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1. Introduction10 

Food fraud represents a risk to public health and due to its opportunistic nature has become a 11 

significant challenge to both industry and government (Spink, 2011).  12 

Although more and more emphasis is being placed on the concept of authenticity of foods, it is 13 

currently not easy to identify the prevalence of fraud or incorrect labelling in meat 14 

preparations (Ballin & Lametsch, 2008).  15 

Fraud opportunities could be reduced by increasing the risk of detection (Spink & Moyer, 16 

2011). Thus, the demand for proper analytical methods for authenticity assessment of food 17 

products is currently increasing dramatically, representing one of the major concerns for 18 

different stakeholders (Grassi, Casiraghi, & Alamprese, 2018). Strict controls both throughout 19 

the production and during the marketing process are required (Karoui, Downey, & Blecker, 20 

2010). In this sense, NIRS (Near Infrared Spectroscopy) is presented as a powerful tool. 21 

The basic idea of the application of NIR technology to solve authentication problems is based 22 

on the generation of the spectral footprint of food (Downey, 1996). In previous studies, NIR 23 

technology has proved useful in differentiating kangaroo and beef meat (Ding & Xu, 1999); 24 

pork, chicken and duck meat (Rannou & Downey, 1997); cuts of chicken meat (Fumière, 25 

Sinnaeve, & Dardenne, 2000); mixtures of lamb and beef meat (McElhinney, Downey, & 26 

O’Donnell, 1999); beef, pork and chicken (Downey, McElhinney, & Fearn, 2000); and, for 27 

identification and authentication of raw meat from different species such as pork, chicken, 28 

lamb and beef (Cozzolino & Murray, 2004); turkey meat (Alamprese, Casale, Sinelli, Lanteri, & 29 
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Casiraghi, 2013); or pork, texturized vegetable protein, chicken and wheat gluten (Rady & 30 

Adedeji, 2018). 31 

In recent years, the interest in NIR spectroscopy applied to food frauds has gained importance. 32 

The number of publications about vibrational spectroscopy for authentication purposes is 33 

permanently increasing  (Huck, Pezzei, & Huck-Pezzei, 2016).  34 

Typical cases of intentional meat adulteration are the substitution of valuable species by 35 

cheaper ones or of fresh meat by frozen-thawed meat (Alamprese, Amigo, Casiraghi, & 36 

Engelsen, 2016). Besides the economic implications, species substitution raises several issues 37 

related to health (e.g. absence of allergens), diet (e.g. nutritional values and calories), religion 38 

(e.g. absence of pork in halal products or beef in Hindu diets), and lifestyle (e.g. vegetarianism 39 

or organic foodstuff, among others) (Ballin, 2010; Premanandh, 2013). 40 

For low adulteration levels no monetary benefits would be accomplished by the fraud. But 41 

there are religious and cultural barriers that oppose eating certain types of foods (Rady & 42 

Adedeji, 2018). That is why detecting low adulteration levels becomes a key issue for 43 

stakeholders. 44 

Recent scandals have highlighted the necessity of new and fast methods for the inspection of 45 

the meat supply chain, in order to support fair trade and protect consumers' rights. Legal 46 

authorities need rapid monitoring procedures in order to frequently control accidental 47 

mislabeling or fraudulent practices at all levels, starting from slaughterhouses and processors 48 

up to the end of the supply chains (Premanandh, 2013). 49 

While the application of NIR spectroscopy for adulteration detection in beef meat of different 50 

origins has been thoroughly investigated, a lower number of adulteration studies of lamb meat 51 

have been carried out. Besides, the adulteration levels reported in the literature are usually 52 

above 2% (Kamruzzaman, Makino, & Oshita, 2016; Kamruzzaman, Makino, Oshita, & Liu, 2015; 53 

Kamruzzaman, Sun, ElMasry, & Allen, 2013; Rady & Adedeji, 2018). 54 
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Therefore, due to the increasing number of processed meat products in which technological 55 

treatments can mask a possible inter-species adulteration, against consumers' rights, even at 56 

low adulteration percentages, the general objective of the present work was to evaluate the 57 

feasibility of NIR spectroscopy for detecting different types of meat adulteration at low levels 58 

on minced lamb and beef. 59 

2. Material and methods 60 

2.1. Sample preparation 61 

To carry out this study, samples of lamb, beef, pork, Lidia breed cattle and foal meat (all 62 

coming from longissimus dorsi muscle), and chicken breast were used. Lamb meat was 63 

obtained from 3 month’s old Raza Navarra breed lambs; while beef came from 12 months’ old 64 

Pirenaica entire young bulls. The rest of samples were acquired in a local butcher’s shop. All of 65 

them came from an EU-licensed commercial abattoir. 66 

Samples were first trimmed removing the remaining skin and fat that could interfere in the 67 

analysis and they were then individually minced using a Solac Quick Mix (N202 of 500 W) 68 

mincer to homogenize them.  69 

Each sample was hand built into a circular patty shaped of an approximate 2 cm diameter and 70 

0.5 cm thickness that weighed approximately 4 g. So, when making the samples of beef with 71 

pork at 1%, for example, 3.96 grams of beef meat were weighed in a high precision scale and 72 

0.04 grams of pork were added. In the case of burgers adulterated at 2%, the amount of beef 73 

meat was 3.92 grams and 0.08 grams of pork were added. For the samples adulterated at 5%, 74 

quantities of beef of 3.80 grams were weighed and 0.20 grams of pork meat were added. 75 

Finally, in the samples adulterated at 10%, 3.60 grams of beef and 0.4 grams of pork meat 76 

were weighed. This procedure was repeated for mixtures with chicken, Lidia breed beef and 77 

foal meat.  78 
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The procedure was also repeated with the lamb meat, to which the different percentages of 79 

adulteration were added.  80 

Thus, the level of inclusion for each of them ranged from 1 to 10% (w/w) (Table 1). Samples of 81 

pure lamb meat (0%, unadulterated) were also obtained. A first dataset consisting of 200 lamb 82 

samples was prepared (Table 1): 40 replicates of pure lamb meat (nL) and 160 samples of 83 

adulterated mixtures (10 replicates for each of the four mixture percentages and for each of 84 

the four types of meat, 4 x 4 x 10). 85 

The same procedure was carried out for beef samples (Table 2) and a second dataset 86 

comprising 186 beef samples was obtained (Table 2): 30 replicates of pure beef meat (nB) and 87 

156 adulterated mixtures (10 replicates for each of the four mixture percentages and for each 88 

of the following types of meat, pork, chicken and Lidia breed beef 3 x 4 x 10, and 9 replicates 89 

for foal meat for each of the four mixture percentages, 1 x 4 x 9). 90 

After fabrication, samples were kept frozen in the laboratory freezers at -20 ºC until they were 91 

analyzed. Before the analysis, samples were thawed at 4 ºC for 24 hours. 92 

2.2. Spectra acquisition 93 

Spectral data were collected using a Luminar 5030 NIR spectrophotometer and the Snap32!TM 94 

software (Brimrose Baltimore, MD, USA) and later imported into MATLAB R2017b (The 95 

MathWorks, MA, Natick, USA) for processing and chemometric analysis. The instrument 96 

integrates an acousto-optic tunable filter (AOTF) and indium gallium arsenide (InGaAs) (1100-97 

2300 nm) detector. The scanning speed is 60 ms. It also includes a hand-held unit and specific 98 

probes for liquid and solid samples. In the case of solid samples, the probe is formed by a cone 99 

with an exit of 5 mm diameter for both the contact with the sample and the exit of the light 100 

source. Each spectrum recorded by the instrument is the average of 50 scans. 101 

In this study, every minced sample was placed in a glass plate in order to collect the spectral 102 

information. For each individual sample, 5 reflectance spectra were acquired (4 at the edges of 103 
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the sample and 1 at the center as shown in Fig. 1) by contacting the probe of the instrument 104 

with the sample. Each spectrum was registered at 2 nm interval, accounting for a total of 601 105 

reflectance measures. After spectral acquisition, the mean spectrum of each sample was used 106 

for further analysis.  107 

2.3. Multivariate data analysis 108 

Data analysis was performed using the PLS_Toolbox version 8.6 (Eigenvector Research Inc., 109 

WA, USA) under MATLAB R2017b.  110 

An exploration of data was carried out in the first place by means of a Principal Component 111 

Analysis (PCA) followed by a classification technique using a Partial Least Squares Discriminant 112 

Analysis (PLS-DA). 113 

Prior to exploration or classification, data were pre-processed. This is an important step in 114 

spectral data analysis to deal with uninformative spectra from light scattering (Amigo, 2010) or 115 

system noise (Li & He, 2008). Otherwise, the consistency of the multivariate model could be 116 

negatively affected (Barbin, ElMasry, Sun, & Allen, 2012). Pre-processing methods commonly 117 

used in NIR spectroscopy can be divided into two categories: spectral normalization and 118 

spectral derivatives (Rinnan, van den Berg, & Engelsen, 2009). Spectral normalization 119 

techniques are used to correct scattering effects while spectral derivatives are used to correct 120 

peak overlap and baseline drifts. The first group includes Standard Normal Variate (SNV), 121 

Multiplicative Scatter Correction (MSC) and de-trending (DT) among others. The second group 122 

includes first and second derivatives and smoothing techniques. 123 

Both SNV and MSC are the most commonly used algorithms to correct the scatter, providing 124 

similar results (Sacré et al., 2014). Nevertheless, in SNV transformation, each spectrum is 125 

centered on its average value and scaled by its standard deviation (Zeaiter, Roger, & Bellon-126 

Maurel, 2005). Thus, the SNV-transformed spectrum has always zero mean and variance equal 127 

to 1 (Park & Lu, 2015). 128 
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On the contrary, in MSC transformation, a reference spectrum is required, which is normally 129 

the average of the whole set of spectra, and a linear regression of each individual spectrum is 130 

performed onto that reference spectrum (Dhanoa, Lister, Sanderson, & Barnes, 1994). Both 131 

multiplicative and additive scatter effects are corrected by this method (Martens, Jensen, & 132 

Geladi, 1983).  133 

De-trending is a pre-processing method used to correct baseline shifts and the curvilinear 134 

trend in the spectra of densely packet samples (Barnes, Dhanoa, & Lister, 1989). This method 135 

fits the spectra to a quadratic function and then, this is subtracted from the original spectrum 136 

(Sekulic, Wakeman, Doherty, & Hailey, 1998). De-trending was first introduced after SNV 137 

transformation (Barnes et al., 1989). 138 

Regarding spectral derivatives methods, first derivative (1st Der) is used to remove baseline 139 

offsets in the data, while second derivative (2nd Der) also removes linear trend (Rinnan et al., 140 

2009). They are also useful to increase differences between spectra (Amigo, 2010). The most 141 

commonly used algorithm for derivation is the Savitzky-Golay (SG) (Savitzky & Golay, 1964). By 142 

this method, the data with a window size chosen are fitted by a polynomial for which the 143 

degree must also be chosen (Barak, 1995).  144 

Mean-centering (MC) is another pre-processing method useful for noise reduction (Barbin et 145 

al., 2012). By this method, the average spectrum of the dataset is calculated and subtracted 146 

from each original spectrum (Chen, Zhao, Liu, Cai, & Liu, 2008). 147 

The performance of the classification models using different combinations of the above 148 

mentioned pre-processing methods was evaluated. Derivatives by SG method were calculated 149 

by second order polynomial and 15 window points. 150 

2.3.1. Unsupervised Analysis (PCA) 151 

Principal Component Analysis (PCA) was applied to explore the structure of the data and to 152 

identify any possible separation among mixed groups of samples. One PCA was accomplished 153 

for each dataset. This is an unsupervised statistical technique whose main goal is to reduce the 154 
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dimensionality of the data while preserving, insofar as possible, the variation present (Jolliffe, 155 

1986). For this, it defines new variables, the so-called Principal Components (PC), consisting of 156 

linear combinations of the original ones (Kamruzzaman, Barbin, ElMasry, Sun, & Allen, 2012). 157 

The first PC explains most of the variation in the data and, every subsequent new PC is 158 

orthogonal to the preceding one and captures most of the remaining variance (Fodor, 2002).  159 

2.3.2. Supervised Analysis (PLS-DA)  160 

Partial Least Squares Discriminant Analysis (PLS-DA) was carried out for differentiating among 161 

pure and mixed lamb and beef samples. PLS-DA is a supervised classification technique based 162 

on the PLS method but for which the dependent variable is categorized representing the class 163 

membership (Barker & Rayens, 2003). PLS-DA defines new variables, the so-called Latent 164 

Variables (LV), which are linear combinations of the original ones maximizing the covariance 165 

between X and Y matrices. In this sense, a Y binary matrix needs to be created with the same 166 

number of rows as X and as many columns as groups comprised in the dataset. Each column in 167 

the Y dummy matrix is a 0/1 variable so that a value of 1 indicates group membership and a 168 

value of 0 denotes that the sample belongs elsewhere. Once the Y matrix is defined, a PLS 169 

regression of the dummy variables onto the X-variables is performed. Unknown samples are 170 

classified to a certain class according to its predicted value (Næs, Isaksson, Fearn, & Davies, 171 

2002).  172 

The number of Latent Variables (LV) was determined by Venetian blinds cross-validation 173 

(10 data splits) via the SIMPLS algorithm.  174 

2.3.3. Model validation and accuracy 175 

In this study, both datasets (lamb and beef) were randomly divided into calibration and 176 

validation sets. For this, the validation set was formed comprising the 30% of the initial values 177 

in a random permutation developed for each category of the dataset, accounting for a total of 178 

24 samples in the case of lamb and 21 in the beef dataset, while the remaining 70% (56 and 49 179 

samples in lamb and beef datasets, respectively) was used for building the classification model. 180 
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The performance of the PLS-DA models was evaluated by calculating the percentage of 181 

correctly classified (% CC) samples and by the sensitivity and specificity values obtained in the 182 

validation sets. Sensitivity and specificity values are calculated as shown in Equations 1 and 2 183 

(Massart, Vandeginste, Deming, Michotte, & Kaufman, 1988): 184 

             
  

     
     Eq. 1 185 

             
  

     
     Eq. 2 186 

where TP (True Positives) are the number of samples belonging to either pure lamb or pure 187 

beef correctly classified as pure samples; FP (False Positives) are the number of mixed samples 188 

wrongly classified as pure samples; TN (True Negatives) are the number of mixed samples 189 

correctly classified as mixed; and, FN (False Negatives) are those pure samples classified as 190 

mixed. These two statistical parameters take values between 0 and 1, the higher their values, 191 

the better the classification performance of the PLS-DA model. 192 

3. Results and discussion  193 

3.1. Spectra interpretation 194 

Reflectance spectra collected from pure and mixed samples are shown in Figs. 2 and 3. Fig. 2 195 

shows the mean reflectance spectrum of pure lamb from Raza Navarra breed and mixed 196 

samples at different percentages with a) pork meat; b) chicken; c) meat of Lidia breed; and, d) 197 

foal meat. Fig. 3 represents the mean reflectance spectrum of pure beef from Pirenaica breed 198 

and mixed samples at different percentages with a) pork meat; b) chicken; c) meat of Lidia 199 

breed; and, d) foal meat. 200 

In general, the spectral patterns of pure lamb and mixed lamb are very similar and also, very 201 

similar to those of pure and mixed beef. The main difference is in the magnitude of 202 

reflectance, where pure and mixed lamb showed higher values than pure and mixed beef. 203 
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It can be seen in both figures that in all cases spectra are quite overlapped and no hierarchy 204 

regarding the percentage of inclusion is observed for any meat type. In most cases no 205 

distinction can be made visually between pure and mixed samples making it necessary to 206 

implement a chemometric multivariate analysis to extract relevant information from the 207 

obtained data (Siesler, 2002).  208 

All spectra showed a first valley at around 1200 nm that corresponds to the absorption bands 209 

of lipids due to the C-H stretch second overtone. Moreover, major valleys are observed at 210 

around 1440 and 1940 nm related to O-H first stretching overtone and water absorption, 211 

respectively. Finally, a small valley at around 2050 nm is observed related to the absorption 212 

bands of proteins due to the N-H overtones (Osborne, Fearn, & Hindle, 1993). 213 

Fig. 2c shows that the spectrum of lamb mixed with 10% of meat of Lidia breed cattle 214 

presented the highest reflectance values along the spectral range up to 1900 nm. However, 215 

this conduct cannot be extrapolated to the lamb samples mixed with other type of meat since 216 

each of them behave differently. 217 

Also, Fig. 3d shows that the spectrum of pure beef has the highest reflectance values along the 218 

spectral range measured. But, as same as above, this behavior cannot be generalized to the 219 

rest of the samples as each of them behave independently. 220 

3.2. PCA 221 

A PCA was carried out for each type of meat mixture in order to explore the spectral 222 

differences between the two groups of samples (pure and mixed). Combinations of the pre-223 

processing techniques described in section 2.3 were applied to visually classify pure from 224 

mixed samples. 225 

In Table 3 the ability of PCA to distinguish between pure and mixed samples using different 226 

pre-processing techniques is shown. The symbol (✔) shows that the two groups of samples can 227 
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be differentiated from each other based on their PC while the symbol (X) represents the 228 

opposite, that no separation was possible based on their PC. 229 

In the case of lamb mixed with pork no distinction was observed with any of the pre-230 

processing techniques used. On the contrary, for lamb mixed with chicken, differences could 231 

be observed after applying MSC + MC, SNV + MC (Fig. 4) and SNV + DT + MC. In this case, Fig. 232 

4a plots PC 1 versus PC 4 showing that pure and mixed samples can be roughly separated 233 

along PC 4. Even though PC 1 and PC 2 represented the main part of the data variance (65.21 234 

and 22.86%, respectively), no distinction was observed by plotting them together (not shown). 235 

Moreover, Fig. 4b shows that a good separation can be made between pure lamb and samples 236 

mixed with 10% chicken. Regarding lamb mixed with meat of Lidia breed, separation between 237 

samples was only observed when applying 1st Der + MC. In contrast, distinction between pure 238 

lamb and mixed samples with foal meat was clearly observed with all pre-processing 239 

techniques. In Fig. 5 PC 1 is plotted against PC 2, based on no pre-processing technique, 240 

showing that all mixed samples present negative values in PC 2 and could be separated along 241 

it. 242 

Concerning beef meat mixed with pork meat, differentiation between samples was only 243 

possible after applying 2nd Der + MC. In this respect, it was observed that only pure beef and 244 

samples mixed at 10% with pork meat could be separated along PC 1 since those mixed 245 

samples present negative values in this PC. In the case of beef mixed with chicken, no 246 

separation between samples was observed based on any of the pre-processing techniques. 247 

Quite the opposite occurred for beef samples from Pirenaica breed mixed with meat of Lidia 248 

breed cattle where distinction between samples was achieved based on all the pre-processing 249 

techniques applied. Finally, in the case of beef samples mixed with foal meat, differentiation 250 

between samples was achieved when applying MC, MSC + MC, SNV + MC and SNV + DT + MC. 251 

It was observed that when applying MSC + MC, PC 3 played an important role in separating 252 

pure beef from mixed samples. 253 
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3.3. PLS-DA 254 

For this study 8 PLS-DA models were developed, one for each type of meat and for each type 255 

of adulteration, e.g., the first model corresponds to lamb mixed with pork and so on. Two 256 

categories were used to build the PLS-DA models: pure and mixed meat (at 1, 2, 5 and 10% 257 

(w/w)).  258 

To comply with the requirements of the PLS-DA, a 2 column response matrix Y was introduced 259 

in which samples belonging to the first category (pure meat) were described by the vector [1 0] 260 

and samples belonging to the second class (mixed) by the vector [0 1]. 261 

Same pre-processing techniques as in the PCA were applied and models were evaluated in 262 

terms of the percentage of Correctly Classified (% CC) samples and sensitivity and specificity of 263 

each group (pure and mixed). Tables 4 and 6 show the number of Latent Variables used to 264 

build the classification models and the % CC samples obtained in the validation in both groups 265 

for each type of meat adulteration. Values in bold correspond to the highest % CC samples for 266 

each type of meat mixture.  267 

As shown in Table 4, for lamb mixed with pork meat, the best results were obtained when no 268 

pre-processing technique was applied with 90% CC samples. For lamb mixed with chicken 269 

worse results than in the previous case were achieved with a highest % CC of 79.16% when 270 

applying MC pre-processing technique. Better results were obtained for lamb mixed with meat 271 

of Lidia breed cattle with 86.36% CC samples after applying 1st Der + MC. Finally, regarding 272 

lamb mixed with foal meat, the best results were reached with 2nd Der + MC with 85% of 273 

samples correctly classified. 274 

Table 5 shows the sensitivity and specificity values obtained in the PLS-DA models of lamb 275 

mixed samples. Only best results in terms of % CC samples are shown. For pure lamb and 276 

samples mixed with pork meat, meat of Lidia breed cattle and foal meat, sensitivity values of 277 

mixed samples are higher indicating that the group of mixed samples are better classified than 278 
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the group of pure samples. Moreover, a 25% of lamb samples mixed with pork meat were 279 

predicted as unassigned. In the case of lamb samples mixed with chicken, pure samples were 280 

better classified in their group than mixed samples. 281 

Table 6 gathers the results obtained for beef samples. In the case of beef mixed with pork 282 

meat, best results were achieved when applying 1st Der + MC with 80% CC samples. Regarding 283 

beef mixed with chicken, the highest % CC samples was obtained using 6 LV and SNV + DT + 284 

MC, with 78.95% of samples well classified. Better results were obtained for beef mixed with 285 

meat of Lidia breed cattle with 95.24% of samples correctly classified by using MSC + MC, SNV 286 

+ MC and SNV + DT + MC and 3 LV. This could be due to the fact that meat of Lidia breed cattle 287 

is a very lean meat so the absorbance of the fatty acids in the NIR spectral range could be 288 

responsible for highlighting the differences between pure Pirenaica breed beef and beef mixed 289 

with Lidia breed at 2%. This finding can be of great importance and it suggests that further 290 

research should be carried out in this field because Protected Designation of Origin (DOP) and 291 

Protected Geographical Indication (IGP) labels are often based on local breeds and on the 292 

valorization of rearing these breeds under sustainable conditions. Considering that one of the 293 

most frequent ways of adding valued to DOP and IGP products is the elaboration of meat 294 

products with meat from local breeds, NIR technology could be tested in order to avoid fraud 295 

regarding the origin of the meat. Moreover, it should be noted that only samples mixed at 1% 296 

were misclassified which suggests that identification of meat of Lidia breed cattle inclusion at 297 

2% and higher is possible. Finally, best overall results were achieved for beef mixed with foal 298 

meat with 100% CC samples when applying MC, MSC + MC, SNV + MC, SNV + DT + MC and 1st 299 

Der + MC. This result suggests that foal meat inclusion in minced beef can be detected at 300 

percentages as low as 1%. 301 

In Table 7 sensitivity and specificity values obtained in the PLS-DA models of beef are shown. 302 

As in Table 5, only best results achieved in terms of % CC samples are gathered. It can be seen 303 

in Table 7 that in both groups of beef mixed with pork and with chicken, adulterated samples 304 
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present higher sensitivity values than pure samples indicating that they were better classified 305 

into their corresponding group. On the contrary, in the case of beef mixed with meat of Lidia 306 

breed cattle, all pure samples were correctly classified as pure revealing a sensitivity value of 1. 307 

Finally, in the case of beef mixed with foal meat, all pure and mixed samples were correctly 308 

classified into their groups and thus, sensitivity and specificity of both groups are 1. 309 

Comparing both types of meat, lamb and beef, the results obtained in the PLS-DA models 310 

indicate that while in the case of lamb best discrimination between pure and mixed samples 311 

was achieved for samples mixed with pork meat and with meat of Lidia breed cattle, in beef 312 

meat, best distinction between the two groups was obtained for samples mixed with meat of 313 

Lidia breed cattle and with foal meat. In overall, best results were obtained for beef mixed 314 

with foal meat with 100 % CC samples. 315 

According to the results obtained in all PLS-DA models, it can be said that, in general, the 316 

adulterations made with pork meat, meat of Lidia breed cattle and foal meat in both minced 317 

lamb and beef are more accurately detected than those made with chicken. 318 

As stated previously, NIR technology has proven its potential to detect adulteration in different 319 

types of meat. Thus, in a study developed by Morsy & Sun (2013) NIR technology was tested to 320 

classify samples of unadulterated fresh and frozen beef from samples adulterated with pork 321 

meat, fat trimming and offal in the range of 10-90% (w/w), 10-80% (w/w) and 2.5-30% (w/w), 322 

respectively. A PLS-DA was carried out reporting classification rates of 100% for fresh samples 323 

while the accuracy of the model was reduced for thawed samples. These results differ from 324 

the present study (100% CC vs. 80% CC) in the case of beef mixed with pork meat; however, it 325 

should be noted that in the present study, adulterations were at most 10% (w/w) whereas in 326 

the above mentioned study mixtures started at 10% (w/w).  327 

Likewise, Alamprese, Casale, Sinelli, Lanteri, & Casiraghi (2013) studied the feasibility of NIRS 328 

coupled with a PLS regression (PLSR) method to detect minced beef adulteration with turkey 329 

meat. For this, mixtures of beef meat with different percentages of turkey meat (5-10-15-20-330 
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30-40-50% (w/w)) were prepared. Different pre-processing techniques were tried reporting 331 

coefficient of determination (R2) values between 85.26 and 98.27 and Root Mean Square Error 332 

of Prediction (RMSEP) rates between 5.79 and 9.22. 333 

More recently, Rady & Adedeji (2018) classified minced beef adulterated with pork meat by 334 

NIRS and a PLS-DA model obtaining lower classification results than in the present study (58% 335 

CC vs. 80% CC). 336 

Other authors have focused on the use of multi and hyperspectral imaging systems for 337 

adulteration detection. Accordingly, Kamruzzaman, Sun, ElMasry, & Allen (2013) studied the 338 

detection of minced lamb mixed with pork meat by NIR hyperspectral imaging. Minced lamb 339 

samples were adulterated with pork meat in the range 2-40% (w/w) at 2% increments, 340 

approximately. A PLSR model was accomplished to predict the level of adulteration reporting 341 

very good results with a R2 of cross-validation value of 0.99 and Root Mean Square Error of 342 

Cross Validation (RMSECV) of 1.37%.  343 

Minced beef fraud has also been studied by imaging systems. Kamruzzaman, Makino, Oshita, 344 

& Liu (2015) investigated the viability of NIR hyperspectral imaging for detection of horse meat 345 

inclusion in minced beef. Samples were mixed with horse meat at different levels between 2-346 

50% (w/w), at approximately 2% increments. PLSR models were carried out combining 347 

different pre-processing techniques and best results of prediction were obtained with no pre-348 

processing with a R2 of 0.98 and a Standard Error of Prediction (SEP) of 2.23%. 349 

In the same year, Ropodi, Pavlidis, Mohareb, Panagou, & Nychas (2015) performed a study to 350 

detect minced beef adulteration with pork meat by multispectral image analysis. Minced beef 351 

samples were mixed with pork at levels between 10-90% (w/w) with 10% increments and a 352 

PLS-DA model was completed. Authors reported 96.97% CC samples within a ±10% category of 353 

adulteration whereas in the present study a rate of 80% CC samples was achieved for beef 354 

mixed with pork. However, as in the study of Morsy & Sun (2013), previously mentioned, 355 

mixtures of samples started from 10% while in the present study started at 1%. 356 
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More recently, Kamruzzaman, Makino, & Oshita (2016) studied the detection of chicken 357 

adulteration in minced beef using visible and NIR hyperspectral imaging. Samples were mixed 358 

with chicken in the range 2-50%, at 2% increments, and a PLSR model was performed. Authors 359 

reported very good prediction results with a R2 of 0.97 and a RMSEP of 2.62 (w/w).  360 

4. Conclusion 361 

In this study, the feasibility of NIR spectroscopy to detect different types of meat fraud in both 362 

minced lamb and beef was investigated. For this, a multivariate chemometric approach was 363 

used to identify the most useful pre-processing techniques to discriminate between pure lamb 364 

and beef and adulterated samples. The results obtained in this study suggest that it is possible 365 

to use NIRS to distinguish pure from adulterated minced meat with acceptable precision and 366 

accuracy. Rates of classification between 78.95 and 100% were achieved for the validation 367 

sets. Higher % CC samples were obtained for samples mixed with pork, meat of Lidia breed 368 

cattle and foal meat than for samples adulterated with chicken, where the lowest rates of 369 

classification were achieved in both lamb and beef. Additionally, identification of adulteration 370 

of meat of Lidia breed cattle in minced beef at 2% was achieved. Furthermore, best 371 

classification results were obtained for minced beef mixed with foal meat with a 100% of 372 

samples correctly classified indicating that inclusion of foal meat in minced beef at 1% and 373 

higher can be detected by using NIRS. Regarding pre-processing techniques, in general, the 374 

most powerful ones to classify both groups of samples (pure and mixed) were those orientated 375 

to reduce the scatter, MSC and SNV, and, those to correct peak overlaps, 1st and 2nd Der. 376 

According to the results obtained, the use of NIRS combined with PLS-DA has a potential to 377 

detect meat fraud in minced lamb and beef. Although this study has been accomplished for 378 

two specific local breeds, Raza Navarra for lamb and Pirenaica for beef at a laboratory scale 379 

and it should be further validated on a larger set of samples, the results obtained suggest that 380 

this non-destructive technique could be used for fast analysis in on-line and at-line control and 381 
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authentication of meat products to avoid fraud to both the industry and the final consumer. 382 

Besides, the fact that Pirenaica beef and Lidia beef have been clearly differentiated would 383 

recommend us to apply this technology also to different lamb breeds in order to develop a tool 384 

that protects against fraud the DOP and IGP involved in local sustainable meat production 385 

systems. 386 
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 518 

Figure captions 519 

Fig. 1. Example of measurement areas on one sample. 520 

Fig. 2. Mean reflectance spectrum of pure lamb and mixed samples at different percentages 521 

with a) pork meat; b) chicken; c) meat of Lidia breed; and, d) foal meat. 522 

Fig. 3. Mean reflectance spectrum of pure beef and mixed samples at different percentages 523 

with a) pork meat; b) chicken; c) meat of Lidia breed; and, d) foal meat. 524 

Fig. 4. Score plot of PC 1 versus PC 4 for fraud detection after applying SNV + MC pre-525 

processing technique between pure lamb and mixed samples with chicken (a) and pure lamb 526 

and the four adulteration levels (b). 527 

Fig. 5. Score plot of PC 1 versus PC 2 for fraud detection based on no pre-processing technique 528 

between pure lamb and mixed samples with foal meat. 529 



Table 1. Summary of lamb meat dataset. 

Pure lamb (nL=40) 

Mixed with pork 

meat 

(nLP = 40) 

1% (nLP1% = 10) 

2% (nLP2% = 10) 

5% (nLP5% = 10) 

10% (nLP10% = 10) 

Mixed with 

chicken  

(nLC = 40) 

1% (nLC1% = 10) 

2% (nLC2% = 10) 

5% (nLC5% = 10) 

10% (nLC10% = 10) 

Mixed with meat 

of Lidia breed  

(nLLB = 40) 

1% (nLLB1% = 10) 

2% (nLLB2% = 10) 

5% (nLLB5% = 10) 

10% (nLLB10% = 10) 

Mixed with foal 

meat 

(nLF = 40) 

1% (nLF1% = 10) 

2% (nLF2% = 10) 

5% (nLF5% = 10) 

10% (nLF10% = 10) 

 

Table



Table 2. Summary of beef meat dataset. 

Pure beef        

(nB=30) 

Mixed with pork 

meat 

(nBP = 40) 

1% (nBP1% = 10) 

2% (nBP2% = 10) 

5% (nBP5% = 10) 

10% (nBP10% = 10) 

Mixed with 

chicken 

(nBC = 40) 

1% (nBC1% = 10) 

2% (nBC2% = 10) 

5% (nBC5% = 10) 

10% (nBC10% = 10) 

Mixed with meat 

of Lidia breed 

(nBLB = 40) 

1% (nBLB1% = 10) 

2% (nBLB2% = 10) 

5% (nBLB5% = 10) 

10% (nBLB10% = 10) 

Mixed with foal 

meat 

(nBF = 36) 

1% (nBF1% = 9) 

2% (nBF2% = 9) 

5% (nBF5% = 9) 

10% (nBF10% = 9) 

 

Table



Table 3. Meat fraud detection by NIRS using different pre-processing techniques. 

 
Lamb samples mixed with Beef samples mixed with 

Pre-
processing 
technique 

Pork 
meat 

Chicken 
Meat 

of Lidia 
breed  

Foal 
meat 

Pork 
meat 

Chicken 
Meat 

of Lidia 
breed  

Foal 
meat 

None 
X X X ✔ X X ✔ X 

MC 
X X X ✔ X X ✔ ✔ 

MSC + MC 
X ✔ X ✔ X X ✔ ✔ 

SNV + MC 
X ✔ X ✔ X X ✔ ✔ 

SNV + DT 
+ MC X ✔ X ✔ X X ✔ ✔ 

1st Der + 
MC X X ✔ ✔ X X ✔ X 

2nd Der + 
MC X X X ✔ ✔ X ✔ X 

 

Table



Table 4. Number of LV and % CC samples obtained in the PLS-DA models of lamb mixed 
samples. 

 Lamb samples 

mixed with pork 

meat 

Lamb samples 

mixed with 

chicken 

Lamb samples 

mixed with meat 

of Lidia breed 

Lamb samples 

mixed with 

foal meat 

Pre-processing 
technique 

No. of 
LV 

% CC No. of 
LV 

% CC No. of 
LV 

% CC No. of 
LV 

% CC 

None 5 90 3 58.33 6 70.83 2 81.82 

MC 5 81.82 4 79.16 6 73.91 4 79.17 

MSC + MC 10 86.36 4 70.83 6 77.27 4 80.95 

SNV + MC 5 86.96 4 62.50 4 75 4 77.27 

SNV + DT + MC 5 79.16 4 62.50 5 77.27 5 70.83 

1st Der + MC 7 77.27 4 68.18 7 86.36 2 80.95 

2nd Der + MC 7 73.91 6 63.63 7 72.72 4 85 

 

Table



Table 5. Sensitivity and specificity values obtained by PLS-DA models of lamb mixed samples. 

Samples Pre-

processing 

technique 

Sensitivity Specificity 

Pure lamb 
None 

0.800 0.917 

Samples mixed with pork meat 0.833 0.800 

Pure lamb 
MC 

0.833 0.750 

Samples mixed with chicken  0.750 0.833 

Pure lamb 1st Der + 

MC 

0.818 0.909 

Samples mixed with meat of Lidia breed 0.909 0.818 

Pure lamb 2nd Der + 

MC 

0.778 0.909 

Samples mixed with foal meat 0.909 0.778 

 

Table



Table 6. Number of LV and % CC samples obtained in the PLS-DA models of beef mixed 
samples. 

 Beef samples 

mixed with 

pork meat 

Beef samples 

mixed with 

chicken 

Beef samples 

mixed with meat 

of Lidia breed 

Beef samples 

mixed with 

foal meat 

Pre-
processing 
technique 

No. of 
LV 

% CC No. of 
LV 

% CC No. of 
LV 

% CC No. of 
LV 

% CC 

None 3 66.67 3 60 2 80 5 95 

MC 3 52.38 5 65 6 90.48 9 100 

MSC + MC 3 66.67 2 63.16 3 95.24 7 100 

SNV + MC 3 70 2 63.16 3 95.24 7 100 

SNV + DT + MC 3 70 6 78.95 3 95.24 7 100 

1st Der + MC 3 80 3 73.68 5 76.19 6 100 

2nd Der + MC 7 61.9 3 57.89 5 80.95 4 80 

 

Table



Table 7. Sensitivity and specificity values obtained by PLS-DA models of beef mixed samples. 

Samples Pre-processing 

technique 
Sensitivity Specificity 

Pure beef 
1st Der + MC 

0.750 0.833 

Samples mixed with pork meat 0.833 0.750 

Pure beef 
SNV + DT + MC 

0.750 0.818 

Samples mixed with chicken 0.818 0.750 

Pure beef MSC + MC 

SNV + MC 

SNV + DT + MC 

1 0.917 

Samples mixed with meat of Lidia breed 0.917 1 

Pure beef 
MC 

MSC + MC 

SNV + MC 

SNV + DT +MC 

1st Der + MC 

1 1 

Samples mixed with foal meat 1 1 

 

Table
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