UNIVERSITA DEGLI BTDI MILANO

Facolta di Scienze Agrarie e Alimentari
BALI NGAYSYy(d2 RA {OASYyITl S LISNJ ItA ! {3

Scuola di Dottorato in
Innovazione Tecnologica per le Scienze Agnmentari e Ambientali
Ciclo XXVIII

SPETROSCOPY, IMAGE ANALYSIS AND
HYPERSPECTRAL IMAGING
FOR FOOD SAFETY AND QUALITY:
A CHEMOMETRIC APPROACH

Settore disciplinare: AGR 15

Tutor. Professor Ernestina CASIRAGHI
Cotutor: Professor Riccardo GUIDETTI
PhD coordinatorProf. Roberto PRETOLANI
PhD thesis of:
Cristina MALEGORIR10153

Anno Accademico 20142015






A Giorgia e Roberto






INDEX:

a. ABSTRAGTX X X X X X X X X X X X XIOXKXROXK X X X XXX X7
b. RIASSUNTOX XHXXXXXX XX XXX XXX XXXXXXXXXROXXXXXX
C. PREFAGEXXXXXXXXXXXXX. XXXXXXXXXXXXXXXXXXXX...X.11

1. SPECTROSCGRXXXXXXXXXXXXXXXXXXXXXXXXXX XXX XXXX.13
1.1. Testing of a VislIRsystem for the monitoring of lonrgerm apple
StoragexX X X XXX XXX XXX XXX XXX XX XXX . XXXXXXXXXXXXXXX15
1.2. Wavelength selection with a view to a simplified handheld optical
system to estimate grape ripenesSeXXXXXXXXXXXXXXX.XX.29
1.3. Selection of optimal wavelengthsrfdecay detectionn freshcut
Valerianella Locustaakermn XX XXX XXX XXXXXXXXXXXXXX.X..43
1.4. Comparison between FNIR and MicreNIR in the evaluation of
Acerola fruit quality, using PLS and SVM regression

algorithmsKX XX XXX XXX XX XXX XXX XXX XXX XXX XXX XX XX . XX55

2. IMAGINGXXXXXX XXX XX XXKXXXXXX XXX XX XXXXXXXX.XX..61
2.1.Image texture analysis, a namonventional technique for early
detection of biofilmMKXXXXXXXXXXX XXX XXXXXX. XXXX.XXX.63

3. HYPERSPECTRAXXXXXXXXXXXXXXXXXXXXXXXXXXXX. XXX...77
3.1. Hyperspectral image analysis: a tutoxak X XX XXXXX. XX..XX79

3.2. HIS for quality evaluation of vitamin C contenaaerolafruitx..93
3.3. Selection of NIR wavelengths from hyperspectral imaging data
for the quality evaluation adicerolafruit XXXX. XXXXXXXXXX101

4. OVERALL CONCLUSIAEE XX XX XXX XX XXX XX XX XXX, XXXXX.107

d. COMUNCATIONS AND POSTERSXXXXXXXXXXXXXXX..X109
8.1 Conference participation

8.2 Newspapers article
e. COURSES AND WORKSBKRPXX XX XXX XXXXXXX XXX XXX.111






a. ABSTRACT:

Spectroscopy, image analysis and hyperspectral imaging for food safety
and quality: a chemometric approach

This Phprojectregards different applicationsf mon-destructive optical techniques to
evaluate quality and shelf life of agfood 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 assessmentoth quality and safety of foods due to their
rapidity and sensitivity especially when using simplified portable dsvidue to the

huge amount of collected data, chemometric,naultivariate statisticalapproach is
required, in order to extract informatnh from the acquired signals, reducing
dimensionality of the data while retaining the most useful spectral information.

The thesis is organized in founapters, one for each techniquend a final chapter
including the overall conclusion. Each chaptativéded in case studies according to the
matrix analysed and the datacquisition ancelaboration carried out.

The first chapter is about spectroscopyelaim ofthe first study- Testing of a VI§IR
system for the monitoring of loagrm apple storage isto evaluate the applicabilityfo
visible and neainfrared (VisNIR) spectroscopy to monitor and manage apples during
long-term storage in a cold roonT.he evolution of thepple classes, originally created,
wasanalysediuring 7 months of storage byanitoring TSS and firmnesgésNIRallows

an accurate estimation of chemigphysical parameterof apples allowing aon-
destructive classification of apples in homogenedass and a better storage
management.

The workreported in the second paragraphWavelength selection with a view to a
simplified handheld optical system to estimate grape ripenrésaimedto identify the

three most significant wavelengths able to discriminate grapes ready to be harvested
directly in the field Wavelengths selean was carried out with a view to construat
simplified handleld and lowcost optical deviceStandardized regression coefficients of
the PLS model were used to select the relevant variables, representing the most useful
information of the full spectralegion. Thesameapproachwasfollowedto discriminate
freshness levels during shdifie of freshcut Valerianellaleaves- Selection of optimal
wavelengths fo decay detection in frestut Valerianella Locustaaterr. (third
paragraph).

The aim of tle work presented in the fourth paragraptf the first chapter Comparison
between FINIR and MicreNIR in the evaluation ddcerolafruit quality, using PLS and
SVM regression algorithmss to estimate titratable acidity and ascorbic acid contient
acerolafruit, using aMicroNIR, an ultracompact and lowcost devicavorking between
950 ¢ 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-loear
regression modelling.e. SVM)

Inthe second chaptelimage analysis was performechéltraditional RGB imaging for
the evaluation ofimage texture,a specific surface characteristiis presented The
texture of an image is given loffferences in the spatial distribution, in the frequency
and in the intensity of the values of the grey levels of each pixel of the inmEjge
technique wasapplied for the early detection of biofimn its early stages of
development, when it is still difficult to observe it by the naked eye, was evaluated
(Image texture analysis, a naronventional technique for early detection of biojilm

In the third paragraph, image and spectroscopy were combiimedyperspectral
imaging applications. Data analysis by chemometric was cru@alistage of my PhD
project Chemometric i® multivariate statistical approach that is applied on chemical
data to extract the useful information avoiding noise and redamddata. At the
beginning ofthe third chapter- Hyperspectral image analysis: a tutoriglroposes a
original approach, developed asflaw sheet for threedimensional data elaboration
The methal was applied, as an example, tioe prediction of bread staling during
storage.

The firstapplication abouhyperspectral oracerolais focused on the vitamin €dntent

- HIS for quality evaluation of vitamin C contenticerolafruit. Ten differentacerola
fruits picked up according to two different stagefsaturity, based on the colour of the
peel (5 green and 5 reacerolg, were analysed. The spectra of pure vitamin C powder
wasused as references for computing models with twdedint correlation techniques:
spectral angle mapping and correlation coef€ient allowing the construction of a
gualitative distribution map of ascorbic acid inside the fruit.

The aim of thdast onework presentedis to evaluateacerolapost-harvest quality-
Selection of NIR wavelengths from hyperspectral imaging data fauthlty evaluation

of Acerolafruit. Hyperspectral images of 2erola were acqired for five consecutive
days andan investigation ofime trendswas carried out to highlight the most important
three wavelengths that characterized the ripeness/degtamtaprocess of théAcerola
fruit. The falsecolour RGB imagederived from the composition of thethree
interesting wavelengths selectedata enable early detection of the senescence process
in a rapid and nowestructive manner.

In conclusion, te three nondestructiveoptical techniquesappliedin 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 methodsto ensure safe production throughout the entire production
process. Keywords: spectroscopy, imaging, hyperspectral, chemometric, food
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b. RIASSUNT.O

[ ALISGOGNR&AO2LIALIZT tQlIYFfA&GA RSEfQAY
per la sicurezza e la qualita degllimenti: un approccio chemiometrico

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

distruttive per la valutazione della qualita e della sHiéf di prodotti vegetali cosi come

f QARSY G ATAOI T upd wiiGobicisBsGrriicSind isiali. 3 &gpéttroscopia,
fQryrtAair RSEEQAYYIFIAYS S tQFylfAaAr RSt QAY
importante nella valutazione sia della qualita che della sicurezza degli alimenti grazie

alla rapidita e sesibilita della tecnicaspecialmente quando si utilizzano strumenti

semplificati portatili. Un approccio statistico multivariato (chemionté richiesto al

fine di estrarre informazioni dal segnale acquisito, riducendo la dimeabianei dati

e mantenena le informazioni spettrali piu utili.

Lo scopo del primo studio presentagdesting of a VitNIR system for the monitoring of

longterm apple storagec § I @t dzi T A2yS RSttt QlF LILX A Ol 0 A
visibile e vicino infrarosso (VIR) pe il monitoraggio e la gestione delle mele durante

lo stoccaggi@o | 84S GSYLISNI GdzNBEd t SNJI aSGiadsS YSaa § 3
di grado zuccherino e consistenza delle mele suddivise in classi di maturazione. | risultati

hanno indicato be la spettroscopiaé una tecnica nowlistruttiva che consentaina

stima accurata dei parametri chimidisici per la classificazione delle mele in lotti

omogenei

Il lavoro descritto nel secondo paragrafdWavelength selection with a view to a

simplified handield optical system to estimate grape ripenessé finalizzato

Ff{f QARSYGAFAOITA2YyS RSttS GNB fdzya&Si 1T S RQ
direttamente in campoR St f Qdz@ |  LINR y ( lal findSialbnfessaiaSphdo NI OO0 2 f
di un sistema sempidato e a basso costo. | coefficienti di regressione standardizzati del

modello PLEPartial Least Squarspno stati utilizzati per selezionare le variabili piu

importanti, OKS NJ OOKAdzR2y 2 f QAYF2NXITA2yS LIAG dzi.
procedua € stata condotta per determinare la freschezza delle foglie di Valerianella

durante la sheHife - Selection of optimal wavelengths for decay detection in fagh

Valerianella Locusta latefterzo paragrafa)

Lo scopo del lavoro presentato nel quaparagrafo del primo capitoleComparison

between FINIR and MicreNIR in the evaluation @cerolafruit quality, using PLS and

SVM regression algorithme 8§ & GAYFNB  QF OARAGE (GAG2f 1 0Af
FAO02NDbAO2 It fdeoaiutdizddndo umd Sttumehthbainga®o e a basso

costo denominato MicraNIR OKS f | @2 NI} y St f QA6HMG BriNIRatf f 2 & LIS
ALISGGNY EA az2y2 adGlFrdA Y2RStEf1GA YSRMIYy(dS f¢
(Support Vector Mchine) La capacita prediva dello strumento semplificato € risultata
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interessante per applicazioni di monitoraggio in campo, soprattutto modellizzando i dati
in modo non lineare.

Ne secondo capitolo, & presentataQ | LILX A OF T A2y S RA AYYlI 3IAYA wD.
delle superfic- Image texture analysis, a namonventional technique for early detection
ofbiofim[ I GSEGdzZNE RSttt QAYYI3IAYS § RSTFAyYyAGE O2YS

ALITALESS y8ttlr FNBIASYT I & yStfQrveiSyaritr R:
Questo metodo & stato RS (i S NI A y lidéiitiftaziadd Nkcdc® dello sviluppo
microbico su superfigiormalmenteA YLIA S3F S y St f QAYRAzZAGNALF | £ AYS

[ QF LILWINR OOA2 OKSYA2YSGUNRO2 & adGld2 ONHzOAIES A
definito comeun approccio statistico multivariato che si applica ai dati chimici per

estrarre informazione u#, ridurre il rumore di fondo ¢ QA Y F2NXI T A2y S NAR2YR
fF@2NR LINBaSyidl G2 I-Hypespeftaliniage amds: adutodl 2 OF LIA (0 2
protl2yS dzyl LINPOSRdzN} &G yRINR LIprésentacadS t | 6 2 NI T A
un esempio relativo alla predizione del raffermamento del pane in cassetta.

Il secondo paragrafo del terzo capitolo, presenta undJLJX A Ol T A2y S RStf QAY
iperspettrale s acerolg focalizzata sul contenuto di vitananC - HSIfor quality

evaluation of vitamin C content iAcerolafruit. In questo lavoro, éstata acquisita

f QA Y Yl 3 A cBroldRraccoleAirSidnzione del livello di maturazione, definito in

base al care della buccia (cinquecerolaverdi e cinque rosse). Lo spettro della polvere

RA GAGEFYAYLF [/ LizN} & adla2 dzZiAtATTFG2 O2YS NA
di correlazione(spectral angle mappin@ correlation coefficient, consentendo la

c2aGNHzZ A2yS RA YFLIWIS ljdz fAdGrGABS RA RA&GNROG dZ
frutto.

[ 2 a02L)2 RSt QdzZ (A Zalutaziond el qualittN godaSoplial G2 § € |
R Sdcdrala- Selection of NIR wavelengths from hyperspectral imaging datahte
quality evaluatiorof Acerolafruit. Le immagini iperspettrali di verdicerolasono state
acquisite per cinque giorni consecutivi. La valutazione delle modificagpsitrali

duranteiltempohad2ya Sy dAad2 f+ &St ST A2 gi&teriR&rtid S G NB f dz
LIN2OSada2 RA YIFGdzNIT A2y SkRSANIRITA2YyS RSt T Niz
RFfEtlF O2YLR2aAl A2yA RSt AYYFIAYA FEES GNB

S
f QOARSYGATAOIT A2y S LINBO20O RS énohitkRudi%ad 32 RSIANI F

Le tre tecniche non distruttive impiegatim questo progettodi dottorato hanno

dimostrato efficienza e applicabilita per la valutazione della qualita e della sicurezza

RSAfA FEAYSY(GAS NRARa&LRYRSYR=2dietriche agtBaeSa a At RS
@St 208 S 20ASGGUADBS LISNI I aaA0OdzNF NB LINBRdzZl A2y A

Parolechiavy & LISGGNRAO2LIAL X I yFrfA&aA RQAYYFIAYSST AL
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c. PREFACE

During my PhD, | focused on three nd@structiveoptical techniquesstarting from
spectroscopy and ending up with to the hyperspectral imagpagsing through the
image analysisln fact, h spectroscopythe information in the spectral range 4000
1250@m? is correlated to the chemical composition tife matrixes while image
analysis is centred ogpatial informationand allows to know compound distribution in
the product. The hyperspectrahaging, whicH appliedduring my experience in Brazil,
combine the different approaches with the aim to evakifood safety and qualityThe
keystone of theseptical techniquess theuse ofchemometric, a multivariate statistical
approach that is applied on chemical data to extract the useful information avoiding
noise and redundant data.

Thetwo general subjets of my work are:1)food quality, intended as ripeness and ghel
life of agrefood 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 pocessing operations is one of the critical aspects for food processing
industry and could be solved by the improvement of w@structive technologiedn

this contest, the quality of a particular fresh or processed fruit or vegetable is defined
by a seris of external characteristics that make it more esd attractive to the
consumer Quality attribute of the posharvest product included ripeness, size, weight,
shape, colour, condition, or presence/absence of defects, stems or seeds, as well as a
seriesof internal properties like sweetness, acidity, texture, hardness, among others.
Most of these factors have traditionally been assessed by visual inspection or
destructive samplingerformed by trained operators.

2) Food safety is normbl described as discipline aiming to ensure that food is safe
Sy 2 dz3 K-fatnFoNE2WNJ ¢ T2 NJ O2 y & dzY S NE-baing illnégs tati 2 dzli 6 NJ
be reduced The ability of forming biofilms by foanicroorganismsncreases bacterial
resistance to antimicrobial agentsoalg 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 pathogeniche 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-cellgrown techniqueand 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 implementelhen

for the early detection of foodnicroorganisms ocontaminants.
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The thesis is organized in four chapters, one for each techniques and a final chapter
including the overall conclusioacomprehensive consideration about the work carried
out during my PhD.

Each chapter is divided in casedies according to thenatrix analysed and the data
elaboration carried outThe firstOK I LJi SNE & {peSaisfoN®rarks2ahdate >
the application of near infrared spectoopy in the posharvest field, starting with an
application on apples forlaetter management of the warehous&his work was already
LJzo t Aa KSR | & & ORoSdyandBbprdoess TedhologpS sedosdl aidK S
the third paragraphs arefocused on theselection of the most important NIR
wavelengths for thalevelopment é a simplified devicdased on LED technologyne

a

FLILXE AOFGA2Yy Aa 2y 6AYyS 3INI LISE | Rericah 4 LJdzo f A &

Journal of Enology and ViticultéreT G KS &aS02yR 2yS aLlSlki1a |

0 2 dzi

was published as scientifidNdi A Of SWAINYUKS 26F C218Re lasty A Y SSNA Y

paragrapha simplified devicavailable on thenarketwas used, itomparison with a
benchtop FANIR on acerola fruit to evaluatéhe estimation ability of titratable acidity
and ascorbic acid coent. This work was presented as poster in thé"1iternational
Conference of NIR Spectroscopy and it is reported in this thesis as extended abstract.
The secondthapteZ & L Y kegakdgtig application oftraditional RGB imaging for
the early deection of biofilm. In this work, that was presented as oral communication
at the 2" Conference on Optical Characterization of Materéld is nowin revision as
AOASYUATAO INLAOES FT2N) 0KS Lldzoid pfofokedhah 2 v
innovative elaboration approach allowing the discrimination of microbial development
on different surfaces.

The chapterx yperspectrat includesthree case studies. The first one underlines the
importance of the chemometric ggoach for the data elaboratiann this paragrapha

flow sheet for threedimensional data elaboratiois proposedcarrying out an example
for the prediction of bread staling during storagelhis work is submitted to the
G!'ylrtag8dOeRa¢e | a aTha Sthed twd patagrdphgiedeat ttvé d
applications of hypespectral oracerolafruit: the first one for the evaluation of vitamin

C content developing two possible mapping of the chemical compound inside the fruit
images; the last oneis focused on the selection of the three moshportant
wavelengthgor monitoring the ripeness/degradation process of this tropical flddth

the application were presented in the %7International Conference of NIR
Spectroscopy: the first one on vitamin C as poster, while the second one apenésis

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

The overall conclusion allows a comprehensive evaluation of the progeded out
during the PhD anguts some bases forgssible future evolution of thevork.

The thesis eds with some details aboubther activities such ashe conference
participatiors 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 monitonig 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 amexpensive and not suitable for smatlale food industry. In
postharvest field, simple devices are important to support growers in monitoring
ripening progress ofvarious fruitsand to plan harvest time; in this contest, the
availability of low cost mintarised spectrophotometers could opened up the possibility
of portable devices, whicban be used directly on fie(osta et al. 2011)

Nowadays an important challenge in postharvest technology is -destructive
characterization of fruit in order to mémize the quality and reduce wastgude et al.
2006, Jha et al. 201obelyn et al. 2010, Beghi et al. 201Fpr the correct
management of lots, it is necessary to consider fruit heterogeneity before assessing
their prolonged storageMoreover, performing fruit classification during conferment
can allow optimization of the cell opening sequence to reduce waste caused by over
ripening during longerm storageand provides the market with the best available
product all year roundlIn light of these consmrations the aim ofthe first study
presentedin this chapteiisto evaluate the applicabilityfovisible and neainfrared (Vis

NIR) spectroscopy to monitor and manage apples duringferm storage in a cold
room. The evolution of the originally createclasses waanalysedduring 7 months of
storage by monitoring TSS and firmness (peak force and pertetratiergy) The results
indicate that theVisNIRallows an accurate estimation of chemigddysical parameters

for non-destructive classification @pples in homogeneousts.

In recent years, interest in nedestructive technology has shifted toward the
development of portable vis/NIR systems for use in the field, aiming a simplifiaaition
the device and a cost savirigowever, the spectroscopic ppach 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 fidpectral region (Xiaobo et al.
2010), reducing the size of the required measurement data and the costs for the light
source. For these reason$iet work in the second paragraph is aintedidentify the

three most significant wavelengths able to discrimit the field grapes ready to be
harvested with a view to a simplified haneld and lowcost optical deviceStandardized
regression coefficients of the PLS model were used to select the relevant variables,
representing the most useful information of tlfell spectral region. Theame work was
carried outto discriminate freshness levels durispelf life of fresh-cut Valerianella
Locusta Land it is presented in the third paragrapfheshelf lifeof Valerianella leaves
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was monitored using a portable conercial vis/NIR spectrophotometer and by
traditional analyses (pH, moigt and total phenols content).

Within the last few years, real handheld neafrared scanning spectrometers become
commercially available (Sorak, 2012). A survey of scientific pauéished 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,he aim of tle work presented in the fourth paragph, is to estimate
titratable acidity and ascorbic acid conteintacerolafruit, using aMicroNIR, an ultra
compact and lowcost deviceworking betweer®50¢ 1650 nm The spectral data were
modelled using two different regression algorithms, PLS (pdet#st square) and SVM
(support vector machine). The prediction ability of MidWR appears to be suitable for

on field monitoring using notinear regression modelling is required.
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1.1 TESTING OF AR SYSTEM FOR THE MONITORING OF LONG
TERM APPLE STORAGE

Roberto Beght, Gabriella Giovanedli Cristina Malegotj Valentina GiovenzahaRiccardo Guideti

1 Department of Agricultural and Environmental Scieng®soduction, Landscape, Agroenergy,
Universita degli Studi di Milano, viaCeloria 2, 20133 Milan, Italy

2 Departmern of Food, Environmental and Nutritional Sciences,
Universita degli Studi di Milano, Via Celoria 2, 20133 Milan, Italy

Abstract

The development of diseases during letegm storage of apples is a wdihown issue
causing loss of product for warehousesridestructive 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 neafrared (VISNIR) spectroscopy to
monitor and managenanyapples durig longterm storage in a cold room. A benbbp
VISNIR apparatus (6@2200 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 originathgated classes wamalysedduring 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 aaccurate estimation of chemicaghysical
parameters for nordestructive classification of apples in homogeneous lots. Regarding
the estimation ability of the compact \\MIR spectrophotometer, the results show good
prediction ability both for total solublsolids content and firmness indices. The use of
the instrument for online 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 ifruit 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 AppleVISNIR spectroscopy PostharvestbrageClassificatio
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Introduction

The technologies developed for the preservation of apples (low temperature, controlled
humidity, and controlled atmosphere) allow lotgrm storage of fruits, fully
maintaining their physical, chemical, and sensorial characteristics @Beali 2001).
External quality is considered of primary importance in the marketing and sale of fruits.
The appearance, i.e., size, shagmlour, and presence of blemishes, influences
consumer perceptions and therefore determines the level of acceptahiiior 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 80#)2Disorders
generally develop in more mature fruit; the main contributing factors are high or low air
temperatures in the prénarvest period, poor calcium nutrition, maturity status at
harvest, and cropping level (Ferguson et al. 1999; Woolf and Ferg2@00). 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 neslestructive characterization of fruit in ordés maximize

the quality and reduce waste. The availability on the market of innovative technologies
based on neainfrared (NIR) and visible and neafrared (VISNIR) spectroscopies
opened up new ways for fruit testing, which are not encumbered by anyhef
inconveniences of a traditional analysis (Peirs et al. 2001; Cen and He 2007). Nevel 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 wude
spectroscopes for the evaluation of product quality is simple, famt;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; Matsakait @97;
Massart et al. 1998; Basilevsk 1994; Jackson 1991). The food sector has shown interest
in NIR and VISIR instruments, both mobile and dime; devices based on diode array
spectrophotometers and FNIR desk systems have been developed andesstally
applied in this field (Guidetti et al. 2012). Apple has been widely involved in the
experimentation of nordestructive 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 (ZRekse et aR002),

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; McCA@@3; Nicolai

et al. 2007; Lu et al. 2000) and nrdastructive 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. Perfayrruit classification
during conferment can allow optimization of the cell opening sequence to reduce waste
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caused by overipening during longerm storage. Disorders such as browning and loss
of texture, in fact, make the fruit unmarketable, especiaflythe 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 afirthis work was to study

the ability of a commercial VSIR 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 solubleidlcontent (a parameter
traditionally used for the characterization of fruit). The evolution of created classes was
analyzed during lonterm storage by monitoring total soluble solids content (TSS) and
firmness (peak force and penetration energy), and &stimation ability of the VINIR
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 researctwas carried out in 202011 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 (PGl) in 2001. The apples
were pickedat the commercial maturity stage. Data collected in the vintage year@009
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 2008 mm @AY G 3SY aft
¢{{¢é¢ YR GKAIKSNI ¢{{éd LY 2NRSNJI G2 RSTFAYS
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 b 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 02, CO2, relative humidity, and temperature were 1 %3 245 9499 %, and

1¢1.5 °Cfor Golden Delicious and 1 %, 2 %¢®® %, and 0&L °C for Red Delicious
apples, respectively. For both varieties, storage conditions included the use of
SmartFresh technology with inethylcyclopropene (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 benchrtop 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. Dearictive 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 spectal data were processed to evaluate \NER device prediction capabilities to
obtain classification models, to be Food Bioprocess Technol (2014) ¢214312135

able to follow the evolution of apples during cold storage, and finally to build new
regressiom models based on samples from 2Q2011 for the prediction of physical and
chemical parameters. Automatic Bengbp VISNIR System An automatic bentdp
VISNIR system (QS_200) produced by Unitec SpA (Lugo, Ravenna, Italy) that operates
in the wavelengtirange of 60@1200 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 tjhting 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 speatophotometer. 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 d. 2002). The measurements were acquired by dedicated software (Spectra software
package, UNITEC SpA, Italy).

PhysicalChemical Analysis

TSS were measured using a portable digital refractometer (modebBRXago, Tokyo,
Japan). The determination was d& 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 ssor, 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
aAONB{@adGSYz ! Y0 adzlly8lysr cadtancerRr@MBOSBEST (0 61 NB
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 thecéedistance curve were

the following:

1 peak force (N): the maximum force registered during penetration. This
parameter is related to the entire fruit firmness (skin and flesh)

1 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.
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Figurel: Forcedistance curve obtained from the penetration test and

Data Processing

Spectal Data Analysis

Chemometric analyses of 560 spectra collected in 20001 (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, OsiayiNdpifferent
treatments were applied to the WISIR 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 Savitziolay transformation and smoothing (smoothing
window of 15 points and secorarder 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.

VISNIR Device Prediction Capabilities

The robustness of the 20Q2010 models was tested using spectral measurements on
fruits of 201@2011 storage season (based on fruits grown under diiffeconditions)

as independent validation set (Magwaza et al. 2012). The differences between the
estimated data based on VMIR measurements and the analytical data were calculated,
and the limit of acceptability was defined. For TSS, the gap was fitetBaix, 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 foip#etration energy and
1.5 N for the peak force were identified.

Classification Models

In order to classify the samples by storage time, theNIFS spectra were elaborated by
linear discriminant analysis (LDA) (Heberger et al. 2003) using-BA&RYUS phage
(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). éadl cr
validation (leaveone-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 2062011

Regression models for the prediction of physical and chemical parameters were
performed to test the accuracy of VMBR models of the 20102011 storage season
(based on fruits grown under the same conditions) (Magwaza et al. 2012). The 560 VIS
NIR spectt 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 colinearity, which is the case for spectral data of intact biological material
(Nicolai 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 croswalidation (R2 cval), and the root mean standard error of cross
validation (RMSECV) (Sinelli et al. 2008). Percent errors of RMSECV (RMSECV%) were
also catulated as equal to RMSECV/ averaged reference values of each parameter. The
optimum calibrations were selected based on minimizing the RMSECV. PRhysical
Chemical Data Analysis In order to highlight statistically significant differences between
the samplespne-way ANOVA and the multiple range test were performed using the
Statgraphics plus 5.1 package (Graphics Software Systems, Rockville, MD, USA).

PhysicalChemical Data Analysis

In order to highlight statistically significant differences between the dammpneway
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 applesdusar threshold identification, the

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

I ¢{{BmMo c. NARE 6SNB OflaaAFASR F+ad GKAIKSNI ¢
Of FaAAFASR & daf 2 gefadd refrdclorbetiic dath YoA the 40IRéd> (1 K S
58t A0OA2dza 61 a4 MH c. NAEY aKAIKSNI ¢{{¢& F2NI ¢{
total of 70 apples from each cultivar, picked in the vintage year @2a01, were

Of FAaATASR a af 2oNONO {¢{{&{d wWwSR NRNA yIFaE IKIEA BHS
indices analyzed during storage, the results showed significant changes in the TSS and
firmness parameters at some sampling times.

Tablel: Analytical parameters (mean valuetstandard dewiai n=10) of Golden Delicious
apples during storage

Time (day) Soluble solids (°Brix) Texture
Penetration energy (N mm) Peak force (N)

Lower TSS Higher TSS Lower TSS Higher TSS Lower TSS Higher TSS
0 11.1+0.7 a 13.3£0.8b 169=1.6d 17.1+18 ¢ 102+10¢ 9.7+12b
49 11.3+1.0 abe 13.1+1.1 ab 148+18¢ 153+£22b 92+1.0b 88+15a
76 11.5+0.5 be 13.3£0.5 be 13.7£13b 15.0£16b 8.9+09b 9.1+1.0 ab
103 11.7+0.8 be 13.5£1.0 be 139=1.5bc 14.5+1.6 ab 9.0+1.0b 9.0+12a
138 11.7£0.6 ¢ 13.9+0.5¢ 135140 143+1.2 ab 8.6+0.7 ab 87+l.la
168 11.4+0.7 abe 12.6+09a 138%14b 13.6+12a 9.1+09b 88+1.1a
189 11.2+0.7ab 13.1+0.5 ab 123+19a 138423 a 8.1xl4a 8.6+12a
p value = . e e T *

For each column, values corresponding to different letters are significantly different at p<0.05
*p<0.05; **p<0.01; ***p<0.001

Table2: Analytical parameters (mean valuexstandard deviation, n=10) of Red Delicious apples
during storage

Time (day) Soluble solids (°Brix) Texture
Penetration energy (N mm) Peak force (N)

Lower TSS Higher TSS Lower TSS Higher TSS Lower TSS Higher TSS
0 12.1£0.7 ab 13.4+12a 26.1£38 e 26.2+£55d 15.0£1.94d 14.8£23d
49 13.0£1.5 ed 13.9+09 a 25.4£2.5 de 22.8+42¢ 143£1.6 cd 133+22¢
76 11.7+09a 14.0+1.1a 25.9+3.5 de 19.2+3.1 b 152+1.8d 12.3+2.1 be
103 12.3+0.9 ab 13.7+1.0a 23.8+3.0 cd 20.3+3.4 be 13.6+18¢ 12.4+1.6 be
138 12.6+0.6 be 15.0+19b 21.2+50b 20.4+5.9 be 124+25b 12.6+3.5¢
168 13.4+1.1d 13.6+0.8 a 183+42a 17.9+4.1 ab 11.1+1.7a 11.0+2.2 ab
189 12.1+1.1 ab 13.4+0.6 a 22.2+3.7 be 155+4.2a 13.3+1.5bc 9.9+24a
P Vﬂlue *kk *kk *kk *kk *kk *kk

For each column, values corresponding to different letters are significantly different at p<0.05
#p<0.05; ¥*p<0.01; ***¥p<0.001

Tables 1 and 2 report the average values of the quality paramé&iefSolden 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 IMCP (Fan et al. 1999), no significant evolutiénT8S 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 storag#oggthe higher TSS class of
apples showed a TSS of about 2 °Brix higher than the other class) (Fig. 2). During the last
sampling dates, nomarketable samples (due to disorders) were eliminated. The
number of rejected apples was higher for the higher Gl&Ss 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 tirngrpssion, 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<0.00However, there were no differences
between the two classes, with clearly overlapping patterns, particularly for the cultivar

Golden Delicious (Fig. 2).
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Figure2: Evolution of TSS and penetration energy during the apple stofadgeelonging to the
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VISNIR Analysis
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Figure 3a shows a particular of the probe of the-MIB benckop instrument, while

Fig. 3b represented the spectra of some samples in the range @f1200 nm. Tk
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 wagter O
H bond in the near infrared region) can be clearly seen. The variation in ldtivee
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 indepth peak at 970 nm is characteristic of the VRESReasurements on
food very rich in water, like apples (Nicolai et al. 2007).

Reflectance (counts)

5 " T | | . vansgjes
wabr wbe  mia mio 9

e ahe ahr wew
Wavelengths (nm)

Figure3: a Detail of the probe of the automatic bentbp VISNIR system ankd example of
spectra in the 601200 nm range (different colors corresplaio different TSS values)

VISNIR Device Prediction Capabilities

Table3: Percentage of acceptable and not acceptable prediction of unknown samples for the
analyzed parameters

Acceptable (%) Not acceptable (%)
TSS (“Brix)
Golden 83 17
Red 50 44
Penetration energy (N mm)
Golden 68 32
Red 27 72
Peak force (N)
Golden 52 48
Red 63 37

Prediction is acceptable if prediction error <10 %; not acceptable if

prediction error >10 %
The results highlight the good percentage of acebj 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 wiRed 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 (Nicolai et al. 2008). Our data alsovghbat 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 loé 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 qualitin 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 imeal quality parameters of the apple. This
limits the differences in VISNIR spectra at different maturation stages for this variety.

Quantitative VINIR Analysis

At the end of the storage period 2042011, all the available data (VN8R 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 RMSECYV values of abogt OBxix (Nicolai 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 nedestructive applications on other fruits suas

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
crossvalidation both regarding the penetration energy (R2 cval=0.81 and 0.77 for
Golcen 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 calibratia in
crossvalidation (Bobelyn et al. 2010). Recent studies concerning the application of NIR
spectroscopy in the range of 7€0100 nm for the evaluation of Fuji apple firmness
report prediction models with r values of 0.93 and percentage error of crakdation
(%SECV) of about 8 % (Qing et al. 2007); conversely, applicatiorNiRMI$8Q1690

nm) spectroscopy for firmness prediction of several apple cultivars gave low correlation
coefficients (R2 <0.70), especially concerning Golden Delicioussafif2e=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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Figured: Example of PLS models for GolBeticious penetration energy and Red Delicious TSS

Table4: Descriptive statistics and statistics of the PLS models elaborated on Golden Delicious and
Red Delicious apples

Number of samples (fruity ~ Mean  S.D. Calibration Cross-validation

R RMSEC LV R* RMSECV ~ RMSECV%

Golden Delicious

TSS (°Brix) 280 (140) 127 1.05 094 03 7 090 03 24

Penetration energy (N mm) 280 (140) 14.7 29 0.85 0.6 6 0.81 0.7 43

Peak force (N) 280 (140) 9.1 0.8 085 04 7 083 04 44
Red Delicious

TSS (°Brix) 280 (140) 138 1.5 088 04 9 086 04 29

Penetration energy (N mm) 280 (140) 230 6.0 0.81 1.6 5 0.77 1.7 74

Peak force (N) 280 (140) 13.0 1.7 072 085 7 0.69 1.0 77

R? coefficient of determination, RMSEC root mean square error of calibration, RMSECYV root mean square error of cross validation, LV latent variables

Qualitative VISNIR Analysis

Classification techniques.ifear 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, thelasses were defined in accordance to the days of storage: class 1
is composed of apples at time O; 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 ty LDA classification for Golden Delicious and Red Delicious appl®RVIS
spectroscopy gave good classification performances on both apple varieties for both
applied pretreatment techniques (SNV and MSC), with average correct classification
percentages lose 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 ber 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 b@wlspectrophotometer,
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operating in the rage 60@1200 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 chephysical parameters (TSS,
penetration energy, and peak forcdarticularly, 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 twdpening classes, initially selected in a raestructive 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 accordg to the storage time. It can therefore be used as a-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. Allhese advantages are combined with the weaibwn 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 characterizatiorparameters 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.

Table5: Results obtained using the ABechnique Cal calibration, Cv cresdidation

% correctly classified samples

Class 1 Class 2 Class 3 Class 4 Class § Class 6 Class 7 Average

Golden
SNV
Cal 100 100 100 100 100 100 100 100
Cv 100 100 100 100 100 100 100 100
MS(
Cal 100 100 100 100 100 100 100 100
Cy 100 100 100 100 95 100 100 99.3
Red
SNV
Cal 100 100 100 100 100 100 100 100
Cv 100 100 100 100 100 95 100 99.3
MS(
Cal 100 100 100 100 100 100 100 100

Cv 100 100 100 100 100 100 100 100
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Abstract

The aim of this work was to identify the three most significant wavelengths able to
discriminate in the field thosergpes ready to be harvested using a simplified, handheld,
and lowcost 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/nearinfrared spectrophotometr. 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 (polygtols) 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 supfdhe 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, &aj 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. Simpkequations 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, wavelengtiectieh, handheld
device, chemometrics
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Introduction

Nearinfrared (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 technologyitsability 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 savingse 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 oftte 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 testedn 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 KaoNumpng pomelos (Puangsombut et al. 2012), the ability of a portable single
channel vis/ NIR spectrometer to determine the SSC and total acidity of twepbalk
mandarin cultivars (Antonucci et al. 2011), and the use of portable NIR to evaluate
apricot qualiy during postharvest (Camps and Christen 2009). Applications in
uncontrolled field conditions have included an optical technique to estimate the
ripeness of reepigmented fruits (Bodria et al. 2004), a portable NIR instrument{640
1300 nm) for determiningipeness 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 theutraceutical 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, Wiliams 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 removeny 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 aR007, 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 andspectral 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 importaninformation 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 aygs (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 aeesal simplified nondestructive commercial devices
based on a few wavelengths available on the market, including an innovative and
simplified NIR system (DAMeter for apples and Hleter for kiwifruits) patented by

the University of Bologna (Costa et2011). 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 limitedoption of NIR technology by the enology
and viticulture sectors could be attributed to cost, technical limitations, grower
resistance, and supplghain weakness (Magwaza et al. 2012). Thus, the development
of simplified handheld devices may encourageattin. 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 waveigh variables based on the RREA
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 onfthlevis/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 @dstvand
userfriendly device that supports smaltde 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) usiMiis 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 mitor 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 R®br 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 individuatiégmwere 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 referenbemical data, for the
chemometric analysis.

Portablevis/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 waglength range of 400 to 1000 nm. The Jaz equipment consists of
five components: (1) vis/NIR lighting system (halogen lamp), (2)-dibic probe for
reflection measurement, (3) spectrophotometer, (4) hardware for data acquisition and
instrument control, &ad (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 fibeoptic probe. The haped fiber guided light from the
halogen lamp to illuminatehe 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, whileminimizing 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 chaogpled device
sensor with a 2048 pixel matrix, correspomglito 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 diurrdlanges 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 confirmetie 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 viietéed 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 DB»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 Glorethod
(Glories 184), in which potential anthocyanins (PA) and extractable anthocyanins (EA),
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extracted at pH 1 and pH 3.2, respectively (mg anthocyanins3)dmand total
polyphenols (TP) were evaluated. Phenolic compound quantification was based on
optical density (OD) nasurement at 520 nm and 280 nm for anthocyanins and
polyphenols, respectively, using a UV/vis spectrophotometer (model 7800; Jasco, Tokyo,
Japan).

Data processingSpectral 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
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 () 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 varable 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 dataatrixes, X and Y, by a linear multivariate
model. In this procedure, full crosmlidation 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 gjuare error of crossalidation (RMSECV). The best calibrations were selected
based on minimizing the RMSECV. Percent errors in-zatisation (RMSECV%) were

also calculated as: RMSECV (%) = RMSECV/averaged reference values of each parameter
(Nicolai etal. 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,
guantitative pedictions are possible.

Data processingWavelength 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 regreson 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 Tedchini 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 diferent 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, Fernandiipvales et al. 2009, Li et al. 2007). Compared to PLS,
MLRallows for the development of models using only few important variables to predict
the outcome of a response. MLR is also walted when the number of variables is less
than the number of samples and is not affected by collinearity (Naes 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 staadd error (SE).

Parameter Unit N Range Mean SD SE
Total soluble solids Brix 68 15.9-23.8 211 18 0.2
Titratable acidity Grartaric acig dm? 68 5.7-16.9 9.1 2.0 0.3
Potential anthocyanins mg dm™* 68 38.6-911.6 514.5 139.3 19.0
Extractable anthocyanins mg dm*® 68 199.9-600.8 357.8 93.7 11.8
Total polyphenols OD.go NM 68 22.1-51.5 36.2 7.7 1.0

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

Calibration® Cross-validation®
Parameter® Unit?* Lv R%al RMSEC R%gy Bias Slope RMSECV RMSECV% RPD
TSS Brix 7 0.83 0.66 0.77 0.007 0.80 0.78 3.8% 2.26
TA Otartaric acig dm-? 8 0.76 0.58 0.62 -0.008 0.68 0.75 8.2% 2.66
PA mg dm 7 0.59 76.49 0.41 0.511 0.49 93.48 19.1% 1.61
EA mg dm 7 0.60 49.53 0.39 0.793 0.49 62.18 17.4% 1.51
™ ODggo NM 7 0.81 3.24 0.74 -0.018 0.77 3.88 10.7% 1.98

2Abbreviations: TSS, total soluble solids; TA, titratable acidity; PA, potential anthocyanins; EA, extractable anthocyanins; TP, total polyphenols;

OD, optical density; LV, latent variables; R, coefficient of determination in calibration; RMSEC, root mean square error of calibration; R,

coefficient of determination in cross-validation; RMSECV, root mean square error of cross-validation; RMSECV%, percent errors in cross-

validation; RPD, ratio performance deviation.

Descriptive statistics for berry technological indices (TSS and titratable acidity) and for
nutraceuticalparameters (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 étermination 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 determinatian 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. ThHeest 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 sandardized 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 thereference data (TSS and TP). Plots of the standardized regression
coefficients, for TSS and TP, versus vis/NIR wavelengthglRmD nm) are shown
(Figure 1). The trend and shape of the regression coefficient plots were similar for TSS
and TP. The three nsb 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 averag 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) (haximum 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 higbositive 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, cogponding 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 measuratiselected 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 elaboratioof 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 selectedasiables (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 andyaive 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 statembove, 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*1670F b2*1730 + b3*1780 + b0 Eqg. 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, 1670, 1730, and 1780
nm, and correspondinghemical data) for the berries using MLR analysis. Equations of
MLR models for TSS and TP are reported as:

Modekss Yrss= 13.15*1670; 38.55*1730 + 37.81*1780 + 15.69 Eqg. 2

Modekp Yre= 60.75*1670; 254.93*1730 + 382.73*1780 162.20 Eq. 3

Standardized regression coefficient

Figure 1: Standardized regression coefficients for total soluble solid
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Figure 3: Average raw spectra of 1,360 berries grdupdour sampling dates corresponding to
the final stages of ripening.

Discussion

Similar results for PLS models were obtained using a portable vis/NIR systeg@d8@50

nm) showing for fresh Nebbiolo berries (same conditions as this study) R2 cv =@.72 an
RMSECYV = 0.79 Brix for TSS, R2 cv = 0.66 and RMSECV = 1.48dor Aitdatable
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 @@4ige

1300 nm) on winegrapes (RMSECYV 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 tveovaipigtties 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 technologyhtferestimation 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 lightd afluctuating
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 (F&i ,FC2, 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 discaitoia 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 paratees 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 thehlisiband 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.imilar selection approach was tested on
transmittance spectra (328.075 nm) for the investigation of TSS and pH of grape juice
beverages, and RMSECYV values, in validation, were 0.360 and 0.054, respectively (Wu et
al. 2010). These results are better thaur dindings, 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 chased soft

drinks (Li et al. 2007) and on beer (Liua€t2009), 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)c@mparison 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 tie MLR models was slightly less accurate
than the PLS models. The obtained RMSECV values were similar for PLS (0.81 Brix, 3.9
0OD280) 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 aedvtiue 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 catedlasing 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 PIGRCAMLR method. In the similar selection appch 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 (3251075 nm) achieved, for TSS and pH, R2 sailne
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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 andi98 aind

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 betwkerPLS model
calculated using the full spectra (81050 nm) and the MLR model based on four
sensitive wavelengths (RMSEPPLS = 12.20 @, ®RMSEPMLR = 20.51 g-8mn
(FernandezZNovales et al. 2009). Once the prediction capabilities using simple MLR
equations were evaluated, the designed principle of a compactsizedctisty and easy
to-use device was studied in this work. A possible functional scheme of this device can
be envisioned using LED (ligdrhitting 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 equatibn 3 an
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

Figure4Principal component analysis deriving from the initial full vis/ NIR spectra.

39



