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ABSTRACT 20 

Background: this study investigates the possibility of using Near-Infrared spectroscopy 21 

for the authentication of the ‘Nocciola Romana’ hazelnut (Corylus avellana L. cvs. 22 

‘Tonda Gentile Romana’ and ‘Nocchione’) as a protected designation of origin (PDO) 23 

hazelnut from Central Italy. Algorithms for the selection of the optimal pretreatments 24 

were tested in combination with the following discriminant routines: k-Nearest 25 
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Neighbor, Soft Independent Modeling of Class Analogy, Partial Least Squares 26 

Discriminant Analysis and Support Vector Machine Discriminant Analysis. 27 

Results: the best results were obtained using a Support Vector Machine Discriminant 28 

Analysis routine. Thus, classification performance rates with specificities, sensitivities, 29 

and accuracies as high as 96.0%, 95.0% and 95.5%, respectively, were achieved. 30 

Various pretreatments, such as Standard Normal Variate, mean centering and a 31 

Savitzky-Golay filter with seven smoothing points, were used. The optimal wavelengths 32 

for classification were mainly correlated with lipids, although some contribution from 33 

minor constituents, such as proteins and carbohydrates, was also observed. 34 

Conclusion: from the results obtained, it seems that Near-Infrared spectroscopy could 35 

classify hazelnut according to the PDO ‘Nocciola Romana’ designation. Thus, the 36 

experimentation lays the foundations for a rapid, online, authentication system for 37 

hazelnut. However, model robustness should be improved taking into account agro-38 

pedo-climatic growing conditions. 39 

 40 

Keywords: Corylus avellana L., cultivars, discriminant analysis, chemometrics, 41 

nondestructive techniques 42 

 43 

INTRODUCTION 44 

Hazelnut (Corylus avellana L.) is one of the most economically important raw 45 

materials for the confectionary, bakery and chocolate industries. Turkey, Italy, Spain 46 

and the USA are the most important world producers. Approximately 90% of the 47 

worldwide crop is absorbed by the food industry. Hazelnut promotes good health and 48 

contributes to the beneficial effects of the Mediterranean diet.1 The kernel is also used 49 

to add bioactive compounds to new health-related foods, serving as a substitute for 50 
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synthetic ingredients.2,3 Moreover, different uses of hazelnuts are being explored, 51 

including the consumption of fresh unripe fruit.4 52 

According to qualitative standards of the confectionary industry, the main 53 

commodity-related characteristics of the fruits are expressed in relation to their process 54 

and use and can be summarized as follows: fruit morphology, moisture content, shape 55 

uniformity, percent kernel, flaw incidences and peelability due to the roasting process. 56 

Moreover, confectionary industries and markets require whole hazelnuts from specific 57 

cultivars to enhance the characteristics of the traditional product with the aim of 58 

releasing a high-quality product. 59 

The hazelnut ‘Nocciola Romana’ is a ‘Protected Designation of Origin’ (PDO) 60 

produced and harvested in a well-defined geographical area located in the North-Central 61 

Latium region in Italy. The area lies within the territory of several municipalities of the 62 

provinces of Viterbo and Rome. The PDO designation guarantees that the quality of the 63 

product is closely linked to the main cultivars of its territorial origin. In fact, according 64 

to the Official Journal of European Union5, the PDO ‘Nocciola Romana’ hazelnut 65 

consists of both ‘Tonda Gentile Romana’ and ‘Nocchione’ cultivars, which must 66 

represent at least 90% of the selection at the farm. Other permitted cultivars are ‘Tonda 67 

di Giffoni’ and ‘Barrettona’, which must represent a maximum of 10%. 68 

Currently, the origin identification of products with the PDO label remains an 69 

economic burden for the food industry because commodities acquire an added value and 70 

are more likely subject to fraud. Thus, the ability to ensure the declared origin, cultivar 71 

and quality of the hazelnut kernel using a fast and easy-to-use method may supply the 72 

industry with considerable advantages. Menesatti et al.
6 successfully used shape-based 73 

imaging techniques in order to discriminate Italian hazelnut cultivars. However, their 74 

results were strongly affected by the viewpoint of the camera. Sensors for real-time, 75 

nondestructive systems using non-contact optical techniques (e.g., Near-Infrared 76 
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spectroscopy) for food quality and safety inspection are becoming an integral part of the 77 

food industry’s move toward automation.7 The spectroscopic measurement of food 78 

products is one of the most successful nondestructive techniques for quality assessment 79 

and can provide several quality details simultaneously,8 usually related to the chemical 80 

constituents. Vis/NIR spectroscopy is fast, noninvasive, flexible, easy to use, 81 

environmentally benign and well-suited to rapid on-line and off-line applications 82 

compared with the conventional laboratory methods used to determine food quality.9,10 83 

Moreover, NIR spectroscopy coupled with chemometrics has been proven to be a 84 

versatile and valuable tool for assessing cultivar of food and for authenticating the 85 

geographical origin of various commodities.11–13 86 

The objectives of the present study were to calibrate a NIR spectrometer in the 87 

spectral range of 1100 to 2300 nm for the cultivar detection of hazelnut kernels and to 88 

demonstrate the feasibility of NIR spectroscopy for the characterization and the 89 

classification of hazelnut samples according to the PDO ‘Nocciola Romana’ 90 

designation. 91 

 92 

MATERIALS AND METHODS 93 

Sample preparation 94 

Whole, raw (unroasted) and shelled hazelnut kernels (Corylus avellana L.) were 95 

provided directly from a local industry (Viterbo, Central Italy) early in November. At 96 

the outset, the kernels were classified as follows: 600 were hazelnuts from PDO 97 

‘Nocciola Romana’ (hereafter called NRM) (523 and 77 kernels from ‘Tonda Gentile 98 

Romana’ and ‘Nocchione’ cultivars, respectively) and 600 were hazelnuts from other 99 

cultivars (300 and 300 kernels from ‘Tonda di Giffoni’ and ‘Barrettona’ cultivars, 100 

respectively, hereafter called TGB). The hazelnut cultivars were chosen because the 101 

most widely cultivated variety in the ‘Nocciola Romana’ PDO region, accounting for 102 
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more than 90% of the total hazelnut production. The hazelnut kernels had an average 103 

moisture content equal to 4.0%. The fruits were stored at 24 ± 0.3°C for 24 h to allow 104 

them to reach a temperature and moisture equilibrium prior to the NIR spectra 105 

acquisition. Because of the feasibility of NIR spectroscopy to detect flawed hazelnut,14 106 

following the NIR measurement, the fruits were dissected to identify hazelnuts with 107 

hidden flaws and to discard the spectra belonging to unsound fruits. 108 

NIR spectra measurements 109 

The NIR measurements were performed using a Luminar 5030 Acousto-Optic 110 

Tunable Filter-Near Infrared (AOTF-NIR) Miniature ‘Hand-held’ Analyzer (Brimrose 111 

Corp., Baltimore, USA). The instrument was equipped with a reflectance post-112 

dispersive optical configuration and an indium gallium arsenide (InGaAs) array (range 113 

from 1100 to 2300 nm, 2-nm resolution) with a scanning time of 60 ms. Each acquired 114 

spectrum averaged 10 scans. The reference spectrum was automatically measured by the 115 

instrument as described by Cayuela and Weiland.15 Two spectra were acquired from 116 

opposite sides of the same hazelnut, and the spectra were averaged. Measurements was 117 

checked in real-time and wrong sampling (e.g. low signal spectrum) was immediately 118 

repeated. Diffuse reflectance spectra were acquired and transformed into absorbance (A 119 

= log R-1) using the Matlab R2013b statistics software (MathWorks, Natick, MA, USA). 120 

Chemometric procedure 121 

The NIR data matrix had 1200 rows (samples) and 601 columns (absorbance 122 

values at different wavelengths). Each hazelnut was modeled as a ‘data vector’, in 123 

which the features were the vector components. 124 

Principal Component Analysis (PCA)16 as an unsupervised technique was 125 

performed to evaluate the between-class similarity and to uncover any existing 126 

clustering of hazelnut samples based on either cultivar or PDO designation. PCA was 127 

applied to the whole mean-centered data matrix. The scree-plot criterion16 (a plot of the 128 
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PCs as the X-axis and the corresponding eigenvalues as the Y-axis) was used to select 129 

the required number of PCs for describing the dimensionality of the data. 130 

Several mathematical transformations of the NIR spectra were performed to 131 

improve the spectral information. In fact, data preprocessing (transformation and data 132 

reduction) can markedly influence the classification results of spectral data, which 133 

contain highly correlated variables as well as noise and irrelevant information.17 134 

Spectral preprocessing helps remove the spectral baseline shift and the scattering effect 135 

caused by particle size differences. However, spectral information that can be useful for 136 

the classification models could be lost in the data pretreatment process. Thus, during the 137 

experimentation, the spectra were preprocessed following a variety of spectral 138 

pretreatments, including scattering correction (Standard Normal Variate, SNV or 139 

Multiplicative Scatter Correction, MSC), Savitzky-Golay first, second or third 140 

derivatives (D1f, D2f or D3f, respectively) with a second or third-order polynomial and 141 

with a smoothing with a window size of 5, 7 or 9 variables,18 and Mean Centering 142 

(MC). Each possible combination of preprocesses was also tested (Fig. 1). 143 

To discriminate hazelnuts on the basis of the PDO ‘Nocciola Romana’ 144 

regulation, k-Nearest Neighbor (kNN), Soft Independent Modeling of Class Analogy 145 

(SIMCA), Partial Least Squares Discriminant Analysis (PLSDA) and Support Vector 146 

Machine Discriminant Analysis (SVMDA) were tested as classification techniques.19 147 

Specifically, a classification technique is a method that assigns objects to the class with 148 

the maximum posterior probability. It differs from a class-modeling approach, which is 149 

based on a bilateral significance test.20 SVMDA was computed using the radial basis 150 

function (RBF) for the kernel transformation. Therefore, it is essential to test the models 151 

to evaluate the classification performance and to reduce the risk for overly optimistic 152 

results. A reliable way of testing the model significance is through cross validation 153 

(CV) and by predicting the results for independent sets of samples (test sets). Thus, with 154 
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the objective of circumventing overfitting and underfitting problems,21 the samples were 155 

randomly split as follows: 50% of the samples were assigned to the calibration set (600 156 

fruits) and the other 50% were split into three prediction sets (200 fruits each). 157 

Moreover, each model was optimized by computing a random subset cross-validation 158 

with √600 data splits and 3 iterations. 159 

The reliability of each classification model was determined on the basis of the 160 

lower number of required preprocessings as well as the classification sensitivity, 161 

classification specificity and classification accuracy rates.22 The classification 162 

sensitivity rate is the number of correctly classified hazelnuts in the considered class 163 

(i.e., NRM) divided by the total number of hazelnuts in that class (Eq. 1). The 164 

classification specificity rate is the number of correctly classified hazelnuts in the other 165 

class (i.e., TGB) divided by the total number of hazelnuts in the other class (Eq. 2). The 166 

classification accuracy rate is the proportion of the true results in the population (Eq. 3). 167 

(1) 
TruePositives

Classification sensitivity rate
TruePositives False Negatives

=

+
 168 

(2) 
True Negatives

Classification specificity rate
False Positives True Negatives

=

+
 169 

(3) 
TruePositives True Negatives

Classificationaccuracy rate
Total Positives Total Negatives

+
=

+
 170 

The t-test at 95% confidence was performed to compare results from calibration, 171 

cross-validation and prediction of each metric (i.e. classification sensitivity, 172 

classification specificity and classification accuracy). The pairwise t-test was computed 173 

with the Bonferroni’s correction in which the p-values are multiplied by the number of 174 

comparisons. 175 
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The data handling, chemometric and statistical analyses were performed using 176 

Matlab software R2013b coupled with both Statistic Toolbox and PLS_Toolbox 177 

software v7.3.1 (Eigenvector Research Inc., Washington, USA). 178 

 179 

 180 

RESULTS AND DISCUSSIONS 181 

The PCA analysis of the data variations provides insight into the class 182 

distribution. The first three principal components (PCs) accounted for 92.32% of the 183 

total variance (Fig. 2). When the scores of the samples are represented on two-184 

dimensional spaces defined by PC1 and PC2 (Fig. 2a) and PC2 and PC3 (Fig. 2b), a 185 

natural separation between the samples was obtained, even though the classes partially 186 

overlapped. 187 

From the loadings of the features (Fig. 2c), the most influential features on the 188 

first principal component (PC1, accounting for 64.25% of the total variance) were 1120 189 

nm, 1720 nm, 1920 nm, 2120 nm and 2250 nm. The main contribution to the second 190 

principal component (PC2, 21.24% of the total variance) was due to the bands at 1120 191 

nm, 1920 nm, 1950 nm and 2250 nm. The third principal component (PC3, 6.83% of 192 

the total variance) was mainly associated with the 1200-nm, 1620-nm, 1950-nm and 193 

2198-nm bands. 194 

The interpretation of NIR spectra is complicated by the fact that specific bands 195 

in this region are overtones containing information on various molecular vibration and 196 

generic functional groups. Although no references or previous studies are available 197 

regarding the classification of PDO hazelnuts using NIR spectroscopy and thus no 198 

corresponding correlation bands are known, knowledge of the sample’s chemical 199 

composition allows some insight into the particular features that were found to provide 200 

good class discrimination. Thus, the 1120-nm and 1200-nm bands can be related to the 201 
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second overtone of C-H (C-H, C-H2 and C-H3) stretching vibrations,23,24 which are 202 

normally associated with the fatty acid contents of the samples. The bands at 1620 nm 203 

and 1720 nm can be assigned to the first overtone of C-H (C-H2, =C-H2 and cis 204 

R1CH=CHR2CH3) stretches and deformations, which are generally related to 205 

unsaturated fatty acids with cis double bonds.25–27 The 1920-nm and 1950-nm bands are 206 

mainly associated with the second overtone of C=O (C=ONH and C=OOR) due to 207 

protein, acid and ester stretching vibrations. Furthermore, the 2120-nm and 2198-nm 208 

bands involve polysaccharides (O-H bending and C-O stretching combination), 209 

carbohydrates (C-H stretching and C=O combination) and lipids (C-H stretching, C=O 210 

stretching combination and C-H deformation combination).28,29 Thus, the features 211 

computed in the aforementioned wavelength regions were mainly correlated with lipids, 212 

which represent the main constituent of the hazelnut with an average content of 213 

60.75%,30 with some contribution from minor constituents, such as proteins and 214 

carbohydrates. The PCA results were confirmed by Cristofori et al.,31 who 215 

demonstrated that information related to major constituents, such as fatty acids, sugars 216 

and phenols, are useful for discriminating hazelnut samples according to cultivar and 217 

year of production. 218 

In some cases, water can interfere with the NIR analysis due to the strength and 219 

the broadband characteristics of water absorption. Thus, water bands may be excluded 220 

from the computations if the goal is to develop classification methods based on other 221 

minor constituents.9,32 222 

Table 1 summarizes the best discriminant performances based on the ability of 223 

kNN, SIMCA, PLSDA and SVMDA to authenticate the PDO ‘Nocciola Romana’ 224 

hazelnut. The selected results indicate that the SNV baseline correction was necessary 225 

to obtain the highest classification specificity and classification sensitivity and 226 

consequently improve the classification accuracy, with the exception of the SIMCA 227 
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models. Moreover, MC resulted in improved classification accuracy for most of the 228 

discriminant methods used, with the exception of kNN models, probably by enhancing 229 

the differences between spectra.18 The Savitzky-Golay smoothing filter also showed 230 

improvement in the performance of the SIMCA, PLSDA and SVMDA models. This 231 

finding suggests that the spectral data were slightly affected by issues due to noise and 232 

other irrelevant information. Thus, removing and/or reducing the non-relevant 233 

variability from the raw dataset were crucial for the development of accurate 234 

classification models. 235 

Considering the large variability in hazelnut characteristics due to growth and 236 

harvest conditions, the proposed methodology suggested very high classification 237 

performances. In fact, several models exhibited very good (>95%) classification 238 

specificity and classification sensitivity, which means that the models presented a 239 

higher ability to discriminate between one class with respect to that class. Consequently, 240 

the results also indicated a lower chance of incorrectly classifying one class as 241 

belonging to another. 242 

In general, the PLSDA and SVMDA models yielded better results. However, the 243 

highest classification accuracy was obtained with the SVMDA model (Table 1, ID #4). 244 

The results indicate very good recognition of the NRM and TGB samples using the 245 

SVMDA algorithm. In fact, the most accurate classification with classification 246 

specificity, classification sensitivity and classification accuracy rates of 96.0%, 95.0% 247 

and 95.5%, respectively, was obtained using SVMDA with the SNV, a 7-point 248 

Savitzky-Golay filter and mean centering. It is fundamental to consider that SVMDA 249 

assumes that all variables are equally important. Thus, the preprocessing techniques 250 

used may have had a significant impact on the model performance. The second best 251 

result, which corresponded to classification specificity, classification sensitivity and 252 

classification accuracy rates of 92.4%, 95.0% and 93.7%, was obtained using PLSDA 253 
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(Table 1, ID #3) with the following pretreatments: SNV, 7 point Savitzky-Golay filter 254 

with first derivative and mean centering. 255 

Regarding the SIMCA model (Table 1, ID #2), although NRM misclassification 256 

was very low (1.3%), TGB misclassification was extremely high (32.0%). Thus, the 257 

SIMCA model was not appropriate for the development of a sorting system capable of 258 

ensuring an amount of ‘Tonda di Giffoni’ and ‘Barrettona’ cultivars lower than the 10% 259 

threshold admitted by the PDO ‘Nocciola Romana’ regulation. 260 

The kNN was capable of performing good discrimination with a classification 261 

accuracy higher than 90% (Table 1, ID #1). The kNN method has the further advantage 262 

of simple implementation; it is a robust algorithm that requires few parameters to tune 263 

the classification process. However, similarly to the best SIMCA model, kNN also 264 

showed insufficient classification specificity for discriminating ‘Barrettona’ and ‘Tonda 265 

di Giffoni’ cultivars from PDO ‘Nocciola Romana’. Moreover, it should be taken into 266 

account that the disadvantages of kNN include classification sensitivity to unbalanced 267 

training sets, substantial computational work for large datasets, and computational 268 

inefficiency compared with standard normal theory methods.19 269 

Finally, spatial distribution plots (Fig. 3) illustrate posterior-probability 270 

differences between kNN, SIMCA, PLSDA and SVMDA. In our study, PLSDA and 271 

SVMDA outperformed both kNN and SIMCA in ensuring the declared origin and 272 

quality of the PDO ‘Nocciola Romana’ hazelnut. 273 

 274 

CONCLUSIONS 275 

Currently, among the spectroscopic techniques, no NIR methods are used to 276 

perform hazelnut sorting based on the PDO label. In this study, calibration and 277 

characterization techniques consisting of a series of tests utilizing different classification 278 

techniques were successfully used for the development of a nondestructive system with 279 
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high classification sensitivity over the whole spectral range of the spectrophotometer 280 

(from 1100 nm to 2300 nm). Specifically, the feasibility of NIR spectroscopy for the 281 

robust authentication of the PDO ‘Nocciola Romana’ hazelnut was demonstrated. In 282 

fact, the information extracted in the spectral profile in combination with chemometrics 283 

enabled an unbiased differentiation of PDO ‘Nocciola Romana’ from other cultivars, 284 

fulfilling the hazelnut industry’s need for traditional products with enhanced 285 

characteristics of quality and added value. 286 

The large sample size used in this study guarantees negligible overfitting effects. 287 

Therefore, the models allowed the precise estimation of parameters and thus the 288 

predictions. In general, the SVMDA and PLSDA models were found to be promising in 289 

terms of both their classification accuracy and robustness based on the NIR 290 

spectroscopy application for the prediction of the PDO ‘Nocciola Romana’ label. 291 

Specifically, both SVMDA and PLSDA showed very good recognition performances 292 

(classification accuracy > 95%). 293 

Finally, this method lays the foundations for a superior NIR detection system in 294 

terms of classification sensitivity, classification specificity, nondestructive analysis and 295 

automation. However, although the results obtained are promising, a larger validation 296 

sample must be used to address the additional possible variations expected from 297 

growing hazelnuts in different regions, crop years, agro-pedo-climatic conditions and 298 

degree of ripeness, in addition to other cultivars. Moreover, the potential use of Vis/NIR 299 

spectroscopy to separate hazelnuts according to their cultivar should become the subject 300 

of future research. Based on the results of this study, we expect that this classification 301 

system should be feasible. 302 
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# 
Model 

  Preprocess   
Feat.

e
 

  Classification specificity (%)   Classification sensitivity (%)   Classification accuracy (%) 

  SC
a
 Deriv.

b
 SG

c
 MC

d
     C CV P   C CV P   C CV P 

                             
1 kNN 

 
SNV - - - 

 
- 

 
91.00 a 89.89 a 91.33 a 

 
92.00 a 91.52 a 92.33 a 

 
91.50 a 90.71 a 91.83 a 

                              
2 SIMCA 

 
- - 5 Yes 

 
5 

 
67.67 a 65.01 a 68.00 a 

 
98.33 a 97.44 a 97.67 a 

 
83.00 a 81.23 a 82.84 a 

                              
3 PLSDA 

 
SNV D1f 7 Yes 

 
4 

 
94.02 a 92.58 a 92.38 a 

 
95.32 a 94.76 a 94.95 a 

 
94.67 a 93.67 a 93.67 a 

                              
4 SVMDA 

 
SNV - 7 Yes 

 
- 

 
98.34 a 95.35 b 96.04 b 

 
100.00 a 94.98 b 94.99 b 

 
99.17 a 95.17 b 95.52 b 

                                                            

a
 Scatter correction 

b
 Derivative 

c
 Savitzky-Golay filter - smoothing points 

d
 Mean Centering 

e
 Features: latent variables or principal components 
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TABLE CAPTION 

Table 1. Summarized best results for k-Nearest Neighbor (kNN), Soft Independent Modeling of 

Class Analogy (SIMCA), Partial Least Square Discriminant Analysis (PLSDA) and 

Support Vector Machine Discriminant Analysis (SVMDA) algorithms. Metric values 

within each model separated by different letters are significantly different (p < 0.05). 
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FIGURE CAPTIONS 

Figure 1. Flowchart of PDO ‘Nocciola Romana’ hazelnut detection using an AOTF-NIR 

spectroscopy system. 

Figure 2. Score plots for the PC1 and PC2 (a), and for PC2 and PC3 (b). Loading plots for the PC1, 

PC2 and PC3 (c). 

Figure 3. Class prediction probability plots obtained from kNN, SIMCA, PLSDA and SVMDA 

models. 
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