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Abstract

Nowadays, there is growing awareness about the need to develop new methodologies to
fight against deliberate fraud. This study explored the use of near infrared spectroscopy
(NIRS) as an instantaneous, non-targeted method for detecting non-compliant products;
in this case, when used to detect sweet almond batches adulterated with bitter almonds.
For this purpose, we simulated the adulteration of batches by preparing four different
types of mixed samples which contained 5%, 10%, 15% and 20% of bitter almonds,
respectively, using 90 samples of sweet almonds and 50 samples of bitter almonds. For
each of the adulteration percentages, 21 samples were produced. The samples were
analysed using the Aurora and the Matrix-F spectrophotometers. The procedure initially
constructed the desired standard or target using only the spectral information provided by
the sweet almond population (control population). To achieve this, after principal
components analysis, the spectral warning and action limits were calculated using the n-
dimensional statistic Mahalanobis global distance. Next, the spectral distances from the
product standard defined for those samples not belonging to the control population,
including the adulterated sweet almonds, were calculated and represented as Shewhart
control charts. The implementation of NIRS technology throughout the almond supply
chain enabled to identify 87 % (73/84) of the adulterated sweet almond batches. These
findings suggest that NIRS technology and the use of spectral distances could enable to
establish an innovative, non-targeted control system based only on spectral information
to assess almond batches. This system allows to carry out conformity tests both in situ
and online of the batches of almonds received and processed in the industry, as well as

establishing fast, cost-efficient anti-fraud alert systems, which would help to reduce the
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number of batches to be analysed by expensive and time-consuming confirmatory
methods.
Keywords: NIR spectroscopy; Almond adulteration; Fraud detection; Non-targeted

method; Shewhart control chart
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1. Introduction

Food fraud and deliberate adulteration is a perennial problem which,
unfortunately, is still very prevalent these days, and causes significant health and
economic impacts as well as giving rise to an understandably high level of consumer
distrust in the food supply chain. Consumers, on their part, demand foods of high
‘integrity’, which is a comprehensive term referring to a nutritive, healthy, tasty,
authentic, traceable, as well as ethically, safely, environment-friendly and sustainably
food product [1].

To verify integrity in marketed products, the current analytical and sampling
control systems need to be renewed, through the development of non-invasive, fast,
massive and cost-effective analytical methods to monitor all the steps in the food supply
chain. A new, innovative strategy which could be implemented is to adopt ‘non-targeted’
methods to provide information on quality, safety and authenticity [2-5]. In this case, the
objective is to evaluate the product in an integrated way through patterns, i.e. analysing
whole matrix characteristics and identifying differences in order to establish early alert
systems. In contrast, the traditional targeted approach evaluates the products compound-
by-compound.

The nature and versatility of near infrared spectroscopy (NIRS) sensors, combined
with specific data processing techniques, fit perfectly with both targeted and non-targeted
strategies, enabling rapid, non-destructive, accurate and cost-effective analysis of large
volumes and numbers of samples and the measurement of multiple parameters in raw
materials, products and processes [6-9].

One of the main advantages of NIRS technology is the large quantity of the

product that can be inspected when it is used online, in continuous mode in the sorting
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lines at an industrial level. NIRS provides a unique digital fingerprint of each product,
which is essential for meeting the current requirements of industry and consumers
regarding food integrity [9,10]. In the almond sector, the presence of bitter almonds in
different proportions in batches of sweet almonds can result in strange, unpleasant
flavours, due to the presence of cyanogenic compounds such as amygdalin, which is
present in high concentrations in bitter almonds, thus altering the sensory quality (taste
and aroma), safety and acceptability of the product [11]. It must also take into account
that the intake of high doses of amygdalin is harmful to the human body, although the
unpleasant taste of benzaldehyde — which is produced when it comes into contact with
saliva, acts as a warning sign, preventing the eater from swallowing the hydrocyanic acid
in amounts considered toxic for humans [12,13]. This may hinder the commercialization
of lots of sweet almonds in both national and international markets, and it is therefore of
maximum importance to eradicate this type of almond from the batches of sweet almonds
produced for the market.

Since it is extremely difficult to distinguish bitter almonds from sweet ones
visually in adulterated batches, it would be of great interest to the almond sector to be
able to use analytical tools with a high throughput which were suitable for continuous,
instantaneous discrimination. Thus, the implementation of NIRS sensors at receipt and in
the industrial sorting lines for detecting the adulteration of sweet almond batches with
bitter ones, could answer this demand.

The combination of the NIRS spectral data of the product, generated using tools
such as the Shewhart charts [14], allows to carry out conformity tests and product
deviations in comparison to the established standards, thus enabling to ensure product
integrity, monitor the production process and establish early warning systems. One of the

benefits of this approach is that it enables to reliably detect anomalies in the production
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process. In this way, we can improve control and monitoring of the product quality
systems [15], using a tool which provides greater flexibility to deal with common non-
conformities in the product, since near infrared spectra provide comprehensive
information about the product encompassing highly diverse aspects related to its integrity
[5,16].

There are no articles in the scientific literature which explore the potential of NIRS
technology for detecting the presence of bitter almonds in lots of sweet almonds. Some
authors have used NIRS to classify sweet versus bitter almonds, by analysing them when
ground or as individual intact almond kernels and including only batches of sweet or bitter
almonds separately, not mixtures of both, which is the commonest way the fraud is
committed [17,18].

The aim of this research, therefore, was to analyse the viability of using NIRS
technology to detect the adulteration of batches of sweet almonds with bitter almonds,
establishing a non-targeted control procedure based exclusively on spectral information
to guarantee the integrity of product when received and processed in the industry, in order
to certify that the entire product is composed of sweet almonds. Different percentages of
adulterated samples were also assessed to establish the minimum limit that could be

detected with this methodology.

2. Material and methods

2.1. Sampling

A total of 140 samples of shelled almonds, of which 90 belonged to sweet varieties

(Prunus dulcis Mill., cv. ‘Antofieta’, ‘Belona’, ‘Guara’, ‘Lauranne’, ‘Soleta’ and
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“Vairon’) and 50 to various non-specific bitter varieties harvested during the 2018-2019
season, were analysed in this study. To conduct this work, the batch mixing process was
simulated by preparing four different types of mixtures: M5 (95 % sweet almonds and 5
% bitter almonds), M10 (90 % sweet almonds and 10 % bitter almonds), M15 (85 %
sweet almonds and 15 % bitter almonds) and M20 (80 % sweet almonds and 20 % bitter
almonds), ending up finally with 21 samples of each class M5, M10, M15 and M20. To
obtain the mixtures M5, M10, M15 and M20, samples were randomly chosen from the
90 samples of sweet almonds (class M0) and the 50 samples of bitter almonds (class
M100) available. The mixtures were prepared by weighing 400-500 g of sweet almonds
and 25-100 g of bitter almonds, depending on the percentage of the sample to be prepared,
using an electronic scale (model PB3002-S, Mettler Toledo, Barcelona, Spain). Once

weighed, a VV mixer (Afau, Zaragoza, Spain) was used to mix the two types of almonds.

2.2. Instrumentation and NIRS spectra acquisition

NIR spectra of the shelled almonds were collected using two NIRS instruments,
the Aurora and the Matrix-F spectrophotometers, which were considered suitable for the
in situ and online analysis of the product, respectively.

The Aurora spectrophotometer (GraiNit S.r.l., Padova, Italia) is a handheld, robust
and compact instrument based on the diode array technology, which works in reflectance
mode in the spectral range 950-1650 nm (taking data every 2 nm), with an optical window
of 12.56 cm?. The sensor integration time was 6.57 ms and each spectrum was the mean
of 50 scans. This instrument is equipped with an internal white reference, which was
collected after the analysis of each sample. The UCal 4™ software (Unity Scientific LLC,

Milford, MA, USA) was used to acquire the spectral information. To acquire the spectra,
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the samples were uniformly distributed on a white plastic tray covering the whole surface.
For the analysis, four spectra were taken per sample in dynamic mode, i.e. moving the
sensor along the tray with the almonds, covering all the area of the tray. The four spectra
were averaged to provide a mean spectrum per sample.

The Matrix-F spectrophotometer (Bruker Optik GmbH, Ettlingen, Germany) is a
Fourier Transform (FT)-near infrared (NIR) instrument interfaced to a fibre optic NIR
illumination and detection head. The light was collected and guided via fibre optic cable
(5 m length) to the spectrophotometer. Furthermore, the system was equipped with a
conveyor belt to move the sample. A distance of 10 cm between the instrument head and
the conveyor belt was established, which remained constant throughout the process of
taking spectra. The area illuminated by this instrument was around 154 cm?. The spectra
were collected in reflectance mode in the spectral range from 4000 to 12000 cm ™ (834—
2502 nm), with a resolution of 16 cm™ (1.07 nm). Each spectrum was the mean of 32
scans. An internal white reference was also collected every fifteen minutes. OPUS
7.0.122 software (Bruker Optics GmbH, Ettlingen, Germany) was used for spectra
acquisition. The samples were placed on the conveyor belt, covering the surface, and
illuminated by the instrument’s own source of light and analysed in static (conveyor belt
stopped) and dynamic (conveyor belt in motion) modes. The static mode of analysis was
performed by keeping the samples in a fixed point, under the light source with the
conveyor belt stopped. To perform the dynamic mode, a conveyor belt speed of 3.5 cm/s

was set. For each analysis mode, two measurements per sample were taken and averaged.

2.3. Data processing
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Data pre-processing and chemometric treatments were performed using the
WinlSI 11 software package version 1.50 (Infrasoft International LLC, Port Matilda, PA,
USA) and Matlab software version 2019a (The Mathworks, Inc., Natick, MA, USA).

To assess whether some parts of the spectral range presented low signal quality
levels — i.e. inappropriate levels of noise — the 1,1,1,1 derivation pre-treatment was
applied in order to highlight those spectrum areas where the signal to noise ratio was
degraded [19]. The first digit of the 1,1,1,1 derivation treatment refers to the order of the
derivative, the second to the gap over which the derivative is calculated, the third to the
number of data points in a running average or smoothing and the fourth to the second
smoothing [20]. This procedure was applied to both instruments.

The next step was to study the structure and spectral variability of the population
of sweet samples that would be used to fix the standard. To achieve this, we applied the
CENTER algorithm [21] to class MO (N = 90 samples) of the group of sweet almonds
analysed, with both the Aurora instrument in dynamic mode and the Matrix-F in static
and dynamic modes. This algorithm was applied using a combination of mathematical
pre-treatments, standard normal variate (SNV) and de-trending (DT) for scatter correction
[22], together with the 1,5,5,1 Norris derivative treatment, which enabled to classify the
samples based on their distance from the centre of the population. The CENTER
algorithm performed a principal component analysis (PCA), and the Mahalanobis global
distance (GH) of each sample to this centre was then calculated. We then studied those
samples considered as spectral anomalies (GH > 3.5) in order to demonstrate whether or
not these samples could be justifiably removed from the MO group. To compare results,
the samples identified as outliers in any of the three NIRS assays carried out were
removed at the same time from the three available groups (the samples were analysed

with the Aurora (dynamic mode) and Matrix-F instruments in static and dynamic modes).
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2.3.1. Constructing the Shewhart control charts

To detect the presence of bitter almonds in batches of sweet almonds, a
methodology based on the Shewhart control charts was followed [5,23] using the values
of the spectral distances (Mahalanobis global distance, GH) of each of the samples tested
against a standard sample of sweet almonds.

Two different strategies, in terms of the number of samples included in the
standard, were followed. Initially, approximately 75 % of the samples belonging to the
MO group were used to construct the standard and the remaining 25 % to validate the
conformity test performed, i.e. to assess the quality of that standard (Strategy I). Strategy
Il consisted of using all the samples available of the MO group to form the standard.

The set of samples analysed with the Aurora instrument in dynamic mode was
used to select the samples that would define the product standard (unadulterated sweet
almonds), following Strategy I. Once the spectral outliers were removed, and after
ordering the sample sets by spectral distances, in Strategy | a set consisting of 89 samples
was used to construct the MOstandarar and MOrest Sets. To achieve this, approximately 75%
of the samples from the MO group were selected, choosing 3 out of every 4 samples, to
make up the MOstandard1 Set (N = 68), while the remaining samples (N = 21) were used to
validate the standard (MOgst). Similarly, the same samples were selected to make up the
M0Ostandardr @and (MOgst) Sets, analysed in static and dynamic modes with the Matrix-F.
Likewise, and once the spectral outliers were removed from the MO set, all the samples
(N = 89) were used to build the standard (MOstandard2) for Strategy 1.

For the spectral definition of the two standards (strategies | and 1), a new PCA
was conducted using the sample sets MOstandard1 and MOstandard2, respectively. Next, the

MOstandardz Was compared independently with each of the 6 classes of analysed samples

10
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(MOgst, M5, M10, M15, M20 and M100), each consisting of 21 samples, while the
M0Ostandard2 Was compared with classes M5, M10, M15, M20 and M100. To do this, each
one of these samples was projected in the new n-dimensional space obtained with the
PCA defined with the product standard, in order to set up a compliance test and an early
warning system to control the integrity of the analysed product. This system was based
exclusively on spectral information obtained from the GH spectral distances of each of
these samples compared with the standard initially established.

The Shewhart chart warning and action limits were defined as the extreme
percentiles of the in-control distribution of the normalised Mahalanobis distance or GH
statistic. As this statistic is non-normally distributed, a program was developed in Matlab
software version 2019a (The Mathworks, Inc., Natick, MA, USA) to calculate these limits
for GH, following the methodology proposed by Pérez-Marin et al. [5]. In the WinISI 11
software, GH is defined as D/p, where ‘D’ is the Mahalanobis distance and ‘p’ the number
of principal component factor scores utilised to calculate ‘D’. For data originating from a
normal distribution, the distribution of D is x> with p degrees of freedom. As this
distribution has a mean of p, GH = D/p has a mean of 1. In the Shewhart control chart,
the mean line was plotted as a straight line with a constant value of 1 and the action and
warning limits were positioned at the levels corresponding to the 97.5% and 99.5%
percentiles of x% divided by p. Lower limits were not considered, since small GH values
were not indicative of a problem. Next, the calculated GH values of the samples, which
were compared with the standard, were represented in the Shewhart control chart with the
previously calculated warning and action limits, in order to identify any samples
containing bitter almond kernels which would not comply with the industry’s aim of

eliminating the presence of bitter almonds in batches of sweet almonds.
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3. Results and discussion

3.1. Selection of optimal spectral work region and identification of outlier samples

The first derivative pre-treatment applied to the spectra of those samples analysed
using the Aurora and the Matrix-F instruments in dynamic mode (Fig. 1A and Fig. 1B,
respectively) showed that in the case of Matrix-F, it can be seen that at the beginning and
the end, the sides of the spectral signal were degraded. With this instrument, the spectral
signal is transmitted by optical fibre, which commonly produces a loss of signal quality
on extreme wavelengths [24]. Consequently, the regions between 834-1165 nm and 2370-
2502 nm were removed to define the optimal spectral region for study. In the case of the
Aurora instrument, the whole spectral range 950-1650 nm was used.

After selecting the optimal spectral range for each instrument, the samples that
presented a GH > 3.5 were studied. No samples were identified as spectral outliers in the
groups of samples analysed using the Aurora instrument and the Matrix-F instrument in
static mode. However, when the samples were analysed using the Matrix-F in dynamic
mode, one sample presented a GH = 7.31. This sample was removed from the three groups

of sweet almond samples obtained in the three tests carried out.

3.2. Definition of the gquality standard

In Strategy I, the limits for the Shewhart charts were calculated using 7 principal
components (PCs) in the test carried out using the Aurora instrument in dynamic mode;
9 and 8 PCs were used when the test was carried out using the Matrix-F instrument in

static and dynamic mode, respectively. When Strategy Il was followed, 9, 10 and 9 PCs

12
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were used, respectively. The number of PCs were selected using the CENTER algorithm
which recommends the number of PCs that make the differences in explained variance
non-significant. The values obtained for the warning and action limits (Table 1) were
2.56,2.44,2.34,2.26 and 3.15, 2.97, 2.83, 2.71, when the standards were calculated using
7, 8, 9 and 10 PCs, respectively [5]. More complex models, i.e. models in which a larger
of principal components are used, would involve more restrictive limits.

After calculating the warning and action limits and the GH statistic values of each
of the samples in the principal components space defined by the standard (control
populations: MOstandardz and MOstandard2), We identified those samples which did not meet
the established criteria, with the aim of ensuring product integrity.

In Strategy |, when comparing the MOwst group (unadulterated samples used to
validate the compliance test) with the standard (MOstandard1), N0 samples presented a GH
value higher than the action limit in the three NIRS assays carried out (Fig. 2A, Fig. 3A
and Fig. 4A). These results confirm that the standard we constructed was suitable, since
when samples with spectral characteristics similar to the group of MOstandard1 SWeet
almonds were projected in the principal components space defined by the target group,

they were below the established action limit.

3.3. Identification of adulterated sweet almond batches using NIRS technology

3.3.1. In situ analysis of conformity using the handheld diode array NIRS instrument

The samples corresponding to mixtures of sweet and bitter almonds with different

percentages of adulteration (M5, M10, M15 and M20) and the bitter samples (M100)

were projected against the standard MOstandard1 (Fig. 2A) and MOstandard2 (Fig. 2B).
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When Strategy | was followed, 9/21 (43 %) of the bitter almond samples (M100)
were identified as ‘non-compliant produce’ (GH value over the action limit); this figure
rose to 18/21 (86 %) when Strategy Il was followed. In addition, it must be noted that the
average GH value for the M100 class following Strategy | was lower compared to the one
obtained using strategy Il (Table 1). The differences between Strategy | and Il confirm
that a key aspect in this methodology is to define the standard carefully, since it is clear
that when the standard covers a wider variability, the later discrimination is more
accurate. Consequently, in view of the results presented above, the detection of samples
of mixtures (M5, M10, M15 and M20) has certain limitations when Strategy I is followed.

After analysing the samples of mixtures, we observed that the total number of
samples identified as ‘non-compliant produce’ following Strategy I and II were 31/84 (37
%) and 44/84 (52 %), respectively. In particular, for Strategy I, 6/21 (29 %), 8/21 (38 %),
5/21 (24 %) and 12/21 (57 %) samples, analysed in each of the 4 groups of mixtures M5,
M10, M15 and M20, respectively, presented GH values above the action limit. For
Strategy |1, the number of samples that showed a GH value higher than this limit (Table
2) improved the percentages of adulteration detected —compared with those provided by
Strategy |I— for all the groups except for M10, which remained exactly the same. We also
observed a large number of samples which exceeded the warning limit both with Strategy
I —(8/21 (38 %), 12/21 (57 %), 7/21 (33 %) and 12/21 (57 %) samples of those analysed
for groups M5, M10, M15 and M20 respectively — but especially with Strategy Il (Table
2). In addition, when Strategy Il was followed, we noticed that a large number of samples
belonging to the M5 group — in which the amount of bitter almond in the mix was very
low (5%) — were identified as 'non -compliant produce'.

The results obtained are of particular interest, since they show that this portable

manual instrument could be used at the product reception points in the industry to carry
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out an initial check, aimed at identifying any batches of sweet almonds which may have
been adulterated with bitter almonds. This would prevent parts of the batches which may
have been adulterated with bitter almonds being received by the industry and then being
processed, thus saving time and money. It is vital, however, to stress the difficulty of
carrying out a dynamic analysis of products with an irregular surface when the instrument
used is a contact instrument, as is the case with the Aurora device; on the other hand, the
spectrum obtained is more representative of the sample than when using one-off

measurements.

3.3.2. Online analysis of conformity using the FT-NIR instrument

The number of samples of mixtures (M5, M10, M15 and M20) identified as 'non-
compliant produce' in the test carried out in static mode (Fig. 3) following Strategies |
and Il was 35/84 (42 %) and 29/84 (35 %), respectively. In comparison, when the test
was carried out in dynamic mode (Fig. 4), a total of 41/84 (49 %) and 65/84 (77 %) of
'non-compliant produce’ when Strategies | and 11 were followed. The detailed study of the
number of samples classified as 'non-compliant produce' for each of the groups M5, M10,
M15 and M20 reveals that, for the M10 and M15 groups when Strategy | was followed
and in all cases in which Strategy 11 was followed, the number of samples identified as
'non-compliant produce’ was higher in the test carried out in dynamic mode than when
the analyses were carried out in static mode.

Furthermore, studying the average GH value per category (Table 1) shows that,
for the test carried out in dynamic following both strategies, a greater number of bitter
almonds present in the sample mixture led to a sharp rise in the GH value, although the
increase was not so noticeable when the test was carried out in static mode following both

strategies. These results highlight the great importance of both sampling and acquiring
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spectral information which is representative of the sample as a whole, which according
to Kuiper and Paoletti [25] and Adame-Siles et al. [26] are just as important as the
analytical methodology itself to achieve reliable results. In the analysis carried out in
dynamic mode, an average spectrum is obtained which allows to define the whole sample
more accurately compared to the spectrum obtained when the analysis is carried out in
static mode.

The results obtained in the test carried out in dynamic mode (Fig. 4) show that the
number of samples identified as 'non-compliant produce’ was always higher when
Strategy Il was followed, i.e., when the standard consisted of all the available sweet
samples. In fact, the greatest difference in terms of the number of samples showing a GH
value over the action limit when comparing Strategies | and Il was obtained for the M5
and M10 groups, respectively, with 11 and 8 more samples above the limit in the NIRS
assay carried out with the Matrix-F instrument in dynamic mode, following Strategy II.

The close similarity between the standard group (pure sweet almonds) and the M5
and M10 groups (sweet almonds adulterated with only 5 % and 10 % of bitter almond
kernels) highlights the great importance of an accurate definition of the target when
identifying adulterated samples with small amounts of unwanted product. Consequently,
collecting a sufficient number of samples to build the standard is a key factor when
working with non-targeted systems, in order to cover all the possible variations inherent
in the target product [4]. Furthermore, it is also essential to define accurately the product
to be analysed and the quality of the standard, as can be seen in terms of the number of
samples belonging to the M100 group identified as ‘non-compliant produce’ and the
average GH values (Table 1) of the M100 group when the analyses were carried out in
dynamic versus static modes and when the Strategy | rather than Strategy 11 was followed.

The number of samples which presented GH values above the action limit when Strategy
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I was followed (Fig. 3A and Fig. 4A) was 8/21 (38 %) and 21/21 (100 %) when the tests
were carried out in static and dynamic modes, respectively, which in turn presented
average GH values for the M100 group of 2.84 and 5.74. When the Strategy Il was
followed (Fig. 3B and Fig. 4B), a total of 10/21 (48 %) and 21/21 (100 %) were identified
as 'non-compliant produce’ in the tests carried out in static and dynamic mode, with mean
GH values of 2.97 and 6.44, respectively.

In view of these results, we can confirm the suitability of using the Matrix-F
instrument in dynamic mode for online detection in the sorting lines of batches of
adulterated sweet almonds which have not been detected in the reception controls when
the raw material is received in the industry, thus enabling us to discard those batches from

the production process.

3.4. Implementation of NIRS technology throughout the almond supply chain to detect

bitter almonds in sweet almond batches

The fact that the two instruments used in this study can be used in a
complementary way throughout the almond supply chain allows to identify in the process
lines any batches of sweet almonds which include bitter almonds which may not have
been detected using the portable manual instrument at the product reception points in the
industry. We therefore proceeded to study the results of all the conformity analyses for
Strategy |l together, which were obtained when the product was analysed dynamically in
situ and online. Thus, the number of samples analysed dynamically which exceeded the
warning and action limits with the Aurora portable manual instruments and the online

Matrix-F for groups M5, M10, M15 and M20 following strategy Il (Table 2) shows that
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the largest number of samples of sweet almonds adulterated with bitter almonds that were
not identified by either of the two NIRS assays belonged to class M5.

We can therefore state that, although the percentage of samples identified as 'non-
compliant produce' in the M5 group was high — 16/21 (76 %) —, it is more difficult to
identify adulterated samples when they have a percentage of bitter almonds of 5 % or
less, and so the detection capabilities of the system developed in this study for this type
of mixture need to be improved.

In addition, we should note that from classes M10, M15 and M20, only 10%, 5%
and 14% of the samples adulterated with bitter almonds, respectively, did not exceed the
value of the action limit in any of the two tests carried out in dynamic mode with the
handheld and online NIR instruments. Admittedly, the heterogeneity of the mixture can
make it difficult to obtain a representative measure of the sample in those cases in which
a layer of sweet almonds covers the surface to be analysed and the bitter almond kernels
lie below that layer. Next, a detailed study of those samples belonging to the M5, M10,
M15 and M20 groups which were not identified as ‘non-compliant produce’ by any of
the instruments working in dynamic mode was made. This study revealed that 7 out of
the 11 samples that were not identified were prepared using the sweet variety ‘Belona’ —
3 belonging to M5 group, 2 to M10 and 2 to M20 — which has a large, flat kernel which
tends to completely cover the testing surface and hide the bitter almond kernels.

These results are extremely promising as regards the use of this non-targeted fraud
identification approach as a suitable way of carrying out both in situ and online screening
of the product when it is received in batches and processed in the industry. In addition,
the results obtained confirm the great utility of the non-targeted system used in this study,
since it allows to reduce the number of analyses conducted by a confirmatory system by

employing a fast, economical method using spectral information, which could be limited
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exclusively to carrying out an analysis of those samples identified as 'disconformities’ by
the non-targeted system [27,28].

This constitutes a major benefit, since some of the confirmatory systems used can
be expensive, complex, slow and destructive, such as the traditional method for
measuring cyanogenic compounds in almonds using high performance liquid

chromatography [18].

4. Conclusions

The results obtained illustrate that spectral NIR analysis combined with the
Shewhart control charts derived from the spectral information acquired with the Aurora
and Matrix-F instruments provide an extremely useful tool for detecting adulterated
batches of sweet almonds in the processing industry, both on receipt and on the sorting
lines. This approach to non-targeted fraud identification enables to detect cases of non-
compliance with the standards for sweet almonds established by the industry. The results
confirm the importance of accurately defining the standard, in terms of setting the
objectives and the variability of the population: here, it is important to highlight that
larger, more comprehensive databases would allow to define in a more universal way the
desired target of the produce, which would provide a more robust approach to detecting
non-compliant batches. In future research, the number of samples detected as ‘non-
compliant product’ when the percentage of bitter almonds in the sweet almond batches is
less than 5 % should be increased, with readjusted action and warning limits to take into
consideration not only GH statistical distribution but also the population characteristics
of the samples used to set the standard, thereby ensuring a more robust model for

detecting non-compliant batches.
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561 Tablel

562  Number of principal components (PCs) used to calculate the control limits, values of the control limits and average GH value for the groups of

563  mixtures analysed using the handheld and online NIRS instruments.

Instrument  Analysis Standard PCs Control limits Average GH value
mode strategy Warning  Action M5 (95 % sweet + M10 (90 % sweet +  M15 (85 % sweet +  M20 (80 % sweet +  M100 (100%
5 % bitter) 10 % bitter) 15 % bitter) 20 % bitter) bitter)
Aurora Dynamic | 7 2.56 3.15 2.56 4.17 2.79 3.42 3.84
1l 9 2.34 2.83 3.05 4.70 3.67 3.69 7.78
Matrix-F Static | 9 2.34 2.83 2.01 2.19 3.39 3.33 2.84
1 10 2.26 2.71 1.72 1.85 2.92 2.93 2.97
Dynamic | 8 244 297 2.06 3.12 5.57 3.99 5.74
1 9 2.34 2.83 3.74 5.08 7.99 6.89 6.44

564
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565 Table 2

566  Number of samples showing GH values over the warning and action limits, analysed in dynamic mode in different steps of the almond supply

567  chain for Strategy II.

Industrial step Instrument Limits Mixture
M5 (95 % sweet +5  M10 (90 % sweet + 10 M15 (85 % sweet + 15 M20 (80 % sweet + 20 M100 (100%
% bitter) % bitter) % bitter) % bitter) bitter)
Reception Aurora Warning  14/21 (67 %) 11/21 (52 %) 12/21 (57 %) 15/21 (71 %) 19/21 (90 %)
Action  12/21 (57 %) 8/21 (38 %) 11/21 (52 %) 13/21 (62 %) 18/21 (86 %)
Processing lines Matrix-F Warning 12/21 (57 %) 17/21 (81 %) 20/21 (95 %) 18/21 (86 %) 21/21 (100 %)
Action  12/21 (57 %) 16/21 (76 %) 20/21 (95 %) 17/21 (81 %) 21/21 (100 %)
Reception + Aurora + Warning  17/21 (81 %) 19/21 (90 %) 20/21 (95 %) 18/21 (86 %) 21/21 (100 %)
Processing lines Matrix-F Action 16/21 (76 %) 19/21 (90 %) 20/21 (95 %) 18/21 (86 %) 21/21 (100 %)

568
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569

570

571

Fig. 1. First derivative spectra for the different mixtures of almond samples analysed in

dynamic mode using the Aurora and the Matrix-F spectrophotometers.
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572  Fig. 2. Shewhart control chart based on the GH values derived from the Principal

573  Component Analysis following Strategy | (A) and Il (B) for the samples analysed using

574  the Aurora instrument in dynamic mode.
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577  Fig. 3. Shewhart control chart based on the GH values derived from the Principal
578  Component Analysis following Strategy | (A) and Il (B) for the samples analysed using

579 the Matrix-F instrument in static mode.
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the Matrix-F instrument in dynamic mode.

Fig. 4. Shewhart control chart based on the GH values derived from the Principal

Component Analysis following Strategy | (A) and Il (B) for the samples analysed using
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