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Abstract

Non-destructive and rapidly measurements of grape quality allow vine growers to make
effective decisions for selective harvesting and vineyard management, which results in more
economic and sustainable wine production. The objective of this dissertation was to investigate
the potential of using non-destructive techniques at pre- and post-harvest stage to predict ‘Pinot
Noir’ grape quality parameters (total soluble solids, TSS; and titratable acidity, TA). Three non-
destructive techniques unmanned aerial vehicle (UAV) based on multispectral camera, visible-
near infrared-shortwave infrared (VNIR-SWIR) spectroscopy, and hyperspectral imaging (HSI)
were applied on commercial vineyards. In the multispectral study, the spectral reflectance
measurements of vine canopy were acquired using an UAV during flowering stage. The
acquired spectral data were combined with environmental ancillary data to predict grape TSS.
UAV combined with ancillary data showed a moderate prediction performance, indicating grape
growers can manage large vineyard areas efficiently, reducing labor and operational costs
based on this technique. In the hyperspectral study, the spectral reflectance measurements of
grape berries were acquired using VNIR-SWIR spectroscopy and HSI during pre- and post-
harvest stages. VNIR-SWIR spectroscopy was used directly in the vineyard condition with a
contact probe to ensure stable light conditions during pre-harvest stage. The acquired spectra
data were pre-processed by various methods including principal component analysis and
spectra pre-processing. The ability of using different spectral regions to predict grape TSS was
validated with an external dataset. The spectroscopy under VNIR spectrum is sufficiency for
accurate prediction, suggesting cost-effectiveness over VNIR-SWIR. HSI was used under
laboratory conditions during post-harvest stage to predict and classify grape quality parameters
(TSS and TA). The high level of classification accuracy achieved indicating HSI| was adequate
for grape TSS sorting purposes. However, classification of TA remained unsuccessful for
industry application. Further study should consider to using different sensors to determine
grape TA. This study demonstrated the ability of using different non-destructive techniques to

predict grape quality parameters in ‘Pinot Noir’ grape variety, which would allow more accurate



and real-time assessment of grape quality, aiding in the optimal timing of harvest to enhance

wine quality.
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1 Introduction

1.1General Background

Wine grapes are a major horticultural crop in New Zealand, with around 41,860 hectares
of land being used for wine grape production in 2023 (New Zealand Winegrowers, 2023). In
New Zealand, ‘Sauvignon Blanc’ accounts for 65% of the total production area, and ‘Pinot Noir’
next at 14%. The New Zealand wine industry managed to achieve record exports totaling
NZ$2,405 million in 2023, up 23.1% on the previous year (New Zealand Winegrowers, 2023).
New Zealand has 11 wine producing regions across the two main islands with a range of mini-
climates and soil types (Figure 1.1). ‘Pinot Noir’ is New Zealand’s most commonly planted red
variety and second-most exported wine. Wairarapa and Central Otago are famous ‘Pinot Noir’
producing regions (Figure 1.1). Martinborough, situated within the Wairarapa region, stands out
with its highly acclaimed ‘Pinot Noir’. Martinborough has a similar climate and soil profile with

Burgundy which is the paragon for ‘Pinot Noir’.

NORTHLAND 73 ha

WAIKATO/
AUCKLAND 266 ha BAY OF PLENTY 3 ha

GISBORNE 1,232 ha

HAWKE'S BAY 4,722 ha
NELSON 1,067 ha

WAIRARAPA 1,083 ha

MARLBOROUGH 29,339 ha

NORTH CANTERBURY 1,448 ha

WAITAKI VALLEY 48 ha

CENTRAL OTAGO 2,013 ha

Figure 1.1: The major vineyard regions in New Zealand (Winegrowers, 2023)



‘Pinot Noir’ is a notoriously fickle grape, as it’s sensitive to various environmental factors
(Shaw, 2012). The tight berry clusters make them vulnerable to diseases like botrytis and
mildew, as well as quality issues such as uneven ripening. Their thin skins also make them
susceptible to damage from weather conditions such as excessive sun exposure. Compared
with other wine grape varieties, the growing season of ‘Pinot Noir’ is relatively short. Its window
of ripeness is narrow, often lasting just a few days (Nicholas, 2015). Thus, it is important to
determine the optimal time to harvest the ‘Pinot Noir’ grapes when they are ripe. Harvesting too
early can result in underripe flavors, whilst waiting too long can lead to overripe grapes, affecting
the quality and value of the resulting wine (Grainger and Tattersall, 2016). Winemakers must

closely monitor the grapes and be ready to harvest swiftly when they reach peak ripeness.

To date, the traditional method of determining grape maturity and quality involves analyzing
total soluble solids, titratable acidity and pH based on destructive techniques. The process
typically begins around veraison, the stage in the grapevine growth cycle when the berries start
to change color and soften, marking the onset of ripening. From veraison, grape growers will
take weekly samples of berries from different parts of the vineyard. As harvest approaches and
the grapes near their peak ripeness, the sampling frequency may increase too daily. During
each sampling day, grape growers pick around 200 berries per block and per variety. The
maturity and quality levels of these 200 berries are used to represent the entire variety. However,
many studies have shown that grape quality parameters varied spatially and temporally within
blocks (Bramley, 2005; Baluja et al., 2013). Uniformity in grape berries is crucial for winemakers
in achieving consistent quality in their wines. When grapes are uniform in terms of ripeness and
quality, winemakers can expect a more predictable outcome throughout the winemaking
process. This uniformity allows for better control over factors such as extraction, fermentation,
and aging. Bramley et al., (2003) shows that selective harvesting, where grapes of different
qualities are harvested and treated separately, can bring greater benefits to the winery. Using
traditional destructive testing methods only evaluates the quality of a fraction of the grapes in a
vineyard. The development of real-time non-destructive methods is preferable as it can monitor

the maturity and quality levels of an entire vineyard.



1.2Research Objectives

This study aims to explore the possibility of using various non-destructive methods applied
during vine growth stages to predict ‘Pinot Noir’ quality parameters. Remote sensing imagery,
VNIR-SWIR spectroscopy, and HSI system are explored as potential techniques. Remote
sensing imagery is used to monitor the vine growth status from the canopy level. This
information is related to vine vigor, water and nutrient status which affects the quality of wine
grapes (Moghimi et al., 2020; Wei et al., 2022; Ferro et al., 2023). VNIR-SWIR spectroscopy
and HSI are used to monitor the grape berry directly. Both VNIR-SWIR spectroscopy and HSI
rely on detecting the reflection, absorption, or transmission of electromagnetic radiation on or

within the surface of grape berries to assess their quality (Li et al., 2019).

1.3Research Outline

This thesis is structured into seven chapters. The first two chapters cover the introduction
and literature review. Following these are four stand-alone chapters, each developed as an
individual paper submitted to peer-reviewed journals and cited accordingly in the author's
publications list. Each of these chapters includes its own introduction, materials and methods,

results, and discussion. The final chapter provides a research discussion and summary.

Chapter 1. It provides the study background about the New Zealand wine industry

and outlines the objectives and thesis structure.

Chapter 2. It provides a literature review on current knowledge on winegrape,
including phenology, quality attributes and precision viticulture It also introduces
the principle of VNIR-SWIR and HSI, the application mode, data collection and

analysis for quality determination of winegrapes.

Chapter 3. Investigates the ability of using remote sensing imagery and ancillary
data to predict grape TSS. For this, an unmanned aerial vehicle (UAV) was used
to acquire multispectral imagery of the vine growth status. Additionally other

environmental variables from different sources were used to improve the model



performance of UAV imagery for predicting grape quality. This chapter also

explores the different machine learning algorithms prediction performance.

Chapter 4. Investigates the feasibility of using proximal VNIR-SWIR sensors to
assess grape TSS directly in the vineyard. In addition, this chapter also explores
the comparative effectiveness of VNIR, SWIR, and VNIR-SWIR spectral data in
predicting grape TSS under unstable environmental conditions. A large in-field
multi-season spectra database (n = 1830) over two years (2023-2024) from three
‘Pinot Noir’ commercial vineyards were selected to develop different machine

learning pipelines.

Chapter 5.  Describes the ability of using hyperspectral imaging system to predict
grape TSS and TA during the post-harvest stage. In this chapter, both, regression
and classification models were adopted to determine grape quality parameters.
This chapter also identifies the important wavelengths for explaining grape

quality parameters.

Chapter 6.  Uncovers the feasibility of using deep learning algorithms to generate
synthetic grape hyperspectral reflectance data and improve the grape quality
classification performance. For this, a Generative Adversarial Network was used
to generate synthetic hyperspectral reflectance data. Various convolutional

neural networks are used to analyze the hyperspectral reflectance data.

Chapter 7. It provides overall findings and discussion for this study and

suggestions and perspectives for future research.



2 Literature Review

2.1New Zealand Wine Grape

2.1.1 General Characteristics

Grapevine (Vitis spp.) is a woody, herbaceous tree-climbing plant. It was first grown in New
Zealand in Kerikeri in the early 1800’s, by a missionary, Sanuel Marsden (Danielmeier, 2008).
A few years later, in 1832, James Busby who was the first Official British Resident of New
Zealand produced the first wine in the same region. By the mid to late 1980s, New Zealand had
started to gain recognition and reputation in the global wine industry, particularly for its
‘Sauvignon Blanc’. The wine industry has grown to become a substantial participant of the New
Zealand economy; the wine export value growing consistently to NZ$2.4 billion in 2023 (New
Zealand Winegrowers, 2023). The most commonly planted varieties in New Zealand
‘Sauvignon Blanc’ (64.7% of the land), ‘Pinot Noir’ (13.6%), ‘Chardonnay’ (7.5%), and ‘Pinot

Gris’ (6.7%) (New Zealand Winegrowers, 2023).
2.1.2 Winegrape Phenology

There are four accepted grapevine growth phenology systems. Baggiolini, (1952)
proposed the first grapevine phenology system, which included 16 stages from bud break to
leaf fall, in 1952. Eichhorn and Lorenz, (1977) then proposed a more comprehensive system
consisting of 22 stages from “winter bud” to “end of leaf fall”. This system is adopted by several
wine industries. In addition, European Union developed the Biologische Bundesanstalt,
Bundessortenamt und CHemische Industrie (BBCH) system to standardize the phenological
development stages of plants. In the adaptation of the BBCH system to grapevines, the stages
are divided into seven macro-stages of growth, with each stage further broken down into
numerous micro-stages. However, Coombe, (1995) found that the BBCH system contained
terms that lacked universal understanding. Thus, Coombe developed the Modified Eichhorn
and Lorenz system (Modified E-L) based on the grapevine phenology trials in Australia. The

Modified E-L has 47 phases, which comprise a basic description of eight primary growth stages



and comprehensive intermediate stages. The physiology of main winegrape varietals in New

Zealand can be described by:

Stage I. : Shoot and Inflorescence Development — occurring end of September to early
November. This stage starts with the breaking of the dormant winter stage, marked
by the sap rise. Four to six weeks following sap flow, the vines begin to generate
foliage (tendrils and leaves) from the primary buds which formed at the end of
previous year. Many leaves split off as the shoot grows to a height of about 10 cm,

and the inflorescence is clearly visible.

Stage Il. : Flowering — commencing around late November to early December. At this
stage the young shoots start to separate into separate meristems and form flower
clusters at the vine's nodes. Each flower within the cluster has a cap that, as it grows,
falls off to reveal the inner floral components of the vine. It is considered to be in full

bloom when 50% of the caps have fallen off.

Stage lll. : Berry Development — from the end of flowering in mid-December to January.
During this stage, the green berries grow at a right angle to the stem after setting on
the clusters. Over the following two months, the berries grow in bulk, causing the
clusters to hang down once they reach the size of peas. At this stage, minimal

chemical variation is observed in the berry, aside from a subtle increase in acidity.

Stage IV. : Ripening — commencing around the end of January to early March. Following
berry development, the berries go through a quick phase of chemical and physical
change called veraison. At veraison, vegetative growth of shoots comes to an end,
and the berries get softer, bigger, start to accumulate sugar and change color. Once
the sugar/acid ratio and flavor profile reach their optimal levels, the berries are

deemed to be harvest-ripe.

Stage V. : Senescence — from late March to late April. The vines enter their senescence
stage after harvest. The canes become hard and woody, while the leaves fall from the

vines.



Figure 2.1: Modified E-L system for grapevine phenological development stages (Coombe,

1995).



2.1.3 Winegrape Quality Attributes

2.1.3.1 Total Soluble Solids

Total soluble solids (TSS) is a measurement of soluble substances such as soluble sugars,
pectin, organic acids, amino acids, and ascorbic acids, often expressed as a percentage (%)
or in degrees Brix (°Brix) (Agulheiro - Santos et al., 2022). In wine grapes, TSS are normally
99% sugars (glucose and fructose) (Wolf, 2008). Thus, TSS is a good assessment of grape
sugar content. TSS can be easily measured using a manual or digital refractometer. The sugar
content in wine grapes directly affects potential alcohol content after fermentation and the
volume of residual sugars in the produced wine. As a result, during the grape harvest stage,
the TSS value is crucial for determining the best harvest timing. In general, the
recommended °Brix level of berry harvest-ripe is between 18-24 °Brix. This range varies

depending on the grape varieties and the vine growing conditions (Wolf, 2008).

2.1.3.2 Acidity

In grape berries, acidity contributes to the tart or sour taste. Both insufficient and excessive
levels of acidity are problems for winemaking. Inadequate acidity results in flat and uninteresting
wines, while an excess of acidity results in wines that are overly sharp. Adequate acidity
balances sweet and bitter flavors, contributing to a refreshing and crisp quality in the wine. In
addition, optimal acidity also aids in stabilizing color and proteins, preventing the growth of
spoilage microbes, and improving the efficacy of sulfur dioxide used in winemaking. While
winemakers can add acid, receiving grapes with the desired acidity level simplifies the
winemaking process and avoids additional expenses. Malic acid and tartaric acid are the
dominant organic acids found in grape berries (Yinshan et al., 2017). . Titratable acidity (TA)

and pH are two common methods to characterize acidity in grapes.

2.1.3.2.1 Titratable Acidity

Titratable acidity (TA) commonly used in the measurement of the organic acids present in

grapes. Tartaric acid and malic acid are the principal organic acids found in grapes. TA



measures the total concentration of these organic acids and their salts, primarily representing
the tartness and sourness in grapes and wine. It is important to note that TA is not a direct
indicator of wine stability. In general, the recommended TA level of berry harvest-ripe is between
5-10 g/L tartaric acid equivalents This range vary depending on the grape varieties and the vine

growing conditions.

2.1.3.2.2 pH

The pH is the concentration of associated or free hydrogen. This measure provides an
indication of the intensity of the effective and active acidity in the wine, which is distinct from
titratable acidity (TA) that measures the total concentration of all acids, including those that are
bound or associated with other compounds. The pH level in grapes is important for chemical
and microbial stability but has little direct impact on the taste profile of the grape and wine. As
TA decreases, the pH generally tends to increase. The usual pH level for grape berries typically
ranges between 2.9 and 4.0. This range can be influenced by grape varieties and the vine

growing conditions.

2.2 Precision Viticulture

Precision viticulture (PV) is a modern technique, which use is growing rapidly in the ‘New
and old word’ wine countries such as Australia, New Zealand, Canada and Europe (Baluja et
al., 2013; Bramley, 2022). In PV, viticulturists detect and manage the spatial variation within
vineyards, which enables them to assist growers in improving management and increasing
grape yield and quality. (Baluja et al., 2013). Winemakers regard the uniformity of a bunch of
grape berries as a key aspect of wine quality. This is because using uniform bunches can make
wine with the same flavor and aroma. This can be more profitable than selling wines that have
been downgraded because a relatively small part of the input grapes lack the desired
characteristics (Bramley, 2022). Accordingly, the primary goal of modern vineyard management

is to ensure that the grapes in the vineyard meet a specific grade.



Environmental variables vary spatially within vineyards, whereas in most vineyards the
management strategy is uniform (van Leeuwen et al., 2008). As the result of uniform application,
parts of the vineyard will receive less inputs than required, while other parts might receive more
than they need. This results in grape size or quality being different in various harvest areas,
which is problematic for winemakers. These factors have prompted researchers and growers
to begin to adopt PV techniques. Due to advances in global positioning systems (GPS),
geographical information system (GIS) and remote sensing (RS), viticulturists have more tools
to measure and monitor systems and variability within vineyards. With these tools viticulturists
can analyze the spatial and temporal variability of environmental variables, that affect grape

yield and quality. Site-specific viticultural management practices can therefore be carried out.

Over the past decade, PV tools have been increasingly applied, and in many cases have
been extensively studied for their aid to profitability and accuracy, with promising results
(Bramley, 2022). Bramley et al., (2003) showed the economic advantages of targeted
harvesting based on remotely sensed imagery in a 3.3 ha Australian vineyard were estimated
to be AUD $2,661/t compared to normal harvesting. In addition, using vegetation index maps
to delineate management zones is estimated to provide a financial saving of AUD $400/t in a

commercial vineyard (Newson et al., 2012).

The development of spatial technologies plays a key role in the adoption of PV. It becomes
possible and easy to collect information for mapping the canopy status, vine yield and soil maps.
Remote sensing by satellite, unmanned aerial vehicle (UAV) and proximal sensors can provide
reliable images about the land cover, canopy status and grape yield and quality (Kasimati et al.,
2021; Wei et al., 2023, 2022). For example, Wei et al., (2022) used vegetation indices obtained
from UAV to predict vine water status. In addition, an accurate yield map for grapes can be
produced cheaply and conveniently by grape harvesters with differential global positioning

systems instrumentation during the harvest (Taylor et al., 2005).
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2.2.1 Spatial-temporal Variation in Vine Growth

Many researchers have studied the spatial and temporal variability of vine vegetative
growth (vigor) in vineyards (Trought et al., 2008; Trought and Bramley, 2011; Bramley et al.,
2011b, 2019). In these studies, they used the pruning mass, trunk circumference, trunk cross-
sectional area and remote/proximal sensing images to assess vine vigor. Many studies showed
that some vine vigor indicators such as: trunk circumference and pruning mass varied in the
same timeframe within vineyard (Trought et al., 2008; Bramley et al., 2019). Bramley et al.,
(2011) measured trunk circumference of 2028 vines and used block kriging to interpolate the
map. Although, the interpolation map showed very similar patterns of variation with the remote
sensing images within vineyard, it took a lot of time to collect the 2028 samples in this study.
Using remote sensing techniques to explore the spatial and temporal variation in vine vigor

status can reduce the economic cost of sampling.

The two main vegetation indices normalized vegetation index (NDVI) and plant cell density
(PCD), which are provided by remote or proximal sensing were used to assess the spatial-
temporal variation of vine vigor within vineyards (Bramley, 2022). Compared with direct
measurement, remote sensing images can provide high density sampling within a vineyard.
This data is suitable for kriging to interpolate the map which can assess the spatial variation of
vine vigor. The NDVI and PCD indices are an indicator of vine vigor, as they provide a measure
of the photosynthetically active biomass (PAB) which can reflect different vine canopy statuses
(Bramley, 2022). Therefore, they are often used as indicators of vine vigor (Bramley et al.,
2011b, 2019). Bramley et al., (2011) inferred that the patterns of variation in vine vigor in a New
Zealand vineyard were stable in time based on the PCD images which were obtained by
remotely sensed digital multispectral imagery (~50 cm on-ground resolution). In the study of
Bramley and Hamilton, (2007), there was a strong correlation between the spatial structure of
PCD imagery and yield maps in a mechanical spur-pruned vineyard, whereas in a cane-pruned
vineyard, the correlation between yield and vine vigor, measured using a proximal sensor was
weak (p<0.05) (Bramley et al., 2011b). Remote sensing images have been shown to predict
yield in mechanical spur pruned vineyards when the images are collected during veraision

1



(Bramley, 2022). Vegetation vigor measured either directly or remotely showed temporal and

spatial variation within vineyards (Bramley et al., 2011b, 2019).

Besides, the spatial-temporal variation of other vine attributes which represent plant growth
were confirmed to have the ability to influence changes to grape yield and quality within a
vineyard (Arné et al., 2012; Jasse et al., 2021). These vine attributes have the potential to reflect
plant growth stress, such as the stem water potential (SWP) which is a reliable indicator of the
water deficit in grapes during the growing season (Jasse et al., 2021). Jasse et al., (2021) used
SWP as an indicator to assess the spatial-temporal variability of plant water status during the
growing season. The result showed that the spatial and temporal variability of SWP was evident
during the growing season, and these variations can have a negative impact on the grape yield.
When compared with the plant water status, the spatial variability of grape fertilizer status is
rarely mentioned, as the fertilizer requirement per hectare in the vineyard is much lower than
most other plants or crops. However, a deficiency of nutrients can decrease vine vigor, or even
cause plant death in extreme cases; and an excess of nutrient inputs can reduce the process
of maturation and grape quality (Arné et al., 2012). In most viticulture practices, farmers prefer
to assess the grape nutrient status through analyzing soil properties and petioles within the
vineyard, and the fertilizer management is uniform. But the variation of grape nutrients is not
uniform within a vineyard. For example, the N content of vines showed significant differences
in vine vigor areas based on the measurement of leaf petioles (King et al., 2014). Thus, it is
important to explore the spatial variability of vine nutrient status to apply site-specific

management.

2.2.2 Spatial-temporal Variation in Grape Quality

Grape quality is an important factor for viticulturists and winemakers to consider. Grape
quality can determine the sensory attributes of wine and thus profit. Several studies have
explored the spatial-temporal variation of grape quality within a vineyard, and their relationship
with vine vigor and yield (Bramley, 2005; Reynolds et al., 2007; Tisseyre et al., 2008; Trought

et al., 2008; Trought and Bramley, 2011). The study of Bramley, (2005) assessed multi-year
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data in Australian vineyards and used geostatistics to analyze the spatial variability of grape
quality. As a result, most of the grape composition showed a marked spatial structure within a
vineyard and varied during seasons. However, when it turns to the spatial analysis, most indices
exhibited a ‘moderate’ degree of spatial dependence. The variogram of some parameters such
as pH and TSS in some years showed a large nugget effect (no spatial dependence of
variables). Tisseyre et al., (2008) reported very similar results. They provided a plausible reason
for this that the sampling strategies are designed with less determination of the short-range
variation. Moreover, Tisseyre et al., (2008) inferred that the inter seasonal variation in quality
indicators is mainly due to the different weather in different growing seasons. While the spatial
pattern of grape quality parameters was stable over three consecutive seasons in a vineyard
in Spain (Baluja et al., 2013). It is a novel outcome which differs from the previous works
(Bramley et al., 2005; Tisseyre et al., 2008). Baluja et al., (2013) concluded that the similarities
between the weather conditions in different seasons may have contributed to this inter-seasonal
stability. An important issue in the above studies is the economic impact on viticulturists of
destructive sampling in vineyards and the cost and time of laboratory analysis (Bramley, 2022).
The number of manual sampling points must be reduced due to economic and time factors,
while sparse data reduces the support for exploring spatial and temporal variability of grape
quality (Webster and Oliver, 2007). Therefore, developing a non-destructive and rapid method

can solve this issue.

2.2.3 Early Grape Quality Prediction

As Kasimati et al., (2021) highlighted, an ability to predict the final grape quality during the
vine growing stages is highly valuable. The vine vigor parameters (trunk circumference, remote
and proximal imagery) are commonly used to be an indicator to predict the grape yield and
quality in many studies (Hall et al., 2011; Trought and Bramley, 2011; Bramley et al., 2019)
Using remote or proximal sensor monitor vine canopy status is widely used in New Zealand,
and it can save sampling time and reduce destructive sampling (Bramley et al., 2019). The
vegetation index such as NDVI and PCD which calculated from remote sensing imagery is seen
to have a strong relationship with the grape quality parameters (Hall et al., 2011; Trought and
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Bramley, 2011; Garcia-Fernandez et al., 2021; Kasimati et al., 2021). Hall et al., (2011) showed
the relationship between NDVI and yield and quality parameters are likely to have different
levels at different phenological stages (from post-budbreak to maturity). Trought and Bramley,
(2011) noted that the ability of using PCD to predict fruit composition is best early in the ripening
of the grape. The timing of imaging is an important factor determining the direction and strength
of correlations between vegetation index and grape quality. Kasimati et al., (2021) used the
NDVI data which obtained from different platforms and growing stages to predict the grape
quality parameters. The result showed that the NDVI data collected at berries pea-sized and
veraison growth stages have strong relationship with the grape sugar content. In addition to
NDVI and PCD, other vegetation spectral indices can also be used to reflect vine growing status
and predict final quality. For example, Garcia-Fernandez et al., (2021), examined the
correlation between 12 vegetation indices obtained from UAV imagery and grape quality
parameters. The result showed a strong correlation between excess green index and grape

sugar content.

2.3VNIR-SWIR Spectroscopy in Wine Grape Quality Determination

Conventionally, grape growers start to assess the grape quality from veraison to harvest
stage based on destructive tests, such as TSS by the refractometer, pH by pH meter and
electrode. Grape growers select and measure around 200 berries per block and per variety to
represent the vineyard’s grape quality. However, previous studies have shown that grape
quality varies spatially within vineyard or between cluster of grapes (Baluja et al., 2013; Bramley,
2005). Conventional measuring methods result in the destruction of the berries, while allowing

only a small proportion of berry samples to be measured.

14



The use of VNIR-SWIR spectroscopy to determine grape quality in a non-destructive way
can provide the possibility to assess quality on a large number of berries and determine multiple
quality attributes on the same berries during harvest stages (Walsh et al., 2020). Spectroscopy
involves examining how objects interact with electromagnetic radiation. When electromagnetic
radiation interacts with an object, it carries information about the object’s composition or the
nature of processes occurring within it (Nicolai et al., 2007a). This information is generally
contained in the electromagnetic radiation transmitted through the object or reflected from it
and is revealed in the spectrally selective nature of the wavelengths absorbed or emitted by the
object (Milton, 2009). Electromagnetic radiation can be classified as radio waves, microwaves,
infrared radiation, visible light, ultraviolet radiation, X-rays, and gramma waves based on the
frequency and wavelength (Figure 2.2) (Lambert and Edwards, 2023). Whereas the actual
instruments used to measure the interactions between electromagnetic and matter are referred

to as “spectrometers” or “spectroradiometers” (Milton et al., 2009).

Visible Light
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Figure 2.2: Electromagnetic spectrum (Lambert & Edwards, 2023)

VNIR-SWIR spectroscopy (ranging from 400 nm to 2500 nm) has been widely applied in
assessing berry quality. Of this range, the 450-750 nm region is referred to as visible (Vis), 750-
2500 nm region is considered the near infrared (NIR), the 1000-2500 nm region is also referred

to as the shortwave infrared (SWIR) (Walsh et al., 2020). Visible spectroscopy involves
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measure of the absorption of the light associated with electronic transitions of molecules. NIR
spectroscopy is based on vibration of molecular bonds and occurs in the NIR range (Walsh et

al., 2020).

2.3.1 Visible Spectroscopy

The pigment such as chlorophylls, carotenes, xanthophylls, flavonols, anthocyanins and
other phenols determine the color of the fruit. Visible spectroscopy is widely used to determine
the fruit pigments based on the pigments’ spectral features. The absorbance peak in the
wavelength ranging from 420 to 503 nm is related to carotenes and xanthophylls (Walsh et al.,
2020). The strong absorbance peak near to 475 nm is related to beta-carotene. Absorbance in
the blue region around 350-500 nm is caused by xanthophylls, lutein and violaxanthin (Walsh
et al., 2020). In addition, the absorption feature at 365-430 nm is dependent on flavonols
(Merzlyak et al., 2005). The anthocyanin pigment sugar-protein complex displays strong
absorption across 530-550 nm (Merzlyak et al., 2005). Absorbance in the blue and red

wavelengths region is caused by the chlorophylls (Kuai et al., 2018).

2.3.2 Near-Infrared Spectroscopy

Near-infrared (NIR) spectroscopy is widely used to measure the water, carbohydrates, and
proteins level in fruit (Chandrasekaran et al., 2019). The chemical group such as C-H, O-H in
these compounds are NIR-active chemical groups. When irradiated by NIR light, vibrational
energy changes in the chemical group such as C-H, O-H, involving stretching or bending, lead
to anharmonic vibrations, enabling overtone transitions and combination modes that manifest
as specific absorption bands in the NIR region. The first, second and third overtones of O-H
stretching contribute the absorption at 840, 960 and 1440 nm. Absorbance near 1900 nm
related to a combination O-H features. The first, second and third overtones features of C-H
contribute to absorption near 910, 1100, and 1700 nm. However, the absorption features are
broad and overlapping, making the interpretation of the raw absorption spectra of fruit

challenging (Walsh et al., 2020).
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2.3.3 Acquisition Modes of VNIR-SWIR Spectroscopy

There are three common modes for VNIR-SWIR spectroscopy acquisition: reflectance,
transmittance, and interactance modes (Figure 2.3). Most studies used reflectance mode for
grape berry quality non-destructive estimation (Li et al., 2019). The position of light source,
detector and fruit determines the different acquisition modes. In reflectance modes, the detector
captured the specular and diffusely reflected light from the illuminated part of fruit (Walsh et al.,
2020). The configuration of detectors and light sources in reflectance mode is typically set at a
45° angle to minimize specular reflections. This angle is chosen to reduce the impact of
specular reflections, which do not provide information about the internal attributes of the fruit
(Cozzolino et al., 2011). Reflectance mode is usually used to determine external quality features.
In transmittance mode, the detector is placed in front of the light source and received the
transmitted light through the fruit. Internal component concentration is typically detected using
transmittance mode (Greensill and Walsh, 2000). However, transmittance mode has a low
signal level from light attenuation and is influenced by the thickness of sample. In interactance
mode, the light source and the detector are positioned on the same side of the sample and
parallel to each other. In addition, a light barrier separates the light source and detector,
preventing direct entry of light from specular reflection into the detector. Compared with
reflectance mode, interactance mode can detect deeper information within the fruit and has
less surface effects. Simultaneously, interactance mode minimizes the impact of sample

thickness, making it a practical advantage over transmission mode (Walsh et al., 2020).
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Figure 2.3: Acquisition modes of VNIR-SWIR spectroscopy. Reflectance mode (a),
Transmittance mode (b), Interactance mode (c) (Li et al., 2019)

2.3.4 Applications of VNIR-SWIR Spectroscopy in Wine Grapes

For the wine grape industry, VNIR-SWIR spectroscopy is most commonly used in
prediction of oenological parameters by developing regression models (Table 2.1). For instance,
using VNIR-SWIR spectroscopy under lab conditions can achieve rapid and non-destructive
prediction of wine grape quality attributes with high prediction accuracy of R? above 0.9 (dos
Santos Costa et al., 2019; Urraca et al., 2016). However, Gonzéalez-Caballero et al., (2012)
used VNIR-SWIR spectroscopy (380-1700 nm) to predict the TSS, pH, and reduced sugar
content of 28 different wine grape varieties under lab conditions and obtained a moderate
prediction accuracy (Table 2.1) Compared with dos Santos Costa et al., (2019) and Urraca et
al., (2016), Gonzalez-Caballero et al., (2012) applied spectroscopy to 108 grape bunches,

where the small sample size probably affected the prediction accuracy.

Wine grapes are non-climacteric fruits, exhibit no further ripening once removed from the

vine. While in transit to the lab for spectral measurements, grape berries tend to lose their fluids,
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dehydrate, and become sensitive to microbial decay, which affects subsequent spectral and
quality measurements. Some studies attempt to predict wine grape quality attributes based on
on-site VNIR-SWIR spectral data in situ (Larrain et al., 2008; Gonzalez-Caballero et al., 2012;
Urraca et al.,, 2016; Kalopesa et al., 2023). For the studies conducted using VNIR-SWIR
spectroscopy directly on-site, the prediction accuracy was lower than those under lab conditions
(Table 2.1). Compared with controlled lab conditions, it is necessary to consider the influence
of sunlight and measurement angle on spectral measurement when applying VNIR-SWIR
spectroscopy on-site. Larrain et al., (2008) used a spectrometer (640-1300 nm) with a
controlled light source to non-destructive measure the wine grape berry TSS, pH and
anthocyanin content when berries were still on the hanging clusters of the vines. The instrument
used in their study possesses its own light source, and this light source is maintained at a
specific angle to the spectrometer. This setup ensures a stable measurement condition,
consequently leading to a good prediction performance (Table 2.1). Kalopesa et al., (2023)
used a similar instrument, but the spectrum ranged from 350 to 2500 nm to non-destructive
measure grape TSS values in-field. The result demonstrated that the VNIR-SWIR spectroscopy
have the potential to predict the TSS value of Malagouzia, Sauvignon Blanc, and Syrah
varieties (R2 > 0.84). However, when using VNIR-SWIR spectroscopy to predict the TSS value

of Chardonnay, a moderate prediction performance was achieved with an R? value of 0.63.
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Table 2.1: Applications of VNIR-SWIR spectroscopy in wine grapes based on reflectance mode

Reference Spectra Cultivar Applied Oenological Sample On- | Method Result

Range (nm) to Parameters Number site
(Kalopesa et al., 350-2500 Chardonnay Berry TSS 139 N Regression R2=0.63, RMSE =
2023) nm 2.1 °Brix
(Kalopesa et al., 350-2500 Malagouzia Berry TSS 179 \ Regression R2=0.84, RMSE =
2023) nm 1.96 °Brix
(Kalopesa et al., 350-2500 Sauvignon Blanc Berry TSS 195 \ Regression R2=0.86, RMSE =
2023) nm 2.20 °Brix
(Kalopesa et al., 350-2500 Syrah Berry TSS 230 \ Regression R2=0.87, RMSE =
2023) nm 1.76 °Brix
(Ferrer-Gallego et 1100-2500 Graciano Grape Anthocyanin 84 - Regression RMSE = 0.81 mg/g
al., 2011) nm Skin
(Ferrer-Gallego et 1100-2500 Graciano Grape Flavanols 84 - Regression RMSE = 0.68 mg/g
al., 2011) nm Skin
(Ferrer-Gallego et 1100-2500 Graciano Grape Flavonols 84 - Regression RMSE = 0.15 mg/g
al., 2011) nm Skin
(Ferrer-Gallego et 1100-2500 Graciano Grape Phenolic Acids 84 - Regression RMSE = 0.11 mg/g
al., 2011) nm Skin
(Ferrer-Gallego et 1100-2500 Graciano Grape Total Phenolic 84 - Regression RMSE = 1.30 mg/g
al., 2011) nm Skin Compounds
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(Ferrer-Gallego et 1100-2500 Graciano Berry Anthocyanin 84 Regression RMSE = 1.09 mg/g

al., 2011) nm

(Ferrer-Gallego et 1100-2500 Graciano Berry Flavanols 84 Regression RMSE = 0.72 mg/g

al., 2011) nm

(Ferrer-Gallego et 1100-2500 Graciano Berry Flavonols 84 Regression RMSE = 0.12 mg/g

al., 2011) nm

(Ferrer-Gallego et 1100-2500 Graciano Berry Phenolic Acids 84 Regression RMSE = 0.13 mg/g

al., 2011) nm

(Ferrer-Gallego et 1100-2500 Graciano Berry Total Phenolic 84 Regression RMSE = 1.26 mg/g

al., 2011) nm Compounds

(dos Santos Costa | 350-2500 Syrah Berry TSS 432 Regression R2=0.97, RMSE =
etal., 2019) nm 0.89 °Brix

(dos Santos Costa | 350-2500 Syrah Berry Anthocyanin 432 Regression R2=0.94, RMSE =17.54
etal., 2019) nm cg/kg

(dos Santos Costa | 350-2500 Syrah Berry Yellow Flavonoids | 432 Regression R2=0.76, RMSE =8.54
et al., 2019) nm cg/kg

(dos Santos Costa | 350-2500 Cabernet Berry TSS 576 Regression R2=0.97, RMSE =

et al., 2019) nm Sauvignon 1.08 °Brix

(dos Santos Costa | 350-2500 Cabernet Berry Anthocyanin 576 Regression R2=0.97, RMSE =15.11
et al, 2019) nm Sauvignon cg/kg

(dos Santos Costa | 350-2500 Cabernet Berry Yellow Flavonoids | 576 Regression R2=10.73, RMSE =13.88
etal., 2019) nm Sauvignon cg/kg
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(dos Santos Costa | 350-2500 Syrah & Cabernet | Berry Maturation 1008 Classification | Accuracy = 93.15%,
etal., 2019) nm Sauvignon Stages False Positive Ratio =
4.83

(Urraca et al., 2016) | 1600-2400 Tempranillo Berry TSS 1600 Regression R2=0.91, RMSE =

nm 1.42 °Brix
(Urraca et al., 2016) | 1600-2400 Tempranillo Berry TSS 43 Regression R2=0.38, RMSE =

nm 1.68 °Brix
(Guidetti et al., 400-1000 Nebbiolo Berry TSS 71 Regression R2=0.82, RMSE =
2010) nm 1.48 °Brix
(Guidetti et al., 400-1000 Nebbiolo Berry TA 71 Regression R2=0.81, RMSE = 1.48
2010) nm g tart. acid dm-3
(Guidetti et al., 400-1000 Nebbiolo Berry pH 71 Regression R2=0.81, RMSE = 0.15
2010) nm
(Guidetti et al., 400-1000 Nebbiolo Berry Anthocyanin 71 Regression R?2=0.71, RMSE =
2010) nm 133.90 mg dm-3
(Guidetti et al., 400-1000 Nebbiolo Berry Polyphenols 71 Regression R2=0.68, RMSE = 4.74
2010) nm content
(Guidetti et al., 400-1000 Nebbiolo Berry TSS 71 Classification | Accuracy = 77.1%, False
2010) nm Negative = 8
(Guidetti et al., 400-1000 Nebbiolo Berry TA 71 Classification | Accuracy = 68.6%, False
2010) nm Negative = 11
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(Gonzélez- 380-1700 28 varieties Bunch TSS 108 Regression R?=0.57

Caballero et al., nm

2010)

(Gonzélez- 380-1700 28 varieties Bunch pH 108 Regression R?=0.51

Caballero et al., nm

2010)

(Gonzalez- 380-1700 28 varieties Bunch Reducing-sugar 108 Regression R2=0.61

Caballero et al., nm content

2010)

(Gonzéalez- 1600-2400 Pedro Ximénez Bunch Ripening stage 24 Classification | Accuracy = 79%,
Caballero et al., nm Cabernet

2012) Sauvignon

(Larrain et al., 640-1300 Cabernet Berry TSS 724 Regression R2=0.93, RMSE =
2008) nm Sauvignon 1.01 °Brix

(Larrain et al., 640-1300 Cabernet Berry pH 678 Regression R2=0.761, RMSE =
2008) nm Sauvignon 0.130

(Larrain et al., 640-1300 Cabernet Berry Anthocyanin 205 Regression R2=0.618, RMSE =
2008) nm Sauvignon 0.249

(Larrain et al., 640-1300 Carménére Berry TSS 740 Regression R2=0.923, RMSE =
2008) nm 1.218 °Brix

(Larrain et al., 640-1300 Carménére Berry pH 685 Regression R2=10.798, RMSE =
2008) nm 0.137
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(Larrain et al., 640-1300 Carménére Berry Anthocyanin 218 Regression R2=0.637, RMSE =
2008) nm 0.315

(Larrain et al., 640-1300 Merlot Berry TSS 144 Regression R?=0.921, RMSE =
2008) nm 1.099 °Brix

(Larrain et al., 640-1300 Merlot Berry pH 135 Regression R2=0.771, RMSE =
2008) nm 0.141

(Larrain et al., 640-1300 Merlot Berry Anthocyanin 135 Regression R2=0.681, RMSE =
2008) nm 0.300

(Larrain et al., 640-1300 Pinot Noir Berry TSS 145 Regression R2=0.875, RMSE =
2008) nm 1.267 °Brix

(Larrain et al., 640-1300 Pinot Noir Berry pH 135 Regression R2=0.56, RMSE = 0.159
2008) nm

(Larrain et al., 640-1300 Pinot Noir Berry Anthocyanin 135 Regression R2=0.398, RMSE =
2008) nm 0.183

(Larrain et al., 640-1300 Chardonnay Berry TSS 409 Regression R?=0.874, RMSE =
2008) nm 1.089 °Brix

(Larrain et al., 640-1300 Chardonnay Berry pH 389 Regression R2=0.661, RMSE =
2008) nm 0.088
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2.4Hyperspectral Imaging System in Wine Grape Quality

Determination

Spectroscopy techniques can provide high spectral resolution data, however, which does
not give information on spatial resolution of traits in grape berries (Manley, 2014). This limitation
restricts their application in quantifying spatial distribution and structure-related attributes.
Hyperspectral imaging systems, can provide both spectral and spatial information in one
system for the quality determination of wine grapes (Pu et al., 2015). Hyperspectral imaging
systems capture images containing numerous uninterrupted wavelengths. Every pixel in the
hyperspectral image, which is composed of dozens or hundreds of images, has a unique

spectrum spanning a continuous wavelength range. (Wu and Sun, 2013).
2.4.1 Principles of Hyperspectral Imaging System

A hyperspectral image is a three-dimensional (3D) dataset that combines spectral
information (wavelength A) with two-dimensional spatial information (x rows and y columns)
(Wu and Sun, 2013). As an example, the hyperspectral cube of grape berries acquired using
Specim hyperspctral imagaing system is illustrated in Figure 2.4. The hyperspectral cube is
comprised of consecutive sub-images of the same object, where each one of them is arranged
along different wavelengths. The hyperspectral image | (x, y, A) can be be interpreted either as
distinct spatial images I(x, y) at each individual wavelength (A), or as a spectrum I(A) at each
individual pixel (x, y). As hyperspectral imaging captures spatially distributed spectral
responses at the pixel level, it enables the flexible selection of any regions of interest on a target

object.
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Figure 2.4: Hyperspectral cube of wine grapes

2.4.2 Acquisition of Hyperspectral Imaging

There are four ways to capture hyperspectral imaging: whiskbroom (point scanning), push
broom (line scanning), spectral scanning (area scanning or plane scanning), and snapshot
(single shot) (Wu and Sun, 2013). In the whiskbroom approach, hyperspectral cameras scan
one single point and provide the spectrum of this point. When the camera or the sample moves
along two spatial dimensions (x and y), other points are scanned. This approach provides the
hyperspectral cube in the band-interleaved-by-pixel (BIP) format (Sun, 2010). The advantages
of whiskbroom are very high spectral resolution. While this approach is very time-consuming
during the image acquisition (Elmasry et al., 2012; Wu and Sun, 2013). In the push broom
approach, hyperspectral cameras capture a whole line of an image and spectral information
simultaneously corresponding to each spatial pixel in line (Wu and Sun, 2013). The full image
can be obtained as the line is scanned continuously across the sample in one direction. This
approach provides the hypercube in the band-interleaved-by-line (BIL) format (Gowen et al.,

2007). The push broom method is commonly designed for a conveyor belt system and used in
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food process lines. Although the push broom method is faster than whiskbroom, the exposure
time can be set at only one value for all wavelengths, which results in spectrum saturation
during spectral measurement. The whiskbroom and push broom are spatial scanning methods.
Compared with the spatial scanning method, the spectral scanning method captures the entire
2-D monochrome image (x, y) for a given wavelength at one time (Wu and Sun, 2013). By
repeating this scan across the entire spectral range, a complete hypercube can be obtained.
This approach provides the hypercube in the band sequential (BSQ) format. The spectral
scanning method can set the exposure time based on different wavelengths. Additionally, this
method does not need either the sample or hyperspectral camera to move and is suitable for
applying to stationary samples. This method is not suitable for moving samples and real-time
delivery inspection. Finally, the snapshot method captures the spatial and spectral information
of the full image simultaneously. This method is very fast, although it only can provide limited

spectral and spatial resolutions (Wu and Sun, 2013).

2.4.3 Applications of Hyperspectral Imaging System in Wine Grapes

Figure 2.5: Acquisition mode of hyperspectral imaging. Point scanning (a), Line scanning (b),
Area scanning (c), Single shot (d) (Wu & Sun, 2013)

Numerous researchers have explored the possibility of hyperspectral imaging system in
assessing various grape quality attributes, including: TSS, pH, titratable acidity, and
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anthocyanins content (Table 2.2). The majority of these studies were performed in laboratory
settings with controlled conditions. For example, Gomes et al., (2021b) utilized line-scanning
hyperspectral imaging system in the Visible and NIR region (400-1000 nm) to predict pH, TSS
and anthocyanin contents in wine grape berries under controlled laboratory conditions. Gomes
et al., (2021b) showed that hyperspectral imaging system have the potential to predict different
grape quality attributes, with RMSE values of 0.168 for pH, RMSE values of 0.998 °Brix for TSS,
and RMSE values of 19.733 mg/l for anthocyanin contents based on different regression
models. Regarding studies conducted directly in the field, Benelli et al., (2021) and Gutiérrez et
al., (2019) used an on-the-go hyperspectral imaging system to predict grape maturity. Gutiérrez
et al., (2019) achieved high prediction accuracy, with R? values of 0.92 (RMSE = 1.274 °Brix)
for TSS and R2? values of 0.83 (RMSE = 0.211 mg g') for anthocyanin based on support vector
regression model (SVR). Benelli et al., (2021) also achieved good prediction accuracy, with R?
values of 0.77 (RMSE = 0.79 °Brix) for TSS using a partial least squares regression (PLSR)
model. In addition, Tsakiridis et al., (2023), used a snapshot hyperspectral camera to predict

gape sugar content, and resulted in high prediction performance with R2 values of 0.70.

The equipment used in most studies operates from 400 to 1000 nm, as the equipment
capable of operating at wavelength above 1000 nm are more expensive. However, the overtone
features in the region between 1100-2500 nm are related to fruit quality attributes. Chen et al.,
(2015) used hyperspectral imaging system in the NIR region (900-1700 nm) to predict
anthocyanin content under the lab condition, with R2of 0.94. In addition, other study employed
the spectrometer in 1000-2500 nm to predict grape quality attributes (Table 2.1). Compared
with spectrometer, hyperspectral imaging systems can provide spatial resolution of grape
berries. This capability is particularly valuable when analyzing objects with spatial variations,

such as grape clusters.
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Table 2.2: Applications of hyperspectral imaging system in wine grapes based on reflectance mode

Reference Spectra Cultivar Applied | Oenological Sample On- Method Result
Range (nm) to Parameters Number site

(Tsakiridis et al., 450-1000 nm | Chardonnay Berry TSS 57 N Regression R2=0.74, RMSE =
2023) 1.66 °Brix
(Tsakiridis et al., 450-1000 nm | Malagouzia Berry TSS 71 \ Regression R2=0.62, RMSE =
2023) 1.72 °Brix
(Tsakiridis et al., 450-1000 nm | Sauvignon Berry TSS 53 \ Regression R2=0.74, RMSE =
2023) Blanc 2.29 °Brix
(Tsakiridis et al., 450-1000 nm | Syrah Berry TSS 55 \ Regression R2=0.69, RMSE =
2023) 1.66 °Brix
(Silva and Melo- 380-1028 nm | Touriga Franca Berry TSS 240 - Regression R2? = 0.9690, RMSE =
Pinto, 2021) 0.92 °Brix
(Gomes et al., 380-1028 nm | Touriga Franca Berry TSS 2665 - Regression R? = 0.948, RMSE =
2021a) Touriga 1.18 °Brix

Nacional

Tinta Barroca
(Gomes et al., 380-1028 nm | Touriga Franca Berry pH 2665 - Regression R2=10.728, RMSE =
2021a) Touriga 0.183

Nacional

Tinta Barroca
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(Fernandes et al., 380-1028 nm | Touriga Franca Berry TSS 240 Regression R?=0.92, RMSE =
2015) 0.95 °Brix
(Fernandes et al., 380-1028 nm | Touriga Franca Berry pH 240 Regression R?=0.73, RMSE = 0.18
2015)
(Fernandes et al., 380-1028 nm | Touriga Franca Berry Anthocyanin 240 Regression R2=0.95, RMSE = 14
2015) mg/|
(Gomes et al., 380-1028 nm | Touriga Franca Berry TSS 324 Regression R2=0.95, RMSE =
2017a) 1.34 °Brix
(Gomes et al., 380-1028 nm | Touriga Franca Berry pH 465 Regression R2=0.723, RMSE =
2017Db) Touriga 0.170

Nacional

Tinta Barroca
(Gomes et al., 380-1028 nm | Touriga Franca Berry Anthocyanin 465 Regression R2=0.906, RMSE =
2017Db) Touriga 22.1 mg/l

Nacional

Tinta Barroca
(Gomes et al., 380-1028 nm | Touriga Franca Berry pH 240 Regression RMSE =0.168
2021b)
(Gomes et al., 380-1028 nm | Touriga Franca Berry TSS 240 Regression RMSE = 0.998 °Brix
2021b)
(Gomes et al., 380-1028 nm | Touriga Franca Berry Anthocyanin 240 Regression RMSE = 19.773 mg/l
2021b)
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(Benelli et al., 2021) | 400-1000 nm | Sangiovese Bunch TSS 143 Regression R2=0.768, RMSE =
0.79 °Brix
(Benelli et al., 2021) | 400-1000 nm | Sangiovese Bunch TSS 143 Classification | Area Under the Curve
(AUC) = 0.96
(Lafontaine et al., 400-2500 nm | 12 red varieties | Berry TSS 3228 Regression RMSE = 0.93 °Brix
2015)
(Gutiérrez et al., 400-1000 nm | Tempranillo Bunch TSS 144 Regression R2=0.92, RMSE =
2019) 1.274 °Brix
(Gutiérrez et al., 400-1000 nm | Tempranillo Bunch Anthocyanin 144 Regression R2=0.72, RMSE =
2019) 0.282 mg/g
(Chen et al., 2015) 900-1700 nm | Cabernet Berry Anthocyanin 120 Regression RZ=0.94, RMSE =
Sauvignon 0.0046 mg/g
(Silva et al., 2018) 380-1028 Touriga Franca Berry TSS 1388 Regression R? =0.90, RMSE =
Touriga 3.19 °Brix
Nacional
Tinta Barroca
(Silva et al., 2018) 380-1028 Touriga Franca Berry pH 1388 Regression R2=0.81, RMSE = 0.25
Touriga
Nacional
Tinta Barroca
(Silva et al., 2018) 380-1028 Touriga Franca Berry Anthocyanin 1388 Regression R?=0.89, RMSE = 35.6

Touriga

Nacional

mg/L
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Tinta Barroca
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2.5Multivariate ~ Statistical Analysis Applied to VNIR-SWIR

Spectroscopy and Hyperspectral Imaging System

Multivariate statistical analysis of the spectral data extracted from spectrometers or
hyperspectral imaging system should be able to achieve rapid and non-destructive predictions
of the chemical or physical properties of the fruit (Cozzolino et al., 2011). Effective multivariate
statistical analysis techniques can improve the predictive ability. Multivariate statistical analysis
techniques are required to pre-process spectral data, extract important spectral information,

and develop models (Nicolai et al., 2007a).
2.5.1 Spectral Pre-processing Method

Spectral pre-processing is the most important step in multivariate statistical analysis. The
recorded sample spectral can be significantly affected by the light scattering, sample geometry
and variation in temperature etc (Li, 2017). These unwanted variations during spectral
measurement can be observed as baseline shifts and non-linearities (Rinnan et al., 2009).

Effectively spectral pre-processing techniques can remove these unwanted variations.
25.1.1 Transformation

Spectroscopic measurements performed in reflectance or transmittance mode are usually
converted to the absorbance according to the empirical Lambert-Beer’s Law (Equation 2.1 —
2.2) (Rinnan et al., 2009). Lambert-Beer’s law suggests that there is a linear relationship
between the absorbance of the spectra and concentration of absorbing analyte (Nicolai et al.,
2007a). Lambert-Beer’s law is strictly valid only for dilute and non-scattering solution. However,
in the case of fresh fruit, the presence of scattering complicates the application of Lambert-
Beer’s law. When light interacts with biological tissues in fresh fruits, it not only gets absorbed
but also scattered. Scattering increases the effective pathlength travelled by light through the
sample, leading to deviations from the predictions of the Lambert-Beer’s law. Overall, the
method of transforming reflectance or transmittance to absorbance does not seem to offer a

large advantage compared to the untransformed spectra (Nicolai et al., 2007b).
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Ay = —logo(T) = g lc Equation 2-1

A; = —log;o(R) = g lc Equation 2-2

where A is the absorbance, ¢ is the molar absorptivity, [ is the pathlength of the light through

the sample, c is the concentration of absorbing analyte, 4 is the specific wavelength.

2.5.1.2 Scatter Correction Methods

Scatter correction methods are used to reduce the physical variability of spectral data and
correct the baseline shits. The common scatter correction methods include Multiplicative
Scatter Correction (MSC), Standard Normal Variate (SNV) and normalization. MSC is the most
common spectra pre-processing method and was developed by Martens et al., (1983). MSC
attempts to remove the undesirable scatter effect by linearizing each spectrum to the reference
spectrum of the sample. In most practices, the average spectrum of the sample is used as
reference spectrum. SNV involves subtracting the mean spectrum from each individual
spectrum and then dividing by the standard deviation of the spectrum. This process
standardizes the shape of the spectra, making them more comparable and removing baseline
shift. Normalization was used to standardize the intensity values across spectra. The primary
aim is to reduce unwanted sources of variability related to differences in overall intensity levels,

allowing for a more meaningful comparison and analysis of spectral features.

2.5.1.3 Spectral Derivatives

Spectral derivatives pre-processing methods are used to remove both additive and
multiplicative effects in the spectra. The common spectral derivatives include first derivative
and second derivative. The former are used to remove the baseline trend, while the latter are
used to remove both baseline and linear trend. In addition, the spectral derivatives can combine
with smoothing techniques in order to reduce the signal-to-noise ratio in the spectra. The most
common smoothing methods is Savitzky-Golay filter. The Savitzky-Golay filter involves fitting a

polynomial to the spectrum within a wavelength interval using the least-squares method
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(Williams and Norris, 1987). However, smoothing techniques may remove valuable information

which may not be clear at the time of removal (Li, 2017).

2.5.2 Variable Selection

Variable selection, also known as variable reduction, is developed to find a subset of
variables from the entire range of spectra for simpler and robust model development (Xiaobo
et al., 2010). Using informative variables can improve model performance, interpret models
easier, and save computational cost (Cai et al., 2008). In addition, reducing the number of
variables can be especially advantages in datasets that have a high number of variables in
comparison to the number of samples available. Principal component analysis (PCA) is the
most popular approach to reduce the number of variables (Silva et al., 2018; Silva and Melo-
Pinto, 2021). Several other approaches have also been implemented in variable selection
including correlation coefficient filtering, genetic algorithms, recursive feature elimination and

interval partial least squares (Cai et al., 2008; Wei et al., 2021).

Another simple method of reducing the number of variables is by down sampling the
original spectral data at a low spectral resolution. The spectrometers and hyperspectral imaging
systems used in research area generally have a spectral resolution less than 5 nm. However,
in most industry application, 10 nm spectral resolution is often sufficient (Nicolai et al., 2007a).
High spectral resolution may have redundant information and increase the computational cost.
Nicolai et al., (2007b) explored the prediction performance of NIR regression model based on
different spectral resolution and found that a 5 nm spectral resolution can provide the best

performance.

2.5.3 Regression and Classification Algorithms

Regression algorithms are used to establish a relationship between response variable
(quality attributes of interest, such as TSS) and the explanatory variable (spectral value)
(Maulud and Abdulazeez, 2020). The regression algorithms can be divided into linear
regression and non-linear regression algorithms. The linear regression algorithms include
multivariate linear regression (MLR), principal component regression (PCR) and partial least
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squares regression (PLSR). PLSR is probably the most widely used linear regression algorithm
for non-destructive fruit prediction studies. PLSR was introduced by Herman Wold to overcome
multicollinearity in the 1960’s (Wold et al., 2001). In addition, PLSR can effectively address
dimensionality when the number of explanatory variables is greater than the number of samples.
PLSR constructs the latent variables as a function of both explanatory and response variables.
The required number of latent variables is optimized by the cross-validation procedure (Wold

et al,, 2001).

Classification algorithms aim to assign data to predefined categories or classes based on
their feature characteristics (Moreda et al., 2009). The classification algorithms can be divided
into supervised or unsupervised (Kim et al., 2000). Supervised classification algorithms are
widely used for fruit quality discrimination. In the supervised classification algorithms, the label
of each sample is known. The traditional classification algorithms include linear discriminant

analysis (LDA) and partial least-squares discriminant analysis (PLS-DA).

Recent development of computational power and resources have made it easier to
implement regression and classification tasks based on machine learning and deep learning
algorithms. Machine learning and deep learning algorithms are promising techniques to
process spectroscopic data or high spatial resolution hyperspectral imaging data. Generally,
machine learning algorithms used in fruit quality detection studies include regularized
regression, K-nearest neighbors (KNN), support vector machines (SVM) and tree-based

models.

Most machine learning algorithms are referred to as shallow models, as they use one or
two layers of data transformation to find the optimal representation (Janiesch et al., 2021).
However, it is not always possible to find the optimal output representation based on a shallow
model. Deep learning provides a multi-layer approach to capture complex patterns and
hierarchical structures in high-dimensional data (Zhang et al., 2023). With the development of
computational resources, deep learning has been widely applied in various fields, such as

image analysis, natural language processing, spectral analysis, and speech recognition (Zhang
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et al., 2021). There are many types of deep learning algorithms available, such as convolutional
neural networks (CNNs), recurrent neural network (RNN), and long short-term memory neural
network (LSTM). Multilayer perceptron (MLP) is the fundamental of all these methods (Zhang

et al., 2023).

The layers of interconnected nodes are the building blocks of the MLP architecture. MLP
is composed of three layers: input layer, hidden layer, and output layer. The input layer receives
the original input features (Noriega, 2005). One or more hidden layers are placed between the
input and output layer. and process the input information, which is the majority of the network.
The output layer is the final layer in the network and produces the regression or classification

result based on the processed information from the hidden layer (Figure 2.6).

Input layer Hidden layer ~ Output layer

Activation function
Figure 2.6: A simple multilayer perceptron architecture
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The layers and nodes can decide the complexity of the MLP. More layers and nodes in the
MLP can improve the model’'s capacity to learn new features. There is no one best method for
selecting the number of hidden layers and nodes. Thus, the ideal number of hidden layers and
nodes are the hyperparameters that need to be tuned when building the model. In most cases,
2-5 hidden layers are often sufficient for tabular data (Zhang et al., 2023). The rule of thumb is
that choose more layers rather than fewer for optimal results. The number of nodes used in
these hidden layers is determined by the number of features in the data (equal to or less than
the number of features). It should be noted that the number of hidden layers and nodes in the
MLP will affect the computational time. The activation function is another key hyperparameter
in the neural network architecture other than the node and layer. The activation function serves
as a mathematical function that decides if there is a sufficient amount of informative input at a
node to trigger the transmission of a signal to the next layer (Figure 2.6). The common activation

functions include:

0, for (x <0)

Rectified linear unit (ReLU): f(x) = {x for (x = 0) Equation 2-3
Sigmoid: f(x) = 1+1_x Equation 2-4
Tanh: f(x) = 2 Equation 2-5

MLP can provide a good performance when processing regular tabular data (the data
consists of rows corresponding to examples and columns corresponding to features). However,
when dealing with image data, MLP does not properly consider the spatial structure between
features (Zhang et al., 2023). In addition, MLP needs to calculate billions of parameters when
processing image data, which requires very high computing performance. Thus, convolutional
neural networks (CNNs) were developed for image processing (Naranjo-Torres et al., 2020).
Compared to MLP, CNNs reduce the number of parameters through two key theories: locality
and weight sharing (LeCun et al., 1995). Locality means that in CNNs, each neuron in a
convolutional layer only needs connect to a local region of the input data. This allows each

neuron to focus on a small part of the input, rather than the entire input. This way, the network
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captures local features instead of entire features, reducing the overall number of parameters.
In CNNs, the same set of weights is used to process different parts of the input. Weight sharing
effectively reduces the number of parameters that need to be learned, as the weights are not
learned separately for each position but are shared. The fundamental building block in CNNs
is the convolutional layer. In the convolutional layer, the kernel, padding, and stride determine
the convolution operation (Figure 2.7). The kernel is a matrix which slides over the input image
to extract the feature. The size of the kernel determines the specific region of the input image
that the kernel considers at a time. Padding is used to add extra pixels of filler around the
boundary of the input image before the convolution operation. Padding can prevent the loss of
the edge information of the input image. The padding value is often zero. The stride is the step
size with which the kernel moves across the input data (Figure 2.7). It determines how much
the kernel shifts at each step. A larger stride reduces the spatial dimensions of the output
feature map, as the kernel skips more pixels at each step. A smaller stride retains more spatial
information but may increase computational cost. When we process multispectral or
hyperspectral image which have multiple channels, it is necessary to construct the same
number of kernel windows as the image channels. The pooling layer is another important block
in CNNs. A pooling layer is used to down-sample the spatial dimensions of the input image.
Pooling can save the computational time of the CNNs and control overfitting, while retaining
important features. There are two main types of pooling layers: max pooling and average
pooling. Pooling layers have a pooling window that is slid over all regions in the input image.
Compared with convolutional layers, pooling operates only calculate the maximum or the
average value of the elements in the pooling window. As with convolutional layers, pooling

layers also contain padding and stride.
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Figure 2.7: Two-dimensional convolutional neural networks operation

Recently, CNNs have remarkably improved the performance in one-dimensional spectral

analysis (Zhang et al., 2019; Pullanagari et al., 2021; Martins et al., 2022). In CNNs, several

convolutional layers and fully connected layers are used in the hidden layer. The convolutional

layers can extract informative features based on the kernel (Figure 2.8). Normally, convolutional

layers can reduce the dimension of the input features. For example, an input spectral feature

with the dimension of 1x5 is transferred to a dimension of 1x2 with a kernel with a size of three

and stride of two (Figure 2.8). Convolutional layers create sparse connections through a shared

kernel enabling the extraction of local absorption peak features and reducing the overall number

of parameters in the neural network.
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Figure 2.8: One-dimensional convolutional neural networks operation

2.5.4 Model Evaluation

A major goal of the machine learning and deep learning process is to find an algorithm that
not only fits well to past data but also to future data. In order to achieve this goal, we need to
split our data into training and test data sets to check the generalization ability of the algorithm.
Training sets are used to train the algorithm and tune hyperparameters. Test sets are usually
obtained from different locations or different seasons, which are used to assess model
generalization ability. However, when there are a limited number of samples, or there are only
samples from the same harvest season and origin, a typical recommendations is to spilt total
samples into training and test sets using 60/40 or 70/30 ratio, through random sampling or
stratified sampling (Janiesch et al., 2021). Furthermore, machine learning and deep learning
algorithms have a large number of hyperparameters that can determine the model performance.
One does not find the best optimal combination of hyperparameters based on the test set, as
this leads to bias results. Traditionally, the training set is split into training set and validation set.
the model is trained based on different combinations of hyperparameters on the training set
and evaluate the performance on the validation set to choose optimal hyperparameters. The
most commonly used splitting training set strategies include k-fold cross validation and
bootstrapping. K-fold cross validation randomly divides the training data into k equal-sized

subsets. Then the model is trained k times, each time using k-1 subsets as training data and

41



the remaining subset as validation data. This process ensures that each data point is used for
validation exactly once. Finally, the performance metrics from each iteration are averaged to
obtain a more reliable estimate of model performance. K-fold cross-validation helps in
assessing the model's generalization ability and reduces the risk of overfitting or underfitting.
Bootstrapping randomly samples using replacements from the training data to create multiple
bootstrap samples of the same size. Each bootstrap sample is then used to compute the
statistic or parameter of interest. By repeating this process numerous times, a distribution of
the statistic or parameter is obtained, allowing for the estimation of its variability and confidence

intervals.

The performance of machine learning and deep learning models is assessed by loss
functions. Loss functions are used to measure the difference between predicted values and
actual values. There are many loss functions to select from when evaluating regression or
classification model performance. The commonly used loss functions in regression models
include: root mean squared error (RMSE), normalized root mean squared error percentage
(nRMSE%), mean absolute error (MAE) and coefficient of determinations (R?) (Pullanagari and
Li, 2021). Additionally, ratio prediction to deviation (RPD) and Lin’s concordance correlation
coefficient (CCC) are also used in some spectroscopic analysis studies (Zhao et al., 2022).
RPD represents the ratio of a variable's standard deviation to its standard error of prediction
using a specific model. A model is considered nearly perfect when RPD exceeds 2, moderately
effective when 2 > RPD > 1.4, and poor when RPD is less than 1.4 (Chang et al., 2001). The
CCC, represents how closely a model predicted values confirms to the actual value along a 45-
degree line from the origin. A perfect model exhibits CCC greater than 0.8, a moderate model
falls within the range of 0.8 to 0.65, and a poor model is characterized by CCC less than 0.65

(Zhao et al., 2022).

For a classification model, a confusion matrix is commonly used to assess model
performance. A confusion matrix provides a summary of the actual categorical levels and

predicted categorical levels. Additionally, the model performance can be evaluated through
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accuracy, precision, sensitivity (also known as recall), specificity and area under the curve (AUC)

(Janiesch et al., 2021).

2.6 Summary and Opportunity for Research

Winemakers prefer to make wine with uniform quality of grape berries because it produces
a consistent flavor and aroma, which increases the value of the wine (Bramley, 2022).
Accordingly, the main objective of precision viticulture is to ensure that the quality of the
harvested grapes is of the same grade. Accurate and non-destructive prediction of grape quality
in both pre- and post-harvest stages can help wineries obtain grapes of the same quality grade.
This review has summarized that several advanced techniques including remote sensing
imagery, VNIR-SWIR spectroscopy and hyperspectral imaging system have the potential to

predict the grape quality during pre- or post-harvest stage.

Predicting the quality of the grapes during the pre-harvest stage can help grape growers
better specify harvest strategy to achieve selective harvesting. Remote sensing imagery can
predict grape quality during the pre-harvest stage in combination with understanding grape
growth conditions (Hall et al., 2011; Kasimati et al., 2021). Previous studies highlighted the
possibilities of NDVI and PCD in predicting grape quality (Hall et al., 2011; Trought and Bramley,
2011; Kasimati et al., 2021). However, the correlation between other vegetation indices and
grape quality can improve the prediction performance (Garcia-Fernandez et al., 2021).
Additionally, the ancillary information including trunk circumference, soil electrical conductivity,
weather information have also been shown to affect grape quality (Trought and Bramley, 2011;
Willwerth and Reynolds, 2020). In this thesis an attempt is made to investigate the potential of
using the combination of vegetation indices and ancillary variables to predict grape quality

parameters.

The application of VNIR-SWIR spectroscopy in predicting wine grape quality during pre-or
post-harvest stage has been well established. Whilst high prediction performance was achieved
under controlled lab conditions during the post-harvest stage, there are few studies that
explored the potential of applying VNIR-SWIR spectroscopy under environmental conditions
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during the pre-harvest stage (dos Santos Costa et al., 2019; Kalopesa et al., 2023). Additionally,
no conclusive research has been done to determine whether it is better to use spectra data in
VNIR or SWIR, or VNIR-SWIR, to predict grape quality. Most studies have only split training
and test sets on a single harvest season or vineyard to verify the potential of applying VNIR-
SWIR spectroscopy. Gomes et al.,, (2017a) have suggested that the application of
spectroscopic measurements of grape quality in different environmental conditions and harvest
seasons are required. In order to address some of these shortcomings. This thesis explores
the comparative effectiveness of VNIR, SWIR, and VNIR-SWIR spectral data in predicting
various aspects of grape quality. In addition, this experiment is undertaken on different

vineyards and harvest seasons to explore the practical reliability of VNIR-SWIR spectroscopy.

Although a variety of hyperspectral imaging systems have been used in research (Table
2.2). The majority of these were conducted using regression-based problem solving on image
spectroscopy techniques. A strong correlation can be found between spectral data obtained
from hyperspectral imaging and the quality parameters of the grape berry by developing
regression methods. The primary aim of assessing grape quality revolves around distinguishing
berries into two categories: ripe and unripe. Utilizing classification algorithms is important in this
process of determining grape quality. With the development of deep learning algorithms such
as CNNs allows the features of image data to be extracted more efficiently and rapidly. In this
study, a series of deep learning algorithms are used to process the hyperspectral images and

classify the grape quality parameters.
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3 Using Remote and Proximal Sensing Data and Vine
Vigor Parameters for Non-Destructive and Rapid

Prediction of Grape Quality

Remote sensing imagery can predict grape quality during the pre-harvest stage by
understanding grape growth conditions. There is a correlation between vegetation indices and
grape quality, that can improve the prediction performance of algorithms. Additionally, the
ancillary information such as trunk circumference, soil electrical conductivity and topography
has also been shown to affect grape quality. This chapter is dedicated to investigating the
potential of using remote sensing imagery and ancillary variables to predict the grape quality
during the pre-harvest stage. This can be revealed using various machine learning algorithms
with an objective of evaluating different machine learning algorithms prediction performance.

This is an important step towards achieving selective harvesting of berries of different quality.
This chapter based on:

Lyu, H., Grafton, M., Ramilan, T., Irwin, M., Wei, H. E., & Sandoval, E. (2023). Using
Remote and Proximal Sensing Data and Vine Vigor Parameters for Non-Destructive and Rapid
Prediction of Grape Quality. Remote Sensing, 15(22), 5412.

https://doi.orq/10.3390/rs15225412
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Abstract

The traditional method for determining wine grape total soluble solid (TSS) is destructive
laboratory analysis, which is time consuming and expensive. In this study, we explore the
potential of using different predictor variables from various advanced techniques to predict the
grape TSS in a non-destructive and rapid way. Calculating Pearson’s correlation coefficient
between the vegetation indices (VIs) obtained from unmanned aerial vehicles (UAV)
multispectral imagery and grape TSS resulted in a strong correlation between OSAVI and grape
TSS with a coefficient of 0.64. Additionally, seven machine learning models including ridge
regression and lasso regression, k-Nearest neighbor (KNN), support vector regression (SVR),
random forest regression (RFR), extreme gradient boosting (XGBoost), and artificial neural
network (ANN) are used to build the prediction models. The predictor variables include the UA
derived Vls, and other ancillary variables including normalized difference vegetation index
(NDVI_proximal) and soil electrical conductivity (ECa) measured by proximal sensors, elevation,
slope, trunk circumference, and day of the year for each sampling date. When using 23 VlIs and
other ancillary variables as input variables, the results show that ensemble learning models
(RFR, and XGBoost) outperform other regression models when predicting grape TSS, with the
average of root mean square error (RMSE) of 1.19 and 1.2 °Brix, and coefficient of
determination (R2) of 0.52 and 0.52, respectively, during the 20 times testing process. In
addition, this study examines the prediction performance of using optimized soil adjusted
vegetation index (OSAVI) or normalized green-blue difference index (NGBDI) as the main input
for different machine learning models with other ancillary variables. When using OSAVI-based
models, the best prediction model is RFR with an average R? of 0.51 and RMSE of 1.19 °Brix,
respectively. For NGBDI-based model, the RFR model showed the best average result of
predicting TSS were a R2 of 0.54 and a RMSE of 1.16 °Brix, respectively. The approach
proposed in this study provides an opportunity to grape growers to estimate the whole vineyard

grape TSS in a non-destructive way.

Keywords: wine grape; vegetation indices; UAV multispectral imagery; sugar content
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3.1Introduction

Viticulture is an important sector within the New Zealand horticultural system, with a total
vineyard production area extending over 41,000 ha (New Zealand Winegrowers, 2023). In New
Zealand, conventional vineyards typically employ uniform management practices. However,
studies have demonstrated the spatial and temporal variation in vine vigor, grape yield and
quality within the vineyard scale (Baluja et al., 2013; Bramley et al., 2011b). With uniform
management a single application rate of fertilizers, pesticides and irrigation are used for the
entire vineyard. As a consequence of uniform management, parts of the field are likely to
receive too little and others too much input. This could have negative impacts on the
environment such as groundwater pollution, soil degradation and increase pressure from
weeds and pests (Froment et al., 1995). Precision viticulture (PV) provides an opportunity for
grape growers to understand and manage the vineyard spatial variability by using remote
sensing data and geostatistical analysis. Remote sensing allows viticulturists to continuously
monitor spatial and temporal variation in soil properties and vine growth status (Wei et al., 2023).
This is particularly relevant for New Zealand wine growers who need to understand and manage

vineyard variability to increase grape quality and achieve sustainable viticulture.

Remote sensing is the process of acquiring spectral data remotely from several platforms
including ground vehicles, aircraft, uncrewed aerial vehicles (UAV), and satellites. In recent
years, remote sensing has been widely applied in PV to evaluate the vineyard spatial variability
of vine vigor, nutrient status, wine water status, grape yield and quality (Lamb et al., 2004; Rey-
Caramés et al., 2015; Wei et al., 2023). Satellite platforms with multispectral cameras such as
Sentinel-2 with 10 m pixel resolution and Landsat 8 with 30 m pixel resolution have been used
on aregional scale to predict grape yield (Arab et al., 2021; Arab and Ahamed, 2022). However,
low spatial resolution satellite imagery makes it difficult to monitor vine growth status on a
vineyard block scale without bias, as a single pixel of satellite imagery often mixes inter-row
crops and bare soil. UAV and aircraft sensors carrying multispectral or hyperspectral cameras

have provided high spatial resolution imagery on a vineyard scale. For example, Carrillo et al.
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found a linear relationship between berry weight and NDVI derived from multispectral airborne
imagery (Carrillo et al., 2016). In addition, Lamb et al. found a strong correlation between berry
quality parameters and multispectral airborne imagery obtained at veraison (Lamb et al., 2004).
However, the operational cost of aircraft is very expensive. Compared to other platforms, UAV
provide an interesting alternative approach for PV, as it can provide high spatial resolution
images at a lower cost (Matese et al., 2015). For example, Garcia-Fernandez et al. found a
significant correlation between RGB-based vegetation indices derived from UAV imagery and
berry quality (Garcia-Fernandez et al., 2021). Wei et al., (2022) found the Vls derived UAV
multispectral imagery combined with other environmental variables can predict grapevine water
status (stem water potential Wstem), with the RMSE of 138 kPa. In addition to remote sensing,
proximal sensors have demonstrated their capability to explore the spatial and temporal
variation of vine growth status within the vineyard scale. Bramley et al. used a handheld
proximal sensor (Crop Circle™) and an EM38 electromagnetic soil sensor to explore the spatial
variability of vine vigor and yield as well as soil texture on a vineyard block scale, while neither
ECa, nor Vis derived from proximal sensor were good predictors of grape yield (Bramley et al.,
2011b). Their result also indicated that ECa and VIs significantly correlated with vine vigor.
Furthermore, a portable hyperspectral spectroradiometer can be used to predicted the vine
growth status and grape quality within the vineyard scale (Kalopesa et al., 2023; Lyu et al.,

2023a).

One of the main objectives of PV is selective harvesting. A major reason for wishing to do
this, considering the variability of vineyards, is to harvest berries with consistent quality during
the harvest stage resulting in higher profit margins from wine (Bramley et al., 2003). In New
Zealand, sugar content commonly describes the quality of wine grapes at harvest. The sugar
content relates to the alcohol level of wine during the fermentation process. The traditional
method used in monitoring wine grape sugar content is to perform sample-based laboratory
destructive analysis which can be time consuming and an expensive process. In recent years,
remote and proximal sensors have been used to monitor grape sugar content (Benelli et al.,

2021; Garcia-Fernandez et al., 2021; Kasimati et al., 2021). For example, Benelli et al. used a
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push broom hyperspectral camera mounted on a vehicle to predict the sugar content of wine
grapes (Benelli et al., 2021). In addition, Kasimati et al. used NDVI obtained from proximal and
remote sensing during different growing stages to predict grape sugar content with R? values
of 0.61. Presently, the increase in computing power and advanced sensing techniques enable
more accurate prediction of grape quality, helping grape growers assess grape quality before

harvest and thus develop a selective harvesting plan.

Previous research has been conducted using Pearson’s correlation coefficient and
machine learning techniques to explore the relationship between spectral indices data and vine
growth status, yield, and berry quality parameters. Pearson’s correlation coefficients have been
constructed to select key spectra indices relevant to the grape sugar content (Garcia-
Fernandez et al., 2021). Machine learning techniques have been constructed to model both
linear and non-linear relationships between spectral indices data and vine growth status, yield,
and berry quality. One study used an artificial neural network (ANN) to predict the table grape
yield through different vegetation indices (VIs) obtained from satellite remote sensing (Arab et
al.,, 2021). In regard to studies conducted in predicting wine grape berry quality parameters,
many studies used hyperspectral imaging systems to predict various quality parameters such
as sugar content, pH and titratable acidity through different machine learning techniques
(Dambergs et al., 2015). However, most of these studies used remote or proximal sensing to
directly measure berries or clusters. Few studies have predicted grape quality through the Vs
derived from canopy or leaf level. For example, Kasimati et al. achieved good prediction
accuracy with R? values of 0.65 for grape sugar content using NDVI and automated machine
learning (Kasimati et al., 2022). The VIs measured from vine canopy or leaves can reflect the
vine vigor, water status and nutrient status (Bramley, 2022; Lyu et al., 2023a; Wei et al., 2023).
Additionally, the ancillary information including trunk circumference, soil electrical conductivity,
weather information have also been shown to affect grape quality (Trought and Bramley, 2011;
Willwerth and Reynolds, 2020). Thus, it is important to explore the possibility of using the
combination of Vls, ancillary information, and machine learning techniques to predict grape

quality parameters.
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The aims of this study are to (1) map spatial variability of vine growth status based on
remote sensing imagery, (2) to create an alternative method to predict grape sugar content
thorough Vls, derived from proximal and remote sensing, and other ancillary environmental
variables during different growth stages, and (3) to determine the ability of different machine

learning techniques in predicting grape sugar content.

3.2Methods

3.2.1 Study Sites

The study research sites were conducted in two commercial wine grape vineyard blocks
on the Palliser Estate located in Martinborough, New Zealand (175.45235E 41.21119°S, WGS
84). The study vineyards are named Hua Nui (HN) and Pencarrow (PN). The variety used in
the study areas was Pinot Noir which were planted in 1998-2000 for winemaking. The research
sites selected for data collection were 3.31 ha for HN and 7.51 ha for PN. The wine grapes in
study sites were trained with two-cane vertical shoot positioning. Inter- and intra-row planting
space is 2.2 and 1.7m for HN, and 2.2 and 1.8m for PN. The region of Martinborough has a
mild coastal climate with an average temperature of 18 °C. The soils in the vineyards are mostly
clay and silty loams, which are known to have moderate soil water holding capacity. Vine
phenology in research vineyards is shown in Table 3.1. The vineyard manager is responsible

for managing the vines and applied all inputs.

Table 3.1: Vine phenology in the study vineyards

Vine phenology Date

Budburst
September, October

Leaf development
October, November

Inflorescence emergence
November

Flowerin
9 November, Early December
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Fruit set and fruiting b e
ecember, January

Veraison
Late January, February

Harvest
March, April

3.2.2 Grape Sugar Content Data Acquisition

Wine grapes were manually harvested between February 20t and March 14", 2023 (from
veraison to harvest time). Figure 3.1 show the sampling locations in each vineyard. The
sampling locations were collected from a predetermined nested grid. Each grid had locations
taken at intervals of 4m, 8m, 16m and 32m. Sampling locations were mapped prior to field data
collection. During each measurement, the healthy vine closest to the sampling location was
selected for sampling. The location of the sampling vine’s trunk was recorded by a global
navigation satellite system (GNSS) with real-time kinematic (RTK) correction (model:
GPS1200+, Leica Geosystems AG., Heerbrugg, Switzerland). The weather during collecting
samples period was shown in Figure 3.2. Three berries from a single bunch were randomly
selected from each sampling vine. Table 3.2 show the number of sampling vines from each
measurement date. After acquiring grape berries, total soluble solids (TSS) expressed in °Brix,
was chosen as a proxy for grape sugar content and measured by using a portable digital (PAL-
ALPHA Digital Refractometer, ATAGO CO., LTD, Tokyo, Japan). The sugar refractometer
content of each sampling vine was determined by calculating the mean of the three

measurements taken per sampled vine.
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Table 3.2: The number of sampling vines in each measurement day

Vineyard 20t February 26" February 02" March 06" March 14t March
Pencarrow 6 25 37 32 18
Hua Nui 25 36 14 30 13

3.2.3 Canopy and Leaf Reflectance Data Acquisition

Multispectral imagery was acquired by DJI P4 Multispectral (Da-Jiang Innovations,
Shenzhen, China) between 11.00 and 14.00 under stable weather conditions and a clear sky
on the 14" December 2022 (flowering stage). The DJI P4 Multispectral was gimbal equipped,
with a 6-camera array, one camera is an RGB camera, designed for visible light and capturing
standard photos, while the remaining five cameras are dedicated to capturing 2MP images, at
various wavelengths: near-infrared, red-edge, red, green, and blue, with center wavelengths at
840nm, 730nm, 650nm, 560nm and 450nm, and bandwidth of +£26nm, £16nm, £16nm, £16nm
and +16nm respectively. The DJI P4 flew at 80 m height capturing images with a spatial
resolution of 4.2 cm for PN, and some at 84.9m resulting in 4.5 cm spatial resolution imagery
for HN. The DJI P4 is equipped with an integrated sunlight sensor that records irradiance during
flight. This sensor captures data in the same bands as the multispectral sensor, which is used
for radiometric calibration purposes. In addition, radiometric calibration was performed on the
image blocks, using reference images acquired from a calibrated reflectance panel (Seattle,
WA, USA). To assure the accuracy of the image, several ground control points were recorded
by GNSS-RTK correction in each vineyard during flight for geometric correction.
Photogrammetric processing was applied to the georeferenced multispectral im-ages using
Pix4Dmapper (Pix4D SA, Lausanne, Switzerland). The digital surface models (DSM), digital

terrain models (DTM), and reflectance maps of the study sites were created by Pix4Dmapper.
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Due to discontinuous vegetation surfaces for the vineyard features, it becomes essential
to differentiate between the pixels belonging to the vine canopy and those in the inter-row
spacing. The process of detecting vine rows consists of the following steps: (1) NDVI were
calculated by band math function in ENVI 5.6 (Research Systems Inc., Boulder, Co, USA),
producing a greyscale image for each study site; (2) then, a global threshold was implemented
on the NDVI images to generate a binary image based on Otsu’s method (Otsu threshold value
is 0.535); (3) a single greyscale image was calculated from subtraction of the DTM to the DSM
for each study site; (4) then, a height threshold of 0.9 m was implemented on the greyscale
images to generate a binary image (Wei et al., 2022). The height threshold was dependent on
the vineyards’ architecture; (5) then these two binary images were converted to a feature map
by ArcGIS Pro 2.9 (ESRI, Redlands, CA, USA); (6) then, using the “Clip” tool in ArcGIS pro to
extract the overlapping portion of these two features; (7) using the vine row feature map as a

mask layer to retain the original multispectral images (Figure 3.3).

We located the image pixels that corresponded to the 236 sampling points by selecting
pixels on both sides of each sampling point, considering the vine spacing within each vineyard.
From these pixels, we extracted reflectance values, averaged them, and subsequently

calculated the VIs using the formulas outlined in Table 3.3.

Leaf reflectance data was measured during 17t February 2023 (veraison) to record the
NDVI of the grapevines’ leaves. Three leaves in each sampling vine were randomly selected
and scanned using a handheld RapidSCAN CS-45 (Holland Scientific Inc., Lincoln, NE, United
States) to record these three leaves NDVI value (NDVI_proximal). The average of the three
leaves NDVI values (NDVI_proximal) was used to represent the sampling vine growth status

during veraison.
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Figure 3.3: Vine row segmentation workflow

Table 3.3: The spectral indices used in this study

\I—I DSM-DTI\y
4

Binary image

Vegetation Formula Reference

indices

PCD NIR/Red (Arno Satorra et
al., 2009)

NDVI (NIR — Red)/(NIR + Red) (Rouse Jr et al.,
1974)

GNDVI (NIR — Green)/(NIR + Green) (Romero et al.,
2018)
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MSR

(ea) =/ (rea) +

(Gil-Pérez et al.,
2010)

MSAVI 2% NIR+1—+/(2*NIR +1)> — 8 * (NIR — Red) (Gil-Pérez et al.,
2 2010)
RDVI (NIR — Red)/\/m (Gil-Pérez et al.,
2010)
OSAVI (1 +0.16) NIRNiRR;dRidO_m ;(;1-:)érez etal,
R/B index Red/Blue (Jiménez-
Brenes et al.,
2019)
R/G index Red/Green (Jiménez-
Brenes et al.,
2019)
NGRDI (Green — Red)/(Green + Red) (Jiménez-
Brenes et al.,
2019)
NPCI (Blue — Red)/(Blue + Red) (Jiménez-
Brenes et al.,
2019)
VARI (Green — Red)/(Green + Red — Blue) (Brook et al.,
2020)
Clgreen NIR/Green — 1 (Jiménez-
Brenes et al.,
2019)
ARI Green™! — Rededge™? (Albetis et al.,
2017)
MARI (Green™ — Rededge™) = NIR (Albetis et al.,
2017)
CLREDEDGE (NIR/Rededge) — 1 (Soubry et al.,
2017)
MCARI ((Rededge — Red) — 0.2 * (Rededge — Green)) (Soubry et al.,
* (Rededge/Red) 2017)
NDRE (NIR — Rededge)/(NIR + Rededge) (Soubry et al.,
2017)
EVI 2.5% (NIR — Red)/(NIR + 6 * Red — 7.5 * Blue + 1) (Cogato et al.,

2019)
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NGBDI (Green — Blue)/(Green + Blue) (Padua et al.,
2018)

G% Green/(Red + Green + Blue) (Padua et al.,
2018)

REGI (Rededge — Green)/(Rededge + Green) (Albetis et al.,
2018)

RERI (Rededge — Red)/(Rededge + Red) (Albetis et al.,
2018)

3.2.4 Vine Vigor Parameter Acquisition

The trunk circumference (TC) was chosen as a proxy for vine vigor. The trunk
circumference of all of the vines was measured 10 cm above the graft union and 10 cm below
the head of the vine with the paper ruler during the bud and leaf growing stage. These two
measurements per sampled vine were averaged to represent the vine vigor (Bramley et al.,

2011a).

3.2.5 Soil and Terrain Data Acquisition

Many studies indicated that soil electrical conductivity (ECa) can be used to assess soil
texture types and water content (SU et al., 2014; Trought et al., 2008). Soil ECa is widely used
to explore the spatial variation in soil properties within the vineyards (Bramley et al., 2011a). In
addition, one study showed that soil ECa is directly related to vine water status, berry weight
and sugar content (Yu et al., 2020). In this study, an electromagnetic induction sensor EM38-
MK2 (Geonics Ltd., Mississauga, ON, Canada) was used to assess the soil ECa in the study
area during 27t May 2021. The EM38-MK2 was operated in the vertical dipole mode, capturing
integrated ECa measurements at a depth of approximately 1.5 m. The EM38-MK2 was towed
at the back of an all-terrain vehicle, maintaining a distance of less than 0.2 m between the
instrument and the vehicle. To ensure accurate georeferencing of all point data from the ECa
(mS/m) survey, a Trimble Yuma tablet equipped with an onboard GPS receiver (model: Yuma,
Trimble) accurate to 2-4 m, was utilized. Soil ECa points were measured at intervals of
approximately 3-10 m along transects, with a 10 m spacing between individual measurements.
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The elevation (m) and slope (degree) data for the study site were obtained from the
'Wellington LIDAR 1m DEM (2013-2014)' layer. This dataset was made accessible through the

Land Information New Zealand data service (https://data.linz.govt.nz/, accessed on 28" July

2023). This digital elevation model (DEM) has a resolution of 1 m and was created using aerial

LiDAR data captured between 2013 and 2014, encompassing the study vineyards.
3.2.6 Geostatistical Analysis

The application of geostatistics in PV has been undertaken in many studies (Bramley et
al., 2011b). The purpose of geostatistics is describing spatial autocorrelation of a regionalized
variable (the georeferenced data) and uses this information to predict the values of the variable
across an entire field by Kriging. The central tool in geostatistics is the variogram, which is a
set of semi-variances plotted against the lag distances between the measurements to describe
the way in which a property varies from place to place. Experimental variograms were
computed using R statistical software (R Core Team, version 4.2.2) with the package “gstat” by

the Matheron’s method of moments, as in the following formula:

v(h) = #(h)zlt(lh)[zx — Zzam]® Equation 3-1

Where 2m(h) is the number of paired comparisons at the lag interval h, Z,and Z ., are

the values of the property at two locations separated by distance h.

After computing the experimental variogram, model the experimental variogram based on
a suitable mathematical model. The best fitting mathematical model was selected based on the
lowest residual sum of squares (RSS). The parameters of the fitted variogram were used to
interpolate the trunk circumference, NDVI, PCD, soil ECa,, slope and elevation value based on
ordinary Kriging by using ArcGIS Pro 2.9 (ESRI, Redlands, CA, USA). The soil ECa values less
than 0 mS/m were removed before doing geostatistical analysis. The Kriging interpolation
images were then exported to a raster layer with the same gride size as used by the
multispectral UAV image. For each sampling vine, the mean values of NDVI, PCD, soil ECa,,

elevation and slope were computed using “zonal statistics as table” in ArcGIS Pro 2.9.
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3.2.7 Machine Learning Model

Different machine learning models were performed to predict the sugar content. The input
variables include, canopy reflectance data, leaf reflectance data, TC, soil ECa, elevation, slope,
and day of year for sampling date (DQOY). The machine learning models used; included
regularized regression, k-Nearest Neighbors (KNN), support vector regression (SVR), random

forest regression (RFR), XGBoost and ANN.

Regularized regression: regularized regression is used to explore the linear relationship
between input and output variable, when the data set contain more features than observations.
In addition, it is suitable for the analysis of multicollinearity among the features. The objective

function of a regularized regression is in the following formula:
minimize (X1=,(y; — 9)* + P) Equation 3-2

Where n is the sample number, y; is the measured truth value of the ith sample, 9; is the

predicted value of the ith sample, P is the penalty term.

In this study we used ridge penalty and lasso penalty to build the linear relationship
between input and output variables. When using the ridge penalty, the formula of penalty

parameters is
P= A% B} Equation 3-3
When using the lasso penalty, the formula of penalty parameters is
p = ,12?=1|,3j| Equation 3-4

Where 1 = 0 is a tuning parameter, p is the feature number, ; is the regression coefficient

of the jth feature.

KNN: It aims to identify the k most similar instances from a training dataset to predict the
target value of a new data point. The Euclidean distance metric is commonly used to determine

the similarity between observations. The formula of Euclidean distance is
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\/Z?:l(xaj — Xpj)? Equation 3-5

Where x, and x;, represent the observations, j represents the feature, p represents the

feature number.

SVR: Support vector machine (SVM) try to find a hyperplane in an N-dimensional space
(N-the number of features) that “best” classify the two classes. Hyperplane represents a
decision boundary that help classify the data points. SVR is an extend tool of SVM to solve

regression problems.

RFR: It is an ensemble learning model which combines the multiple decision trees on
different subsets of the training data (bootstrap samples), and then averaging their predictions

to achieve more accurate and robust regression results.

XGBoost: It combines gradient boosting with regularization techniques, creating a boosted
ensemble of decision trees. XGBoost optimizes model predictions by fitting negative gradients

of the loss function during each boosting iteration.

ANN: It consists of interconnected nodes called neurons organized into layers: an input
layer, one or more hidden layers, and an output layer. Each neuron receives input data,
performs computations, and passes the results to the next layer through weighted connections.
Activation functions introduce non-linearity and enable ANN to learn complex relationships in
data. In this study we use a single layer neural network to predict the TSS based on input

variables.

To evaluate the model's prediction performance, the dataset is divided into training and
test sets with the ratio of 7:3. This process was repeated 20 times with different data splits to
improve the estimated performance of study models. The performance of machine learning
models is affected by their hyperparameters. Thus, it was important to tune the
hyperparameters. Bayesian hyperparameter optimization was used on the training set with 10-
fold cross-validation to search for the best combination of hyperparameters based on the root

mean square error (RMSE). Appendix 1 show different regression models’ hyperparameter
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settings. In addition, the coefficient of determination (R2) and RMSE were selected to compare
the performance of different machine learning models on the test set. The Waller-Duncan test
was used to conduct multiple comparisons between different machine learning models. The

formula of R2 and RMSE was as followed:

Sl 0i= 902
R2 =1- i=1\Vi i
Z?:l(yi_y)z

RMSE = /%zg;l(yi - 9,)? Equation 3-7

where n is the number of sampling vines, y; is the measured TSS value of the ith vine

Equation 3-6

sample, y is the mean measured TSS value, y; is the model predicted TSS value of the ith vine

sample.

3.3Result

3.3.1 Variation in Total Soluble Solids

Both vineyards were measured five times from veraison in late February to harvest in
middle March. Measuring TSS in this period is crucial for assessing grape maturity and
consequently, making informed decisions about selecting the optimal harvest day. Figure 3.4
showed the variation in TSS collected from 236 vines across two distinct vineyards, along with
the distribution of these measurements for each sampling date. The grape TSS values ranged
from 12.8 to 21.2 °Brix during the study period. The extensive range of data within the dataset
facilitated the construction of a robust calibration model. The grape TSS values increased
rapidly from 02" to 14" March suggesting a gradual progression towards ripeness as TSS
accumulate. It is worth noting that the TSS measured on 20" and 26" February were higher
compared to those of 2" March. One possible explanation is the variability of sample collection
locations lead to spatial variation in grape TSS. In addition, the height of the boxplot and the
magnitude of the interquartile range represent the spatial variability of TSS within each vineyard

during different measurement dates (Figure 3.4).
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Figure 3.5: Pearson’s correlation coefficient between Vis and grape TSS (Different colors

represent different sampling date)

3.3.2 Pearson’s Correlation Coefficient between VIs and TSS

In this study, 23 VIs frequently used in viticulture were calculated based on the red, red
edge, green, blue and near infrared (NIR) bands of the UAV multispectral images. The
Pearson’s correlation coefficient was used to explore the relationship between Vis and grape
TSS, to check the potential of using UAV multispectral images to predict the grape quality. In
order to mitigate the influence of different sampling dates on grape TSS content, we calculated
the Pearson’s correlation coefficient between VIs and grape TSS for each respective sampling
date (Figure 3.5). When the grapes reached the harvest stage, most of VIs showed a strong
correlation with grape TSS with the absolute value of the Pearson’s correlation coefficient,
greater than 0.5. Among all the Vls, optimized soil adjusted vegetation index (OSAVI) had the

maximum correlation with grape TSS, with a coefficient of 0.64 during the harvest stage. This
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was followed by renormalized difference vegetation index (RDVI), enhanced vegetation index
(EVI), and anthrocyanin reflectance index (ARI) with the absolute value of the Pearson’s
coefficient greater than 0.62 during the harvest stage. The NDVI and PCD which are widely
used in assess vine vigor growth status show a negative correlation with grape TSS from
veraison to harvest stage. This is because vine vigor has an negative impact on grape quality
(Bramley et al., 2011a). However, most of VIs show a weak correlation with grape TSS during
veraison stage. In addition, the simple linear relationship between each 23 VlIs and grape TSS
were explored. The result showed that OSAVI had the best linear correlation with grape TSS
with a R? of 0.4 and RMSE of 0.89 (Table 3.4). This was followed by RDVI, ARI, EVI, MSAVI,
and NGBDI (Table 3.4). The OSAVI is calculated based on NIR and red bands, this suggests
that OSAVI is a promising candidate to predict the grape TSS when multispectral sensors are
available. The promising performance of NGBDI implies that, when only RGB sensors are
available, NGBDI may serve as a spectral indicator for grape TSS. In practical applications,
RGB sensors are less expensive than multispectral sensors. Thus, it is important to explore

which sensor is better for predicting grape quality.

Table 3.4: R? and RMSE based on a linear regression between TSS and each Vls during March

14t
Vis R? RMSE
OSAVI 0.40 0.89
RDVI 0.38 0.90
ARI 0.38 0.90
EVI 0.38 0.90
MSAVI 0.38 0.90
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NGBDI 0.35 0.92
NDRE 0.34 0.93
CLREDEDGE 0.33 0.93
G% 0.33 0.94
R_G_index 0.31 0.95
GNDVI 0.31 0.95
MCARI 0.30 0.96
NGRDI 0.30 0.96
VARI 0.28 0.97
Clgreen 0.28 0.97
REGI 0.27 0.97
MARI 0.27 0.98
RERI 0.02 1.13
PCD 0.01 1.14
MSR 0.01 1.14
R_B_index 0.01 1.14
NDVI 0.01 1.14
NPCI 0.01 1.14
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3.3.3 Spatial Variability of Soil ECa, Elevation and Vine Vigor Status

The geostatistical analysis was used to map the spatial variation in soil ECa, elevation and
vine vigor status within the vineyard. Soil ECa was measured at 0.5m depth by an EM38-MK2.
The kriging interpolation maps showed the spatial variability of soil ECa, elevation and vine vigor
status within the vineyard (Figure 3.6, 3.7). In the PN vineyard, soil ECa values showed lower
values in the northeastern portion, higher values in a small portion of the eastern region, and
the south-western border (Figure 3.6a). In the HN vineyard, soil ECa values were low in the
south-western section of the vineyard, and in the north-eastern section showed high soil ECa
values (Figure 3.7a). When it turns to elevation, elevation values were high in the south-eastern
region and low in the north-western region in PN (Figure 3.6b). In the HN vineyard, elevation
values were higher in the middle region and lower in the north-eastern region. The trunk
circumference, NDVI and PCD were used to represent the vine vigor status in many studies
(Bramley, 2022). Figures 5c and 6¢ show the spatial variation in TC within study sites. In the
PN vineyard, TC values were lower in the south-eastern boundary region and higher in the
north-western region (Figure 3.6¢). In HN vineyard, TC values were low in the north-eastern
boundary region and high in the northern region (Figure 3.7c). When it turns to NDVI and PCD,
the spatial pattern of these two Vls is similar in each vineyard (Figure 3.6, 3.7). In PN, NDVI

and PCD showed high value in the south-western and north-eastern corner, while the low value

67



show in middle region (Figure 3.6d, e). In HN, NDVI and PCD showed high value in the south-

eastern boundary, and low value in the northern region. (Figure 3.7d, e).
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Figure 3.6: Spatial interpolation map of soil ECa (a); elevation (b); trunk circumference (c); NDVI

(d); PCD (e) in PN vineyard

3.3.4 Prediction Model Performance of Grape TSS

The machine learning models used both linear and nonlinear regression analysis to predict
grape TSS. The input variable includes Vs obtained from UAV imagery, NDVI_proximal and
soil ECa obtained from proximal sensor, elevation and slope obtained from a LiDAR camera, as
well as TC obtained directly in the vineyards. In order to ensure the robustness and
generalization of the models used in this study, the model evaluation process was repeated 20
times with different data splits. When using linear regression models, the best prediction model
is ridge regression with an average R? of 0.31 and RMSE of 1.43 °Brix, respectively (Table 3.5).
For lasso regression, the average result of predicting TSS were a R2 of 0.3 and a RMSE of

1.44 °Brix respectively (Table 3.5)
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Figure 3.7: Spatial interpolation map of soil ECa (a); elevation (b); trunk circumference (c); NDVI

(d); PCD (e) in HN vineyard

Among the nonlinear methods, this study evaluated the prediction performance of the
individual machine learning models (KNN, SVR), ensemble learning methods (RFR, XGBoost)
and deep learning method (ANN) to estimate grape TSS. The ensemble machine learning
methods including RFR and XGBoost improved the prediction performance (Table 3.5). The
best prediction performance for the nonlinear methods was the RFR algorithm with an average
R2? of 0.52 and RMSE of 1.19 °Brix, respectively (Table 3.5). The result of using XGBoost
showed a similar prediction performance with RFR (R? = 0.52, RMSE = 1.2 °Brix). RFR and
XGBoost aggregated the predictions from multiple decision trees together, to significantly
improve the estimation accuracy than the other machine learning models (Figure 3.8). However,
the KNN model showed a significant poor prediction accuracy compared with other linear and
nonlinear regression models with an average R? of 0.24 and RMSE of 1.2 °Brix (Table 3.5,
Figure 3.8). Compared with the linear regression models, SVR significantly improved the

prediction performance with an average R? of 0.37 and RMSE of 1.38 °Brix (Table 3.5, Figure
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Method R2 RMSE
Lasso regression 0.3+0.08 1.44 £ 0.1
Ridge regression 0.31+£0.08 143 +£0.1
KNN 0.24 £ 0.08 1.5+0.1
SVR 0.37 £ 0.08 1.38 £ 0.09
RFR 0.52 £ 0.06 1.19 £ 0.07
XGBoost 0.52 + 0.06 1.2+0.09
ANN 0.31+£0.11 1.43+0.13
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3.8). However, ANN showed a similar prediction performance as linear regression model with

an average R? of 0.31 and RMSE of 1.43 °Brix (Table 3.5, Figure 3.8).

Table 3.5: The prediction performance of study machine learning models (bold represents the

best prediction performance)

Machine learning model
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Figure 3.8: The boxplot of different machine learning model performance in R2 (a); RMSE (b).
(Different letters between any two groups represents significant difference between them, if two

groups have the same letter then this indicates that they are not statistically different)

In order to reduce redundant information about the 23 VIs, OSAVI and NGBDI were used
as the main input for different machine learning models with other ancillary variables. OSAVI
and NGBDI consider the different scenarios of available sensors, in order to better target
practical applications. Compared to regression using all 23 Vls, the result of most of machine
learning models increased when using OSAVI-based model or NGBDI-based model (Table 3.6-
3.7). When using OSAVI-based models, the best prediction model is RFR with an average R?
of 0.51 and RMSE of 1.19 °Brix, respectively (Table 3.6). For NGBDI-based model, the RFR
model showed best average result of predicting TSS were a R2 of 0.54 and a RMSE of
1.16 °Brix respectively (Table 3.7). Figure 3.9 and 3.10 showed that the variation of different
machine learning models’ performance during the repeated 20 times different data splits
strategies. The result of Waller-Duncan showed that using ensemble learning model (RFR and
XGBoost) demonstrated greater capability than that of lasso, ridge, KNN, and SVR (Figure 3.9,

3.10).

Table 3.6: The prediction performance of OSAVI-based models (bold represents the best

prediction performance)

Method R? RMSE
Lasso regression 0.3+£0.08 1.44 £ 0.1
Ridge regression 0.32+0.1 1.38 £ 0.1
KNN 0.4+0.07 1.3+0.1
SVR 0.36 £ 0.07 1.39+0.1
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RFR 0.51 £ 0.07 1.19 £ 0.07

XGBoost 0.5+0.07 1.21+£0.08

ANN 0.45+0.12 1.26 £ 0.14
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Figure 3.9: The boxplot of different OSAVI-based model performance in R? (a); RMSE (b). (Different letters
between any two groups represents significant difference between them, if two groups have the same

letter then this indicates that they are not statistically different)

Table 3.7: The prediction performance of NGBDI-based models (bold represents the best

prediction performance)

Method R? RMSE
Lasso regression 0.3+0.08 1.43 £ 0.09
Ridge regression 0.32+£0.1 1.43 £ 0.09
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KNN 0.4 £0.06 1.31+0.1

SVR 0.4 £0.07 1.33+£0.12
RFR 0.54 £ 0.07 1.16 £ 0.07
XGBoost 0.52 + 0.06 1.19+0.07
ANN 0.39+0.11 1.31+0.11
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Figure 3.10: The boxplot of different NGBDI-based model performance in R? (a); RMSE (b).
(Different letters between any two groups represents significant difference between them, if two

groups have the same letter then this indicates that they are not statistically different)

3.4Discussion

In this study, we explored the potential to use Vls, soil ECa, elevation, slope, and TC data
as input variables to predict the grape sugar content in a non-destructive way. A total of 236
samples from Pinot Noir cultivars had the TSS measured values based on destructive methods
from two commercial vineyards and used as output variable in the regression model. The grape

TSS was measured on five different days in the period from veraison to harvest. During the
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veraison stage, the berries start to mature changing color, softening, accumulating sugar and
reducing acid (Keller, 2020). From veraison, grape growers start to measure the grape quality
parameters such as TSS, pH, and titratable acidity in order to determine the best harvest day.
Among them, the TSS is an important parameter to assess the grape maturity as it can
determine the alcohol concentration and flavor of the subsequent wine. Figure 3.4 shows that
the sugar content of grapes initially decreased and then increased during the study period.
However, in a previous study, the sugar concentration of grapes exhibited a strong increase
starting from veraison and eventually reached a plateau during harvest stage (Trought and
Bramley, 2011). One possible reason is that the sampling vines, were randomly selected during
each of the five-measurement days, without repeating the selection. This differed to the
sampling strategy used in the previous study. Several studies have shown that there is
considerable spatial and temporal variation in grape TSS (Baluja et al., 2013; Bramley, 2005).
Thus, the grapes in different geographic locations may accumulate sugar at different rates
(Baluja et al., 2013). On each measurement day, the large magnitude of the interquartile range
and the outlier in Figure 3.4 showed the large spatial variability in grape TSS within the vineyard
blocks. Thus, it is inappropriate to take a single or average measurements, collected in the

vineyard to represent the grape maturity stage.

Due to the spatial variability of grape quality at the vineyard scale, it is important to measure
the grape quality across the entire vineyard. However, the traditional method relies on
destructive measurement, which makes it impossible to measure each grape berry’s quality.
Thus many studies have explored the potential of using advanced sensing techniques to
measure the grape quality with a non-destructive method (Benelli et al., 2021; Gomes et al.,
2017a; Kalopesa et al., 2023; Kasimati et al., 2021). However, most of these studies used direct
measurements of berries or clusters to estimate grape quality parameters (Benelli et al., 2021;
Gomes et al., 2017a; Kalopesa et al., 2023; Kasimati et al., 2021). Few studies have predicted
grape quality by canopy or at the leaf level (Kasimati et al., 2021). In this study we propose an
alternative method to predict grape TSS based on VIs and other ancillary data. Different

biological stress conditions can cause changes in canopy status such as heightened pigment
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levels or canopy structure change, which will affect the quality of subsequent berries. These
changes can affect the way plants interact with light of different wavelengths (Sanches et al.,
2014). Based on these characteristics, many studies have used hyperspectral and multispectral
images to predict the crop growth status, yield and quality (Lyu et al., 2023a). Compared with
hyperspectral cameras, this study used a cheaper multispectral UAV imaging system to acquire
the canopy reflectance data in the red, red edge, blue, green, and near-infrared bands. The red,
red edge and near infrared bands have been reported to be related with the chlorophyll content
and leaf structure. The blue and green bands have been proven to be associated with the
canopy pigments change. In this study, we calculated 23 VIs based on different bands
reflectance data values. Due to the grape TSS being measured from different locations without
a repeat at each sampling date. The data was grouped based on measurement date and the
Pearson’s coefficient calculated between VIs and grape TSS in each group (Figure 3.5). A
previous study calculated the Pearson’s correlation coefficient between spectral indices
acquired from UAV RGB imagery and grape quality parameters (Garcia-Fernandez et al., 2021).
The result found significant correlations between berry weight, malic acid, alpha amino nitrogen,
phenolic maturation index, total polyphenol index and spectral indices. However, the spectral
indices calculated from RGB imagery show a poor correlation with TSS in their study. In this
study, multispectral cameras can provide additionally spectral values in the near infrared and
red-edge band. The VIs including OSAVI, RDVI, EVI, ARI, and MSAVI which are computed
based on the spectral bands including near infrared and red edge, which showed a strong
correlation between grape TSS during the harvest stage (Figure 3.5). Furthermore, the simple
linear regression between each 23 VlIs and grape TSS during harvest stage was examined. It
is apparent that the prediction performance of using only RGB bands was lower than that of

using the VIs which combined with near infrared and red edge bands.

The MSAVI, RDVI and OSAVI were calculated from different wavelength reflectance in the
red and near infrared bands. Red and near infrared band are the most common band
combination to monitor biomass and vegetation density as well as biophysical parameters

(Giovos et al., 2021). PCD and NDVI calculated based on the reflectance value in red and near
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infrared band were widely used in PV (Bramley et al., 2019; Bramley, 2022; Kasimati et al.,
2021; Proffitt and Malcolm, 2005). For example, one study used PCD as an indicator to
represent the vine vigor and explore their spatial variability within vineyard (Bramley et al.,
2019). In addition, the NDVI are commonly used to identify the vine row space using high spatial
resolution imagery (Hall et al., 2003). Due to the discontinuity of the vegetation surface in the
vineyard, it is necessary to extract the vegetation information from the vine canopy under the
high-resolution images, to reduce the influence of soil and weeds between rows. In this study
a simple threshold method on NDVI and DSM-DTM, was used to identify the vine row area.
However, the Pearson’s correlation coefficient between NDVI and grape TSS is low in this study.
A previous study showed that the NDVI obtained at veraison stage to have a strong correlation
with grape TSS (Kasimati et al., 2021). One possible reason is that the UAV imagery was
acquired during the flowering stage. Most studies showed that there was a strong correlation
between NDVI and grape quality parameters at the late development stages of vine growing
(Anastasiou et al., 2018; Sun et al., 2017). It is worth noting that, the vineyard will use the
antibird net to protect the grapes after veraison. This makes it difficult to use UAV and satellites

to obtain accurate canopy reflection data during this period.

Furthermore, the potential of using machine learning models to predict the grape TSS was
evaluated. In addition to the VIs collected during flowering, the input variables in the machine
learning includes the NDVI_proximal value measured on a handheld proximal sensor during
the post veraison stage, the soil ECa value measured from EM38-MK2, elevation and slope
value obtained from LiDAR data, and TC measured in the field. The dataset was used to train
and test machine learning models, evaluating the performance of linear and nonlinear
regression models including lasso regression, ridge regression, KNN, SVR, RFR, XGBoost and
ANN. When we used all input variables in machine learning models, the ensemble method,
which included RFR and XGBoost showed similar prediction accuracy for grape TSS prediction,
with the best-fitted model achieving R2 = 0.52 and RMSE = 1.19 °Brix. These results confirm
the findings of (Kasimati et al., 2021), who compared the linear and nonlinear regression

models in predicting grape TSS, and they concluded that the AdaBoosting, RFR, and Extra
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Trees model outperform the other machine learning models (Kasimati et al., 2021). In addition,
another study showed that the XGBoost and RFR demonstrated greater capability for modeling
crop yield than linear regression model and ANN (Jiang et al., 2022). Compared with (Jiang et
al., 2022), this study tested different machine learning models, 20 times with different test sets,
and used Waller-Duncan to analyze the differences between the performance of each model.
Furthermore, this study used OSAVI or NGBDI as main input variable with other ancillary data
to predict grape TSS based on different machine learning models. We choose OSAVI and
NGBDI as the main input variable, as they represent the VIs can be obtained when different
sensors are available. Similar results were obtained with 23 VIs used as input variables, the
RFR showed the best prediction performance (Table 3.5-3.7). Therefore, the implementation of
ensemble learning techniques provides potential to predict the grape TSS in a non-destructive
way based on remote sensed and ancillary data. However, it should be noted that berry quality
was affected by the environmental conditions during harvest stage (e.g. radiation, temperature).
The further study should continue to explore using different input variables to predict grape TSS.
In addition, the berry samples were only 3 berries per vine which cannot represent the whole
vine grapes’ TSS value, the few samples size may influence the prediction performance when
using different machine learning models. Thus, further study should consider improve the berry

sampling numbers.

3.5Conclusions

This study investigates the possibility of using the combination of remote sensed and
ancillary data to predict the wine grape quality parameter used as a proxy for TSS. The
Pearson’s correlation coefficient showed that the Vis obtained from the UAV during the
flowering stage have a strong correlation with the grape TSS during the harvest stage. The
input variables which include Vs obtained from UAV, NDVI_proximal and soil ECa obtained
from proximal sensors, elevation and slope obtained from a LIDAR camera, as well as TC
obtained directly in the vineyard was used to build regression models to estimate grape TSS in

a non-destructive way. This study evaluates the prediction performance of seven machine
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learning techniques: ridge regression, lasso regression, KNN, SVR, RFR, XGBoost and ANN.
The result shows that ensemble learning models (RFR, and XGBoost) outperform other
regression models when predicting grape TSS. This study develops an alternative approach to
predict the grape TSS by different predictor values through various advanced techniques. For
grape growers, the approach developed in this study could help them assess the whole

vineyard grape TSS in a non-destructive way, in order to make the harvest decision.
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4 Non-destructive and On-site Estimation of Grape
Total Soluble Solids by Field Spectroscopy and Stack

Ensemble Learning

Using remote sensing imagery and ancillary variables showed a moderate prediction
performance to predict grape TSS value during the pre-harvest stage. One possible explanation
is that the strong spatial variability of grape TSS value within a vine. The small number of berries
taken from each vine does not represent the quality and ripeness of the entire vine. After
veraison, leaf growth stops, and berries start to soften and accumulate sugar. During this stage,
grape growers commonly use nets to shield berries from birds, complicating the use of remote
sensing techniques for monitoring berry quality status. Proximal sensors such as VNIR-SWIR
spectroscopy provide an alternative to assess the berry quality. To date, existing methodologies
primarily rely on controlled laboratory conditions and spectroscopic analysis in the VNIR region.
Consequently, there exists a gap in the application of using proximal sensing techniques to
predict grape TSS based on VNIR-SWIR field spectra data. Additionally, no conclusive research
has been done to determine whether it is better to use spectra data in VNIR or SWIR, or VNIR-
SWIR, to predict grape quality. In order to address some of these shortcomings, this chapter
aims to explore the comparative effectiveness of VNIR, SWIR, and VNIR-SWIR spectral data

in predicting grape TSS under unstable environmental conditions.
This chapter based on:

Lyu, H., Grafton, M., Ramilan, T., Irwin, M., & Sandoval, E. (2024). Non-destructive and on-
site estimation of grape total soluble solids by field spectroscopy and stack ensemble learning.

European Journal of Agronomy (with editor)
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Abstract

Accurately estimating the total soluble solids (TSS) of berries with a non-destructive
method is crucial for wine grape growers if wine quality improvements are to be made. At
present, the methods employed with the best statistical results are implemented under stable
lab conditions, using spectroscopic analysis in the visible-near infrared (VNIR) region. This
study explores using field spectroscopy to estimate the TSS of berries directly in the vineyard.
A portable visible-near infrared-shortwave infrared (VNIR-SWIR) spectroradiometer measured
the reflectance data of grape berries in the 350-2500 nm spectral region. A large in-field multi-
season spectra database (n = 1830) over two years (2023-2024) from three ‘Pinot Noir’
commercial vineyards were selected to develop spectral-region specific (VNIR, SWIR or VNIR-
SWIR) machine learning models. Different machine learning modeling pipelines were built
using data collected from 2023 and validated using data from 2024 to predict grape TSS based
on in-field spectral databases. Subsequently, the performance of using stack ensemble learning
(ES) to predict grape TSS was evaluated and compared with three commonly used methods:
K-nearest neighbors (KNN), random forest regression (RFR), and support vector regression
(SVR). The result on the independent test set showed that, the ES model based on first
derivative spectra data, in the VNIR-SWIR region provided the highest prediction accuracy for
grape TSS value, with a coefficient of determinations (R?) of 0.803, root mean square error
(RMSE) of 1.213 °Brix, and a ratio of performance to deviation (RPD) of 2.086, with a Lin’s
concordance correlation coefficient (CCC) of 0.89. This study demonstrated that grape growers
could implement an ES model to assess the grape TSS rapidly and non-destructively from field

spectroscopy data.

Keywords: machine learning; grape berries; field spectroscopy; spectroradiometer; total

soluble solids
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4.1 Introduction

Grapevine (Vitis spp.) is one of the key berry crops in New Zealand, due to its commercial
use in wine production. Accurately estimating the quality of berries is crucial for industrialized
wine-growing systems, as the quality of wine is strongly influenced by the grape quality at the
time of picking (Chen et al., 2015). Grape quality is traditionally monitored by TSS in New
Zealand. TSS in grape pulp can be measured using lab-based destructive techniques such as
utilizing a refractometer to measure their °Brix value. The traditional measurement method only
provides an average representation of the TSS in a specific area of the vineyard, while previous
studies have shown that TSS varies spatially in a single block (Baluja et al., 2013). Winemakers
regard the uniformity of fruit berries as a key aspect of wine quality. When uniform berries are
utilized, wine can be produced with the consistent flavor and aroma. This is more profitable
than selling low quality wines because a relatively small portion of the input fruit does not have
the desired attributes (Bramley, 2022). To obtain the spatial-temporal variation of TSS in fruit
throughout the vineyard, repeated measurements must be taken at various locations and times
during ripening. This requires many destructive measurements over each vineyard. However,
this is not desirable for commercial vineyards as it is labor intensive and expensive. Therefore,
in the commercial wine industry, there is a significant demand for non-destructive methods that

can offer fast and dependable results for assessing grape TSS (Dambergs et al., 2015).

Many studies have explored the possibility of using spectroscopic analysis in assessing
various grape quality parameters or varieties non-destructively (Larrain et al., 2008; Gonzéalez-
Caballero et al., 2010, 2012; Urraca et al., 2016; dos Santos Costa et al., 2019; Benelli et al.,
2021; Kalopesa et al., 2023). Most of these studies utilized spectroscopic measurement to
predict TSS in wine grape berries under controlled laboratory conditions and obtained high
prediction accuracy (dos Santos Costa et al., 2019). However, the application of spectroscopy
in vineyard conditions faces challenges due to unpredictable environmental factors such as
light, temperature, and sample location. Larrain et al., (2008) and Guidetti et al., (2010)

demonstrated the potential of using field spectroscopy for monitoring grape quality parameters
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directly in the vineyard. However, the spectral range of reflectance data used in these studies
is in the VNIR region (400-1000 nm). The utilization of spectral reflectance data, particularly in
the SWIR region (1000-2500 nm), has gained considerable interest in grape production, as
indicated by Gonzalez-Caballero et al., (2012). Their study revealed that the SWIR specitra,
particularly in the wavelength range of 1600-2400 nm, can be an effective tool in classifying the
ripening stage of wine grapes. In addition, Urraca et al., (2016) achieved moderate prediction
accuracy, with RMSE of 1.68 °Brix for TSS using a spectra range of 1600-2400 nm. In studies
conducted in the VNIR-SWIR region, Kalopesa et al., (2023) achieved good prediction accuracy,
with a R? of 0.87 (RMSE of 1.76 °Brix) for TSS using a convolutional neural networks model.
To the best of our knowledge, there is currently no definitive research indicating whether the
spectra data in VNIR or SWIR, or a combination of both (VNIR-SWIR), is preferable for
predicting TSS. Costs present a crucial consideration for industrial applications, with VNIR
spectroscopy being generally cheaper when compared to SWIR. Therefore, it is crucial to

evaluate the effect of different spectral regions on predicting TSS.

Furthermore, machine learning techniques have been employed to leverage the rich
information present in spectral reflectance data, enabling the identification of relationships
between reflectance and fruit quality parameters (Kalopesa et al., 2023). Nevertheless, the high
dimensionality and multicollinearity issues in spectral reflectance data can lead to overfitting of
machine learning models, reducing their accuracy and generalizability usefulness. It is essential
to perform effective data pre-processing and feature selection, to mitigate these issues and
enhance the performance, of machine learning algorithms when working with hyperspectral
data. Dimensionality reduction methods are commonly employed in studies to reduce storage
space, computation time, and remove redundant features in high-dimensional data, in order to
mitigate multicollinearity issues (Silva and Melo-Pinto, 2023, 2021). The dimensionality
reduction methods can be broadly classified into two categories: linear techniques, such as
Principal Component Analysis (PCA), and non-linear techniques, such as t-Distributed
Stochastic Neighbor Embedding, Kernel PCA and autoencoders. Silva and Melo-Pinto, (2021)

applied various dimensionality reduction techniques in a machine learning model to predict
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grape sugar content and found PCA outperformed other non-linear techniques. Their approach
depended on single predictive models, SVR and are subject to overfitting with limited training
data. Over the past decade, various ensemble techniques that use a collection of base learners
to improve predictive performance were proposed. Common ensemble strategies include
bagging, boosting, and stacking. Bagging generates base learners in parallel by creating
training subsets through bootstrap sampling. Boosting trains a sequence of base models by
capitalizing on their dependences (Breiman, 1996). Stacking, unlike bagging and boosting,
typically employs heterogeneous learners and leverages their differences to improve accuracy
(Wolpert, 1992). By ensuring diversity among the base learners, complementary information is
provided, thus the risk of incorrect results is reduced. To the best of our knowledge, the
application of a stacking ensemble strategy in grape quality prediction has not been observed,
though it has been shown in successful applications in predicting crop yield in various studies

on other crops (Ji et al., 2023).

This study utilizes field spectroscopy data to identify the TSS value of wine grapes in a

non-destructive way. The specific objectives of this research are:

. To develop a non-destructive method to estimate wine grape TSS based on field

spectroscopy.

. To compare the performance of stack ensemble learning model with individual

machine learning model.

* To evaluate the effect of different spectral regions (VNIR, SWIR, and VNIR-SWIR) on

model performance.

*  To quantify the effects of different data pre-processing methods on model estimations.

. To validate model transferability in different seasons.
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4.2 Methodology

4.2.1 Study Site

The study was conducted during the period between veraison and harvest seasons of 2023
and 2024 (early February to late March) at three commercial vineyards: Hua Nui (HN) (both
years 2023-24), Pencarrow (PN) (in year 2023), and Clouston (CN) (in year 2023) (Figure 4.1).
The vines were > 15 years old ‘Pinot Noir’ and trained with vertical shoot positioning. The soils
in the vineyards are mostly clay and silt loams, which are known to have moderate soil water
holding capacity. The vineyard managers were wholly responsible for cultivation practices

uniformly across the sample areas of each vineyard.

175°2710°E ,  7sa0E
-0
- N .
: =
2 A | :
N . :
|~ ‘z‘ 2_
- 3 :
< :
53,
Hua Nui
Clouston \
o
Martznbov-éuqh ? Ry
T Pencarrow
o < £
RURUSULRELE L

2 0 250 500 1,000 Meters
-] : ‘ l |
* 175°27'10"E 175°29'E

Figure 4.1: Location of study vineyards (The red square represents the study site)

In 2023 and 2024, a total of 1843 grape berries were collected to estimate TSS. In 2023,
seven field visits were carried out in three vineyards (HN, PN, and CN). Whereas in 2024, four

field visits were carried out in HN vineyard (Table 4.1). On each measurement date, several
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healthy vines were selected across the vineyards. Each sampling vine provided berries

selected from the top, middle and bottom position of a single bunch (Figure 4.2a).

Table 4.1: Berry sampling

information collected from each vineyard (where n = number of

samples)

Years Locations Sampling dates N Vine spacing (m) Row spacing (m)

2023 HN 20/02/2023 75 1.7 2.2

26/02/2023 108 1.7 2.2

02/03/2023 40 1.7 2.2

06/03/2023 90 1.7 2.2

14/03/2023 42 1.7 2.2

PN 20/02/2023 26 1.8 2.2

26/02/2023 78 1.8 2.2

02/03/2023 109 1.8 2.2

06/03/2023 96 1.8 2.2

14/03/2023 131 1.8 2.2

24/03/2023 33 1.8 2.2

CN 24/03/2023 153 1.6 2.2

28/03/2023 128 1.6 2.2

2024 HN 06/02/2024 41 1.7 2.2
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23/02/2024 231 1.7 22

03/03/2024 231 1.7 2.2

09/03/2024 231 1.7 2.2

4.2.2 Acquisition of Spectral Reflectance Data and Pre-Processing

In-situ spectral acquisitions were performed using the ASD FieldSpec 4 Hi-Res NG
Spectroradiometer (Malvern Panalytical Ltd., Malvern, UK), which is capable of measuring the
VNIR-SWIR spectrum (350-2500 nm). The spectroradiometer employed a contact probe for
controlled illumination (Figure 4.2b). During the measurement, a white panel ceramic
referencing tile was utilized for calibration, and as a reference spectrum, after each set of three
measurements on a given vine. The ratio of the sample’s optical energy to that of the reference
panel was used to calculate reflectance values. Reflectance spectra data of each individual
berry were obtained when they grew in grape clusters in reflectance mode by averaging five
measurements. The spectral data were subsequently interpolated to achieve a spectral
resolution of 1 nm, resulting in a dataset comprising 2151 bands ranging from 350 to 2500 nm.
To eliminate signal noise, reflectance data outside the spectral regions below 450 nm and

above 2200 nm were excluded. The processed data were then exported as ASCII text files for
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each spectral measurement using ViewSpec Pro 6.2 software (Analytical Spectral Devices, Inc.,

Boulder, CO, USA).

Figure 4.2: The location of sampled berries in a grape cluster (a), Collection of the grape berry

spectra using the ASD FieldSpec 4 Hi-Res NG Spectroradiometer (b)

To enhance the subsequent modeling phase and eliminate physical phenomena present
in the spectra, the raw reflectance data (RW) were subjected to various spectral transformations.
Specifically, the first derivative (1D), Savitzky—Golay filtering with polynomial = 3, window size
= 11, and derivative = 0 (SG), and absorbance (Abs = Log (1/RW)) were applied. These
transformations aimed to mitigate factors such as baseline shifts and slope variations, which
could affect the modeling process (Rinnan et al., 2009). Derivative pre-processing procedures
were performed using the “prospectr’ package in R statistical software (R Core Team, version
4.2.2). A derivative gap of 3 was employed during the computation of the derivatives (Wei et al.,

2021; Lyu et al., 2023a).

4.2.3 TSS Content Measurement

Following the acquisition of spectral reflectance data, the measurement of TSS in grape
berries was carried out on the same grape berries which were used for acquiring spectral
reflectance data. TSS, expressed in °Brix, was measured by using a portable digital

refractometer (PAL-ALPHA Digital Refractometer, ATAGO CO., LTD, Tokyo, Japan). The
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refractometer had a measuring range of 0-85 °Brix with an accuracy of 0.20 °Brix. Prior to each
measurement, the refractometer prism underwent a thorough rinse with deionized water,
followed by drying using absorbent cleaning paper. Calibration was performed by adjusting the
instrument to read zero degrees of °Brix using a drop of deionized water at around 25 °C. For
analysis, each grape berry selected was carefully cut and squeezed to extract the juice, which

was then placed onto the transparent prism surface of the refractometer.

4.2.4 Dimensionality Reduction Method

The dimensionality reduction method improves the prediction performance of machine
learning models for spectral reflectance data by removing redundant features in a dataset (Silva
and Melo-Pinto, 2021). In this study, PCA was chosen for the dimensionality reduction method
for the three feature groups (RW, 1D, SG, and Abs). The PCA has been widely utilized in
dimensionality reduction of spectral reflectance data and proved to outperform other methods

(Silva et al., 2018; Silva and Melo-Pinto, 2021).

PCA enabled the transformation of high-dimensional data into a lower-dimensional space,
while preserving as much of the original variation as possible. The transformation results in the
creation of “principal components (PCs)” which were linear combinations of the original features.
In general cases, the optimal number of PCs to retain for analysis is determined by the
proportion of variance explained (selecting the number of PCs which accounted for the majority
of the variance in the population). However, there is no one best method for determining how
many PCs should be retained for analysis. Thus, in this study we set the PCs as a
hyperparameter in different machine learning modeling pipelines. Consequently, the model was
tested for each dataset using a range of one to 50 PCs, and the ideal number of PCs was
selected based on cross-validation (Silva et al., 2018). We choose 50 PCs as the upper limit
since the 50 PCs explain 99.99% of the variability in the original spectra data. Additionally,

retaining a higher number of PCs for analysis leads to an increase in computational costs.
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4.2.5 Data-Driven Modeling

Before the application of the machine learning model, anomalous samples detection was
performed based on 1.5 times interquartile range (IQR) rule and PCA. The outlier in the spectra
data was detected by the Mahalanobis distance of the first and second principal components
in the PCA. The outlier in the °Brix data was detected by the limits of 1.5 IQR. The anomalous
samples were excluded when the limits of 1.5 IQR and PCA were crossed simultaneously. In
this case 1830 samples were selected for further analysis. To estimate TSS from spectral
reflectance data (RW, 1D, SG, and Abs), the following machine learning algorithms were
applied: KNN, RFR and SVR. KNN regression is an instance-based learning method that
predicts the numerical target based on distance functions (e.g., Euclidean and Mahalaobis).
KNN regression as a non-parametric method, predicting the response by calculating the
average of the responses from the KNN in the training set. Delgadillo-Duran et al., (2022)
successfully used KNN to predict soil properties from spectral data. Additionally, RFR and SVR
are widely used in spectroscopic analysis to predict grape quality parameters (Tsakiridis et al.,
2023). RFR is an ensemble learning algorithm that generates a series of regression trees by
using different bagged samples. The final predicted value of RFR is obtained by averaging the
predictions generated by all the individual regression trees in the ensemble. SVR is an
extension of the support vector machines specifically designed for regression problems. It finds
the best hyperplane to maximize the margin between the predicted values and the observed

values, making it useful for predicting continuous numerical values.
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In addition, an ES model was used in order to improve the prediction performance. The ES
model is a common hierarchical ensemble learning strategy, that typically comprises two levels:
level 1, consisting of basic learners; and level 2, a meta-learner. The basic learners encompass
multiple machine learning algorithms, and the outputs from these basic models were collected
and combined to generate meta-features. The basic learners in this study included the KNN,
RFR and SVR. The highest accuracy performance of the basic learner was selected as the
meta-learner for the ensemble model (Figure 4.3). For processing all machine learning models,
the mir3verse package in R software version 4.2.2 was used. Appendix 2 shows

hyperparameter settings of different machine learning models
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Figure 4.3: The workflow of the ES model for TSS estimation

4.2.6 Model Performance Evaluation

In this study, the train-test split method was implemented according to the year of data

collection. Data collected in 2023 (n = 1099) were designated for model training, while data
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collected in 2024 (n = 731) were reserved for model performance evaluation. This approach
employs an independent dataset for validation, reducing the risk of overfitting, and evaluating
the generalization performance of the model. Additionally, a 10-fold cross validation strategy
was used to tune the hyperparameters in each training set of all the tested machine learning
models. The combination of hyperparameters contributing to the models with the lowest RMSE
values, were considered as optimized. In order to evaluate the model performance, the values
of RMSE, ratio of performance to deviation (RPD), R?, and Lin’s concordance correlation
coefficient (CCC) were calculated by applying the trained models with optimized

hyperparameters to the test set. The equations of the indices are shown in Equations 4.1 —4 .4,
RMSE = [-¥, (v — $))° Equation 4-1

RPD = —20) Equation 4-2

3, vim 902

Rz — 1 _ Z?:l(Yi_yi)z

= 7)? Equation 4-3

2pa'yia'§,i

CCC = Equation 4-4

)2

5= 5+ Uy~ by
where n is the number of samples used to fit the model, y; is the ground truth value of the

ith sample, ¥ is the mean response value, y; is the model estimated value of the ith sample.

4.3 Result

4.3.1 Statistical Analysis of Measured TSS and Spectral Reflectance Data

The period from veraison to harvest is recognized as the most crucial phase for monitoring
the quality of grape berries (Gonzalez-Caballero et al., 2012). After outlier detection, throughout
this period, a total of 1830 berries were collected, and the summary statistics of the training and
testing datasets on berry TSS values is presented in Table 4.2. In this study, a wide range of
TSS value were found. Berry TSS ranged from 8.2 to 30.9 °Brix, indicating that many grapes
reached maturity (Silva et al., 2018). The wide range of the dataset made it easier to build a

robust calibration model. Table 4.2 showed high TSS variability (SD = 2.53) for the samples
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collected from HN vineyard in 2024 compared to the samples of the other vineyards; whilst low

TSS variability (SD = 1.59) for the samples from CN vineyard.

Table 4.2: Descriptive statistics of training and testing datasets on total soluble solids (where n

= number of samples, min = minimum, max = maximum, SD = standard deviation)

Year Datasets Vineyard n min median max SD
2023 Train HN 352 8.3 17 234 2.02
PN 466 8.2 16.9 21.2 2.1
CN 281 16.1 20.3 24.8 1.59
2024 Test HN 731 9.7 20 30.9 2.53
0.201
= HN_2023
= PN_2023
= CN_2023
0.151 = HN_2024
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Figure 4.4: The mean spectral values of ‘Pinot Noir’ grape samples from different vineyards

in different seasons
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Figure 4.4 showed the average spectra of the grape samples collected from different
vineyards in different seasons, covering the spectral range of 450-2200 nm. The small
reflectance between 500 and 700 nm was related to pigments such as anthocyanins,
chlorophyll, and carotenoids present in fruit (Ncama et al., 2017). The absorption at around 970
nm was related to carbohydrate and water. Gonzalez-Caballero et al., (2010) found that the
940-980 nm region as the most relevant for TSS measurement. In addition, sugar-related
absorption bands were also found at around 1200 nm (Williams and Norris, 1987). However,
most of the short-wave infrared (SWIR, 1000-2500 nm) regions appeared to provide limited
information in terms of absorption bands. The weak absorption at around 1450 nm and 1940

nm was related to water in fruit (Fairuz Omar, 2013).

PCA was conducted to reduce the redundant information in the spectra data. After PCA,
the original spectra data were transformed into principal components. According to the PCA
analysis the first three principal components accounted for 71.4%, 21.4% and 3.9% of the
variance, respectively (Figure 4.5a, b). Figure 4.5¢ illustrated the loadings plot for the first five
principal components. There are a large number of peaks throughout the spectrum from 700-

1000 nm, that are usually associated with sugar content.
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Figure 4.5: The result of principal component analysis of spectra data. Cumulative variance of
the principal components (a), 3D-scored images of the first three principal components (b),

Loadings plot for the first five principal components (c)
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4.3.2 Prediction Accuracy Based on Different Machine Learning Models

All the machine learning models (KNN, RFR, SVR and ES) were trained using different

pre-processing methods and tested on independent datasets. The best results of different

machine learning models based on different spectral pre-processing and dimensionality

reduction methods are shown in Table 4.3. The model performance criteria showed that the ES

model (R?= 0.803, RMSE = 1.213 °Brix, CCC = 0.89 and RPD = 2.086) outperformed KNN (R?

= 0.634, RMSE = 1.53 °Brix, CCC = 0.783 and RPD = 1.654), RF (R? = 0.688, RMSE =

1.413 °Brix, CCC = 0.814 and RPD = 1.791), and SVM (R?= 0.765, RMSE = 1.225 °Brix, CCC

= 0.882 and RPD = 2.065) models on the independent test set (Table 4.3). The scatter plot of

predicted and measured TSS value on the independent test set for each best performance

machine learning models are shown in Figure 4.6.

Table 4.3: Model performance criteria for predicting TSS from field spectroscopy data on the

independent test set includes coefficients of determination (R2), root mean square error (RMSE),

ratio of performance to deviation (RPD), and Lin’s concordance correlation coefficient (CCC)

Model Spectral region | Pre-processing R? RMSE CCC RPD
KNN VNIR 1D 0.634 1.53 0.783 1.654
RF VNIR Abs 0.688 1.413 0.814 1.791
SVM VNIR-SWIR 1D 0.765 1.225 0.882 2.065
ES VNIR-SWIR 1D 0.803 1.213 0.89 2.086
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Figure 4.6: The 1:1 line relationship between predicted and measured TSS values for the
independent test set by KNN based on 1D spectra data in the VNIR region (a), RF based on

absorbance spectra data in the VNIR region (b), SVM based on 1D spectra data in the VNIR-

The result of using different spectra region data for predicting TSS values shows the TSS
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those using VNIR and VNIR-SWIR (Figure 4.7).

estimates apparently favor the VNIR region for KNN and RF models as compared to the SWIR
or VNIR-SWIR spectral regions (Figure 4.7). However, SVM and ES models showed higher
accuracy in the VNIR-SWIR spectral region when predicting TSS (Figure 4.7). The result of
RMSE from different machine learning models and pre-processing methods showed a

consistent result where the prediction performance using SWIR region alone are lower than
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Figure 4.7: The TSS prediction accuracy (RMSE) of the four machine learning models (KNN,
RF, SVM and ES) using the grape berry spectral features in the VNIR, SWIR and VNIR-SWIR

spectral regions for independent test set

4.4 Discussion

It was labor intensive to manually acquire each berry quality measurement from each vine.
Traditional destructive measurement only measures a few berries in a single block to represent
the whole vineyard’s berry quality. The present study explores a novel non-destructive approach
to estimate the TSS of wine grapes when berries are grown in grape clusters through a portable
VNIR-SWIR spectroradiometer (350-2500 nm). Different machine learning models and pre-
processing methods were applied to predict TSS from in-field spectral data. To assess the
generalization of the machine learning models, different seasonal data sets were used as an

independent test set.
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4.4.1 The Stack Ensemble Learning Model Performance on TSS Estimation

Several studies have utilized machine learning models in combination with spectra data to
predict grape berry quality (Fernandes et al., 2015; Silva et al., 2018). For example, SVR a
commonly non-linear machine learning models has been applied to predict grape berry TSS
and pH (Silva et al., 2018). In addition, Gomes et al., (2017) have demonstrated the application
of neural networks as an individual prediction model for predicting grape TSS. It is worth noting
that these studies relied on an individual basic learner for constructing predictive models,
related to grape berry quality. In order to improve the prediction accuracy, this study used a
stacking-based ensemble learning (ES) approach, which combines three individual learners to
construct the TSS prediction. KNN, RFR and SVR were utilized for constructing ES, and SVR
was selected as the meta-learner for this ensemble approach. The result of using the ES model
with different pre-processing methods and spectral region data outperformed other individual
machine learning models in independent test sets (Table 4.3, Figure 4.7). Compared with
individual machine learning models, the ES model can reduce bias and variance in the final
prediction by capturing intricate patterns that individual models cannot capture alone. Several
successful examples of use of the ES approach have also been observed in crop yield
prediction (Ji et al., 2023). In general, this study evaluates 96 machine learning pipelines for
predicting grape TSS value. The result shows the best prediction performance was achieved
by applying ES model to 1D data in the VNIR-SWIR spectral region (R? = 0.803, RMSE =
1.213 °Brix, CCC = 0.89 and RPD = 2.086), which was better than the findings of Gutiérrez et
al., (2019) where the RMSE was 1.274 °Brix. This study demonstrates the success of using the

ES approach to predict the berry quality.

4.4.2 Influence of Spectral Region on Model Performance

Silva & Melo-Pinto, (2021) suggested that the VNIR spectral region is optimal for predicting
grape TSS because of its cheaper acquisition Most studies measured the grape berry
reflectance in the VNIR (400-1000 nm) spectral region alone to predict grape TSS values

(Guidetti et al., 2010; Silva et al., 2018; Tsakiridis et al., 2023; Benelli et al., 2021). However,
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dos Santos Costa et al., (2019) and Kalopesa et al., (2023) measured reflectance data in the
VNIR-SWIR spectral region. The prediction results from dos Santos Costa et al., (2019) and
Kalopesa et al., (2023) were slightly better than that of other studies using VNIR spectral
regions to predict grape quality. This study explores the influence of different spectral regions
(VNIR, SWIR, VNIR-SWIR) on model performance. Different machine learning models show
the best predictions in different spectral regions (Table 4.3, Figure 4.7). SVM and ES model in
this study have shown slightly higher performance within the VNIR-SWIR spectral region.
However, the KNN and RF model showed lower accuracy within the VNIR-SWIR spectral region
to that of the VNIR region. For the best performance model (ES model), a wider range of
spectral regions are required, rather than using spectral data only in VNIR region, which
improves the model predictions. However, compared with VNIR, the use of VNIR-SWIR
spectroscopy for grape TSS prediction does not significantly improve the prediction
performance, so in practical applications, wine grape growers are currently recommended to
use VNIR equipment rather than VNIR-SWIR because of its present lower cost and good

prediction ability.

4.4.3 Influence of Pre-processing Method on Model Performance

In order to solve the high dimensionality and multicollinearity issues within the spectral
reflectance data, this study used different pre-processing methods to reduce the dimensionality
of the data to an appropriate level. The PCA approach was widely employed as one of the most
commonly used dimensionality reduction methods. It offers an acceptable performance while
requiring moderate computational resource (Silva and Melo-Pinto, 2021). The efficiency of
using transformed variables from the PCA method for predicting TSS was evaluated. The ES
model performance in the independent test set showed that using the PCA method to pre-
process spectra data can improve the model performance among most model pipelines in the
VNIR-SWIR spectral region (Figure 4.7), which was consistent with previous studies (Silva et
al., 2018; Silva and Melo-Pinto, 2021). Despite PCA not enhancing prediction accuracy across
all models, its application offers a substantial reduction in model training time. By condensing
high-dimensional spectral data into fewer components, PCA lowers computational demands,
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which can be particularly beneficial in scenarios with limited processing resources. Future
research should explore using additional dimensionality reduction techniques such as
independent component analysis (ICA), t-distributed stochastic neighbour embedding (t-SNE),

and autoencoders in model pipeline.

Previous studies showed that different spectral pre-processing can improve the prediction
accuracy when predicting grape berry TSS, grape leaf nutrient status, and grape water status
(Kalopesa et al., 2023; Lyu et al., 2023a; Wei et al., 2021). In this study, when using KNN, RFR,
SVR and ES algorithms, it was observed 1D transformations improve the modeling
performance compared to models trained with raw reflectance data. However, other
preprocessing methods do not improve the performance of the model in most cases (Figure
4.7). One possible reason for the poor performance of transformation variables is that since the
spectral pre-processing method used in this study did not consider the scatter correction
method. In future studies, more combinations of spectral pre-processing and dimensionality
reduction method should be selected to investigate the impact of pre-processing methods on

predicting berry quality.

4.4.4 Model Generalization

Most studies restricted their study area to one vineyard or one season (dos Santos Costa
etal.,, 2019; Gutiérrez et al., 2019; Benelli et al., 2021; Kalopesa et al., 2023). The test and train
data set in these studies often come from the same environmental conditions, thus high model
performance can be expected. However, these models are less likely to extend to an
independent data. Only a few studies have explored the transferability of models, seeking to
create a model from one vineyard and utilize it on different vineyards or harvest season (Urraca
et al., 2016; Silva et al., 2018). Independent validation stands out as the most reliable approach
for evaluating a model's generalization ability. Thus, this study used an independent dataset
which was collected in a different harvest season to evaluate four machine learning models’
generalization ability. The result showed a satisfactory range of the prediction performance and

model generalization ability of four machine learning models (Table 4.3). Comparing the results
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in the previous studies using in-lab spectra data from different vintages in the testing phase, we
found that Silva et al., (2018) obtained a R? of 0.837, and a RMSE of 2.443 °Brix, for the
determination of TSS, when using different varieties and vintages as test sets. Even though
spectral data used in this study were collected from unstable environmental conditions (Figure
4.2), the model performance (R?= 0.803, RMSE = 1.213 °Brix, CCC = 0.89 and RPD = 2.086)
is similar to Silva et al., (2018) when using the ES model. This indicates robustness and
reliability of the ES mode in processing field spectra data. This study presents a solution for
using field spectroscopy to replace conventional techniques for predicting grape TSS value.
The results confirm the suitability of predicting ‘Pinot Noir’ TSS values. Non-destructive and
rapid estimate of grape TSS values aids vineyard managers to determine harvest strategies
such as selective harvesting and mapping spatial variability of grape TSS. Note that the
independent dataset was collected in a different harvest season, the vineyard used for
independent testing is one of the three vineyards included in the training dataset. Future studies
should test the current ES model across vineyards in a wider range of growing environments

and grape varieties to enhance its robustness and applicability .

4.5Conclusion

Estimating the grape berry TSS value during harvest is important for vineyard management
to ensure better berry quality. This study has explored a large database collected in different
vineyards and harvest seasons to establish a simple, relatively less computational costly, and
non-destructive method for predicting grape berry TSS directly in-field using different machine
learning modeling pipelines. The results revealed that the ES model based on 1D spectra data
in the VNIR-SWIR region was suitable to estimate ‘Pinot Noir’ TSS values (R?= 0.803, RMSE
=1.213 °Brix, CCC = 0.89 and RPD = 2.086). In order to better apply this method to the real-
world industry, further research should consider validating this model to more grape varieties.
The developed methodology in this study has demonstrated the possibility for a rapid and non-

destructive measurement of TSS in wine grapes based on field spectroscopy.
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5 Hyperspectral Imaging Spectroscopy for Non-
Destructive Determination of Grape Berry Total Soluble

Solids and Titratable Acidity

Compared with spectroscopy techniques, hyperspectral imaging system can provide
spatial resolution of traits in grape berries. After harvesting, wine grape enters into a grape de-
stemmer to remove the berries from the rachis. At this stage, a hyperspectral imaging system
can be combined with a grape de-stemmer to achieve selective harvesting. This chapter is
dedicated to evaluating using spectra data acquired from a hyperspectral imaging system to
predict and classify grape quality parameters during the post-harvest stage. The ability of
various spectral preprocessing techniques and machine learning models to predict and classify
grape total soluble solids and titratable acidity was investigated, and the contributing spectral

features that had the most influence were identified.
This chapter based on:

Lyu, H., Grafton, M., Ramilan, T., Irwin, M., & Sandoval, E. (2024). Hyperspectral Imaging
Spectroscopy for Non-Destructive Determination of Grape Berry Total Soluble Solids and

Titratable Acidity. Remote Sensing, 16(10), 1655. https://doi.org/10.3390/rs16101655
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Abstract

Wine grape quality heavily influences the price received for the product. Hyperspectral
imaging has the potential to provide a non-destructive technique for predicting various
oenological parameters. The study aims to explore the feasibility of applying hyperspectral
imaging to measure total soluble solids (TSS) and titratable acidity (TA) in wine grape berries.
A normalization different spectral indices (NDSI) spectral pre-processing method was built and
compared it with the conventional pre-processing method: multiplicative scatter correction and
Savitzky-Golay smoothing (MSC+SG). Different machine learning models were built to examine
the performance of pre-processing methods. The result showed the NDSI pre-processing
method showed higher performance than the MSC+SG pre-processing method in different
classification models, with the best model correctly classifying 93.8% of TSS, and 84.4% for
TA. In addition, TSS can be predicted with moderate performance using support vector
regression (SVR) and MSC+SG pre-processing with root mean squared error (RMSE) of
0.523 °Brix, and coefficient of determinations (R2) of 0.622, the TA can be predicted with
moderate performance using SVR and NDSI pre-processing (RMSE = 0.19%, R? = 0.525). This
study demonstrated that hyperspectral imaging data and NDSI pre-processing has the potential

to be a method for grading wine grapes for producing quality wines.

Keywords: wine grape quality, non-destructive methods, machine learning, hyperspectral

imaging
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5.1 Introduction

The quality of wine is strongly related to the compounds of the grape during harvest.
Traditionally, grape maturity is monitored by measuring grapes' TSS and TA values. The TSS
of grape berries directly affects the potential alcohol concentration, fermentable sugar
concentration and flavor profile of the subsequent wine (Gomes et al., 2017a). TA are the
concentration of organic acids present in the berries, such as tartaric acid, malic acid and citric
acid, which are responsible for the overall sour taste of the subsequent wine (Lee et al., 2013).
These two oenological parameters determine the optimal timing for grape harvest and,
consequently, the quality of the resulting wine. Currently, the measurement of grape TSS and
TA is destructive, by means of handheld refractometers or traditional chemical analysis in
laboratory settings. Due to differences of position and orientation of the berries within each
berry cluster, the quality of the berries vary spatially at the cluster level (Baluja et al., 2013).
Most growers adopt a uniform harvesting approach, collecting grapes of varying quality together
and processing them into wine. However, this production method may diminish winery
profitability, as the inclusion of lower quality berries during the production process can diminish
the overall wine quality and subsequently lower its market value (Bramley et al., 2003). To
obtain the spatial variation of grape quality would require a large number of destructive
measurements using the traditional method. The use of destructive measurements of TSS and
TA on a large number of grapes is not feasible for wine industry production, as normally
viticulturists sample 200 berries per block to represent the whole block grapes’ quality.
Consequently, using a non-invasive and a rapid method such as hyperspectral imaging (HSI)

could provide a method to measure the TSS and TA on large numbers of grapes.

HSI is a non-destructive technique that combines conventional imaging with spectroscopy
to capture and analyze the spatial and spectral information of objects (M. Zhao et al., 2023).
The HSI is commonly used in reflectance, transmittance and interactance modes. Among these
modes, the reflectance mode is the most frequently used for analyzing grape berries (Li et al.,

2019). In reflectance mode, the light source directly illuminates the object's surface, and the
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detector records information regarding the intensity of the reflected light from objects, which
varies according to the wavelength. Several studies have investigated using laboratory-based
HSI technology to determine the following oenological parameters: TSS, TA, pH and
anthocyanins (Chen et al., 2015; Gomes et al., 2017a; Silva et al., 2018). One study used a
laboratory based HSI system in reflectance mode to predict grape TSS in Portugal (Gomes et
al., 2017a). Through the development of prediction models based on PLSR and neural
networks, prediction performance (R2?) up to 0.95 was achieved. The laboratory based HSI
system, combined with a SVR model was employed to predict anthocyanin concentration, pH
index and TSS in whole grape berries. Determination coefficient (R2) of 0.89 (RMSE = 35.6 mg.
L"), 0.81 (RMSE = 0.25), and 0.90 (RMSE = 3.19 °Brix) were obtained for the estimation of
anthocyanin concentration, pH index and TSS respectively. These two studies highlight the
potential of using HSI to predict the oenological parameters in a rapid and non-invasive way.
However, it is worth noting that the HSI systems commonly used in existing literatures primarily
operate within the visible (VIS) and near infrared (NIR) region (400 - 1000 nm) (Gomes et al.,
2017a; Silva et al., 2018). Several studies explored the reflectance responses of grape berries
in the regions of short-wave infrared (SWIR, 1400 - 3000 nm) and indicated the potential for
predicting oenological parameters in NIR and SWIR region (Ferrer-Gallego et al., 2011;
Gonzéalez-Caballero et al., 2012; Chen et al., 2015; Urraca et al., 2016). One study used a
handheld spectroradiometer with spectral ranging from 1600 to 2400 nm to predict the grape
TSS within a lab setting (Urraca et al., 2016). The resultant prediction performance yielded R?

value of 0.91 and RMSE value of 1.42 °Brix.

Most previous studies used regression models to predict grape TSS or TA, while the main
objective of determining the grape quality is distinguishing berries into two groups (ripe and
unripe berry). The classification algorithms are important to distinguish the quality of grapes.
For example, one study explored spectroradiometer (350-2500 nm) combined with various
supervised classification methods to distinguish the maturation stages of wine grapes and
obtained 93.15% of accuracy (dos Santos Costa et al., 2019). In addition, several studies have

reported using spectroradiometer to classify grape quality based on TSS or TA (Dambergs et
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al., 2003; Guidetti et al., 2010). Compared with spectroradiometer, HSI| system can provide
more spatial information and is also easy to install on a berry sorting system for industrial
application. Therefore, it is important to explore the potential of using the combination of HSI

and classification algorithms to distinguish grape quality.

Machine learning has been widely applied in analyzing hyperspectral data, as
hyperspectral imaging can provide a large amount of information with high complexity. However,
many machine learning models are called “black box” as the decision-making process of these
models is often deemed uninterpretable (Lyu et al., 2023a; Wei et al., 2021). Many interpretation
methods have been developed aimed to identify the features that contribute most to the model's
predictive performance. In grape studies, this can be useful to better understand the relevance

of the specific wavelength for predicting different oenological parameters (Lyu et al., 2023a).

This study aims to develop and evaluate non-destructive and rapid prediction of two
important compositional parameters named TSS and TA using NIR-SWIR hyperspectral
imaging. The specific objectives were: (1) to develop regression models to predict grape TSS
and TA using the combination of HSI and machine learning algorithms; (2) to develop
classification models to distinguish grape quality; (3) to identify the spectral signatures which

contribute most to the model’s performance.

5.2Materials and Methods

5.2.1 Sample Acquisition

Samples of Pinot Noir grapes were collected three times during the pre-harvest stages in
2022 at the vineyard in Martinborough (41°13'8.73"S, 175°27'36.23"E), New Zealand. The
vineyard features a cool, moist, and temperate climate (Lyu et al., 2023b). Random selection
was employed to choose a total of 112 grapevines during the study period (Table 5.1). From
each grapevine, three grape bunches were randomly selected (Figure 5.1). Subsequently, three
berries were obtained from the top, middle and bottom within each bunch cluster and placed in

labeled plastic bags immediately. Each sampled grapevine provided 9 berries to meet the
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minimum standards for subsequent TA and TSS measurements. The collected samples were
immediately sent to the laboratory for hyperspectral spectrum analysis and chemical
determination of TSS and TA values. All samples were stored at 4°C until beginning the

hyperspectral imaging analysis.

Table 5.1: The number of samples during each sampling date

Date Number of samples
07t March 32
15t March 57
27th March 33

Figure 5.1: Example of the sampled grapevine
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5.2.2 Hyperspectral Image Acquisition and Analysis

The Specim SWIR HSI system (Specim, Oulu, Finland) operating in reflectance mode was
used to acquire images containing NIR to SWIR spectra ranging from 1000 to 2500 nm,
comprising 288 spectral bands (Figure 5.2). The Specim SWIR is a pushbroom instrument
which can capture images consisting of 384 spatial pixels. Two 50-watt tungsten halogen lamps
were positioned at a 45-degree angle on both sides of the camera to provide illumination
primarily focused on the grape samples for spatial information acquisition during scanning
(Figure 5.2). The camera was situated 300 mm away from the objective base, and the imaging
process was conducted using Specim Lumo software within a dark room at room temperature.
Each image was acquired at a rapid rate of 29 frames per second, with an exposure time of 2
ms. The grape berries were placed on a computer-controlled conveyor belt (with the black light
absorbing material), which ensured a consistent movement at a constant speed of 15 mm/s
during the measurement process. A total of 112 images, each containing 9 fresh berries, were

obtained using this HSI system (resulted in 112 samples).

N
| | o

—— > Hyperspectral
camera

» Light source

Conveyer belt

Figure 5.2: The Specim SWIR hyperspectral imaging system
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To obtain surface reflectance from the raw hyperspectral images, two calibration steps
were carried out using dark current and white reflectance. The dark current calibration involved
closing the camera lens with a non-reflective opaque black cap to capture the dark current
values. For the white reference calibration, a white panel coated with barium sulphate, known

for its near-perfect surface reflectance, was used. The reflectance value is computed as:

R - R .
Ry = Lo _dak® Equation 5-1

Rwhite (1)~ Rdark (1)

where R, (1) represents the intensity of light reflected from objective at A wavelength,
Raari ) @nd Rynice (1) represent the dark current and white reflectance at A wavelength

respectively.

The hyperspectral images were processed by the Environment for Visualizing Images
(ENVI) V 5.6 software (Research Systems Inc., Boulder, Co, USA). A region of interest (ROI)
was defined in the middle portion of each berry and subsequently, the average spectrum of
these ROI was calculated to be used as the predictor variable for the prediction model (Figure
5.3). The average value of nine grapes in each image was calculated to represent one sample.
The ellipsoidal shape of the fruit resulted in the presence of shadows around the edges of each
fruit, where the lighting was insufficient to fully illuminate the area. As a result, these shadowed

regions were excluded from the selection of ROI.

The resulting hyperspectral image exhibited various random noise which generate from
the sensor or quantization process. The noise significantly degraded the quality of spectral data
and the overall prediction performance (Pullanagari and Li, 2021). Before building the
estimation model, multiplicative scatter correction and the Savitzky-Golay smoothing (MSC+SG)
spectral pre-processing methods, were applied to the raw reflectance data, to decrease the
influence of the random noise and surface scattering. The mean of the data set was selected
as reference spectrum. Additionally, normalization different spectral index (NDSI), was also

used to process raw reflectance data. The NDSI was calculated as:
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NDSI = 2%y Equation 5-2

Ry+Ry
where R, and R,, represent the reflectance at wavelength x and y, respectively.

The Pearson’s coefficient correlation between NDSI and TSS as well as TA was calculated.
The Pearson’s coefficient correlation ranges from +1 to -1. The closer + 1, the stronger
correlation between NDSI, TSS and TA. NDSI with coefficients higher than 0.5 selected for

building the further regression and classification model.

Figure 5.3: The sampled grape berries image in band 1177 nm (a); region of interest grape

berries (b)
5.2.3 Oenological Parameters Measurements

After acquiring each hyperspectral image, the oenological parameters of grape berries
were measured in the Massey Agri-food Digital Lab, Massey University, Palmerston North.
Firstly, nine grape berries were squeezed together into juice. Then, we applied 0.2ml of the
collected juice onto a portable digital refractometer (PAL-BX/ACID F5 Digital Refractometer,

ATAGO CO., LTD, Tokyo, Japan) to measure the TSS value (°Brix). The refractometer is

capable of measuring 0-60% °Brix (0.1% resolution) and 0.1-8.8% (0.01% resolution) acid. After

1M1



measuring the TSS, using reverse osmosis (RO) water to rinse the refractometer prism, then
dried by absorbent cleaning paper. The TA value was measured by digital refractometer. We
poured 1.00g of grape juice into a beaker and diluted with RO water at a ratio of 1:50. Then we
placed the 0.3ml diluted sample onto the transparent prism surface of the refractometer and

recorded the acidity (%) value.

5.2.4 Data Analysis

Before the application of the prediction model, anomalous samples and spectral outlier
detection was performed based on Interquartile Range (IQR) and principal component analysis
(PCA). The outlier was detected by the Mahalanobis distance of the first and second principal

components in PCA. In this case 107 samples were selected for building the prediction model.

5.2.4.1 Development of Regression Model

Three popular multivariate regression models partial least squares regression (PLSR),
SVR and random forest regression (RFR) which have been successfully applied in HSI studies,
were used to build the quantitative model for the TSS and TA content in wine grapes. PLSR
projects the predictor variables onto a set of latent variables which are linear combinations of
the original predictor variables. These latent variables capture the maximum covariance
between predictor variables (spectral data) and outcome variable (TSS and TA). SVR is a
regression technique based on support vector machines. It aims to find a hyperplane in a high-
dimensional space to fit the data through kernel functions. The Gaussian radial basis function
(RBF) was chosen as the kernel function in this study. RFR is an ensemble algorithm creating
decision trees from diverse bagged samples, with the final prediction being the average of all

individual decision trees' predictions in the ensemble.

The total samples were stratified and split into training and testing sets using a 70/30 ratio
based on the distribution of each variable to evaluate the different model performance. To
determine the optimal combination of hyperparameters and reduce overfitting, a grid search
and 10-fold cross-validation were performed in the training set, with RMSE serving as the
evaluation metric. Additionally, we used the variable importance projection (VIP) or permutation
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feature importance (PFI) to calculate the contribution of each spectral wavelength in the best
performance regression models among the PLSR, SVR and RFR models. The testing set was
used to evaluate the performance based on the root mean squared error (RMSE), coefficient
of determinations (R?), ratio prediction to deviation (RPD) and Lin’s concordance correlation

coefficient (CCC). The RMSE, RPD, R?, and CCC of the test set were calculated as:
RMSE = |31, (i — 91 Equation 5-3

RPD = % Equation 5-4
T i- 902

Rz =1- Z?:l(Yi_yi)z

T (i §)? Equation 5-5

2pa'yia'§,i

CCC= — Equation 5-6

_ 2 —u~ )2
Vi in"'(uyi lly-)

i

where n is the number of samples used to fit the model, y; is the ground truth value of the
ith sample, J; is the model estimated value of the ith sample, ¥ is the mean response value,

SD is the standard deviation, p is the R2, ¢ is the corresponding variance, u is the mean value.
5.2.4.2 Development of Classification Model

Distinguishing the grapes into different quality groups helps winemakers process them into
wines of different qualities thus increasing the profitability of wineries. Grape hyperspectral
reflectance data were divided into two groups (low or high quality) based on the TSS and TA to
develop the classification model. Three popular classification models latent dirichlet allocation
(LDA), support vector machine (SVM), and random forest (RF) were performed. The LDA
method was implemented using linear distance definition for the computation of distance
between samples to distinguish different classes. SVM and RF were the SVR and RFR used
for classification analysis. The samples were divided into two groups (high and low quality) for
each parameter and separated by threshold limiting values: 19 °Brix for TSS and 1.5% for TA.
The same strategy of splitting the dataset into training and testing sets when developing
regression models was used. In addition, a grid search and 10-fold cross-validation were
performed in the training set, with accuracy serving as the evaluation metric to determine the
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best hyperparameters when training the model. The testing set was used to evaluate the
performance based on the accuracy (Acc), recall, false positives (FP) and classification error
Rate (Ce) which calculated from the confusion matrices of each model. The calculation of Acc,

recall, and Ce was defined bellow:

TP+TN

Acc = ——— Equation 5-7
TP+FN+FP+TN
Recall = —=~ Equation 5-8
TP+FN
Ce= —2HN Equation 5-9
TP+FN+FP+TN

where TP, FN, FP, and TN are the true positive, false negative, false positive, true negative.

5.3Result

5.3.1 Statistical Analysis

The descriptive statistics of measured TSS and TA obtained by the destructive method is
shown in Table 5.2. Table 5.2 shows the changes of TSS and TA within a month during harvest
time. The TSS value increased from 16.9 to 21.2 °Brix during the study period. At the same

time, the TA decreased from 2.26 to 0.92 %.

Figure 5.4 shows the processed spectra of each sample in the spectral range 1026 - 2027
nm. The spectra for the samples showed a similar pattern. The reflectance between 1150 —
1200 nm and 1350 — 1400 nm was due to the overtone of C-H and O-H (Chen et al., 2015).
Additionally, sugars such as glucose and fructose present in grapes can exhibit C-H stretching
vibrations that contribute to the absorption peak at around 1200 nm (Williams and Norris, 1987).
The strong reflectance peak at around 1100 nm was due to the combination bands of O-H in
water (Igbal et al., 2013). The absorption peak at around 1190, 1450 and 1940 nm were also

related to the large amount of water in the berry (Fairuz Omar, 2013).
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Table 5.2: Descriptive statistics of oenological parameters during study period

Parameter | Date N Minimum Maximum Mean SD
07t March | 21 17.3 19 18.21 0.58
°Brix 15t March | 53 16.9 19.9 18.63 0.67
27t March | 33 18.8 21.2 19.59 0.49
07t March | 21 1.28 2.26 1.72 0.33
TA 15t March | 53 1.17 1.93 1.59 0.17
27t March | 33 0.92 1.51 1.23 0.14
0.15
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Figure 5.4: Reflectance spectrum of Pinot Noir variety

5.3.2 TSS and TA Estimation Based on Hyperspectral Narrowband NDSI

To minimize the signal noise and scattering effect, hyperspectral reflectance has been

transformed into narrowband spectral indices, for example spectral ratio (SR), difference
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spectral indices (DSI) and normalized difference spectral indices (NDSI) (Wang et al., 2022).
Among them, NDSI has been widely used, so we explored the correlation between TSS, TA
and NDSI, as shown in Figure 5.5. NDSI was calculated for each possible wavelength
combinations. The highest correlation variable between TSS and NDSI was (Riz2se-
R1177)/(R1289+R1177), with a correlation coefficient of 0.62. In addition, (R1204-R1177)/(R1204+R1177),
(R1076-R1060)/(R1076+R1060), and (R1300-R1177)/(R1300+R1177), had a high correlation with TSS. The
most relevant NDSI with TA was (R1411-R1434)/(R1411+R1434), with a correlation coefficient of 0.6.
The correlation plots showed the combination of NDSI between 1500 — 1800 nm had a higher

correlation with TA than that of TSS (Figure 5.5).

Wavelength (nm)
Wavelength (nm)

150 1500 H 170 2000 1250 1500 1750 2000
Wavelength (nm) Wavelength (nm)

Figure 5.5: Correlation coefficient between NDSI and TSS (a) and TA (b)

5.3.3 Predictive Model Performance Based on Regression Models

The results obtained for testing the dataset based on different predictive models are shown
in Table 5.3. Previous studies commonly used RMSE and R? to evaluate model performance,
indicating that the best performance model show low RMSE and high R? values. In addition to
RMSE and R?2, we used RPD and CCC to evaluate the model performance. RPD represents
the ratio of a variable's standard deviation to its standard error of prediction using a specific
model. For the RPD, it is considered as an almost perfect model when RPD > 2, moderate

model when 2 > RPD > 1.4, poor model when RPD < 1.4 (Chang et al., 2001). CCC represents
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how close a model prediction confirms to the ground truth data along a 45-degree line from the
origin. For the CCC, the excellent mode with CCC > 0.8, moderate model with 0.8 > CCC >

0.65, poor model with CCC < 0.65 (Zhao et al., 2022).

For predicting TSS based on MSC+SG spectral pre-processing, the PLSR presented a
RMSE, R2, RPD and CCC of 0.554 °Brix, 0.583, 1.54 and 0.693 respectively. The result of
predicting TSS based on the NDSI spectral pre-processing were a RMSE of 0.726 °Brix, and a
R? of 0.305, a RPD of 1.114, and a CCC of 0.548 in the PLSR model. When it turns to TA, the
PLSR showed a poor performance on both MSC+SG and NDSI pre-processing method (Table
5.3). The PLSR has been established as an effective predictive model to process hyperspectral
data (Chen et al., 2015; Gomes et al., 2017a; Grafton et al., 2019). In this study, the result
showed the PLSR had a moderate performance when predicting grape TSS through using MSC
+ SG pre-processing, while it had a poor performance when predicting grape TA. In addition to
traditional regression models, we also explore the predictive power of two machine learning
models (SVR and RFR). For SVR, the result of predicting TSS based on MSC+SG pre-
processing showed the best prediction performance among all the regression models, with a
result of RMSE, R2, RPD and CCC of 0.523 °Brix, 0.622, 1.631, and 0.763, respectively. When
using the selected NDSI as the input variables, the prediction performance of the SVR model
decreased, but still showed moderate prediction performance (Table 5.3). For predicting TA
based on the MSC+SG pre-processing features, the SVR presented a poor model performance
with RMSE, R2, RPD and CCC of 0.333 %, 0.03, 0.751, and 0.168, respectively. The
combination of SVR and NDSI pre-processing showed a moderate prediction accuracy with
RMSE, R2, RPD and CCC of 0.19 %, 0.525, 1.463, and 0.675, respectively. For RFR, the result
of predicting TSS based on MSC+SG pre-processing showed a poor model performance
(RMSE = 0.642 °Brix, R2 = 0.449, RPD = 1.368, CCC = 0.549). When the selected NDSI was
used as input variables, the performance of RFR model was higher than that of using MSC+SG
and showed a moderate performance (Table 5.3). When using MSC +SG as input variables,
the RFR model showed the best model performance (RMSE = 0.217 %, R? = 0.43, RPD =

1.346, CCC = 0.595) to predict grape TA compared with other regression models (Table 5.3).
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In addition, the combination of RFR and NDSI showed a moderate prediction performance to
predict grape TA (Table 5.3). Figure 5.6 show the best model performance when predicting

grape TSS and TA.

Table 5.3: Model performance on testing set based on regression models

Parameter Feature Model RMSE RPD R? CCC

TSS (°Brix) MSC+SG PLSR 0.554 1.54 0.583 0.693
MSC+SG SVR 0.523 1.631 0.622 0.763
MSC+SG RFR 0.642 1.368 0.449 0.549
NDSI PLSR 0.726 1.114 0.305 0.548
NDSI SVR 0.543 1.49 0.589 0.655
NDSI RFR 0.592 1.429 0.531 0.687

TA (%) MSC+SG PLSR 0.305 0.82 0.025 0.15
MSC+SG SVR 0.333 0.751 0.03 0.168
MSC+SG RFR 0.217 1.346 0.43 0.595
NDSI PLSR 0.207 1.343 0.51 0.54
NDSI SVR 0.19 1.463 0.525 0.675
NDSI RFR 0.198 1.444 0.5 0.652
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Figure 5.6: Predicted vs. measured values of TSS content of grapes using SVR and MSC
+ SG (a); Predicted vs. measured values of TA content of grapes using SVR and NDSI.

The dot-ted line is the 1:1 line

5.3.4 Spectral Features Importance of TSS and TA

In order to identify the spectral signatures that contribute most to the model’s performance,
the feature importance of the best performance model based on the MSC+SG pre-processing
was calculated (Figure 5.7). The PFlI measures a feature’s importance by calculating the
increase of the model's prediction error after permuting the feature. For example, the
reflectance value in band 1104 is most important for the SVR model predicting TSS, if permuting
the wavelength 1104 nm in the data, the RMSE of the SVR model increase by a factor of around
1.04. In addition, PFI values showed that the electromagnetic spectrum contributed more at
around 1088 — 1127, 1278 — 1322, 1810 -1838 nm (Figure 7a). The PFI values for the RFR
model predicting TA fluctuated around at 1088 — 1104, 1138 — 1155, 1227, 1250, 1788 nm
(Figure 5.7b). Figure 5.7 indicated that the PFI value are large at approximately 1100 nm in the
TSS and TA prediction model. The peaks at 1100 nm were due to the vibrations related to the
O-H and C-H bonds (Golic et al., 2003). It is worth noting that the NDSI values of the

combination of these bands also have a high Pearson’s correlation coefficient with TSS or TA.
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Feature Importance (loss = RMSE)

Therefore, future studies should continue to explore the potential of using these relevant

narrowband NDSI to classify or predict grape maturity.
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Figure 5.7: The permutation feature importance for TSS based on SVR model (a), TA based on

the RFR model (b)
5.3.5 Discrimination Capacity Based on Classification Models

The classification analyses were performed for fresh berries using LDA, SVM and RF. The
samples were divided into two groups (high and low quality) for each parameter and separated
by threshold limiting values: 19 °Brix for TSS and 1.5% for TA. Table 5.4 showed the
discrimination capacity of grape quality using different classification models and spectral pre-
processing methods. The LDA model of TSS presented moderate classification capacity, with

accuracy rate of 75% for MSC+SG dataset, and 68.8% for NDSI dataset. When using SVM

discriminate TSS, 78.1% of samples were correctly classified with MSC+SG features, and 93.8%

of samples were correctly classified with NDSI features. When using RF discriminate TSS, the
percentage of total samples correctly classified was 84.4% with MSC+SG features, and 90.6%
with NDSI features. In respect of the TA classification of fresh berries, the two quality groups
were correctly classified with an accuracy rate from 75% to 84.4%. Compared with MSC+SG,
the NDSI pre-processing has the ability to improve the classification performance when

discriminating grape quality parameters.
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Table 5.4: Discrimination performance on the testing set based on classification models

Parameter Feature Model Acc FP Recall Ce

TSS(°Brix) | MSC+SG LDA 0.75 1 0.588 0.25
MSC+SG SVM 0.781 5 0.846 0.219
MSC+SG RF 0.844 2 0.8 0.156
NDSI LDA 0.688 7 0.769 0.313
NDSI SVM 0.938 1 0.933 0.0625
NDSI RF 0.906 2 0.933 0.094

TA (%) MSC+SG LDA 0.75 7 0.933 0.25
MSC+SG SVM 0.781 1 0.667 0.219
MSC+SG RF 0.844 2 0.8 0.156
NDSI LDA 0.75 7 0.941 0.25
NDSI SVM 0.844 3 0.857 0.156
NDSI RF 0.844 3 0.857 0.156

5.4Discussion

The PLSR, SVR, and RFR models developed based on SWIR hyperspectral imaging
system showed overall moderate performance for predicting TSS. When comparing the present

work to previous work done in reflectance models, for TSS the present R2 were slightly worse
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than those of (Gomes et al., 2017a; Gutiérrez et al., 2019; Silva et al., 2018). One possible
reason is that the range of spectrum used in previous study is between 400 — 1000 nm. However,
when using RMSE as the model performance criteria, the present work showed higher
performance ability than those of previous studies. We used RPD and CCC to further assess
the regression model performance. The result showed that the combination of SVR and MSC
+ SG show a moderate prediction performance (RPD = 1.631, CCC = 0.763). The comparison
done suggests that the spectrum ranged between 400 - 1000 nm may be more informative for
quantifying the TSS value of grape berries. This is because a VIS - NIR HSI system to predict
grape TSS value, maybe more practical, given its usually cheaper and has higher predictive
performance than a SWIR HSI system for industry use. In addition, using a different variety of
grape than previous work may have contributed to the poor performance of our model.
Compared to TSS, the prediction for TA was lower in the regression models. The model
accuracy was also worse than previous findings (Gonzélez-Caballero et al., 2011; Guidetti et
al., 2010). Previous studies have mainly used HSI between 400 -1000 nm to predict TA.
(Guidetti et al., 2010) used a portable spectrophotometer to measure the oenological
parameters in the spectral range 400 — 1000 nm. R? of 0.81 were obtained for estimating grape
TA value in their study (Guidetti et al., 2010). The reduced predictive accuracy between the
present work may be due to the different regression models, spectroscopic modes, and grape
varieties. Future studies should continue to explore using current HSI systems to predict
oenological parameters based on different grape varieties. It is noticeable that this study used
two spectra pre-processing method: MSC+SG and NDSI The NDSI pre-processing method
significantly improves the model prediction performance when predicting the TA value.
Additionally, the smoothing techniques used in this study filter the noise of raw reflectance data
possibly through the rapid exposure time. However, the smoothing technique will lose some
characteristic values when processing spectral data, so further study should try to adjust

camera parameters to avoid using smoothing techniques.

The study also examined the possibility of using HSI system to classify grape maturity. The

SVM and RF models showed good classification performance for TSS. Compared with TSS,
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the LDA, SVM and RF models only showed moderate classification performance for TA. The
classification accuracy were higher than those of (Guidetti et al., 2010), who used the
combination of spectrometer (1600 - 2400 nm) and PLS-DA to classify the grape maturity, and
obtained 77.1% for TSS and 68.6% for TA. However, the 84.4% accuracy rate when classifying
TA cannot meet the requirements of industrial application. The low sample size used in this
study may have limited the classification model performance when classifying TA. Thus, further
studies can use a large sample size with a wide range of TA value to examine the classification
model performance. When compared with a study using spectrum in 350-2500 nm, our
classification accuracy is similar to (dos Santos Costa et al., 2019) who used different
supervised classification methods to determine the maturation stage of wine grapes, obtaining
the accuracy rate from 92.26 to 93.15%. However, it is worth noting that running HSI or
spectrometers in 400-2500 nm is expensive for industrial applications. Further research can
continue to explore the possibility of selecting a specific band range for grading grape quality.
In conclusion, classification models in this study would combine with current optical berry

sorting systems to give winemakers a non-destructive tool for selecting the preferred berries.

5.5Conclusion

The presented study explored the feasibility of applications of non-destructive means of
estimating TSS and TA values of wine grapes by using SWIR, hyperspectral imaging with a
spectral range of 1000 — 2500 nm. The Pearson’s correlation coefficient between NDSI, TSS
and TA showed that NDSI (R1289-R1177)/(R1289+R1177) and (R1411-R1434)/(R1411+R1434) which had a
high correlation with TSS and TA, respectively. Furthermore, the PLSR, SVR, and RFR models
were constructed to predict TSS and TA based on MSC+SG features or NDSI features. The
prediction results demonstrated that the TSS of wine grapes can be predicted with moderate
performance using SVR combined with an MSC+SG spectral pre-treatment process (RMSE =
0.523 °Brix, R? = 0.622, RPD = 1.631, and CCC = 0.763). Compared to TSS, the regression
model performance for TA were relatively low, with the best model performance obtained from

SVR combined with NDSI pre-processing (RMSE = 0.19%, R2 =0.525, RPD = 1.463, and CCC
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=0.675). We explored spectral feature importance of TSS and TA, and the result indicated that
the significant regions and wavelengths relevant to TSS and TA estimation were at around 1100
nm. Finally, the LDA, SVM and RF models were performed to discriminate grape TSS and TA
through different spectral pre-processing methods. Samples were divided into high or low
quality for each parameter based on a threshold limiting value. The results showed that the best
model correctly classify 93.8% of the samples for distinguishing TSS, and 84.4% of the samples
for distinguishing TA. To enhance the industrial applicability of this technique, it is crucial to
validate the developed regression or classification models on a broader range of wine grape
varieties. This study has demonstrated the potential of using NIR-SWIR hyperspectral imaging

for the rapid and non-destructive determination of TSS and TA value of wine grapes.

124



125

% MASSEY  GRADUATE
RESEARCH
- SCHOOL

UNIVERSITY OF NEW ZEALAND

STATEMENT OF CONTRIBUTION
DOCTORATE WITH PUBLICATIONS/MANUSCRIPTS

We, the student and the student’s main supervisor, certify that all co-authors have consented to their work being
included in the thesis and they have accepted the student’s contribution as indicated below in the Statement of
Originality.

Student name: Hongyi Lyu

Name and title of

. i Dr Miles Grafton, Senior Lecture
main supervisor:

In which chapter is the manuscript/published work? |Chapter 6

Describe the contribution that the student and members of the supervisory team have made to the
manuscript/published work:*

The candidate used hyperspectral imaging system to classify grape maturity in lab conditions based on deep learning
models. Additionally deep learning model used to generate synthetic hyperspectral reflectance data of different grape
maturity class.

The supervisory panel assisted with a hyperspectral spectrometer and other technical support, editing and writing
support.

Please select one of the following three options:

O The manuscript/published work is published or in press

Please provide the full reference of the research output:

@ The manuscript is currently under review for publication

Please provide the name of the journal:

Lyu, H., Grafton, M., Ramilan, T., Irwin, M., & Sandoval, E. (2024). Synthetic Hyperspectral Reflectance Data
Augmentation by Generative Adversarial Network to Enhance Grape Maturity Classification.Postharvest Biology
and Technology. (with editor)

O Itis intended that the manuscript will be published, but it has not yet been submitted to a journal

Digitally signed by: Miles Grafton

HO n i L u MI|eS DN CN = Miles Grafton email =
gy y Main supervisor’s signature: P s et i e

2024. 06. 29 Grafton 4 e Aot ta 25 venes

Student’s signature:

This form should be placed at the beginning of each relevant thesis chapter.

1 Refer to the Massey University Publishing and Authorship guidelines (OneMassey for staff, Stream for students)
and/ or Contributor Rol xonomy (CRediT i 25 for guidance.



6 Synthetic Hyperspectral Reflectance Data
Augmentation by Generative Adversarial Network to

Enhance Grape Maturity Classification

The previous chapter show moderate classification performance when using HSI under
SWIR spectrum. However, the cost of SWIR hyperspectral cameras is higher than that of VNIR
hyperspectral cameras. In this chapter, we use VNIR HSI combined with deep learning
networks to determine the grape maturity. Considering the limited HSI data on grape berries,
we propose a generative adversarial network to generate synthetic hyperspectral reflectance

data to improve deep learning model performance.
This chapter is based on

Lyu, H., Grafton, M., Ramilan, T., Irwin, M., & Sandoval, E. (2024). Synthetic Hyperspectral
Reflectance Data Augmentation by Generative Adversarial Network to Enhance Grape Maturity

Classification. Postharvest Biology and Technology (under review).
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Abstract

Non-destructive and rapid grape maturity detection is important for the wine industry. The
ongoing development of hyperspectral imaging techniques and deep learning methods has
greatly helped in non-destructive assessing of grape quality and maturity, but the performance
of deep learning methods depends on the volume and the quality of labeled data for training.
Building non-destructive grape quality or maturity testing datasets requires damaging grapes
for chemical analysis to produce labels which is time consuming and resource intensive. To
solve this problem, this study proposed a conditional Wasserstain Generative Adversarial
Network (WGAN) with the gradient penalty data augmentation technique to generate synthetic
hyperspectral reflectance data of each grape maturity category. Thereafter, contextual deep
three-dimensional CNN (3D-CNN) and spatial residual network (SSRN) are trained on synthetic
and original datasets to classify grape maturity. After training of 10,000 epochs, synthetic
hyperspectral reflectance data were very similar to real spectra for each maturity category. A
SSRN model with synthetic hyperspectral reflectance data have shown the best classification
performance with an average accuracy of 92%. The results show that both SSRN and 3D-CNN
show better classification performance after adding synthetic hyperspectral reflectance data
than using only an original dataset. This study indicated that deep learning models combined
with conditional WGAN with the gradient penalty data augmentation technique had a good

application prospect in the grape maturity assessment.

Keywords: hyperspectral imaging system; grape maturity; generative adversarial network;

deep learning
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6.1 Introduction

New Zealand wineries producing high-quality wines that are exported globally. One critical
factor in the production of high-quality wines is the maturity of the grapes used to make the
wine. Bramley et al., (2003) showed that it's more profitable for wineries to classify the maturity
of grapes to produce wines of different qualities than to mix grapes of different maturity to
produce a single quality wine. Traditional methods for measuring grape maturity involves
measuring grape total soluble solids (TSS) based on refractometry or enzymatic tests (Rolle et
al., 2022). These methods can provide accurate measurements, but are often labor-intensive,
time-consuming, and require destructive sampling. However, the grape TSS value showed
marked spatial variability within a block or in the same vine (Baluja et al., 2013). Using traditional
destructive techniques only analyzed a small subset of grapes TSS values and use this value
to represent the grape maturity of an entire region. This results in uneven maturity of the grapes
used for winemaking during the post-harvest stage. Therefore, it is desirable to develop a non-

destructive method to effectively sort grape maturity during the post-harvest stage.

The development of image technologies, e.g., monochromatic, red-green-blue (RGB),
multispectral and hyperspectral imaging for non-destructive assessing of fruit quality or maturity
has advanced rapidly over the last decades (Li et al., 2019; Lu et al., 2020, 2022). Hyperspectral
imaging captures and processes information across a wide spectrum of wavelengths, allowing
detailed analysis of various chemical compositions in grape berries (Lyu et al., 2024).
Compared with other image technologies, hyperspectral imaging can detect subtle changes in
the spectral reflectance of grape berries, which are related to their TSS value. Integrated with
image technologies, deep learning improved efficacy and efficiency in grading and sorting
grape berries. Deep learning, especially convolutional neural networks (CNNs) are widely being
used in data-driven visual recognition (e.g., image classification and semantic segmentation)
tasks in agricultural production (Wang et al., 2021). Various architectures of CNNs such as
AlexNet, VGG, GooglLeNet, DenseNet, and Inceptionv3, are being used to classify fruit maturity

status (Z. Zhao et al., 2023). Das and Yadav, (2020) proposed a revised version of AlexNet to
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classify tomato maturity. Ashtiani et al., (2021) compared the accuracy of five different CNNs
models to classify the maturity of white and black mulberries. The result showed that AlexNet
and ResNet-18 models exhibited the best accuracy score for white and black mulberries,
respectively. Additionally, Ramos et al., (2021) used VGG-19 to classify the maturity status of
Syrah and Cabernet Sauvignon grapes. The result showed that VGG-19 achieved maturity
status classification accuracy of 91.30% and 80.97% for Syrah and Cabernet Sauvignon,

respectively.

One of the challenges in using deep learning for visual recognition tasks is the need for
extensive and diverse datasets to train CNNs models effectively (Abbas et al., 2021). Deep
learning models usually need train several million parameters to capture sufficient variations
needed for vision recognition tasks (Miranda et al., 2023). In this case, deep learning models
only have high performance and generalizability on sufficiently large and diverse datasets. For
example, Zhao et al., (2023) used 3849 images from a “Nine Peach” dataset to train different
segmentation models to determine peach maturity. They proposed a new one-stage instance
segmentation model achieved an average precision of 72.12% on the large and highly diverse
dataset. However, creating extensive and diverse datasets needs tremendous effort to ground
truth data collection and labelling which is time consuming and resource intensive (Lu and
Young, 2020). This is especially relevant for non-destructive fruit quality or maturity testing
datasets, Labeling often necessitates damaging the fruit to measure internal qualities. To
mitigate the scarcity of datasets, one common approach is data augmentation (Gour et al.,

2020; Khalifa et al., 2022).

There are two categories of data augmentation approaches, including traditional image
augmentation and augmentation based on deep learning methods. The traditional image
augmentation include geometric (e.g., flipping and cropping) and color processing approaches
(Shorten and Khoshgoftaar, 2019). However, methods such as cropping remove critical context
from an image, making it harder for the model to learn the relationships between different parts
of the image. Basic augmentation techniques often follow predictable patterns (e.g., fixed
rotation angles, specific crops). This can lead to a lack of diversity in the training data, limiting
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the model's exposure to truly novel examples. Additionally, traditional image augmentation can
only create limited variations of existing data and is unable to learn the variations or invariant
features across the samples (Chen et al., 2024). Recently, Generative Adversarial Networks
(GANs) have been used for data augmentation to solve the drawback of traditional approaches
in the agricultural community. The Generative Adversarial Network (GAN), originally proposed
by Goodfellow et al., (2014) was used to synthesize new data with the same characteristics of
training instances. GANs generate high-quality, realistic synthetic data that retain the statistical
properties of the original dataset, enhancing the diversity without compromising the data quality
(Shorten and Khoshgoftaar, 2019). Additionally, GANs introduce more diversity in the

augmented data, capturing variations that basic image augmentation might miss.

Several studies have been used GANs as a data augmentation technique to synthesize
fruit images in post-harvest quality assessment tasks (Guo et al., 2021; Bird et al., 2022;
Miranda et al., 2023; Tan et al., 2024). For example, Bird et al., (2022) used Conditional GAN
to produce synthetic lemon images for fruit quality image classification. When using synthetic
fruit images in VGG-16 models, the classification performance is higher than that without data
augmentation. However, most of the previous studies applied GANs to generate synthetic RGB
or monochromatic fruit images. Currently, the potential of GANs in fruit hyperspectral image
generation remains largely unexplored. Compared with RGB image, hyperspectral imaging can
provide detailed spectral information for accurate substance identification, classification, and

non-destructive internal quality assessment (Sun, 2010).

This study aims to develop a deep learning pipeline using hyperspectral imaging system

to classify grape maturity in a non-destructive way. The specific objectives of this research are:

*  To explore different CNNs models for grape maturity classification.
. To implement of a GAN for the generation of synthetic ripe and unripe grape
hyperspectral reflectance data.

. To augment the original dataset with synthetic datasets to improve CNNs performance.
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6.2 Methodology

6.2.1 Data Collection

The samples used in this study were collected from Palliser Estate Winery located in
Martinborough. The winegrape variety used in this study was ‘Pinot Noir’, and compared to
other varieties, the maturity status during the harvest stage greatly affects the value of
subsequent wines. The ‘Pinot Noir’ were planted in an organic vineyard named Hua Nui. The
vines were planted in 1998, with vine spacing of 1.7m and row spacing of 2.2m. A total of 231
samples were collected from a 2.6 ha block in Hua Nui vineyard (Figure 6.1). A total of 77
samples were collected, weekly from March 01 to March 14, 2024, during the harvest stage. To
acquire representative samples, the sampling locations were collected from a predetermined
nested grid. Each grid had locations taken at intervals of 4m, 8m, 16m and 32m. During each
measurement, a healthy vine closest to the sampling location was selected for sampling. In
each sampling vine, three bunches were selected for grape berry collection. The selected
bunches were divided into three positions: top, middle, and bottom. From each position, one
berry was handpicked resulting in a total of nine berries per sampling vine. It is worth noting
that nine grape berries per vine met the minimum criteria for measuring TSS. The nine grape
berries were bundled in plastic bags with labels and immediate processing spectrum

measurements were taken.

175°28'30"E 175°28'40"E

41°12'50"S
41°12'50"S

41°13'S

175°28'30"E 175°28'40"E

Figure 6.1: Sampling location in Hua Nui vineyard (red points represent each sampling point)
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6.2.2 Hyperspectral Image Acquisition

The reflectance data of nine grapes were acquired from a push-broom VNIR hyperspectral
imaging system with a wavelength from 406.8 to 995.8 nm. The VNIR hyperspectral imaging
system is composed of the following constituents: two 150 W illumination bulbs, a spectra
camera (HySpex VNIR-1800, Norsk Elektro Optikk, Norway), laboratory rack, white reference
tile (SphereOptics GmbH, Germany), and a computer. The hyperspectral imaging system was
turned on for 30 min before the image acquisition to increase the spectral data quality. The
height between the camera and samples was 20.4 cm. HySpex Ground v4 12.7 software was
used to process image acquisition within a dark room at room temperature. The frame period
was 11200 us, integration time was 11085 us, and the moving speed of the conveyor belt is 5
cm/s. After acquiring hyperspectral images, the software HySpex Rad v3.4 was used to obtain
the reflectance data of the image. Subsequently, the region of interest (ROI) tool was used in
the Environment for Visualizing Images (ENVI) V 5.6 software (Research Systems Inc., Boulder,

Co, USA) to manually separate the grape berries from the background.

6.2.3 Determination of Total Soluble Solids

After hyperspectral image acquisition, the samples were stored in the fridge at 4°C until
their analysis for grape total soluble solids. Before each measurement, the samples were
stabilized to the room temperature at around 25°C. During each measurement, nine grape
berries were squeezed together into juice Then, 0.2 ml of the juice was applied onto a portable
digital refractometer (PAL-BX/ACID F5 Digital Refractometer, ATAGO CO., LTD, Tokyo, Japan).
The TSS value (°Brix) was a direct reading from the refractometer with a measuring range
between 0 and 60% (0.1% resolution). For each sample, the TSS value was measured twice.
The average of these two measurements was used to represent the TSS value of the nine

grapes.

6.2.4 Synthetic Image Generation via GAN Model

In order to improve the classification model performance, conditional Wasserstein GAN
(WGAN) with the gradient penalty was used as the hyperspectral imaging data augmentation
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technique to increase the size of the dataset. Traditional GAN consists of a generator and
discriminator model which are trained in opposition to each other (Goodfellow et al., 2014). The
work of the generator is to take random noise data as inputs and produce fake data. The work
of discriminator is to receive the fake image from the generator and real data and distinguish
whether the data are synthetic or real. The generator and discriminator train simultaneously
and try to outdo each other. The discriminator makes sure that the data generated by the
generator are as close to the real images as possible. The generator aims to produce data that
the discriminator cannot distinguish from real data, while the discriminator aims to improve its
accuracy in distinguishing real from synthetic data. This adversarial process ensures that the

data generated by the generator become increasingly similar to the real images.

Compared with traditional GAN, WGAN use Wasserstein distance metric as its loss
function. In WGAN, the discriminator is replaced by ‘critic’ science, it evaluates the quality of
generated data by assigning them a score rather than classifying them as real or fake (Gulrajani
et al., 2017). Conditional WGAN extends WGAN by incorporating additional information (e.g.,
class labels) into the network. Both the generator and critic are conditioned on this additional
information, allowing the generator to produce class-specific data. This study introduces an
additional classifier model in the network (Figure 6.2). The classifier ensures that the generated
data not only appears realistic but also adheres to the given conditional labels (Audebert et al.,
2018). This setup helps in aligning the generated data distribution more closely with the
conditional labels provided. The objective function for the generator and critic, including the

classifier, is:
mMin MaX (Ex-pgqeq [D 06 O] = Eyep, - [D(G (2,0), )] + AEgp, [(IVeD (2, Ol = 1D?])

where x is real data, P,,., is the data distribution, D(x, ¢) is the critic’s score for the real
data x conditioned on c. z is noise sample, P, is the noise distribution, c is conditional label, P,
is label distribution, G(z,¢) is fake data from the generator using noise z and condition c.
D(G(z,c¢),c) is critic’'s score for the fake data G(z, ¢) conditioned on c. 1 is coefficient for the

gradient penalty term, X are samples interpolated between real data x and fake data G(z, ¢), P,
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is the distribution of these interpolated samples, D(%, ¢) is critic’s score for interpolated samples

X conditioned on c.

The conditional WGAN with the gradient penalty generator model consists of several dense
layers followed by Leaky rectified linear unit (ReLU) activation functions and a final Sigmoid
activation function. The model begins with an input layer that takes in the noise sample and
condition vectors. This is followed by a sequence of three dense layers, each followed by a
Leaky RelLU activation layer. The final dense layer is followed by a Sigmoid activation layer to
produce smooth outputs in the range [0,1]. The critic and classifier model in the conditional
WGAN with the gradient penalty have similar architecture, including an input layer, three dense
layers followed by Leaky ReLU activation functions. The final dense layer in critic model outputs
a single value, which indicates the authenticity of the input data. The final dense layer in the
classifier model outputs a vector with a size equal to the number of classes, which represents
the classification scores for each class. The model applies a weight initialization function to all
layers, following the He et al., (2016) policy, which initializes weights using the Kaiming normal

distribution.
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Figure 6.2: The proposed conditional WGAN with the gradient penalty. Red lines represent the training
of discriminator; blue lines represent the training of the generator; red and blue dashed lines represent

the training of classifier
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6.2.5 Grape Maturity Classification with Different CNNs Models

As this study aimed to assess the effectiveness of GAN-based data augmentation methods
in enhancing grape maturity classification performance, two widely used hyperspectral imaging
classification CNN models: contextual deep three-dimensional CNN (3D-CNN) and spatial
residual network (SSRN) were used. 3D-CNN is an end-to-end fully convolutional network
proposed by Lee and Kwon, (2017). The 3D-CNN uses a multi-scale convolutional filter bank.
This multi-scale approach captures features at various spatial resolutions to analysis both
spectral and spatial information in the hyperspectral data. Additionally, 3D-CNN incorporates
residual learning modules to help the network learn deeper representations without
encountering the vanishing gradient problem. The SSRN uses 3-D convolutional layers to
process the hyperspectral data cubes, incorporating both spectral and spatial information
effectively (Zhong et al., 2017). SSRN incorporates spectral and spatial residual blocks to
improve training efficiency and performance. Spectral residual blocks use 1 x 1 x m
convolutions, focusing on spectral features, while spatial residual blocks use convolutions that
maintain spatial dimensions to extract spatial features. To regularize the training process and
reduce overfitting, batch normalization and dropout techniques are applied within the network

(Zhong et al., 2017). Appendix 3 shows hyperparameter settings for different CNN models.

6.2.6 Experiment Setup and Evaluation Metrics

The samples were divided into two groups (unripe and ripe) separated by threshold limiting
values: 21 °Brix for TSS. In this study, two sets of experiments have been performed. First of
all, the conditional WGAN with the gradient penalty has been trained for 10,000 epochs to
generate synthetic hyperspectral grape reflectance data of two categories (unripe and ripe).
After successful completion of the training of conditional WGAN with the gradient penalty, 3500

synthetic hyperspectral data of grape berries were generated for each category.

In the second step, the classification model (3D-CNN and SSRN) has been trained on the
training set and synthetic dataset. In order to compare the performance of each classifier before

and after data augmentation, the original training set was defined as a reference baseline.
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Subsequently synthetic data is added to the original set. The samples were randomly split into

training and testing sets using a 30/70 ratio. The split step was repeated three times with

different random seeds in order to improve the stability of the model. The testing set was used

to evaluate the performance based on the accuracy (Acc), recall, classification error Rate (Ce)

and Precision which were calculated from the confusion matrices of each model. The

calculation of Acc, recall, and Ce was defined bellow:

TP+TN

Acc= ————
TP+FN+FP+TN

TP
TP+FN

Recall =

FP+FN
TP+FN+FP+TN

Ce =

TP
TP+FP

Precision =

Equation 6-1

Equation 6-2

Equation 6-3

Equation 6-4

where TP, FN, FP, and TN are the true positive, false negative, false positive, true negative.

The model in this work were implemented with PyTorch (version 1.8) and CUDA 11.1 and

trained on an RTX 2080Ti GPU (4352 CUDA cores).

6.3Result

6.3.1 Basic Statistical Analysis of Measured TSS

The basic statistical description (i.e., sampling date, mean, maximum, minimum, stand

deviation, coefficient of variation and variance) of the TSS value is shown in Table 6.1. The TSS

value of grapes increases closer to the harvest date.

Table 6.1: Descriptive statistics for TSS value of Pinot Nor during different sampling date (where

SD = stand deviation, CV = coefficient of variation)

Date Mean Maximum

Minimum

SD

Cv

01 March 19.48 21.3 18

0.71

4%

0.5
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06 March 20.67 23.1
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0.83 4% 0.67

14 March 22.06 23.9

20

0.76 3% 0.57

6.3.2 Performance of Synthetic Hyperspectral Reflectance Data

After training from the conditional WGAN with the gradient penalty, this study generates

3500 hyperspectral reflectance data for each category (unripe and ripe). To evaluate the quality

of synthetic data, Figure 6.3 shows comparison results of real spectrum and synthetic data

spectrum for different maturity classes. Figure 6.3 shows that when the epoch = 500, the

synthetic data spectrum was random noise. When epoch = 1,000, the synthetic data spectrum

produces a spectral curve with large noise values. As the number of epochs grows to 5,000

epoch, the synthetic data spectrum was gradually smoothed, while the synthetic data spectrum

cannot show the characteristics of the different maturity classes. Finally, it could be seen that

after epoch = 8,000 the synthetic data spectrum of different maturity classes show difference

in the Red Edge region, consistent with the real spectrum.
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Figure 6.3: Spectrum generated by the conditional WGAN with the gradient penalty
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6.3.3 Performance of Classification Model

This study evaluated the performance of proposed model for binary classification (unripe
and ripe) task. Table 6.2 - 6.5 represent the classification performance of the proposed method
on the original dataset and augmented dataset (original + synthetic data datasets) with different
random seeds. The classification performance on the original dataset was set as the reference
in order to compare the impact of GAN data augmentation techniques on model performance.
In this study, two common hyperspectral imaging classification deep learning models (SSRN
and 3D-CNN) were used to assess the GAN data augmentation techniques. Table 6.2 shows
the SSRN model with synthetic hyperspectral reflectance data has the best classification
performance with average accuracy of 92% on the test set. When using the SSRN model with
the original dataset, the SSRN model achieved a classification accuracy of 87%, 89% and 90%
for three random seed settings (Table 6.2). Additionally, the performance of using 3D-CNN with
synthetic hyperspectral reflectance data outperformed predictions using the original dataset on
the test set, with classification accuracy of 91%, 92% and 92% (Table 6.4). The performance of
SSRN and 3D-CNN also was evaluated on the total dataset (Table 6.3, 6.5). The result show
that both SSRN and 3D-CNN have better classification performance after adding synthetic

hyperspectral reflectance data than using the original dataset only.

Table 6.2: Classification performance of SSRN on test set

Original Original + Synthetic

Acc Recall Ce Precision | Acc Recall Ce Precision
Seed 1 0.87 0.81 0.13 0.96 0.92 0.99 0.08 0.88
Seed 2 0.89 0.85 0.11 0.94 0.92 0.98 0.08 0.88
Seed 3 0.9 0.93 0.1 0.89 0.92 0.99 0.08 0.87
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Table 6.3: Classification performance of SSRN on total set

Original Original + Synthetic
Acc Recall Ce Precision | Acc Recall Ce Precision
Seed 1 0.88 0.83 0.12 0.96 0.93 | 0.99 0.07 0.88
Seed 2 0.89 0.87 0.11 0.94 0.93 | 0.99 0.07 0.89
Seed 3 0.91 0.94 0.09 0.9 0.92 | 0.99 0.07 0.87
Table 6.4: Classification performance of 3D-CNN on test set
Original Original + Synthetic
Acc Recall Ce Precision | Acc Recall Ce Precision
Seed 1 0.84 0.79 0.16 0.92 0.91 0.93 0.09 0.9
Seed 2 0.81 0.75 0.19 0.9 0.92 0.99 0.08 0.88
Seed 3 0.84 0.82 0.16 0.9 0.92 0.99 0.08 0.88
Table 6.5: Classification performance of 3D-CNN on total set
Original Original + Synthetic
Acc Recall Ce Precision | Acc Recall Ce Precision
Seed 1 0.86 0.82 0.14 0.93 091 |0.92 0.09 0.9
Seed 2 0.8 0.75 0.2 0.89 0.92 | 0.99 0.08 0.87
Seed 3 0.85 0.82 0.15 0.9 0.92 | 0.99 0.08 0.87
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6.4 Discussion

Non-destructive assessing of grape maturity during the post-harvest stage is important to
wineries to classify the grapes and produce wines of different quality. This study aims to use
hyperspectral imaging system (400-1000 nm) and deep learning techniques to classify grape
maturity in a non-destructive and rapid way. The TSS classification accuracy was moderate
when SSRN was employed, where 3D-CNN had the best classification accuracy of 90% (Table
6.2 — 6.5). Most previous studies restricted their experiments to regression tasks to predict the
value of grape TSS (Silva and Melo-Pinto, 2023; Tsakiridis et al., 2023). However, wineries are
more concerned about the maturity grade of the grape than the specific TSS value. The
classification task is more suitable for non-destructive assessing of grape maturity than the
regression task. The classification result of this study support the finding of Ramos et al., (2021),
who used VGG-19 To classify the maturity status of Syrah and Cabernet Sauvignon. The ability
of using CNNs models to process big data is no longer the bottleneck, instead these methods

require large datasets than are usually available or easily obtained.

In real practical conditions, building CNNs models need thousands of images or data to
train the model to prevent the model from overfitting. However, collecting thousands of images
and data for non-destructive grape maturity needs large resources to ground truth data
collection and labelling which is time consuming (Lu and Young, 2020). To mitigate the scarcity
of datasets, this study proposed a data augmentation method based on deep learning
architecture. Conditional WGAN with the gradient penalty was used to produce synthetic
hyperspectral reflectance data. Compared with traditional GANs architecture, this study
introduces an additional classifier model in the network. The classifier improves the quality and
diversity of the generated samples by conditioning them on specific class labels. To balance
the trade-off between data quality and computational efficiency, the conditional WGAN with the
gradient penalty has been trained for 10,000 epochs (Figure 6.3). The result show that the

synthetic hyperspectral reflectance data generated by the conditional WGAN with the gradient

140



penalty are closely similar to real data spectrum for each maturity class. Most previous studies
applied GANs to generate RGB images in the agricultural and food production field (Abbas et
al., 2021; Bird et al., 2022; Lu et al., 2022). This study demonstrates the potential of using GANs
to generate hyperspectral reflectance data. This has helped by generating a large and diverse

hyperspectral reflectance dataset.

The results using SSRN and 3D-CNN with synthetic hyperspectral reflectance data can be
observed from Table 6.2 to Table 6.5. Synthetic hyperspecitral reflectance data plus the original
dataset scored higher classification accuracy than training only on the original dataset, showing
that augmentation has had a positive effect on the classification model performance. This is
similar to the work of Abbas et al., (2021) who used conditional GAN to generate tomato plant
disease images. They showed the deep learning models have higher classification accuracy
after adding synthetic image data during the training process. Future work should continue to
explore using GANs to generate different maturity classes of grapes under different spectral
regions. The industrial use of cameras only focuses on a specific spectrum region, exploring
the ability of using GANs in specific regions that can be better applied to industrial data
generation. Additionally, the nature of datasets acquired from hyperspectral imaging systems
include the background and grape berries. Hence, image segmentation is required to separate
the berry from the background manually. If an end-to-end deep learning segmentation network
is trained and used before our proposed approach, this will save labor costs and enable rapidly

non-destructive assessing of grape maturity.

6.5Conclusion

Deep learning models have shown promising results in fruit quality or maturity detection
during the post-harvest stage. However, training a deep learning model needs extensive and
diverse datasets to avoid overfitting. In addition, labelling the grape maturity status also needs
destructive analysis, usually from a limited dataset. This study proposes conditional WGAN with
the gradient penalty to generate synthetic hyperspectral reflectance data in order to provide an

extensive and diverse grape maturity dataset. The performance of proposed data augmentation
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techniques was evaluated on two CNNs (SSRN and 3D-CNN). Synthetic hyperspectral
reflectance data plus original dataset scored higher classification accuracy than training only
on the original dataset, showing that augmentation has had a positive effect on the classification
model performance. The SSRN model with synthetic hyperspectral reflectance data has shown
the best classification performance with average accuracy of 92%. This study demonstrates the
potential of using GANs to generate hyperspectral reflectance data and improve the deep
learning model classification accuracy. In the future, GANs are expected to be applied on more

grape varieties and specific spectrum regions.
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7 Overall Summary

In New Zealand, winegrape growers have traditionally used destructive techniques to
assess grape quality parameters and determine the optimal harvest time. To establish the
harvest date, grapes are sampled weekly from veraison onward to see how the levels of
different grape quality parameters procede through the season. Typically, a small sample
(around 200 berries per block and per variety) is used for this purpose. However, significant
spatial variation in grape quality exists within a block and even within individual clusters.
Traditional harvesting techniques can lead to uneven grape quality, adversely affecting the
value of the resulting wines. The main aim of this thesis was to develop a suitable non-
destructive technique to predict 'Pinot Noir' quality parameters at different stages of vine growth.
So, as to assist winegrape growers in making more optimal harvesting decisions and achieving

selective harvesting, thereby increasing profitability in the wine industry.

‘Pinot Noir’ winegrapes were sourced commercially from different vineyards in
Martinborough, different harvesting seasons, and various berry growth stages. Three non-
destructive techniques were evaluated: remote sensing imagery (Chapter 3), VNIR-SWIR
spectroradiometer (Chapter 4), and hyperspectral imaging system (Chapter 5 and 6), in order

to estimate grape quality parameters during pre - or post - harvest stages.

7.1Integrating Data from Multiple Source and Machine Learning for

Predicting Grape Quality in Vineyards

The goal of using remote sensing imagery and ancillary data to predict grape TSS is to
provide accurate and large-scale estimates of grape maturity and quality. Predicting the quality
of grapes during the pre-harvest stage can assist growers make harvesting schedule in
advance and achieve a selective harvest. Chapter 3 evaluates the effectiveness of different
vegetation indices (VIs) obtained from UAV multispectral imagery, alongside other ancillary
variables, in predicting grape TSS using machine learning models. The Pearson's correlation

coefficient between 23 VIs and grape TSS was calculated. The result showed a strong
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correlation (r=0.64) between the OSAVI and grape TSS. Thus, the OSAVI was selected as the
primary input variable with other ancillary data including: NDVI_proximal, soil ECa, elevation,
slope from LiDAR data, trunk circumference and day of year to build regression models for
estimating grape TSS. Additionally, NGBDI was selected as the primary input because it is
available from cheaper RGB cameras and shows a strong correlation with grape TSS. Seven
machine learning models were tested, ridge regression, lasso regression, k-Nearest Neighbor
(KNN), support vector regression (SVR), random forest regression (RFR), extreme gradient
boosting (XGBoost), and artificial neural networks (ANN). RFR was the best model for both
indices, achieving slightly better performance with NGBDI (R?=0.54, RMSE=1.16 °Brix)

compared to OSAVI (R>=0.51, RMSE=1.19 °Brix).

The findings of Chapter 3 highlight the potential of using remote sensing imagery combined
with ancillary data for precision viticulture. The strong correlation between VIs and grape TSS
suggests that UAV-based multispectral imaging can effectively monitor and predict grape
quality across large vineyard areas. Additionally, machine learning models show the ability to
incorporate data from multiple sources (e.g., UAV imagery, soil ECa, LiDAR data) enhances
their predictive performance, offering a robust tool for vineyard management. Although the
prediction performance in Chapter 3 is less than satisfactory, these can be linked to the limited
sample berries that were used to represent the vine TSS status. The study's sampling method,
which used only three berries per vine, may not accurately represent the TSS variability across
the entire vine. Grape TSS is influenced by various environmental conditions during the growing
season, including radiation and temperature. These factors can cause fluctuations in grape
quality that are not fully captured by the VIs and ancillary variables used in the models. Further

research should explore the inclusion of more dynamic environmental variables.

7.2Integrating Spectral Data from VNIR-SWIR Spectroscopy and

Machine Learning for Predicting Grape Quality in Vineyards

The research in relation to describing grape quality through VNIR-SWIR spectroscopy has
been constrained to a specific location and under stable laboratory conditions. Thus, the
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practical ability of VNIR-SWIR spectroscopy in field conditions was not known. In order to
explore the potential of using VNIR-SWIR spectroscopy to predict grape quality under
uncontrolled field conditions, an experiment was conducted (Chapter 4). Reflectance data of
each grape berry in the spectral range from 350 to 2500 nm was acquired through a portable
spectroradiometer (ASD FieldSpec 4 Hi-Res NG Spectroradiometer). The spectroradiometer
provides a sampling interval of 1.4 nm from 350 to 1000 nm, and 1.1 nm from 1001 to 2500 nm.
These intervals were then interpolated to 1 nm, resulting in 2151 values for every spectral
measurement. The spectroradiometer was equipped with a contact probe for controlled
illumination. After recording the berry reflectance data, the raw reflectance was processed by

various transformations including spectral pre-processing and dimensionality reduction.

The relationship between spectral data and grape TSS were established through four
machine learning models (KNN, RFR, SVR, and ES). ES model uses diverse learners to
improve accuracy. By leveraging their differences, it provides complementary information and
reduces the risk of incorrect results. The result on the independent test set showed that, the ES
model based on first derivative spectra data, in the VNIR-SWIR region provided the highest
prediction accuracy for grape TSS value, with a R2 of 0.803, RMSE of 1.213 °Brix. This result
has advanced the understanding, that the majority of grape TSS can be predicted by VNIR-
SWIR spectroscopy within, uncontrolled field environmental conditions. Additionally, Chapter 4
examines the effect of different spectral regions (VNIR, SWIR, VNIR-SWIR) on predicting grape
TSS. The result suggests that using VNIR equipment is sufficient for winegrape growers, as
VNIR-SWIR did not significantly improve model performance but did require more expensive
equipment costs. The results confirm the suitability of using VNIR-SWIR spectroscopy to predict
‘Pinot Noir’ TSS values under field conditions. This non-destructive and rapid method can help

winegrape growers to better determine harvest strategies.
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7.3Integrating Spectral Data from Hyperspectral Imaging System

and Machine Learning for Predicting Grape Quality

Although the results of Chapter 4 were satisfactory, VNIR-SWIR spectroscopy only can
provide spectra information of grapes and cannot provide information on spatial resolution of
traits in grape berries. Previous studies have been devoted to exploring using HSI in 400 —
1000 nm to predict grape quality parameters. However, studies related to using HSI in 1000 —
2500 nm to sort the grape quality have been rare. In order to fill this gap, a Specim SWIR HSI
system was tested, by collecting reflectance data from grape berries (Chapter 5). A series of
regression and classification models were applied to the reflectance data, in order to determine
grape TSS and TA. Spectral pre-processing techniques were employed to enhance the quality

of the spectral data including MSC+SG and NDSI.

The SVR model with MSC+SG preprocessing exhibited the best performance for predicting
TSS, achieving an RMSE of 0.523 °Brix and an R? of 0.622. For TA prediction, the SVR model
combined with NDSI preprocessing showed an RMSE of 0.19% and an R? of 0.525. The reason
for the low accuracy of predicting grape TSS and TA appears to be due to the spectral range
used in this study is in 1000 — 2500 nm. The wavelength which had the highest importance in
the best performance model prediction were highlighted by using a permutation feature
importance (PFI) method. PFI values were large at approximately 1100 nm in the TSS and TA
prediction model. This wavelength could be used to build a specific multispectral sensor for
predicting grape TSS and TA. The classification models demonstrated strong performance in
distinguishing grape quality. The SVM model with MSC+SG preprocessing showed the best
classification performance to classify grape TSS, with accuracy of 93.8%. The RF model with
MSC+SG preprocessing showed the best classification performance to classify grape TA, with
accuracy of 84.4%. The high classification accuracy of classifying grape TSS indicates the
efficacy of using HSI and machine learning to build a gape TSS sorting system in order to help

wine industry to achieve graded wine production.
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7.4Integrating Generative Adversarial Network for Generating

Synthetic Hyperspectral Reflectance Data

In order to extend the potential of using HSI to determine the grape quality, it was further
evaluated by another HSI within the VNIR spectrum region (Chapter 6). In this study deep
learning networks was used to classify the grape TSS value. Compared with machine learning
algorithms, deep learning networks provide a multi-layer approach, to capture complex patterns
and hierarchical structures in high-dimensional data. However, the performance of deep
learning methods depends on the volume and the quality of labeled data for training. Building
non-destructive grape quality testing datasets requires damaging grapes for chemical analysis
to produce labels, which is time consuming and resource intensive. To solve this problem,
Chapter 6 proposed a conditional Wasserstain Generative Adversarial Network (WGAN) with
the gradient penalty data augmentation technique to generate synthetic hyperspectral
reflectance data of each category. The results show that both SSRN and 3D-CNN show better
classification performance after adding synthetic hyperspectral reflectance data than using only
an original dataset. Therefore, the methods used in Chapter 6 could be used to generate
synthetic hyperspectral reflectance data of grapes and to extrapolate to more grape varieties
and different spectrum regions. However, the labeled data features must be representative of

the total data set features being generated.

7.5Conclusion

The dissertation achieved several significant results, primarily focusing on the
development and validation of non-destructive techniques to predict 'Pinot Noir' grape quality

parameters. The main findings include:

. UAV based multispectral imagery combined with ancillary data showed a moderate
prediction performance to predict grape TSS. A strong correlation between certain

vegetation indices, particularly OSAVI and NGBDI, and grape TSS was found. Random

147



forest regression (RFR) emerged as the best predictive model when predicting TSS,

achieving R?=0.54 with NGBDI and R?=0.51 with OSAVI.

. The use of VNIR-SWIR spectroscopy under field conditions was assessed. Enhanced
prediction accuracy of grape TSS using stack ensemble learning model with first
derivative spectra data, achieving R?=0.803 and RMSE=1.213 °Brix. The spectroscopy
under VNIR spectrum is sufficient for accurate prediction, suggesting cost-effectiveness

over VNIR-SWIR.

. Investigated HSI in the 1000—2500 nm range to predict grape TSS and TA value.
Achieved high classification accuracy for TSS (93.8%) and TA (84.4%) using support
vector machine (SVM) and random forest (RF) models. Highlighted wavelengths

(around 1100 nm) critical for grape quality prediction.

. Investigated HSI in the 400-1000 nm range to classify grape TSS value. Proposed a
conditional Wasserstein GAN (WGAN) with gradient penalty for generating synthetic
hyperspectral reflectance data in the VNIR spectrum region. Demonstrated improved
classification performance of deep learning models (SSRN and 3D-CNN) with synthetic

data, paving the way for broader application and dataset augmentation.

The findings of this dissertation provide vineyard managers with advanced tools and

insights to optimize their decision-making processes:

. Non-destructive techniques allow for more accurate and real-time assessment of grape

quality, aiding in the optimal timing of harvest to enhance wine quality.

. The ability to predict grape quality spatially across a vineyard enables selective

harvesting, ensuring uniformity and high quality in the final wine product.

. Utilizing VNIR spectroscopy offers a cost-effective alternative to more expensive VNIR-

SWIR systems without compromising prediction accuracy.

. Implementation of UAV-based remote sensing can cover large vineyard areas efficiently,
reducing labor and operational costs.
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. Integrating various data sources (e.g., multispectral imagery, soil ECa, LiDAR data) into

machine learning models provides a robust decision-support tool.

. Enhanced prediction models and synthetic data generation techniques can lead to

better resource allocation and strategic planning

7.6 Future Research
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Even though the prediction results of grape TSS using machine learning and deep
learning models were satisfactory. The recently developed computational models
(Transformer and Diffusion model) need to be explored as they may improve the

prediction accuracy.

UAV based multispectral imagery only provides moderate prediction results for
estimating grape TSS, the study methods need to be improved by collecting more
grape berries from the sample vine in order to better represent the quality status of

the selected vine.

Satellite based multispectral imagery need to be used in further study Satellite
imagery is easier to get than UAV data. However, the spatial resolution of current
open-source satellite data is mostly above 10m, which cannot meet the prediction of
a single vine’s yield and quality status. Future studies should improve satellite spatial
resolution in conjunction with current super-resolution algorithms and explore its

ability to predict vine quality and yield.

Chapter 4 and Chapter 6 showed a satisfactory prediction and classification result
when using VNIR-SWIR spectroscopy and HSI to determine grape TSS. However,
this study only uses ‘Pinot Noir’ as the sample variety. Future studies should extend
the application of developed techniques and algorithms to other grape varieties and

regions to validate their generalizability and adaptability.



* Based on key wavelengths identified in Chapter 5, future studies should develop
specific multispectral sensors tailored for grape quality prediction, enhancing practical

deployment.
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9 Appendix

9.1 Appendix 1

Table A1: Hyperparameters setting of different machine learning models

Model

Hyperparameter

Lasso regression

alpha =1
shrinkage factor = 0:0.5
nlambda = 1:100

lambda.min.ratio = 0:0.05

Ridge regression

alpha=0
shrinkage factor = 0:0.5
nlambda = 1:100

lambda.min.ratio = 0:0.05

KNN

k=23:30

distance = “L1”, “L2”, “generalized
distance metric”

kernel = "rectangular”,

"gaussian","rank", "optimal"

SVR

cost = 2-2:21
gamma = 0.01:0.04
epsilon =0.01:0.5

RFR

num.trees = 250, 500, 750, 1000
min.node.size = 1:10

mtry = 1:10

XGBoost

eta=0.01:0.2

subsample = 0.5:0.8
colsample_bylevel = 0.5 ;0.7
nrounds = 50:300
max_depth = 2:8

lambda = 0:0.5

alpha = 0:0.005

ANN

nnet.size = 5:30
nnet. decay = 0.1:0.5
nnet. MaxNWts = 2000:3000
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9.2 Appendix 2

Table A2: Hyperparameters setting of different machine learning models

Cost Parameter

Gamma Parameter

Regression Hyperparameter Range
model
KNN Number of PCs 1-20
Number of Nearest log3-log30
Neighbors "rectangular", "gaussian", "rank",
Kernel Type "optimal”
Distance Metric 1-3
RF Number of PCs 1-20
Number of Features per 2-20
Split 1-4
Number of Trees 1-10
Minimum Node Size
SVR Number of PCs 1-20
Cost Parameter 227
Gamma Parameter 0-0.005
ES Number of PCs 1-20
Number of Nearest log3-log30
Neighbors "gaussian”, "optimal"
Kernel Type 1-3
Distance Metric 2-20
Number of Features per 1-4
Split 1-10
Number of Trees 225
Minimum Node Size 0-0.003
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9.3 Appendix 3

Table A3: Hyperparameter setting of 3SDCNN

Hyperparameter Value
Convolutional layer 1 Input channels 1
Output channels 32
Kernel size 4,4,32
Padding 3,3,0
Convolutional layer 2 Input channels 32
Output channels 32
Kernel size 5,5,32
Convolutional layer 3 Input channels 32
Output channels 32
Kernel size 4,432
Padding 2,2,0
Max pooling Kernel size 22,0
Dropout 0.5
Learning rate 0.00001
Epoch 100
Batch size 512
Loss function CrossEntropyLoss
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Optimizer Adam
Table A4: Hyperparameter setting of SSRN
Hyperparameter Value
Convolutional layer 1 Input channels 1
Output channels 24
Kernel size 1,1,7
Stride 11,2
BatchNorm3D+RelLU eps 0.001
momentum 0.1
Residual block 1 Input channels 24
Output channels 24
Kernel size 1,1,7
Padding 0,0,3
Residual block 2 Input channels 24
Output channels 24
Kernel size 1,1,7
Padding 0,0,3
Convolutional layer 2 Input channels 24
Output channels 128
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Kernel size 1,1,90
Stride 1,1,1
BatchNorm3D+RelLU eps 0.001
momentum 0.1
Convolutional layer 3 Input channels 1
Output channels 24
Kernel size 3,3,128
Stride 1,1,1
BatchNorm3D+RelLU eps 0.001
momentum 0.1
Residual block 3 Input channels 24
Output channels 24
Kernel size 3,3,1
Padding 1,1,0
Residual block 4 Input channels 24
Output channels 24
Kernel size 3,3,1
Padding 1,1,0
Average pooling Kernel size 5,5,1
Learning rate 0.00001
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Epoch 100

Batch size 512

Loss function CrossEntropyLoss
Optimizer Adam
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