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Abstract: This paper proposes the design of the system, to detect the ripeness of a fruit using temperature readings and
image processing techniques. The temperature module MLX90614 measures the temperature of the fruit and the image
processing technique analyses an image of the fruit to determine its color. By combining these two readings, the
program can determine whether the fruit is ripe or not. The program collects temperature readings from a Nodemcu
device and then analyses an image of the fruit using OpenCV library to get the average color of the fruit. Then, it
converts the average color from BGR to RGB and passes it through a function that converts the RGB color to a single
value. This single value is then used along with the temperature readings to determine if the fruit is ripe or not. In
summary, the project provides a way to automatically detect the ripeness of a fruit by analyzing its temperature and
color using image processing techniques. This could potentially be useful for fruit processing and harvesting
industries.

Keywords: Image Processing, digital image processing, image detection, VGG16 model, fruits dataset, image
classification.

L. INTRODUCTION

Detection of ripening using image processing is a technique that involves analyzing digital images of fruits and
vegetables to detect changes in color, texture, and other visual characteristics that indicate ripeness. This technology
has gained a lot of attention in recent years, as it has many potential applications, including improving the accuracy
and efficiency of fruit sorting and grading, reducing food waste by identifying ripe fruit for timely harvest and
providing real-time monitoring of fruit ripening for better quality control, the basic process of detecting ripening using
image processing involves capturing images of the fruit, processing those images using software algorithms, and
analyzing the resulting data to detect changes in color, texture, and other visual characteristics. Real-time detection
systems enable rapid and automatedfruit assessment, making them valuable for food industries, supply chains, and
smart- farming applications. The rapid development of digital cameras, machine learning algorithms, and image
analysis software has further improved the reliability and efficiency of computer-vision-based ripeness detection
systems. By capturing and processing images of fruits under controlled lighting conditions, automated algorithms can
extract meaningful features and classify ripeness levels in real time. This not only reduces labor costs but also
minimizes human error and enhances overall productivity in agricultural supply chains. The purpose of this report is to
present a fruit ripeness detection system that uses image processing techniques to analyze fruit color, texture, and
morphological features. The proposed system offers a fast, cost-effective, and scalable solution suitable for modern
agricultural and industrial applications. Through automated image analysis and classification, the system aims to
improve the precision of ripeness assessment, support quality assurance processes, and contribute to the development
of smart agricultural technologies.

II. OBJECTIVES
1. Quality control: Nothing is more critical than maintaining a normal standard of quality for fruit producers,
exporters, and distributors since ripeness invariably affects the fruit's flavor, texture, nutritional value, and lifespan.

Manual inspection relies on subjective judgment, giving rise to variability, while an automated ripeness detection
system follows a standard and objective method. The system helps ensure the entry of optimal ripeness fruits into the
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supply chain by examining visual characteristics such as color uniformity, surface texture, and firmness indicators. As a
result, it upgrades the standards of the market, enhances the brand reputation and, it minimizes the number of
complaints filed by consumers concerning inconsistent quality.

2. Improved efficiency: Fruits moving and being graded the old way-almost always manually-is a lengthy,
laborious task, one dependent on vast skilled labor. Human assessors might be fatigued, distracted, or perceive things
differently at some point, making their evaluations unsatisfactory. Automated detection systems significantly increase
productivity and are capable of rapidly inspecting mounds of fruit in a highly accurate manner. These operate on a
continuous basis, prompting uninterrupted sorting lines and thus allowing for maximum productivity. This technology
attracts lower costs, reduces dependency on human labor, and makes scaling easier for agricultural industries.

3. Reduced waste: About half of fruit losses are suffered after harvest due to inappropriate timing and delays in
dispatch. Overripe fruits generally decay faster and do not meet the market standards, causing losses and worsening
food waste. With an accurate assessment of ripeness levels, the system guarantees fruit is picked, packed, and moved
at the right stage, maximizing shelf life and obtaining minimal spoilage. Thus, it helps to foster sustainable agricultural
practices and support international efforts against food disposal, which, in turn, goes a long way toward improving
food security and lessening environmental degradation.

4. Improved consumer experience: Consumers want buy fruit that is ripe and ready to eat. A detection system that
accurately assesses the ripeness of fruit can help ensure that consumers are getting high quality products that are ready
to be consumed.

I11. LITERATURE SURVEY

[1]. Mr. Akshay Dhandrave et al. using computer vision. In this project, a fruit classification and detection system is
developed, incorporating fruit grading using a conveyor assembly. The conveyor assembly, equipped with hardware,
separates good and bad fruits on separate sides of the conveyor belt. The classification of fruits involves converting
input images to the desired size, converting them to grayscale, and applying an SVM algorithm. For fruit quality
detection, a neural network is utilized that has been built using the TensorFlow library for training and testing.

[2]. The Ripe-Unripe: Machine Learning based Ripeness Classification System is carried out by Brinzel Rodrigues et
al. In their study, the authors presented a technology that automates the fruit classification process based on ripeness
using Machine Learning and Computer Vision. They employed a Convolutional Neural Network (CNN) algorithm
with VGG architecture to classify fruits as ripe or unripe based on color, using a dataset of banana images at different
stages of maturity. After collecting and preparing the images by cropping and converting them to RGB channels and
using Object Detection approaches the trained model can precisely categorize fruits in real time.

[3]. The Ripeness Classification Based on Deep Learning using Convolutional Neural Network developed by
Raymond Erz Saragih et al, utilizes computer vision and machine learning technologies for automatic fruit ripeness
classification. The Convolutional Neural Network (CNN) is applied to classify the ripeness, which is categorized into
four classes: unripe/green, yellowish-green, mid-ripen, and overripe. Two pre trained models, MobileNet V2 and
NASNetMobile, are used in the study. Image preprocessing techniques, including bilateral filtering, are employed to
remove image noise prior to training. Data augmentation techniques are applied to introduce variations in the training
data. The work is carried out with the aid of Google Colab and a number of libraries, including OpenCV, Tensorflow,
and Scikit-Learn.

[4]. Zubaidah Al-Mashhadani et al, give a comprehensive study of recent development and future trends in ripeness
detection in their system- Autonomous Ripeness Detection Using Image Processing for an Agricultural Robotic System
. Their system utilizes computer vision and image processing techniques to estimate ripeness and count tomato fruits.
Additionally, the system allows for optional additional image processing to increase precision in unpredictable weather
instances. The HSV color space is used for the majority of the image processing, and segmentation is accomplished
using thresholding. Noise reduction and morphological processes are used to develop a masking system that recognizes
ripe and turned tomatoes, enabling fruit counting in the process.

Iv. SYSTEM ARCHITECTURE

The proposed system architecture is given in Fig. 1. The architecture is described in this section. The architecture
proposed has a pipeline consisting of obtaining the dataset, data augmentation, training a convolutional neural network
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model, giving input image, performing machine learning and result classification of fruit into ripe and unripe. The first
step in a machine learning project is to obtain a dataset. In this case, the dataset would consist of images of fruits, both
ripe and unripe. The data is obtained from the Internet and open sources like Github and Kaggle. Once the dataset is
collected, data augmentation is performed which involves creating new data from the existing dataset by applying
transformations such as rotations, flips etc to prevent overfitting and improve the robustness of the model. For a real
time processing system, once the image is captured or fed into the system, it can go through some preprocessing steps
such as image resizing, separating fruits from their backgrounds. Machine learning is a branch of artificial intelligence
that entails training models to make guesses or conclusions based on patterns in data. In this case, CNN model is used
to classify fruit based on its ripeness.

Convolutional Neural Network

A convolutional neural network (CNN) is a type of neural network architecture that is meant for image classification,
pattern recognition, and computer vision. The architecture is such that it learns those feature hierarchies spatially from
an image, which allows them to effectively differentiate very fine visual dissimilarities. Therefore, CNN was the
technique of choice for use in the target system for classifying fruits as ripe or unripe. Unlike the common approach of
manually selecting features, both feature extraction and feature selection can be done automatically by CNNs, thus
having a superior advantage over traditional artificial neural networks (ANNs) on image-based data. The CNN during
training learns to identify the important features associated with ripe and unripe fruits while making continuous
adjustment to its internal parameters. As the model is being trained, it improves its power to differentiate the two
classes based on several factors like color changes, texture cues, and other visual features present in the images. Once
the training is complete, the model achieves good accuracy and then can be implemented for real-time classification.
Whenever a new image of fruit comes it goes to a trained CNN model which analyzes its visual features and presents a
prediction by indicating whether the fruit is ripe or unripe. This entire process happens automatically through a
computer program making this system fast and effective in practical automated sorting, quality control, and monitoring
in food and agricultural industries. The power of CNNs allows the system to provide a reliable and scalable solution for
non-destructive methods of detecting fruit ripeness.

Before Harvest After Harvest

Select Specific Fruit

Ripeness Identification

Result
Good Quality Bad quality

Fig: Black diagram of Fruit Ripeness detection System

Dataset Collection and Preparation:
A dataset such as DeepFruit with 7500 images was used. Preprocessing involved resizing, normalization, and data
aug- mentation. Dataset quality plays a critical role, with lighting and class coverage being key limitations.

Training and Validation:
The dataset is split into training, validation, and testingsets. Training uses gradient descent and backpropagation with

metrics such as precision, recall, and F1-score.

Deployment:
The trained model is deployed in an application for real- time fruit classification. Regular updates improve accuracy
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andadapt to new data.

Image Acquisition:

The process begins with gathering fruit images from multi- ple sources such as online datasets, university repositories,
or camera- captured photos taken in natural conditions. To ensurethe model learns effectively, images should include
fruits of different colors, shapes, sizes, and quality levels fresh, partiallyspoiled, rotten. Real-life variations such as
uneven lighting, shadows, and complex backgrounds are intentionally includedto make the system more realistic.

V. METHODOLOGY

The proposed system aims to build a machine-learning model that uses the CNN approach to distinguish amongst
different fruits as ripe or unripe. Utilizing the Object Detection methodology, the fruits can be classified in real-time
with the aid of the trained model. Having a suitable dataset is a crucial element for every machine learning
implementation. If the dataset is inadequate, it's impossible to train a machine to provide precise outcomes . For our
project the dataset consists of images of different fruits obtained from open sources on the internet. Data augmentation
and image preprocessing steps are applied to obtain a larger and uniform set of data. We deploy the CNN algorithm on
the training set in order to train the model. Convolution Neural Network (CNN) is a deep learning method that
replicates the function of human neurons. . The networks automatically obtain different characteristics from the data
and use all of them to calculate the likelihood of each class when making predictions. The output is the class with the
highest likelihood. Hence an image is fed as an input into the system and the model would recognize the fruit and its
ripeness.

VL PROPOSED WORK

The work at hand aims to build an automated system for spotting fruit ripeness. It relies on advanced methods in
image processing to get the job done. In this setup, pictures of the fruit get taken first with a digital camera or even a
mobile phone. That step makes sure the fruit's visual details come through clearly and true to form. From there, the
images pass through a few preprocessing stages.

Background gets stripped away, noise levels drop, and colors sharpen up. All of this boosts the data's quality and keeps
things steady across inputs. Preprocessing done, the system then draws out main visual traits. Primarily color, texture,
and surface patterns stand out here. They capture the fruit's overall physical condition in a solid way. Such traits work
as strong clues about maturity levels. In turn, they help the system sort out one ripeness stage from another.

Fig: Fruit Ripeness Identification

Identifying fruit ripeness is a function of system's identification procedure in which analysis is made of significant
image features such as color, texture, and surface appearance. The images would undergo isolation process to obtain
the fruit itself. Upon differences in levels of color shades or patterns in the texture, the image will determine the
ripeness character of the fruit, whether it be unripe, semi- ripe, ripe, or overripe. Thus, based on these visual cues, the
model can classify the ranges of ripeness from just a single captured image.

The confusion matrix displays how well the ripeness detection system works by comparing actual fruit classes to
predicted classes. High values along the diagonal indicate that most fruits were classified correctly. In contrast, low
off-diagonal values show little misclassification between similar ripeness stages. Overall, the matrix shows that the
model reliably identifies unripe, semi-ripe, and ripe fruits.
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Fig: Confusion Matrix Normalization
VII. CONCLUSION

Throughout this survey, it is clear that deep learning methods, especially Convolutional Neural Networks, outperform
older techniques that rely on hand-crafted features. CNNs learn complex patterns directly from images and can
identify subtle defects like bruises, fungal spots, color variations, and texture issues that humans may overlook. When
used with preprocessing methods, data augmentation, and well-organized datasets, they show their full potential.

Traditional machine learning techniques such as Decision Trees or SVMs still have their place in smaller or simpler
datasets. However, they struggle with real-time complexity and changes in the environment. In contrast, CNN models
adapt well to different lighting conditions, angles, and backgrounds, making them suitable for application in farms,
warehouses, and the food industry.

Another important finding from this review is the need for high-quality datasets and ongoing model improvement.
Real-time systems must deal with unpredictable situations, such as bright sunlight, overlapping fruits, or unusual
shapes. Using updated data and retraining ensures these models stay accurate and reliable over time.

Overall, the survey confirms that image-processing-based fruit quality detection is not just a theoretical idea but a
practical solution that can reduce food waste, improve safety, support automated sorting systems, and aid decision-
making in modern agriculture. As technology advances, combining CNNs with IoT devices, edge computing, and
smart farming tools will create new opportunities for efficient and intelligent agricultural automation.

This automated approach provides a quick, consistent, and non-destructive way to assess fruit quality. It is ideal for use
in agriculture, supermarkets, supply chain management, and sorting systems. The project shows how integrating
computer vision with machine learning can improve food quality monitoring, lower post-harvest losses, and aid
decision-making in the fruit industry. Future improvements could involve using multi-spectral imaging, expanding the
dataset to include more fruit types, and creating a mobile or embedded application for use in the field.
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