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To my son

My child, when in a few years you will find this text in

the home library, you will read about biodiversity, the

need to preserve it and a method, the Image Analysis,
as a tool for the correct classification of differenégs.

But, mind you, do not believe you can use the same
tool, the image, to discriminate among men; do not
stop the appearance but look inside, look at their soul.

With love
Mom
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Summary

Biodiversity concepts

The variety of life on Earth, its biological divégsand the natural

patterns it forms, is commonly referred kbaodiversity The number of
species of plants, animals, and microorganisms,etft@mous diversity of
genes in these species, the different ecosystertieegrlanet, such as deserts,
rainforests and coral reefs are all part of a lgigally diverse Earth.
The biodiversity we see today is the fruit of loiis of years of evolution and
natural selection, shaped by natural processes iaccgasingly, by the
influence of humans. It assures the ecosystemdudetito adapt to
environmental changes, guaranteeing ecologicalnbaland future life. It
forms the web of life of which we are an integrattpand upon which we so
fully depend.

In recent years, biotic and abiotic factors have puo serious
difficulties this natural aptitude of macro and miecosystems, undermining
the ecological balance throughout the world. Asesgult, the loss of
biological diversity is constantly increasing ar textinction of threated
species is the gravest aspect of this crisis. ¢edati species can have strong
effects on ecosystem processes by directly mediatimergy and material
fluxes or by altering abiotic conditions that remfel the rates of these
processes (Fig. 1). So, the alteration of the sggeciogether with the
disturbance regime, and the climate can sensiblgciafthe ecosystem
processes (Chapat al, 2000).
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Figure 1. Mechanisms by which species traits affeecosystem processes.

Changes in biodiversity alter the functional tra@b species in an ecosystem in ways that directly
influence ecosystem goods and services (1) eitbstiyely (for example, increased agricultural or
forestry production) or negatively (for examplesdoof harvestable species or species with strong
aesthetic/cultural value). Changes in species draiffect ecosystem processes directly through
changes in biotic controls (2) and indirectly thgiu changes in abiotic controls, such as
availability of limiting resources (3a), disturbamcregime (3b), or micro- or macroclimate
variables (3c). lllustrations of these effects ud#: reduction in river flow due to invasion of gee
rooted desert trees (3a); increased fire frequeresulting from grass invasion that destroys native
trees and shrubs in Hawaii (3b); and insulationsofls by mosses in arctic tundra, contributing to
conditions that allow for permafrost (3c). Alterpdocesses can then influence the availability of
ecosystem goods and services directly (4) or intliydy further altering biodiversity (5), resultin

in loss of useful species or increases in noxipesiss.
http://www.nature.com/nature/journal/v405/n6783/fitab/405234a0_F4.html

Almost all cultures have in some way or form redegd the
importance that nature and its biological diversigg had upon them and the
need to maintain it; therefore, appropriate coret@sm and sustainable
development strategies attempt to preserve theindegl biodiversity.

Biodiversity boosts ecosystem productivity whereheapecies, no matter
12



how small, all have an important role to play. Egample, a larger number
of plant species means a greater variety of crgpsater species diversity
ensures natural sustainability for all life formsdahealthy ecosystems can
better withstand and recover from a variety of slises.
A healthy biodiversity provides a number of natwalvices for everyone:
v' Ecosystem services, such as
Protection of water resources
Soils formation and protection
Nutrient storage and recycling
Pollution breakdown and absorption
Contribution to climate stability
Maintenance of ecosystems
Recovery from unpredictable events
v Biological resources, such as
Food
Medicinal resources and pharmaceutical drugs
Breeding stocks, population reservoirs
Future resources
Diversity in genes, species and ecosystems
v Social benefits, such as
Research, education and monitoring
Recreation and tourism

Cultural values

The cost of replacing these (if possible) wouldex¢remely expensive. It
therefore makes economic and development sense dwee ntowards
sustainability. A report fronNature magazine also explains that genetic
diversity helps to prevent the chances of extimctrothe wild (Chapiret al,
2000; Tilman, 2000).

13



To avoid the well known and well documented proldesh genetic

defects caused by in-breeding, species need atyarfegenes to ensure
successful survivaWithout this, the chances of extinction increages] as
we start destroying, reducing and isolating habjtahe chances for
interaction from species with a large gene poolekeses.
While there might be “survival of the fittest” witha given species, each
species depends on the services provided by opleeies to ensure survival.
It is a type of cooperation based on mutual sutvarad is often what a
“balanced ecosystem” refers to.

Despite knowing about biodiversity’s importance farlong time,
human activity has been causing massive extinctiamd the consequence is
a loss of bothn diversity (number of species coexisting within @iform
habitat) andp diversity (species turnover rate in function ofaoging
habitats) (Cody, 1986). As the Environment New #ervreported back in
August 1999*The current extinction rate is now approaching @Q0times
the background rate and may climb to 10,000 tintes lhackground rate
during the next century, if present trends contimesulting in a loss that
would easily equal those of past extinctions”.

In different parts of the world, species face diéf& levels and types
of threats. But overall patterns show a downwaehdrin most cases. As
explained in the United Nations"3Global Biodiversity Outlook, the rate of
biodiversity loss has not been reduced becaus® {prnciple pressures on
biodiversity are persistent, even intensifying:

I.  Habitat loss and degradation

. Climate change

.  Excessive nutrient load and other forms of poliutio

IvV.  Over-exploitation and unsustainable use

V. Invasive alien species

14



Most governments report to the UN Convention onidjical Diversity that
these pressures are affecting biodiversity in theuntry. The International
Union for the Conservation of Nature (IUCN) maintithe Red Listto
assess the conservation status of species, subspeerieties, and even

selected subpopulations on a global scale (Fig. 2).
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Figure 2. Geographical distribution of the 15,600 gecies (about 7,270 animal species and 8,330
plant and lichen species) considered at risk of ertction according to the IUCN Red List
compilation.

A growing attention is given to the conservatiorpteEnt biodiversity
in outside of the natural environment, both for gpecies of agronomic
interest, and spontaneous flora, in compliance Wighobligations under the
Convention on Biological DiversitCBD) (Rio de Janeiro, 1992). This was
the first global agreement for the conservation audtainable use of
biodiversity on a global level, signed by 192 coiastincluding Italy and the
European Union, representing a milestone in intevnal law. For the first
time the conservation of biological diversity wacagnized ascommon
need of mankindand an integral part of development.

The Convention has established three main goadscahservation of

biological diversity, the sustainable use of itsnpmnents, and the fair and
15



equitable sharing of the benefits from the useesfegic resources. Moreover
the article 9 of CBD, “Conservatiax sitd, has introduced thm situ andex
situ conservation concepts, defining the principles lan strategies and to
guarantee the conservation. It indicates a sefiggasures to be taken to the
recovery, restoration and reintroduction of theasgred species, by means
of ex situconservation, in addition to the conservationtstigsin situ.
Besides to preserve existing genetic resourcescahservation allows the
study and the development of new cultivars durimgegic improvement
processes, it provides the populations for reintotidn and repopulation
programs of degraded habitats, and then it permitsstry, agriculture and
scientific research to use essential for progrdssally, the ex situ
conservation allows to study the best strategiesapply at thein situ
conservation of threatened species (Bacchetta,é011

The conservatiom situ (areas of origin) and then farm(in the areas
of cultivation) are, obviously, a priority, but thex situ management is
essential in those cases, and there are many, ichvthe first two, for
different reasons, are difficult to achieve. Cutignin fact, the multiple
pressures that act on habitat may in some cassstdinrthe survival of one or
more species or the integrity and function of entcosystems, making
difficult the implementation of thén situ conservation strategies. In these
cases, only the techniques situcan guarantee the preservation of genetic
variability of germplasm (seeds, pollen, plant paspores, etc.) and then the
regeneration, reproduction and/or multiplication thfe species to be
preserved. The conservatiex situalso plays an indispensable role in the
research and genetic improvement because it prenla¢esustainable use of

germplasm available.

After the CBD of 1992, several government orgamirest deal with
biodiversity conservation issues. ThReurth Assessment Rep¢AR4) of the
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United Nations Intergovernmental Panel on Climatar@e (IPCC) (2007)
indicated the conservatioax situ as one of the main measures of the
ecosystems to adapt to climate change in course.

Furthermore, in 2006, 11 Centres of the Consubkai@®roup on
International Agricultural Research (CGIAR) and athinternational
collections place theiex situgenebank collections under th&ernational
Treaty on Plant Genetic Resources for Food and ddpire of the FAO
Constitution Different conventions or agreements were approdong
these, the International Treaty provides in its tide 15" that the
Contracting Patrties:

(i) recognize the importance of tle& situcollections of plant genetic
resources for food and agriculture;

(ii) call upon the International Agricultural Reseh Centres to sign
agreements with the Governing Body of the Treatthwegard toex situ
collections.

In 2013, the Commission endorses the updd&etebank Standards for
Plant Genetic Resources for Food and Agriculturehich provide an
overview of the current state ek situconservation practices, including field
genebank management procedures, cryopreservatigeraiplasm and in

vitro practices, as well as the conservation diaibx seeds.

Finally, theex situconservation, as an unavoidable system to preserve
biodiversity is possible thanks to the activitidsstructures more and more
widespread such as the germplasm banks, gene lodiektions, botanical
gardens, etc., whose function is not only to preséhreatened species, but
also to store, by long-term techniques, seedsespavods, tissues and any

other structures that make up the genetic biodityeo$ the planet.
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The Mediterranean: a biodiversity hotspot under threat

The Conservation International (Cl) organizatiotg@ating the Myers’
hotspots concept (Myerst al, 2000) as its central strategy, reassessed it
introducing quantitative thresholds for the destgma of biodiversity
hotspots. So, to be qualified as a hotspot, a negmist meet two strict
criteria: it must contain at least 1500 speciesasicular plants (>0.5 percent
of the world’s total) as endemics, and it has teehlst at least 70% of its
original habitat.

The Mediterranean Basin is one of the world’s reth@aces in terms
of plant diversity — about 25,000 species are Batovthe region, and more
than half of these are endemic — in other wordsy #ire found nowhere else
on earth. This has led to the Mediterranean beatggnized as one of the
first 34 Global Biodiversity Hotspo(&ig. 3).

jon

WM biodiversity hotspot

Figure 3. Global biodiversity hotspots map.

The Mediterranean Basin, with its lofty mountaiasicient rivers,
deserts, forests, is a mosaic of natural and @lltandscapes, where human
civilization and wild nature have coexisted for weres. The unique
conjunction of geography, history, and climate hed to a remarkable

18



evolutionary radiation that continues to the présky, as animals and plants
have adapted to the myriad opportunities for lifat the region presents.

The location of basin at the intersection of twojondandmasses,
Eurasia and Africa, has contributed to its highedsity and spectacular
scenery. In particular, in the western basin, ptardemism is very high, due
mainly to the age of the geological platform. Tharthern and southern
coasts of Mediterranean basin, present two diftesgnations because of the
different human influence (Barbeet al., 1990). In the northern part, the
collapse of the agro-sylvo-pastoral system of thset genturies has led to
major changes in plant community structure andetttension of woodlands
dominated by competitive species. On the other hidnedsouthern part of the
Mediterranean basin (in particular North Africa)shaeen subjected to the
severe effects of constant increases in populatahlivestock, which have
completely destroyed the soils and caused seveosioer and poor
regeneration (Médail & Quézel, 1999).

Furthermore, with almost 5,000 islands and isléts, Mediterranean
comprises one of the largest groups of islandhénworld. Mediterranean
islands display extraordinary features, with higtes of endemism, and act
as a natural laboratory for evolutionary studidseill particularities give rise
to specific conservation challenges. Thus manyhef@éndemic island plant
species are confined to single small locationsy Hre extremely vulnerable
to habitat destruction, overgrazing, and urban esioa (Fig. 4).

The Top 50 Mediterranean Island Planigghlights some of the most
threatened plant species of the Mediterranean dslastressing particular
situations and conservation needs (Montmollin amah®n, 2005).
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Figure 4. Mediterranean basin hotspotsl: Canaries and Madeiran archipelagos; 2: High
and Middle Atlas Mountains; 3: Baetic-Rifan compléxMaritime and Ligurian Alps; 5: Tyrrhenian
islands; 6: Southern and Central Greece; 7: Cré@eAnatolia and Cyprus; 9: Syria-Lebanon-Israel;
10: Mediterranean Cyrenaic.

Sardinia (Fig. 5) for its orographic condition, geaphical location,
special chorologic and ecological features, as aglfor its low population
compared to the extension of the territory, guartsdrable areal to the
development and maintenance of a large number dérait species, which
appear to be over 10% of the population floristland.

The endemic species can be grouped in entitiekeceta:

- endemic Sardinian, if it concerns the only Saedior restricted area
included in it;

- Sardinian-Corsican, extended to Corsica;

- sometimes Sardinia-Corsica-Balearic, also incigdithe Balearic
Islands;

- endemism is often extended to the Tuscan Arcageel Tyrrhenian to
the Region or other limited range

20



Figure 5. Topographic map of Sardinia.

So, Sardinia presents a considerable amount ofnr@nd@xonomic

units (Table 1), specially in its mountain massifgystly tied to carbonatic
substrata, establishing the conditions of ecolagptation that cause the hot

spot effect (Médal & Quézel, 1997; Bacchedtal, 2005).

Table 1. Vital signs of Sardinia.

Vascular flora

Endemic flora

Families 135 52
Genera 695 158
Taxa 2054 347
Endemics as a percentage of total Sardinian vasftota 16.89
Endemics as a percentage of world total 0.12

Region extent (km2) 24 090
Human population density (people/ km?) 69
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Furthermore, in Sardinia region, as well as in thdole
Mediterranean basin, several of endemic species havarrow distribution
as Anchusa capelliMoris, A. formosaSelvi, Bigazzi et Bacch, A. littorea
Moris, Aquilegia barbaricinaArrigoni et Nardi, A. nuragicaArrigoni et
Nardi, Astragalus maritimus/oris, A. verrucosudMoris, Borago morisiana
BigazzietRicceri Centranthus amazonufiridlenderet A. Raynal Dianthus
morisianus Vals.,, Euphrasia genargenteaFeoli) Diana Lamyropsis
microcephala(Moris) Dittrich et Greuter Limonium merxmuellerErben
Linum muelleriMoris, Nepeta foliosaMoris, Polygala sinisicaArrigoni,

Ribes sardourivlartelli.

The ex situconservation as biodiversity preservation strategy

Today, the impact of both direct and indirect huraativities, such as
urbanization, tourism, fires, changes in agricaltyractices, introduction of
alien and invasive species, and harvesting, asnpertant and continuing
climate and environmental changes, make explieitrtbed for interventions
aimed at the preservation and protection of bi@algresources now at risk
(Montomollin & Strahm, 2005).

As mentioned above, trex situconservation has demonstrated to be
essential in order to ensure biodiversity preséwaand, to allow the right
practices for collecting and storing seeds, inl#is¢ decade, there has been a
significant increase in the establishment of center the conservation and
germplasm banks, with the aim of studying not otthe best storage
conditions, but even phenology, and ecophysiololyseeds (viability,
dormancy, germination range, optimal germinationditions and cardinal
temperatures, longevity and soil seed bank), of #hhered samples.
Furthermore, to characterize the threatened speities essential to know
their morphology (weight and morphometric traits sdeds) in order to

compare these features with the common values.
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The germplasm characterization can be carried buugh the
evaluation of qualitative parameters, related ® shape, size and colour of
seeds. The evaluation of seed morphology and thmurcalefinition, in a
guantitative way, are complex and not always pdssibove all because the
germplasm of the spontaneous species is charaadebiy high intraspecific
variability (Granitto et al, 2003; Harperet al, 1970). So, these
characteristics are difficult to measure and ofteris possible only a

subjective estimation.

Until a few years ago, sizes are manually measaret! colour is

roughly determined by comparison with standard wamf specific graphic
tables from which it is possible to obtain approaievalues of RGB (Red,
Green, Blue) and HLS (Hue, Lightness, Saturati&apg(ndez & lzco, 2003).
This method is clearly very subjective and not etpble.
As demonstrated by recent scientific publicatioglectronics and computer
science has provided technologic solutions so #tlathese limits can be
overcome by using image analysis systems able tairolaccurate and
precise measurements. Artificial vision is consdera subfield of
engineering that is related to informatics, optrogchanical engineering and
industrial automation. Although one of the most coon applications of
machine vision is the inspection of manufactureddso more times, this
innovative technology proved to be a great help aisbiological fields, and
in particular it proved to be able to take pre@seé accurate measures about
seeds shape, size and colour (Venetral, 2007; 2009a; Bacchettt al.,
2008; Mattanaet al, 2008; Grilloet al, 2010; Bacchettat al, 2011; Pinna
et al, 2014).

As human inspectors working on visual inspectiojutige the quality

and the quantity of germplasm features, so machgien systems use digital
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cameras and/or scanners, and image processingasefta perform similar
inspections.

Even if humans may display finer perception ovex #mort period
and greater flexibility in classification and adapin to new defects and
quality assurance policies, many times machinenisiystems appear more
adequate that human inspectors, specially for Vigspections that require
high-speed, high-magnification and/or repeatability measurements.
Frequently these tasks extend roles traditionatijupied by human beings
whose degree of failure is classically high throwstraction, illness and
circumstance. However, computers do not “see” endhme way that human
beings are able to. Cameras are not equivalenuteah optics and while
people can rely on inferences and assumptions, @tingp devices must
“see” by examining individual pixels of images, pessing them and
attempting to develop conclusions with the asstsaof knowledge bases
and features such as pattern recognition engines.

Artificial vision concerns to the fundamental patf instrumental
acquisition of images; while image analysis, regalekir processing and the
numerical control, representing so the way to dbje@nd parameterize
measures and evaluations (Symehsal, 2003; Venorat al, 2009b; Grillo,
2009).

Today, the artificial vision has an essential rolethe study of
vegetal biology, allowing an interaction betweerowiedges pertaining to
disciplines of high technologic and innovative daipgy, such as electronics
and computer science, with competences relatigaiogical area, in order
to bring out multidisciplinary connections betwestudies and researches

many times outwardly very different.
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State of the art and innovative aspect of the prom

Driven by the excellent results obtained in presiowrks about the
characterization and identification of seeds ofticated species using the
image analysis techniques (Granigbal, 2003; Shahin & Symons, 2003;
Kilic et al, 2007; Venorat al, 2007, 2009a; 2009b), some years ago, within
the scientific collaboration between th€entre for Conservation of
Biodiversity (CCB)of the Department of Botany, University of Cagliand
the Stazione Sperimentale di Granicoltura per la Sailia work of
germplasm morpho-colorimetric characterization stadistical identification
of the most representative families of Mediterraneascular flora was
developed. A database of 33 morpho-colorimetricuies (Table 2) of
autochthonous germplasm in entry into the Germpl&ank of Sardinia
(BG-SAR) was built and statistical classifiers albte discriminate seeds
belonging to different genera and species, werézegh as described in
Grillo PhD dissertation (2009).

Such classifiers, based on thmear Discriminant AnalysigLDA),
showed high ability of correct identification anthen, they have been
implemented for ten of the most representative liamof the Mediterranean
vascular flora (Grilleet al, 2010).

Currently, this method is fully accepted, utilized plant taxonomy
studies and contributes to the correct conservaifospecies in germplasm
banks, particularly in the identification of diasps of wild plant species
(Bacchettaet al, 2011b; Grilloet al, 2011, 2013; Pinnat al, 2014; Santet
al., 2015).

25



Table 2. Thirty-three selected features for seed rasurements.

Feature Description

Mean R Mean of red channel pixel value, express in greglie

StdD R Standard deviation of red channel pixel value, egpiin grey levels.
Mean G Mean of green channel pixel value, express in fregls.

StdD G Standard deviation of green channel pixel valupress in grey levels.
Mean B Mean of blue channel pixel value, express in gesgls.

StdD B Standard deviation of blue channel pixel valueregpin grey levels.
Mean H Mean of hue channel pixel value, express in greglte

StdD H Standard deviation of hue channel pixel value, espin grey levels.
Mean L Mean of lightness channel pixel value, expresgéy tevels.

StdD L Standard deviation of lightness channel pixel vagxpress in grey levels.
Mean S Mean of saturation channel pixel value, expresgé@y levels.

StdD S Standard deviation of saturation channel pixel @aéxpress in grey levels.
Mean D Mean of density pixel value, express in grey levels

StdD D Standard deviation of density pixel value, expiaggrey levels.

Skew Measure of asymmetry of the density values distidiou

Kurtosis Measure of concentration or dispersion of the dgnsilues.

Energy Measure of force of the increase in intensity.

Entropy Measure of force of the dispersion, as chaos ofitelevels.

Sum D Sum of density pixel value, express in grey levels.

Sum SQR D Sum of squares of density pixel value, expresgey tpvels.

Area Area of the seed projection, express ininm

Feret min Minimum diameter of the seed projection, expressim.

Feret max Maximum diameter of the seed projection, expresarnm

Feret ratio Ratio of minimum to maximum diameters.

Perimeter Perimeter of the seed projection, express in mm.

Convex perimeter
Crofton’s perimeter
Perimeter ratio

F Circle

D Circle

Ellipse A max
Ellipse A min

Roundness factor

Perimeter of the seed projection, excluding conzawes.
Perimeter of the seed projection, according tadfafton’s formula.
Ratio of convex to Crofton’s perimeters.

Shape factor = (4t*Area)/(Perimeter)

Value of the diameter of the equal area circle.

Major axis of the ellipse with same area.

Minor axis of the ellipse with same area.

Roundness factor = (4*Areajff(Feret Maxf]
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Image measurements

Image analysis attempts to find the descriptiveapeters, usually
numeric, that briefly represent the informationimiportance in the image,
producing numeric output suitable for statisticalalgsis or graphical
representations. Usually, measurements that caeftfermed on features in
images can be grouped into three classes: sizpesrad colour, or more in

general, densitometric measurements.

The main basic measures of feature size in digitabes are the area,
the perimeter and the diameters. For a pixel-baspresentation, thArea
(A) simply is the number of pixels within the featupeirely determined by
counting. Higher is the resolution of the image armate precise and accurate
are the measurements. Of course, it must be renmrethitleat the size of a
feature in a two-dimensional image may be relatedthe size of the
corresponding object in three-dimensional spacealmse commonly the
binary images in which the features are measuredmarely projections, or
shadows of the objects (Grillo, 2009).

The Perimeter(P) of a seed, as well as of any other feature, cbeld
well defined simply by counting the pixels compagsihe boundary around
the seed. Consequently, also in this case, knoth@gixel resolution of the
image it is possible to estimate the perimeter tlersgmply by counting of
boundary pixels. Even if this pixel counting migh¢ considered a very
simple operation, a lot of mathematical calculatimmd their setting are
involved to establish what to measure within thegen such as théonvex
perimeter and theCrofton’s perimeter As showed in Fig. 6, th€onvex
perimeter (Pcony) IS referred to the perimeter of an object in \iahall the
convexities were filled, and it is measured atsheme way in which the net
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perimeter is gauged. This parameter is very useflen structures
morphologically heterogeneous must be evaluated.

Figure 6. Net (in green) andConvex perimete(in red) in
Medicago polymorphdegum.

The Crofton’s perimeter(Pco), or Crofton’ formula (Crofton, 1869)
allows an approach more mathematical to evaluaéetigth of the boundary
around the seed. It is a classic result of integeaimetry relating the length
of a curve to the expected number of times a randiam intersects it
(Santalo, 1953). So, for this study, the ratio lestw the convex and
Crofton’s perimeters, was considered too.

The Calliper dimensions or more commonlyFeret's diameters
represent another measurement of object size. Wesg used to evaluate
length and width of a seed or of other globose aibjebut not to measure
length and width of a fibre, because it might bested. Moreover, it was
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possible to calculate thminimumand themaximumdiameters, by counting

of axis pixels.

Shape measurements are dimensionless quantitiéspendent of
their size, and commonly used in image analyset, tlumerically describe
the shape of an object. For example, the ratio &etwtength and width, or
more precisely between the minimum diameters ane thaximum
orthogonal to it, gives thaspect ratio The Shape factoiis a value very
commonly used to describe the symmetry of an opjers a function of the
perimeterP and the ared, and it is reported as a normalized value. In this
case, a factor equal to one represents the peifeld.

The Roundness factois a parameter less used then the previous. It
describes the circularity of an object and it ismalized too; this factor is a
function of the maximum diamet&x,.x and the ared. TheFeret ratio (Fr)
is a function of the two diametels,in andDmax(Grillo, 2009).

Table 3 shows some examples of values that theetfactors can

give, relates to four different shapes.

Table 3. Numerical differences between some shapeasurements.

S RS Fr
r=x 1 1 1
a=0o6 ) ) )
0,67 0.67 0.67
b=4
“ L=2
~d 0,783 0.64 0.71
d=23828
\L[ l L=5
N =2 0.16 0.44 037
L d=57384
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Project aim and objectives

An adequate definition of the seed morpho-coloniogtarameters,
represents an important diagnostic factor in ttenfptaxonomy studies and
consequently may be of great help for the improvenoé the management

and the effectivex situconservation in the germplasm banks (Grillo, 2009)

The discriminant ability of a classification systetepends not only
on the intra-specific representativenesstada analyzed, but also, on the
qguality and quantity of the parameters measured wssdl to discriminate
between groups of belonging. For this reason, isupposable that an
increase in parameters evaluated for each seedl) ibe useful to improve
the performance of the classifier.

From the recent literature, it appears that thdystf surface texture
of an object (Fig. 7), whatever its nature, seemiset of great importance for
the characterization of the same (Diamaatdal, 2004; Gerger & Smolle,
2004; Nanniet al, 2010). There are many texture indicators (Fig.b@&sed
on Haralick’'s parameters, able to assess quamgtgthow the colour tones
may vary within an object by defining, in a partanly detailed way, colour,
density and the different chromatic variations. Fegults are reported in the
literature about this kind of studies on seeds, smdt might be interesting
and original, to including texture parameters (ad2)) in the classification

system already developed.
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Also the study of seeds morphology could be impdawneluding new
parameters describing the shape: these parametethe “Elliptic Fourier
Descriptors” hereafter EFDs (Iwaghal, 2002, 2004; Kawabatet al, 2009;
Yoshiokaet al, 2004, Orruet al, 2013). Based on the profile of a seed
projection on the two-dimensional plane, it is plolesto generate codes
descriptive of the shape. These codes, known asirfcbodes”, allow
describing, in detail, the outline of a shape aiod, comparison with the

ellipses geometrically perfect, the Fourier degorgpare obtained.
Funne Shallow bosl 5

HE VN

Bell

"HE “HE

Figure 9. Images of corollas fromLisianthus cultivars with four typical corollas shapes.

Then, 78 additional parameters that can be includedcommon

morphological variables in the statistical classifion system.

As a consequence, for each seed can be measureecagdized:
» 33 descriptors of morpho-colourimetric featuresgadly commonly
used in the taxonomy studies with image analysils{o
» 20 textural parameters, Haralick’s descriptors;
e 78 EFDs.
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Therefore, an overall of about 130 traits, thatstibates a very huge amount

of seed traits, never previously achieved, candberchined.

The improvement of this system, which has alreatyed to be

highly effective intaxa identification, will be particularly useful for ¢h

management of common activities of germplasm bainkparticular for the

determination of unknown specie seeds or in cowfirom of doubt

classifications, for the analysis of soil seed Ilsankor ecological or

archaeobotanical studies, and at infrageneric |égethe determination and

revision of critical, or currently under reviewxtamomic groups.

Then, the objectives of the research project caeduduring the PhD

program were:

1. to develop a specifidMacro introducing Haralick’'s parameters and

3.

EFDs for a more detailed texture and shape chaizatien of wild
seeds;

to identify, measure and evaluate, through imagayars, morpho-
colourimetric characters of some of the most regmtzgive species of
the Mediterranean vascular flora stored in 8sdinian Germplasm
Bank(BG-SAR);

to implement statistical classifiers, in order tecagnize and
discriminate seeds belonging to different familgsnera and species.
A database, constantly in evolution, should be het bottom of
classifiers, and so it should be necessary to geofor such updating,

during the standard management of the germplagheiseed banks;

4. to improve theex situconservation of the targeted species and the

germplasm banks management trough this innovatiagsiéication

system.
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Part |

The image analysis technique and statistical treatmb of data

Morphometry is the science of measuring of quatntigaparameters
of object morphology, while the colorimetry is thelence used to quantify
and describe physically the human colour perceptMorpho-colorimetric
evaluations are commonly employed as a tool tosassieape, size and colour
of objects, in order to relate these physical attara with quality aspects.
Compared to conventional measurements, computedaianorpho-
colorimetry is exponentially faster, more accurgbegcise and efficient,
providing a significantly broader spectrum of measents of
morphological and colorimetric features and, at saene time, replacing
subjective estimations with objective quantificaso The first part of this
dissertation introduces the fundamentals of imag#yais, starting with the
essentials of computer vision, the elaboration anmocessing techniques
usually applied to digital images and to achieveahy images used as masks
to measure the objects of interest (Chapter 1)p@h& deals with the new
shape and texture features of seeds producinglipti€Fourier Descriptors
(EFDs) and Haralick’s parameters introduced inith@ge analysis system to
improve the germplasm characterization. Chapter idesg a detailed
argumentation concerning the materials and the odstlused in this work,
dealing about the selected and analysed germplagm, applied
methodologies and the used tools, including an amgilon regarding

statistical treatment of the raw data achievediigge analysis.
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Chapter 1

Computer Vision: fundamentals and image processing

Introduction

Although the human eye is a high precision tool,h#s some
important restrictions if compared with the usdméging devices based on
computers for technical purposes. Human visiorspeeially poor at judjing
color or brightness of features; it is inherentlyatitative and comparative
rather than quantitative, responding to the redatiize, angle, or position of
several objects but unable to support numeric nreasunless one on the
reference objects is a measuring device (Russ,)2007

Moreover human vision is limited to wavelength ratidoetween 380
and 700 nm, with a higher sensibility at 550 nnrmdeeonly a little portion of
the spectrum. In addition, human vision tends toerestimate and
underestimate the information at the Dborderlinewbeh objects with
different intensity according to the “Mach Bandeetf’ phenomenon (Fig. 1).

Figure 1. Match Band effect.The thin lines or “bands”along the gradient areudory.
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At last, because of the “Simultaneous Contrastc&fféhuman vision
is particularly influenced by the background lighig. 2).

A B

Figure 2. Simultaneous Contrast effectlt is possible to notice that the square B on the
right is more contrasted and visible that the keft

These faults of the human vision are the causeapiows visual
illusions (Fig. 3).
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Figure 3. A moving optical illusion.

Traditionally, in any field, quality inspection gerformed by trained
human inspectors. In addition to being costly, thethod is highly variable
and decisions are not always consistent betwegreatsrs or from day to

day. This is, however, changing with the adventtebmic imaging systems
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and with the rapid decline in cost of computersigteerals and other digital
devices. Moreover, especially for various qualigctbrs of biological
elements, the inspection can be a very repetitagk,t but also very
subjective. In this type of environment, machinsiom systems are ideally
suited for routine inspections and qualitative godntitative assessments. To
date, machine vision has extensively been apptiesblve various problems,
ranging from simple quality evaluation of food puots to complicated robot
guidance applications (Ta al, 1995; Pearson, 1996; Abdullahal, 2000;
2008).

Image acquisition systems

The application of machine vision has increasedsici@nably in
recent years. There are many fields in which machiision is involved:
terrestrial and aerial mapping of natural resoufeBsanoet al, 2003), crop
monitoring (Linget al, 1996), robotics (Blascet al, 2002), quality control
(Daley & Britton, 2003; Zheng & Sun, 2009), non-tlestive inspections
(Venoraet al, 2009b; 2009c), and many more. In the last 20 syeamany
authors have successfully applied some of the tqaka developed in these
fields for botanical study, with the aim to makesyand over all objective,
the dimensional evaluation of anatomical elememsnfra & Calcagno,
1991; Venora & Porta-Puglia, 1993; Htial, 2006; Xiang Duwet al, 2007,
Bachettaet al, 2008; Sanchez del Alamet al., 2008), identification of
different physical defects (Blaseb al, 2007; Venorat al, 2009b), and also
the classification of germplasm to distinguish eliént species or
agronomical varieties, belonging to the same tarooaank (Venoreet al,
2007; 2009a; Mattanat al, 2008; Bacchettet al, 2008, 2011a, 2011b;
Zapotocznyet al, 2008, Grilloet al, 2009, 2010, 2013).
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The breadth of applications depends, among marer titimgs, on the
fact that machine vision systems provide substhimfarmation about the
nature and the attributes of the objects presenthen scene. Another
important feature of such system is that they dpernpossibility of studying
this object in regions of the electromagnetic spget where human vision is
unable to operate, as in the ultraviolet or infdaregions (Molté & Blasco,
2009). In addition to the opportunity to work apgli non-destructive and
automatic techniques, image analysis provides greaeliability and
objectivity than human inspection, because thesttatimade by operators
are easily affected by external factors such agueat acquired habits,
competences and frequently also by culture (Stud&a®uyang, 1997,
Venoraet al, 2009b). For the same reason, machine vision allmwobtain
higher repeatability than human inspection, miningzor standardizing the
possible mistakes, and furthermore great speechglihie execution of the
analysis. Finally, image analysis allows to exeadmputations, giving the
opportunity to take more information by the samgch

Depending on the nature of the sample, on theasidelocation of it,
the acquiring system must suit certain needs, andeguently it take to have
some specifications, but, in many cases, a videphmto-camera can be
adequate to capture images. Working on the detecfi@xternal defects, or
on the classification of objects with different mbo-colorimetric
characteristics, with a digital camera it is poksito obtain high quality
images containing all the need information. In sarases, it can be helpful
to apply specific filters to detect specific elenseri-or example, to evaluate
the quality of many food, using different filterbla to absorb different
wavelength light, it is possible to distinguish efett from another, or one

type of damage from another (Blasstoal, 2007).
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Also the flatbed scanner proved to be the idealigicgy source in a
lot of application. Generally, when the size anckroall the depth of the
samples are small, and when the capture time arempmrtant, the flatbed
scanner is probably the best acquiring systempadth unlike the camera,
the flatbed scanner not allows to regulate the douoptimize the sharpness
of the sample. This kind of acquiring system, amage gathering devices
that incorporate a fixed relationship between thamining source (lamp)
and the solid state sensors of the scanning hdladvireg to capture the
sample images in a constant manner. Due to theieasing popularity, the
cost of these devices is dropping rapidly. Thessastteristics may turn the
flatbed scanners into the image acquisition systénthoice (Shahin &
Symons, 2001; Grillo, 2009).

Digital images
The hardware configuration of computer-aided mazhwision
systems is relatively standard. Typically, a visgystem consist of:

an illumination device which illuminates the sample

an image acquisition system, such as a cameragraeacor a
image reconstruction apparatus;

a personal computer or a microprocessor systenmoiade the
image processing, analysis and storage;

a high resolution colour monitor which allows the

visualization of images and the effects of varipuscessing routines.

Figure 4 shows a complete set-up, provided withrafegsional

flatbed scanner equipped with a trans-illuminatores.
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Figure 4. Essential elements of a computer visiolystem.

A part from the used acquisition system, the fysal to achieve is the
image digitalization. This mathematical procedweecuted by the capture
device, consists in the conversion of a real imiage a digital image, that
simply is a matrix of number. A digital imagdgm,n] described in a 2D
discrete space is derived from an analogical inggg/)in a 2D continuous
space through a samplipgocess that is frequently referred to as digikixat
(Younget al. 1995).

The 2D continuous imag®Xx,y)is divided intoN rowsandM columns.
The intersection of a row and a column is termguikal (Fig. 5). The value
assigned to the integer coordinapesn] with {m = 0,1,2,...,M-1}Jand{n =
0,1,2,...,N-1}is a[m,n]. In fact, in most casea(x,y) which we might
consider to be the physical signal that impingeshenface of a 2D sensor, is

46



actually a function of many variables including ttepz ), colour (I ), and
time (t) (Younget al 1995).

Columns

SMoy

Figure 5. Digitization of a continuous image.

The number of pixel per unit of measurement camuder to define
theresolutionof a digital image, even though a lot of interon#l standards
specify that it should not be so used, at lea#tterdigital camera field. In this
cases, the convention is to describe pheel resolutionwith the set of two
positive integer numbek$1,N), where the first number is the number of pixel
columns (width) and the second is the number oélpmws (height), for
example a$40 x 480

Another popular convention is to cite resolutiontasl number of
pixels in the image, typically given as number agapixels, which can be

calculated by multiplying pixel columns by pixelws and dividing by one

a7



million. Other conventions include describing pseler length unit or pixels
per area unit, such as pixels per inch (PPI) orsggrare inch (DPI). But,
even if they are widely referred to as such, ndnbesepixel resolutionsare

true resolutions, because they simply describegdmmetric resolution of a

digital image (Fig. 6).

Figure 6. Different pixel resolution image.

As stated above, the value assigned to the intsm@dinatedm, n]
(the pixel), is a function of some variables, imtthg depth %), colour (),
and/or time 1). Consequently, the quality of a grey scale imqge defined
by a tern of integer numberg, (m, n, z) wherem and n are the pixel
coordinates, andare the grey depth.

To define numerically the grey or colour depthisineed to introduce
another important notion, helpful to understand hoany information are
included in a digital image. The termslor depthor bit depthdescribe the
number of bits used to represent the colour ohglsipixel.Bit (binary unit)
is the unit of measurement of digital informaticend it uses a binary
decoding system, only constituted by two integember, O and 1. The
number of bits of a digital image defines the gtepes resolution that
increase esponetially relating to the bit levelguFe 7 shows the same image
with different bit depth. It is possible to noteaththe more bit depth

increases, the more image definition appears eetérillo, 2009).

48



Figure 7. Different bit depth image.

Image processing

Owing to the imperfections of image acquisitionteyss, often the
captured image are subject to various defectscthatl affect the subsequent
processing and consequently the image analysisefdre, it is preferable to
correct the image, after they have been acquirddagitalized it (Zheng and
Sun, 2008). Generally this procedure is fast andtively low-cost; for
example, it includes noise removing operations, ainng filters
applications, contrast regulations, image histogragualizations and much
more. All operations of defects correction and imggeparation to the
analysis are commonly definednage processingor digital picture

processingas it was often called.

Noise, contrast and shading correction

An acquired image is always subject to differemtety of noise, such
as thereadout noisg produced by the sensor of camera, or dlextronic
noise caused by electronic circuit of the capture devibering the
analog/digital convertion, or thealt and pepper noisthat generates, in the

image scattered pixels with very different color iatensity from their
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surrounding pixels. All this leads degradationrofge quality (Fig. 8). There
are various solutions that can be used to adjuag@® with this kind of
defects, and all applies similar mathematical algors as smoothing filter
(Lee, 1983; Mastin, 1985; Rawk al, 1999; Freemaat al, 2006).

Figure 8. Example of an image corrupted by noise &t and pepper effect).

Smoothing filters are used to blur an image andicechoise. There
are different types of such filters that can beligedpfor different kinds of
problems. Some of them are linear filters, as Mean and theGaussian
filters, while others are non-linear filter, as tedianfilter. In linear filters,
the output pixel value is calculated using the Wwig sum of the input
pixels. A non-linear filter does not calculate theighted sum of pixels in the
neighbourhood. It assigns a value to the outpulpixhich is directly based
on the values of the pixels in the neighbourhood.

Figure 9 shows the effects of taussianandMedianfilter applied
to the noised image showed in figure 8. Images @& Brare the result of a
Gaussiarfunctions application, respectively with a 3 xr&l® x 9 template
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Figure 9. Example of image correction by using smabing filters.

size. It is possible to note that the salt and pepffect is only lightly
reduced and the blurring of the image is remarkdhttead, images C and D
are the result of Medianfilter, applying respectively templates with sizie
3 x 3 and 9 x 9. In this case it is evident the 3 Kkedian function (C)
provides the best result without blurring or smaagheffects on the output

image, while a template of 9 x 9 (D) appears ozttal.
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Today it is possible to acquire images with an raptn quality,
because the high technology of the capturing deviakows to do it.
However, sometimes captured image are not enougtiasted or, in other
words, the intensity values of the image are restli to a small range of
intensity levels, and thus pixels with differentensity values are not well
distinguished from each other (Zheng & Sun, 2008).

Most of the contrast enhancing tools use the infag®gram (Jain,
1989), a plot of the number of pixels with eachgilole brightness level. It is
a valuable tool for examining the contrast in thieage (Russ, 2007). Figure
10, shows an example image in which the histogravers the full dynamic

range, indicating good contrast.

Figure 10. Example of a good exposure adjustmentinse the brightness
values cover the entire range without clipping at kack or white.
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Various formulas and various modalities exist teedeand apply the
optimal histogram width (Scott, 1979; Het al, 1999; Kimet al, 2001),
some of these are automatics and other interagtadjustable, but always,
the original histogram is transferred from one sdalanother, mostly from a
smaller scale to larger one. Accordingly, the dédfece between two
neighbouring intensity values is increased (Zhengusa, 2008).

Color calibration

Frequently, colour images present significant peotd related to the
lack of homogeneity of light source. Basically, thaution derives from a
subtraction operation between the original not Weininated image and the
background not well illuminated image, but it candpplied only when the
imperfection of illumination appears constant (6rir009).

Furthermore, in electronic imaging, and aboveraltoamputer vision,
the imaging devices, cameras, scanners, colour tarenirequire careful
calibration to ensure that they reproduce standaddimages (Lee, 2005).

Basically, the aim of colour calibration is to meses or adjust the
colour response of a device (input or output) tdaaldsh a known
relationship to a standard colour space. In imagadyais, its importance is
get involved both with the possibility to use difat kinds of acquisition
systems and with the necessity to exclude any lightition due to the wear
on the illumination device, garanting constant ltssa'he device which has
to be calibrated is sometimes knowncadibration source while the color
space that serves as a standard is knowaldsation target

One of the most common process of colour calibmatiorks for
image matching, is reported in this research wdike ad hoc method
developpeed by Shahin & Symons (2000) was appledalibrate and

standardize the images acquired using a flatbeahgcaThis method uses a
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Kodak Q60 Target Color Chart (Fig. 11) as refereincage, to carry out a
Look-Up Table(LUT) useful to match, compare and adjust the racli

image.

Figure 11. Kodak Q60 Target Color Chart referenceiinage.

Mathematical morphology

The most important process in the switch from treegdaboration of
an image to its measure, is s@gmentationlt is a crucial step that allows to
reduce images to information, dividing the imagedoimregions and
distinguishing the objects of interest. Segmentai® often described by
analogy to visual processes as a foreground/bagkdreeparation, implying
that the selection procedure concentrates on deskigd of features and
discards the rest. Although this is not quite ierecomputer systems, which
generally deal much better than humans with scepnagining more than
one type of features of interest (Russ, 2007), #malogy appear really
appropriate to well understanding the concept giventation. Indeed, the
result of segmentation is usually a binary imagewhich the regions of
interest ROI9 are white and the background is black.
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The aim of image segmentation is the domain-indépenpartition
of the image into a set of region which are vigudiktinct and uniform with
respect to some property, such as grey level, texdu colour (Freixenedt
al., 2002). The problem of segmentation has been, alhdsstan important
research field and many segmentation methods haem Iproposed in
literature (Maliket al, 2001; Frucci & Sanniti di Baja, 2008). Dependomy
the complexity of the processed image, it is pdssib apply different
segmentation methods to obtain a binary image ificlwko measure the
regions of interest. Although hundreds of segmertadlgorithms have been
proposed in the last 30 years, basically two difierapproaches exist to
tackle the segmentation: faliscontinuityand for similarity. The methods
based on the discontinuity property of the pixalsp called boundary-based
methods, try to detect isolated dots, lines andidrsr to reconstruct the
contours of the regions of interest. To do thignedfilters that allow to
identify the borderlines of the objects are used anfew operations of
mathematical morphology are applied. Instead, fh@aach for similarity,
commonly called region-based method, that is thetmadely used, is useful
when the regions of interest are segmented impaammtensity threshold
(Freixenetet al.,2002; Riva, 2004).

Selecting features within an image is an impor{am@requisite for
most kind of measurement or understanding of tle@escTraditionally, one
simple way thresholding accomplished to define thege of brightness
values in the original image, selects the pixelthivithis range as belonging
to the foregroundROI) and rejects all of the other pixels in the baokand.
This is the simplest method of image segmentatismg black and white or
other colours to distinguish the regions (Shapiral, 2001 Russ, 2007). In a

thresholding operation, the input is typically &ygcale or colour image and,
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in the simplest implementation, the output is aabjmmage representing the
segmentation and it is determined by a single paramknown as the
intensity thresholdqFig. 12).

Figure 12. Thresholding a colour image Original image (A) and binary image (B).

Thresholding may be set interactively by user watglhe image and
using a coloured overlay to preview the result adpisting the setting. The
brightness histogram of the image, or of a regibnt,ois very useful for

making adjustments (Fig. 13).
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Figure 13. Threshold histogram for the brightness alues selection
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There are also many automatic methods to adjusshiotding settings,
using either the histogram or the image itself agusde (Prewitt and
Mendelson, 1966; Weszka, 1978; Otsu, 1979; Kittemal, 1985; Rigaut,
1988; Russ and Russ, 1988; Sakobal, 1988; Leeet al, 1990; Russ, 1995;
Sezgin and Sankur, 2004).

Segmentation of grey scale images into regionsnfeasurement or
recognition is probably the most important areaifoage analysis. Many
other thresholding methods exist and were usednsxigy in a lot of
artificial intelligence applications (Fukunaga, 099 as well as the
thresholding from texturethat is a very interesting practice allowing the
image segmentation on the bases of different textuientation and/or
spatial frequencies (Haraligk al, 1975), or théboundary linesandcontour
criteria, that perform image thresholding on the baseshef houndary
information, and many novel techniques too, tha eatherad hoc and
narrow in their range of applicability, are constkanmplemented. Review
articles by Fu & Mui (1981) and Haralick & Shapi(p988) present good
guides to the literature, and most standard imagdysis textbooks, such as
Castleman (1979), Rosenfeld & Kak (1982), Gonz&la&/oods (2007), and

Pratt (2007) also contain sections on image sedtient

As result of segmentation, binary image represeéngstarting point for
a geometric evaluation and it works as a mask farleur assessment and for
following image combinations. But the product ofysentation rarely is
perfect. For images of realistic complexity, eveme tmost elaborate
segmentation routines misclassify some pixels esgfound or background.
Generally, these are pixels belonging to the bouesi®f regions or patches
of noise within regions (Russ, 2007). The maingdbht allow to correct this

kind of mistakes, can be organized into two groopsperationsBoolean
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logical operationsfor combining images, andhorphological operations
which modify single pixels within images.

These includesrosion and dilation, openingand closing scrapping
andfilling operations, as well as all the possible combinatiicthem. All are
fundamentally neighbour operations that work intisppalomain. Although
these operations are discussed in literature mgesf set theory, a much
simpler and more empirical approach is taken simgdgcribing these
operations in terms of adding and removing pixetsnf the binary image
according to certain rules, which depend on theepatof neighbouring
pixels (Russ, 2007).

Erosionremoves pixels from an image or, equivalentlycalds any
pixel touching other pixels that are part of thekmaound (that is already
OFF). This operation removes a layer of pixels framound the periphery of
whole region of interest, causing some shrinkingliofensions (Fig. 14). As
erosion removes pixels, the complementary operatfatilation adds pixels
to the perimeter of the region. Figure 15 showsxample of a practical use

of this morphological operations.

EROSION

DILATION

Figure 14. Erosion and dilation morphological opersons.
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Figure 15. Separation of touching regions using m@hological and Boolean
operations. (A) Input image; (B) after a few cycles of erosi¢@) some cycles of
dilation applied to B image using logic to prevemerging of regions; (D) AND
Boolean operator between images A and C.

When the objects in the scene are all similar #e,sas it might
happen working with seeds, it is possible to amgyne cycles of erosion
until all of them are separated but not completehased (image B).
Afterwards, a few dilation operations grow the abgemaking them bigger
than their original size. Logical operations arepa®sed to prevent that the
objects will merge again (image C). Employing anABoolean operator
between the input image and the image in whichottjects are separated, a
new image with the original objects separated éaglpced (image D).

Because erosion and dilation cause respectivelydaction and
increasing in the size of objects, and for thissomathey are sometimes
known as etching and plating or shrinking and grmyithere are several

rules to adjust these operations. Particularlysitppssible to adjust the
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neighbour pattern, that allows to set the directibarizontal, vertical or
both) of erosion or dilation, and the number ifateons, also called depth of
the operation, that roughly corresponds to theads that boundaries will

grow or shrink radially (Grillo, 2009).

Two similar morphological operators that can beduse similar
conditions, but in different orders, apening and closing operations.
Generally, the first is helpful to enlarge pixellds or coves within the
regions of interest, while the closing operatoused to close up breaks in
objects (Fig. 16).

% v
D 4

J
S 3

Figure 16. Opening operation to separate touchingegds (images A, B and
C); and closing operation to fill a cove in a seeimages D, E and F).
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Finally, the morphological operatofif andscrap allows exclusively
to fill holes in the objects and to erase spotaase in the binary image, on
the bases of dimension settings.

A particular morphological operator is tekeletonizationlt could be
described as a forced erosion of an object, appldo make it one pixel
thick (Pavlidis, 1980; Nevatia & Babu, 1980; Dawds 1991; Lamet al,
1992; Ritter & Wilson, 2001). This function is afteised to obtain the length
of an object (Fig. 17).

Figure 17. Skeletonization of an object

Just as the skeleton of objects may be determimexhiimage, it is
also possible to skeletonize the background. Indeedsidering equidistant
points from objects boundaries, this opertatioraively divides the image
into regions around each object (Serra, 1982). Thia very common
morphological operation because it is often use@pmbination with erosion
and dilation operations, to separate objects wiferént size and shape (Fig.
18). Moreover, modifying the setting parameters, skeletonization may be

helpful to identify object contours (Grillo, 2009).
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Figure 18. Background skeletonization to separateotiching seeds.

(A) Original image; (B) segmentation and selectidriouching seeds; (C) isolation of
touching seeds; (D) background skeletonization mége C; (E) image with all
separated seeds (Grillo, 2009).
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Chapter 2

A new set of seed features: Elliptic Fourier Degators and Haralick’'s

parameters

Introduction

The discriminant ability of the identification sgst depends not only
on the intra-specific representativeness of andlyaga but also, on the
guality and quantity of the parameters measured umadl to differentiate
among groups. For this reason, ElBptic Fourier Descriptors(lwataet al,
2002, 2004; Kawabatet al, 2009; Yoshiokaet al, 2004; Orruet al, 2012;
2013) for a detailed description of the shape, thedHaralick’'s parameters
evaluating the surface texture of seeds (Diamendal, 2004; Gerger &
Smolle, 2004; Nannet al, 2010), were considered as variables and included
in the statistical classification system, in admitito the common seeds
morpho-colorimetric traits used in previous simiNaorks (Bacchettat al.,
2008a; 2011a; Grillet al, 2010, 2013).

Shape measurements: Elliptic Fourier Descriptors (EDs)

Fourier descriptors (FDs) are very popular shagenjgors and are
mainly used in a 2D shape description context. Jémeeral idea is to create a
mono-dimensional function from a bi-dimensional hdary contour of, for
example, the exterior shape of a seed: the shgpatare. An example is the
centroid distance signature which is a (periodig)ction that represents the
distance from the boundary to the centroid of thage. This shape signature
can be approximated by a Fourier series, wherelktened coefficients are

called Fourier descriptors. The larger the setesivéd descriptors, the better
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the accuracy for shape retrieval will be. The adwges of FDs are (1) their
low complexity, (2) each descriptor has a physit&aning, (3) they can
easily be normalised and (4) they describe shageries at all scales (Zhang
& Lu, 2004, 2005).

Some variations on FDs exist. An example &iléptic Fourier
descriptorshereafter EFDs, introduced by Kuhl & Giardina (2R8EFDs
describe a closed contour with a series of rotgtimgsors with elliptical loci;
the contour is hence represented as a set of haatlgnrelated ellipses.
Elliptical Fourier analysis removes the followinghreée limitations
encountered in conventional Fourier analysis: [jig) sampled interval has to
be equally divided, (2) the descriptors depend lom ¢hosen coordinate
system and (3) the difficulty of dealing with outlis that curve back on
themselves (Lestrel, 1989). The drawback of EFD$has many descriptors
have to be used, as each harmonic (ellipse) censistour descriptors.
However, this is not really of concern becausehhemonics are computed
fairly easy and fast. EFDs have often been useddfscribing shape
variation of biological products, ranging from rite petals or a stallions
sperm heads (lwatat al. 2010; Kawabatat al, 2009; Severat al, 2010,
Roggeet al, 2014)

The main advantage of the EFDSrosgriff, 1960; Fritzsche, 1961,
Raudseps, 1965; Borel, 1965), is invariance tostedion, rotation and
scaling of the observed object. Thus the shape rigésa becomes
independent of the relative position and size efdhject in the input image.
In this way, the distance between camera and pleceof the object relative
to the optical axis of image acquisition system afiects values of the

Fourier descriptors.

71



This method, fundamentally, do not define the sh&gée object but
allows description of the boundary of the seed qutipn as an array of
complex numbers which correspond to the pixel pwsst on the seed
boundary. So, from the seed apex, defined as #mngt point in a Cartesian
system, chain codes are generated. A chain codelassless compression
algorithm for binary images. The basic principle dfain codes is to
separately encode each connected component (pgixelhe image. The
encoder then moves along the boundary of the inzagk at each step,
transmits a symbol representing the direction ab ttnovement. This
continues until the encoder returns to the stapiogtion (Fig. 1).

Figure 1. Chain code generation (e.g. 2323444334333).
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Mathematical basis of EFDs method

Extensive description on elliptic Fourier featurealysis is found in
Kuhl & Giardina (1982). Briefly, an object’'s bounglais approximated by
Fourier series expansions of the boundary thatsstfansformed into a time
series of a function that arises through chain mpdFreeman, 1974) of the
path at constant speed around the object in whidividual chain links are at
the pixel-to-pixel level, taking on integer valusstween 0 and 7.
These values represent the direction of movement fsine pixel to the next,
either being horizontal (0 or 4 for + ox-direction, respectively), vertical (2
or 6 for + and -y direction), or diagonal (1, 3, 5, or 7 for directi
intermediate between the corresponding even numbEme approximations
of thex andy positions of the object’s boundary are given aedated series

expressions as follows:

]
Xult)=Ag+ Zﬂ" cos (El;ﬂt) + b, sin (ZI’JTTH)

n=1

Yu(t) = Co +gc” cos ( Z"Tm.) 4 d,sin ( E”Tm)
wheren is the number of harmonichl ¢otal) andt is the time along the chain
path of periodT. As N—ow, these expressions becomxét) and y(t).
Mathematical solution of the expressions for co#fits @, b, ¢, and ¢ are
determined by writing the time derivatives xit) andy(t) as Fourier series
expressions and equating the coefficients with espronding coefficients

from the derivatives of(t) andy(t).
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This yields the following:

j i 2nmwt, 2nmt,_
=557 FE i, | ( ) — cos ( . }

T &Ax [ /20wt . 2mrrp_,)
b"'_—2n27r2;£_sm( = )—sm( = }

T Ay, '2mtrp) 2nmts .\ ]
= g 22 |03 (572 o8 (57

where p is an index that corresponds to each pixel aldmg lhoundary
contour,Ax, andAy, are the changes in tikxeandy projections of the chain
between the™ and p -1)" positions, having possible values of - 1, 0, and 1
The time variable,.; andt, represent the total time needed to reach ghe (
1)" andp™ positions froman arbitrary starting point on tleibdary, withAt,
being the time increment between these points arithghthat its value is
either 1 on/2. Values for the coefficients depend on the stgrtioint of the
path of the contour and are therefore difficulus® when comparing objects
of different orientations.

At the expense of absolute dimensional informatitve series functional
expressions may be normalized such that the sltamelbe compared among

images.

A common procedure is to normalize and align theatwith respect
to the first harmonic ellipse (Kuhl & Giardina, 188y oshiokaet al, 2004;
Neto et al, 2006; Mebatsioret al, 2012). Setting aside the translation-
determining constant additive tern#g, andCy, and expressindy andYy in
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phasor notation, the first harmonic phasor is satahto alignment with the
semi-major axis of its locus, whereupon the stgrpoint of the contour is
phase shifted to coincide with a maximum valuajetermined by setting the
derivative of the magnitude of the first harmonkapor equal to zero. This
yields:

1 1
fl=—tan™"
5 dall

2(a by + cydy)
did B &

so that

[ﬂ; c;]_[cosﬂ sinH] [u, c,]
by di| |-—sin® cosé||b; d,

and the spatial rotatiap is obtained from

[ -1 i
i = tan a:
Finally the object is made independent of its sigediving the coefficients

by the magnitude of the semi —major afs,

o a2, a2 lf2
E' = (a}* +¢7)

The standardized coefficients become

d;’ —siny  cosy | |c, dn]|sinnd  cosnd

n

[ag b,’ll 1 [ cos s sinq‘:][an bn} [cosnﬁ — sinnf
F

Cy

Iwataet al. (1998) proposed that coefficierds  andd, define the
symmetrical variations, whileb,. and ¢, define the asymmetrical

variations. By way of example, the boundary of anké is displayed in
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Figure 2, in which the contours arising from theese solutions at one and
ten harmonics are included. Also included is tHgs# of the equivalent
second central moment with its minor and major aXesm the

morphological properties analysis.
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————— —— Minor axis
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240 |

220

240 260 280 300 320 340 360 380
Horizontal pixel

Figure 2. Trace of the boundary of a seecAlso shown are the ellipse, with minor and majoespof
the equivalent second central moment as calculatedorphological property determination and the
elliptic Fourier series contour functions at onedaen harmonics.

According to Terralet al. (2010), about the use of a number of
harmonics for an optimal description of seed oa8inin order to minimize
the measurement errors and to optimize the effigierof shape
reconstruction, 20 harmonics were used, in thidystin order to define the
seed boundaries, obtaining a further 78 parametse$ul to discriminate
among the studied seeds (Oettal. 2012, 2013) (Fig. 3).
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Figure 3. EFDs procedure: from a digitalized imageo the chain codes.

Texture evaluation: Haralick’s descriptors

The texture is series of surface features that gives important
information about the densitometry and color disttion of an object.
Although, for the human vision the interpretatidnchromaticity changes is
easy and naturalHaralick’s descriptors measured with image analysis
system, allow to define mathematically, and so iguantitative way, the
color on a surface, identifying and describing argas for distribution,
intensity and/or homogeneity, characteristic vdealf a particular group.

In 1973 Haralick introduced the co-occurrence matnd texture
features for automated classification of rocks sitocategories (Haralick &
Shanmugam, 1973). Today, these features are witkdy representing a
popular approach for the analysis and classificatibmany medical images
(Fig. 4), including breast masses and tumors seenmammograms,
diagnosing diseases related to skin (Mittra & Pa@®01), carotid artery
(Hassanet al, 2012), liver (Leeet al, 2007), brain (Dhanalaskshmi &
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Rajamani2013; Jafarpouet al, 2012; Zulpeet al, 2012), abdomen (Mitrea
et al, 2011), and breast (Mclaurehal, 2009) and for microscope images of
biological cells too (Harderet al, 2006; Conradet al, 2004,
Sivaramakrishnat al, 2002; Bovis & Singh, 2000; Gupta & Markey, 2005;
Leeet al, 2006).

b

Stroma
(Non-epithelial Cells)

Lumen

Gland Boundary Epithelial Cells

Epithelial Cell Nucleus

Figure 4. Microscopic images of (a) normal and (analignant colon biopsy samples, and (b)
regular structure of normal colon tissue.

On the contrary, few results are reported in therdiure about this
kind of studies on seeds of both agronomical andd veipecies for
tassonomical purpouses (Fig. 5) (Diamaetdal, 2004; Gerger & Smolle,
2004; Nannkt al, 2010).

(o0

€ @

\ ::::_j_‘,\ 7 " : e e . . millimeters
S\,\, ¥‘ o . 10.00
\\ r AL <t \4

Figure 5. Texture in (A) black striped white seed bsunflower; (B) wet yellow seed of mango; (C)
Ferula arrigoni seed.
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One drawback of the features is the relatively higbsts for
computation. However, it is possible to speed up tbhmputation using
general-purpose graphics processing units (GPUs)wadays, GPUs
(ordinary computer graphics cards) are more andenused to accelerate
graphical as well as non-graphical software by lyigharallel execution
(Gippet al, 2009).

Texture analysis, using some or all of the 14 textaatures proposed
by Haralick & Shanmugam (1973), is based on thetidpgray level
dependence (SGLD) matrices, which encapsulatessplagal relationship
between pixels of an image. The relationship maggeified in two ways:
(1) horizontal and vertical distance of neighborthvhe pixel of interest; (2)
the spatial relationship between pixel of interastd neighbors lying at
various orientations e.g.= 0°, 45°, 90°, 135° (Fig. 6).

= i ;
1357 o o
] 45°
6 7 g
1
T -
' ¥ ,-:,:
5 -0t 1 -
T
4 3 2
1
1
1
1

Figure 6. Resolution cells 1 and 5 are 0° (horizoal) nearest neighbors toresolution cell 0;
resolution cells 2 and 6 are 135° nearest neighbonsesolution cells 3 and 7 are 90° nearest
neighbors; and resolution cells 4 and 8 are 45° nesst neighbors to 0.
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In this study, in addition to EFDs, the morpho-coteetric pattern of
feauters recorded for each seed was further impradeling algorithms able
to compute 11 Haralick’s descriptors and the redatitandard deviations for
each analyzed seed.

The evaluation of texture, tone and context alltavdefine the spatial
distribution of the image intensities and discteteal features. When a small
area of the image has little variation of discrteteal features, the dominant
property of that area is grey tone. When a smalh dras wide variation of
discrete tonal features, the dominant propertyhat area is texture (Haralick
and Shapiro, 1991).

According to Haralicket al. (1973), the concept of tone is based on
varying shades of grey of resolution cells in atpgmphic image, while
texture is concerned with the spatial (statistich$tribution of grey tones.
Texture and tone are not independent conceptsertatiney bear an
inextricable relationship to one another very muike the relationship
between a particle and a wave. Context, texturetane are always present
in the image, although at times one property canidate the others.

The basis for these features is the gray-levelam+ozence matrix (G
in equation 1). This matrix is square with dimensig, where N is the
number of gray levels in the image. Elemarji pf the matrix is generated
by counting the number of times a piXp) with valuei is adjacent to a pixel
with valuej and then dividing the entire matrix by the totahtber of such
comparisons made. Each entry is therefore considerde the probability

that a pixel with valué will be found adjacent to a pixel of valje

p(1D)  p(L2) - (L)
G pL'E-IJllJ ';:'L'IE-JEZJ (2, N, )
(N 1) p(N;2) -~ p(n,.N,)

(1)
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In Table 1, the 11 Haralick’s descriptors measuradeach seed to
mathematically describe the surface texture, grerted.

Table 1. Haralick’s descriptors measured as reportg in Haralick et al. (1973).

Feature Equation

Har 1 Angular second moment 3
p(iJ)
i
Har 2 Contrast Ng—1 Ng Ng - o
n p(LJ) L)l =n
=0 i=14—j=1

n
Har 3 Correlation E:_ Z}_ (if)p(i,j) — Haby,
T,
where i, 1y, ox and ¢, are the means and the standard

deviations of pand g.

Har 4 Sum of square: variance ) 3 e
E _ E (@ —u)e())
L

Har 5 Inverse difference Z Z 1 0.7)
moment T oz Pt
i ¥l 1 + (I' _.}]‘
g

Har 6 Sum average Z
I’px+_}' (I’]
n=7

where x and y are the coordinates (row and coluwinan
entry in the co-occurrence matrix, ang i) is the probability
of co-occurrence matrix coordinates summing to x+y.

Har 7 Sum variance INg .
Z_ (i_féj‘px{}'(ij
Har 8 Sum entropy INg o . .
_Z px+_}'(1’] I’Og{px—h}'(!’]}: f-B
i=2
Har 9 Entropy . , .
=3 > i) toglp(i]

i J
Har 10 Difference variance Ng-1

> i@

n=

Har 11 Difference entropy

_Z Py () 109 (piny (1)
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Chapter 3

Materials and Methods

Introduction

The purpose of this study was to implement an inaaggysis system
previously developed by Grillet al (2010) through the introduction of a
new set of seed morpho-colorimentric variablespitl Fourier Descriptors,
hereafter EFDs and Haralick’s parameters desciibé&hapter 2.
The targeted species were selected among thosenpries the Sardinian
Germplasm BankBG-SAR), at theCentre for Conservation of Biodiversity
(CCB) of the Department of Botany, University ofdliari (Mattanaet al,
2005).

The best moment for the seeds harvest, the metmdishe quantity
of the material are regulated by ethical and sifientriteria that provide a
high quality of the collected material and avoi@ thauperization of than
situ genetic resources. So, germplasm was collecteawwlh internationally
recognized protocols to guarantee the greatesteseptativeness of the
genetic diversity of original population (Guaried al, 1995; Bacchettat
al., 2008a). The lots in admittance at B6&-SARwere submitted to a period
of post-maturation under controlled conditions (30%relative humidity),
and then cleaned and manually selected by sievieg thre aid of variable air
flow gravimetric separators (Agriculex CB-2 Colur8eed Cleaner). During
the standard treatments of the accessions for tleerect conservation, the
images of the seeds lots were acquired in digmahét, before their entrance
into the dehydratation room (15°C at the 15% aditreé humidity), in order

to avoid each possible variation in shape and cqBacchettaet al, 2008a).
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The quantity of the seeds to analyze depends onntheerial
availability of theBG-SAR.For the analysis of every accession, a sample
constituted by no less of 100 units was randombpared, but when the
original accession was lower than 100 units, tredyess was executed on the
totality of the whole lot. This should guarantee tlepresentativity of the
accession, and at the same time, minimize thesipé@fic variability of the
seeds morpho-colorimetric characteristics, generhle to the seed position
inside the fruit and to the fruit position in théamt (Harperet al, 1970;
Rovner & Gyulai, 2008).

Sample images were acquired using a flatbed scafBpson
Perfection-vV600), with a resolution of 400 dpi aadscanning area not
superior to 1024 x 1024 pixels. As discussed iwiptes chapter, the employ
of a flatbed scanner to capture digital imagesresgnts a cheap and quick
solution to carry out and file image libraries afth quality, exploitable for
morphological (McCormacet al, 1990; McDonaldet al, 2001) and
colorimetric measures (Shahin & Symons, 1999; Shadi al, 2006).
Furthermore, a so simple image acquiring system lsanundoubtedly
integrated in the daily germplasm bank management.

Seeds were arranged on the scanner glass flahasdhey did not
touch each other, they were also covered with a dressed with opaque
paper to avoid interference of environmental lightcouple images were
acquired for each seed sample. The first was caghtusing a cover box
dressed with opaque black paper, while the secasdaequired covering the
seeds with another box dressed with opaque whperpand with a reduced
height, in order to avoid that the vividness of #&ed shadows on a white
background can corrupt the real dimension and coloiu seeds. This

procedure, that was followed for each accessidowalto apply the same
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segmentation method aside from the seeds colotimputi manually editing
the resulted image to correct few little binariaaterrors.

The digital images so obtained were stored in Tiéiimat (Tagged
Image File Format)and, together with the Kodak Q60 reference image t
was monthly acquired in order to calibrate the seanthey were send by e-
mail to the Image Analysis laboratories of tBéazione Sperimentale di
Granicoltura per la Sicilia (SSGWwhere they were calibrated, processed and
analyzed using specific macros developed, withrargercial image analysis
software (Grillo, 2009).

The ‘Macro’

A macro could be defined as a list of program lir@smpiled in the
proprietary language of the used software for imageessing and analysis,
that allows to execute automatically and quicklytla routine functions and
operation of acquiring, colour and geometric calilan, elaboration,
processing and measurement of images.

To reach the aims of this study, #i8-400 release 3.inage analysis
software byCarl Zeiss Vision GmbH (Germanwas used, together to its
library of algorithms and functions. A macro, exgsly developed for the
image analysis of wild species seeds (Bacchadtt@, 2008b; Grilloet al,
2010), was partially modified, implemented with th&oduction of the new
set of variables, EFDs and Haralick’s descriptarsg] used to achieve size,
shape and colour measures of individual seedsimihges.

Hereafter, an illustrative sequence of various sstep this macro,
called germplasm-analysis_1.mcis reported to explain the work method
adopted to analyze the seeds.

Even if, as explained above, a separation algoritbodd be applied

to electronically singulate the seeds after theumtiipn, depending on the
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hardware speed, it might result a very slow proogedand for this reason it
was chosen to place the seeds on the top of thenecain singulated
arrangement. Moreover, because of the high vaitiali seed morphology
of the studiedaxa, the setting of the conditions that would havew#d the
electronic separation, would be resulted very laaudl tedious.

The two original images of the seeds, that one wigick background
and that the other with white background, in thésedviedicago arborea
(Fig. 1), are acquired using a flatbed scannerthed standardized to correct

the colour of the image, as discussed in previbapter.

A B

xl

Figure 1. Black background (A) and white background(B) original images

Using an interactive threshold to segment the esitdd image, the
binary image is produced and used as a mask touexdbe selected
measures. A coloured label mask is superimposethdobinary resulted
image, simply to control that all the seeds witkile scene are separate.
Before to perform the measurements, applying a @mnn algorithm the
RGB standardized image is transformed in HLS cokpace. This image
allows to extract information about colour huehtigess and saturation of

each seed.
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All the seeds within the image are automaticalljected for the
measuring process, both in the RGB and in the Hh8ge, but clearly,
maintaining the chance to deselect any seed thaamot well segmented.
Finally, all the seeds are numbered with the pwpios have a reference
indication related to the obtained data, becaussetnumbers, labelled on the

seeds, also indicate the order in which them aatyaed by the system (Fig.
2).
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Figure 2. MAP image of selected seeds.

The germplasm samples

In this study, 157 accessions were analysed, bmgntp three
different generaCistus Medicagq LavateraandMalva, mainly collected in
Sardinia, for a total of about 13,000 seeds. Soratemal, collected in other
territories of the Mediterranean basin (e.g. Italend Iberian peninsulas,
Corsica, Balearic islands, Greece, Morocco) wae alslysed, as well as
seeds obtained bgx situ cultivation in theBotanic Gardens of Cagliaror

provided by other scientific institution®otanical Department - University
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of Catania, Botanical Department - University of rBaConservatoire
Botanique National Mediterranéen de Porquerollesrebrion General de
Medio Natural de Murcia, Jardi Botanic de Valenciastitut y Jardi
Botanic de Barcelona, Banco de semillas de la Usidad Politecnica de
Madrid, Jardin Botanico de Cordoba, Banca del Gephasma
dell'Universita degli Studi del Molise, ConservatwBotanique National de
Corse, Seed Conservation Department of the Kew é&wardVediterranean

Agronomic Institute of Chania MAICh of Crete).

Statistics

In the statistic field, the aptitude to reorganthe raw data in few
numbers or significative indicators able to desetioe whole quantity of data
without modify the overall meaning, is definedescriptive statistic
Particularly in the scientific research, the emptdya suitable treatment of
data is very important, in order to overcome ab froblems due to the
experimental errarthat is the cluster of the variations led by momtrolled
factors, whose effects are overlapped to that émeecstudied factor.

As discussed in the first chapter, one of the afrthis study consists
in the implementation of statistical classifierslealio recognize and
discriminate seeds belonging to different botaniaaks. In order to achieve
this goal, the more significant morphocolorimetfeatures measured by
image analysis, were used to describe size, shapedour of each analysed
seed, to identify and classify them on the basithese morphological and

colorimetric parameters.
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Linear Discriminant Analysis

Sometimes, analyzing the data of various hundrddgroups of
objects, in this case families, genera and speaieseeds, the principal
practical limitation of the pattern recognitionttse high-dimensionality of
the dataset. In the past several decades, manynsiomality reduction
techniques have been proposed. Theear Discriminant Analysis (LDA)
(Fukunaga, 1990) is one of the most popular supedvimethods for linear
dimensionality reduction. It has been proven tovbey powerful in many
practical applications. Th&DA is a multivariate statistical analysis and
allows to analyze simultaneously measurements ofhymaharacters
(qualitative and/or quantitative variables) from npa samples.
Fundamentally, this kind of statistical analysismaito summarize the cases
and simplify their structure to obtain the mostreot grouping of them. The
LDA is a very well-known method for dimensionality weton and
classification that projects high-dimensional dat@to a low-dimensional
space where the data achieve maximum class selgrébukunaga, 1990;
Dudaet al, 2000; Hastiet al, 2001).

The derived features ibhDA, also calleddiscriminant functionsare
linear combinations of the original features, whtre coefficients are from
the transformation matrix. The optimal projection wansformation in
classical LDA is obtained by minimizing the within-class distanand
maximizing the between-class distance simultangpusius achieving

maximum class discrimination.
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Calling J this objective, the origindlDA formulation, also known as
the Fisher Linear Discriminant Analysis (FLDAJFisher, 1936; 1940), that
deals with binary-class classifications, can becdlesd by the following
formula:
w'Sw
w'S,w

Je(w) =

wherew is a linear transformation matriXg, is the between-class

scatter matrix an8, is the within-class scatter matrix.

As discussed above, the purpose of Li2A is to maximize the
between-class scatter, minimizing, at the same, tthreewithin-class scatter.
The two scatter matricesy, (between-class) an&, (within-class), are

defined as:
S =Z p.(m —m)(m —m)’

%:Zps

wherec is the number of classesy andp; are the mean vector and a
priori probability of class , respectively; m= Zic:lplm is the total mean

vector;§ is the covariance matrix of clasgGrillo, 2009)

Generally, to obtain the discriminant functions aocmhsequently
classify objects (seeds in this case) into onemaf or more groups, on the

base of a set of features that describe the ob{edajs area, perimeter, red,
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green or blue channel, etc.), it is need to asaigobject to one of a number
of predetermined groups, based on observations roadiée object. It is
important to note that the groups are known or @erthined a priori.
So, it is possible summarize that the basic tabksed_ DA are two:
to detect set of featurethat better can determine group
membership of the object;
to identify the classification model (or rulehat better can

separate the groups.

The first of these two purposes, the detection azftdre set, is a
process of variables selection by steps, that alimadefine théeDA method
as stepwise Linear Discriminant Analysis (sLDAJsing this method, only
the best features for the identification of thefatént seed samples were
detected, in order to implement a statistical d&ssable to discriminate and
classify the seeds, on the basis of morpho-coldrimé&atures. When there
are a lot of predictors, the stepwise method canubeful to select
automatically the best variables to be used incthssification model. The
stepwise method starts with a model that doesaltide any of the predictor.
At each step, the predictor with the largedb Entervalue that exceeds the
entry criteria F > 3.84) is added to the model. The variables leftajuhe
analysis at the last step haveo Entervalues smaller than 3.84, so no more
are added. Thélolerancevalue indicates the proportion of a variable’s
variance not accounted for by other independenabkas in the equation. A
variable with very lowTolerancevalue proves little information to a model.
F to Removealue describes the power of each variable imtbdel and it is
useful to describe what happens if a variable moreed from the current
model. The process was automatically stopped wleenemaining feature
increased the discrimination ability (Venatal, 2009a; 2009b).
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The second purpose concerns the model or ruleaskification to
predict the membership of a new object on the kasthe model. This
approach is commonly used for the classificati@ntdication of unknown
groups characterized by quantitative and qualiatiariables (Fisher, 1936;
1940).

This method requires a teaching procedure that inf@mation
derived by previous identified sample groups (atsdled training sej

allowing to develop and to teach all the classifiesed in the study.

In aLinear Discriminant Analysisthe class categories or the groups
that represent what it is looking for, are calldebendent variablewhile
each measured feature, that describes the anabigedt, is statistically
defined independent variableHence, in these cases study, the analysed
objects are seeds, tliependent variablés the considered taxonomic rank
(family, genera or species) of the germplasm acmess while the
descriptive features (area, perimeter, red, gredsiug channel, etc.) are the
independent variables

Thus, theLDA finds a set ofliscriminant functionswhose values are
as close as possible within groups and as far aarpossible between
groups. Adiscriminant function(f,), that above was defined as a linear
combination of the discriminating variables, has tbllowing mathematical

form:

fni = aO + a1)(1ni + aQXZni + a3)(3ni Tt 31<ka

where (f,) is the value (or score) on the canonical discranin

function for case in the groupn; x is the value on discriminant variable for

96



the same case in the same group; amsl the autovalor which produce the
desired characteristics in the function.

The coefficientsy, &, as, ..., &, for the first discriminant function are
derived so as to maximize the differences betwhengtoup means. At the
same way, the coefficients, a, &, ..., & for the second discriminant
function are also derived in order to maximize thierence between the
group means, but they are subject to the constthaitthe values, on the
second discriminant function, are not correlatethwine values on the first
discriminant function, and so on for the discrinmbh&unction that follow. In
geometrical terms, the second discriminant funcisoorthogonal to the first,
and the third discriminant function is orthogonalthe second, and so on.
The maximum number of unique functions that canldréved is equal to the
number of groups minus one or equal to the numiedigcriminating
variables.

Summarizing, the discriminant functions were selddo that:

f, reflects, as much as possible, the differencesdsst the
groups;

f, reflects, as much as possible, the differencewdsat the
groups, not highlighted biy;

f; reflects, as much as possible, the differences dmtwihe
groups, not highlighted by andf;

... and so on.

Each linear discriminant function explains a certaércentage of the
total variance (or variability) of the cases, afidothem explain the 100%
of the variability. Generally, it is desirable thidae first two discriminant
functions explain variability levels higher than-80% (Grillo, 2009).
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The simplest case of BDA assumes that the groups are linearly
separable. It occurs when the groups can be separay a linear
combination of features that describe the objétthe independent variables
are only two, the separator between object groapsimply a line; if the
features are three, the separator is a plane; vWiide number ofndependent
variablesis more than three, the separator become a hyaee-pin this last
case, the great utility of linear dimensionalitguetion of theLDA method,
is evident, and can be better explained taking midhgee of graphical
representations. Figure 3 shows a graphical reptatsen of a case in which
objects belonging to three different groups (dependariables) are detected

by only two discriminant functions.
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Discriminant function 1

Figure 3. Bi-dimensional plot of a Linear Discriminant Analysis.

In Figure 4, a 3D plot shows the scores of threthefdiscriminating

functions used to distinguish the objects belonginfive different groups.
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Figure 4. Three-dimensional graphic representatiorof a LDA.

The principal advantage of the multidimensional tpie in the
possibility to represent graphically the discrinmhacores in a biggest space
than a classical Cartesian plane. In this way,sitsimplest to visually
appreciate the distances among groups.

When different groups of objects have to be disecrated and only
two discriminant functions are available, it is gibde to insert a third
function that allows to draw a multidimensional tplehe Mahalanobis
distance This is a measure introduced by the Indian steia® Prasanta
ChandraMahalanobis (1936) and it is based on correlateansng variables
by which different patterns can be identified andhlgsed. It determines
similarity of an unknown sample set to a known ofre.other words,
Mahalanobis distance is a measure of distance kettveo data points in the
space defined by two or more discriminant functjan$igh value indicates

that a particular case includes extreme valueih@ or more independent
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variables and it can be considered not similarth@iocases (Bacchettd al.,
2008b).

Formally, the Mahalanobis distance from a groupadfies with mean
u=(urpaps,.. 4n)', and covariance matrdS for a multivariate vector

X=(X1,X2,%,...%) " is defined as (De Maesschalekal., 2000):

Dy (%) =y (x= )" S (x- 1)

In Figure 5, a three dimensional graphic represemas showed, in
which objects belonging to different groups areedtgtd by two discriminant

functions and the Mahalanobis distance.

V Group A
B GroupB

Figure 5. 3D plot of a LDA with two discriminant functions and
the Mahalanobis distance.
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A major drawback ofLDA is that it often suffers from the small
sample size problem when dealing with the high dismenal data. When
there are not enough training samplgg(in the 6.1) may become singular
and it is difficult to compute theDA vectors. Several approaches have been
proposed to address this problem (kiual, 1992; Belhumeuet al, 1997,
Chenet al, 2000; Yu & Yang, 2001), but a common problem vaththese
proposed varianLDA approaches is that they all lose some discrimiaati
information in the high dimensional space. Anywdlye stepwiseLDA
method has been applied successfully in many éifteapplications (Swets
& Weng, 1996; Venorat al, 2007; 2009a; Bacchet& al, 2008b, Grillo,
2009).

The cross-validation

In this research study, theross-validationprocedure, also called
rotation estimationPicard & Cook, 1984; Kohavi, 1995), was appliedthb
to evaluate the performance and to validate angsiflar, and to avoid
problems and/or mistakes that might arise on adcotiseed samples not
enough numerically representative. Indeed, thisgutare is usually applied
for small amount of data, in lack of a broad graimpmew unknown cases
(test set) It tests the individual cases and classifies tloenthe basis of all
the others (SPSS, 2007).

The most common types of cross-validation are thfée repeated
random sub-sampling validatiors a method that randomly splits the dataset
into training and test (or validation) set. For leacich split, the model is fit
to the training set of data, and predictive accpiacassessed using the test
set of data. The results are then averaged ovesplits. The advantage of
this method is that the proportion of the traintagt split is not dependent on

the number of iterations (as it occurs for kald cross validatiortype). The
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disadvantage of this method is that it is very egpee from the point of view
of the optimal use of the available dataset.

In K-fold cross-validation,another very common type of cross-
validation, the original sample is partitioned itdsubsamples. One of tlke
subsamples is put aside as the test dataset tatalthe model, and the
remaining K-1 subsamples are used as training set. The cros&tiah
process is then repeat&dtimes (the folds), with each of thé subsamples
used exactly once as the validation data. ThenKtihesults from the folds
can be averaged (or otherwise combined) to prodwgiragle estimation. The
advantage of this method is that all cases are fmethoth training and
validation, and each case is used for validatioactyx once, but as hinted
above, the ratio between the split training set il test set, is closely
related to the numbég of process iterations.

The third common type of cross-validation is tbave-one-out cross-
validation (LOOCV) As the name suggests, it involves using a singke
from the original sampleset as the validation deteand the remaining cases
as the training set. This is repeated such thdt ease in the sampleset is
used once as the test set. This is the saméasld cross-validatiorwith K
being equal to the number of cases in the origgaaiple. Unfortunately, the
leave-one-out cross-validatiaa often computationally expensive because of

the large number of times the training processpeated.

Finally, in order to evaluate the quality of thesaiminant functions
achieved for each statistical comparison, the Wilkksnbda, the percentage
of explained variance and the canonical correlalietween the discriminant
functions and the group membership, were compUted.Box’s M tests was
executed to assess the homogeneity of covariantecesaof the features

chosen by the stepwise LDA while the analysis efstandardized residuals
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was performed to verify the homoscedasticity of thriance of the
dependent variables used to discriminate amonggtbaps’ membership
(Box, 1949; Haberman, 1973; Morrison, 2004). Kolmiamy-Smirnov’s test
was performed to compare the empirical distributafnthe discriminant
functions with the relative cumulative distributidunction of the reference
probability distribution, while the and Levene'stevas executed to assess
the equality of variances for the used discriminfamictions calculated for

groups’ membership (Gastwirét al,, 2009; Levene, 1960; Lopes, 2011).
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Part Il

Case studies

The second part of this dissertation concerned sappdications of
the image analysis technologies discussed above.
In Chapter 1, in particular, the morpho-colorimetharacterization afistus
L. (Cistaceae) seeds by image analysis was treateddatabase of
morphometric and colorimetric data was carried dat statistically
discriminate and identify at inter an intra-speclével.

Seed image analysis provided evidence of taxondrdiffarentiation
within theMedicagoL. sect.Dendrotelis(Fabaceae) (Chapter 2).

Finally, the relationships among 78xa belonging to thd.avatera
andMalva genera were discussed in Chapter 3, in orderntribate to their

doubtful systematic treatment.
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Chapter 1

Inter and intra-specific diversity in Cistus L. (Giaceae) seeds, analysed by

computer vision techniques

Abstract

Seed mean weight and 137 morpho-colorimetric qtaive variables
describing shape, size, colour and textural sesthtrwere measured using
image analysis techniques, with the aim to diserate among different
species and subspecies of the gertlistus Also, the intra-specific
phenotypic differentiation ofC. creticusthrough the comparison of three
subspecies(. creticussubsp.creticus C. c. subsp.eriocephalusandC. c.
subsp.corsicug and the inter-population variability among fi@ creticus
subsperiocephalugpopulations were evaluated. Data obtained werkysed
applying stepwise Linear Discriminant Analysis noethrecording an overall
cross-validated classification performance of 80.&%species level. With
regard toC. creticusas case study, percentages of correct discririmaif
96.7% and 99.6% were achieved at intraspecificiated-population levels,
respectively. In this classification model, theexelnce of the colorimetric
and textural descriptive features was highlightegides to the seed mean
weight that was the most discriminant feature acsg and intraspecific
level. These achievements proved the ability ofgenanalysis system to be
highly diagnostic in the statistically assessmenthe morpho-colorimetric
traits variability of studiedaxa seeds.
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Introduction

The rockrose(CistusL., Cistaceae) is one of the most representative
and widespread genus of the Mediterranean vasttatar includes about 20
species from the Mediterranean area, reaching #ue&us mountains to the
East and the Canary Islands to the West (Ferrde@aét al, 2013). Its
highest diversity is found in the Western Meditagan region, with 14
species occurring in the Iberian Peninsula and IN@festern Africa
(Guzman & Vargas, 2005; Fernandez-Mazuecos & Varg@s0). A long
history of human activities has favoured distribatand abundance @fistus
species in the Mediterranean Basin, which plasts formed as early
successional stages following woodland disturbarsteh as fire and soil
overturning (Thompson, 2005).

In marked contrast to the detailed knowledge of laggoal
characteristics, understanding of the evolutionmairphological characters
and phylogenetic relationships within the genusxgemely limited. Even if
Cistusis a relatively small genus, it is complex becasisews a significant
morphological diversification, caused by the polyptosm of a number of
species and the hybridization between related spd8imonet & Ansereau,
1939; Pawluczylet al, 2012). Indeed, hybridization has been reporbelet
an active process icistus genus (Ellulet al, 2002), and many hybrid
combinations within and among pink or white-flowerepecies have been
recorded (in the field), based on intermediate molgpgical characters
(Paoliniet al, 2009).

The taxonomy ofCistus has traditionally been based on vegetative
(nerve number, shape, and hairiness of leaves)reprdductive characters
(sepal number, petal colour, style length, and rembf fruit valves),
although evolutionary mechanisms responsible foe tmorphological

diversity within the genusemain poorly understood (Guzman & Vargas,
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2009; Fernandez-Mazuecos & Vargas, 2010). For t@mxin purposes,
several investigations on the anatomical and mdogeal leaf traits of
Cistus species have been previously reported (e.g. Jaamuin& Gamisans
2007; Tattiniet al, 2007; Catoniet al, 2012). On the other hand, few
attempts of taxonomic classification d@fistus based on the morpho-
colorimetric description of seeds, have been reglirt literature (Cerabolini
et al, 2003; Delgadaet al, 2008; Moreiraet al, 2012).Although it is not
wholly determined by morphological characters, manyhors testified the
importance of seed size and shape also to prddicsded persistence in the
soil (Funeset al, 1999; Saatkampt al, 2009), at least in some climatic
conditions. This aspect seems also to be indireetBted to a certain inter-
specific variability, proved on many plant gendrginandez-Martineet al.,
2011; Grilloet al, 2013), but not in others (Pine& al, 2014). In contrast,
because the seed morphological aspects are gdlyeficgad characters,
undoubtedly the seed shows diagnostic features nmcke statistically
significant in comparison to other plant characters

In the last two decades, image analysis has adahiseeeral goals in
morpho-colorimetric evaluation of seeds (Wiesner@aVNiesner, 2008;
Granitto et al, 2003; Venoreet al, 2009a) for identification of both wild
plant (Rovner & Gyulai, 2007; Bacchetta al, 2008a; Grilloet al, 2012)
and agronomical important species (Shahin & Symd@83a; Venorat al,
2007, 2009b; Firatligil-Durmust al, 2010; Grilloet al, 2011; Smykalovat
al., 2011; 2013), proving to be a performance analyticol for taxonomic
studies.

The discriminant ability of the identification sgst depends not only
on the intra-specific representativeness of andlyaga but also, on the
guality and quantity of the parameters measured umadl to differentiate

among groups. For this reason, as reported in tditerature, Haralick’s
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parameters, evaluating the surface texture of s@@@dsnondet al, 2004,
Gerger & Smolle, 2003; Nanret al, 2010), and the Elliptic Fourier
Descriptors hereafter EFDs (lwata al, 2002, 2004; Yoshiokat al, 2004;
Kawabataet al, 2009; Orruet al, 2012; 2013) for a detailed description of
the shape, were considered as variables and irtlinlethe statistical
classification system, in addition to the commoadsemorpho-colorimetric
traits used in previous similar works (Bacchettal, 2008a; 2011a; Grillet
al., 2010, 2013).

Applying computer vision techniques, the familyQistaceae, and six
taxa, belonging to genuSistus were involved in a previous work (Bacchetta
et al.,, 2008a). Incrementing the number of features ared amount of
analysed seed lots, Grilleet al. (2010) improved the classification
performance, for each of the ten studied famikéso included the Cistaceae
and the relativdaaxa Compared to previous studies, we increase Heye t
number oftaxa and parameters, including Haralick’'s parameters BRDs,
assessing two taxonomic levels (species and suiespea@as well as the
population variability of one case study.

Specifically, following the systematic treatmentoposed byThe
Plant List(2013), the aims of the present work were to:cfigracterize the
genusCistusat species level on the basis of seed mean weibhpe, size,
colour and textural measurements by computer vigi@nevaluate both the
intra-specific phenotypic differentiation ofC. creticus through the
comparison of three subspecigS. (creticus subsp.creticus C. creticus
subsp.eriocephalusandC. creticussubsp.corsicug and the inter-population

variability among fiveC. creticussubsperiocephalugpopulations.
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Material and methods

Seed-lot details

Seeds of 14axa of the genu<Cistus belonging to 49 populations,
were collected during a period of 21 years (fron®3% 2013), in eight
Mediterranean regions (Corse, France, Greece,, ltdigrocco, Sardinia,
Sicily and Spain) for an overall of 65 accessiond 6,475 seeds (Table 1).
Considering the high statistical significance teaéd mean weight has been
proved to have in previous methodologically simieorks (Grillo et al,
2010; Bacchettat al, 2015; 2011Db; Smykalovaet al, 2011; 2013), this
feature was considered attempting to discriminateray the studie€istus
taxaand, then, recorded before acquiring the seedrfage. Afterwards, the
seeds were ultra-dried out down to 3% R.H., guaging homogeneity and
regularity in seed size and weight (Pérez-Gaetial,, 2007). All accessions
were stored at -25°C in the Sardinian GermplasnkBB®G-SAR), according
to the protocols reported in Bacchettal. (2008b).
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Table 1. Geographical regions, sampling years andesd amount of the studiedCistus taxa
populations.

Taxon Population Geogrgphlcal Collecting Seed
region year amount
C. albidus Prox Morocco 2001 100
Chechaouen
C. albidus Mt Corrasi Sardinia 2006 100
(Oliena)
. Miniera Sos .
C. albidus Enattos (Lula) Spain 2006 100
C. albidus Jaen (JA) Spain 2008 100
. Sierra Elvira .
C. albidus (GR) Spain 2009 100
. Sierra Elvira .
C. albidus (GR) Spain 2009 100
C. albidus Rio Cabril Spain 2013 100
(Cuenca)
C. clusii CIEF Valencia Spain 2000 100
C. clusii Lesina (FG) Italy 2006 100
" La Resinera .
C. clusii (JA) Spain 2009 100
B Sierra de Lujar .
C. clusii (GR) Spain 2009 100
C. clusii Ragusa Italy 2009 100
" Pineta di
C. clusii Vittoria (RG) Italy 2013 97
C. cretlcus_ Santo Pietro di Corse 1993 100
subspcorsicus Tenda
C. cret|cu§ Karfas (Chios) Greece 2006 100
subspcreticus
C. creticus Leonforte (EN) Sicily 2010 100
subspcreticus
C. creticus Akrotiri
subspcreticus  (Chania) Greece 2012 100
C. creticus
subsp. Agruxiau (CI) Sardinia 2006 100
eriocephalus
C. creticus
subsp. Agruxiau (CI) Sardinia 2007 100
eriocephalus
C. creticus Pineta della
subsp. Foce del Italy 2009 100
eriocephalus Garigliano (CE)
C. creticus
subsp. Casargiu (CI) Sardinia 2010 100
eriocephalus
C. creticus
subsp. Agruxiau (CI) Sardinia 2010 100
eriocephalus
C. creticus .
subsp. Portixeddu Sardinia 2011 100
(Buggerru)

eriocephalus
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Table 1. Continue

C. creticus Piscinamamma
subsp. Sardinia 2012 100
. (Pula)
eriocephalus
C. crispus Hyeres France 2005 100
(Porquerolles)
. Colle S. Rizzo -
C. crispus (ME) Sicily 2006 86
C. crispus Hinojos (JA) Spain 2010 100
C. crispus Ctra a Bab Morocco 2011 100
Berret
C.
heterophyllus  ee valencia Spain 2007 100
subsp.
cartaginensis
C.
heterophyllus . .
DGMN Murcia Spain 2007 100
subsp.
cartaginensis
C. ladanifer Hyeres France 2005 100
(Porquerolles)
C. ladanifer Andujar (JA) Spain 2010 100
C. ladanifer prox Morocco 2011 97
Chechaouen
C. laurifolius (Sé??r;a de Baza Spain 2001 100
C. laurifolius CIEF Valencia Spain 2007 100
- Sierra de Lujar .
C. laurifolius (GR) Spain 2009 100
C. laurifolius K.et.am.a a Joel Morocco 2011 100
Tidighine
C. . Agruxiau (Cl)  Sardinia 2006 100
monspelliensis
C. Pantano .
monspelliensis  Quebrajano (JA) Spain 2008 100
C. _ Digasterli (S. o inia 2010 100
monspelliensis  Giorgio - CI)
C. __ Montevecchio o inia 2010 100
monspelliensis  (Guspini - Cl)
c. L prox Morocco 2011 100
monspelliensis Chechaouen
C. N Khamis M'Diq a Morocco 2011 100
monspelliensis Bab Berret
C. .. Calaverde (Pula) Sardinia 2012 100
monspelliensis
. Karave - Isola di
C. parviflorus Gavdos (Creta) Greece 2012 100
C. parviflorus Giaudos Greece 2013 99
. Serra Penas :
C. populifolius Altas Spain 2004 929
. Pantano :
C. populifolius Quebrajano (JA) Spain 2008 100
C. salviifolius Huelva (HU) Spain 1999 100
C. salviifolius Agruxiau (CI) Sardinia 2006 100
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Table 1. Continue

Porto Campana

Sardinia

C. salviifolius (Chia) 2007 100

C. salvifolius %Aa)”” S. Elena  Sardinia 2007 100

C. salviifolius Agruxiau (CI) Sardinia 2007 100

C. salviifolius Ot Campana - Sardinia 2007 100
(Chia)

- Monte Altesina - . .

C. salviifolius Nicosia (EN) Sicily 2010 100

C. salviifolius Cungiau (Cl) Sardinia 2010 100

C. salviifolius ™Mt Vecchio - Sardinia 2010 100
Guspini (CI)

C. salviifolius S A\renas Sardinia 2010 100
(Arbus)

C. saliifolius ~ MIuS Sardinia 2010 100
(Villasimius)

C. salviifolius Ot Campana - Sardinia 2010 100
(Chia)

C. salviifolius ~ ortxeddu Sardinia 2011 100
(Buggerru)

C. salviifolius Ctra a Bab Morocco 2011 100
Berret

C. salviifolius Calaverde (Pula) Sardinia 2012 100

C. salviifolius Taranto Italy 2013 100

C. salviifolius Collesano (PA) Sicily 2013 97

Image analysis system

Samples digital images, consisting of 100 seedsamaty disposed on

tray, were acquired using a flatbed scanner (Egs6+15000) with a digital

resolution of 400 dpi and a scanning area not elngel024x1024 pixel.

For accessions of fewer than 100 seeds, the apaly@s executed on the

whole batch. A total of 6,475 seeds were analyZgefore the image

acquisition was performed, the scanner was caélrédr colour matching

following the protocol of Shahin and Symons (200Bbjore seed samples

image acquisition, as suggested by Veratral. (2009b).

Digital images of seeds were processed and analywauy the

software package KS-400 V. 3.0 (Carl Zeiss, VisiOberkochen, Germany).

A macro specifically developed for the charactdimaof seeds (Venorat
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al., 2009b), was modified to perform automatically ale analysis
procedures, reducing the execution time and comdiiyt mistakes in the
process.

In order to improve the discrimination power, tmsicro was further
enhanced adding algorithms able to compute thettllFourier Descriptors
(EFDs) for each analyzed seed. This method alloescription of the
boundary of the seed projection as an array of ¢exnpumbers which
correspond to the pixel positions on the seed bayndSo, from the seed
apex, defined as the starting point in a Cartesigstem, chain codes are
generated. A chain code is a lossless compresdgoritm for binary
images. The basic principle of chain codes is tpassely encode each
connected component (pixel) in the image. The esictiten moves along the
boundary of the image and, at each step, transrgignbol representing the
direction of this movement. This continues unti tancoder returns to the
starting position. This method is based on sepdairier decompositions of
the incremental changes of the X and Y coordinatesa function of the
cumulative length along the boundary (Kuhl and Giree 1982). Each
harmonic ) corresponds to four coefficienta(dn, cn and dh) defining the
ellipse in the XY plane. The coefficients of thesfiharmonic, describing the
best fitting ellipse of outlines, are used to stadize size (surface area) and
to orientate seeds (Terret al. 2010). According to Terradt al. (2010), about
the use of a number of harmonics for an optimatideson of seed outlines,
in order to minimize the measurement errors amaptonize the efficiency of
shape reconstruction, 20 harmonics were used toedtfe seed boundaries,
obtaining a further 78 parameters useful to disicrate among the studied
seeds (Orreet al. 2012).

Moreover, the macro was further improved addingdigms able to

compute 11 Haralick’s descriptors and the relastendard deviations for
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each analyzed seed. These parameters are generadlywhen the objects in
the images cannot be separated due to indefingg galues variations. In
these cases, the evaluation of texture, tone antkxiballows to define the
spatial distribution of the image intensities amscrete tonal features. When
a small area of the image has little variation isiceete tonal features, the
dominant property of that area is grey tone. Whesmall area has wide
variation of discrete tonal features, the dominaraperty of that area is
texture (Haralick & Shapiro, 1991). According torhliick et al. (1973), the
concept of tone is based on varying shades of gfegsolution cells in a
photographic image, while texture is concerned witd spatial statistical
distribution of grey tones. Texture and tone aré independent concepts;
rather, they bear an inextricable relationship ne another very much like
the relationship between a particle and a wave té&ontexture and tone are
always present in the image, although at timespoaperty can dominate the
others.

The basis for these features is the grey-levelamHizence matrix (G
in equation 1). This matrix is square with dimensidg, where I is the
number of grey levels in the image. Elemari pf the matrix is generated
by counting the number of times a pixel with value adjacent to a pixel
with valuej and then dividing the entire matrix by the totahtber of such
comparisons made. Each entry is therefore considerde the probability

that a pixel with value will be found adjacent to a pixel of valye

p(11)  p(12) - 2(LN,)
c=|PED @D p(zN,)
p[N&;. 1) Iﬂ[al'u;g.z pI:a".n’g,lNE)

(1)
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In Table 2, the 11 Haralick’s descriptors measuadeach seed to

mathematically describe the surface texture, grerted.

Table 2. Haralick’s descriptors measured as reportg in Haralick et al. (1973).

Feature Equation

Har 1 Angular second moment |
_ _’p[w]
Har 2 Contrast Ny—1
Z Z Z p(i.)) ¢ 1Ljl =n
i=1 =1

Har 3 Correlation Z:‘ Z}_ (if)p(i,j) — Bty
T 0y
where i, 1y, ox and ¢, are the means and the standard
deviations of pand g.

Har 4 Sum of square: variance . 2 e
(L —u) p(i.j)

Har 5 Inverse difference z Z
moment s P(L
1 + (; ) ————p(i.J)

Har 6 Sum average
E I'px T+ (I’j
n=2

where x and y are the coordinates (row and coluwinan
entry in the co-occurrence matrix, angd i) is the probability
of co-occurrence matrix coordinates summing to x+y.

Har 7 Sum variance WNg - ,
Z (I‘ - fé]‘px{}'(l‘]

i=2

Har 8 Sum entropy INg
_Z px+_}' I‘j E‘Og{px-k} I‘j} fi-B
Har 9 Entro
i —Z Z (:.1) loglp(i. /)]
Har 10 Difference variance -
> (0
Har 11 Difference entropy

_ Z i D Py (i) log{pe, (D))
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Seed mean weight and 137 morphometric, colorimeinid textural

characters were measured on each seed (Table 3).

Table 3. List of morpho-colorimetric features measted on seeds, excluding the 78 Elliptic
Fourier Descriptors calculated according to Haruta(2011).

Feature Description
A Area Seed area (mfin
P Perimeter Seed perimeter (mm)
Peom Convex Perimeter Convex perimeter of the seed (mm)
Porr Crofton’s Perimeter Perimeter of the seed calculated using the Crdadttormula
(mm)
}DPW”" Perimeter ratio Ratio between convex and Croftpelsmeters
Crof
max Max diameter Maximum diameter of the seed (mm)
Dmin Min diameter Minimum diameter of the seed (mm)
/I:I)D’"i” Feret ratio Ratio between minimum and maximum dianse
max
Sf Shape Factor s;lﬁ(;)shape descriptor = (4 x area)/perimetéi(normalized
Rf Roundness Factor Seed ro_undnesiescrlptor = (4 x area){(x max diameté)
(normalized value)
. . Diameter of a circle with an area equivalent td tifahe seed
Ecd Eq. circular diameter (mm)
EAma Maximum ellipse axis ~ Maximum axis of an ellipselwitquivalent area (mm)
EAmin Minimum ellipse axis Minimum axis of an ellipse tiequivalent area (mm)
Rmear Mean red channel Red channel mean value of saetsffgreyevels)
Rsd Red std. deviation Red channel standard deviafigeed pixels
Gear Mean green channel Green channel mean value dfgeels (greyevels)
Gy Green std. deviation Green channel standard dewiaf seed pixels
Bear Mean blue channel Blue channel mean value of peets (greylevels)
Bgg Blue std. deviation Blue channel standard dewviatibseed pixels
Hmear Mean hue channel Hue channel mean value of saetsffgreyevels)
o Hue std. deviation Hue channel standard deviaf@eed pixels
L mean Ellhze;r:]Ieliqhtness Lightness channel mean value of seed pixels (gr&fs)
Lightness std. . - .
Leg deviation Lightness channel standard deviation of seed pixels
Shean (l;/lhz;;r;]:?turatlon Saturation channel mean value of seed pixels (greys)
Saturation std. . L .
Sq deviation Saturation channel standard deviation of seed pixel
Drear Mean density Density channel mean value of seeglpigreylevels)
Dgg Density std. deviation Density channel standardadion of seed pixels
S Skewness Asymmetry degree of intensity valuesidigion (greylevels)
K Kurtosis Er(]ei?gness degree of intensity values distributiengdometric
H Energy Measure of the increasing intensity powengitometric units)
E Entropy Dispersion power (bit)
Dsurr Density sum Sum of density values of the seed pifgrey levels)
SgD,,  Square density sum Sum of the squares of denditgsdgrey levels)
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Statistical analysis

The achieved data were used to built a databaseding seed mean
weight, morpho-colorimetric, EFDs and Haralick’ssdeptors. Statistical
elaborations were executed using SPSS softwareapadielease 16.0 (SPSS
Inc. for Windows, Chicago, lllinois, USA), and thstepwise Linear
Discriminant Analysis method (LDA) was applied taentify and
discriminate among the investigat€dstusaccessions.

This approach is commonly used to classify/identifiknown groups
characterized by quantitative and qualitative \@ea (Fisher, 1936; 1940;
Sugiyama, 2007), finding the combination of prealictariables with the aim
of minimizing the within-class distance and maximig the between-class
distance simultaneously, thus achieving maximumssclaiscrimination
(Hastieet al, 2001; Holderet al, 2011; Alvin & William, 2012; Kuhn &
Johnson, 2013). The stepwise method identifies sakkcts the most
statistically significant features among the 138swed on each seed, using
three statistical variables: TolerancE;to-enter andF-to-remove. The
Tolerance value indicates the proportion of a \deiaariance not accounted
for by other independent variables in the equatieito-enter andF-to-
remove values define the power of each variabkénmodel and are useful
to describe what happens if a variable is insestgdi removed, respectively,
from the current model. This method starts withadel that does not include
any of the variables. At each step, the variablth whe largesF-to-enter
value that exceeds the entry criterion cho$en 8.84) is added to the model.
The variables left out of the analysis at the Esp have--to-enter values
smaller than 3.84, and therefore no more are add®goping the process
(Venora et al, 200%; Grillo et al, 2012). Finally, a cross-validation

procedure was applied to verify the performancthefidentification system,
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testing individual unknown cases and classifyingnthon the basis of all
others (SPSS, 2007).

All the raw data were standardized before startimy statistical
elaboration. Moreover, in order to evaluate theliguaf the discriminant
functions achieved for each statistical comparighe, Wilks’ Lambda, the
percentage of explained variance and the canonaratlation between the
discriminant functions and the group membershipreweomputed. The
Box’s M tests was executed to assess the homogesfaibvariance matrices
of the features chosen by the stepwise LDA; while analysis of the
standardized residuals was performed to verifyhtbmoscedasticity of the
variance of the dependent variables used to digtai® among the groups’
membership (Box, 1949; Haberman, 1973; MorrisorQ420Kolmogorov-
Smirnov’'s test was performed to compare the englinitstribution of the
discriminant functions with the relative cumulatidestribution function of
the reference probability distribution, while thedalevene’'s test was
executed to assess the equality of variances fer ubed discriminant
functions calculated for groups’ membership (Levelr®60; Gastwirtlet al,
2009; Lopes, 2011).

To graphically highlight the differences among g®su
multidimensional plots were drawn using the firstree discriminant
functions or, alternatively, when the number ottdisinant groups did not
allow to obtain at least three discriminant funoigh-'), the two available
discriminant functions and the Mahalanobis’ squdistance (Mahalanobis,
1936) were used. This measure of distance is defime two or more
discriminant functions and ranges from 0 to inBniSamples are increasingly
similar at values closer to zero. Higher valuesdat® that a particular case

includes extreme values for one or more independanables, and can be
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considered significantly different to other caséthe same group (Bacchetta
et al, 2008a).

Results and Discussion

The discriminant analysis at species level showederall cross-
validated classification performance of 80.6% (®a#).C. parviflorusand
C. heterophyllusshowed the highest percentage of correct discatian,
recording values of 95% or higher. In contrast,laurifolius was correctly
discriminated with a percentage of 60%, misclasgdisC. salviifoliusin the
13.8% of cases and &S. creticusand C. albidus for 11.3% and 8.5%
respectively, in addition to less important errameattributions with other

species.

Table 4. Percentage of correct identification at sgcies level. In parenthesis, the number of
analysed seeds.

@ @ ® @ ®) () @ ® ©) (10) (11  Total

C. albidus(1) 776 0.7 - 2.7 ] 29 43 - 116 03 1000
: (543) (5) (19) (20) (30) (81) 2) (700)
. 93.0 1.2 4.4 1.5 100.0
C. clusii(2) (555) @) (26) 0.0 ©) - - - - - (597)
C. creticus(3) 0.3 0.5 92.2 4.7 0.1 0.4 0.9 R R 0.3 0.5 100.0
| - L ° & a9
C. crispus(4) (4{;) (33'5) . (é) ) ) . . (i) (386)
C.
2.5 95.5 15 0.5 100.0
eroemis g ) @y T T T @ @ T (00
. 4.4 0.7 4.0 90.9 100.0
C. ladanifer (6) 13) @) 12) - (270) - - - - - (297)
C. laurifolius 8.5 : 11.3 1.0 0.8 } 61.3 0.3 3.0 13.8 0.3 100.0
(] (34) (45) 4) ®3) (245) (1) (12) (55) (€] (400)
g{o nspelliensis 10 ) 03 ) ) i 03 736 249 1000
®) Q)] (2 (2  (515) (174) (700)
C. populifolius 0.5 . 00 296 ] 15 678 05 ] 100.0
) 1) ' (59) (3)  (135) (1) (199)
C. salviifolius 2.0 0.9 55 2.7 0.1 2.7 13.3 0.4 72.2 0.2 100.0
(10) (34) (15) (93) (46) ) . (46) (225) @) (1226) 3) (1697)
C. parviflorus 0.5 4.5 95.0 100.0
(11) @ i ) i i ) . . . i (189)  (199)
Overall (6837%
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The first discriminating ten variables at speciegel, chosen by the
LDA discrimination process, are reported in Tabld'be seed mean weight
represented the most powerful parameter, showsigraficantly high value
of F-to-remove. According to the achievements previposached by Grillo
et al. (2010), the other best 35 variables, selected tweravailable 138,
were principally colorimetric features (RGB and Ht8lour channels) and
densitometric descriptors, in addition to a few ather dimensional
parameters, explaining the wide within-species alality of seed size
(Delgadoet al, 2008; Tayanglu & Catav, 2012). In the present analysis the
EFDs not entered into the classification systend usediscriminateCistus
species; this result is probably due to seed shap@ogeneity that

characterized all the investigaticka

Table 5. Tolerance, F-to-remove and Wilks’ lambda alues of the best ten key parameters chosen
by the LDA to discriminate the 11 studiedCistusspecies.

Tollerance F to remove Wilks 4
SW 0,647 1023,746 8,11-78
Gy 0,016 233,773 4,26- 7
Dy 0,011 143,175 3,82- M
Deum 0,014 140,214 3,81- M
SqDswym 0,013 134,938 3,78-18
A 0,007 133,390 3,78- 1
Dimean 0,002 131,830 3,77- 8
Beg 0,028 113,834 3,68- 1
L mean 0,001 98,198 3,60-18
Leg 0,006 94,354 3,59-18

The analysis ofC. creticusat infra-specific level showed an overall
performance of 96.7% (Figa)l, with misattributions mostly related .
creticus subsp.corsicus, misclassified a<. creticussubsp.eriocephalusin

12% of cases (data not shown). The histogram ofthedardized residuals
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(Fig. 1b), the normal probability plot (Fig.cl and the dispersion plot of the
standardized residuals (Figd)lwere also included to better understand the

normal distribution of the data.
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Figure 1. A) Discriminant scores 3D graphical repreentation of the three studiedCistus creticussubspecies; B) histogram of the standardized

residuals; C) Normal Probability Plot (P-P) testedwith the Kolmogorov-Smirnov’'s test K-S); D) dispersion plot of the standardized
residuals tested with the Levene’s tesH).
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According to the previous classification model, feed mean weight
was the most discriminant feature, even thoughrétetive value off-to-
remove recorded minor statistical relevance (Takle As expected, this
feature is comparable amontpxa belonging to the same species,
nevertheless statistically differences exist. Also this case, the most
discriminating parameters were descriptive of daletric and textural traits
of the seed surface, but only 24 steps have beeungénto identify these
threetaxa by means of LDA(Table 6). These results well fit with those
obtained by Grillcet al. (2010), that similarly found seed mean weighthes t
most discriminant feature, followed by mean andd#ad deviation values of

RGB colour channels.

Table 6. Tolerance, F-to-remove and Wilks’ lambda alues of the best ten key parameters chosen
by the LDA to discriminate the three studiedCistus creticussubspecies.

Tollerance F to remove Wilks 4
SwW 0,242 97,060 8,26-18
Gy 0,020 65,452 7,84.-18
Beg 0,018 64,436 7,83-18
A 0,029 58,085 7,75-18
Deum 0,002 53,227 7,68-18
SqDsum 0,003 40,636 7,52.18
S 0,504 38,748 7,50-18
Sy 0,111 27,020 7,34-18
Bmean 0,005 24,603 7,31-18
Rmean 0,004 22,760 7,29-18
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Regarding the variability among tl& creticussubsp.eriocephalus
populations, the analysis achieved an overall cuadislated discrimination
percentage of 99.6% (FigaR ranged from 98% of correct discrimination for
the Italian population of Pineta della Foce deli@ano and 100% for three
of the Sardinian populations (Agriuxiau, Portixieddand Piscinamanna).
Also for this discrimination model, the histograni the standardized
residuals (Fig. 2b), the normal probability ploigiF2c) and the dispersion
plot of the standardized residuals (Fig. 2d) wewnpguted. This high
differentiation among populations was achieved bystatistical model
involving, among the 51 chosen variables, 25 Hekai and EFDs
descriptors, but unlike previous analyses, the seedn weight was not the

most important feature in the classification sys{data not shown).
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Figure 2. A) Discriminant scores 3D graphical repreentation of the five studied Cistus eriocephalus gpulations; B) histogram of the

standardized residuals; C) Normal Probability Plot (P-P) tested with the Kolmogorov-Smirnov’s test (KS); D) dispersion plot of the standardized
residuals tested with the Levene’s test (F).
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Definitively, as reported in Grillet al. (2010), the seed mean weight
proved to be the most discriminating feature bothsgecific and infra-
specific level, but not at population level. Furthere, the obtained data
explain that parameters related to the surfaced s®dour, density and
distribution proved to be more discriminant thae t#ize and shape ones.
Effectively, the genu€istusis not the only one showing these phenotypic
characteristics. Grilleet al (2010) found that the families of Cistaceae and
Scrophulariacaeae seem exclusively to show nonimetwgical features in
the best key parameters able to discriminate atifsper infra-specific level.
Similarly, according to Bacchett al. (2011), the seeds oAstragalussect.
Melanocercis, showed chromatic features as the disstiminant.

Conclusions

The satisfactory discrimination performances redchiey the
statistical comparisons amostusspecies, subspecies and populations, on
the basis of seed morpho-colorimetric data, agriée twe results reported in
the previous papers on the satara (Bacchetteet al, 200&; Grillo et al,
2010). Comparing with the present study, the nundfetases was raised,
making more difficult the discrimination amongxa because of increased
infra-specific variability. On the other hand, timeprovement of the image
analysis system adopted, in which an overall of £88d features was
evaluated, allowed to reinforce the discriminatpmwer. In addition, except
the mean seed weight that resulted to be the msstidinant character in
the comparisons conducted at species and infrafepbsvel, colorimetric
and textural parameters resulted key variablefenstatistical elaborations.
The resulting effect of these developments led slight reduction of the
overall performance but also to the ability of tegstem to discriminate
among a larger amount of differetaixa Considering the high similarity in
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seed morpho-colorimetric traits, it could be comsédl a good compromise
for the development of an identification systemdia®n seed characters,
anyway affected by biotic and abiotic factors.

Finally, confirming the current taxonomic treatmewtepted byhe
Plant List (2013) at the inter- and infra-specific levelsggl achievements,
prove that this method is effective also when th@phometric variability
within each group should be extremely reduced agin inter-population
groups.
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Chapter 2

Seed image analysis provides evidence of taxononlid#ferentiation

within the MedicagoL. sect.Dendrotelis(Fabaceae)

Abstract

Morpho-colorimetric quantitative variables desantpi seed size,
shape, colour and texture were analyzed using imagéysis techniques, in
order to evaluate the variability amoMgdicago taxasect.Dendrotelisand
verify the current taxonomical treatment which deithis section into three
species:M. arborealL., M. citrina (Font Quer) Greuter antl. strasseri
Greuter, Matthds & H. Risse. Further comparisongeweonducted to
discriminate among populations and regions of pnamee. Data obtained
were statistically analysed applying stepwise LmBg&criminant Analysis
method (LDA), recording an overall cross-validatedassification
performance of 100.0% at species level. With regardnter-population
comparisons, percentages of correct discriminalwove 98% were achieved
and high performance was recorded in the discriiinaamongM. arborea
taxa distinguished by region of provenance. For eachheke statistical
comparisons, the best discriminant variables chdsethe stepwise LDA
were related to colour and textural informatiomdHiy, the obtained results
confirmed the validity of the proposed method tohioghly diagnostic in the
statistically assessment of the morpho-colorimetraits variability of
Medicagotaxa seeds, both for the taxonomic differentiationpcific levels

and regional and populational groups.

141



Introduction

Medicago L. is a large genus of the legume family (Trifake
Fabaceae) that includes a big amount of agriculyjuend economically
important species (e.gM. sativaL.). This genus comprises about 83-85
species, grouped in 12 sections (Bena, 2001; L&@R5; Small & Jomphe,
1989). The natural distribution area of the genogecs broad regions of
Eurasia (Mediterranean Region and W to C Asia)Modhern Africa (Heyn,
1963; Lesins & Lesins, 1979; Mehregainal, 2002).

In contrast with the remaining 11 sections, form®d annual or
perennial herbs, the secti@endrotelis(Vassilcz.) Lassen comprises woody
shrubs showing physiological adaptations to watedd asalt-stressed
environments (Cheblst al, 1994; Koninget al, 2000; Siboleet al, 2003,
2005). The unique features that characterize thBoseare the presence of
perennial stems, showing annual rings of wood arl produced by cambia
(Small & Jomphe, 1989). One to three species, di#pgnon systematic
criteria (Bolos & Vigo, 1974; Lesins & Lesins, 197®mall & Jomphe, 1989;
Sobrinoet al, 2000), have been recognized within this sectMnarborea
L., M. citrina (Font Quer) Greuter anM. strasseriGreuter, Matthas & H.
Risse. All of them are restricted to rocky andfdiéfices in coastal places of
the Mediterranean Basin.

All the species of the sectiddendrotelisare polyploid.Medicago
arborea and M. strasseri are tetraploids (2=32; Clusteret al, 1996;
Falistocco, 1987; Gonzalez-Andrésal, 1999; Rosatet al, 2008), whereas
M. citrina is hexaploid (B=48 chromosomes; Boscagt al, 1997; Rosatet
al., 2008). Recently, molecular cytogenetic studiegehsupported the close
relationships betweeN. arboreaandM. strasserithat showed a single 45S
rDNA locus and two 5S rDNA loci. By contrast, thexiaploid M. citrina
could be distinguished from the tetraploid spebieshe presence of four 45S
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rDNA and five 5S rDNA (Rosatet al, 2008). These findings suggest that
fine cytogenetic approaches could be relevant sesssthe origins of the
polyploidy in the sectiorDendrotelis and to gain insights on the level of
karyological distinctiveness, and hence evolutigrdivergence, among the
three species. The cytogenetic data indicate ar @ealutionary split in
woody medics (tetraploid vs. hexaploid speciedlecéng divergent patterns
of karyological evolution.

Medicago arboreehas been taxonomically recognized by all authors
dealing with the genus. It has been widely cultdaas a forage plant in the
Mediterranean region (Olives, 1969), and introduascbrnamental in other
areas of Europe, North Africa and Asia, blurring fioundaries of its natural
distribution. Some authors have suggested thatgbexies was originally
endemic to some small islets of the Aegean Seaygbkiter introduced
throughout most places of its current Mediterraneaige (Greuter, 1986).

Medicago strasseris endemic of Crete, being known from only two
limestone gorges in the central part of the isl@@ceuteret al, 1982). It is
closely related toM. arboreaand some authors have included it within that
species at the subspecific level (Sobmal, 2000).

Medicago citrinais a Spanish endemic restricted to a few smadtssl
surrounding the Balearic Islands (Alometr al, 1997), and the Valencian
Community, where the species is represented awvalmanic Columbretes
archipelago (Bolos & Vigo, 1984), and a small idlgtthe East coast of the
Iberian Peninsula (Seret al, 2001). It was first described as a pale, yellow-
flowered variety ofM. arborea (Font Quer, 1924), and concerns about its
specific status have been reported by several emutBolos & Vigo, 1974;
Lesins & Lesins, 1979; Pérez-Bafiénh al, 2003; Small & Jomphe, 1989).
Taken together, all the Kkaryological data unequallgc support the
recognition ofM. citrina as a distinct species (Rosato & Rossell6, 2009).
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Although no clear evidences have been publishedfaticer studies
will be needed, we have noticed (personnel obsenstE. Laguna and P.
Ferrer-Gallego) that for some of the most appaesternal, morphometric
characters (size of leaves and flowers, size afdlopieces, legume shape),
several differences can be easily appreciated, botlsitu and ex situ
collections of adult plants, favl. citrina. Juan (2002) demonstrated that the
population ofM. citrina from a small islet -‘lllot de la Mona’ or ‘Escutlel
Cap’- very close to the continent in NE of Alicantshows clear
morphometric differences with respect to the rektthe known native
populations - Columbretes and Balearic islandsr-tiie flower pieces. In
addition, further studies both using AFLPs (Juenal, 2004) and mixed
genetic-morpholocical analyses (Creseb al, 2008) have found genetic
differences among the four main populations knoven this species:
Alicante, Columbretes, Cabrera and Ibiza islandssids the data and
evidences forM. citrina, the cultivated plants oM. arborea also shows
apparent differences in fruit shape and leaf co{&ulLaguna, pers. obs.).

The potential of biometric indices is well knowndamany authors
exploited it for various studies related to seeparticularly regarding
morpho-colorimetric evaluations (e.g. Granitt al, 2003; Grillo et al,
2011; Kili¢ et al, 2007; Shahin & Symons, 2003; Smykalostaal, 2013;
Venoraet al, 2007; Venoraet al, 2009a; Wiesnerova & Wiesner, 2008).
Bacchettaet al. (2008) characterized seeds of wild vascular plafitshe
Mediterranean Basin, using digital images and immgleting statistical
classifiers able to discriminate seeds belongingdifterent genera and
species. Then, Grilleet al. (2010) improved that classification system,
developing 10 specific statistical classifiers dte tfamily level for
Angiosperms and testing the system on the gedusiperus L.
(Cupressaceae), demonstrating that the method s$® atkliable for
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Gymnosperms. Recently, Pinnat al. (2014) focalized this topic on
Mediterraneantaxa of Juniperusat interspecific, specific and intraspecific
levels, and shortly before Oriet al. (2012) confirmed the effectiveness of
this identification method, studying seeds Vitis vinifera L. varieties.
Afterwards, many authors have successfully usegtillFourier Descriptors
in seed studies (e.g. Mebatsienal, 2012; Orruet al, 2013; Terralket al,
2010).

Applying the same technical approach, the aim of #tudy is to
investigate théviedicagosect.Dendrotelistaxa, in order to evaluate the seed
morpho-colorimetric variability, finding additionalidences to reinforce the
most recent taxonomical treatment which divide thection into three
species, as found by Juat al. (2003) and Rosatet al (2008) using

molecular techniques.

Material and Methods

Seed collection and image acquisition

A total of 1295 seeds of 13 accessions belongintriee Medicago
species of the seddendrotelisand three accessions of the reldt&dmarina
L. from sectionMedicagq used as out-group, were collected, during a derio
of ten years, in Mediterranean Basin countries i@dh and stored in the
Sardinian Germplasm Bank (BG-SAR), according todBattaet al (2008).
Digital images of seeds were acquired using theesaguipment and
following the same procedure reported in Chaptand processed using the
software package KS-400 V. 3.0 (Carl Zeiss, VisiOberkochen, Germany).
A macro specifically developed for the charactermaof seeds (Venorat
al., 2009b), was modified to perform automatically aliet analysis
procedures, reducing the execution time and comdiiyt mistakes in the
analysis process.
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Table 1. Collecting years, localities, geographimordinates and seed amount of the three studied
Medicagospeciesf the sect.Dendrotelis

Biogeographic Geographic coordinates
Province
Collecting . according to Seed
Taxon year Locality Rivas- N E number
Martinez
(2004)
Columbretes . o= 9 " onQ "
2012 (Spain) Balearic 39953'58.49 0°48'0.88 100
lllot de la Valencian-
Mona . 38°48'0.88" 0°41'2.18" 100
M. - Catalonian
citrina 2012 (Spain)
lllot de Ses
Bledes Balearic 39°8'18.67" 2°57'41.93" 100
(Balearic
2013 Islands)
Castel
Boccale Padanian 45°8'9.34”  10°54'54.90" 100
2005 (Italy)
Castel Padanian
Boccale 100
2006 (Italy)
Castel Padanian
Boccale 100
2013 (Italy)
Parque
M. Natural El valencian- 00494 967 o543.74” 100
b Montgo Catalonian
arboréa 5012 (Spain)
Capoterra . 01y ” o7 "
2013 (Sardinia) Sardinian 39°10'14.79 8°57'24.16 100
Nebida - o1a ” onps "
2013 (Sardinia) Sardinian 39°19'2.02 8°26'13.24 98
Chios Western oA ” . "
2006 (Greece) Anatolian 38°21'35.85 26°7'22.07 100
Villefranche- Occitanian-
sur-Mer Provencal 43°41'45.89”  7°18'15.89” 100
2010 (France) ¢
Porquerolles  Occitanian- oy’ " 019 »
2005 (France) Provencal 43°00.12 6712'13.12 97
M. Crete 0an! " Y ”
strasseri 2014 (Greece) Cretan 35°30'14.84” 24°2'29.69 100
Playa
Mesqueda -
Mallorca Balearic 39°44'55.87” 3°24'38.53" 100
(Balearic
M. 2009 Islands)
marina Is Arenas . omqt " onpr "
2009 (Sardinia) Sardinian 39°31'31.73 8°26'24.61 100
Castel
Porziano Coﬁztlfa'lr\]’vem 41°41'50.91"  12°2320.67" 100
2009 (Italy)
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Morpho-colorimetric analysis: shape and textureatggors

In order to improve the discrimination power, thaam was further
enhanced adding algorithms able to compute thetkllFourier Descriptors,
hereafter EFDs (Ilwatat al, 2002, 2004; Kawabatet al, 2009; Orruet al,
2012, 2013; Yoshiokat al, 2004) for each analyzed seed. This method
allows description of the boundary of the seed qutipn as an array of
complex numbers which correspond to the pixel pwsst on the seed
boundary. So, from the seed apex, defined as thengtpoint in a Cartesian
system, chain codes are generated. A chain codelassless compression
algorithm for binary images. The basic principle diain codes is to
separately encode each connected component (pixelhe image. The
encoder then moves along the boundary of the inzagk at each step,
transmits a symbol representing the direction ©f thovement.
This continues until the encoder returns to theistaposition. This method
is based on separate Fourier decompositions ofintiremental changes of
the X and Y coordinates as a function of the cutudalength along the
boundary (Kuhl & Giardina, 1982). Each harmonic ¢oyresponds to four
coefficients (an, bn, cn and dn) defining the ellipsghe XY plane. The
coefficients of the first harmonic, describing thestbétting ellipse of
outlines, are used to standardize size (surface) amed to orientate seeds
(Terral et al, 2010). According to Terradt al (2010), about the use of a
number of harmonics for an optimal description @éd outlines, in order to
minimize the measurement errors and to optimizeetfieiency of shape
reconstruction, 20 harmonics were used to define siwed boundaries,
obtaining a further 78 parameters useful to discrate among the studied
seeds (Orret al, 2013).

Moreover, the macro was further improved addingdigms able to
compute 11 Haralick’s descriptors and the relastendard deviations for
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each analyzed seed (Lo Bianet al, submitted). These parameters are
generally used when the objects in the images ¢abeseparated due to
indefinite grey values variations. In these casks, evaluation of texture,
tone and context allows to define the spatial iigstron of the image
intensities and discrete tonal features. When dlsanea of the image has
little variation of discrete tonal features, therdoant property of that area is
grey tone. When a small area has wide variatiathsurete tonal features, the
dominant property of that area is texture (Haral&k Shapiro, 1991).
According to Haralicket al. (1973), the concept of tone is based on varying
shades of grey of resolution cells in a photograpmage, while texture is
concerned with the spatial (statistical) distribatiof grey tones. Texture and
tone are not independent concepts; rather, they la@a inextricable
relationship to one another very much like thetr@tship between a particle
and a wave. Context, texture and tone are alwagsept in the image,
although at times one property can dominate thersth

The basis for these features is the gray-level acimHwence matrix (G in
equation 1). This matrix is square with dimensiog, \vhere Ng is the
number of gray levels in the image. Element [ipfjthe matrix is generated
by counting the number of times a pixel with value adjacent to a pixel
with value j and then dividing the entire matrix the total number of such
comparisons made. Each entry is therefore considerde the probability

that a pixel with value i will be found adjacentaixel of value |.

p(11)  p(12) - p(LN,)
— IJIfE.l?] pr.Zﬁ p[:zr Ng) (1)
(v,1) p(n,.2) - p(N,N,)
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In table 2, the 11 Haralick’s descriptors measumd each seed to

mathematically describe the surface texture, grerted.

Table 2. Haralick's descriptors measured as reportg in Haralick et al. (1973).

Feature Equation

Har 1 Angular second moment Lo
Z Z p(LJ)*
]
Har 2 Contrast Ng—-1 Ng Ng . o
Do 12 2y POD I =
n=0 i=1 Jj=1

Har 3 Correlation E:‘ E}_ (if)p(i,j) — Bty

T,
where |, 1, o and ¢, are the means and the standard
deviations of pand g.

Har 4 Sum of square: variance . 3 ...
(i —u)p(ij)
i J

Har 5 Inverse difference Z Z 1 [ j
moment — = prlJ
j i LT (i—j)°

Har 6 Sum average INg
Y i, @
n=2

where x and y are the coordinates (row and coluwinan
entry in the co-occurrence matrix, angd i) is the probability
of co-occurrence matrix coordinates summing to x+y.

Har 7 Sum variance
Z__ (I‘ - fi-Bj px+_}'(1‘j
Har 8 Sum entropy 2hg T
_Z__ px+_}'(1‘] iﬂg{px-k_} I‘]} fi-B
Har 9 Entropy
—Z Z (5. toglp(:. /)]
Har 10 Difference variance ;
> i,
Har 11 Difference entropy -

B Zﬁi: Px-y (1) log {Px —Y (ij}
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Mean seed weight and 137 morphometric, colorimetnd textural

characters were measured on each seed (Table 3).

Table 3. List of morpho-colorimetric features measted on seeds, excluding the 78 Elliptic
Fourier Descriptors calculated according to Haruta(2011).

Feature Description
A Area Seed area (mfin
P Perimeter Seed perimeter (mm)
Peom Convex Perimeter Convex perimeter of the seed (mm)
, . Perimeter of the seed calculated using the Crddttormula
Pcrof Crofton’s Perimeter
(mm)
}DPW”" Perimeter ratio Ratio between convex and Croftpelsmeters
Crof
Drmax Max diameter Maximum diameter of the seed (mm)
Dmin Min diameter Minimum diameter of the seed (mm)
/I:I)D’"i” Feret ratio Ratio between minimum and maximum dianse
max
Sf Shape Factor s;lﬁ(;)shape descriptor = (4 x area)/perimetéi(normalized
Rf Roundness Factor Seed ro_undnesiescrlptor = (4 x area){(x max diameté)
(normalized value)
. . Diameter of a circle with an area equivalent td tifahe seed
Ecd Eq. circular diameter (mm)
EAma Maximum ellipse axis ~ Maximum axis of an ellipselwitquivalent area (mm)
EAmin Minimum ellipse axis Minimum axis of an ellipse tiéquivalent area (mm)
Rmear Mean red channel Red channel mean value of saetsffgreyevels)
- Red std. deviation Red channel standard deviafieeed pixels
Gear Mean green channel Green channel mean value dfgeels (greyevels)
s Green std. deviation Green channel standard dewiaf seed pixels
Bear Mean blue channel Blue channel mean value of peets (greylevels)
Bgg Blue std. deviation Blue channel standard dewviatibseed pixels
Hmear Mean hue channel Hue channel mean value of saetsffgreyevels)
Hsg Hue std. deviation Hue channel standard deviaf@eed pixels
L mean Ellhze;r:]Ieliqhtness Lightness channel mean value of seed pixels (gr&fs)
Lsg Ialghtn_ess std. Lightness channel standard deviation of seed pixels
eviation
Shean EAhZir;]Z?turatlon Saturation channel mean value of seed pixels (guys)
Sy Satgre}tlon std. Saturation channel standard deviation of seed pixel
deviation
Drear Mean density Density channel mean value of seeglpigreyevels)
Dgg Density std. deviation Density channel standardadion of seed pixels
S Skewness Asymmetry degree of intensity valuesidigion (greylevels)
. Peakness degree of intensity values distributiengdometric
K Kurtosis units)
H Energy Measure of the increasing intensity powengitometric units)
E Entropy Dispersion power (bit)
Dsurr Density sum Sum of density values of the seed pifgrey levels)
SgD,,  Square density sum Sum of the squares of denditgsdgrey levels)
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Statistical analysis

The achieved results were used to build a databakeling morpho-
colorimetric, EFDs and Haralick’s descriptors. Btatal elaborations were
executed using SPSS software package release I55(S®O07), and the
stepwise Linear Discriminant Analysis (LDA) methads applied to identify
and discriminate among the investigakeldicagoaccessions.

This approach is commonly used to classify/identifgknown groups
characterized by quantitative and qualitative Jdea (Dudaet al, 2000;
Fisher, 1936, 1940; Fukunaga, 1990), finding thenlwoation of predictor
variables with the aim of minimizing the within-sk distance and
maximizing the between-class distance simultangpuiius achieving
maximum class discrimination (Hasegeal, 2001; Holderet al, 2011; Kuhn
& Johnson, 2013; Rencher & Christensen, 2012). Thee stepwise
procedure identifies and selects the most statiticsignificant features
among the 137 measured on each seed (Gatllal, 2012; Venoreet al,
2009a). Finally, a cross-validation procedure wagliad to verify the
performance of the identification system, testindividual unknown cases
and classifying them on the basis of all othersSSP2007).

To graphically highlight the differences among gsu
multidimensional plots were drawn using the firstree discriminant
functions or, alternatively, when the number ottdiminant groups did not
allow to obtain at least three discriminant funetiof—1), bidimensional
plots were drawn. To represent the morpho-colorimetariability among
taxonomical groups, box plots were drawn using Mehalanobis’ square
distance values (Mahalanobis, 1936). This measiudéstance is defined by
two or more discriminant functions and ranges ff@ito infinite. Samples are
increasingly similar at values closer to zero. Highalues indicate that a

particular case includes extreme values for onemmre independent

151



variables, and can be considered significantlyedéifiit to other cases of the
same group (Bacchetéd al,, 2008).

Results

Data obtained by measuring mean seed weight andm@pho-
colorimetric quantitative variables describing sesze, shape and colour,

were analysed by stepwise LDA, and statisticalstli&ss were developed in
order to distinguish the three studiada

The threetaxa belonging to the sectDendrotelis were perfectly
identified and classified (data not shown). Figdrereport a graphical
distribution of the three taxonomical groups on lasis of the two available
discriminant function. In order to validate the qmamison among the three
studiedtaxa, M. marinawas included in this analysis as out-group, result

perfectly distinguished from the other specieshefgectiorDendrotelis

M. arborea
M. citrina
M. strasseri
M. marina

®O0eo0

Discriminant Function 3

Figure 1. Graphical representation of the discrimirant analysis forMedicagospecies
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A further comparison was implemented betwa&é&narboreaand M.
citrina, in order to assess their taxonomic identity airtlsimilarity level
without the influence oM. strasseribecause it has a distribution area non-
overlapping with the other twaaxa Also in this case, a perfect
discrimination was achieved (data not shown). Tal@ate and compare the
specific morpho-colorimetric variability of thesed taxa the Mahalanobis’
square distance values were used highlighting plaéiad dispersion between
M. arboreaandM. citrina species (Fig. 2).
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Figure 2. Graphic representation of the Mahalanobissquare distance values of
M. arboreaand M. citrina species.

Analyzing in more detail the relationship betweénarboreaand M.
citrina, the seeds of the available Spanish populationainland Spain and
close archipelagos, excluding Balearic Islands reweompared. TheM.
citrina populations of Columbretes and lllot de la Monad d@hat of M.
arborea from Parque Natural EI Montgd, resulted perfedistinguishable

153



with an overall cross-validated percentage of atriaentification of 100.0%
(Table 4). Applying the same statistical model, theeds of the two
populations ofM. citrina were grouped, incrementing the within variability
of this species group, and compared with the Shpapigpulation ofM.
arborea One more time, 100.0% of correct identificatiomsmeached at

species level (data not shown).

Table 4. Percentage of correct identification amond. citrina and M. arboreaSpanish populations. In
parenthesis, the number of seeds analyzed.

M. citrina M. citrina M. arborea

Columbretes lllot de la Mona Parque Natural EIl Montgd ~ Total

(Castellon) (Alicante) (Alicante)
M. citrina 100.0
Columbretes (Castellon) 100.0 (100) ) ) (100)
M. citrina 100.0
lllot de la Mona (Alicante) ) 100.0 (100) . (100)
M. arborea 1000
Parque Natural el Montgd - - 100.0 (100) (106)
(Alicante)
Overall :(L?E)CC)JOC))
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A separate comparison was carried out among thee tistudied

populations oM. citrineto evaluate the inter-population variability (Fig. 3).

O Columbretes (Spain)

0 lllot de la Mona (Spain)

& lllot de Ses Bledes (Balearic Islands)
+ Centroid

5,0

2,54

0,0

Discriminant Function 2

-5,0

T T T T T
15 -10 -5 1] 5 10

Discriminant Function 1

Figure 3. Graphic representation of the discriminant function scores for the
three population of M. citrina.

Also in this case, high performances were obtaireshieving a
percentage of correct classification of 99.0%. Pplopulation of lllot de la
Mona (Spain) was perfectly discriminated, whileglsti misclassifications
were recorded betweeM. citrina seeds from Columbretes (Spain) and from
lllot de Ses Bledes (Balearic Islands), correctistidguished in 99.0 and
98.0% of the cases, respectively (data not shown).
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FurthermoreM. arboreataxawere compared, distinguishing them by
region of provenance and reaching 94.2% of ovexauracy (Table 5, Fig.
4). In particular, all the seeds from Spain wereraxily assigned, and no
seed from other regions was mistakenly assignadlisogroup. Seeds from
Sardinia were correctly discriminated with 93.4%cwacy, erroneously
attributed to Italy and France in 5.6% and 1.0%haf cases, respectively.
Seeds from Italy were correctly discriminated w4h0% accuracy, equally
distributing the misclassified cases with Sardiraad French seed groups. A
satisfactory result was obtained for seeds frome@rewhich percentage of
correct classification was 98.0%, while only 2.0%swvrongly classified as
seed from ltaly. Contrastingly, seeds from Frant®ewsed the lowest
percentage of correct assignment (90.4%), dueaasdsignment of 6.6% of
them to Italy seed group, 2.5% to Sardinia group @b% to Greece one.

Table 5. Percentage of correct identification amongd/. arborea taxa carried out for regions of
provenance. In parenthesis, the number of seeds dpaed.

Sardinia Italy Spain Greece France Total
Sardinia 93.4 (185) 5.6 (11) - - 1.0 (2) 100.0 (198)
Italy 3.0(9) 94.0 (282) - - 3.0(9) 100.0 (300)
Spain - - 100.0 (100) - - 100.0 (100)
Greece - 2.0(2) - 98.0 (98) - 100.0 (100)
France 2.5(5) 6.6 (13) - 0.5(1) 90.4(178) 100.0 (197)
Overall 94.2 (895)
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Sardinia
ltaly
Spain
Greece
France

Discriminant function 3

Figure 4. Graphic representation of the discriminant function scores for the five regions
of provenance ofM. arborea

For each of these statistical comparisons, the fpestdiscriminant
variables chosen by the stepwise method are showmable 6. In the
evaluation of the parameters that more than othdtueinced the
discrimination process of theledicagotaxa the most important variables
were related to colour and textural information.\Ofor the first two
classifiers at species leyaglhe mean seed weight represented the most
powerful parameter used in the discriminant fun®io showing a
significantly high value of F-to-remove (Table &por the other processing
analyses, this parameter was not present in theimisant function or
appeared after the first ten most important ones,oacurred in the
discrimination ofM. arboreataxaby geographical region. In this last, as well
as in the comparisooarried out to correlate the Spanish populationsof
arborea and M. citrina, the Haralick’s descriptors were found to be

particularly powerful among the best five key paetens (Table 6).
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Table 6 Number of groups, discriminant steps and performane of identification. Ranking of the
best five discriminant parameters and the percemtafgcorrect classification are reported for each o
the implemented statistical comparisons (C1 = cornispa among M. arborea, M. citrina and M.
strasseri; C2 = comparison between M. arborea andchtina; C3 = comparison among the Spanish
population of M. arborea and M. citrina; C4 = comp@on among the M. arborea taxa distinguished
by region of provenance; C5 = comparison amonghMheitrina populations).

C1l Cc2 C3 C4 C5
N of groups 3 2 3 5 3
N of steps 28 23 29 47 27
St i i i Weight Weight Harg S Harg
1" discriminant (0.29: 10585.55:  (0.36:3910.32;  (0.03;8861.38;  (0.06; 169.42;  (0.03; 5060.28;
parameter 0.13) 9.179 9.97°9 0.01) 5.5
nd ; i Grnean E Haryo Shean Haryo
2™ discriminant (0.03;166.56;  (0.01;138.56;  (0.01;437.41;  (0.02;105.16;  (0.01; 591.27;
parameter 0.02) 1.1%9 6.30°9) 0.01) 8.399)
rd g i Reg Har; Shean S Haro
3" discriminant (0.01: 152.17: (0.02: 5.37; (0.04:280.76;  (0.43;66.92;  (0.03; 387.09;
parameter 0.02) 9.179 4589 0.01) 6.2579
o Lmean SqDum Hare Hario Harsaio
;’ar‘:;gt"enrmam (0.01:120.88;  (0.01;109.86;  (0.03;272.48;  (0.17;41.77;  (0.08; 108.67;
0.01) 1.06°9 4489 0.01) 3.349
th i Lsa Gsd S E Harsga
Sar‘iﬁgt'gmam (0.01;152.17;  (0.10;103.57;  (0.08;239.08;  (0.01;35.75 (0.16; 106.10;
p 0.02) 1.0579 4.129 0.01) 3.379
Percentage of correct
identification between 100.0% 100.0% 100.0% 94.2% 99.0%

groups
For each parameter, the tolerance, F-to-removeé/dlid’ lambda values are reported in brackets.

Discussion

With the aim of confirm the most recent taxonomitaktment that
includes into the sectioendrotelis three species oMedicagg seed
morpho-colorimetric variability oM. arboreg M. citrina and M. strasseri
was investigated applying image analysis techniquesxtract accurate
measurements and the LDA to statistically complaeent

According to the first preliminary comparison, thieree studied
species were perfectly distinguishable (Fig. 1). isThsatisfactory
discrimination agrees with the results reportedJognet al. (2003) and
Rosatoet al (2008) on the basis of molecular techniques, iooirig the

current taxonomic treatment at the section level.
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Considering the non-overlapping geographical distion of M.
strasserirespect to that the couph. arboreaandM. citrina, a comparison
was conducted between these last two species,ighghly the marked
morpho-colorimetic differentiation between them awhfirming the clear
taxonomic distance between these spedidslecular cytogenetic studies
have been relevant to assess the recognitiod.afitrina (hexaploid) as a
distinct species relating td. arborea and M. strasseritoo (tetraploids)
(Boscaiuet al, 1997; Clusteet al, 1996; Falistocco, 1987; Gonzélez-Andrés
et al, 1999; Rosatet al, 2008). Moreover, analyzing the spatial dispersio
of the statistical cases by the Mahalanobis’ squiistance values, it is
possible to deduce that the inter-specific morpblorametric variability of
the M. citrina is sensibly higher thall. arboreg althoughM. arboreaseed
sample is numerically more conspicuous thertitrina (Fig. 2).

To better understand the relationship betw&&narborea and M.
citrina a comparison among the three Spanish populatibrthese two
species was implemented, giving a perfect cormentification also in this
case. This achievement suggests that seed coldutegture descriptors are
able to discriminate among different populatiomsfrthe same geographical
area (Tab. 4). These results support as reportedubpet al (2003) on
flower pieces, demonstrating that the populatioMotitrina from lliot de la
Mona shows clear morphometric differences with eespo the Columbretes
and Balearic Islands populations. Furthermore stirae authors (Juast al.,
2004) and later Crespet al. (2008) found genetic differences between the
four main populations known for this species by ngeaf mixed genetic and
morphological analyses. Similar results were redcbemparing the three

available populations d¥l. citrina, supporting these findings (Fig. 3).
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In order to analyze more in detail thd. arborea variability, a
comparison among the region of provenience was waed (Table 5, Fig.
4). The perfect identification obtained for the dedrom Spain should
indicate that these populations are independent ftbe morphological,
genetic and evolutive points of view, respect te gopulations from the
other studied Mediterranean regions. On the otheandh the
misidentifications highlighted among the seeds fr@ardinia, Italy and
France, although in low percentages, could suggesertain connection
among these regions and a consequent genetic flowored in some
morpho-colorimetric seed characters. The littleattrgoution of 2% of the
seeds from Greece as ltaly should support this, idéawing to presume a
plausible link with Italy.

By evaluating the contribution of the variables,ings the
discrimination algorithm (LDA), it was possible identify the features that,
more than others, were relevant for the discrinnomabf the Medicagotaxa
studied. At specific and intraspecific level, paeens related to the seed
colour and texture proved to be more discrimindwintthe size or shape-
descriptive ones.

One important difference among the three speciessadftion
Dendrotelisis the weight, necessarily related to size of sekdger inM.
citrina, intermediate irM. arboreaand smaller irM. strasseriGreuteret al,
1982; Robledcet al, 1993). Furthermore, as reported by Gonzalez-@ndr
(1999) the seeds d¥l. citrina seems to be more rounded, the seedsl.of
strasserihave a longer hilum compared with the total lergftthe seed, and
the hilum angle is higher iM. citrina, lower inM. strasseriand intermediate
in M. arborea. Nevertheless, features describing of the seed sbap&

appear among the first five discriminant paramef€able 6).
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On the other hand, the recent literature proves$ tha study of
surface texture of an object, whatever its natweems to be of great
importance for its characterization (Diamoeidal, 2004; Gerger & Smolle,
2004; Nanniet al, 2010). The results reported in table 6 confitms t
assumption. Except the mean seed weight that eesuli be the most
discriminant character in the two comparisons cotetll at species level,
only colorimetric and textural parameters appeaoragrithe best five for each
executed statistical comparison. This achievemagttlights the importance
of the introduction of these descriptors, improvihg image analysis system
previously developed by Grillet al (2010) in which morphometric features
were the first discriminant parameters. Also in &ettaet al (2011),
regarding thd_avateratriloba aggregate, the first three parameters with the
highest discriminatory power were of morphologitgbe, although colour
evaluation was very important in this work for @mt seed identification.

The present results confirmed the validity of threpesed method for the
taxonomic differentiation dfledicagoat specific levels, and its identification

capability of regional and populational groups.
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Chapter 3

Morpho-colorimetric characterization of Malva alliancetaxa by seed

image analysis

Abstract

Seed morphometric and colorimetric features, desgishape, size,
and textural seed traits, of 28xa belonging to the genukavatera and
Malva were measured using an image analysis system. dbte were
statistically analyzed to contribute to the taxommah treatment of the
Malvae alliance and to evaluate some doubtful systenpigition. A clear
differentiation between theaxa traditionally attributed respectively to the
genusLavateraandMalva, was highlighted. Furthermore, the image analysis
system here proposed, was able to discriminate griim@lavaterasections,
confirming the taxonomic organization for this gen&imilarly, the results
obtained forMalva, both at species level and among sections, suwgipthnis

analytical tool as diagnostic for systematic pugsos
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Introduction

The family of Malvaceae A.L. de Jussieu, is repnése by dialipetals
and pentamerous plants, with hermaphrodite ancha@uobrphic flowers or
with a weak tendency to zygomorphism (Klitgard, 201
Malvaceae includes more than 100 genera and 20fiesp grouped in five
tribes, with cosmopolite chorology, some of themasive, mostly spread at
tropics, especially in Southern America (Tutin, 496The Malva alliance
(Malva, Lavateraand annexed genera; Bates, 1968) led, more thes ¢m
different opinions among those who investigatedse¢héaxa from a
phylogenetic and morphological point of view thrbugtraditional
classification systems. These problems arise frdra high level of
homoplasy in morphological characters that distisiges the entire group
(Escobaret al, 2009).

Linneaus (1753) emphasized the characters of thealgp as a
discriminating factor ofLavatera and Malva genera. According to this
classification system, followed by many others (edge Candolle, 1824;
Baker, 1890; Fernandes, 1968a,b) and still the nfi@sfuently used in
modern floras (e.g., Flora Europaea, Flora USSRBraFlberica), the c. 20
species ot avatera(Mediterranean herbs and shrubs with highest slityein
the western Mediterranean, a few shrubby speci€alifornia and Mexico,
Ethiopia and Western Australia; Tournefort, 1706rfandes, 1968b) have
three fused epicalyx bracts; while the c. 12 pasrand annual species of
Malva (native to Eurasia with the center in the westbtaditerranean,
introduced elsewhere: Morton, 1937; Dalby, 19683, @éharacterized by also
three (sometimes two) but free epicalyx bracts ggacet al, 2009).
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By molecular analysis, Ray (1995) reassessing byogeny of the

two genera highlighting the existence of two group$ species,

morphologically characterized by the peculiaritidéshe fruits:

Clade of Lavateroids: monophyletic group includidg Euro-
Mediterranean species belonging to the geherateraand Malva,
characterized by fruits with melted mericarps tbpen when ripe
releasing the seeds, while the walls remain atth¢bea carpophore
more or less developed in so as to form small gstch hyaline. This
type of result is not attributable to a true schap but rather to an

intermediate form between a schizocarp and a capsul

Clade of Malvoids: monophyletic group of speciekbging to both
generalLavatera and Malva, mainly with cosmopolitan chorology,
also including those

of the genud.avateradistributed in Australia and the New World.
These species possess schizocarps, with mericatbsthick walls
and angular, not releasing the seed but that ddtaom the fruiting

bodies separately or entirely (as in the caddalf/a nicaeensiall.).

These morphological differences were strongly sugpoby analysis

of interstitial telomeric sequences (ITS) that aka the distinction of the
two groups of species. According to Ray (1995), ¢chedes are perfectly

distinguishable by the analysis of the characiesgif the fruit. These results

derived by molecular analysis have been recognime@ayer & Kubitzki

(2003) as a starting point for the division of th@ genera and currently the
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only genusLavaterawould include the species with “Lavateroid” fruas
defined by Ray (1995).

Nevertheless, molecular studies on kheva alliance carried out by Ray and
other authors (Fuertes Aguilat al, 2002, Tateet al, 2005), are currently
considered as partial, because based on a not etmdpsamples ofaxa
(Escobaret al, 2009). Recently, challenging the already abanddenean
classification scheme based on the characters wmialgp, but without
considering the characteristics of schizocarp, fatidwing the principle of
priority established by International Code of Batah Nomenclature
(ICBN), Banfiet al. (2005) proposed to consider a single gavias/a for all
entities, except the Macaronesian endemi#®aea phoenice@/ent.) Webb
& Berthel.

Being the taxonomic treatment b&vateraand Malva controversial,
the potential of biometric indices of the seeds,tad for the systematic
approach and differentiation between the two generas investigated.
Previously, Bacchettat al. (2011a), successfully demonstrated the evidence
on taxonomical differentiation inside the genusavatera L. sect.
Glandulosaeby seed phenetic characterization using a seederaaalysis
system. Several authors deal with morpho-colorimetvaluations of seeds
for similar purposes (Granittet al, 2003; Shahin & Symons, 2003a; Kiet
al., 2007; Venoraet al, 2007, 2009a; Grillet al, 2011; Smykalovaet al,
2013). In particular, seed image analysis has daimelevance in
morphometrics and colour evaluation (Grangtoal, 2003; Wiesnerova &
Wiesner, 2008; Venorat al, 2009a) for its utility in the identification of
diasporas of wild plant species (Rovner & Gyuld0?2;, Bacchettaet al,
2008a, 2011b; Grilleet al, 2010, 2013; Pinnat al, 2014; Santcet al,
2015), proving to be a useful tool for taxonomiadses, where very close
taxaneed to be characterized and discriminated.

173



Afterwards, many authors have successfully usedptkll Fourier
Descriptors, hereafter EFDs in seed studies (eoghikaet al,, 2004; Terral
et al, 2010; Mebatsioret al, 2012; Orruet al, 2013; Uccheset al, 2015;
Sabatoet al, submitted) as well as, “Haralick” parameters, lexting the
surface texture of seeds (Diamoed al, 2004; Gerger & Smolle, 2004;
Nanniet al, 2010; Lo Biancet al, submitted).

The aim of the present work is to contribute to élssessment of the
taxonomic position ofaxa belonging to the.avateraandMalva genera, by
investigating the morphometric and colorimetrictieas of the germplasm

features of their seeds.

Material and methods

Lavatera and Malva seed lots

Seeds of 2Qaxa of Lavaterabelonging to 55 populations and eight
taxa of Malva from eight populations were collected, in ten eliéint
geographical regions during a period of ten yeaks. overall of 79
accessions (Table 1) were studied and, in ordealltav an effective long
time storage, they were ultra-dried out down to%-RB.H., guaranteeing
homogeneity and regularity in seed size and we{glérez-Garcieet al,
2007). Finally, they were hermetically sealed iasgl tubes with capsules of
micro-granular silica gel and stored at -25°C icold room, in the Sardinian
Germplasm Bank (BG-SAR), according to the protocoéported in
Bacchettaet al. (2008b).
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Table 1. Populations, sampling years and seed amduof the studied Lavatera and Malva

taxa.
Taxon Accepted name Sectio Population Geogrgphwal Collecting Seed
region year amount
Icod de los
Lavatera Malva acerifolia Vinos (Santa .
acerifolia (Cav.) Alef. Axolopha Cruz de Spain 2005 100
Tenerife)
Malva
Lavatera agrigentina ’ .
agrigentina (Tineo) Soldano Glandulosae  Agira (Enna) Sicily 2010 100
&al.
Malva
Lavatera agrigentina .
agrigentina (Tineo) Soldano Glandulosae  Assoro (Enna) Sicily 2010 100
&al.
Malva
Lavatera agrigentina Ponte -
agrigentina (Tineo) Soldano Glandulosae  Capotarso Sicily 2008 99
ang 2 al (Caltanisetta)
Lavatera (’;Aarlivzntina Piana Grande,
- - grg Glandulosae  Ribera Sicily 2008 100
agrigentina (Tineo) Soldano .
2al. (Agrigento)
Lavatera Malva arborea gzlri]?‘eAntioco
(L.) Webb & Anthema ) Sardinia 2008 100
arborea (Carbonia-
Berthel. -
Iglesias)
Mora de Santa
Lavatera Malva arborea Quiteria, )
(L.) Webb & Anthema ! Spain 2003 33
arborea Berthel Tobarra
) (Albacete)
Porto
Lavatera Malva arborea Campana,
(L.) Webb & Anthema Domus de Sardinia 2007 100
arborea -
Berthel. Maria
(Cagliari)
Porto
Malva arborea Campana,
Lavatera (L.) Webb & Anthema Domus de Sardinia 2007 37
arborea -
Berthel. Maria
(Cagliari)
Porto
Malva arborea Campana,
Lavatera (L.) Webb & Anthema Domus de Sardinia 2007 100
arborea -
Berthel. Maria
(Cagliari)
Malva arborea Capo Testa,
Lavatera (L) Webb & Anthema SantaTeresadi o e 2012 100
arborea Berthel Gallura (Olbia-
) Tempio)
Malva .
. Strybing
Lavatera assurgentiflora Anthema Arboretum USA ) 54
assurgentiflora (Kellogg) (California)
M.F.Ray
Malva
E?V:rgﬁga unguiculata Olbia E:ertek%r)nno Greece - 11
Y (Dest.) Alef.
Table 1. Continue
Malva multiflora Calpe, Pefion
Lavatera cretica  (Cav.) Soldano Anthema de Ifach Spain 2004 90
& al. (Alicante)
Malva flava Tazaghine
Lavatera flava (Desf.) Alef. Glandulosae (RIf) Morocco 2009 200
Lavatera Malva subovata
- (DC.) Molero &  Axolopha Nebida Sardinia 2008 100
maritima

J. M. Monts.
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Table 1. Continue

Malva subovata

Calpe, Pefion

LaV".‘Fera (DC.) Molero & Axolopha de Ifach Spain 2004 96
maritima .
J. M. Monts. (Alicante)
Lavatera Malva subovata
- (DC.) Molero &  Axolopha BG-SAR Sardinia 2008 100
maritima
J. M. Monts.
Lavatera Malva subovata
maritima (DC.) Molero &  Axolopha BG-SAR Sardinia 2007 100
J. M. Monts.
Malva subovata
Lavatera (DC.) Molero &  Axolopha BG-SAR Sardinia 2006 100
maritima
J. M. Monts.
Lavatera Malva subovata
i~ (DC.) Molero &  Axolopha BG-SAR Sardinia 2010 100
maritima
J. M. Monts.
Malva Cabezas de San
Lavatera maroccana . Juan, Laguna ’
maroccana (Batt. & Trab.) Olbia de la Cigarrera Spain 2003 90
Soldano & al. (Sevilla)
Lavatera Malva davaei Cabo de San
o . Anthema Vicente Portugal 2003 100
mauritanica (Cout.) Valdés (Algarve)
Lavatera Malva moschata - Sankt .
Bismalva Wolfgang Austria 2005 100
moschata L.
(Salzburg)
Malva
Lavatera oblongifolia ) Ugijar .
oblongifolia (Boiss.) Soldano Olbia (Granada) Spain 2010 100
&al.
Malva
Lavatera oblongifolia . Alpujarra B :
oblongifolia (Boiss.) Soldano Olbia (Granada) Spain 100
&al.
Lavatera olbia Malva olbia (L) Olbia Is mollas‘, Pula Sardinia 2012 100
Alef. (Cagliari)
Monte
. Malva olbia(L.) . Agruxau .
Lavatera olbia Alef. Olbia (Carbonia- Sardinia 2010 100
Iglesias)
Malva
stenopetala . . . -
Lavatera plazzae (Batt.) Soldano Olbia Giave (Sassari)  Sardinia 2006 99
&al.
Malva
Lavatera plazzae ?ézrt]? )p eSt:IIc‘jaano Olbia Giave (Sassari)  Sardinia 2006 100
&al.
Lavatera Malva punctata . .
punctata (AIL) Alef. Olbia Aydin Turkey - 16
Lavatera Malva
o thuringiaca(L.) Olbia Wien Austria 2008 81
thuringiaca Vis
Lavatera triloba Malva lusitanica Buggerru
subsppallescens subsppallescens Glandulosae  (Carbonia- Sardinia 2011 100
pp (Moris) Valdés Iglesias)
) Malva lusitanica Buggerru
Is‘ﬁggterzutgg;is subsppallescens Glandulosae (Carbonia- Sardinia 2011 100
pp (Moris) Valdés Iglesias)
Lavatera triloba Malva lusitanica Buggerru
subsppallescens subsppallescens Glandulosae  (Carbonia- Sardinia 2011 100
pp (Moris) Valdés Iglesias)
Lavatera triloba Malva lusitanica Buggerru
subsppallescens subsppallescens Glandulosae  (Carbonia- Sardinia 2009 100
pp (Moris) Valdés Iglesias)
Lavatera triloba Malva lusitanica Buggerru
subsppallescens subsppallescens Glandulosae (Carbonia- Sardinia 2009 100
pp (Moris) Valdés Iglesias)
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Table 1. Continue

’ Malva lusitanica Buggerru
Lavatera triloba subsppallescens Glandulosae (Carbonia- Sardinia 2010 100
subsppallescens ! . -
(Moris) Valdés Iglesias)
Lavatera triloba Malva lusitanica Buggerru
subsppallescens subsppallescens Glandulosae  (Carbonia- Sardinia 2010 100
pp (Moris) Valdés Iglesias)
Lavatera triloba Malva lusitanica Chia, Domus
subsppallescens Glandulosae  de Maria Sardinia 2005 90
subsppallescens  yoic) valdés (Cagliari)
’ Malva lusitanica Chia, Domus
I;s;:ter:”tgéizis subsppallescens Glandulosae de Maria Sardinia 2005 100
pp (Moris) Valdés (Cagliari)
Lavatera triloba  Malva lusitanica llla de I'Aire
subsp. subsppallescens Glandulosae (Menorca) Balearic Islands 2008 100
minoricensis (Moris) Valdés
Lavatera triloba  Malva lusitanica lla de I'Aire
subsp. subsppallescens Glandulosae (Menorca) Balearic Islands 2008 80
minoricensis (Moris) Valdés
Lavatera triloba  Malva lusitanica
subsp. subsppallescens Glandulosae S’Escilas Balearic Islands 2008 80
minoricensis (Moris) Valdés
Lavatera triloba  Malva lusitanica Punta Nati
subsp. subsppallescens Glandulosae (Menorca) Balearic Islands 2008 30
minoricensis (Moris) Valdés
Lavatera triloba Malva lusitanica Diebres
subspiriloba (L.) Valdés Glandulosae (Guadelajara) Spain 2008 25
P subsplusitanica J
Lavatera triloba Malva lusitanica
subsptriloba (L.) Valdés Glandulosae Toledo Spain 2008 100
P subsplusitanica
Lavatera triloba Malva lusitanica gg:?aa dG(éaIlana,
subspiriloba (L.) Valdés Glandulosae Cascoio Spain 2008 100
P subsplusitanica (Toled]o)
Lavatera triloba Malva lusitanica
subsptriloba (L.) Valdés Glandulosae Toledo Spain 2008 100
P subsplusitanica
’ Malva lusitanica ;
gﬁggt‘i:ﬁggg’ba (L) Valdés Glandulosae éldee:c;nS'eal Spain 2008 100
P subsplusitanica
. Malva lusitanica ;
Is_ﬁggtet:ﬁotgg)ba (L.) Valdés Glandulosae alﬁgggig:) Spain 2008 100
P subsplusitanica
Lavatera triloba Malva lusitanica Caspe
subsptriloba (L.) Valdés Glandulosae (Zarg oza) Spain 2008 100
P subsplusitanica g
’ Malva lusitanica
Is_ﬁggtet:ﬁotgg)ba (L.) Valdés Glandulosae (Lgazgfgi) Spain 2008 100
P subsplusitanica !
Lavatera triloba Malva lusitanica Los Santos de
subspiriloba (L.) Valdés Glandulosae ~ Maimona Spain 2008 100
P subsplusitanica (Badajoz)
Lavatera triloba Malva lusitanica Zafra
subsptriloba (L.) Valdés Glandulosae (Badajo?) Spain 2008 100
P subsplusitanica :
Lavatera triloba Malva lusitanica Matanegra
subsptriloba (L.) Valdés Glandulosae (Bada'og) Spain 2008 100
P subsplusitanica !
Lavatera triloba Malva lusitanica Correinas,
subspiriloba (L.) Valdés Glandulosae  Elmas Sardinia 2010 100
P subsplusitanica (Cagliari)
Lavatera triloba Malva lusitanica Sa Tuerra,
subsptriloba (L.) Valdés Glandulosae  Assemini Sardinia 2008 100
P subsplusitanica (Cagliari)
Lavatera triloba Malva lusitanica Santa Maria,
subsptriloba (L.) Valdés Glandulosae  Assemini Sardinia 2008 100
P subsplusitanica (Cagliari)
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Table 1. Continue

Lavatera triloba

Malva lusitanica

Tuerra, Domus

: (L.) Valdés Glandulosae  de Maria Sardinia 2010 100
subsptriloba - -
subsplusitanica (Cagliari)
. Malva lusitanica e
Lavatera triloba A Canali Saliu, .
subsptriloba (L) Valde_s ) Glandulosae Pula (Cagliari) Sardinia 2008 100
subsplusitanica
. Malva lusitanica A
Lavaterg triloba (L.) Valdés Glandulosae Canali Sall_u, . Sardinia 2010 100
subsptriloba - Pula (Cagliari)
subsplusitanica
’ Malva lusitanica Correinas,
Lavater{i triloba (L.) Valdés Glandulosae Elmas Sardinia 2008 100
subsptriloba - -
subsplusitanica (Cagliari)
Lavatera triloba Malva lusitanica Stani de
subsptriloba (L.) Valdés Glandulosae  Serdiana Sardinia 2008 100
P subsplusitanica (Cagliari)
Lavatera triloba Malva lusitanica Campu su
: (L.) Valdés Glandulosae Gureu, Sestu Sardinia 2008 100
subsptriloba - -
subsplusitanica (Cagliari)
’ Malva lusitanica Riu Saliu,
Lavater(_i triloba (L.) Valdés Glandulosae Selargius Sardinia 2008 100
subspriloba - I
subsplusitanica (Cagliari)
Lavatera triloba Malva lusitanica Chia, Domus
subsptriloba (L.) Valdés Glandulosae  de Maria Sardinia 2011 100
P subsplusitanica (Cagliari)
Lavatera triloba Malva lusitanica Terrasili,
- (L.) Valdés Glandulosae  Assemini Sardinia 2011 100
subsptriloba . L
subsplusitanica (Cagliari)
Lavatera triloba Malva lusitanica
: (L.) Valdés Glandulosae Pula (Cagliari) Sardinia 2011 100
subsptriloba -
subsplusitanica
Lavatera Malva trimestris . Chefchaouen
trimestris (L) Salisb. Olbia (Rif) Morocco 2004 107
Malva alcea Malva alced. Bismalva Mijares (Avila)  Spain 2003 77
Malva hispanica Guadajira, La
Malva hispanica L p Bismalva Orden Spain 2004 100
’ (Badajoz)
Malva multiflora Poggio dei
Malva multiflora  (Cav.) Soldano Anthema Pini, Capoterra Sardegna 2012 98
&al. (Cagliari)
. ] Guadajira, La
Malva nicaeensis m?lva nicaeensis - prava Orden Spain 2004 90
) (Badajoz)
Malva parviflora Guadajira, La
Malva parviflora L P Malva Orden Spain 2004 100
’ (Badajoz)
. Malva sylvestris Arganda del .
Malva sylvestris L Malva Rey (Madrid) Spain 2004 100
Talarrubias,
Malva Malva ’ Sierra de .
tournefortiana tournefortianaL. Bismalva Puerto Pefia Spain 2004 16
(Badajoz)
Malva Malva Malva Wien Austria - 102
verticillata verticillata L.
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Image analysis system

Samples digital images, consisting of 100 seedsamaty disposed on
tray, were acquired using a flatbed scanner (E&6+15000) with a digital
resolution of 400 dpi and a scanning area not ekngel024x1024 pixel.
For accessions of fewer than 100 seeds, the apalyas executed on the
whole batch. A total of 7,178 seeds were analyzed.

Image acquisition was performed before drying theds at 15°C to
15% of R.H. to avoid spurious variation in dimemsiehape and colour. The
scanner was calibrated for colour matching follayvihe protocol of Shahin
and Symons (2003b) before seed samples image @mqyias suggested by
Venoraet al. (2009b).

Digital images of seeds were processed and analywsaty the
software package KS-400 V. 3.0 (Carl Zeiss, VisiOberkochen, Germany).
A macro specifically developed for the charactarmaof seeds (Venorat
al., 2009b), was modified to perform automatically dale analysis
procedures, reducing the execution time and comdiiyt mistakes in the
analysis process.

In order to improve the discrimination power, tmsicro was further
enhanced adding algorithms able to compute the Beb®ach analyzed
seed. This method allows description of the bound#arthe seed projection
as an array of complex numbers which correspontigqixel positions on
the seed boundary. So, from the seed apex, defisg¢he starting point in a
Cartesian system, chain codes are generated. A duale is a lossless
compression algorithm for binary images. The basiaciple of chain codes
is to separately encode each connected componiget)(m the image. The
encoder then moves along the boundary of the inzagk at each step,
transmits a symbol representing the direction ab ttmnovement. This
continues until the encoder returns to the starpogition. This method is
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based on separate Fourier decompositions of threnmental changes of the
X and Y coordinates as a function of the cumulatieergth along the
boundary (Kuhl & Giardina 1982). Each harmoni} ¢orresponds to four
coefficients (a, bn, cn and ah) defining the ellipse in the XY plane. The
coefficients of the first harmonic, describing thest fitting ellipse of
outlines, are used to standardize size (surfaca) amed to orientate seeds
(Terral et al. 2010). According to Terradét al. (2010), about the use of a
number of harmonics for an optimal description @d outlines, in order to
minimize the measurement errors and to optimizeetffieiency of shape
reconstruction, 20 harmonics were used to defire shed boundaries,
obtaining a further 78 parameters useful to disicrate among the studied
seeds (Orreet al. 2012).

Moreover, the macro was further improved addingiigms able to
compute 11 Haralick’s descriptors and the relastendard deviations for
each analyzed seed. These parameters are generadlywhen the objects in
the images cannot be separated due to indefingg galues variations. In
these cases, the evaluation of texture, tone antkxiballows to define the
spatial distribution of the image intensities ancrete tonal features
(Haralicket al, 1973). When a small area of the image has irdlgation of
discrete tonal features, the dominant propertyhat area is grey tone. When
a small area has wide variation of discrete tomatures, the dominant
property of that area is texture (Haralick & Shapit991). According to
Haralicket al. (1973), the concept of tone is based on varyiragieh of grey
of resolution cells in a photographic image, whég&ture is concerned with
the spatial (statistical) distribution of grey tendexture and tone are not
independent concepts; rather, they bear an inaklgcrelationship to one

another very much like the relationship betweenaatigde and a wave
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(Haralick, 1979). Context, texture and tone areagbkvpresent in the image,
although at times one property can dominate thersth

The basis for these features is the gray-levelam+ozence matrix (G
in equation 1). This matrix is square with dimensig, where I is the
number of gray levels in the image. Elemarji pf the matrix is generated
by counting the number of times a pixel with value adjacent to a pixel
with valuej and then dividing the entire matrix by the totahtber of such
comparisons made. Each entry is therefore considerde the probability

that a pixel with valué will be found adjacent to a pixel of valjie

p(1,1)  p(12) - »p(LN,)
o pEEEJ] p[EE,EJ p[z,;wg) M
[Ng’ 1) p[Ng,E) p[Ng’ Ng)

In Table 2, the 11 Haralick’s descriptors measwadeach seed to
mathematically describe the surface texture, grerted.
A total of 137 morphometric, colorimetric and teretli characters

were measured on each seed (Table 3).
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Table 2. Haralick's descriptors measured as reportg in Haralick et al. (1973).

Feature Equation

Har 1 Angular second moment 3
p(wj
Har 2 Contrast Ng—1 .'-.-g
S S 5 )it
i=1 =1

Har 3 Correlation 2 2 () e (6 )) — pabty

T, Ty
where |, 1, oy and ¢, are the means and the standard

deviations of pand g.

Har 4 Sum of square: variance ) 3 e
2.2 tz—m p(i.))

Har 5 Inverse difference Z Z
moment ,, — = PIlL]
L+ ( ()

Har 6 Sum average
> iy

where x and y are the coordlnates (row and coluwfan
entry in the co-occurrence matrix, ang i) is the probability
of co-occurrence matrix coordinates summing to x+y.

Har 7 Sum variance INg
Z. (I‘_JﬁBj px+_}'(1‘j
Har 8 Sum entropy INg o
_Z px+_'; I‘] E‘Og{px-k_} I‘]} fi-B
i=2
Har 9 Entropy . L.
=Y > i) toglp(i ]

i J
Har 10 Difference variance Ngm=1 _

PN G
Har 11 Difference entropy "

_Z Py () 109 (piny (1)
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Table 3. List of morpho-colorimetric features measted on seeds, excluding the 78 Elliptic
Fourier Descriptors calculated according to Haruta(2011).

Feature Description
A Area Seed area (mfin
P Perimeter Seed perimeter (mm)
Peom Convex Perimeter Convex perimeter of the seed (mm)
Porr Crofton’s Perimeter Perimeter of the seed calculated using the Crddttormula
(mm)
/PPCO"" Perimeter ratio Ratio between convex and Croftpeismeters
Crof
max Max diameter Maximum diameter of the seed (mm)
Dmin Min diameter Minimum diameter of the seed (mm)
%‘““ Feret ratio Ratio between minimum and maximum dianse
max
Sf Shape Factor \?;lﬁ(;)shape descriptor = (4 x area)/perlmetér(normallzed
Rf Roundness Eactor Seed roundnestescriptor = (4 x areaj/(x max diameté)
(normalized value)
Ecd Eq. circular diameter (Dr:]a:;?eter of a circle with an area equivalent td tifahe seed
EAmax Maximum ellipse axis =~ Maximum axis of an ellipselwéquivalent area (mm)
EAmin Minimum ellipse axis Minimum axis of an ellipse twiequivalent area (mm)
Rmear Mean red channel Red channel mean value of saets ffgreyevels)
Rsd Red std. deviation Red channel standard deviafigeed pixels
Gear Mean green channel Green channel mean value dfseels (greyevels)
Gy Green std. deviation Green channel standard dewiaf seed pixels
Bmear Mean blue channel Blue channel mean value of peets (greyevels)
Bgg Blue std. deviation Blue channel standard dewviatibseed pixels
Hmear Mean hue channel Hue channel mean value of saetsffgreyevels)
sd Hue std. deviation Hue channel standard deviaif@eed pixels
L mean (l\:/IhZimlel?htness Lightness channel mean value of seed pixels (greJs)
Lightness std. . L .
Lsg deviation Lightness channel standard deviation of seed pixels
Shean (l;/lhz?qr;]:?turatlon Saturation channel mean value of seed pixels (gueys)
Saturation std. . _ .
Sy deviation Saturation channel standard deviation of seed pixel
Dmear Mean density Density channel mean value of seeglp{greylevels)
Dgg Density std. deviation Density channel standardadion of seed pixels
S Skewness Asymmetry degree of intensity valuesidigion (greylevels)
K Kurtosis Eﬁi?slf)ness degree of intensity values distributiengdometric
H Energy Measure of the increasing intensity powengitometric units)
E Entropy Dispersion power (bit)
Dsurr Density sum Sum of density values of the seed pifgrey levels)
SgDyy  Square density sum Sum of the squares of denditgsdgrey levels)
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Statistical analysis

The achieved results were used to built a dataipateding morpho-
colorimetric, EFDs and Haralick’s descriptors. Btatal elaborations were
executed using SPSS software package releaseB35(Inc. for Windows,
Chicago, lllinois, USA), and the stepwise Linears@iminant Analysis
method hereafter LDA was applied to identify andcdiminate among the
investigated_avateraandMalva accessions.

This approach is commonly used to classify/identifiknown groups
characterized by quantitative and qualitative J@ea (Fisher, 1936; 1940;
Sugiyama, 2007), finding the combination of preafictariables with the aim
of minimizing the within-class distance and maximdg the between-class
distance simultaneously, thus achieving maximumssclaiscrimination
(Hastieet al, 2001; Holderet al, 2011; Alvin & William, 2012;Kuhn &
Johnson 2013). The stepwise method identifies and seldbts most
statistically significant features among the 137asu#ed on each seed, using
three statistical variables: TolerancE;to-enter andF-to-remove. The
Tolerance value indicates the proportion of a \@eiaariance not accounted
by other independent variables in the equatieto-enter and--to-remove
values define the power of each variable in the eh@hd are useful to
describe what happens if a variable is inserted rentbved, respectively,
from the current model. This method starts withadel that does not include
any of the variables. At each step, the variablth e largest-to-enter
value that exceeds the entry criterion cho$en 8.84) is added to the model.
The variables left out of the analysis at the Esp have--to-enter values
smaller than 3.84, and therefore no more are add®goping the process
(Venora et al, 200%; Grillo et al, 2012). Finally, a cross-validation

procedure was applied to verify the performancthefidentification system,
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testing individual unknown cases and classifyingmhon the basis of all
others (SPSS, 2007).

All the raw data were standardized before startimy statistical
elaboration. Moreover, in order to evaluate theliguaf the discriminant
functions achieved for each statistical comparigbe, Wilks’ Lambda, the
percentage of explained variance and the canonaratlation between the
discriminant functions and the group membershipreweomputed. The
Box’s M tests was executed to assess the homogeaiaibvariance matrices
of the features chosen by the stepwise LDA while #nalysis of the
standardized residuals was performed to verifyhbmoscedasticity of the
variance of the dependent variables used to distat® among the groups’
membership (Box, 1949; Haberman, 1973; MorrisorQ420Kolmogorov-
Smirnov’s test was performed to compare the engirlstribution of the
discriminant functions with the relative cumulatidestribution function of
the reference probability distribution, while th@dalevene's test was
executed to assess the equality of variances fer ubed discriminant
functions calculated for groups’ membership (Gagiwet al, 2009; Levene,
1960; Lopes, 2011).

To graphically highlight the differences among gsu
multidimensional plots were drawn using the firstree discriminant
functions or, alternatively, when the number otcdiminant groups did not
allow to obtain at least three discriminant funotich-1), the two available
discriminant functions and the Mahalanobis’ squdistance (Mahalanobis,
1936) were used. This measure of distance is define two or more
discriminant functions and ranges from 0 to inBniSamples are increasingly
similar at values closer to zero. Higher valuesdatd that a particular case

includes extreme values for one or more independanables, and can be
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considered significantly different to other caséthe same group (Bacchetta
et al, 2008a).

Results

A preliminary investigation was carried out to distnate between
the two groups object of the study. Using this nho@&.6% of the cross-
validated samples of the all studiedvateraandMalva taxa were correctly
classified (data not shown).

In order to identify thetaxa of Lavaterathat are closer to genus
Malva and viceversa, all thteaxa were singularly compared among them,
highlighting some mutual misattributions. In pautar, L. maroccanawas
misidentified toMalva group in the 13% of the cases, wrongly classified
mainly asM. sylvestrisandM. tournefortiana andL. moschatavas confused
with the samévialva species for 18% of the cases (data not shown).

Successively, the 2@axa belonging to the genukavatera were
compared among them, without the influence of tlieugMalva. An overall
percentage of correct identification of 87.5% weached (Table 4). In this
group, a correct classification range included leetwv 63.6% L.
brynonifolia misclassified a&. maroccanan the 27.3% of cases, andlas
moschatan the 9.1%) and 98.0% fdar. olbiawas recorded.

In order to perform a statistical comparison, dile tLavatera
accessions were grouped into their sections ofnigalg. The system was
able to discriminate among the five groups studhmethe 87.8% of the cases
(Table 5). As shown, th€&landulosaeand Bismalvasectionswere correctly
distinguished for the 94% of their seeds; on theohand, th®lbia sectio
was discriminate for the 73.7%, misattributed Glandulosaefor 15.5%,

Bismalvafor 6.2% andAnthemaor 4.6% of its seeds.
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Table 4.Percentage of correct identification forLavateraaccessions at species level. In parenthesis, thenber of analysed seeds.

(1) 2 (3) (4) (5) (6) (7) (8) 9) (10) (11 (12) (13) (14) (15)  (16) (17) (18) (19) (20) Total

— 95.0 10 1.0 10 10 1.0 100.0

L. acerifolia (1) @@ oo T I St S 1 S ) (100)
o 930 25 0.3 03 15 08 18 100.0

L. agrigentina(2) - @70)  (10) - - - - @ - - - (1) - N N ) (6) (3) (7) (398)
L. arborea(3) 43 15 672 02 ) 02 15 ) 04 02 ] i 106 09 15 15 100 100.0
’ (20) (7 (316) (1) (1) (7) @) (1) (50) (4) (7) (7) (47) (470)
L. assurgentifolia(4) ?é? ; . ?gﬁ ; ; ; ; ; ; ; . ; ; ; . ; 1((;%)0
L. bryonifolia (5) - - - - 68')6 - - S R - - - - R
) 82.2 17.8 100.0

L. cretica(6) - (74) - - - (16) - - (90)
L. flava 7) - ) i ) ) 867 ) ) i ) i ) ) ) ] 17 06 110 100.0
: (157) 3) @ (20) (181)
L. maritima () 17 05 65 03 ) 05 775 ) 0.2 ) i ) ) 12 02 02 112 100.0
: (10) (3 (39) 2 (3) (462) (1) (7) (1) (1) (67) (596)
L. maroccanals) ] S22 11 ] ) 911 11 i ) ) 22 22 ] i i 100.0
' @ 5 T o0 T IEY. 1000
L. mauritanica (10) - - - - - (%) - - (é) (Bé) - - - - (é) (é) - - (10('))
8.0 4.0 87.0 1.0 100.0

L. moschata(11) ®) - - @ - @7) - - - - @ - - (100)
L 45 05 795 05 15.0 100.0

L. oblongifolia (12) © - - - - - - - - - @ (159) @ - - (30) - - (200)
. 98.0 0.5 15  100.0

L. olbia (13) - - - - - - - - - - - T (196) ) ) ) ) ) (4] ®3) (200)
15 15 80.4 20 05 141 100.0

L. plazzae(14) ®@ @ - A o) T T @ @ (29 (199)
L. punctata(15) - - - - - - - - lé)s - - - - - ?17 4? - - - - - 18%)0
o 1.2 12 12 96.3 100.0

L. thuringiaca (16) @) - - - @) @ - - - - 78) - - ©1)
. 02 01 2.4 0.2 880 5.2 3.9 100.0

L. triloba subsp.pallesceng17) ) @ - - - 1) - - - - - - - ) - (782) (46) (35) (889)
L. triloba subsp.minoricensis(18) (()1? - - - - - - (()1? - - - - (()2; - %4‘)1 (8275'22) %gg()) %20809())
. ) 00 00 04 00 19 05 01 00 27 10 09 924 00 1000
L.trloba subsp.tiloba (19) W@ o © o -~ @ ay - T @ o e@n 7 @ @) @8 1 (@325
L. trimestris (20) (()i? 3 ) : B N . . ) i 8%61) %1()8%?
overall 87.5

(6495)
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Table 5. Percentage of correct identification among.avatera sections. In
parenthesis, the number of analyzed seeds.

(1) (2) ©) (4) (%) Total
74.9 91 136 20 04 1000
Axolopha(1) (521) 63) (95)  (14) @) (696)
Glandulosa2) 11 949 20 20 00 1000
(45) 3873) (81)  (82) 1)  (4082)
Anthema(3) 7.2 105 767 53 03 1000
(51) (75)  (547)  (38) @ (713
. 155 46 737 62 100
Olbia (4) (140) (42) (666)  (56)  (904)
Bismalva(5) - - - 6.0 94.0 100
(6) (94) (100)
Overall (219%)

With the aim to verify the inter-specific seed muwogpcolorimetric
variability within each group, the fivdavatera sections were analysed
separately. In Table 6, the percentage of corrdentification among
Lavateraaccessions sectiaxolopha is shown. An overall of cross-validated

classification of 99.3% was recorded.

Table 6. Percentage of correct identification amond.avatera accessions sectidAxolopha In
parenthesis, the number of analyzed seeds.

L. acerifolia L. maritima Total

L. acerifolia 99.0 1.0 100.0
' (99) () (100)
L. maritima 0.7 99.3 100.0
' ) (92) (596)
99.3

Overall ©90)
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The Glandulosaesectio, involving five specied,. agrigentina, L.
flava, L. triloba in its three subspecids triloba subsppallescensL. triloba
subsp minoricensisandL. triloba subsptriloba, was correctly classified for
92.5% (Table 7), ranged from 95.4% fortriloba subsptriloba and 84% for
L. flava, whose seedwsere mainly misclassified among thoseloftriloba

subsptriloba.

Table 7. Percentage of correct identification amond.avatera accessions sectiGlandulosae In
parenthesis, the number of analyzed seeds.

1) (2 3 4 (5) Total

. . 92.7 2.8 0.8 3.8 100.0

L. agrigentina(1) (369) - (11) 3) (15) (398)
L. flava (2) 84.0 5.0 0.6 105 100.0
' (152) (9) 1) 19) (181)
L. triloba subsp. 1.6 88.8 4.9 4.7 100.0
pallesceng3) . (14) (789) (44) (42) (889)
L. triloba subsp. 0.7 1.0 85.5 12.8 100.0
minoricensis(4) ) ) 3) (247) (37) (289)
L. triloba subsp. 0.6 15 1.4 11 95.4 100.0
triloba (5) (14) (35) (33) (25) (2218) (2325)
Overall (4?5852)

To compare these two species, Spanish populatiénis. @riloba
subsp.triloba and Moroccan seed accessiond oflava were also analysed
and compared, achieving an identification perforoeaaf 95.4% (Table 8).
Seeds ot.. triloba subsptriloba were clearly distinguishable and only 4.3%
were mistaken and classified within flava Furthermore, only 6.1% df.
flava seeds were mistaken lastriloba subsptriloba.

Finally, to evaluate the inter-population variatyilof L. triloba subsp.
triloba, Spanish and Sardinian seed accessions were cedn@ehieving an
identification performance of 99.6%. Seeds werartyedistinguishable for
geographical region of provenance with slightly atisbutions of 0.4% (data

not shown).
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Table 8. Percentage of correct identification betwen Moroccan Lavatera flavaand SpanishL.
triloba subsp.triloba populations. In parenthesis, the number of analyzkseeds.

L. flava L. triloba ssp triloba Total

93.9 6.1 100.0

L. flava (170) (11) (181)

. ) 43 95.7 100.0

L. triloba ssp triloba (44) (981) (1025)
95.4

Overall (1206)

The four Lavatera species of Anthema sectio were clearly

distinguished by means of morpho-colorimetric seaids as reported in the
LDA graphical representation (Fig. 1) (data notwehp

© L. arborea
4 @® L. assurgentifolia
O L. cretica
[ ]
2

L. mauritanica

Discr'\m’\nant function 3

Figure 1. Graphical representation of the discrimirant analysis forLavaterasectioAnthema.
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The Olbia sectio, involving eightLavatera species, was also
investigated and a correct classification of 97.8%#s recorded. All the
species were distinguished with percentage abovi @Xcept forlL.
maroccana (83.3%), misclassified mainly als. punctata (6.7%) and L.
bryonifolia (5.6%) (Table 9). No comparison was carried outBamalva

sectio beind.. moschatdahe only available species for this group.

Table 9. Percentage of correct identification amongLavatera accessions sectio Olbia. In
parenthesis, the number of analyzed seeds.

“»m» @ & @ 6 6 @ (@ Total

e 909 9.1 100.0

L. bryonifolia (1) 10) (1) - - - - - - 1)
L. maroccana(?) 56 833 ) 87 33 11 1000
' (5) (75) 6) () (1) (90)
. 97.0 3.0 100.0

L. oblongifolia (3) - T (199 - - - ©) - (200)
: 100.0 100.0

L. olbia (4) - - - (200) - - - - (200)
100.0 100.0

L. plazzag5) - - - - (199) ° - - (199)
6.3 93.8 100.0

L. punctata(6) - (1) - - - 15 - (16)
. 1.2 98.8 100.0

L. thuringiaca (7) - (1) - - - " (80) - (81)
L. trimestris(8) - - - - - - - (1387? %1087())
97.3

Overall (904)
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As well as the genusavaterg also the eighMalva accessions were
compared by means of LDA statistical elaboratioataDprocessing led to an
overall cross-validated discrimination performanoé 95.8% (Fig. 2),
recording values of 100% fdvl. hispanicaand M. multiflora. All the other
Malva accessions were correctly classified with peragpggaabove 89%, with
the exception oM. tournefortianadiscriminated in the 81.3% of the cases,
misclassified adM. parviflora, M. sylvestrisand M. verticillata (data not
shown).

With the aim to record the inter-specific seed nrhorgolorimetric
variability, Malva species were compared within each section studied.
Figures 3 and 4 report the graphical representtionthe discriminant
analysis forMalva sectioBismalvaandMalva sectioMalva, respectively. In
both the cases, 99.5% of correct classification e#ained (data not shown).
Only M. multiflora was present in th&nthemasectio, So no comparison was

achievable.

Discussion

In order to contribute to the taxonomical treatmaiffiiliation of
Lavatera and Malva groups, their seed morpho-colorimetric featuresewer
investigated applying image analysis techniquesrder to obtain accurate
measurements to be subjected to LDA statistichlostgtions.
As shown in Table 4, the two groups were perfedigtinguishable
confirming the taxonomic treatment at the genuglleXlthough sometaxa
of Lavaterawere closer to the genddalva with respect to seed traits, the
percentages of misattributions never exceed mane 20%.

The image analysis system here developed, waslycladte to
discriminate among thieavaterasectiongaken into account, confirming the

actual and accepted taxonomic organization for tpesus. The high
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performance of the statistical classifiers was @pally due to the textural
and EFDs descriptors, that showed significantlynhuglue ofF-to-remove,
in addition to colorimetric (RGB and HLS colour dmels) and
densitometric features, selected among the availdd8. The textural
variables and EFDs introduced in this study, wak®lved in a large extent
in the LDA process, representing the 65% and 519%hefwhole variable
pool of the discriminant function referred t@avatera sectio Axolophaand
Anthemarespectively (data not shown).

As reported in Bacchettat al. (2011a), an overall cross-validated
percentage of correct identification above 92.5% wgain obtained in the
discrimination of the five species included in tHeavatera sectio
Glandulosag(Table 5), but the improvement of the image analgsistem
previously developed by Grillet al. (2010) in which morphometric features
were the first discriminant parameters, allowedreémforce the classifier
performance relating tb. flava.

In fact, while keeping the same number of seeds comparptetaous work,
the percentage of correct classification incredsau 60.2 % to 84.0%, and
a similar trend of misattributions towakd triloba subspecies was observed.
Also in this case, the most discriminating paramseigere descriptive of
colorimetric and textural traits of the seed swfadighlighting the
importance of the introduction of the new set csa@ptors.

Taking into accountl. triloba group L. triloba subsp. pallescenswas
classified with a lower efficiency (88.8%) compatedhe above mentioned
study of Bacchettat al. (100%) because the within variability of the group
significantly increased at the performance expense.

Regarding td.. triloba subsp.minoricensisthe obtained data unambiguously

confirmed thistaxa as an independent subspecies (Escobar Geatca,
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2010), on the basis of marked seed morpho-coloricngtits differentiation
with respect to the othér. triloba subspecies.

In this sense, the taxonomic relationships betwesratera triloba
s.l.andL. flava whose similarity with_. triloba is absolutely comparable to
some of the entities now voted ds. triloba subspecies, have yet to be
clarified in detail: this morpho-colorimetric inuégation, definitely confirms
the close relationship between these entities,noft@rphologically well
differentiated.

Within L. triloba, a quite perfect differentiation between the Sglani
and Sardinian populations was found. Isolation gedetic divergences of
the species in Sardinia may explain this outconaz¢Bettaet al, 2011a).

Similarly, in the classification among thdalva sections, the best
variables were the seed colorimetric and densitooietatures, in addition to
a few of other dimensional parameters. The newutextand shape
descriptors occurred with total percentage of @%b in the discriminant

function, chosen by stepwise LDA (data not shown).

In conclusion, by analyzing morpho-colorimetricedetraits, a clear
differentiation between the entities Malvaealliance, traditionally attributed
respectively to the gendsavateraand to the genuslalva, was highlighted.
Regarding to théavateragenus entities closer to the gemiglva, a degree
of similarity generally never exceeding 20% wasoggized. These results
confirm in part the differentiation of Ray (1995) the two Malva alliance
clades, supporting once again the validity of the thistorical” genera of
LavateraandMalva, and confirming that the assimilation of all eiestto the
single Malva genus, proposed by Bandt al. (2005) does not match the

morphology of germplasm.
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Furthermore, the results obtained, both at speridssection level, supported
the image analysis tool as diagnostic for systematirposes and the
introduction of Haralick’'s and EFDs variables proweseful for the system

implementation.
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Conclusions

The focus of this doctoral thesis concerned thdiegipn of Image
Analysis technique for an adequate definition of tBeed morpho-
colorimetric parameters, that represents an impbadegnostic factor in the
plant taxonomy studies and consequently may bereatghelp for the
improvement of the management and the effe@wsituconservation in the
germplasm banks.

The first part of this study was related to the pater vision
fundamentals and statistical treatment of datac8as the clear concept that
the discriminant ability of a classification systetepends not only on the
intra-specific representativenesstaka analyzed, but also on the quality and
quantity of the parameters measured and used¢drdieate between groups
of belonging, a new set of recordable shape anturexvariables was
introduced in a yet consolidated image analysigesys with the aim to
improve the performance of the classifiers. In gecond part of this
dissertation some case studies are reported agappis of this innovative
technology, with the aim to prove its great usefgk for systematic
purposes. The results here presented confirmedathaktensive database of
morpho-colorimetric traits may be applied for tagory screening of species
groups, comparing with the current systematic, @l as with groupings

more recently revealed by genetic studies.

The morpho-colorimetric characterization @fistus L. (Cistaceae)
seeds by image analysis was treated: a databaseogfhometric and
colorimetric data was carried out to statisticaligcriminate and identify

both at inter and intra-specific and populationalel. The satisfactory
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discrimination performances reached agree withréselts reported in the
previous papers on the sartexa though, the improvement of the image
analysis system adopted, in which an overall of 588d features was
evaluated, allowed to reinforce the discriminatipower also when the
morphometric variability within each group, such ias inter-population
groups, is extremely reduced. The taxonomical whffgation within the
MedicagoL. sect.Dendrotelis(Fabaceae) was also described. The obtained
results confirmed the validity of the proposed moettfor the taxonomic
differentiation ofMedicagoat specific levels, and its identification capabpil
of regional and populational groups. Furthermdre,relationships among 79
taxa belonging to thd_avateraand Malva genera were tretated, in order to

contribute to their doubtful systematic treatment.

Finally, this innovative kind of identification sgsn, which method
was specifically developed to identify wild seedad that requires only a
few seconds for scanning and measurement operapamged to be a quick,
repeatable, reliable and non destructive metHbaloes not require any
chemical reagents, expensive analytical consumaisléggh priced physical
preparation of samples, hence it is a very cheathade This precise and
accurate identification system it was only possitilanks to efficient and
useful cooperation between taxonomists and imagéysis specialists. The
expert, practical experience in such differentdfseallowed the development
of a system so complex in its structure and so keinmp the use. Indeed,
having a broad database of morpho-colorimetric $egires for an adequate
amount of families, genera and species would entideidentification of
taxa already present in the database. In this way,itimevative tool would
open new perspectives in plant taxonomy, but affer the opportunity for

germplasm banks to make identifications in a stedydgpeedy way.
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In addition, the availability of morpho-colorimetridata should be
helpful for ecological and/or archeobotanical stsdsuch as the prediction of

seed persistence in the soill.
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