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Tracing models for checking beef adulterated with pig blood by Fourier transform
near-infrared paired with linear and nonlinear chemometrics
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Abstract

Faced with the aggravating issue of meat fraud caused by the addition of low-cost animal blood food, the present work aims
to develop FT-NIR-based tracing models for detecting beef adulterated with pig blood. A total of 210 samples were analyzed,
including raw beef, beef adulterated with pig blood-based gel, and pure pig blood-based gel prepared. For spectrum denoising,
the first derivative, second derivative, centralization, standard normal variate transform, and multivariate scattering correction
algorithms were performed and compared. We built, optimized, and compared partial least squares (PLS), support vector
machine (SVM), and extreme learning machine (ELM) models for identifying the adulterated beef and predicting adulteration
levels. Results indicated that second derivative was the best preprocessed technique for all chemometrics modeling; ELM model
achieved the optimal performance when the sin function was used, achieving 100% accuracy for identifying the adulterated
beef, and all root mean square errors were less than 0.16% for predicting adulteration levels in training and test sets. These
results suggest the optimal ELM models could be employed for rapidly checking beef adulterated with pig blood-based gel
using FT-NIR technology.
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Practical Application: The optimal ELM models for identifying the adulterated beef mixed with pig blood-based gel and
predicting adulteration levels were constructed using FT-NIR technology, which can be used to rapidly detect beef adulterated

with pig blood, hence preventing illegal mixing and unfair competition.

1 Introduction

Beef has attracted the attention of meat adulterators for
centuries due to its high commercial value. Typical case of beef
adulteration is the inter-species confounding, and deceives
consumers by replacing beef with cheaper alternatives (Han et al.,
2020). Therefore, themes for developing analytical techniques
reported to measure beef adulteration were mainly focused on
the low-cost meats used, such as pork (Kang & Tanaka, 2018),
duck (Jiang et al., 2019), chicken (Silva et al., 2020), and other
meat (Li et al., 2019). However, a market survey reported in
2019 shown that there was a high possibility for meat fraud
with pig blood added in beef (Ma, 2019). The main reason for
this type of beef adulteration maybe via using beef soaked in
pig blood or added with pig blood-based gel for making meat
ball to increase commodity weight. The bovine blood was not
used for beef fraud caused by its unpleasant odors. In 2020, the
Public Security Bureau of Changchun City, Jilin Province reported
the similar case of beef fraud with pig blood used. Although
rarely a health hazard, this type of beef adulteration violates
consumer’s benefit seriously, and hampers the development of
the domestic meat industry gravely. The emerging issue of such
situation promotes us to propose a practical strategy for rapidly
checking beef adulterated with pig blood to fight food fraud.

The specificity analysis technology based on biomarkers
such as DNA or protein showed high accuracy for detecting

meat adulteration. However, these techniques are usually
time-consuming, expensive and require professional skill to
operate, hence are not practically suitable for on-site detection
(Song et al., 2021). Several rapid analytical techniques for meat
adulteration that have been reported, such as electronic nose
(Kalinichenko & Arseniyeva, 2020; Sarno et al., 2020; Wang et al.,
2019), electronic tongue (Lu et al., 2021; Tian et al., 2019;
Zaukuu et al., 2021), hyperspectral imaging (Jiang et al., 2019,
2020; Rady & Adedeji, 2020; Zheng et al., 2019). Compared with
the previously mentioned rapid analytical techniques, the Fourier
transform near-infrared (FT-NIR) spectroscopy technology is
more practical due to its advantages of rapidity, convenience,
non-destructive and reliability (Wang et al., 2022a). The FT-NIR
spectroscopy is widely used to develop analytical techniques
for authenticating meat, for example, analysis of chicken meat
authenticity (Parastar et al., 2020), quantitative detection of
binary and ternary adulteration of minced beef with pork and
duck meat (Leng et al., 2020), fast detection and quantification
of pork meat in other meats (Mabood et al., 2020), detection of
minced lamb and beef fraud (Lopez-Maestresalas et al., 2019), to
name but a few. However, regarding the aggravating issue of meat
fraud using low-cost animal blood, there is no research report
about the rapid analysis technology using FT-NIR spectroscopy.
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Rapid models for checking beef adulteration

FT-NIR technology can be used to measure many attributes
of food materials simultaneously. Absorption bands in the NIR
region (780-2500 nm) come from overtones and combinations
of overtones and/or combinations of fundamental vibrational
motions of O-H, N-H, C-H, or S-H, resulting in a complicated
relationship between FT-NIR spectral and food compositions.
Therefore, while FT-NIR technology is utilized for food
measurements, chemometrics models must be constructed and
optimized for goals of quality-based classification or prediction
of quality indicators. The FT-NIR spectroscopy coupled with
the optimized model constitutes a unique analytical strategy for
the specific targets and objects (Fodor et al., 2020; Wang et al.,
2022b). Although many FT-NIR-based techniques could be
standardized, they still worthy of further research to construct
reliable and efficient chemometrics models for precise target
measurement.

Hence, facing the aggravating issue of meat fraud using
cost-effective animal blood, the present work aims to construct
tracing models for checking beef adulterated with pig blood
by FT-NIR technology. The measurement spectra datasets
were collected from raw beef, beef adulterated with pig blood-
based gel, and pure pig blood-based gel. Algorithms of the first
derivative (1% Der), second derivative (2" Der), centralization,
standard normal variate transform (SNV), and multivariate
scattering correction (MSC) were performed in comparison for
spectral denoising. Partial least squares (PLS), support vector
machine (SVM), and extreme learning machine (ELM) models
were constructed, optimized, and compared for identifying the
adulterated beef and predicting adulteration levels. The proposed
strategy for checking beef adulterated with pig blood was, step
1: acquisition of FT-NIR spectra for an unknown sample; step 2:
the identification model used for checking whether beef mixed
with pig blood or not; step 3: if the answer is yes, the quantitative
model was utilized for predicting the adulteration level.

2 Materials and methods
2.1 Samples prepared

Fresh foreshank and fresh pig blood were purchased at alocal
slaughterhouse in Suzhou, China. The raw beef and pig blood
were transported to the laboratory in an ice-filled container.
The fresh pig blood was precipitated and sterilized at 100 °C for
40 minutes. All samples were homogenized and then frozen and
kept at a temperature at—20 °C for the FT-NIR measurements.

In total, 210 samples were prepared and used, including
30 samples of raw beef and 30 samples of pure pig blood-based
gel, and 150 samples of adulterated beef via beef mixed with
pig blood-based gel in a range of 1~5% by weight at 1% steps,
30 samples for each adulteration level.

2.2 FT-NIR measurements

The FT-NIR spectrophotometer (Antaris IT, Thermo Electron
Company, USA) interfaced with an optical fiber was employed.
Twenty-five grams of the sample were prepared for acquiring
the FT-NIR spectral. Each sample was measured three times
with a spectral resolution of 8.0 cm™ at different positions.
Following the operating procedures, each spectrum consisted of

an average of 32 scans ranging from 4000-10000 cm™, yielding
1557 variables for each sample (Teye et al., 2014). Due to the
optical fiber used, it is possible to separate the spectrometer from
the sample over several meters. Thus, industrial installations
with a high degree of flexibility and complete automation are
possible (Han et al., 2022c).

2.3 Chemometrics modeling and software

Chemometrics models were constructed and optimized for
detecting adulterated beef and predicting adulteration levels.
For the purpose of spectrum denoising, the 1% Der, 2™ Der,
centralization, SNV, and MSC were all used and compared
(Kumar & Chandrakant Karne, 2017). Comparisons were made
among models constructed using PLS, SVM, and ELM. PLS and
SVM are widely used chemometrics for both classification and
regression, with their underlying theory documented in many
published works including those by Y.V. Zontov et al. (2020),
and Shan Suthaharan (2016).

ELM is a novel algorithm for a single-hidden layer feed-
forward neural network that combines the benefits of good
generalization performance and extreme fast learning speed.
The connection weight between the input and hidden layers, and
the hidden layer neuron threshold were generated randomly.
Hence, the network structure of ELM is more straightforward
than the traditional gradient descent-based artificial neural
networks previous widely used. While the numbers of hidden
neurons was fixed, the unique optimal solution could be
achieved by ELM. For its extreme learning speed and good
generalization performance, ELM has attracted the attention of
food researchers (Wang et al., 2020). The calculation process of
the ELM is described by Equations 1 to 10 below.

Given that the input dataset (x) and the output dataset (y)
of the training set are:
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Where: n, [, and m mean numbers of the input, hidden and output
neurons, respectively; Q means the sample size of training set.

Training an ELM model could be divided into the following
three steps (Han et al., 2019; Yu, 2015).

Stepl: Random generation of the input weight matrix (w)
and the bias matrix (b);
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Where: w, means connection weight of the i"* neuron node
in the input layer and the j™ neuron node in the hidden layer.
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Step2: Select a transfer function g(x), such as sigmoidal
function, sin function, or hardlim function, which was
frequently used in artificial neural networks.

Step3: Calculate the connection weight () between hidden
and output layers.
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e ﬂ52] ﬂ?z ﬂzzm )
B B Bim Jm

Where: B, means the connection weight between the j™ neuron

node in the hidden layer and the k™ neuron node in the output
layer.

Given output of the neural network T is:

T=|:[1,12,---,ZQ:|mXQ (5)
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The Equation 5 could be expressed as,
HB=TT 7

Where: H means the output of the hidden layer of the neural
network.
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The following equation could calculate the  according to
the theory described by Pro. Guangbin Huang et al. (2006, 2011),

B=H'T O

For multi-classification, the decision function is,
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lable(x):argmaxl}(x),ie(l,2,~~-,m) (10)

Where: x means the unknown sample waiting classified, m
represents labels of the training samples.

Performances of PLS, SVM, and ELM for identifying the
adulterated beef were evaluated by the following Equation 11,

R=M 100% (11
Ny

Where R means the identification accuracy (%) of the training or
test set; N, means the number of the correctly classified samples;
N,means the sample size of the training or test set.

Performances of PLS, SVM, and ELM for predicting
adulteration levels were evaluated by the root mean square error
of cross-validation (RMSECV), the root mean squared error
of prediction (RMSEP), the correlation coefficients (r) in the
training set (r,) and prediction set (rp), the ratio performance to
deviation (RPD), and the range error ratio (RER) (El Orche et al,,
2022; Han et al., 2022b; Mahanti et al., 2020). The RMSECV,
RMSEP, r, RPD, and RER were calculated with the following
Equations 12 to 16,

(12)
RMSECV =

Where n, means the sample size of the training set, }; means
A

the actual adulteration level of the i sample, and y,; means the
predicted adulteration level after the i sample was removed
using cross-validation.

13)

Where n, means the sample size of the prediction set, }'; means

actual adulteration level of the i sample, and y,;means predicted
adulteration level of the i" sample in prediction set.

(14

Where: » means the mean value of actual adulteration levels in
training or prediction set.

Std.

D=—""__ (15)
RMSECV

Where: Std. means standard deviation of the training set
samples’ actual adulteration levels. For RPD, so bigger is better.
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An RPD above three is considered satisfactory; a value of 5 or
higher indicates that the established model can be used for
quality control. Regression models with an RPD value of 2-3 are
considered to perform well enough for fast screening analysis
(Wiedemair et al., 2018).

_ Max—Min

(16)
RMSECV

Where: Max and Min mean the maximum and the minimum
adulteration levels. RER above 10 is roughly an indicator of a
model with good predictive ability.

All algorithms were implemented in Matlab
Version 7.14 (Mathworks, Natick, USA) with windows 10.

3 Results and discussions

3.1 Inputs prepared for modeling

The original FT-NIR spectroscopy profile for raw beef, beef
adulterated with pig blood, and pure pig blood-based gel are depicted

(a)-the original spectral

in Figure 1. As illustrated in Figure 1b, overlapping information
existed in region between 8868 cm™ and 10000 cm™', and hence
the region was removed before modeling in order to identify
adulterated beef. Afterwards, the 1% Der, 2™ Der, centralization,
SNV, and MSC were used independently to denoise the spectra
features. Principal component analysis (PCA) was used to reduce
the dimensionality of the preprocessed FT-NIR datasets by creating
new uncorrelated variables called principal components (PCs).
The top three PC scores were utilized as inputs for modeling
process because their cumulative contribution rates were all
greater than 96.0%.

In terms of modeling for adulteration levels prediction, the
original FT-NIR datasets of adulterated beef were preprocessed
using 1* Der, 2™ Der, centralization, SNV, and MSC. Afterwards,
the competitive adaptive reweighted sampling (CARS) (Lietal,,
2009) technique was used to screen the preprocessed FT-NIR
spectral for important spectral wavelengths, the results of which
are shown in Figure 2. PCA was also implemented on the selected
important spectral wavelengths for the purposes of reducing
their dimensions and decorrelating their vectors. Regarding
the important FT-NIR variables of none preprocessed, 1% Der,

(b)-the mean spectral
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Figure 1. The original and average FT-NIR spectral for raw beef, pure pig blood-based gel, and beef adulterated with pig blood-based gel.

(a)- Original NIR spectral for adulterated beef
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Figure 2. The crucial spectral wavelengths selected for predicting adulteration levels via CARS.
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centralization, MSC, and the scores of the top three PCs were
utilized as input variables for modeling since their cumulative
contribution rates were all over 98.0%. PCA results showed
that the cumulative contribution rate of the first 13 PCs of 2™
Der spectral was 90.14%, indicating that the supporting scores
of the top 13 PCs could be utilized for modeling; For the SNV
spectral, only two wave numbers were selected via CARS (see
Figure 2b), therefore all the PCs were used for modeling.

To ensure that the PLS, SVM, and ELM models all used with
the same inputs, the Kennard-Stone algorithm was utilized to
select one third of the samples in each group as the prediction
set and the remaining samples as the training set (Zhang et al.,
2017). The groups used in the modeling process to classify the
adulterated beef are raw beef, beef adulterated with pig blood,
and pure pig blood-based gel; Groups for modeling to predict
adulteration levels means beef mixed with pig blood gel in a
range of 1~5% by weight at 1% steps.

3.2 Results of PLS models

PLS modeling for identifying the adulterated beef and
predicting the adulteration levels were constructed herein.
PLS for discriminant analysis (DA), also known as PLSDA
was implemented using a MATLAB GUI tool created by Y.V.
Zontov and co-authors (Zontov et al., 2020). The results of the
PLS models generated are shown in Table 1.

The results of PLS models showed that, when the 2™ Der
technique was used for spectral denoising, the optimal PLS models
could be obtained, yielding the highest correlation coeflicients
over 0.95, RPD superior to 3.0, and the lowest RMSEP of 0.441%
for the unknown samples’ set; only one samples was misclassified
in all training and test sets for identifying the adulterated beef,
it is one sample from group of beef adulterated with pig blood
was misclassified to the group of raw beef.

3.3 Results of SVM

According to SVM theory, a kernel function is required to
accept inputs from low-dimensional spaces, and to calculate the
inner product value of vectors in high-dimensional space after
a certain transformation, in order to transform the problem
of linear inseparability in low-dimensional space into that of

linear separability or approximate linear separability in high-
dimensional space.

The radial basis function (RBF) is a frequently used kernel
functions in SVM modeling, and demonstrated in Formula
17. RBF may be applied to randomly distributed samples after
parameter optimization and is regarded as a universal kernel
function. Hence, this work adopts RBF function as the kernel
function for SVM modeling.

K(x ,xi):exp(ngxfxi‘z),g>0 17

Parameters of penalty factors cand gin RBF greatly influence
the performance of SVM models. Therefore, the grid division
method coupled with mutual verification was utilized to optimize
these two parameters achieve the highest possible detection
accuracy for adulterated beef and the minimum RMSECYV for
predicting adulteration levels. For the purpose of parameter
optimization, the ranges of ¢ and g were all set to [2°%, 2] with
a step size of 0.5.

Table 2 summarizes the results of the SVM models
constructed. It can be seen that the optimal SVM models
could be obtained also under the 2™ Der technique was
used for spectral denoising, yielding the highest correlation
coeflicients over 0.95, RPD superior to 9.0, and the lowest
RMSEP of 0.214% for prediction adulteration levels; identical
to PLSDA model, there was only one sample misclassified, it is
one sample of beef adulterated with pig blood misclassified to
raw beef. Figure 3 shows the optimized ¢ and g for these best
SVM models for identifying adulterated beef and predicting
adulteration levels.

3.4 Results of ELM

According to ELM theory, the hidden neuron numbers and
the activation function of hidden layers should be optimized
for a particular pattern recognition problem. For the purpose
of optimizing the hidden neuron numbers, as the strategy of
cut-and-trial used for artificial neural networks, ranges of the
optimal hidden neuron numbers for ELM modeling to identify
the adulterated beef and predict adulteration levels herein were
all set at [1, 50].

Table 1. Results of PLS models for identifying the adulterated beef and predicting adulteration levels.

Identifying adulteration

Predicting adulteration level

Training set Test set Training set Test set RPD RER
T, RMSECV (%) r, RMSEP (%)

None 100% 98.57% 0.925 0.539 0.855 0.761 2.62 7.42
1* Der 100% 98.57% 0.932 0.512 0.846 0.781 2.76 7.81
2" Der 100% 98.57% 0.962 0.387 0.951 0.441 3.65 10.3
Centralization 100% 97.14% 0.937 0.495 0.864 0.739 2.86 8.08
SNV 100% 98.57% 0.912 0.581 0.828 0.856 243 6.88
MSC 100% 95.71% 0.949 0.448 0.892 0.658 3.16 8.93

Bold digits represent the optimal performance.

Food Sci. Technol, Campinas, 43, 104622, 2023
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Table 2. Results of SVM models for identifying the adulterated beef and predicting adulteration levels.

Identifying adulteration

Predicting adulteration level

Training set Test set Training set Test set RPD RER
T, RMSECV (%) r, RMSEP(%)

None 100% 97.14% 0.963 0.191 0.846 0.387 7.4 20.9
1* Der 100% 95.71% 0.963 0.191 0.859 0.364 7.42 20.9
2" Der 100% 98.57% 0.979 0.147 0.955 0.214 9.65 27.2
Centralization 100% 97.14% 0.958 0.204 0.878 0.112 6.93 19.6
SNV 100% 97.14% 0.931 0.259 0.829 0.406 5.47 15.4
MSC 100% 94.29% 0.967 0.180 0.916 0.290 7.88 222

Bold digits represent the optimal performance.

100
Best ¢ =64, g =256 AAA

80

60

Accuracy(%)

40
0 0
log2g log2c

(a)-Identifying adulteration

(b)-Predicting adulteration levels

Figure 3. The optimized c and g for these best SVM models for identifying adulterated beef and predicting adulteration levels.

Also, the frequently used activation functions depicted in
the following Equations 18 to 20 were performed in comparison
for ELM modeling (Han et al., 2022a):

Sigmoidal function : S(x) = ! (18)
l+e*

Sine function : S(x) =sin(x) (19)

Hardlim function : S(x) = {%) )’gg g (20)

Table 3. summarizes the results of the ELM models constructed.
The results demonstrated how the optimal ELM models can be
obtained. The 2™ Der technique was used for spectral denoising
and Sine was used as the activation function for the hidden layers,
yielding the highest correlation coefficients of 0.96, RPD superior
to 13.0, RER better than 38.0, and the lowest RMSEP of 0.158% for
prediction adulteration levels; Also, all samples in the training and
test sets were classified correctly, indicating an accurate identification
of the adulterated beef. The optimal neural network structures of
ELM models were 3-8-1 and 13-23-1 for identifying the adulterated
beef and predicting adulteration levels, respectively.

3.5 General discussions

The FT-NIR with a spectral range of 4000-8867 cm™ was
employed to detect samples assessed in this study including

raw beef, beef adulterated with pig blood, and pure pig blood.
There are differences in basic organic chemicals between the
raw beef and pig blood gel used. For example, crude protein
content of raw beef used in this study was measured to be 36.5%
using the Kjeldahl method (GB 5009.5-2016), which was found
significantly higher than the crude protein content of pig blood-
based gel (28.67%). Using the Soxhlet extractor method (GB
5009.6-2016), it was revealed that the crude lipids content of
beef (4.97%) was also significantly higher than that of the crude
lipids content of pig blood gel prepared (0.04%). Variations in
the absorption of radiation at different wavelengths are related
to the chemical compositions of the samples used (Mendez et al.,
2019). Each of the raw beef and pure pig blood-based gel used
has a characteristic spectrum (see Figure 1), which allows its
identification and differentiation (see Figure 4).

The results of the chemometrics models constructed show
that the 2" Der is the best preprocessed technique for FT-NIR
modeling in order to identify adulterated beef made with pig
blood-based gel as well as to predict the adulteration levels.
Similar findings have been published for predicting verbenalin
in Verbenaofficinalis using NIR spectroscopy (Schonbichler et al.,
2013) and evaluating freshness of pork using NIR hyperspectral
imaging (Barbina etal., 2011). FT-NIR spectra tend to have linear
baseline increases and these are could removed by 2™ Der technique
which have negative peaks where the original had a peak and are
thus more readily comprehensible (Benes et al., 2020). The 2™

Food Sci. Technol, Campinas, 43, e104622, 2023
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Table 3. Results of ELM models for identifying the adulterated beef and predicting adulteration levels.

Identifying adulteration

Predicting adulteration level

Training set Test set
Training set Test set RPD RER
T, RMSECV(%) r, RMSEP(%)

None Hardlim 100% 98.57% 0.937 0.245 0.866 0.508 5.78 16.3
Sin 100% 98.57% 0.944 0.217 0.866 0.533 6.52 18.4

Sig 100% 98.57% 0.938 0.239 0.877 0.500 5.92 16.7

Dx1 Hardlim 100% 97.14% 0.933 0.260 0.868 0.546 5.44 15.4
Sin 100% 98.57% 0.949 0.199 0.872 0.528 7.1 20.1

Sig 100% 98.57% 0.961 0.154 0.875 0.557 9.18 26.0

Dx2 Hardlim 71.43% 71.43% 0.965 0.138 0.930 0.309 10.27 29.0
Sin 100% 100% 0.973 0.105 0.960 0.158 13.43 38.1

Sig 100% 100% 0.968 0.135 0.925 0.289 10.48 29.6

Center Hardlim 100% 98.57% 0.955 0.176 0.872 0.485 8.02 22.7
Sin 100% 98.57% 0.962 0.148 0.886 0.483 9.54 27.0

Sig 95% 84.29% 0.963 0.146 0.885 0.537 9.67 27.4

SNV Hardlim 100% 100% 0.934 0.257 0.845 0.607 5.51 15.6
Sin 88.57% 78.57% 0.921 0.304 0.841 0.652 4.66 13.2

Sig 100% 100% 0.931 0.265 0.836 0.626 5.33 15.1

MSC Hardlim 100% 98.57% 0.836 0.603 0.813 0.763 2.34 6.63
Sin 100% 98.57% 0.963 0.147 0.907 0.359 9.63 27.2

Sig 100% 98.57% 0.971 0.116 0.913 0.344 12.22 34.5

Bold digits represent the optimal performance.

O Raw beef

<104 Beef mixed with pig blood-based gel
B ® 0 Pure pig blood-based gel
o

o @
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«®0 C
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x103
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x10°
-2
PC1 (80.89 %)

4 2

Figure 4. The scatter diagram of all the samples in the space of the top
three principal components (PCs) with the second derivative FT-NIR
data used.

Der of the absorption FT-NIR spectrum has the advantage
of removing both baseline offset and linear slope (Koutsiaris,
2017). For these reasons, the 2™ Der often preferred for FT-NIR
original spectral before modeling.

Additionally, as demonstrated by the results of chemometrics
models built, ELM outperformed PLS and SVM models in terms
of identifying contaminated beef and predicting adulteration

Food Sci. Technol, Campinas, 43, 104622, 2023

levels. The reason for this could be that the relationships between
the FT-NIR data matrices of raw beef, beef adulterated with pig
blood gel, and pure pig blood-based gel prepared were more
complex than linear as a result of the essential characteristic
of FT-NIR, which is that the spectra at multiple wave numbers
may contain the same chemical information, while the spectra
at one wave number may contain different food chemical
information. Due to its superior capacity to self-learn and
self-adjust, ELM has a major advantage over PLS and SVM for
processing nonlinear issues.

4 Conclusions

The aggravating problem of beef contaminated with pig
blood led the development of a quick analytical procedure.
The combination of FT-NIR and ELM modeling was proposed
to accurately identify contaminated beef, with a prediction error
of less than 0.2 percent in forecasting adulterated levels. All of
the studies demonstrated that using FT-NIR spectroscopy in
conjunction with ELM may rapidly detect beef contaminated
with pig blood, hence preventing illegal mixing and unfair
competition.
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