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Abstract

Currently, there is growing interest from the producers and the vegetable processing
industry to use from farm to fork, non-destructive analysis techniques as a routine step
to ensure the quality and safety of horticultural products. This interest, coinciding with
the development of new instruments adapted for use both in the field and on the
production line, has led to Near Infrared Spectroscopy (NIRS) becoming an
increasingly practicable option for meeting the demand. The aim of this work was to
develop and optimize NIRS analysis methodology using two spectrophotometers: the
first is the MicroNIR™ 1700, a manual, portable instrument based on Linear Variable
Filter (LVF) technology, ideally suited to analysing horticultural products in the field,
and the other is the Matrix-F, based on Fourier Transform (FT) NIR technology and
suitable for online analysis in the processing industries. A total of 230 summer squashes
were used to predict the quality (dry matter and soluble solid content) and safety (nitrate
content) parameters. For the MicroNIR™ 1700, the comparison between the equations
developed confirmed that taking of point spectra (static mode) was the most suitable
way of analysis to measure both the quality and safety parameters. In the case of the
Matrix-F instrument, it was confirmed that a single spectrum taken online for the intact
product as it moves on the conveyor belt (dynamic mode) is enough to establish the
product’s quality and safety during industrial processing, thus allowing it to be

incorporated easily and conveniently into the production line.

Keywords: Summer squash; NIRS technology; /n situ NIR analysis optimization; Safety

and quality parameters; monitoring the food chain with sensors
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1. Introduction

Summer squash, due to its high content of vitamins, fibre, minerals and trace
elements and its extremely low caloric value, is an ingredient widely used in the baby
food processing industry (Paris, 2008). Despite the numerous benefits accruing from the
consumption of this vegetable, recently there has been growing awareness among
consumers about the presence of nitrates in summer squash and about the risk involved
in an excessive intake of these substances, which are reduced to nitrites in the human
body (Mensinga et al., 2003).

Despite the introduction of established codes of good agricultural practices, in
certain cases, some producers fail to reduce the levels of nitrates present in vegetables,
mainly due to the influence of climate, and particularly, to the amount of light.
Although the high light intensity typical of summer crops favours the plant’s
metabolism by fixing nitrogen in the form of organic nitrogenous compounds, such as
aminoacids, proteins, chlorophyll, etc., and reducing its nitrate content, low light
intensity (e.g. in winter crops) favours the presence of higher concentrations of nitrates
(Blom-Zandstra, 1989).

The European Union is aware of these problems and has established maximum
limits for nitrates content in summer squash according to their final uses (OJEU, 2011).
As a result, both producers and the infant food industry must understand that only those
summer squashes with a nitrate content below 200 mg kg™' can be considered suitable
for the production of baby food products. In addition, these regulations stress the need
for producers and the agri-food industry to employ non-destructive analysis

technologies in the handling and processing industries, which may be used both in-situ
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(in the field) and online, and which allow to measure the level of nitrates present in
summer squash and, therefore, establish its final use, in a matter of seconds.

NIR spectroscopy is a fast, accurate, non-destructive and reliable technology
which is ideal for this purpose. However, the only scientific article published to date on
the non-destructive measurement of quality parameters (dry matter and soluble solid
content) and safety (content of nitrates) in summer squash using NIRS technology has
been that of Sanchez et al. (2017), who used a handheld MEMS (micro-electro-
mechanical system)-based NIRS digital transform spectrophotometer and performed the
NIRS analysis for these parameters in-situ on summer squash, exclusively taking of
point spectral readings at the equatorial region of the fruits.

Recently, a new generation of portable, compact and extremely light-weight
NIRS instruments has been developed, ideally suited for use in the field and for taking
in-situ measurements (Yan and Siesler, 2018). These instruments enable not only to
take spectra at any time, but also to analyse the whole surface of the product, thus
obtaining more information about the quality and safety of the product to be harvested.

Lately, there has also been a growing interest from the vegetable processing
industry to incorporate NIR spectroscopy as a routine technique to ensure the quality
and safety of the vegetables they process, and this requires the NIRS applications to be
developed in advance, simulating the industrial processes of the horticultural industries.
One fundamental issue in developing online NIRS applications is to make the correct
choice of instrument to be used, which must be robust and stable when subjected to
vibrations and thermal variations (Porep et al., 2015; Garrido et al., 2018).

In the same way, it should be noted that, regardless of the type of application and
instrument used, the routine incorporation of NIRS technology both in the field and in

the industry requires a system to be established which includes all the issues related to



92

93

94

95

96

97

98

99

100

101

102

103

104

105

106

107

108

109

110

111

112

113

114

115

116

taking spectra, as well as the selection of the optimal spectral region for each instrument
used. For this reason, in the present research, the NIRS analysis methodology has been
fine-tuned and optimized to measure the quality and safety parameters in summer
squash both in-situ/on the plant and online, in the industry. Two new generation of NIR
spectrophotometers, one manual, portable instrument based on LVF technology
(MicroNIR™ 1700), suitable for use in the field, to analyse the product while it is
developing in the plant, and another based on FT-NIR technology (Matrix-F) which can
be incorporated into the processing industry of these vegetables, such as in the product

sorting areas, and to control the quality and safety standards established by the industry.

2. Materials and methods

2.1. Sampling

A total of 230 summer squashes (135 less than 400 g in weight and 95 more than
400 g, being the minimum, maximum and mean weight of the fruits tested: 78.43 g,
1746.49 g and 454.13 g, respectively) (Cucurbita pepo subsp. pepo cv. Mirza) grown in
an open-air field in the district of La Montiela, Santaella (Cérdoba, Spain), were weekly
harvested at commercial maturity (OJEU, 2008), from mid-May to mid-July 2017,
being the number of harvests of 10. Samples were stored under refrigerated conditions
(5°C and 85% RH) until the following day, when the analysis was performed. Prior to

each measurement, the samples were left to reach room temperature.

2.2. Reference data
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Dry matter, soluble solid content (SSC) and nitrate content were measured
following the procedures used by Sanchez et al. (2017). To analyse these parameters in
summer squashes weighing more than 400 g, the fruit was cut into three sections: the
stem region (upper third of the squash starting at the peduncle), the equatorial region
(middle third in the equator of the fruit) and the stylar region (lower third of the fruit,
starting at the pistil scar). All the analytical measurements were performed in duplicate
immediately after NIR spectrum collection and the standard error of the laboratory

(SEL) was estimated from these duplicates (Table 1).

2.3. Obtaining the NIR spectra

The NIR spectra of summer squashes were collected using two instruments
adapted to in-situ and online applications, respectively.

A handheld LVF instrument (MicroNIR™ 1700 spectrophotometer, JDSU
Uniphase Corporation, Milpitas, CA, USA), designed for in-situ analysis, in the field or
in the industry, was used in reflectance mode (log 1/R). The MicroNIR™ 1700 is a
miniaturised near-infrared analyser that relies on a linear variable filter as the dispersion
element. This portable miniature spectrometer is extremely light (64 g). The
spectrophotometer scans at a constant interval of 6.2 nm, across the NIR wavelength
range of 908 to 1676 nm, and its optical window is around 227 mm?. The instrument’s
performance was checked every 10 min. A white reference measurement was obtained
using a NIR reflectance standard (Spectralon™) with a 99% diffuse reflectance, while a
dark reference was obtained from a fixed point in the room.

The online instrument used for the spectrum acquisition was the FT-NIR

spectrophotometer Matrix-F (Bruker Optik GmbH, Ettlingen, Germany). This
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equipment consists of a sensor head with two NIR light sources which illuminate a
sampling spot of 10 mm in diameter, attached to the instrument via a 5 m-long fibre
optic probe. The spectra were collected in reflectance mode in the spectral range from
4000 to 12000 cm™ (834-2502.40 nm), with a resolution of 16 cm™!. Furthermore, the
system was equipped with a conveyor belt to move the sample, whose speed was set at
10 kHz. An internal white reference was also collected every ten minutes.

The spectra taken with the portable LVF instrument were evaluated in two
different modes: static — taking of point spectra readings in the centre of the surface of
the summer squashes analysed, without the instrument moving during the measurement
—, and dynamic, with the sensor being moved during the spectral measurements all
along the length of the summer squash being analysed. For both analysis modes, an
integration time of 11000 ps and 200 scans per spectrum were set.

To take the spectra using the MicroNIR™ 1700 instrument, the summer squash
were cut into the three regions mentioned above (stem, equatorial and stylar regions),
regardless of the weight of the fruit analysed. In the static analysis, 4 spectra were taken
at the centre of each of the selected regions, at 90° intervals, so that 12 spectra were
obtained per summer squash, while in the dynamic mode analysis, 4 spectra were also
taken covering each of the regions analysed and rotating the fruit 90° between
measurements, again obtaining 12 spectra per fruit analysed. In the case of summer
squashes weighing less than 400 g, 12 spectra were taken per fruit. These 12 spectra
were averaged to obtain the mean spectra for each fruit, obtaining a number of spectra
stmHar equal to the number of analysed fruits, in this case 135 spectra.

For summer squashes weighing more than 400 g, two strategies were followed:



165

166

167

168

169

170

171

172

173

174

175

176

177

178

179

180

181

182

183

184

185

186

187

(I) An average was taken of the four spectra corresponding to each of the regions
(stem, equatorial and stylar regions) analysed, thus obtaining one single spectrum per
region.

(IT) The 12 spectra taken for each summer squash were averaged, producing one
spectrum per fruit.

Therefore, for Strategy I, an initial sample group consisting of 420 spectra was
obtained, i.e. 95 fruits x 3 regions/fruit x 1 spectrum/region (summer squashes more
than 400 g in weight) + 135 fruits x 1 spectrum/fruit (summer squashes less than 400 g
in weight), while for strategy II, an initial group of spectra was obtained equal to that of
the number of fruits analysed (230 spectra = 95 spectra of summer squashes more than
400 g in weight + 135 spectra of summer squashes less than 400 g in weight).

With the Matrix-F instrument, the analysis was carried out online as the product
was moving on the conveyor belt. The number of scans selected per fruit was 12,
covering the entire length of the fruit as it moved on the belt, and, with this instrument,
no analysis of different fruit regions was carried out. A total of 4 spectra per fruit were
taken, rotating the fruit 90° after each measurement, and different strategies were used
to perform their chemometric analysis:

1. Selecting a single spectrum per summer squash analysed.

2. Using the average spectrum obtained after taking 2 spectra per summer

squash.

3. Using the average spectrum of the 4 spectra taken for each summer squash.

In the case of strategies 1 and 2, the spectra were randomly selected by Matlab v.

2015a (The Mathworks, Inc., Natick, Massachusetts, USA).
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However, regardless of the strategy followed, the total number of spectra used
for the development of the predictive models was 230, which was equal to the number

of fruits used in this study.

2.4. Definition of calibration and validation sets

Prior to the development of NIR calibrations, data pre-processing and
chemometric treatments were performed using the WinISI software package ver. 1.50
(Infrasoft International LLC, Port Matilda, PA, USA).

Firstly, the most suitable spectral range for the instruments tested to carry out the
quality and safety control of summer squashes was selected. To achieve this, the 1,1,1,1
derivation treatment was applied (the first digit being the number of the derivative, the
second the gap over which the derivative is calculated, the third the number of data
points in a running average or smoothing, and the fourth the second smoothing) without
scatter correction, which allows to highlight the areas of the spectrum where the
signal/noise ratio is degraded (Hruschka, 2001).

Additionally, and in the case of the instrument used to simulate the analysis of
summer squash in vegetable sorting lines, the Matrix-F spectrophotometer, a distance of
12 cm between the instrument head and the conveyor belt (head-fruit distance was 8 cm
and 10 cm for summer squashes weighing both more and less than 400 g, respectively)
was established, which remained constant throughout the process of taking spectra,
regardless of the type of summer squash analysed. This attempted to simulate the
existing conditions in the food processing industry, which uses fruits with different
equatorial diameter values in their classification processes, and where the automatic

readjustment of the distance between the instrument and the belt, depending on the
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different equatorial diameters presented by the summer squash analysed, is not possible.
Next, principal component analysis was used to study the influence of the interaction of
the light with the product when this distance was kept constant, regardless of the
equatorial diameter of the fruit analysed.

Secondly, the CENTER algorithm was applied to ensure a structured population
based on spectral information for the selection of calibration and validation sets. This
algorithm performs principal component analysis (PCA) and determines the centre of
the population and the distance between each sample and the centre [Mahalanobis
distance (GH)]. Samples with a statistical value greater than 4 were considered outliers
or anomalous spectra (Shenk and Westerhaus, 1995a). As spectral pre-treatments,
Standard Normal Variate (SNV) and Detrending (DT) were used to remove scatter
interferences (Barnes et al., 1989), together with the first derivative treatment ‘1,5,5,1°
(Shenk and Westerhaus, 1995b).

Once spectral outliers had been removed for each instrument, three of every four
samples were selected to form part of the calibration set and the remainder constituted
the validation set (Table 1). Thus, for the MicroNIR™ 1700, a calibration group, C1
(305 samples) and a validation group, V1 (107 samples), for strategy I were established.
For the Matrix-F, the calibration group (C2) and validation group (V2) were made up of
169 samples and 53 samples, respectively, for each of the fruit spectra-taking strategies
tested (strategies 1, 2 and 3). Finally, to analyse the results obtained with the two
instruments tested, the same calibration groups (C2 set) and validation (V2 set) were

selected for strategy II for the MicroNIR™ 1700 as for the Matrix-F.

2.5. Construction and validation of prediction models using a linear regression strategy

10
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Modified partial least squares (MPLS) regression (Shenk and Westerhaus,
1995a) was used to obtain NIR calibration models for the prediction of quality and
safety parameters in summer squashes using the MicroNIR™ 1700 (calibration sets C1
and C2) and the Matrix-F (calibration set C2). All regression equations were obtained
using SNV + DT for scatter correction (Barnes et al., 1989) and different derivative
mathematical treatments were tested: 1,5,5,1; 2,5,5,1; 1,10,5,1 and 2,10,5,1 (Shenk and
Westerhaus, 1995b). Calibration models were constructed eliminating physical-
chemical outlier samples, if necessary.

The statistical parameters employed to select the best equations using MPLS
were the coefficient of determination for calibration (R%), the standard error of
calibration (SEC), the coefficient of determination for cross validation (R%cy) and the
standard error of cross validation (SECV). Furthermore, the Residual Predictive
Deviation (RPD¢y) for cross-validation was calculated as the ratio of the standard
deviation (SD) of the reference data to the SECV. This statistical parameter enables
SECV to be standardized, facilitating the comparison of results obtained with sets of
different means (Williams, 2001).

For strategy I, once the best predictive model for each parameter analysed (dry
matter, SSC and nitrate content) using the instrument MicroNIR™ 1700 in static and
dynamic modes were selected by statistical criteria - and prior to external validation -,
tests were run for significant differences between the predictive capacity of the quality
and safety models developed for each parameter. This approach was used to identify the
most suitable analysis mode for measuring in-situ quality and safety in summer squash.
The SECV values for the best equations obtained for both analysis modes were
compared using Fisher’s F test (Massart et al., 1988; Naes et al., 2002). Values for F

were calculated as:

11
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where SECV; and SECV: are the standard error of cross validation of two
different models and SECV| < SECV.. F is compared to Feritical (1-P, n-1, n-1) read from the
table with P = 0.05 and n-1 degrees of freedom. If F is higher than Feritica, the two
SECV values are significantly different.

For the online instrument (Matrix-F), different predictive models, without the
elimination of physical-chemical outliers during-their-development, were developed to
test the optimum number of spectra (1, 2 or 4 spectra) per fruit that must be taken i
order to obtain robust models so as to establish an NIR analysis methodology in
summer squash which ultimately could be transferred to the horticultural processing
industry. The SECV values for the best equations obtained without the elimination of
physical-chemical outliers during the development of the models for each parameter
with different numbers of spectra per fruit were also compared using Fisher’s F test
(Massart et al., 1988; Naes et al., 2002). Because in this study several SECV values
were compared, a SECVconfidence 1imit Was calculated using the following formula:
SECVeonfidence fimit = SECVmin * +/Feriticar Where SECVmin is the smallest SECV.
Consequently, none of the models which had a SECV between SECVmin and
SECV confidence limit Were significantly different (P < 0.05).

Once the best analysis strategy (optimal number of spectra per fruit) was chosen
to measure online the quality and safety parameters of summer squash using the Matrix-
F equipment, optimization of the NIR models was carried out for the parameters
studied.

Finally, once the best equations for each of the instruments used were selected
according to the statistical criteria and once both the best strategy of taking spectra was

chosen (static or dynamic mode) when using the MicroNIR™ 1700, and the optimal

12
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number of spectra per fruit was established when using the Matrix-F, these models were
subjected to an external validation process using the corresponding validation group for
each instrument (V1 for the MicroNIR™ 1700 and V2 for the Matrix-F), following the
protocols outlined by Windham et al. (1989).

Lastly, after analysing the results obtained and in order to carry out the analysis
of the influence of the number of samples contained in the calibration group on the
robustness of the developed models, new predictive models were developed for the
three parameters analysed. That is, the same calibration group C2 (N = 169 samples)
(Table 1) was used for the two instruments tested. Next, the two instruments were
compared using the RPD¢y values obtained for the three parameters analysed using
Fisher's F test, as mentioned above. It should be noted that, since the
spectrophotometers used were originally designed for different applications, in-situ and
online analysis, the aim of this comparison was not the choice of instrument, but the
availability of the results which can be used as a reference to estimate the robustness of

the models obtained.

3. Results and discussion

3.1. Optimization of the spectral analysis

Prior to performing the Principal Component Analysis (PCA) and developing
the prediction models, the region of the spectra affected by noise was determined for
both instruments. This aspect is especially relevant for the Matrix-F, since with this
equipment, the spectral signal is transmitted by fibre optics, which commonly produce

noise on extreme wavelengths (Garrido-Varo et al., 2018).
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Figures 1a and 1b show the first derivative spectra of summer squashes for the
MicroNIR™ 1700 and Matrix-F instruments, respectively. In the case of the
MicroNIR™ 1700, no areas of the spectrum needed to be removed due to the presence
of noise, and the final range was between 908—1676 nm (Fig. 1a). On the other hand, in
the case of the Matrix-F, the regions between 834—1075 nm and between 2360-2502
nm were removed due to the presence of noise in the spectrum (Fig. 1b).

The representation of the scores of PC1 versus PC2 (Fig. 2) of the spectra taken
with the Matrix-F instrument following strategy 3 (with a mean spectrum of 4 spectra
per fruit), allowed to draw a clear distinction between the two groups of summer
squashes analysed (more and less than 400 g). Because it is not possible to adjust
automatically the height of the equipment based on the equatorial diameter of the fruit
analysed while the industrial process is in motion, this study demonstrates the
importance of optimizing the analysis distance between the head and conveyor belt, so
that the difference in the amount of light which the fruits of different values of
equatorial diameter are exposed to is minimal. Besides, the application of spectral pre-
treatments could reduce these differences (Workman, 2008).

In the case of solid products which are analysed intact, as is the case of summer
squash, part of the incident radiation can be lost due to the different ways in which the
light interacts with the sample. These include phenomena such as specular reflectance
or dispersed radiation, which can lead to the responses not containing information or not
reaching the detectors. These phenomena can be influenced by different factors such as
the colour, brightness and shape of the sample, among others (Dahm and Dahm, 2001;

Jie et al., 2014).

3.2. Characterisation of calibration and validation sets

14
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To sort the samples according to the Mahalanobis distance (GH), the CENTER
algorithm was applied to the spectral databases. Samples with GH values greater than 4
were considered outliers.

In the case of the MicroNIR™ 1700 for Strategy I (initial sample set = 420
spectra), a total of 8 outliers (4 corresponding to summer squash weighing more than
400 g y 4 corresponding to fruit weighing less than 400 g) were removed.

For the Matrix-F instrument, regardless of the number of spectra taken per
sample, the number of outliers was 8 (2 corresponding to summer squash weighing
more than 400 g and 6 to fruit weighing less than 400 g), and these were also removed.
For the MicroNIR™ 1700 by using stratagem II, in order to obtain the same calibration
and validation sets as when using the Matrix-F, the same samples considered as outliers
for the Matrix-F were removed for the portable equipment.

After removing the outliers, the set for the MicroNIR™ 1700 (strategy 1) was
split into calibration (C1 = 305 samples) and validation (V1 = 107 samples), while for
the Matrix-F and the MicroNIR™ 1700 (strategy II) the sample set was divided into
calibration (C2 = 169 samples) and validation (V2 = 53 samples) sets, respectively. The
statistical data for the parameters analysed (i.e. number of samples, range, mean, SD
and CV) for each instrument are shown in Table 1.

For each of the parameters measured in this study, the ranges of the calibration
groups included those for validation.

For both instruments, the parameter with the greatest variability was the nitrate
content, with a CV between 82.71% and 83.42% and between 76.58% and 91.95% for
the calibration and validation groups, respectively. This variability was due to the wide

range and standard deviation obtained for this parameter because the samples were
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taken during the summer squash harvest period, with the nitrate content of the fruits
decreasing as the harvest period progressed, due to the cessation of fertilization.
However, for dry matter (CV. = 15.78-16.43%, CV, = 14.50-14.82%) and SSC (CV. =
11.35-11.42%, CVp, = 11.01-12.02%) the groups show less variability, because the fruits

were collected at the point of commercial maturity.

3.3. Development of predictive models and choice of the best analysis mode to predict

quality and safety parameters using the MicroNIR™ 1700 instrument

The calibration statistical parameters for the best models obtained for each
parameter analysed in static and dynamic modes using the MicroNIR™ 1700
instrument and the C1 set, including the F values obtained from the comparison
between the SECV values for each mode of analysis are shown in Table 2.

Non-significant differences (P > 0.05) were obtained between the dynamic and
static modes to predict all the quality (dry matter and SSC) and safety (nitrate content)
parameters. The lowest SECV values were obtained in the static mode analysis for all
the parameters except for SSC, where a slightly lower SECV value was obtained in the
dynamic mode (Table 2).

Although it could be argued that the dynamic mode analysis resulted in a better
fit, as it covered the whole area of the fruits analysed and collected more information
about it, because the fact that the surface of the squash is not flat, it can lead to greater
difficulty and associated error when taking the spectra. For this reason, the results
showed non-significant differences between the static analysis of the fruits and the
dynamic mode. It is also important to note that, given the shape of the summer squash

fruits, taking of point spectra readings of the fruit before harvest time, while it is
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developing on the plant, would be an easier way to use the instrument in the field. In
addition, it would make it easier for the farmers to take spectra simpler, quicker and
more comfortable.

After choosing the static analysis mode as the most suitable for the in-situ
analysis of summer squash using the MicroNIR™ 1700 instrument, the statistics of the
calibration models obtained with this analysis mode were analysed in more detail (Table
2).

According to Shenk and Westerhaus (1996), the model developed for the dry
matter parameter presented a predictive capacity which enabled to discriminate between
high, medium and low values of the parameter, while for SSC it was only possible to
differentiate between high and low values.

Only one work has been found in the literature in which NIRS technology was
used to predict parameters such as dry matter and SSC. In Sanchez et al. (2017), a
portable equipment based on MEMS technology in the spectral range 1600-2400 nm
was used to measure dry matter and SSC, and the predictive capacity of models (RPDcy
= 1.71 and 1.76, respectively) was very similar to the one obtained in the present study
(Table 2).

As regards to the nitrate content parameter, the predictive capacity of the model
obtained allowed to distinguish between high, medium and low values for this
parameter (Shenk and Westerhaus, 1996). The results obtained by Sanchez et al. (2017)
for this parameter using the portable instrument Phazir 2400 and with a calibration
group within a range of 30.00-1074.00 mg L! (SD = 288.68), were superior (RPD.y =
2.42) to those obtained in this work However, it should be noted that the Phazir 2400
has a different spectral range compared to the instrument used in the present work

(1600-2400 nm) and this instrument is no longer being used. The recent development of
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applications using the new manual, portable, light-weight equipment with a wider
optical analysis window, such as the MicroNIR™ 1700, has therefore been of great use

to producers to determine the final destination of the harvested product.

3.4. Selection of the best spectrum capture strategy for online NIR analysis with the

Matrix-F instrument

Table 3 shows the SECV values of the best calibration models obtained using
the Matrix-F instrument (C2 set), as well as different strategies for the number of
spectra to be taken (1, 2 and 4 spectra per fruit analysed), for each of the parameters
studied. In order to compare the three strategies used to take spectra, the calibration
models for the different parameters in the study were carried out without eliminating the
physical/chemical outliers during their development. That is, the values for mean, range
and standard deviation for each parameter tested were the same, regardless of the
number of spectra taken per fruit.

No significant differences were found, for any of the parameters analysed,
between the SECV values of the predictive models developed for the different strategies
tested. Therefore, taking into account the results obtained, and in order to facilitate the
use of the NIR spectroscopy in the industries where summer squashes are handled, the
simplest, quickest way to measure the quality and safety parameters online, during the
process of selection and classification of fruits would be to take only one spectrum per
fruit, which makes this strategy highly suitable for use in sorting lines.

The results obtained agree with those reported by McCarthy and Kemeny

(2008), who showed that when using FT-NIR instruments, due to the improved
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signal/noise ratio in these instruments, a smaller number of spectra per analysed sample

was needed for the measurement to yield relevant information.

3.5. Development of new models for online prediction of quality and safety parameters

in summer squash using the Matrix-F

After selecting the optimum number of spectra to be taken per fruit using the
Matrix-F instrument (1 spectrum/fruit), new predictive models were developed for the
parameters analysed, and these were optimized by removing any physicochemical
outliers. Table 4 shows the calibration statistical data for the best models developed to
predict dry matter, SSC and nitrate content in intact summer squash analysed online
with this instrument.

For dry matter, the model developed enabled to differentiate between high,
medium and low values, while for SSC, the model only distinguished between high and
low values (Shenk and Westerhaus, 1996). These results are highly relevant because the
spectra were taken on the moving fruit and that the models were developed using a
single spectrum per sample, which shows the usefulness of the Matrix-F for measuring
quality parameters online.

No data has been published on the best approach to use when online
measurements of dry matter and SSC are taken in intact summer squashes. However, Jie
et al., (2014) predicted SSC in watermelon with NIR equipment (Ocean Optics Inc.,
USA) adapted for online use. In transmittance mode in the spectral range 200—1100 nm:
RPD, value of 1.32 was obtained, thus illustrating the greater difficulty of taking quality

parameter measurements while the fruit is moving.
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The results obtained for nitrate content were limited for routine use (RPD¢y =
1.36). The reason for this may be that, for parameters such as nitrates, which are found
in very low concentrations in summer squash (i.e., in parts per million), the fact that no
contact is made with the fruit when taking the measurement may affect the results for
low concentration parameters. Thus, it is essential that a large group of samples must be
used in order to produce a robust calibration (Sanchez et al., 2011), and for future work,
a much larger number of fruits must be provided.

It is also important to note that in this research work, spectra were also taken in
summer squash (1 spectrum per fruit) with the Matrix-F instrument while the conveyor
belt had stopped (data not shown). For this mode of analysis, the predictive capacity of
the models obtained for each parameter (RPDcy = 2.00, RPD¢y = 1.63 and RPD¢y = 1.27,
for dry matter, SSC and nitrate content, respectively) was similar to that obtained in the
dynamic mode (Table 4). These results are of particular interest for the industry, since
they reinforce the potential of the Matrix-F equipment to be used as a tool to measure

quality parameters in moving production lines.

3.6. External validation

Validations of the best calibration models obtained for the MicroNIR™ 1700
(calibration set C1) and Matrix-F (calibration set C2) were performed using the sets V1
and V2, respectively, for the two instruments tested.

For the MicroNIR™ 1700 instrument and the V1 set, according to the validation
protocol established by Windham et al. (1989), the models constructed for predicting all
the parameters analysed met the validation requirements in terms of SEP(), bias and

slope (Fig. 3a). Although the R?, values did not attain the recommended minimum value
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of 0.60 (R*, = 0.57, 0.51, 0.54 for dry matter, SSC and nitrate content, respectively),
they were closed. The equations developed can therefore be taken as an initial
approximation to the in-situ measurement of quality and safety measurements in intact
summer squash using this handheld instrument.

For the Matrix-F instrument (prediction set = V2), in the case of the model
constructed for predicting dry matter, the SEP(c) does not comply with the protocol
while the other statistics lie within the confidence limits (Fig. 3b). SSC fails to meet the
validation requirements in terms of R?,, while the SEP(c) and bias are below the limits.
Additionally, the slope for SSC fails to comply with the values recommended (0.90-
1.10). As for the nitrate content, no external validation of the model was carried out due
to its limited predictive capacity.

In general, the SEP is considered a valuable statistical parameter to evaluate the
predictive capacity of an equation, and it is widely accepted that an SEP value of less
than 2*SEL shows that the model has an excellent predictive capacity (Westerhaus,
1989; Williams, 2001). In this work, the SEL values for dry matter, SSC and nitrate
content were 0.30 % fw, 0.07 °Brix and 19.57 mg kg™!, respectively (Table 1). For both
instruments, and for the parameter dry matter, the SEP was between 1 and 2, showing
the excellent capacity of the NIR model. However, the low SEL values for SSC and
nitrate content in comparison with the SEP values obtained for the prediction must be
correctly interpreted. It must be considered that the distribution of these components is
not homogeneous in the fruit and, whereas the reference values were obtained from the
summer squash juice, the spectra were taken from a specific region of the fruit. For this
reason, it could be said that a sampling error occurred which was not included in the
SEL value. Consequently, the NIRS model developed using both the portable and

online instruments for SSC and the nitrate content were marked by their questionable
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performance, since the SEP value obtained exceeded 5*SEL. Nevertheless, it is
important to stress that all the limits and values recommended in the scientific literature
and mentioned above refer to other NIRS analysis conditions, i.e. using at-line
instruments and using pre-dried and ground samples. In this study, our applications
were developed with portable or online devices, using intact samples with a high level
of moisture. In this case, the comparison with the limits indicated may be too restrictive.

These results suggest the importance of interpreting the SEP values correctly. It
is also worth noting how important it is that the NIR spectrophotometers allow both the
quality and safety of the product to be guaranteed rapidly and accurately throughout the
production chain, from the field to the table, and also permit the number of samples

analysed for each batch produced to be increased.

3.7. Comparison between the best models developed with the MicroNIR™ 1700 and

Matrix- F instruments using the C2 calibration set

The statistical parameters for the best predictive models developed with the
calibration group C2 using the MicroNIR™ 1700 instrument (spectra collection in static
mode and a mean spectrum per fruit) and the Matrix-F spectrophotometer (spectra
collection in dynamic mode and a mean spectrum per fruit) are shown in Table 5.

After the equations were developed for the two instruments, the RPDcy values
obtained for each of the parameters tested were compared using Fisher's F test. The
predictive capacity of the models developed for the quality parameters with the Matrix-
F equipment (RPD¢y = 1.98 and RPD.y = 1.63 for dry matter and SSC, respectively) was
higher than that obtained with the MicroNIR™ 1700 instrument (RPD¢y = 1.72 for dry

matter and RPD. = 1.58 for SSC), and this superiority was significant (P < 0.05) in the
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case of dry matter (Table 5). This greater predictive capacity of the Matrix-F may exist
because the equipment is more robust and covers a wider spectral range (834-2502.40
nm for Matrix-FT versus 908—1676 nm for MicroNIR™ 1700) with a higher spectral
resolution (1.61 nm for Matrix-FT and 6.20 nm for the MicroNIR™ 1700).

In the case of the nitrate content, there were no significant differences (P > 0.05)
in terms of the RPD.y values obtained with the Matrix-F (RPD¢y = 1.36) and with the
MicroNIR™ 1700 (RPD.y = 1.35). These results are particularly relevant, since in the
case of the MicroNIR™ 1700, it can be seen that in Strategy II (C2 set = 169 fruits) the
model’s predictive capacity is considerably reduced (RPD¢y = 1.35) compared with
Strategy 1 (C1 set = 305 fruits; RPDcy = 1.85). Since the variability of the calibration
group in both cases is similar (Table 1), this lower predictive capacity can be attributed
to the smaller number of samples available for developing the models, making them less
representative of the different values available over the whole range.

These results seem to confirm that, when it comes to measuring the nitrate
content with the Matrix-F, the limited predictive capacity obtained could be due to the
reduced number of samples available. Thus, if the number of calibration group samples
used to develop the model were increased, the model would have been more robust.
This is of particular interest to the industry, as this technique could be carried out online
as a routine method of analysis, in order to measure not only quality parameters, but

also safety parameters such as nitrate content.

4. Conclusions

The results obtained confirm that NIRS technology can be used as a routine

analysis tool to measure quality (dry matter and SSC) in intact summer squashes, both
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in-situ in the field and online in the handling and processing industry, thus enabling to
guarantee the quality of the product throughout the whole supply chain. Furthermore,
these findings confirm that the two instruments tested would enable to establish
adequate uses for summer squashes according to their nitrate content, provided that a
sufficiently large and highly representative sample group was available.

Additionally, when measuring both quality and safety parameters using the
MicroNIR™ 1700, there were no significant differences between the predictive capacity
of the models obtained, when the spectra were taken in the fruits in-situ in static or
dynamic modes. The static mode was therefore selected because its simplicity could
enable growers to take the spectra in a faster and simpler way. In the case of the Matrix-
F instrument, the results showed that a single spectrum taken while the product passed
on the sorting belts would be enough to guarantee the product quality. This would make
it extremely easy to use NIRS analysis routinely in the summer squash handling and
processing industry.

Finally, it must be highlighted that the portable NIR instrument here tested could
be a promising tool for its use by the growers during the development of the fruits in the
field and at harvest. In addition, NIR technology by means of the incorporation of
instruments such as the Matrix-F, could be used to measure the quality and safety of the
fruits tested at industry level, in the sorting lines, although it is highly important the

optimization of the instrument prior to its final incorporation in the industry.
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677  Table 1
678  Statistical data for the calibration and validation sets selected for each instrument and
679  standard error of laboratory
Parameter Statistics Set 1 Set 2
MicroNIR™ 1700 MicroNIR™ 1700 and Matrix-F
Training set Validation set ~ Training set Validation set
(ChH (V1) (C2) (V2)
Dry matter N? 305 107 169 53
(% fw) Range 3.22-7.56 3.53-6.94 1.31-7.34 3.67-6.22
Mean 4.69 4.76 493 4.79
SDP 0.74 0.69 0.81 0.71
CVe (%) 15.78 14.50 16.43 14.82
SEL! 0.30
SSC N 305 107 169 53
(°Brix) Range 2.80-6.50 2.80-5.70 2.80-5.63 3.37-5.30
Mean 4.14 4.16 4.29 4.27
SD 0.47 0.50 0.49 0.47
CV (%) 11.35 12.02 11.42 11.01
SEL 0.07
Nitrate N 305 107 169 53
content Range 18.50-1979.96 20.50-1203.38 23.33-1455.27 39.50-1219.73
(mg kg") Mean 345.03 375.67 371.02 314.44
SD 285.37 287.69 309.50 289.13
CV (%) 82.71 76.58 83.42 91.95
SEL 19.56
680 2 Number of samples.
681  ° Standard deviation.
682  © Coefticient of variation.
683 4 Standard error of laboratory.
684
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685  Table 2
686  Calibration statistics for predicting quality and safety parameters in dynamic and static
687  modes using the MicroNIR™ 1700 instrument (calibration set C1).
Parameter Mode Ne SECV®  R%.* RPD.! F Feritical
Dry matter (% fw) Dynamic 296 0.42 0.60 1.76 1.102 1.211
Static 296 0.40 0.62 1.85
Soluble solid content (°Brix) Dynamic 293 0.29 0.55 1.62 1.070  1.212
Static 294 0.30 0.57 1.57
Nitrate content (mg kg™') Dynamic 293 161.45 0.60 1.77 1.099 1.211
Static 299 154.01  0.63 1.85
688 2 Number of samples.
689  ° Standard error of cross validation.
690  © Coefficient of determination of cross validation.
691 4 Residual predictive deviation for cross validation.
692
693
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695

696

697

698
699

700

Table 3
Comparison between SECV values for the best calibration models obtained using the

Matrix-F and collecting different number of spectra per sample in dynamic mode.

Calibration set C2.
Parameter SECV® SECV SECV SECVmin SECVumin*Feriticat
1 spectrum 2 spectra 4 spectra
Dry matter (% fw) 0.63 0.63 0.58 0.58 0.66
Soluble solid content (°Brix)  0.37 0.35 0.34 0.34 0.39
Nitrate content (mg kg™) 297.31 271.03 271.16 271.03 307.84

2 Standard error of cross validation
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701  Table 4
702  Calibration statistics for predicting quality and safety parameters using the instruments
703  Matrix-F (dynamic mode and 1 spectrum per fruit). Calibration set C2.
Parameter N?  Range Mean®  SD¢ SEC! R** SECVf R’ RPD."
Dry matter (% fw) 160 3.16-6.85 4.90 0.66 0.32 0.62 041 0.62 1.98
Soluble solid content 162 2.88-5.63 4.30 0.45 0.27 0.57 0.30 0.57 1.63
(°Brix)
Nitrate content (mg kg') 161 23.30-1077.71  330.31 259.69 216.74 0.25 226.76 025 1.36

704

705

706

707

708

709

710

711

712

713

2 Number of samples.

> Mean of the calibration set.

¢ Standard deviation of the calibration set.

4 Standard error of calibration.

¢ Coefficient of determination of calibration.

f Standard error of cross validation.

¢ Coefficient of determination of cross validation.

h Residual predictive deviation for cross validation.
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Table 5

Calibration statistics for predicting quality and safety parameters using the instruments

Matrix-F (dynamic mode and 1 spectrum per fruit) and MicroNIR™ 1700 (static mode

and 1 spectrum per fruit). Calibration set C2

Parameter Instrument Ne SEC® R%:* SECV!Y R%° RPD& F Feritical
Dry matter (% Matrix F 160 0.32 0.62 041 0.62 1.98 1.31 1.299*
fw) MicroNIR™ 1700 161 0.44 0.58 047 0.58 1.72

Soluble solid Matrix-F 162  0.27 0.57  0.30 0.57 1.63 1.07 1.296

content (°Brix) MicroNIR™ 1700 164  0.28 0.57 031 0.57 1.58

Nitrate  content Matrix-F 161  216.74 0.25  226.76 0.25 1.36 .02 1.299

(mg kg) MicroNIR™ 1700 159 22142 0.23  228.64 0.23 1.35

* Significant differences (P < 0.05).
2 Number of samples.

b Standard error of calibration.

¢ Coefficient of determination of calibration.

d Standard error of cross validation.

¢ Coefficient of determination of cross validation.

fResidual predictive deviation for cross validation.
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Fig. 1. First derivative spectra of summer squashes prior to removing the noise using

the MicroNIR™ 1700 (a) and Matrix-F (b).
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735

Fig. 2. Scores plot for the first (PC1) and second (PC2) principal components for

summer squashes using the Matrix-F instrument.
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Fig. 3. Reference and NIR predicted values for quality and safety parameters using the

MicroNIR™ 1700 (a) and Matrix-F (b) instruments.
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2 Coefficient of determination of prediction.
b Standard error of prediction.
¢ Standard error of prediction bias-corrected.

d Residual predictive deviation for prediction.

b) Matrix-F instrument
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