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Abstract

The aim of this study was to investigate the potential of multispectral imaging supported by
multivariate data analysis for the detection of minced beef fraudulently substituted with
pork and vice versa. Multispectral images in 18 different wavelengths of 220 meat samples
in total from four independent experiments (55 samples per experiment) were acquired for
this work. The appropriate amount of beef and pork-minced meat was mixed in order to
achieve nine different proportions of adulteration and two categories of pure pork and beef.
After an image processing step, data from the first three experiments were used for Partial
Least Squares-Discriminant Analysis (PLS-DA) and Linear Discriminant Analysis (LDA) so as to
discriminate among all adulteration classes, as well as among adulterated, pure beef and
pure pork samples. Results showed very good discrimination between pure and adulterated
samples, for PLS-DA and LDA, yielding 98.48% overall correct classification. Additionally,
98.48% and 96.97% of the samples were classified within a £10% category of adulteration
for LDA and PLS-DA respectively. Lastly, the models were further validated using the data of
the fourth experiment for independent testing, where all pure and adulterated samples

were classified correctly in the case of PLS-DA, while LDA was proved to be less accurate.
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1. Introduction

Nowadays European consumers are increasingly demanding information and reassurance
not only on the origin but also on the content of their food. Protecting consumer rights and
preventing fraudulent or deceptive practices such as food adulteration are important and
challenging issues facing the European food industry, as manufacturers are required to
provide and confirm the authenticity and point of origin of food products and their
components. Furthermore, adulterants can be revealed with great difficulty in the context of
methods commonly applied in laboratories. Several standard analytical techniques, such as
immunological and enzymatic techniques, DNA and protein based assays and triacylglycerol
analysis have been applied to authenticate food commodities (Ballin, 2010; Soares, Amaral,
Mafra, & Oliveira, 2010). However, while these methods are usually capable of detecting low
levels of adulteration (Ballin, 2010) they are expensive, invasive, sophisticated, laborious,
and technically demanding (Ding & Xu, 1999).

Indeed meat adulteration is a growing challenge for EU meat manufacturers since most
adulterants are unknown and unpredictable (e.g., horse meat). For this reason attention
should also be paid to the safety and authenticity of meat and meat products, as they can be
attractive targets for adulteration in many ways, including substitution or partial substitution
of high commercial value meat with cheaper, such as pork or offal or by adding proteins
from several origins (Kamruzzaman, Sun, EIMasry, & Allen, 2013; Tian, Wang, & Cui, 2013).
With minced meat being the basic ingredient for burgers, adulteration of beef minced meat
is a current problem, involving economic, quality, safety and socio-religious issues
(Alamprese, Casale, Sinelli, Lanteri, & Casiraghi, 2013). Thus, the meat industry urgently
needs methods that will screen non-targeted food samples for contaminants in order to
provide proof of origin and prevent deliberate or accidental undeclared admixture to food

samples, in a rapid and cost efficient way



Hyperspectral and multispectral imaging spectroscopy have been used as rapid techniques
to monitor quality attributes of food products (Wu & Sun, 2013). The former has been used
for the rapid detection of total viable counts in pork (Barbin, Sun, & Su, 2013; Huang, Zhao,
Chen, & Zhang, 2013) and of the water-holding capacity of fresh beef (EIMasry, Sun, & Allen,
2011) and pork (Prevolnik, Candek-Potokar, & Skorjanc, 2010). Meanwhile, multispectral
image analysis has high potency for the evaluation of food quality systems during handling,
processing and storage (Lgkke, Seefeldt, Skov, & Edelenbos, 2013) and it has been previously
used for the conversion of meat colour in L*, a*, b* values (Sharifzadeh, Clemmensen,
Borggaard, Stgier, & Ersbgll, 2014) and for quality assessment of beef (Dissing et al., 2013;
Panagou, Papadopoulou, Carstensen, & Nychas, 2014). Despite the fact that hyperspectral
imaging has been used for the detection of minced lamb adulteration (Kamruzzaman et al.,
2013) and gelatine adulteration in prawn (Wu, Shi, He, Yu, & Bao, 2013), to the best of our
knowledge the use of multispectral image analysis for meat adulteration, especially in the
case of minced beef with pork, has never been previously explored.

Surface chemistry, such as multispectral image spectroscopy, is introduced in the present
study as a new approach in tandem with advanced statistical approaches, for the
discrimination of raw minced beef meat, which has been fraudulently substituted or
combined with raw minced pork. Thus, the objective of this study was to (a) evaluate the
potential use of multispectral imaging to discriminate pork from beef, (b) identify if possible,
the lowest percentage of minced pork adulteration in minced beef that can be safely
detected and (c) establish a rapid and non-invasive technique that can potentially give

results in a few minutes.



2. Materials and Methods

2.1 Sample preparation

Different levels of adulteration of minced beef and pork were prepared as follows; Fresh
beef and pork fillets Longissimus muscle of normal pH (5.6-5.8) were purchased from central
butcher shops in Athens and transported under refrigeration to the laboratory within 30
min. The fillets were cut into smaller pieces and grinded separately one at a time, using a
domestic meat-mincing machine. The machine parts coming in contact with the meat were
initially disinfected by washing with detergent and hot water, and rinsing with pure ethanol.
To achieve different levels of adulteration, ranging from 10 to 90% with a 10% increment,
the appropriate amount of each type of meat was used and mixed in conditions that
simulate industrial processing. From each level of adulteration, five different portions of ca.
75-80 g were placed in Petri dishes and snapshots were taken using VideometerlLab vision
system (Videometer A/S, Hersholm, Denmark). For every level of adulteration (nine
categories of mixed meat and two categories of pure pork and beef), each Petri dish was
considered as a replicate in the experiment (5 x 11 samples in total per experiment).

All experimental procedure took place aseptically and was repeated four times. One
hundred and sixty five (165) samples from three independent experiments (i.e., 55 samples
per batch) were used to develop the model and 55 samples from the fourth experiment
were employed for the purpose of external validation. It should be noted that 220 samples
from different batches were analysed in total. From this point on, meat samples from the
previously mentioned independent experiments will be referred to as samples from batches

1, 2,3 and 4.



2.2 Image acquisition and analysis

Images from every sample were captured using VideometerLab, a system which acquires
multispectral images in 18 -non uniformly distributed- different wavelengths ranging from
405 to 970 nm. Analytically, the wavelengths are 405, 430, 450, 470, 505, 565, 590, 630, 645,
660, 850, 870, 890, 910, 920, 940, 950 and 970 nm. The system has been developed by the
Technical University of Denmark and commercialized by “Videometer A/S”(Carstensen &

Hansen, 2003; http://www.videometer.com). A detailed description of the instrument has

been reported elsewhere (Panagou et al., 2014). The advantage of this instrument is that it
not only uses the information of visible and short-NIR spectral regions, but moreover uses
the spatial information of each pixel.

The system was first calibrated radiometrically and geometrically using well-defined
standard targets, followed by a light setup based on the type of object to be recorded (Folm-
Hansen, 1999) called “autolight”. In autolight, it is always the brightest sections in the image
that dictate the final result. Petri dishes (75-80 g meat portions) were placed inside an
Ulbricht sphere in which the camera is top-mounted. For every random dish in each level of
adulteration, a different autolight procedure was employed.

The resulting image includes redundant information, such as the Petri dish and its
surrounding background, as well as the fat and connective tissue of the meat. For this reason
an image-processing step is needed that will result in an image mask where only meat tissue
is included. This step, which includes transformation and segmentation procedures, was
implemented using the respective routines of the VideometerLab software (version 2.12.39)
that controls the operation of the instrument. Canonical Discriminant Analysis (CDA) was
employed as a two-step supervised transformation building method to divide the images
into regions of interest (Daugaard, Adler-Nissen, & Carstensen, 2010). Following this

transformation, the separation was distinct and a simple threshold was enough to separate



meat from non-meat pixels. The result of this processing is a segmented image for each
meat sample with the isolated part of the meat tissue as the main region of interest (ROI) to
be used for the extraction of spectral data that were further employed in statistical analysis.
The procedure is graphically presented in Fig.1.

2.3 Data analysis

For each image, the mean reflectance spectrum was calculated by averaging the intensity of
pixels within the ROI at each wavelength. Furthermore, the standard deviation of the pixels’
intensity per wavelength was extracted. The resulting data consisted of 18 mean values and
18 standard deviations of the reflectance, as it was recorded by the camera for the pixels
that were included in each image’s ROI, and were further analysed with various classification
methods.

Two methods, Partial Least Squares Discriminant Analysis (PLS-DA) (Barker & Rayens, 2003;
de Jong, 1993) and Linear Discriminant Analysis (LDA) (Fisher, 1936), were performed in
order to discriminate among all adulteration classes (11 in total), as well as among
adulterated, pure beef and pure pork samples.

As both methods are supervised, the data was partitioned in two sets: the training set used
for model calibration and the test set used for validation. A 60-40% stratified partition was
applied on the first three batches, meaning 60% of the dataset was chosen in a random way
for calibration (99 samples out of 165) as long as all classes and batches were included and
equally represented. The fourth batch was also reserved for independent model validation.
Model performance was measured in terms of Recall (sensitivity) and Precision, as well as
overall correct classification (OCC) (Sokolova & Lapalme, 2009). Especially in the case of PLS-
DA, the optimum number of PLS components was estimated using stratified three-fold cross-

validation.



Lastly, Hierarchical Cluster Analysis — HCA (Everitt, Landau, Leese, & Stahl, 2011) was
performed per batch as an unsupervised technique to explore the relationship between
variables and adulteration classes, using Euclidean Distance and Ward’s minimum variance
agglomeration method. Then, Principal Component Analysis — PCA (Jolliffe, 2002) was
performed per batch, as well as with all three batches so as to visualise whether there were
significant differences among samples from different batches, as well as among different
classes.

The partitioning algorithms of the dataset and the LDA algorithm were implemented in
MATLAB R2012a (The MathWorks, Inc., Natick, Massachusetts, United States), while HCA,
PCA and PLS-DA were implemented in R v.3.0.2 (RStudio, v. 0.97.551, RStudio, Inc., Boston,
Massachusetts, United States), using the “plsgenomics” package (A. Boulesteix, 2004; A.-L.
Boulesteix & Strimmer, 2007; de Jong, 1993). Lastly, a heatmap was created using the

MetaboAnalyst 2.0 software (Xia, Mandal, Sinelnikov, Broadhurst, & Wishart, 2012).

3. Results

3.1 Multispectral image data

Selected spectra of minced beef in various adulteration levels are presented in Fig.2. It is
characteristic that the reflectance of the sample increased in most wavelengths of the
spectrum with increasing proportions of pork meat in the mixture, providing strong evidence
for the effectiveness of multispectral imaging in discriminating meat adulteration.

Initial analysis with HCA and PCA showed that the use of different batches is critical, as we
must take into account not only the variability within a batch (different samples of the same
class), but also the variability among batches. This was evident either when examining the
results of HCA per batch (see Supplement File) or the heatmap for all three batches (Fig.3).

When all three batches were compared, samples belonging in the same category showed



great differences among batches. Nevertheless, a potential for good discrimination could be
concluded after PCA analysis. Different Principal Components (PCs) contributed differently in
terms of the variability explained (results not shown), but the first two PC scores are
presented in Fig.4. In all cases, pure pork and pure beef were found on the far left and right
of the plot respectively and the discrimination between classes was more evident. Only
adjacent categories sometimes overlap. On the other hand, classes of mixed samples seem
to be represented in a different way for each batch. Furthermore, when all three batches
were included (Fig.4d), a definite trend to the right of the plot was seen as the percentage of
beef in the mix increases, but the discrimination among classes was less evident.

Based on the above observations, a 60-40% stratified partition was applied in the first three
batches of meat corresponding to three samples per batch per category for calibration and
two for validation (i.e., 99 and 66 samples in total, respectively). The samples of the fourth

batch (55 in total) were reserved for independent/ external model validation.

3.2. Validation

The analysis of the data acquired for each class of adulteration is shown in Table 1, where
the results for per-class Recall and Precision are presented. The overall correct classification,
mean per-class Recall and Precision were 83.33%, 83.33% and 84.46% respectively, the
classification error for 98.48% of the samples was at most 10%, for LDA. The classification of
each sample of the validation set is presented along with the per-class Precision and Recall in
Table 1 in the supplement file. Very good results were also acquired when classification
among pure pork, adulterated and pure beef was tested (Table 2), where the overall correct
classification, mean per-class Recall and Precision was over 94% (Mean Recall: 94.44%,
Precision: 99.39% and overall correct classification: 98.48%). In fact, an only one out of 66

sample was misclassified.



Application of PLS-DA for the three-class case, yielded the same results (98.48% correct
classification) using 12 PLS components after cross-validation. PLS-DA for all categories gave
similar results to the LDA. The calibration of the model was done with cross-validation, as
described previously, based on overall correct classification criterion, using 20 PLS
components (Table 1, and S-Table 2 in the supplement file). It would be interesting to note
that, although the overall correct classification dropped considerably, this method classified
96.97% of the samples within the £10% error of prediction.

In the case of external validation, PLS-DA performed well, classifying all samples correctly in
the three-class problem of pure vs. adulterated samples (Table 2). In the case of 11
categories, all pure samples were classified correctly, but the prediction of adulteration
levels in the samples was less accurate (Table 1). However, only 4 out of 45 adulterated
samples were classified as pure (see S-Table 4 in the supplement file).

The LDA model was less successful in predicting pure beef samples (Table 1), as well as the
adulteration level for the case of 11 categories (S-Table 3 in the supplement file), whereas in
the case of pure vs. adulterated samples, the results were better yielding an overall correct
classification of 80% and mean per-class Recall and Precision of 85.93% and 77.08%,

respectively (Table 2)

4. Discussion

This work investigated whether an emerging, non-destructive, fast and low cost technique
(in the long term) based on imaging technology combined with multivariate data analysis
can be a promising tool for the detection of minced meat adulteration. Since various
standard analytical methods are now available to identify meat’s adulteration at a very low
level (Ballin, 2010; Ballin, Vogensen, & Karlsson 2009), the proposed method showed great

potential. In comparison with these reported methods (Ballin et al., 2009) which are time-



consuming, expensive, use harmful reagents, need expert laboratory staff and are strongly
dependent on rigorously following a standardized protocol to obtain accuracy, the
multispectral imaging is a non-destructive, requires only basic training in a user-friendly
software, a few minutes for image acquisition and processing and no cost at all —excluding
initial instrument and software purchase.

Compared to other similar published studies on rapid techniques, in most cases, the main
objective is the differentiation among different types of meat, e.g. beef vs. kangaroo (Ding &
Xu, 1999), pork vs. beef vs. lamb (Kamruzzaman, Barbin, EIMasry, Sun, & Allen, 2012), beef
vs. horsemeat (Boyaci et al., 2014). Few studies has been published on the adulteration of
poultry with pork (Soares et al., 2010), pork in minced mutton (Tian et al., 2013), pork in
beef meatball (Rohman et al., 2011), pork meat in raw beef burger (Giaretta, Di Giuseppe,
Lippert, Parente, & Di Maro, 2013), minced lamb (Kamruzzaman et al., 2013), gelatin in
prawn (Wu et al., 2013), different types of caviar in Caspian caviar (Mohamadi Monavar et
al., 2013). Some have been reported in the case of classification between adulterated and
pure samples with different percentages of adulteration (Alamprese et al., 2013;
Kamruzzaman et al., 2013; Tian et al., 2013), and the case of beef adulterated with pork
(Morsy & Sun, 2013; Rohman et al., 2011). In this study, pure beef, pure pork and nine levels
of adulteration were employed in order not only to discriminate but also to quantify the

minimum possible level of adulteration detected.

As in most of the above cases, HCA, PCA, LDA and PLS-DA were the predominant methods
used for data analysis. Results showed that multispectral imaging has the potential to
identify adulterated beef samples with pork and vice versa in a rapid, non-invasive way.
Furthermore, the variability between meat batches was taken into account — an important
issue that is not always presented in the available literature- by using three different batches

for model training and testing, and a fourth external batch for validation. Results showed



that a 10% adulteration with pork in beef and vice versa could be successfully identified and
could thus be considered as a detection limit of the applied method, which can be related to
the results by Morsy and Sun (Morsy & Sun, 2013) using NIR spectroscopy, although no

external validation was performed in this work, and the results by Alamprese et al.(2013), in

the case of adulteration with turkey.

It should be noted that very few of the abovementioned studies use external batch
validation, results demonstrated -especially for LDA- the necessity of such an approach in
order to exclude cases of overoptimistic results. On the other hand the quantification of the
level of adulteration was proved to be more difficult task. A large number of adulteration
classes were used (11 classes in total), whereas in other studies discriminant analysis was
performed with fewer categories. For example, Alamprese et al. (2013) used 5 classes for
cross-validation, grouping very low adulteration with pure samples. However, in this study
the applied method was found to provide additional information on the detection limit of
10% and as such can be considered as an advantage even if the quantification per se is of

great importance.

In conclusion, multispectral imaging was used for the first time as a rapid method for food
authentication and detection of adulteration of raw meat, illustrating a clear separation of
pure vs. adulterated samples. PLS-DA performed better compared to LDA in the case of
external batch validation. Moreover, the quantification of the percentage of adulteration
was proved to be more challenging. The applied method managed to detect relatively small
percentages of adulteration (10% w/w) of pure beef with pork and vice versa. It is therefore
evident that multispectral imaging could be used as a rapid, non-invasive method for the

detection of adulteration.
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List of figures

Figurel. Process of multispectral image acquisition and extraction of data

Figure 2. Selected spectra of the examined samples corresponding to different ratios of

adulteration

Figure 3. Heatmap of all samples from batches 1-3, different colours on the left side correspond to
different ratios of adulteration. Samples named with “00” correspond to pure pork, all other
categories correspond to the percentage of beef in the mix and consequently “100” refers to pure

beef samples, whereas “b1”, “b2”, “b3” correspond to the number of batch.

Figure 4. Principal Component Analysis scores for Batches 1(a), 2(b), 3(c) and all batches (d).
Samples named with “0” correspond to pure pork, all other categories correspond to the

percentage of beef in the mix and consequently “100” refers to pure beef samples.
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Table 1. LDA vs. PLS-DA for both validation set and external validation batch with 11 classes ranging from pure pork (0%) to beef (100%)

Validation set

External validation set

LDA PLS-DA LDA PLS-DA

Sample Recall  Precision +10% Recall  Precision +10% Recall  Precision +10% Recall  Precision +10%

error error error error
Is 0% 83.33% 100.00% 100.00% 66.67% 100.00% 100.00% 100.00% 100.00% 100.00% 100.00% 100.00% 100.00%
Is 10% 100.00%  85.71% 100.00% 100.00% 75.00% 100.00% 20.00% 16.67% 100.00%  0.00% 0.00% 20.00%
Is 20% 83.33% 100.00% 100.00% 83.33% 100.00% 100.00% 20.00% 7.14% 20.00% 0.00% 0.00% 20.00%
Is 30% 83.33% 71.43% 83.33% 50.00% 75.00% 100.00%  0.00% 0.00% 100.00%  0.00% 0.00% 40.00%
Is 40% 66.67% 80.00% 100.00% 66.67% 50.00% 100.00% 20.00% 7.69% 80.00% 20.00% 14.29% 20.00%
Is 50% 83.33% 71.43% 100.00% 100.00% 75.00% 100.00%  0.00% 0.00% 0.00% 0.00% 0.00% 60.00%
Is 60% 66.67% 80.00% 100.00% 33.33% 50.00% 83.33% 0.00% 0.00% 0.00% 0.00% 0.00% 0.00%
Is 70% 66.67% 57.14% 100.00% 83.33% 50.00% 100.00%  0.00% 0.00% 0.00% 0.00% 0.00% 0.00%
Is 80% 83.33% 83.33% 100.00% 16.67% 100.00%  83.33% 0.00% 0.00% 0.00% 0.00% 0.00% 20.00%
Is 90% 100.00% 100.00% 100.00% 83.33% 71.43% 100.00%  0.00% 0.00% 0.00% 100.00% 33.33% 100.00%
Is 100% 100.00% 100.00% 100.00% 100.00% 85.71% 100.00%  0.00% 0.00% 0.00% 100.00% 55.56% 100.00%
Mear 83.33% 84.46% 98.48% 71.21% 75.65% 96.97% 14.55% 11.95% 36.36% 29.09% 18.47% 43.64%

per-class




Table 2. LDA and PLS-DA (12 PLS components) for both validation set and external validation batch with 3 classes (pork - adulterated - beef)

LDA PLS-DA
Validation set
classified as classified as
pork adulterated beef Recall pork adulterated beef Recall
is pork 5 1 0 83.33% is pork 5 1 0 83.33%
is adulterated 0 54 0 100.00% is adulterated 0 54 0 100.00%
is beef 0 0 6 100.00% is beef 0 0 6 100.00%
Precision 100.00% 98.18% 100.00% Precision 100.00% 98.18% 100.00%
External validation Batch
classified as classified as
pork adulterated beef Recall pork adulterated beef Recall
is pork 4 0 1 80.00% is pork 5 0 0 100.00%
is adulterated 0 35 10 77.78% is adulterated 0 45 0 100.00%
is beef 0 0 5 100.00% is beef 0 0 5 100.00%
Precision 100.00% 100.00% 31.25% Precision 100.00% 100.00% 100.00%




