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Generally, people distinguish the type of meat by looking at the color, texture, and even aroma of meat. These
three methods have less effective approaches to distinguish the types of meat from meat cuts. Some researchers
analyze the differences in the aroma of meats by using laboratory equipment, which is gas chromatography–mass spectrometry (GC–MS). This tool is mostly accurate, but it requires some time to determine the
meat types completely. Moreover, the analysis process using GC–MS is also complicated. Nowadays, the electronic nose (e-nose) is a promising technology because it has a faster process of identifying various food types
with reasonable production costs. Hence, the development of an e-nose for distinguishing volatile compounds
from some meat types is appealing. Not only to determine the type of meat, but this study can also differentiate
the part of the body from the meat, which has never been done by previous researchers. GC–MS was used as
ground truth for the e-nose system, which helped the results to meet the standards. To achieve the objective in
differentiating two meat cuts from three types of meat, this study uses statistical parameters for extraction
feature, PCA for reducing the dimension, and deep learning.
Furthermore, to get more improvements from the previous researches, this study aims to optimize the
parameters of deep learning. The result of the proposed method was compared to several machine learning
algorithms that were used in previous studies, i.e., k-nearest neighbor (k−NN), support vector machine (SVM),
Multi-Layer Perceptron (MLP), and basic deep learning. The experimental results showed that e-nose could
detect meat cuts for 120 s, and the proposed method provides a significant improvement.

1. Introduction
Meat is one of the most often foods to consume as a source of
protein [1]. There are many types of meat for consumption, from the
most common animals such as livestock and poultry to the animals that
are only eaten in certain areas such as camels, horses, and other wild
animals. Beef, pork, and chicken are some types of meat that mostly
consume by people. Generally, people distinguish the type of meat by
looking at the color, texture, and even aroma of meat. However, these
three methods have less effective approaches to distinguish meat cuts.
There are several ways to find the differences between meat cuts from
beef, pork, chicken in chemical analysis, by using GC–MS, FT-IR spectroscopy [2], PCR [3], NIR, ELISA, and LC-MS. In the Kayley research
team [4], there are differences between the results of the volatile

compound in the body parts of the cow that are grilled using GC–MS,
such as ribeye, loin strips, and top sirloin. In addition, other research
also shows the differences between volatile compounds in raw and
cooked beef cuts using HS-SPME-GC–MS [5]. Beef cuts used in this
research are rib, flank, and shank. Gas chromatography (GC) is mainly
used to quantitatively analyze the amounts of compounds and mass
spectrometry (MS) to analyze the molecular structure of the analyte
compounds. This equipment is mostly accurate, but it takes time to
finish detecting the meat cuts. Furthermore, the analysis process using
GC–MS is also complicated because it must be operated by experts.
Nowadays, the electronic nose (e-nose) is a promising technology
due to the faster process of identifying various food types with reasonable production costs. In recent years, the e-nose has been developed as a multifunctional instrument for detecting food quality [6–9],
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is a requirement to increase accuracy by using more classes. Deep
learning is known as a good approach to solve complex problems
[26,27], and many types of research employ this method nowadays. Of
the recent e-nose researches listed in Table 1, none of them have implemented the proposed deep-learning method of this research. There
are several types of deep learning, i.e., convolutional neural network
(CNN) for image classification, deep belief network (DBN) for speech
recognition, deep neural network (DNN) for signals, and recurrent
neural network (RNN) for language translation.
This paper is organized into the following sections: Section 2 explains the proposed system, the details of the proposed method used in
this research. Section 3 describes the results and evaluation of the experiment. The final section contains the conclusion of this paper.

Table 1
Recent Publications using E-nose with Meat Samples.
Years

Samples

GC–MS

Methods

Ref

2019

Duck adulteration in
mutton
Minced beef and pork
Beef, chicken, pork
Freshness of pork, beef,
mutton
Beef quality monitoring

SPME

PLS, LDA, FLDA

[23]

HS-SPME
–
–

PLS, LDA
PCA, SVM
PCA, DFA

[24]
[25]
[26]

–

QDA, SVM, ANN, ANFIS,
k-NN

[27]

2019
2019
2019
2019

Acronyms used: Partial least square, PLS; linear discriminant analysis, LDA;
Fisher linear discriminant analysis, FLDA; principal component analysis, PCA;
support vector machine, SVM; discriminant factor analysis, DFA; quadratic
discriminant analysis, QDA; artificial neural network, ANN; adaptive neurofuzzy inference system, ANFIS; k-nearest neighbor, k-NN.

2. Proposed materials and method
2.1. Materials

environmental odor [10,11], and medical conditions [12,13]. E-noses
can be used to analyze meat products, for example, pork adulteration in
beef [14–16], classifying raw and cooked chicken [17], and sausage
fermentation [15,18]. Previous researches that investigated the use of
an e-nose on meat samples utilized an e-nose to differentiate the types
of meat [19–22] and achieved positive results. However, the use of enose in that research was done without a standard validation from the
GC–MS, considering this validation can be used as a strong groundtruth to develop e-nose. Table 1 shows some recent researches that
using meat as a sample in e-nose testing. Two recent studies have been
reported employing GC–MS along with an e-nose to detect duck adulteration in mutton [23] and minced beef and pork [24]. To the best of
our knowledge, neither of the authors attempted to utilize the e-nose to
differentiate meat cuts for three types of meat, which are beef, pork,
and chicken. These meats have been validated using GC–MS, as can be
seen in Table 1.
This research aimed to provide the electronic nose system (GeNose)
with 8 MOS sensors to differentiate three types of meat (i.e., chicken,
pork, beef) and expected to perform faster and higher accuracy levels
compared to the previous research. Not only to determine the type of
meat, but this research can also differentiate the part of the body of
meat, especially upper (body) and lower (leg) parts of the body, which
has never been done by previous researchers, as shown in Table 1.
Based on the chemical analysis of GC–MS, upper and lower parts of the
body have differences. GC–MS was used to help as the references and
strong ground-truth to the difference of volatile compounds from
GeNose. Besides, the electronic nose system used machine learning to
differentiate between two meat cuts from three types of meat. Thus,
there are six classes to be built. Previous research has been successfully
classified three types of meats, and the accuracy was 96.2% using PCA
as a dimension reduction and SVM as a machine learning [25]. This
process will be complicated, as the goals to differentiate two parts of the
body from each meat type because it has very similar signal results. This

2.1.1. Electronic nose system development
The proposed electronic nose system (GeNose) consisted of 8 MOS
sensors, Taguchi series (TGS). It was also equipped with temperature
and humidity sensors from the SHT-15 series. Based on the datasheet of
each sensor, an 8-sensor array would be able to recognize the gases as
described in Table 2 [28]. Previous research has calculated the cost of
using a combination of sensors to build GeNose [25]. By using eight
sensors, cost production can be reduced. Meat sample sensing with
eight sensors produced different sensor response patterns [25]. Triyana
[29,30] mentions that, generally, e-noses consist of numbers of component, i.e., a headspace system, a sample chamber, a sensor array
chamber, a voltage divider circuit, a fan,
A data acquisition system, a power supply, a control circuit, an
analog to digital converter (ADC), and an output terminal. The microcontroller used in this research is the Arduino system. Each data recording cycle of the dynamic headspace system consists of three processes: flushing, sensing, and purging. In the sensing process, the
controller circuit turns the fan on for one minute, absorbs the volatile
gases, and flows them into the sensor array chamber. The samples place
in the controlled container (beaker glass), produce volatile gases, and
the sensor system is reacted by increasing the sensitivity [31]. The
temperature and humidity used in this study only to monitor the sensor
chamber and does not perform in signal processing. The implementation of the proposed electronic nose system can be seen in Fig. 1.
2.1.2. Meat sample
The samples used in this study were three types of most frequent to
consume, namely beef, chicken, and pork. The meat samples were
bought on the market at the same time every day, 7 a.m., to ensure that

Table 2
Gas sensors in the sensor array.
Sensor

Volatile compound target

TGS 813

Carbon monoxide (CO), methane, propane, isobutane, hydrogen,
ethanol
Ethanol, acetone, methane, CO, isobutane, n-hexane, benzene
Ammonia, ethanol, isobutane, hydrogen
Chlorodifluoromethane (R22), dichlorodifluoromethane (R12),
1,1,1,2-tetrafluoroethane (R134a), ethanol
CO, isobutane, ethanol, hydrogen, methane
Ethanol, hydrogen, methyl mercaptan, trimethyl amine, hydrogen
sulphide
Methane, propane, isobutane, ethanol
Ethanol, hydrogen, isobutane, CO, methane
Temperature, humidity

TGS 822
TGS 826
TGS 832
TGS 2600
TGS 2603
TGS 2612
TGS 2620
SHT-15

Fig. 1. The schematic of the electronic nose (GeNose) proposed in this study.
2
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Fig. 2. Signal responses from the ten sensors of the e-nose system.

the meat samples are fresh and not contaminated with bacteria. Two
parts were selected for each type of meat, namely body, and leg. The
samples collected were divided into six classes: 2 categories of beef,
namely beef shank (BS) and beef ribs (BR); 2 categories of pork, namely
pork legs (PL) and pork belly (PB); and two categories of chicken,
namely chicken breast (CB) and chicken drumsticks (CD). The weight of
each sample was identical (10 g). The meat samples were cut into small
pieces and then put in a controlled container.

2.2. Method
2.2.1. Data acquisition
A sample test was carried out with the dynamic headspace system,
60 s of flushing, 120 s of sensing, and 180 s of purging or cleaning.
Overall, one sample requires 360 s or 6 min for the whole process, and
the data are stored every 100 milliseconds. A comparison of the six
classes is shown in Fig. 2. The result comprised of 226 data in total
3
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divided into 45 chicken breast, 40 chicken drumsticks, 33 pork legs, 47
pork belly, 25 beef ribs, and 36 beef shank. As can be seen in Fig. 2,
there is a slight difference in the signal results between the parts from
the body and the leg of beef, chicken, and pork. This study only uses the
data from the sensing stage, as the aroma produced from the sample in
this stage is entering into the sensor chamber.

wi1 j1
wi2 j1
win jm =

wi1 j2
wi2 j2

wi1 j3
wi2 j3

wi1 j4
wi2 j4

wi15 j1 wi15 j2 wi15 j3 wi15 j4
wi16 j1 wi16 j2 wi16 j3 wi16 j4

wi1 j97
wi2 j97

wi1 j98
wi2 j98

wi1 j99
wi2 j99

wi1 j100
wi2 j100

wi15 j97 wi15 j98 wi15 j99 wi15 j100
wi16 j97 wi16 j98 wi16 j99 wi16 j100
(1)

bin jm = [bi1 j1 bi1 j2 bi1 j3

2.2.2. Proposed deep learning architecture
The output from GeNose was used in the signal processing to get the
characteristics data using statistic method and utilized the machine
learning as data processing. However, one of the problems that occurred using machine learning is the curse of dimensionality problem,
where it is suffering to handle the amount of data input with a very high
dimension. Principle component analysis (PCA) was used in this research to reduce the dimension from the data signal without losing any
important information. Based on the eight gas sensors, eight raw data
are obtained, and the extraction feature is done by using a statistical
parameter with mean and standard deviation. As a result, the features
are extracted into 16, which are eight mean and eight standard deviation. This feature is entered into the PCA process to reduce its dimension. Several component variations were given for the PCA, from 1, 2, 5,
6, 7, 10, 15, 20, 25. Therefore, the output of 16 features with n-dimension has been reduced. In total, n-dimension were generated to be
used as xn in the DNN for the input layer. Moreover, DNN was selected
as the deep-learning method in this research because of its ability to
calculate data signals [32–34]. This algorithm is part of an ANN (artificial neural network) algorithm that is appropriate for decision
making. The most common understanding of a DNN is an artificial
neural network that has more than one hidden neural layer [35]. According to the theory, this type of algorithm is capable of solving several cases that cannot be solved by an ANN algorithm [34]. It is an
alternative to replace the ANN algorithm, which uses a large number of
neurons in its hidden layer. DNN uses feed-forward and backpropagation, consisting of neurons that have weight as a connector.
One layer of a neuron consists of one input layer, one or more hidden
layers, and one output layer. The input layer receives the signal from
outside, passes it to the first hidden layer and then to the output layer.
Each neuron receives input and performs a dot operation with a weight
(w), which sums the weight and adds a bias (b).
In the use of deep learning, several hyperparameters are generally
used to get the best model, for example, the number of layers, number
of neurons, activation functions, and dropouts. Hyperparameters are
tuned by identifying the settings to get the best performance on the
validation set. One way to determine the combination of
Hyperparameters is to use Grid Search. Grid Search works by combining the values entered in Hyperparameters. The number of hidden
layers used is based on the previous study [36]. This study has tried to
add more hidden layers, but the results are far from the expectation.
This research used several variations of the number of neurons for each
hidden layer. The variations are 10, 20, 50, 100, 1000, and 10000.
Based on the results of observation produced, 100 neurons are best for
hidden layer 1, and 1000 neurons are best for hidden layer 2.
This paper proposes the architecture for the deep-learning system in
Fig. 3 based on the optimal combination of hyperparameters. The first
step is to calculate the weight (w), and bias (b) of the input and goes
through the hidden layers, as shown in Eqs. (1) and (2). winjm and binjm
are the weight and bias between the input layer and hidden layer 1,
respectively. Input i and n describe nth input, where j and m describe a
line toward the neurons in hidden layer 1. The architecture has 1 input
layer, 2 hidden layers, and 1 output layer. The output layer in this research was six classes of meat cuts. There is xn inputs, i.e. i1 to i16 and j1
to j100, respectively.

bi1 j98 bi1 j99 bi1 j100]

(2)

After w and b have been obtained, the forward pass from input to
hidden layer 1 is calculated. The formula for a forward pass expressed
in Eq. (3). The activation function is used to activate or deactivate
neurons in the layer. This function will transform input into a specific
input. There are several types of activation functions, namely sigmoid,
tanh, softmax, ReLu. Sigmoid function has been popular because it has
a steady-state at 0 [37]. But Ian [37], on his book, mentioned that ReLU
is currently more popular because it provides better results in many
different settings. This study uses ReLU as an activation function. The
input layer moves toward hidden layer 1 using the formula of ReLU
activation f(x) = max (0, x), as shown in Eq. (4).

(x1 )
(x2 )
FF _layer1 = sum

(x15 )
(x16)

× [w jm kh] + [bin jm]

Outlayer1 = ReLU (FF _layer1) = [max (0, FF _layer1) ]

(3)
(4)

The next step is calculating w and b from hidden layer 1 to hidden
layer 2. ReLU is performed with 100 neurons in the second layer;
therefore the bias is bjk1000. The six biases from hidden layer 2 are moved
to the output layer. Softmax activation (σ) is used for the calculation
from hidden layer 2 to the output layer, as shown in Eq. (5).

(a w ) =

exp (a w )
p
(a w )
q= 1

(5)

The dropout value of hidden layer 2 was 0.1, and 1000 neurons
were used. Hidden layer 1 and hidden layer 2 used ReLU activation.
The architecture of the proposed DNN in this study used 500 epochs.
The use of complex hyperparameters can lead to overfitting. Early
stopping is used in deep learning to avoid overfitting when training a
learner with an iterative method. Changes will be monitored for each
iteration, and early stopping will work if there are no significant
changes.
3. Results and discussion
3.1. The experiments of proposed method
Before the proposed method was designed, this research compared
several classification methods along with their best parameters, i.e.,
multi-layer perceptron (MLP), K-nearest neighbor (KNN), and SVM. The
MLP algorithm delivered the best accuracy of 84.95% by using the best
ReLU activation parameters, with a total of 500 neurons in the hidden
layer and nine components of PCA. The KNN algorithm delivered the
best accuracy of 86.81% with the total neighbors of 4, by using the
model weight of distance and nine components of PCA. The SVM algorithm delivered the best accuracy of 90.36%, by using parameter C of
10 and gamma(γ) of 0.1. However, according to the authors, the results
were still not optimal due to the classification error rate, which was still
above ± 10%.
This research was initiated some experimental models using DNN as
can be seen in Table 3. The highest accuracy result of basic DNN with

4
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Fig. 3. Overview of the proposed deep-learning system.

positive (FP), and false-negative (FN). Based on the number of TNs, FPs,
FNs, and TPs, the values of precision, recall, and accuracy can be obtained. Precision describes the number of outcomes categorized as positive that are classified correctly, divided by the total data to be classified as positive. This value can be obtained from Eq. (6). Meanwhile,
recall shows the percentage of positive outcomes that are classified
correctly by the system. In binary classification, recall is known as
sensitivity. Moreover, accuracy describes how accurately the system
can classify data. The accuracy value is a comparison between correctly
classified data and all data. The accuracy value can be obtained by Eq.
(7).

Table 3
Results of Accuracy DNN with Optimized Parameter.
Model experiment

Raw Data → DNN

Optimized parameter details
Activation

Optimizer

Dropout

Sigmoid

Adagrad

85.84%
85.40%
92.48%
95.13%
96.02%
95.13%
88.05%
86.73%
94.25%
95.13%
96.02%
95.13%
96.02%
96.90%

ReLU

Adagrad

ReLU

Adam

0.1
0.2
0.1
0.2
0.1
0.2
0.1
0.2
0.1
0.2
0.1
0.2
0.1

ReLU

Adam

0.1

Adam

Raw Data → PCA → DNN

ReLU

Adagrad

Sigmoid

Adagrad
Adam

Raw Data → Proposed
method
Raw Data → PCA → Proposed
method

Accuracy (%)

Precision (P ) =

TP
× 100%
(TP + FP )

Accuracy (Acc ) =

unoptimized parameters was 96.02%. This accuracy was very significant with six classes, compared to the previous research, which was
96.2% for only three classes [25]. In the last experiment of DNN with
optimized parameters, the accuracy was able to achieve a satisfying
result of 98.88% using three classes. This result was increased by 2.68%
from the previous research [25]. By using six classes to the proposed
method with optimal parameters, the accuracy result was 96.90%,
which showed significant results.

(6)

(TP + TN )
× 100%
(TP + TN + FP + FN )

Sensitivity = TPR =

TP
TP
=
=1
P
(TP + FP )

Specificity = FPR =

FP
=1
(FP + TN )

TNR

FNR

(7)
(8)
(9)

Fig. 4 shows all generated confusion matrix for six classes, CB, CD,
PL, PB, BS, which were classified correctly. Only one class showed incorrect predictions, namely the BR class. Five data were predicted incorrectly, i.e., they were categorized as CB instead of BR, one data was
predicted as PB, and one data was predicted as BS. The evaluation results in Table 4 show that the value of TPR can be used to see the
sensitivity, as shown in Eq. 12. When TPR and FPR are close to 1, the
result is very sensitive and specific. The TPR and TNR results of the
proposed method had a very sensitive value of 0.9690 and a specific
value of 0.9938.
The receiver operating characteristic (ROC) curve is a technique to
visualize, organize, and select classifications based on the performance
of a classification algorithm. Each object is mapped into one element of
the set of pairs, positive or negative. In the ROC curve, TPR is plotted on
the y-axis, and FPR is plotted on the x-axis, as can be seen in Fig. 5.
Classification results are bad if the ROC curve is close to the baseline or

3.2. Evaluation for proposed method
Evaluation of the results of the proposed method was done using the
confusion matrix method. The data are divided into two classes, namely
the predicted class from the classifier result and the actual class from
the initially known class data. In measuring performance using a confusion matrix, there are four states to represent the results of the classification process, namely true positive (TP), true negative (TN), false
5
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study showed a large contribution of volatile compounds in the percentage of TIC (%TIC). The sum percentage for each category was more
than 50%. In total, 15 volatile components were identified in the raw
material, matched the threshold, as can be seen in Table 5. These volatile compounds were generally the result of oxidation of fatty acid
components of lipids. As can be seen in Table 5, two volatile compounds appeared consistently in all categories, i.e., tetradecane and
tetradecane,2,6,10-trimethyl-. The tetradecane compounds had the
highest concentrations, but different in each category. The highest
concentration of tetradecane compounds was presented in the chicken
meat from the leg and drumsticks, i.e., 39.31% of TIC, whereas the
lowest percentage for tetradecane compounds was found in pork belly,
i.e., 5.27%. In addition, there were several compounds in other categories that were presented. These can be a differentiator for the categories compared to one another. According to the result of GC–MS,
parts from the body consistently had a higher TIC than parts from the
legs.
3.4. Results of sample testing using GeNose provide with GC–MS

Fig. 4. Confusion matrix from DNN classification with optimized parameters.

Among 8 MOS sensors from meat cuts of chicken, pig, and beef,
GeNose was able to provide four sensors based on GC–MS results, which
parts from the body consistently showed a higher TIC than parts from
the legs. Sensor TGS 822, TGS 2620, TGS 832, TGS 813 also consistently showed a higher the signal response value than parts from the
legs, which can distinguished parts from the body, as shown Fig. 6. By
using these four sensors, the accuracy is 0.92035 or 92.04%, which is
comparable to the results of GC–MS and performs very well to differentiate meat cuts. Therefore, this result validates the proposed e-nose
system with GC–MS results.

in a transverse line (0.0). Classification results are good if the curve is
close to point 1.0.
3.3. Measurement gas chromatography and mass spectrometry system
In order to get a better understanding of the chemical nature of the
sensory differences between the three types of meat and the two categories of meat cuts, the volatile compounds were analyzed using
GC–MS. The GC–MS system utilized laboratory equipment and glass
tubes that are commonly used in analytical laboratories, for example,
iceboxes, 1000-ml micropipettes, an analytical balance, stainless steel
scissors, closed plastic containers, a Thermo GC–MS system with RTx5MS capillary columns, Restech 30 m × 0.25 mm ID, 0.25 μm, polymethyl siloxane. The temperature of the injector was 240 °C with a
water rate of 1.15. The samples were tested using the following procedure:

4. Conclusions
In this research, GeNose was able to qualitatively differentiate and
detected six classes with stage sampling for 120 s. This can also classified meat cuts into two categories for three types of meat, i.e., beef,
pork, and chicken, with good results. The basic DNN produced satisfactory results, with an accuracy of 96.02% to differentiate six
classes. The proposed optimal parameters for DNN could increase the
accuracy by 0.88%, with the final accuracy result of 96.90%. This result
also confirmed with the verification of quantitative analysis using
GC–MS. GeNose reduced the sensors into 4 MOS sensors, which were
sufficient to differentiate two categories for three types of meat, and the
results were similar compared to GC–MS. The analysis from GC–MS also
confirmed the sensitivity and selectivity of the electronic nose with
appropriate results in detecting the difference between meats cuts.
GeNose is a rapid, accurate, low-cost, and environmentally friendly
tool for differentiating meat cuts as a qualitative analysis. In future
work, the percentage of volatile compounds in the sample will be
predicted by using an electronic nose.

a) Slice twenty-five grams of meat sample into small pieces and put
into a beaker glass;
b) Put the samples into a dry oven and set the temperature to 50 °C,
wait for 6 h until the fat or oil tissue melts;
c) Once the melted solid oil separates, put it into a separating funnel
for further purification by adding n-hexane reagents;
d) Mix the filtered, purified oil from the filter paper with sodium sulfate (Na2SO4) to bind the remaining water.
The concentration of volatile compounds in the meat samples was
obtained by looking at the result of the peak area of the samples. This

Table 4
Comparison of The Evaluation Results between Several Machine Learning and The Proposed Method.
Class

CB
CD
PL
PB
BS
BR
Acc

SVM

KNN

MLP

Proposed method

P

Recall

f-1 Score

P

Recall

f-1 Score

P

Recall

f-1 Score

P

Recall

f-1 Score

0.91
0.86
0.92
0.96
0.83
0.91
90.36%

0.89
0.93
1.00
0.96
0.80
0.81

0.90
0.89
0.96
0.96
0.82
0.85

0.89
0.80
0.83
0.93
0.87
0.88
86.81%

0.87
0.90
0.91
0.89
0.80
0.81

0.88
0.85
0.87
0.91
0.83
0.84

0.89
0.84
0.85
0.91
0.82
0.81
84.95%

0.87
0.90
0.85
0.91
0.72
0.83

0.88
0.87
0.85
0.91
0.77
0.82

0.90
1.00
1.00
0.98
0.96
1.00
96.90%

1.00
1.00
1.00
1.00
1.00
0.81

0.95
1.00
1.00
0.99
0.98
0.89
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Fig. 5. ROC curve of detecting six classes of sample.

Table 5
Results of Screening Meat Cuts Using GC–MS.
Volatile compounds

CB

CD

PB

PL

BR

BS

9-hexadecenoic acid, hexadecyl ester, (Z)9-octadecenoic acid (Z)-, hexyl ester
Hexadecenoic acid, 1-(hydroxymethyl)-1,2-ethanediyl ester
9-octadecenoic acid (Z)-, hexyl ester
Hexadecane, 1,1-bis(dodecyloxy)Tetradecane
Tetradecane, 2,6,10-trimethylAcetic acid, 3,7,11,15-tetramethyl-hexadecyl ester
cis-13-eicosenoic acid
Acetic acid, 3,7,11,15-tetramethyl-hexadecyl ester
1-hexadecanol, 2-methylE,E,Z-1,3,12-nonadecatriene-5,14-diol

0
0
2.10
2.06
0
39.31
12.49
0
0
0
0
1.92

0
0
0
0
0
35.29
9.79
0
0
0
0
0

0.22
0.24
0
0
0
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1.91
0
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0
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0.23

0
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0
2.56
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12.89
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0
1.35
0
2.33
0

0
0
0
0
0
21.04
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1.64
7.27
0
0

0.52
0.69
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0.75
0
11.78
3.86
6.52
0
0
0
0.57

Fig. 6. Sensitivity differences for each sensor in detecting meat cut samples.
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