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ABSTRACT: 

Seed quality assessment is a pivotal factor in modern agriculture, directly influencing crop yield and 

productivity. Traditional manual inspection methods are not only labour-intensive but also susceptible to 

subjective errors, leading to inconsistencies. This paper presents a novel automated approach for seed quality 

detection and classification using advanced image processing techniques and deep learning. The proposed 

system leverages OpenCV for image preprocessing and Convolutional Neural Networks (CNNs) for precise 

classification of seeds into categories such as pure, discoloured, and damaged. Additionally, a comprehensive 

comparison with other seed testing approaches highlights the system’s scalability and efficiency. Experimental 

results validate the system’s accuracy in computing purity percentages for seed lots, offering a practical 

solution for agricultural quality control. 

KEYWORDS: Seed quality assessment, image processing, Convolutional Neural Networks (CNNs), 
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I. INTRODUCTION 

In The quality of seeds and eggs plays a pivotal part in horticulture and poultry businesses. 

Guaranteeing the genuineness and reasonability of seeds is basic for accomplishing tall trim yields, whereas 

recognizing the quality of eggs is imperative for keeping up measures in the poultry segment. Customarily, 

these quality testing forms have been performed physically, depending on human exertion and judgment. Be 

that as it may, manual strategies are frequently time-consuming, labor-intensive, and inclined to inaccuracies. 

With progressions in innovation, machine learning (ML) and profound learning (DL) approaches have 

developed as proficient choices for mechanizing quality testing forms. By joining picture handling methods 

with convolutional neural systems (CNNs), it is conceivable to analyze visual highlights such as color, weight, 

and shape for precise discovery and classification. Devices like OpenCV and CNN models improve the 

accuracy and unwavering quality of these strategies, making them predominant to manual testing. This paper 

proposes a arrangement that employments CNNs to assess the quality of seeds and eggs. Pictures are captured 

utilizing a camera, prepared utilizing ML calculations, and analyzed based on predefined parameters. The 

comes about are at that point shown on an LCD screen, advertising a user-friendly interface for agriculturists 

and industry experts. This framework not as it were diminishes human exertion but moreover guarantees 

reliable and precise testing, eventually profiting agriculturali hones and moving forward productivity. By 

tending to the impediments of conventional strategies, this approach presents a viable and adaptable 

arrangement to meet the developing requests of present day horticulture and poultry administration. 
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II. BLOCK DIAGRAM AND FLOWCHART 

The proposed method for detecting fake eggs involves a combination of hardware components and machine 

learning models. A camera module is used to capture images of eggs, which are analyzed for features such as 

shell texture, color consistency, and physical anomalies. A microcontroller acts as the central processing unit, 

interfacing with sensors and the trained model to classify the eggs as real or fake. The output is displayed on 

an LCD, and a buzzer is activated to alert the user if a fake egg is detected. The system is powered by a reliable 

power supply to ensure uninterrupted operation. A Convolutional Neural Network (CNN) is utilized for image 

analysis, leveraging its ability to extract complex features and perform accurate classifications. The process 

begins with capturing and preprocessing the images, which are then analyzed by the trained CNN model to 

produce the final classification. Similarly, for detecting fake seeds, a combination of hardware and machine 

learning techniques is employed. A camera captures images of the seeds, which are analyzed for features 

such as size, shape, weight, and germination potential. A microcontroller processes this data using advanced 

machine learning algorithms like convolution neural networks The results are displayed on an LCD, stored in 

a database for further reference, and accompanied by a buzzer alert for fake detection. This integrated approach 

ensures high accuracy and real-time detection capabilities for both fake eggs and fake seeds. 

 

 

                        
         

 

III. EXPERIMENTATION 

The proposed seed quality detection system integrates advanced techniques from computer vision and 

deep learning into a unified framework. Initially, high-resolution images of seed lots are captured using 

cameras under controlled lighting conditions to ensure uniform quality. These images are then pre-processed 

using OpenCV to enhance clarity and reduce noise, involving steps such as grayscale conversion, Gaussian 

and median filtering, and histogram equalization. 

Segmentation is performed to isolate individual seeds from the background, utilizing Otsu’s thresholding to 

dynamically calculate a threshold value and contour detection to identify seed boundaries. Morphological 

operations like erosion and dilation further refine the segmentation process, ensuring accurate seed isolation 

even in challenging scenarios with overlapping or clustered seeds. 

Once segmented, key features are extracted from each seed, including geometric attributes such as area, 

perimeter, major and minor axes, and aspect ratio, alongside texture patterns and color properties analyzed in 

RGB and HSV color spaces. These features form the basis for classification. A Convolutional Neural Network 

(CNN) is designed with multiple layers for feature extraction, pooling, and fully connected layers for 

classification. Dropout layers are incorporated to prevent overfitting, and data augmentation techniques are 

applied to diversify the training dataset. 

The system then classifies seeds into three categories: pure, discolored, and damaged. The output is analysed 

to compute the purity percentage of the seed lot, and results are visualized through graphical interfaces like 

bar and pie charts. For industrial applications, the system seamlessly integrates with hardware setups such as 

conveyor belts, enabling automated image capture and real-time analysis without manual intervention. This 
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modular design ensures adaptability to various seed types and scenarios, with potential future enhancements 

including multi-spectral imaging and additional environmental parameters such as moisture content. 

The experimental results for the machine learning approach in detecting fake eggs are summarized as follows: 

 

- Precision: The model achieved a precision of 0.88 for detecting fake eggs and 0.93 for real eggs. 

- Recall: Recall was 0.88 for fake eggs and 0.93 for real eggs. 

- F1-Score: The F1-score, which is the harmonic mean of precision and recall, was 0.88 for fake eggs and 

0.93 for real eggs. 

- Support: The number of samples used for evaluation included 8 fake eggs and 14 real eggs, totaling 22 

samples. 

 

The macro average across both classes was 0.90 for precision, recall, and F1-score, while the weighted average 

was slightly higher at 0.91. The confusion matrix showed that the model correctly classified 7 out of 8 fake 

eggs and 13 out of 14 real eggs, indicating high overall accuracy and reliability in classification. 

 
 

The image shows a basic hardware setup that appears to involve a Raspberry Pi and a breadboard connected 

with wires and components. The Raspberry Pi, a small single-board computer, acts as the main controller for 

this setup. The breadboard is used to prototype and connect electronic components without soldering. In this 

particular configuration, two components, likely sensors or actuators, are connected to the breadboard using 

jumper wires, and the wiring leads back to the Raspberry Pi's GPIO pins. The setup is powered through the 

Raspberry Pi, enabling communication and control of the components on the breadboard. This arrangement 

is commonly used for experiments, projects, actuators, or IoT applications. 

 

 

IV.  OBSERVATIONS AND RESULTS 
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The image illustrates an example of object detection applied to eggs, likely using a machine learning model. 

The system identifies two whole eggs on the plate and labels them with confidence scores of 0.85 and 0.78, 

respectively, indicating the model's certainty in its classifications. The bounding boxes drawn around the eggs 

highlight their detected locations. This approach demonstrates the model's capability to analyze and recognize 

objects in images, which can be useful in applications like food quality inspection or inventory monitoring. 

 
 

This image demonstrates an object detection system or machine learning model trained to identify eggs. The 

image shows several white eggs on what looks like a wooden surface, with blue bounding boxes drawn around 

each egg. Each box is labeled with "Egg" and includes a number (like 0.77, 0.79, 0.49, 0.75), which represents 

the model's confidence score or probability that the detected object is indeed an egg. These scores range from 

0 to 1, where higher numbers indicate greater confidence. For example, the model is 77% confident about one 

egg detection (0.77) and 79% confident about another (0.79). This type of visualization is common in 

computer vision applications and object detection systems, where the model not only needs to locate objects 

in an image but also assign a confidence level to each detection. 

 

 
     

   

 
The graph illustrates the training and validation accuracy of a machine learning model over a series of epochs 

during the training process. The x-axis represents the number of epochs, which are iterations through the entire 

dataset during training, while the y-axis represents the accuracy of the model. 
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Overall Performance: 

The model achieves a training accuracy of ~90% and a validation accuracy of ~80%-85%. 

The increasing gap between training and validation accuracy, along with the rise in validation loss, suggests 

the model overfits the training data after several epochs. 

Prediction Analysis: 

The code snippet for predictions compares the true labels and predicted labels for validation samples. 

Since the model achieves a high accuracy (~80%-85%), most predictions are expected to be correct. 

 
 

The confusion matrix evaluates the performance of a classification model in distinguishing between fake and 

real eggs. The model correctly identified 7 fake eggs (True Positives) and 13 real eggs (True Negatives), with 

only 1 real egg misclassified as fake (False Positive) and 1 fake egg misclassified as real (False Negative). 

This results in a high overall accuracy of approximately 90.9%. The precision and recall for identifying fake 

eggs are both 87.5%, indicating that the model is effective at correctly predicting fake eggs while minimizing 

misclassification. Although the model demonstrates strong performance, minor misclassifications suggest 

potential areas for improvement, such as hyperparameter tuning or increasing the dataset size to further 

enhance accuracy and reliability.

 

IV. CONCLUSION 

The research underscores the transformative potential of combining image processing and CNNs for 

seed quality assessment. The proposed system not only automates the classification of seeds into pure, 

discolored, and damaged categories but also ensures high accuracy and efficiency. The comparative analysis 

with existing methods demonstrates its superiority in scalability and reliability. 

 

Future directions include expanding the dataset to encompass a broader variety of seeds and enhancing 

segmentation techniques to handle complex scenarios like clustered or partially obscured seeds. Additionally, 

incorporating environmental parameters such as soil compatibility and seasonal considerations will elevate 

the system’s utility in precision agriculture. By leveraging cutting-edge technology, the proposed solution 

empowers farmers and stakeholders to make informed decisions, contributing to sustainable agriculture and 

global food security. 
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SOME OF THE ADVANAGES FROM THE ABOVE RESULTS  

a) Energy-efficient for battery-operated devices. 

b) Easily reprogrammable for different tasks 

c) Handles time-sensitive data. 

d) Simple to add into larger systems. 

e) Small size and affordable. 
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