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Abstract

A smartphone app was developed for the diagnosis of nutritional disorders in grapevines using visual
leaf symptoms. The app uses artificial intelligence (Al) to assess images captured by the user using a
standard camera on a smartphone. To develop the symptom database, glasshouse Chardonnay and
Shiraz vines were grown hydroponically in various nutrient solutions and RGB images were captured
of leaves as symptoms developed and progressed. The image database includes symptoms for
nitrogen, potassium, magnesium, calcium and iron deficiency. Machine learning was used to process
the images and a model with high accuracy and rapid processing times was incorporated into the app.
However, outdoor image acquisition of leaves on field vines resulted in lower accuracy and further
development is therefore necessary. In a separate study, hyperspectral imaging accompanied by
machine learning also proved effective in identifying leaf age-based differences and individual nutrient
disorders. Lastly, based on gradients in nutrients along the petiole, tissue sampling protocols for
nutrient assessment were refined.

1. Executive summary

Optimum grapevine nutrition is required for long-term plant resilience against biotic and abiotic
stresses, and for achieving the desired yield and berry composition. The most accurate method to
determine vine nutrient status is through a chemical analysis of sampled tissues. Obvious visual leaf
symptoms can also be useful in diagnosing nutrient disorders but reference images provided in field
manuals are often not clear, not cultivar specific and don’t show the progression of symptoms. Better
methods are required to use these visual leaf symptoms to optimum benefit. This project had 3
objectives. The first objective was to develop a smartphone diagnostic app that provides information
to growers on nutritional disorders in grapevines using visual symptoms. The second objective was to
assess hyperspectral imaging as a method for diagnosing early-stage nutritional disorders. The third
objective was to assess various tissue sampling protocols for vine nutrient assessment.

Diagnostic App

The advancement of image processing and machine learning has made it feasible to develop rapid
tools to assess grapevine nutritional disorders using visual symptoms. We therefore set out to develop
a smartphone app to capture and analyse images of vine leaves displaying symptoms of particular
nutritional disorders. This tool uses underlying customised machine learning and computer vision
techniques to assist identification of nutrient deficiencies. The app also contains an image library of
symptomatic leaves for various nutrient disorders to assist growers in making in-field assessments.
Finally, the app contains links to information on how to remedy the specific nutritional disorder.
Limited field testing has indicated that non-uniform light and complex backgrounds decreases the
app’s accuracy and therefore further development is required. The app is useful only after visual
symptoms appear and is not intended as a replacement for plant tissue tests.

Hyperspectral Imaging Study

Hyperspectral (HS) imaging is a potential method to detect early indicators of plant stress, invisible to
the human eye. In this study, HS imaging was successfully employed in the 380 nm to 1000 nm
wavelength range to investigate the efficacy of detecting age, healthiness and individual nutrient
deficiency of grapevine leaves collected from vineyards located in central west NSW, Australia. Several
features were employed across the Ultraviolet (UV), Visible (VIS) and Near Infrared (NIR) regions
including mean brightness, mean 1st derivative brightness, variation index, mean spectral ratio,
normalised difference vegetation index (NDVI) and standard deviation (SD). Experimental results
demonstrate that these features could be utilised with a high degree of effectiveness to compare age,
identify unhealthy samples and not only to distinguish between control and nutrient deficient leaves



but also to identify specific nutrient deficiencies. Therefore, our work corroborated that HS imaging
has excellent potential as a non-destructive as well as a non-contact method to detect age, healthiness
and specific nutrient deficiencies of grapevine leaves. With further development, this technique could
allow frequent assessment of nutrient status across a block and allow the development of nutritional
maps at several time points across a growing season.

Tissue Sampling Study

Leaf tissue nutrient concentration is useful for determining grapevine nutritional status and managing
vineyard nutrition. Current Australian guidelines are based on the analysis of petioles at flowering or
leaf blades at veraison, sampled adjacent to the basal inflorescence and bunch. Our data indicate that
nutrient concentrations were non-uniform along the length of the petiole. The concentrations of some
nutrients within the leaf blade were correlated with those of the petiole but this was dependent on
the cultivar and the time of sampling. The nutrient concentrations of the bunchstem were more
closely correlated to the petiole than the blade. Cultivar differences were also apparent, but this
depended on the individual nutrient and the sampling time. Therefore, tissue nutrient analysis will be
meaningful only if sampling is consistent across these variables. These results suggest that the entire
petiole should be sampled and that vineyard specific historical databases with consistent sampling
procedures will be most meaningful for nutrition assessments.

This work was carried out in a close collaboration between Regional NSW, the Department of
Computing and Mathematics at Charles Sturt University, and the National Wine & Grape Industry
Centre with strong support from the NSW Wine Industry. Further support was provided by the GATE
during the commercialisation phase of the app.

2. Background

Plant nutrition is a cornerstone of grapevine health and productivity regardless of growing region or
climatic zone. It can be a very significant cost to the management of a vineyard, and if not handled
correctly, yield and quality will suffer. If severe enough, nutrient deficiency or toxicity can result in
deformity, discoloration and even death of tissues. These disorders also increase risk to pathogens
and abiotic stresses such as frost and heat. The nutrient profile of plants is most commonly assessed
through a tissue element analysis. A number of leaf petioles or blades are collected across a
representative area of the block and these are sent to a diagnostic laboratory for analysis. The results
are then compared to reference standards to determine any deficiencies or toxicities. Correct tissue
sampling is imperative to generating data that is meaningful. The leaf blade, leaf petiole or bunch stem
may be sampled but it is uncertain how meaningful each of these tissues are in relation to whole vine
nutritional status at any particular phenological stage. A detailed assessment of these tissues in
relation to each other may offer some clues as the best tissue to sample at any particular time.

Visual symptoms of nutrient disorders can also be informative, however they are particularly difficult
to diagnose. There are few clear reference images available in the literature or field manuals.
Moreover, these images do not show symptom progression or cultivar differences. Combining
advances in mobile device camera quality, image processing and machine learning opens up avenues
for the accurate diagnosis of these symptoms using Al. Smartphones are relatively cheap and easily
transportable to the field, and so offer a readily available tool to carry out rapid assessments of
symptoms that are already visually apparent.

Ideally, the identification of stresses should occur prior to visible physical damage. Hyperspectral
imaging may be useful in this regard. RGB sensors detect the reflected red, green, blue wavelengths
of the light spectrum (390 to 750 nm) while multispectral and hyperspectral sensors range usually in
the near and shortwave infrared region from 0.4 to 2.5 um. Usually, signature wavelengths are



identified for each particular stress. It is possible to discern each nutrient disorder through changes
in unique biochemical changes and thus reflectance spectra. This technology can be combined with
machine learning to allow for precise diagnosis at the individual leaf level, and beyond to the whole
block level. Hyperspectral imaging is advancing rapidly in many crops and may be applied successfully
to viticulture as a non-destructive and non-invasive method for monitoring nutrient status.

The overall objective of this work was to optimise plant nutrition assessments through three different
approaches: traditional tissue assessment protocols, visual symptom assessment and hyperspectral
imaging.

3. Project Aims

l. Aim: Develop an app that provides information to growers on nutritional disorders in a
white and red variety.

Deliverable: A user-friendly app that provides an assessment of disorders in grapevine
nutrition using (a) intelligent image capture and intelligent analytics of the image; and (b)
a digital image database that growers can refer to for their own assessments.

. Aim: Develop the capacity to assess vine nutrient status using a deep learning framework
based on a hyperspectral image library

Deliverable: Deep learning framework using hyperspectral images for leaf nutrient
classification.

Il. Aim: Provide a refined tissue sampling protocol by determining which leaf tissue is the
most appropriate indicator for vine macro and micronutrient status.

Deliverable: Revised sampling protocol for the assessment of vine nutrient status.

4. Methods/Results/Discussion

Chapter 1- Development of a Diagnostic App for Nutritional Disorders

1. Regional Survey

The objective of the survey was two-fold: 1) to assess current practise in assessing disorders,
and (2) to determine if industry would be interested in using a diagnostic app for nutritional
disorders. The questionnaire was paper based and administered to 4 growing regions: Swan
Hill, Mildura, Griffith and Tumbarumba during the AWRI Pre-season Pest and Disease
Workshop (August 2019) and NWGIC Spring Vine Health Field Days (September 2019). It
consisted of 17 questions.



Results

e Most respondents use a combination of resources to diagnose disorders. About 65%
relied on experience but also other methods: half used manuals, half used diagnostic
labs. Only 1 used Google and only 1 used a viticulturist.

e All respondents except one have sent their samples to a diagnostic lab for nutritional
analyses. About half the respondents conducted the test every year and the other
half less frequently than this. Only half have used an entomology or pathology lab for
the diagnosis of other disorders.

e 100% of the respondents indicated that they would use an app to help with
pest/disease/nutritional diagnosis. Only 15% said they were currently using another
app. This included Pmapp and Pest ID.

e 100% of the respondents wanted the app to be able to address all three: pest, disease
and nutrition.

e Most of the respondents were unsure and did not respond to the question regarding
the minimum acceptable accuracy for the correct diagnosis. Of the 7 that responded,
half indicated that 80% was acceptable, half indicated that 90% was acceptable, and
one wanted 100% accuracy.

e The maximum processing time users were willing to wait ranged widely from
immediate to 1 day.

e Most (70%) of the respondents would prefer to take the pictures in the vineyard and
only one preferred to take the pictures indoors. One respondent indicated a
preference for both options and two respondents thought either option was
acceptable.

e All of the respondents wanted to be able to tag the geolocation.

e All of the respondents wanted to have links to fact sheets and other resources.

e All of the respondents wanted real time incidence information for their region.

e All of the respondents, except one, wanted to create a historical database of their
blocks.

e The internet connection available to the respondents was assessed as acceptable
(70%). Only 10% of the respondents found it poor. The rest found it variable.

e 60% of the respondents wanted further information about the app as it developed.

2. One-on-one Interviews

We wanted to gain a deeper understanding of what the major challenges were for the industry in
terms of vine nutrition and to gain insights into the potential user’s world to help guide how we
might design the app. We thus carried out 10 one-on-one interviews covering small, intermediate
and large companies from the major viticultural regions across Australia (1 hour each). We
interviewed 4 small, 2 intermediate and 4 large operations. We spoke to 4 on the ground vineyard
personnel and 4 technical specialists or managers. 6 were male and 4 were female.

We asked about their productivity goals and motivations, how they manage vine nutrition, what
systems they use to manage their vineyard, what sort of devices they use, how they manage their
data, how they view R&D and industry information from different sources, and how they keep up
to date with the latest developments in the industry.



Figure 1. Topics explored in one-on-one interviews
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Figure 2. We used affinity mapping to organise data from all ten interviews. We had more than
100 insights which enabled us to draw out key challenges.

Key
Themes

E 7 Affinity mapping




Results

Figure 3. Interview responses according to affiliation with small or large operations

Small Operation Large operation
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Figure 4. Summary of feedback from industry members regarding current and potential new
methods and tools for vine symptom identification.
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This feedback gave us confidence that a simple and affordable Smartphone app with the capability
to analyse nutrient disorders with accuracy and speed would likely have high adoption by the
industry.



3. Nutritional Disorder Symptom Formation for Image Database

igure 5. Overall approach to developing a diagnostic app.

* Grow plants in specific
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. Collect toxic solutions
Images as . 1u¢e RGB images of leaves
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progress

* Extract a wide range of
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smoothness, contrast, shape)

* Use algorithm to classify the
disorder

* Embed model into an android
platform

Extensive method development was undertaken to ensure that visual symptoms were specific
to a particular nutrient deficiency. Initially 3-year-old rooted cuttings were grown in a sand
culture outdoors but leaves did not show symptoms over the entire season because the vines
were quite large and had ample nutrient reserves to compensate for the absence of nutrients
in the sand. We then progressed to a hydroponic system using short canes. Symptoms may be
different between a red and white variety and therefore we focussed on both Shiraz and
Chardonnay. Details of the method are as follows:

After five weeks of rooting, one-year-old dormant cuttings of Chardonnay and Shiraz vines
were potted into 2.5 L pots containing perlite and established in greenhouse conditions under
natural light with an average air temperature of 25°C during the day and 15°C during the night.
The vines were placed in a randomised block design across 3 tables with each table supporting
3 vines of each treatment. One shoot was retained on each plant and staked vertically.
Nutrient treatments were applied manually to the point of run-off. The control was a full
nutrient treatment based on modified half-strength Hoagland’s solution (Baby et al., 2014).
The other deficiency treatments were the same nutrients except with the elimination of the
nutrient of interest. Petioles were collected at the 10-leaf stage from 8 replicate plants, dried,
ground and assessed by ICP-OES at a commercial diagnostic lab (Charles Sturt University,
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Wagga Wagga, NSW). N was determined on a 50-mg sample with a VarioMAX combustion
analyser (Elementar, Hanau, Germany).

Figure 6. Vines were developed from short single node cuttings to minimise nutrient
mobilisation from the perennial woody components. Upon adequate root formation, plants
were potted into perlite and transferred to a temperature-controlled glasshouse where a
specific nutrient solution was administered to each pot.

Chardonnay Symptoms

Figure 7. Progression of N (nitrogen) deficiency in Chardonnay from left to right. Symptoms: uniform
loss of greenness and yellowing across the leaf blade. The veins do not remain bright green. Mature
leaves are usually more yellow than younger leaves.
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Figure 8. Progression of K (potassium) deficiency in Chardonnay from left to right. Symptoms:
yellowing of leaf margins, followed by burning and sometimes downward curling of leaf margins. With
increasing severity, the burning progresses inwards and appears in patches within the remainder of
the leaf. Emerging leaves (leaves at the shoot tip) initially look normal. However, as these
grow/expand they will be deformed, shiny and roll downwards.

Figure 9. Progression of Mg (magnesium) deficiency in Chardonnay from left to right. Symptoms:
interveinal areas form vyellow striations followed by necrotic lesions. The lesions first appear
somewhat interior to the leaf margin and then progress inwards. This is different from K deficiency
where burning is initiated on the leaf margin. Symptoms appear first in the older leaves.

Figure 10. Progression of Ca (calcium) deficiency in Chardonnay from left to right. Symptoms: burning
at leaf margins which progressively moves inwards in distinct patches towards the centre of the leaf.

Older leaves are affected first.

12



Figure 11. Progression of B (boron) toxicity in Chardonnay from left to right. Symptoms: small reddish-
brown lesions begin at the leaf margins and then appear across the blade. Small lesions may join to
form larger lesions and the entire margin may appear uniformly burnt.

Shiraz Symptoms

Figure 12. Progression of N (nitrogen) deficiency in Shiraz from left to right. Symptoms: uniform loss
of greenness and yellowing across the leaf blade. The veins do not remain bright green. Mature
leaves are usually more yellow than younger leaves.
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Figure 13. Progression of K (potassium) deficiency in Shiraz from left to right. Symptoms: yellowing of
leaf margins, followed by burning and sometimes downward curling of leaf margins. With increasing
severity the burning progresses towards the centre of the leaf. Emerging leaves (leaves at the shoot
tip) initially look normal. However, as these grow/expand they will be deformed, shiny and roll

downwards.

Emerging leaves look normal initially.

When potassium deficient young leaves
grow/expand they will be deformed;
shiny and rolled downwards.

Old leaf showing burnt margins

K deficient plant Normal plant
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Figure 14. Progression of Mg (magnesium) deficiency in Shiraz from left to right. Symptoms: interveinal
areas form yellow or reddish striations. The major veins retain a band of dark green. The minor veins
do not become accented as in Fe deficiency. In severe cases, necrosis occurs in the interveinal area
starting from near the leaf margin and extending inwards. Symptoms appears first in the older leaves.

~,

Figure 15. Progression of Ca (calcium) deficiency in Shiraz from left to right. Symptoms: burning at leaf
margins which progressively moves inwards in distinct patches towards the centre of the leaf. Older
leaves are affected first.

Figure 16. Progression of Fe (iron) deficiency in Shiraz from left to right. Symptoms: younger leaves
are affected first. These young leaves show interveinal chlorosis and very dark green veins- including
the minor veins to give a very intricate lacy pattern. Necrosis is unusual. However, as the severity of
the deficiency increases, chlorosis can begin in the older leaves.
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Figure 17. Progression of B (boron) toxicity in Shiraz from left to right. Symptoms: small reddish-brown
lesions begin at the leaf margins and then appear across the blade. Small lesions may join to form
larger lesions and the entire margin may appear uniformly burnt. Cupping and deformation of young
leaves. Whole vine growth and leaf size also reduced.
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P (phosphorus) deficiency did not result in obvious visual leaf symptoms, however vines were severely
stunted with both root and shoot growth affected.

Figure 18. Size difference between a
P deficient (below) and control
Chardonnay plant (left). Note no
visual leaf symptoms on the P
deficient vine.

Boron (B) deficiency also did not result in obvious leaf symptoms however plants were stunted and
new growth on the shoot tips was severely compromised. Chardonnay plants were more sensitive to
B deficiency than Shiraz plants and would not undergo budburst.

Figure 19. Developing shoot on control Shiraz plant with adequate nutrition (left) and on B deficient
plant (right). Newly forming leaves are necrotic and curl downward.
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Table 1. Summary of nutrient disorder symptoms for well-watered Chardonnay and Shiraz vines grown
in greenhouse conditions at 25°C.

Nutrient First leaves | Necrotic | Interveinal Distinct Leaf rolling Vein
disorder to show | leaf chlorosis necrotic coloration
symptoms margins legions
across
blade
N Older X Even X X Normal
deficiency yellowing
P Emerging X X X Emerging Normal
deficiency | leaves leaves-
downward
rolling
K Older Yes Striations Yes downward Normal
deficiency rolling of
mature
leaves
Mg Older X Striations Yes X Normal
deficiency
Ca Younger Yes X Yes X Normal
deficiency
Fe Younger X Even X X Dark green
deficiency interveinal major and
chlorosis minor  veins
across  the giving
blade intricate
pattern
B Shoot tips X X X Cupping of | Normal
deficiency | necrotic young
emerging
leaves
B toxicity | older Yes Yes Yes Cupping of | Normal
emerging
leaves

18



4. Algorithm development

This section contains commercial-in-confidence information and is therefore not available for
publication.

5. Prototyping and testing
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Face-to-face user experience trials (6 in total) were conducted in vineyards in Orange, Griffith and
Wagga (Dec 17-22/2020). We tested it with 6 users-2 were small growers, one from an intermediate
sized company and three from large companies. 3 of these were technical managers.
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- ()

@ )
& o

The overall response was very positive. Following are some quotes from the testers:

e “it'sinsane - it’s so quick"

e “Very easy to use”

o “I've been looking for something like this”

e  “I'm not tech savvy but still found it easy to use”

e  “Pretty straight forward!”

e “Saves carrying a book around- that would be handy”

Other feedback included:

e Spell out all elements rather than using abbreviation

e Zoom in ability for images in the gallery

e Make icons and font bigger for when entering all information (perhaps by switching the
direction to portrait rather than landscape

e Drop down menus need to be larger font

e Add note that the app will not work on other species

e Give option to share the image with someone, or to share the diagnosis with someone

e Show GPS location on the diagnosis

These adjustments have been made.
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Chapter 2- Hyperspectral Imaging of leaves to detect nutrient disorders

This chapter has been published in Sensors: https://arxiv.org/ftp/arxiv/papers/2007/2007.05197.pdf

Debnath S, Debnath T, Paul M, Rogiers SY, Baby T, Rahaman DM, Zheng L, Schmidtke L. 2020.
Hyperspectral imaging to detect age, defects and individual nutrient deficiency in grapevine leaves.
Sensors 20, 1-24: arXiv:2007.05197

Introduction

Over the ages, researchers in Computer Science and other disciplines have utilized various image
based (including but not limited to hyperspectral (HS) image methods) experimental and analytical
techniques for performing investigations with different fruits and vegetables. Diseases for
pomegranate, betel vine and fungal diseases in plants were detected using image processing [1-3],
and a spectral reflectance method was applied for early disease detection in wheat fields and to assess
the effect of leaf age and psyllid damage of Eucalyptus saligna foliage [4, 5]. Additionally, head blight
contamination in wheat kernels was detected by using multivariate imaging of Fusarium [6]. Detection
of multi-tomato leaf diseases (late blight, target and bacterial spots) at different stages by using a
spectral-based sensor was also reported [7]. Early blight and late blight diseases on tomato leaves,
Fusarium head blight in wheat kernels, early detection of tomato spotted wilt virus and stress were
detected using HS imaging [8-11].

HS imaging with high spectral and spatial resolutions is one of the most widely used techniques for
studies in disease/defect detection in leaves. It collects both spatial and spectral information
simultaneously from an object in a non-destructive and non-contact way between ultra violet (UV)
and infrared (IR) regions. As a result, its high spectral resolution provides an extensive volume of
information in recognizing, classifying and measuring objects [12, 13]. Changes in spectral reflectance
of wheat and lettuce leaves have been studied in response to macronutrient deficiencies using HS
data [14, 15]. In these literature wheat plants with different nutrient deficiency were compared with
that grown in the controlled environment with the aid of HS data.

Grapes are one of the most widely grown berries in the world due to their nutrition values and
importance in the multibillion dollar wine industry thereby related to thousands of jobs worldwide
and hence are an active area of research [16]. Grapevine leaves are a source of biomolecules which
have an influence on the quality and quantity of grapes. Photosynthetic performance of grapevine
leaves is an important process for producing fruits both qualitatively and quantitatively [17]. The
photosynthesis depends on the intensity of light, temperature as well as chlorophyll, carotenoids and
other accessory molecules such as nitrogen, and protein [18-20]. The contents of chlorophyll as well
as other molecules change during the life cycle of leaves. In the early stage of development contents
of chlorophyll, nitrogen and protein are high in leaves, but after a period when leaves enter
senescence phase, they gradually lose chlorophyll and protein. On the other hand, health of leaves
also affects photosynthetic process as cellular structures of unhealthy leaves undergo changes thereby
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influencing grape production [21-23]. Therefore, it is believed that an experimental study which is in
the context of determining age and analysing various defects in grapevine leaves would be important
and interesting to improve the general understanding in this research area. But very few research
papers are available at present that demonstrate the analysis of grapevine leaves utilizing HS imaging.
This work presents an extensive experimental study to detect age and defect of grapevine leaves with
the aid of HS imaging. The primary objectives are:

. to predict age of grapevine leaves through experimental study of leaf surfaces,
o to determine effective wavelength region for age detection,
. to distinguish unhealthy leaves from healthy leaves in terms of both visually defective leaves

and leaves with nutrient deficiencies,
o to determine appropriate wavelength region for detection of visually defective leaves,

. to introduce a new metric called the variation index that indicates the deviation of a leaf’s
brightness compared to a benchmark leaf as well as controlled leaf which was employed for both age
and unhealthy leaves detection studies,

. to distinguish between controlled leaf and nutrient deficient leaves, and
. to distinguish nutrient deficient leaves individually.

This report is organized as follows: section 2 details the experimental setup, section 3 describes the
experimental results and related in depth discussions and section 4 presents the conclusion of this
work.

Method

A number of healthy and unhealthy grapevine leaves as presented in Figure 1(b) were collected from
avineyard located in central west NSW, Australia. For nutrient deficiency study grapevine leaves were
collected from the NWGIC research centre, Charles Sturt University (CSU), NSW, Australia. They were
scanned by us to generate HS data cubes on the same day of procurement by utilizing Resonon’s
benchtop hyperspectral imaging system available in the Computer Vision research laboratory at CSU.
The HS imaging system is shown in Figure 1(a) and is comprised of a Pika XC2 high-precision HS camera,
linear translation stage, mounting tower, lighting assembly, and software control system known as
SpectrononPro. The imaging spectrometers are line-scan imagers, which means they collect data one
line at a time. The Pika XC2 HS camera is Resonon's highest precision UV, Visible and Near-Infrared
(VNIR) imager covering the ~380 - 1000 nm spectral range.
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Figure 1(a). Hyperspectral camera

Figure 1(b). Samples of grapevine leaves according to age including the benchmark leaf

To assemble a complete two-dimensional image, multiple lines are scanned as the object is translated.
The multiple line images are then assembled line by line to form a complete image. Two-dimensional
images are constructed by translating the sample relative to the camera. This is typically accomplished
by placing the sample leaves on a linear translation stage. For camera settings the frame rate and
integration time were selected as 62.04244 Hz (default) and 244.01 ms respectively. The dark current
has been acquired in absence of a light source. After collecting multiple dark frames SpectrononPro
then uses these measurements to subtract the dark current noise from the measurements. Measuring
absolute reflectance of an object requires calibration to account for illumination effects. To implement
this a white reflectance reference was placed on the stage under light for a scan of the reference
material. The collected data is then scaled in reflectance to the reference material, including flat-
fielding to compensate for any spatial variations in lighting. Once the imager is calibrated for both dark
current and reflectance reference, the imager will remain calibrated until the references are removed
by the user. The speed unit and scanning speed were selected to be linear and 0.07938 cm/s (lowest).
All samples were scanned for 10000 lines. The above-mentioned setting parameters were selected by
trial and error method to obtain the best resolution and quality of the HS images of the experimental
samples. Each scan of a leaf generated a HS image file with .bil extension with approximate size of 700
MB - 900 MB which were later processed by the SpectrononPro software.

For age detection studies the experiments were conducted on a number of grapevine leaves according
to ascending order of their age i.e. the youngest to the oldest leaf of a vine. All leaves in this group
were healthy by appearance. To study the features of healthy and unhealthy leaves, the experiment
was done on visibly defective leaves. Nutrient deficiency study was conducted on a number of leaves
which were grouped in controlled leaves and leaves with potassium (K), Magnesium (Mg) and Nitrogen
(N) deficiency.

Results

Sections 3.1, 3.2.1 and 3.2.2 present experimental results and discussions related to age detection,
distinction between healthy and unhealthy leaves and nutrient deficiency detection respectively.
Spectra for each leaf were taken for ~¥380 nm to 1000 nm.
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Age Detection

Figure 1(b) displays samples of grapevine leaves including benchmark leaf used for the age detection
studies. In this experiment grapevine leaves in the wavelength between ~380 nm and 1000 nm have
been studied. In the visible range of spectra, a characteristic high brightness peak within the green
wavelength range has been obtained (Figure 2). This is because in the visible wavelength range the
curve shape is governed by absorption effect from chlorophyll and other leaf pigments. It absorbs blue
and red wavelengths more strongly than green. As a result, it reflects higher amount of green
compared to blue and red and hence the characteristic high brightness [24-26]. It can also be observed
that the magnitude of mean brightness of very young leaf is higher than those of youngest, benchmark
and older leaves.
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Figure 2: Mean brightness spectra of grapevine leaves of different age in the wavelength range of
~380-1000 nm.

Figure 2 also corroborates that at NIR wavelength range the mean brightness of grape vine leaves is
higher than that of visible wavelength range. This is because a plant leaf has a low reflectance in the
visible spectral region due to strong absorption by chlorophylls and carotenoids. On the other hand, a
relatively high reflectance in the near-infrared is observed because of internal leaf scattering and no
absorption.

Although mean brightness spectra from UV to NIR range provide characteristics curves the indication
of age of leaves is not significantly observed. Therefore, for further age detection study the brightness
of other leaves were compared with respect to the brightness of benchmark leaf at 554.3 nm. This
wavelength was selected as a reference wavelength because it has been found from the spectral
analysis that between UV and NIR range the brightness difference is higher for the consecutive leaves
according to their age at ~ 554.3 nm. On the other hand, benchmark leaf has been selected as a
reference leaf because by visual inspection this leaf (see Figure 1(b)) could be considered as a matured
and healthy leaf. From Figure 3 it has been found that though the ratio of brightness of first few young
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leaves increases, after that it decreases with the increasing age of leaves at 554.3 nm. The
phenomenon of increasing brightness ratio for the first few very young leaves could be due to the
effect of water content. Though the chlorophyll content of the younger leaves was lower than that of
matured and older leaves [5], amount of water content was higher for younger leaves [28] compared
to older leaves. It has been reported that a decrease in water content was found to increase
reflectance [29]. Therefore, the level of water content has a dominant effect on the reflectance of
young leaves of certain age. Hence reflectance of green wavelength as well as brightness is lowest for
the youngest leaf. As leaves get older water content decreases thereby increasing brightness of young
leaves up to certain ages. From Figure 3 it can be seen that few very young leaves have slightly lower
brightness ratio than those of young leaves of certain ages. As leaves transit from young state to
matured state the brightness ratio decreases sharply and for matured to oldest leaves transition the
brightness ratio decreases gradually. From literature study it has been found that expanding leaves
combine high greenness with low photosynthetic rate as well as the decrease in photosynthetic
capacity is caused by effects such as leaf aging [30, 31]. Therefore, decreasing brightness ratio could
be because of the low photosynthetic rate of leaves due to the ageing effect.

Brightness ratio
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Figure 3. Ratio of brightness intensity of all grapevine leaves with benchmark leaf at 554.3 nm

To further study the age detection, mean 1% derivatives of the mean brightness data have been
analysed. From the mean 1% derivative spectral analysis longer wavelength shifts of the 1°* derivatives
mean brightness peaks according to age with respect to wavelength has been observed. These shifts
of the 1 derivative mean brightness peaks are clearly demonstrated in Figure 4 where it can be found
that there is a correlation between these shifts and age of the leaves. For the ease of explanation
leaves are presented here according to the ascending order of age. As the leaves get older the 1%
derivative mean brightness peaks between 470 nm and 550 nm shift to the higher wavelength.
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Figure 4. Maximum 1% derivative brightness peak as a function of wavelength in the 470 to 550 nm
range

To clearly understand the effect of age of leaves in the red and near infrared region (675 nm - 775 nm)
the mean 1° derivative brightness data have been considered. Figure 5 represents the mean 1%
derivatives brightness of a number of grapevine leaves between 675 nm and 775 nm. From Figure 5 it
could be stated that the brightness peak started gradually broadening when leaves transit from
matured to old phase. This broadening could be due to the amount of chlorophyll content and ageing
effect of leaves. As leaves going towards maturity the mean rate of change of brightness becomes
slower. As in Figure 4, shifts of mean 1% derivatives brightness peak between 675 nm and 775 nm
could be observed, but there is no significant shift based on age of leaves for this wavelength range.
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Figure 5. Mean 1% derivative of brightness of leaves in the 675 to 775 nm range

For further study of age detection of age, a variation index (v;) has been defined from the standard
deviation of brightness as:

_ (Obenchmarkleaf=0i)%100 ,
= %

v; Equation 1

Obenchmark leaf

where v; is the variation index of i leaf, 6 benchmark leaf and o; are the standard deviations of benchmark
leaf and it leaf respectively. This index represents how much the brightness of a leaf deviates from
that of a matured leaf. Figure 6 demonstrates that there is a correlation between age of leaves and v;
in both UV and NIR regions. It can be observed that v; follows a specific trend according to the age of
leaves in both UV and NIR regions. As the leaves continue to age, v; starts increasing in the UV region
but shows the opposite characteristics in the NIR region.
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Figure 6. Variation index (v;) of youngest to oldest leaves at different spectrum
regions for determination of age of leaves

Detection of Healthy and Unhealthy leaves
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spots and few leaf leaf
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spots.

Figure 7. Unhealthy leaf with white spots and few brown spots and its
selected areas for data cube accusation

In this section the characteristic features of healthy and unhealthy leaves have been studied. This
section is further divided in to two subsections. Section 3.2.1 demonstrate the comparison of
characteristic features of healthy and unhealthy leaves. Here healthy and unhealthy leaves have been
defined by their appearances. On the other hand Section 3.2.2 presents the comparison of
characteristic features of healthy and unhealthy leaves in terms of their nutrients content. In this study
healthy leaves are represented by the controlled leaves and unhealthy by leaves with different
nutrient deficiency.

1.1.1 Comparison of features of healthy and unhealthy leaves (considering appearance)

For the detection of the features of healthy and unhealthy leaves the data cubes have been obtained
by selecting both whole area and as well as selective areas of leaves using Lasso tool of SpectrononPro
software. Both whole and selective areas have been studied to obtain an optimum selection method
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for distinguishing healthy and unhealthy leaves. The following paragraphs detail the experimental
results and analysis for the 9 unhealthy leaves by appearance in terms of mean brightness and mean
15t derivatives brightness vs wavelength. The characteristics of these leaves were also compared with
a healthy leaf from the age detection group i.e. the benchmark leaf (Figure 1(b)). This was selected as
it appeared to be a matured leaf. As seen in Figure 7(a), this particular unhealthy leaf contains white
spots along with few brown spots. Figure 7 (b and c) represent examples of the whole area and
selective areas.

Benchmark leaf Whole area
Selective areas

950 -

450

50 | T T
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Wavelength (nm)

Mean 15t derivative brightness

Figure 8. Demonstration of mean 1% derivatives of brightness of healthy (benchmark leaf) and
unhealthy (whole and targeted necrotic areas) leaves to differentiate healthy and unhealthy leaves.

Figure 8 demonstrates that mean 1 derivative brightness in the NIR wavelength range is higher for
unhealthy leaf of whole area case compared to benchmark leaf. Narrowing of brightness curves for
unhealthy leaf is also observed for whole area case compared to benchmark leaf. A whole area case
shorter wavelength shift of mean 1% derivative brightness peak is also observed for unhealthy leaf
compared to benchmark leaf. From the literature study it has been found that reflectance in NIR is
insensitive to change in chlorophyll content but sensitive to internal leaf structure, water content,
structural compound and changing of internal mesophyll structure [32]. Therefore, the deviation of
mean 1% derivative brightness curves of unhealthy leaf with respect to benchmark leaf could be due
to the difference in internal leaf structures of unhealthy and healthy leaves. From Figure 8 it can be
observed that though selective areas case exhibits similar features as whole area the magnitude of
mean 1° derivatives brightness is lower compared to whole area case. For selective areas case, areas
have been selected based on the visible spots or defective areas. Therefore, characteristic features of
only visibly defective areas have been obtained. On the other hand, for whole area case, whole area
of a leaf has been selected regardless of visible defects. As a result, the features of both visible and
nonvisible defective areas have been acquired with the aid of hyperspectral imaging in the NIR region.
Therefore, whole area case probes significant features compared to selective areas’ case.
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Figure 9. Sample of unhealthy leaves with visible defects.

Sample of unhealthy leaves with visible defects are presented in Figure 9. For most of the unhealthy
leaves similar features to Figure 8 such as narrowing and shorter wavelength shift of the curves have
also been observed. It has been found that a sharp transition from low to high reflectance usually
occurs in the wavelengths between the visible and the NIR regions, and this transition usually shifts to
shorter wavelengths in diseased crops [34]. The wavelength where this transition occurs can be
observed in the 1°* derivative brightness curves. Hence, this deviation of 1°* derivative brightness curve

37



shapes of leaves with respect to benchmark leaf could be due to the brown spots of the leaf. Mean 1*
derivative brightness curves were able to significantly distinguish the healthy and most (though not
all) unhealthy leaves in the NIR region. Therefore, mean spectral ratios analysis has been employed.

Mean Spectral Ratios.
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Figure 10. Mean spectral ratios of different unhealthy leaves (whole area) to
benchmark leaf.

To highlight the difference between healthy and unhealthy leaves, the mean brightness spectra for
the unhealthy leaves were each divided by the mean brightness spectrum of the representative
healthy leaf i.e. benchmark leaf for both whole and selective areas of unhealthy leaves.

Unhealthy leaf with many small white and few brown spots and unhealthy leaf with few brown spots
exhibit almost similar ratio curve trends from ~ 400 nm to 1000 nm as per Figure 10(a). In this
wavelength range the brightness ratio is higher for unhealthy leaf with few brown spots than that of
unhealthy leaf with many small white and few brown spots. From Figure 10(b) it can be surmised that
unhealthy leaf with several big brown spots and unhealthy leaf with brownish regions have almost
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similar ratio curves. The brightness ratio of unhealthy leaf with several big brown spots is greater than
unhealthy leaf with brownish regions between the wavelength range ~ 491 nm and ~ 825 nm. After
825 nm the brightness ratio is higher for unhealthy leaf with brownish regions than unhealthy leaf
with several big brown spots. Figure 10(c) presents that unhealthy leaf with brown spots and holes
and unhealthy leaf with brownish regions and holes have similar shaped ratio curves. The brightness
ratio of unhealthy leaf with brownish regions and holes is greater than unhealthy leaf with brown
spots and holes between the wavelength range ~ 400 nm and 1000 nm. Also from Figure 10(d) it can
be found that for whole area cases unhealthy leaves with brown and yellowish regions and unhealthy
leaf with many large brown regions have similar ratio curves with higher ratio value for unhealthy leaf
with many large brown regions between ~ 570 nm to 1000 nm compared to unhealthy leaves with
brown and yellowish regions. Between ~ 400 nm and ~ 570 nm the ratio value is greater for unhealthy
leaves with brown and yellowish regions than that of unhealthy leaf with many large brown regions.
On the other hand for unhealthy leaf with brown regions and many small brown spots the ratio curve
is similar shaped to unhealthy leaves with brown and yellowish regions and unhealthy leaf with many
large brown regions between ~ 603 nm and 1000 nm. From ~ 400 nm to ~ 603 nm the unhealthy leaf
with brown regions and many small brown spots ratio curve is different to unhealthy leaves with
brown and yellowish regions and unhealthy leaf with many large brown regions as well as curves of
other unhealthy leaves.

Variation Index.

60 -
50
40 -

30 4

in NIR region

20

10 -

Variation index (v;) of leaves

0 .
Unhealthy

Healthy eaves

Figure 11. Variation index (v;) of healthy and unhealthy leaves in NIR region
for distinguishing healthy and unhealthy leaves

To obtain a correlation between healthy and unhealthy leaves, variation index v; index (Equation 1)
has also been applied. In this case o;represents the standard deviations of i unhealthy leaf. Figure 11
demonstrates that for wavelengths in the NIR region healthy leaves have v;index closer to benchmark
leaf, i.e. unhealthy leaves have higher value of v;index compared to healthy leaves. There is no such
pattern that has been observed for unhealthy and healthy leaves for wavelengths in the UV region.

1.1.2 Comparison of leaf features afflicted with specific nutrient deficiencies

To compare the features of healthy and unhealthy leaves a number of controlled leaves and leaves
with nutrients deficiency such as K, Mg and N have been studied using Hyperspectral imaging. In this
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study the data cubes have been obtained by selecting whole area with nutrient deficiency leaves using
Lasso tool of SpectrononPro software. The obtained data of both controlled leaves and data of leaves
with corresponding nutrient deficiency were then averaged.
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Figure 12: Mean brightness spectra of controlled and different nutrient deficiency leaves between
~380 nm — 1000 nm

Figure 12 shows the mean brightness spectra of wavelength range from ~380 nm to 1000 nm of
controlled and nutrients deficiency leaves. From this figure it can be observed that in the VIS
wavelength (400 nm- 700nm) the brightness of leaves with nutrients deficiency are higher than the
controlled leaf. All nutrient deficiencies affected chlorophyll content and generally increased
brightness in the VIS wavelength. The brightness peak normally centered at about 550 nm, then
broadens towards the red as absorption of incident light by chlorophyll decreases [14]. It can also be
seen from Figure 12 that N deficiency leaf has higher brightness compared to controlled, K and Mg
deficiency leaves at ~550 nm. Nitrogen is needed for chlorophyll production [35]. The higher
brightness at about 550 nm for N deficiency may be due to the lower content of chlorophyll in this
leaf relative to control leaves as well as leaves with other deficiencies.

From Figure 12 it can be shown that the brightness peak of nutrient deficiency leaves appeared at the
shorter wavelength (red shift) compared to the controlled leaf in the wavelength range between ~
680 nm and 1000 nm. The slope of the red shift was steeper for nutrients deficient leaves than that
of the controlled leaf. It has been reported that when plants are under stress, such as nutrient
deficiency, there is a loss of chlorophyll, which causes a shift on the red edge position to shorter
wavelengths occurring between the areas of red and near infrared [14, 15]. From this figure it can
also be observed that N deficiency leaf shifted more to the shorter wavelength compared to the Mg
and K deficiency leaves. On the contrary it can be seen that brightness of nutrients deficiency leaves
are lower compared to the controlled leaf in the wavelength region between ~750 nm to 1000 nm. In
this region Mg has the lowest brightness compared to the other leaves. From the literature review it
has been found that in stressed vegetation chlorophyll absorption decreases and IR reflectance
decreases due to structural changes in the plant [15].
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Figure 13: Mean spectral ratios of different nutrient deficiency leaves to controlled leaf for
distinguishing controlled and different nutrient deficiency leaves.

To compare the brightness of nutrient deficient leaves with that of controlled leaf the ratio between
brightness of nutrients deficiency leaves and controlled leaf have been plotted in Figure 13. It can be
observed from this figure that the curve shapes for K and Mg deficiency leaves are similar but the
magnitude of Mg deficiency leaf is lower than that of K deficiency leaf. On the other hand, the curve
shape of N deficiency leaf is quite different from those of K and Mg deficiency leaves. Furthermore, it
can be seen that there are peaks between ~650 nm and ~ 750 nm for N, Mg and K deficiency leaves.
In this wavelength region peaks at ~693 nm, ~680 nm and ~663 nm have been found for N, Mg and K
deficiency leaves respectively. It can also be found that magnitude of these peaks at above mentioned
wavelengths is ~3.3, ~2.5 and ~3 times higher for N, Mg and K deficiency leaves compared to
controlled leaf. It has been reported that all mineral deficiency caused modifications brightness of
leaves relative to the controlled [14].

To distinguish features of controlled and nutrient deficiency leaves normalized difference vegetation
index (NDVI) has been applied [36-39]. This index quantifies vegetation by measuring the difference
between near-infrared (which vegetation strongly reflects) and red light (which vegetation absorbs).
NDVI always ranges from -1 to +1 where positive values indicate vegetated areas and negative values
signify non-vegetated surface features such as water, barren, clouds, and snow. Higher positive value
of NDVI refers to healthy and dense vegetation [37] The NDVI is associated with the reflectance of
photosynthetic tissues that is calculated for individual images by the following equation [37] where
RED and NIR stand for the spectral reflectance measurements acquired in the red (visible) and near-
infrared regions, respectively.
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Figure 14: NDVI for control and different nutrient deficiency leaves s.

From the NDVI value of Figure 14 it can be observed that it is significantly higher for controlled leaf
than those of nutrient deficiency leaves. This value indicates that the control leaf is healthier
compared to leaves with N, K and Mg deficiency. It can also be observed that the NDVI value for leaves
with N, K and Mg deficiency are not significantly different to each other.
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Figure 15: 1% derivative mean brightness spectra of control leaves and leaves with different nutrient
deficiencies within the VIS wavelength range.

The 1% derivatives spectra have also been used to define and analyse the location and properties of
the red edge as it provides more sensitive measures of stress than broadband methods [15]. Figure 15
shows the 1°* derivatives spectra of controlled and nutrients deficiency leaves between VIS
wavelength. From this figure it can be found that between ~460 nm and ~540 nm peak magnitude of
1°t derivatives of mean brightness is higher for nutrients deficiency leaves compare to that of
controlled leaf. In this wavelength region the 1°t derivatives brightness magnitude is ~36%, ~19% and
~24% higher for N, Mg and K deficiency leaves compared to controlled leaf. [15]
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Figure 16 1°* derivative spectra of control and nutrient deficiency leaves between 650 nm and 800 nm.
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Furthermore considering Figure 16 it can be observed that the ~ 700 nm derivative peaks are dominant
in leaves with nutrient deficiency. Similar results have found from literature study [40, 41]. On the
other hand narrowing of 1% derivative brightness peak can be also found for the nutrient deficient
leaves compared to controlled leaf. The midpoint of this broad peak for the controlled leaf has been
found to be at ~ 708 nm. This broadening and narrowing of 1t derivative peaks of controlled and
nutrient deficiency leaves respectively could be due to the amount of chlorophyll content in the
leaves. In this region the 1% derivative peak magnitude was ~ 15%, ~ 9% and 7% higher for N, K and
Mg deficiency leaves with respect to controlled leaves. Form Figure 15 it can also be found that in this
wavelength range 1° derivative peak of nutrient deficient leaves shifted to the shorter wavelength
(red shift) compared to the controlled leaf. From the literature it has been found that this shift occurs
if vegetation is exposed to low nutrients or environmental stress [40].
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Figure 17: A plot of 1% derivative mean brightness ratio of control and different nutrient deficiency
leaves.

This 1°* derivative mean brightness shift can further be studied by using the hyperspectral derivative
ratio in the boundary between the region of strong absorption of red light by chlorophyll (~ 680 nm)
and the region of high multiple scattering of radiation (~750 nm) [40]. From the 1°* derivative ratio
plot of Figure 17 it can be seen that this 1°* derivative ratio is positive for controlled leaf and negative
for nutrient deficient leaves. Furthermore, this ratio value has been found to be ~ 62%, ~47% and
~37% for N, K and Mg in the negative direction respectively.
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Figure 18: A plot of standard deviation of controlled and different nutrient deficiency leaves in UV
region.

To distinguish features of controlled and nutrient deficient leaves standard deviation has also been
studied for UV, VIS and NIR regions of wavelength. It can be found from Figure 18 that the standard
deviation of controlled leaf in UV range has lowest value compared to those of nutrient deficient
leaves. This value has been found to be highest for N deficient leaves with respect to controlled, K and
Mg deficient leaves. But the difference of this standard deviation value between K and Mg deficiency
leaves is ~ 100.
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Figure 19: A plot of standard deviation of controlled and different nutrient deficiency leaves in VIS
region.

Figure 19 shows the standard deviation of controlled and N, Mg and K deficiency leaves in the visible
region of wavelength. It can be found that similar to UV region (Figure 19), here controlled leaf has
lowest standard deviation value compared to different nutrient deficiency leaves. Again N deficient
leaves have highest value among these leaves. On the other hand the difference between standard
deviation of Kand Mg is 600 in Vis region. This difference value is higher in visible region compared to
UV (Figure 19).
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Figure 20: A plot of standard deviation of controlled and different nutrient deficiency leaves in NIR
region.

Opposite to UV (Figure 18) and VIS (Figure 19) region the standard deviation value has been found to
be highest for controlled leaves than those of nutrient deficient leaves in NIR region (Figure 20). In
this region this value has been found to be highest for N deficiency leaves compared to K and Mg
deficiency leaves. But in this case the standard deviation values of N, Mg and K are close to each other.
The difference of standard deviation value between N and Mg, N and K, and K and Mg have been
found to be 100, 300 and 400.

To distinguish between healthy and unhealthy leaves in terms of nutrient content, variation index v;
index has also been studied. In this case Openchmark leaqr @aNd g; represents the standard deviations of
controlled leaf and leaves with different nutrient deficiency respectively. This index represents how
much the brightness of a leaves with nutrient deficiency deviates from that of a controlled leaf. This
study has been conducted for UV, VIS and NIR wavelengths. In this study the value of v; indicates how
much the nutrient deficiency leaves differ from the controlled leaf in different wavelength regions.

46



FK MMg N

A\

Variation index (v;) in UV region

Sample

Figure 21: Variation index (v;) of leaves in UV region for distinguishing controlled and different nutrient
deficiency leaves.

Form Figure 21 it can be seen that v;is ~60%, ~21% and ~16% higher for leaves with N, Mg and K
deficiency respectively in negative direction in the UV region. This indicates that the standard
deviation of leaves with nutrient deficiency is higher than that of controlled leaf.
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Figure 22: Variation index (v;) of leaves in VIS region for distinguishing controlled and different nutrient
deficiency leaves.
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In the case of VIS region (Figure 22) it can be observed that v, values deviate ~31%, ~ 8% and ~15% for
leaves with N, Mg and K deficiency respectively in negative direction indicating in VIS region standard
deviation of leaves with nutrient deficiency is higher than that of controlled leaf. Furthermore it can
be obtained from Figure 23 that in NIR region v, values deviate ~38%, ~ 44% and ~27% for leaves with
N, Mg and K deficiency respectively in positive direction indicating in NIR region standard deviation of
leaves with nutrient deficiency is lower than that of controlled leaf. Table 1 summarizes different
features to differentiate controlled leaf and leaves with nutrient deficiency.
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Figure 23: Variation index (v;) of leaves in NIR region for distinguishing controlled and different
nutrient deficiency leaves.

Table 1: Different important features, corresponding values and significance for classification ability

in terms of remarks to distinguish healthy and nutrient deficiency leaves.

Features Control | N Mg K Remark
NDVI High Lowest (0.35) | Lower Lower Can be a good feature to
(0.75) (0.45) (0.42) distinguish from control

leaves but individual
nutrient deficiencies may
not be uniquely identified
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Variation index High (59) Lower (21) | Lowest Can be used as a feature
(viy  in UV (15) to distinguish N
region deficiency from K and Mg
deficiency but K and Mg
may not be uniquely
identified.
Variation index | - High (31) Low (9) Moderate | Can be used as a feature
(vi) in VIS (14.5) to distinguish N
region deficiency from K and Mg
deficiency but K and Mg
deficiency may not be
uniquely identified
Variation index | - Moderate (37) | High (44) Low (27) Can be used as a feature
(v) in NIR to distinguish K deficiency
region from N and Mg deficiency
but N and Mg deficiency
may not be uniquely
identified
Brightness at | Lowest Highest Lower Lower Can be used as a feature
550 nm (~4614) | (~16000) (~9707) (~12126) | to  distinguish  from
controlled and also N
nutrient deficiency but K
and Mg may not be
uniquely identified.
Brightness at | Highest | Lower (13820) | Lowest Lower Can be a good feature to
800 nm (~16210 (12700) (14616) distinguish from
) controlled but  not
individual nutrient
deficiency may not be
uniquely identified.
Ratio - Highest at ~ | Low Moderate | Can be used as a feature
(Controlled 617 nm at ~617 | to  distinguish  from
. at ¥617 nm
/Nutrients (3.7015) nm controlled and also
Deficiency) (2.16636) (2.743) individual nutrients
deficiency.
Standard Lowest High (~2300) Lower Lower Can be used as a feature
Deviationin UV | (~1500) (~1800) (~1700) to  distinguish  from
region controlled and also N
deficiency leaves.
Standard Lowest High (~4100) Lower Lower Can be used as a feature
Deviation  in | (~1000) (~2000) (~2600) to  distinguish  from
VIS region controlled and also
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individual nutrients
deficiency.
Standard Highest | Lower (~1300) | Low High Can be used as a feature
Deviation  in | (~2200) (~1200) (~1600) to  distinguish  from
NIR region controlled leaves and
individual nutrient
deficiencies.
1%t derivative | ~30% ~62% ~37% ~47% Can be used as a feature
ratio between Positi Negati Negati Negati to  distinguish  from
680nm and 750 ?SI IYe .ega .|ve .ega .|ve .ega .|ve controlled and also
directio | direction direction direction |. . . .
nm individual nutrients
n -
deficiency.
Discussion

This paper demonstrated the study of age detection and distinguishes between healthy and unhealthy
grapevine leaves with the aid of hyperspectral imaging in the range between ~380 nm and 1000 nm.
For age detection leaves aged very young to old have been studied. From the analysis it was found
that the magnitude of mean brightness of leaves has strong correlation with aging. This variation was
found to be more prominent at ~ 554.3 nm. Mean 1st derivative brightness study demonstrated that
mean 1st derivatives brightness peaks in visible wavelengths shifted to the longer wavelengths as the
leaves age. Mean 1st derivatives brightness curves in the range between ~ 675 nm and ~ 775 nm
revealed that the rate of change of mean brightness decreased with gradual aging of leaves. Variation
index, a new metric introduced in this manuscript, also indicated to be correlated with age of leaves.

To distinguish between healthy and unhealthy grapevine leaves the unhealthy leaf samples were
divided into two groups. The 1st group contained leaves that were visibly unhealthy and features of
these leaves were compared with those of visibly health leaf (i.e. benchmark leaf). In this case both
whole area and selective areas containing defects on the leaves were investigated. From these studies
it was found that mean 1st derivatives brightness in the NIR region disclosed distinguishable curves
for both whole area and selective areas’ leaves compared to a healthy leaf. But the variation of curve
shapes was more significant for whole areas’ leaves compared to selective areas’ leaves. Furthermore,
ratio analysis study established that more distinguishable curves could be obtained from the whole
leaves’ study. Experimental results suggest that variation index could be employed to detect defective
leaves.

On the other hand, the 2nd group contained leaves that have N, K and Mg deficiency. The features of
these leaves were studied with respect to those of controlled leaf as well as compared features of
nutrient deficiency leaves with respect to each other. In this case it has been found that the brightness
feature between VIS range can be used to distinguish between controlled and nutrient deficiency
leaves as the brightness of leaves with nutrients deficiency are higher than the controlled leaf. This
feature can also be employed to identify controlled and N deficiency leaves due to the highest
brightness peak of N deficiency leaves compared to controlled, K and Mg deficiency leaves at ~550
nm. The feature such as the brightness peak of nutrient deficiency leaves appeared at the shorter
wavelength (red shift) compared to the controlled leaf in the wavelength range between ~ 680 nm
and 1000 nm can be used to identify controlled and nutrient deficiency leaves. Again the curve shape
and magnitude of brightness ratio plot can be employed as a feature to distinguish between N, K and
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Mg deficiency leaves. Furthermore, in this study NDVI value could significantly differentiate controlled
and unhealthy leaves, though N, K and Mg deficiency could not be identified uniquely. The features of
nutrient deficiency leaves between ~650 nm — 800 nm of 1st derivative peaks such as dominant peak
at ~700 nm, narrowing of 1st derivative brightness peaks, and 1st derivative peaks shifted to the
shorter wavelength (red shift) compared to the controlled leaf can be useful features to distinguish
between controlled and nutrient deficiency leaves. Also from the 1st derivative ratio between 680 nm
and 750 nm plot could be employed to distinguish between controlled and nutrient deficiency leaves
as this 1st derivative ratio has been found to be positive for controlled leaf and negative for nutrient
deficient leaves. Furthermore the magnitude of this ratio of different nutrient deficiency leaves could
be utilized to distinguish between leaves with N, K and Mg deficiency. Again from the study of standard
deviation it can be stated that in VIS wavelength this feature could be used to distinguish from
controlled and also individual nutrients deficiency leaves. The study reveals that N and K deficiency
could be identified from the variation index study in UV and NIR wavelength respectively. Further in
depth analysis could indicate more specifically age and detection of healthy and unhealthy grapevine
leaves as well as help to identify or classify the differences between leaves with various visible defects
as well as nutrient deficiency uniquely.
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Chapter 3- Grapevine Tissue Sampling for Nutrient Analysis

The text presented here has been published in the Australian Journal of Grape and Wine
Research (https://onlinelibrary.wiley.com/doi/abs/10.1111/ajgw.12496)

Baby T, Moroni FJ, Gascon-Aldana P, Moroni NC, Holzapfel BP, Schmidtke LM, Walker RR,
Rogiers SY. 2021. Characterising leaf petiole, blade and bunchstem nutrient concentration
across three cultivars. Australian Journal of Grape and Wine Research 27
https://doi.org/10.1111/ajgw.12496

Introduction

The growth and physiological functions driving yield and fruit quality of grapevines are
influenced by key macro and micronutrients. Macronutrients include nitrogen, potassium,
calcium, magnesium, phosphorus and sulphur, which are present at relatively large amounts
and are often expressed as % of dry matter. The key micronutrients include boron, iron,
manganese, zinc, copper and molybdenum, which occur at relatively lower concentrations
and are often expressed as ppm of the dry matter. The physiological roles of each nutrient
have been extensively reviewed by a number of researchers (Amiri and Fallahi 2007, Rogiers
et al. 2017, Guo et al. 2016, Uchida 2000, Robinson 1988, Treeby 2004).

Accurate assessment of the nutrient status of grapevines is crucial for optimising fertilizer
applications to avoid any nutrient imbalances, which can otherwise impact yield, berry
composition and wine style. Analysis of plant tissues, most commonly leaf laminae (blades)
and petioles (leaf stems), are widely used to assess the nutritional status of grapevines
(Brunetto et al. 2007, Benito et al. 2013). As per the current Australian protocols, petiole
samples are collected from opposite the basal bunch at 80% flowering and leaf blades at
veraison. The results of the tissue analysis are compared with previously established
standards of adequate ranges for each nutrient (AWRI 2010). Current Australian standards for
petiole samples at flowering are based on Californian data, after modifications in response to
a number of Australian field trials (Robinson et al. 1997).

In spite of a considerable effort to establish the most appropriate tissue type, sampling time,
and adequate range for each nutrient, the current grapevine nutrient standards used in
Australia are neither a perfect fit for all growing conditions nor cultivar specific. Plant mineral
composition can vary greatly with internal factors such as cultivar and rootstock, tissue type,
nodal position and age of tissues sampled, as well as external factors such as soil
characteristics, climate and agronomic practices (Stellacci et al. 2010). The optimal nutritional
requirements may also vary based on the yield expectations of specific vineyards and the
required fruit quality for particular wine styles. Due to this variability, a number of researchers
have tried to establish standards for local growing conditions, important commercial cultivars,
and even for specific rootstock- scion combinations (Porro et al. 2001, Davenport et al. 2012,
Garcia-Escudero et al. 2013, Fallahi et al. 2005, Lehoczky and Kocsis 1998).

Findings on the reliability of specific tissue type and/or sampling time for assessing the vine
nutrient status are inconsistent. While petioles are commonly recommended for tissue
analysis (Robinson et al. 1978, Christensen 1984, Tandonnet et al. 2008, AWRI 2010), many
studies suggest that the blade is superior to the petiole for nutrient diagnosis (Dominguez et
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al. 2015, Schreiner and Scagel 2017). Some studies suggest that the tissue type and the
sampling time should be determined based on the nutrient to be analysed (Benito et al. 2013,
Laibarra et al. 2014). Choice of tissue type is based on factors such as: ease of sampling and
processing of large sample numbers, ability to analyse all of the important nutrients in the
same tissue, tendency to accumulate more nutrients compared to other plant parts
(Christensen 1969, Christensen and Kearney 2000), and repeatability and stability of the
nutrient concentrations within the tissue over a period within a phenological phase (Conradie
1981, Benito et al. 2013). A recent study comparing leaf blade and petiole nutrient
concentrations in association with vine growth, yield, and must nutrient responses of ‘Pinot
Noir’ grapevines recommended the use of leaf blades as opposed to petioles for diagnosing
the N, P, and K status (Schreiner and Scagel 2017).

Leaf nutrient concentration varies with age and its relative position on the shoot (Christensen
1969, Garcia et al. 2001, Schaller 2006, Romero et al. 2010). The node position on which the
most basal bunch is located is most commonly recommended for the sampling of leaves, for
analysis of either petioles or blades, at both flowering and veraison (Kliewer 1991). However,
based on a more recent study on Tempranillo (Vitis vinifera L.), Romero et al. (2010) proposed
that sampling of leaves after veraison should occur from the node located one node distal
(younger) to the most basal bunch (the second most basal bunch), considering the tendency
of this cultivar to senesce prematurely. Fluctuations in the concentration of each nutrient in
different tissue types are due to the dynamic nature of nutrient uptake, accumulation and
remobilisation of nutrients into different tissues over the entire growth cycle (Holzapfel et al.
2019). Root pressure and leaf transpiration drive the uptake and translocation of mineral
elements, with vine vigour also playing an important role (Keller 2005). Soil moisture and
temperature have a large impact on the timing and extent of nutrient uptake and thus
environmental and irrigation factors cause further fluctuations in vine nutrient content (Keller
2005, Clarke et al. 2015). Even though flowering and veraison are the most common sampling
times in grapevines, either petioles or leaf blades are used inconsistently at different sampling
times in various countries (Benito et al. 2013). Furthermore, some studies suggest that
petioles should be collected during the month following bloom because during this time
petioles showed reasonably stable nutrient levels (Conradie 1981).

The objective of this work was to assess the comparative value of tissue type and node
location for determining tissue nutrient concentration of three main Australian wine grape
cultivars Cabernet Sauvignon, Shiraz and Chardonnay grown in a warm-hot viticulture region
of Australia under well-watered conditions. A secondary objective was to assess the extent of
cultivar variation in tissue nutrient concentrations under the same growing conditions.

Methods

The trial was conducted in a replicated cultivar block at Charles Sturt University, Wagga
Wagga, NSW (latitude: —35.1583S, longitude: 147.4573E, elevation: 212 m). This study
included 15-year-old vines of cvs. Cabernet Sauvignon, Shiraz and Chardonnay vines on their
own roots. For each cultivar there were six replicate panels of three vines per panel. The six
panels of each cultivar were randomised throughout the block. Vines were planted in 2005
at a spacing of 3 m x 1.5 m in E-W row orientation (2,222 vines/ha). Vines were spur pruned
to 40 buds per vine, and the single bilateral cordons were trained along a single horizontal
wire. Vines were drip irrigated 1-3 times per week depending on the time in the growing
season from late September to early May, the total amount of irrigation water applied was
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4.3 ML for the growing season (2019/20). The vines received a fertiliser application (Pivot 400)
in early December 2019, being 29.2 kg N/ha, 6.3 kg P/ha, 10.1 kg K/ha and 12.1 kg S/ha. The
same amount was applied in the post-harvest period in the previous season (late April). The
soil across the block was a well-drained sandy loam (Kandosol), with the inter-row area
consisting of volunteer grass and broad leaf species that were regularly slashed, the undervine
weeds were controlled by herbicides. Three replicate soil core samples were collected from
the vine rows across the block at the end of the season. They were air dried, then analysed,
and the soil properties are presented in Supplementary Table 1.

Supplementary Table 1. Soil properties in 0 - 30 cm layer
Soil properties

pH Soil: Water, 1:5 7.0 +0.03
EC Soil:Water, 1:5 (dS/m) 87.1+232
Effective Cation Exchange Capacity (ECEC) 9.6 +2.34
Exchangeable Bases *

K (cmol (+) kgl 0.9 +0.06
Ca (cmol (+) kg?) 51+1.28
Mg (cmol (+) kgl) 3.1+117
Na (cmol (+) kg™) 0.5+0.07
Base saturation percentages

K % 10.4 +2.50
Ca% 52.6 +1.68
Mg % 31.1+3.72
Na % 5.9+1.81

*Cations were extracted in 1 M ammonium chloride at pH
7.0, Values are averages of three replicates + SE. n = 3.

Plant tissue sampling

Leaves were sampled at flowering (80% cap fall) and veraison (50 % berries soft) opposite
inflorescences/bunches from two shoots per vine at two separate node positions: one
opposite to the basal bunch (lower position) and the other at the subsequent more distal
position (upper position). There was always an inflorescence/bunch opposite to the sampled
leaves and those inflorescences/bunches were also sampled. Each leaf was separated into
petiole and blade, and each petiole was further divided into three equal lengths (segment
near blade, middle segment and segment near shoot). The peduncle of the
inflorescence/bunch (bunchstem) was excised between the shoot junction and the first lateral
of the rachis.
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Nutrient analysis

For better accuracy, each sample from each plant (12 petiole segments, four leaf blades and
four bunchstems) was analysed for nutrient concentration individually. Petiole sections,
blades and bunchstems were dried at 60°C for 1 week and ground individually using a tissue
lyser (Tissuelyser Il, Qiagen, Chadstone, Victoria). 100 mg of ground tissue was analysed for
calcium (Ca), magnesium (Mg), potassium (K), phosphorous (P), iron (Fe), manganese (Mn),
boron (B), copper (Cu), zinc (Zn), sulfur (S), and sodium (Na) by inductively coupled plasma
atomic emission spectroscopy (ICP-AES) at the Environmental and Analytical Laboratories at
Charles Sturt University, Wagga Wagga. Total nitrogen (N) was analysed on a 50 mg sample
with a VarioMAX combustion analyser (Elementar, Hanau, Germany). Those samples collected
at flowering were assessed for Ca, Mg, K, S, P, Fe, Zn, Mn, Mo and B in all three cultivars. The
same elements were assessed for the samples collected at veraison but only for Cabernet
Sauvignon and Chardonnay while the Shiraz samples were used for N analysis as not enough
sample was available for both types of analyses.

Statistical analysis and data presentation

For multivariate analysis each data set (flowering and veraison) were considered separately.
Data were analysed using the AComDim (Bouveresse, et al. 2011) approach which is
appropriate for designed experiments with unbalanced and nested factors (Guisset, et al.
2019). For each data set the variances were partitioned according to a four factor ANOVA
model with two and three way interactions with the following explanatory factors (EF) and
levels- Veraison: Cultivar (Cabernet Sauvignon, Chardonnay [fixed]), Panel Replicate (R1 to R6
[random]), Node (upper, lower [fixed]), Tissue (bunchstem, blade end of petiole, blade, middle
segment of petiole, shoot end of petiole [fixed]). The flowering data set was structured
similarly with an additional level for Cultivar (Cabernet Sauvignon, Chardonnay, Shiraz [fixed]).
Data variances were partitioned according to the general linear model for mixed model
unbalanced ANOVA experiments (Thiel, et al. 2017). AComDim sequentially partitions data
variance according to the experimental EF design and levels. The data matrix is sequentially
deflated according to the ANOVA model until a residual data block remains thereby creating
effects matrices for each EF and iterations. Each effects matrix is then augmented by addition
of the residual data block, prior to a multiblock decomposition based upon extraction of
orthogonal common components and determination of EF block contributions (saliences)
indicative of the total variance associated with that common component (CC). Thus all data
matrices have a common structure (the residuals) which is associated with the first CC,
enabling subsequent CCs to be compared with the residuals to ascertain the overall EF levels
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effects for a specific CC. Two approaches in determining the significance of CCs associated
with specific EF can be used. Firstly an F-test ratio based upon the ratio of the salience of the
CC of interest with the salience of the residual block in the first CC. Secondly, inspection of
sample scores of the interesting CC versus the sample scores associated with the first common
component, with confidence intervals determined using Hotelling T2 metrics, enables
visualisation of overlapping or distinct confidence interval boundaries for EF levels.
Associated variable loadings provides insight to the explanatory factors within the overall
experimental design.

Significant differences between tissues: bunchstem, petiole, laminae as well as between
petiole segments: segment near blade, middle segment, segment near shoot were
determined by performing a one way ANOVA (with matching of data from each replicate),
followed by Tukey’s test. Significant difference between node positions for each tissue type
was determined by Paired t-test. A P value <0.05 was considered significant. Petiole
concentrations were calculated by dividing the total nutrient content in the three segments
by total dry mass of the three segments. For the comparison between different tissue types
and between different petiole segments data from upper and lower nodes were averaged for
each cultivar. These analyses were performed using GraphPad Prism 8 (GraphPad Software,
San Diego, California, USA). Correlation analyses were performed between node positions,
between tissue types (blade, petiole and bunchstem), and between petiole segments for each
nutrient using IBM SPSS Statistics Data Editor (IBM SPSS Statistics 26, New York, USA).

Results

Preliminary data analysis using AComDim

A clear clustering of samples along the CCs for cultivar (Supplementary Figure 1a,c) and tissue
type (Supplementary Figure 2a,c,e,g) were apparent at both the flowering and veraison
sampling times. For cultivar, the clustering of samples was primarily driven by K, but Ca, P and
Mg also contributed (Supplementary Figure 1b,d). For tissue type differences, these four
elements were again important drivers, including S depending on the model (Supplementary
Figure 2b,d,f,h). The subsequent results are thus focussed on these macronutrients.

Supplementary Figure 1. Sample groupings (left panels) and salience plots (right panels) from
the AComDim analysis depicting cultivar differences at (a,b) flowering and (c,d) veraison.
Cultivar scores plot with each ellipse represent 95% confidence intervals. Group centroids
indicated with numerals: 1=Cabernet Sauvignon, 2=Chardonnay, 3=Shiraz. Variable loading
values for each nutrient indicate the relative contribution of that nutrient to sample clusters
in the model.
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Supplementary Figure 2. Sample groupings (left panels) and salience plots (right panels) from the
AComDim analysis depicting tissue differences at (a-d) flowering and (e-h) veraison. Cultivar scores
plot with each ellipse represent 95% confidence intervals. Group centroids inidcated with numerals:
1=Bunchstem; 2=Blade; 3=Petiole segment near blade; 4=Middle segment of petiole; 5= Petiole
segment near shoot. Variable loading values for each nutrient indicate the relative contribution of that
nutrient to sample clusters in the model.
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Petiole, leaf blade and bunchstem comparisons

Significant differences in nutrient concentrations were observed between the tissues in the
three cultivars (Table 1). K was lower in the blades than the petiole or bunchstem in all three
cultivars at flowering and veraison, whereas for Chardonnay at veraison, there was no
difference in K concentration between the tissues. Ca, Mg , P and S, were lowest in
bunchstems in each of the cultivars at flowering and veraison, with the exception of
Chardonnay for P at veraison. Ca was higher in the blades relative to the other tissues in all
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three cultivars at flowering. At veraison, the blades contained the highest concentrations of
Ca in Chardonnay, while in in Cabernet Sauvignon both petioles and blades had significantly
higher concentrations than the bunchstem. While Mg was highest in the petioles of all three
cultivars at flowering, at veraison Cabernet Sauvignon showed the same trend, however there
was no significant difference in Chardonnay between Mg concentrations in petioles and leaf
blades. As assessed in Shiraz at veraison, N was higher in the blade relative to the other tissues
(Figure 1).

Figure 1. The N concentrations in different tissue types (bunchstem, blade, three different segments
of petiole) in Shiraz at veraison. Values for each tissue type are averages of the upper and lower node.
Each bar represents mean + SE (n= 36 replicates). Petiole segment near shoot (orange), middle petiole
segment (purple), petiole segment near blade (red), bunchstem (blue), and blade (green). Significant
differences in nutrient concentrations between different tissue types were determined by performing
one way ANOVA (with matching of data from each replicate), followed by comparison of replicate
means by Tukey’s test (P<0.05). Different superscripts show significant difference.

Tissue types
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Table 1. Nutrient concentrations in three different tissue types (petioles, blade, bunchstem) in three cultivars
(Cabernet Sauvignon, Chardonnay and Shiraz at flowering, and Cabernet Sauvignon and Chardonnay at

veraison).
Cabernet Sauvignon Chardonnay Shiraz
Peti B.ste Bla Sig Peti B.ste Bla Sig Peti B.ste Bla  Sig
ole m de ! ole m de ! ole m de !
Macronutrients
(9/kg) n n
B ::n'g""er 350 13 28 ., 400 170 25 . 26 120 o,
1 **
;’rfra's 42> 220 320 28 15 10 *
iFn'gwer 1450 143" 89 .. 17.9 184> 95 .. 10.3* 140° 81% ..
K H s
Verals a5 270b 712 .. 79 88 60 ns
on *
*%* *%* *%*
::n'g""er o4 g 6 Mg s 3T g g L™
Ca  Verais 16.0 ** 15.6 **
o 1640 472 °Y 6.7 200 °°
** ** **
:;'g""er 39° 07 29 47° 08 33 40°  11* 250
M P Hk
0 Verals ;.o gm o4m o 450 03 33w
on
. i:'g""er 0.9 05 21° .. 10°  04° 206 .. 100 05 216 ..
1 *%*
verals i o0 os 220 L. 1.0° 0.3* 09> **
on
Micronutrients
(mg/kg)
*%* *%*
::n'g""er 156" 116 0% T qog 1168 L4 o« 141> 67 214
B : Fk
Verals 900 1890 806 U 4390 g3 274
on
** **
::nlgwer 35 600 77 .. 28 620 58 .. g3 go 8
Cu  verais ok ok
o 377 1110 322 0.7* 19> 75 .
** ** **
i:'g""er 12.2¢ 16.1° écl3 . 198 1790 207 16.7% 13.1° i?o' .
Fe i o o
(\)/:ra's 463 29.2° é?l . 28.8" 14.0° %12. .
*%* *%* *%*
::nlgwer 93 1060 O 0 030 a9 1% 0 ese 165 [0
Mn  verais  206. 179. ** 114, 149, **
!:n'g""er 08 22 00 ns 00 00 00 ns 02 06 00 ns
Mo verais *ok *k
o 4540 1240 13 30.0° 114> 14°
** ** **
i} ::n'g""er o500 gpa 191 asee 113 184 T 2460 1122 P4 T
n .
Verais 27.9 ** 123 **
o 339 760 7 L, 4320 500 70,
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****% P yalue <0.0001, *** P value <0.001, ** P value <0.01, * P value <0.05, Sig* Level of significance.
Petiole nutrient concentrations are calculated from total nutrient content in the three segments divided by total
dry mass of the three segments, and expressed as g/kg (macronutrients) and mg/kg (micronutrients). Each value
represents mean of averaged data from upper and lower node positions (n= 36 replicates). Different superscripts
show significant difference. ns = not significant.

The phenological stage of the sampling had a significant effect on the nutrient concentrations
and this was further influenced by cultivar (Table 1). In Cabernet Sauvignon, most of the
nutrients were generally higher at veraison than at flowering in all tissue types, with a few
exceptions. In contrast, for Chardonnay, only a few nutrients were higher at veraison than at
flowering.

The nutrient concentrations of the bunchstem were generally more closely correlated to that
of the petiole than the leaf blade in all three cultivars. Sampling time and cultivar had an
influence on the strength of the relationship between the nutrient concentrations of the
different tissues (Table 2). For example, K levels in Cabernet Sauvignon and Chardonnay
petioles were strongly correlated with bunchstem levels at flowering and veraison. However,
no such correlation was evident between petioles and leaf blades at flowering in these two
cultivars. Then again, for K at veraison, there was a strong correlation between petioles and
leaf blades in Cabernet Sauvignon but not Chardonnay. In Cabernet Sauvignon, positive
correlations were evident between the petiole and bunchstem for P, K, Ca, Mg and S at
flowering and for Kand S at veraison. Leaf blade and petiole K, Ca and Mg were also correlated
at veraison. In Chardonnay, bunchstem and petiole K and S at flowering and P, K, Ca and Mg
at veraison showed a positive relationship. Leaf blade and petiole P and Ca were also
correlated at flowering in this cultivar. In Shiraz at flowering, positive correlations were
evident between petiole and bunchstem P, K, Ca, Mg and S (Table 2). In Shiraz at veraison,
total N levels of the petioles were not correlated with those of the leaf blades. In contrast,
significant positive correlations for N were present between blades and bunchstems as well
as petioles and bunchstems (Supplementary Table 2).
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Table 2. The Pearson correlation coefficients (r) of nutrient concentrations between different tissues (leaf blade, bunchstem and petiole) at flowering and veraison in three
cultivars.

Cabernet Sauvignon Chardonnay Shiraz
E;Eg:g vs E(Ie?i%?e v Slgtde ?n v B.stem vs Petiole  Blade vs Petiole Blade vs B.stem g’éﬁgg v 5’;‘%&; e v gféje%vs
Flow Verai Flow Verai Flow Verai Flow Verai Flow Verai Flow Verai Flow Flow Flow
P 745*%*  372*  373** ns Ns ns .395* .803**  590** ns ns ns .695** .509** ns
K 876** 757** ns .580* Ns ns J19**  860**  ns ns ns ns .855** .346* ns
Ca .605** ns .345*  ns Ns ns A428**  870**  .604** ns ns ns .629** .347* ns
Mg .512** 364* ns ns Ns ns ns .832*%*  441** ns ns ns .534** .396* ns
S .833** 751** . 416** ns A441*%*  706** J19%*  810**  417* .389* ns .593** 716** ns ns
B .819**  930** ns ns Ns ns 903**  758** ns b555**  ns S575** .818** ns ns
Cu .460* ns A422*  ns 408*  ns 593**  -458** ns ns ns ns ns ns ns
Fe .657** 537** 341* ns .366*  ns ns .827**  .363* ns J14%* - 420* ns ns ns
Mn .668** ns J704**  599*  Ns ns 508**  .812**  785** ns ns ns .602** .869** 341*
Mo .571** .921** ns ns Ns ns ns 933**  ns ns ns ns ns ns ns
Zn ns J705*%*  363* ns Ns ns ns 857**  502** ns ns ns .390* ns ns

** Correlation is significant at the 0.01 level, * Correlation is significant at the 0.05 level. Petiole nutrient concentrations are calculated from total nutrient content in the
three segments divided by total dry mass of the three segments. In each regression, each data point includes the mean value of upper and lower node positions (n=36
replicates). B.stem = bunchstem; ns = not significant.
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Supplementary Table 2. The Pearson correlation coefficients (r) of nitrogen (N) concentrations between
different tissues (blade, bunch stem and petiole), between different petiole segments (middle segment (M),
segment near blade (L) and segment near shoot (S)), and between two node positions (opposite to basal bunch
(lower) and the next upper node (upper)) in Shiraz at veraison.

Tissues

B.stem vs Blade vs Blade vs
petiole Petiole B.stem

N

.538** ns 468**

** Correlation is significant at the 0.01 level, * Correlation is significant at the 0.05 level. In the regressions of
tissues, and petiole segments each data point includes the mean value of upper and lower node positions. In the
regressions of tissues the petiole values used were calculated from total nutrient content in the three segments
divided by total dry mass of the three segments (n=36 replicates). B.stem = bunchstem; ns = not significant.

Node position

Node position had a significant impact on K, Ca and Mg in all tissue types for all the cultivars
at flowering, with the exception of petiole K in Cabernet Sauvignon (Tables 3 and 4). At
veraison, there were fewer effects of node position. Ca and Mg concentrations were higher in
the blades and petioles collected from the more basal position on the shoot, whereas in the
bunchstems these nutrients were higher in the more distal node position. This effect was
significant at flowering time in all cultivars but at veraison a similar trend was observed only
in the blades of Chardonnay. At veraison, Ca and Mg in Chardonnay blades were higher in the
more basal node position but not so in Cabernet Sauvignon. Interestingly, in all cultivars, K
levels were significantly higher in the more distal (younger) node position at flowering, while
at veraison, this was not apparent in either Cabernet Sauvignon or Chardonnay (Table 3). At
veraison, in Shiraz, N was found to be significantly higher in the basal node than the distal
node for the bunchstem and blade (Table 3).

For petioles and blades, there was a significant positive correlation between the node
positions in most nutrients in all the cultivars (Supplementary Table 3). For the bunchstem a
weaker correlation was observed for most nutrients especially for Cabernet Sauvignon at
veraison and Chardonnay at flowering (Supplementary Table 3). In Shiraz, for N at veraison
there was a significant correlation between the node positions for each tissue type
(Supplementary Table 2).
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Table 3. Macronutrient concentrations in three different tissue types at two node positions in three cultivars:
Cabernet Sauvignon, Chardonnay and Shiraz.

Cabernet Sauvignon Chardonnay Shiraz
Nutrients (g/kg) Tissue - - -
Lower Upper Sig! Lower Upper Sig* Lower Upper Sig*
Flowering
B.stem 1.1 15 *x 15 1.9 * 1.1 14 **
P Blade 2.5 2.4 Ns 2.5 2.5 ns 2.2 2.3 ns
Petiole 3.8 3.1 faled 4.3 3.7 ol 2.6 25 ns
B.stem 124 16.2 *k 145 22.3 falalad 12.8 15.2 *
K Blade 8.6 9.2 * 9.0 10.1 falsiaie 7.9 8.4 **
Petiole  13.9 15.1 Ns 17.0 18.8 * 9.2 11.3 faled
B.stem 2.3 3.3 wx 3.1 3.9 * 2.3 3.3 faaiaie
Ca Blade 12.1 10.9 * 12.0 10.7 falsiaie 11.7 10.4 **
Petiole  10.6 8.2 falaiaie 9.9 8.5 faleia 8.5 7.5 *
B.stem 0.5 0.9 wx 0.6 1.1 fale 0.7 1.6 falsiaie
Mg Blade 3.0 2.7 faled 35 3.1 falaie 2.7 2.4 **
Petiole 4.5 3.3 falsiaie 5.3 4.0 falsiaie 4.3 3.7 *
B.stem 04 0.5 * 0.4 0.5 ns 0.4 0.5 ns
S Blade 2.1 2.1 Ns 2.0 2.0 ns 2.1 2.0 el
Petiole 1.1 0.8 w* 1.2 0.9 falaie 11 1.0 ns
Veraison
B. stem 10.6 9.5
N Blade 21.5 225 *
Petiole 6.4 6.2 ns
B.stem 2.1 2.2 Ns 15 15 ns
P Blade 1.6 15 Ns 1.1 1.0 ns
Petiole 4.5 3.8 faiai 2.9 2.7 ns
B.stem 25.2 28.4 Ns 8.7 8.6 ns
K Blade 3.3 3.4 Ns 5.8 6.4 ns
Petiole  24.3 25.3 Ns 7.9 7.9 ns
B.stem 4.0 5.3 Ns 2.0 1.9 ns
Ca Blade 7.9 7.7 Ns 16.2 15.0 **
Petiole  16.3 16.6 Ns 6.9 6.5 ns
B.stem 0.5 0.6 Ns 0.3 0.3 ns
Mg Blade 2.3 2.2 Ns 35 3.2 **
Petiole 7.3 6.9 Ns 4.8 4.2 ns
B.stem 0.5 0.5 Ns 0.4 0.3 ns
S Blade 1.1 1.0 Ns 0.9 0.9 ns
Petiole 1.1 1.0 * 1.0 1.0 ns

**%% P yvalue <0.0001, *** P value <0.001, ** P value <0.01, * P value <0.05, Sig* Level of significance. Petiole
nutrient concentrations are calculated from total nutrient content in the three segments divided by total dry mass
of the three segments, and expressed as g/kg. Lower - node of basal bunch, upper- subsequent upper node. n= 36
replicates. Different superscripts show significant difference. ns = not significant.
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Supplementary Table 3. The Pearson correlation coefficients (r) of nutrient concentrations
between two node positions, opposite to the basal bunch (lower) and the next upper node, at
flowering and veraison in three cultivars.

Cabernet Sauvignon Chardonnay Shiraz
Nutrients Lower vs upper Lower vs upper Lower vs upper

Flowering Veraison Flowering Veraison Flowering
B.stem
P 0.582** 0.362* ns 0.813** 0.774**
K 0.648** 0.574** 0.334* 0.685** 0.799**
Ca 0.505** Ns ns 0.765** 0.898**
Mg 0.484** Ns ns 0.726** 0.640**
S 0.614** Ns 0.279* 0.821** 0.897**
B 0.299* 0.643** ns 0.855** 0.827**
Cu 0.519** Ns ns 0.492** 0.698**
Fe 0.509** Ns ns 0.648** ns
Mn 0.586** 0.385* 0.412** 0.778** 0.825**
Mo ns 0.546* ns 0.757** ns
Zn 0.403** 0.492* ns ns 0.546**
Petiole
P 0.797** 0.919** 0.664** 0.948** 0.824**
K 0.826** 0.663** 0.728** 0.954** 0.812**
Ca 0.816** 0.652** 0.624** 0.957** 0.638**
Mg 0.823** 0.786** 0.631** 0.913** 0.747**
S 0.695** 0.959** 0.490** 0.968** 0.550**
B 0.565** 0.861** 0.831** 0.964** 0.617**
Cu 0.321* 0.577** 0.625** 0.780** 0.748**
Fe 0.549** 0.897** ns 0.882** 0.284*
Mn 0.913** 0.741** 0.773** 0.913** 0.870**
Mo 0.483** 0.879** ns 0.826** 0.558**
Zn 0.347* 0.781** ns 0.955** 0.400**
Blade
P 0.699** 0.846** 0.899** 0.712** 0.705**
K 0.544** 0.866** 0.806** 0.428** 0.791**
Ca ns 0.876** 0.744** 0.413** 0.483**
Mg 0.611** 0.866** 0.607** 0.612** 0.440**
S 0.679** 0.866** 0.689** 0.352* 0.488**
B 0.6341**  0.848** 0.772** 0.725** 0.680**
Cu 0.727* 0.865** 0.708** 0.495** 0.723**
Fe ns 0.873** 0.543** ns 0.472**
Mn 0.833** 0.892** 0.912** 0.498** 0.827**
Mo ns Ns ns ns ns
Zn 0.514** 0.888** ns ns 0.360*

** Correlation is significant at the 0.01 level, * Correlation is significant at the 0.05 level. (n=36).

Petiole segments

The concentrations of all macronutrients varied significantly between the three petiole
segments at flowering for Cabernet Sauvignon, Chardonnay and Shiraz (Figure 2) and at
veraison for Cabernet Sauvignon and Chardonnay (Figure 3). Differences were less evident for
the micronutrients at flowering (Figure 2) and veraison (Figure 3). At flowering, K and Mg
concentrations were the lowest in the middle segment of the petiole in all cultivars (Figure 2).
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Also, Ca was lowest in the middle segment for Chardonnay and Shiraz but not for Cabernet
Sauvignon, and P was the lowest in the middle segment for Cabernet Sauvignon and
Chardonnay but not for Shiraz. At veraison, the lowest concentrations for P, K, Ca and Mg
were observed in Cabernet Sauvignon but this was not apparent in Chardonnay (Figure 3). N
concentration was also lowest in the middle segment in Shiraz at veraison (Figure 1).

Figure 2. Nutrient concentrations in three different petiole segments in three cultivars:
Cabernet Sauvignon, Chardonnay and Shiraz at flowering. Macronutrients in Cabernet
Sauvignon (a), micronutrients in Cabernet Sauvignon (b), macronutrients in Chardonnay (c),
micronutrients in Chardonnay (d), macronutrients in Shiraz (e) and micronutrients in Shiraz
(f). Each bar represents mean value of averaged data of two node positions. Petiole segment
near blade (blue), middle petiole segment (red), petiole segment near shoot (green). Error
bars represent standard error of the mean (n= 36 replicates). Significant differences in
nutrient concentrations between petiole segments were determined by performing one way
ANOVA (with matching of data from each replicate), followed by comparison of replicate
means by Tukey’s test (P<0.05). Different superscripts show significant difference.
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Figure 3. Nutrient concentrations in three different petiole segments in two cultivars:
Cabernet Sauvignon and Chardonnay at veraison. Macronutrients in Cabernet Sauvignon (a),
micronutrients in Cabernet Sauvignon (b), macronutrients in Chardonnay (c) and
micronutrients in Chardonnay (d). Each bar represents mean value of averaged data of two
node positions. Petiole segment near blade (blue), middle petiole segment (red), petiole
segment near shoot (green). Error bars represent standard error of the mean (n= 36
replicates). Significant differences in nutrient concentrations between petiole segments were
determined by performing one way ANOVA (with matching of data from each replicate),
followed by comparison of replicate means by Tukey’s test (P<0.05). Different superscripts
show significant difference.
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At flowering, highest concentrations of P, K, Ca and Mg were found in the segment adjacent
to the blade in Shiraz, whereas for Cabernet Sauvignon and Chardonnay P, Ca and Mg
concentrations were similar in the segments near the blade and near the shoot, but were
higher than the concentrations in the middle segment (Figure 2). In Cabernet Sauvignon, K
was also similar in the segments near blade and shoot while in Chardonnay the highest level
of K was in the segment near shoot. At veraison, highest concentration of Mg was found in
the segment near the blade for Chardonnay, but highest in the segment near the shoot for
Cabernet Sauvignon (Figure 3). For P and Ca, the concentrations were similar in the segments
near the blade and near the shoot in Cabernet Sauvignon and Chardonnay, whereas both were
higher than the concentrations in the middle segment in Cabernet Sauvignon but not in
Chardonnay. K was highest in the petiole segment adjacent to the shoot in Chardonnay at
both flowering and veraison, and in Cabernet Sauvignon at veraison. However, in Shiraz
highest concentrations of K were found in the segment adjacent to the blade at flowering.
Highest concentrations of S were found in the segment near the blade for Chardonnay and
Shiraz at flowering, and at veraison for Cabernet Sauvignon and Chardonnay.
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Significant positive correlations were observed between petiole segments for most nutrients
at flowering (in all the three cultivars), with the exception of some of the micronutrients
(Supplementary Table 4). Similarly, at veraison, significant positive correlations were observed
between petiole segments for most nutrients. In Shiraz at veraison, N was also positively
correlated between the petiole segments (Supplementary Table 2).
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Table 4. Micronutrient concentrations in three different tissue types at two node positions in three cultivars:
Cabernet Sauvignon, Chardonnay and Shiraz.

Cabernet Sauvignon Chardonnay Shiraz

Nutrients (mg/kg)  Tissue
Lower Upper Sig* Lower Upper Sig* Lower Upper Sig*

Flowering
B. stem 10.1 13.1 Ns 10.4 12.8 ns 6.5 6.9 ns
B Blade 32.6 28.8 *k 18.1 16.7 ns 29.9 24.9 FkAk
Petiole 16.4 14.7 Ns 21.6 18.1 ns 13.9 14.3 ns
B. stem 5.2 6.9 *k 6.1 6.4 ns 7.4 8.7
Cu Blade 7.8 7.7 Ns 5.8 5.9 ns 12.2 114 *
Petiole 35 35 Ns 2.9 2.7 ns 9.4 7.2 ns
B. stem 15.9 16.6 Ns 17.5 18.2 ns 10.3 15.8 ns
Fe Blade 121.2 106.3 ** 1015 91.9 falad 106.5 93.8 falaiaiel
Petiole 13.8 10.6 *k 21.8 17.8 ns 13.8 19.6 ns
B. stem 15.3 240  *** 19.1 30.6 * 13.3 20.0 falakal
Mn Blade 126.9 102.1  **** 131.0 106.2  **** 106.9 88.0 Frx
Petiole 89.1 69.5 Fhxk 104.8 81.3 Fhx 77.4 54.4 falaiaied
B. stem 1.4 3.1 Ns 0.0 0.0 ns 0.1 1.2 ns
Mo Blade 0.0 0.0 Ns 0.0 0.0 ns 0.0 0.0 na
Petiole 0.9 0.7 Ns 0.0 0.0 ns 0.3 0.1 ns
B. stem 6.7 11.8 ** 9.1 13.4 ns 8.5 14.1 Frx
Zn Blade 16.5 13.7 ** 18.6 14.2 Fhx 17.1 13.7 Fxx
Petiole 304 200 * 555 338  ** 275 217 ns
Veraison
B. stem 17.4 19.6 Ns 19.0 16.7 ns
B Blade 39.3 41.3 Ns 27.0 29.4 ns
Petiole 40.1 36.2 Ns 46.6 41.2 ns
B. stem 9.6 12.6 Ns 2.1 1.7 ns
Cu Blade 1.6 1.5 Ns 1.7 7.3 *
Petiole 3.8 35 * 0.8 0.5 ns
B. stem 29.8 28.0 Ns 14.3 13.9 ns
Fe Blade 80.9 78.2 Ns 163.1 1205 **
Petiole 476 428 Ns 3.9 256 ns
B.stem 285 383 Ns 13.0 142 ns
Mn Blade 90.2 81.3 Ns 1555 1446 ns
Petiole 197.6 211.7 Ns 1131 1156 ns
B. stem 115 12.4 Ns 11.7 11.6 ns
Mo Blade 0.5 1.5 Ns 1.7 1.0 ns
Petiole 47.9 40.3 Ns 33.8 26.2 ns
B. stem 6.7 8.2 Ns 5.8 4.1 ns
Zn Blade 145 11.5 Ns 14.0 10.3 *x
Petiole 340 331 Ns 445 419 ns

**** P yalue <0.0001, *** P value <0.001, ** P value <0.01, * P value <0.05, Sig* Level of significance. Petiole
nutrient concentrations are calculated from total nutrient content in the three segments divided by total dry mass of
the three segments, and expressed as mg/kg. Lower - node of basal bunch, upper- subsequent upper node. n= 36
replicates. Different superscripts show significant difference. ns = not significant.
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Supplementary Table 4. The Pearson correlation coefficients (r) of nutrient levels between different petiole segments, middle segment (M), segment near blade (L) and
segment near shoot (S) at flowering and veraison in three cultivars.

Cabernet Sauvignon Chardonnay Shiraz

Mvs L SvsL Mvs S Mvs L SvsL Mvs S MvsL SvsL MwvsS

Flow Verai Flow Verai Flow Verai Flow Verai Flow Verai Flow Verai Flow Flow Flow
P .918**  968** .885** ,951** .B60** .961** J79%*  Q95**  798**  086** .851** ,983** 978**  962**  967**
K .699**  754**  823**  822**  623** .654** .818**  852**  877** .878** 762** ,904** .868**  .888** .872**
Ca 917**  .880**  .858** 759**  B46** .697** .814**  983**  8l1** 992**  874** Q71** .902**  .888** .898**
Mg .900**  .871** .877** .896** .B46** .894** J795%*  986**  .809**  .991**  .880** .971** 951*%*  923**  950**
S 935**  981**  867**  .943**  B74**  960** .602*%*  9Q92**  5Q2**  QQ3**  B12**  Q8O** J46%*  902**  736**
B 857**  967**  797**  .976**  .663** .964** 937**  989**  .846**  .966** .830** .964** 928**  .902**  .903**
Cu ns ns .686**  .414* ns 466** J20%*  719**  796**  517** 714** ns .950**  ns ns
Fe 549**  Q90**  B58**  995**  728**  QBQ** .640**  982** ns .954**  ng .925** 528**  .669** ns
Mn .925**  866** .819**  .829**  .B36** .781** .810**  .994**  861**  .988** 910** .981** .846**  918**  906**
Mo 97> 989** [ 795**  Q95**  §76** 985** ns 963**  ns 945*%*  ns .962** J87**  935** 767
Zn 847 > 941**  (.328 .905**  ns .909** ns 929*%*  638**  962**  .669** .893** 678**  .844**  497**

** Correlation is significant at the 0.01 level, * Correlation is significant at the 0.05 level. In each regression, each data point includes the mean value of upper and lower
node positions (n=36 replicates). Flow = flowering; Verai = veraison; ns = not significant.
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Discussion

Nutrient concentrations are uneven along the petiole

Nutrient concentrations were not uniform along the length of the petiole with generally
lowest concentrations in the central segment (Figures 1, 2, 3). K was particularly low in the
middle segment of all three cultivars, sometimes less than 50% of the other two segments
(Figures 2, 3). There were some exceptions to this trend, however, which were cultivar
specific. As far as we are aware no other studies have examined the nutrient concentrations
in different sections of a petiole. Similar to the node itself (Yamaji and Ma 2014), the fleshy
basal portion of the petiole adjacent to the shoot may act as a storage hub and exchange site
for nutrients. Likewise, we may speculate that the petiole segment near the blade may act as
a transient storage pool prior to its partitioning to the various lobes of the blade though this
needs to be substantiated. A stem is not merely a support and transport structure but plays a
vital role in the storage and release of nutrients (Pate and Jeschke 1995, Furze et al. 2018),
and considering that the morphological structure of the petiole is not unlike that of a stem,
the petiole may serve similar functions. There is evidence that the petiole can also act as a
sequestration site as in the case of chloride (Cl) where the blade appears to be protected from
excessive accumulation (Downton 1977). In contrast to the other elements, Mn was
consistently higher in the middle segment of the petiole (Figures 2, 3) suggesting that it may
be fulfilling its important role in photosynthesis (Alejandro et al. 2020). The presence of
nutrient gradients along the petiole has important implications for tissue sampling and
confirms that the entire petiole should be tested for consistent results. It is likely that the
standards that were developed for Australian viticulture (Robinson 1986 ) were based on the
entire petiole or blade. Parts of the petiole may be inadvertently lost if the petiole is cut rather
than broken off the shoot or if the blade is hastily removed by cutting some distance below
its junction. Pinching off each blade individually at the junction should overcome this issue.

The concentrations of specific nutrients vary with node position

Node position is important to tissue nutrient assessment at flowering. With the exception of
K, blades and petioles positioned opposite the lower bunch had higher nutrients than those
collected opposite the upper inflorescence/bunch (Tables 3, 4). The extent of this difference
was dependent on the cultivar, sampling time and nutrient itself. A substantial influence of
node position was also apparent in Thompson seedless grapevines for some nutrients (K, Ca
and Mg) but not others (N, P, B, Zn, Fe and Mn) (Christensen 1969). Unlike our study, however,
a wider range of leaf positions from basal leaves to most recently matured leaves and shoot
tips were included. In a more recent study in cv. Tempranillo, Romero et al. (2010) found only
minor differences in nutrient levels of the blade or petiole collected from opposite to the basal
bunch relative to the subsequent upper node. Moreover, this difference decreased as the
season progressed. In accordance with their findings, we also noticed a weaker node position
effect on nutrient concentrations at veraison compared to that at flowering in Cabernet
Sauvignon and Chardonnay (Tables 3, 4). High mobility of K within plants via xylem and phloem
could explain the higher concentration of K in the younger tissues at the more distal position
(Mpelasoka et al. 2003, White 2012). Christensen (1969) also observed that newly matured
leaves had the highest concentration of K with a gradually declining trend along the shoot
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towards the older leaves. Taken together, these observations suggest that leaf-sampling
position should be consistent, especially earlier in the season due to variability between node
positions, and as such sampling leaves only opposite to the basal bunch is advisable. However
later in the season either 100% lower, 100% upper, or a 50/50 proportion of each can be
adopted.

Tissue nutrient concentrations are dependent on phenological stage and cultivar

As expected, the phenological stage at which the sampling occurred had an important impact
on specific nutrient concentrations, but this was dependent on the cultivar and the tissue that
was sampled (Table 1). In Cabernet Sauvignon, macronutrient concentrations in leaves
(petioles + and blades) and bunchstems were generally higher at veraison than at flowering
(with the exception of P and S) but not so in Chardonnay (Table 1). Romero et al. (2010)
observed an increasing pattern for Ca and Mg and a decreasing pattern for P and K in both
blades and petioles in Tempranillo grapevines between flowering and veraison. In contrast,
in our study there was not a consistent relationship in the nutrient concentrations of petioles
and blades between flowering and veraison (Table 1). Seasonal changes of nutrient
concentrations in both tissues, with a cultivar influence, confirm the importance of developing
reference standards for each tissue and each phenological stage (Dominguez et al. 2015), and
specific to each cultivar. Under sub-optimal environmental conditions such as water stress,
senescence of the basal shaded leaves can be initiated, including those opposite the bunches,
and this will need to be considered if sampling at veraison or later in the season.

Significant cultivar differences in the mineral composition of leaves and berries have been
previously reported, and this can be explained by differences in absorbing capacity of roots
for specific nutrients (Arroyo et al. 1997), root system architecture including depth, vine vigour
and vine yield (through bunch number and weight). Cultivar differences in the onset of leaf
senescence can also explain the heterogeneity in leaf composition however this was not
visually apparent at veraison in the three cultivars examined here.

Blade and petiole nutrients are not always correlated

Various nutrients of the leaf blade correlated well with those of the petiole but this was
dependent on the cultivar and the time of sampling (Table 2). This is not too surprising
considering that the petiole and leaf blade are dynamic storage sites, with nutrients either
accumulating or being remobilised to other sinks. In general, it would be expected that the
leaf blade presents a more stable nutrient profile compared to the petiole (Bertoni and
Morard 1982) with the petiole a closer reflection of the immediate response to fertilisation
considering its greater proportion of vascular tissue. In mature vines with ample storage
reserves the extent and direction of mobilisation between perennial components and new
vegetative tissues may differ from that of young vines. Our vines were 15 years old with
substantial reserves and the relative quantities of a specific nutrient between the petiole and
the blade is expected to reflect not only an immediate response to nutrient uptake from the
soil but also the dynamic process of remobilisation from various sinks. Romero et al. (2010)
observed significant differences between leaf blade and petiole nutrient levels, with higher
concentrations of K, Mg, and Zn in petioles and of N, P, Ca, Fe, Mn, Cu, and B in leaf blades in
Tempranillo grapevines at different time points throughout the season. Consistent with
Romero et al. (2010) our study also showed higher concentration of K and Mg in petioles but
higher concentration of Fe and B in leaf blades (Table 1). In Shiraz at veraison, N was more
than two fold higher in the leaf blades relative to the petiole (Figure 1). Cultivar differences in
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the remobilisation and partitioning of individual nutrients between organs and sinks was
apparent despite exposure to the same environmental and cultural conditions. The three
cultivars used in this study were all on their own roots and planted at the same time and so
rootstock and vine age were not contributing factors to the cultivar differences.

The potential of the bunchstem as an indicator of vine nutrient status

The nutrient concentrations of the bunchstem were more closely correlated to that of the leaf
petiole than the blade (Table 2). The closer association with the petiole than the blade is
logical because like the petiole the bunchstem forms a transport pathway for nutrients.
Bunchstems had generally lower concentrations of most nutrients than relative to petioles or
blades, with the exception of K, Cu, Fe and Mo at specific time points (Table 1). Itis well known
that grapes are the major sink for K (Mpelasoka et al. 2003, Rogiers et al. 2017). High
concentration of K in the bunchstem was also apparent in cv. Viosinho Blanc (Arrobas et al.
2014) and can be explained by its role in the transport of assimilates from leaf to berry as well
as loading of K itself as a mineral ion into the berries (Mpelasoka et al. 2003, Hawkesford et
al. 2012, Rogiers et al. 2017). It will need to be determined if the bunchstem is more
representative of the crop’s nutrient requirements than the leaf tissues, especially for K in the
context of grape composition and quality. If so, bunchstems themselves may be sampled as
an indicator of nutrients available for reproductive growth but standards will need to be
developed. Any tissue that is targeted for sampling should be easy to identify, collect and
handle in large numbers (Wolpert and Anderson 2007), and as such the bunchstem at
flowering may be a good choice. However, the impact on yield in low cropping vineyards will
need to be considered.
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5 Conclusions/Outcomes

l. Diagnostic App:

Grapevine nutritional disorders can result in low productivity and poor quality fruit. After speaking
with members of the wine industry it is clear that a diagnostic app would be of great value to them; it
addresses symptom confusion and the reluctance to use slow and expensive diagnostic labs. We
developed a hydroponic method to create various nutritional deficiency and toxicity symptoms. A
comprehensive set of leaf image features form the basis of machine and deep learning algorithms
which are subsequently transferred to a mobile phone platform. Models have been developed for
healthy, N, Mg, K and Ca deficient leaves that are able to correctly identify the symptom at a 90% or
higher accuracy using the same glasshouse leaves. The file size is small enough to fit in the storage
space of standard smart phones and the processing time is currently less than 1 second. Further
development is however required to improve the accuracy of field vine diagnosis. The project brought
together expertise in plant physiology, image recognition, machine learning and deep learning and
involved collaborators from Charles Sturt University’s School of Computing and Mathematics, the
National Wine and Grape Industry Centre and CSIRO.

. Hyperspectral Imaging:

Based on our preliminary studies, hyperspectral imaging for rapid, cost-effective analysis of plant
nutritional status appears to be a promising avenue for further research. Hyperspectral images can
potentially facilitate early nutrient disorder detection as the spectral wavelength bands reach beyond
the visible range. Early indicators of stress, invisible to the human eye, may be captured so that rapid
management responses can be implemented. The advantage of using this technique include the ability
to sample and assess more frequently and more precisely within a specific block, potentially allowing
the formation of nutritional maps at several points across the season. In the future, hyperspectral
cameras mounted on a tractor could potentially acquire these images during normal vineyard
maintenance.

Il. Refined Tissue Nutrient Sampling Protocols:

A nutrient analysis of leaves is an invaluable tool for determining vine nutritional status and managing
vineyard nutrition. Our study aimed to optimise the tissue sampling protocol and to explore the
differences in nutrient levels between grape varieties and tissue types. The main findings were that
(1) cultivars grown under identical conditions differ in tissue nutrient levels, (2) node position has an
impact on tissue nutrient levels, and (3) nutrient levels are not uniform along the leaf petiole.
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6 Recommendations
Future R&D directions:
l. Diagnostic app for visual symptom assessment

Recommended Practise Change: No recommendations yet as the tool requires further development.
In conjunction with a chemical diagnostic analysis based on appropriate tissue sampling, in future the
app may be used to carry out a rapid in-field assessment of unusual visual symptoms.

Potential Benefits: Faster, more accurate diagnosis relative to traditional field manuals

Further Research: Develop methods to optimise diagnosis of field vines under natural conditions. In
the long term, broaden app’s capabilities to assess micronutrients, assess symptoms for two or more
combined nutrient deficiencies, and broaden app’s scope to encompass diseases, pests and abiotic
stresses.

. Hyperspectral Imaging for pre-visual symptom assessment
Recommended Practise Change: No recommendations yet as the method requires further research
Potential Benefits: Rapid on-farm decision making for corrective action

Further Research: Trial imaging using portable equipment with a broader wavelength range

Il Tissue sampling protocols for chemical analysis

Recommended Practise Change: Sample the entire petiole at the right location on the shoot. The
petiole should be broken off the shoot and the leaf blade pinched from the very end of the petiole.
Since node position is important, consistent sampling of a particular node or combination of nodes
should be adopted corresponding with the same node(s) used to develop the reference standards. We
recommend to build a historical database of a particular cultivar in a particular block to use as a
reference standard targeted at the desired berry composition/yield. This practise change has been
recommended in four NSW growing regions.

Potential Benefits: Appropriate application of correct formulations, amounts and timing of fertilisers
and other soil amendments to optimise yield and fruit quality, reduced waterway pollution, improved
soil health.

Further research: Defining the best tissue(s) to sample and the best time(s) to sample during the
growing season for maximum benefit to productivity and/or quality.
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7 Appendix 1: Communication

Refereed Publications:

1.

Debnath S, Paul M, Rahaman DM, Debnath T, Zheng L, Baby T, Schmidtke L, Rogiers SY. 2021.
Identifying individual nutrient deficiencies of grapevine leaves using hyperspectral imaging.
Remote Sensing 13,3317 https://doi.org/ 10.3390/rs13163317

Baby T, Moroni FJ, Gascon-Aldana P, Moroni NC, Holzapfel BP, Schmidtke LM, Walker RR,
Rogiers SY. 2021. Characterising leaf petiole, blade and bunchstem nutrient concentration
across three cultivars. Australian Journal of Grape and Wine Research 27,
https://doi.org/10.1111/ajgw.12496

Rogiers SY, Greer DH, FJ Moroni, Baby T. 2020. Potassium and magnesium mediate the light
and CO, photosynthetic responses of grapevines. Biology 9, 144; doi:10.3390/biology9070144
Debnath S, Debnath T, Paul M, Rogiers SY, Baby T, Rahaman DM, Zheng L, Schmidtke L.

2020. Hyperspectral imaging to detect age, defects and individual nutrient deficiency in
grapevine leaves. Sensors 20, 1-24: arXiv:2007.05197

Rahaman DMM, Baby T, Oczkowski A, Paul M, Zheng L, Schmidtke LM, Holzapfel BP, Walker
RR, Rogiers SY. 2019. Grapevine nutritional disorder detection using image processing. PSIVT
2019: Image and Video Technology pp 184-196. Available: https://doi.org/10.1007/978-3-
030-34879-3_15

Industry articles:

1.

Baby T, Rogiers SY. 2021. Leaf nutrient analysis: a consistent sampling protocol is the key.
Practical Winery and Vineyard (USA). In review

Baby T, Rogiers SY. 2020. Correct petiole sampling for accurate vine nutrient analysis.
Grapevine Management Guide. 2020-2021 , p.52

Rogiers SY. Baby T, Oczkowski A, Rahaman M, Zheng L, Paul M, Holzapfel B, Schmidtke L,
Walker R. 2020. Smartphone app to assess grapevine nutrient disorders. Grapevine
Management Guide. 2020-2021 , p.54-55

Baby T, Rogiers SY. 2020. Leaf nutrient analysis — do we need to refine the current sampling
protocol? Wine & Viticulture Journal 35 (2) 33-35

Conference proceedings:

1.

Baby T, Holzapfel BP, Oczkowski A, Rahaman DMM, Paul M, Zheng L, Schmidtke LM, Walker
RR, Rogiers SY. 2019. Vine Nutrition: A Diagnostic Smartphone App for Vine Nutritional
Disorders. 17th Australian Wine Industry Technical Conference (AWITC 2019), Adelaide,
Australia.

Seminars and Workshops:

1.

Face to face- Swanhill (1/08/19) and Mildura (2/08/19) as part of the AWRI Pre-season Pest
and Disease Workshop. Vine Nutritional Disorders: Assessing Elemental Status Accurately- Dr
Suzy Rogiers

Face to face- Griffith (13/08/19) and Tumbarumba (24/09/19) as part of the NSW DPI Spring
Grapevine Health Field Days. Vine Nutritional Disorders: Assessing Elemental Status
Accurately- Dr Suzy Rogiers
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Media:

Online- NSW DPI Spring Grapevine Health Field Days on 08/09/2020: The development of a
smartphone app to identify and manage nutrient deficiency in grapevines - Dr Suzy Rogiers.
https://youtu.be/6WO0iBJI4G7M. There were about 40 people registered for this event.
Online- NWGIC Research Update on 28/10/2020: The development of a smartphone app to
identify and manage nutrient deficiency in grapevines - Dr Suzy Rogiers. https://youtu.be/u-
agjghhmXc. There were 100 people registered for this event.

Online-NWGIC Research Update on 11/08/2021: Identifying individual nutrient deficiencies of
grapevine leaves using hyperspectral imaging - Dr D M Motiur Rahaman.
https://youtu.be/b50R7GvDuT8

NWGIC research sheds new light on petiole sampling. December 2019. Decanted, the NWGIC
newsletter.https://www.csu.edu.au/nwgic/about-us/news/feature-
stories/stories/2019/nwgic-research-sheds-new-light-on-petiole-tissue-sampling

App to help assess and manage nutrient disorders. July 2020. Wine Australia News.
https://www.wineaustralia.com/news/articles/app-to-help-assess-and-manage-nutrient-
disorders

New prototype app plots vine nutritional status. September 2021. Wine Australia News.
https://www.wineaustralia.com/news/articles/new-prototype-app-plots-vine-nutritional-
status

8 Appendix 2: Intellectual Property

New IP produced by the project include:

1.
2.

A grapevine diagnostic app

Datasets of RGB images for healthy and nutrient deficient leaves with matching ground-
truthed data

Data processing pipelines and algorithms for diagnosing nutrient disorders
Hyperspectral datasets and indexes for assessing nutrient deficiencies

New knowledge on nutrient gradients within the grapevine petiole
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11 Appendix 5: Survey questions

o How do you currently diagnose grapevine nutritional disorders, diseases and pests? (Field
Manuals/Google/Diagnostic Labs/Experience/Other)

o Have you ever sent soil or petiole samples to a diagnostic lab for nutritional information? If
so, how often?

o Have you ever sent diseased tissue or pests for diagnosis to pathology/entomology labs?
o Would you consider using a Smartphone App to help with pest/disease/ nutritional diagnosis?
o Are you currently using any Smartphone Apps in decision making on pest/disease/ nutritional

disorders management in your vineyard? If yes, which one? What are the features you like / dislike?

o Please rank the following issues with (1) being the highest priority for your operation:
Nutrition Disease Pest Other

o What is the minimum accuracy for a correct diagnosis that you will tolerate?

o How long are you prepared to wait for the processing to take place on the phone?

o Would you prefer to take images in the vineyard or would you prefer to take the samples

inside and take images of them inside?

o Do you want to be able to tag the geolocation of the disorder for future reference?

o Do you want to have links to fact sheets and potential treatments of the disorder?

o Would you like to have access to real time incidence information of the disorder for your
region?

o Do you want to have the capacity to create a historical database of the disorders for your site?
o How do you rate your network connection of your vineyard? (poor, good, super)?

o Are there any functions you would like us to add in the App?

o Would you like us to get in touch with you via email to learn more about the new App? If so,

please leave contact details here:

o What other goals can we help you achieve?

85



12 Appendix 6: Acknowledgements

This research was supported by funding from Wine Australia. Wine Australia invests in and manages
research, development and extension on behalf of Australia’s grape growers and winemakers and the
Australian Government.

We would like to thank all participants from the wine industry who took out time to complete the
survey, undertake user testing and participate in the interviews.

Technical assistance by Francesca Moroni, Pedro Gason-Aldana, Di Hubbard, Dewatage Perera, Helen
Pan and staff from CSU’s diagnostic lab is greatly appreciated.

Thanks to Krista Mentjox, NSW DPI Business Development at the GATE for leading the
commercialisation process.

86



