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ABSTRACT 

The use of formalin as a preservative for fruits is a common practice in many regions, particularly in areas where 

transportation and storage conditions are not optimal. However, excessive formalin use can have adverse effects 

on human health, and accurate measurement of formalin concentration levels in fruits is critical for ensuring food 

safety. To address this challenge, researchers have developed machine learning-based formalin ascertain models 

that can accurately predict the formalin concentration levels in fruits based on various factors such as the fruit 

type, storage time, and temperature. These models utilize supervised learning techniques and large datasets to 

train algorithms that can accurately predict formalin concentration levels in fruits. The implementation of such 

models can improve food safety and quality by allowing for the early detection and prevention of formalin misuse 

in fruits. 
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I INTRODUCTION 

Formalin, a solution of formaldehyde in water, is commonly used as a preservative in the fruit industry. However, 

the misuse of formalin can lead to health hazards and is a major concern for consumers, regulatory authorities, 

and the fruit industry. Formalin misuse can occur when the concentration of formalin in fruits exceeds the 

permissible levels set by regulatory authorities. Accurate and timely monitoring of formalin levels in fruits is, 

therefore, of utmost importance for ensuring food safety and quality. 

Machine learning-based formalin ascertain models have emerged as a promising solution for accurately predicting 

formalin concentration levels in fruits. These models rely on supervised learning techniques, such as regression 

analysis and artificial neural networks, to train algorithms on large datasets. These algorithms can then accurately 

predict formalin concentration levels in fruits based on various factors, such as the type of fruit, storage time, and 

temperature. 

The development of these models has several advantages over traditional laboratory-based methods for measuring 

formalin concentration levels in fruits. For instance, the use of machine learning models is faster, less expensive, 

and less labor-intensive than laboratory testing. Additionally, these models are scalable and can be easily 

integrated into existing fruit processing workflows, making it easier to monitor and regulate formalin use in the 

fruit industry. 

Furthermore, the implementation of machine learning-based formalin ascertain models can significantly improve 

food safety and quality by preventing the misuse of formalin in fruits. This, in turn, can boost consumer confidence 

in the fruit industry and ensure that consumers have access to safe and high-quality fruits. 
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In conclusion, the use of machine learning-based formalin ascertain models represents a significant advancement 

in the field of food safety and has the potential to make a positive impact on the health and wellbeing of consumers 

worldwide. By accurately predicting formalin concentration levels in fruits, these models can prevent the misuse 

of formalin, improve food safety and quality, and reduce the reliance on costly and time-consuming laboratory 

tests. 

 

Ⅱ LITERATURE SURVEY  

In “Fruit pathology detection and control using raspberry pi”[1], The user mainly focus on image processing 

techniques. This includes a series of steps from capturing the image of leaves to identifying the adulterated through 

the implementation in Raspberry PI. Here the main feature is that the crops in the field are continuously monitored 

and the data is streamed lively. The captured images are analyzed by various steps like acquisition, preprocessing, 

segmentation, clustering. This in turn reduces the need for labor in large farm lands. Also the cost and efforts are 

reduced whereas the productivity is increased. 

In “Identification of Fruit Adulterated Using Smart Phone Application” [2], A steady fruit monitoring is necessary 

to control the spread of adulterated but its cost may be high and as a result, the producers often miss critical 

preventive procedures to keep the production cost low. Though in the professional farming engineers are 

responsible for the recognition of fruit adulterants, intelligent systems can be used for their diagnosis in early 

stages. The recognition of infection can often be based on symptoms like lesions or spots in various parts of a 

fruit. The color, area and the number of these spots can verify to a great extent the adulterated that has mortified 

a fruit. A smartphone image processing application is described here which is capable of detecting the adulterateds 

through the pictures of leaves. The recognition of a adulterated can often be based on symptoms like lesions or 

spots in various parts of a fruit. The color Area and the number of lesions or spots can often be used to determine 

the adulterated that has mortified fruit. Hence image processing is used for the detection of fruit fruit adulterations, 

an intelligent system can be used for their diagnosis in early stages. It includes several steps Image acquisition, 

the image resizes, RGB to GRAY, feature extraction on a convolution neural network. This paper also discussed 

the feature extraction algorithm used in fruit adulterated. 

In “Review on Techniques for Fruit Classification and Recognition” [3], Fruit systematic can be classified and 

recognized based on their reproductive system (flowers) and fruit morphology. Neural networks are one of the 

most popular machine learning algorithms for fruit classification. The commonly used neutral networks are 

artificial neural network(ANN),probabilisticneuralnetwork(PNN),convolutionalneuralnetwork(CNN),k-nearest 

neighbor(KNN)and support vector machine(SVM),even some studies used combined techniques for accuracy 

improvement. The utilization of several varying preprocessing techniques ,and characteristic parameters in feature 

extraction appeared to improve the performance of fruit classification. The findings of previous studies are 

critically compared in terms of their accuracy based on the applied neural network techniques. This paper aims to 

review and analyze the implementation and performance of various methodologies on fruit classification. Each 

technique has its advantages and limitations in fruit pattern recognition. The quality of fruit images plays an 

important role, and therefore, a reliable source of fruit database must be used to establish the machine learning 

algorithm prior to fruit recognition and validation. 
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In “K-Means Segmentation Method for Automatic Fruit adulteration Detection” [4], Automatic detection of fruit 

adulteration is an essential research topic in agricultural research. It may prove benefits in monitoring fields and 

early detection of fruit adulterations by the symptoms that appear on the leaves. Defect segmentation is carried 

out in two steps. The user illustrates K-means clustering method for segmentation of adulterated portion of fruit. 

At first, the pixels are clustered based on their color and spatial features, where the clustering process is 

accomplished. Then the clustered blocks are merged to a specific number of regions. This approach provides a 

feasible robust solution for defect segmentation of leaves. 

In “Medicinal fruit species identification system using texture analysis and median filter” [5], Identification of 

fruits can be done through objects - objects in fruits by asking an expert or through a specimen (herbarium) that 

have been identified previously. Identification is done by matching the pictures in the book of flora or monograph. 

Computer-aided identification can be done using digital image processing methods which utilize digital image 

matching object fruit with a picture on the book. Identification key that is used is the image of the leaves. This 

study develops previous research has identified using the method of fractal and Euclidian Distance. Accuracy 

obtained in each of the identification system for the fractal dimension and fractal code is of 68% and 51%. 

Improved accuracy is the main objective of this study. The proposed method is a method of texture analysis and 

median filter. Texture analysis is used as feature extraction technique while the median filter is image enhancement 

techniques. Based on the trials, the results of the identification of texture analysis method and median filter to 

increase to 78%. Median filter is used as a technique to improve the image quality leaves. The use of an 

identification system to be tested in the web application of information systems of medicinal fruits. 

 

Ⅲ METHODOLOGY  

                                              

 

 

 

 

 

 

 

 

 

 

 

  Fig.1 Block diagram of proposed system 
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Data on fruit type, storage time, temperature, and formalin levels are collected and cleaned .Machine learning 

algorithms, such as regression analysis and artificial neural networks, are trained and evaluated on the cleaned 

data. The trained model is deployed into existing fruit processing workflows for real-time monitoring and 

regulation of formalin use. The machine learning model predicts formalin concentration levels in fruits based on 

input data. The formalin levels in fruits are measured using the machine learning model. The model's accuracy is 

validated and improved as necessary. The use of machine learning models reduces the cost, time, and labor 

required for laboratory testing. The implementation of these models improves food safety and quality by 

preventing the misuse of formalin in fruits. The use of machine learning models improves consumer confidence 

in the fruit industry. The model can be scaled and applied globally for enhanced food safety and quality. 

 

System Components 

 Sensor 

The MQ3 sensor is a gas sensor that detects and measures various gases, including alcohol and ethanol vapors. 

It is commonly used in breath analyzers, gas detectors, and other safety applications due to its high sensitivity 

to alcohol vapors. The sensor contains a tin dioxide sensing element that reacts with the gas, causing a change 

in resistance. This change is then measured and converted into a signal that can be used to determine the 

concentration of the target gas. The MQ3 sensor is small, inexpensive, and easy to use, but calibration is 

necessary to ensure accurate and reliable measurements. 

 Arduino UNO 

The Arduino Uno is a popular microcontroller board used in a wide range of electronic projects. It is based on 

the Atmel ATmega328P microcontroller, which has 32KB of flash memory and 2KB of SRAM. The board has 

14 digital input/output pins, 6 analog input pins, and can be powered via USB or an external power supply. It is 

programmable through the Arduino Integrated Development Environment (IDE), which allows users to write 

and upload code to the board. The Arduino Uno is widely used in prototyping, DIY projects, and educational 

settings due to its low cost, ease of use, and versatility. It is also compatible with a wide range of shields and 

modules, allowing users to expand its capabilities. 

 LED 

An LED, or light-emitting diode, is a semiconductor device that emits light when an electric current flows 

through it. LEDs are used in a wide range of applications, from simple indicator lights to lighting fixtures and 

displays. They are popular due to their energy efficiency, low heat generation, and long lifespan. LEDs are 

available in a variety of colors, including red, green, blue, and white. They can also be used in combination to 

create multicolored displays. LEDs are commonly used in automotive lighting, electronic devices, and 

architectural lighting, and their versatility and low power consumption make them a popular choice for both 

indoor and outdoor lighting applications. 

 Machine Learning Predictable Model 

A machine learning predictive model is an algorithm that is trained on historical data to predict future outcomes. 

It is a type of artificial intelligence that uses statistical techniques to learn patterns in the data and make 

predictions based on those patterns. The model is trained on a labeled dataset, where the outcomes are known, 

and it learns to identify patterns and relationships between the input data and the desired output. Once the model 
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is trained, it can be used to make predictions on new, unlabeled data. Predictive models are used in a wide range 

of applications, from fraud detection and risk management to healthcare and marketing. They can provide 

valuable insights and help businesses make more informed decisions based on data-driven predictions. 

 

Ⅳ CONCLUSION   

In conclusion, the ML-based formalin ascertain model for fruits is a promising tool for detecting formalin 

contamination in fruits. The model uses machine learning algorithms to analyze spectral data and predict the 

presence of formalin in fruits. This approach is faster, more accurate, and less expensive than traditional methods, 

which typically involve laboratory testing. By providing a rapid and reliable means of detecting formalin 

contamination, the model can help prevent the consumption of contaminated fruits and protect public health. 

However, further research is needed to optimize the model's accuracy and applicability to different types of fruits 

and environmental conditions. With continued development and refinement, the ML-based formalin ascertain 

model has the potential to become a valuable tool for ensuring food safety and quality in the fruit industry. 
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