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Abstract

Electronic nose (e-nose) systems have been reported to be used in many areas as rapid, low-
cost, and non-invasive instruments. Especially in meat production and processing, e-nose
system is a powerful tool to process volatile compounds as a unique ‘fingerprint’. The ability
of the pattern recognition algorithm to analyze e-nose signals is the key to the success of the e-
nose system in many applications. On the other hand, ensemL': methods have been reported
for favorable performances in various data sets. This research prposes an ensemble learning
approach for e-nose signal processing, especially in bo=f quality assessment. Ensemble
methods are not only used for learning algorithmc but also sensor array optimization. For
sensor array optimization, three filter-based fe-av.e selection algorithms (FSAs) are used to
build ensemble FSA such as reliefF, chi-sr.re, and gini index. Ensemble FSA is developed to
deal with different or unstable outputs of « single FSA on homogeneous e-nose data sets in
beef gquality monitoring. Moreover, er..~mble learning algorithms are employed to deal with
multi-class classification and rcression tasks. Random forest and Adaboost are used that
represent bagging and boosting aigorithms, respectively. The results are also compared with
support vector machine anad decision tree as single learners. According to the experimental
results, our ensemble arproach has good performance and generalization in e-nose signal
processing. Optimized sensor combination based on filter-based FSA shows stable results both
in classification and regression tasks. Furthermore, Adaboost as a boosting algorithm produces
the best prediction even though using a smaller number of sensors.

Keywords: e-nose, ensemble, feature selection, beef quality



1. Introduction
In the last decades, e-nose systems have been utilized in many areas including food
processing, agriculture, medical, etc. Low cost of a single analysis, rapid, simplicity of
measurement, non-invasive, and suitability for real-time analysis, make it a high potential for
application in many areas [1]. E-noses have been reported for analytical instruments such as
beef quality assessment and monitoring [2-5], meat cuts i'~ntification [6], prediction of
bacterial population [7], pork adulteration in beef [8-10], nor -invasive diabetes detection
[11,12], etc. In addition, non-invasive methods are needed .~ =void the patient's pain due to the
invasive pricking process which generally occurs sev-ral .imes a day. Therefore, in many cases
already mentioned, e-nose can be potentially drveioped as a non-invasive instrument. E-nose
imitates the function of the human olfact<.» 5 stem to detect odor information in the air or
sample chamber. There are two main parts :9 an e-nose system such as gas sensor array and
pattern recognition algorithm. The c.~ sensor array consists of several gas sensors with
different selectivity. Each gas :ensur works individually and simultaneously converts the
chemical information associu*2a with various gas mixtures into a measurable signal.
Multivariate responses a e ge 1erated by a series of gas sensors according to the selectivity and
sensitivity of each gas sersor. Furthermore, these signals are processed by a pattern recognition
module to perform classification or regression tasks.
In a particular application, a sample can produce different volatile profiles than others.
It leads to a different combination of gas sensors in the sensor array. For example, a
combination of gas sensors to classify tea will be different from a gas sensor array to
distinguish coffee samples. In other words, each sample has a different biomarker which means

it requires a different combination of gas sensors. Utilizing a large number of gas sensors to



cover all gas selectivity is not a wise solution for building a cost-efficient and robust e-nose
system. This causes several problems including overlapping selectivity, large electrical power
requirements, network communication traffic, computational overhead, etc. In contrast, the use
of a smaller amount of sensor gas can save production costs, save electric power, and more
compact device size. Thus, sensor array optimization procedure is necessary for e-nose system
development. Several studies addressed this problem and pro.~sed sensor array optimization
methods. FSAs are common methods to deal with many senscr ar ay optimization problems. A
proper learning algorithm is also needed to build a c'ascifier or regressor model. A weak
machine learning model is susceptible to be failed t: prcduce accurate predictions. In the last
few years, ensemble methods have been reporter: 1-,r favorable performance in the various data
set. The ensemble method refers to the .~n.>ination of multiple models or algorithms to
produce improved results. It usually vields catter performance than a single model. Hence, in
this study, we have several motivaticns >< rollows:

1. The majority of existing stuu.es related to sensor array optimization only utilized a
single FSA to determin? tie best sensor combination in a sensor array. It leads to bias
results and not ¢ ger =ral gas sensor combination. Therefore, in this study, the most
stable FSAs accorlding to our previous study are used to build ensemble FSA such as
reliefF, chi-squared, and Gini index [13].

2. For the machine learning models, ensemble learning algorithms are applied to e-nose
signals for beef quality monitoring data sets to improve the performance of the single
model. They include bagging and boosting algorithms to build a strong model for

classification and regression tasks to differentiate beef quality and predict microbial



population in the beef samples, respectively. To the best of our knowledge, the

utilization of ensemble learning is considered rare and new in e-nose signal processing.
According to the above explanation, the contribution of this study is to propose an ensemble
approach for electronic nose signal processing including ensemble FSA for sensor array
optimization and ensemble learning algorithm for classification and regression tasks. The
ensemble method combines the output of several algorithms v~ get better and general results
than using one algorithm. In recent years, ensemble approachcs ha ve been reported to deal with
various cases [14-17]. Typically, the ensemble method i35 v~2% for classification tasks, but it is
also possible to apply it to feature selection probler.~ wih satisfactory performances [18-20].
In detail, the signal processing methods that we it pose are the noise filtering process, the FSA
ensemble, the ensemble model for classific.: o1, and regression, and evaluation.

The remainder of this paper is structued as follows: Section 2 discusses related studies.
Section 3 explains materials and rie. nas including experimental setup, data set, and our
proposed method. Section 4 der.ansuates the results and discussion. Finally, section 5 is the

conclusion of this study.

2. Related works

In many e-nose applications, sensor array optimization and building models for
classification or regression tasks are considered as two main problems. Numerous methods
have been studied to solve the problem of sensor array optimization. As an example, the use of
sensor combination in the several heterogeneous data sets is enhanced by using Genetic
Algorithm (GA) [21], wrapper FSA is built by using heuristic algorithms, and optimization for

multi-objective purposes is employed on larger heterogeneous data sets [22]. Furthermore, the



individual sensor weight, continuous value from 0 to 1, in the sensor array is analyzed using
particle swarm optimization (PSO) dan GA combination to detect wound infection. However,
there is no reduction in sensor number [23]. The other study discusses sensor optimization in
tea quality detection [24]. The classification rate increases higher than 3% that can reduce the
sensor array from 30 to 14 even up to 7 sensors. The optimization of sensor array, in this case,
was solved using filter-based FSAs. Furthermore, the number >” sensor array reductions is up
to 5 sensors using analysis of variance (ANOVA). The advan.age >f the low number of sensors
Is more accurate in predicting the period to store wheat 75, !, a different study case, ANOVA
combined with Wilks statistic and loading analysis ¢ cre: se up until 6 gas sensors [26]. Wilks
statistic method is used to classify wound n’ection diagnosis [27] and vinegar [28].
Furthermore, sensor array optimization t2 ~la_sify black tea using rough-set is studied [29].
This method can lower up to 4 gas sensors “vhile maintaining its accuracy. The other idea to
reduce the number of sensor array is ar..'vzing feature selection algorithm based on filters [30].
The beef quality classification c. e uses a fast correlation filter-based to find the optimum gas
sensor combination [31]. Thi. method can decrease up to 4 gas sensors. This method is
combined with neural n>twc ks [32] and random forest [33] to pick gas sensors. Moreover,
cluster analysis is used in .he subarray of gas sensor minimization [34]. Gas sensor selection in
the indoor air contaminants was done by using linear discriminant dan kernel principal
component [35]. This method can reduce one of the four gas sensors. In the other case,
regression task performance is improved by using non-searching FSA [36]. Furthermore, the
use of a sensor array in the strawberry freshness selection has been optimized by using a
response surface [37]. Nearly all studies state that a lower number of gas sensors increases

system performance. On the other hand, principal component analysis (PCA) has been used in



many e-nose applications and meat spoilage detections [8,26,38-41]. It was reported for
favorable results. However, PCA is utilized for data dimensional reduction. Hence, the number

of sensors is actually not changed.

Ensemble methods have been implemented in various areas. The combination of long-short
term memory (LSTM) neural network with bagging ensemble learning shows the effectiveness
to improve forecasting accuracy [42]. In the medical field, ensei~hle classifiers were utilized
for arrhythmia detection based on ECG signals with 92.27v, of classification accuracy in
detecting 17 arrhythmia classes [15]. Moreover, severa. ensemble methods are implemented
and evaluated to predict diabetes mellitus type 1 [431. wrthermore, the Ensemble method was
also used for air quality prediction. The experin <nt| results show that it outperforms a single
model [17]. For sound recognition, an r.nse nble classifier has been reported as an effective
way to improve the accuracy score ot 'assification by using a selected feature subset in feature
selection [44]. Furthermore, the enselable concept was not only utilized for learning purposes
but also for feature selection. T e siability issue is a major reason why ensemble FSA needs to
be developed. Several stua.>s #1so demonstrate the effectiveness of ensemble FSA for high
dimensional data [1,'5,2%2]. Ensemble FSA is recommended to build more robust, more
stable, and more accurate than a single FSA [47-49]. It still becomes a hot topic in machine
learning researches [18]. In the e-nose community, only a few studies have discussed the
implementation of ensemble concept. For example, the Adaboost model was used to identify
Chinese herbal medicine [50]. The experimental results show that it produces better
performance than a single classifier. Moreover, the soft-voting approach as an ensemble
approach was employed to estimate several odor classes and concentrations [51]. Multivariate

logarithmic regression, multilayer perceptron, and support vector machine (SVM) were



combined for the approximation model. Also, boosting method was reported to classify two
groups of coffee based on an e-nose data set [52]. The application of ensemble learning was
demonstrated for classification and regression tasks for beef quality assessment. It used SVM
as a base classifier and regressor [53]. SVM was also used to recognize air contaminants as a
base classifier for ensemble [16]. The results show that ensemble classifier can significantly
improve recognition accuracy and get better generalizations tha. a single classifier. In addition,
ensemble classifier was potentially used to compensate for ga= set sor drift [54]. These existing
studies demonstrate the potential implementation of ense n.'= :nethod in e-nose data. However,
these applications are quietly limited to build clasc fica:ion or regression models. Different
from them, our study proposed an ensemble ¢pj.0ach not only to build a classification or
regression model but also to determine thZ hes: sensor combination in the sensor array using

ensemble FSA.

3. Materials and methods

3.1 Experimental setup and.' Drxa sets

The detailed compo:e~ts 27 the proposed e-nose box can be seen in FIGURE 1. This box
consists of two chambers. In the first chamber, the sensor box contains 11 gas sensors and the
detailed specification of them is shown in Table 1. In the second chamber, the control box
contains a wireless communication module. Each minute, the gas sensor signal from the box is
sent to the workstation. Raw data is stored continuously for about 2220 minutes in each
experiment round. This duration represents the beef quality from fresh or excellent to spoiled.
The mechanism to neutralize each round is needed. The first step is flushing both chambers in

the e-nose box by using a high-speed fan. The second step is to leave the box for about 3 to 6



hours to remove any lingering odor residue caused by previous experiments. Each beef cut
measurement is about 2220 points, so the total is 26640 from 12 types of beef cut. The weight
of meat observed for each scenario was the same, that is 125 grams. It consists of various types
of beef cut such as clod/chuck, fat, round, brisket, top sirloin, short loin, tenderloin, flap meat,
rib eye, inside/outside, skirt meat, and shin. The difference in beef quality is known by using
the total number of bacteria inside the beef cut. Therefore, queification of optical density by
using a spectrophotometer with 1000x dilution is impleme~ted Furthermore, the microbial
population inside beef cut is known by using a herior#umeter. The integration among
classical and two-hour methods construct the experir. ent 55]. The baseline to standardize beef
quality is based on four sensory classes accuiiing to total viable count (TVC) by the
Agricultural and Resource Management CZonc.' of Australia and New Zealand. The detail for
each standard can be seen in Table 2 [56). Based on those characteristics, this case can be
classified as homogenous data sets. A .. inentical pattern of the result is the reason. However,
fluctuations in humidity levels nroudce noise that obscures the pattern. Furthermore, the
stability of the result depends ~n the small sample size and variance of the feature selection
algorithm [49]. Therefor 3, th 2 experiment of e-nose in beef quality monitoring produces data
sets that have several ch-.racteristics such as noisy, homogenous, and nearly low dimension.
Noisy data means obscurity because of humidity’s fluctuation in the sample chamber. This
topic has been solved by the noise filtering framework [57,58]. The homogenous data sets
mean different analyses to the data sets but in the same environment. Moreover, data
dimension plays important role in the number of sensors used in the experiment. Eleven gas
sensors generate eleven features that can be classified as low. Nevertheless, the sensor’s

number in the sensor array eventually be a sensitive topic in the optimization problem. The



higher number of sensors used lead to higher electrical consumption, data storage/traffic, and

production cost. In this experiment, twelve data sets are used. It reflects twelve number of

variance meat’s cut produce 26640 measurement points. This value is acceptable in dealing

with small data set problem. In addition, using a different variant of sensor combination to

monitor different meat cuts will need more effort in building each variant of the sensor array.

Therefore, one solution to deal with sensor array optimiza.'sn problems is assessing the

stability of FSA. The data sets used in this experiment can be ‘oun i at [59].

Table 1. Gas sens/r ., specification

Gas

sensor Se'ectivity

Detectio

n Range

Alcohol, i-butane, hydrogen, liquefied petroleum gas (LPG), smoke,
MQ2
methane, propane,

200 —
5000
pPpm
LPG
and
propane,
300 -
5000
ppm
butane,

5000 —




20000
ppm
methane
, 300 —
5000
ppm H2,
100 —
2000

ppm

alcohol

MQ3

Alcohol, methane, benzine, LPG, carbon monoxide, hexane

25-500

ppm

alcohol

MQ4

Methane

300-
10000
ppm
natural
gas/

methane

MQ5

Alcohol, carbon monoxide, hydrogen, LPG, methane

200 —

10000

ppm

MQ6

Iso-butane, Propane, LPG,

300 —




10000

pPpm

100 -

MQ8 Hydrogen 10000

ppm

20 -
2000
pPpm
carbon
monoxi
de, 500
MQ9 | Carbon monoxide, methane, ana ~ropane — 10000
pPpm
CHa,
500 —
10000
pPpm

propane

10— 300
ppm
NHa, 10
1000

ppm
benzene,

MQ135 | Alcohol, ammonia, benzene, carbon dioxide, smoke, NOx




10 - 300

ppm
alcohol

MQ136

Hydrogen sulfide

1-200
ppm

MQ137

Ammonia

5-500
ppm

MQ138

Alcohols, aldehydes, ketones

10-
1000
pPpm
benzene,
10-
1000
ppm
alcohol,
10 -
3000

ppm
NH3

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

7 able 2. The standard of beef quality

Class TVC (logyo cfu/g)
Excellent <3
Good 3-4
Acceptable 4-5
Spoiled >5




FIGURE 1. E-nose haruware prototype

3.2 Proposed method
The proposed method is described ir “IGUJRE 3. A more detailed explanation of the proposed

method can be explained as follovs.
1. Noise Filtering

Commonly, e-nose siyals are contaminated with noise caused by internal and external
sources. Hence, there is necessary to reduce noise level before further processes are conducted.
In this study, discrete wavelet transform (DWT) was used and the best-suited parameters were
adjusted by using noise-filtering framework [58] and information quality ratio (IQR) [60].

Wavelet decomposition level is determined by the following rule:

Fsample Fsample
Jlevel+1 < Fenar = 2level (1)

where Fcpar, Fsample.level are frequency characteristic, frequency sampling, and decomposition



level, respectively. For mother wavelet (MWT) selection, the selected scaled MWT is

determined by the largest IQR value between a particular reconstruction signal yij (t) and an
original signal x;(t). The scaled MWT for each signal (y; ((t — 2%iw;)/2%) is affected by the
translation parameter (w;) and the scaling parameter (v;) associated with wavelet
decomposition. Where, i and j are the index of the signals and the index refers to the MWT
used to reconstruct the signal, respectively. Thus, the scaled bec. suited MWTs for each signal

can be associated with argument maxima of IQR function:

P ((t — 2%iw;)/2) = ar g2 {IQR (x,(8), ¥] ()} 2
where,

Yxext) Lyey) Py)logz (0 (x.y))

x,y, p(x,y), p(x), p(y) are elem2r.c . original signal, element of reconstructed signal,
joint probability of x and y, n.orginal probability of x, and marginal probability of y,
respectively. FIGURE 2 show: the e-nose signal sample after the noise filtering process is

applied.
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FIGURE 2. Sample of e-nc.e . ign.ls after the noise filtering process

2. Feature selection algorithms

In this experiment, twelve humogeneous data sets correspond to twelve different beef cuts
were used. Three filter-b aseu FSAs are used such as reliefF, chi-squared, and Gini index. They
have been investigated as :he most stable algorithms for these e-nose data sets according to our

previous experiment [13].
ReliefF

The idea of ReliefF is to judge how well certain features differentiate between examples that
are close to each other. ReliefF looks for its two closest neighbors: one from the same class,
called the nearest hit H, and the other from a different class, called miss M based on randomly

selected instances [. The score for quality estimation of feature X;, can be formulated by



l
1 1 1 ratio
KReliestcore(Xﬂk) = Ez <_h_ Z d(xjk - xrk) + m_”}% Z d(xjk - x‘rk))

=1 ) xr€NH; y#Y; xrENM jy,

, (4)

where ¢, NH;, NM;,, are the number of classes, the nearest instance of x; in the same class, and

in class y, respectively. h;, m;,, ratio,, are size of NH;, size of NM;,, ratio of instances in

]y

class y, respectively [61,62].
Chi-squared

The chi-squared feature selection performs an indep.nde ice test to assess whether the feature
depends or not on the class label. A high chi-scue.e score indicates that a feature is relatively
important. Given a particular feature f; w.u. n Jifferent feature values, chi-squared value can

be computed by

(=)
cau_squared(Xy) = Xig Xioq ]M—ijj, )

where m;; denotes the number of instances with the i" feature value from feature X,.

Furthermore, ;; = —— = where m;, is the number of instances with j feature value from
Uij m J

feature X,. m,; is the number of instances in class ¢ [63].
Gini index

Gini index is used as a statistical measure to calculate if a feature is capable to separate

instances from different classes [62,64]. Gini index can be formulated by

gini_index(X,) = ming (p(Z) (1 — Y51 P(lez)z) +p(2) (1 —2j-1 p(lez_)Z»’ (6)



where Z, Z are the set of instances that the feature value smaller or equal to the i feature value
and larger than the i™ feature value, respectively. In addition, p(.) and p(.].) denote

probability and conditional probability, respectively.
3. FSA aggregator

Each feature is weighted by their ranking in m data sets Ds = “Ds;, Ds,, ..., Ds,,}. All of these
data sets have the n number of feature set F = {fi, 5, .... fn4. Then, FSAs are applied to
determine the feature rankings in each data set by using a ‘wveirjhted appearance of feature. For
instance, a weighted appearance feature aggregatior (\WAFA) of feature f in data set Ds

(wps,r) can be formulated as follows [20]:

\—Twikpgs r+1

Wps, = retkosrtt (7)

n

where, rankp, denotes the rank of 1oature f in data set Ds. The minimum weight value

equals to % if using FSAs with tre some cardinality. The frequency with which they appear in
the top ranking will result . a higher weight which makes the feature more likely to be
selected. In this experime.nt, ‘hree FSAs are used such reliefF, chi-squared, and gini index. The
number of feature inputs is twelve and these FSA outputs are feature ranking from 1 to 12.
Hence, they have the same cardinality. The selected features are determined using the
aggregation rule. Thus, the weighted appearance of features matrix (W) produced by a
particular FSA from data sets Ds can be computed by

w(Ds, f)1 [ZDs=1Wbs,f,
w = [wDs, )| = [Z5s=1Wbsp, 8

w(Ds, f1) 2 Ds=1Wbs f,



Hence, we have 3 x 12 weight matrix from three FSAs and twelve features. Moreover, for the
FSA aggregator, the average weight values for every FSA need to be calculated. W54 denotes
a weight matrix obtained from an average of every row.
=1 w4(D, f1)
wksa = § x | Zima wr4(D, f) 9)
WAL %)
The final selected features Y according to a weight mat=ix 17“S4 can be obtained by this

following rule
wrsA 5y = {vf; € Y|ZSL, w*4(Ds, f;) > WA}, (10)
Therefore, when Wf]s > WFs, afeature f be.omes a member of the selected feature subset.

4. Learning algorithms

In this experiment, several maci.'ne learning algorithms were employed to perform both
classification and regressicn ta.<s. Classification tasks were performed to differentiate four
beef sensory classes nc.'ding excellent, good, acceptable, and spoiled. Moreover, learning
algorithms were also uscd to predict the microbial population in the beef sample as regression
tasks. To test the selected sensor, SVM and decision tree (DT) were utilized as a single
classifier and regressor. Furthermore, ensemble machine learning approaches were also
employed including bagging and boosting algorithms. Bagging stands for bootstrap
aggregation. This approach combines multiple estimators in a mechanism to reduce the
variance of estimates. Random forest is used as a bagging algorithm to train M different DT on

different subsets of data and perform voting for the final prediction result. Boosting algorithm



consists of a set of the low accurate estimator to build a highly accurate estimator. Boosting
algorithms can track models that fail to predict accurately. It is less affected by the overfitting
problem. In this experiment, an adaptive boosting (AdaBoost) algorithm is utilized. To
determine the best parameters of each learning algorithm, a grid search is performed. Before
the learning process is also performed, min-max normalization is utilized as a feature scaling

method. Learning algorithms and grid search parameters are de.onstrated in Table 3.

Table 3. Learning algorithms and grid sc.ci. parameters

Learning Grid search parameters
algorithms
SVM regularization parameter ‘C)=|1, 10, 100, 1000],

gamma=[0.01, 0.00x, ".0001],

kernel = radial k2sis function (RBF)

DT criterion=[a.ni, ~ntropy],
maximum v ~e depth=[5, 10, 15],
miricm number of sample to split=[0.1, 1.0, 10],

minsmum leaf=[0.1, 0.5, 5]

RF the number of trees in the forest =[50, 100, 150, 200],
criterion=[gini, entropy],

maximum tree depth=[5, 10, 15],

minimum number of sample to split=[0.1, 1.0, 10],

minimum leaf=[0.1, 0.5, 5]

AdaBoost the maximum number of estimators at which boosting is




terminated=[50, 100, 150, 200],

learning rate=[0.1,0.2,0.3]

5. Evaluations

Evaluations are also performed for both classification and regression tasks. For multiclass

classification, several performance metrics are used such as accuracy, precision, recall

(sensitivity), true negative rate (specificity), and F-measure score. They are computed as

macro-average to treat all classes equally. These metrics v.n we computed by the following

equations:

F —measure = 2 X

tp+tr
tp+'n+,P+fn

accuracy =

tp
tp+fp

precisior =

recal - -——
tp+fn

tn
tn+fp

recificity =

precision+recall

precisionxrecall

(11)

(12)

(13)

(14)

(15)

where, tp,tn,fp,fn are true positive, true negative, false positive, and false negative,

respectively. Furthermore, for regression tasks, mean squared error (MSE), R-squared (R?),

bias factor (By), and accuracy factor (As) are used as performance metrics. MSE is used to

measure the error between actual and predicted values. R? is utilized to know how much




predicted values produced by the regression model can represent the parts of the variance of
the actual values. The bias factor indicates whether the prediction result is under or over the
estimate of the actual value. By equal to 1 indicates an unbiased prediction. B > 1 means that
the prediction result is higher than the actual value (overestimate) and vice versa The accuracy
factor measures the accuracy of the regression model. The value of A is equal to or greater
than one. If the value is greater than one, the prediction results .= less accurate [65]. They can

be mathematically expressed as follows:

MSE(a,p) = 37, (a, — 7.2 (16)
R?(a,p)=1-— %:(a—a‘%z (17)
By(a,p) = ea, [Ha0n@)nw0) (18)
A ey | [Pt (19)

where a and p mean actLal ar d prediction values.

2. FSAs
s I e
[}
0
< Ensemble Approach '
“— '
(0] '
2] 1. Noise 3.FSA 4. Ensemble | ¢
e 2 ;
& Filtering Chi-square e models -E—P 5. Evaluations
o '
[ ]
-------------------------------- 9
Gini Index

FIGURE 3. Proposed method



4. Results and discussion

In this section, the experimental results including feature selection, classification, and
regression results are discussed. First, the results from three conventional FSAs are used
and aggregated to build an ensemble FSA. FIGURE 4 sho.'s the WAFA score of ReliefF.
The selected sensors represented by the feature subset cve ¢2termined based on features
with scores higher than the average score. According to *h7 aggregation results from twelve
homogeneous data sets, the selected sensors arc M( 136, MQ137, MQ3, MQ5. With the
same mechanism, FIGURE 5 denotes the (e.ult of chi-square with selected sensors is
MQ136, MQ137, MQ3, MQ4, MQ5. >."arcnver, the recommendation of selected sensors
based on Gini index is shown by FIGURKZ 6 such as MQ135, MQ137, MQ4, MQ5. Finally,
using the soft voting mechanicm €or result aggregation, the proposed Ensemble FSA
produces selected sensors suc as w1Q136, MQ137, MQ3, MQ4, MQ5. The result summary
of sensor array optimizaticn s also shown in Table 4. For this data set, these five gas

sensors are recomme dec to be used for classification and regression tasks.
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Table 4. Selected sensors based on several FSAs

ReliefF | Chi-Square | Gini Index | Ensemble FSA




MQ 136 | MQ 136 MQ 135 MQ 136

MQ 137 | MQ 137 MQ 137 MQ 137

MQ 3 MQ 3 MQ 4 MQ 3
MQ 5 MQ 4 MQ 5 MQ 4
MQ 5 MQ 5

After ensemble FSA is performed for sensor array optimi.ation, the next step is using
the selected sensors for classification and regression wo%s. To built classification and
regression models, data set is randomly divided into aining data (70%) and testing data
(30%). Hence, the number of instances for training «d testing data are 18648 and 7992,
respectively. Furthermore, the experiment was ¢*7ic2d into two scenarios are using all sensors
and using optimized sensors from the result of ensemble FSA in the previous step. Using all
sensors means machine learning algorn."ms use 11 input features from 11 sensors. On the other
hand, using optimized sensors refers t t1e utilization of 5 sensors as the output from Ensemble
FSA. These scenarios aim to i 7esu Jate the effect on machine learning algorithm performance
associated with the use of (>wer sensors. Classification tasks are performed to classify four
sensory classes of beer. Fu.wermore, the microbial population is predicted as regression tasks.
For these tasks, single models are employed such as support vector machine classifier (SVC),
support vector regression (SVR), and decision tree. In this experiment, two types of ensemble
learning algorithms are also utilized such as random forest as bagging and AdaBoost as a
boosting approach. Table 5 demonstrates the comparison of classification performance.
Ensemble methods have superior performances than single classifiers. SVC gets a higher
impact if using optimized sensors. For example, the accuracy score decreases from 0.9970 to

0.9779. Using all sensors, decision trees and random forests have a comparable performance



for classification tasks. Basically, the decision tree has better performance than SVC. The good
news is decision tree classifier can be potentially used as a base estimator to build ensemble
methods. The impact of more trees is felt when the number of features is reduced. Random
forest surpasses decision tree when using optimized sensors. The F-measure score shows
0.9966 for decision tree and 0.9974 for random forest. For accuracy, it also produces a better
score with 0.9982 against 0.9977. Adaboost has the best peri>*mance both using all sensors
and using optimized sensors according to precision, recall, sp ‘cifi ;ity, f-measure, and accuracy
values. Using optimized sensors, the performance of all 1nachi.ie learning algorithms is slightly
lower than using all sensors according to precision, :~cal specificity, f-measure, and accuracy
score. Normally, this effect is due to fewer featv.e: being used as predictors. This effect can be
compensated by using ensemble methel>  ('sing optimized sensors, ensemble learning
algorithms have the best performance with 1.9982 of classification accuracy. In general, the
experimental results show a stable n:.ch'ne learning algorithm performance. In other words,
performance does not really dec.»ase when using a smaller number of sensors from the result
of ensemble FSA. This shov's that the ensemble approach has good performance and

generalization in e-nose . igne | processing.

Table 5. Comparison of classification results

Classifiers precision | recall | specificity | £ measure | accuracy
SVC using all sensors 0.9959 | 0.9949 0.9970 0.9954 0.9970
SVC using optimized sensors 0.9672 | 0.9606 0.9779 0.9638 | 0.9779
Decision Tree using all sensors 0.9986 | 0.9979 0.9987 0.9983 | 0.9987
Decision Tree using optimized sensors 0.9972 | 0.9960 0.9977 0.9966 0.9977
Random Forest using all sensors 0.9984 | 0.9980 0.9987 0.9982 | 0.9987
Random Forest using optimized sensors 0.9977 | 0.9970 0.9982 0.9974 0.9982
AdaBoost using all sensors 0.9989 | 0.9982 0.9990 0.9986 | 0.9990




| AdaBoost using optimized sensors \ 0.9979 \ 0.9971 0.9982 0.9975 \ 0.9982 \
Table 6 shows the comparison of regression performance to predict the microbial population in

the beef sample according to MSE and R? score. Similar to classification tasks, SVR has the
lowest performance with MSE = 0.0102 and R?=0.992 when using all sensors and it was worse
when using optimized sensors with MSE = 0.037 and R?=0.9711. Decision tree produced better
results than SVR even though it uses optimized sensors (MSE = 0.0032 and R?=0.9975), which
means it also can be potentially utilized as a base regrez.or for the ensemble method.
Furthermore, random forest and Adaboost regressors wit!i a 'ecision tree as a base estimator
are used. The utilization of these ensemble methrZs . an significantly give performance
improvement on regression tasks, especially wher us.ng optimized sensors. For instance,
random forest reduces MSE value (0.0032 beco.nzs 0.0012) as well as increases R? (0.9975
becomes 0.9991) when compared by « drcision tree. Adaboost regressor also produces a
satisfactory performance even thouan 'ising optimized sensors with MSE = 0.0005 and
R?=0.9996. This result is better *'.2n _sing all sensors MSE = 0.0006 and R?*=0.9995. These
performances can be also visuclly observed in FIGURE 8. Compared with FIGURE 8 (a),
FIGURE 8 (b) shows the neifzrmance degradation of SVR when using a smaller number of
sensors. The decision L 22 has better performance even though it has quite a big mistake at
some point when using optimized sensors as shown in FIGURE 8 (c) and (d). FIGURE 8 (e)
and (f) show that the random forest algorithm as bagging ensemble method gets smoother
prediction. Furthermore, Adaboost produces the best prediction when using both all and an
optimized number of sensors. The prediction can smoothly follow the line of equity (x=y) as

shown in FIGURE 8 (g) and (h).

Table 6. Comparison of regression results



Regressors MSE | R’ B; Ay

SVR using all sensors 0.0102 | 0.992 | 0.9998 | 1.0261
SVR using optimized sensors 0.037 | 0.9711 | 0.9972 | 1.0467
Decision Tree using all sensors 0.0011 | 0.9992 | 1.0000 | 1.0104
Decision Tree using optimized sensors | 0.0032 | 0.9975 | 0.9998 | 1.0173
Random Forest using all sensors 0.0005 | 0.9996 | 0.299y, | 1.0070
Random Forest using optimized sensors | 0.0012 | 0.9991 ‘ 1.2998 | 1.0108
AdaBoost using all sensors 0.0006 | 0.2275 I 0.9999 | 1.0070
AdaBoost using optimized sensors 0.0005 | C.999v | 0.9999 | 1.0063
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FIGURE 8. (a) SVR with all sensors; (b) SVR with optimized sensors; (c) DT with all
sensors; (d) DT with optimized sensors; (e) RF with all sensors; (f) RF with optimized

sensors; (g) AdaBoost with all sensors; (h) AdaBoost with optimized sensors

5. Conclusions

This study demonstrates an ensemble machine learning =approach for e-nose signal
processing. For sensor array optimization, ensemble FSA 1. ~raployed to determine the best
combination of the gas sensor in the sensor array. T. = uuiization of ensemble FSA aims to
make sure generalization of gas sensor combinatiu znd avoid unstable results when using
single FSA on homogeneous data set. Furtt e»more, ensemble learning algorithms such as
bagging and boosting are used to imp’ove the performance of a single learning algorithm in
classification and regression tasks. According to the experimental results, decision tree can
produce better results than SVC, Vi< with 0.9987 of classification accuracy and 0.0011 of
MSE. Hence, it is prospe.tiv> to be used as a base estimator for ensemble learning.
Decision tree algorithm. is L.ed as a base estimator for the random forest as the bagging
algorithm and Ar'chocst s boosting algorithm. Ensemble learning algorithms are superior
to single learning alyorithms in e-nose data set for both using all sensors and an optimized
number of sensors. The best results can be obtained by Adaboost in that it has a comparable
result when using all sensors and optimized sensors. In classification tasks, Adaboost got
0.9990 and 0.9982 of classification accuracy when using all sensors and optimized sensors,
respectively. Moreover, in regression tasks, it only got 0.0006 and 0.0005 of MSE when
using all sensors and optimized sensors, respectively. Performance doesn't really drop when

using a smaller number of sensors using the FSA ensemble results. This shows that the



ensemble approach has good performance and generalization in e-nose signal processing.
Hence, it can be potentially used for e-nose signal processing. For future works, more

advanced boosting algorithms will be developed, especially for e-nose signal processing.

CRediT authorship contribution statement

Dedy Rahman Wijaya: Conceptualization, Methodology, Softw e, Validation, Formal
analysis, Investigation, Resources, Data curation, Writing - ot ain: I draft, Writing - review &
editing, Visualization.

Farah Afianti: Resources, Writing - Review & Editirn:' Project administration

Anditya Arifianto: Software, Writing - Review & r diting

Dewi Rahmawati: Funding acquisition

Vassilis S. Kodogiannis: Validation, Writiny - Review & Editing

Acknowledgments
This research was funded by 1 >lkom University and Institut Teknologi Telkom Surabaya. The
authors would like to hani: the Laboratory of Microbiology, Institut Teknologi Sepuluh

Nopember for microbial ropulation measurements.



References

[1]

(2]

3]

[4]

(5]

(6]

[7]

W. Wojnowski, T. Majchrzak, T. Dymerski, J. Gebicki, J. Namiesnik, Electronic noses:
Powerful tools in meat quality assessment, Meat Science. 131 (2017) 119-131.
doi:10.1016/j.meatsci.2017.04.240.

D.R. Wijaya, R. Sarno, E. Zulaika, S.l. Sabila, Development of mobile electronic nose for
beef quality monitoring, Procedia Computer Science. 124.%1 (2017) 728-735.
doi:10.1016/j.procs.2017.12.211.

D.R. Wijaya, R. Sarno, E. Zulaika, DWTLSTM for electronic nose signal processing in beef
guality monitoring, Sensors and Actuators, B: ~hemical. 326 (2021).
doi:10.1016/j.snb.2020.128931.

R. Sarno, D.R. Wijaya, Recent Devc'ar ment in Electronic Nose Data Processing for Beef
Quality Assessment, Telkomnika 1,.1onesian Journal of Electrical Engineering. 17
(2019). doi:10.12928/telkcm, ‘ka.v16i6.10565.

D.R. Wijaya, R. Sarno, T z.'aika, Gas Concentration Analysis of Resistive Gas Sensor
Array, in: 2016 IEFc Ii,“ernational Symposium on Electronics and Smart Devices, IEEE,
Bandung, 2016: pp 337-342. d0i:10.1109/ISESD.2016.7886744.

S.I. Sabilla, R. Sarno, K. Triyana, K. Hayashi, Deep learning in a sensor array system
based on the distribution of volatile compounds from meat cuts using GC—MS analysis,
Sensing and Bio-Sensing Research. 29 (2020) 100371. doi:10.1016/j.sbsr.2020.100371.
K. Timsorn, T. Thoopboochagorn, N. Lertwattanasakul, C. Wongchoosuk, Evaluation of
bacterial population on chicken meats using a briefcase electronic nose, Biosystems

Engineering. 151 (2016) 116-125. doi:10.1016/j.biosystemseng.2016.09.005.



(8]

[9]

[10]

[11]

[12]

[13]

[14]

[15]

R. Sarno, S.I. Sabilla, D.R. Wijaya, D. Sunaryono, C. Fatichah, Electronic nose dataset for
pork adulteration in beef, Data in Brief. 32 (2020) 0-4. doi:10.1016/j.dib.2020.106139.
D.R. Wijaya, R. Sarno, A.F. Daiva, Electronic Nose for Classifying Beef and Pork using
Naive Bayes, in: International Seminar on Sensor, Instrumentation, Measurement and
Metrology (ISSIMM) Surabaya, IEEE, Surabaya, 2017.
doi:10.1109/1SSIMM.2017.8124272.

R. Sarno, K. Triyana, . Sabilla, D.R. Wijaya, D. Sunarvu. .1, . Faticha, Detecting Pork
Adulteration in Beef for Halal Authentication using ~n Optimized Electronic Nose
System, IEEE Access. 8 (2020) 1-15. doi:10.1179,, ~CESS.2020.3043394.

R. Sarno, S.I. Sabilla, D.R. Wijaya, Electronic *.ose for Detecting Multilevel Diabetes
using Optimized Deep Neural Netw. V&, Engineering Letters. 28 (2020).

Hariyanto, R. Sarno, D.R. Wijav~. L ~tection of diabetes from gas analysis of human
breath using e-Nose, in: 201, *1th International Conference on Information &
Communication Techn.'og ' and System (ICTS), IEEE, Surabaya, 2017: pp. 241-246.
doi:10.1109/ICTS. 201,.8265677.

D.R. Wijaya, F. Afia 1ti, Stability Assessment of Feature Selection Algorithms on
Homogeneous Datasets : A Study for Sensor Array Optimization Problem, IEEE Access. 8
(2020) 33944-33953. doi:10.1109/ACCESS.2020.2974982.

P. Ptawiak, M. Abdar, U. Rajendra Acharya, Application of new deep genetic cascade
ensemble of SVM classifiers to predict the Australian credit scoring, Applied Soft
Computing Journal. 84 (2019) 105740. doi:10.1016/j.as0c.2019.105740.

P. Ptawiak, U.R. Acharya, Novel deep genetic ensemble of classifiers for arrhythmia



[16]

[17]

[18]

[19]

[20]

[21]

[22]

[23]

detection using ECG signals, Neural Computing and Applications. 31 (2019).
doi:10.1007/s00521-018-03980-2.

L. Dang, F. Tian, L. Zhang, C. Kadri, X. Yin, X. Peng, S. Liu, A novel classifier ensemble for
recognition of multiple indoor air contaminants by an electronic nose, Sensors and
Actuators, A: Physical. 207 (2014) 67-74. doi:10.1016/j.sna.2013.12.029.

J. Wang, G. Song, A Deep Spatial-Temporal Ensemble Moa.' for Air Quality Prediction,
Neurocomputing. 314 (2018) 198-206. doi:10.1016 ;.. 2ucom.2018.06.049.

V. Bolén-Canedo, A. Alonso-Betanzos, Ensemblesicr feature selection: A review and
future trends, Information Fusion. 52 (2019) 7 -1.. d0i:10.1016/].inffus.2018.11.008.
J. Wang, J. Xu, C. Zhao, Y. Peng, H. Wan.;, ~> ensemble feature selection method for
high-dimensional data based on s+ aggregation, Systems Science & Control
Engineering. 7 (2019) 32—-39. d~i:1 1080/21642583.2019.1620658.

D.R. Wijaya, Information-Tnec vetic Ensemble Feature Selection With Multi-Stage
Aggregation For Senso. Ar, 2y Optimization, IEEE Sensors Journal. 21 (2020) 1-1.
doi:10.1109/jsen.”.02v 3000756.

Z. Xu, X. Shi, S. Lu. ' '1tegrated sensor array optimization with statistical evaluation,
Sensors and Actuators, B: Chemical. 149 (2010) 239-244.
doi:10.1016/j.snb.2010.05.038.

Z. Xu, S. Lu, Multi-objective optimization of sensor array using genetic algorithm,
Sensors and Actuators, B: Chemical. 160 (2011) 278-286.
doi:10.1016/j.snb.2011.07.048.

P.F. Jia, F.C. Tian, S. Fan, Q.H. He, J.W. Feng, S.X. Yang, A novel sensor array and



classifier optimization method of electronic nose based on enhanced quantum-
behaved particle swarm optimization, Sensor Review. 34 (2014) 304-311. doi:Doi
10.1108/Sr-02-2013-630.

[24] B. Shi, L. Zhao, R. Zhi, X. Xi, Optimization of electronic nose sensor array by genetic
algorithms in Xihu-Longjing Tea quality analysis, Mathematical and Computer
Modelling. 58 (2013) 746—-752. doi:10.1016/j.mcm.2012.1. 029.

[25] H.Zhang, J. Wang, X. Tian, H. Yu, Y. Yu, Optimizatior. .{ sensor array and detection of
stored duration of wheat by electronic nose, Jor'rrio! of Food Engineering. 82 (2007)
403-408. doi:10.1016/j.jfoodeng.2007.02.005.

[26] H.Wu, T.L. Yue, Z. Xu, C. Zhang, Sensor ari.;, optimization and discrimination of apple
juices according to variety by an eiw.~*ronic nose, Analytical Methods. 9 (2017) 921—
928. d0i:10.1039/c6ay02610a

[27] H.Sun, F.Tian, Z. Liang, T. sui., B. Yu, S.X. Yang, Q. He, L. Zhang, X. Liu, Sensor Array
Optimization of Electrc~ic [ lose for Detection of Bacteria in Wound Infection, IEEE
Transactions on Ir dus. rial Electronics. 64 (2017) 7350-7358.
doi:10.1109/TIE.20.7.2694353.

[28] Y.Yin, H.Yu, B. Chu, Y. Xiao, A sensor array optimization method of electronic nose
based on elimination transform of Wilks statistic for discrimination of three kinds of
vinegars, Journal of Food Engineering. 127 (2014) 43-48.
doi:10.1016/j.jfoodeng.2013.11.017.

[29] A. Kumar bag, B. Tudu, J. Roy, N. Bhattacharyya, R. Bandyopadhyay, Optimization of

Sensor Array in Electronic Nose : A Rough Set-Based Approach, IEEE Sensors Journal. 11



(30]

[31]

[32]

[33]

[34]

[35]

(36]

(2011) 3001-3008.

P. Saha, S. Ghorai, B. Tudu, R. Bandyopadhyay, N. Bhattacharyya, Optimization of
sensor array in electronic nose by combinational feature selection method, 2012 Sixth
International Conference on Sensing Technology (ICST). (2012) 341-346.
doi:10.1109/1CSensT.2012.6461698.

D.R. Wijaya, R. Sarno, E. Zulaika, Sensor array optimization “or mobile electronic nose:
Wavelet transform and filter based feature selectio”. .2vioach, International Review
on Computers and Software. 11 (2016). doi:10.15576/irecos.v11i8.9425.

P.M. Szecéwka, a. Szczurek, B.W. Licznerski, Cn 1 'iability of neural network sensitivity
analysis applied for sensor array optimi.auc:, Sensors and Actuators B: Chemical. 157
(2011) 298-303. doi:10.1016/j.sn. 11.03.066.

G. Wei, J. Zhao, Z. Yu, Y. Feng, = L, X. Sun, An Effective Gas Sensor Array Optimization
Method Based on Random Fo.=st, in: Proceedings of IEEE Sensors, IEEE, New Delhi,
2018: pp. 1-4. d0i:10.170y,'ICSENS.2018.8589580.

S. Zhang, C. Xie, D Ze: g, H. Li, Y. Liu, S. Cai, A sensor array optimization method for
electronic noses wi.h sub-arrays, Sensors and Actuators, B: Chemical. 142 (2009) 243—
252. doi:10.1016/j.snb.2009.08.015.

L. Zhang, F. Tian, G. Pei, A novel sensor selection using pattern recognition in electronic
nose, Measurement. 54 (2014) 31-39. doi:10.1016/j.measurement.2014.04.005.

K. Xu, J. Wang, Z. Wei, F. Deng, Y. Wang, S. Cheng, An optimization of the MOS
electronic nose sensor array for the detection of Chinese pecan quality, Journal of Food

Engineering. (2017) 1-7. doi:10.1016/j.jfoodeng.2017.01.023.



[37]

[38]

[39]

[40]

[41]

[42]

[43]

M. Ghasemi-Varnamkhasti, A. Mohammad-Razdari, S.H. Yoosefian, Z. Izadi, G. Rabiei,
Selection of an optimized metal oxide semiconductor sensor (MOS) array for freshness
characterization of strawberry in polymer packages using response surface method
(RSM), Postharvest Biology and Technology. 151 (2019) 53-60.
doi:10.1016/j.postharvbio.2019.01.016.

H.G. Moon, Y. Jung, S.D. Han, Y.S. Shim, W.S. Jung, T. Lee, = Lee, J.H. Park, S.H. Baek,
J.S. Kim, H.H. Park, C. Kim, C.Y. Kang, All villi-like me’.a. 2xide nanostructures-based
chemiresistive electronic nose for an exhaled brea. analyzer, Sensors and Actuators,
B: Chemical. 257 (2018) 295-302. doi:10.101€j.s, ©.2017.10.153.

G. tagdd, S.M. Duda, D. Majerek, A. Szi.ct, ... Dothariczuk-Srédka, Application of
electronic nose for evaluation of wo< .ewater treatment process effects at full-scale
WWTP, Processes. 7 (2019). dri-1c 3390/pr7050251.

L. Dutta, C. Talukdar, A. Hzzai:*a, M. Bhuyan, A Novel Low Cost Hand-Held Tea Flavor
Estimation System, IEEC Ti.nsactions on Industrial Electronics. 0046 (2017) 1-1.
doi:10.1109/TIE.2 )17.2772184.

V.S. Kodogiannis, A pplication of an Electronic Nose Coupled with Fuzzy-Wavelet
Network for the Detection of Meat Spoilage, Food and Bioprocess Technology. (2017).
doi:10.1007/s11947-016-1851-6.

S. Sun, S. Wang, Y. Wei, A new ensemble deep learning approach for exchange rates
forecasting and trading, Advanced Engineering Informatics. 46 (2020) 101160.
doi:10.1016/j.aei.2020.101160.

K. Saiti, M. Macas, L. Lhotskd, K. Stechovd, P. Pithovd4, Ensemble methods in



[44]

[45]

[46]

[47]

[48]

[49]

(50]

combination with compartment models for blood glucose level prediction in type 1
diabetes mellitus, Computer Methods and Programs in Biomedicine. 196 (2020).
doi:10.1016/j.cmpb.2020.105628.

S. Zhao, Y. Zhang, H. Xu, T. Han, Ensemble classification based on feature selection for
environmental sound recognition, Mathematical Problems in Engineering. 2019 (2019).
doi:10.1155/2019/4318463.

A. Ben Brahim, M. Limam, Ensemble feature selecti~:, ‘o1 nigh dimensional data: a new
method and a comparative study, Advances in Paw. Analysis and Classification. (2017)
1-16. doi:10.1007/s11634-017-0285-y.

B. Seijo-pardo, V. Bolon-Canedo, A. Alouiso -:tanzos, Using a Feature Selection
Ensemble on DNA Microarray Data ='s, European Symposium on Artificial Neural
Networks, Computational Inte!'ige.~ce and Machine Learning. (2016) 27-29.

S. Nogueira, K. Sechidis, G. Br.'wn, On the stability of feature selection algorithms,
Journal of Machine Lea .3 Research. 18 (2018) 1-54.

U.M. Khaire, R. Dl ana akshmi, Stability of feature selection algorithm: A review,
Journal of King Sau J University - Computer and Information Sciences. (2019).
doi:10.1016/j.jksuci.2019.06.012.

P. Yang, B.B. Zhou, J.Y.-H. Yang, A.Y. Zomaya, Stability of Feature Selection Algorithms
and Ensemble Feature Selection Methods in Bioinformatics, in: M. Elloumi, A.Y. Zomaya
(Eds.), Biological Knowledge Discovery Handbook, John Wiley & Sons, Inc, 2013: pp.
333-352. d0i:10.1002/9781118617151.ch14.

X. Sun, L. Liu, Z. Wang, J. Miao, Y. Wang, Z. Luo, G. Li, An optimized multi-classifiers



[51]

[52]

(53]

[54]

[55]

[56]

[57]

ensemble learning for identification of ginsengs based on electronic nose, Sensors and
Actuators, A: Physical. 266 (2017) 135-144. doi:10.1016/j.sna.2017.08.052.

G. Dagqi, C. Wei, Simultaneous estimation of odor classes and concentrations using an
electronic nose with function approximation model ensembles, Sensors and Actuators,
B: Chemical. 120 (2007) 584-594. doi:10.1016/j.snb.2006.03.017.

F. Masulli, M. Pardo, G. Sberveglieri, G. Valentini, Boosting ~nd classification of
electronic nose data, Lecture Notes in Computer Sci:i.~e (including Subseries Lecture
Notes in Artificial Intelligence and Lecture Notec< ir, Rioinformatics). 2364 (2002) 262—
271. doi:10.1007/3-540-45428-4_26.

F. Mohareb, O. Papadopoulou, E. Pana<ou, Z.-J. Nychas, C. Bessant, Ensemble-based
support vector machine classifiers os an efficient tool for quality assessment of beef
fillets from electronic nose dat~ A.ralytical Methods. 8 (2016) 3711-3721.
doi:10.1039/c6ay00147e.

A. Vergara, S. Vembu, 7 Ayhan, M.A. Ryan, M.L. Homer, R. Huerta, Chemical gas sensor
drift compensatio 1 us.ng classifier ensembles, Sensors and Actuators, B: Chemical.
166-167 (2012) 32')-329. d0i:10.1016/j.snb.2012.01.074.

J.P. Harley, L.M. Prescott, Microbiology 5th ed, Fifth Edit, McGraw-Hill, New York, 2002.
doi:10.1007/s13398-014-0173-7.2.

CSIRO Food and Nutritional Sciences, Vacuum-packed meat : storage life and spoilage,
(2003). http://www.meatupdate.csiro.au/VPmeat-spoilage-storage.pdf.

D.R. Wijaya, R. Sarno, E. Zulaika, Information Quality Ratio as a novel metric for mother

wavelet selection, Chemometrics and Intelligent Laboratory Systems. 160 (2017).



(58]

(59]

[60]

[61]

[62]

[63]

[64]

[65]

doi:10.1016/j.chemolab.2016.11.012.

D.R. Wijaya, R. Sarno, E. Zulaika, Noise filtering framework for electronic nose signals:
An application for beef quality monitoring, Computers and Electronics in Agriculture.
157 (2019) 305—-321. d0i:10.1016/j.compag.2019.01.001.

D.R. Wijaya, Dataset for electronic nose from various beef cuts, Harvard Dataverse.
(2018). doi:https://doi.org/10.7910/DVN/XNFVTS.

D.R. Wijaya, R. Sarno, E. Zulaika, Information Qualit’, .~tiu as a novel metric for mother
wavelet selection, Chemometrics and Intelligent Lo“oratory Systems. 160 (2016) 59—
71. d0i:10.1016/j.chemolab.2016.11.012.

MARKO ROBNIK-"SIKONJA, I. KONONENKC, Tneoretical and Empirical Analysis of
ReliefF and RReliefF, Machine Leai.ir.g. 53 (2003) 23-69.

J. Li, K. Cheng, S. Wang, F. Mor<tai:=r, R.P. Trevino, J. Tang, H. Liu, Feature Selection: A
Data Perspective, ACM Coinp.ting Surveys. 50 (2016). doi:10.1145/3136625.

H. Liu, R. Setiono, ChiZ2. fea:ure selection and discretization of numeric attributes,
Proceedings of th.: Inv >rnational Conference on Tools with Artificial Intelligence. (1995)
388-391. doi:10.1109/tai.1995.479783.

G. C.W.,, Variability and mutability, contribution to the study of statistical distributions
and relations, in: Studi Economico-Giuricici Della R, 1912.

J. Baranyi, C. Pin, T. Ross, Validating and comparing predictive models, International

Journal of Food Microbiology. 48 (1999) 159-166. doi:10.1016/S0168-1605(99)00035-



Journal Pre-proof



CRediT authorship contribution statement

Dedy Rahman Wijaya: Conceptualization, Methodology, Software, Validation, Formal
analysis, Investigation, Resources, Data curation, Writing - original draft, Writing - review &
editing, Visualization.

Farah Afianti: Resources, Writing - Review & Editing, Project administration

Anditya Arifianto: Software, Writing - Review & Editing

Dewi Rahmawati: Funding acquisition

Vassilis S. Kodogiannis: Validation, Writing - Review & Eti.1g



Declaration of interests

[Trhe authors declare that they have no known competing financial interests or personal relationships
that could have appeared to influence the work reported in this paper.

XThe authors declare the following financial interests/personal relationships which may be
considered as potential competing interests:

Dedy Rahman Wijaya reports financial support was provided by Telkom University. Dewi
Rahmawati reports financial support was provided by Institut ~ eknologi Telkom Surabaya.




Highlights:

An ensemble approach for e-nose signal processing is proposed

Ensemble FSA is developed for sensor array optimization

Performance of single, bagging, and boosting algorithms were investigated
Adaboost as a boosting algorithm produces the best results.

Ensemble approach has good performance and generalization



