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The smart packaging system is needed to continuously monitor the quality of beef and microbial population for
both the meat industries as well as end consumers. Moreover, several feasibility studies of electronic nose (enose) for rapid beef quality assessment are also conducted in recent years. The characteristics of e-nose are fast,
cheap, and easy to use make it suitable and scalable for beef quality monitoring applications. It is also potential
to be integrated with consumer electronics such as refrigerator and meat chiller. However, the inevitable
challenge is how to handle time-series data that is contaminated with noise. In this paper, discrete wavelet
transform and long short-term memory (DWTLSTM) is proposed to overcome the e-nose signal contaminated
with noise in monitoring beef quality. In beef quality classification task, our proposed has a favorable perfor
mance with 94.83% of average accuracy and 85.05% of average F-measure. Moreover, it presents a satisfactory
performance in the prediction of microbial population (RMSE = 0.0515 and R2 = 0.9712). These results indicate
that the DWTLSTM outperforms conventional methods such as k-nearest neighbor (k-NN), linear discriminant
analysis (LDA), support vector machine/support vector regression (SVM/SVR), multilayer perceptron (MLP), and
even standard long-short term memory (LSTM).

1. Introduction
During 1961-2011, the demand for animal-based protein (ABP) tends
to rise from 23.1 kg/person/year to 42.20 kg/person/year [1]. More
over, Food and Agriculture Organization (FAO) makes a prediction that
beef has a high demand and still becomes one of the main sources of ABP
until 2050. Total consumption will increase both in developed countries
and developing countries according to this report [2]. These reports
show that beef is still a popular food ingredient in the world. Unfortu
nately, beef is one of the most perishable foodstuffs if it is not handled
properly. This is an ideal medium for microbial growth which causes a
rapid deterioration in quality due to the breakdown of nutrients present
in meat. The beef quality degradation is indicated by changes in texture,
color, and odor. The consumption of infected meat products causes
various health risks for a human being. Bovine tuberculosis, anthrax,
salmonellosis, listeriosis, brucellosis, taeniasis or trichinosis are exam
ples of diseases caused by consumption of infected meat [3]. European
Food Safety Authority has been reported that more than 15% of the
population in Europe suffers from foodborne diseases. In the USA, about
76 million foodborne illness cases occur each year. Economic losses

caused by diseases of major pathogens are estimated at more than $ 35
billion in medical costs and lost productivities every year in the US [4].
Several mechanisms have been introduced for assessing meat quality
including sensory panel, total volatile basic nitrogen, total count of
bacteria, and gas chromatography. However, most of these methods are
only suitable for laboratory scope, need special expertise,
time-consuming, laborious, and high-cost [5]. On the other hand, meat
industries need a smart packaging system to monitor meat quality and
shelf life to minimize spoilage and wastage [6]. Moreover, the low-cost
and rapid meat assessment system is appropriate to the end consumers
to avoid health risks. In recent years, e-nose is utilized for meat quality
classification. Initially, e-nose was applied to differentiate two classes of
beef (fresh and spoiled) with excellent classification accuracy (>96%)
[7–11]. Afterward, three sensory classes were used to classify beef
sample into fresh, semi-fresh, spoiled using e-nose [12–14]. These
existing studies demonstrate the ability of e-nose to recognize meat
quality. Moreover, e-nose has advantages as follows: relatively fast,
cheap, and portable. Thus, it is suitable for online monitoring and
analysis [15]. In the case of meat quality monitoring, the e-nose signal is
a kind of time-series data that describes the changes in the quality of
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meat and the microbial populations. Hence, the appropriate method for
time-series data analysis is required.
In e-nose community, artificial neural network families have been
reported for e-nose signal processing with remarkable performance, for
example, neuro-fuzzy [16], learning vector quantization [17], and
fuzzy-wavelet neural network [14]. On the other hand, LSTM is a neural
network algorithm that is specifically developed for sequential data
processing. It has been reported to deal with several interesting appli
cations related to sequence data analysis such as detection of web traffic
anomaly [18], remaining useful life estimation [19], monitoring and
fault protection [20], natural language processing [21], air quality
prediction [22], etc. In recent years, several studies also attempt to
compare different LSTM variants to find the best type of LSTM. How
ever, they cannot make firm conclusions about which the best LSTM
variant [23,24]. There is also a paper that claims to do the largest study
in LSTM. This study compares eight LSTM variants with different ar
chitectures to understand the role of each LSTM component [25]. Three
datasets were used to represent different tasks such as speech recogni
tion, handwriting recognition, and polyphonic music modeling. The
experimental results denote that all of LSTM variants unable to signifi
cantly improve the performance of vanilla LSTM as the baseline. In
addition, the impact of hyperparameter was analyzed to find out which
parameters were most influential. There are three parameters that have
a significant impact on LSTM performance including learning rate,
hidden layer size, and noisy input. According to the experimental re
sults, this paper also suggests how to find a good learning rate. It is
sufficient to do a rough search by starting with a high value and dividing
it by ten until no improvements. Furthermore, the large number of nodes
in the hidden layer may present better performance. Nevertheless, it
increases computation time and affects the speed of network conver
gence. To deal with noisy inputs, the authors mentioned that a tradi
tional regularizer was used but noise still affects and it also caused an
increase in training time. In addition, the results show that the higher
noise levels in the data cause more severe performance degradation and
higher computational time than data with low noise [25]. This result
implies that the standard LSTM is not too resistant to a noisy signal. The
ability to model a complex pattern is one of the advantages of deep
learning techniques which are not available in shallow learning tech
niques. Nevertheless, LSTM does not have a specific mechanism to
handle noisy inputs which causes significant performance degradation.
Several studies have attention to the input quality of LSTM. LSTM
framework has been proposed in traffic flow prediction to tackle missing
data. The proposed method presents an improvement of the original
LSTM to deal with short-period and long-period missing values [26].
Moreover, the quality of input in LSTM networks is improved using
dropout layer [27]. In existing studies, discrete wavelet transform
(DWT) is utilized to handle noisy data in LSTM networks [28–30].
However, they do not explain how the DWT parameters are determined
to perform signal reconstruction. There is a study that combines DWT,
convolutional neural network, and LSTM [31]. The comparison of
different wavelet decomposition level is provided, but the way to find
the most suitable mother wavelet (MWT) is not discussed. Actually,
there are two most important parameters for performing DWT including
decomposition level and mother wavelet selection [32]. In fact, signal
reconstruction must be carried out carefully to ensure that the recon
structed signal does not lose important information.
In reality, the presence of noise cannot be avoided in almost all enose applications. For instance, the fluctuation of gas sensor responses
has happened on the practical use in aromatherapy [33]. In severe
conditions, e-nose signals can contain much noise with more than 20%
noise contamination [34,35]. Internal source of noise such as flicker
noise dominates the source of noise which is typically caused by gas
molecule adsorption and desorption processes on the gas-sensitive layer
[36]. Moreover, external sources of noise such as fluctuating in tem
perature, humidity, and ambient air also play an important role [37,38].
In many e-nose studies, moving average is a common technique for easy

and fast implementation of noise filtering technique. For example, it is
combined with restricted Boltzmann machine to detect bacterial infec
tion in blood [39], monitoring of livestock farm odors [40], meat and
fish freshness assessment [11], odor detection [41,42], saffron classifi
cation [43]. In addition, binomial smoothing is utilized to reduce the
noise level in beef spoilage classification [7,8]. Compared to moving
average and binomial smoothing filter, DWT has abundant mother
wavelet families and decomposition levels that imply it can be used to
properly reconstruct noisy signals based on various parameter combi
nations. Moreover, DWT also considers both low-pass and high-pass
filters compared to the moving average that only performs low-pass
filtering. For interested readers, more complete discussion about
e-nose data processing including challenges and existing methods can be
seen in [44,45]. Furthermore, in e-nose signal processing, wavelet co
efficient has a better performance than other methods to process signals
from metal-oxide-based gas sensors based on radial basis function neural
network and principal component analysis [46,47]. The wavelet-based
noise filtering framework has been reported to improve the perfor
mance of conventional machine learning algorithms in beef quality
monitoring [48]. In addition, wavelet filters have also been successfully
implemented for noise reduction and signal compression produced by
conductor polymer sensors [49]. Based on this background, we have
several motivations to perform this study as follows:
1 In the existing studies, the sampling process is performed every 3
days interval [7,8], 4-24 hours interval [12,13], 1 to 3 days sampling
interval [10] using limited samples of beef cut (beef strip loin [7,8,
10], beef fillet [12–14,50], and lean beef [15,48,51,52]). In contrast,
we are motivated to perform long term monitoring to simulate a
smart packaging system using e-nose. In addition, we use various
types of beef cuts for the sample. We believe that the different protein
and lipid content in each type of beef cut can produce different
volatiles emitted that influence the signal patterns. Thus, larger and
more comprehensive data can be obtained in this study.
2 The process of meat quality monitoring produces time-series data
sets. Therefore, the appropriate method for time-series data pro
cessing is needed to produce better performance than conventional
methods to perform classification and regression tasks.
3 In particular, several challenges must be faced in this case. Firstly,
the process of decaying meat produces water vapor which causes
changes in humidity. Changes in humidity level lead to fluctuating
gas sensor response [37]. Secondly, protein decomposition yields
ethanol and sulfur compounds that can cause sensor poisoning [53].
Thirdly, the susceptibility of sensor saturation that is caused by
exposure to various gases in a long period. This extreme condition
takes place during the process of storing meat so that the noise
contamination in the e-nose signal is unavoidable.
According to these motivations, a noise-resistant time-series data
processing method for e-nose signal is relevant to be developed. LSTM is
a prominent algorithm for sequence data analysis which has been suc
cessfully utilized in several fields. However, to the best of our knowl
edge, there has been no study on the application of LSTM to e-nose signal
processing. Therefore, the LSTM research for processing e-nose signals is
still considered new and rare in this field. Actually, it is possible to take
advantage of LSTM networks to process the multivariate time-series data
generated by the sensor array, especially in the application of e-nose for
monitoring. Therefore, in this paper, a noise-resistant LSTM called
DWTLSTM was proposed to handle the time series data generated by enose.
The rest of this paper is organized as follows. The brief explanation of
LSTM principle and the proposed method can be seen in section 2.
Section 3 discusses the experiment that encompasses experimental
setup, dataset, and results. Finally, the conclusion of this study is
explained in section 4.
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2. Methodology

information in the cell state that is regulated by “gates”. To regulate the
cell state, gates are composed out of a sigmoid layer and a pointwise
multiplication operation. The output of sigmoid layer is between zero
and one that describing how much information should be let through.
Zero value indicates a gate is fully closed and vice versa. An LSTM block
has three gates to regulate the cell state including forget gate, input gate,
and output gate that is shown in Fig. 4.

In this section, the principle of LSTM is briefly explained. Then, the
detailed mechanism of our proposed method (DWTLSTM) is also
discussed.
2.1. The principle of LSTM Recurrent Neural Network

2.2. DWTLSTM

In recent years, researchers have developed deep learning algo
rithms. They also reported the successful implementation in many case
studies. Basically, there are two main architectures namely feed-forward
and recurrent type. The example of feed-forward model is a convolu
tional neural network (CNN). It is a prominent example of spatial data
processing such as analyzing visual imagery. On the other hand, recur
rent model concerns on temporal domain. Hence, it is suitable for time
series data analysis. Recurrent Neural Network (RNN) is a typical ar
chitecture with the ability to process sequential data in the time domain.
Unfortunately, the practical applications of standard RNN architecture
are quite limited. This problem is caused by the difficulties during
training process. The occurrence of vanishing or exploding gradient
problems is the main obstacle to train an RNN model. This problem
causes decreased sensitivity over time when new inputs overwrite the
activation of hidden layer so the network forgets the first input [54].
Eventually, LSTM was introduced by Hochreiter and Schmidhuber to
deal with this problem [55]. LSTM is plainly designed to avoid long-term
dependency problem. The comparison of the repeating module between
standard RNN and LSTM is depicted by Fig. 1. All RNN families have a
chain form of repeating neural network modules. Yellow squares and
grey circles denote neural network layers and pointwise operations,
respectively. Fig. 1(a) indicates that a standard RNN has a very simple
structure with a single hyperbolic tangent (tanh) layer. On contrast,
LSTM has four layers which interact in a particular mechanism as shown
in Fig. 1(b). It consists of three sigmoid layers (σ) and a tanh layer. The
main component of LSTM is cell state. LSTM has ability to add or remove

In this section, the detail explanations of DWTLSTM are discussed.
Aforementioned, the performance of LSTM is highly influenced by noisy
inputs from gas sensor array. The presence of noise is definitely harmful
to LSTM. It because the LSTM block does not have a particular mecha
nism to handle noisy inputs. In this research, DWTLSTM is developed to
build a prediction model for beef quality monitoring. There are two
problems that must be solved. Firstly, the multiclass classification task is
needed to differentiate a beef sample into four classes. Secondly, the
regression task is carried out to estimate the number of microbes in a
beef sample. According to these requirements, there are two types of
outputs: discrete output for beef classification task and continuous
output for microbial population regression task. Fig. 2 shows the sche
(
matic structure of the proposed DWTLSTM. Assume that x = x1 , x2 , …,
)
xm is a raw sensor data where m is a number of the gas sensor in the
sensor array (we used 11 gas sensors). In this study, we develop two
different models for classification and regression. First, a classification
model is used to differentiate four sensory classes of beef. Second, a
regression model is needed to predict the total viable count (TVC) in a
beef sample. Their difference is only in the output layer. In this exper
iment, k-NN, LDA, MLP, and SVM/SVR used the reconstructed signals
based on DWT as inputs to produce the best result for a fair comparison
to LSTM and DWTLSTM.
DWT layer performs noise filtering to make sure the quality of signal
inputs. In many areas, DWT is a prominent method for non-stationary

Fig. 1. The comparison of the repeating module: (a) Standard RNN contains a single layer; (b) LSTM contains four interacting layers.
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Fig. 2. The structure of proposed DWTLSTM.

signals analysis. It is typically used for signal denoising. The first
reference of wavelet transform is about the research of orthogonal sys
tems of functions that led to the development of a set of rectangular basis
functions [56]. Performing DWT for given signal (x(t)) can be mathe
matically expressed by
(
)
∫∞
1
t − w2v
dwt(v, w) = 〈x(t), ψ v,w (t) 〉 = √̅̅̅̅̅
x(t)ψ ∗
dt
(1)
2v
2v − ∞

Nevertheless, the problem of the noise filtering process is how good
the capability of DWT to suppress the noise in the reconstructed signal
with still keeps the essential information? It really depends on the
decomposition level and the selected MWT. The proper signal recon
struction is needed to keep important information contained in the
signals. The first question is how to find the right level of wavelet
decomposition? A decomposition level that is too low causes not opti
mum noise filtering process. Conversely, too high a decomposition level
causes signal damage due to loss of essential information [32]. More
over, the highest level of wavelet decomposition not necessarily gives
the best result [58]. Hence, the decomposition level should not be
carelessly decided. The way to determine the level of decomposition
must satisfy the rules [57]:

where v and w denote wavelet scaling and translation parameter,
respectively [56,57]. Then, ψ ∗ () means the complex conjugation of
MWT (ψ (t)). Several MWT families can be used according to signal
characteristics such as haar, symlet, daubechies, coiflet, biorthogonal,
reverse biorthogonal, and meyer wavelet. In DWT implementation,
MWT selection is needed to ensure that the reconstructed signal can
represent the information content of the original signal. In multilevel
wavelet transform, there are two wavelet coefficients namely approxi
mate and detailed coefficient. Hence, the reconstruction of signal x(t)
can be satisfied by
V ∑
∞
∑

x(t) =

dv,w ψ v,w (t) +

v=∞ w=∞

∞
∑

av,w ϕv,w (t)

Fsample
Fsample
≤ Fchar ≤
2L+1
2L

where Fsample , Fchar , L mean sampling frequency, frequency character
istic, and length of the signal, respectively. The second question is how
to determine the best-suited MWT? In this experiment, information
quality becomes our main consideration to find the best-suited MWT for
each signal. A high-quality reconstructed signal means that it can store
important information from the original signal. Related to this issue, the
determination of best-suited MWT should be based on a measure of the
quality of information. In this study, the information quality ratio (IQR)
is utilized to determine the most appropriate MWT. The IQR value of the
original signal (x(t)) and the reconstructed signal (y(t)) can be computed
by the following equation [32]:
∑
p(x, y)log2 (p(x)p(y) )
xεx(t),yεy(t)
IQR(x(t), y(t) ) = ∑
(5)
p(x, y)log2 (p(x, y) ) − 1

(2)

w=∞

where a, d and φ(t) denote the approximate coefficient, detailed coef
ficient, and scaling function, respectively. Moreover, the following
equation expresses the signal that contaminated with noise:
x(t) = y(t) + ρ∗n(t)

(4)

(3)

where x(t), y(t), ρ, n(t) imply original (noisy) signal, reconstructed
signal, noise level and noise function, respectively. The objective of
noise filtering is to suppress the noise level. Commonly, the process of
noise filtering contains three main steps as follows [57]:

xεx(t),yεy(t)

x, y, p(x), p(y), p(x, y) show the specific value of the raw signal, the
certain value of the denoised signal, the marginal probability function of
raw signal, the marginal probability function of denoised signal, and the
joint probability function of two signals, respectively. IQR is utilized to
compare several MWTs to find the most appropriate MWT. The range of
IQR value is between 0 and 1. IQR = 0 indicates that the reconstructed
signal completely loses important information from the original signal.
In other words, the chosen MWT is not compatible with the original
signal. In contrast, IQR = 1 means the selected MWT can perfectly

1 Signal decomposition, determining a decomposition level (V) and a
best-suited MWT (ψ );
2 Thresholding, applying a threshold to the detail coefficients for every
decomposition level (1 to V);
3 Signal reconstruction, obtaining the reconstructed signal based on an
approximate coefficient from level V and the detailed coefficients
from level 1 to V.
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reconstruct the original signal without losing important information.
The most appropriate MWT is determined for each signal produced by
the gas sensor. Moreover, this following m × n matrix shows IQR values
of m signals denoised by n different MWTs.
⎤
⎡
IQR1,1 ⋯ ⋯ IQR1,n
⎢ ⋯
⋯ ⋯
⋯ ⎥
⎥
IQRm×n = ⎢
⎣ ⋯
⋯ ⋯
⋯ ⎦
IQRm,1 ⋯ ⋯ IQRm,n
Hence, the most appropriate MWTs for m signals can be found by the
maximum value of IQR in every row as follows:
⎡
⎤
⎡
⎤
IQR1best
max(IQR1,1 … IQR1,n )
⎢
⎥
⎢ ⋮ ⎥=⎣
⎦
⋮
(6)
⎣
⎦
max(IQRm,1 … IQRm,n )
IQRm
best

Fig. 3 shows the procedure to find the DWT parameters including
decomposition level and MWT for each signal. In the first step, the
decomposition level is determined because it has a high impact on
selected MWT. In addition, an inappropriate level of decomposition
leads to not optimal signal reconstruction and signal distortion [32].
According to Eq.(4), the decomposition level can be ascertained.
Denoising and compressing for raw signal are performed based on
decomposition level and MWT in the second and third steps, respec
tively. In the fourth step, IQR value between raw and reconstructed
signal is calculated. In this study, 38 MWT families were compared
including daubechies, symlet, coiflet, biorthogonal, and dmey. Hence,
this process is repeated 38 times for each signal to determine the best
MWT with the highest IQR value based on Eq.(6) in the fifth step. Ac
cording to this process, Table 1 shows the parameters in the DWT layer
for each sensor/signal. More detail process of DWT parameter compar
ison can be seen in our previous study [32].
After performing DWT, min-max normalization is used to equalize
the scale of the reconstructed signal. We ensure that min-max normal
ization has been reported for satisfactory performance in supervised and
unsupervised learning [59–61]. The signals are fed into the LSTM layer
and processed by LSTM blocks. In this experiment, LSTM layer contains
11 LSTM blocks. The detail data flow in an LSTM block is shown in
Fig. 4.
LSTM has the ability to add or remove information to the cell state
which is regulated by gates. Gates act as a filter that determines the
information forwarded or not. They consist of a sigmoid neural network
layer and a pointwise multiplication operation. The first step of LSTM is
to determine the information which wants to be deleted from the current
cell state. This decision is made by a sigmoid layer namely “forget gate
layer”. In Eqs. (7)–(12), W, ht− 1 , ht , xt , b denotes weight matrix, previous

Fig. 4. A detailed schematic of LSTM block.
Table 1
The parameters in DWT layer.
No

Sensor

MWT

Level of decomposition

1
2
3
4
5
6
7
8
9
10
11

MQ135
MQ136
MQ137
MQ138
MQ2
MQ3
MQ4
MQ5
MQ6
MQ8
MQ9

bior2.4
bior3.3
bior2.8
db1
db1
bior3.3
db1
sym6
bior2.2
dmey
db1

11
11
10
10
11
10
10
10
11
10
10

output, current output, current input, and bias, respectively. The forget
gate layer can be expressed by the following equation.
(
)
(7)
ft = σ W f .[ht− 1 , xt ] + bf
The output value of forget gate layer (ft ) generated by the sigmoid
function is between 0 and 1. Using a pointwise multiplication operation,
it can be determined whether the previous cell state (Ct− 1 ) is kept or not.
ft = 1 implies that the cell state is completely kept and vice versa.
Furthermore, new information is stored in the cell state. Sigmoid layer
namely “input gate layer” decides which value will be updated (it ). The
operation of this layer can be expressed as follows:

Fig. 3. The procedure to determine wavelet decomposition level and MWT.
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function for multiclass classification can be computed by
⎧
⎫
⎪
⎪
⎪
⎨ e h T wc ⎪
⎬
,
P(ch) = argmax N
c
∑
⎪
c∈C ⎪
⎪
⎩ ehT wk ⎪
⎭

(8)

Then, a tanh layer produces a vector of new cell state candidate (C̃t )
which is added to the state. The process can be expressed by:
C̃t = tanh(W C .[ht− 1 , xt ] + bC )

(9)

k=1

The next step is to update the old cell state (Ct− 1 ) to the new cell state
(Ct ). The old state is multiplied by ft which acts as forget gate. Then, this
result is added with it × C̃t . Hence, the operation of cell state update can
be mathematically expressed as follows:

Ct = ft × Ct− 1 + it × C̃t

(13)

where w and hT w denote the weighting vector and inner product of h and
w, respectively. Based on Eq.(13), the class of beef can be detected based
on the highest probability value.
Algorithm 1.

Model Training

(10)

Finally, the output is determined based on the cell state in the filtered
version. The sigmoid layer as output gate is used to decide what parts of
the cell state to become output value (ot ). Then, the cell state is inputted
into the tanh function to convert the value between -1 and 1 then
multiplied by the result of the sigmoid layer. This process can be
expressed by the following equation.
ot = σ(W o .[ht− 1 , xt ] + bo )

(11)

ht = ot ∗tanh(Ct )

(12)

shows the training process for classification and regression. The
performance of classification tasks is investigated based on accuracy and
F-measure. For regression tasks, mean squared error (MSE) and Rsquared (R2) are utilized to measure prediction model performance. In
this experiment, the training was performed during 1000 epoch. In
every epoch, the model was evaluated to find the best model using these
metrics. For the classification model training, the current model will be
replaced by a new model if the new model accuracy is higher than the
current model. Moreover, this pre-requisite of model updating is ful
filled if F-measure value more than 80%. This threshold is given to
guarantee that four beef classes can be predicted by the model. For
instance, F-measure value is 75% susceptible that the model can only
predict three classes because of the low recall value. Therefore, ensuring
the F-measure value above 75% is necessary. Furthermore, in the
regression model training, the determination of the best model is based
on the MSE value. The new model with lower MSE value is used to
replace the current model. R2 is utilized as a threshold to determine

As illustrated in Fig. 2, the proposed DWTLSTM is divided into two
models with the difference only in the output layer. In the classification
model, the output layer consists of four nodes with a softmax activation
function correspond to the number of beef classes. The outputs of the
LSTM layer are flattened into a vector h = (h1 ,h2 ,…,hm ), where m is the
number of LSTM blocks in the last layer. Given input h for total C output
neurons correspond to the number of classes, the softmax activation
6
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whether the current model will be updated or not. In this experiment,
the new model is considered if R2>0.8. According to our experience, if
the R2 value is lower than 0.8, the model cannot present a favorable
performance. For hyperparameter optimization, a grid search was used.
The best learning rate was searched from [10-1, 10-2, 10-3, 10-4, 10-5].
Regularization and dropout methods were used to avoid overfitting. In
this experiment, the l2 regularization value was searched from [10-3, 104
, 10-5, 10-6] and the dropout rate was 0.5.

sensor type (MOS gas sensor) that is utilized in this experiment. For
faster gas detection, the sample space is placed at the bottom of the
sensor array. In this experiment, we attempt to control the temperature
in order to make the gas sensor response more stable. Hence, e-nose
sensor box is placed into the temperature control box. In the tempera
ture control box, three Peltier cooling modules were utilized as cooling
elements. Moreover, this temperature was controlled by a thermostat.
The temperature cooling box is made of Styrofoam material. The sensor
box container is made of transparent acrylic material. Fig. 5 shows the
detailed scenario used in this experiment. Wireless access point is used
to connect all devices in this experiment including e-nose sensor box,
raspberry pi, and computer. Firstly, the encoded responses of gas sensor
array are sent to raspberry pi through wireless network. Secondly, signal
from e-nose sensor box is received and decoded by middleware that is
installed in raspberry pi. Then, the decoded signal is stored in MySQL
database. Thirdly, the collected signals are retrieved to computer for
signal pre-processing as well as classification and regression by machine
learning algorithms.
In this experiment, the temperature is kept at ±31 ◦ C which is
depicted in Fig. 6 (a). Fluctuations only occur early in the experiment
because the cooling module takes time to stabilize the temperature.
Conversely, humidity remains unstable as shown in Fig. 6 (b).
Furthermore, the sample of raw signals contaminated with noise is
shown in Fig. 7. It indicates that the noise still exists even though the
temperature has been controlled. Therefore, denoising is still needed to
reduce the noise level in the raw signals. Fig. 7 also exhibits an example
of signal reconstruction using DWT. The left and right figures denote raw
and reconstructed signals, respectively. Each color indicates different
responses of gas sensors in sensor array that are represented by sensor
resistance (ohm). Moreover, each gas sensor produces noisy signals that
have different magnitudes. Hence, proper noise filtering is needed to
reconstruct raw signals.
In this experiment, twelve types of beef were observed including top
sirloin, round (shank), tenderloin, striploin (shortloin), flap meat
(flank), clod/chuck, brisket, rib eye, skirt meat (plate), shin, inside/
outside, and fat. Each piece of beef contains a different protein and lipid
composition. In aerobic conditions, some gases are produced as results
of protein decomposition including carbon dioxide, hydrogen sulfide,
ammonia, and methane. For lipid decomposition, the neutral fat is hy
drolyzed to produce unsaturated fatty acid then the oxidation of this
fatty acid can generate aldehydes and ketones [69]. Hence, there is
important to use the various beef cuts because the possibility of different
sensor responses corresponds to different beef cuts. In this experiment,
we used 125 grams for each piece of meat. Using wireless network, the
sensor resistance values generated by sensor box are sent to raspberry pi
every minute. The data were continuously recorded during 2220 mi
nutes for each experiment cycle that is sufficient to record beef quality
from fresh until spoiled. After one experimental cycle completes, the
sensor box and the temperature control box were flushed using a
high-speed fan to neutralize the odor. After that, they were rested for
3-6 hours to neutralize the remaining odor from the previous experi
ment. This procedure is repeated for all cuts of beef. In one experiment,
we got 2220 measurement points from one piece of beef. Thus, we have
a total of 26640 measurement points from twelve datasets correspond
ing to twelve pieces of beef. To shorten the mention, each dataset that is
generated from each beef cut is denoted by DS1 to DS12. As mentioned
above, this experiment records the data generated by the e-nose which is
continuously sent every minute to the server. Therefore, e-nose can re
cord the process of decaying beef at each stage more precisely. Based on
this scenario, this experiment can obtain larger and more comprehensive
data than existing studies. In this experiment, the beef quality standard
refers to meat standards published by the Agricultural and Resource
Management Council of Australia and New Zealand [71]. Meat quality is
differentiated into four sensory classes in conjunction with the total
viable count (TVC) that is demonstrated in Table 3.
Therefore, the ground truth data refers to the total number of bac

3. Experiments
In this section, the experimental setup is explained including mate
rials, datasets, and performance measures. The results are discussed
including classification of beef quality and regression to predict TVC
value of the microbial population.
3.1. Experimental setup and dataset
In this experiment, the self-developed e-nose system is utilized to
monitor a beef sample. The e-nose device is composed of the gas sensor
array, microcontroller, and WiFi-shield. Metal-oxide semiconductor
(MOS) gas sensors are assembled to Arduino microcontroller. In this
experiment, MQ gas sensors from Zhengzhou Winsen Electronics Tech
nology Co., Ltd. were used. Table 2 denotes MOS gas sensors used in enose. MOS gas sensor type is chosen because it has advantages of good
sensitivity, low-cost, and short response time [62]. This gas sensor has
been reported for successfully used to various applications including
detection of aging beer [63], bacteria detection in the wound [64], halal
authentication [65], blood glucose level detection [66], and quality of
pecan evaluation [67]. In addition, MOS gas sensor is a type of heat
sensor that is not too sensitive to humidity compared to cold sensor types
[68]. Therefore, it is more appropriate to monitor meat quality due to
fluctuating humidity in the sample chamber. The gas sensor selectivity is
determined based on gases produced by the protein degradation process
including carbon dioxide, hydrogen sulfide, ammonia, methane [69].
Aldehyde, ketone, hydrogen, and alcohol compounds are also noticed
during beef spoilage from carbohydrate degradation [68,70].
The gas sensor resistance value (Rs ) is calculated as a response based
on the analog to digital (ADC) value as given as follows:
Rs =

VC − VRL
× RL
VRL

(14)

where
VRL =

VC × ADC
1023

(15)

VC , VRL , RL, ADC denote standard voltage of microcontroller (5 V),
current sensor voltage, sensor load resistance (based on ohm meter), and
ADC value, respectively. Rs value represents the response of resistive
Table 2
List of used gas sensors
Gas
sensor

Selectivity

MQ135
MQ136
MQ137
MQ138
MQ2

Ammonia, carbon dioxide, alcohol, benzene, smoke, NOx
Hydrogen sulfide
Ammonia
Aldehydes, alcohols, ketones
Methane, alcohol, liquefied petroleum gas (LPG), hydrogen, smoke,
propane, i-butane
Alcohol, benzine, methane, hexane, LPG, carbon monoxide
Methane
Hydrogen, LPG, methane, carbon monoxide, alcohol
Propane, LPG, iso-butane
Hydrogen
Methane, carbon monoxide, and propane

MQ3
MQ4
MQ5
MQ6
MQ8
MQ9
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Fig. 5. The scenario of experiment.

Fig. 6. Example of ambient conditions: (a) temperature; (b) humidity.

teria as the main standard for beef quality. In this experiment, similar
numbers of beef samples are tested to quantify the microbial population.
The types of beef are also similar to the beef used in the experiment to
acquire e-nose signals. Our consideration is the different protein and
lipid content in each type of beef cut can produce different volatiles
emitted that influence the signal patterns. In this experiment, a spec
trophotometer is employed to quantify optical density (1000x dilution).
To calculate the microbial population in beef samples, the hemocy
tometer was utilized. As a rule of thumb, the combination of classical
and two-hour method is utilized [72]. Hence, the microbial population is
measured every hour for 37 hours for more precise results. Furthermore,

this ground truth data is used to label the data contained in the dataset.
These datasets are randomly divided for training (50%), validation
(25%) and testing data (25%). In this experiment, our proposed method
was compared with several machine learning algorithms such as k-NN,
LDA, SVM/SVR, MLP, and original LSTM. DWT is also performed to
obtain the best result of k-NN, LDA, MLP, and SVM/SVR. For k-NN,
Euclidean distance is utilized as the distance metric and the best of k
value is searched from [3,5,7,9,11]. In MLP, the neural network archi
tecture is similar to LSTM with a single hidden layer. Hyperbolic tangent
is utilized for activation function. Radial basis function kernel is used in
SVM/SVR and the best regularization parameter (C) is determined from
8
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Fig. 7. The example of raw signals (left) and reconstructed signals (right).

and

Table 3
The beef quality standard,

L
∑

Class

TVC (log10 cfu/g)

Excellent
Good
Acceptable
Spoiled

<3
3-4
4-5
>5

2

R (a, p) = 1 −

precision × recall
× 100%
precision + recall

In this section, the results are discussed including the performance of
the proposed method on beef quality classification and prediction of the
microbial population.
3.2.1. Beef quality classification
In order to verify the advantages of the proposed method, we
compare the performance of DWTLSTM and LSTM not only based on the
final results but also during the training process. Fig. 8 shows the ac
curacy and F-measure during 1000 epoch in the training process based
on validation data. Magenta and green marks denote the performance of
DWTLSTM and LSTM, respectively. In this study, stochastic gradient
descent (SGD) is utilized for neural network learning. In SGD, a few
samples are randomly selected for each iteration to find the best pa
rameters. Hence, the path that is taken by SGD is usually no smoother
(fluctuating) compared by a typical gradient descent algorithm. Ac
cording to this random method, when the neural network gets the best
performance during training cannot be predicted. However, SGD can
significantly reduce training time and computational overhead. During
the training process, LSTM has difficulty in modeling signals that are
contaminated by noise. This can be proven by the instability of the ac
curacy value and the F-measure value during the training process. This
result indicates that a standard LSTM is more difficult to converge when
consuming noisy data. On the other hand, DWTLSTM shows better
performance after the 200th epoch which is related to the effect of the
SGD mechanism. It produces a more stable performance and leading to a
convergence solution compared with standard LSTM. Therefore,
DWTLSTM has a better guarantee to find the best model than standard
LSTM.
Table 4 denotes the comparison of classification accuracy produced

(16)

(17)

where
precision =

recall =

tp
× 100%
tp + fp

tp
× 100%
tp + fn

(18)
(19)

tp, fp, tn, fn indicate true positive, false positive, true negative, and false
negative, respectively. In the regression task, mean squared error (MSE)
and r-squared (R2) are used for performance metrics. They can mathe
matically be expressed by
MSE(a, p) =

L
1∑
(ai − pi )2
L i=1

(21)

3.2. Results and discussion

and
F − measure = 2 ×

(ai − a)2

where a, p, L denote actual value, predicted value, and total samples,
respectively.

[0.001, 0.01, 0.1, 1, 10]. In addition, the experiments are performed on
a personal computer with Intel(R) Core(TM) i3-4150 CPU @3.50 GHz (4
CPUs), 4GB RAM, and Windows 7 Professional 64-bit operating system.
DWT, k-NN, LDA, and SVM is computed using MATLAB 2015a. LIBSVM
is utilized as library for SVM/SVR [73]. MLP, LSTM and DWTLSTM are
implemented using Deeplearning4j (DL4J) framework [74]. Classifica
tion accuracy and F-measure are used to measure the performance in
classification tasks. The classification accuracy and F-measure can be
calculated as follows:
tp + tn
× 100%
tp + tn + fp + fn

(ai − pi )2

i=1

*cfu/g: colony forming unit of bacteria in a gram of
meat.

accuracy =

i=1
L
∑

(20)
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Fig. 8. Accuracy and F-measure values during the training process (magenta: DWTLSTM, green: LSTM): (a) Accuracy; (b) F-measure.
Table 4
The comparison of accuracy (%)
k-NN
LDA
SVM
MLP
LSTM
DWTLSTM

DS1

DS2

DS3

DS4

DS5

DS6

DS7

DS8

DS9

DS10

DS11

DS12

Average

82.70
84.86
92.79
82.16
86.67
96.04

87.39
74.95
88.29
72.97
95.68
94.05

76.40
91.71
84.14
20.90
93.33
94.95

81.62
79.46
89.19
75.86
93.33
92.79

75.50
82.88
81.26
59.46
97.12
96.94

83.96
85.05
94.95
77.30
96.94
93.33

81.26
74.59
87.93
72.97
93.69
96.94

61.44
63.24
72.97
59.46
92.97
96.40

79.28
63.60
81.62
72.97
89.91
97.30

75.68
72.97
84.50
13.51
97.66
86.31

77.30
77.48
80.00
55.86
38.20
95.50

70.27
70.99
80.90
10.81
46.13
97.48

77.73
76.82
84.88
56.19
85.14
94.83

Table 5
The comparison of F-measure (%).
k-NN
LDA
SVM
MLP
LSTM
DWTLSTM

DS1

DS2

DS3

DS4

DS5

DS6

DS7

DS8

DS9

DS10

DS11

DS12

Average

37.66
36.36
70.59
61.86
84.51

65.00
13.66
73.47
85.88
79.50

22.49
65.67
42.11
81.41
84.95

48.48
38.71
73.91
81.41
78.49

17.07
43.79
32.47
91.67
91.37

44.72
45.03
83.53
90.81
81.03

50.00
11.32
72.87
78.53
90.17

3.60
6.42
77.71
90.00

34.29
57.85
64.56
91.89

21.97
39.44
93.26
70.31

27.59
28.57
44.22
16.55
87.05

4.73
51.82
3.24
91.36

33.90
29.43
58.39
68.91
85.05

by several algorithms. For a fair comparison, DWT (noise filtering) is
also performed to obtain the best result of k-NN, LDA, MLP, and SVM.
According to the results, MLP gets the lowest average accuracy
(56.19%). It implies that the conventional neural network cannot
properly model the time series data from e-nose. Moreover, k-NN and
LDA get almost similar accuracy with 77.73% and 76.82%, respectively.
The best result of the conventional algorithm is obtained by SVM with
84.88%. Standard LSTM gets slightly higher accuracy than SVM with
85.14%. On the other hand, DWTLSTM surpasses other algorithms with
94.83% of classification accuracy. In addition, Table 5 shows more
detail performance measure based on F-measure. k-NN and LDA produce

the lowest average F-measure with 33.90% and 29.43%, respectively. Fmeasure score of k-NN is very low, especially in DS8 with 3.60%.
Furthermore, in DS12, F-measure score is no available because it can
only detect two classes (“excellent” and “spoiled”). Using LDA, the beef
quality classification also cannot give satisfactory results because it has
no capability to predict all classes in DS9 and DS10. LDA cannot predict
“acceptable” class in DS9 and DS10. Moreover, SVM got 58.39% of
average F-measure. Unfortunately, it cannot detect “good” and
“acceptable” classes in DS8, so F-measure score cannot be calculated.
The worst performance is produced by MLP that it cannot completely
detect all classes in all datasets. This limitation of k-NN, LDA, and MLP

Fig. 9. MSE and R2 values during the training process (magenta: DWTLSTM, green: LSTM): (a) MSE; (b) R2.
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data. Although both fluctuate until 600th epoch, DWTLSTM has more
stable MSE values which are almost always lower than LSTM. Likewise
with the value of R2, DWTLSTM is always better than LSTM. These re
sults imply that DWTLSTM is easier to learn the training data than
standard LSTM. In this experiment, the performance of DWTLSTM is also
compared with k-NN, LDA, SVR, MLP, and standard LSTM for regression
task.
For visual observation, the plot of prediction results is depicted in
Fig. 10. This figure shows the performance comparison of our proposed
method and other algorithms. Black, blue, and red lines denote actual,
prediction, and prediction values with error more than 0.5 log10 cfu/g,
respectively. Fig. 10a and b show that the performance of k-NN and LDA
act as linear regressors. They show that linear regressors produce un
stable and rough predictions in all datasets. In several observations, the
prediction value equals with actual value. However, the prediction
yields a high error in many other observations which are shown by red
marks. These results imply that a linear regressor is not suitable for time
series e-nose data. Moreover, the performance of SVR is shown in
Fig. 10c. SVR with RBF kernel generates finer prediction patterns than
linear regressors. Unfortunately, there are still many mistakes, espe
cially in the middle of the observations that the majority of them related

becomes a serious problem because the detection of gradual changes in
beef quality is necessary for the meat industry. The results indicate that
k-NN, LDA, MLP, and SVM cannot provide satisfactory performance.
Hence, according to our investigation, these conventional methods
cannot give a guarantee to completely detect all classes in beef quality
classification. On the other hand, LSTM is able to detect four classes of
beef in all datasets even though it gets a very low F-measure score in
DS12 (3.24%). Unfortunately, this average F-measure score is only
68.91%. The F-measure value that lowers than 75% is susceptible to
unable to classify four classes of beef. Moreover, DWTLSTM gets the
highest F-measure with 85.05%. The results indicate that DWTLSTM is
able to distinguish four classes of beef. All of F-measure scores are higher
than 75% except in DS10. The overall results indicate that DWTLSTM
has superior performance compared to conventional methods such as kNN, LDA, MLP, SVM and even standard LSTM in the classification task.
3.2.2. Prediction of microbial population
Actually, the regression task to predict the microbial population is
more complicated than the classification task. This is because the
numeric value of TVC implies the infinite possibilities of class label.
Fig. 9 shows MSE and R2 during the training process based on validation

Fig. 10. Plot of regression results (black: actual, blue: prediction, red: prediction with error ≥ 0.5 log10 cfu/g): (a) k-NN; (b) LDA; (c) SVR; (d) MLP; (e) LSTM;
(f) DWTLSTM.
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Table 6
The comparison of MSE.
k-NN
LDA
SVR
MLP
LSTM
DWTLSTM

DS1

DS2

DS3

DS4

DS5

DS6

DS7

DS8

DS9

DS10

DS11

DS12

Average

0.2613
0.1365
0.4974
16.2186
0.0513
0.0486

0.1295
0.4679
0.2530
19.0641
0.0547
0.0411

0.3179
0.1815
0.2595
16.7277
0.0512
0.0301

0.2608
0.2583
0.1816
10.3838
0.0512
0.0750

0.4773
0.2459
0.3072
5.9977
0.0200
0.0419

0.1791
0.1997
0.4139
7.7480
0.0411
0.0301

0.4655
0.5993
0.3267
11.7963
0.0203
0.0923

1.9383
0.6327
0.5334
2.2918
0.0779
0.0500

0.2114
0.8324
0.0906
3.9753
0.0280
0.0733

0.5176
0.5721
0.3555
6.9601
0.0610
0.0412

0.3357
0.1662
0.5246
17.7663
0.8234
0.0339

0.4832
0.7222
0.6815
8.7729
0.4855
0.0601

0.4648
0.4179
0.3687
10.6419
0.1471
0.0515

Table 7
The comparison of R2.
k-NN
LDA
SVR
MLP
LSTM
DWTLSTM

DS1

DS2

DS3

DS4

DS5

DS6

DS7

DS8

DS9

DS10

DS11

DS12

Average

0.9010
0.9420
0.8494
0.6703
0.9716
0.9584

0.9213
0.7755
0.9784
0.7780
0.9687
0.9746

0.8066
0.9179
0.9240
0.8402
0.9791
0.9778

0.8715
0.8529
0.9751
0.0965
0.9791
0.9748

0.8145
0.8985
0.9006
0.3405
0.9851
0.9699

0.9165
0.9167
0.9462
0.0014
0.9683
0.9865

0.7647
0.7823
0.9699
0.8126
0.9876
0.9670

0.5776
0.8014
0.8561
0.1091
0.9803
0.9666

0.8850
0.7895
0.9745
0.0320
0.9837
0.9694

0.7464
0.8045
0.7793
0.1435
0.9538
0.9707

0.8495
0.8999
0.9129
0.1600
0.8286
0.9740

0.7142
0.5711
0.8431
0.9871
0.9130
0.9649

0.8141
0.8293
0.9091
0.4143
0.9582
0.9712

to "good" and "acceptable" classes. We also used MLP with hyperbolic
tangent activation function as a non-linear regressor. However, it still
cannot present favorable performance as shown in Fig. 10d. Prediction
values highly deviate from the actual values, which means that con
ventional neural network architecture cannot produce satisfactory per
formance. Hence, a special type of neural network architecture must be
developed. Fig. 10e shows the pattern of prediction of LSTM neural
network. The result shows that LSTM has better performance than k-NN,
LDA, SVR, and MLP even without noise filtering. However, the perfor
mance on several datasets is still unfavorable. It is indicated by many red
marks in DS11 and DS12. On the other hand, DWTLSTM shows the
performance improvement of LSTM that is depicted in Fig. 10f. It gen
erates a smoother prediction on all datasets including performance
improvement in the prediction on DS11 and DS12. For quantitative
performance, Table 6 and Table 7 show the comparison of MSE and R2,
respectively. According to the average value of MSE and R2, MLP gets
inferior performance with the highest error (average MSE = 10.6419)
and the lowest compliance between actual data and predicted results
(average R2 = 0.4143). This result indicates that conventional neural
network architecture cannot provide satisfactory performance in the
time-series regression tasks even using non-linear activation function. kNN achieves better performance than MLP with MSE = 0.4648 and
R2 = 0.8141. Moreover, LDA produces slightly better prediction than kNN (MSE = 0.4179 and R2 = 0.8293). The characteristic of these linear
regressors is can predict continuous values very precisely but in other
observations also have a high deviation as shown in Fig. 10 a and b. SVR
with RBF kernel can produce a lower error (MSE = 0.3687) and higher
conformity with actual data (R2 = 0.9091) than the linear regressors. For
a time series approach, LSTM has better performance than other con
ventional algorithms. It gets MSE = 0.1471 and R2 = 0.9582. Finally,
DWTLSTM outperforms all of these algorithms with MSE = 0.0515 and
R2 = 0.9712. Overall results imply that DWTLSTM produces signifi
cantly better performance than other algorithms for regression tasks. It
also has better generalization than standard LSTM as shown in Fig. 10e
and f. Hence, the results also indicate that DWTLSM produces more
stable performances than LSTM on all datasets.

are also used to differentiate four classes of beef in conjunction with enose signal. The comparison shows that DWTLSTM gets the highest
average accuracy and F-measure. According to the experimental results,
conventional algorithms like k-NN, LDA, SVR, MLP susceptible to unable
to completely predict four sensory classes of beef in each dataset. On the
other side, the neural network architecture specifically for sequential
data such as LSTM and DWTLSTM is able to classify four classes of beef.
In particular, DWTLSTM has better performance than LSTM in terms of
average accuracy and F-measure score. Moreover, it has more stable
performance in all datasets. These results imply that DWTLSTM has
superior performance than others in classification tasks. Furthermore,
the regression tasks are also performed to predict the microbial popu
lation in the beef samples. The continuous value of TVC makes it more
intricate than the classification task because of the infinite possibilities
of class labels. According to the experimental results, DWTLSTM also
surpasses k-NN, LDA, SVR, MLP, and standard LSTM. It produces
consistent prediction performances on all datasets with lower error as
well as higher conformity between prediction results and actual values
that are represented by low RMSE and high R2, respectively. The overall
results show that standard LSTM and DWTLSTM have superior perfor
mance than other methods both in the classification tasks and regression
tasks. The results imply that the time-series approach can produce better
performance than conventional methods (k-NN, LDA, SVM/SVR, and
MLP). In addition, DWTLSTM has advantages in processing noisy e-nose
signals over standard LSTM. Hence, DWTLSTM is also useful to be uti
lized for other e-nose monitoring applications including smart pack
aging system, air quality monitoring, production, storage monitoring,
and other time series e-nose data processing.
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In this study, e-nose was used to distinguish four sensory classes and
to predict microbial populations in monitoring beef quality. The twelve
datasets correspond to various beef cuts were used in this experiment.
DWTLSTM was proposed to overcome time-series data from an e-nose
that is contaminated with noise. In classification tasks, several machine
learning algorithms such as k-NN, LDA, SVR, MLP, and standard LSTM
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