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Abstract 19 

The study sought to perform a non-destructive and in-situ quality evaluation of spinach 20 

plants using near infrared (NIR) spectroscopy in order to establish its suitability for 21 

different uses once harvested. Modified partial least square (MPLS) regression models 22 

using NIR spectra of intact spinach leaves were developed for nitrate, ascorbic acid and 23 

soluble solid contents. The residual predictive deviation (RPD) values were 1.29, 1.21 24 

and 2.54 for nitrate, ascorbic acid and soluble solid contents, respectively. Later, this 25 

predictive capacity increased for nitrate content (RPDcv = 1.63) when new models were 26 

developed, taking into account the influence on the robustness of the model exercised by 27 

the simultaneity between the NIR and laboratory analyses. Subsequently, using partial 28 

least squares discriminant analysis (PLS-DA), the ability of NIRS technology to classify 29 

spinach as a function of nitrate content was tested. PLS-DA yielded percentages of 30 

correctly classified samples ranging from 73.08-76.92% for the class ‘spinach able to be 31 

used fresh’ to 85.71-73.08% for the class ‘preserved, deep-frozen or frozen spinach, both 32 

for unbalanced and balanced models respectively, based on N-H signal associated with 33 

proteins. Overall, the data supports the capability of NIR spectroscopy to establish the 34 

final destination of the production of spinach analysed on the plant, as a screening tool 35 

for important safety and quality parameters. 36 

 37 

 38 
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1. Introduction 42 

 43 

Spinach (Spinacea oleracea L.) is a green, leafy vegetable, with a shiny, uniform 44 

appearance. When sold, either to industry (for preserving, freezing or deep-freezing) or 45 

as a fresh product on the market, it is essential for the leaves to look freshly-picked and 46 

tender.  47 

Spinach has an extremely high water content (around 92%) and is very low in 48 

carbohydrates and fats. It is also a rich source of vegetable protein, with, like other 49 

vegetables, high fibre content [1]. 50 

Spinach is also noted for its relatively high content of bioactive substances, 51 

including vitamin C (ascorbic acid), which is a powerful antioxidant that participates in 52 

the scavenging of the reactive oxygen species, regenerating tocopherols from their radical 53 

forms [2, 3]. However, one additional drawback is that they accumulate substances which 54 

are harmful for the human organism, such as nitrates [4].  55 

Over recent years, consumers have become increasingly aware of the presence of 56 

nitrates in foods, among which are vegetables, since nitrates are a serious threat to human 57 

health, due to the conversion of nitrate to nitrite, which may produce methemoglobin due 58 

to the oxidation of Fe+2 in haemoglobin [5]. The impaired capacity of methemoglobin to 59 

deliver oxygen to tissues may lead to severe toxic effects and may even prove fatal where 60 

methemoglobin accounts for over 70% of total haemoglobin, something which affects 61 

infants and very young children almost exclusively [6]. Similarly, a number of studies 62 

have highlighted a possible link between nitrate exposure and childhood type 1 insulin-63 

dependent diabetes mellitus [7]. Furthermore, nitrite may react with secondary amines 64 

(HNR2), which occur in many foods, to form nitrosamines. These substances are highly 65 

carcinogenic [8]. 66 
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However, consumers are also well aware that eating vegetables with a high 67 

content of antioxidants, such as ascorbic acid, is beneficial for their health. The World 68 

Health Organization [9] showed that iron deficiency anemia is one of the most common 69 

nutritional disorders which has a major effect on both health and the economy. Main cause 70 

of anemia is not only low iron intake but also poor iron absorption [10]. This global health 71 

problem can be addressed by improving the dietary iron bioavailability, which can be 72 

altered by various components present in the food which can either enhance or inhibit 73 

iron absorption. Thus, when iron is present along with ascorbic acid, the absorption of 74 

iron has been shown to increase even in the presence of inhibitors [11].  75 

In the case of spinach and in response to this growing public concern about 76 

nitrates, the European Union passed Commission Regulation (EC) No 1258/2011 of 2 77 

December 2011 setting maximum levels for nitrates in this leafy vegetable [12]. Thus, 78 

the maximum level for nitrates was set for preserved, deep-frozen or frozen spinach at 79 

2,000 mg NO3/kg and for fresh spinach at 3,500 mg NO3/kg.  80 

All this has prompted greater attention to spinach safety and quality concerns. 81 

Nitrate accumulation, ascorbic and soluble solid contents in spinach depend not only on 82 

genotypic characteristics, but also on a number of other factors, including cultural 83 

practices, harvesting date and postharvest handling practices [13, 14]. As a result, 84 

producers are increasingly anxious to provide consumers with assurances regarding the 85 

safety, quality and provenance of this product. 86 

The nitrate content in spinach when harvested is in fact key to determining the 87 

final destination of the harvested product. The ascorbic acid content is equally important 88 

because of the close relationship between this acid and the bioavailability of iron, and 89 

also the soluble solid content, which in turn is linked to the vegetable’s quality and shelf-90 

life.  91 
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NIR spectroscopy in conjunction with the application of multivariate analysis 92 

strategies is an appropriate non-destructive technology for the study of chemical 93 

constituents of vegetables at field level. This technology represents a marked change from 94 

the conventional analytical methods, because a single spectrum allows the simultaneous 95 

characterization of different chemical properties, in a matter of seconds and without 96 

sample preparation, thus allowing real-time decision making. In the field, it has become 97 

easier to use this technology by the development in recent years of compact, portable 98 

hand-held instruments which make it possible to measure the quality and safety 99 

parameters of vegetables directly on the plant, thus allowing the product to be instantly 100 

analysed. 101 

Several authors have shown the feasibility of using NIRS technology for the non-102 

destructive measurement of nitrate content in various fruits and vegetables, including 103 

Japanese radishes [15], the leaf stalk of Qing gin cai [16], pineapple [17] and summer 104 

squash [18]. In spinach, Xue and Yang [19] and Itoh et al. [20], are the only ones to have 105 

carried out this analysis, although these authors used NIRS instruments with optical 106 

performance and wavelength ranges different to those used here. 107 

As regards ascorbic acid content, no references have been found where this 108 

parameter has been measured in spinach using NIRS. However, some authors [21-25] 109 

have shown how NIRS technology can be used to measure ascorbic acid in apples, 110 

zucchini, oranges, potatoes and peppers. 111 

In the case of soluble solid content (SSC), no references have been found for 112 

measuring this parameter with NIRS in spinach, although several review works indicate 113 

that NIRS technology is a viable means of measuring this parameter in fruit and 114 

vegetables [26-28]. 115 
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Taking into account the possibilities of using handheld NIRS sensors to optimize 116 

harvesting times and enable the staggered harvesting of spinach for greater quality and 117 

safety, thus allowing certain harvested spinach to be used either in the production of baby 118 

foods, industrially processed as preserved, deep-frozen or frozen spinach or for fresh 119 

consumption, this study sought to assess the feasibility of using NIR spectroscopy, to 120 

characterize the variations in internal safety and quality—particularly nitrate, ascorbic 121 

and soluble solid contents—in intact spinach during on-vine ripening using a low-cost, 122 

miniaturized, handheld, near-infrared device based on the MEMS system. 123 

 124 

2. Material and methods 125 

 126 

2.1. Sampling 127 

 128 

A total of 128 samples of spinach plants (Spinacia oleracea L, cv. ‘Solomon’ (62 129 

samples), ‘Novico’ (13 samples), ‘Meerkat’ (10 samples), and ‘Gorilla’ (43 samples), 130 

grown in an open-air plantation in the province of Córdoba (Spain), were harvested 131 

between January and March 2017.  132 

 133 

2.2. Reference data 134 

 135 

Nitrate content (mg NO3/kg) was measured using an RQFlex reflectometer 136 

(Merck, Darmstadt, Germany) [29]. The reflectometer which measures the colour 137 

intensity of Reflectoquant ® test strips (Merck, Darmstadt, Germany) is based on a 138 

colorimetric method. For NO3
- analysis, the spinach leaves were cut into very small pieces 139 

and liquified. Next, 5 ml of spinach juice was mixed in a blender with different quantities 140 
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of deionised water, depending on NO3
- concentrations. After that, the solution was filtered 141 

using a coffee filter and left to settle for 5 min. Subsequently, a test strip was dipped in 142 

the supernatant for 2 s, and then the colour was allowed to develop for 1 min. The test 143 

strip was then inserted into the reflectometer and the amount of light reflected from the 144 

test strip was measured and converted to a concentration by a standard calibration 145 

previously introduced into the equipment using a bar-coded plastic strip. The dilution 146 

factor was also taken into consideration. 147 

Ascorbic acid content (mg/100g) was also measured using a reflection photometer 148 

(RQflex 10, Merck, Merck, Darmstadt, Germany) [30]. For the ascorbic acid analysis, the 149 

analysis procedures were the same as those for nitrate content with the exception that 150 

samples containing more than 450 mg/L of ascorbic acid were diluted with oxalic acid 151 

solution 1%. The dilution factor was also taken into consideration. 152 

SSC (ºBrix) was measured as the refractometer reading for the spinach juice, using 153 

a temperature-compensated digital Abbé-type refractometer (model B, Zeiss, 154 

Oberkochen, Würt, Germany). 155 

 156 

2.3. Spectral data acquisition 157 

 158 

The NIR spectra of the spinach leaves were collected in reflectance mode (log 159 

1/R) using a handheld MEMS instrument (Phazir 2400, Polychromix, Inc., Wilmington, 160 

MA, USA). The Phazir 2400 is a compact, low-cost near-infrared analyser that 161 

incorporates all the essential components to deliver on-vine applications. The 162 

spectrophotometer scans at a non-constant interval of approximately 8 nm, across the NIR 163 

wavelength range of 1600 to 2400 nm, with a window area of only around 4 mm2. The 164 

sensor integration time was 600 ms. The MEMS device is equipped with quartz protection 165 
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to prevent the accumulation of dirt. Instrument performance was checked every 10 min, 166 

following the diagnostic protocols provided by the manufacturer, and white reference 167 

measurement was carried out using Spectralon as reference.  168 

Four spectral measurements were made on each spinach leaf (distal and proximal, 169 

on both sides (right and left) of the leaf blade relative to the main vein, on the adaxial 170 

side). Because between 4-10 leaves were used for the chemical analyses of the parameters 171 

of SSC, ascorbic acid and nitrate content when analysing each plant, to obtain a mean 172 

spectrum for each spinach sample, a mean spectrum was first obtained from the four 173 

spectra for each leaf, and then a mean spectrum was obtained from the four to ten mean 174 

spectra for each sample. 175 

 176 

2.4. Spectral repeatability 177 

 178 

The spectral repeatability of intact spinach leaves was evaluated using the Root 179 

Mean Squared (RMS) statistic. The RMS statistic is defined as the averaged root mean 180 

square of differences between the different subsamples scanned at n wavelengths [31, 181 

32]. This statistic indicates the similarity between different spectra of a single sample. 182 

For each instrument and sample presentation form, the RMS for an individual 183 

subsample (j) of the sample (k) can be calculated using the using the following expression: 184 

𝑅𝑀𝑆𝑗 ,𝑘 =
∑ 𝐷𝑖𝑗

2𝑛
𝑖=1

𝑛
; 𝐷𝑖𝑗 =  𝑦𝑖𝑗 − 𝑦𝑖  

 185 

where yij is log (1/R) at wavelength i for subsample j, and 𝑦  is log (1/R) at wavelength i 186 

for the average spectrum of a sample k; n is the number of data points collected by the 187 

instrument (here, 100 data points for the MEMS instrument). The RMS value obtained in 188 

each case was multiplied by 106 to facilitate value management and processing. 189 
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To determine a cut-off value (RMScutoff) of each sample presentation form, the 190 

mean RMS was calculated along with standard deviation (STD) per sample according to 191 

the formulae provided by Martínez et al. [33]. 192 

𝑆𝑇𝐷𝑘 = (𝑅𝑀𝑆𝑗 )2 (𝑁 − 1)⁄

𝑁

𝑗 =1

 

 193 

 where N are the number of sub-samples. 194 

A STD limit can be calculated for comparing the RMS values of subsamples, 195 

following the formula provided by Rosales [34], who demonstrated that the estimated 196 

value of the error variance, σ2 for log (1/ R) yi,j is the corresponding to one-way ANOVA:  197 

𝜎 =
1

𝑛 (𝑁 − 1)
𝑦 , −  𝑦

𝑖
 198 

This expression corresponds to the STD2. The sum of squares for error (SSE) can 199 

be thus be expressed as:  200 

SSE = n (N-1) STD2  201 

which approximately follows a 2 distribution, 202 

𝑛 (𝑁 − 1) (𝑆𝑇𝐷 )

𝜎
~χ[ ( )] 203 

with 𝜎  the parametric value of the error variance. For infinite degrees of freedom (> 204 

100), χ2 tends to a normal distribution. An STD limit can then be calculated for comparing 205 

the RMS values of subsamples, following the formula given by Rosales (1993). 206 

𝑆𝑇𝐷𝑙𝑖𝑚𝑖𝑡 = 1.036 𝑆𝑇𝐷𝑘
2 𝑚⁄

𝑘=𝑚

𝑘=1

=  1.036 𝑆𝑇𝐷2 

 207 

where STD is the standard deviation per sample and m is the number of samples. The 208 

value 1.036 corresponds to a probability level of 85%. 209 
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The STDlimit value was used to establish the RMScutoff for each product and 210 

analysis mode. Hence, the different sources of variation which might cause irregular 211 

spectra were controlled, since any spectra in a sample that were above this limit were 212 

eliminated, and recalculations were performed until all the values were below the 213 

RMScutoff. Then, the mean spectrum of each leaf was calculated. 214 

To evaluate spectral repeatability, two alternatives were available: first, analysing 215 

ten leaves and taking two spectra in each of them, at the same point, and second, analysing 216 

twenty leaves and taking four spectra in each, at different points of the leaf. 217 

 218 

2.5. Data analysis: definition of calibration and validation sets 219 

 220 

Principal Component Analysis (PCA) was performed on a set of N = 128 samples 221 

in order to decompose and compress the data matrix. After PCA, the center of the spectral 222 

population was determined in order to detect outlier samples. The Mahalanobis distance 223 

(GH) was calculated between each sample and the center; samples with a GH value 224 

greater than 3 were considered outliers [31]. As spectral pre-treatments, the Standard 225 

Normal Variate (SNV) plus Detrending (DT) procedure [35] was used to remove the 226 

multiplicative interferences of scatter, and first derivative mathematical treatment (Norris 227 

derivative) was performed (1,5,5,1), where the first digit is the order of the derivative, the 228 

second is the gap over which the derivative is calculated, the third is the number of data 229 

points in a running average or smoothing and the fourth is the second smoothing [36, 37]. 230 

Once spectral outliers had been removed, a set consisting of 124 samples was used 231 

to develop the calibration models. The set was divided into two: a training set containing 232 

about 75% of the samples (N = 93 samples) and a test set containing the remaining 25% 233 

(N = 31 samples). These samples were selected following the method outlined by Shenk 234 
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and Westerhaus [38] using the CENTER algorithm included in the WinISI software 235 

package to calculate the Global Mahalanobis distance (GH). The samples were ordered 236 

on the basis of the Mahalanobis distance to the center of the population, and three of every 237 

four were selected to be part of the calibration set. 238 

 239 

2.6. Chemometric tools 240 

 241 

 The data were subjected to chemometric treatment using the WinISI software 242 

package version 1.50 [37]. 243 

NIR calibration models for the prediction of quality parameters (nitrate content, 244 

ascorbic content, and SSC) in intact spinach plants were constructed using modified 245 

partial least squares (MPLS) regression [31], with subsequent cross-validation. The 246 

calibration set was partitioned into 6 groups; each group was then validated using a 247 

calibration derived from the other samples; finally, validation errors were combined to 248 

obtain a standard error of cross-validation (SECV). 249 

For each analytical parameter, different mathematical treatments were evaluated. 250 

For scatter correction, the standard normal variate (SNV) and detrending (DT) methods 251 

were tested [35]. Additionally, a total of four derivative mathematical treatments were 252 

tested: 1,5,5,1; 2,5,5,1; 1,10,5,1 and 2,10,5,1.  253 

The statistics used to select the best equations were: the coefficient of 254 

determination for calibration (r2
c), the standard error of calibration (SEC), the coefficient 255 

of determination for cross calibration (r2
cv), and the standard error of cross validation 256 

(SECV). Furthermore, the Residual Predictive Deviation (RPD) for cross-validation was 257 

calculated as the ratio of the standard deviation (SD) of the reference data to the SECV. 258 
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This statistic enables SECV to be standardized, facilitating the comparison of results 259 

obtained with sets of different means [39].  260 

The best-fitting equations obtained for the calibration set, as selected by statistical 261 

criteria, were subsequently subjected to external validation following the protocol 262 

outlined by Windham et al. [40]. 263 

After analysing the results obtained, and in order to test the influence of the 264 

simultaneity in time between the NIRS spectrum and the wet-chemistry analysis on the 265 

robustness of the model obtained for the prediction of nitrate content in intact spinach, 266 

new predictive models were designed for this parameter, dividing the initial total of 128 267 

samples into 2 groups which represent two different analysis strategies. 268 

- Strategy I. Group of samples 1 to 47. On the day the field samples arrived, the 269 

corresponding NIR spectra were taken. However, the reference analyses were carried out 270 

24 hours later, and the samples were stored in refrigeration conditions during that time 271 

(4ºC, RH: 85%). 272 

- Strategy II. Group of samples 48 to 128. The NIRS spectra were taken and the 273 

wet analysis performed 24 hours after the product arrived in the laboratory, and the 274 

samples were stored in refrigeration conditions until analysis (4ºC, RH: 85%). 275 

 The same signal pre-treatments and spectral region described earlier were used 276 

here for the development of the new quantitative models. 277 

 278 

2.7. NIRS classification models 279 

 280 

 The design of models to classify spinach by its nitrate content, in order to evaluate 281 

the viability of using NIRS technology to determine the final destination of the harvested 282 

spinach (fresh consumption or preserved, deep-frozen or frozen product), for those 283 
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samples where the NIR and reference analyses were performed at the same time (Strategy 284 

II), comprised two classification groups: 1) spinach which contained 0-2,000 mg/kg NO3
- 285 

(N = 45 samples) for preserved, deep-frozen or frozen spinach; 2) spinach with a nitrate 286 

content between 2,000-3,500 mg/kg NO3
- (N = 36 samples) for fresh spinach. 287 

 Next, the structure and spectral variability of the sample population was studied 288 

in order to select the samples that would constitute the learning group. To do this, we 289 

used the CENTER algorithm, which is included in the WinISI version 1.50 software. This 290 

algorithm was applied separately to each of the two training groups. The mathematical 291 

treatments SNV (Standard Normal Variate) and DT (Detrend) were applied to correct any 292 

scattered radiation phenomena, together with the 1,5,5,1 derivation treatment [31]. 293 

 After having ordered the sample set by spectral distances (from smallest to 294 

greatest distance from the center), a structured selection of the external validation set (10 295 

samples for each classification group), solely on the basis of spectral data [38]. 296 

Discriminant models were constructed to classify spinach by its NO3
- content, 297 

using PLS-DA for supervised classification. Specifically, the PLS2 algorithm was 298 

applied, using the ‘Discriminant Equations’ option in the WINISI version 1.50 software 299 

package [37]. 300 

 All the models were constructed using six cross-validation groups. The same 301 

signal pre-treatments and spectral regions described earlier for quantitative analysis were 302 

used for qualitative model development. 303 

The precision of the models obtained was evaluated using the percentage of 304 

correctly-classified samples, both for the global model and for each class. 305 

The difficulty involved in obtaining balanced learning groups in terms of the 306 

number of samples per class or classification category led us to assess the influence of 307 

this factor on the development of discriminant models. In this way, the results obtained 308 
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were contrasted with balanced and unbalanced classification models in terms of the 309 

number of samples per class. 310 

The samples for the balanced groups were selected using the algorithm SELECT 311 

included in the WinISI II software package version 1.50 (Infrasoft International, Port 312 

Matilda, PA), which calculates spectral distances (Mahalanobis H), in order to detect 313 

samples whose spectrum is very similar to that of others in the population [38]. This 314 

algorithm enables spectral selection of a number of samples representative of the 315 

population as a whole, by calculating the ‘NH’ distance (Mahalanobis neighbour 316 

distance) between two spectra. An ‘NH’ of less than 0.6 implies that two spectra are too 317 

similar to each other (‘neighbour’). After application of this algorithm, 26 samples of the 318 

category ‘nitrate content between 0-2,000 mg/kg’ were selected, thus making the number 319 

of samples of the two classes equal and allowing the classification models to be 320 

redesigned. 321 

Next, the best classification models for each of the established types (unbalanced 322 

and balanced models) were selected and externally validated. In this case, an external 323 

validation procedure was carried out to measure the predictive capacity of the model using 324 

a sample group different to that used in the training of the model. In both models 325 

(unbalanced and balanced) 20 samples (10 per category) were selected in a structured 326 

way [38]. 327 

 328 

3. Results and discussion 329 

 330 

3.1. Spectral repeatability 331 

 332 
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The collection of high quality spectra is crucial for the characterization of spinach 333 

plants by quality and safety characteristics and to assess its possible industrial use, as well 334 

as to construct discriminant classification models for the product depending on its 335 

possible use in the processing industry of fresh or processed vegetables (in this case, 336 

preserved, deep-frozen or frozen spinach). The RMS cut-off was calculated for the 337 

instrument MEMS used as shown in section 2.4. 338 

For the first alternative tested (analysing ten leaves and taking two spectra in each 339 

of them, at the same point) the mean STD was 48,292 μlog (1/R), representing an RMS 340 

cut-off of 64,661 μlog (1/R). For the second alternative (analysing twenty leaves and 341 

taking four spectra in each, at different points of the leaf) the mean STD and the RMS 342 

cut-off were 118,693 μlog (1/R) and 128,437 μlog (1/R), respectively. As can be seen, 343 

the result obtained for STDlímit in the test in which 10 samples (leaves) were used was 344 

lower than that obtained in the test which used 20 samples. This was to be expected, since 345 

the former corresponds to the analysis of 10 samples whose two subsamples were taken 346 

at the same point, while, in the latter case, 20 samples were analysed by taking the four 347 

subsamples at different points in the leaf. The repeatability results obtained therefore 348 

indicate that, in the second mode, the analysis reflects the heterogeneity of the leaf, 349 

although the reduced window of analysis presented by the spectrophotometer used must 350 

also be taken into account. 351 

It was therefore decided to choose the second mode of analysis as the most 352 

suitable, that is, to collect 4 spectra per leaf. In this way, a more representative 353 

measurement of the analysed product was obtained. Once the RMS value did not exceed 354 

the value of the STDlímit, these spectra were then averaged in order to carry out both the 355 

quantitative and qualitative predictive models using the average spectrum of each sample. 356 
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The calculation of the RMS statistic is extremely important because it aims to 357 

ensure high spectral repeatability, which is essential to obtain quality spectral data, and 358 

therefore, constitutes an essential step in obtaining robust equations. 359 

No values for this statistic have been found in the scientific literature for spinach 360 

analysed on the vine, although the RMS statistic is extremely useful to obtain 361 

representative spectral libraries of this vegetable, when analysed on the plant. In fact, this 362 

is the first research work to deal with measuring spectral repeatability in leafy vegetables. 363 

 364 

3.2. Spectral features 365 

 366 

 Mean and standard deviation log (1/R) spectra for intact spinach leaves, captured 367 

by the instrument Phazir 2400, together with the most relevant absorption bands, are 368 

shown in Fig. 1.  369 

In the NIR region between 1600-2400 nm, the highest absorption peak is at the 370 

1920 nm wavelength, which corresponds together with the 2200 nm valley, to water. This 371 

was to be expected, since spinach is made up of 90% water [41]. Osborne et al. [42] 372 

showed that the peak in the wavelength 1780 nm was directly related to the first overtone 373 

of sugars. The valley at 1670 nm could be related to the N-H groups [41]. 374 

 375 

3.3. Descriptive data for NIR calibration and validation 376 

 377 

 Values for number of samples, range, mean, standard deviation (SD) and 378 

coefficient of variation (CV) for each of the parameters analysed using the calibration and 379 

validation sets after application of the CENTER algorithm and removal of any spectral 380 

outliers are shown in Table 1. 381 
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 The nitrate content, ascorbic acid, and SSC reference values were all fairly 382 

normally distributed around the mean values (1765.24 mg/kg, 298.97 mg/100 g and 8.84 383 

ºBrix, respectively) with standard deviations (SD) of 1082.34 mg/kg, 66.05 mg/100g and 384 

1.90 ºBrix for each parameter. 385 

 The ranges of nitrate content, ascorbic acid and SSC of the calibration set are 386 

109.50-5177.00 mg/kg, 156.92-479.23 mg/100g and 5.60-14.25 ºBrix, respectively; that 387 

of the validation set are 144.00-3520.00 mg/kg, 191.83-453.85 mg/100g and 6.25-13.95 388 

ºBrix. Since the calibration and validation sets displayed similar values for mean, range 389 

and standard deviation for all the parameters studied, a structured selection using only 390 

spectral information treatment algorithms such as CENTER proved adequate. 391 

Furthermore, the ranges of the validation set lay within those of the calibration set. 392 

 All the parameters studied in the calibration set covered a wide range of values. 393 

This was truest of nitrate content with a CV of 63.31%, while the CV of ascorbic acid and 394 

SSC were practically the same (22.09% and 21.49%, respectively). Pérez-Marín et al. 395 

[43] have highlighted the importance of the sample set and of sample distribution within 396 

the calibration set, noting that sample sets for calibration should ideally ensure an uniform 397 

distribution across the range of the study parameter in question. 398 

For the validation group, the coefficient of variation values were set at 60.62% for 399 

nitrates, 21.10% for ascorbic acid and 22.66% for SSC. 400 

 401 

3.4. Prediction of safety and quality parameters in intact spinach using MPLS regression  402 

 403 

 The best calibration models obtained for predicting one safety parameter (nitrate 404 

content) and quality parameters (ascorbic acid and SSC) in spinach using different various 405 
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mathematical pre-treatments are shown in Table 2. Statistical criteria were used to select 406 

the best model for each study parameter. 407 

 The models developed for nitrate content have a predictive capacity (r2
cv = 0.41; 408 

RDPcv = 1.29) which allows the samples to be classified under high and low values of 409 

this parameter [32, 39]. 410 

 It should be noted that Xue and Yang [19] studied nitrate content in spinach (n = 411 

58 samples), using an ASD Fieldspec FR spectroradiometer and obtained results (r2
p = 412 

0.88) which were higher than those obtained here, although the instrument’s optical 413 

characteristics and range are significantly different from those of the Phazir 2400. 414 

Itoh et al. [20] also measured the nitrate content in spinach leaves (n = 48 samples), 415 

using the FANTEC NIR Gun working on transmittance in a spectral range of 600-1100 416 

nm. The authors reported values of RPDp = 2.14 with the PCR regression and RPDp = 417 

2.17, using PLS regression, which were higher than those obtained in this research study. 418 

However, the size and characteristics of the sample group, the means of measurement, 419 

the window size (1 cm) and the spectral range of the instrument used, all differed from 420 

those used in this study. 421 

As regards ascorbic content, the models designed allow the samples to be 422 

classified under high and low values for this parameter (r2
cv = 0.33; RDPcv = 1.21) [32, 423 

39], although the results are limited for routine use. It must be noted that it is especially 424 

difficult to measure this parameter in vegetable products - not only with portable 425 

instruments, but also with high performance NIRS laboratory instruments. 426 

Kramchote et al. [44] measured ascorbic acid content in cabbage and obtained 427 

predictive capacity models (RPDP = 1.26) similar to that obtained here using a 428 

spectrophotometer Handy Lamda II (Spectra Co., Ltd., Tokyo, Japan), in reflectance 429 

mode in the 310 and 1100 nm spectral range. 430 
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When predicting antioxidant content (beta-carotene and ascorbate) in freeze-dried 431 

leaves of Populus spp., Fernández-Martínez et al. [45] obtained models with an average 432 

predictive capacity (RPDcv = 2.10) for beta-carotene, while for ascorbate, the models were 433 

capable of discriminating between high and low values (RPDcv = 1.56) [26]. In both 434 

studies, reflectance was carried out using high performance Foss NIRS Systems 6500 435 

laboratory equipment, in the 400-2500 nm range. 436 

For SSC – which is a crucial parameter when choosing the optimum time for 437 

harvesting and for measuring the shelf-life of spinach, the model developed has a 438 

predictive capacity (r2
cv = 0.85; RPD cv = 2.54) which can be considered as good [32, 39]. 439 

 No reports have been found in the literature regarding the measurement of SSC in 440 

spinach using NIR spectroscopy. However, Kramchote et al. [44], in the case of cabbage, 441 

obtained models of lower predictive capacity (RPDp = 2.05 and 1.95) using a 442 

spectrophotometer (Handy Lamda II, Spectra Co., Ltd., Japan), in interactance and 443 

reflectance mode, respectively, in the spectral range 310-1100 nm. 444 

The regression coefficients for the best predictive models for nitrate, ascorbic acid 445 

and soluble solids contents are illustrated in Fig. 2. The figure shows that the area of the 446 

spectra around 1650–1850 nm, which is correspond to the first overtone of C–H stretching 447 

bonds [42]. The best models to predict the three parameters tested reflected variations in 448 

the wavelengths range 2000–2190 to N–H and O–H stretching modes besides C=O 449 

vibration bands [42]. Absorbance region such as 2200-2280 nm and at 2320 nm could be 450 

attributed to C–H stretch and CH2 deformation [41]. 451 

Validations of the best calibration models obtained were performed using a set 452 

comprising 31 samples (Fig. 3). Models constructed for predicting SSC in intact spinach 453 

using the MEMS instrument met the validation requirements in terms of the coefficient 454 

of determination for prediction r2
p (r2

p > 0.6), while the standard error of prediction 455 
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corrected for bias or SEP(c), bias and slope were within the confidence limits: the 456 

equation thus guarantees an accurate prediction, and can be applied routinely [40]. 457 

For nitrate content prediction, the r2
p value does not comply with the protocol 458 

while the values shown by the other statistics lie within the confidence limits, thus 459 

complying with this validation protocol [40]. 460 

In the case of the ascorbic acid content, the r2
p values and the slope do not comply 461 

with this protocol, while SEP (c) and the bias were below confidence limits.  462 

 463 

3.5. Contrasting the suitability of performing reference analyses immediately after NIR 464 

measurements 465 

 466 

 Given the rough predictive capacity of the model designed to measure nitrate 467 

content in spinach, and since the non-destructive prediction of this parameter is key in 468 

determining the final destination of the harvested product, it was decided to evaluate 469 

whether, for spinach leaves, carrying out chemical analyses at times other than when the 470 

NIRS spectra are taken significantly affects the predictive capacity of the models. Several 471 

authors have pointed out the importance of performing the reference analyses 472 

immediately after the NIR analysis, especially in the case of extremely perishable 473 

vegetable products [46]. 474 

 Table 3 shows the best models obtained for predicting nitrates using two analysis 475 

strategies: Strategy I: NIRS analysis, and chemical measurement of nitrate content 24 476 

hours later; Strategy II: NIRS analysis and wet reference analysis immediately after. 477 

 Tables 2 and 3 clearly show the importance of carrying out the NIR and wet 478 

process analyses consecutively, and of using the same methodology or systematic 479 

analysis for all the samples in the study. 480 
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In this way, the joint predictive model (Table 2) shows values of r2
cv = 0.41 and 481 

SECV = 836.26 mg/kg while the models developed from the two strategies considered 482 

(Table 3) had values of r2
cv = 0.53 and 0.63, and SECV = 711.63 and 670.81 mg/kg, for 483 

strategies I and II, respectively. 484 

It is important to point out that for both strategies, the SECV value was lower. In 485 

Strategy II, the SECV value fell by 19.78%, while for Strategy I, it decreased by 14.90%. 486 

Likewise, the predictive capacity of the models increased, and the models allowed to 487 

distinguish between high, medium and low values of nitrate content for both strategies 488 

[32, 39]. 489 

 The results obtained indicate that growers and the agrifood industry could use 490 

NIRS technology as a screening technique, permitting a large number of plants to be 491 

tested in the field or when they are delivered to the industrial plant, providing results for 492 

this parameter and thus enabling growers to take real-time decisions as to the final 493 

destination of the harvested product. 494 

These results also confirm the importance of performing these analyses together, 495 

in products as perishable as spinach [47] and the suitability of using the same analysis 496 

methodology throughout the trial. 497 

 498 

3.6. Discriminant analysis 499 

 500 

Results for the best classification models obtained, using PLS2-DA, for predicting 501 

the industrial use of spinach depending on its content in nitrates, are shown in Table 4. 502 

The best discriminant models were obtained with D2 log(1/R) together with SNV 503 

+ DT for scatter correction (balanced and unbalanced sets). 504 
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The unbalanced model correctly classified 80.33% of the samples (85.71% in the 505 

0-2,000 mg/kg category and 73.08% in the 2,000-3,500 mg/kg category), while the 506 

balanced model correctly classified 75.00% (73.08% in the 0-2,000 mg/kg category and 507 

76.92% in the 2,000-3,500 mg/kg category). For validation, the percentage of correctly 508 

classified samples obtained using the unbalanced model was 70% (80% in the 0-2,000 509 

mg/kg category and 60% in the 2,000-3,500 mg/kg category) and for the balanced model, 510 

the percentage was 70.00% (90% in the 0-2,000 mg/kg category and 50% in the 2,000-511 

3,500 mg/kg category). 512 

As can be seen in Table 4, the percentage of samples correctly classified by the 513 

unbalanced model was slightly higher than by the balanced model, which reflects the low 514 

sensitivity of the PLS2 algorithm to the difference between the number of samples of the 515 

classes to be discriminated [48]. 516 

A detailed study of the unbalanced model reveals that, of the 12 poorly classified 517 

samples, 5 had a nitrate content (mg/kg) of between 2,000 ± 2 * SEL (SEL = 131.6 518 

mg/kg), a range that can be considered difficult to discriminate as it would fall within the 519 

error of the reference method, so that the error of classification may be put down to a 520 

typical laboratory error value. The remaining 7 samples did not show nitrate content 521 

within this range, and therefore their incorrect classification can be attributed to errors in 522 

the model or to their poor representation in the training set, given the limited number of 523 

samples available, which only allowed to perform a feasibility study of the potential of 524 

technology in this area. It is also important to mention that this constituent is found in 525 

ppm in spinach leaves, which makes it difficult to measure by NIRS in whole plants. 526 

However, the results obtained are promising and allow us to continue consolidating the 527 

application of NIRS technology as a screening technique in the spinach handling and 528 
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processing industry, permitting, in a non-destructive way and in a matter of seconds, to 529 

assess the possible industrial destination of the spinach leaves. 530 

Of the 13 poorly classified samples in the balanced model, 3 had a nitrate content 531 

(mg/kg) within the range of 2,000 ± 2 * SEL (SEL = 131.6 mg/kg), and any classification 532 

errors can again be attributed to the SEL value obtained. 533 

Peaks at 1780 nm, 1860 nm and 2040 nm appeared to have more weight in the 534 

classification of intact spinach on-vine by nitrate content (Fig. 4). This indicates that the 535 

discrimination of spinach by nitrate content in the NIR region of the spectrum is related 536 

to lipids, proteins and N-H combinations [41]. 537 

As regards the external validation of the classification models, a percentage of 538 

correctly classified samples of 70% was obtained for both the unbalanced and balanced 539 

models. For the first, 10 samples from the 0-2,000 mg/kg category were used, of which 8 540 

were correctly classified, and 10 from the 2,000-3,500 mg/kg category, of which 6 were 541 

correctly classified, while of the 4 poorly classified samples, 1 had a nitrate content 542 

(mg/kg) within the range 2,000 - 2 * SEL. Similarly, in the balanced model, 9 out of 10 543 

samples in the 0-2,000 mg/kg category were correctly classified, and 5 from the 2,000-544 

3,500 mg/kg category. 545 

 546 

4. Conclusions 547 

 548 

Near infrared spectroscopy is clearly an advantageous technique for the rapid 549 

screening of quality and safety according to the SSC and nitrate levels, although further 550 

research is needed to make it robust for predicting these parameters. It has also been 551 

demonstrated that the NIRS and the laboratory analysis should be performed together. 552 

The results obtained from the classification models of spinach leaves according to 553 

their nitrate content, which determines their possible industrial destination, also confirm 554 
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the feasibility of using NIRS technology both in the field and in the stages of selection 555 

and classification of spinach carried out during industrial processing for classification 556 

according to the quality and safety characteristics of this vegetable. 557 
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Table 1  732 

Minimum, maximum and mean values for the RMS and STD statistics and the STD limit 733 

value obtained while evaluating spectral repeatability.  734 

Number 

of samples 

RMS (μlog(1/R) STD (μlog(1/R) STDlimit 

(μlog(1/R) Minimum Mean Maximum Minimum Mean Maximum 

10 4,971 34,147 86,210 7,030 48,292 121,919 64,661 

20 34,626 83,157 139,285 47,334 118,693 214,102 128,437 

 735 

  736 
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Table 1 737 

Statistical analysis of the calibration and prediction sample sets, i.e. data ranges, means 738 

and standard deviations (SD) and coefficients of variation (CV). 739 

Parameter Item Calibration set Validation set 

Nitrate content (mg/kg) Number 93 31 

Range 109.50-5177.00 144.00-3520.00 

Mean 1765.24 1795.48 

SD 1082.34 1088.46 

CV (%) 61.31 60.62 

Ascorbic acid content (mg/100 g) Number 93 31 

Range 156.92-479.23 191.83-453.85 

Mean 298.97 300.96 

SD 66.05 63.52 

CV (%) 22.09 21.10 

SSC (º Brix) Number 93 31 

Range 5.60-14.25 6.25-13.95 

Mean 8.84 8.34 

SD 1.90 1.89 

CV (%) 21.49 22.66 

  740 
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Table 2 741 

Calibration statistics for the best equations obtained for the prediction of quality and 742 

safety parameters in intact spinach. 743 

Parameter Number of 

samples 

Mathematical 

treatment 

Range Mean SD r2
cv SECV RPD SEL 

Nitrate (mg/kg) 92 2,5,5,1 109.50-5177.00 1776.16 1083.10 0.41 836.26 1.29 131.61 

Ascorbic acid (mg/100 g) 91 2,10,5,1 168.75-467.69 298.55 62.24 0.33 51.46 1.21 10.69 

SSC (ºBrix) 92 1,10,5,1 5.60-14.25 8.85 1.91 0.85 0.75 2.54 0.07 

 744 

  745 
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Table 3 746 

Calibration statistics for the best equations obtained for the prediction of nitrate content 747 

in intact spinach. Strategies I and II. 748 

Strategy Number of 

samples 

Mathematical 

treatment 

Range Mean SD r2
cv SECV RPDcv 

Strategy I 44 2,5,5,1 109.50-5177.00 1648.82 1037.97 0.53 711.63 1.46 

Strategy II 71 1,5,5,1 122.50-3627.00 1821.91 1095.37 0.63 670.81 1.63 

 749 

 750 
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Table 4 751 

Percentage of spinach plants classified correctly by nitrogen content. PLS2-DA. 752 

Qualitative groups Unbalanced model Balanced model 

Percentage of correctly-classified samples: 80.33% 

(49/61) 

Percentage of correctly-classified samples 75.00% 

(39/52) 

Model SECV: 0.46 Model SECV: 0.49 

Number of synthetic variables: 4 Number of synthetic variables: 5 

Math treatment: 2,5,5,1 Math treatment: 2,10,5,1 

Industrial destination of spinach according to its  

content in nitrates  

Training set Validation set Training set Validation set 

Preserved, deep-frozen or frozen spinach, NO3
- : 0-2,000 mg /kg 85.71% (30/35)  80.00% (8/10) 73.08% (19/26) 90.00% (9/10) 

Fresh spinach NO3
- : 2,000-3,500 mg /kg 73.08% (19/26) 60.00% (6/10) 76.92% (20/26) 50.00% (5/10) 

 753 
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Fig. 1. Mean and standard deviation spectrum for spinach. 754 
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Fig. 2. Regression coefficients for spinach nitrate content, ascorbic acid and SSC during 759 

on-vine ripening 760 

 761 

* a.u.= arbitrary units 762 
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Fig. 3. Reference and NIR predicted values for quality and safety parameters in intact 764 

spinach. 765 
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Fig. 4. D1 log(1/R) of the mean spectra for intact spinach plants with different nitrate 767 

content.  768 
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