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Abstract

Aim of study: Genetic diversity of pistachio, can be evaluated by using different descriptors, as adopted in international certification
systems. Mainly the descriptors are morphological traits as leaf, which represents an important organ for its sensibility to growth conditions
during the expansion phase. This study adopted a rapid and quantitative non-hierarchic clustering classification (k-means), to extract size
classes basing on the contemporary combination of different morphological traits (i.e., leaf stalk length, terminal leaf length, terminal leaf
width and terminal leaf ratio) of a varietal collection composed by 21 pistachio cultivars.

Area of study: Worldwide.

Material and methods: The unsupervised non-hierarchic clustering technique was adopted to the entire samples of pistachio leaves from
k=2 to k=15 for both four morphological variables (i.e., leaf stalk length, terminal leaf length, terminal leaf width and terminal leaf ratio)
and three morphological variables (i.e., terminal leaf length, terminal leaf width and terminal leaf ratio).

Main results: A classification model only on the three morphological variables (for results of statistical analysis in which the groups
resulted to be more separated and different for all the variables), with k=5 (five groups), was constructed using a non-linear artificial neural
network approach. The percentages of bad prediction in both training and testing resulted equal to 0%. The “terminal leaf length” returned
the higher impact (44.89%).

Research highlights: The contemporary combination of different morphological leaf traits, allowed to create an automatic classification
of size classes of great importance for cultivar identification and comparison.

Additional key words: artificial neural network; morphological analysis; clustering; germplasm collection; k-means.
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Introduction includes about twenty species but only P. vera is edi-
ble and worldwide marketable (Fares et al., 2009). The

Pistachio (Pistacia vera L.) is one of the most po-  pistachio is native to the Central Asia and was introdu-
pular tree nuts in the world, appreciated for its nutri- ced into Mediterranean Europe by the Romans at the
tional value, its health and sensorial attributes and its  beginning of the Christian era (Crane, 1978). Pistachio
economic importance (Kashaninejad & Tabil, 2011). It  cultivation extended from its origin to Italy, Spain, and


https://doi.org/10.5424/sjar/2020184-16904
mailto:francesca.antonucci%40crea.gov.it?subject=
https://doi.org/10.5424/sjar/2020184-16904
https://doi.org/10.5424/sjar/2020184-16904

2 Francesca Antonucci , Rossella Manganiello, Corrado Costa ef al.

other Mediterranean regions of Southern Europe, North
Africa, and the Middle East, as well as to China and,
more recently, to the United States and Australia (Hor-
maza et al., 1998). Nowadays, Iran, the United States,
Turkey, and Syria are the main pistachio producers in the
world (FAOSTAT, 2017). As reported by Massimo ef al.
(2020), Italy has a large pistachio production, especially
in Bronte (Sicily).

However, as reported by Sheikhi et al. (2019) its pro-
duction 1is affected by the undesired physiological cha-
racteristics of alternate bearing, shell indehiscence, blank
nuts and susceptibility to abiotic stresses and fungal foliar
and root diseases. For these reasons, genetic improvement
should be an attempt for future breeding to produce supe-
rior pistachio cultivars. Generally, plant genetic resources
preserved in ex situ gene bank collection could provide
material for breeders in the development of cultivars
with improved qualities such as increased productivity,
adaptability to different agro-climatical and agro-pedo-
logical contexts, better resistance to diseases, and higher
qualitative, organoleptic and nutritional characteristics
(Bacchetta et al., 2015; Gharaghani et al., 2017).

Genetic diversity can be determined by evaluating
morphological (Kafkas et al., 2002; Hofer et al., 2014),
phenological (Chao et al., 2003; Chatti et al., 2017) and
agro-pomological characteristics (Asma & Ozturk, 2005;
Scheldeman et al., 2006) as well as determined by the
application of DNA markers (Pazouki et al., 2010; Ho-
fer & Peil, 2015). Part of these studies on morphological
traits are based on descriptors which have been adopted
by the International Union for the Protection of New Va-
rieties of Plants (UPOV, 2020). A descriptors list regar-
ding morphological and carpological traits of pistachio
was developed by the International Plant Genetic Resour-
ces Institute (IPGRI, 1997). As reported by Antonucci et
al. (2012), this document provides an international format
producing a universally understood “language” for plant
genetic resources data collection assisting, with the stan-
dardization of descriptor definitions, both the researcher,
for the management and maintenance of the collection,
and the users of the plant genetic resources.

Usually, in plant species morphological characteri-
zation is evaluated by analyzing leaf, flower and fruit
descriptors (Hassoon et al., 2018). Leaves represent an
extremely important organs for plant (both trees and her-
baceous species) because it is very sensitive to growth
conditions during the expansion phase (Bayramza-
deh et al., 2008). As consequence, leaf characteristics
could effectively be used to classify different species
(Lin et al., 1984; Kafkas et al., 2002), and to discrimi-
nate among varieties (Chatti et al., 2017). Sabzi et al.
(2020) designed an imaging computer vision system to
automatically classify different types of tree leaf images.
The analysis of morphological leaf traits supplies deep
insight into the taxonomy, genetics, biogeography and
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evolution (Balduzzi et al., 2017), which are parts of the
major classification of scientific areas related to a suc-
cessful conservation of natural ecosystems. When using
leaf to discriminate varieties, various methods to quan-
titatively evaluate botanical shapes have been sugges-
ted. The most common methodology is based on elliptic
Fourier descriptors (Costa et al., 2011; Sun et al., 2012;
Chitwood & Otani, 2017), which was successfully used
on leaves (Jensen et al., 2002; Neto et al., 2006; Wu et al.,
2007; Chitwood et al., 2014; Kadir, 2015; Lopez-Santos
& Page, 2018), leaflets (Furuta et al., 1995; Olsson et al.,
2000), kernels (Iwata et al., 2015), roots (Iwata et al.,
1998), flowers (Yoshioka et al., 2004), and fruit (Currie
et al., 2000; Goto et al., 2005; Antonucci ef al., 2012).
This method mathematically describes the entire shape
of an object by transforming the contour into Fourier
coefficients.

For efficient management and effective utilization,
germplasm collection can be studied through morpho-
logical, biochemical and/or genetic methods (Berthaud,
1997; Badenes et al., 1998; Asma & Ozturk, 2005; Schel-
deman et al., 2006; Bassil et al., 2009; Hofer et al., 2014;
Bacchetta et al., 2015; Gharaghani et al., 2017). In crops
species as well as in pistachio, morphological characteri-
zation is time-consuming because a lot of traits must to
be registered. To reduce time of analysis, in this study the
diversity in pistachio germplasm collection maintained at
National Fruit Tree Germplasm Collection based on mor-
phological leaf parameters was analyzed. The aim was to
adopt a rapid and quantitative non-hierarchic clustering
classification (k-means), to extract size classes basing on
the contemporary combination of different morphological
traits (i.e., leaf stalk length, terminal leaf length, terminal
leaf width, and terminal leaf ratio) of a varietal collection
composed by 21 cultivars of pistachio.

Material and methods
Data collection

Leaves morphological data were collected from 21
pistachio cultivars (Table 1), provided by the “pistachio
germplasm collection” maintained at the National Fruit
Tree Germplasm Collection of Consiglio per la Ricerca
in Agricoltura e I’ Analisi dell’Economia Agraria (CREA)
— Centro di Ricerca Olivicoltura, Frutticoltura e Agrumi-
coltura (Central Italy, lat. 41.8000° N, 12.5690° E, alt. 86
m a.s.l.), according to the IPGRI (1997) protocol.

In particular, leaf stalk length, terminal leaf length, ter-
minal leaf width and terminal leaf ratio (Fig. 1) were me-
asured with a digital caliper, on 10 fully developed leaves,
from the middle third of current season shoots, on about
three to five samples for each cultivar for two years (2018
and 2019).
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Automatic size classes identification of Pistachio leaves 3

Table 1. Leaves data (i.e., cultivars, sex, origin) and mean + standard deviations of the morphological traits (i.e., stalk length, leaf
length, width and ratio) collected from 21 pistachio different cultivars, provided by the “pistachio germplasm collection” maintai-
ned at the National Fruit Tree Germplasm Collection of Consiglio per la Ricerca in Agricoltura e 1’Analisi dell’Economia Agraria
(CREA) — Centro di Ricerca Olivicoltura, Frutticoltura e Agrumicoltura (Central Italy, lat. 41.8000° N, 12.5690° E, alt. 86 m a.s.1.),
following the International Plant Genetic Resources Institute (IPGRI, 1997) protocol.

Cultivar Sex Origin Stalk length(mm) Leaf length (mm) Leaf width (mm) Leaf length/width ratio
40 A Male Unknown 31.44+8.62 38.19+12.02 16.83+£2.90 2.244+0.46
502 Male Unknown 47.01+11.36 103.50+25.09 71.01£15.63 1.46x0.13
Aegina Female Greece 48.78+9.46 105.23+16.16 70.03+11.54 1.51+0.14
ASK Male Unknown 41.55+11.05 88.44+20.25 64.73+£10.89 1.36+0.21
Baglio Female Italy 33.67+8.92 76.81+9.25 57.11£5.39 1.35+0.12
Bianca Female Italy 35.63+5.99 83.10£9.71 60.00+7.20 1.39+0.16
Bronte Female Italy 39.90+10.39 94.34+8.91 66.40+8.25 1.43+0.14
Cerasuola Female Italy 48.44+12.36 106.91£20.32 71.76+8.81 1.49+0.23
Chico Male USA 50.49+10.44 62.66+9.62 37.79+5.26 1.68+0.29
Greco Male Greece 56.97+9.64 98.00+18.02 62.03+8.44 1.58+0.25
Insolia Female Italy 39.34+8.16 93.07+13.75 66.52+8.87 1.42+0.24
Iraq Female Iraq 53.7749.18 90.53+7.88 55.80+6.13 1.63+0.16
Kerman Female Iran 55.03£12.97 129.49+13.42 88.68+£10.03 1.47+0.15
Larnaka Female Cyprus 46.66+11.66 115.234+31.38 74.99+16.40 1.54+0.23
Mateur Female Tunisia 36.9849.60 66.91+32.75 43.44+28.83 1.84+0.54
Napoletana  Female Italy 36.38+8.31 85.50+10.12 65.64+7.59 1.32+0.21
Naz Male Unknown 37.40+10.46 96.16+11.21 61.72+7.58 1.57+0.15
Rashti Female Israel 45.11+£7.52 79.77+14.14 60.78+8.13 1.32+0.21
Red Aleppo  Female Syria 46.53+6.77 99.40+9.30 69.86+9.92 1.44+0.16
Sfax Female Tunisia 44.50+9.43 107.64+11.66 59.74+11.59 1.83+0.23
Tignusa Female Italy 44.62+9.37 94.97+10.08 64.21+£6.90 1.49+0.16

Termind lear matk Cluster analysis

Terminal leaf lenght

Terminal leaf ratio = Terminal leaf length
Terminal leaf width

Leaf stalk lenght

Figure 1. Representation of the measured morphological cha-
racteristics of pistachio leaf. Modified from the draft protocol
of the International Union for the Protection of New Varieties of
Plants (UPOV, 2020).
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In this study it was adopted the unsupervised non-hie-
rarchic clustering technique (k-means) implemented in the
study of Antonucci et al. (2012). Generally, in k-means te-
chnique the clusters are represented by centers of mass of
their members. The algorithm assigns cluster membership
for each data vector to the nearest cluster center. Then, it
computes the center of each cluster as the centroid of its
member data vectors as equivalent to minimize the sum
of distances from each object to its cluster centroid, over
all clusters (Zha et al., 2002). Moreover, this algorithm
moves objects between clusters until the sum cannot be
decreased further and the result is a set of clusters that
are as compact and well separated as possible. Using
the distances of the points from their cluster center it is
possible to determine whether the clusters are compact.
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In particular, the intra-cluster distance is the distance
between a point and its cluster center meanwhile, the
inter-cluster distance, or the distance between clusters,
should be as big as possible and it is calculated as the dis-
tance between cluster centers and takes the minimum of
this value. Only the minimum of this value was taken and
since both of these measures determine a good clustering,
the ratio between these two measures was calculated and
indicated as “validity”:

Validity = mean intra / mean inter )

The clustering which gives a minimum value for the
validity measure is the ideal value of k in the k-means
procedure. This measurement was proposed by Ray &
Turi (1999) and modified in the work of Antonucci et
al. (2012). This procedure, which introduces an iteration
(1,000 cycles) to smooth the stochastic attitude of the
k-means procedure, was adopted to the entire samples
of pistachio leaves from k=2 to k=15 for both four mor-
phological variables (i.e., leaf stalk length, terminal leaf
length, terminal leaf width and terminal leaf ratio) and
three morphological variables (i.e., terminal leaf length,
terminal leaf width and terminal leaf ratio). The coeffi-
cients of morphological variables for each sample were
clustered (k-means) with the unsupervised k-means clus-
tering technique, attributing the group which follows the
mode value for each sample.

Statistical analysis

To visualize the groups (extracted from the cluster
analysis) distribution considering both four morphologi-
cal variables (i.e., leaf stalk length, terminal leaf length,
terminal leaf width and terminal leaf ratio) and three mor-
phological variables (i.e., terminal leaf length, terminal
leaf width and terminal leaf ratio), principal component
analysis (PCA) were carried out. In addition, box plots
and Analysis of Variance (ANOVA) were performed to
evaluate statistical significance differences among the
same groups. All these analyses were performed with the
software PAST (v. 2.17; Hammer et al., 2001).

Classification analysis

Basing on the k-means grouping suggestion a clas-
sification model has been constructed using an artificial
intelligence approach. k-means clustering suggested two
different kinds of classification based on four morpholo-
gical variables (i.e., leaf stalk length, terminal leaf length,
terminal leaf width and terminal leaf ratio) or on three
morphological variables (i.e., terminal leaf length, termi-
nal leaf width and terminal leaf ratio). Once chosen the
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best number of variables (basing on the results of the sta-
tistical analysis of PCA, box plot and ANOVA) a classifi-
cation model will be constructed using a non-linear artifi-
cial neural network (ANN) approach.

The ANNs were developed basing on an input layer
(x-block) to estimate the dummy output layer (groups at-
tribution; y-block) developing a multi-layer perceptron
(MLP) structure. The MLP is a feedforward neural ne-
twork, which is widely used in classification and pattern
recognition problems (for the procedure see Mossalam &
Arafa, 2017; Proto et al., 2020). From the 400 observa-
tions, to avoid overfitting only 320 samples (80%) were
used to construct the models. The remaining 80 samples
(20%) were then used to test the performance of the mo-
dels (internal test). The partitioning of the two datasets
was optimally chosen with Euclidean distances, based
on the algorithm developed by Kennard & Stone (1969),
which selects objects without a priori knowledge of a re-
gression model. The percentage of bad prediction on tra-
in and test sub-sets were reported. To better visualize the
results, some numerical statistical validation measures
for the test (i.e., accuracy, sensitivity and specificity) and
some powerful classification performances as the receiver
operating curve (ROC), the area under the curve (AUC)
and the fl-score were extracted. The ROC represents a
technique for visualizing, organizing and selecting clas-
sifiers based on their performance (Fawcett, 2006), while
the AUC represents the degree or measure of separability
describing how much the model is capable of distingui-
shing between classes. The ROC curve was obtained by
plotting the true positive rate (TPR) as a function of the
false positive rate (FPR), and then the area under curve
(AUC) was calculated (Guan et al., 2020). In addition,
the confusion matrices of both training and the test of the
MLP model were reported.

Moreover, the variable impact neural network analysis
was performed to assess the relative importance of each
variable (Abdou et al., 2012). This index is similar to the
linear regression variable importance in the projection
(VIP) scores (Febbi et al., 2015). The ANN analysis has
been performed using Palisade Neural Tools 7.6.

The variable impact A* for the k-th independent va-
riable, was calculated in the following way (Palisade
Knowledge Base, 2020). The training set was considered
made of m samples. Each sample in the training set is a
row vector x with n columns. The samples were stored
in a matrix X having m rows and »n columns. As a result,
a generic element of that matrix is X7}, The output y is a
column vector with m rows obtained by applying the ope-
rator /V to the matrix X:

y=NX 2

In particular, y=NX; is a row number representing the
class of the k-th element of the training set and X is the
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row vector representing the k-th row of the X matrix. In
this study NV is a nonlinear operator and can be expres-
sed as the tensor product of several linear and nonlinear
operators. It represents indeed the MLP. The first row X
of the matrix X was considered and the operator N was
applied » times to X, choosing each time a different value
of X1 among the values of X', the latter being the first
column of the matrix X. The 1-case dependent variable
impact of the first variable A] was then defined as:
Sl Q
This procedure was repeated for all the n variables over
all the training set. The i-case dependent variable impact
of the k-variable Ai-‘ was then defined as:
Ak=

L

max (NX;) — min( NX;)
X{fexk xkexk

“)

Finally, the variable impact of the 4-th dependent va-
riable was then obtained by averaging A{-‘ over all the m
training cases:

m k
i=1Ai

m

Ak= )

Results
Cluster analysis

The results of the procedure of validation to find the
best number of k-clusters are reported in Fig. 2. The best
number of clusters to be used on this dataset was chosen
above the second negative peak for both A) four mor-
phological variables (i.e., leaf stalk length, terminal leaf
length, terminal leaf width and terminal leaf ratio) and
for B) three morphological variables (i.e., terminal leaf

Validity

Cluster distance
=

length, terminal leaf width and terminal leaf ratio). Con-
sidering four variables, the analysis extracted a value of
k=6 (six groups), while using three variables k is equal to
5 (five groups) (Fig. 2A and B respectively).

Statistical analysis
Four morphological variables (6 groups)

Figure 3 reports the PCA performed on four mor-
phological variables (i.e., leaf stalk length, terminal leaf
length, terminal leaf width and terminal leaf ratio) for the
six groups extracted from the cluster analysis. The inte-
ractions among the morphological variables and the six
groups were highlighted by the convex hulls. The first
component (PC1), reported an explained variance equal
to 54.8%, and was related with the leaf stalk length, termi-
nal leaf length and terminal leaf width. The second com-
ponent (PC2) (presenting an explained variance equal to
24.3%) was mainly related with the terminal leaf ratio.
Five groups (1, 3, 4, 5 and 6) resulted partially overlapped
and related to high values of leaf stalk length, terminal
leaf length and terminal leaf width. Meanwhile, the group
2 positioned on the negative side of PC1 associating with
high value of terminal leaf ratio and low values of leaf
stalk length, terminal leaf length and terminal leaf width.

Figure 4 reports the box plots performed on the four
morphological variables [i.e., leaf stalk length (A), termi-
nal leaf length (B), terminal leaf width (C) and terminal
leaf ratio (D)]. It was possible to observe as only for the
terminal leaf ratio the six groups resulted to be all similar.

Table 2 reports the results of ANOVA performed on
the four morphological variables (i.e., leaf stalk length,
terminal leaf length, terminal leaf width and terminal leaf
ratio) for the six groups extracted from cluster analysis.

14 8
J\ . Validity
13-\ (n)
% !
e 12-\
£
% 1M \
£
v T
5 10 e \
9t \\
8 \\\
7 " . L . L .

Figure 2. Results of the validation procedure to find the best number of k-clusters (highlighted by
a circle) for A) four morphological variables (i.e., leaf stalk length, terminal leaf length, terminal
leaf width and terminal leaf ratio) and for B) three morphological variables (i.e., terminal leaf
length, terminal leaf width and terminal leaf ratio).
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Figure 3. Principal component analysis (PCA) performed on four morphological variables
(i.e., leaf stalk length, terminal leaf length, terminal leaf width and terminal leaf ratio) for
the 6 groups [group 1 (red), group 2 (blue), group 3 (purple), group 4 (green), group 5
(brown) and group 6 (light blue)] extracted from the cluster analysis.
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Figure 4. Box plots performed on the four morphological varia-

Terminal leaf ratio
"

RETTT

1 2 3 4 5 6
GROUP

bles for the six groups extracted from cluster analysis.

Generally, all the six groups statistically differentiated for
all the four variables except for the group 1 and 4 for the
variable “leaf stalk length”, for the groups 3 and 5 for
the “terminal leaf length” and the “terminal leaf width”.
Meanwhile, resulted few statistically significant differen-
ces between groups for the variable “terminal leaf ratio”.

Three morphological variables (5 groups)

Figure 5 shows the PCA performed on three morpho-
logical for the five groups (1, 2, 3, 4 and 5) extracted from
the cluster analysis. The interactions among the morpho-
logical variables and the five groups were highlighted by
the convex hulls. In this case, the five groups resulted
well separated on the first axes PC1 (explained variance
equal to 67.8%) and in particular with the trend (from low
to high values of terminal leaf length and terminal leaf

Table 2. Results of analysis of variance (ANOVA; p<0.05) performed on the four morphological variables (i.e., leaf stalk length,
terminal leaf length, terminal leaf width and terminal leaf ratio) for the six groups extracted from cluster analysis.

Four morphological variables (6 groups)

1 2 3 4 5 6
Leaf stalk length 45.00£9.022 30.20+6.72b 58.06+8.05¢ 43.36+9.00° 36.05+6.11¢ 53.73+11.63¢
Terminal leaf length 111.81+7.44* 37.05+9.81° 91.21+8.80° 69.81+8.85¢ 90.82+6.63*  139.58+17.86¢
Terminal leaf width 73.49+7.58° 16.71+4.14° 62.68+8.17° 51.6248.44¢ 62.16+6.94° 91.85+9.05¢
Terminal leaf ratio 1.54+0.18° 2.25+0.43¢ 1.48+0.25%® 1.39+0.27* 1.48+0.20® 1.53+0.19°

Different letters in the same row denote significant differences among samples means (p < 0.05).
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Terminal leaf ratic 44

PC2(31.2%)

Termingl leaf lenghtonmms
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Figure 5. Principal component analysis (PCA) performed on three morphological variables (i.e.,
terminal leaf length, terminal leaf width and terminal leaf ratio) for the 5 groups [group 1 (red),
group 2 (blue), group 3 (purple), group 4 (green) and group 5 (brown)] extracted from the cluster

analysis.

width and from low to high value of terminal leaf ratio) of
groups 4, 2,3, 1 and 5.

Figure 6 reports the box plots performed on the three
morphological variables. Also here, as in Fig. 4, it was
observed that the five groups resulted to be all similar
only for the terminal leaf ratio. Table 3 shows the results
of ANOVA performed on the three morphological varia-
bles for the five groups extracted from cluster analysis.
Also in this case, all the five groups presented statistically
significant differences for all the variables except for the
“terminal leaf ratio”.
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Figure 6. Box plots performed on the three morphological va-
riables for the five groups extracted from cluster analysis.
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Classification

It has been chosen to classify with the MLP model
only the three morphological variables (i.e., terminal leaf
length, terminal leaf width and terminal leaf ratio) sin-
ce from the results of the statistical analysis (i.e., PCA),
the groups extracted from clustering were more separated
than in the four morphological variables one with a bet-
ter statistically significant differences for all the variables
(i.e., ANOVA).

Table 4 reports these results about the performances
of the MLP model (training and test) to predict the classi-
fication of the five groups. The best model resulted to be
constructed with 6 nodes. The percentages of bad predic-
tion in both training and testing resulted equal to 0% (0%
incorrect). In addition, the training time was of 00:19:59.

Table 5 reports the confusion matrices for both the
training and the test set of the MLP model. The accura-
cy (number of TPR and FPR divided by total number of
cases) resulted equal to 1. To better analyze the model,
10,500 random trials were run. The training set size/to-
tal number of samples ratio varied between 0.75 and 0.85
(step of 0.5) and each time 500 trials were run, the da-
taset was reshuffled. For each trial the ROC curve was
calculated. The curves obtained by averaging the results
are reported in Figure 7 for each class. The mean AUC
value for each class was also calculated and reported in
Table 6 together with the relative standard deviations.
Generally, the 10,500 AUC values resulted strictly < 1.
However, being their distribution highly asymmetric, the
sum of the standard deviation and the mean value were >
1 for four classes out of five.
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Table 3. Results of analysis of variance (ANOVA; p<0.05) performed on the three morphological variables
(i.e., terminal leaf length, terminal leaf width and terminal leaf ratio) for the five groups extracted from

cluster analysis.

Three morphological variables (S groups)

1 2 3 4 5
Terminal leaf length ~ 119.89+7.38*  79.03£8.53°  97.99+7.35¢  41.91£12.20¢ 156.98+16.03¢
Terminal leaf width 80.00+£7.86*  56.61+£7.46°  65.82+7.18° 22.06+10.21¢  98.18+7.87°
Terminal leaf ratio 1.51+0.15%® 1.42+0.24* 1.5140.22® 2.07+0.51¢ 1.61£0.22°

Different letters in the same row denote significant differences among samples means (p < 0.05).

Table 4. Characteristics and principal results of the multi-layer
perceptron (MLP) (training and internal test) to classify the five
groups extracted from the cluster analysis considering the three
morphological variables (i.e., terminal leaf length, terminal leaf
width and terminal leaf ratio)

Training (80%)
Number of cases 320
Training time 00:19:59
Number of trials 1,534,909
Bad predictions 0%
Testing (20%)
Number of cases 80
Bad predictions 0%

Table 5. Confusion matrices for both training and internal test
of the results of the multi-layer perceptron (MLP) to classify the
five groups extracted from the cluster analysis considering the
three morphological variables (i.e., terminal leaf length, termi-
nal leaf width and terminal leaf ratio).

1 2 3 4 5
Confusion matrix (training)
1 50 0 0 0 0
2 0 108 0 0 0
3 0 0 130 0 0
4 0 0 0 22 0
5 0 0 0 0 10
Confusion matrix (testing)
1 14 0 0 0 0
2 0 23 0 0 0
3 0 0 36 0 0
4 0 0 0 5 0
5 0 0 0 0 2
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Figure 8 shows the variable impact on the MLP model
underlining that the “terminal leaf length” returned the
higher impact (44.89%) for the five groups classification.
This variable was followed by “terminal leaf width” and
the “terminal leaf ratio” (38.97% and 16.14% respecti-
vely) which also have a high impact.
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Figure 7. A) Receiver operating curves (ROC) [obtained by
plotting the true positive rate (TPR) against the false positive
rate (FPR)], averaged over 10500 random trials, for the five
classes extracted from cluster analysis considering only the test
set of the three morphological variables, after binarization (one
class versus the rest of classes). B) Zoom of the ROC curves in
the range of TPR [0.8:1].
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Table 6. Mean area under the curve (AUC) values, and relative standard deviations, for the five classes extracted from cluster analy-

sis considering the test set of the three morphological variables

Class 1 Class 2 Class 3 Class 4 Class 5
Mean AUC value 0.9768 0.9812 0.9895 0.8083 0.4562
St. dev. 0.0920 0.0300 0.0285 0.3264 0.3992
Variable Impact Analysis The pistachio morphological characterization follows
o e ms owms ms s mm s the IPGRI protocols, which are time consuming because

Terminal leaf length 44.89%

Terminal leaf width

3B.97%

Terminal leaf ratio 16.143%

Figure 8. Variable impact analysis in the multi-layer perceptron
(MLP) (training and internal test) to classify the five groups ex-
tracted from the cluster analysis considering the three morpho-
logical variables.

Discussion

Generally, the automatic classification of size clas-
ses basing on the contemporary combination of different
morphological traits (i.e., leaf stalk length, terminal leaf
length, terminal leaf width and terminal leaf ratio) could
be a valid and efficient instrument for the germplasm
collection researches. As reported by Sun et al. (2012)
shape, in terms of length, width, volume or ratios is a cru-
cial aspect to identify species, and cultivar authenticity.
The IPGRI located particular emphasis to collect, conser-
ve and promote the utilization of the world’s plant germ-
plasm (Ayad, 1986). As reported by Chatti et al. (2017)
for pistachio, being leaf an important growing organ, it
could be used to classify different species and to discrimi-
nate among varieties. In particular leaf stalk length, termi-
nal leaf length, width and ratio are highly discriminating
quantitative characters which are continuously variable;
so, they could be measured in a group of plants and re-
corded in scales, to assess phenotypes and discriminate
among varieties.

Certification systems based on the technical protocols
of the UPOV (at international level) and Community
Plant Variety Office (CPVO, at European one), identify
appropriate characteristics for variety description set out
in visual charts (e.g., specific technical protocols or tech-
nical protocols for different crops specie) and objective
measurable observations against a calibrated linear scale,
made on a large varietal collection.
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a lot of traits must be separately considered. This required
the collection of a high number of descriptors resulting
time consuming. This aspect could be by-passed automa-
tically establishing size classes in crops specie. As also re-
ported in the study of Lootens et al. (2013), where chicory
roots morphological traits were studied using elliptic Fou-
rier descriptors, finding that it is possible to objectively
use the root shape also to characterize varieties.

The importance of automatically establishing size clas-
ses of a pistachio germplasm collection basing on diffe-
rent morphological leaf variables (i.e., leaf stalk length,
terminal leaf length, terminal leaf width and terminal leaf
ratio) simultaneously and not only separately, was one of
the fundamental aspects of this study.

In our study we adopted a similar approach based
on different morphological leaf variables (i.e., leaf stalk
length, terminal leaf length, terminal leaf width and termi-
nal leaf ratio) simultaneously and not only separately. The
aim was to adopt a rapid and quantitative non-hierarchic
clustering classification (k-means), already experimented
for the extraction of almond shape classes in the study of
Antonucci et al. (2012), in combination with the use of
an algorithm of the artificial neural network (MLP). Mo-
reover, an automatic leaves image selective classification
system was presented by Arribas et al. (2011) to discrimi-
nate among sunflower crops using neural networks.

In particular, when the four morphological variables
(i.e., leaf stalk length, terminal leaf length, terminal leaf
width and terminal leaf ratio) were considered, the clus-
ter analysis extracted six weakly differentiated groups;
meanwhile considering the three morphological variables
(i.e., terminal leaf length, terminal leaf width and termi-
nal leaf ratio) the analysis extracted five groups more sta-
tistically differentiated. These results indicated that the-
se three morphological variables can be used to classify
groups of leaf size classes with the MLP.

This method could be generalized for germplasm
collections of different fruits and morphological traits,
just taking into consideration a very important variable,
i.e. the occurrence of leaf variations under different eco-
logical conditions and environmental factors which could
induce structural variations (Belhadj et al., 2007). Quan-
tifying the shape in its multivariate and multidimensio-
nal complexity is a very important aspect for a quality
grading in the industry (Sun et al., 2012; Lootens et al.,
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2013). In addition, the selection of suitable pistachio phe-
notypes, basing on specific morphological traits which
reflect different environmental and soil conditions and
diseases, are important for increasing yield efficiency and
the property of this important crop (Karimi et al., 2009).

In this study, the contemporary combination of di-
fferent morphological leaf traits (i.e., leaf stalk length,
terminal leaf length, terminal leaf width and terminal
leaf ratio) recorded on the pistachio germplasm collec-
tion, allowed to create an automatic classification of
size classes of great importance for cultivar identifica-
tion and comparison. The proposed quantitative metho-
dology is rapid, non-hierarchic and provides k-clusters
successfully used for pistachio leaf size classification,
representing a practical efficient instrument in many di-
fferent research fields, such as genetics and agronomy.
At k=5 (three morphological variables) the system per-
formed better than k=6 (four morphological variables),
because the five groups extracted from cluster analysis
resulted well separated and presented statistically sig-
nificant differences for all the variables except for the
“terminal leaf ratio”.
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