engineering
proceedings

Proceeding Paper

A Prototype to Prevent Fruits from Spoilage: An Approach
Using Sensors with ML *

Uttam Narendra Thakur and Angshuman Khan *

Citation: Thakur, U.N.; Khan, A. A
Prototype to Prevent Fruits from
Spoilage: An Approach Using
Sensors with ML. Eng. Proc. 2023, 56,
x. https://doi.org/10.3390/xxxxx

Academic Editor(s): Name

Published: 15 November 2023

Copyright: © 2023 by the authors.
Submitted for possible open access
publication under the terms and
conditions of the Creative Commons
Attribution (CC  BY)
(https://creativecommons.org/license

s/by/4.0/).

license

Department of Electronics and Communication Engineering, University of Engineering and Management,

Jaipur 303807, Rajasthan, India; unthakur08@gmail.com

* Correspondence: angshumankhan2910@gmail.com

t Presented at the 10th International Electronic Conference on Sensors and Applications (ECSA-10), 15-30
November 2023; Available online: https://ecsa-10.sciforum.net/.

Abstract: One of the significant issues facing the world right now is food deterioration. If the fresh-
ness or deterioration of a fruit can be determined before it is lost, the fruit waste problem may be
mitigated. The goal of this work is to develop a simple model for tracking fruits quality using sen-
sors with machine learning (ML) approach. This model assists from the gases emitted by it in deter-
mining the fruits that will ripen and require use earlier. Two gas sensors (MQ3 & MQ?) and an
Arduino Uno serve as the main processing components of the suggested system. Principal Compo-
nent study (PCA) is a widely employed discriminating approach that has been utilised to differen-
tiate between fresh and rotten apples based on sensed data. The study yields a cumulative variance
of 99.1% over a span of one week. The data has also been evaluated using a linear Support vector
machine (SVM) classifier, which has achieved an accuracy of 99.96%. The distinctive feature of the
system is that it evaluates the levels of spoilage based on real-time data and deploys a low-cost,
straightforward model that can be used anywhere to preserve any type of fruit.

Keywords: support vector machine; principal component analysis; classification; machine learning

1. Introduction

Food spoilage, which causes 40-50% of all losses of root crops, fruits, and vegetables
each year, is one of the biggest problems the world is currently experiencing [1]. The de-
velopment of original fruits offerings relies heavily on smell [2]. Thus, the primary objec-
tive of many studies is to characterize the smell or aroma to identify fruits [3]. Fruits smell
differently at different stages of ripeness, such as when they are fresh and when they are
not. The release mechanism of volatile organic compounds (VOCs) from fruits has to be
investigated [4]. This is also influenced by elements like the climate, temperature, humid-
ity, accumulation of carbohydrates, and fungus infections [5]. It would help in the early
identification and monitoring of fruit phases such as raw, ripe, or rotten, protecting sellers
and buyers. As an illustration, as a banana is ripening, the flavour chemicals that give it
its typical flavour are produced quickly. The aroma’s composition also changes at differ-
ent stages, giving rise to diverse aroma signatures. Several studies have been conducted
to investigate the chemical compositions of various volatile organic compounds (VOCs)
emitted by bananas during the ripening process. However, the majority of these studies
have mostly focused on the compositional changes occurring in fruits as they mature or
undergo processing [6]. The fragrance composition changes during fruit ripening, which
helps explain aromatic compound production [7]. Varieties of banana cultivars have dis-
tinctive flavours due to differences in their predominant volatile components.

Sensors play an important function in detecting these odours given off by the fruits
at various phases of life. The sensory analysis with trained panellists precedes to prepare
the sensory characteristics of food products [3,4]. An array of non- or partially selective
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gas sensors, a data processing and pattern recognition system that can identify even com-
plex aromatic profiles. The sensor system responds differently to different aromas, and
these responses produce a signal pattern that is unique to that aroma [6,7]. Each chemical,
however, has unique attributes and traits of its own. Chemical properties are therefore
unique and will be used as the input data to create this kind of system [8]. The computer-
ised markings of explicit odours must be gathered into a library (dataset) in order for the
programmed recognition process to be successful [9]. The sensor array finds specific com-
pounds in a medium. A unique sensor is responsible for detecting each targeted aroma,
or each sensor is in charge of detecting a certain sort of aroma. The primary aim of this
study is to present a sensor array system integrated with a machine-learning technique
for the purpose of identifying distinct stages of fruit ripening. The following is the key
contribution of this work:

1. The paper recognizes food deterioration as a critical global issue and seeks to con-
tribute to the mitigation of fruit waste by detecting freshness or spoilage before it
occurs.

2. It creates a straightforward model that utilizes sensors and machine learning ap-
proach to monitor and assess the quality of fruits, providing a practical solution to
this problem.

3. The paper demonstrates the successful integration of two gas sensors, MQ3 and
MQ?7, along with an Arduino Uno, as the primary components of the system. These
sensors capture emissions from fruits, enabling the assessment of their ripeness and
quality.

4.  The research employs PCA to classify sensor data with a good accuracy rate over a
one-week period. Additionally, a SVM classifier achieves an even higher accuracy
when evaluating the collected data.

2. Literature Study

The identification of fruit odors has been the subject of numerous studies, each hav-
ing advantages and disadvantages. In this section, a few pertinent recent works are dis-
cussed.

The research [10] describes the application of a model for the rapid classification of
various varieties of polish honey based on FIGARO semiconductor sensors. It makes use
of TGS (FIGARO USA, INC) type semiconductor sensors, PCA, linear discriminant anal-
ysis (LDA), cluster analysis (CA), and LDA algorithms. In [11], a reliable and appropriate
non-targeted method is created and evaluated for the differentiation of oranges from three
different geographic sources. It used principal component analysis and Non-linear Itera-
tive Partial Least Squares (NIPALS) techniques, although sensor details are unclear. A
strategy for applying an electronic nose for detecting formaldehyde-containing materials
and seafood spoilage is described in [12]. In addition, comparisons and evaluations of
static and dynamic properties, as well as sensor stability, are made. MOSFET sensors are
combined with PCA and deterministic finite automaton (DFA) algorithms. Based on its
volatile composition, Moroccan virgin olive oils are explored in [13] with a model to dis-
tinguish between distinct geographic origins. It used six metal oxide semiconductor
(MOS) sensors with PCA and LDA algorithms. The bio-inspired neural network, which is
based on the olfactory systems of mammals, is given in [14] as a novel data processing
method. A set of TGS, MiSC, and SHT75 sensors are used along with a bio-inspired neural
network algorithm. In [15], samples were taken from the Pamplona and Toledo DWTPs
in the northern Santander region (Colombia) to evaluate a multisensory system. The tests
are executed utilising PCA, deterministic finite automaton (DFA), probabilistic neural net-
work (PNN), and TGS sensors. Membrane filtration (MF) was utilised to validate the de-
tection of E. coli in water.

Various sensors, including semiconductor sensors of the FIGARO and TGS types,
MOSEFET sensors, and metal oxide semiconductor (MOS) sensors, among others, were
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used in a number of research. The literature does not always include thorough sensor
specifications and features. The literature also discusses PCA, LDA, NIPALS, DFA, bio-
inspired neural networks, and probabilistic neural networks for odour identification and
classification. A straightforward approach to determine the best methods for individual
applications is lacking.

In this paper, a straightforward ML-based sensor model for fruit quality tracking is
presented. The proposed system uses two gas sensors (MQ3 & MQ7) and an Arduino Uno
for processing. The experiments use PCA and an SVM classifier. The system analyses rot-
ting levels using real-time data and uses a low-cost, simple model to preserve any fruit.

3. Proposed Model

Figure 1 illustrates the schematic representation of the proposed setup. The proposed
configuration is categorically segmented into three components, namely the sensing
chamber, data gathering, and processing unit. The sensing chamber is comprised of a pair
of sensors and a sample test platform. The alteration in the environmental conditions
within the sensing chamber was measured via sensors and then transmitted to the data
acquisition system. The Arduino Uno microcontroller was employed to acquire data from
the sensors and thereafter store it in its memory. Subsequently, the response underwent
processing by the processing unit in order to facilitate further discrimination and classifi-
cation.
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Figure 1. Schematic view of the experimental set-up.

The sensors that detect the quantities of volatile chemicals, MQ3 for alcohol and MQ7
for CO, sense the gases released from the samples. The fresh and ripened stages of fruit
ripening are perceived separately from the gas concentrations. The ppm levels and asso-
ciated change in sensor voltage values obtained when the sensor reacts to each of the many
gases that are intended to be monitored are used to calculate the gaseous concentration.
The data values are read to the 1 GB secure digital (SD) card in text format with a *.txt’
extension. The influence of a change in room temperature on the degree of food rotting is
not a concern for the experimental setting, hence the experiment is only conducted at room
temperature. The parallel gas sensor array is installed on the breadboard. The sensor array
is supplied with +5 V according to the optimal rating of the MQ series gas sensors, with
the analogue pin of the MQ7 sensor wired to pin (A5) and the pin of the MQ3 gas sensor
wired to the pin (A3) of the Arduino Uno board. The gas sensors are connected to the
Arduino Uno board using a breadboard that offers internal connectivity. The ground pin
(GND) of the Arduino Uno Board is connected to the gas sensors. The sensors were al-
lowed to read the appropriate gas concentration in the air in order to stabilize the fluctu-
ations of the sensor’s voltage level until the sensor is heated up to a particular tempera-
ture, ensuring that the sensors detect the particular gas concentration in the aroma of the
target food material in this experiment, ‘banana.” The data values are transformed from
text (.txt) into the comma separated format (.csv), which is the optimum format for using
data science applications, to build the dataset in an excel file. Python has been chosen as
the main programming language for machine learning algorithms (PCA, SVM) and the
data science application. The PCA and SVM are two popular names in the ML paradigm.
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PCA is a dimensionality reduction technique widely used in machine learning and statis-
tics. SVMs are a powerful and versatile class of supervised machine learning algorithms
primarily used for classification and regression tasks. The dataset is first examined for
missing or null values using the Python ‘NumPy’ module, and then a standard scaling is
applied to the data. The PCA, a feature extractor and unsupervised learning clustering
tool, is used to analyse the dataset’s primary components that determine categorization
between rotten and fresh bananas. The SVM classification, a supervised machine learning
approach, is utilised to categorise it in the various groups.

Methodology

A labelled dataset with stipulated accuracy and correctness makes up the current
experimental dataset. The specifications are mentioned in the operation of the hardware
setup and the environmental circumstances under which the data-gathering technique is
carried out. The recorded readings from the MQ?7 for carbon monoxide (CO) and the MQ3
for alcohol have been grouped together in a single “.csv’ file to represent the values seen
in the dataset. The dataset includes the samples of fresh bananas and the examples of
damaged bananas. Based on the dataset, it is evident that the MOS gas sensors function
as intended because as the sensor voltage progressively rises, the corresponding ppm lev-
els also increase. This is valid for both of the observed gas concentrations. Since the dataset
contains huge null values, data cleaning techniques must be used before principal com-
ponent analysis. The dataset’s straightforward overview makes it clear that there is a con-
trast between the two stages of the banana’s life cycle, fresh and spoilt, based on the rec-
orded ppm levels and the matching sensor voltage values for each gas concentration.
Thus, the dataset is divided into two classes, Class 1 and Class 0, with Class 1 representing
the dataset’s spoilt characteristics and Class 0 representing its fresh features.

4. Results and Discussion

The dataset in this experiment is split into fresh and rotten categories. The dataset’s
“sensor_voltage” value for CO & “sensor_voltage” value for alcohol independent varia-
bles served as the basis for the evaluation. A 91.3% percent of the scatter in the data is
explained by the first principal component (PC1), while the second PC (PC2) defines the
other 7.8%. The principal component analysis plot is displayed in Figure 2a, and it can be
seen that there is a clear separation between the two classes of categorization in the two
clusters of the eigen values of the two principal components. As a result, a well-fitting
hyperplane may be plotted to categorise the these two.
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Figure 2. Scatter plots: (a) PCA analysis; (b) SVM analysis.

In the case of SVM, the assessment is carried out to distinguish between the “sen-
sor_voltage” values of CO and alcohol, respectively. The visualization of these results is
provided in Figure 2b. Using ‘NumPy’ library functions, the dataset is cleaned to eliminate
any null or missing values, and it is normalized using ‘StandardScaler’ from the ‘Scikit-
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learn” framework. Cross-validation, which helped the model avoid overfitting, resulted in
an accuracy of 99.96%. The linear SVM model fits a hyperplane with a clear distinction
between the two classes of fruit: fresh fruit belongs in class 0, whereas ruined fruit belongs
in class 1.

Figure 3 displays one of the sample responses obtained from the sensors. While the
reaction magnitude of the MQ7 sensor was somewhat higher than that of the MQ2 sensor,
the transient responses of both MQ sensors had nearly comparable response and recovery
times. The comparison between our model and earlier research in Table 1 shows that our
model has a relatively good accuracy rate.
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Figure 3. Sensor response of MQ3 & MQ?7.

Table 1. Comparison of suggested and existing schemes.

. . No. of
Works Application Algorithm Used Sensors Type of Sensor Accuracy
lassificati f polish
[10] Classification of polis PCA, LDA, CA 5 TGS 96.00%
honey
[11] Discrimination of oranges PCA, NIPA,LS (Non-linear Iterative NR NR 95.70%
Partial Least Squares)
(1gy opeiling det;itslons in octo- PCA and DFA 6 MOSFET  93.80%
gy Discrimination of geograph- PCA, LDA 6 MOS NR
ical origin virgin olive oil
T i d
[14]  Chinese liquor classification Bio-inspired neural network 9 GS'SI\I_/II}FS% an NR
Detection of the E. coli Bac PCA, Deterministic Finite Automaton
[15] .. L (DFA), PNN (Probabilistic Neural 16 TGS 80.00%
teria in Drinking Water
Network)
Discrimination and identifi-
This work cation of fresh and spoiled PCA, SVM 2 MQ 99.96%

fruits.

NR: Not reported.

5. Conclusions

The proposed system uses two gas sensors (MQ3 & MQ?7) and an Arduino Uno for

processing. Principal Component Analysis (PCA) is a popular method for distinguishing
fresh from bad apples using sensory data. The study generates 99.1% cumulative variance
in one week. A linear Support vector machine (SVM) classifier evaluated the data with
99.96% accuracy. The technology uses real-time data to assess deterioration and deploy a
low-cost, simple model that can be used anywhere to preserve any fruit. Based on the
obtained findings, a low-cost system with the used sensor array and pattern recognition
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algorithm in this investigation exhibit potential for the detection and classification of be-
tween the under and over riped fruits. Further, with the reported approach, one can dis-
tinguish between the different stages of the ripping process.
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