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ABSTRACT 

Yiyi Grazul, Ph.D. 

Cornell University 2020 

Apple (Malus × domestica Borkh) is one of the major fruits produced around the world. 

As the production and consumption of apple fruit continue to increase, improved quality 

control has become a main focus of postharvest science. The absence of blemishes, flesh 

firmness, sweetness, and acidity are closely related to consumer preferences. As an 

internal fruit quality attribute, sweetness can determine consumer purchases. Although 

sweetness can be determined by quantifying sugars via several chemical methods such 

as ion-chromatography, the most broadly used method to quickly determine sugars is 

through measuring soluble solid content (SSC) by refractometer. In apples soluble 

solids consist mainly of fructose, glucose, and sucrose. Fruit dry matter concentration 

(DMC)  is comprised of all components except water, and in recent years DMCs have 

been studied in relation to fruit maturity as well as consumer preferences. At harvest, 

DMC can be regarded as a predictor of SSC after storage as the DMC correlates strongly 

with the SSC if no starch is present. However, no effects of 1-MCP and storage period 

on this relationship were detected.  

The traditional measurements of fruit SSC and DMC are laborious, time-consuming as 

well as destructive. Near-infrared (NIR) spectroscopy is a newly available method to 

predict fruit DMC and SSC nondestructively. Models of SSC and DMC were 

successfully built for individual- and multiple- cultivars, and both internal and external 

validation were applied to test the accuracy and precision of all the models. Under 
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similar calibration performances, the individual-cultivar models had higher slope values 

of regression lines, which may indicate more accurate predictions in internal validation. 

However, the individual-cultivar models revealed issues of model over-fitting reference 

and value distribution in external validation. The multi-cultivar models were able to 

predict SSC and DMC. To improve the robustness of the model, variability among-trees 

(e.g. crop load), within-orchard variability, orchard variability, and seasonal variability 

have to be taken into consideration. 

Apples with an internal flesh browning disorder were examined by interactance NIR 

spectroscopy. Linear discriminant analysis (LDA), quadratic discriminant analysis 

(QDA), and stepwise variable selection (SVS) were applied to training and validation 

sets. QDA model with SVS produced the lowest misclassification rates (around 17%). 

These results indicated that QDA outperformed than LDA, and SVS could be used to 

improve the identification of defected apples. 

Overall NIR spectroscopy has a great potential to predict fruit internal quality non-

destructively. However, more studies on model robustness and related chemometrics 

are required.  
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CHAPTER 1. INTRODUCTION 

 

Abstract 

Apple (Malus × domestica Borkh) is one of the most popular fruits produced in the 

world. Besides the external quality attributes, internal quality attributes such as soluble 

solid content (SSC), dry matter content (DMC), acidity, antioxidants and absence of 

disorders are important for consumers. An overview is presented with regard to the fruit 

internal quality and the applications of visible and near infrared (Vis/NIR) spectroscopy 

for measurement of these attributes and discrimination of disorders of apple fruit. In 

NIR spectroscopy, chemometrical techniques are required to extract the effective 

information of quality attributes of fruit from the NIR spectrum. The pretreatment and 

model building techniques are discussed. For apple fruit, most of the applications of 

NIRS are focused on the measurement of SSC, DMC, titratable acidity, firmness, and 

antioxidants. Some studies reported the application of NIR for disorder discrimination.  

 

1.1. Introduction  

1.1.1 Apple fruit 

Apple fruit (Malus× domestica Borkh.) is one of the most popular fruits in the 

United States. Apples are appreciated by consumers due to their sensory and nutritional 

values (Wojdyło et al., 2008). Also, apples are characterized by a good capacity for 

long-term storage, and some cultivars can be stored up to several months at low 
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temperatures and low-oxygen controlled atmospheres (CA) with maintenance of 

sensory and nutritional characteristics.  

When evaluating fruit, the external appearance is the most important quality factor 

because at the time of purchase, consumers firstly judge the quality of fruit by 

appearance. In general, the external attributes of apple fruit include color, size, shape 

and absence of blemishes. Peel color influences the consumer acceptance of apples 

(Saure, 1990; Telias et al., 2011). In general, the red color cultivars are preferred by 

consumers (Hamadziripi et al., 2014; Iglesias et al., 2008), although exceptions occur 

for cultivars such as ‘Granny Smith’ and ’Golden Delicious’ for which blush results in 

the downgrading of the fruit (Hamadziripi et al., 2014; Hirst, et al., 1990). The 

evaluation of apple quality is not limited to external properties, as the internal and 

nutritional properties are also taken into consideration. The satisfaction from internal 

quality including texture and flavor of the fruit also influence consumers’ future 

purchases. Firmness, soluble solid content (SSC) and titratable acid (TA) are important 

attributes of apples which determine consumer liking (Harker et al., 2003). During 

storage, the changes in these attributes also can affect the fruit quality. Consumers are 

also increasingly interested about the nutritional quality of fruit. Apples are a good 

source of vitamin C and phytochemicals and it provides the second highest antioxidant 

activity after cranberry compared with other commonly consumed fruits (Boyer & Liu, 

2004; Wojdyło et al., 2008). Epidemiological studies showed the linkage between the 

consumption of apples with the risk reduction of some cancers, cardiovascular disease, 

pulmonary function and asthma (Boyer & Liu, 2004; Eberhardt et al., 2000). Vitamin C 

content varies in apples because it can be influenced by various factors including 
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genotype, climatic conditions, cultural practices, maturity stages, harvesting methods, 

and post-harvest procedures and storage conditions (Lee & Kader, 2000). Apples are 

also a good source of phenolic compounds. As a naturally occurring plant secondary 

metabolites, phenolic compounds in apples depend on fruit cultivar, maturity stage, 

cultural practices, environmental factors and storage period. In general, apple peel 

contains higher concentrations of total phenolic compounds than in the flesh, and some 

compounds (quercetin glucosides) have been found mainly in the peel (Escarpa & 

Gonzalez, 1998).  

The traditional approaches for measurement of most of these quality attributes are 

still time-consuming, not environmental friendly, as well as being destructive. In recent 

years, spectroscopic techniques have been investigated to measure these quality 

attributes nondestructively.    

1.1.2 Soluble solid content (SSC) 

For apple fruit, sweetness is one of the most important internal fruit quality trait 

which has strong impact on the overall organoleptic quality of fruits (Ma et al., 2015). 

Sweetness can be determined by several chemical methods by quantifying total sugar 

content (Harker et al., 2002). However in most cases, measuring fruit SSC by 

refractometer has become the mostly widely used method for sugar determination. Fruit 

SSC is expressed as percentages and has been considered to be a primary quality and 

harvest indicator (Harker et al., 2008). SSC in apple fruit are mainly composed of sugars, 

acids, and antioxidants (Iwanami, 2011; Ma et al., 2015).  
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1.1.3 Acidity 

Acid content in apple is very important for the eating experience as it correlates 

with flavor and taste (Ackermann et al.,1992; Petkovsek et al., 2007). In apple fruit, 

malic acid accounts for 90% of the acid content of apples (Ma et al., 2015) and it is the 

main substrate for respiration of fruit after harvest (Ackermann et al., 1992).  It has been 

reported that malic acid and its salts and ester compounds (Yao et al., 2011) are related 

to sugar metabolism since malic acid content was highly correlated with glucose and 

sucrose contents (Ma et al., 2015). In plants, malic acid and malate also play important 

roles in the tricarboxylic acid (TCA) cycle and pH regulation (Fernie & Martinoia, 

2009).  

1.1.4 Dry matter content (DMC) 

Dry matter is the measurement of the mass of everything excluding water. In apple 

fruit, dry matter consists of sugars, starch, cell walls, organic acids, fibers and minerals; 

and it accumulates during fruit development mainly as sugars and starch. DMC in apple 

varies within cultivars, rootstocks, crop loads and seasons. In recent years, DMC has 

been considered as an important quality and harvest indictor and be regarded as the 

predictor for SSC after storage (Palmer et al., 2013). Fruit DMC can be measured at 

harvest and used to predict the sensory potential for the fruit after storage preference 

(Palmer et al., 2010).  

1.1.5 Carbohydrates 

It is known that carbohydrates play important roles in cell structure, respiration, 

storage of reserves and desiccation resistance in plants (Finkle et al., 1985; Yu, 1999). 

Fruit number, size and quality are closely related with the carbohydrate partitioning. 
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Carbohydrates in fruit are mainly comprised of fructose, glucose and sucrose; and their 

concentrations largely rely on starch hydrolysis. Sucrose and other disaccharides have 

important roles in osmotic effects and protein stabilization (Finkle et al., 1985). After 

full bloom, fruit development is essentially supported by carbohydrate transported from 

spur leaves and the ultimate fruit growth and quality are determined by the carbohydrate 

availability (Peifer et al., 2018). 

In apple fruit, sorbitol is a primary end product of photosynthesis and is a major 

carbohydrate translocated through phloem from source leaves (Cheng et al., 2005; 

Loescher, 1987). In addition, sorbitol is implicated in fructose metabolism and plant 

development (Archbold, 1999; Meng et al., 2018). Sorbitol is synthesized in the cytosol 

of the leaves via the reduction of glucose-6-phosphate (G6P) to sorbitol-6-phosphate 

(S6P) by aldose-6-phosphate reductase (A6PR) and dephosphorylation of S6P by 

sorbitol-6-phophage dehydrogenase (S6PDH) (Negm & Loescher, 1981). After sorbitol 

is translocated from the leaves into the fruit, carbon from sorbitol can be utilized to 

assimilate fructose, starch and other energy sources for fruit respiration (Yamaguchi et 

al., 1994).   

1.1.6 Starch 

Starch is the most abundant source of reserves for plants. In apple fruit, starch 

accumulates during fruit development and degrades during maturity on the tree or 

during storage (Mesa et al., 2016). Starch consists of the linear and helical amylose (AM) 

and the branched amylopectin (AP).  ADP-glucose pyrophosphorylase (AGPase) is an 

important starch synthesis enzyme, which converting glucose 1-phophate to ADP-

glucose. Also involved in starch synthesis is branching, which is catalyzed by 1,4-alpha-
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glucan-branching enzyme (Blennow et al., 2002; Zeeman et al., 2010). Once fruit reach 

maturity and/or during the postharvest period, starch is hydrolyzed to provide needed 

energy. During starch degradation, phosphorolytic cleavage and hydrolysis are 

catalyzed by starch phosphorylase and amylases (Asatsuma et al., 2005; Zeeman et al., 

2010).  

Starch-iodine staining has been widely used as a fast way to determine the progress 

of conversion of starch to sugar in apple fruit by dipping the equatorial slice of an apple 

to the iodine solution (I2-KI). Then the starch pattern index (SPI) can be scored using 

the starch index chart (Blanpied & Silsby, 1992). As starch concentration decrease 

during maturity and ripening the SPI values increase. However, compared with other 

wet chemistry analytical methods, the SPI method is less precise and only provides an 

indication of starch distribution (Travers et al., 2002). It has been reported that the 

binding capacity of starch molecules with iodine depends on the amylose (AM) 

concentration and the low levels of AM at later maturity stages may lead to discrepancy 

between starch concentration and SPI due to the higher binding capacity of AM and the 

lower binding capacity of AP (Doerflinger et al., 2015).  

1.1.7 Firmness 

Firmness is another important quality and harvest parameter for fruit (Harker et al., 

1996). Usually apple flesh firmness is measured by a penetrometer on a peeled area and 

is expressed in lb-force/kg-force or Newton (Lehman-Salada, 1996). Flesh firmness 

varies depending on cultivar, maturity stage, as well as other environmental factors. 

Flesh firmness is closely related with intercellular spaces, cell-to-cell adhesion and 

tissue density (Johnston et al., 2002). As maturity increase, fruit firmness decrease due 
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to the softening process and other postharvest factors such as temperature, relatively 

humidity, atmosphere and ethylene production (Johnston et al., 2002).  

1.1.8 Internal ethylene concentration (IEC) 

It is well known that the plant hormone ethylene plays critical roles in climacteric 

fruit such as apple. Ethylene stimulates flowering and fruit maturity including change 

in background color, fruit softening, starch degradation, and aroma development 

(Dandekar et al., 2004; Wilkinson et al., 2008; Yang & Oetiker, 1994).  The ethylene 

biosynthetic pathway and the associated methionine cycle are well studied in higher 

plant (Bleecker & Kende, 2000). Ethylene is formed from methionine via the cyclic 

non-protein amino acid 1-aminocyclopropne-1-carboxlylic acid (ACC) with the S-

adnosyl-L-methionine (AdoMet) as an intermediate. During this pathway, ACC is 

converted from AdoMet via ACC synthases; and Adomet is converted to ethylene via 

ACC oxidase (Miyazaki & Yang, 1987).  

In the fruit industry, it is very important to control ethylene-mediated ripening. This 

is usually carried out using cold storage temperatures, often in combination with 

controlled atmosphere (CA) storage. The ethylene perception inhibitor 1-methylcyclo-

propane (1-MCP) has become  an important technology since the early 2000s (Watkins, 

2006; Watkins, 2008). By blocking the biding of ethylene to its receptor, 1-MCP delays 

fruit ripening and results in suppressing malic acid metabolism (Defilippi et al., 2004; 

Liu et al., 2016), loss of SSC (Larrigaudière et al., 2008), and aroma volatile production 

(Moya-Leon et al., 2007; Yang et al., 2016).  
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1.1.9 Crop load  

Crop load management, usually by thinning, is an important management strategy 

that determines the fruit productivity. Altering the crop load by thinning modifies the 

carbohydrate availability and dry matter accumulation in fruit that can dramatically 

affected the fruit quality and maturity (Serra et al., 2016). Thinning treatments should 

be applied before cell division is complete to maximizes carbohydrate availability and 

to optimizes yield and fruit quality (Jones et al., 1998).  Lowering crop load properly 

induces an improvement of average fruit weight, SSC and return bloom (Stefanelli et 

al., 2018). An increase in crop load results in a delayed ripening of fruit and a decreased 

leaf starch content (Meland, 2009).  

 

1.2 Introduction of NIR spectroscopy  

Near-infrared (NIR) spectra covers the range from 780 to 2500 nm in the 

electromagnetic spectrum (Davies, 2000). In NIR spectroscopic technology, as the 

sample is irradiating with NIR spectroscopy radiation, the incident radiation may be 

reflected, absorbed or transmitted according to the chemical constitution and physical 

properties of the samples. NIR spectroscopy was first used in agriculture by Norris 

(1964) to measure moisture in grain. Since then NIR spectroscopy has been used in a 

wide variety of agricultural and food products. Water is one of the most important 

chemical constituents in fruits and vegetables, which gives NIR high potential to be 

used on high water content and thin skinned fruit such as apple (Golic & Walsh, 2006).  

NIR spectra are also sensitive to carbon-hydrogen (C-H), carbon-oxygen (C-O), 

oxygen-hydrogen (O-H) and nitrogen-hydrogen (N-H) bonds. Therefore specific groups 
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of compounds can be assessed by analyzing the NIR spectrum  (Nicolaï et al., 2007a; 

Williams & Norris, 1987). Most of the absorption bands in the NIR region are over-

toned, in addition with the complex chemical constitution of fruits and vegetables, 

making the advanced multivariate statistical techniques such as partial least squares 

regression necessary to extract the effective information from the convoluted spectra 

(Balabin et al., 2007). The main advantages of the NIR spectroscopy are to get the real-

time analysis, to measure multiple component simultaneously, and to analyze non-

destructively without damaging the sample surfaces, and therefore has less sample 

waste (Lovász et al., 1994). However, the NIR spectroscopy also has several main 

disadvantages, which include a lower accuracy of calibration model than seen in wet 

chemistry measurements, and the robustness of the models always being a severe issue. 

The sensitivity of temperature also influences the prediction accuracy in a nonlinear 

way, which negatively affects the availability and reliability of NIRS on in-storage and 

on-field uses. The mechanism of temperature sensitivity of NIR spectra is related to the 

thermal properties of hydrogen bonding (Peirs et al., 2003). Even though temperature 

can be controlled in laboratory conditions, additional attention is still needed in 

environments in which temperatures are variable.  

 

1.3 Chemometrics 

After the spectrum is obtained, chemometrics methods and pretreatment methods 

are applied to extract the effective information of the quality attributes which is hidden 

in the spectrum (Porep et al., 2015). In general this involves multivariate regression and 

spectra pretreatments.  
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1.3.1 Derivative correction  

As a practical pretreatment method, second derivative has been used in many NIR 

spectroscopy studies.  The second derivative spectroscopy can be obtained by 

differentiating the absorbance twice. It is reported that compared with the original 

spectrum, the second derivative spectroscopy method improved the 

identification/separation and resolution of small and nearby lying absorption peaks. In 

the meantime, it does not affect the optical path length and concentration (Rieppo et al., 

2012). The second derivative spectroscopy method also eliminates the constant and 

linear components of baseline errors and scattering (Kohler et al., 2007).  

1.3.2 Principal Component Analysis (PCA) 

PCA, a dimension-reduction tool, is used for screening, extracting and compressing 

multivariate data. In the application of PCA, a set of non-correlated variables called the 

principal component are obtained. The first PC contains the largest percentage of data 

variance and the variance decreases in the following PCs, each succeeding component 

accounts for as much of the remaining variability as possible (Jackson, 2005). 

 

1.3.3 Partial Least Square Regression (PLS) 

Partial least square regression belongs to the multivariate regression method. It 

predicts the dependent variables by extracting the smallest possible set of orthogonal 

factors with the greatest predictive abilities from each variable. These orthogonal factors, 

called latent variable (LV), were arranged according to the relevance for predicting the 

dependent variables (Wold et al., 2001).  
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1.3.4 Linear Discriminant Analysis (LDA) 

Linear discriminant analysis has been widely used in machine learning and pattern 

recognition. This multivariate seeks for a linear functions of the dependent variables 

that can be used to classify objects into known categories (Acquah et al., 2016).  

 

1.4. Application of NIR spectroscopy on apple fruit 

1.4.1 Soluble solids content (SSC)  

SSC is a key parameter in determining apple quality and the construction of 

prediction models based on spectroscopic data is usually focused on this attribute. Many 

studies have shown the attempts to predict SSC at harvest, during storage and shelf life 

by using NIR spectroscopy (Bertone et al., 2012; Giovanelli et al., 2014; Ignat et al., 

2014; Park et al., 2003; Pissard et al., 2013).  In order to get more stable and robust NIR 

calibration models for apple SSC for practical implementation, the effect of biological 

variability and spectrum measurement position needed to be taken into considerations 

(Bobelyn et al., 2010; Fan el al., 2016) 

1.4.2 Dry matter content (DMC) 

DMC has been regarded as a quality metric for apple fruit and can therefore be 

measured before or at harvest, and used to predict SSC for the fruit after storage. (Palmer 

et al., 2010). In traditional way dry matter can be measured by drying an equatorial slice 

of peeled apple in a ventilated oven at 60 – 65 °C until the sample weight is stable and 

the content calculated.  NIR spectroscopy provides a faster way to determine dry matter 

nondestructively and in some studies this technique has been applied to apple fruit. 

Prediction models have been successfully built based on NIR spectroscopy to non-
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destructively measure DMC in apple fruit (Carvalho et al., 2012; Giovanelli et al., 2014; 

Luo et al., 2018; McGlone et al., 2003).  

1.4.3 Acidity 

Vis/NIR spectrometric measurements have also been applied on apple fruit to 

predict titratable acidity (TA). Liu and Ying (2005) found that the Fourier transform 

NIR spectrometry could be used as non-destructive measurement of TA. (Subedi et al., 

2012), however, found that the NIR spectra showed only a weak correlation to TA and 

therefore prediction was less precise. TA determination by Vis/NIR does not look to be 

a promising option, possibly due to the narrow TA distribution of the quantitative data 

sets.  

1.4.4 Flesh firmness  

Firmness is another key factor determining apple quality (Lu, 2004). However, the 

estimation of firmness using NIR spectroscopy has given inconsistent results. NIR 

radiation is not sensitive to direct texture changes as the decreased opacity due to flesh 

softening does not provide a basis for accurate prediction, and results from several 

studies (Bertone et al., 2012; Dong & Guo, 2015; McGlone et al., 2002) show that the 

fruit firmness prediction by Vis/NIR is not accurate and with large errors. However, 

firmness could be predicted with high accuracies with NIR spectroscopy in ‘Fuji’ apple 

(Giovanelli et al., 2014; Qing et al., 2007). Therefore, the controversial model 

performance may indicate the existence of secondary correlations with NIR spectra due 

to fruit characteristics, which were not directly related to fruit firmness.   
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1.4.5 Antioxidants 

Giovanelli et al. (2014) claimed that NIR spectroscopy represents a valid tool to 

evaluate the antioxidant capacity which include total phenolics, total flavonoids, and 

antioxidant activity of ‘Golden Delicious’ apple during CA storage for up to 7 months. 

Pissard (2013) also used NIRS, coupled with appropriate multivariate calibration 

techniques, to predict the concentration of vitamin C total polyphenol in apple fruit. The 

results showed good prediction performance, which indicated that NIR spectroscopy 

can be used for sorting cultivars focusing on the quality and nutritional parameters of 

apples. Pissard et al. (2018) found that calibration and validation showed high 

coefficients of determination for the total phenolic compound contents, which were 

slightly higher for the peel than for the flesh.  

1.4.6 Disorder discrimination  

Vis-NIR spectroscopy may be useful to assess disorders of apple fruit. For instance, 

the application of using NIR reflectance spectra for detecting bitter pit in ‘Honeycrisp’ 

apples has been evaluated (Kafle et al., 2016). The results have shown that quadratic 

discriminant analysis (QDA) and support vector machine (SVM) based classification of 

spectral datasets had overall classification accuracy of 87%  11% and 78%  9%, 

respectively. The study indicated that NIR reflectance spectra, when supported by the 

multivariate statistical techniques, can be used in discriminating healthy and bitter pitted 

apples. Sunscald, another physiological disorder of apple generally develops during 

cold storage due to the directly explosion to the sunlight on the tree, has also been 

studied using Vis/NIR technology (Grandón et al., 2019). The results indicated that 

Vis/NIR reflectance had the capability to detect the rate of chlorophyll degradation and 
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cell structural differences between the sun-exposed fruit with or without mild sunburn 

symptoms. However, a greater number of independent fruit sets are needed to increase 

the model’s robustness. In another study, the internal flesh browning in apple has been 

evaluated by using Vis/NIR spectroscopy (Khatiwada et al., 2016). Results have shown 

that the best prediction was achieved by using the partial least square discriminant 

analysis (PLS-DA) method. NIR spectroscopy has also shown potential for detecting 

the concentration of α-farnesene which is closely related with the incidence of 

superficial scald of apple fruit (Eisenstecken & Stürz, 2016). However, the detection of 

internal breakdown was masked by internal browning (Francis et al., 1965). Upchurch 

et al. (1997) also reported NIR spectroscopy method resulted in poor discrimination of 

apples between internal browning and bruises and caused misclassification.  

 

1.5 Future directions and study objectives  

As the increasing need and interest of better quality control of apple fruit, many 

studies have been focused on the nondestructive prediction of quality attributes based 

on NIR spectroscopy. Although this area has been investigated for years, there is still a 

need of continued improvement of model robustness. Most of the calibration models in 

different studies were validated with samples from the same batches as the calibration 

data set and it remains uncertain that the models can be used for samples from different 

batches. Also, it has been reported that model robustness increases at the expense of 

model accuracy (Nicolaï et al., 2007a).  

This dissertation mainly focuses on the nondestructive measurement of internal 

quality of apple fruit by using NIR spectroscopy. The overall goal is to understand the 
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correlation between DMC and SSC, the effect of 1-MCP and CA storage on this 

correlation, and the feasibility of NIR models to manage at-harvest and postharvest 

assessments of internal quality of apple fruit.  

Both SSC and DMC are important factors for assessing quality of apple,  and DMC 

at the time of harvest can be strongly correlated with the post-storage SSC. The 

correlation between dry matter and soluble solid contents are described in Chapter 2. In 

addition, major carbohydrates including fructose, sucrose, glucose, sorbitol and starch 

concentrations are also given. Objectives of this chapter are to investigate the correlation 

between fruit DMC at harvest with fruit SSC at harvest and during air and CA storage 

in untreated and 1-MCP treated fruit. As the traditional measurement of both fruit SSC 

and DMC are laborious, time consuming as well as being destructive, the cost effective 

and fast optical techniques NIR spectroscopy offer a great potential to be used to predict 

these quality attributes non-destructively. The feasibility of prediction models of fruit 

SSC and DMC based on NIR spectroscopy were investigated in Chapter 3 and the main 

objectives are to develop individual- and multi-cultivar models of SSC and DMC with 

NIR interactance measurements in eight apple cultivars, to test the accuracy of 

calibration models by using an internal validation set, and to test the robustness of 

calibration models by using an external validation set. The variability among-tree on 

NIR spectroscopy of fruit SSC and DMC in apple fruit was investigated in Chapter 4. 

Lastly, the NIR spectroscopy and associated chemometric analytical methods for non-

destructive detection of apple fruit susceptibility to flesh browning was investigated 

(Chapter 5).   
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CHAPTER 2. USE DRY MATTER CONTENTAS A PREDICTOR OF 

SOLUBLE SOLID CONTENT OF APPLE FRUIT AFTER STORAGE  

 

Abstract 

Fruit dry matter concentration (DMC) can predict quality attributes of apples, especially 

soluble solids content (SSC), a major quality attribute that affects consumer satisfaction. 

The objective of this study was to evaluate the relationship between DMC and 

carbohydrates at harvest with fruit SSC at harvest and after storage in a number of major 

cultivars. In addition, the effects of 1-methylcyclopropene (1-MCP) treatment and 

storage type (air and controlled atmosphere) were investigated. The cultivars used in 

2015 were ‘Honeycrisp’, ‘McIntosh’, ‘Jonagold’, ‘NY2’, ‘Red Delicious’, ‘Golden 

Delicious’ and ‘Fuji’ apple fruit, and in 2016, without ‘Golden Delicious’ but with 

‘Gala’ and ‘NY1’. In 2015, fruit were harvested at 2 one-week intervals, and in 2016, 4 

one week intervals. The major sugars, measured only in 2015, were in order of 

concentration, fructose, sucrose, glucose and sorbitol. Except for fructose, the sugars 

plus starch concentrations were affected by cultivar and by harvest date, while an 

interaction between cultivar and harvest date was detected for sorbitol and starch. DMC 

and SSC at harvest was closely related, and the relationship improved during maturity 

and storage. However, no effects of 1-MCP and storage type on this relationship were 

detected. 
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2.1 Introduction 

Apple fruit quality is primarily judged on external factors including color, size, and 

shape because consumers with firstly judge quality by appearance, but increasingly 

internal and nutritional properties are also taken into consideration (Harker et al., 2003; 

Saure, 1990; Telias et al., 2011). Sweetness, which has strong impact on the overall 

organoleptic quality of fruits, is one of the most important internal fruit quality attribute 

(Ma et al., 2015). Sugars are the major contributors to sweetness and the main sugars in 

apple fruits are fructose, sucrose, and glucose (Aprea et al., 2017). The sugar alcohol 

sorbitol may also influence the sweetness of the fruit (Aprea et al., 2017). Sweetness 

can be determined by chemical methods by quantifying the total sugar content (Harker 

et al., 2002). In most cases, measuring fruit SSC by refractometer has been used as an 

indicator of sugar content and sweetness (Harker et al., 2003).  

Fruit DMC is comprised of all components except water, and includes both soluble 

and insoluble carbohydrates (Gibson, 2012). In apple fruit dry matter accumulates 

during fruit development  and has been considered as an predictors for SSC after storage 

(Palmer et al., 2013). For instance, the DMC of ‘Royal Gala’ apples at harvest can be 

used to predict fruit SSC after cool storage (McGlone et al., 2003), and has been 

suggested as a key metric to predict fruit SSC in fruit of the cultivar at harvest and after 

cool storage (Palmer et al., 2010). In the same study, the correlation between DMC and 

flesh firmness was weaker and more dependent on cultivar. In recent years. DMC has 

been non-destructively measured by NIR spectroscopy, and prediction model have been 

successfully built for various apple cultivars (Giovanelli et al., 2014; McGlone et al., 

2002, 2003). 
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Apples are generally characterized by a good capacity for long-term storage; some 

cultivars can be stored up to several months at low temperatures, and longer in 

combination with controlled atmospheres (CA), with maintenance of sensory and 

nutritional characteristics. Treatment with 1-methylcyclopropene (1-MCP),  an inhibitor 

of ethylene perception, also contributes to maintenance of fruit quality by preventing 

ethylene-dependent responses (Watkins, 2017).  However, there is no information about 

the effect of CA storage, 1-MCP treatment and post-storage period on the correlation 

between fruit DMC and SSC. The objective of this study therefore, was to investigate 

the correlation between fruit DMC at harvest with fruit SSC at harvest and during air 

and CA storage in untreated and 1-MCP treated fruit.  

 

2.2 Materials and Methods  

2.2.1 Fruit source, treatments and storage conditions  

Fruit were obtained from mature apple (Malus × domestica Borkh) trees growing 

in the Cornell University orchards at Ithaca and Lansing, NY. In 2015, approximately 

1020 fruit of ‘Honeycrisp’, ‘McIntosh’, ‘Red Delicious’, ‘Golden Delicious’, ‘Fuji’, 

‘Jonagold’, and ‘NY2’ (RubyFrost™) apple fruit were harvested twice at one week 

intervals. For each cultivar, thirty fruit from each harvest were used for harvest 

assessment of the internal ethylene concentration (IEC), SSC, flesh firmness and starch 

pattern index (SPI).  The remaining fruit were pre-cooled overnight at 3 °C with half 

being treated with 1 µL L-1 1-MCP (SmartFresh tablets, 0.36 % a.i., AgroFresh Co., 

Spring House, PA) for 24 h in a sealed 4 m3 plastic tent. Untreated fruit were kept under 

identical conditions without 1-MCP treatment. Fruit were stored in air and CA storage. 
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Fruit were transferred to an evaluation room (20 °C) after 6 and 12 weeks of air storage, 

and after 12 and 24 weeks of CA storage. After 1 and 7 days post-storage at 20 °C, thirty 

fruit were evaluated.  

In 2016, approximately 640 fruit of ‘Honeycrisp’, ‘Gala’, ‘McIntosh’, ‘Jonagold’ 

‘Fuji’, ‘Red Delicious’, ‘NY1′ (SnapDragon™) and ‘NY2’ (RubyFrost™) apple fruit 

were harvested from the Cornell University orchards at Ithaca, Lansing and Geneva, 

NY, at four one week intervals. Forty fruit from each harvest were used for harvest 

assessment, which was the same as 2015 except that IECs were not measured. The 

remaining fruit were stored under air and CA condition. Fruit were transferred to an 

evaluation room (20 °C) after 4, 8, and 12 weeks of air storage, and after 8, 16, and 24 

weeks of CA storage. Twenty fruit from each treatment were evaluated after 1 day at 

20 °C.  

For air storage, fruit of ‘Gala’, ‘McIntosh’, ‘Jonagold’, ‘Fuji’, and ‘Red Delicious’ 

were stored at 0.5 °C, while ‘Honeycrisp’, 'NY1′ and ‘NY2′ were stored at 3 °C. For CA 

storage, Gala’, ‘Jonagold’ ‘Fuji’, and ‘Red Delicious’ fruit were stored at 0.5 °C, while 

‘Honeycrisp’, ‘McIntosh’, ‘NY1’ and ‘NY2′ fruit were stored at 3 °C.  For CA storage, 

fruit were placed into 71 cm x 145 cm x 97 cm stainless steel chambers (Storage Control 

Systems, Inc., Spartan, MI) at 2 kPa O2/2 kPa CO2, balanced with N2. ‘Atmospheres 

were established within 48 h after cooling in air, and were monitored with an ICA 

61/CGS 610 CA Control System (International Controlled Atmosphere Ltd., Kent, 

U.K.).  

 

https://www.sciencedirect.com/topics/agricultural-and-biological-sciences/universities
https://www.sciencedirect.com/topics/agricultural-and-biological-sciences/orchards
https://www.sciencedirect.com/topics/agricultural-and-biological-sciences/stainless-steel
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2.2.2 Fruit quality measurements  

The IEC was measured by injecting 1 mL of gas sample taken from the core cavity 

using a Hewlett-Packard 5890 series II gas chromatograph (GC) (Hewlett-Packard, 

Wilmington, DE). The GC was equipped with a flame ionization detector and fitted with 

a stainless steel column packed with 60/80 mesh Alumina F-1 (2 m × 2mm i.d.). SSC 

was measured with a digital handheld pocket refractometer (PAL-1, Atago 3810, 

Bellevue, WA) using the juice obtained by pressing the fruit tissue through a garlic 

press. Flesh firmness was measured on opposite peeled sides of each fruit using a fruit 

texture analyzer (Guss Manufacturing Ltd., Strand, South Africa) fitted with an 11.1 

mm probe.  DMC was determined using a standardized sampling method of fresh tissue 

with weighing before drying at 65 °C until a constant weight was obtained. The SPI was 

measured by cutting each fruit into two parts at the equator, and dipping the exposed 

flesh into an iodine (I2-KI) solution (Blanpied and Silsby, 1992). Indices were scored 

on a scale of 1-8 according to 1 = 100% starch-iodine-complex stain coverage and 8 = 

0% starch stain coverage.  

2.2.3 Soluble carbohydrate determination   

Wedges of the flesh, approximately 1/8th of the fruit, were cut longitudinally from 

the blushed and unblushed side of each apple, the skin removed quickly, and the 

combined flesh samples were frozen in liquid nitrogen. The tissue samples were kept 

frozen at –20 °C until they were lyophilized. The freeze-dried samples were grounded 

with a Wiley mill (mesh size 40) to fine powder for further analysis. For determination 

of soluble carbohydrate (Ranwala & Miller, 2008), 50 mg of freeze-dry powder with 

100 µL lactose as internal standard (was extracted by 3 mL 80% ethanol, and incubated 
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in a water bath for 30 min at 70 °C, centrifuged (Model 5810, Eppendorf North America, 

Inc., Westbury, NY, USA), and the supernatant was collected into glass culture tubes. 

The extraction procedure was repeated three times. The 9 mL of supernatant was run 

through columns of 1 mL Dowex 50-W, 100-200 mesh layered on 1 mL Amberlite IRA-

45, and 16-50 mesh to remove the charged materials. Then the extract was vacuum 

evaporated to dryness using an Evapo-Mix (Buchler Instruments, Fort Lee, NJ, USA). 

After drying, samples were dissolved in 20 mL high-performance liquid 

chromatography (HPLC) grade water. The samples were further diluted by adding 475 

µL HPLC water to the 25 µL sample. Samples were analyzed using Dionex (Sunnyvale, 

CA, USA) high-performance anion exchange chromatography. Sorbitol, glucose, 

fructose, and sucrose were quantified by comparison with lactose as the internal 

standard.  

2.2.4 Starch analysis 

For determination of starch concentration (Miller & Langhans, 1989; Ranwala & 

Miller, 2008), freeze dried samples (50 mg) were extracted with 80% ethanol three 

times with 30 min incubation in a 70 °C water bath. After the liquid phase has been 

removed, the samples were dried overnight at 50 – 60 °C. Then the sample was boiled 

in water bath with sodium acetate buffer (pH 4.5) for 30 min to gelatinize the starch. 

Then the sample was digested for 48 h at 55 °C with amyloglucosidase (AGSA; Sigma, 

A7255) (50,000 units L-1) in 100 mM.  After centrifuging  the sample for 10 min at 

4,000 rpm, 5 mL ice-cold solution of glucose oxidase (5000 units 

L−1), peroxidase (1000 units L−1) and o-dianisidine (40 mg L−1) in 100 mM sodium 

phosphate buffer (pH 7) was added and the sample was incubated at 30 °C for 30 min. 

https://www.sciencedirect.com/topics/agricultural-and-biological-sciences/glucose-oxidase
https://www.sciencedirect.com/topics/agricultural-and-biological-sciences/lactoperoxidase


 

22 

 

The reaction was stopped by adding 1.0 mL 1 N HCl, and the absorption read at 450 nm 

in a spectophotometer (Spectronic 20, Genesys, Rochester, USA). A standard curve was 

developed with 10 dilution samples from 0 to 0.8 μmol glucose in 100 μL H2O. 

2.2.5 Statistical analyses 

All statistical analyses were carried out using IBM® SPSS® Statistics 22.0 using 

simple least square model ANOVA and independent sample t-tests.  

 

2.3 Results 

2.3.1 SSC, DMC, flesh firmness, and SPI 

In 2015, IECs of ‘Honeycrisp’ and ‘Jonagold’ were similar between harvest dates, 

but increased between H1 and H2 in ‘McIntosh’, ‘NY2’, ‘Red Delicious’, ‘Golden 

Delicious’, and ‘Fuji’ (Table 2.1).  No significant difference was found in SPI between 

two harvests within cultivars except ‘McIntosh’, and no effect of harvest date was 

detected for SSC. No significant different was found in fruit SSC between two harvests.  

DMC at H1 was higher than at H2 in ‘McIntosh’, while in ‘Red Delicious’, and ‘Golden 

Delicious’, DMC at H2 was higher than at H1. No significant differences in DMC 

between harvests were found for the other cultivars.  

 ‘Golden Delicious’ had the highest SSC and DMC values where ‘Honeycrisp’ had 

the lowest, ‘NY2’ and ‘Fuji’ had the highest flesh firmness, and ‘Honeycrisp and 

‘Jonagold’ had the lowest.  

In 2016, cultivars were harvested over a several weeks to provide a wider maturity 

range (Table 2.2). Generally, firmness decreased, while the SSC and SPI increased with 

advancing harvest date within each cultivar.  However, no significant difference in 
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DMC among harvests were found except in the case of ‘NY2’. In all cultivars, SSC and 

DMC were affected by year. Fruit from the second harvest season (2016) had higher 

SSC and DMC than in 2015. Among all cultivars, ‘Red Delicious’ had the highest SSC 

and DMC, while ‘NY2’ had the lowest.  

 

Table 2.1 Internal ethylene concentration (IEC), starch pattern index (SPI), soluble 

solids content (SSC), dry matter content (DMC), and flesh firmness of cultivars at 

harvest in 2015. Within each cultivar and attribute, values with different lower case 

letters were significantly different at α = 0.05.  

Cultivar 

 

Harvest 

Date 

(2015) 

IEC 

(µL L-1) 
SPI 

SSC 

(%) 

DMC 

(g kg-1) 

Flesh 

firmness 

(N) 

‘Honeycrisp’ 
H1 9/9 12.83a 6.7a 11.3a 124.3a 66.0a 

H2 9/16 8.86a 7.1a 11.1a 111.7b 62.3b 

‘McIntosh’ 
H1 9/10 0.07b 3.3b 11.4a 134.2a 76.2a 

H2 9/17 0.12a 5.5a 11.7a 123.0b 72.6b 

‘Jonagold’ 
H1 10/6 0.71a 7.5a 13.2a 142.7a 66.3a 

H2 10/13 0.57a 7.7a 13.5a 144.0a 63.9b 

‘NY2’ 
H1 10/13 0.61a 6.1a 13.0a 144.4a 80.9a 

H2 10/20 0.38b 6.5a 12.9a 151.0a 81.0a 

‘Red 

Delicious’ 

H1 10/14 11.21a 4.3a 12.5a 145.3b 71.5a 

H2 10/21 46.59b 4.8a 12.8a 151.5a 68.5b 

‘Golden 

Delicious’ 

H1 10/14 1.04b 7.5a 14.4a 152.0b 69.4a 

H2 10/21 23.10a 7.3a 14.9a 163.4a 60.2b 

‘Fuji’ 
H1 10/15 0.26b 7.2a 13.2a 146.5a 83.7a 

H2 10/22 0.47a 7.1a 13.5a 151.8a 82.3a 
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Table 2. 2 Internal ethylene concentration (IEC), starch pattern index (SPI), soluble 

solids content (SSC), dry matter content (DMC), and flesh firmness of cultivars at 

harvest in 2015. Within each cultivar and attribute, values with different lower case 

letters were significantly different at α = 0.05.  

Cultivar  
Harvest 

Date 

(2016) 

SPI 
SSC 

(%) 

Flesh 

firmness 

(N) 

DMC 

(g kg-1) 

‘Honeycrisp’ 

H1 9/7 3.4d 14.7c 78.6a 168.8a 

H2 9/15 6.3c 15.3b 72.0b 170.9a 

H3 9/22 7.2b 15.8a 70.7b 168.8a 

H4 9/28 7.8a 15.9a 67.6c 168.7a 

‘McIntosh’ 

H1 9/7 4.1d 13.1c 72.0a 153.3a 

H2 9/14 4.6c 12.9c 68.2b 150.4a 

H3 9/21 5.8b 13.5b 65.5d 151.0a 

H4 9/28 6.4a 14.2a 62.5c 153.9a 

‘Gala’ 

H1 9/7 3.0c 13.3c 96.2a 168.8a 

H2 9/15 4.6b 14.5b 85.3b 169.9a 

H3 9/22 6.9a 15.4a 74.7c 169.9a 

H4 9/28 6.7a 15.4a 78.4c 171.8a 

‘Jonagold’ 

H1 9/18 4.1d 12.7c 89.3a 154.5a 

H2 9/26 5.3c 13.0c 81.1b 152.0a 

H3 10/3 6.4b 13.8b 78.6b 155.0a 

H4 10/10 6.9a 14.5a 78.7b 158.6a 

‘NY1’ 

H1 9/19 3.6d 13.9d 83.0a 166.3a 

H2 9/26 5.0c 14.4c 78.6b 165.6a 

H3 10/6 5.8b 14.9b 74.3c 160.9a 

H4 10/12 6.7a 15.5a 74.5c 167.9a 

‘NY2’ 

H1 9/26 3.1d 11.6d 82.0a 137.6ab 

H2 10/6 5.2c 12.1c 79.5b 136.1b 

H3 10/12 6.0b 12.4b 76.7c 138.8ab 

H4 10/19 6.9a 12.8a 75.9c 141.0a 

‘Red 

Delicious’ 

H1 10/5 3.0c 14.8c 74.8a 197.4a 

H2 10/10 3.4b 15.8b 73.1a 203.6a 

H3 10/17 3.5b 16.6a 65.7b 202.9a 

H4 10/26 3.8a 17.1a 58.9c 196.7a 

‘Fuji’ 

H1 10/10 4.4d 14.3b 77.2a 167.9a 

H2 10/17 5.9c 15.2a 77.5a 168.2a 

H3 10/25 6.8b 15.5a 73.3b 172.5a 

H4 11/2 7.4a 15.6a 69.5c 167.9a 
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2.3.2 Relationship between fruit DMC and SSC 

In both years, the relationship between DMC and SSC at both harvests of the 

cultivars was similar with ‘Golden Delicious’ having the highest contents, and 

‘Honeycrisp’ the lowest (Figure 2.1A, B).  R2 values between the two factors were 0.81 

and 0.84 in H1 and H2, respectively.  

The relationship between the two factors was assessed in fruit treated or not with 

1-MCP and stored in air or CA conditions. The R2 values increased during storage, but 

no consistent effects of 1-MCP treatment, storage period, and shelf life were detected 

(Table 2.3). 
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Figure 2. 1 Relationship between dry matter concentration (g kg-1) and soluble solid 

content (%) at (A) harvest 1 and (B) harvest 2 of all cultivars in 2015. Each point 

represents the average of thirty fruit. Data were subjected to linear regression analysis. 

*** = significant at 0.001. 
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Table 2. 3 The coefficient of determination for soluble solid content at harvest (SSC) 

and dry matter content (DMC) for all cultivars combined (2015). Fruit were untreated 

of treated with 1-MCP and stored in air or CA for up to 24 weeks and evaluated after 1 

or 7 days shelf life period at 20 °C. 

Data were subjected to linear regression analysis. n.d. = not determined. *** = 

significant at 0.001.  

 

In 2016, the number of harvest times was increased. DMC and SSC at harvest were 

associated with ’Red Delicious’ having the highest values and ‘NY2’, the lowest (Figure 

2.2). The relationship improved over the maturity stages (Figure 2.2). The coefficient 

of regression increased from 0.75 to 0.93 from harvest one to harvest four. The 

relationship also improved during storage (Table 2.4).  

 

2015 Air Air+1-MCP CA CA+1MCP 

H1 0.81*** 

H1 6w Day1 0.90*** 0.90*** n.d. n.d. 

H1 6w Day7 0.93*** 0.96*** n.d. n.d. 

H1 12w Day1 0.93*** 0.95*** 0.93*** 0.91*** 

H1 12w Day7 0.91*** 0.94*** 0.96*** 0.90*** 

H1 24w Day1 n.d. n.d. 0.85*** 0.84*** 

H1 24w Day7 n.d. n.d. 0.86*** 0.90*** 

     

H2 0.84*** 

H2 6w Day1 0.87*** 0.97*** n.d. n.d. 

H2 6w Day7 0.98*** 0.88*** n.d. n.d. 

H2 12w Day1 0.90*** 0.95*** 0.99*** 0.98*** 

H2 12w Day7 0.92*** 0.92*** 0.97*** 0.95*** 

H2 24w Day1 n.d. n.d. 0.96*** 0.92*** 

H2 24w Day7 n.d. n.d. 0.95*** 0.94*** 
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Figure 2. 2 Relationship between harvest dry matter concentration (g kg-1) and soluble 

solid content (%) at (A) harvest 1, (B) harvest 2, (C) harvest 3, and (D) harvest 4 of all 

selected cultivars in 2016. Data shown are subjected to linear regression analysis. *** 

= significant at 0.001.  

 

 

 

 

 

 



 

29 

 

Table 2.4 The coefficient of determination for soluble solid content at harvest (SSC) 

and dry matter content (DMC) for all cultivars combined (2016). Fruit were stored in 

air or CA for up to 24 weeks and evaluated after 1 day shelf life period at 20 °C. 

  Air CA 

 At Harvest 4w 8w 12w 8w 16w 24w 

H1 0.75 0.65 0.80 0.94 0.91 0.91 0.96 

H2 0.85 0.78 0.91 0.95 0.94 0.98 0.98 

H3 0.85 0.83 0.88 0.88 0.90 0.97 0.91 

H4 0.93 0.97 0.92 0.93 0.91 0.94 0.90 

Significant 

level 
*** *** *** *** *** *** *** 

Data shown are subjected to linear regression analysis. n.d. = not determined. *** = 

significant at 0.001.  

 

2.3.3 Carbohydrate and starch concentrations on dry matter basis 

The concentrations and contributions of the total soluble carbohydrates and starch 

towards the dry matter for each cultivar in 2015 are summarized in Table 2.5. Total 

soluble carbohydrate is the major composition of fruit matter, with fructose accounting 

for the majority of the total soluble carbohydrates (53%), followed by sucrose (33%), 

glucose (11%), and sorbitol (3%). Starch was a minor composition of the dry matter but 

decreased in ‘McIntosh’, ‘Jonagold’ and ‘Golden Delicious’ with advancing harvest 

date. Glucose and sucrose were affected by cultivar and harvest date, while for fructose, 

only the cultivar factor was significant.  

 ‘Fuji’ had the highest sorbitol concentration, while ‘Red Delicious’ had the highest 

glucose concentration. ‘Honeycrisp’ and ‘McIntosh’ were high in fructose compared 

with the other cultivars, and the highest sucrose concentration was found in ‘Jonagold’. 

The starch content ranged between 79.9 g kg-1 in ‘Red Delicious’ and 9.2 g kg-1 in 

‘Golden Delicious’.  
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2.3.4 Carbohydrate and starch concentrations on fresh weight basis 

The concentrations of total soluble carbohydrates and starch on the basis of fresh 

weight was calculated according to the DMC, and summarized in Table 2.6. In 

‘Jonagold’ and ‘Golden Delicious’, total soluble carbohydrates increased at Harvest 2 

with the decreasing of starch concentration. In ‘McIntosh’, starch concentration 

decreased at Harvest 2. Over all, cultivar, harvest date and their interaction were 

significant factors for the total soluble carbohydrate and starch.  

There was a significant positive relationship between fruit SSC and total soluble 

carbohydrate concentrations on a fresh weight basis (Figure 2.3). A significant negative 

relationship has been found between SPI and starch concentration on a dry weight basis 

(Figure 2.4).  
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Table 2. 5 Sorbitol, glucose, fructose and sucrose concentrations (g kg-1) on a dry weight basis of apple cultivars at two harvests, and 

the ratios of total soluble carbohydrates to dry matter. Values with different lower case letters are significantly different at α = 0.05 

within each cultivar and sugar 

Cultivar 

Sorbitol Glucose Fructose Sucrose 
Total soluble 

carbohydrates 

g kg-1 
(%) 

H1 H2 H1 H2 H1 H2 H1 H2 

‘Honeycrisp’ 19.2a 10.8a 66.9a 65.3a 432.5a 476.9a 268.9a 289.4a 81.5 

‘McIntosh’ 18.7a 15.8a 51.3a 46.6a 485.9a 176.3a 161.7a 183.1a 72.0 

‘Jonagold’ 24.1a 29.7a 69.7a 61.2a 362.6a 391.1a 292.5a 317.6a 77.4 

‘NY2’ 31.1a 31.8a 81.3a 75.5a 366.6a 355.0a 253.a 264.9a 73.0 

‘Red 

Delicious’ 
29.4a  38.1a 151.2a 131.4a 406.3a 412.6a 162.6a 192.5b 76.2 

‘Golden 

Delicious’ 
18.0b 28.6a 90.4a 88.2a 426.3a 455.5a 249.9b 287.0a 82.2 

‘Fuji’ 31.7b 41.3a 134.1a 109.8a 433.1a 423.4a 216.5a 240.6a 81.5 
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Table 2. 6 Comparison of total soluble carbohydrates and starch concentrations (g kg-1 

fresh weight) between two harvests in seven cultivars. Within each cultivar and 

attribute, values with different lower case letters were significantly different at α = 

0.05.  

Cultivar 
Total soluble carbohydrates Starch 

(g kg-1) 
 H1 H2 H1 H2 

‘Honeycrisp’ 97.7a 94.1a 1.8a 1.4a 

‘McIntosh’ 96.3a 88.8a 7.7a 4.4b 

‘Jonagold’ 106.9b 115.1a 13a 7.0b 

‘NY2’ 105.8a 109.8a 5.2a 4.3a 

‘Red Delicious’ 108.9a 117.3a 12.4a 11.3a 

‘Golden Delicious’ 119.2b 140.4a 1.7a 1.1b 

‘Fuji’ 119.6a 123.8a 2.5a 2.3a 

 

 

Figure 2. 3 Relationship between total soluble carbohydrates (g kg-1) and soluble solid 

content (%) at harvests of all selected cultivars in 2015. Data shown are subjected to 

linear regression analysis. *** = significant at 0.001.  
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Figure 2. 4 Relationship between starch pattern index and starch concentration (g kg-1) 

on the basis of DW at harvests of all selected cultivars. Data were subjected to linear 

regression analysis. *** = significant at 0.001.  
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2.4 Discussion 

The two-year study results show that the fruit DMC at harvest is highly related with 

fruit SSC at harvest and after storage, and that the relationship improves during storage. 

The results confirmed the study of Palmer (2010), in which the relationship at harvest 

was significant with a very low regression coefficient (R2 = 0.32), while after 6 and 12 

weeks storage the relationship improved to R2 = 0.53 and 0.82 respectively. The results 

from this study indicated that the relationship between DMC and SSC depends on the 

starch hydrolysis during the fruit development. As carbohydrates accumulated in the 

form of starch via photoassimilate (Li et al., 2012), a relatively poor relationship has 

been found in the early harvest in this study. In the late harvests, and during storage, 

starch is converted to soluble carbohydrates including glucose, fructose, and sucrose 

(Mesa et al., 2016). As a result we would expect relationships between DMC and SSC 

to improve on and of the tree.  

However, in 2015, relatively strong relationships were found for both harvests, with 

little difference between them. Fruit of most cultivars were relatively mature, and no 

evident differences of SSC, total soluble sugar, and starch concentration have been 

found except ‘McIntosh’ (Table 2.1). The total soluble carbohydrate concentrations 

increased and starch concentration decreased, only in ‘Jonagold’ and ‘Golden 

Delicious’ (Tables 2. 4 & 2. 5), indicating that a majority of fruit used in the first year 

of this study were harvested after nearly all starch had been converted to soluble 

carbohydrates, even though the starch residues existed.  

In 2016, a wider range of fruit maturities were harvested, DMC of fruit at early harvests 

were not as closely related to SSC because of high starch concentrations (Figure 2.2). 
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When starch was converted to soluble carbohydrates during maturation on the tree or 

during storage, the correlation between DM at harvest with SSC at harvest, and after 

storage improved. Therefore, the potential to use fruit DMC recorded at harvest to 

predict fruit post-storage SSC. In our study the DMC at harvest strongly corrected with 

the SSC on the post-storage apples, which can be used to indicate storage quality.  

The SPI, which provides an indication of starch distribution has long been used as 

a maturity index for a number of apple cultivars (Reid et al., 1982; Travers et al., 2002). 

However, the SPI does not measure the starch concentration as precisely as the 

analytical methods because an I2-KI solution cannot stain the starch with very low 

concentrations (less than 2 -3 g kg-1 fresh weight) (Brookfield et al., 1997). Doerflinger 

et al. (2015) also reported that lower binding capacity of AP and much higher binding 

capacity of AM leads to changes in staining intensity depending on the composition of 

starch. Therefore, discrepancy between starch concentration and SPI may be found. SPI 

in the fruit were not affected by harvest time, except for ‘McIntosh’. While the analytical 

analysis showed that besides ‘McIntosh’, starch concentration decreased in ‘Jonagold’ 

and ‘Golden Delicious’ at the second harvest. In ‘Golden Delicious’, starch 

concentrations at two harvests (1.7 and 1.1 g kg-1 fresh weight, respectively) were too 

low to be stained by I2-KI solution. In ‘Jonagold’, starch concentrations at harvests (13 

and 7 g kg-1 fresh weight, respectively) were higher than the threshold, but still difficult 

to differentiate by SPI. However, we still found a clear, positive, and significant 

relationship between starch concentration and SPI (Figure 2.4) across all cultivars.  

The effect of 1-MCP treatment on starch hydrolysis has been investigated in several 

studies. It has been reported that 1-MCP treatment did no inhibit starch degradation in 
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immature ‘Tsugaru’ apple fruit which had been harvested 80 days after full bloom. 

While in mature fruit, a significant inhibitory effect of 1-MCP on starch hydrolysis was 

observed (Thammawong & Arakawa, 2010). It has also been reported that preharvest 

1-MCP treatment had strong effect on delaying starch hydrolysis in ‘Scarletspur 

Delicious’ apple fruit (Elfving et al., 2007). Ethylene is closely involved in the initiation 

of starch hydrolysis (Johnston et al., 2009), the preharvest 1-MCP inhibits the ethylene-

dependent stimulation of fruit ripening, thereby reducing the starch hydrolysis. In this 

study, fruit from 2015 were harvested at mature stage and no significant effects of 1-

MCP treatment had been found in the relationship between DMC and SSC between all 

cultivars. The reason for this is that the progress of starch hydrolysis is relatively 

ethylene independent (Neuwald et al., 2008; Johnston et al., 2009). Once the hydrolysis 

starts, 1-MCP or CA treatment will not affect the starch degradation. 

In summary, fruit DMC can predict quality attributes of apples, especially fruit SSC 

because significant relationship between DMC at harvest and SSC at harvest and after 

storage has been found. In addition, no effects of 1-MCP treatment and storage type (air 

and controlled atmosphere) have been found.  
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CHAPTER 3. NON-DESTRUCTIVE PREDICTION OF SOLUBLE SOLIDS 

AND DRY MATTER CONTENTS IN EIGHT APPLE CULTIVARS USING 

NEAR-INFRARED SPECTROSCOPY*  

 

Abstract 

Soluble solids content (SSC) is an important factor for assessing quality of apples as it 

is linked to consumer taste preferences. Fruit dry matter content (DMC) is dominated 

by soluble sugar and starch concentrations at harvest, and therefore the DMC at the time 

of harvest can be strongly correlated with the post-storage SSC. The objective of this 

study was to develop models based on near-infrared (NIR) spectroscopy using a 

commercially available handheld instrument to predict SSC and DMC of fruit at harvest 

and after storage. ‘Gala’, ‘Honeycrisp’, ‘McIntosh’, ‘Jonagold’, ‘NY1′, ‘NY2′, ‘Red 

Delicious’ and ‘Fuji’ apples were tested. Partial least square regression was used to build 

calibration models for prediction of SSC and DMC. Models were also built for 

individual and multiple cultivars. Internal and external validations were applied to test 

the accuracy and precision of both models. In general, the individual- and multi-cultivar 

models have similar calibration performance. In internal validations, R2 and RMSE 

from multi-cultivar and individual-cultivar models were similar, but the slope values 

were higher in individual-cultivar than multi-cultivar models, indicating that the 

prediction using individual-cultivar model was more accurate. However, for individual-

-------------------------------------------------------------------------------------------------------- 

* Zhang, Y., Nock, J. F., Al Shoffe, Y., & Watkins, C. B. (2019). Non-destructive prediction 

of soluble solids and dry matter contents in eight apple cultivars using near-infrared 

spectroscopy. Postharvest Biology and Technology, 151, 111-118. 

 

https://www.sciencedirect.com/topics/agricultural-and-biological-sciences/spectroscopy
https://www.sciencedirect.com/topics/agricultural-and-biological-sciences/cultivar
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cultivar models, data-overfitting and the reference values distribution may lead to poor 

prediction in external validation. Overall the results support use of a portable NIR-based 

instrument to predict SSC and DMC, but to obtain precision and accurate predictions, 

calibration models should be built based on individual cultivars and the variability from 

seasonal and regional effects have to be taken into consideration. 

 

3.1 Introduction  

Soluble solid content (SSC) is considered to be a primary quality and harvest 

indicator for apple as it is the best objective predictor of sweetness (Harker et al., 2008) 

and one of the properties most likely to match consumer perceptions of internal quality 

(Gamble et al., 2010). Dry matter content (DMC) has been shown to be a good predictor 

of post-storage SSC and studies have shown that consumer preference is positively 

related to fruit with high SSC and DMC (McGlone et al., 2003; Palmer et al., 2010). 

However, conventional measurements of SSC and DMC are laborious and time 

consuming as well as being destructive. Cost effective and fast optical techniques such 

as near-infrared (NIR) spectroscopy offer the potential to measure these attributes non-

destructively. 

NIR radiation ranges from 780 to 2500 nm in the electromagnetic spectrum 

(Davies, 2000). Water absorbs NIR radiation, giving NIR spectroscopy potential to be 

used in high water content fruit such as apples (Nicolaï et al., 2007a). NIR radiation is 

also sensitive to carbon-hydrogen (C–H), carbon-oxygen (C–O), oxygen-hydrogen (O

H) and nitrogen-hydrogen (N H) bonds (Nicolaï et al., 2007a; Williams and Norris, 

1987), and therefore specific compounds can be assessed by analyzing the NIR 

https://www.sciencedirect.com/topics/agricultural-and-biological-sciences/sweetness
https://www.sciencedirect.com/science/article/pii/S0925521418305672#bib0050
https://www.sciencedirect.com/science/article/pii/S0925521418305672#bib0035
https://www.sciencedirect.com/science/article/pii/S0925521418305672#bib0085
https://www.sciencedirect.com/science/article/pii/S0925521418305672#bib0095
https://www.sciencedirect.com/topics/agricultural-and-biological-sciences/spectroscopy
https://www.sciencedirect.com/science/article/pii/S0925521418305672#bib0015
https://www.sciencedirect.com/science/article/pii/S0925521418305672#bib0090
https://www.sciencedirect.com/science/article/pii/S0925521418305672#bib0090
https://www.sciencedirect.com/science/article/pii/S0925521418305672#bib0120
https://www.sciencedirect.com/science/article/pii/S0925521418305672#bib0120
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spectrum. Prediction models have been successfully built to non-destructively measure 

SSC (dos Santos Neto et al., 2017; Escribano et al., 2017; Giovanelli et al., 2014; Luo 

et al., 2018; McGlone et al., 2003, 2002; Wang et al., 2017; Xiao et al., 2018) and DMC 

in different types of fruit (dos Santos Neto et al., 2017; Escribano et al., 

2017; Giovanelli et al., 2014; McGlone et al., 2003, 2002; Travers et al., 2014). 

Partial least square regression, which defines the latent variables based on 

the covariance between the spectral data and the component of interest, is one of the 

most successful multivariate model development methods, especially in NIR 

spectroscopy (Wold et al., 2001). Leave-one-out cross validation and internal-validation 

have been applied to assess the accuracy of the calibration model and avoid overfitting. 

In the leave-one-out cross-validation procedure, one sample is removed from the 

dataset, and a calibration model is constructed for the remaining subset. The removed 

sample is then used to calculate the reduction residual. This process is repeated until 

every sample has been left out once. In internal-validation, the validation dataset is from 

the same batch as the calibration dataset. In external-validation, the validation dataset 

should be from different locations and/or different harvest seasons. 

Portable NIR spectrophotometers have become available and can be used in the 

field or laboratory for measuring the maturity and quality of fruit and other products. 

There are three modes used to obtain NIR spectra: reflectance, interactance and 

transmittance; summarized by Nicolaï et al. (2007a). One portable meter that uses the 

interactance mode is the F-750 Produce Quality Meter (Felix Instruments, WA, USA) 

equipped with a Carl Zeiss MMS-1 spectrometer with wavelengths ranging from 310 to 

1100 nm. This instrument and its predecessor (Nirvana, Integrated Spectronics, 

https://www.sciencedirect.com/science/article/pii/S0925521418305672#bib0020
https://www.sciencedirect.com/science/article/pii/S0925521418305672#bib0025
https://www.sciencedirect.com/science/article/pii/S0925521418305672#bib0040
https://www.sciencedirect.com/science/article/pii/S0925521418305672#bib0070
https://www.sciencedirect.com/science/article/pii/S0925521418305672#bib0070
https://www.sciencedirect.com/science/article/pii/S0925521418305672#bib0085
https://www.sciencedirect.com/science/article/pii/S0925521418305672#bib0080
https://www.sciencedirect.com/science/article/pii/S0925521418305672#bib0115
https://www.sciencedirect.com/science/article/pii/S0925521418305672#bib0130
https://www.sciencedirect.com/science/article/pii/S0925521418305672#bib0020
https://www.sciencedirect.com/science/article/pii/S0925521418305672#bib0025
https://www.sciencedirect.com/science/article/pii/S0925521418305672#bib0025
https://www.sciencedirect.com/science/article/pii/S0925521418305672#bib0040
https://www.sciencedirect.com/science/article/pii/S0925521418305672#bib0085
https://www.sciencedirect.com/science/article/pii/S0925521418305672#bib0080
https://www.sciencedirect.com/science/article/pii/S0925521418305672#bib0110
https://www.sciencedirect.com/topics/agricultural-and-biological-sciences/covariance
https://www.sciencedirect.com/science/article/pii/S0925521418305672#bib0125
https://www.sciencedirect.com/topics/agricultural-and-biological-sciences/spectrophotometers
https://www.sciencedirect.com/science/article/pii/S0925521418305672#bib0090
https://www.sciencedirect.com/topics/agricultural-and-biological-sciences/spectrometers
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Australia) has shown good reliability to estimate quality attributes of 

apples, mangoes, cherries, pears, tomatoes (Anderson et al., 2017; dos Santos Neto et 

al., 2017; Escribano et al., 2017; Kumar et al., 2015; Tiwari et al., 2013), and even 

onions and garlic (Jantra et al., 2017). 

Internal-validation has been applied in most published research, but not external 

validation to verify the model. Also, while multi-cultivar approaches have been tested, 

e.g. apple and pear (Kumar et al., 2015; Wang et al., 2017), most models are based on 

individual cultivars. The objective of this study was to evaluate the feasibility of NIR 

models to manage at-harvest and postharvest assessments of internal quality of apple 

fruit, and to test the reliability of a new handheld NIR device. To address this objective, 

we have: 1) developed individual- and multi-cultivar models to predict SSC and DMC 

with NIR interactance measurements in ‘Gala’, ‘Honeycrisp’, ‘Mclntosh’, ‘Jonagold’, 

‘NY1′, ‘NY2′, ‘Fuji’ and ‘Red Delicious’ apples; 2) tested the accuracy of calibration 

models by using an internal validation set; and 3) tested the robustness of calibration 

models by using an external validation set. 

 

3.2. Materials and methods 

3.2.1 Fruit material and storage 

In 2016, ‘Honeycrisp’, ‘Gala’, ‘McIntosh’, ‘Jonagold’ ‘Fuji’, ‘Red Delicious’, 

‘NY1′ (SnapDragon™) and ‘NY2′ (RubyFrost™) apple (Malus × domestica Borkh) fruit 

were harvested from the Cornell University orchards at Ithaca, Lansing and Geneva, 

NY. In total 640 uniform fruit of all cultivars other than ‘Red Delicious’, for which 560 

fruit were harvested due to preharvest drop at the last harvest date. Fruit were used on 

https://www.sciencedirect.com/topics/agricultural-and-biological-sciences/mangoes
https://www.sciencedirect.com/topics/agricultural-and-biological-sciences/cherries
https://www.sciencedirect.com/science/article/pii/S0925521418305672#bib0005
https://www.sciencedirect.com/science/article/pii/S0925521418305672#bib0020
https://www.sciencedirect.com/science/article/pii/S0925521418305672#bib0020
https://www.sciencedirect.com/science/article/pii/S0925521418305672#bib0025
https://www.sciencedirect.com/science/article/pii/S0925521418305672#bib0060
https://www.sciencedirect.com/science/article/pii/S0925521418305672#bib0105
https://www.sciencedirect.com/science/article/pii/S0925521418305672#bib0055
https://www.sciencedirect.com/science/article/pii/S0925521418305672#bib0060
https://www.sciencedirect.com/science/article/pii/S0925521418305672#bib0115
https://www.sciencedirect.com/topics/agricultural-and-biological-sciences/cultivar
https://www.sciencedirect.com/topics/agricultural-and-biological-sciences/postharvest
https://www.sciencedirect.com/topics/agricultural-and-biological-sciences/orchards
https://www.sciencedirect.com/topics/agricultural-and-biological-sciences/cultivar
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the day of harvest, and after air and/or controlled atmosphere (CA) storage. In 2017, 

‘Honeycrisp’, ‘Gala’, ‘McIntosh’, ‘Jonagold’ ‘Fuji’, ‘Red Delicious’, ‘NY1′ and ‘NY2′ 

apple fruit were harvested from orchards at Ithaca, Lansing, Geneva, and commercial 

orchards in the Hudson Valley (HV), and Western New York (WNY). Depending on 

cultivar and number of harvests, fruit number ranged from 160 to 280. Harvest dates for 

the two years are included in Table 3.1, Table 3.6. All fruit were selected for uniform 

size and were used on the day of harvest, and after air and/or CA storage. 

For air storage, fruit of ‘Gala’, ‘McIntosh’, ‘Jonagold’, ‘Fuji’, and ‘Red Delicious’ 

were stored at 0.5 °C, while ‘Honeycrisp’, ‘NY1’ and ‘NY2’ were stored at 3 °C. For 

CA storage, fruit were placed into 71 cm x 145 cm x 97 cm stainless steel chambers 

(Storage Control Systems, Inc., Spartan, MI) at 2 kPa O2/2 kPa CO2, balanced with N2. 

‘Honeycrisp’, ‘Gala’, ‘Jonagold’ ‘Fuji’, ‘Red Delicious’ and ‘NY1’ fruit were stored at 

0.5 °C while ‘McIntosh’ and ‘NY2’ fruit was stored at 3 °C. Atmospheres were 

established within 48 h after cooling in air, and were monitored with an ICA 61/CGS 

610 CA Control System (International Controlled Atmosphere Ltd., Kent, U.K.). In 

2016, fruit were transferred to an evaluation room (20 °C) after 4, 8 and 12 weeks of air 

storage, and after 8, 16 and 24 weeks of CA storage. In 2017, fruit were transferred from 

storage to the evaluation room after 8 weeks of air storage and 24 weeks of CA storage.  

3.2.2 Harvest indices 

Flesh firmness, delta absorbance (IAD) and starch pattern index (SPI) measurements 

were carried out on the day of harvest using four replicates of 10 fruit for each cultivar. 

IAD, an indicator of chlorophyll a concentration, was measured on blushed and 

unblushed sides of the fruit, using a handheld Delta Absorbance (DA) meter 

https://www.sciencedirect.com/topics/agricultural-and-biological-sciences/controlled-atmosphere
https://www.sciencedirect.com/science/article/pii/S0925521418305672#tbl0005
https://www.sciencedirect.com/science/article/pii/S0925521418305672#tbl0030
https://www.sciencedirect.com/topics/agricultural-and-biological-sciences/chlorophyll
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(Sinteleia, Bologna, Italy). Flesh firmness was measured on opposite peeled sides of 

each fruit using a fruit texture analyzer (Guss Manufacturing Ltd., Strand, South Africa) 

fitted with an 11.1 mm probe. The SPI was measured by cutting the fruit in half along 

the equator and dipping one half into an iodine (I2-KI) solution and evaluating the 

pattern by comparison with the Cornell generic SPI chart (scale of 1 (100 %) to 8 (0 %) 

stained) (Blanpied and Silsby, 1992). 

3.2.3 Spectral measurements 

The NIR spectra of intact fruit were collected in interactance mode under laboratory 

conditions using a portable Vis/NIR spectrophotometer (F-750 Produce Quality Meter, 

Felix Instruments, Camas, WA, USA) with a measurement range of 300–1100 nm with 

3 nm resolution. Fruit used on the day of harvest were equilibrated at 20 °C for 4 h 

before spectral acquisitions. Fruit removed from storage were equilibrated at 20 °C for 

24 h before spectral acquisitions. The spectrometer was placed upright on a laboratory 

benchtop with the measurement lens facing up. For each measurement, the equatorial 

side of each apple was placed directly on to the lens aperture and the measured area was 

marked. 

3.2.4 Soluble solids and dry matter content measurements 

Fruit SSC and DMC were measured by using the flesh tissue under the same 

position as that for the NIR measurements. The skin and flesh to a depth of approx. 1 cm 

was sliced from the measured area and then a 2.7 cm borer was used to provide a 

uniform disc of tissue. This was quickly skinned and half used for SSC and half for 

DMC. SSC (%) was measured with a digital handheld pocket refractometer (PAL-1, 

Atago 3810, Bellevue, WA, USA) using the juice obtained by pressing the sample flesh 

https://www.sciencedirect.com/topics/agricultural-and-biological-sciences/bologna
https://www.sciencedirect.com/science/article/pii/S0925521418305672#bib0010
https://www.sciencedirect.com/topics/agricultural-and-biological-sciences/spectrophotometers
https://www.sciencedirect.com/topics/agricultural-and-biological-sciences/spectrometers
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through a garlic press. For the dry matter determination, sample fresh weight was 

quickly recorded then dried at 65 °C for 7 d and the DMC (g kg−1) calculated. 

3.2.5 Data analysis and chemometrics 

At harvest analyses of maturity/quality indices were subjected to analysis of 

variance (ANOVA). In 2016, fruit calibration models were built using a partial least 

square regression approach with software provided by the manufacturer (ModelBuilder, 

Felix Instruments, Camas, WA, USA). The leave-one-out cross-validation technique 

was used and the optimum number of latent variables determined by the lowest root 

mean square error (RMSE) of the cross-validation. The performance of calibration 

models was indicated by the coefficient of determination for calibration (Rc
2), the root 

mean square error of calibration (RMSEC), coefficient of determination for cross-

validation (Rcv
2), and the root mean square error of cross-validation (RMSECV). 

Samples from the same batch as the calibration fruit were used to apply internal-

validation. The accuracy of calibration models was evaluated by the coefficient of 

determination for internal-validation, and the root mean square error of internal-

validation. 

In 2017, fruit were used for external-validation and the robustness of calibration 

models evaluated by the coefficient of determination for external-validation and the root 

mean square error of external-validation. Significant differences were determined by 

ANOVA and Tukey’s test at α = 0.05. All statistical analyses were performed using R 

Statistical Software (Foundation for Statistical Computing, Vienna, Austria). 

 

https://www.sciencedirect.com/topics/agricultural-and-biological-sciences/presses
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3.3 Results 

3.3.1 Developing the calibration models (2016) 

3.3.1.1 Harvest indices 

Harvest information of the cultivars is shown in Table 3.1. In general, within each 

cultivar, firmness and IAD values decreased, while the SPI increased with advancing 

harvest date.  

3.3.1.2 Spectral features 

The interpolated second derivative spectra curves of the apples were generally 

smooth between the spectral region 700 to 1000 nm and have similar trends. Spectral 

curves in the effective region of samples are shown for different cultivars (Figure. 3.1A) 

and different maturity stages using ‘Jonagold’ as an example (Figure. 3.1B).   

3.3.1.3 Spectral features 

PCA was performed on the fruit at harvest to examine the differences among the 

cultivars (160 fruit for each cultivar). Figure 3.2 shows the two-dimensional PC score 

plots using the first three components (PC1, PC2, and PC3), which were derived from 

the second derivative absorbance in the range of 729 to 975 nm. PC1, PC2, and PC3 

accounted for 77.1 % of the spectra variances in the samples.  From the PCA score plots 

it is clear that different cultivars in the model result in large variations in the spectra. 
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Table 3. 1 Flesh firmness, delta absorbance (IAD), and starch pattern index (SPI) at 

each harvest date for apple cultivars used in 2016. ANOVA was based on four 

replicates of 10 fruit samples. Within each cultivar and attribute, values with different 

lower case letters are significantly different at α = 0.05. 

Cultivar 

Harvest 

Date 

(2016) 

Flesh 

firmness (N) 
IAD reading SPI 

‘Gala’ 9/8 96.2a 0.64a 3.0c 

9/14 85.3b 0.24b 4.6b 

9/21 74.7c 0.07c 6.9a 

9/28 78.4c 0.12c 6.7a 

‘Honeycrisp’ 9/8 78.6a 0.93a 3.4d 

9/14 72.0b 0.61b 6.3c 

9/21 70.7b 0.44c 7.2b 

9/28 67.6c 0.30d 7.8a 

‘McIntosh’ 9/8 72.0a 1.81a 4.1d 

9/14 68.2b 1.81a 4.6c 

9/21 65.5c 1.69b 5.8b 

9/28 62.5d 1.53c 6.4a 

‘Jonagold’ 9/19 89.3a 0.95a 4.1c 

9/26 81.1b 0.74b 5.3b 

10/3 78.6b 0.57c 8.1a 

10/10 78.7b 0.34d 7.9a 

‘NY1’ 9/19 83.0a 0.98a 3.6d 

9/26 78.6b 0.70b 5.0c 

10/6 74.3c 0.39d 5.8b 

10/12 74.5c 0.28c 6.7a 

‘NY2’ 9/27 82.0a 1.31a 3.1d 

10/6 79.5b 1.15b 5.2c 

10/12 76.7c 1.02c 6.0b 

10/20 75.9c 0.73d 6.9a 

‘Red Delicious’ 10/4 74.8a 0.88a 3.0c 

10/10 73.1a 0.70b 3.4b 

10/18 65.7b 0.54c 3.5b 

10/25 58.9c 0.66bc 4.8a 

‘Fuji’ 10/10 77.2a 0.85a 4.4d 

10/18 77.5a 0.62b 5.9c 

10/25 73.3b 0.44c 6.8b 

11/02 69.5c 0.40c 7.4a 
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Figure 3. 1 Second derivative absorbance spectra between 700 and 1000 nm for A) 

eight cultivars (160 fruit for each cultivar)  and B) ‘Jonagold’ and four harvest dates 

(40 fruit for each harvest) in 2016. 
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Figure 3. 2 PCA score plots of NIR spectra of the cultivars harvested in 2016.   
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3.3.1.4 Individual- and multi-cultivar models 

Samples collected from 2016 at harvest and after storage were used to build 

calibration models. The highest correlations between the spectra and the reference 

values were found by using the second derivative of spectra. This method reduces 

spectral variation due to radiation scattering and sample size. For the calibration set, 

both SSC and DMC showed variability for all cultivars. ‘NY1’ and ‘NY2’ had the 

lowest standard deviation for both SSC and DMC, while ‘Red Delicious’ had the highest 

standard deviation for SSC (Table 3.2). ‘Jonagold’ had the highest variation for DMC, 

but a slightly smaller min-max range; however, we could not detect any skewing of data. 

When all cultivars were combined, the standard deviation for SSC and DMC increased 

with the exception of SSC in ‘Red Delicious’. PLS models show that for individual-

cultivar calibration models, R2 values ranged from 0.77 in ‘NY1’, ‘NY2’ and 

‘McIntosh’ to 0.86 in ‘Jonagold’ for SSC, and from 0.60 in ‘NY2’ to 0.91 in ‘Jonagold’ 

for DMC (Table 3.3). However, the R2 values for calibration of the multi-cultivar 

models was 0.88 for SSC, and 0.94 for DMC.  
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Table 3. 2 Mean, standard deviation (SD), maximum (Max) and minimum (Min) 

values of SSC and DMC of the calibration set; N = number of measurements.  

 

Cultivar 
SSC （%） DMC (g kg-1)                 

N Mean SD Max Min Mean SD Max Min 

‘Gala’ 200 15.1 1.0 18.3 11.7 168.2 10.2 200.8 143.9 

‘Honeycrisp’ 200 15.6 0.9 18.3 13.3 167.1 9.6 192.7 167.1 

‘McIntosh’ 200 13.8 1.0 16.7 10.7 150.7 8.9 175.4 120.3 

‘Jonagold’ 200 13.6 1.1 16.7 11.3 152.0 13.0 186.4 128.9 

‘NY1’ 200 15.1 0.7 17.3 13.1 164.4 7.4 182.6 144.7 

‘NY2’ 200 12.7 0.8 15.3 10.9 138.7 6.5 162.8 123.0 

‘Red Delicious’ 175 16.9 1.6 21.5 12.5 201.5 11.0 228.8 171.1 

‘Fuji’ 200 15.6 1.0 17.9 11.3 170.4 10.9 192.7 136.2 

Combined  1575 14.8 1.6 21.5 10.7 163.5 19.6 228.8 120.3 
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Table 3. 3 The performance of calibration models for soluble solids content (SSC) and 

dry matter content (DMC). N = number of measurements; LVs = latent variables; Rc
2 

= coefficient of determination of calibration models; RMSEC = root mean square error 

of calibration; Rcv
2 = coefficient of determination of cross-validation; RMSECV = root 

mean square error of cross-validation.   

Trait Cultivar N LVs RC
2 RMSEC Rcv

2 RMSECV 

SSC 

(%) 

‘Gala’ 200 6 0.82 0.44 0.78 0.48 

‘Honeycrisp’ 200 5 0.79 0.36 0.75 0.43 

‘McIntosh’ 200 8 0.77 0.47 0.69 0.55 

‘Jonagold’ 200 7 0.86 0.42 0.82 0.48 

‘NY1’ 200 7 0.77 0.35 0.70 0.40 

‘NY2’ 200 8 0.77 0.34 0.67 0.43  

‘Red 

Delicious’ 

175 10 0.85 0.62 0.77 0.76  

‘Fuji’ 200 7 0.82 0.44 0.75 0.52  

 Combined 1575 10 0.88 0.56 0.88 0.57  

  
       

DMC  

(g kg-1) 

‘Gala’ 200 7 0.85 3.89 0.82 4.32  

‘Honeycrisp’ 200 6 0.80 4.27 0.76 4.72  

‘McIntosh’ 200 7 0.75 4.40 0.68 4.97 

‘Jonagold’ 200 8 0.91 3.88 0.88 4.54 

‘NY1’ 200 6 0.65 4.40 0.56 4.92  

‘NY2’ 200 6 0.60 4.12 0.49 4.66  

‘Red 

Delicious’ 

175 7 0.85 4.25 0.81 4.83   

‘Fuji’ 200 6 0.79 4.92 0.75 5.42  

 Combined 1575 9 0.94 4.97 0.93 5.08  
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3.3.2 Internal-validation  

Samples for internal-validation were collected from the same harvest as the 

calibration set and internal-validation was applied to individual and multi-cultivar 

models. Figure. 3.3 shows the scatterplots of internal validation of multi-cultivar SSC 

and DMC models on all cultivars. Overall, the storage period and storage type did not 

influence the predictions of SSC and DMC. Good predictions were found in the internal-

validation where the R2 values were 0.89 for SSC, and 0.95 for DMC, and RMSE were 

0.54 % for SSC and 4.40 g kg−1 for DMC. Table 3.4, Table 3.5 show the internal 

validation of SSC and DMC on samples at harvest and after storage by using multi- and 

individual-cultivar models, respectively. By comparison, the R2and RMSE from multi-

cultivar and individual-cultivar models were similar; however, the slope values were 

higher in individual-cultivar models, which may indicate that the predictions from the 

individual-cultivar models was the most accurate. 

 

 

 

 

 

 

 

https://www.sciencedirect.com/science/article/pii/S0925521418305672#fig0015
https://www.sciencedirect.com/science/article/pii/S0925521418305672#tbl0020
https://www.sciencedirect.com/science/article/pii/S0925521418305672#tbl0025
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Figure 3. 3 Scatterplot of internal validation (2016) of A) SSC and B) DMC on 

samples from eight cultivars at harvest, after air and CA storage by using multi-

cultivar models. N = number of measurements; R2 = coefficient of determination of 

internal-validation; Slope = the slope factor of the regression line of measured and 

predicted values; RMSE = root mean square error of internal-validation. 
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Table 3. 4 Internal validation (2016) of SSC and DMC on each cultivar at harvest, 

after air and CA storage by using multi-cultivar models. N = number of 

measurements; R2 = coefficient of determination of internal-validation; RMSE = root 

mean square error of internal-validation; *** = significant at  = 0.001. 

 

Trait Cultivar N Slope R2 RMSE 

SSC 

(%) 

‘Gala’ 440 0.818 0.76*** 0.48  

‘Honeycrisp’ 435 0.876 0.70*** 0.43  

‘McIntosh’ 440 0.763 0.62*** 0.50  

‘Jonagold’ 440 0.845 0.81*** 0.45  

‘NY1’ 440 0.907 0.71*** 0.41  

‘NY2’ 440 0.619 0.50*** 0.51  

‘Red Delicious’ 385 0.744 0.82*** 0.67  

‘Fuji’ 440 0.887 0.73*** 0.50  

      

DMC 

(g kg-1) 

‘Gala’ 440 0.910 0.81*** 3.97  

‘Honeycrisp’ 435 0.839 0.75*** 4.19 

‘McIntosh’ 440 0.764 0.68*** 4.61 

‘Jonagold’ 440 0.883 0.89*** 4.30  

‘NY1’ 440 0.864 0.68*** 3.98  

‘NY2’ 440 0.780 0.58*** 4.01 

‘Red Delicious’ 385 1.018 0.88*** 4.24  

‘Fuji’ 440 0.942 0.79*** 4.68  
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Table 3. 5 Internal validation (2016) of SSC and DMC on each cultivar at harvest, 

after air and CA storage by using individual-cultivar models. N = number of 

measurements; R2 = coefficient of determination of internal-validation; RMSE = root 

mean square error of internal-validation; *** = significant at  = 0.001. 

 

Trait Cultivar N Slope R2 RMSE 

SSC 

(%) 

‘Gala’ 440 0.985 0.78*** 0.45  

‘Honeycrisp’ 435 0.956 0.72*** 0.41  

‘McIntosh’ 440 0.843 0.72*** 0.42  

‘Jonagold’ 440 0.971 0.85*** 0.44  

‘NY1’ 440 0.951 0.73*** 0.39  

‘NY2’ 440 0.963 0.67*** 0.40  

‘Red Delicious’ 385 1.010 0.86*** 0.58  

‘Fuji’ 440 0.975 0.78*** 0.45  

      

DMC 

(g kg-1) 

‘Gala’ 440 0.932 0.81*** 3.99  

‘Honeycrisp’ 435 0.946 0.76*** 4.10  

‘McIntosh’ 440 1.004 0.72***          4.12 

‘Jonagold’ 440 0.971 0.91*** 3.87  

‘NY1’ 440 0.714 0.69*** 3.29  

‘NY2’ 440 0.897 0.59*** 3.96  

‘Red Delicious’ 385 0.974 0.86*** 4.66  

‘Fuji’ 440 1.004 0.77*** 4.80 
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3.3.3 External-validation (2017) 

3.3.3.1 Harvest indices 

Samples collected in 2017 from different locations were used as the external-

validation set. Overall, flesh firmness and IAD values decreased while the SPI increased, 

with advancing harvest date (Table 3.6). ‘Gala’ harvested from WNY were more mature 

and softer than fruit harvested in Ithaca in the same week. ‘Honeycrisp’ harvested from 

the HV had similar maturity as fruit harvested in Ithaca in the same week and 

‘Honeycrisp’ harvested from WNY was more variable in firmness than fruit from the 

HV. ‘NY1’ harvested from Ithaca was softer than those from WNY.  

3.3.3.2 Validation 

Both harvest and storage samples were used to validate the robustness of the 

individual and multi-cultivar models. The basic statistics of the external-validation set 

are summarized in Table 3.7. Figure 3.4 shows the scatterplots of measured reference 

and prediction values of all cultivars in external-validation by using multi-cultivar 

models with R2 values were 0.90 and 0.92 and RMSE were 0.67 % and 5.88 g kg-1 for 

SSC and DMC, respectively. Tables 3.8 and 3.9 show the external validation of SSC 

and DMC by using multi- and individual-cultivar models, respectively. In external 

validation of multi-cultivar models, the R2 values ranged from 0.44 to 0.81 for SSC and 

from 0.56 to 0.86 for DMC; the RMSE values ranged from 0.47 % to 0.78 % for SSC 

and from 4.83 g kg-1 to 7.03 g kg-1 for DMC; the slope values ranged from 0.740 to 1.001 

for SSC and from 0.694 to 0.952 for DMC. However, in the external validation, the 

individual-cultivar models were unable to predict both the SSC and DMC of each 

cultivar except in ‘Gala’.  
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Table 3. 6 Flesh firmness, delta absorbance (IAD), and starch pattern index (SPI) at each 

harvest date for apple cultivars in 2017. ANOVA was based on 4 replicates of 10 fruit. 

Within each cultivar and attribute, values with different lower case letters are 

significantly different at α = 0.05. Two regions in NY are Hudson Valley (HV) and 

Western New York (WNY). O = orchard. 

Cultivar Location  
Harvest Date 

(2017) 
Firmness (N) IAD reading SPI 

‘Gala’ Ithaca 8/30 88.1a 0.71a 2.3d 

9/7 79.3b 0.57b 3.1c 

9/12 77.7b 0.45c 3.5c 

9/21 70.6c 0.14d 6.9a 

WNY 9/8 72.4c 0.42c 5.1b 

‘Honeycrisp’ Ithaca 

 
9/4 64.4b 0.89a 4.6c 

9/11 61.1c 0.79b 6.3b 

9/18 60.6c 0.59d 7.6a 

9/25 58.5c 0.49d 7.6a 

HV O1 

9/5 

65.8b 1.01a 4.1c 

HV O2 63.2b 0.73b 6.3b 

HV O3 65.9b 0.90a 5.4b 

HV O4 64.4b 0.94a 5.8b 

HV O5 64.3b 0.85a 5.6b 

HV O6 64.6b 1.03a 4.3c 

WNY O1 

9/13 

61.6b 0.78b 7.4a 

WNY O2 69.4a 0.97a 4.5c 

WNY O3 71.2a 0.70c 4.7c 

WNY O4 67.4ab 0.78c 4.9c 

WNY O5 61.5c 0.87a 6.9a 

WNY O6 63.5b 0.95a 5.9b 

‘McIntosh’ Ithaca 9/3 71.2a 1.39a 4.3b 

9/10 68.7ab 1.28ab 4.3b 

9/18 67.5b 1.16b 6.0a 

‘Jonagold’ Ithaca 9/8 78.6a 1.33a 3.6c 

9/14 79.1a 1.20a 4.3b 

9/29 73.6b 0.79b 6.9a 

‘NY1’ Ithaca 9/15 71.8b 0.85a 4.0c 

9/29 72.9b 0.30b 7.2a 

10/6 71.4b 0.25b 7.6a 

WNY O1 

9/21 

79.6a 0.21b 6.0b 

WNY O2 75.9ab 0.33b 6.0b 

WNY O3 82.0a 0.71a 4.9c 

‘NY2’ Ithaca 9/20 90.4a 1.38a 3.4d 

9/27 84.4b 1.28b 3.9c 

10/4 82.3b 1.10c 5.1b 

10/11 77.4c 1.04c 5.7a 

‘Red Delicious’ Lansing 10/2 70.9a 1.52a 3.0d 

10/10 68.1ab 1.45ab 4.7b 

10/18 64.9bc 1.34ab 5.8a 

10/24 62.3c 1.27b 5.7a 

‘Fuji’ Lansing 10/2 84.4a 1.10a 3.8d 

10/10 79.7b 1.06ab 4.5c 

10.18 75.5b 0.92b 5.9b 

10/24 71.9c 0.66c 6.6a 
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Table 3. 7 Mean, standard deviation (SD), maximum (Max) and minimum (Min) 

values of soluble solids content (SSC) and dry matter content (DMC) of the external-

validation set in 2017. N = number of measurements. 

 

 Cultivar SSC （%） DMC (g kg-1) 

  N Mean SD Max Min Mean SD Max Min 

‘Gala’ 280 10.9 1.0 14.9 9.2 130.3 10.8 170.8 99.2 

‘Honeycrisp’ 400 11.1 1.2 15.2 9.1 122.6 14.4 173.3 90.9 

‘McIntosh' 180 11.9 0.9 14.8 10.1 133.3 8.4 161.8 112.1 

‘Jonagold’ 180 12.7 1.1 16.1 10.2 145.8 10.4 188.0 120.5 

‘NY1’ 220 14.3 1.3 18.8 11.4 158.1 12.6 93.5 126.1 

‘NY2’ 160 11.1 0.6 12.9 9.6 141.5 7.8 170.7 103.6 

‘Red Delicious’ 240 13.4 1.6 17.1 10.0 152.1 11.9 181.8 126.0 

‘Fuji’ 240 16.0 1.5 19.5 7.2 178.3 12.9 219.4 148.4 

Combined  1900 12.6 2.1 19.5 9.1 143.4 21.3 219.4 90.9 
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Figure 3. 4 Scatterplots for external validation on (A) soluble solids content (SSC) and 

(B) dry matter content (DMC) of multi-cultivar models. N = number of measurements; 

R2 = coefficient of determination of external-validation; RMSE = root mean square 

error of external-validation; The dashed lines represent the lines with slope = 1. 
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Table 3. 8 External validation (2016) of SSC and DMC on each cultivar at harvest, 

after air and CA storage by using multi-cultivar models. N = number of 

measurements; R2 = coefficient of determination of external-validation; RMSE = root 

mean square error of external-validation; *** = significant at  = 0.001. 

Trait Cultivar N Slope R2 RMSE 

SSC 

(%) 

‘Gala’ 280 1.011 0.81*** 0.50  

‘Honeycrisp’ 400 0.872 0.73*** 0.61  

‘McIntosh’ 180 0.846 0.75*** 0.49  

‘Jonagold’ 180 0.844 0.79*** 0.50  

‘NY1’ 220 0.750 0.64*** 0.78  

‘NY2’ 160 0.740 0.44*** 0.47  

‘Red Delicious’ 240 0.800      0.81*** 0.57  

‘Fuji’ 240 0.832 0.81*** 0.59  

      

DMC 

(g kg-1) 

‘Gala’ 280 0.806 0.69*** 5.57 

‘Honeycrisp’ 400 0.833 0.86*** 5.36 

‘McIntosh’ 180 0.694 0.66*** 4.92 

‘Jonagold’ 180 0.723 0.70*** 5.73  

‘NY1’ 220 0.824 0.68*** 7.03  

‘NY2’ 160 0.708 0.56*** 4.83  

‘Red Delicious’ 240 0.844 0.80*** 5.28  

‘Fuji’ 240 0.952 0.84*** 5.22  
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Table 3. 9 External validation (2016) of SSC and DMC on each cultivar at harvest, 

after air and CA storage by using individual-cultivar models. N = number of 

measurements; R2 = coefficient of determination of external-validation; RMSE = root 

mean square error of external-validation; *** = significant at  = 0.001; ** = 

significant at  = 0.05; ns = not significant.  

Trait Cultivar N Slope R2 RMSE 

SSC 

(%) 

‘Gala’ 280 0.824 0.81*** 0.49  

‘Honeycrisp’ 400 0.844 0.50*** 0.70  

‘McIntosh’ 180 0.403 0.17*** 0.85  

‘Jonagold’ 180 0.403 0.13*** 0.92  

‘NY1’ 220 0.371 0.16*** 1.19  

‘NY2’ 160 0.660 0.42*** 0.49  

‘Red Delicious’ 240 0.250 0.06*** 1.27  

‘Fuji’ 240 0.217 0.06*** 1.32  

      

DMC 

(g kg-1) 

‘Gala’ 280 0.852 0.71*** 5.31  

‘Honeycrisp’ 400 0.854 0.46*** 8.31  

‘McIntosh’ 180 0.282 0.05** 6.79  

‘Jonagold’ 180 0.225 0.04** 8.90 

‘NY1’ 220 0.298 0.15*** 11.49  

‘NY2’ 160 0.531 0.46*** 5.35  

‘Red Delicious’ 240 0.070 0.01ns 11.72  

‘Fuji’ 240 0.117 0.02ns 12.81  
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3.4 Discussion 

Fluctuations in temperature (Maeda et al., 1995) and light absorption by chlorophyll 

and anthocyanin in the peel (Qin & Lu, 2008) may influence spectroscopic 

measurements. Therefore, temperature equilibration and exclusion of irrelevant regions 

of the spectra are important to enhance the accuracy and robustness of a NIR model. In 

fruit, the peel chlorophyll has an approximate absorbance at 678 nm (Lancaster et al., 

1994), and anthocyanins may be associated with the peaks at 520 and 700 nm (Giusti & 

Wrolstad, 2001). To exclude irrelevant information, spectral measurements below 400 

nm and the visible spectrum were removed. The absorbance spectra were converted to 

the second derivative form, and narrowed to the 729 – 975 nm range, a region known to 

include relevant carbohydrates, sugar and water absorbance bands in the NIR (Kumar 

et al., 2015). 

Prediction of SSC and DMC through NIR spectroscopy has been applied to ‘Royal 

Gala’ (McGlone et al., 2003), ‘Golden Delicious’ (Giovanelli et al., 2014), ‘Elshof’ 

(Travers et al., 2014), and ‘Fuji’ (Fan et al., 2016). In this study, models for SSC and 

DMC based on NIR were built successfully for each cultivar. Among the individual-

cultivar models, ‘Jonagold’ had the highest R C
 2 values of 0.86 and 0.91, with RMSE 

of 0.42 % and 3.88 g kg-1 for SSC and DMC, respectively, while ‘NY2’ had low RC
 2

 

values of 0.77 and 0.60, with RMSE of 0.34 % and 4.12 g kg-1 for SSC and DMC, 

respectively. The different model performance for R2 values may be related to the lower 

standard deviations of the attributes being predicted in the calibration set. However, the 

level of standard deviation does not influence the values of RMSE (Table 3.2). 

Therefore, the cultivars with low deviation but high consistency tend to result in low R2 
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for their prediction models. Both the R2 and RMSE values are important parameters of 

the model; in this study the RMSE values of ‘NY2’ models are similarly low compared 

with the rest of the cultivars, which also makes the ‘NY2’ model acceptable. The multi-

cultivar models have higher R2 values, which may be explained by higher variability of 

SSC and DMC within all cultivars.   

Internal validation then was applied to both individual- and multi-cultivar models. 

For each cultivar overall the R2 values (Tables 3.4 and 3.5) are slightly higher and slope 

values were closer to 1 when the individual-cultivar models have been applied. This 

may indicate that instead of combining all the cultivars, more accurate predictions can 

be obtained by building models for each cultivar.  

However, results from external validation revealed the issues of model overfitting 

and data distribution of the individual-cultivar models. As shown in Table 3.9, the R2 

values were extremely low and some of the correlations were not significant. This may 

be due to the overfitting which happens when models learn the detail and noise in the 

calibration data to the extent that it negatively impacts the performance of the model on 

new data. As more biological variability is taken into account, the prediction accuracy 

becomes less sensitive to unknown changes in external factors, making the calibration 

models more robust against future changes (Nicolaï et al., 2007a). The individual-

cultivar models were only built by using samples from 2016 and those models picked 

up the noises or random fluctuations that were learned by the model. However, in 2017 

due the seasonal and regional effects, those information from 2016 did not apply to new 

data and therefore negatively impacted the predictions. Another possible reason for why 

the individual-models are unable to predict the samples from 2017 is the data 
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distribution. Tables 3.2 and 3.7 provide the basic statistics of calibration and external 

validation sets, respectively. The range of SSC and DMC in both sets were different 

within each cultivar. Some of the SSC and DMC values in external validation were out 

of the range of the calibration set, which may explain the poor predictions in external 

validation. Compared with individual cultivar models, multi-cultivar models would be 

more practical and robust for predicting SSC and DMC for each cultivar (Table 3.8) 

even with some slight fluctuations of R2 and lower slope values.  

      In conclusion, large variations of spectrum and the reference values predicted have 

been found among cultivars. Compared with the multi-cultivar models, the individual-

cultivar models are more sensitive to seasonal and regional effects. Higher slope values 

from the individual-cultivar models indicated that the ideal situation would be building 

models for each individual cultivar with samples from different origins, seasons, 

maturity stages, storage conditions and periods. 
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CHAPTER 4. CROP LOAD EFFECTS ON THE APPLICATION OF NEAR-

INFRARED SPECTROSCOPY TO MEASURE SOLUBLE SOLID AND DRY 

MATTER CONTENTS OF APPLE FRUIT 

 

Abstract 

Near-infrared (NIR) spectroscopy is a non-destructive optical technique to predict 

soluble solid content (SSC) and dry matter content (DMC) of apple fruit. However, 

robustness issues associated with variability of trees, orchards, and cultivars have 

received limited attention in the literature so far. Most calibration examples described 

in the literature have been validated with measurements originating from the same 

sample batches as the calibration data set and it remains to be proven that the models 

are still valid when subject to variabilities. The aim of this study was to investigate the 

influence of crop load management treatments on the NIR spectroscopy prediction of 

apple fruit. ‘Gala’, ‘Honeycrisp’ and ‘NY2’(RubyFrostTM) fruitlets were thinned to 

obtain crop load variability. Crop load also influences fruit quality in the aspects of SSC, 

DMC, weight and starch pattern index of apple fruit.  Models built for individual and 

multiple crop loads show that the effect of crop load on NIR models are cultivar-

dependent.  For ‘Honeycrisp’ and ‘NY2’, models of multiple crop loads had satisfactory 

performance with high prediction accuracy, but models were less consistent for the 

individual cultivars. However, for ‘Gala’ both individual and multiple crop loads 

models had satisfactory performance. Overall, these results indicate that the crop load 

management is a significant factor that influences the application of NIR spectroscopy 

on the prediction of SSC and DMC for some cultivars.  
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4.1 Introduction 

Soluble solid content (SSC) and dry matter content (DMC) are primary quality and 

harvest indicators of apple fruit as they are closely related with consumer preference 

(Harker et al., 2010; Johnston et al., 2002). DMC has also been shown to be a good 

predictor of post-storage SSC (Palmer et al., 2010). During fruit development, SSC and 

DMC are also determined by the carbohydrate source-sink relationships and 

carbohydrate partitioning. In the first 3-5 weeks after full bloom, the competition of 

carbohydrate among individual fruitlets is critical since the supply of carbon is limited. 

Therefore, fruit from heavy crop load trees tend to have slower fruit growth and delayed 

ripening due to the deficit in the carbon availability (Lakso & Corelli., 1992; Saei et al., 

2011; Untiedt & Blanke, 2001). Thinning is a common cultural practice that is used to 

reduce heavy crop load, biennial bearing, and to increase fruit SSC, DMC and overall 

quality (Lakso & Corelli, 1992; Saei et al., 2011; Untiedt & Blanke, 2001).  

Near-infrared (NIR) spectroscopy as a non-destructive technique had been 

investigated as a tool to predict DMC and SSC in apple fruit (dos Santos Neto et al., 

2017; Escribano et al., 2017; Giovanelli et al., 2014). NIR spectroscopy is based on the 

wavelength dependent NIR radiation absorption and reflection processes and the 

chemical composition of the fruit tissue. Through multivariate regression the valuable 

information, which buried under the convoluted NIR spectrum can be extracted, and 

prediction models for specific compounds can be assessed (Geladi & Dåbakk, 1995; 

Nicolaï et al., 2007b). Most calibration examples described in the literature have been 

validated with measurements originating from the same batches as the calibration date 

set (Nicolaï et al., 2007b) and it remains to be proven that the models are still valid for 
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different batches. In earlier work (Chapter 3; Zhang et al., 2019) it was shown that 

calibration models of DMC and SSC for apple fruit based on one harvest season were 

unable to predict the samples from another season and locations.  Different aspects of 

the use of NIR spectroscopy have been studied.  These include the use of a multiple-

origin model to predict SSC of multi-origin apples with higher accuracy than an 

individual-origin model (Bai et al., 2019). In addition to yearly and regional effects, 

biological variability may also affect model performance (Peirs et al., 2003).  

Little is known about the effect of crop load on NIR spectroscopy models to 

measure fruit DMC and SSC.  Different crop loads of fruit may affect its cellular 

structure (Wünsche and Ferguson, 2005); these differences would affects optical 

properties including interaction with NIR radiation, which would affect the robustness 

of calibration models. 

The main objective of this study was to determine the effect of crop load on model 

building based on NIR spectroscopy. To address this objective, individual-crop load and 

combined-crop load models were developed to predict SSC and DMC for ‘NY2’, 

‘Honeycrisp’ and ‘Gala’ apples, and then the accuracy and robustness of the calibration 

models were tested. 

 

4.2 Material and method 

4.2.1 Fruit source and treatment 

Hand fruit thinning was applied on ‘Honeycrisp’ (planted in 1997, rootstock M9), 

‘Gala’ (planted in 1997, rootstock M9) and ‘NY2’ (planted in 2015, rootstock B9) in 
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the middle of June, 2017. Details about age and rootstock. For each cultivar, four single-

tree replications of each of the three crop load treatments were implemented, to provide 

50, 150 and 200 fruit per tree. The trunk cross-section area (cm2) was 18.4, 48.7 and 

90.2 for ‘NY2’, ‘Honeycrisp’ and ‘Gala’, respectively. Ten fruit were randomly 

harvested from each tree four times at one week intervals (Table 4.1) for assessment of 

DMC, weight, SSC, starch pattern index (SPI) and watercore incidence. 

4.2.2 Spectral measurement  

The NIR spectra of intact fruit were collected in interactance model under 

laboratory conditions using a portable Vis/NIR spectrophotometer (F-750 Produce 

Quality Meter, Felix Instruments, Camas, WA, USA) with a range of 310-1100 nm at 3 

nm data resolution. Fruit were equilibrated at 20 °C before spectral acquisitions. The 

spectrometer was placed upright on a laboratory benchtop with the measurement lens 

facing up.  Each sample was placed directly on the instrument lens and the measured 

area was marked after measurement. 

4.2.3 Fruit quality measurements   

Firmness was measured on opposite peeled sides of each fruit using a Guss Fruit 

Texture Analyzer (Guss Manufacturing (Pty) Ltd., Strand, South Africa) fitted with an 

11.1-mm-diameter probe. Fruit weight of each fruit was measured to the nearest 0.1 g 

using an analytical balance. Fruit SSC and DMC were measured by using the flesh tissue 

at the same position as that for the NIR measurements. The skin and flesh to a depth of 

approx. 1 cm was sliced from the measured area and then a 2.7 cm borer was used to 

provide a uniform disc of tissue. The tissue was quickly skinned and half used for SSC 

and half for DMC. SSC (%) was measured with a digital handheld pocket refractometer 
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(PAL-1, Atago 3810, Bellevue, WA, USA) using the juice obtained by pressing the 

sample flesh through a garlic press. For the dry matter determination, sample fresh 

weight was quickly recorded then dried at 65 °C for 7 d and the DMC (g kg−1) 

calculated. The SPI of each fruit cut at the equator was assessed using the Cornell 

generic chart in which 1 represents 100% stained starch and 8 represents 0% stained 

starch (Blanpied and Silsby, 1992). 

4.2.4 Statistical analysis 

Models were built using a PLS regression approach using software provided by the 

manufacturer (ModelBuilder Felix Instruments, Camas, WA, USA). Leave-one-out 

cross-validation technique was used to avoid underfitting or overfitting and the optimum 

number of latent variables (LVs) is determined by the lowest root mean square error of 

the cross-validation value. The performance of calibration models between the quality 

factors and the NIR spectral data were showed by the coefficient of determination (R2), 

the root mean square error (RMSE) and slope value. Principal component analysis 

(PCA) was performed to examine the differences among the crop loads in each cultivar. 

The effect of crop load on fruit quality was analyzed using a multi-way Analysis of 

Variance (ANOVA). Significant differences were determined by ANOVA and Tukey’s 

test at α = 0.05 All statistical analysis were performed using R statistical Software 

(Foundation for Statistical Computing, Vienna, Austria). 

 

https://www.sciencedirect.com/topics/agricultural-and-biological-sciences/presses
https://journals.ashs.org/hortsci/view/journals/hortsci/53/9/article-p1347.xml#B3
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4.3 Results and discussion  

4.3.1 Effects of crop load on fruit quality 

For all cultivars, the lowest fruit weight was found in the high crop load trees and 

the highest in those from the low crop load trees.  DMC and SSC were highest in low 

crop load fruit. For each cultivar and crop load, the SSC, SPI and fruit weight increased 

with advancing harvest date (Table 4.1). As expected, fruit from trees with high crop 

loads were smaller, lower DMC and SSC and lower SPI at harvests, consistent with 

delayed maturation and ripening (Serra et al., 2016).  Previous studies have also shown 

that fruit from trees with lower crop loads had higher DMC and SSC (Serra et al., 2016; 

Musacchi and Serra, 2018; Ding et al., 2017);  fruit from high crop loads have to 

compete for a limited carbohydrate supply, which affect fruit maturity (Link, 2000). 

Fruit from the low crop load treatments had higher watercore incidence, especially in 

‘NY2’ and ‘Gala’. Susceptibility of fruit to watercore development increases during 

fruit maturation (Bowen and Watkins, 1997; Kweon et al., 2013). 

4.3.2 Spectra feature 

The average of interpolated second derivative spectra with confidence interval (α = 

0.05) curves of different crop load in ‘NY2’, ‘Honeycrisp’ and ‘Gala’ are shown in 

Figure 4.1.  The spectra are generally smooth across the region from 729 to 975 nm. 

There are differences in second derivative spectra between different crop loads. For the 

three cultivars, on average the high crop load had stronger absorbance bands than low 

crop load across the spectra regions from 729 to 755 nm and from 925 to 950 nm. 
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Figure 4.1 Mean second derivative absorbance spectra with confidence interval (α = 

0.05) between 729 to 975 nm wavelengths for ‘NY2’, ‘Honeycrisp’, and ‘Gala’. The 

shaded areas in the figures indicate the confidence intervals. 
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4.3.3 Variability in crop load  

Application of PCA to the spectra for fruit from the three crop loads for each 

cultivar revealed large amounts of spectral variability in each cultivar (Figs. 4.2, 4.3, 

and 4.4). The low crop load samples are clearly different from the high crop load 

samples, with greater overlap between fruit from low and medium crop loads than 

between medium and high crop loads.  

 

Figure 4.2 PCA score plot of ‘NY2’ NIR spectra of different crop load treatment 
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Figure 4.3 PCA score plot of ‘Honeycrisp’ NIR spectra of different crop load 

treatments. 
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Figure 4.4 PCA score plot of ‘Gala’ NIR spectra of different crop load treatments. 
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4.3.4 Calibration     

Samples from different crop loads were used to build calibration models for each 

cultivar. For each cultivar, the high crop load set had the lowest standard deviation in 

SSC and DMC (Table 4.2). PLS models showed that in ‘NY2’, the high crop load model 

for both SSC and DMC had the worst performance compared with the low and medium 

crop load models. The DMC model is not usable in high crop load due to the poor R2 

values. Model performance improved when samples from all the crop loads were 

combined. In ‘Honeycrisp’, the SSC calibration model for low crop load had better 

performance compared with the medium crop load model, and was not usable for high 

crop load due to poor R2 values. However, for DMC, the calibration model for high crop 

load had the best performance. For ‘Gala’ all the individual-crop load models had good 

performance and the combined-crop load models had the best performance (Table 4.3). 

These results implied that the performance of the individual-crop load models was not 

always reliable for fruit SSC and DMC prediction, given the robustness of only one 

cultivar across all crop loads. The multiple-crop load models are more robust, however, 

and reduce the sensibility to spectral variation in crop load.   
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Table 4. 1 Fruit dry matter content (DMC), weight, soluble solids content (SSC), 

starch pattern index (SPI) and watercore incidence at each harvest date for ‘NY2’, 

‘Honeycrisp’ and ‘Gala’. ANOVA was based on 4 replicates of 10 fruit samples. 

Within each cultivar, attribute, and crop load, values with different lower case letters 

are significantly different at α = 0.05.  

Cultivar 
Fruit 

per tree 

Harvest dates 

(2017) 

DMC  

(g kg-1) 

Weight 

(g) 

SSC 

(%) 
SPI 

Watercore 

(%) 

‘NY2’ 

50 

9/19 168.2a 223.1c 11.7c 2.9c 0c 

9/27 169.8a 242.1b 12.8b 3.6b 25b 

10/4 173.2a 270.3a 13.6a 5.1a 45a 

10/11 168.3a 270.8a 13.9a 5.2a 53a 

150 

9/19 158.0a 190.1b 11.2b 2.9d 0c 

9/27 157.7a 201.3ab 11.7b 3.9c 3b 

10/4 160.1a 219.4a 12.7a 4.7b 20a 

10/11 157.4a 222.6a 13.3a 5.4a 23a 

200 

9/19 144.9a 147.8a 10.6a 3.4d 0b 

9/27 139.1a 150.6a 10.7a 3.9c 0b 

10/4 143.3a 158.6a 11.3a 5.1b 5a 

10/11 139.5a 163.5a 11.8a 5.7a 3a 

‘Honeycrisp’ 

100 

9/4 140.3a 245.0c 11.4c 3.3d 0b 

9/11 143.1a 263.7b 12.4b 5.0c 0b 

9/18 144.2a 294.4a 12.6b 6.8b 0b 

9/25 146.0a 303.8a 13.4a 9.2a 3a 

200 

9/4 131.1a 236.4a 11.0b 3.6c 0b 

9/11 132.6a 239.8a 11.6a 5.0b 0b 

9/18 133.5a 245.5a 11.9a 7.1a 0b 

9/25 130.7a 239.7a 12.1a 7.6a 3a 

300 

9/4 118.1a 147.3c 10.1b 4.6c 0 

9/11 118.3a 156.0b 10.4ab 6.3b 0 

9/18 121.0a 167.9a 10.9a 7.6a 0 

9/25 120.9a 176.9a 10.7a 7.6a 0 

‘Gala’ 

80 

8/29 160.3a 181.0b 11.1c 2.0d 0c 

9/5 163.9a 203.6a 11.9bc 3.0c 0d 

9/12 161.8a 208.4a 13.2b 3.8b 40b 

921 169.3a 219.6a 14.8a 5.8a 60a 

160 

8/29 152.4a 175.8b 10.9c 2.1d 0c 

9/5 155.8a 184.7ab 11.8b 2.9c 0c 

9/12 154.9a 183.9ab 12.7b 3.4b 13b 

9/21 159.2a 190.7a 14.3a 5.6a 25a 

500 

8/29 126.8a 122.9a 9.7b 2.3c 0 

9/5 126.8a 130.6a 10.2b 3.8b 0 

9/12 126.4a 120.0a 10.6b 3.5b 0 

9/21 130.3a 138.7a 11.5a 6.9a 0 

Cultivar   *** *** *** *** *** 

Crop load   *** *** *** *** *** 

Harvest   ** ns *** *** *** 

Cultivar × Crop load   *** *** *** ** *** 

Cultivar × Harvest   *** *** *** *** *** 

Crop load × Harvest   ns ns *** ns *** 

Cultivar × Crop load 

× Harvest 
  ns ns *** *** *** 
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Table 4. 2 Mean, standard deviation (SD), maximum (Max) and minimum (Min) 

values of fruit dry matter content (DMC) and soluble solids content (SSC) of 

calibration set within low, medium, high, and combined crop loads for NY2’, 

‘Honeycrisp’ and ‘Gala’. N = number of measurements  

Cultivar  Crop load  SSC （%） DMC (g/kg) 

   N Mean SD Max Min Mean SD Max Min 

‘NY2’ Low 80 12.8 1.6 16.7 10.2 170.0 10.1 235.8 142.9 

 Medium 80 12.4 1.4 16.3 10.1 158.3 10.7 205.0 134.6 

 High 80 10.5 0.9 13.1 9.2 141.7 7.3 170.6 123.6 

 Combined 84 12.1 1.2 16.7 9.2 156.5 14.3 205.0 123.6 

           

‘Honeycrisp’ Low 80 12.5 1.2 16.5 10.3 143.9 11.7 182.5 116.0 

 Medium 80 11.7 0.9 14.5 9.6 131.7 8.8 157.7 105.1 

 High 80 10.5 0.7 13.4 9.3 118.7 8.2 145.9 94.4 

 Combined 84 11.5 1.2 16.5 9.3 131.5 13.1 182.5 94.4 

           

‘Gala’ Low 80 12.8 1.6 16.7 10.2 163.8 13.9 224.1 116.2 

 Medium 80 12.4 1.4 16.3 10.1 155.6 9.7 185.6 113.4 

 High 80 10.5 0.9 13.1 9.2 127.6 9.6 170.1 99.2 

 Combined 84 11.8 1.6 16.7 9.2 148.4 16.3 224.1 99.2 
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Table 4. 3 The performance of calibration models for fruit dry matter content (DMC) 

and soluble solids content (SSC) of calibration set within low, medium, high, and 

combined crop loads of NY2’, ‘Honeycrisp’ and ‘Gala’. LVs = latent variables; Rc
2 = 

coefficient of determination of calibration models; RMSEC = root mean square error 

of calibration; Rcv
2 = coefficient of determination of cross-validation; RMSECV = root 

mean square error of cross-validation.   

Cultivar Factor Crop load LVs RC
2 RMSEC RCv

2 RMSECV 

‘NY2’ SSC  

(%) 
Low 3 0.68 0.59 0.63 0.64 

 Medium 4 0.74 0.51 0.65 0.59 

 High 4 0.58 0.48 0.43 0.41 

 Combined 4 0.82 0.46 0.76 0.54 

 DMC  

(g kg-1) 
Low 5 0.77 4.95 0.66 5.99 

 Medium 4 0.62 5.59 0.49 6.50 

       

 High 3 0.33 5.28 0.05 6.40 

 Combined 5 0.87 5.27 0.80 6.53 

        

‘Honeycrisp’ SSC  

(%) 
Low 5 0.84 0.48 0.76 0.59 

 Medium 5 0.77 0.42 0.65 0.53 

 High 3 0.29 0.54 0.20 0.58 

 Combined 5 0.80 0.37 0.72 0.44 

 DMC  

(g kg-1) 
Low 4 0.66 5.36 0.57 6.11 

 Medium 5 0.72 4.79 0.59 5.85 

 High 5 0.80 3.55 0.69 4.44 

 Combined 5 0.80 4.59 0.71 5.48 

        

‘Gala’ SSC 

(%) 
Low 4 0.88 0.55 0.85 0.63 

 Medium 4 0.85 0.54 0.81 0.62 

 High 4 0.81 0.39 0.76 0.44 

 Combined 5 0.92 0.49 0.88 0.60 

 DMC 

(g kg-1) 
Low 5 0.84 4.83 0.75 6.06 

 Medium 5 0.83 3.24 0.75 3.99 

 High 5 0.85 3.83 0.76 4.88 

 Combined 5 0.92 4.81 0.89 5.85 
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4.3.5 Validation     

Fruit from each crop load were used to validate their corresponding models of SSC 

and DMC (Table 4.4). The calibration models for DMC in high crop load ‘NY2’ and 

‘Honeycrisp’ were not acceptable because of low R2 values (<0.50), and therefore, the 

validation process was not applied to these two models. For DMC validation, the model 

for low crop load was stronger than that that for high crop load. Validation of the SSC 

models for low and medium crop load of ‘NY2’ resulted in prediction of corresponding 

sample sets with the R2 values of 0.68 and 0.70, respectively. However, the SSC model 

for high crop load ‘NY2’ was unable to predict its corresponding sample, R2 values 

being only 0.38. For both the SSC and DMC validations, the combined models had the 

best predictions with R2 values equal to 0.78 and 0.86, respectively. The SSC model 

from low crop load of ‘Honeycrisp’ had the best prediction. For DMC validation, both 

the models from high crop load and the combined load model had the same highest R2 

values, but the model from high crop load had higher slope value and lower RMSE. The 

low crop load ‘Gala’ model had the best prediction with an R2 of 0.89 while the 

combined crop load model for DMC had the best prediction with an R2 of 0.92. These 

results indicate that robustness of the model increases by including more variability.  

 

 

 

 

 



 

79 

 

Table 4. 4 Validation of soluble solids content (SSC) and dry matter content (DMC) 

for ‘NY2’, ‘Honeycrisp’ (HC) and ‘Gala’ with different crop loads by using its 

corresponding model.  

Cultivar Trait Model Crop load Slope R2 RMSE 

‘NY2’ SSC Low Low 1.16 0.68 0.63 

  Medium Medium 1.12 0.70 0.57 

  High High 0.95 0.38 0.50 

  Combined Combined 0.94 0.78 0.52 

 DMC Low Low 0.95 0.73 4.81 

  Medium Medium 1.05 0.60 5.07 

  High High N/A N/A N/A 

  Combined Combined 1.06 0.86 5.50 

       

‘Honeycrisp’ SSC Low Low 1.03 0.87 0.41 

  Medium Medium 1.11 0.80 0.41 

  High High N/A N/A N/A 

  Combined Combined 1.28 0.83 0.42 

 DMC Low Low 0.94 0.69 5.28 

  Medium Medium 0.86 0.63 5.09 

  High High 1.00 0.79 4.18 

  Combined Combined 1.12 0.79 5.56 

       

‘Gala’ SSC Low Low 0.95 0.89 0.53 

  Medium Medium 0.97 0.86 0.55 

  High High 1.03 0.72 0.48 

  Combined Combined 0.94 0.87 0.58 

 DMC Low Low 0.93 0.84 4.27 

  Medium Medium 0.92 0.73 4.73 

  High High 0.77 0.63 4.31 

  Combined Combined 1.04 0.92 5.40 

 

In conclusion, the effects of crop load on fruit size, SSC and DMC and ripening 

were used to test accuracy of NIR spectroscopy based prediction of SSC and DMC. The 

effects were cultivar dependent, and compared with individual-crop load models, the 

multiple-origin models were more robust and provided more accurate predictions. To 
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obtain robustness NIR models, the effects of different crop loads on associated fruit 

factors should be included.  
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CHAPTER 5. NON-DESTRUCTIVE ASSESSMENT OF INTERNAL FLESH 

BROWNING IN ‘NY1’ APPLE USING VISIBLE-SHORT WAVE NEAR 

INFRARED SPECTROSCOPY  

 

Abstract 

NY1’ (SnapdragonTM) apples are susceptible to development of chilling injury 

expressed as flesh browning, during storage. Incidence of the disorder can be increased 

by 1-methylcyclopropene (1-MCP) treatment and extended controlled atmosphere (CA) 

storage. The traditional method to discriminate flesh browning involve the destruction 

of the intact fruit. Therefore, in this study, the feasibility of a NIR interactance system 

for detecting flesh browning was investigated in ‘NY1’ apple fruit. A total of samples 

of 2200 were divided into two subsets of calibration and validation sets. Visual 

assessment was used as reference method to give a four-level scale of browning 

including sound, slight, moderate and severe browning. Spectra data were collected 

using near infrared in interactance mode in range of 702 and 1002 nm. A prediction 

model was developed using linear discriminant analysis (LDA) and quadratic 

discriminant analysis (QDA) with or without stepwise variable selection (SVS) data 

preprocessing method. All models demonstrated insufficient precision to predict 

accurately the browning in fruit especially in fruit with slight browning. The lowest 

misclassification rates of 17.2% and 17.6% in calibration and validation set, 

respectively, were found by using QDA with SVS method. Our results suggest that the 

NIR interactance measurements is not the best option for nondestructive detection of 

internal flesh browning. However, using QDA with data preprocessing methods could 

lead to a reduction of misclassification rates.  
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5.1 Introduction 

Flesh browning is one of the major disorders of certain apple cultivars and is 

considered to result from membrane disruption, usually as a result of enzymatic 

oxidation of phenolic compounds to produce quinones or its insoluble polymer melanin 

(Tomas-Barberan and Espin, 2001). Flesh browning disorders develop at low storage 

temperatures and during controlled atmosphere storage (CA).  The incidence and 

severity of disorders is influenced by both pre and postharvest factors and their 

interaction (Hatoum et al., 2014). The main preharvest factors associated with internal 

flesh browning are nutrition, growing degree days and maturity stage at harvest (Moggia 

et al., 2015). Postharvest factors include temperature, carbon dioxide concentration and 

1-methylcyclopropene (1-MCP) treatment (Watkins, 2008).  

There is research interest about the development of non-destructive and rapid tools 

to evaluate fruit quality after storage and even monitor the changes during the 

postharvest period. Among several spectroscopy techniques, visible-short wave near 

infrared spectroscopy (SWNIRS) represents a great potential for the detection of 

disorders of apple fruit. This potential depends to a great extent on the discipline of 

chemometrics, which supplies the tool for gathering and analyzing information. The 

application of NIR spectroscopy technique for assessing internal browning in fruit also 

relies on the wavelength selection and the measurement setup for NIR spectra 

acquisition. In general, there are three different measurement setups of reflectance, 

transmission and interactance, for obtaining NIR spectra and each of them has its 

advantages and disadvantages. The most obvious limitation for reflectance mode is the 

penetration depth, while the irrelevant information from the transmittance spectra may 
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also influence the model accuracy. In the interactance mode, the light source and 

detector are positioned parallel to each other with a light barrier between them in such 

a way that detector cannot record the light of specular reflection (Nicolaï et al., 2007a). 

Partial least square (PLS), linear discriminant analysis (LDA) and quadratic 

discriminant analysis (QDA) are the most common used chemometrics in NIR 

application for detection of internal browning. Brownheart disorder of ‘Braeburn’ 

apples can be detected by using NIR transmittance spectra over the range of 688 to 867 

nm (Clark et al., 2003). In their study, regression-based Ratio, multiple linear regression 

(MLR) and PLS calibration methods were applied and the PLS models tended to 

produce lower error and better goodness-of-fit statistics than the Ratio or MLR models. 

In another study, PLS calibration methods have been applied on the NIR spectral data 

obtained by time-delayed integration spectroscopy (TDIS) and large aperture 

spectrometer (LAS) transmission systems to develop regression models of internal 

tissue browning in ‘Braeburn’ apples (McGlone et al., 2005) and the authors 

recommended the LAS systems for internal tissue browning measurement in apples. 

Khatiwada et al. (2016) also reported that practical results were obtained by employing 

PLS regression and LDA on the shortwave NIR transmission spectra for the internal 

defects in apple fruit. In a study of olive fruit fly damage detection, diffuse reflectance 

spectra were acquired and the most accurate classification was achieved by using QDA 

with Savitzky-Golay (SG) filter and multiplicative scatter correction (MSC) (Moscetti 

et al., 2015).  

The objective of this study was to investigate the feasibility of using the NIR 

spectroscopy for apple flesh browning detection with the interactance measurements. 
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The specific objectives were 1) to develop classification models by LDA and QDA, 2) 

to compare the accuracy between LDA and QDA models, 3) to compare the QDA 

models with or without the stepwise variable selection (SVS) method.  

 

5.2 Materials and methods 

5.2.1 Fruit 

Apple (Malus domestica Borkh.) cv SnapdragonTM fruit were harvested in 2018 

and stored for up to 6 months in air and CA storage with 2 % O2 and 0.5, 1, and 2% CO2 

as described in chapter 2. Fruit were allowed to equilibrate to room temperature for 24 

h after storage before spectra were acquired. A total of 2,200 fruit (520 were stored 

under air condition) were used and fruit were divided into calibration and validation set. 

5.2.2 Spectral measurements 

Four spectra of each intact fruit were measured in interactance mode under 

laboratory conditions using a portable Vis/NIR spectrophotometer (F750 Produce 

Quality Meter, Felix Instruments, Camas, WA, USA) with a measurement range of 300 

– 1100 nm with 3 nm resolution. Spectral data were pre-treated using derivative 

transform calculation by second derivative. After spectra acquisition, fruit were 

subjected to analytical determinations of internal browning.  

5.2.3 Visual browning score 

The equatorial transverse cut apple were visually scored. The severity of browning 

was expressed as sound fruit = 0%, slight browning = 1 – 25%, moderate browning = 

26-75% and severe browning = 76% - 100%.   
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5.2.4 Statistical analysis  

LDA and QDA were used to build the classification models. SVS was used to select 

wavelengths for input to classification algorithms. Classification results for each 

discriminant model were determined as the percent of misclassification. Data analysis 

were performed using JMP, Pro 14, SAS Institute Inc., Cary, NC.  

 

5.3 Results and discussion 

5.3.1 Population description  

The classification table of sample browning presence in different trials were 

summarized in Table 5.1. In Trials 1 and 2, a total of 2220 fruit were divided to provide 

1554 fruit as calibration set and 666 fruit as validation set and LAD and QDA were 

applied on them separately. The calibration sets of Trial 1 and 2 contained 993 healthy, 

153 slight browning, 196 moderate browning and 212 severe browning fruit. The 

validation sets of Trial No. 1 and 2 contained 410 healthy, 57 slight browning, 104 

moderate browning and 95 severe browning fruit. In Trial No.1 and 2, the groups in the 

discriminant analysis are of very unequal size, which can distort the discriminant 

analysis (Dixon et al., 2009). In Trial No. 3 and 4, slight browning fruit were excluded 

from the dataset and moderate and severe browning were combined as one category and 

in total 1407 fruit were used as calibration set and 603 fruit were used as validation set. 

The calibration set in Trial 3 and 4 consisted of 987 healthy and 420 defective fruit. The 

validation set in Trial 3 and 4 consisted of 416 healthy and 187 defective fruit.  
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Table 5. 1 Classification table of ‘NY1’ apples according to internal browning 

presence in different discriminant analysis trials.  

Trial Method Category Set Total Healthy 
Slight 

browning 

Moderate 

browning 

Severe 

browning 

1 LDA 4 

Calibratio

n 
1554 993 153 196 212 

Validation 666 410 57 104 95 

2 QDA 4 

Calibratio

n 
1554 993 153 196 212 

Validation 666 993 57 104 95 

       Browning  

3 QDA 2 

Calibratio

n 
1407 987 - 420 

Validation 603 416 - 187 

4 
SVS + 

QAD 
2 

Calibratio

n 
1407 987 - 420 

Validation 603 416 - 187 

Note: “-” represents excluded; LDA = linear discriminant analysis; QDA = Qualtrics 

discriminant analysis; SVS = stepwise variable selection. 
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5.3.2 Spectra features  

The interpolated second derivative spectra curves of the apples were generally 

smooth in the range of 702 and 1002 nm. The mean second derivative absorbance in the 

effective region of samples are shown for different levels of browning in Figure 5.1. 

 

Figure 5. 1 Mean second derivative absorbance spectra between 702 and 1002 nm 

wavelength of ‘NY1’.  

5.3.3 Discriminant analysis  

The class spatial distribution plots obtained from different trials are shown in Figure 

5.1, 5.2, 5.3, and 5.4. Table 5.2 summarized the discriminant analysis results for spectra 

from 4 different trials. The results indicate that the best model accuracy of 17.2% and 

17.6% misclassification rates in calibration and validation sets, respectively, was 

achieved by using QDA with SVS preprocessing method under 2 categories (Trial 4). 
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The second lowest misclassification rates of 26.1% and 28.4% in calibration and 

validation sets, respectively, were obtained using QDA under 2 categories (Trial 3). The 

highest misclassification rates of 38.9% and 46.7% in calibration and validation sets, 

respectively, can be found in LDA under 4 categories (Trial 1). In Trial 4, SVS was used 

as a feature selection method to improve recognition accuracy and removing noise and 

irrelevant information. Optimal features (21 wavelengths) selected by the SVS method 

are shown in Table 5.3.   

Table 5.2 The performances for all the discriminant analysis.     

Trial  Method Category Source Total 
Number 

Misclassified 

Percent 

Misclassified 

1 LDA 4 
Training 1554 604 38.9% 

Validation 666 311 46.7% 

2 QDA 4 
Training 1554 490 31.5% 

Validation 666 245 36.8% 

3 QDA 2 
Training 1407 367 26.1% 

Validation 603 171 28.4% 

4 
SVS + 

QDA 
2 

Training 1407 242 17.2% 

Validation 603 106 17.6% 

Note: LDA = linear discriminant analysis; QDA = Qualtrics discriminant analysis; SVS 

= stepwise variable selection. 
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Figure 5.2 Class spatial distribution plots obtained from LDA under 4 categories 

(severe, moderate, slight, and sound).  

 

Figure 5.3 Class spatial distribution plots obtained from QDA under 4 categories 

(severe, moderate, slight and sound). 
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Figure 5.4 Class spatial distribution plots obtained from QDA under two categories 

(browning and sound). 

 

 

 Figure 5.5 Class spatial distribution plots obtained from QDA with SVS preprocessing 

method under two categories (browning and sound).  
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Table 5. 3 The selected wavelengths corresponded to yielding the lowest 

misclassification rate in Trial 4.  

Trial No. Method Selected wavelength (nm) 

4 SVS + QDA 

702, 711, 717, 726, 741, 744, 756, 771, 804, 

822, 843, 855, 864, 903, 906, 927, 939, 951, 

966, 975, 1002 

Note: QDA = Qualtrics discriminant analysis; SVS = stepwise variable selection. 

 

LDA and QDA are considered in this study for classification based on NIR spectra 

data. Both methods are widely used as discriminant method to find boundaries that 

separate classes of samples. LDA only obtains linear boundaries as it assumes the 

feature covariance matrices of classes are the same. QDA takes into account different 

variance structure for classes, which leads to a quadratic decision boundary (Siqueira, 

et al., 2017; Wu et al., 1996).  In this study, QDA outperformed LDA because QDA is 

able to capture different covariances and provide more accurate decision for non-linear 

classification (Table 5.2).  

Raw spectra data usually have issues such as correlated variable, noisy and 

irrelevant information. To select relevant features from the raw dataset, data 

preprocessing methods are used to improve recognition accuracy of classification 

models. To determine whether it might be possible to reduce this prediction error, the 

SVS method was applied and 21 out of 101 wavelengths were picked. Results also 

indicated that SVS method as a data preprocessing method is very important for the 

development of accurate classification models.  
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The selection of measurement setup for obtaining NIR spectra is also a critical 

factor for model development. Both the reflectance and transmission have been used to 

detect internal disorders in fruit, however, the transmission mode is more accurate than 

reflectance mode (Fu et al., 2007; Schaare & Fraser, 2000). No information can be found 

on using interactance mode for fruit internal disorder detection. In this study, results 

indicated that although interactance mode can detect changes of the fruit surface and 

part of the cortical tissue, it is not as effective as transmission for internal disorder 

classification. The primary limitation of using interactance or reflectance mode is the 

penetration depth, which only to 4 mm in the 700 – 900 nm range under reflectance 

(Lammertyn et al., 2000). Therefore, NIR radiation cannot reach internal flesh browning 

at originates between the core and skin tissues. The size and the localization of defect 

tissue also affects the detection ability.  

In conclusion, the development of NIR spectrometric technique for detecting 

internal browning in apple fruit relies upon the measurement setup for NIR spectra, 

chemometrics and data preprocessing method. Results from this study indicated that the 

NIR spectra collected in internactance mode was not the best option for internal 

browning detection in apple fruit. Compared with LDA, QDA provided better prediction 

accuracy especially with SVS as a data preprocessing method.  
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CHAPTER 6. SUMMARY AND FUTURE WORK  

 

Apples are one of the most important world fruit crops (Forsline & Aldwinckle, 

2003). The large number of cultivar leads to broad range of variabilities in quality 

attributes, and the need management and quality control appropriate for the cultivar.  

In general, consumers evaluate apples by their external quality attributes such as 

color, size, shape, and the absence of blemishes. However, the internal quality such as 

sweetness, firmness, absence of internal disorders, and even nutritional values, may 

determine their willingness to buy the product again or not. Therefore, in order to 

improve a high market value, fruit industry tends to be focused more on increasing 

internal quality. Internal quality attributes are mainly referred as firmness, starch, 

soluble solid content (SSC), and titratable acidity (TA).  In apple fruit, SSC is closely 

related with total soluble carbohydrate, and therefore SSC can be a predictor of the 

sweetness of the fruit. In recent years, fruit dry matter content (DMC) has been studied 

as a new quality attribute and harvest indicator. Dry matter accumulated during fruit 

development depends on cultivar, crop load, and season, and is stable at the end of fruit 

development. Apple fruit are commercially stored for months under CA conditions 1–

3 kPa O2, 1–3 kPa CO2, and 0.5–3.0 °C, with specific recommendations for each 

cultivar, and sometimes growing region. CA storage acts by reducing respiration rates 

and inhibiting ethylene action (Matttheis et al., 2005).  1-Methylcyclopropene (1-MCP) 

treatment also extends fruit storage time by inhibiting the ethylene perception and 
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ethylene-associated climacteric ripening delayed. Both CA and 1-MCP help maintain 

firmness and TA (Toivonen & Lu, 2005; Watkins et al., 2000). 

Understanding the relationship between DMC and SSC can lead to a better 

understanding of postharvest fruit quality. In this study, the relationship between DMC 

and SSC at harvest and after storage has been studied on a number of major cultivars. 

The relationship between DMC and SSC depends on starch concentration in the fruit. 

The correlation between the two factors can be poor for early harvested fruits since 

starch is the major accumulated carbohydrates in the fruit. During fruit development 

and postharvest storage, starch solubilizes to sugar with subsequent improvement of the 

correlation. In order to achieve longer storage periods, fruit should be harvested before 

the climacteric peak of ethylene production. Therefore fruit SSC at that time is not the 

optimal option as a harvest indicator, and DMC at harvest can be regarded as a harvest 

indicator and the predictor of the post-storage SSC. My results show that 1-MCP and 

storage type (air and CA) had no effects on the relationship between DMC and SSC. 

Starch and major sugars including fructose, sucrose, glucose and sorbitol have also been 

measured. Except for fructose, the sugars plus starch concentrations were affected by 

cultivar and by harvest date.  

Traditional measurements of some quality attributes are time-consuming and 

destructive. Near infrared (NIR) spectroscopy has a great potential to predict quality 

attributes and detect disorders. NIR spectra of fruit has a wide peak and is comprised of 

broad bands from the vibration modes that interact with C-H, O-H, N-H, and S-H 

chemical bonds. As water absorbs NIR radiation, making it possible for NIR to be used 

on high water content fruit. The development of the NIR spectrometric technique for 
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assessing fruit quality attributes also relies upon the chemometrics. Chemometrics is the 

science of information extraction of chemistry via statistical and mathematical methods. 

Calibration models are developed using various chemometric tools, such as partial least 

square (PLS), principal component analysis (PCA), and discriminant analysis (DA). 

Beside the chemometrics method for model building, spectra pre-processing methods 

are also very important because of the large baseline shifts and noise in the spectra 

derived due to the physical properties of fruit. Derivatives are one of the most frequently 

used pre-treatment methods for NIR spectra. It has been reported that the second 

derivative spectra corrected light scattering and eliminated the baseline error (Leonardi 

& Burns, 1999). The performance of NIR-based models for fruit quality is usually 

described by the value of the coefficient of determination for calibration (Rc2) which 

essentially represented the proportion of explained variance of the response variable in 

the calibration; and the root mean square error of calibration (RMSEC) which measured 

the differences between values predicted and the values observed. The accuracy and 

robustness of models are defined as the R2 of validation and root mean square error of 

validation/prediction (RMSEV or RMSEP) (Ziegel et al., 2004).  

Many studies have been focused on the application of NIR spectroscopy on fruit 

such as apples, pears, cherries, and mangos. Among many publications on apples, the 

RMSEP of SSC prediction were in the range of 0.3 to 1.6 % and the high RMSEP values 

were related with the external validations set from different orchards or seasons. 

Therefore, it is likely that all the models in the majority of publications are not robust 

enough to be used in practical applications. The DMC prediction has the same problem 

due to the variability in fruit from different locations and seasons. People started to 
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realize that by including sufficient variations (location, reasons, and environments) 

calibration models can be more robust. In this study, models have been built for 

individual and multiple cultivars. Results showed that when multiple cultivars are 

combined, model robustness may increase with the sacrifice of prediction accuracy. 

Therefore, it is still strongly suggested that calibration models should be built based on 

individual cultivars rather than combining multiple cultivars. Also the crop load has a 

large impact on the robustness of calibration models. In this study, the influence of crop 

load management treatments on the NIR spectroscopy prediction of ‘NY2’, 

‘Honeycrisp’, and ‘Gala’ have been investigated and models were built for individual 

and multiple crop load variability. Results confirmed that crop load influenced fruit 

quality in the aspects of SSC, DMC, weight and SPI of apple fruit. The effect of crop 

load on NIR models are cultivar-dependent. For ‘Honeycrisp’ and ‘NY2’, models of 

multiple crop loads had satisfactory performance with high prediction accuracy, but 

models were less consistent for the individual cultivar. However, for ‘Gala’ both 

individual and multiple crop loads models had satisfactory performance.   

Application of NIR spectroscopy on fruit physiological disorders has also been 

studied. In this study, the feasibility of a NIR interactance system for detecting flesh 

browning was investigated in ‘NY1’ apple fruit. LDA, QDA and SVS have been used 

to build discriminant models. However, all models demonstrated insufficient precision 

to predict accurately browning in fruit especially in fruit with slight browning. 

Therefore, the NIR spectra collected in interactance mode was not the best option for 

internal browning detection in apple fruit. One major reason is the inadequate 

penetration depth of NIR radiation within the tissue. The penetration of NIR radiation 
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into fruit tissue decreases exponentially with the depth (Lammertyn et al., 2000) and 

mainly relies on the wavelength, measurement setups, and light intensity for obtaining 

NIR spectra. In general there are three different measurement setups: reflectance, 

transmittance, and interactance. Compare with reflectance and interactance 

measurements, radiation of transmission mode has the best penetration depth. However, 

its high light intensities may burn the fruit surface and may carry irrelevant information 

about the core of the fruit.  (Lammertyn et al., 2000) found that under reflectance mode 

the penetration depth was up to 4 mm in the 700 – 900 nm range and between 2 and 3 

mm in the 900-1900 nm range. Penetration depth of both reflectance and interactance 

modes limits their application on fruit physiological disorders of fruit. In addition, the 

affected tissue is not consistently distributed in the fruit, making the detection of 

disorder more difficult.  

      No one can deny that the NIR spectral information has the potential to develop 

useful qualitative and/or quantitative analytical models to detect fruit quality attributes. 

However, issues such as building models between indirect spectral correlation between 

NIR spectroscopy and analyte, as well as misusing preprocessing methods need to be 

addressed. Based on my studies, future research can be focused on improving the 

robustness of the individual-cultivar models by including more biological variabilities 

such as cultivar, origin, season, and shelf-life). Also, the selection of the NIR 

spectrophotometer needs more attention. For decades, the design of the 

spectrophotometer has been improved and rationalized for both research and real-life 

applications. Failure to select or understand the instrument may result in inaccurate 

predictions. In general, a NIR spectrophotometer consist of a light source, sample 
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presentation accessory, monochromator, detector, and optical components which 

including lenses, collimators, bean splitters, integrating sphere, and optical fibers 

(Nicolai et al., 2007a). However, different designs and materials of the spectrometer can 

have a huge influence on predictions. Instruments with different light sources, types of 

monochromators and detectors provide different spectral frequencies and spectral range 

covered. The scanning monochromator (Zhang et al., 2019; Anderson et al., 2017; 

Escribano et al., 2017) and Fourier transform spectrophotometers (Ciccoritti et al., 2019; 

Li et al., 2018) have been used in many studies to evaluate fruit quality non-destructively. 

In a scanning monochromator instrument a grating or prism is used to separate the 

individual frequencies of the radiation either entering or leaving the sample. In a Fourier 

transform (FT) spectrophotometer the modulated light is generated via an interferometer; 

the time domain signal of the light reflected or transmitted by the sample onto the 

sample can be converted into a spectrum via a fast Fourier transform (Nicolai et al., 

2007a). Compared to conventional NIR spectrometers, the FT-NIR spectroscopy has 

higher speed and higher signal-to-noise ratio (Peirs et al., 2002). The type of detector is 

another equipment-related factor, which should be considered with respect to the 

application requirements. Most of the NIR spectrophotometer (for example, the F750 

quality meter) use silicon detectors (Walsh et al., 2000). However, the indium gallium 

arsenide (InGaAs) semiconductors, which are used in FT-NIR instruments show higher 

quality, faster, and more robust detectivity in the range of 1100 to 1750 nm (Pasquini, 

2018). Also, in the in-line or field environment capacity for rapid spectral acquisition 

and interpreting, the tolerance to vibration, and dust are required for a spectrometer to 

support NIR spectroscopy assessment of fruit.  Therefore, more effort can be put into 
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understanding and selecting the ‘best’ equipment in the aspect of wavelength accuracy 

and resolution, relative spectral sensitivity, relative detector sensitivity, signal to noise 

ratio and the stability of spectrometer and lamp output.  

      Chemometrics is another fundamental of the NIR spectroscopy technology. 

Unfortunately, the selection and utilization of the proper multivariate analytical 

techniques is always very complicated for the users or researchers who are non-experts 

in chemometrics. Various numerical methods for preprocessing, variable selection, and 

multivariate statistical analysis can be found to improve prediction models. Many 

papers have been published, but most of work ignored the explanation of how and why 

to select certain preprocessing, quantitative and qualitative methods (Pasquini, 2018). 

Future research should be focus on how to select better analytical methods, which can 

present an accurate and clear correlation between spectral data and the analyte.  
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