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NIR spectroscopy and physical properties derived from image analysis were evaluated as potential features for
the classification of seed kernels from two pine nut species (P. pinea L. and P. sibirica Du Tour) using Partial Least
Squares Discriminant Analysis (PLS-DA). Model performances were evaluated in terms of specificity, sensitivity
and accuracy. Data pre-treatments were essential for achieving excellent performances (accuracy rate > 95%) in
all tests. The interval PLS-DA highlighted that the most important features for (1) the NIR method were the
absorption bands at 1640-1658, 1720-1738 and 1880-1998 nm, while for (2) the image analysis were kernel

eccentricity, kernel major axis length, kernel lightness (L*) and kernel perimeter. The results demonstrate po-
tential of both techniques for discriminating the two pine nut species.

1. Introduction

Pine nuts are edible seeds harvested from pinecones (family Pina-
ceae, genus Pinus) commonly used in cuisines worldwide. Although
generally referred to as nuts, they are in fact classified as seeds with the
edible part (the embryo) surrounded by a hard shell. While unshelled
pine nuts have a long shelf life if kept dry, shelled nuts deteriorate
rapidly and are susceptible to rancidity. Pine nuts have been harvested
for human consumption since prehistoric times (Awan and Pettenella,
2017). Both naturally occurring stands and cultivated plantations of
pine species are found in Asia, Europe, the Near East and North America
(Nergiz and Donmez, 2004). About 20 species are harvested in signifi-
cant quantities, the most important for human consumption being
P. pinea L. (Mediterranean stone pine), P. koraiensis Siebold & Zucc.
(Korean pine), and P. sibirica Du Tour (Siberian pine). Nuts from the pine
species Pinus pinea L. (commonly named Mediterranean stone pine or
Italian stone pine) have long been an important component of the
Mediterranean diet.

Pine nuts are a small (<1%) but rapidly growing segment of the
global tree nut market. In fact, over the three-year period between
2015/2016 and 2018/2019 global production nearly doubled from
around 18,600 metric tons to 34,000 metric tons (INC, 2017; Statista,

2019). Because the demand always exceeds the supply; prices vary
widely by region (Sharashkin and Gold, 2004), and have been reported
as high as 100 €/kg (retail) (Calama et al., 2016). Production costs are
high in Europe due to multiple factors. Intensive manual labour is
required for collection of cones and for separating the nuts from the
shells, as no automated methods have yet been developed. Climate
change has contributed to declines in pine nut production, which is also
due to the spread of the western conifer seed bug (Leptoglossus occi-
dentalis Heidemann) with the fungus Diplodia sapinea in some Mediter-
ranean countries. Furthermore, local supplies are also insufficient to
meet demand in North America (Awan and Pettenella, 2017; Parks,
2017; Vanhanen and Savage, 2013). Thus, most pine nuts are imported
from China, Korea and Pakistan, with China being the main exporting
country with 78% of total exports (INC, 2017).

The chronic global shortage of pine nuts from the traditional species,
especially P. pinea, has led to introduction into the marketplace of nuts
of other species, mostly but not exclusively P. sibirica and P. koraiensis
from China (Ballin, 2012; Loewe et al., 2017). The latter nuts are sold in
local markets at lower prices and are not easily distinguishable from
P. pinea by consumers, even though they have different flavour, shape
and size (Evaristo et al., 2010). In fact, while significant differences exist
in price and quality of nuts from different species, this is not transparent
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to consumers since they are not reported on product labels (Awan and
Pettenella, 2017; Mutke et al., 2012). Tracking information for nut
production and distribution streams is not well maintained as processing
centres lose track of points of origin (Awan and Pettenella, 2017; Mutke
et al., 2012). Most nuts exported from China have their origins in other
countries (Sharashkin and Gold, 2004). Shipping documents often lack
product status details such as whether they are cones, unshelled pine
nuts, or shelled kernels (Awan and Pettenella, 2017; Sharashkin and
Gold, 2004), making the tracing of product origins difficult. Given the
difficulty of product tracking coupled with visual similarities between
species, the likelihood of product adulteration (undeclared mixing of
lower value product with high value product) is high. For pine nuts, the
issue of adulteration has been recently elevated to a health issue as well
as an economic issue because of the occurrence dysgeusia, or Pine Nut
Syndrome (PNS) in which consumers can experience a strong metallic or
acid aftertaste that lasts up to 14 days in most cases but can last as much
as 42 days in extreme cases (Awan and Pettenella, 2017). PNS has been
linked to P. armandii Franch (Awan and Pettenella., 2017), its subspecies
and other varieties, (Matthaus et al., 2018; Mikkelsen et al., 2014).

Given the economic and potential health impacts of undeclared
mixing of pine nut species for consumer consumption it would be ad-
vantageous to develop methods to identify nut origins at all points of
distribution (Loewe et al., 2017). Traceability has the potential to
improve product quality and safety, provide geographic identification,
and hinder black market trade. Finally, it would facilitate organic cer-
tification labelling (Mutke et al., 2012).

The use of NIR spectroscopy to detect adulteration in food products is
widely reported and reviews of this research are available in the liter-
ature (Valand et al., 2020). NIR spectroscopy has also been reported as
one potential method for tracing product origins, although available
literature, especially for pine nuts, is limited. Tigabu et al. (2005) used
NIR to trace the origins of seeds of Scots pine (Pinus. Sylvestris L.) for
reforestation purposes. Loewe et al. (2017) used NIR spectroscopy for
the discrimination of Mediterranean stone pine nuts from Chilean
plantations. To the best of our knowledge, these are the only reported
studies using NIR spectroscopy to discriminate the origin of pine nuts,
while no literature on the image analysis of pine nuts is available.

The objective of this research is to assess the potential use of both
NIR spectroscopy and image analysis for the discrimination of pine nuts
species of different geographical ranges and cultivations.

2. Materials and methods
2.1. Sample preparation

Whole, dried and decorticated pine nuts kernels of species certified
as P. pinea L. and P. sibirica Du Tour were obtained either from local
markets (batches 1 to 5) or provided by the BIOSIC company (Viterbo,
Central Italy) (batches 6 to 9), respectively (Table 1). Batches from
different production areas were selected so that trained classification
models would be insensitive to geographical origins, as well as to
minimize the selection bias and secure chemical and physico-chemical

Table 1
List of the batches arranged into classes (i.e. pine nut species), which were used
for the experimental activity.

Species Class Batch # Packaging Country

Pinus pinea L. 1 Italy

Spain

Unknown

Italy

Italy

China

Russia, Altai
Russia, far east
Russia, Buryatia

Pinus sibirica Du Tour 2

O ONO U A WN -
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representativeness to a large extent. One hundred samples (i.e. ker-
nels) from each batch were randomly selected and assigned as either
‘Class I' (P. pinea L.) or ‘Class I’ (P. sibirica Du Tour). Selection was
performed manually by removing kernels with discoloration, infesta-
tion, infection or other visually apparent flaws. The ‘Class I’ and ‘Class II’
groups were thus composed of 500 and 400 kernels, respectively.

2.2. Spectral acquisition

A Luminar 5030 Acousto-Optic Tunable Filter-Near Infrared (AOTF-
NIR) Miniature ‘Hand-held” Analyzer coupled with the bundled ‘SNAP!
2.04’ software (Brimrose Corp., Baltimore, USA) was used to acquire
NIR spectra. The analyzer was equipped with reflectance post-dispersive
optics, a pre-aligned dual beam lamp assembly (5 W halogen lamp), and
an indium gallium arsenide (InGaAs) array (range 1100-2300 nm, 2 nm
resolution) with an integrating time of 60 ms. The instrument was
allowed to warm up for at least an hour to reach a stable state before the
use. The reference spectrum was automatically measured by the second
detector of the instrument, which was a dual-beam spectrophotometer
(Moscetti et al., 2016). Because each NIR measurement of the instru-
ment covers only a single point, each sample was measured on opposite
sides of the kernel in order to acquire more representative data. Diffuse
reflectance spectra were transformed into absorbance (A = logyg R’l)
and the average spectrum of each kernel was used for further
computations.

2.3. Spectral pre-treatments

NIR spectra quite often suffer from problems of unwanted spectral
variations and baseline shifts. In the present study the most common
baseline correction methods (i.e. standard normal variation, SNV; mul-
tiplicative scatter correction, MSC; and Savitzky-Golay derivative) were
tested to evaluate the presence of light scattering, which can be detri-
mental to quantitative/qualitative analysis and lead to inaccurate re-
sults. In a solid matrix, light scattering can be related to the variability in
refractive index, morphology (e.g., surface roughness) and density of
sample. SNV and MSC methods mathematically differ but are similar in
their outcomes. The Savitzky-Golay first, second or third derivative (i.e.
D1f, D2f and D3f, respectively) were used alone or in combination with
SNV/MSC for its capability of improving the baseline correction as well
as resolving overlapping bands, as resolution enhancement method.
Each derivative pre-treatment employed a second or third order poly-
nomial fitted over a window of five, seven, nine, or eleven features
(Moscetti et al., 2017) with the aim of improving the signal to noise ratio
of the spectra. The narrowest window size (i.e. filter length of 3 features)
was excluded to circumvent noise inflating of the original spectrum due
to derivative calculation. The highest window size was set to 11 to avoid
rounding-off of the peaks and troughs, which happens when the filter
length is too wide. Every possible combination of these spectral pre--
treatments was tested and only the best model, in terms of performance
metrices, was retained. Finally, spectral data were mean centered.

2.4. Image acquisition and image segmentation

Allowing for the exploratory nature of this research activity, a
flatbed scanner was chosen as the imaging acquisition system as it is
better suited for scanning still images than a digital camera, which is
more suitable for high-speed applications (Sun, 2020). Thus, digital
colour images of the kernels were acquired one batch at a time (i.e. 100
kernels per scan) using a CM2320nf (Hewlett-Packard, Palo Alto, USA)
flatbed scanner with VueScan 9.2.11 Professional Edition software
(Hamrick Software, Phoenix, AZ, USA). The scanner was profiled using
the Colour Checker Passport target (X-Rite Ltd., U.K.). Each batch was
scanned three times and averaged for the final image. The scan was
performed only on one side of the sample because (1) all selected nuts
were free from apparent visually flaws and discolouration and (2) to
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avoid redundant data from spatial features. Each scan was conducted
with the following parameters: resolution of 2466 x 3498 pixels (240
dpi); 48-bit colour intensity resolution (16 bits per RGB channel), and;
Digital Negative (DNG) raw file format. Each DNG image was colour
corrected by applying the scanner profile through the Camera Raw 6.0
software (Adobe Systems Inc., San Jose, CA) then saved in Tagged Image
File format. Finally, image segmentation was performed by dis-
tinguishing kernels from the image background using a custom script
written in Python 3.7.0 coupled with OpenCV 3.4.1, employing Otsu’s
binarization for clustering-based image thresholding (OpenCV, 2020).

2.4.1. CIELab colour measurements

The custom script also extracted the average colour data from each
kernel. Specifically, the ‘cvtColor ()’ function of the OpenCV library was
applied for RGB-to-CIELab colour space conversion. CIELab was chosen
as a uniform colour space and then as a coordinate system in which
perceived colour differences correspond to Euclidean distances. Thus,
results were expressed in terms of lightness (L*), red/green colour (a*),
yellow/blue colour (b*), hue angle (h) and chroma (C*) (Moscetti et al.,
2013a). Moreover, the CIE 1976 colour difference (AE* = [AL*2 + Aa*?
+ Ab*%12) was computed to evaluate how much the two species
deviated from each other in terms of pine nut colour. Its value was
expressed according to the evaluation scale used by Cecchini et al.
(2011): imperceptible (AE* < 1), minimal (1< AE* < 2), just perceptible
(2 < AE* < 3), perceptible (3 < AE* < 5), strong difference (5 < AE* <
12) and different colour (AE* > 12).

2.4.2. Shape and size measurements

Kernel perimeter (mm), major and minor axis lengths (mm), surface
area (mm?) and eccentricity were extracted from each image using the
‘regionprops ()’ function (Matlab R2015a ‘Image Processing’ toolbox).
The kernel perimeter was computed as the sum of the distances between

Table 2
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adjacent pixels around the edge of the kernel. Major and minor axis
lengths were computed on the ellipse with the same normalized second
central moments (rotational inertia) of the kernel region. Area was ac-
quired by calculating the number of pixels in the kernel, and eccentricity
was computed as the ratio of the distance between the ellipse foci and
the major axis length. Size and shape parameters were converted from
pixel to metric unit (mm) based on the reference embedded in the Colour
Checker Passport target (X-Rite Ltd., U.K.). In total, 10 features based on
imaging data were extracted from each kernel image as features for
classification models (Table 2).

3. Imaging features were scaled before model development
3.1. Classification models development

Spectral-based and imaging-based classification models were devel-
oped separately using Partial Least Squares Discrimination Analysis
(PLS-DA) through the SIMPLS algorithm (de Jong, 1993). PLS-DA seeks
linear combinations of the original independent variables with the
ability to discriminate data classes while discarding irrelevant and un-
stable information and solving collinearity issues. In addition, Interval
PLS-DA (iPLS-DA) was used to select subsets of features which could still
achieve good prediction results (Xing and Guyer, 2008). The iPLS-DA
algorithm used the stepwise forward mode to select a maximum of 10
intervals of 10 features each for spectral model and 10 intervals of 1
feature each for imaging model. The number of the interval which
provides the lowest RMSECV was selected by the algorithm, allowing to
circumvent under-/overfitting problems. Both selectivity ratio and
B-coefficient were computed to assess the relative contribution of each
feature or subset of features to the performance of each model (Rajalahti
etal., 2009). The larger the selectivity ratio and/or the absolute value of
B-coefficient, the more useful the given feature is in classification.

Summary of descriptive statistics of the imaging features of pine nuts from P. pinea L. and P. sibirica Du Tour species. Mean values belonging to the same factor without

common letters are statistically different according to HSD (P < 0.05).

Factor Minimum Q1° Median Mean Q3" Maximum SE®
Lightness (L*)

P. pinea 74.09 81.19 82.48 82.23 a 83.59 86.78 0.08
P. sibirica 72.54 77.87 78.66 78.62 b 79.41 83.64 0.08
Red/green colour (a*)

P. pinea —1.88 0.39 0.70 0.71 a 1.05 3.36 0.02
P. sibirica -1.81 —0.35 0.18 0.20 b 0.73 3.15 0.05
Yellow/blue colour (b*)

P. pinea 11.28 15.13 16.32 16.95 b 17.94 30.91 0.12
P. sibirica 11.38 16.68 18.95 19.89 a 23.16 35.34 0.25
Hue angle (h)

P. pinea 81.89 86.43 87.54 87.58 b 88.64 94.74 0.07
P. sibirica 80.44 87.68 89.46 89.15 a 90.95 94.11 0.14
Chroma (C*)

P. pinea 11.29 15.16 16.34 16.97 b 17.97 30.92 0.12
P. sibirica 11.39 16.72 18.97 19.91 a 23.17 35.36 0.25
Perimeter (mm)

P. pinea 17.83 27.82 29.90 29.94 a 31.99 39.36 0.13
P. sibirica 16.99 20.68 22.31 23.30 b 25.81 34.57 0.20
Surface area (mm?)

P. pinea 21.82 45.83 52.54 52.98 a 60.10 82.56 0.42
P. sibirica 19.98 29.83 34.40 37.52 b 44.24 70.02 0.58
Eccentricity

P. pinea 0.79 0.89 0.91 0.90 a 0.92 0.96 1.2E-03
P. sibirica 0.55 0.76 0.80 0.79 b 0.83 0.94 3.5E-03
Minor axis lenght (mm)

P. pinea 3.73 4.90 5.30 5.32 ns 5.73 7.21 0.03
P. sibirica 3.71 4.85 5.21 5.34 ns 5.78 7.32 0.04
Major axis lenght (mm)

P. pinea 7.07 11.69 12.72 12.75 a 13.79 18.02 0.07
P. sibirica 6.62 7.75 8.63 8.93 b 10.15 15.38 0.09

@ First quartile.
b Third quartile.
¢ Standard error, ns = no significant difference.
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In a first step, samples (spectra or images) for each class were
randomly split between calibration set (75% or 675 kernels) and pre-
diction set (25% or 225 kernels). As PLS regression performs a dimen-
sionality reduction, it is essential to test the model and select the correct
number of latent variables to find the optimal trade-off between under-
fitting and over-fitting. Thus, a model optimization was conducted using
venetian blinds cross-validation with 10 data splits. Root Mean Square
Error for calibration, cross-validation and prediction calculations
(RMSEC, RMSECV and RMSEP, respectively) were used to evaluate each
discriminant model with the purpose of selecting the optimal number of
latent variables and, thus, to circumvent unrealistic results (Moscetti
et al., 2015). In a second step, the prediction set was used to give an
independent assessment of the accuracy, precision and robustness of the
calibration model, following the criteria contained in the adopted vali-
dation guidelines (Broad et al., 2006). The Hotelling’s t-squared and Q
residuals were used in combination to identify potential outliers of each
given model. Chemometrics was performed using Matlab software
R2015a coupled with PLS_Toolbox software v8.1 (Eigenvector Research
Inc., WA, USA).

The classification performance of selected models was tested in terms
of sensitivity (Eq. (1)), selectivity (Eq. (2)) and accuracy (Eq. (3))
(Dejaegher et al., 2011). While accuracy rates are correlated with model
predictivity, sensitivity and specificity rates are generally used to eval-
uate robustness (i.e. the capability of the model to resist to small changes
in test conditions).

True Positives

Sensitivity rate = 1
4 True Positives + False Negatives M

True Negatives

(2)

Selectivity rate =

False Positives + True Negatives

True Positives + True Negatives
Total Positives + Total Negatives

3

Accuracy rate =

3.2. Moisture content analysis

Moisture content was measured following the official oven-drying
method ‘Moisture in Dried Fruits’ - AOAC 934.06. Results were ob-
tained at batch level and expressed as a percentage by mass (grams per
100 g) (Horwitz, 2005). The analysis was performed with the aim of (i)
assessing the potential difference in terms of moisture content between
classes and (ii) evaluating the impact of moisture content on developed
NIR models, as it is well known that NIR spectroscopy is sensitive to the
water content of a food matrix.

3.3. Data handling and data analysis

One-way analysis of variance (ANOVA) was performed to evaluate
statistical differences between classes in terms of moisture content,
colour as well as shape and size. The Tukey’s pairwise comparison
method was performed, and the Honestly Significant Difference (HSD)
was calculated for an appropriate level of interaction (P < 0.05). Results
were reported as the mean and standard error of the mean. Data
handling and ANOVA were both performed using R v3.3.3 software in
combination with ‘dplyr’ v0.5.0 and ‘agricolae’ v1.2-4 R-packages
(CRAN, 2017).

4. Results and discussion
4.1. Data overview
4.1.1. Spectral data
Although visual inspection of the spectra is not sufficient to distin-

guish kernels from different species, their graphical overview may help
understanding spectral differences between classes. Fig. 1 thus
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illustrates the mean absorbance spectra of pine nuts from P. pinea and
P. sibirica in the full NIR spectral range from 1100 to 2300 nm both
without (a) and with (b) the best spectral pre-treatments. The best
classification performance was obtained following spectral pre-treat-
ments of SNV (standard normal variate) in combination with 1st order
derivative of 2nd order polynomial over window 9, regardless of the
classification algorithm used (i.e. PLS-DA or iPLS-DA). It means that the
classification model was negatively affected by light scattering, while
improved by noise filtering and unravelling overlapping bands. The PLS-
DA model was based on the first two latent variables that were able to
capture much of the variability between species. In the same Figure, the
10-feature intervals selected by the iPLS-DA algorithm are also showed.
Each interval represents a window of 10 adjacent features which gave
superior prediction over those obtained using all variables in the spec-
tral data set.

4.1.2. Imaging data

Summary statistics and ANOVA results for image-based features are
shown in Table 2. Lightness, hue angle, chroma, yellow/blue colour and
red/green colour of kernels showed significant variation between spe-
cies (P < 0.05) with higher values of lightness and red/green colour for
P. pinea and higher values of hue angle, chroma and yellow/blue colour
for P. sibirica. In other words, P. sibirica showed a yellower and vivid, but
darker colour than P. pinea. This colour difference between the two
species can be detectable by human eye as corroborated by the AE*,
which assumed an average value of 4.68 (i.e., 3 < AE* < 5, perceptible
difference of colour) and ranged from a minimum of 1.55 (i.e., 1 < AE*
< 2, minimal difference of colour) to a maximum of 26.37 (i.e., AE* >
12, different colours).

Kernel shape and size were significantly different (P < 0.05) in terms
of perimeter, major axis, eccentricity and area, although the minor axis
did not significantly differ between the two species. Thus, P. pinea was
bigger and more elliptical (i.e. higher eccentricity) then P. sibirica.

While discrimination based on imaging techniques have been widely
reported for many commodities including walnuts (Calama et al., 2017;
Ercisli et al., 2012; Huang et al., 2016; Kuo et al., 2016; Liu et al., 2015;
Lurstwut and Pornpanomchai, 2018; Menesatti et al., 2008; Pallottino
et al., 2009; Rodriguez-Pulido et al., 2012; Wu et al., 2018; Zhang et al.,
2016), none have been reported involving pine nuts making comparison
to this study problematic.

4.2. Classification models

4.2.1. Prediction models based on NIR spectral data

Fig. 2a and b shows score plots derived from the PLS-DA and iPLS-DA
models, respectively, for the prediction set. Good separation between
classes was observed for both models (species). No outliers were
detected for either classification model. Models affected by outliers were
discarded due to low classification performances which were the result
of the lack of proper selection of data pre-treatments and number of
latent variables. Table 3 showed the performance metrices of both
models. PLS-DA yielded 10 misclassifications versus 6 for iPLS-DA,
corresponding to very good accuracy rates equal to 96% and 98%,
respectively. For PLS-DA, 80% of misclassifications were for P. pinea and
this increased to 100% for the iPLS-DA model. This suggests that derived
models intending to evaluate the purity of P. pinea product might tend to
have higher false negative (P. pinea misclassified; 1- sensitivity) than
false positive results (P. sibirica misclassified; 1- specificity).

Misclassifications might be related to variances among features
within each class or noise. Higher accuracy for iPLS-DA is not unex-
pected since it uses feature regions rather than discrete features (i.e.
wavebands rather than wavelengths) thereby focusing on important
spectral regions and removing interference from other regions (Xiaobo
et al., 2010).

The PLS-DA model was characterized by 2 latent variables, while
iPLS-DA only by one. The observed decrease in number of latent
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Fig. 1. Mean raw (a) and pre-treated (b) absorbance spectra for both P. pinea L. and P. sibirica Du Tour species. Spectral pre-treatment consisted of the Standard
Normal Variate scatter correction followed by the 1st derivative Savitzky-Golay filter with 9-smoothing points. The vertical straight stripes represent the 10-features
intervals at 1640-1658 nm, 1720-1738 nm and 1880-1898 nm selected by the iPLS-DA algorithm.
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variables is quite common after variable selection, further reducing the
complexity of models and making it easier to interpret. Therefore, it is
also important to consider that a single latent variable may not be
enough to allow a model to exploit all the available information, leading
to the risk of underfitting. In our case, the choice for a single latent
variable for the iPLS-DA model was driven by cross-validation, which
proved that the additional latent variables did not significantly improve
model performance.

To evaluate the contribution of each individual feature on the PLS-
DA model two diagnostic methods were computed and compared: (i)
the selectively ratio (Fig. 4a) and (ii) the B coefficients (Fig. 4c).
Conventionally, features with B coefficients larger than +2 times stan-
dard deviation of the regression vector were selected as important
wavebands. Based on this, spectral regions around 1644, 1722 and 1858
nm were ranked as the most useful. However, this approach may lead to
selecting or ignoring features with low or high contribution to the
model, respectively (Rajalahti et al., 2009). Consequently, the selec-
tivity ratio was also computed for its capability to highlight important
features by combining predictive power (p-coefficients) with explana-
tory power (variance/covariance among features). Using this new
diagnostic method, the cut-off ratio between the explained and the

residual variance was computed and features above the cut-off were
recognised as important for the model. In fact, the results indicated that
the absorption bands in the regions around 1270, 1410-1450,
1550-1630, 1720 and 1870 nm had the highest selectivity ratio (up to
6.42), i.e. highest contribution to the model. However, below ~1250
nm, between 1724 and 1866 nm, as well as beyond ~1900 nm observed
selectivity ratios were lower than the cut-off, suggesting a lower
contribution to the model.

The iPLS-DA algorithm iteratively selected 10-feature intervals
which provided the lowest model root-mean-square error of cross-
validation (RMSECV). Accordingly, the absorption bands were: (i)
1640-1658 nm, (ii) 1720-1738 nm and (iii) 1880-1898 nm. These
bands partially corresponded to the marker wavelengths selected
through the selectivity ratio and, in general, are associated with the (i)
lipids, (ii) proteins and (iii) carbohydrates, as well as moisture (Loewe
et al., 2017; Tigabu et al., 2005; Workman and Weyer, 2008).

Absorption peaks have been reported in different NIR spectral re-
gions of agricultural commodities and attributed to a variety of molec-
ular processes. For instance, Loewe et al. (2017) reported that
absorption peaks observed at 1200, 1500, 1720, 1760, 1940 and 2350
nm in spectra of Mediterranean pine nuts grown in Chile corresponded
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Table 3
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Summary of performance metrics for classification algorithm (i.e. PLS-DA and iPLS-DA) complexity which gave the best results for both analytical methods used in the
experimentation (i.e. NIR spectroscopy and image analysis). The pre-treatments associated to each model were applied in combination.

Method Algorithm  Features Data pre-treatments LVs' Sensitivity Specificity Accuracy
sc* Savitzky-Golay filter n.  Variance (& cvh P C Ccv P C Ccv P
Derivative ~ Smoothing ()
points
NIR PLS-DA" Whole SNV D1f 9 2 54.28 0.96 0.96 0.95 0.99 0.98 0.97 0.97 0.97 0.96
spectrum
iPLS-DA” 1) 1640-1658 SNV D1f 9 1 90.29 0.98 0.98 0.96 0.99 0.99 1.00 0.98 0.98 0.98
nm
2) 1720-1738
nm
3) 1880-1898
nm
Imaging  PLS-DA All imaging 4 83.98 0.95 0.95 0.98 0.97 0.97 0.99 0.96 0.96 0.98
features
iPLS-DA 1) Lightness 1 52.89 0.95 0.95 0.97 0.97 0.97 0.97 0.96 0.96 0.97
@)
2) Red/green
(@*)
3) Hue angle
1)
4) Eccentricity
5) Major Axis
Length
€SP, Savitzky-Golay smoothing points.
@ PLS-DA, Partial Least Squares Discriminant Analysis.
b iPLS-DA, Interval Partial Least Squares Discriminant Analysis.
¢ SC, Scatter Correction method.
4 SNV, Standard Normal Variate.
f LVs, number of Latent Variables.
8 C, calibration.
h CV, cross-validation.
i p, prediction.
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Fig. 3. Spatial distribution plots obtained from PLS-DA (a) and iPLS-DA (b) models developed using imaging features of the prediction set. Red point with cyan
outline corresponds to false positive error (i.e. P. sibirica sample erroneously classified as belonging to P. pinea). Cyan point with red outline corresponds to false
negative error (i.e. P. pinea sample erroneously classified as belonging to P. sibirica). (For interpretation of the references to colour in this figure legend, the reader is

referred to the Web version of this article.)

to the most important wavebands for discrimination of product origin.
The importance of these bands in derived classification models was
attributed to known absorption peaks for proteins, amino acids and
moisture (1200 and 1940 nm), lipids (1500; 1720; 1760 and 2350 nm),
and polysaccharides and carbohydrates (2350 nm). Tigabu et al. (2005)
identified strong NIR absorption peaks in the spectra of pine nut seeds
from different sources at 1422 and 1930 nm along with less visible bands
around 1500 and 2200 nm which were the most important features for
discriminant models. Moreover, Moscetti et al. (2013b) reported

complex bands in hazelnut spectra attributable to various molecular
vibrations of functional groups, some linked with fatty acid content,
unsaturated fatty acids with cis double bonds, protein acid and ester
stretching vibrations, and others to polysaccharides, carbohydrates and
lipids.

The moisture content of both kernel classes was measured to deter-
mine whether water bands had the potential to affect the NIR-based
model development. The results showed a significantly different mois-
ture content between P. pinea (5.36 + 0.06%) and P. sibirica (3.22 +
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0.09%). Results agreed with the literature, which showed that kernels
from P. pinea had a higher moisture content (~5.10-5.60%) than kernels
belonging to P. sibirica (<3.50%) (Evaristo et al., 2010; Nergiz and
Donmez, 2004). Therefore, both NIR-based models (i.e. PLS-DA and
iPLS-DA) were probably affected by moisture content. In fact, the
selectivity ratio showed that features close to the ~1480- and ~1900 nm
water bands had high importance for both PLS-DA and iPLS-DA models.
Considering that “pine nut kernels should have a moisture content not
exceeding 3.5 per cent, except for Pinus pinea, which should not exceed 6.0
per cent and Pinus gerardiana, which should not exceed 7.0 per cent”
(UNECE, 2013), the moisture content was expected to significantly
improve discriminant performances of models and, thus, the water
bands were not excluded.

4.2.2. Prediction models based on imaging data

Fig. 3 reports the score plots of the PLS-DA and iPLS-DA of image
analysis for the prediction set. Both models showed very good and
similar performance metrices ranging from 95 to 98% (Table 3). Mis-
classifications were slightly higher for iPLS-DA (11 versus 9) with both
heavily weighted towards misclassification of P. pinea as was also
observed above for NIR-based models. Similar to the observation for the
NIR-based models, the imaging-based iPLS-DA models was character-
ized by only one latent variable. In all cases, the sensitivity, specificity
and accuracy rates showed similarity towards calibration, cross-valida-
tion and prediction, indicating that the models were robust. As observed
for the NIR-based models, outliers were not detected for the selected

imaging-based models.

Fig. 4b and d shows the selectivity ratio and the B-coefficients bar
plots of the PLS-DA model, respectively. Regarding the p-coefficients,
lightness (L*) was the only feature characterized by a value larger than
+2 standard deviation over the regression vector. However, similar to
the observation for the NIR-based model, the selectivity ratio suggested
a higher number of marker features. This suggests that f-coefficients
may underestimate the feature’s contribution in the model under the
studied experimental conditions. In fact, the selectivity ratio indicated
that among the 10 imaging features, lightness, perimeter, eccentricity
and major axis length had the strongest contributions in the PLS-DA
model, with eccentricity and major axis length scoring highest.

The features selected by the iPLS-DA algorithm were mostly the same
as those observed as marker wavelengths for the PLS-DA model. In fact,
they consisted of 3 colour attributes (i.e. lightness, red/green colour and
hue angle) and 2 spatial properties (i.e. eccentricity and major axis
length). Size features (i.e. area and perimeter) were discarded, sug-
gesting that shape recognition played a major role in the classification of
the two pine nut species considered in this study.

5. Conclusions

Pine nuts are widely consumed in domestic and foreign markets and,
despite their importance, the industry faces market challenges related to
adulteration and subsequent potential for PNS. This study addresses
these challenges by demonstrating the potential use of NIR spectroscopy
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and image analysis to distinguish pine nuts from different geographic
origins.

NIR spectra of two species of pine nuts were subjected to different
pre-treatments and presented as input features for PLS-DA and iPLS-DA
discrimination. Absorption bands at 1640-1658 nm, 1720-1738 nm and
1880-1998 nm were found to be the most important for classification
purposes.

Various features derived from image analysis, including CIELab
colour space and measured physical properties, were also tested for their
ability to distinguish classes. The dominant features in the resulting
models were eccentricity, major axis length, and perimeter, based on
calculations of selectivity ratios. PLS-DA model performance based on
four latent variables was above 95% accuracy in classifying the pine
nuts. The iPLS-DA model required only one latent variable to achieve
greater than 95% accuracy for both calibration and prediction.

Based on the present study findings, it can be concluded that either
NIR spectroscopy or image analysis coupled with chemometrics have
potential for the classification of pine nuts species. Use of these tech-
niques could improve the traceability of pine nuts, which is essential for
controlling quality and the incidence of pine nut syndrome (PNS).
However, prior to the implementation of this approach in industry
further study is recommended to; (i) elucidate the major chemical
constituents, i.e. moisture, fat, and protein content, and fatty acid pro-
file, related to the spectral ranges on which classification models rely;
and (ii) to validate each model with larger sample sizes and different
regions, production years, agro-pedo-climatic conditions, and species. In
addition, the effect of (i) fluctuations in the moisture content of fruit, (ii)
excluding NIR water bands, and/or (iii) using spectral and spatial data in
combination (i.e. multi-/hyperspectral imaging) should also be investi-
gated in the future.
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