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ABSTRACT

This thesis presents a methodology for processing high spatial resolution remotely
sensed imagery of vineyards to acquire spatially referenced values that describe the
foliar canopies of individual vines over entire vineyard blocks. A method of processing
vineyard image data to extract spatially referenced quantitative information about
attributes of individual vine canopies was developed. Quantitative descriptors of vine
canopies were related to fruit yield and composition, and the utility of different remotely
sensed canopy descriptors to infer fruit quality and yield were compared.
Image derived canopy descriptors were compared to fruit composition, yield and vine
performance over two consecutive growing seasons for 58 vines in a block of Cabernet
Sauvignon.

The results indicated that the methodology of producing quantitative

descriptors of canopies was accurate in terms of locating individual vines and that, at
this scale, correlations (p < 0.01) were found to exist between image derived descriptors
of vine canopy size and density and fruit composition, particularly anthocyanin and
phenolic concentration and berry size. Yield was correlated (p < 0.01) with canopy
descriptors acquired from imagery taken in the preceding season.
The algorithm developed to quantify the vine canopy biomass was able to separate
canopy size from canopy foliage density, enabling a calculation of quantitative
descriptors for each characteristic. Vine canopy size rather than apparent measures of
foliage density had stronger and more consistent relationships with many of the
proximate measures of fruit composition and vine canopy characteristics including leaf
area index. Modelling of the radiation regime within vine canopies revealed that foliage
density had little impact on the characteristics of the reflected radiation from the vine
canopy. Canopy size was found to be the main factor contributing to the ability of the
remote sensing instrument to discriminate between relative levels of biomass.
On the basis of the image processing protocols established in this study, a methodology
for partitioning vines into sets according to fruit composition was defined.

An

experiment was conducted where fruit was harvested into lots from vines with similar
foliage characteristics as defined by the remotely sensed canopy descriptors. Each fruit
lot was assessed for its composition.

Results of the analysis confirmed that fruit

composition was related to canopy density descriptors derived solely from remotely
sensed imagery.
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EM

electromagnetic

Hi2

mean of the highest two NDVI values in the cross-sections of a vine row
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MeanNDVI
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r
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S
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1 Introduction
The nature of vines, their sensitivity to environmental conditions and the consequent
high degree of spatial variability in performance (yield and quality) present
management challenges to viticulturists. The overall aim of this thesis is to investigate
the extent and value of viticultural information that can be derived from remotely
sensed multispectral images of vineyards in the context of supporting viticulturists in
meeting the challenges of vineyard spatial variability.

1.1 Precision Viticulture
Numerous physical, biological and chemical factors, including spatial variations in
topography, physical and chemical characteristics of soils and the incidence of pests and
diseases, influence vine (Vitis vinifera L.) health and performance. The spatial variation
in these factors effects a spatial variation in grape composition and yield within single
vineyards leading to wine of a lower quality and volume than anticipated. With the
increasing practice of differentiation in pricing between grapes based on measured
quality attributes (Winemakers Federation, 1996), vineyard management decisions must
account for spatial variability in composition and yield in order to produce a higherquality, higher-value product. In addition to the management of spatial variability in
grape yield and quality, precision viticulture techniques can be applied to reduce total
inputs into the vineyard by targeting specific regions of vineyards for treatments.
Pesticides, herbicides, fertilisers and water can be applied to only the regions of the
vineyard that have been defined as being in need. This practice would result in less
environmental damage and greater economic efficiency. These viticultural management
decisions rely on the availability of accurate and reliable data that describe spatial
variability in relevant vine descriptors.
The process of modulating cultural practices as a function of spatial and temporal
variation within agricultural fields is known as precision agriculture (Cook and
Bramley, 1998; Moran et al., 1997). In the context of the grape and wine industry,
precision viticulture may be defined as monitoring and managing spatial variation in
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performance-related variables (yield and composition) within single vineyards (Lamb
and Bramley, 2001). It has been the emergence of global positioning systems (GPS)
technology that has enabled traditional on-site measurements of physical, chemical and
biological variables associated with vine performance to be linked to specific locations
within vineyards. This information, when used in conjunction with computer-based
geographical information systems (GIS), provides viticulturists with the capability to
process and map spatial relationships between attributes and make management
decisions based on numerous layers of information (Taylor, 2000).
In recent years, vineyard yield maps produced by grape-yield monitors coupled to a
GPS have highlighted the significance of precision viticulture. In Australia, it has been
shown up to eight-fold differences in yield can occur within a single vineyard block
(Bramley and Proffitt, 1999). Furthermore, there are considerable spatial variations in
quality indicators such as colour and baumé (Bramley and Proffitt, 2000).
Relationships between yield and composition are often inferred, and these relationships
can vary significantly between vineyards (Holzapfel et al., 1999; Holzapfel et al., 2000),
and possibly within vineyards. Moreover, preliminary data suggest regions of high and
low-yielding vines in a vineyard tend to remain stable in time, inferring that soils play a
significant role in such variability (Bramley et al., 2000). The accurate characterisation
of spatial variations in variables that influence vineyard performance requires a
considerable amount of data. Traditional methods of generating such data are generally
not economically feasible. For example, measuring basic fruit composition and yield
variables of sixty sample sites in a one-hectare block requires more than thirty personhours of work.

Even then, only a coarse representation of the spatial pattern of

variables is provided since, in a typical one-hectare vineyard block, there are more than
1500 vines.

The move toward on-the-go sensing of yield and composition by

combining the latest sensor technology with GPS-equipped vehicles is slow and
currently limited to grape yield.

However, rapid sensing techniques such as

measurement of baumé using near infrared (NIR) spectroscopy (Williams, 2000) and
grape-phenolic composition using visible-NIR spectroscopy (Celotti et al., 2001) are
potential candidates for on-the-go sensing. The use of rapid electromagnetic induction
or EM-survey techniques to accurately characterise soil structure is also becoming more
widely used in the grape and wine industry (Lamb and Bramley, 2001).
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1.2 Remote Sensing as a Tool for Precision Viticulture
The use of airborne remote sensing as a means of monitoring vine characteristics is
attracting interest in the viticultural research community primarily because of
opportunities for cost-effective generation of spatial data amenable to support precision
agriculture activities (Lamb, 2000).

Airborne remote sensing can be a relatively

inexpensive technology for acquiring data on a per-hectare basis and is potentially able
to provide the necessary data to support precision viticulture. Although it cannot be
used to directly detect fruit yield and composition, the assessment of vine vigour
through an examination of appropriately processed images can be used to infer spatial
variation in yield and composition, because vine vigour and canopy architecture is
generally accepted to have a considerable effect on fruit yield and composition (e.g.
Dry, 2000; Haselgrove et al., 2000; Petrie et al., 2000; Tisseyre et al., 1999; Intrieri et
al., 1997; Smithyman et al., 1997; Iland et al., 1994) and can also be used to forecast
fruit maturation that is associated with yield (Clingeleffer and Sommer, 1995).
By determining discrete regions within a vineyard based upon the canopy characteristics
of the vines, management zones within vineyard blocks that were otherwise treated
homogeneously can be identified. Each zone can then be managed separately according
to its specific requirements to produce a more consistent higher quality harvest, by, for
example, varying the pruning technique in parts of the block. Alternatively, harvesting
can take place at different times for the different zones or in a fashion that separates the
fruit into similar lots of inferred fruit quality. Sampling schemes can be designed using
the remotely sensed information to gather the most representative fruit from which to
ascertain an optimum harvest date or in order to get the most accurate estimate of yield.

1.3 Objectives
To date, few studies have quantitatively related vine canopy descriptors derived from
remotely sensed images of vineyards to individual vine properties. Work employing
remotely sensed images of vineyards has been mostly qualitative in nature, involving
images of relatively coarse spatial resolution (one pixel ≈ one vine) in which simple
links are made between derived vegetation indices and vine canopy vigour. However,
quantitative analyses of imagery involving the extraction of performance attributes such
as grape yield and colour could greatly increase the value of information obtained from
remotely sensed images and hence have the potential to better contribute to vine
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management in the context of precision viticulture. Factors that need to be addressed in
order to achieve a more objective and accurate analysis of vineyard images are (1) to
increase the spatial precision of images to allow the identification of individual vines
and (2) to be able to extract appropriate descriptors capable of adequately describing
vine canopy architecture, such as size, density and shape, independently from
descriptors of canopy spectral signature.
The two broad objectives of this thesis are:
(1) to develop a method of processing vineyard image data to extract spatially
referenced, quantitative information about physical attributes of individual vines
specifically related to canopy architecture;
(2) to relate the quantitative descriptors of canopy architecture to practical viticultural
information such as fruit composition and yield; and
(3) to compare the ability of canopy remotely-sensed architecture descriptors to infer
fruit composition and yield.

1.4 Thesis Outline
The thesis is necessarily multi-disciplinary; combining the disciplines of remote sensing
and viticultural science. Consequently, Chapters 2 and 3 introduce relevant concepts
and reviews literature in the fields of remote sensing and viticulture. Chapter 4 outlines
the research methodology designed to achieve the stated objectives.
A significant part of this research comprised the development of an image-processing
algorithm capable of extracting spatially referenced quantitative descriptors of canopy
architecture from high-resolution remotely sensed imagery of vineyards. Chapter 5
describes and explains the development of this algorithm. A statistical analysis of how
the data collected from the imagery relates to biophysical data collected on the ground is
presented in Chapter 6. Chapter 7 describes an experiment whereby imagery was used
to partition vines into groups that were subsequently harvested into separate sets of fruit
and subjected to analyses to determine overall quality. Chapter 8 draws together the
main findings and concludes the thesis.
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2 Vineyard Variability – Causes and Effects

2.1 Spatial Variability in the Vineyard
For the purposes of this work vineyard variability can be defined as spatial variability in
vine canopy biomass, yield and fruit composition within vineyards. Vineyards are
commonly subdivided into similarly managed units known as blocks, which can be
various sizes from a few hundred vines to tens of thousands. For larger blocks, the
opportunity for greater variability between the vines is increased. However, the levels
of spatial variability within vineyards, and the consequent effects of this variability on
overall vineyard performance, wine quality and yield is yet to be fully investigated.
Some studies have begun investigating yield variability using specialised yield monitors
(e.g. Bramley, 2000). A major constraint in the study of variability in vineyards is the
lack of practical methods that can measure and map spatial variability in fruit
composition. This thesis is concerned with the variability that exists within vineyard
blocks. Vines within blocks often share similar characteristics, consisting of the same
varietal and the same trellising and pruning methods.

Clonal variation, rootstock

variation, differences in vine age and incidence of physical damage can all contribute to
variability in the vineyard, which are independent of environmental causes of
variability.
It is common for vineyard blocks to be treated as single units rather than many
individual vines. Yet some vineyard management techniques acknowledge a degree of
spatial variability within single blocks. For example, fruit and petiole samples used to
describe the overall characteristics of a particular block are collected from vines
selected at several random locations in a vineyard to account for spatial variability. At
the within-vineyard block scale, high levels of variability in vine canopy vigour have
been associated with high levels of variability in fruit composition and yield (e.g.
Clingeleffer and Sommer, 1995). Results presented by Clingeleffer and Sommer (1995)
for a block of Cabernet Sauvignon indicated that while yields of vigorous vines were
nearly double that of stressed vines, there was an associated considerable delay in fruit
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maturation that would have resulted in a spatial variability of fruit composition at
harvest. The three levels of vine vigour used in the study produced large differences in
juice and wine variables and a loss in overall quality with increasing vigour. Rich soils,
vigorous varieties and rootstocks, irrigation, fertilisation, weed control and the
elimination of viral infections can all stimulate vegetative growth to the detriment of
fruit ripening (Jackson, 2000). With many of these factors present in modern vineyards,
vine vigour control (canopy management) is a significant viticultural process. Standard
methods of controlling vigour (for example, mechanical pruning) tend to treat all vines
in one vineyard block similarly. Spatial differences in the environmental factors cause
significant spatial variation in residual vigour despite the employment of “canopy
management”.
Disease incidence is an example of a factor that may introduce variability within a
vineyard block.

Most pests and diseases have symptoms that include reduced

performance, manifesting as both low yield and poor canopy development.

Most

significantly, several environmental factors can cause variation between the vines down
to the individual vine scale. The main environmental factors that affect viticulture are
climate, soil and topography (Jackson, 2000)1.
Three scales of climate are identified by Smart et al. (1982, cit. Smart, 1985); the
smallest of the three is micro-, which specifically relates to the climate inside the vine
canopy, followed by meso-, which is site climate, and macro-, which is the regional
climate. Variation in macro-climatic factors is often insignificant over single vineyard
blocks due to the differences in scale. At the meso-climate scale, one factor that could
contribute to increased variability is the “clothesline” effect.

This occurs where

horizontally flowing air crosses from a dry and warm environment to the cooler moister
environment of the vineyard (Oke, 1987). At the edges of the block soil moisture
depletion, desiccation and greater wind buffeting can combine to affect growth (Oke,
1987). Also at the meso scale, large topographical features can effect considerable
climatic variation as a consequence of varying input of solar radiation due to a slope’s
1

The combination of numerous varying environmental influences on viticulture is described by the term,

terroir. The use of the term in viticultural literature is “characterised by vagueness” (Tesic et al., 2002),
in that it can refer to many different combinations of aspects of environmental and cultural influences on
a vineyard. The term, terroir, is commonly used to explain differences in wine characteristics from
different geographical regions. It is therefore more apt to describing broad scale differences between
vineyards rather than differences within a vineyard.

7
aspect and the generation or modification of airflow (Oke, 1987). In particular, north
facing slopes (in the Southern Hemisphere) receive greater radiation levels than south
facing slopes. The radiation received by a surface is usually the major determinant of
its climate (Oke, 1987). Spatial differences in radiation loads vary temperature and
consequently affect evaporation rates and humidity. Higher temperatures can stimulate
greater vine foliage growth rates and have an underlying effect on temperatures within
vine canopies, thus effecting a degree of spatial variability in vineyard characteristics.
Micro-climatic variation has a major influence on spatial variability in grape yield and
composition. Micro-climatic variation is a product of vine canopy architecture (shading
and airflow) and local (sub 5 metre) variations in topography.

The impact of

microclimate, as a consequence of vine canopy architecture, on fruit yield and
composition is discussed in Section 2.3.
High levels of within-vine variability and within-cluster variability in fruit composition
are common knowledge to viticulturists.

No scientific work characterising this

variability has been completed. It is highly probable that, upon detailed examination,
the spatial variability in prevailing light and temperature microclimate within single
vines is variable because of the varied nature of the canopy. A consequent spatial
variability in fruit composition would result. However, this thesis concentrates on
variability at the scale of whole vineyard blocks. The overall effect of vegetative
canopy on all the fruit of one whole vine is therefore the greatest level of detail
considered. Considering spatial variability at a scale as small as a single vine is beyond
the scope of this study.
Along with climate and topography, soil is a key factor influencing vineyard
performance (Jackson 2000). At the regional or between-vineyard scales, soil has been
described as having the least significant effect on grape and wine quality (e.g. Rankine
et al., 1971; Wahl, 1988). However, at the scale of individual vineyards, soil and
topography are often strongly connected (Jackson, 2000; Yule et al., 2001; Taylor and
McBratney, 2001). Soil can influence vines indirectly through heat retention capacity,
water holding capacity, and nutritional status (Jackson, 2000). Salinity can be a further
significant soil factor affecting vine health, especially in Australia. Salinity has a
relatively large effect on soil electrical conductivity and the results of electromagnetic
surveys of vineyard soils have indicated that there may be a correlation between salinity
and poor vine health (Evans, 1998).
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On-ground physical measurements of soil structure and condition in vineyards have
demonstrated significant variations can exist within single vineyards. For example,
measurements of soil electrical conductivity in two contrasting Australian vineyards
demonstrated up to three-fold differences in conductivity existed within each (Bramley
et al., 2000). In the case of a seven hectare Coonawarra vineyard, conductivity was
highly correlated to soil depth and the latter varied by a factor of two (Bramley et al.,
2000).

Similarly, large variations in petiole nutrient levels in the same vineyard

suggested large spatial differences in soil mineral content (Bramley, 2001a). Spatially
referenced grape yield maps acquired from a number of Australian vineyards over the
past three years suggest regions of high and low yielding vines tend to remain stable in
time (Bramley, 2001a). This suggests that soils, and their association with topography
and microclimate, play an important role in defining the spatial characteristics of
within-vineyard variability.

2.2 Introduction to Industry Considerations – Grape Quality, Yield and
Vine Management
Contemporary vineyard management demands extensive knowledge of vine physiology
and the environmental and cultural influences that affect vine physiology.
Environmental knowledge is generally gained by proxy through the collection of
biophysical data to describe the vines. The spatial variability of the vines reflects the
effect of spatially variable environmental influences on the vines.

Biophysical

information is usually collected in the form of petiole or fruit samples. The most
commonly collected biophysical information is that of fruit characteristics in the period
leading up to harvest. Equipment to measure sugar content (in the form of total soluble
solids (TSS)) and acidity of the fruit (pH and volume of titratable acidity (TA)) is
readily available and easy to operate. Primarily, the TSS of the fruit is used to decide
the timing of harvest. In addition, the ratio of TSS to acidity can also play a role in
deciding when to harvest, although the level of importance given to this ratio depends
on the climate (Jackson, 2000). Although TSS and acidity of the fruit can be controlled
to an extent by leaving the fruit on the vine for a period of time to produce the best
ratio, cultural or environmental factors may necessitate their harvest before the optimal
time. It may therefore transpire that fruit may not be harvested at the desired TSS or
TSS-to-acidity ratio. How the actual levels compare to the desired levels can often be
used to indicate relative fruit quality at the winery.
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Further to TSS and acidity, fruit composition can be described in terms of anthocyanin,
total phenolic content and berry weight. Variables describing anthocyanin and total
phenolic content are often used to quantify the “colour” of the grapes, which, especially
in red grapes, is used as an indicator of potential wine quality. Research now shows a
significant correlation between grape colour and red wine quality (CRCV, 2002).
Therefore, these variables are often used as fruit quality descriptors. In terms of berry
weight, smaller berries can indicate a better quality, since many of the flavour
components are located in the berry skins (Jackson, 2000).

Wine with greater

concentrations of flavour components can be expected from fruit with a greater skin
area to weight ratio.
As well as variables to assess fruit ripeness and composition, descriptors of vine
nutritional status are often used to identify causes of poor vine performance.
Determination of vine nutritional status is usually conducted by sampling leaf petioles
opposite berry clusters at flowering. The petioles are dried, ground and analysed for
their elemental content using methods such as atomic emission spectrometry (Jackson,
2000).

The major nutrient deficiencies that vines are sensitive to are nitrogen,

phosphorus, potassium, calcium and magnesium (Jackson, 2000).

Other nutrient

deficiencies include iron, boron, molybdenum, zinc and manganese (Jackson, 2000). In
addition, excess nitrogen, boron and manganese can have negative impacts on vine
growth and development (Jackson, 2000). In short, non-optimal nutrient levels result in
restricted growth and reduced photosynthetic capacity. Healthy, nutritionally balanced
vineyards however can exhibit excessive foliage growth; particularly well spaced vines
sited in fertile, well-watered areas typical of “New World” vineyards (Jackson, 2000).
Excessive foliage growth (often referred to as vigour) can be detrimental to vine
performance due to a dense canopy creating a poor micro-climate for the development
of grapes (Smart and Robinson, 1991).

2.3 The Effects of Vine Vegetation Density on Vine Physiology and Fruit
Vine canopy size and architecture are repeatedly reported to have a considerable effect
on fruit composition and yield (e.g. Smart, 1985; Smart, 1987; Smart et al., 1988;
Rojas-Laras and Morrison, 1989, Morrison and Noble, 1990, Jackson and Lombard,
1993; Clingeliffer and Sommer, 1995; Dokoozlian and Kliewer, 1996; Mabrouk et al.,
1997a, 1997b; Mabrouk and Sinoquet, 1998; Dry, 2000), primarily by its impact on vine
microclimate (i.e. the climate at and around the berry clusters of the vine). Although the
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mechanisms are complex, the aforementioned literature indicates strong relationship
between canopy and fruit and subsequent wine quality. Much of the environmental and
cultural influences exerted on a vine influence the characteristics of the canopy as
described by Figure 2-1.

Figure 2-1 Conceptual model to show how soil, climate, and cultural practices can
affect wine quality via effects on canopy microclimate (after Smart, 1985).
In the original presentation of Figure 2-1, Smart (1985) articulated the effects of canopy
size and density on microclimate around the grape clusters of a vine. The effect of a
dense canopy is to (1) decrease solar radiation levels within the canopy, (2) decrease the
temperature difference between the berries and the ambient temperature (due to solar
radiation not reaching the fruit), (3) decrease the wind speed within the canopy, and (4)
increase humidity. The latter two result in a decrease in evaporation rates. The effect of
the microclimate on fruit development and resultant grape composition has been studied
extensively (Mabrouk and Sinoquet, 1998). Biomass production and yield potential
have variously been shown to be related to the amount of solar radiation intercepted by
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the foliage whereas grape composition has been associated with the exposure of grape
clusters to sunlight (Smart, 1990). Smart and Robinson (1991) recommend a canopy
management system that allows leaves and grape clusters to be well exposed to the sun,
and that a vine does not necessarily need to be “struggling” or low-yielding to make
high quality wine.
Phenolic compounds in grapes, and subsequently in extracted juice, are an important
determinant of wine quality. While present in both red and white wine grapes, phenolic
compounds exist in much greater quantities in red grape varieties (e.g. Bourzeix et al.,
1986). Two key subgroups of phenolic compounds are flavanols, common in both red
and white varieties, and anthocyanins, which are specific only to red grape varieties. In
red wine, flavanols contribute significantly to the taste while anthocyanins contribute to
the colour. Phenolics are primarily contained within the grape skin (Coombe, 1990),
while some phenolics are contained in the seeds and stems (Bourzeix et al., 1986) and in
the flesh (Coombe, 1987). The synthesis of flavanols and anthocyanins in grapes is
activated by direct exposure to ultraviolet and blue light (Jackson, 2000).
Consequently, exposure to sunlight has been identified as a key component in the
development of flavour and colour components in red wine grapes (e.g. Smart and
Robinson, 1991; Iland et al., 1993). More recently, studies into the microclimate of the
fruiting zone have shown that anthocyanin concentration is highly dependent upon
temperature of the fruit during ripening (Bergqvist et al., 2001; Spayd et al., 2002).
Berry temperature has been shown to increase linearly with sunlight exposure (Smart
and Sinclair, 1976; Bergqvist et al, 2001). The effect on anthocyanin synthesis has been
variously demonstrated to be inhibited by high berry temperatures. In a study involving
Merlot cultivar berries, heat was shown to stimulate anthocyanin synthesis, yet
excessively high temperatures appeared to be detrimental to anthocyanin accumulation
(Spayd et al., 2002). A critical temperature for anthocyanin synthesis for Merlot grapes
was estimated to lie between 30 and 35°C, but it was recognised that the critical
temperature may vary with cultivar. In a similar study for Merlot by Haselgrove et al.
(2000), the critical temperature at which anthocyanin synthesis is degraded was
estimated as 35°C. Canopy biomass is linked to anthocyanin synthesis due to its effect
on berry temperature. Canopy biomass is the primary determinant of the level of fruit
exposure and can therefore be considered, after ambient temperature, the most
important determinant of berry temperature.
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Grape exposure to sunlight during growth is affected by the surrounding vine canopy.
Canopy density and size, often referred to by remote sensing scientists as vigour but
more accurately defined by Hall et al. (2002) as photosynthetically-active biomass
(PAB), and the location of grapes within the canopy both influence the development of
flavour and colour in red winegrapes (Smart and Robinson, 1991).
The relationship between canopy density and fruit composition in not straight forward.
Insufficient leaf area can be just as detrimental as excessive cover (Jackson, 2000),
because too few leaves may be unable to carry out sufficient photosynthesis required for
adequate fruit development. In addition, conclusions drawn from research conducted in
cool climates may not apply in warmer climates. Gladstones (1992) suggests that a
relatively dense canopy can be beneficial in warm or hot climates, where care may be
needed to prevent berry scorching due to extremes of high temperatures and low
humidity. In addition, high berry temperatures, because of exposure of fruit to light,
have been shown to inhibit anthocyanin metabolism (Haselgrove et al., 2000). Because
of the two climatic responses of the vine canopy, a parabolic relationship between
canopy density and anthocyanin development results.

At relatively high levels of

canopy density, anthocyanin metabolism increases with decreasing levels of canopy
density, because a sparser canopy allows more sunlight to fall upon the developing fruit.
At relatively low levels of canopy density, anthocyanin metabolism decreases with
decreasing levels of canopy density, because a sparser canopy results in an increase in
the temperature of the berries to levels that inhibit anthocyanin development.
In addition to relationships existing between vegetative biomass and both yield and
quality, relationships between yield and quality are of considerable importance in
vineyard management. The balance between yield, quality and long-term vine health is
well debated and attracts much research interest (Jackson 2000). Several causes of a
relationship between yield and quality are thought to exist independently of vegetative
biomass. A moderately negative correlation between yield and sugar accumulation is
known to exist (Jackson 2000). In addition, factors known to reduce fruit quality where
overcropping is occurring include delayed ripening, higher acidity, reduced anthocyanin
synthesis, diminished sugar accumulation and limited flavour development (Jackson,
2000). A general negative relationship between yield and quality is therefore apparent.
In addition to the affects on fruit composition, the vegetative biomass of the canopy has
been variously reported to affect yield. According to Jackson (2000), it is commonly

13
accepted that favourable conditions potentially lead to high productivity in terms of
both fruit and foliage growth, inferring that foliage growth is positively correlated to
yield (although successive seasons of excessive growth may cause yield to decline).
Therefore, high foliage growth indicates vines with high productivity potential.
However, research into vine canopies with relatively high levels of vegetative biomass
has shown that the vegetative biomass of the canopy also affects yield by modifying the
microclimate. Smart and Robinson (1991) outline canopy related factors that can affect
yield at different stages of cluster development. At cluster initiation (at flowering in the
season preceding their maturity), the development of cluster primordia is very
dependent upon the shade in the canopy; highly shaded shoots are less likely to produce
cluster primordia.

At flowering, fruit set is reduced by shaded conditions.

Consequently, poor fruit set is observed in the centre of dense canopies. During berry
growth, shade in the canopy causes reduced berry growth because photosynthesis is
restricted. Close to harvest, dense canopies can encourage the incidence of Botrytis, a
fungal disease that commonly reduces yield.
For vines that do not exhibit relatively low vegetative biomass, greater density indicates
higher yields (Jackson, 2000). However, for vines that exhibit relatively high vegetative
biomass, Smart and Robinson (1991) assert that greater canopy density inhibits fruit
yield, inferring a negative correlation between fruit yield and canopy density. The
overall result for the relationship between canopy vegetative biomass and yield is
therefore parabolic. As vine vegetative biomass increases so does yield, but only to a
point at which the negative impacts of high levels of vegetative biomass inhibit yield
production. As vine vegetative biomass continues to increase past an optimum point,
yield potential falls.
The evidence relating microclimate to fruit composition has resulted in the development
of pruning techniques that improve microclimate around the fruiting zone of vines in
order to increase perceived fruit quality. For example, a common viticultural practice is
basal leaf removal, where leaves are removed from around fruit clusters to increase
exposure to sunlight and improve ripening conditions late in the season (e.g. Percival et
al., 1994). Basal leaf removal has been associated with increased evaporation potential,
increased wind speed, higher temperature and improved light exposure around the fruit
(Thomas et al., 1988). As well as leaf removal increasing fruit exposure to light and air
movement, application of the method also provides better access of chemical sprays to
the fruit. Both factors result in a less favourable environment for the development of
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fungal infections and bunch rot. This simple procedure, and other practices such as
mid-season trimming, can be applied to most vine trellising systems. Developments in
the designs of trellising systems themselves have improved the microclimate in the
fruiting zone of the mature vine (Smart and Robinson, 1991). Such trellising systems
include the vertical shoot positioned (VSP) trellis, the Scott Henry trellis and the Te
Kauwhata two tier trellis (Smart and Robinson, 1991).
In contrast to the breadth of work relating microclimate to fruit yield and composition,
is work that relates vine vigour to fruit yield and composition via direct physiological
effects.

To illustrate the physiological relationship between vine vigour and fruit

composition and yield, reference can be made to four of the seven “principles of
pruning” (Winkler et al., 1974). “The capacity of a vine varies directly with the number
of shoots that develop” (principle 3), “the vigour of the shoots vary inversely with the
number of shoots and crop amount” (principle 4), “the fruitfulness of a vine, within
limits, varies inversely with the vigour of its shoots” (principle 5), and “a given vine in
a given season can properly nourish and ripen only a certain quantity of fruit” (principle
7). Levels of vigour, therefore, have a significant physiological effect on the variation
of fruit composition and yield.

Both the indirect microclimate and the direct

physiological mechanisms all point to the same basic tenet: vines of different vigour
levels produce fruit with different characteristics.
Pruning is therefore a key component of vine management; it is the primary tool in
obtaining the maximum fruit yield at the desired quality (Jackson, 2000). It is a general
rule in industry that high yields will be associated with poor quality (Smart et al., 1985;
Smart and Robinson, 1991). Therefore, pruning to restrict yield of vines is common
practice. Other factors that restrict vine growth include poor soils and water stress. In
fact, the concept that a “struggling” or low yielding vine produces the best wine has led
to practices such as regulated deficit irrigation (RDI) and partial rootzone drying (PRD)
to apply stress to vines in a controlled manner. The physiological effects of RDI and
PRD on the vines are still under investigation (e.g. Wade et al., 2002).

2.4 Quantifying Canopy Architecture
Quantitative information about vineyard canopy is a valuable tool for the assessment of
potential grape quality. Smart and Robinson (1991) present a method for quantifying
the potential for the production of quality grapes based upon an assessment of the
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canopy of a vineyard.

Eight aspects of the canopy that contribute desirable

characteristics are scored out of ten. The total score indicates the potential quality of the
grapes produced from that vineyard. This method relies somewhat upon the skill of the
assessor, but the specific characteristics can be rapidly assessed in a quantitative
manner. A drawback to the system is that it does not take into account spatial variability
in canopy characteristics, unless several parts of the vineyard are assessed, adding
considerable time to the process.
Quantitative assessment of vine canopy has also been achieved using computer analyses
of digital images. To investigate the effect of vine canopy dimensions on vine fruit
yield and composition, Mabrouk and Sinoquet (1998) describe a detailed study into the
effects of canopy structure on grape composition using digitised images of vines.
Virtual pictures of the canopy were created and the resulting images analysed. Mabrouk
and Sinoquet developed a total of eleven indices that described the canopy foliage,
including four indices for canopy dimensions: total leaf area per vine, canopy surface
area, exterior leaf area per vine and potentially exposed foliage surface area. As these
canopy dimension descriptors are closely related, some redundancy in the correlations
was observed. Indices for foliage density were given descriptive names: shoot density
per metre, leaf area per metre of canopy length, leaf area density, foliage gaps, total leaf
area per vine/canopy surface area (read: “total leaf area per vine divided by canopy
surface area”) and exterior leaf area per vine/leaf area per vine. In addition, one index
for the fruiting zone of the vine was also described: fraction of sky viewed in the centre
of the bunch zone. In the trial, four trellising systems were used and each divided into a
low vigour and a high vigour set giving a total of eight treatments of differing canopy
types with 35 vines in each treatment. The means of the vegetative descriptors derived
for each treatment were determined.

The set of mean data for each vegetation

descriptor was compared to TSS, titratable acidity, anthocyanin content and total
phenolic content of grapes therein using a correlation matrix.
Significant positive correlation coefficients were found between each of the canopy
dimension descriptors divided by yield and TSS, each significant at p = 0.01. Negative
relationships (p = 0.05) with titratable acidity were found to be present for the foliage
gaps and the ratio of total leaf area/canopy surface area. Anthocyanin content of the
berries was negatively correlated with shoot density per metre and leaf area per metre of
canopy length and positively correlated with foliage gaps, exterior leaf area per
vine/leaf area per vine and sunlit leaf area/yield. Similar-strength relationships to those
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with anthocyanins were also present with total phenolics. A negative relationship
between anthocyanins and foliage density indicators, and a positive relationship
between anthocyanins and foliage gaps suggest lower density vines produce fruit with
higher anthocyanin content.
In addition to the relatively simple links between vigour and vine performance, several
studies have factored in the effect of the shape of the canopy. For example, Intrieri et
al. (1997) reported significant differences in total vine assimilation of CO2 by vines
before and after various canopy shape and thickness manipulations.

Similarly,

Smithyman et al. (1997) reported on the influence of three different canopy
configurations on vegetative development, yield and composition of vines; pruning
Seyval Blanc vines to 45 nodes resulted in superior canopy development, increasing
yield and maintaining fruit quality. In related work, Mabrouk et al. (1997a, 1997b)
measured spatial and angular distribution of leaf area in two canopy systems and
modelled radiation interception and distribution inside canopies.

This research

suggested that lateral leaf removal improved light interception efficiency and the light
environment of the fruiting zone.
The ground-based research described thus far all points to a potential ability of remotely
sensed imagery of vine canopies to provide practical information concerning vine
performance (fruit yield and quality). After all, the general presentation of the canopy
to the Sun, an overhead source, plays a major part in determining vine performance. In
the context of this point, the following chapter presents the key principles of remote
sensing and a review of the current status of remote sensing in viticulture.
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3 A Review of Remote Sensing and its Viticultural Applications

3.1 Remote Sensing Technology
Remote sensing involves measuring features on the Earth's surface using remote
satellite or aircraft-mounted sensors. In terms of optical remote sensing, sensors detect
and record sunlight reflected from the surface of objects on the ground. The ability of a
sensor to detect these objects is quantified in terms of the sensor's spatial, radiometric,
spectral and temporal resolution.
Spatial resolution is a measure of the smallest object detectable on the ground. The
number of available image-forming pixels in the sensor itself and its distance from the
ground contribute to determining the pixel-size on the ground and the overall image
footprint. For example, the American Landsat satellite, orbiting at a height of 705 km
above the Earth’s surface is capable of recording images with a 30 m × 30 m pixel size
(referred to as a 30 m pixel), and a footprint of 185 km × 185 km. The French SPOT
satellite orbits 832 km above the Earth’s surface, generating full scenes of
60 km × 60 km and a 20 m pixel. This means the smallest object that can be directly
detected by the sensor is 30 m (Landsat) or 20 m (SPOT) in each dimension (Barrett
and Curtis, 1999). More recently, high-resolution satellites such as IKONOS, which
provides 4 m resolution multispectral imagery, have come on line; however, the cost of
such data remains a significant impediment to its widespread use (Lamb et al., 2001b).
Airborne mounted sensors such as airborne digital cameras or video systems, which are
flown up to 3 km above the ground, generally have 1 to 2 m pixels and corresponding
image footprints of the order of 100 ha (e.g. Lamb, 2000). While Landsat and SPOT
satellite imagery, with spatial resolution of the order of tens-of-metres, is suitable for
applications requiring regional coverage, the pixel size precludes its use in the
investigation of targets of the size of typical vineyard blocks, and of features that may
vary within vineyards.
Radiometric resolution specifies the number of discrete radiometric levels available to
individual pixels to record the intensity of measured radiation from a target in a given

18
waveband. For example, 8-bit radiometric resolution results in 28 = 256 levels available
(0 = darkest, 255 = brightest) while 10-bit sensors have 210 = 1024 levels available to
each image pixel. In practice, however, n-bit systems tend to only have (n-2) bits of
information in image pixels, because usually the lowest 2 bits of data carries the system
noise, including dark-current and thermal noise (King, 1992; Louis et al., 1995).
Temporal resolution or, more simply, revisit-frequency is an important attribute of any
sensor when used for commercial monitoring or management purposes.

Typical

commercial satellites like the American Landsat and French SPOT satellites have revisit
intervals of 16 and 26 days, respectively. In the case of SPOT imagery, a targetpointing capability during different overpasses could reduce this interval to as low as
two days (Barrett and Curtis, 1999). Aircraft mounted sensors, on the other hand, are
more amenable to user-defined visitations, and have the added advantage of being able
to operate under a high cloud base.
The spectral resolution is the number of wavebands of data that can be simultaneously
recorded for each pixel. The amount of sunlight reflected by a target is described in
terms of the target’s reflectance profile. The spectral reflectance profiles for foliage and
wood of a Cabernet Sauvignon vine, healthy grass, dry grass and bare soil are presented
in Figure 3-1. The profiles shown in Figure 3-1 indicate the amount of sunlight the
targets reflect as a function of wavelength. Data captured by a spectrometric device is a
function of not only the reflectance properties of the object being examined (target) but
also of the initial solar spectrum and the effects of the atmosphere between the device
and the target. Therefore, it is often necessary, particularly with airborne devices, to
correct data to produce the reflectance properties of the target alone.
The upper limit on the amount of data that can be processed and stored in real-time by
any remote sensing system results in a compromise between spatial, radiometric and
spectral resolution.

In general, there is a trade-off between spatial and spectral

resolution. The terms multispectral and hyperspectral are often interchanged, although
they usually define instruments according to the number of wavebands of information
that is recorded for each image pixel. The more general adjective “multispectral” is
used to describe instruments that record information in only a small number of
wavebands, typically 2-10. Hyperspectral instruments record information in a large
number of wavebands, typically greater than 10.
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Figure 3-1 Reflectance levels for wavelengths 400 - 850 nm of typical objects or
surfaces in a vineyard. Reflectance values are the proportion of incident light reflected
from the object. The central point of the waveband of four spectral filters used in the
airborne imaging systems used in this study (to be discussed later) are indicated as
vertical lines.

3.2 Leaf and Canopy Spectra
Effective use of remotely sensed information for vegetation analysis requires knowledge
of how solar radiation interacts with the vegetation. The general interaction of spectra
with vegetation is well-documented (Harrison and Jupp, 1990; Campbell, 1996; Barrett
and Curtis, 1999). Remote sensing devices collect reflected light from entire vegetation
canopies of both the target and surrounding environment.

Remotely sensed data,

therefore, contains information on the optical properties of the whole canopy rather than
of individual leaves, cells or molecules (Jensen, 2000). Canopy structure and the
surrounding environment should therefore be considered when interpreting remotely
sensed information.
All photosynthesising plants do not reflect much light in blue (~ 440 nm) or red
(~ 650 nm) wavelengths, because chlorophylls (and related pigments) absorb much of
the incident energy in these wavelengths for the process of photosynthesis.

This

explains the minima in the reflectance spectra for the vine foliage and grass in Figure
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3-1. However, these targets reflect a higher proportion of light in the green (~ 550 nm)
wavelengths, again due to chlorophylls and related pigments (Figure 3-1). The relative
amount of blue, green and red light reflected from photosynthesising targets causes
them to appear green when viewed by the human eye.
In the near infrared (NIR) wavelengths (wavelengths greater than about 700 nm)
photosynthesising plants reflect considerably larger proportions of the incident sunlight
(in excess of 65%). Appropriate instruments can detect these wavelengths, to which the
human eye is insensitive. Internal scattering of NIR radiation within the plant cells,
specifically by microscopic air spaces primarily in the mesophyll layer of the leaf
(Lillesand and Kiefer, 1994), causes the high degree of observed reflectance. When
infiltrated by water, the mesophyll air spaces are filled, and a lowering of the NIR
reflectance results (Gausman et al., 1983). Immature leaves are compact with few
mesophyll air spaces and therefore also have less NIR reflectance than the more
lacunose, mature leaves (Gausman et al., 1983).
Vegetation canopies are non-Lambertian, imperfect diffuse surfaces, i.e. they do not
reflect equally in all directions (Lillesand and Kiefer, 1994). Reflectance spectra, in the
case of vegetation canopies, depend upon physical and chemical variables and are
affected by phenology, canopy geometry, leaf density, leaf angle, leaf water content,
leaf stacking and the presence of stress or disease (Gausman et al., 1983; Lillesand and
Kiefer, 1994). Other variables that influence the reflectance of vegetation include: the
nature and type of soil background (Kauth and Thomas, 1976; Heute 1988); the
transmittance of canopy components; and the optical properties of components other
than leaves, such as stems and reproductive structures (Jensen, 2000). Sensor viewangle and shadow also affect the reflectance detected.

3.3 Vegetation Indices
In the field of remote sensing, the level of photosynthetically active biomass (PAB)
interpreted from these images is often referred to as plant vigour. In the viticultural
sense, the term vigour originally referred to the rate of growth of individual shoots but
now loosely describes the size of the vine (Dry and Loveys, 1998). To avoid confusion,
the acronym PAB is used in this thesis to describe density of plant vegetation as
detected by the remote sensing system. The term vigour is only used in this thesis in the
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viticultural context to describe a combination of the density of vegetation and size of a
vine canopy.
Distinctive characteristics of sunlight reflected in the visible and NIR from
photosynthetically active tissue in plants have led to the development of vegetation
indices. Spectral vegetation indices reduce the multiple-waveband data at each image
pixel to a single numerical value (index).

Such vegetation indices (VIs) tend to

correlate highly with plant physical descriptors and have been related to variables such
as leaf area index2 (LAI) (Clevers and van Leeuwen, 1996), chlorophyll content, wet
and dry plant biomass, and percent ground cover (Wiegand et al., 1991; Fernandez et
al., 1994; Cassanova et al., 1998). Generally, VIs are constructed on the basis of
empirical evidence on the ability to normalise confounding parameters, such as soil
background and atmospheric effects (Bannari et al., 1995), thereby improving
capabilities for multi-temporal analysis.
It has been demonstrated that combinations of NIR and Red reflectance are superior to
combinations of Green and Red reflectance when linking remotely sensed imagery to
PAB (Bannari et al., 1995; Campbell, 1996).

Frequently, VIs are Red and NIR

reflectance in ratios or linear combinations that are well correlated with LAI, biomass
and percentage green cover. Ratios have been designed to be sensitive to the amount of
photosynthetically absorbed radiation (PAR) absorbed by the plant canopy and for
estimating photosynthetically active biomass.
In the case of healthy vegetation, ratio based indices are useful in the Red and NIR
regions of the spectrum because these regions exhibit inverse relationships in
reflectance (Campbell, 1996).

Since the Red wavelengths are absorbed by plant

chlorophyll and NIR wavelengths are strongly reflected by mesophyll tissues within the
plant (Greulach, 1973; Starr and Taggart, 2001), ratio vegetation indices involving Red
and NIR wavebands (NIR/Red) are high when the plant is healthy, vigorously growing
or when there is dense vegetation cover, and low for areas of sparse or stressed
vegetation cover.

2

Leaf area index (LAI) is a measurement of the area of leaf canopy per unit ground area, and is used as

an indicator of the density of the canopy (Price and Bausch, 1995). The LAI is related to biomass, as
regions of high biomass tend to have overlapping layers of leaves, thus high LAI. Dense canopies have a
large LAI (LAI > 1), whereas sparse canopy cover has a low LAI value (LAI < 1). A single nonoverlapping layer of leaves has a LAI = 1.
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Many different methods have been developed to reduce Red and NIR bands to provide
information on vegetation characteristics. The most basic ratio based index is the
Simple Ratio (SR),
SR =

NIR
.
Red

(3.1)

First described by Jordan (1969), the SR is now one of the mostly widely used VIs. The
SR is effective at contrasting chlorophyll absorption against high NIR reflectivity and
eliminates various albedo effects (i.e. spatial variability in the overall reflectivity of a
target area), but is confounded by changes in soil reflectance (Elvidge and Chen, 1995).
The normalised difference vegetation index (NDVI) is another commonly used VI,
NDVI =

NIR - Red
.
NIR + Red

(3.2)

The NDVI is the ratio difference between the reflectance or radiance values for the NIR
and Red bands and the sum of these bands (Rouse et al., 1973), resulting in values
ranging from –1 to 1. In terms of vegetated surfaces, an NDVI close to 1 indicates
healthy, vigorous and dense vegetation, whereas an NDVI close to zero indicates
stressed and sparse vegetation.

Negative values of NDVI occur in clear water-

dominated targets where NIR reflectance is typically lower than Red reflectance.
One important advantage of ratio indices like the NDVI is that the intensity of the total
light reflected from a target does not influence the calculation. An object under shadow
will reflect light reduced by approximately the same amount across the entire spectrum.
Therefore, although there is a reduction in the precision of NDVI for areas in shadow,
because of a reduction in the total range of reflectance levels, the ratio of two spectrally
similar features will be invariant regardless of shadow. Shadows, which may otherwise
be a significant problem in imaging a vineyard with closely spaced rows, are effectively
removed.
The NDVI is considered to be robust in performance, information content and a good
measure of greenness/general vegetation PAB (Curran, 1985). The NDVI has been
shown to reduce the effects of atmosphere/illumination variations in imagery and is
widely employed in multi-temporal studies (Fischer, 1994). The NDVI is used in a
large proportion of vegetation studies as most researchers have found it to be “a stable
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statistic” and useful indication of vegetation features, in particular plant biomass
(Bannari et al., 1995).
For partially vegetated targets, soil background influences remotely sensed spectra
(Huete, 1988). Vegetation indices that consider the influence of underlying soil assume
that there is a soil line with a single slope in the Red-NIR space that describes the
variation in the spectrum of bare soil in the image. However, variations in moisture
content and different soil types often render the single line assumption incorrect. Soilrelated effects are most pronounced in the NDVI and SR but the effects can be reduced
using a soil-adjusted vegetation index (SAVI) (Huete, 1988; Elvidge and Chen, 1995),
SAVI =

NIR − Red
× (1 + L) ,
NIR + Red + L

(3.4)

where L is a correction factor accounting for soil variation. Effectively, the SAVI is a
calibrated VI that normalises soil substrate variations (Huete, 1988). The correction
factor, L, ranges from zero for high vegetation cover to 1 for low vegetation cover.
Generally, a correction factor of L = 0.5 is used for data characterised as having
“intermediate” vegetation cover. When L = 0, the SAVI reduces to the NDVI.
Studies that have directly compared the predictive ability of NDVI versus SAVI
demonstrate the importance of crop type (i.e. leaf or canopy structure) and density.
Lamb et al. (1999) found little difference between the ability of the SAVI and the NDVI
to detect weeds in triticale (X triticosecale); the SAVI had a 71% correlation with weed
detection and the NDVI had a 70% correlation with weed detection. Gilabert et al.
(1996) compared NDVI and SAVI for predicting row-planted corn vegetation
properties. Despite the possible influence of the soil to the spectra, the NDVI provided
a much better predictor (r2 = 0.93) than the SAVI

(r2 = 0.79). A combination of

erectophile leaf structure and high leaf density may explain the superior performance of
the NDVI over the SAVI. More work is required to investigate variables influencing
the NDVI versus SAVI relationship, including vegetation itself (leaf angle, structure,
stems, etc.) and atmospheric and sensor complexities (Asner, 1998). Investigations into
the effectiveness of other vegetation indices for use in vineyard image analysis are
beginning (e.g. Arkun et al., 2000; Dobrowski et al., 2002).
Figure 3-2 illustrates theoretical relationships that vegetation indices, such as the NDVI,
have with leaf area index and plant biomass for a grass canopy and a tree canopy. As
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the LAI or biomass increases, the NDVI increases. However, when the biomass or LAI
reaches a certain level, the rate of change of NDVI decreases. Vines have multiple
layers of leaves and woody perennial branches similar to trees, and are therefore more
closely characterised by the models described in Figure 3-2(b) for tree canopy.
Relationships between NDVI values derived from imagery and LAI of vines are likely
to have pronounced inflection points. Therefore, when interpreting NDVI images of
vineyards, it is necessary to consider the non-linearity of the relationships between the
NDVI and vine canopy characteristics such as LAI or biomass.

Vegetation index
(e.g. NDVI)

LAI

Vegetation index
(e.g. NDVI)

(a)

LAI

Biomass

Biomass

Vegetation index
(e.g. NDVI)

LAI

Vegetation index
(e.g. NDVI)

(b)

LAI

Biomass

Biomass

Figure 3-2 Theoretical relationships between a vegetation index, LAI and biomass for
(a) a grass canopy and (b) a tree canopy (modified after Barrett and Curtis, 1999).

3.4 Airborne Imaging Systems
The use of airborne colour and colour-infrared photography for monitoring crops in
Australia was established in the early 1970’s (e.g. Harris and Haney, 1973). These
techniques were later extended to detect weeds in crops and pastures (Barrett and
Leggett, 1979; Arnold et al., 1985). However, limitations of aerial photography for
crop monitoring include the absence of a quantitative data acquisition capability, the
high cost and availability of colour infrared film and processing, and the requirement for
manual scanning or digitising. The intrinsic analogue nature of the imagery results in

25
significant additional processing and delay prior to incorporating the imagery into a
GIS.
Airborne imaging systems, incorporating in-flight or post-flight image digitisation can
provide sub-metre resolution images of crops at any revisit frequency and in a timely
and cost-effective manner.

Multispectral imaging systems provide user-selectable

spectral bands, some as narrow as 10 nm bandwidth. These bands are commonly
available in the visible and near infrared (NIR) (e.g. Manzer and Cooper, 1982; Louis et
al., 1995; Anderson and Yang, 1996; Sun et al., 1997), and the short wave infrared
bands (SWIR) (Everitt et al., 1986; Everitt et al., 1987). Hyperspectral imaging systems
also provide user-selectable wavebands.

Systems such as the Compact Airborne

Spectrographic Imager (CASI-2) offers up to 288 wavebands with approximately a 2.2
nm bandwidth in the range of 400 - 900 nm (ITRES, 2001). By comparison, Hymap
imagery offers up to 200 wavebands in the visible, NIR, SWIR and thermal infrared
(TIR) (Intspec, 2001). However, due to power and stability requirements, airborne
hyperspectral imaging systems are confined to operation in larger twin-engine aircraft,
and this makes them significantly more expensive to operate than the often simpler
multispectral imaging systems which can be deployed in single-engine aircraft.
Airborne multispectral and hyperspectral systems are ideal for quantification of crop
growth in agricultural research applications. These systems have spectral bands in the
visible green (555-580 nm) and red (665-700 nm) wavelengths, and in the near-infrared
(740-900 nm) wavelengths, and provide the high temporal and spatial resolution needed
for agricultural research plot evaluation (Clevers, 1986; Clevers, 1988a; Clevers, 1988b;
Lamb, 2000). Insights provided by such research and the increasing affordability of
multispectral imaging systems have resulted in them becoming more widely used over a
wide variety of Australian crops (Lamb, 2000).

3.5 Viticultural Applications of Optical Remote Sensing
3.5.1

Optical Remote Sensing of Soils

Often, different soils, because of differences in structure and composition, e.g. moisture
levels and organic and mineral constituents, have different optical reflectance
characteristics (Condit, 1970; Colwell, 1983; Escadafal et al., 1989). However, care
must be taken when using optical remote sensing for mapping soil structure on the basis
of surface reflectance, because visible and near infrared radiation penetrates only to
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within a few millimetres of the soil surface (Lee, 1978). Numerous studies have
reported varying levels of agreement in comparing bare-soil images with other onground soil data such as EM surveying (Pitcher-Campbell et al., 2001) and traditional
soil sampling (Grierson and Bolt, 1995; Ryan and Lewis, 2001). In a situation where
the ground has been ploughed, as in the preparation of a new vineyard site, the soil
surface may more accurately reflect soil variations at depths similar to the vine rootzone. Imagery, highlighting differences in the PAB of the pre-existing pasture or crop,
may also be useful in identifying different soil zones in a potential vineyard site before
cultivation, (e.g. Lamb, 1999). Recent work, involving the Hymap hyperspectral sensor
demonstrated the enormous potential of high-order image processing of many
wavebands of spectral information (Ryan and Lewis, 2001). Ryan and Lewis (2001)
contended that using 128 spectral wavebands of Hymap allowed them to discriminate
between numerous soil zones beneath mature vines. However, the extent to which these
soil analyses relied on direct soil spectral information versus indirect measurements of
the subtle variations in vine PAB was not established.
By identifying regions of similar soils and matching suitable varieties and clones to the
particular soil types, remotely sensed images can be valuable tools at the planning stage
of vineyard developments. Soil-related effects on plant growth in a given field will vary
from season to season, and may completely reverse under different rainfall conditions
(e.g. Lamb, 2000). However, establishing varietal blocks so that they contain only one
soil type with its own irrigation system may simplify management and provide more
consistent grape products (Grierson and Bolt, 1995). Although physical soil sampling
will remain an essential requirement of ground-truthing, the major advantage of remote
sensing is in reducing the amount of soil sampling required to adequately characterise
and delineate soil zones. A single imaging mission, with a view to segregating a site
into homogeneous blocks has potential to characterise variability and increase overall
quality and productivity of a vineyard development. The economic benefits of planning
in this way are considerable, as the cost of imaging at this stage can be inexpensive
(Grierson and Bolt, 1995) yet beneficial to a vineyard over its entire lifetime.
3.5.2

Optical Remote Sensing of Vines

Two distinct functions of imaging established vineyards have so far been identified.
The first is the general mapping of vines to accurately establish numbers of different
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varietals within vineyards, and the second is the mapping of levels of relative PAB to
establish spatial differences in vine performance within single varietal blocks.
In terms of general mapping, accurate information concerning the location and size of
blocks containing different varietals allows for more accurate forecasting of regional
productivity and the allocation of resources for subsequent winemaking (Bramley,
2001b). Subtle differences in leaf spectral signature and phenology, and vine shape or
size, between varieties suggests that it may be possible to discriminate and map
different varietals using remote sensing. However, such differences may be quite small
and would likely require a sensor with a combination of one-metre resolution imagery
and a large number of spectral wavebands. To date, only hyperspectral instruments
such as CASI have been successfully used to discriminate different varietals within
vineyards (e.g. Brady and Wiley, 2000; Arkun et al., 2000). In the work of Arkun et al.
(2000), very small inter-varietal differences in spectral signature of vine canopies of
Cabernet Sauvignon, Malbec and Shiraz were detected using the 18 wavebands of
CASI. Subsequent imagery was successfully classified into these varietals plus an
additional class described as “stressed Shiraz”.
Information regarding relative biomass levels has many applications for improving
management at the individual vine scale, such as the early detection of certain vine
diseases or the identification of discrete management zones. Optical remote sensing
provides a measure of photosynthetically active biomass as a combination of the level
of a photosynthetic activity of the foliage and foliage density. Conceptually, and from a
computational point of view, the most convenient approach to quantifying vine vigour is
in blending the canopy spectral signature, a combination of single leaf spectral
characteristics and canopy density, with canopy size/shape. For vines typically planted
in rows, this is achieved by using remotely sensed imagery with a spatial resolution
equal to the inter row spacing of the target vines (Figure 3-3).

Assuming the

background covercrop is uniform, or at the least shaded by vines, this process produces
image pixels that are a local average of vine and inter-row space (non-vine) spectral
signatures. Changes in leaf spectral signature or the proportion of vine and non-vine
area within single image pixels changes the average pixel value.
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Figure 3-3 Synthetic NDVI image of a block of vines having the same spatial
characteristics and vigour. Pixels with dimensions equal to the vine-row spacing will
have the same values regardless of where they lie relative to the inter-row gap. Adapted
from Lamb et al. (2001a).
Johnson et al. (1996) have successfully used this technique to identify broad areas of
vineyard infested with the highly-damaging vine aphid phylloxera (Daktulosphaira
vitifoliae). Identification was achieved by relating the level of phylloxera incidence to
the level of vine PAB. The level of vine PAB on the ground was quantified in terms of
pruning weight where the largest or highest density vines yielded the greatest weight of
vegetation during subsequent pruning. Correlations established between the NDVI
values extracted from imagery and canopy pruning weights were used to indicate areas
subject to phylloxera infestation. Significant correlations were also achieved between
NDVI and canopy leaf area index (m2 leaf area per m2 of ground) and leaf area per vine
(m2 per vine). These correlations were established over multiple vineyards using 4
metre-resolution IKONOS satellite imagery (Johnson et al., 2001).
A consequence of the link, albeit complex, between canopy PAB and grape yield is that
significant correlations between image-derived NDVI values and subsequent grape
yield are possible (Baldy et al., 1996; Lamb et al., 2001a). These relationships remain
valid regardless of whether the driving influence behind the spatial variation is water
and nutrient status (i.e. Clingeleffer and Sommer, 1995) or pests and diseases (e.g.
Baldy et al., 1996; Munkvold, et al., 1994). Similarly, studies involving assessment of
the effect of canopy morphology on fruit composition have suggested quantities of
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some components of the fruit may also be inferable from vine size/shape or PAB (e.g.
Mabrouk and Sinoquet, 1998). Where it can be established from remotely sensed
imagery that vines within a block have, for example, a more open canopy, it could be
expected that the fruit character and other biophysical properties of the vine are being
influenced. Numerous researchers worldwide have indicated that the links between
remotely sensed imagery and grape quality indices are being investigated (e.g. Vintage,
2001; CRCV, 2001). However, outcomes have yet to be reported in the scientific
literature.
The primary disadvantage in applying the mixed-pixel approach to quantifying an
integration of canopy size and foliage density lies in the fact that inter-row spacing is
also mixed in. Correlations between biomass and fruit composition or yield can occur
as a result of spatial variation in biomass due to differences in water and nutrient status
(e.g. Clingeleffer and Sommer, 1995) or due to pests and diseases (e.g. Munkvold et al.,
1994; Baldy et al., 1996). In a situation where the inter-row spacing is characterised by
a non-spatially-uniform spectral signature, the mixed-pixel approach would be expected
to fail. Separation of leaf spectral signature from vine size or shape characteristics in
remotely sensed imagery can only be achieved through using more complex dataextraction procedures.

Furthermore, extraction of vine size or shape descriptors

requires images of a spatial resolution of tens of centimetres, as large numbers of image
pixels must be covered by individual vines. The subject of this thesis is a detailed
analysis of vineyard images with spatial resolutions of the order of tens of centimetres
in order to enable a differentiation between vine size and foliage density.
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4 Vineyard Image and Data Acquisition

4.1 Site Description
The vineyard used in this research was a 1 ha block of Cabernet Sauvignon located at
Charles Sturt University, Wagga Wagga, NSW, Australia (Lat 37° 9’ S, Long 147° 28’
E). The block lies on a small (<10°) incline (sloping towards the south-east) with rows
orientated SSE-NNW. An oblique aerial photograph of the block is given in Figure 4-1.
The vines, planted on their own roots in 1977, were box-pruned with 3.6 m row spacing
and 1.8 m between vines (along row) (Figure 4-2).

Dates of major phenological

development stages, and a summary of the management applied to this block over the
two consecutive growing seasons studied in this work (2000-2001 and 2001-2002) are
given in Table 4-1. Climatological data for the two seasons are summarised in Figure
4-3, and demonstrate similar conditions over the two years.

Slightly cooler

temperatures during the 2001-2002 growing season effected a slightly slower
development in the second year of the trial.
A ground conductivity survey of the study block was conducted using an EM38 ground
conductivity meter (Geonics Limited, Mississauga, Ontario, Canada). The EM38 was
operated in vertical dipole mode, measuring ground conductivity to a depth of 1.5 m.
Measurements were conducted along the centre of each vine row at intervals of
approximately 2 m. Figure 4-4 presents a map of the levels of conductivity at the trial
site. There is a high level of variability over the block with conductivity ranging from
16 to 37 mS/m (millisiemens per metre of soil). A linear 3-dimensional regression
model fitted to the EM38 data (Figure 4-5) indicates a trend of increasing conductivity
from north to south.

Increases in conductivity have been shown to be positively

correlated to soil depth (Bramley et al., 2000). The block was drip irrigated. Drippers
were equally spaced and subject to recent maintenance ensuring each dispensed water at
the same rate. Spatial variability in vine characteristics is unlikely to have resulted from
the irrigation system alone. Groundwater flow down the slope may have contributed to
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Figure 4-1 Oblique aerial photograph of the 1 ha block of Cabernet Sauvignon studied.
Slope runs downhill in direction of arrow at ~10º. Block extent is outlined by white
box.

Figure 4-2 Typical vines in the trial block, pictured during dormancy and after winter
pruning to illustrate the training and pruning types applied.
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Table 4-1 Dates of major phenological development stages and key management
applied to the vineyard site during the 2000-2001 and 2001-2002 growing seasons.
Stage/Management

2000-2001 season
(Year 1)

2001-2002 season
(Year 2)

Pruning
Budburst (60% green tip)
5-6 leaves unfolded (80%)
75% Flowering
Berries pea size
Veraison
Canopy Trimming
Harvest

August
22 September
9 October
14 November
12 December
8 January
17 January
6 March

August
28 September
13 October
15 November
18 December
20 January
None
13 March

Total Monthly Precipitation (mm), Year 1
Total Monthly Precipitation (mm), Year 2
Mean Air Temperature (°C), Year 1
Mean Air Temperature (°C), Year 2
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Figure 4-3 Monthly mean temperature and precipitation at Wagga Wagga for the 2002001 and 2001-2002 growing seasons.
greater soil moisture levels on the lower ground, which may have attributed to the
general north-south increase in the conductivity of the soil.

33

Figure 4-4 Map of electromagnetic conductivity (EM38) of soil at trial site. The
magnitude of variability suggests soil may effect a degree of spatial variability amongst
the vines.

4.2 Data Acquisition
4.2.1

Biophysical Data Collected on the Ground

Locational data for the 58 sample sites in the vineyard are listed in the appendix (Table
10-1). Biophysical data collected from each vine can be categorised as: (1) yield and
fruit composition indicators, (2) vine nitrogen status, and (3) canopy and vegetative
vigour indicators.
Three types of measurements were conducted at ground level to assess differences in
the character of the vine canopies. During dormancy at the end of each season, the
vines were pruned by hand to remove all but the spurs of the previous year’s woody
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growth. The mass of the wood was recorded for each sample site and is referred to as
the pruning weight. On three occasions during Year 2 (29/10/01, 4/12/01 and 30/1/02),
measurements of the LAI and chlorophyll were collected at the same time as the
acquisition of the airborne imagery. LAI estimates were made using a LAI-2000 plant
canopy analyser (LI-COR Inc., Lincoln, Nebraska, USA). The method used to collect
data with the canopy analyser followed that described as “Method 1” by Sommer and
Lang (1994). Chlorophyll levels were estimated with a SPAD-502 chlorophyll meter
(Minolta, Osaka, Japan), using six leaves of each sample vine. Leaves were taken from
both sides of each sample vine; one leaf opposite a fruit cluster, and two leaves from the
outside of the vine (one from the side and one near the top). Each leaf was measured
three times with the chlorophyll meter, at its centre and to the left and right of its centre.
On-ground measurements taken to characterise vine canopy and vigour are presented in
maps (generated using the linear interpolation function in ENVI) in Figure 4-7. The
maps in Figure 4-7 include measurements taken for LAI and chlorophyll on three
occasions and the weight of new wood pruned at the end of the first season (pruning
weights).

Since measurements of LAI and chlorophyll were conducted on three

different occasions, changes to the relative spatial differences within the block over time
could be assessed. As the scale indicates, LAI over the whole block increases rapidly
between post-budburst and post-flowering. Between post-flowering and veraison LAI
and chlorophyll were observed to have decreased in some areas.

This may be

attributable to the prevalent weather conditions before fieldwork was completed. A
spell of relatively hot and dry weather can cause wilting of the vine foliage. Since
relative differences are of interest, this affect can be considered to have not significantly
affected the results of the study. A maximum stretch of the scale has been conducted
for each map so that the change in relative spatial differences can be more easily
assessed. The relative spatial difference in LAI changed significantly between postbudburst and post-flowering with a large area of relatively low LAI in the western side
of the block being apparent at post-flowering and veraison in comparison to a more
equally distributed LAI at post-budburst.

The magnitude of LAI and the spatial

variation, however, changed little between post-flowering and veraison. Figure 4-7
shows that winter pruning weights collected at the end of Year 1 correlate with LAI at
post-flowering and veraison. In addition, gradual spatial changes in leaf chlorophyll are
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Figure 4-5 Three-dimensional linear regression model fitted to EM38 data, indicating a
trend of increasing conductivity from north to south.
apparent from the chlorophyll maps, which appear to exhibit less spatial variability by
veraison.
From the sample sites, yield and composition were assessed just prior to harvest in each
of the 2000 to 2001 (Year 1) and 2001 to 2002 (Year 2) growing seasons. Vine yield
was measured on location (kilograms of berry clusters per vine) and a sub-sample of
100 grapes from each vine was immediately packed in a cool-box for transhipment to
the laboratory. Berry weight, anthocyanin content, total phenolics content, total soluble
solids (°brix), titratable acidity (TA) and acidity (pH) were measured from the berry
samples. Berry weight was determined by weighing fifty berries. Anthocyanin and
total phenolics were assessed from a spectrophotometer (UV-2101PC, Shimadzu,
Kyoto, Japan) following the procedure described by Iland et al. (2000). Total soluble
solids were measured with a bench refractometer (PR-101 ATAGO, Tokyo, Japan) from
settled juice extracted from the grape samples. Titratable acidity was found by adding a
measured base solution to a known volume of juice until the solution reached a pH of
8.2 with an automatic titrator (TitraLab 80, Radiometer Analytical, Lyon, France). The
pH meter of the titrator was also used to assess the pH of the juice.
Petiole nitrogen levels were collected during Year 1. In keeping with industry practice,
petioles for nutrient assessment were collected at flowering. Twenty petioles were
collected from opposite berry clusters from each sample vine. The petioles were dried
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and then ground to a fine powder. Nitrogen content was analysed by the combustion
technique (Howarth, 1977) using a nitrogen analyser (NA 1500 series 2 Total
Combustion Gas Chromatograph, Carlo Erba, Milan, Italy).
Data describing fruit yield and composition, as well as vine nitrogen status, are mapped
in Figure 4-6. To form the maps, the data were rasterized from point data in the image
processing software package, ENVI (which employs Delauney triangulation followed
by linear interpolation to a regular grid). The maps reveal a high degree of spatial
variability within the vineyard block for many of the measured variables. For example,
there is a region from the northern to the southern end of the block, just west of centre,
where there is a distinct region of lower TSS from the harvested fruit. In this region, the
TSS is measured at less than 22°brix, when most of the block has fruit harvested at
about 24°brix. Similarly, there is a region of very high titratable acidity to above 9 g/L
towards the eastern side of the block, when the rest of the block is generally less than
5 g/L. As well as highlighting variability of fruit composition, Figure 4-6 also suggests
some spatial correlations may exist between certain variables. In particular, the maps
for anthocyanin content and phenolic content are very similar, indicating that there is a
strong positive correlation between them. Such a relationship is expected to occur since
anthocyanins are one of the main types of phenolics in grapes. Another relationship
apparent from Figure 4-6 is between yield and both anthocyanin content and total
phenolic content. Where yield is high, anthocyanin and phenolic content at a similar
location are low. Although it is known to reduce fruit production at excessive levels
(Smart and Robinson, 1991), greater leaf area generally provides a vine with a greater
capacity to produce fruit (Jackson, 2000).

However, the areas of low yield, low

anthocyanin and low phenolics on the eastern side of the block and high pruning weight
and LAI (at veraison) indicate a greater than optimal canopy density in that area.
4.2.2

Multispectral Imaging

Multispectral airborne images of the target vineyard site were acquired using Charles
Sturt University's airborne video system (ABVS) (Louis et al., 1995). The ABVS
comprises 4 CCD video cameras, each having a 740 by 576 pixel array, and fitted with
12 mm focal length lenses in a 2 by 2 array and an IBM-compatible computer
containing a 4-channel framegrabber board. Each camera captures a static image in a
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Figure 4-6 Interpolated maps of Yield, Total Soluble Solids, pH, 50 berry weight, anthocyanin content, total phenolic content, titratable acidity
and petiole nitrogen content.
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separate waveband governed by an interchangeable filter. For this research the standard
vegetation wavebands of blue (450 nm), green (550 nm), red (650 nm) and near-infrared
(770 nm) were used. Each filter had a band-pass of 25 nm. Images of the vineyard site
were acquired close to noon AST (Australian Standard Time) at an altitude of
approximately 305 m above ground level, resulting in a spatial resolution of 25 cm and
an image coverage of approximately 2 ha. A total of ten imaging missions were
completed over a period of two years; timed to coincide with important phenological
stages of the vines. The dates of image overflights, and calculated time after bud-burst
are given in Table 4-2.
Table 4-2 Dates of image overflights, ground data collection and time relative to
budburst calculated using principal dates from Table 4-1.
Season
2000-2001

2001-2002

Days post-budburst
60
107
156
172
31
48
67
124
140
165

Overflight date
21 November
7 January
25 February
13 March
29 October
15 November
4 December
30 January
15 February
12 March

Ground data collected
Petiole Nitrogen
Fruit Attributes/Yield
LAI and Chlorophyll
LAI and Chlorophyll
LAI and Chlorophyll
Fruit Attributes/Yield

Each image was corrected for camera-induced geometric and radiometric distortions,
and rectified to map coordinates using the image processing software ENVI (Research
Systems Inc., Boulder, Colorado, USA). Geometric distortion in the imagery is
produced by imperfections in the lens and appears as barrel or pin-cushion distortion in
the imagery. Radiometric distortions are inherent brightness variations in imagery due
to the combination of camera lens and iris. Radiometric and geometric distortions were
corrected following the procedure outlined by Spackman et al. (2000). Due to inherent
misalignment of the four cameras relative to each other, band-to-band registration was
completed using the computing package, IDL (version 5.5, Research Systems Inc.,
Boulder, Colorado).
During image acquisition, the level of reflectance for each band was recorded by the
remote sensing system as digital numbers (DNs); integers from 0 (darkest) to 255
(brightest).

The number recorded for a particular location and band is primarily

dependent upon the physical properties of the surface at the location that the pixel
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represents, but is also affected by factors such as atmospheric particles, small
differences in sun azimuth and subtle changes made to the remote sensing system.
Digital numbers are therefore not temporally consistent representations of actual
reflectance. An empirical line calibration was used to force the DNs of each image to
match known reflectance spectra and thus produce reflectance data. The model takes
the form:
reflectance = gain × DN + offset

(4.1)

Three targets (including a very dark and a very bright target) of known spectral response
were placed on the ground during imaging and included in the image scene. Digital
numbers of pixels at the location of the centre of the targets were identified from the
digital imagery. A linear model was derived from the DNs of the targets and their
corresponding reflectance spectra. Using the calculated gain and offset parameters, the
DN image data was calibrated to reflectance data.
Graphical representations of the images are presented in Figure 4-8. In a true colour
image, corresponding colours on an RGB monitor or a printed hardcopy represent the
red, green and blue bands. Although the computer alters each band to give the greatest
level of contrast available on the monitor, and only a narrow region of the spectrum is
used to make up the image, this type of representation is closest to what would be
viewed directly by the human eye in place of the remote sensing device. The rows of
the vines are clearly distinguishable from the lighter area that surrounds them and their
associated shadows (represented by the darkest pixels in the image). However, it is
difficult to discern much difference between vine size, vine health or vegetative density
from such an image.
As discussed previously in Section 3.2, the level of NIR reflectance in much more
sensitive to changes in vegetative health than the visible bands.

Therefore, more

information on vegetation differences can be assessed from an image that includes the
NIR band. The proportion of radiation in the NIR region of the spectrum that is
reflected by vegetation is very much greater than any other part of the spectrum (see
Figure 3-1). Therefore, reflectance from the NIR region of the spectrum provides a
much greater level of detail for the analysis of vegetation. False colour images (so
called because the colours displayed in the image do not match the colour of the band)
that include a near infrared band are, therefore, often used for qualitative vegetative
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Red

True Colour Image

Green

Blue

NIR
N
Red

Green
False Colour Image
Figure 4-8 True colour and false colour images of the trial site.
Note that the false colour image is a made up of the NIR, Red
and Green bands, represented by Red, Green and Blue,
respectively.
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analyses. The false colour image in Figure 4-8 contains bands of the spectrum that do
not correspond to their colour as represented on paper. In a false colour image the NIR
part of the spectrum is represented by red, the red band is represented by green and the
green band is represented by blue. The bands have again been altered to give a high
level of contrast.

The vegetation of the vines appears as magenta in colour, the

combination of red and blue, which are the NIR and green bands of the spectrum.
The red and NIR bands were converted to a single vegetation index, the normalised
difference vegetative index (NDVI) described earlier (equation 3.1). An NDVI image
of the study block at maturity in Year 1 is illustrated twice in Figure 4-9. The greyscale projection of the NDVI image clearly shows the vines (white) distinct from the
inter-row space (black). Since a ratio is being used, the shadows evident in Figure 4-8
are largely eliminated from an NDVI image. The relative difference of the reflectance
values determine NDVI values. The overall reflectance from a point in a scene may
vary, but the relative differences will remain unchanged. However, it remains difficult
to assess differences in vegetation density between different areas of the block based on
this grey scale image. The pseudo-colour version of the map, however, allows for a
better assessment of the vineyard. Furthermore, it has been processed to show pixels
that have an NDVI value above 0.5. This eliminates most of the pixels in the inter-row
space and many of the pixels at the edges of the rows where light is reflected from both
vine foliage and from the ground, providing a better indication of vine size. In addition,
such an image allows for easy differentiation of density within the rows through the use
of a coloured scale. Although there are many other vegetation indices that can be used
to assess vegetation in multispectral images (e.g. Honey, 2000; Broge and Leblanc,
2000), the NDVI is used as the base index in this study because it is commonly used
and has good statistical properties.
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Greyscale Red Band

Greyscale NIR Band

(a)

(b)
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NDVI
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N

Figure 4-9 (a) Components of NDVI. (b) Greyscale NDVI image of study block. All
pixels over 0 are included. (c) Pseudo colour NDVI image of study block. Only pixels
over 0.5 are included.
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5 Processing Vineyard Imagery - Vinecrawler
This chapter presents a description of the image processing techniques employed to
produce vine canopy descriptors. Three algorithms were developed using the software
package S-plus (S-plus version 5.1 for Unix and S-plus version 6 for Windows,
Insightful Corporation, Seattle, Washington). Specifically, the algorithms locate and
describe individual vine canopy characteristics from NDVI images of vineyards. The
core algorithm, Vinecrawler, extracts spatially referenced NDVI values for discrete
sections (about one pixel long) of vine rows. A second algorithm, Informer, processes
the output of Vinecrawler to produce sets of descriptors that characterise the canopy of
each discrete section of vine row.

Finally, a third algorithm, Sampler, calculates

spatially references canopy descriptors for whole vines. A summary of the data inputs
and outputs of the three algorithms is presented in Figure 5-1.

5.1 Vineyard Image Processing
5.1.1

Characteristics of an NDVI Image and Image Thresholding

Following conversion of the images from digital numbers to reflectance values,
correcting for vignetting and band-to-band geometric anomalies and subsequent
georectification, an NDVI raster image (e.g. Figure 5-2) was calculated using equation
3.1. An NDVI image of the vineyard block comprises of pixels corresponding to vines
and space in between the vine rows (inter-row space). Depending on the composition of
the image, other pixels may comprise additional features such as outbuildings, roads
and tracks, and trees. White pixels in this image include those corresponding to vines
and other healthy vegetation, for example the trees in the top right corner.
Photosynthetically inert structures such as roads, bare soil and fences appear dark in
colour (low NDVI).
predominantly bare soil.

The inter-row spacing generally appears dark since it is
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ASCII file of vineyard
NDVI image –

image coordinates
(x, y), NDVI

VINCRAWLER

Table containing data for each one-pixel
length slice of each vine row -

Vineyard Row, Image Coordinates
(x, y), NDVI set

INFORMER

Table containing data for each one-pixel
length slice of each vine row -

Vineyard Row, Map Coordinates
(X, Y), Canopy Descriptors

SAMPLER

Table containing data for all (or a selection
of) whole vines in the original image -

Vineyard Coordinates (Row, Vine),
Whole Vine Canopy Descriptors

Figure 5-1 Flow chart summarising data inputs and outputs of the three vineyard
imagery processing algorithms.
Figure 5-3(a) contains an NDVI image of the study site scene cropped so that only the
region of the image containing the vines remains. The accompanying histogram was
smoothed using a moving 51-point average, resulting in each point of the histogram
representing approximately an NDVI interval of 0.1. The histogram (Figure 5-3(b))
exhibits a bimodal distribution of NDVI values, with two peaks, indicated by the two
outside dashed lines at 0.19 and 0.84 on the x-axis, and a trough, indicated by the centre
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Figure 5-2 Grey-scale NDVI image calculated from a multispectral image of the study
site (total area is approximately 2 ha). White pixels represent the highest NDVI values,
corresponding to vigorous vegetative surfaces such as vines and trees, and black pixels
represent the lowest NDVI values.
dashed line at 0.36 on the x-axis. The two peaks indicate that there are two dominant
categories of land cover in the image, one with an average NDVI value of 0.19 and the
other with an average NDVI value of 0.84. Low NDVI values indicate relatively low
vegetation density typical of inter-row space, whereas high NDVI values indicate
relatively high vegetation density typical of vines. Pixels at the fringes between vine
rows and inter-row space contain sunlight reflected from both the vines and the ground.
A third category of “mixed” pixels can be attributed to these mid-value NDVI values,
located in the histogram near the trough.
Using the histogram, image pixels were grouped into one of three categories – non-vine,
vine and mixed. The mid-point on the x-axis of Figure 5-3(b) between the left peak and
the trough (0.28) was used to separate non-vine pixels from mixed pixels. The midpoint on the x-axis between the trough and the right peak (0.60) was used to separate
mixed-pixels from pure vine pixels. The binary images accompanying the histogram of
Figure 5-3(b) illustrate the location of the image pixels in each category. Outlines of
the vine rows are depicted by the mixed pixels, showing that their locations are close to
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0.0

NDVI

1.0

(a)

frequency, pixels × 1000

0.84

0.28
0.19

0.60

0.36

NDVI
non-vine

mixed

vine

(b)
Figure 5-3 (a) Grey-scale NDVI image of study site at veraison, Year 1. (b) Histogram
of NDVI values in (a) and accompanying binary images of each pixel class. In
histogram, dashed lines indicate peaks and trough, solid lines indicate pixel class
separation. Black pixels are those included in each respective class.
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the outsides of the vine rows. Non-vine pixels are located between the vine rows, but
are often not contiguous, thereby not fully separating the rows. Vine only pixels, on the
other hand, are clearly and contiguously located in the vine rows.
For the image presented in Figure 5-2, the NDVI threshold used to separate vine pixels
from the mixed and non-vine pixels was 0.60. To complete the thresholding process,
any pixel with an NDVI value less than 0.60 was set to zero. The resultant thresholded
image is depicted in Figure 5-4. The dark grey pixels represent those with the lowest
vegetative PAB (lowest NDVI) and white pixels represent the highest levels of PAB
(highest NDVI). Since all pixels below the threshold NDVI value have been removed,
it can be seen that the vines in this particular vineyard block are clearly distinguishable
from the inter-row space. Furthermore, different levels of vine vigour can be observed
in the vineyard as differences in the size of the vine canopies (Figure 5-4). All images
acquired in this work were similarly thresholded to remove all pixels in the non-vine
and mixed categories.
5.1.2

Data Extraction - the "Vinecrawler" Algorithm

Following the process of image thresholding, extraction of canopy descriptors was
completed. Figure 5-5 illustrates the geometry involved in the data extraction process.
The location of image pixels is specified according to their integer coordinates (x, y),
where the origin is located at the top left corner. As it progresses along the vine rows,
the algorithm transforms image coordinates into a vine-based coordinate system (u, v),
where u is the direction along the centre of the vine row given by
u = x cos θ – y sin θ

(5.1)

and v specifies the axis normal to the direction of the vine row.
v = x sin θ + y cos θ

(5.2)

In equations 5.1 and 5.2, θ is the mean angle of deviation of the row direction from the
horizontal direction within the image. While the pixel coordinates in the image-based
coordinate system are integers, the vine-based coordinate system utilises real numbers
to reflect the additional accuracy required when working with interpolated pixel
locations. Note that the vine-based coordinate system is left-handed, preserving a
simple rotational transformation relationship with the image based coordinate system.
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lowest

NDVI

10
5 metres
0

Approximate
Scale

Figure 5-4 Grey-scale thresholded NDVI image of the vineyard block All pixels with
NDVI values below a threshold are set to zero and are therefore black in the image.
A flow chart of the Vinecrawler algorithm is presented in Figure 5-6, and an example
S-plus Vinecrawler program is presented in Appendix 10.2. Referring to Figure 5-6, the
logic of the algorithm in processing a vineyard image can be summarised in eight
steps –
1. Locate the starting point of the first or next vine row.
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x
upper edge pixel
lower edge pixel
other included pixel
centre pixel

u

y

θ
horizontal direction within the image (x)

v

Figure 5-5 Graphical representation of pixels and basic geometry used in data extraction
algorithm.

2. Search both up and down in the v direction for the upper and lower edge
pixels of the vine row according to the location of the nominated NDVI
threshold value.
Since the image has already been thresholded, a pixel with a value of zero
indicates a pixel beyond the edge of the vine row. Occasionally, vine growth can
envelop the inter-row space at sections along certain rows and there would be no
pixel with a zero value at the edge of the row. Without intervention, the algorithm
would continue across into adjacent rows until the next pixel with a zero value is
found. However, the search is restricted to a distance of half the vine row spacing
(generally known by vineyard managers to within an accuracy of 0.1 m). Once
this distance is reached, the pixel at this position is considered the end pixel.
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Start

1. Locate initial starting
point in first or next vine
row
returns: usp, vsp
2. Execute sub-process:
“Get Edge Coords”
input: usp , vsp
returns: vupper , vlower
3. Get NDVI values (n)
along vine transect
input: usp, vupper , vlower
returns: n
4. Locate weighted
midpoint in vine row
input: usp, vupper , vlower, n
returns: ump, vmp

5. Extract NDVI values
along vine transect and
location
output: ump, vmp, n
6(i). Move one pixel
along mean row
direction from midpoint
u ← ump + 1; v ← vmp
6(ii). Execute sub-process:
“Find Start Point”
input: u, v
returns: usp, vsp (if found)

6(iii). Was a start
point found ?

YES

NO
NO

7. Has the edge
of the image been
reached?
YES
Vine row
complete

Figure 5-6 Flow chart depicting the
logic steps used by the Vinecrawler
algorithm.
The main steps are
shown on this page. The two subprocesses (Steps 2 and 6(ii)) are
shown on the next page.

Start subprocess
“Find Start
Point”

Start subprocess
“Get Edge
Coords”
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vtemp ← v
v ← vsp

v←v+1
v←v+1

NO
NO

Does NDVI
at (usp, v) = 0
?

NO

Is ⏐v-vsp⏐ >
0.5 row
separation ?

Does NDVI
at (u, v) = 0
?

YES

NO
YES

Is ⏐v-vcp⏐ >
0.4 row
separation ?

YES

usp ← u
vsp ← v

YES

vupper ← v - 1

Output –
(usp, vsp)

v ← vsp

v ← vtemp
End subprocess
v←v-1
v←v-1

NO
NO
Does NDVI
at (usp, v) = 0
?
YES

NO

Is ⏐v-vsp⏐ >
0.5 row
separation ?

Is ⏐v-vcp⏐ >
0.4 row
separation ?

Does NDVI
at (u, v) = 0
?

YES
YES

vlower ← v + 1

Output – NULL
(start point not found)
Output –
(vlower, vupper)

End subprocess

YES

End subprocess

Figure 5-6 (Continued)

NO
usp ← u
vsp ← v

Output –
(usp, vsp)

End subprocess
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3. Obtain the individual NDVI values along the vector specified in the v
direction between the upper and lower edge pixels. This characterises the
vegetation cross-section of the vine at this location in the row, u.
4. Locate the mid-point of the vector of NDVI values that represent this crosssectional segment of the vine row. This location is the geometric centre of the
vine cross-section.
The mid-point of a vector is located not simply as midway between the upper and
lower edge pixels, but as “the weighted centre” of the vector. This is designed to
accommodate for the fact that the vines may be asymmetrical; a situation
encountered regularly, since canopy growth will often favour the northern side of
a vine. The weighting of each pixel is its NDVI value. For example, an extracted
vector may be represented by a vector of NDVI values of (0.84, 0.94, 0.54, 0.62,
0.56). The equivalent cumulative vector is (0.84, 1.78, 2.32, 2.94, 3.50), the
midpoint of which is calculated as half the sum of the vector, i.e. 3.50 / 2 = 1.75.
This value is less than the second value of the cumulative vector (1.78); therefore,
the centre pixel is the second in the vector. This provides the coordinates (ump,
vmp) as used in the flow charts.
More precisely, the distance (dmp) from the upper edge to the mid-point of the
vector is calculated by linear interpolation along the line transecting the vine row,
i.e. (0.94 + (1.78 - 1.75)) / 0.94 + 1 ≈ 1.97 pixels along the transect. With the
distance to the centre of the vector known, the coordinates of the central point in
the row segment (xmp, ymp) are calculated using the coordinates of the upper edge
pixel (xupper, yupper) and the mean angle of the row direction to the horizontal
direction of the image (θ), i.e.
xmp = xupper + dmp sin θ

(5.3)

ymp = yupper + dmp cos θ

(5.4)

5. Output the pixel coordinates of the mid-point (xmp, ymp) and the NDVI vector
to a file. The coordinates will be the location of the descriptors calculated for
this particular point in the vines.
6. Move along one pixel width from the mid-point in the direction of the mean
row direction (u direction).

54
In practice, xmp is increased by cos θ, and ymp is increased by sin θ. On occasion,
the pixel located at this position has been thresholded to zero, due to missing or
dead vines. If this occurs the algorithm executes a sub-process to search for the
next pixel in the row that is not zero. A search is made in the v direction, both up
and down, a distance of 40% of the row spacing. If no pixel above zero is found,
the search will move on one pixel width in the u direction and search in the v
direction similarly again. This is repeated until a pixel that does not have an
NDVI value of zero is found.
7. Repeat steps 2 to 6 until the end of the image is reached.
8. Repeat process until all rows in the block have been mapped.
The outcome of executing the Vinecrawler algorithm is a table containing one row of
data for every vector of NDVI values extracted from all cross-sections of every vine
row in the image. Each row of data contains an identifier of the vine row from which
the vector originated (row, col), pixel coordinates of the centre of the transect (image
coordinates: x, y), and a vector of ordered NDVI values (NDVI column) corresponding
to those pixels exceeding the threshold NDVI value for the particular cross-section. An
example of such an output is shown in Table 5-1. The vine row identification number is
simply an integer that is 1 for the first row and which increases by one for every new
row encountered in the image. The NDVI vector and pixel coordinates (xmp, ymp) are
formed as described by steps 3 and 4 of the algorithm.
5.1.3

Quantification of Vine Characteristics

Each individual extracted NDVI value for a particular pixel is represented by p, the
simplest descriptor of the vine canopy.

An NDVI column, i.e. the NDVI values

extracted for a cross-section of the vine row, is represented by p. Variables were
calculated to describe various qualities of the NDVI columns and hence describe
various qualities of the vine canopy by a second algorithm, Informer (see Appendix
10.3 for an example S-plus program). The input file for Informer is the output from
Vinecrawler. The output from Informer contains vine coordinates and a set of variables
that describe qualities of every NDVI column. Table 5-2 describes each of the six
variables, henceforth known as canopy descriptors.
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Table 5-1 A section of the table produced by Vinecrawler.
row col
5
5
5
5
5
5
5
5
5
5

1
2
3
4
5
6
7
8
9
10

image
coordinates
x
y
250.99 205.72
250.07 206.80
250.15 207.79
251.22 208.71
251.30 209.71
251.38 210.70
251.46 211.70
251.54 212.70
251.62 213.70
251.69 214.69

1
0.73
0.76
0.77
0.78
0.79
0.82
0.84
0.73
0.77
0.80

2
0.82
0.81
0.82
0.83
0.84
0.84
0.86
0.87
0.88
0.88

NDVI column
3
4
5
0.88 0.85
0.87 0.84 0.88
0.84 0.83 0.82
0.87 0.84 0.83
0.87 0.84 0.82
0.90 0.82 0.91
0.85 0.78 0.88
0.85 0.83 0.74
0.86 0.84 0.70
0.86 0.89 0.72

6

7

0.73 0.77
0.72 0.84
0.72

0.75
0.83
0.83

Table 5-2 Canopy descriptors calculated for a single column cross-sectional slice using
Informer, with a worked example for the column, p = [0.67, 0.74, 0.71, 0.79, 0.88, 0.87,
0.70, 0.70].
Name

Interpretation

Calculation

Size (n)

size of sample vine
canopy

number of crosssectional pixels above
the threshold NDVI
mean of all crossp = 0.758
sectional NDVI values
n
sum of all crossf
=
∑ ph = 6.06
sectional NDVI values

MeanNDVI mean foliage
density
(p)
Sum (f)
total foliage

Nomenclature and
Example
n=8

h =1

Hi2 (h)

greatest foliage
density

Secderiv (c) foliage density at
the outside of the
canopy relative the
density at the
centre (curviture)
2
Var (s )
foliage variability

the mean of the
highest two NDVI
values in the crosssectional set
second derivative of
the quadratic model
that best describes an
equidistant plot of the
NDVI set
variance of NDVI
values

h = (0.88+0.87)/2 =
0.875
p = -0.0123v2 + 0.1173v
+ 0.5425,
c = d2p /dv2
= -0.0246
n

s2 =

n

n ∑ p h − (∑ p h ) 2
h =1

2

h =1

n(n − 1)
= 0.00651

5.2 Mapping Extracted Vine Descriptors
The data extraction process completed by Informer results in vine canopy descriptors
that characterise a narrow pixel-wide slice of the vine row, reducing a two dimensional
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region of an image to a one dimensional vine row descriptor set. Individual canopy
descriptors of each vine slice are spatially associated with the pixel coordinates at the
weighted centre of the slice. Using the pixel coordinates, a record of the distance from
the start of the row to the point in the row associated with each group of canopy
descriptors was calculated. To obtain an accurate measurement in metres for this
distance, the pixel coordinates (x, y) were transformed into UTM (datum: WGS-84) map
coordinates (X, Y) using a first-order polynomial transformation in IDL, where
X = ∑ ai, j x i y j

(5.6)

Y = ∑ bi , j x i y j

(5.7)

i, j

i, j

The coefficients of the polynomial functions (ai,j and bi,j) were calculated by regression
using 16 ground control points (readily identifiable features, with known coordinates, in
images) for spatial reference. These GCPs comprised the ends of selected vine rows.
The exact location of ground control points were measured using a 4000SSE Geodetic
Surveyor differential global positioning system (dGPS) (Trimble Navigation Limited,
Sunnyvale, California, USA), which had a measurement accuracy of less than ± 5 cm.
To illustrate the end product, Figure 5-7 shows how total biomass (sum of NDVI values
(Sum) from a cross-section of pixels) changes with distance along row 18 at maturity.
A nine-point moving average is used for this data, which is derived from 20 cm
resolution imagery, resulting in each point on the moving average comprising one vine
length (1.8 m).

This particular number of points in the moving average therefore

effectively removes differences in vegetation density along the cordon due to the vine
spacing.
As is common in viticultural practice, individual vine location is referenced with (row,
vine) coordinates. By transforming the UTM coordinates (as would be associated with
vine descriptors extracted from imagery) to (row, vine) coordinates provides an intuitive
mapping and location system. Figure 5-8 illustrates a basic vineyard coordinate system.
The row number is the number of rows in from the edge of the block and the vine
number is the number of vines along the row from one end of the block to the vine. For
this project, the distance along a row to a vine was measured in the vineyard. In Figure
5-8, the distance to (row 18, vine 5) and the distance to (row 17, vine 2) are highlighted.
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Figure 5-7 A plot of the biomass row set. This shows how total biomass (sum of NDVI
values for a column) changes with distance along row 18 at maturity.
It should be noted that the sample area from which biophysical data is taken is the space
between the trunk of the vine and the trunk of the next vine along the row. Using these
distance measurements, coordinates of (row, distance along a row) are formed.
A point along a row in an image is found using this same coordinate system. The
location of a vine in the image is calculated using the distance in the u direction, as
measured in the vineyard. In effect, the only coordinates that are required from the field
to interpret the data are (row, distance along the row).

As a result, rather than

accurately surveying each individual sample location, only a few GPS locations are
required to initially georectify the image.

5.3 Calculating Whole Vine Descriptors from Extracted Data
As the final step in the process, vegetative characteristics of whole vines within
the image coincident with the single sample vines on the ground were calculated as the
mean of several concurrent columns from a particular location in the vineyard. With
25 cm image resolution and vine spacing of 1.8 m, a vine can be represented by 7 (or,
occasionally, 8) columns. The mean NDVI value of a column in a specific vine was
represented by p i , j , k , i.e. the mean NDVI value of column k of vine j within vineyard

y
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Figure 5-8 Close-up view of a section of the vineyard illustrating the (vine, row)
coordinate system and the measurements used to map extracted image data.
row i. Other canopy descriptors derived from single columns (as described in Table
5-2) in specific locations were similarly described, e.g. ni,j,k for the number of pixels in
column k of vine j in vineyard row i. To derive a canopy descriptor that describes a
whole vine, the mean of the canopy descriptors of the columns that make up a vine was
calculated. The different descriptors for whole vines are represented by the same letter
as for single columns, but capitalised. For example, Ni,j (for a whole vine) can be
calculated as
Mi, j

N i, j =

∑n
k =1

i , j ,k

M i, j

,

(5.8)

where Mi,j is the number of columns in vine (i, j). The resultant variable (Ni,j) provides a
quantitative descriptor of vine size that can be used in statistical analyses to assess
relationships between image data and biophysical data collected from whole vines in the
vineyard. An algorithm named “Sampler” was subsequently developed to produce such
data for any group of vines specified (see Appendix 10.4 for an example S-plus
program). Input to the algorithm comprises the output files from Informer and a file
specifying coordinates of the sample vines.

For each sample site, the algorithm

calculates two distances along the specified row by taking the product of the vine
coordinate and the distance of the mean vine spacing. Two vine specification input files
were used, each listing vine identification codes and (i, j) coordinates: the first specified
the location of the sample vines only whilst the second specified a list of the location of
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all vines in the block in order to enable a complete map of all vines in the vineyard.
Vine canopy descriptors were calculated from the Informer output files for each column
that was located between the two calculated distances in that row. Using each row
descriptor set, the algorithm proceeded to calculate mean values for every vine listed in
the vine specification input file.
The Si,j canopy descriptor is potentially valuable in terms of describing overall vine
biomass. Si,j can be calculated as the product of Ni,j and Pi , j , i.e.

S i , j = N i , j Pi , j

(5.9)

However, because in absolute terms, values for Pi , j are mostly within a small range (for
example between 0.67 and 0.95) and the number of pixels (Ni,j) varies much more (for
example between 1 and 10), Si,j is influenced more by Ni,j than by Pi , j . Normalisation
of the sets of Ni,j and Pi , j prior to calculating Si,j gives both canopy descriptors the same
range and mean, and therefore provides a statistic equally influenced by both vine size
and vegetative density. To produce normalised sets of N and P ( Nˆ and P̂ ), the
following equations were applied to each item of each set:
Nˆ i , j = ( N i , j − N min ) /( N max − N min )

(5.10)

Pˆi , j = ( Pi , j − Pmin ) /( Pmax − Pmin )

(5.11)

A set of “sum” canopy descriptors that more accurately reflect the combination of both
canopy size and canopy density were then calculated as the product of Nˆ i , j and Pˆi , j , i.e.
S i , j = Nˆ i , j ⋅ Pˆi , j

(5.12)

The canopy descriptors in the set S, as described by equation 5.12, are referred to as
Nsum and indicate overall foliage levels for individual vines.

5.4 Interdependency of Remotely Sensed Canopy Descriptors
Maps produced by linear interpolation of the Vinecrawler canopy descriptors (Table
5-2) extracted from imagery acquired at maturity during Year 1 are presented in Figure
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5-9 and Figure 5-10. While each descriptor exhibits a different pattern of spatial
variability over the vineyard block, a degree of spatial correlation between the different
remotely sensed canopy descriptors is apparent. The descriptors Hi2, MeanNDVI, Size
and Nsum tend to have their largest magnitude values to the south and east of the block.
The highest magnitude values of Var and Secderiv, on the other hand, tend to be
concentrated to the northern and western sides of the block, indicating a negative
correlation with Hi2, MeanNDVI, Size and Nsum.
The ability of Nsum to produce easily identifiable differences in vegetative PAB over
the vineyard block (Figure 5-9(iii)) is observed when this map is directly compared with
pseudo colour or NDVI maps shown in Figure 4-8 and Figure 4-9. The north-western
corner of the block has obviously less foliage, and the southern most and eastern region
of the block have higher levels of vegetative PAB. These differences are not nearly as
evident in pseudo colour or NDVI maps (Figure 4-8 and Figure 4-9).
The six maps in Figure 5-9 and Figure 5-10 show that the canopy descriptors derived
from the remotely sensed imagery have some very strong relationships with each other.
For example, the models fitted to describe the relationships between Hi2 and
MeanNDVI have r2 values of 0.682, 0.213 and 0.510 at flowering, veraison and
maturity, respectively. If the overall mean of the NDVI values of the pixels that make
up the vines are high then it is more likely that the highest two values within the same
set of pixels will also be high. Similarly strong relationships exist between MeanNDVI
and Nsum, which have r2 values of 0.849, 0.798 and 0.905 at flowering, veraison and
maturity, respectively.

As well as Nsum having a very close relationship with

MeanNDVI, it has a very close relationship with Size, because Nsum is a product of
normalised MeanNDVI and Size descriptors.
Relationships between other descriptors may only exist as a consequence of their
similar properties. This is the case with Var and Secderiv, maps of which reveal spatial
correlations with the other vine descriptors. These relationships can at least be partly
attributed to the descriptors being dependent upon the qualities of the numbers
representing vine size and foliage density descriptors.

For example, Secderiv is

correlated to Size at flowering and veraison (r2 = 0.555 and 0.559, respectively). There
is not necessarily a strict correlation between the interpreted qualities of these
descriptors, i.e. foliage density curvature (as represented by Secderiv) may not be
related to vine size (as represented by Size). However, mathematically, Secderiv is
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Figure 5-9 Ranked vegetation descriptors shown as histograms and interpolated maps for Maturity, Year 1 (MeanNDVI, Size and Nsum).
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Figure 5-10 Ranked vegetation descriptors shown as histograms and interpolated maps for Maturity, Year 1 (Hi2, Var and Secderiv).
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influenced by the size of the set, Size. The number of pixels that make up the crosssection (the Size descriptor), and therefore used to calculate the other descriptors, has a
large influence on the result of the calculation. It is unlikely that a meaningful result for
Secderiv will be calculated from a set with less than eight pixels, because fitting a curve
to such a small number of data points does not produce a reliable result. Figure 5-11
illustrates the differences in distribution between the values calculated for Secderiv for
data where Size is less than eight (set 1) and for data where Size is greater than or equal
to eight (set 2). Set 1 has a much wider distribution of values than set 2, suggesting that
vine size has a large influence on the error size for Secderiv. It is reasonable to assume,
therefore, that if there is a relationship between Secderiv and any biophysical variable, it
will only be present for larger vines. This does not necessarily mean that there is not a
relationship between actual vine shape and biophysical variables for small vines. If, for
example, a similar descriptor could be calculated that characterises canopy density
curvature accurately regardless of vine size, strong correlations may well result.
Var is also influenced by vine size, because the number of items in a set influences the
variability of that set. Figure 5-12 uses box plots to describe the distribution of the sets
of Var descriptors calculated for each vine size. Figure 5-12 reveals two trends that
suggest vine size influences Var. From a vine size of 2 to 8 the variability of Var
decreases with increasing vine size. Then, although the variability of Var no longer
increases, the mean value of Var gradually increases with increasing Size.
Despite the strong relationships (large r2) that are shown to exist between four of the six
canopy descriptors derived from the remotely sensed data that are used in this analysis,
each still has sufficiently different qualities to justify individual examination of their
relationships to the biophysical variables. There are enough variations and differences
in relationship strength between phenological stages to suggest that each canopy
descriptor has unique properties that may or may not indicate particular physiological
characteristics of the vines.

5.5 Spatio-Temporal Changes in Vineyard Canopy Descriptors
Because of changes to foliage throughout the season, imaging conducted at different
phenological stages produced canopy descriptor datasets with different characteristics.
Vines generally exhibit significant foliage growth during the period between budburst
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and flowering, but foliage growth decreases rapidly after flowering (Jackson, 2000).
A similar change in growth rates was reflected in the study site. Figure 5-13 shows how
the vegetation (in terms of Size) changed over time during Year 1. From flowering to
veraison, a significant increase of the mean Size descriptor indicated a considerable
increase in canopy foliage.
In addition to the changes shown to occur over time in canopy size (Figure 5-13), Table
5-3 presents some key canopy descriptors at flowering, veraison and maturity. The
small decrease in the average NDVI of pixels above 0.6 between veraison and maturity
reflected the ageing of the leaves and a consequent decrease in photosynthetic activity.
The effect of this ageing did not affect the average MeanNDVI as much as might be
expected, because the level of reduction in the value of the average MeanNDVI was
decreased by including more pixels that had values above the threshold NDVI (50.8% at
veraison compared to 54.4% at maturity).
In addition to leaf ageing, there was a reduction in mean Size between veraison and
maturity. During Year 1, excessive foliage development necessitated summer pruning
to improve microclimatic conditions at the fruit zone of the vines. By maturity the
mean Nsum for the block was reduced to 0.311. The mean Size at maturity reflects this
change, being 8.00 whereas earlier at veraison the average Size was 10.5.
Although some assessment of spatial changes in relative PAB can be made from
examining Figure 5-13, spatial differences within each map are unclear. The same scale
has been used for each map, offering good comparisons between stages of vine
development, but the single colour scale for all three maps makes it difficult to evaluate
spatial differences within the block at any single time. Figure 5-14 illustrates a map of
the ranked score of Size.

This effectively “stretches” each data-set to provide a

maximum range and equal area of colours in each map and provides maps that allow
easy assessment of spatial differences within the blocks. Therefore, spatial changes in
relative canopy size are much clearer in Figure 5-14 than they are in Figure 5-13. The
shift to larger canopy sizes to the south and east over time is much more apparent in
Figure 5-14. The regions of larger and smaller canopy sizes in Figure 5-14(iii) spatially
correlate to the soil depth interpreted from the EM survey map (Figure 4-4), supporting
the arlier hypothesis of a relationship between soil depth and foliage development
(Section 4.1).
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Figure 5-13 Size for Year 1 shown as interpolated maps. Maps are illustrated with the same colour scale. Therefore, changes in the level of vegetation
over the season can be observed.
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Table 5-3 Comparison of canopy description averaged over the entire block at different
phenological stages. (Data is for Year 1.)
Average Nsum over entire block
Average Size over entire block
Average MeanNDVI over entire block
Average NDVI of Pixels where
NDVI > 0.6 over entire block
Percentage of Pixels where NDVI > 0.6
over entire block

Flowering
0.440
6.31
0.828
0.800

Veraison
0.559
10.5
0.795
0.800

Maturity
0.311
8.00
0.780
0.750

40.9

50.8

54.4
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Figure 5-14 Vine Size for Year 1 shown as interpolated maps. Maps are illustrated with a ranked scale, i.e. each pixel is ranked from highest to lowest Size value.
Therefore, each colour has an equal area of the map assigned to it, providing a good comparison of within block variability at each stage of the season.
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6 Assessing the Ability of Image Derived Canopy Descriptors to
Estimate Vine and Fruit Attributes

6.1 Relationships Between On-ground Variables Describing Grape
Composition and Remotely Sensed Canopy Descriptors
Non-linear least squares regression was performed to assess the nature and strength of
relationships between canopy descriptors extracted from the imagery at different
phenological stages and various data measured on the ground. There are two categories
of relationship:
1. Indirect relationships between remotely sensed data describing vine foliage and onground measures of fruit composition and yield (both years).
2. Direct relationships between remotely sensed data describing vine foliage and onground measures of vine foliage and growth, specifically pruning weights and vine
nitrogen status (Year 1), and LAI and chlorophyll (Year 2).
Following the earlier discussion of the non-linearity between NDVI and LAI or biomass
(Barrett and Curtis, 1999; Section 3.3), a number of models were used in the regression
analysis. A linear model, a logarithmic model, an exponential model and a second order
polynomial model were fitted to each pairing of remotely sensed canopy descriptors and
biophysical variables. The models can be represented, respectively, by y=a.x+b

(6.1)

y = a . ln x + b

(6.2)

y = a . ex + b

(6.3)

y = a . x2 + b . x + c

(6.4)
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where y is the remotely sensed data set corresponding to the biophysical variable data
set (x); and a, b and c are the fitted model parameters. Since there were a different
number of model parameters in equation 6.4, i.e. a, b and c instead of just a and b, a
simple comparison of r2 between the three models to determine the best fit was not
adequate. Therefore, the Gauss criterion of goodness of fit was used to find the model
that best described each relationship. The Gauss criterion of goodness of fit (Ω) is
described by,
n

Ω=

∑(y
i =1

i

− yi ' ) 2

n−m

(6.5)

where yi are the observed values, yi' are the corresponding fitted values, n is the number
of data pairs and m is the number of parameters in the model. An S-plus function was
developed to determine the best fitting models using the calculated values of Ω
(Appendix 10.5). The model with the lowest value for Ω was considered to be the best
fitting model to describe the relationship between the data pair. The coefficient of
determination (r2) was then inspected for the best fitting model to determine the level of
significance. The relationship was considered significant if p < 0.01.
Pairings of all the remotely-sensed canopy descriptors (Table 5-2) with all the measured
on-ground biophysical data (Table 4-2) were analysed. The relationships are discussed
in terms of the p-values that indicate the goodness of fit of the data to the models that
most accurately describe them.

In the text, immediately following any p-value,

indications of the general trends of the relationships are cited; (+) indicates that the
trend is generally positive (i.e. the correlation coefficient, r, > 0), whereas (-) indicates
that the trend is generally negative (r < 0).
Three of the remotely sensed canopy descriptors (Hi2, MeanNDVI and Size) were
similar in that they each described an aspect of foliage density. Section 5.1 outlines the
methods by which each of the remotely sensed canopy descriptors were calculated. Hi2
comprised the mean of the two highest NDVI values of pixels in the Vinecrawler crosssections. For one whole vine, at the image resolution used for this project, the mean of
the values determined for seven or eight cross-sections were used. As such, Hi2 can be
accurately described as the highest local area PAB intensity. The perceived advantage
of this canopy descriptor was that it was the least likely to include mixed pixels, i.e.
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pixels that include light reflected from the vine as well as light reflected from the
ground, thereby providing an indication of the density of vine vegetation only.
MeanNDVI was similar to Hi2 in that it also described foliage density. MeanNDVI was
calculated in a different way to Hi2, i.e. MeanNDVI included all of the pixels above the
threshold NDVI value, whereas Hi2 included only the highest two values for each
cross-section that made up the single vine unit. In contrast to indicating the highest
foliage density (Hi2), MeanNDVI indicated overall vine foliage density. Of all the
remotely sensed canopy descriptors, MeanNDVI had the strongest relationship with Hi2,
with p-values of 7.99E-15, 1.06E-08 (+) and 6.48E-12 (+) at flowering, veraison and
maturity, respectively.
Size was the mean of the width of the canopy (measured in pixels), where the width was
calculated as the number of pixels that were above the threshold NDVI value of each
cross-section of pixels at the location of a vine. The length (in pixels) of each vine
varied between 7 and 8. Because the mean of the cross-sectional size was calculated,
the variability in length had little effect on the set of Size descriptors for each vine.
Instead, the main determinant of Size was the width of the foliage that exhibited
characteristics resulting in NDVI values above the threshold NDVI. Considering that
the threshold NDVI was determined by examining the relative differences between
photosynthetically active biomass levels in an image, Size contained information on
vegetation density, giving it similar properties to MeanNDVI and Hi2. The levels of
vegetation density as represented by NDVI values ranging from about 0 to 1 were
reduced to just two, i.e. vine and non-vine. Therefore, the denser the canopy was at a
particular location, the more pixels there were above the threshold value and the larger
Size was.
Table 6-1, Table 6-2 and Table 6-3 list the on-ground variables with significant
relationships with Hi2, MeanNDVI and Size, respectively. Each of these three canopy
descriptors had similar significant relationships with the same on-ground variables.
There were many significant relationships with berry weight, total phenolics,
anthocyanins, yield, pruning weights, plant nitrogen status, LAI and chlorophyll. There
were no significant relationships with TSS, TA or pH (excepting a low significant
relationship (p = 4.81E-03) between MeanNDVI at maturity and TA). There were slight
variations in the strength of the relationships for the different descriptors and at different
phenological stages. For example, MeanNDVI indicated fruit composition at veraison
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more strongly than at maturity, whereas Size indicated fruit composition at maturity
more strongly than at veraison.
Table 6-1 On-ground variables that had significant (p < 0.01) relationships with Hi2.
On-ground Variable
berry weight
total phenolics
pruning weight
total phenolics
anthocyanins
berry weight
total phenolics
anthocyanins
plant nitrogen status
berry weight
yield
pruning weight

Stage
flowering
flowering
veraison
veraison
veraison
veraison
maturity
maturity
maturity
maturity
maturity
maturity

Model
log
poly
exp
log
exp
linear
exp
linear
poly
log
log
linear

Trend
+
+
+
+
+
+
+

r2
0.379
0.218
0.179
0.167
0.151
0.113
0.314
0.306
0.204
0.164
0.150
0.101

p
8.91E-07
2.06E-04
7.23E-04
1.06E-03
1.78E-03
6.02E-03
8.53E-06
1.12E-05
1.45E-03
1.17E-03
1.83E-03
8.88E-03

LAI
chlorophyll

post-budburst
post-flowering

log
poly

+
-

0.285
0.117

2.27E-05
5.29E-03

Table 6-2 On-ground variables that had significant (p < 0.01) relationships with
MeanNDVI.
On-ground Variable
berry weight
total phenolics
pruning weight
anthocyanins
plant nitrogen status
anthocyanins
total phenolics
pruning weight
yield
berry weight
total phenolics
berry weight
pruning weight
anthocyanins
plant nitrogen status
TA

Stage
flowering
flowering
flowering
flowering
veraison
veraison
veraison
veraison
veraison
veraison
maturity
maturity
maturity
maturity
maturity
maturity

Model
linear
poly
linear
log
poly
exp
poly
log
log
linear
log
poly
exp
log
exp
linear

Trend
+
+
+
+
+
+
+
+
+
+

r2
0.424
0.290
0.130
0.106
0.457
0.342
0.339
0.229
0.159
0.102
0.288
0.270
0.187
0.185
0.174
0.120

p
1.74E-07
1.92E-05
3.48E-03
7.55E-03
1.63E-06
3.27E-06
3.62E-06
1.44E-04
1.37E-03
8.59E-03
2.05E-05
3.74E-05
5.59E-04
5.97E-04
3.07E-03
4.81E-03

LAI
chlorophyll

post-budburst
veraison

log
poly

+
+

0.234
0.122

1.22E-04
4.51E-03
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Table 6-3 On-ground variables that had significant (p < 0.01) relationships with Size.
On-ground Variable
berry weight
total phenolics
plant nitrogen status
total phenolics
pruning weight
anthocyanins
yield
total phenolics
anthocyanins
plant nitrogen status
yield
berry weight
pruning weight

Stage
flowering
flowering
veraison
veraison
veraison
veraison
veraison
maturity
maturity
maturity
maturity
maturity
maturity

Model
poly
poly
poly
poly
log
exp
poly
poly
exp
poly
poly
poly
log

Trend
+
+
+
+
+
+
+
+

r2
0.249
0.166
0.449
0.263
0.231
0.160
0.134
0.440
0.407
0.439
0.253
0.235
0.196

p
7.47E-05
1.10E-03
2.07E-06
4.71E-05
1.35E-04
1.33E-03
3.06E-03
9.59E-08
3.25E-07
2.77E-06
6.55E-05
1.18E-04
4.19E-04

LAI
LAI
LAI

post-budburst
post-flowering
veraison

poly
log
linear

+
+
+

0.544
0.558
0.310

1.54E-09
8.45E-10
9.78E-06

Although Nsum did not have relationships with the biophysical properties of the vines
that were as strong as either MeanNDVI or Size, Nsum took both vine size and foliage
density factors equally into account. Therefore, Nsum was designed to indicate total
foliage volume. Nsum was calculated as the product of two canopy descriptors that
were ranked (i.e. ranked MeanNDVI and ranked Size). For ranked sets of canopy
descriptors, discrepancies between the original value of each canopy descriptor in the
set and its ranked canopy descriptor were introduced, because, once a set was ranked,
the magnitude of the difference between each item in the set was lost. Table 6-4 lists
the on-ground variables that had significant relationships with Nsum. Because of the
loss of magnitude between items in the sets of MeanNDVI and Size, relationships
between Nsum and other canopy descriptors did not yield as high p-values as
MeanNDVI or Size. Because of the poor statistical quality of Nsum, its use as a
predictor of fruit composition or yield is limited. Even as an indicator of overall foliage
volume, Nsum did not perform as well as other canopy descriptors. Size, in particular,
had relationships with LAI and with fruit composition variables and yield that suggested
it was a better indicator of foliage density than Nsum.
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Table 6-4 On-ground variables that had significant (p < 0.01) relationships with Nsum.
On-ground Variable
berry weight
total phenolics
plant nitrogen status
anthocyanins
total phenolics
pruning weight
yield
total phenolics
plant nitrogen status
berry weight
anthocyanins
pruning weight
TA
yield

Stage
flowering
flowering
veraison
veraison
veraison
veraison
veraison
maturity
maturity
maturity
maturity
maturity
maturity
maturity

Model
linear
poly
poly
exp
poly
log
poly
log
linear
poly
linear
linear
log
log

Trend
+
+
+
+
+
+
+
+
+

r2
0.295
0.179
0.482
0.277
0.256
0.217
0.112
0.396
0.312
0.299
0.289
0.235
0.120
0.111

p
1.62E-05
7.23E-04
7.74E-07
2.96E-05
5.94E-05
2.12E-04
6.22E-03
4.85E-07
9.10E-05
1.42E-05
1.98E-05
1.18E-04
4.81E-03
6.42E-03

LAI
LAI
LAI
chlorophyll

post-budburst
post-flowering
veraison
veraison

log
log
linear
poly

+
+
+
+

0.378
0.296
0.210
0.124

9.23E-07
1.57E-05
2.66E-04
4.22E-03

Var was included to describe the level of foliage density variability. It was not strictly
the variance of the set of NDVI values of all the pixels that represented a vine. Rather,
it was the mean of the variances of the NDVI values of the pixels that were in each
cross-section that represented a vine. In contrast to the strong relationships for the other
remotely sensed canopy descriptors, there were no consistent relationships between Var
and other remotely sensed canopy descriptors. In addition, Var only had two significant
relationships (p < 0.01) at post-budburst with LAI and with chlorophyll measured at
veraison. Since Var was not related to the other remotely sensed canopy descriptors, it
may be useful when used in conjunction with other canopy descriptors to refine
forecasts of grape yield or composition using multi-variate regression. Theories of
canopy light interactions with fruit suggest that Var may be able to indicate partially
open canopies where the foliage is dense as indicated by a high MeanNDVI or Size.
Variability of canopy density as indicated by a high Var, would allow higher levels of
light to get through to the fruit than would otherwise be expected in a dense canopy as
indicated by MeanNDVI or Size. However, there is no indication from this data that Var
had an effect on light microclimate within the canopy.
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Table 6-5 On-ground variables that had significant (p < 0.01) relationships with Var.
On-ground Variable
yield

Stage
veraison

Model
poly

Trend
-

r2
0.104

p
8.06E-03

LAI
chlorophyll

post-budburst
veraison

log
exp

+
-

0.234
0.105

1.22E-04
7.80E-03

Secderiv was developed to describe a shape aspect of the vines. A concise definition of
Secderiv is the pattern of foliage density distribution in cross-section of the vine in
terms of density at the centre of the vine in comparison to the density of the outside of
the vine. Table 6-6 suggests that there was no effect on the microclimate of the fruiting
zone by vine foliage that exhibited either high or low Secderiv values. Although,
Secderiv at flowering had a negative relationship with berry weight (p = 1.53E-04 (-)),
since Secderiv at flowering had a strong linear relationship with Size at flowering, this
response can be attributed to vine size as much as it can to Secderiv. As discussed in
Section 5.4, the size of the vine appeared to influence the error introduced into the
calculation of Secderiv (see Figure 5-11). It is reasonable to assume, therefore, that if
there was a relationship between Secderiv and any biophysical variable, it would only
be present for larger vines. At flowering, the vines were smaller in terms of foliage, and
therefore, this was the time at which Secderiv was likely to be influenced by Size the
most.

On balance, the results suggest that there was no influence of the foliage

characteristics described by Secderiv on fruit composition or yield, i.e. the foliage
characteristics described by Secderiv did not appear to affect canopy microclimate.
6.1.1 Remotely Sensed Measures of Canopy Density and Canopy Size Relationships
with Yield
One of the valuable relationships to establish is that between the canopy descriptors and
yield. The canopy descriptor with the strongest relationships with yield was Size.
These relationships were best described by logarithmic or polynomial models.
Generally, yield increased with increasing vine size with a fall in the rate of increase of
yield with increasing vine size. The strongest relationship was between Size at maturity
and yield (p = 6.55E-05), illustrated in Figure 6-1. The level of shading that can be
ascertained from the other canopy descriptors collected in the same season (as discussed
in Section 2.3) did not have a recognisable impact on the yields. The results suggest that
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Table 6-6 On-ground variables that had significant (p < 0.01) relationships with
Secderiv.
On-ground Variable
berry weight
total phenolics
LAI veraison
LAI post-flowering
chlorophyll veraison
chlorophyll postbudburst
plant nitrogen status
total phenolics
yield
pruning weight
anthocyanins
total phenolics

Stage
flowering
flowering
veraison
veraison
veraison
veraison

Model
poly
poly
linear
linear
log
poly

Trend
+
+
+
+
+

r2
0.227
0.201
0.189
0.146
0.138
0.115

p
1.53E-04
3.56E-04
5.25E-04
2.09E-03
2.70E-03
7.87E-03

veraison
veraison
veraison
veraison
veraison
maturity

poly
poly
poly
log
poly
poly

+
+
+
+

0.430
0.249
0.239
0.190
0.170
0.102

3.59E-06
7.47E-05
1.04E-04
5.08E-04
9.66E-04
8.59E-03

LAI
LAI

post-flowering
post-budburst

log
poly

+
-

0.505
0.276

7.68E-09
3.06E-05

the differences observed in vine size had a greater impact on productivity than the
differences observed in canopy density. The relative differences in canopy density were
not great enough to effect recognisable differences in yield. In this case, the size of the
vine appeared to be the main determinant of yield.
As well as the amount of foliage produced within a season acting as a good indicator of
yield, studies have shown that yield is further determined by the level of light stimulus
on inflorescence primordia during the spring of the previous year (e.g. May, 1965 and
Hopping, 1977). The theory is that the density of foliage cover during spring increases
the shading of the vine and thereby restricts the development of buds that form the basis
of vine productivity in the following year. There are no data for vine foliage for the
year prior to Year 1. Therefore, an investigation as to the ability of remotely sensed
images to indicate vine shading and the consequent effect on yield could only be
achieved by investigating the yield data obtained for Year 2. Table 6-7 presents the
results of a relationship analysis between yield during Year 2 and canopy foliage
descriptors collected at flowering during Year 1.
Table 6-7 reveals that there were strong negative relationships between MeanNDVI at
flowering and yield in the following year (p = 1.00E-09 (-)). Figure 6-2 illustrates the
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(a)

1 yield, kg/vine

0.65

(b)

0 Size

Figure 6-1 Maps of the trial site illustrating positive relationship between (a) yield
(kg/vine) (Year1) and (b) Size at maturity (Year 1).
negative relationship between MeanNDVI at flowering in Year 1 and yield in Year 2. In
agreement with the theory expressed in the literature, the density of the foliage at
flowering in the preceding year appears to strongly determine fruit yield.
Out of all the remotely sensed descriptors acquired during the same season, Size at
maturity had the strongest relationship with yield (p = 6.55E-05 (+)). MeanNDVI
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Table 6-7 Relationships between yield during Year 2 and canopy foliage descriptors
collected at flowering during Year 1.
Descriptor
F.MeanNDVI
F.Hi2
F.Nsum
F.Size
F.Secderiv

p
Model Trend r2
poly
0.554 1.00E-09
poly
0.401 4.04E-07
poly
0.399 4.35E-07
poly
0.286 2.19E-05
linear
0.132 3.27E-03

acquired in the preceding season at flowering had an even stronger relationship with
yield (p = 1.00E-09 (-)) than any of the descriptors acquired during the same year. Both
descriptors had a strong enough influence on yield to be considered useful in the
estimation of yield.

In addition, both sets of data were dissimilar (r = 0.22), and

therefore described clearly different aspects of the vines. It may therefore be possible to
express yield as a function of foliage characteristics at both times, i.e. as a function of
both MeanNDVI at flowering in the preceding year and Size at maturity in the current
year.
6.1.2 Remotely Sensed Measures of Canopy Density and Canopy Size Relationships
with Fruit Composition
Of the on-ground measured variables, berry weight, anthocyanin content and total
phenolic content were found to have the strongest relationships with Hi2, MeanNDVI
and Size.

All the relationships with anthocyanin and total phenolic content were

negative. Many studies have clearly indicated negative relationships between fruit
exposure and the anthocyanin or total phenolic content of the fruit (see Section 2.3). A
low-density canopy is often thought to be beneficial for the development of
anthocyanins and phenolics while the berries are ripening in the time between veraison
and maturity. The strongest relationship between total phenolic content of the mature
fruit and the remotely sensed canopy descriptors was with Size at maturity.

The

relationship between phenolics and Size at maturity yielded a p-value of 9.59E-08 (-)
and for anthocyanins a p-value of 2.52E-07 (-).
In addition to anthocyanin and total phenolic content of fruit, berry size is considered an
important indicator of fruit quality (e.g. Johnstone et al., 1996). In contrast to the strong
relationships between the canopy density descriptors at veraison/maturity and
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(a)

3 yield, kg/vine (Year 2)

0.89

(b)

0.66 MeanNDVI, NDVI value
(Year 1)

Figure 6-2 Maps of the trial site illustrating negative relationship between (a) yield
(kg/vine) (Year 2) and (b) MeanNDVI at veraison (Year 1).
anthocyanin/phenolic content, the results suggest that the best canopy related indicators
of berry weight at harvest were derived from imagery acquired at flowering. This
observation is consistent with the theory that final berry weight is mainly determined
after flowering and before veraison (e.g. Jackson, 2000). The negative relationship
between the canopy density descriptors at flowering and berry weight at harvest
suggests that for vines that had relatively denser canopies at flowering, relatively greater
shoot development took place at the expense of cluster development.
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Many traditional cultural approaches to managing vines to increase fruit quality involve
the belief that vines with low yields will produce better quality fruit, because the vine
have more resources to develop the fruit relative to the load of fruit. Further theories
claim that the quality of the fruit is more dependent upon a degree of sunlight reaching
the fruit during the ripening period (e.g. Smart and Robinson, 1991). The data obtained
for this thesis clearly indicated that the density of the canopy and therefore the
attenuation of sunlight to the fruit decreased the anthocyanin and total phenolic content
of the fruit. Nevertheless, the data also indicated that there was a strong negative
relationship between yield and phenolics.

The relationship between yield and

anthocyanins (p = 8.16E-07 (-)) is almost a strong as the relationship between Size and
anthocyanins (p = 1.74E-07 (-)). The relationship between yield and anthocyanins
supports the argument that low yielding vines produce high quality fruit. Generally, in
terms of fruit production, vines that are highly productive will also produce a greater
amount of foliage (Winkler et al., 1974). This was illustrated by the relationship
between yield and Size at maturity (p = 6.55E-05 (+)). It can therefore be concluded
that there was a positive relationship between foliage density and yield, and that there
was a negative relationship between foliage density and phenolics because of direct
causes, i.e. both yield and anthocyanin content were in part determined by foliage
density. The relationship between yield and anthocyanin content (p = 4.94E-06 (-)), on
the other hand, was indirectly linked by their respective relationships to canopy density.
6.1.3 Relationships Between Remotely Sensed Canopy Descriptors Divided by Yield
and TSS, pH and TA
Table 6-1 to Table 6-6 indicate no significant relationships between the remotely sensed
canopy descriptors and three important fruit quality indicators, i.e. total soluble solids
(TSS), pH and titratable acidity (TA).

It can be concluded that vine foliage

characteristics detected using the method applied in this thesis alone had no effect on
these variables. However, Mabrouk and Sinoquet (1998) found significant correlations
between sugar concentration and their canopy dimension descriptors when modified by
dividing them by the fruit yield of the vine (canopy descriptor/yield).

The same

correlation analysis performed by Mabrouk and Sinoquet (1998) also showed that there
were no significant correlations between TA and the same canopy descriptors divided
by yield. Similarly, only one relatively weak relationship (α = 0.05) was found to exist
between the canopy descriptors divided by yield (i.e. sunlit leaf area/yield) and
phenolics.
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It is common to adjust indices of vine foliage attributes (as done by Mabrouk and
Sinoquet, 1998) for variations in grape yield (e.g. Kliewer and Weaver, 1971; Shaulis
and Smart, 1974) in order to assess the ability of a vine’s foliage to enable it to fully
mature fruit. Relationships between the remotely sensed canopy descriptors that have
been modified by dividing them by vine yield and the fruit composition variables was
performed to evaluate the presence of similar relationships to those found by Mabrouk
and Sinoquet (1998). It should be noted that one vine (Vine 40) was eliminated as an
outlier in the model fitting process, as a very low yield was recorded for this vine in
comparison to its very large and dense foliage characteristics.
The strength of the relationships for anthocyanins, total phenolics and berry size with
canopy descriptors modified for yield were not found to be significantly different.
Table 6-8 indicates that there were relationships between TSS and vine PAB when
modified by dividing by yield. By comparison, no relationships between TSS and the
remotely sensed canopy descriptors when not divided by yield were found to be
significant at α = 0.01 (Table 6-1 to Table 6-6). Vines that had high yield to vegetation
ratios have lower TSS levels. This is similar to the result described by Mabrouk and
Sinoquet (1998). On closer analysis of their results, Mabrouk and Sinoquet (1998)
concluded that sugar concentration is related to the functional leaf area available for
fruit growth and to the light environment that conditions the photosynthetic activity of
their leaves. Jackson and Lombard (1993) presented similar findings.
In addition to analysing TSS in relationship to the remotely sensed canopy descriptors
modified by dividing them by yield, TA and pH were similarly examined.

No

significant relationships were found to exist between pH and any remotely sensed
canopy descriptor modified for yield. Similar to the analysis made to find relationships
between the raw remotely sensed canopy descriptors and TA, only Nsum/yield at
maturity is shown to have had a significant relationship with TA. The r2 value for the
relationship found with Nsum/yield is higher at 0.20, in comparison to 0.12 for the
relationship with the unmodified Nsum.

The change in the level of significance

was not great enough to indicate that yield had a significant effect on the production of
TA within the fruit. This result is similar to that found by Mabrouk and Sinoquet
(1998) for which no significant correlations were found between each of the canopy
dimension descriptors divided by yield and TA.
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Table 6-8 Relationships between TSS (°brix) and remotely sensed canopy
descriptors/yield in Year 1.
p
Descriptor Model Trend r2
F.hi2
poly
+
0.160 1.33E-03
F.secderiv poly
0.210 2.66E-04
F.mean
poly
+
0.159 1.37E-03
F.size
poly
+
0.120 4.81E-03
F.var
poly
+
0.140 2.53E-03
V.hi2
poly
+
0.163 1.21E-03
V.secderiv poly
0.152 1.72E-03
V.mean
poly
+
0.164 1.17E-03
V.size
poly
+
0.148 1.96E-03
V.var
poly
+
0.122 4.51E-03
M.hi2
poly
+
0.171 9.35E-04
M.mean
poly
+
0.173 8.77E-04
M.size
poly
+
0.178 7.47E-04
M.nsum
log
+
0.136 2.87E-03
In summary, the results reveal that there were relationships between many of the canopy
descriptors modified by dividing them by yield and TSS (Table 6-8) in comparison to
the unmodified canopy descriptors. This suggests higher proportions of leaf area to
mass of fruit increased the proportion of TSS to fruit volume. This conclusion shows
that in order to estimate spatial distribution of TSS levels of fruit, it would be necessary
to have accurate knowledge of grape yield for the vines as well as canopy descriptors
derived from vineyard imagery.
6.1.4 Remotely Sensed Measures of Canopy Density and Canopy Size Relationships
with On-ground Measures of Vine Canopy
The remotely sensed canopy descriptors were found to have many significant
relationships with pruning weights and vine nitrogen status. These results clearly
indicated a strong link between the remotely sensed canopy descriptors and
characteristics of vine canopies as observed on the ground.
The relationships between chlorophyll and the remotely sensed measures of canopy size
and density were not as strong as those for LAI or nitrogen status. Only at veraison did
a significant relationship between MeanNDVI and chlorophyll occur (p = 4.51E-03 (+)).
This poor relationship may be attributable to the way in which chlorophyll was
estimated on the ground. The NDVI values (used to calculate the remotely sensed
canopy descriptors) were indicative of overall chlorophyll in several layers of leaves.
However, chlorophyll levels measured on the ground were estimated by averaging the
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chlorophyll of sample leaves, taking no account of leaf density. Therefore, using the
chlorophyll meter, only mean chlorophyll levels were estimated. The remotely sensed
canopy descriptors, on the other hand, were indicative of overall chlorophyll levels and
were therefore not closely related to chlorophyll levels as estimated with the chlorophyll
meter. NDVI values indicate chlorophyll levels of a volume of the vine that has a top
surface the size of a pixel represents (in this case 25 × 25 cm). The area represented by
a pixel includes not only the levels of chlorophyll in the leaves first encountered, but
includes components of the subsequent layers of leaves underneath. It can be concluded
that remotely sensed measurements of NDVI do not accurately represent mean levels of
chlorophyll in individual leaves of a vine.
Winter pruning weights had similar strength relationships with MeanNDVI and Size
(p = 1.18E-04 (+) and p = 7.01E-04 (+)). This implied that both foliage density and
vine size were fair indicators of new woody growth in a season. For larger vines, there
is a greater potential for the development of new wood, since they are able to utilise
more resources through their larger root and leaf systems.
In comparison to winter pruning weights, measurements of LAI provided an indication
of the actual foliage and total vine biomass at the time of the imaging missions. Size
had particularly strong relationships with LAI at post-budburst and post-flowering
(p = 1.54E-09 (+) and p = 8.45E-10 (+), respectively).

At veraison the relationship

between LAI and Size had a larger p-value of 9.78E-06 (+), indicating that the spatial
variation of LAI changes significantly between post-budburst and post-flowering (the
relationship for which had an r2 value of 0.375) and then by very little between postflowering and veraison (the relationship for which had an r2 value of 0.915).
MeanNDVI and Hi2 were measures of foliage density derived from the NDVI and were
therefore expected to have strong relationships with LAI. However, at post-flowering
and veraison during Year 2, the only significant relationship between MeanNDVI or Hi2
and LAI was relatively weak (p = 9.47E-03 (+)). Size was a stronger indicator of LAI
than either MeanNDVI or Hi2. The relationships between LAI and Size had p-values of
7.92E-09 (+), 8.45E-10 (+) and 2.15E-10 (+) at each of the three times it was measured.
This raises the issue as to whether Size indicated the actual size of a vine in terms of
foliage only or whether it was also a good indicator of foliage density.
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6.2 Vine Leaf Layer Model to Investigate Differences Between
MeanNDVI and Size
Not only did Size have stronger relationships with LAI, it also had stronger relationships
with anthocyanin and phenolic content of the fruit than any other canopy descriptor and
provided the strongest relationship with yield. Size was simply a count of pixels above
the threshold NDVI and therefore did not contain detailed information on the actual
NDVI values. MeanNDVI, on the other hand did contain information on the actual
NDVI values but did not provide as strong estimates of canopy characteristics that
affect grape production as Size did. A vine leaf layer model can be used to investigate
the effect of increasing foliage density on the NDVI values calculated for the vine
canopy. Asymptotic relationships between NDVI values and canopy characteristics
have been previously identified (Figure 3-2, Section 3.3), and Table 6-1 to Table 6-6
`illustrate that most of the relationships between NDVI derived canopy descriptors and
vine canopy and fruit attributes were non-linear. By revealing how much the NDVI
changes for increasing levels of vegetation, explanations as to why Size was a stronger
indicator of vine characteristics than MeanNDVI may be drawn.
In order to formulate a model, the optical qualities of the vine leaves of the vineyard
were ascertained. Transmittance and reflectance spectra of 50 vine leaves, randomly
selected from the trial block, were measured in Year 1 at veraison with a spectrometer
(Personal Spectrometer II, Analytical Spectral Devices, Inc., Boulder, Colorado).
Transmittance and reflectance of both sides of each leaf were measured in the vineyard
over a two day period at times close to midday. Each leaf was measured immediately
after taking the leaf from a vine. To obtain a measurement for transmittance, the
spectrometer’s sensor was pointed at a white calibration panel with the sample leaf held
against the opening of the sensor so that it was totally obscured. By subtracting the
spectra obtained with the leaf obscuring the sensor from the spectra obtained for the
calibration panel alone, transmittance spectra were calculated.

A measurement of

reflectance was obtained by pointing the sensor at a leaf held a few centimetres above a
black panel. By subtracting the spectra for the black panel alone from the spectra
obtained for the leaf, reflectance spectra were calculated.
The NDVI is calculated as a function of light in the NIR and Red bands of the spectrum.
Table 6-9 presents the reflectance and transmittance data obtained from the leaves for
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these bands. The averaged spectral data indicated that the transmittance of radiation in
the NIR (wavelengths 757.5 to 782.5 nm) through the sun exposed side of leaf was 0.66
(TNIR). Therefore, within the vine canopy a high proportion of NIR radiation passes
through each subsequent leaf layer. Similarly, for NIR radiation incident on the underside of the leaf, transmittance is 0.59 (tNIR). Therefore, some NIR radiation reflected
upwards from leaves is transmitted out of the canopy towards the sensor.

A

consequence of high NIR leaf transmittance is that significant amounts of NIR radiation
exist within a vine canopy, and that radiation travelling from the canopy back towards
the sensor can be interpreted to provide information from leaves deeper within the
canopy envelope.
Table 6-9 Leaf transmittance and reflectance and vineyard floor reflectance in the NIR
(757.5 to 782.5 nm) and Red (637.5-662.5 nm) wavebands.
Transmittance through the sun-facing side of the leaf (T)
Transmittance through the underside of the leaf (t)
Reflectance from the sun-facing side of the leaf (R)
Reflectance from the underside of the leaf (r)
Reflectance from the vineyard floor (S)

NIR
0.66
0.59
0.34
0.41
0.19

Red
0.053
0.070
0.047
0.030
0.14

Reflectance in the Red band is greatly affected by absorption by the leaf for
photosynthetic activity (~90%).

The averaged spectral data indicated that the

proportion of radiation in the Red (wavelengths 637.5-662.5 nm) transmitted through
the sun exposed side of the leaf was 0.053 (RRed). Transmittance of Red through the
underside of the leaf was found to be slightly greater, but still very low in comparison to
the NIR. Low leaf transmittance of Red results in very low levels of Red radiation
existing within the canopy envelope.
To illustrate the radiation regime of solar NIR radiation within a vine, reference is made
to Figure 6-3, which presents a hypothetical vine with three layers of vegetation. Each
layer of vegetation is assumed to be a single, homogeneous, layer of leaves with all the
leaves flat and facing upwards. The transmittance and reflectance parameters used in
the model are presented in Table 6-9. With three layers of vegetation the proportion of
NIR radiation incident at the top of the canopy to reach the ground is 0.29. With a
ground reflectance coefficient of 0.14, only 4% of the NIR radiation will be reflected
back to the bottom layer of leaves, of which well over half will be reflected back to the
ground again. Therefore, the reflectance of the ground has little effect on the overall
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canopy reflectance, because very little radiation that reaches the ground is able to escape
back out of the canopy.
The arrows in Figure 6-3 indicate the path of the radiation as it interacts with each of the
leaf layers. At any point of interaction with the vine canopy radiation is split into two
components. For downward radiation, the first component is reflected from the leaf
layer towards the sensor. The second component is transmitted through to the next leaf
layer or the ground. For upward radiation, the first component is reflected from the
underside of the leaf layer towards the ground. The second component is transmitted
through to the next leaf layer or out of the canopy envelope toward the sensor. The
canopy reflectance of the model (with 18 levels of radiation interaction with three
canopy layers and the ground) can be represented mathematically as:
canopy reflectance = (R)1 + (RTt)3 + (R2Trt + RT2t2)5 + (R3Tr2t + 3R2T2rt2 + T3t3S)7 +
(4RT3rt3S + T3rt3S2 + R2T3rt3 + 6R3T2r2t2 + R4Tr3t)9 + (2RT4rt4S+ 10R2T3r2t3S + T4rt4S2
+ 4RT3r2t3S2 + T3r2t3S3 + 5R3T3r2t3 + 10R4T2r3t2 + R5Tr4t)11

(7.1)

Parentheses separate six sets of terms that correspond to different levels of interaction
with the vine with the subscripts 1, 3, 5, 7, 9 and 11. The number of the subscript refers
to the number of interactions with the canopy or the ground and is consistent with those
shown as the outputs in Figure 6-3. Four further similar models were developed, each
with a different number of leaf layers, providing a suite of five models with the number
of leaf layers varying from 1 to 5. The following four equations represent models with
1, 2, 4 and 5 leaf layers, respectively.
canopy reflectance = (R)1 + (TtS)3 + (TrtS2)5 + (Tr2tS3)7 + (Tr3tS4)9 + (Tr4tS5)11

(7.2)

canopy reflectance = (R)1 + (RTt)3 + (R2Trt + T2t2S)5 + (RT2rt2S + T2rt2S2 + R3Tr2t +
RT2rt2S)7 + (3R2T2r2t2S + 2RT2r2t2S2 + R4Tr3t + T3rt3S2 + T2r2t2S3)9 + (3RT3r2t3S2 +
2T3r2t3S3 +2RT2r3t2S3 + T2r3t2S4 + 4R3T2r3t2S + 3R2T2r3t2S2 + R5Tr4t)11

(7.3)
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layers.
Each
layer
is
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the leaf, reflectance (R) is set to
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canopy reflectance = (R)1 + (RTt)3 + (R2Trt + RT2t2)5 + (R3Tr2t + 3 R2T2rt2 + RT3t3)7 +
(6R2T3rt3 + 6R3T2r2t2 + R4Tr3t + T4t4S)9 + (3R2T4rt4 + 20R3T3r2t3 + 10R4T2r3t2 +
R5Tr4t+ 6RT4rt4S + T4rt4S2)11

(7.4)

canopy reflectance = (R)1 + (RTt)3 + (R2Trt + RT2t2)5 + (R3Tr2t + 3R2T2rt2 + RT3t3)7 +
(6R2T3rt3 + 6R3T2r2t2 + R4Tr3t + RT4t4)9 + (10R2T4rt4 + 20R3T3r2t3 + 10R4T2r3t2 +
R5Tr4t + T5t5S)11

(7.5)

The radiation reflected by each canopy model was calculated for both the NIR and Red
bands using the reflectance and transmittance data presented in Table 6-9. The results
of the calculation are presented in Table 6-10 (Red) and Table 6-11 (NIR). The data are
presented to describe the level of radiation reflected at each level of interaction. The
data clearly illustrates that at increasing levels of interaction there is a reduction in the
level of radiation. Radiation in the Red band is reduced to very low levels (less than
0.1% of incident) at only the second level of interaction, and at greater levels it is
negligible. The number of leaf layers in the model, therefore, has very little effect on
the total Red radiation reflected, 0.0476 is reflected from a 1-layer model, and 0.0473 is
reflected from the 5-layer model. Radiation in the NIR band, on the other hand, is
transmitted at much greater levels into the canopy envelope. Table 6-11 shows that
greater numbers of leaf layers increase the reflectance at higher levels of interaction.
For the 1-leaf layer model, negligible radiation is reflected at the 6th level of interaction
(8.36E-07). For the 5-leaf layer model, the amount of radiation reflected (0.0215)
significantly increases the total. However, for greater numbers of leaf layers, less
difference is observed in the increase in total NIR reflected.
The total NDVI output was calculated for each model using the total radiation reflected
in the Red and NIR bands as shown in Table 6-10 and Table 6-11. The effect on the
NDVI of the changes in Red and NIR reflectance from canopies with different numbers
of leaf layers in illustrated by Figure 6-4. Every layer added to the model had only a
small effect on the NDVI. The NDVI for the vineyard floor alone is 0.15. One layer of
vine leaves increases the NDVI to 0.79.

As the number of layers increases, the

relationship with the NDVI rapidly becomes asymptotic; there is only an increase in the
NDVI of 0.002 when four layers are increased to five layers.
The relationships between the biophysical data and remotely sensed data that are
dependent on NDVI values mostly have models of best fit that are either second order
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Table 6-10 Radiation reflected from canopy models in the Red band with 1 to 5 leaf
layers for each level of interaction and the total for all levels of interaction.
1 leaf
layer
1st level of interaction 4.70E-02
2nd level of interaction 5.56E-04
3rd level of interaction 2.50E-06
4th level of interaction 1.13E-08
5th level of interaction 5.07E-11
6th level of interaction 2.28E-13
Total
4.76E-02

2 leaf
layers
4.70E-02
1.74E-04
2.31E-06
1.55E-08
1.15E-10
8.41E-13
4.72E-02

3 leaf
layers
4.70E-02
1.74E-04
8.93E-07
1.07E-08
8.93E-11
7.52E-13
4.72E-02

4 leaf
layers
4.70E-02
1.74E-04
8.93E-07
5.48E-09
5.69E-11
5.20E-13
4.72E-02

5 leaf
layers
4.70E-02
1.74E-04
8.93E-07
5.48E-09
3.74E-11
3.45E-13
4.72E-02

Table 6-11 Radiation reflected from canopy models in the NIR band with 1 to 5 leaf
layers for each level of interaction and the total for all levels of interaction.
1 leaf
layer
1st level of interaction 3.40E-01
2nd level of interaction 5.84E-02
3rd level of interaction 3.59E-03
4th level of interaction 2.21E-04
5th level of interaction 1.36E-05
6th level of interaction 8.36E-07
Total
4.02E-01

2 leaf
layers
3.40E-01
1.32E-01
4.12E-02
1.03E-02
2.71E-03
7.02E-04
5.27E-01

3 leaf
layers
3.40E-01
1.32E-01
7.00E-02
3.30E-02
1.47E-02
6.63E-03
5.97E-01

4 leaf
layers
3.40E-01
1.32E-01
7.00E-02
4.42E-02
2.66E-02
1.56E-02
6.29E-01

5 leaf
layers
3.40E-01
1.32E-01
7.00E-02
4.42E-02
3.10E-02
2.15E-02
6.39E-01

polynomial or logarithmic (Table 6-1 to Table 6-6). In other words, as the biophysical
variable increases in relation to Hi2 or MeanNDVI, an equivalent rise in Hi2 or
MeanNDVI does not occur. For example, as MeanNDVI increases, anthocyanin content
decreases (Table 6-2), but the rate of change of anthocyanin content decreases as
MeanNDVI increases.
Size is related to foliage density, because vines that are more vigorous appear larger as
well as denser in the imagery (relationship between Size and MeanNDVI yields p-values
of 9.74E-12 (+) at flowering, 2.96E-05 (+) at veraison and 8.83E-06 (+) at maturity).
Although high levels of density are difficult to distinguish between, due to the small
differences in NDVI for vines with several layers of vegetation, differences in Size are
more easily distinguishable in the imagery than MeanNDVI. Little difference in the
NDVI occurs for changes in vegetation density for vines that have the equivalent of
many leaf layers. Therefore, for vines with high density foliage, Size can be considered
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Figure 6-4 Relationship between the number of leaf layers in the canopy model and the
NDVI output.
a better indicator of vine foliage density to evaluate the level of shading by the foliage
of the fruit than MeanNDVI.
To conclude, the density of foliage does indicate fruit composition variables (such as
anthocyanin or total phenolic content) at maturity through a negative relationship. This
agrees with the theories of light interaction on fruit affecting anthocyanin and phenolic
development (e.g. Smart and Robinson, 1991). However, the remotely sensed NDVI
derived measure of vine density (MeanNDVI), has a limit to its accuracy in that for very
dense vines MeanNDVI does not increase at a comparable rate to the increase in the
actual foliage density. Therefore, for dense vines MeanNDVI is a poor predictor of
anthocyanin or phenolic content.

In contrast, Size is a strong predictor of fruit

composition variables for those vines that have dense canopies, because there is more
variation in the number of pixels above a threshold NDVI than in the NDVI values of
the pixels themselves.

6.3 Potential for Practical Outcomes
Relationships between canopy and fruit composition and yield may vary in strength and
nature between regions, varieties, trellising systems and years. Nevertheless, the fact
that relationships are present between canopy descriptors derived from remotely sensed
images and fruit composition and yield, means that a vineyard partitioning technique
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may be applied to determine broadly different regions within any vineyard. The type
and location of the vineyard is irrelevant if the aim of such data acquisition is to map
variability. The results of this thesis have thus far indicated that if there is variability in
canopy, there is an associated variability in some aspect of yield or fruit composition.
Mapping out similar vines based on canopy may help with management decisions,
because of the spatial data required in the implementation of such management.
What has been established in this study is the possibility of calibrating remotely sensed
canopy descriptors to some vine biophysical characteristics within a single vineyard and
season.

Although many p-values throughout the analyses contained in this thesis

indicate this research has provided many statistically significant relationships between
canopy characteristics and fruit composition that offer valuable information for vineyard
diagnostics, there are several limitations to their application. These limitations arise
from several factors.
(1) Some relationships have p-values that are significant (p < 0.01) because of
influential outliers in the data. A particularly good example of influential outliers in the
data is shown in Figure 6-5(a). The tabulated results for this relationship read as
p = 1.18E-04 in an exponential predominantly positive relationship. However, the plot
shows that the conclusions that would be drawn from the summary data are likely to be
false. In addition to the p-value reported in the results suggesting a good relationship
when a poor relationship is in fact present, the outliers also modify the type of model
that is fitted to the data. The three outliers with positive values for Secderiv of around
0.03 and associated high chlorophyll levels exert a high degree of leverage on the
regression. The p-values are lower because the relative distance to the line of each of
the data points is decreased. Figure 6-5(b) illustrates the relationship for the same data
but with the outlying data points removed. Without the outlying data points, the line of
best fit is shorter, thereby increasing the relative distance to the line of the data points
and resulting in a higher p-value (0.071).

Because of the very large number of

relationships that were tested in an automated fashion, it is not possible to rapidly
determine which of the relationships can be relied upon and which, such as the example
sited in this paragraph, cannot.
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Figure 6-5 (a) Relationship between Secderiv at post-budburst with chlorophyll at
veraison; (b) same as (a) but with five outlying data points removed.
(2) Clustering of data should also be considered as a possible cause of misleading
conclusions being drawn from the tabulated data. For example, the scatter plot shown
in Figure 6-6 shows a clustering of points for berry weights that lie between 46 and 53
grams.

Clustering can indicate too little variation in the experimental data set to

identify relationships that may exist (or not). Clustering of data has the opposite effect
to outliers on the definition of the model of best fit. Whereas outliers overly influence
the model, data points in clusters are less influential in the fitting of a model. In
addition, clustered data may indicate that a simple model does not accurately describe
the relationship. In fact it may indicate that there is no identifiable relationship. If there
is more than one cluster, each individual cluster may indicate a different characteristic
that affects the fruit characteristic in a specific way. If there are, for example, only three
specific conditions that affect berry weight, which are definable as either present or not
present for each sample vine, three data clusters can be expected in a scatter plot. In
such a case, a simple model does not accurately describe the data, because applying a
model assumes a continuous process.
Data contained in this thesis were collected within two seasons at a single vineyard site.
Although many results agree with those of analogous studies and theories in the
literature, the small scale and period of this study requires that the conclusions drawn
should be treated cautiously. Other varietals of Vitis vinifera can be expected to have
some relationships that are different to those found in this study.

The effect on

composition of white varietals, in particular, may be very different due to the

93

50 berry weight (g)

65
60
55

data cluster

50
45
0.79

0.81
Fmean

0.83

0.85

Figure 6-6 Relationship between Mean at flowering with berry weight, illustrating data
clustering.
differences in the way by which quality is determined in white grapes in comparison to
red grapes. In addition, each varietal has slightly different physiological characteristics.
Therefore, physiological relationships between canopy and fruit composition and
between microclimate and fruit composition may differ to those presented here.
(4) Due to the varying response of vines to different climates and soil types, the
relationships between canopy and fruit can be expected to differ from region to region.
For example, the optimum microclimate for the fruiting zones of vines in hotter regions
may require more shading, which would not be desirable in a cooler climate, to deliver
high quality grapes. The fact that different levels of shading and therefore canopy
management systems are desirable in different climates means that relationships
between canopy descriptors derived from imagery and biophysical data may have
different strengths or natures. If reliable relationships were required then each vineyard,
region, trellising system or variety would require its own database of models describing
the relationships. As well as the differences in climate between regions potentially
affecting the relationships, changes in climate between years can also be a factor
affecting the relationships. After management, the nature of the variability of climate is
the main determinant of variability in grape yield and composition between years
(Winkler et al., 1974). A database could be accessed to determine what effect the
climate for a particular season is likely to have on the relationships between canopy and
fruit composition and yield.
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To summarise, because of clustering and outliers in the data sets, the relationships that
are listed as being significant should be treated with caution. As well as care being
required when interpreting the results in terms of the relationships between the different
descriptors, the limited size of this study should also be considered.
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7 Application of Vineyard Multispectral Remote Sensing to
Partition Fruit of Different Composition

7.1 A Procedure for Partitioning Vineyards on the Basis of RemotelySensed Canopy Descriptors
This section presents a methodology for the application of vineyard canopy data derived
using the methods presented in this thesis to partition fruit of different composition.
Maps of grape composition are potentially highly valuable viticultural tools, since fruit
of the same composition can be grouped and collected together. The aim is to produce
maps that identify fruit that would be considered high quality and thereby demand a
higher premium at the winery.
The p-values returned for the relationships between canopy descriptors and vine and
fruit composition from the analyses in Chapter 6 reveal that the remotely sensed canopy
descriptors can be used to estimate certain fruit composition variables. In particular,
berry size and anthocyanin and total phenolic content of the fruit at harvest can be
forecast. The p-values suggest that the canopy descriptors Size and MeanNDVI provide
the best estimates. However, although it can be definitively concluded that there are
relationships between the two sets of data, the fit of the data to the models is not good
enough to provide an accurate estimate of fruit composition for each individual vine.
Instead, the strength of the relationship suggests that numbers of vines can be
categorised into sets that have significantly different fruit composition. For example, if
the sample vines are split into two equally sized groups, where the first group has lower
values of a particular remotely-sensed canopy descriptor and the second group has
higher values, then it should follow that the mean values of a particular correlated fruit
variable will be significantly different.
For instance, consider the relationship between MeanNDVI at flowering and berry
weight as represented in a scatter plot in Figure 7-1. The median value of MeanNDVI
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of the whole set is 0.834, and a dividing line has been placed in Figure 7-1 at this value.
Two equal sized populations are therefore on either side of the dividing line, the blue set
(1) on the left and the red set (2) on the right. The mean of the blue set is 53.6 and the
mean of the red set is 49.0. A standard two-sample t-test shows that the two sets of data
are significantly different at p = 0.0002. Box plots of the two sets are presented next to
the scatter plot. The lighter coloured part of the boxes represents the inter-quartile
range of each data set. The darker coloured part of the boxes represents the confidence
bounds. If the two darker coloured parts of the box plot do not overlap then it can be
concluded (at α = 0.05) that the two data sets are significantly different. The darker
coloured region of the box plot for Set 1 does not overlap with the darker coloured
region of the box plot for Set 2. Therefore, as shown similarly by the t-test, the mean of
the two data sets is significantly different.

65

Set 2

Set 1

65
60
berry.wt

berry.wt

60
55

55

50

50

45

45
0.79

0.81
F1.mean

0.83

0.85

1

2

Set

Figure 7-1 Scatter plot and box plot showing differences in berry weight for vines split
into two equally sized sets based on MeanNDVI at flowering.
Not only are there significant differences between the means of the two sets, there is a
large difference between their variances. The variance of Set 1 is 29.9 and the variance
of Set 2 is 9.49. The variance of a set of variables that indicate fruit composition can
also indicate overall quality of all the fruit taken together as a single unit. Therefore, in
this particular case, the high variance of Set 1 may result in a lower quality than is
indicated by the mean of the set alone. This high variance for Set 1 could be avoided by
changing the threshold value that separates the two sets. For the example provided
here, the threshold is 0.834, which splits the whole population into two equally sized
sets. Figure 7-1 shows that there are two distinct regions of points in the scatter plots.
There is a region of points concentrated in the lower left (MeanNDVI > 0.822) where 50
berry weight is between 45 and 53 grams (except for one outlier), and there is a region
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on the right (MeanNDVI < 0.822) where 50 berry weight is between 52 and 62 grams
(except for two outliers). By using the threshold of 0.822, two “cleaner” sets (i.e. two
sets with lower variances) of unequal population size can be created.
An objective method of determining the threshold value of the remotely sensed canopy
descriptor is required since for most applications the data collected on the ground (in
this case berry weight) would not be available. To find the two sets with the most
significant difference between the values of the whole population, firstly, the values for
the remotely sensed canopy descriptor must be placed in order of magnitude. A plot of
the ordered MeanNDVI canopy descriptor for the sample vines at flowering is shown in
Figure 7-2. Then p-values are calculated for successive t-tests for each combination of
two subsets of contiguous ordered data. Specifically, the first subset is made up of
items from position 1 to position n, and the second subset is made up of items from the
position n+1 to position 58 (the final position), where n is a set of integers from 2 to 56.
Table 7-1 contains the p-values calculated for subsets defined like this for MeanNDVI at
flowering for each n.

MeanNDVI value
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Figure 7-2 Plot of MeanNDVI at flowering ordered by magnitude.
The lowest p-value (0) is at n = 13. Therefore, the two subsets that have the largest
difference between their means is for the two subsets containing items 1 to 13 of the
ordered set and items 14 to 56 of the ordered set. The threshold to split the whole set of
MeanNDVI into two equally sized subsets is 0.834 (the median of the whole set). How
this is related to the corresponding set of berry weight is displayed earlier in Figure 7-1.
The equivalent figure for a threshold of the 13th item of the ordered set (0.82) is Figure
7-3. The box plots show that the two new sets (Set 3 and Set 4) are better separated
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Table 7-1 Results of t-tests for each combination of two subsets of contiguous
MeanNDVI data sorted by magnitude.
n
2
3
4
5
6
7
8
9
10
11
12
13
14

p-value
4.92E-05
3.18E-06
1.35E-07
3.93E-09
2.46E-10
1.36E-11
4.93E-13
4.70E-14
4.88E-15
9.99E-16
2.22E-16
0
1.11E-16

15
16
17
18
19
20
21
22
23
24
25
26
27
28

1.11E-16
2.22E-16
3.33E-16
5.55E-16
1.11E-15
2.22E-15
4.77E-15
1.12E-14
2.75E-14
5.75E-14
1.38E-13
3.01E-13
6.06E-13
1.09E-12

29
30
31
32
33
34
35
36
37
38
39
40
41
42

2.55E-12
5.78E-12
1.40E-11
3.85E-11
9.71E-11
2.45E-10
5.96E-10
1.54E-09
3.63E-09
8.95E-09
2.04E-08
4.41E-08
8.87E-08
1.70E-07

43
44
45
46
47
48
49
50
51
52
53
54
55
56

3.53E-07
8.00E-07
1.74E-06
3.70E-06
8.55E-06
2.20E-05
5.65E-05
0.000143
0.000389
0.001125
0.003076
0.008666
0.023394
0.06142

than Set 1 and Set 2 (Figure 7-1). The box plots indicate that the two sets have very
different distributions, and there is only one outlier in Set 4 that is in the range of Set 3.
In addition to the maximisation of differences between the two subsets, the combined
variance of both Sets 3 and 4 (13.0 and 10.3, respectively) are lower than Sets 1 and 2
(29.9 and 9.49, respectively).
Although the two subsets have been separated so that there is a maximum difference
between them, in terms of berry weight, the total yield for each set is no longer equal.
In fact, in this case, there would be 72 kg of fruit harvested for Set 3 and 221 kg
harvested for Set 4. Therefore, constraints may be required in the process of subsetting
to provide a more equal distribution of yield between different sets. The disadvantage
of this would be to reduce the maximum difference between the two sets, and probably
increase the variance of both sets. In addition, fruit may now not be separated based
entirely on fruit composition, which is the purpose of this exercise.
Berry weight has a strong relationship with MeanNDVI at flowering, and if the example
shown here were applied as a way of partitioning harvest, significant differences in
berry weight between two sets of harvested fruit would result.

However, a fruit

composition descriptor that is more closely associated with wine quality is anthocyanin
content. The scatter and box plots for vines that are split into two equally sized subsets
according to their Size are presented in Figure 7-4. Again, there is a large difference
between the two sets. The confidence bounds of the boxplots do not overlap and a t-test
produces a p-value of 0.
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Figure 7-3 Scatter plot and box plot showing differences in berry weight for vines split
into two unequally sized subsets that maximise the differences between the data of the
equivalent MeanNDVI at flowering.
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Figure 7-4 Scatter plot and box plot showing differences in fruit anthocyanin content for
vines split into two equally sized subsets.
The large differences between the two sets of vines suggest that a whole vineyard can
be partitioned into two groups of vines based on the Size canopy descriptor acquired at
maturity so that the fruit taken from one set has significantly different anthocyanin
levels to the other set. Using a locational input file for Sampler that includes the
positions (in (row, vine) coordinates) of all the vines, every vine in the block can be
assigned their remotely sensed canopy descriptors as produced by Vinecrawler. A
database can therefore be constructed that includes each vine, which is attributed
coordinates and their respective canopy descriptors as calculated by Vinecrawler. Using
the database, maps describing vine foliage characteristics can be easily created using
standard analytical software, such as S-plus.
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Figure 7-5 is a map that describes the differences in vine Size in the trial vineyard. This
map shows the differences between vines by varying the colour of the circles. Not only
can colour be varied to signify differences, but the shapes themselves can be varied as
well as their size. This allows for up to three different vine characteristics to be
described within a single map. Even with just a variation in colour, it is not difficult to
ascertain discrete groups of vines for different management regimes.

Figure 7-6

simplifies the information by placing each vine into one of two groups. Red circles
represent smaller discrete vines and green circles represent larger discrete vines. With
only two different vine types, the map provides information that is easy to use for
management purposes.
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Figure 7-5 Map of vine size in the trial block using Size data extracted from the imagery
alone. Size data are normalised so that the largest vine has a value of 1.0 and the
smallest vine has a value of 0. Each circle represents a single vine. The colour of the
circle indicates the value of Size: red for the smallest vines through to green for the
largest vines.
Using the successive t-test method, the vines can be divided into two sets that have the
greatest difference between them in terms of Size. The result is two sets of vines, one
with 298 smaller vines and the other with the remaining (larger) 728 vines. The
resulting map of segmented vines is illustrated in Figure 7-7. Using this map to
partition vines at harvest should produce two sets of fruit that have the greatest
difference in terms of composition, such as anthocyanin content.
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Figure 7-6 Map of vines in the trial block split into two equally sized sets determined by
Size. Red circles represent vines that are below the median Size and green circles
represent vines that are above the median Size.

7.2 Precision Harvest Trial
During Year 2 (2001-2002 season), a trial in which the fruit harvesting was partitioned
based on canopy descriptors derived from imagery alone was completed. In this proof
of concept experiment, canopy descriptors where determined for 60 sample vines from
imagery acquired four weeks prior to harvest. The Size canopy descriptor was used to
place each vine in order of its fruit quality potential. The sample vines were then placed
into six sets of ten, grouped by their Size rank. The fruit from each set was hand
harvested and placed into sixty separate bins. In the same manner as in Year 1, the
mass of the fruit was determined in the vineyard and sample berries were taken for each
sample vine. Anthocyanins, total phenolics, 50 berry weight and TSS were determined
in the same manner as in Year 1 (see Section 4.2.1).

One value (F) for each

composition variable was assigned to each of the six sets of fruit. The ten fruit
composition variables for each of the ten vines in the set (f1-10) were weighted by the
respective yield variables (y1-10), i.e.
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Figure 7-7 Map of vines in the trial block split into two sets that are the most different
as determined by successive t-tests of sets of Size. Red circles represent vines that are
in the set of smaller vines and green circles represent vines that are in the category of
larger vines.
10

F = ∑ f i yi

(7.1)

i =1

As a result, values for each fruit attribute were attained that represented the fruit of each
set as a whole.
The fruit composition variables for each set are presented in Figure 7-8.

Little

difference between the sets was observed for yield. The lowest yield was harvested
from Set 2 (8.2 kg/vine) and the highest yield was harvested from Set 5 (10.2 kg/vine).
A negative relationship between TSS and yield is suggested by the charts, but this
cannot be statistically proven. The yields of the four other sets were in the range 8.9 to
9.2 kg/vine. The fruit composition charts in Figure 7-8 illustrate a large degree of
difference in fruit composition for each set. Anthocyanin and total phenolic content of
the fruit is shown to have decreased with increased Size. Anthocyanin content was
highest in Set 1 with 1.34 mg/g and lowest in Set 6 with 1.05 mg/g. Similar differences
were observed for total phenolics. There was a greater reduction in anthocyanin and
total phenolic levels for the fruit from the vines with the largest Size values in
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comparison to little change over the three sets with the smallest Size. Despite little
change in anthocyanin content for the Sets 1 to 3, a decrease in 50 berry weight was
observed; from 41.4 g for Set 1 to 37.1 g for Set 3, and an increase in TSS was
observed, from 25.6°brix for Set 1 to 26.6°brix for Set 3. Smaller berry weight and
greater TSS generally indicate a higher fruit quality. Therefore, despite little change in
anthocyanin content, an increase in overall grape quality appears to have occurred from
Set 1 to Set 3.

Apparent quality appeared to fall rapidly from Set 3 to Set 5.

Anthocyanin content, total phenolic content and TSS all fell rapidly. The fall in TSS
was particularly large; from 26.6°brix for Set 3 to 24.6°brix for Set 5. In addition, 50
berry weight increased from 37.1 g to 42.9 g. The change in each fruit composition
variable from Set 3 to Set 5 indicated an apparent fall in fruit quality.
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Figure 7-8 Composition and yield descriptors of fruit sets in precision harvest trial.
Fruit sets are ordered from 1 to 6 on the basis of the Size of the vines from which the
fruit was harvested.
Fruit Set 6 is anomalous in terms of the high levels of the TSS of the fruit, while there
are relatively low levels of anthocyanins and phenolics in the fruit. For the vines in this
sample set that are ranked according to Size, the level of TSS is much higher than would
be expected in comparison to anthocyanin and phenolic content of fruit harvested from
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the vines with the highest Size. This suggests that the Size has a characterising quality
that for its highest values (relative to other vines in the vineyard block) indicates vines
that produce a balanced fruit load in terms of yield to TSS. However, the vines in Set 6
have canopies that induce a microclimate that is unconducive to the development of
anthocyanin and phenolic compounds. This argument is supported by the lower yield
per vine for the vines with the largest Size (Figure 7-8) than for the ten next largest
vines (the fruit from which was made into Set 5). The level of anthocyanin and
phenolic accumulation is shown to be primarily influenced by canopy density, whereas
the level of TSS is shown to be primarily influenced by the ratio of yield to Size. Two
hypotheses for the anomaly can be formed:
(1) For the ten vines with the highest Size values, the canopy density produces
unfavourable conditions for anthocyanin and phenolic compounds to develop in the
fruit.
(2) For the ten vines with the highest Size values, there is the necessary balance
between photosynthetic potential and yield to produce fruit with high TSS.
To test hypothesis (1), the canopy descriptors (MeanNDVI and Size) can be compared to
the anthocyanin and phenolic levels. The microclimate induced by a denser or more
extensive canopy is generally reported in the literature to repress the development of
anthocyanin and total phenolic levels in the fruit (see Section 2.3) and is supported by
the data collected for this thesis (see Section 6.1). Therefore, if anthocyanin and
phenolic levels had a negative relationship with MeanNDVI or Size, then it may be
concluded that foliage density suppressed anthocyanin and total phenolic accumulation
in the fruit. Table 7-2 presents the results of a correlation analysis of anthocyanins,
phenolics, MeanNDVI and Size of the fruit and the vines that produced each of the six
sets.
The large magnitude negative correlation coefficients between anthocyanin / total
phenolic content and Size (p < 0.05) generally indicates a strong relationship between
anthocyanin / total phenolic content and Size. In terms of the apparent TSS anomaly for
Set 6, an assessment of the linearity of the relationship of MeanNDVI and Size with
anthocyanins and phenolics must be made, particularly from Set 5 to Set 6. There is a
constant decrease in anthocyanin levels that is associated with a constant increase in
Size and MeanNDVI, which continues through from Set 1 to Set 6, the effect of which is
particularly strong from Set 3 to Set 6 (see Figure 7-9). Therefore, it can be concluded
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that there is no change in the trend for the largest vines and hypothesis (1) can be
accepted.
Table 7-2 Results of correlation analysis of anthocyanins, phenolics, MeanNDVI and
Size of the fruit and the vines that produced each of the six fruit sets.
anthocyanins

r

phenolics

MeanNDVI

Size

1
0.95
-0.89
-0.87

anthocyanins

1
phenolics
-0.90
Size
-0.85
MeanNDVI
anthocyanins phenolics
p
anthocyanins
0
0.011
0
phenolics
0.027
0.025
Size
0.036
0.040
MeanNDVI

1
0.99
1
MeanNDVI
Size
0
0.003
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Figure 7-9 Comparison of MeanNDVI and Size against anthocyanin levels in fruit
harvested from vines used to make each fruit set.
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Hypothesis (2) can be tested by considering what effect canopy size and yield have on
TSS levels. Of the remotely sensed canopy descriptors, the best indicator of TSS is
Size, and therefore Size is used to test this hypothesis. For Size and TSS, the correlation
coefficient, r, is -0.31, whereas for yield and TSS, r = -0.74. It is clear from this result
and from the analysis conducted in Year 1 (see Section 7.2) that in this trial, yield has
had a much greater influence on TSS than vine size (Size). Figure 7-10 shows a
comparison of the TSS, Size and yield for each of the six fruit sets. Size appears to
influence the yield for Sets 2 to 5. However, for Sets 1 and 6, the yield goes against the
trend, being higher than would be expected for Set 1 and lower than would be expected
for Set 6. This pattern suggests a negative relationship with TSS. The constant increase
in Size of the vines used for all the fruit sets, on the other hand, does not suggest any
type of relationship with TSS.
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24
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Figure 7-10 Comparison of vine Size, yield per vine and TSS of the fruit sets.
The way in which the yields of the vines of Sets 1 and 6 go against the otherwise linear
trend introduces the possibility that instead of the relationship between yield and Size
being best described by a linear model, a third order polynomial may be more
appropriate. A third order polynomial model would take into account the higher than
expected yields for the vines that produced the fruit for Set 1 and the lower than
expected yields for the vines that produced the fruit for Set 6. However, with only 6
data points the assertion of a third order polynomial model fitting the relationship
between Size and yield is highly speculative and therefore requires further research.
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Hypothesis (1) is accepted, i.e. for the ten vines with the highest Size values, the canopy
density produces unfavourable conditions for anthocyanin and phenolic compounds to
develop in the fruit. Hypothesis (2) could not be fully tested because there is no
evidence to suggest that Size has any effect on the accumulation of TSS in the fruit.
Yield rather than Size may be the major determinant of the TSS of mature fruit. If this
is the case then only by using good forecasts of yield can a confident forecast of TSS be
made.

In this study, the best image-based forecast of yield used MeanNDVI at

flowering in the preceding season (Section 6.1.1).
Fruit quality in terms of composition evaluation is highest for the fruit sets made from
vines with relatively low to moderate values of Size. The vines that exhibited relatively
moderate to high Size produced the lowest quality fruit. The fruit from vines with the
lowest and highest Size went against the trend, both containing moderate levels of TSS.
The fruit was partitioned into six sets based on the relationship between Size and
anthocyanin and phenolic levels, resulting in a steady fall in anthocyanin and phenolic
levels with increasing Size. Since there is a poor relationship between TSS and any
remotely sensed canopy descriptor, it is difficult to partition the harvest in terms of TSS.
However, it may be hypothesised that the relationship of TSS to vine canopy size is best
described by a third order polynomial model that can take into account moderate levels
of TSS at the extremes of the Size, rather than by a linear, logarithmic or second order
polynomial. Alternatively, Size or MeanNDVI at flowering in the preceding year can be
used to produce a good forecast of yield. Using the negative relationship found between
yield and TSS, Size or MeanNDVI at flowering in the preceding season could also be
used to forecast TSS.
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8 Conclusion

8.1 Performance of Vineyard Image Processing Technique, Vinecrawler
A major outcome of this project has been the development of a methodology to enable
the rapid assessment of vine canopy on an individual vine basis for whole vineyard
blocks using remotely-sensed imagery. Five canopy descriptors were derived from
imagery to describe the vines. Hi2 and MeanNDVI were canopy density indicators. Of
these two, MeanNDVI appeared to be more indicative of vine characteristics. Vine size
(as indicated by the vine canopy descriptor, Size), rather than vine density (as indicated
by MeanNDVI), was shown to have the strongest relationships with biophysical
variables, especially with leaf area index, and was therefore the most valuable canopy
descriptor for forecasting and indicating vine characteristics.
Var indicated the variability of the canopy of the vine in terms of foliage density. It had
a poor relationship with biophysical data describing vine status and fruit composition,
and was therefore of little use in diagnosing vine characteristics. Secderiv was similar
to Var in that it also described differences in canopy density. However, Secderiv was
more specific in terms of the spatial distribution of the variability.

Particularly,

Secderiv described the difference in foliage density at the outside of the vine in
comparison to the central part of the vine.

Like Var, Secderiv exhibited poor

relationships with the biophysical data and, again, may have little value for forecasting
fruit composition or indicating other vine characteristics. There is a potential link
between descriptors of canopy shape (such as Secderiv and Var) and the incidence of
disease, such as downy or powdery mildew or Botrytis due to the influence on
microclimate in the fruiting zone by the canopy. This subject requires further research.
One further canopy descriptor (Nsum) was originally developed to describe overall
biomass of a vine by equally taking into account both vine size and foliage density, and
was therefore a function of MeanNDVI and Size.

Nsum did not generally have

relationships with biophysical variables that were as strong as either MeanNDVI or Size
for most aspects of the vines. Nevertheless, Nsum had good relationships with many of
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the vine variables that were secondary to the vine variable relationships with
MeanNDVI or Size.

If only one canopy descriptor were to be used to describe

differences between vines in a vineyard, Nsum could be used, as it describes the greatest
differences between all vine variables combined.
As well as the accurate description of vine canopy, Vinecrawler has also been shown to
be an accurate mapper of vines in a vineyard. The fact that strong relationships were
found between the remotely sensed canopy descriptors and the biophysical data that
agree with previously published research that investigated canopy effects on vines and
grapes, a good level of accuracy can be attributed to Vinecrawler in terms of its ability
to map vines. Chapter 7 has demonstrated approaches to presenting the data in map
form that lead to their easy application in the vineyard. A major advantage is the ability
to use a (vine, row) coordinate system resulting in there being no need for a GPS unit to
find a particular vine location in a map on the ground.

8.2 Relationships Between Remotely Sensed Canopy Descriptors and
Viticultural Variables
Many significant relationships were found between image derived canopy descriptors
and biophysical properties of the vines (at p < 0.01) indicating that vine canopy plays a
significant role in (or is a good indicator of) the performance of individual vines. These
relationships support theories that link vine canopy light environment and microclimate
in the fruiting zone, caused by different canopy characteristics, to differences in fruit
development and consequent harvested fruit composition. A summary of the canopy
descriptors that strongly indicated biophysical properties of vines are presented in Table
8-1. Table 8-1 shows that Size was the strongest indicator of most viticultural variables.
With the exception of LAI and chlorophyll, which were measured at a time to coincide
with image acquisition, the relationships between canopy descriptors and vine
characteristics varied in strength for different canopy indicators and timings of imaging.
The sequence of images taken during Year 1 shows that there were significant changes
to the pattern of vine canopy as the season progressed (Figure 5-14).

Table 8-1

indicates that the relationships between canopy and fruit composition variables became
stronger as the season progressed, with stronger relationships at maturity and few
relationships for p < 1.00E-04 at flowering.

This suggests that many of the fruit

composition variables were determined during the ripening period (after veraison) when
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Table 8-1 Summary of the strongest relationships between the canopy descriptors and
the viticultural variables (p < 1.00E-04). Each viticultural variable is listed a maximum
of three times. If there are more than three significant relationships, those with the three
lowest p-values are included.
Canopy
Descriptor
Size

MeanNDVI

Very good indicator
p<1.00E-07
Leaf Area Index
Yield (F-1†)
Anthocyanins (M)
Total Phenolics (M)
Plant Nitrogen (M,V)
Berry Weight (F)

Nsum

Plant Nitrogen (V)

Good indicator
p<1.00E-05
-

Fair indicator
p<1.00E-04
Pruning Weights (V)
Yield (M)

Anthocyanins (V)
Total Phenolics (V)
Berry Weight (M‡)
Total Phenolics (M)

Chlorophyll
Pruning Weights (V)
Leaf Area Index
Pruning Weights (M)
Berry Weight (F‡)
Anthocyanins (M)
Leaf Area Index
Total Soluble Solids (M)
Total Soluble Solids (M)

Secderiv
Hi2
Var
Size/yield
MeanNDVI/ yield
Secderiv/
Total Soluble Solids (F)
yield
F. indicates descriptor was derived from imagery acquired at flowering.
V. indicates descriptor was derived from imagery acquired at veraison.
M. indicates descriptor was derived from imagery acquired at maturity.
†
‘F-1’ refers to flowering during the previous year.
‡
Negative relationship at flowering and positive relationship at maturity.

the vines’ capacity to ripen fruit (in terms of its foliage to fruit weight ratio) and the
microclimate created by the canopy were both affecting fruit development.
Using remotely sensed data alone, the relative differences between several viticultural
variables could be forecast with some confidence, especially with respect to yield and
fruit composition. Many of the significant relationships tended to be best described by
non-linear models (equations 6.2 to 6.4). The relationships that were found suggested
that for vines with relatively denser canopies, canopy descriptors would often increase
only marginally, while fruit variables continued to increase at a rate similar to the rate of
increase for vines with low density canopies. This decrease in response of canopy
density description with increasing density was subsequently found to be a result of the
limited penetration of NIR and Red radiation into the vine canopy; a result verified by
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an empirical canopy reflectance model. A limitation of using the NDVI to evaluate
foliage density of vines, therefore, is the loss of precision for very dense foliage (see
Section 6.2). The asymptotic relationship shown to exist between NDVI and canopy
density (Figure 6-4) suggested that it may be concluded that vine variables are better
estimated from either MeanNDVI or Size depending on the density of the canopy
foliage.

If foliage density is low (LAI < 2), then MeanNDVI may be the better

estimator. On the other hand, if foliage density is high (LAI > 2), then Size may be the
better estimator.

In general, due to the very dense foliage characteristics of vine

canopies, the modelling suggested that Size would be the stronger estimator of vine
canopy characteristics.
8.2.1 Yield Determination
In comparison to most of the fruit composition and vine status variables, there were two
variables (yield and berry weight) that had stronger relationships with imagery acquired
earlier in the season. For these variables, the effect of canopy on physiology was
clearly dependent upon phenological stage. Most notably, the best forecast of relative
yield differences resulted from its relationship with Size at flowering in the preceding
season. Shading of the inflorescence primordia by denser canopies at around flowering
affects the formation of potential fruit baring shoots in the following season (May,
1965; Hopping, 1977). The data collected for this project suggested that the shading of
primordia at flowering affected the yield of vines to a much greater extent than the size
of the vine within the same season. Nevertheless, although it was not as strong, the data
also suggested that vine size within the season had a relationship with yield. Using both
the data for size of the canopy at flowering in the previous year and the size of the
canopy after veraison in the same year, a multi-variate approach may provide the most
accurate estimates for yield.
8.2.2 Grape Composition Determination
The results indicated that vineyard spatial variability in TSS (a potentially highly
valuable resource) may be estimated by applying the negative relationship known to
regularly occur between yield and TSS. Yield variability can be estimated using the
negative relationship shown to exist between vine canopy at flowering in the preceding
year and yield.

Similarly, although the relationship between yield and canopy at

flowering in the preceding year was shown to be strong, as there is only two year’s
collected data, it could only be investigated once in this study. Further research is
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required to confirm the relationship between vine canopy at flowering and yield in the
following season and whether this is related to TSS.
Size, MeanNDVI and Nsum all exhibited strong negative relationships with phenolic and
anthocyanin content and were highest from veraison to maturity. All three of these
canopy descriptors appeared to be heavily influenced by the density of the canopy
foliage. Many previous studies have demonstrated that high density foliage creates a
microclimate in the fruiting zone of the vines that does not promote the accumulation of
anthocyanins and phenolics in the fruit during maturation. The density of foliage that
can be interpreted as being present from the imagery along with the data collected for
anthocyanin and total phenolic content of the fruit supported this view.

Many

traditional theories relate the quality of fruit to vine yield. However, the p-values
calculated for relationships of yield with anthocyanin and phenolic content were not as
low as the p-values calculated for the relationship of canopy density with anthocyanin
and phenolic content. The data collected for this project suggested that canopy density
was more of a determinant of fruit composition than yield. These relationships, along
with the methodology allowing maps of individual vines for entire vineyards to be
produced that describe the canopy density, allows for an excellent potential for practical
application in industry.
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10 Appendices

10.1 Sample Sites
Table 10-1 Sample Site Locations
site
Row
vine distance distance length of
number number number to sample to sample sample
start
end
site
1
2
2
2.8
4.6
1.8
2
2
7
11.7
13.4
1.7
3
2
10
17.0
18.8
1.8
4
2
14
24.3
26.1
1.8
5
2
25
44.2
46.1
1.9
6
2
40
71.6
73.4
1.8
7
3
2
2.8
4.6
1.8
8
3
6
10.0
11.9
1.9
9
3
18
31.8
33.5
1.7
10
3
24
42.5
44.4
1.9
11
3
31
55.2
57.1
1.9
12
3
42
75.0
76.9
1.9
13
4
6
9.9
11.7
1.8
14
4
16
27.6
29.4
1.8
15
4
24
41.7
43.5
1.8
16
4
33
57.7
59.5
1.8
17
4
41
72.0
73.8
1.8
18
5
3
4.5
6.4
1.9
19
5
12
20.7
22.5
1.8
20
5
25
44.1
46.0
1.9
21
5
39
69.4
71.3
1.9
22
5
43
76.5
78.5
2.0
23
7
8
13.4
15.2
1.8
24
7
16
27.8
29.6
1.8
25
7
28
49.5
51.2
1.7
26
7
40
71.0
72.9
1.9
27
10
6
9.9
11.7
1.8
28
10
17
29.8
31.6
1.8
29
10
30
53.1
54.7
1.6
30
10
40
71.0
72.8
1.8
31
10
48
85.6
87.2
1.6
32
12
6
9.6
11.5
1.9
33
12
15
25.9
27.6
1.7
34
12
19
33.0
34.9
1.9
35
12
30
52.6
54.5
1.9

UTM X

UTM Y

533049.9
533047.4
533045.8
533043.7
533037.5
533029.2
533053.2
533051.4
533044.8
533041.5
533037.6
533031.4
533054.8
533049.6
533045.3
533040.4
533035.9
533059.8
533055.1
533048.1
533039.9
533037.7
533064.0
533059.8
533052.9
533046.3
533075.5
533069.5
533062.3
533056.6
533051.9
533082.2
533077.4
533075.2
533069.0

6120032.4
6120023.9
6120018.8
6120011.8
6119992.8
6119966.8
6120031.9
6120024.8
6120004.3
6119994.0
6119982.0
6119963.1
6120024.9
6120008.0
6119994.5
6119979.3
6119965.7
6120029.3
6120014.0
6119991.6
6119967.6
6119960.8
6120019.9
6120006.2
6119985.7
6119965.0
6120021.5
6120002.5
6119980.4
6119963.3
6119949.7
6120020.4
6120005.0
6119998.1
6119979.5
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36
37
38
39
40
41
42
43
44
45
46
47
48
49
50
51
52
53
54
55
56
57
58

12
12
14
14
14
14
16
16
16
16
18
18
18
18
18
19
19
19
20
20
20
20
20

40
48
13
26
40
51
7
20
33
50
7
17
30
41
51
23
35
45
7
16
30
41
53

70.5
84.9
22.5
45.9
71.3
91.0
11.6
35.2
58.6
89.2
11.7
30.0
53.3
73.0
91.3
50.2
69.9
90.5
12.1
28.6
55.5
75.1
97.6

72.5
86.4
24.3
47.8
72.9
92.6
13.5
37.1
60.4
91.0
13.5
31.8
55.1
74.8
92.9
51.9
71.8
92.4
13.8
30.4
57.4
77.0
99.5

2.0
1.5
1.8
1.9
1.6
1.6
1.9
1.9
1.8
1.8
1.8
1.8
1.8
1.8
1.6
1.7
1.9
1.9
1.7
1.8
1.9
1.9
1.9

533063.5
533058.7
533085.3
533078.0
533070.3
533063.6
533095.6
533088.3
533080.8
533071.0
533102.6
533096.8
533089.5
533083.0
533077.0
533093.9
533087.4
533080.9
533109.2
533104.2
533095.6
533089.1
533082.0

6119962.5
6119949.2
6120007.5
6119985.1
6119961.2
6119942.6
6120016.8
6119994.5
6119972.4
6119943.3
6120016.1
6119998.7
6119976.7
6119958.0
6119940.9
6119978.9
6119960.2
6119940.6
6120014.3
6119998.5
6119973.0
6119954.4
6119933.0
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10.2 S-plus Script for Vinecrawler
crawler.fn<-function(InputRaster)
{
############################################################################################
#
#
# crawler.fn(<file>)
#
#
#
# This function examines an NDVI raster, picks out the vine rows and records rows of #
# NDVI values across the vine row. This is output to a text file for further
#
# analysis.
#
#
#
# NOTE – Red text signifies commands or data that is specific to a particular raster.
#
#
#
# Requires: Rectangular ASCII single band raster with ENVI raster info header <file>
#
#
#
# Andrew Hall, Last modified 16/4/01
#
#
#
############################################################################################
cat("\nReading in raster file...\n")
Raster<-as.numeric(scan(InputRaster,skip=5))
# Read file header information for raster dimensions
Dimensions<-scan(InputRaster,skip=2,n=10)
NSamples<-as.numeric(Dimensions[4])
NRows<-as.numeric(Dimensions[7])
# Initialise RasterArray
cat("Initialising parameters...\n")
RasterArray<-array(c(1:(NRows*NSamples*1)),dim=c(NSamples,NRows))
RasterArray<-RasterArray-RasterArray
RasterArray2<-RasterArray
EmptyRow<-(1:NSamples)-(1:NSamples)
for(Row in 1:NRows)
{
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InputRasterRowStart<-((Row-1)*NSamples)+1
InputRasterRowEnd<-((Row-1)*NSamples)+NSamples
RasterArray[,Row]<-Raster[InputRasterRowStart:InputRasterRowEnd]
}
cat("File Read.\n")
# xN is the horizontal width in pixels of the image
# yN is the vertical length in pixels of the image
xN<-NSamples
yN<-NRows
# zarray is a raster array of the NDVI data
zarray<-RasterArray
cat("\n NDVI data loaded. \n")
# Assign threshold to be used for remainder of function
threshold<-0.62
# Mask out all pixels below threshold by making them equal to zero
RasterArray[RasterArray<threshold]<-0
# Plot contour of threshold outline
motif()
par(err=-1)
contour(1:xN,1:yN,RasterArray,levels=threshold,labex=0)
# Initialise array for outfile
outfile<-c("rownumber","middleofrowy","middleofrowx","NDVIarray1",2,3,4,5,6,7,8,9,10,11,12,13,14,15,16,17,18,19,20)
# Initialise middleofrow (the one dimensional array containing the x (horizontal)
# Positions of the calculated row middles), sumNDVI and canopywidth
middleofrow<-c()
sumNDVI<-c()
canopywidth<-c()
# Initialise highestxpos and highestypos - parameters used to determine starting position of next row
highestxpos<-1
lowestxpos<-xN
highestypos<-1
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lowestypos<-yN
lastmidypos<-1
lastmidxpos<-1
# Initialise rownumber - a record of rows completed
rownumber<-0
# Angle in radians from the horizontal of site
angle<-0.18401436

for(rownumber in 1:21)
{
xpos<-10
if(rownumber>=6) xpos<-45
if(rownumber>=7) xpos<-60
if(rownumber>=13) xpos<-95
if(rownumber>=14) xpos<-104
if(rownumber>=16) xpos<-110
if(rownumber>=17) xpos<-120
if(rownumber>=18) xpos<-123
if(rownumber>=19) xpos<-138
if(rownumber>=20) xpos<-151
if(rownumber>=21) xpos<-156
if(rownumber==4) lowestypos<-278
if(rownumber==13) lowestypos<-140
if(rownumber==20) lowestypos<-30
if(rownumber==21) lowestypos<-13
lowestypos<-floor(lowestypos+0.5)
ypos<-lowestypos-9

# Skip all blank columns
while(sum(RasterArray[xpos,(lowestypos-9):(lowestypos-2)])==0) xpos<-xpos+1
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while(RasterArray[xpos,ypos]==0)
# Search for start point
{
cat("\nxpos",xpos,"ypos",ypos,"z",RasterArray[xpos,ypos])
ypos<-ypos+1
if(ypos==lowestypos-1) # If the top of image is reached
{
ypos<-lowestypos-9
if(rownumber==1) ypos<-318
xpos<-xpos+1
}
}
canopystart<-c(xpos,ypos)
cat("canopystart",canopystart,"\n")
# Record start coordinates for last row
lastrowstart<-canopystart
cat("\nStarting loop for row ",rownumber,"\n")
previousypos<-ypos
previousxpos<-xpos
FirstPixelInRow<-T
# Start loop - continue loop until end of image or end of row is reached
while(xpos<xN & ypos<yN & RasterArray[floor(xpos+0.5),floor(ypos+0.5)]!=0)
{
cat("row (y)",floor(ypos+0.5),"column (x)",floor(xpos+0.5),"NDVI",RasterArray[xpos,ypos]," ")
# Check to see if search has gone too far - if so revert to previousxpos
if(abs(xpos-previousxpos)>20) xpos<-previousxpos
previousxpos<-xpos

# SEARCH FOR CANOPYSTART #
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if(ypos>highestypos) highestypos<-ypos
if(ypos<lowestypos) lowestypos<-ypos
while(RasterArray[floor(xpos+0.5),floor(ypos+0.5)]!=0)
{
xpos<-xpos-sin(angle)
ypos<-ypos+cos(angle)
}
xpos<-xpos+sin(angle)
ypos<-ypos-cos(angle)
canopystart<-c(xpos,ypos)
cat("Original canopystart",canopystart," ")
#
cat("\ncanopystart[2]",canopystart[2],"lastmidypos",lastmidypos,"FirstPixelInRow",FirstPixelInRow)
#qwerty<-readline()
#
if(abs(canopystart[2]-lastmidypos)>9 & !FirstPixelInRow) # If search went too far due to conjoined rows
{
# calculate canopystart based on previousxypos
canopystart[1]<-floor(lastmidxpos+(6*sin(angle))+cos(angle)+0.5)
canopystart[2]<-floor(lastmidypos+(6*cos(angle))-sin(angle)+0.5)
#
cat("\nNew canopystart",canopystart," ")
#qwerty<-readline()
#
}
#
points(floor(xpos+0.5),floor(ypos+0.5),type="p",pch="S")
#qwerty<-readline()
#
# SEARCH FOR CANOPYEND #
# (Find pixel before next pixel below threshold NDVI on same row (canopyend))
cat("\n",xpos,ypos)
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points(floor(xpos+0.5),floor(ypos+0.5),type="p")

while(RasterArray[floor(xpos+0.5),floor(ypos+0.5)]==0)
{
xpos<-xpos+sin(angle)
ypos<-ypos-cos(angle)
}
while(RasterArray[floor(xpos+0.5),floor(ypos+0.5)]!=0)
{
xpos<-xpos+sin(angle)
ypos<-ypos-cos(angle)
}
xpos<-xpos-sin(angle)
ypos<-ypos+cos(angle)
canopyend<-c(xpos,ypos)
cat("Original canopyend",canopyend)
#
cat("\ncanopyend[2]",canopyend[2],"lastmidypos",lastmidypos,"FirstPixelInRow",FirstPixelInRow)
#qwerty<-readline()
#
if(abs(canopyend[2]-lastmidypos)>9 & !FirstPixelInRow)
# If search went too far due to conjoined rows
{
# calculate canopystart based on previousxypos
canopyend[1]<-floor(lastmidxpos-(6*sin(angle))+cos(angle)+0.5)
canopyend[2]<-floor(lastmidypos-(6*cos(angle))-sin(angle)+0.5)
#
cat("\nNew canopyend",canopyend)
#qwerty<-readline()
#
}
FirstPixelInRow<-F
#
points(floor(xpos+0.5),floor(ypos+0.5),type="p",pch="E")
#qwerty<-readline()
#
# keep coordinates for next search start point (first pixel in interrow space)
interrowstart<-c(xpos,ypos)
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# now find the mid point of NDVI array based on weight of NDVI on either side (midpos)
NDVI<-c()
xpos<-canopystart[1]
ypos<-canopystart[2]
for(i in canopystart[2]:canopyend[2])
{
NDVI<-c(NDVI,RasterArray[floor(xpos+0.5),floor(ypos+0.5)])
if(xpos>highestxpos) highestxpos<-xpos
if(ypos<lowestypos) lowestypos<-ypos
#
cat("\n",xpos,ypos)
points(floor(xpos+0.5),floor(ypos+0.5),type="p")
#qwerty<-readline()
#
xpos<-xpos+sin(angle)
ypos<-ypos-cos(angle)
}
cat(" NDVI",NDVI,"\n")
midpos<-0
while(sum(NDVI)/2>sum(NDVI[1:midpos])) midpos<-midpos+1
midpos<-midpos-1
xpos<-canopystart[1]+midpos*sin(angle)
ypos<-canopystart[2]-midpos*cos(angle)
lastmidxpos<-xpos
lastmidypos<-ypos

# Fill out NDVI array with NAs to make up to twenty
newNDVI<-c(1:20)+NA
for(i in 1:length(NDVI)) newNDVI[i]<-NDVI[i]
# Write data to array for outfile
outfile<-rbind(outfile,c(rownumber,ypos,xpos,newNDVI))

# Put point on to plot
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#
cat("\n",xpos,ypos)
points(floor(xpos+0.5),floor(ypos+0.5),type="p",pch=2)
#qwerty<-readline()
#
if(xpos>highestxpos) highestxpos<-xpos
if(ypos<lowestypos) lowestypos<-ypos
# Move across one pixel before restarting loop
xpos<-xpos+cos(angle)
ypos<-ypos+sin(angle)
# Check to see if current pixel location is 0.
# If it is, search down and up alternately 5 pixel distance.
SearchCount<-0
lastxpos<-xpos
lastypos<-ypos
while(RasterArray[floor(xpos+0.5),floor(ypos+0.5)]==0 & xpos<(xN-1) & ypos<(yN-1))
{
SearchCount<-SearchCount+1
if(SearchCount==11)
# Move across one pixel if no pixel!=0 is found
{
SearchCount<-1
lastxpos<-lastxpos+cos(angle)
lastypos<-lastypos+sin(angle)
#
cat("\n",xpos,ypos,RasterArray[floor(lastxpos+0.5),floor(lastypos+0.5)])
points(floor(lastxpos+0.5),floor(lastypos+0.5),type="p",pch=3)
#qwerty<-readline()
#
}
if(SearchCount/2==floor(SearchCount/2))
# IF SearchCount EVEN
{
xpos<-lastxpos+(sin(angle)*floor((SearchCount/2)+0.5))
ypos<-lastypos-(cos(angle)*floor((SearchCount/2)+0.5))
}
if(SearchCount/2!=floor(SearchCount/2))
# IF SearchCount ODD
{
xpos<-lastxpos-(sin(angle)*floor((SearchCount/2)+0.5))
ypos<-lastypos+(cos(angle)*floor((SearchCount/2)+0.5))
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}
cat(" Searching",SearchCount)
}
}
# End loop
}
# End for loop for rows
write.table(outfile,file="rowmiddle.out")
}

10.3 S-plus Script for Informer
informerCSUF2.fn<-function()
{
# Read in Crawler output file
table<-read.table("CSUFlower2.crawl",skip=2,sep=",")
longestrowlength<-0
endofrow<-c()
startofrow<-c()
# Read in RowStart coordinates
RowStart<-read.table("RowEnds.CSUFlower2.csv",sep=",")
RowStartX<-RowStart[,1]
RowStartY<-RowStart[,2]
# Calculate map coordinates
ImageX<-unlist(table[,4])
ImageY<-unlist(table[,3])
MapX<-c()
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MapY<-c()
RowStartMapX<-c()
RowStartMapY<-c()
for(i in 1:length(ImageX))
{
MapX[i]<-533013.75+(0.06231890618801116943359375*ImageX[i])+(0.1855712234973907470703125*ImageY[i])+(- ~
0.0000013152871360944118350744247436523438*ImageX[i]*ImageY[i])
MapY[i]<-6119944+(0.19261349737644195556640625*ImageX[i])+(- ~
0.064374916255474090576171875*ImageY[i])+(0.0000069000498115201480686664581298828125*ImageX[i]*ImageY[i])
}
for(i in 1:length(RowStartX))
{
RowStartMapX[i]<-533013.75+(0.06231890618801116943359375*RowStartX[i])+(0.1855712234973907470703125*RowStartY[i])+(- ~
0.0000013152871360944118350744247436523438*RowStartX[i]*RowStartY[i])
RowStartMapY[i]<-6119944+(0.19261349737644195556640625*RowStartX[i])+(- ~
0.064374916255474090576171875*RowStartY[i])+(0.0000069000498115201480686664581298828125*RowStartX[i]*RowStartY[i])
}
# Sort input table into vinerows
for(i in 1:21)
# 1:21
{
if(i==1)
{
endofrow[i]<-sum(table[,2]==i)
startofrow[i]<-1
}
if(i!=1)
{
endofrow[i]<-sum(table[,2]==i)+endofrow[i-1]
startofrow[i]<-endofrow[i-1]+1
}
if((endofrow[i]-startofrow[i])>(longestrowlength-3)) longestrowlength<-(endofrow[i]-startofrow[i])+4
}
cat("\n")
plot(MapX,MapY)
for(i in 1:21) points(RowStartMapX[i],RowStartMapY[i],pch=5)
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motif()
par(col=0)
plot(MapX,MapY)
par(col=1)
for(i in 1:21)
{
cat(i,". ")

# 1:21

D<-c()
meanNDVI<-c()
sumNDVI<-c()
hi2NDVI<-c()
varNDVI<-c()
csInRow<-0
secderiv<-c()
for(cs in startofrow[i]:endofrow[i])
{
csInRow<-csInRow+1
data<-unlist(table[cs,5:24])
data<-data[data!="NA"]
data<-data[data!=0]
meanNDVI<-c(meanNDVI,mean(data))
sumNDVI<-c(sumNDVI,sum(data))
if(length(data)==1) hi2NDVI<-c(hi2NDVI,data)
if(length(data)!=1)
{
max1<-max(data)
if(sum(data==max1)>1) max2<-max1
if(sum(data==max1)==1)
{
data2<-data[data!=max1]
max2<-max(data2)
}
hi2NDVI<-c(hi2NDVI,mean(max1,max2))
}
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if(length(data)<4) secderiv<-c(secderiv,0)
if(length(data)>=4)
{
x<-c(1:length(data))
y<-data
cat("\n",cs," x",x," y",y)
secderivdata<-0
if(cs!=366 & cs!=1126)
{
fit<-nls(y~a*x^2+b*x+c,data=data.frame(y=y,x=x),start=list(a=0,b=0,c=1))
secderivdata<-fit$parameters[1]*2
}
secderiv<-c(secderiv,secderivdata)
}
varNDVI<-c(varNDVI,var(unlist(table[cs,5:24]),na.method="omit"))
# Calculate distance along the row
#
#

#

cat("\nRowStartMapX[i],RowStartMapY[i]",RowStartMapX[i],RowStartMapY[i])
points(RowStartMapX[i],RowStartMapY[i],pch=5)
cat("\nMapX[cs],MapY[cs]",MapX[cs],MapY[cs])
points(MapX[cs],MapY[cs],pch=2)
dX<-MapX[cs]-RowStartMapX[i]
dY<-MapY[cs]-RowStartMapY[i]
cat("\ndX,dY",dX,dY)
D<-c(D,sqrt((dX^2)+(dY^2)))

#
#

cat("\nD",D)
qwerty<-readline()
}

MapXOut<-MapX[startofrow[i]:endofrow[i]]
MapYOut<-MapY[startofrow[i]:endofrow[i]]

LengthOfRow<-(endofrow[i]-startofrow[i])+1

# Fill out columns with NAs to make
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D[(LengthOfRow+1):longestrowlength]<-NA
sumNDVI[(LengthOfRow+1):longestrowlength]<-NA
meanNDVI[(LengthOfRow+1):longestrowlength]<-NA
hi2NDVI[(LengthOfRow+1):longestrowlength]<-NA
secderiv[(LengthOfRow+1):longestrowlength]<-NA
varNDVI[(LengthOfRow+1):longestrowlength]<-NA
MapXOut[(LengthOfRow+1):longestrowlength]<-NA
MapYOut[(LengthOfRow+1):longestrowlength]<-NA

# same length as longest column

if(i==1)
{
DArray<-D
sumArray<-sumNDVI
meanArray<-meanNDVI
hi2Array<-hi2NDVI
secderivArray<-secderiv
varArray<-varNDVI
MapXArray<-MapXOut
MapYArray<-MapYOut
}
if(i!=1)
{
DArray<-cbind(DArray,D)
# Append the columns to output tables
sumArray<-cbind(sumArray,sumNDVI)
meanArray<-cbind(meanArray,meanNDVI)
hi2Array<-cbind(hi2Array,hi2NDVI)
secderivArray<-cbind(secderivArray,secderiv)
varArray<-cbind(varArray,varNDVI)
MapXArray<-cbind(MapXArray,MapXOut)
MapYArray<-cbind(MapYArray,MapYOut)
}
}
sizeArray<-sumArray/meanArray
# calculate normalised sum
nmean<-meanArray-min(meanArray,na.rm=T)
nmean<-nmean/max(nmean,na.rm=T)
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nsize<-sizeArray-min(sizeArray,na.rm=T)
nsize<-nsize/max(nsize,na.rm=T)
nsumArray<-nmean*nsize
# write Arrays to files
write.table(DArray,file="D.CSUF2",dimnames.write=F)
write.table(sumArray,file="sum.CSUF2",dimnames.write=F)
write.table(meanArray,file="mean.CSUF2",dimnames.write=F)
write.table(hi2Array,file="hi2.CSUF2",dimnames.write=F)
write.table(secderivArray,file="secderiv.CSUF2",dimnames.write=F)
write.table(varArray,file="var.CSUF2",dimnames.write=F)
write.table(sizeArray,file="size.CSUF2",dimnames.write=F)
write.table(nsumArray,file="nsum.CSUF2",dimnames.write=F)
write.table(MapXArray,file="mapx.CSUF2",dimnames.write=F)
write.table(MapYArray,file="mapy.CSUF2",dimnames.write=F)
}

10.4 S-plus Script for Sampler
sampler.fn<-function(suffix)
{
DTable<-scan(paste("D.",suffix,sep=""),sep=",")
ColumnLength<-length(DTable)/21
DTable<-array(DTable,dim=c(21,ColumnLength))
DTable[is.na(DTable)]<-0
HW<-scan("CSUSamplePos.csv",sep=",")
HW<-array(HW,dim=c(5,61))
SiteCode<-HW[1,]
RowIn<-HW[2,]
VineIn<-HW[3,]
DStart<-HW[4,]
DEnd<-HW[5,]
DMid<-(DStart+DEnd)/2
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OutFile<-cbind(SiteCode,RowIn,VineIn,DMid)
cat("\nData Read.")
for(Param in 1:7)
{
if(Param==1)
if(Param==2)
if(Param==3)
if(Param==4)
if(Param==5)
if(Param==6)
if(Param==7)

TableName<-"hi2"
TableName<-"secderiv"
TableName<-"mean"
TableName<-"sum"
TableName<-"var"
TableName<-"mapx"
TableName<-"mapy"

TableName<-paste(TableName,".",suffix,sep="")
cat("\n\n",TableName,"\n\n")
ParamTable<-scan(TableName,sep=",")
ParamTable<-array(ParamTable,dim=c(21,ColumnLength))
ParamMeanOut<-c()
for(Sample in 1:61)
{
cat("\n\n",Sample)
StartD<-DStart[Sample]
EndD<-DEnd[Sample]
Row<-abs(RowIn[Sample]-22)
# Search for start and end of sample site
MaxPixel<-ColumnLength-(sum(DTable[Row,]==0))
cat("MaxPixel",MaxPixel)
Pixel<-1
#cat("\n","Row",Row,"Pixel",Pixel,"DTable[Row,Pixel]",DTable[Row,Pixel],"StartD",StartD)
#qwerty<-readline()
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while(DTable[Row,Pixel]>EndD & (Pixel-1)<MaxPixel)
{
#cat("\n","Row",Row,"Pixel",Pixel,"DTable[Row,Pixel]",DTable[Row,Pixel],"EndD",EndD)
#qwerty<-readline()
Pixel<-Pixel+1
}
EndPixel<-Pixel
while(DTable[Row,Pixel]>StartD & (Pixel-1)<MaxPixel)
{
#cat("\n","Row",Row,"Pixel",Pixel,"DTable[Row,Pixel]",DTable[Row,Pixel],"StartD",StartD)
#qwerty<-readline()
Pixel<-Pixel+1
}
StartPixel<-Pixel

if((Pixel-1)>=MaxPixel)
{
StartPixel<-NA
EndPixel<-NA
}
cat("StartPixel",StartPixel,"EndPixel",EndPixel)
if(!(is.na(StartPixel)))
{
ParamList<-c()
for(Pixel in StartPixel:EndPixel)
{
ParamList<-c(ParamList,ParamTable[Row,Pixel])
}
cat("\nParamList",ParamList)
ParamMeanOut[Sample]<-mean(ParamList)
}
if(is.na(StartPixel))
{
ParamMeanOut[Sample]<-NA
}
}
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OutFile<-cbind(OutFile,ParamMeanOut)
ParamMeanOut<-c()
}
FileName<-paste("sampler.",suffix,sep="")
write.table(OutFile,FileName)

10.5 S-plus Script to Return Best Significant Relationships Between Two Sets of Variables

table<-CSU1table
output<-c()
count<-0
biocols<-c(9)
bionames<-c("50_bwt")
rscols<-c(8,9,10,12,14,15,16,17,18,19,20,21,22,23,24,25,26,27,28,29,30,31,32,33,35,36,105,53,54,55,57,58,106,75,76,77,79,80,107)
rsnames<c("yield","50_bwt","pruningwt","anthog","pheng","brix","TA","pH","N","Fe","Mn","B","Cu","Zn","Ca","Mg","Na","K","P","S","Al","F1hi2
","F1secderiv","F1mean","F1size","F1var","F1nsum","V1hi2","V1secderiv","V1mean","V1size","V1var","V1nsum","M1hi2","M1secderiv","M1m
ean","M1size","M1var","M1nsum")
for(rs in 1:length(rscols))
{
I<-table[,rscols[rs]]
for(bio in 1:length(biocols))
{
if(biocols[bio]!=rscols[rs])
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{
D<-table[,biocols[bio]]
for(i in c(1,2,3,4))
{
count<-count+1
#noin<-((1:100)*4)-1
#if(sum(count==noin)==0)
{
if(i==1)
{
modelname<-"linear"
equation<-y~a*x+b
start<-list(a=0,b=0)
func<-function(a,b) return(a*x+b)
}
if(i==2)
{
modelname<-"ln"
equation<-y~a*log(x)+b
start<-list(a=0,b=0)
func<-function(a,b) return(a*log(x)+b)
}
if(i==3)
{
modelname<-"exp"
equation<-y~a*exp(x)+b
start<-list(a=0,b=0)
func<-function(a,b) return(a*exp(x)+b)
}
if(i==4)
{
modelname<-"poly2"
equation<-y~a*x^2+b*x+c
start<-list(a=0,b=0,c=0)
func<-function(a,b,c) return(a*x^2+b*x+c)
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}
y<-I[!is.na(D)]
x<-D[!is.na(D)]
x<-x[!is.na(y)]
y<-y[!is.na(y)]
model<-nls(equation,data=data.frame(y=y,x=x),start=start)
a<-model$parameters[1]
b<-model$parameters[2]
if(length(model$parameters)==3) c<-model$parameters[3]
ybar<-mean(y)
if(length(model$parameters)==2) yhat<-func(a,b)
if(length(model$parameters)==3) yhat<-func(a,b,c)
Rsq<-(sum((yhat-ybar)^2))/(sum((y-ybar)^2))
GaussC<-(sum((y-yhat)^2))/(length(y)-length(model$parameters))
Cor<-cor(x,y,trim=0,na.method="omit")
cat(count,rsnames[rs],bionames[bio],modelname,Cor,Rsq,GaussC,"\n")
output<-rbind(output,c(count,rsnames[rs],bionames[bio],modelname,Cor,Rsq,GaussC))
}
}
}
}
}
BestFit<-c()
GaussC<-output[,7]
for(i in 0:((length(GaussC)/4)-1))
{
GaussSet<-as.numeric(c(GaussC[(i*4)+1],GaussC[(i*4)+2],GaussC[(i*4)+3],GaussC[(i*4)+4]))
if(min(GaussSet)==GaussSet[1]) MinPos<-c(1,0,0,0)
if(min(GaussSet)==GaussSet[2]) MinPos<-c(0,1,0,0)
if(min(GaussSet)==GaussSet[3]) MinPos<-c(0,0,1,0)
if(min(GaussSet)==GaussSet[4]) MinPos<-c(0,0,0,1)
BestFit<-c(BestFit,MinPos)
}
output<-cbind(output,BestFit)
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n<-length(y)
r<-(as.numeric(output[,6]))^(0.5)
FisherZ<-0.5*log((1+r)/(1-r))
z<-FisherZ*sqrt(n-3)
testz<-qt(0.01,n-1)
Significant<-abs(z)>abs(testz)
output<-cbind(output,Significant)
#write.table(output,"C:/data/Soutput/regrbio.txt",sep=",",dimnames.write=F)
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