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The aim of this work is to identify the adulteration of edible gelatin using near-infrared (NIR) spectroscopy combined with
supervised pattern recognition methods. The spectral data obtained from a total of 144 samples consisting of six kinds of
adulterated gelatin gels with diﬀerent mixture ratios were processed with multiplicative scatter correction (MSC),
Savitzky–Golay (SG) smoothing, and min-max normalization. Principal component analysis (PCA) was ﬁrst carried out for
spectral analysis, while the six gelatin categories could not be clearly distinguished. Further, linear discriminant analysis
(LDA), soft independent modelling of class analogy (SIMCA), backpropagation neural network (BPNN), and support
vector machine (SVM) were introduced to establish discrimination models for identifying the adulterated gelatin gels,
which gave a total correct recognition rate of 97.44%, 100%, 97.44%, and 100%, respectively. For the SIMCA model with
signiﬁcant level α � 0.05, sample overlapping clustering appeared; thus, the SVM model presents the best recognition ability
among these four discrimination models for the classiﬁcation of edible gelatin adulteration. The results demonstrate that
NIR spectroscopy combined with unsupervised pattern recognition methods can quickly and accurately identify edible
gelatin with diﬀerent adulteration levels, providing a new possibility for the detection of industrial gelatin illegally added
into food products.

1. Introduction
Edible gelatin is produced by hydrolyzed collagen extracted
from fresh skin and bones of animals (such as pig, cattle, or
ﬁsh) through a series of complicated procedures, which is
rich in 18 kinds of amino acids needed by the human body.
Due to its high protein, no fat, and no cholesterol, edible
gelatin is widely used as a food thickener in the food industry
(such as jelly, yogurt, and galantine) [1]. Industrial gelatin is
commonly made from waste leather by decoloring,
bleaching, and washing, which requires a large amount of
chrome-containing tanning agents, so the heavy metal
chromium content in industrial gelatin seriously exceeds the
standard. Once the human body ingests a large amount of
heavy metal chromium, it will cause kidney damage, and in
serious cases, may lead to cancer [2]. Therefore, the Chinese

government prohibits industrial gelatin from being used in
food and pharmaceutical products, and the national standards for “edible gelatin” clearly stipulate that the maximum
allowable limit of the chromium content in edible gelatin is
2.0 mg/kg. However, due to the low price and simple production of industrial gelatin, some unscrupulous merchants
added industrial gelatin to food products instead of edible
gelatin [3]. In China, food safety accident is in high incidence, such as the “poison capsule” and “old yogurt” incidents reported in 2012, as well as the “poison bean jelly”
incident reported in 2014. At present, there is no standard
detection method for industrial gelatin illegally added in
food products, so a fast and nondestructive method is
needed to identify adulteration of edible gelatin.
Currently, some analytical methods for the identiﬁcation
of gelatin in products include the electrophoretic method
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[4, 5], enzyme linked immune sorbent assay (ELISA) [6–8],
high performance liquid chromatography (HPLC) [9–11],
and polymerase chain reaction (PCR) [12–15]. However,
most of these methods are expensive and time consuming
although the sensitivity and accuracy are high. In recent
years, Fourier transmission infrared spectroscopy (FTIRS)
has been used as a nondestructive spectroscopic analytical
method to diﬀerentiate diﬀerent gelatin origins, for example,
Hashim et al. [16] combined FTIR with attenuated total
reﬂectance (ATR) to obtain a clear distinction between
gelatin samples of bovine and porcine origins, and Cebi et al.
[17] used FTIRS combined with principal componentcluster analysis to achieve a better distinction between pig
gelatin, bovine gelatin, and ﬁsh gelatin.
However, most of these methods were used to diﬀerentiate gelatin origins by combining with chemometric
methods; few studies were performed to explore if the edible
gelatin was adulterated with the toxic industrial gelatin. As a
fast and nondestructive method, NIR spectroscopy has been
widely used in the detection of adulteration identiﬁcation of
agricultural products and foods [18–22]. In this paper, NIR
spectroscopy combined with four kinds of supervised pattern recognition methods was used to study the feasibility of
identifying edible gelatin adulterated with industrial gelatin.
For this purpose, NIR spectra expressed as absorbance were
measured on six kinds of gelatin gels with diﬀerent adulteration ratios, principle component analysis (PCA) was ﬁrst
used for exploratory analysis, and then discrimination
models based on linear discriminant analysis (LDA), soft
independent modelling of class analogy (SIMCA), backpropagation neural network (BPNN), and support vector
machine (SVM) methods were developed, where two parameters of recognition rate and rejection rate were used to
assess the predictive performance of discrimination models.

2. Materials and Methods
2.1. Sample Preparation. The edible gelatin and industrial
gelatin used in the experiment were purchased from Henan
Boyang Biotechnology Co., Ltd (see Table S1). Each sample
was weighed 10 g to prepare for gelatin gels with six diﬀerent
mixture ratios, i.e., 10 g edible gelatin, 8 g edible gelatin + 2 g
industrial gelatin, 6 g edible gelatin + 4 g industrial gelatin,
4 g edible gelatin + 6 g industrial gelatin, 2 g edible gelatin +
8 g industrial gelatin, and 10 g industrial gelatin, which were
denoted by pure edible gelatin (Class 1), 4 : 1 adulterated
gelatin (Class 2), 3 : 2 adulterated gelatin (Class 3), 2 : 3
adulterated gelatin (Class 4), 1 : 4 adulterated gelatin (Class
5), and pure industrial gelatin (Class 6), respectively, as
shown in Table S2 and Figure S1.
The preparation process of gelatin gels is as follows: (1)
the mixed 10 g gelatin sample was placed in a 250 mL beaker
and added with 100 mL puriﬁed water to soak for about half
an hour; (2) the beaker was placed in a water bath pan for
heating by setting the temperature at 50°C, and the solution
was stirred while heating until the gelatin was completely
dissolved; (3) after cooling to room temperature, the gelatin
solution was poured into a small square mold and then
placed in a refrigerator to cool about 5 hours for shaping.
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2.2. Spectral Acquisition. The NIR measuring setup used in
this experiment was constructed with a visible near-infrared
halogen lamp light source, an optical ﬁber adjustable attenuator, two multimode optical ﬁber with core diameter of
600 μm, a transﬂection mount, an NIR spectrometer (NIR
Quest 256–2.5, Ocean Optics, USA), and a computer. The
wavelength range of the light source is 350–2400 nm, and the
spectral range of the NIR spectrometer is 900–2500 nm. Data
points were collected every 3 nm, with 512 data points for
each spectral curve. In the experiment, the NIR absorption
spectrum was measured in a transmission geometry and
expressed as absorbance for spectral analysis. Each sample
was measured at 5 diﬀerent positions and its average
spectrum was taken as the NIR spectrum of the sample.
2.3. Spectral Analysis. To establish a feasible NIRS identiﬁcation model, some preprocessing methods, including
multiplicative scatter correction (MSC), Savitzky–Golay
(SG) smoothing, and min-max normalization, were applied
to reduce the background noise and increase the signalnoise ratio. In this study, as one of the most commonly used
unsupervised machine learning method, PCA was ﬁrst
employed for identiﬁcation analysis, by reducing the high
dimension of the original spectral matrix to a new lowdimensional spectral matrix with the minimal loss of information [23]. Afterwards, four kinds of supervised pattern recognition methods, LDA, SIMCA, BPNN, and SVM,
were introduced to establish the discrimination models,
respectively.
LDA is to ﬁnd out a so-called discriminant function
which best separates the classes by minimizing the distance
of within-class samples and maximizing the distance of
between-class samples [24]. SIMCA is based on establishing
a PCA model for each class, where two critical values of the
Euclidean distances and Mahalanobis distances assessed
separately by the residual Q statistic and the Hotelling’s T2
statistic are used to determine boundaries around the
samples belonging to one particular class [25, 26]. BPNN is
an artiﬁcial neural network (ANN) based on the backpropagation method; to obtain the output of a well-trained
network, the errors of each layer are calculated layer by layer
from the beginning of the output layer and then used to
optimize the network structure by adjusting the weights of
each layer [27]. SVM achieves the goal of classiﬁcation by
using a kernel function to solve a linear or nonlinear
problem, and the commonly used kernel functions include
linear kernel, polynomial kernel, Gaussian kernel, and radial
basis function; the generalization performance of SVM is
highly related to the kernel function and the parameters in
kernel function [28].
2.4. Discrimination Model Evaluation. In order to evaluate
the performance of the established discrimination models,
two parameters of recognition rate and rejection rate were
proposed to reﬂect the reliability of clustering among different classes. The recognition rate refers to the ratio of the
number of samples identiﬁed by one certain class to the total
number of samples from the class, while the rejection rate
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refers to the ratio of the number of samples rejected by one
certain class to the total number of samples from other
classes. When both values of recognition rate and rejection
rate are 100%, there is no overlap between the diﬀerent
classes of samples, meaning that they could be fully
distinguished.
2.5. Software. The preprocessing of NIR spectra was carried
out by the self-designed MATLAB programs. LDA and
SIMCA models were built using the Unscrambler X 10.4
software (Camo AS, Oslo, Norway), the BPNN model was
built using MATLAB programs based on ANN toolbox, and
SVM models were built using LibSVM toolbox developed by
professor Lin Zhiren from Taiwan University [29]; all
MATLAB programs were run under MATLAB R 2016A
software (Mathworks Inc., Natick, MA, USA).

3. Results and Discussions
3.1. Spectral Characteristics of Gelatin Gels. After the preprocessing of MSC, SG smoothing, and min-max normalization, the spectra improved a lot, as shown in Figure 1,
displaying the mean values and standard deviations for each
group of gelatin, where the standard deviations of spectra are
very small. As can be seen clearly, in the wavelength range of
800–2200 nm, the normalized spectra have a similar spectral
shape but diﬀerent intensities. In addition, gelatin spectra
show some prominent characteristic absorption peaks. The
peaks approximating to 940 nm, 1490 nm, and 1930 nm are
mainly caused by the overtones and combination bands of
O–H group in water molecules. The peaks at about 1200 nm
and 1730 nm should be generated by the overtones and
combination bands of C–H group in gelatin samples, while
the multiple peaks at 2000–2200 nm are supposed to primarily stem from the combination bands of C–H and N–H
[30–32]. Due to the similarity of the spectral shapes, it is very
diﬃcult to straightforward determine if edible gelatin was
added with industrial gelatin only from NIR spectrum.
3.2. Discrimination Models. In order to establish an appropriate discrimination model and evaluate its validity, the
original data were divided into a training set and a validation
set, where the training set was used to establish discrimination models and the validation set was used to verify the
validity of the models. To improve the prediction ability of
the models, according to a ratio of 2 : 1, 75 samples were
randomly selected from a total of 114 samples of diﬀerent
gelatin varieties as a training set, and the remaining 39
samples were utilized as validation set, as shown in Tables 1
and S2.
3.2.1. LDA Model. In this work, PCA was ﬁrst performed
on the normalized spectral data; the ﬁrst three principal
components PC1, PC2, and PC3 accounted for 93.24%,
5.62%, and 0.51% of the total variance, respectively,
making a 99.37% of the cumulative total variance, which
indicates that the ﬁrst three PCs can represent most of the
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NIR spectral information of gelatin gels. The loading plot
and score plot of the ﬁrst three PCs are shown in Figure 2.
In the loading plot (Figure 2(a)), the spectral shape of the
pure PC1 loading vector exhibits most of the characteristic
absorption peaks shown in Figure 1, although both positive and negative contributions are included. PC2 and
PC3 also give the positive and negative contributions,
shifting the intensity maximum of the pure PC1 spectrum
toward to the real spectrum. Figure 2(b) shows the score
scatter plot of the ﬁrst two and three PCs, respectively; it
can be seen that some samples belonging to diﬀerent
classes are clustering, while others belonging to the same
class are dispersing into two clusters, resulting in that the
six classes of gelatin gels cannot be clearly distinguished
due to the vague boundaries.
After principal component analysis, the optimal principal component number of 8 was determined by leave-oneout cross validation (LOOCV) and selected as the input
variables of the LDA model, and the training set was selected
to establish the LDA recognition model for gelatin adulteration. Then, the model was applied to the training set and
the validation set, as shown in Table 2. The results show that
both the recognition rate and rejection rate in the training
set are 100%, while in the validation set, the recognition rate
and rejection rate of other kinds of gelatin except pure edible
gelatin and 4 : 1 adulterated gelatin are 100%, which means
that these four kinds of gelatin can be well recognized. In the
validation set, as shown in Table S2, a sample belonging to
pure edible gelatin was incorrectly identiﬁed as 4 : 1 adulterated gelatin, resulting in a recognition rate of 90.91% for
pure edible gelatin and a rejection rate of 96.88% for 4 : 1
adulterated gelatin. Since one sample in the validation set
was wrongly classiﬁed, it led to a total correct recognition
rate of 97.44%. The results show that the LDA discrimination
model has a good classiﬁcation ability on gelatin adulterated
samples.
3.2.2. SIMCA Model. The SIMCA model was built based on
the PCA model for each class of adulterated gelatin gels in
the training set, and then the PCA models were individually
performed on each class in the validation set for classiﬁcation. For the PCA models, the optimal number of PCs was
determined by the cross validation method (Table 3). Table 3
shows the predicting results of the SIMCA model in the
training set and validation set when signiﬁcance level α �
0.05 and α � 0.1, respectively.
As can be seen clearly, when the signiﬁcance level is 0.05,
except for the pure edible gelatin, the recognition rate and
rejection rate for each class were 100% both in the training set
and validation set. For the pure edible gelatin, the recognition
rate was also 100%, while the rejection rate was 91% and 82%,
separately for the training set and validation set. As listed in
Tables S4 and S5, six samples in the training set belonging to
4 : 1 adulterated gelatin were incorrectly identiﬁed as pure
edible gelatin, while ﬁve samples in the validation set were
misclassiﬁed. When the signiﬁcance level is 0.1, the recognition rate of 100% and rejection rate of 98% were obtained for
the training set, indicating that one sample was overlapping
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Figure 1: Mean values and standard deviations of NIR spectra for each group of gelatin before and after preprocessing.
Table 1: Training set and validation set of gelatin samples with six
diﬀerent adulteration levels.
Category
Pure edible gelatin
4 : 1 adulterated gelatin
3 : 2 adulterated gelatin
2 : 3 adulterated gelatin
1 : 4 adulterated gelatin
Pure industrial gelatin
Total number

Training set
9
13
13
13
12
15
75

Validation
Total number
set
11
20
7
20
5
18
7
20
6
18
3
18
39
114

which appeared in two classes (Table S6). While in the validation set, the recognition rate and rejection rate for each class
were 100% (Table S7), meaning that the SIMCA model can
fully recognize the six classes of gelatin gels. Therefore, although 100% of the recognition rate can be achieved for the
SIMCA model, the rejection rate less than 100% in particular
for the prediction set indicates the possible presence of
clustering overlap between the ﬁrst two classes.

3.2.3. BPNN Model. Since the whole spectral band from
894 nm to 2302 nm consists of 432 data points, the number
of input nodes is 432 when using the whole band data for
modelling, leading to that not only the calculation becomes
very slow but also the classiﬁcation accuracy would be affected. Therefore, in this work, PCA was ﬁrst used to reduce
the dimensions of the whole spectrum data. According to the
cross validation results, the ﬁrst 10 PCs were selected as the
input node m of the BP neural network, the output node n
was set to 6 (i.e., 6 classes of gelatin gels), and the hidden
layer
node l was determined by the empirical formula of
√�����
l � m + n + a, where a is a constant between 0 and 10.
During the training process, the network learning rate was
set to 0.1, the number of training iterations was 1000, and
the target error was 0.0001. The model was optimized by
adjusting the hidden layer nodes, and an optimal three-layer
BPNN model of 10 (input node)-12 (hidden layer node)-6
(output node) was obtained.
As described by Vitale et al. [18], in the case of classiﬁcation involving m classes, a dummy binary-coded m-dimensional matrix can be used to describe the class that one
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Figure 2: PCA loading plot: 2D and 3D score scatter plot of PC1, PC2, and PC3 for NIR spectra of gelatin samples.
Table 2: Predicting results of the LDA model in the training set and validation set.
Category
Pure edible gelatin
4 : 1 adulterated gelatin
3 : 2 adulterated gelatin
2 : 3 adulterated gelatin
1 : 4 adulterated gelatin
Pure industrial gelatin

Training set
Recognition rate
Rejection rate
100% (11/11)
100% (28/28)
100% (7/7)
100% (32/32)
100% (5/5)
100% (34/34)
100% (7/7)
100% (32/32)
100% (6/6)
100% (33/33)
100% (3/3)
100% (36/36)

sample belongs to. In this study, samples belonging to pure
edible gelatin (denoted by Class 1) were described by the
vector [1 0 0 0 0 0], samples belonging to 4 : 1 adulterated
gelatin (denoted by Class 2) by the vector [0 1 0 0 0 0],

Validation set
Recognition rate
Rejection rate
90.91% (10/11)
100% (28/28)
100% (7/7)
96.88% (31/32)
100% (5/5)
100% (34/34)
100% (7/7)
100% (32/32)
100% (6/6)
100% (33/33)
100% (3/3)
100% (36/36)

samples belonging to 3 : 2 adulterated gelatin (denoted by
Class 3) by the vector [0 0 1 0 0 0], samples belonging to 2 : 3
adulterated gelatin (denoted by Class 4) by the vector [0 0 0 1
0 0], samples belonging to 1 : 4 adulterated gelatin (denoted
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Table 3: Predicting results of SIMCA model in the training set and validation set when the signiﬁcance level is 0.05 and 0.1, respectively.
α � 0.05
Training set
Validation set
Category
PCs
Recognition Rejection Recognition Rejection
rate (%)
rate (%)
rate (%)
rate (%)
Pure edible gelatin
2
100
91
100
82
4 : 1 adulterated
7
100
100
100
100
gelatin
3 : 2 adulterated
2
100
100
100
100
gelatin
2 : 3 adulterated
4
100
100
100
100
gelatin
1 : 4 adulterated
2
100
100
100
100
gelatin
Pure industrial
4
100
100
100
100
gelatin

by Class 5) by the vector [0 0 0 0 1 0], and samples belonging
to pure industrial gelatin (denoted by Class 6) by the vector
[0 0 0 0 0 1].
Under these assumptions, when the BPNN model was
used for predicting 6 varieties of gelatin gels in the training
set, all 75 samples were correctly identiﬁed without clustering overlap, producing a total recognition rate of 100%.
As shown in Table 4, the predicting results of the BPNN
model in the validation set show that only one sample (No.
23) was misclassiﬁed, which should be belonging to Class 4
and now incorrectly classiﬁed as Class 3, resulting in a
recognition rate of 85.71% (6/7) for Class 4 and a rejection
rate of 97.06% (33/34) for Class 3. Except for Class 4, the
recognition rate of 100% for other classes was obtained,
resulting in a recognition rate of 97.44% (38/39) for the
validation set.
3.2.4. SVM Model. As we know, SVM is initially designed
for binary classiﬁcation. However, in recent years, SVM has
been widely used for multiclass classiﬁcation. To construct a
SVM multiclass classiﬁer, there are two common methods:
one-versus-one (OVO) and one-versus-rest (OVR). In this
work, we utilized the LIBSVM tool developed by Lin et al. to
perform the SVM analysis, where LIBSVM tool adopted
OVO method, thus 15 SVM classiﬁers were required for 6
groups of gelatin samples (i.e., k classes need k(k−1)/2 SVM
classiﬁers). Radial basis function (RBF) was chosen as the
kernel function for SVM classiﬁcation. To obtain an optimal
SVM model, the penalty parameter C and kernel parameter c
for the RBF function were optimized by using grid search
(GS), genetic algorithm (GA), and particle swarm optimization (PSO) methods, the best C and c were determined by
the accuracy of cross validation (CV). The best optimization
parameters and the predicting results of the SVM models are
shown in Table 5, where the classiﬁed results of validation set
(39 spectra) are summarized in a confusion matrix presented
in Table 6, where each row represents actual class of samples
and each column represents the classiﬁcation by SVM
models. The results show that the CV accuracy of these three
optimization methods was 100%, and both the recognition
rate and rejection rate in the training set and validation set

α � 0.1
Training set
Recognition Rejection
rate (%)
rate (%)
100
98

Validation set
Recognition Rejection rate
rate (%)
(%)
100
100

100

100

100

100

100

100

100

100

100

100

100

100

100

100

100

100

100

100

100

100

were 100%, indicating that GS, GA, and PSO methods have
the same optimization ability to the SVM discrimination
model. Moreover, the modelling results also demonstrate
that the SVM model has a preferable discrimination ability
to identify adulterated edible gelatin.
3.2.5. Performance Comparison of the Four Discrimination
Models. Table 7 summarizes the predicting results of
adulterated gelatin gels in the training set and validation set
using LDA, SIMCA, BPNN, and SVM discrimination
models, respectively. The results show that these four pattern
recognition methods can well identify the adulterated gelatin
gels, where the recognition rate in the training set was as
high as 100%, and the recognition rate in the validation set
was higher than 97%. For SIMCA and SVM models, the
recognition rate both in the training set and validation set
are 100%, which demonstrates that these two methods could
completely recognize the 114 gelatin samples with 6 diﬀerent
adulteration levels. However, as displayed in Table 3, for the
SIMCA model, when the signiﬁcance level α � 0.05, although
the recognition rate for each class was 100%, ﬁve samples
were overlapping which appeared in two classes. Only when
the signiﬁcance level α � 0.1, all kinds of samples can be
completely recognized. For the SVM model, the recognition
rate and rejection rate both in the training set and veriﬁcation set for each class were 100%, no matter which parameter optimization method was used. Therefore, among
the four supervised pattern recognition methods, SVM is
superior to the other three methods, which can fully identify
the six classes of gelatin gels with diﬀerent adulteration levels
without clustering overlap.

4. Conclusion
Aiming at the problem of edible gelatin adulterated with
industrial gelatin in the food industry, NIR absorption
spectra of 114 gelatin gels from 6 kinds of adulteration
gelatin were obtained with a compact NIR measuring setup;
MSC, SG smoothing, and min-max normalization methods
were ﬁrst used for spectral preprocessing, and then PCA was
utilized for the exploratory investigation, while PCA could
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Table 4: Predicting results of BPNN model in the validation set.

No.
1
2
3
4
5
6
7
8
9
10
11
12
13

Real class Predicted class Result No. Actual species Predicted class Result No. Real class Predicted class Result
000100
4
Correct 14
000001
6
Correct 27 1 0 0 0 0 0
1
Correct
010000
2
Correct 15
001000
3
Correct 28 0 0 0 0 1 0
5
Correct
001000
3
Correct 16
100000
1
Correct 29 0 0 0 1 0 0
4
Correct
010000
2
Correct 17
000100
4
Correct 30 0 1 0 0 0 0
2
Correct
000001
6
Correct 18
100000
1
Correct 31 0 0 0 0 1 0
5
Correct
000100
4
Correct 19
010000
2
Correct 32 0 1 0 0 0 0
2
Correct
000010
5
Correct 20
000010
5
Correct 33 1 0 0 0 0 0
1
Correct
001000
3
Correct 21
000100
4
Correct 34 1 0 0 0 0 0
1
Correct
000010
5
Correct 22
010000
2
Correct 35 0 0 0 1 0 0
4
Correct
010000
2
Correct 23
000100
3
Error 36 1 0 0 0 0 0
1
Correct
001000
3
Correct 24
100000
1
Correct 37 0 0 1 0 0 0
3
Correct
000010
5
Correct 25
000001
6
Correct 38 1 0 0 0 0 0
1
Correct
100000
1
Correct 26
100000
1
Correct 39 1 0 0 0 0 0
1
Correct

Note. [1 0 0 0 0 0] represents class 1, i.e., pure edible gelatin ; [0 1 0 0 0 0] represents class 2, i.e., 4 : 1 adulterated gelatin ; [0 0 1 0 0 0] represents class 3, i.e., 3 : 2
adulterated gelatin ; [0 0 0 1 0 0] represents class 4, i.e., 2 : 3 adulterated gelatin ; [0 0 0 0 1 0] represents class 5, i.e., 1 : 4 adulterated gelatin; [0 0 0 0 0 1]
represents class 6, i.e., pure industrial gelatin.

Table 5: Optimization parameters and predicting results of SVM
models based on three parameter optimization algorithms.
Parameter
optimized
methods

Best C Best c

CV
accuracy

GS-SVM

0.3299 5.2780

100%

GA-SVM

1.1135 11.4377

100%

PSO-SVM 0.5283 15.7922

100%

Recognition rate
Training Validation
set
set
100%
100%
(75/75)
(39/39)
100%
100%
(75/75)
(39/39)
100%
100%
(75/75)
(39/39)

Table 6: The classiﬁcation results of SVM models in the validation
set.
Number Class 1 Class 2 Class 3 Class 4 Class 5 Class 6
Class 1
11
0
0
0
0
0
Class 2
0
7
0
0
0
0
Class 3
0
0
5
0
0
0
Class 4
0
0
0
7
0
0
Class 5
0
0
0
0
6
0
Class 6
0
0
0
0
0
3

Table 7: Performance comparison of 4 kinds of discrimination
models.
Discrimination model
LDA
SIMCA
BPNN
SVM

Recognition rate
Training set
Validation set
100% (75/75)
97.44% (38/39)
100% (75/75)
100% (39/39)
100% (75/75)
97.44% (38/39)
100% (75/75)
100% (39/39)

not realize the obvious distinction of adulterated gelatin.
Subsequently, the feasibility of adulterated gelatin identiﬁcation was studied by building the LDA, SIMCA, BPNN, and
SVM models, respectively. The modelling results show that
all these four discrimination models present good recognition ability for the adulterated gelatin, the recognition rate

of which in the validation set is higher than 97%. Especially
for the SIMCA and SVM models, the correct recognition
rate reaches up to 100%. However, due to the possible
clustering overlap between diﬀerent classes when using the
SIMCA model, the SVM model shows the preferable ability
for the recognition of edible gelatin adulteration. Therefore,
it is feasible and eﬀective to use NIR spectroscopy combined
with supervised pattern recognition methods for identifying
edible gelatin adulteration rapidly and accurately.
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