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Abstract

This thesis aims to explore the use of Visible and Near-Infrared Diffuse
Reflectance Spectroscopy (VisNIR-DRS) in monitoring the ripening of two kiwifruit
species, a yellow- (Actinidia chinensis Planch 'Jintao’) and a green-fleshed (Actinidia

deliciosa Liang et Ferguson 'Hayward).

The technique used in this study relies on correlating spectra with fruit internal
quality attributes (IQA). However, low correlations in VisNIR-DRS causes problems in
generalizing calibration models to new data. Therefore, the study was designed to
test VisNIR-DRS in difficult real field conditions. Two orchards were monitored for
each cultivar over two years, enabling internal (IV) and external validation (EV) on

four independent datasets.

The first part of the study focused on characterizing the time evolution of IQA

during ripening.

The second part involved developing calibration models for each 1QA, based
on the data from the first year. The results showed that it is possible to obtain high-

quality predictions for the IQA's daily averages from medium-quality models.

The third part involved the two years' data. Variable selection and orthogonal
signal correction were employed to improve the performance of the models, although
only the IV performance improved, indicating that these widely recommended
techniques are of little value in the context of stringent EV. Usual calibration transfer
between the spectrometers used in each year was impossible in the absence of
common samples. Therefore, a normalization approach based on daily average

spectra was used, resulting in improved model performance.

Lastly, the fourth part addressed the time variation of IQA in cold-stored

kiwifruit, along with sensory data and their correlation with the spectra.
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According to the results of this study, VisNIR-DRS is a promising and
important tool for kiwifruit industry since can be used to follow non-destructively the
kiwifruit ripening, either on-tree or during storage, in a higher number of fruit samples

and in less time.

Keywords: Spectroscopy; Orchard; Quality; PLS; SSC; ‘Jintao’
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Resumo

Esta tese debruca-se sobre a aplicacdo de Espetroscopia de Refletancia
Difusa no Visivel e Infravermelho Préximo (ERD-VIP) na monitorizacdo do
amadurecimento de dois cultivares de kiwi, um de polpa amarela (Actinidia chinensis
Planch ‘Jintao’) e outro de polpa verde' [Actinidia deliciosa (A. Chev.) C.F. Liang et
A.R. Ferguson ‘Hayward’]. O estudo realizado enquadra-se, muito genericamente,
no ambito de um esforco global de promover a ERD-VIP como uma ferramenta
pratica e fiavel para monitorizar a qualidade interna dos frutos. Com efeito, o controlo
de qualidade dos frutos faz-se, em geral, através de processos destrutivos e
demorados e que, pela propria limitacdo de desperdicio na amostragem, conduz a

caracterizagcOes estatisticamente incorretas.

Os métodos ndo invasivos, e a ERD-VIP em particular, permitem
amostragens rapidas e uma caracterizacao estatistica da populacdo mais rigorosa.
No entanto, a aplicagcdo da ERD-VIP apresenta, ainda, alguns problemas, que tém
impedido esta técnica de ser amplamente adaptada pelos produtores.

A ERD-VIP baseia-se na correlagdo entre os espetros de refletancia e os
Parametros de Qualidade Interna (PQI) a determinar, como por exemplo, o Teor de
Solidos Soluveis (TSS). Com base nesta relacdo e em técnicas de andlise
multivariada, como por exemplo o Partial Least Squares (PLS), constroem-se
modelos de calibracdo entre os espetros e 0s PQI. No entanto, na gama espetral do
visivel e infravermelho proximo, as bandas espetrais sdo muito largas e o efeito de
interferentes é muito elevado, de onde resulta que os modelos de calibracédo para os
PQI podem apresentar problemas de generalizacdo a novos dados. Isto quer dizer
gue os modelos de calibracdo construidos com os frutos de um dado pomar podem
realizar previsdes de baixa qualidade quando aplicados a um pomar diferente; ou
que os modelos construidos num dado ano, com certas caracteristicas edafo-
climaticas, podem falhar quando aplicados aos espetros do ano seguinte. A solugéo
principal para este problema é recolher dados de proveniéncias o mais abrangentes
possivel, incluindo varios pomares, anos e condicbes de producdo. No entanto, a

abrangéncia das condi¢cdes de calibracdo pode resultar numa perda de precisao
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relativamente a modelos mais localizados, no tempo e no espacgo. Por exemplo,
pode ser vantajoso desenvolver um modelo multi-anual para 0 mesmo pomar,
garantindo maior especificidade. A analise da relacdo entre os dados de partida de
um modelo e as suas caracteristicas algébricas (vetor de regressdo, loadings,
scores, etc.), a que poderiamos chamar de meta-modelacdo, € uma area de
investigacdo ainda com pouca expressao, mas que sera crucial para resolver os
problemas de generalizacdo dos modelos de calibracdo. O objetivo mais lato desta

tese € contribuir para este esforco de meta-modelacéo.

A vasta maioria dos trabalhos realizados em ERD-VIP aplicada a
determinacao dos PQI processa-se na pés-colheita, o que significa que os frutos tém
todos o mesmo estado de maturagdo e apresentam, por isso, bastante
homogeneidade. Os resultados destes trabalhos sdo importantes para mostrar que a
ERD-VIP pode ser utilizada, imediatamente antes da aquisicdo pelo consumidor,
para classificar ou categorizar os frutos em escalfes de qualidade. Existem muito
menos trabalhos a aplicar a ERD-VIP durante a pré-colheita, em particular com o
objetivo de poder prever a data 6tima de colheita. Contudo, esta aplicacao é tdo ou
mais importante que a anterior, pois permite monitorizar os pomares durante o
amadurecimento da fruta e contribuir para a sua gestdo adequada. A monitorizacao
na pré-colheita tem, no entanto, algumas caracteristicas que a tornam
potencialmente mais complicada do que a que é feita apenas na pdés-colheita. A
principal diferenca é que os frutos avaliados englobam um conjunto de estados de
maturacdo muito heterogéneo, o que levanta problemas adicionais a modelagéo
espetral. Com efeito, a estrutura e a constituicdo quimica dos frutos alteram-se
durante o processo de maturagdo, o que tem consequéncias ao nivel da propagacao
da luz e das relacbes espetrais entre os varios componentes. Assim, os estudos pré-
colheita tém de se adaptar a uma estrutura fisica e quimica dos frutos que é mais
dindmica do que a encontrada na pos-colheita, o que dificulta o estabelecimento de
padrbes entre caracteristicas espetrais e os PQI. Por outro lado, representa um
campo de estudo mais desafiante e util ao desenvolvimento da meta-modelagéo e
permite ter uma perspetiva abrangente sobre os processos fisiologicos e a sua

manifestacédo ao nivel espetral.
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Procurando um enquadramento nos problemas descritos acima, optou-se,
neste trabalho, por um desenho experimental que pudesse contribuir para as
esclarecer as questdes associadas a generalizacdo dos modelos, num contexto de
monitorizacdo pré-colheita. Com este intuito, foram escolhidos dois pomares para
cada cultivar (dois de kiwi polpa amarela e dois de kiwi de polpa verde) e as medidas
de campo foram realizadas durante dois anos. Desta forma foi possivel realizar
validacdo externa dos modelos, dado que, para cada cultivar, obtiveram-se quatro
conjuntos de dados independentes entre si: pomar 1/ano 1, pomar 2/ano 1, pomar
1/ano 2 e pomar 2/ano 2. Na validacdo externa usam-se trés destes conjuntos
independentes para fazer a calibragéo e o quarto para fazer a validacao. A validacéo
externa é, com efeito, um dos pilares essenciais para avaliar a capacidade de
generalizacdo dos modelos de calibracdo. No entanto, a maior parte dos estudos
apresentados na literatura apresenta apenas uma calibragdo interna, em que 0s
espetros de fontes diferentes (diferentes pomares, produtores ou anos) sdo
distribuidos igualmente pelos conjuntos de calibracdo e validacdo. Deste modo néo
ha verdadeira heterogeneidade entre calibracédo e validacao, eliminando, em grande
parte, o aparecimento de problemas relacionados com a generalizacdo dos modelos
a novos dados. Neste trabalho faz-se um paralelo entre os resultados obtidos em
validacdo interna e externa, mostrando como 0S primeiros sao sempre

excessivamente otimistas.

Na primeira parte do trabalho faz-se uma descricdo da evolugdo dos PQI ao
longo do processo de amadurecimento. Foram medidos dez PQI: os parametros de
colorimetria L*, a*, b*, Hue e chroma, mais os parametros fisico-quimicos de firmeza,
massa seca, TSS, pH e acidez titulavel. O conhecimento da fisiologia dos kiwis e a
interpretacdo da evolucédo dos PQI a luz dessa fisiologia sdo muito importantes para
gue se possa entender melhor as diferencas nos modelos de calibracdo obtidos em

condic@es diferentes.

Na segunda parte do trabalho faz-se um estudo inicial dos modelos de
calibragdo com apenas um ano de medidas. Para cada cultivar havia apenas, nessa
altura, dois conjuntos de dados independentes. A validacdo externa, que consiste
em modelar com um desses conjuntos e prever o outro, conduziu a resultados muito

pobres, pelo que se adotou uma abordagem hibrida, em que cada conjunto de
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dados era dividido em dois subconjuntos de arvores diferentes. Fez-se entdo o
estudo com quatro conjuntos independentes de arvores. A qualidade das previsdes
depende muito do PQI. Os melhores resultados sé@o obtidos para TSS, Hue e a*
(Standard Deviation Ratio - SDR > 2). A firmeza e a percentagem de massa seca
podem ser previstas de forma grosseira (SDR ~ 1.5), mas os restantes parametros
ndo podem ser previstos de forma minimamente aceitavel. Mostrou-se ainda que,
mesmo partindo de modelos de calibracdo medianos, é possivel obter previsdes de
grande qualidade da média diaria dos PQI (SDR > 6), o que €&, no fundo, o objeto de

interesse para 0s produtores.

Na terceira parte da tese faz-se um estudo detalhado da validacdo externa e
interna em dois anos. Além disso, houve um problema adicional, relacionado com a
perda do espetrometro no inicio do segundo ano. Isto tornou o processo de
validacdo ainda mais complicado, pois passou a incorporar uma componente de
transferéncia de calibracdo entre os dois instrumentos. Tratou-se, portanto, de um
problema de validacdo em dois pomares, dois anos e dois espetrometros, 0 que
corresponde ao caso real mais dificil de tratar. Perante este programa complexo,
optou-se por concentrar os esforcos na modelacdo do TSS, um dos PQI mais
importante, tanto na determinacdo da data 6tima de colheita, como na determinacéo
do estado 6timo para consumo. Comecou-se por comparar 0s resultados de
validacdo interna com os de validacdo externa. Os resultados mostraram que a
validacdo interna da conta de todas as fontes de variabilidade (incluindo formas
espetrais globalmente diferentes, fornecidas por cada um dos espetrémetros) e
consegue fazer boas previsbes (SDR = 2). Ja os resultados de validacdo externa
séo bastante fracos, com um valor global de SDR = 1.4 (considerando em conjunto
as previsdes feitas para cada pomar), mas com valores individuais (SDR calculado
apenas no conjunto de previsdes de cada pomar) de 1 nos piores casos, ou seja,
sem qualquer capacidade de previsdo. Procurou-se entdo melhorar a performance
do modelo utilizando duas técnicas muito usadas na literatura: a selecdo de
variaveis (SV) e correcéo de sinal ortogonal (Orthogonal Signal Correction - OSC). A
ideia subjacente a aplicacdo destas técnicas € a mesma: eliminar a influéncia de
componentes espectrais pouco informativas e que possam ser contraproducentes na

validacdo. Em ambos os casos se verificou que a validagao interna pode beneficiar
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da aplicacdo destes métodos, mas ndo a validagdo externa. Isto esta de acordo com
a ideia de que SV e OSC otimizam o0 espac¢o associado a trés dos conjuntos de
dados, mas que essa otimizacdo nao generaliza necessariamente ao quarto

conjunto de dados.

SV e OSC sao duas das técnicas mais amplamente recomendadas para
melhorar a robustez dos modelos. Neste trabalho mostra-se, portanto, que estas
técnicas valem de pouco no contexto de uma validacdo externa dificil. Tentou-se
uma transferéncia de calibragdo, mas na auséncia de amostras comuns, as técnicas
habituais n&o funcionam. Foi entdo tentada uma abordagem baseada na
normalizacdo aos espetros meédios diarios. Selecionou-se o conjunto com mais dias
de medicdo como "master" e os restantes como "slaves". Em cada dia de medicéao,
0s espetros "slave" sdo multiplicados pela razdo entre as médias “master” e “slave”
desse dia. Isto permitiu compensar, em grande parte, as variagcbes espetrais
induzidas pelos espetrometros e também variacdes de fundo espetral causadas por
texturas diferentes. Foi assim possivel aumentar bastante a performance do modelo
em validacao externa, passando o SDR de 1.4 para 1.8. Este valor permite realizar
previsbes médias diarias de TSS de elevada qualidade (SDR = 2.8). Demonstrou-se
gue mesmo numa conjuntura adversa de troca de espetrémetro, sem possibilidade
de haver amostras comuns, é possivel usar o modelo de calibracdo calculado num
dado conjunto de frutos para prever o SSC de um conjunto de frutos independente

(outro pomar e/ou ano).

Na quarta parte da tese estuda-se a etapa de poés-colheita e armazenamento
dos kiwis. Fez-se o estudo da variagéo dos PQI em funcéo do tempo e realizou-se a
analise dos dados sensoriais adquiridos a partir de painéis de provadores. A partir
destes dados foi possivel perceber quais sdo as caracteristicas organoléticas mais
valorizadas pelos consumidores. Por fim, procurou-se identificar algum tipo de
padrao espetral que pudesse ser usado para correlacionar/antecipar a resposta
sensorial, tendo se verificado uma boa correlacdo entre SSC e a refletancia dos

espectros dos kiwis nos comprimentos de onda entre 635 — 780 nm.

De acordo com os resultados deste estudo, VisNIR-DRS é uma ferramenta

promissora que pode ser usada para monitorizar o amadurecimento de kiwis na
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arvore, ou durante o armazenamento em pos-colheita. Isto € de grande importancia
para a indastria de kiwis, uma vez que permite que a monitorizacdo do
amadurecimento, seja feita de forma nao destrutiva e num maior nimero de frutos,

€m menos tempo.

Palavras-chave: Espectroscopia; Pomares; Qualidade; PLS; TSS; ‘Jintao’
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Chapter 1

General Introduction






1.1 Kiwifruit characterization

Consumers are very much aware of food quality and nutritional value along
with their impact on our health, especially since COVID-19 pandemic (Si et al., 2022).
Nowadays, fruit quality refers to both external and internal attributes (Tian et al.,
2020).

Kiwifruit (Actinidia spp.) is an important economic crop worldwide (Xiao & Li,
2022), because of its delicious taste, high nutritional value (Wang et al., 2022a), and

for being helpful to digestion and gut function (Gao et al., 2021).

Its content of vitamin C, one of the most well-known antioxidant compounds
(Kumarihami et al., 2022), higher than in other fruit, including orange, lemon, and
apple (Roberts & Gordon, 2003; Liang et al., 2021) (Table 1.1), vitamins A, E and K,
polyphenols (Iwasawa et al., 2011), potassium, magnesium and folic acid (Garcia et
al., 2012), are some of the reasons why kiwifruit is widely appreciated. Moreover, this
fruit has been associated to lowering blood lipid levels and alleviating skin disorders
(Sanz et al., 2021), exhibiting antioxidant and anti-inflammatory actions which might
help prevent cancer, diabetes, cardiovascular and degenerative diseases (Sanz et
al., 2021).



Table 1.1: Nutritional composition of kiwifruit and other fruit. The amounts are specified per 100 g of the fruit. Values presented for kiwifruit relate to
Actinidia deliciosa (Source: U.S. Department Agriculture, 2019).

Sugars Fiber Vitamin Vitamin Vitamin Folate Mg Ca K P

(@) (@ C(mg) E(mMg) K(ug) (ug) (mg) (mg) (mg) (mg)
Kiwifruit 8.99 3 92.7 1.46 40.3 25 17 34 312 34
Apple 10.39 2.4 4.6 0.18 2.2 3 5 6 107 11
Orange 9.35 2.4 53.2 0.18 0 30 10 40 181 14
Pomegranate 13.67 4 10.2 0.6 16.4 38 12 10 236 36
Pear 9.75 3.1 4.3 0.12 4.4 7 7 9 116 12
Melon 5.69 0.9 21.8 0.05 2.5 8 11 11 182 5
Mango 13.66 1.6 36.4 0.9 4.2 43 10 11 168 14
Blueberry 9.96 2.4 9.7 0.57 19.3 6 6 6 77 12
Grape 16.25 0.9 4 0.19 14.6 4 5 14 191 10
Banana 12.23 2.6 8.7 0.1 0.5 20 27 5 358 22
Pineapple 9.85 14 47.8 0.02 0.7 18 12 13 109 8
Peach 8.39 15 6.6 0.73 2.6 4 9 6 190 20



The genus Actinidia includes 76 species, with Actinidia chinensis (Planch.)
and Actinidia deliciosa (A. Chev.) C. F. Liang & A. R. Ferguson, being the most

commercially dominant (Ramstad et al., 2016; Liang et al., 2021).

In general, kiwifruit is composed of four main tissues: a central core, an inner
pericarp containing locules and seed, an outer pericarp, and the skin (Richardson et
al., 2011) (Figure 1.1). These tissues differ in minerals (Ferguson, 1980), cell wall
composition (Redgwell et al., 1990) and cell characteristics (Hallett et al., 1992;
Harker & Hallet, 1994).

Figure 1.1: Tissue zones of kiwifruit (adapted from Richardson et al., 2011).

The appearance, weight, flavour, texture, aroma, and nutritional quality vary
significantly among, and within kiwifruit species and cultivars if climatic conditions
differ during growth (Guo et al., 2017; Xie et al., 2019; Liang et al., 2021).

The green fleshed ‘Hayward’ belongs to Actinidia deliciosa and is the most
commercialized variety on the international market, because of its size, taste, and
long storage life (Testolin & Ferguson, 2009; Chai et al., 2021), maintaining good
guality in terms of texture, flavour and the absence of disorders (Burdon et al.,
2014a).



In fact, approximately 90 % of the kiwifruit commercialized is ‘Hayward’ (Ma et
al., 2017). However, in recent years, yellow-fleshed A. chinensis var. chinensis
cultivars ‘Hortl6A’, ‘Jintao’, ‘Zesy002’, ‘Zesy003’, ‘Soreli’ and ‘Dori’ (Gambi et al.,
2018), which are sweeter and have a higher commercial value than the green fleshed

ones (Testolin & Ferguson, 2009), are gaining more attention.

The kiwifruit grows naturally at altitudes of 600 - 2000 m, relative humidity of
76 — 78 % and soil pH 5.0 - 6.5 in areas with frequent irrigation or rainfall
(Torkashvand et al., 2016; Torkashvand et al., 2017).

China, New Zealand, Italy, Iran and Chile are the main kiwifruit producers
worldwide (Statista, 2022) (Figure 1.2). In Portugal, kiwifruit production has been
growing and are located mainly in the coastal regions of the north (70 %) and centre
(29 %) (Castro et al., 2021).
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Figure 1.2: Production volume of kiwifruit worldwide in 2020 (Source: Statista, 2022).

Kiwifruit is a typical climacteric fruit that is harvested mature but unripe

(Burdon et al., 2013; Tian et al., 2022a). Climacteric fruit, if harvested after



physiological maturity, will ripe until they reach consumer maturity, while for non-
climacteric fruit, harvest maturity and consumer maturity are the same (Shah 2020).

Kiwifruit is harvested when the soluble solid content (SSC) reaches
approximately 6.2 °Brix (Burdon et al., 2016; Yi et al., 2016; Wang et al., 2021; Wang
et al., 2022b), flesh firmness is equal or greater than 62 N (Benelli et al., 2022) and
dry matter (DM) is in the range 12 - 20% (Burdon et al., 2004), in the case of green
fleshed kiwifruit. For the yellow fleshed cultivars, additionally, the hue angle must
reach the minimum of 103 °, which indicates the pulp colour change from green to
yellow (Costa et al., 2010; Afonso et al., 2022).

Kiwifruit ripening is affected by environmental conditions, management and
other factors and, since its appearance barely gives any information about it (Liu et
al., 2019), the choice when to harvest depends on internal attributes, which are the
key to kiwifruit productivity and quality. The establishment of the optimal harvest date
is a critical step in the fruit ripening process up to an acceptable eating quality,
retaining adequate firmness and avoiding physiological disorders (Burdon et al.,
2021). Overall, once the ripening process on climacteric fruit, continues after harvest
(Antunes et al.,, 2000; Ma et al., 2022), there is either the risk that if kiwifruit are
harvested too early, they will not reach full flavour and aroma (Bertone et al., 2012;
Berardinelli et al., 2019), or if they are harvested too late, their storage life will be
shorted (Burdon et al., 2014a).

In fact, quality deterioration and texture softening are the cause of 28 — 36 %
postharvest loss of fruit and vegetables (Shafiee-Jood & Cai, 2016; Wang et al.,
2021). Firmness retention during storage is very difficult, since orchard practices and
storage conditions affect the rate of softening and, furthermore, the time each fruit
needs to soften can be very different (Xiao & Li, 2022). Reducing postharvest loss is
still one of the main challenges for the horticultural industry (Kader, 2005; Jabbar et
al., 2014).

In order to satisfy consumers’ expectation, SSC should exceed 12.5 °Brix and
firmness be in the range 9 — 13 N (Crisosto & Kader, 1999; Benelli et al., 2022).
Considering those values, ‘Hayward’ kiwifruit can be stored for about six months at O
°C and 90 — 95 % relative humidity (Boquete et al., 2004; Hu et al., 2017), while A.



chinensis for four months or less (Asiche et al., 2017; Chai et al., 2021). However,
kiwifruit can exhibit chilling-injury disorders during this period, including pulp
browning and increased electrolyte leakage (Lee & Kader, 2000; Gerasopoulos et al.,
2006), due to the low storage temperatures (Chai et al., 2021). Besides that, at the
end of the kiwifruit shelf life, the ethylene production and respiration rate increase
(Antunes et al., 2000; Chai et al., 2021), what accelerates metabolite consumption
and senescence (Li et al., 2016; Chai et al., 2022), leading to a very short edible
window, approximately 3 - 4 days (Antunes et al., 2000; Chai et al., 2021). On the
other hand, repacking or removing not edible kiwifruit incurs significant labour cost
(Xiao & Li, 2022).

1.2 Kiwifruit ripening

The rate of kiwifruit softening varies enormously, between and within batches
(Jabbar et al., 2014; Goldberg et al., 2019), and is influenced by orchard practices,
maturity at harvest, duration and postharvest storage conditions (Xiao & Li, 2022).

Softening of kiwifruit occurs in two or, if harvested at early maturity, three
phases (Lallu et al., 1989; Burdon et al., 2013).In the initial lag phase, fruit maintain
firmness and soften slowly; in the second phase there is a rapid softening to about 20
% of their firmness at harvest; and the final phase is marked by a slow pace, marked
by the start of internal ethylene production (Paterson et al., 1991; Antunes &
Sfakiotakis, 2002; Xiao & Li, 2022). For late harvested fruit there is no initial lag
phase (Li et al., 2022; Xiao & Li, 2022).

The gradually decreased firmness is caused by cell wall degradation,
dissolution of the middle lamella and weakened cell adhesion (Schroeder et al.,
2006; Wood et al., 2009; Cheng et al., 2022). Fruit firmness is also affected by cell

turgor and the number, size and shape of intercellular spaces (Cen et al., 2013).

Pectin degradation, a component of primary cell walls and middle lamella
(Benitez et al., 2013; Tilahun et al., 2020), leads to thinner cell walls, cells split and a



reduction of cell turgor pressure (Tian & Xu, 2022). The cell turgor pressure declines
due to water loss, which affects the connection between the cells and increase
intercellular space (Tian & Xu, 2022) as adhesion between cell walls weakens (Rowe
et al., 2014).

Kiwifruit with higher DM at harvest is associated with better firmness retention
and less transpiration during storage (Tombesi et al.,, 1993; Famiani et al., 2012),
suggesting that fruit with a higher initial water content soften more quickly (Li et al.,
2022). Also, during kiwifruit ripening, the metabolism of carbohydrates, acids,
pigments and volatile organic compounds go through various and significant changes
(Chai et al., 2022).

At harvest, most of the kiwifruit carbohydrates comprise starch (Jordan et al.,
2000; Wang et al., 2021), unlike other fruit, such as peach, strawberry, grape and

melon, that primarily accumulate soluble sugars (Choi et al., 2022).

As Kkiwifruit ripe, the starch is hydrolysed into soluble sugars, glucose and
fructose, and the water is consumed under respiration (Liu et al., 2019), causing a
gradual SSC increase, while moisture content decrease along storage (Cheng et al.,
2022). The starch conversion is visible on the juice, as it changes from a milky pale
green, containing starch, to a clear darker green (Burdon et al., 2004).

The chlorophyll and carotenoid contents are responsible for green- and
yellow- fleshed colour kiwifruit, respectively, during development (McGhie & Ainge,
2002; Xia et al., 2021). In fact, the class, amount and ratio of the pigments determine

the fruit pulp colour and its intensity (Luan et al., 2019; Xia et al., 2021).

The chlorophyll content generally decreases, as ripening progresses, whereas
other pigments are usually biosynthesised and accumulated (Benelli et al., 2022). In
the case of yellow-fleshed kiwifruit, the decay in chlorophyll pigments no longer
masks the carotenoids, such as lutein and B-carotene, leading to yellow colour in
kiwifruit (Ampomah-Dwamena et al., 2009; Montefiori et al., 2009; Pilkington et al.,
2012; Gambi et al., 2018). This process is mediated by the chloroplast-located
protein stay-green that dismantles chlorophyll-protein complexes (Borovsky & Paran,
2008; Gambi et al., 2018).

10



Relatively to a* and b* values, both increase significantly, indicating the
greenness decreased and yellowness increased, respectively, which is also
confirmed by the changes in Hue. Meanwhile L* decreases as kiwifruit turn darker (Yi
et al., 2016; Chai et al., 2021) and chroma, that reflects saturation, remains stable

during late ripening (Yi et al., 2016).

Respiration consumes organic acids as substrates, leading to a decrease in
titrable acidity (TA) during storage (Kumarihami et al., 2022). The main organic acids
in kiwifruit are citric acid, quinic acid and malic acid in much smaller amounts (Marsh
et al., 2009; Yi et al., 2016; Wang et al., 2021), while the most abundant fatty acids
are a-linoleic acid, oleic acid, palmitic acid, and linoleic acid (Antunes & Sfakiotakis,
2008; Choi et al., 2022), although acid percentage composition shown a wide
variability among cultivars (Choi et al., 2022). The ascorbic acid (vitamin C) content
in kiwifruit decreases gradually during kiwifruit ripening due physical dissolution and

oxidative decomposition (Zhang et al., 2021).

Volatile organic compounds are released during kiwifruit ripening and are the
main responsible for kiwifruit flavour and aroma (Yi et al., 2016; Chai et al., 2022). In
fact, kiwifruit aroma is the result of a MIXture of volatile compounds, and together
with sweetness and acidity, are critical to consumer acceptance and commercial
success (Marsh et al., 2006; Garcia et al., 2012; Wang et al., 2021). Thus, as sugars
and flavour content increase, while total acids decrease, sensory properties improve

along ripening process (Song & Bangerth, 1996; Kader, 2008; Bertone et al., 2012).

Kiwifruit respiration does not change significantly until autocatalysis of
ethylene production and, in fact, in the absence of external ethylene, its rise takes
place simultaneously with the rise of ethylene production (Antunes, 2007) (Figure
1.3).
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Figure 1.3: Changes in respiration rate and ethylene production between non-climacteric and
climacteric fruit (Source: Ji et al. 2021).

Autocatalysis of ethylene occurs when kiwifruit reaches eating softness
(Antunes et al., 2000; Chai et al., 2021). In unripe kiwifruit, ethylene production only
occurs due physical, physiological or pathological damage (Feng et al., 2003; Huang
et al., 2021). Kiwifruit is highly sensitive to exogeneous ethylene and an exposure to
even a small concentration (Xiao & Li, 2022) can accelerate senescence and cause
fruit loss (Jabbar & East, 2016; Xiao & Li, 2022). To trigger and also accelerate fruit
ripening, ethylene (Paul et al., 2012) or modulated temperature treatments can be
performed (Mitalo et al., 2019; Ozturk et al., 2019; Chai et al., 2022), while to delay
fruit senescence ozone and oxalic acid are usually applied (Tian et al., 2002; Wang
et al., 2009; Minas et al., 2012; Xia et al., 2016).

Modified atmosphere is commonly used to extend kiwifruit storage life, as for
many other climacteric fruit (Wang et al., 2005; Liu et al., 2013; Xia et al., 2016),
through the increase of CO, and decreased of O, concentrations (Harman &
McDonald, 1982; Manolopoulou et al., 1997; Antunes & Sfakiotakis, 2002; Hertog et
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al., 2004). Commercially, to avoid water loss, fruit can be marketed in packs with
polylimers or bags to create a high humidity environment (Burdon et al., 2014Db),

while storage cold chambers should be at 95 — 98 % relative humidity.

1.3 Kiwifruit quality attributes

Unlike other fruit, is not possible to visually assess kiwifruit ripening, due to the
lack of any external colour changes (Sneddon et al., 2022). The major internal quality
attributes to determine kiwifruit optimal harvest date are the SSC, firmness, and DM
(Afonso et al., 2022).

For the yellow-fleshed kiwifruit cultivars which are more aromatic and sweeter
than the green ones, and present a higher commercial value (Testolin & Ferguson,
2009), their flesh colour has a major impact on the consumer (Schaare & Fraser,
2000) and it is also a parameter consider. Chlorophyll must be fully degraded
(Pilkington et al., 2012, Gambi et al., 2018; Burdon et al., 2021), with total conversion
from green to yellow (Burdon et al., 2014a), when consumers eat the fruit.

While firmness is directly related to texture and consumer acceptance, SSC
and acidity are related to kiwifruit flavour, more precisely to sweetness and sourness
respectively (Zhu et al., 2017; Ma et al., 2021).

The Magness-Taylor penetration is currently the standard method for
determining fruit firmness. However, to ensure the same force, testing speed and
puncture distance must also be similar, to ensure the repeatability of the
measurements, leading to the general use of the Texture Analyzer (Tian & Hu, 2022).
This device can be used either for puncture, that damages fruit, either for
compression tests that can cause bruises even though wounds are not visible
(Sirisomboon et al., 2012; Tian & Hu, 2022). Both puncture and compression tests
cannot be implemented as online measuring method for fruit firmness grading (Tian
et al., 2022a).
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SSC and pH are usually determined using a Brix refractometer (Magwaza &
Opara, 2015; Ma et al., 2021) and a titrator, pH meter or acid meter, respectively
(Wati et al., 2021). These methods require the sample conversion to liquid thus
involve destructive and time-consuming analysis (Wati et al., 2021). Otherwise, dry
matter is measured by cutting and drying equatorial slices of kiwifruit until constant

weigh.

Overall, conventional measurement methods are destructive, time-consuming,
do not allow neither monitoring the same fruit over time neither be statistically
representative of the biological variability (Bertone et al., 2012), since to reduce fruit
loss and time, only a small number of fruit is destroyed, which leads to a deficient

orchard management (Cavaco et al., 2018; Afonso et al., 2022; Li et al., 2022a).

Therefore, the development of fast and non-destructive methods for assessing
kiwifruit internal quality is fundamental (Zhu et al., 2017) for suitable postharvest
storage and to comply with consumers” demands (Asiche et al., 2017; Goldberg et
al., 2019; Ma et al., 2022).

1.4 Non-invasive methods

According to Nicolai et al. (2014), the non-destructive methods used to assess
fruit quality attributes can be classified in optical-, mechanical-, x-ray radiography and
tomography-, magnetic resonance imaging-, mass spectrometry- and gas sensors

and electronic noses-based techniques.

Mechanical techniques can be classified into two categories: 1) application of
an external force to measure local force deformation curve; 2) measuring whole fruit
response after it has been excited (Nicolai et al., 2014). Mechanical-based methods,
generally used for texture evaluation, include micro-deformation, vibration
measurements, acoustic impulse response, falling or impact, forced or hammer
impact, and ultrasonic methods (Phourkhark et al.,, 2017; Tian & Xu, 2022).
Vibrational analysis has been used to derive fruit firmness (Sugiyama et al., 2005),
since, for fruits of the same size and shape, the greater the resonant frequency, the
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firmer the flesh (Abbott, 1999). Acoustic impulse response to was used to assess
internal quality by recording the sound which is produced when hit the fruit and

performed a fourier transform on the signal (Lakshimi et al., 2017).

X-ray radiography was used to investigate internal disorders in fruit and
vegetables (Haff & Toyofuku, 2008), since absorption properties differences between
surrounding materials will become visible; magnetic resonance imaging to detect

internal defects and measure physical properties (Nicolai et al., 2014).

Gas sensors and electronic noises are able to recognize simple and complex
odours (Garner & Bartlett, 1994; Zerbini et al., 2006). This way, volatile compounds
interact with these sensors and the response given by them to each sample is a

“fingerprint” of the compound or MIXture (Zerbini et al., 2006; Lakshimi et al., 2017).

Optical based techniques will be the focus of the next section.

1.4.1 Optical methods

Light propagation in turbid medium, such as fruit, is a complex process (Gao
et al., 2021). When the light penetrates a sample, it may be reflected, absorbed, or
transmitted (Nicolai et al., 2007; Cavaco et al., 2022), since the light can penetrate
deeper than the thickness of the peel reaching the pulp tissue (Alexandrakis et al.,
1998; Si et al., 2022).

Reflection can occur through specular reflection when light illuminates smooth
surface and causes gloss, external diffuse reflection induced by rough surfaces or
scattering effect (Nicolai et al., 2007). The first two only provide information about the
surface sample, while, for the latter, the light penetrates the sample and emerges
again at the surface after partial absorption and multiple scattering inside the inner
tissues (Nicolai et al., 2007; Cavaco et al., 2022).

There are three basic modes to collect fruit spectra, interactance, reflectance
and transmittance (Nicolai et al., 2007), according to the position of the light source
and the detector (Hong & Chia, 2021) (Figure 1.4).
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Figure 1.4: Schematic of the tree acquisition modes: A) Reflectance; B) Transmittance; C)
Interactance (adapted from Nicolai et al., 2007).

In the interactance mode the light source and the spectrometer are positioned
parallel to each other and in contact with the fruit (Nicolai et al., 2007). Reflectance
mode require no contact with the fruit (Schaare & Fraser, 2000), the light and
detector are positioned on the same side of the fruit but mounted under a 45° angle
(Nicolai et al., 2007). Interactance and reflectance are the most used in fruit (Tian &
Xu, 2022), and both aim to acquire diffuse reflectance and to avoid specular
reflectance (Hong & Chia, 2021). In the transmittance mode the light travel through
the fruit (Hong & Chia, 2021) since the light source is positioned opposite to the
detector (Nicolai et al., 2007).

Biological tissues are composed by nucleus, cytoplasm, and various
organelles (Rojas-Candelas et al.,, 2021), with different physical structures and
chemical components and, consequently, with different optical properties (Si et al.,
2022). When photons enter the biological tissues, they will move straightforward until

hitting an absorbing particle (Lu et al., 2020), and then transformed into thermal or
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other form of energy (Lu, 2016; Si et al., 2022), or into a scattering element, changing
the travel direction (Lu et al., 2020).

The main absorption components in plant and fruit tissues, are pigments,
water and carbohydrates (Si et al., 2022), while the main scattering elements are the
cell wall interfaces (McGlone et al., 1997). For this reason, it is reported that
scattering process is related to physical structures, such as density, texture, cell size,
while the light absorption depends on the chemical composition (Qin & Lu, 2009;
Rizzolo et al., 2014; Zhu et al., 2016; Gao et al., 2021).

However suspended particles, such as starch granules, chloroplasts, and
mitochondria, but also pores and other heterogeneities may also induce scattering
caused by a different refractive index between the particle surface and the
surroundings (I'yasov & Krasnikov, 1991; Nicolai et al., 2007). Scattering also
depends on particles’ size, shape and microstructure (Nicolai et al., 2007),
complicating the relation between the light collected and the internal quality of the
fruit (Saeys et al., 2019).

Absorption and scattering processes are characterized by the absorption
coefficient (ua) and reduced scattering coefficient (us’) (Tuchin, 2000; Cen et al.,
2013), although different cultivars, due to different flavours and textures, may have
different absorption and scattering properties (Cheng et al., 2022). This way,
spectroscopic methods provide a fingerprint of the sample analysed (Zhu et al.,
2017).

The absorption and scattering coefficients of light refer to the probability of
light being absorbed or scattered per unit length in a sample (Welch & Gemert, 2010;
Tian & Xu, 2022).

Besides those, on the scattering process, also a scattering angle, which
represents the direction taken by a photon when hits a scattering particle, and the
proportion of photons that would be scattered in a particular direction, named
anisotropic coefficient (g) (Tian & Xu, 2022), can be defined. Values of g range

between -1 (total backward scattering) and 1 (total forward scattering) (Lu et al.,
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2020). In fruit the light usually scatters forward and the g value is between 0.7 - 0.9
(Lu, 2016; Lu et al., 2020; Tian & Xu, 2022).

1.4.1.1 VisNIR-DRS spectroscopy

VisNIR-DRS spectroscopy, which have become one of the most successful
non-destructive methods for quality assessment of fruits (Walsh et al., 2020a, b;
Cavaco et al., 2021a; Tian et al., 2022b), analyse multiple attributes simultaneously,
besides being a low-cost, reliable (Nicolai et al., 2007; Cruz et al., 2021; Afonso et
al., 2022) and chemical-free method (Shah et al., 2020).

According to the Lambert-Beer law, the light absorbance is linearly
proportional to the concentration of an absorbing composition (Yadav et al., 2015; Lin
et al., 2018; Suzuki et al., 2018; Hong & Chia, 2021). This law is limited to clear
liquids and although fruit are considered a turbid medium, meaning that the light that
interacts with the fruit tissue is not only absorbed but also scattered, it is based on
this law that VisNIR-DRS spectroscopy spectra has been related to the quality
attributes of fruit (Liu et al., 2019).

On the Vis region of the spectrum (400 — 750 nm) (Figure 1.5), anthocyanins,
carotenoids and chlorophyll a are responsible by light absorption (Abbot, 1999), each

one, at different specific wavelengths (Zude, 2008).
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Figure 1.5: The electromagnetic spectrum showing the different regions of interest when using
VisNIR-DRS spectroscopy (Source: Kerr et al., 2011).

Chlorophyll a absorption spectrum presents two dominant absorption bands,
one at the blue (420 nm) and another at the red (680 nm) (Liew et al., 2008);
carotenoids absorb around 500 nm; and anthocyanins at 550 - 600 nm (Beers et al.,

2017).

The NIR (750 —1300 nm) is associated with the macro constituents (Walsh et
al., 2020), water (Nicolai et al., 2007) and sugars (Pu et al., 2016; Benelli et al.,
2022), showing a strong absorption peak around 970 nm, which corresponds to a
combination of O-H in water and second overtone of C-H stretching in carbohydrates
(Kamruzzamanet al., 2011; Shinzawa et al., 2011; Liu et al., 2019). There are also
two another absorption peaks at 750 nm and 840 nm caused by O-H and C-H

associated with water (Huang et al., 2018; Tian et al., 2022b).

The use of Fourier transform-near infrared spectroscopy (FT-NIR) to evaluate
freshness, safety and shelf-life has increasing, since it provides a faster spectral
acquisition, require limited sample pre-treatment (Wang et al., 2022a), increases the
sensitivity of various vibrational spectroscopy techniques (Ropodi et al.,, 2018;
Tirado-Kulieva et al., 2022), and its reproducibility and precision are higher than NIR
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(Cicorritti et al., 2019). However, it requires a time-consuming calibration (Wang et
al., 2022a).

1.4.1.2 Time and spatially resolved techniques

Conventional VisNIR-DRS spectroscopy provides information about the
combined effect of light absorption and scattering (Tian & Xu, 2022), but not the
individual information of each process (Tian et al., 2022b). New technologies, such
as time-resolved, frequency domain, spatially resolved and integrating sphere
measurements (Aernouts et al., 2015; Hu et al., 2020; Milej et al., 2016; Beers et al.,
2017; Tian et al., 2022b), have been studied to evaluate absorption and scattering of

the tissues separately (Si et al., 2022).

Time-resolved injects a monochromatic pulse into the fruit to measure, with an
appropriate model, the light temporal distribution to estimate the optical properties of
the fruit (Torricelli et al., 2015; Rizzolo & Vanoli, 2016; Lu et al., 2020; Cavaco et al.,
2022). With this technique, the spectra acquired for the whole fruit is very similar to
the spectra of the same peeled fruit (Vanoli et al., 2020; Ma et al., 2022). Yet, time-
resolved and frequency domain are expensive, signal conversion is still a complex
process (Tian et al., 2022b), measurements are time-consuming, and the need of a
good contact between the fruit and the detector prevents this technique to be used
for on-line grading (Tian & Xu, 2022). On the other hand, spatially resolved method is
gaining interest due to its low instrument cost, easy implementation and fast
measurement (Tian et al., 2022b; Ma et al., 2022). This method illuminates the fruit
surface with constant intensity and measures the reemitted light at different distances
from the light source (Lu et al., 2020; Cavaco et al., 2022), giving us information
about the different depths of the fruit (Si et al., 2022).

1.4.1.3 Spectral imaging

Spectral imaging can be divided into hyperspectral and multispectral imaging

(Cozzolino & Roberts, 2016). Hyperspectral imaging technique combines image
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analysis and spectroscopy (Benelli et al., 2022), obtaining both spectral and spatial
information over a wide spectral range (300 to 2600 nm) (Gowen et al., 2007,
Chandrasekaran et al., 2019) at spatial resolutions varying from the level of single
cells up to the macroscopic objects (Liu et al., 2014; Gowen et al., 2015; Zhu et al.,
2017). The spectral and spatial information of fruit are obtained by a high-
performance CCD camera and an imaging spectrometer (Tian & Xu, 2022), which
allows acquire data as image at each wavelength and as spectra for each pixel
(Chandrasekaran et al., 2019).

Multispectral is a form of hyperspectral imaging but differs from it by using a
set of filters and a common digital camera (Cavaco et al., 2022) to obtain the imaging

spectral information at a few discrete wavebands (Cozzolino & Roberts, 2016),

These technologies are gaining importance to evaluate crops and other
commodities with characteristics and properties that may vary spatially (Kim et al.,
2001; Gowen et al., 2007; Gowen et al., 2010; Cozzolino & Roberts, 2016; Cavaco et
al., 2022).

1.4.1.4 Portable devices

In the last years, the demand for handheld and/or portable devices for non-
destructive fruit quality assessment has gain importance (Shaha et al., 2020), also for
kiwifruit. Rocchi et al. (2016) used a device based on the VisNIR-DRS (Kiwi meter) to
monitor fruit flesh colour evolution non-destructively by means of the DAindex™; Guo
et al. (2019) used a handheld VisNIR-DRS micro-spectrometer, which was just about
550 g in weight, to assay SSC; Sarkar et al. (2020) used a low precision portable
near-infrared spectrophotometer F-750 Produce Quality Meter (Felix Instruments
Inc., USA) to determine the soluble solids content of hardy kiwifruit; Singh et al.
(2020) used a low-cost VisNIR-DRS multispectral detector on kiwifruit to measure
SCC and DM non-destructively. Even the use of low-cost portable spectrometers with
smartphone connectivity, like the SCiO (Consumer Physics Inc., Tel Aviv, Israel), that

was used by Li et al. (2018) to predict kiwifruit quality, has gain considerable interest.
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Although their accuracy and cost-effective, only a few portable devices have
been used on-tree, despite the fruit we may be referring to, since in orchards many
external factors, such as light and temperature, can affect models’ prediction
performance (Cavaco et al., 2018, 2021b, 2022).

1.4.2 Chemometrics

In VisNIR-DRS spectroscopy, most absorption bands are overtone or
combination bands, resulting in broad and overlapping peaks (Nicolai et al., 2007).
Moreover, the fruit high content of water, approximately 85 %, turn them sensitivity to
temperature variations with a wavelength shift in the O-H absorption region
(Anderson & Walsh, 2022). Furthermore, spectra may be complicated by the
complexity of the fruit's tissues heterogeneities and microstructure, which have many
spectrally active components (Saeys et al., 2019), by instrumental noise as well as
other sources of variability (Nicolai et al., 2007). It is fundamental to minimize
environment interference, such as light and temperature, or taking them into account

when processing data (Nicolai et al., 2007).

To overcome all these problems and the high volume of data, considered one
of the main spectroscopic difficulties (Lorent et al.,, 2015), the relevant information
about fruit quality attributes must be extracted and combined through multivariate

data analyses techniques (Sayes et al., 2019), also called chemometrics.

For this purpose, a variety of chemometric methods and machine learning
algorithms can be applied, such as multiple linear regression (MLR), principal
component analysis (PCA), partial least squares regression (PLS), support vector
machine regression (SVM), artificial neural networks (ANN), orthogonal signal
correction (OSC), Gaussian filter (GF), standard normal variate (SNV), Savitzky-
Golay filter (SG) and multiplicative scatter correction (MSC) (Wu & Sun, 2013; Hu et
al., 2017) (Tirado-Kulieva et al., 2022). These methodologies can be divided into
exploratory data analysis, classification techniques and regression techniques (Shah
et al., 2020).
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Chemometrics flow comprises two main steps: spectral pre-treatments or pre-

processing, and regression methods (Wang et al., 2015).

The pre-processing method selected can take into consideration quality
attribute intended, for example, if it is chemical, could be useful remove the effect of
scattering through multiplicative scatter correction (Anderson & Walsh, 2022). Many
combinations of spectral pre-treatments and their parameters (interval width,
polynomial order, etc.) can be applied to determine the optimum result (Anderson &
Walsh, 2022). The parameters must be selected carefully to avoid spectral noise
amplification and to not remove information that might be useful (Nicolar et al., 2007).

The wusual pre-processing procedures are mean centering of spectra,
derivatives, standard normal variate (SNV) and multiplicative scatter correction
(MSC) (Anderson & Walsh, 2022). Mean centering reduces instrumental noise,
optical distance, and environment contribution, while first and second derivatives
reduce the effect of specular reflection (Li et al., 2018), help to distinguish
superposed peaks, rise sensitivity and spectral resolution (Wang et al., 2015).
Savitzky-Golay (SG) is the most used for smoothing data (Li et al., 2018). SNV
substrates the average value of a spectrum from the original one and then divide it by
the standard deviation, eliminating particle size and scattering effects (Barnes et al.,
1989; Wang et al., 2015). MSC adapts each spectrum to a reference one through
least squares regression method (Lorent et al., 2015), correcting additive and
multiplicative effects caused by the fact that light does not travel the same distance in
the fruit (Shao et al., 2007). The greater the distance travelled by light, the lower is
the reflectance value, since less light is detected (Martens & Naes, 1987; Shao et al.,
2007). Wavelength selection can also be evaluated to improve the model
performance (Ma et al.,, 2021) and is considered a form of data pre-treatment
(Anderson & Walsh, 2022).

Regression is a statistical procedure used to establish a relation between the
dependent and the independent variables, that is, to produce a calibration model
(Chandrasekaran et al., 2019). When using VisNIR-DRS spectroscopy, calibration
refers to establish a mathematical relationship between the transformed spectra and
the fruit traditional measurement (Zeaiter et al., 2005; Li et al., 2022a).
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Partial least squares regression (PLS) is the most used regression model to
predict fruit quality (Li et al., 2018). PLS is a dimension reduction technique based on
the scores of latent variables (LVs) (Anderson & Walsh, 2022) that are selected by
their relevance for predicting the dependent variables (Wang et al., 2015). It is the
most common multivariate linear regression method (Walsh et al., 2020a; Li et al.,
2022a) and is very used to predict dependent variables from a large set of
independent ones (Yang et al., 2017; Ma et al., 2022).

Internal validation uses a dataset related to calibration set through techniques
as leave-one-out, while external validation uses a dataset independent from the
calibration one, giving a more realistic vision about model robustness (Li et al.,
2022a). However, approximately, 90 % of publications still use adapted cross-
validation methods or select sets very similar to the calibration set (Walsh et al.
2020a; Li et al., 2022a).

Models are considered robust when their prediction accuracy is not affected
by external factors (Wang et al., 1991; Kaur et al., 2022). In fact, models fail due to
two main reasons, which are lack of interest attribute variability or due to external
variability that hides the attribute variability (Mishra & Nikzad-Langerodi, 2020;
Mishra et al., 2020; Mishra & Woltering, 2021). To improve prediction accuracy and
model robustness, a big volume of data, a wide range of reference values (Magwaza
et al.,, 2014; Hu et al., 2017), and data from different cultivars, seasons, geographic
location, or ripeness level should be use in calibration (Cavaco et al., 2018; Pires et
al., 2022; Anderson et al., 2020; Anderson et al., 2021; Mishra & Woltering, 2021).

Models’ robustness can be evaluated through coefficient of determination (R?),
root-mean-square of error prediction in validation (RMSEP) and standard deviation
ratio (SDR) (Afonso et al., 2022) that must be greater than 2.5, for industrial
purposes (Cortés et la., 2010; Tirado-Kulieva et al., 2022).
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1.4.3 Non-invasive methods for kiwifruit quality assessment

Kiwifruit quality assessment based on non-destructive methods has been used
to construct calibration models to predict various attributes: i) SSC through imaging
spectroscopy (Martinsen & Schaare, 1998), dielectric spectroscopy (Ragni et al.,
2012; Fazayeli et al., 2019), Vis-IR (Lee et al., 2012; Shibang, 2021), FT-IR (Chen &
Han, 2012; Santagapita et al., 2016; Ciccoritti et al., 2019), IR (Arazuri et al., 2005),
VisNIR-DRS (Schaare & Fraser, 2000; Mcglone et al., 2007; Moghimi et al., 2010; Li
et al., 2017; Vieira et al., 2017; Afonso et al., 2022), NIR (Mcglone & Kawano, 1998;
Mcglone et al., 2002a; Clark et al., 2004; Kim et al., 2018; Li et al., 2018; Lee et al.,
2019), hyperspectral imaging (Guo et al., 2016; Zhu et al., 2017, Benelli et al., 2022;
Ma et al., 2021), time and/or spatially resolved spectroscopy (Ma et al., 2022),
integrating sphere measurements (Cheng et al., 2022; Tian et al., 2022b), color and
fluorescence imaging (Nie et al., 2020); ii) firmness by a non-contact laser air-puff
method (Mcglone & Jordan, 2000, mechanical measurements (Ragni et al., 2010;
Blanke, 2013; Pourkhak et al., 2017; Goldberg et al., 2019), acoustic method (Javadi
& Nassari, 2017; Tian et al., 2022b), dielectric spectroscopy (Ragni et al., 2012;
Fazayeli et al., 2019), NIR (Mcglone & Kawano, 1998; Li et al., 2018), Vis-IR (Lee et
al., 2012; Xiao & Li, 2022), FT-IR (Fu et al., 2007; Santagapita et al., 2016; Wang et
al., 2022a), hyperspectral imaging (Zhu et al., 2017; Benelli et al., 2022), VisNIR-
DRS (Vieira et al, 2017; Li et al., 2017; Afonso et al., 2022) and integrating sphere
measurements (Cheng et al., 2022, Tian et al., 2022b); iii) dry-matter (DM) by NIR
(Mcglone & Kawano, 1998; Clark et al.,, 2004; Kim et al., 2018), VisNIR-DRS
(Mcglone et al., 2002b; Mcglone et al., 2007; Vieira et al., 2017; Afonso et al., 2022),
FT-IR (Tang et al., 2010; Qiang et al., 2010; Santagapita et al., 2016; Ciccoritti et al.,
2019) and integrated sphere measurements (Cheng et al., 2022); iv) juice pH, by
dielectric spectroscopy (Fazayeli et al, 2019), VisNIR-DRS (Moghimi et al., 2010;
Afonso et al., 2022) , hyperspectral imaging (Zhu et al., 2017; Ma et al., 2021) and
hyperspectral fluorescence imaging (Wang et al., 2022c); v) titrable acidity (TA), by
Vis-IR (Lee et al., 2012), VisNIR-DRS (Vieira et al., 2017; Afonso et al., 2022) and
FT-IR (Ciccoritti et al., 2019); and vi) flesh colour, by VisNIR-DRS (Schaare & Fraser,
2000; Clark et al., 2004; Mcglone et al., 2007; Afonso et al., 2022).
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1.5 Aims and chapters

The global aim of this thesis was to assess non-destructively whole fruit
ripening of two different cultivars of kiwifruit, namely, the green-fleshed ‘Hayward’
and the yellow-fleshed ‘Jintao’, from on-tree, through storage and up to the eating-
ripe phase, using VisNIR-DRS spectroscopy. The main focus was on the
construction of calibration models to predict several internal quality attributes, such
as pulp CIE Lab parameters L*, a* and b*, hue angle, chroma, firmness, dry matter,
SSC, pH and titrable acidity, for ‘Jintao’ kiwifruit, a cultivar much less studied,
sweeter, with a higher commercial value than ‘Hayward’, and which growth area is

extending in Portugal.
To achieve this goal, the following questions needed to be answered:

e Which are the best IQA to assess ‘Jintao’ kiwifruit ripening?

e What pre-processes and wavelengths can ensure better performance models
for each IQA?

e Can the use of average values instead of individual ones be a new approach
to improve performance models?

e Are the models robust?

¢ Which variables have more impact in consumers’ perception to score general
flavour?

e During storage, which IQA have a good correlation with reflectance spectra
and at which wavelength?

These questions were answered along the following seven chapters comprised

by this thesis:

Chapter 2 - Material and methods

Description of the fruit, orchards, equipment and methods applied throughout

this work plan.
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Chapter 3 - Ripening evolution of kiwifruit on-tree

The aim of this chapter was to assess the ripening progress of the yellow-
fleshed kiwifruit ‘Jintao’ at two different orchards in a real-life situation of orchard
monitoring, starting the measurement period as two months before harvest to late-

harvest.

The data of this chapter would be the first step for the development of a non-
destructive portable equipment, based on VisNIR-DRS, which can be further used in
the field on-tree to determine harvest date, in an accurate and fast way, benefiting

the kiwifruit chain production and marketing.

Chapter 4 - Non-destructive prediction models of ‘Jintao’ internal quality

The goal for this chapter was the construction of calibration models for ‘Jintao’
kiwifruit quality attributes, using data from two different orchards and a very complete
set of IQA (L*, a* and b* from the CIELAB colour space, hue angle, chroma,
firmness, DM, SSC, juice pH and TA) using, first, individual kiwifruit values and, then,
a new approach, testing if average predictions could represent an improvement over
individual ones and allow for an efficient follow-up of ripening. The reason for this is
that individual fruit IQA are not relevant for the management of an orchard,
particularly to make the decision of harvesting, which is done by considering average
values. Consequently, average predictions could be of more interest than individual

fruit predictions.

Besides these, since the literature about ‘Jintao’ kiwifruit is limited, the aim was
also to select the quality parameters that better characterize this cultivar ripening,

considering the models’ performance and their IQA evolution along time.

Chapter 5 — Validation of spectroscopic models

This chapter addresses the question of a truly external validation of ‘Jintao’
Kiwifruit spectroscopic models with data acquired in the two orchards, along two
years (2018 and 2019) and with two different spectrometers. The aim was to

compare this method performance for predict SSC of ‘Jintao’ kiwifruit with the
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standard internal validation, using variable selection and orthogonal signal correction
to improve the performance of the models, and do a calibration transfer.

This chapter will put to test the models’ robustness.

Chapter 6 - Kiwifruit storage ripening follow-up

The aim of this chapter was to monitor the ripening in storage of the yellow-
fleshed ‘Jintao’ and green-fleshed ‘Hayward’ kiwifruit, through organoleptic
evaluations, destructive measurements and spectra acquisitions. This way, whole

ripening process, since on-tree till eating-ripe phase, is followed.

This chapter intend to test the use of VisNIR-DRS spectroscopy to distinguish
the chemical and physical changes that occur during kiwifruit ripening in cold storage
and if there are good correlation values between their internal quality attributes and

reflectance spectra and at which wavelength.

Chapter 7 — General conclusions and future perspectives

This chapter presents a synthesis of the results obtained in the previous

chapters and also mention future perspectives.

Chapter 8 — References

The last chapter contains all the reports and sources cited in the thesis.
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Chapter 2

Materials and methods
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2.1 Orchards

2.1.1 Jintao’ kiwifruit

Yellow-fleshed kiwifruit (Actinidia chinensis Planch ‘Jintao’) were harvested in
two commercial orchards (Figure 2.1), namely, orchard 1 (41°39' 23.6" N, 8°18' 21.6"
W) (Figure 2.2) and orchard 2 (41°38' 58.2" N, 8°18' 26.0" W) (Figure 2.3) located in

Goéaes — Amares, Braga, Portugal.

Usually, yellow kiwifruit is harvested after reaching, in average, a flesh hue
angle around 103 ° (Costa et al., 2010). In Portugal that threshold is usually attained

between the end of October and the beginning of November.

Figure 2.1: Aerial photographs of the two orchards of 'Jintao’ kiwifruit marketed by Frutas Douro ao
Minho in Godes (Amares), Braga, Portugal. In the left: orchard 1. In the right: orchard 2. The yellow
lines represent the borders of the orchards.
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Figure 2.3: ‘Jintao’ kiwifruit orchard 2 located in Godes — Amares.
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2.1.2 ‘Hayward’ kiwifruit

Green-fleshed kiwifruit (Actinidia deliciosa (A. Chev.) C.F. Liang et A.R.
Ferguson) ‘Hayward’) were harvested also from two orchards (Figure 2.4), namely
Carrazedo (41°37°46.9”N, 8°23’16.5"W) and Figueiredo (41°37°29.9’N, 8°19'47.5"W),

located in Braga, Portugal.

Figure 2.4: Aerial photographs of the two orchards of 'Hayward’ kiwifruit marketed by Frutas Douro ao
Minho in Braga, Portugal. In the left: Figueiredo. In the right: Carrazedo. The yellow lines represent the
borders of the orchards.

2.2 Fruit orchard sampling

In 2018, fruit sampling started two months before the commercial harvest
season and ended one week after it. For ‘Jintao’ kiwifruit, 7 and 8 samplings took
place in August 2018 — November 2018 (Table 2.1) inn orchard 1 and in orchard 2,
respectively. For ‘Hayward, 7 samplings took place in September 2018 — November
2018 (Table 2.2) in both orchards. In total, 375 ‘Jintao’ kiwifruit (200 in orchard 1 +
175 in orchard 2) and 350 ‘Hayward’ (175 in Carrazedo + 175 in Figueiredo) were
collected and evaluated.
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Table 2.1: Sampling dates in 2018 and respective days after full bloom (DAFB) of ‘Jintao’ kiwifruit
orchards.

Orchard Sampling date DAFB

1

) 07/08/2018 91
1

) 20/08/2018 104
1

) 03/09/2018 118
1

) 17/09/2018 132
1

) 01/10/2018 146
1

5 15/10/2018 160
1

) 29/10/2018 174
1 13/11/2018 189
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Table 2.2: Sampling dates in 2018 and respective days after full bloom (DAFB) of ‘Hayward’ kiwifruit

orchards.

Orchard Sampling date DAFB
Carrazedo

_ _ 03/09/2018 90
Figueiredo
Carrazedo

. . 17/09/2018 104
Figueiredo
Carrazedo

_ _ 01/10/2018 118
Figueiredo
Carrazedo

. . 15/10/2018 132
Figueiredo
Carrazedo

_ _ 29/10/2018 146
Figueiredo
Carrazedo

. . 13/11/2018 161
Figueiredo
Carrazedo

_ _ 27/11/2018 175
Figueiredo

In 2019, due to the “loss” of the spectroscopic equipment and consequent

delay for its

replacement,

it was not possible to performed spectroscopic

measurements during September. To compensate this unforeseen event, samplings

were carried out weekly during October. 7 samplings were taken for ‘Jintao’ (Table
2.3) and 8 for ‘Hayward’ kiwifruit in September 2019 — November 2019 (Table 2.4). In
total, 350 ‘Jintao’ kiwifruit (175 in orchard 1 + 175 in orchard 2) and 400 ‘Hayward’

(200 in Carrazedo + 200 in Figueiredo) were collected and evaluated, however, as

explained above, only 250 ‘Jintao’ and 300 ‘Hayward’ kiwifruit spectra were acquired.

36



Table 2.3: Sampling dates in 2019 and respective days after full bloom (DAFB) of ‘Jintao’ kiwifruit
orchards. * No spectroscopic measurements were performed.

Orchard Sampling date DAFB

1
) 03/09/2019* 112
1
) 17/09/2019* 126
1
) 09/10/2019 148
1
) 15/10/2019 154
1
5 23/10/2019 162
1
) 29/10/2019 168
1
5 12/11/2019 182
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Table 2.4: Sampling dates in 2019 and respective days after full bloom (DAFB) of ‘Hayward’ kiwifruit
orchards. * No spectroscopic measurements were performed.

Orchard Sampling date DAFB

Carrazedo

_ _ 03/09/2019* 101
Figueiredo
Carrazedo

. . 17/09/2019* 115
Figueiredo
Carrazedo

_ _ 09/10/2019 137
Figueiredo
Carrazedo

. . 15/10/2019 143
Figueiredo
Carrazedo

_ _ 23/10/2019 151
Figueiredo
Carrazedo

. . 29/10/2019 157
Figueiredo
Carrazedo

o 12/11/2019 171
Figueiredo
Carrazedo

. . 27/11/2019 186
Figueiredo

After harvest, kiwifruit temperature was determined with an infrared handheld
digital thermometer EEM100 (Perel, Velleman, Belgium) and the VisNIR-DRS
spectra acquired from each fruit. Then, all fruit were shipped to the laboratory, where

complementary standard destructive measurements were made in the next day.

The flowchart for sampling and measurement procedures is described in the

Figure 2.5.
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Figure 2.5: Flowchart for orchard sampling and measurements. These procedures were repeated for
each orchard and for each sampling date.

2.3 Spectroscopy

The spectroscopy setup consisted of a VisNIR-DRS spectrometer USB4000
(Ocean Optics, USA), working in the range 345 — 1037 nm, a light source LS-1-LL
(Ocean Optics, USA) and a bifurcated fiber with an interactance probe FCR-
7UVIR400-2-BX/ME (Avantes, Netherlands). The probe works by sending light from
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the source to the sample through six illumination fibers and collecting the sample’s
reflection by a 7™ fiber, in the center of the reflection probe, that is coupled to the
spectrometer. The absolute reference material was a disk of Spectralon white
surface (WS-1, Ocean Optics, USA), held at a constant height (0.47 mm) below the
probe. The fruit to measure were introduced into a cup. The lid of the cup had a hole
for the insertion of the probe and insured blocking of the sunlight during the
spectroscopic measurements in a setup similar to the one described by Cavaco et al.
(2018). The main difference was that three spectra were acquired, along the

equatorial area of each kiwifruit, to improve the measurements’ statistics.

Since October 2019, the spectrometer was replaced by an AvaSpec-
Mini2048CL (Avantes, Netherlands), the light source by an AvaLight-HAL-S-Mini
(Avantes, Netherlands) and the reference material by the WS-2 reference tile
(Avantes, Netherlands).

2.4 Fruit quality attributes

The several quality attributes were measured following the sequence

described in Figure 2.5.

First, a 1 mm thick skin was removed at both opposite equatorial sides of
kiwifruit for measurements of pulp colour with a Minolta Chroma Meter CR-300
(Minolta, Japan) using the CIE L*a*b* space. The hue angle colour and chroma were
calculated by the following equations (McGuire, 1992):

h° = arctan (ai:) (2.1)
C*=+va*? + b*? (2.2)

Pulp firmness was determined by puncture with a texturometer (Chatillon
TCD200, Digital Force Gauge DFIS 50, John Chatillon & Sons, Inc., USA) using a

cylinder probe of 8 mm at a depth of 7 mm.
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Then, 3 mm thick kiwifruit equatorial slices (1 per fruit) were cut, weighed and
dried at 105 °C until constant weight for determination of DM, expressed as
percentage of dry weight relatively to fresh weight (%). The remaining of the kiwifruit
were peeled and squeezed. The juice filtered by a cotton cloth was used for the
measurements of SSC, pH and titratable acidity. SSC was determined by using a
digital refractometer HI 96801 (Hanna Instruments, USA) and expressed as %. With
a TitroLine 6000 (SI Analytics, Germany), juice pH and Total TA, expressed as mass
percentage of citric acid per 100 mL juice (%), were determined using 2 mL kiwifruit
juice diluted with 8 mL distilled water, and titrated with 0.1N NaOH until a pH of 8.2.

2.5 Fruit storage sampling

After the commercial harvest season, fruit were shipped to the University of
Algarve, and stored therein at 0 °C, normal atmosphere and relative humidity of 90 —
95 %.

To evaluate ripening during storage, sixteen fruit of each cultivar, were drawn
every 15 days (Table 2.5 to Table 2.10). After being removed from the refrigerated
chamber, their temperature was registered with an infrared handheld digital
thermometer EEM100 (Perel, Velleman, Belgium) and the VisNIR-DRS spectra
acquired from each fruit. Then, complementary standard destructive measurements
were made in 8 fruit, of each cultivar. The remaining eight fruit were kept one week
at room temperature to simulate commercial shelf-life. After this time, the VisNIR-
DRS spectra were acquired again from each fruit and destructive measurements

were performed.

The flowchart for storage sampling and measurement procedures is described
in Figure 2.6.
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Table 2.5: Storage sampling dates in 2018/2019 and respective storage days for ‘Jintao’ kiwifruit.

Sampling date  Storage Days

26/11/2018 25
10/12/2018 39
26/12/2018 55
14/01/2019 74
29/01/2019 89
12/02/2019 103
13/03/2019 132
27/03/2019 146

Table 2.6: Storage sampling dates in 2018/2019 and respective storage days for ‘Hayward’ kiwifruit.

Sampling date  Storage Days

10/12/2018 10
26/12/2018 26
14/01/2019 45
29/01/2019 60
12/02/2019 74
13/03/2019 103
27/03/2019 117
10/04/2019 131
23/04/2019 144
07/05/2019 158
21/05/2019 172
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Table 2.7: Sampling storage dates in 2019/2020 and respective storage days for ‘Jintao’ kiwifruit.

Sampling date  Storage Days

04/12/2019 33
19/12/2019 48
02/01/2020 62
15/01/2020 75
29/01/2020 89
12/02/2020 103
26/02/2020 117
11/03/2020 131

Table 2.8: Sampling storage dates in 2019/2020 and respective storage days for ‘Hayward’ kiwifruit.

Sampling date  Storage Days

04/12/2019 19
19/12/2019 34
02/01/2020 48
15/01/2020 61
29/01/2020 75
12/02/2020 89
26/02/2020 103
11/03/2020 117
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Table 2.9: Sampling storage dates in 2020/2021 and respective storage days for ‘Jintao’ kiwifruit.

Sampling date  Storage Days

26/10/2020 0

12/11/2020 17
26/11/2020 31
09/12/2020 44
22/12/2020 57
04/01/2021 70
18/01/2021 84
02/02/2021 99
15/02/2021 112
02/03/2021 127
13/04/2021 140

Table 2.10: Sampling storage dates in 2020/2021 and respective storage days for ‘Hayward’ kiwifruit.

Sampling date  Storage Days

12/11/2020 0

26/11/2020 14
09/12/2020 27
22/12/2020 40
04/01/2021 53
18/01/2021 67
02/02/2021 82
15/02/2021 95
02/03/2021 110
29/03/2021 137
13/04/2021 152
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Figure 2.6: Flowchart for storage sampling and measurements. These procedures were repeated for
each orchard and for each sampling date.
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2.6 Sensory evaluation

A semi-trained panel, recruited from faculty staff and students, with 15 to 32

elements, did sensory evaluations based on a 7-point hedonic scale (1 = dislike

extremely, 2 = dislike; 3= slightly dislike, 4 = neither like nor dislike, 5 = slightly like, 6

= like, 7 = like very much) (Gol et al., 2013), for the following parameters: fruit

appearance, pulp appearance, aroma, texture, sweetness, acidity, and general taste.

In general, all parameters were evaluated after 2.5 and 4.5 months of storage for
‘Jintao’ kiwifruit (Table 2.11) and after 2 and 4 months for ‘Hayward’ kiwifruit (Table

2.12). In 2020, ‘Hayward’ kiwifruit parameters were only evaluated once due to

COVID-19 pandemic.

All fruit presented to sensory panellists were at room temperature.

Table 2.11: Dates and respective storage days at sensory evaluations of ‘Jintao’ kiwifruit.

Date Storage Days

14/01/2019 74

2019
13/03/2019 132
10/01/2020 75

2020
03/03/2020 131
05/01/2021 70

2021
02/03/2021 127

Table 2.12: Dates and respective storage days at sensory evaluations of ‘Hayward’ kiwifruit.

Date Storage Days

15/02/2019 74

2019 16/04/2019 131
22/05/2019 172

2020 14/01/2020 61
08/01/2021 53

2021 10/03/2021 123
14/04/2021 152
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2.7 Data analysis

2.7.1 Software

The descriptive statistical analysis of the quality attributes and sensory
evaluation were performed in IBM SPSS Statistics 27 (IBM Corp., Armonk, NY,
USA).

The multivariate data analysis was performed in MATLAB R2019a, version 9.6
(The MathWorks, Inc., Natick, MA, USA). Most of the functions and scripts were
implemented in-house, including the PLS regression through the NIPALS algorithm,
available in Andersson (2009), the calculation of the VIP scores, according to Farres
et al. (2015) and the pre-processing and variable selection procedures (used in
chapter 5). PLS Toolbox (PLS Toolbox, version 8.7, Eigenvector Research, Inc.,
Manson, WA, USA) was used to supply specific functions: the Savitzky-Golay filter
(Savitzky & Golay, 1964) function savgol, the Orthogonal Signal Correction,
implemented through the functions osccalc and oscapp, and the Kennard-Stone

algorithm.

2.7.2 Data analysis in chapter 3

The nonparametric multivariate Kruskal-Wallis (MKW) test was used to
compare the dependent variables in each orchard. The effects of orchard and date
on each of the quality parameters were tested by a full factorial MANOVA (type IlI)
and further multi-comparisons among variables were performed by the Bonferroni

test for a significance level of p < 0.05 (Oja, 2010).

2.7.3 Data analysis in chapter 4

Calibration models were obtained for the following quality attributes: L*, a* and
b* from the CIELAB colour space, hue angle, chroma, firmness (N), dry matter %
(W/W), soluble solids content (%), juice pH and titratable acidity (%).
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The analysis performed in chapter 4 is based on the first year only. Therefore,
there are only two independent datasets for ‘Jintao’, one for each orchard. They were
divided into two subsets of different trees (trees 1 to 12 in the first subset and trees
13 to 25 in the second subset).

Data modelling was performed in two ways. The first approach was the usual
development of calibration models for the various quality attributes and subsequent
validation on independent individual fruit. The second approach was to use those
models to perform the prediction of average quality attributes for each orchard and
each day. PLS models were obtained using all data from both orchards and from all

measurement days.

2.7.3.1 Spectroscopic signal to noise ratio

The signal-to-noise ratio (SNR) calculation was performed on R, the
reflectance matrix. Each line of R is a spectrum R;(A) (i = 1, ..., M = number of fruit).

The following steps were taken:

1) Smoothing of each line of R by a Savitzky-Golay filter (denoted SG (width,
order)) of 81 points and second polynomial order, S;(A) = SG (R;(A), 81, 2).

2) Calculation of the squared fluctuations (around the baseline) for each
spectrum: Fi%(A) = (Ri (A) = Si (A)~

3) The noise level at each wavelength was calculated by assuming that the
fluctuations on the 40 closest neighbours are equivalent to those that would be

observed in 40 repetitions at the same wavelength (time fluctuations) as n; (A) =

\/SG (F#(1),41,0) .

4) SNR for each spectrum was calculated by SNR; (A) = S; (A)/n; (A).

5) The final noise figure was calculated from the average of all fruit: SNR (A) =
2 SNR; (A)/M.
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2.7.3.2 Pre-processing

The pre-processing step included three different procedures: elimination of hot
pixels, transformations and elimination of outliers. Hot pixels were identified visually,
and their counts substituted by the mean value of the two adjacent pixels. The
transformations of spectra used were absorbance (log (1/R)), standard normal
variate transformation (SNV) (Barnes et al., 1989) and the Savitzky-Golay filter
(Savitzky and Golay, 1964), either for smoothing or derivation (first and second
derivatives). Combinations of these transformations were also performed. The
spectral range was also tested, from the full spectrometer range, 345 — 1037 nm, to
subranges obtained by varying systematically the upper and lower limits. Outlier
samples were detected and rejected. Three types of outliers were considered: i)
when the norm of the transformed spectra diverges from the average norm more
than 3 standard deviations (30 outliers); ii) 3o outliers in the PLS scores of the
calibration samples; iii) 30 outliers in the PLS projected scores of the validation

samples.

2.7.3.3 Cross-validation

In chapter 4, data from each orchard was divided in two subsets according to
the number of the tagged tree (trees 1 — 12 assigned to the first subset and trees 13
— 25 to the second subset). The whole data was subjected to a 4 x 5-fold double (or

nested) cross-validation (CV) as shown in Figure 2.7.
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Figure 2.7: lllustration of the 4 x 5-fold double (or nested) cross-validation (CV) performed in chapter
4. The process consists of an outer loop of 4 segments (corresponding to the 2 orchards x 2 subsets)
and an inner loop of 5 splits. (Source: Afonso et al., 2022).
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The nomenclature and the pseudo-code are described in Filzmoser et al. (2009),

except that there was no repetition (a single run was performed):

e Each segment (i =1, 2, 3, 4) is taken at a time as test set, and the remaining
three aggregated as calibration set (outer loop).

e CV is performed in each calibration set i. First, it is divided in 5 splits
(Venetian blinds, in this work). Then, each split (j = 1, 2, 3, 4, 5) is taken at a
time as validation set and the remaining four are aggregated as training set
(inner loop). The optimal number of latent variables, nLV,,, (i) is obtained and
the corresponding PLS model built from the entire calibration set i.

e The i-th PLS model is applied to the i-th test set.

e A global statistic is calculated from the four test sets.

2.7.3.4 Statistical parameters characterizing model’s performance

The performance of the models was characterized by the parameters (Nicolai et
al., 2007):

1. The squared correlation coefficient (R?);

2. Root mean square of error in prediction (RMSEP) that is given by

1 ~ 2
RMSEP = [ S0 (o = ars) (2.3)

where y,q; Stands for the validation true values (reference destructive data),
Vvari for the corresponding predictions and n,, is the number of validation

samples;

3. Standard deviation ratio (SDR)

RMSEP if all predictions = < yyq1> (2 4)

g
SDR = (yval) -
RMSEP RMSEP
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where 0 (y,q) IS the standard deviation of the validation true values. The first
equality is the usual definition. The second equality was inserted deliberately to
compare SDR with PG (below).

4. The bias represents the average prediction offset and is given by
Bias = < yval > =< Yyal > (2-5)
where < y,,; > represents the average of the predictions for the validation set.

5. Slope is the slope of the linear regression y,,; VS. Vyu

The same parameters in the steps of cross-validation and calibration are

represented with a different ending:

e Cross-validation (cv): R%,, RMSECV, SDR.,,, bias,, and slope_,;
e Calibration (c): R?, RMSEC, SDR,, bias, and slope,.

2.7.3.5 Statistical parameters characterizing model’s performance for daily

average predictions

The average and standard deviation of the reference quality attributes values and
their corresponding predictions were calculated for each day and orchard, resulting in
a dataset of 8 or 7 pairs of values (average prediction, average reference value) for
both orchards. The prediction statistics were calculated from these pairs of values,
specifically, RMSEP, R?, bias and SDR. Furthermore, the average predictions were

compared with the average reference measurements through a t-test.
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2.7.4 Data analysis in chapter 5

In chapter 5, a detailed study of the external and internal validation in two
years is made. As already mentioned, there was an additional problem related to the
loss of the spectrometer at the beginning of the second year. This made the
validation process even more complicated, as it implied also a calibration transfer
between the two instruments. It was, therefore, a problem of validation in two
orchards, two years and two spectrometers, which corresponds to the most difficult
real case to deal with.

2.7.4.1 The design of internal and external validations

In chapter 5, there was the inclusion of another year and the total of datasets
was four. This allowed to perform strict external validation:

1) Calibrate with datasets 1, 2 and 3; validate with dataset 4;

2) Calibrate with datasets 1, 2 and 4; validate with dataset 3;

3) Calibrate with datasets 1, 3 and 4; validate with dataset 2;

4) Calibrate with datasets 2, 3 and 4; validate with dataset 1.

The statistical parameters presented in context of external validation represent
averages of the four results, obtained for each one of the branch validations: p = (p1
+p2 +p3 +p4) =4, where p represents any statistical parameter, such as RMSEP,
SDR or R? (see Section 2.7.3.4).

The standard internal validation was also performed in order to compare the
performance of both methods and highlight the true difficulty of applying the
calibration models to new, independent, datasets. In chapter 5, standard validation
joins the four original datasets into a single one. Then, the data split is performed in
such a way that calibration and validation subsets have the same statistical
properties in terms of average and standard deviation. This is often done in an
optimal way through the Kennard-Stone (KS) algorithm (Kennard, 1969), or simply by
sub sampling the full dataset at equal steps. The last method, however, generally
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delivers sub optimal results. Therefore, the KS method was the preferred one to
perform internal validation.

Standard internal validation tends to give much better results than external
validation for obvious reasons. In the latter, spectral characteristics of the validation
set may not be well represented in the calibration set, while in the former,
homogeneity of the two sets usually insures a much better performance of the
calibration model in the validation set.

The internal and external validation schemes used in chapter 5 are represented
in Figure 2.8.

External validation Internal validation

Complete
Calibration Validation Data splitting by Kennard-Stone
dataset
dataset dataset or Venetian blinds
Orchards
AlB]|cC r:>.
A B.C.D Calibration Validation
dataset dataset
ale|o =0 Al B
<::] [::’> Al B B
AlC|D E_ clD =
C(D C§ D
B|C|D @‘.
RMSECV RMSEP
RMSECV RMSEP RMSET
RMSET RMSEC
RMSEC

Figure 2.8. The two validation schemes used in this chapter. On the left: external validation. On the
right: standard internal validation. The four datasets available are represented as A, B, C and D. In
external validation, three datasets are used for model calibration (in yellow) and the remaining one is
left for validation (in red). In the standard internal procedure, a specific percentage of the samples
(usually 70 % - 80 %) is used for calibration (the fraction of A, B, C and D assigned to yellow) and the
remaining are used for validation (the fraction of the datasets in red).
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2.7.4.2 Selection of the best pre-processing

Selection of the best pre-processing method is essential to insure optimal
results. It is often unclear in the literature if the optimization process uses the correct
cost function. Choosing the pre-process in order to minimize RMSEP is a wrong
procedure that could be described in ordinary terms as "cheating”. In real situations
the validation dataset is unknown a priori. Therefore, a realistic optimization
procedure cannot be based on the knowledge of RMSEP, which is equivalent to tune
a model to the desired result. Instead, the optimization process must be based on
Root-mean-square of error of cross-validation (RMSECV), which is the correct
measure of the available information. The pre-processing yielding the lowest value of
RMSECYV is also the most plausible choice. It is very common to find that the best
RMSECV does not produce the best RMSEP; and that to the best RMSEP
corresponds a mediocre value of RMSECV. In the first case, this is a consequence of
the fact that the calibration model does not capture the entire variability of the data
and may fail, at least partially, upon validation. In the second case, a mediocre
RMSECV and a good RMSEP is generally a matter of chance. The calibration model
happens to explain well the validation set variability, but in the presence of a new
one, it would probably fail. The choice based on RMSECV, on the other side, has
more chances to survive new validations against successive validation datasets,

although without the optimal results that always happen by chance.
In this work, one more criterion is introduced in order to improve the choice of

the best pre-processing. In order to do that, a refinement of the calibration process

has been introduced. This is explained in Figure 2.9.
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Figure 2.9: The calibration process. The calibration dataset is divided in tuning and cross-validation
subsets (step 1) through the KS algorithm. The cross-validation subset is split in 5 subsets (1 to 5,
step 2), through the Venetian Blinds method. These subsets are used to determine the best number of
latent variables, through the process of 5-fold cross-validation (step 3), which delivers RMSEC. At
each step of CV, the models are built with the yellow subsets and the prediction on the red. The
selected number of latent variables is then used to build a model in the entire cross-validation subset
(step 4) and to calculate RMSEC. This model is then applied to the tuning dataset, to obtain RMSET
(step 5) and to the external validation dataset, to get RMSEP (step 6).

The calibration dataset is divided in tuning and cross-validation subsets (step
1, in the figure). Again, KS or Venetian Blinds may be used to split the data, and KS
was chosen. The cross-validation subset is split in 5 subsets (1 to 5, step 2), through
the Venetian Blinds method. These subsets are used to determine the best number
of latent variables, through the process of 5-fold cross-validation (step 3), which
delivers RMSECYV as a function of the number of latent variables. This is chosen by
identifying the point of 95% drop of RMSECYV (not its absolute minimum, which is the
most common approach). Several tests showed that this criterion is more
conservative in terms of the latent variables number and tends to generalize slightly
better in validation. The selected number of latent variables is then used to build a
model in the entire cross-validation subset (step 4) and to calculate RMSEC. This
model is then applied to the tuning dataset, to obtain RMSET (root mean square of

error in tuning - step 5) and to the external validation dataset, to get RMSEP (step 6).
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The value of RMSET, together with the associated SDR value (SDRt), are
used to improve the pre-processing optimization. The basic idea is that RMSET
should not exceed RMSECV by a small margin, called here tolerance (tol), whose
absolute value depends on the parameter under study. For SSC the tolerance is
0.05%:

RMSET < RMSECV + tol (2.6)

This condition insures a good consistency between cross-validation and
validation in the tuning set. However, the y-ranges of the two datasets may differ and
SDR is an auxiliary parameter that allows to perform dimensionless comparison.

Accordingly, another condition has been set:

| SDRcv — SDRt | < 0.2, (2.7)
where SDRcv = M, SDRt = 240 ang Y.,, Y; are the measured values for the
RMSECV RMSET

quality parameter under study, for the CV and tuning datasets, respectively.
Having these two conditions in mind, the selected pre-processing

transformation is the one with lower RMECV among all that satisfy (2.6) and (2.7).

The selection algorithm is shown in Table 2.13.

Table 2.13: Algorithm for selecting best pre-processing.

Algorithm 1

I: for each preprocess ¢ do

2; apply transformation

3 build calibration model to caleulate rmsecv(i), SDRev(i), rnmset(i) and SDRt(7)

| calculate the logical parameter Q(i) = rmset(i) < rmsecv(i) + tol A [SDRev(i) — SDRt (1) < 0.2
5 end for

6: order the transformations by ascending rimsecr and choose the first one with Q = 1
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2.7.4.3 Three optimization schemes for the selection of best pre-processing

It would be impossible top test all the possible transformations. Therefore, three

modes of optimization were adopted in parallel, and the choices of each one of these

modes were then used in the subsequent calculations. The three modes are as

follows:

1)

2)

3)

MIX Mode: Using different types of transformations in the fixed wavelength
range 450 nm to 1010 nm, chosen only based on visual observation of the
spectra and the appearance of noise in the lower and upper ends of the
range.

SNV Mode: Using only the absorbance followed by SNV transformation, but
on a variable range, being the range what is optimized.

SG Mode: Using only the absorbance followed by the Savitzky-Golay
derivation transformation, with variable range and filter width (repeated
twice, one run for polynomial order = 2 and derivative order = 1 and the
another for polynomial order = 4 and derivative order = 2). In practice,
polynomial order and derivative orders are fixed and the filter width and the

spectral range are optimized.

The first scheme (MIX Mode) allows to test the general type of transformation

that may work better, while the other two (SNV and SG Modes) use the most used

transformations but tuned in wavelength range and filter width. The complete

description of transformations used in MIXed Mode is shown in Table 2.14.
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Table 2.14: List of transformations used for pre-processing optimization in the MIX Mode.
Abbreviations for the parameters tested: d = derivative order, g = gap, s = segment, w = filter width.
Notes: [1] CR has been applied within the pigments wavelength range: 550-750 nm. [2] r is the
wavelength range, that is, 560 nm. [3] By "diff’ it is meant the subtraction of adjacent points. This
operation was applied once (diff) or twice (diff?). [4] The Kubelka-Munk transformation is given by z =
(1 - R)’/2R. [5] LNSV, also known as Piece-wise SNV, is a moving window SNV. [6] The Savitzky-
Golay filter is kept fixed, with width = r/16, polynomial order 2 and derivative order 1. [7] Normalization
to the area, to the interval [0,1], and to the maximum value. [8] Only first derivative order in SG. [9]
The derivative order is also varied between 1 and 2. [10] Raw data is simply the reflectance.

Transformation Parameters Range of variation Notes
varied
absorbance (abs)
Continuum Removal (CR) [1]
Kubelka-Munk (KM) [4]
abs + Local SNV (LSNV) w w=r/2", n=1:6 [2,5]

abs + Savitzky-Golay (SG) wandd w=r/2", n=1:6; d=1,2
SNV

abs + CR [1]

abs + SNV

abs + smooth + diff w and d w=r/2", n=1:6;d = 1:2 [2,3]

abs + smooth + diff + SNV w w=r/2", n=1:6 [2,3]

KM + SNV

abs + LNSV + SG 1/16 w w=r/2", n=1:6 [2,6]

abs + normalizations [7]

abs + norm01 + smooth +

diff w w=r/2", n=1:6 2]

abs + norm01 + SG w w=r/2", n=1:6 [2,8]
g=r/2", n=4:5; s = r/2", n=5:7,

abs + Norris Derivative g,sandd d=1:2 [9]

raw data [10]

abs + SG + SNV wandd w=r/2", n=1:6; d=1,2

2.7.4.4 Variable selection

The variable selection adopted in chapter 5 is a MIXed formulation, using two
criteria simultaneously, one for the regression vector, and another for the VIP scores.
The basic idea for the regression vector criteria is that uninformative variables will
tend to have a regression coefficient close to zero. Suppose the cross-validation step
is performed N times, each time with a different subset chosen randomly from the
entire dataset. The N cross-validations give N regression vectors. If 1, IS a

wavelength without any information relevant to the model, then the corresponding
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regression coefficient, b (1,,), takes N values arbitrarily distributed around zero. The
criterion to select a variable was an extreme application of this principle: to select
only the variables which have always the same sign of b (1) for all the N calibration
runs. This means that the contribution given by that specific variable to the model is
consistent across the N runs, being always positive or always negative. On the
contrary, a variable with positive and negative regression coefficients brings some
uncertainty to the model, since sometimes it contributes in one direction, and other
times it contributes in the opposite direction. The selection based in the VIP scores is
yet simpler, since retain only those variables with VIP > 0.8. The VIP threshold is
usually 1, but, given the low correlation of the spectra with SSC, imposing this limit
would result in an excessive elimination of variables. The process of variable
selection, as described, in iterated until no more improvement in RMSECV is
observed. The application of variable selection in IV and EV have slight differences,

and they are explained in the following two subsections.

2.7.4.4.1 Variable selection in IV

The algorithm for variable selection in internal validation, adopted here, is
described in Table 2.15. In the end of the algorithm, the last iteration successful in
lowering RMSECYV is kept, together with all model parameters and variables, as well
as the retained wavelengths. The validation has been performed at the same time
(although it had no influence whatsoever in the variable selection). Therefore, the
algorithm delivers simultaneously the selected wavelengths and the validation

results.
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Table 2.15: Algorithm for variable selection in internal validation

Algorithm 2

Input: X{m.n) & Predictor X matrix with m rows and n columns
Input: Y (m.1) & Vector of in values to predict ("destructive values™)
Input: N > Number of calibration runs on randomly chosen calibration and validation sets
Input: A & The vector of wavdengths or. more generally, the indices of all variables
i: fori= 1w N do & Initind or "no-selection” model
2 Split the data set in random 80% calibration and 20% validation

3 Perform cross validation in the calibration set to caleulate rmsecvy(:), the reference values

i Caleulate RMSECV,, the mean of rmseevy(2)

5. end for

: @1y +— X > initialize comparator for the while loop
7 arp + RMSECV, t initinlize comparator for the while loop
8: Aot & A g initialize the vector of selected indices
a ce=0 & mitinlize the iteration count
10: while err]l < et A A, # 0 do

1L ci-c+1 & update the iteration count

12 Xt ¢ .\'I,,\.,l,'
13 for: = 11... Ndo

14 Split the data set in random 80% calibration and 20% validation

15: Perform CV in the calibration set to determine the best number of Intent variables, the corresponding
rmsecv, ; and its average RMSECV ., the regression vector b, ,(A) and the VIP scores vector vip, ().

16: With the number of lntent varinbles chosen by CV, caleulate rmsep, , and its average, RMSEP,

17: end for

18 Select variables A, which satisfy {sign [b. ,(Aeet)] = N Vsign b (A1) NYA vipe(Aat) > 08

10 CI'Ty  eImy > update comparator in the while loop

20 erry + RMSECYV, p update comparator in the while loop

21: end while

2.7.4.4.2 Variable selection in EV

Consider the example where calibration is performed in the datasets 1,2 and
3, and validation performed in dataset 4. The algorithm described above is applied
only to the aggregate 1+2+3. Therefore, the calibration dataset (1+2+3) is split into
cross-validation dataset (= random 80% of 1+2+3) and tuning dataset (= the
remaining 20% of 1+2+3). Therefore, the designations “calibration set” and
“‘validation set”, in internal validation, correspond to “CV set” and “tuning set’, in
external validation (EV). The process follows as described in Algorithm 2, except that
the condition that triggers the WHILE loop is performed on RMSET (corresponding to

the predictions on the tuning set). Line 7 becomes
errl «— RMSET,, (2.8)

where RMSETO is the initial, no variable selection, RMSET value. Also, line 20

becomes
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err! «— RMSETc. (2.9)

After the iteration process is finished, the new model is applied to the validation set

(in this example, the dataset 4).

2.7.4.5 Orthogonal Signal Correction

Orthogonal Signal Correction (OSC) is a technique developed by Wold and
co-workers (Wold et al., 1998) in order to remove from the spectral matrix, X, only the
part that is unrelated to Y. This was made by ensuring that the removed part is
mathematically orthogonal to the block Y, or as close to orthogonal as possible.
Here, by “orthogonal" one should understand “whose variation does not affect Y".
The variance in the X block that is orthogonal to Y is identified as some number of
factors, described as components. This represents another form of pre-processing. It
is calibrated on some dataset and then can be applied to a new one. In that case, the
same directions (orthogonal to Y) are removed from the new data prior to applying
the model. The idea behind the application of OSC is to remove unwanted - and
hence noisy - information in the spectral data relatively to the Y quantity to measure.
If successful, this removal should improve the PLS model built on the “deflated"
matrix.

Here, the functions osccalc and oscapp of the PLS Toolbox (PLS_Toolbox
9.0, 2021) are used to calculate the OSC in the calibration dataset (osccalc) and to
apply it to the validation dataset (oscapp). There are three settings for the OSC pre-
processing method: number of components, number of iterations, and tolerance
level. The number of components defines how many times the entire process will be
performed and is equivalent to the number of components in PCA. In general, two
components are sufficient, as prescribed in (Wold et al., 1998). However, we have
fixed that number in three, due to the low correlation of the data. The number of
iterations defines how many cycles will be used to the orthogonality to Y as good as
possible. This was chosen to be 5, to avoid overfit. Finally, the tolerance level defines
the percent variance that must be captured by the PLS model(s), developed within

the process of orthogonalization. The default for this parameter in PLS toolbox is
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99.9 %, but here it was lowered to 80%, by the same reason, the low correlation of
the data and the possibility of overfit. The procedure in this section is simple: OSC is

applied to the calibration data, X.,;, Y4, and then a PLS model is built between the
calibration X 6((112 (the X4, matrix with the orthogonal-to-Y part removed) and Y,,;. The

correction is then applied to the validation X,,,;, to obtain Xf,?land the model is applied

to the latter.
2.7.4.6 Calibration transfer procedure

In what follows it will be adopted the terminology “master" for the base

instrument and “slave" for the one to which the model is wanted to be transferred.

A approach based on a normalization to daily averages was performed.
Extrapolating the concept of calibration transfer between instruments, this procedure
effectively does calibration transfer between orchards as well. In this extended view,
“‘master" and “slave" become specific sets of data, acquired for a given spectrometer,
in a given year, in a given orchard. Hence, the most comprehensive set of acquisition
dates is defined as the master, M;;(4), which in this case is Orchard 1/2018, and the

S.(k)(/l), k=1;2;3:

remaining as slave, ij

M;j(2),i=1,2,...8(days); j =1, 2, ... 25 (fruit), [Orchard 1/ 2018] (2.10)
SP(),i=1,2, ... 7 (days); j = 1,2, ... 25 (fruit), [Orchard 2/ 2018]  (2.11)
SP(A),i=1,2,...5(days); j = 1,2, ... 25 (fruit), [Orchard 1/2019]  (2.12)

S(M),i=1,2,...5(days); j = 1,2, ... 25 (fruit), [Orchard 2/ 2019]  (2.13)

For both the master and slave data, the average values of the spectra
acquired on each day of measurements are calculated (the average of the 25 spectra

acquired in each measurement session in an orchard), yielding M, (1) and S, (1).

"M, (1), i=1,2,...8(days), [Orchard 1/2018] (2.14)
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SP ), i=1,2,...7 (days), [Orchard 2/2018] (2.15)
S® (), i=1,2, ... 5 (days), [Orchard 1/2019] (2.16)

S® ), i=1,2,...5(days), [Orchard 2/2019] (2.17)

There is a mismatch between the 2018 and the 2019 DAFB. For example, the
second acquisition day in 2019 was 154 DAFB, but the closest corresponding days in
2018 are the fifth (146 DAFB) and the sixth (160 DAFB). The master for the 2" day

of 2019 is thus calculated as a linear combination of the 5™ and 6" days. Therefore, it

corresponds to a “synthetic" master, Ml(z) (A4), calculated for the 2019 slaves. In this

example,

160—-154
160-146

154—-146
160-146

MP () = Ms(2) + M (%) (2.18)

Similar calculations were performed for the other days in 2019. The day index
in the synthetic master corresponds to the day in the slave. Even for G2/2019, the

DAFB are the same, except there is no 8th day, as in the master, and therefore a

synthetic master is also defined. Generally, it is represented as Ml(""), where k =1, 2,
3 represents the three slave datasets and i represents the days.

The next step is to calculate the ratios and the differences between the
averages:

R® ) =% D (2.19)

0 )= MP ) 5P ) (2.20)

The idea is that the transformation may be decomposed into a multiplicative
and an additive correction. Therefore, the full correction is the average of a fully
multiplicative correction a fully additive correction:

RO @ x 5P ) N 58 wx b )

Ti('k) ) = - > ,

]

(2.21)
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where Tig.k) (1) is the transformed spectrum, the first term of the right hand side

corresponds to the multiplicative correction and the second term corresponds to the

additive correction.

2.7.5 Data analysis in chapter 6

Mann-Whitney independent nonparametric test was applied and a Kruskal-
Wallis the non-parametric ANOVA was performed to test the significant differences
between the mean ranks among the storage time, in different years. Pairwise
comparisons to observe the differences and descriptive statistics based on median,

minimum, maximum, range and interquartile range were also performed.

A non-metric multidimensional scaling plot method using the ALS call
algorithm in a 7-point Likert scale was applied. This method performs
multidimensional scaling of proximity or distance-like (Kruskal, 1964) and the results
are represented in a cartesian plane, where each axis may be used for representing
the overall position in the tasters’ mind. Multidimensional scaling refers to models
that analyse distances between objects, having been applied Euclidian distances
algorithm. Points are arranged in such a way that the geometrical distance between

them will reflect empirical relationships in the data.

Receiver operating characteristic (ROC) analysis has become a popular
method for assessing the accuracy of medical diagnostic systems. The most
desirable property of ROC analysis is that the accuracy indices derived from this
technique are not distorted by fluctuations caused by decision criteria. For the
application of this procedure, the “General taste” variable, evaluated by the panellists’
quiz, was considered in binary terms (1 = 7 points attribute the maximum value and 0O
= others). A model with a value above 0.5 is considered good, while a value less than
0.5 is no better than random prediction. This classification method is presented only

as an accessory and complementary analysis tool.
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3.1 Monitoring ripening evolution of ‘Jintao’ kiwifruit orchards
3.1.1L* b*and chroma

In 2018, the initial averages of L*, b* and chroma for orchard 1 were,
respectively, 59.47, 31.66 and 35.62, while their final values were 59.14, 30.81 and
31.93 (Figure 3.1A, Figure 3.2A and Figure 3.3A). For orchard 2 the corresponding
values were 59.62, 31.82 and 35.72 in the beginning, and 66.66, 35.49 and 36.08 in
the end.

In 2019, for orchard 1 the initial values were 65.44, 29.04 and 31.69 for the
same parameters, while the final values were 61.78, 29.65 and 30.01 (Figures 3.1B,
3.2B and 3.3B).

. For orchard 2, in the beginning, L* was 68.27, b* 29.56 and chroma 32.21.
The corresponding values in the end were 64.32, 30.59 and 31.05.

A B

Jintao 2018

Jintao 2019

a

180 190 110 120

130 140 150 0 170 120 140 150
DAFB DAFB

Figure 3.1: ‘Jintao’ kiwifruit temporal evolution of L* along: A) 2018; B) 2019. Data depicted is the
Mean + SE of 25 kiwifruit sampled from 25 different trees tagged across the orchard through time.
Statistically different means (p < 0.05) between orchards and sampling dates are signalled with an
asterisk (*) at higher mean and different letters, respectively. Letters above the error bars are relative
to orchard 1 and below them to orchard 2.
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For both orchards, in both years, L* shows a similar pattern increasing till,
approximately, 160 DAFB, a few days earlier in 2019, and then the values start to

decrease. In both years, fruit from orchard 2 show higher L* values.

The b* and chroma values are similar for both orchards in the two years.
However, in 2018, b* seems to have a slightly tendency to increase along time, while

in 2019 there is no significant differences along time, as chroma in 2018.

Jintao 2018 B Jintao 2019
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Figure 3.2: ‘Jintao’ kiwifruit temporal evolution of b* along: A) 2018; B) 2019. Data depicted is the
Mean = SE of 25 kiwifruit sampled from 25 different trees tagged across the orchard through time.
Statistically different means (p < 0.05) between orchards and sampling dates are signalled with an

asterisk (*) at higher mean and different letters, respectively. Letters above the error bars are relative
to orchard 1 and below them to orchard 2.
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Figure 3.3: ‘Jintao’ kiwifruit temporal evolution of chroma along: A) 2018; B) 2019. Data depicted is
the Mean = SE of 25 kiwifruit sampled from 25 different trees tagged across the orchard through time.
Statistically different means (p < 0.05) between orchards and sampling dates are signalled with an
asterisk (*) at higher mean and different letters, respectively. Letters above the error bars are relative
to orchard 1 and below them to orchard 2.

3.1.2 a* and hue angle

In 2018, the initial averages of a* and hue angle for orchard 1 were -16.33 and
117.3°, while their final values were -8.11 and 104.6 ° (Figure 3.4A and Figure 3.5A).
For orchard 2, the values started at -16.21 and 117.0 ©°, respectively, and ended at -
6.35 and 100.2°.

As expected, for both orchards in both years, a* increased and hue angle
decreased along time, as kiwifruit flesh turn yellow from green colour (Figure 3.4 and

Figure 3.5).
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Figure 3.4: ‘Jintao’ kiwifruit temporal evolution of a* along: A) 2018; B) 2019. Data depicted is the
Mean = SE of 25 kiwifruit sampled from 25 different trees tagged across the orchard through time.
Statistically different means (p < 0.05) between orchards and sampling dates are signalled with an
asterisk (*) at higher mean and different letters, respectively. Letters above the error bars are relative

to orchard 1 and below them to orchard 2.

In 2018, the Hue values showed an initial plateau, but they decreased along

time, for both orchards (Figure 3.5A). Relatively to the inter-orchard comparison, the

values for orchard 2 were always significantly lower than those for orchard 1, except

for first date. In fact, the kiwifruit from orchard 2 became yellow-fleshed sooner and
reached the colour criteria needed for the harvest (Hue = 103 ©) at 160 DAFB (Costa
et al., 2010), while kiwifruit from orchard 1 at 190 DAFB was still at ~105 °.
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Figure 3.5: ‘Jintao’ kiwifruit temporal evolution of hue angle along: A) 2018; B) 2019. Data depicted is
the Mean * SE of 25 kiwifruit sampled from 25 different trees tagged across the orchard through time.
Statistically different means (p < 0.05) between orchards and sampling dates are signalled with an
asterisk (*) at higher mean and different letters, respectively. Letters above the error bars are relative
to orchard 1 and below them to orchard 2.

In 2019, the initial averages of a* and hue angle for orchard 1 were -12.65 and
113.5°, while the final values were -5.13 and 99.77 ° (Figures 3.4B and 3.5B). For
orchard 2, in the beginning, a* was -12.28 and Hue 112.4 °. In the end the values
were -5.21 and 99.71°.

In 2019, their colour evolution was similar in both orchards, being significantly
different only at 148 DAFB, for a* and Hue, and at 163 DAFB for Hue. The colour
criteria needed for the harvest was achieved in orchard 2 at 148 DAFB and in
orchard 1 at 154 DAFB. So, again, kiwifruit from orchard 2 became yellow-fleshed

sooner.

Comparing the values from the two years, in 2019, kiwifruit from both orchards
become yellow sooner than the year before and effectively both reach the colour

criteria mentioned above (Figure 3.5B).
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3.1.3 Firmness, SSC and DM

In 2018, the initial averages of firmness, SSC and dry matter for orchard 1
were 64.5 N, 4.5 % and 10.79 %, while their final values were 35.2 N, 11.4 % and
13.77 % (Figures 3.6A, 3.7A and 3.8A). For orchard 2, the values started at 70.58 N,
4.8 % and 11.00 %, respectively, and ended at 40.25 N, 12.1 % and 16.19 %.

In 2018, firmness (Figure 3.6A) and SSC (Figure 3.7A) also showed an initial
plateau. Firmness was higher in orchard 2 in the first four acquisition days (91, 104,
118 and 132 DAFB). Overall, orchard 1 ripened progressively throughout time, while
orchard 2 was more irregular. SSC after the plateau, on the fifth acquisition date (146
DAFB), rise very fast, although much more intensely on orchard 2 than in orchard 1.
Orchard 2 reached the stipulated SSC to be harvested and stored at 146 DAFB,
while orchard 1 at 160 DAFB (Figure 3.7A).

Jintao 2018

Jintao 2019
— - - - - — — - X r - - - - - ——
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Figure 3.6: ‘Jintao’ kiwifruit temporal evolution of firmness along: A) 2018; B) 2019. Data depicted is
the Mean = SE of 25 kiwifruit sampled from 25 different trees tagged across the orchard through time.
Statistically different means (p < 0.05) between orchards and sampling dates are signalled with an
asterisk (*) at higher mean and different letters, respectively. Letters above the error bars are relative
to orchard 1 and below them to orchard 2.

73



Jintao 2013

Figure 3.7: ‘Jintao’ temporal evolution of SSC along: A) 2018; B) 2019. Data depicted is the Mean *
SE of 25 kiwifruit sampled from 25 different trees tagged across the orchard through time. Statistically
different means (p < 0.05) between orchards and sampling dates are signalled with an asterisk (*) at
higher mean and different letters, respectively. Letters above the error bars are relative to orchard 1
and below them to orchard 2.

Despite the two orchards were on the same region with similar cultural
practices, their specific location seems to affect the fruit ripening (Cavaco et al.,
2021a).

Indeed, since orchard 2 became yellow-fleshed and attained a higher SSC
earlier than those from orchard 1, harvest started at 167 DAFB in orchard 2, while in
orchard 1 it was initiated one week later at 174 DAFB. The different timings exhibited
by them demonstrate the importance of assessing the major ripening attributes of
‘Jintao’ kiwifruit along time and in each orchard, to establish more precisely the
optimal harvest date at each site and therefore provide fruit with better quality to

consumers.

In 2019, the initial averages of firmness, SSC and dry matter for orchard 1
were 53.8 N, 6.9 % and 15.01 %, while the final values were 30.6 N, 13.1 % and
15.31 % (Figures 3.6B, 3.7B and 3.8B). For orchard 2, in the beginning, firmness was
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64.5 N, SSC 5.2 % and dry matter 15.14 %. In the end the values were 37.1 N, 12.1
% and 14.77 %.

In 2019, kiwifruit firmness from orchard 2 revealed again an irregular pattern
with an increase at 126 DAFB, while orchard 1 show a clear plateau between 112 -
148 DAFB (Figure 3.6B). This plateau was also verified for SSC values from orchard
1. Kiwifruit from orchard 1 had significantly higher SSC than orchard 2 only in the first
sampling date and in the last two (Figure 3.7B), so, in this year, both orchards started
harvested, at the same time, at 167 DAFB. Dry matter increased till 148 DAFB in
orchard 1 and till 154 DAFB in orchard 2 (Figure 3.8B). There were no significative

differences between them.

Furthermore, comparing the values from the two years, in 2019, besides SSC,
also Hue reached the minimum value of 103 ° sooner than in 2018 (Costa et al.,
2010). This ripening delay led to less sweet, harder and greener kiwifruit in 2018 than
in 2019 (Table 3.1 and Table 3.2).

Table 3.1: ‘Jintao’ kiwifruit orchards global descriptive statistics of the Internal Quality Attributes (IQA)
in 2018.

I0A Orchard 1 Orchard 2

mean + std max min mean + std max min
SSC 6.8 + 3.0 17.3 3.5 6.9 + 2.8 16.2 3.7
Firmness |54.5 + 134 84.3 18.2 58.6 + 14.7 91.9 6.6
DM 14.11 + 1.99 19.36 9.63 1449 + 2.04 18.69 10.31
TA 1.18 + 0.12 1.66 0.88 1.07 + 0.12 1.44 0.77
pH 3.22 + 0.18 3.70 2.78 3.13 + 0.14 354 2.86
L* 63.00 + 3.95 74.5 50.34 |64.87 + 3.95 73.97 53.01
a* -13.48 + 3.23 -3.77 -17.72 |-1252 + 3.79 -4.69 -17.45
b* 31.99 + 1.98 39.46 24.84 3274 + 225 39.92 26.15
Hue 112.7 + 5.0 118.0 96.8 1109 + 6.3 118.0 97.9
Chroma 34.84 + 2.33 40.85 2555 |35.27 =+ 2.14 40.46 27.74
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Table 3.2: ‘Jintao’ kiwifruit orchards global descriptive statistics of the Internal Quality Attributes (IQA)
in 2019.

I0A Orchard 1 Orchard 2

mean + std max min mean * std max min
SSC 9.2 + 29 15.4 4.2 8.4 + 2.69 15.2 4.3
Firmness |44.3 + 146 719 3.0 52.3 + 13.8 85.6 19.5
DM 1558 + 1.25 18.46 1042 |15.63 + 1.44 18.98 12.05
TA 1.21 + 015 1.60 0.85 1.09 + 0.14 1.41 0.81
pH 3.43 + 013 3.77 3.07 3.25 + 0.17 3.87 2.88
L* 67.06 =+ 477 75.77 4527 168.81 + 3.87 76.49 58.17
a* -859 + 314 -3.80 -15.57 |-8.04 + 3.15 -0.34  -15.07
b* 30.05 + 248 37.50 20.81 |31.04 + 257 37.37 23.46
Hue 1058 + 5.3 116.7 98.0 1044 + 54 116.1 90.2
Chroma (31.39 + 2.78 38.95 22.65 |32.23 + 2.68 39.20 23.91

The ripening delay in 2018 could be caused by the weather extremely hot and
extremely dry in August and September that year, according to monthly weather
report from “Instituto Portugués do Mar e da Atmosfera” (IPMA, 2018a; IPMA,
2018b). Effectively, the first days of August were the hottest of the XXI century
(IPMA, 2018a).

Although the effect of high temperature is well known on higher plants, is not
so well-understood in Kiwifruit (Li et al., 2022b). In grapes, high temperatures reduce
the rate of ripening and delay harvest ripeness (Greer & Weedon, 2013) and in
kiwifruit, Snelgar et al. (2005) reported that increasing temperature during summer
reduced fruit growth and SSC.

Contrary to the other three IQA, DM did not show an initial plateau (Figure
3.8). DM values increased from the first date onward and stabilized in the end
(except for orchard 1, in 2018, in the last sampling date) (Figure 3.8A). This is a
direct result of fruit growth and development, which comprise the enlargement of
many pulp tissues, such as cell expansion, cell wall thickening and starch
accumulation (Schroder & Atkinson, 2006).
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Figure 3.8: ‘Jintao’ kiwifruit temporal evolution of dry matter along: A) 2018; B) 2019. Data depicted is
the Mean * SE of 25 kiwifruit sampled from 25 different trees tagged across the orchard through time.
Statistically different means (p < 0.05) between orchards and sampling dates are signalled with an
asterisk (*) at higher mean and different letters, respectively. Letters above the error bars are relative

to orchard 1 and below them to orchard 2.

3.1.4 pH and TA

In 2018, the initial averages of pH and TA for orchard 1 were 3.12 and 1.16 %,
while their final values were 3.47 and 1.09 % (Figure 3.9A and Figure 3.10A). For

orchard 2, the values started at 3.14 and 1.05 %, respectively, and ended at 3.12 and

1.03 %. pH kiwifruit from orchard 1 slightly increased along time, however from 147

DAFB, both orchards show an irregular pattern since one increase and another

decrease (Figure 3.9A).
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Figure 3.9: ‘Jintao’ kiwifruit temporal evolution of pH along: A) 2018; B) 2019. Data depicted is the
Mean + SE of 25 kiwifruit sampled from 25 different trees tagged across the orchard through time.
Statistically different means (p < 0.05) between orchards and sampling dates are signalled with an
asterisk (*) at higher mean and different letters, respectively. Letters above the error bars are relative
to orchard 1 and below them to orchard 2.

In 2019, for orchard 1 the initial values of pH and TA for orchard 1 were 3.29
and 1.32 %, while the final values were 3.47 and 1.04 % (Figures 3.9B and 3.10B).
For orchard 2, in the beginning, pH was 3.10 and TA 1.19 %. In the end the values
were 3.27 and 0.97 %. Kiwifruit from both orchards showed a similar evolution
pattern, but orchard 1 had always a significant higher pH than those from orchard 2

in both years.

TA showed the same evolution pattern for both orchards and both years with
higher TA in kiwifruit from orchard 1 than orchard 2 (Figure 3.10).
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Figure 3.10: ‘Jintao’ temporal evolution of TA along: A) 2018; B) 2019. Data depicted is the Mean +
SE of 25 kiwifruit sampled from 25 different trees tagged across the orchard through time. Statistically
different means (p < 0.05) between orchards and sampling dates are signalled with an asterisk (*) at
higher mean and different letters, respectively. Letters above the error bars are relative to orchard 1
and below them to orchard 2.

Overall, this section clearly shows the importance to assess the major ripening
attributes of ‘Jintao’ kiwifruit along time and in each orchard, to establish more
precisely the optimal harvest date at each site, and therefore provide the best quality

fruit to consumers.

3.2 Monitoring ripening evolution of ‘Hayward’ kiwifruit orchards

3.2.1L* b*and chroma

In 2018, the initial averages of L*, b* and chroma for Carrazedo were,
respectively, 58.08, 33.25 and 37.35, while their final values were 56.88, 24.91 and
27.73 (Figure 3.11A, Figure 3.12A and Figure 3.13A). For Figueiredo the
corresponding values were 59.25, 33.29 and 37.47 in the beginning, and 57.28,
25.30 and 28.17 in the end.
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In 2019, for Carrazedo the initial values were 62.70, 32.97 and 37.02 for the
same parameters, while the final values were 52.90, 29.61 and 32.86 (Figures 3.11B,
3.12B and 3.13B). For Figueiredo, in the beginning, L* was 61.16, b* 32.52 and
chroma 36.24. The corresponding values in the end were 55.90, 30.50 and 33.70.

The L* value was maintained through the fruit ripening process on the tree for
both orchards, with the exception at 118 DAFB in 2018 and in the end of 2019.
‘Hayward’ kiwifruit green pulp becomes lighter in the last phases of ripening (Antunes
& Sfakiotakis, 2002), as showed in the end of 2019. In 2018, it is possible this
situation was not measured since the follow-up ended sooner than in 2019.
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Figure 3.11: ‘Hayward’ kiwifruit temporal evolution of L* along: A) 2018; B) 2019. Data depicted is the
Mean = SE of 25 kiwifruit sampled from 25 different trees tagged across the orchard through time.
Statistically different means (p < 0.05) between orchards and sampling dates are signalled with an
asterisk (*) at higher mean and different letters, respectively. Letters above the error bars are relative
to Carrazedo orchard and below them to Figueiredo.

Kiwifruit b* and chroma for both orchards and both years are similar, excepting
the last sampling date when a clear decrease is verified (Figure 3.12 and Figure
3.13). In both years, b* and chroma values are higher for Figueiredo than Carrazedo.
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Figure 3.12: ‘Hayward’ kiwifruit temporal evolution of b* along: A) 2018; B) 2019. Data depicted is the
Mean + SE of 25 kiwifruit sampled from 25 different trees tagged across the orchard through time.
Statistically different means (p < 0.05) between orchards and sampling dates are signalled with an
asterisk (*) at higher mean and different letters, respectively. Letters above the error bars are relative
to Carrazedo orchard and below them to Figueiredo.
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Figure 3.13: ‘Hayward’ kiwifruit temporal evolution of chroma along: A) 2018; B) 2019. Data depicted
is the Mean = SE of 25 kiwifruit sampled from 25 different trees tagged across the orchard through
time. Statistically different means (p < 0.05) between orchards and sampling dates are signalled with
an asterisk (*) at higher mean and different letters, respectively. Letters above the error bars are

relative to Carrazedo orchard and below them to Figueiredo.
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3.2.2 a* and hue angle

In 2018, the initial averages of a* and hue angle for Carrazedo were -17.01
and 117.1°, while their final values were -12.16 and 116.0 ° (Figure 3.14A and Figure
3.15A). For Figueiredo, the values started at -17.17 and 117.3 °, respectively, and
ended at -12.36 and 116.0 °. Kiwifruit a* from both orchards were very similar and

follow the same ripening pattern with a significant increase in the final sampling date.

In 2019, the initial averages of a* and hue angle for Carrazedo were -16.83
and 117.0°, while the final values were -14.22 and 115.7 °. For Figueiredo, in the
beginning, a* was -15.98 and Hue 116.2 °. In the end the values were -14.32 and
115.2 °. The a* evolution was irregular with also an increase and a peak at 157
DAFB. The clear a* increase (loss of flesh green colour) at the last sampling date, in

both years and orchards, can be an indicator of over ripening.

Hayward 2018 Hayward 2019

Figure 3.14: ‘Hayward’ kiwifruit temporal evolution of a* along: A) 2018; B) 2019. Data depicted is the
Mean = SE of 25 kiwifruit sampled from 25 different trees tagged across the orchard through time.
Statistically different means (p < 0.05) between orchards and sampling dates are signalled with an
asterisk (*) at higher mean and different letters, respectively. Letters above the error bars are relative
to Carrazedo orchard and below them to Figueiredo.
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Hue values, in 2018, decreased along time and stabilized in the last sampling
dates with no significant differences (Figure 3.15A). In 2019, the Hue evolution was

very irregular with a huge decrease peak in Carrazedo at 157 DAFB (Figure 3.15B).
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Figure 3.15: ‘Hayward’ kiwifruit temporal evolution of hue angle along: A) 2018; B) 2019. Data
depicted is the Mean + SE of 25 kiwifruit sampled from 25 different trees tagged across the orchard
through time. Statistically different means (p < 0.05) between orchards and sampling dates are
signalled with an asterisk (*) at higher mean and different letters, respectively. Letters above the error
bars are relative to Carrazedo orchard and below them to Figueiredo.
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3.2.3 Firmness, SSC and DM

In 2018, the initial averages of firmness, SSC and dry matter for Carrazedo
were 68.8 N, 4.2 % and 12.10 %, while their final values were 36.7 N, 8.2 % and
12.08 % (Figure 3.16A, Figure 3.17A and Figure 3.18A). For Figueiredo, the values
started at 77.7 N, 4.3 % and 13.57 %, respectively, and ended at 31.6 N, 9.1 % and
13.17 %. Both Carrazedo and Figueiredo reach a SSC higher than 6.3 % at 161
DAFB.

In 2019, the initial averages of firmness, SSC and dry matter for Carrazedo
were 74.3 N, 4.7 % and 14.02 %, while the final values were 37.2 N, 9.1 % and 12.91
% (Figures 3.16B, 3.17B and 3.18B). For Figueiredo, in the beginning, firmness was
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73.8 N, SSC 5.4 % and dry matter 14.24 %. In the end the values were 44.7 N, 8.8 %
and 13.13 %. At 157 DAFB, Carrazedo and Figueiredo had a SSC higher than 6.3 %.

Firmness and SSC evolved at similar pattern in both orchards in both years. In
2019 the evolution was more irregular, although, in 2018, there is a clear peak in
kiwifruit SSC in both orchards (Figures 3.16 and 3.17).
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Figure 3.16: ‘Hayward’ kiwifruit temporal evolution of firmness along: A) 2018; B) 2019. Data depicted
is the Mean = SE of 25 kiwifruit sampled from 25 different trees tagged across the orchard through
time. Statistically different means (p < 0.05) between orchards and sampling dates are signalled with
an asterisk (*) at higher mean and different letters, respectively. Letters above the error bars are
relative to Carrazedo orchard and below them to Figueiredo.
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Figure 3.17: ‘Hayward’ kiwifruit temporal evolution of SSC along: A) 2018; B) 2019. Data depicted is
the Mean = SE of 25 kiwifruit sampled from 25 different trees tagged across the orchard through time.
Statistically different means (p < 0.05) between orchards and sampling dates are signalled with an
asterisk (*) at higher mean and different letters, respectively. Letters above the error bars are relative

to Carrazedo orchard and below them to Figueiredo.

Comparing the SSC values in the two years, in 2019, at 157 DAFB was higher
than 7 %, while in 2018 at 161 DAFB was, approximately, 6.8 %. As ‘Jintao’ kiwifruit,
‘Hayward’ kiwifruit ripened faster in 2019 than in 2018, although the difference was

not so big as in the yellow-fleshed kiwifruit. For this reason, the descriptive statistics

of ‘Hayward’ are similar in both years (Table 3.3 and Table 3.4).
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Table 3.3: ‘Hayward’ orchards global descriptive statistics of the IQAs in 2018.

I0A Carrazedo Figueiredo

mean * std max min mean + std max min
SSC 5.9 + 1.6 10.7 3.4 6.1 + 1.7 10.8 3.6
Firmness |54.1 + 14.6 88.2 3.7 56.8 + 169 103.1 104
DM 1256 =+ 1.46 16.29 8.10 |13.98 + 1.22 1754 9.93
TA 1.32 + 0.17 1.72 0.76 |1.40 + 0.16 1.84 0.91
pH 3.12 + 0.22 3.52 257 |3.17 + 0.20 3.68 2.70
L* 5758 + 3.63 64.49 40.68 |5851 + 3.05 66.66 51.44
a* -15.65 + 1.79 -9.10 -17.88|-1586 + 1.81 -9.91 -18.61
b* 31.32 + 3.19 3495 1845 |31.92 + 3.02 36.33 20.85
Hue 1165 =+ 0.9 121.36 113.3 |1164 + 1.1 119.3 112.9
Chroma |35.01 + 3.62 39.08 20.58 |35.65 + 3.46 4055 23.17

Table 3.4: ‘Hayward’ orchards global descriptive statistics of the IQAs in 2019.

I0A Carrazedo Figueiredo

mean + std max min mean + std max min
SSC 6.0 + 1.8 10.8 3.8 6.0 + 1.7 11.9 3.7
Firmness | 60.0 + 15.3 90.6 9.4 63.9 + 143 87.2 13.6
DM 13.86 + 1.09 16.63 10.36 |14.13 + 126 17.31 9.31
TA 1.32 + 0.15 1.80 0.96 [1.44 + 0.18 2.14 1.01
pH 3.26 + 0.13 3.67 294 |3.27 + 0.13 3.59 2.92
L* 5959 + 3.78 65.13 43.06 |59.74 + 3.37 66.59 4261
a* -15.89 + 1.21 -12.14 -18.1 |-16.13 + 1.06 -11.69 -18.38
b* 3215 + 1.62 34.64 23.30 |3256 + 142 3535 22.86
Hue 116.3 + 1.13 120.7 113.1 |116.3 + 0.93 118.1 112.8
Chroma (35.88 + 1.90 38.82 26.97 |36.35 + 168 3952 2589

Dry matter content, in 2018, was always higher in Figueiredo than Carrazedo
(Figure 3.18A). In both orchards, dry matter slightly increased through the ripening
process till 146 DAFB in Figueiredo and till 132 DAFB in Carrazedo, then decreased.
In 2019, as firmness and SSC, dry matter showed an evolution more irregular with
also a decreased in the end (Figures 3.16B, 3.17B and 3.18B).

In all sampling dates, average dry matter was higher than 12 %, being an
indicator of good fruit quality and good performance through storage (Burdon et al.,
2004).
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Figure 3.18: ‘Hayward’ kiwifruit temporal evolution of dry matter along: A) 2018; B) 2019. Data
depicted is the Mean + SE of 25 kiwifruit sampled from 25 different trees tagged across the orchard
through time. Statistically different means (p < 0.05) between orchards and sampling dates are
signalled with an asterisk (*) at higher mean and different letters, respectively. Letters above the error
bars are relative to Carrazedo orchard and below them to Figueiredo.

3.2.4 pHand TA

In 2018, the initial averages of pH and TA for Carrazedo were 3.09 and
1.18%, while their final values were 3.38 and 1.34 % (Figure 3.19A and Figure
3.20A). For Figueiredo, the values started at 3.16 and 1.21 %, respectively, and
ended at 3.43 and 1.46 %.

87



38

35

29+¢

28

27

26

=

«© 100 "

120 0 140
DAFB

1% 190

S —

295

Hayward 2019
c
<
ab
ab 9
°~b ab
be 4 4 1
a
¢ LN
ab 1
ab p
ab
b
;
[+Cmn:¢-® -
(= Figueiredo "
100 10 120 10 140 180 Wo M 10 W
DAFB

Figure 3.19: ‘Hayward’ kiwifruit temporal evolution of pH along: A) 2018; B) 2019. Data depicted is the
Mean + SE of 25 kiwifruit sampled from 25 different trees tagged across the orchard through time.
Statistically different means (p < 0.05) between orchards and sampling dates are signalled with an
asterisk (*) at higher mean and different letters, respectively. Letters above the error bars are relative

to Carrazedo orchard and below them to Figueiredo.
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Figure 3.20: ‘Hayward’ kiwifruit temporal evolution of TA along: A) 2018; B) 2019. Data depicted is the
Mean + SE of 25 kiwifruit sampled from 25 different trees tagged across the orchard through time.
Statistically different means (p < 0.05) between orchards and sampling dates are signalled with an
asterisk (*) at higher mean and different letters, respectively. Letters above the error bars are relative

to Carrazedo orchard and below them to Figueiredo.
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In 2019, for Carrazedo the initial values of pH and TA were 3.28 and 1.18%,
while the final values were 3.15 and 1.23 % (Figures 3.19B and 3.20B). For
Figueiredo, in the beginning, pH was 3.25 and TA 1.46 %. In the end the values were
3.16 and 1.37 %.

In 2018, pH kiwifruit of both orchards was stable in the first sampling dates,
following then a growing pattern, with exception at 146 DAFB when a sharp

decreased was verified. In 2019, the pH evolution was again irregular.

The titrable acidity increased till 146 DAFB and then decreased in both orchards
in 2018 (Figure 3.20A). In 2019, although more irregular, TA increased till 137 DAFB
in Carrazedo, while till 143 DAFB in Figueiredo (Figure 3.20B). Both decreased after
this sampling date. In both years, kiwifruit from Figueiredo had a higher TA than

Carrazedo.
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Chapter 4

Non-destructive prediction models for ‘Jintao’ kiwifruit
internal quality

Afonso, Andreia M.; Antunes, Maria Dulce; Cruz, Sandra; Cavaco, Ana M.; Guerra, Rui. (2022). The
use of average calibration model's predictions for the assessment of 'Jintao’ kiwifruit quality attributes.
Xl Congreso Nacional y Xl Ibérico de Maduracion y Postcosecha, 14-17 june, Zaragoza, Spain
(conference paper)

Afonso, Andreia M.; Antunes, Maria Dulce; Cruz, Sandra; Cavaco, Ana M.; Guerra, Rui. (2022). The
use of average calibration model's predictions for the assessment of 'Jintao' kiwifruit quality attributes.
Xl Congreso Nacional y Xl Ibérico de Maduracion y Postcosecha, 14-17 june, Zaragoza, Spain

(poster presentation)

Afonso, A. M., Antunes, M. D., Cruz, S., Cavaco, A. M., & Guerra, R. (2022). Non-destructive follow-
up of ‘Jintao’ kiwifruit ripening through VISNIR-DRS spectroscopy—individual vs. average calibration
model’s predictions. Postharvest Biology and Technology, 188, 111895.
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4.1 Temporal evolution of the average spectra and its relation with tissue

structure

The time evolution of the spectra has a similar coarse pattern in both orchards
(Figure 4.1A and B). The first three days have higher NIR plateaus, in the range 50—
70 %, while the last days have diminished plateaus, in the level 3 5— 50 %. One of
the main factors explaining the variation in the plateaus’ height is the fruit firmness. It
is usually assumed that flesh firmness is directly related with the scattering coefficient
and that higher firmness implies more backscattering and a higher level of
reflectance. There is indeed a loose relation between the plateau height (measured
by the representative wavelength of 842 nm) and the firmness (Figure 4.1D),
observed as a global trend of increase in reflectance with firmness, but with a large
variability superimposed. This means that there are more factors needed to explain
the height of the reflectance plateau than the firmness alone. In the context of
ripening follow-up, it is important to understand the causes of the decrease in the NIR
plateau since it signals an internal change in fruit. However, the relationship between
the reflectance spectra and the fundamental structural and mechanical properties
(such as firmness) of plant material (Cen et al., 2013) is not well established, since
light interaction with turbid biological materials is a complicated phenomenon,
involving both absorption and scattering (Qin & Lu, 2008), whose effects cannot be
separated (Cen et al., 2013). Light absorption is related to tissue’s chemical
composition, while scattering is influenced by the physical and structural properties,
such as firmness and cell size (Cen et al., 2013; Cheng et al., 2019). However, the
height of the reflectance plateau cannot be taken as a direct measure of firmness,

since the scattering effect it represents is always coupled with the absorption effect.
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Figure 4.1: A and B) Daily average of VisNIR-DRS ‘Jintao’ kiwifruit reflectance spectra acquired along
time, for orchards 1 and 2, respectively. The numbers above the NIR plateaus indicate the days after
full bloom (DAFB). The vertical lines in A represent the nominal positions of the main absorption
bands, identified by the overtone (n indicates the (n- 1)-th overtone) and the type of oscillation (v for
stretching and & for bending). C) Spectrometer signal-to-noise ratio (SNR) as a function of
wavelength. D) Relation between the reflectance at 842 nm, R@842 nm, and the firmness for orchard
1 (left) and orchard 2 (right). The numbers on the spectra represent the measurement day, the
horizontal bars represent the standard deviation of R@842 nm and the vertical bars represent the
standard deviation of firmness.

Summarizing, i) there was an average trend of decrease in the NIR plateau
accompanying the ripening process, but ii) there was a large variability in that trend,
which means that the relationship between firmness and the NIR plateau is not

simple.

4.2 Spectroscopic signal to noise ratio

Signal to noise ratio (SNR) drops below 500 nm and above 950 nm (Figure
4.1C). This is due to the quantum efficiency of the detector, but it is further shaped by
the absorption of pigments, specifically below 450 nm and around 680 nm. The two
valleys at 640 and 680 nm correspond to the red absorption peaks of chlorophyll b
and a, respectively. These valleys are not clearly identified in the reflectance curves,

suggesting that SNR analysis may provide a way to increase the spectral resolution.
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The water peak around 960 nm falls partly outside the ideal range that should thus
be approximately 500 — 950 nm, which compromises its usefulness for model
calibration. The construction of calibration models employed the whole spectroscopic
available range and the systematic test of sub-ranges. The selection of optimal
ranges coincided, in most cases, with the spectral range insuring SNR> 200 (Table
4.1), suggesting that the SNR criteria may even have precedence over the
information criteria for the construction of models. The DM model is a clear

demonstration of this fact, since it excludes the water band (see Section 4.3.3).

Table 4.1: Summary of principal and best results obtained in the PLS models for ‘Jintao’ kiwifruit
quality attributes.

IQA RMSEP R? SDR Bias Slope Range Pre-Process
SSC (%) 1.24 0.80 224 -0.16 0.78 675-895 SNV
Firmness (N) 8.39 0.61 159 0.68 0.63 635-870 SNV

Dry matter (%) [1.19 0.66 1.71 0.04 0.68 595-931 SNV

TA (%) 0.12 0.12 1.04 0.01 0.18 809 - 883 SNV

pH 0.12 0.43 132 0.00 0.48 470-948 SNV

L* 2.75 0.50 1.40 0.00 0.55 470 -840 SNV

a* 1.44 0.82 238 -0.02 0.82 660 - 948 SNV

b* 1.60 0.32 1.22 0.10 0.33 470 - 660 SG + SNV
Hue (°) 1.92 0.88 291 0.12 0.87 660 - 959 SNV
Chroma 1.69 0.19 1.112 0.13 0.21 486 - 660 SG + SNV

A previous remark valid for all the IQA calibration models is that their
wavelength ranges were always shortened relatively to the full range available, either
in the lower and in upper values. The main reason to eliminate the upper wavelength
region is the noise due to low quantum efficiency of the detector and corresponding
low SNR, especially above 950 nm. The main reason for the elimination of lower
wavelength regions is that the chlorophyll dominated band is not always useful as a
predictor for other attributes.
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4.3 ‘Jintao’ kiwifruit calibration model’s predictions

Regarding there are already many published reports, which differ essentially by
the coverage of the various sources of IQA variability, some concentrate merely in
demonstrating the viability of VisNIR-DRSS to predict IQA. These studies use one
homogeneous batch from a single orchard or local market and tend to deliver
optimistic results due to the lack of variability in the dataset (Fu et al., 2007; Tang et
al., 2010; Quiang et al., 2010; Moghimi et al., 2010; Zhu et al., 2017; Benelli et al.,
2022). A second group of publications still uses only one orchard but gathers more
variability by measuring fruit in different conditions, either by allowing some delay
between the measurements or by using different storage and/or shelf-life conditions.
This was done by Arazuri et al. (2005) and Shibang (2021). The work of Ciccoritti et
al. (2019) added another layer of variability, by sampling the fruit in two successive
years, while Guo et al. (2016) and Vieira et al. (2017) used two different harvesting

dates to include fruit in different ripening stages.

Studying multiple orchards allows to include simultaneously several sources of
variability (soil, weather conditions, cultural practices). For example, Lee et al. (2012)
used data from three orchards and Sarkar et al. (2020) from ten different orchards
and four cultivars. More complex datasets were obtained again by combining
different orchards/origins and shelf-life conditions (Li et al., 2018) and even cold
storage (McGlone et al., 2002b; Lee et al., 2019; Guo et al., 2019). The study of Li et
al. (2017) used data from three seasons. Very complete datasets were obtained by
combining different orchards/origins and harvest times with different: i) shelf-life
conditions (Schaare & Fraser, 2000); ii) storage conditions (McGlone et al., 2007); c)
both shelf-life and storage conditions (McGlone & Kawano, 1998; Chen & Han,
2012). A general trend is that the broader is the range of variability included in the

model, the lower is its predictive model accuracy.
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4.3.1 SSC

The SSC model delivers good performance in the context of VisNIR-DRS in
fruit, although a closer inspection reveals that the predictions saturate around 12 %
SSC (Figure 4.2A). This does not correspond to the upper range of the SSC values,
since the sampling measurements include fruit up to 17 % SSC (Table 3.1), however
the model predictions break in the upper SSC range (12 — 16 %) because there is a

small number of fruit in this range and a huge peak at 5 % (Figure 4.3).
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Figure 4.2: A) measured versus predicted values for ‘Jintao’ kiwifruit SSC. Each symbol corresponds
to one test set. The green shadowed band has a half-width equal to the standard deviation of SSC. B)
average VIP scores of the four models. The shadowed area corresponds to VIP > 1 and the white
circles to the nominal position of the spectroscopic bands indicated.
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Figure 4.3: Histogram of SSC for ‘Jintao’ kiwifruit orchard 1 and orchard 2 in 2018.
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SSC prediction model with RMSEP = 1.24 % is within the same order of
magnitude of those from Benelli et al. (2022) [0.73 — 1.10%)], Clark et al. (2004) [0.76
—0.92 % in 1IV], Guo et al. (2019) [0.9 %], Lee et al. (2019) [1.38 — 1.58 %], Li et al.
(2017) [0.66 —1.02 %], McGlone & Kawano (1998) [0.47 — 0.96 % in EV], Sarkar et
al. (2020) [1.0- 2.1 %] and Vieira et al. (2017) [1.0 %].

The VIP scores indicate that the SSC model is relying mostly on the
chlorophyll band and on the third overtone of CH and CH, stretching, usually
assigned to 910 — 930 nm (Figure 4.2B). These three VIP bands illustrate the three
main sources of information for the calibration models in VisNIR-DRS. The
chlorophyll band around 680 — 690 nm represents an indirect source of information.
Indeed, chlorophyll degradation and SSC are inversely related along ripening. Thus,
chlorophyll content is a proxy for SSC but not a direct measure of it. However, the
4v(C-H) and 4v (CH,) bands are direct sources of information, since they relate
directly with the concentration of organic molecules and may reflect changes in the
sugar content. An interesting detail is that the peak associated with the band 4v (O-

H) is below the level VIP= 1, but still is recognized by the model as locally relevant.

SSC models are the most frequent in the literature and therefore their
discussion covers most of the relevant comments for comparison between published

results and associated methods (Table 4.2).

Table 4.2: Kiwifruit SSC models’ prediction. Valid. = Validation; IV = Internal validation; EV = External
validation.

R? RMSEP SDR Range Kiwifruit Valid. Reference
(%)

0.80 1.24 2.2 675-895 ‘Jintao’ \Y, This
chapter

0.44-0.54 0.66-0.89 - 800-2500 ‘Hayward” - Arazuri et
al. (2005)

0.85-0.94 0.73-1.10 - 424-1000 ‘Hayward’ IV Benelli et
al. (2022)

0.94 0.66 - 800-2500 ‘Qinmer’ \Y, Chen &
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Han (2012)
Ciccoritti et
al. (2019)
Clark et al.
(2004)
Clark et al.
(2004)
Guo et al.
(2016)
Guo et al.
(2016)
Guo et al.
(2019)
Lee et al
(2012)
Lee et al.
(2019)

Li et al
(2017)
Li et al
(2018)
Ma et al
(2021)
McGlone &
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McGlone &
Kawano
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0.89-0.93

0.93

0.61-0.79

0.93

0.97

0.91

0.95

0.31-0.71

0.26

0.97-2.08

0.80

0.36

1.01

0.40

1.5-2.4

3.3

3.3

800-1100

400-1000

729-975

300-1100

400-2200

730-1147

450-1000

‘Hort16A’

‘Hayward’

‘Autumn
sense’ +
‘Chungsan’
+
‘Daesung’
+ ‘Green
ball’
Actinidia

chinensis

‘Jintao’

‘Xuxiang’' +
‘Hongyang’
+

‘Cuixiang’

A\

(2002)
McGlone
et al.
(2007)
Moghimi et
al. (2010)
Sarkar et
al. (2020)

Schaare &
Fraser
(2000)
Shibang
(2021)
Vieira et al.
(2017)
Zhu et al.
(2017)

There are not SSC models for ‘Jintao’ kiwifruit, except for that of Vieira et al.

(2017). Although there is extensive experience with the Kiwi Meter (Rocchi et al.,
2016), it does not provide directly SSC.
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The results obtained in other kiwifruit cultivars are still relevant for the
comparison. They showed that the results of SSC model developed in this work are
inferior to most the results published in the literature. The global panorama of the
published models may be understood by two main factors: i) the quality of the
equipment, which translates in SNR values across some wavelength range; ii) the
fruit variability covered in the dataset (different orchards or sources, harvesting
periods, shelf-life and storage conditions). There is a third transversal factor to
explain the performance parameters, which is the use of a proper external validation
(EV).

In the following paragraphs these factors are discussed, together with other
secondary features that may add additional insight into the results. Most of the
published studies use internal validation (IV), which used a homogeneous splitting of
the entire dataset as calibration and validation, while in EV, calibration and validation
are heterogeneous datasets, obtained, for example, from different orchards or years.
EV is more demanding than IV and therefore, a degradation of the results is
expected when going from IV to EV. Examples of that difficulty may be found in
McGlone & Kawano (1998) [RMSEP ~ 0.4 % in IV vs. RMSEP ~ 0.5 -1 % in EV]; in
Clark et al. (2004) [RMSEP ~ 0.8 — 0.9 % in IV vs. RMSEP ~ 1.4 % in EV] and Li et
al. (2018) [RMSEP ~ 0.8%]. Considering that the present work used IV, the SSC
model performance (RMSEP = 1.24 %) resembles more that of EV results. The 4 x
5-fold double cross-validation method used here increased RMSEP only by 0.1 %
relatively to the standard IV (results not shown), so that other factors should explain
the large RMSEP obtained. There is a clear trend in the published reports: the more
homogeneous the dataset, the better the predictions for SSC. For example, Moghimi
et al. (2010) [RMSEP = 0.32 %], Zhu et al. (2017) [RMSEP = 0.4 %] or Shibang
(2021) [RMSEP = 0.36 %] use only one source/orchard and limited size datasets.
Adding more variability by measuring fruit in different conditions, either by allowing
some delay between the measurements or by using different storage and/or shelf-life
conditions, usually tends to increase RMSEP. For example, Arazuri et al. (2005)
included five different conditions in shelf-life and obtained RMSEP ~ 0.7 % (average
of results in that paper). Guo et al. (2016) acquired two lots separated two weeks and

measured the fruit in several days, along ripening, obtaining RMSEP ~ 0.6 — 1.0 %.
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Models with several orchards tend to deliver the higher (and more realistic) RMSEP
values. For example, Clark et al. (2004), with 20 orchards obtained RMSEP ~ 0.8 —
0.9 % (in 1V); Li et al. (2017), with 50 orchards obtained RMSEP ~ 0.7 — 1.0 %; Lee
et al. (2019), with 3 orchards obtained RMSEP ~ 1.4 — 1.6 % and Sarkar et al.
(2020), with 10 orchards obtained RMSEP ~ 1.0 — 2.1 %.

The present work adds a new source of variability to the data. For the first
time, the data includes measurements from the early pre-harvest. In the previous
studies the variability is obtained by collecting the fruit some weeks before or after
the harvest (commercial season) or by changing postharvest conditions. In this work,
the variability is obtained from the very ripening process, along a period of 12
(orchard 2) or 13 weeks (orchard 1). Therefore, the datasets were very
heterogeneous, including fruit in very different developmental stages. This means
very different chemical and structural compositions MIXed in the same dataset. For
example, the proportion of starch and sugars is very different at harvest and 10
weeks before, which represents an additional difficulty for retrieving information from
the C—H bands. The cellular structure also changes considerably in that period,
introducing more variability in the scattering effects. These factors necessarily sum
up to degrade the calibration models’ performance obtained in this work when
compared to others developed more homogeneous samples. The spectrometer used
in this work is noise limited above 950 nm, due to very poor SNR (Figure 4.1C). For
this reason, important bands might be not included in the models, as the water band
at 960 nm, 3v(O-H), that should have an indirect, but important role in the SSC
model (since more solubilized solids means less absolute quantity of water per juice
unit volume). However, the best model for SSC did not include it, probably because
of low SNR in that band. Therefore, low SNR in the water band may degrade the

model predictions and this applies to all the models developed in this chapter.

4.3.2 Colorimetric parameters

The Hue pulp calibration model also delivers good performance (Figure 4.4A).

There is an agglomeration of points in the upper part of the plot because most of the
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fruit had Hue above 110 °, as can also be seen in Figure 4.5. However, a good

linearity was maintained for the lower values of Hue.
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Figure 4.4. A) measured versus predicted values for ‘Jintao’ kiwifruit Hue. Each symbol corresponds
to one test set. The green shadowed band has a half-width equal to the standard deviation of Hue. B)
average VIP scores of the four models. The shadowed area corresponds to VIP > 1 and the white
circles to the nominal position of the spectroscopic bands indicated.

Orchard 1-2018 B Orchard 2 - 2018

Number of frults
12

Figure 4.5: Histogram of Hue for ‘Jintao’ kiwifruit orchard 1 and orchard 2 in 2018.

The VIP scores plot has a prominent peak at about 660 nm, which may be

assigned to the red peak of chlorophyll b (Figure 4.4B). Generally, there is a
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preponderance of the chlorophylls, a and b, in the model. Their importance is twofold:
on one side there is an indirect correlation, since the chlorophyll content decreases
simultaneously with Hue along ripening; on the other side, there is a direct correlation
with the red colour and thus with Hue. As in the SSC model, there are two more
bands with VIP > 1, and they are the same: 4v (O—H) and 4v (C-H). These cannot be
a direct source of colour information, since they are out of the visible. So, they are
conveying indirect information of water and organic molecules content changes along

ripening.

Hue is a colorimetric parameter that changes approximately from around 120°
(light green) to 100 ° (yellow - green) along the ripening process (McGuire, 1992).
Therefore, it would be expectable to have the best calibration model defined in the
visible range or, at least, including green and yellow. However, this was not
observed. In fact, including the wavelength range below 660 nm (red) degraded the
model. Part of the explanation is that the spectral range below 500 nm is in the
higher noise regime (Figure 4.1C). Thus, the spectral band 400 — 500 nm is not
included in the model (Table 4.1). However, this does not explain why the band 500 —
660 nm is also rejected. This is probably because absorption in that range is largely
determined by carotenoid content, which changes much less than chlorophyll along
ripening. Therefore, the later relates much better than the former with changes in
pulp colour. Skin colour necessarily interferes with the pulp colour measurement,
since light must cross the skin twice, along the path between the light injection fiber
and the light collection fibers. Furthermore, in the reflectance mode there are
additional photons scattered by the skin, which are devoid of information from the
pulp. As mentioned above, the interactance probe used in this work may have
collected such photons with corresponding degradation of the results. On the other
side, the near infrared part of the spectrum is less contaminated by the skin
absorption because its pigments absorb essentially in the visible, and this explains

why the calibration model includes the infrared.

There are not many reports on the prediction of Hue (Table 4.3). Clark et al.
(2004) obtained RMSEP = 0.85-1.37 °in IV and 1.11 ° in EV, McGlone et al. (2007)
obtained RMSEP = 0.98-1.05 °© and Schaare & Fraser (2000) obtained RMSEP =
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1.63 °. Again, the present results are inferior to the published ones, although similar
to last one. A possible reason for this situation is a best SNR provided by the
spectrometer employed by these authors, which allowed them to use lower

wavelengths.

Table 4.3: Kiwifruit Hue models’ prediction. Valid. = Validation; IV = Internal validation; EV = External
validation.

R? RMSEP(®) SDR Range Kiwifruit Valid. Reference
0.88 1.92 2.9 660-959 ‘Jintao’ \Y This chapter
0.68-0.86 0.85-1.37 - 500-750 ‘Hort16A’ IV Clark et al.
(2004)
0.63 1.11 - 500-750 ‘Hort16A’ EV Clark et al.
(2004)
0.81-0.88 0.98-1.05 - 500-750 ‘Hort16A’ IV McGlone et al.
(2007)
0.82 1.63 - 300-1100 Actinidia IV Schaare &
chinensis Fraser (2000)

Relatively to the other colorimetric parameters models, a*, L*, b* and chroma,
only a* delivers good performance (Figure 4.6A). Its VIP scores plot reveal that the
fundamental source of information is the chlorophyll band, with a minor contribution
from the 4v (C—H) band (Figure 4.6B). This agrees with the fact that the a* measures

the green to red transition and is intimately related with the chlorophyll content.
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Figure 4.6: A) measured versus predicted values for ‘Jintao’ kiwifruit a*. Each symbol corresponds to
one test set. The green shadowed band has a half-width equal to the standard deviation of a*. B)
average VIP scores of the four models. The shadowed area corresponds to VIP > 1.

The performance of the remaining colorimetric parameters L*, b* and chroma
are all poor, with SDR < 1.4 for all the three cases (Figure 4.7A, Figure 4.8A and
Figure 4.9A).
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Figure 4.7: A) measured versus predicted values for ‘Jintao’ kiwifruit L*. Each symbol corresponds to
one test set. The green shadowed band has a half-width equal to the standard deviation of L*. B)
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Figure 4.8: A) measured versus predicted values for ‘Jintao’ kiwifruit b*. Each symbol corresponds to
one test set. The green shadowed band has a half-width equal to the standard deviation of b*. B)

average VIP scores of the four models. The shadowed area corresponds to VIP > 1.
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Figure 4.9: A) measured versus predicted values for ‘Jintao’ kiwifruit chroma. Each symbol
corresponds to one test set. The green shadowed band has a half-width equal to the standard
deviation of chroma. B) average VIP scores of the four models. The shadowed area corresponds to
VIP > 1.

The poor performance of the b* model results from the difficulty in retrieving
reliable information on the blue, as mentioned above (Figure 4.8). The average
reflectance in the blue, although low, seems enough for the purpose of building
models (Figure 4.1A and 4.1B). However, SNR is very low in the blue (Figure 4.1C),

yielding a poor-quality signal in that range and, consequently, perform a poor model.

These finding highlights, again, the crucial role of SNR for obtaining good
models. The difficulties found in the L* and chroma models result from the original
problems in the determination of b*, since the correct calculation of L* and chroma

depends on the correct estimate of b*.

Other reports about kiwifruit L*, b*, a* and chroma were not found.
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4.3.3 Dry matter

The performance of the DM model is fair (Figure 4.10A). This means that

coarse separation of fruit is possible, in high and low values.
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Figure 4.10: A) measured versus predicted values for ‘Jintao’ kiwifruit DM. Each symbol corresponds
to one test set. The green shadowed band has a half-width equal to the standard deviation of DM. B)
average VIP scores of the four models. The shadowed area corresponds to VIP > 1.

In the case of dry matter, the larger deviations from the measured values are
observed mainly in the squares, since for the test set #1 (squares) the maximum DM
value of 19.4 % in validation exceeds by more than 1 % the maximum value in

calibration (18.7 %), affecting the models’ performance (Table 4.4).
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Table 4.4: Statistics of the four dataset pairs calibration/test used for the prediction of ‘Jintao’ kiwifruit SSC, Hue, DM and firmness.

Validation Calibration I0A Calibration Validation
set set mean std max  min mean std max min

1 SSC (%) 6.7 2.7 14.5 3.7 6.7 28 143 3.5
(squares) 234 Hue (°) 112 6 118 98 113 5 118 101
DM (%) 14.2 1.98 18.7 9.6 14.4 2.2 19.4 9.7
Firmness (N) 57.5 13.5 91.9 11.4 55.4 12.7 83.6 18.2
SSC (%) 6.8 28 145 3.5 6.4 2.7 13.0 4.0
2 134 Hue (°) 112 6 118 98 113 4 118 102
(triangles) DM (%) 14.5 2.1 19.4 9.7 13.8 1.8 17.2 9.6
Firmness (N) 58.0 13.2 91.9 11.4 54.3 13.3 843 18.3
3 SSC (%) 6.6 2.7 14.5 3.5 6.9 29 143 3.7
(circles) 124 Hue (°) 112 5 118 98 111 6 118 98
DM (%) 14.2 20 194 9.6 14.7 2.2 18.7 104
Firmness (N) 56.2 13.0 911 18.2 59.5 143 919 11.4
SSC (%) 6.7 28 143 3.5 6.7 2.7 14.5 4.1
( diam“on ds) 123 Hue (%) 112 5 118 98 111 6 118 98
DM (%) 14.3 2.1 19.4 9.6 14.3 1.9 174 103
Firmness (N) 56.2 136 91.9 11.4 59.3 124 911 275
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For DM, the upper wavelength range is 931 nm, which excludes the main
water peak. However, the result displayed in Figure 4.10B shows another, sub-
optimal model, that includes the water band. The reason to illustrate two different
models is to discuss the role of the 3v (O—H) absorption band, located near 960 nm.
This is the main feature related to water content and yet the best model for DM did
not include it (Table 4.1). On the other side, the sub-optimal model of Figure 4.10B
includes the water band, which takes the prominent role, as observed in the VIP
scores plot. Spectrometer noise is again the most likely explanation for the absence
of the water peak in the best model, since the band at 960 — 980 nm is already in the
higher noise regime (Figure 4.1C). Since the changes in DM content are of the order
of few percent, a level of SNR below 200 (observed in the water band) makes a real
difference in terms of numerical reliability. This is an extreme example of the
importance of SNR, since the most important source of information was excluded

due to the noise affecting it.

The comparison with the literature results is the most unfavourable of all the
IQA (Table 4.5). Published results for DM include RMSEP= 0.33 % (Ciccoritti et al.,
2019), 0.44 — 0.50 % in IV and 0.54 % in EV (Clark et al., 2004), 0.77% (Kim et al.,
2018), 0.36 — 0.44 % in IV and 0.47 — 0.69 % in EV (McGlone and Kawano, 1998),
0.29 % (McGlone et al., 2002), 0.24 — 0.40 % (McGlone et al., 2007), 0.53 — 0.59 %
(Qiang et al., 2010), 0.41 — 0.57 % (Tang et al., 2010) and 0.73 % (Vieira et al.,
2017).
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Table 4.5: Kiwifruit dry matter models’ prediction. Valid. = Validation; IV = Internal validation; EV =
External validation.

R? RMSEP(%) SDR Range Kiwifruit ~ Valid. Reference
0.66 1.19 1.7 595-931  ‘Jintao’ v This
chapter
0.98 0.33 7.8 850-2500 ‘Hayward’ + IV Ciccoritti et
‘Boerica’ al. (2019)
0.90-0.93 0.44-0.50 - 800-1000 ‘Hort16A’ v Clark et al.
(2004)
0.91 0.54 - 800-1000 ‘Hort16A’ EV Clark et al.
(2004)
0.74 0.77 3.4 729-975 ‘Saehan’ v Kim et al.
(2018)
0.86-0.92 0.36-0.44 2.7-3.6. 800-1100 ‘Hayward’ v McGlone &
Kawano
(1998)
0.85-0.86 0.47-0.69 0.9-25 800-1100 ‘Hayward’ EV McGlone &
Kawano
(1998)
0.94 0.29 - 800-1000 ‘Hayward’ \Y McGlone et
al. (2002)
0.91-0.97 0.24-0.40 - 800-1000 ‘Hort16A’ v McGlone et
al. (2007)
0.88-0.90 0.53-0.59 - 1000- ‘Zhonghua’ IV Quiang et
2500 al. (2010)
0.86-0.94 0.41-0.57 - 1000- ‘Zhonghua’ IV Tang et al.
2500 (2010)
0.47 0.73 14 730-1147 ‘Jintao’ v Vieira et al.
(2017)
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4.3.4 Firmness

The calibration model of firmness has R? = 0.61, RMSEP= 8.39 N and SDR=
1.59, which means that it captures some information (Figure 4.11A). Inspection of
VIP scores reveals, again, a preponderance of the chlorophyll band and some weight
attributed to a new band centred around 785 nm (Figure 4.11B). The relation with
chlorophyll is indirect, as its content decreases together with firmness along ripening.
On the other side, the 785 nm region is interesting because it lacks relevant chemical
absorption bands. However, this may be appropriate for modelling firmness, since
the changes induced by the scattering effects of the tissue structure are less

obscured by absorption effects in this spectral region.

A v v v v B r v
| Re0.78 SOR=1.50 | ﬁ

R%=0.61 baas=068

0
o

o
o
Y

~
o
T

[+
o
T

vip scores

-

e
o
T

predicted Firmness (N)
wn
o

w
o
T

0.9 J

08F

N
o

o
T

0.7F
20 40 60 80 650 700 750 800 850
measured Firmness (N) A (nm)

Figure 4.11: A) measured versus predicted values for ‘Jintao’ kiwifruit firmness. Each symbol
corresponds to one test set. The green shadowed band has a half-width equal to the standard

deviation of firmness. B) average VIP scores of the four models. The shadowed area corresponds to
VIP > 1.

Despite the moderate/poor result, the firmness model is the one that
compares better with the literature (Table 4.6), being approximately equal to those
obtained by Benelli et al. (2022) [RMSEP= 9.9 — 14.5 N], Fu et al. (2007) [6.3 — 7.0
N], Li et al. (2018) [11.9 N], McGlone & Kawano (1998) [4.5 — 7.8 N in IV], Vieira et
al. (2017) [11.6 N], although inferior to the results obtained by Lee et al. (2012) [2.8 —
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4.0 N] and Li et al. (2017) [2.7 — 4.3 N]. The latter were obtained in the approximate

range 400 — 2500 nm, which may point to some advantage of using longer
wavelengths. Wang et al (2022a) obtained the best RMSEP = 0.37 N, however the

spectra was acquired from kiwifruit slices, with no interference of skin signal as in the

other reports.

Table 4.6: Kiwifruit firmness models’ prediction. Valid. = Validation; IV = Internal validation; EV =
External validation.

R? RMSEP(N) SDR Range Kiwifruit Valid. Reference

0.61 8.4 1.6 635-870 ‘Jintao’ \Y This chapter

0.82-0.92 9.9-145 - 424-1000 ‘Hayward IV Benelli et al.
(2022)

0.49-0.57 6.3-7.0 - 800-2500 ‘Qinmei’ IV Fu et al
(2007)

0.88-0.94 2.8-4.0 - 408-2492 ‘Hayward’ IV Lee et al.
(2012)

0.30-0.60 2.7-4.3 1.4-1.7 400-2450 ‘Hayward’ IV Li et al
(2017)

0.56 11.9 14 740-1070 ‘Zesy002' EV Li et al.
(2018)

0.52-0.76 4.5-7.8 1.6-2 800-1100 ‘Hayward’ IV McGlone &
Kawano
(1998)

0-0.42 12-85 <1 800-1100 ‘Hayward’ EV McGlone &
Kawano
(1998)

0.81 11.6 2.3 730-1147  ‘Jintao’ v Vieira et al.
(2017)

0.90 0.37 2.89 833-2500 ‘Qinmei’ IV Wang et al.
(2022a)

0.98 36.3 5.2 450-1000 ‘Xuxiang’ IV Zhu et al.
(2017)
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4.3.5 Titrable acidity

The model for TA has poor to zero performance with R = 0.12, RMSEP= 0.12
% and SDR= 1.04 it has an almost null predictive power (Figure 4.12A).
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Figure 4.12: A) measured versus predicted values for ‘Jintao’ kiwifruit TA. Each symbol corresponds
to one test set. The green shadowed band has a half-width equal to the standard deviation of TA. B)
average VIP scores of the four models. The shadowed area corresponds to VIP > 1.

It is interesting that the model of Vieira et al. (2017) predicted slightly better
(R? = 0.52, RMSEP= 0.25 % and SDR = 1.4), probably because it included
wavelengths up to 1147 nm (Table 4.7). The spectral range seems decisive here.
Using an upper range of 2500 nm, Ciccoritti et al. (2019) and Lee et al. (2012)
obtained R? > 0.9.
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Table 4.7: Kiwifruit titrable acidity models’ predictions. Valid. = Validation; IV = Internal validation; EV
= External validation.

R? RMSEP SDR Range Kiwifruit Valid. Reference
(%)
0.12 0.12 1.0 809-883 ‘Jintao’ \Y This chapter
0.93 0.19 3.9 850-2500 ‘Hayward’ IV Ciccoritti et
+ al. (2019)
‘Boerica’
0.90-0.95 0.21- - 408-2492 ‘Hayward’ IV Lee et al
0.39% (2012)
0.52 0.25% 1.4 730-1147  ‘Jintao’ \Y, Vieira et al.
(2017)
4.3.6 pH

The same comments of TA apply to pH, although the pH results are slightly
better (R = 0.43, RMSEP= 0.12 and SDR= 1.32) (Figure 4.13A).
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Figure 4.13: A) measured versus predicted values for ‘Jintao’ kiwifruit pH. Each symbol corresponds
to one test set. The green shadowed band has a half-width equal to the standard deviation of pH. B)
average VIP scores of the four models. The shadowed area corresponds to VIP > 1.
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These results are clearly worse than the references available (Table 4.8).
Moghimi et al. (2010), in which a high-quality benchtop spectrometer was used, and
Wang et al. (2022c) with a similar range ~ 400 - 1100 nm obtained the same
RMSEP= 0.076, despite the latter used hyperspectral fluorescence.

Zhu et al. (2017) [R2 = 0.91, RMSEP= 0.015 and SDR= 2.6] and Ma et al.
(2021) [R? = 0.68 and RMSEP= 0.13] may have benefited from a more adequate
wavelength range. Although Ma et al. (2021) used hyperspectral imaging, also
studied Actinidia chinensis and is the report that compares better with the work of this
chapter [R? = 0.43 and RMSEP= 0.12].

Table 4.8: Kiwifruit pH models’ prediction. Valid. = Validation; IV = Internal validation; EV = External
validation.

R? RMSEP SDR Range Kiwifruit Valid. Reference
0.43 0.12 1.3 470-948 ‘Jintao’ \Y This chapter
0.68 0.13 - 1002-2300 Actinidia \Y, Ma et al.
chinensis (2021)
0.94 0.076 2.6 400-1000 ‘Hayward’ \Y, Moghimi et
al. (2010)
0.85 0.076 2.7 376.80-1011.05 ‘Red Sun’ \Y, Wang et al.
(2022c)
0.91 0.015 2.6 951-1670 Xuxiang® + IV Zhu et al.
‘Hongyang’+ (2017)
‘Cuixiang’

116



4.4 Average ‘Jintao’ kiwifruit calibration model’s predictions

Since the decision of harvesting is, usually, done by taking into account the
average values of an orchard instead of individual fruit values, it was tested if

average predictions could be an improvement over individual ones.

This approach was applied to predict all ‘Jintao’ kiwifruit IQA and the results
showed that the average daily measurements are, in general, very close to the
average daily predictions (Figure 4.14 to Figure 4.23), which is confirmed by the low
number of asterisks in figures A and B, meaning that there are only a few statistically

different means (p < 0.05).

A Orchard 1 B Orchard 2
R ey T
12F]- & - prodcted ' 1% 12F |- & - predicted
.4‘
~ 10 S i ~10F 1 T E
2 ' 2 »——=2
o 8 I 1 Q 8 A 4 1
@ . 4 ] F 3
ﬁ = = — ;,\ 7 3 - w 6" * L /A ) y
——— e ] e §— ¥
a T - .
91 104 118 132 146 160 174 189 91 104 118 132 146 160 174
C DAFB D DAFB
= . - = v - - v .
o R=1.00 SDR=9.05 A O 12F  Re099 SDR=6 98 s
A 10h R%=0.99 bias=-0.06 et | b3 R%e0.99 blas=-0.20 a2
v msep=0.31 slope=0.91 7] 10+ rmsep=0.40 slope=0.91 : J
[ ©
% g =
E 8 - » b B L -
> - >
© = ©
R 8 6f 1
Q sy o .l
- A : X ] 8 4O i i .
o o =
4 6 8 10 4 6 8 10 12
Measured average SSC (%) Measured average SSC (%)

Figure 4.14: Average measured (open squares / solid line) and predicted (closed squares / dashed
line) ‘Jintao’ kiwifruit SSC values for each date in: A) orchard 1; B) orchard 2. Each point represents
the mean of the values in each DAFB (Days After Full Bloom) and the error bars represent their
standard deviation. Statistically different means (p < 0.05) are signalled with an asterisk. Plot of
average measured vs. average predicted Hue values and associated prediction statistics for: C)
orchard 1; D) orchard 2.
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Figure 4.15: Average measured (open squares / solid line) and predicted (closed squares / dashed
line) ‘Jintao’ kiwifruit Hue values for each date in: A) orchard 1; B) orchard 2. Each point represents
the mean of the values in each DAFB (Days After Full Bloom) and the error bars represent their
standard deviation. Statistically different means (p < 0.05) are signalled with an asterisk. Plot of
average measured vs. average predicted Hue values and associated prediction statistics for: C)
orchard 1; D) orchard 2.
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Figure 4.16: Average measured (open squares / solid line) and predicted (closed squares / dashed
line) ‘Jintao’ kiwifruit a* values for each date in: A) orchard 1; B) orchard 2. Each point represents the
mean of the values in each DAFB (Days After Full Bloom) and the error bars represent their standard
deviation. Statistically different means (p < 0.05) are signalled with an asterisk. Plot of average
measured vs. average predicted Hue values and associated prediction statistics for: C) orchard 1; D)
orchard 2.
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Figure 4.17: Average measured (open squares / solid line) and predicted (closed squares / dashed
line) ‘Jintao’ kiwifruit L* values for each date in: A) orchard 1; B) orchard 2. Each point represents the
mean of the values in each DAFB (Days After Full Bloom) and the error bars represent their standard
deviation. Statistically different means (p < 0.05) are signalled with an asterisk. Plot of average
measured vs. average predicted Hue values and associated prediction statistics for: C) orchard 1; D)
orchard 2.
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Figure 4.18: Average measured (open squares / solid line) and predicted (closed squares / dashed
line) ‘Jintao’ kiwifruit b* values for each date in: A) orchard 1; B) orchard 2. Each point represents the
mean of the values in each DAFB (Days After Full Bloom) and the error bars represent their standard
deviation. Statistically different means (p < 0.05) are signalled with an asterisk. Plot of average
measured vs. average predicted Hue values and associated prediction statistics for: C) orchard 1; D)
orchard 2.
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Figure 4.19: Average measured (open squares / solid line) and predicted (closed squares / dashed
line) ‘Jintao’ kiwifruit chroma values for each date in: A) orchard 1; B) orchard 2. Each point represents
the mean of the values in each DAFB (Days After Full Bloom) and the error bars represent their
standard deviation. Statistically different means (p < 0.05) are signalled with an asterisk. Plot of
average measured vs. average predicted Hue values and associated prediction statistics for: C)
orchard 1; D) orchard 2.
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Figure 4.20: Average measured (open squares / solid line) and predicted (closed squares / dashed
line) ‘Jintao’ kiwifruit dry matter values for each date in: A) orchard 1; B) orchard 2. Each point
represents the mean of the values in each DAFB (Days After Full Bloom) and the error bars represent
their standard deviation. Statistically different means (p < 0.05) are signalled with an asterisk. Plot of
average measured vs. average predicted Hue values and associated prediction statistics for: C)
orchard 1; D) orchard 2.
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Figure 4.21: Average measured (open squares / solid line) and predicted (closed squares / dashed
line) ‘Jintao’ kiwifruit firmness values for each date in: A) orchard 1; B) orchard 2. Each point
represents the mean of the values in each DAFB (Days After Full Bloom) and the error bars represent
their standard deviation. Statistically different means (p < 0.05) are signalled with an asterisk. Plot of
average measured vs. average predicted Hue values and associated prediction statistics for: C)
orchard 1; D) orchard 2.
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Figure 4.22: Average measured (open squares / solid line) and predicted (closed squares / dashed
line) ‘Jintao’ kiwifruit titrable acidity (TA) values for each date in: A) orchard 1; B) orchard 2. Each point
represents the mean of the values in each DAFB (Days After Full Bloom) and the error bars represent
their standard deviation. Statistically different means (p < 0.05) are signalled with an asterisk. Plot of
average measured vs. average predicted Hue values and associated prediction statistics for: C)
orchard 1; D) orchard 2.
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Figure 4.23: Average measured (open squares / solid line) and predicted (closed squares / dashed
line) ‘Jintao’ kiwifruit pH values for each date in: A) orchard 1; B) orchard 2. Each point represents the
mean of the values in each DAFB (Days After Full Bloom) and the error bars represent their standard
deviation. Statistically different means (p < 0.05) are signalled with an asterisk. Plot of average
measured vs. average predicted Hue values and associated prediction statistics for: C) orchard 1; D)
orchard 2.

Indeed, from a total of 150 mean values observed [(8 +7) days x 2 orchards x
10 IQA] and their corresponding predicted mean values, only 13 (8.7 %) are
statistically significant different (Table 4.9). The percentage is lower considering
orchard 1 only (6.3 % or 5 in 80), but it is higher in orchard 2 (11.4 % or in 8 in 70).

This translates into R? values equal or above 0.97, except for b*, chroma, pH
(only orchard 2) and TA (only orchard 1), six SDR values above 9 (both orchards
Hue, orchard 1 SSC, orchard 1firmness and orchard 2 a*) and two of them are above
10 (orchard 1 firmness and orchard 2 a*) and one above 15 (orchard 2 Hue) (Table
4.10). Comparing Table 4.10 and Table 4.1, RMSEP values are around 3 — 5 times
lower than those obtained for individual predictions and for firmness prediction the
difference is even bigger with values, approximately, 9 times lower in orchard 1.
These are excellent results, especially taking into account that the performance of

some models, obtained in the chapter before, using the individual values is poor.
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Table 4.9: Significant differences between average measured and average predicted ‘Jintao’ kiwifruit IQA values for each DAFB (Days After Full
Bloom) (1 means difference; 0 no difference).

Orchard 1 Orchard 2
DAFB 91 104 118 132 146 160 174 189| 91 104 118 132 146 160 174
SscC o 0 o 0 O o 0 ol1]o]1]0 o o0 o
Firmness | 0 O 0 0 0 0 0 0|0 O 0 0 0 0 0
DM o 0o 0 0 0O O O O|1 0 O O O O O
TA o 0o 0 0 0O O O O0O|O O O O O O O
pH '1]o o o o o[1]olo 0o o o0 o0f[1]1
L* o 0o 0 0o o o O of1]0 o o of[1]o0
ax 0 0 o 0 0O O0 O0[1]0 0 O 0O 0 O
b* o 0 o 0 0o oOof[1]o0ofo 0o o0 O 0 O
Hue 0 o 0 o 0O O 0|0 O O O O 0 O
Chroma |0 0 0 0 0 O O 0]O0O O 0 0 0 0 0

Table 4.10: Results obtained in the PLS models for ‘Jintao’ kiwifruit quality attributes using average values.

Orchard 1 Orchard 2
IQA RMSEP R® SDR Bias Slope |RMSEP R® SDR Bias Slope
SSC (%) 031 099 9.05 -006 091 (040 099 698 -020 0.91

Firmness (N) 1.08 099 10.11 043 0.99 1.93 0.98 5.75 097 091
Dry matter (%) [0.27 0.97 6.49 0.03 0.94 0.31 0.99 6.38 0.07 0.85

TA (%) 0.03 0.70 1.73 -0.02 0.70 0.03 095 1.26 0.03 0.88
pH 0.04 0.97 3.88 0.00 0.77 0.03 082 241 0.00 0.70
L* 0.35 098 7.72 -0.07 1.00 0.87 0.97 4.03 0.05 0.77
a* 0.44 0.98 6.79 -0.05 0.96 0.36 1.00 10.89 -0.02 0.92
b* 0.35 0.66 1.83 0.00 0.71 0.56 0.85 2.35 0.15 0.65
Hue (°) 0.53 099 9.35 0.08 0.93 0.44 1.00 1519 0.23 0.96
Chroma 0.37 0.83 243 0.05 0.70 0.39 0.73 1.74 0.20 0.79
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The conclusion is that the prediction of the average IQA for an orchard, or part
of an orchard, is much more reliable than the prediction of individual IQA values. This
was expected, due to the averaging effect. Therefore, good calibration models allow
to achieve excellent average models, which in turn allow for an efficient follow-up of

ripening in the orchard.

Average predictions provide a very reliable way of monitoring ripening and
predict the harvest date. For example, in orchard 2, the average prediction of SSC at
146 DAFB signals perfectly the onset of harvesting (Figure 4.14B). For orchard 1, the
average prediction at 160 DAFB is slightly delayed (Figure 4.14A).

In practice, more frequent assessments will allow to identify the IQA evolution
patterns and to predict the optimal harvest date with some days/weeks in advance,
what is very important for producers trading.

4.5 Best IQA for monitoring ‘Jintao’ kiwifruit ripening

The results of previous section lead to a question: why are poor models able to
deliver good average predictions? Because the average values of some IQA vary
very little from day to day. In other words, the averages to predict are approximately
constant along ripening. This also implies that those IQA are useless for monitoring

purposes.

A specific IQA is potentially useful for monitoring ripening if it varies
significantly over time. Of course, practical application requires that selected 1QAs

meet the two conditions: robust models and significant variation over time.

The variability of the average daily values, in 2018, is shown in Table 4.11 in

the column named “Season Change” and it is quantified as % change:

max(Yqy)—min (Yay)

mean (Ygqp)

Season Change = , 4.1)

where y,, represents the average daily measurements of a generic 1QA.
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Table 4.11: Season change, global change and % change of ‘Jintao’ kiwifruit IQA variation, using the
data from 2018.

Orchard 1 | Orchard 2 |
IOA Season Global % Season Global % Good for
Change change Season |Change change  Season | follow-
(%) (%) (%) (%) up?
SSC 101 203 50 104 181 57 Y
Firmness 57 121 47 52 146 36 N
Dry matter 38 69 55 37 58 64 Y
TA 14 66 21 10 63 16 N
pH 12 29 41 8 22 36 N
L* 13 38 34 17 32 53 N/Y
a* -61 -103 59 -79 -102 77 Y
b* 8 46 17 11 42 26 N
Hue 12 19 63 15 18 83 Y
Chroma 11 44 25 5 36 14 N

All the colorimetric parameters change very little, except a*. The latter
changes between 61 % (orchard 1) and 79 % (orchard 2), while b*, for example, only

changes between 8 % and 11 % for the same orchards.

Table 4.11 contains two more columns for each orchard, which are the global

change and the % of season change.

Global change is calculated in the same way as Season Change (6),

maX(J/)—min(J’) X 100

mean (y)

Global change = (4.2)

but now y represents the measurements for a given IQA and not the daily average,
as in Season Change (6). As the name suggests, it represents the global change on
the data. The global change considers all the data variability (inter-days and intra-day
variability), while the seasonal change only considers the inter-days variability
associated with ripening. The column named % season is the ratio of the two

preceding columns:

season change

% season = x 100 (4.3)

global change
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It is a simple way to quantify the percentage of global variability that may be
assigned to the seasonal changes.

Taking parameter b* as example. Its seasonal variability is only 17% of the
global variability in orchard 1 and 26% in orchard 2. Thus, most of the variability is
not explained by ripening but by intra-day variations). This means that each day
shows approximately the same variability, centred on the same average value.

An opposite behaviour is shown, for example, by a*. Its seasonal variability is
59% of the global variability in orchard 1 and 77% in orchard 2. This means that the
ripening changes are the main source of variability.

Only the IQA with dominant seasonal change should be used for ripening
follow-up. It was considered “good for follow-up”, accordingly a threshold of 50% in %
Season.

In practice, it is necessary that the selected IQAs satisfy the two conditions:

1. Be associated with robust models;

2. Be useful for follow-up.

The conclusion is that a*, Hue and SSC meet both criteria and are good
follow-up IQA and the others have limited interest. The borderline IQAs are firmness,
DM and L*. However, from these only DM is a potential candidate to the list of IQAs
to be monitored, since firmness is not suitable for follow-up and L* does not have a

robust model.
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Chapter 5

Validation of prediction models

Afonso, Andreia M.; Antunes, Maria Dulce: Cavaco, Ana M.; Guerra, Rui. (2023). A simple calibration
transfer method for temporal evaluation of Kiwifruit ripening by Vis-NIR spectroscopy. (in preparation
to be submitted)
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5.1 Preliminary data exploration from two years

The raw data from the four datasets, two years and two orchards, is depicted

in Figure 5.1.
T A Il B
1 - /_,_.“/
o—— . TS ]

|
\\

Figure 5.1: ‘Jintao’ kiwifruit reflectance data of the four datasets. The red line represents the average
spectrum of the dataset and the pink band represents one standard deviation above and below the
average. Behind the band, individual spectra are represented in gray. A) Orchard 1, 2018; B) Orchard
2, 2018; C) Orchard 1, 2019; D) Orchard 2, 2019.

It is clear from the plots that the spectral patterns are clearly distinct between
the two years. The most distinctive features are:
1) A plateau in the region 500 - 600 nm, observed in 2018, which is replaced by
a slope in 2019;
2) More pronounced dips at the chlorophyll absorption peak (680 nm) in 2018;
3) Excess noise in the 2018 spectra wings;
4) Highest reflectance values at the 2018 NIR plateau.

It was not possible to perform a proper calibration transfer. Apart from the feature
3, which is obviously caused by the different spectrometer sensors, it is not possible
to tell whether the other discrepant features were caused by a different kiwifruit
structure or by the hardware itself. Although the most probable scenario is a MIX of
the two effects, it is very plausible that the hardware plays a dominant role in the

production of such dissimilar spectra. This represents a serious complication for
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validation of the data, since the data is split in two blocks with different spectral
characteristics and no calibration transfer is possible. The exploration of this problem

and its partial solution is explained in the next sections.

The evolution of the spectra along time, for each orchard, is depicted in Figure
5.2. In this plot, each curve is the average of data for each day. A colour code was
used to help in the interpretation of the plots. The colour map changes from green to
red as DAFB increase. The colour map is absolute, i.e., it is the same for the four
orchards. Therefore, only the 2018 plots have purely green curves, since they start
much earlier (91 DAFB) than the 2019 plots, which start only at 148 DAFB. This is

why the 2019 plots show only brown and red curves.

400 500 600 700 800 200 1000 500 600 700 800 900 1000
\ (hm) \ (nm)

Figure 5.2: ‘Jintao’ kiwifruit average reflectance of the four datasets along time. Each curve is the
average of data for each day. The curves are coloured from less ripe (green) to riper (red). DAFB =
Days after full bloom. A) Orchard 1, 2018; B) Orchard 2, 2018; C) Orchard 1, 2019; D) Orchard 2,
20109.

The most obvious feature in all the four plots is that the main differences
between the curves arise from relative vertical shifts. The shapes of all the curves are
similar, but they are displaced in the vertical relatively to each other. This is due to
structural changes in the tissue, which affect the backscattering level. It is a
transverse effect to all wavelengths, since the vertical displacement is observed

uniformly across the whole spectral range. In the last chapter it was already observed
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a coarse correlation between firmness and the reflectance at the NIR plateau (Figure
4.1). It is now possible to observe what happens to the plateau's reflectance in the

four datasets.

The inclusion of a second year provides insight into the relation between
reflection and physiological changes. This is done in Figure 5.3, which shows the
average reflectance along time, at 850 nm, a wavelength located in the NIR plateau.
There is a global trend for the reflectance to decrease with DAFB. This corresponds
to the intuitive idea that less ripe fruit scatter more due higher firmness. However,
there are fluctuations superimposed on the global pattern. The important point to
retain here is that those fluctuations are approximately the same for the 2018 data
and, approximately, the same for the 2019 data, although the fluctuation patterns of
the two years is clearly different. The best explanation for this fact is that the
reflectance level may be influenced by the climatic conditions. There are, indeed,
relevant differences between the two years regarding precipitation. In Braga district,
in 2018 during 146 — 176 DAFB, the total precipitation was 117.8 mm (IPMA, 2018c),
while, in 2019, in 151-170 DAFB, a shorter period than the previous, the total was
194.1 mm (IPMA, 2019).
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Figure 5.3: ‘Jintao’ kiwifruit average reflectance (for each day and orchard) along time, at 850 nm.
The points retain the DAFB colour code, from less ripe (green) to riper (red). DAFB = Days after full
bloom. The Orchard 1 data is plotted in blue, the Orchard 2 data is plotted in gray. The 2018 data is
plotted with continuous line and the 2019 data is plotted with a dashed line.

Figure 5.4 shows the ‘Jintao’ kiwifruit average firmness, for each day and
orchard, versus the corresponding average reflectance at 850 nm. Again, there is a
global trend: reflectance at 850 nm and firmness are loosely proportional, with a
plateau in the high firmness regime. However, there are large variations in

reflectance at 850 nm that are not explained by firmness variations.
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Figure 5.4. ‘Jintao’ kiwifruit average firmness (for each orchard and day) vs. the corresponding
average reflectance at 850 nm. The points retain the DAFB colour code, from less ripe (green) to riper
(red). The Orchard 1 data is plotted in blue, the Orchard 2 data is plotted in gray. The 2018 data is
plotted with continuous line and the 2019 data is plotted with a dashed line.

Taken together, Figure 5.2, Figure 5.3 and Figure 5.4 suggest the following
conclusions:
1) The main source of variation in the fruit's spectra comes from vertical shifts
on reflectance, which is linked to the scattering properties of the tissues;
2) The climatic conditions influence the structure and physiology of the fruit,
which, in turn, affect the scattering properties of the tissues;
3) Changes in the scattering properties have a loose relation with changes in

firmness.

The Standard Normal Variate (SNV) transform is a classical pre-processing
technique that removes a large part of the scattering effects. Figure 5.5 shows the

results of applying the SNV transform to the curves of Figure 5.2.
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Figure 5.5: SNV applied to average reflectance of the four datasets along time (SNV applied to the
curves of Figure 5.2). Each curve is the SNV transform of the average of data for each day. The
curves are coloured from less ripe (green) to riper (red). DAFB = Days after full bloom. A) Orchard 1,
2018; B) Orchard 2, 2018; C) Orchard 1, 2019; D) Orchard 2, 2019.

Clearly, all the curves are now very similar in each orchard. The vertical shift
has been removed and the spectra now appear closely packed. There are still some
variations in shape (not in height), especially in the pigments region. The calibration
models will infer information from these small variations. The difference in shape
between the 2018 and 2019 data remains. This will be the main cause of the
difficulties found in building robust calibration models for the internal quality
parameters.

Since average curves mask the true variability in the data, even after SNV
transformation, in Figure 5.6 all the individual spectra after SNV transformation are
showed. Comparison with Figure 5.1 show a clear reduction of variability, although

not so spectacular as in the transformation from Figure 5.2 to Figure 5.5.
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Figure 5.6: Reflectance data of the four datasets transformed by SNV (SNV applied to the curves of
Figure 5.1). The red line represents the average (SNV) spectrum of the dataset and the pink band
represents one standard deviation above and below the average. Behind the band, individual spectra
are represented in gray. A) Orchard 1, 2018; B) Orchard 2, 2018; C) Orchard 1, 2019; D) Orchard 2,
2019.

Summarizing this section, the motivations and challenges to build robust
calibration models are now clearer:
1) The spectra differ in shape between 2018 and 2019;
2) The weather conditions superimposed different fluctuation patterns on the
spectra;
3) The 2019 data does not include data with DAFB < 148, while the 2018 data
starts at DAFB = 91.

In the previous chapter internal double cross-validation was performed. This
seemed to be the best option for only two datasets. In the next sections of this
chapter, with data from two years and two orchards, will be described the successive

attempts to build calibration models robust to true external validation.
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5.2 Pre-processing selection

In this chapter, one more criterion was introduced to improve the choice of the
best pre-processing, as explained in Figure 2.9.

The relation between RMSECV, RMSEP and RMSET is shown in Figure 5.7.
The data for this plot has been obtained from the selection of best pre-processing for
SSC from a collection of 84 candidates (review Section 2.7.4.2). It is important to
stress that the data shown here was not used for the pre-processing choice. This is
just a posteriori analysis to check the meaning of the Algorithm 1 (see Table 2.13).
Figure 5.7A shows RMSEP as a function of RMSECV. There is linearity between
them and that lower RMSECV generally yields lower RMSEP. There are, however,
exceptions and sometimes the result may be very bad. For example, the point in the
upper left had RMSECV ~ 1.2 % but RMSEP ~ 5.2 %. This was obtained with
smooth + gradient with a very large width and should not be tried under normal
conditions. The red points represent the pre-processing that satisfy simultaneously
(2.6) and (2.7). These conditions reduce the available choices to a narrower band
around the (dotted) tendency line. Particularly, the most problematic points are

avoided.
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Figure 5.7: Relation between RMSECV, RMSEP and RMSET, obtained from a pre-processing
optimization procedure based on Algorithm 1. A) RMSEP vs. RMSECV; B) RMSEP vs. RMSET; C)
RMSET vs. RMSECV; D) RMSET vs. RMSECV, with the colour and size of the points being given by
RMSEP. The red dots in A, B and C represent the pre-processing that satisfy conditions (2.6) and
(2.7). The dotted lines in A and B represent a linear fit, while in C and D represent RMSET =
RMSECV. The red circles in D represent RMSEP < 1.8%.

Plot B is similar to plot A, but with RMSET in the abscissa. The trend is similar,
but RMSECV seems more robust to predict RMSEP. And this was to expect, since
the train is done in the CV set. Plot C shows RMSET vs. RMSECV. The black dotted
line represents RMSET = RMSECV. It shows that RMSET tend to be lower than
RMSECYV, which is also to expect, since the tuning dataset is homogeneous with the
CV dataset and much smaller, which means less probability to find spectra out of the
model. The selected pre-processing (red dots) corresponds to the central core of the
cloud of points, which is also in agreement with the meaning of (2.6) and (2.7).

Finally, plot D shows RMSET vs. RMSECV, with the colour and size of the
points being given by RMSEP. Lower RMSEP values correspond to smaller blue
points and the higher ones to larger yellow dots. The best RMSEP values obtained (
< 1.8 %) are encircled in red. They were found in the lower left corner of the plot,
precisely for the lower values of RMSET and RMSECV. They are also found below
the line RMSET = RMSECYV, consistent with the selected points in plot C.
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5.2.1 Internal validation for ‘Jintao’ kiwifruit SSC

As described in the previous section, the process started with pre-processing

optimization.

Table 5.1 shows the best 10 results of pre-processing optimization in the MIX
Mode (review Section 2.7.4.3). They are the best considering they yield the lowest 10
values of RMSECV. However, not all pass the criterion expressed by equations (2.6)
and (2.7). The column named “Q” displays 1 for the transformations that satisfy the
condition. The lowest RMSECV with Q=1 is the simple transformation abs + SNV
(see abbreviations in Table 2.14). The first line illustrates the potential problems of
the pre-processing optimizations. The best RMSECYV is obtained through a local SNV
transformation of (A range)/4 = (560 nm)/4 = 140 nm. However, RMSET is clearly
above RMSECYV, signalling possible inconsistency of the calibration model. For this
reason, Q=0 and the transformation are rejected. The value of RMSEP confirms that,
indeed, this transformation would lead to poor predictions. Therefore, it was the third

transformation, abs + SNV, to be selected.
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Table 5.1: The ten best results of pre-processing optimization in the MIX Mode, for SSC. SDR, RMSE and R? have the usual meanings of standard
deviation ratio, root mean square of error and squared correlation coefficient. To these symbols, the subscripts p, cv and t are added, meaning
prediction, cross-validation and tuning, respectively. The table is ordered by ascending RMSECV. Q=1 if conditions (2.6) and (2.7) are satisfied (Q=0
imply rejecting the transformation). The abbreviations for the transformations are the following: hsg = abs + smoothing + Savitzky Golay; Insv = local
SNV; norm01 = abs + normalization between 0 and 1; sg = abs + Savitzky-Golay. The fractions n/m after the abbreviations represent a derivative order
n and a filter width of size (A range)/m = (560 nm)/m.

SDRp RMSEP R?p SDRcv RMSECV R?’cv. SDRt RMSET R?%t Q Transformation
1.350 2.204 0.504  2.218 1.405 0.796  1.547 1.928 0.618 0 Insv1/4
0.442 5.333 0.101  2.367 1.433 0.821 1.972 1.526 0.745 0 hsg2 1/2
1.978 1.568 0.749 2.164 1.448 0.786 2.262 1.269 0.807 1 abs+snv
1.457 2.060 0.604 2215 1.453 0.796  1.925 1.431 0.760 1 hsg 2/32
1.399 2.124 0.596  2.181 1.478 0.789 1.674 1.620 0.701 0 sg 2/64
1.334 2.299 0.540  2.139 1.478 0.781 2.054 1.560 0.764 0 hsg 1/8 snv
1.557 1.886 0.615  2.129 1.485 0.779 2.344 1.234 0.822 1 normOl+hsg 1/32
1.407 2.179 0.571  2.172 1.485 0.788  2.290 1.169 0.816 1 hsg 2/64
1.834 1.609 0.722 2124 1.487 0.778 2.166 1.424 0.785 1 normOl+hsg 1/8
1.379 2.265 0.540  2.100 1.490 0.773  2.239 1.263 0.813 1 hsg 1/8
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The prediction results for the abs + SNV transformation are shown Figure 5.8.
The statistical performance parameters differ slightly from those obtained in Table
5.1 because in the optimization process the models are built only from the CV
dataset, while in the final validation step, the model is built directly from the
calibration dataset = CV + tuning datasets. Figure 5.8A is the classical plot of
predicted vs. measured SSC. With RMSEP = 1.63%, which is still a large value when
compared with those of the literature, it is still possible to achieve a SDR close to 2
(SDR = 1.91) due to the large dispersion of the SSC values.
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Figure 5.8: Best results for the prediction of SSC, based on the pre-processing optimization in the
MIX Mode, which selected the transformation abs + SNV. A) predicted vs. measured SSC values; B)
average transformed spectrum (red line) and one standard deviation bands (pink area); C) VIP scores.

Figure 5.8B shows the average transformed spectra, with large absorption in
the pigments’ region (below 700 nm) and a large low-absorption plateau above 750
nm. Finally, Figure 5.8C shows the VIP scores, with the areas VIP > 1 highlighted in
yellow. There are 3 main spectral zones that contribute more to the model; i) 450 —
500 nm is related with carotenoids and blue absorption by chlorophyll; ii) 600 — 700
nm is related with red absorption by chlorophyll; and iii) 920 — 1000 nm is probably
related with the second overtone of O—H stretching and the third overtones of C-H
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and C—H; stretching. As mentioned above, the KS method was used to split the
calibration and validation sets. It is, therefore, interesting to observe if the resulting
SSC values are well distributed. The SSC statistics for the calibration and validations

sets is shown in Table 5.2.

Table 5.2: Basic statistics for the SSC values in the calibration and validation sets obtained by
applying the KS algorithm to the reflectance spectra transformed by abs + SNV, leading to the results
shown in Figure 5.8.

Mean Std. Deviation Max Min

Calibration set 8.3 3.1 17.3 35
Validation set 7.2 3.1 14.3 3.7

The distributions have a mismatch of 1.1 % SSC, but the same standard
deviation is three times larger. On the other side, the range of SSC variation in the
validation set is contained within that of the calibration set. The histograms of SSC

distribution in both sets are shown in Figure 5.9.

Figure 5.9A shows that all the SSC classes (corresponding to the bins of the
histogram) are well represented in both sets, except for the larger values of SSC,
above 14.5, that are only present in calibration (which is not a problem for validation).
Figure 5.9B shows that the class proportions are not exactly the same, with the

validation set more balanced towards the lower SSC.
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Figure 5.9: Histograms for the distribution of SSC in the calibration and validation sets, relative to the
model shown in Figure 5.8. A) Absolute counts. B) Relative frequency counts. The green dashed line
represents the calibration average and the magenta dashed line represents the validation average.

Table 5.3 shows the results of pre-processing optimization in the SNV Mode.
The lower wavelength limit has been scanned from 380 nm to 720 nm in 20 nm
steps, while the upper limit has been scanned from 880 nm to 1020 nm, also in 20
nm steps. The scanning of the wavelength range limits is a basic form of variable

selection.
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Table 5.3: The ten best results of pre-processing optimization in the SNV Mode. The common symbols to Table 5.1 have the same meaning. The new

symbols ; and Arepresent the lower and upper limits of the wavelength range selected.

SDRp RMSEP R?%p SDRcv RMSECV R?cv SDRt RMSET R?% Q i Af
1.850 1.620 0.717  2.210 1.403 0.795  2.149 1.595 0.793 0 480 1000
1.802  1.783 0.695 2.212 1.413 0.795 2.194  1.449 0.793 1 600 960
1.420 2.017 0.574 2.213 1.426 0.796  2.354 1.464 0.822 1 380 980
1.918 1.527 0.741 2.261 1.429 0.804  2.147 1.427 0.788 1 640 1000
1.874 1.659 0.717  2.159 1.435 0.785  2.494 1.319 0.841 0 440 1000
1.779 1.669 0.695  2.203 1.439 0.794  2.262 1.440 0.804 1 640 1020
1.777 1.757 0.701  2.185 1.441 0.790  2.398 1.328 0.824 0 620 1020
1.832 1.735 0.701  2.167 1.444 0.787  2.401 1.332 0.827 0 620 980
1.865 1.633 0.728  2.199 1.445 0.793  2.432 1.291 0.833 0 600 1020
2.024 1.535 0.758  2.111 1.463 0.775  2.113 1.575 0.776 0 440 980
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The performance of the best SNV model is shown Figure 5.10. The results
are very similar to those obtained in MIX mode, especially because the MIX mode
also selected abs + SNV transform. The most interesting point to note relatively to
the previous figure is that the VIP scores show two peaks in the region 600 — 700
nm, where the previous model showed only a peak. It is probable that these two
peaks, located at 650 nm and 690 nm, correspond roughly to the absorption peaks of
chlorophyll a and b.
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Figure 5.10: Best results for the prediction of SSC, based on the pre-processing optimization in the
SNV Mode (abs + SNV), which selected the wavelength range 600 — 960 nm. A) predicted vs.
measured SSC values; B) average transformed spectrum (red line) and one standard deviation bands
(pink area); C) VIP scores.

Finally, the pre-process selection was applied to Savitzky-Golay derivation
(SG Mode). This was the most complex optimization, involving a three-dimensional
grid search on lower wavelength range, upper wavelength range and filter width.
Besides, it was run for first and second derivative. Adding SNV before or after the

derivative was also tested, but without any obvious advantage.
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Table 5.4 shows the results of pre-processing optimization in this mode. The
lower wavelength limit has been scanned from 460 nm to 680 nm in 10 nm steps, the
upper limit has been scanned from 880 nm to 1020 nm, in 20 nm steps, and the filter
width was scanned from 25 points to 175 points in steps of 10 (that is, approximately
from 14 nm to 100 nm in steps of 6 nm). The first order derivative delivered slightly

better results and the second order was discarded.
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Table 5.4: The ten best results of pre-processing optimization in the SG Mode. The common symbols to Table 5.3 have the same meaning. The new
symbol w represents the filter width selected.

R2cv

RMSET R?%t

SDRp RMSEP R?p SDRcv RMSECV SDRt Q A, Ap w

1.716  1.751 0.668 1.851 1.529 0.708 1937 1593 0.737 1 690 1020 155
1.709 1.787  0.655 1.863 1.532 0.713 2083 1515 0769 0 700 1000 145
1.426 2113 0521 1.832 1.585 0.703 1799  1.757 0693 1 640 1000 35

1.611 1.927 0625 1.871 1.589 0.715 2014 1576 0751 1 660 980 115
1.521 1.982 0583 1.785 1.591 0.687 1.890 1.671 0724 1 590 980 115
1.768 1.692 0709 1.791 1.591 0.600 1.991  1.719 0748 1 690 980 145
1.506 2.090  0.603 1.979 1.592 0.746 2.101  1.499 0775 1 670 920 175
1.667 1.815  0.644 1.919 1.596 0.729 1904  1.689 0722 0 640 1020 105
1.632 1.827  0.638 1.852 1.596 0.709 2.001  1.484 0761 1 610 980 115
1.711 1.752  0.671 1.821 1.600 0.700 2.082  1.454 0.774 0 600 960 165
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The performance of the best SG model is shown in Figure 5.11. The results
are slightly better than those obtained in MIX Mode and in SNV mode, reaching the
threshold of SDR = 2. The selected model excludes almost all the pigments’
information but still retains the 690 nm peak of chlorophyll a, where the VIP scores
peak. It is also interesting to note that the SNV based models (Figure 5.10) target
essentially the pigments range plus an wavelength range above 900 nm, related with
O-H and C—H stretching bands, while the SG model retains only the upper end of the
pigments region and the NIR plateau region, between 750 nm and 900 nm, where
that main contributions might be the third overtone of O-H stretching (around 750
nm) and the band 3v + (O — H), that is, the combination of the second overtone of
O-H stretching with the fundamental bending vibration, which occurs around 840 nm.
There is, however, another possibility. NIR plateau avoid most of important bands,
making it sensitive to small changes in secondary bands and, for this reason, the
model may eventually capture these small variations upon the plateau.
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Figure 5.11: Best results for the prediction of SSC, based on the pre-processing optimization in the
SG Mode (abs + SG), which selected the wavelength range 690 — 1020 nm, a filter width of 155 points
(about 90 nm) and the first derivative. A) predicted vs. measured SSC values; B) average transformed
spectrum (red line) and one standard deviation bands (pink area). C) VIP scores.
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As a general conclusion, the three optimization procedures lead to similar
results. This is a demonstration of the robustness of the analysis since equivalent
results have been obtained through different approaches and pre-processing
transformations. The statistical parameters SDR ~ 1.8 — 2.0 and RMSEP ~ 1.5- 1.6
% correspond to the best figures extracted from this dataset, with internal validation
being always the best case. As shown in the next section, external validation

achieves worse results.

The summary of the results obtained in internal validation in the three

optimization modes is displayed in Table 5.5.

Table 5.5: Summary of the results obtained in internal validation in the three optimization modes (TP =

“True Positive”: TN = “True Negative”; Acc = Accuracy).

Mode SDR RMSEP R~ bias slope TP TN Acc

(%) (%0) () () (%)
MIX 191 1.63 073 -015 073 90 91 90
SNV 1.89 1.65 0.74 -027 083 89 90 90
SG  2.00 155 0.75 -0.06 0.80 87 86 86

5.2.2 External validation for ‘Jintao’ kiwifruit SSC

In the previous section was used the validation scheme depicted at the right of
the Figure 2.8, while in this section the validation results were obtained through the

process depicted in the left panel, that is, external validation.

The only difference between the two methods is the way calibration and
validation sets are chosen. Then, the calibration process was the same and was
explained in Figure 2.9. Therefore, the same list of transformations in Table 2.14, the
same Algorithm 1 (Table 2.13) and the three optimization modes, MIX, SNV and SG,

were used again.

The splitting of calibration and validation sets is just given by grouping the

orchards and the KS algorithm does not apply here. This means that the

149



heterogeneity between them may increase relatively to the standard validation. The

statistical description of the SSC values for the calibration and validation datasets in

external validation in given in Table 5.6.

Table 5.6: Statistical description of the SSC values for the calibration and validation datasets in

external validation. The symbols refer to the to the orchards’ assignments in the following plots.

Validation set Calibration Validation

Nr. Symbol Orchard mean std max min mean std max min

4 Red 01/2018 7.7 32 173 35 9.6 23 152 55
square

3 Green 02/2018 7.6 30 173 35 10.3 27 154 53
triangle

2 Blue 01/2019 8.6 31 173 35 7.0 29 162 3.7
circle

1 Yellow 02/2019 8.7 3.0 16.2 3.7 6.8 30 173 35
diamond

The histograms for the SSC distributions in the four stages of external

validation are depicted in Figure 5.12. The upper plots represent absolute counts,

while the lower plots correspond to the SSC class frequency. Each orchard is

represented as a vertical pair. For example, the data for validation in orchard 1/2019

is shown in subfigures A/B. When the validation set was from 2019, it was more

balanced to the higher SSC values than the calibration set. When the validation set

was from 2018, the opposite was observed, it was more balanced to the lower SSC

values than the calibration set. Mismatches were obvious. However, they were not

too far from those observed in Figure 5.9, especially when the validation is performed
in the 2018 orchards (E/F and G/H).
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Figure 5.12: Histograms for the distribution of SSC in the calibration and validation sets, in external
validation. A, C, E and G) absolute counts; B, D, F and H) Relative frequency counts. The green
dashed line represents the calibration average and the magenta dashed line represents the validation
average.

The results obtained for the MIX Mode, in external validation, are presented in
Table 5.7. As explained above, these numbers correspond to the average over the
four validations. For example, RMSECV is the average of RMSECV(1+2+3),
RMSECV(1+2+4), RMSECV(1+3+4) and RMSECV(2+3+4), where the numbers in
parenthesis represent the calibration set.
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Table 5.7: The ten best results of pre-processing optimization in the MIX Mode and external validation, for SSC. SDR, RMSE and R2 have the usual
meanings of standard deviation ratio, root mean square of error and squared correlation coefficient. To these symbols, the subscripts p, cv and t are
added, meaning prediction, cross-validation and tuning, respectively. The table is ordered by ascending RMSCEV. Q=1 if conditions (2.6) and (2.7)
were satisfied (Q=0 imply rejecting the transformation). The abbreviations for the transformations are the following: hsg = abs + smoothing + Savitzky
Golay; Insv = local SNV; norm01 = abs + normalization between 0 and 1; sg = abs + Savitzky-Golay. The fractions n/m after the abbreviations represent
a derivative order n and a filter width of size (A range)/m = (560 nm)/m.

SDRp RSMEP R?p SDRcv RMSECV R?cv SDRt RMSET R?% Q Transformation

0.878 3.391 0.210 2.305 1.420 0.810 1.483 1.575 0.547 0 hsg2 1/64
0.851 3.305 0.204 2.265 1.442 0.804  1.553 1.514 0596 0 hsg2 1/4
0.897 3.411 0.252 2.237 1.455 0.799 1594 1.509 0.610 0 hsg2 1/32
0.774 3.681 0.185 2.226 1.462 0.796  1.850 1.342 0691 0 hsg2 1/16
0.945 3.252 0.294 2.224 1.468 0.796  1.620 1.498 0.605 0 hsg2 1/8
1.082 2.682 0.266 2.110 1.471 0.769 2.051 1.493 0.772 1 snv
0.911 3.332 0.245 2.202 1.482 0.791 1.536 1.529 0580 0 sg21/64
0.968 2.928 0.211 2.126 1.483 0.777  1.992 1.474 0.755 1 Insv 1/32
1.030 2.703 0.280 2.128 1.486 0.778 1.751 1.619 0.685 0 abs

0.983 2.898 0.165 2.143 1.488 0.779 1.752 1.545 0691 0 hsgl 1/8
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The most striking result is the dramatic drop of the performance. In internal
validation SDRp ~ 2, but in external validation, SDRp ~ 1.1, which means that the
predictive ability of the model is almost null. Indeed, the results improve slightly when
the statistical parameters are not calculated as an average but directly on the whole

data. This is done in Figure 5.13.
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Figure 5.13: Best results for the prediction of SSC in external validation, based on the pre-processing
optimization in the MIX Mode, which selected the transformation SNV. In the three sub plots, the
colour convention is the same: red for the predictions of Orchard 1/2018 (having Orchard 2/2018,
Orchard 1/2019 and Orchard 2/2019 as calibration); green for the predictions of Orchard 2/2018; blue
for the predictions of Orchard 1/2019; and yellow for the predictions of Orchard 2/2019. A) predicted
vs. measured SSC values; B) average transformed spectrum (central lines) and one standard
deviation bands (coloured areas of a lighter colour, around the central line). C) Regression
coefficients. The dashed lines represent one standard deviation calculated on the four regression
vectors.

The four orchards are now clearly marked in Figure 5.13A with different
colours. The difficulties in prediction are now very clear. For example, the predictions
for Orchard 1/18 and Orchard 2/18 (red and green points, respectively) span
approximately the interval 4 — 8 % when the real values are all around 5 %. This
produces the vertical line of points at 5 %. On the other side, the predictions for the

2019 orchards are relatively flat, with values in the range 9 — 12%, for a true range of
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5—15 %. This corresponds to the blue and yellow points arranged along a line with a

small slope.

Figure 5.13B shows the average transformed spectrum, for each orchard (the
central lines), surround by one standard deviation bands (coloured areas of a lighter
colour, around the central line). Although SNV reduces the effects of scattering, it
does not compensate for different shapes. Therefore, the differences between the
two years are still very clear. The 2018 data is consistent, and this is why the red/pink
band (Orchard 1/2018) is hardly noticed, since it is behind the green band (Orchard
2/2018), because they are very similar to each other. The same happens in the 2019
data as the blue/purple band (Orchard 1/2019) is hidden behind the yellow band
(Orchard 2/2019). However, there is a clear difference between the 2018 and the
2019 curves, especially in the pigments range, 580 to 700 nm. This is the main

source of the problems encountered in external validation.

Finally, Figure 5.13C shows the regression coefficients for the four models,
with the same colour code. The general pattern is the same and the oscillations were
essentially in the same positions for all the models. However, there were slight
differences, especially, in the pigments range, 580 to 700 nm, in agreement with the

differences observed in the spectra.

The results for SNV optimization are shown in Table 5.8. In the first ten best
RMSECV results there was only one delivering Q = 1. For this reason, the table was
extended to include the first twelve results. It is interesting to note that the two pre-
processing with Q = 1 were two of the three that attained SDR>1. This is a clear
indication that the selection criteria make sense and allow to choose the pre-
processing with more probability of success in validation. On the other side, when
compared with the corresponding Table 5.3, the number of transformations with Q =
1 are scarcer. This is a consequence of less homogeneity of the data in the
calibration dataset. In the internal validation procedure, there is a balanced
representation of the two years in the calibration set, while in external validation the
years are distributed in the proportion 2:1. This heterogeneity is also reflected in the
tuning dataset, which implies more difficulty to pass the consistency test between

cross-validation and tuning results.
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Table 5.8: The twelve best results of pre-processing optimization in the SNV Mode. The common symbols to Table 5.1 have the same meaning. 1;and

A¢ represent the lower and upper limits of the wavelength range selected.

SDRp RMSEP R?’p SDRcv RMSECV R?cv SDRt RMSET Rt Q A; Af
0.942 3.041 0.195 2.189 1.415 0.788  2.011 1.571 0.756 0 620 1020
0.977 2.884 0.212 2.179 1.427 0.784  2.028 1.516 0.763 0 580 1020
0.948 2.984 0.206 2.174 1.437 0.783  1.988 1.524 0.752 0 600 1020
0.922 3.046 0.183 2.145 1.441 0.778  2.044 1.569 0.766 0 580 980

1.022 2.747 0.236 2.143 1.444 0.777  2.072 1.529 0.774 0 560 1000
0.971 2.928 0.191 2.158 1.445 0.783  1.991 1.518 0.746 0 660 1020
0.953 2.973 0.202 2.150 1.446 0.781  2.018 1.529 0.756 0 640 1020
1.068 2.751 0.230 2.145 1.447 0.776 2.111 1.454 0.776 1 440 1000
0.984 2.855 0.206  2.155 1.450 0.779  1.979 1.531 0.751 0 580 1000
0.877 3.299 0.159 2.135 1.458 0.776  1.983 1.621 0.743 0 640 980

0.998 2.848 0.223  2.146 1.460 0.777  2.007 1.514 0.757 0 640 1000
1.061 2.714 0.280 2.134 1.462 0.774  2.150 1.415 0.783 1 500 1020
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The plots relative to the SNV mode are shown in Figure 5.14. The meaning of
the plots is the same as in the previous figure. The results are slightly better than in

the MIX mode. All the comments made to Figure 5.13 apply here.
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Figure 5.14: Best results for the prediction of SSC in external validation, based on the pre-processing
optimization in the SNV Mode, which selected the spectral range 440 to 1000 nm. In the three sub
plots, the colour convention is the same: red for the predictions of Orchard 1/2018 (having Orchard
2/2018, Orchard 1/2019 and Orchard 2/2019 as calibration); green for the predictions of Orchard
2/2018; blue for the predictions of Orchard 1/2019; and yellow for the predictions of Orchard 2/2019.
A) predicted vs. measured SSC values; B) average transformed spectrum (central lines) and one
standard deviation bands (coloured areas of a lighter colour, around the central line). C) Regression
coefficients. The dashed lines represent one standard deviation calculated on the four regression
vectors.

Finally, the results obtained in the SG mode are shown in Table 5.9 and in
Figure 5.15. They are similar to those obtained in the MIX and SNV modes.
Relatively to the internal validation, the selected model includes almost all of the
chlorophyll peak, starting at 660 nm, but excludes the remaining pigments’

information.
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Table 5.9: The ten best results of pre-processing optimization in the SG Mode. The common symbols to Table 5.3 have the same meaning. The symbol
w represents the filter width selected.

SDRp RMSEP R?’p SDRcv RMSECV R?cv SDRt RMSET Rt Q A; AF w
1.107 2.540 0.231 0.885 1.584 0.715 2.096  1.431 0770 0 670 1000 175
1.151 2.487 0.310 1.851 1.587 0.705 2.017 1.526 0.760 1 660 960 105
1.134 2.469 0.267 1.888 1.587 0.715 2.000  1.505 0750 1 680 1000 35
1.109 2.507 0.250 1.899 1.588 0.718 2.010 1514 0.748 1 650 1020 175
1.082 2.580 0.244  1.949 1.589 0.733 2.027  1.460 0760 1 680 1020 95
1.086 2.571 0.226 1.866 1.591 0.709 2119  1.504 0.777 0 620 1000 25
1.136 2.531 0.280 1.904 1.591 0.722 1.992 1572 0752 1 680 960 115
1.047 2.627 0.201 1.881 1.591 0712 1.883 1.616 0735 1 570 1000 115
1.155 2.472 0.291 1.910 1.591 0.724 1916  1.623 0724 1 670 960 115
1.051 2.660 0.208  1.874 1.592 0.710 1.993  1.506 0750 1 590 1020 65
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Figure 5.15: Best results for the prediction of SSC in external validation, based on the pre-processing
optimization in the SG Mode, which selected the spectral range 660 to 960 nm and a filter width of 105
points (approximately 60 nm). In the three sub plots, the colour convention is the same: red for the
predictions of Orchard 1/2018 (having Orchard 2/2018, Orchard 1/2019 and Orchard 2/2019 as
calibration); green for the predictions of Orchard 2/2018; blue for the predictions of Orchard 1/2019;
and yellow for the predictions of Orchard 2/2019. A) predicted vs. measured SSC values; B) average
transformed spectrum (central lines) and one standard deviation bands (coloured areas of a lighter
colour, around the central line); C) Regression coefficients. The dashed lines represent one standard
deviation calculated on the four regression vectors.

The summary of the results obtained in external validation in the three
optimization modes is displayed in Table 5.10.

Table 5.10: Summary of the results obtained in external validation in the three optimization modes (TP

= “True Positive”: TN = “True Negative”; Acc = Accuracy).

Mode SDR RMSEP R? bias slope TP TN Acc.

(%0) (%0) () (%) (%)
MIX  1.32 2.38 0.44 -001 054 83 67 75
SNV 1.39 225 049 020 053 85 66 75
SG 135 2.33 045 008 045 89 70 79
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The performances of the three modes, MIX, SNV and SG, are approximately
equal in external validation. In the previous section it was found that they were also
approximately equal in internal validation. Therefore, the relative evaluation of the
pre-processing transformations seems insensitive to the type of validation, external
or internal. Having this in mind, the next sections drop the optimization step and
directly use the best transformations already found. However, another type of

optimization will be performed, specifically in what concern variable selection.

5.3 Variable selection

The next step to improve the models’ performance is to apply variable
selection. The basic idea is that uninformative variables may represent noise and
lower the models’ prediction capacity. On the other side, a model purged from noisy
variables could, in principle, withstand more robustly the validation against a new set,
since the information is reduced to the essential. The problem, of course, is that the
core variables in one dataset may not be core in another. For example, if one dataset
corresponds to fruit grown in a dry season, while other corresponds to fruit grown in a
wet season, it is plausible that the spectral information is encoded in different forms
in the two datasets. Under these conditions, performing variable selection in the first
dataset may worsen the predictions in the second, relatively to the case where all
variables are considered. This is because variable selection may enhance the
difference between the datasets. From this discussion, variable selection may be a
good strategy when calibration and validation sets are homogeneous, but probably
not recommended when the sets are heterogeneous. This is investigated in this

section.

Ideally, it would be possible to run again all the pre-processing
transformations, together with variable selection, to optimize the complete procedure,
i.e., to find the transformations delivering the best RMSECV (or RMSET) after

variable selection. These would be the best candidates to yield optimal results in

159



validation. Probably, the new choices for pre-processing transformations would not
match exactly the ones found in the previous section. However, the process would
require too much time and, probably, would not deliver results significantly better
than the ones obtained with the already adopted transformations. Therefore, the
option taken was to keep the pre-processing transformations found in last section
and apply variable selection on them.

5.3.1 Internal validation for ‘Jintao’ kiwifruit SSC

In this section, to keep the presentation more compact, only the best result in
internal validation is illustrated in a plot, although the results of the three modes (MIX,
SNV and SG) are still described in Table 5.11.

160



Table 5.11: Results of variable selection in internal validation. Mode: each one of the three modes of pre-processing optimization, as described in
Section 2.9 (the optimization was not performed again). nLV: number of latent variables (median of the 30 runs). n4;: the number of wavelengths in the
full spectra; n;: the number of wavelengths remaining in the spectra after variable selection; f: the fraction of wavelengths selected; niter: number of
iterations in variable selection; SDR: average value of SDR in the 30 model runs; o(SDR): standard deviation of SDR in those 30 runs. RMSEP: average
value of RMSEP in the 30 model runs; 6(RMSEP): standard deviation of RMSEP in those 30 runs. R2: average value of R in the 30 model runs; o(R):
standard deviation of R? in those 30 runs.

Mode NLV nA; nAy f Iter SDR o(SDR) RMSEP o(RMSEP) R?’ o(R?

MIX 14 959 356 37 2 2.12 0.15 1.48 0.11 0.78  0.03
SNV 11 620 299 48 3 2.31 0.19 1.36 0.13 0.81 0.03
SG 20 572 199 35 4 2.16 0.19 1.49 0.14 0.78 0.04
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The best result was obtained in the SNV mode, which has previously selected
as optimal the spectral range 600 to 960 nm. Figure 5.16 shows the results obtained
in this mode. Note that, according to the Algorithm 2, the selection of calibration and
validation sets is random and repeated N times, to build a statistic for the VIP scores
and the regression vectors. In this work N = 30. Therefore, 30 models have been

kept at the end of the process.
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Figure 5.16: Best results for the prediction of SSC in internal validation, with variable selection. The
transformation used was SNV in the range 440 to 1000 nm. A) Predicted SSC vs. measured SSC; B)
The VIP scores of the selected wavelengths (0 in the eliminated wavelengths); C) the regression
vector coefficients (0 in the eliminated wavelengths).

All the models’ predictions are plotted together, and these results in a cloud of
points represented in Figure 5.16A. The total number of samples is
200+175+125+125 = 625. At each run, 20% of the samples = 125 fruit, are left for
validation, so, in the 30 runs, the total number of validation samples is 125 x 30 =
3750. It should be stressed, however, that this representation shows the results of 30
models, not the result of one model only. Therefore, it shows the typical performance
of SNV in the range 600 — 960 nm, with variable selection. Although the values in
Table 5.11 and Figure 5.16 agree, they could have slight differences due to the way
they were calculated, different in the two cases. In the plot, it is calculated only once,
for all the 3750 points. Table 5.11 presents the average and standard deviation of
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RMSEP for each of the 30 models. This allows to give a confidence interval for the

performance parameters:

RMSEP = 1.36 + 0.13% SSC (5.1)
SDR =2.31 +0.19 (5.2)
R?=0.81+0.03 (5.3)

Figure 5.16B shows the VIP scores of the selected wavelengths, being zero at
those rejected. There was one wavelength range that was globally rejected, between
700 and 740 nm approximately, which is the beginning of the NIR plateau. The VIP
scores plot can be analysed by either searching for local peaks or by searching
denser areas. The peaks are located around 650, 700 and 840 nm, which
correspond broadly to chlorophyll (the first two) and to the combination band 3v +
0(0O-H), already mentioned above. The more compact areas (denser) are located
around the ranges 650 - 700nm, which corresponds again to chlorophyll; 740 - 760
nm, corresponding to 4v(O-H), the third overtone of O-H; and to the range 910 -
930nm, corresponding to 4v(C-H), the third overtones of C-H and C-H2 stretching. A
final dense area is found close to the spectral limit at 960 nm. This is probably the
beginning of the influence of the 3v(O-H) peak, between 960 and 980 nm.

Figure 5.16C shows the regression vector, where rejected wavelengths have a
null coefficient. Again, the more consistent bands are those which are denser and
more constant, either positively or negatively. These areas coincide largely with the
dense areas in the VIP scores plot. The range 650 - 700 nm contains a consistent set
of negative coefficients. This is agreement with the expected inverse dependency
between chlorophyll and SSC. There is another consistent negative coefficient range
in 740 - 760 nm, related with 4v(O-H). The negative signal is also according to the
expected inverse relation between water content and SSC, along ripening. The rest

of the regression coefficients is more difficult to interpret.
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5.3.2 External validation for ‘Jintao’ kiwifruit SSC

The summary of the results obtained in external validation is displayed in

Table 5.12, which discriminates each one of the four validations.

Table 5.12: Results of variable selection in external validation. Mode: one of the three modes of pre-
processing optimization, as described in Section 2.9 (the optimization was not performed again). nLV:
number of latent variables. nA;: the number of wavelengths in the full spectra; ni, : the number of
wavelengths remaining in the spectra after variable selection; f: the fraction of wavelengths selected;
nlter: number of iterations in variable selection; SDR, RMSEP and R? have the usual meaning.

Mode valset NnLV mnA; niy f nlter SDR RMSEP R?

4 14 1075 544 51 1 0.99 2.36 0.10
3 12 1075 354 33 4 1.07 2.48 0.18
MIX 2 13 1075 423 39 1 1.29 2.25 0.52
1 12 1075 347 32 5 1.10 2.72 0.24
Average 1.11 2.45 0.29
4 11 958 399 42 4 1.01 2.30 0.16
3 12 958 339 35 3 1.15 2.33 0.30
SNV 2 11 958 367 38 2 1.56 1.86 0.64
1 11 958 380 40 5 131 2.27 0.43
Average 1.26 2.19 0.38
4 16 518 154 30 4 0.95 2.46 0.01
3 18 518 213 41 3 1.19 2.24 0.33
SG 2 16 518 156 30 6 1.22 2.37 0.36
1 15 518 213 41 4 1.37 2.19 0.48
Average 1.18 2.31 0.33

As in Section 5.2, the values of SDR increase when calculated over all the
four sets of predictions, relatively to those obtained by averaging the same sets. This
may be observed in Figure 5.17A, which shows the best results obtained in the SNV
mode. SDR = 1.44 in the figure, against an average SDR of 1.26 in the table. This is
mainly an effect of scale, the SSC range is obviously larger in the aggregate set than
in the individual ones, since the RMSEP values are essentially the same (2.18 in
figure and 2.19 in the table).

Figures 5.17B to 5.17E report the VIP scores for each one of the four
validations. In all models there is agreement in the position of the most important
bands, with VIP > 1. These are centred around 500 nm, 700 nm (chlorophyll) and
930 nm (4v(C-H)). Apart from this common trend, the rejected bands differ
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considerably between the four calibrations. For example, the range 560 - 610 nm is
rejected only in the fourth calibration, that is, for calset = {2,3,4}, which suggest that

its importance in the other calibrations stems from the inclusion of dataset 1.
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Figure 5.17: Best results for the prediction of ‘Jintao’ kiwifruit SSC in external validation, with variable
selection. The transformation used was SNV in the range 440 to 1000 nm. A) Predicted SSC vs.
measured SSC; B to E) The VIP scores of the selected wavelengths (0 in the eliminated wavelengths)
for each one of the calibration runs [plot B refers to predictions to dataset 4 (Orchard 2/19) based on
calibration on dataset 1+2+3].

The summary of the results obtained from the statistics on all the predictions is
shown in Table 5.13.

Table 5.13: Summary of the results obtained in external validation in the three optimization modes
with variable selection (TP = “True Positive”: TN = “True Negative”; Acc = Accuracy).

Mode SDR RMSEP R~* bias slope TP TN Acc.

(%0) (%0) () () (¥
MIX  1.29 2.43 0.43 -0.08 053 81 67 74
SNV  1.44 218 052 019 049 89 64 76
SG 137 2.30 0.47  -0.03  0.49 87 68 77
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Comparing the results with the application (or not) of variable selection either
when performed an external validation either an internal validation, the results
showed that variable selection procedure improved the latter.

The best result in internal validation with the Kennard-Stone algorithm was
SDR = 2.00, RMSEP = 1.55 % and R? = 0.75 (Table 5.5), obtained for the SG mode.
With variable selection, the best result was SDR = 2.31 + 0.19, RMSEP = 1.36 - 0.13
% and R? = 0.81 - 0.03. The SDR value is almost two standard deviations above the
Kennard-Stone results, which represents a significant difference. The percentage
change of SDR was of about 15%.

On the other side, the initial EV results were SDR = 1.39, RMSEP = 2.25 %
and R? = 0.49, while with variable selection, SDR = 1.44, RMSEP = 2.18 % and R® =
0.52. The percentage change of SDR was less than 4 %, which may be simply
caused by random fluctuations. It makes sense that variable selection does not
improve EV. The process, applied to the aggregate of data from three orchards
(calibration set), may lead to a data compression inconsistent with the spectral
structure of the fourth orchard (validation), because the four datasets have different
structures, i.e., relations between the wavelengths and SSC. On the contrary, in IV all
the spectral variations are represented in the calibration dataset, and the spectral
compression obtained by variable selection is very likely to be consistent with the

validation dataset.

5.4 Orthogonal Signal Correction

5.4.1 Internal validation for ‘Jintao’ kiwifurit SSC

Following the approach in last section, only the best result in internal validation
is illustrated in a plot, but the results of the three modes (MIX, SNV and SG) are
described in Table 5.14. As in the process of variable selection, there were 30
calibration/validation rounds with datasets chosen randomly. These originated 30
values of SDR, RSMEP and R?, which are summarized in the table, through the

respective means and standard deviations.
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Table 5.14: Results obtained with OSC in internal validation. The averages and standard deviations
are obtained over 30 calibration/validation rounds with datasets chosen randomly.

Mode NnLV SDR o(SDR) RMSEP o(RMSEP) R2 o(R?

MIX 11 2.17 0.19 1.48 0.12 0.79 0.04
SNV 8 2.15 0.20 1.48 0.13 0.78 0.04
SG 19 1.99 0.15 1.59 0.12 0.75 0.04

The best result was obtained in the MIX mode and is represented in Figure
5.18 Figure 5.18A shows the standard predicted vs. measured plot, which shows
results intermediate between Variable Selection and Kennard-Stone results. Figure
5.18B shows the VIP scores, which may be compared with those of Figure 5.18C.
The importance of the NIR part of the spectrum increased, not only the larger yellow
area above 620 nm, but also the appearance of a peak around 840 nm, the
combination band of O-H. This makes sense, since the true information on SSC
should be found on the NIR part of the spectrum, while the pigments' band
information is only indirectly correlated. It seems, thus, that OSC has redirected the
model towards the true source of information. The regression coefficients' plot,
however, still presents the picture of well-defined lobes in the pigments' region, while

the NIR region has a more oscillatory pattern.
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Figure 5.18: Best results for the prediction of SSC in internal validation, with OSC. The transformation
used was SNV in the range 440 to 1000 nm. A) Predicted SSC vs. measured SSC; B) The VIP scores;
C) The regression vector coefficients.

5.4.2 External validation of ‘Jintao’ kiwifruit SSC

The summary of the results obtained in external validation is displayed in

Table 5.15, which discriminates each one of the four validations.
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Table 5.15: Results of OSC in external validation of ‘Jintao’ kiwifruit SSC.

Mode valset nLvV SDR RMSEP R?
4 11 1.03 2.27 0.06
MIX 3 11 1.10 2.42 0.22
2 9 1.53 1.89 0.59
1 9 1.14 2.62 0.25
Average 1.20 2.30 0.28
4 6 1.02 2.29 0.06
SNV 3 7 1.01 2.64 0.35
2 8 1.22 2.38 0.35
1 7 0.84 3.55 0.00
Average 1.02 2.71 0.19
4 19 0.94 2.49 0.01
SG 3 19 1.16 2.30 0.37
2 18 1.01 2.87 0.25
1 17 1.07 2.80 0.19
Average 1.04 2.61 0.20

Note again that the values of SDR increase when calculated over all the four
sets of predictions, relatively to those obtained by averaging the same sets. This may
be observed in Figure 5.19A, which shows the best results, obtained in the MIX
mode. SDR = 1.36 in the figure, against an average SDR of 1.20 in the table. Figure
5.19B shows the VIP scores obtained for each one of the calibrations. This picture
explains why OSC fails in external validation. The orthogonalization process led to
different weights of the spectral components in each set. This is very clear up to 750
nm. There is no consistency of OSC across the different orchards, and thus it fails to
improve the results. The differences are not so obvious in the regression coefficients,
Figure 5.19C.
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Figure 5.19: Best results for the prediction of SSC in external validation, with OSC. The
transformation used was SNV in the range 450 to 1010 nm. A) Predicted SSC vs. measured SSC; B)
The VIP scores; C) the regression vector coefficients. The curves/points relative to G1/18 (red)
correspond to validation in that dataset, which means that the calibration set is constituted by the other
sets; and in the same way, for the other curves.

The global results obtained from the three modes in the predicted/measured
plot are shown in Table 5.16.

Table 5.16: OSC in external validation of ‘Jintao’ kiwifruit SSC with OSC. Results obtained from the
predicted/measured plots.

Mode SDR RMSEP R?

MIX 1.35 2.32 0.45
SNV 1.30 2.43 0.42
SG 1.28 2.46 0.39
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The results showed that OSC procedure improved slightly the internal
validation. The best result in internal validation with the Kennard-Stone algorithm was
SDR = 2.00, RMSEP = 1.55 % and R? = 0.75 (see Table 5.5), obtained for the SG
mode. With OSC selection, the best result was SDR = 2.17 + 0.19, RMSEP =1.48 +
0.12 % and R? = 0.79 + 0.04. The SDR value is almost one standard deviation above

the Kennard-Stone result. The percentage change of SDR was of about 9 %.

On the other side, the initial EV results were SDR = 1.39, RMSEP = 2.25 %
and R2 = 0.49, while with OSC, SDR = 1.35, RMSEP = 2.32 % and R? = 0.45. The
results were worse with OSC.

Again, it makes sense that OSC does not improve EV: the process, applied in
the calibration set (three of the four orchards), may lead to a rotation of the loadings
inconsistent with the spectral structure of the fourth orchard (validation), because the
four datasets have different structures, i.e., relations between the wavelengths and
SSC. On the contrary, in IV all the spectral variations are represented in the
calibration dataset, and the transformation obtained by OSC is very likely to be
consistent with the validation dataset.

Comparing Table 5.11 and Table 5.14, OSC seems to be less efficient than
Variable Selection to improve the internal validation results. However, the difference
is not very clear and more datasets should be analysed in order to extract any

conclusion.

5.5 Calibration transfer

The problem of calibration transfer is a classic one in chemometrics.

In a typical application it is necessary to transfer a model built in one
instrument to another one, with a different spectral response (and even within the
same brand and model, the response is never the same).

There are two broad classes of methods for solving calibration transfer
problem: 1) techniques that attempt to predict the response of the slave instrument
based on the response of the master instrument, i.e., map the response of one

instrument into another and 2) techniques that eliminate the differences between
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instruments, leaving only the parts they have in common. The most well-known
method for the first type of methods is The Piece-wise Direct Standardization (PDS)
method (Wang et al., 1991), while Orthogonal Signal Correction (OSC) (Wold et al.
1998), already used in the previous section, may also be applied to solve the
calibration transfer problem, by removing the variations in one instrument that are

orthogonal to variations in the other.

Tests were carried out with PDS, applied to average spectra from both
spectrometers. In the absence of common samples, it was initially thought to use
average spectra of fruits under similar conditions in 2018 and 2019. For example,
averages of spectra from fruits with equal or close DAFB in 2018 and 2019, or with
similar SSC. However, the results were quite unstable, in the sense that they were
highly dependent on the chosen averages and even generated spectral artefacts. As
such, these tests are not presented in this thesis.

A simpler approach was then considered, based on a normalization to daily
averages, as described in Section 2.7.4.6.

Figure 5.20 illustrates the process of calibration transfer. This is done for the
specific case of the 5" day (i = 5) in the Orchard 22/2019 dataset (third slave, k = 3).

Therefore, the expressions above particularize heretoi =5 and k = 3.
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Figure 5.20: lllustration of the calibration transfer procedure. A: the synthetic master for the Sth day (i =

5) of Orchard 2/2019 (third slave, k = 3). In red, the individual synthetic master spectra MS)(A), and in
black the average, W(A); B) The slave spectra, that is, the spectra from the 5" day (i = 5) of
Orchard 2/2019 (third slave, k = 3). In green, the individual slave spectraSS-’)(A), and in black the
average @ (4); C) the ratio of averages, R§3)(/1); D) The difference of the averages, Ds(g)(/’l); E) The
transformed spectra. In blue, the individual transformed spectra Téf)(l), and in black the

average, F ).

The spectra shown in Figure 5.20A correspond already to the synthetic

master. In red, the individual spectra MS)(A), and in black the average, M§3) ).

Figure 5.20B shows the slave spectra. The difference between the two is very clear,

and this has already pointed out in Figure 5.1 and Figure 5.2 and subsequent

3)

discussion. In green, the individual slave spectra Ss(j (1), and in black the average,

@ (A1). Figure 5.20C shows the ratio of averages, R§3) (4) and Figure 5.20D shows

their difference, D§3)(A). Finally, in Figure 5.20E, the result of the transformation

(5.19), having in blue, the individual transformed spectra TS(]?)(A), and in black the

average, @ A).
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The transformed spectra resemble now the master spectra. Furthermore, the
dispersion of the spectra has been kept. The slave spectra in B have more dispersion
that the master spectra in A, especially in the NIR plateau. That dispersion is still

apparent in E, after the transformation.

5.5.1 Internal validation for ‘Jintao’ kiwifruit SSC

This section is basically a repetition of all the previous sections, simply
exchanging the set of initial spectra for the set of spectra transformed by the
calibration transfer procedure. Thus, there is no point in repeating all the steps taken
before, and the information will be displayed in a more compact form. Only graphs
that contribute to give some new insight into the structure of the data will be
presented. The three modes (MIX, SNV and SG) are still used, i.e., each
calibration/validation process is performed with three different pre-processing
transformations. The complete list of model types is shown in Table 5.17. This has
been done before for the raw data and will be repeated for the calibration-transferred

data.

Table 5.17: The 18 types of models developed for the raw and calibration-transferred data. Kennard-
Stone applies to internal validation, while 3tol means "3 orchards in calibration and 1 in validation"
and is applied in external validation.

Model Type Internal Validation External Validation
Kennard-Stone or 3tol MIX MIX

SNV SNV

SG SG
Variable Selection MIX MIX

SNV SNV

SG SG
oscC MIX MIX

SNV SNV

SG SG
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Given that the data changed, the initial pre-processing optimization, as

described in Section 2.7.4.2, was repeated. The result is shown in Table 5.18.

Table 5.18: Pre-processing transformations chosen by the optimization process described in Section

2.9 applied to internal validation.

Mode Transformation Ai As

MIX snv 450 1010
SNV abs+snv 380 1020
SG sg(w=155,0=2,d=1) 650 1020

The global summary of the results obtained in internal validation is shown in

Table 5.19. The main conclusion is that there is no significant improvement relatively

to the raw data. Comparing this table with Table 5.11 and Table 5.14, there is no

observable improvement. On the contrary, the results shown here are, on average,

worse than those obtained without calibration transfer. This will be discussed again in

the end of the section. A minor detail is the failure of the KS model for the SNV mode

(SDR = 0.99). This is a consequence of the realistic, but blind choice of best pre-

processing. It is not common, but it may happen that the best pre-processing chosen

by Algorithm 1 fails in validation. This happened indeed in this case.
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Table 5.19: Summary of the results obtained in internal validation with calibration-transferred data. KS
=Kennard-Stone, VarSel = Variable selection, OSC = Orthogonal Signal Correction.

Model Mode SDR RMSEP (%0) R?
KS MIX 1.82 1.64 0.73
SNV 0.99 2.44 0.36
SG 1.69 1.86 0.67
varSel MIX 2.04+0.16 1.550.13 0.76+0.04
SNV 2.26+0.18  1.41+0.13 0.8+0.03
SG 1.93+0.14 1.62+0.11 0.73+0.04
oscC MIX 2.06+0.16 1.57+0.12 0.76+0.04
SNV 2.08+0.17 1.52+0.12 0.77+0.03
SG 1.830.15 1.73+0.13 0.71+0.04

It is interesting to note that higher uniformity of the calibration transferred

dataset allows to shift the main directions of the model towards the true source of

SSC information, as OSC as already done. This may be observed by comparing

Figure 5.21 with the corresponding Figure 5.10. The main region of the VIP scores is

now located in the NIR, close to the 3v(O-H) peak.

176



]
’
5

—

Predicted SSC (%)

:
N
oo
L
«
|
D

Figure 5.21: Best results for the prediction of SSC, based on the pre-processing optimization in the
MIX Mode and on the calibration-transferred dataset. A) predicted vs. measured SSC values; B)
average transformed spectrum (red line) and one standard deviation bands (pink area); C) VIP scores.

Another interesting aspect is that variable selection tends to be much more
effective in the calibration transferred dataset. This is very clear, when comparing the
best, Figure 5.16, with the new best result, in the transformed dataset, Figure 5.22.
The VIP plot in Figure 5.16B is much denser, rejecting clearly only one band, in the
approximate range 700 - 730 nm. In the transformed dataset, the VIP scores is less
dense, and there are four rejected bands: 500 - 520 nm, 570 - 630 nm, 650 - 700 nm
and 750 - 850 nm. The retained bands have more chemical meaning, including the
pigments, the 4v(O-H) band at 740 nm and the region 900 - 1000 nm, with C-H and
O-H bands. It is possible that the Variable Selection (VarSel) process is exhausted in
the process of cancelling the differences between the two spectrometers, while in the
calibration-transferred data, the effort goes directly into the selection of the
appropriate bands. However, the initial results (without calibration transfer) are better

than the current ones.
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Figure 5.22: Best results for the prediction of SSC in internal validation, with variable selection and
the calibration transferred dataset. The transformation used was SNV in the range 380 to 1020 nm. A)
Predicted SSC vs. measured SSC; B) The VIP scores of the selected wavelengths (0 in the eliminated
wavelengths); C) the regression vector coefficients (0 in the eliminated wavelengths).

5.5.2 External validation for ‘Jintao’ kiwifruit SSC

Given that the data changed, the initial pre-processing optimization, as

described in Section 2.7.4.2, was repeated. The result is shown in Table 5.20.

Table 5.20: Pre-processing transformations chosen by the optimization process described in Section

2.9 applied to external validation.

Mode Transformation Aj As¢

MIX Isnv(w=529) 380 1010
SNV abs+snv 400 1020
SG sg(w=155,0=2,d=1) 650 1020
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The global summary of the results obtained in internal validation is shown in
Table 5.21. The main conclusion here is opposite to that of the internal validation. The
calibration-transferred data yields significantly better results. In the raw data, the
SDR values are all of the order of 1.3 - 1.4, in the best case. Here, SDR is always
about 1.7 - 1.8. In terms of predictive power, it makes a big difference, especially for
daily average predictions, as shown below. While SDR ~ 1.3 does not even allow for
reasonable daily average predictions, a value of SDR ~ 1.8 is already enough to get

robust average predictions.

Table 5.21: Summary of the results obtained in internal validation with calibration-transferred data.
3tol = calibration with 3 orchards and validation with the other, VarSel = Variable selection, OSC =
Orthogonal Signal Correction.

Model Mode SDR RMSEP (%) R?
3tol MIX 1.71 1.82 0.67
SNV 1.77 1.77 0.69
SG 1.67 1.89 0.65
varsel MiX 1.73 1.81 0.68
SNV 1.75 1.80 0.68
SG 1.62 1.95 0.62
osc MIX 1.77 1.78 0.68
SNV 1.81 1.73 0.7
SG 1.71 1.84 0.66

The differences of VIP scores between the raw and calibration-transferred
data are also very noticeable. For the variable selection procedure, the finding is
similar to that of internal validation: the selected variables are sparser and clear
rejection bands appear. Comparing Figure 5.23 with Figure 5.17, this is very clear.
While in the latter there are no rejection bands common to the four calibrations (sub
plots B - E), in the former there are two bands consistently rejected: 550 - 650 nm
and 750 - 850 nm (expect in subplot C, where this band is depleted, although not
entirely rejected). They are also consistent with the results found in internal

validation. Altogether, this seems to indicate that data uniformity allows the variable
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selection method to concentrate on the true information, while in heterogeneous data
it concentrates in finding common features to the spectra obtained in two different

spectrometers.
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Figure 5.23: Best results for the prediction of SSC in external validation, with variable selection and
the calibration transferred dataset. The transformation used was SNV in the range 400 to 1020 nm. A)
Predicted SSC vs. measured SSC; B) The VIP scores of the selected wavelengths (0 in the eliminated
wavelengths); C) the regression vector coefficients (0 in the eliminated wavelengths).

Lastly, it is important to note the difference in the regression slopes (0.75 in
Figure 5.23 vs. 0.49 in Figure 5.17). The linearity is much improved and the data is now
mostly contained within the plot green band, of one standard deviation around the
slope 1 straight line.

The OSC VIP scores contain another demonstration of consistence of the
transformed data. Figure 5.24 shows the results of OSC in external validation. It
should be compared with Figure 5.19, obtained with the original datasets. The main
difference between the VIP scores in both figures is that they are relevant and
consistent in the NIR, in Figure 5.24, while they are noisy and inconsistent for the
original data, Figure 5.19. Even the pigments' region has a higher degree of
consistency in transformed data. The same is true concerning the regression

coefficients in the range 550 - 700 nm. Overall, the structure of the four models is
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more similar to each other when using the transformed datasets, resulting in a

superior performance.
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Figure 5.24: Best results for the prediction of SSC in external validation, with OSC and on the
calibration-transferred dataset. The transformation used was ABS + SNV in the range 400 to 1020 nm.
A) Predicted SSC vs. measured SSC; B) The VIP scores; C) the regression vector coefficients. The
curves/points relative to Orchard 1/18 (red) correspond to validation in that dataset, which means that
the calibration set is constituted by the other sets, and in the same way, for the other curves.

5.5.2.1 Daily average predictions

The advantage of the calibration transfer adopted is yet clearer if the daily
orchard average is the only relevant parameter (as it is in most of the field
applications). The results below follow strict external validation.

The prediction of the daily averages for orchard D is based on a model built
only from data of the orchards A, B and C. The calibration transfer is performed, but
this needs only the knowledge of DAFB and of the spectra, not the SSC values.

The models used in the next figures are the simple 3-to-1 versions.

Figure 5.25 shows the daily average predictions on the basis of the 3tol
models built from the original data. It is clear that the predictions miss the target
many times. In Figures 5.25A and 5.25B, the predictions are mainly flat. The
predictions in Figure 5.25C are the best, although with large fluctuations in the first
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days. Finally, the predictions in D show a “false alarm" in the second day (prediction

above 8%, when the real value was below 5%) and a huge drop in the last day.
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Figure 5.25: Daily average predictions based on the 3tol models built from the original data. DAFB =
days after full bloom. A) predictions for orchard D (Orchard 2/2019), based on the calibration on the
other orchards; B) predictions for orchard C (Orchard 1/2019); C) predictions for orchard B (Orchard
2/2018); D) predictions for orchard A (Orchard 1/2018). The points represent the daily average and the
errors bars represent the standard deviation.

Figure 5.26 shows the daily average predictions based on the 3tol models
built from the calibration transferred data. The predictions are much better,
particularly, the predictions in sub-Figures 5.26A and 5.26B are no longer flat and
follow the increasing trend of SSC. However, in Figure 5.26B there is still a significant
bias, with the daily averages being consistently underestimated. Fortunately, this is
the case that may be corrected with bias recalibration (Pires et al., 2022). Since this
requires information from the new Y-block, it will not be considered here. The
predictions in Figure 5.26C are still the best and much improved relatively to the
previous figure. Finally, the predictions in D are also much improved, only with the

first day out of the pattern.
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Figure 5.26: Daily average predictions based on the 3tol models built from the calibration-transferred
data. DAFB = days after full bloom. A) predictions for orchard 4 (Orchard 2/2019), based on the
calibration on the other orchards; B) predictions for orchard 3 (Orchard 1/2019); C) predictions for
orchard 2 (Orchard 2/2018); D) predictions for orchard 1 (Orchard 1/2018). The points represent the
daily average and the errors bars represent the standard deviation.

5.6 Global comparison

All the results obtained in this chapter are summarized in Figure 5.27, in terms
of the dimensionless parameter SDR. The internal validation results are depicted in
the left half, in tones of blue, while the external validation results are in the right half,
in tones of red. These two main regions are, in turn, divided in two others, one for the
results obtained with the original data (no calibration transfer), and the other for the
results obtained with calibration-transferred data (identified in the plot by “CalTransfer
data"). These four sections (quarters) are still divided in more three, corresponding to
the three types of models developed: Direct (KS validation in the case of Internal
Validation, 3tol - 3 orchards in calibration, 1 in validation - for external validation);
VarSel and OSC. Each one of these sections is finally divided in the three modes of

pre-processing, “MIX", “snv" and “sg". In total, 36 models were calculated for SSC
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and which allows to have a statistical perspective of the global behaviour of the

models.
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Figure 5.27. Summary of all the results based on the dimensionless parameter SDR. The internal
validation results are depicted in the left half, in tones of blue, while the external validation results are
in the right half, in tones of red. These two main regions are, in turn, divided in two others, one for the
results obtained with the original data (no calibration transfer), and the other for the results obtained
with calibration-transferred data (“CalTransfer data"). These four sections (quarters) are still divided in
more three, corresponding to the three types of models developed: Direct (Kennard-Stone validation in
the case of Internal Validation, 3tol in external validation); Variable Selection (VarSel) and Orthogonal
Signal Correction (OSC). Each one of these sections is finally divided in the three modes of pre-
processing, “MIX", “snv" and “sg".

The best result obtained in the Direct Model (KS or 3tol) is the dashed
reference line in each quarter. It allows to check visually if VarSel and/or OSC offer
better results over the direct validation. Put shortly, the most striking conclusions of
the study are:

1. External validation benefits significantly from calibration transfer (CT), but
not from VarSel or OSC;

2. Internal Validation has the opposite behaviour, since it does not benefit from
CT (actually worsens), but receives meaningful improvement by the implementation
of VarSel or OSC;
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These conclusions are, on one hand, easy to understand, and, on the other,

difficult.

It is easy to understand that:

a)

b)

External validation benefits from CT. Indeed, the heterogeneity of the
datasets difficult the application of a model built in three of the orchards to

the fourth. CT reduces that heterogeneity and improves the predictions;

Internal validation benefits from VarSel or OSC, since calibration and
validation datasets are very homogeneous, and any spectral
transformation performed in the calibration dataset, that improves the
relation between the X and Y blocks, is very likely to behave similarly in

the validation dataset;

External validation in the original datasets does not benefit from VarSel or
OSC, because, due data heterogeneity, the calibration dataset is not
replicate in the validation dataset.

It is not easy to understand that:

a)

b)

External Validation does not benefit from VarSel or OSC, even in the
calibration-transferred data. This probably means that the CT is only partly
successful in removing data heterogeneity;

Internal Validation does not benefit from CT. This probably means that the
CT procedure adopted destroys some of the information used by the

original data model.

Overall, the procedure seems to work well for real life situations, when the

models are tested in new data.
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The global performance of daily average predictions may be also observed in
a predicted vs. measured plot, and this is done in Figure 5.28. In Figure 5.28A the
predictions come from the models built with the original data (corresponding to Figure
5.25). In Figure 5.28B the predictions come from the models built with the calibration
transferred data (corresponding to Figure 5.26). The latter allow to predict the daily

averages with very good precision, with SDR = 2.78 and RMSEP = 1.06 % and R? =

0.87.
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Figure 5.28: Predicted vs. measured daily average SSC, with predictions obtained through external
validation 3-to-1 models. A) the models were built from the original data; B) the models were built from
calibration-transferred data. The points represent the daily averages, the vertical error bars represent
the standard deviation of the predictions and the horizontal error bars represent the standard deviation
of the measured value.
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Chapter 6

Kiwifruit storage ripening follow-up

Afonso, Andreia M.; Guerra, Rui; Cruz, Sandra; Antunes, Maria Dulce. (2023). Sensory evaluation and
spectra evolution of two kiwifruit cultivars during cold storage. (submitted)
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6.1 Ripening evolution of ‘Jintao’ kiwifruit during storage

6.1.1 Colorimetric parameters

The initial averages of L* for ‘Jintao’ kiwifruit, in 2018 to 2020, were 58.25,
61.85 and 66.70, respectively (Figure 6.1). The corresponding values at the end of
cold storage were 53.27, 56.34 and 52.47, being very similar for the three years,

independently of the initial storage value.

In 2019/2020 and 2020/2021, L* decreased in the first sampling dates and
then stabilized, without significant differences along time, since 89 and 44 days of
storage, respectively (Figures 6.1B and 6.1C). In 2018/2019 values also decreased
till 89 storage days, however there is an increase at 103 and at 146 storage days
(Figure 6.1A).
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Figure 6.1: ‘Jintao’ kiwifruit temporal evolution of L* during storage along: A) 2018/2019; B)
2019/2020; C) 2020/2021. Data depicted is the Mean = SE of 8 kiwifruit. Statistically different means
(p < 0.05) between sampling dates are signalled with different letters.
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The initial averages of b* for ‘Jintao’ kiwifruit, in 2018 to 2020, were 23.48,
27.78 and 34.04, respectively (Figure 6.2). The corresponding values at the end of
storage were 26.50, 27.00 and 26.26, again very similar for the three years,

independently of the initial storage b* value.

In 2018/2019, b* revealed an irregular evolution since increased till 103
storage days, except at 89" day, and then decreased, while in 2019/2020 there are
not significant differences along storage (Figures 6.2A and 6.2B). In 2020/2021, b*
showed a different pattern with values decreasing till 84 days of storage, increasing a
little next and stabilizing at the end (Figure 6.2C).

A Jintao - 20182019 B Jintao - 201972020
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Figure 6.2: ‘Jintao’ kiwifruit temporal evolution of b* during storage along: A) 2018/2019; B)
2019/2020; C) 2020/2021. Data depicted is the Mean = SE of 8 kiwifruit. Statistically different means
(p < 0.05) between sampling dates are signalled with different letters.

The initial averages of chroma, in 2018 to 2020, were 24.04, 28.29 and 34.92,
respectively (Figure 6.3). The corresponding values at the end of storage were 27.08,
27.36 and 26.44.
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Chroma exhibited an evolution pattern similar to b*. In 2019/2020, there are no
significant differences for chroma values along time (Figure 6.3B). In the other two
years, the evolution pattern was more irregular with an increase on the first days in
2018/2019 and a decrease in 2020/2021, although the values stabilized at the end of
the storage period (Figures 6.3 and 6.3C).
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Figure 6.3: ‘Jintao’ kiwifruit temporal evolution of chroma during storage along: A) 2018/2019; B)
2019/2020; C) 2020/2021. Data depicted is the Mean + SE of 8 kiwifruit. Statistically different means
(p < 0.05) between sampling dates are signalled with different letters.

The initial averages of a* in 2018 to 2020, were -4.92, -5.30 and -7.54,
respectively (Figure 6.4). The corresponding values at the end of storage were -5.48,
-4.39 and -3.04.

In 2018/2019, there are not significant differences along storage time for a*
values (Figure 6.4A). In 2019/2020, a* values increased till 89 storage days, stabilize
for the next sampling dates and decrease at 130" day (Figure 6.4B). In 2020/2021,

a* showed an increased pattern during the storage (Figure 6.4C).
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Figure 6.4: ‘Jintao’ kiwifruit temporal evolution of a* during storage along: A) 2018/2019; B)
2019/2020; C) 2020/2021. Data depicted is the Mean = SE of 8 kiwifruit. Statistically different means
(p < 0.05) between sampling dates are signalled with different letters.

The initial averages of Hue, in 2018 to 2020, were 101.9 °, 100.9 ° and 102.4
° respectively (Figure 6.5). The corresponding values at the end of storage were
101.8 °, 99.32 ° and 96.68 °, meaning that, although the colour was similar at the
beginning, in 2021, during storage, ‘Jintao’ kiwifruit became more yellow than in the

previous years.

In 2018/2019, there were no significant differences among Hue values along
storage time (Figure 6.5A). In both 2019/2020 and 2020/2021, hue angle decreased
during time, however, in 2019/2020, at the last sampling date Hue slightly increased
(Figures 6.5B and 6.5C).
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Figure 6.5: ‘Jintao’ kiwifruit temporal evolution of Hue during storage along: A) 2018/2019; B)
2019/2020; C) 2020/2021. Data depicted is the Mean = SE of 8 kiwifruit. Statistically different means
(p < 0.05) between sampling dates are signalled with different letters.

6.1.2 Firmness, SSC and DM

The initial averages of firmness for ‘Jintao’ kiwifruit, in 2018 to 2019, were

31.30 N, and 25.94 N, respectively (Figure 6.6). The corresponding final storage
values were 3.20 N and 4.21 N. The firmness values in 2020/2021, due an

equipment failure, were not considered.
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Figure 6.6: ‘Jintao’ Kiwifruit temporal evolution of firmness during storage along: A) 2018/2019; B)
2019/2020. Data depicted is the Mean + SE of 8 kiwifruit. Statistically different means (p < 0.05)
between sampling dates are signalled with different letters.
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In both seasons, firmness decreased fast in the first two months as described
by Antunes & Sfakiotakis (2008) and then, from 89 days of storage, there were no

more significant differences.

The initial averages of SSC for ‘Jintao’, in 2018 to 2020, were 12.1 %, 13.2 %
and 11.4 %, respectively (Figure 6.7). The corresponding values at the end of
storage were 13.7 %, 16.3 % and 14.8 %.

In 2019/2020 and 2020/2021, SSC values increased along storage (Figures
6.7B and 6.7C). In the latter, despite the kiwifruit SSC values when stored were
higher than those reported by Huang et al. (2022), was also registered a rapidly
increase, approximately, in the first two weeks. However, in 2018/2019, SSC values
increased till 103 days of storage, but had a slight decrease after 132 days, then an
increase at the end of storage (Figure 6.7A).

Jintao - 201872019
A - N L

;lpuor-gmmpzo -

b

SSCt
1

1

Sorage Doys Soerage Days

C Jintao - 202012021

SSC (%)

Sorage Doys

Figure 6.7: ‘Jintao’ kiwifruit temporal evolution of SSC during storage along: A) 2018/2019; B)
2019/2020; C) 2020/2021. Data depicted is the Mean + SE of 8 kiwifruit. Statistically different means
(p < 0.05) between sampling dates are signalled with different letters.
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The initial averages of dry matter for ‘Jintao’ kiwifruit, in 2018 to 2020, were
14.01 %, 14.64 % and 15.67 %, respectively (Figure 6.8). The corresponding final
storage values were 15.18 %, 16.89 % and 14.17 %.

Dry matter values evolved differently each year. In 2018/2019, there are not
significant differences during storage, except at 39 and 103 days of storage (Figure
6.8A). In 2019/2020, dry matter values followed an increased pattern, while in
2020/2021 was the opposite, although at the last measurement day there was an

increase of the values (Figures 6.8B and 6.8C).
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Figure 6.8: ‘Jintao’ kiwifruit temporal evolution of dry matter during storage along: A) 2018/2019; B)
2019/2020; C) 2020/2021. Data depicted is the Mean + SE of 8 kiwifruit. Statistically different means
(p < 0.05) between sampling dates are signalled with different letters.

6.1.3 pH and TA

The initial averages of pH for ‘Jintao’, in 2018 to 2020, were 3.37, 3.38 and
3.44, respectively (Figure 6.9). The corresponding final storage values were 3.72,
2.97 and 3.77.
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Once more, the evolution occurred differently according to the year. In
2018/2019, from the 39 days of storage there are no significant differences, while in
2019/2020 the values decreased during storage, being the kiwifruit more acidic that
those from the other years (Figures 6.9A and 6.9B). In 2020/2021, the pH values

were very irregular with a significant increased at the end (Figure 6.9C).
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Figure 6.9: ‘Jintao’ kiwifruit temporal evolution of pH during storage along: A) 2018/2019; B)
2019/2020; C) 2020/2021. Data depicted is the Mean + SE of 8 kiwifruit. Statistically different means
(p < 0.05) between sampling dates are signalled with different letters.

The initial averages of TA for ‘Jintao’, in 2018 to 2020, were 1.14 %, 0.92 %
and 1.35 %, respectively (Figure 6.10). The corresponding final storage values were
0.86 %, 1.15 % and 1.10 %.

In both 2018/2019 and 2020/2021, TA values, in general, decreased till 103
and 84 days of storage, respectively (Figures 6.10A and 6.10C). In the first year,
values then increased, while in the last stabilized showing no significant differences
in the last days, but, overall, considering only the initial and the final values, TA

decreased during storage.

In other hand, in 2019/2020, kiwifruit titrable acidity slightly increased during
storage (Figure 6.10B).
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Figure 6.10: ‘Jintao’ kiwifruit temporal evolution of TA during storage along: A) 2018/2019; B)
2019/2020; C) 2020/2021. Data depicted is the Mean + SE of 8 kiwifruit. Statistically different means
(p < 0.05) between sampling dates are signalled with different letters.

6.2 Ripening evolution of ‘Hayward’ kiwifruit during storage

6.2.1 Colorimetric parameters

The initial averages of L* for ‘Hayward’ kiwifruit, in 2018 to 2020, were 54.39,
54.72 and 60.21, respectively (Figure 6.11). The corresponding final storage values
were 52.68, 48.29 and 53.88.

In all years, L* values decreased in the first storage days. In 2019/2020 and in
2020/2021 there are no significant differences from 34 days of storage, except at 89™
day, and from 27 days of storage, respectively (Figures 6.11B and 6.11C). In
2018/2019, L* values decreased till 74 days of storage and then slightly increased
along time (Figure 6.11A). It is possible that this happened due to an over ripening
since, in the first year, the kiwifruit stored were followed during more time till 172

storage days.
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Figure 6.11: ‘Hayward’ kiwifruit temporal evolution of L* during storage along: A) 2018/2019; B)
2019/2020; C) 2020/2021. Data depicted is the Mean = SE of 8 kiwifruit. Statistically different means
(p < 0.05) between sampling dates are signalled with different letters.

The initial averages of b* for ‘Hayward’ kiwifruit, in 2018 to 2020, were 24.29,
29.91 and 31.77, respectively (Figure 6.12). The corresponding final storage values
were 22.77, 20.21 and 23.36.

The initial averages of chroma, in 2018 to 2020, were 27.19, 33.33 and 34.88,
respectively (Figure 6.13). The corresponding final values were 25.12, 22.82 and
25.27.

Chroma and b* values had a similar evolution. In the three years, values
decrease till 74, 89 and 53 days of storage, respectively (Figures 6.12 and 6.13).
Then, in 2020/2021, from that date, there were no more significant differences,
except at 117 storage days, while in 2018/2019 and 2019/2022 the values begun to

increase.
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Figure 6.12: ‘Hayward’ kiwifruit temporal evolution of b* during storage along: A) 2018/2019; B)
2019/2020; C) 2020/2021. Data depicted is the Mean = SE of 8 kiwifruit. Statistically different means
(p < 0.05) between sampling dates are signalled with different letters.
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Figure 6.13: ‘Hayward’ kiwifruit temporal evolution of chroma during storage along: A) 2018/2019; B)
2019/2020; C) 2020/2021. Data depicted is the Mean + SE of 8 kiwifruit. Statistically different means
(p < 0.05) between sampling dates are signalled with different letters.
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The initial averages of a* for ‘Hayward’, in 2018 to 2020, were -12.22, -14.68
and -14.38, respectively (Figure 6.14). The corresponding final storage values were -
10.59, -10.58 and -9.59.

In 2018/2019 and 2020/2021, a* values during storage evolved at similar
pattern, increasing till 74 and 67 days, respectively, and then, the tendency was to
stabilize (Figure 6.14A and 6.14C). In 2019/2020, a* increased along time till 89
storage days, decreasing in the last day (Figure 6.14B).

A Hayward 201872019 B Hayward 20192020
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Figure 6.14: ‘Hayward’ kiwifruit temporal evolution of a* during storage along: A) 2018/2019; B)
2019/2020; C) 2020/2021. Data depicted is the Mean + SE of 8 kiwifruit. Statistically different means
(p < 0.05) between sampling dates are signalled with different letters.

The initial averages of Hue for ‘Hayward’ kiwifruit, in 2018 to 2020, were 116.7
°116.1 ° and 114.3 ©, respectively (Figure 6.15). The corresponding final storage
values were 115.0°,118.0°and 112.3 °.

In 2018/2019 and 2020/2021, Hue values decreased along storage, although
in a more irregular way in the first year (Figures 6.15A and 6.15C). In 2019/2020 ,
there are no significant differences between 34 storage days and the final date,
except at 89" day (Figure 6.15B).
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Figure 6.15: ‘Hayward’ kiwifruit temporal evolution of Hue during storage along: A) 2018/2019; B)
2019/2020; C) 2020/2021. Data depicted is the Mean = SE of 8 kiwifruit. Statistically different means
(p < 0.05) between sampling dates are signalled with different letters.

6.2.2 Firmness, SSC and DM

The initial averages of firmness for ‘Hayward’ kiwifruit, in 2018 to 2020, were
33.75 N, 39.69 N and 45.90 N, respectively (Figure 6.16). The corresponding final
storage values were 5.24 N, 5.10 N and 4.74 N.

In 2018/2019, firmness values decreased in the first two months as described
by Antunes & Sfakiotakis (2008); however, in 2019/2020 and in 2020/2021 the
firmness declined especially in the first 40 days in storage, being more similar with
the behaviour reported by Huang et al. (2022), in which over the first four weeks in

storage, firmness decreased from ~54 N to ~10 N.

Furthermore, in all seasons, firmness values tend to be similar in the final slow
phase of softening, independently of the values at harvest, as reported by Burdon et
al. (2013).
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Figure 6.16: ‘Hayward’ kiwifruit temporal evolution of firmness during storage along: A) 2018/2019; B)
2019/2020; C) 2020/2021. Data depicted is the Mean + SE of 8 kiwifruit. Statistically different means
(p < 0.05) between sampling dates are signalled with different letters.

The initial averages of SSC for ‘Hayward’, in 2018 to 2020, were 7.1 %, 8.4 %

and 8.9 %, respectively (Figure 6.17). The corresponding final storage values were
12.0 %, 11.8 % and 13.2 %.

In 2018/2019, SSC values increased till 117 days of storage, while in
2019/2020 increased till 61 storage days before stabilized (Figure 6.17A and 6.17B).
In 2018/2019, SSC growth occurred throughout storage, reaching higher values than
the previous years (Figure 6.17C).
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Figure 6.17: ‘Hayward’ kiwifruit temporal evolution of SSC during storage along: A) 2018/2019; B)
2019/2020; C) 2020/2021. Data depicted is the Mean = SE of 8 kiwifruit. Statistically different means
(p < 0.05) between sampling dates are signalled with different letters.

The initial averages of dry matter, in 2018 to 2020, were 11.60 %, 13.50 %
and 14.38 %, respectively (Figure 6.18). The corresponding final storage values were
13.81 %, 14.48 % and 13.64 %

In 2018/2019 and 2019/2020, dry matter values tend to be stable in the first
storage days before started to increase from 74 and from 75 storage days,
respectively, stabilizing again in the case of the first year (Figures 6.18A and 6.18B).
In 2020/2021, there are no significant differences, except at 0 and at 67 days of
storage (Figure 6.18C). In this year there is not a growth phase, possibly due a
higher initial value than the previous years.
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Figure 6.18: ‘Hayward’ kiwifruit temporal evolution of dry matter during storage along: A) 2018/2019;
B) 2019/2020; C) 2020/2021. Data depicted is the Mean + SE of 8 kiwifruit. Statistically different
means (p < 0.05) between sampling dates are signalled with different letters.

6.2.3 pHand TA

The initial averages of pH for ‘Hayward’ kiwifruit, in 2018 to 2020, were 3.52,
3.06 and 3.25, while the final storage values were, respectively, 3.42, 2.76 and 3.30
(Figure 6.19).

In 2018/2019 and 2020/2021, the pH evolution during storage was very
irregular, especially in the latter (Figures 6.19A and 6.19C). In 2019/2020, pH values
increased till 48 storage days and then decreased till 120 days (Figure 6.19B).
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Figure 6.19: ‘Hayward’ kiwifruit temporal evolution of pH during storage along: A) 2018/2019; B)
2019/2020; C) 2020/2021. Data depicted is the Mean + SE of 8 kiwifruit. Statistically different means
(p < 0.05) between sampling dates are signalled with different letters.

The initial averages of TA for ‘Hayward’ kiwifruit, in 2018 to 2020, were 1.07
%, 1.36 % and 1.33 %, respectively (Figure 6.20). The corresponding values at the
end of storage were 1.22 %, 1.42 % and 1.49 %.

In 2018/2019, TA values increased till 45 storage days, then decreased till 70
days before increase again (Figure 6.20A). In 2019/2020, TA decrease till 61 days of
storage and then increased, with no significant differences in the sampling dates,
while in 2020/2021, after the decreased, values were maintained stable till 123 days
then increased (Figures 6.20B and 6.20C).

206



A Hayward 20182019 B Hayward 20192020
- X B0 Lo s il el S & < L Y e < S L i btk ndi ind

Figure 6.20: ‘Hayward’ kiwifruit temporal evolution of TA during storage along: A) 2018/2019; B)
2019/2020; C) 2020/2021. Data depicted is the Mean + SE of 8 kiwifruit. Statistically different means
(p < 0.05) between sampling dates are signalled with different letters.

6.3 Sensory evaluation

Sensory evaluation of kiwifruit was done through ripening as described in
Section 2.6.

6.3.1 ‘Jintao’ kiwifruit

The median for all sensory parameters evaluated in Kkiwifruit Actinidia
chinensis ‘Jintao’ was around 6-point Likert scale for all sets and along the time, and
the interquartile range, as a measure of dispersion, had low values as described in
Table 6.1, between 0 and 3, for most cases. The maximum obtained was 7-point and

the minimum value was 2.

In fact, for all the three years, independently of the month, all parameters
evaluated where very consistent with a 6-point evaluation through time and through
years, meaning that ‘Jintao’ kiwifruit was very appreciated by the panellists

regardless kept in storage for 2.5 or 4.5 months at 0 °C, despite for Actinidia
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chinensis, the storage period, at low temperature, is, usually, four months or less
(Asiche et al., 2017).

Table 6.1: Descriptive statistics for Actinidia chinensis ‘Jintao’ kiwifruit according to panellist’s
evaluation. Hedonic scale was the 7-point, ranging from 1 = Dislike very much and 7 = Like very
much.

Storage Month Parameter Median Minimum Maximum Range :qn:::tile
Days and year
range
Fruit 6 4 7 3 1
Appearance
Pulp 6 3 7 4 1.25
Appearance
24 January  Aroma 55 3 7 4 1.25
2019 Texture 6 5 7 2 1.25
Sweetness 6 2 7 5 1
Acidity 6 2 7 5 3
Global 6 5 7 2 1.25
Taste
Fruit 6 5 6 1 0
Appearance
Pulp 6 4 7 3 0
Appearance
132 March Aroma 6 3 6 3 1
2019 Texture 5 2 7 5 2
Sweetness 6 4 7 3 1
Acidity 6 4 7 3 3
Global 6 2 7 5 1
Taste
Fruit 6 4 7 3 1
75 January Appearance
2020 Pulp 6 4 7 3 2
Appearance
Aroma 6 4 7 3 1
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Pairwise comparisons for the same months in different years were performed
revealing differences only for acidity between January 2020 and January 2021
(Figure 6.21), texture between March 2019 and March 2021, fruit appearance
between March 2021 and March 2019, as well March 2021 and March 2020 (Figure
6.22).
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Figure 6.21: Pairwise Comparisons for acidity and table of Independent-Samples Kruskal-Wallis test
results for ‘Jintao’ kiwifruit.
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Figure 6.22: Pairwise Comparisons for fruit appearance and texture, and table of Independent-
Samples Kruskal-Wallis test results for ‘Jintao’ kiwifruit.
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Further analysis was performed applying MDS by year and by month (Figure
6.23).

The results show that pulp appearance and fruit appearance are always
linked, as well as general taste and sweetness, except in March 2020, meaning that,
overall, the fruit appearance reflects on pulp appearance and sweetness has an

impact on taste.

The degree of ability to explain the results of MDS were analysed through
STRESS-I values (Table 6.2). Since STRESS-I value were below 25 %, the error rate
is also still below the fair value. The value of 90 and upper percent in the RSQ value
(R-Squared is a statistical measure of how close the data are to the fitted regression
line), show that the results of MDS analysis on consumers’ taste can be well

explained.
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Figure 6.23: MDS (Multidimensional scaling) diagrams showing Euclidean distance method between
the perceptions of consumer’s taste in Actinidia chinensis ‘Jintao’ kiwifruit.

Table 6.2: Values of STRESS-I and RSQ for MDS ALSCAL methodology.

Storage Days

Month and year

STRESS-I value

RSQ value

74
132
75
131
70
127

January 2019
March 2019
January 2020
March 2020
January 2021
March 2021

0.025
0.060
0.076
0.135
0.032
0.047

0.985
0.994
0.894
0.961
0.979
0.997
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6.3.2 ‘Hayward’ kiwifruit

For ‘Hayward’ kiwifruit the median was around 6-point Likert scale for all sets
and along the time, and the interquartile range, as a measure of dispersion, had low
values between 0 and 3 (Table 6.3), although a little more irregular than ‘Jintao’
possibly due a higher number of sensory evaluations and a longer storage time. The

maximum obtained was 7-point and the minimum value was 1-point.

Table 6.3: Descriptive statistics for ‘Hayward’ kiwifruit according to panellists’ evaluation. Hedonic

scale was the 7-point, ranging from 1 = Dislike very much and 7 = Like very much.

Storage Month Parameter Median Minimum Maximum Range Inter

Days and year guartile

range
0.5

Appearance
Pulp
Aroma
Texture
Sweetness
Acidity
Taste
Appearance
Pulp
131 _ Aroma 5.
April Texture
2019
Sweetness
Acidity
Taste
Appearance
Pulp
Aroma
172 May 2019 Texture
Sweetness
Acidity 5.
Taste
Appearance
Pulp
61 January Aroma
2020 Texture
Sweetness
Acidity
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Considering the homologous months of sampling, statistical differences were

found, with the application of the Mann-Whithey nonparametric test for two

independent samples, between April 2019 and April 2021 for sweetness and overall

taste (p<0.05) (Table 6.4). Although the sensory evaluations mentioned were

performed at the same month, in the last one the kiwifruit were in storage 20 days

more than in 2019, what possibly was enough to cause the statistically difference.
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Table 6.4: Mann-Whitney independent test applied in ‘Hayward’ kiwifruit sweetness and general taste

evaluation.
Parameter Group date N Mean Rank  Sum of Ranks  Probability
Sweetness  April 2019 17 13.82 235 <0.001
April 2021 24 26.08 626
Total 41
Taste April 2019 17 14.88 253 0.003
April 2021 24 25.33 608
Total 41

The MDS analysis shows that for ‘Hayward’, as ‘Jintao’ kiwifruit, pulp

appearance and fruit appearance, and also general taste and sweetness are always
linked (Figure 6.24).
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Figure 6.24: Multidimensional scaling (MDS) diagrams showing Euclidean distance method between
the perceptions of consumer’s taste in ‘Hayward’ kiwifruit.

6.3.3 ROC analysis

Performing a receiver operating characteristic (ROC) analysis along time by
each sensory evaluation, showed that, for both cultivars, sweetness and acidity were

the variables that respond with better scores for General taste (Figure 6.25),
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confirming that these two parameters are crucial factors for consumer acceptance

(Marsh et al., 2006; Garcia et al., 2012). However, for ‘Jintao’ aroma seems to be

important for global taste in January and March 2020, and also appearance in March

2020 and texture in March 2021. For ‘Hayward’ texture had also impact in May 2019

and pulp appearance in April 2021, perhaps due overripeness.
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Figure 6.25: Model quality for ROC curve analysis with tasters’ variables according to General taste
maximum value given (7-point) and the perceptions of consumer’s taste in kiwifruit (‘Jintao’ on the left
and ‘Hayward’ kiwifruit on the right).

Instead of applying the ROC analysis for each month and year, ROC can be
performed to obtain an overall model quality. This approach reveals that, for both
cultivars, sweetness, acidity and texture were the variables that respond with better
scores for General taste. Aroma has also importance for the General taste on ‘Jintao’
(Figure 6.26).

These results confirm, in first place, that, for each cultivar, sensory evaluation
depends on different attributes. For example, for ‘Golden Delicious’ apples, values of

firmness, SSC and TA are important, while for ‘Elstar’ apples consumer acceptance
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is more dependent on aroma and juiciness (Hoehn et al., 2003; Rizzolo et al., 2010);
in second, that sweetness, acidity and aroma are critical to consumer acceptance of
kiwifruit (Marsh et al., 2006; Garcia et al., 2012; Wang et al., 2021).
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Figure 6.26: Global Model quality for ROC curve analysis with tasters’ variables according to General
taste maximum value given (7-point) at: A) ‘Jintao’ kiwifruit; B) ‘Hayward’ Kiwifruit.

6.4 Average spectra temporal evolution of cold stored kiwifruit

Organoleptic evaluation is the most practical and cost-effective method to
evaluate the freshness of agricultural products, however the sensory information is
affected by personal preferences, experiences and subjective feelings (Wang et al.,
2022) and in fruit that ripen rapidly there is the risk that its quality can deteriorated

prior to sensory and consumer assessments (Jaeger et al., 2003).

The use of a low-cost, reliable (Nicolai et al., 2007) and chemical-free method
(Shah et al., 2020), that could provide useful information to predict the optimum
eating-ripe phase would be a plus to fulfil consumers’ preference. An obvious option
is the use of the visible-near infrared (VisNIR-DRS) spectroscopy, since it is one of
the most successful non-destructive methods for quality assessment of fruit (Afonso
et al., 2022; Tian et al., 2022).

The averaged transformed spectra of VisNIR-DRS acquired during storage are
represented in Figure 6.27 for ‘Jintao’ and in Figure 6.28 for ‘Hayward’ kiwifruit.

There was not a consistent evolution pattern of the spectra in the three years.
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Figure 6.27: Averaged transformed reflectance spectra at 680 nm acquired along storage time for

‘Jintao’ kiwifruit during: A) 2018/2019; B) 2019/2020; C) 2020/2021. Data depicted is the Mean * SE of
8 kiwifruit.

Figure 6.28: Averaged transformed reflectance spectra at 680 nm acquired along storage time for

‘Jintao’ kiwifruit during: A) 2018/2019; B) 2019/2020; C) 2020/2021. Data depicted is the Mean + SE of
8 kiwifruit.
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Being firmness an IQA that consistently decreases with storage time, it could
be expected that with the loss of kiwifruit firmness, the reflectance will be lower since
soft fruit has less scattering. However, as mentioned before (Section 4.1), the turbid
biological material complicates the absorption and scattering processes (Quin & Lu,
2008) and the complexity and the heterogeneities of the fruit’s tissue (Nicolai et al.,
2007; Saeys et al.,, 2019) affects the relationship between the reflectance spectra
and the mechanical properties (Cen et al., 2013; Afonso et al., 2022). Furthermore, it
was reported in apples that cell wall degradation reduces the scattering events
(Bobelyn et al., 2010), but air filled pores caused by cells water loss leads to an
increase of them (Schotsmans et al., 2004), which also complicates this relation
(Rizzolo et al., 2010).

Moreover, since kiwifruit of each cultivar were from two different orchards and
not from the same batch, an extra complexity might have been added.

Despite all these difficulties, the spectra collected show differences along the
storage time, meaning that VisNIR-DRS spectroscopy is able to identify chemical and

physical changes that occur during Kiwifruit ripening in cold storage.

6.5 Spectra reflectance correlation with internal quality attributes

Sweetness and texture have a major impact in consumer acceptance, for both
cultivars, according the sensory evaluation results. For this reason, was investigated
if there is a good correlation between kiwifruit SSC and firmness and their reflectance
spectra acquired during storage and at which wavelength (Figure 6.29 andFigure
6.30).

6.5.1 SSC

In the first place, correlation between kiwifruit SSC and their reflectance
spectra showed to be very different in each year/season. Even to the point that, in
one year (2018/2019) there is a good positive correlation and in the other two,
although not so relevant, the correlation is negative for the same wavelength range

(500 — 800 nm), while in 800 — 950 nm, the correlation inverted in all seasons (Figure
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6.29A). Although very irregular through years, for ‘Jintao’ kiwifruit the higher
correlation was obtained in the range 650 — 710 nm (=0.8), followed by the range 820
— 950, in 2018/2019. The latter range revealed to have a negative correlation with
‘Hayward’ SSC also for kiwifruit from 2018/2019 (Figure 6.29B). There was also a
good correlation, but positive, in the range 730 - 780 nm for the previous season, and
a negative one between 635 — 690 nm in 2020/2021.

Figure 6.29: Correlation between soluble solids content (SSC) and VisNIR-DRS reflectance spectra
of: A) ‘Jintao’ kiwifruit; B) ‘Hayward’ kiwifruit. Each colour line represents a different year/season (red =
2018/2019; green = 2019/2020; blue = 2020/2021).

Results showed a very irregular correlation between soluble solids content
and reflectance spectra, but there is, effectively, wavelength ranges with good
correlation values, meaning that VisNIR-DRS spectroscopy can be used to predict
SSC of kiwifruit during storage with special attention to 635 — 780 nm, and so the

kiwifruit consumers’ preference.

This range (635 — 780 nm), when compared with the one used in the models
to predict SSC ‘Jintao’ kiwifruit (Table 4.1), is integrated in the latter (675 — 895 nm),
confirming that these wavelengths have a good correlation with SSC kiwifruit either
while on-tree either during storage.
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6.5.2 Firmness

Correlation values between reflectance spectra and ‘Jintao’ firmness are
totally opposite in the two years showed (Figure 6.30A). The only relevant correlation
was found at 695 — 720 nm in 2018/2019, which is also part of the range used in the
firmness models prediction in Chapter 4 (Table 4.1). In the case of ‘Hayward’
kiwifruit, correlation between firmness and reflectance spectra is even more irregular,
not only between seasons, but also along the wavelengths in the same year (Figure
6.30B). There is a good positive correlation in the range 500 - 705 nm in 2020/2021
and at 810 - 950 nm in 2019/2020. A negative correlation was found at 740 - 785 nm
in 2019/2020.
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Figure 6.30: Correlation between firmness and VisNIR-DRS reflectance spectra of: A) ‘Jintao’
kiwifruit; B) ‘Hayward’ kiwifruit. Each colour line represents a different year/season (red = 2018/2019;
green = 2019/2020; blue = 2020/2021).

6.5.3 Other IQA

Considering the results above, further investigation was performed to analyse
other internal quality attributes and a good correlation with reflectance spectra was
found for ‘Jintao’ kiwifruit dry matter (Figure 6.31A) and, not so good but still relevant,
for titrable acidity (Figure 6.31B).

223



Figure 6.31: Correlation between VisNIR-DRS reflectance spectra of ‘Jintao’ kiwifruit and: A) Dry
matter; B) Titrable acidity. Each colour line represents a different year/season (red = 2018/2019; green
= 2019/2020; blue = 2020/2021).

Correlation between dry matter of ‘Jintao’ kiwifruit and reflectance spectra
acquired during storage is, in fact, very similar with the correlation showed in Figure
6.20A for SSC in 2019/2020, highlighting the high correlation ( = 0.8) at almost all
spectrum of this year, which was positive at 550 - 665 nm and 685 - 790 nm, and

negative at 820 — 950 nm.

On the other hand, although titrable acidity showed only a high positive
correlation at 700 - 715 nm, correlation between 500-595 nm is very close to 0.8 in
2018/2019.

In this work, applying the receiver operating characteristic (ROC) analysis to
sensory evaluation performed during cold storage of two Kiwifruit cultivars, through
three years, reveal that for ‘Jintao’ and ‘Hayward’ kiwifruit sweetness, acidity and
texture were the variables, for panellists, with better impact scores in kiwifruit General
taste through cold storage.

Since the VisNIR-DRS spectroscopy showed to be able to distinguish the
chemical and physical changes that occur during kiwifruit ripening in cold storage and
there are good correlation values between soluble solids content and reflectance
spectra in the 635 — 780 nm wavelength range, this technology could be an objective
alternative to determine optimum eating-ripe phase since is not affected by sensorial

consumer’ preferences, among others.
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Chapter 7

General conclusions and future perspectives
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7.1 General conclusions

This thesis aimed to monitor the complete ripening process of two distinct
cultivars of kiwifruit, namely the green-fleshed 'Hayward' and the yellow-fleshed
‘Jintao’, from the initial stage on the tree to the eating-ripe phase, using visible near
infrared spectroscopy (VisNIR). The goal was to explore the potential of VisNIR-DRS

as a dependable tool for non-destructive monitoring of fruit quality.

First and foremost, it is worth noting that a 'hard mode' approach was adopted
in this study:

e The calibration models created in this research for predicting the internal
quality parameters of 'Jintao' kiwifruit were based on a highly heterogeneous
dataset that included fruit in various developmental stages.

¢ |n addition to using data from two different orchards collected over two years,
an unexpected challenge arose when the spectrometer was lost and had to be
replaced by a second one.

e By utilizing four distinct datasets (one for each year and orchard), rigorous

external validations could be conducted.

However, the innovation of this study lies precisely in the challenges described
above. While there are numerous reports on the use of spectroscopy to predict
kiwifruit internal quality attributes (IQA), these reports typically focus on only a few
IQA and are limited to post-harvest analysis. Pre-harvest monitoring, on the other
hand, enables better orchard management and can aid in determining the ideal
harvest date, which is critical for increasing producers' revenue and ensuring high-
quality fruit. In these reports, the data usually originate from the same batch and are
divided in a proportion of 75% calibration and 25% validation, indicating that only
internal validation is performed, with minimal heterogeneity. This is why the
performance models found in literature are overoptimistic. In contrast, this study
utilized a highly diverse dataset that covered kiwifruit ripening on the tree until one
week after their commercial harvest season. Moreover, the heterogeneity arose from
different orchards and years. External validations were also conducted with the four

independent datasets, with three of them being used for calibration and the
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remaining one for validation. External validation is crucial for evaluating how
calibration models will perform with new data. Finally, special attention was given to
the 'Jintao’ kiwifruit, as little information was available about this cultivar that is rapidly

expanding commercially.

Despite all these difficulties, this study yielded promising results. After testing
several combinations of pre-processing treatments and wavelengths using data from
the first year, robust models were obtained for Hue (RMSEP = 1.92; R? = 0.88;
Range = 660 — 959 nm), SSC (RMSEP = 1.24%; R2 = 0.80; Range = 675 — 895 nm),
and a* (RMSEP = 1.44; R2 = 0.82; Range = 660 — 948 nm) by applying only SNV to

spectra.

The experimental design enabled testing of the accuracy of average predictions
from these calibration models, specifically for predicting the average IQA for each
sampling day and each of the four data subsets considered. The prediction of IQA
averages on these specific dates resulted in excellent outcomes, with R? values
equal to or greater than 0.97, six SDR values exceeding 9 and RMSEP values that
were at least 3-5 times lower than those obtained for individual predictions. As
orchard management is based on averages rather than individual values, this result

reinforces the practicality of Vis-NIR technology in the field.

The quality of the calibration models and the relative changes of the monitored
IQA along ripening suggest that a*, Hue, and SSC are useful IQA for monitoring the
ripening of 'Jintao’ kiwifruit. These parameters exhibit good performance models and

significant variations over time.

The results obtained for the data of the first year must be viewed with care, since
they were not obtained through strict external validation, but rather through
independent datasets built from the trees of the two orchards. While this approach
does provide some indication of model performance, it is not as rigorous as external
validation with completely independent data sets. Additionally, the analysis of the
two-year data set revealed that the results from the first year may have been overly
optimistic, which further underscores the importance of external validation in

developing and accessing calibration models.

229



Regarding the analysis of the complete two-year dataset, the focus of the models
developed in this study was solely on the SSC of 'Jintao' kiwifruit due to the
complexity of the procedure. The performance of external validation was compared
with the standard internal validation. Good performance models were achieved with
internal validation (SDR = 2), although, the same did not apply to external validation.
In both cases, a pre-processing optimization step was included, which consisted of
three modes of operation: MIX (a MIXture of different types of pre-processing tested),
SNV (tested on different spectral ranges), and SG (Savitzky-Golay tested on different
ranges, filter width, and derivative order), which ultimately delivered approximately

equivalent performance.

In an attempt to improve the performance of the models, variable selection and
orthogonal signal correction were employed. However, it was found that only the
internal validation performance was improved, while the external validation results
remained largely unaffected. This suggests that these techniques may have limited

value in the context of stringent external validation.

As it was not possible to perform the usual calibration transfer due to the lack of
common samples, an alternative approach was used based on a normalization
procedure between the daily average spectra. This led to an improvement in the

external validation model performance, achieving an SDR value of 1.8.

The final step of the study attempted to combine variable selection, orthogonal
signal correction and calibration transfer in order to improve the model's
performance. However, no improvement was observed, which suggests that both
variable selection and orthogonal signal correction are local improvements that may

not be transferable to independent datasets.

It is interesting to note that the simple form of calibration transfer used in this
study was successful, whereas other approaches were not. The normalization
procedure used in this approach removes part of the variability related to the
differences between the spectrometers by normalizing the "slave" spectra average to
the "master" average on each day. It is also possible that large spectral feature
differences associated with pulp structure changes are partially cancelled out. This

simple but powerful technique could be an effective way to improve the prediction of
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new data in orchard monitoring applications. However, further tests need to be
conducted using different datasets.

It is worth noting that in some cases, the differences among orchards or
instruments may be incorporated into the models. Therefore, removing these
differences may lower the quality of the predictions.

In the post-harvest phase, a novel approach using ROC (Receiver Operating
Characteristic) was employed to obtain an overall assessment of the model quality.
Results revealed that sweetness, acidity, and texture were the variables that showed
the best scores for General taste in both cultivars studied. For ‘Jintao’ kiwifruit, aroma
also had a significant impact on General taste. Furthermore, considering the 1QAs
that influence consumers' acceptance, a strong correlation between SSC and
reflectance was found for both cultivars, with the 635 — 780 nm range being the most
important. Regarding firmness, a good correlation with reflectance spectra was
observed, particularly in ‘Hayward’ kiwifruit. For ‘Jintao’ kiwifruit, reflectance spectra
also showed a strong correlation with dry matter, and a moderate but still relevant
correlation with titrable acidity.

There are some common thoughts that apply to all the sections of this study.

Firstly, the study duration of two years is relatively limited, and a three-year study
would improve the variability covered by the model and reduce prediction errors in
the validation dataset. Therefore, long-term datasets are essential in developing the
field of VisNIR-DRS in fruit quality monitoring.

Secondly, the hardware used in the study is critical. The signal-to-noise ratio
determines the useful wavelength range, and it was necessary to eliminate
wavelengths above 950 nm, even though the spectrometer could detect up to 1020
nm. Reproducibility of measurements and a stable contact between probe and fruit
are also crucial, and it is essential to probe deep into the pulp. The optical probes
used in the study had a small separation between injection and collection fibers and
mostly probed superficial tissue, possibly contaminated by light reflected at the fruit
skin, as seen in the spectra. With a good hardware setup, almost any basic model

will work, while a poor hardware setup makes it difficult to achieve good results, even
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with sophisticated machine learning models. Therefore, the hardware setup is crucial
in obtaining accurate VisNIR-DRS measurements in fruit quality monitoring.

The third point to consider is the significant spectral variations in fruit. This is
evident in the correlations between SSC and the spectra of cold-stored fruit, as
shown in section 6. The correlations differ each year, indicating that various factors
contribute to the shape of the reflectance spectra. The correlation between SSC and
the spectra is just a by-product of how other factors shape the overall reflectance.
There are two approaches to tackle this issue. The first approach, which is commonly
used, is to eliminate unwanted variation as much as possible through pre-processing
techniques such as SNV or OSC. The second approach, although more challenging,

is to comprehend and model the major factors that define the spectra shapes.

7.2 Future perspectives

Looking ahead to the future, it is clear that scientific and technological
advancements are interconnected. From a scientific standpoint, it is vital to expand
the database of spectra by including data on a range of factors, such as different
years, producers, soil types and production methods. Additionally, it is essential to
conduct further research into the effectiveness of the proposed average
normalization procedure for calibration transfer, which may facilitate data transfer
between instruments or orchards. Moreover, exploring methods that can better
extract the relevant information from the data and gaining a better understanding of
the reasons for variability in the reflectance spectra are crucial.

On the technological front, the primary objective is to develop a portable device
that uses VisNIR-DRS spectroscopy and has integrated robust models capable of
accurately predicting the main IQA of kiwifruit while still on the tree and estimating
their optimal harvest date with good performance. To achieve this goal, it is
necessary to develop reliable and reproducible sampling methods in pure

interactance mode, optimize the spectral device to ensure a good signal-to-noise
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ratio across a broad wavelength range, perform field tests with producers to assess
the economic impact of VisNIR-DRS in orchard management, and create a user-

friendly interface, display, and software to provide real-time information.
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