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Smart Detection System for Pesticide
Contamination in Fruits and Vegetables

Abstract— To grow more food for more people, people
developed innovative techniques. These days, fruits and
vegetables are essential for providing us with the nutrition and
energy we require. But occasionally, chemicals are applied to aid
in their growth. Our project's goal is to use an Arduino Mega
2560 microprocessor, which is integrated with an LCD display,
spectral triad sensor, pH sensor, gas sensor, and buzzer, to
identify pesticides in fruits and vegetables. The system uses real-
time sensor data collection and Random Forest analysis
powered by machine learning (ML) and the internet of things
(IoT). The spectral triad sensor captures comprehensive
spectral data while the gas and pH sensors monitor the presence
of pesticides and acidity. Using the Random Forest method, the
machine learning model examines the sensor data to identify
potential pesticide contamination. The results are displayed on
LCD in addition toa buzzer alert
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l. INTRODUCTION

As the demand for food continues to rise on a global
scale, new agricultural methods have been established
to increase crop yield and quality. Fresh fruits and
vegetables are an important component of human
nutrition, yet their cultivation involves the application
of chemical pesticides to keep insects and diseases at
bay. Excessive pesticide residues in produce, though,
can have severe consequences for health. Thus, there is
an urgent need for effective, real-time means to identify
pesticide contamination of fresh produce.

This project will create an intelligent pesticide detection
system based on an Arduino Mega 2560
microcontroller interfaced with sensors and machine
learning algorithms. The system includes a spectral
triad sensor, a pH sensor, and a gas sensor to record real-

time information regarding the presence of pesticides.
The spectral triad sensor measures in-depth spectral
data, and the gas and pH sensors are used to detect
pesticide residues and acidity. The sensor data is
processed with the Random Forest machine learning
algorithm, which provides accurate detection of
pesticide contamination. The output is presented on an
LCD display, and a buzzer alarm is sounded when
contamination is found. Using machine learning (ML)
and the Internet of Things (1oT), this system provides a
non-invasive, cost-saving, and real-time solution for
food safety monitoring. It provides food consumers and
suppliers with a secure way of ascertaining that fruits
and vegetables comply with safety standards before
they are consumed.

1. METHODOLOGY

The intended system for detecting pesticides is based on
an Arduino Mega 2560 microcontroller that combines
several sensors to provide real-time data. The spectral
triad sensor offers precise spectral data from fruits and
vegetables, with the pH sensor and gas sensor tracking
acidity content and sensing the presence of any
pesticide residues. The sensors generate continuous
data that is passed through a machine learning model
based on the Random Forest algorithm. The model
analyzes and categorizes the data to identify pesticide
contamination. When pesticide traces cross a set
threshold, the system alert is sounded through a buzzer,
and the results are shown on an LCD display. The
complete system is loT-connected, allowing remote
monitoring and data logging for later analysis.

The suggested system employs an Arduino Mega 2560
microcontroller, along with sensors and machine
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learning models, to identify pesticide residues on
vegetables and fruits. The main hardware components
are as follows:

Spectral Triad Sensor: Taps wavelength-dependent
spectral information and identifies pesticide residues
through light absorbance and reflection characteristics.

pH Sensor: Detects acidity in vegetable and fruit
samples for identifying abnormal changes in pH values
due to chemical residues.

Gas Sensor (MQ Series): Is sensitive to volatile
organic compounds (VOCs) released by pesticides and
gives real-time contamination alarms.

LCD Display: Displays contamination levels in an
easy-to-read format.

Buzzer Alert: Gives an audible signal when pesticide
contamination is beyond the specified limit.

II. Model Evaluation

To make it accurate, the machine learning model is
trained on a dataset of sensor readings from pesticide-
free and pesticide-contaminated samples. The dataset is
preprocessed to discard noise and enhance feature
extraction. The Random Forest algorithm is used
because it can handle complex datasets and prevent
overfitting. The model is tested on performance metrics
including accuracy, precision, recall, and F1-score to
measure its efficiency in accurately detecting pesticide
residues. False positives and false negatives are also
analysed using a confusion matrix to validate the
reliability of the system for real-time use.

In order to verify the accuracy and reliability of the
model, a number of performance metrics were utilized:

Accuracy: Determines the ability of the model to
accurately classify contaminated and uncontaminated
samples.

Recall (Sensitivity): Measuring the ratio of actual
contaminated samples identified correctly.

F1-Score: A harmonic mean between precision and
recall, weighing false positives and false negatives.

The data was split into 80% training data and 20% test
data, and the performance of the model was tested using
a confusion matrix. The Random Forest algorithm
produced an accuracy of 92.3%, reflecting a high degree
of reliability in the detection of pesticides.

V. DiscUssION

The research identifies the potential of using loT-based
sensor technology together with machine learning in the
detection of pesticides. The employment of more
sensors is more reliable as various parameters are
studied at the same time. The Random Forest algorithm
was effective as it can process different datasets. Some
challenges were, however, noted, including the inability
of some sensors to calibrate, possible interference from
the environment, and the availability of small datasets
on which the model can be trained. The performance of
the system can be dependent on the nature and
concentration of pesticides and may need further tuning.
Real-world deployment might also necessitate
additional testing in varying agricultural regions and
environmental conditions.

The combination of loT and machine learning greatly
enhances the accuracy of pesticide detection in
comparison to conventional techniques. The system's
capacity to examine several parameters (spectral, pH,
gas emissions) guarantees better contamination
detection accuracy. Nevertheless, some challenges have
to be met:

Sensor Calibration: Repeated recalibration is required
to ensure accuracy across different environmental
conditions.

Dataset Expansion: An extended dataset with varied
pesticide types would enhance model generalization.

Cross-Contamination:  Environmental  influences
(e.g., air pollution) outside the sensor system can
contaminate gas sensor measurements.

Portability: The system is presently constructed for
fixed-site testing, but additional field miniaturization
would allow for portable use.

In spite of these constraints, the research illustrates the
viability of low-cost sensor technology and artificial
intelligence-based classification for real-time detection
of pesticides.

V. Related Work

Numerous studies have identified the application of
sensor-based sensing, 10T integration, and machine
learning algorithms to detect pesticide contamination in
produce. Conventional pesticide detection techniques
like chromatography and spectroscopy are very
accurate but are usually costly, time-demanding, and
need advanced laboratory infrastructure. Therefore,
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studies have concentrated on creating portable, low-
cost, and real-time detection systems based on cutting-
edge technologies.

Wang et al. (2020) suggested an loT-based crop
monitoring system employing gas sensors to identify
pesticide residues. Their method effectively detected
pesticide contamination in soil and crops, but the lack
of machine learning restricted its capability to
distinguish among different levels of contamination.
Patel & Gupta (2019) also investigated spectral analysis
methods to identify pesticide residues in fruits, utilizing
ultraviolet-visible (UV-Vis) spectroscopy. Although
their system ensured contamination detection with
precision, it was based on laboratory-controlled
environments, limiting its use in practical real-world
conditions.

In another paper, Chen et al. (2022) discussed the
application of machine learning models like Support
Vector Machines (SVM), Decision Trees, and Neural
Networks for the classification of pesticide residues.
From their research, they proved that Random Forest
algorithms attained maximum accuracy because they
are highly effective in working with varied sensor data.
Nevertheless, their work concentrated mainly on dataset
classification rather than real-time hardware
implementation. Kumar et al. (2021) also presented a
pH-based detection system for pesticide residues in
vegetables, illustrating that extreme pH changes would
suggest contamination. Though effective, the system
did not incorporate multi-sensor integration, which
reduced its overall detection rate.

Current developments in loT-based food safety
monitoring systems have brought cloud-based data
storage and mobile apps for remote monitoring into
play. Zhang et al. (2021) presented a wireless sensor
network (WSN) and Al classification-based smart
agricultural monitoring system to identify toxic
chemical residues. They focused on the key necessity of
real-time transmission and automatic contamination
notification, which is in line with the recent trend of
smart agriculture technologies. Nonetheless, their
system had high computational requirements and was
less likely to be used for low-cost deployment.

In contrast to previous work, our suggested system
integrates spectral triad sensors, pH sensors, and gas
sensors with an Arduino-based 10T infrastructure for
real-time pesticide detection. In contrast to previous
methods that use single-sensor information, our system
leverages multi-sensor fusion and Random Forest-
based machine learning for enhanced detection
accuracy. Moreover, the integration of an LCD screen,
buzzer notification, and loT capabilities makes our

system more useful for on-field pesticide detection,
especially in farm markets and food supply chains.
Through overcoming the drawbacks of existing
research, our project helps build low-cost, effective, and
real-time food safety monitoring systems that can be
applied extensively by farmers, consumers, and food
regulatory bodies.

VI. Results and Evaluation

The experimental results demonstrate the system's
effectiveness in detecting pesticide contamination in
fruits and vegetables. The Random Forest model
achieved a high accuracy rate, with an F1 score above
90%, indicating reliable classification of pesticide
presence. The gas sensor readings effectively detected
volatile compounds associated with pesticides, while
the pH sensor provided complementary data regarding
chemical residues. The spectral triad sensor improved
the precision by examining the light absorption
characteristics of the produce. The system effectively
showed contamination results on the LCD display and
triggered the buzzer alarm when pesticides were
present. The real-time character of the system makes it
a promising device for food safety monitoring.

The system was tried out on some varieties of fruits and
vegetables like apples, tomatoes, grapes, and greens.
The main findings are:

The spectral triad sensor gave very accurate light
absorption readings, differentiating clean from
contaminated produce.

The pH sensor registered acidity fluctuations, with
pesticide-spiked samples recording large pH changes.
The gas sensor successfully identified volatile pesticide
residues, particularly in samples with high chemical
content.

VII. Conclusion

This project introduces a novel, real-time pesticide
detection system that integrates Arduino-based sensor
technology, 10T, and machine learning. The system
efficiently detects pesticide contamination in fruits and
vegetables based on spectral characteristics, pH levels,
and gas emissions. High detection accuracy is
guaranteed by the Random Forest algorithm, while
remote monitoring and data logging are made possible
through the 10T framework.

The findings show the system's capability as an
inexpensive, light, and user-friendly food safety
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monitoring solution. With real-time notification and
contamination determination, the technology can aid
consumers, farmers, and regulators to ensure pesticide-
free produce.

This project is able to successfully implement a real-
time pesticide detection system that incorporates
Arduino Mega 2560, sensors, 10T, and machine
learning. The system offers a non-invasive, low-cost,
and efficient way of tracking pesticide contamination in
fruits and vegetables. It is able to guarantee high
accuracy and reliability through sensor fusion and
Random Forest-based analysis. The results indicate that
this method can make a huge contribution to food safety
initiatives and enable consumers to make informed
choices about their food.
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