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ABSTRACT

The E-nose system based on metal oxide semiconductor sensors array is developed and extensively used
for the determination of storage shelf life of guava fruit since harvest in two different storage treatments.
The objective behind this experiment is to check whether the developed e-nose system is able to identify the
ripening pattern of guava during different storage conditions. Two storage treatments were conducted;
one is with paper wrapping and another  is in plastic folded bag. PCA, MLP Feed forward neural network
and fuzzy logic based pattern recognition techniques were used to distinguish the guava fruits with different
storage treatment and storage time. The experimental results suggest that this e-nose system is capable to
classify guava fruits storage shelf life since harvest and it would be a feasible system to be used in a real
scenario.
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Introduction

In recent years, there has been a considerable in-
crease in demand for better quality fruit due to glo-
balization of market. Consequently, it is important
to evaluate fruit maturation stage and storage shelf-
life. Many methods of monitoring maturation and
shelf-life have already been proposed. The main dis-
advantages of these methods are that they are not
practical for cultivars or storage stations, and most
of them require the destruction of the samples used
for analysis. This may be the reason that optimal
harvest date and predictions of storage shelf-life are
mainly based on practical experience (Verma et al.,
2000). Leaving these critical decisions to subjective
interpretation implies that large quantities of fruit
are always harvested too soon or too late and reach
consumer markets in poor condition.

A strategy for evaluating the maturation and
shelf-life consists of sensing the  aromatic volatiles
emitted from fruit by using electronic nose systems
(Benady et al., 1995).

Metabolic changes are mostly due to the follow-
ing four items: post-harvest ripening, respiration,
fermentation and phenolic oxidation (Young et al.,
1996). Aroma is an important food quality attribute.
The aroma of a food product is detected when its
volatiles enter the nasal passages at the back of the
throat and is perceived by receptors of the olfactory
system (Oshita et al., 2000). Concerning the exploita-
tion of the information contained in the heads pace
of fruit, they have been studied in the recent past
with the conventional analytical chemistry equip-
ment, and the correlation between the state of over-
ripening and the fruit aroma has also been found
both in quantitative and in qualitative terms. Be-
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sides, some specific compounds have been identi-
fied to be responsible of the aroma of particular
fruit.

In the last decade, the electronic nose offers a fast
and nondestructive alternative to sense aroma, and,
hence, may be advantageously used to predict the
optimal harvest date and detect storage shelf-life of
tropical fruits like guava adequately.

Some authors reported positive applications of
electronic nose technology to the discrimination of
fruit of different qualities, with oranges (Gomez et al.
2006), tomatoes (Berna et al., 2004), apples (Berna et
al., 2004) and cherry (Nategh et al., 2021), but as yet
few literatures refer to control the fruit maturity in
the shelf-life state.

The objective of this study was to evaluate the
capacity of developed electronic nose in monitoring
the change in VOC production of Guava fruit dur-
ing different storage treatments and storage time, to
prove the discrimination ability of developed elec-
tronic nose statistically using Principal Component
Analysis (PCA) and to design and optimize the pat-
tern recognition module using MLP feed forward
neural network.

Materials and Methods

Origin and collection of experimental material

The Guava (Psidium guajava) fruit of Lucknow- 49
variety is selected for experimentation. The fruit
samples were obtained from the orchard at altitude
504 m, latitude 19.76° north, longitude 74.48° east.
Fruits were selected for uniformity of size, color and
freedom from blemishes. The harvested fruits were
washed under  clean running water and immersed
in a 1% sodium hypochlorite solution at 25°C for 5
minutes for disinfection.

For storage shelf life determination, 30 mature
green guava fruits (about to ripe) were used and
two storage treatments were conducted. For predic-
tion study, 20 fruits of same variety were selected
and harvested from orchard near 1km from the pre-
vious place of orchard and two storage treatments
were conducted.

Storage condition

Two storage treatments were conducted in labora-
tory conditions. One batch of 15 guava fruits storage
conducted in laboratory condition with paper wrap-
ping and placed in cartoon box. The second batch of

15 fruits placed in plastic folded bag storage. The
fruits were stored in a shelf of the laboratory for 8
days at temperature and relative humidity main-
tained at 26 ± 1 °C and 41 ± 5% respectively. The
samples for prediction study also treated with above
method.

Experimental design

The experimental design was completely random-
ized with each fruit treated as an experimental unit.
Each Guava fruit samples removed from storage at
days 0, 2, 4, 6 and 8 (day 2 is the second day since
harvest, day 0 is the picked day) and evaluated us-
ing developed electronic nose system with two sets
of observations for to each fruit sample. Each obser-
vation set consisted of 10 repetitions. For cross vali-
dation, the same treatments were applied for all
guava fruits from the other orchard for 8 day storage

E-Nose system

The complete e-nose system designed, developed
using eight Figaro Inc. made metal oxide semicon-
ductor sensors in our laboratory and all details as
well as procedure for experiment is reported in
other work (Kanade et al., 2014). E-nose was used at
the temperature of 26± 2oC and humidity of 41 ± 5%
during all experiments. Figure 1 below shows the
developed system photograph.

Fig. 1. Developed E-Nose system

The developed electronic nose system consisting
of four functional components that operates serially
on an odorant sample; a fruit sample handler called
as concentration chamber, an array of eight different
nonselective MOS gas sensors positioned into small
measurement chamber, a signal conditioning unit,
DAQ card connected to laptop which has software
GUI for data acquisition and pre-processing pro-
grammed using LabVIEW software.

The developed electronic nose consists of array of
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eight metal oxide semiconductor sensors which are
commercially available from Figaro Inc. Japan. The
MOS sensors conductivity changes due to adsorp-
tion of odor molecules on surface of sensing material
causes subsequent surface reactions. These types of
sensors show a certain degree of affinity towards a
specific odor but are sensitive towards a wide spec-
trum of gases with overlapping sensitivities. Table 1
specifies the gas sensors used in array and their pri-
mary target application gases.

Table 1. Sensors used in E-nose Array and their target
gases

Sensor Sensor Target Gas
No. Model Sensitivity

1,3 TGS2602 VOCs, ammonia, H2S
2 TGS2600 hydrogen, ethanol, etc.
4 TGS2611 Methane
5 TGS2620 Alcohol, Solvent vapors
6 TGS822 Organic Solvent Vapors
7 TGS813 LPG, Methane
8 TGS832 Chlorofluorocarbon

The odor delivery system is most crucial part of the
e-nose system. The purpose of this system is to
transfer the headspace or VOC released by fruit
which is to be analyzed to the gas sensors array. This
has to be achieved with  the maximum possible effi-
ciency without changing the composition of the
headspace. Figure 2 shows the schematic block dia-
gram of e-nose system

The measurements process having  three differ-
ent phases: concentration,  measurement and stand-
by. The fruit sample was placed into an airtight plas-
tic jar called as concentration chamber having vol-
ume of 1L and it was equilibrated for 0.5hr. Prelimi-
nary experiments indicate that the headspace
reached a steady state after 0.5h of equilibration.
Hence experiments were carried out after 0.5 h of
equilibration. The headspace gas was pumped by

using centrifugal air pump with air flow-rate 60 ml/
min through a rubber tube and non-return solenoid
valves into air tight measurement chamber having
0.6 L capacity for 30s. Airflow always kept constant
irrespective of measurement phase. When sensors
exposed by the odorant gas during measurement
phase, it produces a transient response as the
headspace gas react with sensor’s active material.
Then measurement chamber was locked using sole-
noid valves and maintain steady for 60 second to
allow sensors to reach its steady  state condition.

The changes in sensors resistance due to
headspace odor was recorded using computer
programme. The fruit odor was measured by sensor
array for 100 s with the data collection interval was
1 s. All the processes related to measurement are
automatically controlled by software that we devel-
oped using LabVIEW. Samples of each guava fruit
cultivar measured twice as per experimental design.
The acquired sensor response during measurement
was stored in the form of excel sheet for further
analysis. After measurement phase, the measure-
ment chamber was flushed out for 30 seconds using
vacuum pump suction, so as to remove  the odorant
mixture from the surface and bulk of the sensor’s
active material. The main purpose behind flushing is
to clean the measurement chamber, circuits and re-
turn sensors to their baseline. The air flow has been
guided through electronic valves results in clean air
enters the circuit, crosses the measurement chamber
first and sucks the remaining volatiles out of the cir-
cuit  using vacuum pump. The empty concentration
chamber was also cleaned using this process. The
acquired data is in the form of matrix array that con-
tains 8 columns related to eight gas sensors present
in the sensor array and no. of rows related to no. of
data samples. The stored dataset was used for mul-
tivariate statistical as well as neural network analy-
sis.

Data base generation

Data sets were gathered chronologically and stored
in a file represented by Sij, where i indicate storage
type and j indicates day number. The whole exercise
of recording data sets was carried out for eight days,
resulting in the database generation scheme is tabu-
lated in Table 2.

The quality of database generated through ex-
periment was tested using PCA analysis. The PCA
analysis plot shows clear separation between differ-
ent storage days in two different storage treatments.Fig. 2. Schematic of developed E-nose system
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After validation of  dataset the MLP feed forward
NN pattern recognition module was designed and
optimized for identification of storage shelf life of
Guava fruit since harvest.

PARC module design, optimization and training

In this experiment, the MLP back propagation ANN
trained with the Levenberg-Marquardt training al-
gorithm. The training used all the 8 sensors as in-
puts, 10 neurons in the  single hidden layer and
three neurons at output layer. The activation func-
tions used are sigmoid and identity functions at the
hidden and output layer, respectively. Figure 3
shows the optimized neural network architecture.

Lower value of MSE and gradient of trained net-
work indicates appropriate training of the network
hence expect better prediction results from it.

Table 2. Database structure

Storage type Day0 Day2 Day4 Day6 Day8

Paper wrapping S10 S12 S14 S16 S18
Plastic folded bag S20 S22 S24 S26 S28

Fig. 3. MLP NN architecture

ANN Network trained with 2250 data samples
corresponds to 5 storage classes in each storage
treatment (450 data sample for each storage day in
each treatment). 70% percent of the collected data
sets were utilized during the training phase, 15% for
validation and remaining 15 %  for testing. In the
training mode, the normalized features of the data
sets were fed at the input  of the MLP NN. The
trained network was tested for validation batches of
fruits and 1500 data samples were used (300 data
samples correspond to each storage day in each stor-
age treatment). The appropriate parameters is se-
lected / decided for NN as shown in Table 3.

Table 4 shows the structure of input data set for
training, testing and corresponding targets selected
for five ripening classes.

The important training parameters were decided
shown in Table 5. The Important performance pa-
rameter of trained MLP NN is tabulated in Table 6.

Table 4. Input dataset and corresponding target selected

Fruit Input Testing Target
class Data  Data selected

Day0 450x8 300X8 0 0 0
Day2 450x8 300x8 0 0 1
Day4 450x8 300X8 0 1 0
Day6 450x8 300X8 0 1 1
Day8 450x8 300X8 1 0 0
Total data 2250x8 1500X8 2250X3

Table 3. Selected parameters for ANN of storage shelf life

Type of ANN MLP feed forward
back drop

Input data 2250X8
Target 2250X4
Training algorithm Levenberg Marquart
Training function Trainlm
Adaptive learning function Learngdm
Performance function MSE (mean square error)
No. of input neurons 8
No. of output neurons 3
No. of hidden layer 1
No. of neurons in 1st 10
hidden layer
Activation function for Tansig (sigmoid)
hidden layers
Activation function for Identity
output layer

Table 5. Important training parameters

Training data division Random (70% Train, 15%
Validation, 15% Test)

Momentum (mu) 0.001
Learning rate (mu-dec) 0.1
No. of epochs 1500
Goal of MSE 0
Min gradient 1X10-7

Table 6. Important performance parameters of trained
NN

Momentum (mu) 0.001
No. of epoch required for training NN 35
MSE of the trained NN 6.2449 × 10-11

Min. Gradient 7.6667 × 10-8
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Results and Discussion

Figure 4 and 5 shows a typical response of gas as
sensors array during 8 days of storage in paper
wrapped and plastic folded bag respectively.

that in both storage treatments sensors arrays rela-
tive response was slow up to 4th day of storage and
then slowly increases up to 6th day. From 6th day
TGS822 and TGS 832 shows greater response to fruit
volatile. The signals are steady state responses of
sensor array (sensor was given 60 s to reach its
steady state). In the experiment the sensors array
detected the increase in VOC vapor generation as
guava fruit ripened. Since guava fruit shows climac-
teric nature (Abreu et al., 2012), respiration increased
during ripening process.

Radar plot analysis

Figure 6 and 7 shows radar plots for dataset gath-
ered in experiments using e-nose for two storage
treatments respectively.

Fig. 4. Sensors response to storage time of guava fruit in
paper wrapping storage

Fig. 5. Sensors response to storage time of guava fruit in
plastic folded bag

The pre-processed data obtained are the frac-
tional conductance change ratio between G and G0
(sensors conductance in presence of sample gas and
fresh air respectively). Each curve represents the
average signal variation of  45 guava fruits sampling
respectively for one sensor of the array. The sensors
conductance change was observed during various
storage days  since harvest and it is related to the
maturity state that vapors from the fruit reached the
measurement chamber. The result was similar to
those obtained by (Gomez et al., 2008) for monitor-
ing  storage life of tomatoes.

The relative response S= (G-Go/G0) values to
volatiles of guava fruits kept in plastic folded bag
was less than that in storage conducted in paper
wrapping. In both storage treatments the sensors
with minor response to fruit aroma have smaller er-
ratic behavior during the experiment. It is inferred

Fig. 6. Radar chart analysis for guava fruit stored with
paper wrapping

Fig. 7. Radar chart analysis for guava fruit storage in
folded plastic bag

From radar plots it is clearly seen that respiration
rate increased with number of storage days. The
odor print nature is same, only magnitude on each
axis increased as number of days since harvest. The
paper wrapping indicates more VOC released dur-
ing storage as compared storage in plastic folded
bag. The  obtained results indicate that guava fruits
headspace in different storage conditions can be
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monitored by the E-nose, but very clear separation
between initial storage days was not expected.

Classification using PCA

Fig. 8 shows PCA analysis plot for guava fruits
stored using paper wrapping and represent the
variation during day 0 to day 8 storage time. The
processed data showed erratic shift of the clusters
and no particular trend with  storage time. The first
principal component, PC1, explains 87.9% of the to-
tal variation, while 12.1% of the total variance is ex-
plained by PC2. The five clusters are clearly sepa-
rated, thus the system has enough resolution to
show  the different storage shelf-life period of guava
fruit.

From both PCA plots it is observed that the dis-
crimination is little in initial storage days; but after
2ndday in paper wrapping storage and from 4th day
in plastic folded bag it increased significantly.

Prediction of storage shelf life using MLP NN

The dataset collected over eight days span of guava
fruits using e-nose in two  storage treatments were
analyzed using MLP feed forward neural network
with back propagation training algorithm. The aver-
age prediction results obtained with % accuracy are
shown in below Table 7 for two storage treatments.

The average prediction results obtained by MLP
NN for paper wrapped storage treatment are 87.33
% and plastic folded bag storage treatments are
85.33% respectively. The results suggest that devel-
oped e-nose system is capable to determine the stor-
age shelf life of guava fruit with adequate accuracy.
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