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EXTENDED ABSTRACT

ORocketd is a collective name to indicate many
and are significantly consumed in the Mediterranean countries either agktmedalads or mixed with

other vegetables. They are well known for their pungent smell, bitter flavor and high nutritional value.
Rocket leaves are commercially grown as perennial and annual species, the former known as perennial
wall rocket also known as wild rockddiplotaxis tendolia(L.) DC.)and the latter named annual garden
rocket Eruca satvia Mill). TheDiplotaxis tenufoligplantcan achieve a height of 80 centimeters (cm)
andis characterized bg tap root and lengthy leaves.typical leafof Diplotaxis tenufoliais flesty,

oblong and deeply lobedpssessing sharp apex@s the other handruca satvia Mill.grows to achieve

a height of 40 cm possessing lyrgianatifidleaveshaving an enlargegrminallobe and smaller lateral

lobes with a rosette shaped arrangenuoérithe leavesEruca satvia Mill.speciesas compared to the
Diplotaxis tenufoligpossessea thin tap root and is charadsd by a rigid unbranched stem. Both the
species manifest similar morphological and nutritive aspects possessing a characteristic bitter taste based
on the account of glucosinolates present.

In the modern era, the consunavareness regarding food sgfetrigins of the produce, nutritional

value and demand for minimally processed fresh produce has led the food industry to explore rapid,
reliable and cost effective methods for the evaluation of food products and theilifehgifce the
conventional ddsuctive analysis methods are time consuming, expensive, targeted and labor intensive
In this regardnondestructive methodare gaining significant popularity which are assisting the food
industry for the early fruits defect detectjdruits and vegetale classification on the basis wdriety,

maturity stage and origin and for the prediction of main internal constituents, mainly soluble solids and
acids, and physical properties like firmne€s the industrial scale a significant weightage is given
towards achieving fresh produce with superior quality in terms of vitamins, antioxidant activity, phenols
and secondary metabolites.

Rising concerns regarding the nutritional composition led many research works to evaluate the feasibility
of the spectral prdés in the visible near infrared range (MW#R), near infrared range (NIR) and
hyperspectral images (HSI) for prediction and mapping of desired compounds in fresh produce. It is

important to mention that nesestructive techniques cannot completely repléhe conventional
2



methods but can serve to assist these techniques saving time, expenses and labor. On the other hand, tt
nontdestructive methods need no sample preparation once the model is developed making the prediction
process quickln this researt work nondestructive techniquesave been illuminated with respect to

their potentiality in rocket leavewith special emphasis on hyperspectral imaging for ghality
assessment of the fresht rocket leaves accompanied &ypasic introduction of theon-destructive

image analysis techniques.

In the first research worlhé feasibility of using spectral profiles for the estimation of the shelf life of

the rocket leaves was evaluated using a multivariate accelerated shelf life testing (MASLT) approach.
Spectral changes over time were modeled by using principal component analysis (PCA) and as variation
to the conventional method, partial least squares (PLS) method. Kinetic charts were built fitting the first
principle component (PC1) and the first lateatiable (LV1) scores versus time. In both cases, the
kinetics were described by a first order react@mmg the model performance was evaluated byRthe
valueswhich ranged between 0.73 to 0f@b samples stored #iree different temperatures, one adrtin

being the market temperature while the rest were categorized as accelerated temperatures which are
usually higher than the market temperatdieecut-off value was calculated by judging the unacceptable
spectra of samplext the accelerated temperatwuae a result of which the shelf life of rocket leaves was
estimatedusing the MASLT approactiihe shelf life estimation was done using PCA based MASLT
conventionally used as well as using a newly introduced methodology i.e. PLS based MASLT yielding
encouaging results in both cases patrticularly in case of the PLS based MASLT.

On the other hand, since the literature regarding quality evaluation of rocket leaves or any other leafy
vegetables over time shows thiaé tpotential of hyperspectral imaging in theible and near infrared
regionshas not beemvestigatedpursing the aim oprediction and mapping ofternal constituents.

Hence hyperspectral imaging data was evaluated employing Partial Least Squares regression (PLSR) for
the prediction oVitamin C, ascorbic acid (AA), dehydroascorbic acid (DHAA), antioxidant activity and
phenols in wild rocketiplotaxis tenuifolid over a storage span of 12 days°&@.3Hyperspectral images

of the wild rocket leaves were acquired in the-MIR (400-1000nm) andhe NIR (9001700nm) ranges

using different data pretreatments and wavelength seletg@miques The model reliability was

checked by the root mean square error (RMSE) &nélBes. Among the predicted parameters Vitamin

3



C, AA, antioxidant activity anghhenols were predicted satisfactorily in theRNenge.The prediction
maps for the parameters were calculated to follow the changes over the storageigleliingl more
reliable results in the NIR rangall the results indicated that hyperspectral inmggcombined with
multivariate data possess the capability to provide reliable information regarding the shelf life estimation

of the rocket leaves as well as for the prediction and mapping of the internal constituents.



Chapter 1

THE USE OF NON DESTRUCTIVE TECHNIQUES TO ASSESS
NUTRITIONAL CONTENT OF FRUITS AND VEGETABLE
Maria L. Amodio, Muhammad M. A. Chaudhry, Giancarlo Colelli
Department of the Science of Agriculture, Food, and Environment, University of Foggjd/ia
Napoli 25,71100 Foggia (Italy)

1. INTRODUCTION
The use of nowlestructive methods is already widely developed for the early detection of fruit

defects, for the classification of fruits and vegetable based on variety, maturity stage and origin and for
the prediction ofnain internal constituents, mainly soluble solids and acids, and physical properties like
firmness. In the last year, due to the increasing interest in nutritional compounds, different researches
were conducted to study the feasibility of using-destrictive methods, mainly Middle, Near and Short
Wavelength Infrared Spectroscopy for the prediction of nutritional compounds in fruits and vegetable.
Among different classes djfioactive compounds, prediction models were developed for phenolics
including antlocyanins, flavonoids and antioxidant activitywhole fruits and vegetables or in fruit
extracts, and vitamin C or dietary fiber content in wheat. The advantage of using spectroscopic
techniques even in the case in which better results are obtainedimyefissue extracts is still
considerable, since the reference analytical methods normally require expensive equipment, people
expertise and are time consuming. The latter may be the case of bigger fruits as summer squash or melons
where the presence oftlaick peel make difficult the internal prediction of nutritional constituents. On

the other side, referring to compounds very sensitive to thermal or light degradation, when non
destructive techniques are applied on whole fruits and vegetables, the poditeroxidation related

to the process of extraction is over passed. Sample preparation time in this case greatly decreases and th

requested time for the analysis is very short once a predictive model has been developed.



2. NON-DESTRUCTIVE TECHNIQUES FOR QUALITY EVALUATION OF FRUITS AND
VEGETABLES

2.1.VIS-NIR spectroscopy
NIR spectroscopy is categorized among the simplestdestructive techniques as it requires no

sample preparation and permits several constituents to be measured simultah#Busbectroscopy
is based on the absorption of electromagnetic radiation in the wavelength range2&0mBem(Huang
et al., 2008)The sample is irradiated withNIR source as the irradiation passes through the sample, it
gets absorbed and scattered causing a change in its spectral chara¢Md€liase 2003; Cozzolino et
al., 2006; Nicolai et al., 200.7This change is a function ¢ie structure ofthe sample,the moisture
content, the particle size,the temperature of the sample anmost importantly of its chemical
composition. The cell wall interfacemd suspended particlemifochondria, chloroplasts and starch
granules etc.are one of the major causes of irradiation scattering in fruitvegetablegMcGlone et
al., 1997; Lammertyn et al., 1998; Lammertyn et al., 2000; McGlone et al., 2002; Nicolai et al., 2007)
Large sets of overtones and combination bands along with complex chemical compositiam migguit
convoluted NIR spectrunwhich, if properly elaborated, may alloiw extract relevant informaticabout
the samplgMassart et al., 1988Yhe overtones can be considered as harmonics in which a series of
absorptions are produced by every fundamental as a multipieafency.Factors such as tissue
heterogeneityinstrumental noise, wavelength dependent scattering effects and ambientreffecise
the complexity of the spectra

To understand the concept of NIR one must be familiar with the phenomenon of ersengyiab in
the visible and midR regions. The followindrigure 1shows the electromagnetic radiation spectrum of

the visible, NIR and miR region.
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Figure 1. Electromagnetic radiation spectrum of the visible, NIR and midR region.

When the light energy and the material conte @ontact, energy is absorbed at resonant frequencies
due to atomic and molecular interactiptige electrons absorb energy and jump from a lower to higher
orbit, in the visible regionenergy is absorbed in the mIR region at the resonant frequenciestiy
boundedmoleculesvho vibrate in different directiadueto different movements agretchingbending
and rotationChemical bonds such as@ GH, C-N, C-O, N-H and OH can besuitably characterized
by using the midR region, after the sample is prepared to get sufficient light through it. Absorbance in
the NIR spectra mostly occur due to theHQ(water, alcohol), NH (protein) and €H (oils, fats,
hydrocarbons) chemical bonds wheras®someotherbonds exhibit overtones in the regidrhe part
of radiationthat isnot absorbed by the sample is in part reflectietiansmitte¢ithus,depending on the
instrument design and on the sample structlififerent applicationsusing reflectancefransflectane,
transmittanceandinteractancenay be developed.

For each acquisition mode, the position of the optical detector and the light source are d&éerent
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Figure 2) In case of the reflectance mode, the detector capturdigtiheeflected fom the surface of

the material and this technique is mostly utilized to detect the external quality features of the sample such
as shape, size, color, texture and defddiss mode is advantageous when less penetration is required,
for example, if the chermal to be analyzed lies just beneath the pedhasase of anthocyanin in
bluelerries. Diffuse reflectancenfrared Fourier transform spectroscogyused forpowdersamples

without preparation.

The transflectancmode is used for the measurement otsjaeof very thin and clear samples whose
characteristics are very different from that of fruits and vegetablégsmonstration of the transflectance
phenomenon is given in the Figure 2

In transmittance mode, the internal information of the samplajisiract the detector is placed in the
opposite directiowith respect tahe light source to capture the light transmitted through the sample,
hence detecting the concentration of materials or internal defects in the {&ctd@re and Fraser
2000) The region of 804100nm in the spectrum is usually utilized for diffuse transmission
measurement acquisition

The light source and the detector are parallel to each other in interactance mode, enhancing its
capability to detect deeper information of the sample with reduced surface effects. Interactance is
preferred over transmittance due to the reason thatléss effected by thickness of the sample as
compared to the latter for which a special set up is also required for preventing specular reflection to
enter into the detect@Nicolai et al., 2007)

Detector Detector
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Light
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Figure 2: Examples of reflectance, transflectance, transmissicand interactance configurations

2.2 Hyperspectral imaging
Hyperspectral imaging is a combination or integration of imaging and spectroscopic techniques for

the quantitative prediction of physical and chemical characteristics of the food samples asthes as

spatial distribution Researchers working on the ndestructive analysis of food are interested in

attainingspectral informatiopandspatial informationas to know a distribution of g@uality attributeor

of multi-constituers, or todetectsmall size objectsot visible in the RGBOut of these desired factors,

spectroscopyf taken alonéhas the capacity to measure spectral and +oottstituent information only

whereagonventionaimagingexclusivelyprovidesdataregarding spatial infenation and detectability

of objects with small sizeCombined hyperspectral imaging serves to provide information of all the

aforementioned factors simultaneoudifie spectral measuremdénte | | s us Owhat 6 i

whereasthe image providegs the answelot h e

t he

ent i

re picture,

guestion oOowhereodo; t
e (Wuaéndsua 20133 nd wher ed

he

at

S

Hyperspectral images consist astack of images of the same object at different spectral wavelength

bands, known as multispectral imaging, hyperspectral imaging and-siteatral imagingaccording to
the considered number of wavelengtiisectral range and resolutjqériana and Lu 2008)A spectral

cube isa three dimensional cube theontains spectral and spatial information simultaneously. The
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information of the wavelengths i.e. the spectral information, is contained in the form of voxels (vector

pixels) and the spatial information existsaitwo dimensioAmageof x rows andy columnsFigure 3

g

Wavebands (1)

.

Figure 3. Example of hypercube showingthes t a ¢ k o f(direensiomx g).e s

In this hypercube, each spectral pixel corresponds to a spectral signature (or spectrum) of the
corresponding spatial region, recording the entire measpeadrum of the imaged spatial poi(fgure
4). Therefore the measured spectrum indicates the ability of the sample in absorbing or scattering the
exciting light, representing the inherent chemical properties of a sample. As a result, the technology
provides us with unprecedented detection capabilities, which otherwise cannot be achieved with either
imaging or spectroscopy alartéyperspectral imaging techniques have received much attention for food
quality and safety evaluation and inspection. Many @gqgtes and applications have shown the
usefulness of hyperspectral imaging in the food indySmn2010).
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Figure 4. Reconstructed hyperspectral image and representation of the speztextracted by a

region of interest py Amodio et al., unpublished)

The imaging instruments used for the hyperspectral imagimgist of aight source,a wavelength
dispersion deviceareadetector andhen a storing device forutther processingrhelight sources are
different depending upon the type of samples to be tested and can be recognized as halogen lamps, light
emitting diodes (LEDs) and lasers. Halogen lampsyasstly used to illuminate thei¥NIR and NIR

spectral regions. The light emittjrdiodes are considered to dxeexcellent light source due to low cost,

small size, low energy consumption, low heat generation, robustness and insensitivity to vibration. Lasers
are also used as a light source due to the reason that they are direstionahromatic light sources

which are mostly used for the purpose of excitation in the application of fluorescence and Raman
spectroscopic measurements. The tunable light sources allow the direct area scanning to obtain both
spectral and spatial informati@f sample by setting the wavelength dispersion device in the illumination
light path instead of the imaging light path.

The wavelength dispersion devices contain filter wheels, imaging spectrographs, tunable filters,
Fourier transform imaging spectrometeand single shot imagers. The wavelength dispersion devices
disperse the broadband light into different wavelengths. The light is efficiently transmitted by the
bandpass filters at a particular wavelength whereas the light at the other wavelengthisasesli An
imaging spectrograph most commonly operates in the line scanning(figdee 9, instantaneously

disperses the broadband lightandifferent wavelengths using a diffraction grating and generates a
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spectrum for each point on the scanned. IP@nt scanning and area scanning are other exaraple
scanning mode(Figure 5. Detectors include charge coupled devices (CCD) detectors and
complementary metal oxide semiconductor (CMOS) detectors. They quantify the intensity of the
received light by coverting the incident photons into the electr@&1 and Sun 2013)

Detector "
Light
Source

A

® = il W
e

a) Point Scan b) Line Scan ¢) Area Scan

Figure 5. Types ofscanning modality

Hyperspectral imaging technique has been used to detect defect and physiological disorders as
bitter pit, bruises, surface defects and contaminations in applesf(iehl et al., 2004; Perital., 2005;
Xing et al., 2005;)and inpickling cucumber (Ariana and Lu 201®r the citrus fruit inspection (Molté
et al.,, 2010.), to predict the sugar contentritigtion in melons (Sugiyama and Tsuta 2010), for
measuring ripening of tomatoes (Polder and van der Heijden 2010), for quality evaluation of mushroom
(Gowen et al., 2010.), to monitor ripening lobananaRajkumar et al, 2012jo identfy hidden bruise

on kiwifruits and for many other applications requiring spatial information

2.3Chemiometric tools
Thepurposeof a NIR prediction model is telate the spectral information tbie learning samples to
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their quality parameters as measured using a reference meiffted the development and proper
validation, the model can be uskd further predictionof quality attributes of otherunknownsamples.

The extraction of relevant information from the acquired spect@uires a preliminary process
separate the chemical information from physical variafiobsained by applyingnathematical pre
treatments of specirsignals The spectroscopicsignalss u al | y ¢ oumwaatédreffedavhoch s e 6
may be due to instrumentation uded spectral acquisitigrchanges in various environmental factors
and signal variations due to sample natliree most commonly usedgireatmento remove scattering,
aremultiplicative scattercorrection(MSC), Standard Normal Variate (SNV), and Detrend ([8henk

and Westerhaus 1995; Heise and Winzen 2002; Naes et al., 2002; Nicolai et algrizD@&f)vatives
(Savitzky and Golay964).

The next step is the development of a calibration equatdioelatespectral to chemical featurésr
the prediction of quality parametedcs unknown sample@Williams and Sobering 1996; Guthrie et al.,
2005; Guthire et al., 2006Y.his process involves regression techniqueaddition tospectral pre
processing method8aardseth et al., 1996; Naes et al., 2002; McClure 2003; Cozzolalqg 2006;
Nicolai et al., 2007; Cozzolino et al., 2009).

The techniques used for this paose includePrincipal Component Analysis (PCAipear regression
methods for calibration developme(iartens and Naes 1989; Burns and Ciurczak 2GQi¢ch as
Multiple Linear Regression (MLR), the Principal Component Regression (PCR) and the Partial Least
Squares (PLS)PerezMarin et al., 2007).

The Principal Component Analysis (PCik)used to reducine large multivariate data into limited
number of independent factqiBuning-Pfaue 2003providinginformation about the spectra population
in terms ofvariables, sample distribution and abnormal sample detection. This tecisigneed to
describe the maximumaariability of the samplesby reducing the information contained in all the
variables to a limited number pfincipal components (PCs) which can be also used to detect sample
outliers (samples with differespectrabehavior).

Researchers prefer to involve contablle andeasyto-measurefactors to elaborateregulate, or
predict the behavior of responsddLR is used to convert data into information when the factors

(variables) are in a small numbeaving no significant redundanggollinearity) and also possessing
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good relationship to responsésin some cases where the number of factors are too large i.e. larger than
the number of observations, the MLR can give a model that fits the sample data well but will fail to
predict the new data, a phenomeno\kn as overfitting. Among these large number of factors, there
are only a few underlying factors that contribute to the tianan the response to a larggtent. The
purpose of the PLS is to extract these underlying factors, so that from these @faietors (Xscores)
the Y-scores anbe predictedThe regression model is then simplified as the relationship is concentrated
on the smallest possible number of underlying varialis is, in factused when the number of
variables (factors) is largend possess high collinearity, and when there is a need to take into account
the reference value of the parameter for each sample along with the spectral infofvkiastarhaus et
al., 2004) Herethe emphasis is on the prediction of responses rather than understanding the underlying
relationship between therPLS regression can be easily extended to simultaneously predict several
quality attributes. In this case the algorithm is called P{d&feset al., 2002)

Normally an internal validation (cross validation) procedaragplied to test the predictive ability of
the PLS(Shenk and Westerhaus 199%he collective calibration sampie divided intoseveralsub
groups (depending on the number of samples); once the equation is developed each validation group is
predictedby using the model built on the remainiggoups. This procedure also prevents model
overfitting (Williams and Norris 1987; Shenk and Westerhaus 13@%5ch would give poor results with
external calibration.

In Figure 6 are shwan therequiredsteps to build a calibration model

Sample Spectra Pre Algorithm Callibration & Intgfrrr)éztua}gson
Selection processing Selection Validation obtained

Fig. 6 Steps towards building a calibration model
The performance ahe calibration models then evaluated by comparing the following statistics as
the sandard error of calibration (SEGhe coefficient of determination between predicted and measured
parameters (B, thestandard error of cross validation (SECV) anefficient of determination for cross

validation ¢2) (Williams and Norris 1987)When a model is used for validation on external sample (test
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set), errors refer to predictigrerformancesnamelystandard erroof prediction (SEP).

Degite all this information,it must betaken into consideratiotinat errors arealways associated to
thechemiometric method and can be only partially reduthédse errors may lakie tosamplingsample
preparationand instrumental noise. Sampling errors are not a function of the underlying process but they
are the real errors which are significant cause of deviation in the measurements. The sample preparation
errors can occur during the various stages of the cheprmeess and errors in all these stagesoften
called6 u n c e r Instrumeritay rivise is another type of error that occurs due to the measurement
process or instrument because of the various factors influencing instruments such as the effect of
fluctuating voltages on filters and lamps.

For hyperspectral imaging the same kind of approach is used, normally acessing of the
hypercube is followe by the processingAmigo et al., 2013)asthe following exampledescribes the
data processintgp predict phenol distribution in table grapés.thefirst operation, image hypercube
need to be preprocessedh terns of spatial and spectral direction to eliminate undesirable noise to the
signals(Brereton 2007due to norchemical biases and reduce data set dimensions; this is normally
performed ly applying compression techniques and mathematicat@aéments to the spectra (a second
derivative in the example dfigure?).
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PREPROCESSING

Raw Data
T

Figure 7. Example of spectra preprocessing: (A) ravepectra and (B) spectra after Ad derivative

transformation (by Amodio et al., unpublished)

On transformed spectra a thresholding algorithm, normally based on a PCA, can be applied in order
to extract the spectral information related to the pixels of the dfbjecire 8).0n these spectiter the
preprocessingnultivariate methods can be applied dependimthe scope of the study. In this example
a guantitative model was applied, whereas qualitative moded alternatively used when a
discrimination among samples is the abjee of the image processing.PLS model relating spectral
information to reference values of phenols measured analytically was (Egjece 9).These modal
can be applied to further samples, including also the image of the whole bunch, as shiguneiri0
where the phenol content ispresented in a color m&rom 100 (blue) to 200 mg of &Bic acid.
Equivalent 100 g (red).
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THRESHOLDING
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Figure 8. Example of image thresholding based on PCfby Amodio et al., unpublished).

MODELLING

120

100 7

Y Predicted 1

i ]
@ Training set (Fit)
@ Test set (Prediction)

60 80 100 120 140
Y Measured 1

Figure 9. Example of output of a PLS model applied foprediction (by Amodio et al.,
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unpublished).

PREDICTION AND MAP DISTRIBL
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Figure 10. Distribution map of the phenol concentrations in the berries and in the stalfpy

Amodio et al., unpublished).

3. PREDICTION OF NUTRITIONAL CONTENT OF FRUITS AND VEGETABLES
Near infrared (NIR)spectroscopy was used in the science of agriculture for the first time by Norris in

1964 for measurement of grain moisture content. Since then this technique has been successfully utilized
for the measurement of moisture, protein and fat content of noadyaind agricultural producfPavies
and Grant 1987; Irudayaraj et &001) In the initid stage this technology was used mostly for the

measurement of dry matter (DM) content of oni@isth et al., 1985)soluble solids content (SSC) of
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apples(Bellon-Maurel 1992)and water content of mushroor{Roy et al., 1993)but at the moment
current applicatiopare quite different and include the estimation of nutritional compo(Bidens et
al., 1997) the single organic acidgnat et al., 2012and sugars detectiqRRady et al., 2015and have
been also usetd measure microstructure activities such as internal daf@daek et al 2003)stiffness

(Lammertyn et al., 1998)nd sensory characteristiokfruits and vegetablgdlehinagic et al., 2004)

3.1 Prediction of Water content
IR is strongly absorbed by water and this absorption treciddes the NIR spectrum (72300nm).

In high moisture foods with a water content ranging fror®@% the absorption bands appear in close
proximity to wavelengths of pure water (140010nm being the strongest absorption bafay.
guantitative analysisf food water content the NIR bands in the range$4ff01440nm and 1960
1950m are mostly appliegBuning-Pfaue 2003)During water content analysis, beside free water
molecules there are one or two OH groups engaged in hydrogen bonds which influence the NIR
absorption. Mixtires and continuum models are the two major classes of models to describe water
structure(Wicke 1976)

Onlya trace of absorption near 1430mwasobserved for free water band in dry frigtsch asoybean.

In pear flesh a sharp absorption band was observed at 1406nrdeinydrator which decreased in
intensity as the dehydration process proceeded. The NIR spectrum of potato is in the range of 1100
2500nm(BuningPfaue 2003)

EIMasryet al.,(2007) usedhyperspectral imging in visible and near infrared regions i.e. 4@M0OnmM
for the determination of moisture content (M@SCand pH in strawberrysing PLS and multivariate
calibration for spectral data analysitie research concluded that as the strawbeipesedhemoisture
content and relative reflectance in 40000nm domaiimcreasedFor MC the correlation coefficienR)
was 0.90with aSEC6.1 anda SEP of 3.

Rajkumaret al., (2012 investigated the relationship between banana maturity stage and MC using
hypespectral reflectance imagirfg00-1000nm) at three different temperatuoé£0, 25 and 3T and
developed a linear correlation between the two paramdtkeey also found out that moisture content
increased with growing maturitfhe coefficient of determination for MC was found to be 0.87.

Huanget al.,(2014 developed regression models to simultaneously predict MC and color of soybeans

during drying process using hyperspectral imaging techniguehich mean reflectance and image
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entropy parameter@elated tothe uniformity of pixel intensityin the image)were extractedAfter
establishing PLS modelg,was found out that reflectance data provided more reliable results than the
entropy dataThe correlation coefficient valued @0 xand RMSEP=4.7%vas obtained for MC
using reflectancdataas compared ttY 1o T @nd RMSEP= 9.2% using entropy data.

Pu and Sun (20)%used NIRS to show that the moistumethe central part of manduuit is lower
than in the surrounding flesh. For tpisgrposetwo lab scale HSI systems were used and it was concluded
that with the increase in MC the value of the mean relative reflectance decreased. Five feature wavebands
at908, 1076, 1153, 1405 and 1706 were used to develop PLS mod@ad showed best prediction
results withY 1@ xand RMSEP=4.6%.

3.2Soluble solids, acidity and assessment of the maturity stage
The soluble solids content (SSC) and total acidity (TA) can be predicted by using reflectance,

transmittance anohteractancenodes of NIRS and ViBIIRS. Good calibrations for different fruits can
be obtained using transmittance mo&eflectance modalsoreaps satisfactoryesultsfor the fruit
surfacewhich is directly illuminated by the sourcé&/ Andrew McGlone et al., 2003NIRS has
successfullypeenbrought to uséor thedetermination of theaduble solids conter((SSC)of many fruit
species aappleg(lyo and Kawano 2001; Gomez 2001; Zude et al., 2a0a)fruit (Ying et al., 2005)
mushraoms(Roy et al., 1993andcitrus fruit (Guthrie et al., 2005; Gomez dt,2006)

In case of tomatoes, SSMATA are major internal quality indiceontributingto theflavor (Kader
1984; Flores et al., 2009Floreset al., (2009 conducted a researdb predict the internal quality
parameters such as soluble solid content (SSC) and titrateloliey §TA) of the intact tomatoes
(Lycopersicum esculentumi | | . , ) fordwo candeeufivé year3his variety ispeculiar for its
distinctive darkgreencolor and forits shape;moreover,due toits salinity resistancé possesses an
exquisite flaor rarely found in other varietie§he study focused on the comparisontloé new
generation diode ray instruments with a laboratory scale NIR monochroifilagoharvested fruit was
stored at 1% and 95% RHDifferent wavelengthbandsand different pretreatments were used to
develop calibration models. The result concluded that the irregular shaped variety under study was

accurately predicted by NIRsing the spectra collected in the range of-2B00nmexcludingthe
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wavelengths abov&700nm as they were foundnnecessary for the application. The SECV for the
prediction of SSC was in the range of 0(b34°Brix and those of TA ranged in tveeen 0.06% to 0.1%
citric acid(Osborne et al., 1993; Lammertyn et al., 2000)

The soluble solid contents (SSC) of citrus fruits could be predicted by using partial least square (PLS)
and modified PLS (MPLS) models.

V. McGloneet al.,(2003 conducted a research to predict the SSC and T@itadis reticulata(cv.
"Miyagawa") known as Satsuma Mandarin using transmission, reflectance and interactance modes
within spectral window of 500-1100nm. Direct transmission mode with 7@80nm spectral window
gave most accurate SSC predictions withvRlue of 0.93 and RMSEP=0.32%. None of the three
measurement modes provided accurate prediction of TA and ihe@rexdictive ability achieva (best
values being R-0.65 and RMSEP~0.15%was afforded indirectly through a correlation with the skin
chlorophyll changes occurring with fruit maturitin a more recent study oSatsuma mandarin
reflectance in a window of 462350nmwas usedbtaining an RMSEP value of 0.16 and®n 1@ T
(Gomez et al., 2006)

Also other authorassessed internal quality parameténsmiandarin fruit for total soluble solidS$Q
and dry matter (DM). By applying modified partial least square (MPLS) model using5@0m
window in @ interactance spectroscopy with two scans they obtaindtl ah0.41 forSSCand 0.91 for
DM and RMSEP of 0.22% and 0.45% for the above attributes respectively, for 17 different populations.
They found out that the performance of the calibration model was very satisfactory for the prediction of
SSCand DM whereas it was unaccepgefor juiciness and TAGuthrie et al., 2005)

Cayuela (2008 predicted the SSC and TA in oranges by developing PLS models using NIR
spectrophotometer with a post dispersive reflectance configuration. According to these authors fruit
samples wer&ept at 20C for 24 hours prior to measurements. Destructive techniques were used to get
the values of SSC, TA and pH using digital refractometer, potentiometric titration of citrus juice and pH
meter respectively prior to spectral analysis. Spectra weltected in two spectral windows of
wavelength ranges 578)90.2nm and 1110842.2nm respectively. For SSC the effect of spectral
acquisition modalities on the efficacy of the model were also investigated and particularly by taking four

and two specttaneasurements along the friauator. The results were found to be more reliable for
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the prediction of the SSC and not very consistent in case of TA and pH because of the low level of these
parameters in citrus fruit. It was found that PLS models perforratdrithan the MPLS models with
the bestresults being 1@ yand an internal validation SECV of 0.41 forG&nd that the acquisition
of two spectral measurements gives better reasitempared to four spectral measurements. Moreover,
in this research the typitaliffuse spectra of oranges wei@ind in resemblance to those of Satsuma
mandarins bysémezet al.,(20086.
Someauthorsapplied hyperspectral imaging in the range-4000 nm to predict the SSC, TA, pH,
and DMin strawberries bgelectingg wav el engt hs f orm t he -coefficiei| e NI
of PLS analysis. Both PLS and MLR models gave same correlation coefficients of calibration i.e.
A A O x ARRTHET 3CB &1 8o ¢E1$0 (EIMasry et al., 2007)in the same work the imagevere also
used to classify fruits according to their maturity stage. The same techniques and spectral range (500
1000nm) was also used to predict SSC and firmness of blueblé&eiea-Valenzuela et al., 2013for
these highvalue cropsmplementing a sorting line faolublesolidswould, in fact be, highlglesirable
Schaare and Fraser (20006ompared the reflectance, interactance and fererce modes of
spectroscopic measurements for estimation of SS&ctiidia chinensigyellow fleshed Kiwiruits).
According to this research the interactance mode spectra were fagiad tbemost accurate results for
SSC estimation (also the resultsre valid for estimation of flesh coland density. SSCwere predicted
with aSEPof +0.80°Brix with correlation coefficient R0.93 Whole fruit densities and flesh hue angles
were also predicted Moreover on kiwifruits (Moghimi et al., 201Q) combined VisNIR in the
wavelength range of 460000nm and chemiometric techniqueptedict SSGand TA. The prdiction
performance showed values of 0.93 and 0.94 and RMSEP of2Rtix and 0.076 for both parameters
respectively.
Pu et al., (2016 studied the prediction o8SC, pH and maturity discrimination in lychees by
employing shortwave NIR in the range of 60000nmand longwave NIR in the range of 162800nm.
This research concluded that spectraliséhe longwave NIR regioperformed bter having values
Y 1@ yand RMSEP=0.93Brix for SSC andY 1 tand RMSEP=0.2%r pH.
Some studies reladd¢o hard gree mangos tried tindex the eating quality dhe fruitsin terms of

SSC(Subedi et al., 2007PLSR models were optimized (for second derivative of absorbance spectra)
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for SSC and DM in terms of short wave NIR wavelength rafijeSSCmodels showed al¥ ~ 1@ ¢
with SEP of 0.67 and bias of 1.25%.

Moreover another study bgRungpichayapichet ei., 2016)developed calibration models fiarango
ripening indexSSG TA, and firmness using diffuse reflectarggectra (70.100nm) and PLSR. It was
found out that using combined data of a few years for calibration greatly enhanced the prediction
accuracy. All desired parameters were very suitably predicted by establishing prediction models from
three year data wita'Y value of 0.9 and SEP of 1.2% f86CandY 0.74 and SEP=0.38% for TA.

Marqueset al., (2016 conducted a study for the evaluatiorhahd held NIR spectrometer based on
linear variable filter technology (LVF) for quality control analysis of madigonmy Atkin®by building
calibration models using PLSR for determination of SSC, TA, dtyeméDM) and pulp firmness he
spectrophotometer was found feasible to determine the quality parameters giving the coefficient of
determination values 0.92 and 0.50 for SSC and TA ré&spg; andRMSEPof 0.55Brix for SSC and
0.17% citric acid.

These techniques may alsea valid supporto enhance efficiency of cultivar breediag forapple
fruit phenotypes. Prstorageand poststorage(0.5°C, 6-:10 weeksNIR spectra of fruit wereecorded
and in the case @&SC and DM, the genetic correlation between observed and predicted performance
was as high as 0.9&r SSC and 0.95 for DNKumar et al., 2015).

Moreover adesired objectivef these predictive models is that they should be extended to as much
pre-harvesttonditions as possible, and therefore when testing differentieareeimulti-cultivar model
is often compared to individual ones as in the adggums(Louw and Theron 2010)These authors
developed multivariate prediction models usingMHRS (8002700nm) forSSC TA, weight, sugar to
acid ratio and firmness in three different cul
specific models had a better predictanditwast y c¢
concluded that multi cultivar naels outperformed single cultivar models ‘gnvalues.Bureauet al.,

(2009 used spectra &98 fruits from &ifferent cultivars of apricadt different maturity stagaopredict
a general model f@8SC, TA and other attributes and found a high correlfio8SC andl'A, whereas
other quality attributes were not satisfactopisedicted. Thesemodek were, in fact,applied for the

prediction of othe279 fruits gving a prediction errorfdess than 8% of fresh weight for SSC and about
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15% for TA. Yang et al., (2014 developeda robust modebn sugar beetvith 890 samples (820 in
calibration and 79 in prediction) over 28 varietrdsich showed coefficient of determinationalue i.e.
'Y for calibration models of sugar conteit0.908andRMSECYV of 038.

On the other side in some cases the variety discrimination is also important, and therefore there are
studies aimed to detect variety other than to predict other quality teiagior pears where the authors
discriminated 3 varieties by mesaaf hyperspectral imaging.{ et al., 201§ and artichokes where 2
varieties were correctly classifiedrfodio et al, unpublishgdThe results of this paper can be utilized
to develop simpldpw-cost and efficacious equipment in thether study.

In anotherstudy amedtodet er mi ni ng SSC and f1i6r npeseasddh o f
discriminateamong harvest datend maturity stage the autharencluded thator SSC, the model
obtained from validatiosetY 0 "Y'O 0p8t Y FR?> 1@ whowedbettemperformancehanwhen applied
on independent dataet 'Y ) "YOOp8t 1 PR? 1@ ) and that no segregation of the samples was
obtained for hevest season and maturity stgfymscimento et al., 2016)

Generally results on fruits demonstrate that soluble sotidn be pedicted with good accuracy
encouraging thenplementation of online systems to monitor this and eventually other quality attributes.
In this caseit shoud be considered that other acquisition alea may affect the final redslas for
instance the dtance fronthe light source and the position of the fastinvestigated on apple fruits for
the predictionof SSC(Liu et al.,2007) The apples were equilibrated by placing them &Cl&nd 68%

RH for two daysThe distances of 0, 2, 4, aBdnm were taken under considerativiariance analysis
was employed to obtain statistical analysis ofNHRS followed by development of calibration models
using PLS Best calibration model gavé 1@ tand SEP of 0.77The research concluded that the
different distances had different effect on the performance of the calibration models.

Moreover in casas of cut productsmodeldevelopedlirectly ontheslices can give better prediction
accuracy as found for sugbeet(Pan et al., 2015pr which SSC, moisture and sucrose conteas
predicted With the same ided,u et d. (2000 developeda modelafter acquisitiorto predictthe sugar
content and firmnesdinding that he prediction of sugar content for peeled apples was ltegerfor
unpeeled applesvhere the RMSHkhcreased by 0.1%Brix, on an averagé:lores efal. (2008)conducted

a study to access the SSC of the intact and cut melons and watermelons using a NIR diode array

24



spectrometefor data oftwo consecutive yearl case of cut melathe SECV was 0.6Brix and'Y

&) Pwhereas, in case of cut water melons, the values of above parameters wWeBeX).adth R? of

0.76 but some uncertaintyn the prediction results may be accepted for a crop like this, where the
prediction of intenal sugar content would be very valuable.

Generally for melonsthe variation of SSC along the longitudinal direction may kibe major
limitation in the robustness of the calibration moaegointed out foorange flesh netteahelon fruis
(Cucumis meld. reticulatus group). The research found out 8&Cin the outer mesocarp was 3 units
higher at the stylar end of the fruit compared with the stem endhat®8iSCin the inner mesocarp was
higher thann theouter tissugshowing higher uniformity aspatial positions. With increasing maturity
of the fruit, the linear relationship between the outer 10 millimeter and subsequent middle 10 millimeters
of thickness of tissue also varied as differehv&ues were observedffecting the performances diet
calibration model. So for these fruits this variability should be taken into account to set up a performing
acquisition setp.

In addition to SSC and TAIR spectroscopy have also been successfully used for prediction of sugar
and organic acid compaiin of fruits and vegetables.

The presence of glucose and sucrose in potatoes was predidiaiyet al. 2015)using visible
NIR spectroscopy. Each sample to be tested was a slice of 12.7mm thickness uniformly cut from all
tubers. PLSR demonstrated that strongly correlated models were built for glucose (correlation coefficient
as high as 0.97 faRusset Norkotaband 0.81 ford-rito Laybcultivar as compared to those of sucrose
which showed less correlation performance. The results depicted high classification errors for sucrose
(30% for RN and 34% for FL).

FernandefNovales et al., (2009 concluded NIR spectroscopy as a promising technique for
determination of reducing sugar content duringpgr ripening, winemaking and aging. NIR spectra of
146 samples were collected in the region of-8080nm. Spectra were interpreted and calibrations were
developed using PCA, PLS and MLR regression. The valu®s, @ECV and RMSECYV for the PLS
model in Ll spectral range were 0.98, 13.62g/l and 13.58g/l, respectively.

25



3.3Macro and micronutrients: vitaminsphenolic antioxidant activity
Despitethe high contentf water in fruis and vegetables, whose peaks predominated over the ones

of low concentration constituentausingreduction in prediction accuracgs their spectra may overlap
with water (Nicolai et al., 2007)nany stuees have been conducted to estimate the content of minor
constituents including phytochemicals

Research has been conducted dtingate thetotal antioxidant activity using infrared spectroscopy
coupled withchemiometric predictive models. In context of antioxidant activitiyared spectroscopy
has garnered interest duethe reducedime required fothe analysisthe enhanced precision aride
simple sample preparatigmo requirement foreagents and extraction stefias and Rasco 2012)
Various spectroscopic metholave in fact,beenused for the determination of the Vitamin C content
carotenoidsfolates phenols andgenerally forthe antioxidant capacityf fruits and vegetables, as also
for fiber conten. Liu et al.,(2015) Liu et al.,(2015)

Liu et al., (2019 used multispectral imaging in combination with chemiometric methods for
measurement of lycopene and phenolic compounds content in intact tomatoes and concluded that the
models developed with back propagation neural network (BPNN) tievdestperformance For
lycopene and total phenolic content prediction, the residual predictive content (RPD) warsd49%533
respectively.

Rungpichayapichett al., (2015 compared théNIRS and color measurememt t p r echrotene b
content inMangoand found out that long waveRIserved the prediction purpose better as compared to
the short wave NIRThe coefficient of determinatio @ and standard error of prediction of 1-1.6
20.2 retinol equivalentRE 100g* edible parEP were obtained by NIRS calibration.

De Nardoet al., (2009 declared attenuated total reflectance (ATR) spectroscopy combined with
multivariate analysis as a reliable and effective technique for rapid quantifichtionloy copene a
carotene in tomato juices. High performance liquid chromatography (HPLC) was used as a reference
method. Unique marker bands were shown by infrared spectra at 968omcardiene and 957chfor
lycopene. Multivariate spectral data aysaé gaver values of >0.9 between the ATIR predicted and
HPLC reference values. Standard error of cradilation (SECV) values of 0.5 and 0.04 mg/100g of
juice for -tapemeperagvenand b

Yanget al., (2015 used various models for the development of relationship between anthocyanin
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content in pericarp and HSI informationD3mages of lychee were acquired in the range of BEDNmM
from HSI system. For data dimensionality reduction and selection of optimal wavelength in relation to
anthocyanin content, successive projection algori(BPA) and stepwise regression (SWR) algorithm
was used. To develop a quantitative relationship between the anthocyanin cothergercarp and
HSI information in both optimal wavelength sets, radial basis functional neural networkNRBWwas
used o fuse together SRRBFSVR and SWRRBFSVR models.

FerrerGallegoet al.,(2011) measured the phenolic compounds ingtepes andrape skin using
NIR spectroscopy technique in the wavelength rarigel 002498nm.The ratio performance deviation
(RPD) was found to be 4.8, 2.1, 5.8 and 4.2 for anthocyanins, phenolic acids, flaasaddlayonolsin
intact grapes, respectively. RPD values for the same parameters in case of grape skin were éound to b
4.4,6.313.6, and 12.7 respectivelyhd@ study concluded that in order to obtain best rethdtsise of a
fiber-optic probeas recommended fadirectly recording the spectra of intact grapes
Hyperspectral imaging and FYIR have also been used toegdict phenolic content and antioxidant
activity of freshcut artichokes, with FNIR giving more accurate results particularly fteepok which
were predicted with an RMSE#H 18 mg/100g (Amodicet al, unpublished).

Ignatet al., (2012 conducted a study to natestructively estimate the ascorbic acid content of
bell peppers during various stages of growth in reflectance mode obtainiNR/ig77-950nm) and
NIR (8501888nm) spectra. The destructive analy$isot he t hree cul tivars sho
variety possessed the highest content of ascor
6Celicad. The PLS models predicted the asonorbic
error of 15.118.9mg/100g (RPD=2.4).In the same way another work evaluated the ability of NIR to
predict ascorbic acighlorophyll aand b,and total phenolic compounds time exocarp anamesocarp
tissues, respectively of summer squash concluthag NIRS could be used foscreening purposes
(BlancoDiaz et al., 2014)

Pissarckt al.,(2013 collected the spectra of three ditet varieties oépples collected for three
consecutive years in the range of 4EDONm using NIR reflectance mofie the prediction of Vitamin
C and polyphenolic contenthe research concluded that good prediction precision for vitamin C was
achieved ging NIR with a SEP of 4.9mg 1089 FW and? @) In case of total polyphenol content
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these values were obtained tol#®ug gt FW and2 T80 T Thereforethe quality of the apples was
successfully predicted using NIRS.

Also for nutritional compounds IRl spectroscopy can be used to screen different genotypes with
the purpose of selecting cultivar with high nutritional values. One example is a study on Cassava root
where more than 3000 samples were used to predaitcarotenals,a n dcarbteneand dry matter,
with determination coefficients higher than 0.92. In the same $tlid$ also distinguistéd theroots
with high or low cyanogenic potential (R2: 0.86).

Sindli et al., (2008 developedredictive modeldor blueberryto evaluate the content of total
phenols (RMSEP = 0.18mg catechin/g), total flavonoids (RMSEP = 0.25mgcatechin/g) and total
anthocyanins (RMSEP= 0.22mg catechin/g), whereas for ascorbic ad&l performance were lower
Also for nutritional compounds NIR spectroscopy can be used to screen different genotypes with the
purpose of selecting cultivar with high nutritional values. One example is a study on Cassava root where
more than 3000 samplegere used to predidbtal carotenals, and b-caroteneand dry matter, with
determination coefficients higher than 0.92. In the same stid$ could also distinguish roots with
high or low cyanogenic potential {R0.86).

Research work has also been dameredict the fiber content in various cereal products, barley
cultivars and Brazilian soybean (Kays and Barton 2002; Kays et al., 2005; Ferreira et al., 2015).

Ferreiraet al., (2019 accessed the total dietary fiber in ground Brazilian soybearmoying
FT-NIR spectroscopy in the range of 162800nm using diffuse reflectance. The best prediction results
were obtained using PLSR model and thevRlue was found to be 0.80 twia RMSEP=0.86,
conforming the reliability of NIRS technology for accurate prediction of total dietary fiber

Moreover fiber content have been predicted on ground ceralgs et al., (2005 investigated
the total dietary fiber (TDF) content of barley cultivarsngsNIRS reflectance and transmission modes
for whole polished and grounded graif®r polishedvhole grains, MPLS models were developed in
the transmission spectral range of 88R8nm obtaining SECV of 10.4 and Wlue of 0.82. In case of
ground barleysamples, reflectance spectroscopy was employed in the wavelength range-2#9404
nm gettingoetter prediction witlSECV of 5.2 and an#%f 0.96. Hence, the reflectance mode gave better

results than the transmission mode due to enhanced amount of information in the wavelength region
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utilized. Also Kays and Barton (20Q2used the NIRS to predict the soluble and insoluble dietary fiber
grounced cerealslt was concluded by the research that insoluble didtbers were predicted more
accurately as compared to the soluble dietary fibers. The values of SECV fordriRoluble dietary

fiber were 1.5% and 0.98, respectively, whereas the same values for soluble dietary fibers were 1.15%
and 0.82.

Beside the pplication of spectroscopy on intact fruits and vegetable these techmgyedso
be usedas desuctive methods on juices, pastes and powders made from horticultural prodocts
chemical tissuesxtracts prepared as in the conventional analyticahoakst since even in this wéye
measurement of nutritional contembuld be much faster and less expensive (in time and resources) than
the conventionateferencemethod. Interesting results on fruit paste have been reported for profiling
tomato carotendshaving good accuracy fércarotene content( 6 ¢of 0.89 and RMSECV=0.174ug
gtand forall-trans lycopene content{ 6 «w 18 uand RMECV=6.88ugd) (Deak et al., 2015)

Bureauet al., (2013 tested attenuated total reflectarf€l-IR on 284 and 483 samples from two
successive years and of different cultivars possessing large phenotypic variability. Homogenates of all
peach fruit samples were also analyzed using ATHR three methods were used to determine sugar
and organic adi composition, namely, colorimetric enzymatic measurement (ENZ), high performance
liquid chromatography and proton NMR spectroscopy, concluding that ENZ reference data provided best
correlation with ATRFTIR data, with best results giving RMSECV in rangé &-8.7% for SSC and
5.9-8.0% for TA.

Yang and Irudayaraj (2002sed six different spectroscopic tejues capable of detecting the
vitamin C content in powdered mixture and solutions of foodpmadnaceutical products by comparing
the efficacy of NIR (0.988), FNIR (0.992), FTIRATR (0.999), diffuse reflectance (DRIFTS) (0.976),
Fourier transform infreed-photoacoustic FTIFPAS (0.988) and FT Raman spectroscopy (0.95). Overall
prediction error ranged from 0.2 to 3 with best results obtained when usihiRFand FT Raman
techniquesAnotherexample regaidg the prediction and localization of glucosiatds on freezdried
broccoli by meas of hyperspectral imaginglemonstratedgood potentiality on these samgle
(Hernandezierro et al., 2014).

29



4. CONCLUSIONS
Furtherresearch perspectivesthis fieldshould be focused on simplifying existing models reducing the

number of wavelength in order to facilitate the implementation of online sorting systems based on
nutritional content and on exploiting the possibility of using these techsiiqudevelop new methods

for unexplored nutritional compounds and over a largaber of species and cultivar, also to assess the
impact of pre anghostharvestactors on the fate of these compouridereover also thescopeof using
spectroscoip technique to assess nutritional contesn fruit extractsprepared as for the conventional
analyticmethod would be an interesting perspective to reduce the time of measurementsadad to

to conductthe analysisvithout having a chemical laboratory with sophisticated equipment and expert
technicians.

Finally, in this chapter the use of these technigasesa classification methods wenet deeply
commented, since the focus was on quantitative methods, but classification algorithms may be applied
to discriminate fruits and vegetable for their origins, includilep the growing practices or for quality

discrimination with a particular regard to their nutritional quality
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1. NEED FOR IMAGE ANALYSIS
With the rapid changes in lifestyles in theodern era, the demand for the healthy, safe, nutritious,

authenticated and fresh food products have boosted in the past few decades. The consumers prefel
convenient, ready to eat (RTE) and high quality food products with known origins. Moregaegnass

and concerns of the modern food consumers regarding food fraud, safety scandals and a globalized food
production have oriented the research in food industries to develop standards for effectively
interconnecting the systems of food production and distab(Trienekens and Zuurbier, 200&ood

fraud and adulteration, are becoming highly sophisticated, vitalizing the need for high standard control
on an increasing number of samples. As for fresh fruit and vegetable, paodluenticity is the major
concern both from consumer and processors who are concerned about unfair compétisonarket

(Reid et al., 2006)Location oforigin, varieties and system of production are some of the production
factors that need to be certified. Different labels in Europe, are intended to protect the geographic
provenience of a product, recognized for its peculiar characteristics, or useadical@gr farming

method; the most important among them being, the protected designation of origin (PDO), protected
geographical indication (PGI) and traditional specialty guaranteed (TSG). Higher price is in fact paid for
the guarantees derived from thdabels, as for social certification of sustainable production or for
organi@lly produced crops, thus increasing the risk of fraldish the rising demand of the fresh cut
produce, the food processing industries are orienting their research towandg Vuagis for the rapid,

cost effective, reliable, nondestructive and low environmental impact techniques for the assessment of
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quality, adulteration and origin of the food products.

Traditional techniques, used for food authentication rely on the detagtitvace elements (element
profiling) and isotope ratio, particularly important for the authentication of geographical origin and
growing system, since plants derive their composition from the soil and the production system applied
and also the ratio of @ble isotopes varies with climatic conditions, geographical origin, and soil type.
Moreover, raresarth elements are directly linked to the geology of the area and are a powerful
discriminatng factorfor geographical origin. Liquid and gas chromatografilty and GC), eventually
coupled with mass spectroscopy (MS), Nuclear Magnetic Resonance (NMR), Isotope Ratio Mass
Spectrometry (IRMS), Multi Collectdr Inductively Coupled PlasmiaMass Spectrometry (MGCP-

MS), Thermal lonization Mass Spectrometry (TIM8)uctively Coupled Plasmislass Spectroscopy
(ICP-MS) and Inductively Coupled Plasrddomic Emission Spectroscopy (IEAES) are used for food
authentication. Molecular tools as Polymerase Chain Reaction (PCR) are used for species and cultivar
differentiaion, for detection of Genetic Modified Organism (GMO) but also in other fields related to
food origin and production.

Since the conventionalestructive analysisiethods are time consuming, expensive, targeted and labor
intensive theradfre, the nondestative methods due to their reliability, rapidness and cost effectiveness
are gaining popularity in the food industry with widely developed methods for the classification of fruits
and vegetables, origin and variety, defect detection and internal compg@sédatiction. Rising concerns
regarding the nutritional composition led many research works to evaluate the feasibility of the spectral
profiles in the visible near infrared range (AN$R), near infrared range (NIR) and hyperspectral images
(HSI) for predction and mapping of desired compounds in fresh produce. These techniques hold
significant advantages over the chemical analysis since the chemical analysis are more time consuming,
costly, adversely impact the environment, need careful sample preparadioaquire skilled personnel

to yield expected results. It is important to mention thatcehestructive techniques cannot completely
replace the conventional methods but can serve to assist these techniques saving time, expenses an
labor. On the otherdnd, the nofdestructive methods need no sample preparation once the model is
developed making the prediction process quick. This chapter will focus on the nondestructive techniques

with special emphasis on hyperspectral imaging for the quality assessrttentresh produce and will
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present a basic introduction of the nondestructive image analysis techniques.

2. IMAGE ACQUISITION METHODS IN FOOD TECHNOLOGY

2.1 Relationship between images, spectroscopy and hyperspectral imaging
Computer visiontechnology ses variousimage processing routinesence providing a reliable

alternativefor the transition of industrytowards automatianA computer vision system typically
comprise an illumination system connected to a personal computer further in connectidectnitae
and mechanicatleviees which operate as an alternative for the replacement of human manipulative
efforts in process management and performgBeeand Sun, 2006 But there are a few limitations
associated with the computer vision technology to be used for industrial applications, since they are only
confined to the measurement of external attributes and are unable to define the internal features. Modern
food indwstries require systems capable for the classification of the products having similar appearance,
guantification of internal/chemical quality attributes, and detection of invisible internal defects.
In this regard for the measurement of optical properties based on reflectance, absorbance and
transmittance modes, of the food products, using spectral devices have proved to be very reliable for
evaluation of internal quality attributes, classificatiod defect detection. Most commonly the spectral
devices measure the ultraviolet (UV), visible (VIS) and near infrared (NIR) regions along with their
combinations in the electromagnetic spect{mas et al., 2010)
The energy released or absorbed by charged patrticles is knowactasmeagnetic radiatiomhich
possesses electramd magneti¢ield components which oscillate (troughs and crusts) perpendicular to
the direction of the energy promgn as well as each othdihe distance between two adjacent crests
or two adjacent troughs is termedwavelength This electromagnetic radiation is associated with a
particular wavelength rangermeda s O el ect r o m&spaFegure ). Thefearantagnetio
spectrum is divided into seven major regions starting from higher frequency to lower frequency and
difference in the size of the waves, since frequency is inversely proportional to the wavelength (Equation
1). Among these regionid humareye can only detect 300nm of the electromagnetic field with bare
eyesi.e. in a range of 46@00 nm known as the visible region.

v Q (Equation 1)
Where,v is the speed of the wave (3.0£1fis? in case of vacuumy, is thefrequency andxis the

wavelength. Quantitative and qualitative analysis of various materials are conducted on the basis of the
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interaction of the light photons in tledectromagnetic spectrum withe molecules of various materials
under study.Therefore,in the food and agriculture industry the assessmentasifous physical and

chemical properties of products is carried out on the basis of this interaction

gamma ray ultraviolet infrared radio

X-ray “visible microwave
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400nm  700nm
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Figure 1. The Electromagnetic Spectrum
An image can be defined as a two dimensional fundtibq y) wherex andy represent the spatial
coordinates and the amplitudefadt any given coordinat&, y)is called the gray level or intensity of
the image at that point. Each digital image comprises of a limited number of valpieglseach of
which is located at a particular place along with a value assigned. Color images are formed by the

combination of two or more-B images such as an RGB (red, green, blue) image (see Figure 2).
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Figure 2. Coordinate convention for a simple 2D spatial gray scale image and its matrix
representation
In Figure 2 the 2D digital image conceptual representation is showf(xaglis by definition a digital
image itself and whereas the array represents each element of the image known as imaggpietansent,
element opixel
Hence a gray scale image provides the intensity of reflected light over a single band from the
electromagnetic spectrum. On the othand,a color image constitute intensity over the red, green and

blue bands of the electromagieespectrum. HSIs are composed of multiple continuous bands over a
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specified range of wavelengths possessing different resolutions in the electromagnetic spectrum.
Increasing the number of bands enhances the capability of the image to carry more wrorivei
purpose for the development of the HIS systems was to integrate the spatial and spectral information to
obtain desired results which would not have been possible neither with spatial nor spectral techniques, if
used individually.Since, the spectsaopy techniques alone provide the spectral information resulting
from the interaction of photons of light with the molecules of the material under study as reflected
intensity at different wavelengths hence formulatingge x p 1 i ci t 6 f i rdacewhgreastiet 6 o
imaging technique provides spatial and temporal information in a 2D space. Integration of these two
techniques results in a formulation of 3D data cube with the spatial dimensions alongrtte

coordinates and a spectral dimension glthrez coordinate (see Figure 3).

Absorbance

Wavelength o X

Figure 3. Phenomenon for the formulation of hyperspectral cube whereandy are the spatial
dimensions andarepresents the spectral dimension

Hyperspectral imaging technique has proved to be reliable, rapid andrécah@roviding elaborative
analysis results with the spatial dimension representing the spatial distribution of the chemical
compounds in the food products along with the spectral dimension representing the type of chemical
compounds present in the spaen under consideration. Simply stating, the spatial dimension. Image
processing and analysis is an integrating approach of the principles of mathematics, computer science
and programming resulting in the enhancement of the systems performance to sealeiaiesamples
per second rather than several seconds per sample. Table 1 provides a brief picture of the major
differences between imaging, spectroscopy and hyperspectral imaging.

Table 1. Overview of differences between imaging, spectroscopy ahgperspectral imaging
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Analysis Goals Imaging Spectroscopy Hyperspectral
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2.2 Basic Terminology
Proceeding further a basic introduction of the commonly used terminology including important

expressions, definitions and technical information regarding hyperspectral image analysis is inevitable
to highlightthe differences and grasp the concepts efficiently.

2.2.1 Spatial Resolution

The spatial resolution of an image is defined as the area in the image that is representquixeyaine

a 2D image, mentioning more precisely, the spatial resolution refdteetaumber of pixels per unit

length. Hence, in case of the hyperspectral images, the size of the smallest object that can be observec
by the sensor on the sample as a distinct object refers to spatial resolution. Higher the spatial resolution
themore déail the image carries.

2.2.2 Spectral Range

The number of wavelength regions in the electromagnetic spectrum covered by the hyperspectral
imaging device is called the spectral range. Modern demands of chemical imaging and agricultural
product analysis ha& led manufacturers to develop hyperspectral imaging devices covering different
wavelength ranges of the electromagnetic spectrum depending on the types of analysis. In case of food
analysis, the most commonly used spectral ranges are ultra violet (Q0/380nm), visible range (Vis)
(380-700nm), Visible near infrared (\ANIR) (400-1000nm), and the near infrared (NIR) (8DD00Nnm)

ranges. For more sophisticated applications, the devices in the short wave infrared (SWIR) range (900

2500nm) have also beeleveloped but usually for the food applications near infrared1800nm) is
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most commonly used.

2.2.3 Spectral Resolution

It is the measure of the narrowest spectral feature that can be resolved by the spectrograph of the
hyperspectral imaging device the electromagnetic spectrum. Hence, the ultimate capability of the
spectrograph in separating the two adjacent monochromatic features emitted by a particular point in an
image refers to the spectral resolution. The magnitude of the spectral resolutedatasl to the
wavelength dispersion of the spectrograph as well as thenee and exit aperture sizes.

2.2.4 Band Numbers and Band Width

The number of bands usually can be referred to the number of images or number of wavelengths stacked
to form asingle hyperspectral image. In other words, in case of a multispectral image the band numbers
are usually lower (>10) referring to the informative images at certain wavelengths while in case of the
hyperspectral images the number of spectral bands mag fiaamg 100250 depending upon the type of

the hyperspecal imaging device being used.

2.2.5 Signal to Noise ratio (SNR)

The ratio between the measured radiance by the hyperspectral imaging device and the noise created by
the electronic components adetector of the imaging system is defined as signal to noise ratio. In other
words SNR is a comparison of the level of signal desired to the level of background noise, hence, higher
the ration the lower the interference of the noise. In case of the pgpeed imaging the SNR is
wavelength depended due to the reason that a decrease is seen in the overall radiance over the longe
wavelengths along the electragnetic spectrum.

2.2.6 Spectral Signature

Spectral signature can be defined as the patterriecfremagnetic energy reflected, absorbed or
transmitted at a specific wavelength. All the materials possess distinctive chemical, physical and
biological features that can be distinguished by observing the patterns of the reflection, absorbance, and
emittance of light or electromagnetic energy at specific wavelengths which is the basic fact exploited by
the hyperspectral imaging. This feature is known as spectral signature or spectral fingerprint. Each pixel

in the hyperspectral image has its own spesigaature.

2.3 RGB Imaging
Color playsa significantrole in human visual perception as well as in computer visitwousands of
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color shades and intensities can be discerned by the human eyes compared with approximately 24 shade:
of grey. Natural sages are recognized bgmputer visiorbased on color informatioolor plays a role

of an important descriptor in automated image analysis for simplification of obgdtfication and
extraction from a scendhree factors are responsible for therceved color of objects: the spectral
reflectancefrom the sampléhow surfaces reflect coloriptensity ofambient illumination (the color
content of light shining on a surface), and the spectral response of the sensors in the imaging system
(Gunasekaran, 19963 tremendous amount of spatial ragadn is offered by alor visionthat is useful

for the quantification otheingredientcolor distribution and surface texturea food systemrlhere are

two major categories afolor image processinfiystly, full-color processingvith the images obtained

from a full-color sensor; angsecondlypseudecolor processing, whiclorks by the assignment of each

color shadd¢o a particular monochrome intensity or range of intensities.

Three primary colors red, green, and blue (RG&)sttute the color combination of the photographed
image Thisis known asadditive color systersince if equal amount of threelors are combined, they

form white.Color images can be created bgqing red, green, and blue filters over individual pixels on

the image sensarhich in most cameras is a charge coupled device (Cl@2ypolations used bythe
camerdor the computation aihe actual color of each pixel by combining the color it captured directly

throughthefilter with the other two colors céyred by the pixels around(FEigure 4)

R G B R G B R G B

Filter

Full color image

Red individual color image Green individual color image Blue individual color image

Figure 4. Working principle of RGB camera (Snsorred, green and bluecolor filter ed pixels

separatelyand full color image)
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Currently development of som&martphone applicatior@se also under progress to ascesrtain color

related quality attributes. The devices that contain a charged coupled detector (CCD) usually use RGB
coding in which the pixels are coded in the red, green and blue channels in between a re2fsfe of O
where 0 refers to black while 255ees to white These images can also be represented in other systems
by conversion of th®GB variabledo other coloispacesuch ad.ab (or CIELab), where L represents
lightness, and a and b matetvariations from red to greamd yellow to blue; HSVHue, Saturation,

Value) a glindrical-coordinate system which is a representation of human viSiGBCR, used dr

luma chroma JPEG conversiomhere yrepresents theiminance component and both CB i the
chromatic components a@MYK (cyan, magentayellow, key), which is used usually in color printing.

2.3.1 RGB model

Everycolorin an RGB model is representedits primary spectral components of red, green, and blue
based on a Cartesian coordinate systewhich the cubicatolor subspacef whichis shownin Figure

5. In this case th&®RGB primary valuegan be seen at three corners whlile secondary colorgyan,
magenta, and yellowormulate the rest of thiéaree cornersthe black color (value 0) lies at the origin

and white(value 255)is atthe corner farthest from the origin. In this model, the gray scale (points of
equal RGB values) extends from black to wiiiten the RGB values (0, 0, 0) to (255, 255, 258)e
different colors in this modeare basically defined with the help of vectexsending form the origin and

can be seen on or inside the cBenzales and Wintz, 1987).all R, G and B possess zero values then

the resulting color is black and when all these color values are maximum i.e. 255 each, the color in this
case is whiteUsually in computewision systers, eachthe basecolor intensitiespossess 8 bits of
resolution hus, representing each point in the imalge 24 bits of dataMoreover for obtaining
information on any point in the imaganalysis of all 24 bits of dataust be don¢Gunasekaran, 1996).

Also Figure 5 shows the splitting of an RGB image of grape wine leaf into separate red, green and blue

colors.
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Figure 5. Schematic diagram of an RGB color cube and splitting of an RGB image of
pomegranates into red, gree and blue

2.3.2 CIE Lab color model

This color spacevas created by the International Commission on Illlumination (CIE) in 2881was
one of the first color spaces mathematically defifted also known a€IELAB color model CIE L*a*b
lies among thecolor spacesvhich werederived from CIE XYZ space in 1976 L*a*b* color model
the color is determined with respect to fhsition ina 3D color spaceAll the colors visible to the
human eyavere describe@ndthe creation of this model was aimed atving adeviceindependent
model. The Hunter and the CIE L*a*b* modelse the following parameters, namelghtness
represented as LBlack color is yielded by ab* value of Owhile an L* value of 100 ndicates diffuse
white. In this casea* represets the Chromar positionof a color between red/magenta and gregn
valuewith a negative sigmdicates greencolor while magentas indicated with a positive valué*
shows the position of theolor between yellow and blue. Negative valarshis caeindicate bluecolor

and positive values indicate yellawlor.
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Figure 6. Schematic diagram of CIE Lab model and conversion from the RGB image of
pomegranates to CIE Lab model

2.3.3 HSV model
The HSVmodelis composed o8 componentsjamely huesaturation andalue.In cases where value
is substituted by brightness the model is nameH$B. In this model the resemblance to the human
color perception is higher as compared to other additive and the subtractive adgds.mechnically,
in CIECAMO02 modelthe hue,saturation andrightnesshas been definetHueis defined ashe degree
to which a stimulus can be described as similar to or different from stimuli that are described as red,
green, blue, and yellow (the unique huésensityon the eher hand is theotal amount of light passing
through a particulaarea and aattribute of a visual sensation according to which an area appears to emit
more or less light is called brightness. Tirgghtnessthat is relatedo the brightnessfaa similaly
illuminated white is called lightness valudoreover, theattribute of a visual sensation according to
which the perceived color of an area appears to be more or less chr@meited colorfulness
Colorfulness is the degree of difference betweeanlar and grayFurthermore, saturation is defined as

thecolorfulness of a stimululative to its own brightness.
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Figure 7. Schematic diagram of HSV model and conversion from RGB image of pomegranates to
HSV color space

2.4 Hyperspectal Imaging, Hyperspectral Data ad Multispectral Imaging
Hyperspectral imaging has proved to be a reliabksmical or spectroscopic imaging analytical taol,

a variety of fieldssuch as agriculture, pharmaceuticastronomyand medicine.This emerging
technique $ an integration of imaging technique and spectroscopy, attaining both spatial and spectral
information simultaneously in a data cublgperspectral images consist of a stack of images of the same
objectover a large number of contiguous wavebands for spelial position for a targeted study
formulating a 3D data culi®iwan P. Ariana andtlu, 2008) Since each pixel possesses its own spectra,
these can be useful for the characterization of the composition of that specific position and the spatial
images provide the surface feature information. The composition of the sample under atosidan

be accessed by the spectral dimension whereas the spatial dimension helps in visualizing the location of
a particular chemical compound, and both spectral and spatial dimensions integrated together provides
an answer t o Awh adsamaptedhe gekired cengpoundnexfitshaed Surg 2013a)

Voxels or vector pixels contaihé spectrainformation whereaghe spatial informatiors contained in
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an image with two dimensions havirgows andy columns In the hypercubeshown in figure 8 each
spectrakignature belongs topxel that corresponds to a speciigatial regionywhich records the entire
spectrum of the measured spatial pixels. Hetieeresulting spectrum form an image is measured as the
capability of the sample for scattering or absorbing ofetk@ting light,simultaneously presenting the
characteristic chemicahformation and hence in this way the spatial images can be usattdiming

surfacefeature information.

False color image

Spectrum

Figure 8. Hyperspectral image of fresh cut fennels and spectrum of a pixel

2.4.1 Components of Hyperspectral imaging system
Instrumentation plays a basic and important role for the acquisition of high quality @aolerel

hyperspectral images. The selection of the components, setup design and calibration of the images require
a background knowledge of the configuration of the hyperspectral imaging devices. The integral
components of hyperspectral imaging devices ataion source (light), devices for wavelength
dispersion and area detectors.

Light sources are aimed at excitation or illumination of the sample constituting an essential component
of the optical system. In this regard the halogen lamps, light emditiales (LEDS), lasers and tunable

light sources are most significantly used. Halogen lamps Breadband illumination source and are
frequently utilized in theisible and neafinfrared spectral rangeSsually, atungsten lamp filament is
enclosedn ahalogen gas filledjuartz glass bullor the formulation of a halogen bulb or source. At

higher temperatures the filament producesrmandesent emission generating a light source as an
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output In this case, thadhtis a smooth continuous spectrumthevisible and the near infrared regions
without having anysharppeaks(Wu and Sun, 2013bHalogen lamps have been used in the food
applications as illumination sources for external and internal information acqui&XiBnAriana and

Lu, 2008 Wu et al., 2012Amodio et al., 2017)But in case of halogen lamps few drawbacks exist such

as, a shorter life span, rapid heating, voltage fluctuations effecting output stability and sensitivity to
vibrations. On the other handethEDs can produce a narrow band light in different wavelengths of the
ultraviolet, visible and near infrared regions along with producing high intensity broadband white light.
LEDs are also prone to voltage fluctuations, temperature and certain inies1s&y have been observed
compared to halogens since LEDs have comparatively lower intensity and grainy light is produced by
increasing the number of LEDs in bulbs. Presently, LEDs have not been frequently utilized in the food
analysis research and aredievelopment phase. Lasers are monochromatic sources of light mostly used
in Raman and fluorescence applicatigiang et al., 2012JiménezCarvelo et al., 2017)The major
characteristics of laser light are monochromaticity, directionality and coherence. In case of tunable light
sources, between the sample and the light source, a dispersion device is used vksicnwte basis

of area scan mode and not used for the line scanning and point scanning. These light sources due to weal
illumination are not suitable for the conveyor belts used in food industries.

An integral part of the hyperspectral imaging systeroisprised of wavelength dispersion devices
which are used for dispersion of the broadband light into various wavelengths. The most commonly used
wavelength dispersion devices include filter wheels, imaging spectrographs, liquid crystal tunable filters,
Fourier transform imaging spectrographs and single shot imagers. In this chapter only the imaging
spectrographs will be emphasized since they are most commonly used with the line scanAsystem.
imaging spectrograpbomprising diffraction gratings is usedr fihe dispersion of the broadband light

that is incident on the sample inddferent wavelengthand generates a spectrum éach point on the
scanned lineEqually spaced transmitting or reflecting elements separated from each other by a distance
in order of light wavelength under study formulate a diffraction gratiRglmer, 2005) Image
spectrographs are basically divided into two major categories named transmission gratings and
reflectance gratings. In case of transmisgj@iingsthe grating isuperimposed on a transparent surface

while as the name indicates, in case of the reflectance grating the surface is reflective with a grating
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superimposed on it. Figure 9 shows the flowchart diagram of the components of a common push broom

(line scan) hyprspectral imaging system.

Collimating
opfics

Spectral —

Objective
optics

Y /
\< Dls;;ersing
Scan line element
Entrance slit
Figure 9. Optical chain of common push broom imaging spectrometexdapted from( De |l | 6 End i
et al., 2009)

The transmission grating is seldom used due to limited properties of the resin and limited operability at
higher diffraction angles. Therefore, reflectance gratings are most commonly used which possess greater
advantages over the transmission grating ssdhigh quality images with low distortion and larger field
size(Bannon and Thomas, 2005)he components of a reflection grating comprises @araranceslit,

two sphericamirrorsthat are concentri@ convex reféction grating that iaberrationcorrectegdand a
detector. As soon as the light ray enters theislig,reflected to tl reflection gratindpy one of thewo

mirrors resulting in the dispersion thfe incidembeam in a way that the directiontbé light propagation

is a function ofits wavelength(Sun, 2010) The other mirror reflects this dispersed light towards the
detector forming a continuous spectrum at different pixels. The reflection spectrographs provide a high
signal to noise ratic/N and perform well in low light conditions.

Area detectors convert the incident light photons into electrons and hence quantify the intensity of the
light acquired. In hyperspectral imaging systems the most commonly used area detectors are charge
couped devices (CCD) cameras comprising of photovoltaic semiconductor devices. These devices are
semiconductor components for exploiting the semiconductor properties such as Silicon (Si), gallium
arsenide (GaAr) and germanium (Ge). Due to their low cost,egmanpe range and simple processing
silicon is mostly used in semiconductor devices. In most spectral imdgingesthe semiconductor

line or area arrays used are silicon (Si), indium gallium arsenide (InGaAs) and indium antimonide (InSb)
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most commonlySilicon (Si) arrays possess sensitivity towards a wavelength range fre@0800hm

while for the longer wavelengths (168000 nm) the indium antimonide (InSb) and indium gallium
arsenide (InGaAs) are sensitive (Figure 10). For sensitivity optimizatidififerent wavelength regions
instruments are developed with overlapping detector elements with cooling arrangements especially for
the near infrared regions for the reduction of the dark current enhancing the efficiency of the

hyperspectral imaging deés.

InSb Detectors (1000-5000nm)

InGaAs Detectors (700-1700nm)

Figure 10. Detector materials and their sensitivity ranges over the electromagnetic spectrum
2.4.2Hyperspectral Image Acquisition Modes
A spectral image can be acquired by three different modes conventionally used, namely, staring image,
whiskbroomand push broom. Staring imaging is an area scanning mode also known as focal plane
scanning imaging in which the image field of view is fixed and images are acquired wavelength by
wavelength making it a wavelength scanning method. In case of whiskbrodrodvaso known as
point scan method the spectrum of a single point is measured and the next spectrum is acquired by
moving the sample. The push broom or line scan method acquires a spectrum from a sample line which
is further instantaneously recorded witte help of an array detector. The line scan method is highly
compatible with the conveyor belt system and is the most used in the food industry for online
applications. Therefore, in this chapter more details will be given regarding the line scan logpErspe
image acquisition mode.
In line scan devices a 2D grating and detector array are used to scan an entire line instead of a single
pixel at a time. Out of the two dimensions of the sensor chip a single line of the sample at a time is
scanned onto a pekrow and simultaneously on the second dimension a spectrum of each point on the

line is generated by a spectrograph. Figure 9 shows the configuration of a line scan device. The line scan
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configuration is usually used when the samples under study aregnaith respect to the imaging

system as in the food industry operations. The sensor detectors in a line scan system have a liner array
arrangement hence capturing the entire scan line at once. In this case filter change is not required and the
speed of imge acquisition is a function of camera read out speeds. Conclusively, in a line scan system
the 3D data cube is formed by capturing a line of spatial information possessing a full spectral range for
each pixel of the spatial information which is the nmstable case of the real time evaluation of the

samples in the conveyor belt system in the food indKing et al., 2001 Sun, 2010)

Figure 11 Flow chart diagram for Hyperspectral image processing
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2.5 Calibration of Raw Hyperspectral Images
In order to secure the consistency of the hyperspectral system and for the reliability of the obtained

results, the calibration of the hyperspectral imaging systems hidds igiportance. For this purpose
mainly, wavelength, spatial and curvature calibration is done followed by reflectance calipfation

and Sun, 2013bjThe major aims for the klration of the hyperspectral imaging systems include the
standardization of the spectral axis, determination of correct operation of the system, acquisition and
validation of the spectral data and diagnosing the instrumental errors. Even under thkedontro
measurement conditions the reference spectra may vary in some systems hence putting forth the necessity
for a standard calibration and validation procedure. Wavelength calibration is aimed at the identification
of every pixel with a specific wavelergalong the spectral dimension. In the calibration process, the
calibration lamps including Argon (Ar), Mercury (Hg), Krypton (Kr), Mercury Argon (Hg/Ar), Xenon

(Xe) and Neon (Ne) are scanned with the hyperspectral imaging devices resulting in theatientibif

the spectral peaks and corresponding pixel indices over the spectral dimension followed by the
formulation of regression models between the two parameters. This regression is used for the
identification of the wavelengths of all the pixels in #pectral dimension.

The dimensions and resolution of the field of view of hyperspectral imaging system are determined via
spatial calibration. Since in the line scanning systems two spatial dimensions differ based on the
phenomenon of their formulation m&e resulting in two different resolutions of the spatial dimensions.

In this case, the direction pixels are acquired as a result of sample movement over the platform
(stepwise) while the pixels in the direction are obtained from the spectrograph. Xhdirection
resolution is a function of step size of movement per pixel and the range is the distance of the movement
while the calibration of thg direction is done by scanning thin parallel lines as a target. Resolution of
they direction is the ratiofdhe distance of a range on the thin parallel line target to the number of pixels
on the range whereas théirection range is a product of the number of pixels in the scanned image and
the resolutioWu and Sun, 2013b)

The hyperspectral imaging systems are calibrated for curvature for the analysis of the food products that
possess a spherical geometry assuring the spectrum of pixels indeperitde location. The amount of

reflected light in this case is usually corrected based on the anmle | between the incident light and
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normal to the direction of surface. For mandarins curvature calibration was prop¢&auriszSanchis
et al., 2008ps follows:

(Equation 2)

= n
Where} ( isthe corrected spectrum in the spatial poing)(at the wavelengte: whereas represents

the ratio between the direct light and the total average lights and the amount of reflected direct light at
each pixel is given byos( ). Similarly, in another study conducted (Qin and Lu, 2008)the geometric

relation between the fruit and the imaging system such as the fruit surface curvature effects in measured
reflectance scattering were taken iatwount and the corrected reflectance was calculated by applying

a correction factor @J. Moreover,(Peng and Lu, 2008)ntroduced variousnodified Lorentzian
distribution functionsvere applied the fitting afpectral scattering profiles at individual wavelendtins
countering the scattering effects due to the spherical surface of golden delicious(&mplen et al.,

2008) proposed multiplicative scatter ceation (MSC) was also proposed for the reduction of the
spectral variability in mushrooms due to surface curvature.

Once the hyperspectral image is obtained the reflectance calibration is done using the black and the white
reference images since the rayperspectral image is the intensity of the detector signal. The aim of the
reflectance calibration is the removal of the dark current of the camera sensor. The same procedure is
adopted to acquire white reference image) Wilizing a white surface boamhich is smooth, uniform,

stable and possessing a reflectance value of 99.9% while the black reference inagee(Bired with

the camera lens covered completely with an opaque cap and with the light source turned off. These black
and white referencenages are used according to the following equation for the correction of the raw
hyperspectral imager).

O ——opmm (Equation 3)

Where, wherd.is the finally calibrated and corrected hyggectral image in a unit relative reflectance,
lraw IS the raw hyperspectral imag®, is representinghe black reference image ald is the white

reference image.

2.6 Image Segmentation
Image segmentation is a process of dividing the image intodtitfarts or regions, in other words into

sets of pixels with an intention of simplified image analysis. Since an image is comprised of many pixels
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so each pixel can be similar to the corresponding neighboring pixels with respect to a particular
charactestic or property which may include intensity of the pixel, the color values, or textural
characteristics. Image segmentation is practically employed for filtering noisy im@gésms of
featureextraction and recognition.

Determination of the technique of segmentation and the extent of the segmentation required is decided
based on the aim or problem under consideration. Furthermore, another aim of matching the similar
objects in two or more different images can be achiergaty image segmentation. this is accomplished

by pin pointing and segmenting the object of interest in the first image followed by matching of the
segmentation result of the first image with the second irffagena Varshney et al., 2010)
2.6.1.Thresholding Methods

Thresholding is a procedure for the conversion of the multilevel images maoybmages for image
simplification. Converting an image into binary image means assignmatua of Oto thebackground

pixels and a value df to theobjectsof interestor foreground pixed of an image These values 0 and 1

are assigned on the basfssomparisorwith athreshold value Thich can beéntensity oracolor value.

A constant threshold value refers to global thresholding otherwise the thresholding is categorized as local
thresholding. Background illumination plays a significant role ircessful thresholding of the images

since an unevenly illuminated background cannot be thresholded Hgliatresholding methodsd

requires maltiple thresholdsfor compensating theuneven illumination. Conventionally, image
thresholding is done intactively but it is also possible to develop automated thresholding procedures
(Kaur and Kaur, 2014G0onzales and Wintz, 1987
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Figure 12 PCA based image segmentation
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PCA is used for the simplification of the hyperspectral imaging data by making linear combinations of
the original vaiables. Image thresholding can also be donegugie PCA as shown in figure.12
2.6.2.EdgeDetection Methods

One of the welldeveloped techniques for image processing includes edge detection methods which work
on the basis afapidvariation inintensity valusin the image under study, sinaesingle intensity value

does not provide good information abale edges.In case of edge detectionethodsthe edges are
located where the first derivate of the intensity is higher than the threshvaie e the second derivative

has zero crossingsirstly, after the detection of all the edges they are connected together for the
formulation ofobject boundariefor the segmentation of threquired regionsThere are two commonly

used edge based methadsluding, Gray histograms and Gradient based methbtiseover, for the
detection of the edges variotechniquesuch asobel operator, canny operator and Rabeyperato

are utilized resulting in the formulation oftanary image(Saleh Atamri and Kalyankar, 2010)
2.6.3.RegionBased Methods

In case of the region based methods, the characteristics of an input image are used for the mapping of
the individual pixels which are known esgionswhich possess correspondemncean objecbf interest

or a meaningful pafsee Fgure B). Various region based techniques includiogal techniques, Global
techniques and Splitting and merging technicarescommonly utilizedThe determination of the region
based method to be utilized is done based oaghb&cation area and thepgat image For simple images

local techniques caprove to be effective yielding the desired segmentation results whereas in case of
complex images even tmost sophisticated techniqueannot yield the required segmentation results
(Gonzales and Wintz, 1987)
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Figure 13. Otsu method for image segmentation (finding the best contrast between the image and
the background) is a region based segmentation method

2.6.4.Clustering Methods

Clustering is an unsupervised learnpiienomenomvherethe major aim for the fonulation of clusters

is to achieve finite set of categoridgrown asclustersfor a proper visualization and description of the

datal n case of clustering a training stage doesn

of the classes @nhence in this way it differs from classification where the classes are analyzed with

prior knowledge. Clustering functions by definingjmilarity metricbetween the items of tliatahence

grouping the similar itemwgetherin the form ofclustersMoreover the identification of the attributes

that provide the best clustering is significantly important to achieve reliable cluBterlustering

methods group the data on the principle of maximization ointin@ class similarity anchinimization

of the inter class similarityClustering profiles which are responsible for the distinction among clusters

are determined by analyzing the cluster properfiggew data instance is classified by assignment to the

closest matching cluster, and is assumeldatee characteristics similar to the other data in the cluster

(Dehariya et al., 2010)

2.7 Data Exploration and Preprocessing
Hyperspectral images are data cubes with huge dimensionality and contained information. Therefore,

daa exploration techniques are a prerequisite for aim oriented image processing. Data exploration tools

provide an insight of the image elements that cannot be accessed with simple observation providing the
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sources of variability or cgariability in the inage data. The most commonly used data exploration tool

for preliminary investigation of hyperspectral imaging in the food industry is principle component

analysis (from now on mentioned as PCA).

PCA is aimed at data dimensionality reduction, preservingmman information by finding the principle

components (PCs) which are the linear combinations of the original variables and each PC explains a

direction of variance in the data with the first PC explaining the direction of the maximum variance. PCA

is catgorized as an unsupervised classification method. Mentioning simply, the information contained

in 161 variables (wavelengths) can be explained by a few PCs, especially for pattern recognition and

inner relationships in case of food analysis. At X Y ke amUnfolded hypercube with X and Y as

the spatial dimensions and & representing the s
X=TP™+E (Equation4)

Where, T denote the loadingP represents the scores and E is the error. Since the orthogonal PCs are

projected in a new space the relationship between this new axis and the old axis is represented by the

loadings plotOn the other hand, scores retiethe distance of the project samples to the center of the

new axis. The total variance explained can be given as:

~ B B 3 .~
Ohi o GBIV HG——— where,¢& B B 0 (Equation 5)

As it can be clearly seen teeores samples plot give a clear variability of the PC scores with passage of
time and also show that the variability changes rapidly with the increasing temperature i.e. the variability
in the PC scores in the (blue block) which corresponds to the Istores at 1%C is the maximum. In
this case the PC score variability corresponds to the quality degradation of the leaves.
Prior to application of the PCA data normalization is highly recommended which in case of the
continuous variables (hyperspectraliges) is mean centering and in case of the multispectral images
auto scaling is used. The following equations correspond to the mean centering and auto scaling of the
hyperspectral and the multispectral data respectively.

oHo ol (Equation6)

oH—— (Equation 7)
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The major aims for the data preprocessing are inclined to improve trexgaieation, classification and
calibration modelling by forcing the data to follow the Beers Lamberts law which suggests a linear
relationship between the spectral measurements and the corresponding analytical analysis and is given
by Equation 8 for tramsittance measurements.

o) & & QY 8@0 (Equation 8)
Where, As is the absorbance (wavelength dependent), T represents transmittansethe molar
absorptivity,l is the effective path length acdalenotes the chemical concentrations.
In food data analysis, the most common preprocessing techniques are scatter correction and spectral
derivatives in which the former represents the preprocessing operations such as Multiplicative Scatter
Correction (MSC) Standard Normal variate (SNV) and normalization and the latter contains-Norris
Willams (NS) derivatives and SavitzGolay (SG) polynomial derivative filters with both methods
using smoothing prior to derivatization of the spectra.
MSC is the most commoplsed preprocessing followed by SNRinnan et al., 2009MSC is aimed
at removal of undesirable scatter effect from the data matrix prior delimgy stage and constitutes
two steps, the fst of which is the estimation of the correction coefficients and in the second step the
spectrum is corrected by applying the correction coefficients obtain in the first step.
Step 1 o ® O & @ Q (Equation 9)

Step 2 °

(]
h h

(Equation 10)

Where,e  refers to the original sample spectsa, is the corrected spectra, is the reference
spectrumeis the uamodeled part of the original spectrum andind @ f refer to the scalar quantities.

The basic format of the SNV and normalization is similar to that of MSC.

Derivatives are used for the removal of both the additive and the muliygiedtects in the spectra with

the first derivative only contributing towards the removal of the baseline and the second derivative
towards the elimination of both baseline and linear trend. The estimation of the first derivative is done
as the differencef the two successive spectral measurement points while the second derivative works
with the calculation of the difference between the two successive points of the first derivative as shown
in equations 11 and 12 respectively wheteefers to the firstlerivative andk defers to the second

derivative.
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O O W (Equation 11)

 © 0 =w 8 (Equation 12)
2.8 Prediction and classification modelling approaches
In this chapter a few modelling approachgl be briefly introduced including, principle component
analysis (PCA), multiple linear regression (MLR), principle component regression (PCR) and partial
least squares regression (PLSR) approach. Also classification methods such as SIMCA and PLSDA will
also be briefly explained.
2.8.1.Principle Component Analysis (PCA)
In PCA anX matrix of r rank is represented by a summationr ghatrices of rank 1. Representing
mathematically:
© 0 O O 0 E O (Equation 13)
These matriced are an outer product of the loadings vectpr) @nd a scores vectoo J. Hence
equation 13 can be rewritten as:
® on on on on E on (Equation 14)
Equation 14 can also be represented as:
L e (Equation15)
In case of the PCA the angle cosines of the direction vector are known as loadings while projections of

the sample points in the direction of the principle component are called scores.
2.8.2.Multiple Linear Regression (MLR)

MLR is quite similar to the simple regression, the only difference being the number of independent
variables. In simple regression one independent variable is correlated with one dependent variable while
in case of MLR many independent variables are attethio correlate with a single dependent variable

at the same time by using least squares method finding the smallest sum of the squares of the residuals
Therefore, MLR establishes a first order (linear) relationship between the characteristics measured f
mnumber of independent variablesWhere j=1- m) and a dependent variablg fience mathematically

depicting the relationship as:

~

O O 0 E ow 0Q (Equation 16)
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Where,y is the dependent variabbe,to xn are the independewmariables)y; are the coefficients arglis

the residual or error terntquationl6 can therefore also be represented as:
w B oo Q (Equation 17)

MLR doesnét provide any unmnisigea iathiscadewilt possassinfidite r  t h
solutions, all of them fitting the equation. In case of an impractical situation wirerethe only unique
solution forb is possible only ifX (a matrix formed withn samples) has a full rank and can be

mathematically expressed as:
Q0 w O 7 (Equation 18)

In case ofrxn, i.e. the number of samples exceed the number of variables measured, a solltion for
can be obtained by using the least squares method which minimizes the length of the residual vector
shown in equatiod8. The least squares solution can therefore be expressed mathematically as:

o L+ Lap (Equation 19)

Hence equation 19 depicts a condition where MLR faces a frequent problem of collinearity since the
inverse ofX 6 Kight not exist. Hencenithis case it is imperative to have an equal number of samples
(n) as the number of variables)(by using various techniques for deleting insignificant variables in the
conditionm>n.

2.8.3.Principle Component Regression (PCR)

The basis for the pper elaboration of PCR can be established by understanding the working principle
of PCA since in case of PCR the scores matrix represents the data matrix itself hence putting forward a
possibility of developing a regression between the scores matrixsatf@rdependent variables without

any issues of matrix inversion. As mentioned earlier, in PCR the regression is done using the scores
matrix T excluding the dimensions having small eigenvalues hence the transformation can be depicted
as:

Y OO0 Y0 YO (Equation 20)

Therefore, equation 18 can be rearranged as:
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® Y6 O 0Mih® YY Yo (Equation 21)

Hence equation 18 depicts that the variables in in the n¥atieve been replaced by new variables that

are orthgonal to each other spanning multidimensional spa¥e wnlike the MLR in this case inverting

T6T presents no problems since the scores are
are avoided by eliminating the score vectors with smalfggnvalues also resulting in the reduction of
noise in the data. The only issue facing the PCR is that some useful information for prediction purposes
can be lost in the eliminated variables and some of the noise can be retained in the variables used for
regression.

2.8.4.Partial Least Squares Regression (PLSR)

PLSR is a type of multivariate regression which is used to correlate the information in a data&Xmatrix
with the information in data matriX by taking into account the latent structures in idtasets. The
datasetsX and Y are decomposed into their latent structures iteratively and a regression model is
developed between the scorexandY blocks. The concept of the PLS model can be demonstrated on
the basis of outer and inner relations; theer relations beingl andY blocks individually while for

inner relationsX andY blocks are both linked. The outer relations in this case can be mathematically

compared to PCA which in caseXflock is:

£ JF F Bon © (Equation 22)
Similarly, the outer relationship for théblock can be written as:
1 T|If 5 BénR O (Equation 23)

The aim here is to describé in the best possible way and minimizing ||F|| while simultaneously
achieving a meaningful relationship betweémandY. Hence the inner relationship (linkingandY)

can be achieved by plotting the scoreXdiflock () and scores of block (u) for eachcomponent. The

inner relation for a simple linear model can be given mathematically as:

] @06 (Equation 24)

where,0 6 0700 and is the regression coefficient in case of the PLSR model.

The mixed relation can be given@s "Y&  "Oin which case [|F|| is minimized. Using the iterative

met hod, the blocks receive each otherdés scor es

relationship. Moreover, the orthogonality in tHescores is achieved by introducing waig More
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information on the PLSR can be achieved fi@eladi and Kowalski, 1986)

3. APPLICATIONS
Hyperspectral imaging has been used in the food industry for a number of goals including the evaluation

of the water potential of leafy vegetableseasurement of plum quality, astringency assessment of
persimmon, assessment of fruit ripening, detection of decayed peaches, early detection of bruises in
peaches, detection of bruises in apples, yield estimation of mangoes, prediction of sugariness and
hadness of melons, determination of moistures content and chromaticity of potato slices during drying
and many other applications.

In a study conducted biyung et al., 2018he water potential of leafy vegetables was determined using
hyperspectral imaging usindodified Partial Least Squares Regression (MPLB®R) an R of 0.8 with
simultaneously illustrating the distribution of water potentidmong the many mathematical
pretreatments usefirst derivativeserved as the best pretreatment resulting in the maximization of the
correlation coefficient and thminimization of the SEQt was concluded that hyperspectral imaging is

a useful and reliable tool for the estimationvedter stress ofhe leafy vegetabds in terms of water
potentials.

B. Li et al., 2018used hyperspectral imaging for the measurement and prediction of thesoildle

solids content and firmness of plum fruits belonging to two different cultivars using partial least squares
regression modelling. Individual PLSR models were developed for each cultivar followed by a combined
model including both cultivars. In sa of color measurement all the models were reliable for the
hyperspectral images taken in \N4R region and the correlation coefficient was found to be higher than

0.7 for individual and combined cases. On the other hand, the soluble solids contertiaths r
predicted with the hyperspectral images in the short wave NIR region with a correlation coefficient
higher than 0.8.

Hyperspectral imaging has also been used for the astringency measurement of permission fruit using the
hyperspectral images inghVisNIR range(Munera et al., 2017) 6 Roj o Br il l anteb c
taken from three different commercial maturity stages and was treated with differem¢v@@ for
attaining different astringency levels. PLS classification approaches were used for the classification of
the fruits based on maturity levels and it was found out by the study that the 97.9% of the samples were

correctly classified. Moreover, in the sastedy the flesh firmness was predicted with a correlation
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coefficient of 0.8 while the soluble tannins after the.@®atments which were distributed inside the

fruit were illustrated by the hyperspectral images for the astringency measurements olaaining
correlation coefficient of 0.91.

J. Li et al.,2018compared the short wave and long wave NIR systems for the detection of early bruises
in peaches. Effective wavelengths were selected using the principle component analysis and a new
segmentation approach named watershed segmentation approachrecagéd which was found to

better than the normally used segmentation approaches. The study revealed that using the short wave
NIR system of hyperspectral images 96.5% of the bruised areas and 97.5% oflbineisexhareas were
correctly classified. Inr@other study, similar objectives were pursuedHmwang et al., 201&sing the
hyperspectral images in the VWHR range where the weighing coefficients of the PC images were used

for the determination of effectiwgavelengths i.e. 780, 850, 960 nm. Detection systems were developed
for the static and online tests with the classification accuracies of 91.5% and 74.6% for static and online,
respectively.

Sun et al., 201idsed the NIR based hyperspectral imaging sy$te estimation of texture and sweetness

of melons. PLSR models proved to be promising for the reliable and most accurate prediction models
with selective wavelengths based on the weighted regression coefficients. Hence each pixel of the images
based onhese selected wavelengths was used for the illustration of sweetness and hardness in the melon
samplesAmjad et al., 2018ised hyperspectrahaging in the VisNIR region for the determination of

the moisture content of potato slices of three different thicknesses. It was concluded by the study that the
PLSR models with the reduced wavelengths was reliable to visualize and monitor moistarg cont
during drying yielding the Rvalues between 0.93.98 and root mean square errors of @136 for the

best models.

Lee et al., 2014letected bruises under the peansksing the hyperspectral imaging in the wavelength
range of 9501650 nm. For the bruise discrimination the classification algorithm applied was based on F
value which finds the optimal waveband ratio. The best optimal waveband ratio classified the bruised
surfaces with an accuracy of 92kbet al., 2016&developed hyperspectral a skin defect detection method
using the band ratio (fuss49 integrated with image thresholding over the multicolored fruits. Various

features fowvarious defect types were detected by PC images either in tiélRisegion or the NIR
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region or among the individual characteristic wavelengths. The study concluded that an overall accuracy
of 96.6% was achieved for 145 samples for the nine defects situdiy.

Hyperspectral imaging was also used®\i et al., 2016or the measurement of SSC, firmness and for

the classification of the pears based on variety. Various algorithms such as principle component analysis,
successive projections algorithm, partial least squares regression and fisher LDA were used for the
prediction and classification purposes. The study concluded that for the prediction of firmness and SSC
the SPAPLS models were the best resulting in the correlation coefficient of 0.9977 for firmness and
0.9924 in case of the SSC prediction whereas a vitiessification accuracy of 95.56% was achieved
using the Fisher LDA algorithm.

Rungpichayapichet et al., 201ided hyperspectral imaging for mapping of the internal constituents
including titratable acidity, TSS and firmness of mango also using hyperspectral images within the
wavelength range of 45898 nm followed g PLSR models. The study revealed a satisfactory and
reliable correlation between the hyperspectral images and firmness and titratable aé&ditgi{Rr

both) while for the TSS the?Rvas lower up to 0.5. In order to visualize the spatial distributichesfe

models the prediction models were applied to each pixel of the hyperspectral images. Furthermore,
hyperspectral imaging in the VISIR range was used for the internal quality assessment of persimmon
fruits (Munera et al., 2017 In this study ripeness and astringency levels of the fruits at three maturity
stages were predicted using LDA, QDA and SVM. Moreover, PLSR was used to predict the firmness of
the fruits. All classifiers successfully classified the three differeitsftypes based on the ripeness level
whereas QDA yielded 95% correct classification based on the astringency levels. Moreover, PLSR model
predicted the firmness yielding arf Bf 0.80 and ratio of prediction deviation (RPD) of 1.86 hence
concluding that yperspectral imaging can serve as a useful tool for discriminating among various
persimmon fruits of different maturity stages as well as prediction of firmness.

used hyperspectral imaging in the \N$R and SWIR ranges for the detection of black spatsigbs)

in potatoes since they are not visible to the human vision. Classification methods namely, PCA, PLSDA
and SIMCA were used for the classification of the bruised potatoes with PLSDA serving as the best
method (94% classification accuracy) within tB&/IR range. It was also concluded that pixel based

method yielded better results in PLSDA model in the SWIR range hence detecting blackspots in potatoes.
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Hyperspectral imaging has also served as a useful tool for the detection of chilling injury in etecumb
(Cen et al., 2016). During the study reflectance and transmittance based hyperspectral images were
acquired for chilled and normal cucumbers and classification models were developed for discriminating
between chilled and normal cucumbers and alsoidis@ting between severely chilled, lightly chilled

and normal cucumber using supervised classification algorithms including naive Bayes (NB), SVM and
KNN. Out of all the methods used, SVM served as the best technique for classification between severely
chilled, chilled and normal cucumbers with a classification accuracy of 100% using spectral information.
Conclusively, hyperspectral imaging combined with multivariate and chemiometric techniques possesses
a wide scope in the evaluation of food quality issusdulteration problems and origin detection.

Moreover, nordestructive techniques are rapid, reliable, economically feasible and convenient to use.
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Chapter 3

FRESH-CUT ROCKET QUALITY AND SHELF -LIFE: STATE OF
THE ART

1. INTRODUCTION
Rocket leaves Oiplotaxis tenufolig gained significant popularity in Europe especially in the
Mediterranean countries as a leafy vegetable to be consarealddsand is well known for its pugent
smell and nutritional value. The name fArocketo
belonging to the Brassicacea family all of which possess certain levels of pungent smell and pleasant
bitter taste. Rocket leaves originated Ire tMediterranean countries where common nameside
rucola, rughetta, roquette and others were used which were most probably descended from the Latin
word oO6rocdé which meant o6roughd or o6harsho
A total of 3709 species and 338 genera are included inrdesiBacea familjWarwick et al., 2008)
among theseperennial wall rocket or wild rockeD{plotaxis tenuifolia (L.)DQ. and annual garden
rocket or rockesalad(Eruca satviaMill.) are of significant importanggall et al., 2012Cavaiuolo and
Ferrante, 204). In case of the perennial rocket species the Haipietaxisis derived from the Greek
word 6di plosd meaning 6doubl ed and 6taxisd mea
the silique(Mohamedien, 1995)Diplotaxis plant is capable of achieving a height of 80cm and is
characterized by lengthened leaves and tap(Rvatap and Gupta, 20109ssessing a woody stem base
with hair present in the lower pai¥ohamedien, 1995)The typical leaf is oblong, deeply lobed and
fleshy, possessing sharp apexes. The germination of the rocket seeds occurs in autumn and the blooming
that takesplace after 28 days of germinatias significantly impacted by the seasonal conditions
(Kenigsbuch et al., 2009)
In case oErucathe name refers to the pungent taste of the leaves and is derived from the Latin words
6urodé or Oburered meaning 6to burné. The pungel
compounds (Mohamedien, 1995)A high morphological variability is observed with the species
possessing round or serrated leafidall et al., 2012) The Eruca plants possess the capability of

achievzing a height of 40cm with lyrate pinnatified leaves arranged as a rosette, having an enlarged
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terminal lobes and slightly smaller lateral lolfsll et al., 2012Pratap and Gupta, 201)his species

is characterized by a rigid hairy unbranched sdecha thin tap root. The leaves in this case might possess
slight differences (smooth or round/lobed or serrated) based on the positioning along the stem achieving
a maximum length of 20cm. For this species the seeds possess a browragahy from yellowish

brown to olive green color. On the other hand, both the species depict similar morphological attributes

and a characteristic bitter tagtéalkier and Gershenzon, 2006)

2. NUTRITIONAL ATTRIBUTES OF ROCK ET LEAVES
Out of the many rocket speciBgplotaxis tenufoliaandEruca satvia Lare commercaially available as
a result of consumer demand aaue consumed either as fresh salad or mixed with other vegetables
(Cavaiuolo and Ferrante, 2014 0cket leaves are a rich source of a wide range of phytonutrients,
including previtamin A, vitamin C, glucosinolates, flavonoids, fiber, sulfur and potas¢Mantinez
Sanchez et al., 200gslartinezSanchez et al., 2006b)
A wide range of healthelated benefits are associated to the consumption of the nutrients present in the
rocket leaves which are characterized by diuretic, -imfitimmatory, stimulant, depurative,
hepatoprotective and stomathic activitidédso it has ben proven that they are a glucosinolates and
antioxidans preventvarious types of cancer including col@ran Poppel et al., 1998eow et al., 2002)
bladder(Paonessa et al., 200%ing (London et al., 2000and potentially breast and prostate czms
(Cohen et al., 20Q&irsh et al., 2007)
Rocket leaves are a rich soa of secondary metabolites which are significantly important for the tissue
cell protection manifesting freedical scavenging activity. A wide range of various biomolecules are
found in the antioxidant derivate of the rocket flowers and leaves aslla akshe oxidative stress

response and senescence degenerative processes.

2.1. Carotenoids

Carotenoids formulate a portion of the composition of many fruits and vegetables and are natural fat
soluble pigments involved in primary metabolism. The wavelength rage eés@@danometers (nm)
characterize carotenoids in the visible region as a re$uhe light absorption with a characteristic
orange color. More specifically in the plants carotenoids serve the purpose of accessory pigments

transferring absorbed light to chlorophyll pigments which are further vitally involved in photosynthesis.
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The rde of carotenoids is also significant regarding the pipotdection of the cells due to the absorption

and release of excess energy accumulated in the photosynthetic merAlsréoretheir pharmaceutic
properties,they contributeto the prevention of camees, eye disorders and cardiovascular diseases
(Pacheco et al.,, 2013Mevalonate pathway using the ac€bA or metabolic intermediates of
glycolysisareresponsible for the formulation of the carotenoids which are tetraterpenes and most of the
vitamin A in the human diet i's derived f+rom c
cryptox-aat bt emaotkagRdoarfil Rao,2002) | n case of -carbtener oc k
and lutein are the most abundant caroten@@@saiuolo and Ferrante, 2014)oser et al., 2018tudied

the composition of the rocket leaves and found outfifeatrotene amount was 7.01 + 1.04 mg 106 g
freshweight (FW) in wild rocke{Diplotaxis tenublia) and 7.96 + 1.43 mg 100 §FW in salad rocket

(Eruca sativd, while the lutein amount was 5.82 + 0.51 mg 108RyV in wild rocket and 7.44 8.78

mg 100 ¢ 'FW in salad rocketAccording to the information of the USDA, National nutrient datah

for standard reference, 2015, the total amount of carotenoids in the rocket leaves sums up to about 120
1g 100g* which is considered to be a significant amount keeping under consideration the recommended

dietary allowance of 9700 pg day
2.2. Vitamin C

Anabolism in the human body lacks the presence of enzymes for the formulation of vitaiméne@ore

vitamin C must be taken from food§Niimura, 1994) Research works have proven that 90% of the
vitamin C can be introduced in the human body with the consumption of fruits and vegg@tablasd

Kader, 2000)Proteins, lipids and carbohydrates that are prone to damage by free radicals and reactive
oxygen species are protected by the vitamiiinZé et al., 2002)Furthermore, vitamin C has also been
reported to be beneficial to prevent scurvy, in maintaining a healthy skin and gums and blood vessels
(Nunes et b, 2013) Other significant biological functiatarried out by vitamin C in the human body
include collagen formulation, iron absorption, plasma cholesterol levels reduction, inhibition of
nitrosoammine formation and enhanced immune sygitemand Kader, 2000Eenerally, vitamin C is
referred to as ascorbic acid (AA) since it is a sum of the AA andxitative derivative, the L
dehydroascorbic acid (DHAAYhe intestinal cells in the human body possess the potentiality to reduce
the DHAA into AA leading to its permeation in the blog@iilson, 2002) therebre, both AA and DHAA
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are nutritionally important in the human distar i ous bi osynthetic ihat hwa
galactose pathway: g | u c o s @VolpckatahdWwlantagu, 2003) D gal act uf(Agiusat e
etal.,2003) and myo i ifLorencet2004qrgcapalhevioatliye synthesis of the AA in plants.
Rocket leaves are a rich source of vitamin C with a reported vitamin C content of 50rhg\W00
(MartinezSanchez et al., 200Bdut with high variation due to the growing cdiahs. The factors such

as time of sowing and harvesting, light and temperature conditions significantly impact the vitamin C
content of rocket leavg#\cikgoz, 2011) In this study Acikgoz, 2011 investigated the vitamin C of the
rocket leaves grown in two different seasons namely, fall and spring and revealed that the rocket leaves
grown in fallsowing time possessed a maximum vitamin C content of 57.41 mg of vitamirnE&N00

when grown in an unheated green house.

2.3 Phenolic Compounds

Phenolic compounds belong to a class of heterogeneous secondary metabolites, containing a phenolic
group witha common basic structure corresponding to a hydroxyl group bound to an aromatic ring.
Phenolic compounds play a significant role in plant defense mechanism, protecting them from herbivores
and pathogen attack; simultaneously, they assist to attractgtoirand animals that are important for

seed dispersion. The biosynthesis process of the phenolic compounds initiate through the shikimate
pathway producing amino acids including phenylalanine the most significant intermediate and substrates
for the phenjalanineammonialyase (PAL) which is a key enzyme for the production of several
phenolic compounds. This enzyme acts as a catalyst to convert the phenylalaninecinmiensg acid

through releasing ammonia. Phenolic compounds include flavonoids, ggayathesized through two
separated pathways (malonic and shickimate), which can be subjected to oxidation into (Bikines

2002) In case oDiplotaxis tenufoliaquercetin compounds were nabundantly found showing a total
flavonoid content ranging from 4.68 to 19.81 g'k@n the other hand, in casem®fsatvialeaves, the
primary group of phenolic compounds is represented by kampferol derivatives ranging from 8.47 to 26
g kg* correspoding to 77% to 88% of total phend8avaiuolo and Ferrante, 2QIRasini et al., 2011)

2.4  Glucosinolates

Glucosinolates (GLSs) are bioactive molecules found principally in Brassicacea family. GLSs as
secondary metabolites also contribute towards thet gdeotection mechanisms by defending them
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against the herbivores, pathogens, fungal diseases and pest infdstBtiorm g e vi | and Mas
They also play a significant role in teglphur and nitrogen metabolisms hence regulating the growth of

the plants. As a result of tissue disruption and cell breaksgeosinolatesiormally contained irthe

cell vacuole are converted into isothiocyanates (ITCs), thiocyanates, nitriles andssulftdie cell

cytosol via enzymatic reactions. It is due to the presence of these compounds which contain nitrogen (N)
andsulphur (S) that the Brassicaceae family vegetables possess a pungent and sulphurous taste and ¢
typical odor(Cavaiuolo ad Ferrante, 2014he enzymatic reaction occurs because of the myrosinase,
which belongs to the hydrolase family. Research studies have shown that rocket leaves possess a high
content of glucoraphanin {#ethylsulfinyloutytGLS) glucoerucin (4nethylhiobutylGLS) and

dimeric 4mercaptobutyiGLS, whereas seeds and roots are rich in glucoeryeind flowers mostly

contain glucosativin(Cavaiuolo and Ferrante, 2Q1<€ataldi et al., 2007) The most abundant
isothiocyanate found in rocket leaves erucinm@thylthiobutyl isothiocyaate) is produced as a result

of hydrolysis of glucoerucinMiyazawa et al., 2002)

3. FRESH-CUT ROCKET LEAVES: QUALITY AND SHELF -LIFE

Rocket leaves are usually available iatéfrigerator shelves of thretail stores in modified atmosphere
packages (MAP) to avoid wilting of the leaves due to water loss and generally possestifa shék

14 days under different storage conditiansl depending on the raw material qualihartinezSanchez

et al., 2006; Nielsen et al., 2008 gkke et al., 2012)They are commercially sold as whole leaves having

a small section on the petiole that is exposed to oxidation hence leading to an enhanced postharvest shelf
life (EgeaGilabert et al., 2009gius et al., 2002)The most importardspect effecting the shdife of

rocket leaves is the storage temperatunéch is recommended to be as low as possible to attain best
sensory and nutritional quality and an enhanced shelf\Miéstrandrea et al., 2017@an the other sie,

it has been observed that in the open market shelves the temperature of the produce might reach
approximately 18C (Koukounaas et al., 2007ixon et al., 2010yhich can result in the rapid quality

loss The sheHife of readyto-eat rocket leaves is significantly related to the storage conditions and
processing operations, which tend to accelerate the degradation of the rocket leaves, inducing wilting,
discoloration, loss of nutritional properties, aroma and fléi¢oukounaras et al., 2009)

For the estnation of the limit of marketability, color can be considered as a prime factor and any changes
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from the normal green color leads to the limiting marketability. Conventionally, rocket leaves are
harvested twice or thrice per cultivation and are primatilized for the freskcut market. Mostlythey

are minimally processed involving only the washing and packaging steps before they are delivered to the
retail storegHall etal., 2013)

It has also been observed that the minimally processed vegetables are prone to faster physiological
deterioration, biochemical changes and microbial degradation as compared to the intact produce
(O6Bei r ne an das &resalinotthesenhan2ed Me&apolic activity resulting in loss of typical
color, texture and flavofMastrandrea, 2015/aroquaux and Wiley, 1994 he reason for this rapid
perishability of the fresteut produce is due toeHack of food processing methods applied to extend the
sheltlife of the conventional food products therefore, the only strategy to prolong the life span of
minimally processed fruits and vegetables is refrigerated storage.

Various studies have contrilaat to relate the quality parameters, storage conditions and shelf life of
rocket leavesFerrante et al., 2004tudied the storage conditions for the fresih leafy vegetables
including rocket leaves at 4 to ® correlating the effect of the storage conditions on the quality
attributes. The color changes based on the total chlorophyll content, carotenoids and anthocyanins were
monitored over a storage period of 12 days for storagebdCAwith and without exposa to light. It

was revealed by the study that leafy vegetables should be stored in darkness at low temper&@res (<5

to achieve a longer shelf life. In a study conducteiytinezSanchez et al., 200&he rocket leaves

stored in air were comparedttwse in controlled atmosphere storage over a time span of 14 days and it
was concluded that the rocket leaves stored in air lost the sensory and microbiological attributes for
commecial distribution while out of a total of three controlled atmopheraggaronditions the rocket

leaves store® kPa Q + 10 kPa C@ maintained the visual quality and microbiological quality traits.
Edelenbos et al., 201demonstrated that the quality of the packaged rocket leaves varied between
different growing seasons recommending low temperature storage for the color maintenance and shorter
storage time spans for texture rdten.

In another study conducted Mastrandrea et al., 201the effects of temperature, cultivar and time of
storage on ammonia accumulation in relation to color variation of rocket leaves was studied. Five

different cultivars of rocket leave namelBellezia’, 'Grazia'Letizia', 'Tricia', and 'Wild Thing' were
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stored at three different temperatures@,e5 or 10°ClIn parallel the monitoring ofigsual scors, color

(hue angle) and ammonia accumulatwars conducted at an interval of eacbr 8 daysbased on the
tempeatureof storage of the leavelk was observed thaeaf yellowingas a result of color loss was
directly proportional to increasing temperature. At the same time the authors found out that for all storage
conditions, an encouraging correlation betwaemmonia content and color changeas established.
Ammoniacontentincreased from %15 ug g1 fresh weight (FW) to 1520 at 0°C, 348150 at 5°C

and more thar590 pg g1l FW at 10°C by the end of storalife confirming the fact that storage
temperature lpys a significantole in ammonia accumulatioli.was concludethat ammonia may be a

good indicator of senescence rimcket leavessince it correlated well to color change with storage
temperature and time.

Mastrandrea et al., 2017 another work investigated the volatile profile and quality of the rocket leaves

as effected by improper atmosphere packaging subjecting rocket leaves to three different storage
temperatures at 0, 5 and A5 over a 10 days storage period. Maperforated bags were used focket
leavesstorage aiming at prevention of modified atmosphere in the headspace for control san@3es

the ascorbic acid (AA) of the leaves retained throughout the storage timeawhpel loss of AA was
observed for the leaves stored at higher storage temperatures owing the major losses in the AA, vitamin
C and sensorial parameters to the low(@xP) and high Ce(25kP) concentration#lso for the leaves

stored at @C the initialheadspace fingerprint was best preserved as compared to leaves stored at higher
temperatures whereff-odors from dimethyl sulfide (DMS), dimethyl disulfides (DMDS) and other
volatiles were produceldence varying theitial headspace fingerprintt was oncluded by the study

that theimproper packaging conditismesulted in decreasing tkaeltlife of rocket leaves compared to
storage in airAdditionally, it was also concluded that effect of modifying the gas composition for leaves
stored at @C did nd add any beneficial effect in comparison to storage in air. In a similar study,
Mastrandrea et al., 201,7toncluded that rocket leaves stored umaerisothermal conditiondepicted

higher levels ofCO, concentrationsand lower concentration of2@hanthosestored under isothermal
conditions. Also anincreased production of volatiles responsible offlaivors (acetaldehyde and
dimethyl sulfide) was observed for the leaves stored under-isothermal conditiongollowing

temperature abus€onclusively, it was recommended tlitnethyl sulfide and acetaldehygessess
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the potentiality to beffective markers for tracking the effect of temperature fluctuations on rocket during
storage.

Possessing the ability fdre adequate estimation of the shelf life of rocket leaves holds great significance
in assisting iplanningof produce logistics with fully automated distribution steps and better manage
stocks Amodio et al., 201&attempted to utilize nehnear modelling approach for the estimation of the
shelf life of rocket leaves. Rocket leaves were exposed to three different storagaterape.e0, 5

and 15 °Cand the cumulative form of the Weibull equatiamombined witha loglogistic modelwere

used for the fitting okxperimental data over tim@d storageandfor the investigation ofemperature
dependence of the degradation rdtasvarious sensorial and physibhemicalattributes. Theitting
accuracy of théVeibullian modelwas accessed by tlwerrelation coefficientsvhich ranged between
0.95 and 0.99 followed biraditional firstorder kineticsIt was concluded that tHeg-logistic model

not only accurately described tteamperature dependence of the Weibull paramétgralsoaccounted

for the thermal history of the produd&dditionally, a need for a different approach for the shelf life
estimation considering more quglitariable at the same time was also indicated in this work, since it
was observed that fquality factors limiting the shiédf may change depending on the temperature.
Degradation of the frestut produce isn facta multivariate phenomenavhere diffeent reactions take
place at the same tim&lultivariate data analysis algorithms/techniques are aimed at modelling the
factors and responses in order to develop a relationship between the factors and responses for the
extraction of useful information. Thisxtracted information is quite useful to understand the system
characteristics and also determines the variables contributing highly towards the quality changes.

In case of leafy vegetables, a number of studies have contributed towards the evaluatialityof q
parameters using the multivariate data analy3sossi et al., 2016sed the multivariatdata analysis

for the estimation of shelife of freshrcut lettuce in which principle component analysis (PCA) was
employed for the data acquired at three different storage temperatateding different sensorial and
physicchemical attributesA correlation was developed between the first PC and the time of storage.
Multivariate degradation kinetics was studied and it was concluded that it was better elaborated by zero
order reaction yielding an?Ras high as 0.97 whereas the multivariate rateteoh achieved a good fit

using the loglogistic model. The shelife of the freshcut lettuce stored at 0, 5 and°C5was estimated
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to be 12.4,10.4 and 3.7 days, respectively, providing an evidence that studying the multivariate approach
can be useful iaccurately describing the degradation phenomenon.

In another study,ToledoMartin et al., 2017used VisNIR spectroscopy for the prediction of
glucosinolates and total phenolic content (TPC) in rocket le&rasd vesicariqusing modified partial

least squareeegression (MPLS). The coefficients of determination in case of validation for both the
parameters ranged from 0:88B4 characterizing equations with good to excellent quantitative
information. The study also concluded using the MPLS loadings that celaled protein which are

major cell components highly contributed in modelling equations for glucosinolates.

Edelenbos et al., 20lrsed nultivariate techniques (multispectral imaging) for the differentiation of
rocket leaves based on seasons. The seasonal variation was assessed with multispectral imaging data &
factors for color (570nm) and textural (780nm) measurements as responseatalaeatlysis showed

that the color was better preserved in the spring season as compared to the summer season whereas, |
case of temperatures the leaves stored at lower temperatures preserved green color better as compared 1
those at higher temperatur€ar texture on the other hand, it was recommended that the lower storage
time contributed towards a better texture of the leaves. Therefore, it was concluded that the multispectral
imaging was a useful tool for the seasbdiscrimination of rocket leavémsed on color and texture.

It can be concluded for the aforementioned studies that the quality and shelf life of rocket leaves is a
multivariate phenomenon and the need for the quality estimation and shelf life prediction using
multivariate approaches highly required. In addition, there is also space fordestructive quality and

sheltlife evaluation by means of spectral information.
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OBJECTIVES

The major objectives of this doctoral thesie to evaluate the potentiality of the ndestructive
techniques including spectral profiles and hyperspectral images in tidRi€00-1000nm) and NIR
(900-1700nm) ranges for the quality assessment, phytonutrient prediction, shelf life evaluation and
prediction, and raw material discrimination of rocket leaves. Furthermore, wavelength selection for the
model improvemenuill alsobepursued followed by mapping of the changes in the phytonutrients over

the storage period.
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Chapter 4

HYPERSPECTRAL IMAGING AND MULTIVARIATE
ACCELERATED SHELF LIFE TESTING (MASLT) APPROACH

FOR DETERMINING SHELF LIFE OF ROCKET LEAVES
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ABSTRACT

The feasibility of using spectral profddor the estimation of the shelf life of the rocket leaves was
evaluated using a multivariate accelerated shelf life testing (MASLT) approach. Spectral chamges
time were modeled by usingincipal component analysis (PCApdasvariation to the convgional
method partialleast square®LS)method. Kinetic charts were built fittirige first principle component
(PCJ andthe first latent variableL{V1) scores versus time. In both cases, the kinetics were described
by a first order reaction, obtaimjriR values 00.73, 0.94 and.95for samples stored at 5, 10 and°C%
respectively The spectra of samples judged unacceptakele used for the calculation of the eoff

valug estimated to be 3.955, leading to shelf life estimations of 9.8, 4.3.andhysfor PCA based
MASLT for the three temperatures, respectively. For PLS based MASLT the shelf life4yds5 and

3.3 daysfor samples stored #ie three respective temperatur€snclusively, shelfife was correctly

estimated bygonventionaMASLT using PCA and also with the newly proposed technique using LVs

Keywords: PCA, PLS, cutoff, kinetic, appearance
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1.INTRODUCTION
A significant increase has been observed in the consumptimmohally processedeadyto-eatfoods

in the last decadefArtés et al., 2009)This rapid rise in the consumption is a result of consumer
preferencdor healthy, fresh, convenient, highly nutritive and appetizing food pro@uetst al, 2017,
Oliveiraet al, 2015)

Rocket leaves[iplotaxis tenuifolig are popular leafy vegetables especiallythe Mediterranean
countries, mostly preferred by consumers because of their pungent smell and strongNaxeaver,

they are a rich source of heafthomoting phytonutrients such as flavonoids, fiber, vitamin C and
glucosinolateg$MartinezSanchezt al.,2006 Cavaiuolo and Ferrante, 20Mu r z yWhsrdalkg 2015

Amodio et al.,2016) Normally rocket leaves are sold in packages after minimal processing operations
including washing and drying due to which they are also prone to rapid degradation. Particularly,
yellowing caused by chlorophyll degradation, wilting, and the produationff-odorsare the main

source of deterioratiofKoukounaras, 200007, 2009 Nielsenet al, 2008) The shelf life of rocket

leaves ranges between 7 to 14 days depending upon the raw material, handling, processing and especially
the temperature of storaiEoivonen and Brumsil, 2008)

At the market shelves, the consumer criteria for the selection of the leafy vegetables as rocket is the fresh
appearance and green calbgkke et al., 2012and repurchase of the product depends on the quality at

the consumption stage often evaluated by color, texture and {Bamett et al., 2010)reshness and

green color are quick indicators of the fact that theypcbcan sustain under prescribed conditions for a
certain time.

The shelf life determination of any food product is usually conducted by monitoring the quality
parameters most associated with time by developing kinetic models for deterioration uncktramark
extreme conditions using accelerated shelf life testing methods (A@&abuza, 1982Houghet al,

2006) In case of ASLT approach, the samples are subjected to severe storage conditions other than the
market storage conditions and shelf life charts also known as kinetic charts are deftétapddet al.,

2006) Various studies have proved that ASLT approach is a useful tool for the rapid estimation of shelf
life of freshcut produce, as app{@dmodio et al., 2015)melongAmodio et al., 2012¢venwith the use

of other empirical models &se Weibull modelised on fresftut melongAmodio et al., 2013and fresh

rocket leavegM. L. Amodio et al., 2015a)
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Degradation process of food products and particularly of ftesproduce is a multivariate phenenon
depending from several pharvest handling and storage factors, impacting on many quality attributes
(Routray and Orsat, 20174 orresContreraset al.,2014;Fernando Reyes et al., 200%) this regard,
spectral data, hyperspectral imaging and chemometric tools such as principal component analysis (PCA)
may be usefully integrated into ASLT to formulate a new procedure named Multivariate Accelerated
Shelf Life Testing (MASLT)Bro and Smilde, 2018Brereton, 2009Labuza, 1982Pedro and Ferreira,
2006)

The first step in MASLT procedure involves the kinetic description of the important degradation
readions based on the PC scores resulting from a PCA model, assumidgdtedation reactions are

the main sources of variation in the data aat] thatPCA will explain the timerelated phenomena.
Usually, these are calculated using the zero order,drdgr and second order kineti¢®driozola
Serrancet al, 2009 Amodioet al.,2015) Secondly, the temperature dependence of the rate constants is
defined using the Arrhenius equation and the third step involves the calculation of shehidil@ASLT
approach has successfully been applied to various food products such as brocc@Kghede et al.,
2015) low-fat UHT milk (Richards et al., 20143unflower oillUpadhyay and Mishra, 201&hd tomato
paste(Pedro and Ferreira, 2006)his method was applied for the first time on fresh produce by
Derossiet al., 2016, who obtained araccurate description of the degradation phen@vmsturring
during the storage of frestut lettuceat three dferent temperatures, monitorirggveral sensorial,
physical and chemicahanges over time. In the same way, MALST method was applied to estimate the
sheltlife of freshcut pineapplegAmodio et al.,2016) Shelflife estimation obtained with MALST
method have been proved to be more reliable than ASLT, but gen#ralbpplication of these studies

by procesors is limited by the scarce possibility of carrying out specific quality analysisaecting
data.Therefore manycompaniesare looking for a possible alternative system for the evaluation of the
guality and sheHife in a fastersimple and eventuallyon-destructiveway.

Hyperspectral imagings a fast, reliable, objective, economical and -destructive means of data
collection. This technique is a combination or integration of imaging and spectroscopic techniques for
the quantitative prediction of physical and chemical characteristics &dddesamples as well as their

spatial distribution
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Every product has, in fact, a specpectral signaturevhichis a function of the structure of the sample,

the moisture content, the particle size, the temperature of the sample and most impditarcthemical
composition(WorkmanandShenk, 2004)In case of the green leaves, MR region is retains all the
information related to leaf pigments such as chlorophyll, anthocyanin and carotenoid (disiers et

al., 2017) characterized by a strong absorption by these leafy pigments, particularly chlorophyll which
are responsible for photosynthetic activity in plafsret et al.2008. When spectral profiles are
collected over time they can be used for the estimafidineoquality changes and shelf life of the food
products during storagéGowen et al., 2008 Rajkumaret al., 2012 Lgkke et al., 2013) Some
applications includenonitoring of the ripening of tomatoegPolder and Heijden, 201,0pr banana
(Rajkumaret al.,2012) hence providing a promising opportunity for the collection of the information
related tahe quality of a produch the form of spectral responses as they retain most of the information
related to the overall quality.

The objective of this study was to use the MASLT technique for the estimation of the shelf life of rocket
leaves using the sptra as a quality attribute. In addition, an alternative method based on the use of
partial least squares regression (PLSR) and latent variables (LV) instead of PCA and PC scores was also
proposed.

2. MATERIALS AND METHODS

2.1 Experimental design andpectral acquisition
Washed and dried rocket leavéiglotaxis tenuifolig were received in the postharvest laboratory of

University of Foggia, after being processed in a commercial company. Drying was conducted with a
drying tunnel, heating the produc¢t3® °C for 5 mins, and achieving about 95% of added water reduction.
Upon arrival the rocket leaves were stored at 5 °C. Representative samples of 100 grams were packed in
plastic clamshells and stored three different temperatures 6, 10°C and 15°C) in a humidified

(99% RH)flow of air. Ten replicates were prepared for each storage temperature. Samples were taken
for image acquisition and quality evaluation at 0, 3, 6, 8 and 10 days of storage following the same leaves
over time.

A hyperspectral line scan scanner (Version 1.4, DV srl, Padova, Italy) equipped with a spectrograph, in
the visiblenear infrared (ViNIR) range of 4060000 nm with a spatial resolution of 1000x2000 pixels

and a spectral resolution of 5nm was used to ieedhe images. Twenty leaves were taken for each
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replicate in a single image and seédveloped MATLAB (2012b, version 8.0.0.783) code was used for
extracting the mean spectra of these leaves producing one spectrum per replicate. For the extraction of
themean spectrum, the original image was thresholded and the best contrast between the object and the
background was foundmage thresholding was performedsing the Otsu method, on the image
depicting the best contrast between the foreground and backgomuresponding to 795nm for the Vis

NIR and 1495nm for the NIR. A 2D binary image (mask) was obtained, with 0 value for the background
and 1 for the leaves. This mask was imposed to extract the mean spectra of the pixels corresponding to
the leavesA total of 150 spectra were acquired, 50 from each storage temperature during 5 different
days of acquisition (Figure 1). Figure 1a shows the mean spectra based on days of storage and 1b
demonstrates the changes in the mean spectra based on the storageutengbettaid in PLS toolbox
(version 7.5.2) supported by MATLAB.

— Day0 —Day3 — Day 6 — Day8 — Day 10
T T T -

L 5°C —10°C —15°C
0.4 . 1

0.35-

0.3~

1 1 L i 1 1 L L L
700 800 900 1000 gou 500 600 700 800 900 1000
Wavelengths Wavelengths

fo0 500 500
Figure 1. a) Mean spectra based on days of storage DayO (red), Day3 (green), Day6 (blue), Day8
(black), Day10 (Violet); b) Mean spectra based on temperatures of storage 5 °C (green), 10 °C
(blue), 15 °C (red)

Figure 1la shows the characteristic WHR reflectance spectra of the rocket leaves resulting from the
leaf biochemical compounds such as chlorophyll, anthocyanins, carotenoids, water and cellulose in the
wavelength range of 460000nm.In case of green leafy vegetables, the interaction between the plant
leaves and electromagnetic radiation yields reflectance spectra in th#R/region which are mainly
representative of the photosynthetic pigments such as chlorophyll and caro{duhdsAsaari et al.,
2018) Visually, a green plant spectral curve can be observed in the raw spectra with 550nm reflectance
peak and 680nm absorbance peak caused by chlorophyll, a majoretated pigmen{Kong et al.,
2016) The sharp rise in the spectra from 700nm corresponds to the red edge resulting from two special
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optical properties of plant tissue, the high internal leaf scattering resulting in large NIR reflectance and

low red reflectance as a result of chlorophyll absorpfidorler et al., 1983)

2.2 Sensory analysis
Rocket leaves were evaluated by a panel of experts for changes in appemcuding freshness, color

and dehydration, during the storage period. Since appearance is the most important quality attribute for
the selection of the product at the retail sites for the consumers, the appearance scores were given a scal
from 0 to5 and these sensory evaluations were carried out on each acquisition day. In case of appearance
scores, rocket leaves with uniform dark green color with fresh and turgid appearance were given score
5, fresh rocket leaves with a slight loss of turgidityaittd an appearance score of 4, rocket leaves with

a significant loss of turgidity and an apparent loss of color (limit of marketability) were set at an
appearance score of 3, leaves with significant senescence with the passage of storage time having
wrinkled and yellowish blades received an appearance score of 2 and the spoiled rocket leaves with
severe wilting, significant yellowing and decay symptoms were given a score val(i .of JAmodio

et al., 2015)

2.3 Multivariate Accelerated Shelf Life Testing (MALST) Approach
An elaboration of the MASLT algorithm used in this study is presented, and for the sake of convenience,

conventional algebraisymbology is followed, where matrices will be represented by boldface upper
case letters, vectors with bold face lower case letters, scalar quantities with italic lower case, italic
subscripts denote case letters and sequences.

In the first step, a makiX (mxn) wherem=150 andn=121, was formulated representing the quality
changes in the rocket attributes at three different storage temperatures (5, 10 andits t)eing

the number of data points collected during storage on Days 0, 3, 6, 8 and 10 respectively with 10
replicates from each storage temperaturerabding the vector of variables or spectra in a wavelength
range of 4061000nm (Figure 2). Autgcaling tle data is a necessary consideration when various
univariate quality attributes with different scales are simultaneously under (ftedso and Ferreira,

2006 Derossiet al., 2016) and in case where spectral profiles are serving as property attributes,

normalization of the data is important for which mean centering was don
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Figure 2. Data Matrix (mxn) with Time=m, Wavelength=n at the 3 Storage Conditions (5, 10, 15

°C)
Secondly, PCA was performed on the data matrafter data mean centering (Figure 3). PCA describes
the data by projecting it on a new set of axis m itiultivariate space. Principal components are linear
combinations of the original variables and eanh accounts for the direction of maximum variability in
the datgBro and Smilde, 2014 he loading plots of the time related PCs were observed for the selection
of the best variables and the elimination of those who did not contribute to any information in the PCA
model resulting in the elimination of the wavelength range from-18@®nm. For each storage
temperature, the scores matr®) pf everyitime related PC were plotted against the storage time to
formulate kinetic plots also known as shelf life charts, describing the changes of the PC scores as a
function of time. For these timelated PCs, reaction order and multivariate kinetic parameters were
determined. After the estimation of the multivariate constants, the Arrhenius eqliatinza, 1982)
was used for estimating their temperature dependence for each kinetic model.
Quality degradation kinetics can be reprdsd by the equation 1:

— Q0 (Equation )
Where Q is the measured quality attribute, t represents time, n is the reaction order and k is the reaction
or degradation rate.
The reaction rates are significantly temperature dependent, high¢éorthgestemperature the faster the
degradation. Therefore, to associate or describe the temperature dependence of the degradation rates

Arrhenius equation is used.
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1T 110 — (Equation 2)

Where, Ea is the activation energy, R is the wsizlegas constant with a constant value of 8.314 J/mol,
Tref is the reference temperature usually in shelf life studies is the market shelf temperature of any food
product.
The most important and significant aspect of the MASLT technique is the selgfdiencutoff criteria
for the property under studin case of study evaluating differentality parameters, individue¢ference
limits are chosen for each quality index, andaffitriteria (t) is calculatedas themaximum acceptable
value of the vectar (Pedro and Ferreira, 200Berossi et al., 2016

t = Xa*L (Equation 3

tc = Max(t) (Equation 4)
Wherexa is the pw vector containing the auscaled values of the reference limits of each quality
attribute tha define the threshold of acceptability of the product, whilis the loading matrix of the
time-related PG at the market storage conditions
In this study, the spectra of samples judged unacceptable was used for the calculation-oftkealcet
For visualization of degradation with the passage of storage time for leaves stored at different
temperatures, 5 random leaves were collected from the replicates of each acquisition time and were
processed in Hypertoo(#obaraki and Amigo, 2018)rhe images were spatially binnedasked and
augmented with each row representing a single acquisition time (Figure 5).

2.4 Partial Least squares regression (PLSR)
A slight modification of the MALST algorithm was also proposed in this study by developing PLS

models for the spectra against time of storage. PLSR works by maximizing the covariance between the
linear functions of the information included in tie(mxn) matrix and the corresponding vector of
storage time in then (ter Braak and de Jong, 193Bunnet al, 1989) Random subset cross validation

was applied in this case. Firstly, a PLS model to predict days of storage was developed after mean
centering theX data and autscalingm using the PLS toolbox. Then the LVs were taken as properties
and were plotted againsme to formulate shelf life charts. The rest of the procedure remained the same
as the conventional MASLT application. In this case, only mean centering was done for data

normalizationThe model reliability was accessed by the values’afiRbrationand R cross validation
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and also by the root mean square errors

3. RESULTS AND DISCUSSION

3.1 Principal Component Analysis and PC relationship with time
PCA of the normalized data in the wavelength range of14@®nm resulted in two PCs covering

maximumvariance in the data wher@C1 accounted for only 88.24% of the total variabititaer the

entire wavelength range constituting 121 variabddter the removal of the variables not contributing

to the model from the preliminary PCAVlacGregor and Kourti, 199%aavedrat al.,2013)atotal of

2 PCs accounted for 98.99% of the total variability in the idetae wavelength range of 4@D0nm. In

this case, PC1 explained maximum variability of 96.27% follolsethe PC2 which accounted for only

2.72% of the total data variability (Figure 3).

Plot of PC1 vs PC2 scores clearly indicated as the main source of variance on PC1 was related to time
(Figure 3a). Figure 3b depicts the change in the PC1 scores faartipes stored at three different
temperatures over the storage time. The degradation rate of the rocket leaves stored at 5 °C is much lower
than those stored at 10 °C and 15 °C, which as expected, indicates that storage temperature had a
significant impacbn the shelf life of the rocket leavd®mperature ign fact,the most important factor
affecting the quality of fresh produce. Low temperature is essential to maintain an optimal product quality
because it reduces several physiological activities) asdranspiration, which causes weight loss, and
respiration.Senescencean induce chemical and enzymatic changes that may cause tissue softening,
pigment loss, ripening and discolorati@rosnan and Sun, 20Q1Moreover,low temperaturealso

reduces the growth rate of spoilage microorganisms on surfaces of vegetabléRiedigrset al.,2009;

Ukuku and Sapers, 20Q7hese changes in the PC scores may be directly related to the leaf pigments
which are responsible for the color in the rocket leaves since the spectra responses vary with the change
in color of the leaves ithe VisNIR range, as a result of the loss of chlorophyll over the storage period.

As shown in the sample score plot in Figure 3b, spectral signatutreslefives at each acquisition time
variedwith the temperature of storage. From Figure 3a and 3nitatso be observed that up to day 3

all the samples at the three different storage temperatures possessed similar scores and therefore simila
quality attributes. Regarding appearance, in fact, until day 3 all the leaves possessed a visual score value
above 3 and were still marketable, as can be seen in Figure 4. Starting from day 6 of storage, significant

guality differences can be observed in the samples stored at different temperatures.
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Therefore, PC scores possess the capability to mark the dagsagfesturing which significant quality
changes occur for the samples stored at different storage temperatures. Also in the case of samples store:
in modified atmosphere packaging at 5, 10 and 15 °C, differences in appearance score were higher
starting fromthe 6" day of storag¢ Amodio et al., 2015)as well as difference in the overall sensorial
guality. In the same study, it was found thppearane scores limited the shelf life of theaves stored

at 5 °C, estimated in 7.3 days wlale increase in thiemperature affected the loss of ascorbic acid more

than theappearance and edfdor scores.
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Figure 3c depicts the importance of the variables for the model; all the loadihgsRi£1 model above

the threshold contributed weight to the model. Since the considered wavelength rang@0@mt0this

is mainly accounting for the color changes related to the pigments of the rocket leaves such as chlorophyll
and carotenoids therefg the PC1 and PC2 loadings correspond to the chlorophyll absorption at 670nm

in case of PC1 and the peak at 535nm corresponds to the anthocyanins absorption. The spectral profiles
in the NIR region from 80A000nm are mostly related to the changes in rdagter and textural
properties. Moreover, the mid NIR region is usually depicting changes based on the water content as this
region is based on the high influence by wéB#&nchez et al., 2011)

As for leaf pigmerg, chlorophyll compounds absorb in the blue and red regions, corresponding to the
wavelengtipeak at 430 and 670 nm for Chlorophyll a, and 460 and 640 nm for chlorophyll b. Carotenoid
peak ranges from 470 to 530 nm, whereas anthocyanins has a maximubaadsat 530 nm. Based

on previous research works both the carotenoid and chlorophyll absorbance decreased with the storage
time due to theenescencef the leavegGitelson and Merzlyak, 1994errante et al., 2004rigure 1la

shows lowest reflectance values in the region f&&®670nm for samples at Day0, which medhat

the leavegpossessignificant chlorophyll contentwvhich with the passage of storage time decreased
resulting in higher reflectance (low absorption) values at the end of storage pargttansition from

the green to yellow color as a resultaflorophyll breakdown, associated $enescengeaesults in

increased reflectance values.
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Figure 4. Changes in the appearance scores of fresh rocket leaves stored & $green), 10°C
(blue) and 15°C (red) over time

From Figure 4 it can be obsedvthat leaves stored at 15 °C showed the highest degradation, followed
by samples at 18 and 5°C; this is a result of color changes and leaf dehydration and wilting.
Figure 5 represents the variability of the PC Scores in the leaves stored at 5,180°@ndAs can be
seen, the color changes in each row (each acquisition time) at 5 °C are not visually different, but in case
of 10 and 15 °C higher changes can be observed. As for 10 °C, starting frofhrtve Grresponding
to the & day of storage, glht changes in the score colors can be observed. In case of 15 °C, the leaves
in row 3 are clearly showing a significant variation of the score values when compared to those at 5 °C
and 10 °C. This is totally comparable to the PCA results of the spackigure 3b where the score
sample plot depicts maximum score changes at 15 °C. So Figure 5 is an image visualization of the trend
of the score changes, obtained using randomly chosen leaves which has been expressed in Figure 3b fo
the samples stored dt three temperatures. The differences in the Figures 5a, 5b and 5c can be directly
related to the quality of the leaves. While Figure 3b shows a plot of the samples against the time related
PC1, Figure 5 shows the relative maps of the leaves storedts #iiree different temperatures over a
time span of 10 storage days. The PC1 score values correspond to the color changes in the leaves fron

dark green to yellow over the storage period, which can also be depicted in the PC scores plot along the
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PC1 axidn Figure 3a. According to the Figure 3b all the samples at Day1 of storage have the same score
values hence they possess the same freshness and green color as can also be observed for the samples
Day1 for all samples in Figure 5. Since the degradattmat different temperatures is different, clear
quality changes (transition from dark green towards yellowish color) were observed for the samples

stored at 10 °C and 15 °C after 6 days of storage, especially for the samples stored at 15 °C.

3.2 Multivariate modeling and shelf life estimation
Table 1 showshe results obtained by applying nlamear fitting to PC1 scores against time; based on

R2 values, results of first order fitting, particularly when a pre exponential factor was also included in the
equation were better than those of the zero order reactions. First order kinetics explained the PC1 score
changes with time with an?Rf 0.73 at 50.94 at 10, and 0.95 at 15°C for the variables in the range of
400-800nm. The reason for this low value of iR case of 8C can be attributed to the fact that the
degradation rate at this temperature was slower as compared to 10°@ndAdBefers to he pre
exponential factor, and was estimated in similar values among different temperatures, being 3.849, 3.831
and 3.776, respectively at 5, 10 and 15 °C

Table 1. First order kinetic parameters of PC1 scores as a function of time for fresh rocket leave

samples stored at 5, 10 and 15°C using the equation Az

Wavel engt h-8BR&mgne 400

Temperi Estir Std. tval u pl ev Conf | i R?
: Ao 3.849 0.030 126.570  0.000001 3.7533.947
5AC 0.73
Km 0.008 0.004 1.825 0.16 -0.0060.022
] Ao 3.831 0.043 87.299 0.000003 3.6923.971
10AC ' ' ' ' ' ' 0.94
Km 0.033 0.006 4.870 0.01 0.0110.055
. Ao 3.776 0.071 52.478 0.00001 3.547.4.005
15AC ' ' ' ' ' ' 0.95
Km 0.058 0.011 5.276 0.01 0.0230.094

Looking also at the confidence values fevaluesjt can be concluded that all the samples had the same

quality attributes upon the beginning of the shelf life estimation and that the variance of overall quality
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of the fresh samples did not affect the degradation kinetics. On the other hargteagive increase in

the value of the multivariate rate constants is seen with the increasing temperature which at 5°C increased
with a value of 0.008¢, at 10°C with a value of 0.033dnd at 15°C it increased with a value of 0.058d

!, From the confidete intervals, a significant difference can be observed between samples stored at 5
and 15°C, with an increase of ~7.2 fold in the degradation rate of the appearanceDsros=set al.,

2016 found higher multivariate rate constants with values inciggasih the increasing temperature for
freshcut lettuce stored in MAP at 0, 5 and 15°C, but this may be explained with the higher sensitivity of
lettuce to browning and quality degradation due to mechanical damagediinaiinade cuttingMurata

et al.,2004)and to the effect of modified atmosglke which at higher temperature may result in improper

gas composition and in effavor developmen{Mastrandrea et al., 2017Apn the other side, observed

values for lat 5 and 15°C were very similar to the value obtained by Ametdib (2015) when fitting

color scoreinetic, evaluated sensorially with the same scale system from 5 to 1. These authors reported
values of 0.019 and 0.047, at 5 and 15°C, respectively, fitting the kinetic curve with a Weibull model.
Considering that shape factor values were not very diffdrem 1 (1.34), a rough comparison of the
constant can be done, and thus it can be hypothesized that observed variations were closely related to the
color changes. The decrease in the values of the PC scores with the passage of storage time in the
wavelength range of 40@00nm is indicative of the transition from green color to yellowish as a result

of the loss of chlorophyll which at 465 is the highest (Figure 5c¢) followed by°@XFigure 5b) and&

(Figure 5a) and color changes can only be observettiregion from 55F00nm.
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The multivariate kinetic parametets( Ur, Es) calculated using PC scores as properties after various
data pretreatments and utilizing two different spectral ranges, are shown in Table 2. These kinetic
parameters were obtained after the exponential fitting of the time related PC scores with toregef s
using the equatioA=Ag*e™ V.

Table 2 First order kinetic parameters as a result of exponential modeling of PC1 scores as a

function of time for fresh rocket leave samples stored at 5, 10 and 15°C using the equation A*e
kt)

Wavelength rang&400-1000nm)

PC# Variance Pretreatment Storage Multivariate ~ Acceleration Activation
explained Temperature rate constant factor Energy Ea)
(%) °C) (km) (Un)
05 0.0024 é
18t 88.92 Mean Centering 10 0.0085 3.54 120.91
15 0.0147 6.13
Wavelength range (46800 nm)
PC# Variance Pretreatment Storage Multivariate ~ Acceleration Activation
explained Temperature rate constant factor Energy Ea)
(%) °C) (km) (Uh)
05 0.0022 é
15 96.37 Mean Centering 10 0.0082 3.73 124.88
15 0.0143 6.5

From Table 2 it can be seen that the dependence of the rate coagtant the temperature of storage

is clearer in case of mean centered data both for the 121 variables usé@@6a) and 81 variables
(400-800nm) after the spectral cropping. Other datatyatments were applied, but a clear difference
between the rateonstants could not be observed in those cases, since, by extensively preprocessing the
data, the baseline effects related to the product degradation cannot be ofi3edredand Ferreira,

2009) therefore thepectral data were only normalized.
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In case of the full wavelength range, the rate constant changed from 0'@024a085d and 0.0147d

! respectively for 5, 10, and 15°C, depicting the change in the rate constants with respect to temperature.
Similarly, after the omission of the undesired variables, the variance explained by PC1 increased but still
there was not a significant difference between the rate constant and acceleration factor values from those
of the total 121 variables under studye acivation energy calculated for 121 variables was 120.91
kJ/mol whereas for 81 selected variables it was 124.88 kJAtsd.in this case the comparison with

value found byDerossiet al.,2016for freshcut lettuces, confirmed that degradation reactions in rocket

leaves were much slower than for fresh lettuce, requiring much highes.E

Figure 6. PC1 scores as a function of time for rocket leaves stored &C5(green), 10C (blue) and
15°C (red). Red full-line represent the sheHlife cut-off value.
In Figure 6, PC1 scores for each temperature were plotted against time in order to estimatelifee shelf
The cut off criterion was calculated based on the number of days needed to reach score 3, corresponding
to the marketability limit, applied to therketic at 15°C. This is in line with the MASLT theory of using
the maximum acceptable values among slifelflimit of considered attributes. The spectrum of the
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unacceptable sample as vecteand the loadings of the time related PC were taken and eguggion

4 the cutoff criteria was calculated to be 3.955. These appearance score values were in agreement with
the studies conducted by Amodib al.,2015 andViastrandreaet al.,2017in which the rocket leaves
reached tharhit of marketability (appearance score 3) on the third day of storage when stored at 15°C.
Estimated values of shelf life were similar to those reported by Anen@ilo,2015 and were lower when
compared to values reported Kpukounaraset al.,2007, hut this can bedue to the difference in raw
material possibly related witie cultivar,the season, and the number of cut{igefeldtet al, 2012
Koukounaraset al,2007 Martinezsénchezet al., 2008) Moreover this studywas conducted in
humidified air flow storage of the leaves and the same leaves were followed over time, being more
prone to mechanical damage during image acquisitions.

Generally sheHife of wild rocket leaves stored at 0°C was extenttedbout 3days if compared to
storage at 4°C and 6 days compared to storage aiH&lCet al., 2013)Amodio et al.,(2015) reported

value 0f7.3,5.8 and 3.7 day®r sanples stored at 0, 5 arid °C, respectively, when appearance score
was used as marketability limit. In the same study, the shelf lifefies6, 10.4 and 3Mhen calculated

on texture score, and even higher if calculated on the ascorbic acid lossasthidrs, showed, in fact
thatappearance score was the limiting factor for shielfat O and 5, butthat at 15C, ascorbic acid
content, followed by the texturevere more critically contributing to the marketabilibgcause the
degradatiomrates ofthese attributes increabwith temperature morthan the appearance and-otfor.

These findings confirm the needing of a multivariate approach for-ldfiee#fstimation. When MALST
method was applied on fresit lettucejt was foundhat the dgradation of samples storeat 15°C was
mainly attributed to the ofbdor rather than to the appearance score and color score, which, on the other

hand, were the most determinant for samples stored at 0 and 5°C, respdogvesgiet al.,2016)

3.3 PLSR for he estimation of days of storage and shelf life
This method is a slight modification of the MASLT approach. In this case instead of doing a PCA, a PLS

model was developed for the prediction of days of storage from the spectra acquired during the storage
period at all three storage temperatures. Thetspaere mean centered and PLS regression model for
days of storage in the full wavelength range resulted i anof 0.86 andY of 0.83 with the RMSC

of 1.32 and RMSECYV of 1.48. The first latent variable (LV) accounted for 88.82% of thaceadad
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the second LV described 8.31% of the variance in the data. Variables having minimal or negligible
weight in the PLS model as shown in the loading plots were removed, resulting also in this case, in the
elimination of the variables from 8aD00NmM.PLS regression model for prediction of days of storage
was developed again with 81 variables from-800nm after data normalization (Figure 7).
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Figure 7. PLS regression model for prediction of days of storage in the wavelength range of 400
800nm; DayO(red), Day3 (green), Day6 (blue), Day8 (light blue), Day 10 (orange).
LV1 explained 96.25% of the covariance, whereas LV2 only accounted for 2.69% of the covariance in
the data. The plot of LV1 versus LV2 shows the variability of the LV scores along thexti¥ (Figure
8a). The cause of this variability can be found in the differences of the Y values due to the different

storage temperatures. Figure 8b depicts the loadings of LV1 and LV2.
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Figure 8. LV plots in the wavelength range of 40800nm; a) LV1vs LV2 score variability for
days of storage (0, 3, 6, 8, 10); b) LV loadings LV1 (red) LV2 (blue).

Compared to the PCA in Figure 3a a similar dependence of LV values with time of storage can be

observed; the changes in the spectral properties are ewidérg case as well. For this reason, this can
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also be considered as a new MASLT approach and its results can be compared to the conventional
MASLT based on PCA. As expected, LV1 was found to be time related and the loadings of LV1 and
PC1 possessed nagble difference. Both the LV1 and PC1 loading profiles hold similarity with the
mean centered spectral profiles, hence explaining maximum covariance and variance, respectively.
Table 3. Estimated A and slope ki values resulting from the regression analsis of storage time

and LV1 scores

Wavelength range (46800 nm)

Temper EstinStd. tval v pl ev Conf. | R?
. A, 3.849 0.029 128.814 0.000001 3.7543.944 074
Km 0.008 0.004 1.919 0.15 -0.0050.021 '
10 A, 3.831 0.044 86.470 0.000003 3.6893.972 0.94
Km 0.033 0.006 4.842 0.01 0.011-0.054 '
A, 3.775 0.072 51.784  0.00001 3.5434.007
15 0.95
Km 0.058 0.011 5.218 0.01 0.0230.095

If compared to Table 1he results obtained by applying ntimear fitting to theLV1 against time using

the first order kinetics are not significantly different as the PC scores approach in the conventional
MASLT studies (see Table 3). LV1 score changes with time resulted i? ahG=74 at 5°C, slightly

higher than the Robtained in the case of PC scores at the same storage temperature, 0.94 at 10°C and
0.95 at 15°C, similar to those of the PC approach. Téealues for all three temperatures is almost
similar in this case and negligibly different from those of the RiLescfor each storage temperature.
Moreover, the multivariate rate constant values are exactly the same in both cases, with the increasing
temperature which at 5°C was 0.008dt 10°C was 0.033dand at 15°C was 0.058dIf compared to

the Ap values inTable 1 it can be seen that the results of the PLS regression coupled with the MASLT
analysis are the same as the conventional MASLT approach. Also in this case the negligible differences
in the Apvalues signify that the leaves in the start of the arsahad the same quality attributes which
deteriorated with the passage of time at different rates stored at different temperatures.

Table 4. First order kinetic parameters as a result of exponential modeling of LV1 scores as a

114



function of time for fresh rocket leave samples stored at 5, 10 and 15°C using the equation A*e&
kt)

Wavelength range (406800 nm)

LV# Co-variance Pretreatment Storage Multivariate  Acceleration Activation

explained Temperature rate constant factor Energy Ea)
(%) (°C) (km) (Gn)
05 0.0023 é
18t 96.25 Mean Centering 10 0.0082 3.57 121.95
15 0.0143 6.22

The kinetic charts were developed for the LV scores at each storage temperature against the days of

storage (Figure 9).

Figure 9. LV1 scores as a function of tim&igure 6. PC1 scores a for rocket leaves stored &G
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(green), 10C (blue) and 15C (red). Red full-line represent the sheHiife cut-off value.
If compared to Figure 6, in which the PC1 scores were plotted as a function of time, it can be observed
that te results are not very different. Equation 4 was used for the calculation of cutoff criteria using the
unacceptable spectrum and the loadings matfixhe time related LVs, and tke cutoff criteria
possessed negligible difference from that of the P@escapproach. The estimate of shelf life in this
case for samples stored at all three temperatures had minute differences but was still better as comparec
to the PCA, 3.3 days, 4.5 days and 9.4 days at 5, 1056d
Comparing Figuré andFigure 9, aswell as Table 4 and Table & is clear thal.V can be used as an
alternative approach for the shelf life estimation in the MASLT method since the differences in the values
of the rate constantef the activation energyas well as of shelife estimaton are not significantThe
advantage of using this approach instead of using a PCA is that it would be much more flexible for further
validation experiments. In fact, while PCA distribution of variables may be more sensitive to other
sources of variatiora PLS prediction model based on days of storage will be more reibast PLS
takes into consideration the covariance between the spectral profiles and the predictor values. Hence, the
co-variability of the spectra with respect to days of storage are acoreately represented by PLIhis
will facilitate the comparison of data obtained with new samples, just by plotting them versus the
regression line plot, without the need ofromning a PCA every time, and also the adding of new

calibration data intthe model.

4. CONCLUSIONS
For the first time a multivariate approach using the spectral fingerprints for the estimation of the shelf

life of fresh cut rockets was used. The changes in the spectra with the passage of storage time for the
samples stored Hiree different temperatures served as the property under study. Comparing the MASLT
approach with the conventional ASLT methods the use of PCA yielded valuable information regarding
the variables contributing towards the weight in the model and accodotitite quality losses of the
product. It was highlighted that the wavelength range of A®Ihm held great significance while
estimating shelf life based on appearance scores. The conventional MASLT approach using the PC scores
was also compared with @w method using PLS and LV for the development of the kinetic or shelf life
charts. Comparing both the approaches it was concluded that no significant differersdeetxestn the

results yielded by both the techniques.
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On the other side, the PLS modahdie more robust as compared to a PCA model with the allowance
of new samples to be added in the calibration and can serve as a tool for better validation. MASLT
approach with BS can enable the processordédter estimate the shelf life of their protkiand access

the market with better product quality by improving the logistics.
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Abstract
The potential of hyperspectral imaging in the visible and near infrared regions was investigated for the

prediction and mapping of Vitamin C, ascorbic acid (AA), dehydroascorbic acid (DHAA), antioxidant
activity and phenolsn wild rocket Diplotaxis tenuifolia)over a storage span of 12 days &C.5
Hyperspectral images of the wild rocket leaves were acquired in tHe¢IRi§400-1000nm) and the NIR
(900-1700nm) ranges followed by Partial least squares regression (PLSR) differgnt data
pretreatments and wavelength selection. The model reliability was checked by the root mean square error
(RMSE) and R values. Among the predicted parameters Vitamin C, AA, antioxidant activity and
phenols were predicted satisfactorily ie thIR range. % derivative followed by mean centering served

as the best spectral pretreatment in each case. The PLSR models for Vitamin C yieltletiGaAd&Rn
external prediction (RMSEP of 10.905 over a range of 15.80 to 123.33 mg/100g) while foitihte

same data pretreatment thé\Rilue in external prediction was 0.73 with a RMSEP of 10.249 over a
range of 7.97 to 109.38 mg/100the R value for antioxidant activity waB.76 in external prediction
(RMSEP of 16.022 over a range of 54.26 to 192.15 mg Trolox/100g) whilphiemols external
prediction yielded an Fof 0.78 with a RMSEP of 13.816 over a range of 83.53 to 200.92 mg of gallic
acid/100g. The prediction maps for {@rameters were calculated to follow the changes over the storage

period. More reliable results were acquired in the NIR range as compared to-thR\enge.
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1. INTRODUCTION
Leafy vegetables have always served as a significant source of health promoting elements in human diet

as they are an enormous reserve of active chemical compounds and are the cheapest and widely availabl
source of fiber, proteins, vitamins,giolic compounds, antioxidants and mine(&#son et al., 2012)

Along with aiding the consumers in meeting their optimum nutrient requirements they also act in the
prevention of arious morbid conditiond.ampe, 1999Mann, 2001He et al., 2008Webb and Villamor,

2008) Therefore, the consumption of minimally processed rdadat fruit and vegetale has
significantly boosted in the last decad@stés, Gbmez, Aguayo, Escalona, & Aridsrnandez, 2009)

since they are perceived as healthy, convenient, highly nutritive and appédiregra et al., 2015Ma

et al., 2017)

In the Mediterranean countries, rocket leau@plptaxis tenuifolig with its pungent smell and strong
flavour, lies among the most popular leafy vegetables mostly consumed aalstandalads or as a part

of mixed salad product3he rocket leaves are a rich source of phytonutrients such asviitaenin C,
flavonoids and glucosinolates which are widely known for their positive impacts on human health
(Cavaiuolo and Ferrante, 201M u r z yWhsrdalks 2015) The nutritional value of the wild rocket
leaves and its degradation with thaspage of the shelf life depends on thehaevest practices,
postharvest handing, processing and storage cond{fionsnen and Brummell, 20Q08efola and Pace,

2015) After minimal processing operations (most commonly in this case, washing and drying), the
rocket leaves are available packaged in plastic bags in the retail Bantesularly, yellowing caused by
chlorophyll degradation, wilting, and the production dfoflors are the main sources of deterioration

for this product(Nielsen et al., 20Q8oukounaras et al., 2002gkke et al., 201,2Chaudhry et al.,

2018)

The degradation process in fruits and vegetables also results in the degradation of the phytonutrients and
many studies have taken into account the changes in the vitamin C, ascorbic acid (AA), antioxidant
capacity, phenols and anthocyani(dmodio, Derossi, Mastrandrea, & Colelli, 201®erossi,

Mastrandrea, Amodio, De Chiara, & Colelli, 201.6&he kinetics of AA degradation is effected by
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temperature, pH, enzymes, oxygen, metallic catalysergmdSantos & Silva, 2008 érezBalibrea,
Moreno, & Garciaviguera, 2008) The effect of storage time and temperature on vitamin C degradation
of rocket leaveshas been reportday (Kim and Ishii, 2007 Spadafora et al., 2018astrandrea et al.,

2017. Kim & Ishii, 2007 observed that the vitamin C content was significantly affected during the
storage of the rocket leaves at bot@ 4nd 18C and also it was reported that the vitamin C content was
higher in the leaves with roots and leaves only in cas€é®fd compared to 26 regardless of the
storage time. In the same study it was also observed that the rocket leaves stangdr@ots showed

better results during storage’C in terms of freshness and weight loss. Moreo8padafora et al.,

2016 also reported a rapid decrease the vitamin C content of rocket leaves stored at higher
temperatures. In this study it was concluded that the vitamin C depletion rate was higher for rocket leaves
stored at 18C at all timepoints but this difference was particularly significant atninth day of storage.

At the end of the storage period the rocket leaves storé€ aetained more vitamin C as compared to

the leaves stored at AD. Particularly Mastrandrea, Amodio, de Chiara, Pati, & Colelli, 20&@orted

that the leaves stored &@both in air and in modified atmosphere packaging (MAP) did not show any
changes in the AA content but those stored®@tdir portrayed slight decrease in the AA content with

the passage of storage time while a progressive and rapid decrease was observed in the AA content
degradation at P& both in case of samples stored in air and in MAP. Changes in AA content during
storage of rocket leaves were also studie{awvaiuolo, Cocetta, Bulgari, Spinardi, & Ferrante, 2015a)
which observed a slight increase in the AA content in the initial days of storage. In anotlyea stud
comparison of the changes in the AA and vitamin C content was made for the rocket leaves siGred at 4
in controlled atmosphere (CA) with those stored in air concluding that the AA content remained unaltered
in the CA and also increased at the enchefdtorage while the ascorbic acid (AA) content degraded in
the leaves stored in giartinezSanchez, Marin, Llorach, Ferreres, & Gil, 200849reover, a decrease

in the total antioxidant capacity was observed during the storage period which was more significant for
the samples stored in air. The pbkn content in the leaves also portrayed a decrease with the passage
of storage time regardless of the storage atmosphere.

All the above studies rely on chemical methods for the quantification of the phytonutrients that are time

consuming, require skiltepersonnel and they are expensive to conduct. As an alternative rapid, and
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cheaper means of measuring nutritional quality may facilitate the access to this information also to
processing companies and finally to the consuldgperspectral imaging iatechniquethatintegrates
imaging andspectroscopyor the quantification andprediction of physicahttributesand chemical
compounds ifood sampleslong with the mapping dheir spatial distributiomn the sampleEImasry

etal., 2012Y.-Y. Pu et al., 2013Huang et al., 2014k veryfood produchas, in fact, a specific spectral
fingerprint depending on the samp&ucture the moisture content, the particle size, the temperature of
the sample and most importantly of its chemical composj@sorio, Haughey, Elliott, & Koidis, 2014)

Most commonly, during the storage perititese spectral profiles are collected from the hyperspectral
images which later integrated with multivariate tools can be used as a powerful tool fomtla¢i@stbf

the quality and shelf life of the food products during sto(&yewven et al., 2008 _akke et al., 2013)

The potentiality of the hyperspectral imaging and spectral fingenpgi combined with multivariate
analysis has been widely recognized for the prediction of various chemical constituents, contaminant,
detection of defects, safety inspection, in fresh fruits and vegetables such as stra(Megaes et al.,

2005 Tallada et al., 2006apples (EIMasry, Wang, Vigneault, Qiao, & ElSayed, 2008)cumbergLiu,

Chen, Wang, Chan, & Kim, 2004)ychee fruits(H. Pu, Liu, Wang, & Sun, 2015Wwheat grains
;(Vigneau, Ecarnot, Rabatel, & Roumet, 2QBh)dspinah leavegC. D. Everard, Kim, & Lee, 2014a)

Many research works have concentrated on nbe-destructive evaluation of leafy vegetables
particularly spinacks(Diezma et al., 2013 ewey et al., 201 1ara et al., 201;3Zhang et al., 201 Cho

et al., 2017Everard etl., 2014 Lunadei et al., 2032vang et al., 2017)ettuce(Derossi et al., 2016

Xue and Yang, 2009and rocket leavgd oledoMartin et al., 2017Lgkke et al., 2013hGiovenzana et

al., 2015 Chaudhry et al., 2018Among leafy vegetables most of the research works have implemented
hyperspectral or multispectral techniques for the quality evaluation of spinach leaves including detection
of Escherichia col(Siripatrawan, Makino, Kawagoe, & Oshita, 20Mhere VisNIR hyperspectral
imaging was used to establish a correlation between the hyperspectral data and the nEmBeti of
which varied from5.1 to 7.4 Log (CFU/g)in the four sukgroups for different initial inoculated
concentrations dE. Coli(K12). Diezma et al., 2013and to discriminate between the fresh, degrading
and degradedpsnach leaves over the storage period. In another @dy. Everard, Kim, & Lee,

2014b)hyperspectral imaging in the visiBMIR andflorescence regions was used for the fecal detection
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on the spinach leaves up to 1:10 dilution level with 100% accuracy. Moreover, for rocketlekkes

et al., 2013kused CIELAB obtained from multispectral imaging for achieving a correlation with the
sensory evaluation based on color and texture. It was observed that @lmbfe color evaluation was
achieved using the CIELAB multispectral image data whereas the selective wavelengths in the NIR
region resulted in the reliable description of textural variatigkns.k a | | Pri kergsad k, &
FTIR spectroscopy for detecting the rocket contamination with the common groundsel leaves and
obtained 100% correct classification. Moreow@&raudhry et al., 2018sed hyperspectral imaging in the
Vis-NIR range for followed by the multivariate accelerated shelf life testing approach (MASLT) for the
nontdestructive shelf life estimation of stored rocket leavesvas concluded by the studyhat
wavelength range betwe&b0 7 0 0 significantly contributed towards thehelf life estimationbased

on appearance scord$ie changes in the appearance scores were also mapped over the storage time for
all storage temperatures. NIRS was also empldyedillatoro-Pulido et al., 2012or the prediction of
mineral composition of the rocket leaves in the wavelength range é#3@@hm using modified partial

least squares regression (MPLBYr the model simplification wavelength selection was done and it was
found out that the wavelengths in the regions betvi®&h700, 11001300, 1400 and 190@400 nm

were significantly important for the prediction of minerals wiftwvRlues ranging betves 0.390.78 for

various mineralsVillatoro-Pulido et al., 2012lso used the ViBIIR spectroscopy for the quantification

of total phenolic content (TPC) and glucosinolates in the rdek&es using MPLS regression with R
values ranging between 0.59 to 0.84 depicting reliable quantification reselsrthelesspone of the

studies have attempted to quantify and predict the phytonutrient changes overleafg uegetables
particularlyrocket leaves using spectral profiles and map these chamgesime using hyperspectral
imaging.

The objective of this study is to correlate the speatfakrmationacquired over time with the changes

in vitamin C contentantioxidant activity, AA DHAA and phenols over the storage period and map the
concentratiorprofiles over time by usinghyperspectral images the visible and NIR ranges using
Partial Least Squares Regression (PLIR)this aim a new approach was imtuced in order to correct

errors due to the pixel by pixel prediction based on prediction model obtained with mean spectra of leaf

regions.
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2. MATERIALS AND METHODS

2.1. Experimental design and spectral acquisition
Washed and dried rocket leavéiglotaxis tenuifolig were received in the postharvest laboratory of

University of Foggia, Italy. Representative samples were weighted; distributed into 100g batches, packed
into plastic clamshells and stored &C5under humidified air flow. Fifteen rapates comprising 20

leaves each were acquired on each acquisition interval over a span of 12 days of storage. Hyperspectral
image acquisition and reference analysis of the samples was done on 0, 2, 5, 7, 9 and 12 days of storage
Prior to the analysis tHeaves were kept at room temperature.

For the acquisition of the hyperspectral images, a hyperspectral line scan scanner (Version 1.4, DV srl,
Padova, Italy) equipped with two spectrographs, one in the visible near infrareldIRjisegion and

the otheiin the near infrared region (NIR) were usé&te spatial resolution of the VYNIR spectrograph

was 2000x1000 pixels with a spectral resolution of 5nm over a wavelength rangeldi0on while

the spatial resolution of NIR spectrograph was 623x320 garel a spectral resolution similar to Vis

NIR spectrograph over a wavelength of A0MONm.

Seltdeveloped MATLAB codes were used for image thresholding and the extraction of the average
spectra of twenty leaves from each replicate based on the besistdrgtween the object and the
background followed by masking and the same procedure was followed for each acquisition interval. A

total of 90 spectra both in the NIR and \N¢R ranges were collected to formulate the dataset.

2.2 Chemical analysis

2.2.1Total phenolic content and antioxidant activity evaluation
Total phenolic content and antioxidant activity were determined accord8igdteton and Ros$1965)

andBrandWilliams et al.,(1995)with minor modificationsThreegrams ofieafy tissuesepresenting
the leaves of one replicate (one imagare homogenized in 2mM sodium fluoride methanol:water
solution (80:20)or 1 minute and centrifuged at®G and 12,000pm for 5 mirutes The total phenol
content was expressed as mg ofligaacid equivalent (GAE) 100 g fresh weight. The antioxidant
activity was reported as mg Trolox equivalent antioxidant activity (TEAC) T0BW. Reading were
made at 725 nm, against a blank after 2 h standing for phenolic content and at 515 2Mnhaedtanding
for antioxidant activity using a UNL700 Shimadzu spgophotometer (Jiangsu, China).
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2.2.2 Vitamin C analysis
Three grams of fresh rocket tisssierepresenting the leaves of one replicate (one imagee

homogenized with 10 mL of MeOHHA®D (5:95) plus citric acid (21 g'L) with EDTA (0.5 g L' 3. The
homogenate was filtered through cheesecloth and a C18 Bakerbond SPE column (Waters, Milford, MA,
USA). AA andDHAA contents were determined as describeddgyata and Dufou1992) with some
modifications. The HPLC analysis was actad after derivatization of DHA into the fluorophore 3
(1,2-dihydroxyethyl)  furol [3,4b] quinoxalinel-one (DFQ), with 1,Zphenylenediamine
dihydrochloride (OPDA). Samples of 20 pl were analyzed with an Agilent 1200 Series HPLC. The HPLC
system consistedf a G1312A binary pump, a G1329A autosampler, a G1315B photodiode array
detector from Agilent Technologies (Waldbronn, Germany). Separations of DFQ and AA were achieved
on a Zorbax Eclipse XDBC18 col umn (150 mm | 4.6 mimologes, €¢m p
Santa Clara, CA, USA The mobile phase was MeOH®BI (5:95 v/v) containing 5mM cetrimide and
50mM potassium dihydrogen phosphate at pH 4.5. The flow rate was 1 miL Adnand DHAA
contents were expressed as mg of ascorbic or dehydroascadgperat00 g of fresh weight (mg 100 g

D,

2.3.Partial Least Squares Regression (PLSR)
Prediction models for the desired parameters were developed using the PLS algorithm in the PLS toolbox

(Eigenvector Research Inc., version 7.2.5) working under MATLAR2D (version 8.0.0.783, The
mathworks, MA, USA) as well as in HYPERbols (Version 2.0). The spectral dataset was divided into
calibration set and validation set based on the 70/30 ration with 70% of the samples in the calibration
dataset and 30% of tharaples reserved for external validation from the replicates of each acquisition
interval. For the development of the PLSR calibration models internal cross validation was done using
the random subset cross validatidhe accuracy of the calibrationodelswas accessed by visualizing

the R in calibration, R cross validation anthe root mean square erdor calibration (RMSEC) and
crossvalidation (RMSECV)After the formulation of the best calibration model the external dataset was
used for the prediain of the desired constituent.

After the development of prediction modetke mapping of the internal constituentas done by
introducing abrand new approach based on the selection of pixels in the image according to the

calibration range. PLSR modelgere developed within the calibration range based on the spectra
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acquired from the average of the leaves in an ingtgading to the consideratitrat the mean spectrum

of that particulaimage corresponds tthe averages of thdtamin C content of althe leaves in that
image Therefore, it is normal that when the PLSR calibration model developed with the mean spectra
of all the leaves of all the replicatssapplied tca newimage for pixel by pixeprediction some of the

pixels may fall out (below o above) ofthe calibration rangeMoreover, sincahe prediction can be
certain only ifthe obtainedsaluesarewithin the calibration rangeéhe pixelswith concentrationshat

falls out of the calibrationrange should not be considered. Also keeping under consideration the
confidence levelthe root mean square error of calibration (RMPECGhe modelthe calibration range

can be spanneddm the minimum of the calibration range minus the RMSEC untiinds@mum of the
cdibration range plus the RMSEC. All the pixels with prediction values outside this range were excluded
from the concentration map and were depicted separately both for above and below calibration range

with the passage of storage time.

3. RESULTS AND DISCUSSION

Figure 1. a) F' Derivative of Vis-NIR spectra b) P! Derivative of NIR spectra Day 0 (red), Day
2 (blue), Day 5 (cyan), Day 7 (pink), Day 9 (light green) and Day 12 (green)
In table 1 are shown the mean values and resgecéimge of composition for the main chemical

constituents analyzed in this study. The variation in the minimum and the maximum range of values for
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the chemical parameters were determined over a storage span of 12 days at the intervals of 0, 2, 5, 7, 9
and12 daysMastrandrea, Amodio, de Chiara, Pati, & Colelli, 204w found snilar values of vitamin

C in fresh rocket leaves with a much higher amount of AA and a low amount of DHAA, hence showing
that the rocket leaves in the start of the storage period possess a significantly higher amount of AA as
compared to DHAA. Moreover, @similar study regarding vitamin C contdfrtinezSanchez, Marin,
Llorach, Ferreres, & Gil, 2006kso showed that the predominant form of vitamin C at the beginning of

the storage time was AA in rocket leaves as compar&HAA. The also confirmed that a significant
decrease in the AA content was recorded after six days of storage ultimately decreasing the vitamin C
content of the rocket leaves stored both in air and in controlled atmosphere.

Figure 1a and 1b, shows tpeseprocessed flderivative) VisNIR and NIR spectra, respectively. The
VIS-NIR peaks correspond to the color related properties of rocket leaves and the leaf reflectance as
affected by chlorophyla, chlorophyllb a n dcarbtene, in the region of 40@Onm (Chaudhry et al.,

2018a) On the other hand, in case of NIR spectra, tlieatance signal is dominated by the leaf water
content. In figure 1b the peaks observed betweerl®00nm and 146Q500nm are located in the third
overtone region the beginning of the first overtone region, respectively, both predominantly affected by
water absorption(Workman, 2003Sasic and Ozaki, 2011 these regions most of the peaks identified

by H. Yang & Irudayaraj, 2002an be found for vitamin C in powdered mixtures and solutions (1000,
1210, 1360, 1457, 1579 and 1651 nm); the same author also reported one peak at 840 nm related to
vitamin C. Therefore, in this regard, it can be inferred that only one peak for vitamin C can be observed
in the VisNIR region while all the other peaks are located in the NIR region froralB300nm.
Moreover, the region between 130000nm held great significance also for the other compounds
analyzed in this study, since the correlations between the spectreararesponding concentration in

this wavelength region were higher than in the IR region.

The PLSR models yielded, reliable results for the Vitamin C content, AA, phenols and antioxidant
activity in NIR range while results obtained OHAA were na satisfying.After the development of

these models, the most significant variables were selected based on the loading weights for each

parameter andimplified PLSRmodelsweredeveloped.
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Table 1. Range values and statistical distribution of Chemical Pameters

Chemical Parameter Min Max Mean Standard Deviatior
Vitamin C 15.80 123.33 66.39 22.94
Ascorbic Acid (AA) 7.97 109.38 55.83 20.53
Dehydroascorbic Acic

5.01 19.45 11.23 3.43
(DHAA)
Antioxidant Activity 54.26 192.15 113.72 35.30
Phenols 83.53 200.92 136.06 29.79

Table 2 shows the calibration results for the parameters in the NIR range in terfinof Riean square

error of calibration and random block cross validation. Individual calibration models were developed for
each parameterDifferent preprocessing techniques were attempted including mean centering,
derivatization, SNV, MSC and their combinations. The best models obtained resulted from the
combination of ¥ derivatives followed by data mean centering in the NIR range whistalsa reported

by Pissard et al., 2018hile measuring similar parameters in apples.

Table 2. Calibration statistics for the PLSR modelling of the intern& constituents in fresh cut
rocket leaves (Dev= derivative, MC= mean centering

NIR range (906L700nm)
Parameter Pretreatment no  of | LVs Y RMSEC | Y RMSEC
variables \Y

Vitamin | 1 Dev+MC | 161 8 0.80 10.129 | 071 |12.184
C

1°Dev+MC | 75 6 0.80 10.263 | 073 |11.903

1°'Dev+MC | g5 5 0.80 10.149 | 074 | 11.727
AA 1*'Dev+MC | 161 6 0.82 8.301 |077 |9.615

1'Dev+MC | gg 6 0.82 8312 |077 |9.636
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1 Dev+MC | 39 6 0.81 8377 |077 |9.438
DHAA | 2MDev+MC | 161 2 0.17 2978 |010 |3.119

1Dev+MC | g3 3 0.22 2.887 | 0.13 |3.060
Phenols | 1¥Dev+MC | 169 5 0.80 12.909 | 0.75 | 14.488

1¥Dev+MC | gg 7 0.79 13.261 |072 |15.344
Antioxida | 15 Dev+MC | 151 5 0.77 15.324 | 074 | 16.651
nt activity

19 Dev+MC | o1 6 0.79 14876 | 074 |16.531

1 Dev+MC | 77 8 0.82 13544 |075 |16.375

In case of vitamin Cthe calibration dataset comprised of 70 samples and the external validation was
done with 12 samples. Figure 2a shows the PLSR calibration results for the vitamin C over a storage
period of 12 days. The calibration model developed with a total of 16blesiin the NIR range yielded

'Y of 0.80 andY of 0.71 with the RMSEC and RMSECV of 10.129 and 12.184 mg/100g f.w,
respectively which was very similar to the laboratory e@179mg/100g f.W hence confirming the
reliability of the calibréion model. Optimal wavelength selection not only simplified the calibration
model but also resulted in enhancing the performance in cross validatiov with0.74 and RMSECV

of 11.727 mg/100g f.w.
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Figure 2. a) PLS regression plot for Vitamin Cmeasured vs Vitamin C predicted in the NIR
range b) Loadings plots for LV1, LV2 and LV3. Highlighted green regions represent the
variables selected for final calibration model

It can be observed that the wavelength regions froml@00nm, 130L500nm and.65G-1700nm hold

the most significant weight in the model for quantification of vitamin C and therefore, the variable
reduction did not impact the model performance.

In this model for the prediction of vitamin C in the NIR region a total of 55 varidijesighted in green

in the loadings plot were utilized ranging from 90000nm, 1318.435nm and 165Q700nm. External
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validation allowed to obtairY

results are summed in Table 3 &l the parameters.

Table 3.

Prediction statistics for the PLSR modelling of fresh cut rocket leaves

of 0.76 with a RMSEP of 10.908g/100g f.w.The best prediction

Parameter | Preprocessing| wavelength | LVs | 444 RMSEC | d4. | RMSECV |9 —»g4| RMSEP
Range(nm)
Vitamin C | 1Dev+MC | 9001000 |5 |0.80] 10.149 074 | 11727 |o076 | 10.905
13001500 mg/100g
16501700
AA 1Dev+MC | 9001000 |6 |081]8.377 077 | 9.438 073 | 10.249
12951480 mg/100g
16551700
Phenols | 1¥Dev+MC | 9001700 |5 |0.80|12.909 0.75 | 14488 |o078 | 13.816
Mg gallic
acid/100g
Antioxidant| 15Dev+MC | 990970 |8 | 082 13.544 075 | 16375 |076 | 16.022
activity 12851540 Mg
16551700 Trolox/100g

Applying this model pixel by pixel to the imagespeediction map of the vitamin €ontentduring

storagecould be obtained as shownfigure 3.It is worth mentioning that the pixels located above and

below calibration range are not included in the prediction map (figure 3) but are separately shown in

figure 4d and 4e.
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Figure 3. PLS prediction map for Vitamin C with each row corresponding to D& 0, Day 2, Day
5, Day 7, Day 9 and Day 12 / For each leaf, first number: percent pixels predicted within
calibration range; second number: average concentration of vitamin C on predicted pixels
Figure 3 demonstrates, 5 random leaves chosen from theatepliof each storage time in order to

visualize the changes in Vitamin C over the storage period, where each row represents leaves from each
acquisition intervalAs can be observed, prediction values ranged betweerl28.83 mg/100g f.w.

for vitamin C,with many pixels higher than calibration range (133%395.40 mg/100g f.w.), and even

with negative values for the pixels lying below the calibration rar826(4315.92 mg/100g f.w.).
Moreover, eacleafin figure 3 is labelled bywo numbersfirst onebeing the percentage of the pixels
predicted for each leaf within the calibration range and the second number reptiesemigrage
concentration of VaminC on the pixelgalling within the calibration rangét can be observed that both
average vitamin C and AA contents slightly increased in the initial days, especially at the second
acquisition interval and then decreased with time; similar results were repor@ai/aiiolo,Cocetta,

Bulgari, Spinardi, & Ferrante, 2015b which the AA content increased at initial days of storage and

then decreased later during the entire storage span. These results are also compliant to those reported b

MartinezSanchez, Allende, Bennett, Ferreres, & Gil, 28688Amodio et al., 201%vhich revealedhat
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the rocket leaves when stored in the continuous air flow tend to decrease the AA and vitamin C content
even at lower temperatures during storage .tish@reover the calibration models for DHAA were also
developed but the correlation between the spactdethe DHAA values was not encouraging which led

to the conclusionthat the calibration and prediction models for vitamipd@ssessed slightly lower
accuracy as compared to the PLSR models for AA because of the fact that vitamin C was determined
usingboth AA and DHAA.

For phenolic content the PLSR model were developed yieldifng arof 0.80 with RMSEC of 12.909

mg of gallic acid 100¢ and’Y of 0.75 with RMSECV 14.488 mg of gallic acid 100(refer to S4a)

with all 161 variables (refeptS4b). The reliability of the calibration model was accessed with external
validation yieldingY of 0.78 and RMSEP of 13.816 mg of gallic acid 10Bigure 7 shows the
changes in the phenolic content of the rocket leaves owdr2ldlay storagperiod withinthe calibration

range (77.37 to 229.889 of gallic acid 100¢). Moreover, the in case of phenols also the percentage of
pixels detected within the calibration range decreased with the passage of storage time and so did the

average phenalicontent.
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d
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Figure 7. PLS prediction map for Phenolswith each row corresponding to Day 0, Day 2, Day 5,
Day 7, Day 9 and Day 12 / For each leaf, first number: percent pixels predicted within calibration
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range; second number: average concentration gfhenolson predicted pixels

The percentage of the pixels within the calibration range for the phenols is shown in S5a which decreases
over the storage period followed by a decrease in the average phenol content depicted by S5b.
Additionally, the maps fothe pixels within (77.37 to 229.89 mg of gallic acid 18Q@bove (229.93 to

626.96 mg of gallic acid 100y and below {278.34 to 77.35 mg of gallic acid 108gthe calibration

range for the phenolic content are represented by S5c, S5d and S5é&vedgpEarthermore, S6 depicts

the number of pixels in each leaf representing the concentration of predicted phenols by each pixel in the
map.

For antioxidant activity the final calibration model contained 77 variables ranging frofa7200n,
12851540nm and 1653700nm yieldingY of 0.82 andY of 0.75 with RMSEC and RMSECV

being 13.544 and 15.675 mg Trolox 100gespectively (refr to S7a) with first 3 LVs explaining
97.12% cevariance in the data. The chosen wavelength regionsigineghted in green regions (refer

to S7b).The external validation resulted in &  value of 0.76 with a RMSEP of 16.022 mg Trolox

100g*. Figure 8 shows the prediction map for the changes in the antioxidant activity over time of storage.
It can be observed that the average content of the antioxidant activity decreases with time (also refer to
S8b) which can be more related to the leaf stinecand chemical composition than the storage conditions
since MartinezSanchez, Allende, et al., 20G8udied the storage of rocket leaves in controlled
atmosphere as well as air flow and concluded that the antioxidant capacity decrgasdids® of the
storage conditions. Other studies have also revealed that the variation of the antioxidant activity in plants
can be a result of the changes in the phenolic prdfilsanzio, Cicco, & Linsalata, 200battanzio et

al., 2005) with the ellagic aciqMarie E. Olsson et al., 2004)ith anthocyaningWang & Lin, 2000)

and also with ascorbic acid chan¢€scxi et al.,2006) Therefore, the percentage of detected pixels for
antioxidant activity decreased with time followed by a decrease in the antioxidant activity. The pixels
within (45.49 to 206.43 mg of gallic acid 10bgefer to S8c), above (206.46 th@33 mg of gallic acid

100g* refer to S8d) and below452.34 to 45.48 mg of gallic acid 10bgefer to S8e) the calibration

range for the antioxidant activity showed the same trend as vitamin C and AA that is the percentage of
pixels within the calibrton range decreased over the storage period while those below the calibration

range increased (refer to S8a and S8e).
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Figure 8. PLS prediction map for Antioxidant activity with each row corresponding to Day O,
Day 2, Day 5, Day 7, Day 9 and Day 12 / Feach leaf, first number: percent pixels predicted
within calibration range; second number: average concentration ontioxidant activity on
predicted pixels

Moreover, S9 depicts the histograms representing the association of the number of pixele with th
antioxidant activity concentration in each leaf over the storage period. Similar, trend was observed as the

phenols in this case as well.

4. CONCLUSIONS
The potential application of spectral fingerprints and hyperspectral images in the NIR region, together

with multivariate data analysis, has proven the potential to predict and map phytonutrients in fresh cut
rocket leaves, provided that predicted valuesiacluded in the calibration range. A new method was,

in fact, developed in order to overcome the prediction error due to the unavoidable process of using
average spectra for the calibration model and individual pixels for the image prediction. Itowas sh

that the number of pixels detected within the calibration range decreased with the passage of storage time

with a simultaneous increase in the pixels below the calibration range hence reducing the capability of
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the PLSR model to predict the correspargdphytonutrient. In this way, hyperspectral images revealed

that the central part of the leaves lose vitamin C content faster as compared to the leaf edges or in other
words the vitamin C starts degrading from the center of the leaf. Furthermore, therd8R in this

case were very sensitive to the number of samples and their performance can be further enhanced with
increasing the number of the samples in the calibration sets. Conclusively, NIR combined with
hyperspectral imaging can be a very informattool for studying the changes in the phytonutrient

content during storage.
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S1 (a)PLS regression plot for ascorbic acid measured vs ascorbic acid predicted (b) Loadings
plots for LV1 (58.12%), LV2 (21.69%) and LV3 (17.10%). Highlighted green regions represent

the variables selected for final calibration model
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S3. Hstograms of AA content of theleavesrepresenting number of pixelswith respect toAA

concentration (Dayl, 2, 3, 4, 5, 6 refers to the 6 acquisition intervals. Days 0, 2, 5, 7, 9, )2
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