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Abstract

Cultural practices and harvesting in spinach plants should be based not only on
subjective indexes such as freshness and green colour, which are both related with the
visual appearance of the plants, but also on objective indexes that can be quantified non-
destructively. The aim of this research was to develop a methodology based on the use
of near infrared spectroscopy to monitor routinely the growth process of the spinach
plants in the field. Using the MicroNIR™ OnSite-W spectrophotometer, which is
ideally suited for in situ analysis, 261 spinach plants were analysed. Initially, calibration
models for dry matter, soluble solid and nitrate contents were developed using 1
spectrum per plant for dry matter content, and nine spectra per plant for the other two
parameters. These were then validated using the same number of spectra per plant as for
calibration purposes. After that, to establish a procedure more suitable to routine
analysis in the field, the models were validated with only one spectrum per plant and the
suitability of the predictions was measured considering the global and neighbourhood
Mahalanobis distances, whose control limit values were defined as inferior to 4.0 and
1.0, respectively. The results showed that once the calibration models were developed,
only one spectrum per plant was enough to predict dry matter and nitrate contents
successfully. Therefore, the methodology developed will allow us to monitor in real
time the complete growth process and to take decisions about spinach cultivation based

on internal quality and safety indexes.

Keywords: Spinach plants; NIRS for in-field analysis; Monitoring vegetable quality

and safety; Routine methodology
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1. Introduction

In leafy vegetables, such as spinach plants, horticultural maturity and optimal
harvest time are usually measured by checking the appearance of the plants. Thus, the
main quality characteristics to be considered for their selection and harvest are size and
the proportion of clean leaves in early- to mid-maturity, while older and yellowing
leaves should be avoided [1]. Furthermore, other indexes such as freshness and
characteristic green colour, which are closely related to nutritional quality, are attributes
which also help to define the visual appearance of the spinach plants [2].

However, it is important to stress that this is a subjective evaluation and, as a
result, the decisions taken as regards crop management and harvesting vary enormously,
making the automation process difficult. For this reason, decisions regarding the quality
of the spinach plants, their horticultural maturity and optimum harvest time should be
based not only on visual appearance, but also on quality indexes, which involve
measuring the physicochemical parameters. These types of attributes - among which dry
matter content (DMC) and soluble solid content (SSC) are the foremost - allow us to
establish clear and well-defined standards.

In this context, Conte et al. [3] showed the importance of DMC analysis in
spinach plants for growers, since values of around 10-12 % ensure a good resistance to
handling and allow a high visual quality to be maintained during postharvest storage.
Likewise, Kramchote et al. [4] showed that SSC was a crucial parameter when choosing
the optimum time for harvesting, for measuring the shelf life in leafy vegetables and for

classifying the product at the industrial level.
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In addition, in spinach plants, it is also essential to quantify parameters related to
food safety and, in particular, nitrate content, since this determines the industrial
destination of the product once it is harvested [5].

Not only should the quality of the vegetables be assessed at the time of their
harvest, but it is also important to monitor the state of the plants during development; in
order to decide on the most suitable crop management guidelines, mainly as regards the
nitrogen fertilization and water needed at each stage [2, 6].

Therefore, non-destructive quantitative evaluations and monitoring of these
internal parameters are absolutely vital in order to identify predictors of market quality
and safety before harvest and at harvest time.

The combination of the new generation of near infrared spectral sensors and the
advances in data processing offers the possibility of monitoring the growth of the
horticultural products directly in the field, either on the fruit or on the plants. This
provides cost-effective, value-added solutions to a wide range of fruit and vegetables, as
well as providing, at the same time, opportunities to understand better the influence of
the variety and the preharvest factors on the quality and safety of the products during
their growth, at harvest and postharvest, thus facilitating real-time decision-making for
the selection of varieties, crop management practices and harvest decisions.

There are no scientific reports on the implementation of near infrared
spectroscopy (NIRS) in spinach plants during their growth in the field, although some
authors have carried out feasibility studies or simulated harvest decisions at laboratory
level based on quality and safety indexes measured by NIRS sensors [7-11].

The main aim of this study was to monitor the growing season of spinach plants
in the field, developing and optimizing an NIRS analysis methodology based on a new-

generation sensor that can be easily used by farmers to establish a harvest index, based
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not only on the visual appearance of the plants, but also on the non-destructive readings
of the quality and safety parameters. These indexes could be of great importance for the
routine monitoring of crops and could also help us to take informed decisions about
crop cultural practices and the selection of the varieties best adapted to specific

conditions.

2. Material and methods

2.1. Sampling and reference analysis

A total of 261 spinach (Spinacia oleracea L. cv. ‘Baboon’, ‘Bandicoot’,
‘Harmonica’ and ‘Solomon’) plants grown outdoors on different farms in the province
of Cordoba (Spain) were used in this study. The spinach plants were manually harvested
during their growing period between December 2019 and March 2020.

SSC and nitrate content were measured using 9 leaves per plant and following
Pérez-Marin et al. [10]. Thus, SSC (°Brix) was measured as the refractometer reading
for spinach juice, using a temperature-compensated digital Abbé-type refractometer
(model B, Zeiss, Oberkochen, Wiirt, Germany) while nitrate content (mg NOs kg™!) was
measured using an RQFlex reflectometer (Merck, Darmstadt, Germany). The
reflectometer which measures the colour intensity of Reflectoquant ® test strips (Merck,
Darmstadt, Germany) is based on a colorimetric method.

DMC was determined gravimetrically by desiccation at 105 °C for 24 h, and the
final dry weight was calculated as a percentage of the initial wet weight [12]. To

measure this, only one leaf per plant was used, following Sénchez et al. [9]. All the
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analytical measurements were performed in duplicate and the standard error of

laboratory (SEL) was calculated from these replicates.

2.2. NIR spectrum acquisition

NIR spectra of spinach plants were collected in-field using the MicroNIR™
OnSite-W spectrophotometer (VIAVI Solutions, Inc., San Jose, California, USA), a
portable miniature instrument adapted to in sifu measurements. This instrument uses a
Linear Variable Filter (LVF) as the dispersing element and works in reflectance mode
(log 1/R) in the spectral range 908 to 1676 nm (taking data each 6.2 nm). It is a light (<
250 g) instrument, with an optical window of around 227 mm?. The sensor integration
time was set at 11 ms and each spectrum was the mean of 200 scans. Among the key
innovations of this instrument are the Bluetooth and WiFi connections; it is also a fully-
integrated spectrophotometer, with no moving parts and IP65/IP67 waterproofing
and/or dust proofing.

Spectra acquisition was carried out using the VIAVI MicroNIR™ software Pro
version 3.1 (VIAVI Solutions, Inc., San Jose, California, USA). The instrument’s
performance was checked every 10 minutes. For that purpose, a white reference
measurement was obtained using a NIR reflectance standard (Spectralon™) with a 99%
diffuse reflectance, while the dark reference was obtained by placing a black cover over
the analysis window.

The NIRS analysis of the spinach plants was carried out on the plants in the
field, during the growing period. Initially, 10 leaves were chosen per plant. Then, in 9 of
those leaves chosen for measuring SSC and nitrate content, 1 spectrum was taken per

leaf at one location of the leaf blade relative to the main vein and close to the petiole on
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the adaxial side. Next, on the remaining leaf, which was used for the DMC
measurement, 2 spectra were taken, one on each side of the main vein. As 9 leaves per
plant were used for the chemical analyses of SSC and nitrates, a mean spectrum was
obtained from the 9 spectra taken for each plant to predict these parameters. To measure
DMC, as only one leaf was used for the wet measurement, one of the spectra taken on
the spinach leaf was randomly selected using the Matlab version 2015a (The
Mathworks, Inc., Natick, MA, USA) software package, thus providing a representative

spectrum for each plant.

2.3. Definition of the calibration and validation sets and development of NIRS models

using MPLS algorithm

Prior to the development of NIRS calibrations, data pre-processing and
chemometric treatments were performed using the Matlab version 2015a and WinISI II
version 1.50 (Infrasoft International LLC, Port Matilda, PA, USA) [13] software
packages.

Firstly, the optimum spectral range for the instrument was selected. To achieve
this, the 1,1,1,1 derivation treatment, where the first digit is 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 [14] without scatter correction, was applied, which allows to highlight the
areas of the spectrum which display a high level of noise [15].

To structure and compress the data matrix, the CENTER algorithm was applied
to the two available sets (set I for DMC and set II for SSC and nitrate content) following

the methodology proposed by Shenk and Westerhaus [14, 16]. Samples with
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Mahalanobis distance (GH) values > 4 were considered as outliers or anomalous
spectra.

Once the spectral outliers were studied and removed from both sets and after
ordering the sample sets by spectral distances (from smallest to greatest distance from
the centre), four of every five samples were selected to form part of the calibration sets
(C1 for DMC and C2 for SSC and nitrate content), while the remainder constituted the
validation sets (V1 for DMC and V2 for SSC and nitrate content).

Modified partial least squares (MPLS) regression was used to obtain NIRS
predictive models for each parameter tested, using their specific sets. Four cross-
validation groups were included in order to avoid overfitting [17]. For each analytical
parameter, different mathematical pre-treatments were used. For scatter correction,
Standard Normal Variate (SNV) and Detrend (DT) methods were applied [18].
Additionally, a total of two mathematical derivation treatments were tested: 1,5,5,1 and
2,5,5,1[13, 14].

The best calibration models for each parameter were selected by statistical
criteria, using the coefficient of determination for calibration (+2), the standard error of
calibration (SEC), the coefficient of determination for cross validation (7°cy), the
standard error of cross validation (SECV) and the residual predictive deviation for cross
validation (RPD¢y) calculated as ratio of the standard deviation (SD) of the reference

data for calibration from the SECV.

2.4. Routine analysis procedure

Once the calibration equations were established, the feasibility of using this

technology as a method for monitoring crop development was studied, and an optimal
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methodology was set up for routine analysis with portable NIRS sensors. Control
reliability statistics based on spectral distances were established for the results obtained:
the global Mahalanobis distance (GH), or the spectral distance from a sample to the
centre of the calibration population, and the neighbourhood Mahalanobis distance (NH),
which is the spectral distance between the plant and neighbouring or similar samples.

To do this, external validation of the best models developed was carried out
using the protocol of Windham et al. [19]. The use of one spectrum calculated as the
mean value of the 9 spectra available for SSC and nitrate content (in this case,
optimising the quality of the spectral information collected) was compared to the use of
a single spectrum per plant for the three parameters tested which is an adapted strategy
that would facilitate the routine analysis in the field. For SSC and nitrate content, the
spectrum was randomly selected from the 9 available for each of the plants included in
the validation set (V2), while for DMC, the spectrum was also randomly chosen from
the 2 available (V1 validation set), using Matlab v. 2015a software in both cases.

Finally, the standard error of prediction (SEP) values for the models obtained for
both validation strategies developed for the prediction of SSC and nitrate content - the
mean of 9 spectra per plant and 1 spectrum per plant - were compared using Fisher’s F
test [20, 21]. Values for F were calculated as:

_ (SEP)?
~ (SEP))?

where SEP; and SEP> are the standard errors of prediction and SEP< SEP>. F is
compared to Feritical (1-P, ni-1, n2-1), as read from the table, with P = 0.05, and n; is the
number of times the measurement is repeated with method 1, while n> is the number of
times the measurement is repeated with method 2. If F is higher than Feiitica, the two

SEP values are significantly different.
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Once the viability of using this working methodology (1 spectrum per plant) for
crop monitoring was established, and in order to increase the robustness of the models
by increasing the possible variability, the calibration and validation sets were merged
and new global models were developed for the prediction of the three parameters tested,

following the procedure mentioned above and using the same signal pre-treatments.

3. Results and discussion

3.1. Population characterization and development of the models for the prediction of

quality and safety indexes in spinach plants

Before structuring the population by means of the CENTER algorithm, the
spectral region affected by noise was studied, determining that the areas at the
beginning (908—1001 nm) and at the end (1627-1676 nm) of the spectral range should
be removed. Consequently, all the chemometric treatments were performed using a
spectral range between 1001-1627 nm. Typical log(1/R), D1 log (1/R) and D> log(1/R)
spectra are shown in Fig. 1.

After using the CENTER algorithm to study the structure and spectral
variability, anomalous samples were detected in the DMC (one sample) and SSC and
nitrate content (one sample) sets respectively, which were removed.

The number of samples, range, mean, SD and coefficient of variation (CV) of
the calibration (C1 and C2) and validation (V1 and V2) sets are shown in Table 1. The
structured selection based on spectral information by means of the global Mahalanobis

distance [16] proved to be useful, since the calibration and validation sets displayed
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similar characteristics for all the study parameters and the validation set ranges lay
within those of the calibration sets.

The frequency histogram for the nitrate content parameter is shown in Fig. 2. As
can be seen in the figure, this parameter covers a wide range of values, from 70 to 3875
mg kg'!, although approximately 41 % of the plants analysed (106 of 261 samples) had
a nitrate content of below 500 mg kg™'. The latter corresponded mainly to plants
analysed at the beginning and end of the harvest period, as well as plants from plots of
land which were subjected to lower doses of fertilizer. It is important to note that,
although the nitrate content was not distributed evenly, it covered the entire range,
representing the full variability of the parameter, which is essential for the subsequent
development of the models [22].

Table 2 shows the statistics of the best prediction models obtained for the in-
field prediction of quality and safety parameters in spinach plants using the sample sets
C1 and C2 for calibration and the MicroNIR™ OnSite-W instrument.

When measuring the parameter DMC, for which a single spectrum taken from
the leaf was used, which was subsequently analysed by the reference method, the
predictive capacity of the model developed allowed to distinguish between high,
medium, and low values of this parameter [23, 24]. Likewise, when measuring the SSC
and nitrate content parameters, the predictive models obtained from the analysis of 9
leaves per plant also enabled to differentiate between high, medium and low values, as

indicated by Shenk and Westerhaus [23] and Williams [24].

3.2. Implementation of a routine analysis procedure

11
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Firstly, to analyse the predictive capacity of the models and their subsequent
routine application, the best models selected were subjected to external validation using
the V1 and V2 validation sets (Table 3). Following the protocol outlined by Windham et
al. [19], the models developed for the three parameters analysed met the validation
requirements in terms of %, (r*, > 0.6), SEP() and bias. Additionally, the slope values
for the DMC and the nitrate content fell within the recommended interval values (0.9-
1.1), whereas for the SSC, the slope did not attain the limits, despite being close.

According to these results, these equations for DMC and nitrate content could be
judged suitable for wusing in routine analysis, permitting the non-destructive
measurement of quality and safety parameters, as well as facilitating decision-making
about selection of varieties, fertilization requirements and deciding on the optimal time
of harvest.

Once the feasibility of implementing NIRS technology for the in-field
characterization of spinach was verified, the routine analysis process was established.
To do this, the methodology recommended by Zamora-Rojas et al. [25] and Pérez-
Marin et al. [26] was followed, which considers the global Mahalanobis (GH) and the
neighbourhood Mahalanobis (NH) distances as control statistics for routine analysis. It
was established that, during the analysis in routine in the field, those predicted samples
which displayed a GH > 4 and/or NH > 1, had to be analysed again. Thus, for those
samples which presented GH values > 4 and/or NH > 1 when predicted, another of the 9
spectra taken from that plant was randomly selected, in this case to simulate a second
measurement. It was established in this procedure, therefore, that when the spectrum
collected exceeded the established spectral limits, it should be repeated. If any of the

samples once again presented prediction values higher than those established for the GH

12
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and/or NH statistics, they would be considered outlier samples which should be
analysed in the laboratory and incorporated into the next expansion of the equation.

The external validation statistics of the best models obtained to predict the three
parameters analysed following the protocol established for the analysis in routine in the
field are shown in Table 3. For each parameter, the results obtained prior to and after the
repetition of the spectral selection procedure are displayed. Additionally, a graphical
comparison between the reference and NIR predicted values obtained after repetition is
shown in Fig. 3.

For DMC, only one sample had a slightly higher NH value than recommended
(NH = 1.19), and the values of the validation statistics obtained before and after the
repetition of this sample were practically identical. For this parameter and, after the
sample which had an NH value greater than 1 was repeated, the model developed
complied with the limits established by Windham et al. [19].

In the case of the SSC and nitrate content parameters, a total of 12 of the 52
samples available in the validation set (23.08%) had to be repeated; six of these samples
displayed GH and NH values higher than the control limits established for both
statistics, 2 samples had GH values greater than 4 and, the remaining 4 samples showed
NH values above 1 (Table 4).

After carrying out a detailed study of these samples, it became clear that 8 of the
12 samples corresponded to 'Harmonica' plants analysed at the beginning of the season
(December and the first weeks of January), which were poorly developed plants, with
smaller leaves, size and thickness, and a lighter colour. Meanwhile, 3 of the samples (2
‘Solomon’ and 1 ‘Baboon’ plants) corresponded to the last two weeks of the growing
period (first fortnight of March), in which the plants were extremely thick, with a very

intense green colour. The remaining sample, which belonged to the ‘Harmonica’ plants,
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displayed no particular characteristics of interest, which means that a mistake could
have been made during the spectral acquisition process.

As can be seen in Table 3, for the SSC and nitrate parameters, the statistics
obtained after taking a new spectrum for these samples improved when compared with
the initial ones, with the SEP values decreasing by about 20% for both parameters,
which confirms the importance of carrying out the field measurement procedure as
rigorously as possible. It should be also mentioned that, after the spectrum was repeated
for these samples, none of them presented second GH and/or NH values above the
established limits. If, during the routine analysis in the field, any of these samples had
presented a second GH value greater than 4 and/or NH greater than 1, as previously
indicated, they would have been collected for analysis by the laboratory reference
method and subsequently incorporated into a future expansion of the equation.

The models developed for SSC and nitrate content after repeating the analysis of
those samples that displayed high values of GH and/or NH did not meet the validation
requirements established by Windham et al. [19] in terms of slope (0.90-1.10) and R?,
(R?, > 0.6), although in the case of SSC, this statistic is close to the minimum of 0.60.
For both parameters, the bias remained within the confidence limits, while the SEP(,
value obtained for SSC (1.4 °Brix) was higher than the control limit (1.2 °Brix).

In addition, it must be mentioned that the mean Mahalanobis distance between
each sample and the centre or the nearest neighbour after the repetition (GH = 1.57 and
NH = 0.41) was lower than the initial values (GH = 2.35 and NH = 0.66), which showed
the higher representativeness after repeating the spectra compared with the samples
included in the calibration set used to develop the models. Once the routine analysis
procedure was established, it was important to determine whether the reduction of the

number of acquired spectra affected the precision of the measurement.
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Table 5 shows the comparison between the SEP values obtained considering the
number of spectra (1 spectrum or the mean spectrum of the 9 taken) used for the
external validation of the models for the SSC and nitrate content parameters.

According to Table 5, for the parameter SSC, the SEP value increased
significantly when the number of spectra taken in routine monitoring is reduced from 9
to 1 (27.86 %), whereas for the nitrate content, the increase in terms of SEP was not
significant.

Therefore, in light of the results obtained, it can be stated that taking a single
spectrum would be sufficient to monitor the crop and determine the evolution of the
nitrate content; in this way, both the behaviour of the different varieties, and the
necessary management practices, principally those related to the dose and timing of the
fertilizer, could be established.

For the SSC parameter, we studied the number of leaves that had to be analysed
in the field, so that the difference between errors would not be significant, with 3 being
the optimal number of leaves to analyse (SEP = 1.2 °Brix). Although analysing a higher
number of leaves for each plant was a key step for this parameter, it should bear in mind
that the error obtained was an average uncertainty value, so the individual uncertainty of
each sample may be lower; it must also be remembered that this increased error does
not affect all the analysed samples equally and that a loss of precision of + 0.5 °Brix is
not a determining factor in quality in this type of product. Therefore, given that the
other two parameters (DMC and nitrate content), which are essential for monitoring
field cultivation, can be predicted by measuring a single spectrum per plant without
showing significant differences as regards the increase in the number of leaves
analysed, we decided to incorporate the strategy of analysing a single leaf into the

routine analysis, since this would enable us to speed up the measurement process in the
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field and, therefore, to analyse many plants quickly and with low cost, which would

compensate for the loss of precision in the SSC parameter.

3.3. New global model developments for the in situ quality and safety prediction of

spinach plants

After the evaluation and establishment of the routine analysis procedure, to
increase the robustness of the models prior to being incorporated in routine monitoring,
the variability covered by these models for each of the parameters analysed was
increased. To achieve this, new calibration models were developed using the sample
sets obtained by merging the two groups, the calibration and validation sets (Table 1).
The results of the new global models developed using all the samples available are
shown in Table 6.

For the three parameters analysed, the new global models enabled to distinguish
between low, medium and high levels [23, 24]. By increasing the calibration set with
the validation samples, the predictive capacity of the models remains very similar, as
can be seen when comparing the RPDcy values, with only a slight reduction (2.83%) in
the error, in the case of nitrate content.

However, with a view to predicting unknown samples in the future, it is
important to include all the possible sources of variation by expanding the set of
samples used to develop the models [27]. Furthermore, it must be highlighted that in
order to increase the robustness of the models that will be used in routine monitoring to
analyse samples from different seasons, regions or varieties, representative libraries of

the studied parameters are required [22].
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Thus, these new global models would be implemented in routine monitoring for
the in situ measurement of quality and safety parameters in spinach plants, allowing the
incorporation of the NIRS technology as a fast method for the real-time decision-
making for crop management practices and harvest decisions, considering that

nowadays these decisions are mainly based on physical indexes, such as colour or size.

4. Conclusions

The results showed that once the calibration models were developed, the
methodology proposed, based on taking a suitable spectrum (GH inferior to 4.0 or/and
NH inferior to 1.0) per plant, allowed us to predict DMC and nitrate content in spinach
plants successfully during their growing season in the field, without any loss of
accuracy, thus making it possible for a greater number of plants to be analysed. This
will enable to establish more precisely the influence of cultural practices such as
irrigation and fertilization, mainly nitrogen, on crop development and its quality and
safety, as well as establishing the optimal harvest time and classifying the different
varieties with respect to the objective indexes studied. However, plants from a new
growing season should be analysed to test in situ whether the proposed methodology
has been applied correctly and, in turn, to extend the model with different sources of

variation.
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529 Table1l
530  Descriptive statistics (number of samples (N), range, mean, standard deviation (SD) and

531  coefficient of variation (CV) for the calibration, validation and global sets.

Parameter Statistics Calibration set Validation set Global set
Dry matter N 208 52 260
content (% fw)  Range 6.12-20.34 8.77-20.23 6.12-20.34

Mean 13.29 13.39 13.31

SD 2.31 2.19 2.29

CV (%) 17.38 16.36 17.21
Soluble solid N 208 52 260
content (Brix)  Range 5.2-15.2 6.4-14.3 5.2-15.2

Mean 10.3 10.3 10.3

SD 1.9 1.7 1.8

CV (%) 18.16 16.73 17.87
Nitrate content N 208 52 260
(mg kg Range 70-3875 95-3582 70-3875

Mean 1225 1212 1223

SD 1085 1122 1090

CV (%) 88.52 92.61 89.16

532
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539

Table 2
Calibration statistics for predicting quality and safety parameters in spinach plants in the

field. C1 and C2 calibration sets.

Parameter Calibration statistics

N Mean SD e SEC & SECV RPD

Dry matter content (% fw) 200  13.42 2.17 0.72 1.16 0.66 1.26 1.83
Soluble solid content 203 10.3 1.8 073 0.9 0.68 1.0 1.84
(°Brix)

Nitrate content (mg kg') 202 1171 1032 0.57 675 0.53 708 1.53

N: number of samples; SD: standard deviation of calibration set; r%: coefficient of determination of
calibration; SEC: standard error of calibration; 72.: coefficient of determination of cross validation;

SECV: standard error of cross validation; RPD,,: residual predictive deviation for cross validation.
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544

Table 3

External validation for prediction of quality and safety parameters in spinach plants following the procedures established for traditional

measurement and routine monitoring in the field.

Parameter Analysis procedure % SEP Bias SEP( Slope SEP limit = Bias limit =+
1.3-SEC 0.6-SEC

Dry matter content (% Mean 9 spectra 0.68 1.27 -0.32 1.24 1.00 1.51 +0.70
fw) Routine analysis First analysis 0.68 1.27 -0.32 1.24 1.00

After repetition 0.68 1.27 -0.34 1.23 1.01
Soluble solid content ~ Mean 9 spectra 0.68 1.0 0.1 1.0 0.85 1.2 +0.6
(°Brix) Routine analysis First analysis 0.47 1.7 0.1 1.8 0.49

After repetition 0.54 1.4 -0.3 1.4 0.65
Nitrates (mg kg™) Mean 9 spectra 0.62 688 -22 695 0.95 889 +410

Routine analysis First analysis 0.32 1052 -163 1049 0.56
After repetition 0.48 833 46 840 0.78

%y: coefficient of determination of prediction; SEP: standard error of prediction; SEP(: standard error of prediction corrected for bias; SEC: standard error of calibration
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545  Table 4
546  Mahalanobis (GH and NH) distances for repeated samples following established routine

547  protocol for measurement in the field.

Sample number First analysis After repetition
GH NH GH NH

1 4.965 2.135 0.721 0.113
2 2.786 1.009 2.471 0.793
3 3.635 1.458 0.783 0.164
4 4.189 1.429 1.748 0.737
5 4.182 0.831 1.281 0.074
6 5.507 2.681 1.619 0.379
7 3.701 1.286 0.961 0.178
8 4.856 1.100 1.397 0.536
9 6.577 0.538 0.450 0.071
10 9.800 2.559 1.052 0.204
11 3.704 1.230 3.071 0.820
12 4.038 1.084 1.842 0.298

548
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549  Table5
550  Comparison between SEP values of the two validation strategies for in situ prediction of

551  the soluble solid and nitrate contents using MicroNIR™ OnSite-W.

Parameter Spectraper %,  SEP Bias SEP. F Feritical
plant

Soluble solid content 1 054 14 -0.3 1.4 1.92  1.60%

(°Brix) 9 0.68 1.0 0.1 1.0

Nitrate content (mg kg!) 1 0.47 833 46 840 1.52 1.60
9 0.63 676 -70 679

552 *: Significant differences (P < 0.05).

553 r%p: coefficient of determination of prediction; SEP: standard error of prediction; SEP(): standard error of
554 prediction corrected for bias.

555
556

557
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558 Table 6
559  Calibration statistics for predicting quality and safety parameters in spinach plants in the

560 field using the global sets.

Parameter N Mean SD P«  SECV  RPD.
Dry matter content (% fw) 254  13.39 2.17 0.65 129 1.77
Soluble solid content (°Brix) 254 103 1.8 0.69 1.0 1.87
Nitrate content (mg kg™') 252 1187 1050 0.57 688 1.58

561 N: Number of samples; SD: standard deviation of calibration set; 7%.y: coefficient of determination of

562 cross validation; SECV: standard error of cross validation; RPD.,: residual predictive deviation for cross

563 validation.

564
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565  Fig 1. Raw (a) and pretreated (first and second derivative) spectra (b) of the spinach

566  plants analysed in the field.
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Fig. 2. Sample distribution for the nitrate content parameter.
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573  Fig. 3. Reference versus NIR predicted data for the validation procedure following the

574  established routine protocol for measurement in the field.
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