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a. ABSTRACT:  

Spectroscopy, image analysis and hyperspectral imaging for food safety 

and quality: a chemometric approach 

 

This PhD project regards different applications of non-destructive optical techniques to 

evaluate quality and shelf life of agro-food product as well as the early detection of 

biofilm on food plants. Spectroscopy, image analysis and hyperspectral imaging could 

play an important role in the assessment of both quality and safety of foods due to their 

rapidity and sensitivity especially when using simplified portable devices. Due to the 

huge amount of collected data, chemometric, a multivariate statistical approach, is 

required, in order to extract information from the acquired signals, reducing 

dimensionality of the data while retaining the most useful spectral information. 

 The thesis is organized in four chapters, one for each technique and a final chapter 

including the overall conclusion. Each chapter is divided in case studies according to the 

matrix analysed and the data acquisition and elaboration carried out. 

The first chapter is about spectroscopy. The aim of the first study - Testing of a Vis-NIR 

system for the monitoring of long-term apple storage - is to evaluate the applicability of 

visible and near-infrared (Vis-NIR) spectroscopy to monitor and manage apples during 

long-term storage in a cold room. The evolution of the apple classes, originally created, 

was analysed during 7 months of storage by monitoring TSS and firmness. Vis-NIR allows 

an accurate estimation of chemical-physical parameters of apples allowing a non-

destructive classification of apples in homogeneous lots and a better storage 

management.  

The work reported in the second paragraph - Wavelength selection with a view to a 

simplified handheld optical system to estimate grape ripeness - is aimed to identify the 

three most significant wavelengths able to discriminate grapes ready to be harvested 

directly in the field. Wavelengths selection was carried out with a view to construct a 

simplified handheld and low-cost optical device. Standardized regression coefficients of 

the PLS model were used to select the relevant variables, representing the most useful 

information of the full spectral region. The same approach was followed to discriminate 

freshness levels during shelf-life of fresh-cut Valerianella leaves - Selection of optimal 

wavelengths for decay detection in fresh-cut Valerianella Locusta Laterr. (third 

paragraph). 

The aim of the work presented in the fourth paragraph of the first chapter - Comparison 

between FT-NIR and Micro-NIR in the evaluation of Acerola fruit quality, using PLS and 

SVM regression algorithms - is to estimate titratable acidity and ascorbic acid content in 

acerola fruit, using a MicroNIR, an ultra-compact and low-cost device working between 

950 ς 1650 nm. The spectral data were modelled using two different regression 
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algorithms, PLS (partial least square) and SVM (support vector machine). The prediction 

ability of Micro-NIR appears to be suitable for on field monitoring using non-linear 

regression modelling (i.e. SVM). 

In the second chapter, image analysis was performed. The traditional RGB imaging for 

the evaluation of image texture, a specific surface characteristic, is presented. The 

texture of an image is given by differences in the spatial distribution, in the frequency 

and in the intensity of the values of the grey levels of each pixel of the image. This 

technique was applied for the early detection of biofilm in its early stages of 

development, when it is still difficult to observe it by the naked eye, was evaluated 

(Image texture analysis, a non-conventional technique for early detection of biofilm).  

In the third paragraph, image and spectroscopy were combined in hyperspectral 

imaging applications. Data analysis by chemometric was crucial in any stage of my PhD 

project. Chemometric is a multivariate statistical approach that is applied on chemical 

data to extract the useful information avoiding noise and redundant data. At the 

beginning of the third chapter - Hyperspectral image analysis: a tutorial - proposes an 

original approach, developed as a flow sheet for three-dimensional data elaboration. 

The method was applied, as an example, to the prediction of bread staling during 

storage.  

The first application about hyperspectral on acerola is focused on the vitamin C content 

- HIS for quality evaluation of vitamin C content in Acerola fruit. Ten different acerola 

fruits picked up according to two different stages of maturity, based on the colour of the 

peel (5 green and 5 red acerola), were analysed. The spectra of pure vitamin C powder 

was used as references for computing models with two different correlation techniques: 

spectral angle mapping and correlation coefficient allowing the construction of a 

qualitative distribution map of ascorbic acid inside the fruit.  

The aim of the last one work presented is to evaluate acerola post-harvest quality - 

Selection of NIR wavelengths from hyperspectral imaging data for the quality  evaluation 

of Acerola fruit. Hyperspectral images of 20 acerolas were acquired for five consecutive 

days and an investigation of time trends was carried out to highlight the most important 

three wavelengths that characterized the ripeness/degradation process of the Acerola 

fruit. The false-colour RGB images, derived from the composition of the three 

interesting wavelengths selected, data enable early detection of the senescence process 

in a rapid and non-destructive manner.  

In conclusion, the three non-destructive optical techniques applied in this PhD project 

have proved to be one of the most efficient and advanced tools for safety and quality 

evaluation in food industry answering the need for accurate, fast and objective food 

inspection methods to ensure safe production throughout the entire production 

process.      Keywords: spectroscopy, imaging, hyperspectral, chemometric, food 
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b. RIASSUNTO: 

 [ŀ ǎǇŜǘǘǊƻǎŎƻǇƛŀΣ ƭΩŀƴŀƭƛǎƛ ŘŜƭƭΩƛƳƳŀƎƛƴŜ Ŝ Řƛ ƛƳƳŀƎƛƴŜ ƛǇŜǊǎǇŜǘǘǊŀƭŜ 
per la sicurezza e la qualità degli alimenti: un approccio chemiometrico 

Questo progetto di dottorato studia le differenti applicazioni delle tecniche ottiche non 

distruttive per la valutazione della qualità e della shelf-life di prodotti vegetali così come 

ƭΩƛŘŜƴǘƛŦƛŎŀȊƛƻƴŜ ǇǊŜŎƻŎŜ Řƛ ǎǾƛƭuppi microbici su superfici industriali. La spettroscopia, 

ƭΩŀƴŀƭƛǎƛ ŘŜƭƭΩƛƳƳŀƎƛƴŜ Ŝ ƭΩŀƴŀƭƛǎƛ ŘŜƭƭΩƛƳƳŀƎƛƴŜ ƛǇŜǊǎǇŜǘǘǊŀƭŜ Ǉƻǎǎƻƴƻ ƎƛƻŎŀǊŜ ǳƴ Ǌǳƻƭƻ 

importante nella valutazione sia della qualità che della sicurezza degli alimenti grazie 

alla rapidità e sensibilità della tecnica, specialmente quando si utilizzano strumenti 

semplificati portatili. Un approccio statistico multivariato (chemiometria) è richiesto al 

fine di estrarre informazioni dal segnale acquisito, riducendo la dimensionalità dei dati 

e mantenendo le informazioni spettrali più utili.  

Lo scopo del primo studio presentato ς Testing of a Vis-NIR system for the monitoring of 

long-term apple storage ς ŝ ƭŀ ǾŀƭǳǘŀȊƛƻƴŜ ŘŜƭƭΩŀǇǇƭƛŎŀōƛƭƛǘŁ ŘŜƭƭŀ ǎǇŜǘǘǊƻǎŎƻǇƛŀ ƴŜƭ 

visibile e vicino infrarosso (Vis-NIR) per il monitoraggio e la gestione delle mele durante 

lo stoccaggio a ōŀǎǎŜ ǘŜƳǇŜǊŀǘǳǊŜΦ tŜǊ ǎŜǘǘŜ ƳŜǎƛ ŝ ǎǘŀǘŀ ǎŜƎǳƛǘŀ ƭΩŜǾƻƭǳȊƛƻƴŜ ƛƴ ǘŜǊƳƛƴƛ 

di grado zuccherino e consistenza delle mele suddivise in classi di maturazione. I risultati 

hanno indicato che la spettroscopia è una tecnica non-distruttiva che consente una 

stima accurata dei parametri chimico-fisici per la classificazione delle mele in lotti 

omogenei. 

Il lavoro descritto nel secondo paragrafo - Wavelength selection with a view to a 

simplified handheld optical system to estimate grape ripeness ς è finalizzato 

ŀƭƭΩƛŘŜƴǘƛŦƛŎŀȊƛƻƴŜ ŘŜƭƭŜ ǘǊŜ ƭǳƴƎƘŜȊȊŜ ŘΩƻƴŘŀ ǇƛǴ ƛƳǇƻǊǘŀƴǘƛ ǇŜǊ ƛƭ ǊƛŎƻƴƻǎŎƛƳŜnto, 

direttamente in campo, ŘŜƭƭΩǳǾŀ ǇǊƻƴǘŀ ǇŜǊ ŜǎǎŜǊŜ ǊŀŎŎƻƭǘŀ al fine della messa a punto 

di un sistema semplificato e a basso costo. I coefficienti di regressione standardizzati del 

modello PLS (Partial Least Square) sono stati utilizzati per selezionare le variabili più 

importanti, ŎƘŜ ǊŀŎŎƘƛǳŘƻƴƻ ƭΩƛƴŦƻǊƳŀȊƛƻƴŜ ǇƛǴ ǳǘƛƭŜ ƭǳƴƎƻ ƭΩƛƴǘŜǊƻ ǎǇŜǘǘǊƻΦ [ŀ ǎǘŜǎǎŀ 

procedura è stata condotta per determinare la freschezza delle foglie di Valerianella 

durante la shelf-life - Selection of optimal wavelengths for decay detection in fresh-cut 

Valerianella Locusta laterr (terzo paragrafo). 

Lo scopo del lavoro presentato nel quarto paragrafo del primo capitolo - Comparison 

between FT-NIR and Micro-NIR in the evaluation of Acerola fruit quality, using PLS and 

SVM regression algorithms ς ŝ ǎǘƛƳŀǊŜ ƭΩŀŎƛŘƛǘŁ ǘƛǘƻƭŀōƛƭŜ Ŝ ƛƭ ŎƻƴǘŜƴǳǘƻ Řƛ ŀŎƛŘƻ 

ŀǎŎƻǊōƛŎƻ ŀƭƭΩƛƴǘŜǊƴƻ ŘŜƭ ŦǊǳǘǘƻ acerola, utilizzando uno strumento compatto e a basso 

costo denominato Micro-NIR, ŎƘŜ ƭŀǾƻǊŀ ƴŜƭƭΩƛƴǘŜǊǾŀƭƭƻ ǎǇŜǘǘǊŀƭŜ фрл-1650 nm. I dati 

ǎǇŜǘǘǊŀƭƛ ǎƻƴƻ ǎǘŀǘƛ ƳƻŘŜƭƭŀǘƛ ƳŜŘƛŀƴǘŜ ƭΩŀǇǇƭƛŎŀȊƛƻƴŜ Řƛ ŘǳŜ ŀƭƎƻǊƛǘƳƛ t[{ Ŝ SVM 

(Support Vector Machine). La capacità predittiva dello strumento semplificato è risultata 
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interessante per applicazioni di monitoraggio in campo, soprattutto modellizzando i dati 

in modo non lineare.  

Nel secondo capitolo, è presentata ƭΩŀǇǇƭƛŎŀȊƛƻƴŜ Řƛ ƛƳƳŀƎƛƴƛ wD. ǇŜǊ ƭŀ ǾŀƭǳǘŀȊƛƻƴŜ 

delle superfici - Image texture analysis, a non-conventional technique for early detection 

of biofilm. [ŀ ǘŜȄǘǳǊŜ ŘŜƭƭΩƛƳƳŀƎƛƴŜ ŝ ŘŜŦƛƴƛǘŀ ŎƻƳŜ ǳƴŀ ŘƛŦŦŜǊŜƴȊŀ ƴŜƭƭŀ ŘƛǎǘǊƛōǳȊƛƻƴŜ 

ǎǇŀȊƛŀƭŜΣ ƴŜƭƭŀ ŦǊŜǉǳŜƴȊŀ Ŝ ƴŜƭƭΩƛƴǘŜƴǎƛǘŁ ŘŜƛ ƭƛǾŜƭƭƛ Řƛ ƎǊƛƎƛƻ ƛƴ ƻƎƴƛ ǇƛȄŜƭ ŘŜƭƭΩƛƳƳŀƎƛƴe. 

Questo metodo è stato ŘŜǘŜǊƳƛƴŀƴǘŜ ǇŜǊ ƭΩidentificazione precoce dello sviluppo 

microbico su superfici normalmente ƛƳǇƛŜƎŀǘŜ ƴŜƭƭΩƛƴŘǳǎǘǊƛŀ ŀƭƛƳŜƴǘŀǊŜΦ 

[ΩŀǇǇǊƻŎŎƛƻ ŎƘŜƳƛƻƳŜǘǊƛŎƻ ŝ ǎǘŀǘƻ ŎǊǳŎƛŀƭŜ ƛƴ ƻƎƴƛ ŦŀǎŜ ŘŜƭ ǇǊƻƎŜǘǘƻ Řƛ ŘƻǘǘƻǊŀǘƻ ŜŘ ŝ 

definito come un approccio statistico multivariato che si applica ai dati chimici per 

estrarre informazione utile, ridurre il rumore di fondo e ƭΩƛƴŦƻǊƳŀȊƛƻƴŜ ǊƛŘƻƴŘŀƴǘŜΦ Lƭ 

ƭŀǾƻǊƻ ǇǊŜǎŜƴǘŀǘƻ ŀƭƭΩƛƴƛȊƛƻ ŘŜƭ ǘŜǊȊƻ ŎŀǇƛǘƻƭƻ - Hyperspectral image analysis: a tutorial - 

proǇƻƴŜ ǳƴŀ ǇǊƻŎŜŘǳǊŀ ǎǘŀƴŘŀǊŘ ǇŜǊ ƭΩŜƭŀōƻǊŀȊƛƻƴŜ Řƛ Řŀǘƛ ǘǊƛŘƛƳŜƴǎƛƻƴŀƭƛΣ presentando 

un esempio relativo alla predizione del raffermamento del pane in cassetta. 

Il secondo paragrafo del terzo capitolo, presenta una ŀǇǇƭƛŎŀȊƛƻƴŜ ŘŜƭƭΩƛƳƳŀƎƛƴŜ 

iperspettrale su acerola, focalizzata sul contenuto di vitamina C - HSI for quality 

evaluation of vitamin C content in Acerola fruit. In questo lavoro, è stata acquisita 

ƭΩƛƳƳŀƎƛƴŜ Řƛ ŘƛŜŎƛ acerola, raccolte in funzione del livello di maturazione, definito in 

base al colore della buccia (cinque acerola verdi e cinque rosse). Lo spettro della polvere 

Řƛ ǾƛǘŀƳƛƴŀ / ǇǳǊŀ ŝ ǎǘŀǘƻ ǳǘƛƭƛȊȊŀǘƻ ŎƻƳŜ ǊƛŦŜǊƛƳŜƴǘƻ ǇŜǊ ƭΩŀǇǇƭƛŎŀȊƛƻƴŜ Řƛ ŘǳŜ ŀƭƎƻǊƛǘƳƛ 

di correlazione (spectral angle mapping e correlation coefficient), consentendo la 

cƻǎǘǊǳȊƛƻƴŜ Řƛ ƳŀǇǇŜ ǉǳŀƭƛǘŀǘƛǾŜ Řƛ ŘƛǎǘǊƛōǳȊƛƻƴŜ ŘŜƭƭΩŀŎƛŘƻ ŀǎŎƻǊōƛŎƻ ŀƭƭΩƛƴǘŜǊƴƻ ŘŜƭ 

frutto. 

[ƻ ǎŎƻǇƻ ŘŜƭƭΩǳƭǘƛƳƻ ƭŀǾƻǊƻ ǇǊŜǎŜƴǘŀǘƻ ŝ ƭŀ valutazione della qualità post raccolta 

ŘŜƭƭΩacerola - Selection of NIR wavelengths from hyperspectral imaging data for the 

quality evaluation of Acerola fruit. Le immagini iperspettrali di venti acerola sono state 

acquisite per cinque giorni consecutivi. La valutazione delle modificazioni spettrali 

durante il tempo ha ŎƻƴǎŜƴǘƛǘƻ ƭŀ ǎŜƭŜȊƛƻƴŜ ŘŜƭƭŜ ǘǊŜ ƭǳƴƎƘŜȊȊŜ ŘΩƻƴŘŀ Ŏaratterizzanti il 

ǇǊƻŎŜǎǎƻ Řƛ ƳŀǘǳǊŀȊƛƻƴŜκŘŜƎǊŀŘŀȊƛƻƴŜ ŘŜƭ ŦǊǳǘǘƻΦ [ΩƛƳƳŀƎƛƴŜ ƛƴ Ŧŀƭǎƛ ŎƻƭƻǊƛΣ ŘŜǊƛǾŀƴǘŜ 

Řŀƭƭŀ ŎƻƳǇƻǎƛȊƛƻƴƛ ŘŜƭƭŜ ƛƳƳŀƎƛƴƛ ŀƭƭŜ ǘǊŜ ƭǳƴƎƘŜȊȊŜ ŘΩƻƴŘŀ Řƛ ƛƴǘŜǊŜǎǎŜΣ ŎƻƴǎŜƴǘŜ 

ƭΩƛŘŜƴǘƛŦƛŎŀȊƛƻƴŜ ǇǊŜŎƻŎŜ ŘŜƭ ǇǊƻŎŜǎǎƻ ŘŜƎǊŀŘŀǘƛǾƻ ƛƴ ƳŀƴƛŜǊŀ ǊŀǇƛŘŀ e non distruttiva. 

Le tre tecniche non distruttive impiegate in questo progetto di dottorato hanno 

dimostrato efficienza e applicabilità per la valutazione della qualità e della sicurezza 

ŘŜƎƭƛ ŀƭƛƳŜƴǘƛΣ ǊƛǎǇƻƴŘŜƴŘƻ ŀƭƭŀ ƴŜŎŜǎǎƛǘŁ ŘŜƭƭΩƛƴŘǳǎǘǊƛŀ ŀƭƛƳŜƴǘŀǊe di tecniche accurate, 

ǾŜƭƻŎƛ Ŝ ƻōƛŜǘǘƛǾŜ ǇŜǊ ŀǎǎƛŎǳǊŀǊŜ ǇǊƻŘǳȊƛƻƴƛ ƻǘǘƛƳŀƭƛ ƭǳƴƎƻ ƭΩƛƴǘŜǊƻ ǇǊƻŎŜǎǎƻ ǇǊƻŘǳǘǘƛǾƻΦ 

Parole chiaveΥ ǎǇŜǘǘǊƻǎŎƻǇƛŀΣ ŀƴŀƭƛǎƛ ŘΩƛƳƳŀƎƛƴŜΣ ƛǇŜǊǎǇŜǘǘǊŀƭŜΣ ŎƘŜƳƛƻƳŜǘǊƛŀΣ Ŏƛōƻ 



 

11 
 

c. PREFACE  

During my PhD, I focused on three non-destructive optical techniques, starting from 

spectroscopy and ending up with to the hyperspectral imaging, passing through the 

image analysis. In fact, in spectroscopy, the information in the spectral range 4000-

12500cm-1 is correlated to the chemical composition of the matrixes while image 

analysis is centred on spatial information and allows to know compound distribution in 

the product. The hyperspectral imaging, which I applied during my experience in Brazil, 

combine the different approaches with the aim to evaluate food safety and quality. The 

keystone of these optical techniques is the use of chemometric, a multivariate statistical 

approach that is applied on chemical data to extract the useful information avoiding 

noise and redundant data. 

The two general subjects of my work are:  1) food quality, intended as ripeness and shelf-

life of agro-food product; 2) plant hygiene, as detection of biofilm on food plants.  

1) The development of effective quality inspection systems to ensure safe production of 

food during processing operations is one of the critical aspects for food processing 

industry and could be solved by the improvement of non-destructive technologies. In 

this contest, the quality of a particular fresh or processed fruit or vegetable is defined 

by a series of external characteristics that make it more or less attractive to the 

consumer. Quality attribute of the post-harvest product included ripeness, size, weight, 

shape, colour, condition, or presence/absence of defects, stems or seeds, as well as a 

series of internal properties like sweetness, acidity, texture, hardness, among others. 

Most of these factors have traditionally been assessed by visual inspection or 

destructive sampling performed by trained operators.  

2) Food safety is normally described as a discipline aiming to ensure that food is safe 

ŜƴƻǳƎƘ άŦǊƻƳ-farm-to-ŦƻǊƪέ ŦƻǊ ŎƻƴǎǳƳŜǊǎ ǎƻ ǘƘŀǘ ƻǳǘōǊŜŀƪǎ ƻŦ ŦƻƻŘ-borne illness can 

be reduced. The ability of forming biofilms by food microorganisms increases bacterial 

resistance to antimicrobial agents along the production chain. Biofilm presence in the 

food industry is frequent and it is a serious problem, as it causes malfunction of plant 

and microbial contamination of foods. The bacteria involved may deteriorate and impair 

the food and, if pathogenic, the microorganisms pose a risk to the consumer health. It 

is therefore important to prevent or, alternatively, recognise biofilm formation. 

Nowadays, the gold standard for cultivation and detection of biofilms is the combination 

of flow-cell-grown technique and confocal laser scanning microscopy. This optical 

technique is promising but requires the specimen to be fluorescent. Therefore, the 

scientific community is looking for new optical approaches to be implemented on-line 

for the early detection of food microorganisms or contaminants.  
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The thesis is organized in four chapters, one for each techniques and a final chapter 

including the overall conclusion, a comprehensive consideration about the work carried 

out during my PhD. 

Each chapter is divided in case studies according to the matrix analysed and the data 

elaboration carried out. The first ŎƘŀǇǘŜǊΣ ά{ǇŜŎǘǊƻǎŎƻǇȅέΣ presents four works about 

the application of near infrared spectroscopy in the post-harvest field, starting with an 

application on apples for a better management of the warehouse. This work was already 

ǇǳōƭƛǎƘŜŘ ŀǎ ǎŎƛŜƴǘƛŦƛŎ ŀǊǘƛŎƭŜ ƛƴ ǘƘŜ άFood and Bioprocess TechnologyέΦ ¢ƘŜ second and 

the third paragraphs are focused on the selection of the most important NIR 

wavelengths for the development of a simplified device based on LED technology. One 

ŀǇǇƭƛŎŀǘƛƻƴ ƛǎ ƻƴ ǿƛƴŜ ƎǊŀǇŜǎ ŀƴŘ ǿŀǎ ǇǳōƭƛǎƘŜŘ ŀǎ ǎŎƛŜƴǘƛŦƛŎ ŀǊǘƛŎƭŜ ƻƴ ǘƘŜ άAmerican 

Journal of Enology and ViticultureέΤ ǘƘŜ ǎŜŎƻƴŘ ƻƴŜ ǎǇŜŀƪǎ ŀōƻǳǘ ±ŀƭŜǊƛŀƴŜƭƭŀ ƭŜŀǾŜǎ ŀƴŘ 

was published as scientific aǊǘƛŎƭŜ ƛƴ ǘƘŜ άWƻǳǊƴŀƭ ƻŦ CƻƻŘ 9ƴƎƛƴŜŜǊƛƴƎέΦ In the last 

paragraph, a simplified device available on the market was used, in comparison with a 

benchtop FT-NIR, on acerola fruit to evaluate the estimation ability of titratable acidity 

and ascorbic acid content. This work was presented as poster in the 17th International 

Conference of NIR Spectroscopy and it is reported in this thesis as extended abstract.  

The second chapterΣ άLƳŀƎƛƴƎέΣ regards the application of traditional RGB imaging for 

the early detection of biofilm. In this work, that was presented as oral communication 

at the 2nd Conference on Optical Characterization of Materials and is now in revision as 

ǎŎƛŜƴǘƛŦƛŎ ŀǊǘƛŎƭŜ ŦƻǊ ǘƘŜ ǇǳōƭƛŎŀǘƛƻƴ ƛƴ ǘƘŜ άWƻǳǊƴŀƭ ƻŦ CƻƻŘ 9ƴƎƛƴŜŜǊƛƴƎέΣ is proposed an 

innovative elaboration approach allowing the discrimination of microbial development 

on different surfaces. 

The chapter άIyperspectralέ includes three case studies. The first one underlines the 

importance of the chemometric approach for the data elaboration. In this paragraph, a 

flow sheet for three-dimensional data elaboration is proposed, carrying out an example 

for the prediction of bread staling during storage. This work is submitted to the 

ά!ƴŀƭȅǘƛŎŀƭ aŜǘƘƻŘǎέ ŀǎ ǎŎƛŜƴǘƛŦƛŎ ŀǊǘƛŎƭŜΦ The other two paragraphs present two 

applications of hyperspectral on acerola fruit: the first one for the evaluation of vitamin 

C content, developing two possible mapping of the chemical compound inside the fruit 

images; the last one is focused on the selection of the three most important 

wavelengths for monitoring the ripeness/degradation process of this tropical fruit. Both 

the application were presented in the 17th International Conference of NIR 

Spectroscopy: the first one on vitamin C as poster, while the second one about ripeness 

as Oral Communication; in this thesis are presented as extended abstract. 

The overall conclusion allows a comprehensive evaluation of the project carried out 

during the PhD and puts some bases for possible future evolution of the work. 

The thesis ends with some details about other activities such as the conference 

participations and the courses attended during the three years.  
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1. SPECTROSCOPY  
Near infrared (NIR) spectroscopy has proved to be one of the most efficient and 

advanced tools for monitoring and controlling of process and product quality in food 

industry. Multivariate statistical techniques are required to extract the information 

about quality attributes, which is buried in the NIR spectrum. Currently available NIR 

spectroscopy devices are expensive and not suitable for small-scale food industry. In 

post-harvest field, simple devices are important to support growers in monitoring 

ripening progress of various fruits and to plan harvest time; in this contest, the 

availability of low cost miniaturised spectrophotometers could opened up the possibility 

of portable devices, which can be used directly on field (Costa et al. 2011).  

Nowadays, an important challenge in postharvest technology is non-destructive 

characterization of fruit in order to maximize the quality and reduce waste (Zude et al. 

2006, Jha et al. 2010, Bobelyn et al. 2010, Beghi et al. 2012). For the correct 

management of lots, it is necessary to consider fruit heterogeneity before assessing 

their prolonged storage. Moreover, performing fruit classification during conferment 

can allow optimization of the cell opening sequence to reduce waste caused by over-

ripening during long-term storage and provides the market with the best available 

product all year round. In light of these considerations, the aim of the first study 

presented in this chapter is to evaluate the applicability of visible and near-infrared (Vis-

NIR) spectroscopy to monitor and manage apples during long-term storage in a cold 

room. The evolution of the originally created classes was analysed during 7 months of 

storage by monitoring TSS and firmness (peak force and penetration energy). The results 

indicate that the Vis-NIR allows an accurate estimation of chemical-physical parameters 

for non-destructive classification of apples in homogeneous lots.  

In recent years, interest in non-destructive technology has shifted toward the 

development of portable vis/NIR systems for use in the field, aiming a simplification of 

the device and a cost saving. However, the spectroscopic approach rely on wide spectral 

ranges and thus require multivariate techniques for data processing (Cen and He 2007, 

Williams and Norris 2001). Chemometric can be used to select a few relevant variables 

that represent the most useful information of the full spectral region (Xiaobo et al. 

2010), reducing the size of the required measurement data and the costs for the light 

source. For these reasons, the work in the second paragraph is aimed to identify the 

three most significant wavelengths able to discriminate in the field grapes ready to be 

harvested with a view to a simplified handheld and low-cost optical device. Standardized 

regression coefficients of the PLS model were used to select the relevant variables, 

representing the most useful information of the full spectral region. The same work was 

carried out to discriminate freshness levels during shelf life of fresh-cut Valerianella 

Locusta L. and it is presented in the third paragraph. The shelf life of Valerianella leaves 
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was monitored using a portable commercial vis/NIR spectrophotometer and by 

traditional analyses (pH, moisture and total phenols content).  

Within the last few years, real handheld near-infrared scanning spectrometers become 

commercially available (Sorak, 2012). A survey of scientific papers published in the last 

decade shows a steady increase in the number of research and development studies 

being conducted using these types of portable spectrometers (Teixeira dos Santos, 

2013). Accordingly, the aim of the work presented in the fourth paragraph, is to estimate 

titratable acidity and ascorbic acid content in acerola fruit , using a MicroNIR, an ultra-

compact and low-cost device working between 950 ς 1650 nm. The spectral data were 

modelled using two different regression algorithms, PLS (partial least square) and SVM 

(support vector machine). The prediction ability of Micro-NIR appears to be suitable for 

on field monitoring using non-linear regression modelling is required. 
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Abstract  

The development of diseases during long-term storage of apples is a well-known issue 

causing loss of product for warehouses. Non-destructive characterization of fruit can be 

helpful in order to reduce waste and maximize apple quality. The aim of this study was 

to evaluate the applicability of visible and near-infrared (VIS-NIR) spectroscopy to 

monitor and manage many apples during long-term storage in a cold room. A bench-top 

VIS-NIR apparatus (600ς1200 nm) was used to classify apples from two different 

cultivars, Golden Delicious and Red Delicious, based on their total soluble solids content 

(TSS). The evolution of the originally created classes was analysed during 7 months of 

storage by monitoring TSS and firmness (peak force and penetration energy), and the 

estimation ability of the VISNIR device was evaluated. The results indicate that the 

spectroscopic technique allows for an accurate estimation of chemical-physical 

parameters for non-destructive classification of apples in homogeneous lots. Regarding 

the estimation ability of the compact VIS-NIR spectrophotometer, the results show good 

prediction ability both for total soluble solids content and firmness indices. The use of 

the instrument for on-line selection and classification of fruits is therefore desirable. 

This can lead to better management of postharvest storage and the destination of lots, 

with a consequent reduction in fruit wastage. This approach is important to plan the 

opening sequence of storage rooms during the winter season, providing the market with 

the best available products all year round.  

Keywords: Apple VIS-NIR spectroscopy Postharvest Storage Classification  
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Introduction  

The technologies developed for the preservation of apples (low temperature, controlled 

humidity, and controlled atmosphere) allow long-term storage of fruits, fully 

maintaining their physical, chemical, and sensorial characteristics (Beni et al. 2001). 

External quality is considered of primary importance in the marketing and sale of fruits. 

The appearance, i.e., size, shape, colour, and presence of blemishes, influences 

consumer perceptions and therefore determines the level of acceptability prior to 

purchase. The consumer also associates desirable internal quality characteristics with a 

certain external appearance. This learned association of internal quality to external 

quality affects future purchases (Wills et al. 1998; Brosnan and Sun 2004). Disorders 

generally develop in more mature fruit; the main contributing factors are high or low air 

temperatures in the pre-harvest period, poor calcium nutrition, maturity status at 

harvest, and cropping level (Ferguson et al. 1999; Woolf and Ferguson 2000). Studies 

concerning the development of diseases during cold storage are numerous in the 

literature (Snowdon 2010; Johnston et al. 2002). Today, an important challenge in 

postharvest technology is non-destructive characterization of fruit in order to maximize 

the quality and reduce waste. The availability on the market of innovative technologies 

based on near-infrared (NIR) and visible and near-infrared (VIS-NIR) spectroscopies 

opened up new ways for fruit testing, which are not encumbered by any of the 

inconveniences of a traditional analysis (Peirs et al. 2001; Cen and He 2007). Novel non-

destructive and rapid tools are used both for predicting the optimum harvest time and 

for quick monitoring of fruit quality during the postharvest period. The use of 

spectroscopes for the evaluation of product quality is simple, fast, non-destructive, and 

therefore applicable to a great number of samples. Interesting applications have been 

found since the beginning of the 1990s (Frank and Todeschini 1994; Massart et al. 1997; 

Massart et al. 1998; Basilevsk 1994; Jackson 1991). The food sector has shown interest 

in NIR and VIS-NIR instruments, both mobile and on-line; devices based on diode array 

spectrophotometers and FT-NIR desk systems have been developed and successfully 

applied in this field (Guidetti et al. 2012). Apple has been widely involved in the 

experimentation of non-destructive testing methods, in order to determine a number 

of sensory and nutritional parameters. Over the past decade, VISNIR has been 

successfully used to measure a range of apple quality attributes such as soluble solids 

content (Quilitzsch and Hoberg 2003; Zude et al. 2006), titratable acidity (Peirs et al. 

2002), starch index (Menesatti et al. 2009), chlorophyll content (Zude-Sasse et al. 2002), 

and volatile compounds with the combined use of an electronic nose (Saevels et al. 

2004). The results achieved have encouraged the inclusion of other specific applications 

related to the prediction of fruit firmness (Mehinagic et al. 2003; McClure 2003; Nicolaï 

et al. 2007; Lu et al. 2000) and non-destructive analysis of nutraceutical properties 

(Beghi et al. 2012). For the correct management of lots, it is necessary to consider fruit 

heterogeneity before assessing their prolonged storage. Performing fruit classification 

during conferment can allow optimization of the cell opening sequence to reduce waste 
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caused by over-ripening during long-term storage. Disorders such as browning and loss 

of texture, in fact, make the fruit unmarketable, especially in the last phases of the 

conservation period, with a consequent economic loss for warehouses. Optimization in 

the management of storage cells can lead to a reduction in waste and provides the 

market with the best available product all year round. The aim of this work was to study 

the ability of a commercial VIS-NIR instrument to classify Golden Delicious and Red 

Delicious apples in homogeneous lots. Apple storage life analysis was carried out by 

splitting fruits into two classes based on total soluble solids content (a parameter 

traditionally used for the characterization of fruit). The evolution of created classes was 

analyzed during long-term storage by monitoring total soluble solids content (TSS) and 

firmness (peak force and penetration energy), and the estimation ability of the VIS-NIR 

device was evaluated. Storage centers will achieve the full potential of an already 

consolidated preservation technique, such as a modified atmosphere, by using this 

method. 

Materials and Methods 

 Sampling  

The research was carried out in 2010ς2011 in Ponte in Valtellina (Sondrio, northern 

Italy) on the two most representative local apple varieties: Golden Delicious and Red 

Delicious, which received a Protected Geographical Indication (PGI) in 2001. The apples 

were picked at the commercial maturity stage. Data collected in the vintage year 2009ς

2010 were used to obtain prediction models for TSS, penetration energy, and peak force 

evaluation (Giovanelli et al. 2011). Using the TSS models previously developed which are 

the ones with the best prediction ability, a total of 280 apples (140 for each variety) 

were divided in the two classes, both representative of the 2010ςнлмм ǾƛƴǘŀƎŜΥ άƭƻǿŜǊ 

¢{{έ ŀƴŘ άƘƛƎƘŜǊ ¢{{έΦ Lƴ ƻǊŘŜǊ ǘƻ ŘŜŦƛƴŜ ǘƘŜǎŜ ŎƭŀǎǎŜǎΣ ǘƘŜ ¢{{ ǾŀƭǳŜǎ ǘŀƪŜƴ ŀǎ ǘƘŜ 

threshold were obtained in a destructive way by calculating the average refractometric 

data collected specifically for this purpose from 40 Golden Delicious and 40 Red 

Delicious apples. The 280 classified fruits were stored for 7 months, from December 

2010 to June 2011, and their evolution during storage was followed. Conditions 

generally used at the warehouse were different for the two cultivars; in particular, the 

values of O2, CO2, relative humidity, and temperature were 1 %, 2.5ς3 %, 94ς99 %, and 

1ς1.5 °C for Golden Delicious and 1 %, 2 %, 89ς90 %, and 0.5ς1 °C for Red Delicious 

apples, respectively. For both varieties, storage conditions included the use of 

SmartFresh technology with 1- methylcyclopropene (Watkins 2006). For cold storage life 

monitoring, a portion of the classified apples belonging to the different classes was 

analyzed monthly. At each of the seven sampling dates, ten apples belonging to the 

higher TSS class and ten belonging to the lower TSS class for each cultivar were analyzed 

by the bench-top VISNIR system; then, the TSS and firmness were determined on the 

same samples by a refractometer and texture analyzer. The acquisitions were 
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performed on whole apples at two opposite points along the equator region, for a total 

of 560 spectra. Destructive determinations were subsequently carried out. Each half 

apple was analyzed separately, both by spectroscopic and destructive analysis, in order 

to limit the influence of the variability of different parts of the same fruit. The analytical 

and spectral data were processed to evaluate VIS-NIR device prediction capabilities to 

obtain classification models, to be Food Bioprocess Technol (2014) 7:2134ς2143 2135 

able to follow the evolution of apples during cold storage, and finally to build new 

regression models based on samples from 2010ς2011 for the prediction of physical and 

chemical parameters. Automatic Bench-Top VIS-NIR System An automatic bench-top 

VIS-NIR system (QS_200) produced by Unitec SpA (Lugo, Ravenna, Italy) that operates 

in the wavelength range of 600ς1200 nm was used for the spectral acquisition. Two 

acquisitions were carried out on each fruit, along the equator region on opposite sides; 

in the same areas, the destructive analyses were performed. The system consists of four 

elements: a lighting system, a fiber optic probe, a portable spectrophotometer, and a 

PC for data acquisition and instrument control. In this system, the samples were hit by 

radiation produced by the lighting system, and the reflected component was measured 

by the spectrophotometer. Light radiation was shone onto the fruit sample through a 

bidirectional fiber optic probe. The choice of this optical fiber was based on the need to 

acquire spectra in diffuse reflectance (Huang et al. 2008; Guidetti et al. 2008; McGlone 

et al. 2002). The measurements were acquired by dedicated software (Spectra software 

package, UNITEC SpA, Italy).  

Physical-Chemical Analysis 

TSS were measured using a portable digital refractometer (model DBX-55, Atago, Tokyo, 

Japan). The determination was made after spectrophotometer readings and the 

destructive determination of firmness. The two halves, previously analyzed and 

separated from the rest of the cored apple, were reduced into a puree. A few drops of 

the latter were placed on the refractometer sensor, previously calibrated with distilled 

water. The results are directly expressed in degrees Brix (°Brix). The firmness of fruits 

was determined using a TA.HD plus Texture Analyser dynamometer (TXT, Stable 

aƛŎǊƻ{ȅǎǘŜƳΣ ¦Yύ ǎǳǇǇƻǊǘŜŘ ōȅ ǘƘŜ ǎƻŦǘǿŀǊŜ ά9ȄǇƻƴŜƴǘέΦ ! ŦƻǊŎŜ-distance curve was 

acquired for each sample. Measurements were carried out on each whole apple at two 

opposite points along the equator region, corresponding to spectra acquisition. 

Firmness parameters obtained from the elaboration of the force-distance curve were 

the following:  

¶ peak force (N): the maximum force registered during penetration. This 

parameter is related to the entire fruit firmness (skin and flesh)  

¶ penetration energy (N mm): the work required to penetrate the apple pulp 

from 5 to 8 mm. This parameter is related to flesh firmness.  
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Figure 1 shows as an example a track for the analysis of firmness parameters.  

 

Figure 1: Force-distance curve obtained from the penetration test and 

 

Data Processing  

Spectral Data Analysis  

Chemometric analyses of 560 spectra collected in 2010ς2011 (deriving from 280 apples, 

140 apples for each cultivar, two measurements from each fruit) were performed using 

The Unscrambler software package (version 9.7, CAMO ASA, Oslo, Norway). Different 

treatments were applied to the VIS-NIR spectra, namely, scatter correction 

(multiplicative scatter correction (MSC) and standard normal variate (SNV)) and 

derivatives, before building the calibration models. The first and second derivatives 

were performed using Savitzky-Golay transformation and smoothing (smoothing 

window of 15 points and second-order filtering). The resolution of the instrument is 0.3 

nm; therefore, a smoothing (moving average) of 15 points correspond to a window of 

4.5 nm. Pretreatment parameters were defined, maximizing model accuracy.  

VIS-NIR Device Prediction Capabilities 

The robustness of the 2009ς2010 models was tested using spectral measurements on 

fruits of 2010ς2011 storage season (based on fruits grown under differing conditions) 

as independent validation set (Magwaza et al. 2012). The differences between the 

estimated data based on VIS-NIR measurements and the analytical data were calculated, 

and the limit of acceptability was defined. For TSS, the gap was fixed at 1 °Brix, assuming 

that a difference in taste is perceptible when apples differed by more than 1 °Brix 

(P=0.90) (Harker et al. 2002). This difference is equal to 10 % of the average TSS value. 
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Accordingly, for firmness parameters, a gap of 2 N mm for the penetration energy and 

1.5 N for the peak force were identified. 

Classification Models  

In order to classify the samples by storage time, the VIS-NIR spectra were elaborated by 

linear discriminant analysis (LDA) (Heberger et al. 2003) using the V-PARVUS package 

(Forina et al. 2008). The classification technique was carried out after applying the 

algorithm SELECT to the spectral data as a feature selection technique (Casale et al. 

2008). Two different spectral pretreatments were tested (MSC and SNV). Full cross-

validation (leave-one-out method) was used, so only one sample at a time was kept out 

of the calibration. Performance of the LDA classification was evaluated on the basis of 

predictive ability in the crossvalidation groups.  

Regression Models 2010ς2011 

Regression models for the prediction of physical and chemical parameters were 

performed to test the accuracy of VIS-NIR models of the 2010ς 2011 storage season 

(based on fruits grown under the same conditions) (Magwaza et al. 2012). The 560 VIS-

NIR spectra were correlated with reference indices using the partial least square (PLS) 

regression algorithm. The PLS method performs particularly well when the various X 

variables express common information, i.e., when there is a large amount of correlation, 

or even co-linearity, which is the case for spectral data of intact biological material 

(Nicolaï et al. 2007; Wold et al. 2001). The following statistical parameters were 

calculated to evaluate model accuracy: the coefficient of determination in calibration 

(R2 cal), the root mean standard error of calibration (RMSEC), the coefficient of 

determination in cross-validation (R2 cval), and the root mean standard error of cross-

validation (RMSECV) (Sinelli et al. 2008). Percent errors of RMSECV (RMSECV%) were 

also calculated as equal to RMSECV/ averaged reference values of each parameter. The 

optimum calibrations were selected based on minimizing the RMSECV. Physical-

Chemical Data Analysis In order to highlight statistically significant differences between 

the samples, one-way ANOVA and the multiple range test were performed using the 

Statgraphics plus 5.1 package (Graphics Software Systems, Rockville, MD, USA).  

Physical-Chemical Data Analysis 

In order to highlight statistically significant differences between the samples, one-way 

ANOVA and the multiple range test were performed using the Statgraphics plus 5.1 

package (Graphics Software Systems, Rockville, MD, USA). 

Results and Discussion  

Traditional Storage Life Analysis  
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Considering the 40 Golden Delicious apples used for threshold identification, the 

average refractometric value was 13 °Brix. Therefore, the Golden Delicious apples with 

ŀ ¢{{Ҕмо ϲ.ǊƛȄ ǿŜǊŜ ŎƭŀǎǎƛŦƛŜŘ ŀǎ άƘƛƎƘŜǊ ¢{{έΣ ǿƘƛƭŜ ǘƘŜ ŀǇǇƭŜǎ ǿƛǘƘ ŀ ¢{{ғмо ϲ.ǊƛȄ ǿŜǊŜ 

ŎƭŀǎǎƛŦƛŜŘ ŀǎ άƭƻǿŜǊ ¢{{έΦ {ƛƳƛƭŀǊƭȅΣ ǘƘŜ ŀverage refractometric data for the 40 Red 

5ŜƭƛŎƛƻǳǎ ǿŀǎ мн ϲ.ǊƛȄΥ άƘƛƎƘŜǊ ¢{{έ ŦƻǊ ¢{{Ҕмн ϲ.ǊƛȄ ŀƴŘ άƭƻǿŜǊ ¢{{έ ŦƻǊ ¢{{ғмн ϲ.ǊƛȄΦ ! 

total of 70 apples from each cultivar, picked in the vintage year 2010ς2011, were 

ŎƭŀǎǎƛŦƛŜŘ ŀǎ άƭƻǿŜǊ ¢{{έ ŀƴŘ тл ŀǎ άƘƛƎƘŜǊ ¢{{έΦ wŜƎŀǊŘƛƴƎ ǘƘŜ ŜǾƻƭǳǘƛƻƴ ƻŦ ǉǳŀƭƛǘȅ 

indices analyzed during storage, the results showed significant changes in the TSS and 

firmness parameters at some sampling times. 

Table 1: Analytical parameters (mean value±standard deviation, n=10) of Golden Delicious 
apples during storage 

 

Table 2: Analytical parameters (mean value±standard deviation, n=10) of Red Delicious apples 
during storage 

 

 Tables 1 and 2 report the average values of the quality parameters for Golden Delicious 

and Red Delicious apples, respectively, for both ripening classes during the 7 months of 

storage. The data show that during storage in a controlled atmosphere coupled with the 

use of 1-MCP (Fan et al. 1999), no significant evolution of TSS occurred during the 

storage period, despite some significant differences in this parameter on some sampling 
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dates. The TSS ranged between 12 and 15 °Brix, and a clear difference between the two 

ripening classes was maintained all along the storage period (the higher TSS class of 

apples showed a TSS of about 2 °Brix higher than the other class) (Fig. 2). During the last 

sampling dates, non-marketable samples (due to disorders) were eliminated. The 

number of rejected apples was higher for the higher TSS class compared to the lower 

TSS class (both for Golden and Red samples). This behavior reconfirms the need for a 

classification tool only to optimize the management of storage and to reduce fruit 

wastage. Regarding firmness indices, in response to time progression, the fruits of both 

classes showed a decrease in firmness indices, especially in the penetration energy. A 

wider variability for firmness parameters was observed as a result of a significant change 

in apple texture during storage time (p<0.001). However, there were no differences 

between the two classes, with clearly overlapping patterns, particularly for the cultivar 

Golden Delicious (Fig. 2). 

 

Figure 2: Evolution of TSS and penetration energy during the apple storage life belonging to the 
ǘǿƻ ŎƭŀǎǎŜǎ ƻŦ ǊƛǇŜƴŜǎǎ άƘƛƎƘŜǊ ¢{{έ ŀƴŘ άƭƻǿŜǊ ¢{{έΦ 

VIS-NIR Analysis  

Figure 3a shows a particular of the probe of the VIS-NIR bench-top instrument, while 

Fig. 3b represented the spectra of some samples in the range of 600ς1200 nm. The 

absorption peak at 675 nm (absorption peak of chlorophyll in the visible region) and the 

peak at about 970 nm (absorption peak relative to the second overtone of the water Oς

H bond in the near infrared region) can be clearly seen. The variation in the relative 

absorption, in particular at the chlorophyll peak, is very important because it is directly 
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related to the degree of ripeness and firmness in fruits (Zude et al. 2006; Merzlyak et al. 

2003); the in-depth peak at 970 nm is characteristic of the VISNIR measurements on 

food very rich in water, like apples (Nicolaï et al. 2007). 

 

Figure 3: a Detail of the probe of the automatic bench-top VIS-NIR system and b example of 
spectra in the 600ς1200 nm range (different colors correspond to different TSS values) 

 VIS-NIR Device Prediction Capabilities 

Table 3: Percentage of acceptable and not acceptable prediction of unknown samples for the 
analyzed parameters 

 

 The results highlight the good percentage of acceptable classification for TSS prediction 

(Table 3). In particular, very good results were obtained for Golden Delicious, with 83 % 

of samples correctly classified. Regarding firmness parameters, better results were 

achieved for Golden Delicious compared with Red Delicious apples, especially for 

penetration energy. The application of NIR spectroscopy for the analysis of firmness 

parameters often encounters considerable difficulties, highlighted by some published 

studies (Nicolaï et al. 2008). Our data also show that it is difficult to obtain high 

percentages of correct classifications in both cultivars for these parameters. TSS and 

firmness parameter prediction on Golden Delicious is better than those on Red 

Delicious. This is due to the higher variability of the data of Golden Delicious variety, 

which allowed the development of more robust models. Moreover, the spectral data 

are influenced by skin color. In Golden Delicious, the skin color evolution is more 

pronounced and strictly correlated to internal quality. In contrast with the Golden 

apples, in which the color of the skin changes with the maturation, for the red, this does 
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not happen. Therefore, the red color of the Red Delicious skin does not change, and this 

does not reflect the modifications of the internal quality parameters of the apple. This 

limits the differences in VISNIR spectra at different maturation stages for this variety.  

Quantitative VIS-NIR Analysis  

At the end of the storage period 2010ς2011, all the available data (VIS-NIR spectra and 

reference destructive analysis) were used for the elaboration of PLS models, based on a 

large number of samples from the same storage season. Figure 4 shows, as an example, 

the regression lines of PLS models for penetration energy in Golden Delicious and for 

TSS in Red Delicious. Descriptive statistics and the statistics of the PLS models for TSS 

and firmness indices (penetration energy and peak force) are shown in Table 4 for 

Golden Delicious and Red Delicious. Models with good accuracy were obtained in both 

analyzed cultivars. TSS estimation gave high R2 values with a low standard error 

(RMSECV=0.3 and 0.4 °Brix for Golden Delicious and Red Delicious, respectively), 

indicating a high level of prediction performance. In the literature, the results obtained 

with various fruits have shown RMSECV values of about 0.6ς1 °Brix (Nicolaï et al. 2007; 

Bobelyn et al. 2010; Jha and Ruchi 2010; Liu and Ying 2004). These results are also similar 

to those published for similar non-destructive applications on other fruits such as 

apricot (Camps and Christen 2009) and watermelon (Tian et al. 2007). Regression 

models were obtained with fairly good correlation coefficients and low errors in the 

cross-validation both regarding the penetration energy (R2 cval=0.81 and 0.77 for 

Golden Delicious and Red Delicious, respectively) and peak force (R2 cval=0.83 and 0.69 

for Golden Delicious and Red Delicious, respectively). Generally, the results obtained for 

the Golden variety were better than those for the Red variety, both in calibration and in 

crossvalidation (Bobelyn et al. 2010). Recent studies concerning the application of NIR 

spectroscopy in the range of 700ς1100 nm for the evaluation of Fuji apple firmness 

report prediction models with r values of 0.93 and percentage error of cross validation 

(%SECV) of about 8 % (Qing et al. 2007); conversely, application of VIS-NIR (380ς1690 

nm) spectroscopy for firmness prediction of several apple cultivars gave low correlation 

coefficients (R2 <0.70), especially concerning Golden Delicious apples (R2 =0.41). The 

estimation of the texture parameters proved to be worse due to the inherent variability 

of the data, as confirmed in the literature (Paz et al. 2009; Zude et al. 2006). 
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Figure 4: Example of PLS models for Golden Delicious penetration energy and Red Delicious TSS 

Table 4: Descriptive statistics and statistics of the PLS models elaborated on Golden Delicious and 
Red Delicious apples 

 

Qualitative VIS-NIR Analysis  

Classification techniques (Linear Discriminant Analysis (LDA)) were also applied to the 

spectral data in order to discriminate apples on the basis of storage time (each class 

corresponds approximately to the months of storage, from time zero to 6 months). For 

the classification, the classes were defined in accordance to the days of storage: class 1 

is composed of apples at time 0; classes 2, 3, 4, 5, 6, and 7 are composed of the samples 

stored for 49, 76, 103, 138, 168, and 189 days, respectively. Table 5 shows the results 

obtained by LDA classification for Golden Delicious and Red Delicious apples. VIS-NIR 

spectroscopy gave good classification performances on both apple varieties for both 

applied pretreatment techniques (SNV and MSC), with average correct classification 

percentages close to 100 %. This result appears to be very valuable, even when 

compared with other published works. Kavdir and Guyer (2008) evaluated different 

pattern recognition techniques for apple sorting, obtaining classification result of 90 % 

applying LDA. On other products, Craig et al. in 2012 achieved an LDA classification result 

of 95 % for normalized spectra in prediction, and Uddin et al. (2005) achieved a 

classification result of 81 %. Conclusions A compact bench-top spectrophotometer, 
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operating in the range 600ς1200 nm, was tested at a refrigerated warehouse for 

monitoring and optimizing the management of stored apples. The results indicate that 

the system allows an accurate estimation of chemo-physical parameters (TSS, 

penetration energy, and peak force). Particularly, the results show excellent prediction 

ability for TSS, while acceptable performance in the estimation of firmness parameters 

was obtained. The study of quality characteristics during storage demonstrated that the 

differences between the two ripening classes, initially selected in a non-destructive way, 

were maintained during storage in a controlled atmosphere. The instrument proved to 

be suitable not only for the evaluation of apple quality parameters but also for fruit 

classification according to the storage time. It can therefore be used as a non-destructive 

method for apple classification in homogeneous lots with the purpose of a better 

management of the destination of lots during the months of storage in order to avoid 

fruit wastage. All these advantages are combined with the well-known ones regarding 

the use of this optical technology (saving time and analysis of a large number of 

samples). The use of such tools makes it possible for operators to quickly monitor 

important characterization parameters attained by the fruit at harvest and during all 

subsequent storage stages, allowing management optimization and planning of cell 

opening sequence according to fruit characteristics.  

Table 5: Results obtained using the LDA technique Cal calibration, Cv cross-validation 
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Abstract 

 The aim of this work was to identify the three most significant wavelengths able to 

discriminate in the field those grapes ready to be harvested using a simplified, handheld, 

and low-cost optical device. Nondestructive analyses were carried out on a total of 68 

samples and 1,360 spectral measurements were made using a portable commercial 

vis/near-infrared spectrophotometer. Chemometric analyses were performed to extract 

the maximum useful information from spectral data and to select the most significant 

wavelengths. Correlations between the spectral data matrix and technological (total 

soluble solids) and phenolic (polyphenols) parameters were carried out using partial 

least square (PLS) regression. Standardized regression coefficients of the PLS model 

were used to select the relevant variables, representing the most useful information of 

the full spectral region. To support the variable selection, a qualitative evaluation of the 

average spectra and loading plot, derived from principal component analysis, was 

considered. The three selected wavelengths were 670 nm, corresponding to the 

chlorophyll absorption peak, 730 nm, equal to the maximum reflectance peak, and 780 

nm, representing the third overtone of OH bond stretching. Principal component 

analysis and multiple linear regression were applied on the three selected wavelengths 

in order to verify their effectiveness. Simple equations for total soluble solids and 

polyphenols prediction were calculated. The results demonstrated the feasibility of a 

simplified handheld device for ripeness assessment in the field.  

Keywords: grape, ripeness, vis/NIR spectroscopy, wavelength selection, handheld 

device, chemometrics 
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Introduction  

Near-infrared (NIR) spectroscopy has gained wide acceptance in different fields, 

particularly in postharvest fruit and vegetable production (Wang and Paliwal 2007). The 

main advantage of NIR technology is its ability to record spectra nondestructively both 

for solid (using mainly diffuse reflectance acquisition technique) and liquid (using mainly 

transmittance mode) samples without any pretreatment, allowing for the rapid analysis 

of products. Cost savings are often achieved for NIR measurements in terms of improved 

control and product quality and the technique can provide results faster than traditional 

laboratory analysis. NIR technology has resulted in a number of publications, including 

a synthesis of the status of NIR in the agrifood industry (Wang and Paliwal 2007) and a 

comprehensive overview of NIR spectroscopy for measuring the quality attributes of 

fruit and vegetables (Nicolai et al. 2007). There have been several NIR applications to 

estimate the ripeness parameters of different fruit species, especially grapes 

(Bellincontro et al. 2009, Cozzolino et al. 2006). In recent years, interest has shifted 

toward the development of portable vis/NIR systems for use in the field and these 

systems been tested in controlled laboratory conditions and directly in the field. 

Laboratory applications included the feasibility of using vis/NIR spectroscopic devices in 

transmission mode to predict the soluble solids content (SSC) and total acidity of fresh-

cut KaoNumpung pomelos (Puangsombut et al. 2012), the ability of a portable single-

channel vis/ NIR spectrometer to determine the SSC and total acidity of two thick-peel 

mandarin cultivars (Antonucci et al. 2011), and the use of portable NIR to evaluate 

apricot quality during postharvest (Camps and Christen 2009). Applications in 

uncontrolled field conditions have included an optical technique to estimate the 

ripeness of red-pigmented fruits (Bodria et al. 2004), a portable NIR instrument (640ς

1300 nm) for determining ripeness in winegrapes (Larrain et al. (2008), a vis/ NIR device 

in reflectance configuration to predict blueberry ripeness (Guidetti et al. 2008), and 

portable vis/NIR systems to evaluate grape quality parameters (Guidetti et al. 2010) and 

to assess the nutraceutical properties of apples (Beghi et al. 2003). All these approaches 

rely on wide spectral ranges (thousands of wavelengths) and thus require multivariate 

techniques for data processing to build calibration and prediction models (Cen and He 

2007, Williams and Norris 2001). Complex mathematical techniques (chemometrics) are 

required to explain chemical information encoded in spectral data (Cogdill and 

Anderson 2005). The most commonly used chemometric techniques are spectral 

preprocessing, to remove any irrelevant information; principal component analysis 

(PCA), to perform qualitative data analysis; and partial least squares (PLS) regression, to 

obtain a quantitative prediction of relevant parameters (Wold et al. 2001, Naes et al. 

2002, Nicolai et al. 2007, Cen and He 2007). Chemometrics can be used to select a few 

relevant variables that represent the most useful information of the full spectral region 

(Xiaobo et al. 2010). This selection eliminates variables containing mostly redundant 

information and spectral noise and reduces the cost of the potential miniaturized 

devices built only with the selected wavelengths. Generally, the selection of these 
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optimal wavelengths reduces the size of the required measurement data while 

preserving the most important information contained in the data (Sun 2010). Three 

effective wavelength selection methods combined with vis/ NIR spectroscopy have been 

proposed to determine the SSC of beer, including a successive projections algorithm 

(SPA), regression coefficient analysis (RCA), and independent component analysis (ICA) 

(Liu et al. 2009). The maximum number of selected wavelengths, by SPA, ranged from 4 

to 21 depending on different pretreatments; 10 essential wavelengths were obtained 

by both RCA and by ICA. There are several simplified nondestructive commercial devices 

based on a few wavelengths available on the market, including an innovative and 

simplified NIR system (DAMeter for apples and Kiwi-Meter for kiwifruits) patented by 

the University of Bologna (Costa et al. 2011). These devices determine the stage of fruit 

maturity through indices based on absorbance differences between specific 

wavelengths. These indices are correlated with the main traditional parameters as well 

as with changes in flesh color. The limited adoption of NIR technology by the enology 

and viticulture sectors could be attributed to cost, technical limitations, grower 

resistance, and supply-chain weakness (Magwaza et al. 2012). Thus, the development 

of simplified handheld devices may encourage adoption. Based on these considerations, 

the aim of this research was to identify the most significant wavelengths able to 

discriminate grapes ready to be harvested during the final ripening stages. The specific 

objectives were (1) to obtain essential wavelength variables based on the PLS-RCA 

variable selection method; (2) to choose the three most informative wavelengths in a 

view of a simplified and handheld device; (3) to compare the prediction performance of 

the calibration models established by PLS on the full vis/NIR spectra and multiple linear 

regression using the selected wavelengths; and (4) to define simple equations for the 

estimation of grape ripeness. The possible final application would be a low-cost and 

user-friendly device that supports small-scale growers in determining optimal harvest 

date according to ripening degree. 

Materials and Methods 

 Sampling 

The experimental plan monitored the grape ripening process just before harvest in the 

Valtellina viticultural area (Sondrio, northern Italy) using Vitis vinifera cv. Nebbiolo 

(ecotype Chiavennasca), one of the most important red varieties in Italy. Samples were 

drawn from 17 different zones, throughout the entire viticultural area of the valley, in 

order to represent environmental variability and monitor the entire production region 

of DOC (controlled denomination of origin) and DOCG (controlled and guaranteed 

denomination of origin) wines. A total of 68 samples of grape clusters were collected on 

four sampling dates (7, 16, and 29 Sept and 12 Oct 2011). For each date, nondestructive 

analyses were carried out on each sample using a portable commercial vis/ NIR 

spectrophotometer; destructive chemical analyses were then performed. For each of 
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the 68 samples, the spectral acquisitions of 10 individual berries were carried out, and 

for each berry two acquisitions were performed in the equatorial region, for a total of 

1,360 spectral measurements. Finally, an average spectrum (20 acquisitions) for each 

sample was calculated and used, coupled with reference chemical data, for the 

chemometric analysis.  

Portable vis/NIR device 

Spectral acquisitions were performed on berries directly in the field using a vis/NIR 

spectrophotometer (Jaz, Ocean Optics, Dunedin, FL), an optical portable system 

operating in the wavelength range of 400 to 1000 nm. The Jaz equipment consists of 

five components: (1) vis/NIR lighting system (halogen lamp), (2) fiber-optic probe for 

reflection measurement, (3) spectrophotometer, (4) hardware for data acquisition and 

instrument control, and (5) battery power supply. Spectra were acquired in reflectance 

mode: light radiation was guided from the light source to the sample through a Y-

shaped, bidirectional fiber-optic probe. The Y-shaped fiber guided light from the 

halogen lamp to illuminate the sample while simultaneously collecting the radiation 

from the berry and guiding it back to the spectrophotometer. The tip of the optical 

probe was equipped with a soft plastic cap to ensure contact with the skin of the sample 

during measurements, while minimizing environmental light interference. The 

integrated spectrophotometer was equipped with diffractive grating for spectral 

measurements optimized in the range of 400 to 1000 nm and a charge-coupled device 

sensor with a 2048 pixel matrix, corresponding to a nominal resolution of 0.3 nm. 

Spectral measurements were taken in the field on individual berries after artificial 

illumination with the probe tip. In order to reduce the possible influence of 

environmental conditions, especially related to diurnal changes in sunlight, spectral 

acquisitions were consistently taken a few hours in the morning with the help of the 

plastic cap, ensuring contact between the probe tip and the measured berry. Specific 

tests conducted at different times of the day confirmed the repeatability of 

measurements with artificial lighting and the berry/ probe contact configuration, which 

were evidently sufficient to cancel out the possible influence of ambient illumination on 

samples. Air temperature changes during acquisition were limited to a range from 15 to 

25°C. The field data set of spectra were assumed to randomly embed possible 

environment influencing factors.  

Chemical analyses 

 Total soluble solids (TSS) content was measured using a digital pocket refractometer 

(model DBX-55; ATAGO, Tokyo, Japan) and grape titratable acidity (TA; g tartaric acid 

dm-3) was measured using an automatic titrator (TitroMatic KF 1S, Crison Instruments, 

Milan, Italy). Grape phenolic content was estimated according to the Glories method 

(Glories 1984), in which potential anthocyanins (PA) and extractable anthocyanins (EA), 
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extracted at pH 1 and pH 3.2, respectively (mg anthocyanins dm-3), and total 

polyphenols (TP) were evaluated. Phenolic compound quantification was based on 

optical density (OD) measurement at 520 nm and 280 nm for anthocyanins and 

polyphenols, respectively, using a UV/vis spectrophotometer (model 7800; Jasco, Tokyo, 

Japan).  

Data processing - Spectral data 

 Chemometric analyses were performed using The Unscrambler (ver. 9.6; CAMO 

Software, Oslo, Norway) to extract the maximum usable information from the spectral 

data and to select the most significant wavelengths that could be used in a simplified 

device. Collected spectra were preprocessed using smoothing (moving average, 15-nm-

wide window) and reducing techniques. Principal component analysis (PCA) was 

performed to explore the possible clustering of sample spectra from the same sampling 

date. PCA identifies the natural clusters in the data set, with the first principal 

component (PC) expressing the largest amount of variation, followed by the second PC 

which conveys the second most important factor of the remaining analysis, and so forth 

(Di et al. 2009). Loading plots obtained with PCA were subsequently analyzed to confirm 

the variable selection performed using regression coefficient analysis (RCA), deriving 

from partial least square (PLS) analysis (Chong and Jun 2005). The correlation between 

the spectral data matrix and technological (TSS) and phenolic (total polyphenols; TP) 

parameters were carried out using a PLS regression algorithm, the most widely used 

regression technique that relates two data matrixes, X and Y, by a linear multivariate 

model. In this procedure, full cross-validation was used to develop a PLS regression 

model. To evaluate model accuracy, the statistical parameters used were the coefficient 

of determination in calibration (R2 cal), the coefficient of determination in 

crossvalidation (R2 cv), the root mean square error of calibration (RMSEC), and the root 

mean square error of cross-validation (RMSECV). The best calibrations were selected 

based on minimizing the RMSECV. Percent errors in cross-validation (RMSECV%) were 

also calculated as: RMSECV (%) = RMSECV/averaged reference values of each parameter 

(Nicolai et al. 2007, Naes et al. 2002). Moreover, the ratio performance deviation (RPD) 

value was calculated, which is defined as the ratio between the standard deviation of 

the response variable and RMSECV (Williams 2001, Fearn 2002). RPD values 2.0, 

quantitative predictions are possible.  

Data processing - Wavelength selection  

RCA was carried out for relevant variable selection, representing the most useful 

information of the full vis/NIR spectral region (Xiaobo et al. 2010, Chong and Jun 2005). 

Standardized regression coefficients of the PLS model were used for the elaboration. 

The standardization took into account both the standard deviation of reflectance, for 

each wavelength considered, and the standard deviation of the reference data (TSS and 
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TP) (Frank and Todeschini 1994). Regression coefficients obtained by the PLS model 

were used to calculate the Y variable response value (TSS and TP in grape) from the X 

variables (grape spectra). The size of the numerical coefficients gave an indication of the 

impact of different variables on the response (Y). The final aim was to find which 

variables were important for predicting the Y variable. High absolute values indicate the 

importance and the significance of the effect on the prediction of Y variable preference. 

Hence, RCA could be used for essential wavelength selection. Peaks and valleys 

represented the extreme of the regression coefficient plot, and the three higher peaks 

(absolute values) were chosen. Finally, qualitative evaluation of the average spectra and 

loading plot derived from PCA were considered to confirm the effectiveness of RCA 

variable selection. Spectral reflection intensity measured at selected wavelength ranges 

were finally used to predict quality parameters (TSS and TP) for the determination of 

different grape ripening stages. Therefore, the three wavelengths were used as the 

input data matrix of PCA and for the elaboration of multiple linear regression (MLR) 

models (Wu et al. 2010, Fernández-Novales et al. 2009, Li et al. 2007). Compared to PLS, 

MLR allows for the development of models using only few important variables to predict 

the outcome of a response. MLR is also well-suited when the number of variables is less 

than the number of samples and is not affected by collinearity (Næs and Mevik 2001). 

Verification of the prediction ability of the MLR models was performed to study the 

efficiency of the selected wavelengths. 

Results 

Table 1: Descriptive statistics of V. vinifera cv. Nebbiolo ripening parameters, including standard 
deviation (SD) and standard error (SE). 

 

Table 2: Statistics of the PLS models to predict maturity indices and nutraceutical properties of V. 
vinifera cv. Nebbiolo berries 

 

Descriptive statistics for berry technological indices (TSS and titratable acidity) and for 

nutraceutical parameters (potential anthocyanins, extractable anthocyanins, and total 

polyphenols) were determined and average data are shown, based on all four sampling 
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dates (Table 1). Statistics related to the PLS models obtained by vis/NIR spectroscopy 

for berry qualitative parameters are shown (Table 2). The model developed for TSS 

presented a good determination coefficient and a low RMSEC value of 0.78. In 

validation, R2 cv was lower (0.77); RMSECV% was 3.8%. The titratable acidity data had 

a high coefficient of determination in calibration and a fair RMSECV value (Table 2). In 

validation, the determination coefficient was slightly lower and RMSECV was slightly 

higher. The elaboration of a model for PA and EA displayed, in validation, low values of 

the determination coefficients and RMSECV% values of 19.1% and 17.4%, respectively. 

Ratio performance deviation (RPD) values for technological parameters (TSS and TA) 

were >2.0 and for PA and EA phenolic indices were ~1.5. The RPD for total polyphenols 

(TP) was 1.98. The best correlations were found for TSS and TP. Therefore, the relevant 

wavelengths describing the features of the spectra for the determination of TSS and TP 

were selected. RCA was performed, starting from the PLS models for TSS and TP. In 

particular, the standardized regression coefficients of the PLS model were used to select 

the relevant variables. The standardization took into account both the standard 

deviation of reflectance, for each wavelength of the vis/NIR spectra, and the standard 

deviation of the reference data (TSS and TP). Plots of the standardized regression 

coefficients, for TSS and TP, versus vis/NIR wavelengths (400ς1000 nm) are shown 

(Figure 1). The trend and shape of the regression coefficient plots were similar for TSS 

and TP. The three most relevant wavelengths were selected by choosing the higher 

absolute regression values (Liu et al. 2008, Cen et al. 2006): 670, 730, and 780 nm. The 

performance of RCA was confirmed using a loading plot derived from PCA and the visual 

inspection of average spectral curves (Sun 2010). With close observation, the PCA 

loading plot (Figure 2) indicated some positive and negative peaks at certain 

wavelengths. Corresponding to the three wavelengths (670, 730, and 780 nm) sorted by 

RCA, the loading plot showed (1) maximum differences between the PCs (high positive 

value for PC1 and high negative value for PC2) at 670 nm, (2) the maximum PC1 peak 

explaining 97% of the total variance at 730 nm; and (3) the maximum positive value of 

the PC2 couplet with a fairly high positive value for PC1 at 780 nm. The average 

measured spectra of the four sampling dates are shown (Figure 3). The study of spectral 

evolution over time highlighted which wavelengths were more sensitive to grape 

variability during ripening: 670 nm, corresponding to the chlorophyll absorption peak 

(McGlone et al. 2002); 730 nm, equal to the maximum reflectance peak; and 780 nm, 

representing the third overtone of OH bond stretching (Clement et al. 2008, Bertrand 

2000). Spectral reflection intensity measured at selected wavelengths was finally used 

to predict the quality parameters (TSS and TP) for the determination of different berry 

ripening stages. Therefore, the three essential wavelengths were used as the input data 

matrix of PCA and for the elaboration of simple MLR models. Verification of the 

prediction ability of the MLR models was done to study the efficiency of the selected 

wavelengths. The PCA derived from the initial full vis/NIR spectra (Figure 4) and the PCA 

derived from only the three selected variables (Figure 5) were compared. For the PCA 
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score plot of the full spectra, the ripening process was well fitted by PCA: spectral data 

corresponding to different sampling dates were sorted from negative PC1 and positive 

PC2 values to positive PC1 and negative PC2 values. The same behavior was displayed 

in the PCA score plot of the PCA arising from the effective wavelengths. In both cases, 

PC1 accounted for separating berries in terms of ripening stages. According to the 

variable selection methods stated above, the selected wavelengths were used as the 

inputs for MLR model elaboration for TSS and TP (Table 3). The selection based on an 

analysis of the main changes the optical spectra of the berries measured during ripening 

led to the equation, 

 Y = b1*I670 + b2*I730 + b3*I780 + b0                           Eq. 1  

where the parameters b1, b2, b3, and b0 are computed from a multilinear fit of known 

pair values (spectral intensities measured at the three wavelengths, I670, I730, and I780 

nm, and corresponding chemical data) for the berries using MLR analysis. Equations of 

MLR models for TSS and TP are reported as: 

ModelTSS                 YTSS = 13.15*I670 ς 38.55*I730 + 37.81*I780 + 15.69                       Eq. 2  

ModelTP                  YTP = 60.75*I670 ς 254.93*I730 + 382.73*I780 ς 162.20                 Eq. 3 

 

Figure 1: Standardized regression coefficients for total soluble solid 
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Figure 2: Loading plot of the first three principal components (PC) 

 

Figure 3: Average raw spectra of 1,360 berries grouped in four sampling dates corresponding to 
the final stages of ripening. 

Discussion  

Similar results for PLS models were obtained using a portable vis/NIR system (450ς980 

nm) showing for fresh Nebbiolo berries (same conditions as this study) R2 cv = 0.72 and 

RMSECV = 0.79 Brix for TSS, R2 cv = 0.66 and RMSECV = 1.48 g TA dm-3 for titratable 

acidity, and Rcv2 = 0.50 and 0.46 for the phenolic parameters PA and EA, respectively 

(Guidetti et al. 2010). Similar results were also found using a portable NIR device (640ς

1300 nm) on winegrapes (RMSECV from 1.01 to 1.27 Brix) under field conditions (Larrain 

et al. 2008). Portable vis/NIR devices were also tested for the prediction of ripening 

indices (TSS and TP) of fresh blueberries (Guidetti et al. 2008), of two apple varieties just 

before fruit harvest (Beghi et al. 2012), and of fresh apricot under laboratory conditions 

(Camps and Christen 2009), with similar results to our findings reported here. These 

results show the possible application of vis/NIR technology for the estimation of many 

ripening parameters (Nicolai et al. 2007). The application of portable devices under field 
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conditions is certainly more complex than laboratory experimentation, given the 

uncontrolled environmental conditions such as ambient light and fluctuating 

temperatures, as highlighted in several studies (Nicolai et al. 2007, Wang and Paliwal 

2007). The explorative PCA conducted on the full vis/NIR spectra resulted in three most 

significant PCs explaining 100% of the total data variance (PC1, 97%; PC2, 2%; and PC3, 

1%). The PCA score plot (Figure 4) shows the evolution of sample ripening as a function 

of sampling date on PC1. PC loadings (Figure 2) were analyzed in a search for the main 

wavelength bands contributing to PCs as candidate discriminators for the final stages of 

the ripening process. As expected, the spectra exhibit significant differences according 

to sampling date, corresponding to the final stages of ripening. Changes in the spectra 

obviously reflect modifications in quality parameters during ripening. The observed 

changes in the visible region spectra between 500 and 700 nm are due to changes in the 

amount of pigment, especially linked to anthocyanin accumulation, during ripening. This 

leads to a decrease in reflectance in the visible band associated with the anthocyanin 

absorption peak centered around 540 nm (Tamura and Yamagami 1994). For TSS and TP 

prediction, the statistics of the MLR models were equal to R2 cv = 0.71 and 0.70, RMSECV 

= 0.83 Brix and 4.3 OD280, respectively. A similar selection approach was tested on 

transmittance spectra (325ς1075 nm) for the investigation of TSS and pH of grape juice 

beverages, and RMSECV values, in validation, were 0.360 and 0.054, respectively (Wu et 

al. 2010). These results are better than our findings, but the experimental settings under 

controlled laboratory conditions and the homogeneous matrix of the juice helped 

provide these excellent outcomes. Good results were also obtained on tea-based soft 

drinks (Li et al. 2007) and on beer (Liu et al. 2009), using analogous variable selection 

and validation approaches. The RCA method has been also applied to select the most 

important wavelengths to determine the TSS and pH of rice vinegars (Liu et al. 2008) 

and of orange juice (Cen et al. 2006). A comparison of the PLS derived from the full 

vis/NIR spectra and the MLR arising only from the three wavelengths was carried out for 

TSS and TP. The overall calibration and prediction results of the MLR models were 

satisfactory, although the performance of the MLR models was slightly less accurate 

than the PLS models. The obtained RMSECV values were similar for PLS (0.81 Brix, 3.9 

OD280) and MLR (0.71 Brix, 4.3 OD280) models. Similarly, the RPD value for TSS 

decreased from 2.26 for PLS to 2.13 for MLR and the value for TP decreased from 1.98 

for PLS to 1.76 for MLR. PLS and MLR models for both the quality parameters showed 

very low bias values and almost the same slope (~0.8). Thus, only a small loss of 

information was noticeable between the PLS model calculated using 2048 wavelengths 

and the MLR model using three effective variables. Moreover, the samples were 

distributed closely to the regression line, indicating excellent spectral analysis 

performance of the PLSςRCAςMLR method. In the similar selection approach on 

transmittance spectra for the investigation of TSS and pH of grape juice beverages (Wu 

et al. 2010), the authors obtained optimal determination coefficients. PLS models 

derived from the full spectra (325ς 1075 nm) achieved, for TSS and pH, R2 values in 
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validation ranging from 0.89 to 0.97 and from 0.91 to 0.96, respectively. MLR analysis 

was applied to verify the results of wavelength selection. For TSS, the authors obtained 

very good results compared with the PLS models with R2 cv = 0.97 and 0.98 for five and 

nine variables selected, respectively. For pH, they achieved analogous results with 

determination coefficients equal to 0.96 and 0.97, respectively. In a study on reducing 

sugar content in red grape must, there was a slight difference between the PLS model 

calculated using the full spectra (800ς1050 nm) and the MLR model based on four 

sensitive wavelengths (RMSEPPLS = 12.20 g dm-3, RMSEPMLR = 20.51 g dm-3) 

(Fernández-Novales et al. 2009). Once the prediction capabilities using simple MLR 

equations were evaluated, the designed principle of a compactsized, low-cost, and easy-

to-use device was studied in this work. A possible functional scheme of this device can 

be envisioned using LED (light-emitting diodes) technology for sample illumination at 

the specified wavelengths (670, 730, and 780 nm) and filtered photodiodes for the read-

out signal. From the intensity signals sensed at the three wavebands, a microcontroller 

can compute the TSS predicted value by equation 2 and the TP value by equation 3 and 

display it to the user. Such a system would support the grapegrower in rapidly 

estimating the ripening grape parameters and making a decision on harvest time. 

Table 3: Statistics of the MLR models based on the three selected wavelengths (670, 730, 780 nm) 
to predict the ripening parameters 

 

 

Figure4: Principal component analysis deriving from the initial full vis/ NIR spectra. 


