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Nowadays, quality inspection of fruit and vegetables is typically accomplished through visual inspection. Automation of this inspection is desirable 

to make it more objective. For this, hyperspectral imaging has been identified as a promising technique. When the field of view includes multi-

ple objects, hypercubes should be segmented to assign individual pixels to different objects. Unsupervised and supervised methods have been 

proposed. While the latter are labour intensive as they require masking of the training images, the former are too computationally intensive for 

in-line use and may provide different results for different hypercubes. Therefore, a semi-supervised method is proposed to train a computationally 

efficient segmentation algorithm with minimal human interaction. As a first step, an unsupervised classification model is used to cluster spectra in 

similar groups. In the second step, a pixel selection algorithm applied to the output of the unsupervised classification is used to build a supervised 

model which is fast enough for in-line use. To evaluate this approach, it is applied to hypercubes of vine tomatoes and table grapes. After first 

derivative spectral preprocessing to remove intensity variation due to curvature and gloss effects, the unsupervised models segmented 86.11% 

of the vine tomato images correctly. Considering overall accuracy, sensitivity, specificity and time needed to segment one hypercube, partial least 

squares discriminant analysis (PLS-DA) was found to be the best choice for in-line use, when using one training image. By adding a second image, 

the segmentation results improved considerably, yielding an overall accuracy of 96.95% for segmentation of vine tomatoes and 98.52% for seg-

mentation of table grapes, demonstrating the added value of the learning phase in the algorithm.

Keywords: hyperspectral imaging, segmentation, clustering, classification, machine learning, vine tomatoes, table grapes

Introduction
Inspectralhypercubesofagrofoodproductsmultiple
classesareoftenpresent.Toacquirequalityproperties

fromtheseclasses,acalibrationmethodtoextractthe
qualitypropertiesof interesthas tobebuilt.1 When 
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multipleobjectsarepresentinanimage,thepixelswhich
havesimilarpropertiesshouldbeallocatedtothecorre-
sponding objects,2 toenablethebuildingofprediction
models.
Thesegmentationofhyperspectral imagescaneither
bedonemanuallyorautomatically.3 As manual segmen-
tation istime-consuming, tediousandsubjective, it is
notsuitablefor industrialapplications.Therefore,auto-
maticsegmentationispreferred.Manytechniqueshave
been proposed for this, which can be divided into three 
groups:4segmentationinthespatialdomain,segmenta-
tioninthespectraldomainandsegmentationcombining
spatial and spectral information. Segmentation in 
thespatialdomain involves theclusteringofspatially
connectedpixelsofsimilar intensitybyalgorithms like
region growing5andwatershedtransformation.4 These 
algorithms are either applied to images at a single wave-
lengthwithmaximal contrast between the different
objects to be segmented, or virtual images which are 
calculatedbycombiningimagesatdifferentwavelengths
toobtainmaximalcontrast.

Segmentation in the spectral domain ignores the 
spatialpositionof thepixel spectra in the imageand
only looksatthesimilarityofthepixelspectra.Forthis
purpose, the informationfrommultiplewavelengths is
combinedtoobtainagoodclassification.Forexample,
ElMasry et al.6 subtracted images at different wave-
lengths to classify meat, fat and background. Baranowski 
et al.7useddifferentsupervisedclassificationmethods,
suchassupportvectormachines(SVM),functionaltrees,
nearest-neighbourclassifiersandregressionmethods,to
distinguishbruisedappletissuefromsoundtissueand
foundthat logisticregressiongavethebestclassifica-
tionresultswithacorrectclassificationrateof98.8%.
Lü et al.8 applied SVM on hyperspectral data from kiwi-
fruit todetectbruiseswithamisclassification rateof
12.5%.Partial leastsquaresdiscriminantanalysis (PLS-
DA),asupervisedclassificationmethodbasedonpartial
leastsquares regression (PLSR),9 was used to classify 
undamaged, mechanically damaged and microbiological 
diseasedmushroomswithacorrectclassificationrate
ofmorethan95%10 and to classify hazelnuts into four 
qualityclasseswithmorethan90%accuracy.11 Nguyen 
Do Trong et al.12appliedPLS-DAtodiscriminatebetween
cookedandrawpixels inpotatoeswithaclassification
accuracyof95.82%forrawpixelsand97.91%forfully
cookedpixels.Kereszteset al.13 detected bruises on 
applesusingPLS-DAwithanaccuracyof96.25%.

Anexampleofasegmentationalgorithmcombining
both spectral and spatial information was described 
by Lee et al.14TheyfirstappliedPLS-DAtodistinguish
thespectrafromcrackedtomatotissue,soundtomato
tissue and zones with specular reflection. Afterwards, 
the imageswereprocessedbyconducting imagefilling,
followed by a labelling of connected classes. Only the 
largest classes were preserved. Then, they applied linear 
discriminant analysis (LDA) and SVM on two morpho-
logicalparametersquantifyingtheshapeof thestem/
scarregion,namelyroundnessandminimum–maximum
distance from the centre of the class, which were derived 
from the binary image. This resulted in a correct clas-
sificationrateof94.6%forLDAand96.4%forSVMs,
respectively.14 Zhu et al.15usedspectralcharacteristics
incombinationwithtexturalvariables,extractedbyusing
agrey-levelco-occurrencematrix,offreshfishfilletsand
fishfilletsthatwerefrozen–thawedas inputfora least-
squaresSVM,resultinginacorrectclassificationrateof
97.22%.PortalésandRibes-Gómez16 developed a system 
basedoncameravision,whichwassensitiveto light in
the near infrared (1000–1100 nm). Itwasabletodistin-
guish grapes from stalks and leaves in harvest batches. In 
afirststep,theydistinguishedgrapesfrombrightspots,
stems and leaves using thresholds. In a second step, they 
analysed the shape of parts of an image with comparable 
propertiestodistinguishstalksfromother,unidentified
objects.Theyachievedminimalrootmeansquarederror
(RMSE)valuesof0.34%and0.08%forclassificationof
pixelsasstalkorunidentifiedobject,respectively.

As the building of multivariate calibration models 
for segmentation in the spectral domain is tedious 
and requiresspecificexpertise, theuseofa learning
method is very appealing. In machine learning, three 
different learningmethodsaredistinguished:unsuper-
vised learning, supervised learning and semi-supervised 
learning. Unsupervised learning does not require a
training set of labelled spectra as these methods group 
the spectra based on a similarity metric.17Examplesof
unsupervisedlearningtechniquesarek-means clustering 
and hierarchical clustering. The disadvantage of these 
techniques is thattheyarecomputationallyvery inten-
siveandconsequentlystill requiretoomuchcomputa-
tiontimetobesuitableforinlineuse.Thesetechniques
also search for groupings in the dataset, but the groups 
found are not necessarily in accordance with the classes 
of interest. In supervised learning, the unlabelled data are 
giventoanexpertwhoanalysesthemandwhodivides
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thedatainthedifferentclassespresent(labelling).Then,
the labelled data are sent to a learner. This learner then 
buildsaclassifier,basedonthe labelleddata,which is
capable of classifying newdata. Examples of super-
visedlearningmethods,suchasSVMandPLS-DA,were
presented inthepreviousparagraph.Theexecutionof
such methods is much faster than for the unsupervised 
methods,butagoodtrainingsetisrequiredtobuildthe
segmentationmodels.Toacquiresuchatrainingset,a
series of training images have to be segmented manu-
ally.Asmisclassificationsinthetrainingsetwouldhavea
negativeimpactonthesegmentationmodeltrainedonit,
thismanualsegmentationshouldbedoneverycarefully
byanexpert forasufficiently largenumberof images.
Thismakesitatime-consumingandexpensiveapproach.
Toovercometheabove-mentionedlimitationsofunsu-

pervised and supervised learning methods, semi-super-
vised learning methods have been proposed as a strategy 
in-between supervised and unsupervised learning. Their 
aim is to obtain a good learning performance without the 
need for a large training set of manually labelled data, by 
using labelled as well as unlabelled data to train a clas-
sifierwithahigheraccuracy thanclassical supervised
classification.18 It isausefultechniquewhenthereare
far more unlabelled data available than labelled data. 
This strategy is commonly used in hyperspectral remote 
sensing,19–22 but to our knowledge it has not yet been 
appliedinhyperspectralimagingforfoodqualityassess-
ment.Therefore,itspotentialforsegmentationofhyper-
cubes of vine tomatoes and table grapes has been inves-
tigatedinthisstudy.

The aim of this study was to develop a learning algo-
rithmcapableofbuildingaclassificationmodelrequiring
littlehuman interaction,which isflexible,butnottime
consuming,thusmakingitpossibletocopewithdifferent
products. Taking into account the added value of semi-
supervisedclassificationoverunsupervisedandsuper-
visedclassification, theefficiencyof this techniqueto
segment hyperspectral images of food products has been 
investigated.Asvine tomatoes (Solanum lycopersicum) 
consist of multiple fruits attached to a stalk, and the 
colouroftomatoeschangessignificantlyduringripening,
going from green to red, this is an ideal case to evaluate 
the performance and robustness of the newly developed 
segmentationmethod.Toshowtheflexibilityofthealgo-
rithm, it isalsotestedforthesegmentationofspectral
hypercubes of green table grapes (Vitis vinifera), where 
thestalkandflesh,thatarecomparableintermsofcolour,

have to be segmented from the background and from 
each other.

Materials and methods
Algorithm
The goal of the developed algorithm is to train a super-
visedclassifier inanintuitiveway,withouttheneedfor
time-consuming manual labelling of the hypercubes 
byanexpert.Thetrainingofasupervisedclassifier is
preferred over an unsupervised approach, as unsuper-
visedclassifiersaretoocomputationally intensivetobe
applied inline, may provide variable results and provide 
no informationonthenatureof thedifferentclasses.
Thedevelopedalgorithmaimstosegmentgoodquality
products and can be split into three important parts, 
beingtheunsupervisedclassification, thecombination
ofapixelselectionmethodwithasupervisedclassifica-
tionalgorithmbasedonthoseselectedpixelsandthe
trainingofthemodel. InFigure1,theproposedclassifi-
cationalgorithmisschematicallysummarised.Afterthe
measurementofaproduct,anunsupervisedclassifica-
tionalgorithmisstartedthatwill lookforanumberof
classes in the dataset. In the cases described here, three 
classesaredefined,namelythebackground,thestalkand
thetomatoesor thegrapes.Asmultipleunsupervised
techniquesaretested,anoperatorhastodecidewhich
classificationperformedbestandcouldbeusedtobuild
asupervisedclassifier. Ifnounsupervisedclassification
hasprovidedasatisfactorysegmentationaccordingto
theoperator, thisstep isrepeated lookingforanextra

Figure 1. Schematic illustration of the different steps 
in the classification algorithm. The algorithm consists 
of three important parts, the unsupervised classifica-
tion, the building of the supervised classification model 
and the evaluation of the model on new hypercubes, 
 followed by a model update if necessary.
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class inthedata.Onceagoodsegmentationhasbeen
achieved,aspecifiednumberofpixels isselectedauto-
matically for each class and used to build the super-
visedclassificationmodel.Thismodelisthentestedona
newspectralhypercubeacquiredforasimilarproduct.If
thesegmentationforthisnewspectralhypercubeisnot
satisfactorytotheoperator, thealgorithm is repeated
andtheselectedpixelsofthisnewproductareadded
tothetrainingsettobuildthesupervisedclassification
model.Thisisrepeated10ormoretimestoevaluateits
performance.Ifthesegmentationisconsideredadequate
forasufficiently largenumberofsubsequentproducts
(e.g. 10), the algorithm is considered robust enough for 
in-line use.

Spectral pre-processing
Preprocessingisaveryimportantstepintheprocessing
ofhyperspectraldata,as itaimstoremovetheeffect
of physical phenomena like light scattering from the 
spectra.23Thatiswhytheeffectoffourdifferentprepro-
cessingmethodsonthesegmentationresultshasbeen
tested.Asastandard,theuseofthereflectancespectra
(R)withouttheapplicationofpreprocessingtechniques
is investigated.Thesecond investigatedmethod isthe
use of the Lambert–Beer law to linearise the spectra, 
suggestingalinearrelationshipbetweentheabsorbance
(A_a) values and the concentration of the absorbing 
constituents.A_a is calculatedbyusing the formula:
A_a = log(1/R).23Theuseofscattercorrectionbytaking
thefirstderivativeofRisthethirdinvestigatedtechnique.
Savitzky–Golayfiltering24 is applied using a total window 
size of 15 points and a second order polynomial. The 
weightingofspectrabymeansofSNV,25 is the last inves-
tigatedtechnique.Thistechniqueperformsanormalisa-
tionofeachsampleoverallvariables.

Unsupervisedpixelclassification
Tofindthemost interestingunsupervisedclassification
method, eight different methods were tested. These 
methods can be divided into four groups, namely
a) agglomerativehierarchicalclusteringinaone-step(1)

and a two-step procedure (2),
b) k-means clustering in a one-step (3) and a two-step (4) 

procedure,
c)multivariateGaussianmixturemodelsinaone-step(5)

and a two-step (6) procedure and
d) a combination of two of the preceding methods, 
namelycombinationof(b)and(a)(7),and(b)and(c)(8).

Agglomerativehierarchicalclustering(a)isatechnique
thatstartsbyassigningeveryindividualpixeltoadifferent
class.Next,ateachstepofthealgorithm,theclosestpair
ofclassesismergeduntilonlyapre-definednumberof
classesare left.17 To decide on the similarity between 
differentclasses,Ward’smethodhasbeenused,which
aimsatminimisingthewithin-classsumsofsquares.26 
Thistechniquehasbeenappliedtothecollectionofall
principalcomponentsofthepixelspectrathatcapture
at least1%ofthetotalvariancepresent inthedataset.
Intheagglomerativehierarchicalclusteringgroup,two
methodswereevaluated: (1)agglomerativehierarchical
clusteringand (2)agglomerativehierarchicalclustering
in twosteps. In thetwo-stepalgorithm, thefirststep
consists of the division of the image into two classes 
basedonagglomerativehierarchicalclustering,whilethe
second step splits the foreground, assigned by human 
intervention,inthepre-definednumberofclassesbased
onasecondagglomerativehierarchicalclustering.

The second group consists of a one-step and a two-step 
k-means clustering approach (b). k-means clustering is an 
iterativemethodsearchingfork cluster centres, µ1, µ2, …, 
µk, with kcthenumberofclasseslookedfor.Thestarting
µi is chosen based on the k-means++ algorithm. μ1 is 
randomlychosenfromthedata.Afterwards,eachsubse-
quentμi ischosenwith itsprobabilityproportional to
thesquareddistancefromthealreadycalculatednearest
cluster centres.27Then,everypixelisclassifiedaccording
to the nearest µi, using thesquaredEuclideandistanceas
adistancemeasure.Whenallthepixelsareclassified,the
meanofeachclusterisrecalculated.Thisisrepeateduntil
there is no further change in µi,oruntil100 iterations
have been performed.28,17Asforagglomerativehierar-
chical clustering, the one-step and the two-step k-means 
clustering approaches were applied on the score values 
of theprincipalcomponentsof thepixel spectra that
captureat least1%ofthetotalvariancepresent inthe
dataset. The k-meansalgorithmwasrepeatedfourtimes
withnewstartingµi’s toavoidsolutionspositioned in
local minima.

The third group involves the use of multivariate 
Gaussianmixturemodels(GMM)inaone-stepprocedure
andatwo-stepprocedure(a).AGaussianmixturemodel
isaprobabilitydensityfunctionthatconsistsofalinear
combinationofdifferentGaussiandistributions.GMMs
searchforthedifferentGaussiandistributionspresentina
dataset.ThebasisofGMMistheexpectation–maximisa-
tion(EM)algorithm.Thisisaniterativeprocessconsisting
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oftwosteps.Inafirststep,thealgorithmmakesaninitial
guess on the parameters that are used to describe the 
numberofclassesusingseparateGaussiandistributions.
Basedonthesedistributions,theposteriorprobabilityof
each data point to belong to a certain group is calculated 
(E-step).Thesecondstepconsistsofarecalculationof
theparametersdescribing theGaussiandistributions
basedontheseposteriorprobabilities (M-step).These
stepsarerepeateduntilconvergence.29Thistechnique
was applied on the preprocessed spectra, because it has 
been reported that replacement of the original, corre-
latedvariablesbyPCscorescandestroytheunderlying
multimodalstructureandmakeapplicationofGMMinef-
fective.30

Thelastgroupinvolvescombinationsofmethodsfrom
two groups (d), namely the use of k-means clustering to 
distinguishthebackgroundfromtheforegroundasstep
1andtheuseofamultivariateGaussianmixturemodel
or a hierarchical clustering in step 2. In this fourth group, 
thesamesettingshavebeenchosenforthe individual
methodsasinthefirstthreegroups.

Pixelselectionandsupervisedclassification
As each spectral hypercube contains a spectrum for 
eachpixel intheimage,thereisaverylargenumberof
spectraavailableforbuildingtheclassificationmodels.
This makes training of the supervised classification 
modelsonall availablepixel spectracomputationally
very intensive.Moreover,pixelspectracorresponding
to the same object are much more similar than those 
belongingtodifferentobjects.Therefore,carefulselec-
tionofthetrainingspectraisessentialtoobtainarobust
andaccurateclassifier.Inthisstudy,two-pixelselection
methodshavebeen tested for thispurpose: random
andKennard–Stonepixelselection.31Theeffectofthe
numberofselectedpixelshasbeeninvestigatedaswell.
Thenumberofselectedpixelsperclasswaschosenbased
onaFibonaccisequencewith5asthestartingnumber
and987asthemaximumnumberofselectedpixelsper
class.Eachselectionwasrepeatedfivetimestominimise
theeffectsoftherandomsampling.
Thesubsetsofpixelsandcorrespondingspectrathat

were selected by these methods were then used to train 
thesupervisedclassificationmethods.Inthisstudy,five
methodsforsupervisedclassificationweretested.The
first is theuseofaconvexhull toconstrainthespace.
Aconvexhull is thesmallestcollectionof theconvex
setscontainingthepointsof theparticularclass.32 To 

calculate theconvexhull, aPCAmodelbasedonall
theselectedpixelswasbuiltfirst.Thismodelwasthen
appliedoneachclassandthescoresofeachpixelinthe
selectionwereusedtocalculatetheconvexhull,defining
the boundaries of each class in the two-dimensional 
spacespannedbythefirsttwoprincipalcomponents.For
everynewimage,eachpixelwillbeassignedtoaspecific
class,ortonoclass,dependentonthepositionofthe
pixel in thespace.Thesecondsupervised technique
wasPLS-DA,usingthree latentvariablesandthethird
used techniquewasSVM.Theprincipal components
explainingatleast1%ofthetotalvariationpresentinthe
datasetcontainingtheselectedpixelswereselectedas
inputvariablesfortheSVM.Foreachclass,abinarySVM
classifierusingaGaussiankernelwasbuilttodiscriminate
thepixelsbelongingtothatclassfromthosebelongingto
theotherclasses.Thefourthinvestigatedtechniquewas
soft independentmodellingofclassanalogies (SIMCA),
which isa techniquethatperformsaPCAanalysison
theselectedpixelsofeachclass.Foreachnewspectrum
the algorithm calculates a distance measure to deter-
mine how likely it is that this sample belongs to that 
class. This sample is then assigned to the class for which 
the likeliness is the largest.33Thefirst threeprincipal
components foreachclasswereused,as theseeffec-
tivelyexplainedthe largerpartof thevariance in the
differentclasses.AcombinationofareducedHotelling’s
T2 T2

red (T2 divided by its 95%confidencelimitT2
0.95) and 

reduced Q-residual Qred (Qdividedbyits95%confidence
limit Q0.95)wasusedasdistancemeasure (Equation1).
The Q-statistic isameasurefor thedistancebetween
thesampleanditsprojectiononthemodelhyperplane,
whiletheHotelling’sT² describes the distance between 
thisprojectiononthemodelhyperplaneandthecentre
of the model hyperplane.

 
2 22

2 2 2
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  red red
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T Q
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Thelast investigatedtechnique ismultinomial logistic
regression,whichisatechniquethat,opposedtodiscrim-
inantanalysis,assumesamultinomialdistributionofthe
dependent variables26 insteadofamultivariatenormal
distribution.34

The performance of these algorithms was compared in 
termsoftheclassificationaccuracy,thetimeneededto
segmentone imageandthenumberofselectedpixels
foreachpixelselectionmethod.Theclassificationaccu-
racywasquantifiedbycalculatingthreedifferentmetrics,
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usingtheunsupervisedsegmentationresultsasground-
truth: theaccuracy (OA)35 (Equation2), thesensitivity
(Equation3)andthespecificity(Equation4):

  TP TNOA
TP TN FP FN

+
=

+ + +
 (2)

 Sensitivity  TP
TP FN

=
+

 (3)

 Specificity  TN
TN FP

=
+

 (4) 

where TParethetruepositives,TN thetruenegatives,
FN thefalsenegativesandFP thefalsepositives.True
positivesarepixels thatarecorrectlyclassified in the
correspondingclass, truenegativesarepixels thatare
legitimately classified as not belonging to the respec-
tiveclass.Falsenegativesarepixelsclassifiedoutside
the class, but that are in fact part of the class and false 
positivesarepixelsclassifiedwronglyasbelongingtothe
class.

The supervised classification models that are built 
duringthetrainingphasearetestedonfivenewspectral
hypercubes, formingthevalidationset.Pernumberof
pixelstoselect,fivedifferenttrainingsetsareselected.
These are used to train the supervised classification 
models.Byapplyingthesedifferentsupervisedmodels
tothevalidationset,themeanOAcanbeplottedagainst
thenumberofselectedpixels.Next,astraight line is
plottedthroughthemeanOAwhenusingfivepixelsper
class and the mean OAusing987pixelsperclass.The
numberofpixelswherethedistancebetweenthis line
and the mean OA is the largest is selected based on the 
techniqueproposedbyZacket al.36 as the best trade-
offbetweentrainingefficiencyandclassificationperfor-
mance.Thenumberofselectedpixelsshouldbe low
toavoidusingmanysimilarpixels inthetrainingphase.
Usingmainlypixelsfrom,forexample,thecentreofthe
tomato,decreasesthe influenceofpixelsattheborder,
introducingmistakesduringclassification.Asthenumber
ofselectedpixelsisnotidenticalforeachspectralhyper-
cube inthevalidationset, thenumberofpixelsthat is
finallychosenisthenumberofselectedpixelsforthefive
spectral hypercubes that is most common. The computa-
tiontimerequiredtoapplyasupervisedclassification
model inthevalidationphaseonaspectralhypercube
which has not been used for training the model was also 
determined,enablingarelativecomparisonbetweenthe
timesneededforthedifferentclassificationalgorithms.

This isan indicationfortherelativetimelagthatthese
algorithms would introduce in a food processing line.

Augmentationofthetrainingset
Thelaststepofthealgorithmistheaugmentationofthe
training set. When the above algorithm has been applied 
on one spectral hypercube, the developed supervised 
classificationmodelwillbe testedonat least10new
spectral hypercubes to see if the algorithm works well. 
Thesegmentationresultforeachofthesespectralhyper-
cubes is visually inspected by the operator to detect 
unsuccessful segmentations. When a poor segmenta-
tion has been detected, the procedure, starting from 
the unsupervised classification, is repeated for this 
particularspectralhypercube.Afterselectionofthemost
successfulsegmentationfromtheunsupervisedstage,
thesamenumberofpixelspectraas in thefirstused
spectral hypercube is selected. This selection is inde-
pendent fromtheexistingtrainingset, toensurethat
informationpresent inthistrainingset isnot lost. It is
used to augment the training set and to build a new 
supervisedclassifieronthisset.Thisisrepeateduntil10
consecutivespectralhypercubeshavebeentestedand
theirsegmentationisapproved.Inthisway,thetraining
setwillcoverinformationfromalargevarietyofsamples.

Implementation
All calculations have been carried out using Matlab 
(version 8.4.0, The Mathworks Inc., Natick, MI, USA). 
For thespectralpreprocessing,unsupervisedsegmen-
tationandsupervisedsegmentation thePLSToolbox
(version 8.0, Eigenvector Research Inc., Manson, WA, 
USA)wasused,while theconvexhullwascalculated
usingastandardMatlabfunction.ForSVMandlogistic
regressionthestatisticsandmachinelearningtoolboxin
Matlab was used.

Hyperspectral data
Samples
Vine tomatoes (Solanum lycopersicum) were harvested 
manuallyattwodifferentBelgiangreenhouses. InJune
2014,36vinesofthecultivar‘Merlice’wereharvestedat
“Proefstationvoordegroenteteelt”(Sint-Katelijne-Waver,
Belgium),whileinAugust2014,36vinesofthecultivar
‘Prunus’wereharvestedat“ProefcentrumHoogstraten”
(Hoogstraten, Belgium).During each harvest period
tomatoes were harvested in three different ripeness 
stages, namely unripe, commercial harvest and overripe. 
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Each ripeness stage was divided into four groups and 
eachgroupwasmeasuredatadifferentday,toobtaina
datasetwith largevariability.Group1wasmeasuredat
day 0 (= day of harvest), group 2 at day 3, group 3 at day 
7andgroup4atday10.Aftereachmeasurement,the
colour of each tomato on the vine was measured using a 
spectrophotometer calibrated for colour measurements 
(CM-2600d, Konica Minolta, Osaka, Japan). Between 
harvestandthetimeofmeasurementthetomatoeswere
storedataconstanttemperatureof18°Candarelative
humidityof80%.

To evaluate the general applicability of the algorithm it 
wasalsotestedongreentablegrapes.Fivevinesofthe
cultivar‘SundanceSeedless’andfivevinesofthecultivar
‘ThompsonSeedless’werepurchased ina localsuper-
market and measured on the day of purchase.

Hyperspectraldataacquisition
The hyperspectral setup used in this research is a line-
scanimagingsystemthatconsistsofanilluminationunit,
a spectrograph, a lens and a CCD camera. The setup was 
developed to be applicable in an industrial environment, 
requiringacompactandhygienicdesign.Thismeant
thatdome illuminationwasnotacceptable.Basedon
ray-tracingsimulations,an illuminationsetupwasopti-
misedtoobtainauniform illumination.13 The illumina-
tionunitconsistsof fourDC-halogen lamps (Decostar
Alu35,OSRAM,Munich,Germany)eachwithadiffuser
(TSG-LEGB,KnightOpticalLtd,Kent,UnitedKingdom)
mountedinfrontofthemandpositionedinanarcshape
aroundthelineartranslationstage(FrankeGmbH,Aalen,
Germany).TheDC-halogenlampswerechosentoavoid
interferenceeffects intheacquiredhypercubesofthe

flickeringat100 Hzwhich is typical forAC lamps.An
Imspector V10 spectrograph (Spectral Imaging Ltd, 
Oulu,Finland)wascoupledtoaVis/NIR lens (CM120
BK15COMPACT,SchneiderKreuznach,BadKreuznach,
Germany)withafocallengthof17 mm.Thiscombination
was mounted on a 12-bit monochrome CCD camera 
(TXG14NIR,Baumer,Frauenfeld,Switzerland)witha
resolutionof1392 × 1040pixelsandaspectralsensitivity
between325 nmand985 nmandplacedabovethelinear
translationstagewhichhasastepresolutionof6 μm
(Figure2).Byplacingapieceofconveyorbeltontopof
thetranslationstage,aconveyorbeltwasimitated.This
setup was placed in a dark room to avoid interference 
fromexternallightsources.
APC (Intel®Core™ i5,CPU:2.8 GHz,RAM:6 GB),

running Labview (version 9.0, National Instruments 
Corporation,Austin,USA),wasusedtocontrolthelinear
translation stage and the camera. The samples were 
measuredbyplacing the tomatoeson the translation
stage.Thistranslationstagewasmovedwithastepsize
of0.2 mmunderthecamera,andeachstep,alinescan
imagewascaptured.Thestepsizewassetto0.2 mmto
getacomparableresolution inthex-andy-directions.
Theexposuretimeofthecamerawasoptimisedforthe
measurements of the tomatoes, by measuring vines of 
differentripenesswitharangeofexposuretimes.The
exposuretimewassetatavalue thatwasashighas
possiblewithoutgettingsaturatedregions inthe image,
resulting inanexposure timeof35 ms.TheLabview
program saved each line scan image. At the beginning 
of each session of hyperspectral measurements a white 
reference and the dark current of the camera were meas-
ured.Thewhitereferencewasmeasuredusingadiffuse

Figure 2. Illustration of the hyperspec-
tral setup with indication of the main 
components.
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Spectralonplatewithareflectivityof99%(Labsphere,
NorthSutton,USA),whilethedarkcurrentofthecamera
was measured by covering the lens of the camera with 
its lens cap.

The table grapes were measured with the same setup 
asthevinetomatoes,withthesamesettingsexceptfor
theexposuretime,whichwassetto15 ms.Thewhite
reference and the dark current of the camera were meas-
ured in the same way as in the case of the vine tomatoes.

Data processing and analysis
Theacquired linescan imageswere loaded intoMatlab
(version8.4.0,TheMathworksInc.,Natick,MI,USA)anda
spectral hypercube was built per sample. A binning-factor 
offourwasusedaswellinthespatial(x-andy-direction)
asthespectraldirection,resultinginsquarepixelswitha
spatialresolutionof0.8 mmandaspectralresolutionof
2.56 nmforboththevinetomatoesandthetablegrapes.
Therelativereflectance(R)foreachpixelwascalculated
as described by Wallays et al.37  (Equation5).Thewave-
lengthswitha lowsignal-to-noiseratiowereremoved,
thusreducingthespectratothe425–985 nmrange.

  

 

 sample dark current

reference dark current

I I
R

I I
-

=
-

 (5)

with Isample, Ireference and Idark current the measured intensity for 
thesampleatagivenpixel, themeanofthemeasured
intensity of the white reference and the mean of the 
measured intensity of the dark current of the camera.

Results and discussion
Vine tomatoes
Variationinripenessstages
In Table 1, an overview is given of the hue values which 
were measured for the tomatoes with the spectropho-

tometer calibrated for colour measurements. It can be 
seen that the dataset included a wide range of tomato 
colours with hue values between 42.39° and 83.01°. 
Whenthetomatoesweremeasured10daysafterharvest,
thevariationbetweenthedifferentripenessstagesat
harvest had reduced considerably, as most fruits had 
becomefully ripe.This largevariation in fruitcolours
poses a challenge for the segmentation algorithm as 
there will be large variability within the class of tomato 
objects to be segmented.

Effectofpreprocessingonpixelspectra
In Figure3, the mean spectra ± one standard devi-
ationofamanually selectedpartof thebackground,
the stalk and unripe, commercially harvested and over-
ripe tomatoes are shown. The mean spectrum of the 
backgroundisverydifferentfromthemeanspectraof
the biological materials. As the background has a dark 
blue colour, the background has a very low R in the 
complete measured wavelength range, while there is a 
clear signature present in the tomatoes and the stalk. 
When inspecting the rawspectra insub-figurea, the
mean spectra of the unripe tomato and the stalk show a 
very clear dip around 680 nmwhichcanbeattributedto
theabsorptionbychlorophyll.38,39 During ripening, the 
reflectanceR at this wavelength rises, due to the degra-
dationof thechlorophyll.The tomatoesalsostrongly
absorb the blue light, because of the strong presence of 
carotenoids, especially lycopene.40 The rise in lycopene, 
with threemainabsorptionpeaksat446 nm, 471 nm 
and 505 nm,duringripeningcanbeseen inFigure3b,
wheretheabsorptionofbluelightishigherincommer-
cially harvested tomatoes and overripe tomatoes 
comparedtounripetomatoes.Thedifferencebetween
the commercially harvested tomatoes and the overripe 
tomatoesissmallinthiswavelengthregion,suggesting
that theproductionof lycopeneoccursuntil the last

‘Merlice’ ‘Prunus’
1 2 3 1 2 3

Day 0 81.20 59.35 48.95 83.01 60.35 46.09
Day 3 60.01 51.81 46.98 61.84 50.78 44.42
Day 7 48.59 47.50 44.10 57.22 44.87 45.81
Day 10 45.92 45.06 43.17 55.13 42.59 42.39

Table 1. Summary of the average hue (°) values as measured with the calibrated spectrophotometer on different days after 
harvest for the tomatoes harvested at different ripeness stages (1: Unripe harvest, 2: Commercial harvest, 3: Harvest after the 
commercial harvest period).
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ripening stages of the tomato, which is in agreement 
withtheobservationofAriaset al.41

Unsupervisedsegmentation
As step 1 of the developed algorithm consists of the 
use of an unsupervised method to segment the spec-
tral hypercubes, different combinations of unsuper-
vised algorithms and typical spectral preprocessing 
techniqueshavebeen tested.Toaccurately segment
the spectral hypercubes in tomato, stalk and back-
ground, a good distinction between the different 
classesisrequired.AscanbeseenfromFigure3a,the
differencebetween thestalkand the tomatospectra
is not as clear as that between tomato or stalk and 
background. This makes it challenging to accurately 
classifythepixelsinanimageaseitherstalkortomato.
Toincreasethecontrastbetweenthedifferentclasses,
differentpreprocessing techniqueswere investigated.
Theuseof a linearisation technique (Figure3b), by
using log(1/R), doesnotprovideabetterdistinction.
However, first derivative and SNV preprocessing
result inanenhancementofthedifferencesbetween
theclasses (Figure3candFigure3d),whichcanbe
explainedby the fact thatboth techniquesareable
to correct for variation in the spectra caused by 
differences inthescatterproperties.23 In Table 2, the 
segmentationperformancesare summarised for the
differentcombinationsofpre-processing techniques
andunsupervisedclassificationalgorithms.

The results in Table 2 show that the preprocessing 
techniqueusedhasalargeimpactonthesegmentation
performance.AsexpectedfromFigure3,thesegmenta-
tionresultsforthereflectanceandpseudo-absorbance
[Log(1/R)]spectraarepoorwithonly8.33%and0%ofthe
total number of images correctly segmented. When using 
the pseudo-absorbance as a preprocessing step to clas-
sifythepixelsinthespectralhypercubes,thebackground
was often segmented into shadow and non-shadow 
parts. The results obtained with SNV preprocessing are 
better,butstillratherpoorwithacumulatedsegmenta-
tionaccuracyof26.39%overallunsupervisedclassifi-
cationmethods.Firstderivativepreprocessingoveran
interval of 15 wavelength variables, which corresponds 
toarangeof38.4 nm, ismuchmoresuccessfulwitha
correctsegmentationrateof86.11%overallmethods.
Thisbetterperformancecanprobablybeexplainedby
the fact that the first derivative enhances the curva-
ture in thespectracausedbyabsorptionbychemical
components,whilereducingtheinfluenceofthebaseline,
resultingfromdifferencesinlightscattering.Inthisway,
thespectraldifferencesbetweenthedifferentclassesare
increasedwithrespecttothevariationwithineachclass,
ascanbeseenfromFigure3c.InFigure4,thesegmented
imagesobtainedwith thedifferentunsupervisedclas-
sificationalgorithmsonthefirstderivativepreprocessed
spectra are illustrated for one truss of tomatoes of the 
cultivar ‘Prunus’atcommercialharvest.Unsupervised
algorithms c, e and i did not segment the images correctly, 

Figure 3. Spectra of the three classes that are present in the spectral hypercubes. The first class are tomatoes, which are 
subdivided in three different ripeness stages, the second class is the stalk and the third class is background. The thick lines 
are the mean spectra for the representative, manually selected areas. The thin lines describe the mean ± standard devia-
tion. a) Reflectance (R) spectra, b) Pseudo-absorbance [Log(1/R)] spectra, c) first derivative of the reflectance spectra, d) 
SNV of the reflectance spectra.
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No prep. Log (1/R)
Derivative 

(window: 15)
Derivative 

(window: 25) SNV
k-means 1.39 0.00 80.56 79.17 1.39
Hier.clust. 1.39 0.00 55.56 50.00 1.39
2-step k-means 4.17 0.00 55.56 52.78 1.39
2-step bier. clust. 0.00 0.00 0.00 0.00 0.00
GMM 0.00 0.00 38.89 38.89 2.78
2-stepGMM 0.00 0.00 43.06 34.72 22.22
Combi 1 2.78 0.00 50.00 44.44 0.00
Combi 2 0.00 0.00 0.00 0.00 0.00
Total 8.33 0.00 86.11 86.11 26.39

Noprep.:Nopreprocessing,hier.clust.:agglomerativehierarchicalclustering,2-stephier.clust:2-stepagglomerativehierarchicalclustering,
GMM:multivariateGaussianmixturemodel,2-stepGMM:2-stepmultivariateGaussianmixturemodel,Combi1:combinationofk-means and 
multivariateGaussianmixturemodel,Combi2:combinationofk-meansandagglomerativehierarchicalclustering,total:percentageofthe
vinetomatoesclassifiedcorrectlybyatleastoneoftheunsupervisedclassificationalgorithms,Total:Thenumberofimagesthatissegmented
correctlybyoneoftheunsupervisedclassificationalgorithms.

Table 2. Percentage of the vine tomato images segmented correctly by using different combinations of unsupervised classifica-
tion algorithms and preprocessing techniques. All the measured vine tomato images were taken into account.

Figure 4. Representative segmented images of a truss of tomatoes of the cultivar ‘Prunus’ harvested at the commercial 
harvest time as obtained with the different unsupervised classification algorithms on first derivative pre-processed 
spectra: a) RGB image; b) k-means clustering; c) hierarchical clustering; d) 2-step k-means clustering; e) 2-step hierarchi-
cal clustering; f) multivariate Gaussian mixture model; g) 2-step multivariate Gaussian mixture model; h) combination 
of k-means and multivariate Gaussian mixture model; i) Combination of k-means clustering and multivariate Gaussian 
mixture model.
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while the other algorithms nicely segment the image in 
background, tomatoesandstalk. Ineach investigated
situation,algorithmeandididnotsegmenttheimages
correctly. These algorithms use a two-step architecture 
withassecondstepagglomerativehierarchicalclustering.
This unsupervised hierarchical clustering was not able 
to accurately discriminate the tomato flesh from the 
stalk,whichcanprobablybeexplainedbythefactthat
thenumberoftomatopixels intheimageisquitelarge
comparedtothenumberofstalkpixels.

Pixelselectionandsupervisedclassification
Step 2 of the algorithm is a selection of the number 
ofpixelsusedfortrainingthesupervisedclassification
models. As the performance of these supervised models 
largelydependsontherepresentativenessofthetraining
pixels thatareprovided for training themodel, these
pixelsshouldbeselectedinanefficientway.Astheaccu-
racy,specificityandsensitivitydependonthenumber
oftrainingpixelsused,itisimportanttoobtainasgood
resultsaspossiblewithasfewtrainingpixelsaspossible.
In Table 3, theoptimalnumberof trainingpixelsand
thecorrespondingresultsobtainedonavalidationset
consistingoffivespectralhypercubeswhichwerenot
usedfor trainingthesupervisedclassifier,aresumma-

rised.Theoptimalnumberof trainingpixels isdeter-
minedbasedonFigure5.Themostcommonnumberof
selectedpixels for thefivespectralhypercubesof the
validationsetwasdecidedtobethebestsuitednumber
ofselectedpixelsperclass.
Whenusingonlythepixelsforonespectralhypercube

totrainthesupervisedclassifiers,thetechniquethat is
mostsuitedforuse in industrialapplications isPLSDA.
It isthetechniquewiththehighestOA (0.969), a high 
sensitivity(> 0.954)andaquitegoodspecificity(> 0.846).
Also,thecalculationtimeisacceptableforin-lineapplica-
tions.Othertechniqueswithagoodoverallclassification
performance are SIMCA and SVM, but their computa-
tiontimeisconsiderablyhigherthanforPLS-DA.These
highercalculationtimesforSVMandSIMCAcanprob-
ablybeexplainedbythefact thatthesemethodsfirst
havetoprojectthedataononeormorePCAmodels,
whilePLS-DAonly involvesmultiplicationof thespec-
tralvectorbythevectorsofregressioncoefficientsfor
thedifferentclasses.The techniquewith the lowest
computationtimeislogisticregression,buttheclassifica-
tionperformanceforthismethod isalso lower.Finally,
theconvexhullgaveresultswithaveryhighsensitivity.
However, thespecificity is rather low,meaningthata
considerablenumberofpixelscannotbeclassifiedbythis
method,resultinginalowOA.

The Kennard–Stone algorithm has been developed to 
selectpixelsthatcoverthedatasetuniformly,whilethe
randompixelselectiondoesnot takeany information
regardingthepixelsintoaccount.Therefore,itisremark-
able that the results obtained with the Kennard–Stone 
algorithmarenotalwaysbetterordonotalwaysresult
inasmallernumberofselectedpixelsthantherandom
selection.Apossibleexplanationforthisobservationmay
bethelargedifferencebetweenthepixelspectraofthe
differentclasses,whichmakestheselectionofthemost
informativepixelslesscritical.
AscanbeseenfromTable3,theclassificationresults

improve considerably when a second spectral hypercube 
is added in the training phase of the model. Especially 
the specificity improves significantly, while the sensi-
tivityonly improvesmarginally.Thecombinedeffect is
an increase in the OAofat least4%.Theeffectonthe
segmentationperformanceof includingasecondspec-
tralhypercube is illustrated inFigure6.The improve-
ment inthesegmentationisclearlyvisiblewithcorrect
classificationofall thebackgroundpixelsandacorrect
classificationofgreentomatoesas tomato.Especially

Figure 5. Overall accuracy (OA) as a function of the num-
ber of selected pixels for five different tested images. The 
supervised algorithm used is the convex hull with a ran-
dom pixel selection. The full lines represent the obtained 
classification accuracies, the dotted lines represent the 
straight line between the classification result when 
using 5 pixels and the classification result when using 
987 pixels. The number of pixels where the distance 
between the full line and the dotted line is the largest 
was selected. This distance for the blue lines is shown by 
the black dashed line. The arrow marks the number of 
selected pixels.
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fortheleftimage,thisresultsinahigherOA,specificity
andsensitivity. Intheright image,thesegmentationof
small instances, like some parts of the stalk, is improved. 
Itshouldalsobenotedthat inthiscasepixelselection
by the Kennard–Stone algorithm in the training phase 
resultedinslightlybetterresultsthanrandompixelselec-
tion.Thismight indicatethattheKennard–Stonepixel
selection algorithm is more efficient in capturing the 
additional informationcontained inthesecondspectral
hypercubethantherandompixelselection.

Table grapes
Unsupervisedsegmentation
InTable4theresultsfortheunsupervisedsegmentation
of the table grape hypercubes are summarised. While 
thesegmentationofthetablegrapeswasnotsuccessful
without pre-processing, 1stderivativepre-processing in
combinationwiththecombinationofk-meansandGMM
resultedinacorrectsegmentationof80%oftheimages.
The algorithms that were able to segment at least one 

imagecorrectlywereallbasedonamultivariateGaussian
mixturemodel. This can be explained by the small
numberofstalkpixelsintheimagesandthebetterability
of theGMMstodealwithunequalnumbersofpixels
between the classes. When comparing these results with 
the unsupervised results obtained for the vine tomatoes, 
itbecomesclearthatdifferentunsupervisedtechniques
maybemoreappropriateforsegmentingdifferentprod-
ucts.Thiscanbeexplainedbythedifferentnatureofthe
unsupervisedclassificationalgorithmswhichhavebeen
considered.Forexample,GMMsarebettersuitedtofind
classesofdifferentsizecomparedtok-means clustering. 
Similartothecaseofvinetomatoes,agglomerativehier-
archical clustering in the second step of the algorithm 
didnotresultingoodsegmentationresultsforthetable
grapes.

Pixelselectionandsupervisedclassification
Theresultsforthesupervisedpixelclassificationforfive
trusses of green table grapes are summarised in Table 5. 

No. of 
pixels

OA Sens. Spec. Time (s)
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Convexhull 89 0.7005 0.9951 0.5316 0.4037
SVM 89 0.8888 0.9538 0.8458 0.8250
PLS-DA 5 0.9211 0.9654 0.8791 0.4864
SIMCA 34 0.8204 0.8819 0.8070 1.2727
Log. regression 89 0.8918 0.9321 0.8145 0.0242
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nn

ar
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St
on
e
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Convexhull 55 0.7411 0.9974 0.5955 0.3996
SVM 377 0.9155 0.9627 0.8614 1.2136
PLS-DA 21 0.9202 0.9657 0.8464 0.4822
SIMCA 13 0.9105 0.9449 0.8828 1.2546
Log. regression 89 0.8674 0.9097 0.7790 0.0258
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Convexhull 89 0.8340 0.9868 0.6966 0.486
SVM 55 0.9557 0.9735 0.8985 1.018
PLS-DA 5 0.9689 0.9808 0.9332 0.5167
SIMCA 55 0.9013 0.9624 0.9065 1.3487
Log. regression 55 0.9566 0.9695 0.8953 0.0570
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Convexhull 144 0.8685 0.9863 0.7314 0.5004
SVM 5 0.9648 0.9728 0.9123 1.3171
PLS-DA 5 0.9695 0.9837 0.9463 0.5139
SIMCA 13 0.9533 0.981 0.9298 1.3170
Log. regression 55 0.9462 0.9620 0.8722 0.0415

Table 3. Segmentation results for the validation set consisting of five spectral hypercubes of vine tomatoes with indication of 
the selected number of training pixels. The used ground-truth was the result of an unsupervised classification which was evalu-
ated as correct through visual inspection.
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SVM,PLS-DAandlogisticregressionallresultedinavery
high OA (> 0.95).Thedifferencebetweenthese tech-
niques is inthespecificity,sensitivityandcomputation
time required tosegmentone image.When ignoring
thetimeneededtosegmenttheimages,SVMgivesthe
bestresults.NexttoaveryhighOA,thespecificityand
sensitivityarealsoveryhigh.However,asthealgorithm
isslowerthantheothertwotechniques,itislesssuitable
forin-lineuse.PLS-DA,trainedonpixelsselectedusing
the Kennard–Stone algorithm, also has a very good OA, 
specificityandsensitivityandisfasterthanSVM.Logistic
regressionisveryfastcomparedtotheothertechniques,
butthespecificity is lower(< 0.86).Wheninvestigating
thislowerspecificity,itwasobservedthatthepixelsare
mostly wrongly assigned to the stalk, while belonging 
to the background or the table grapes (specificity 
stalk = 0.628,specificitytablegrapes=0.957,specificity
background = 0.978).Thisresulthasa limited influence
on the OAandthesensitivityasthenumberofpixels
belonging to the stalk is much smaller than the number of 

pixelsbelongingtothebackgroundorthegrapes.When
usingpixels fromtwodifferentspectralhypercubes in
thetrainingsetofthealgorithm,theresultsofPLS-DA
andlogisticregressionslightlyimprove,whiletheresults
of SVM and SIMCA decrease. It should be noted that the 
improvementwassmall,becausetheinitialresult,using
only one hypercube already gave a high OA.

Discussion
Most studies on hyperspectral imaging of agrofood 
productshavebeenaimedatdetectingdefectsinfruit
andvegetablesorclassificationofaproductinacertain
quality class.10,14,42–44 While the majority reported 
quitehighaccuracies, it isdifficult tocompare these
asresultsweretypicallynotreportedonthepixellevel.
On thepixel level, classificationaccuraciesofmore
than99.6%wereachieved todiscriminatebetween
terrestrial andfishspecies inanimalproteinby-prod-

Figure 6. Segmentation of two trusses of vine tomatoes using PLS-DA with five randomly selected pixels per class when 
using one training image, and using PLS-DA with five selected pixels per class per training image by the Kennard–Stone 
algorithm when using two training images.
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uctsbyusing fourdifferentalgorithms (Mahalanobis
distance, Kennard–Stone, spatial interpolation and 
binning) to select an appropriate subset for building 
aPLS-DAmodel.Spatialinterpolationwasdecidedto
betheoptimalselectioncriterion.45Theclassification
resultstheyreportedareslightlybetterthantheresults
achieved inour research,but the investigatedappli-
cation is toodifferent toallowauseful comparison.
PortalésandRibes-Gómez12 were able to detect stalks 
and unknown objects in batches of vines with a very 
high accuracy. The RMSE they achieved was as low as 
0.34%inthecaseofthedetectionofgrapestalksand
0.08%whendetectingunknownobjects.However,
these resultswereobtained throughspectralfiltering
followedby spatialfiltering. It shouldbenoted that
thedescribed researchesusedanextensive training
phase tobuildsegmentationmodels.Thismakes the
algorithmsveryapplicationdependentandlimitstheir
flexibility.Thealgorithmproposedinthisstudycanbe
transferredmoreeasily tootherapplications,aswas
demonstrated by its successful application to both 
vine tomatoes and table grapes.

It should be noted that the algorithm was developed 
totrainsegmentationmodelstosegmentgoodquality
products.However,whensmalldefectsarepresent in
thedataset, it isexpectedthat thisapproachwill still
providegoodqualitysegmentationwhenthespectral
differencesbetweendefects andgoodqualityprod-
uctsare small compared to thedifferencesbetween
thedifferentclasses. Ifnecessary, thismethodcould
bemaderobustagainst thepresenceofdefectpixels
byreplacingPCAandPLS-DAbytheir robustcounter-
parts.46

Conclusions
Asemi-supervisedalgorithmfortrainingthesegmentation
of hyperspectral images of agrofood products has been 
proposed and tested on vine tomatoes and table grapes. 
With only little human interaction, it was possible to 
build highly accurate supervised models which provided 
anaccuratesegmentationof theclasses inaspectral
hypercube.Thesegmentationofspectralhypercubesof
vinetomatoesintomatoflesh,stalkandbackgroundwas
usedasafirstcasestudy.Firstderivativepreprocessing
of the spectra resulted in a large improvement in the 
performanceoftheunsupervisedclassificationmethods
byremovingtheintensityvariationduetoproductcurva-
tureand lightscatteringeffects.Second,PLS-DAwas
foundtobethemostsuitablesupervisedclassification
method for segmentation of hyperspectral images of 
vine tomatoes,as itachievedverygoodclassification
resultswithinashortcalculationtime.Byaugmentingthe
training set with spectra of a second hyperspectral image 
whichwaspoorlysegmentedbythe initialsupervised
segmentationalgorithm,theresults improvedconsider-
ably.Thisaugmentationresulted inanoverallaccuracy
forvinetomatoesof96.95%,aspecificityof98.37%and
asensitivityof94.63%forthetestsetoffiveadditional
hypercubes.Nexttosegmentingvinetomatoes,thealgo-
rithmwassuccessfullyappliedforthesegmentationof
table grapes, showing its general applicability. The best 
performing unsupervised segmentation algorithm for 
tablegrapeswasdifferent fromthebestalgorithmfor
vinetomatoes,provingtheneedto investigateseveral
different unsupervised segmentation algorithms for 
differentproducts.ThefinalPLS-DAmodeltosegment
tablegrapesresultedinanoverallaccuracyof98.52%,a

No 
 preprocessing

1st derivative 
(window: 15)

k-means 0 0
Hier.clust. 0 0
2-step k-means 0 0
2-step hier. 
clust.

0 0

GMM 0 30
2-stepGMM 0 40
Combi 1 0 80
Combi 2 0 0
Total 0 90

hier.clust.:agglomerativehierarchicalclustering,2-stephier.clust:
2-stepagglomerativehierarchicalclustering,GMM:multivariate
Gaussianmixturemodel,2-stepGMM:2-stepmultivariateGaussian
mixturemodel,Combi1:combinationofk-meansandmultivariate
Gaussianmixturemodel,Combi2:combinationofk-means and ag-
glomerativehierarchicalclustering,total:percentageofthetable
grapes segmented correctly by at least one of the unsupervised 
classificationalgorithms; Total:Thenumberofimagesthatisseg-
mentedcorrectlybyatleastoneoftheunsupervisedclassification
algorithms.

Table 4. Percentage of all the hypercubes acquired for table 
grapes which were segmented correctly by using different 
combinations of unsupervised classification algorithms.
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specificityof94.52%andasensitivityof99.15%forthe
testsetoffiveadditionalhypercubes.
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Ra
nd

om
 

pi
xe
l

se
le
cti
on


us
in

g 
2 

im
ag

es

Convexhull 144 0.5000 0.9807 0.3555 0.2231
SVM 89 0.9750 0.9903 0.9723 0.5633
PLS-DA 13 0.9656 0.9836 0.8909 0.3352
SIMCA 13 0.7402 0.9114 0.8041 0.9109
Log. regression 55 0.9772 0.9863 0.8547 0.0078

Ke
nn

ar
d–

St
on
e
pi
xe
l

se
le
cti
on


us
in

g 
2 

im
ag

es

Convexhull 144 0.5462 0.9921 0.3592 0.2280
SVM 21 0.9844 0.9922 0.9606 0.4233
PLS-DA 144 0.9852 0.9915 0.9452 0.3350
SIMCA 233 0.7915 0.9292 0.8298 0.9344
Log. regression 55 0.9706 0.9820 0.8433 0.0077

Sens.:Sensitivity;Spec.:Specificity;Timeisthemeantimeneededforsegmentingonespectralhypercubeusingthesupervisedclassifier.

Table 5. Segmentation result based on maximum of pixels needed for OA. These are the results for the validation set consisting 
of five spectral hypercubes of table grapes. The used ground-truth was the result of a correct unsupervised classification.
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