 

the use of remote sensing in the detection of vineyard variation for Ontario Riesling vineyards, 

highlighting future directions where more research is needed before widespread adoption of these 

technologies.  
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APPENDICES  
TABLES. 
Table A1. Site locations and characteristics for six Ontario Riesling vineyards 2016-2017. 

Site Sub-appellation Block 

Area (ha) 

No. 

Sample 

Vines  

No. 

Rows 

Spacing 

(row x 

vine) 

Rootstock Year of 

planting 

Buis Niagara Lakeshore 3.39 73 58 2.5 x 1.5 SO4 1996 

PondView  Four Mile Creek 0.87 77 15 2.5 x 0.9 3309 2008 

Château des 

Charmes 

St. David’s Bench 1.68 75 45 2.5 x 0.9 SO4 1983 

Cave Spring Beamsville Bench 2.22 88 87 2.5 x 1.5 SO4 1978 

Hughes Lincoln Lakeshore  1.22 72 11 2.8 x 1.25 3309 2006 

George Lincoln Lakeshore 1.23 70 29 2.7 x 1.4 SO4 1995 

 
Table A2. Site specific soil parameters for six Ontario Riesling vineyards 2016-2017 (Kingston & 

Presant 1989). 

Site Soil Type Soil Texture Drainage Water transmission 

rates  

Buis Chinguacousy, 

Jeddo, Vineland, 

Tavistock 

Loam, clay loam, silt 

loam, very fine 

sandy loam 

Imperfect-poor Moderate to very slow  

PondView  Chinguacousy, 

Jeddo 

Loam, clay loam, silt 

loam 

Imperfect-poor Slow to very slow 

Château des 

Charmes 

Toledo, Beverly  Silty clay loam Imperfect-very 

poor 

Slow to very slow  

Cave Spring  Chinguacousy, 

Jeddo 

Clay loam, silt loam Imperfect-poor Slow to very slow 

Hughes Chinguacousy, 

Jeddo 

Loam, clay loam, silt 

loam 

Imperfect-poor Slow to very slow 

George Chinguacousy, 

Jeddo 

Clay loam, silt loam Imperfect-poor Slow to very slow 

 
Table A3. Site specific vineyard management for six Ontario Riesling vineyards 2016-2017. 

  
Site Training system Pruning 

style 

Floor 

management 

Irrigation Drainage 

tiles 

Wind machines 

(y/n) 

Buis Scott Henry Cane Perennial 

mixed cover 

None Every second 

row 

yes 

PondView Double Guyot Cane Sod None Every second 

row 

yes 

Château des 

Charmes 

Bilateral cordon Spur Clean 

cultivation 

None Every row yes 

Cave Spring Pendelbogen Cane Alternate sod None Every second 

row 

no 

Hughes Double Guyot Cane Alternate sod Drip Every second 

row 

yes 

George Double Guyot Cane Sod None Every second 

row 

no 
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Table A4. Mean monthly temperature (°C) and total monthly precipitation (mm) from two Ontario 

weather stations (Government of Canada, 2018). Approximate straight-line distance from the NE corner 

of sites to their closest weather stations: Port Weller AUT - Buis: 5.98 km, - PondView: 9.41 km, - 

Château des Charmes: 12.2 km, Vineland Station Research Station – Cave Spring: 4.93 km, - Hughes: 

1.73 km, - George: 1.92 km. Climate normals from St. Catharines A station 1981-2010. 

 

 

Table A5. Primers used for RT-PCR analysis of grapevine leaf roll virus. 

Target Primer Gene Primer sequences 5'-3' 

Amplicon 

size (bp) 

GLRaV-1 
LR1-580F Coat 

Protein 

5’-CCAGAYACNGARAGYAAAGAAG-3’ 
200 

LR1-780R 5’-CTCGTTCGGCYTYAACTTTCC-3’ 

GLRaV-2 
LR2-14568F Coat 

Protein 

5’-RCDATGGAGYTRATGTCYGA-3’ 
524 

LR2-15092R 5’-AGCGTACATRCTYGCRAACA-3’ 

GLRaV-3 
LR3CP107F Coat 

Protein 

5'-TCTTAAARTAYGTTAAGGACGG-3' 
300 

LR3-CP407R 5’-GGCTCGTTAATAACTTTCGG-3’ 

 

Table A6. Primers used for qRT-PCR analysis of grapevine leaf roll virus titer. 

 

Target Primer Tm °C Primer sequence 5'-3' 

GLRaV-2 
LR2-8859F 58 5’- GTGCGGGACAACATCTCCTC -3’ 

LR2-9021R 58 5’- GTGTAACGGTCGCAAGTCGAG-3’ 

GLRaV-3 
LR3-9789F 61 5’-GACTCGGGCCGTAGCCAC-3’ 

LR3-9996R 61 5’-ACGCCGCACCGCTTAGTG-3’ 

Actin 
ACT1-1021F 53 5'-ATCAGGAAGGACCTCTATGG-3' 

ACT1-1226R 54 5'-ATCCACATCTGCTGGAAGG-3' 

    

  

°C mm °C mm °C mm °C mm °C mm °C mm °C mm

Climate normal 7.4 77 13.7 76.8 19 85.9 21.9 77.8 20.8 70.3 16.6 90.6 10.4 67

2016

Port Weller AUT 5.6 20.9 14 15 19.4 27.2 23.4 37 24.3 69 20.5 48.5 13.7 53.5

Vineland Station RCS 5.1 26.1 14.1 15.5 18.8 19.2 23.5 48.1 24 41.1 19.7 50 13.4 52.3

2017

Port Weller AUT 8.9 148.4 12.2 136.2 19.2 77.4 21.6 59.8 21.2 53.7 19.2 32.2 15.7 88.2

Vineland Station RCS 9.2 154.9 12.6 127.1 19.3 101.4 21.6 66.5 19.9 83.1 18 33.3 14.2 106.6

OctoberApril May June July August September 
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Table A7. Basic statistics for all variables: water status, remote sensing, winter hardiness, vine size yield 

components, berry composition, and virus titer for the Buis vineyard (Niagara-on-the-Lake, ON) 2016-2017. 

Minimum (Min.) and maximum (Max.) values, mean, standard deviation (SD) and coefficient of variation (CV % -

taken from absolute values where needed). Abbreviations: UAV- Unmanned aerial vehicle, NDVI-Normalized 

difference vegetation index. 

Buis (n=73) 

Variable Year Min. Max. Mean SD 
CV 

% 

Soil water content (%) 
2016 8.56 19.55 13.50 2.30 17.05 

2017 12.63 24.33 17.29 2.38 13.77 

Leaf water potential (MPa) 
2016 -1.15 -0.83 -0.98 0.06 5.84 

2017 -0.76 -0.52 -0.64 0.04 6.56 

Stomatal conductance  2016 498.72 850.06 664.94 60.48 9.10 

(mmol/m²s) 2017 359.88 722.51 615.33 62.53 10.16 

GreenSeeker NDVI 
2016 0.75 0.80 0.78 0.01 1.32 

2017 0.75 0.80 0.78 0.01 1.12 

UAV NDVI 
2016 0.49 0.85 0.73 0.07 10.12 

2017  --  --  --  --  -- 

UAV Thermal (°C) 
2016 30.72 33.83 31.83 0.67 2.11 

2017  --  --  --  --  -- 

Lethal temperature at 2016 -25.94 -18.91 -22.13 0.81 3.66 

50% bud death (°C) 2017  --  --  --  --  -- 

Clusters 
2016 10.00 85.00 57.08 14.77 25.88 

2017 55.00 113.00 84.97 13.09 15.40 

Yield (kg) 
2016 1.73 9.60 5.28 1.72 32.62 

2017 3.20 14.39 8.94 1.97 22.03 

Vine size (kg) 
2016 0.50 0.94 0.78 0.11 13.91 

2017 0.20 1.58 0.97 0.29 29.86 

Berry weight (g) 
2016 1.29 1.78 1.53 0.13 8.66 

2017 1.26 2.08 1.63 0.15 9.35 

Soluble solids (°Brix) 
2016 16.00 21.00 18.12 1.06 5.88 

2017 13.00 19.40 16.42 1.50 9.12 

pH 
2016 3.13 3.39 3.25 0.06 1.97 

2017 2.66 3.34 2.95 0.12 3.99 

Titratable acidity (g/L) 
2016 7.91 10.84 9.04 0.60 6.67 

2017 6.87 12.90 9.05 1.05 11.57 

Free volatile  2016 0.23 1.03 0.43 0.14 33.33 

terpenes (mg/L) 2017 0.24 0.60 0.37 0.07 18.71 

Potentially volatile  2016 1.13 2.33 1.69 0.32 18.94 

terpenes (mg/L) 2017 0.52 1.92 1.19 0.23 19.58 

Grapevine leafroll  2016 -40.00 -16.43 -31.08 7.32 23.57 

associated virus 3 (-Cq) 2017  --  --  --  --  -- 
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Table A8. Basic statistics for all variables: water status, remote sensing, winter hardiness, vine size yield 

components, and berry composition for the PondView vineyard (Niagara-on-the-Lake, ON) 2016-2017. 

Minimum (Min.) and maximum (Max.) values, mean, standard deviation (SD) and coefficient of variation 

(CV % -taken from absolute values where needed). Abbreviations: UAV- Unmanned aerial vehicle, 

NDVI- Normalized difference vegetation index. 

PondView (n=77) 

Variable Year Min. Max. Mean SD CV% 

Soil water  2016 6.30 26.56 19.05 4.94 25.91 

content (%) 2017 15.35 38.33 29.03 6.31 21.74 

Leaf water  2016 -1.17 -0.88 -1.03 0.04 4.20 

potential (MPa) 2017 -0.81 -0.62 -0.71 0.03 4.20 

Stomatal conductance  2016 649.50 1044.31 851.36 68.88 8.09 

(mmol/m²s) 2017 399.31 534.31 457.43 20.93 4.58 

GreenSeeker NDVI 
2016 0.82 0.86 0.84 0.01 0.69 

2017 0.79 0.81 0.80 0.00 0.52 

UAV NDVI 
2016 0.54 0.87 0.74 0.07 10.07 

2017  --  --  --  --  -- 

UAV Thermal (°C) 
2016 29.62 32.01 30.62 0.61 1.98 

2017  --  --  --  --  -- 

Lethal temperature at  2016 -23.27 -20.03 -21.93 0.54 2.44 

50% bud death (°C) 2017  --  --  --  --  -- 

Clusters 
2016 16.00 62.00 41.44 9.57 23.10 

2017 15.00 78.00 45.42 12.52 27.56 

Yield (kg) 
2016 1.04 6.52 4.00 0.99 24.77 

2017 1.85 6.58 4.24 1.16 27.44 

Vine size (kg) 
2016 0.19 0.60 0.35 0.09 25.85 

2017 0.12 0.59 0.33 0.09 26.05 

Berry weight (g) 
2016 1.18 1.73 1.46 0.12 7.93 

2017 1.26 1.81 1.55 0.12 7.48 

Soluble solids (°Brix) 
2016 17.00 23.90 20.74 1.07 5.14 

2017 14.70 22.40 20.43 1.34 6.58 

pH 
2016 3.28 3.68 3.48 0.09 2.64 

2017 2.99 3.80 3.32 0.14 4.15 

Titratable acidity (g/L) 
2016 6.39 9.38 7.78 0.62 7.93 

2017 3.82 8.23 5.88 0.90 15.31 

Free volatile  2016 0.17 0.69 0.37 0.09 24.36 

terpenes (mg/L) 2017 0.57 1.31 0.91 0.12 13.14 

Potentially volatile  2016 0.85 1.90 1.45 0.17 11.84 

terpenes (mg/L) 2017 1.89 3.37 2.69 0.22 8.04 
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Table A9. Basic statistics for all variables: water status, remote sensing, winter hardiness, vine size yield 

components, berry composition, and virus titer for the Château des Charmes vineyard (St. Davids, ON) 

2016-2017. Minimum (Min.) and maximum (Max.) values, mean, standard deviation (SD) and coefficient 

of variation (CV % -taken from absolute values where needed). Abbreviations: UAV- Unmanned aerial 

vehicle, NDVI- Normalized difference vegetation index. 

  Château des Charmes (n=75)     

Variable Year Min. Max. Mean SD CV% 

Soil water  2016 14.37 30.85 21.12 4.26 20.15 

content (%) 2017 16.50 39.83 26.87 5.34 19.88 

Leaf water  2016 -1.47 -1.17 -1.30 0.04 3.43 

potential (MPa) 2017 -1.57 -0.79 -1.18 0.15 12.35 

Stomatal conductance  2016 297.05 655.41 475.88 61.15 12.85 

(mmol/m²s) 2017 446.71 665.01 587.36 43.29 7.37 

GreenSeeker NDVI 
2016 0.75 0.85 0.82 0.02 2.97 

2017 0.73 0.81 0.78 0.02 2.36 

UAV NDVI 
2016 0.19 0.63 0.45 0.12 26.01 

2017  --  --  --  --  -- 

UAV Thermal (°C) 
2016 27.01 29.46 28.22 0.55 1.97 

2017  --  --  --  --  -- 

Lethal temperature at 2016 -22.81 -17.74 -21.09 0.80 3.80 

50% bud death (°C) 2017  --  --  --  --  -- 

Clusters 
2016 14.00 54.00 32.92 8.90 27.03 

2017 8.00 72.00 34.84 11.95 34.29 

Yield (kg) 
2016 1.19 5.89 3.07 1.02 33.09 

2017 1.08 7.07 3.94 1.28 32.45 

Vine size (kg) 
2016 0.14 1.17 0.60 0.27 44.05 

2017 0.17 1.79 0.73 0.30 40.75 

Berry weight (g) 
2016 0.84 1.88 1.25 0.23 17.98 

2017 1.34 2.33 1.77 0.21 11.78 

Soluble solids (°Brix) 
2016 16.20 22.80 20.05 1.36 6.78 

2017 14.50 23.30 19.34 1.57 8.11 

pH 
2016 3.29 3.75 3.50 0.09 2.54 

2017 2.92 3.65 3.23 0.15 4.65 

Titratable acidity (g/L) 
2016 4.94 8.92 6.88 0.75 10.89 

2017 3.04 7.69 5.71 0.86 15.15 

Free volatile  2016 0.31 0.66 0.41 0.06 13.55 

terpenes (mg/L) 2017 0.28 0.89 0.60 0.11 19.06 

Potentially volatile  2016 1.11 1.97 1.43 0.15 10.62 

terpenes (mg/L) 2017 1.24 3.11 2.30 0.35 15.38 

Grapevine leafroll  2016 -39.99 -30.00 -33.15 2.11 6.35 

associated virus 3 (-Cq) 2017  --  --  --  --  -- 
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Table A10. Basic statistics for all variables: water status, remote sensing, winter hardiness, vine size yield 

components, berry composition, and virus titer for the Cave Spring vineyard (Beamsville, ON) 2016-

2017. Minimum (Min.) and maximum (Max.) values, mean, standard deviation (SD) and coefficient of 

variation (CV % -taken from absolute values where needed). Abbreviations: UAV- Unmanned aerial 

vehicle, NDVI- Normalized difference vegetation index. 

Cave Spring Cellars (n=88) 

Variable Year Min. Max. Mean SD CV% 

Soil water  2016 15.53 31.58 22.57 2.74 12.14 

content (%) 2017 13.43 36.80 26.74 4.24 15.83 

Leaf water  2016 -1.32 -1.07 -1.13 0.03 2.72 

potential (MPa) 2017 -1.13 -0.69 -0.89 0.08 9.33 

Stomatal conductance  2016 230.90 397.28 325.79 25.95 7.96 

(mmol/m²s) 2017 494.14 838.56 661.14 58.28 8.82 

GreenSeeker NDVI 
2016 0.78 0.84 0.81 0.01 1.63 

2017 0.81 0.86 0.84 0.01 1.34 

UAV NDVI 
2016 0.38 0.73 0.57 0.07 12.99 

2017  --  --  --  --  -- 

UAV Thermal (°C) 
2016 31.70 36.03 33.39 0.89 2.65 

2017  --  --  --  --  -- 

Lethal temperature at  2016 -23.38 -19.85 -21.53 0.55 2.56 

50% bud death (°C) 2017  --  --  --  --  -- 

Clusters 
2016 15.00 68.00 41.34 8.99 21.75 

2017 24.00 79.00 49.98 10.85 21.71 

Yield (kg) 
2016 1.02 7.04 3.87 1.30 33.53 

2017 3.09 12.44 7.35 1.75 23.84 

Vine size (kg) 
2016 0.23 0.74 0.59 0.09 15.62 

2017 0.15 1.13 0.53 0.18 34.70 

Berry weight (g) 
2016 1.13 1.80 1.43 0.14 9.85 

2017 1.33 2.07 1.74 0.15 8.50 

Soluble solids (°Brix) 
2016 16.40 22.50 20.53 1.29 6.31 

2017 12.20 21.30 18.36 1.55 8.46 

pH 
2016 3.26 3.63 3.47 0.08 2.22 

2017 2.88 3.52 3.21 0.12 3.66 

Titratable acidity (g/L) 
2016 6.59 10.15 7.75 0.66 8.52 

2017 5.53 10.87 7.55 0.91 12.00 

Free volatile  2016 0.21 0.66 0.42 0.10 23.73 

terpenes (mg/L) 2017 0.27 0.75 0.47 0.10 20.60 

Potentially volatile  2016 0.95 2.07 1.45 0.19 13.28 

terpenes (mg/L) 2017 0.77 3.02 1.61 0.32 19.56 

Grapevine leafroll  2016 -40.00 -16.44 -35.23 4.90 13.92 

associated virus 3 (-Cq) 2017  --  --  --  -- -- 
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Table A11. Basic statistics for all variables: water status, remote sensing, winter hardiness, vine size yield 

components, and berry composition for the Hughes vineyard (Vineland, ON) 2016-2017. Minimum (Min.) 

and maximum (Max.) values, mean, standard deviation (SD) and coefficient of variation (CV % -taken 

from absolute values where needed). Abbreviations: UAV- Unmanned aerial vehicle, NDVI- Normalized 

difference vegetation index. 

Hughes (n=72) 

Variable Year Min. Max. Mean SD CV% 

Soil water  2016 19.27 32.57 26.42 2.97 11.26 

content (%) 2017 18.20 31.48 24.65 3.54 14.37 

Leaf water  2016 -1.17 -0.92 -1.08 0.04 4.07 

potential (MPa) 2017 -1.06 -0.51 -0.79 0.12 15.30 

Stomatal conductance  2016 393.38 740.62 524.78 66.79 12.73 

(mmol/m²s) 2017 416.39 757.27 618.39 46.26 7.48 

GreenSeeker NDVI 
2016 0.85 0.87 0.86 0.00 0.53 

2017 0.87 0.88 0.88 0.00 0.31 

UAV NDVI 
2016 0.60 0.73 0.68 0.03 4.41 

2017  -- -- -- -- -- 

UAV Thermal (°C) 
2016 27.96 30.08 29.32 0.48 1.65 

2017  -- -- -- -- -- 

Lethal temperature at 2016 -23.69 -21.71 -22.56 0.31 1.36 

50% bud death (°C) 2017  -- -- -- -- -- 

Clusters 
2016 30.00 76.00 49.47 9.86 19.93 

2017 44.00 81.00 59.32 8.69 14.65 

Yield (kg) 
2016 3.08 8.05 5.18 1.18 22.84 

2017 5.64 10.46 8.25 1.12 13.64 

Vine size (kg) 
2016 0.18 0.79 0.41 0.13 30.54 

2017 0.42 1.15 0.70 0.15 21.06 

Berry weight (g) 
2016 1.13 1.64 1.35 0.13 9.86 

2017 1.23 2.34 1.75 0.19 10.90 

Soluble solids (°Brix) 
2016 15.70 21.30 17.78 1.06 5.99 

2017 15.10 21.70 18.13 1.30 7.17 

pH 
2016 3.29 3.62 3.39 0.07 1.92 

2017 3.00 3.46 3.24 0.09 2.83 

Titratable acidity (g/L) 
2016 6.94 9.99 8.26 0.63 7.60 

2017 5.20 8.44 6.77 0.66 9.75 

Free volatile  2016 0.33 0.89 0.49 0.09 18.55 

terpenes (mg/L) 2017 0.31 0.77 0.51 0.07 14.58 

Potentially volatile  2016 1.24 2.59 1.77 0.24 13.48 

terpenes (mg/L) 2017 1.55 2.86 2.16 0.24 11.19 
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Table A12. Basic statistics for all variables: water status, remote sensing, winter hardiness, vine size yield 

components, berry composition, and virus titer for the George vineyard (Vineland, ON) 2016-2017. Minimum 

(Min.) and maximum (Max.) values, mean, standard deviation (SD) and coefficient of variation (CV % -taken from 

absolute values where needed). Abbreviations: UAV- Unmanned aerial vehicle, NDVI- Normalized difference 

vegetation index. 

George (n=70) 

Variable Year Min. Max. Mean SD CV% 

Soil water  2016 20.37 28.47 24.42 1.91 7.83 

content (%) 2017 16.43 23.93 20.42 1.58 7.75 

Leaf water  2016 -1.33 -0.91 -1.08 0.08 7.23 

potential (MPa) 2017 -1.22 -0.63 -0.91 0.12 13.35 

Stomatal conductance  2016 356.46 828.11 611.63 82.05 13.42 

(mmol/m²s) 2017 562.72 773.89 672.18 37.69 5.61 

GreenSeeker NDVI 
2016 0.84 0.87 0.86 0.01 0.74 

2017 0.83 0.85 0.84 0.01 0.72 

UAV NDVI 
2016 0.51 0.83 0.72 0.06 8.54 

2017  --  --  --  --  -- 

UAV Thermal (°C) 
2016 25.44 26.26 25.78 0.20 0.76 

2017  --  --  --  --  -- 

Lethal temperature at  2016 -24.86 -20.41 -22.52 0.82 3.63 

50% bud death (°C) 2017  --  --  --  --  -- 

Clusters 
2016 10.00 88.00 35.13 13.41 38.18 

2017 18.00 66.00 44.44 8.63 19.41 

Yield (kg) 
2016 0.84 7.37 3.07 1.30 42.33 

2017 2.22 8.66 6.17 1.43 23.15 

Vine size (kg) 
2016 0.37 1.04 0.73 0.17 23.29 

2017 0.23 0.99 0.60 0.18 30.38 

Berry weight (g) 
2016 1.06 2.22 1.64 0.28 16.94 

2017 1.26 2.19 1.68 0.18 10.60 

Soluble solids (°Brix) 
2016 13.50 20.40 17.50 1.40 8.01 

2017 12.10 19.70 15.59 1.73 11.07 

pH 
2016 3.19 3.55 3.39 0.07 2.09 

2017 2.98 3.47 3.21 0.11 3.42 

Titratable acidity (g/L) 
2016 7.79 12.48 9.30 1.03 11.06 

2017 6.53 10.30 8.59 0.85 9.88 

Free volatile  2016 0.23 0.68 0.50 0.07 14.26 

terpenes (mg/L) 2017 0.74 1.35 0.93 0.11 11.62 

Potentially volatile  2016 0.91 2.36 1.54 0.25 16.22 

terpenes (mg/L) 2017 1.61 3.07 2.39 0.28 11.75 

Grapevine leafroll  2016 -39.98 -14.61 -20.79 6.67 32.06 

associated virus 3 (-Cq) 2017  --  --  --  --  -- 

  



157 
 

Table A13. Summary of variables where 3+ Ontario Riesling sites demonstrated significant relationships 

(α=0.05) with remote sensing data. Left column: “-” indicates majority negative relationships and “+” 

indicates majority positive relationships. Right column: total number of sites where a significant 

relationship was seen. Abbreviations:  SWC= Soil water content, Leaf Ψ= Leaf water potential, Gs= 

Stomatal conductance, GS= GreenSeeker, UAV= Unmanned aerial vehicle, NDVI= Normalized 

difference vegetation index, LT50= lethal temperature for 50% of primary buds, TA= Titratable acidity, 

FVT= Free volatile terpenes, PVT= Potentially volatile terpenes, GLRaV-3= Grapevine leafroll 

associated virus-strain 3.  

 

 

Variables  +/- # of sites  +/- # of sites  +/- # of sites  +/- # of sites

SWC

Leaf Ψ + 3

Gs — 5 + 4 + 3

GS NDVI — 6 + 5 ///////// ///////// ///////// /////////

UAV Thermal ///////// ///////// — 4 — 6 ///////// /////////

UAV NDVI — 4 ///////// ///////// + 5 ///////// /////////

LT50 ///////// /////////

Clusters

Yield — 4 + 3 + 3

Vine Size — 5 + 3 + 5 + 5

Berry wt — 3 + 4

Brix + 3 — 3

pH + 3

TA + 4 + 3

FVT

PVT — 3 — 3 — 3

GLRaV-3 + 3

UAV Thermal UAV NDVI GS NDVI 2016 GS NDVI 2017
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Tables A14-A25. Correlation matrices including all variables (water status, remote sensing, winter hardiness, yield variables, vine size, berry composition, 

and virus titer) for each site and year. Bold values indicate significance at α=0.05. Abbreviations; SWC= Soil water content, Leaf Ψ= Leaf water potential, Gs= 

Stomatal conductance, UAV= Unmanned aerial vehicle, NDVI= Normalized difference vegetation index, LT50= lethal temperature at 50% bud death, TA= 

Titratable acidity, FVT= Free volatile terpenes, PVT= Potentially volatile terpenes, GLRaV-3= Grapevine leafroll associated virus-strain 3. Units included for all 

variables. 

Table A14. Correlation matrix for Buis vineyard (Niagara-on-the-Lake, ON) 2016 based on Pearson’s correlations. The significance level is 

α=0.05 and bolded values are significant. 

Table A15. Correlation matrix for Buis vineyard (Niagara-on-the-Lake, ON) 2017 based on Pearson’s correlations. The significance level is 

α=0.05 and bolded values are significant. 

Variables
SWC (%)

Leaf Ψ 

(MPa)

Gs

(mmol/m²s)

Greenseeker 

NDVI

UAV 

Thermal (°C) UAV NDVI LT50 (°C) Clusters Yield (kg)

Vine 

Size (kg)

Berry 

Weight (g)

Soluble Solids 

(°Brix) pH TA (g/L) FVT (mg/L) PVT (mg/L) GLRaV-3 (-Cq)

SWC (%) 0 0.009 0.004 0.306 0.713 0.817 0.530 0.789 0.264 0.737 0.081 0.958 0.374 0.896 0.578 0.408 0.281

Leaf Ψ (MPa) 0 < 0.0001 0.331 0.063 0.044 0.178 0.907 0.069 0.001 0.000 0.098 0.097 0.044 0.000 < 0.0001 0.025

Gs (mmol/m²s) 0 0.040 0.003 0.007 0.458 0.785 0.010 < 0.0001 0.001 0.112 0.214 0.126 0.002 < 0.0001 0.767

Greenseeker NDVI 0 < 0.0001 < 0.0001 0.165 0.549 0.007 0.133 0.213 0.033 0.118 0.001 0.431 0.002 0.026

UAV Thermal (°C) 0 < 0.0001 0.087 0.725 0.183 0.017 0.137 0.197 0.219 0.041 0.156 0.059 0.017

UAV NDVI 0 0.846 0.266 0.011 0.053 0.234 0.013 0.000 0.000 0.687 0.013 0.012

LT50 (°C) 0 0.419 0.525 0.057 0.461 0.430 0.100 0.703 0.499 0.511 0.791

Clusters 0 < 0.0001 0.504 0.643 0.879 0.368 0.400 0.504 0.539 0.998

Yield (kg) 0 < 0.0001 0.062 0.034 0.037 0.006 0.491 0.110 0.972

Vine Size (kg) 0 0.011 0.172 0.043 0.051 0.003 < 0.0001 0.902

Berry Weight (g) 0 0.736 0.457 0.003 0.119 0.026 0.121

Soluble Solids (°Brix) 0 < 0.0001 < 0.0001 0.751 0.019 0.803

pH 0 0.000 0.793 0.004 0.579

TA (g/L) 0 0.722 0.037 0.593

FVT (mg/L) 0 < 0.0001 0.005

PVT (mg/L) 0 0.299

GLRaV-3 (-Cq) 0

Variables
SWC (%)

Leaf Ψ 

(MPa)

Gs

(mmol/m²s)

Greenseeker 

NDVI Clusters Yield (kg)

Vine 

Size (kg)

Berry 

Weight (g)

Soluble Solids 

(°Brix) pH TA (g/L) FVT (mg/L) PVT (mg/L) GLRaV-3 (-Cq)

SWC (%) 0 0.034 0.168 0.918 0.153 0.035 0.107 0.358 0.452 0.734 0.812 0.656 0.442 0.466

Leaf Ψ (MPa) 0 0.732 0.063 0.139 0.363 0.385 0.904 0.792 0.247 0.972 0.408 0.027 0.081

Gs (mmol/m²s) 0 0.001 0.178 0.550 0.475 0.572 0.265 0.000 0.871 0.218 0.021 0.232

Greenseeker NDVI 0 0.002 0.093 0.001 0.779 0.078 < 0.0001 0.622 0.058 0.179 0.017

Clusters 0 < 0.0001 0.593 0.358 0.003 0.006 0.099 0.328 0.674 0.005

Yield (kg) 0 0.084 0.616 0.017 0.003 0.347 0.535 0.860 0.020

Vine Size (kg) 0 0.384 0.004 0.010 0.045 0.670 0.143 0.303

Berry Weight (g) 0 0.039 0.141 0.005 0.162 0.574 0.959

Soluble Solids (°Brix) 0 < 0.0001 < 0.0001 0.083 0.468 0.029

pH 0 0.001 0.008 0.001 0.114

TA (g/L) 0 0.079 0.850 0.087

FVT (mg/L) 0 < 0.0001 0.100

PVT (mg/L) 0 0.929

GLRaV-3 (-Cq) 0
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Table A16. Correlation matrix for PondView vineyard (Niagara-on-the-Lake, ON) 2016 based on Pearson’s correlations. The significance level 

is α=0.05 and bolded values are significant.

 

Table A17. Correlation matrix for PondView vineyard (Niagara-on-the-Lake, ON) 2017 based on Pearson’s correlations. The significance level 

is α=0.05 and bolded values are significant.

 

Variables
SWC (%)

Leaf Ψ 

(MPa)

Gs

(mmol/m²s)

Greenseeker 

NDVI

UAV 

Thermal (°C) UAV NDVI LT50 (°C) Clusters Yield (kg)

Vine 

Size (kg)

Berry 

Weight (g)

Soluble Solids 

(°Brix) pH TA (g/L) FVT (mg/L) PVT (mg/L)

SWC (%) 0 0.210 0.571 0.742 0.000 0.059 0.508 0.999 0.913 0.710 0.619 0.160 < 0.0001 0.878 0.256 0.696

Leaf Ψ (MPa) 0 0.728 0.995 0.661 0.085 0.090 0.374 0.453 0.432 0.335 0.619 0.611 0.700 0.003 0.843

Gs (mmol/m²s) 0 0.004 0.001 0.961 0.255 0.610 0.469 0.013 0.129 0.149 0.024 0.029 0.014 0.001

Greenseeker NDVI 0 < 0.0001 0.002 0.343 0.854 0.485 0.003 0.195 0.288 0.076 0.050 0.598 0.586

UAV Thermal (°C) 0 0.001 0.212 0.553 0.894 0.025 0.511 0.766 0.000 0.015 0.348 0.455

UAV NDVI 0 0.600 0.870 0.346 0.018 0.312 0.521 0.266 0.234 0.758 0.923

LT50 (°C) 0 0.660 0.853 0.344 0.186 0.005 0.011 0.392 0.125 0.149

Clusters 0 < 0.0001 0.688 0.856 0.225 0.156 0.769 0.228 0.697

Yield (kg) 0 0.730 0.627 0.380 0.127 0.272 0.092 0.423

Vine Size (kg) 0 0.039 0.330 0.245 0.460 0.800 0.365

Berry Weight (g) 0 0.097 0.281 0.966 0.621 0.246

Soluble Solids (°Brix) 0 0.000 < 0.0001 0.256 0.055

pH 0 0.055 0.637 0.425

TA (g/L) 0 0.001 0.000

FVT (mg/L) 0 < 0.0001

PVT (mg/L) 0

Variables
SWC (%)

Leaf Ψ 

(MPa)

Gs

(mmol/m²s)

Greenseeker 

NDVI Clusters Yield (kg)

Vine 

Size (kg)

Berry 

Weight (g)

Soluble Solids 

(°Brix) pH TA (g/L) FVT (mg/L) PVT (mg/L)

SWC (%) 0 0.434 0.980 0.476 0.400 0.386 0.048 0.178 0.674 < 0.0001 0.800 0.055 0.048

Leaf Ψ (MPa) 0 0.062 0.372 0.757 0.842 0.756 0.923 0.809 0.090 0.232 0.856 0.220

Gs (mmol/m²s) 0 0.431 0.886 0.653 0.691 0.052 0.723 0.293 0.925 0.005 0.000

Greenseeker NDVI 0 0.827 0.436 0.005 0.589 0.437 0.541 0.201 0.046 0.138

Clusters 0 < 0.0001 0.091 0.815 0.311 0.222 < 0.0001 0.186 0.328

Yield (kg) 0 0.000 0.364 0.036 0.469 < 0.0001 0.564 0.968

Vine Size (kg) 0 0.132 0.279 0.347 0.351 0.372 0.232

Berry Weight (g) 0 0.001 0.549 0.487 0.668 0.119

Soluble Solids (°Brix) 0 0.027 0.168 0.743 0.145

pH 0 0.769 0.035 0.115

TA (g/L) 0 0.389 0.315

FVT (mg/L) 0 < 0.0001

PVT (mg/L) 0
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Table A18. Correlation matrix for Château des Charmes vineyard (St. Davids, ON) 2016 based on Pearson’s correlations. The significance level is 

α=0.05 and bolded values are significant.

 

Table A19. Correlation matrix for Château des Charmes vineyard (St. Davids, ON) 2017 based on Pearson’s correlations. The significance level is 

α=0.05 and bolded values are significant.

 

Variables
SWC (%)

Leaf Ψ 

(MPa)

Gs

(mmol/m²s)

Greenseeker 

NDVI

UAV 

Thermal (°C) UAV NDVI LT50 (°C) Clusters Yield (kg)

Vine 

Size (kg)

Berry 

Weight (g)

Soluble Solids 

(°Brix) pH TA (g/L) FVT (mg/L) PVT (mg/L) GLRaV-3 (-Cq)

SWC (%) 0 0.051 0.929 < 0.0001 < 0.0001 < 0.0001 0.333 0.290 0.025 0.000 0.010 0.003 0.884 0.226 0.552 0.869 0.441

Leaf Ψ (MPa) 0 < 0.0001 0.211 0.075 0.873 0.663 0.195 0.099 0.399 0.052 0.086 0.882 0.296 0.004 0.355 0.001

Gs (mmol/m²s) 0 0.605 0.472 0.535 0.054 0.393 0.621 0.964 0.106 0.030 0.458 0.111 0.521 0.185 0.404

Greenseeker NDVI 0 < 0.0001 < 0.0001 0.158 0.657 0.001 < 0.0001 0.002 < 0.0001 0.229 0.900 0.310 0.956 0.756

UAV Thermal (°C) 0 < 0.0001 0.055 0.505 0.004 0.001 0.001 0.005 0.099 0.405 0.691 0.646 0.371

UAV NDVI 0 0.180 0.265 0.007 < 0.0001 0.023 < 0.0001 0.518 0.524 0.559 0.372 0.607

LT50 (°C) 0 0.763 0.322 0.576 0.098 0.705 0.533 0.146 0.741 0.442 0.554

Clusters 0 < 0.0001 0.550 0.649 0.838 0.253 0.460 0.810 0.695 0.472

Yield (kg) 0 0.001 0.051 0.066 0.603 0.592 0.213 0.419 0.788

Vine Size (kg) 0 0.002 0.010 0.062 0.472 0.068 0.350 0.022

Berry Weight (g) 0 0.127 0.016 < 0.0001 0.931 0.675 0.307

Soluble Solids (°Brix) 0 0.002 0.000 0.542 0.453 0.829

pH 0 < 0.0001 0.080 0.250 0.813

TA (g/L) 0 0.999 0.173 0.483

FVT (mg/L) 0 < 0.0001 0.004

PVT (mg/L) 0 < 0.0001

GLRaV-3 (-Cq) 0

Variables
SWC (%)

Leaf Ψ 

(MPa)

Gs

(mmol/m²s)

Greenseeker 

NDVI Clusters Yield (kg)

Vine 

Size (kg)

Berry 

Weight (g)

Soluble Solids 

(°Brix) pH TA (g/L) FVT (mg/L) PVT (mg/L) GLRaV-3 (-Cq)

SWC (%) 0 0.034 0.000 0.000 0.518 0.680 < 0.0001 0.396 0.793 0.037 0.614 0.348 0.174 0.097

Leaf Ψ (MPa) 0 < 0.0001 < 0.0001 0.482 0.186 0.024 0.159 0.900 0.437 0.000 0.053 0.275 0.088

Gs (mmol/m²s) 0 < 0.0001 0.230 0.004 0.019 0.219 0.365 0.047 0.375 0.009 0.001 0.931

Greenseeker NDVI 0 0.267 0.047 < 0.0001 0.226 0.097 0.018 0.004 0.381 0.014 0.245

Clusters 0 < 0.0001 0.507 0.275 0.629 0.289 0.397 0.503 0.716 0.817

Yield (kg) 0 0.888 0.055 0.032 0.016 0.887 0.197 0.893 0.949

Vine Size (kg) 0 0.757 0.005 0.014 0.011 0.028 0.080 0.036

Berry Weight (g) 0 0.087 0.001 0.043 0.034 0.159 0.220

Soluble Solids (°Brix) 0 < 0.0001 0.005 0.116 0.817 0.450

pH 0 0.001 0.487 0.273 0.898

TA (g/L) 0 0.055 0.049 0.744

FVT (mg/L) 0 0.011 0.847

PVT (mg/L) 0 0.000

GLRaV-3 (-Cq) 0
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Table A20. Correlation matrix for Cave Spring vineyard (Beamsville, ON) 2016 based on Pearson’s correlations. The significance level is α=0.05 

and bolded values are significant.

 

Table A21. Correlation matrix for Cave Spring vineyard (Beamsville, ON) 2017 based on Pearson’s correlations. The significance level is α=0.05 

and bolded values are significant.

 

Variables
SWC (%)

Leaf Ψ 

(MPa)

Gs

(mmol/m²s)

Greenseeker 

NDVI

UAV 

Thermal (°C) UAV NDVI LT50 (°C) Clusters Yield (kg)

Vine 

Size (kg)

Berry 

Weight (g)

Soluble Solids 

(°Brix) pH TA (g/L) FVT (mg/L) PVT (mg/L) GLRaV-3 (-Cq)

SWC (%) 0 0.382 0.120 0.793 0.383 0.065 0.812 0.705 0.774 0.233 0.722 0.331 0.809 0.118 0.249 0.008 0.752

Leaf Ψ (MPa) 0 < 0.0001 0.782 0.362 0.363 0.161 0.580 0.323 0.280 0.121 0.599 0.559 0.951 0.203 0.183 0.213

Gs (mmol/m²s) 0 0.078 0.004 0.644 0.009 0.041 0.123 0.471 0.266 0.079 0.446 0.129 0.021 0.831 0.000

Greenseeker NDVI 0 < 0.0001 < 0.0001 0.379 0.138 < 0.0001 < 0.0001 0.012 0.000 0.019 0.007 < 0.0001 0.515 0.002

UAV Thermal (°C) 0 0.068 0.086 0.107 0.001 0.001 0.007 0.004 0.054 0.453 0.001 0.461 0.001

UAV NDVI 0 0.395 0.287 0.017 0.218 0.352 0.233 0.767 0.266 0.345 < 0.0001 0.659

LT50 (°C) 0 0.461 0.163 0.203 0.830 0.207 0.673 0.017 < 0.0001 0.001 0.517

Clusters 0 < 0.0001 0.041 0.692 0.046 0.220 0.582 0.776 0.700 0.457

Yield (kg) 0 < 0.0001 0.032 < 0.0001 0.009 0.232 0.263 0.356 0.169

Vine Size (kg) 0 0.004 0.009 0.089 0.044 0.007 0.525 0.456

Berry Weight (g) 0 0.809 0.492 0.604 0.456 0.689 0.232

Soluble Solids (°Brix) 0 < 0.0001 0.000 0.113 0.046 0.137

pH 0 < 0.0001 0.415 0.030 0.436

TA (g/L) 0 0.000 0.707 0.451

FVT (mg/L) 0 0.002 0.028

PVT (mg/L) 0 0.229

GLRaV-3 (-Cq) 0

Variables

SWC (%)

Leaf Ψ 

(MPa)

Gs

(mmol/m²s)

Greenseeker 

NDVI Clusters Yield (kg)

Vine 

Size (kg)

Berry 

Weight (g)

Soluble Solids 

(°Brix) pH TA (g/L) FVT (mg/L) PVT (mg/L) GLRaV-3 (-Cq)

SWC (%) 0 0.318 0.230 0.971 0.229 0.873 0.941 0.283 0.623 0.253 0.354 0.060 0.518 0.670

Leaf Ψ (MPa) 0 0.001 0.000 0.707 0.041 0.531 0.244 0.221 < 0.0001 0.000 0.008 0.635 0.117

Gs (mmol/m²s) 0 0.000 0.160 0.527 0.200 0.721 0.039 0.796 0.154 0.000 < 0.0001 0.927

Greenseeker NDVI 0 0.975 0.009 0.009 0.665 0.318 0.717 < 0.0001 0.007 0.000 0.037

Clusters 0 < 0.0001 0.067 0.954 0.001 0.027 0.003 0.291 0.251 0.665

Yield (kg) 0 < 0.0001 0.079 0.644 0.039 0.003 0.995 0.458 0.427

Vine Size (kg) 0 0.102 0.004 0.084 0.899 0.151 0.076 0.307

Berry Weight (g) 0 0.001 0.459 0.220 0.782 0.198 0.590

Soluble Solids (°Brix) 0 < 0.0001 < 0.0001 0.010 0.118 0.249

pH 0 < 0.0001 0.983 0.348 0.183

TA (g/L) 0 0.507 0.387 0.009

FVT (mg/L) 0 0.010 0.008

PVT (mg/L) 0 0.009

GLRaV-3 (-Cq) 0
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Table A22. Correlation matrix for Hughes vineyard (Vineland, ON) 2016 based on Pearson’s correlations. The significance level is α=0.05 and 

bolded values are significant.

 

Table A23 Correlation matrix for Hughes vineyard (Vineland, ON) 2017 based on Pearson’s correlations. The significance level is α=0.05 and 

bolded values are significant.

 

Variables
SWC (%)

Leaf Ψ 

(MPa)

Gs

(mmol/m²s)

Greenseeker 

NDVI

UAV 

Thermal (°C) UAV NDVI LT50 (°C) Clusters Yield (kg)

Vine 

Size (kg)

Berry 

Weight (g)

Soluble Solids 

(°Brix) pH TA (g/L) FVT (mg/L) PVT (mg/L)

SWC (%) 0 0.485 0.924 0.796 0.710 0.295 0.758 0.189 0.082 0.397 0.424 0.039 0.032 0.406 0.493 0.030

Leaf Ψ (MPa) 0 < 0.0001 0.044 < 0.0001 0.559 0.038 0.972 < 0.0001 < 0.0001 < 0.0001 0.429 0.543 0.236 0.870 0.040

Gs (mmol/m²s) 0 < 0.0001 < 0.0001 0.598 0.590 0.464 0.001 < 0.0001 < 0.0001 0.025 0.310 0.532 0.083 0.681

Greenseeker NDVI 0 < 0.0001 0.001 < 0.0001 0.070 0.070 0.001 0.000 0.115 0.643 0.005 0.001 < 0.0001

UAV Thermal (°C) 0 0.104 0.457 0.912 0.001 < 0.0001 < 0.0001 0.112 0.912 0.307 0.006 0.236

UAV NDVI 0 < 0.0001 0.374 0.343 0.028 0.187 0.166 0.712 0.020 0.005 0.005

LT50 (°C) 0 0.268 0.347 0.716 0.125 0.310 0.992 0.007 0.016 0.001

Clusters 0 < 0.0001 0.041 0.078 0.001 0.010 0.555 0.539 0.804

Yield (kg) 0 < 0.0001 0.541 0.000 0.012 0.065 0.561 0.167

Vine Size (kg) 0 < 0.0001 0.319 0.088 0.933 0.474 0.689

Berry Weight (g) 0 0.005 0.006 0.100 0.686 0.394

Soluble Solids (°Brix) 0 < 0.0001 0.092 0.047 0.032

pH 0 0.016 0.894 0.125

TA (g/L) 0 0.584 0.034

FVT (mg/L) 0 < 0.0001

PVT (mg/L) 0

Variables
SWC (%)

Leaf Ψ 

(MPa)

Gs

(mmol/m²s)

Greenseeker 

NDVI Clusters Yield (kg)

Vine 

Size (kg)

Berry 

Weight (g)

Soluble Solids 

(°Brix) pH TA (g/L) FVT (mg/L) PVT (mg/L)

SWC (%) 0 0.217 0.168 0.317 0.794 0.953 0.017 0.786 0.239 0.022 0.757 0.158 0.735

Leaf Ψ (MPa) 0 0.194 0.264 0.229 0.911 0.424 0.072 0.320 0.008 0.125 0.481 0.068

Gs (mmol/m²s) 0 0.749 0.013 0.191 0.008 0.348 0.898 0.000 0.046 0.957 0.691

Greenseeker NDVI 0 0.207 0.605 0.025 0.858 0.345 0.306 0.153 0.623 0.398

Clusters 0 < 0.0001 0.726 0.165 0.044 0.010 0.029 0.970 0.694

Yield (kg) 0 0.525 0.182 0.008 0.001 0.072 0.295 0.390

Vine Size (kg) 0 0.629 0.125 0.459 0.966 0.777 0.783

Berry Weight (g) 0 0.000 0.254 0.005 0.003 0.003

Soluble Solids (°Brix) 0 0.001 < 0.0001 0.010 0.026

pH 0 0.085 0.056 0.073

TA (g/L) 0 0.148 0.032

FVT (mg/L) 0 < 0.0001

PVT (mg/L) 0
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Table A24. Correlation matrix for George vineyard (Vineland, ON) 2016 based on Pearson’s correlations. The significance level is α=0.05 and 

bolded values are significant.

 

Table A25. Correlation matrix for George vineyard (Vineland, ON) 2017 based on Pearson’s correlations. The significance level is α=0.05 and 

bolded values are significant.

 

 

 

 

  

Variables
SWC (%)

Leaf Ψ 

(MPa)

Gs

(mmol/m²s)

Greenseeker 

NDVI

UAV 

Thermal (°C) UAV NDVI LT50 (°C) Clusters Yield (kg)

Vine 

Size (kg)

Berry 

Weight (g)

Soluble Solids 

(°Brix) pH TA (g/L) FVT (mg/L) PVT (mg/L) GLRaV-3 (-Cq)

SWC (%) 0 0.878 0.494 0.022 0.789 0.589 0.506 0.333 0.861 0.389 0.042 0.242 0.107 0.842 0.004 0.880 0.286

Leaf Ψ (MPa) 0 < 0.0001 0.010 0.638 0.002 0.002 0.018 0.466 0.414 < 0.0001 0.395 0.410 < 0.0001 0.084 < 0.0001 < 0.0001

Gs (mmol/m²s) 0 0.033 0.021 0.001 0.005 0.001 0.046 0.913 < 0.0001 0.769 0.857 < 0.0001 0.303 0.003 < 0.0001

Greenseeker NDVI 0 0.001 0.148 0.901 0.017 0.739 < 0.0001 < 0.0001 0.338 0.154 0.067 0.347 0.046 0.121

UAV Thermal (°C) 0 0.002 0.418 0.001 0.037 0.056 0.172 0.014 0.007 0.999 0.787 0.302 0.061

UAV NDVI 0 0.946 0.343 0.867 0.544 0.170 0.253 0.326 0.383 0.813 0.424 0.941

LT50 (°C) 0 0.139 0.099 0.056 0.002 0.782 0.259 0.016 0.978 0.040 0.023

Clusters 0 < 0.0001 0.460 0.001 0.016 0.038 0.013 0.228 0.726 0.176

Yield (kg) 0 0.408 0.289 0.035 0.191 0.117 0.035 0.362 0.577

Vine Size (kg) 0 0.030 0.463 0.007 0.441 0.260 0.233 0.889

Berry Weight (g) 0 0.858 0.035 0.000 0.699 0.002 0.000

Soluble Solids (°Brix) 0 < 0.0001 0.033 0.888 0.049 0.152

pH 0 0.002 0.104 0.048 0.054

TA (g/L) 0 0.414 0.002 0.000

FVT (mg/L) 0 0.093 0.335

PVT (mg/L) 0 < 0.0001

GLRaV-3 (-Cq) 0

Variables
SWC (%)

Leaf Ψ 

(MPa)

Gs

(mmol/m²s)

Greenseeker 

NDVI Clusters Yield (kg)

Vine 

Size (kg)

Berry 

Weight (g)

Soluble Solids 

(°Brix) pH TA (g/L) FVT (mg/L) PVT (mg/L) GLRaV-3 (-Cq)

SWC (%) 0 0.007 0.985 0.424 0.803 0.386 0.562 0.101 0.651 0.932 0.275 0.228 0.292 0.214

Leaf Ψ (MPa) 0 0.072 0.001 0.454 0.368 0.212 0.927 0.160 0.615 0.065 0.213 0.001 < 0.0001

Gs (mmol/m²s) 0 0.662 0.273 0.393 0.672 0.931 0.805 0.346 0.254 0.502 0.006 0.117

Greenseeker NDVI 0 0.546 0.057 0.578 0.469 < 0.0001 0.000 0.020 0.805 < 0.0001 0.002

Clusters 0 < 0.0001 0.458 0.202 0.501 0.229 0.833 0.550 0.460 0.885

Yield (kg) 0 0.004 0.552 0.578 0.984 0.077 0.506 0.820 0.408

Vine Size (kg) 0 0.670 0.038 0.004 0.901 0.773 0.896 0.519

Berry Weight (g) 0 0.025 0.018 0.707 0.935 0.826 0.188

Soluble Solids (°Brix) 0 < 0.0001 0.015 0.095 0.072 0.035

pH 0 0.923 0.347 0.228 0.120

TA (g/L) 0 0.484 0.511 0.920

FVT (mg/L) 0 0.000 0.182

PVT (mg/L) 0 0.396

GLRaV-3 (-Cq) 0
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Table A26. Harvest dates for six Ontario Riesling sites 2016 and 2017. Harvest dates were at the discretion of 

commercial harvest. 

 Site Location 2016 2017 

Buis Niagara-on-the-Lake  22-Sept 04-Oct 

PondView Niagara-on-the-Lake  10-Oct 19-Oct 

Château des Charmes  St. Davids  23-Sept 15-Oct 

Cave Spring Beamsville  26-Sept 02-Oct 

Hughes Vineland  3-Oct 17-Oct 

George Vineland  6-Oct 19-Oct 

 

Table A27. Mean and standard deviation for wine pH, TA, and ethanol for six Ontario Riesling sites and two 

vintages. 

  pH TA (g/L) Ethanol (%) 

  mean st dev mean st dev mean st dev 

Buis 
2016 2.84 0.04 9.40 0.30 9.89 0.23 

2017 2.84 0.03 10.66 0.20 9.23 0.26 

PondView 
2016 3.02 0.05 8.55 0.30 11.46 0.35 

2017 3.11 0.05 6.87 0.36 11.77 0.53 

Château des 

Charmes 

2016 2.97 0.04 7.70 0.34 11.05 0.98 

2017 3.04 0.08 7.99 0.32 11.59 0.26 

Cave Spring 
2016 2.96 0.03 8.68 0.24 12.55 0.16 

2017 3.02 0.03 9.55 0.42 10.46 0.23 

Hughes 
2016 2.90 0.02 8.70 0.35 10.52 0.26 

2017 2.98 0.02 8.47 0.26 10.32 0.43 

George 
2016 2.92 0.08 10.05 0.25 9.77 0.25 

2017 2.98 0.02 9.07 0.21 9.06 0.23 
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FIGURES  

 
Figure A1. Locations of six Riesling study sites in the Niagara Peninsula in Ontario as indicated by red 

triangles. Map created in ArcMap 10.6.1 with the World Light Grey Canvas basemap Copyright © ESRI 

(ESRI 2011). 
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Figure A2. Soil series for six Riesling vineyard blocks in the Niagara Peninsula in Ontario (soil data 

acquired from OMAFRA Soil Survey Complex 2013). Scale 1:4000 all maps. Polygons representing 

various soil series are separated by black lines and labelled within. Soil series codes used: ALU= 

Alluvium, BVY= Beverly, CGU= Chinguacousy, TLD= Toledo, TVK= Tavistock, JDD= Jeddo, VLD= 

Vineland. Numbers beside each soil type indicate the percentage of that soil series (i.e. BVY 50= 50% 

Beverly). Legend: A: Buis (Niagara-on-the-Lake); B: PondView (Niagara-on-the-Lake); C: Château des 

Charmes (St. Davids); D: Cave Spring (Beamsville); E: Hughes (Vineland); F: George (Vineland).  
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Figure A3. The GPS located grapevines (white circles) used for manual data collection. Outer circles 

represent the boundaries used for each vineyard block. Maps were created in ArcMap 10.6 using the 

World Imagery basemap Copyright © Esri (ESRI 2011). Scale 1:4000 all maps. Legend: A: Buis 

(Niagara-on-the-Lake); B: PondView (Niagara-on-the-Lake); C: Château des Charmes (St. Davids); D: 

Cave Spring (Beamsville); E: Hughes (Vineland); F: George (Vineland).  
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Figure A4. Maps of all variables (water status, remote sensing, winter hardiness, yield components, vine 

size, berry composition, and virus titer) from Buis vineyard (Niagara-on-the-Lake, ON) 2016. 

Abbreviations:  SWC= Soil water content, Leaf Ψ= Leaf water potential, Gs= Stomatal conductance, 

UAV= Unmanned aerial vehicle, NDVI= Normalized difference vegetation index, LT50= Lethal 

temperature for 50% of primary buds, TA= Titratable acidity, FVT= Free volatile terpenes, PVT= 

Potentially volatile terpenes, GLRaV-3= Grapevine leafroll associated virus-strain 3. Units included for 

all variables. 
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Figure A5. Maps of all variables (water status, remote sensing, yield components, vine size, and berry 

composition,) from Buis vineyard (Niagara-on-the-Lake, ON) 2017. Abbreviations: SWC= Soil water 

content, Leaf Ψ= Leaf water potential, Gs= Stomatal conductance, NDVI= Normalized difference 

vegetation index, TA= Titratable acidity, FVT= Free volatile terpenes, PVT= Potentially volatile 

terpenes. Units included for all variables. 
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Figure A6. Maps of all variables (water status, remote sensing, winter hardiness, yield components, vine 

size, and berry composition) from PondView vineyard (Niagara-on-the-Lake, ON) 2016. Abbreviations:  

SWC= Soil water content, Leaf Ψ= Leaf water potential, Gs= Stomatal conductance, UAV= Unmanned 

aerial vehicle, NDVI= Normalized difference vegetation index, LT50= Lethal temperature for 50% of 

primary buds, TA= Titratable acidity, FVT= Free volatile terpenes, PVT= Potentially volatile terpenes. 

Units included for all variables. 
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Figure A7. Maps of all variables (water status, remote sensing, yield components, vine size, and berry 

composition) from PondView vineyard (Niagara-on-the-Lake, ON) 2017. Abbreviations:  SWC= Soil 

water content, Leaf Ψ= Leaf water potential, Gs= Stomatal conductance, NDVI= Normalized difference 

vegetation index, TA= Titratable acidity, FVT= Free volatile terpenes, PVT= Potentially volatile 

terpenes. Units included for all variables. 
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Figure A8. Maps of all variables (water status, remote sensing, winter hardiness, yield components, vine 

size, berry composition, and virus titer) from Château des Charmes vineyard (St. Davids, ON) 2016. 

Abbreviations:  SWC= Soil water content, Leaf Ψ= Leaf water potential, Gs= Stomatal conductance, 

UAV= Unmanned aerial vehicle, NDVI= Normalized difference vegetation index, LT50= Lethal 

temperature for 50% of primary buds, TA= Titratable acidity, FVT= Free volatile terpenes, PVT= 

Potentially volatile terpenes, GLRaV-3= Grapevine leafroll associated virus-strain 3. Units included for 

all variables. 
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Figure A9. Maps of all variables (water status, remote sensing, yield components, vine size, and berry 

composition) from Château des Charmes vineyard (St. Davids, ON) 2017. Abbreviations: SWC= Soil 

water content, Leaf Ψ= Leaf water potential, Gs= Stomatal conductance, NDVI= Normalized difference 

vegetation index, TA= Titratable acidity, FVT= Free volatile terpenes, PVT= Potentially volatile 

terpenes. Units included for all variables. 
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Figure A10. Maps of all variables (water status, remote sensing, winter hardiness, yield components, vine 

size, berry composition, and virus titer) from Cave Spring vineyard (Beamsville, ON) 2016. 

Abbreviations:  SWC= Soil water content, Leaf Ψ= Leaf water potential, Gs= Stomatal conductance, 

UAV= Unmanned aerial vehicle, NDVI= Normalized difference vegetation index, LT50= Lethal 

temperature for 50% of primary buds, TA= Titratable acidity, FVT= Free volatile terpenes, PVT= 

Potentially volatile terpenes, GLRaV-3= Grapevine leafroll associated virus-strain 3. Units included for 

all variables. 
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Figure A11. Maps of all variables (water status, remote sensing, yield components, vine size, and berry 

composition) from Cave Spring vineyard (Beamsville, ON) 2017. Abbreviations: SWC= Soil water 

content, Leaf Ψ= Leaf water potential, Gs= Stomatal conductance, NDVI= Normalized difference 

vegetation index, TA= Titratable acidity, FVT= Free volatile terpenes, PVT= Potentially volatile 

terpenes. Units included for all variables. 
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Figure A12. Maps of all variables (water status, remote sensing, winter hardiness, yield components, vine 

size, and berry composition) from Hughes vineyard (Vineland, ON) 2016. Abbreviations: SWC= Soil 

water content, Leaf Ψ= Leaf water potential, Gs= Stomatal conductance, UAV= Unmanned aerial 

vehicle, NDVI= Normalized difference vegetation index, LT50= lethal temperature for 50% of primary 

buds, TA= Titratable acidity, FVT= Free volatile terpenes, PVT= Potentially volatile terpenes. Units 

included for all variables. 
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Figure A13. Maps of all variables (water status, remote sensing, yield components, vine size, and berry 

composition) from Hughes vineyard (Vineland, ON) 2017. Abbreviations: SWC= Soil water content, Leaf Ψ= 

Leaf water potential, Gs= Stomatal conductance, NDVI= Normalized difference vegetation index, TA= Titratable 

acidity, FVT= Free volatile terpenes, PVT= Potentially volatile terpenes. Units included for all variables.   
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Figure A14. Maps of all variables (water status, remote sensing, winter hardiness, yield components, vine 

size, berry composition, and virus titer) from George vineyard (Vineland, ON) 2016. Abbreviations:  

SWC= Soil water content, Leaf Ψ= Leaf water potential, Gs= Stomatal conductance, UAV= Unmanned 

aerial vehicle, NDVI= Normalized difference vegetation index, LT50= Lethal temperature for 50% of 

primary buds, TA= Titratable acidity, FVT= Free volatile terpenes, PVT= Potentially volatile terpenes, 

GLRaV-3= Grapevine leafroll associated virus-strain 3. Units included for all variables. 
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Figure A15. Maps of all variables (water status, remote sensing, yield components, vine size, and berry 

composition) from George vineyard (Vineland, ON) 2017. Abbreviations: SWC= Soil water content, Leaf 

Ψ= Leaf water potential, Gs= Stomatal conductance, NDVI= Normalized difference vegetation index, 

TA= Titratable acidity, FVT= Free volatile terpenes, PVT= Potentially volatile terpenes. Units included 

for all variables. 
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Figure A16. UAV NDVI zonal maps used for the harvesting of Riesling wine NDVI treatments and 

replicates. Legend: A: Buis (Niagara-on-the-Lake); B: PondView (Niagara-on-the-Lake); C: Château des 

Charmes (St. Davids); D: Cave Spring (Beamsville); E: Hughes (Vineland); F: George (Vineland). 
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Figure A17. Comparison of mean pH from 2016 low vs high NDVI Ontario Riesling wines. Separate 

bar-charts represent different sites. Legend: A: Buis (Niagara-on-the-Lake); B: PondView (Niagara-on-

the-Lake); C: Château des Charmes (St. Davids); D: Cave Spring (Beamsville); E: Hughes (Vineland); F: 

George (Vineland). p-values of significantly different treatments are included.  
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Figure A18. Comparison of mean pH from 2017 Low vs High NDVI Ontario Riesling wines. Separate 

bar-charts represent different sites. Legend: A: Buis (Niagara-on-the-Lake); B: PondView (Niagara-on-

the-Lake); C: Château des Charmes (St. Davids); D: Cave Spring (Beamsville); E: Hughes (Vineland); F: 

George (Vineland). p-values of significantly different treatments are included.  
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Figure A19. Comparison of mean titratable acidity (TA) from 2016 Low vs High NDVI Ontario Riesling 

wines. Separate bar-charts represent different sites. Legend: A: Buis (Niagara-on-the-Lake); B: PondView 

(Niagara-on-the-Lake); C: Château des Charmes (St. Davids); D: Cave Spring (Beamsville); E: Hughes 

(Vineland); F: George (Vineland). p-values of significantly different treatments are included.  
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Figure A20. Comparison of mean titratable acidity (TA) from 2017 Low vs High NDVI Ontario Riesling 

wines. Separate bar-charts represent different sites. Legend: A: Buis (Niagara-on-the-Lake); B: PondView 

(Niagara-on-the-Lake); C: Château des Charmes (St. Davids); D: Cave Spring (Beamsville); E: Hughes 

(Vineland); F: George (Vineland). p-values of significantly different treatments are included.  
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Figure A21. Comparison of mean ethanol from 2016 Low vs High NDVI Ontario Riesling wines. 

Separate bar-charts represent different sites. Legend: A: Buis (Niagara-on-the-Lake); B: PondView 

(Niagara-on-the-Lake); C: Château des Charmes (St. Davids); D: Cave Spring (Beamsville); E: Hughes 

(Vineland); F: George (Vineland). p-values of significantly different treatments are included.  
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Figure A22. Comparison of mean ethanol from 2017 Low vs High NDVI Ontario Riesling wines. 

Separate bar-charts represent different sites. Legend: A: Buis (Niagara-on-the-Lake); B: PondView 

(Niagara-on-the-Lake); C: Château des Charmes (St. Davids); D: Cave Spring (Beamsville); E: Hughes 

(Vineland); F: George (Vineland). p-values of significantly different treatments are included.  
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